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Abstract

The Major Histocompatibility Complex (MHC) of chromosome 6 is the most
polymorphic region of the human genome, and is also under very strong selection
pressure, resulting in genetic divergence of immune gene variants between human
populations. The human leukocyte antigen (HLA) genes located in the MHC region play
a central role in the immune system as HLA proteins distinguish self from non-self
through antigenic peptide presentation to T-cells. Hematopoietic stem cell transplantation
(HSCT) is a curative therapy for many patients with hematologic diseases, but successful
transplant requires a high degree of HLA matching between donor and recipient.

Unfortunately, HLA-matched donors are not available for all patients. HLA diversity
is vast as millions of unique HLA genotypes have been observed worldwide, many of
which have high privacy to specific human populations. In response to this HLAmatching challenge, large registries of unrelated donors have been constructed worldwide
to provide HLA-matched HSCT to patients. Even with large registries, minority and
admixed race/ethnic groups in the United States have lower likelihood than EuropeanAmericans of finding an HLA match. Legacy high-throughput HLA typing methods give
high levels of typing ambiguity at recruitment, resulting in a lack of initial confirmation
that a suitable match exists. Current population genetics techniques fall short in
addressing the unique challenges of stem cell registry analytics, resulting in a difficult
search process for some patients.
iii

This thesis describes new techniques developed to analyze immunogenetics data with
direct operational application in the registry setting. Advancement in computational
techniques in population genetics to better handle HLA typing ambiguity has improved
calculation of HLA haplotype frequencies, prediction of allele-level HLA typing for
subjects with typing ambiguity in registry matching algorithms, and projection of HLA
match likelihoods as registries expand. These advances have had direct operational
impact for National Marrow Donor Program (NMDP) through more rapid identification
of suitably-matched donors and optimized allocation of resources in order to serve more
patients, especially in underserved minority groups. These computational techniques have
also enabled more detailed evaluation of immunogenetic associations with disease, which
may lead to new avenues for treatment for cancer and autoimmune diseases.
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Glossary

Admixture - Genetic mixing of two parental populations
Allele - Variation at a genetic locus - Each HLA locus has many hundreds of alleles
Antigen-Level – Broad description of groups of HLA alleles that have similar reactivity
to a panel of antibodies
Ascertainment Bias - Non-random sampling of a population that causes error in
population genetics estimations. Observed in cohorts of high resolution HLA typing.
Be The Match Registry - The largest bone marrow registry in the United States with
over 11 million donors
Bias-Variance Tradeoff – Machine learning concept that reducing bias often increases
variance and vice-versa. Applies to haplotype frequency estimation and HLA typing data.
Bone Marrow Donors Worldwide (BMDW) - Worldwide network providing a single
database for searching many of the world's bone marrow registries
Bone Marrow Registry - Database of HLA-typed volunteers who are expected to donate
stem cells for a patient in need of transplant
CD4 T-lymphocytes – Helper T-cells whose T-cell receptor binds to HLA Class II
molecules with bound peptide then draws in B-cells to create antibodies and activate
killer T-cells and macrophages to fight infection.
CD8 T-lymphocytes – Killer T-cells whose T-cell receptor binds to HLA Class I
molecules with bound peptide then eliminate cancerous or infected cells

viii

Cord Blood Unit (CBU) - One source of stem cells for transplantation collected from
umbilical cords from pregnancies
Expectation-Maximization (EM) Algorithm - Algorithm utilized to calculate haplotype
frequencies from unphased HLA typing data using a maximum likelihood model
Factor Analysis – Machine learning method to identify groups of highly-correlated HLA
allele and haplotype associations
Founder Population - Unadmixed or parental population that later emigrates and
becomes admixed with another population
Genome-wide Association Study (GWAS) – Disease association study covering the
entire genome. Uses either SNP typing arrays or, more recently, full sequencing.
Genotype - HLA typing where haplotype phase is known
Graft - Transplanted stem cells in recipient
Graft versus Host Disease (GvHD) - Condition where new immune system from the
donor mounts an attack against recipient’s cells as if they were foreign
Greedy Algorithm - Algorithm that finds locally optimal solutions of subproblems at
each iteration without the guarantee that the global solution is optimal. Used for allele list
reduction before haplotype frequency estimation.
Haplotype - Set of alleles of several HLA loci on a single chromosome that is inherited
as a unit
Haplotype Frequency - Distribution of HLA haplotypes in a population
Hardy-Weinberg Equilibrium - Model of random mating that predicts the mathematical
relationship between allele frequencies and genotype frequencies
ix

Hematologic Diseases – Diseases involving the blood and immune system
Hematopoietic Cells - Blood cells
Hematopoietic Stem Cell Transplantation (HSCT) - a treatment for blood diseases and
malignancies that involves replacing a patient's immune system with that of a donor
High Resolution – HLA alleles that are unambiguously typed within the antigen
recognition site (exons 2 and 3 of HLA Class I and exon 2 of HLA Class II)
Human Leukocyte Antigen (HLA) - Immune genes that present antigen on cell surface
and helps immune system distinguish self from nonself - Used to match for HSCT
IMGT/HLA Database – Database of sequences for all known HLA alleles
Imputation – Inference of high resolution HLA genotypes for individuals with HLA
typing ambiguity using population haplotype frequencies and race/ethnic information
Linkage Disequilibrium - Association where a set of HLA alleles occur together on a
haplotype more frequently than expected by random recombination
Locus - Location of a genetic element in the human genome
Matching Algorithm – Donor search algorithm that gives the likelihood of potentiallymatched donors to be actual matches at each HLA locus
Major Histocompability Complex (MHC) - Region of chromosome 6 with dense
concentration of immune genes, including HLA
Multiple Imputation – Replicate realizations from HLA genotype probability
distributions from imputation for cases and controls
National Marrow Donor Program (NMDP) - The organization mandated to operate the
Be The Match bone marrow registry
x

Nomenclature – System and definitions for how HLA alleles are named
Peripheral Blood Stem Cells (PBSC) - One source of stem cells for transplantation
collected from blood using apheresis after stem cell growth has been stimulated
Phase – Identification of which HLA occur in a haplotype along a single chromosome
Polymorphism - Genetic variation at a locus
Population - Group of individuals who share similar characteristics or location. Ideallydefined populations are in Hardy-Weinberg equilibrium
Population Substructure - Non-random mating within a population that causes the
population genetics to fall outside of Hardy-Weinberg equilibrium
Primary Data - HLA typing results that include both the DNA typing method and the
results of the test, reinterpretable to the latest IMGT/HLA database of HLA alleles
Recombination - Crossover between chromosomes that can change the combination of
HLA alleles on a haplotype
Rejection - Case where stem cells fail to engraft in recipient
Selection - Evolutionary process where individuals with certain alleles are more likely to
survive and pass their alleles onto the next generation
Sequence-Based Typing (SBT) - HLA typing method using sequencing primers to read
DNA base by base
Sequence-Specific Oligonucleotide (SSO) Typing - HLA typing method using short
DNA probes of approximately 20 bases. High typing ambiguity than SBT.
Single Nucleotide Polymorphism (SNP) - DNA variation at a single nucleotide
compared to a reference sequence
xi

Stem Cells - Reservoir of immature cells that differentiate and mature into several
mature cell types
T-Cell Receptor (TCR) – Polymorphic protein on T-cells that binds to HLA proteins
with bound peptide to help immune system detect self versus non-self
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Chapter 1. Introduction

Only 30% percent of patients seeking a bone marrow transplant have a perfectly
HLA-matched sibling donor in their family, therefore most patients afflicted with
hematologic diseases must look to large registries of unrelated volunteer donors, such as
the Be The Match Registry operated by the National Marrow Donor Program (NMDP) in
the United States1. The NMDP registry lists more than 11 million volunteer adult donors
and nearly 186,000 umbilical cord blood units (CBU) and facilitates more than 6,000
transplants per year.

There are several major barriers that hinder identification of HLA-matched donors for
patients. Substantial variation in HLA genetics in world populations results in many
patients failing to find matches even with over 20 million donors listed among the
registries in Bone Marrow Donors Worldwide2. Ambiguity in HLA typing performed at
recruitment hinders identification of matched donors on the registry because
ambiguously-typed donors can only be categorized as potential matches requiring further
HLA typing to confirm a match. Another result of this typing ambiguity is that the
probability of finding a donor who is fully HLA-matched at high resolution, the current
clinical standard for optimal matching3, has not been measured or modeled for US
populations.

1

Bone marrow registries constitute among the largest databases of DNA typing in
world, coupled with rich demographic information on donors and searching patients. The
information in registry databases has not been utilized to the fullest potential. Developing
new computational techniques to analyze HLA typing data in the context of human
population genetics has the potential to remove barriers to patients in receiving stem cell
therapy.

In the literature review and background section, I will discuss background and current
research in the areas of HLA typing, the population genetics of HLA, and the application
of knowledge in these areas to the realms of stem cell registries and disease association
studies. This review will provide the context to describe the major unaddressed problems
in the field of HLA genetics.
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Literature Review and Background:

HLA Gene Function and DNA Typing

The primary function of HLA proteins is in immune recognition. HLA proteins are
located on the surface of most human cells and bind a restricted repertoire of peptide
antigens. The HLA class I molecules (A, C, B) present peptides from the internal
contents of the cell to CB8 T-lymphocytes, while HLA class II molecules (DRB1,
DQB1) present peptides from the cell's external environment to CD4 T-lymphocytes. Tcells bind to the HLA molecule and peptide complex, recognizing the presented antigen
as either self or non-self and mount an appropriate immune response4,5. Because of
HLA's involvement in distinguishing self versus non-self, HLA plays a critical role in
hematopoietic stem cell transplantation (HSCT), which results in the engraftment of a
donor's immune system that needs to tolerate antigens presented by the recipient's other
cells6.

The 5 HLA loci determined through transplant outcomes studies to be most important
for HLA matching in HSCT are HLA-A, -C, -B, -DRB1, and -DQB13, which all reside in
the Major Histocompatibility Complex (MHC) on chromosome 6 (Figure 2). These
HLA loci exhibit extensive polymorphism, with the most extreme being HLA-B with
over 3,000 alleles currently identified in the IMGT/HLA database of HLA allele
sequences7.
3

Current large-scale HLA typing methods are unable to economically distinguish all
allelic variants, resulting in a potentially large amount of allelic ambiguity in HLA typing
results8. One common typing method is sequence-specific oligonucleotide (SSO) typing
which uses a set of oligonucleotide probes that are 20-25 base pairs in length to query
specific DNA sequences within the HLA genes9. The probe hit tables that convey the
results from these SSO tests can be interpreted in the context of known allele sequences
described in the IMGT/HLA database10,11. Even when HLA typing is performed using
sequence-based typing (SBT), which reads diploid DNA sequence along the entire length
of the exons, allelic ambiguity in HLA typing still exists12.

On top of this allelic ambiguity, the linkage between HLA alleles along the
chromosome cannot be resolved experimentally with any available methods because of
the nearly 1 megabase distance between some HLA genes13. The inability to link HLA
alleles across loci results in phase ambiguity that complicates population genetic analysis.
The combination of a set of alleles across multiple loci is called a haplotype, a term
invented for describing HLA14.

Managing the high level of HLA typing ambiguity that results from the DNA
methods employed is one of the major challenges in registry bioinformatics that will be
addressed by this thesis.

4

Population Genetics of HLA

The unique complexity of the HLA system presents many challenges in population
genetics analysis. Because HLA loci are located within one megabase of each other in
the genome, recombination between loci is less than 1% per generation15. This low rate of
recombination combined with evolutionary pressures over time results in high linkage
disequilibrium between certain HLA alleles. Linkage disequilibrium occurs in a
population when certain alleles associate with one another along a single chromosome
more often than would be seen with random recombination.

As human populations have expanded and migrated across the world into geographies
with differing evolutionary pressures, the HLA alleles and haplotypes found within these
populations diverged16. One such evolutionary pressure is that of balancing selection,
which maintains high HLA polymorphism within human populations17. HLA gene
content varies considerably worldwide with large differences in HLA haplotype
frequency across world populations18. Accurate characterization of the haplotype
frequencies of populations is critical for population genetics studies because the
haplotype is the unit of inheritance - in each individual one HLA haplotype is inherited
from their mother and one from their father.

The expectation-maximization (EM) algorithm is the preferred method of estimating
population HLA haplotype frequencies from the multi-locus unphased HLA genotypes
5

that make up HLA typing results, but has extreme computational challenges in handling
the high level of ambiguity seen in the HLA typing found in donor registries19–21. Some
ambiguous HLA typings have trillions of possible high resolution genotypes. We have
previously implemented extensions the standard EM algorithm to resolve both phase and
allelic ambiguity in HLA typing simultaneously22. The previous HLA US population
study we have published are limited by small sample sizes, limited population categories,
and ascertainment bias18, but techniques incorporating data from the entire registry at
varying levels of typing resolution could address these deficiencies. This proposal will
discuss new techniques in managing HLA typing ambiguity and improving EM runtime
while still computing sufficiently accurate high-resolution haplotype frequencies.

Stem Cell Registry Analytics

Unrelated donor registries, such as Be The Match Registry in the United States,
recruit large numbers of volunteers who are called upon to donate stem cells for a
particular patient in need of HSCT23. When it is determined by a physician that a stem
cell transplant is the best treatment option, a preliminary search of registries is conducted
to determine if the patient has any suitable HLA matches among listed donors or CBU.
Because of ambiguity in HLA typing, searches of registries will often return long lists of
potentially matched donors24.

In the last 10 years, we have implemented statistical techniques infer the likely phase
6

and allelic content of patients and donors using an allele-level haplotype frequency
information and order the list of potentially matched donors by their probability of being
high-resolution matched. This feasibility of this technique in terms of determining donor
genotype phase was first demonstrated by Mori25 and later extended to resolving allelic
ambiguity. This concept was later tested using subjects whose phase was known26 and
theoretical prediction capability measured for a given set of haplotype frequencies.
Improving the quality of these predictions with better haplotype frequencies and
optimization of the donor sort is a major bioinformatics research challenge.

Another area in which HLA population genetics can improve the operation of a bone
marrow registry is in estimating the likelihood of patient populations identifying a
matched donor or cord blood unit in the NMDP registry and projecting how this will
improve over time as more donors are recruited. Match likelihoods can be calculated
directly from population-specific HLA haplotype frequencies, effective registry sizes of
each population, and a population-genetic model that assumes Hardy-Weinberg
Equilibrium (HWE)27. Hardy-Weinberg Equilibrium assumes random mating, meaning
that patients and donors can be simulated by sampling from a haplotype frequency
distribution. Because population labels are often defined at a coarse-grained level (e.g
"Asian or Pacific Islander" rather than "Korean"), this HWE assumption often does not
hold28, causing error in match likelihood estimates.

Previous studies of US match likelihoods were at antigen-level HLA A,B,DRB1 or
7

antigen-level HLA A,B and high resolution DRB1 at a broad race level27,29. Since these
match rate studies were published, the clinical standards for HLA matching have become
far more stringent. In 2004 matching at HLA-C locus30 and in 2007 high resolution HLA
matching3 were found to contribute to better HSCT outcomes. In response to this change
in clinical matching standards, an initial attempt was made to update registry match
likelihood models to A,C,B,DRB1 high resolution matching, but this was stymied by the
paucity of available high resolution HLA typing in the NMDP registry. The haplotype
frequencies used for this matching study were based on a small subset of the registry that
was typed at high resolution18, but unfortunately these models overestimated the high
resolution match rates due to inadequate population coverage resulting from small size of
the frequency-generating sample. This proposal will address these match likelihood
projection challenges by employing substantially larger and more ambiguous full registry
datasets of HLA typing for more detailed race/ethnic groups.

HLA Genetic Associations with Disease

Consistent with their functional role in immune surveillance, HLA alleles have
previously been found to be associated with cancer, autoimmune, and infectious
diseases31,32. HLA allele frequency varies considerably among world populations18, thus
population-specific studies are essential for identifying HLA associations with disease33.
Specifically, HLA alleles have been associated with autoimmune diseases of systemic
lupus erythematosus34, rheumatoid arthritis35, multiple sclerosis (MS)36, and Sjogren's
8

syndrome37. Narcolepsy has been linked to immunization by the H1N1 flu vaccine in
subjects with HLA-DQB1*06:0238,39.

The vast diversity of HLA alleles7 requires extremely large sample sizes for study, as
the most common HLA allele within a population often has a frequency of only
approximately 25 percent beyond which the frequency of other alleles decreases
exponentially18. Collection of sufficient hematologic disease cases for population-based
studies at a single transplant center is not feasible, requiring the formation of cooperative
groups of institutions to acquire adequate numbers of samples for HLA genetic studies.
The NMDP has collected HLA typing from patients in need of HSCT nationwide since
1987, totaling thousands of samples per disease23. However, NMDP datasets have not
been extensively utilized for the purpose of disease association studies.

Previous studies of many hematologic diseases have had limited sample size in the
hundreds of cases for a single population40,41, while NMDP datasets contain orders of
magnitude more cases (Table 1). Analysis of NMDP datasets would yield vastly more
statistical power and cross-population replication. However, with HLA typing ambiguity
in registry datasets, new statistical methods will be required to determine HLA
associations at high resolution.

9

Outline for Thesis:
My research in this area has been ongoing over the last 11 years during my
employment as a Bioinformatics Scientist in the Bioinformatics Research department at
the National Marrow Donor Program / Be The Match.

The next three chapters will consist of three peer-reviewed publications. The main
body of this thesis (Chapters 2-4) are published peer-reviewed journal articles where
novel bioinformatics techniques where I am lead author.

The first article “Six-Locus High Resolution HLA Haplotype Frequencies Derived
from Mixed-Resolution DNA Typing for the Entire US Donor Registry” was published in
the journal Human Immunology in June 2013 (Chapter 2). The second paper “HLA
Match Likelihoods for Donor Grafts in the U.S. Registry” was published in the journal
New England Journal of Medicine in April 2014 (Chapter 3). The third article “FineMapping of HLA Associations with Chronic Lymphocytic Leukemia” was published in
the journal Blood in September 2014 (Chapter 4).

The first major contribution of this thesis was to develop reference HLA population
genetic information that can aid in identifying a suitably-matched donor for more
patients. The second contribution was to accurately model current HLA match
likelihoods for different patient populations in the US, and estimate how these likelihoods
10

will improve with the addition of adult donor or cord blood units to the registry. For the
third major contribution I describe an HLA disease association study of Chronic
Lymphocytic Leukemia (CLL) where tools for handling HLA ambiguity in registry data
refined HLA genetic associations to a level not seen in previous studies. Figure 1 gives an
overview of the HLA Genetics Analysis Pipeline for this thesis.

Finally, I will outline several potential future research directions for each of the three
studies in Chapter 5. The maturity of these research areas varies. For some areas we have
preliminary data while other areas involving development of therapeutics are much more
speculative.

11

Figures and Tables:
Figure 1: Overview of HLA Genetics Analysis Pipeline

12

Figure 2: The HLA Genes of the MHC Complex of Human Chromosome 6
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Chapter 2. HLA Haplotype Frequencies
Six-Locus High Resolution HLA Haplotype Frequencies Derived From MixedResolution DNA Typing for the Entire US Donor Registry
Loren Gragert1, Abeer Madbouly1, John Freeman1, Martin Maiers1
1

Bioinformatics Research, National Marrow Donor Program, Minneapolis, MN, USA

Summary:

We have calculated six-locus high resolution HLA A~C~B~DRB3/4/5~DRB1~DQB1
haplotype frequencies using all Be The Match® Registry volunteer donors typed by DNA
methods at recruitment. Mixed resolution HLA typing data was inputted to a modified
expectation-maximization (EM) algorithm in the form of genotype lists generated by
interpretation of primary genomic typing data to the IMGT-HLA v3.4.0 allele list. The
full cohort consists of 6.59 million subjects categorized at a broad race level. Overall
25.8% of the individuals were typed at the C locus, and 5.2% typed at the DQB1 locus,
while all individuals were typed for A, B, DRB1. We also present a subset of 2.90 million
subjects with detailed race/ethnic information mapped to 21 population subgroups, 64.1%
of which have primary DNA typing data across at least A, B, and DRB1 loci. Sample
sizes at the detailed race level range from 1,242,890 for European Caucasian to 1,376
Alaskan Native or Aleut. Genetic distance measurements show high levels of HLA
genetic divergence among the 21 detailed race categories, especially among the eight
14

Asian-American populations. These haplotype frequencies will be used to improve match
predictions for donor selection algorithms for hematopoietic stem cell transplantation and
improve the accuracy in modeling registry match rates.

Introduction:

The National Marrow Donor Program (NMDP) manages a registry of volunteer
donors, the Be The Match Registry®, to facilitate unrelated hematopoietic stem cell
transplantation (HSCT), a curative therapy for blood malignancies and other disorders.
Donors are selected based on matching alleles with the recipient for several human
leukocyte antigen (HLA) genes. Transplants that are HLA-matched have the best
outcome because they prevent immune rejection of foreign tissue and facilitate immune
reconstitution 3. HLA genes are highly polymorphic, located in the major
histocompatibility complex (MHC) on chromosome 6, with frequency of alleles and
linkage of alleles into haplotypes varying widely among human populations.

Identification of alleles in registry HLA typing produces a typing result which
relies on DNA-based assays that are not always able to precisely identify the alleles
present (i.e. allelic ambiguity). Typing methodology has evolved over time, with earlier
low resolution methods such as serology resulting in thousands of potential genotypes,
while newer technology has reduced this ambiguity significantly. These mixed resolution

15

HLA assignments have been a challenge to efforts at characterizing HLA haplotypic
diversity from registry data.

The expectation-maximization (EM) algorithm takes in HLA genotypes as input
to estimate population haplotype frequencies. Early implementations of the EM algorithm
resolved only phase ambiguity, or linkage of alleles along a chromosome 20,21, but could
not handle HLA assignments with allelic ambiguity, where some alleles are not
distinguished from one another. We have previously presented high resolution HLA
A~C~B~DRB1~DQB1 haplotype frequency data from four US population categories
(Caucasian, African American, Asian or Pacific Islander, and Hispanic) 18. The study
population was limited by including only individuals typed without allelic ambiguity, and
used broad race/ethnic categorization that did not distinguish among genetically distinct
subpopulations. While the minority populations were typed in randomized prospective
studies, the Caucasian HLA typings were performed on behalf of patient searches, which
may have biased results towards HLA alleles commonly found in searching patients.

Kollman et al. has since implemented an EM algorithm that simultaneously
resolves both phase and allelic ambiguity seen in mixed-resolution assignments 22.
Kollman estimated A~B~DRB1 frequencies with high resolution typings calculated only
for the DRB1 locus, because of computational limitations. High resolution estimates
incorporating more loci using HLA assignments with allelic ambiguity becomes
exponentially more difficult 42.
16

Significant limitations of previous frequency studies remain in terms of sample
size, the number of HLA loci, and coverage of diverse world populations. These
limitations manifest themselves in the performance of NMDP’s matching algorithm,
HapLogic®, which uses haplotype frequencies to predict the likelihood of allele-level
matches between patient and donor. Since the initial release of HapLogic, matched
donors are now more rapidly identified; however, further improvements could be realized
with utilization of the full complement of registry HLA data.

Here we describe a haplotype frequency estimation method that can process
millions of mixed resolution typed samples and addresses previous limitations. We
calculated high resolution haplotype frequencies at six loci (HLAA~C~B~DRB3/4/5~DRB1~DQB1) in 21 populations, including all DNA typed donors in
the registry. Because HLA frequencies can differ substantially between subpopulations,
this expansion of population categories improved the accuracy of allele predictions in
matching algorithms. Match likelihood estimates are also improved as frequency
generating population sample size is increased, because the fraction of multilocus
genotypes that cannot be explained by any pair of high resolution haplotypes is
decreased.

17

Materials and Methods:

HLA Typing Methods and Primary Data Interpretation

The NMDP collects donor HLA typing from laboratories including primary data
which contain extensive details on the exact tests performed and the presence and
absence of specific oligonucleotide sequences. Alleles are described with the first two
fields of HLA allele nomenclature, representing protein level assignment. We combine
alleles with amino acids identical in the antigen recognition site (ARS) since these sets of
alleles (listed in Supplementary Table 1) are often not distinguished by current typing
systems, and genomic regions are not defined outside the ARS for many of the alleles 43.

For sequence specific oligonucleotide (SSO) and sequence specific primer (SSP)
methods, primary data consists of a list of the probes used in the kit and their sequences,
and the positive or negative result for each probe. For sequence based typing (SBT)
methods, primary data includes the annealing location of the amplification primers, the
diploid sequence read and any hemizygous reads resulting from group specific PCR or
group specific sequencing primers (GSSP). Primary data are transmitted electronically to
NMDP in an XML-based message format for interpretation 44.
Given the primary HLA typing data and the list of all described alleles for the
IMGT-HLA database version 3.4.0, we calculated a genotype list for each locus of all
18

possible allelic combinations that were consistent with the typing result for each subject
for input into EM 10. Primary typing data have been reported only by laboratories that
have typed newly recruited donors since 1997. Of the remaining HLA typings, those that
were reported as unambiguous alleles or in the NMDP allele code format were converted
to genotype list format10. The typings reported in allele code format only include alleles
that existed when the typing was performed, and do not consider newly described alleles
that would have been consistent with the result obtained.

We were unable to test for Hardy-Weinberg equilibrium (HWE) on these samples
because there are no methods to test for HWE using ambiguous HLA typing data. We
also could not calculate HWE at the allele family level because many HLA typings
contain possible genotypes that include more than two allele families.

Ambiguity Reduction and Haplotype Frequency Estimation

Haplotype frequencies were calculated from genotype list data using the
expectation-maximization (EM) algorithm 19–22. Some HLA typings have extremely high
ambiguity, with as many as 1022 possible six-locus haplotype pairs in the genotype list.
Because of the computational challenges inherent in calculating haplotype frequencies
from these long genotype lists, we applied some methods to reduce ambiguity of the
genotype list input to EM.

19

We first calculated a minimum set of alleles that explain all HLA typings in a
population. Because many vanishingly rare alleles have been described in IMGT/HLA
45,46

, and many ambiguous HLA typings contain possible alleles have never been reported

unambiguously to NMDP for a given population, we removed these unlikely alleles from
consideration. Our algorithm started with a set of common alleles (frequency >= 1/2000)
for each broad race category 18 and attempted to interpret all primary data. During each
iteration, we calculated which allele(s) allowed the most previously uninterpretable HLA
typings to be assigned, then all genotype lists in the population sample were reinterpreted
with the addition of the new allele(s). Only haplotype pairs containing alleles in the
abridged allele list were included in the new genotype lists. Alleles removed from
consideration are very unlikely to exist in the population because they aren’t required to
interpret any of the HLA typings in the large population sample.

After reducing the allele list, the HLA typing data were still far too ambiguous to
compute six-locus haplotype frequencies in a single EM run, so we broke up the
calculations into tractable sub-problems. We ran EM on two-locus blocks beginning with
C~B and DRB3/4/5~DRB1 loci where linkage disequilibrium was highest47. Using these
haplotype frequencies, each subject in the sample is imputed to get a list of their possible
haplotype pairs and probabilities up to a threshold of 99% cumulative probability. Next
these reduced C~B and DRB3/4/5~DRB1 genotype lists were treated as a single locus, or
block, for the next EM step where the A~(C~B) and (DRB3/4/5~DRB1)~DQB1
frequencies are calculated. The final two-locus EM step combined the class I and class II
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blocks to calculate six-locus haplotype frequencies
(A~(C~B))~((DRB3/4/5~DRB1)~DQB1). This blocks/imputation approach significantly
reduced the number of possible haplotype pairs as haplotype blocks were extended, so
only unlikely haplotype pairs were removed from consideration Using 16 3.0Ghz Intel
Xeon CPUs, haplotype frequencies for the entire Be The Match registry, consisting of
6.59 million donors, was completed within one week.

Copy-number variation in HLA for DRB3/4/5 loci presents difficulties for HLA
haplotype analysis. DRB1 can be found on the same chromosome as either DRB3,
DRB4, DRB5, or none of the DRB3/4/5 genes 48. Typings at these loci may have
ambiguity for implicit possible heterozygosity, where it is unknown if a subject is
homozygous for the DRB3/4/5 allele, or if they are heterozygous and lack a DRB3/4/5
gene. In the NMDP registry, we roughly estimate that 25% of donors are typed for the
DRB3 and DRB5 loci, and 5% for the DRB4 locus; these estimates are inexact because
reporting of typing for the DRB3/4/5 genes is not routinely carried out by HLA
laboratories. DRB4 was inconsistently typed in our sample, with some labs typing only
for DRB1, DRB3 & DRB5, resulting in complex heterogeneity in both typing methods
and data. To generate haplotype frequencies, the expectation-maximization (EM)
algorithm was modified to account for the structural and allelic ambiguity of DRB3/4/5
loci. In the EM algorithm we treated DRB3/4/5 as a single locus since a maximum of one
of these genes occurs per chromosome.
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Because no DRB3/4/5 typing intent was available, we developed a novel method
for practical calculation of haplotype frequencies that include DRB3/4/5. We restricted
DRB3/4/5~DRB1 genotype lists to only include DRB3/4/5 genes in associations that
agreed with the common DRB3/4/5~DRB1 linkages listed in Supplementary Table 2 48.
The small fraction (<0.1%) of donors with HLA typings that could not possibly align
with the common linkage rules were kept in with the fully enumerated genotype list, as
exceptions to these linkage rules have been described, for example Tautz et al. 49.

Evaluation of Genetic Variation and Population Categories

We chose 21 population categories for analysis with the goal of reflecting the
genetic diversity of the populations in the U.S.A. registry and to have adequate sample
size to characterize the HLA genetics of each category. Over the history of NMDP
donor recruitment, three different race/ethnicity questionnaires were used, with 49 race
categories and three ethnic categories (Hispanic, Not Hispanic, and Ethnicity Not Asked)
that totaled 147 race/ethnic combinations. To reduce this number of combinations to
categories that were distinct and statistically relevant, several techniques based on Nei’s
genetic distance 50, sample size, and population definitions were applied. Subjects who
self described in a way that was too general or not widely applicable were included in the
broad categories (European American, African American, Asian or Pacific Islander,
Hispanic, and Native American). Because donors from international donor centers are
also listed in the US registry, international donors were included in the broad categories.
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Individuals who indicated multiple race/ethnic categories were put in a single Multiple
Race category in the broad study, and were not assigned to any of the detailed race
categories.

We calculated pairwise Nei’s genetic distance on each race/ethnic combination
using population haplotype frequencies. To visualize the genetic distance between all
population samples, we created a population dendrogram using the nearest neighbor
algorithm in PHYLIP 51. Populations that were highly similar to each other genetically
were grouped together, for example “North American White” and “Western European”
were grouped into “European Caucasian”.

Another method we applied to visualize population variation was principal
component analysis (PCA), which summarizes frequencies differences among thousands
individual haplotypes into a smaller number of dimensions. PCA was performed on the
entire haplotype frequency distribution of each population using MATLAB R2011b 52.
2-D plots were created using the principal component pairs to display major trends of
haplotype variation among populations.

Sample Populations

Table 1 lists the sample sizes (number of individuals) for the 21 populations used
for the detailed race analysis, while Table 2 lists the sample sizes for the broad race
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analysis. Samples in the detailed population analysis are also included in the broad
analysis, as indicated by the “Rollup” column in Table 2.
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Results
High resolution HLA A~C~B~DRB3/4/5~DRB1~DQB1 haplotype frequencies
were estimated for 21 detailed and five broad populations and are available online
(http://bioinformatics.nmdp.org/haplotype2011). Allele frequencies for each of the six
HLA loci are also provided. We have also developed an online tool, HaploStats, that can
predict the haplotypes contributing to an unphased HLA genotype based on these
haplotype frequencies (http://www.haplostats.org).

The most common haplotype observed within any population was
A*24:02g~C*12:02~B*52:01g~DRB5*01:02g~DRB1*15:02~DQB1*06:01, found in
Japanese (JAPI) at a frequency of 7.8%. While also seen in Koreans (KORI) at 1.9%, this
haplotype was uncommon in other populations, even among other Asian/Pacific
Islanders. The haplotype
A*01:01g~C*07:01g~B*08:01g~DRB3*01:01~DRB1*03:01~DQB1*02:01g was the
next most common within population haplotype at 6.5% in European Caucasians
(EURCAU), but was also common across other populations except Asians,.
Supplementary Table 3 summarizes frequencies for the 100 most common haplotypes
across populations.

The HLA-B locus had the highest allelic diversity ranging from 89 alleles
observed in Alaskan Natives or Aleuts (ALANAM) to 530 in European Caucasians
(EURCAU), while the DRB3/4/5 superlocus had the least diversity (Table 3). A large
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fraction of the alleles described in the IMGT-HLA database version 3.4.0 at the protein
level were never seen in any of the 21 populations (510 of 1253 alleles observed in
IMGT-HLA for A, 461 of 833 for C, 646 of 1703 for B, 32 of 75 for DRB3/4/5, 228 of
714 for DRB1, and 35 of 107 for DQB1). A more detailed summary of the number of
common (frequency of >1/2000), rare (<1/2000), and alleles not observed by population
is found in Supplementary Table 4. We also compare allele frequencies across
populations by locus in Supplementary Table 5.

The number of haplotypes with an estimated count of greater than one varied
from 627 in Alaskan Natives or Aleuts (ALANAM) to 37,215 in European Caucasians
(EURCAU) (Table 3). Populations with larger sample sizes tended to have more alleles
and haplotypes observed. The number of haplotypes required to reach a cumulative 50%
frequency varied from 88 in Vietnamese to 871 in African Americans (AAFA), keeping
in mind this metric is also sample size dependent. More isolated and more narrowly
defined populations had fewer common haplotypes (1/2000 in frequency or greater),
while populations with high genetic diversity and high admixture 53,54 had haplotype
frequency distributions with more rare HLA haplotypes. A spreadsheet containing the
ten most common haplotypes from the perspective of each population is available in
Supplementary Table 6.

To validate the performance of our haplotype frequency estimation method, we
compared five-locus A~C~B~DRB1~DQB1 haplotype frequencies in European
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Caucasians from our full registry dataset with a previous study of 12,768 Caucasian
registry volunteers 18. We found a very similar frequency distribution, indicating that our
method is able resolve both phase and allelic ambiguity well for common haplotypes
(Figure 3). However, frequency estimates derived from the entire registry for a given
haplotype were always somewhat lower, primarily because of much larger sample sizes.
As sample size increases, newly observed haplotypes decrease the frequency of common
haplotypes. Another contributor to the differences is that allelic ambiguity in the full
registry typings also could not be resolved for all rare haplotypes, just as some phase
ambiguity cannot be resolved in high resolution typings.

HLA polymorphism was studied for all 21 populations within and among the five
major broad population categories. The distribution of haplotype frequencies by
race/ethnicity is shown in Supplementary Figures 7A-7E. The height of each curve
denotes the percentage of HLA haplotypes in the population with frequency less than the
value on the horizontal axis.. The median haplotype frequency (the value at which there
is a 50% chance that a randomly selected haplotype would have a greater frequency)
varied from 1.7E-3 in Alaskan Natives or Aleuts to 1.9E-4 in African-Americans. On
average the HLA polymorphism is highest among African-Americans and lowest among
Native Americans with Asian, European Caucasian and Hispanic populations falling at
intermediate frequencies. The differences in polymorphism can be attributed to a
combination of sample size and the HLA diversity of the population being sampled. For
smaller population samples such as Alaskan Natives or Aleuts, there were plateaus in
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frequency for haplotypes with a count of one or two, while for larger populations the
frequency distribution is smoother at this scale. Because of the paucity of complete HLA
typing, 6-locus estimates have lower accuracy when sample size is small, however the 3locus A~B~DRB1 estimates may be more robust.

Figure 4 shows the Nei’s genetic distance using haplotype frequencies obtained
by the nearest neighbor approach. Major continental groups tended to appear in separate
branches of the tree, while admixed Hispanics are in intermediate levels. The longer
length of the branches of the tree between the Asian populations show more dramatic
HLA variation within Asia, while other populations are more similar to one another
within broad race categories.

We used principal components to visualize haplotype frequency variation among
the 21 populations in Figure 5A and 5B. The first three principal components represent
29%, 19%, and 12% of the total variation in frequency. The first principal component
does well at distinguishing between continental groups. The second principal component
only separates Asian populations from Japanese on one end to Vietnamese on the other,
again illustrating the relatively high level of population differentiation among the AsianAmerican groups.

The summed pairwise Kendall rank correlations of haplotype frequencies
measures the similarity of each population against all others. This is illustrated by a
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depiction of pairwise correlations among haplotype frequencies (Figure 6). Populations
with high levels of admixture or European populations who are the ancestral sources of
admixture, on the right and bottom of the figure, have relatively high frequency
correlation with other populations. The Middle Eastern / North Coast of Africa
population was the most similar to the others in terms of haplotype frequencies.
Meanwhile, more isolated Asian populations and Alaskan Natives or Aleuts on the top
and left of the figure were the most dissimilar from one another.
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Discussion

The six-locus HLA A~C~B~DRB1~DRB3/4/5 haplotype frequencies of
populations described here improve upon previous HLA haplotype studies in the
dimensions of sample size, number of loci, population specificity, and in the
comprehensive use of available typing data. Because of the large sample size, it is
possible to evaluate the relative frequencies of many rare alleles and haplotypes for the
first time. Interestingly, hundreds of alleles described in the IMGT-HLA database were
not seen in our population study consisting of 6.59 million individuals, suggesting that
they are unlikely to be seen again.

The accuracy of HLA haplotype frequency estimates depends on the typing
method employed. Early HLA typing based on serology had high levels of mistyping
and therefore was not deemed adequate for this study, which utilized only donors typed
by DNA based methods. A large fraction of recruitment typing used oligonucleotide
probe hybridization, which provide limited coverage of polymorphic sites in the HLA
genes. As a result, we observed that some alleles were never distinguished from one
another in any individual within a given population, for example DRB1*03:18 and
DRB1*03:28 in European Caucasians. DNA sequencing based methods have lower
ambiguity, although some genotypic ambiguity remains in diploid sequences. Higher
resolution typing identifies alleles to the specific protein level, but still does not give
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haplotype phase information. As ambiguity decreases, ascertainment of haplotype
frequencies improves.

One barrier to calculating haplotype frequencies has been variation in the form of
HLA typing data due to changes in typing methods and reagents. HLA data
representation also impacts the amount of information derived from an HLA assignment.
Unfortunately, the NMDP allele letter code system 10, commonly used to compress lists
of alternative genotypes, can result in inclusion of genotypes that were excluded by the
typing method. To counter this we used HLA typings in genotype list format computed
from re-interpreted primary data when available. Furthermore, without primary typing
data, the only allelic possibilities considered in the laboratory assignment are those alleles
described at the time the typing was performed, even though new alleles are constantly
discovered, so should be included as possibilities. We encourage the use of HLA data
standards, such as the genotype list format, that transit the maximum amount of
information about the tests performed 55.

The runtime of frequency estimation algorithms is sensitive to population sample
size, genetic diversity, and HLA typing ambiguity. Because of extensive computational
challenges in estimating haplotype frequencies from highly ambiguous typing data,
heuristics were required to reduce the amount of ambiguity. Abridging the allele list to
only the alleles required to describe all subjects may result in a slight bias towards
common alleles. To achieve computational tractability, low probability haplotype pairs
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were explicitly removed from consideration by EM as haplotype blocks were extended,
which also biased the frequencies slightly towards common haplotypes.

Improved haplotype frequencies aid in donor selection processes, shortening the
time-to-transplant from preliminary search, and reducing the number of samples
fruitlessly tested for a match with extended typing. We observed such improvements
after the HapLogic III matching algorithm, released in 2011, began utilizing the
frequencies described here. This matching algorithm orders the list of potentially matched
donors in a search report for a given patient by the donor’s likelihood of being allele
matched. HapLogic’s match probability calculations begin with imputation, which
produces a list of a subject’s possible most likely phased multilocus genotypes and their
corresponding genotype probabilities, given the HLA typing and population haplotype
frequencies. Using more population categories gives more accurate predictions because
HLA frequencies can vary dramatically within the broader race/ethnic categories 56.
Using haplotype frequency distributions calculated from more subjects decreases
sampling error and results in fewer cases where no possible haplotype pairs can explain a
subject’s HLA typing. Typing information at the DRB3/4/5 locus, while not often
considered in clinical matching between donor and recipient, can help infer alleles
present at DRB1 and DQB1 loci. The practical operational use of these frequencies is
being realized today.
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Modeling of HLA match rates can be performed using HLA haplotype
frequencies 29. A population genetic model incorporating registry size and assuming
random assortment of haplotypes in individuals is an effective predictor of match rates
for a given patient population, assuming haplotype frequencies adequately reflect the
overall population. Large population samples in the range of tens of thousands per
population are required for modeling match rates because the shape of the haplotype
frequency distribution in a large part determines the match rate, and poor sampling can
truncate this distribution relative to the true population.

Many disease association and other research studies of large populations are
limited by the high cost of HLA typing, the complexity of the data, and thus may only
analyse the data at low resolution. Applying HLA imputation using haplotype frequencies
can inexpensively reduce HLA typing ambiguities post-hoc 26, providing high resolution
associations. In addition, algorithms that have been developed to infer HLA by linkage
with other SNPs in genome wide studies where HLA is not specifically typed can benefit
from improved haplotype frequency reference data 57.

We plan on making regular public updates to these frequency estimates over time.
While HLA frequencies would ideally change very little over time, continued
accumulation of volunteer donors and higher resolution HLA typing methods will yield
continually improving haplotype estimates, especially for rare types in minority
populations. These frequencies complement a prior analysis in which each HLA allele
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was categorized as common or rare based on observations in laboratories around the
world 45. A larger proportion of high resolution or sequence based typing would give
more accurate allelic determination within allele families. Because of high level of allelic
ambiguity in the input data, a large number of haplotypes had estimated fractional counts
compared to what would be seen for high resolution typed datasets where only phase is
estimated. Most donors lacked typing at HLA-C, HLA-DQB1, and HLA-DRB3/4/5, so
more comprehensive typing could improve allelic determination especially at these loci.
The DQ molecule also consists of the polymorphic DQA1 gene product, which is not
considered here. Similarly inclusion of the rarely typed DPA1 and DPB1 genes would
give complete extended haplotypes for these polymorphic HLA loci 58. Public
accessibility to the best available HLA data has significant benefits to the
immunogenetics community.

The number of specific population categories may change over time as sample
size increases and volunteer donor race/ethnicity information is improved. For example,
the current race/ethnic categories in the recruitment questionnaire may not adequately
capture the individual’s ancestry. For this study we also did not address the issue of
individuals listing more than one race, which are becoming increasingly common in the
US 59. Multi-race individuals are complex to analyze because the number of different
population combinations reduces sample size and high proportions of first generation
admixture leads to divergence from Hardy-Weinberg equilibrium assumed by the EM
algorithm. Cryptic population substructure, such as the Ashkenazi Jewish subpopulation
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within Europeans, also confounds this analysis 60. As improved methods for self
reporting population identity and measuring genetic ancestry are applied to donor
registries, more distinct subpopulations can be captured. Analyzing world populations
more comprehensively through application of our described methods to the registries of
Bone Marrow Donors Worldwide (BMDW) could substantially improve the global donor
search process 2.

We conclude that these reference haplotype frequencies are of significant
practical use in the hematopoietic stem cell registry, clinical transplant, and other
immunologic research settings.
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Figures and Tables:

Table 1. Size of haplotype frequency-generating samples by detailed race category.
The “Count” column indicates the number of A, B, DRB1-typed samples, and the “Typed
C”, “Typed DQB1”; “Typed DRB3/4/5” columns indicate the number of those
individuals with typing at those loci.
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Table 2. Size of haplotype frequency-generating samples by broad race category.
The “Count” column indicates the number of A, B, DRB1-typed samples, and the “Typed
C”, “Typed DQB1”; “Typed DRB3/4/5” columns indicate the number of those
individuals with typing at those loci.

Table 3. Number of haplotypes and alleles observed in 21 detailed populations.
“Haplos” - Number of estimated haplotypes, “Haplos>1” – Number of haplotypes with
an estimated count of greater than 1, “HaplosTo50” – Number of haplotypes required to
reach 50% frequency.
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Figure 3. Comparison of top 40 5-locus A~C~B~DRB1~DQB1 haplotype frequencies
between Caucasians from the full registry dataset and the 2007 high resolution dataset 18.
“Freqdiff” is the difference in frequency between the 2 datasets.
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Figure 4. Nei’s Genetic Distance calculating using haplotype frequencies for 21
populations. Corresponding broad race categories for subtrees are shown. Populations are
described in Table 1.
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Figure 5A. First two principal components of haplotype frequencies for 21
populations
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Figure 5B. First and third principal components of haplotype frequencies for 21
populations
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Figure 6. Kendall rank correlation of population haplotype frequencies ordered by
the sum correlation ranging from high correlation (red) to low correlation (blue)
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Summary:
Background: Hematopoietic stem cell transplantation (HCT) is a potentially life-saving
therapy for a variety of blood cancers and other diseases. For patients who lack a suitable
HLA-matched family donor, unrelated donor registries of adult volunteers and banked
umbilical cord blood units (CBU) provide the potential for successful HCT. The largest
such registry in the world is the U.S.-based National Marrow Donor Program (NMDP).
Methods: Using human leukocyte antigen (HLA) data from NMDP’s donor and CBU
registry, we built population-based genetic models for 21 U.S. race/ethnic groups to
predict the likelihood of identifying a suitable donor (either adult donor or CBU) for
patients in each group. The models incorporate degree of HLA match, adult donor
availability (ability to donate) and CBU cell dose.
Results: Most patients who need HCT will have a suitable (HLA matched or minimally
mismatched) adult donor. However, many patients will not have an optimal adult donor,
one high-resolution-matched at HLA-A, -B, -C, and -DRB1.

Optimal-donor-match

likelihoods vary among race/ethnic groups, with the highest probability in European
Caucasians at 75% and the lowest in South/Central American Blacks at 16%.
Likelihoods for other groups are intermediate. Few patients will have an optimal CBU,
one matched at antigen-level HLA-A, -B, and high-resolution -DRB1. However, CBU
mismatched at one or two HLA loci are available for almost all children and adolescents,
and for more than 80% of adults regardless of race/ethnic group.
Conclusions: Public investments in donor recruitment and cord blood banks have
provided access to hematopoietic stem cell transplantation.
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Introduction:

Hematopoietic stem cell transplantation (HCT) is a potentially curative therapy
for a variety of life-threatening blood cancers and other diseases. Although an HLAmatched sibling is the preferred donor, only about 30% of patients who may benefit from
HCT have such a donor. To address this issue, registries of adult volunteers and, more
recently, umbilical cord blood unit (CBU) banks have emerged around the globe. In the
U.S., the National Marrow Donor Program (NMDP) was established in 1986 and has
grown to be the largest registry in the world with >10.5 million adult volunteers and
nearly 200,000 CBU listed. With contracts from the federal government, the NMDP
currently operates the congressionally authorized C. W. Bill Young Cell Transplantation
Program.

Recent years witnessed increasing numbers of unrelated donor HCT. The NMDP
facilitated nearly 6,000 transplants in 2012 compared to 1,500 a decade ago. This growth
results from expanding indications for HCT, therapeutic advances that have allowed HCT
to be used safely in older and sicker patients, the newer alternative option of CBU HCT
with less stringent requirements for HLA matching, and substantial increases in the
numbers of adult volunteer donors.6,61–64

The relative importance of each of these

developments is difficult to ascertain but having unrelated adult donor or UCB grafts
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available has led, in recent years, to the fact that more than half of allogeneic HCTs in the
US use an unrelated donor.

The success of unrelated donor HCT is highly influenced by the degree of HLAmatching between the donor or CBU and the recipient.3,30,65–69 An optimal match for
adult donor transplantation includes matching at HLA-A, -B, -C and –DRB1 loci (8/8
high-resolution HLA match). Mismatching at only one of these loci (7/8 HLA match)
decreases 5-year overall survival by about 8%3 but is considered suitable in many clinical
situations where alternative nontransplant therapy offers little chance of cure . Matching
requirements for CBU are less stringent. Current standards consider matching at HLA-A,
-B (at the antigen-level) and DRB1 (at high-resolution) with mismatching at one or two
loci acceptable, though some data suggest that 6/6 matching may be optimal.70 A
limitation of CBU transplantation is the limited numbers of hematopoietic cells in each
unit such that many units lack sufficient dose for engraftment in larger recipients.

Unfortunately, optimally HLA-matched unrelated donors and CBU are not
available for many patients even with large registries because the polymorphism of HLA
genes is extremely high and allelic variation is population-specific.22,27 In this report, we
answer the question, “What is the likelihood of finding a suitable matched adult donor or
CBU in the NMDP registry?”. The answer cannot be gleaned from retrospective search
statistics because most searches did not proceed with HLA testing to confirm all potential
matches, and patient race/ethnicity data are limited in detail. Here, therefore, we present
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the first population genetic model consistent with current graft selection standards that
gives likelihoods of finding 8/8 and 7/8 HLA-matched adult donors and 6/6, 5/6 or 4/6
HLA-matched CBU. Accurate models required development of high-resolution HLA
haplotype frequencies with adequate population coverage of 21 detailed racial/ethnic
groups.71

This report documents the success of substantial public investment in providing
access to this life-saving treatment.

Materials and Methods:

Study population
This study used HLA and CBU cell-dose data from NMDP’s registry that
included 10,759,087 adult donors and 186,166 CBU at year-end 2012. The impact of
searching international registries was not evaluated (Appendix A). The Institutional
Review Board of the NMDP approved this study.

HLA-match definition
Donor-recipient HLA-matching models followed currently accepted clinical
standards for adult donor and CBU transplantations. For adult donors, donor-recipient
HLA-match considered high-resolution matching at HLA-A, -B, -C and –DRB1.
Matching at all of these loci is designated as 8/8 HLA-matching.3 A single allele
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mismatch at any of these loci is designated as 7/8 HLA-matching.3 For CBU, donorrecipient HLA-matching considered antigen-level matching at HLA-A and –B and highresolution matching for HLA-DRB1.70 Donor-recipient matching at HLA-A, -B and DRB1 is designated as 6/6 HLA-matching.70 A 5/6 HLA-match includes a mismatch at a
single locus, and a 4/6 HLA-match includes a mismatch at any two loci.70 The model did
not consider two HLA-mismatches at the same locus as this accounts for fewer than 5%
of CBU transplants reflecting the clinical preference to avoid such mismatches.

Race and Ethnicity
The race/ethnic categories of donors were self-reported and collected on
standardized forms72. Data were abstracted to develop 21 categories for analysis (Table
4). The goals of the categorization were to adequately reflect the large diversity of the
U.S. population in the NMDP registry and to have sufficient sample sizes to characterize
the HLA genetics of each group.

Adult donor availability
After potentially HLA-matched donors are identified, there are several donorspecific barriers to transplantation that must be modeled in order to accurately reflect the
patient experience. First, donors are contacted to affirm their commitment and provide a
DNA sample to confirm HLA matching to the patient, referred to as confirmatory typing.
Not all donors listed on the registry are available for confirmatory typing; reasons include
inability to contact, and personal and professional conflicts. Second, some confirmatory
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typing results are inconsistent with the initial recruitment typing. Third, some potential
donors are deemed ineligible to donate after medical evaluation. Consequently, only a
fraction of suitably HLA-matched donors are available to donate. Adult donor availability
was calculated separately for each race/ethnic group as the cumulative product of the
percentage of donors proceeding through each of the above-mentioned steps toward
donation (Table 5).29

Match likelihoods are adjusted for availability in our model by

multiplying the number of donors in each population in the registry by this cumulative
availability factor.

CBU availability
Cord blood units are made from umbilical and placental blood collected soon after
a baby’s birth, which is processed and frozen in liquid nitrogen. CBUs contain far fewer
hematopoietic cells than adult grafts, and unit selection must consider the total nucleated
cell (TNC) dose for the potential recipient in addition to HLA-match. A dose of 2.5 x 107
TNC/kg of recipient weight or greater is considered adequate for transplantation.70

Therefore, when modeling CBU availability, we considered the distributions of
patient weight obtained from NMDP search records and CBU cell counts in the
inventory. Patient weights were stratified into deciles for patient age groups <20 and ≥20
years and the proportions of CBU in the inventory meeting minimum acceptable cell
doses for each patient weight stratum were estimated (Figure S1).73
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Statistical Analysis
HLA haplotype frequencies for the 21 population groups were calculated from all
DNA-typed registry donors using the expectation-maximization algorithm.20,22,71 For
each population, four-locus high-resolution haplotype frequencies (HLA-A, -B, -C –
DRB1) were used for adult donors, while three-locus haplotype frequencies (HLA-A and
–B at antigen-level; high-resolution HLA-DRB1) were used for CBU. The haplotype
frequencies and effective adult donor and CBU registry sizes for each population were
put into a matching model that assumes genotypes are in Hardy-Weinberg
equilibrium.25,74 The model calculated the population-specific HLA-match likelihoods at
varying match stringencies for the given registry size and the specified search strategy.
Match likelihoods were modeled for two matching strategies where each strategy
incorporated adult donor availability and CBU cell dose. The first strategy involved
modeling the likelihood of an adult donor who would be 8/8 or 7/8 HLA-matched to a
recipient followed by modeling the likelihood of a suitable CBU. The second strategy
eliminated consideration of the 7/8 adult donor, thus if an 8/8 adult could not be
identified, it moved directly to consideration of CBU. Models were cross-validated by
two separate analyses (Appendix B).

Results:

Adult donor match likelihood
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Table 4 shows the rates of finding suitably HLA-matched grafts in the NMDP
adult donor registry considering donor availability. Most patients have an available 7/8 or
8/8 HLA-matched adult unrelated donor in the registry.The likelihood of finding an
available 8/8 HLA-matched donor is 75% for patients of European Caucasian descent,
but only 46% for those of Middle Eastern / North African Caucasian descent. The
likelihood of finding an 8/8 HLA-matched adult donor for other groups is lower and
varies with race/ethnicity. For African Americans the probabilities are 16%-19%, and for
Hispanics, Asians, Pacific Islanders, and Native Americans they vary between 27% and
52%. Adult donor availability also differs by race/ethnicity (Table 5) and substantially
lowers match likelihoods relative to models that assume all potential registry donors are
available (Table S1 in Chapter 3 Supplements). While a donor from within the patient’s
race/ethnic group provides the greatest likelihood of HLA-matching, donors from other
race/ethnic groups may increase this likelihood. Patients belonging to race/ethnic groups
with high genetic admixture, such as Hispanic, are more likely to identify donors from
outside of their group (Table S2). In contrast, those with relatively low admixture, such
as Asian groups, are less likely to find donors from outside their group.

CBU match likelihood
Cord-only match likelihoods, especially applicable for urgent searches where
matched adult donors are either unavailable or delayed, are provided in Table 4. Most
patients will identify a 4/6 or better HLA-matched CBU with an adequate cell dose
(Table 4), though the likelihood of finding a 6/6 HLA-matched unit is much lower than
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the likelihood of finding an 8/8 HLA-matched adult donor as the registry contains fewer
units than adult donors. The likelihood of identifying 6/6 and ≥5/6 HLA-matched CBUs
with an adequate cell dose is highest for European Caucasians: 38% and 87%,
respectively, for those younger than 20 years, and 17% and 66%, respectively, for those
20 and older (Table 4). Corresponding probabilities for African Americans are 6% and
58% for patients younger than 20 and 2% and 24% for those 20 and older. The
probabilities for patients of other races are intermediate between probabilities for
European Caucasians and African Americans.

The cell dose provided by the units significantly limits the effective size of the
cord blood inventory, as evidenced by differing rates of finding suitable units by patient
age (Table 4) and rates without consideration of cell dose (Table S1). The higher
probability of identifying a 6/6 or ≥5/6 HLA-matched CBU in patients younger than 20 is
because most units have sufficient cells to provide an adequate cell dose for patients
weighing less than 50 kilograms. In fact, almost all patients in all race/ethnic groups in
this age category will have a 4/6 or better HLA-matched unit with adequate cell dose.
Among adults, almost all European Caucasians but only 81% of African Americans will
find a ≥4/6 HLA-matched unit with adequate cell dose.

Patients are more likely to find 5/6 or 6/6 matched CBU outside their own
race/ethnic group than they are to find 8/8 matched adult donors outside their own
race/ethnic group (Table S3).
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Search strategies and match likelihoods for adult donors and CBU
The type of donor/graft identified for a patient depends, in part, on the search
strategy adopted by the transplant center as well as the recipient’s age and race/ethnic
group.

Using a strategy where one looks for an 8/8 adult donor or 7/8 adult donor
followed by a CBU search if no adult donor is found, 75% of European Caucasians will
find an 8/8 HLA-matched donor and another 22% will find a 7/8 HLA-matched donor.
Among European Caucasian children, another 1.2% will find a 5-6/6 HLA-matched CBU
and 1.5% will find a 4/6 HLA-matched CBU of adequate size (Figure 7A). Among
European Caucasian adults, another 0.5% will find a 5-6/6 HLA-matched CBU and 1.8%
will find a 4/6 HLA-matched CBU (Figure 7B). With this search strategy, nearly all
European Caucasian patients will identify a suitable graft with 97% coming from an adult
donor. Among African Americans, using the same search strategy, 19% will find an 8/8
HLA-matched donor and another 57% will find an 7/8 HLA-matched donor. An
additional 10% of African American children will find a 5-6/6 HLA-matched CBU and
13% a 4/6 HLA-matched CBU (Figure 7A). Among African American adults another
3% will find a 5-6/6 HLA-matched CBU and 14% a 4/6 HLA-matched CBU (Figure 7B).
So, using this search strategy, 95% of African Americans should have a suitable graft but
fewer than 20% will be optimally matched. The distribution of graft types for other
race/ethnic groups is shown in Figure 7.
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Adopting a second search strategy, where one prioritizes CBU over 7/8 HLAmatched adult donors and searches for a suitable CBU in the absence of an 8/8 HLAmatched adult donor, most grafts identified will be CBU for every ethnic group except
European Caucasians (Figure S2, S3). More units will be 5/6 HLA-matched than 4/6
HLA-matched for children and more will be 4/6 HLA-matched than 5/6 HLA-matched
for adults.

Donor registry growth
NMDP match probabilities have increased substantially since the registry was
established (Figure 8, S4). The NMDP added just over 1 million adult donors to the
registry in 2012 and plans recruitment growth of 9% year-over-year through 2017. We
anticipate an additional 5.5 million donors will be added by 2017, and project this will
increase the probability of identifying an 8/8 HLA-matched donor by between 4% and
7% (Figure 8). During the same period, NMDP anticipates 70,000 additional CBU will
be listed. This will increase the likelihood of finding a 5/6 HLA-matched CBU by 3 to
5%, depending on age and race/ethnic group (Figure S4).

Discussion:

Using the NMDP’s donor registry of volunteer adults and banked CBU, we built
population genetic models that predict the likelihood of identifying a suitable adult donor
or CBU for U.S. patients in 21 race/ethnic groups. In addition to HLA-matching, adult
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donor availability and CBU cell dose impact the likelihood of identifying a suitable graft.
For both graft sources, the racial/ethnic group of the patient highly influences the
likelihood of identifying a suitable graft. The results suggest almost all patients likely to
benefit from HCT will have a donor, even after accounting for donor availability, cell
dose and racial/ethnic group. However, many will not have an optimal graft – an 8/8
HLA-matched adult donor or 6/6 HLA-matched CBU.

The processes employed by transplant programs to identify suitable adult donors
and CBU for transplantation are complex and influenced by many factors in addition to
HLA matching. The NMDP recently published recommendations for donor and CBU
selection.24 The goal should be to identify the best available donor with minimal delay,
pursuing multiple donors and/or CBUs simultaneously. Our data provide clear evidence
that if a fully-matched donor is not identified early, delaying transplant in the hope that
such a donor will appear is unlikely to be beneficial and may indeed be detrimental as
match likelihoods increase only by 1% per year and survival decreases when disease
stage progresses.3,69 A prospective NMDP patient search study by Pidala et al. had less
than 5% of searches identify a suitably-matched donor successfully beyond two months.75
Patients without a suitably matched graft should consider, and not unduly delay, nontransplant therapies.

Recruiting additional adult donors will help provide suitably matched donors for
larger numbers of patients, however the principle of diminishing returns applies. New
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recruits are progressively less likely to add new HLA types to the registry, and currently
recruitment is no longer the key driver of transplant growth. Consequently, recruitment
strategies that target uncommon HLA types are desirable, e.g., targeting groups that have
low probabilities of identifying a matched donor in the current registry.76 Adult donor
availability is also a limiting factor and, unfortunately, a larger problem in the race/ethnic
groups where finding a matched donor is already difficult. An improvement in donor
availability by 5% would have the same impact on the probability of identifying an 8/8 or
7/8 HLA-matched donor as two years of adult donor recruitment at current NMDP levels
(Figure S5). The NMDP has undertaken measures to improve donor availability through
ongoing contact, education, and removing barriers to donation after enrollment on the
registry.

Use of CBU for transplantation is a relatively recent development and selection
practices continue to evolve77. Currently, antigen level matching at HLA-A and –B and
high-resolution matching at DRB1, with selection of 4-6/6 units with a minimum cell
dose of 2.5 x 107/kg is standard practice. Future clinical practice may be impacted by
recent reports suggesting that matching at the HLA-C locus and high-resolution matching
lowers transplant-related mortality.78,79 More stringent CBU matching standards would
result in lower match likelihoods. On the other hand, several reports confirm the success
of co-infusion of two CBU (each unit containing a minimum cell dose of 1.5 x 107/kg and
6/6, 5/6 or 4/6 HLA-matched).80,81 Based on the current models for single CBU
availability, we anticipate almost all patients will have one or two suitable 5/6 and/or 4/6
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HLA-matched units. Because of less stringent matching, CBU inventory growth holds
more promise than adult donor recruitment in continuing to narrow the disparity in access
between European Caucasian and minority patients.

Investments by the U.S. Congress to develop the nation’s unrelated donor
programs have aided in increasing access to HCT. Although current inventories provide
access to a suitable graft for most patients, many of these patients will not receive an
optimal graft. Outcomes with 7/8 HLA-matched adult donor grafts and less well matched
CBU are associated with higher morbidity and mortality rates. Continued research is
necessary to develop transplant strategies that will improve outcomes for recipients of
HLA-mismatched grafts.
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Table 4. Likelihood of identifying adult donor and umbilical cord blood units
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Figure 7A. Match likelihoods for patients aged <20 years: using the search strategy
8/8 HLA-matched donor first, then 7/8 HLA-matched donor and thereafter, adequatecell-dose CBU.
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Figure 7B. Match likelihoods for patients aged ≥ 20 years: using the search strategy
8/8 HLA-matched donor first, then 7/8 HLA-matched donor and thereafter, adequatecell-dose CBU.
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Figure 8. 8/8 match likelihoods by year-end using current donor availability,
extending recruitment trends to 2017.
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CT

Typing Not

Workup

Overall

Availability2

Discrepant

Availability

Availability

Caucasian

62%

98%

83%

51%

African American

36%

95%

69%

23%

Pacific Islander

42%

97%

73%

29%

Hispanic

44%

96%

68%

29%

Native American

45%

98%

63%

28%

Broad Race1

Asian /

Table 5. Adult donor availability in 2010, calculated by broad race/ethnic category.
1

Caucasian broad availability rates applied to the detailed population categories

(European Caucasian, Middle Eastern / North African); African American availability
rates were applied (African American, African, Black South/Central American); Asian /
Pacific Islander rates applied to (Chinese, Korean, South Asian, Japanese, Filipino,
Southeast Asian, Vietnamese); Hispanic rates applied to (Mexican, Hispanic
South/Central American, Hispanic Caribbean); Native American rates applied to (Native
North American, Native South/Central American, Native Caribbean, Native Alaskan)
2

Confirmatory Typing (CT) Availability represents the proportion of donors that are able

to be contacted and their DNA sample collected for confirmatory HLA typing.
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Chapter 4. Disease Association

Fine-Mapping of HLA Associations with Chronic Lymphocytic Leukemia in US
Populations
Loren Gragert1, Stephanie Fingerson1, Mark Albrecht1, Martin Maiers1, Matt Kalaycio2,
Brian T. Hill2
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Minneapolis, MN, USA
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Hematologic Oncology and Blood Disorders, Taussig Cancer Institute, Cleveland Clinic,

Cleveland, OH, USA

Summary:

Chronic Lymphocytic Leukemia (CLL) displays remarkable ethnic predisposition for
Caucasians with relative sparing of African American and Asian populations. In addition,
CLL displays among the highest familial predispositions of all hematologic malignancies,
yet the genetic basis for these differences is not clearly defined. The highly polymorphic
Human Leukocyte Antigen (HLA) genes of the Major Histocompatibility Complex
(MHC) play a central role in immune surveillance and confer risk for autoimmune and
infectious diseases and several different cancers, the role for which in the development of
CLL has not been extensively investigated. The National Marrow Donor Program
(NMDP) / Be The Match has collected HLA typing from CLL patients in need of
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allogeneic hematopoietic stem cell transplant (allo-SCT) and has recruited millions of
volunteers to potentially donate hematopoietic stem cells. HLA genotypes for 3,491 US
Caucasian, 397 African-American, and 90 Hispanic CLL patients were compared with
50,000 controls per population from the donor registry. We identified several HLA alleles
associated with CLL susceptibility in each population, reconfirming predisposing roles of
HLA-A*02:01 and HLA-DRB4*01:01 in Caucasians. Associations for haplotype
DRB4*01:01~DRB1*07:01~DQB1*03:03 were replicated across all three populations.
These findings provide a comprehensive assessment of the role of HLA in the
development of severe CLL.
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Introduction:

Chronic lymphocytic leukemia (CLL) is the most common form of leukemia in
the United States and Europe82 and is characterized by clonal proliferation of malignant B
lymphocytes83. There is significant heterogeneity in disease characteristics and prognosis
for CLL, with many patients never requiring treatment. The median age of diagnosis is 72
years and the disease occurs more commonly in males84. CLL occurs more commonly in
Western populations, is less common in African Americans and relatively rare in
Asians85–87. Differences in incidence persist despite immigration88–92, and first-degree
relatives of CLL patients have 2-7 fold elevated risk of developing the disease93,94,
implicating genetic predisposition rather than environmental factors in the pathogenesis
of CLL.

HLA plays a central role in immune surveillance, and HLA polymorphisms may
impact the ability of the immune system to identify malignant cells and target them for Tcell mediated elimination95. HLA Class I proteins (HLA-A,-C, -B) present peptides from
endogenous proteins to cytotoxic T-lymphocytes (CTLs). HLA Class II proteins (HLADRB3/4/5,-DRB1,-DQB1) present peptides derived from exogenous proteins to CD4+
helper T-cells. Downregulation of HLA is a well-defined mechanism of immune
surveillance by viral infections as well as in neoplastic cells96,97. Specifically,
downregulation of HLA Class I proteins has been shown in CLL cells98. HLA gene
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polymorphism has been found to be associated with cancer, autoimmune, and infectious
diseases31.

HLA allele frequency varies considerably among world populations71, thus
population-specific studies are essential for identifying HLA associations with disease.
The vast diversity of HLA alleles requires extremely large sample sizes for study, as the
most common HLA allele within a population often has a frequency of only
approximately 25 percent beyond which the frequency of other alleles decreases
exponentially. Collection of sufficient CLL cases for population-based studies at a single
center is not feasible, requiring the formation of cooperative groups of institutions to
acquire adequate sample size.

The Genetic Epidemiology of CLL (GEC) and InterLymph Consortia have
identified several single nucleotide polymorphisms (SNPs) in the major
histocompatibility complex (MHC) near the HLA loci associated with CLL in genome
wide association studies (GWAS). Although the specific HLA alleles found have not yet
been identified99–101, one recent CLL GWAS used HLA assignments imputed from
SNPs102.

Classical HLA typing is best suited for HLA association studies because
information from coding sequences is ascertained directly rather than imputed from
linkage with nearby SNPs. However, most CLL association studies utilizing classical
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HLA typing have had an inadequate number of samples to detect associations for less
common alleles. Most of these studies have relied on a German cohort of fewer than 200
patients40. Because HLA genes are highly polymorphic, even classical HLA typing
cannot easily resolve all ambiguities within a locus, therefore most HLA association
studies for CLL have thus only reported HLA associations at the allele family level. In
addition, alleles also cannot readily be phased across loci into haplotypes
experimentally8.

A large number of HLA-typed CLL cases have been accumulated by the National
Marrow Donor Program (NMDP) / Be The Match from patients in need of allo-SCT
since 1987. Although a minority of CLL patients ultimately undergo HLA typing in
anticipation of potential allo-SCT, sampling the frequency of HLA alleles in this selected
patient population can provide significant insight into severe disease biology. To address
the issue of unresolved allelic ambiguity and haplotype phasing in registry HLA typing,
we developed methods to incorporate this typing ambiguity into a statistical model,
allowing us to report high resolution allele, haplotype, and genotype associations. We
also apply factor analysis to group highly-correlated associations in the context of the
high linkage disequilibrium of the HLA system.

We find several HLA alleles that are associated with an increased susceptibility to
the development of severe CLL as well as several alleles that are protective across
populations.
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Methods:
Study Population:

Cases consisted of CLL patients over age 18 at diagnosis for whom a preliminary
search had been conducted with the NMDP in order to identify a matched unrelated
donor for possible allo-SCT. 50,000 controls from each self-identified race/ethnic
background were selected randomly from the NMDP volunteer adult donor registry
recruited since 2005. Controls were matched for patient age quartiles and gender
proportions, though the maximum control age (60) was younger than the oldest cases due
to registry recruitment policy. Both cases and controls were HLA typed using DNAbased methods (either Sanger sequence-based typing (SBT) or sequence-specific
oligonucleotide (SSO))8.

HLA Genotype Information:

This study employed multivariate logistic regression on independent sets of cases
and controls for each population to identify HLA associations that are either protective or
predisposing with respect to the development of CLL.

To resolve case / control HLA typing ambiguity, we first enumerated a list of all
high resolution 6-locus (A~C~B~DRB3/4/5~DRB1~DQB1) phased genotypes consistent
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with the individual’s DNA-based typing26. Probability mass was then assigned to each
genotype in proportion to population haplotype frequencies calculated from the NMDP
registry71. Under the assumption of Hardy-Weinberg Equilibrium, genotype probabilities
were derived as the product of haplotype frequencies for each possible genotype. At this
point, the HLA information for each individual is contained in the distribution of possible
genotypes. In the context of this imputation using population haplotype frequencies, the
probability distribution at each locus is highly skewed towards a single high resolution
allele pair, given the HLA typing resolution of NMDP samples103,104.

To obtain a fixed genotype for analysis, we took a realization of this probability
mass function to assign a single genotype for each individual. We repeated this
realization to generate five imputed HLA datasets, each containing a single unambiguous
phased HLA genotype per individual. We then applied traditional logistic regression
methods to each of these five imputed HLA datasets and combined the results using
multiple imputation methods designed for statistical inference in the context of
incomplete data105.

HLA Variant Assessments:

Predisposing or protective effects with respect to CLL were identified at: (1) the
individual allele level (A,C,B,DRB3/4/5,DRB1,DQB1 loci); (2) haplotype combinations
of these loci; and (3) genotypes (both specific allele combinations and overall
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heterozygosity and homozygosity). Associations for these groupings were tested at two
levels of HLA typing resolution – allele family and high resolution. All assessments were
conditional on self reported race (i.e. run separately by race/ethnic group).
DRBX*NNNN designates absence of any DRB3/4/5 gene on the chromosome.

We tested KIR ligand categories for HLA-B and HLA-C. HLA-B alleles were
categorized as having either Bw4 and Bw6 epitopes. Bw4 epitopes were further
subdivided by the amino acid at position 80 (e.g. I80 for isoleucine at position 80).
KIR3DL1 binds HLA-Bw4 group alleles but not HLA-Bw6 group alleles106. For HLA-C
alleles, we tested HLA-C1 or HLA-C2 KIR-binding epitopes based on the amino acid at
position 80. KIR2DL2 binds HLA-C1 group alleles, while KIR2DL1 binds HLA-C2
group alleles107.

Statistical Analysis:

The odds ratio (OR) of each HLA variant (listed in assessments) was estimated
using logistic regression for the five imputed HLA datasets; reported ORs were adjusted
for the covariates of age (continuous), gender, and geographical location (4 levels: West,
East, Midwest, and South) using an additive model specification. The model was further
augmented in a secondary analysis to include an interaction term between the covariate of
age and the predisposing/protective effect of interest.
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Statistical inference for model parameters was assessed using a F-test on the test
statistic derived from multiple imputation that accounts for the within-sample and
between-sample variance of the five imputed HLA datasets108. P-values for protective
and predisposing ORs reported throughout the results section were adjusted for multiple
testing using a False Discovery Rate (FDR) method with a FDR threshold of 5%109; pvalues for assessing the significance of the age and gender interaction terms were not
adjusted for multiple testing. 2-tailed p-values less than 0.05 were considered significant.

As a last step towards identifying the correlation structure of protective or
predisposing HLA variants, factor analysis110 was applied to a reduced data set
containing only the significant associations detected during analysis. Each significant
association was coded with an indicator variable (present/absent) for every individual in
the patient data set (controls were excluded). Given that many HLA variants are highly
correlated and, therefore, representative of a single underlying process, factor analysis
was used to determine both the true number of underlying processes and group HLA
variants by these underlying processes.

For all significant groupings, factor analysis loadings were used to determine the
number of groups representing underlying processes and assign HLA variants to these
groups. A scree plot was used to identify the number of active factors (i.e. underlying
processes), whereby a flattening or “knee” in the % variation explained by sequential
loadings was used to determine a cutoff for the number of active factors111. Factors were
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grouped by assignment to their maximum loading, permitting the loading was greater
than 0.2; factors having weaker loadings less than this or negative loadings were assigned
to an independent group.
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Results:

Potential Allo-SCT CLL Cases Are Enriched for Males of Younger Age than
General CLL Population

Cases consisted of 3,616 US Caucasian, 413 African American, and 97 Hispanic
CLL patients. For each population, 50,000 controls were randomly selected from the
NMDP registry. Baseline demographics for cases and controls are shown in Table 6.
Asian/Pacific Islander patients were excluded from this study due to inadequate sample
size (28) and high population substructure. Among Caucasians the median age of cases
was 51 (range 18-76), which is significantly lower than the median age of CLL which is
72 years. The median age of controls was 51 (range 18-60). The US geographic
distributions for cases and controls are also shown and were similar between the groups.
The gender distribution of cases was 74% males, while the controls were 75% males.
This ratio is slightly higher than the rate of 65% males for CLL in the general
population112.

The US Caucasian Population Contains HLA Alleles that are Protective Against
Development of CLL and Others that Confer Increased Risk

In Caucasians, the population with the largest number of cases, we found many
significant HLA associations. Our association study found 28 protective or predisposing
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high resolution alleles for CLL in Caucasians (Figure 9A). 12 alleles were protective
(A*01:01,C*05:01,C*07:01,C*16:01,B*27:05,
DRB1*01:01,DRB1*04:03,DRB1*13:01,DQB1*03:01,DQB1*05:01,DQB1*06:03,DQB
1*06:04) and 16 predisposing
(A*02:01,C*05:01,C*07:01,C*16:02,B*14:01,B*15:01,DRB4*01:01,DRB1*04:01,DRB
1*04:02,DRB1*07:01,DRB1*08:01,DQB1*03:02,DQB1*03:03,DQB1*04:02,DQB1*05
:04). The frequency of each individual HLA allele in controls and cases is indicated, as
are odds ratios (OR) and P-values.

A full listing of significantly associated HLA alleles and haplotypes, grouped
using factor analysis, is in Supplementary Table 8. The most predisposing HLA allele
was DQB1*05:04 (OR=5.62,P=6.59x10-4), while the allele with the greatest protective
effect was DRB1*04:03 (OR=0.67,P=0.043).

We also identify many HLA alleles that had suggestive associations for CLL, but
did not reach statistical significance when false discovery rate was applied to consider
multiple testing (Supplementary Table 9).

Antigen Level Analysis Reveals Additional Associations

Because many HLA alleles are infrequent, some associations can only observed
when alleles are grouped into allele families. These allele families were originally
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derived from serologic antigen groups, with new alleles named based on sequence
similarity with already reported alleles20. While the vast majority of allele family level
associations were highly correlated with other high resolution associations
(Supplementary Table 8), we were able to detect some haplotype associations where no
high resolution variant within the allele family reached significance, for example
A*02~C*03~B*15~DRB4*01~DRB1*04~DQB1*03 in Caucasians (OR=1.35,P=0.025).
Examination of allele family level associations also allows for more direct comparison
with previous reports.

Increased statistical power may be achieved when grouping several lowfrequency alleles that have similar impact on disease. However, some strong high
resolution allelic associations are not detected at the antigen level because of opposing
effects of alleles within the same antigen group, for example DRB1*04 in Caucasians
contains the predisposing alleles DRB1*04:01 (OR=1.15) and DRB1*04:02 (OR=1.63)
but also a protective allele DRB1*04:03 (OR=0.67).

Novel Factor Analysis Groups Correlated Alleles and Associated Haplotypes

We applied factor analysis in an attempt to automatically group the multitude of
significantly-associated HLA alleles and haplotypes that are highly correlated by linkage
disequilibrium. Considering these groupings, we can identify as many as 47 potentiallyindependent associations for CLL in Caucasians, and 6 in African Americans. The
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longest extended haplotype associations within each factor analysis group are listed in
Table 7 with a full listing of allele and haplotype associations grouped by factor analysis
in Supplementary Table 8. For example, the first factor analysis grouping for Caucasians
included 35 different allele and haplotype associations, all contained in the extended
haplotype A*26:01~C*12:03~B*38:01~DRB4*01:01~DRB1*04:02~DQB1*03:02. Each
factor analysis group tends to represent a single haplotype, and the groups often include
some of the constituent associated alleles if those alleles are not frequently found on other
haplotypes.

Linkage disequilibrium between specific HLA alleles is often very high, making it
extremely challenging to distinguish causative HLA alleles from other alleles that are
simply linked on the sample haplotype with the true causative allele. Often there are not
sufficient cases in which one allele is present and another allele is absent to separate the
individual contribution of alleles. Haplotype-level associations were often more extreme
than allele-level, for example A*02:01~B*15:01~DRB1*04:01 had an odds ratio of 1.41,
but A*02:01, B*15:01, and DRB1*04:01 had lower odds ratios of 1.20, 1.26, and 1.15
respectively (Supplementary Table 8).

DRB4*01:01~DRB1*07:01~DQB1*03:03 is a Universally Predisposing Haplotype
For CLL in Caucasians, African Americans, and Hispanics
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We identified a HLA Class II haplotype,
DRB4*01:01~DRB1*07:01~DQB1*03:03 with a strongly predisposing impact in
Caucasians (OR=1.49,P=1.79x10-7), African Americans (OR=28.03,P<2x10-16 at 2-digit
resolution), and Hispanics (OR=13.86,P=9.59x10-9) (Supplementary Table 8). The
frequency of this haplotype is 3.4% in Caucasians, 0.3% in African Americans, and 1.2%
in Hispanics71. The DRB4*01:01 and DQB1*03:03 alleles on this same haplotype were
also found to be predisposing in both Caucasians (OR=1.17,P=3.94x10-5;
OR=1.40,P=1.85x10-7, respectively) and African Americans (OR=1.37,P=0.014;
OR=2.10,P=0.016). (Table 7). 3-locus linkage disequilibrium between these alleles was
high within each population (D’>0.88), indicating high correlation between individual
allelic associations.

Minority Populations Harbor Specific HLA Alleles That Alter CLL Risk

We also found that DRB1*09:01 (OR=2.00,P=2.31x10-4) predisposes African
Americans to the development of CLL (Figure 9B). No DRB1*09:01 association was
identified in Caucasians, but the allele is in near complete linkage disequilibrium
(D’>0.999) with DRB4*01:0171, an allele found to be predisposing in both Caucasian and
African American populations. DRB1*09:01 is at 3% frequency in African Americans,
but only 0.1% frequency in Caucasians, limiting the statistical power to detect
DRB1*09:01 associations across populations.
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C*04:01 was found to be uniquely protective in African Americans (OR=0.72,P=0.025)
(Figure 9B) where the allele is at 21% frequency in controls but only 17.1% of cases71.
Interestingly, B*45:01 (OR=2.98,P =0.015) and C*07:04 (OR=5.60,P =5.71x10-4) were
uniquely predisposing in Hispanics (Supplementary Table 8).

A Haplotype Common in Ashkenazi Jews is Associated with an Increased Risk of
CLL

CLL incidence has been reported to be much higher in Jewish populations than in
neighboring Arab populations113. We identified as predisposing the haplotype
A*26:01~C*12:03~B*38:01~DRB4*01:01~DRB1*04:02~DQB1*03:02
(OR=2.05,P=1.94x10-4) and four predisposing alleles, C*12:03 (OR=1.26,P=4.73x10-4),
DRB4*01:01 (OR=1.17,P=3.94x10-5),DRB1*04:02 (OR=1.19,P=0.033), and
DQB1*03:02 (OR=1.15,P=0.0046) on this haplotype (Supplementary Table 8). This is
the most common haplotype in US Ashkenazi Jews at 6.0% frequency56, indicating that
HLA may play a role in higher incidence of CLL in this population. Interestingly, this
haplotype also contains the DRB4*01:01 allele that is universally predisposing among
studied populations. However, Askhenazi Jews were unable to self-identify to NMDP as
a differentiated subpopulation from Caucasians, limiting our ability to validate this
association.

Several HLA Alleles have Differing Associations by Age and Gender
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Because the median age of patients in this study is significantly lower than that of
the CLL population in general, we stratified at age 50 to determine if age the onset of
CLL was associated with individual HLA alleles. Several alleles were found to have
differing associations by age (Supplementary Table 8). For example, A*23:01 has a
protective association in only the Caucasians under age 50 (OR=0.616,P=0.014).
Stratified odds ratios for variants with age interactions are reported in Supplementary
Table 10.

In addition, because of the well-documented male predominance of CLL, we
sought to determine if gender was associated with any of the specific HLA alleles.
Several alleles were found to have differing associations by gender (Supplementary Table
8). B*27:05 may lead to lower CLL risk in females (OR=0.55,P=0.00056) than in males.
Stratified odds ratios for variants with age interactions are reported in Supplementary
Table 11.

Homozygosity at HLA Class I is Associated with Development of CLL

We found overall homozygousity at all three HLA Class I loci was associated
with increased risk of CLL in Caucasians: HLA-A (OR=1.19,P=1.67x10-4), HLA-B
(OR=1.16,P=0.024), and HLA-C (OR=1.16,P=0.0076) (Table 8). One specific
homozygote genotype, A*02:01+A*02:01 was found to have increased risk in both
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Caucasians (OR=1.26,P=0.0059) and Hispanics (OR=1.84,P=0.041 at 2-digit resolution).
In addition, we found several other specific HLA genotype associations (Supplemental
Table 12).
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Discussion:

In this study we have reconfirmed several HLA associations seen in previous CLL
genetic association studies and identified many others that were previously unobserved
due to low statistical power. The large number of disease cases and donor controls across
multiple populations coupled with high quality classical HLA typing make the NMDP
dataset a powerful source for inference of lower-frequency haplotype and genotype-level
HLA associations with severe CLL for the first time.

GWAS for Caucasians with CLL have previously identified associations with
several SNPs in the HLA region. Because these SNPs are often in high linkage
disequilibrium with specific HLA alleles, using software such as HLA*IMP57 it is
possible to impute HLA alleles from GWAS SNP data. We reconfirm with very high
confidence a A*02:01 association from a GWAS study of 517 CLL cases and additional
replication study specifically typing the associated rs6904029 SNP102, finding close
agreement in odds ratios, with OR=1.32 in the study by Di Bernardo et al. versus 1.20 in
our study. A*02:01 is the most common HLA-A allele in Caucasians, with a frequency of
26.7% in the general population71 and 30.4% in Caucasians with severe CLL.

GWAS using GEC/Interlymph Consortium samples have yielded 6 SNP associations in
the HLA region99–101, but we are unable to compare results because these studies did not
impute HLA alleles from the SNP data. HLA imputation, or more ideally classical HLA
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typing, on the GEC/Interlymph Consortium samples would enable adequate replication of
our study. The GWAS cases included older patients and those with less severe disease
than those included in this study based on data collected from the NMDP for a cohort of
CLL patients who have likely failed prior therapies and were in need of allo-SCT.
Candidate genes involved in apoptosis and hematopoetic cell homeostasis were identified
as conferring increased risk in these GWAS.

Findings from previous CLL association studies utilizing classical HLA typing
are often consistent with our results. The first predisposing HLA association found with
CLL using DNA-based typing was reported by British investigators 40. We reconfirm the
A2~B62~DR4 haplotype reported (OR=4.1) in our data at high resolution as
A*02:01~B*15:01~DRB1*04:01 (OR=1.41,P=0.0049). A predisposing C*16 association
(OR=2.69) in a study of Southeastern Spanish patients114 was also seen in US Caucasians
for C*16:02 (OR=1.83,P=0.0062), however C*16:01 was protective
(OR=0.79,P=0.0098).

Previous reports have suggested that homozygosity of HLA is associated with the
development of CLL115,116 and DLCBL117, which we also report for all HLA Class I loci.
Although consanguinity among cases cannot be formally assessed, it would not account
for the magnitude of this observed risk (OR=1.16 to 1.19).
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The predisposing association for DR53 (DRB4) identified in Caucasians by
Dorak, et al. 40 was also replicated as DRB4*01:01 (OR=1.17,P=3.95x10-5), while the
protective DR52 (DRB3) association was observed on several HLA Class II haplotypes:
DRB3*03:01~DRB1*13:02~DQB1*06:04 (OR=0.82,P=0.039),
DRB3*02:02~DRB1*13:01~DQB1*06:03 (OR=0.79,P=0.0068), and
DRB3*02~DRB1*11~DQB1*03 (OR=0.89,P=0.04). However, a predisposing DRB3containing haplotype, DRB3*02~DRB1*11~DQB1*06 (OR=8.14,P=2.68x10-8) was also
observed. The DRB4 locus was also found on multiple predisposing haplotypes
containing alleles in the DRB1*04, DRB1*07, and DRB1*09 allele families. However,
among studied populations DRB1*09 was only frequent enough in African Americans to
detect a predisposing effect for that the DRB4*01:01~DRB1*09:01 haplotype. Looking
across populations, we observed a universal association for the
DRB4*01:01~DRB1*07:01~DQB1*03:03 haplotype in Caucasians, Hispanics, and
African Americans. Concordance in associations across these populations suggests
similar disease etiology in all ethnic groups studied.

The novel application of factor analysis to this HLA association study gives an
automated determination of the number of unique HLA haplotypes associated with CLL.
Allele-level odds ratios were often less extreme than haplotype level effects, which may
either result from additive effects of odds ratios from individual constituent alleles, or it
may be that certain alleles are also in linkage disequilibrium with alleles on other loci that
have opposing impact on disease risk. The factor analysis groupings suggest that many
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HLA allele associations are best described in the context of their membership within a
constellation of specific haplotypes rather than as independent findings. Our hybrid
approach combining the advantages of both high resolution allele and antigen level
associations with factor analysis allowed us to avoid any disadvantages that could result
from choosing to analyze at any particular level of resolution over another.

Alleles that more avidly bind a wider range of peptides may protect from
infectious diseases and cancers while predisposing for development of autoimmune
diseases. We identified the B*27:05 allele as the second most protective allele for CLL
(OR=0.77). B*27:05 has been found to be predisposing for ankylosing spondylitis118
while protective for HIV progression to AIDS119, and now for CLL.

Dorak et al. reported that the A1~B8~DR3 haplotype was identified as trending
towards significantly protective40, which was confirmed in our study as
A*01:01~C*07:01~B*08:01~DRB1*03:01~DQB1*02:01 (OR=0.83,P=0.021). However,
a recent CLL association result from MD Anderson indicated that the A1~C7~B8
haplotype was predisposing for CLL115. We note the MD Anderson dataset included only
patients that proceeded to allogeneic transplant, which likely biases cases towards more
common HLA alleles, while the NMDP dataset included patients that did not identify a
matched donor and/or did not proceed to transplant.
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Differences in CLL incidence may also be caused by allelic differences in
downregulation of HLA expression. Maintenance of HLA-Bw4 allelic expression is
beneficial for leukemic cells because these HLA alleles provide an inhibitory signal to
natural killer (NK) cells via the KIR3DL1 ligand120. In CLL, HLA alleles in the Bw4
group are selectively downregulated less often than Bw6 alleles, protecting leukemic
cells from NK-mediated lysis and increasing presentation of CLL-specific peptides to
cytotoxic T-lymphocytes121. We found Bw4 to be protective with threonine at position 80
(OR=0.88,P=0.0013). In ovarian cancer, downregulation of A*02 has been associated
with poor prognosis122. Together, these observations suggest that immune evasion by
HLA downregulation may be a mechanism by which specific HLA alleles confer an
increased risk.

Incidence of CLL varies widely among world populations, occurring at higher
rates in Caucasians and least often in populations of the Far East123. For Hispanic and
Asian populations, far fewer cases were available in the NMDP dataset than would be
expected by overall patient population proportions, consistent with observations that CLL
is seen at much lower incidence compared to Caucasians. Due to low sample sizes there
has been no assessment of the role of HLA in the development of CLL among world
populations, therefore global CLL sample collection efforts and studies are necessary.
Combining whole exome sequencing and HLA peptide binding analysis is a promising
approach to identify interactions between potentially-differing population frequencies of
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CLL-specific somatic mutations and presentation of resulting tumor neoantigens by HLA
alleles which are already known to differ in frequency across populations124.

With an incidence rate ratio of 0.73, CLL is less common in African Americans
compared U.S. Caucasian population that has an incidence ratio of 1.89125,126. In a recent
review of the clinical course of African Americans with CLL, investigators from MD
Anderson Cancer Center and Duke University Medical Center reported that African
Americans tend to have more unfavorable clinical and biologic characteristics, an earlier
need of treatment, fewer remissions and inferior overall survival compared with non–
black patients127.

Despite a lower overall incidence of CLL in African Americans, the somewhat
more aggressive clinical course suggests that these differences may not be accountable
strictly by differences in socio-economic status. We report for the first time that the HLA
alleles predisposing to the development of CLL in African Americans are different than
those for Caucasians and this may have implications for mechanism of evasion of
immune surveillance that normally functions to suppress burgeoning malignancies. The
predisposing DRB4*01:01 is less common in African Americans (18.2% allele
frequency) than Caucasians (29.7%), which may explain some of the difference in
incidence. In addition, C*04:01 is uniquely protective in African Americans and found at
the relatively high frequency (21%) in this population.
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In conclusion, we report the largest HLA association study of CLL to date. We
find several HLA alleles that predispose to the development of severe disease in
Caucasians and African Americans as well as others that are protective. Future studies are
needed to confirm these HLA associations among unselected cases that would include
those with less severe CLL and patients unfit for allo-SCT due to advanced age.
Additional controls over age 60 could improve adjustment for age. Correlation of HLA
alleles with cancer cytogenetics that were unavailable in this dataset could reveal
prognostic indicators for progression of CLL to more severe disease128,129.

While knowledge of HLA associations in cancer does not immediately suggest
clinical intervention, these findings may direct further study of the role of the adaptive
immune response in against CLL including both allogeneic stem cell transplantation and
adoptive immunotherapy through use of chimeric antigen receptor (CAR) T-cells130.
Identifying which proteins are mutated or differentially expressed in CLL cells and which
endogenous peptides derived from these cancer-related proteins are presented to T-cells
by different HLA alleles124,131 is an important step in identification of specific peptideHLA complexes that could be targeted for personalized immunotherapy132.
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Figures and Tables:

Table 6. CLL Case and Control Demographics
* When patient home zip code was not available, the transplant zip code was substituted.
The US is split into 4 geographical regions based on the first digit of the zip code (0,1 =
East; 2,3,7 = South; 4,5,6 = Midwest; 8,9 = West).
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Table 7. Extended HLA Haplotype Associations from Factor Analysis
The longest extended haplotype association for each factor analysis group is listed. When
multiple haplotypes had the same number of loci within the same factor analysis group,
the most significant association is provided. When no haplotypes were contained in a
factor analysis group, the most significant allelic association is provided. Lower 95% CI
and Upper 95% CI indicate the odds ratios for the 95% confidence interval. FDR P-value
is the significance after false discovery rate (FDR) correction for multiple testing. A
complete listing of allele and haplotype associations for each factor analysis group with
additional information on uncorrected P-values, case frequencies, and interactions for
age, geography, and gender is provided in Supplementary Table 8.
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Table 7A: Extended HLA Haplotype Associations from Factor Analysis for Whites
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Table 7B: Extended HLA Haplotype Associations from Factor Analysis for African
Americans

Table 7C: Extended HLA Haplotype Associations from Factor Analysis for
Hispanics
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Table 8. Locus-Level HLA Associations for Overall Heterozygosity and
Homozygosity in Caucasians.
“HOMO” indicates associations for all homozygous genotypes at each locus, and
“HETERO” for all heterozygous genotypes. Lower 95% CI and Upper 95% CI indicate
the odds ratios for the 95% confidence interval.
Variant

Odds Ratio

Lower 95% CI

Upper 95% CI

P

A*HOMO

1.19

1.07

1.33

0.00016

A*HETERO

0.84

0.76

0.92

0.00016

C*HOMO

1.16

1.02

1.31

0.0077

C*HETERO

0.86

0.77

0.96

0.0077

B*HOMO

1.16

1.02

1.32

0.024

B*HETERO

0.86

0.74

1.00

0.024
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Figures:
Figure 9. Odds Ratio Plot for Significant HLA Allelic Associations
Protective alleles are indicated in blue, and predisposing alleles in red for the (A)
Caucasian population and the (B) African American population. Alleles are organized in
genomic order scanning across HLA loci in the MHC region of chromosome 6. Odds
ratios are indicated by a black dot with a 95% FDR-adjusted confidence interval. Pvalues are indicated above the 95% confidence interval for each allele. Allele frequencies
in cases and controls are provided.
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Chapter 5. Future Research Directions and Conclusion

HLA Haplotype Frequencies:

The following subsection describes future research directions that would build on
the published HLA haplotype frequency study included as Chapter 2.

Genomic-Level

While the HLA haplotype frequencies described in Chapter 2 are defined at the
amino acid level133, HLA typing information on the nucleotide sequences that are
translated into those amino acids are often collected by the NMDP registry. Refined
haplotype frequency estimates at the third field of HLA nomenclature, which
distinguishes alleles with differing synonymous coding substitutions but identical amino
acid sequences, could improve high resolution matching predictions. Because of
inconsistency in laboratory reporting of HLA typing, alleles with differing nucleotide
sequence but the same the amino acid sequence were combined together for study
(B*52:01:01 and B*52:01:02 become B*52:01). However, common linkages between
HLA alleles are known to differ depending on the nucleotide sequence. For
example B*52:01:01 is in high linkage disequilibrium with C*12:02:02 in Asian
populations while the B*52:01:02 allele is in high linkage disequilibrium with C*16:01 in
African populations. Genomic-level haplotype frequencies have been calculated using the
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same algorithm pipeline I developed but have not yet been validated for their utility in
improving match predictions.

Additional HLA Loci (DQA1, DPA1, DPB1)

Recent outcomes studies suggest HLA matching at the HLA-DP locus at the Tcell epitope level improves HSCT outcome134–136. Because loci beyond HLAA,C,B,DRB1,DQB1 were not considered important for matching until these studies
confirmed the role of HLA-DP, there is a relative lack of registry HLA typing data at
DPA1 and DPB1. While two-locus DPA1~DPB1 haplotype frequencies have been
published on a limited cohort of whites58, extended 9-locus
A~C~B~DRB3/4/5~DRB1~DQA1~DQB1~DPA1~DPB1 HLA haplotype frequencies
that include HLA-DP are not available. HLA-DQA1 and -DQB1 form the HLA-DQ
heterodimer as HLA-DPA1 and -DPB1 form the HLA-DP heterodimer. 9-locus
haplotype frequencies would enable prediction of DQA1, DPA1, and DPB1 alleles when
those loci are not typed. However, there is a recombination hotspot between the HLA-DQ
and HLA-DP loci that may limit the predictive capability when HLA-DP is untyped15.
The same pipeline described in Chapter 2 that calculated 6-locus frequencies133 has been
extended to calculate 9-locus frequencies, however more typing data on these additional
loci are needed for the frequencies to be suitable for operational use in registry matching
algorithm. Directed HLA-DQ and HLA-DP typing projects on additional donors may be
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necessary, or the longer term option would be to wait for comprehensive next-generation
sequencing to bring HLA typing costs low enough to type all these loci at recruitment.

Next Generation Sequencing

Next generation sequencing has recently begun transforming HLA typing by
providing clonal reads of entire HLA exons, resulting in less HLA typing ambiguity than
previous Sanger-based sequencing methods8,137. Currently many laboratories that perform
next-generation sequencing are amplifying only the exons that make up the antigen
recognition site (ARS). However, full gene amplification will allow for further discovery
of HLA polymorphisms outside of the ARS, in introns and even promoter regions
surrounding the gene. Sequencing of these additional regions of the HLA gene will result
in an explosion of newly-described HLA alleles. Some technologies with extremely long
reads, such as those provided by the Pacific Biosciences platform, may be able to
experimentally determine haplotypes across HLA genes. Existing bioinformatics
approaches for haplotype frequency estimation may need to be modified to incorporate
phase-known HLA haplotype data to improve haplotype frequency estimates. 4th-field
HLA haplotype frequencies that distinguish noncoding variants may prove useful because
of differing linkage among the allele subtypes, as similarly described in the GenomicLevel subsection.

Non-HLA MHC Polymorphisms
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Non-HLA immune gene polymorphisms in the Major Histocompatibility
Complex (MHC) have been discovered that may also impact transplant outcome138.
However, many of the MHC polymorphisms identified are in high linkage disequilibrium
with specific HLA alleles, and the exact causative variants are often unknown. The MHC
is a relatively gene-dense region that includes many other immune genes such as TNFalpha and MICA/MICB. Complete next-generation sequencing of the MHC or SNP finemapping studies could identify and validate additional polymorphisms. Disease
association studies could benefit from haplotype linkage maps between HLA and nearby
SNPs139. Adapting the EM algorithm to incorporate and phase blocks of SNP data along
with HLA alleles to create HLA+SNP haplotype frequencies would provide valuable
reference data for MHC association studies.

Global Haplotype Frequencies

Using the same EM algorithm as described in Chapter 2, high-resolution
haplotype frequencies could be calculated for every population in Bone Marrow Donors
Worldwide (BMDW), the global "registry of registries" 2. Though the course of several
population genetics studies we have conducted, we have identified some useful factors
that lead to the development of human population structure (e.g race / ethnicity /
geography / country-of-origin / language / religion) that should be collected on donors in
a systematic way56. The US collects data only on race/ethnicity and geography and only
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uses race/ethnicity for calculating haplotype frequencies, but this can be improved with a
revised donor recruitment questionnaire. Not all populations have complete HLA typing
reported to BMDW, but we have preliminary data that shows linkage information from
neighboring populations can fill in some of the gaps. I am involved in an international
Registry Diversity project collaboration that aims to provide HLA haplotype frequencies
on global populations to the registry and immunogenetic research community140.

Registry Models

The following subsection describes future research directions that would build on
the published HLA match likelihood study included as Chapter 3.

Multi-Race Matching

While Chapter 3 describes HLA match likelihoods for patients in 21 US
race/ethnic populations141, an increasing proportion of individuals in the United States
have ancestors from multiple different world populations142. These individuals often
select multiple race/ethnic categories on NMDP donor recruitment forms. In order to
accurately model HLA match rates for these multi-race populations, population genetic
models would need to select one haplotype from one population haplotype frequency
distribution and another haplotype from other another population haplotype frequency
distribution. A race/ethnic classifier would be required to predict the race/ethnic origin of
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each HLA haplotype to estimate the number of individuals in each category. While many
individuals select three or more race/ethnic categories, each individual only has two HLA
haplotypes, and using a classifier we can assign each haplotype to a single population
origin. The entire US registry can have the race/ethnicity inferred using a Bayesian
classifier from their reported HLA typing using the race/ethnic categories selected as
priors. A first pass at a model that estimates HLA match likelihoods for multi-race
individuals was generated and reported to the Health Resources and Services
Administration (HRSA) in summer 2014. Figure 10 shows HLA match likelihoods for
25 multi-race patient populations, indicating that many US multi-race populations have
lower match likelihoods relative to single-race populations.

Increased HSCT Matching Stringencies

The CIBMTR donor-recipient pair project stores biological samples from
transplant pairs in a repository for retrospective interrogation of new genetic markers
involved in outcome of HSCT. Based on a series of studies from genetic typing of these
transplant pairs, over time there has been an expansion in the number of HLA loci
considered important for histocompatibility and improved transplant outcome24.

Recent research indicates that killer cell immunoglobulin-like receptor (KIR)
genes may play a role in HSCT outcome136,143. KIR proteins are ligands for HLA and
play a role in the innate immune system, while HLA is involved in the adaptive immune
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system. KIR genes are located on chromosome 19 rather than chromosome 6 where HLA
in located, therefore KIR haplotypes would be sampled independently from HLA for
HLA+KIR matching models. While some KIR haplotype frequency data is available144,
improved KIR population haplotype data on larger and more diverse samples would be
required to sufficiently model population match likelihoods for the scale of number of
donors in stem cell registries.

Adjusting for Population Substructure

While the population genetic models developed for Chapter 3 assume HardyWeinberg equilibrium, we have observed not all populations are in Hardy-Weinberg
equilibrium, which can cause error in registry match likelihood estimates. For example,
genetic markers have shown measurable population substructure in Europe145,146, but for
our matching models we have grouped all Europeans into a single race/ethnic category.
While NMDP’s data on population specificity is limited by the current recruitment form
and accuracy of donor ethnic self-identification, genetic ancestry could augment the
available information. One possible avenue would be to measure the levels of population
substructure using ancestry informative markers from GWAS147 and adjust for
substructure in the model. While subsequent cross-validation indicates that the estimated
match likelihoods in Chapter 3 were quite accurate148, some of the error in match
predictions could be corrected if the level of population substructure was known.
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HLA-Biased Cord Depletion

Few cord blood units (CBUs) have sufficient total nucleated cells (TNC) to
provide a suitable therapeutic dose for most adults. Further, because larger cell doses lead
to better outcomes, generally the largest (highest TNC) best-matched CBU will be
selected for any given patient. Consequently, the utilization of CBUs is skewed towards
the largest units, resulting in high contention for these desirable CBUs. We have
observed that cords with common HLA are removed from inventory first while cords
with rare HLA remain on the registry. HLA-biased depletion of cord inventory would
result in models that overestimate match rates in real CBU registries because the models
assume the same HLA distribution is the same regardless of the TNC of CBUs. Our
models could improve by measuring the amount of frequency bias in the larger units and
correct for it. Because larger CBUs with more common HLA phenotypes are likely
selected and infused soon after they are listed, these CBUs may be more valuable than
previously realized relative to CBUs with rare HLA.

Efficient Recruitment Allocation Modeling

The data from Chapter 3 showed that HLA match likelihoods have increased at a
far slower rate than new recruitment, indicating diminishing returns on the benefit of
recruitment. A preliminary recruitment allocation analysis has been conducted to inform
data-driven decision making on how to most efficiently allocate the limited budget
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available for adult donor and CBU recruitment in the registry. Processing, storage, and
regulatory costs for CBUs result in higher expenses per unit for cord blood recruitment
than per adult donor, but this cost is offset by benefits of immediate and guaranteed
availability for CBUs along with current clinical practice allowing for more relaxed HLA
match stringency for cord blood transplants. The cost per additional transplant can be
estimated for adult donor recruitment versus CBU recruitment as well as for recruitment
among US donor populations. The current rate of increase in the recruitment cost per
additional transplant can also be measured to get the shape of the curve of diminishing
returns. The results from our recruitment allocation model suggest that growing the
inventory of CBUs may provide more benefit to patients per dollar spent than growing
the adult donor inventory. Initial results of this recruitment allocation model were
reported to HRSA in summer 2014.

Global Registry Models

Approximately 50% of the transplants facilitated by NMDP / Be The Match
involved a donor from one country and a recipient from another country, therefore HSCT
is a global business and proper measurement of a patient’s matching prospects should
require modeling all registries in Bone Marrow Donors Worldwide (BMDW) in a similar
manner that the US registry was modeled. Global haplotype frequencies, described in a
previous section, could accurately model HLA match likelihoods consider this
international search a natural extension with similar methods. We expect that the optimal
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strategy for recruitment to gain market share for donor procurement may differ depending
on the population makeup of the country. There is a debate on how registries should
support matching for minority immigrant populations or focus on supporting their
majority population and rely on donors outside of the country to meet the need. It is
currently unclear for a given patient population if it is more effective to recruit within the
country or in the location of population origin.

HLA Disease Association

The following subsection describes future research directions that would build on the
published HLA disease association study for CLL included as Chapter 4.

HLA Imputation from GWAS

Many genome-wide association studies (GWAS) published to date have identified
SNPs associated with disease in the MHC region near HLA genes31. However, HLA
genes cannot be effectively assayed using SNP typing, so the specific HLA alleles
involved are not often reported. Using datasets where MHC SNPs and classical HLA
have been typed on large numbers of individuals in diverse populations, algorithms to
impute HLA alleles from SNPs have been developed57,149,150. We have applied one these
algorithms, HIBAG150, to GWAS SNP datasets downloaded from dbGaP to demonstrate
this additional entry point into our disease association pipeline as a proof of concept. We
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believe that our disease association pipeline handles HLA typing ambiguity and linkage
disequilibrium in a novel effective way. Many archived GWAS datasets where MHC
SNP associations were not fine-mapped could be reanalyzed using our methods to refine
the disease associations for specific HLA alleles and haplotypes.

Amino Acid Motifs

HLA disease association involving single amino acid variants and amino acid
motifs consisting of multiple amino acids can be tested by examining HLA sequences
and grouping alleles that are identical at these amino acid positions. These tested HLA
categories need not conform to antigen groups or allele families defined by current HLA
nomenclature7. The Sequence Feature Variant Type (SFVT) database gives
structural/functional annotation for sets of amino acids that comprise the HLA protein151.
Grouping sets of HLA alleles with the same amino acid motifs allows for different groups
of HLA alleles to be tested and may identify important parts of the HLA protein involved
in pathogenesis. We have implemented amino acid and SFVT analysis in our disease
association pipeline. Factor analysis proved to be a powerful tool for determining if the
amino acid and SFVT associations were correlated with other HLA allele associations. In
the case of CLL, there were no uncorrelated amino acid or SFVT associations, therefore
this aspect of our analysis was left out of Chapter 4 for the sake of simplification152.
Table 9 depicts an example factor analysis group where all associations for single amino
acids and SFVTs were correlated with a particular allelic association (A*02:01). While
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no uncorrelated SFVT associations have been found for the hematologic diseases we
have examined so far, we expect that in future association studies we will eventually find
that SFVT analysis provides novel associations.

KIR

Because the KIR proteins that play a role in the innate immune system interact
directly with HLA proteins, there may be differing disease risk for certain combinations
of KIR and HLA variants. When HLA is downregulated in some cancers and by viruses,
KIR can detect its missing HLA ligand, giving the immune system another mechanism to
detect aberrant cells153,154. A significant amount of copy number variation exists in KIR
genes155, so it is important to know if the relevant KIR gene is present to detect the
missing HLA ligand. The CLL disease association study described in Chapter 4 found
associations for KIR ligand categories of HLA alleles, however the KIR genes were not
genotyped in these samples and interactions between the HLA and KIR genotype
combination and disease could not be tested152. Several other disease association studies
where both KIR and HLA were typed have found interactions between the two systems in
preeclampsia156, HIV157–159, as well as outcome of HSCT143,160. Hence we expect that
certain KIR-HLA combinations would have stronger disease associations than KIR
ligand categories of HLA alleles alone. When allele-level genotyping for KIR becomes
more common144, expansion of the sequence feature variant type (SFVT) database to
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annotate the KIR protein structure/function could provide additional insights beyond that
obtained from gene copy number variants.

Pharmacogenomics

Several small molecule drugs including abacavir161, carbamazepine162, and
allopurinol163 are known to be toxic to humans who have specific HLA alleles. One
known mechanism for toxicity involves the drug docking in the HLA binding groove and
altering the presentation of self peptides by HLA to the T-cell receptor, causing a severe
autoimmune reaction161. Because of high HLA polymorphism, there are likely to be HLA
associations with more drugs than currently known. Specifically the drug
chloramphenicol has a long-known side effect of causing severe aplastic anemia
(SAA)164, another hematologic disease for which we have preliminary results with highly
significant associations for several predisposing HLA alleles. This life-threatening side
effect of chloramphenicol cannot currently be predicted. Safety concerns have resulted in
the chloramphenicol falling into disuse except for treatment of difficult bacterial
infections such as methicillin-resistant Staphylococcus aureus (MRSA)165. Current SAA
association results would constitute the average of the HLA variation for all individuals
who may have developed the disease, but we expect odds ratios would become more
extreme when stratified by environmental exposure. Odds ratios for individuals who were
exposed to a specific environmental agent will be much higher than in the general disease
population. While we lack clinical data on drug exposure, the HLA associations we found
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may allow future studies to tie specific drugs to the specific HLA alleles associated with
development of SAA. HLA genotyping of HIV patients is now required before abacavir
is to be administered, and we expect continued expansion of HLA pharmacogenomics
will allow drugs such as chloramphenicol to gain a second life.

Homology modeling would be required to create models of HLA alleles that have
not been crystallized, though the main structural differences seem to be in side chains
rather than secondary structure. For example, Figure 11 depicts side chain differences
that may be involved in differences in drug binding in the HLA binding groove among
DRB1*15 alleles associated with severe aplastic anemia. In-silico Molecular docking
experiments could rapidly test candidate small molecules that could dock in the HLA
binding groove and identify the important features that are required for binding.

Cancer Heterogeneity

Studies of whole genome sequencing of tumor cells at the population level, as has
been done with the Cancer Genome Atlas, have shown that there is significant genetic
heterogeneity within the commonly-defined cancer categories such as CLL166. Multiple
different oncogenes and pathways can lead to similar clinical cancer phenotypes,
requiring pharmacogenomics rather than broad clinical phenotyping to select the best
treatment. Herceptin is a good example of a cancer drug that only responds to a subset of
cancers, those that are Her2-positive167. Interactions between specific oncogene
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mutations found in hematologic disease subtypes and HLA alleles would lead to stronger
associations that have been detected so far. The heterogeneity of cancer averages out
what would be more extreme odds ratios than we’d expect to see if whole genome
sequencing data enabled stratification by clustered genetic profiles of cancers.

Immune Surveillance and Autoimmunity

As the burden of infectious disease has lessened in Western countries, rates of
autoimmunity have increased, leading to the hygiene hypothesis for the development of
autoimmune diseases168. With HLA association results from additional diseases, trends
for specific HLA alleles across diseases may be uncovered by metaanalysis. Some HLA
alleles that are more protective against cancer and infectious disease may predispose to
autoimmunity169. We found that B*27:05 was protective for CLL, but this allele has also
been linked to the autoimmune disease ankylosing spondylitis118. Likewise HLA-C
alleles with higher levels of expression are correlated both with better control of HIV170
and with higher incidence of GvHD after HSCT171. The specific peptides involved must
be identified to provide a mechanism for each of the autoimmune and immune
surveillance reactions. While much progress has been made in identifying peptides
presented by HLA from viruses such as West Nile Virus172 and HIV173 that result in
induction of an immune response, less work has been done with identifying peptides that
trigger autoimmune reaction or allow the immune system to identify cancerous cells.
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Peptide Modeling

HLA proteins function by presenting foreign and self peptides to T cell receptors.
Large databases such as the Immune Epitope Database (IEDB) list peptides that have
been experimentally eluted from HLA molecules174. Neural-network based algorithms
trained on data from IEDB attempt to predict the repertoire of peptides that can be
presented by each HLA allele175,176. Examination of peptides derived from infectious
agents or tumors allows for HLA genetics involved in disease development to be tied
more directly with the primary function of HLA proteins. Accurate peptide prediction
may allow for elucidation of mechanisms of immune surveillance and identify which
tumor neoantigens escape detection by avoiding presentation by HLA120,124.

One complication is that it is currently extremely difficult to determine which of
the presented peptides are immunogenic because the T cell repertoire among individuals
is extremely large and variable in structure and peptide immunogenicity is not correlated
with the level of expression177. The number of possible T-cell receptor + peptide + HLA
allele combinations that make up the immune synapse among humans is astronomical,
and though some crystal structures178 and molecular dynamics models4,179,180 exist,
structural / functional interactions between these three components is not well
understood. Large scale T-cell receptor sequencing combined with HLA allele and
peptide sequencing is needed.
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Personalized Cancer Vaccines

Protective features of HLA may be enhanced by selection of immunogenic
peptides for certain cancer subtypes for incorporation into vaccines. Depending on the
level of cancer heterogeneity and overlap in peptide binding repertoires across HLA
alleles, cancer vaccine design may need to be fairly personalized to the specific cancer
genome181. A study by Rajasagi found 10 strong peptide binders to HLA and 12
intermediate to weak peptide binders per CLL case and even more with cancers with
higher mutation rates such as melanoma124. AML was on the lower end of number of
mutations per sample, even lower than CLL. Most T-cells reacting to melanoma are
targeting neoantigens rather than differentially expressed proteins182, which is likely to be
true for other cancers as well. Targeting of neoantigens is attractive because of reduced
risk of autoimmunity compared to targets that are expressed in normal human cells.

Chimeric Antigen Receptors

Chimeric antigen receptors (CARs), consisting of a monoclonal antibody
combined with an intracellular domain of a T-cell receptor, have been developed for
cancer therapy against several cancer-specific cell surface targets such as CD19183. CARs
could also be developed that are targeted towards specific peptide-HLA complexes.
While endogenous proteins may not be easily detected by antibodies because they are not
on the cell surface, HLA would enable sampling endogenous proteins and display them
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on the cell surface. Protective HLA associations for cancer may lead us to which peptideHLA complexes are the best targets for development of CARs. High throughput methods
to streamline the development and reduce costs this therapy are still needed, including
improved testing for cross-reactivity of CARs across cell types184.
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Conclusion:

The immunogenetic research described in this thesis has already had broad impact on
National Marrow Donor Program (NMDP) operations. In Chapter 2 I described how a
database of high-resolution HLA haplotype frequencies has been created for many US
populations, and applied operationally to rapidly identify suitably-matched donors in the
Be The Match Registry. As described in Chapter 3, we now have the capability to
accurately calculate the patient match rates for populations served by NMDP. Fin
Chapter 4 I describe a study where reference population frequencies were applied in
tandem with patient records to refine associated HLA variants for a hematologic disease
treated by HSCT. Finally a described in Chapter 5, these three research areas can be
extended and refined in many ways, enabling additional discoveries that can have an
impact in the areas of stem cell transplantation and immune-mediated diseases for many
years to come. We ultimately we hope to uncover new strategies for developing HLAspecific pharmacogenomic therapies customized for the genetics of the individual.
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Figures and Tables:

Figure 10. Match likelihoods for multi race adult patients in 25 populations using a
"9/10 or better adult donor, then cord" search strategy, considering current adult
donor availability and requiring a minimum cord blood TNC dose of 3.0 x 107/kg .

Figure 11. 3D model of HLA-peptide complex for DRB1*15:01 (associated with
increased risk of SAA), depicting where on the HLA protein the polymorphism
between DRB1*15:02 (not associated with SAA) occurs.
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Table 9. Example Factor Analysis Group combining Single Amino Acid
Polymorphisms (SAP), Sequence Feature Variant Type (SFVT), and HLA
Allele Associations with CLL.
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