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Popular scientific summary

Everyone differs a little in the measurements a doctor takes from a blood sample.
Some people have more of a given blood cell type than others, or more of a given
circulating protein, and much of that difference is inherited from their parents. These
differences are not usually large enough to make anyone ill. They are simply the
normal range of human variation.

Experimental biologists have a standard way of finding out which genes build a
biological system. They damage genes at random in an animal such as a fruit fly,
look for animals in which the system has gone wrong, and then work out which gene
was damaged in each case. This approach identified the genes that lay out the body
plan of an embryo. It works because the experimenter controls both the damage and
the breeding, and neither is possible in humans.

Human populations, however, have already performed a version of this experiment
over thousands of years. Every person inherits several million small differences in
their DNA sequence, and across a large enough group of people almost every gene
in the genome has been altered in somebody. These alterations are often milder than
the ones a laboratory would introduce, because natural selection has removed the
most damaging over many generations, but they are real perturbations acting in hu-
man tissue. If a clinical measurement (such as the blood tests you routinely receive
in the hospital) is available for enough people, and their DNA sequence has been
analyzed in sufficient detail, the result of that experiment can be recovered.

This thesis applies that idea to two types of measurements taken from blood: the
number of stem cells circulating in the bloodstream, and the amount of antibodies
in their serum. The first was analyzed in 13,167 people and the second in 114,697.
In each case, inherited differences in the measurement could be traced back to the
particular genes that set it, and many of those genes had no previously known role
in these processes, adding to our biological understanding of stem cells and antibod-
ies.

Both studies find similar results and uncover new genes controlling stem cell and
antibody production. In each study, the genes that explain why one healthy person's
blood test reads differently from another's turned out to be genes that cause real
illness when they are more badly disrupted. The stem cell work pointed to a gene
called PPM1H that could be worth turning into a drug. The antibody work laid out
the whole set of genes that decides how much antibody a person carries, from how
the antibody-producing cells develop to how long the finished antibody survives
once it is in the blood. One of them is a gene that rescues antibodies from being
broken down and puts them back into circulation, which is the same mechanism
drug companies exploit to make antibody-based medicines last longer in patients.
Ordinary human variation and disease are the same biology at different strengths.
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Chapter 1 — Conceptual
background

The infinitesimal model and the foundations of
modern genetics

“The law of combination of different characters which governs the development of
the hybrids finds therefore its foundation and explanation in the principle enunciated,

that the hybrids produce egg cells and pollen cells which in equal numbers represent
all constant forms which result from the combinations of the characters brought to-

gether in fertilization.”

- Gregor Mendel, “Experiments in Plant Hybridization” (1865)

Darwin failed to derive a working theory of inheritance. The common explanation
for familial resemblance at the time was “blending”, the idea that offspring traits
would be an average of both parents — a tall father and a short mother would produce
children of intermediate heights, a red flower crossed to a white flower would pro-
duce pink petals. However, such a theory is logically incompatible with the idea that
environmental pressures would lead to the highly specialized forms that arise from
natural selection, such as the exquisitely adapted beaks of the Galapagos finches.
Blending inheritance should cause a “regression to the mean” in breeding popula-
tions, swamping out the inherited variation that selection needs to act on'.

Mendel’s breeding experiments with peas arrived at the truth of inheritance — gam-
etes contained discrete particles that we now call alleles, and the combination of
these discrete particles during fertilization gave rise to predictable ratios of traits in
the offspring. Although a contemporary of Darwin, Mendel’s work would be for-
gotten for decades and then rediscovered with much interest in the early 20™ century.

The discovery of chromosomes and the paired way they separated during meiosis in
the early 20" century provided a physical basis for Mendel’s alleles — they resided
on chromosomes™*. Subsequently, Thomas Hunt Morgan’s experiments with fruit
flies proved that Mendel’s heritable factors resided physically on specific locations
(loci) on chromosomes and led to the development of linkage mapping, a method
still widely used in modern genetics"”.

14



By the early 20™ century Mendel’s work had been fully rediscovered, and a com-
munity of committed Mendelians had emerged. However, it had still not been fully
reconciled with Darwinian evolution. Darwinian evolution is a theory of gradual
change over geological timescales, yet the traits being mapped by the early Mende-
lians were qualitative and binary — white flower petals in peas, red eyes in fruit flies.

Could evolution proceed by these phenotypic leaps and bounds instead of the grad-
ual change over geological time proposed by Darwin’s theory of evolution? Hugo
de Vries, a botanist and pioneer of early genetics, rejected Darwinian gradualism,
proposing an alternative theory called saltationism where large-effect mutations
made new species and evolution proceeded by sudden leaps rather than graduallly’.

The experimental evidence for discrete particles of inheritance located on chromo-
somes seemed overwhelming, but it could not be fully reconciled to the forms of
heritable variation observed in natural populations. Most traits in natural popula-
tions are not binary or discrete but are continuous and normally distributed. How
could Mendel’s discrete particles give rise, for example, to the smooth Gaussian
distribution of heights observed in human populations?

The key theoretical insight came from the work of Ronald Fisher, a foundational
figure for both modern statistics and genetics. In his 1918 paper "The Correlation
between Relatives on the Supposition of Mendelian Inheritance” he formulated a
mathematical model where a large but finite number of Mendelian alleles contrib-
uted additively and independently to inherited traits, giving rise to the continuous,
Gaussian distributions observed for quantitative traits in nature®. Darwinian evolu-
tion could then be reframed in terms of this theory: evolution arises due to changes
in population allele frequencies due to natural selection. The gradualism observed
in the paleontological record could then be reconciled to the empirical observations
being made by cytologists and in the controlled breeding experiments of geneticists,
and a complete theory of biology could be formulated many years before the dis-
covery of the structure of DNA and the emergence of modern molecular biology.

In my doctoral work I conducted and interpreted genome-wide association studies
of quantitative traits in human populations; work that was only possible due to the
theoretical foundations laid by quantitative geneticists like Fisher.

The molecular basis of biological complexity

“Embryos derived from bicoid (bcd) females lack head and thorax. Cytoplasmic
transplantation experiments reveal that bed -dependent activity is localized at the
anterior pole of wild-type embryos. The activity can induce anterior development in
mutant embryos at any position along the antero-posterior axis and suppresses pos-
terior development.”

15



- Hans Georg Frohnhdfer & Christiane Niisslein-Volhard, “Organization of anterior
pattern in the Drosophila embryo by the maternal gene bicoid” (Nature, 1986)

Although classical genetics could locate Mendel’s particles of inheritance on chro-
mosomes, how these stretches of DNA give rise to complex biological systems re-
mains an open question to this day. The discovery of the structure of DNA and its
innate molecular capacity for self-replication ushered in the era of molecular biol-
ogy, transforming genes from abstract units of inheritance into discrete molecular
machines that seemed able to animate all the properties of a cell — the contractile
motions of the cytoskeleton, the carefully regulated trafficking of material between
cell compartments, the production of energy in chloroplasts and mitochondria, the
replication of DNA, the translation of proteins by ribosomes’.

Yet the gap between molecular understanding and biological complexity is vast and
remains a largely open question to this day.

During animal development, a single fertilized egg cell gives rise to a fully patterned
animal body plan with functioning organs. Using only our 20™ century knowledge
of genetics and molecular biology, we can conclude that the information needed to
carry this out must be encoded in genes residing in chromosomes. But how does a
protein encode the concept of an eye? If the scale of complexity in a single cell is
hard enough to fathom, extending our molecular understanding into multicellular
systems like embryos and brains seems insurmountable.

Experimental embryologists in the early 20™ century began to elucidate some of the
working principles of animal development — as early as 1905 the zoologist Edwin
Conklin performed lineage tracing experiments in sea squirt embryos, observing a
region of yellow pigmented cytoplasm that segregated predictably into tail muscle
cells and acted as a natural lineage marker®. In contrast to the nuclear chromosomal
factors of Mendelian inheritance, this early work pointed to the importance of cyto-
plasmic factors that determined the identity of cells and tissues.

Attempts to isolate these patterning factors using biochemical methods failed, but a
breakthrough came in 1980 when Christiane Niisslein-Volhard and Eric Wieschaus
applied an alternative approach: forward genetic screens of random mutants in Dro-
sophila larvae’. Forward genetic approaches start by measuring phenotypes —
whether generated by mutagenesis or by natural variation — and work backwards to
map and isolate the underlying genes through different forms of genetic analysis
such as linkage mapping.

At the time the first screens for developmental mutants were carried out in Drosoph-
ila it was not clear that embryology would yield to such an approach — what if such
processes were too complex, interlinked and buffered to yield interpretable single
gene mutations? But the opposite was true — the initial screen identified 15 distinct
gene mutations that altered the segmental pattern of the Drosophila larvae in a pre-
dictable, orderly fashion'®. The patterning defects could also be placed into three
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distinct categories that revealed different layers of organization — some affected con-
tiguous blocks of segments while others affected alternating segments, for example.
Thus, embryonic patterning is a modular system driven by a finite set of molecular
machines encoded by genes''. More importantly, these results demonstrated that
biological complexity could be genetically tractable — a phenotypic screen requires
no prior knowledge of the underlying molecular biology, yet it can still enable the
discovery of the molecular components that give rise to an observable trait.

Subsequent work helped to further define the molecular identities of these 15 genes
— 10 of them were sequence-specific transcription factors, while the remainder were
ligands and receptors for the Wnt and Hedgehog signaling pathways, which con-
tinue to be studied extensively in many areas of biology'%. In our large-scale genetic
analysis of human hematological and immunological traits, we observed a similar
convergence towards transcription factors and signaling molecules.

In my doctoral work we probed the development of blood stem cells and the immune
system through a forward genetics approach, but instead of using mutagenesis in
model organisms we used natural variation in human populations. The conclusions
we came to were much the same as those that emerged from the Heidelberg screens
of Drosophila embryogenesis — biological complexity can be reduced to a finite set
of molecular modules and is exquisitely tractable to forward genetic analysis'*.

The Human Genome Project and GWAS

“Five lines of evidence point to an increase in the complexity of the proteome from
the single-celled yeast to the multicellular invertebrates and to vertebrates such as
the human. Specifically, the human contains greater numbers of genes, domain and
protein families, paralogues, multidomain proteins with multiple functions, and do-
main architectures. According to these measures, the relatively greater complexity of
the human proteome is a consequence not simply of its larger size, but also of large-
scale protein innovation.”

- International Human Genome Sequencing Consortium, “Initial sequencing and
analysis of the human genome” (Nature, 2001)

The forward genetic screens carried out in Heidelberg were performed on a model
organism, allowing the experimenter to carry out controlled mutagenesis and breed-
ing experiments. By scoring phenotypes in thousands of mutagenized embryos, they
could saturate the entire genome with informative mutations. None of this is possi-
ble in humans, who cannot be mutagenized or crossed at will, and whose generation
time is measured in decades rather than days.

For most of the 20™ century human genetics was therefore confined to rare Mende-
lian disorders, traits caused by single genes of large effect that revealed themselves
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through patterns of inheritance in family pedigrees according to the laws of Mende-
lian genetics. Linkage mapping, the same method that emerged from Thomas Hunt
Morgan's fly experiments, could trace such genes to their location on a chromosome
by following how a disease co-segregated with genetic markers through a family'*
7. This worked well for conditions like cystic fibrosis and Huntington's disease, but
it was powerless against the traits Fisher had explained. Common, continuously dis-
tributed phenotypes are not caused by single variants of large effect but by many
variants of small effect, and their heritability is spread too thinly across the genome
for any one family to reveal it.

Thus, to find genes of small effect one cannot follow a single locus through a single
pedigree. One must compare allele frequencies across very large numbers of unre-
lated individuals and ask which positions in the genome differ systematically be-
tween people at the high and low ends of a trait. This is association rather than
linkage, and it required two things that did not exist before the turn of the millen-
nium: a complete reference sequence of the genome to serve as a coordinate system,
and a catalog of the common variation that distinguishes one person from another.
The Human Genome Project supplied the coordinate system and sequence map that
make modern genetic analysis possible. Completed in 2003 after 13 years and
roughly three billion dollars, it produced the reference against which every subse-
quent variant could be named and located'®°.

The catalog of common variation came from the International HapMap Project,
which set out to characterize the common single nucleotide polymorphisms (SNPs)
in human populations and the way they are inherited together*'*2. Because recom-
bination shuffles the genome unevenly, nearby variants tend to be inherited as
blocks — a correlation structure known as linkage disequilibrium (LD). Rather than
sequencing every base in every participant, which remained prohibitively expen-
sive, one could therefore genotype a few hundred thousand carefully chosen marker
SNPs on a microarray and rely on LD so that each typed marker also reported on its
untyped neighbors® .

With these tools in place, the genome-wide association study (GWAS) became pos-
sible. The first convincing example arrived in 2005, when a common variant in the
complement factor H gene was associated with age-related macular degeneration in
a sample of fewer than 200 people®®. The approach reached maturity in 2007 with
the Wellcome Trust Case Control Consortium, which examined seven common dis-
eases in a single shared design that set the basic template for the field”’. Robust
genetic associations with a plethora of traits and diseases accumulated quickly into
thousands, and two features of them stood out. They were overwhelmingly poly-
genic, each variant explaining only a small fraction of the variance in a trait, and
they fell predominantly outside protein-coding sequence, in the regulatory regions
of the genome®®°.
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The work of this thesis applies this logic to hematopoiesis and the immune system.
Immunoglobulin (Ig) levels and circulating stem-cell levels are quantitative traits in
the Fisherian sense, varying continuously across the population and under substan-
tial genetic control, which makes them well suited to a genome-wide association
approach. Analyzing nine quantitative Ig traits in a large population sample, we fine-
mapped 504 genetic associations. We recovered many known regulators of the B-
cell lineage and implicated many that had not previously been reported. As in the
Heidelberg screens, these signals converged on transcription factors and signaling
molecules, in this case regulators of B-cell development and antibody production.
Thus, a forward genetic dissection of human immunity through natural variation
arrived at the same conclusion as the screens of the fly embryo: a complex biological
system is built from a finite and discoverable set of molecular modules.

The future of human genetics

“There are deep challenges to fully understanding the impact of very small effects in
organismal systems, so we believe there is great need to develop cell-based model
systems that can recapitulate aspects of complex traits.”

- Evan Boyle, Yang Li & Jonathan Pritchard, “An expanded view of complex traits:
from polygenic to omnigenic” (Cell, 2017)

A genome-wide association study tells us which DNA sequence variants correlate
with trait variation, but associations on their own cannot reveal molecular mecha-
nism. The vast majority of variants identified in GWAS are non-coding — the signal
can point to a stretch of regulatory DNA containing many correlated variants, any
one of which might be the causal one, acting on a gene that is not necessarily the
nearest, in a cell type the study cannot itself identify. How does a stretch of non-
coding DNA reach forward through the molecular machinery of the cell to shape a
phenotype? GWAS has been remarkably successful at telling us where to look. The
harder problem of uncovering the underlying molecular mechanism is only begin-
ning to be solved.

This is the central problem of post-GWAS genetics, and it is currently being ap-
proached from two directions.

Statistical fine-mapping uses the correlation structure of a locus to narrow a broad
association down to a small credible set of variants that plausibly contain the true
causal variant(s)*'. Statistical fine-mapping relaxes the assumption that genetic var-
iants are independent of each other and performs joint modeling, often using Bayes-
ian approaches, of the likelihood of combinations of multiple alleles being causal
for an observed shift in trait values.
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Functional genomics then asks what those variants do on a molecular level*’. Maps
of open chromatin, transcription factor binding, and gene expression, increasingly
resolved to single cells and to the particular states a cell passes through, allow a
candidate variant to be placed in the regulatory context in which it acts, linked to
the gene it most likely controls and the cell type in which it controls it****. Where
these maps converge on the same variant, gene, and cell, a mechanistic hypothesis
emerges from what began as nothing more than a statistical coordinate in the human
reference genome.

The fruit of this approach is not only mechanistic understanding of the molecular
basis of trait variation, but knowledge with genuine clinical impact. Drug targets
supported by human genetic evidence succeed in clinical trials far more often than
those without it**~*”. Combining information from these same variants yields poly-
genic scores that estimate an individual's genetic liability to a disease, with a grow-
ing role in clinical risk prediction®**. The catalog of GWAS associations is gradu-
ally becoming a catalog of therapeutic and diagnostic hypotheses and will become
increasingly relevant for clinical practice as DNA sequencing becomes more acces-
sible.

My doctoral research sits at this post-GWAS transition. Having mapped the genetic
architecture of Ig and stem-cell levels, the natural next step is to ask what the strong-
est signals are doing on a molecular level. We have begun to resolve individual loci
to their causal variants and to test them experimentally. I find in this a continuity
with the questions that drew me to biology in the first place. The screens of the fly
embryo showed that biological complexity, however daunting, can be reduced to a
finite set of molecular modules. The genetics of the human hematopoietic system
tell the same story.

The hematopoietic system

“The study of human hematopoiesis is often limited by the inability to manipulate this

process in vivo and differences that exist between humans and commonly employed
model organisms. However, human genetics provides a way to gain insight into nat-
ural variation in a variety of hematologic phenotypes.”

- Vijay Sankaran & Stuart Orkin, "Genome-wide association studies of hematologic
phenotypes: a window into human hematopoiesis" (Current Opinion in Genetics &
Development, 2013)

Blood is the most prolific tissue in the human body. Hundreds of billions of blood
cells are produced every day, and the entire complement of erythrocytes, platelets,
and white blood cells is replaced continuously throughout life, all of them descended
from a rare pool of stem cells. Of all the systems in which one might attempt the
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forward genetics described in the previous sections, hematopoiesis is among the
most tractable in humans. It is continuously accessible through a simple blood draw,
its outputs are routinely quantified in clinical settings, and it is arranged in a hierar-
chy whose structure has been mapped in detail***'.

Till and McCulloch first demonstrated, by counting clonal colonies in the spleens
of irradiated mice, that single cells could regenerate the blood, defining the hema-
topoietic stem cell operationally by its two essential properties of self-renewal and
multipotency®. The functional definition of the human stem cell came from the
work of John Dick and colleagues, who transplanted human cells into immunodefi-
cient mice and scored their capacity to reconstitute hematopoiesis, resolving the hi-
erarchy of lineage-restricted progenitors***. The same framework revealed that leu-
kemias are themselves hierarchically organized, sustained by a leukemic stem cell,
a finding that reshaped how blood cancers are understood®’. The classical picture
that emerged is a branching tree, in which the stem cell gives rise through a series
of increasingly restricted progenitors to the committed myeloid and lymphoid line-
ages. Single-cell measurements have since revised this tree toward a more continu-
ous landscape of priming and commitment, but the hierarchy remains the organizing
concept of the field and provides the language in which its cell types are named*.

These cells are identified by the surface glycoprotein CD34*’. Hematopoietic stem
and progenitor cells (HSPCs) make up less than 0.1% of the mononuclear cells in
blood, and it is CD34 expression that allows them to be counted and sorted by flow
cytometry. CD34 labels a mixed population of stem and progenitor cells and is a
critical marker for clinical stem-cell transplantation: CD34" cells are the fundamen-
tal unit of stem-cell transplantation and the baseline blood CD34" level is one of the
better predictors of successful transplantation*®*.

Hematopoietic stem-cell transplantation is a cornerstone of treatment for blood ma-
lignancies, and modern grafts are collected not from the bone marrow but from pe-
ripheral blood by leukapheresis. HSPCs, however, normally reside in the marrow
niche, retained there by the chemokine axis in which CXCL12 produced by stromal
cells binds the receptor CXCR4 on the stem-cell surface™. To be harvested in the
clinic, they must first be mobilized into the circulation, which is achieved with gran-
ulocyte colony-stimulating factor and, when that is insufficient, with the CXCR4
antagonist plerixafor’'*2. Mobilization varies between individuals and a minority of
patients mobilize so poorly that an adequate graft cannot be collected™. The genetic
regulation of blood CD34" levels is therefore not only a question about stem-cell
biology but a clinical one. A genetic variant that alters a person's baseline CD34"
level is, in effect, running a natural experiment in mobilization, and a regulator dis-
covered this way is a candidate drug target for improving it.

Human hematopoiesis is well-suited for forward genetic analysis — blood counts are
routinely measured in the clinic, and because the lineage hierarchy is known, the
cell type in which a variant acts can be inferred using cells sorted by lineage markers
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or, more recently, using single-cell methods. Large studies such as that of Astle and
colleagues mapped thousands of associations with mature blood-cell traits across
the lineages®*°. The challenge in blood was the same one that defines the post-
GWAS era everywhere: the move from a statistical association to the underlying
cellular and molecular mechanism.

The tools to enable functional genetic interpretation in human hematopoiesis were
assembled over the past decade. Corces, Buenrostro, and colleagues generated chro-
matin accessibility maps by ATAC-sequencing across sorted hematopoietic popu-
lations, building an atlas that ultimately spans 18 progenitor and mature cell types’’.
Ulirsch, Lareau, Bao, and Sankaran then applied these data to the interpretation of
GWAS associations — fine-mapping the associations for 16 blood-cell traits in
roughly 115,000 individuals from the UK Biobank to credible sets of plausible
causal variants, overlapping those variants with the accessibility atlas to assign a
cell type, identifying the disrupted transcription factor by the combination of motif
prediction and measured occupancy, and nominating target genes through correla-
tion between accessibility and expression®®. They further introduced gchromVAR,
a method that uses fine-mapped posterior probabilities together with quantitative
accessibility to resolve which of several closely related cell states a variant acts in.
This analysis converged on the binding sites of the master regulators of hematopoi-
esis— GATA1, RUNXI1, PU.1 — factors that classical biology had already identified
as major lineage determining factors in blood.

The efforts above mapped the mature blood-cell counts that are commonly assayed
in the clinic — the erythrocytes, platelets, and leukocytes at the bottom of the hierar-
chy. The stem and progenitor compartment itself, the blood CD34" level, had never
been subjected to a genome-wide association study, despite its central importance
to transplantation. Our lab has built a platform for high-throughput, multicolor flow
cytometry in human blood samples, and by coupling this with genetic association
analysis we are able to assay highly resolved blood traits invisible to standard clin-
ical tests — including circulating CD34" levels.

In a study of 13,167 individuals, we reported the first genetic associations with
blood CD34" cell levels measured by flow cytometry of blood samples, identifying
nine significant and two suggestive associations, accounted for by eight loci:
PPMIH, CXCR4, ENOI-RERE, ITGA9, ARHGAP45, CEBPA, TERT, and MYC®.
The recovery of CXCR4, with four independent associations at an approved drug
target for stem-cell mobilization, was proof of principle that genuine regulators of
the stem-cell compartment can be read out from natural variation in humans. Along-
side CXCR4 were genes never previously implicated in stem-cell biology, PPM1H,
ENOI, RERE, and ARHGAP45, together with /TGA9Y, which had been only mini-
mally studied in this context.

The most significant association mapped to PPM1H, a serine and threonine phos-
phatase that had never been implicated in hematopoiesis. My contribution to this
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study was the functional dissection of this locus. The allele that confers higher blood
CD34" levels was found to downregulate PPM1H, and the causal factor was local-
ized to a single non-coding variant, rs772557-A, which abrogates a binding site for
the master hematopoietic transcription factor MYB in the first intron of the gene. A
companion study, which forms the second paper of this thesis, took one of the other
novel loci further and found the same kind of mechanism acting through a different
factor®. At the ENOI-RERE locus, the causal non-coding variant, rs10864368-T,
abrogates a binding site for GATA2, the master regulator of the stem and progenitor
state. Two loci from a single stem-cell GWAS thus resolve to the same kind of
event, a common variant that creates or destroys a binding site for a master regulator
and thereby tunes the output of the hierarchy.

The forward-genetic dissection of the stem-cell compartment can thus recover the
master regulators of hematopoiesis from human variation, as well as revealing novel
targets for clinical perturbation.

The B cell and the antibody response

The B-cell lineage produces Ig, a single family of secreted proteins whose diversity
is large enough to bind essentially any molecular shape an organism might encoun-
ter®’. The plasma cell that secretes antibody is one of the most specialized cells in
the body and results from a complex and orderly developmental program®. The ge-
netic analysis of circulating Ig levels — the final product of this developmental pro-
gram — is the subject of the third and largest paper in this thesis®.

After birth, B-cell development takes place in the bone marrow, along the lymphoid
branch that descends from the hematopoietic stem cell through lymphoid-primed
progenitors, including the common lymphoid progenitor®. The defining event of
this development is the assembly of the B-cell receptor. Through V(D)J recombina-
tion, the RAG1/RAG2 recombinase introduces double-strand breaks at the recom-
bination signal sequences that flank the Ig gene segments, and the broken ends are
joined by the non-homologous end-joining pathway. Combinatorial assortment of a
modest number of inherited segments, imprecise joining at the segment junctions,
and the pairing of heavy and light chains together generate a receptor repertoire of
enormous diversity, with a different specificity in essentially every clone®. A cell
that assembles a functional receptor matures and leaves the marrow as a naive B
cell, displaying its receptor on the surface as membrane-bound IgM and circulating
through secondary lymphoid organs until it encounters an antigen.

The encounter with antigen, in the presence of help from a CD4" T cell, triggers the
reaction at the center of Ig biology: the germinal-center reaction®®. Within the ger-
minal center, antigen-activated B cells cycle between two compartments called the
dark zone and the light zone. In the dark zone they proliferate and the enzyme
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AICDA (AID) introduces point mutations into the rearranged Ig genes, a process of
somatic hypermutation that further diversifies the receptor. In the light zone the mu-
tated cells compete for antigen and for the limited help of follicular helper T cells,
so that the clones whose mutations have improved their affinity are selected to sur-
vive and re-enter the cycle. This process is called affinity maturation, essentially a
Darwinian process of variation and selection compressed into days and confined
within a single tissue.

This reaction is governed by a small set of transcription factors, some of which are
recovered by our genetic analysis®’. The germinal-center program, maintained by
BCL6, is opposed by the plasma-cell program driven by /RF4 and PRDMI
(BLIMP1), the master regulator of the plasma-cell state, while PAX5 maintains B-
cell identity across the lineage. [RF'4 acts in a concentration-dependent manner: low
levels are required for the germinal-center response and for class switching, and
high levels induce PRDM1 and commit the cell to the plasma-cell fate. As a cell
commits, PRDM1 represses BCL6 and PAX5, and the loss of PAXS relieves its re-
pression of XBP1, JCHAIN and the secreted form of the heavy chain. XBPI, induced
downstream of PRDM 1, then drives the expansion of the endoplasmic reticulum and
secretory apparatus that allows the cell to export antibody at a rate of thousands of
molecules per second *’. A subset of these plasma cells home back to the bone mar-
row, where the niche sustains them for years, and it is this long-lived population that
maintains the standing concentration of antibody in the serum®®. The quantity that
the third paper measures, a person's circulating Ig level, is therefore the integrated
output of the entire program described above, from receptor assembly in early B
cells through germinal-center selection to terminal differentiation and plasma-cell
survival.

Ig itself is not a single molecule but a family of isotypes encoded by a group of
constant region genes in the immunoglobulin heavy-chain (IGH) locus on chromo-
some 147°, The five classes — IgM, IgD, IgG, IgA, and IgE — share a common archi-
tecture but differ in their constant regions and therefore in their effector roles, and
IgG and IgA are further divided into subclasses encoded by distinct genes’"’*. IgM
is the first antibody of a response and circulates as a pentamer joined by the J chain
and in complex with CD5L"*™. IgG is the dominant antibody of the mature antibody
response in blood. IgA has a specialized role in mucosal surfaces but is also found
in circulation as serum IgA, which is what we measured in our study”.

Which isotype a B cell produces is decided by class-switch recombination’®, and the
survival of the plasma cells that secrete it depends heavily on a signaling axis built
from the TNF-family ligands TNFSF13B (BAFF) and TNFSF13 (APRIL) and their
receptors, TNFRSF13B (TACI) and TNFRSF17 (BCMA)"". This signaling axis reg-
ulates both class switching and plasma-cell survival, and our study of Ig levels re-
covers population variants mapping to all these genes, including two allelic series
mapping to TNFRSF13B and TNFSF13. Although this aspect was not investigated
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extensively in our study, class-switched Ig can also be generated through extrafol-
licular routes independently of germinal centers’.

Once antibody is secreted, its fate in the circulation is set by a second set of mole-
cules, the Fc receptors which bind the constant Fc regions of Ig”. FCGR2B
(FcyRIIB) is the only inhibitory Fc receptor, carrying a signaling motif that raises
the threshold for B-cell activation and acts as a negative feedback brake on the an-
tibody response to IgG. FCGRT (FcRn), the neonatal Fc receptor, binds IgG in a
pH-dependent manner within the endosome and recycles it back to the cell surface
rather than allowing its degradation, and in doing so sets the long half-life of IgG in
the blood®. Both molecules act directly on the levels of circulating antibody, one
by tuning how much is made and the other by regulating how long it persists in
circulation. In our study we find that population variants in the IgG-binding receptor
genes FCGR2B and FCGRT are particularly important for heritable variations in
IgG levels, consistent with their known biology.

Like the blood-cell counts of the previous section, Ig levels are quantitative traits in
the Fisherian sense. They vary continuously across the population, they are meas-
ured routinely in the clinic, and they are substantially heritable, making them well
suited to a genome-wide association approach. Their clinical extremes define dis-
ease at both ends — immunodeficiency where antibody is too low and a spectrum of
autoimmune conditions and B-cell malignancies where the response is dysregulated,
so that the genes and variants which set the normal range of these traits are also
candidates for understanding their pathology. Analyzing nine Ig phenotypes in a
population sample spanning Iceland, Sweden and the UK, we recovered known reg-
ulators of the B lineage at every stage from lineage commitment to antibody secre-
tion, and implicated multiple novel genes. Additionally, we found that analyzing Ig
levels at this sample size begins to reveal systems-level properties of the B cell sys-
tem. These findings are discussed in more detail in the Results section.

The studies introduced in this chapter address two quantitative traits derived from
human blood, CD34" stem-cell levels and Ig levels, and describe the same experi-
ment performed at two ends of the hematopoietic hierarchy. The same forward-ge-
netic method — association followed by fine-mapping followed by functional dis-
section — was applied to the top of the hematopoietic hierarchy, the stem and pro-
genitor compartment, and to one of its terminal lymphoid outputs — the antibody-
secreting plasma cell.
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Chapter 2 — Aims

Genome-wide association studies have been remarkably successful at locating the
regions of the genome in which variation tracks with a trait, but an association is not
a mechanism, and the work of moving from a statistical coordinate to molecular
mechanism remains a central challenge in the field. The overall aim of this thesis is
to apply that full pipeline, from association through fine-mapping to functional dis-
section, across the hematopoietic hierarchy, taking quantitative blood traits as a for-
ward-genetic discovery platform for the molecular machinery that builds blood and
immunity. The traits chosen span the hierarchy from its origin to one of its terminal
outputs: the blood CD34" stem and progenitor compartment at one end, and the cir-
culating Ig produced by the plasma cell at the other.

The specific aims of the constituent papers were as follows.

Paper 1. To define the genetic architecture of blood CD34" cell levels, a trait not
previously subjected to genome-wide association studies despite its central role in
transplantation, and to begin to resolve the resulting associations to their underlying
genes and mechanisms. My focus in this study was the functional dissection of the
PPM1H locus, the most significant and novel association.

Paper II. To carry one of these associations with blood CD34" cell levels from to a
validated causal mechanism in its native chromosomal context, illustrating end-to-
end functional interrogation of a non-coding association signal.

Paper 111 To define the genetic architecture of the antibody compartment at scale,
by fine-mapping the associations for nine Ig traits at population scale, and to resolve
the strongest signals to the core genes and regulatory elements that govern B-cell
development, germinal-center selection, and plasma-cell differentiation.
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Chapter 3 — Methodological
considerations

The analytical methods used throughout this work can be divided into three stages.
The first is statistical genetics, the identification of association signals and their res-
olution to candidate variants and genes, performed largely through the collaboration
with deCODE Genetics and through public molecular-genetic resources. The sec-
ond is functional genomics, the use of chromatin and expression data — in some
cases public and in some cases generated by our own lab — to assign each signal to
a cell type, a regulator, and a target gene. The third is experimental — the direct
testing of the resulting hypotheses in cells.

A recurring theme in post-GWAS analysis is that no single method is decisive on
its own. Each step can introduce false positives or spurious associations. A causal
variant or mechanism is nominated only where several independent lines of evi-
dence — statistical, epigenomic, and experimental — converge on the same hypothe-
sis.

3.1 Genome-wide association and statistical fine-
mapping

The genome-wide association studies underlying Papers I and III were performed
by the deCODE collaboration, and the methods are described in full in those papers.
They are summarized here because a critical understanding of them is necessary to
everything that follows.

In GWAS analysis a quantitative trait is regressed against allele dosage at millions
of variants individually, and the variants whose association survives a stringent ge-
nome-wide significance threshold are taken forward®'**. Two distinct features of
the deCODE approach are worth drawing out.

The first is the depth of genotype imputation. By taking advantage of known pat-
terns of LD from high-quality reference genomes, imputation allows assignment of
genotypes at variants that have not been assayed directly by microarray hybridiza-
tion and thus greatly expands the number of sequence variants that can be analyzed

27



for association™. Association power and fine-mapping resolution both depend on
the density and accuracy of the imputed variants, and the deCODE reference panel,
built on whole-genome sequencing of a large fraction of the Icelandic population,
imputes rare variation more accurately than the panels available to most studies®.
In addition, deCODE has several high-quality Swedish reference genomes that en-
able rare variant imputation in the samples we provided. This allows our study to
combine the cost advantages of microarray-based genotyping with imputation of
ultra-rare SNPs and indels, whose effects can be meaningfully detected at the large
sample sizes we achieved in our study. Such rare variants of strong effect can be
particularly informative for understanding the molecular basis of trait heritability,
as theory predicts that they will converge on core pathways regulating that trait®

In the context of my doctoral research, the most important step is not the association
test but the resolution of each associated locus into independent signals and candi-
date variants. A genome-wide significant locus is not a resolved causal variant. It is
a region of correlated variants, any of which might be causal or merely a passive
hitchhiker. Although early GWAS work used simple heuristics based on LD thresh-
olds to disentangle complex genetic signals, the field has converged on more so-
phisticated methods to solve these issues over time*'. Two distinct problems must
be separated. The first is that a single locus often contains more than one independ-
ent causal variant, a feature now known to be common. The second is that, within
each independent signal, the true causal variant must be localized against its corre-
lated neighbors.

The deCODE analysis addresses these concerns through a sequence of two analyses.
Independent signals are first identified by stepwise conditional analysis, in which
the lead variant of a locus is added as a covariate and the region re-tested, the next
strongest residual signal is taken as a second independent association, and the pro-
cedure is repeated until no further signal survives®. Each conditionally independent
signal is then fine-mapped by the Bayesian refinement approach of Maller and col-
leagues, which computes for each variant an approximate Bayes factor and, from it,
a posterior probability of being the causal variant under the assumption of a single
causal variant within that signal®’. Summing these posteriors defines a credible set,
the smallest group of variants whose cumulative posterior probability exceeds a
chosen threshold, conventionally 95% or 99%.

The approach we adopted differs from the other major approach for fine-mapping
used in the field — the sum of single effects regression implemented in the popular
SuSiE package®. SuSiE decomposes a locus into a small number of single-effect
components simultaneously, producing a credible set for each component without
first conditioning on lead variants. The conditional-then-refine strategy used by de-
CODE anchors each signal on the empirical lead variant of a stepwise model; SuSiE
infers the number and identity of independent effects jointly.
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Neither approach is unambiguously better in principle, and both were considered
for this work; the deCODE pipeline was used because the association analysis was
carried out there. The conditional approach is transparent and robust when signals
are well separated, but it can mislocalize the partition between two signals that are
close in both position and strength, whereas SuSiE handles such cases more natu-
rally at the cost of greater sensitivity to the reference LD panel. The distinction is
not merely academic for this thesis, because the eQTL resources (discussed below)
used for colocalization were fine-mapped with SuSiE, and bridging the two repre-
sentations is a methodological problem addressed in Section 3.3.

Statistical fine-mapping continues to be an active area of research in the field. Alt-
hough our analysis discarded non-European samples, trans-ancestry analysis has
been shown to improve fine-mapping resolution by taking advantage of differences
in LD patterns and allele diversity between populations™*. Another recent devel-
opment is genome-wide fine-mapping using Bayesian mixture models, which fit all
variants jointly across the genome rather than treating each significant locus in iso-
lation”. The combination of increasing sample sizes in national biobanks with better
computational methods promises to substantially increase the yield of causal vari-
ants from population genetic studies in humans.

3.2 Expression quantitative trait analysis

A regulatory variant works by changing how much of a gene gets made. To find
which gene, we look for expression quantitative trait loci, or eQTLs: a variant is an
eQTL for a gene if individuals carrying different alleles have measurably different
levels of that gene's transcript’*2. When the variant driving a trait association turns
out to be the same variant driving an eQTL, that is strong evidence the trait acts by
changing that gene's expression. The eQTL resources used here are therefore a foun-
dation of the entire analysis in Paper III, and the choice among them was a substan-
tive methodological decision that is discussed in more detail below.

The central issue for our work is the cell type in which expression is measured. The
largest and most widely used eQTL resources measure expression in whole tissues
or in whole blood. The GTEx project catalogs eQTLs across dozens of post-mortem
bulk tissues, and eQTLGen aggregates whole-blood eQTLs across tens of thousands
of individuals”*®*. Their power is enormous, but for an immunological trait their
resolution is limited in a specific way. Whole blood is a mixture of many cell types
in varying proportions, and an eQTL detected in such a mixture may reflect a regu-
latory event in any of them, or an artifact of cell-type composition rather than of
regulation within a cell’>*®. For this reason, GTEx and eQTLGen were not used as
e¢QTL resources in this work.
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Our analysis instead rests on sorted-cell eQTL resources, in which expression is
measured in purified, defined cell populations. The principal resource is Im-
muNexUT, which provides eQTLs across 28 immune cell types sorted from a large
cohort, including the B cell and plasmablast populations directly relevant to Ig pro-
duction®”. This is further complemented by the eQTL Catalogue, a uniformly repro-
cessed collection of eQTL studies that puts many sorted-cell and purified-popula-
tion datasets through a unified analysis pipeline’®. We selected a subset of the eQTL
Catalogue that was relevant to the immune system, focused on sorted myeloid and
lymphoid white blood-cell samples.

The advantage of sorted-cell data is that an eQTL is assigned to a known cell type
at the point of measurement, so that a GWAS signal colocalizing in plasmablasts is
a statement about plasmablasts and not about an unresolved mixture like whole
blood. The cost is statistical power, since sorted-cell cohorts are smaller than whole-
blood ones, and a real eQTL acting only in a rare sorted population may go unde-
tected. We chose to prioritize specificity over sample size, as cell type specificity is
so central to the immune system. To partially resolve this, we were able to use de-
CODE’s internal eQTL resources which include magnetic bead enriched B, T and
monocyte fractions from PBMCs at much higher sample sizes. This enabled the
colocalization of rare non-coding variants to cell-type specific eQTLs, and provided
evidence for a novel gene ARHGAP15 in B-cell biology.

Single-cell eQTL resources became available during this work™. I chose not to use
them, because sparse per-cell counts limit detection power for lowly expressed
genes, including most transcription factors, and the sorted-cell resources gave better
coverage of the genes of interest here'™. A systematic comparison of single-cell and
sorted-cell eQTL data for this application remains to be done.

3.3 Colocalization

The coincidence of an eQTL and a trait association in the same genomic region is
not, on its own, evidence that the trait acts through the gene affected by the eQTL.
The two signals may be driven by the same causal variant, in which case the regu-
latory hypothesis is supported, or by two distinct variants that happen to lie in LD,
in which case the overlap is coincidental and the gene may be irrelevant'”'. Distin-
guishing these two situations is the problem of colocalization, and it is the method-
ological heart of the eQTL analysis in Paper III.

The colocalization problem arises because LD makes naive overlap uninformative.
In a region of strong correlation, a trait variant and an unrelated eQTL variant will
appear to coincide simply because everything in the region is correlated with eve-
rything else. The earliest attempts to address this, such as regulatory trait concord-
ance and the conditional approaches that preceded formal colocalization, were
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heuristic'®. The field converged on the probabilistic framework of Giambartolomei

and colleagues, implemented in the coloc package, which remains the standard'®.
Coloc enumerates the possible configurations of causal variants underlying two sig-
nals in a region and computes, under a Bayesian model, the posterior probability of
each of five hypotheses: no association, association with one trait only, association
with the other trait only, association with both but through distinct variants, and
association with both through a single shared variant. It is the posterior probability
of this last hypothesis that supports a shared mechanism. In our study we used a
stringent posterior probability threshold (posterior probability of colocalization
>0.9) to ensure that we had high-confidence target genes for each of our signals.

The original coloc method made the same simplifying assumption as the Maller
fine-mapping above, i.e. there is at most a single causal variant per signal in the
region. Where a locus contains multiple independent causal variants, which is com-
mon, this assumption is violated and the method can fail to detect a genuine colo-
calization or misattribute it’'. The solution to the problem is the extension of coloc
to operate on fine-mapped signals rather than on whole loci. In this approach, the
two signals are each decomposed into independent components by SuSiE, and col-

ocalization is tested pairwise between the resulting credible sets'®.

This requires, as input, not merely the marginal summary statistics but the per-com-
ponent output of the fine-mapping, encoded in the log Bayes factor, or .1bf, files that
SuSiE produces. These files carry the per-single-effect Bayes factors for every var-
iant, and they are what allow colocalization to be evaluated for each independent
genetic signal instead of an entire locus. The eQTL Catalogue distributes these files
publicly, but ImmuNexUT does not; they were obtained for this work through a
collaboration with the ImmuNexUT authors that I initiated. This made the colocal-
ization in Paper III possible at a resolution that the public summary statistics alone
would not support.

A methodological asymmetry is worth noting — the eQTL signals were fine-mapped
with SuSiE, while the deCODE trait signals were resolved by the conditional-
Bayesian approach of Section 3.1. The colocalization therefore bridges two different
fine-mapping representations, and the deCODE side required construction of com-
patible per-signal Bayes-factor files, carried out within the collaboration, to inter-
face with the coloc framework.

3.4 Trans associations and inverse-variance weighted
regression

The cis methods above assign target genes to candidate variants within their own
locus (usually defined as a 1 Mb window around the lead variant). A separate set of
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trans analyses in Paper III asks how the Ig-associated variants relate to the rest of
the proteome and to each other, and these trans associations reveal properties of the
antibody system that would be invisible to single locus analyses.

Plasma proteins are measured at population scale by affinity proteomics, principally
the Olink platform, which quantifies thousands of plasma proteins at once by con-
verting each antibody-binding event into a DNA barcode that can be counted by
sequencing'®. Applied across human population samples, this yields a protein quan-
titative trait locus, or pQTL, map: the association between genetic variants and the
circulating level of each protein'®. The UK Biobank Pharma Proteomics Project,
which measured roughly 3,000 plasma proteins in over 50,000 participants, is the

primary resource used for this analysis'®’.

A pQTL is termed trans when the variant lies far from the gene encoding the protein
it affects, and it is the trans-pQTLs that carry information about how a trait connects
to the wider proteome. Because the variant does not sit near the affected protein's
gene, a trans association points to a systems-wide effect of a genetic perturbation'®.
The canonical illustration is the ABO locus, which associates in trans with the
plasma levels of dozens of structurally unrelated proteins. The variant's position at
ABO gives no hint of these targets; the connection runs through the ABO glycosyl-
transferase, whose activity alters the glycosylation and hence the circulating half-
life of many proteins at once. A frans-pQTL therefore exposes regulatory links that
the variant's target gene alone would never reveal, and recurring sets of trans-pQTLs
for a given trait can trace the network of molecular relationships the trait participates
in. It is this property that the Ig analysis exploits, using the trans-pQTLs of the Ig-
associated variants to find the plasma proteins whose levels move in concert with
antibody levels.

The trans-pQTL analysis in this thesis uses inverse-variance weighted (IVW) re-
gression, the estimator underlying two-sample Mendelian randomization'®, in two
separate applications. In IVW regression, the effects of a set of variants on one trait
are regressed on their effects on another, through the origin, with each variant
weighted by the inverse squared standard error of its effect on the outcome.
Weighting by precision is necessary because the studies compared differ in sample
size.

A causal interpretation of [IVW regression (as in Mendelian randomization) requires
the exclusion restriction, that the instruments affect the outcome only through the
exposure and there is no horizontal pleiotropy'®”. However, as this assumption can-
not be conclusively demonstrated to be true in the traits examined here, we dropped
causal interpretations and do not refer to our analyses as Mendelian randomization.
The regression is therefore used as a test of proportionality between two sets of
genetic effects, not as a causal estimate. Observed proportionality is interpreted
from prior knowledge of the proteins involved, or left open.
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In the first application, Ig-associated variants were intersected with plasma
pQTLs'", and for each protein enriched among the variants for a given Ig trait, var-
iant effects on the protein were regressed on their effects on the Ig trait. Where the
protein is a known physical partner of the antibody, proportionality serves as a pos-
itive control on the association signals. Where no physical relationship is known, it
identifies a candidate coupling of undetermined direction. Both kinds were found
(Section 4.3).

The second application uses the same [VW regression on the IgG subclasses. IgG1
to IgG4 are encoded by separate constant-region genes in fixed tandem order within
IGH, and a B cell selects among them by class-switch recombination, a deletional
rearrangement that excises the intervening DNA’®. Because the subclasses derive
from one locus through a shared switching mechanism, a change favoring one may
occur at the expense of another. A prior deCODE GWAS of IgG subclass levels
reported one such case, a rare deletion spanning /GHGI that raises I1gG3'"’. The
larger variant yield at IGH here provided enough instruments to test whether such
compensation is systematic.

Paper Il measures total IgG, the sum of the four subclasses. Using the prior subclass
GWAS'"", matched variants for each subclass were regressed on total IgG. The re-
lationship is partly arithmetic, since a variant changing one subclass changes total
IgG in proportion to that subclass's share, so the fitted line describes a variant that
scales production without redistributing it. Departures were quantified as the differ-
ence between the observed subclass effect and the IVW prediction, divided by the
standard error of the subclass effect, i.e., a standardized residual. Variants were
flagged as outliers when the absolute value exceeded two standard deviations of the
distribution across instruments in the panel. Flagged variants were retained if they
also showed reciprocal effects across subclasses, raising one while lowering an-
other. Noise produces deviations independently across subclasses, whereas redistri-
bution produces opposite-sign departures in the same variant. The retained variants
are described in Section 4.3.

3.5 Chromatin accessibility and ATAC-sequencing

The statistical methods above nominate a variant and, through eQTL colocalization,
a gene. They do not show that the variant sits in a functional regulatory element, nor
in which cell type that element is active. In post-GWAS analysis, this is routinely
done using chromatin accessibility data.

Accessibility is central to eukaryotic gene regulation. Weintraub and Groudine
showed in 1976 that transcriptionally active genes sit in chromatin preferentially
sensitive to digestion by DNase I, establishing that the regulatory state of a locus is
written in the physical accessibility of its DNA''!. Discrete hypersensitive sites
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within that accessible chromatin, marking the positions where regulatory proteins
bind, were mapped at the end of the decade''?. The underlying logic is structural —
the genome is packaged into nucleosomes, which occlude the DNA they wrap, and
the regions where regulatory proteins such as transcription factors bind are locally
stripped of nucleosomes and laid open'">.

For some years accessibility was overshadowed by the concept of the histone code,
the proposal that the many covalent modifications on histone tails form a combina-
torial language that specifies the regulatory state of a region''*. Henikoff and Shilati-
fard pushed back on this directly, arguing that the real question is causality: whether
histone modifications drive differences in chromatin state, or merely register
them''®. Their interpretation was that the patterns of several key histone modifica-
tions are better explained as consequences of transcription and nucleosome disrup-
tion than as instructions causing it, and that the older accessibility paradigm, running
back to Weintraub and Groudine, remains the mechanistically sound account of how
nucleosomes regulate the genome. The genome-wide data supports this: ENCODE
found that the large majority of transcription factor binding occurs within accessible

chromatin''®.

The development of ATAC-sequencing broadened the use of genomic accessibility
data. The earlier genome-scale method for assaying chromatin accessibility, DNase-
sequencing, needs both large numbers of cells, which limits which cell types can be
profiled, and a prohibitively expensive read depth'!”. ATAC-sequencing, developed
by Buenrostro and colleagues, uses a transposase to insert sequencing adapters
straight into accessible DNA''®, By taking advantage of the enzyme’s natural pref-
erence for accessible DNA, this cut both the input requirement and the cost by orders
of magnitude. This made it possible to systematically profile sorted primary cell
populations available only in small numbers, rather than relying on cell lines. Once
accessibility is mapped across a panel of defined cell types, the open regions become
lineage markers: an element open in erythroid progenitors but closed elsewhere
marks the erythroid lineage, one open only in B cells marks the B lineage. Intersect-
ing a credible set with such a panel therefore tests whether the candidate variants
fall in accessible chromatin at all, and at the same time assigns the signal to the
specific cell type(s) where that chromatin region is open. The two resources used
throughout this thesis are the ATAC-sequencing atlases generated for hematopoietic
progenitors by the Buenrostro and Sankaran labs®’, and a much more comprehensive

atlas of differentiated immune cells generated by Calderon and colleagues'".

ATAC-sequencing has been further extended into single-cell ATAC-sequencing
(scATAC-sequencing), allowing chromatin accessibility profiling of complex solid
tissues without sorting into purified cell populations'®. In this work, public
scATAC-sequencing data from tonsillar samples was particularly valuable'?!, as the
tonsil is a central site for B-cell development, and it allowed variant effects to be
located in transitional developmental states such as light- and dark-zone germinal-
center B cells.
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3.6 Heritability partitioning and variant-set enrichment

Enrichment of GWAS signal in cell-specific open chromatin can be used to deter-
mine if heritability for that trait is enriched within a specific cell lineage. Two dis-
tinct methods were used to perform this analysis in our work.

Paper I used partitioned heritability, implemented using stratified LD score regres-
sion and carried out by one of my colleagues'?. The method takes the genome-wide
distribution of association statistics across all variants and asks what fraction of a
trait's heritability falls within a given annotation, such as the accessible chromatin
of a particular cell type. It works from summary statistics alone and needs no fine-
mapping. For the CD34" trait it showed that heritability is concentrated in chromatin
accessible in stem and progenitor populations, confirming that the trait acts intrin-
sically in HSPCs®.

For Paper 111 I used gchromVAR instead®®. Rather than the genome-wide signal, it
takes the fine-mapped variants, weighted by their posterior probabilities, and
measures their enrichment in the accessible chromatin of each cell type. For the Ig
traits, gchromVAR showed that high probability variants are enriched in the acces-
sible chromatin of B lineage cells.

The two methods use different inputs and estimate different quantities. Stratified
LD score regression partitions genome-wide SNP heritability across binary annota-
tions; gchromVAR tests whether fine-mapped posterior probability mass is concen-
trated in quantitatively weighted accessibility peaks, against a background matched
for GC content and peak intensity. The choice was driven by the data available in
each study: Paper I had genome-wide summary statistics but limited fine-mapping,
while Paper III's dense credible sets suited a posterior-weighted method. Both anal-
yses localized each trait's signal to the lineage its biology predicts: the stem and
progenitor compartment for blood CD34+ levels, and the B-cell lineage for Ig lev-
els.

3.7 Single-cell resolution of cell state

Bulk accessibility and bulk expression data can assign a signal to a sorted cell type,
but a sorted population is itself heterogeneous, and a regulator that acts transiently
at a particular developmental transition can be averaged out in bulk samples. Fur-
thermore, many relevant developmental stages occur in inaccessible solid tissues
such as the bone marrow or germinal centers®. Resolving such cases requires sin-
gle-cell data, and single-cell expression and accessibility were used in Paper III to
localize candidate regulators within the B-cell compartment at a resolution that bulk
sorting cannot reach.
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For the Ig GWAS the relevant tissue is the germinal center, where B cells pass
through distinct states, the proliferative dark zone, the selective light zone, and the
commitment to plasma-cell fate. These processes occur within solid secondary lym-
phoid tissues and cannot be directly assayed in circulating cells. To place the novel
regulators emerging from the GWAS within this trajectory, single-cell datasets of
the germinal-center reaction were used, principally the human tonsillar dataset of
King and colleagues'?', which resolves the germinal center into its constituent states
and provides readouts of both single-cell expression and accessibility.

This made it possible to show that the candidate genes ZNF608 and MCTP2 are
specifically upregulated in germinal-center B cells relative to other B cell subsets®.
Single cell ATAC-sequencing data further allowed the localization of credible set
variants for these genes within accessible chromatin of these transitional develop-
mental phases. Although further work will be needed to elucidate the precise roles
of ZNF608 and MCTP?2 in germinal-center development, it was only through use of
single-cell data that we were able to localize these genetic effects within a transi-
tional developmental state that would be invisible to measurements taken from cir-
culating lymphocytes.

3.8 Prediction of transcription factor binding
disruption

A causal regulatory variant in accessible chromatin often acts by altering transcrip-
tion factor binding. Motif analysis predicts whether an allele strengthens or weakens
the match to a factor's known binding preferences. Two tools were used, reflecting
methods that became established over the course of this work. The CD34" work
used PERFECTOS-APE, which scans databases of position weight matrices and
estimates the change in binding probability between alleles'®. The later papers used
FABIAN, which aggregates multiple models per transcription factor rather than re-
lying on a single matrix, including hidden Markov model representations that cap-
ture dependencies between adjacent positions'?*, and which integrates curated ChIP-
sequencing occupancy from ReMap'*>'%,

Two limitations apply. First, a predicted disruption is a hypothesis about binding,
not a measurement of it. A variant can disrupt a strong motif for a factor that is never
expressed in the relevant cell, and a factor can bind through cofactors at a site where
its own motif is weak. Motif prediction alone is therefore never sufficient to assign
a causal transcription factor. Where a factor was nominated, occupancy was checked
by retrieving published ChIP-sequencing for that specific factor in relevant cell lines
and primary cells, rather than by mass intersection against all available data. This is
how binding of EGR1 at TNFSF13 and of MYB at PPMI1H was established — in
these cases I did not even use database resources like ReMap but performed manual
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literature searches to identify relevant datasets'?”'?®, Second, motif methods score a
variant against a set of matrices without modeling the surrounding sequence. Se-
quence-based deep-learning models such as ChromBPNet'*’, which predict acces-
sibility directly from sequence and score a variant in its full context, are the natural
successor to this approach; they were not used here.

All of these methods are biased by how unevenly transcription factors have been
characterized. A few factors have extensive genome-wide binding data and many
have none, so the available motifs and occupancy tracks are a skewed sample of the
proteins that might bind a site. Protein-binding microarrays and related in vitro as-
says partly fill this gap, but in vitro preference is a poor surrogate for binding in situ,
where chromatin context determines where a factor actually goes. Such data feed
into JASPAR"* and PERFECTOS-APE and therefore into these results unavoida-
bly; what I avoided was treating an in vitro-only motif match as independent evi-
dence for a causal factor.

3.9 Reporter assays and the dissection of regulatory
dependence

The methods described so far are computational. They nominate a candidate variant,
a regulator, a target gene, and a cell type, but none of them demonstrates that the
variant alters regulatory activity. That requires an experiment, and the principal ex-
perimental method in this thesis is the luciferase reporter assay'*'.

In this assay the candidate regulatory sequence, in each of its allelic forms, is cloned
upstream of a luciferase gene and transfected into cells, and the luminescence pro-
duced reports the regulatory activity of that sequence. A difference in signal be-
tween the two alleles indicates that the variant alters enhancer or promoter activity
in the cell type assayed. The assay has two limitations. The sequence is tested on a
plasmid rather than at its native chromosomal position, so it reports the intrinsic
activity of the element rather than its behavior in situ, and only one element is tested
per construct. The unbiased alternative is the massively parallel reporter assay
(MPRA), which tests thousands of sequences in a single pooled experiment and
would have allowed many credible-set variants to be screened together'**'*3. An
MPRA was not feasible within the cost and time constraints of this work, so priori-
tized variants were tested individually.

Combining the reporter assay with small interfering RNA (siRNA) knockdown'**
of the nominated transcription factor tests whether the allelic difference depends on
that factor. Because the two constructs differ only at the variant, an indirect conse-
quence of depleting the factor would be expected to affect both alleles; an allele-
selective loss of signal therefore implicates the factor acting at that site. This was
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the basis for showing that activity of the PPM1H element depends on MYB, where
MY B knockdown reduced the signal from the allele predicted to bind it but not from
the other allele. The same design was used to show that a rare non-coding variant
reduces Ig levels by abolishing EGR1 binding at the TNFSF'13 promoter. These ex-
periments test the factor dependence that motif analysis predicted.

3.10 Genome editing

Genome editing allows direct perturbation of non-coding variants in their chromo-
somal context: the element is removed or altered where it sits, and the consequence
for the surrounding genes is quantified using methods like qPCR. Both Paper I and
Paper II depend on this method to draw their conclusions.

The method used throughout was CRISPR/Cas9'**'%. A short guide RNA directs
the Cas9 nuclease to a chosen position, where it introduces a double-strand break;
cellular repair then leaves a small insertion or deletion at that site, or, when two
guides are used, excises the segment between them. The readout is the expression
of neighboring genes. The perturbation occurs at the endogenous locus, with chro-
matin state and flanking sequence otherwise unchanged, so a change in expression
can be attributed to the element in the position where it normally acts. A plasmid-
based reporter cannot assay genetic perturbations in their native genomic context,
which is why the two methods are used together rather than as alternatives.

Several limitations restrict what this evidence establishes. First, a deletion removes
several base pairs and therefore more than the variant itself, so the experiment shows
that the element is required, not that a particular variant within it is causal; the var-
iant-level claim rests on the reporter assay (and on allelic imbalance, discussed be-
low). Second, a deletion also changes the spacing between the sequences that flank
it, which can perturb local looping independently of the deleted element's own ac-
tivity, so a positive result can have an alternative explanation. Third, the editing was
carried out in immortalized cell lines rather than primary cells. K562, used for these
experiments, is an erythroleukemia line with an abnormal karyotype and its own
regulatory state, so a target gene is assigned in a system that approximates rather
than reproduces the cell type in which the variant acts.

Three alternatives address these limitations. CRISPR interference, in which a cata-
lytically inactive Cas9 fused to a repressor domain is targeted to the element without
cutting, silences it reversibly, leaves the sequence and its spacing intact, and thereby
avoids the second limitation above'*’. Base editing and prime editing install a single
substitution at the endogenous locus and would allow the variant-level question to
be addressed directly'**'*. Deleting the element in primary cells would place the
perturbation in the correct cell type, but this can be very technically challenging and
limits editing efficiency. None of these alternatives was used in this thesis.
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3.11 Allelic imbalance

Allelic imbalance analysis provides complementary evidence to the reporter assays
described above — it tests the variant directly in its native chromosomal position'*.
This form of analysis supplied some of the most direct causal evidence in this thesis,
including the clearest pointer to a causal variant for ZNF608, a novel gene regulating

B cell development.

The principle is that in a cell heterozygous at a candidate variant, both alleles sit in
the same trans environment, exposed to the same factors at the same concentrations,
and differ only in their own sequence. A systematic difference between the two al-
leles in a sequencing readout, whether in chromatin accessibility, transcription fac-
tor binding, or expression, is therefore attributable to sequence differences in cis.
Reads carrying each allele are counted and tested against the ratio expected under
no imbalance using a binomial test. A significant departure from balanced counts is
evidence that the variant has a cis effect in its native chromatin context.

The method was used in two forms. For transcription factor binding, allelic imbal-
ance in ChIP-sequencing reads was tested, as for MYB binding at the PPM1H var-
iant in Jurkat cells'?® (Paper I) and GATA2 binding at the ENO! variant'*! (Paper
ID). For accessibility, allelic imbalance in ATAC-sequencing or DNase-sequencing
reads was tested in primary cells, as in primary CD34" data'*' at the ENOI variant
and in primary B-cell ATAC-sequencing data'", where the imbalance pointed to the
causal variant for ZNF608 (Paper III).

One statistical subtlety arises due to ploidy. The binomial test requires an expected
allelic ratio, which is 0.5 at a diploid heterozygous site. Several of the cell lines used
in functional genomics are not diploid, and where a locus is present in more than
two copies the expected ratio depends on the copy number of each allele. K562 is
not diploid at the ENO1 locus, so a test against a ratio of 0.5 would be incorrect.
Imbalance was therefore evaluated against the measured copy state of the locus and
confirmed to hold across the plausible copy number configurations, so that the in-
ference does not rest on an assumed diploidy the cell does not have. Where the im-
balance is large, as it was here, it remains significant across all plausible ploidies,
which is the most defensible form of the claim. Copy number for K562 and Jurkat
was taken from published whole-genome sequencing of these lines'**'**. Primary
human B-cell'"” and CD34" samples'*! were treated as diploid.

3.12 Ethical considerations

The work in this thesis used human blood samples and human genetic data, collected
with ethical approval. The Swedish blood donors and primary care patients were
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sampled under approvals from the Lund University Ethical Review Board (dnr
2018/2 for Paper I; dnr 2022-01414-02 for Paper III), and the umbilical cord blood
used for the primary CD34" experiments in Paper I was collected at Skane Univer-
sity Hospital and Helsingborg Hospital under regional ethical committee regulations
with informed consent. The Icelandic data in Paper III were collected under approv-
als from the Icelandic National Bioethics Committee (no. 16-022) and the Icelandic
Data Protection Authority, and the UK data were obtained from UK Biobank under
application 56270, which operates under its own approval and participant consent.
Genotype and phenotype data were handled in pseudonymized form throughout.
Paper II used only publicly available data and established cell lines and required no
separate approval.
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Chapter 4 — Results

4.1 Paper I: The genetic architecture of the blood
CD34+ cell compartment

My contribution to this study®® was the functional characterization of the PPM1H
locus, described below; the genome-wide association study and the other candidate-
gene analyses were carried out by the wider collaboration.

Blood CD34+ cell levels had never been subjected to a genome-wide association
study before this work, despite the centrality of the CD34+ count to stem-cell trans-
plantation. Across 13,167 blood donors and primary care patients from southern
Sweden, nine signals were significantly associated with circulating stem-cell levels
as measured by flow cytometry. The central purpose was to test whether genuine
regulators of the stem and progenitor compartment could be read out from natural
genetic variation in humans.

As part of this study a colleague generated an eQTL dataset for circulating CD34+
cells through magnetic bead enrichment and RN A-sequencing, and associations be-
tween candidate variants from the GWAS and nearby genes were evaluated by mul-
tiple linear regression. Colocalization analysis, as performed in Paper III, was not
fully developed at the time this paper was published and was not used here.

Our study design was validated by four of the nine signals mapping independently
to CXCR4, a chemokine receptor that retains stem cells in the marrow niche and the
target molecule for the approved mobilizing drug plerixafor’?. Within each of the
four credible sets a single regulatory variant was identified that either lies in the
CXCR4 promoter or loops to it'**, and the variants act on CXCR4 expression in the
expected direction, confirmed for the three common variants by cis-eQTL analysis
in circulating CD34" cells and by CRISPR deletion in a cell line. The rare variant
1s555647251 was not polymorphic in the expression cohort and could not be tested,
highlighting the importance of larger sample size eQTL datasets for stem and pro-
genitor cell populations. Partitioned heritability'?? showed that the heritability of the
CD34" trait is concentrated in chromatin accessible in stem and progenitor popula-
tions, further evidence that the associations act intrinsically and cell-autonomously
within HSPCs rather than through some downstream or systemic route.
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Beyond CXCR4 and the known myeloid regulator CEBPA, the study implicated four
genes never previously implicated in stem-cell biology — including PPM1H, ENOI,
RERE — together with /TGA9, which had been only minimally studied in this con-
text. Two of the implicated genes underlie autosomal dominant disorders defined
by aberrant regulation of the stem and progenitor compartment: CXCR4 in WHIM
syndrome, where gain-of-function mutations in the C-terminal region prevent re-
ceptor internalization and retain progenitors in the marrow, and CEBPA in familial
acute myeloid leukemia'**'*’, Somatic mutations in both genes recur in blood ma-
lignancies'*"'*. Six of the nine significant variants also coincided with variants
known to associate with mature blood-cell traits™, placing the stem-cell signals on
the same genetic axis as the differentiated compartments downstream of them.

The most significant association of the entire study mapped to PPM1H, a ser-
ine/threonine phosphatase that had never been implicated in hematopoiesis, and it
became the focus of the functional work. Relative to other blood cell types, PPM1H
is preferentially expressed in HSPCs, and the cis-eQTL in sorted CD34+ cells
showed that the allele conferring higher blood CD34+ levels is associated with
lower PPM1H expression. The credible set for the locus falls within the first intron
of PPM1H, and integrating chromatin accessibility with expression across sorted
HSPCs localized a roughly 500 bp segment within that intron whose accessibility
correlates with PPM1H expression and which loops to the gene's promoter'**. This
segment is open specifically in the early populations where the trait acts — hemato-
poietic stem cells, multipotent progenitors, common myeloid progenitors, and
megakaryocyte-erythroid progenitors.

Four credible-set variants lie in this HSPC-specific regulatory element. To find
which carries the regulatory effect, I tested all four in luciferase reporters in K562
cells, and only rs772557 showed a significant allelic difference, with the G allele
driving more reporter activity, in a direction consistent with the eQTL observed in
primary CD34+ cells. Three independent lines of evidence identify MYB as the
factor through which rs772557 acts. First, motif analysis with Perfectos-APE'* pre-
dicted that the rs772557-G allele creates a binding site for the master hematopoietic
transcription factor MYB'* that the A allele abrogates. Second, ChIP-sequencing
for MYB in Jurkat cells'?®, which are heterozygous at rs772557 in whole-genome
sequencing data, showed complete allelic imbalance towards the G allele, demon-
strating in situ allele-specific binding. Third, knockdown of MYB by siRNA selec-
tively inhibited the reporter activity of the G construct while leaving the A construct
unchanged, establishing that the allelic difference in activity depends specifically
on MYB. Separately, allele-specific CRISPR/Cas9 disruption of the region in K562
cells (these experiments were performed by a colleague), which are also heterozy-
gous for rs772557, lowered PPM1H expression, confirming that the element itself
is required for normal expression of the gene in a genotype-dependent manner. To-
gether, reporter activity, motif prediction, native-context binding, factor
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dependence, and perturbation of the element identify rs772557 as a causal variant
that tunes PPM1H expression in CD34" by gaining or losing an MYB site.

The final step connected the gene back to the cellular phenotype in primary stem
cells, conducted in collaboration with Jonas Larsson’s group at Lund. Knockdown
of PPM1H by shRNA in primary CD34" cord blood cells raised the proportion of
CD34" and CD34" CD90" cells relative to control, the direction predicted by the
eQTL, in which less PPM1H corresponds to higher CD34" levels.

Paper 11 takes a second of the novel CD34" loci, ENOI-RERE, to the same depth,
and finds a mechanism of the same kind.

4.2 Paper II: Functional dissection of the
Ip36.23/ENOI1-RERE locus

This study was designed and carried out by me in its entirety, comprising both the
computational and the experimental work®. Among the eight loci associated with
blood CD34+ cell levels in Paper I was a strong association at 1p36.23, in the inter-
genic region between ENO1 and RERE. The lead variant, rs2047094, is common
and ranked among the most significant signals in the study, and the allele associated
with higher blood CD34+ levels was associated with higher expression of both
ENO1 and RERE in sorted CD34+ cells in eQTL data generated by our lab*’. These
data established that the association acts through cell-intrinsic changes in expression
at the locus but did not identify the causal variant, the mechanism, or the target gene,
since the signal is composed of 17 variants in tight LD across approximately 14 kb.

Paper Il resolves the signal to a single causal variant and a defined molecular mech-
anism. Assigning the target gene requires a note on the eQTL analysis, as both
ENO1 and RERE are plausible candidates by proximity. In Paper [ we used in-house
eQTL data from magnetic-bead enriched CD34+ cells and multiple linear regression
to test the association between rs2047094 genotype and expression of both genes,
and technical choices about how the expression data are normalized or corrected,
and which covariates are included, can significantly influence such tests'*®'',
Tested against uncorrected values, the variant shows a significant eQTL for ENO1
only, with RERE non-significant. Expression data of this kind contain substantial
latent structure, arising from technical batch effects, differences in cell composition,
and other unmeasured covariates, which introduces correlated noise across genes
and can both generate spurious associations and obscure real ones'”’. The estab-
lished correction is to estimate this structure from the expression matrix and adjust
for it, for example by including principal components as covariates'>2. With the first
10 principal components included as covariates, the RERE eQTL reached signifi-
cance while the ENOI eQTL was retained. The differential sensitivity reflects
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expression level: RERE, a transcriptional cofactor for retinoic acid signaling'®, is
expressed well below ENOI, a glycolytic enzyme. A low-expression transcript has
a correspondingly lower signal-to-noise ratio, so its eQTL is more readily masked
by unwanted variation and recovered only after adjustment. The corrected analysis
supports both ENO1 and RERE as candidate targets of the locus.

To reduce the 17 candidate variants to a shorter list, I intersected them with ATAC-
sequencing across sorted blood populations®’, on the principle that a regulatory var-
iant should fall within accessible chromatin in the relevant cell type. Two variants,
1310864368 and 152065603, both in near-complete LD with the lead variant, lie in
accessible chromatin of primary CD34" populations. I tested both variants in lucif-
erase reporters in K562 cells. The construct carrying rs10864368-C, the allele asso-
ciated with higher ENOI expression and higher CD34" levels, produced signifi-
cantly greater reporter activity than the rs10864368-T construct, whereas neither
allele of rs2065603 gave signal above background. These results identify
rs10864368 as the regulatory variant and establish the direction of its effect.

To determine which gene the element regulates, I deleted the rs10864368-harboring
region in K562 cells using CRISPR/Cas9 with a guide RNA spanning the variant
and measured the effect on both neighboring genes. Deletion reduced ENO! expres-
sion, consistent with the element acting as a transcriptional activator of ENOI, and
produced no significant change in RERE. However, this does not rule out RERE as
a target gene, as discussed further below.

To establish that rs10864368 exerts a regulatory effect in its native chromosomal
context, I examined allelic imbalance in chromatin accessibility. In ENCODE
DNase-sequencing data from primary CD34" cells of seven heterozygous donors'*!,
accessibility was significantly skewed toward the rs10864368-C allele, with a con-
sistent bias across donors. Because both alleles occupy the same nuclei and are ex-
posed to the same ¢rans environment, this imbalance constitutes direct evidence that

the C allele confers greater accessibility in primary human stem and progenitor cells.

Motif analysis identified the binding site most strongly disrupted by the variant as
that of GATAZ2, with the rs10864368-T allele abolishing a canonical GATA motif.
GATAZ2 is a central regulator of the stem and progenitor state: conditional deletion
of Gata2 in mice eliminates adult HSPCs and germline GATA2 mutations cause
GATAZ2 deficiency syndrome in humans, a rare genetic disease where disrupted
HSPC development causes immunodeficiency and blood malignancies'>**’.

Published ChIP-sequencing data'® confirmed GATA2 occupancy directly over
rs10864368 in primary CD34" HSPCs. To test whether binding is allele-specific in
the native context, I examined allelic imbalance in GATA2 ChIP-sequencing reads
from K562 cells, which are heterozygous at the variant in whole-genome sequenc-
ing'®. Reads derived almost exclusively from the C allele, an imbalance that re-

mains significant across all plausible copy-number states at the locus.
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Multiple lines of evidence — reporter activity, accessibility imbalance in primary
cells, motif disruption, direct occupancy, and binding imbalance — together con-
verge on a single mechanism in which rs10864368-T abrogates a GATA2 binding
site, reducing GATA2 binding and local chromatin accessibility and lowering target
gene expression.

The behavior of the element through differentiation was examined using public
time-course ChIP-sequencing data'> from ex vivo primary HSPCs that were differ-
entiated toward the erythroid lineage using defined culture conditions. GATA2 oc-
cupies the rs10864368-harboring element in the stem and progenitor state and is
progressively lost as the cells commit to erythroid fate. Notably, it is not replaced
by GATAI1 and thus does not show the GATA switching behavior observed in
erythroid differentiation'®. In the canonical GATA switch of erythroid maturation,
GATAL1 succeeds GATA2 at shared sites during differentiation; at this element
GATAZ2 departs without a GATA1 handover, identifying the element with the pro-
genitor state rather than the erythroid program that follows.

The signaling transcription factor SMAD] transiently occupies the same regulatory
element containing rs10864368 during this differentiation time-course. SMADI is
the intracellular effector of bone morphogenetic protein (BMP) signaling'®'. This
indicates that the element integrates an extrinsic signal, BMP, with an intrinsic lin-
eage-determining factor, GATA2. Regulatory elements that combine signaling and
lineage-determining transcription factors in this manner have been reported to be
enriched for GWAS variants'>, which provides a mechanistic rationale for the pres-
ence of a common variant of appreciable effect at this position: a variant situated at
the convergence of a signaling input and a master regulator will have stronger ef-
fects on the output of the progenitor compartment and is therefore detectable by
genome-wide association. The rs10864368-harboring element represents a specific
instance of this class and connects the association to a defined node of hematopoietic
signaling.

The phenotypic consequences of the variant extend beyond CD34" cell levels.
Across other GWAS associations'®>!®, the rs10864368-C allele, which increases
CD34" cell levels, is associated with a higher frequency of myeloid-lineage cells
and a lower lymphocyte percentage. This pattern is consistent with stronger GATA?2
binding at the element expanding the myeloid-biased progenitor compartment, rais-
ing the circulating CD34" count while shifting hematopoietic output toward the my-
eloid lineage.

Deletion of the rs10864368 element in the K562 cancer cell line reduced ENO/ but
not RERE, and the paper reports ENO] as the primary candidate on that basis. How-
ever, the corrected eQTL derived from primary HSPCs supports both genes, and the
biological case supports RERE. ENOI is a glycolytic enzyme, and its proposed ca-
pacity to influence stem-cell numbers depends on a moonlighting function of a
shorter isoform for which published evidence is limited'**'>. RERE is a
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transcriptional coregulator of retinoic acid signaling'>, a pathway with an estab-
lished role in hematopoietic stem cells, where it maintains dormancy and where re-
duced signaling lowers HSPC numbers'®. RERE is therefore a strong candidate tar-
get alongside ENOI.

4.3 Paper IlI: The genetic architecture of the human
B-cell system

This study® was carried out in collaboration with deCODE genetics. As first author
I played a leading role in designing and choosing the downstream analyses. I per-
formed all of the reporter assay experiments, and carried out the colocalization,
chromatin-enrichment, trans-pQTL concordance, Ig subclass buffering, and tran-
scription factor motif analyses. The genome-wide association testing, conditional
resolution of signals, and fine-mapping were performed by our collaborators at de-
CODE Genetics, and the immune cell phenotypes were drawn from the BloodVari-

ome compendium, a companion resource from our group'®’.

The regulation of the human B-cell system in vivo is inaccessible to direct experi-
mentation. Animal models — in particular mice — have supplied most of what is
known about the transcription factors, cytokines, and receptors that govern antibody
production®. Circulating Ig levels offer an indirect route to probe this process in
humans. They have been measured in the clinic for decades as a coarse index of
humoral function, and inter-individual differences in these levels are heritable'®,
which raises the possibility that population variation in a simple blood measurement
encodes information about the regulatory machinery that produces it. Whether that
information is fine-grained enough to reconstruct the system, rather than merely to
flag a handful of major loci, was unknown. Previous genetic studies of Ig traits were
modest in scale — a previous study from our lab had 19,129 individuals'®® — and had
resolved only a partial view of the underlying architecture.

In this study we analyzed nine Ig traits in 114,697 individuals from Iceland, Sweden,
and the UK Biobank, and demonstrate that at this scale the coarse readout of Ig
levels can resolve the system that generates it.

A central design decision was to analyze not only the three measured isotypes but
six composite traits derived from them. This design was introduced in that earlier
study, which analyzed the same nine traits and gave a first indication that the com-
posites carried signal beyond the single isotypes. The composite traits are linear
combinations of log-transformed primary isotype measurements (thus representing
products and ratios of these measurements). Alongside IgA, IgG, and IgM, we con-
structed AGM (A x G x M, a product trait) as an index of total Ig, AG as an index
of class-switched output, M/AG as a measure of the balance between pre-switched
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and class-switched antibody, and A/M, G/M, and A/G as isotype-specific class-
switching biases, each built from standardized, log-transformed measurements.

Combinations of noisy clinical measurements need not behave as coherent pheno-
types, and there was no guarantee that a quantity such as A/G would map onto a
biological process rather than dissolving into measurement error. In practice it did
not: the composite traits increased the variant yield of the study, contributing 186
signals that were not captured by any single-isotype analysis.

They also appear to model the processes they were designed to proxy. A/G and G/M
both uncover rare variants at the IGH locus that do not reach genome-wide signifi-
cance for the primary Ig traits used to derive them. As these ratios were designed to
model class-switch recombination and IGH is the physical site of class switching in
the human genome®, simple ratio traits appear to increase the power to detect func-
tional variation related to switching. The product trait AGM recovered the largest
number of rare variants connected to heritable immunodeficiency, indicating that it
captures information about overall humoral immunity that single-isotype measure-
ments do not. The composite traits therefore function as sensors of specific aspects
of the antibody response.

We tested 62.2 million sequence variants against the nine traits. Stepwise condi-
tional analysis identified 1,144 independent signals, which 95% credible sets and
inter-trait colocalization collapsed to 504 unique variants, 472 of them previously
unreported and 33 of them rare, with effect allele frequencies at or below 1%. Lead
variants for each trait explained between 11 and 21% of trait variance, consistent
with heritability estimates of 13 to 18% from LD score regression, and fine-mapping
resolved 70 of the signals to a single putative causal variant. The remainder of the
chapter describes what this variant set recovers about the B-cell system.

To move from variants to genes, we prioritized candidate effector genes at each
locus using two conservative lines of evidence: nonsynonymous coding variants
within the credible set with posterior inclusion probability above 10%, and cis-ex-
pression quantitative trait loci®”*® in sorted immune cells and blood that colocalized
with the association at posterior probability above 90%'*. This implicated 397
genes across 290 signals, and for loci without molecular support we assigned the
nearest protein-coding gene. The resulting gene set was enriched for Ig-related
mouse phenotypes and for Reactome pathways, and across a reference panel of 81
human cell types it was most highly expressed in B cells and professional antigen-

presenting cells'® ",

The genes span the entire B-cell life cycle: transcription factors that regulate B-cell
development and differentiation, among them EBFI, NFKBI1, IKZF I, IKZF3, IRF4,
PAXS5, and RUNX3; cytokines and receptors for differentiation and survival, includ-
ing TNFSF13B, TNFSF13, TNFRSF13B, and TNFRSF17; effectors of the terminal
plasma cell, including ATGS5, ELL2, and SLAMF7; and the machinery that clears
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and recycles secreted antibody, including the Fcy receptors and the neonatal Fc re-
ceptor FCGRT.

To ask whether these variants act cell-autonomously within B cells rather than
through other lineages, I tested the enrichment of Ig-associated variants in accessi-
ble chromatin across sorted immune cell types using gchromVAR. The genetic
signal for all nine Ig traits was strongly concentrated in B-cell open chromatin, with
a permutation P of 7.9x107, indicating that Ig variation is mediated largely through
B-cell-autonomous regulatory elements and that simple Ig traits can act as a discov-
ery platform for B-cell physiology and regulation when analyzed at population
scale.

Genetic correlations'’? between the Ig traits and found that the genetic architecture
recapitulates the known differentiation hierarchy of isotype switching. IgM showed
minimal genetic correlation with IgA and with IgG, at r; of -0.012 and 0.13, con-
sistent with largely separate networks governing pre-switched and class-switched
antibody. IgA and IgG were more strongly correlated, at r; of 0.36, reflecting the
pathways they share downstream of class switching. Twenty-three candidate genes,
5.8% of the total, were shared across all three isotypes and converged on core B-
cell regulators, including IKZF I, IKZF3, IRF4, TNFRSF13B, TNFSF'13, and BCL2.
The isotype-specific loci, by contrast, tracked specialized function: loci exclusive to
IgA supported mucosal immunity, including LTBR and INAVA'*'™; loci for 1gG
mirrored effector and clearance function, including the Fcy receptors and the glyco-
sylating enzyme ST6GAL1'>'"°; and loci exclusive to IgM included the early B-cell
development transcription factor PAX5'".

Because a GWAS surveys the system without prior selection of loci, it can identify
novel effector genes that had not been previously implicated in humoral immunity,
and two of these emerge as candidate regulators of the germinal-center reaction with
a strong weight of converging evidence.

The strongest evidence for a novel regulator is found for ZNF608. Two independent
associations upstream of the gene reduce IgM while showing no significant effect
on IgA or IgG. One of these associations (rs12517864-A) colocalizes with increased
ZNF608 expression in circulating memory B-cell subsets in ImmuNexUT", i.e.
higher ZNF608 is associated with lower IgM levels. Using public ATAC-
sequencing data, I examined allelic imbalance in chromatin accessibility in hetero-
zygous primary B cells'"” and found strong skew toward the A allele of 1512517864,
at an allele fraction of 0.92 and a binomial P of 2.14x107'4, i.e. the high-expressing
allele is strongly associated with a localized increase in chromatin accessibility in
heterozygous individuals.

The variant overlaps a binding site for the transcription factor SPIl in primary B
cells'”®, and motif analysis predicts that the associated allele increases SPI1 affinity,
in the direction concordant with the observed upregulation, supplying a plausible
mechanism for the expression effect. SPI1 has known roles in the development of
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germinal center B cells'”'*. Single-cell RNA-sequencing data'?' from tonsillar
samples show that ZNF608 is preferentially expressed in germinal-center B cells,
mirroring the expression of the germinal-center master regulator BCL6"™'. ZNF608
is also known to be recurrently mutated in follicular lymphomas and acts as a tumor
suppressor in CRISPR screens of diffuse large B-cell lymphoma (DLBCL) cell
lines'**'®_ Colocalization, allele-dependent accessibility, a concordant motif pre-
diction, a germinal-center expression pattern, and recurrent somatic mutation in the
corresponding malignancy thus converge on ZNF608 as a regulator of the germinal-
center response, a gene with no prior published role in antibody production.

MCTP?2 — a calcium binding protein with no published role in the immune system'®*
— is supported by a similar body of evidence. A variant at the locus (rs6497185-C)
reduces IgM, in the same direction as the ZNF608 signals. The C allele upregulates
MCTP2 in unswitched memory B cells”’, i.e., increased expression of the target gene
in B cell subsets leads to lower IgM levels analogously to ZNF60S8. Like ZNF608,
MCTP?2 is upregulated in germinal-center B cells, and the lead variant overlaps an
accessible binding site for BCL6. The shared phenotype, the shared germinal-center
expression, and the location of both variants within the accessible chromatin bound
by germinal-center transcription factors place ZNF608 and MCTP2 together as can-
didate components of the network governed by BCL6 and SPI1 that controls the
germinal-center reaction.

Another novel gene was implicated by a signal that reduces M/AG and downregu-
lates the vitamin D receptor gene VDR in plasmablasts. The lead variant for this
signal (rs886441) lies within a plasmablast-accessible regulatory element''’. Nota-
bly this regulatory element is co-bound by IRF4 and PRDMI1 in public ChIP-se-
quencing data from ex vivo cultured plasma cells'®. Motif analysis predicts that this
lead variant reduces binding of IKZF1 — a key transcription factor for B-cell devel-
opment'*® — in the direction of lower VDR expression, and rs886441 directly over-
laps an IKZF1 binding site in a B cell line'®”. VDR is upregulated in tonsillar plas-
mablasts in single-cell RNA-sequencing data'?!. Vitamin D signaling has been im-
plicated in autoimmunity, but there is limited and conflicting evidence for its role in
B cells'®*"*°, Our results provide human genetic evidence that vitamin D signaling
regulates antibody production through an unknown mechanism in terminally differ-
entiated plasmablasts. A further novel gene, ARHGAP135, is supported by a rare non-
coding variant that reduces IgA and colocalizes with reduced ARHGAP15 expres-
sion in B cells, implicating this Rac GTPase-activating protein in the regulation of
B-cell signaling.

The association signals identified in our study overlap extensively with the genetics
of immune-mediated disease, but the value of that overlap differs sharply between
common and rare variants. Only for a small number of rare alleles does the overlap
support the idea that quantitative Ig variation lies on the same continuum as immune
pathology.
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Cross-referencing with the GWAS Catalog and ClinVar'®*"' showed that 148 Ig-
associated variants were in high LD (R2 > 0.8) with risk variants for 141 disease
outcomes, most heavily for autoimmune and allergic conditions (99 variants), for
B-cell malignancies (34 variants), and for immunodeficiencies or infection suscep-
tibility (17 variants), with some variants falling into more than one category. How-
ever, it should be noted that for the majority of these overlapping disease associa-
tions we do not find clear evidence for shared mechanisms between the humoral
immune system and heritable disease risk. It is not entirely surprising that variants
that affect risk for B-cell-related disease will also detectably perturb circulating an-
tibody levels via multiple mechanisms. Ig variation is highly pleiotropic — perturba-
tions to multiple systems and stages of B-cell development affect Ig levels — and it
is difficult to establish the direction of causality for overlapping disease risk variants
without additional evidence. Thus, at the level of common, low-risk disease vari-
ants, the direct clinical value of I[g GWAS analysis is somewhat limited — overlap
of common lupus disease risk variants with Ig-altering variants does not directly
inform the diagnosis or treatment of lupus, for example.

However, a different story emerges for rare variants, which are able to identify
known risk factors for uncommon diseases. For example, two alleles at /RF4-
EXOC?2 and one at GLRX5 that markedly raise IgM in our study have been previ-
ously linked to Waldenstrom's macroglobulinemia, a disorder defined by monoclo-
nal IgM overproduction'®*'>. Furthermore, we recover two rare loss-of-function
variants in TNFRSF13B that reduce total Ig (AGM) and are established risk factors
for common variable immunodeficiency (CVID), a disease characterized by low
antibody levels'**'””. For both these diseases, a clear causal link can be seen between
the underlying Ig trait and disease etiology. These results suggest that novel rare
variants identified in our study are likely to be enriched for causal factors mediating
heritable diseases related to B cells. For example, we identify multiple rare hypo-
morphic alleles in FCGR2B associated with increased IgG levels that could increase

the risk of autoimmune diseases such as lupus'*.

Rare variants require high sample sizes to detect significant effects in GWAS anal-
ysis, but for rare diseases it remains logistically challenging to recruit sufficiently
large cohorts. The use of population-scale quantitative trait measurements to iden-
tify clinically impactful rare variants is thus a promising future direction for the
field, particularly for the identification of rare non-coding, intergenic variants that
are invisible to the exome-sequencing and coding-variant focused approaches that
currently dominate the field'**?®. As biobank cohorts and whole-genome sequence
databases continue to expand in size, simple quantitative immune traits like Ig levels
could help uncover ultra-rare and private mutations that mediate human disease and
uncover novel targets for clinical treatment and diagnosis.

Serum trans-pQTL analysis looks at the effect of a genetic variant across the entire
serum proteome, capturing variant effects on molecules such as circulating cyto-
kines or cell markers correlated with specific cell type frequencies. To trace these,
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I integrated the Ig association signals with plasma proteomics from 54,265 UK Bi-
obank participants'”’. A total of 237 Ig-associated variants correlated with 1,354
trans- and 59 cis-protein quantitative trait loci, influencing 730 distinct proteins, of
which 12 showed significant enrichment for one or more Ig traits. To detect possible
causal or mechanistic relationships between specific serum proteins and Ig isotype
levels, I performed IVW regression between the effect sizes of matched variants
taken from the two studies.

Thus, IVW regression can recover known stoichiometric relationships between pen-
tameric serum IgM and specific serum proteins. IgM-associated loci overlapped
strongly with the protein J-chain, across 30 variants, and with CD5L, across 23 var-
iants, with highly significant concordance between Ig and protein effects. J-chain
polymerizes [gM monomers into pentamers, and CD5L associates with IgM through
J-chain, so these are the known stoichiometric subunits of circulating pentameric
IgM™. Recovering these two strict stoichiometric relationships from genetics alone
validates the inverse-variance weighted regression approach as a means of recover-
ing meaningful biological associations between Ig isotypes and specific serum pro-
teins.

IgA-associated loci were enriched for trans-pQTL effects on LY96, across 20 vari-
ants, with a concordance comparable to that of the stoichiometric IgM subunits.
LY96 is a secreted co-receptor for Toll-like receptor 4 that is essential for the recog-
nition of bacterial lipopolysaccharide®', and although canonically myeloid it is also
expressed in plasma cells and is upregulated in ex vivo stimulated B cells''’. It has
no known physical association with IgA, yet the strength of the coupling, on the
scale of a stoichiometric subunit, points to a previously unrecognized molecular re-
lationship between IgA and LY96. Separately, loci associated with class-switched
Ig traits were enriched for trans effects on marker proteins of mature B and plasma
cells, including FCRLS, IL5SRA, MZB1, and TNFRSF17, consistent with variation
in the size and activity of the mature B- and plasma-cell pool rather than with direct
molecular coupling. FCRL5 and TNFRSF17 are targets of multiple myeloma im-
munotherapy, and plasma IL5RA and TNFRSF17 are elevated in carriers of mye-
loma risk alleles®®, linking these proteomic signatures to the pathology of the
plasma cell.

To identify specific cell types affected by Ig association signals, I integrated our
results with the BloodVariome compendium, a companion resource cataloging in-
herited effects on 1,005 flow cytometry traits across 127 immune cell subsets in
11,983 individuals'®’. 22 Ig-associated variants colocalized with at least one im-
mune cell trait. Twelve of these affected B-cell traits, indicating B-cell-intrinsic ef-
fects, while the remaining 10 affected traits of other lineages, consistent with indi-
rect regulation, primarily through helper T cells, regulatory T cells, and dendritic
cells. The intrinsic effects resolved discrete control points along the differentiation
axis: a variant in the untranslated region of TNFSF 1 3B raised total 1g, B-cell counts,
and plasma TNFSF13B together, and increased the risk of tonsillectomy, consistent
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with TNFSF13B-driven B-cell expansion; a missense variant in N/BAN3 reduced
IgM and lowered naive and transitional B-cell frequencies, implicating the poorly
characterized gene in early human B-cell development. Among the indirect effects,
a missense variant in /NAVA reduced the A/G ratio while decreasing CCR6 surface
expression on follicular helper T cells.

For multiple traits, the rare variants of large effect accumulate not diffusely but on
the core genes or signaling axes that directly regulate the process the trait models.
The class-switching proxy A/G converges on the Ig heavy-chain locus, where class
switching physically occurs. Total IgG converges on the Fcy receptors and on
FCGRT, the machinery that clears and recycles IgG. The product trait AGM, a proxy
for total Ig production, converges on the TNFRSF13B-TNFSF13 axis, the ligand-
receptor pair that controls plasma-cell survival and differentiation. This pattern is
particularly striking for the composite traits, as it clearly demonstrates that they are
effectively capturing the biological processes they were designed to model.

The heavy-chain locus on chromosome 14q32.33 encodes the constant-region genes
that undergo class-switch recombination, and its complexity has long frustrated hu-
man genetic study?***. We identified 17 independent signals at the locus, 12 of
them novel. These signals were enriched 2.5-fold in the constant region, with five
of the 17 lead variants mapping to the 3'RR1 super-enhancer that governs isotype
selection”®2%; 15 of 17 showed their strongest association with the composite ratio
traits that capture class-switching dynamics. Four rare variants associated with A/G
had particularly large effects, including one that tags a 28-kb deletion spanning
IGHG]I that is causal for familial IgG1 deficiency''’. Only two of the 17 signals
contained coding variants in their credible sets, indicating that heritable Ig variation
at the heavy-chain locus acts overwhelmingly through non-coding or structural var-
iation.

The heavy-chain locus also displays an emergent property that is one of the principal
findings of the study. The four IgG subclasses are encoded by separate constant-
region genes within the locus, and in earlier work''® we had observed that a deletion
tagged by one variant reduced IgGl while raising IgG3, leaving total IgG un-
changed. To ask whether such compensation is general, I evaluated 89 IgG-associ-
ated variants against this prior IgG1 to IgG4 subclass data using an inverse-variance
weighted outlier framework, reasoning that a variant acting on total IgG should shift
all subclasses proportionally, whereas a variant with compensatory effects should
produce reciprocal deviations from that expectation. The analysis returned 10 outli-
ers, of which five showed the reciprocal pattern of buffering, and all five mapped to
the IGH locus. One, a splice variant in /GHG?2 that causes familial IgG2 defi-
ciency?”’, reduced IgG2 sharply while raising IgG1. No buffering signal was de-
tected at any locus outside the heavy chain. Subclass compensation is therefore not
a general feature of IgG regulation but an intrinsic systems property of the IGH
locus itself, one that stabilizes total IgG output against subclass-specific
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perturbation. The precise molecular mechanism by which this buffering is achieved
remains to be resolved.

Rare variants influencing IgG converge on the Fey receptors that bind IgG'°. At the
Fcy receptor locus we identified 24 independent signals, 20 of them novel, of which
23 influence IgG or IgG-derived composite traits. Notably, the Fcy locus carries the
four rare variants with the largest effects on IgG in the study. These include a novel
rare coding variant in FCGR2B, p.Pro47Ser, that markedly raises IgG but is classi-
fied as neutral by computational variant effect predictors such as AlphaMissense**®.
The substituted proline lies in a disordered interdomain linker, where variant clas-
sifiers based on evolutionary conservation are known to lose sensitivity?”. Proline
is known to be enriched in such disordered regions and thought to confer structural
rigidity in these domains?'’. As FCGR2B is an inhibitory receptor, the strong in-
crease in IgG levels suggests that the variant acts as a hypomorph.

Outside the canonical locus, the neonatal Fc receptor FCGRT protects IgG from
lysosomal degradation inside cells and recycles it into circulation, giving IgG its
long serum half-life®. We identified a rare coding variant in FCGRT, p.Lys132Asn,
that markedly reduces circulating IgG and is predicted to impair protein function by
AlphaMissense. Analysis of a published crystal structure®'' places the affected ly-
sine at the interface with B2-microglobulin, an interaction that is known to be essen-
tial for FCGRT function. To our knowledge, this is the first loss-of-function human
population variant described in the neonatal Fc receptor. As this variant would plau-
sibly reduce the serum half-life of clinically administered IgG, it is likely to have
implications for personalized medicine?'%.

The product trait AGM converged on the TNFRSF13B-TNFSF13 axis, and here
the associations form allelic series at both the receptor and the ligand, with four
independent alleles at each. TNFSF13, produced by myeloid cells, binds
TNFRSF13B on mature B and plasma cells to promote class switching and antibody
production. At TNFRSF13B, two rare missense variants that abrogate signaling,
p.Cys104Arg in the extracellular domain and p.Alal81Glu in the transmembrane
domain, sharply reduce AGM, expand pre-switched memory B cells, raise the pre-
switch marker FCRL2, and lower the plasma-cell markers TNFRSF17 and IL5RA.
These variants are known risk factors for CVID"*'7, and the phenotypic pattern
observed here is suggestive of a developmental block at the pre-switched memory
B-cell stage. A common intracellular missense variant in TNFRSFI3B
(p-Pro251Leu) produces the mirror image phenotype — raising AGM, lowering
plasma FCRL2, and raising TNFRSF17 and IL5SRA — consistent with enhanced
TNFRSF13B signaling. Notably, the p.Pro251Leu variant is a risk factor for multi-
ple myeloma?®'?, a cancer characterized by the overproliferation of plasma cells. The
final member of the TNFRSF13B allelic series is a novel rare non-coding variant
that has not been previously described — unlike the other alleles it only significantly
associates with IgM without affecting IgA or IgG. The lead variant intersects an
accessible element upstream of TNFRSFI13B, and the distinct phenotypic effect
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from the coding variants suggests that this regulatory element modulates a restricted
stage of B-cell development.

At the TNFSF13 locus, two common non-coding variants act through separate my-
eloid compartments: one raises total Ig by upregulating TNFSF13 in monocytes,
and the other lowers it by downregulating TNFSF13 in neutrophils. Only the mon-
ocyte variant raised plasma TNFSF13 protein levels, as I confirmed by ELISA in
793 blood donors, genetically identifying monocytes rather than neutrophils as the
principal source of circulating TNFSF13 in humans®'*. Two rare non-coding
TNFSF13 variants reduce total Ig and circulating TNFSF13 levels, and thus act as
hypomorphs. For one of these, which was predicted to disrupt EGR1 binding'**'?7,
I confirmed disruption of transcriptional activity by luciferase reporter assay and by
EGR1 knockdown using siRNA. Thus, loss of EGR1 binding at the TNF'SF'13 pro-
moter leads to reduced TNFSF13 and total Ig levels. The concordant effects of all
four TNFSF 13 alleles — with all four affecting the product traits and all three primary
isotypes — highlights the central role of this cytokine in controlling overall Ig levels.

Across these two allelic series we find a clear logical concordance between the var-
iant mechanisms and their downstream phenotypic effects on the B-cell system. The
variants that reduce TNFRSF13B signaling and lower total Ig are the variants that
raise the risk of CVID, while the variant that enhances signaling and raises Ig raises
the risk of multiple myeloma. A single receptor therefore behaves as a graded rhe-
ostat whose setting maps onto opposite poles of B-cell pathology, with immunode-
ficiency at one end and plasma-cell malignancy at the other. Similarly, the four
TNFSF13 variants show strikingly similar phenotypic signatures, with all of them
influencing all three primary isotype traits and the product traits derived from them
in a direction consistent with their effect on TNFSF13 expression.

Taken together, these results establish that circulating Ig levels, analyzed at popula-
tion scale across nine traits, resolve the regulatory architecture of the human B-cell
system. The 504 variants recover known regulators at every stage from B-cell com-
mitment to antibody secretion. Natural variation, read out through a coarse and rou-
tine clinical measurement, thus functions as a perturbation screen of the human im-
mune system. The logic is the same one applied in Papers I and II, in which associ-
ation was carried through fine-mapping to mechanism at a single stem-cell locus;
here that pipeline is applied not to one locus but to an entire system, and through an
expanded sample size it is able to resolve that system genetically.
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Chapter 5 — Discussion

Each of the three studies treats a quantitative trait measured in a large population as
arecord of perturbations that natural variation has already performed, and asks what
can be inferred from those perturbations about the underlying biology. What differs
between them is the scale at which that question is asked.

In the discussion that follows, I lay out some larger themes that emerge from these
studies and their relation to modern human genetics as a field.

5.1 Quantitative variation as a discovery platform for
clinical genetics

Ig concentrations are among the cheapest phenotypes in medicine. They are meas-
ured by routine clinical chemistry, require no specialized assay or cell isolation, and
can be obtained on every participant in a cohort rather than on a selected subset.
Applied at population scale across nine traits, this yielded 504 independent associ-
ations, 472 of which had not been reported before, and 397 candidate genes assigned
across 290 signals.

One consequence of working at this scale is the recovery of significant numbers of
rare alleles of strong effect. The rarity of such variants is a consequence of natural
selection — most strong-effect variants are likely to be deleterious for fitness, so over
time they are weeded out by selection and are only maintained at low frequencies®"’.
This gives the characteristic relationship between allele frequency and effect size

consistently observed across GWAS for multiple traits.

Such rare variants can play critical roles in heritable disease, and rare and private
variants are one of the explanations for the missing heritability problem in human
genetic studies*'®?!”. Unfortunately, the ability to measure the effects of rare varia-
tion is limited by sample size. Although rare disease genetics can partially access
this variant space through whole-genome or exome sequencing, such studies are
often limited to clearly interpretable missense or structural variation, rendering the

vast space of non-coding variation invisible to these study designs'®’.

The main obstacle to variant discovery in rare disease genetics is recruitment rather
than sequencing costs. Heritable immunodeficiencies like CVID, severe combined
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immunodeficiency and the agammaglobulinemias are individually uncommon, and
assembling a cohort large enough to test any particular allele requires international
consortia working over years. Even the largest such collections contain at most a
few thousand patients, so a variant carried by one patient in a hundred appears in a
few dozen people, limiting statistical power?'®. Ascertainment is by clinical diagno-
sis, which is variable in its criteria and often delayed, and tends to select the severe
end of the distribution. Heterozygous carriers, individuals with subclinical reduc-
tions in antibody, and people who never came to medical attention are invisible to
this design.

Measuring a quantitative trait in an unselected population inverts the problem. Eve-
ryone has an Ig level, so carriers of a variant are captured independently of any
disease diagnosis, and the number of carriers scales with cohort size rather than with
the prevalence of a diagnosis. In a cohort of 114,697, an allele at a frequency of
0.07% is carried by roughly 160 people, an allele at 0.34% by around 780, and an
allele at 0.7% by about 1,600. These are sample sizes sufficient to estimate an effect
precisely, and because the phenotype is continuous, the estimate carries magnitude
and direction.

In Paper I1I, 33 of the 504 associations involve variants at an effect allele frequency
of 1% or below. Notably, these strong-effect associations tend to cluster on genes
and loci known to play a central role in B-cell biology and uncover several disease-
associated rare variants. At the Ig heavy-chain locus, they include a 28-kb deletion
spanning /{GHG1, which causes IgG1 deficiency, and a splice variant in /GHG?2
responsible for familial IgG2 deficiency. At TNFRSFI3B, the coding variants
p.Cys104Arg and p.Alal81Glu are established risk factors for CVID, and both re-
duce total Ig in our results. At DOCK2, a rare missense variant appears among the
alleles with the largest positive effects on total Ig levels, in a gene where biallelic
loss of function causes a severe combined immunodeficiency®'’ — the positive effect
size suggests that this could be a rare gain-of-function variant in DOCK2, although
more work is needed to determine the effect of this coding mutation. At FCGRT,
the rare coding variant p.Lys132Asn lies at the interface with f2-microglobulin and
lowers IgG, and is the first identified population hypomorph in this gene. At
FCGR2B, the rare p.Pro47Ser variant displays one of the strongest positive effects
on IgG observed in the study, and thus likely acts as a loss-of-function variant in
this inhibitory receptor. Uncommon non-coding alleles mapping to /RF4 raise [gM
and are known risk variants for B-cell malignancy, including Waldenstrém's mac-
roglobulinemia, whose defining feature is overproduction of monoclonal IgM.

Our results demonstrate that subclinical shifts in Ig levels can recover known dis-
ease variants without measuring disease status directly. This suggests that novel rare
variants identified in our study can be re-evaluated with a lowered multiple testing
burden in clinically defined cohorts. For example, rare hypomorphic alleles in
FCGR2B could be evaluated for their effects on the pathophysiology of autoimmune
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disease, and the rare variant identified in FCGRT could be assessed in patients re-
ceiving IgG-based immunotherapies.

Paper I shows the same logic operating on a different trait and at a fraction of the
sample size. Blood CD34" cell level is measurable by flow cytometry in any donor,
and 13,167 individuals were enough to recover CXCR4, the gene mutated in WHIM
syndrome and the drug target for plerixafor, through four independent signals in-
cluding a rare variant. Additionally, a common variant affecting PPMIH, a phos-
phatase with no published role in stem-cell biology, was the most significant asso-
ciation identified in the study. Pilot work in our lab has begun to assess if allele
carriers for these variants show altered response to stem-cell-mobilizing drugs in
the clinic*’. Although these stem-cell-influencing variants are not rare, the same
issue with cohort recruitment for rare immunodeficiencies arises — recruiting 10,000
patients receiving stem-cell transplantation for a full GWAS analysis would be pro-
hibitively time-consuming and costly, but GWAS results from a quantitative trait
correlated to the clinical phenotype can enable hypothesis-driven evaluation of pre-
defined variants at a lower multiple testing burden.

5.2 Discovery of novel B-cell genes and pathways

Of'the 504 associations identified in Paper 111, 472 had not been reported previously,
and several of the candidate genes assigned to them have no described role in anti-
body production. Three are worth setting out in detail, because in each case the ge-
netic signal is accompanied by regulatory and expression evidence that places the
gene in a specific stage of B-cell differentiation.

ZNF608 and MCTP2 are uncovered through variants influencing IgM levels, and
both genes are upregulated in the germinal center. At ZNF608, the IgM-decreasing
allele of rs12517864 raises ZNF608 expression in memory B-cell subsets. The var-
iant falls in a region accessible in light-zone germinal-center B cells and occupied
by SPI1 in B cells, and the substitution alters a base within the SPI1 recognition
motif. Allelic imbalance in ATAC-sequencing reads from heterozygous primary B
cells is strong, at an allele fraction of 0.92, so the two alleles differ substantially in
chromatin accessibility in the cells where the gene acts. At MCTP2, the IgM-de-
creasing allele of rs6497185 raises MCTP2 expression, most clearly in unswitched
memory B cells, and the variant lies in a region accessible in light-zone germinal-
center B cells and occupied by BCL6 in germinal-center B cells. Single-cell expres-
sion data from tonsil place both genes at their highest levels in light-zone germinal-
center B cells, alongside BCL6 itself. ZNF608 is additionally a recurrent somatic
mutation target in DLBCL and follicular lymphoma'®*'®*, the malignancies of the
germinal-center reaction, so a gene identified from a blood test in healthy people
coincides with one identified from tumor sequencing.
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VDR is the clearest instance of a gene relocated to a new compartment by these data.
The vitamin D receptor has been studied in immunology almost entirely through T
cells, where it mediates the effects of vitamin D on helper T-cell differentiation,
suppresses Th1 and Th17 responses, and promotes regulatory T-cell phenotypes®'.
Its function in B cells has attracted far less attention®?, and in vivo evidence for a
role in antibody production has been lacking'”. Here, the causal variant rs886441-
G reduces M/AG and VDR expression specifically in plasmablasts’’. The variant
lies within a binding motif for IKZF1, which the A allele is predicted to disrupt, in
a region occupied by IKZF1 in a B cell line and accessible by single-cell ATAC-
sequencing in plasmablasts'?'. Chromatin immunoprecipitation in plasmablasts dif-
ferentiated ex vivo from memory B cells shows that the same region is occupied by
IRF4 and PRDM1 and carries H3K27 acetylation'®, so the variant sits in an active
regulatory element bound by the two transcription factors that drive terminal
plasma-cell differentiation. Single-cell expression data from tonsil'*! are consistent,
with VDR expression concentrated in the plasmablast compartment rather than in
germinal center or naive B cells.

The VDR result therefore rests on two independent kinds of evidence pointing to the
same cell type. The expression quantitative trait locus establishes that the variant
changes VDR transcript levels in plasmablasts and not in other sorted immune pop-
ulations. Together with the occupancy of the element by IRF4 and PRDMI1, this
constitutes human in vivo genetic evidence that VDR acts in the antibody-secreting
compartment, at the plasmablast stage, and that natural variation in its regulation
shifts the balance between unswitched and class-switched Ig. Given how widely
vitamin D status varies across humans and its known role in autoimmunity, these
results could turn out to have clinical implications for the treatment of autoimmune
disease, as most of the research on vitamin D in the immune system has focused on
its role in the T-cell lineage.

5.3 Trait engineering as a general principle

The composite traits employed in Paper III are simply linear combinations of stand-
ardized, log-transformed Ig measurements, originally introduced in our previous
GWAS of Ig levels'®®. The ratios — A/M, G/M, and A/G — are meant to capture
isotype-specific class-switching biases, by separating them from genetic effects that
act on total Ig levels. The products, AG and AGM, do the opposite and reinforce
what the components share. The ninth trait, M/AG, sets the unswitched output
against the switched output and therefore senses pre-switch versus post-switch bias
with statistical support drawn from all three isotypes. While this logic maps intui-
tively to our understanding of B-cell development, it is also plausible that the com-
posite traits do not carry any more information than the primary traits used to derive
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them. This criticism was even raised by our colleagues at deCODE in initial discus-
sions about the results.

Our results show conclusively that these simple linear combinations are able to in-
crease genetic signal in a biologically interpretable and coherent manner, a finding
that has implications for the study of quantitative traits more broadly.

The composite traits increase signal yield — association testing across the nine traits
identified 1,144 independent signals, which inter-trait colocalization consolidated
to 504 unique variants, and the ratio traits contribute a substantial share of these;
A/G alone carries 51 associations found for no other trait, more than any primary
isotype contributes exclusively. The ratio traits also show an enrichment of signal
at the IGH locus, where 15 of the 17 independent signals showed their strongest
association with a composite ratio trait rather than with any individual isotype. As
the IGH locus is the physical location where class switching occurs, this provides
further evidence that the ratio traits are more capable of detecting functional varia-
tion related to class switching.

The principle generalizes beyond Ig. Wherever a panel of correlated quantitative
measurements is available, derived traits can be constructed to isolate the processes
that convert one measurement into another, or to aggregate what several measure-
ments share: ratios among blood-cell types that read out lineage commitment, me-
tabolite ratios that read out enzymatic steps, lipid subfraction ratios that read out
particle remodeling, and frequencies of cell states derived from flow-cytometric
panels of the kind assembled in BloodVariome'®’, which read out transitions be-
tween states. In each case the derived trait can, in principle, bring a specific process
into genetic focus that the raw measurements leave blurred. The limit of the princi-
ple is that composites can be constructed without end, and most possible combina-
tions will correspond to no biological process at all. The discipline that makes trait
engineering more than a fishing expedition is that each composite must be motivated
by a known process before it is tested, so that a discovered signal has an interpreta-
tion waiting for it rather than an interpretation invented after the fact. Applied with-
out that discipline, the method would inflate the multiple-testing burden and return
combinations whose associations meant nothing.

5.4 Systems-level properties: buffering and
compensation

The clearest systems-level finding in the thesis is the subclass buffering observed at
IGH. A prior study of IgG1 to IgG4 subclass levels identified a deletion spanning

IGHG] that reduced IgG1 while raising IgG3, which suggested compensation of
one subclass for the other''’. The present study is able to test this isolated
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observation systematically. Across 89 IgG-associated variants that could be mapped
onto the earlier subclass analysis, the effect of each variant on an individual subclass
was regressed against its effect on total IgG, and outliers from that relationship were
classified according to whether their subclass effects were reciprocal, as compensa-
tion requires, or merely disproportionate.

Five out of ten outlier variants in this analysis showed reciprocal subclass effects,
and all five mapped to IGH. The clearest is rs191766497-T, a splice variant in
IGHG? that causes familial IgG2 deficiency: it lowers IgG2 by a large margin and
is accompanied by compensatory increases in the other three subclasses. The re-
maining IGH outliers behave in the same way. Outliers were also identified outside
IGH - at the Fcy receptor locus, at HLA, and at KPNB1 — but none of them showed
reciprocal behavior; they depart from the regression without redistributing among
subclasses. Subclass compensation is therefore not a general property of IgG regu-
lation but an intrinsic property of the Ig heavy-chain locus.

The underlying mechanism for Ig subclass buffering is not resolved by the study;
the paper itself notes that the molecular basis warrants future mechanistic work. The
general question the finding raises is larger than the locus. If a locus can redistribute
its effects among components while holding an aggregate constant, then a study that
measures only the aggregate will fail to detect this, and the genetic architecture of
the components will be invisible at the level ordinarily assayed. This is a specific
instance of a broad problem. Much of quantitative genetics measures aggregate out-
puts, and compensation of the kind seen at IGH would cancel real effects before
they reach the measured phenotype, so that the apparent absence of a genetic con-
tribution reflects the choice of what to measure rather than the absence of underlying
variation.

5.5 Forward genetics with natural variation as the
mutagen

A mutagenesis screen of the kind that Niisslein-Volhard and Wieschaus carried out
in Drosophila saturates a genome with induced alleles, scores each line for a phe-
notype of interest, and thereby recovers the genes required to build the phenotype
without any prior hypothesis about which genes those are'®. Population-scale human
genetics can be read as the same experiment with two substitutions. Standing vari-
ation replaces induced mutation as the source of alleles, and a biobank replaces con-
trolled crosses as the population in which phenotypes are scored.

The transition to natural variation from controlled breeding and induced mutagene-
sis costs a great deal scientifically. There is no control over the allelic spectrum,
since one takes the variation the population happens to carry. Natural selection has
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already removed the most damaging alleles, so the strongest perturbations available
to a mutagenesis screen are systematically depleted in a human population, and ef-
fect sizes are correspondingly small for the majority of alleles identified*"”. There is
no saturation in the strict sense, because one cannot guarantee that every gene has
been hit by an informative allele; absence of a signal is not evidence that a gene is
uninvolved. The rarest and most informative alleles are in addition the hardest to
follow up — in Paper I the rare CXCR4 variant rs555647251 was not polymorphic at
all in the CD34" cell expression cohort, so its effect on CXCR4 expression could not
even be tested.

However, natural variation at large population scales also adds considerable scien-
tific value that model-organism studies cannot provide. The perturbations are in the
right species, so no cross-species inference is required to reach human biology. They
act in the right cell types, in vivo, over a human lifetime, so the phenotype integrates
development and homeostasis as they occur rather than as they are reconstructed in
a model raised in a controlled environment. And the phenotype is measured in the
physiological range rather than at the knockout extreme, so the genetics recovered
is the genetics of tuning a working system rather than of breaking it, which is the
regime relevant to common human variation and to most of medicine.

Paper II illustrates the difference between model organism findings and the more
subtle effects that can be discovered using human population variation. Conditional
deletion of Gata2 in mouse hematopoietic cells causes complete loss of adult stem
and progenitor cells'’’, which establishes that the factor is necessary and says noth-
ing about how its activity is graded in a functioning system. The human common
variant rs10864368 affects stem and progenitor levels but does not directly touch
GATAZ2 itself; rather it abrogates one GATA2 binding site among the thousands the
factor occupies, reducing local chromatin accessibility at a single regulatory element
and lowering expression of the target gene, and the phenotypic consequence is a
shift in circulating CD34" cell levels within the normal range. These weak, common
non-coding effects can thus help elucidate physiological gene regulation at the level
of individual transcription factor binding sites, in a manner that would be invisible
to traditional knockout studies or Mendelian disease genetics.

In Paper I1I, the increased sample size enables detection of allelic series and dosage
effects in core Ig-regulating genes. The variants comprising the TNFRSF13B—
TNFSF13 allelic series range from loss-of-function variants that abrogate signaling
and cause immunodeficiency, to a common intracellular variant that raises antibody
output and increases risk for multiple myeloma, tracing a graded continuum of path-
way activity that no single engineered knockout would produce.

Natural variation also supplies allele classes that could be missed by computational
predictions of variant effect that are now widely used to assess variant pathogenic-
ity?®®. The FCGR2B missense variant p.Pro47Ser has an effect allele frequency of
0.07% and raises IgG by 0.77 standard deviations, one of the largest effects in the
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study, in the direction expected for loss of the receptor's inhibitory function. Com-
putational predictors classify it as benign, with an AlphaMissense score of 0.085,
because the residue lies in a disordered interdomain linker adjacent to the first C2-
type domain of the ectodomain, and variant effect predictors are known to have
reduced sensitivity in disordered regions where no structural template constrains the
inference.

5.6 Quantitative traits and disease gene discovery

A thread running through all three papers is that studying variation in the healthy
range recovers genes that matter in disease. Variation within the normal clinical
range and pathological disease are not separate phenomena but the same axis of
biology sampled at different points, so a gene whose common variation nudges a
trait within the normal range is a candidate for the gene whose rarer or more severe
perturbation carries the trait out of that range into pathology. A study of healthy
variation is therefore a study of disease genes conducted at the mild end of the same
distribution.

Paper I demonstrates the point at small sample size. Its Mendelian disease genes, its
somatic cancer drivers, and its overlap with mature blood-cell traits are set out in
Section 4.1. All of these connections to disease are derived from nine association
signals from a flow cytometry trait measured in blood donors and primary care pa-
tients, with no clinical phenotype examined.

Paper Il reaches a disease gene by a different route. The causal variant does not lie
in a known disease gene, it disrupts a single binding site for GATA2, a factor whose
germline mutations cause GATA?2 deficiency, a heritable syndrome combining im-
munodeficiency with myelodysplasia. A common non-coding variant carried by
roughly half the population therefore recovers a Mendelian disease gene not by per-
turbing it but by perturbing one of the sites at which it acts. Where a coding variant
implicates a gene, a regulatory variant of this kind implicates the frans-acting factor
that binds it. The downstream consequences of a single altered GATA2 binding site
could also be elucidated — the same variant associates with higher myeloid cell fre-
quencies and lower lymphocyte percentage in large blood-cell studies, so a regula-
tory change acting in the progenitor compartment propagates to the composition of
the mature blood.

The disease associations for Paper III have already been addressed in Section 5.1 in
terms of rare variant discovery, but these results can also be seen through a more
gene-centric perspective. Just as in Paper I, we consistently find a biologically co-
herent connection between the direction of effect on the quantitative trait and the
disease phenotype. Three uncommon alleles that raise IgM, two at /RF'4 and one at
GLRX)5, associate with Waldenstrom's macroglobulinemia, a disorder whose
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hallmark is monoclonal IgM production, so the direction of the healthy-range effect
and the direction of the disease correspond. Two rare loss-of-function variants in
TNFRSF13B that lower total Ig are established risk factors for CVID, and a novel
rare missense variant in DOCK?2, an established severe immunodeficiency gene, in-
creases total Ig suggesting that it may act as a gain-of-function mutation.

The TNFRSF13B—TNFSF 13 series elegantly demonstrates how gene dosage and di-
rection of effect can create logically concordant effects on heritable disease risk.
The TNFRSF13B receptor variants do not act in a single direction. The two rare
missense alleles that abrogate signaling reduce total Ig, expand pre-switched
memory B cells, raise plasma FCRL2, and lower the mature B cell and plasma-cell
markers TNFRSF17 and IL5RA, a pattern consistent with a developmental bottle-
neck at the class-switch transition, and they raise the risk of CVID. The common
intracellular variant p.Pro251Leu shows the reciprocal pattern, raising AGM, low-
ering FCRL2, raising TNFRSF17 and IL5RA, and raising the risk of multiple mye-
loma. In this case the mirrored effects of these two alleles are consistent with the
mirrored nature of the two diseases themselves — CVID is characterized by very low
Ig levels while multiple myeloma is an overproliferation of Ig-producing plasma
cells.

The quantitative trait is thus not a weaker substitute for a disease study but a differ-
ent instrument that returns signed, graded information that connects specific physi-
ological endophenotypes to clinical disease risk, in a manner inaccessible to case-
control study designs. As biobanks increase in sample size and diversity, it is likely
that these aspects of quantitative trait analysis will increasingly impact clinical dis-
covery.

5.7 Therapeutic leverage

Human genetic support for a target raises the probability that a drug against it will
succeed in clinical development, a relationship documented across large numbers of
programs and noted in Chapter 1°°. Several of the genes implicated by this work
could in principle be pursued as drug targets. Similarly, several variants could be
assessed for clinical impact to facilitate personalized medicine. Two are worth set-
ting out in detail, because in each case the direction of effect is logically concordant
with the underlying clinical application, and the supporting evidence goes beyond
the association itself.

PPMIH emerges from Paper I as a candidate inhibition target for mobilizing
HSPCs, and the case for it has three parts. The direction of effect suggests that in-
hibition or degradation could mobilize stem cells, since the allele associated with
higher blood CD34" cell levels lowers PPM1H expression in CD34" cells. The di-
rection of effect is supported by a cis-expression quantitative trait locus in sorted
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cells from 155 blood donors and by short hairpin RNA knockdown of PPMIH in
primary CD34" umbilical cord blood cells, which raised the proportions of CD34"
and CD34" CD90" cells relative to control. Furthermore, PPM1H is preferentially
expressed in hematopoietic stem and progenitor populations relative to other blood-
cell types. Its credibility is further supported since the same study recovers CXCR4,
whose antagonist plerixafor is an approved mobilizing agent.

FCGRT is an established therapeutic axis, already the target of agents that modulate
IgG recycling®'?. The rare FCGRT variant p.Lys132Asn lowers circulating IgG sig-
nificantly, and a co-crystal structure of the receptor in complex with f2-microglobu-
lin places Lys132 at the interface between them. As this interaction is known to be
essential for protein function, it is likely that the reduced IgG levels observed in
allele carriers result from a loss of FCGRT function. Given its known role in stabi-
lizing circulating IgG, it is plausible that a partial loss of receptor function in
FCGRT could impact individual response to IgG-based immunotherapies and auto-
immune diseases mediated by pathogenic IgG. Further work is needed to determine
the impact of this variant in these clinical contexts.

5.8 Limitations

The most consequential limitation of these studies is that they are restricted to indi-
viduals of European ancestry. Paper I was conducted in southern Sweden, with a
discovery set of 10,949 individuals of Swedish ancestry and a follow-up set 0of 2,218
individuals of other European ancestry. Paper III draws on Iceland, on Swedish co-
horts, and on the British-Irish subset of UK Biobank. The cohorts are therefore pre-
dominantly of Northern European ancestry throughout. Effect sizes, allele frequen-
cies, and patterns of LD will not transfer uniformly to other populations, and the
rare variants are, by their nature, population-specific. Paper I provides the concrete
instance: all of its lead variants were polymorphic across the geographic super-pop-
ulations of the 1000 Genomes compendium except for the rare CXCR4 variant
18555647251, which was polymorphic only in the European and American super-
populations?®. This limits the generality of the architectural claim, because the
demonstration that large-effect variation clusters at process-defining loci has been
made in one ancestral background, and it limits the equity of any clinical application
derived from the work®*,

Most of the mechanistic inferences in Paper III rest on genetic and molecular asso-
ciation rather than on experimental perturbation, and the strength of the evidence is
uneven across the loci discussed in this chapter. The strongest evidence chains in
the thesis are those at PPM1H and at ENOI, where a causal variant was supported
by reporter assays, by transcription factor occupancy, by knockdown or CRISPR
disruption, and by allelic imbalance in chromatin accessibility in primary cells. In
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Paper III only the TNFSF13 result reaches a comparable standard, combining a re-
porter assay with siRNA knockdown of EGR1, and supported by transcription factor
binding data in primary macrophages derived from monocytes. At ZNF608,
MCTP2, and VDR the evidence is a concordant assembly of eQTL direction, chro-
matin accessibility, and transcription factor occupancy with a matching motif pre-
diction, supported at ZNF608 by allelic imbalance in accessibility in primary B cells.
These are predictions consistent with the data rather than demonstrations, and they
should not be weighed equally with the MYB and GATA2 dissections or with the
EGR1 result, which were ultimately validated through wet lab experiments. The
systems-level claims rest on the aggregate of many such assignments and inherit the
uncertainty of the weaker ones.

Several causal assignments remain unresolved, and two kinds of ambiguity should
be distinguished. The first concerns which variant acts. Statistical fine-mapping
alone rarely reaches a single variant: fine-mapping resolved 70 of the 504 Ig signals
to a single putative causal variant, and at the 1p36.23 locus of Paper II the associa-
tion comprised 17 variants in high LD across approximately 14 kb, where it was the
chromatin accessibility filter, not the association statistics, that narrowed the field
to two candidate variants before a reporter assay could distinguish them. Even where
a variant has been functionally distinguished, the possibility that a linked variant
contributes independently is not excluded, since the elimination is by assay rather
than by exhaustive editing of all linked variants.

The second concerns which gene is affected. In Paper 11, candidate genes were as-
signed to 290 of the 504 signals on the basis of coding variation or eQTL colocali-
zation, which leaves 214 signals for which the nearest gene was used in the absence
of molecular support. Proximity is an unreliable guide, since a regulatory element
frequently acts on a gene other than its nearest neighbor. Where two genes share a
regulatory element, the ambiguity may be irreducible from association data alone,
as at 1p36.23, where the element contacts both the ENOI and the RERE promoter
and the lead variant is a cis-expression quantitative trait locus for both.

The trans-pQTL analyses use inverse-variance weighted regression, a method bor-
rowed from Mendelian randomization, but no causal claim is made from it, because
the exclusion restriction that would justify a causal interpretation is unfalsifiable in
this setting. The internal calibration described in Section 4.3 is what makes this
analysis usable at all, and it also marks the boundary of what can be concluded. The
IgM relationships are interpretable because the physical basis is known; the IgA and
LY96 relationship is of comparable statistical strength but has no known physical
basis, since LY96 is a secreted co-receptor for Toll-like receptor 4 with no described
interaction with IgA. Whether the relationship reflects a genuine coupling between
IgA regulation and innate immune signaling is not determined by these data and can
only be addressed through functional work.
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For Paper I our lab generated its own eQTL data in circulating CD34" cells, so the
expression measurement was made in the cell type the trait is defined by. Paper 111
had no equivalent, and its colocalization rests on public sorted-cell resources. Those
resources cover a range of immune cell types but not every state relevant to Ig biol-
ogy, and in particular not the germinal center, which is where the candidate genes
at several of the most fully worked loci are most highly expressed. Absence of col-
ocalization is therefore weak evidence of absence, and this limitation can only be
resolved through more comprehensive single-cell eQTL resources spanning diverse
tissue types at large sample sizes.

Finally, both trait classes are aggregate outputs that do not identify which underlying
variable a variant has moved. Circulating Ig reports the steady-state level of anti-
body in the blood and captures neither antigen specificity nor context-dependent
responses, a limitation the study states itself. Blood CD34" cell level is subject to
the same ambiguity, since it can reflect the rate at which progenitors leave the mar-
row, the time they spend in the circulation, or the size of the stem-cell pool, and an
association identifies the gene without identifying which of these it acts on. In both
trait classes, the genetics recovered is only the genetics of a system's resting physi-
ological output at the time of measurement. Further highlighting this point, recent
genetic analysis of conventional blood traits has shown that individuals display sta-
ble setpoints for hematological traits over their lifetime, but these can only be as-
certained if they are measured longitudinally over time*?. Our study design would
fail to capture this component of variation.

5.9 Contribution

As with any genetic study, the primary contribution of these studies is the identifi-
cation of novel loci, variants and genes that influence defined biological processes.
Paper I is the first genome-wide association study of its trait, Paper III resolves the
architecture of the Ig traits at a scale earlier studies could not reach, and integration
with epigenomic data refines these findings into specific gene regulatory networks
of transcription factors and regulatory elements central to the analyzed trait. These
discoveries are now raw material for future functional work in hematopoietic stem
cell and B-cell biology — we have only begun to scratch the surface of the novel
findings made in these papers.

The second contribution is a resource rather than a result. The fine-mapped signals,
their credible sets, the candidate genes and cell types assigned to them, and the sum-
mary statistics deposited in the GWAS Catalog are all available for reuse. For the
Ig traits in particular this constitutes a reference against which variants found in
patients with humoral immune disorders can be interpreted, since a variant of un-
certain significance in a gene such as TNFRSFI3B or FCGRT can be checked
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against a measured, signed effect on antibody levels in an unselected population.
The value of that reference is bounded by the ancestry limitation set out in Section
5.8, since it will interpret some patients better than others.
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Chapter 6 — Conclusions and
future perspectives

6.1 Conclusions

The work in this thesis supports four conclusions. First, a quantitative trait measured
in a large population can be carried from a genome-wide association through fine-
mapping to a defined molecular mechanism, as demonstrated at PPMIH through
MYB, at 1p36.23 through GATAZ2, and at TNFSF13 through EGR1. Second, at suf-
ficient sample size the same approach resolves not merely a list of loci but the reg-
ulatory organization of a system, including properties such as the buffering of IgG
subclasses that belong to a locus rather than to any individual variant. Third, com-
posite traits constructed in advance from a known biological process recover that
process genetically, so that the design of the phenotype is as consequential for what
a genome-wide association study returns as the size of the cohort. Fourth, variation
within the normal clinical range and disease-causing variation lie on the same axis,
and the direction of effect on the quantitative trait carries information about the di-
rection of clinical risk, as seen most clearly for TNFRSF13B.

6.2 Completing the mechanistic chain for novel genes

Paper III assigns a candidate gene to 290 of the 504 signals, and for most of them
the evidence is statistical and correlative rather than experimental. Converting any
one of these candidates into an established mechanism requires the same three steps:
editing the variant at its endogenous position, connecting the element to the gene
independently of the variant, and determining what the gene does in the cell type
where the trait is set. ZNF60S is the candidate for which this chain is furthest ad-
vanced, and it serves here as the example.

The evidence assigning ZNF608 to the germinal-center reaction combines an ex-
pression quantitative trait locus, a concordant motif prediction, and near-complete
allelic imbalance in chromatin accessibility in primary B cells. The last of these is a
controlled observation rather than a prediction, but the causal role of the variant has
still not been shown directly, and the immediate work is to close that gap. Editing
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rs12517864 at its endogenous position in a germinal-center-like B-cell line, with
ZNF608 expression as the readout, would establish the variant as causal in its native
chromosomal context, and silencing the element itself would confirm the link be-
tween element and gene independently of the variant. Beyond the variant, the func-
tion of ZNF608 in B cells is unknown. CUT&RUN?*® for ZNF608 in primary ger-
minal-center B cells sorted from tonsil would establish whether the protein binds
chromatin directly and, if so, where, allowing it to be placed within the transcrip-
tional network operating in the germinal center alongside BCL6 and SPI1. Given
the recurrent somatic mutation of ZNF608 in germinal-center-derived lympho-

mas'®, this would also bear on its role in malignancy.

6.3 Testing variants and elements in parallel

Locus-by-locus dissection of the kind described above proceeds at a rate of roughly
one locus per project, and the 504 signals identified here will not be resolved that
way. Two approaches offer throughput. An MPRA tests thousands of credible-set
variants for allele-dependent regulatory activity in a single experiment, allowing
direct experimental evaluation of causal variants in loci where supporting evidence
is currently lacking'*. A base editor screen installs the coding alleles themselves
rather than disrupting the gene entirely, allowing systematic evaluation of a broad
spectrum of coding alleles across the entire protein**’. The rare FCGRT variant
p-Lys132Asn is a natural test case: it is predicted to sit at the interface with p2-
microglobulin and to lower IgG, and installing it alongside related alleles across the
receptor would test that prediction against a measured phenotype in a single exper-
iment.

6.4 Further dissection of regulatory organization

Paper III describes properties that belong to loci and to the system rather than to
individual variants: the buffering of IgG subclasses at IGH, the allelic series at
TNFRSF13B and TNFSF13, and the convergence of process-defining genes on the
trait that matches their process. These are descriptions of regulatory organization,
and none of them yet has a mechanism. Establishing what such organization consists
of molecularly is a distinct line of work from resolving individual loci, and the com-
pensation observed at IGH is the clearest instance available here.

The molecular basis of the compensation observed at IGH remains open, and it is a
considerably harder experimental problem than the loci above. Testing it requires a
system in which class-switch recombination can be manipulated and the resulting
subclass distribution measured, and no such system exists for human B cells.

69



Primary human B cells are difficult to maintain and to switch efficiently in culture,
and the CRISPR screens that have dissected class switching to date were carried out
in the mouse CH12 line*** **°, which switches to a single isotype and cannot report
redistribution among the four human IgG subclasses. Resolving the mechanism is
therefore better suited to laboratories with established expertise in primary human
B-cell culture and in the biology of the heavy-chain locus than to the genetic ap-
proach taken here. The general requirement for such functional work is a human B-
cell system in which the process that generates a trait can be perturbed, and the trait
itself measured as the readout. No such system exists for human class switching,
and the same gap applies to many of the other processes described here. Building
them is the step that would convert the systems-level observations of this thesis from
descriptions into testable mechanisms.

6.5 Clinical follow-up

A quantitative trait association supplies something that a target identified in a model
system does not: the direction of effect of altering the gene in humans, measured in
the tissue where the gene acts. Developing the identified genes and variants into
potential targets for therapy or diagnosis is the natural translational follow-up from
all three papers.

Three lines of clinical work follow from the targets set out in the previous sections.
A program to identify inhibitors of PPM1H is underway in collaboration with the
Chemical Biology Consortium Sweden. The variants influencing blood CD34" cell
levels are being tested by colleagues in our lab against response to mobilizing agents
in patients undergoing stem-cell collection, as a small pre-specified set rather than
a new genome-wide study**’. The rare Fc receptor variants are suited to the same
kind of directed follow-up in modestly sized cohorts, FCGR2B p.Pro47Ser in auto-
immune disease and FCGRT p.Lys132Asn in patients receiving IgG-based thera-
pies.

6.6 Closing remarks

The work presented here began with a simple premise, that measurements already
made in large numbers of people contain information about how the underlying bi-
ology is built, and that this information can be extracted if the associations are fol-
lowed carefully enough. The three papers show what that yields at two different
scales, from a single regulatory element in the stem-cell compartment to the genetic
architecture of the antibody response. Much of what has been identified remains to
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be characterized, and the loci and genes described here are best regarded as a starting
point for the functional work that follows.
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HEMATOPOIESIS AND STEM CELLS

Genome-wide association study on 13 167 individuals
identifies regulators of blood CD34 " cell levels
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Stem cell transplantation is a cornerstone in the treatment of blood malignancies. The most

©® We report a large-scale
genome-wide
association study on
blood CD34" cell levels,
identifying 9 significant
and 2 suggestive
variants.

©® The most significant
associations map to
CXCR4 and PPM1H,
the latter a potential
inhibition target for
stem cell mobilization.

common method to harvest stem cells for transplantation is by leukapheresis, requiring
mobilization of CD34™ hematopoietic stem and progenitor cells (HSPCs) from the bone
marrow into the blood. Identifying the genetic factors that control blood CD34™ cell levels
could reveal new drug targets for HSPC mobilization. Here we report the first large-scale,
genome-wide association study on blood CD34" cell levels. Across 13167 individuals,
we identify 9 significant and 2 suggestive associations, accounted for by 8 loci (PPM1H,
CXCR4, ENO1-RERE, ITGA9, ARHGAP45, CEBPA, TERT, and MYC). Notably, 4 of the
identified associations map to CXCR4, showing that bona fide regulators of blood CD34™ cell
levels can be identified through genetic variation. Further, the most significant association
maps to PPM1H, encoding a serine/threonine phosphatase never previously implicated in
HSPC biology. PPM1H is expressed in HSPCs, and the allele that confers higher blood CD34*
cell levels downregulates PPM1H. Through functional fine-mapping, we find that this
downregulation is caused by the variant rs772557-A, which abrogates an MYB transcription

factor-binding site in PPM1H intron 1 that is active in specific HSPC subpopulations, including hematopoietic stem cells,
and interacts with the promoter by chromatin looping. Furthermore, PPM1H knockdown increases the proportion of
CD34* and CD34%90" cells in cord blood assays. Our results provide the first large-scale analysis of the genetic
architecture of blood CD34" cell levels and warrant further investigation of PPM1H as a potential inhibition target for

stem cell mobilization.

Introduction

Human hematopoiesis is defined by the outgrowth of mature
blood cells through successive proliferation and differentiation
of hematopoietic stem and progenitor cells (HSPCs)." In blood,
HSPCs constitute a tiny (~0.1%) subset of mononuclear white
blood cells. Circulating HSPCs express the surface protein
CD34, allowing quantification by flow cytometry.? Epidemiologic
studies®* indicate that blood CD34™ cell levels are partly genet-
ically determined. However, the underlying DNA sequence var-
iants and genes remain unknown, and no genome-wide
significant associations have been reported.

To identify DNA sequence variants that influence blood CD34"
cell levels, we conducted a genome-wide association study
(GWAS). We identified 9 significant and 2 suggestive association
signals, including 4 independent associations with CXCR4 and
an association with PPM1H. Notably, PPM1H encodes a serine/

threonine phosphatase previously not implicated in HSPC biol-
ogy. Relative to other blood cell types, PPM1H is preferentially
expressed in HSPCs. The allele that confers higher blood
CD34" cell levels downregulates PPM1H in CD34™" cells due to
loss of an MYB transcription factor-binding site. Our results pro-
vide new insight into the regulation of blood CD34™ cell levels
and warrant further studies of PPM1H as a potential inhibition
target to facilitate stem cell mobilization.

Methods

The methods and materials are described in detail in the supple-
mental Methods (available on the Blood Web site).

Sample collection

We collected 16 931 peripheral blood samples from blood donors
(n = 7773) and primary care patients (n = 9158) in 3 phases:
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November 2015 to April 2016 (Phase I); January 2017 to Novem-
ber 2017 (Phase l); and August 2018 to April 2019 (Phase IIl)
(Lund University Ethical Review Board; dnr 2018/2) (supplemental
Table 1; supplemental Figure 1). Information about sex was avail-
able for all participants and age for 8251 participants. After quality
control, 13167 unique individuals remained.

Flow cytometry phenotyping

After red blood cell lysis, white blood cells were washed twice,
stained with antibody cocktail containing anti-CD45-APC-H7
and either anti-CD34-PerCP-Cy5.5 or anti-CD34-PE-CF594 (sup-
plemental Table 2), and analyzed by using a BD FACS Canto Il
(Phase ), BD LSR Fortessa (Phase ll), or Bio-Rad ZE5 (Phase IlI)
(supplemental Table 3). Samples were processed within 36
hours of blood draw.

Gating of flow cytometry data for

association study

To quantify blood CD34" cell levels, we gated singlet peripheral
blood mononuclear cells (PBMCs) based on forward scatter
area, forward scatter height, and side scatter area, and then
CD34%45"" cells and CD45" cells within PBMCs. The CD34*
level was defined as the number of CD34*45'¥ cells divided by
the number of CD45% PBMCs (supplemental Figure 2).

To facilitate analysis of the large volume of flow cytometry data,
we developed pattern recognition software (AliGater; https://
github.com/LudvigEk/AliGater; gating strategies at https://
github.com/LudvigEk/HSPC-regulators-in-human-blood) (supple-
mental Methods; supplemental Figure 3). Phase | and Il samples
were gated by using AliGater; Phase Ill samples were gated
manually by using FlowJo (FlowJo LLC). Minor differences in
CD34" levels were observed between phases (median, 9.11 X
107* CD34" per CD45"PBMCs in Phase I; 9.66 X 107* in
Phase Il and 1.0 X 1072 in Phase Ill; Kruskal-Wallis test, P
4.0 X 107%) (supplemental Table 3), likely because of the use of
different flow cytometers and antibody panels.

Genotyping and association analysis

Samples were genotyped by using lllumina OmniExpress-24
and Global Screening single-nucleotide polymorphism (SNP)
microarrays. For imputation, we used pre-existing whole-
genome sequence data for 17408 individuals of European ori-
gin, including 3704 Swedish individuals. Using ancestry analysis,
the association data were partitioned into a discovery set of
10949 individuals of Swedish ancestry and a follow-up set of
2218 individuals of non-Swedish European ancestry. Association
testing was performed by using linear regression in the discov-
ery and follow-up sets separately; the results were combined
through meta-analysis using a fixed effects inverse variance
method.®> To adjust for multiple testing, class-based Bonferroni
significance thresholds were used.® To identify underlying inde-
pendent signals, we used step-wise conditional analysis. To
define the 99% credible set of plausible causal variants for each
association signal, we used a Bayesian refinement approach.’

Chromatin accessibility data

To identify candidate causal regulatory variants, we used Assay
for Transposase-Accessible Chromatin using sequencing (ATAC-
seq) data for sorted blood cell types.®? To screen for genomic
regions that drive candidate gene expression, these data were

1660 & blood” 17 MARCH 2022 | VOLUME 139, NUMBER 11

integrated with messenger RNA-sequencing (RNA-seq) data for
the same cell types, by testing for correlation across blood cell
types between gene expression and ATAC-seq signal intensity
(averaged across a 100-bp sliding window positioned at every
50 bp). To map chromatin accessibility in MOLM13 cells, ATAC-
seq was performed on 50000 cells' (raw sequencing data in
Sequence Read Archive, accession number PRINA761267). To
test for allele-dependent accessibility at rs772557, we used pub-
licly available ENCODE DNase-sequencing data for primary
adult CD34™ cells from a single heterozygous individual."

Heritability estimation

Total narrow-sense heritability was estimated with the linkage
disequilibrium score regression (LDSC) software.''® To estimate
cell type-specific partitioned heritability based on chromatin
accessibility, we used LD scores based on ATAC-seq data for
sorted blood cell types available for LDSC.'? This was extended
with LD scores for myeloid and plasmacytoid dendritic cells
computed by using LDSC from published ATAC-seq data®
(National Center for Biotechnology Information Gene Expression
Omnibus accession number GSE119453).

Promoter capture Hi-C data analysis

To identify variants that interact with gene promoters, we used
published promoter capture Hi-C (PCHi-C) data for CD34™ cells
(ArrayExpress accession number E-MTAB-2323)."*

Chromatin immunoprecipitation-sequencing data

To test allele-specific binding of MYB to rs772557, we used
MYB chromatin immunoprecipitation with massively parallel
DNA sequencing data’® and whole-genome sequencing data'®
for Jurkat cells (Sequence Read Archive accession numbers
SRR1603653 and SRR5349449).

Expression quantitative trait locus analysis in
blood CD34™ cells

We purified CD34™ cells from 155 blood donors using immuno-
magnetic bead enrichment followed by fluorescence-activated
cell sorting within 8 hours of blood draw (14 000 to 358 000 cells
per sample; average, 122000). After RNA extraction and com-
plementary DNA synthesis, samples were sequenced on an lllu-
mina NovaSeq 6000 sequencer. To test for associations between
variants and gene expression, we used linear modeling with the
variant genotype as independent variable and 10 expression
principal component covariates. For CXCR4, the 3 common var-
iants were included as independent variables in the same model.
P values were calculated by using Student t test for the indepen-
dent variables. The sequencing data and counts of Fragments
Per Kilobase of transcript per Million mapped reads are available
from the European Genome Archive repository (accession num-
bers EGAS00001005655 and EGAD00001008194).

Gene expression data and analysis

To map candidate gene expression, we used single-cell RNA-
seq data for 35582 mononuclear cells from blood and bone
marrow,"” and bulk RNA-seq data for sorted blood cell types.®
In addition, we used single-cell Cellular Indexing of Transcrip-
tomes and Epitopes by Sequencing data on 4905 CD34™ cells
from adult bone marrow.'® For dimension reduction, we used
Uniform Manifold Approximation and Projection'” and imputed
gene expression using MAGIC were used.?°
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Figure 1. GWAS. (A) A GWAS was performed on blood CD34" cell levels in 13167 individuals, including 10949 of Swedish ancestry and 2218 of non-Swedish
European ancestry. The CD34" level was defined as the number of CD34™" cells (red solid) divided by the number of CD45* mononuclear cells (red dashed) (supplemental
Figure 2). (B) In a combined analysis of the individuals of Swedish ancestry and the individuals of non-Swedish European ancestry, 9 significant and 2 suggestive (asterisks)
associations (having P values within one order of magnitude from Bonferroni thresholds) were identified (supplemental Tables 5-8). The listed variants are the most
significant (lead) variants for each association. Red bars indicate P values for association with blood CD34™ cell levels for the lead variants in the combined analysis. Blue
bars indicate proportion of variance explained. Gene names indicate the likely candidate genes of each association. Genes were prioritized as candidate genes if they:
(1) had a coding variant within the 99% credible set of probable causal variants (supplemental Table 9); (2) had a cis-eQTL in CD34™ cells (supplemental Table 10); or (3) the
credible set contained a regulatory variant that maps either to the promoter or to a region with a chromatin looping interaction with the promoter in CD34™" cells. If none of
these criteria were fulfilled, the closest gene was prioritized. The criterion used to call each gene a candidate gene is indicated by gray squares in the matrix. MAF, minor

allele frequency.

CRISPR/Cas9 perturbation of variant regions

We used dual-single guide RNA (sgRNA) CRISPR/Cas9 to delete
the regions harboring the 4 candidate causal variants at CXCR4,
and an allele-specific single-sgRNA CRISPR/Cas9 approach to
perturb rs772557 at PPM1H (supplemental Table 4). sgRNAs
were cloned into the pSpCas9(BB)-2A-GFP PX458 vector and
transfected into MOLM13 cells (CXCR4 variants) or K562 cells
(PPM1H rs772557 variant). At 24 hours posttransfection, green
fluorescent protein—positive cells were isolated by fluorescence-
activated cell sorting. Deletion in MOLM13 cells was verified by
polymerase chain reaction and electrophoresis in a 1% agarose
gel. Deletion efficiency was estimated as the intensity of the
deletion band divided by the sum of the intensity of the deletion
band and the intensity of the wild-type band. For allele-specific
CRISPR/Cas? toward rs772557 in K562 cells, perturbation was
verified by using Sanger sequencing and the Tracking of Indels
by Decomposition (TIDE, https://tide.nki.nl/). As control, we
used sgRNAs targeting a random noncoding region on a
different chromosome. CXCR4 and PPM1TH expression after
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CRISPR/Cas9 perturbation was quantified by using quantitative
polymerase chain reaction.

Luciferase experiments

For the PPM1H variants, 200-bp sequences representing the ref-
erence and alternative allele of rs772555, rs772556, rs772557,
and rs772559 in their genomic contexts were synthesized as
gBlocks and cloned into the pGL3-Basic plasmid using Kpnl and
Bglll restriction sites.

Sequences were centered on the variant, and the 2 constructs dif-
fered only for the variant. Renilla luciferase constructs were
cotransfected with firefly construct into K562 cells. At 24 hours
postelectroporation, luciferase and Renilla activities were mea-
sured. Based on the readings, log, scores were calculated for
each variant reflecting the luciferase activity of the alternative
allele relative to the reference allele. For coelectroporation experi-
ments with MYB small interfering RNA (siRNA), luciferase plasmids
were cotransfected with Qiagen FlexiTube siRNA solution
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Figure 2. Effects on gene expression in HSPCs. (A) LD score regression shows enrichments of heritability in regions with accessible chromatin in HSPC subpopulations
(red nuance indicates —logyo P value). (B) cis-eQTLs at PPM1H, ENOT, RERE, and ITGA? identified RNA-seq data for CD34™ cells from 155 blood donors (supplemental
Table 10). Data are residual fragments per kilobase of transcript per million mapped reads (FPKM) values after correction for 10 expression principal components. Wedges
indicate directions of effects on blood CD34" cell levels for the same variant. (C) Candidate gene expression in single-cell messenger RNA-seq data from 35582 blood and
bone marrow mononuclear cells'” (supplemental Figures 9 and 10). ARHGAP45 was not represented in this data set. (D-E) Average expression of candidate genes across
different cell clusters in single-cell Cellular Indexing of Transcriptomes and Epitopes by Sequencing data for 4905 lineage-negative CD34" cells from adult bone marrow.'®
In panel D, the 4905 cells have been clustered according to RNA-seq pattern (supplemental Figure 11). In panel E, the cells were instead clustered by gating using the
sequence counts for the tags derived from antibodies to the CD38, CD45RA, CD90, CD123, and CD10 cell surface markers, as indicated at the upper edge of the heatmap
(supplemental Figure 12). B, B cells; Baso, basophil; CD4, CD4™" T cells; CD8, CD8" T cells; CLP, common lymphoid progenitors; Cyc, cycling cells; DC, dendritic cells; ERY,
erythroid progenitors; GMP, granulocyte-monocyte progenitors; LMPP, lymphoid-primed multipotent progenitors; Mono, monocyte; PC, plasma cells; PreB, pre-B cells;

Neut, neutrophil; NK, natural killer cells.

targeting MYB or Qiagen Negative Control siRNA. Lysates for
luciferase activity measurement and Western blot were collected
simultaneously, 24 hours after electroporation. Knockdown was
confirmed by western blot using a recombinant c-Myb antibody.

Motif analysis

For motif analysis, we used PERFECTOS-APE (http://opera.
autosome.ru/perfectosape) with the HOCOMOCO-10, JASPAR,
HT-SELEX, SwissRegulon, and HOMER motif databases.

shRNA-knockdown in umbilical cord blood cells

Umbilical cord blood samples were obtained from newborns at
Skane University Hospital (Lund and Malmd, Sweden) and Hel-
singborg Hospital (Helsingborg, Sweden), in compliance with
regulations set by the regional ethical committee and informed
consent. Mononuclear cells were isolated by density gradient
centrifugation within 48 hours of sample collection and kept at
—80°C. Thawed cord blood-derived CD34" cells were sorted,
lentivirally transduced with PPM1H-targeting or nontargeting
(control) shRNA, and maintained in serum-free expansion
medium supplemented with stem cell factor, thrombopoietin,
and FMS-like tyrosine kinase 3 ligand. Using flow cytometry, the

1662 & blood” 17 MARCH 2022 | VOLUME 139, NUMBER 11

percentages and absolute counts (using CountBright beads;
Thermo Fisher Scientific) of CD34" and CD34790™ cells at days
7, 14, and 21 were measured. Cell enrichment was calculated
by dividing CD34" and CD34790" counts at each time point
by initial cell counts, and then normalizing the enrichment values
to the control shRNA-transduced cells at the same time point.
At each time point, 3 transduction replicates were recorded.
The experiment was repeated 3 times.

For statistical analysis, we compared normalized enrichment val-
ues at days 7, 14, and 21 for shRNA-transduced cells vs nontar-
geting shRNA control. To ensure a conservative analysis, we first
averaged the transduction replicates for each experiment, then
calculated P values using permutation testing with day 7, 14,
and 21 data for the same experiment being permuted within
each day stratum (100000 permutations).

Results

Genome-wide association study
Blood CD34" cell levels were analyzed in 13167 blood
donors and primary care patients from southern Sweden
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Figure 3. Associations with CXCR4. (A) Four independent associations were detected at 2g22. Credible sets (supplemental Table 9) indicated in red (lead variant
rs309137), green (rs11688530), cyan (rs555647251), and blue (rs10193623). Using ATAC-seq and PCHi-C data, a single plausible causal variant was identified within each
set. rs59222832 ("V2"; in credible set of rs11688530) and rs770321415 (“V3"; in credible set of rs555647251) map to the CXCR4 promoter region, 4.7 and 1.3 kb
upstream of the transcription start site, respectively. In the other 2 credible sets, the lead variants rs309137 (“V1") and rs10193623 (“V4") were identified as likely causal
based on looping interactions with the promoter (red and blue arches; y-axis indicates PCHi-C P-score). (B) Chromatin accessibility at putative causal variants in 18
blood cell types (y-axis indicates ATAC-seq signal): HSCs, MPPs, lymphoid-primed multipotent progenitors (LMPP), common lymphoid progenitors (CLP), common
myeloid progenitors (CMP), granulocyte-monocyte progenitors (GMPs), MEPs, monocyte (MONO), megakaryocyte (MEGA), CD4" T cells (CD4 TCELL), CD8" T-cells
(CD8 TCELL), B cells (BCELL), natural killer cells (NK), myeloid and plasmacytoid dendritic cells (nDC and pDC, respectively), and plasma cells (PC). (C) Conditional
CXCR4 cis-eQTLs for the 3 common variants in our CD34" cell RNA-seq data (n = 155). Wedges indicate directions of effects on blood CD34" cell levels. Data are
residual Fragments Per Kilobase of transcript per Million mapped reads (FPKM) values after correction for the 2 covariate lead variants and 10 principal components.
P values for multivariable regression, one-sided in the direction opposite the effect on blood CD34" cell levels of the illustrated variant. (D) CXCR4 expression in
MOLM13 cells subjected to CRISPR/Cas? editing with empty vector (Vec), a nontargeting sgRNA pair (Ctrl), or sgRNA pairs designed to delete 587 to 1421 bp regions
harboring the 4 putative causal variants (3-4 biological replicates per condition) (supplemental Table 4; supplemental Figure 14). a.u., arbitrary units; mRNA, messenger
RNA; n.s., not significant; **P < .01.

(aged 18-71 years) (Figure 1A; supplemental Table 1; supple- Figure 4). Higher blood CD34" cell levels were observed
mental Figure 1). In each sample, we analyzed up to 1 million in male subjects than in female subjects (supplemental
white blood cells and defined the CD34™ cell level as the Figure 5), but no association with age was noted.

number of CD34™ cells divided by the number of CD45"

mononuclear cells (supplemental Tables 2 and 3; supple- The participants were genotyped for 18 million variants by using
mental Figures 2 and 3). To assess reproducibility, 660 indi- SNP microarrays and imputation. For association analysis, the
viduals were sampled twice, with 3 to 36 months between data were partitioned into a discovery set of 10949 individuals
samplings; significant correlation was found between repli- of Swedish ancestry and a follow-up set of 2218 individuals of
cates (Spearman P = 1.3 X 10784 2 = 0.44) (supplemental other European ancestry (supplemental Table 1; supplemental
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Figure 4. Association with PPM1H. (A) Top: close-up of the 12q14 signal. Middle: chromatin looping interactions in CD34™ cells with standard and internal promoter
(red arches; y-axis indicates PCHi-C P-score). Bottom: positive correlation between PPMTH expression across sorted blood cell populations and ATAC-seq signal*®
(100 bp sliding window) in an ~500-bp-long chromosomal segment in intron 1 (red peak)* (y-axis indicates false discovery rate for Pearson correlation). (B) Four credible set
variants (supplemental Table 9) map to the identified segment, which is accessible in HSCs, MPPs, CMPs, and MEPs (y-axis indicates ATAC-seq signal). (C) Luciferase
activities of the 4 candidate causal variants in K562 cells (3 biological replicates). P values for one-sided Student t test in the cis-eQTL direction. Data normalized to empty
vector control (Ctrl). (D) MYB motif logo; rs772557[A>G] alters a critical recognition base. (E) Chromatin immunoprecipitation with massively parallel DNA sequencing for
MYB in Jurkat cells (rs772557-heterozygous) showing exclusive pull-down of rs772557-G reads. (F) siRNA knockdown of MYB in K562 cells attenuates rs772557-G luciferase
activity (3-4 biological replicates). P value is for one-sided Student t test. (G) CRISPR/Cas? disruption of rs772557 (supplemental Figure 16) in K562 cells (5 biological targeting
replicates; 7 biological control replicates). P values are for one-sided Student t test. (H) Coexpression of PPM1H and MYB across blood cell types. Data are bulked single-cell
messenger RNA-seq data from 35582 blood and bone marrow mononuclear cells.”” (I-J) CD34" cell RNA-seq data revealed stronger correlation between MYB and PPM1H
expression in rs772557-G homozygotes (n = 27) than in rs772557-A homozygotes (n = 37). Data are log,-transformed fragments per kilobase of transcript per million mapped
reads (FPKM) values, median-centered per genotype group. P and rvalues are for Pearson correlation. a.u., arbitrary units; B, B cells; Baso, basophil; CD4, CD4" T cells; CD8, CD8*
T cells; CLP, common lymphoid progenitors; Cyc, cycling cells; DC, dendritic cells; ERY, erythroid progenitors; GMP, granulocyte-monocyte progenitors; LMPP, lymphoid-primed
multipotent progenitors; mDC, myeloid dendritic cells; Mono, monocyte; n.s., not significant; PC, plasma cells; pDC, plasmacytoid dendritic cells; PreB, pre-B cells; Neut, neutrophil;
NK, natural killer cells.
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Figures 6 and 7). To correct for multiple testing, variants were
partitioned into 5 classes based on genomic annotations, and
weighted Bonferroni adjustment was applied, taking into
account the predicted functional impact of variants within each
class (supplemental Methods).®

In a combined analysis of the 2 data sets, 6 association signals
reached significance, and 2 were suggestive (within one order of
magnitude from Bonferroni thresholds). Conditional analysis
uncovered an additional 3 independent signals at the 2q22
locus, increasing the number of significant signals to 9 (Figure
1B), whereas no additional signals were detected at the other
loci after accounting for their respective lead variants. No het-
erogeneity was detected in effect estimates between the discov-
ery and follow-up data sets (Bonferroni-adjusted Cochran’s Q
Phet = not significant for all lead variants) (supplemental Table
5), nor between the different sample collection phases (Bonfer-
roni-adjusted Phe; = not significant for all lead variants) (supple-
mental Table 6); only the rare variant rs555647251 displayed
significant heterogeneity between blood donors and primary
care patients (Bonferroni-adjusted Pne; = 0.046) (supplemental
Table 7). The identified lead variants were polymorphic in all
geographic ancestry super-populations in the 1000 Genomes
Phase llI com|oenc|ium.21 The exception was rs555647251, which
was only polymorphic in the European (EUR) and American
(AMR) super-populations (supplemental Table 8). The proportion
of variance explained by the lead variants of the 9 significant sig-
nals was 4.6% in the combined data set. Using LD score regres-
sion,'? the total SNP heritability was estimated at 12.7%. We
detected enrichments of heritability in chromatin regions acces-
sible in HSPCs®? (Figure 2A), indicating that we preferentially
identify variants that act by altering gene regulation intrinsically
in these cell types.

Identification of candidate genes

To identify candidate genes based on HSPC-intrinsic effects, we
generated expression quantitative trait locus (eQTL) data for
sorted CD34" cells from 155 blood donors using RNA-seq. In
addition, we retrieved promoter capture Hi-C (PCHi-C) data'*
for CD34" cells, and ATAC-seq data for sorted blood cells,
including 7 HSPC populations.®

We defined the 99% credible sets of probable causal variants
(supplemental Table 9) and prioritized genes as candidate genes
if they: (1) had a non-synonymous coding variant within the cred-
ible set; (2) had a cis-eQTL in CD34" cells (Figure 2B; supple-
mental Table 10); or (3) the credible set contained a regulatory
variant in the promoter region, or in a region with a chromatin
looping interaction with the promoter in CD34" cells™ (supple-
mental Figure 8). As regulatory variants, variants in regions with
accessible chromatin in HSPCs were considered.® Strikingly, the
identified candidate genes include both known HSPC-relevant
genes (CXCR4 and CEBPA) and genes never previously impli-
cated in HSPC biology (PPM1H, ENO1, RERE, and ARHGAP45)
or only minimally studied in this area (ITGA9)?? (Figure 1B).

Genetic overlap with human diseases and traits

To investigate further the impact of the identified variants, we
questioned if these variants associate with other traits and dis-
eases. Hence, we searched for coincident associations among
variants in LD (? > 0.8) with the lead variants in the UK Biobank
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and the GWAS Catalog.>*?’ We detected coincident associa-
tions with variants known to associate with mature blood cell
traits (6 of the significant variants, at 2q22/CXCR4, 12q14/
PPM1H, 1p36/ENO1-RERE, 19p13/ARHGAP45, 19q13/CEBPA),
and hematologic malignancies and autoimmune disorders (var-
iants at 2p22/CXCR4 and 19p13/CEBPA) (supplemental Tables
11 and 12). Of note, 2 of the significant candidate genes under-
lie autosomal-dominant disorders defined by aberrant HSPC
regulation: WHIM (warts, hypogammaglobulinemia, immunode-
ficiency and myelokathexis) syndrome (CXCR4)??? and familial
acute myeloid leukemia (CEBPA).3° Furthermore, somatic
mutations in CXCR4 and CEBPA have been reported in blood
malignancies.®'33

Gene expression in human hematopoiesis

We next explored the expression of the candidate genes across
hematopoietic cell types. We observed enrichments of expres-
sion in HSPC vs non-HSPC populations, both in single-cell RNA-
seq data for 35582 mononuclear blood and bone marrow
cells' (one-sided Wilcoxon rank sum test, P = 2.1 X 107'9)
(Figure 2C; supplemental Figure 9) and in bulk RNA-seq data®
(one-sided Wilcoxon rank-sum test, P = 7.1 X 107°) (supple-
mental Figure 10).

To map expression within the CD34" compartment, we used
single-cell Cellular Indexing of Transcriptomes and Epitopes by
Sequencing data for 4905 lineage-negative CD34" bone mar-
row cells."® This revealed distinct expression biases for the differ-
ent candidate genes (Figure 2D-E; supplemental Figures 11 and
12; supplemental Table 13), including greater than fourfold
enrichments in hematopoietic stem cells (HSCs), multi-potential
progenitors  (MPPs), megakaryocyte-erythrocyte  progenitors
(MEPs), and mast cell/basophil progenitors (MBs) for PPM1H
(5.86- to 14.1-fold enrichment; one-sided Wilcoxon rank sum
test, P = 2.01 X 10"* t0 1.35 X 10™""); in HSC, MPP, and MEP
populations for ITGA? (4.74- to 11.1-fold; P = 1.98 X 1073 to
2.38 x 107'9; in MB, dendritic cell, and lymphoid (Ly) precur-
sors for CXCR4 (4.00- to 9.79-fold; P = 1.56 x 107 "® to 6.17 X
107%"); in Ly populations for RERE (4.28-fold; P = 6.40 X 1077);
and in MPP, MB, dendritic cell, Ly, and granulocyte-monocyte
progenitor populations for CEBPA (4.38- to 24.3-fold; P =
2.55 x 1073 t0 2.32 X 107%9). In addition, we observed greater
than twofold enrichment of expression in MPPs for ENO1 (2.18-
to 2.23-fold; P = 2.98 x 1077 to0 1.25 x 107 '°") and in Ly for
ARHGAP45 (2.28- to 2.99-fold; P = 4.96 X 107° to 1.16 X
10~°) (supplemental Table 13). These data further support that
the identified candidate genes are relevant to HSPCs.

Associations with CXCR4

Four signals map to CXCR4 (C-X-C chemokine receptor type 4)
at 2g22. This receptor binds stromal-derived factor-1 (SDF-1;
also known as CXCL12). Internalization of CXCR4 is required for
HSPC egression from the bone marrow.>® In the WHIM syn-
drome, gain-of-function mutations in the C-terminal region pre-
vent internalization after stimulation, leading to retention of
HSPCs and other white blood cells in the bone marrow.®
CXCR4 inhibitors are one of the current methods for mobilizing
CD34" cells for leukapheresis.*® The fact that we identify associ-
ation with CXCR4 provides proof-of-principle for our idea that
regulators of blood CD34™ cell levels can be exposed in vivo in
humans through genetic variation.
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The CXCR4 signals represent 3 common and 1 rare variant
(Figure 1B). Within each of their credible sets (supplemental
Table 9), we identified a single regulatory variant that either
maps to, or has a looping interaction with, the CXCR4 promoter,
making them plausible causal variants (Figure 3A; supplemental
Figure 8A). In the sets of rs11688530 and rs555647251,
rs59222832 and rs770321415 were identified as regulatory pro-
moter variants. In the other 2 sets, the lead variants rs309137
and rs10193623 were identified as likely causal based on loop-
ing interactions.

Because CXCR4 is a known negative regulator of HPSC regres-
sion, we looked for effects of the identified variants on CXCR4
expression in CD34™ cells in the direction opposite their effects
on blood CD34" cell levels. Indeed, multivariable analysis of our
CD34" cell RNA-seq data for blood donors unveiled conditional
CXCR4 cis-eQTLs for the 3 common variants (one-sided linear
regression, P = 5.4 X 10 3t0 1.8 X 1079 (Figure 3B), although
the rare variant rs555647251 was not polymorphic in this data
set. Furthermore, using CRISPR/Cas9, we deleted the 4 putative
causal variants in MOLM13 acute myeloid leukemia cells (sup-
plemental Table 4; supplemental Figures 13 and 14), yielding
CXCR4 downregulation (Figure 3C). These data suggest that the
222 associations are caused by genetic variation in genomic
regions required for CXCR4 expression in HSPCs.

Association with PPM1H

Our most significant association maps to PPM1H (protein phos-
phatase, Mng’/Mner dependent 1H), encoding an evolution-
arily conserved serine/threonine phosphatase.’’® The few
studies that have been performed suggest that PPM1H could be
involved in cell signaling,**' trastuzumab resistance,*? lupus,*
and colon cancer.** Notably, our cis-eQTL analysis revealed an
anticorrelation between PPM1H expression and CD34™ cell lev-
els (Figure 2B).

The PPM1H credible set contains 32 variants in intron 1 (Figure
4A; supplemental Table 9). The associated region has looping
interactions, both with the standard promoter and an internal
promoter (Figure 4A; supplemental Figure 8B). By integrating
ATAC- and RNA-seq data for sorted blood cell types,* a posi-
tive correlation was found between PPM1H expression and
chromatin accessibility in an ~500-bp-long segment within the
associated region (one-sided Pearson correlation, P = 4.2 X
1077, false discovery rate = 2.5 X 10°) (Figure 4A). Consistent
with the gene expression data analysis (Figure 2C-E), this seg-
ment is accessible in HSCs, MPPs, MEPs, and common myeloid
progenitors (CMPs) (Figure 4B).

The identified segment overlaps 4 credible set variants (rs772555,
rs772556, rs772557, and rs772559). For functional fine-mapping,
we conducted luciferase experiments with constructs represent-
ing their reference and alternative alleles in K562 erythroleukemia
cells. Significantly higher luciferase activity was observed with the
rs772557-G construct than with the rs772557-A construct (one-
sided Student t test, P = 9.8 X 1079 (Figure 4C), consistent
with the cis-eQTL direction (rs772557[A>G] is in LD with
rs669585[T>GJ; # = 0.98). We also found higher accessibility at
rs772557-G than at rs772557-A in DNase-sequencing data*
for heterozygous adult CD34™" cells (125 vs 47 reads; binomial
test, P= 2.0 X 1078).

1666 & blood” 17 MARCH 2022 | VOLUME 139, NUMBER 11

Motif analysis predicted that the rs772557-G allele contains an
MYB transcription factor-binding site that is abrogated by the
rs772557-A allele (Figure 4D; supplemental Table 14). Consistent
with this finding, chromatin immunoprecipitation sequencing for
MYB in Jurkat cells (heterozygous for rs772557) showed exclu-
sive pull-down of rs772557-G (Figure 4E; supplemental Figure
15). In addition, luciferase experiments with cotransfected MYB
siRNA showed selective attenuation of signal from rs772557-G
construct but had no impact on signal from rs772557-A
construct (one-sided Student t test, P = 2.7 X 10™% for MYB
siRNA-treated cells vs controls) (Figure 4F).

For further functional validation, we perturbed rs772557 by
CRISPR/Cas? in K562 cells, which are triploid-heterozygous for
rs772557, having 2 copies of the rs772557-G allele and 1 copy of
the rs772557-A allele. Serendipitously, we identified sgRNA
sequences that overlap rs772557 and enable allele-specific dis-
ruption by cutting DNA only 1 bp upstream of rs772557 (supple-
mental Figure 16; supplemental Table 4). We observed PPMTH
downregulation with rs772557-G sgRNA (one-sided Student t
test, P = 2.3 X 1072 for rs772577-G-sgRNA-treated vs sgRNA-
control-treated cells; P = 7.1 X 1073 for rs772557-G-sgRNA-
treated vs rs772557-A-sgRNA-treated cells) (Figure 4G). In addi-
tion, MYB and PPM1H are coexpressed across blood cell types
(Figure 4H), and, in our CD34" cell RNA-seq data for blood
donors, stronger positive correlation was observed between MYB
and PPMTH expression among 27 rs772557-G homozygotes
(Pearson correlation r = 0.74; P = 1.2 X 107 (Figure 4l) than
among 37 rs772557-A homozygotes (Pearson correlation r =
051; P=1.1x1079) (Figure 4J), with a borderline-significant dif-
ference between the 2 correlation coefficients (one-sided Fisher Z
test, P = .08). Consistent with an additive allele dose effect, an
intermediate correlation was observed among 85 rs772557-A/G
heterozygotes (Pearson correlation r = 0.56; P = 2.3 X 1079).
Finally, shRNA-knockdown of PPM1H in primary CD34" umbilical
cord blood cells resulted in higher proportions of CD34" and
CD34790" cells relative to control (supplemental Figures 17 and
18). These data identify rs772557 as a causal variant and further
support a functional anticorrelation between PPMTH expression
and blood CD34* cell levels.

Additional associations

Among the remaining significant associations, 1p36/ENO1T-
RERE and 3p22/ITGA9 exhibit cis-eQTLs in CD34" cells (Figure
2B). ENOT encodes the glycolytic enzyme a-enolase 1; a shorter
isoform binds the MYC promoter as a tumor suppressor.”’ RERE
encodes a transcription factor that binds the retinoic acid recep-
tor.*® The credible set contains a candidate causal regulatory
variant between ENOT1 and RERE that interacts with both pro-
moters (supplemental Figure 8C; supplemental Table 9). ITGA?
encodes integrin a-9, which is expressed in HSPCs,*” but its role
remains unclear. The identified association maps to [TGA9
introns 3 and 4, with four regulatory variants in intron 3 looping
to the promoter (supplemental Figure 8D; supplemental Table
9). Finally, the 19p13 signal tags a missense variant in
ARHGAP45, encoding minor histocompatibility protein HA-1, a
regulator of T- and B-cell migration.*® Interestingly, recent
mouse data suggest that Arhgap45 also regulates HSPC
engraftment in bone marrow.>'
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Among the suggestive associations, the 8qg24 signal maps to
CCDC26, but PCHi-C analysis revealed a long-distance looping
interaction with the MYC promoter, 1.86 Mb away (supplemen-
tal Figure 8H). Interestingly, the identified signal corresponds to
the Blood ENhancer Cluster (BENC), an evolutionarily conserved
“super-enhancer” required for Myc expression in mouse
HSPCs.>2 The BENC comprises 8 enhancer modules (denoted A
to H). Our signal spans module D. Deletion of this module in
mice affects Myc expression in HSCs and MPPs. Finally, the sec-
ond suggestive signal maps to TERT. Mutations in TERT cause
dyskeratosis congenita, in which impaired telomere maintenance
leads to problems with HSPC regeneration and increased risk of
myelodysplastic syndrome.>® Somatic mutations in TERT and
MYC have also been reported in blood malignancies.®

Discussion

We report the first large-scale GWAS on blood CD34™ cell lev-
els. We identify 9 significant association signals explaining
approximately one-third of the total estimated SNP heritability
(4.6% of 12.7%). This study represents the first successful GWAS
on a stem cell trait, and the results provide proof-of-principle for
the idea that HSPC regulators can be identified in vivo in
humans through genetic variation.

We identified associations with known regulators of blood CD34*
cell levels, as well as with 5 novel regulators (PPM1H, ENO1,
RERE, ITGA9, and ARHGAP45). Understanding the mechanisms
and molecular pathways that underlie these associations poses
intriguing challenges. The clinical efficacy of CXCR4 antagonists in
the context of stem cell mobilization, and our data (Figure 3), sug-
gest that the rate of egression of CD34™ cells is the key variable in
the case of the CXCR4 associations. At the same time, variation in
blood CD34" cell levels can reflect variation in several physiologi-
cal variables, including egression rate, time spent in the blood-
stream, and stem cell pool size. Potentially, the identified variants
and genes could affect either, or several, of these variables.

Today, the most common method to harvest stem cells for
transplantation is by leukapheresis, requiring mobilization of
HSPCs into the blood. Current mobilization regimens include
cyclophosphamide, granulocyte colony-stimulating factor, and
CXCR4 inhibitors. Intriguingly, for the most significant locus, we
discovered an anticorrelation between PPMTH expression and
CD34" levels, supported by cis-eQTL, functional fine-mapping,
and shRNA-knockdown data (Figures 2B and 4). This finding
suggests that PPMTH could be used as an inhibition target to
facilitate stem cell harvesting by leukapheresis, although further
studies are needed to understand the biology of PPMTH and
to identify pharmacologic inhibitors. Regarding potential side
effects of such inhibitors, PPM1H has not been associated with
any severe disease according to GWAS Catalog and UK Biobank
data.?’** Although the gene is conserved against loss-of-func-
tion variants relative to synonymous coding variants (observed/
expected score 0.18 vs 0.98 in the Genome Aggregation
Database, gnomADSS), the UK Biobank database contains 32
individuals with loss-of-function PPMTH variants (https://www.
ukbiobank.ac.uk and https://azphewas.com), all of whom were
aged >40 years at recruitment, with >10 years of follow-up.?®
Moreover, the effects of any inhibitor, when used in the context
of stem cell mobilization, will likely be short term. Other notable
findings include ENO1 as a regulatory enzyme with links to the

GENETIC ARCHITECTURE OF BLOOD CD34* CELL LEVELS

MYC pathway, RERE as a transcription factor with links to retinoic
acid signaling, and ITGA9 as a cell surface marker with a func-
tional role in the regulation of blood CD34™ cell levels. In all, we
report the first large-scale analysis of the genetic architecture of
blood CD34" cell levels, with potential implications for stem cell
harvesting and transplantation.
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Functional dissection of the gene
regulatory mechanism underlying
variation in blood CD34* cell levels
at 1p36.23/ENO1

Zain Ali?, Caterina Cafaro®?, Ludvig Ekdahl*2, Antton Lamarca?,
Aitzkoa Lopez de Lapuente Portillal? & Bjorn Nilsson®:2:34>

Understanding the genetic regulation of blood CD34* cell levels could lead to better methods for

stem cell mobilization and transplantation. Recently, in a genome-wide association study (GWAS),

we identified 11 genetic associations with blood CD34* cell levels. One of the most significant maps

to an intergenic region between the ENO1 and RERE genes at chromosome 1p36.23. However,

the underlying mechanism remains unknown. Here, using functional fine-mapping, we identify
rs10864368:C>T as a causal non-coding variant. Specifically, the rs10864368-T allele abrogates a
binding site for the GATA2 transcription factor, leading to downregulation of ENO1 and RERE and lower
CD34* cell levels. Our data link a specific GATA2 target to the regulation of CD34* cell levels, expanding
on the role of GATA2 in human hematopoieisis.

Keywords Hematopoietic stem and progenitor cells, Stem cell transplantation, Gata-2

Circulating CD34"* hematopoietic stem and progenitor cells (HPSCs) are routinely used for stem cell
transplantation’. These cells are harvested through leukapheresis of peripheral blood. Understanding the genetic
regulation of blood CD34" cell levels could expose new drug targets for stem cell mobilization and new insight
into stem cell biology in humans. As baseline levels of CD34" cells in peripheral blood are an important predictor
of stem cell mobilization, better genetic understanding of these cell populations could be clinically relevant?.

In a genome-wide association study encompassing 13,167 individuals from Sweden, we recently identified
11 independent genetic associations with blood CD34* cell levels®. One of the most significant associations
mapped to an intergenic region between the genes ENOI (Enolase-1) and RERE (Arginine-Glutamic Acid
Dipeptide Repeats) on chromosome 1p36.23 (lead variant rs2047094; minor allele frequency = 0.49, P = 1.3
x 10715, B = -0.102 with blood CD34" cell levels). ENOI catalyzes the conversion of 2-phosphoglycerate to
phosphoenolpyruvate, the penultimate step in glycolysis. RERE encodes a transcriptional coactivator for the
retinoic acid receptor®. Through expression quantitative locus (eQTL) analysis, we found that the rs2047094-A
allele (which confers higher blood CD34" cell levels) is associated with higher expression of ENOI and, to a
lesser extent, RERE in primary blood CD34" cells. Consistent with this, promoter capture Hi-C data for blood
CD34" cells® revealed chromatin looping interactions with the ENOI and RERE promoters. Our previous work
thus indicates that the genetic association at 1p36.23 with CD34* cell levels is driven by cell-autonomous changes
in ENOI and/or RERE expression in HSPCs. However, the 1p36.23 association is represented by 17 variants in
high linkage disequilibrium (LD) spanning a ~ 14 kB region (Fig. 1a) and the variant underlying the changes
in gene expression remains unknown. To address this, we conducted a functional fine-mapping study aimed at
pinpointing the causal variants and their mechanisms of action.

IDivision of Hematology and Transfusion Medicine, Department of Laboratory Medicine, BMC B13, Lund
University, Lund SE-221 84, Sweden. 2Lund Stem Cell Center, Lund University, Lund SE-221 84, Sweden. >Division
of Hematology, Helsingborg Hospital, Charlotte Yhléns gata 10, 251 87 Helsingborg, Sweden. “Broad Institute, 415
Main Street, Cambridge, MA 02142, USA. ““email: bjorn.nilsson@med.lu.se
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Methods
Cell culture

All assays were performed using K-562 erythroleukemia cells (DSMZ, #ACC 10) which are routinely used to
study HSPC function and are naturally heterozygous for rs10864368. K-562 cells were cultured in RPMI 1640
supplemented with 10% heat-inactivated FCS (Gibco) at 37 °C with 5% CO2 and maintained at a density of
0.5-1.0.5.0 million cells/mL.

ATAC-Seq and ChIP-Seq data analysis

Chromatin accessibility data for primary blood cell types was accessed using GEO (GSE74912)”. GATA2 and
SMADI ChIP-Seq data for primary HSPCs were accessed using GEO (GSE60793, GSE104574)°. Chromatin
accessibility and ChIP-Sequencing data for K-562 cells were accessed using ENCODE for allelic imbalance

Scientific Reports | (2026) 16:558 | https://doi.org/10.1038/s41598-025-30068-4 nature portfolio
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«Fig. 1. rs10864368 is the causal variant for the 1p36.23 association (a) Top: ATAC-Sequencing data’ from 5
different primary cell types and ChIP-Sequencing data® for GATA2 in primary HSPCs. HSC: Hematopoietic
stem cell, CMP: common myeloid progenitor, CLP: common lymphoid progenitor. Y-axis represents
normalized read depth averaged over 500 bp windows. Middle: Unlabelled black bars represent 17 high LD
variants corresponding to the 1p36.23 association. Dotted vertical lines show 2 variants directly intersecting
chromatin accessibility peaks in primary HSPCs. Bottom: Gene diagrams showing locations of ENOI and
RERE. (b) Luciferase reporter data comparing alleles of rs2065603 and rs10864368 in K-562 cells (3 biological
replicates). Y-axis shows mean luciferase/renilla signal ratios and error bars show standard deviation across
biological replicates. rs10864368-C shows significantly higher reporter signal than rs10864368-T (two-sided
t-test P = 0.003). Neither allele of rs2065603 shows any expression above background. (¢) CRISPR-Cas9
deletion of rs10864368 in K-562 cells (3 biological replicates). Top: QPCR data comparing sgRNA deleted cells
to non-targeting controls (NTCs) for ENOI and RERE. Y-axis shows mean qPCR fold-change across biological
replicates and error bars show standard deviation. Statistics shown are for one-sided -test: *P < 0.05, NS not
significant. Bottom: Genome plot showing location of sgRNA relative to rs10864368 and GATA2 binding peak.

analysis'®. Raw FASTQ files were aligned to the hg38 human genome assembly using HISAT2. BAM files were
analyzed using IGV to identify heterozygous samples and extract read counts at rs10864368. In cases of allelic
imbalance, counts of both alleles were used to evaluate the statistical significance of imbalance using a binomial
test.

Luciferase assay

We performed luciferase assays for two candidate variants (rs2065603 and rs10864368). For rs2065603, we
constructed 900-bp DNA sequences centered on the variant (Integrated DNA Technologies). For rs10864368,
due to synthesis problems, we instead adopted a PCR strategy and amplified an 864-bp sequence containing
rs10864368 from genomic DNA extracted from K-562 cells, which are naturally heterozygous for this variant
(see Supplementary Table 1 for full reporter sequences). We screened PCR clones using Sanger sequencing
until both alleles were recovered. Both sequences were subsequently cloned into the pGL3-Basic vector (E1751,
Promega). Reporter plasmids were electroporated into K-562 cells using the Neon electroporation system
(Thermo FisherScientific). Luciferase and renilla activities were measured 24 h after electroporation using
DualGlo Luciferase (Promega, #£1960) on a GLOMAX 20/20 Luminometer (Promega).

CRISPR/Cas9 deletion of variant region

To delete the rs10864368-harboring region, we used a single guide RNA (sgRNA) directly spanning the variant
(Supplementary Table 2). The sgRNA was cloned into SpCas9(BB)-2 A-GFP PX458 vector (Addgene, #48138)
and electroporated into K-562 cells using the Neon electroporation system (Thermo FisherScientific). GFP-
positive cells were sorted 24 h after transfection. RNA was extracted from the same cells, reverse-transcribed,
and quantified by Tagman assays (Hs00201558_m1 for RERE; Hs00361415_m1 for ENO1; Hs01060665_g1 for
ACTB) using the StepOnePlus qPCR instrument (Applied Biosystems).

Motif analysis

For motif analysis we used PERFECTOS-APE!! to scan the HOCOMOCO database of transcription factor
binding motifs to predict what TF motifs would be most likely to be disrupted by rs10864368. As a complementary
approach, we calculated binding efficiencies following a recently described method'. We obtained the GATA2
position weight matrix (PWM) from JASPAR database (MA0036.3). For each allele, we extracted a 51 bp
genomic sequence centered on the variant position (hg38 chr1:8858254) and scanned all possible 11 bp windows
overlapping the variant on both forward and reverse strands. The PWM score for each sequence was calculated
as the sum of position-specific log-odds ratios: Score(s) = sum from i = 1 to n of log2(M_si, i/b_si), where s is
the DNA sequence of length n (11 bp for GATA2), M_si, i is the frequency of nucleotide si at position i in the
PWM, and b_si is the background frequency (0.25 for uniform nucleotide distribution). Binding efficiency was
calculated as 2A(PWM score), representing the relative binding affinity. The fold change in binding efficiency
between alternate and reference alleles was computed as the ratio of their binding efficiencies. The sequence
with the highest PWM score overlapping the variant position on either strand was selected as the best match for
each allele.

Results

Our initial GWAS findings identified a LD block of 17 linked variants but could not determine which of these
is directly causal for altered HSPC levels. As non-coding variants often act by altering transcription factor
binding, we prioritized candidate causal variants that intersect with accessible chromatin in HSPCs. Using
ATAC-sequencing data for 18 cell types derived from blood and bone marrow’, we found that two of the 17
associated variants (rs10864368 and rs2065603; > = 0.996 and 0.9034 with rs2047094, respectively) map to
accessible chromatin of primary CD34" cell types, including hematopoietic stem cells (HSC), common myeloid
progenitors (CMP), and common lymphoid progenitors (CLP) (Fig. 1a). Particularly, the rs10864368-harboring
region is highly accessible in HSCs. To assess the transcriptional activity of the two candidate variants, we
performed luciferase reporter assays in K-562 leukemia cells. Luciferase constructs harboring rs10864368-C,
which confers higher ENOI and RERE expression and higher blood CD34" cell levels, showed higher activity
than rs10864368-T constructs (two-sided Student’s ¢-test, P = 0.003).
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At the same time, we could not see a difference between rs2065603-A and rs2065603-G constructs (Fig. 1b).
To obtain further support for a regulatory relationship, we disrupted the rs10864368-harboring region in K-562
cells by use of CRISPR/Cas9 with a single guide RNA (sgRNA) directly overlapping the variant. We previously
observed a positive correlation between chromatin accessibility at rs10864368 and ENOI expression and so
tested the hypothesis that this regulatory element acts as a transcriptional activator. Confirming our hypothesis,
CRISPR deletion resulted in lowered ENOI expression (one-sided Student’s t-test, P=0.042) but, consistent
with our previous study showing a weaker eQTL on RERE than for ENOI, we observed no significant change in
RERE expression (Fig. 1c). Thus, our data primarily point to ENO1 being the main candidate gene, though we
cannot rule out a role for RERE without further functional work. To characterize the effects in an endogenous
chromosomal context, we examined allelic imbalance in chromatin accessibility at rs10864368 in ENCODE
DNase-Seq data from primary blood CD34" cells from seven heterozygous donors, observing a significant
bias towards rs10864368-C (Fig. 2a; two-sided binomial test P=2.3x1071%). Altogether, these data identify
rs10864368 as a likely causal variant, with rs10864368-C associating with increased ENOI expression, local
chromatin accessibility and blood CD34" cell levels.

Next, we searched for transcription factors mediating the effects of rs10864386 on ENOI expression. Using
motif analysis, we found that the most significantly perturbed motif was for GATA2 (Fig. 2b), with rs10864368-T
disrupting a canonical GATA motif (P-value fold-change: 291.01)!!. To further validate this prediction, we used
a complementary approach!? to calculate binding affinities for both alleles based on the GATA2 position weight
matrix (JASPAR MA0036.3) and find that the C allele demonstrated a 2,012-fold increase in binding efficiency
compared to the T allele. GATA2 has an extensively characterized role in stem and progenitor cell biology. In
mice, conditional deletion of Gata2 in hematopoietic cells leads to complete loss of adult HSPCs'3. In humans,
germline mutations in GATA2 lead to GATA2 Deficiency, a heritable disease that combines immunodeficiency
with myelodysplastic syndrome, and somatic mutations are observed in 1-4% of patients with myeloid
malignancies!*!°. ChIP-Seq data® show GATA2 binding directly to rs10864368 in primary CD34* HSPCs (Fig.
la).

To investigate the effect of rs10864368 on GATA2 binding in an endogenous genomic context, we took
advantage of the fact that the K-562 cell line is naturally heterozygous for this variant. We examined allelic
imbalance for GATA2 binding at this site using public ENCODE ChIP-Seq data!®. We observed a significant
bias towards rs10864368-C (Fig. 2c, percent C reads: 95%, Hy:p=0.5, two-sided binomial test P = 5.8 x 10~ %7),
further supporting that rs10864368-T disrupts GATA2 binding in the native genomic context. Although K-562
cells are triploid at many loci, whole-genome sequencing data from ENCODE indicate that the region containing
rs10864368 is tetraploid. Furthermore, the degree of imbalance is so severe that the binomial test would still be
significant in either triploid heterozygous genotype (H: p = 0.33, two-sided binomial test P = 1.3 x 10~ '3 H_:
p = 0.66, two-sided binomial test P = 1.2 x 10~ %°). We conclude that rs10864368-T abrogates a GATA2 bmdlng
site and reduces local chromatin accessibility in primary HSPCs.

We investigated the developmental dynamics of GATA2 binding at rs10864368 in time-course ChIP-Seq
data from primary HSPCs differentiating to red blood cells”. GATA2 disappears from the site over the course
of erythroid differentiation, but is not displaced by GATA1 as the cell commits to an erythroid fate (Fig. 2d).
The signalling TF SMAD1 also transiently binds this site, indicating that the regulatory element integrates
BMP signalling with lineage-determining factors like GATA2. Regulatory elements of this kind that integrate
signalling and lineage-determining TFs have been shown to be enriched for GWAS variants’.

Finally, we searched for all other significant phenotypes associated with rs10864368 in GWAS data'® and find
that rs10864368-C is associated with increased frequency of myeloid lineage cells such as neutrophils, and with
reduced lymphocyte percentage (Table 1)!7-2°. This suggests that increased GATA2 binding at rs10864368 leads
to expansion of myeloid lineage HSPCs such as CMPs, leading to an increase in circulating CD34" cells and
biasing hematopoiesis towards the myeloid lineage.

Discussion

Understanding the genetic regulation of blood CD34" cell levels could have potential clinical implications for
stem cell harvesting and transplantation and provides insights into HSPC physiology in humans. Our data
support that the 1p36.23 association with blood CD34" cell levels is the result of rs10864368-T decreasing GATA2
binding and local chromatin accessibility, leading to downregulation of ENOI and RERE in primary human
CD34" cells, though the downstream mechanisms of these transcriptional changes remain to be elucidated.

We note that our work has technical limitations that caution against the conclusion that rs10864368 is the
only causal variant for this association. Cancer cell lines such as K-562 are imperfect surrogates for primary
HSPCs and future work should evaluate GWAS variants in primary cells. Additionally, the CRISPR editing
strategy we employed is suboptimal as it employs a single cut site without directly assessing editing efficiency
through sequencing. While our experiments provide limited in vivo evidence linking the regulatory element
to ENOI expression, precise editing through homology directed repair or base editing would provide stronger
evidentiary support for the functional impact of rs10864368 in its native genomic context. As many eQTL
associations are driven by multiple causal variants, without more comprehensive genome editing experiments
in primary HSPCs we cannot completely rule out that other linked variants are responsible for downstream
changes in gene expression and HSPC frequency.

Intriguingly, our PheWAS analysis revealed that rs10864368-C is also associated with reduced intrinsic
epigenetic age acceleration (Table 1), a measure of epigenetic aging derived from DNA methylation data. As
HSPC function has been directly linked to epigenetic age acceleration, the mechanistic link between altered
ENOLI or RERE expression and stem cell aging could be an interesting avenue for future research?"2.
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Fig. 2. rs10864368-T reduces chromatin accessibility and GATA2 binding. (a) ENCODE DNase-Sequencing
data in primary CD34* HSPCS from 7 heterozygous donors’, showing allelic read counts for rs10864368 as
stacked bar plots, showing significant allelic imbalance towards rs10864368-C across all donors. (b) Top: Local
sequence context around rs10864368 highlighting the location of the variant. Bottorn: JASPAR binding motif
for GATA2 showing position affected by rs10864368. (c) ChIP-Sequencing data for GATA2 in K-562 cells,
showing read counts for rs10864368 as stacked bar plots, for 2 technical replicates. K-562 cells are naturally
heterozygous for rs10864368 and show significant imbalance towards rs10864368-C. (d) Time-course ChIP-
Sequencing data showing temporal dynamics of GATA1, GATA2 and SMADI1 binding at rs10864368 during ex
vivo differentiation of primary HSPCs to red blood cells. Y-axes show normalized read depth averaged across
50 bp windows.
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Trait P Beta PMID

Plateletcrit 6.59-58 | 0.0337624 | 32888494
Platelet count 6.45E-36 | 0.022872 32888493
Neutrophil count 4.01-35 | 0.023683 32888493
‘White blood cell count 1.15E-31 | 0.021532 32888493

Neutrophil percentage of white cells | 7.8E-14 | 0.0160352 | 32888494

High light scatter reticulocyte count | 8.1E-13 | 0.0131213 | 34226706

Lymphocyte percentage of white cells | 1E-11 | -0.0145583 | 32888494
Granulocyte count 68E-11 [ 0.0233531 | 27863252
Intrinsic epigenetic age acceleration | 1.09E-10 | -0.201 34187551

Sum basophil neutrophil counts 1.16E-10 | 0.0230463 | 27863252
Sum neutrophil eosinophil counts | 1.23E-10 | 0.0230015 | 27863252
Myeloid white cell count 3.78E-10 | 0.0224726 | 0.0224726
Basophil count 5.50E-10 | 0.012657 | 32888493

Table 1. Known GWAS trait associations with rs10864368

While our gene expression data and CRISPR-Cas9 results primarily point to a role for ENOI, both ENOI and
RERE remain plausible candidate genes based on eQTL data. As a glycolytic enzyme, ENOI expression could
influence the balance between glycolysis and mitochondrial respiration. The regulation of energy metabolism
is known to play a key role in HSPC function?. RERE is a co-regulator of retinoic acid signaling®® and animal
models have shown that reduced retinoic signalling leads to reduced HSPC numbers?*.

Of note, GATA2 is a central regulator of hematopoietic stem and progenitor cell function and a causal factor
in several blood disorders. Here, we link a specific GATA2 target variant to the regulation of blood CD34" cell
levels, which has previously not been reported. In conclusion, our work expands on the role of GATA2 in human
hematopoiesis.
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