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One of the fundamental problems in nature is to assemble small blocks into known patterns,
using a large reference set of known patterns. The complexity of the problem is at least an order
of magnitude higher if the reference set is not fully known.

Genotyping germline genes involves assembling sequencing reads into known sequences
of genes known as alleles and determining their number of copies in the genomes of individu-
als. The first part of the thesis presents methods to genotype complex and highly polymorphic
germline loci. First, we present ImnmunoTyper-SR, an algorithmic approach to genotype and an-
alyze copy numbers of the germline immunoglobulin and T cell receptor genes using Illumina
whole genome sequencing (WGS) data. ImmunoTyper-SR is based on a novel combinatorial
optimization formulation that aims to minimize the total edit distance between reads and their

assigned IGH alleles from a given database, with constraints on the number and distribution of



reads across each called allele. We also present Aldy 4, a fast and highly accurate combinatorial
optimization method, to genotype a large set of genes responsible for drug metabolism.

The second part of the dissertation focuses on inferring and interpreting data originating
from evolutionary processes in somatic cells. DNA methylation is the biological process by
which methyl groups are added to certain nucleotides in the DNA that dictate the activity of
genes. We present Qombucha, a method for deconvolving bulk DNA methylation data from
patient samples into constituent proportions of known cell types. Since the reference cell profiles
are only partially known, we also simultaneously fill in the gaps in the methylation values of the
representatives of the cell types.

Finally, we present a work in progress of the analysis of phylogenetic evolution of B cell
receptor sequences. When the innate immune system fails to destroy pathogenic invaders, various
immunoglobulin genes combine to form naive B cell receptors and rapidly accumulate mutations
to greatly increase the binding affinity of the antibodies. We survey the existing literature and
describe currently available computational tools, their assumptions and limitations and propose
various novel combinatorial optimization formulations to solve distinct variants of the B cell

receptor phylogeny inference problem.
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Chapter 1: Introduction

Over several billions of years, life on earth evolved from single-cell organisms to mul-
ticellular organisms, including vertebrates such as humans. A part of this evolution includes
development of robust immune systems that not only fight against invading pathogens but also
regulate cells within the organism by inducing apoptosis (programmed cell death) [3].

The mammalian immune system protects the organism from abundant infectious microbes
(high sensitivity), while avoiding responses that produce excessive damage of host’s tissues (high
specificity) [4]. The immune system is complex and is divided in two categories: (i) the innate
(or nonspecific) immunity, which consists of the activation and participation of preexistent mech-
anisms; and (ii) the adaptive (or specific) immunity, which is targeted against a previously rec-
ognized specific microorganism or pathogen. Thus, when a given pathogen is new to the host,
it is initially recognized by the innate immune system and then the adaptive immune response
is activated. The former acts very fast (minutes to hours) while the latter takes longer to evolve
providing a more effective long-term response (within days to weeks) [3]. Our research pro-
posal focuses mostly on the adaptive immune system, specific to humans. We explore interesting

problems in this space and offers novel algorithmic techniques to solve them.



1.1 The Adaptive Immune System

Adaptive immunity is the product of a subset of white blood cells known as lymphocytes.
Lymphocytes are divided into two kinds: B cells and T cells. These cells, along with their
receptors—B cell receptors and T cell receptors, respectively—form the major component of the
adaptive immune system. This immune system exists to provide immunity against numerous
specific antigens, the protein molecules that elicit an adaptive immune response. All pathogenic
microbes such as viruses and bacteria have an antigen subpart. There are also self-antigens—
antigens produced by host cells—which help shape the immune repertoire [5]. Self-antigens
exist to make sure immune responses do not target the host itself.

The adaptive or acquired immune system has three major functions [6]:
1. Recognize non-self antigens (negatively select for responses that affect host’s self-antigens).

2. Generate efficient and responses specific to recognized antigens by creating and releasing

antibodies that bind well to the antigen.

3. Maintain immunological memory. When the immune system encounters a known antigen,

the response would be speedier and more effective.

Broadly speaking, the main function of B cells is to produce protein complexes called
immunoglobulins, B cell receptors (BCRs) or antibodies' that are used to identify antigens [4].
Once trained against specific antigens, a lot of the trained B cells and the corresponding anti-

bodies proliferate, giving rise to the BCR/antibody repertoire. Human antibody repertoires are

'Some authors use the term “antibodies” only for immunoglobulins that circulate freely in the bloodstream; we
make no such distinction.



capable of recognizing more than 5 x 103 different antigens [5]. T cells perform various im-
portant immune-related functions such as: helping B cells produce antibodies, control T cell
population to prevent attacks against host tissue, and most importantly, destroy cells presenting
antigens on their surface (such as virus-infected cells) [7].

Chapters 2 and 5 in this manuscript detail problems from two areas of the adaptive immune
system, specifically, B cells and their receptors: (i) inferring the germline sequence composition
of the immunoglobulin locus of the human genome from short-read sequencing data, and (i1)
characterizing the evolutionary process underlying the BCR repertoire formation. The germline

is the set of traits passed down to a child from their biological parents.

1.2 Pharmacogenes

Pharmacogenes are the set of genes that determine how fast or slow an individual responds
to drugs [8]. For instance, the genotype of the gene CYP2D6 is known to impact up to 25% of
clinically prescribed drugs [9]. Chapter 3 details a robust method on genotyping a representative

(but not exhaustive) set of pharmacogenes, using both short-read and long-read sequencing data.

1.3 DNA methylation

Chapter 4 explores a unique problem in deconvolution of a mixture of contributions from
various cells into its constituent cell types. Methyl groups when added to certain nucleotides in
the genome are known to enhance or suppress the activity of genes, in a process called DNA
methylation. We explore the problem of inferring the contributions of methylation values of

certain known cell types to the overall methylation features obtained from bulk data. Since the



reference methylation values are not fully known for each cell type, we also simultaneously infer

the unknown values, in a block coordinate descent-like approach.



Chapter 2:  Germline Genotyping of Adaptive Immune System Genes

The following section gives necessary information for the problem to be defined in subse-

quent sections.

2.1 Genes and Alleles: A Primer

The human genome consists of all genetic information for the organism and is present in
its every living cell. It is made up of nucleotide sequences of DNA, whose combined length is
around 3 billion, from the DNA alphabet, { A, C, G, T'}, and is presented in 23 chromosome pairs
in the cell nuclei.

When originally introduced, a “gene” was defined as a simple unit of heredity, an inher-
itable factor responsible for a physical trait [10]. The definition of the gene has evolved over
the years to include additional details as the field of molecular biology matured. The updated
definition of the gene proposed by Gerstein et al. [11] includes genomic sequences encoding all
functional products (RNA and proteins), and a coherent union of overlapping genomic regions
coding for overlapping functional products. A concise definition for the gene is given as “a union
of genomic sequences encoding a coherent set of potentially overlapping functional products”.
Regulatory elements such as the promoter, enhancer, and insulator, that influence expression of

genes, are not included in the definition. A gene whose final functional product is a protein is



first transcribed into RNA, which is later translated into a protein end-product.

An allele is one of multiple versions of DNA sequence (a single base or a potentially non-
contiguous segment of bases) at a given genomic location. In this manuscript, an allele refers
to a version of a gene, unless stated otherwise. Generally, an individual inherits two alleles, one
from each parent, for any given genomic location. This difference is characterized by a set of
variant nucleotides (or simply, variants). A variant can be synonymous or non-synonymous. Two
individuals from the same species, each with a distinct allele of a protein-coding gene which dif-
fers from the other by a non-synonymous variant, will have this gene code for different proteins.
There are about 20,000 protein-coding genes (out of a possible ~60,000 genes) in the human
genome [12].

A pseudogene is a DNA sequence that looks like a gene but does not produce a functional
product. They are thought to be derived from functional genes through duplication but they have
lost the original functions of their parental genes over many generations of evolution [13]. How-
ever, studies have shown that up to 20% of them are transcriptionally active, i.e., they produce
RNA transcripts [14]. In a few cases, a pseudogene RNA was found to be spliced with the tran-
script of its neighboring gene to form a gene—pseudogene chimeric transcript. In the next chapter,
we study an adjacent case of this phenomenon for a very important drug metabolism-influencing
gene, CYP2D6, and its pseudogene neighbor, CYP2D7, where they are sometimes present as a
gene-pseudogene (functional) fusion allele in the germline.

The definition of the gene also encompasses discontinuous genes such as the genes from
germline immunoglobulin locus, where rearranged genes code for B cell receptor (BCR) surface
proteins (also called “antibodies” when freely available in blood). Analogously, the germline T
cell receptor locus contains genes that encode T cell receptor (TCR) surface proteins. Genes from

6



both of these genomic loci consist of the following gene segments: variable (V), diversity (D),
joining (J), and constant (C), which are rearranged in B and T lymphocytes to form BCR and TCR
genes, respectively [15]. The following chapter focuses on characterizing the coding region of
each gene segment of the variable region of gene segments from various germline immunoglob-
ulin and T cell receptor loci. In terms of labeling created by The International Immunogenetics
Information System (IMGT), the coding region is annotated as “V-REGION” [16]. More details

are presented in subsequent sections.

2.2 Germline Loci of the Adaptive Immune System

As mentioned in Chapter 1, the adaptive immune system consists of B and T cells and their
receptors, BCRs and TCRs, respectively. Our first problem involves finding out the sequence
composition for all genes of the immunoglobulin locus (which eventually form BCRs). Of all
genes/gene families present in this locus, genotyping immunoglobulin heavy chain variable re-
gion (IGHV) genes is the hardest problem due to high degree of both intra-gene and inter-gene
similarities, large number of total alleles present, and a significant number of psuedogenes. Our
focus for the rest of the chapter is on genotyping IGHV genes.

The following text has been adapted from our article that was published in the Cell Systems

journal [17].

2.3 Motivation for the Genotyping Problem

The vast majority of available genome sequencing data, especially clinical sequence data

is, and, at least in the next 3-5 years, will be generated with short-read technology. Leveraging the



enormous quantity of short-read Whole Genome Sequencing (WGS) data available for genomic
locus characterization provides an opportunity to gain biological insights into population-level
diversity and disease associations. Together, such insights can help inform the development of
low-cost clinical genotyping approaches that can be used to guide healthcare decisions. For ex-
ample, the NIH’s NIAID COVID Consortium! is a large collaborative effort that has generated
and analyzed Illumina short-read WGS data from COVID-19 patients “with the aim of discov-
ering monogenetic and multigenic variants that contribute to disease susceptibility, severity and
treatment outcomes”?. Unfortunately the characteristics of short-read sequencing technologies
make genotyping difficult for repetitive and homogeneous loci across the human genome.

One such challenging but biologically important region is the immunoglobulin heavy chain
(IGH) locus on chromosome 14. The IGH locus harbors the variable (IGHV), diversity (IGHD),
joining (IGHJ), and constant (/GHC) genes (or gene segments) that encode the building blocks of
expressed B cell receptors (BCRs) and antibodies (Abs). The variable domain of BCRs and Abs
is composed of IGHV, IGHD, and IGHJ gene segments, and is responsible for engaging directly
with antigen, playing a critical role in identifying and neutralizing pathogenic viruses and bacte-
ria. Despite the importance of BCRs and Abs in the adaptive immune system, our understanding
of population-level genetic diversity in the /IGH locus and its contribution to Ab function in dis-
ease remains limited [18, 19, 20]. The severe impact of the COVID-19 global pandemic stresses
the need for development of tools and approaches to more fully characterize immune system
genes, especially those involved in the development of neutralizing Abs. Unfortunately, due to

its intricate sequence composition, /GH has remained stubbornly resistant to large scale, high

'https://www.niaid.nih.gov/research/host-genetics-severe-covid-19-infection
2A complementary international effort, the COVID-19 host genetics initiative (https://www.covidl9hg.
org) has similar goals.
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resolution characterization.

IGH is one of the most complex and dynamic regions of the human genome [18] - it is
known to contain many large structural variants (SVs), including segmental duplications, large
insertions and deletions, and other copy number variants (CNVs) [21, 22, 23]. Of the IGH gene
segments, /GHV is the most extensive gene group, and the ~800-1000 Kb region of /GH in
which this gene family resides has proven particularly challenging to genotype using short-read
WGS data, due to its repetitive and homogeneous nature [24, 25]. A given individual is likely to
have upwards of 40 functional and ORF IGHV gene copies on each haplotype, and at least twice
as many non-functional pseudogene copies, collectively residing across the primary /IGH locus
on chromosome 14 and two orphon loci located on chromosomes 15 and 16 [23, 21]. These gene
segments are short - between 165 bp and 305 bp (with a mean of 291 bp) - and are highly similar
to others in terms of sequence composition, with 40% of the known functional alleles having a
sequence similarity of > 98% with at least one other allele in a different gene®.

While germline /GH genotypes have generally been overlooked in GWAS and other dis-
ease association studies, partially due to genotyping challenges, there is increasing interest in
investigating the effect of IGH germline genetic variation on the adaptive immune system and
disease [18, 20]. In fact IGHV germline genetic variation has recently been associated with
clinical phenotypes including infectious disease and vaccine response [26, 27, 28, 29], autoim-
mune/inflammatory conditions [30, 31, 32], and cancer [33].

Of particular interest is COVID-19, which is primarily modulated by the innate immune
system [34]. However, there is increasing evidence for an association between the adaptive im-

mune system and COVID-19 severity [35, 36, 37], via the presence of anti-type I interferon (IFN)

3i.e., the edit distance between such a pair of alleles is no more than 2% of the length of the shorter allele



autoantibodies. This presents a potential biological mechanism for an association between IGHV
germline genetic variation and COVID-19 disease severity, driven by IGHV germline alleles cod-
ing anti-type I IFN antibodies.

To date, there has been only one published method/computational pipeline for germline
IGHV genotyping using short-read WGS data [38, 39]. Due to the genotyping challenges en-
countered with /IGHV, the authors intended their pipeline to be applied on a population level,
stating that it “is not intended to be used to accurately genotype individual genomes”. The au-
thors indeed applied their pipeline to a cohort of 109 individuals with the purpose of compiling
aggregate measures of variation, and performed gene-level genotyping, with allele-level granu-
larity on 11 (of the 56) IGHV genes.

One other previously published method, ImmunoTyper [40], performs IGHV genotype
and copy number analysis using standard single molecule real-time (SMRT) Pacific Biosciences
(PacBio) long read sequence data. As a result, its application has been limited by the paucity of
publicly available long read WGS datasets. ImmunoTyper can not be easily modified to handle
short-read WGS data because it relies on extracting full length /GHV segments from long PacBio
reads (which are then clustered using a facility location formulation, similar to balanced k-means
clustering). Short reads, on the other hand, only partially cover IGHV segments.

More recently [23] have published a technique called IGenotyper, which can haplotype
the entire /GH region at high resolution using targeted ultra-deep long read sequencing and de
novo assembly. This represents a critical step towards characterizing /GH haplotype diversity
and heterogeneity, however since it requires a custom sequencing approach, it is expensive to
scale and as a result is more suitable for high-resolution haplotype characterization rather than
high-throughput IGHV genotyping.
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There are several published methods for inferring germline IGHV genotypes using adaptive
immune receptor repertoire sequencing (AIRR-seq) data as input [41, 42]. This approach benefits
from not having to contend with pseudogene sequence, however it introduces noise that arises
from somatic hypermutation. Furthermore, these methods can only provide calls for germline
IGHYV alleles that are expressed in the B cell population at the time of sampling, and thus are
susceptible to missing IGHV alleles with lower expression.

We present ImmunoTyper-SR, a computational approach for genotype and CNV analysis
of functional germline IGHV genes using short-read WGS data, using a database of known IGHV
sequences as a reference. ImmunoTyper-SR is based on a combinatorial optimization formulation
that aims to minimize the total edit distance between the reads and their assigned alleles while
maintaining additional constraints on the number and distribution of reads across each allele
identified (see Figure 2.1). This approach extends our previous work on long read based IGHV
genotyping by addressing additional challenges introduced through the use of short reads. As a
result, ImmunoTyper-SR is the one of the first short-read based germline IGHV genotyping tool
that offers allele-level resolution.

We have validated ImmunoTyper-SR on 12 individuals with diverse genetic backgrounds
from the 1000 Genomes Project [43] (1kGP), by comparing ImmunoTyper-SR genotype calls
on Illumina WGS data from the NYGC [44] against targeted long read-based IGH assemblies
generated using IGenotyper [23]. We then applied ImmunoTyper-SR to WGS data from a cohort
of 585 individuals from the NIAID COVID Consortium (from here on the “NIAID cohort) to
investigate associations between IGHV genotypes, type I IFN autoantibodies and COVID-19
disease severity. The cohort includes nine individuals who have been independently sequenced
twice; this subcohort provides additional means to assess the robustness of ImmunoTyper-SR on

11



clinical sequencing data. We observed that ImmunoTyper-SR is able to produce IGHV accurate
allele and CNV calls on both data sets, demonstrating its feasibility on Illumina WGS data with
read lengths of 150 bp and moderate genome coverage. We finally employed a permutation test
on the alleles identified by ImmunoTyper-SR to determine those strongly associated with anti-

type I IFN autoantibody activity — within the limitations of the size and demographic composition

of the NIAID cohort.
BAM input data
/  — Extract
Sy — IGHV-like reads
S —
L § 5 |
[ ] —
] [ow |
l__-_ _—_ Map to allele
___,-- ___ database to call
ImmunoTyper-SR — === candidates and
yp —— E— distance

== |x2 Optimize read
assignment and
call allele copies

Figure 2.1: ImmunoTyper-SR workflow: ImmunoTyper-SR maps IGHV-relevant reads to the
allele database and resolves mapping ambiguities using an ILP optimization approach, resulting
in IGHV allele presence and CNV genotype calls.

2.4 Methods

2.4.0.1 Code availability

ImmunoTyper-SR is open source and it is available at ht tps: //github.com/algo-cancer/
ImmunoTyper—-SR.
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2.4.1 Method Details

24.1.1 WGS Read Recruitment

A mapped WGS sample is provided to ImmunoTyper-SR in the BAM file format. Reads
are extracted if they share any mapping to IGHV, the IGHV orphons on chromosome 15 and 16,

or any other loci that share sequences similar to IGHV.

2.4.1.2 Allele Candidate Assignment

The extracted reads are then mapped to a database of IGHV allele reference sequences
using BWA-MEM [45], with the —a option. The allele reference database was created by com-
bining the current IMGT allele database [46] (including pseudogene and orphon alleles) with
additional germline alleles (currently unpublished), resolved using IGenotyper [23]. While these
novel alleles are as-yet unpublished, they are resolved using PacBio sequencing on an indepen-
dent dataset that is not subject to the noise present in the 1kGP samples (see subsection 2.4.1.4
Annotation of 1kGP Sample Assemblies).

A read is putatively assigned to a single candidate allele or set of candidate alleles if it has
a mapping of at least 50 bp to the allele reference sequence. A read can have a truncated mapping
to an /GHV allele if and only if the truncation occurs either at the beginning or the end of the
allele, such that truncated mappings that do not start on the first base of the allele, or end on the
last base, are removed.

The edit distance between a given read and candidate allele is taken from the NM tag of the

mapping, which is used below.
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2.4.1.3 Allele Assignment

Reads are assigned to one of their candidate alleles through an Integer Linear Programming
(ILP) approach, which aims to minimize the total sequence variation (i.e. edit distance) between
assigned reads and alleles, while matching the sequence depth and variance of the given WGS
sample. The ILP is solved using the Gurobi package [47].

As previously noted by [38, 39], a correct read assignment for a given allele will have a
read depth in the shape of a trapezoid, as the number of reads having the minimum 50 bp of
mapped sequence will decrease towards the ends of the allele reference sequence. This problem
could be avoided by including the non-coding flanking sequence in section 2.4.1.3, however this
technique may be complicated by the well known lack of characterized intergenic /GH sequences
and haplotypes. As a result, we have opted to omit the flanking sequences in order to minimize

any chances of genotype biases caused by reference haplotype sequences.

Sampling Sequence Depth and Variance: To ensure that our read assignment matches the un-
derlying sample’s sequencing characteristics, we empirically calculate the sequencing depth and
variance from each sample by examining the WGS mapping at a representative locus. We use
exon 327 of the TTN gene, located on chromosome 2. This region was selected for being one of
the longest exons in the genome, and thus provides a ~17 kbp sampling region that is likely to
be relatively stable [48]. We further confirmed that there are no other loci in the genome with a
similar sequence by simulating 200X 150 bp reads from the exon using ART [49] and mapping
them back to GRCh38 using BWA-MEM [45] with the —a parameter; indeed, all reads mapped

back to the exon region.
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The sequencing depth and variance are calculated as the mean and variance of the mapped
read depth across exon 327. To obtain the expected sequencing depth variance over the ‘sloped’
regions of the trapezoid shape found in a valid IGHV read assignment as defined in section
2.4.1.3, we calculate the read depth variance for each position of window of size read_length—50

across all bases of exon 327.

Coverage Constraints: In order to match the assigned read depth and variance to the TTN-
sampled values, we must monitor the read depth for each possible assignment that arises during
the optimization process defined below. We only monitor the read depth at equally-spaced ‘land-
mark’ positions, which are chosen for every candidate allele in advance, to reduce optimization
time. We can then constrain the mean assigned read depth across landmark positions to be within
one standard deviation of the expected read depth using the sequencing depth and variance val-
ues calculated in section 2.4.1.3. However, this constraint may allow for a read assignment with
outlier read depth values at consecutive landmark positions that retain a mean coverage within
the bounds. To combat this problem, we group landmarks (in a round-robin process) and set the
constraint defined above for each landmark group independently. This reduces the likelihood that

two such balancing outlier landmarks are in the same group.

Discarding reads: The read assignment optimization strategy allows for reads to be discarded,
to contend with reads that come from non-/GH loci which do not have their source sequence
characterized in the IMGT allele database, but nonetheless have a mapping due to their similar
sequence content. A given read can be discarded with a penalty equal to the expected number of

errors for the read, multiplied by a constant factor, which is set to 2, by default. This implies that
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to be discarded, a read needs twice as many errors as expected relative to to the closest matching
allele in the database which allows for a small number of novel variants to exist without the read

being discarded.

ILP Model Definitions: Let R = {r;}_, be the set of all WGS reads in the sample.

Let A = {a;}7L, be the set of database alleles. Let C; be the set of candidate alleles of
read r;.

Let L; , be a set of landmark nucleotide positions in a; that are part of landmark group g,
where g is a subset of all positions in a;. L; is the set of all landmark positions in allele a;.

Let covers(r;, a;, 1) be the set of reads that have a; as candidate/mapping and cover land-
mark /.

Let 14 ; and oy ; be the expected mean and standard deviation (SD) in read coverage of allele
a; for a given landmark [ € L; for a single copy of the allele. This is computed by sampling read
coverage within TTN gene’s exon 327 and dividing by two to account for the diploid nature of
the exon to estimate empirical mean and SD for the read coverage of landmark /.

Let A = user-provided upper bound on the number of standard deviations allowed on the
deviation of mean read coverage of any reference allele. Default 1.5.

Let min_cov = user-defined proportion of the estimated mean read coverage of any land-
mark position that the data needs to satisfy. Default 0.3.

Let e(r;, a;) = edit distance for the best mapping/alignment of r; on «;.

Let expected_errors(r;) = sequencing error rate X alignment length of primary mapping
for r;.

Let discard_penalty_multiplier = user-provided penalty for discarding a read. Default 2.
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ILP Model Variables:

. 1 if r; has been assigned to a;
Let D! =
0 otherwise
\
.
1 if r; is discarded
Let XZ =
0 otherwise
\
1 if a; has c copies called
Let CCJ' =
0 otherwise,
where ¢ € {0, ..., K} where K is the maximum allowed number of copies per allele.
ILP Model Constraints:

Vaj, Y Cej=1 (2.1)
Vri, » DI=1-X; 2.2)
Vaj, n- Z Ce; > Z Df where n is the total number of reads 2.3)

Vaj, Y DI>> C. (2.4)

Va;,Vl € L, Z D! > min_cov - . - Zc -Cej (2.5)

ri€covers(ry,aj,l)

VLj’g, Z ‘Z Hij-C- Cc,j - Z Di’ S Z Z A gl \/E . CCJ‘ (26)

leL;, c r;€covers(ri,a;,l) leL; gy c
1. One-hot encoding of all possible copy numbers for each allele.
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2. Prevent discarded reads from being assigned to any allele and enforce assignment to at

most one copy.
3. If at least one of the reads is assigned to allele a;, then at least one copy must be called.

4. If C; == c¢(> 0) (allele a; is called and has c copies), there must be ar least ¢ reads

assigned to a;, to ensure there is no allele copy with zero reads assigned.

5. Each landmark position in L; ;, should have a minimum read coverage proportional to the

expected coverage, if allele a; is called.

6. If c copies of allele a; are called, the deviation of read coverage of a group of landmark

positions away from the estimated mean is bounded.

ILP Model Objective Function: Minimize:

Z D] -e(ri,a;) + Z (Xi - expected_errors(r;) - discard,penalty,multiplier)

T'iER,aJ‘EA r,€R

2.4.1.4 Annotation of 1kGP Sample Assemblies

We created IGHV gene and pseudogene annotations for each haplotype from the 12 1kGP
IGH assemblies to act as ground truth in our evaluation of ImmunoTyper-SR allele calls. The
complete allele database was mapped against each assembly using Bowtie2 [50] (with -af
-—end-to-end --very-fast parameters). The mapping results are then grouped by tar-
get location, and the best mapped allele for each target location is assigned to that gene. Any

assignment with an edit distance > 1 is manually reviewed.
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It is possible for an assembly to have IGHV gene copies that have considerably divergent
sequence from any allele in the database. This can happen either through a true novel allele, as
a result of a sequencing or assembly error, or due to large structural alterations present in the
sample haplotype. This latter case is of particular concern as the 1kGP samples employed in this
study are derived from lymphoblastoid B cell lines (LCL), which have undergone some degree
of V(D)J rearrangement. This can introduce noise in the sequencing dataset, and can result in
somatic deletions in a haplotype that may affect one or more /IGHV genes.

To identify any considerably divergent IGHV genes, we generated 150 bp error-free in-
silico reads from all sequences in the allele database and mapped them to the haplotypes using
BWA-MEM [45] (-a parameter). Any contiguous target region not identified above was ex-
tracted and mapped back to the allele database using BWA-MEM [45] (-a parameter) to identify

the most similar allele and edit distance.

2.4.1.5 Comparison With the Luo et al. Pipeline

We implemented the pipeline as described in “Worldwide genetic variation of the IGHV
and TRBV immune receptor gene families in humans” [39]. IGHV gene calls and CNVs were
compared against /IGH assembly annotations as described in section 2.4.1.4.

Luo et al. [39] limit allele calling to the following 11 genes that they determine are two-
copy genes: IGHVI-18, IGHVI-24, IGHV1-45, IGHV1-58, IGHV2-26, IGHV3-20, IGHV3-72,
IGHV3-73, IGHV3-74, IGHV5-51, and IGHV6-1. Since not all these genes are present in two
copies in the 1kGP samples, we further limited allele calls only to those genes that are present in

the above list, and for which the pipeline gave CNV calls of two.
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As aresult, when comparing the allele calls against a sample’s ground truth and ImmunoTyper-

SR, we only used those genes that met the pipeline’s allele-calling criteria in /[GHV assembly.

2.4.1.6 Measuring Concordance between Doubly-sequenced Samples

To calculate genotype call concordance between two WGS sequences from the same sub-
ject of the NIAID subcohort that has been doubly-sequenced, we used the weighted Jaccard
similarity coefficient (.J,,), defined as follows:

Let s be a subject who was sequenced twice and g, ; be the genotype vector corresponding
to i-th WGS sample of the subject (i € {1,2}), where k-th element of the vector (g ;[k]) is
the number of copies of allele A, as called by ImmunoTyper-SR. Then, the weighted Jaccard

similarity coefficient for the subject s is:

_ 221:1 min(gs,1[k], gs,?[k])

D) = S a9 K g020H])

2.4.2 Quantification and Statistical Analysis

2.4.2.1 Statistical Association between IGHV Genotype and anti-Type I IFN
Autoantibody Presence

First, the 585 samples from the NIAID cohort were filtered for the presence of «, 5, w
IFN autoantibody labels. Any label with a “Yes, partially” value was modified to “Yes”, and we
combined the individual «, 3, w labels into a single binary label indicating presence of any one

of the autoantibodies. IGHV alleles that were present in at least one of sample’s genotype were
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chosen as the independent variable, in the form of binary presence/absence labels. A candidate
selection logistic regression model was then performed between all such /IGHV alleles and anti-
type I IFN autoantibody presence, and those alleles with a significant p-value (>= 0.01) were
then selected as top candidates.

The candidate alleles were applied in a separate logistic regression model to determine the
effect size. For significance and multiple test correction, we performed a permutation test, by
applying a logistic regression model to the dataset 100,000 times, where the autoantibody labels
were randomly shuffled in each iteration. The resulting p-value was calculated for each allele as
the proportion of the shuffled models that had a more extreme p-value than that in the original,
unshuffled model.

All logistic regression was performed using the g 1m function in R with the family="binomial™"

parameter.

2.5 Results

A primary challenge in germline /GHV genotyping is the validation of computationally
identified alleles. To date there has been only one IGHV genotyping protocol published that uses
short-read data [38, 39]. A recently published /GH haplotyping tool [23] has opened the door for
high quality /GH assemblies which can be used for validation.

IGHYV genotyping through inference using AIRR-seq (Adaptive Immune Receptor Reper-
toire sequencing) is common-place and well established [41, 42], however, we were unable to find

any publicly available paired AIRR-seq and WGS datasets that would be suitable for comparison.
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2.5.1 Validation using 1kGP Samples

We ran ImmunoTyper-SR on 12 publicly available high-coverage WGS of 1kGP samples,
sequenced at ~30X on the [llumina NovaSeq 6000 Platform [44]. These samples have had in-
dependent de novo IGH haplotyping performed by Rodriguez et al. using a targeted long read
sequencing and assembly protocol called IGenotyper [23] tailor-made for the /GH region. While
this technique represents the most accurate /GH haplotyping tool published to date, it is likely
that these assemblies are not 100% accurate, as the samples are derived from LCL cell lines. It
has been noted that the usage of LCL cell lines can impact IGH genotype accuracy due to the
presence of somatic V(D)J rearrangement [51]. This may result in somatic deletions or incon-
sistent read coverage, which can affect the assembly quality, and ultimately ImmunoTyper-SR’s
genotype accuracy.

Distribution of genotype call results are shown in Figure 2.2; as can be seen, the mean pre-
cision and recall values are respectively 83.7% and 80% for identification of each allele sequence
and its copy number exactly. While ImmunoTyper-SR generally provided accurate genotype
calls, the ranges of precision and recall values were large, with a minimum and maximum F-
score of 63% and 88% respectively. These figures improve substantially if some limited noise
can be tolerated in the sequence composition or copy number of the allele calls, as discussed in

the remainder of the section.

2.5.1.1 Accuracy is Impacted by Novel Alleles

As ImmunoTyper-SR is designed to find the closest allele in the database and not call

novel alleles and variants, we investigated the relationship between the presence of putative novel
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Distributions of results metrics for 1kgp dataset
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Figure 2.2: ImmunoTyper-SR’s functional allele call accuracy on 1kGP dataset (n = 12). No
CNYV indicates measures accuracy for presence/absence of alleles. 3 bp allowance counts a false
positive as a true positive if there is a false negative allele within 3 bp edit distance.

variants as a driver of the variation seen in genotype accuracy. It is important to distinguish these
putative novel alleles, which are derived from the 1kGP sample /GH assemblies, from those
validated novel alleles that were added to the allele database as described in Section 2.4.1.2,
which were sourced from an independent, high-quality dataset.

There is significant correlation between the proportional divergence of a given sample’s
IGHYV alleles from the allele database and ImmunoTyper-SR’s genotype call accuracy.

As previously mentioned, it is likely that some of these novel variants are in fact due to
sequencing or assembly errors, or noise from /GH rearrangement due to the LCL-sourced sam-
ples. Since it is impossible to determine which of the putative novel alleles are valid, we chose
not to add these novel sequences to the allele database for fear of increasing noise and model

complexity.
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2.5.1.2 High Genotype Accuracy for Distinct Genes

To investigate the genotype accuracy on a gene-by-gene basis, we grouped allele call results
by genes across all samples. IGHV genes that have high sequence similarity to many alleles in
the database (regardless of gene “source” of each such allele) have lower allele call accuracy.

To reduce the impact of this effect, we recalculated allele call accuracy statistics by not
penalizing a miscalled (false positive) allele as long as it is within 3 bp edit distance of a ground
truth (false negative) allele (see Figure 2.2). This increases the mean F-score by 6.6%, from
81.5% to 87.9%. The tolerance threshold is chosen to be 3 bp because it is about 1% of the

average length of all IGHV allele sequences.

2.5.1.3 ImmunoTyper-SR Reports Genotypes with Higher Granularity and Ac-
curacy than Comparable Methods

We compared ImmunoTyper-SR’s genotype results on the 1kGP samples against the only
other published short-read /IGHV genotyping method, [39]. With the exception of at most 11
two-copy genes (out of 56 IGHV genes with at least one functional allele), the pipeline reports
only gene-level genotypes and CNV calls (see Section 2.4.1.5). We implemented the pipeline
in-house and compared gene call results. We found that ImmunoTyper-SR had much higher
precision (median 84.7% vs 93.1%), and moderately improved recall (mean 87.4% vs 90.1%).

For allele calls, Luo et al. pipeline calls alleles for only a small proportion of the IGHV
genes present, an average of 5.75 out of 44 functional genes. For those genes that do have allele

calls, ImmunoTyper-SR is much more accurate, with mean precision and recall values more than
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double the Luo et al. results (see Table 2.1). Note that the 11 genes listed in Section 2.4.1.5
are those genes that the authors deemed two copy genes with high confidence, however in many
cases not all of those genes were called with two copies and thus not selected for allele calling,

despite having two copies in the ground truth.

Sample | Luoetal. | ImmunoTyper-SR | Luo et al. | ImmunoTyper-SR | Proportion of Functional
Precision Precision Recall Recall Genes with Allele Calls
by Luo et al.
HGO00512 50.0 94.7 50.0 100.0 9/44
HGO00513 20.0 100.0 20.0 90.0 5745
HGO00514 37.5 87.5 37.5 87.5 4734
HGO00731 56.2 100.0 56.2 93.8 8/41
HGO00732 16.7 100.0 16.7 100.0 3/49
HGO00733 37.5 88.9 37.5 100.0 4748
HGO01109 41.7 100.0 45.5 100.0 6/44
HGO01243 50.0 100.0 50.0 100.0 4744
HGO02723 35.0 77.8 38.9 77.8 10/44
HGO03098 50.0 76.9 50.0 71.4 7146
NA12878 31.2 100.0 31.2 100.0 8740
NA19240 62.5 100.0 62.5 100.0 4/49
Mean 40.7 93.8 41.3 93.4 575744
Median 39.6 100.0 422 100.0 5.5/44

Table 2.1: Allele call comparison between Luo et al. (2019) pipeline and ImmunoTyper-SR. The
final column shows the number of ground truth genes in the sample that met the allele-calling
criteria of the Luo et al. pipeline (i.e. that the gene is among the 11 least ambiguous genes
and its number of copies is predicted to be < 2); their precision and recall values are calculated
only on those genes. In contrast, ImmunoTyper-SR calls alleles for all ground truth genes and its
precision and recall values are thus calculated on the entire set of genes.

2.5.2 Validation and Association with anti-Type I IFN Autoantibodies with a

Cohort of 585 COVID-19 Patient WGS Data

As part of the NIAID COVID Consortium we analyzed health records and genomic data
from a cohort of 585 COVID patients. The dataset includes various health information for

each patient, as well as whole genome sequences performed at The American Genome Center,
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USUHS, and results from anti-type I IFN autoantibody (aAb) assays.

2.5.2.1 Genotype Validation Through Doubly-Sequenced Concordance

To further validate ImmunoTyper-SR on non-LCL sourced WGS samples, we compared
genotype calls for nine individuals who had been independently sequenced twice as part of the
NIAID cohort. The WGS were generated at the same sequencing center, which reduces the
effect of systematic sequencing bias. We compared the complete set of allele calls and CNVs
between the matched WGS. The mean weighted Jaccard similarity coefficient across all nine
doubly-sequenced samples was 0.696. If the CNV calls are ignored, the mean score increases to
0.923, indicating many of the miscalls are due to CNVs, rather than calling the wrong allele (see
Figure 2.3).

Figure 4: Distribution of Jaccard similarity coefficients for doubly sequenced samples in
the NIAID cohort: (left) no error tolerance in sequence composition or copy number of called
alleles; (center) no error tolerance in copy number but an edit distance of < 3 tolerated on called
alleles; (right) no error tolerance in sequence composition of the alleles with copy number differ-

ences ignored.

2.5.2.2 Association with anti-Type I IFN Autoantibodies

Removing samples that did not have WGS or aAb assay results produced 542 samples, of
which 32 tested positive for the presence of anti-type I IFN aAb. The association, effect size,
and p-values are provided in Table 2.2 for the top most significant alleles. It is important to note

that three out of four of the top most significant alleles are rare alleles, present in at most 10
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Distribution of Jaccard similarity coefficients per NIAID cohort doubly-sequenced sample (n = 9)
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Figure 2.3: Distribution of Jaccard similarity coefficients for doubly sequenced samples in the
NIAID cohort: (left) no error tolerance in sequence composition or copy number of called alleles;
(center) no error tolerance in copy number but an edit distance of < 3 tolerated on called alleles;
(right) no error tolerance in sequence composition of the alleles with copy number differences
ignored.

Allele IGHV1-46*Novel-168 | IGHV5-51*Novel-501 | IGHV3-49*04 | IGHV3-9*Novel-205
Samples with genotype 3/542 10/542 237/542 9/542
Samples with IFN aAb 1 2 10 2
Samples without IFN aAb 2 8 227 7
Effect probability 37.5 24.6 3.7 26.6
P-value 0.037 0.018 0.11 0.013

Table 2.2: Summary statistics of IGHV alleles that are associated with Type I IFN aAb in the 542
samples from the NIAID cohort that have been tested. Top row: the proportion of the samples
with each allele. Second row: the number of samples with the allele as well as the Type I IFN
aAb. Third row: Number of samples with the allele but not the IFN aAb. Bottom two rows:
Association between the allele and the Type I IFN aAb.

individuals. In addition, this analysis suffers from a very low number of anti-type I IFN aAb
cases present in this dataset. While two of the selected alleles have relatively low p-values, they

remain higher than 0.01, partially due to their rarity in the cohort.
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2.6 Discussion and future work

ImmunoTyper-SR successfully raises the bar for short-read-based /IGHV germline geno-
typing. While the tool has demonstrated the greatest accuracy of published Illumina-based tools
to date, it is important to note that there is still room for improvement, particularly when distin-
guishing highly-similar alleles.

The challenges presented by novel alleles are another opportunity for improving IGHV
genotype calls. ImmunoTyper-SR clearly performs best when a sample’s IGHV alleles mini-
mally diverge from the known allele database. As the IGHV allele database is updated and im-
proved, genotype call accuracy will likely increase. Ongoing projects such as the OGRDB [52],
a curated database of germline /IGHV alleles inferred from AIRR-seq data, as well as those be-
ing curated from high-quality long read assemblies, may help improve WGS short-read-based
germline /GHV calling. In addition, our future work includes expanding ImmunoTyper-SR to
call novel alleles and variants, and further validating ImmunoTyper-SR calls using trio data.

Our article represents one of the first investigations into germline /IGHV genotype-phenotype
association using short-read WGS data. Despite there being a hypothetical biological mechanism
for the association between IGHV genotype and anti-type I IFN autoantibodies, the dataset used
is very limited for this application. The low number of autoantibody-positive patients and rarity
of the associated alleles severely reduces statistical power resulting in a low-confidence statistical
analysis. As a result, we must judge the association results as inconclusive, despite finding two
associated alleles with relatively low p-values. However, our future work includes repeating this
analysis on a cohort of > 1200 COVID-19 patient WGS data, which we believe will improve our

confidence.
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While our investigation of association was inconclusive, there are many other potential
association targets for future work. It is important to acknowledge a possibility that disease
effects of germline /IGHV variants can be overcome by somatic hypermutation during antibody
repertoire proliferation. However, the (currently limited) body of evidence demonstrating IGHV
variant effects on phenotype suggests there are many /GHYV alleles that have a considerable effect
on a variety of diseases. In the near future, comprehensively investigating these associations is
likely only possible using short-read WGS data; there are numerous WGS datasets in existence
which have remained untouched with respect to IGHV, and alternative data types have additional
costs and scaling challenges.

It is possible that using alleles as the explanatory variables in phenotype association is
less biologically relevant than single nucleotide variants. If a single nucleotide variant is the root
driver of a phenotype effect, perhaps by affecting development of a given protective or detrimental
antibody, then using variants as an explanatory variable would be more suitable. However, if the
effect is driven by the combination of variants, using alleles may be more suitable. Given a
sufficient sized dataset, joint effects, either of variants or alleles, could also be investigated. It is
also possible that other variant types, such as structural variants or CNVs, could have an effect
on phenotype. Our future work includes improving ImmunoTyper-SR to provide variant calls,
which will improve the ability to investigate phenotype and disease associations.

There is great opportunity for future studies that combine WGS with complete BCR reper-
toire data. The immediate application would be to validate WGS and inference-based germline
IGHYV genotype calls using orthogonal datasets. Unfortunately we were unable to find any such
paired datasets for this study.

There are also open questions regarding the direct effects of germline /IGHV genotype
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on the BCR repertoire. This effect has been investigated with repertoire data alone, however
inference-based germline genotype calls are impacted by temporal effects of repertoire sampling,
and as a result may be incomplete. By combining germline sequence data with repertoire data, it
will be possible to create a complete picture of the interaction between germline IGHV genotype
and the BCR repertoire.

By enabling short-read WGS-based IGHV genotyping with allele-level granularity, ImmunoTyper-
SR opens the door to applying the power of the largest WGS datasets available to uncover the

mysteries of one of the least understood loci in the human genome.
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Chapter 3:  An efficient genotyper and star-allele caller for pharmacogenomics

Following the theme of genotyping complex germline loci, we present our work on geno-
typing another important set of genes known as pharmacogenes. These genes encode pro-
teins/enzymes that are responsible for determining an individual’s rate of metabolism of various
pharmaceutical drugs [53]. Inter-individual heterogeneity in drug metabolism may be attributed
to both (a) genotype of these pharmacogenes and (b) their copy number polymorphisms. In order
to fully characterize an individual’s response to specific drugs, the following information needs

to be known:

1. The genotypes and copy numbers of an appropriate set of pharmacogenes of the individual,

and

2. The relation between the genotypes and phenotypes (here, rate and other characteristics of

drug metabolism).

The genotype-phenotype correlation information is obtained through large cohort studies with
candidate gene and whole genome analyses [53]. This chapter focuses on characterizing the
genotypes of an individual’s pharmacogene set of interest, from both short-read and long-read

data. The rest of the chapter is adapted from our published work [54].
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3.1 Motivation for pharmacogene genotyping problem and previous work

The rapid development of high-throughput sequencing (HTS) technologies has ushered in
the era of precision medicine that aims to tailor medical decisions at the individual level [55].
A key component of precision medicine is pharmacogenomics which studies the associations
between the individual genotypes of clinically important pharmacogenes) and individual vari-
ation in drug response [8]. While the HTS data theoretically provides sufficient means to ac-
curately genotype any gene in a given individual, genotyping of many pharmacogenes remains
challenging [56]. One of the key challenges is the fact that many pharmacogenes of vital clinical
importance—most notably the CYP2D6 gene, whose genotype impacts up to 25% of clinically
prescribed drugs [9]—are highly polymorphic, and furthermore located next to the highly similar
pseudogenes due to being located within segmental duplications [9]. Many of these pharma-
cogenes are also subject to various copy number and structural changes, e.g. through a fusion
event between a gene and its pseudogene, possibly due to the instability of the segmental dupli-
cation region wherein they reside [57]. These issues need to be carefully and comprehensively
accounted for before the genotyping process, in order to obtain accurate results. Lastly, alleles
of many pharmacogenes are not defined through a single nucleotide variant (SNV), but through a
complete gene haplotype. Thus, the exact functional impact of an allele can only be determined
through phasing, or haplotyping, of the whole genic region. In the pharmacogenomics commu-
nity, haplotyping is commonly known as star-allele calling [58], owing to the fact that most of
the known pharmacogenetic haplotypes are assigned a unique star-allele identifier.

Standard tools for genotyping HTS datasets, such as Genome Analysis Toolkit (GATK) [59,

60], cannot be used for star-allele calling because they are unable to haplotype the whole genic
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regions and assign correct star-alleles. General-purpose computational phasing tools, such as
HapCUT?2 [61] and HapTree-X [62], are also inadequate for calling star-alleles: Either these
tools are designed for phasing diploid organisms and thus cannot phase regions that underwent
significant copy number changes or cannot handle fusions and other structural variations. Fur-
thermore, the distance between allele-defining variants is often too large and, as a result, many
alleles cannot be phased with short-read sequencing data. On the other hand, statistical phasing
tools, such as Beagle [63] or Eagle [64], also do not handle the presence of fusions and structural
variations. Thus, most of the star-allele calling was— and still is— being done by various cus-
tom primer-specific PCR and array assays [65], mostly due to their price and speed, despite calls
generated by these assays being often limited in breadth and scope [66, 67].

Several tools have been recently developed to address the challenge of accurate star-allele
calling [68]. Cypiripi [65], the first tool specifically designed for this purpose, supported calling
CYP2D6 star-alleles from Illumina WGS data. Cypiripi was followed by Aldy [69], Stargazer [70],
Astrolabe [71], StellarPGx [72], PharmCAT [73] and Cyrius [74]. These tools aggregate the data
from the existing star-allele databases, such as PharmVar [75], and use it to call star-alleles di-
rectly from HTS data. Some of these tools, such as Aldy and Stargazer, are also able to detect
copy number changes and fusions with a high level of accuracy. However, a majority of these
tools target only a small set of pharmacogenes (typically CYP2D6 and other cytochrome P450
genes) and are tuned for short-read HTS data generated by the Illumina whole-genome sequenc-
ing (WGS), whole-exome sequencing (WES) and (in some cases) targeted sequencing panels
such as PGRNseq [76].

In recent years, there is a slow but steady shift toward third-generation HTS technologies

such as Pacific Biosciences (PacBio) and Oxford Nanopore [77]. These technologies produce

33



significantly longer reads (typically measured in tens of kilobases) than Illumina reads (measured
in tens of basepairs). While they were initially dismissed in clinical settings due to the high cost of
sequencing and high error rates, these technologies are making a resurgence thanks to the recent
improvements in terms of accuracy and cost. For example, PacBio HiFi sequencing offers up to
25 kbp-long reads with a 99.5% accuracy rate [78]. Unfortunately, not many tools are able to
correctly use the data generated by these technologies for calling pharmacogenomic star-alleles
due to the different assumptions and biases as compared to the standard Illumina short-read data.
Star-allele callers are also unable to make use of the long-range information within long reads for
better phasing of allele-defining variants.

Here we present Aldy 4, the next iteration of Aldy software that addresses the aforemen-
tioned challenges. Aldy 4 completely revamps its original star-allele calling pipeline and adds
support for long-read technologies such as PacBio HiFi, while extending support for short-read
technologies (whole-genome and targeted capture data). Other updates also include extensive
support for genotyping whole-exome [79] and VCF data. The changes include an alignment
correction module that addresses various biases and errors common during the alignment of long
reads to the pharmacogenomic regions. It also provides a novel star-allele calling pipeline that in-
corporates the long-range phasing information from long reads into the star-allele calling model.
Finally, Aldy 4 brings support for 19 new pharmacogenes, provides an easy interface for adding
the support for other pharmacogenes, adds an application programming interface (API) for easy
incorporation of pharmacogenomic calling within the existing pipelines, and brings various other
improvements to the original pipeline. As such, we envision Aldy to be a single-stop tool for
calling star-alleles from diverse sequencing technology datasets, and hope that it will remain

a crucial tool in the pharmacogenomics toolbox even with the advent of long-read sequencing
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technologies.

3.2 Methods

The goal of Aldy is to reconstruct the exact sequence content (or haplotype) of each gene
copy of a given pharmacogene from a high-throughput sequencing (HTS) data sample and assign
a star-allele to each reconstructed haplotype present in the dataset. This process is subsequently
referred to as star-allele calling.

In order to accurately call star-alleles, it is necessary to consult a database of known star-
alleles that contains the exact sequence content of each pharmacogene allele. Suppose that a
pharmacogene G harbors variants M = {ml, ey MY M‘}, where any m € M is a single nu-
cleotide substitution or a small indel. Depending on their impact on the gene (7, these variants
are either deemed functional (core) variants or silent variants (subvariants); while core variants
are typically non-synonymous, they might also include UTR and intronic variants that affect the
drug metabolism. The reference allele of GG is an allele that harbors no variants at all. It is
commonly known as the *1 star-allele. Notable exceptions to this rule include CYP2C19 (where
CYP2C19%*1 was recently renamed to CYP2C19%38) and wild-type alleles in /FNL3 and DPYD.
Any other star-allele S; is defined by the subset of known variants M that distinguish its sequence
content from the reference *1 allele.

In some genes, such as CYP2D6, star-allele identifiers are also assigned to fusions and
other pseudogene-induced structural changes that affect the pharmacogene. For this reason, the
definition of star-alleles is extended to also include their structural configuration. This configu-

ration describes whether a pharmacogene is wholly present in the genome, deleted, or is a gene-
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pseudogene hybrid. The set of valid configurations is denoted as G. Note that each structural
configuration can induce many distinct star-alleles depending on the choice of variants from M.
Thus, we can formally define a star-allele S; as a tuple (g;, A;) where g; € G and A; C M. The
star-allele database is formally a collection of all known structural configurations, variants and
known star-alleles (G, M, {S1,Ss,...}) where S; = (g;, A;) such that g; € G and A; C M.

To call star-alleles of a given pharmacogene from the given sequencing sample, Aldy needs

to perform the following steps:

* analyze the aligned HTS reads in BAM/CRAM format and resolve incorrectly aligned

reads;

* detect structural configurations by calling copy number changes and gene-pseudogene fu-

sions; and

* use the read alignments from BAM/CRAM to call star-alleles and phase the gene.

3.2.1 BAM/CRAM analysis and alignment correction

Aldy begins by taking a SAM, BAM or CRAM file [80] generated by a read aligner (e.g.
BWA [81], pbbm2! or minimap2 [82]). It is recommended to post-process these files with the
GATK’s “Best Practices” pipeline [83] (the local indel realignment step is especially helpful for
the subsequent variant calling). Aldy extracts the relevant variants that are present in a given
pharmacogene from the alignment file, as well as coverage information needed for the copy
number and structural variation detection step. It also collects phasing information from long

reads, barcoded fragments and paired-end fragments where available.

'https://github.com/PacificBiosciences/pbmm2
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The original version of Aldy relied on the assumption that read alignments produced by
the off-the-shelf aligner are mostly correct. While this assumption holds for short paired-end
[llumina reads, it breaks for long reads such as PacBio HiFi reads. For example, if a sample
harbors a gene duplication and if the highly similar pseudogene is located immediately next to
this gene, any long read spanning two duplicated copies of the gene will get its second half
incorrectly aligned to the pseudogene because the reference genome does not contain two copies
of the gene in question (Integrative Genome Viewer (IGV)[84] coverage plot in Figure 3.1).
The correct alignment would perform a split mapping and align the second half again to the
pharmacogene. These incorrect alignments are even more problematic in the presence of gene
fusions: any read that spans a gene-pseudogene fusion breakpoint will not be split-mapped but

incorrectly aligned to either pharmacogene or its pseudogene.

CYP2D6 CYP2D6 CYP2D7

PacBio long read

Reference genome

I 1| .

CYP2D6 CYP2D7

Aligned PacBio long read

Figure 3.1: An example of an incorrect long read alignment to the reference genome and its
correction. If a donor genome (above) contains two copies of CYP2D6 pharmacogene, any long
read (gray rectangle) that spans both copies will get aligned to the reference genome (below)
that contains only a single CYP2D6 copy. However, this read will get its second half (containing
CYP2D6 sequence) incorrectly aligned to the CYP2D7 pseudogene due to the high sequence sim-
ilarity between these genes. The final result is the over-abundance of coverage in the pseudogene
region as compared to the CYP2D6 region (an IGV coverage plot is shown above the reference
genome).

Aldy 4 corrects such alignments by splitting any long read that spans the gene-pseudogene
boundary into shorter gene-level segments and aligning each segment independently. Each seg-
ment is guaranteed to span only one gene (either pharmacogene or a pseudogene) and thus avoid
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being misaligned in the manner described above. The size of each such segment is at most the
size of the gene. Aldy 4 performs a further split-mapping of each segment that spans a potential
fusion breakpoint to determine whether a read originates from a fusion event or not (a read is said
to originate from a fusion event if its split-mapping alignment score is better than the original
alignment score).

Unlike previous versions, Aldy 4 considers base quality scores and read mapping qualities
when calling the allele-specific variants. This ensures that the low-quality variants in noisy and
low-coverage samples are filtered out before the star-allele calling. Finally, Aldy 4 performs the
indel-realignment step through indelpost [85] to correct misalignments that often happen when

aligning short-reads to small indels [86].

3.2.2 Copy number and structural variation analysis

In a typical scenario, a sample contains two parental copies of a pharmacogene of interest
for which star-alleles need to be called. This is generally true for most of the pharmacogenes
of interest. However, a few major pharmacogenes do not follow this pattern and are prone to
various copy number changes and structural events. The most notable example is that of the
CYP2D6 gene, one of the most important pharmacogenes [9], whose copies can undergo whole
gene deletions, duplications and hybrid fusions (where a copy begins with the CYP2D6 sequence
but switches to the pseudogene CYP2D7 sequence at a given breakpoint, or vice versa) [87].
Other prominent examples include CYP2A6, G6PD and so on. Each copy—fusions included—
yields its own star-allele. Thus, in order to correctly call star-alleles of such genes, it is necessary

to correctly detect the total number of available gene copies as well as the configuration (i.e.,
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structure) of each copy.

Each gene copy can be described by its structural configuration represented as a binary
vector g € G that indicates the presence or absence of genic regions in a given configuration
(Figure 3.2). Because each star-allele is defined by a matching structural configuration, such
configurations must be found before the star-alleles can be accurately called. The size of the
configuration vector depends on the number of gene segments that define various structural con-
figurations. For example, the CYP2D6 gene is divided into » = 20 segments that correspond
to its exons, introns and flanking regions, because all structural variations are described at the
level of whole exons and introns [87]. The total length of the CYP2D6 configuration vector is
2r (i.e. 40) because the vector also includes segments from the neighboring CYP2D7 pseudo-
gene. This vector can encode any known CYP2D6 structural configuration: for example, a single
CYP2D6 copy (r ones followed by r zeros), a single CYP2D7 copy (r zeros followed by r ones),
CYP2D6-2D7 fusion in intron 1 (one followed by r — 1 zeros, in turn followed by a0 and r — 1
ones) and so on. Once these vectors are established, any complex configuration within CYP2D
locus can be represented as an aggregate of individual configuration vectors (see Figure 3.2A for
an example). Note that valid structural configuration vectors are obtained from the correspond-
ing allele databases, and that each such vector is typically assigned a star-allele identifier (e.g.,
CYP2D6*13A represents a CYP2D6 fusion with the breakpoint in exon 1).

In a sequenced sample, we only observe the aggregate coverage vector cn that describes
the number of reads covering each genomic loci of interest within the sample (the formation of
this vector is described in Supplemental Note S2 of [54]; an example is shown in Figure 3.2B).
The goal of Aldy is to find a set of configuration vectors {gi, ..., g,} C G whose sum is closest

to the observed aggregate coverage, where each structural configuration can be selected only
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once (an assumption made for the sake of clarity; in practice, Aldy allows selecting the same
configurations multiple times). As there might be many such sets, Aldy only looks for the most
parsimonious solution: a solution that selects the minimal number of such vectors. This problem,
previously dubbed as the Copy Number Estimation Problem (CNEP) [69], can be efficiently
solved via integer linear programming (ILP) as follows.

Assume that a gene G is segmented into 2r regions. Let G = {g, ..., g|g } stand for the
set of the available configuration vectors, where g; = [g;1,. .., 82 and g;; € {0,1} for any ¢
and j. Let cn be the aggregate coverage vector observed from HTS data, and let us introduce a
binary variable z; for each g; that indicates if g; is a part of the solution or not. The objective—
minimization of difference between the observed aggregate coverage and predicted solution—can

be modeled as follows:
G|

minQZr cnj — Z 2i8i | -
j=1 i=1
While this model performs well on WGS and targeted data [69], it is rather sensitive to de-
viations from the expected coverage distribution. It can also not properly handle the cases where
the normalized aggregate coverage is not stable or uniform. For targeted panels with non-uniform
coverage distributions, aggregate coverage can be ‘“normalized” by dividing it by the coverage of
the control sample if it is stable across different samples. Aldy does this automatically for known
targeted panels. Thus, Aldy 4 improves the original CNEP formulation by introducing additional
optimization terms. This is done by modifying the original objective term and extending it with

two additional terms, resulting in a three-term optimization objective.

The first term is the same as the original CNEP objective, but focuses only on the regions
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associated with the pharmacogene (and not its pseudogene):

r |G|

01 = E an— E Zigi,j .
i=1

Jj=1

The second term of the objective function considers the interaction between the pharma-
cogene and the corresponding pseudogene region by considering the changes between their re-
spective region coverage. For example, if the coverage of the exon 2 in CYP2D6 is 3 and in
CYP2D7 is 2, the resulting region coverage difference would be 1. This difference can be further
normalized (in this case, divided by 3). Using normalized differences allows us to handle sam-
ples in which the observed aggregate coverage (cn) varies between the regions due to various
sequencing and alignment biases. Despite region-specific coverage variation, the relative abun-
dances between the matching gene-pseudogene regions remain constant. This term can formally

be expressed as:
4

,
cny — Chyyr 8ij — Bijtr
0y = —_— - Zp——— |
? Z Vj Z ' v;
7j=1 i=1
Here v; = max{cn;, cn;, } + 1 is the normalization factor.
The final term of the objective function ensures that the ILP solver selects the most parsi-

monious solution:
G|

03 = Z iz
i=1
{; i parsimony parameter (by default set to 1/|G|). However, some unlikely configurations, such
as left fusions, will have higher parsimony scores to reflect the observation that such configura-
tions are rare [88].

Aldy 4’s modified CNEP model uses an ILP solver to minimize sum of these three terms

41



A CYP2D6 CYP2D7

€2 I2

[
oe
&
oe
=

)

Sir+1 842 8Bir+3 Blr44

o

veyrzpe =[1 1 1 1 1’ O 0 0 0 .. 0]
veyrpepy =[O0 O O O 0 1T 1 1 1 1]
vevpeperz=[ 1 1 O O 0 O 0 1 1 1]
B) CYP2D6 CYP2D6 CYP2D7

CYP2D6
B CYP2D6*13

CYP2D6 CYP2D7 Reference genome
e, emy emy  eny en, g en ey enp o,
ch=[3 3 2 2 .. 2 T 1 2 2 ... 2]

= Vcypr2p6 + VcyrP2p6 + VcyrP2Dp7 + VCYP2D6*13

Figure 3.2: A sample decomposition of aggregate coverage into individual structural configu-
rations. (A) An example database of CYP2D6 structural configurations containing three such
configurations (Vcypapg, Voypepr and veypapg«13). Regions on fop of the configurations that
were defined (i.e., ey, 7 etc.) are shaded with lighter color. In this example, veypapg corresponds
to the g;. (B) Sample decomposition of the aggregate coverage vector cn, observed after aligning
the reads originating from the donor genome (above) to the reference genome (below). As can
be seen, cn can be expressed as the sum of 4 structural configuration vectors from the database.

01+ 02+ 03. These solutions are passed to the later steps that will decide the best overall solution.

3.2.3 Star-allele calling

Aldy now proceeds by assigning the exact star-allele identifier to each of the n structural
configurations obtained in the previous step. As stated in Section Methods, a star-allele S; is
defined as a tuple (g;, 4;), where g; € G and A; C M. The star-allele assignment problem can
also be modelled through the ILP as follows.

Let us indicate the presence of star-allele S; with a binary variable a;. Our goal is to select
a set of star-alleles 51, ..., S, such that (1) the set of the structural configurations that describes

selected star-alleles is identical to the set the structural configurations from the previous step,
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and (2) the difference between predicted and observed coverage for each variant m (denoted as

cov(m)) is minimized. In other words, we want to minimize

Z cov(m) — Z ai| .

meM it mEA;

While conceptually simple, this model does not account for cases where database defi-
nitions are incomplete or incorrect. To account for these cases, the model must be allowed to
alter star-allele definitions if needed. Aldy thus introduces new binary variables p; ,, and g¢; .,
that indicate if a variant m is to be “removed” from the star-allele .S; (while being present in the
database definition A;), or “added” to it (while being absent in A;). Then it attempts to minimize

the following expression for each variant m:

em = |cov(m) — Z @iDim + Z a;Gi,m

1mEA; mgA;

As a;, p;m and ¢, ,,, are all binary variables, their product can be expressed as a set of linear
constraints.

The minimization objective can be expressed as:

min Z em + Z a; Z Qim (1 = pim) + Z Bi.mTim

meM i

Parameters «;,, and [3;,, are penalties for adding or removing the variant m from allele S;.
Adding a variant is less common than missing a variant, so generally we use «;,, = 2 and
Bim = 1 for any ¢ and m [69]. Note that not all variants are the same: as functional (core)

variants can fundamentally alter the behavior of a star-allele (and thus change its designation),
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Aldy disallows removing such variants from any star-allele and allows adding novel functional
(core) variants to the allele if and only if no other assignment is possible. This is done by setting
the corresponding «; ,,, to a very large value. Note that novel core variants are added only if no
other decision can be made.

The star-allele calling model also enforces other constraints: each functional (core) variant
must be expressed by at least one allele, and each structural configuration must be expressed by
at least one allele compatible with it. Finally, Aldy performs two rounds of star-allele calling for
improved accuracy. In the first round, Aldy only considers functional (core) variants and iden-
tifies all major (core) star-allele combinations that explain the present functional variants [69].
Being restricted solely to core variants, this step alone often produces multiple candidate solu-
tions. Thus, Aldy then uses the second round to refine the candidate calls from the first round
and break the ties by considering the silent variants (subvariants) as well. It finally selects the
star-allele with the best second-round objective score as the final call.

The formulation Aldy 4 uses for this step remains similar to the original model used in the
older versions of Aldy. The single major difference is the change in the first (functional star-allele
calling) round: Aldy 4 can now call star-alleles that contain novel functional (core) variants—a

not uncommon event if a gene database is incomplete—if no other call can be made.

3.2.4 Read-based phasing

The above-described model essentially performs a variant of statistical phasing: it utilizes
the database knowledge to select the most likely haplotypes that best explain the given observa-

tions from the data. While performing well in practice [69], there are nevertheless cases when the
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aforementioned model produces multiple equally-likely calls. It is also unable to assign a novel
variant to a particular star-allele unambiguously. Finally, in sporadic cases, the above model
can produce incorrect results. These challenges can be resolved with long reads that provide
long-range phasing information. Aldy 4 newly incorporates the handling of long-range phasing
information to the star-allele calling model as follows.

Suppose that there are z fragments Ry, ..., R,, each fragment being defined by a set of
variants that it spans: R; = {my, ..., } C M. Each sequenced fragment originated from a single
star-allele, and can thus be assigned to one of the star-alleles in the dataset. This assignment
can be controlled by introducing a binary variable f; ; that is set if and only if a fragment R; is
assigned to S;. Clearly, >, f; ; must be one for every R; because each fragment originates from
a single allele.

Ideally, we want to assign a [2; to S; only if such an assignment agrees with the star-allele
sequence as much as possible. In other words, we want to minimize the number of disagree-
ments between allele .S; and fragment 12;. Thus, the total disagreement of an assignment can be

expressed as follows:

€ij = Z (1 = pign — Giym) + Z (Pim + Giim)

meR; meR;

where R; denotes the set of variants that are not present in read R; but are spanned by it.

The total phasing error can be expressed as ZM fri€ri. This expression can be added
to the objective function of the star-allele calling model. Although the expanded version of this
expression contains quadratic terms, each quadratic term is a product of two binary variables and,

as such, can be trivially linearized.
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As a final remark, note that the number of binary variables in the phasing model is de-
pendent on the total number of present reads and alleles. In some cases, it can exceed half a
million variables, making the overall model very costly to solve. The model can be significantly
improved by using a smaller random sample of fragments, where the size of the random sample

depends on the number of present reads and alleles.

3.2.5 Limitations

Aldy uses ILP solvers to solve the presented models. While ILP solving is NP-hard even
when restricted to the models mentioned above [69], all these models are solvable in prac-
tice in less than a minute thanks to the state-of-the-art integer programming solvers utilized by
Gurobi [47] or CBC [89] solvers.

In some rare instances, Aldy cannot unambiguously call star-alleles from short-read datasets
due to the read length limitations and lack of strand information. In these cases, Aldy will report
all possible solutions. In some cases, this might be misleading; for example, a *68+*4/*5 call
can be reported as *68/*4 (where *5 stands for deletion allele). However, both calls are func-
tionally identical and should be treated as equal (as is done here). Aldy also makes heavy use of
the existing star-allele databases to call star-alleles and fusion breakpoints. While it can handle
cases where the database is incomplete or lacking, it can theoretically report incorrect results if a
present allele is wildly divergent from any allele in the database.

Aldy 4’s detection of structural configurations is highly dependent on the stability of cover-
age across different sequencing runs. While this is not a significant issue for short-read WGS and

targeted sequencing panels, the coverage might vary more than expected in PacBio samples. For
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this reason, Aldy 4 brings support for the exploration of a broader solution space when needed to
account for potential noise.

Finally, note that Aldy 4 does not cover all existing pharmacogenes: genes from the IG and
HLA regions, ABC gene families (e.g., ABCG2), and the UGT1/2 gene clusters are prominently
not included. While some genes, such as ABCG2, can be easily supported with a corresponding
database file (something that is planned for the future releases), more complex clusters such as
HLA or IGH require major changes to the core algorithm to account for challenges posed by

those regions, and are better left to the specialized tools such as ImmunoTyper-SR [90].

3.3 Results

We have compared Aldy 4.3% (with PharmVar v5.2.3) against Astrolabe v0.8.7.2 [71], Stel-
larPGx v1.2.5 [72], Stargazer v1.0.8 [70] and Cyrius v1.1.1 [74]. Aldy 4 was also compared
against Aldy v3.3 [69], the previous version of Aldy. The comparisons were done on a sizeable
GeT-RM set of publicly available samples and genes for which genotyping panel validations were
available [66, 91, 92]. These samples were sequenced with three technologies: (1) PGRNseq v.3
Illumina-based pharmacogene-targeted panel ([76]; 137 samples), (2) Illumina whole-genome
sequencing (WGS; 70 samples), and (3) 10x Genomics sequencing (95 samples). In addition to
these samples, Aldy 4 was also run on the set of 45 Coriell samples sequenced by PacBio HiFi
pharmacogene-targeted panel [93, 94] and validated by [95]. The percentage of known alleles
covered by these datasets for each evaluated gene is available in Supplemental Table S1 of [54].

Aldy 4 and other tools were run on the following 19 genes: CYPIAI, CYPIA2, CYP2A13,

CYP2A6, CYP2B6, CYP2CS8, CYP2C9, CYP2C19, CYP2D6, CYP2J2, CYP2S1, CYP3A4, CYP3AS5,

’https://github.com/0xTCG/aldy
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CYP3A7, CYP3A43, CYP4F2, DPYD, SLCOIBI, and TPMT. While Aldy 4 also supports addi-
tional 15 genes, their evaluation was omitted because we did not have the ground truth panel data
for these genes. Note that not every tool supports all of these genes: as a rule of thumb, Stargazer,
Aldy 3 and Aldy 4 provide the broadest support, while the other tools are geared towards a small
subset of these genes (typically CYP genes, such as CYP2D6 and CYP2C19).

In an ideal world, we would have a “perfect” phase for each sample and would be able to
evaluate each tool against such phase. Unfortunately, the available ground truth data is obtained
through genotyping panels and assays designed to detect only the common major star-alleles (or
core alleles; alleles defined solely by functional, or core, variants). These panels often cannot call
minor star-alleles (or sub-alleles; alleles defined by non-functional variants, or subvariants, and
functionally indistinguishable from the major star-alleles), as well as less common alleles. The
low resolution of the available ground-truth data and the differences in database specifications
between the different tools necessitated a few accommodations within the evaluation process
for the sake of fairness. First, we updated ground truth calls that missed the presence of less
common variants and alleles. Updates were only done if there was a consensus between the
star-allele calling tools that differed from the ground truth data and if an updated call extended
the validated allele definition (i.e., if the variants defining the validated allele also form a part
of the consensus definition). Note that a similar approach was used in [69]. Each updated call
was further manually inspected to ensure that the variants missing from the ground truth calls are
indeed present and not sequencing artifacts. In rare instances, it was hard to precisely distinguish
the presence of the variant, especially if the variant allele frequency (VAF) was too low (alleles
with lower VAFs are sometimes caused by the sequencing or read alignment bias, especially in the

presence of pseudogenes, and are typically validated through Sanger sequencing). Samples with
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such variants were marked as “Need Validation™ (Table 3.1). For such samples, calls that either
used or ignored such ambiguous variants were deemed “correct”. Second, we have followed
the common strategy employed in clinical studies [79] by only comparing the major (core) star-
allele calls and ignoring the minor star-allele (sub-allele) designations. In other words, only the
phasing of functional (core) variants was considered; subvariants and silent variants that do not
alter the functionality of an allele were ignored (i.e., a *1 A/*2B minor star-allele call was treated
as a functionally equivalent *1/*2 major star-allele call. Note that major (core) star-alleles are
typically distinguished by the number (e.g., *1 functionally differs from *2), while minor star-
alleles (sub-alleles) are traditionally distinguished by a letter (e.g., *2A and *2B harbor different
silent variants despite sharing common core variants), or by a numerical suffix in the recent
PharmVar definitions (e.g., *2.001 instead of *2A).

The further complication lies in the discrepancies among the databases themselves: dif-
ferent tools ship with different databases and often augment such databases with custom entries.
For that reason, identical alleles with differing names were treated equally, and ambiguities were
resolved in the individual tool’s favor (e.g., if a tool’s call could be interpreted as correct, we
called it as correct; this way, we ensured that custom database entries were accounted for). The
exact criteria used for allele updates and allele comparisons is listed in the Supplemental Note S1
of [54].

Where possible, the CYP2DS region was used as the copy number neutral region; excep-
tions include Aldy 4 using F/ region for the PacBio data. Some tools, such as Astrolabe and
Stargazer, required VCF files; where needed, VCFs were generated by BCFtools [80].

All results were obtained on machines with Intel Xeon E5-2680v4 and 8260 CPUs. Each

evaluated tool genotypes a single gene in a single sample within a few minutes, regardless of the
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sequencing technology used. However, note that Aldy 4 only needs BAM/CRAM to run; other
tools often require VCF or GDF files that can take significant time to generate.

Overall, the best accuracy on short-read datasets (PGRNseq v.3, Illumina WGS and 10x
Genomics) was achieved by Aldy 4 (98.42%), followed by Aldy 3 (96.78%), StellarPGx (90.40%),

Astrolabe (86.50%), Cyrius (82.63%) and Stargazer (76.47%).

3.3.1 PGRNseq v.3

Aldy 4, Aldy 3, Stargazer and Astrolabe were run on 137 PGRNseq v.3 targeted sequenc-
ing [76] samples from the GeT-RM collection. PGRNseq v.3 targets common pharmacogenes
and sequences them at high depths (up to 1000 x per loci).

Note that we could not get either Stargazer or Astrolabe to run on targeted sequencing
data natively; thus, VCF files were provided as an input for these tools. Because of the limited
nature of VCEF files, these tools were unable to call copy number changes and fusions on this
dataset. While Stargazer has a mode for targeted data, we were unable to get good results with it.
Comparison with StellarPGx was omitted as it does not support targeted sequencing data.

As can be seen in Table 3.1, Aldy 4 identifies nearly all of the alleles in all genes correctly—
more than the other two tools—with a total accuracy of 98.45%. In some cases (e.g., failed cases
in the genes CYPIAI and CYP2B6), no caller was able to call correct star-alleles because the
PGRNseq panel did not sequence the variant of interest (e.g., a non-exonic downstream variant
rs4646903 that defines CYP1A1*2A was not covered by the panel at all).

On this dataset, Aldy 4’s performance is only marginally better than Aldy 3. This is ex-

pected as neither of the model updates unique to Aldy 4 applies to the high-quality PGRNseq
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Table 3.1: Summary of the star-allele calls generated by six tools (Aldy 4, Aldy 3, StellarPGx, Stargazer, Astrolabe
and Cyrius) on 137 GeT-RM samples sequenced by three different technologies. Bold results indicate the best tool
for a given genotyping platform. Some tools do not support all genes; those cases are indicated with a dash (—
). Checkmark (¢) indicates the call that matches the updated validation panel star-allele call; a cross-mark (%)
indicates the mismatch. Number of updated panel calls, as well as the calls that need further validation (marked with
N.V.), is indicated at the beginning. Note that the total number of samples varies across genes and technologies
due to the availability of sequencing data and ground truth validation. Detailed results are available at https:
//github.com/0xTCG/aldy.

PGRNseq v.3
Aldy4 | Aldy3 | Stargazer | Astrolabe
Gene Updated  N.V. vV %, vV %, v %, v =
CYP2D6 0 0| 13 31135 21 68 691 71 66
CYP2A6 12 1137 01133 41117 20! —
CYPIAI 31 o 78 18' 79 17! 78 18! —
CYPIA2 1 0 9% 0,9 0, 9% 0, —
CYP2A13 20 0| 9% 0, 9% 0, 9% 0, —
CYP2B6 36 50135 2,134 3,118 19, —
CYP2C8 5 0137 01137 01137 01135 2
CYP2C9 1 0137 0'137 0'120 17 ' 128 9
CYP2CI9 3 0137 o0 : 137 0 : 128 9 : 137 0
CYP2J2 1 0| 9% 0, 9% 0,6 8 11 B  —
CYP2S1 4 0| 93 3, 94 2, 93 3, —
CYP3A4 0 0137 01137 01128 9, —
CYP3A5 0 0| 137 01137 01107 301 —
CYP3A7 7 0| 96 o0' 9 0! 45 51! —
CYP3A43 10 0| 87 9 } 87 9 } 87 9 } —
CYP4F2 11 0137 0,137 0, 6124 13,137 0
DPYD 46 0| 137 0,136 1, 70 67, —
SLCOI1BI 42 1136 11114 231133 41135 2
TPMT 0 0137 01137 01137 01137 0
Accuracy 9845% | 9737% | 8493% | 91.76%
Hllumina WGS
Aldy4 | Aldy3 | StellarPGx | Stargazer | Astrolabe | Cyrius
Gene l/ ® | V ® | V ® | V x | I/ ® | V ®
CYP2D6 | 69 1163 7165 5150 20143 27170 0
CYP246 | 70 068 2167 3158 121 -
CYPIAI 66 0'66 0! — I 64 2! — —
CYPIA2 | 66 0 [ 66 0 66 0| 66 o, - . -
CYP2A13 | 66 0,66 0, — | 59 7, T
CYP2B6 | 69 1169 168 215 14 S —
CYP2C8 | 70 0170 01 _ I 58 12 1 68 21 —
CYP2C9 | 70 0'70 0170 0'54 16! 67 30—
CYP2CI9 | 69 1 : 69 1 : 69 1 : 67 3 : 70 0 : —
CYP2J2 66 0,66 0 — | 51 15 -, =
CYP2S1 66 0,66 0, — | 65 1, S —
CYP3A4 70 01 70 01 70 01 49 21 — I —
CYP3A5 | 69 1169 1168 2146 241 - =
CYP3A7 | 66 0'66 0 — 54 12 S L —
CYP3A43 | 66 0 } 66 0 } — } 55 11 } - } -
CYP4F2 | 70 0,7 0,66 4,57 13,26 44, —
DPYD 70 0,70 0, — |28 42 S —
SLCOIBI | 70 0168 21 — I 65 51 69 | E—
TPMT 70 0170 0 — I 63 71170 (0 R —
Accuracy 99.69% ' 98.92% | 97.28% | 81.80% ' 84.29% ' 100.00%

dataset with stable coverage. Minor changes are mostly due to the differences in the variant

calling (e.g., Aldy 4’s incorporation of quality scores and mapping qualities).
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Table 3.1: (Table continued from the previous page)

10x Genomics

Aldy 4 | Aldy 3 | StellarPGx | Stargazer , Astrolabe ;| Cyrius
Gene vV X vV %V X' v %'v %' v %
CYP2D6 |78 17 , 57 38, 54 41 | 44 51, 51 44, 62 33
CYP246 | 69 26 ' 42 538l 14134 61— 1 —
CYPIAI | 88 1,89 0, — .5 33, — , —
CYPIA2 |89 0!8 089 0'77 12— 1 —
CYP2AI3 |89 0,8 0, — .64 25, — , —
CYP2B6 |94 1'% 163 61 M —
CYP2C8 |94 1,95 0, — .64 31,093 2, —
CYP2c9 |95 0195 0% 1154 4119 30—
CYP2CI9 | 94 1,95 0,62 33,65 30,95 0, —
Cyp2j2 |89 0!8 0! — 58 311 — 1 —
cyp2si |89 0,8 0, — .76 13, — , —
CYP3A4 |95 0195 01091 4151 44— 1
CYP3AS |95 0,95 0,87 8,53 42, — ., —
CYP3A7 |89 0!8 1! — 149 401 — 1
CYP3A43 | 88 1,8 1, — ,66 23, — ., —
CYP4F2 |94 1195 0188 7149 46136 591 —
DPYD 95 0,9 1, — 130 6, — | —
SLCOIBI |93 218 10' — 174 21193 20—
TPMT 95 0,9 0, — 18 15,95 0, —
Accuracy | 97.11% ' 94.04% ' 8351% ' 62.68% ' 83.46% ' 6526%

3.3.2 Ilumina WGS

We have run all tools on 70 Illumina HiSeq-sequenced WGS samples from the GeT-RM
sample collection. These samples were sequenced with an average depth of roughly 30x. The
details are also available in Table 3.1.

Here, Aldy 4 again calls nearly all star-alleles correctly and genotypes more samples than
the competition for every considered gene. The only exception is CYP2D6, where Cyrius geno-
types two samples (NA21781) more than Aldy 4. In this case, Aldy 4 misses the non-functional
*68 and identifies the *2 allele as *65; however, the *65 allele extends the *2 allele with a single
variant (rs1065852), and it is unclear if this allele is indeed a *2 or a *65.

Aldy 4 and other tools were able to correctly call alleles defined by intronic and downstream

variants across the genes on this data. Note that the main reason behind the Stargazer’s lower
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accuracy on this dataset was copy number calling: while Stargazer often identified the star-allele
correctly, it would often call them more times than needed (e.g., *1/%2+*2 instead of *1/*2).
Note that Aldy 4 only calls copy numbers and fusions on genes that are known to harbor such
changes; otherwise, it assumes that two copies are present.

Note that Astrolabe used a modified CYP4F2 database whose allele nomenclature differed
from the other databases. Thus, the comparison with Astrolabe on CYP4F2 was omitted for the
sake of consistency. We also observed a large number of mismatches in SLCO1B]1 across all tools
due to the incomplete panel validation and inconsistent database specifications used by various
tools.

Finally, the improvements in the copy number model and more sensitive variant calling in

Aldy 4 account for a few improved calls on more complex CYP2D6 and CYP2A6 samples.

3.3.3 10x Genomics

We have run all tools on 95 GeT-RM samples sequenced by a 10x Genomics WGS se-
quencer. The average depth of sequencing was roughly 40x. Because several important phar-
macogenes reside within repeated regions of the human genome, EMA aligner [96] with density-
based optimization mode was used for improved alignment of the 10x reads to the reference
genome (hg19 at the time of alignment; the same results should be expected when aligning the
data to hg38 as well because the gene regions of interest did not undergo major changes between
the two releases). The comparison details are available in Table 3.1.

Although the 10x Genomics protocol uses Illumina HiSeq for sequencing, the read cover-

age is not as uniform as it is in an average Illumina WGS sample. 10 x-specific biases also result
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in quite a few misaligned reads compared to the WGS data. For this reason, the overall allele
calling accuracy is lower than the WGS dataset; this 1s especially evident in Stargazer, where the
accuracy of its copy number detection module is even lower than in WGS data.

However, Aldy 4 still correctly calls the majority of alleles (with 97.11%) accuracy, espe-
cially when compared to the other tools. The most challenging genes for all tools were CYP2A6
and CYP2D6. Aldy’s accuracy is lower in these genes, primarily due to the occasional copy
number mismatch (due to the coverage unevenness) and sequencing artifacts (where many mis-
identified variants were either an artifact or were under-sequenced). Note that Aldy 4 benefited
from the novel phasing module that was able to successfully utilize 10x Genomics barcodes to
link long-distance variants together. Finally, we observe significant improvements over Aldy 3 in
CYP2D6 and CYP2A6 samples on this dataset due to an improved copy-number model that better
handles noisy coverage and ambiguous variants (a common case in 10x Genomics samples), and

is as such able to improve the calling accuracy up to 30% in these genes.

3.3.4 PacBio HiFi

Finally, Aldy 4 was run on two sets of PacBio HiFi samples sequenced by a custom targeted
pharmacogenomics panel [93, 94]. The first set contained 24 samples, while the second set was
comprised of 21 samples. The coverage of these datasets varies—it can be as low as 10x—and
at times exceed even 200x. Aldy’s calls were compared with those of Astrolabe. While none
of the other tools support PacBio long reads natively, we were able to at least run Astrolabe in
VCF mode. The validation data was obtained from [95] and [91]. The call details are available

in Table 3.2.
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Star-allele calls generated by Aldy 4 agree with the ground truth in all genes except for
a few CYP2D6 calls and one CYP2C9 call. Furthermore, its calls augmented and phased many
ground-truth calls generated by panels with limited variant coverage with additional variants
observed by PacBio data (Table 3.2). Aldy was also able to find and phase alleles that have not
been cataloged in CYP2B6, CYP2C19, CYP3A4, DPYD and SLCOIBI. Further validation of
such novel calls, as well as of the calls that were deemed ambiguous, is needed to fully confirm
and understand such alleles.

When it comes to CYP2D6, Aldy 4’s calls disagree with the ground-truth data due to the
difference in predicted copy number. In two instances, Aldy 4 called an additional copy (i.e.,
*14*1 instead of *1, and *4+*4 instead of *4), while in the other two instances, Aldy 4 did not
call an existing copy (i.e., it called *2 instead of *2+*2 and *10 instead of *10+*10). In one
instance, Aldy called *36 instead of *10 (note that these alleles are nearly identical, with the
only difference being a conversion of exon 9 in *36); in the final instance Aldy did not call the
non-functional *68 fusion allele. In all these cases, the observed coverage was noisy, and further
validation is needed to ascertain the exact copy number of these samples. Let us also point out
that Astrolabe’s calls in genes CYP2C19 and SLCOIBI, as well as on CYP2D6 on the second

dataset, were highly ambiguous, often containing more than ten functionally different solutions.

3.3.5 Other remarks

Many tools often confuse CYP2B6*6 and CYP2B6*9 alleles that differ only in the variant
rs2279343. This variant is often either under-sequenced or covered by ambiguous reads that

potentially originate from the neighboring CYP2B7 pseudogene, and is thus hard to call with
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Table 3.2: Overview of the star-allele calls generated by Aldy 4 and Astrolabe on PacBio HiFi
targeted data. Some tools do not support all genes; those cases are indicated with a dash (—).
Check mark (¢) indicates the call that matches the updated validation panel star-allele call; a
cross-mark () indicates the mismatch. Number of updated panel calls, as well as the calls that
need further validation (marked with N.V.), is indicated at the beginning.

Dataset 1

Aldy 4 | Astrolabe
Gene Updated N.V. | v %,V x
CYP2D6 6 122 27 9 15
CYPIA2 1 0[24 0/ —
CYP2B6 8 0/24 0 —
CYP2C8 2 0(24 0115
CYP2C9 3 1124 0,23 1
CYP2CI9 4 024 0, 9 15
CYP3A4 14 0[24 0' —
CYP3A5 0 024 0 —
CYP4F?2 0 024 0113 11
DPYD 20 024 0, —
NUDTI5 0 1124 0 —
SLCOIBI 8 0(24 0'24 0
TPMT 1 0/24 018 6
Accuracy 99.36% ' 66.07%

Dataset 2

Aldy 4 | Astrolabe
Gene Updated N.V. | v %, ¢ 4
CYP2D6 0 018 3|14 7
CYPIA2 0 ol21 0! —
CYP2B6 6 of21 0 —
CYP2C8 0 021 012 9
CYP2C9 0 020 1,20 1
CYP2C19 2 0|21 019 2
CYP3A4 0 0|21 0' —
CYP3AS 0 0121 01 —
CYP4F?2 1 021 012 9
DPYD 8 0ol21 0, —
SLCOIBI 6 020 1'21 0
TPMT 0 0/21 0'19 2
Accuracy 98.02% ' 79.59%

high confidence in some technologies (e.g., PGRNseq v.3). When the true call was ambiguous,

both possible calls were deemed “correct”. Similar cases were also observed with CYP2A6*1
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and CYP2A6*35 alleles. Further validation is needed to properly ascertain the true existence of
these alleles in problematic samples.

If multiple allele calls were generated by a tool for a given sample and gene combination,
the call was deemed “correct” if at least one such multi-call matched the ground truth. Note that
the prevalence of multiple calls was overall low: around 1.1% for Aldy 4, 2.7% for Aldy 3, 1.9%
for Stargazer, 1.9% for StellarPGx and 15.7% for Astrolabe. Aldy 4’s new phasing model was a
significant factor for a low multi-call rate: while the rate was 1.6% on PGRNseq v.3 and 1.8%
on WGS samples due to the short read lengths of such samples, it decreased to 0.5% on 10x and
PacBio samples that allowed better phasing. The vast majority of ambiguous calls were observed
when genotyping CYP4F2 and SLCO1B]I. Finally, note that Aldy 4 generated no more than three

diplotypes for each ambiguous call.

3.4 Discussion

Pharmacogenomics is becoming a key component of evidence-based medicine [97]. Genes
like CYP2D6 and CYP2C19 regulate a large portion of clinically prescribed drugs; other genes,
such as HLA or IGH gene cluster, are vital for understanding the immune response [98, 90]. As
their function is dependent on their haplotype, it is of vital importance to genotype and haplotype
these genes prior to administering medical treatment [99]. High-throughput sequencing tech-
nologies are a natural candidate for this process, especially when considered that the currently
available clinical genotyping panels are often restricted only to the most common genotypes and
struggle to detect more complex structural alterations within pharmacogenes.

In this work, we have presented Aldy 4, the first tool that can accurately and consistently
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call star-alleles in data from various sequencing technologies, including but not limited to long-
read PacBio data, [llumina short-read sequencing in all of its flavors (i.e., whole-genome, whole-
exome, and targeted capture data), as well as the 10x Genomics barcoded data. Aldy 4 achieves
this by employing combinatorial optimization models to solve various challenges associated with
calling pharmacogenetic haplotypes from sequencing data, such as copy number and structural
variation detection, variant calling and variant phasing, ultimately resulting in a star-allele de-
composition of a gene of interest. We have shown the strength of Aldy 4’s approach through
a series of comparisons against the current state-of-the-art star-allele callers, in which Aldy 4
performed the best. We hope that Aldy 4 will be of vital importance to clinicians in tailoring
prescription recommendations, thus leading to improved medical care.

There are still some open questions left that need to be answered in future work. Most
importantly, the panel-validated calls improved by the star-allele callers through the use of HTS
data—often containing novel alleles not previously cataloged in the existing databases—need to
be validated in a wet-lab environment for all genes presented, as was done recently for a selection
of CYP2C genes [100]. More tests are also needed on larger cohorts to accurately evaluate the
precision of these tools, Aldy 4 included, on rare fusions. The incorporation of other highly poly-
morphic pharmacogenomics regions, such as HLA or IGH, should also be considered, as Aldy
(and other evaluated pharmacogenomics tools) is currently unable to handle the complexities of
such regions. Finally, the complete characterization of minor star-alleles, accompanied by the
careful characterization of non-coding variants, is also needed to understand the full effect of

pharmacogenes on the treatment and drug dosage decisions.
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Chapter 4: Identifying distinct developmental methylation programs and cell

type compositions in Glioblastoma using Qombucha

The conversion of genes into their functional products, typically proteins, is called gene
expression. It’s a tightly regulated process that enables a cell to respond to its changing envi-
ronment by making more or less of a specific protein [101]. While many processes control the
expression of selected genes in specific environments, a biological process called DNA methy-
lation is used by organisms to enhance or suppress gene expression. DNA methylation involves
adding “methyl” groups to the DNA molecule either within genes or regions that regulate gene
expression such as the promoter region. It is a mechanism by which the activity of a gene can be

controlled without changing its sequence composition.

4.1 DNA methylation at CpG sites

DNA methylation typically occurs at the nucleotide cystine (the character C among { A, C, G, T'}
nucleotides). Nucleotides C and G occurring next to each other in the DNA is called a “CpG”
site (phosphate links any two nucleotides in the DNA). “CpG islands” [102] are the regions in
the genome that have a high frequency of CpG sites.

DNA methylation is largely preserved under mitosis, i.e., daughter cells of the same cell

type inherit methylation of the same sites as their parent cells. However, various pathways seem
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to contribute to excessive methylation/demethylation of somatic cells, whose effect is more pro-
nounced in cancer [103]. The following (yet) unpublished work explores the problem of simulta-
neously characterizing the types of brain cells and their methylation patterns in patients with an

aggressive form of brain cancer.

4.2 Motivation for the cell type inference problem and previous work

Glioblastoma (GBM), one of the most aggressive and common malignant brain tumors, has
a poor prognosis due to its invasive nature and resistance to conventional therapies [104, 105].
Treatment failures in GBM are attributed to the limitations of doing brain surgery [106] and to
high heterogeneity both within and across GBM tumors [107, 108, 109]. The intertumor het-
erogeneity of GBM can be characterized by differences in molecular markers, including DNA,
mRNA, and methylation [110]. [111] pioneered mRNA-based classification of GBM and es-
tablished the Classical, Mesenchymal, Proneural, and Neural subtypes. These transcriptomic
subtypes exhibit different responses to therapies [111], although genomic analyses showed that
multiple subtypes are often present in the same patient [107, 112]. To an extent, prognosis can
also be predicted via the presence/absence of somatic alterations in genes such as IDHI, IDH?2,
PTEN, and EGFR [113,110].

There has been a growing focus on DNA methylation-based classification and subtyping
[114, 110, 115]. [116] characterized six DNA methylation-based GBM subtypes: K27, G34,
IDHI, RTK (receptor tyrosine kinase) I, RTK II, and MES (mesenchymal), among which RTK
I, RTK II, and MES are most frequent in adult GBM [117]. These three DNA methylation-

defined subtypes have been associated with differences in incidence of seizures, spatial location
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within the brain, genomic features, and tumor purity. RTK I tumors are mainly found in the
right frontal lobe of the brain [118] and are enriched for platelet-derived growth factor receptor-
alpha (PDGFRA) gene amplifications. RTK II tumors are often found in the left-hemispheric
regions [118] and are associated with higher seizure incidence [119] and frequent epidermal
growth factor receptor (EGFR) gene amplifications. MES tumors are commonly observed in the
left-hemispheric regions [118], tend to have lower tumor purity and neurofibromin-1 (NF1) aber-
rations and increased level of immune cell infiltration [120]. Using a subset of 32k methylation
probes with high variance across subtypoes, [121] extended this line of work to obtain a classifier
for 98 brain and central nervous system (CNS) tumor subtypes, including GBM subtypes RTK I,
RTK II, and MES.

Single-cell RNA-seq data have improved genomic understanding of GBM [108, 122, 123,
112, 124], but all the larger data sets rely on bulk measurements. In this study, we introduce and
analyze a new data set of 896 IDH-wildtype (no somatic mutation in /DHI or IDH2) tumors with
bulk methylation data. For comparison between IDH-wildtype and IDH-mutant tumors, we also
introduce a new dataset of 961 IDH-mutant tumors.

For analyzing such bulk methylation data from a large cohort, we introduce a new method
Qombucha to address: how can one estimate the proportion of each cell type from among a
defined set (next paragraph and Methods) of cell types and their unseen progenitors? Cell type
estimation problems/solutions are generally called “deconvolution”. For bulk transcriptomics
data, there are various deconvolution methods some of which jointly estimate the proportion of
each cell type and the proportion of total expression of a gene attributable to that cell type [125,

126, 127, 128, 129, 130, 131]. The deconvolution of bulk methylation data has also been studied
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by others using the following equation, where B is the observed bulk data.

B~ PC 4.1)

The prior work on deconvolution falls into three categories: (i) supervised (reference-based), (ii)
unsupervised (reference-free), and (ii1) semi-supervised (hybrid) [132]. The supervised methods
rely on the known methylation profiles of cells of interest, represented by known matrix C, to es-
timate the cell type compositions, represented by unknown matrix P in Equation (4.1). [133]
conducted pioneering work in methylation deconvolution and developed a linear constrained
projection-based algorithm that estimates cell type proportions in bulk sample data by minimizing
the differences between the observed bulk sample data and the projection of a reference matrix
onto the cell-type proportion matrix. Other methods, such as MethAtlas [134] and MethylRe-
solver [135], have employed least squares regression. In addition, machine learning approaches
have been developed, including the support vector regression-based Methyl CIBERSORT [136]
and the deep neural network-based cfSort [137]. The unsupervised methods, in contrast, have
been developed for situations where both P and C' are completely unknown and need to be in-
ferred simultaneously. The unsupervised methods are typically based on non-negative matrix fac-
torization (NMF), including MeDeCom [138] and EDec [139], or on expectation—maximization
(EM) algorithms, such as MethylPurify [140] and PRISM [141]. The semi-supervised methods
combine unsupervised techniques and prior knowledge to deconvolute. In these approaches, C'
includes fully known reference panels but leaves room for unknown cell types. CelFiE [142], for
example, uses a block coordinate descent-like algorithm to infer the compositions for known cell

types and a user-defined number of unknown cell types. PRMeth [143] employs an iteratively op-
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timized NMF framework to simultaneously infer the methylation profiles of unknown cell types
and the proportions of both known and unknown cell types.

Methylation deconvolution has been applied in GBM to elucidate the tumor’s epigenetic
landscape. Previously, [144] used a reference-free deconvolution method developed by [145] to
elucidate cell types and cell states in bulk GBM methylation data. [146] used the R package
InfiniumPurify [140] to deconvolve GBM tumor methylation data and assess tumor purity. How-
ever, none of these prior studies have specifically addressed the question of deconvolving GBM
methylation data to explore GBM subtype-specific brain cell development processes. Moreover,
the previous applications of methylation-based deconvolution generally consider observable cell
types but not the unobservable progenitors.

In contrast, our analysis of cell types in GBM is focused on the six non-neuronal differen-
tiated cell types studied by [147] as well as their progenitors; the differentiated cell subsets of
most interest include (in alphabetic order): astrocytes (ASC), endothelial cells (EC), microglia
(MGC), oligodendrocytes (ODC), oligodendrocyte precursors (OPC), and (the union of) vascular
and leptomeningeal cells (VLMC). Studies of various tissue types and organs support the notion
that developmental programs, which differentiate unobservable progenitor cells to observable
mature cells are branched processes [148, 149, 150]. Therefore, we consider the observable and
progenitor cell types as a tree which can substantially aid in the deconvolution because methyla-
tion status is typically inherited from parent cell to child cell. Previous research has shown that
GBM has complex cell origins, including neural stem cells (NSC) and non-neuronal cells like
ASC and OPC [151]. GBM tumors also display diverse cell states with transcriptomic signatures
that are ASC-like, neural progenitor cell(NPC)-like, OPC-like, and MES-like [112].

After we estimate cell type proportions, we investigate associations between cell types
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and tumor types using the methylation-based classification method of Capper et al. [121], IDH
mutation status, and overall survival. We also investigate which methylation sites give the most
signal for inferring cell type proportions and whether the methylation status of those sites is stable
in cell differentiation as explained below.

Previously, [147] performed single-cell whole genome bisulfite sequencing (scWGBS-seq)
for 40 major brain cell types in 46 brain regions across samples from three healthy males and
reported that 800 features grouped from 156k CpG sites are sufficient to differentiate mature
brain cell types - whose developmental program was represented as a tree. It is possible to
trace the origin of each cell by identifying those CpG sites that go through methylation status
change in distinct stages of development/differentiation [152]. Therefore, we used a subtree
of the developmental tree and features in [147] to define our tree-based deconvolution problem
below. The individuals from whom the samples were used for the model in [147] are healthy and
thus, we avoid the potential ciruclarity of using GBM-based modeling to define the developmental
tree-based based deconvolution problem below.

Analysis of a normal development tree process in cancer data could be confounded by the
established theory of [153] that subclones within solid tumors such as GBM evolve in a tree-like
manner. The study of inferring the tree history of tumors from static snapshots of tumor omics
data is called “tumor phylogenetics”; most tumor phylogenetics studies to date have been based
on somatic mutations or copy-number variants [154, 155, 156, 157]. Some tumor phylogenetics
studies have instead used methylation data as the input and found that evolution of “tumor lineage
informative” CpG sites also forms a tree [ 158, 159, 160, 161]. The overlay of a methylation-based
tree structure for normal development and another methylation-based tree structure for tumor

progression could be problematic if the same (un)methylated CpG sites are most informative for
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both trees. We show early in Results that this overlap is not substantial in a statistical sense.
Because the methylation profiles of progenitor cell types in the developmental tree are
not available [147], Qombucha employs the empirical observation that, for many features, a
progenitor’s methylation state matches that of its mature descendants when those descendants
agree. We show that the tree inheritance property enables the deconvolution of the bulk GBM
methylation data by jointly estimating each sample’s cell-type composition and the unknown
progenitor methylation values across the cohort. Intuitively, this allows one to attribute portions
of the bulk signal to specific developmental paths (cell-of-origin/trajectory) while preserving
tumor-evolutionary information carried by lineage-informative CpG sites [158, 121, 162, 160,

161, 147].

4.3 Methods

4.3.1 Simultaneous inference of cell type compositions and unknown methyla-
tion values in progenitor profiles

We formally define the problem of simultaneous inference of cell compositions and un-
known methylation values in progenitor cells as a Quadratic Program (QP) below. The input to
the QP is: (1) a matrix of bulk methylation data B, where each row corresponds to a vector of
methylation features of a patient tumor sample, and (ii) a partially completed reference panel
matrix C,, informed by the tree of brain development history with mature brain cells as leaves.

In the framework introduced by [147], a feature is the average methylation value between
0 and 1 among a set of individual methylation sites. To incorporate information from brain
development, we first determine the methylation profiles of certain features in non-neuronal pro-
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genitors using the methylation profiles of mature brain cell types and the tree structure reflecting
the history of brain development. The features of each progenitor whose methylation values can
be determined are those that have consistent methylation values among all mature descendant
cell types of the progenitor. The values of the remaining undetermined features in the progenitor
profiles can be simultaneously inferred along with the cell composition using a quadratic pro-
gramming (QP) formulation summarized in Figure 4.1. As described below, the aim of the QP is
to deconvolve the input matrix B into the following two matrices: (i) P - the cell type proportion

matrix, and (ii) C'y - the completed reference panel matrix (i.e., the completed version of Cy).

4.3.1.1 Formulation of the Quadratic Program

The inputs to the QP-based deconvolution method include a bulk methylation profile matrix
B of size n X m, where n is the number of patients and m the number of methylation features,
and a partially filled reference panel matrix C), of size r x m, where r = 13 (for the GBM data) is
the number of cell types. The reference panel matrix C,, = {cy, ;} consists of a stable methylation
value per feature, for each mature and progenitor brain cell in the tree of brain development his-
tory. The elements of matrix C), are fully known for mature cell types, while those for progenitor
cell types they may not be fully determined. The exact construction of C), is provided in the
Section 4.3.1.2.

Let P = {p;} be the matrix of size n x r that stores the inferred fraction of each cell
type for each patient, with p; ;, being the inferred fraction of cell type k in patient sample . In
each patient sample ¢, the sum of cell fractions across all r cell types must be equal to 1. Let

U be the set of indices of unknown entries in matrix Cj,. The value of every unknown entry
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Cay (2,y)cv Must be between 0 and 1. With || X || representing the Frobenius norm of matrix X,

the simultaneous inference problem can be formulated as a QP as follows:

minimize: ||B — PC,||?
subjectto:  Vie {1...n}: Yoo pip=1
4.2)
Vie{l...np,Veke{l...r}: 0<p;x <1

V(z,y) e U: 0<c, <1

We use Gurobi [47] (through its Python API) to solve the QP to simultaneously infer the estimated

cell type compositions and the unknown entries in the partially complete progenitor profiles.

4.3.1.2 Cell hierarchy-informed partial inference of progenitor cell type pro-
files

This section details the construction of the partial progenitor cell profiles from the methy-
lation values of mature cells. Based on prior knowledge that GBM mostly originates from non-
neuronal cells [151], we used the CpG sites and single-cell methylation reported by [147] to
construct a rooted binary neighbor-joining [163] tree for the 6 non-neuronal cell types reported
in the same study, including astrocyte (ASC), oligodendrocyte (ODC), oligodendrocyte precursor
(OPC), microglia (MGC), epithelial cell (EC), and vascular and leptomeningeal cell (VLMC) to
reflect their development history (Figure 4.5b). In this tree, which we denote by 7', the mature
non-neuronal cell types are represented as leaves, and their presumptive progenitors are repre-
sented as internal nodes. The representation of the differentiation of mature cells as a branched

process, i.e., a tree has been presented in [147]. The tree T" we obtained has topologically differ-
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ences from the cell hierarchy tree from [147] and in particular it has a clade consisting of oligo-
dendrocytes (ODC) and oligodendrocyte progenitors (OPC) which is biologically more plausible
than the tree in [147] in which ODC and OPC are apart. A description of how 7' is constructed
from the non-neuronal brain cell single-cell methylation profiles is in Section 4.3.4.1, and how
methylation feature values of the mature cell types, i.e., the leaves of 1" are determined can be
found in Section 4.3.4.3.

Next we infer the unknown methylation feature value for a progenitor, i.e. an internal node
of T, so that it is “consistent” with the known values of the said feature across the progenitor’s
descendants in 7. Specifically, we identify for each internal node, the “range” of possible methy-
lation values of the feature, from the node’s children, in a bottom-up manner (see Section 4.3.4.3
for details). We start by assigning to each feature of each leaf a range that includes only the
known methylation value for that cell type. Then, for each internal node with children whose
range of values for that feature has already been determined, we identify the smallest contiguous
range that fully includes these two ranges; if this range is larger than a user defined threshold
0, we assign this range to the feature of the internal node - otherwise, we calculate the median
value of this range and assign to the feature of the internal node (the range that only includes) this
median value. The pseudocode for this process is given in the “bottom-up phase” of Algorithm 2
(until Line 22). When the process terminates at the root of the tree, if any given feature of an
internal node is assigned a single value, this value will be fixed. If instead, the feature is assigned
a range of values for this internal node, a specific value from this range will be determined by
Qombucha. The input to Qombucha is thus these partially determined feature values, repre-
sented as reference panel C), of size r x m, where r is the number of cell types, m is the number

of methylation features, and thus row c¢;, is the methylation profile of cell type k. C), has a fixed
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Figure 4.1: The key computation problem solved by Qombucha formulated as Quadratic Programming (QP).
The input to the QP consists of: (i) a partially complete reference panel C}, which includes the complete methylation
profiles for known developed brain cell types and partially complete profiles for progenitors, and (ii) the bulk methy-
lation data matrix . The QP asks to infer full reference panel C'; and the cell type composition matrix P with the
objective of minimizing the sum of the squared differences between B and P x Cy.

value for each feature of a mature cell type, and some of the features of each progenitor; it also

specifies the range of values that an unknown feature of a progenitor can take.

4.3.2 Qombucha: Solving the QP Iteratively

A direct simultaneous inference of the cell composition matrix P and unknown entries in
C, in the quadratic program (4.2) requires substantial time and computing resources to find the
optimal solution. To improve computational tractability, we introduce Qombucha, a block co-
ordinate descent-like approach based on iteratively updating cell type composition and unknown

entries in progenitor profiles, as summarized in Figure 4.2.

4.3.2.1 TIterative updating of P and unknown entries in C

Instead of trying to solve unknown entries in C), and the cell composition matrix P simul-

taneously, Qombucha initializes the unknown entries guided by 7" to obtain Cj, and then uses
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Figure 4.2: Graphical abstract of Qombucha’s block coordinate descent-like approach. Qombuchafirst
builds the initial reference panel Cy by imputing the unknown entries of C},—i.e., the methylation features of the
progenitor cell types for which the descendant mature cell methylation values do not agree—to minimize progeni-
tor—descendant differences under the developmental tree 7'. Then, for iterations ¢ = 1,2, ..., Qombuchaalternates
QP subproblems: infer cell proportions P, from C,_1, then update the unknown entries of C), to obtain C, using P,.
Upon meeting the stopping criterion, Qombucha outputs P = P, and Cy = C,. Because P, is inferred from fully
determined C',_; and C| is subsequently inferred from then fully determined P,, the QP steps are more efficient than
the QP to infer P and C'y simultaneously.

() as a starting point in an iterative procedure to alternate between updating P and the unknown
entries in C), until convergence. The construction of C is described in Section 4.3.2.2. In each
iteration ¢, we first solve a restricted version of the QP described in Section 4.3.1.1 for P, with B

and fully known C,_; as inputs:

P, == argminy|B — PC,_4|?
subjectto: Vi€ {l,....n}: > _pix=1 (4.3)
Vie{l,...,n},Vke{l,...,r} : 0<pix <1
Then, we solve another restricted version of the QP described in Section 4.3.1.1 for the unknown

entries in C), (whose indices form the set U) to obtain C, with B and P, (computed above) as
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inputs:

C, = argming [|B — P,C,|]?
4.4)

subject to: V(z,y) € U : min(C,[Clade(x),y]) < ¢, < max(Cy[Clade(x),y]),
where Clade(v) is the set of all leaf labels in the subtree of 7" rooted at vertex v and C,[Clade(v), j| =
{Cyli, 7] | Vi € Clade(v)}.

Qombucha outputs P« and C» provided it “converges” at some iteration ¢*. The algo-
rithm is said to have converged when any of the following conditions is satisfied: (i) the bulk
methylation matrix reconstruction error is “small” and the change in objective function value be-
tween successive iterations is “small”, or (i1) the algorithm has run long enough. Specifically, in
each iteration ¢, Qombucha minimizes the squared error between the observed bulk methylation
data matrix B and the reconstructed matrix B, = P,C,. At the end of iteration ¢, the normalized

squared difference, A, is calculated between B and B, as:

_IB=B?

&= B e

Qombucha is said to have converged at iteration ¢ if A, falls below a user-defined ¢ and
A = A, — A, is smaller than a user-defined J; this is based on the expectation that another
iteration would be unlikely to reduce the error substantially. Additionally, Qombuchahas a user-
defined maximum iteration limit max _iter, which is set to bound the running time. The pseu-

docode for the iterative procedure is given in Algorithm 1.
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Algorithm 1 Iterative optimization for P and unknown entries in C

1: B < bulk sample methylation data

2: C « partially complete reference panel

3: Cp < initial complete reference panel, whose values are imputed using Algorithm 2

4: 4, A < user-defined parameters indicating convergence tolerance

5: (A, A) + (00,00)

6: max_iter < maximum iterations

7: ¢ < 1, iteration index

8: while (A > 0 or A > )\) and (« < maz_iter) do

9: P, + Solution to QP (4.3) > Step 1: Solve for P, with B and C,_1 as inputs
10: C, < Solution to QP (4.4) > Step 2: Solve for unknown entries in C' with B and P, as inputs
11: A+ A, > Step 3: Compute variable values that are used to check for convergence
12: A=A —A
13: t+—1+1
14: end while
15: return P,«, C,~ < values of P, and C, at convergence

4.3.2.2 Cell hierarchy-informed initialization of unknown entries in the pro-
genitor profiles

The partially complete reference matrix C), is obtained as described in Section 4.3.1.2. We
utilize the brain cell development tree 7" to inform the initialization of “unknown entries” in C), to
obtain the initial complete reference matrix C, which serves as the starting point in the iterative
procedure of Qombucha. The unknown entries in matrix C,, are those entries corresponding to
the progenitor cells whose feature values are left as ranges at the end of the bottom-up phase
of Algorithm 2. If, for any methylation feature y and progenitor cell type x, the methylation
range of each unknown entry in C,, is given by [me, [T, Y], mpign|x, y]], then the optimal initial

methylation values are simultaneously determined by minimizing the sum of squared methylation
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changes between parent-child pairs across the entire tree, using the following quadratic program:

subject to: My [z,y] < Qoy < mhz’gh[xa yl, V(z,y) €U

where ¢, ,, represents the methylation level at the parent node for feature y and g, , represents the

methylation level at the child node for the same feature. The complete pseudocode for building

Cy

and obtaining Cj, is given in Algorithm 2.

Algorithm 2 Initializing unknown entries in C' for a given methylation feature s

1:

9,1

14:

15:
16:
17:
18:
19:
20:

21:
22:

23:
24:
25:

26:

T(V, E) < The binary tree representing brain developmental history with vertex set V' and directed edge set E

2: The indexing of feature s is suppressed in the rest of the description to keep it from becoming too verbose
3:
4: Yo €V, myoyw[v] + 0 > Represents the lower bound of methylation value that can be assigned to vertex

M v] < The final methylation value of vertex v for feature s. It is initially known only for leaf vertices

v for feature s
Yo eV, mpign[v] <0 > Represents the upper bound of methylation value that can be assigned to
vertex v for feature s

6 < A small user-defined threshold value
function MODIFIEDFITCH(T, §, M)
for all v is a leaf of T do
(mlow [UL mhigh [U]) — (M[U]7 M[U])
end for
for each internal vertex v in postorder traversal of 7" do > Bottom-Up Phase (Postorder Traversal)
Vg, V1 < children of u
(intersectlow, mtersecthigh) — (max (mlow [vo], Miow [vl]) ,min (mhigh[vo], Mhigh [vl]))
(uniomow, unionpigh | < | min (mlow [vo], Miow [vl]) ,max (mhigh [vo], mhigh[vl])
if intersectiow < intersectyiqn, then > Choose the intersection of the ranges of children’s m-values, if it is valid.
(Miow(u], Mhign[u]) <= (intersectiow, intersectpign);
else > Otherwise, choose the maximal range that includes both the children’s m-value ranges.
(Miow U], Mpign[u]) < (unioniow, unionpign);
end if
if mpignlu] — miowlu] < § at all methylation sites for vertex v then > Optional step to speed up
computation
(mlow [u], Mhigh [u]) “ (mlow [u]‘;mhigh[u] 7 Miow[U]+Mnigh [u])
end if
end for
M < Solution to QP (4.6) > Solve a quadratic program to simultaneously assign optimal initial

methylation values to the unknown entries in C

Return the final methylation values M [v], for all vertices v € V, from the optimal solution to the quadratic
program.
end function
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4.3.3 Evaluating tightness of the known GBM subtype clusters

To evaluate how well different types of information (i.e., Qombucha-imputed cell frac-
tions, the methylation values of [121]-reported 32k sites etc.) recapitulate the known GBM sub-
type clusters, we use the McClain—Rao score [164], i.e., the ratio between the average in-class
distance and the average out-of-class distance (D;,,/ D,.;) as well as the silhouette score [165] to

assess the tightness of clusters.

4.3.3.1 McClain—Rao score (D;,,/Dyut)

This score corresponds to the ratio between the mean in-class distance and mean out-of-
class distance for each patient to evaluate the tightness of GBM subtype clusters. Let v; be the
feature vector representing patient sample ¢, and assume that sample i belongs to class 0. Let «
denote the number of samples in class 4, and § denote the number of samples outside of class 6.

The mean L! distance between sample i and other samples within the same class § is defined as:

1
Din(i) = —— > Jui— v, 4.7)

a€Cy,a#i

where Cjy represents the set of samples belonging to class , and a indexes over all samples in Cy
excluding sample i. The mean L' distance between sample 7 and samples outside of class 6 is

defined as:

1
Dou(i) = 3 > fvi—w, (4.8)

beCl
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where b indexes over all samples outside class 6. The clustering goodness for sample 7 is then

defined as the ratio of the in-class distance to the out-of-class distance:

Ry = Ll 4.9)

R; 1s the ratio that indicates the tightness of the clusters: a value close to 0 indicates tighter
clustering (i.e., the mean in-class distance is much smaller than the mean out-of-class distance),
while a value close to 1 indicates poor clustering and a value larger than 1 indicates that sample ¢

has a closer affinity with samples outside of its assigned class ¢ than the samples within class 6.

4.3.3.2 The silhouette score

A silhouette value s(i), as defined by [165], can be computed for each item 7 in any given
cluster as follows: Let a(i) denote the average dissimilarity of the item to all other items in
its own cluster C7, and b(i) denote the average dissimilarity of item ¢ to all items in its closest

neighboring cluster C;. That is,

a(t d(i b(7) = min —— d(i
0= |Cf| - ge;# e |CJ| Z 7 (4.10)

L b(i) —ald)
Then, s(0) = S 1a(0).b(@)}

Here, d(i, j) could be any distance metric. We use L' norm in our evaluation (our observa-

tions hold true for L? norm as well). By definition, s(i) lies in [—1, 1]; the closer the value is to
1, the better clustered item 4 is. In contrast, if s(i) is closer to —1, it would be more appropriate

for item 7 to be taken out from its current cluster and assigned its closest neighboring cluster. We
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compute s(i) value for each patient i using the corresponding row vectors from P, as features.

4.3.4 Input data preparation

4.3.4.1 Reconstructing brain development history using single-cell methylation

data

We randomly select 30 cells per each non-neuronal cell type from the Tian et al. (2023) [147]
data set. The sampling ensures that each cell type has equal representation in the cohort to avoid
biasing the tree. As explained above, the value of a feature in a sample is the average methylation
value for sites used in that feature group for each feature group reported in [147]. The pairwise
distances of the cells are calculated based on the values of the 800 feature groups. The tree rep-
resenting the branched process underlying brain development history is then constructed using
neighbor-joining [163] based on the pairwise distances. The resulting tree structure is shown in
Figure 4.3. As can be observed from the tree, the cells of the same type cluster together with only
a few exceptions. We then infer the brain developmental history by contracting the clades of the
same cell types. Additionally, we removed the PC cells from the brain development history as
this cell type is not clearly defined in either [147] or in the Cell Ontology [166, 167, 168]. The

resulting brain development history is depicted in Figure 4.5b.

4.3.4.2 Processing bulk sample methylation data

For the GBM samples, we started with bulk methylation data for 1,160 samples sequenced
using the Infinium HumanMethylation450 BeadChip (450k array), which were collected and

curated from various sources, including the TCGA database and clinical samples. The samples
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Figure 4.3: The neighbor-joining tree of mature non-neuronal cells. As described in Sec-
tion 4.3.2.2, the tree is constructed using the methylation profiles of cells randomly sampled
from the Tian et al. (2023) data set.

were classified as RTK I, RTK II, or MES TYP subtypes using the [121] brain and CNS tumor
classifier. To eliminate potential biases stemming from tumor impurity and subtype classification
errors, we removed samples with lower than 0.5 tumor purity and subtype assignment scores
lower than 1, resulting in 896 patient samples passing quality control. Among the 896 samples,
there are 216 RTK I samples, 431 RTK II samples, and 249 MES TYP samples. The 450k
methylation array data cover 485,512 sites, among which 2,484 sites overlap with the 156k CpG
sites reported by [147]. The 2,484 sites were then grouped according to the features reported
in [147], resulting in 98 brain development-associated features with at least one site among the
original 800 features. The other 702 features reported in [147] are excluded, as none of the 485k
methylation array sites overlap with the brain cell type-differentiating CpG sites in these feature

groups. We similarly processed the 961 IDH-mut glioma 450k array samples.
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4.3.4.3 Obtaining the partially complete reference panel C), and initial refer-
ence panel C

We combine the single-cell methylation profiles of 30 cells randomly sampled from each
non-neuronal cell type (ASC, ODC, OPC, MGC, EC, and VLMC) and compute the average
methylation value for sites in each of the 98 methylation feature groups selected by [147]. This
results in a reference panel of size 6 x 98 for mature non-neuronal cells. Then, using a thresh-
old of 6 = 0.01 and cell hierarchy-informed inference of progenitor cell profiles as described in
Section 4.3.1.2, we obtained the partially complete profile of non-neuronal progenitors. Stacking
together the profiles of mature non-neuronal cells and the partially inferred progenitors, we ob-
tained the partially complete reference panel C), of size 11 x 98 (see Figure 4.4a). C), contains
327 unknown entries. To obtain the initial reference panel Cj, which serves as the starting point
in the iterative procedure of Qombucha, we initialized the 327 unknown entries in C' using the
method described in Section 4.3.2.2 guided by the brain development history 7" constructed as

described in Section 4.3.4.1 (see Figure 4.4b).

4.3.4.4 Expanding C), and Cj, with neuronal cell types

While GBM is a cancer of non-neuronal cells, GBM samples may include impurities con-
sisting of neuronal cells, as non-neuronal cells like astrocytes (ASC) and oligodendrocytes (ODC)
are in close proximity of neuronal cells [169]. Thus we also add to C}, and C), the partially com-
plete excitatory and inhibitory neuronal cell consensus methylation profiles. In the [147] data set,

15 cell types are in the excitatory neuronal cell category, and 18 in the inhibitory neuronal cell
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(b) Initial reference panel Cjy with values imputed using Algorithm 2 obtained as described in Sec-
tion 4.3.4.3.

Figure 4.4: Reference panels.

category. Similar to the processing of non-neuronal cells, we randomly sampled and combined
the single-cell methylation profiles of 30 cells of each neuronal cell types. Then, respectively for
the excitatory and inhibitory neuronal cell category, we computed the partially complete consen-
sus profiles by averaging values of methylation features consistent across cell types within the
same category (standard deviation < 0.01), and leave inconsistent methylation features (19 in ex-
citatory category and 52 in inhibitory category) empty. As a result, after including the excitatory
and inhibitory neuronal cell consensus profiles, C,, has size 13 x 98. The empty entries of the
neuronal consensus profiles are then initialized by randomly drawing values in the range [0, 1]

and the resulting profile is included in Cj, making it also of size 13 x 98.
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4.3.5 Experiments for robustness and benchmarking

4.3.5.1 Simulations

We generated P;,,, by randomly drawing 100 samples, each with 13 dimensions, the same
number of cell types included in this manuscript, from a Dirichlet distribution. The randomly
generated P;;,,, is then multiplied with C,, which was generated as described in Sections 4.3.4.3
and 4.3.4.4, followed by introducing Gaussian noise (x = 0,0 = 0.01) to obtain By;,,. The

entries in By, are corrected to 0 if < 0 and 1 if > 1.

4.3.5.2 Alternative initialization of C|

To test the usefulness of the algorithm-guided initialization of matrix C, i.e., the matrix
C) obtained through Algorithm 2, we compare the quality of solutions to Qombucha instances
against two other modes of initialization: (i) random initialization - the unknown entries of the
matrix Cj are filled by drawing real numbers uniformly within range [0, 1]; (ii) “mean of descen-
dants” initialization - the unknown entries of Cj are filled by setting the methylation values of

each internal node in the tree 7" to be the mean of its direct descendants’ values.

4.3.5.3 Subsampling patient samples

From the bulk methylation matrix of 896 GBM patients we processed - as described in
Section 4.3.4.2, we generated 10 patient subsets, each by randomly subsampling 100 patient
samples from each of the three subtypes (RTK I, RTK II, and MES TYP). Each subset of 300

patient samples are then used as input to Qombucha to test its robustness.
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4.3.5.4 Benchmarking quality of clustering

We benchmark the quality of clustering of Qombucha-inferred cell fractions by comput-
ing McCain-Rao scores (D;,,/D,,;) and silhouette scores (described in Section 4.3.3) using the
following information: (i) the methylation values of 2484 sites randomly sampled from the 450k
methylation array, (i1) the methylation values of [121] 32k sites, (ii1) the methylation values of 98
features containing cell type-differentiating sites included in the 450k array (see Section 4.3.4 for
detailed explanation), (iv) QP-inferred non-neuronal mature brain cell fractions, excluding pro-
genitor profiles, (v) MethyICIBERSORT([136]-inferred non-neuronal mature brain cell fractions,
excluding progenitor profiles, and (vi) Qombucha-inferred non-neuronal mature and progenitor

cell fractions with alternative initialization of Cy as described in Section 4.3.5.2.

4.3.6 Stable inheritance of methylation features

We declare a methylation feature to be stably inherited in a given path along the brain
development tree, if the overall standard deviation of the methylation values on the path is smaller

than or equal to 0.01, and the methylation value is strictly monotonic along the path.

4.4 Results

4.4.1 Our Main Findings

We applied Qombucha to bulk methylation data from 896 GBM patients spanning multi-
ple subtypes and an additional 961 IDH-MUT patients and showed that Qombucha successfully

recapitulated the established biological insight that GBM MES TYP patients exhibit higher im-
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mune cell infiltration [120]. Beyond recovering known biology, Qombucha identified GBM
subtype-specific brain developmental programs and demonstrated that these programs are sig-
nificantly associated with patient outcomes. Importantly, the Qombucha-imputed mature and
progenitor cell fractions provide a set of low-dimensional and interpretable features yielding
subtype clusters that are “as tight” or “tighter—than” those clusters derived from high-variance
methylation features commonly used in clinical classifiers [121]. Our work offers a framework
for understanding subtype-specific GBM progression at a granular level and provides insights

that may help refine future precision medicine for GBM.

4.4.2 Methylation Sites Associated with Brain Cell Development and Brain/CNS
Cancer Subtyping

Our Qombucha-based analysis for GBM overlays a methylation-based tree structure for
normal development and that for abnormal tumor progression. Therefore, we quantitatively eval-
uated whether the CpG sites that are associated with brain cell development/differentiation are
distinct from those that are associated with specific brain/CNS cancer subtypes.

We first show that the genomic regions of the brain development/differentiation associated
methylation sites identified by [147] and those of the brain/CNS cancer associated methylation
sites identified by [121] are distinct: the development-associated sites are less concentrated in
CpG islands and shores and more concentrated in inter-CGI than the brain-cancer subtype asso-
ciated sites (Figure 4.5a).

Next, we demonstrate that the brain development/differentiation associated methylation

sites identified by [147] are statistically distinct from the brain/CNS cancer subtype associated
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sites used by [121]. Of the 485,512 sites in the 450k methylation array, 32,000 have been
reported by [121] to be associated with brain/CNS cancers. Among the 156,000 sites iden-
tified by [147] as mature brain cell type-differentiating, 2484 overlap with the 450k methy-
lation array. Among these 2484 sites, only 108 overlap with Capper et al.’s 32,000 sites; in
constrast, a random selection of 2484 sites from the 450k array would have an expected over-
lap of 32000 x 2484/485512 = 163.72 with the Capper et al.s sites. The p-value of observ-
ing an overlap of < 108 sites between a set of 2484 sites and another set of 32,000 sites is
Pr(X < 108) = >,% (1)p*(1 — p)"* = 1.136 x 10~°, where X is the binomial random

n! ! is the binomial coefficient for k

variable representing the number of overlaps, (Z,) = o

successes in 7 trials, and p = 32000/485512 & 0.06588 is the probability of a randomly selected
450k methylation array site overlaps with [121] 32,000 sites.
The above observations suggest that the methylation signals for brain cell differentiation

are distinct from those for brain/CNS tumor progression.

4.4.3 Biological and Clinical Insights

In this section, we demonstrate our key biological and clinical findings derived from Qombucha-
imputed cell fractions and progenitor methylation profiles. Our methodological contribution is to
utilize the prior knowledge of brain cell developmental history to guide the inference of progeni-
tor cell methylation profiles, which, to the best of our knowledge, has not been employed by pre-
vious attempts at methylation deconvolution. Our work addresses a different question compared
to prior deconvolution efforts. We aim to identify whether distinct GBM subtypes are associated

with distinct mature or progenitor cell types, as well as distinct developmental trajectories, 1.e.
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(a) Comparison of the genomic regions of brain
cell type-differentiating sites and brain cancer
subtype-differentiating sites. Four categories of ge-
nomic regions are present in the bar plot: CpG
islands (CGI), CpG shores (2kbp spanning CGI),
CpG shelves (2kbp spanning the shores), and inter-
CGI regions. The blue bars indicate the fractions
of the 32k CpG sites differentiating brain cancer
subtypes identified in [121] in each genomic re-
gion category. The green bars indicate the 156k
CpG sites differentiating normal brain cell types re-
ported in [147], and orange bars indicate a subset of
the 156k CpG sites overlapping with the Illumina
450k methylation array.

Figure 4.5:
brain/CNS cancer subtypes.

Root

MGC

VLMC

(b) Brain development history represented as a tree.
The methylation sites associated with brain devel-
opment - distinct from those associated with brain
cancer subtypes, suggest a tree structure for rep-
resenting the brain development history, as de-
scribed in Section 4.3.4.1. The colored leaf nodes
represent the developed brain cell types whose
methylation profiles are fully known. The inter-
nal nodes (with no labels) represent the progenitor
cells whose methylation profiles are partially de-
rived by Qombucha from their descendant brain
cell types.

Methylation sites associated with brain cell development/differentiation vs.

specific paths in the tree representing the developmental program of brain cells.

4.4.3.1

Qombucha recapitulates known GBM subtype characteristics

We first obtained the brain development history (Section 4.3.4.1) and subsequently refer-

ence panels C), and Cy (Section 4.3.4.3). Using Cy, C,, and B, the bulk methylation array data
of 896 GBM patient samples (processed as described in Section 4.3.4.2) as input, we employed

Qombucha to obtain deconvolved cell type compositions per sample. As can be observed in the
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(a) Cell type compositions inferred by Qombucha in each GBM subtype. Each row represents a specific
GBM subtype: RTK I, RTK II, or MES TYP, and each column represents a specific cell type. The orange
vertical line in each plot indicates the median inferred fraction (across all samples for the associated GBM
subtype represented by that row) of the cell type represented by that column.
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(b) Bar plots showing — log;, p-values from KS tests (comparing each GBM subtype against the com-
bination of the remaining two subtypes) on cell fractions inferred by Qombucha. In each plot, the red
horizontal line represents a p-value threshold of 0.05. Taller bars indicate more significant KS test results.
With the exception of MGC (which are known to be enriched in GBM MES subtype [120]) the GBM
subtype differentiating cell types are mostly progenitors.

Figure 4.6: GBM subtypes are characterized by distinct cell type compositions.

third column of Figure 4.6a, compared to RTK I and RTK II, the patient samples in the MES TYP
subtype demonstrate a higher presentation of microglia, which are the resident immune cells in
the brain [170]. This result recapitulates the known association with higher immune activity and
inflammation in the tumor microenvironment and increased levels of immune cell infiltration in
the MES TYP subtype [120], showing that Qombucha is able to confirm prior biological insights

regarding GBM subtypes.
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4.4.3.2 Qombucha reveals that brain developmental programs are GBM subtype-
specific

We show in Figure 4.6a that different brain developmental programs, represented by cell
type fractions, appear to be associated with different GBM subtypes. To assess whether the dif-
ferences in imputed cell type fractions across GBM subtypes are significant, we performed two-
sided Kolmogorov-Smirnov (KS) tests [171, 172] to assess the statistical significance of these
variations. Specifically, we compared the fractions imputed for patients of one GBM subtype
against the imputed fractions of patients of the other two subtypes. The p-values obtained from
these tests in Figure 4.6b show that MGC is the most significantly different cell type across all
GBM subtypes and distinguishes the MES TYP subtype from other subtypes, reinforcing our
observations described in Section 4.4.3.1.

We also compared the estimated proportion of the everything progenitor as a proxy for
stemness. By this measure, RTK I has a significantly higher stemness than either MES TYP (p <
9e-11, Wilcoxon test) and RTK II (p < 9e-21); MES TYP has more stemness than RTK II (p <
0.013). This order of stemness among the three subtypes is consistent with a recent methylation-
based analysis of [173]. An earlier expression-based analysis of stemness by [174] ranked the

subtypes as RTK I > RTK II > MES TYP in decreasing order of stemness.
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4.4.3.3 Qombucha-imputed cell type fractions improve GBM subtype cluster-
ing compared to state-of-the-art methods

We evaluated the tightness of known GBM subtype clusters using both the D;,,/ D,,; score
and the silhouette score, as described in Section 4.3.3. Briefly, both the D;,,/D,,; score and the
silhouette score s(i) of sample ¢ denote how well the sample is clustered. Smaller D;,,/ Dy
scores indicate better clustering, whereas larger silhouette scores indicate better clustering. We
used six distinct types of information to calculate (L') distances between all pairs of patients:
(i) the methylation values of 2484 sites randomly sampled from the 450k methylation array, (ii)
the methylation values of the 32k sites used in [121], (iii) the methylation values of 98 features
containing cell type-differentiating sites included in the 450k array (see Section 4.3.4), (iv) QP-
inferred mature brain cell fractions, excluding progenitor profiles, (v) MethylCIBERSORT[136]-
inferred mature brain cell fractions, excluding progenitor profiles, and (vi) Qombucha-inferred
mature and progenitor cell fractions with a number of distinct starting points. The (') distances
are then used to calculate the D;,, /D, score and the silhouette score s(i) for each sample i for
assessing how close the sample is to the other samples are in the same GBM subtype, against
those samples in the other two subtypes. Evaluated by both scores, Qombucha-inferred mature
and progenitor cell fractions for all GBM samples outperform all other types of values in tightness
of the known GBM subtype clusters (Figure 4.7, row VIII, column “All”).

These results show that Qombucha-imputed cell fractions, despite being only 13-dimensional
vectors, achieve better clustering of GBM subtypes than higher-dimensional methods, such as
the [121]-selected 32k sites (experiment VIII vs. II). Moreover, the Qombucha-imputed cell

fractions outperform GBM subtype clustering based on the original bulk methylation data B (ex-
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periment VIII vs. III). Strictly speaking, Qombucha is not performing dimensionality reduction
since the CpG sites it considers are associated with the developmental program and have mini-
mal overlap with the CpG sites used by [121] for brain tumor classification. We show that it is
essential to include progenitor cell profiles in the reference panel C, as clustering performance
greatly improves when progenitor profiles are included (experiment VIII vs. IV).

Furthermore, we identified a subset of cell types that best distinguish GBM subtypes.
We enumerated all possible quadruplets of cell types and calculated the D;,/D,,; using the
Qombucha-imputed fractions of cell types in each quadruplet. The quadruplets best distin-
guishing each GBM subtype (i.e., quadruplets with the lowest D;,, /D, scores for each sub-
type) are the following: RTK I is best distinguished by MGC, ODC, VLMC, and ASC-ODC-
OPC-EC-VLMC progenitor; RTK IT by ODC, OPC, ODC-OPC progenitor, and ASC-ODC-OPC
progenitor; MES TYP by EC, VLMC, ODC-OPC progenitor, and ASC-ODC-OPC progenitor.
Combining the quadruplets that best distinguished each GBM subtypes results in 8 cell types:
EC, MGC, ODC, OPC, VLMC, ODC-OPC progenitor, ASC-ODC-OPC progenitor, as well as
ASC-ODC-OPC-EC-VLMC progenitor. We calculated the D;,,/ D, using these 8 cell types and
demonstrate that the Qombucha-inferred fractions of 8 cell types have the best performance in

improving the clustering tightness of the GBM subtypes (Figure 4.7, row 1X).

4.43.4 Qombucha recapitulates known GBM IDH-WT and IDH-mut glioma
differences and cell-of-origins of IDH-mut glioma

One of the most important advances in GBM genomics in the 21st century was the recogni-

tion that some tumors have recurrent somatic mutations in either of the paralogous genes IDH 1,
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Figure 4.7: Tightness of GBM subtype clusters computed using D;,, /D, Here D;,, /D,y is the ratio be-
tween the mean L distance among sample pairs within a specific GBM subtype and that between the samples of this
GBM subtype and the remaining samples. Each row uses distinct information to compute the distances for assessing
the tightness of each GBM subtype cluster (a smaller D;,, /D, indicates a better clustering): (I) the methylation
values of 2484 sites randomly sampled from 450k methylation array; (II) the methylation values of Capper et al.
32k sites; (IIT) the methylation values of 98 features; (IV) QP-inferred cell fractions, excluding progenitors; (V)
MethylCIBERSORT-inferred cell fractions; (VI) Qombucha-inferred cell fractions with progenitor profiles initial-
ized as the mean of direct descendants; (VII) Qombucha-inferred cell fractions with random initialization; (VIII)
Qombucha-inferred cell fractions with development tree-informed starting point; (IX) Qombucha-inferred cell
fractions with development tree-informed starting point, score calculated from the union of cell type quadraplets
best distinguishing each subtype. The scores of IV-VIII are calculated of all 11 cell types including mature non-
neuronal cell type and their progenitors as listed in the brain development tree, excluding the impurities consisting
of neuronal cells. The red vertical lines indicate the median for each subtype in each experiment.

IDH? and the patients with IDH mutations have a better prognosis [175, 113]. We applied
Qombucha separately on IDH-WT GBM and IDH-MUT patient samples. Because IDH-MUT

cancers at any site are known to have disruptions in methylation [176, 177] and there are also
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brain cancer-specific IDH-related methylation changes [178], we choose to employ the com-
pleted reference panel C'y obtained from the deconvolution of all 896 IDH-WT GBM samples,
as described in Section 4.4.3.1, to perform one-step QP-based simultaneous deconvolution of
896 IDH-WT GBM samples and 959 IDH-MUT samples. As can be observed from Figure 4.8a
and 4.8b, IDH-WT GBM and IDH-MUT have different cell compositions and different favored
developmental programs. Interestingly, IDH-WT GBM have higher overall presentation of the
ASC-ODC-OPC-EC-VLMC progenitor and the “everything progenitor”, which are the two pro-
genitors at the highest levels in the brain developmental tree. This suggests that IDH-WT GBM
have greater stem-like characteristics than IDH-MUT, which potentially explains that IDH-WT
GBM tends to have worse prognosis than IDH-MUT. Additionally, the D,/ D,, scores presented
in Figure 4.8c indicate that Qombucha-imputed cell fractions are able to distinguish IDH-WT
GBM and IDH-MUT patients. Notably, IDH-MUT gliomas are known to originate from OPC

[179], and as can be observed in Figure 4.8a, our results mirror this prior finding.

4.4.3.5 Qombucha-inferred progenitor methylation values are stably inherited

From the complete reference panel C, output by Qombucha, we identified 39 features that
are stably inherited (Section 4.3.6) on at least one of the five paths from the root of the brain
development tree to a leaf with two or more edges. We performed the following simulation
to show that this number is higher than expected: we generated 1000 instances of randomly
assigning methylation values (ranging between 0 and 1) to the unknown entries in the partially
complete reference panel C', then evaluated how many methylation sites are stably inherited on

at least one of the five paths. We repeated this process 5 times, and the number of instances
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(b) Bar plot showing — log; p-values from KS tests on cell fractions inferred by Qombucha for IDH-WT
GBM and IDH-MUT patients. The red horizontal line represents a p-value threshold of 0.05. Taller bars
indicate more significant KS test results.
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(c) Tightness of IDH-WT GBM and IDH-MUT clusters evaluated using the Silhouette Score. The scores
are calculated using the Qombucha-imputed cell fractions. The left panel shows the scores of the IDH-WI
GBM patients, and the right shows that of the IDH-MUT patients.

Figure 4.8: IDH-WT GBM and IDH-MUT gliomas have distinct cell type compositions.

with 39 or more stably inherited sites on at least one path is the following: 42, 38, 36, 41,
44. See Figure 4.9a for one of the five experiments of the simulation. These results show that
identifying 39 features stably inherited on at least one of the five paths is higher than expected,

with an average empirical p-value of 0.0402. This demonstrates that on the brain development
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tree derived from the normal mature cell type methylation profiles by [147], the progenitor cell
types whose methylation profiles were identified on our GBM cohort by Qombucha, appear to
stably inherit and transmit a high fraction (39 of the 98) of GBM-associated methylation features.
Thus, from a methylation point of view, the progression of the GBM cells are concordant with
brain cell development trajectories.

We then split the Qombucha-inferred reference panel C' into two, one with 39 stably in-
herited features, the other with 59 not stably inherited features. We then inferred the cell fractions
with one-step deconvolution using the two panels, respectively. Interestingly, the cell fractions
inferred using only the stably inherited features demonstrate clustering tightness of the GBM
subtypes comparable to when using all 98 features, whereas the cell fractions inferred using fea-
tures not stably inherited show worse clustering of the subtypes, as can be seen in Figure 4.9b.
These results demonstrate that stably inherited methylation changes in brain development are

dominating the distinctions among different GBM subtypes.

4.4.4 Efficiency and robustness of Qombucha

We performed the following analyses to evaluate and validate the robustness and efficiency

of Qombucha.

4.4.4.1 Qombucha recovers simulated ground truth

We generated 5 random instances of the cell proportion matrix Pk, and added a small
Gaussiance noise to it, as described in Section 4.3.5.1. We then multiplied the randomly gen-

erated P,;,, with Cj, the tree-informed intialization of reference panel, to obtain the simulated

92



0.10 A

Proportion
o o
o o
o o
)

°

o

Y
L

0.02 A

0007 20 25 30 35 40 45
Number of sites stably inherited on at least 1 path
(a) Random assignment of methylation value to evaluate the number of stably inherited sites obtained by
chance. We generated 1000 instances of assigning random methylation values (between 0 and 1) to the
unknown entries in the partially complete reference panel C),, then evaluated how many methylation sites
are stably inherited on at least one of the five paths. The simulation was repeated 5 times, and one instance
of the simulation is demonstrated in the distribution plot. The red vertical line marks 39, the number of
stably inherited sites obtained from real data.
RTK | RTK Il MES TYP All

£o1
All features g

&

0.0 T t T Rl T t T T T T T t t T T t t ¥ T
) ) §o01 i 1 |
Stably inherited g
0.0 hmoen, . I . . . } . .
Not stably inherited g
“ 0.0 aufhaan,

T v . v v T . v v v
0.4 0.6 0.8 1.0 1.2 0.4 0.6 0.8 1.0 1.2 0.4 0.6 0.8 1.0 1.2 0.4 0.6 0.8 1.0 1.2
Din/Dout Djn/Dout Din/Dout Din/Dout

Proporti

(b) Tightness of GBM subtype clusters computed using D;y, / Doyt Every row represents the tightness of
known GBM subtype clusters computed using different information: all 98 features; 39 stably inherited
features; 59 not stably inherited features. The red vertical lines indicate the median for each subtype in
each experiment.

Figure 4.9: Qombucha inference identifies stably inherited methylation changes in brain devel-
opment.

bulk mixture By;,,. The goal is to evaluate whether Qombucha is able to recover the simulated
ground truth cell proportions in Py;,, as well as the held out entries in C);. As can be observed
in Figure 4.10a, the simulated cell fractions in Py;,, and Qombucha-imputed cell fractions, as
well as the held-out entries of () and the Qombucha-imputed held-out entries, are both highly
correlated. These results demonstrate the ability of Qombucha to solve for unknown entries in

both C' and P via the iterative process.
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4442 Qombucha executes numerous iterations rapidly and achieves quick
convergence

The iterative update of matrices converges when the matrix reconstruction error is small
and the change in objective function value between two consecutive iterations of Qombucha is
below a user-defined threshold. The user-defined threshold parameters for the normalized matrix
reconstruction error and the difference in objective value are denoted by  and )\, respectively.

To evaluate the running time of Qombucha, we tested it with maximum iteration values
of 100, 200, 300, 400, and 500 while setting the convergence tolerance parameters, J and A, to
—o0. Using the bulk methylation matrix of 896 patients, processed as outlined in Section 4.3.4.2,
as well as the partial reference panel C' and the initial reference panel Cj obtained as described
in Section 4.3.4.3, we observed that Qombucha completed 100 iterations in 23 minutes and 500
iterations in 114 minutes on a single CPU. Unsurprisingly, the runtime scales linearly with the
number of iterations, as shown in Figure 4.11.

The choice of § and A may be critical in balancing runtime and solution accuracy. In our
application of Qombucha to the GBM patient data, we observe that A decreases and stabilizes
rapidly, as shown in Figure 4.10b(i) and 4.10b(iii), suggesting that running too many iterations
may be unnecessary. After performing a parameter sweep, we noticed that setting ¢ to 0.0125 and
A to 107 offers a good trade-off between accuracy and runtime. With this setting, Qombucha
converged within 86 iterations with the previously described bulk methylation matrix of 896
patients, partial C' and initial Cj as input. For all Qombucha deconvolution of real patient data
in this study, we set max _iter, the user-defined parameter specifying the maximum number of

allowed Qombucha iterations to 100 while continuing to set § to 0.0125 and A to 1077,
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4.44.3 Qombucha is robust to different starting points

We evaluated two alternative ways to fill in unknown entries in the initial value of the
matrix C), to obtain Cj to test the robustness of iterative process of Qombucha, as descibred in
Section 4.3.5.2: (i) random initialization, which is drawing values uniformly at random in the
range [0, 1], and (ii) “mean of descendants” initialization, which is deterministically setting the
methylation values of each row corresponding to a progenitor cell to be the average of its direct
descendants in the tree of brain history development.

Random and mean starting points give comparable yet slightly higher objective value com-
pared to the tree-informed QP-based method. The tree-informed QP-based initialization method
is preferable because (i) it still has the best objective value and (ii)) A = |A, — A, | converges

faster, as can be observed in Figure 4.10b.

4444 Qombucha yields robust inferred cell compositions despite subsam-
pling B

From the bulk methylation matrix of 896 patients we processed as described in Section 4.3.4.2,
we generated 10 instances of randomly subsampling 100 patient samples from each of the three
subtypes and used each set of 300 patient samples as input. As shown in Figure 4.12, the median
inferred cell fractions of each subtype are largely consistent across the random instances. This
result shows that Qombucha-imputed cell compositions are mostly robust to selection bias in

input patient samples.
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4.5 Discussion

In this study, we introduce Qombucha, a combinatorial optimization-based framework
that leverages known brain developmental history to infer simultaneously methylation profiles
of progenitor brain cells and cell type compositions from the methylation data of bulk GBM
samples. We show that Qombucha quickly produces optimal/near-optimal solutions and yields
robust inference of cell type compositions despite added input noise or data subsampling. The
application of Qombucha to new GBM data provided valuable biological insights, revealing that
different brain developmental programs are associated with different GBM subtypes. Further-
more, we demonstrate that Qombucha-inferred cell fractions per patient sample provide tighter
clustering of GBM subtypes compared to other types of information, including the methylation
values of 32k brain cancer subtype distinguishing methylation sites identified by [121]. In future
work, we plan to explore how these developmental programs are linked to patient outcomes on

other cohorts and to extend the application of Qombucha to other brain cancer subtypes.
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Figure 4.10: Qombucha is robust and efficient.
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Chapter 5:  Phylogenetic Reconstruction of the Adaptive Immune Receptor

Repertoire

As discussed in Chapter 1, proliferation of trained or activated B and T cells give rise to the
adaptive immune receptor repertoire (AIRR). Sequencing and characterizing the immune reper-
toire through AIRR-seq is critical for basic and clinical immunology research, including vaccine
design, therapeutic antibody discovery, minimal-residual disease detection, and monitoring of
responses to therapy [180]. Our research proposal focuses on the BCR—rather than TCR—
repertoire since the problem is harder. The following sections detail the mechanism behind the
evolution of the BCR repertoire within an individual, the definition of the main problem we are
interested in, previous literature related to the problem, and finally, we lay down the framework

for our approach.

5.1 Evolution of the B cell Receptor Repertoire

The antibody or the B cell receptor molecule sticks out on the surface of a mature B cell
(free-floating antibodies in blood are these molecules repeatedly produced by activated B cells).
The molecule, as depicted in Figure 5.1, comprises arms made of immunoglobulin heavy and
light chains [1]. We ignore the “constant” genes in this section for the sake of simplicity.

A B cell receptor or an antibody molecule is coded by a combination of heavy and light
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Figure 5.1: An antibody molecule. The stem of the “Y” is coded by the constant region of the
heavy chain. The yellow arms are identical light chain regions while the green arms are identical
heavy chain regions. Figure from [1].

chain regions of the immunoglobulin locus. Each heavy chain region of the BCR sequence is
composed of a “variable” gene (IGHV), “diversity” gene (IGHD), and a “‘joining” gene (IGHJ),
which are excised and brought together by a process named V(D)J recombination. Similarly,
the light chain region is composed of a “variable” gene and a “joining” gene, both from either
the Immunoglobulin Kappa or the Immunoglobulin Lambda locus. An illustration of the V(D)J

recombination is present in Figure 5.2!.
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Figure 5.2: V(D)J recombination.

'Image taken from https://en.wikipedia.org/wiki/V (D) J_recombination#/media/File:
VDJ_recombination.png
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5.1.1 Affinity Maturation via Somatic Hypermutation

When a human body encounters unknown pathogens, the innate immune system mounts
a defense as soon as it detects non-self antigens. This defense is non-antigen specific and not
always very effective. The adaptive immune system begins working towards an antigen-specific
defense. The first step is to obtain a variety of naive B cells that are negatively selected against
self-antigens through V(D)J recombination, as described above. While these B cells can produce
BCRs and antibodies right away, the force with which they attract (or bind to), namely the binding
affinity, against the antigen would likely be low. Therefore, they enter secondary lymphoid organs
such as spleen and lymph form a special structure known as the germinal center [181], to increase
their binding affinity through a process known as somatic hypermutation (SHM).

This process accumulates mutations, mostly in the binding domains of the BCR molecule,
at a rate of about 10°—~10° higher than the normal mutation rate across the whole genome in a
short amount of time (less than a week). Within the germinal center, there is approximately a
constant flow of antigens which the currently available set of B cells bind to. As more and more
mutations are introduced, the binding affinity of the BCR increases. There are usually only single
nucleotide variants (or point mutations) introduced with very few (or no) insertions or deletions.
Most of the mutations are introduced in complementarity-determining regions (CDRs); the sites
involved in antigen recognition on the immunoglobulin.

In a BCR repertoire, all BCR sequences that originate from the same naive (unmutated)
V(D)J recombination form a clonotype (a tuple of (V, D, J) genes for a heavy chain clonotype
and a tuple of (V, J) genes for a light chain clonotype). Usually, there are millions of clonotypes

in an individual’s BCR repertoire [182]. However, when actively responding to a pathogenic

101



attack, it is not uncommon for the BCR repertoire to be dominated by only a few clonotypes,
such as in the response to SARS-CoV-2 infection and/or vaccine [183]. BCR repertoire analyses

of a patient cohort are often limited to a few dominant clonotypes.

5.2 Building a BCR Phylogeny Forest from AIRR-seq Data

The most basic form of the BCR phylogeny reconstruction problem involves inferring an
evolutionary tree for each clonotype, given extant B cells and their assembled BCR sequences
(leaves). The root node of each tree describing the BCR evolution is the unmutated V(D)J-
recombined germline alleles of IGHV, IGHD, and IGHJ genes. Ignoring duplicates of the extant
BCR sequences, there exists a unique path from the root to each BCR sequence, which constitutes
a lineage. The problem is unique for different input abstraction levels and also for different

sequencing technologies.

1. Sequencing technologies: The input to the problem could be either:

Bulk RNA-seq

Single-cell RNA-seq (scRNA-seq)

Bulk AIRR-seq (or more specifically, BCR-seq)

* Single-cell AIRR/BCR-seq

in increasing levels of resolution in capturing the evolution of B cell receptor sequences.

2. Input abstraction levels:

» Since building phylogenetic trees all the way from RNA/BCR sequencing reads is too
cumbersome most of the time, available tools may assume that the BCR sequences
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have already been assembled from the reads, using BCR germline inference tools like

TIgGER [22], TRUST-4 [184] etc.

* We aim to directly use the sequencing reads for our methods.

We are choosing to directly use the sequencing reads because we are able to actually in-
fer the germline immunoglobulin genes, thanks to our previously published tool ImmunoTyper-
SR [17], bypassing the need for the germline inference tools. However, an important caveat is
that ImmunoTyper-SR needs whole-genome sequencing (WGS) reads, apart from the AIRR-seq
reads needed for building the phylogenies for BCRs. It is to be noted that cohort datasets that

sequence both WGS and AIRR (or even RNA-seq) are extremely rare to obtain.

5.3 Previous Literature

A recent review article [185] lists many state-of-the-art tools for building BCR phylogenies
using single-cell RNA sequencing technologies. Of these, the most popular methods/tools that
are being widely used are: IgPhyML [186], GCtree [187], SAMM [188], TRIBAL [189] and
maximum likelihood- and maximum parsimony-based methods that are not uniquely designed
for BCR phylogenies such as dnapars/dnaml [190] and IQ-TREE [191].

All of these methods use either Maximum Likelihood (ML), Maximum Parsimony (MP),
Bayesian Inference, or a combination of two or more of these methods. While most of these
methods solve the BCR phylogeny problem to varying levels of accuracy, they vary wildly in
the assumptions made and the constraints of model of BCR evolution. [188] provides a fantastic
benchmarking tool to compare various phylogenetic methods for BCR evolution, while also pro-

viding a simulator to generate BCR sequences for validation. We intend to make full use of this
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simulator/benchmarking platform to validate any algorithmic method that we develop.

5.4 Our Proposed Approaches

The problem, at its most basic version, is NP-hard, since it reduces to the large parsimony
problem [192], even for a single clonotype. We are currently attacking this problem from multiple
angles. While our current focus is on solving the problem using serial algorithms, we also aim
to design parallel algorithms as a part of our research. The ILP/QIP solver [47] (Integer Linear
Program/Quadratic Integer Program) we use also inherently uses parallel algorithms/heuristics to

quickly get close to the optimal solution. The following sections detail our proposed methods.

5.5 Constrained Parsimony Models and their Quadratic Integer Programming

Formulations

A mathematical formulation of the BCR phylogeny reconstruction problem requires an
evolutionary model for BCRs. These “constrained parsimony models™ specify what kind of
changes can occur to each character of the BCR sequence during its evolution. A mathemati-
cal formulation of the BCR phylogeny reconstruction problem formulates this model as a linear
or a quadratic integer program.

We have considered several constrained parsimony models for the BCR phylogeny recon-
struction problem. For each of these models we will be using quadratic integer programming
(QIP) to solve reconstructing the BCR phylogeny through the use of the combinatorial optimiza-
tion toolkit, Gurobi [47]. Since we do not have access to data that has both the whole genome and

transcriptome (including AIRR) sequenced, we will assume that our input consists of assembled
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BCR sequences and inferred germline sequences.

The BCR phylogeny reconstruction problem requires a solution for all clonotypes at once.
As a result the BCR phylogeny reconstruction problem can be thought as a generalized version
of the standard phylogeny reconstruction problem. In terms of the number of constraints it is an
order of magnitude larger than the standard phylogeny reconstruction problems encountered in
evolutionary studies and thus requires substantial computing resources. The QIP formulations
we have been developing are currently intractable; as a result, we now aim to break them down
into smaller independent components and solve them in parallel.

Each of our QIP formulations are based on a set of constraints on the evolutionary model,
which need to be translated into equality and/or inequality constraints, as well as an explicit
objective function that the formulation asks to maximize or minimize within these constraints.
We are currently considering only unmutated (germline) /GHV allele sequences, even though
each clonotype evolves from V(D)J rearranged sequences at the root. The input to each QIP
formulation is a connected component, consisting of assembled BCR sequences and a set of
candidate alleles to which these sequences have high sequence similarity/low sequence distance,
as measured through their multiple sequence alignment (MSA). These connected components
are a result of a distance-based clustering of all available BCR sequences and the IGHV allele
database [46]. The output is a conflict-free matrix per clonotype and the implied phylogenetic
tree [193]. We use variants of the integer linear programming formulation from [193], which
reconstructs clonal lineages of tumor cells assuming a restricted parsimony model. As will be
described in the next two subsections, we use two types of restricted parsimony models in our

work: “Perfect Phylogeny” and “Camin-Sokal phylogeny”.
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Figure 5.3: Models of perfect phylogeny of character states under various models of parsimony.

5.5.1 Perfect Phylogeny Models

In this subsection, we assume that all clonotypes evolve either as a perfect phylogeny (PP),
a restricted perfect phylogeny (RPP), or a binary perfect phylogeny (BPP). This key assump-
tion makes the problem more tractable. Within the realm of perfect phylogenies, we define four
distinct evolutionary models for BCRs below. In each of these models, the root of a BCR phy-
logeny represents the sequence of a distinct germline V(D)J recombination. A character of the
root sequence is said to evolve with no homoplasy within the BCR phylogeny if that character
undergoes each possible state change at most once. The PP assumption stipulates that a specific
state change of any character can happen only once in the entire evolutionary tree. A PP is BPP
if the allowed character states are binary (0 and 1). In a restricted perfect phylogeny (RPP) a
character cannot change states more than once in a lineage. These three variants of the perfect
phylogeny assumption are illustrated in Figure 5.3.

Below we describe four distinct models of BCR evolution, each based on the PP assump-

tion, as well as the QIP formulations to solve them.
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5.5.1.1 Evolutionary Model 1 and its QIP Formulation

Assumptions about the data in each connected component:

* The data has no sequencing errors, i.e., all assembled BCR sequences, including the set of

candidate alleles, need no flips/corrections to fit in phylogenetic trees.

* Only one allowed mutation per character from root along any path to any leaf in a tree aka

the evolution model is the restricted perfect phylogeny (RPP).

* We have all nodes necessary to build the forest and we don’t have false positive leaves.

Objective: Minimize the number of roots called per cluster of root and leaf nodes.

Limitation: There is no way to discard BCR sequences that do not belong to a particular BCR

clonotype.

5.5.1.2  Evolutionary Model 2 and its QIP Formulation

Assumptions about the data in each connected component:

* Sequencing errors are allowed in the assembled sequences.

Each substitution in a character in the root is treated as the same kind of mutation.

There are at most £ roots in the dataset, where £ is a user-specified constant.

We have all nodes necessary to build the forest and we don’t have false positive leaves.
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Objective: Minimize the number of flips in the character states of the leaf nodes to fit a binary

perfect phylogeny.

Limitation: There is no way to discard BCR sequences that do not belong to a particular BCR

clonotype.

5.5.1.3 Evolutionary Model 3 and its QIP Formulation
Assumptions about the data in each connected component:

* Sequencing errors are allowed in the assembled sequences.

Each substitution in a character in the root is treated as the same kind of mutation.

Choose only one root node among all available root nodes for the connected component.

Nodes/BCR sequences can be discarded, if they do not fit the parsimonious model of the

phylogeny.

Objective: Minimize the number of discarded BCR sequences (potential nodes in the tree) such

that the set of remaining nodes fit a binary perfect phylogeny.

Limitation: All available BCR sequences are forced to fit exactly one (most parsimonious) phy-

logenetic tree, per connected component.

5.5.1.4 Evolutionary Model 4 and its QIP Formulation

This model extends Model 5.5.1.3 so that the number of roots that can be chosen from the possible
set is at most k, instead of 1. The rest of the assumptions and the objective are identical to that of
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Model 5.5.1.3.

Limitation: Too hard to solve as a QIP even for a modest value of k.
Therefore, we propose an iterative heuristic method to solve this model, which is based on

repeatedly applying Model 5.5.1.3, as follows:

1. Choose the root node, which, among all root nodes, is the nearest to the largest number of

BCR sequences, and parsimoniously assign all these BCR sequences/nodes to it.
2. Iteratively choose the next root node for the remaining (unassigned) BCR sequences/nodes.

3. Stop when the remaining set of sequences/nodes differ too much from any root node left in

the pool.

Since this iterative approach is manageable in terms of memory, number of CPUs and runtime it
is highly promising. Whether it can achieve a level of practical accuracy that is permissible needs

to be seen.

5.5.2 Camin-Sokal Parsimony Model

Highly restricted parsimony models for BCR phylogeny reconstruction problem, such as
the perfect phylogeny model do not fully capture the biological mechanism of BCR evolution
through somatic hypermutations. Alternative models for BCR evolution via less restrictive par-
simony models are preferable. Unfortunately, even the BCR phylogeny reconstruction problem
based on our general perfect parsimony model is intractable. As mentioned earlier, we aim to
address this challenge by introducing a preprocessing step for assigning each BCR sequence to
a distinct clonotype. This preprocessing step reduces the problem to a number of distinct but
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relatively straightforward “phylogeny reconstruction problems”, in each of which we are given
a specific root node (the germline V(D)J-recombination sequence) and a set of extant BCR se-
quences (assembled from AIRR-seq) that presumably have evolved from the root sequence in a
clonotype. The goal of each such problem would thus be the construction of the most parsimo-
nious tree for the BCR sequences, given the root sequence, within the chosen evolutionary model.
Possible less restrictive alternatives to the perfect phylogeny model include the k-star homoplasy
model (for which a combinatorial optimization formulation has recently been developed [2]) and
the bounded Camin-Sokal parsimony model. In what follows, we describe the key features of
these models and discuss their potential use in BCR phylogeny reconstruction.

Various parsimony models for evolving character states have been studied in the phylo-
genetics literature based on the number of state transitions allowed, reversibility of mutations
acquired, and bounds on number of mutational losses/gains; see Figure 5.4. Among them, the
least restrictive parsimony model allows a character to transition to any other state in any node
(i.e. without any restriction). The star homoplasy restricts this model by allowing a character
to transition to any other state only once in a lineage. Once a character has changed states, the
subtree rooted at this node has the same state for the character for all of its nodes.

A better alternative to the star homoplasy for BCR phylogeny reconstruction is the Camin-
Sokal parsimony model, where state changes are “irreversible”. This means that, a character can
switch from state A — T — G along a lineage but it can never go back to a previous state
(here, once the character is in state (7, it cannot mutate to A or 7'). Since somatic hypermutation
for B cells are biased towards those that have greater affinity towards specific antigens, we can
hypothesize that there is some evolutionary pressure to gain mutations until an “ideal” BCR

sequence/antibody that binds well with the targeted antigen is reached. Unfortunately, while
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Figure 5.4: Models of evolution of character states under various models of parsimony. Models
decrease in the number of evolutionary constraints as one goes from left to right. Thick lines
indicate edges with no restrictions on the number of times a transition can occur, i.e. infinite
multiplicity. Figure from [2].

Camin-Sokal parsimony on binary character states has been extensively studied, the multi-state
version of the problem has not been solved [2]. We aim to study a bounded version of this model
of parsimony, where the number of state transitions of each character in each root of a clonotype is
upper-bounded, and apply it to the BCR phylogeny problem. [2] also gives a method to solve the
multi-state “k-star homoplasy” (bounded version of star homoplasy) phylogeny problem, which

we intend to extend to phylogenies based on multi-state Camin-Sokal parsimony.
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