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Il.  ABSTRACT

Monocytes are highly plastic and heterogeneous immune cells that play fundamental
roles in the innate immune system. Single-cell omic studies have revealed a broad
range of unique phenotypes and behaviors in the cells comprising this myeloid
population, which has historically been studied as a unique cell type. To study them
through bulk techniques, monocyte cells are grouped into smaller subpopulations to
simplify their heterogeneity. The most common classification generates three non-
overlapping subsets based on the expression of the surface molecules CD14 and
CD16. The subsets receive the names of classical (cMO), intermediate (iMO) and
non-classical monocytes (ncMO) and they originate via a sequential differentiation
process in the reported order. The mechanisms leading their differentiation progress
in humans are unknown. Each subset has been attributed distinct immune functions.
Also, differences in the proportions of monocyte subsets are reported in multiple
physiological and pathological conditions. However, specific contributions of the
monocyte subsets to disease development have rarely been explored. In this thesis,
the molecular mechanisms regulating human monocyte subset differentiation were
explored. Additionally, dysregulation of monocyte subsets in relation to the
archetypical autoimmune disease Systemic Lupus Erythematosus (SLE) was also
inspected. Both studies applied a combination of bulk epigenomic and transcriptomic
analysis of monocyte subsets paired with the integration of exceptional single-cell
RNA-seq datasets.

Firstly, the differentiation process of monocyte subsets was studied in steady
state. DNA methylome and transcriptome analysis of the three monocyte subsets,
was consistent with their subsequent linear differentiation process. Gene ontology
analyses of the differentially methylated positions and the differentially expressed
genes among monocyte subsets were also consistent with immunological functions
previously ascribed to each subset in the literature. As anticipated, we described a
significant correlation between methylation levels at certain positions and expression
of the associated genes, particularly for positions located at promoters and intronic

regions. Most surprisingly, we identified two transcription factors throughout



monocyte subset differentiation: HIF-1a and T-bet. HIF-1a and its target genes were
significantly less methylated and more expressed in cMOs. T-bet, which has never
before been reported to be expressed in unstimulated monocytes, exhibited an
opposing behavior by being predominant in ncMOs. Integration with single cell
transcriptomics data from a patient with a homozygous mutation for the gene
encoding T-bet supported a general role of this transcription factor in the
development of the myeloid compartment and the specific contribution to ncMO
differentiation. In this patient, functions previously attributed to ncMOs, such as TNF
secretion, appeared affected by the mutation. Similarly, HIF-1a signature was
aberrantly regulated in the mutant, confirming our previously proposed interaction
between the two factors.

Secondly, we investigated the epigenomics and transcriptomics alterations of the
three monocyte subsets in the autoimmune disease SLE. We collected a prospective
cohort of over 20 SLE patients at the onset of a flare episode as well as samples from
10 healthy controls. DNA methylation profiles of the monocyte subsets from these
samples revealed the predisposition of each subset to respond differentially to the
inflammatory environment present in the disease. cMOs presented a high association
of demethylation patterns with the family of transcription factors Fos/Jun. These
results suggest propensity to macrophagic differentiation from these cells. ncMOs
presented fewer specific differences but they were directed towards phenotypes best
described in T lymphocytes, indicating a potential strengthened interaction between
this subset and T cells. iMOs phenotypes were recurrently observed between the
other two subsets. Transcriptomic profiling revealed cMOs as the subset with higher
capability to respond to the inflammatory milieu of SLE, probably due to their less
differentiated initial state. We also described an association of the three subsets’
datasets with disease activity, particularly regarding the methylation and expression
of components of the STAT pathway. Additionally, we reported three CpGs that could
be used as prognosis marker predicting the outcome of the flare episode. Finally,
integration with a large single-cell RNA-seq dataset revealed the high heterogeneity
of SLE samples and how the composition of our bulk samples was enriched by

pathological cell subdivisions.



lIl.  ABBREVIATIONS

APC antigen presenting cells

cMOs classical monocytes

DAMPs damage-associated molecular patterns
DEG differentially expressed gene

DMP differentially methylated position

DMR differentially methylated region

DNA deoxyribonucleic acid

DNMT  DNA methyltransferase

dsDNA double-stranded DNA

FC fold change

FDR false discovery rate

GAS y-interferon activated site

GMP granulocyte and macrophage progenitor
GO gene ontology

GSEA  gene set enrichment analysis

HSC hematopoietic stem cell

IFN interferon

IFNAR interferon-a receptor

IFNGR interferon-y receptor

iMOs intermediate monocytes

IRF interferon-regulatory factor

ISRE interferon-stimulated response elements

JAK1 Janus kinase 1

LPS lipopolysaccharide

MDP monocyte and dendritic cell progenitor

MHC major histocompatibility complex, (-I/-1I: class | / class II)

ncMOs non-classical monocytes
NK natural killer

PAMPs pathogen-associated molecular pattern molecules



PBMCs peripheral blood mononuclear cells

PBS phosphate buffered saline

RNA ribonucleic acid
SAM S-adenosylmethionine
SLE systemic lupus erythematosus

SLEDAI systemic lupus erythematosus disease activity index

SNP single nucleotide polymorphism

STAT signal transducer and activator of transcription

TET ten-eleven translocation (referred to the TET family of b5-

methylcytosine dioxygenases)

TF transcription factor
TLR toll-like receptor

TSS transcription start site
TYK tyrosine kinase

VST variance stabilizing transformative






1 INTRODUCTION






1.1 The immune system

The development of immune systems has been essential for the survival and
adaptability of organisms throughout evolution. The capacity to discern between
beneficial and pathogenic interactions has allowed the creation of symbiotic
engagements while repelling damaging insults. In general terms, the human immune
system is divided into two categories: the innate immune system and the adaptive

immune system.

The innate immune system is generally conceived as the first line of defense
against pathogens and is shared by all multicellular entities. It offers a rapid response
against pathogens and foreign substances recognizing conserved antigens or
PAMPs (pathogen-associated molecular pattern molecules). In humans, it consists
of the permanent physical barriers provided by the skin and mucous membranes, as
well as the protection conferred by the cells and proteins constituting the innate
immune system 1. Overall, the innate immune system responds uniformly to all
pathogens in a nonspecific manner. These responses consist in recognizing and
destroying the pathogen through an inflammatory response and phagocytosis, i.e.
the engulfment of the invader by phagocytic cells. The primary cells of the innate
immune system in humans include neutrophils, basophils, eosinophils, mast cells,
natural killer cells and, of particular focus in this thesis, monocytes, which differentiate

into macrophages and dendritic cells.

The adaptive immune system emerged in evolution less than 500 million years
ago 2, and is exclusive to vertebrate organisms. Its primary distinction from the
innate immune system is its capacity to mount specific responses to different types
of threats and retain memory of previous encounters with similar pathogens. In this
way, adaptive immune cells are able to respond more quickly and efficiently upon
posterior contacts. The adaptive immune system is intricately linked with and
regulated by the innate immune system. It is mainly composed by T lymphocytes and
B lymphocytes which further differentiate into numerous specialized subtypes of

immune cells.



The cells forming the immune system and their self-renewing progenitors
collectively form the hematopoietic system. Historically, hematopoietic differentiation
has been understood as a stepwise process, with defined initial progenitor cell
phenotypes that acquire some of the posterior progenitor phenotypes upon cell
commitment. Recent advances in single-cell technologies have revealed this process
to be gradual and continuous. What was previously categorized as a phenotype of a
progenitor is now understood to encompass various individual cell types that partially
share some features but not others. Nevertheless, it is still useful and common
practice to classify the groups of progenitor cells according to previously established
definitions 8. In brief, at the top of the hierarchical pyramid of progenitors and
immune cells are hematopoietic stem cells (HSC) with multi-potency and self-renewal
capacity. HSC give rise to common myeloid and lymphoid progenitors with restricted
multi-potent capabilities. Common myeloid progenitors give rise to monocytes and

other cells of the innate immune system, which will be discussed shortly.

Common lymphoid progenitor cells yield T cells, B cells and natural killer (NK)
cells, with the former two forming the foundation of the adaptive immune system. T
and B cells have the potential to recognize and react to virtually any antigen, both
pathogenic and benign. In consequence, they must undergo stepwise regulatory
processes to eliminate the lymphocytes recognizing non-harmful antigens and retain
the clones recognizing harmful, pathogenic antigens. These processes constitute a
crucial characteristic for organism survival known as immunological tolerance.
Posteriorly, lymphocytes can specialize into effector cells. B cells mature into
antibody producing cells, while T cells can differentiate into cytotoxic cells or helper
cells. In turn, helper T cells can differentiate into pro-inflammatory (Thl and Th17),
anti-inflammatory (Th2) or regulatory (Treg) cells, among others, depending on the
cytokines they specialize in secreting. Finally, despite their lymphoid origin, NK cells
are considered part of the innate immune system because they lack antigen-specific

receptors. They recognize and eliminate infected, stressed and cancerous cells.



1.2 Differentiation of the myeloid lineage

Most cells of the innate immune system are derived from common myeloid
progenitors through a series of hierarchical differentiations. In each step of the
differentiation, the progenitors lose pluripotency capacity and gain resemblance to
their final phenotype. In this process, megakaryocyte, the cells giving rise to platelets,
and erythrocytes are among the earliest to differentiate from initial myeloid
progenitors. Granulocyte, including basophils, eosinophils and neutrophils, all
originate from the same pluripotent progenitor called granulocyte and macrophage
progenitor (GMP). In parallel, GMP can also yield monocyte and dendritic cell
progenitors (MDP) which then can differentiate into either monocytes or several types
of dendritic cells &7 (Figure 1). All these differentiation steps take place in the bone
marrow and the differentiated cells must egress to the bloodstream to perform their

functions.
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Figure 1. Hematopoietic system differentiation process. Scheme of the hierarchical
gradient differentiation process of the cells constituting the hematopoietic system in the bone



marrow. Increase in color gradient represents the continuous rise in lineage commitment as
cells divide and lose differentiation potency. HSC, hematopoietic stem cells; MPP, multipotent
progenitor; CLP, common lymphocyte progenitor; CMP, common myeloid progenitor; GMP,
granulocyte and macrophage progenitor; MEP, megakaryocyte and erythroid progenitor;
MDP, macrophage and dendritic cell progenitor. Adapted from 562,

Macrophages are also a major component of the myeloid lineage of immune
cells. Although some types of macrophages can differentiate from monocytes, the
majority of tissue-resident macrophages of an adult human do not originate from
monocytes egressed from peripheral blood. Instead, they have an embryonic and
fetal root and populate the tissues before birth. They are maintained throughout adult
life by their own self-renewing capacity °. The homeostatic contribution of monocytes
to tissue resident macrophages is restricted to only a few tissues (gut, dermis and

heart) or to inflammatory conditions.

Certainly, monocytes retain some, although limited, differentiation potential.
Under regular conditions, they can differentiate to monocyte-derived macrophages
and monocyte-derived dendritic cells. Both cell types can have either
proinflammatory or tolerogenic properties which are acquired under the proper
differentiation stimuli. For example, monocytes treated with granulocyte-macrophage
colony stimulating factor (GM-CSF) will differentiate to macrophages with a
proinflammatory phenotype, receiving the name of M1-like macrophages. However,
in the presence of the cytokine macrophage colony-stimulating factor (M-CSF), they
will differentiate to an M2-like phenotype, which is anti-inflammatory 1. Moreover,
under specific conditions, monocytes can also yield highly specialized cells such as

Langerhans cells, microglia, and osteoclasts, critical in bone resorption.

Dendritic cells and macrophages constitute two of the most important
professional antigen-presenting cells (APCs). APCs specialize in internalizing and
digesting extracellular pathogens that have entered the body. Posteriorly, they
expose fragments of these pathogens in their surface via the surface molecules

named major histocompatibility complex of class Il (MHC-II). This presentation is



recognized by T cells and can directly influence their activation and differentiation.

APCs constitute a major link between innate and adaptive immune systems 12,

1.3 Monocytes

Monocytes are a short-lived and plastic cell type of the innate immune system. They
compose around 10% of the peripheral blood mononuclear cells (PBMCs). Far from
being mere APC precursors, monocytes make their own contributions to the immune
response. Contrary to the differentiated cells they provide, which reside in tissues,
monocytes are mainly found in the bloodstream and it is in circulation that they
perform the majority of their functions.

Although historically regarded as a single cell type, monocytes are now
recognized as a heterogeneous group of cells, as observed by the recent
advancements in single-cell techniques such as flow cytometry and, especially,
single-cell omics. The most common strategy to subdivide monocytes into smaller

cell subtypes is by the expression of two cell surface markers: CD14 and CD16.

e CD14 was initially described as a marker for monocytes and
macrophages '3 and later identified to be a pattern recognition receptor
of PAMPs of bacterial origin, including lipopolysaccharide (LPS) . In the
last decades, new roles for CD14 have emerged relating it to the
regulation of metabolism and insulin resistance *°. It has also been linked
to the development of autoimmune diseases through the recognition of
damage-associated molecular patterns (DAMPs) such as those
accumulated upon organ injury 16.

e (D16, encoded by the gene FCGR3A, is a low-affinity immunoglobulin
receptor. It is best known for its expression in NK cells where it mediates
an antibody-dependent cellular cytotoxicity. It is also expressed in some
monocytes and macrophages, where it performs a similar role '/,
facilitating the recognition and elimination of both cancer cells and virus-

infected cells.



By the expression of these surface markers, monocytes are divided into three
subsets: CD14+ CD16- classical monocytes, CD14+ CD16+ intermediate monocytes

and CD14dim CD16+ non-classical monocytes (Figure 2).

1.3.1 Classical monocytes

Classical monocytes, henceforth termed cMOs, constitute the main subset of
monocytes, comprising up to 85% of the total monocyte population. This
subpopulation is considered to be the precursor, less differentiated, of the other two
subsets because of its unique presence in the bone marrow where it originates from
myeloid progenitors. According to an in vivo study by Patel et al. in human volunteers
18 cMOs only live for up to one day in the bloodstream. Posteriorly, they either egress
to tissues to differentiate into macrophages or dendritic cells, differentiate within the
bloodstream into intermediate monocytes, or die. Owing to their less differentiated
features, they are thought to be more plastic than the rest of the subsets. Some
studies report them able to equally differentiate to both dendritic cells and
macrophages, contrary to the other subpopulations of monocytes which tend to favor

macrophagic differentiation *°.

cMOs are considered to be the most pro-inflammatory out of the three subsets
because of their highest expression of inflammatory molecules upon activation of
most PAMP and DAMP receptors, known as Toll-like receptors (TLRs) °. Also due
to their higher expression of pro-inflammatory S-100 proteins, which confer them the
ability to support inflammation 2°. It is generally agreed that they are the responding
subset for molecules of bacterial origin through the production of several pro-
inflammatory cytokines such as CCL2, CCL3, IL-6 and IL-8 2. Furthermore, upon
differentiation into macrophages, they are the subset that displayed the highest
phagocytic capacity in some studies '°. Conflicting with these premises, cMOs are
also reported as a major producer of the anti-inflammatory cytokine IL-10 in response
to LPS 20-22, which paints this subset with regulatory roles. Other functions attributed

to cMOs include wound healing, tissue repair and migration to tissues ©.



1.3.2 Intermediate monocytes

Intermediate monocytes, hereafter referenced as iMOs, represent the least abundant
subset in physiological conditions, corresponding to only 5-7% of the total fraction of
monocytes. They originate within the bloodstream differentiating from a small fraction
of cMOs ©. They might persist in circulation for up to four days before extravasation,
death or differentiation towards non-classical monocytes. Historically, iMOs are the
least studied subset because of being considered as simply a transitional state in the
differentiation process from cMOs to non-classical monocytes. This assumption is
supported by the fact that they present a continuum intermediate expression of
several surface markers as well as of the 90% of highly expressed genes 2°. However,
the existence of some genes and surface markers specific to this subset suggests
that they have individual and differentiated properties separating them from being a

plain translational population 2023,

iMOs have the highest levels of MHC-II molecules in comparison to the other
monocyte subsets 2923, This, together with functional reports 24, proposes that they
significantly participate in antigen processing and presentation processes as well as
in interaction and activation of T cells 2°. Moreover, their genetic profile indicates a
potential role in angiogenesis, although this can also be implied for the other subsets
25, iMOs might as well have an anti-inflammatory role by means of production of IL-
10. In fact, some reports depict iMOs as the main producers of this anti-inflammatory

cytokine in response to LPS 26,

1.3.3 Non-classical monocytes

Non-classical monocytes, ncMOs hereafter, comprise around 10% of the total of
monocytes under physiological conditions. They originate within the bloodstream
from a fraction of iIMOs and they are the longest lived of the monocyte subpopulations
with an average lifespan of seven days 2’. Although they are characterized by a
further differentiated phenotype than the other subsets, they retain certain capacity
to terminally differentiate into macrophages and dendritic cells. Admittedly, without

the presence of differentiation factors, ncMOs are the most susceptible monocyte



subset to differentiate to macrophages *°. Additionally, some studies have shown that
macrophages differentiated from ncMOs exhibit higher phagocytic capacity than

those differentiated from cMOs, which contradicts the previously mentioned results.
28
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Figure 2. Monocyte subsets differentiation process. Scheme of the sequential
differentiation process of monocyte subsets and some of the functions ascribed to each
subset. cMO, classical monocyte; IMO, intermediate monocyte; ncMO, non-classical
monocyte. Adapted from 2°,

They are particularly effective producers of the cytokine interferon-a in response
to viral stimuli, which is why they have a prominent role in the immune response to
these pathogens *°. The absence of expression of TLR1, TLR2 and TLR4 by ncMO
portrays them as a deficient candidate for responses to bacterial pathogens which,
as mentioned earlier, is mostly attributed to cMOs 2. However, ncMOs are competent

to respond to both double-stranded and single-stranded nucleic acid structures



through TLR3, TLR7 and TLR8 %°21, This ability might position them at the initiation
of autoimmune diseases upon sensing human cells-released nucleic acids, as it is
described for some forms of dendritic cells . In fact, the presence of nucleic acids
and immunoglobulins in the serum of patients of the autoimmune disease of Systemic
Lupus Erythematosus induced the production of the inflammatory cytokines TNF-a
and CCL3 by ncMOs 2. In effect, they are established as the principal producers of
TNF-a out of the monocyte subpopulations 21223132,

Despite all these pro-inflammatory evidences in favor of ncMOs, they have
recurrently been described as the anti-inflammatory subset of monocytes. Largely
due to their limited ability to respond to bacterial cues but also on account of their
role as “patrolling monocytes”. Explained by their higher capacity of adherence to the
endothelium due to their surface expression of CX3CR1l 3, ncMOs act as
“‘intravascular housekeepers”. removing cellular debris and scavenging micro

particles 3435,

Last but not least, ncMOs have a significant role in the presentation of engulfed
antigens to T cells, as seen in the spleen of mice 3637, In humans, they present an
increased capacity to stimulate CD4+ T cells compared to the other monocyte
subsets 3. In physiological conditions, ncMOs induce a Th2 skewed differentiation
39 which is associated with the production of anti-inflammatory cytokines but also to
immune response towards helminth pathogens and to some forms of chronic

inflammation such as asthma or allergies “°.

Interestingly, recent work has shown that single cells forming the different
subsets admittedly respond in an individual manner at the cellular level. Their
classification into three groups simplifies their study, but single-cell technologies
allow for detection of unique responses in individual cells. Monocytes appear to carry
a distinct cell-inbuilt capacity to respond to certain stimuli 22, which further

complicates their analysis.



The expected proportions of monocyte subsets might be influenced by multiple
environmental factors, both physiological and pathological. In this way, age is
positively correlated with expansion of iMOs and ncMOs 4%42; female gender is
associated with reduced levels of ncMOs 43; a subset which increases up to three
fold following exercise #3. Furthermore, many pathological conditions can also affect
monocyte proportions. In particular, CD16+ subsets are increased in a wide variety
of disorders including Crohn’s disease 44, stroke patients 5, colorectal cancer “°,
obesity 47, tuberculosis 4 or arthritis 4°. These reports suggest a differential
implication of the monocyte subsets in these diseases that might be caused by a

unique role of each of them in every condition.

1.4 Monocytes and inflammation

Some of monocyte’s major features include rapid mobilization and high plasticity
capacity. Following inflammatory signals, they swiftly migrate from circulation in the
peripheral blood to tissues, differentiating into a variety of cells that perform either

proinflammatory or resolving functions ©.

As promoters of inflammation, the monocytes recruited during an inflammatory
episode are more impactful in inflammatory molecules production and less in anti-
inflammatory molecules production than their counterparts mobilized prior to the
inflammatory episode %°. These strongly inflammatory effector monocytes are
specifically recruited in response to infections %4, In these scenarios, recruited
monocytes not only contribute to the inflammatory milieu by producing inflammatory
molecules, but they also are crucial for the killing and clearing of the pathogens,
functions for which the resident macrophages are insufficient. In some
circumstances, the deletion of the recruited monocytes makes the model resistant to
the external inflammatory induction as is the case for a mice model for multiple

sclerosis 5556,

Nonetheless, for a healthy homeostasis, the proper resolution of an inflammatory

process is equally as important as the promotion of it. In this resolving context,



monocytes also play an active purpose. Several resolutive functions such as
promotion of angiogenesis, clearance of neutrophils, clearance of cell debris,
degradation of extracellular matrix to accelerate scar resolution as well as production

of anti-inflammatory cytokines, they have all been ascribed to mobilized monocytes

57-60

Dysregulations of either promotion or resolution of inflammatory processes might
eventually occur, causing the emergence of pathogenic conditions. On the one hand,
the inability to properly detect and eliminate pathogenic entities can lead to serious
infectious processes such as sepsis, recurrent infections or cancer. On the other
hand, the inability to extinguish immune reactions when the danger is exterminated
can also lead to very serious situations as is the case with the severe responses to

COVID-19 infections or autoimmune diseases.

1.5 Autoimmune disease

The term autoimmune disease comprises a wide range of pathologies where the
checkpoints for self-identification and tolerance within the immune system have been
bypassed. These defects result in the immune system attacking benign components
of the self-organism. In these circumstances, given that the signal triggering the
immune response is generated within the host, it can never be fully eliminated. This
drawback leads to a constant state of inflammation and activation of the immune
system that most certainly results in permanent damage to otherwise healthy tissues.
Autoimmune diseases can affect individuals of any age having a higher prevalence
among women than men. In general terms, their affectation can be restricted to a
single organ or be generalized, which classifies them as organ-specific or systemic,

respectively.

Although the term autoimmune disease encompasses a broad spectrum of
disorders and manifestations, certain characteristics unite these pathologies. These
premises are gathered in the Witebsky’s postulates 6! which include: presence of

autoreactive lymphocytes in the patients’ blood, induction of the disease in animals



by transfer of these autoreactive lymphocytes or demonstration of autoreactivity at
the tissue damaged, among others. In clinical everyday practice, the identification of
antibodies recognizing self-components, or autoantibodies, is the most common
approach for the diagnostic and classification of autoimmune diseases. Even though
autoantibodies are a marker of autoimmune diseases, they are not necessarily the
sole mediators of clinical manifestations and they might not be able to induce
pathology by themselves.

Disease etiology is generally complex, involving a compendium of both genetic
susceptibility and environmental triggers. It is not uncommon to find autoimmune
tendencies in the same family, studies suggest a heritable trend for autoimmunity
rather than for a specific disease 2. For instance, one member of the family might
suffer from systemic lupus erythematosus while another has a diagnosis for celiac
disease. Genetically, MHC loci appear associated with susceptibility to a large variety
of autoimmune diseases 3. These molecules are responsible for the presentation of
antigens to T cells, triggering their activation and differentiation. In the human
species, MHC family of genes has a high number of polymorphism naturally. This
variability confers the population overall protection against all antigens. However, it

also makes some individuals more prone to autoreactivity 4.

It is established that environmental triggers are required to transform genetic
susceptibility into disease incidence. The most recognized environmental trigger for
autoimmune disease is the role of microorganisms and infections. Infections might
trigger autoimmunity either by molecular mimicry existent between microorganism
components and self-components or through non-specific mechanisms, by general
immune system activation. For some pathogens, a combinatory effect of both
mechanisms might help in the appearance of autoimmune. This is the case for
Epstein-Barr virus infections, whose proteins are structurally similar to some human
proteins and its infections can lead to an aberrant production of autoantibodies ©°.
Smoke, drug use and treatment for other diseases have also been defined as triggers

for autoimmunity, although the mechanisms are uncertain 6668,



Even though the immune system is deregulated integrally in these situations, it
is more perceptible in the adaptive immune system where lymphocytes specifically
and aberrantly recognize self-components. Considering this, the adaptive immune
system has been the research focus in the fields of autoimmune diseases historically.
This thesis, however, focuses on the role of the less-studied innate immune system
cells, particularly in monocytes.

1.5.1 Systemic Lupus Erythematosus

For this thesis project, autoimmunity research was approached through the study of
the extremely complex systemic autoimmune disease named Systemic Lupus
Erythematosus, hereafter SLE. It holds a varying prevalence across different
populations that ranges between 16 and 110 affected individuals per 200000 persons
69, It drastically affects more women than men with a ratio of 9:1 and it prevails in
African American women, Hispanic women and women of other ethnic minorities 7°.
Although some common alterations are shared among most patients, SLE is in reality
a term encompassing a wide range of clinical manifestations. This variability hinders
both its diagnosis and its posterior management “*. Clinical manifestations can range
from mild fatigue and intermittent joint pain to life-threating organ damage. SLE
usually courses in relapsing-remitting episodes. Considering this, pharmaceutical
management aims include long-term survival, prevention of flares and organ damage
as well as improving health-related quality of life 72. For an optimal monitoring of
disease progression, a disease activity index was developed in 1985 72 and updated
in 2002 74, It is denominated Systemic Lupus Erythematosus Disease Activity Index
or SLEDAI. It uses both clinical and biological parameters to formulate a score that
ranges from O to 105. However, scores rarely exceed 20 and a score of 6 is often
considered a threshold for active disease. This index has been successfully used in

both clinical 7>76 and research 77’8 contexts.

Biologically, SLE’s immunological hallmark consists in the presence in serum of
antibodies that recognize nuclear components such as nucleic acids (DNA or RNA),

proteins and complexes of DNA or RNA with proteins ’°. These antibodies, when



recognized by complement pathway components, produce immune complexes that
deposit at both joints and vital organs. Consequently, callings for inflammatory
responses are activated and result in chronic inflammation and tissue damage.
Contradictorily, although the updated SLE classification criteria from 2019 requires
positive anti-nuclear antibodies for the diagnosis of SLE 881, up to 30% of SLE
patients enrolled in clinical trials are negative for these antibodies 8283, This fact
accurately highlights the complexity and variability presented among SLE patients.

In SLE, the dysregulation of numerous cell types and components leads to a
complex altered immune response. For instance, B cells are doubtlessly
hyperactivated and bypassed of the control checkpoints for elimination of self-
recognizing clones. Likewise, phagocytic cells such as macrophages are also
altered. In SLE, cell death from PBMCs and cutaneous lesions is exacerbated. This
factor tandems with a deficient phagocytic capacity of macrophages leading to an
accumulation of cellular debris and release of self-antigens 8. Importantly, this is not
the only contribution of the non-functional myeloid compartment in SLE
pathogenesis. Monocyte-to-macrophage differentiation also presents an imbalance
ensuing a polarization towards proinflammatory M1 macrophages 8. These
macrophages inhibit cell proliferation and promote tissue damage, in contraposition

to M2 macrophages that facilitate cell proliferation and tissue repair 6.

In relation to monocyte subsets, several works have studied monocyte subset
proportions in SLE where highly varied results have been observed. Some indicate
a higher percentage of cMOs &, others show an increase in iIMOs 838 and there are
also studies reporting that ncMOs have increased proportions %%, Finally, a single
group also reported an absence of differences in the proportions of monocyte subsets

in SLE in comparison to controls 2.

1.5.2 Interferon signaling
The production of cytokines is also altered in SLE. Cytokines are small soluble
proteins that serve as mechanisms for communication and regulation among cells of

the immune system. They can be secreted by various cell types but the myeloid



compartment is one of their major producers 8. In SLE, there is an undeniable
dysregulation of interferon (IFN) production and response from the cells of the
immune system. In fact, this family of cytokines plays a fundamental role in the
disease initiation and perpetuation °3. This was first described when individuals
receiving IFN-a therapy for unrelated pathologies developed an idiopathic SLE-like

syndrome that improved and resolved upon treatment withdrawal 945,

The IFN family of cytokines is composed by three types of IFN, namely type |
(mostly represented by IFN-a and IFN-B), type Il (IFN-y) and a less known type Il
(IFN-A). In their canonical response pathways, type | IFN are recognized by a
heterodimer of receptors formed by IFNa receptor 1 (IFNAR1) and IFNAR2 which
are associated and activate the kinases known as Janus kinase 1 (JAK1) and
Tyrosine kinase 2 (TYK2). These kinases phosphorylate the Signal Transducer and
Activator of Transcription 1 (STAT1) and STAT2 which then dimerize and translocate
to the nucleus. Either before or after entering the nucleus, they associate with IFN-
regulator factor 9 (IRF9) and bind to specific DNA sequences known as IFN-
stimulated response elements (ISRE) °:°7. Type Il IFN, on the other hand, signals
through IFNGR1 and IFNGR2 that interact with JAK1 and JAK2. Upon activation,
these kinases phosphorylate only STAT1 that homodimerizes and translocates to the
nucleus. There, it binds to its target sequences containing the gamma-IFN activate
site (GAS) %. Although type Ill IFN is recognized by other receptors (IFNLR1 and IL-
10R2), its downstream pathway uses the same components and the same target
genes as type | IFN, which challenges their discrimination °® (Figure 3). However,

cell-specific sensitivities differ between the two.

Under physiological conditions, IFN are released upon activation of TLRs by
nucleic acids, bacterial components, viral proteins and other foreign antigens. Type |
and Ill IFNs can be produced by most mammal cells in response to these stimuli.
Type Il IFN, however, is mostly produced by activated T and NK lymphocytes.

Similarly, while type | IFN receptors are found in most cells of the immune system,



type Il IFN exerts its functions primarily in the myeloid compartment . Finally, type

[l IFN can only operate on epithelial and endothelial barriers 1,
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Figure 3. Canonical interferon signaling pathways. Upon interaction with their receptors,
interferons start their downstream pathways by activating kinases, JAK1 and TYK2 in the
case of Type | and Ill IFN, and JAK1 and JAK2 in the case of Type Il. These phosphorylate
STAT1 and 2 molecules which in turn form either heterodimers or homodimers and
translocate to the nucleus. There they activate different target genes by recognizing either
ISRE or GAS consensus sequences, respectively. Data from -,



SLE has been mostly associated with type | IFN signature, however, as
previously mentioned, several downstream components are shared between IFN
cytokines. Thus, it is possible that other members of the IFN family are also
deregulated in this pathology under the described type | IFN dysregulation. In fact,
IFN-y serum levels are elevated in patients’ serum 193192 gand IFN-y transcriptomic
signature has also been observed in patients’ monocytes 1. Interferon secretion in
SLE can be exacerbated in response of UV radiation, cell death or infections. Its
effect on cells of the immune system are varied across the multiple compartments.
IFN includes activation of myeloid cells to be potent antigen-presenting cells. It also
promotes the activation and differentiation of CD4+ and CD8+ T cells towards an
increased differentiation of Th17 cells and a suppression of Treg cells which favors
the expansion of autoreactive T cells. Moreover, in B cells, activation and maturation
are increased in response of IFN, as well as an increased antibody production via

the effect activated monocytes have on B cells (reviewed in Saulescu et al 1°4).

1.5.3 SLE etiology

As previously mentioned, SLE is such a complex disease that its epidemiology
cannot be uniquely attributed to genetic modifications or to environmental triggers.
Rather, it is a combination of both that leads first to its emergence and posteriorly to

the development of the disease.

Indeed, SLE does have a genetic component, as it is specifically apparent in the
cases affecting children. In these individuals, which represent 10-20% of lupus
patients 1°5, exposure to accumulating triggering environmental impacts is limited. In
effect, childhood-onset lupus is associated with high presence of SLE-associated
polymorphism and higher genetic risk 1°6-1%8 Through genome-wide association
studies (GWAS), numerous single nucleotide polymorphisms (SNPs) have been
associated with SLE susceptibility. They encompass more than 130 unique loci 1°°-
111 suggesting a multiple-gene susceptibility to the disease. The affected loci include

genes important for functions of both lymphoid and myeloid lineage cells. Several of



them involve genes of the IFN pathways such as IFIH1, IRF7 or IRF5, as well as the
MHC region such as HLA-B or HLA-DQ.

Nonetheless, environmental triggers withstand a fundamental part in the
development of SLE, as evidenced by the discordance for lupus affectation in
monozygotic twins 127114 |n this regard, smoking 1%, alcohol consumption 1€, air
pollution 17, obesity %8, diet 19, infections % or pesticides ' are some of the

currently accepted environmental triggers for SLE and other rheumatic diseases.

One of the principal mechanisms for cells to respond to environmental influences
is through changes in gene expression. Gene expression regulation comprises an
intricate  combination of regulatory mechanism which entail the multiple steps
required for a genome-contained gene sequence to become a functional protein
product. These regulatory mechanisms cover the epigenetic, transcriptional, post-
transcriptional, translational and post-translational levels. In this thesis, the gene

expression regulation study has centered in the first level, the epigenetics.

1.6 Epigenetic regulation

Epigenetic regulation comprises a set of stable chemical modifications that cells use
to regulate gene expression, specifically genetic transcription. Initially, they were
described as covalent modifications on the DNA and the histones, the proteins that
package it. Currently, the term has expanded to include any process affecting gene
expression without alterations to the DNA sequence, such as non-coding RNAs. The
main epigenetic mechanisms include methylation of cytosines in the DNA as well as
histone modifications such as lysine and arginine methylation, lysine acetylation and
serine and threonine phosphorylation of histones. In this thesis, the primary focus of
epigenetic regulatory processes related to monocyte subsets and SLE is placed on
DNA methylation. However, the entire set of regulatory processes collaborate to
either facilitate or hinder the binding of both transcription factors and transcription

machinery in order to conduct gene transcription.



1.6.1 DNA methylation

DNA methylation is the most studied form of epigenetic regulation. It consists in the
addition of a methyl group to a nucleotide base. In particular, the addition affects a
cytosine typically preceding a guanine, to which it is linked by a phosphate group.
This dinucleotide is generally referred to as CpG. In some rare instances, the cytosine
might be followed by another nucleotide base, which renames the dinucleotide as
CpH, where H can be either adenine, timine or another cytosine. DNA methylation is
critical for crucial cellular processes in mammalian development such as X

chromosome inactivation and gene imprinting during embryonic development.

X chromosome inactivation, for example, happens at the early stages of
embryonic development, in mammals it takes place only in female individuals. It is a
mechanism aimed to equilibrate the gene dosage between the two genders,
considering that females carry two copies of this chromosome, contrary to males.
Through this process, each cell randomly selects one of its X chromosome copies to
be transcriptionally silenced. With this end, permissive histone marks are removed,
repressive ones are incorporated and CpGs are completely hypermethylated. This
collection of epigenetic modifications causes an extreme change in the chromosomic
tridimensional structure that avoids transcriptional expression of the majority of its
genes. The heterochromatic state obtained is carried on through posterior cell

divisions in physiological conditions 122123,

In general, at least 70-80% of CpG dinucleotides in the mammalian genomes
are regularly methylated %4, Notably, there are genomic regions where CpG
dinucleotides accumulate which are partially refractory to methylation. These regions
are termed CpG islands and are typically found in the promoters of genes, often
physically enveloping transcription start sites. It is estimated that around 70% of

mammalian genes contain CpG islands proximal to their transcription start sites 125,



DNA methylation can carry opposing roles, inhibitory or permissive, depending

on the genomic region where it occurs (Figure 4).
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Figure 4. Effects of DNA methylation on gene expression. DNA methylation has different
effects depending on the genomic region where it occurs. Methylation in promoter regions
and enhancers usually associates with gene silencing. Methylation in the gene body has,
generally, the opposite effect.

For instance, methylation in promoters is typically associated with loss in gene
expression, particularly in promoters with lower densities of CpGs given that
promoters with high CpG density repeatedly escape DNA methylation 126, Similarly,
DNA methylation of the first intron of a gene inversely correlates with the gene’s
expression 27, however, gene body methylation is positively correlated with gene
expression 128, Additionally, methylation of exonic regions might as well impact the
product of alternative splicing *?°. Finally, enhancers are also affected by their
methylation state. Methylation at enhancers has been associated with loss of gene

expression while active enhancers show high levels of active demethylation 1.



Importantly, it appears that DNA methylation effect at promoters and enhancers is
highly dependent on the sequence context. In this way, the binding of some
transcription factors and transcription machinery might be differentially affected by

sequence methylation.

The addition and removal of methyl groups in the DNA requires the participation
of specialized enzymes:

e The addition of methyl groups in the DNA is catalyzed by DNA methyl-
transferases (DNMTs). This family of evolutionarily-conserved enzymes
contains six members in the human genome but only three are considered
canonical due to carrying DNMT catalytic activity. They are DNMT1,
DNMT3A and DNMT3B. DNA methylation is a heritable trait in cell division
ascribed to its symmetrical presence on both DNA strands 3!, This fact
allows the post-replicative maintenance of DNA methylation patterns by
DNMT1, which copies the DNA methylation status of the template strand
onto the newly synthetized strand 132133, A deficient activity of DNMT1 can
lead to a passive demethylation process, by which methylation profiles are
diluted through several rounds of cell replication. On the other hand,
DNMT3A and DNMT3B are responsible for de novo methylation 3. That is,
the addition of methyl groups to specific previously unmethylated CpG sites.

e The active removal of DNA methylation is accomplished through a
succession of reactions targeting the methyl group. In particular, three
consecutive oxidation reactions facilitated by ten-eleven translocation (TET)
enzymes 135, With this process, the modified base shifts from a methyl-
cytosine with a methyl group in the fifth position of the cytosine (5mC) to a 5-
carboxycytosine (5caC). This modified nucleotide is then recognized by the
base excision repair machinery that corrects small DNA lesions and
substitutes the entire base with a non-modified cytosine 6. TET family of
enzymes contains three members in the human genome, TET1, TET2 and

TET3. In human monocytes, TET2 is the most expressed member and its



proper expression is essential for DNA demethylation in this cell type 3.
Importantly, TETZ2 is the only member of the family that lacks the DNA binding
domain. Consequently, it always requires recruitment to the DNA sequence
by specific transcription factors 3. Notably, oxygen is a cofactor for TET
activity, thus oxygen absence in hypoxic conditions can modulate the activity
of these enzymes, impacting DNA methylation *3°.

The study of DNA methylation has advanced considerably in the last decades
due to the development of sodium bisulfite modification of DNA technique in the early
90’s 140141 This protocol is based on the differential chemical reaction of sodium
bisulfite with cytosine and 5-methylcytosine bases. Through a sequence of chemical
reactions, non-methylated cytosines become uracil while methylated cytosines are
maintained as regular cytosines, although now unmethylated. This modification is
strand specific. As a result, it is possible to perform either sequencing or differential
probe binding to detect the initial methylation status of each individual cytosine in the
sequence %2, The combination of bisulfite modification with high-throughput
sequencing techniques, either by whole genomic sequencing or using probe-based
arrays, has enabled the simultaneous interrogation of DNA methylation status for the
whole genome. This tandem has significantly advanced the field of DNA methylation

study in the recent years.

As a consequence, the mechanisms by which DNA methylation regulates gene
expression are now better understood. For instance, DNA methylation has an impact
on transcription factors whose binding ability to their consensus sequence is strongly
affected by its methylation status 143144, Not only that, but some transcription factors
are now known to bind to densely condensed chromatin and induce the
demethylation of their binding sites. These transcription factors have been termed

pioneer transcription factors 14°,



1.6.2 DNA methylation in SLE

In SLE, DNA methylation of several constituents of PBMCs has shown promising
results or a better understanding of the disease. In particular, DNA methylation
associates with disease susceptibility, classification and prognosis, disease activity
as well as with response to treatment (Figure 5, reviewed by Ferreté-Bonastre et al
146), Overall, SLE samples are characterized by a generalized hypomethylation

pattern and a particularly altered epigenetic profile in the IFN signature genes.

DNA methylation and SLE susceptibility are intertwined at multiple levels.
Methylation at susceptibility-associated SNPs presents different patterns in SLE
patients and controls, which associates with disease development 147148, Additionally,
DNA methylation might offer a potential explanation for the disparity in the incidence
between males and females. Given that X chromosome inactivation is strongly linked
to DNA methylation and that it is a chromosome highly enriched in genes involved in
immune pathways, dysregulation of these genes’ dosages might result in severe
consequences 4%, Indeed, men require higher genetic risk / DNA methylation ratios
to be as susceptible to the disease as women °°, Concordantly, CD4+ T cells from
women with SLE present greater hypomethylation and overexpression than their
male counterparts for genes located in the X chromosome regulated by DNA

methylation 151152,

DNA methylation alterations are related with different clinical aspects of SLE and
therefore can potentially be used for disease classification and prognosis. For
example, different alterations of the DNA methylation profiles in various immune cell
types are found between patients with and without renal affectation 153-155, Similarly,
DNA methylation relates to the classification of skin affectation by SLE, i.e., discoid
rash and malar rash patients present differential epigenetic profiles on CD4+ T cells
156 DNA methylation can further be used to classify patients according to disease
severity into groups spanning from mild to highly severe, as shown in 2019 by Lanata

and colleagues *°’.



Regarding SLE disease activity, there are contradictory results regarding its
correlation with DNA methylation. Several studies have found a strong correlation
between activity (measured by SLEDAI) and DNA methylation at different cell types.
Both at genes associated with interferon signaling pathway 78158 and at genes related
to other cytokine regulatory pathways 59169, However, other studies have found no
association between DNA methylation profiles and disease activity 77161162, The
discrepancy in the results might illustrate the different ranges of disease activity
included in the studies, or the inconsistency between using the patient’'s medical

recent history or exclusively the activity score at the time of sample extraction.

Finally, DNA methylation can be also linked to response to treatments in SLE.
Truthfully, medication itself can be responsible for changes in the epigenetic profiles.
Glucocorticoids, a first-line treatment for SLE, is associated with higher levels of DNA
methylation in PBMCs 163, Also, the use of mycophenolate, an immunosuppressant
used to manage kidney disease in SLE, modified the epigenome of patients at
different regions. It associated with increased methylation levels in IFNG gene in
CD4+ T cells, but not with global methylation changes 9. Mycophenolate also
affected the promoter region of CD40L gene targeting several histone modifications
165 Additionally, although targeting DNA methylation has not been tested as a
treatment for SLE, modifying the supplement of DNMTs’ cofactor and methyl group
donor S-Adenosylmethionine (SAM) showed promising results. In an initial study with
inflammation-induced colon cancer, supplementation of SAM improved outcome and
modulated inflammatory pathways 6. Interestingly, restriction of SAM-containing
nutrients such as folate and methionine in SLE could revert in vitro lupus-like gene

expression in T cells from older donors 6.
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Figure 5. DNA methylation and SLE. Graphical abstract summarizing the results
associating DNA methylation with SLE grouped in four categories. Susceptibility is affected
by DNA methylation at SLE-associated SNPs and by increased demethylation of silenced X
chromosomes in females. Classifications allows the categorization of systemic and cutaneous
lesions of SLE based on DNA methylation profiles. Conflicting results regarding association
of the methylome with disease activity represented by an equilibrated balance. Treatment
might affect DNA methylation profiles as described for glucocorticoids (GC) and
mycophenolate (MMF). Also, treatments targeting the reduction in DNA methylation
(represented as SAM supplementation) might pose interesting benefits.

Altogether, DNA methylation in SLE has multiple relationships with disease
development. As is usual for research in autoimmunity, most studies in SLE have
mainly focused on the lymphoid lineage, particularly in CD4+ T cells. Dr. Bruce
Richardson pioneered the study of DNA methylation in SLE 18, His initial studies
showed that inhibiting DNA methylation in vitro in CD4+ T cells induced autoreactivity

in these cells 169170 put not in CD8+ T cells!’, Similar outcomes were observed on



patients receiving these treatments 172. Understandably, the majority of studies for
DNA methylation in SLE centered in CD4+ T cells. However, the long-forgotten innate

immune system has been attracting attention in the field of SLE in recent years 173,

In particular, for DNA methylation studies in immune-mediated or inflammatory
pathogenic conditions like SLE, the myeloid compartment and, in particular,
monocytes are very interesting for multiple reasons. Firstly, monocytes are highly
plastic and their phenotype and ability to rapidly adapt their state to environmental
changes occurs through epigenetic modifications. Secondly, the fact that they are
short-lived cells places them as an optimal candidate to evaluate first responses to
changing environments. Since DNA methylation is a stable modification that can
accumulate over time, short-lived monocytes are less prone to gather confounding
modifications from previous conditions. Finally, and most importantly, by being
terminal cells and not dividing into daughter cells, monocytes present themselves as
an exceptional model to study active DNA methylation changes. This means that
changes that take place de novo. In this regard, a loss of methylation between two
monocyte conditions is not due to a dilution through cell division, but rather to an

active process of demethylation through TET enzymes.



2 HYPOTHESIS AND OBJECTIVES






Monocytes are extremely plastic cells able to rapidly respond to a wide range of
environmental changes. These responses or adaptations are reflected by changes
in their epigenomes, which directly regulate or associate with gene expression
changes, as shown by several studies from our group. Despite monocytes are often
analyzed as a single cell type, they actually comprise a heterogeneous group of cells.
Indeed, monocytes include various subsets or states with distinct functions and
marked phenotypes throughout a differentiation process. There is evidence
suggesting a diverse implication of these cell groups in pathology. In the present
thesis, we aim to better understand the differences in monocytes subsets and their

potential roles in disease.

With these considerations in mind, we divided the overall objectives in the

following specific aims:

1. To characterize the epigenetic and transcriptomic differences that
delineate the different monocyte subsets phenotypes and elucidate their roles

in monocyte differentiation.

Monocyte subsets, namely cMOs, iIMOs and ncMOs, arise from a sequential
differentiation process. In humans, the mechanisms driving this differentiation
process are poorly known. Through the study of epigenomic and transcriptomic
profiles of steady-state monocytes subsets, we aimed to identify novel elements
regulating their sequential differentiation and propose mechanisms that could be

crucial to this differentiation process.

2. To describe the distinct phenotypes of monocytes subsets in pathology,
particularly in Systemic Lupus Erythematosus, and elucidate their individual

contributions to the disease.

Several groups have reported differences in the proportion in monocyte subsets in
many pathological inflammatory conditions, including SLE. This fact strongly

suggests an unequal contribution of monocyte subsets in these disorders. Through



the combination of epigenomics and transcriptomics analyses of samples
corresponding to the three monocyte subsets from SLE patients, we aimed to infer
their potential contribution to pathogenesis and propose novel mechanisms
regulating them.



3 MATERIALS AND METHODS






For the development of this thesis, we have applied bulk multi-omics analyses of
monocyte subsets from fresh blood samples from either healthy donors or from SLE
patients. Monocyte subsets were obtained by flow cytometry sorting. Some validation
experiments were performed in vitro with cells from buffy coats. Finally, we have also
performed validatory analyses using public single-cell RNA-seq datasets. Details of
the methodology are provided below.

3.1 Sample acquisition

For monocyte subsets separation from PBMCs, a flow cytometry sorting strategy
similar to many published before was used °%174175, Two sample cohorts were
collected for the study of DNA methylation and transcriptome analysis, one in steady-
state and the other including both pathological SLE samples and healthy controls.
For the steady-state study, blood was obtained from seven healthy donors (HD)

including both genres and an age range around 20-30 years of age.

For the SLE study, 20 patients with SLE and 13 HDs were included. The HDs
were matched with SLE donors based on age and sex. 14 out of 20 SLE donors were
of Caucasian ethnicity and, similarly, the majority of HDs belonged to the same ethnic
group. All participants gave both oral and written consent for their blood to be used
for research purposes. The study was approved by the Committee for Human
Subijects of the Bellvitge Hospital ethics committee (PR275/17). All the patients with
SLE fulfilled the 2019 European Alliance of Associations for Rheumatology/American
College of Rheumatology classification criteria for SLE 8. Samples from each patient
with SLE were collected at two different time points, the first one at the onset of a
new flare and the second one at the subsequent visit. For patients with SLE, the
Systemic Lupus Erythematosus Disease Activity Index 2000 (SLEDAI-2k) * was
registered at each extraction date. Definition of a flare episode was done with Safety
of Estrogens in Lupus Erythematosus-SLEDAI Flare Index, which can be used with

any version of SLEDAI 176177,



For validation and in vitro assays, blood was obtained from anonymous buffy
coats through the Catalan Blood and Tissue Bank, which follows the guidelines of
the World Medical Association Declaration of Helsinki. All donors provided an

informed consent before donating the first blood sample.

3.2 Monocyte subsets isolation by flow cytometry sorter

25 mL of whole blood were processed within 24 hours of collection by laying on
Lymphocyte Separation Solution (Rafer, Zaragoza, Spain) and centrifuging without
breaking in order to obtain PBMCs. The cells were washed with phosphate buffered
saline (PBS, Gibco) and residual erythrocytes were lysed for five minutes with
Ammonium-Chloride-Potassium (ACK) lysis buffer. PBMCs were either stained or
cryopreserved in fetal bovine serum with 10% dimethyl sulfoxide. Cryopreservation
was particularly used for the second cohort with the aim to gather several samples
for flow cytometry sorting on the same batch. The day of cytometry sorting, samples

were quickly thawed at 37°C.

Staining was performed in staining buffer (PBS containing 2mM of EDTA [Sigma-
Aldrich] and 4% of Fetal Bovine Serum [FBS, Gibco]) with CD3-FITC, CD15-FITC,
CD56-PE, CD16-APC, CD14-APC-Vio770 (Miltenyi Biotec) and CD19-FITC (BD
Bioscience). Cells were incubated for 20 minutes on ice protected from light and
posteriorly washed once with staining buffer. Finally, cells were resuspended in

staining buffer with viability staining (DAPI).

Sorter gating strategy included the selection of single live cells by forward and
side scatter intensities as well as absence of viability staining. Monocyte cells were
selected by negative gating for CD3, CD15, CD19 and CD56 staining as
recommended by 9174175 resulting in the acquisition of the monocytic fraction. This
negative fraction was further analyzed for CD14 and CD16 cell surface markers for
the separation of cMO (CD14+ CD16-), iMO (CD14+ CD16+) and ncMO (CD144dm

CD16+). Purity of the fractions separated was always maintained above 98%.



3.3 Genomic DNA and RNA double extraction

Sorted samples were pelleted and frozen in RLT Buffer+10% B-mercaptoethanol as
recommended by the kit Allprep DNA/RNA Micro, Mini (Qiagen). After collecting all
the samples, double extraction of DNA and RNA was performed in as few batches
as possible following manufacturer’s instructions. DNA was quantified with Qubit™

dsDNA HS Assay Kit (Invitrogen) and RNA was quantified with Nanodrop.

3.4 DNA preparation

For DNA studies in steady-state, the three subsets from five healthy individuals were
used. In total, 15 samples were modified and hybridized. For the second cohort, the
three monocyte subset samples from 20 patients in the first and second visits as well
as 10 samples from HDs were used; in total, 150 samples were analyzed. For all
samples where possible, 250 ng of genomic DNA were modified with bisulfite with EZ

DNA methylation Gold kit (Zymo Research) following manufacturer’s instructions.

Modified material was hybridized in Infinium MethylationEPIC V.1.0 arrays,
which interrogate around 850 000 CpG positions distributed throughout the genome,
covering more than 99% of the reference sequence (RefSeq) genes. Fluorescence
of the probes was read with BeadArray Reader (lllumina, Inc.) and image processing
and intensity data extraction were performed as previously described 78, Readout
information output is retrieved as a beta value that ranges from 0 to 1 and represents
the methylation level of a particular CpG. Moreover, a detection p-value for each
position is also retrieved indicating the reliability of the measurement. Since these
arrays only accommodate eight samples each, a sample distribution strategy was
devised to mitigate potential batch effects. This was particularly important in the
second cohort which contained more sample variability. With this aim, disease state,
subset, donor’s age and sex, visit number, SLEDAI activity, as well as the time the

sample spent frozen, were distributed in a balanced manner across arrays 7°.



3.5 RNA preparation

For RNA study on the first cohort, monocyte subsets sorted samples from three
different individuals were included, in total 9 samples were sequenced. RNA-seq
library preparation and sequencing were performed by Novogene (Cambridge). Due
to low amount of starting material, Ultra RNA Library Prep Kit for lllumina® was used
for library preparation. Samples were sequenced with 150-basepairs paired-end
protocol with lllumina Novaseq PE150 platform. All samples passed quality control
assessment. RNA sequencing data was annotated with HISAT2 software 189181 and
analyzed with DESeq2 v1.32.0 package 8.

In the SLE cohort, samples from the three monocyte subsets of 13 patients in
the first visit, as well as seven samples from HDs were used. In total, 60 samples
were sequenced in a 100-basepairs paired-end manner. In this case, libraries and
sequencing were performed by BGI Genomics (Hong Kong) with low-input
transcriptome sequencing Smart Seq-based method and DNBseq platform.
Approximately 50 million reads were obtained per sample, and all samples passed
sequencing quality control assessed with FastQC 83, Samples were annotated and
normalized with Kallisto 8 since it is a more optimal method in terms of time and
memory usage. Given that 60 samples were consecutively processed, these assets

were of the essence.

3.6 DNA methylation profiling analyses

Data from DNA methylation studies were analyzed following the pipeline described
for the shinyEpico package . In the end, after removing unreliable probes with
detection p-values above accepted threshold (p-value < 0.01), CpHs (where H = A,
CorT), SNPs and X/Y chromosomes, samples were normalized using noob+quantile
algorithms. Quality control was performed and sample composition was checked with
the function estimateCellCounts from minfi package V.1.42 18; some samples were
removed due to undesired scores in either of the tests. In brief, four samples from
each subset in the first cohort and 137 samples in total for the second cohort were

retained for further analysis.



For differential analysis, beta values were transformed to M values with lumi
package V.2.48 ¥, This logarithmic transformation is crucial to reduce the variability
in variance that is naturally present in beta values, a term known as
heteroscedascticity. The linear model posteriorly applied to identify differentially
methylated positions assumes that the variance of the data is constant, i.e., it
assumes the data to be homoscedastic.

The limma 188 function ImFit was used for statistical analysis. In the generation
of the linear model. Arrayweights argument was selected to weight the samples
depending on their reproducibility. At this point, the analyses performed for the first
and the second cohort were slightly different since they were responding to different

guestions:

e For the first study, three independent contrasts were performed (cMO-iMO,
cMO-ncMO and iMO-ncMO). In all comparisons, samples from the groups
compared originated from the same donor, for this reason the variable donor
was selected as a covariable of the statistical model. eBayes trend and
robust options were enabled in the computation of Bayes statistics. The
objective with this is to further reduce the variability of the variance that is
dependent on the signal intensity or on the methylation value. Differentially
methylated positions (DMPs) were defined as those CpGs with a differential
beta value > 0.2 and adjusted p-value < 0.05 (Bonferroni adjusted) in either
of the comparisons.

e For the second cohort, since the sample group was larger and more
information about potential covariables had been collected, we performed a
preliminary analysis to identify environmental factors with a significant effect
on methylation values. In particular, we analyzed the association of SLE
samples with different types of medication, recent UV exposure, smoking and
alcohol consumption habits, diet and prolonged exposure to environmental
contaminants, stress as well as the use of hormonal contraceptives. The

absence of a significant association led to the exclusion of these factors from



the analysis design. The only covariate clearly associated with differences in
DNA methylation was the monocyte subset. Thus, we decided to perform the
comparisons between HD and SLE samples individually for each subset. In
this analysis, only samples from the first visit were used to avoid biological
replicates. CpGs with a difference in beta value > 0.1 and an adjusted p-value
< 0.2 were considered as DMPs. This more generous threshold was
necessary in order to obtain enough DMPs for a significant posterior
biological interpretation. Reproducibility and reliability of the results were
validated by performing 100-fold permutations of the samples’ distribution
among the groups compared. In only 5% of these permutations the number
of DMPs was higher than that obtained with the original groups. More than
40% of the permutations resulted in a total of 0 DMPs. These results support
the specificity of our DMPs in the sense that the differences described are

strongly associated to the two groups compared: HD vs SLE.

DMPs were grouped into clusters with the function hclust from the stats package
with clustering algorithm parameter method set to average and a distance function

using Pearsons's correlation.

Annotation of CpGs to their closest gene with information about genetic location
was performed with the function annotatePeak from the package ChlPseeker V.1.32
189190 and the annotating dataset TxDb.Hsapiens.UCSC.hg19.knownGene. The
annotation relative to CpG Islands was performed with the package annotatr v1.18.1
1 and the annotation hgl9 cpgs. In this dataset the categories include “CpG

Islands”, “shores” which are defined as 2 kb upstream/downstream of CpG islands,

“shelves” that are 2 kb further from shores and the rest is considered “outside CGI”.

Transcription factor motif enrichment analysis was used to study the prediction
of individual transcription factors binding to the regions neighboring the DMPs. This
analysis uses a database of TF consensus binding sequences to measure the
enrichment of said sequences in the regions englobing DMPs. The study was

performed with HOMER v4.11 %2 software with the function findMotifsGenome.pl,



using a window of either 250 or 500 base pairs around the DMP. The argument —cpg

was used to normalize the CpG% content.

Enrichment analysis of chromatin functional states were performed with public
data from CD14 primary cells from the Roadmap Epigenomics Project 193194, This
data consists of information from 5 histone modification marks that constitute a model
of 15 different chromatin states. Enrichment and significance of the DMPs in each of

these states were estimated by Fisher’s exact tests.

Gene ontology (GO) and pathway analysis of DMPs were performed with
GREAT software package for R rGREAT v2.0.2 191%_|n this, the two closest genes
were used to annotate CpGs to genomic regions with argument rule set to
twoClosest, the version of GREAT was set to 4. GO terms were considered
significant when adjusted p-value < 0.05. All annotated CpGs in the EPIC array were

used as background in all these analyses.

Gene Set Enrichment Analyses (GSEA) were performed with mCSEA package
v1.18 7. This analysis ranks the CpGs according to their methylation difference in
the two compared groups. It then measures the enrichment of a list of positions in
this rank. If the studied positions are equally distributed along the ranking of CpGs it
results in no enrichment. However, studied positions can also be enriched in either
side of the ranking indicating a general methylation status in either of the conditions.
This analysis was only used in the first cohort to study the enrichment of IFN-
response demethylated CpGs in the comparison cMO-ncMO. For this, the probes

were ranked by their t-value in this comparison with the function rankProbes.

In the second study, correlation of methylation and SLE activity as measured by
SLEDAI was performed with a Spearman’s correlation with an estimate threshold of
0.7 and p-value < 0.001.

Plots were generated with ggplot2 %8, gplots V3.1, and gviz 1%.



3.7 Bulk RNA sequencing analyses

After alignment to hg38 and normalization of the data, differentially expressed genes
(DEGS) analyses were performed with DESeg2 v1.32.0 package '82. In the second
cohort, the sample labeled as SLE15 was excluded from posterior analyses due to
having an outlier profile. For both studies, DEGS were defined as protein coding
genes whose statistical analyses resulted in an adjusted p-value < 0.05 and Fold
change (FC) < 0.5 or > 2. DEGs were found by IfcShrink function with Ashr algorithm.
This function performs a shrinkage on the fold changes of the transcripts with low
counts to correct for the higher tendency of showing large inexplicit fold changes in
these. Variance Stabilizing Transformation (VST) values and normalized counts
provided by DESeq2 were used for visualization purposes.

GO analyses were performed with enrichGO function from clusterProfiler
package v4.6.2 2°° with org.Hs.eg.db database v3.16 2°1. Statistically significant and

biologically relevant functions were selected for representation.

Inference of transcription factor activity by enriched regulon analysis was
performed with VIPER 1.26.0 package 2°2. Either DoRothEA 2% dataset A, B and C
or Collection of Transcriptional Regulatory Interactions (CollecTRI) 2°4 were used as
datasets for these analyses. The genes were ranked by their adjusted p-value
combined with the sign of the FC. For the second study, a transcription factor’s
targets score was generated for STAT family members. These were calculated with

the function run_viper from the DoRothEA package 2% and the CollecTRI database
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GSEA was performed with function GSEA from clusterProfiler 2°° with the genes
ranked by adjusted p-value and log2FC. This analysis works similarly to the one
described previously for the DNA methylation section. In this case, it is the genes that
are ranked between the two conditions according to a set of statistical parameters.
The enrichment of a set of genes is analyzed along this rank of genes. Two groups

of gene sets were used for these analyses. On the one hand, public gene sets



containing genes that increase their expression upon IFN stimulation. On the other
hand, original gene sets from the previously defined DMPs were created by
annotating the DMPs to their closest genes with annotatePeak from the ChiPseeker

package 8919,

Plots were generated with ggplot2 198,

3.8 Cell culture

For primary monocyte cell culture, CD14+ monocytes were obtained from PBMCs
from buffy coats by positive selection with magnetic CD14 MicroBeads (Miltenyi
Biotec) following manufacturer’s protocol. Monocytes were resuspended in Roswell
Park Memorial Institute (RPMI) Medium 1640+ GlutaMAX™ (Gibco, ThermoFisher)
and allowed to attach to the cell culture plate. After 15 minutes, the medium was
changed with RPMI containing 10% heat-inactivated human serum (Merck), 100
units/ml penicillin/streptomycin (Gibco, ThermoFisher) and the proper stimulus.
Stimulus consisted in 100ng/ml of IFN-y or 50ng/ml of either IL-12, IL-15 or IL-21

(Peprotech). Samples were collected after 6h or 24h in culture.

3.9 RT-gPCR

Total RNA was extracted from treated samples with Maxwell RSC simplyRNA Cells
kit (Promega) following manufacturer’s instructions. 250ng of total RNA were
reverse-transcribed to cDNA with Transcriptor First Strand cDNA Synthesis Kit
(Roche). gRT-PCR was performed in technical triplicates for each sample using
SYBR™ Green PCR Master Mix (Applied Biosystems), and 7.5 ng of cDNA per
reaction. The primers used for TBX21 sequencing were:
AGGTGTCGGGGAAACTGAG (Forward) and ACCACGTCCACAAACATCCT
(Reverse). The primers wused for housekeeping gene RPL38 were:
TGGGTGAGAAAGGTCCTGGTC (Forward) and CGTCGGGCTGTGAGCAGGAA
(Reverse). The average value from all technical replicate was obtained. Then, the

standard double-delta Ct method was used to determine the relative quantities of



target genes, and values were normalized against the housekeeping gene. Plot was

created with R package ggplot2 1%,

3.10 Western blotting
Proteins HIF-1a, T-bet, STAT1 and p-STAT1 were detected by Western blot

technique. For this, sorted or treated samples were resuspended in Laemmli 1X
loading buffer after two washes with PBS. DNA material from the samples was
broken down by 20 seconds of ultrasonic processing at 60% amplitude to facilitate
sample loading. Sample concentration estimation was measured by calculating the
amount of DNA within the sample with Nanodrop and using it as an indicator of
cellular concentration. Equivalent, boiled and 1:100 beta-mercaptoethanol treated
samples were loaded into 12% SDS-PAGE acrylamide gels. Immunoblotting was
done on polyvinylidene difluoride (PVDF) membranes following standard protocols.
After blocking of the membranes with 5% Difco™ Skim Milk (BD Biosciences) they
were blotted overnight with primary antibodies. Three consecutive 10-minute washes
were performed with TBS-T (50 mM Tris, 150 mM NacCl, 0.1% Tween-20) followed
by 1-hour incubation with HRP-conjugated mouse or rabbit secondary antibody
solutions (Thermo Fisher) diluted in 5% milk in a dilution of 1:10000. Finally, proteins
were detected by chemiluminescence using WesternBright™ ECL (Advansta). The
antibodies and the dilutions used included: Anti-Thet 4B10 (Invitrogen, 1:500), Anti-
STAT1 42H3 (CellSignaling, 1:1000), Anti-phosphorylated (Tyr701) STAT1 58D6
(Cell Signaling, 1:1000), Anti-HIF-1a #3716 (CellSignaling, 1:500), Anti-H3 ab1791
(Abcam, 1:20000) and Anti-GAPDH 14C10 (CellSignaling, 1:10000).

3.11 Single-cell RNA-sequencing analysis and integration

Each study was integrated and expanded with the analysis of a public dataset of

single-cell RNA-sequencing.

o For the first study, an object generated from the PBMCs of an individual with
a homozygous loss-of-function mutation in the gene encoding the

transcription factor T-bet, along with his heterozygous male progenitor was



used (EGAS00001004504 °2%%). Data were loaded with the function
CreateSeuratObject from the Seurat package v4.3.0.1 2%, Good quality cells
were considered as those with a percentage of mitochondrial genes < 20%,
and a number of features < 2500 and > 200. After filtering, myeloid cells were
not re-integrated, the object of 4173 cells was used for clusterization and
annotation.

e For the second study conforming this thesis, we used the dataset
GSE174188 2%7, It contains data from PBMCs from 162 SLE patients and 98
HD. The dataset was initially in a Python processed format and we converted
it to a Seurat object with the function Convert from SeuratDisk. Good-quality
cells were considered as those with a percentage of mitochondrial genes
<15%, a number of counts >1500 and a number of features <3500 and >500.
Analyses were performed exclusively on the myeloid fraction of the total
object. After filtering, myeloid cells were re-integrated (with the parameter
k.weight set to 50), considering batch information. Doublets with T cells and
platelets were removed. An object with 266k cells was obtained and used for
clusterization and annotation. Given the fact that the ethnicities represented
in the bulk RNA-seq dataset were primarily European and Hispanic, for the
bulk integration analyses, these two cohorts were filtered resulting in a final
object with 154k cells.

For Uniform Manifold Approximation and Projection (UMAP) representation, the
functions ScaleData, RunPCA, FindNeighbors, FindClusters and RunUMAP were

used sequentially, with the first 30 dimensions.

Cells from a single-cell object can be grouped together according to their
transcriptomes similarities. This process is called clustering and it depends on the
parameter resolution which decides the granularity of the process. Increased
resolution leads to higher number of smaller clusters. The analysis of several cluster
resolutions allows to better understand how cells resemble and group each other. A

clustering tree is a representation of the clustering results at different resolutions and



how these groups of cells correlate along them. The clustering trees were calculated

and plotted with clustree package v0.5 2%,

In order to annotate cell clusters to particular cell types, the top differential genes
or markers for each cluster were analyzed. Top markers for each cluster were
identified with the function findAlIMarkers with default arguments. GO of top 50
markers was calculated with enrichGO function from clusterProfiler package v4.6.2
200 ysing as background all the genes included in the analysis.

Communication between groups of cells can be inferred based on the expression
of ligand and receptor molecules in the different groups of cells. In single-cell
analyses, Cellchat package v1.6.1 ?® facilitates this process. This package was used
for the inference of cell-cell communication between the clusters of the myeloid
compartment and the rest of compartments of the PBMC object, particularly in the

first study.

Pseudotime analysis in a single-cell object allows the computational placement
of the cells from a continuous biological process in a pseudotemporal trajectory,
based on their progressively evolving transcriptomes. Pseudotime analysis was only
used in the second study of this thesis and its aim was simply to order the cells from
an initial cMO state to a final ncMO one. Through this, we were able to better
understand and represent the changes taking place along the differentiation process.
Pseudotime was calculated with the package monocle3 21%-212, The cells’ feature
displayed throughout the differentiation was the expression score of the STAT1 target

genes that was calculated with the function AddModuleScore from Seurat package
206

Integration between single-cell data and bulk data can also be acquired by
estimation of single-cell cluster representation in the bulk data. With this end, the
software CIBERSORTX 22 creates signature matrices from each cluster defined in a
single-cell object. Later, the proportion of expression of these expression signatures

is estimated on the bulk samples. Statistical inference of the proportions differences



was conducted using a linear model with the function Im and a two-sided Wilcoxon

rank-sum test.






4 RESULTS






The Results section of this thesis has been divided in two parts, each addressing one
of the thesis’ objectives. In the first part, the differentiation process from cMO to ncMO
in steady-state is studied through the analysis of epigenomics and transcriptomics of
monocyte subsets samples from healthy donors. In the second part, the implications
of monocyte subsets in the autoimmune disease SLE are assessed with a cohort that
includes samples from both SLE patients and HDs. The study includes epigenomics
and transcriptomics approaches, as well as an integration with a public single-cell

transcriptomic sequencing dataset.

4.1 PART 1. Epigenomic and transcriptomic changes in monocyte
subsets differentiation

4.1.1 DNA methylation changes associated to interferon-gamma during classical to
non-classical monocyte differentiation
To investigate the regulatory mechanisms leading monocyte subsets differentiation,
we initially purified by flow cytometry the three monocyte subsets (Figure 6A) from
healthy donors following a negative gating strategy similar to those published
previously 20174175 (Figure 6B). Bisulfite modified DNA obtained from the resulting
sorted cells was used to analyze the DNA methylation profiles of the three subsets
by Infinium MethylationEPIC V1.0 bead arrays. The analysis revealed a total of 2625
CpG positions differentially methylated between at least two of the subsets (False
Discovery Rate [FDR] < 0.05 and differential of beta > 0.2) (Figure 6C). Hierarchical
clustering of the methylation patterns at these positions enabled the discrimination of
two distinct clusters. Cluster M1 comprises 1905 differentially methylated positions
(DMPs) that experience DNA demethylation during the differentiation from cMO to
ncMO. Cluster M2 consists of 720 DMPs that undergo gains in DNA methylation from
cMO to ncMO. In both clusters, the iIMO subset displays intermediate methylation

levels between the other two subsets (Figure 6C).

Principal component analysis of the DMPs revealed a higher similarity between
iMO and ncMO than with cMO (Figure 6D). CpGs from both clusters annotated



preferentially to regions outside CpG islands while annotation to CpG islands was
clearly underrepresented in comparison to the background (Figure 6E, left).
Concordantly, annotation to genomic regions showed a clear reduction in promoter
regions representation in both clusters in favor of an increase in distal intergenic and
intron regions (Figure 6E, right). Enrichment analysis of chromatin functional states
showed that DMPs from both clusters were significantly enriched in enhancers as
well as significantly underrepresented in transcription start sites (TSS) and repressed
regions (Supplementary Figure 1A)

Gene ontology (GO) analyses revealed that CpGs from both clusters are
associated to immune response functions such as leukocyte activation or regulation
of immune response. CpGs from cluster M1 were repeatedly associated with myeloid
activation functions. Notably, the ontology terms “response to interferon-gamma" and
“positive regulation of interferon-gamma production” were significantly enriched with
an adjusted P-value < 0.05 exclusively in the DMPs from cluster M1 (Figure 6F).
Among the genes annotated by proximity to these DMPs we found some with a
functional relevance in immunological context such as FLT1, HCK, PRDML1 or
PTGS2 for cluster M1 (Supplementary Figure 1B). Also, CpGs from cluster M2 were
enriched for “positive regulation of fractalkine biosynthetic process” function, which
has been described to be relevant for reducing apoptosis levels in the different
subsets of monocytes. In cMO particularly, it achieves this by reducing intracellular
levels of reactive oxygen species (ROS) 24. Some example genes annotated to these
DMPs were SPI1, TLE1, ITGB7 and SBNO2 (Supplementary Figure 1B).

Transcription factor (TF) binding motif enrichment analysis of the regions
surrounding the identified DMPs showed a clear representation of known myeloid
lineage TFs. For example, cluster M1 presented an overrepresentation of factors
such as PU.1 and KLF4 215216, a5 well as several interferon regulatory factor family
members. In cluster M2 we observed a redundant representation of CEBPs 2% as
well as NFIL3 217 have previously been described to play a crucial role in myeloid

lineage and differentiation.
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Figure 6. Epigenetic differences of monocyte subsets at steady-state. A. Graphical
representation of the differentiation model of monocyte subsets in the bloodstream. cMO is
classical monocytes, iMO is intermediate monocytes and ncMO non-classical monocytes. B.
Flow-cytometry gating strategy for the acquisition of monocyte subsets. C. Heatmap plot and
cluster analysis (left) of the differentially methylated positions (DMPs) between at least two
monocyte subsets (FDR < 0.05, differential of beta > 0.2). The color annotation of the lateral
bar represents the association with cluster M1 in blue (loss of methylation in the differentiation
from cMO to ncMO) or cluster M2 in red (gain of methylation in the differentiation). Violin plots
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(right) of the DMPs normalized methylation values separated by cluster association. D.
Principal component analysis of the methylation values of the DMPs. First and second
components are represented. E. Genomic annotation proportion of DMPs from each cluster
in relation to CpG Islands (CGl, left) or gene related regions (right). F. Gene ontology terms
associated with the DMPs in each cluster. Bar length represents log-transformed binomial q
values of the term enrichment. Bar color correlates with the term’s fold change (FC). For
visualization purposes, color scale has been truncated after 10 but FC of “Positive regulation
of fractalkine biosynthetic process” is 256 and that of “Neutrophil mediated killing of
bacterium” is 43.38. G. TFs significantly enriched by the motifs discovery analysis by HOMER
of the regions surrounding the DMPs from each cluster.

It is interesting to note that many of the TFs enriched in both clusters. However,
different TFs appear to have major roles in the different subsets. Importantly,
interferon regulatory factors (IRF) such as IRF1, IRF2, IRF3 and IRF8 were enriched
only in cluster M1 indicating, again, a potential demethylation-associated activation
of the pathways regulated by interferon in the positions associated with
demethylation in ncMOs (Figure 6G). Together, these results reinforce the idea that
the three monocyte subsets are both part of a continuous differentiation process and,

at the same time, different enough to deserve individual characterization.

4.1.2 Transcriptomic reprogramming from classical to non-classical monocytes
unveils antagonistic roles for HIF-1a and T-bet
We further characterized the three monocyte subsets by profiling their
transcriptomes. RNA-sequencing analysis of the paired subsets from three healthy
donors revealed a behavior similar to that already observed in DNA methylation. That
is, cMO and ncMO exhibited the most distinct profiles, while iMO displayed an
intermediate phenotype. In particular, 3035 genes presented differential expression
between at least two of the subsets (differentially expressed genes, DEG, adjusted
P-value < 0.05 and Fold change (FC) < 0.5 for downregulated or > 2 for upregulated)
(Figure 7A, Supplementary Figure 2A). Specifically, 1617 genes had decreased
expression levels in the differentiation from cMO to ncMO (cluster E1), while 1412

DEGs showed increased expression levels (cluster E2).

GO analysis of the DEGs showed that cluster E1 genes (overexpressed in cMO)

were enriched for pathways related to functions previously described for cMO subset.



Response to bacterium, response to lipopolysaccharide or angiogenesis were among
the GO terms enriched in this cluster. Cluster E2 genes, on the other hand, were
enriched in functions repeatedly related to T cell activation and cell-cell adhesion
which is also concordant with previously described functions for the ncMO subset
(reviewed in 2° and #8). Interestingly, in agreement with the analysis of ontology terms
of the DNA methylation data, interferon gamma-production related terms appeared
significantly enriched in cluster E2 (Figure 7B).

Using DoRothEA’s datasets (Discriminant Regulon Expression Analysis 2°%) we
predicted TFs activity through the expression of their target genes (Figure 7C) in the
differentiation from cMO to ncMO. This analysis identified Hypoxia Inducible factor 1
(formed by a heterodimer of HIF-1a and ARNT) and PU.1 (SPI-1) as the TFs with the
highest activity in cMO. PU.1 is a key regulator of monocyte differentiation, also
predicted by motif enrichment analysis of CpGs hypomethylated in cMO (Figure 7G,
cluster M2). HIF1 is a crucial factor that regulates cellular response to low oxygen
concentrations or hypoxia. Also in monocytes, HIF-1a regulates many aspects of the
cell's phenotype and metabolism under these stress conditions ?'8. The observed
decrease in HIF-1 regulons, as well as the expression of the factors themselves
(Figure 7D and Supplementary Figure 2B), could potentially be explained by the
increase in oxygen concentrations encountered by monocytes during their
differentiation process. In the bone marrow, where cMO originate, there is less than
5% of oxygen concentration. In the bloodstream cMO only spend 24h, during which
the oxygen concentration varies between 12-20%. Conversely, ncMOs have resided
in the bloodstream for approximately 10 days, during which they never encounter
hypoxic conditions 2%°220, Therefore, it is expected that cMOs have a phenotype
adapted to hypoxic conditions, regulated by HIF1, which is lost during the
differentiation towards ncMOs. Other TFs that appear to have an enriched activity in
cMO based on the differential expression between cMO and ncMO include NF-kB,
AhR and MAFB. These TFs are very important for the activation of monocytes under

different conditions.
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Figure 7. Transcriptomic profile of monocyte subsets at steady state. A. Heatmap plot
and cluster analysis (left) of differentially expressed genes (DEGs) between at least two
monocyte subsets (FDR < 0.05, fold change < 0.5 or > 2). The color annotation of the lateral
bar represents the association with cluster E1 in orange (downregulated in ncMO) or cluster
E2 in red (upregulated in ncMO). Violin plots (right) of the DEGs normalized values separated
by cluster association. B. Gene ontology terms associated with the DEGs in each cluster. Bar
length represents log-transformed binomial g values of the term enrichment. Bar color
correlates with term’s fold change (FC). C. Bar plot of the TFs with the highest predicted



activity based on their target genes in each subset in the comparison cMO-ncMO as predicted
by DoRoThEA. Color represents normalized enrichment score (NES) of each TF. D. Boxplot
representation of the expression of HIF-1a and TBX21 genes in each monocyte subset. E.
Representative western blot of the expression of HIF-1a and T-bet in the sorted monocyte
subsets. F. Dot plot of the correlation between the differences in methylation in the DMPs and
the differences in their associated genes in DEGs. Color represents the position of the CpG
in the gene context. G. Graphical representation of the methylation status of the CpGs
surrounding TBX21 gene. Statistical significance: * is p-value < 0.05. Two-tailed Wilcoxon’s
test (D).

Interestingly, regulon analysis of the ncMO transcriptome revealed the
participation of SNW1-associated protein 4 (SNAPC4), a factor relevant for mRNA
splicing, T-box TF TBX21, a well-known lineage defining TF from naive Th precursors
to Thl 22! and a Max-binding protein from the network Myc/Max/Mad called MNT.
Considering these results, reports associating ncMOs with T cell regulation and
communication and given that TBX21 is the only one among the top predicted TFs
to exhibit differential expression between cMOs and ncMOs (see Figure 7D and
Supplementary Figure 2B), we decided to further investigate the role of TBX21 in this

differentiation process.

TBX21 encodes the TF known as T-bet. This TF is preferentially expressed in T
cells and NK cells. In fact, previous studies showed that it is not expressed in
monocytes at basal state, but its expression can be induced upon treatment with IFN-
y 2?2, Other studies indicate that it is overexpressed in human M1 macrophages 223.
TBX21 was shown to be significantly overexpressed in ncMO in comparison to cMO
in our transcriptomic data (Figure 7D). These results were validated at the protein
level, indicating a potential contribution of T-bet in ncMO, and maybe in iMO, that
would be differential to cMO (Figure 7E). The antagonistic activity of HIF1 and T-bet
in the subsets was also validated by the differential expression of most of their known
target genes (Supplementary Figure 2C), suggesting a contribution of these factors

to the differential transcriptome of the monocyte subsets.

We then performed an integration of our DNA methylation and expression data

to test whether DNA methylation can regulate gene expression in our datasets. A



significant inverse correlation was seen between DMPs-associated genes by
proximity and DEGs (P-value = 3.92e-13, correlation coefficient [r] = - 0.262) (Figure
7F). Genomic context of the DMPs has been proved to be an important factor to
consider when studying its impact in gene expression regulation 2?4, For this reason,
we studied correlation in each of the tiles we use to divide genomic annotations. Only
promoter and intronic associated DMPs showed significant correlation with their
annotated gene’s expression (promoters: P-value = 7.576e-9, r = - 0.3961, see
Supplementary Figure 2D for example genes; introns: P-value = 2.771e-8, r = -
0.3164). Considering this, we studied the methylation status of the CpGs proximal
to HIF1l-a and TBX21 genes. Many of them showed significant differences in
methylation (p-value < 0.05) indicating that the differential expression of these factors

might be regulated at the epigenetic level (Figure 7G and Supplementary Figure 2E).

4.1.3 T-bet as an important TF for the differentiation from cMO to ncMO

Based on our results, which highlight the significance of the TF T-bet in the
transcriptomic profile of ncMO (Figure C, right panel) and the ontology terms relating
this transcriptomic profile to that of T cell activation (Figure 7B, cluster E2), we
hypothesized that T-bet might have a role in the differentiation from cMO to ncMO.
T-bet can be induced by a variety of extracellular signals. In NK cells, it has been
proven to be induced in response to cytokines such as IFN-y, interleukin-12 (IL-12),
IL-15 or IL-21 (reviewed by Huang et al in 22°). To test whether monocytes were
equally responsive to these stimuli in terms of induction of T-bet, we performed
stimulations of monocytes in vitro for 6 and 24 hours (Figure 8A). Our results showed
that T-bet in monocytes is mainly induced in response to IFN-y, both at the mRNA
(Figure 8B) and protein (Figure 8C) levels, which is in agreement with previous
results 222, The mRNA increase is higher at 6 than 24 hours while the protein increase
is more pronounced at 24 hours. Moreover, this induction probably takes place
through the IFN-y canonical pathway, which involves STAT1 phosphorylation (Figure
8C).



Taking advantage of available high throughput public data of the response of
monocytes to IFN-y, we studied whether part of the differentiation process from cMO
to ncMO could be explained by this stimulus. In terms of DNA methylation, we used
the data from GSE134425, where they stimulated PBMCs with several stimuli for the
posterior analysis of the methylome of the sorted stimulated monocytes. In this study,
they tested three stimuli: IFN-y, IFN-a and TNF-a. By comparing their results to our
data, we observed that ncMO are significantly more similar to the stimulated samples
in all instances. In this regard, the positions that become demethylated in either of
the three stimuli also display demethylation in ncMO. This is particularly relevant for
IFN-y (Figure 8D, E). Unexpectedly, this was not the case for expression data. For
this analysis, we made use of the data from GSE130567 where they compared the
effect of IFN-y to primary monocyte-derived macrophages. In this case, we found that
the genes significantly upregulated during this stimulation were significantly more
expressed in cMO than in ncMO (Figure 8F, G). From these analyses, we conclude
that ncMO have an epigenetic profile similar to stimulated monocytes. However,
transcriptomically their phenotype is not as straightforwardly explained as an

individual stimulus response.
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Figure 8. Induction of T-bet in monocytes. A. Graphical representation of the different
stimuli used for the induction of T-bet expression in monocytes. B. Barplot representation of



TBX21 mRNA expression levels upon stimulation with the various molecules. Data is
normalized to housekeeping gene RPL38. C. Representative western blot of induction of T-
bet and STAT1 protein levels upon stimulation with various molecules. D. Gene Set
Enrichment Analysis (GSEA) of CpGs with demethylation associated to IFN-y stimulation of
monocytes in the dataset GSE134425. Analysis performed within the differentiation from cMO
to ncMO. E. Violin plot representation of the methylation status of the CpGs used for GSEA
analysis in D. F. GSEA analysis of the genes with upregulation in the treatment of monocyte-
derived macrophages (M1) with IFN-y in the dataset GSE130567. Analysis performed within
the differentiation from cMO to ncMO. G. Violin plot representation of the expression of the
genes used for GSEA analysis in F.

4.1.4 T-bet deficiency affects the whole monocyte compartment

To investigate the role of T-bet in the monocyte compartment, we investigated the
impact of a homozygous mutation in T-bet in an individual in comparison to a
heterozygote male progenitor, used as a control, by inspecting the single-cell RNA-
seq datasets from their peripheral blood (Figure 9A) 2%. The affected individual
suffers from Mendelian susceptibility to mycobacterial disease, which was directly
attributed to the indel variant in homozygosity in the TBX21 sequence, replacing two
amino acids that are highly conserved across species. This causes a loss-of-function
allele that, although allows expression of T-bet itself, is unable to induce the
expression of its target genes. The first effect we observed at the single-cell RNAseq
level was a variance in the proportions of different cell types between the affected
individual and his control progenitor (Supplementary Figure 3A). As expected, there
is a marked reduction in the contribution of the mutant individual on CD8 Naive T
cells and NK cell populations. These are two cell types where T-bet factor is known
to be crucial for their development 225227, More surprisingly, we discovered an equal
reduction in the myeloid compartment, suggesting a role for this factor to the proper

development of this lineage as well.

By focusing on the deficient myeloid compartment, we identified clusters of cells
with a transcriptomic signature similar to that observed in our bulk RNA-seq analysis.
The cMO and ncMO signatures were defined as the top 200 genes with the lowest
p-value in the comparison between the two subsets, in each direction of fold change.
These signatures identified a region of the object clearly expressing ncMO signature,

while the vast majority of the myeloid compartment was more enriched for the cMO



signature (Figure 9B). Interestingly, this region forms a distinct cluster that
differentiates from the rest of the myeloid compartment even at very low resolutions,
and it is notably less abundant in the affected individual compared to the control
progenitor (see Figure 9C). Additionally, there is another cluster of cells in the cMO
region that becomes apparent at higher resolution and is also deficient in the mutant

individual.
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Figure 9. Integration and exploration of single-cell RNA-seq dataset containing a
homozygous mutant for TBX21l. A. Schematic representation of the genealogical
circumstances of the samples used for single-cell RNA-seq analysis 2%°. The samples used
were the homozygous mutant progeny and the heterozygous male progenitor. B. Uniform
Manifold Approximation and Projection (UMAP) representation of the myeloid compartment.
Cell color represents the score combination for the cMO and ncMO signatures generated from
the top differentially expressed genes in the RNA-seq bulk dataset. C. Representation of
unsupervised clustering results at different resolutions of the myeloid fraction of PBMCs from
the single-cell RNA-seq dataset EGAS00001004504. The node internal color represents the
percentage of T-bet mutant’s contribution to each cluster. The node external color represents
the cMO and ncMO signature score of the cluster. The transparency of the edge shows the
incoming node proportion. D. Bar representation of the TFs with the highest predicted activity
of control vs mutant cells based on their target genes as predicted by DoORoThEA. Bar length
represents the normalized enrichment score (NES) of each TF. Circle color represents the



logarithm of the adjusted p-value. E. UMAP representation of HIF-1a and T-bet target genes
expression in the myeloid compartment of the control (top row) and affected individual (bottom
row). F. Circle graph representation of CellChat’s estimated cell-cell communication between
the ncMO cluster of cells and the rest of cells in the single-cell object.

We then performed a discriminant regulon expression analysis between the
control and the affected individual in the whole myeloid compartment with the
DoRothEA dataset 2% (Figure 9D). This analysis revealed that one of the top TF
responsible for the differences was HIF-1a. This suggest that the deficiency of T-bet
activity also affects the proper activation of the HIF-1 pathway so that in the absence
of T-bet there is also a reduction of the expression of HIF-1a target genes (Figure 9E
and Supplementary Figure 3B). Other TFs that appeared to be negatively altered in
the absence of T-bet involved the NF-k3 pathway with components such as NFKB1,
RELB and RELA. This pathway is very tightly associated with HIF signaling in

macrophages 228.

Finally, we studied what impact could T-bet dysfunction have on the phenotype
of these monocytes. To this end, we studied the predicted interactions they would
have with the rest of the immune cells. We focused our study on the effect T-bet
deficiency has on the ncMO-like cluster of cells, due to our demonstration in bulk of
T-bet expression in cells with this transcriptomic profile. For this analysis, the myeloid
object was divided into several clusters that were annotated based on their top
differential markers and the functions enriched within them (Supplementary Figure
3C-E). By using CellChat software 2%, which explores cell-cell communication based
on the expression of ligand-receptor pairs, we identified a few cell communication
pathways that were altered in the individual carrying the homozygous mutations. In
particular, the affected individual's ncMO cells expressed higher levels of CCL
signaling pathways receptors, making them more susceptible to receiving this type
of signaling from a broad plethora of immune cell types. This includes a potential
positive feedback loop among themselves. On the other hand, these affected ncMO
appeared to have fewer levels of TNF signaling than their control counterparts,

making them less able to respond to this inflammatory signaling (Figure 9F and



Supplementary Figure 3F). Interestingly, one of the pathways responding to TNF
signaling is the canonical NF-kB pathway 22°230 which would correlate with the
previous analysis where multiple components of this signaling pathway were altered

in the comparison between the control and the affected individual.



4.2 PART 2. Epigenomic and transcriptomic changes in monocyte
subsets in SLE

4.2.1 Monocyte subset-specific DNA methylation profiles in SLE reveal a divergent
shift in their epigenetic programs

We collected peripheral blood samples from 20 patients with SLE during their initial
hospital visits due to a flare episode of the disease or an increase in their symptoms.
Subsequently, we collected new blood samples from these same individuals during
their follow-up visits to the doctor. These follow-up visits occurred within a period
ranging from 1 to 24 months after the first visit, with 15 patients achieving remission.
Additionally, we collected blood samples from 13 age-matched and sex-matched
HDs (Figure 10A,B). Blood samples were processed for the isolation of the three
monocyte subsets through a flow cytometry cell sorting strategy similar to previously
published studies °°174175_In brief, after obtaining the monocytic fraction by negative
selection, monocyte subsets were separated based on the surface expression of
CD14 and CD16 (Figure 10A).

The percentages of the obtained monocyte subsets were analyzed, revealing a
significant increase in the proportion of iIMOs in patients with SLE. Notably, this
difference appeared to be more pronounced in patients with low disease activity
(SLEDAI 6). The proportion of ncMOs also exhibited differential trends between these
two groups of patients, once again showing relatively higher levels in patients with
low disease activity (Figure 10C). This finding was consistent with previous reports,
which have indicated an increase in CD16+ monocytes. The association of these
results with disease activity could help explain the disparity observed in previous
reports, where some describe an increase in iMOs 88 while others reported an

increase of ncMQOs 9091,
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Figure 10. Epigenetic profiles of monocyte subsets in SLE. A. Schematic representation
of the cohort studied and the acquisition of the monocyte subsets. B. Summary table of the
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cohort characteristics. C. Boxplot representation of the percentage of monocyte subsets
within the monocyte fraction of PBMCs. Contains all samples collected, including second
visits of SLE samples. Low activity are samples with SLEDAI of 5 or lower, high activity are
samples with SLEDAI of 6 or higher. Statistics performed with two-tailed Wilcoxon test. D.
Heatmap representation of the 499 differentially methylated positions (DMPs) in either of the
pairwise comparisons between SLE and HD samples from each subset, only first visit
included. E. Summary violin plot representation of the first four clusters of DMPs. In grey, HD
samples; in pink, SLE. F. lllustrative examples of two individual DMPs from the first four
clusters. In grey, HD samples; in pink, SLE. The color of the CpG name represents the cluster
it belongs to. G. Motif enrichment analysis of the sequence englobing the DMPs. H. Gene
Ontology enrichment results of the genes annotated closest to the DMPs from the first four
clusters.

We subsequently generated the DNA methylation profiles of cMOs, iIMOs and
ncMOs from both the SLE patient and HD cohorts. Our analysis revealed unique
differences in DNA methylation patterns among the different monocyte subsets when
comparing patients with SLE with HDs. Only the first visits of SLE samples were used
in the upcoming analyses to avoid potential biases from biological replicates.
Specifically, with an absolute differential of beta value >0.1and an FDR <0.2, cMOs
displayed 289 DMPs, iMOs exhibited 118 DMPs and ncMOs had 201 DMPs (Figure
10D). These produced a total of 499 unique DMPs, with some overlap between
monocyte subsets. These DMPs were then grouped into seven clusters (M1-M7),
based on the DNA methylation levels of the different samples. We identified clusters
of DMPs exhibiting a similar behavior across all monocyte subsets and clusters of
DMPs displaying a distinctive profile in one of the subpopulations (Figure 10E and
Supplemental Figure 4A). For instance, cluster M1 consists of 126 DMPs that are
hypomethylated in SLE compared with HD across all three monocyte subpopulations.
Examples of these DMPs include CpGs annotated to IFN-related genes, such as
IFIT1 and IF144L (Figure 10F). Cluster M2 (41 DMPs) annotate to genes that have a
more drastic hypomethylation in cMOs than in both iIMOs and ncMOs when
comparing HDs versus SLE (Figure 10D,E). It is the case of genes like ZMIZ1, a
member of the protein inhibitor of activated STAT protein family, and OTUD1, a
deubiquitinase related to TNF and IFN signaling 23! (Figure 10F). Remarkably, cluster
M3 (15 DMPs) corresponds to positions hypomethylated in SLE ncMOs in

comparison with HD ncMOs (Figure 10D,E). Examples include those annotating at



genes like Krupple-like family transcription factor (TF) KLF6, which has been related
to the aryl hydrocarbon receptor pathway, and PTPN2 (Figure 10F). Cluster M4
contains 58 DMPs that demethylate in the differentiation from cMOs to ncMOs and
that in SLE iMOs are more advanced in the demethylation process than their HD
counterparts (Figure 10D, E). Examples of DMPs in the M4 cluster include those
annotating to PDE4B, which encodes a key element for the monocyte’s response to
LPS 232 and PIK3RS5, which encodes a regulatory subunit of PI3K complex, relevant
for several immune functions in monocytes including cytokine release and adhesion
233-235 (Figure 10F). The remaining clusters from M5 to M7 (127, 93 and 11 DMPs)
were characterized by hypermethylation in SLE in comparison with HDs, being
cluster M5 the predominant, with similar hypermethylation levels for all monocyte
subsets (Supplemental Figure 4A,B). The analyses of differentially methylated
regions (DMRs) produced overlapping results with 60, 27 and 41 DMRs in cMOs,
iMOs and ncMOs, respectively (data not shown). In summary, these results suggest
that dysregulation of DNA methylation in SLE affects monocyte subsets in different
ways. Since iMOs derive from cMOs and ncMOs from iMOs, one can interpret that
some determinants in SLE pathology are affecting the differentiation process at the

DNA methylation level.

Annotation of the DMPs to the genome in relation to CpG islands showed
different patterns in various clusters (Supplemental Figure 4C). For instance, clusters
M1 and M3 showed an enrichment in CpGs annotated to shore regions in comparison
with the background. In contrast, the remaining clusters presented a higher
representation of positions outside CpG islands. In parallel, annotation of the DMPs
in relation to the gene location also separated cluster M1 from the rest (Supplemental
Figure 4D). This showed a significant and marked representation of promoter regions
encompassing more than 60% of the DMPs in this cluster. Cluster M3 also showed
a high representation of promoter regions as well as exons. The remaining clusters
showed a more homogeneous representation with similar region percentages to

those present in the background. This highlights the common behavior of the subsets



in demethylating promoters, while subset-specific changes appear to participate in

more complex regulatory processes.

TF-binding motif enrichment analysis in the regions surrounding DMPs showed
that the different clusters exhibit significant enrichment for a wide range of TFs
(Figure 10G, Supplemental Figure 4E). For instance, DMPs from cluster M1 are
enriched for binding motifs of several STAT TFs, indicating their relation to immune
cell activation pathways. Additionally, approximately 80% of DMPs from cluster M2
(hypomethylated in cMOs from patients with SLE) presented a significant enrichment
for TFs of the Fos and Jun family. These have been associated with monocyte-to-
macrophage differentiation and activation 236, as well as with other inflammatory
diseases such as rheumatoid arthritis (reviewed in Zenz et al 2%7). We were
particularly interested in DMPs from cluster M3 because they are hypomethylated in
SLE ncMOs, less studied than cMOs. DMPs from cluster M3 presented an
enrichment for the consensus sequence of RORy, which is a TF involved in Th17
differentiation 228, This factor has also been described in a subset of monocytes which

is associated with IL-17 production in pathological conditions 2%,

We also performed GO analyses of the genes associated with these DMPs.
Hypermethylated DMPs in SLE in comparison with HDs in either cMOs or ncMOs
were associated with metabolic synthesis and degradation of several compounds
such as ‘spermidine biosynthesis process’ or ‘allantoin metabolic process’
(Supplemental Figure 4F). Notably, the polyamine spermidine has been previously
described to be present at decreased concentrations in the plasma of patients with
SLE 240, Also, allantoin is the product of uric acid non-enzymatic oxidation. Urate may
be found at elevated levels in the serum of patients with active SLE where it facilitates
the activation of inflammatory pathways, particularly in those with kidney damage 4.
On the other hand, DMPs that lose methylation in SLE compared with HDs in either
cMOs or ncMOs were annotated to genes related to immune system activation.
DMPs exhibiting hypomethylation in cMOs were strongly associated with ‘type | IFN

signaling pathways’, a proinflammatory group of cytokines that are a key player in



SLE development and pathogenesis. This is consistent with previous results

describing significant hypomethylation in IFN pathways in SLE immune cells

77,150,161,242,243

We also conducted GO enrichment analysis of these positions when clustered
in an unsupervised manner as depicted in Figure 10D (see Figure 10H, Supplemental
Figure 4G). The results showed that DMPs in cluster M1, which are hypomethylated
in SLE in all three monocyte subpopulations, strongly associated with type | IFN
response pathways consistent with our previous analysis. Notably, cluster M3, which
exhibited significant hypomethylation in SLE within the ncMO subset, was associated
with pathways typically associated with T cells and pathways related negatively to
monocyte differentiation to macrophages. This highlights once more the distinct

involvement of ncMOs in SLE.

4.2.2 Monocyte subset-specific transcriptomic alterations in SLE

We then performed RNA-seq analysis of 60 samples, comprising the three monocyte
subsets of 13 patients with SLE during their first visit and 7 HDs. The analysis
revealed 2805 DEGs in cMOs, 1916 in iMOs and 1287 in ncMOs s (FDR < 0.05 and
log2FC > 1 or <-1). In general, the majority of DEGs corresponded to genes with
higher expression levels in SLE compared with HDs (Figure 11A, B). Also, most
changes presented a similar behavior in the three monocyte subsets, although a high
percentage of the total DEGs did not reach statistical significance in ncMOs (Figure
11B). DEGs were divided into seven main clusters (E1-E7) in an unsupervised
manner based on their expression levels (Figure 11B, C and Supplemental Figure
5A). DEGs in E1 (986 DEGs) and E2 (631 DEGSs) corresponded to genes that
showed increased expression in SLE versus HDs in all subsets, with a more
pronounced effect in cMOs. Notably, genes in cluster E2 displayed a progressive
decrease in expression during the differentiation from cMOs to ncMOs. In cluster E3
(151 DEGS), genes showed similar expression levels in the three monocyte subsets
in HDs and a similar upregulation in the three subsets in patients with SLE. In cluster

E4 (70 DEGSs), genes were downregulated during differentiation from cMOs to



ncMOs but had a particular increase in expression in ncMOs of SLE. Cluster E5 (971
DEGs) and E6 (375 DEGs) showed a loss of expression in the three subsets in SLE.
Finally, cluster E7 (322 DEGSs) showed a parallel increase in expression during the
differentiation from cMOs to ncMOs in both HDs and SLE.

Some genes with a unique behavior in one of the subsets are represented in
Supplemental Figure 5B. Among these, CD58 and IL18R1 displayed a marked
upregulation in cMOs from SLE. CD58 is a molecule expressed in the cell surface of
monocytes, playing a crucial role in immune synapsis formation with CD2-expressing
T and natural killer cells 2*4. Dysregulation of this axis, characterized by aberrant
expression of CD58, has been previously linked with several autoimmune diseases
including rheumatoid arthritis 245246, On the other hand, the proinflammatory cytokine
IL-18 has increased levels in the serum of patients with SLE 247 and the expression
of IL18R in myeloid cells has been linked with their ability to migrate and be recruited
to the site of inflammation 248, The TF IRF4, which we found specifically upregulated
in SLE iMOs, is expressed in myeloid cells upon stimulation with IFN-f and it induces
their activation and differentiation 24°. ITGA9, associated with infiltration and migration
in macrophages 2%, was found to be especially upregulated in iMOs from patients
with SLE, indicating a potential migratory phenotype. In the case of ncMOs, IFIH1
and TLR10 were found to have specific differential expression in this subset,
indicating a proinflammatory phenotype. IFIH1 expression leads to a strong
inflammatory response involving IFNs, a pathway known to be dysregulated in SLE
251 In the case of TLR10, its expression in monocytes is linked to a suppression of
their activation capacity and their ability to activate T cells 2%2. In this case, ncMOs
from HD increased their TLR10 expression in comparison with cMOs, but this
increase was not present in the patients with SLE which makes them more prone to

this interaction than in physiological conditions.

GO analyses revealed enrichment of biological functions similar to those
obtained for DNA methylation (Figure 11D and Supplemental Figure 5C). Clusters of

DEGs that gain expression (clusters E1-E4) are primarily associated with immune



Results
response functions. For clusters E1 and E2, particularly upregulated in cMOs,
functions related to ‘leucocyte migration’ and ‘response to chemokine’ are prevalent.

A -
Mo iMO ncMo

91 41087 DEGs =" ® AMT18DEGs | V733DEGs AM183DEGs |°°] V478 DEGs /809 DEGs
.

D E F
FOSL1
IgA binding
5 [ ® wra{ @ @ o 00012 0.0098 0.25
g myeloid cell ntiation 12 i
S |  tumor necrosis factor production JUN - @ () ] I:r|
10
M%nmplex assembly !‘5 ﬁ Ei'
CREBT1 | >
leukocyte migration ° ° o 8 43 [ §
. v o . I i
m response to lipopolysaccharid, % 13l
5 cellular response to i in-1 sP1 4 (¢] ° ° NES 8 E‘E -8
S positive regulation of NE-kB transcripfion factor activity FC I : 2
myeloid cell differeniation 15 NFKB1 - o ° o o oMo Mo ncMo
T 10 a
S i 5 EGR1{ @ ° ° RORC
negative regulation of tumgr necrosis factor production
FDR
primary lysosome 065 071 038
STATSA | o ° ° >005 04 T .
posifive regulation of i production © D005tote”
posi\ivemq\laﬁmd'rfllcﬁv-ﬁm O tedtotes
STAT3 2 b e O te’1e® 85 H
edl-eeljuneﬁan%ﬁw’ i O o, § 8
primary lysosome FOXO03 ° o ® $ jz
defense response fo Gram-negative bacterium 6.0 ’
—‘ 8 ®
tumor necrosis fagtor production SMAD2 - o B &
reguiation oﬂ\.lv\gf necrosis factor production 55
T T MO MO neMO
° 5 10 15 MO MO neMO.

-iog,, (p-value)

Figure 11. Transcriptional patterns of monocyte subsets in SLE. A. Volcano plot of the
differentially expressed genes (DEGS) in each pairwise comparison between SLE and HD
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from each subset of monocytes. Labels in black annotate highlighted DEGs common in the
three comparisons. Labels in color annotate highlighted DEGs unique to the respective
subset. B. Heatmap representation of the DEGs from the pairwise comparisons between SLE
and HD in either of the subsets. C. Summary violin plot representation of the first four clusters
of DEGs. In grey, HD samples; in pink, SLE. D. Gene Ontology enrichment of the first four
clusters of DEGs. E. Dotplot representation results of Virtual Inference of Protein-activity by
Enriched Regulon analysis. It displays the top 10 transcription factors predicted to have more
activity in SLE samples compared with HD samples, individually in each subset. F. Expression
of highlighted transcription factors resulting from the motif enrichment analysis of DMPs. In
grey, HD samples; in pink, SLE. Statistics performed with two-tailed Wilcoxon test.

Also, pathways of response through TNF, IL-1 and NF-kB were highly represented
among the genes from these clusters. IFN production and MHC-I signaling are
predominant among the functions derived from genes from cluster E3. Cluster E4,
similarly to cluster E2, showed functions related to TNF production and response to
bacteria molecules. For the clusters of genes undergoing downregulation, we
observed enrichment in functions related to autophagy (cluster E5), probably related
to the deficit of clearance of autophagocytic residues in SLE 253, In cluster E6, genes
related to several metabolic pathways and to the production of IL-12, a
proinflammatory cytokine produced by myeloid cells downregulated by treatment with

corticosteroids 25425, could lead to a T cell switch towards Th17 population 2.

TF involvement was inferred from the gene expression of their targets using
VIPER 2%2, The TFs with the highest predicted activity in SLE in each of the subsets
are shown in Figure 11E. These results were consistent with the observation that the
overall transcriptomic profile in SLE is relatively similar among monocyte subsets.
HIF-1a is the most significantly enriched TF in each of the subsets. This TF has been
tightly linked with TNF-a signaling and inflammatory autoimmune responses
(reviewed in Tang et al 2°7). SLE monocytes are in a highly activated state, as also
indicated by the enrichment of NF-kB, STATs or EGR1 regulons. NF-kB can be
activated through TLR signaling or by uptake of micro particles in SLE becoming a
therapeutic target 2°8-260, EGR1 has also been shown to be associated with

inflammatory responses in monocytes 26,



In parallel, we inspected whether the TFs whose binding motifs were enriched in
the different DMP clusters (Figure 10G and Supplemental Figure 4C) were also
differentially expressed between the populations. This is the case for several of the
factors (Figure 11F and Supplemental Figure 5D). For instance, cluster M2 DMPs
were clearly enriched for consensus sequences of the family of TFs Fos-Jun. FOSL1
is one of the key members of this family and is differentially expressed in cMOs
between HDs and SLE, but not in ncMOs, showing a similar behavior to the DMPs
from this cluster. In the case of cluster M3 of DMPs, where only one TF, RORY, is
significantly enriched in the sequences surrounding the CpG positions, its expression
is not differential between HDs and SLE in any of the subpopulations. However, it
has a clear upregulation between cMOs and hcMOs (Figure 11F), suggesting a more
prominent role in the transcriptome regulation of the latter. Other interesting TFs that
present differences among the subpopulations include STAT4, ATF3, NR4AL (Nurr7)
and IRF4 (Supplemental Figure 5D).

To further investigate the correlation between the epigenomic and transcriptomic
profiles of the samples, we performed a GSEA of the genes annotated by proximity
to the DMPs from each individual subpopulation (Supplemental Figure 5E, F). The
results revealed that the genes annotated to the DMPs from the cMO subset are
significantly more enriched in transcriptomic profiles of cMOs from HD samples, in
comparison with the SLE samples. Interestingly, cMO’s DMPs were also enriched in
the iIMOs from HD samples, possibly due to the short lifespan of cMOs before they
differentiate to iMOs which may cause cMQ’s epigenomic profile to influence iIMO’s
transcriptomics. ncMO’s DMPs did not reach statistical significance threshold for

correlation, but they showed a tendency to be more enriched in the SLE samples.

4.2.3 DNA methylation changes correlate with SLE activity and progression

We and others have previously shown that the DNA methylation profiles of immune
cells correlate with activity index in rheumatoid arthritis 262-264 and in SLE 2%°. To test
this potential relationship in the different monocyte subsets, we performed

Spearman’s correlation between the SLEDAI of the patients at their first visit and their



DNA methylation profiles of the three monocyte subsets. We found 823 CpGs in
cMOs, 683 in iIMOs and 952 in ncMOs that correlated significantly with disease
activity (p cut-off=0.7 and p value cut-off=1x10e-3) (Figure 12A and Supplemental
Figure 6A,B). These were vastly different between monocyte subsets. However,
when analyzing the GO enrichment of the genes annotated to these positions, the
results obtained were similar among the subsets. Particularly, the positions with a
negative correlation to SLEDAI, that is, positions that are less methylated at higher
activity indexes than at low activity indexes, associated with pathways related to
immune response via type | IFN pathway in cMOs and iMOs (Figure 12B). These
positions did not correlate with activity in the samples from the second visit, which
contrasts with what we observed for other autoimmune conditions 262, As a result,
there were very poor correlations when comparing the difference in methylation with

the difference in activity (R? < 0.05, data not shown).

Given the GO enrichment results associating the correlating positions with IFN
pathways, together with the potential role of STATSs in the acquisition of the observed
epigenetic profiles (Figure 10G), we wondered whether these TFs could be
associated with the activity in the samples. To address this question, we generated
scores for each member of the STAT family for both DNA methylation and
expression. For DNA methylation, we calculated the average of the scaled
methylation values of all the CpGs with the corresponding STAT consensus
seguence in a region of 500bp surrounding the DMPs from cluster M1. For the
expression data, we measured the average of the scaled expression values of the
target genes of each STAT family member as defined by CollecTRI regulons 2%, The
results revealed a significant positive association between the activity index and the
levels of STAT targets (see Figure 12C). This association holds true for all members
of the STAT family except STAT6, whose targets do not increase their expression
along with SLE activity. We highlight the results for STAT1 given that it is the main
responder to IFN signaling, and its expression is dysregulated in SLE 266:267, Samples
with higher activity decrease the methylation of STAT1-responsive DMPs while they
have a higher expression of STAT1 gene targets (Figure 12D,E). The correlation of



these STAT1-associated DMPs with disease activity was validated with an external
public cohort of CD14+ monocytes from 27 SLE donors and 27 HDs (GSE59250; see
Supplemental Figure 6D,E). Although the association between the epigenetic STAT1
profile and the activity occurs for the three subsets, the correlation of the
transcriptomic profile is only statistically significant in cMOs and iMOs. This suggests
that ncMOs are less STAT1-responsive.

Regarding the disease progression of the patients included in the study, 15 out
of the 20 patients improved over the following months and achieved a remission state
with a SLEDAI below 6 in the second sample collection point. With this information
available, we investigated whether the prognosis of the patients could be predicted
based on the methylation status of some CpG sites in samples from the first visit. We
identified 494 DMPs in cMOs between patients who would remit and patients who
would not. With these, we built a supervised learning k-nearest neighbors’ algorithm
to predict the progression of the disease. With an internal 10-fold cross-validation
approach, we confirmed that 3 CpG positions were enough to build an accurate

prediction algorithm (Figure 12F, G).

Following the results observed in the first section of this thesis, we set to examine
the behavior of T-bet and HIF-1a in the SLE samples. By performing a TF
involvement analysis based on the expression of their target genes, we again
observed T-bet among the top TF responsible for the transcriptome of ncMOs in
comparison to cMOs, both in HD and SLE samples (Figure 12H, right panel). As for
the TF most prominent in the cMO signature, HIF-1a appeared on top for the SLE
samples. However, in the HD samples, its signature was not statistically enriched in
cMO in comparison to ncMO (Figure 12H, left panel). These results were clearly
evidenced when analyzing the expression of the target genes in the different types
of samples (Figure 12I). The difference in HIF-1a between monocyte subsets was

particularly prominent in the high activity samples.
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Figure 12. Association of epigenomics and transcriptomics with SLE disease activity.
A. Violin plot representation of the cMO’s CpGs correlating with SLE activity as measured by
SLEDAI in a Spearman’s correlation. Samples divided in four groups according to their activity
index: none is SLEDAI=0, mild is SLEDAI between 1 and 5, moderate is an index between 6
and 10, and high is a SLEDAI above 10. B. Gene Ontology results of the genes annotated by
proximity to the CpGs correlated with activity in each of the subsets. C. Heatmap
representation of STAT targets at the methylation (top) and expression (bottom) level.
Methylation targets are defined per HOMER database and expression targets as per
CollecTRI database. Each row represents the results for a different STAT family member
ordered from STATL1 in top row to STAT6 in bottom row. D. Dotplot representation of

76



methylation correlation with SLE activity index of the DMPs that are STATL1 targets in cluster
M1. E. Boxplot summary representation of STAT1 targets at the methylation (top) and
expression (bottom) level in each of the subsets. Methylation targets are defined per HOMER
database and expression targets as per CollectRI database. Samples grouped per activity so
that none/mild group is SLEDAI 0-5 and moderate/high is SLEDAI above 6. Statistics
performed with two-tailed Wilcoxon test. F. Barplot representation of the results of the
predictive model in the different cohorts. G. DNA methylation levels of the three CpGs used
by the predictive model in HD, remission patients and non-remission patients. H. TF
enrichment analysis in the comparison cMO vs ncMO in HD samples and SLE samples. Color
represents normalized enrichment score with orange being more enriched in cMO and blue
more enriched in ncMO. I. Average of HIF-1a and T-bet targets gene expression in each of
the subsets. Samples are grouped per activity index so that none/mild group is SLEDAI 0-5
and moderate/high is SLEDAI above 6.

4.2.4 Patients with SLE undergo drastic changes of monocyte subpopulations

To further investigate the presence of differences in our dataset, we leveraged single-
cell RNA-seq dataset from PBMC samples of 162 patients with SLE and 98 HDs (?°7-
GSE174188). Due to the difficulty of identifying iMOs in single-cell datasets, we
initially divided the myeloid fraction of this dataset at a very low resolution, obtaining
just two clusters: cluster 0 or CD16— cells and cluster 1 or CD16+ cells (Figure
13B,C). With this initial division, DEGs from our bulk RNA-seq dataset significantly
overlapped with the DEGs between SLE and HD cells in the single-cell object (cMO’s
DEGs in cluster 0, p-value=0.0096; iMO’s and ncMO’s DEGs in cluster 1, p-
value=0.0164) (Supplemental Figure 7A). Some of the genes upregulated in both
datasets in the comparison of HD versus SLE included IRF7, IFI27, HLA-A or HLA-
C (Figure 13D and Supplemental Figure 7B).

The density distribution of cells in the myeloid object exhibited a striking
difference between SLE and HD samples. This contrast was especially pronounced
in the SLE samples with higher activity (SLEDAI >6) (Figure 13E). This finding
prompted us to increase the resolution of the clustering in order to identify clusters
containing cells from one specific condition (SLE or HD) (Figure 13F). At a resolution
of 0.15 (Figure 13A), two of the new clusters mostly contained cells from the SLE
samples. Specifically, clusters 1 and 6 contained 81% and 60% of cells from patients

with SLE, respectively (Figure 13A).
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the percentage of SLE composition of each cluster. Edge color represents the number of
samples following each division. The transparency shows the incoming node proportion. B.
Violin plot representation of the expression levels of CD14 and CD16 (FCGR3A) at RNA and
protein level in the two clusters generated by a 0.05 resolution. C. UMAP representation of
the distribution of the two clusters generated by a 0.05 resolution. D. Scatter plot of the
percentage of detected genes in HD and SLE samples in cluster O of the resolution 0.05. In
color are the DEGs from the single-cell RNA-seq dataset (FDR <0.05, log2FC >0.1). Labels
present in DEGs commonly upregulated in the bulk dataset. E. UMAP representation showing
the density distribution of cells in the HD and SLE cohort (top), and within the SLE cohort, the
low activity and high activity samples (bottom). SLEDAI of 6 was used as a threshold. F.
Dotplot representation of some of the DEGs in each cluster formed by a 0.15 resolution. G.
UMAP representation of the distribution of the six clusters generated by a 0.15 resolution. H.
Barplot representation of the estimate percentage composition of each bulk sample according
to signature expression from each of the clusters generated by a 0.15 resolution. I. Summary
plot of percentage composition of bulk samples. Coefficients, p values and 95% Cls derived
from fitting a linear model and testing it with Wilcoxon test. J. Scatter plot representation of
STAT1 targets expression score across the pseudotime distribution of the differentiation from
CD16- to CD16+ monocytes (top). Summary representation of pseudotime representation of
each cluster (bottom). log2FC, log2 fold change.

Analysis of some of the highly expressed genes for each cluster and their
corresponding enriched pathways (Figure 13F, G and Supplemental Figure 7C) led
us to the following annotations: cluster 0, primarily formed by cells of HD origin, was
labelled as S100A—mono and was enriched in pathways of response to LPS but also
of response to oxidative stress. Cluster 1, essentially composed of SLE cells received
the name of IFN— mono because it had an unmistakable IFN signature with IFI6,
IFI144L and ISG15 genes as its top markers. Cluster 2 was the main CD16+ cluster
and, therefore, we labelled it as CD16+— mono. Cluster 2 was also enriched in
pathways of response to type | IFN and regulation of leucocyte activation. Cluster 3
(MHC-Il-mono) was strongly enriched for genes and pathways of the MHC-II and
cluster 4 (EIF5A—mono) had higher levels of cell proliferation genes (EFI4A and
Clorf56) and pathways related to cell adhesion and endocytosis. Cluster 5 (CCL3-
mono) had a highly proinflammatory signature with marked TNF-a pathway
activation. Finally, cluster 6 (C1Q—mono) highly expressed genes and pathways of
the complement 1q (C1QA, C1QB, C1QC). Interestingly, MHC-ll-mono, EIF5A—
mono and C1Q-mono presented very similar features to those found in a previously

annotated single-cell dataset of another autoimmune disease 2,



By using CIBERSORTX software 213, we studied the proportion of these clusters
represented in our bulk dataset (Figure 13H). With this approach, we determined that
our bulk samples are composed of a heterogeneous mixture of cells showing
differential patterns correlating with disease state and disease activity. As expected,
cMOs from SLE donors were composed of a significant percentage of the labelled
IFN—mono cluster, while HD samples barely harbored them. This representation was
more elevated in samples with higher disease activity, where the difference in
proportions was statistically significant. We determined that iMOs contained a
mixture of mostly S100A—-mono, MHC-Il-mono and CD16+-mono in HD samples,
while iIMO SLE samples repeatedly showed a non-trivial representation of C1Q—
mono. This behavior was similar also for ncMO samples, where C1Q—mono has a
significantly higher proportion in the SLE samples of our bulk dataset. Another
remarkable finding is the presence of the highly proinflammatory cluster CCL3—mono
exclusively in SLE samples, being present in all three subsets from the bulk but never
in HDs (Figure 13I).

Finally, to inspect the impact of STATL1 dysregulation, initially determined from
the bulk methylome and transcriptomic analyses, we studied the STAT1 regulon in
the single-cell RNA-seq dataset. As anticipated, we observed an increased pattern
of activation of this pathway in SLE samples. This activation was particularly
exacerbated in the MHC-Il-mono cluster and less in the S100A—mono or the CD16+
clusters (CD16+-mono and C1Q-mono) (Figure 13J). Together, these results
correlate with our previous findings of gene expression changes, indicating a higher
STATL influence on the high disease activity samples, mainly in cMOs and iMOs,

which are the samples with a heightened ratio of the MHC-lI-mono cluster.
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Supplementary Figure 1. A. Representation of the chromatin state annotations enriched in
each cluster of DMPs. Significant is considered those enrichments with FDR < 0.01 and OR
> 1.5. B. Boxplot of representative examples of the methylation value of four CpGs from each
cluster of DMPs.
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Supplementary Figure 2. A. Boxplot of representative examples of expression values of four
genes from each cluster of DEGs. B. Boxplot representation of the top transcription factors
predicted to be responsible for cMO and ncMO transcriptome. C. Boxplot representation of
representative examples of target genes from HIF-1a (top) and T-bet (bottom) regulons. D.
Boxplot of representative genes with correlation between the methylation of CpGs in the
promoter of genes (top) and their expression (bottom). E. Graphical representation of the
methylation status of the CpG surrounding HIF-7a gene.
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Supplementary Figure 3. A. Bar plot representation of the percentage contribution of cells
from the affected individual (in blue) and his progenitor control (in green) to the cell
compartments composing the PBMCs object of single-cell RNA-seq data
EGAS00001004504. B. Violin plot representation of the HIF-1a and T-bet target genes in the
clusters from the myeloid compartment as divided by a resolution of 0.15. C. Uniform Manifold
Approximation and Projection (UMAP) of the myeloid compartment as divided by a resolution
of 0.85. Annotations were done according to top marker genes and gene ontologies enriched
in those. D. Representative genes among top differential markers between clusters of the
myeloid compartment at a resolution of 0.85. E. Representative functions among those
enriched within the top 50 marker genes of each cluster of the myeloid compartment at a
resolution of 0.85. F. Scatter plot representation of the contribution of each group of cells to
the cell-cell communications in the PBMC object of the control (top) and affected individual
(bottom)
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Supplementary Figure 4. A. Summary violin plot representation of the last three clusters of
DMPs. In grey, HD samples, in pink, SLE. B. lllustrative examples of two individual DMPs
from the last three clusters of DMPs. In grey, HD samples, in pink, SLE. The color of the CpG
name represents the cluster it belongs to. C and D. Barplot representation of DMPs annotation
per cluster to CpG Island context (C) and gene body context (D). E. Motif enrichment analysis
of the sequence englobing the DMPs from cluster M5, M6, M7. F. Gene Ontology enrichment
results of the genes annotated the closest to the DMPs from the comparisons HD vs SLE in
cMO and ncMO, respectively. Hypomethylated refers to lower methylation levels in SLE and
hypermethylation to higher methylation levels in SLE. G. Gene Ontology enrichment results
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of the genes annotated the closest to the DMPs from the last three clusters of DMPs.
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Supplementary Figure 5. A. Summary violin plot representation of the last three clusters of
DEGs. In grey, HD samples, in pink, SLE. B. lllustrative examples of two DEGs from the
comparison of HD vs SLE in each of the subsets. In grey, HD samples, in pink, SLE. C. Gene
ontology enrichment of the last three clusters of DEGs. D. Expression of some highlighted
transcription factors resulting from the motif enrichment analysis of DMPs. In grey, HD
samples, in pink, SLE. E. Gene set enrichment analysis of the gene distribution between HD
and SLE of genes annotating the closest to the DMPs in each subset. F. Summary of the
gene set enrichment analysis statistical results.
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Supplementary Figure 6. A and B. Violin plot representation of the iMO’s (A) and ncMQO’s
(B) CpGs correlating with SLE activity as measured by SLEDAI in a Spearman’s correlation.
Samples divided in four groups according to their activity index: none is SLEDAI = 0, mild is
SLEDAI between 1 and 5, moderate is an index between 6 and 10, and high is a SLEDAI
above 10. C. Dotplot representation of methylation levels correlation with SLE activity index
of the DMPs from clusters M1, M2, M3 and M4. D. Heatmap representation of STAT1 targets
in a validation cohort of SLE and HD CD14+ monocytes (GSE59250). Methylation targets are
defined per HOMER as in Figure 12C. E. Boxplot summary representation of STAT1 targets
at the methylation level in a validation cohort of SLE and HD CD14+ monocytes (GSE59250).
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Supplementary Figure 7. A. Venn diagram representation of the overlap between the
upregulated bulk DEGs (FDR < 0.05, log2FC > 1) and the single-cell DEGs (FDR < 0.05,
log2FC > 0.1) in CD16- (left) and CD16+ (right) cells. B. Scatter plot representation of the
correlation between the percentage of cells expressing each gene in the HD and SLE cohort
in cluster 1 at the resolution of 0.05. In color the DEGs between SLE and HD samples in the
single-cell dataset (FDR < 0.05, log2FC > 0.1). Labelled are the DEGs commonly upregulated
in the bulk dataset comparison of HD versus SLE in either iMO or ncMO. C. Dotplot of

representative gene ontology pathways enriched in the top 50 marker genes for each cluster
generated at a resolution of 0.15.






5 DISCUSSION






In this thesis, we have investigated the phenotypes of the three main monocyte
subsets: classical (cMOs), intermediate (iIMOs) and non-classical (ncMOSs)
monocytes, both in physiological and pathological conditions. By combining the
generation and integration of different omics datasets, we have identified individual
factors and pathways that are important for the proper function of these cells.

In the two studies comprising this thesis, the results support that monocyte
subsets undergo a sequential differentiation process with iMOs situated between the
other two subsets. The process leading to the differentiation of the three subsets has
been previously debated in the literature with two main hypotheses. The most
accepted model proposes that there is a sequential differentiation from cMO to ncMO
through iMO 20269271 However, some work in murine monocytes challenged such
model suggesting an independent origin for ncMOs directly from the bone marrow
212 Nevertheless, this debate was conclusively resolved by two in vivo studies in
humans that showed that the three monocyte subsets arise consecutively 2?73, The
only cell division takes place in the precursors from the bone marrow, which finally
differentiate into cMOs. Once in the bloodstream, these may transition into iMOs and
ncMOs, although these are not their most common fate. These results are in
agreement with our data that shows a clear linear process with cMOs and ncMOs in
the two extremes and with iIMOs presenting an intermediate phenotype. This
happens both at epigenetic and transcriptomic level in steady state and also in SLE

environment.

The results of both studies are consistent with some of the previously assigned
differential functions for each of the subsets and unveil novel phenotypic features.
Although all three subsets were proven to be able to differentiate to monocyte-derived
dendritic cells and macrophages by several groups °28274 they appear to display
preferences and different participation in most responses they partake. Even though
it would be too simplistic to attribute a single function for each subset, we can better
delineate their roles by defining cMOs in relation to bacterial response, iMOs by their

implication in antigen-presenting functions and ncMOs with respect to viral



responses. Evidently, their full range of functions include a broader spectrum of
processes, however, in relation to these three categories they have the ability to
perform them dramatically different. As previously mentioned, cMOs have a high
phagocytic capacity and high peroxidase activity, as well as secretion of high
amounts of proinflammatory cytokines in response to LPS, as shown by functional in
vitro assays 21275276, |n the case of iIMOs, their increased capacity for presenting
antigens is deduced in the literature from their unique transcriptomic profile with
higher constitutive expression of genes from the MHC 20277, As for ncMOs, their
attributed role as participants in the antiviral response derives from both
transcriptomic profiles and results of in vitro stimulation with viral components 2.
These preferences are undoubtedly supported by the data generated in our two
studies, through gene ontology analyses from either DMPs or DEGs. This in itself is
an important result because, apart from the obvious relevance of the transcriptome
in the functions attributed to a cell, we observe that these phenotypes are also
imprinted at the epigenomic level. Thus, the identity of these cells is not just an
accidental response to the environment but they are predisposed to it by their stable

genomic structure.

In the two following sections, we discuss in detail the results obtained in each of

the studies comprising this thesis.

5.1 PART 1. Epigenomic and transcriptomic changes of monocyte

subsets differentiation

Our study demonstrates the occurrence of epigenomic and transcriptomic
reprogramming in the differentiation from cMOs to ncMOs, which implicates an
interplay between HIF-1a and T-bet. We have determined important and significant
differences at both the epigenomic and transcriptomic level that correlate with the
subset functions, supporting the participation of these changes in the acquired
functions of ncMOs. Moreover, our results unveil the participation of an unexpected
TF to have a role in the differentiation process, T-bet. This factor is known for being

crucial in other cell types but has never been described in the myeloid compartment



until now. Finally, by inspecting scRNA-seq data from an individual with a mutation
in T-bet, we have demonstrated that this TF contributes to proper monocyte

differentiation.

The epigenetic profiles, in particular the DNA methylomes, of the monocyte
subsets displayed a high number of significant differences across the differentiation
process from cMO to ncMO. The majority of these differences were in the direction
of loss of methylation. In general, iMO were found to be in an intermediate state
between the other subsets, as has been observed for other characteristics of this
intermediate subset 27827°, Overall, these positions were strongly associated with
immune related pathways. In particular, the hypomethylated positions in each subset
associated with functions that had been previously related to said subset. For
example, hypomethylated positions in cMO related with immune response to bacteria
21 while hypomethylated positions in ncMO associated with response and production
of interferon signaling °%0. Interestingly, hypomethylated DMPs in cMO are
associated with “positive regulation of fractalkine biosynthesis process”, a chemokine
also known as CX3CL1 that is known to prevent apoptosis in all subsets 214, Similarly,
TF binding motifs encompassing these DMPs produced concordant results. The
positions that lose methylation during the differentiation towards ncMO presented
binding sequences for factors of the interferon regulatory factors family, suggesting

a predisposition of this subset over the others to respond to these cytokines.

Transcriptionally, the subsets also presented a large number of differentially
expressed genes which seconded our interest in their individual study. Again, the
intermediate subset presented an in-between profile similar to that previously
described 2°. Functions associated with increased expression in cMO related with
their ascribed function as bacterium-response participants. Functions associated to
increased ncMO expression pointed towards a regulation of T cell activation and

differentiation, a role suggested for this subset by several groups 2539,

We also found a difference in the TFs governing the transcriptional profiles of

these differentiated cells. In particular, we have identified two transcription factors



that appear to have an intertwined role in the regulation of monocyte differentiation:
HIF-1 and T-bet.

HIF-1 has been previously described to be critical for monocyte activation,
particularly under stress conditions derived from hypoxic environments. In particular,
HIF-1a regulates the metabolism, angiogenesis, invasion, cell survival, phagocytosis,
secretion of cytokines and chemokine receptor levels of myeloid cells 28281, Thus,
activation of this transcription factor is typically associated with enhanced activity of
monocytes. In our study, we see higher levels of this transcription factors and its
target genes in cMO in comparison to ncMO. We rationalize that the observed
differences in this pathway activation might be due to the differences in the oxygen
concentrations present in the bone marrow in comparison with those in the
bloodstream. More explicitly, cMOs first appear in the bone marrow, where the
oxygen concentration is far below normoxic conditions 2'%22°, |n the bloodstream, in
normoxic conditions, they usually only live up to 24 hours, which might not be long
enough for a representative general shift in this pathway expression. However,
ncMOs come from iMOs and in total the two populations might spend around ten
days in the bloodstream, a much reasonable time to adapt their gene expression
regulatory mechanisms to normoxic conditions. Nevertheless, although the switch in
HIF-1 expression and activity might respond to passive environmental changes, it
does not discard that this transcription factor might have an active role in the
transition from cMOs to hcMOs. One of this effects could directly be related to its

influence in the expression of other transcription factors.

The second transcription factor shown to be relevant in the differentiation of
monocyte subsets is T-bet, a transcription factor encoded by the gene TBX21. T-bet
was first described as a master regulator for the commitment of T cells towards a Thl
phenotype 2?1, Thl cells are specialized in the elimination of virus and intracellular
bacteria and exhibit a strongly proinflammatory phenotype through the production of
IFN-y and TNF-a 1. Posteriorly, it was described that T-bet has an equally important

role in the maturation of other immune cells such as NKs 282, |n NK cells, maturation



and effector functions are totally dependent on the proper expression of T-bet 283-285,
Finally, in myeloid cells, T-bet has only been described to be expressed in activated
cells, upon IFN-y stimulation 222286 Particularly, the induction of T-bet expression in
mice dendritic cells was critical for their ability to activate a Thl program upon
interaction with naive T cells, which could not take place with knock-out dendritic cells
286 To the best of our knowledge, our results are the first to show a robust expression
of T-bet in unstimulated myeloid cells, both at mRNA and at protein levels.
Interestingly, this expression only takes place in iMOs and ncMOs, especially in the
latter. This disparity could explain the discrepancy with previous results of
unstimulated myeloid cells, where monocytes as a whole were analyzed and thus a
majority of cMOs is to be expected in those studies. Focusing on this disparity
between subsets, we studied the role the induction of T-bet could have in the
differentiation process from cMO to ncMO. By using epigenomic and transcriptomic
data of monocytes stimulated with different inflammatory cytokines, we inferred that
that induction of T-bet expression by IFN-y could explain part of the changes
observed, in particular at epigenetic level. However, this stimulation could not
recapitulate the changes observed at the transcriptomic level indicating that it is not

the only pathway involved.

Finally, in order to better understand the impact of this factor in the myeloid
compartment, we inspected the myeloid compartment of an individual with an
homozygous loss-of-function mutation for T-bet, by making use of single-cell RNA-
sequencing data from his peripheral blood 2°5. This mutation caused him to develop
Mendelian susceptibility to mycobacterial disease coursed by a deficient response to
weakly virulent mycobacteria. In this patient, it had been exhaustively described the
impact of this mutation in the CD4+ T cells and NK cells of the patient. Furthermore,
our analyses revealed an unexpected generalized detriment in the myeloid
compartment, with an aggravated effect on the ncMO cells. These cells had a clear
altered responsive capacity to some important cytokine families such as CCL and
TNF. Possible effects of the absence of TNF signals in monocytes are related with

excessive monocyte death 287 and an aberrant activation of the inflammatory master



regulator NF-kf3 288, Moreover, we detected an unexpected impact in HIF-1a signaling
in this patient, supporting a potential regulatory axis between of these two factors.
Interestingly, HIF-1a in monocytes has been shown to regulate the expression of
several IRF family members including IRF5 and IRF3 28, IRF5 has parallelly been
described to directly regulate the function of T-bet, at least in T and B cells 28%:2%,
Moreover, alterations in the components of this proposed axis are altered at multiple
layers in the autoimmune disease of systemic lupus erythematosus 2°1.. An opposed
behavior of HIF-1 and T-bet has also been observed in other cell types such as CD8+
T cells 2°2 and gut innate lymphoid cells 2. Thus, it seems that the regulation of these
TFs might be somehow related. The natural clearance of HIF-1 components in
response to normal oxygen levels in the bloodstream might be one of the factors
allowing the differentiation of cMO to ncMO, however further assays are required to

validate this hypothesis.

5.2 PART 2. Epigenomic and transcriptomic changes in monocyte
subsets in SLE

In this study, we exploited the power of multiomics to dissect changes in monocyte
subpopulations in SLE. Previous studies had suggested a differential role for CD16+
monocytes through variations in their proportions and functions compared with those
in healthy individuals 82, Our study sheds light on both the differential phenotype of
monocyte subsets in SLE and the expansion of certain subpopulations. On one hand,
DNA methylation profiles revealed changes between SLE and HD individuals that are
both common to all monocyte subsets and unigue to one of the subpopulations. On
the other hand, transcriptomic analyses showed that cMOs were the subset with
higher and more significant differences between SLE and HD. These differences,
both at epigenetic and transcriptomic levels, correlated with disease activity,
particularly the STAT family of TFs. We also developed a model to predict the
prognosis of the disease by inspecting the DNA methylation values of only three CpG

sites. Finally, by analyzing a publicly available single-cell RNA-seq dataset of patients



with SLE, we deconvoluted the composition of our bulk data and identified a signature

of cells that explain the phenotype observed in the SLE monocyte subsets.

The involvement of monocyte subsets in SLE and other inflammatory conditions
has been subject of debate in recent years. Discrepancies in results in monocyte
proportions are evident: some studies indicate higher percentage of cMOs &7, while
others report an increase in iIMOs 889 or in ncMOs °°°1. Furthermore, certain studies
have found no differences in the proportions of the subsets between SLE samples
and HDs 2. Our results indicate that the proportion of monocyte subsets varies in
SLE in relation to disease activity. The proportion of iIMOs is increased in SLE
samples, particularly in those with low disease activity. The ncMO subset exhibits a
similar trend, although statistical significance is not reached, likely due to cohort size
limitations. These findings suggest a differential role of monocyte subsets at various

stages of the disease.

DNA methylation changes can serve as indicators of environmental influence
and can significantly affect cellular phenotype, predisposing cells to respond to
subsequent stimuli. The chronic systemic inflammatory conditions characteristic of
SLE contribute to shaping immune system cells into a state of constant
responsiveness, perpetuating inflammation. Multiple studies have shown DNA
methylation alterations in patients with SLE (reviewed in Ferreté-Bonastre et al 145),
generally pointing towards a dysregulated type | IFN signature. These modifications
are associated with disease activity and prognosis. Our study on monocyte subsets
has enabled us to identify epigenetic changes in positions shared among the different
subsets, indicating a widespread inflammatory behavior primarily driven by this
cytokine. However, we also observed DMPs exclusive to each monocyte
subpopulation. Notably, among the hypomethylated DMPs unique to cMOs, up to
80% harbored the consensus sequence for binding the Fos/Jun family of TFs. In the
myeloid compartment, these TFs and the demethylation of their target sequences are
associated with differentiation to macrophages 2°42%. This suggests a priming of

these cells towards macrophage differentiation, which would occur instead of



differentiation towards IMOs and ncMOs. In contrast, for DMPs exclusively
demethylated in SLE ncMOs, we identified an association with T cell regulatory
factors and pathways. Some of these DMPs were associated with the TF RORyt, a
factor typically found in T cells, which has also been described in monocytes under
some pathological conditions 2. In this report, the expression of RORyt by a subset
of monocytes was associated with their production of IL-17, a signature that
resembles that of Thl17 differentiation 2°. Interestingly, this type of T cell
differentiation, particularly fostered by IFN-a-conditioned monocytes 2%, has been
shown to play a role in SLE pathogenesis 2%2%°, Again, we see the implication of a
transcription factor unexpected for this cell lineage that is activating a transcript profile
similar to that expected for the cell lineage it was first discovered in. In both studies
it has been a factor initially described for T cells that we have identified related with
the ncMOs phenotype. This could point towards a close interaction between these
two groups of cells, as previously described 3¢-38 |t also is a reflection of the
plurifunctionality of transcription factors and cell processes under different

environments.

It is possible to speculate that the observed differences in monocyte subsets
could be due to the differential response because of the cells expressing different
receptors, of them being primed differently or that the bulk samples are composed of
a heterogeneous mixture of different cells. It is important to note that although these
analyses vyielded biologically relevant results, they were conducted with an FDR of
0.2, potentially increasing the number of false positives. To mitigate this, we applied
a beta difference threshold filter of 10%; however, this still represents a limitation of

our study.

The transcriptomic analysis revealed that alterations were predominantly shared
among the three subsets, while subset-specific changes were primarily observed in
cMOs. This subset displayed more and greater differences in gene expression
compared with the other subsets. This finding likely suggests that cMOs are in a less

differentiated state, making them more plastic and better able to respond to an



inflammatory environment. As anticipated, the genes upregulated in SLE were
related to proinflammatory and antigen presentation pathways, whereas the
downregulated genes were associated with negative regulation of autophagy or
production of IL-12. These are relevant pathways associated with the development
of SLE, where the dysregulated autophagosomic system may have an important role
in the development and severity of the disease (reviewed in Liu et al 3%) and the IL-
12/IL-23 axis is important for Th17 cell differentiation 2°. IFN signature, a well-known
driver of SLE, was also present in our samples, particularly in those with higher
activity as seen in both epigenetic and transcriptomic profile of STAT targets. In
general terms, a panSTAT signature was observed in samples with high activity, a
finding supported by multiple reports suggesting the prominent role of this family of
TFs in SLE (reviewed in Goropevsek et al 2°). In particular, at the transcriptomic level
of STATL1 targets, the member of the family more closely related to IFN signaling, it
appears that cMOs and iIMOs are the most responsive and susceptible subsets. In
contrast, ncMOs’ STAT1 targets expression does not reach a significant increase in
high activity samples. Based on our previous study, we hypothesise that basal-state
ncMOs already have an increased interferon signature associated with the gene
expression changes linked to T-bet presence, and consequently interferon activation
due to SLE is not as easy to identify. However, further studies would be required to

validate this hypothesis.

Another transcriptomic feature exacerbated by disease activity in SLE is the
difference in the expression levels of HIF-1a targets when comparing cMOs versus
ncMOs. This signature was particularly elevated in cMOs from high activity samples
but did not reach statistical significance in the comparison of the subsets within the
HD samples. In SLE studies, HIF-1a expression has been associated with disease
activity and renal affectation 302303, Importantly, inhibition of this factor in murine
models improved several parameters of disease activity such as antibody levels,
complement deposition in kidney or proteinuria 3°4. In our samples, all monocyte
subsets increase HIF-1a expression signature in SLE in comparison to HD, but this

is particularly marked for the cMOs. As for T-bet expression signature, in all the



groups of samples, the expression was higher in ncMOs than in cMOs, which
confirms the results observed in the first study conforming this thesis. However, we
did not observe a difference between disease samples and healthy samples

indicating that this TF is probably not affected by the pathological environment.

Based on the characteristics of our cohort and the clinical data collected
regarding disease progression, we classified our patients into two groups: those with
a good prognosis or in remission, and those with a poor prognosis or not in remission.
Using this information, we developed a predictive model that used the epigenetic
information from the first visit sample to predict the prognosis of the samples into
these two categories. Remarkably, with the methylation status of just three CpG sites,
we were able to achieve this classification in both our test and validation cohorts.
This suggests that, even at the onset of a flare period, there are measurable
indicators of the prognosis of the episode. A limitation of this aspect of our study is
the size of our cohort, which necessitated division into independent groups for
validation and testing. While these results should be further validated with a larger
sample size, they are already promising, particularly considering the current sample

size.

Finally, using a single-cell RNA-seq dataset from an SLE cohort, we identified
subgroups of monocytes within our bulk dataset that help explain the differences
observed. In this regard, cMOs and iMOs from SLE samples were formed by a high
percentage of cells with an IFN signature, particularly in the high activity samples,
which could explain the STAT1 signature that we had identified. Similarly, iMOs and
ncMOs also contained a higher percentage of another group of cells with a high C1Q
signature. This group of cells is likely to be important in SLE pathogenesis, where
immunocomplexes formed by autoantibodies and complement factors are the main
initiators of tissue damage. These results support the differential contribution of the

monocyte subsets to SLE pathogenesis.

Most importantly, only a proportion of each sample was represented by these

pathogenic cell phenotypes, but another relevant fraction was composed by cells with



a physiological phenotype. Thus, we observe a single-cell ability to adapt to the
environment that causes some cells to have a pathological contribution while other
are able to remain properly functional, evidencing the limitations of bulk studies in
these cell types. Further investigation into the signals that influence a healthy
monocyte to develop a proinflammatory, disease-promoting cell phenotype, or to
follow a physiological destiny, even within the inflammatory environment present in

this disease, would be of great interest.






6 CONCLUSIONS






The three monocyte subsets display differences in their DNA methylomes and

transcriptomes in both physiological and pathological states.

The phenotypes inferred from the DNA methylome and transcriptome
differences among monocyte subsets are consistent with some of their proposed

functions.

HIF-1a and T-bet transcription programs are inversely correlated in the
monocyte subsets, with the HIF-1a signature characterizing the cMOs’

transcriptome and T-bet prevailing on ncMOs.

Induction of T-bet expression in cMOs can be accomplished by stimulation with

IFN-y but this exposure does not fully recapitulate the ncMO phenotype.

T-bet is required for the proper development of the myeloid compartment,

especially for ncMOs.

In SLE, the three monocyte subsets display both common and subset specific

DNA methylation alterations in relation to those from healthy donors.

In SLE, epigenomic and transcriptomic alterations in the three monocyte subsets

are associated with alterations in interferon-signaling pathways.

Interferon-signaling pathway alterations are strongly correlated with disease
activity in SLE, represented by changes in the expression and DNA methylation

of STAT target genes.

cMO from SLE are predisposed towards a macrophage differentiation, as
evidenced by the implication of specific transcription factors in their DNA

methylome.

10. Single-cell RNA-seq analysis reveals a high heterogeneity in
monocyte subsets, which varies between healthy donors and SLE patients, and
is particularly marked in patients with high activity.
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ABSTRACT

Objectives Systemic lupus erythematosus (SLE) is
characterised by systemic inflammation involving various
immune cell types. Monocytes, pivotal in promoting and
regulating inflammation in SLE, differentiate from classic
monocytes into intermediate and non-classic monocytes,
assuming diverse roles and changing their proportions
in inflammation. In this study, we investigated the
epigenetic and transcriptomic profiles of these and

novel monocyte subsets in SLE in relation to activity and
progression.

Methods We obtained the DNA methylomes and
transcriptomes of classic, intermediate, non-classic
monocytes in patients with SLE (at first and follow-up
visits) and healthy donors. We integrated these data with
single-cell transcriptomics of SLE and healthy donors
and interrogated their relationships with activity and
progression.

Results In addition to shared DNA methylation and
transcriptomic alterations associated with a strong
interferon signature, we identified monocyte subset-
specific alterations, especially in DNA methylation, which
reflect an impact of SLE on monocyte differentiation. SLE
classic monocytes exhibited a proinflammatory profile
and were primed for macrophage differentiation. SLE
non-classic monocytes displayed a T cell differentiation-
related phenotype, with Th17-regulating features.
Changes in monocyte proportions, DNA methylation

and expression occurred in relation to disease activity
and involved the STAT pathway. Integration of bulk with
single-cell RNA sequencing datasets revealed disease
activity-dependent expansion of SLE-specific monocyte
subsets, further supported the interferon signature for
classic monocytes, and associated intermediate and
non-classic populations with exacerbated complement
activation.

Conclusions Disease activity in SLE drives a subversion
of the epigenome and transcriptome programme in
monocyte differentiation, impacting the function of
different subsets and allowing to generate predictive
methods for activity and progression.

INTRODUCTION

Autoimmune diseases are chronic inflammatory
conditions generally characterised by the pres-
ence of autoantibodies and autoreactive T cells.
Most research efforts in autoimmune diseases have
focused on B and T cells, as the adaptive immune

1.9

WHAT IS ALREADY KNOWN ON THIS TOPIC

= The proportions of monocyte subsets/
subpopulations change in autoimmune/
inflammatory diseases, including lupus.
However, we do not know the implications
of these changes and whether the phenotype
changes over the course of these conditions.

WHAT THIS STUDY ADDS

= We show a subset-specific epigenetic and
transcriptomic reprogramming for classic,
intermediate and non-classic monocytes in
systemic lupus erythematosus (SLE), which
deepens their distinctive function.

= We demonstrate a relationship with disease
activity and progression which involves the
STAT1 pathway and allows us to generate
predictive formulas.

= We identify novel SLE-specific monocyte subsets
which are associated with activity and show
additional distinctive functions of these subsets
in relation to disease.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Molecular markers of monocyte subsets-based
DNA methylation might be used in the clinical
setting to help determine disease activity and
prognosis in SLE.

system is pathologically dysregulated. However,
inflammation also involves monocytes, macro-
phages and dendritic cells, which have recently
become the focus of many autoimmune disease
studies (reviewed in van Kempen et al'). These cells
play a crucial role in the innate immune system,
being primarily responsible for phagocytosis of
pathogens, antigen presentation and production of
cytokines.” Monocytes and their derived cells are
altered in a wide range of autoimmune diseases,
as shown either by their aberrant infiltration to
tissues,” * causing hyperactivation of adaptive
immune system components,’ ¢ by their presenta-
tion of autoantigens to T and B cells’ or by their
altered phagocytosis capacity.®’

For years, monocytes were studied as a homo-
geneous population of immune cells. However,
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the development of single-cell level techniques, including flow
cytometry, revealed the wide heterogeneity that exists within
monocytes. The most common classification of monocyte subpop-
ulations is based on the presence of the surface proteins CD14
and CD16. CD14 serves as co-receptor for toll-like receptor 4
(TLR4) and mediates lipopolysaccharide (LPS) signalling, while
CD16, also known as Fc gamma receptor Illa, is involved in the
removal of antigen—antibody complexes from the circulation, as
well as other responses.'’ '" Based on the expression of these
two surface proteins, human monocytes are classified in three
groups: classic monocytes (cMOs, CD14+ CD16-), inter-
mediate monocytes (iMOs, CD14+ CD16+) and non-classic
monocytes (ncMOs, CD14%™ CD16+). Indeed, an in vivo study
by Patel e al'? convincingly demonstrated that monocyte subsets
represent distinct stages of differentiation within the same cell
lineage. According to their model, cMOs are released from the
bone marrow into the bloodstream, where they reside for about
1day before either extravasating to the tissues, undergoing cell
death or differentiating into iMOs. The iMO subset can be found
in the bloodstream for up to 4 days, during which the majority of
them further differentiate into ncMOs, which can persist in the
bloodstream for up to 7 days. The relevance of monocyte subsets
has been underscored by reported changes in their proportions
in many inflammatory conditions including multiple sclerosis,
atherosclerosis'® and, more recently, in COVID-19.%5 ¢ This
has also been described in systemic lupus erythematosus (SLE),
although different studies report conflicting results.'” >

Apart from their differences in cell surface markers, monocyte
subsets perform specific functions. In this regard, cMOs are often
considered the most inflammatory subset based on their higher
production of proinflammatory molecules and their propen-
sity to differentiate to dendritic cells and macrophages. iMOs
have been reported to perform both proinflammatory and anti-
inflammatory functions in different contexts. Out of the three
subsets, iMOs are the main producers of interleukin-10 (IL-10)
upon TLR stimulation.”® On the other hand, they also are the
main monocyte subset that produces proinflammatory cytokines
in a tumorous environment.** Finally, studies of ncMO functions
have led to contradicting results: some describe them as the best
producers of tumour necrosis factor alpha (TNF-o)) upon TLR4
stimulation with LPS,* %* while others describe them as the least
effective to produce proinflammatory cytokines.?® Nevertheless,
functions generally associated with ncMOs include maintenance
of vascular homeostasis and indicate that they represent the first
line of defence against viral pathogens.”” ™’

SLE is characterised by multiple organ inflammatory damages
and a wide spectrum of autoantibodies. Both genetic predispo-
sition and environmental factors contribute to its development.
Genome-wide association studies have revealed many genetic
variants conferring susceptibility to SLE, affecting different
immune cell types, especially monocytes and other myeloid
cells.*® Particularly, genetic factors seem to have a more defi-
nite role in childhood-onset SLE, while environmental factors
are thought to gain relevance for adult-onset SLE (reviewed in
Charras et al and Barbhaiya and Costenbader’! *%). Environ-
mental factors can trigger changes in the phenotype via epigen-
etic mechanisms. The most studied epigenetic mark is DNA
methylation. In this regard, many studies accumulated in recent
years describe aberrant DNA methylation profiles in patients
with SLE (reviewed in Ferreté-Bonastre et al*®). Roughly, these
studies report a general loss of DNA methylation in different
immune cell types in patients with SLE, particularly associated
with increased expression of interferon (IFN)-regulated genes.
Type ITFN has a central role in the development and progression

of SLE as widely demonstrated by studies showing genetic vari-
ance and overexpression of several effectors of these signalling
pathways (reviewed in Postal et al**). DNA methylation alter-
ations in SLE, and other autoimmune diseases, can both asso-
ciate with changes in the expression of immune-related genes or
serve as a sensor of alterations in cellular pathways, becoming
useful biomarkers of gene dysregulation.®®

To date, there are no epigenetic studies in SLE focusing on
monocyte subsets, despite their central and specific roles in
inflammation. In the present study, we set to inspect the potential
existence of monocyte subset-specific epigenetic and transcrip-
tional alterations in SLE, which could shed light on the implica-
tion of changes in monocyte subpopulations in the activity and
progression of SLE.

METHODS

Sample collection

20 patients with SLE and 13 healthy donors (HDs) were
included in the study. The HDs were matched with SLE donors
based on age and sex. 14 out of 20 SLE donors were of Cauca-
sian ethnicity and, similarly, the majority of HDs belonged to
the same ethnic group. Participants gave both oral and written
consent for their blood to be used for research purposes. All the
patients with SLE fulfilled the 2019 European Alliance of Asso-
ciations for Rheumatology/American College of Rheumatology
classification criteria for SLE.*® Samples from each patient with
SLE were collected at two different time points, the first one at
the onset of a new flare and the second one at the subsequent
visit. For patients with SLE, the Systemic Lupus Erythematosus
Disease Activity Index 2000 (SLEDAI-2k)*” was registered at
each extraction date. Definition of a flare episode was done
with Safety of Estrogens in Lupus Erythematosus-SLEDAI Flare
Index, which can be used with any version of SLEDAI?***

Sample processing and monocyte isolation

25 mL of whole blood were processed within 24 hours of collec-
tion by laying on Lymphocyte Separation Solution (Rafer, Zara-
goza, Spain) and centrifuging without breaking in order to obtain
peripheral blood mononuclear cells (PBMCs). Remaining eryth-
rocytes were lysed with ACK lysis buffer. PBMCs were cryopre-
served in fetal bovine serum with 10% dimethyl sulfoxide to
gather several samples for flow cytometry sorting on the same
batch. The day of cytometry sorting, samples were thawed at
37°C and stained for CD19-FITC (BD-Bioscience), CD15-FITC,
CD3-FITC, CDS56-PE, CD16-APC and CD14-APCVio 770
(Miltenyi). Finally, DAPI was included for the selection of viable
cells. First, we filtered for singlets, FSC-SSC myeloid-like cells
and DAPI-negative cells. Then a negative gating for CD15, CD3,
CD19 and CD56 was performed as recommended in Mukherjee
et al and Ziegler-Heitbrock et al*® ** resulting in the obtention
of the monocytic fraction. Finally, monocyte subsets were sepa-
rated by positive selection based on the surface expression of
CD14 and CD16 into ¢MO (CD14+ CD16—), iMO (CD14+
CD16+) and ncMO (CD144™ CD16+) (figure 1A).

DNA and RNA extraction and preparation
Sorted samples were pelleted and frozen in RLT Buffer+10%
B-mercaptoethanol as recommended by the kit Allprep DNA/
RNA Micro, Mini (Qiagen). After collecting all the samples,
double extraction of DNA and RNA was performed in as few
batches as possible following manufacturer’s instructions.

For DNA, the three monocyte subset samples from 20
patients in the first and second visits as well as 10 samples from
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Figure 1  (A) Schematic representation of the cohort studied and the obtention of the monocyte subsets. (B) Summary table of the cohort
characteristics. (C) Boxplot representation of the percentage of monocyte subsets within the monocyte fraction of PBMCs. Contains all samples
collected, including second visits of SLE samples. Low activity are samples with SLEDAI of 5 or lower, high activity are samples with SLEDAI of 6 or
higher. Statistics performed with two-tailed Wilcoxon test. (D) Heatmap representation of the 499 differentially methylated positions (DMPs) in either
of the pairwise comparisons between SLE and HD samples from each subset, only first visit included. (E) Summary violin plot representation of the
first four clusters of DMPs. In grey, HD samples; in pink, SLE. (F) lllustrative examples of two individual DMPs from the first four clusters. In grey, HD
samples; in pink, SLE. The colour of the CpG name represents the cluster it belongs to. (G) Motif enrichment analysis of the sequence englobing the
DMPs. (H) Gene Ontology enrichment results of the genes annotated closest to the DMPs from the first four clusters. cMO, classic monocyte; FC, fold
change; HD, healthy donor; iMO, intermediate monocyte; ncMO, non-classic monocyte; PBMCs, peripheral blood mononuclear cells; SLE, systemic
lupus erythematosus; SLEDAI, SLE Disease Activity Index; TF, transcription factor.
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HDs were used; in total, 150 samples were analysed. 250 ng
of genomic DNA were modified with bisulfite with EZ DNA
methylation Gold kit (Zymo Research) following manufactur-
er’s instructions. Modified material was hybridised in Infinium
MethylationEPIC V.1.0 arrays, which interrogate around
850000 CpG positions distributed throughout the genome.
Since these arrays only accommodate eight samples each, a
sample distribution strategy was devised to mitigate potential
batch effects. Accordingly, disease state, subset, donor’s age
and sex, visit number, SLEDAI activity, as well as the time the
sample spent frozen, were distributed in a balanced manner
across arrays.*!

For RNA, samples from the three monocyte subsets of 13
patients in the first visit, as well as seven samples from HDs
were used. In total, 60 samples were sequenced in a 100bp
paired-end manner. Libraries and sequencing were performed
by BGI Genomics (Hong Kong) with low-input transcriptome
sequencing-Smart Seq-based method and DNBseq platform.
Approximately 50 million reads were obtained per sample, and
all samples passed sequencing quality control assessed with
FastQC.**

DNA methylation analysis

Data from DNA methylation studies were analysed following
the pipeline described for the shinyEpico package.* In brief,
after removing CpHs (where H=A, C or T), single nucleotide
polimorphisms (SNPs) and X/Y chromosomes, samples were
normalised using noob+quantile algorithms and beta values
were transformed to M values with lumi package V.2.48.*
Quality control was performed and sample composition was
checked with the function estimateCellCounts from minfi
package V.1.42%; some samples were removed due to unde-
sired scores in either of the tests, all from the ncMO subset. In
the end, 137 samples were retained for further analysis. At this
stage, the association of potential covariates, including environ-
mental factors and medications, with SLE samples was analysed.
The absence of a significant association led to the exclusion
of these factors from the analysis design. Statistical tests were
performed with Limma package V.3.52% using the arrayWeight
argument. Comparisons between SLE samples from the first visit
and HDs were performed in each subset individually and CpGs
with a difference in beta value >0.1and a false discovery rate
(FDR) <0.2 were considered differentially methylated positions
(DMPs). Plots were generated with ggplot2 V.3.4 and gplots
V.3.1 packages.

Annotation of CpGs to their closest gene was performed
with the function annotatePeak from the package ChIP-
seeker V.1.32.% ¥ Motif enrichment analysis was performed
with HOMER V.4.11* with the function findMotifsGenome.
pl, within a window of 500 around the DMP. For this anal-
ysis, the arguments —cpg and -nomotifs were used and the
background was considered as the total of CpGs included in
the analysis. Gene Ontology analyses were performed with
rGREAT package®® with argument rule set to twoClosest genes
and version of GREAT set to 4. Annotation to CpG island
(CGI) context was performed with annotatr package V.1.22°'
and annotationHub V.3.4,°> where shores are defined as 2kb
upstream/downstream of CpG islands, shelves are 2kb further
from shores and the rest is outside CGI. Annotation to genetic
context was performed with ChIPseeker’s function annotate-
Peak. Correlation of methylation and activity was performed
with a Spearman’s correlation with an estimate threshold of 0.7
and p value of <0.001.

Bulk RNA sequencing analysis

Files were aligned to hg38 and normalised with Kallisto.™
Sample SLE1S was excluded from further analysis due to outlier
profile. Differential analysis was performed with DESeq2’*
in each subset individually by comparing HD samples versus
SLE samples. A batch effect was detected in some of the HD
samples that were sorted and purified separately from the
others including HD24, HD6, HD27 and HD28; this was
then included as a covariate in posterior analyses. Differen-
tially expressed genes (DEGs) were found by IfcShrink function
with Ashr algorithm. DEGs were defined as protein-coding
genes with an absolute log, fold change (log,FC) >1and an
FDR <0.05. Variance stabilising transformation values and
normalised counts provided by DESeq2 were used for visuali-
sation purposes.

Plots were created with ggplot2 package.”® Gene Ontology
analyses were performed with enrichGO function from cluster-
Profiler package®® with org.Hs.eg.db database.’” Virtual Infer-
ence Protein-activity by Enriched Regulon Analysis (VIPER®®)
was performed with the dataset from the Collection of Tran-
scriptional Regulatory Interactions® with the genes ranked by
their p-adjust and log,FC. Gene Set Enrichment Analysis (GSEA)
was performed with function GSEA from clusterProfiler’® with
the genes ranked by adjusted p value and log,FC. Gene sets from
the DMPs were created by annotating the DMPs to their closest
genes with annotatePeak from the ChIPseeker package.”” STAT
target scores were calculated with the function run_viper from
the dorothea package.®

Single-cell RNA sequencing analysis and integration

For the single-cell RNA sequencing (RNA-seq) analysis and
integration with the bulk RNA-seq dataset, we used the public
dataset GSE174188.°" The dataset was converted to a Seurat
object with the function Convert from SeuratDisk. Posterior anal-
yses of the data were performed with Seurat package V.4.3.0.%
Good-quality cells were considered as those with a percentage
of mitochondrial genes <15%, a number of counts >1500and a
number of features <3500and >500. Analyses were performed
exclusively on the myeloid fraction of the total object. After
filtering, myeloid cells were re-integrated (with k.weight of
50), considering batch information. Doublets with T cells and
platelets were removed. An object with 266k cells was obtained
and used for clusterisation and annotation. For Uniform Mani-
fold Approximation and Projection (UMAP) representation, the
functions ScaleData, RunPCA, FindNeighbors, FindClusters and
RunUMAP were used sequentially, with the first 30 dimensions.
The resolution used is indicated in each figure. Given the fact
that the ethnicities represented in the bulk RNA-seq dataset were
primarily European and Hispanic, for the bulk integration anal-
yses, these two cohorts were filtered resulting in a final object
with 154k cells.

Clustering tree from the different resolutions was calculated
and plotted with clustree package.”” Top markers for each
cluster were identified with the function findAllMarkers with
the argument min.cells.group=50. Gene Ontology of top 50
markers was calculated with enrichGO function from cluster-
Profiler package’® using as background all the genes included
in the analysis. Pseudotime was calculated with the package
monocle3.° Cell proportions from the bulk were measured
with CIBERSORTx®” and statistical inference of the proportions
was conducted using a linear model with the function /m and a
two-sided Wilcoxon rank-sum test.
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RESULTS

Monocyte subset-specific DNA methylation profiles in SLE
reveal a divergent shift in their epigenetic programmes

We collected peripheral blood samples from 20 patients with
SLE during their initial hospital visits due to a flare episode of
the disease or an increase in their symptoms (see the Methods
section). Subsequently, we collected new blood samples from
these same individuals during their follow-up visits to the doctor.
These follow-up visits occurred within a period ranging from
1 to 24 months after the first visit, with 15 patients achieving
remission. Additionally, we collected blood samples from 13 age-
matched and sex-matched HDs (figure 1A,B). The clinical pheno-
type data are available in online supplemental table 1. Blood
samples were processed for the isolation of the three monocyte
subsets through a flow cytometry cell sorting strategy similar
to previously published studies.?’ ** In brief, after obtaining the
monocytic fraction by negative selection, monocyte subsets were
separated based on the surface expression of CD14 and CD16
(figure 1A).

The percentages of the obtained monocyte subsets were anal-
ysed, revealing a significant increase in the proportion of iMOs
in patients with SLE. Notably, this difference appeared to be
more pronounced in patients with low disease activity (SLEDAI
<6) compared with those with high activity (SLEDAI >6). The
proportion of ncMOs also exhibited differential trends between
these two groups of patients, once again showing relatively
higher levels in patients with low disease activity (figure 1C).
This finding was consistent with previous reports, which have
indicated an increase in CD16+ monocytes. The association of
these results with disease activity could help explain the disparity
observed in previous reports, where some describe an increase in
iMOs'® ¥ while others reported an increase of ncMQs. >’ !

We subsequently generated the DNA methylation profiles of
cMOs, iMOs and ncMOs from both the SLE patient and HD
cohorts. Our analysis revealed unique differences in DNA meth-
ylation patterns among the different monocyte subsets when
comparing patients with SLE with HDs. Only the first visits
of SLE samples were used in the upcoming analyses to avoid
potential biases from biological replicates. Specifically, with
an absolute differential of beta value >0.1and an FDR <0.2,
cMOs displayed 289 DMPs, iMOs exhibited 118 DMPs and
ncMOs had 201 DMPs (figure 1D and online supplemental
table 2). These produced a total of 499 unique DMPs, with
some overlap between monocyte subsets. These DMPs were
then grouped into seven clusters (M1-M?7), based on the DNA
methylation levels of the different samples. We identified clus-
ters of DMPs exhibiting a similar behaviour across all monocyte
subsets and clusters of DMPs displaying a distinctive profile in
one of the subpopulations (figure 1E and online supplemental
figure 1A). For instance, cluster M1 consists of 126 DMPs that
are hypomethylated in SLE compared with HD across all three
monocyte subpopulations. Examples of these DMPs include
CpGs annotated to IFN-related genes, such as IFIT1 and IFI44L
(figure 1F). Cluster M2 (41 DMPs) annotate to genes that have
a more drastic hypomethylation in ¢tMOs than in both iMOs
and ncMOs when comparing HDs versus SLE (figure 1D,E). It is
the case of genes like ZMIZ1, a member of the protein inhibitor
of activated STAT protein family, and OTUD1, a deubiquitinase
related to TNF and IFN signalling®® (figure 1F). Remarkably,
cluster M3 (15 DMPs) corresponds to positions hypomethylated
in SLE ncMOs in comparison with HD ncMOs (figure 1D,E).
Examples include those annotating at genes like Krupple-like
family transcription factor (TF) KLF6, which has been related to

the aryl hydrocarbon receptor pathway, and PTPN2 (figure 1F).
Cluster M4 contains 58 DMPs that demethylate in the differen-
tiation from ¢cMOs to ncMOs and that in SLE iMOs are more
advanced in the demethylation process than their HD counter-
parts (figure 1D,E). Examples of DMPs in the M4 cluster include
those annotating to PDE4B, which encodes a key element for
the monocyte’s response to LPS®” and PIK3RS, which encodes
a regulatory subunit of PI3K complex, relevant for several
immune functions in monocytes including cytokine release and
adhesion””? (figure 1F). The remaining clusters from M35 to
M7 (127, 93 and 11 DMPs) were characterised by hypermeth-
ylation in SLE in comparison with HDs, being cluster M5 the
predominant, with similar hypermethylation levels for all mono-
cyte subsets (online supplemental figure 1A,B). The analysis of
differentially methylated regions (DMRs) produced overlapping
results with 60, 27 and 41 DMRs in cMOs, iMOs and ncMOs,
respectively (data not shown). In summary, these results suggest
that dysregulation of DNA methylation in SLE affects monocyte
subsets in different ways. Since iMOs derive from cMOs and
ncMOs from iMOs, one can interpret that some determinants
in SLE pathology are affecting the differentiation process at the
DNA methylation level.

Annotation of the DMPs to the genome in relation to CpG
islands showed different patterns in various clusters (online
supplemental figure 1C). For instance, clusters M1 and M3
showed an enrichment in CpGs annotated to shore regions in
comparison with the background. In contrast, the remaining
clusters presented a higher representation of positions outside
CpG islands. In parallel, annotation of the DMPs in relation
to the gene location also separated cluster M1 from the rest
(online supplemental figure 1D). This showed a significant and
marked representation of promoter regions encompassing more
than 60% of the DMPs in this cluster. Cluster M3 also showed
a high representation of promoter regions as well as exons. The
remaining clusters showed a more homogeneous representation
with similar region percentages to those present in the back-
ground. This highlights the common behaviour of the subsets in
demethylating promoters, while subset-specific changes appear
to participate in more complex regulatory processes.

TF-binding motif enrichment analysis in the regions
surrounding DMPs showed that the different clusters exhibit
significant enrichment for a wide range of TFs (figure 1G,
online supplemental figure 1E and online supplemental table 3).
For instance, DMPs from cluster M1 are enriched for binding
motifs of several STAT TFs, indicating their relation to immune
cell activation pathways. Additionally, approximately 80% of
DMPs from cluster M2 (hypomethylated in cMOs from patients
with SLE) presented a significant enrichment for TFs of the Fos
and Jun family. These have been associated with monocyte-
to-macrophage differentiation and activation,” as well as
with other inflammatory diseases such as rheumatoid arthritis
(reviewed in Zenz et al’*). We were particularly interested in
DMPs from cluster M3 because they are hypomethylated in
SLE ncMOs, less studied than cMOs. DMPs from cluster M3
presented an enrichment for the consensus sequence of RORy,
which is a TF involved in Th17 differentiation.”® This factor has
also been described in a subset of monocytes which is associated
with IL-17 production in pathological conditions.”®

We also performed Gene Ontology analysis of the genes asso-
ciated with these DMPs. Hypermethylated DMPs in SLE in
comparison with HDs in either cMOs or ncMOs were associated
with metabolic synthesis and degradation of several compounds
such as ‘spermidine biosynthesis process’ or ‘allantoin metabolic
process’ (online supplemental figure 1F and online supplemental
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table 4). Notably, the polyamine spermidine has been previously
described to be present at decreased concentrations in the plasma
of patients with SLE.”” Also, allantoin is the product of uric acid
non-enzymatic oxidation. Urate may be found at elevated levels
in the serum of patients with active SLE where it facilitates the
activation of inflammatory pathways, particularly in those with
kidney damage.”® On the other hand, DMPs that lose methyl-
ation in SLE compared with HDs in either cMOs or ncMOs
were annotated to genes related to immune system activation.
DMPs exhibiting hypomethylation in cMOs were strongly asso-
ciated with ‘type I IFN signalling pathways’, a proinflammatory
group of cytokines that are a key player in SLE development and
pathogenesis. This is consistent with previous results describing
significant hypomethylation in IFN pathways in SLE immune
cells.””™

We also conducted Gene Ontology enrichment analysis of
these positions when clustered in an unsupervised manner as
depicted in figure 1D (see figure 1H, online supplemental figure
1G and online supplemental table 5). The results showed that
DMPs in cluster M1, which are hypomethylated in SLE in all
three monocyte subpopulations, strongly associated with type I
IFN response pathways consistent with our previous analysis.
Notably, cluster M3, which exhibited significant hypometh-
ylation in SLE within the ncMO subset, was associated with
pathways typically associated with T cells and pathways related
negatively to monocyte differentiation to macrophages. This
highlights once more the distinct involvement of ncMOs in SLE.

Monocyte subset-specific transcriptomic alterations in SLE
We then performed RNA-seq analysis of 60 samples, comprising
the three monocyte subsets of 13 patients with SLE during their
first visit and 7 HDs. The analysis revealed 2805 DEGs in cMOs,
1916 in iMOs and 1287 in ncMOs (FDR <0.5 and log,FC >1or
<—1) (online supplemental table 6). In general, the majority of
DEGs corresponded to genes with higher expression levels in SLE
compared with HDs (figure 3A,B). Also, most changes presented
a similar behaviour in the three monocyte subsets, although a
high percentage of the total DEGs did not reach statistical signif-
icance in ncMOs (figure 2B). DEGs were divided into seven
main clusters (E1-E7) in an unsupervised manner based on their
expression levels (figure 2B,C and online supplemental figure
2A). DEGs in E1 (986 DEGs) and E2 (631 DEGs) corresponded
to genes that showed increased expression in SLE versus HDs in
all subsets, with a more pronounced effect in cMOs. Notably,
genes in cluster E2 displayed a progressive decrease in expres-
sion during the differentiation from cMOs to ncMOs. In cluster
E3 (151 DEGs), genes showed similar expression levels in the
three monocyte subsets in HDs and a similar upregulation in
the three subsets in patients with SLE. In cluster E4 (70 DEGs),
genes were downregulated during differentiation from cMOs to
ncMOs but had a particular increase in expression in ncMOs
of SLE. Cluster E5 (971 DEGs) and E6 (375 DEGs) showed a
loss of expression in the three subsets in SLE. Finally, cluster E7
(322 DEGs) showed a parallel increase in expression during the
differentiation from ¢cMOs to ncMOs in both HDs and SLE.
Some genes with a unique behaviour in one of the subsets
are represented in online supplemental figure 2B. Among these,
CDS58 and IL18R1 displayed a marked upregulation in cMOs
from SLE. CDS58 is a molecule expressed in the cell surface of
monocytes, playing a crucial role in immune synapsis forma-
tion with CD2-expressing T and natural killer cells.* Dysreg-
ulation of this axis, characterised by aberrant expression of
CDS58, has been previously linked with several autoimmune

diseases including rheumatoid arthritis.®* * On the other hand,
the proinflammatory cytokine IL-18 has increased levels in the
serum of patients with SLE®” and the expression of IL18R in
myeloid cells has been linked with their ability to migrate and
be recruited to the site of inflammation.*® The TF IRF4, which
we found specifically upregulated in SLE iMOs, is expressed in
myeloid cells upon stimulation with IFN-B and it induces their
activation and differentiation.®® ITGA9, associated with infil-
tration and migration in macrophages,”® was found to be espe-
cially upregulated in iMOs from patients with SLE, indicating
a potential migratory phenotype. In the case of ncMOs, IFIH1
and TLR10 were found to have specific differential expression
in this subset, indicating a proinflammatory phenotype. IFIH1
expression leads to a strong inflammatory response involving
IFNG, a pathway known to be dysregulated in SLE.”" In the case
of TLR10, its expression in monocytes is linked to a suppression
of their activation capacity and their ability to activate T cells.””
In this case, ncMOs from HD increased their TLR10 expres-
sion in comparison with cMOs, but this increase was not present
in the patients with SLE which makes them more prone to this
interaction than in physiological conditions.

Gene Ontology analysis revealed enrichment of biolog-
ical functions similar to those obtained for DNA methylation
(figure 2D, online supplemental figure 2C and online supple-
mental table 7). Clusters of DEGs that gain expression (clus-
ters E1-E4) are primarily associated with immune response
functions. For clusters E1 and E2, particularly upregulated in
cMOs, functions related to ‘leucocyte migration’ and ‘response
to chemokine’ are prevalent. Also, pathways of response through
TNF, IL-1 and NF-xB were highly represented among the genes
from these clusters. IFN production and major histocompatibility
complex I (MHC-I) signalling are predominant among the func-
tions derived from genes from cluster E3. Cluster E4, similarly
to cluster E2, showed functions related to TNF production and
response to bacteria molecules. For the clusters of genes under-
going downregulation, we observed enrichment in functions
related to autophagy (cluster ES), probably related to the deficit
of clearance of autophagocytic residues in SLE.® In cluster E6,
genes related to several metabolic pathways and to the produc-
tion of IL-12, a proinflammatory cytokine produced by myeloid
cells downregulated by treatment with corticosteroids,” ** could
lead to a T cell switch towards Th17 population.”

TF involvement was inferred from the gene expression of
their targets using VIPER.’® The TFs with the highest predicted
activity in SLE in each of the subsets are shown in figure 2E. These
results were consistent with the observation that the overall tran-
scriptomic profile in SLE is relatively similar among monocyte
subsets. HIF1A is the most significantly enriched TF in each of
the subsets. This TF has been tightly linked with TNF-a signal-
ling and inflammatory autoimmune responses (reviewed in Tang
et al’®). SLE monocytes are in a highly activated state, as also
indicated by the enrichment of NF-kB, STATs or EGR1 regulons.
NF-kB can be activated through TLR signalling or by uptake
of microparticles in SLE becoming a therapeutic target.”’™’
EGR1 has also been shown to be associated with inflammatory
responses in monocytes.'*’

In parallel, we inspected whether the TFs whose binding
motifs were enriched in the different DMP clusters (figure 1G
and online supplemental figure 1C) were also differentially
expressed between the populations. This is the case for several
of the factors (figure 2F and online supplemental figure 2D). For
instance, cluster M2 DMPs were clearly enriched for consensus
sequences of the family of TFs Fos-Jun. FOSL1 is one of the
key members of this family and is differentially expressed in
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Figure 2 (A) Volcano plot of the differentially expressed genes (DEGs) in each pairwise comparison between SLE and HD from each subset of

monocytes. Labels in black annotate highlighted DEGs common in the three comparisons. Labels in colour annotate highlighted DEGs unique to the
respective subset. (B) Heatmap representation of the DEGs from the pairwise comparisons between SLE and HD in either of the subsets. (C) Summary
violin plot representation of the first four clusters of DEGs. In grey, HD samples; in pink, SLE. (D) Gene Ontology enrichment of the first four clusters of
DEGs. (E) Dotplot representation results of Virtual Inference of Protein-activity by Enriched Regulon analysis. It displays the top 10 transcription factors
predicted to have more activity in SLE samples compared with HD samples, individually in each subset. (F) Expression of highlighted transcription
factors resulting from the motif enrichment analysis of DMPs. In grey, HD samples; in pink, SLE. Statistics performed with two-tailed Wilcoxon test.
cMO, classic monocyte; DMPs, differentially methylated positions; FDR, false discovery rate; HD, healthy donor; iMO, intermediate monocyte; log,FC,
log, fold change; ncMO, non-classic monocyte; NES, normalised enrichment score; SLE, systemic lupus erythematosus; SLEDAI, SLE Disease Activity

Index; VST, variance stabilising transformation.
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c¢MOs between HDs and SLE, but not in ncMOs, showing a
similar behaviour to the DMPs from this cluster. In the case of
cluster M3 of DMPs, where only one TF, RORY, is significantly
enriched in the sequences surrounding the CpG positions, its
expression is not differential between HDs and SLE in any of the
subpopulations. However, it has a clear upregulation between
c¢MOs and ncMOs (figure 2F), suggesting a more prominent role
in the transcriptome regulation of the latter. Other interesting
TFs that present differences among the subpopulations include
STAT4, ATF3, NR4A1 (Nurr7) and IRF4 (online supplemental
figure 2D).

To further investigate the correlation between the epigenomic
and transcriptomic profiles of the samples, we performed a GSEA
of the genes annotated by proximity to the DMPs from each
individual subpopulation (online supplemental figure 2E,F). The
results revealed that the genes annotated to the DMPs from the
c¢MO subset are significantly more enriched in transcriptomic
profiles of cMOs from HD samples, in comparison with the SLE
samples. Interestingly, cMO’s DMPs were also enriched in the
iMOs from HD samples, possibly due to the short lifespan of
cMOs before they differentiate to iMOs which may cause cMO’s
epigenomic profile to influence iMO’s transcriptomics. ncMO’s
DMPs did not reach statistical significance threshold for correla-
tion, but they showed a tendency to be more enriched in the SLE
samples.

DNA methylation changes correlate with SLE activity and
progression

We and others have previously shown that the DNA methylation
profiles of immune cells correlate with activity index in rheuma-
toid arthritis'”"™% and in SLE."™ To test this potential relation-
ship in the different monocyte subsets, we performed Spearman’s
correlation between the SLEDAI of the patients at their first
visit and their DNA methylation profiles of the three monocyte
subsets. We found 823 CpGs in ¢cMOs, 683 in iMOs and 952
in ncMOs that correlated significantly with disease activity (p
cut-off=0.7 and p value cut-off=1x10e-3) (figure 3A, online
supplemental figure 3A,B and online supplemental table 8). These
were vastly different between monocyte subsets. However, when
analysing the Gene Ontology enrichment of the genes annotated
to these positions, the results obtained were similar among the
subsets. Particularly, the positions with a negative correlation
to SLEDALI, that is, positions that are less methylated at higher
activity indexes than at low activity indexes, associated with
pathways related to immune response via type I IFN pathway
in ctMOs and iMOs (figure 3B and online supplemental table
9). These positions did not correlate with activity in the samples
from the second visit, which contrasts with what we observed
for other autoimmune conditions.'”" As a result, there were very
poor correlations when comparing the difference in methylation
with the difference in activity (R*<0.5, data not shown).

Given the Gene Ontology enrichment results associating
the correlating positions with IFN pathways, together with
the potential role of STATs in the acquisition of the observed
epigenetic profiles (figure 1G), we wondered whether these
TFs could be associated with the activity in the samples. To
address this question, we generated scores for each member of
the STAT family for both DNA methylation and expression.
For DNA methylation, we calculated the average of the scaled
methylation values of all the CpGs with the corresponding STAT
consensus sequence in a region of 500 bp surrounding the DMPs
from cluster M1. For the expression data, we measured the
average of the scaled expression values of the target genes of

each STAT family member as defined by CollecTRI regulons.*”
The results revealed a significant positive association between
the activity index and the levels of STAT targets (see figure 3C
and online supplemental table 10). This association holds true
for all members of the STAT family except STAT6, whose
targets do not increase their expression along with SLE activity.
We highlight the results for STAT1 given that it is the main
responder to IFN signalling, and its expression is dysregulated in
SLE.'% 1% Samples with higher activity decrease the methylation
of STAT1-responsive DMPs while they have a higher expression
of STAT1 gene targets (figure 4D,E). The correlation of these
STAT1-associated DMPs with disease activity was validated with
an external public cohort of CD14+ monocytes from 27 SLE
donors and 27 HDs (GSE59250; see online supplemental figure
3D,E). Although the association between the epigenetic STAT1
profile and the activity occurs for the three subsets, the correla-
tion of the transcriptomic profile is only statistically significant
in ctMOs and iMOs. This suggests that ncMOs are less STAT1
responsive.

Regarding the disease progression of the patients included in
the study, 15 out of the 20 patients improved over the following
months and achieved a remission state with a SLEDAI below 6 in
the second sample collection point. With this information avail-
able, we investigated whether the prognosis of the patients could
be predicted based on the methylation status of some CpG sites
in samples from the first visit. We identified 494 DMPs in cMOs
between patients who would remit and patients who would not.
With these, we built a supervised learning k-nearest neighbours’
algorithm to predict the progression of the disease. With an
internal 10-fold cross-validation approach, we confirmed that
3 CpG positions were enough to build an accurate prediction
algorithm (figure 3F,G).

Patients with SLE undergo drastic changes of monocyte
subpopulations

To further investigate the presence of differences in our dataset,
we leveraged single-cell RNA-seq dataset from PBMC samples of
162 patients with SLE and 98 HDs (°'-GSE174188). Due to the
difficulty of identifying iMOs in single-cell datasets, we initially
divided the myeloid fraction of this dataset at a very low resolu-
tion, obtaining just two clusters: cluster 0 or CD16— cells and
cluster 1 or CD16+ cells (figure 4C). With this initial division,
DEGs from our bulk RNA-seq dataset significantly overlapped
with the DEGs between SLE and HD cells in the single-cell
object (¢cMO’s DEGs in cluster 0, p=0.0096; iMO’s and ncMO’s
DEGs in cluster 1, p=0.0164) (online supplemental figure 4A).
Some of the genes upregulated in both datasets in the compar-
ison of HD versus SLE included IRF7, IFI27, HLA-A or HLA-C
(figure 4D and online supplemental figure 4B).

The density distribution of cells in the myeloid object exhib-
ited a striking difference between SLE and HD samples. This
contrast was especially pronounced in the SLE samples with
higher activity (SLEDAI >6) (figure 4E). This finding prompted
us to increase the resolution of the clustering in order to iden-
tify clusters containing cells from one specific condition (SLE
or HD) (figure 4F). At a resolution of 0.15 (figure 4A), two of
the new clusters mostly contained cells from the SLE samples.
Specifically, clusters 1 and 6 contained 81% and 60% of cells
from patients with SLE, respectively (figure 4A).

Analysis of some of the highly expressed genes for each cluster
and their corresponding enriched pathways (figure 4F,G and
online supplemental figure 4C) led us to the following anno-
tations: cluster 0, primarily formed by cells of HD origin, was
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Figure 3  (A) Violin plot representation of the cMO's CpGs correlating with SLE activity as measured by SLEDAI in a Spearman’s correlation. Samples
divided in four groups according to their activity index: none is SLEDAI=0, mild is SLEDAI between 1 and 5, moderate is an index between 6 and

10, and high is a SLEDAI above 10. (B) Gene Ontology results of the genes annotated by proximity to the CpGs correlated with activity in each of

the subsets. (C) Heatmap representation of STAT targets at the methylation (top) and expression (bottom) level. Methylation targets are defined per
HOMER database and expression targets as per CollectRl database. Each row represents the results for a different STAT family member ordered from
STAT1 in top row to STAT6 in bottom row. (D) Dotplot representation of methylation correlation with SLE activity index of the DMPs that are STAT1
targets in cluster M1. (E) Boxplot summary representation of STAT1 targets at the methylation (top) and expression (bottom) level in each of the
subsets. Methylation targets are defined per HOMER database and expression targets as per CollectRI database. Samples grouped per activity so that
none/mild group is SLEDAI 0-5 and moderate/high is SLEDAI above 6. Statistics performed with two-tailed Wilcoxon test. (F) Barplot representation
of the results of the predictive model in the different cohorts. (G) DNA methylation levels of the three CpGs used by the predictive model in HD,
remission patients and non-remission patients. cMO, classic monocyte; DMPs, differentially methylated positions; FC, fold change; HD, healthy donor;
iMO, intermediate monocyte; MHC, major histocompatibility complex; ncMO, non-classic monocyte; SLE, systemic lupus erythematosus; SLEDAI, SLE

Disease Activity Index.

labelled as S100A-mono and was enriched in pathways of
response to LPS but also of response to oxidative stress. Cluster
1, essentially composed of SLE cells received the name of IFN-
mono because it had an unmistakable IFN signature with IFI6,
IFI44L and ISG15 genes as its top markers. Cluster 2 was the
main CD16+ clusterand, therefore, we labelled it as CD16+—
mono. Cluster 2 was also enriched in pathways of response to
type I IFN and regulation of leucocyte activation. Cluster 3
(MHC-II-mono) was strongly enriched for genes and pathways
of the MHC-II and cluster 4 (EIF5A-mono) had higher levels
of cell proliferation genes (EFI4A and Clorf56) and pathways
related to cell adhesion and endocytosis. Cluster 5 (CCL3-
mono) had a highly proinflammatory signature with marked
TNF-o. pathway activation. Finally, cluster 6 (C1Q-mono)

highly expressed genes and pathways of the complement 1q
(C10A, C10B, C1QC). Interestingly, MHC-II-mono, EIF5A-
mono and C1Q-mono presented very similar features to those
found in a previously annotated single-cell dataset of another
autoimmune disease.'”’

By using CIBERSORTx software,”” we studied the proportion
of these clusters represented in our bulk dataset (figure 4H).
With this approach, we determined that our bulk samples are
composed of a heterogeneous mixture of cells showing differ-
ential patterns correlating with disease state and disease activity.
As expected, cMOs from SLE donors were composed of a
significant percentage of the labelled IFN-mono cluster, while
HD samples barely harboured them. This representation was
more elevated in samples with higher disease activity, where the
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Figure 4  (A) Representation of unsupervised clustering results at different resolutions of the myeloid fraction of PBMCs from the single-cell RNA-
seq dataset GSE174188. Node colour represents the percentage of SLE composition of each cluster. Edge colour represents the number of samples
following each division. The transparency shows the incoming node proportion. (B) Violin plot representation of the expression levels of CD14 and
CD16 (FCGR3A) at RNA and protein level in the two clusters generated by a 0.05 resolution. (C) UMAP representation of the distribution of the two
clusters generated by a 0.05 resolution. (D) Scatter plot of the percentage of detected genes in HD and SLE samples in cluster 0 of the resolution 0.05.
In colour are the DEGs from the single-cell RNA-seq dataset (FDR <0.05, log,FC >0.1). Labels present in DEGs commonly upregulated in the bulk
dataset. (E) UMAP representation showing the density distribution of cells in the HD and SLE cohort (top), and within the SLE cohort, the low activity
and high activity samples (bottom). SLEDAI of 6 was used as a threshold. (F) Dotplot representation of some of the DEGs in each cluster formed by

a 0.15 resolution. (G) UMAP representation of the distribution of the six clusters generated by a 0.15 resolution. (H) Barplot representation of the
estimate percentage composition of each bulk sample according to signature expression from each of the clusters generated by a 0.15 resolution.

(I) Summary plot of percentage composition of bulk samples. Coefficients, p values and 95% Cls derived from fitting a linear model and testing it
with Wilcoxon test. (J) Scatter plot representation of STAT1 targets expression score across the pseudotime distribution of the differentiation from
CD16- to CD16+ monocytes (top). Summary representation of pseudotime representation of each cluster (bottom). cMO, classic monocyte; DEGs,
differentially expressed genes; FDR, false discovery rate; HD, healthy donor; iMO, intermediate monocyte; log,FC, log, fold change; ncMO, non-classic
monocyte; PBMCs, peripheral blood mononuclear cells; RNA-seq, RNA sequencing; SLE, systemic lupus erythematosus; SLEDAI, SLE Disease Activity
Index; UMAP, Uniform Manifold Approximation and Projection.
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difference in proportions was statistically significant. We deter-
mined that iMOs contained a mixture of mostly S100A-mono,
MHC-II-mono and CD16+-mono in HD samples, while iMO
SLE samples repeatedly showed a non-trivial representation of
C1Q-mono. This behaviour was similar also for ncMO samples,
where C1Q-mono has a significantly higher proportion in the
SLE samples of our bulk dataset. Another remarkable finding is
the presence of the highly proinflammatory cluster CCL3-mono
exclusively in SLE samples, being present in all three subsets
from the bulk but never in HDs (figure 41).

Finally, to inspect the impact of STAT1 dysregulation, initially
determined from the bulk methylome and transcriptomic anal-
yses, we studied the STAT1 regulon in the single-cell RNA-seq
dataset. As anticipated, we observed an increased pattern of
activation of this pathway in SLE samples. This activation was
particularly exacerbated in the MHC-II-mono cluster and less
in the SI00A-mono or the CD16+ clusters (CD16+-mono and
C1Q-mono) (figure 4]). Together, these results correlate with
our previous findings of gene expression changes, indicating a
higher STAT1 influence on the high disease activity samples,
mainly in cMOs and iMOs, which are the samples with a height-
ened ratio of the MHC-II-mono cluster.

DISCUSSION

In this study, we have exploited the power of multiomics to
dissect changes in monocyte subpopulations in SLE. Previous
studies had suggested a differential role for CD16+ monocytes
through variations in their proportions and functions compared
with those in healthy individuals.'"”* Our study sheds light on
both the differential phenotype of monocyte subsets in SLE and
the expansion of certain subpopulations. On one hand, DNA
methylation profiles revealed changes between SLE and HD
individuals that are both common to all monocyte subsets and
unique to one of the subpopulations. On the other hand, tran-
scriptomic analyses showed that ctMOs were the subset with
higher and more significant differences between SLE and HD.
These differences, both at epigenetic and transcriptomic levels,
correlated with disease activity, particularly the STAT family
of TFs. We also developed a model to predict the prognosis of
the disease by inspecting the DNA methylation values of only
three CpG sites. Finally, by analysing a publicly available single-
cell RNA-seq dataset of patients with SLE, we deconvoluted
the composition of our bulk data and identified a signature of
cells that explain the phenotype observed in the SLE monocyte
subsets.

The involvement of monocyte subsets in SLE and other inflam-
matory conditions has been subject of debate in recent years.
Discrepancies in results in monocyte proportions are evident:
some studies indicate higher percentage of cMOs,'” while others
report an increase in iMOs'® ¥ or in ncMOs.?” *' Furthermore,
certain studies have found no differences in the proportions of
the subsets between SLE samples and HDs.”* Our results indi-
cate that the proportion of monocyte subsets varies in SLE in
relation to disease activity. The proportion of iMOs is increased
in SLE samples, particularly in those with low disease activity.
The ncMO subset exhibits a similar trend, although statistical
significance is not reached, likely due to cohort size limitations.
These findings suggest a differential role of monocyte subsets at
various stages of the disease.

DNA methylation changes can serve as indicators of envi-
ronmental influence and can significantly affect cellular pheno-
type, predisposing cells to respond to subsequent stimuli. The
chronic systemic inflammatory conditions characteristic of

SLE contribute to shaping immune system cells into a state of
constant responsiveness, perpetuating inflammation. Multiple
studies have shown DNA methylation alterations in patients with
SLE (reviewed in Ferreté-Bonastre et al’’), generally pointing
towards a dysregulated type I IFN signature. These modifica-
tions are associated with disease activity and prognosis. Our
study on monocyte subsets has enabled us to identify epigen-
etic changes in positions shared among the different subsets,
indicating a widespread inflammatory behaviour primarily
driven by this cytokine. However, we also observed DMPs
exclusive to each monocyte subpopulation. Notably, among the
hypomethylated DMPs unique to ¢cMOs, up to 80% harboured
the consensus sequence for binding the Fos/Jun family of TFs.
In the myeloid compartment, these TFs and the demethylation
of their target sequences are associated with differentiation
to macrophages.’®™ ' This suggests a priming of these cells
towards macrophage differentiation, which would occur instead
of differentiation towards iMOs and ncMOs. In contrast, for
DMPs exclusively demethylated in SLE ncMOs, we identified an
association with T cell regulatory factors and pathways. Some
of these DMPs were associated with the TF RORyt, a factor
typically found in T cells, which has also been described in
monocytes under some pathological conditions.”® In this report,
the expression of RORyt by a subset of monocytes was asso-
ciated with their production of IL-17, a signature that resem-
bles that of Th17 differentiation.''’ Interestingly, this type of T
cell differentiation, particularly fostered by IFN-o-conditioned
monocytes,''! has been shown to play a role in SLE pathogen-
esis."'2 13 It is possible to speculate that the observed differences
in monocyte subsets could be due to the differential response
because of the cells expressing different receptors, of them being
primed differently or that the bulk samples are composed of a
heterogeneous mixture of different cells. It is important to note
that although these analyses yielded biologically relevant results,
they were conducted with an FDR of 0.2, potentially increasing
the number of false positives. To mitigate this, we applied a beta
difference threshold filter of 10%j; however, this still represents
a limitation of our study.

The transcriptomic analysis revealed that alterations were
predominantly shared among the three subsets, while subset-
specific changes were primarily observed in cMOs. This subset
displayed more and greater differences in gene expression
compared with the other subsets. This finding likely suggests
that cMOs are in a less differentiated state, making them more
plastic and better able to respond to an inflammatory envi-
ronment. As anticipated, the genes upregulated in SLE were
related to proinflammatory and antigen presentation pathways,
whereas the downregulated genes were associated with nega-
tive regulation of autophagy or production of IL-12. These are
relevant pathways associated with the development of SLE,
where the dysregulated autophagosomic system may have an
important role in the development and severity of the disease
(reviewed in Liu et al''*) and the IL-12/IL-23 axis is important
for Th17 cell differentiation.!*! IFN signature, a well-known
driver of SLE, was also present in our samples, particularly in
those with higher activity as seen in both epigenetic and tran-
scriptomic profile of STAT targets. In general terms, a pan-
STAT signature was observed in samples with high activity, a
finding supported by multiple reports suggesting the promi-
nent role of this family of TFs in SLE (reviewed in Goropeviek
et al'™). In particular, at the transcriptomic level of STAT1
targets, the member of the family more closely related to IFN
signalling, it appears that cMOs and iMOs are the most respon-
sive and susceptible subsets. In contrast, ncMOs’ STAT1 targets
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expression does not reach a significant increase in high activity
samples.

Based on the characteristics of our cohort and the clinical
data collected regarding disease progression, we classified our
patients into two groups: those with a good prognosis or in
remission, and those with a poor prognosis or not in remission.
Using this information, we developed a predictive model that
used the epigenetic information from the first visit sample to
predict the prognosis of the samples into these two categories.
Remarkably, with the methylation status of just three CpG sites,
we were able to achieve this classification in both our test and
validation cohorts. This suggests that, even at the onset of a flare
period, there are measurable indicators of the prognosis of the
episode. A limitation of this aspect of our study is the size of
our cohort, which necessitated division into independent groups
for validation and testing. While these results should be further
validated with a larger sample size, they are already promising,
particularly considering the current sample size.

Finally, using a single-cell RNA-seq dataset from an SLE cohort,
we identified subgroups of monocytes within our bulk dataset
that help explain the differences observed. In this regard, cMOs
and iMOs from SLE samples were formed by a high percentage
of cells with an IFN signature, particularly in the high activity
samples, which could explain the STAT1 signature that we had
identified. Similarly, iMOs and ncMOs also contained a higher
percentage of another group of cells with a high C1Q signature.
This group of cells is likely to be important in SLE pathogenesis,
where immunocomplexes formed by autoantibodies and comple-
ment factors are the main initiators of tissue damage. Of note,
despite the results show that the bulk SLE samples are formed
by a higher percentage of these proinflammatory groups of cells
than the HD samples, they also contain an important representa-
tion of ‘healthy’ cells or cells present in HDs, it is not the whole
of monocytes that are pathogenic. Hence, further investigation
into the signals that influence a healthy monocyte, just released
from the bone marrow, to develop a proinflammatory, disease-
promoting cell phenotype, or to follow a physiological destiny,
even in the inflammatory environment present in this disease,
would be of great interest.
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Clinical applications

During the past twenty years, a wide range of studies have established the existence of epigenetic alterations,
particularly DNA methylation changes, in lupus. Epigenetic changes might have different contributions in
children-onset versus adult-onset lupus. DNA methylation alterations have been identified and characterized in
relation to disease activity and damage, different lupus subtypes and responses to drugs. However, to date there
has been no practical application of these findings in the clinical milieu. In this article, we provide a review of

key studies showing the relationship between DNA methylation and the many clinical aspects related to lupus.
We also propose several options, in relation to the range of methodological developments and experimental
design, that could optimize these findings and make them amenable for use in clinical practice.

1. Introduction

Lupus is an archetypal systemic autoimmune disease characterized
by the production of autoantibodies, complement activation, and im-
mune complex formation and deposition [1]. It has an exceptionally
heterogeneous presentation among affected individuals, making it
challenging sometimes for clinicians to diagnose. With a prevalence
ranging from 20 to 200 cases per 100,000 people in distinct ancestral
populations [2-5], many efforts have been made to better understand
the pathogenesis and development of this complex disease.

The etiology of lupus is believed to be a combination of genetic and
environmental factors. Genetic contributions are thought to be partic-
ularly determinant in childhood-onset lupus, which represent 10-20%
of lupus patients (reviewed in [6]) since these patients have been
exposed to fewer, if any, triggering environmental impacts. Over the last
two decades, genome-wide association studies (GWASs) have identified
an association between lupus and certain alleles at more than 130
different loci [7-9], suggesting a multiple-gene susceptibility to disease
development. Many of the susceptibility genes, such as IFIH1 [8,10], and
IL10 [11], are directly linked to immune system functions. Some, like
PTPN22 [12,13], CD80 [14], and IL12A [8], are characteristic of T cell
functions; others, like BANK1 [9,15], PRDM1 [11], and BLK [15,16], are
typical of B cell functions; yet others, such as ITGAM [15,17] and ICAMs
[18], are typically expressed in the myeloid lineage. This variety of
immune functions associated with genetic susceptibility underlines the

importance of different cell types in lupus pathogenesis. Childhood-
onset lupus has been associated in multiple studies with higher pres-
ence of SLE-associated polymorphism and higher genetic risk [19-21]
Moreover, 1-4% of total SLE patients and 7-8% in childhood-onset SLE
[22] present a monogenic form of lupus, with high penetrance single
mutations that cause patients to develop the disease. These rare muta-
tions take part in complement components, endonucleases genes or in
apoptotic and lymphocyte activation pathways [23-26].

There are also several lines of evidence of the activity of non-genetic
factors in lupus development (reviewed in [27]). For instance, the
frequent occurrence of discordance for lupus in monozygotic twins is
evidence of the presentation of non-genetic factors [28-30]. In this re-
gard, environmental factors such as cigarette smoking [31,32], hor-
mones [33,34] or infections [35], among others, are thought to be
correlated with disease development (reviewed in [36]). Currently,
lupus is considered a complex disease associated with multigenetic
susceptibility and environmental triggers. In general, genetic factors
seem to have a higher impact in childhood-onset lupus patients while
adult-onset patients are thought to involve more environmental factors
in order to develop the disease (reviewed in [37]).

A possible mechanism of action of environmental triggers on the
phenotype is through epigenetics. Epigenetics provides several mecha-
nisms that can determine variability in gene expression and, ultimately,
function without involving changes in the genetic sequence. In this re-
gard, methylation of the 5 position of the pyrimidine ring of cytosine
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residues adjacent to guanines (CpG dinucleotides) (from now on DNA
methylation) and the post-translational modification of amino acid
residues in histones are directly associated with gene expression. The
covalent modification of the DNA and the histones that pack it are tar-
geted to specific gene sequences by transcription factors and linked to
upstream signaling pathways that depend, in some cases, on extracel-
lular traits. This gives rise to direct relationships between environmental
cues and gene-specific alterations of gene expression [38]. Epigenetic
regulation is tightly regulated and takes different forms depending on
the genomic region studied (see representative examples in Fig. 1A).
DNA methylation is the most extensively studied category of epigenetic
modification, and is particularly convenient for clinical studies because
of the stability of the DNA molecule.

The processes of DNA methylation incorporation and removal
involve a variety of enzymes and a series of complex interactions be-
tween enzymes such as DNA methyltransferases (DNMTs) and ten-
eleven translocation enzymes (TETs), and transcription factors
(Fig. 1B). These mechanisms are essential for defining function and can
be altered under pathological conditions [39] (Fig. 2). In cancer, DNA
methylation alterations have been extensively studied and are an active
area of research because of their important roles in pathogenesis and the
generation of clinically valuable markers (reviewed in [40]). In lupus
research, pioneer studies in the 1990s established the existence of DNA
methylation alterations in T cells [41]. In relation to monozygotic twin
discordance, our team demonstrated the widespread occurrence of
hypomethylation [42], and was the first to use high-throughput ap-
proaches to identify DNA methylation alterations in autoimmune dis-
ease. Apart from being altered under pathological conditions, this
epigenetic modification is also drastically modified by age in all tissues.
Particularly in the immune system, DNA methylation-related changes
can lead to age-related dysfunctions (reviewed in [43]). In fact, some
studies have pointed towards an age-associated DNA methylation dys-
regulation that could eventually predispose for autoimmunity [44,45].

During the past decade, there have been many studies of DNA
methylation changes in lupus in relation to various clinical aspects,
including disease susceptibility and activity, lupus subtypes, and
response to drugs. Despite the evidence of their value, these markers
have yet to be implemented in clinical practice. In the following sec-
tions, we consider representative studies focusing on DNA methylation
and lupus that highlight the aspects of lupus pathogenesis and treatment
that are significant from an epigenetic standpoint (summarized in
Table 1). Finally, we provide a perspective on some considerations that
may improve our knowledge so that it can be applied in clinical practice.

2. DNA methylation and disease susceptibility

Similar to the aforementioned studies that addressed the genetic
predisposition to developing SLE arising from certain combinations of
single-nucleotide polymorphisms (SNPs) in various genes, other re-
searchers have described an epigenetic susceptibility to lupus, with most
of their studies largely focusing on DNA methylation. These results can
be grouped with respect to three predisposing principles: the potential
occurrence of epigenetically poised progenitor cells; the occurrence of
alterations in the X-chromosome; and abnormal DNA methylation
associated with SNP variation.

It is important to note that most epigenome-wide studies in the
context of DNA methylation in SLE have predominantly described
hypomethylated profiles [41,46]. Hypomethylation takes place espe-
cially in genes of the interferon-signaling pathway. Interferon has his-
torically been demonstrated to be involved in lupus pathogenesis
(reviewed in [47]). An interferon signature expression profile has been
known to be associated with lupus patients for decades [48]. Moreover,
monogenic forms of lupus have also been linked to interferon pathways.
For example, rare homozygous mutations in C1q gene cause lupus with a
high penetrance. This complement component is responsible of inhib-
iting IFNa production by innate immune cells [49]. Not only monogenic
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forms, but also susceptibility alleles have also been described in Type I
interferon pathway (reviewed in [47]), linking once again this pathway
with the development of the disease. In the case of DNA methylation, the
hypomethylated profile on interferon-signaling pathway is also relevant
in neutrophils and low-density granulocytes [50], CD19+ B cells and
CD14+ monocytes [51], CD8+ T cells [52] and memory, regulatory and
naive CD4+ T cells [51,53,54]. The authors of several of these studies
argue that the occurrence of this hypomethylation profile in interferon
genes in all the cell types studied might be explained by the existence of
a multipotent progenitor that bears this epigenetic alteration [51,53].
The response of susceptible individuals carrying these epigenetically
poised progenitor cells would be magnified, as well as give rise to
descendant cells that respond strongly to interferon.

As is the case for most autoimmune diseases, lupus occurs more
frequently in females than in males, with ratios around 9:1 for adult-
onset patients [55] and 6:1 for childhood-onset patients [56]. Many
factors are believed to be responsible for this prominent imbalance, such
as sex hormones, environmental factors, and reproductive history [57].
X chromosome dosage has also been proposed to be a key element
predisposing for this disease, as demonstrated by the varying prevalence
rates among abnormal karyotype individuals (47 XXY males [58], 47
XXX females [59], and 45 XO females [60]). In fact, men are reported to
require a higher genetic risk/DNA methylation ratio to be as susceptible
as women to developing SLE [54]. The X chromosome is enriched in
genes involved in immune pathways [61], so it is not surprising that
dysregulation of X chromosome inactivation mechanisms has severe
consequences in the form of immune system-related susceptibilities.
This is the case for genes like OGT, CXCR3 [62], and CD40LG [63].
Richardson's group described all three X-linked genes as being regulated
by DNA methylation. CD4+ T cells from women with lupus presented
significantly greater hypomethylation and overexpression than those of
men with lupus. Remarkably, all three mentioned genes could have a
role in immune cells regulation. CD40LG has been clearly described to
have a critical role in the pathogenesis of SLE due to the overstimulation
of autologous B cells that produce IgG [64]. CXCR3 is a chemokine re-
ceptor found in Th1l CD4+ effector T cells that has been proved to be
relevant in lupus pathogenesis, especially in lupus nephritis develop-
ment, by being a firm candidate of CD4+ T cell recruitment to inflamed
kidney tissue [65]. OGT, on the other hand, is an N-acetylglucosamine
transferase, an epigenetic regulator [66], that is required for T and B cell
activation [67]. It is reasonable, thus, to suggest that the aberrant DNA
methylation of these genes may lead to a dysregulation of immune
system pathways through the abnormal regulation of gene expression,
contributing to the pathogenesis of SLE.

Finally, the development of GWAS has led to the emergence of a new
type of analysis of DNA methylation patterns. Several studies have been
published that investigate the genetic basis of DNA methylation varia-
tions and the possible role they may have in disease susceptibility. In
fact, around 20% of the inter-individual variability in DNA methylation
may be explained by genetics [68,69]. This layer of variance between
individuals could account for the different incidences of SLE across
ancestry groups [70,71]. For example, cis-methylation quantitative trait
loci (cis-meQTL) analysis revealed 466 positions that were differentially
methylated between SLE patients and controls that were genetically
regulated by a SNP located within a distance of 1 Mb. Some of the as-
sociations were annotated with previously reported susceptibility-linked
loci such as IRF5, IRF7, and UBE2L3 [72]. The same was true for the
BANK1 gene, in which the methylation level of the CpG cg01116491 in
this locus was correlated with several SNPs. Patients with the risk allele
in homozygosis presented hypermethylation of this CpG relative to pa-
tients who were heterozygous or homozygous for the non-risk allele
[73]. These findings shed light on the complex topic of genetic suscep-
tibility to SLE and suggest potential mechanisms by which this vari-
ability translates into phenotypic differences.
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Fig. 1. A. Schematic representation showing the chromatin and the profiles of histone post-translation modifications and DNA methylation in different genomic
regions, and their relationship with gene transcription. Non-methylated CpGs are represented as green circles, methylated CpGs as red circles. The different histone
marks are collectively represented by blue hexagons. B. Schematic representation of the mechanisms that lead to methylated (upper half) or non-methylated (lower
half) DNA. Non-methylated CpGs in green circles, methylated CpGs in red circles. DNA poly, DNA polymerase; DNMT1 and 3a/b, DNA methyltransferases 1 and 3a or
3b, respectively; TET, ten-eleven translocation enzyme; TF, transcription factor. (For interpretation of the references to color in this figure legend, the reader is
I;eferred to the web version of this article.)
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Fig. 2. Representative examples of DNA methylation alteration mechanisms in disease. A. SNP variation may have a role in DNA methylation through the differences
in binding affinity of DNA binding proteins and DNA methylation machinery. B. Increase or decrease of DNA methylation-modifying enzyme proportions can lead to
changes in the epigenomic profile. C. Some medications such as methotrexate may have a direct role in DNA methylation by inhibiting the enzymes responsible for
regulating this modification. D. A variety of altered extracellular signals can lead to the activation of signaling pathways that drive different transcription factors or
enzyme proportions and affinities.
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Table 1
Summary of DNA methylation alterations in lupus.

Relation with Cell type Description Highlighted Ref

disease genes

Susceptibility Naive CD4+ T 86 DMPs that primed ~ BST2, IFI44L, [53]

cells the cells for a strong PARPY,
response to STAT1
interferon.

CD4+ T cells CD40LG CD40LG [63]
hypomethylation,
leading to its
overexpression and
overproduction of
IgG by B cells.

Whole blood Genetic regulation of ~ IRF5, IRF7, [72]
466 DMPs in SLE. UBE2L3

Whole blood Methylation changes ~ BANK1 [73]
in BANK1 are related
to SNPs variations
which are related to
lupus nephritis.

Classification Naive CD4+ T Different profiles LY6G5C, [74]
and cells between patients RNF39, TNXB
prognosis with discoid rash,

malar rash and no
cutaneous
affectation.

Naive CD4+ T Different profile IRF7, IFI44, [75]

cells between patients PARP12

CD4+ T cells with and without IRF1, IRF8, [76]
renal affectation, NRLP2

PBMCs particularly in IFIT1, IFI44 [771
interferon-related
genes.

PBMCs Methylation profile IFI44L, MX1, [78]
correlated with PARP9Y,
disease EPSTII,
symptomatology and ~ PDE7A
severity.

Disease CD4+ T cells, Bigger IFITM1, [85]
activity CD19+ B hypomethylation IFI44L,

cells, profile in patients PARP9, MX1,

monocytes, with recent history of  IFITM1,

granulocytes lupus flare, STATI,
particularly in DTX3L
interferon-regulated
genes.

PBMCs Ten times more DTX3L, [86]
differentially PARP9, MX1,
methylated positions  IFI44L, IRF7
in patients with
SLEDAI >6.

Naive CD4+ T  Methylation levels EZH2, IL4, [87]

cells correlated with IL5, IL13,
disease activity. PU.1

Neutrophils Methylation profile GALNTI18 [94]
remained stable
across varying
disease severities.

CD4+ T cells, No differences in [51]

CD19+ B interferon-related

cells, CD14+ genes methylation

monocytes across different
disease states.

Response to Leukocytes In rheumatoid [98]
treatment arthritis, baseline

methylation
correlated with
response to
methotrexate
treatment.
Whole blood In rheumatoid [99]

arthritis, baseline
methylation did not
correlate with
response to
methotrexate
treatment.
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3. DNA methylation in lupus classification and prognosis

SLE is an extremely heterogeneous disease with a wide variety of
presentations in different individuals. It is composed by different path-
ophysiology, clinical manifestations, and progression trajectories, and
these are generally difficult to anticipate. It is therefore inherently
interesting to identify markers that can predict the evolution of the
disease in individual patients. In the last decade, it has been repeatedly
demonstrated that DNA methylation can potentially be used as a
biomarker to differentiate between lupus subtypes and to predict disease
severity.

In 2015, Renauer and colleagues [74] demonstrated that DNA
methylation profiles from naive CD4+ T cells differed significantly be-
tween lupus patients with and without a history of cutaneous manifes-
tations. They also found differences between patients with a history of
discoid rash and those with a history of malar rash. The most extensive
differentially methylated region in discoid rash was hypermethylated
and contained the leucocyte antigen-6 gene of the major histocompati-
bility (MHC) class III genomic region, LY6G5C. For malar rash, the most
extensive region was also hypermethylated and encompassed RNF39, a
gene of the MHC class I genomic region. In the non-cutaneous patients,
the most extensive region was a hypomethylated section around the
TNXB gene that encodes tenascin XB extracellular matrix protein, which
is part of the MHC class III genomic region.

Several studies have focused on lupus nephritis, one of the most
serious clinical manifestations in lupus patients. Renal biopsy is
currently the standard technique for diagnosing this condition in
affected patients. It is of great interest to identify additional markers for
lupus nephritis that could potentially help clinicians diagnose and
forecast the course of the disease. These studies have found differential
DNA methylation patterns between patients with and without renal
affectation, in peripheral blood mononuclear cells (PBMCs) and in naive
CD4+ T cells. The studies coincided in finding demethylation in genes
involved in the interferon signaling pathway, e.g., IRF7 [75], IRF1 and
IRF8 [76], and IFIT1 and IFI44 [77].

Finally, in 2019, Lanata and colleagues published a very thorough
study of genomic DNA methylation of PBMCs in 333 patients with lupus
[78]. They classified the patients into three groups according to the
severity of their disease: mild, severe 1 and severe 2 (the most severe
subtype). The authors profiled the methylation status of >850,000 CpG
positions across the genome and were able to identify 256 CpGs from
124 genes that had a differential methylation level depending on the
clinical cluster. The annotated genes were particularly enriched in Type
I interferon signaling, and in antiviral responses and inflammatory
pathways. CpGs with the greatest variance across clusters were ascribed
to the genes IFI44L, MX1, PARP9, EPSTI1, and PDE7A. They all displayed
hypermethylation in the mild cluster relative to the severe clusters.
Notably, most of them were interferon-responsive genes, indicating that
the interferon signaling pathway is particularly frequently hypomethy-
lated, thereby potentially yielding higher transcriptional levels, in the
most severe forms of SLE. Unfortunately, it is undoubtedly difficult to
determine whether this hypomethylation is a priming factor or a
consequence of the elevated interferon levels found in the sera of lupus
patients [79,80]. Nevertheless, hypomethylation of interferon-signaling
genes is beyond doubt a marker for high disease activity in patients with
SLE.

4. DNA methylation and lupus activity

Lupus, and other autoimmune diseases, are characterized by periods
of high activity, known as flares, followed by periods of remission upon
treatment, when the inflammatory status returns to basal/normal con-
ditions and the clinical manifestations disappear. In order to stratify
disease activity methodically, experts developed the Systemic Lupus
Erythematosus Disease Activity Index (SLEDAI) in 1985 [81]. The index
was updated in 2002 [82], and has been widely used in clinical [83,84]
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and research [51,85] contexts.

DNA methylation changes in some genes and biological pathways are
associated with disease activity in SLE. Again, the interferon-signaling
pathway has been shown to have an important role in the pathogen-
esis of SLE because it is more aberrantly methylated in patients with
higher activity indices. Firstly, in 2018, Jacobsen's group published
some particularly significant findings that addressed this possibility
[85]. They used 15 pairs of twins discordant for being affected by SLE to
study the role DNA methylation in the disease. Discordant twins are an
exceptionally useful cohort with which to study the effect of epigenetics
in disease development since most of the variability introduced by ge-
netic and environmental factors are reduced to a minimum, especially in
identical twins. The researchers used these valuable samples to identify
significant hypomethylation in interferon-regulated genes in all the cell
types analyzed, i.e., CD4+ T cells, CD19+ B cells, monocytes, and
granulocytes. The list of genes included IFI44L, IFITM1, and PARP9.
Notably, hypomethylation was more pronounced in patients with a
recent history of lupus flare. Secondly, a recent study in PBMCs exam-
ined 57 lupus patients with varying degrees of disease activity [86].
Separate comparisons between healthy donors and patients with SLEDAI
<6 and between healthy donors and patients with SLEDAI >6 were
made, revealing 6 and 79 significant differentially methylated positions
(DMPs), respectively. In the SLEDAI <6 comparison, all the CpGs were
hypomethylated in lupus patients and only one of them was ascribed to
an interferon-related gene (IRF2). In the SLEDAI >6 comparison, 76% of
the CpGs were hypomethylated and several of them were ascribed to
interferon-related genes, including the two most differentially methyl-
ated CpGs, which were ascribed to the PARP9 and DTX3L genes.

Other studies have found a link between disease activity and DNA
methylation in other, interferon-independent pathways. This is the case
for PU.1, a key transcription factor in myeloid and lymphoid lineage
development, and some cytokine-encoding genes such as IL4, IL5, and
IL13. Methylation at CpGs ascribed to these genes was found to be
negatively correlated with disease activity in the first genome-wide
study to investigate the association of DNA methylation with disease
activity [87]. Coit and colleagues reported a positive correlation be-
tween DNA methylation and disease activity for the EZH2 and SUZ12
genes, which are components of the Polycomb repressive complex 2.
Subsequently, another study demonstrated the important role of EZH2
in lupus development by describing its overexpression in lupus-naive
CD4+ T cells [88]. Furthermore, they overexpressed EZH2 in healthy
naive CD4+ T cells to simulate EZH2 strongly expressing lupus T cells
and found genome-wide differences in DNA methylation upon EZH2
expression. Genes such as IL34 and CTLA4, as well as EZH2 itself,
exhibited differences in methylation under these conditions, high-
lighting the important role this factor may have in certain immune
functions.

Genes encoding for other cytokines, like IL-2 and IL-10 have also
been reported to be aberrantly regulated through DNA methylation in
lupus samples, correlating with disease activity. On the one hand, IL-2
production is in part negatively regulated by protein phosphatase 2A
(PP2Aca) [89] which is significantly hypomethylated in high activity
lupus samples compared to low activity samples [90]. This leads to a
decrease in IL-2 production in lupus patients that has effects on both
promotion and suppression of a healthy immune response [91]. On the
other hand, IL-10 expression has been described to be altered in lupus
patients, in correlation with disease activity [92]. Its promoter and
interferon-regulated response element regions showed reduced
methylation levels in SLE T cells which lead to a reduction in IL-10
expression through impaired STAT3 and STATS recruitment to regula-
tory regions [93].

On the other hand, several studies have found no relation between
DNA methylation levels and disease activity. This is the case of the study
performed on the neutrophils of 54 lupus patients in a 4-year longitu-
dinal study [94], which found that the DNA methylation profile of
neutrophils generally remained stable over time and among disease
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states. Only two CpGs appeared to be correlated with disease activity,
being ascribed to the SNX18 and FGD1 genes.

Counter to the results presented above, some studies found no sig-
nificant correlation between interferon-regulated genes and disease ac-
tivity. In 2013, Absher and colleagues published the results of a very
extensive analysis of the DNA methylation profile of CD4+ T cells,
CD19+ B cells, and CD14+ monocytes [51]. They found a commonly
hypomethylated pattern of interferon-regulated genes across cell types.
However, this hypomethylation was not associated with flare or quies-
cent states in their samples. Similar results were reported for BST2 and
IFI44L, two interferon-responsive genes [53]. Even though these were
both hypomethylated and overexpressed in SLE CD4+ T cells, their
methylation levels were stable across different disease states.

In summary, DNA methylation and SLE disease activity as measured
by SLEDAI yield some apparently contradictory results. This could be
due to different ranges of disease activity and the variety of analytical
approaches used in the studies. For example, the higher the SLEDAI
indices included in a study, the more the inflammatory and pathological
environment that the sample probably contains. Inevitably, there is a
higher probability of finding differences in high-activity samples than in
mild-activity samples when compared with low-activity samples. The
studies presented were based on different concepts of disease activity.
Some considered patients' recent medical records [85] while others used
only the disease state at the time of sample extraction. These approaches
address different but equally interesting questions, but the inclusion of
recent medical records as a covariate can be highly advantageous
because it might make the analysis more sensitive to underlying in-
flammatory environments that are not reflected in a single SLEDAI
measurement.

5. DNA methylation and response to treatment

Currently, SLE treatment options offer the possibility of proposing
Lupus Low-Disease Activity State (LLDAS) as a conceivable goal for most
patients [95,96]. The present recommendations for disease management
establish a basal treatment with hydroxychloroquine and glucocorti-
coids (GCs). It is aimed to keep GC doses as low as possible or to with-
draw them almost entirely to minimize the secondary effects of long-
term administration. When lupus flares are not properly controlled by
this basal treatment, the guidelines suggest the introduction of either
immunosuppressive therapy like methotrexate, azathioprine, myco-
phenolate mofetil, or cyclophosphamide, or of biological therapies such
as belimumab or rituximab [97]. Most of these therapies produce serious
secondary effects and are not equally effective for all patients. Reliable
biomarkers that predict the response to treatment are required in order
to direct patients to their most suitable therapy. DNA methylation could
potentially assume this role since it can offer a stable profile of the in-
flammatory pathways affected in each patient. However, no results from
any studies have so far been published regarding this, although it is
notable that there are some publications about DNA methylation pre-
dicting the response to treatment with two of these drugs, methotrexate
and rituximab, in the context of other diseases.

In rheumatoid arthritis, another autoimmune disease, two recent
studies established that DNA methylation profiles differed between pa-
tients who responded or did not respond to methotrexate. In whole-
blood leukocytes, higher global baseline DNA methylation levels were
associated with higher levels of disease activity and with methotrexate
non-response 3 months after treatment [98]. These results were con-
tradicted by a subsequent study in which no difference in baseline
methylation was found between the responder and non-responder
groups. However, at the individual CpG level, 4 weeks after treatment,
the two groups displayed differentially methylated positions. These CpG
positions mapped to GATA3, an important factor in Th2 differentiation,
and mir-182, a microRNA relevant to osteoclast differentiation [99].

Many of the therapies used for SLE are also used to treat certain
cancers. Although the mechanism of action probably differs between
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these groups of pathologies, two studies of DNA methylation and
response to treatment have been published in cancer that may be rele-
vant to SLE. For example, the aberrant methylation of the promoter of
the RFC gene, which is responsible for the transport of folic acid, was
found to be associated with resistance to methotrexate treatment in
central nervous system lymphomas [100]. Similarly, methylation of p15
in diffuse large B-cell lymphoma, in combination with gender and tumor
size, was identified as a predictive factor for response to rituximab
[101].

It is worth pointing out that several of the drugs intended for use in
SLE treatment have effects on DNA methylation when administered. For
instance, GC-treated lupus patients presented lower global DNA
methylation levels than non-treated patients [102]. In the case of
mycophenolate, IFNG methylation levels increased in naive CD4+ T
cells after treatment and stimulation. In other words, stimulation of
naive CD4+ T cells induced a reduction in DNA methylation that was
reversed with mycophenolate treatment. The treatment did not have this
effect on memory CD4+ T cells [103]. Neither global DNA methylation
levels nor the promoter region of CD40L were affected in lupus CD4+ T
cells upon treatment with mycophenolate. However, this region was
epigenetically modified by mycophenolate with respect to histone H4
acetylation and histone H3 lysine 3 methylation levels [104].

The mechanisms of action of some of these drugs may be invalidated
by aberrant DNA methylation patterns. This has been described in some
small cell lung cancer cells in which GC receptor genes are hyper-
methylated, resulting in a loss of expression, which causes these cells to
be resistant to GC treatment. This defect can be easily corrected in vitro
with demethylating agents, rendering the cells sensitive to GCs, and
confirming the DNA methylation-driven resistance to treatment [105].
Equivalent results were observed in three other cell lines described as
being resistant to GC treatment through this mechanism [106].

To date, little evidence has emerged of the existence of response-
specific DNA methylation profiles in SLE or that supports their use as
predictive biomarkers. However, based on the results that link the most
widely used treatments for SLE with several DNA methylation aberra-
tions, it seems to be a very promising field that is likely to yield inter-
esting results if pursued further. Prospective findings could easily
become relevant in treatment decisions, given the great heterogeneity in
SLE pathophysiology and response to treatments.

Finally, epigenetic alterations present in lupus, such as those pre-
sented in this review, could be translated into potential targets for the
development of treatments, in a similar way to some cancer therapies
[107]. So far, all the DNA methylation-targeting FDA-approved drugs
target DNA hypermethylation. Given the extended hypomethylation
present in lupus patients, particularly in the interferon-signaling
pathway, it could be interesting to develop drugs targeting hypo-
methylation. S-Adenosylmethione (SAM) is the donor of the methyl
group in the reactions catalyzed by DNMTs to incorporate DNA
methylation. Several attempts to modify DNA hypomethylation have
been made by modifying SAM levels. These are in part dependent on diet
components such as folate and methionine [108]. Richardson's group
already described in 2010 that restriction of these micronutrients in
vitro could revert typical lupus-like gene expression in T cells from older
donors [109]. Other groups have attempted to treat DNA
hypomethylation-mediated abnormalities with the supplementation of
SAM in cell lines and animal models (reviewed in [110]). This has
supposed a reduction of tumor size by increasing apoptotic cell death
and reducing cell proliferation. Interestingly, SAM treatment also
improved the outcome of inflammation-induced color cancer by
modulating pro-inflammatory pathways [111]. These results point out
at DNA methylation as a new target for modulating the immune system
in diseases with aberrant DNA methylation profiles such as lupus.

6. How can we improve DNA methylation studies in lupus?

As set out in this review, the field of lupus research has undergone
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clinically significant developments in relation to the identification of
DNA methylation alterations. However, many questions remain unan-
swered and the need for accurate biomarkers that can be used in the
clinics is unmet. Reliable biomarkers are constantly required at all stages
in the course of this disease: susceptibility, diagnosis, development, and
response to treatment. We propose that DNA methylation is an excellent
candidate biomarker for two main reasons: first, DNA methylation is
associated with many clinical aspects in lupus and, second, methylation
of cytosines is a relatively stable chemical modification, and so it can be
more reliably measured than other factors, such as transcriptional pro-
files and those related to immune cells, for example, cytometry and
cytokine levels. Nevertheless, several improvements in the design of
these studies could be made that would produce more trustworthy and
applicable results.

DNA methylation profiles are cell type-specific. Reports show that up
to 63% of the CpG sites examined in an epigenome-wide analysis of
blood samples differed significantly among cell types [112]. Therefore,
not considering cell composition when comparing individuals could lead
to erroneous conclusions. Although it is possible to partially correct for
this confounding issue in the subsequent bioinformatic analysis
[112-115], a better approach would be to profile each immune cell type
separately. Furthermore, differences in DNA methylation are present at
the single-cell level [116] and several techniques for single-cell meth-
ylome analysis have been developed [117]. However, no such tech-
niques have so far been applied in studies of DNA methylation in lupus.

Another factor to consider when studying epigenetic profiles is the
cohort size and any confounding variables. DNA methylation is influ-
enced by lifestyle and environmental factors such as diet, physical ac-
tivity, environmental pollutants, and tobacco smoking [118]. These are
often not considered when recruiting individuals for research studies
and can introduce bias into the results. Therefore, it is particularly
important when studying elements that are as strongly influenced by
environmental conditions as is DNA methylation to increase the size of
the cohort and account for as many potential confounding variables as
possible, in order to minimize this involuntary sampling bias.

Contradictory or inconclusive results may also arise from not
considering disease activity and other clinical parameters, such as
damage, that have been used in some studies. Several of those
mentioned in this review have conclusively shown that differences in
DNA methylation are more pronounced in patients with active disease
than in those in remission. Consequently, studying patients with higher
activity scores makes it more likely that differences due to disease ac-
tivity will be identified. On the other hand, several studies have reported
that current clinical and serological evaluation of SLE may not be an
entirely accurate approach to assessing the inflammatory state of pa-
tients. For example, after 12 months of clinical remission following a
renal flare, renal biopsy showed that 44% of patients still had histo-
logical activity in the kidney [119]. This sustained inflammatory state
could not be detected from the clinical parameters and the activity index
of the patients was low. For these reasons, it is worthwhile including
different elements of the recent clinical history of patients as covariates
in studies of lupus methylation.

7. Conclusions

Most of the information about DNA methylation profiles in lupus
points towards a propensity associated with interferon-regulated genes.
Hypothetically, DNA methylation alterations in these genes could in-
crease the predisposition of lupus immune cells to respond to interferon
signaling. The role of this cytokine in the pathogenesis of lupus has been
widely demonstrated, as well as its correlation with the genetic defects
in the highly genetic forms of childhood-onset lupus. As recently
reviewed in [120], genetic variance and overexpression of Type I
interferon are both associated with SLE. Moreover, its dysregulation has
been linked not only to the initial break in tolerance but also to the
propagation of the ongoing disease. For these reasons, Type I interferon



A.G. Ferreté-Bonastre et al.

has been recognized as a key pathogenic factor in SLE and proposed as a
therapeutic target [121].

Similar to the identified epigenetic dysregulation associated with
interferon unbalance, other key players in this disease may be discov-
ered from the study of DNA methylation. So far, most DNA methylation
studies have been performed on adult patients. The inclusion of
childhood-onset patients in the studies could help elucidate the mech-
anisms underlying this typically more severe form of the disease. SLE is a
complex autoimmune disease with a wide variety of manifestations and
severities. Defining disease biomarkers that can help clinicians under-
stand, predict, diagnose, and treat the different stages of this disease is
crucial if we are to realize our aim of permanent remission. DNA
methylation of immune system cells has been proposed as being able to
act in this way because of consistent lines of evidence, documented in
this review, linking DNA methylation and SLE pathogenesis. Other
biomarkers in clinical practice include genetic variance, gene expres-
sion, and protein levels. However, these are of limited value because
they are overly stable or overly variable, respectively. DNA methylation
could overcome these constraints because of its semi-stable profile.
Moreover, as the profiles presented are of immune system cells, the low-
invasive nature of the methods used to obtain them makes this approach
a very attractive means of generating biomarkers.

Nevertheless, more results, of a non-conflicting nature, are required.
In this review, we propose several ways to obtain clearer results than the
mixed findings obtained so far. Considering covariates and patients'
clinical history is very easy to implement in routine practice and could
make a difference to the significance and reliability of the results ob-
tained. Furthermore, the separation of cell types before studying DNA
methylation could reveal differences related to the variation in popu-
lation proportions. Although this process is not as easily implemented in
clinical practice with current technologies, the results obtained by this
enhancement could help us better understand the pathogenesis of the
disease. It could become part of standard clinical analysis with future
technological advancements of cell separation or DNA methylation
studies such as single-cell DNA methylation profiling.
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Abstract

Background: COVID-19 manifests with a wide spectrum of clinical phenotypes, ranging from asymptomatic and
mild to severe and critical. Severe and critical COVID-19 patients are characterized by marked changes in the myeloid
compartment, especially monocytes. However, little is known about the epigenetic alterations that occur in these
cells during hyperinflammatory responses in severe COVID-19 patients.

Methods: In this study, we obtained the DNA methylome and transcriptome of peripheral blood monocytes from
severe COVID-19 patients. DNA samples extracted from CD14+ CD15- monocytes of 48 severe COVID-19 patients and
11 healthy controls were hybridized on MethylationEPIC BeadChip arrays. In parallel, single-cell transcriptomics of 10
severe COVID-19 patients were generated. CellPhoneDB was used to infer changes in the crosstalk between mono-
cytes and other immune cell types.

Results: We observed DNA methylation changes in CpG sites associated with interferon-related genes and genes
associated with antigen presentation, concordant with gene expression changes. These changes significantly over-
lapped with those occurring in bacterial sepsis, although specific DNA methylation alterations in genes specific to
viral infection were also identified. We also found these alterations to comprise some of the DNA methylation changes
occurring during myeloid differentiation and under the influence of inflammatory cytokines. A progression of DNA
methylation alterations in relation to the Sequential Organ Failure Assessment (SOFA) score was found to be related

to interferon-related genes and T-helper 1 cell cytokine production. CellPhoneDB analysis of the single-cell transcrip-
tomes of other immune cell types suggested the existence of altered crosstalk between monocytes and other cell
types like NK cells and regulatory T cells.
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Conclusion: Our findings show the occurrence of an epigenetic and transcriptional reprogramming of peripheral
blood monocytes, which could be associated with the release of aberrant immature monocytes, increased systemic
levels of pro-inflammatory cytokines, and changes in immune cell crosstalk in these patients.

Keywords: COVID-19, Monocytes, Epigenomics, DNA methylation, Single-cell transcriptomics, Immune cell crosstalk

Background

Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) causes the well-known Coronavirus disease
2019 (COVID-19), which has become a major global
health burden. SARS-CoV-2 infection occurs through
the nasopharyngeal mucosa [1]. Subsequent immune
responses occur at the local mucosa and at a systemic
level. An effective response to SARS-CoV-2 infection
requires coordination between the innate and adap-
tive immune systems, including granulocytes, mono-
cytes, macrophages, and T and B cells [2, 3]. The range
of immune responses to SARS-CoV-2 infection is diverse,
from asymptomatic or mild upper-respiratory illness to
severe viral pneumonia, acute respiratory distress syn-
drome, and death [4]. The most severe forms of COVID-
19 are caused by dysregulation of immune homeostasis,
which leads to hyperinflammation in the lungs [5]. This
has been shown to be more pronounced in the elderly
and in individuals with pre-existing comorbidities [6, 7].
Nevertheless, despite the numerous studies performed
in the field, the impact of exacerbated immune responses
associated with severe COVID-19 at the systemic level
remains unclear.

Various studies have demonstrated that peripheral
pathogenic T cells and inflammatory monocytes can
induce a cytokine storm in severe COVID-19 patients
[8]. This takes the form of excessive production of inflam-
matory mediators, specifically, interleukin (IL)-6, IL-1p,
granulocyte—macrophage  colony-stimulating  factor
(GM-CSF), tumor necrosis factor-alpha (TNFa), and
interferon gamma (IFNy) [8-11]. IEN is essential for
inducing the innate immune response during viral infec-
tion through different interferon regulatory factors (IRFs)
[12]. Further, in COVID-19 patients, type I IFN defi-
ciency appears to be a hallmark of severe cases [13-19] in
association with persistent blood viral load and an exac-
erbated inflammatory response [14].

Single-cell omics studies have identified specific tran-
scriptional features in monocytes, natural killer (NK)
cells, dendritic cells (DCs), and T cells associated with
the severity of COVID-19 [13, 20-22]. These studies
have revealed that severe COVID-19 is marked by a dys-
regulated myeloid cell compartment [13]. It has also been
shown that monocytes from severe COVID-19 patients
are characterized by a tolerogenic phenotype with
reduced expression of class II major histocompatibility

complex (MHC-II) antigens [23] and increased activation
of apoptotic pathways [24].

Differentiation and activation of monocytes and other
myeloid cells are directly associated with epigenetic
mechanisms [25]. The functional plasticity of these cells
is also reflected at the epigenetic level, and several stud-
ies have shown that DNA methylation profiles, among
other epigenetic marks, vary in response to inflamma-
tory cytokines, hormones, and other factors [26, 27],
depending on their functionality. Cytosine methylation
(5mC) occurs at CpG dinucleotides and is generally asso-
ciated with transcriptional repression [28], although its
relationship with transcription depends on the genomic
location of the affected CpG sites [29]. In some cases,
DNA methylation changes occur as a result of upstream
environmental effects that link cell membrane recep-
tors, signaling pathways, and transcription factors (TFs)
that can either directly recruit DNA methyltransferases
(DNMT) and ten—eleven translocation (TET) enzymes,
or indirectly influence their binding to specific genomic
sites.

The characterization of the epigenetic and transcrip-
tomic reprogramming in monocytes, given their central
role in inflammatory responses, is essential if we are to
understand the specific dysregulated pathways involved
in severe forms of COVID-19. In this study, we obtained
the DNA methylation profiles of peripheral blood mono-
cytes of severe COVID-19 patients and studied their
relationship with transcriptomic changes, obtained by
generating droplet-based single-cell RNA sequencing
(scRNA-seq) data from peripheral blood.

Methods

Human samples

Our study included a selection of 58 severe COVID-
19 patients from the intensive care unit (ICU) of Vall
d’Hebron University Hospital (Barcelona) recruited dur-
ing the second wave of infection in Spain (October to
November 2020). Peripheral blood samples were taken
at different times following admission of the patient to
the ICU, as specified in Additional file 1. Table S1 (Days
in ICU). Ninety-four percent of the patients required
intubation and all enrolled cases were confirmed to be
infected with SARS-CoV-2 using real-time RT-PCR
at the time of collection. For all enrolled patients, the
date of enrollment, clinical classification, or treatment



Godoy-Tena et al. Genome Medicine (2022) 14:134 Page 3 of 22
Table 1 Summary of patient cohort for DNA methylation analysis

Healthy controls COVID19 severe patients p value
Number 11 48
Age (mean£SD) 50£11.16 60£11.96 0.0042
Sex (% female) 364 25 0.710
SOFA 0 54297 24e —07
IL-6 (pg/ml) (mean +SD) NA 316.9441238.82
Days in ICU (mean £ SD) NA 6+593
Treated with dexamethasone (%) NA 52.08
Obesity (%) NA 27.03
Hypertension (%) NA 56.25
Death (%) NA 3333
Mechanical ventilation (%) NA 93.75

was obtained from the clinical records. From all these
patients, 48 of the 58 patients were selected for DNA
methylation analysis (Additional file 1. Table S1) and
peripheral blood mononuclear cells (PBMCs) from 10 of
the 58 patients were used for droplet-based scRNA-seq
analysis (Additional file 2. Table S2). The control popu-
lation for the DNA methylation analysis comprised 11
healthy donors (HDs) recruited at the Blood Bank of Vall
d’Hebron University Hospital. Table 1 summarizes the
characteristics and clinical data from patients included
in the DNA methylation analysis. We included an addi-
tional group of 14 patients from the same hospital for
DNA methylation and expression validation, includ-
ing 9 severe COVID-19 patients and 5 mild COVID-19
patients, together with an additional group of 6 HDs. The
validation cohort was collected during February 2022,
applying the same selection criteria as for the discov-
ery cohort. For the validation cohort, we only included
non-vaccinated patients, to match the vaccination status
with that of the patients collected in the initial phase of
the study. Clinical information corresponding to the new
cohort is also included in Additional file 1. Table S1 (vali-
dation cohort). This study was approved by the Clinical
Research Ethics Committees of Hospital Universitari
Germans Trias i Pujol (PI-20-129) and Vall d'Hebron
University Hospital (PR(AG)282/2020), both of which
adhered to the principles set out in the WMA Declara-
tion of Helsinki. Informed consent was obtained from all
patients before their inclusion.

Monocyte purification and DNA isolation

PBMCs were obtained from peripheral blood by Ficoll
gradient using Lymphocyte Isolation Solution (Rafer,
Zaragoza, Spain) from 48 of the severe COVID-19
patients and 11 HDs. Once PBMCs were isolated, all
samples were stored at— 150 °C in 10% DMSO in fetal

bovine serum (FBS) until monocyte purification. The
monocyte population was isolated by flow cytometry
(FacsAria Fusion, BD, Beckton Dickinson, San Jose, CA,
USA). PBMCs were stained with CD14-APC-Vio770
(Miltenyi Biotec) and CD15-FITC (Miltenyi Biotec) in
staining buffer (MACS) for 20 min. A gating strategy
was employed to eliminate cell debris, doublets, and
DAPI+cells. CD14 and CD15 antibodies were used to
isolate CD14+ CD15 —. Purified cells were pelleted and
stored at — 80 °C.

After monocyte isolation, DNA was isolated using the
AllPrep DNA/RNA/miRNA Universal Kit (Qiagen) fol-
lowing the manufacturer’s instructions.

DNA methylation profiling

Bisulfite (BS) conversion was performed using EZ-96
DNA Methylation'" Kit (Zymo Research, CA, USA)
according to the manufacturer’s instructions. Five hun-
dred nanograms of BS-converted DNA was hybridized
on Infinjum Methylation EPIC BeadChip arrays (Illu-
mina, Inc., San Diego, CA, USA). These were used to
analyze DNA methylation. They enable > 850,000 methyl-
ation sites per sample to be assessed at single-nucleotide
resolution, which corresponds to 99% of the reference
sequence (RefSeq) genes.

Each methylation data point was obtained from a com-
bination of the Cy3 and Cy5 fluorescent intensities from
the methylated and unmethylated alleles. Background
intensity computed from a set of negative controls was
subtracted from each data point. For representation and
further analysis, we used beta (b) and M values. Beta is
the ratio of methylated probe intensity to overall inten-
sity (the sum of the methylated and unmethylated probe
intensities). M is calculated as the log, ratio of the inten-
sities of the methylated and unmethylated probes. For
statistical purposes, the use of M is more appropriate
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since b-values are severely heteroscedastic for highly
methylated and unmethylated CpG sites. Raw DNA
methylation data are available at GEO, with accession
number GSE188573 [30].

Quality control, data normalization, and statistical analysis
of DMPs

Quality control and analysis of EPIC arrays were per-
formed using ShinyEPICo [31], a graphical pipeline that
uses minfi (v1.36) [32] for normalization, and limma
(v3.46) [33] for analyzing differentially methylated posi-
tions. ShinyEPICo is available as an R package at the
Bioconductor  (http://bioconductor.org/packages/shiny
epico/) and GitHub (https://github.com/omorante/shiny
epico) sites. We used the BS conversion control probe
test included in ShinyEPICo to determine whether the
conversion rate was above the quality threshold of 2
established by Illumina. The threshold was calculated
from the information of the BS conversion control probes
of the EPIC arrays. When the BS conversion reaction is
successful, control probes display strong signal in the red
channel, whereas if the sample has unconverted DNA,
control probes have a strong signal in the green channel.
The red/green ratio for each control position was calcu-
lated for each sample.

CpH and SNP loci were removed by the Noob method,
followed by quantile normalization. Sex chromosomes
(X and Y) were also excluded from the analysis to avoid
discordant information among samples. Even when data
were generated in a single batch and randomized, we
applied the batch effect correction. Sex and age of the
donors were included as covariates, to minimize con-
founding effects due to differences between the median
age of the patient and control cohorts, and the Trend and
Robust options were implemented in the eBayes moder-
ated t-test analysis. To compare healthy donors with the
entire severe COVID-19 patient cohort, we identified
differentially methylated CpG sites by using ¢-tests and
a method with defined empirical array weights, included
in the limma package [33], and selecting CpGs with a
false discovery rate (FDR) of <0.05 and a AP of>0.15. To
test the effects of potential changes in monocyte sub-
set proportions, we also included this information as a
covariate, and performed the same analysis as above, but
including only those samples for which such information
was available.

We used the iEVORA package (v1.9.1) [34] to iden-
tify differentially variable positions (DVPs). This algo-
rithm identifies differences in variance using Bartlett’s
test (FDR<0.001), followed by the comparison of means
using f-test (p<0.05) to regularize the variability test,
which is overly sensitive to single outliers. For the anal-
ysis in Fig. 2, we calculated Spearman’s correlation
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coefficient (rho) to measure the association of two varia-
bles and thereby identify CpG sites in which DNA meth-
ylation was correlated with SOFA in patients with severe
COVID-19. We selected the CpG sites for which Spear-
man’s rho was greater than 0.4 and had an associated
value of p<0.01. Principal component analysis (PCA) of
b-values from ShinyEPICo was used to determine the
correlations of PCs with clinical variables such as dexa-
methasone treatment, obesity, and hypertension. Pearson
correlation coefficients between numerical variables and
PCs were calculated. Categorical variables were entered
in a linear model together with the PCs, which were con-
sidered as a function of the variable.

Gene ontology, transcription factor enrichment,

and chromatin state discovery and characterization

The GREAT (v3.0.0) online tool (http://great.stanford.
edu/public/html) was used for gene ontology (GO) anal-
ysis, in which genomic regions were annotated by apply-
ing adapted basal and extension settings (5 kb upstream,
5 kb downstream, 1000 kb plus distal). GRCh37 (UCSC
hg19, Feb. 2009) was used as the alignment genome ref-
erence. Annotated CpGs in the EPIC array were used
as background. GO terms were considered significant
for a>twofold change and an FDR <0.05. Enrichment is
represented as —log,(FDR). GO categories with p <0.05
were considered significantly enriched. GO analysis of
differentially expressed genes (DEGs) was carried out
using the online Enricher gene ontology analysis tool
(https://maayanlab.cloud/Enrichr/). GO categories with
a>twofold change and an FDR<0.05 were considered
significantly enriched.

We used the findMotifsGenome.pt tool from the motif
discovery HOMER software (v4.10.3) to analyze motif
enrichment [35]. A flanking window of £250 bp from
each CpG was applied, and CpGs annotated in the EPIC
array were used as background. To determine the loca-
tion relative to a Cp@G island (CGI), we used “hgl9_cpgs”
annotation in the annotatr (v1.8) R package. The statis-
tical test used for the enrichment in these analyses was
Fisher’s exact test. Chromatin functional state enrich-
ment of DMPs was measured using public PBMC data
from the Roadmap Epigenomics Project (http://www.
roadmapepigenomics.org/) generated with ChromHMM
(v1.23) [36]. Enrichments were calculated with Fisher’s
exact test using array annotation as background regions.
Only significantly enriched states are shown.

Heatmaps and PCA plots

Heatmaps of DMPs were generated with functions avail-
able in the ComplexHeatmap (v2.11.1) and gplots (v3.1.3)
R packages. We used PCA for the low-dimensional analy-
ses. PCA projection matrices were calculated with R’s


http://bioconductor.org/packages/shinyepico/
http://bioconductor.org/packages/shinyepico/
https://github.com/omorante/shinyepico
https://github.com/omorante/shinyepico
http://great.stanford.edu/public/html
http://great.stanford.edu/public/html
https://maayanlab.cloud/Enrichr/
http://www.roadmapepigenomics.org/
http://www.roadmapepigenomics.org/

Godoy-Tena et al. Genome Medicine (2022) 14:134

prcomp function, and visual representations of PCs were
plotted with the ggfortify package (v4.1.4).

Whole-genome bisulfite sequencing (WGBS) analysis

DNA methylation values of Ensembl Regulatory Build
regions of progenitor cells such as hematopoietic stem
cell (HSC), multipotent progenitor (MPP), common
myeloid progenitor (CMP), granulocyte macrophage pro-
genitor (GMP), and control monocytes were extracted
from public whole-genome bisulfite sequencing (WGBS)
(GSE87197) [37]. Using GenomicRanges (v1.42.0) and
based on genomic location, the overlap of the hyper-
methylated DMPs observed in COVID-19 compared
with HD was determined with the Ensembl Regulatory
Regions from the hematopoietic precursors and mono-
cytes. For this analysis, all DNA methylation data were
annotated with respect to the GRCh38 human genome
reference.

Single-cell capture

PBMCs from 10 ICU patients were used to generate sin-
gle-cell gel beads-in-emulsion (GEMs) (Additional file 2.
Table S2). Cells were then washed three times and counted.
For samples with low viability (<90%), we performed
Ficoll separation in an Eppendorf tube to eliminate dead
cells and increase cell viability. For samples with greater
than 90% viability, we filtered using a Flowmi strainer and
counted the cells before loading into 10X chromium to
generate single-cell GEMs, following the manufacturer’s
instructions. We loaded 50,000 cells per pool, including
a total of 4 patients per pool. Datasets from patients and
HDs are available as h5ad files (https://www.COVID-19cel
latlas.org/index.patient.html (Additional file 2. Table S2).
In parallel, genomic DNA was isolated from the same 10
PBMCs for genotyping and subsequent donor deconvo-
lution (as described in [38]) using a Maxwell® 16 Blood
DNA Purification Kit from Promega following the manu-
facturer’s instructions.

scRNA-seq cell type identification and annotation

Single-cell transcriptome data from COVID-19 patients
were quantified and aligned using Cell Ranger (v3.1)
with the GRCh38 genome concatenated to SARS-Cov-2
genome as a reference. Thereafter, cells from pooled sam-
ples were deconvolved and demultiplexed using Soupor-
cell (v3.0) [39], yielding a genotype variant that allows
donor identity to be matched across different samples.
This additionally enabled the removal of doublet cells that
could not be explained by any single genotype. Scrublet
(v0.2.3) [40] was subsequently employed to further filter
out other doublets based on computed doublet scores.
Specifically, Student’s ¢-test (p<0.01) after Bonferroni
correction was used within fine-grained sub-clustering
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of each initial cluster produced by the Leiden algo-
rithm. Data were not denoised because no significant
contamination or ambient RNA was present. Previously
described scRNA-seq datasets of HDs [41] were then
integrated for comparison using single-cell variational
inference (scVI) [42] with a generative model of 64 latent
variables and 500 iterations. More specifically, scVI
employs a negative binomial model using raw counts,
selecting 5000 highly variable genes to produce the latent
variables. Defined cell-cycle phase-specific genes in the
Seurat package (v4.1.0) [43] were excluded from these to
reduce the dependence of clustering on cell-cycle effects.
Data were subsequently analyzed using Scanpy (v1.9.1)
[44] following the recommended standard practices.
For quality control, genes expressed in fewer than three
cells, and cells with fewer than 200 genes or more than
20% mitochondrial gene content, were removed prior
to downstream analysis. Data were normalized (scanpy.
pp-normalize_per_cell, scaling factor=10,000) and
log,-transformed (scanpy.pp.loglp). For gene expression
visualization (e.g., heat maps), data were further scaled
(scanpy.pp.scale, maximum value =10).

Cell type clustering and annotation

The resulting latent representation from the integrated
datasets was used to compute the neighborhood graph
(scanpy.pp.neighbors), then the Louvain clustering algo-
rithm (scanpy.tllouvain, resolution=3) and Uniform
Manifold Approximation and Projection (UMAP) visual-
ization (scanpy.tl.umap) were employed. Cell type anno-
tations were manually refined using literature-driven,
cell-specific marker genes. Identified residual RBCs from
incomplete PBMC isolation were excluded before further
analysis, as recommended [45].

Differential gene expression and transcription
factor-enrichment analysis

Differential gene expression between COVID-19 patients
and healthy individuals (FDR<0.05) was analyzed using
the limma package [46]. To predict transcription factor
(TF) involvement in transcriptomic changes, we used
DoRothEA (Discriminant Regulon Expression Analysis)
v2 tool [47]. Regulons with a confidence score of A—C
were analyzed, and cases with p<0.05 and a normalized
enrichment score (NES) of £2 were considered signifi-
cantly enriched.

Cell-cell communication

Based on the differential expression analysis, Cell-
PhoneDB [48] v3 (www.CellPhoneDB.org) was used to
infer changes in ligand/receptor interactions between the
identified cell types in COVID-19 versus HD. Specifically,
instead of random shuffling, as used in the previously
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described statistical method, differentially expressed
genes (FDR<0.05) were used to select interactions that
were significantly enriched in either severe COVID-19
patients or healthy individuals relative to the other group.
An interaction was considered enriched if at least one of
the two partners (ligand or receptor) was differentially
expressed, and if both partners were expressed by at least
10% of the interacting cells.

Bisulfite pyrosequencing

EZ DNA Methylation-Gold kit (Zymo Research) was
used to BS-converted 500 ng of genomic DNA follow-
ing the manufacturer’s instructions. BS-treated DNA was
PCR-amplified using IMMOLASE DNA polymerase kit
(Bioline). Primers used for the PCR were designed with
PyroMark Assay Design 2.0 software (Qiagen) (Addi-
tional file 3. Table S3). PCR amplicons were pyrose-
quenced with the PyroMark Q24 system and analyzed
with PyroMark Q48 Autoprep (Qiagen).

Real-time quantitative polymerase chain reaction
(RT-qPCR)

The Transcriptor First Strand cDNA Synthesis Kit
(Roche) was used to convert 250 ng of total RNA to
c¢DNA following the manufacturer’s instructions. RT-
qPCR primers were designed with Primer3 software [49]
(Additional file 3. Table S3). RT-qPCR reactions were
prepared with LightCycler 480 SYBR Green I Master
(Roche) according to the manufacturer’s instructions and
analyzed with a LightCycler 480 instrument (Roche).

Flow cytometry

To study the surface cell markers on monocytes
(CD14+), PBMCs from the 10 patients used for single-
cell analysis and 10 HDs were defrosted and washed once
with PBS. After blocking for non-specific binding with Fc
block (BD Pharmingen) for 5 min on ice, cells were incu-
bated for 20 min on ice using staining buffer (PBS with
4% fetal bovine serum and 0.4% EDTA). Antibodies used
included the following: CD14-FitC (Miltenyi Biotec),
CD85-PEvio770 (Miltenyi Biotec), CD172a-APC (Milte-
nyi Biotec), CD97-PEvio770 (Miltenyi Biotec), CD31-PE
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(Miltenyi Biotec), CD366-PEvio615 (Miltenyi Biotec),
CD62L-APC (Miltenyi Biotec), CD58-PE (Miltenyi Bio-
tec), CD191-PEvio770 (Miltenyi Biotec), CD52-PEvio615
(Miltenyi Biotec), CD48-APC (Miltenyi Biotec). Cells
were analyzed in a BD FACSCanto-II flow cytometer.

Statistical analysis

All statistical analyses were done with R v4.0.2. Box, bar,
violin, bubble, and line plots were generated using func-
tions from the ggplot2 (v3.3.6) and ggpubr (v4.0) pack-
ages. Mean normalized DNA methylation values were
compared using two-tailed test. Multivariate frequency
distributions were calculated using Fisher’s exact test.
The levels of significance are indicated as: * p<0.05, **
p<0.01, *** p<0.001, and **** p<0.0001.

Results

DNA methylome remodeling in peripheral blood
monocytes of severe COVID-19 patients

To directly inspect epigenetic alterations in periph-
eral blood monocytes in severe COVID-19, we isolated
CD14+CD15—cells from 59 blood samples, com-
prising 48 severe COVID-19 patients and 11 healthy
donors (HDs), and performed DNA methylation profil-
ing (Fig. 1A, Table 1, and Additional file 1. Table S1). For
cell sorting, we first separated live cells from debris, then
extracted singlets and isolated CD14+ CD15—cells to
avoid neutrophil contamination (Fig. 1B) [50]. Since we
selected CD14+cells, the purification procedure only
included classical (CM) (CD14+ CD16 —) and interme-
diate monocytes (IM) (CD14+CD16+), excluding the
non-classical monocyte (NCM) (CD14lowCD16+) sub-
population, which in healthy individuals corresponds
to around 5% of the total monocyte compartment [51].
Negative selection using CD15 was necessary, as there is
a significant increase in the frequency of neutrophils in
severe COVID-19 patients, as activated neutrophils are
not separated in the Ficoll step [52] (Additional file 4.
Figure S1A-S1C). To confirm the purity of our mono-
cytes, we performed FACS analysis and obtained an
average purity of 98% (example in Additional file 4 Fig-
ure S1D). Studies in various other inflammatory diseases

(See figure on next page.)

Fig. 1 Analysis of DNA methylation in blood monocytes of severe COVID-19 patients. A Scheme depicting the cohort and workflow for monocyte
purification of severe COVID-19 patients and controls and DNA methylation analysis. B Representative flow cytometry profile, indicating sorting
gates used to purify monocytes from HD and COVID-19 patients’ peripheral blood. C Scaled DNA methylation (z-score) heatmap of differentially
methylated positions (DMPs) between HDs (blue bar above) and COVID-19 patients (red bar above). Significant DMPs were obtained by applying a
filter of FDR>0.05 and a differential of beta value (AR)>0.15. A scale is shown on the right, in which blue and red indicate lower and higher levels
of methylation, respectively. Clinical and treatment data of COVID-19 patients are represented above the heatmap. SOFA, IL-6 level, and days in the
ICU scales are shown on the right of the panel D Principal component analysis (PCA) of the DMPs. HDs and severe COVID-19 patients are illustrated
as blue and red dots, respectively. E Gene ontology of hypermethylated and hypomethylated DMPs. Selected significant functional categories
(FDR<0.05) are shown. F Bubble plot of TF motifs enriched on hypermethylated and hypomethylated DMPs. Bubbles are colored according

to their TF family; their size corresponds to the FDR rank. G Box plot of individual DNA methylation values of CpG from hypermethylated and
hypomethylated clusters (b-values), with the name of the closest gene and the position relative to the transcription start site
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have shown that the proportions of monocytes can shift
between the three major subsets, i.e., CM, IM, and NCM.
For instance, it has been shown that severe COVID-19
patients feature reduced NCM and IM populations [53].
The analysis of monocyte subpopulations in our cohort
showed a significant increase in the CM population and
a decrease in the NCM population (Additional file 4. Fig-
ure S1E-S1F). Since we purified CD14+ monocytes, our
study only included CM and IM.

We performed DNA methylation profiling of isolated
monocytes and identified 2211 differentially methylated
positions (DMPs) of CpGs in severe COVID-19 patients
compared with HDs (FDR<0.05 and absolute Af3>0.15).
Of these, 1773 were hypermethylated (hypermethylated
cluster) and 438 were hypomethylated (hypomethylated
cluster) (Fig. 1C and Additional file 5. Table S4). PCA of
these DMPs showed that the two groups of monocytes
(COVID-19 and HD) separated along the first principal
component axis (Fig. 1D). We obtained similar results
when we included monocyte subpopulation propor-
tions as a covariate in the analysis (overlap, p<0.0001)
(Additional file 6. Figure S2A). No significant differences
(FDR<0.05) were observed within COVID-19 patients
separated by their condition (obesity, hypertension, days
admitted to the ICU, and exitus/death) or treatment with
dexamethasone (Additional file 1. Table S1). None of the
abovementioned conditions was significantly correlated
with the DNA methylation changes (Additional file 6.
Figure S2B). This was also apparent from the PCA show-
ing the overlap of patients with different clinical param-
eters (Additional file 6. Figure S2C).

The analysis of the genomic functional features of the
DMPs in the hypermethylated and hypomethylated clus-
ters (Additional file 6. Figure S2D) using public data from
monocytes [36] revealed an enrichment in promoters
and enhancers. This is consistent with their proposed
roles for DNA methylation in regulatory elements [54].

Gene ontology analysis (GO) of the two DMP clusters
revealed several functional categories associated with
the immune response to viral infection (Fig. 1E). In the
hypermethylated cluster, we observed enrichment of cat-
egories such as natural killer-mediated immunity, leuko-
cyte migration, adaptive immune response, and positive
regulation of interferon gamma production. We also
observed hypermethylation in the MHC-II protein com-
plex that was related to antigen presentation. In addi-
tion, we found an enrichment of the positive regulation
of MAP kinase activity category (Fig. 1E, top panel). In
the hypomethylated cluster, we observed enrichment of
functional categories relevant to viral infection, including
defense response to virus and negative regulation of viral
genome replication. Importantly, the hypomethylated
cluster also featured enrichment of functional categories
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related to type I interferons (IFN) signaling and MHC
class II (Fig. 1E, bottom panel).

Transcription factor (TF) binding motif enrichment
analysis, in 250-bp windows surrounding DMPs, revealed
overrepresentation of TFs of significance to the immune
response. The hypermethylated cluster CpGs displayed
enrichment of binding motifs of IRFs and ETS TF fami-
lies, which are linked to IFN changes (Fig. 1F, left panel).
Motifs of the bZIP TF family like AP-1, Jun, Fosl2, Fral,
and Fra2 were enriched in the hypomethylated cluster.
DMPs of the hypomethylated cluster were also enriched
in motifs of the signal transducer factor and activator of
transcription factor (STAT) members STAT1 and STATS3.
We also detected enrichment of the glucocorticoid
response element (GRE) in the hypomethylated cluster
(Fig. 1F right panel). Given these results, we hypoth-
esized that pharmacological treatment with glucocorti-
coids (GCs) in severe COVID-19 patients in the intensive
care unit (ICU) might influence DNA methylation in
monocytes. To test this possibility, we performed limma
analysis and subsequent binding motif enrichment after
separating COVID-19 patients into two groups, with and
without GC treatment. Both groups of patients exhibited
significant enrichment of GRE motifs in the hypometh-
ylated cluster (Additional file 6. Figure S2E), suggest-
ing that the endogenous production of GCs in severe
COVID-19 patients could participate in the hypometh-
ylation through GRE. However, given the size of the
cohort, we cannot rule out the possibility that pharmaco-
logical treatment could also influence DNA methylation
changes and therefore remains as a potential confounder
factor.

Inspection of the individual genes within or in the
vicinity of the DMPs revealed several genes with func-
tions essential to the viral immune response. The list of
relevant genes included IRF8, RUNX3, CD226, and CD83
in the hypermethylated cluster, and STATI, FOXO3,
ILIR1, and OASI in the hypomethylated cluster (Fig. 1G).
We validated these results using bisulfite pyrosequenc-
ing in a new cohort of severe COVID-19 patients (Addi-
tional file 6. Figure S2F). Interestingly, these changes
were also observed in mild COVID-19 patients (Addi-
tional file 6. Figure S2F). IRF8, IL1RI, and CD83 are
associated with the IFN response. CD226 encodes a gly-
coprotein related to monocyte, NK, and T cell adhesion.
This glycoprotein has been shown to be involved in the
cytotoxicity of these cells and is known to be altered in
COVID-19 patients [13]. STAT1 is associated with the
cytokine response, which, in turn, is related to ILIR]1. The
latter is the receptor of interleukin 1, which participates
in the inflammatory response and is strongly expressed
in severe COVID-19 patients [14]. OASI is induced by
interferons and activates latent RNase, causing viral RNA
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degradation, which could be related to the identification
of the category negative regulation of viral genome repli-
cation in the GO analysis.

Monocytes from severe COVID-19 patients display
increased DNA methylation variability

Overall, our DNA methylation analysis showed greater
heterogeneity (different variable positions, DVPs) in
the profiles from COVID-19 patient monocytes than
in those from HDs (Additional file 6. Figure S2G). We
then examined the relationship between the DNA meth-
ylation profiles and the Sequential Organ Failure Assess-
ment (SOFA) score, which is used in ICUs to calculate
organ damage. The score ranges from 0 to 24, with values
greater than 6 being associated with a significant increase
in the risk of mortality [55]. Using Spearman’s correlation
coefficient to assess specific hypermethylated or hypo-
methylated CpGs with SOFA, we identified 1375 CpG
sites whose methylation levels positively correlated with
SOFA (increased methylation) (rho<0.4and p<0.01)
and 1497 CpG sites with an inverse correlation with
SOFA (decreased methylation) (rho< —0.4and p<0.01)
(Fig. 2A and Additional file 7. Table S5). The mean nor-
malization DNA methylation profiles of increased and
decreased methylation CpG sites were similar in patients
with low SOFA (<6) and in healthy controls in an unsu-
pervised representation but differed between the low
and high SOFA score groups (Fig. 2B). These results sug-
gest that changes in DNA methylation are concomitantly
exacerbated for higher SOFA scores, which is associated
with bad prognosis. Several CpGs correlating with SOFA
were associated with genes, such as ILI7R, SOCS5, and
PCDHAS, that are involved in T cell-mediated inflam-
matory responses (Fig. 2C). Others, like FOXGI and
CDC20B, are associated with DNA damage. GO analy-
sis revealed that changes in DNA methylation that are
concomitant with SOFA show an overrepresentation of
terms associated with IFNy, production of the molecular
mediator involved in inflammatory response, viral gene
expression, the B cell proliferation involved in immune
response, and Th1 cell cytokine production (Fig. 2D).

DNA methylation alterations in monocytes of severe
COVID-19 patients significantly associate with those
derived from patients with bacterial sepsis, myeloid
differentiation, and the influence of inflammatory
cytokines

To better characterize the impact of DNA methylation
changes in COVID-19, we compared the DMPs from
severe COVID-19 patients with those obtained from
monocytes derived from patients with bacterial sepsis
in a previous study by our team [27], given that severe
COVID-19 can be considered a form of sepsis [56]. To
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this end, we first estimated the DNA methylation values
of DMPs corresponding to the sepsis relative to the HD
comparison from our previous sepsis study (accession
number GSE138074) [27] using the data from the severe
COVID-19 methylation dataset. Overall, we found sig-
nificant enrichment in the hypermethylation and hypo-
methylation clusters (Fig. 3A). We also calculated the
odds ratio of the overlap between these two datasets
and found a strong enrichment of the hyper-DMPs in
COVID-19 relative to those in sepsis (FDR <2.22-107'¢)
and in the hypo-DMPs (FDR <2.22-107'%) (Fig. 3B). We
also confirmed an enrichment in introns and depletion
in promoters relative to the background when testing the
genomic location of the DMPs common to both COVID-
19 and sepsis (Fig. 3C and Figure S3A). DMPs located in
introns are often localized in enhancer regions involved
in long-distance regulation [54].

We then determined that the two datasets had 362
hypermethylated and 92 hypomethylated CpGs in com-
mon (Fig. 3D), corresponding to 51% of the total DMPs
of the sepsis patients (Additional file 8. Figure S3B). GO
analysis of the shared DMPs revealed significant enrich-
ment in functional terms related to host response,
including regulation of NK cells, inflammatory response,
and leukocyte chemotaxis (Additional file 8. Figure S3C).
Shared hypermethylated CpGs were enriched in func-
tional categories related to cell signaling, such as the JAK-
STAT and MAPK pathways, that could be involved in the
reduction of the inflammatory response and the IL15-
and IL12-mediated signaling pathways, which are related
to cytokine production and Thl proliferation (Fig. 3E,
left panel). Shared hypomethylated CpGs were enriched
in functional categories responsible for regulating the
inflammatory response, such as negative regulation of
IL-1 production and positive regulation of macrophage
activation. In concordance with the hypermethylated
cluster, we also observed negative regulation of IFN«a
production (Fig. 3E, right panel). It is of note that severe
COVID-19-specific DMPs were enriched in functional
categories related to virus infection, such as the defense
response to virus, and impairment of the antigen-pre-
senting process, which seems to be specific to COVID-19
infection [13, 23] (Additional file 8. Figure S3D).

Inspection of TF binding motifs corresponding to the
DMPs shared between the two groups, separating the
shared hypermethylated and hypomethylated CpG sets
revealed IRF family transcription factors like IRF1, IRF2,
IFR3, and IRF8 in the shared hypermethylated CpG set,
which are well established regulators of the type I IFN
system, being common in viral and bacterial infections
[57]. We also detected enrichment of the ETS transcrip-
tion factors that are regulated by MAPK proteins, which
were enriched in the GO analysis (Fig. 3F). In the shared
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Fig. 2 DNA methylation changes in COVID-19 monocytes parallel organ damage. A Heatmap of severe COVID-19 patients with DNA methylation
ordered by SOFA score, including all CpG-containing probes significantly correlated with the SOFA score (Spearman correlation coefficient rho>04,
p<0.01). Clinical and treatment data of COVID-19 patients are shown above the heatmap. SOFA, IL-6 level, and days in the ICU scales are shown
on the right of the panel B. Normalized methylation values from heatmap showing overall group methylation of HD. Patients with SOFA <6 are
indicated as SOFA LOW,; those with SOFA > 6 are indicated as SOFA HIGH. € DNA methylation levels (b-values) of selected individual CpGs (and
closest genes) in hypermethylated and hypomethylated sets and their position relative to the transcription start site. D Gene ontology (GO) analysis
of hypermethylated and hypomethylated DMPs, analyzed with the GREAT online tool, in which CpG annotation in the EPIC array was used as
background. Statistical significance: * p<0.05, ** p<0.01, *** p<0.001, **** p < 0.0001

hypomethylated set, we noted enrichment of STAT3 and
TFs from bZIP AP-1, like Jun, and other bZIPs, like CEBP.
Interestingly, GRE was also present in the shared hypo-
methylated cluster (Fig. 3F). This suggests the influence
of GC in the acquisition of aberrant methylation profiles
in COVID-19 and sepsis. Individual genes associated
with the COVID-19/sepsis shared hypermethylated and
hypomethylated CpG genes include type I IFN-related
genes, like IRF2, and others, such as ILIA and CCR2, that
are involved in inflammatory processes and monocyte
chemotaxis, respectively (Fig. 3G). We also identified

several genes among the shared hypomethylated set, like
CD163, SOCS1, and IL10, that have been associated with
the acquisition of tolerogenic properties in monocytes
[58] (Fig. 3G).

In both infections, systemic inflammation could be
responsible for part of the DNA methylation changes that
arise in monocytes. To address this possibility, we exam-
ined the DNA methylation levels of the hypomethylated
and hypermethylated CpGs of severe COVID-19 and
sepsis patients in monocytes isolated from healthy donor
PBMC:s that had been treated in vitro with inflammatory
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cytokines like IFNa, IFNy, and TNFa [26] (accession
number GSE134425). This analysis revealed several sig-
nificant changes following the trends for both COVID-
19 and sepsis (Additional file 8. Figure S3E), suggesting
that these inflammatory cytokines, which are elevated
in these patients, could influence the monocyte DNA
methylomes.

An alternative explanation for the observed changes in
severe COVID-19 monocyte methylomes could be that
DNA methylation changes reflect alterations during mye-
loid/monocyte differentiation or the release of immature
or aberrant monocytes. This has been described in severe
COVID-19 cases [13, 59-62]. It is worth noting that
immature cells are also released from the bone marrow in
sepsis [63]. To test this hypothesis, we used public whole-
genome bisulfite sequencing (WGBS) data (GSE87197)
of progenitor cells including HSC, MPP, CMP, and GMP
cells and monocytes as references. We compared the
1773 hypermethylated CpGs based on their genomic
location and obtained 1511 unique Ensembl Regions,
which grouped in two clusters. Cluster 1 showed low-
level demethylation in monocytes compared with all
hematopoietic precursor cell types, whereas cluster 2
showed clear demethylation in monocytes (Fig. 3H).
These results are compatible with the possibility that a
proportion of the DMPs in severe COVID-19 result from
aberrant myeloid differentiation or the release of imma-
ture monocytes, which display higher methylation levels,
and are not demethylated to the extent they are during
normal differentiation.

Aberrant DNA methylation is associated with changes

in gene expression of COVID-19 patient monocytes

To study the relationship between the DNA methyla-
tion changes and aberrant gene expression of mono-
cytes derived from severe COVID-19 patients, we
obtained single-cell (sc) RNA-seq data of peripheral
blood mononuclear cells (PBMCs) from 10 additional
severe COVID-19 patients from the same hospital
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and compared them with those of 10 HDs from a pub-
lic dataset [41] (Additional file 2. Table S2 and Addi-
tional file 9. Figure S4A-S4B). This analysis enabled us
to identify 24 cell populations based on specific mark-
ers (Fig. 4A and Additional file 9. Figure S4C-S4D), and
thereby not only to determine the alterations in gene
expression in monocytes, but also to inspect altera-
tions in additional immune cell subsets. Strikingly,
the monocyte fraction comprised solely CD14 + cells
(CD14 mono: CD14) (Fig. 4B).

In the CD14+ monocyte cluster, we identified 10,440
differentially expressed genes (DEGs) between COVID-
19 patients and HDs (Additional file 10. Table S6). The
top DEGs (based on the fold change (FC)) included pro-
inflammatory molecules (ILIB, CCL3), surface mark-
ers (CD163, CD63, AREG, CD74, S100A12, SI00A12,
S100A8, S100A9), and transcription factors (JUN, MAFB,
NF-KB) (Fig. 4C). We observed upregulation of mono-
cyte-derived cell markers like SI00A12, SI00A8, and
S100A9. S100A8 is already known to contribute to the
cytokine storm in severe COVID-19 [41, 64]. Pro-inflam-
matory genes like IL1B of IRFI were downregulated, as
well as HLA genes, in agreement with previous stud-
ies, suggesting decreased antigen presentation in severe
COVID-19 patients. Finally, we observed downregulation
of the NF-kB inhibitor zeta-encoding gene NFKBIZ, con-
sistent with activation of this pro-inflammatory pathway
[65]. Since type I IFNs are essential for antiviral immu-
nity, and the DNA methylation analysis had indicated
the potential occurrence of epigenetic alterations in IFN-
stimulated genes (ISGs), we checked the expression levels
of genes regulated by type I IFNs and found downregula-
tion of several ISGs, such as STAT1, BST2, PTPN6, and
IRFI1 (Additional file 11. Figure S5A). In addition, given
that some of the observed DNA methylation changes
were associated with genes involved in antigen presen-
tation, we inspected HLA genes in our expression data
and found this gene set to be significantly downregulated,

(See figure on next page.)

=% < 0001, *** p< 00001

Fig. 3 Comparative analysis of DNA methylation in blood monocytes of severe COVID-19 and bacterial sepsis patients. A Violin plot representing
the mean methylation state of the DMPs found in the comparison between HDs and sepsis patients with b-values obtained from severe COVID-19
patients. B Fisher’s exact test showing the odds ratio 4= 95% confidence interval of the overlap between DMPs found in monocytes from bacterial
sepsis patients and DMPs in monocytes from COVID-19 patients. C Proportions of the genomic locations (in relation to genes) of DMPs in COVID-19
and sepsis; Bg., background, EPIC probes. D Venn diagram of the overlap of COVID-19 DMPs identified by the comparison of HDs and severe
COVID-19 patients with DMPs identified by the comparison between HDs and sepsis patients, separating hypermethylated and hypomethylated
DMPs. E Gene ontology analysis of hypermethylated and hypomethylated overlapping DMPs identified in the previous comparison. Selected
significant categories (p < 0.05) are shown. F TF binding motif analysis of shared hypermethylated and hypomethylated DMPs comparing HDs

and COVID-19 patients, and by HDs and sepsis patients. The panel shows the fold change (FC), TF family. Boxes with black outlines indicate TF
binding motifs with FDR < 0.05. G Box-plot showing the DNA methylation values of individual CpGs (together with the name of the closest gene
and its position relative to the transcription start site) from the hypermethylated and hypomethylated clusters from both COVID-19 and sepsis.

H Scaled DNA methylation heatmap of regions from the whole-genome bisulfite sequencing (WGBS) data of hematopoietic stem cells (HSCs),
multipotent progenitors (MPPs), common myeloid progenitors (CMPs), and granulocyte macrophage progenitors (GMPs) that overlap with the
genomic location of the 1772 hypermethylated DMPs identified in the COVID-19 vs. HDs comparison. Statistical significance: * p <0.05, ** p<0.01,
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consistent with dysfunction in antigen processing and
presentation (Additional file 11. Figure S5B).

GO analysis of both DEG sets revealed enrichment
in functional terms coincident with those from DNA
methylation analysis. We observed functional catego-
ries such as cytokine-mediated signaling, IL-12-medi-
ated signaling, negative regulation of T cell activation,
negative regulation of IFNy production, and defense
response to the virus in the upregulated cluster genes
(Fig. 4D). Conversely, functional categories such as anti-
gen processing and presentation by MHC-I and MHC-
II and IFNy-mediated signaling were enriched among
the downregulated gene set (Fig. 4D). We then studied
TFs potentially involved in the transcriptomic changes
observed in COVID-19 monocytes, using Discrimi-
nant Regulon Expression Analysis (DoRothEA), and
found that MAF family members, GATA3, STAT4, and
IRF4, were associated with upregulated genes in severe
COVID-19 (Fig. 4E). Conversely, STAT6, STAT2, IRF2,
IRF3, and LYL1 were associated with downregulated
genes (Fig. 4E). TF enrichment of upregulated and down-
regulated genes was also consistent with the results from
DNA methylation analysis, in which binding motifs for
several of these TFs were overrepresented among the
regions neighboring the DMPs.

We determined the significance of a negative correla-
tion between DMPs and the expression levels of their
closest genes (rtho= —0.31; p=9.8e —16) (Fig. 4F). To
study the relationship between DNA methylation and
expression changes further, we performed Gene Set
Enrichment Analysis (GSEA) of the genes associated
with hypermethylated and hypomethylated CpG clus-
ters. Genes associated with hypermethylated CpGs were
generally downregulated (NES=1669; FDR=0.0005),
whereas those associated with hypomethylated CpGs
were upregulated (NES= —1187; FDR=0.0596) in
COVID-19 patients (Fig. 4G). GO analysis of genes
with an inverse relationship between methylation and
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expression levels showed enrichment of functional cat-
egories like negative regulation of T cells, IFNa, and anti-
gen presentation (Additional file 11. Figure S5C-S5D).
This analysis reinforced the relationship between DNA
methylation changes and expression changes related
to the acquisition of a more tolerogenic phenotype
in monocytes in COVID-19 patients. Some examples
include ILI0, a tolerogenic cytokine whose expression
is increased in COVID-19, and NFKBIz, whose level of
expression is decreased (Fig. 3H). We validated these
results using bisulfite pyrosequencing and qRT-PCR with
a new cohort of severe COVID-19 patients (Additional
file 11. Figure S5E-F). The analysis also included mild
COVID-19 that showed partial or total DNA methylation
changes to the extent seen in severe COVID-19 cases
(Additional file 11. Figure S5E-F).

Potential relationship between transcriptional

and epigenetic reprogramming and altered immune cell-
cell communication

Given the overrepresentation of genes associated with
cytokine activity, MHC class II-mediated antigen pres-
entation among the observed DNA methylation, and
gene expression alterations in severe COVID-19, we
explored the potential correlation of these changes in
monocytes with their pattern of communication with
other immune cell types. To systematically analyze the
effect of cell-cell communication on monocytes, we
used CellPhoneDB (www.cellphonedb.org), a repository
of ligands, receptors, and their interactions integrated
within a statistical framework that predicts enriched cel-
lular interactions between two cell types using scRNA-
seq datasets. This allowed us to infer potentially altered
interactions between monocytes and other immune
cell subsets in severe COVID-19. In particular, we
inspected cell-cell communication alterations between
CD14+and CD4+ memory, CD4 + naive, CD8+ mem-
ory, and CD8+naive T cells; B cell subsets including

(See figure on next page.)

Fig. 4 Correlation between DNA methylation and gene expression. A UMAP visualization showing the immune cell populations identified from
Louvain clustering and cell-specific marker gene expression. B Dot plot representing the expression of selected marker genes identified in the

cell population. The scale represents the mean gene expression level in the cell subset and the circle size represents the percentage of cells in the
subset of expressing cells. C Heatmap representing differentially expressed genes (DEGs) with a log,(FC) > 0.6, above, and log,(FC) < — 0.6, below.
Genes overexpressed and downregulated in COVID-19 patients in relation to HDs are depicted in red and blue, respectively. D Gene ontology (GO)
overrepresentation of GO Biological Process categories comprising the upregulated and downregulated DEGs. The odds ratios for each group

and the — log,(FC) are shown. Selected significant categories (FDR < 0.05) are shown. E Discriminant Regulon Expression Analysis (DoRothEA) of
COVID-19 severe patients compared with HDs. Normalized enrichment score (NES) and log,(FC) of transcription factor expression are depicted. F
Correlation of average DNA methylation levels of DMPs with average gene expression of DEGs in the HDs vs. COVID-19 severe patients. Log,(FC)
of expression is plotted on the y-axis, higher numbers representing a higher level of expression in COVID-19 and lower numbers a higher level

of expression in HDs. DNA methylation is depicted on the x-axis as AR, lower numbers representing a lower level of methylation in COVID-19
monocytes, and higher numbers a lower level of methylation in HDs. Points are colored according to their genomic context. G Gene set enrichment
analysis (GSEA) of HD vs. COVID-19, using hypomethylated-associated genes and hypermethylated-associated genes as genesets. The running
enrichment score is represented, and the normalized enrichment score (NES) is shown above (FDR<0.01). H Representation of individual DNA
methylation values of DMPs from the hypermethylated and hypomethylated clusters (beta values), the position in respect to the transcription start
site, and the relative expression of the closely related DEGs. Statistical significance: * p <0.05, ** p<0.01, *** p <0.0001, **** p <(0.00001
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Fig. 5 Cell-cell communication analysis. Dot plot of selected receptor/ligand pair (A) and ligand/receptor (B) interactions between
CD14 4 monocytes and other cell components in the COVID-19 patient group. Gene expression is indicated as log,(FC) for differentially expressed
genes (FDR <0.05), which, in both cases (A and B), are the molecules presented on the left. The percentage expression of the differentially
expressed genes in each cell type is indicated by the circle size. Molecules shown in blue are those expressed in CD14 + monocytes. Molecules
expressed in the immune cell partner are shown in red

memory, naive, and plasma B cells; natural killer cells
(NK CD56%™: NK CD56"8") (Fig. 5A,B). Our analysis
revealed 4483 ligand/receptor pairs, in which the expres-
sion levels of ligands and receptors of CD14+ and/or
interacting partners in the aforementioned cell types
were significantly different between severe COVID-19
patients and HDs, suggesting changes in the interaction
of the corresponding immune cells (Additional file 12.
Table S7). The aberrant levels of the proteins encoded by
these genes in monocytes were validated by flow cytom-
etry (Figure S5G), supporting a potential impact on cell-
cell communication.

Figure 5A illustrates the significant ligand-receptor
interactions that may be affected when the expression of
receptor in monocytes is altered, revealing their poten-
tial impact on other cell types. In general, there was a
high frequency of interactions involving different types
of NK cells, consistent with the terms observed in the
GO analysis performed with DMPs (Fig. 1E). PILRA,

LILRBI, LILRB2, and PECAM1I (CD31), the products of
which are involved in the inhibition of immune response,
were downregulated in monocytes. Their corresponding
ligand-encoding genes, CD99, HLA-F, and CD38, were
expressed in all the analyzed cell types, except for CD38,
which is only expressed in NK and plasma B cells. Addi-
tionally, the gene encoding for receptor LAIR1, which
inhibits IL-2 expression, was upregulated in mono-
cytes [66], which might influence the interaction with
cells expressing its corresponding ligand, i.e., plasma B
cells and monocytes. Our analysis also revealed changes
in the expression of TNF receptor genes (TNFRSF14,
TNFRSF1B, TNFRSFIA) in monocytes, which could
affect the interaction with T cells through the ligands
encoded by TNF and LTA. This is compatible with the
possibility that TNF-associated DNA methylation altera-
tions in monocytes could arise from altered interactions
with T cells through these ligand-receptor pairs. We also
noted downregulation of the receptor TNFRSF14, which



Godoy-Tena et al. Genome Medicine (2022) 14:134

interacts with CD160 in NK cells. Some studies have
argued that CD160 is essential for NK-mediated IFNy
production [67], a conclusion that is consistent with the
results obtained in our gene ontology analysis of the
DNA methylation data. ADGRES (CD97) was downregu-
lated in monocytes. This receptor interacts with CD55,
which is expressed in all the analyzed cell types. This
interaction is involved in leukocyte migration [68]. The
potential alteration of this interaction could be linked to
the observed hypomethylation of CpGs close to genes
related to leukocyte migration (Fig. 1E, top).

We also examined DEGs corresponding to ligands
expressed in all immune cell types, whose corresponding
receptors are expressed in monocytes, to identify poten-
tial cell-cell communication alterations that might affect
monocytes (Fig. 5B). In general, we detected upregula-
tion of ligands in regulatory T cells (Treg) and down-
regulation of ligands in plasma B cells. We also observed
increased levels of CCLS and CCL3, expressed in NK
cells, that interact with the CD191 receptor (CCRI), and
whose inhibition potentially suppresses immune hyper-
activation in critical COVID-19 patients [69]. In the con-
text of antigen presentation, there was upregulation of
HLA-F from Treg and NKT, which interacts with LILRBI
in monocytes. Recent studies have associated LILRBI
with the development of tolerance [70]. Our analysis also
revealed low levels of CD99, expressed in CD4 + mem-
ory and naive T cells, Treg and memory B cells, and the
receptor PILRA, which is expressed in monocytes. The
opposite occurs with CD8 memory and naive T cells
and NK CD56(bright), which enhances T cell migration
[71]. There was a similar trend between CD74 and the
receptor APP expressed in monocytes, which is involved
in antigen processing and presentation. This could be
related to the impaired antigen presentation previously
highlighted in our data.

In brief, the potential alteration of cell-cell communi-
cation events, through increased or decreased levels of
ligands and receptors involving inflammatory cytokines,
antigen presentation-related factors, and cell activation
regulators, in severe COVID-19 patients could affect
downstream cell-signaling pathways and TFs and per-
haps influence DNA methylation profiles in monocytes,
thereby perpetuating aberrant immune responses.

Discussion

Our results reveal that peripheral blood monocytes
from severe COVID-19 patients display aberrant DNA
methylomes and transcriptomes associated with func-
tions related to IFN type I signaling and antigen pres-
entation, among others. The changes are significantly
associated with organ damage and with DNA methyla-
tion changes occurring in bacterial sepsis. Finally, our
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analysis suggests that pro-inflammatory cytokines, the
release of immature or aberrant monocytes, and spe-
cific dysregulated immune cell-cell communication
events may be responsible for some epigenetic changes.

To date, there have been very few DNA methylation
studies addressing the involvement of COVID-19 DNA
methylation in regulating the angiotensin-converting
enzyme 2 (ACE2) type I membrane receptor gene [72],
which is present in arterial, lung type II alveolar cells,
where it acts as a SARS-CoV-2 receptor. There is a sug-
gestion that the host epigenome may represent a risk
factor for COVID-19 infection. Very few studies have
reported alterations in DNA methylation in relation to
immune responses [73-75]. Our study aimed to explore
the involvement of DNA methylation in relation to a
severe COVID-19 outcome in the myeloid compart-
ment, which is directly related to systemic inflamma-
tion. We specifically studied monocytes because it is
the cell type that undergoes the most dramatic tran-
scriptomic reprogramming during COVID-19 infection
[13, 21, 23, 76]. In this regard, our study provides the
first instance of DNA methylome profiling in a specific
immune cell type in COVID-19 patients.

Our data revealed that most DNA methylation
changes in monocytes derived from severe COVID-19
patients occurred in genomic sites enriched in PU.1
binding motifs, consistent with earlier studies show-
ing its role as a pioneer TF directly recruiting TET2
and DNMT3Db [77]. In our case, most DNA methylation
changes occurred in genes related to cytokines, MHC
class II proteins, and IFN signaling. Similar results
about the defective function of MHC-II molecules and
activation of apoptosis pathways were obtained in sin-
gle-cell atlas studies of PBMCs from severe COVID-19
patients [6, 21, 78, 79] and in sepsis [80, 81].

We found that DNA methylation changes in severe
COVID-19 patients share some features with sepsis,
especially those associated with the expression of toler-
ogenic cytokines like IL-10 [82]. The acute phase of
these infections suggests a dysregulated inflammatory
host response, resulting in an imbalance between pro-
inflammatory and anti-inflammatory mediators [14].
Some studies have suggested that viral components
induce STAT1 dysfunction and compensatory hyper-
activation of STAT3 in SARS-CoV-2-infected cells [83].
We noted the involvement of kinases like JNK, and
earlier studies had shown that COVID-19 infection
activates the /NK and ERK pathways that end in the
AP-1-dependent gene expression of pro-inflammatory
cytokines [84]. One of the most strongly affected TFs
is STAT2, together with STAT6, which could be linked
to the aberrant IFN signaling in monocytes in COVID-
19 [83]. The presence of STAT2 downregulation also
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suggests a deficiency in the ability to cross-present to
CD8+T cells [85].

We also identified GRE binding sites in association with
DNA methylation changes. Generally, the glucocorticoid
receptor (GR) is activated when patients are treated with
GC. However, we also noted significant GRE enrich-
ment in patients who were not treated with GC, suggest-
ing that endogenous production of GC in COVID-19
patients could regulate GR and affect DNA methyla-
tion at its genomic binding sites. GC is also produced
endogenously in sepsis patients in whom cytokines like
IL-1B, TNFa, and IL-6 induce its production from the
adrenal cortex using cholesterol as a substrate to reduce
inflammatory responses [86, 87]. These cytokines were
hypomethylated and overexpressed in our dataset, con-
sistent with the results of other studies that have reported
increased levels in the serum of COVID-19 patients [88,
89]. GRE binding sites are enriched in the DMPs com-
mon to COVID-19 and sepsis. GR is a nuclear receptor
expressed in most cell types that can trigger the expres-
sion of anti-inflammatory genes through direct DNA
binding. Furthermore, GRE represses the action of other
inflammation-related TFs, including members of the
NF-KB and AP-1 families [90, 91], which are also known
to be downregulated in our cohort. Taken together, our
results suggest the existence of a relationship between
extracellular factors associated with the cytokine storm
occurring in severe COVID-19 and DNA methylation
changes. Several studies have shown an increase in the
levels of inflammatory cytokines in severe COVID-19,
which may contribute to the severity of the disease [92].

However, it is also possible that the DNA methyla-
tion changes are partly due to the release of immature
or altered monocytes from myelopoiesis, as reported
for severe COVID-19 [13, 20, 93, 94] and sepsis [63].
Release of immature myeloid cells from the bone marrow
in severe COVID-19 is reminiscent of emergency mye-
lopoiesis [95]. This is a well-known phenomenon, char-
acterized by the mobilization of immature myeloid cells
to restore functional immune cells, and by its contribu-
tion to the dysfunction of innate immunity [96]. In fact,
a proportion of the hypermethylated CpGs in monocytes
from severe COVID-10 patients overlap with regions that
become demethylated during myeloid differentiation.
This suggests that part of the hypermethylated CpG sites
in isolated peripheral blood CD14+ might be associated
with aberrantly differentiated monocytes released into
the bloodstream in severe COVID-19 patients. However,
the small numbers of CD34+cells in the PBMC frac-
tion of COVID-19 patients and the lack of CD14+ cells
in this subset suggest no interference with our results for
CD14+ CD15- cells, isolated with our method.
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The relationship between DNA methylation and gene
expression is complex. DNA methylation patterns are
cell-type-specific and are established during dynamic dif-
ferentiation events by site-specific remodeling at regula-
tory regions [97]. In general, methylation of CpGs located
in gene promoters, first exons, and introns is negatively
correlated with gene expression [98]. The analysis of our
data shows that there is an inverse correlation between
the CpG methylation changes and the expression lev-
els of the closest genes. The comparison of the inferred
TFs associated with DNA methylation changes and gene
expression changes shows common factors like IRF2 and
IRF3, which regulate downregulated genes and hyper-
methylated CpGs. In this context, it is possible that
reduced levels of IFN regulatory factor IRF3 or defective
IRF7 function reduces the level of IFNa/p gene expres-
sion, increasing the sensitivity to viral infection [12, 99].

Finally, analysis of cell-cell communication has
revealed potential relationships between DNA methyla-
tion changes and altered communication of monocytes
and other immune cells (e.g., T, plasma B and NK cells).
Our data suggest the potential reduction of interac-
tions between monocytes and NK cells through CD160,
which mediates the antibody-dependent cell-mediated
cytotoxicity that it is essential for IFNy production [67].
The potentially greater interaction between monocytes
and Treg through multiple ligand and receptor pairs is
an interesting finding, since Tregs are immunosuppres-
sive cells responsible for maintaining immune homeosta-
sis [100]. In any case, the use of CellPhone DB is useful
for inferring cell-cell communications events; however,
additional validation experiments would be necessary to
validate interactions and activation of downstream sign-
aling pathways.

In our study, we could not determine whether the
observed DNA methylation alterations in COVID-19
were the cause or the consequence of the changes in
gene expression. The analysis of mild COVID-19 cases,
in which the DNA methylation and expression level of
a few genes showed differences in their similarities with
severe COVID-19 cases, suggests that there are cases
where expression changes might anticipate DNA meth-
ylation changes. In any case, it is reasonable to propose
that some DNA methylation changes help perpetuate
dysregulated immune responses.

Some limitations of our study include the size of the
cohort, and the unequal numbers of individuals admin-
istered particular drugs in the different patient groups,
which could have affected the COVID-19 data. How-
ever, despite these limitations, we found no significant
differences among severe COVID-19 patients with
respect to the time they were admitted to the ICU or
began to receive treatment. This suggests that DNA



Godoy-Tena et al. Genome Medicine (2022) 14:134

methylation is quite a general occurrence in the con-
text of COVID-19. Another limitation concerns the cell
population analyzed, since the method for monocyte
isolation comprises two populations, CM and IM, one
of which (CM) is expanded in the patient group. How-
ever, the analysis including the monocyte subsets as a
covariate indicates that there are no major differences.
Finally, in the comparison with DNA methylation of
progenitor cells, it is important to note that the DMPs
were overlapped with genomic regions, and not single-
base data, and further analyses would be required.
Future studies would benefit from having access to a
wider cohort in which it is possible to identify signifi-
cant links between alterations and drug treatments.
Incorporating mild and asymptomatic cases would
improve our ability to dissect drug- and severity-related
specificity in relation to DNA methylation changes. As
is the case for other medical conditions, the analysis 1of
DNA methylation changes would be very likely to help
predict disease severity, progression, and recovery.

Conclusions

Our study provides unique insights into the epigenetic
alterations of monocytes in severe COVID-19. We have
shown that peripheral blood monocytes from severe
COVID-19 patients undergo changes in their DNA
methylomes, in parallel with changes in expression,
and that these significantly overlap with those found in
patients with sepsis. We have also shown DNA meth-
ylation changes are associated with organ dysfunc-
tion. Finally, our results suggest a relationship between
DNA methylation changes in COVID-19 patients and
changes that occur during myeloid differentiation
and others that can be induced by pro-inflammatory
cytokines. CellPhoneDB analysis also suggests that
alterations in immune cell crosstalk can contribute to
transcriptional reprogramming in monocytes, which
involves dysregulation of interferon-related genes
and genes associated with antigen presentation and
chemotaxis.
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Additional file 6: Figure S2. DNA methylation analysis in blood mono-
cytes of severe COVID-19 patients. A Venn diagram of the overlap of
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including (CM/IM_YES) or not (CM/IM_NO) the CM and IM percentage as a
covariable in the comparison between HD and severe COVID-19 patients
(B) Heatmap representation of beta values of first 10 Principal compo-
nent (PC) analysis that correlations PCs with different clinical variables.
Numerical variables were correlated to PCs using Pearson correlation,
whereas categorical variables were entered in a linear model together
with the PCs. C Principal component analysis (PCA) of the DMPs. The HDs
are illustrated in grey, and the severe COVID-19 patients are illustrated as
blue and red in function of the clinical parameter or treatment with dexa-
methasone. D Enrichment analysis of different chromatin states for CpGs
sites corresponding the Hyper- and Hypomethylated clusters. The FDR is
represented with the size of the bubble, as shown. The relative enrich-
ment is represented as Odds Ratio. TssA, Active TSS; TssBiv, Bivalent/Poised
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no treated with dexamethasone vs. HDs (DEX_no) and patients treated
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(FQ), TF family. Black outlined boxes indicate TF binding motifs with FDR
values < 0.05. F Box plot of individual DNA methylation values of CpG
from the hypermethylated and hypomethylated clusters with the name of
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and patients with mild and severe infection of COVID-19. G Volcano plot
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algorithm iEVORA. Statistical significance: * p < 0.05, ** p < 0.01, *** p <
0.0001, **** p < 0.00001.
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Additional file 8: Figure S3. DNA methylation comparative analysis
between blood monocytes of severe COVID-19 patients and bacterial
sepsis patients (A) Proportions of the genomic locations (in relation to
genes) of hyper- and hypomethylated DMPs in COVID-19 and sepsis; Bg.,
background, EPIC probes. B Venn diagram of the overlap of COVID-19
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DMPs identified by the comparison between HD and severe COVID-19
patients with DMPs identified by the comparison between HD and septic
patients. Gene ontology (GO) analysis of the shared (C) and not shared (D)
DMPs from the previous representation. E Violin plot of the mean methyla-
tion status of the identified DMPs with b-values obtained from mono-
cytes derived from healthy donor PBMCs exposed in vitro for 4 days to
interferon-alpha (IFNa) (100ng/mL), interferon gamma (IFNy) (100ng/mL),
tumor necrosis factor-alpha (TNFa) (10ng/mL) and untreated (Control)
(n=3), [26]. Statistical significance: * p < 0.05, ** p < 0.01, ** p < 0.0001,
®eex ) 0,00001.

Additional file 9: Figure S4. A UMAP visualization showing the two
groups identified from Louvain clustering. B Barplot representation of

the proportion of the two study groups in the different cell type found. C
Barplot representation of proportion of each cell type in each study group.
D Barplot representation of proportion of each cell type in each sample
used for the scRNA-seq analysis.

Additional file 10: Table Sé6. List of Differentially Expressed Genes (DEGs)
in CD14+4 cells between severe COVID-19 patients and HD (FDR<0.05).

Additional file 11: Figure S5. Analysis of DEG in monocytes derived

from severe COVID-19 patients. A Heatmap representation of expression
levels of IFN genes (ligands and receptor) in HD and COVID-19 CD14+
monocytes. Gene ontology (GO) analysis of the upregulated. B Dot plot of
major histocompatibility complex (MHC) genes. LogFc and percentage of
expression is representeate. C and downregulated (D) DEG that present

a negative correlation with their close CpG. E Box plot of individual DNA
methylation values of CpG from the hypermethylated and hypomethyl-
ated clusters with the name of the closest gene and the position in
respect to the transcription start site. Calculated using pyrosequencing in
the validation cohort that include HD and patients with mild and severe
infection of COVID-19. F Box plot of relative expression of individual genes
performed by real-time quantitative polymerase chain reaction (RT-gPCR)
in the validation cohort that include HD and patients with mild and severe
infection of COVID-19. G Box plot of mean florescence intensity (MFI)

of cell surface markers in CD14+ cells in the cohort used for single cell
analysis. Statistical significance: * p < 0.05, ** p < 0.01, *** p < 0.0001, ****
p < 0.00001.

Additional file 12: Table S7. List of ligand-receptor pairs with different
expression in COVID-19.
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SUMMARY

The active form of vitamin D, 1,25-dihydroxyvitamin D3, induces a stable tolerogenic phenotype in dendritic
cells (DCs). This process involves the vitamin D receptor (VDR), which translocates to the nucleus, binds its
cognate genomic sites, and promotes epigenetic and transcriptional remodeling. In this study, we report the
occurrence of vitamin D-specific DNA demethylation and transcriptional activation at VDR binding sites
associated with the acquisition of tolerogenesis in vitro. Differentiation to tolerogenic DCs associates with
activation of the IL-6-JAK-STATS3 pathway. We show that JAK2-mediated STAT3 phosphorylation is specific
to vitamin D stimulation. VDR and the phosphorylated form of STAT3 interact with each other to form a
complex with methylcytosine dioxygenase TET2. Most importantly, pharmacological inhibition of JAK2 re-
verts vitamin D-induced tolerogenic properties of DCs. This interplay among VDR, STAT3, and TET2 opens

up possibilities for modulating DC immunogenic properties in clinics.

INTRODUCTION

Dendritic cells (DCs) are a heterogeneous group of innate im-
mune cells that have a key role in initiating adaptive responses.
Also, DCs are not only central for coordinating immune re-
sponses against a threat but also needed to regulate the immune
system at steady state and for inducing immune tolerance (Mor-
ante-Palacios et al., 2021). Like in other myeloid cell populations,
the immunological properties of DCs vary with the environment.
In general, terminal myeloid cell differentiation is highly depen-
dent on the activation of specific signaling pathways in response
to extracellular signals, such as inflammatory cytokines, hor-
mones, vitamins, and other factors (AIvarez—Errico et al.,, 2015),
which determine the immunogenicity of the resulting myeloid
cells. The activation of signaling pathways leads to the activation
of specific sets of transcription factors (TFs). Sequence-specific
DNA binding of TFs is a pivotal process for establishing gene
expression patterns in concert with the epigenetic machinery
that determines cell identity and function (Monticelli and Natoli,
2017). Recent evidence has shown that several TFs are associ-
ated with DNA demethylation to increase genomic accessibility
of their binding genomic regions, thus facilitating the binding of
subsequent TFs (Mahe et al., 2017). In this regard, methylcyto-
sine dioxygenase ten-eleven translocation (TET2), the most rele-
vant enzyme involved in active DNA demethylation in the myeloid
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compartment, can interact with a variety of TFs, such as PU.1, C/
EBPa, KLF4, and others, in order to facilitate their recruitment to
different genomic regions (Costa et al., 2013; Guilhamon et al.,
2013; de la Rica et al., 2013; Lio et al., 2016; Mendes et al.,
2021; Sardina et al., 2018; Wang et al., 2015; Xiong et al.,
2016). Recently, it has been demonstrated that TET2 mutations,
which are frequent in myeloid leukemias, lead to DNA hyperme-
thylation of enhancer regions and changes in the subsequent
binding of TFs, particularly members of the basic helix-loop-helix
(bHLH) TF family (Rasmussen et al., 2019). This suggests that
TET2 recruitment by TFs leads to epigenetic remodeling that fa-
cilitates the binding of subsequent TFs (Rasmussen et al., 2019).
Moreover, a reciprocal relationship between DNA methylation
and histone modifications has long been established. TET2 has
been not only described to modulate trimethylation of K4 of his-
tone H3 (H3K4me3) (Deplus et al., 2013), a mark of active tran-
scription, but also shown to coordinate trimethylation of K27 of
histone H3 (H3K27me3), a mark of heterochromatin, in an in-
verse manner (Ichiyama et al., 2015).

Calcitriol (1,25-dihydroxyvitamin D3), the active form of vitamin
D3 (henceforth referred to as vitamin D), is a major modulator of
the immune system (Barragan et al., 2015; Carlberg, 2019; Mora
et al., 2008). DCs are the most susceptible cell type to vitamin D
in a mixed immune population (Mora et al., 2008). In these cells,
vitamin D can generate a stable maturation-resistant tolerogenic
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Figure 1. DNA methylation dynamics throughout vitamin D-exposed dendritic-cell differentiation (n = 4, two independent experiments)

(A) Schematic overview of the differentiation model from human peripheral blood MOs to DCs and TolDCs.

(B) Principal-component analysis of differentially methylated CpGs.

(C) DNA methylation heatmap and cluster analysis of four paired samples of MOs and their derived DCs and TolDCs at day 5 of differentiation. The heatmap
includes all CpG-containing probes displaying significant methylation changes (differential beta value >0.2 and q value < 0.05) only in the TolIDC-DC comparison.
The color annotation of the lateral bar represents the membership to cluster 1 in red (DC-specific DNA demethylation), cluster 2 in green (TolDC-specific DNA
demethylation), cluster 3 in orange (TolDC-specific DNA hypermethylation), and cluster 4 in blue (DC-specific DNA hypermethylation).

(D) Box and violin plots summarizing the distribution of DNA methylation levels per cell type and cluster.

(E) Gene ontology (GO) terms associated with CpGs from cluster 1 (red) and cluster 2 (green) as analyzed by GREAT software. Bars represent log-transformed
binomial q values of the GO term enrichment.

(F) Location proportions of CpGs from each cluster in the context of CpG islands (CGls) (right) and gene-related regions (left).

(legend continued on next page)
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phenotype in vitro, with a low level of expression of immunogenic
molecules, such as HLA-DR, CD80, and CD86, and increased
interleukin (IL)-10/IL-12p70 ratios that are maintained even after
removal of the compound (Van Halteren et al., 2002). After ligand
recognition, vitamin D receptor (VDR) translocates to the nucleus
and acts not only as a TF, controlling the expression of a set of im-
mune and metabolic genes (Carlberg, 2019; Ferreira et al., 2013),
but also as a repressor of nuclear factor kappa-light-chain-
enhancer of activated B cells (NF-kB) at different levels (Carlberg,
2019; Fetahu et al., 2014). Several studies have shown the capac-
ity of VDR to interact with a range of TFs, including PU.1 and
GABPA, and with chromatin remodeling and histone modification
enzymes, such as BRD7 and KDM6B (Pereira et al., 2011; Seuter
etal., 2017, 2018; Wei et al., 2018). Previous work has shown that
vitamin D may induce DNA methylation changes in myeloid cells
(Ong et al., 2021). However, the molecular mechanism that leads
to the acquisition of differential methylation patterns remains
unexplored.

Vitamin D supplementation is generally used as a preventive
agent or a co-adjuvant for diseases with underlying autoimmune
or pro-inflammatory states (Bscheider and Butcher, 2016;
Dankers et al., 2017). DCs represent an excellent target of
vitamin D to dampen autoimmunity and inflammation, not only
because these myeloid cells express the whole set of enzymes
to generate the active form of vitamin D (Mora et al., 2008) but
also because of their unique role as initiators of immune re-
sponses. However, the role of DCs in vitamin D-mediated
immunomodulation is not fully understood. In addition, DCs
with tolerogenic function (TolDCs) have become a promising
immunotherapeutic tool for reinstating immune tolerance in
autoimmune diseases and in allogeneic bone marrow and solid
organ transplantation (Morante-Palacios et al., 2021). The stabil-
ity of the tolerogenic phenotype suggests that regulatory mech-
anisms that allow the maintenance of stable changes of gene
expression are involved. In this sense, DNA methylation is a ma-
jor epigenetic modification closely involved in the acquisition or
stabilization of transcriptional states (Luo et al., 2018). Peripheral
blood monocyte (MO)-derived DCs represent a useful model for
studying the properties of DCs. It has been previously described
that DCs differentiated from isolated MOs by the addition of
granulocyte-macrophage colony-stimulating factor (GM-CSF)
and IL-4 in vitro closely resemble CD1c* DCs at the transcrip-
tional level (Goudot et al., 2017). Exposure of MO-derived DCs
to vitamin D results in the inhibition of differentiation and matura-
tion into potent antigen-presenting cells and gain in the capacity
to inhibit T cell proliferation (Piemonti et al., 2000). Similarly,
CD1c* DCs cultured in vitro with vitamin D for 2 days acquire a
typical semi-mature phenotype after exposure to a DC matura-
tion cocktail, with low CD83 expression, and a tolerogenic
phenotype, as they suppressed alloimmunity in vivo, in a mouse
model (Chu et al., 2012).
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In this study, we studied epigenetic determinants critical for
the acquisition of tolerogenic properties during in vitro human
MO-derived DC differentiation in the presence of vitamin D. We
demonstrate an interplay between VDR and the Janus kinase
(JAK) 2/signal transducer and activator of transcription (STAT)
3 pathway associated with the generation of a specific TET-
dependent DNA demethylation signature in TolDCs. It involves
a direct physical interaction between VDR, STAT3, and TET2
that leads to the acquisition and stabilization of the tolerogenic
properties of DCs in the presence of vitamin D.

RESULTS

Vitamin D induces the acquisition of a specific DNA
methylation profile associated with tolerogenesis

during in vitro DC differentiation

To investigate the effects of vitamin D in DNA methylation during
the acquisition of tolerogenic properties by DCs, we first differen-
tiated in vitro peripheral blood MOs from human donors to DCs
and TolDCs for 6 days using GM-CSF and IL-4 in the absence
and presence of vitamin D, respectively (Figure 1A). As previously
described (Penna and Adorini, 2000; Piemonti et al., 2000),
TolDCs had higher levels of the surface markers CD14 and
CD11b and lower levels of HLA-DR, CD1a, and CD86 than did
DCs (Figure S1A). To confirm the resemblance between our
in vitro model with in vivo DCs, we integrated the expression pro-
files of MOs, DCs (12 h and 120 h), and TolDCs (12 h and 120 h)
(Széles et al., 2009) with previously published expression datasets
(Goudot et al., 2017; Segura et al., 2013) from MOs, in vitro-
derived DCs and macrophages (MACs), and in vivo DCs and
MAGCs. According to t-distributed stochastic neighbor embedding
(t-SNE) analysis, TolDCs (differentiated in the presence of vitamin
D), among different DC subsets, are the ones nearer different MAC
types with immunosuppressive phenotypes (Figure S1B).

In concordance with previous studies (Piemonti et al., 2000), we
observed that TolDCs were able to inhibit CD8" T cell proliferation
in vitro, in contrast to DCs, confirming their immunosuppressive
properties (Figure S1C). Furthermore, we also observed increased
levels of VDR in the nucleus following vitamin D exposure, in
agreement with previous studies, suggesting that VDR preferen-
tially acts in the nucleus (Figure S1D). Altogether, our results
confirmed the validity of this in vitro model to generate and study
TolDCs by the involvement of VDR through vitamin D exposure.

We then obtained and compared the DNA methylation profiles
of MOs, DCs, and TolDCs using BeadChip arrays (see STAR
Methods), which interrogate the methylation status of
>850,000 CpG positions across the entire genome, covering
99% of the reference sequence genes. Principal-component
analysis (PCA) showed that most of the variability observed at
the DNA methylation level may be explained by events common
to the two differentiation processes (principal component 1;

(G) Bubble chart depicting the enrichment (red) or depletion (blue) of the CpGs from each cluster in the chromatin states from DCs (Pacis et al., 2015). The circle
filling color represents the logarithmic value of the ratio between the percentage of CpGs with the feature in each cluster and the percentage of CpGs with the
feature in the background. Circle size indicates the percentage of CpGs from each cluster in the chromatin state, and the circle edge indicates the statistical
significance of the enrichment (black: significant; no edge: not significant; q value < 0.01).

Statistical tests: paired two-tailed t test (D), Pearson correlation (E), and two-tailed Fisher’s exact test (F and G) (*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001,

ns = not significant). FDR, false discovery rate.
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Figure 1B). However, the second principal component is capable
of clustering DCs and TolDCs separately (Figure 1B). Differenti-
ation mainly resulted in DNA demethylation in which there were
both condition-specific demethylation events and demethylation
events common to both differentiation processes (Figure S1E). A
small proportion of DNA methylation changes was attributed to
gains of DNA methylation during differentiation (Figure S1E).
Hierarchical clustering of differentially methylated CpGs be-
tween DCs and TolDCs (adjusted p < 0.05 and absolute differen-
tial beta > 0.2) revealed four main groups of CpG sites (Figures
1C and 1D and Table S1): a group of CpGs that underwent spe-
cific demethylation in DCs (cluster 1: 429 CpGs); a second group
that was specifically demethylated in TolDCs (cluster 2: 311
CpGs); another group that gained methylation in TolDCs (cluster
3: 36 CpGs); and finally a group of CpGs with DC-specific gains
in DNA methylation (cluster 4: 28 CpGs).

To confirm these observations in the context of in vivo circu-
lating DCs, we obtained the DNA methylation profiles of whole
blood-isolated cDCs (CD1c* DCs) cultured in the absence and
presence of vitamin D for 3 days and observed that, similar to
TolDCs generated in vitro, cDCs exposed to vitamin D under-
went DNA demethylation in cluster 2 CpGs (Figure S1F). This
confirmed that demethylation observed in cluster 2 CpGs were
specific to vitamin D exposure.

Functional gene ontology (GO) analysis revealed that CpGs in
cluster 1 are associated with immunological categories, such as
defense and immune response, whereas those in cluster 2 are
more highly enriched in cell activation, positive regulation of im-
mune system process, and wound healing involved in inflamma-
tory response (Figure 1E). For clusters 3 and 4, GO analysis did
not show enrichment in any functional categories, probably due
to their small size. In all clusters, the majority of changes
occurred in introns and intergenic regions with underrepresenta-
tion of promoter-transcriptional start sites (TSSs). However,
whereas cluster 1 exhibited a marked enrichment of intronic re-
gions with respect to background, the other clusters were en-
riched in both intronic and intergenic locations (Figure 1F, left).
Concordantly, CpGs of all clusters were observed to be located
outside of CpG islands, particularly for cluster 2 (Figure 1F, right).
Next, we mapped the chromatin states of the CpG sites under-
going changes in methylation in the four clusters using chromatin
segmentation data generated in DCs (Pacis et al., 2015) (Fig-
ure 1G). We observed an enrichment in enhancer regions for all
clusters and an enrichment for inactive promoters for cluster 4.
Moreover, cluster 1 (DC-specific demethylation) was enriched
in weak (H3K27ac + H3K4mel + H3K4me3) and strong
(H3K27ac + H3K4me1) enhancers, while cluster 2 (TolDC-spe-
cific demethylation) was more enriched in inactive enhancers
(H3K4me1) in DCs, suggesting that these inactive regions in
DCs are activated in TolDCs. In all, our results indicated that
vitamin D-driven demethylation events occurred in regions that
may play important roles in regulating gene expression and
establishing the tolerogenic phenotype of TolDCs.

DNA demethylation in TolDCs is an active process and is
associated with changes in gene expression

DNA methylation has long been established to influence gene
expression (Jones, 2012), although the dynamics are complex

4 Cell Reports 38, 110244, January 18, 2022
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and highly dependent on genomic location. CpGs that under-
went TolDC-specific DNA demethylation during differentiation
were largely situated in open seas corresponding to enhancers;
hence, it is plausible to envision that they control gene expres-
sion, which results in the final tolerogenic phenotype. We
therefore integrated our DNA methylation dataset with publicly
available expression data generated in the same in vitro models
(Széles et al., 2009). We observed a significant inverse relation-
ship between levels of DNA methylation and mRNA expression
at 12 h (r = —0.5926; p = 4.90e-14) and 5 days of differentiation
(r = —0.4108; p = 4.57e-11) (Figure 2A). Furthermore, dividing
cluster 1 and 2 CpGs based on their genomic location in relation
to previously identified enhancer regions (Pacis et al., 2015), we
observed that genes associated with cluster 1 CpGs located at
active enhancers of DCs displayed higher expression levels in
DCs than in TolDCs (Figure 2B).

To explore the dynamics of the relationship between DC-
(cluster 1) and TolDC-specific demethylation (cluster 2), we per-
formed bisulfite pyrosequencing and gRT-PCR in a selected
group of genes of a set of samples over time. A few genes
from each cluster were selected for further analysis based on
the conditions that they had the maximum possible difference
in DNA methylation during differentiation within their corre-
sponding cluster, that they were differentially expressed, and
that there were previous reports relating them with relevant im-
mune properties. For instance, from cluster 1, we chose IRF4
and C1QB, which are important for normal DC differentiation
from MOs (Teh et al., 2011; Murphy et al., 2016), and from cluster
2, CD14 and DPF3 were selected for being specific markers of
TolDCs and being involved in DC chemotaxis, respectively (Liu
etal., 2019; Torres-Aguilar et al., 2010). Bisulfite pyrosequencing
of these genes showed a high concordance (r = 0.978; p < 2.2 X
10~ '%) with the data obtained from the EPIC arrays (Figure 2C).
DC-specific (cluster 1) genes, such as IRF4 and C1QB, were up-
regulated in DCs in parallel with their specific DNA demethylation
(Figure 2D). Similarly, for TolIDC-specific (cluster 2) genes, such
as CD14 and DPF3, transcript upregulation occurred only in
TolDCs in parallel with their corresponding DNA demethylation
(Figure 2E). In agreement with previous reports, stimulus-
induced DNA demethylation occurred succeeding specific
gene expression changes (Pacis et al., 2019). In all, our results
suggested that vitamin D-driven DNA demethylation occurred
in association with upregulation of TolDC-specific genes.

To further characterize the mechanisms driving DNA demethy-
lation during MO-to-DC and MO-to-ToIDC differentiation, we
next investigated whether the demethylation was due to active
demethylation or replication-mediated passive demethylation.
Utilizing BrdU proliferation assay, no proliferation was observed
in DCs and TolDCs up to 6 days of differentiation (Figure S2A);
hence, all DNA demethylation events observed were driven by
active demethylation. In this regard, we and others have previ-
ously shown that loss of methylation in terminal differentiation
from MOs is accompanied by a transient increase in 5-hydroxy-
methylcytosine (5hmC) and involves the participation of TET2
methylcytosine dioxygenase (Garcia-Gomez et al., 2017; Klug
et al.,, 2013). We then determined the 5hmC levels of CpGs
that became demethylated during DC and TolDC differentiation
and observed that there was indeed a gain of 5hmC in these



Cell Reports

¢? CellPress

OPEN ACCESS

\ | | |
& 50-
8 : r=-05926 : I
o . p-value = 4.90e-14 = ¢
a o ® oo G -
e il 3 5
O 25- P . - 3 2
Qo N ¢ 3'UTR S =
e | e % 5 UTR 2, °©
e (,.oio gt 3 exon 2
D ® ee®e® % ~ . S |
S 0.0- Intergenic X
a0 ) o
- « intron
c o e S . <
k] 4 ‘w non-coding Z
2 o2 iy promoter-TSS % 4
g . o TTS =
£-25- ™ o (E
b g k)
< 17}
é N =]
. . . ' ' . . 2 o
E -06 -04 -02 00 02 04 06
Differential DNA methylation (TolDC - DC Y G G Y G G Y G Pl Y G Ol A
Y ( ) O 0Z5P70%e0% WO 020702607 WO 0260 02s0% WO 0250 0o
day1 day5 day1 day5 day 1 day1 day5
Qs
& ¢ r=-0.4108
o p-value = 4.57e-11 C » 100 Cell Type
o pl > r=0.9782 «» DC
I ala 2 L MO
8 ] De 3'UTR S a TolDC
= - 3 L 075 L
2 “iﬁg g'Q’ gxg,;rR £ ¢ ] Gene
~ » o oo
o o ] 8. Intergenic S} 2 a » ALDH1A2
S g 0 : o L3 & » ALOX5
o « intron » -
3 . wea g ) w . » C10B
- & e =, non-coding 2 0.50 2 e - CCL26
S = [ promoter-TSS CD14
e o oo c o YA
g - o * %, s S S CD8o
£ K] we S lmE CIITA
£ PR o > . HIF1a-AS1
° ° g 0% -4 o IRF4
o . £ oifye o IRF8
g ° < e o PELP1
z o » RARRES1
E 06 -04 -02 00 02 04 06 8 o000 - RASF5
Differential DNA methylation (TolDC - DC) 0.00 0.25 0.50 0.75 1.00
DNA methylation by pyrosequecing
D E CD14 DPF3
c . c 100 w100 o . ™
S 3 S Ayt L T
5 B 3 Dl 5
> - > 75 % 75 k.2
= k= \ 2
° 0 ° ° 2 x
€3 ==} 3
< [ < g 50 ¢ 3 3 50
z g
=)
- %5 25 25 ~ 5 25 25
g X —DC 3 ¥ —DC
@ * 2 o
S < 30 — TolDC =2 - 600 T — TolDC
Zs 1.0 Zs SNt ¥
E® 20 E® 400
03 oo 50 .
25 z " . 25 T
EF 10| : 0 ook L 55 5] VL I 200
[i4 2 ¢ T © |\ - ]
0 Bt e 00 -.a/{~o ¥ 0] = P U PO ——
0 24 48 72 96 120144 0 24 48 72 96 120144 0 24 48 72 96 120144 0 24 48 72 96 120144
Time (h) Time (h)

Figure 2. Integration of gene expression with DNA methylation

(A) Scatter plot showing the correlation between DNA methylation differences and gene expression changes between DCs and TolDCs at 12 h (top) and day 5
(bottom) of differentiation. Only differentially methylated CpGs are represented. Dot color indicates gene-related associations.

(B) Box and violin plots summarizing the mRNA expression levels per cell type of genes annotated to CpGs from cluster 1 (top) and cluster 2 (bottom) divided by

chromatin state annotation of the associated CpG. Adjustment for multiple comparisons was performed with false discovery rate.
(C) Scatter plot showing the correlation between methylation array values and bisulfite pyrosequencing DNA methylation values (n = 4, two independent ex-

periments).

(D) DNA methylation (top) and mRNA expression (bottom) kinetics of two representative examples of cluster 1 genes. CpGs studied include cg10630015 (IRF4)
and ¢g04097715 (C1QB) (n = 3, one single experiment).
(E) DNA methylation (top) and mRNA expression (bottom) kinetics of two representative examples of cluster 2 genes (n = 3, two independent experiments). CpGs
studied include cg05620710 (CD14) and cg25205844 (DPF3).
Statistical tests: Pearson correlation (A) and unpaired two-tailed t test (B, D, and E) (*p < 0.05; **p < 0.01; ***p < 0.001; ***p < 0.0001).
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CpGs (Figure S2B). Finally, utilizing publicly available DNase-
sequencing (seq) datasets from MOs (Feingold et al., 2004), we
observed that more than 75% of cluster 2 CpGs corresponded
to closed chromatin in MOs (Figure S2C), which reinforced the
hypothesis that DNA demethylation was mediated by an active
event. Altogether, our results suggested that specific active
DNA demethylation following vitamin D exposure is mediated
through methylcytosine dioxygenase activity, most likely associ-
ated with TET2.

VDR binding is associated with DNA demethylation and
active chromatin during MO-to-TolDC differentiation
In concordance with previous work (Jakob et al., 1992), we
observed that exposure to vitamin D during DC differentiation
increased the nuclear levels of VDR (Figure S1D). Hence, it is plau-
sible that liganded VDR plays a direct role in driving DNA demethy-
lation following vitamin D exposure during TolDC differentiation.
Hence, we performed chromatin immunoprecipitation (ChIP)-
seq analysis of VDR in DCs and TolDCs. First, we observed that
exposure to vitamin D during TolDC differentiation led to a sharp
increase in overall VDR genomic binding (Figures 3A and 3B).
Interestingly, motif discovery analysis revealed promiscuity of
VDR with respect to its genomic binding preferences, with only
37% of regions having the canonical VDR binding motif (Fig-
ure 3C), which suggests the cooperation of VDR with other TFs
during TolDC differentiation. Second, functional annotation of
VDR-bound genes revealed enrichment of immune- and
signaling-related categories, such as myeloid and granulocyte
activations and cytokine receptor activity (Figure 3D). In fact,
several genes previously described to be related to the tolero-
genic properties of ToIDCs, such as IL10, ANXA1, and CD163
(Navarro-Barriuso et al., 2018), are direct targets of VDR (Table
S2). Third, global inspection of VDR genomic occupancy
showed that VDR preferentially binds to promoters and introns
in comparison with background (Figure 3E, left). We also
observed enrichment of VDR binding in CpG islands, shores,
and shelves, which was compatible with the enrichment noted
in promoters (Figure 3E, right). Annotation of VDR peaks in rela-
tion to previously published data of DC chromatin states (Pacis
et al., 2015) showed the preference of VDR for binding regions
that correspond to promoters and enhancers in DCs (Figure 3F).
To further characterize the relationship between VDR and DNA
methylation, we overlapped our generated DNA methylation
data with VDR ChIP-seq data and observed a specific enrich-
ment of VDR binding in TolIDCs to CpGs that became demethy-
lated in TolDCs (cluster 2), and this was not observed for the
other clusters (Figures 4A, 4B, and S3A). In fact, we observed
that over 40% of CpG sites in cluster 2 had significant VDR bind-
ing (Figure 4C). For instance, cluster 2 CpGs mapped to genes,
such as GAB2 and HIF1A, situated within the binding peaks of
VDR in TolDCs (Figure 4D) and located in closed chromatin re-
gions in MOs (Figure S3B). These genes are of particular interest
because GAB2 has been implicated in phosphatidylinositol 3-ki-
nase (PI3K) pathway activation (Pratt et al., 2000), a pathway
implicated in DC tolerogenesis (Ferreira et al., 2015). Further-
more, hypoxia-inducible factor 1-alpha (HIF1A) is a key factor
for the tolerogenic properties of myeloid-derived suppressor
cells (MDSCs) in the tumor microenvironment (Corzo et al,
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2010). The dynamics of DNA methylation and gene expression
of these two genes confirmed specific DNA demethylation in
TolDC, and differential gene expression changes in relation to
DCs (Figures 4E and 4F).

As indicated in the introduction, TET-mediated demethylation
is associated with histone modifications, such as H3K4me3 (De-
plus et al., 2013) and H3K27me3 (Ichiyama et al., 2015). Hence,
we speculated that changes in DNA methylation were accompa-
nied by changes in histone modifications, and their dynamics
might be associated with VDR recruitment following vitamin D
exposure. Therefore, we performed ChIP-gPRC of VDR together
with these activating (H3K4me3) and repressive (H3K27me3)
histone modifications. We also added an antibody against H3
acetylation (H3ac), characteristic of active chromatin. To
discriminate between the effects of a tolerogenic phenotype ac-
quired through a 6-day differentiation and the effects directly
caused by the presence of vitamin D in the medium, we per-
formed ChlPs in MOs, DCs, TolDCs, and also DCs treated with
vitamin D for 30 min (DC + vitD). First, we observed a significant
increase in VDR binding (Figure 4G) in DCs treated with vitamin D
and in TolDCs. Second, in the aforementioned cluster 2 genes
GAB2 and HIF1A, we only observed a significant increase, asso-
ciated with VDR binding, for H3ac (Figure 4G). This finding was
extendable to other cluster 2 genes, such as HOPX, IL6, INHBA,
and LYRM1 (Figure S3C).

Hence, altogether, our data suggested the coordination be-
tween VDR binding, specific DNA demethylation, changes in
histone H3 acetylation, and gene expression upregulation in
TolDC differentiation.

Differentiation to DCs in the presence of vitamin D
associates with activation of IL-6-JAK-STATS3 signaling
pathway, and both VDR and STATS3 interact with TET2
Vitamin D, through its receptor VDR, induces changes in cyto-
kine production and a profound metabolic reprogramming in
human DC (Ferreira et al., 2015). For this reason, we hypothe-
sized that autocrine/paracrine activation of secondary
signaling pathways during differentiation could lead to the acti-
vation of a set of TFs downstream to VDR that could be relevant
to TolDC differentiation. To explore this possibility, we adapted
a tool initially designed to explore intercellular communication
in bulk and single-cell expression data to test autocrine/para-
crine signal activation (Browaeys et al., 2020). Note that our
differentiation model does not allow to distinguish between au-
tocrine or paracrine activation. With this approach, and using
genes associated with both demethylation clusters with signif-
icant expression differences (fold-change <0.5 or >2, and
adjusted p < 0.05) as input, we inferred potential ligands that
may regulate these processes (Figure 5A). One of the most
interesting ligands due to its role in immune suppression in
the context of tumorigenesis is IL-6 (Park et al., 2017). In fact,
the IL6 gene is significantly overexpressed in ToIDCs compared
with DCs (Figure 5B), and its target genes were also observed
to be overexpressed in TolDCs (Figure 5C).

We then performed gene set enrichment analysis (GSEA) of
differentially expressed genes between DCs and TolDCs and
visualized that genes differentially overexpressed in TolDCs
were enriched in IL-6-JAK-STAT3 signaling pathway (Figure 5D).
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Figure 3. Genomic occupancy of vitamin D receptor (ChIP-seq, n = 2, one experiment)

(A) Heatmaps showing signal intensity of vitamin D receptor (VDR) ChIP-seq at + 2.5 Kbp window of significant VDR peaks in MO, DCs and TolDCs (g value < 0.01
and irreproducible discovery rate [IDR] < 0.05).

(B) Composite plots of VDR ChIP-seq distribution +2.5 Kbp around CpGs in MO (gray), DCs (red), and TolDCs (green) for significant VDR peaks. The statistics
were computed by comparing the intensity averages of the entire window.

(C) Motif discovery analysis using HOMER software showing g values and the percentage of test and background regions with each motif.

(D) Results of gene set enrichment analysis using GREAT software. The plot depicts the top enriched terms for biological processes (green), molecular function
(orange), and cellular component (purple) categories, based on adjusted p values from the binomial distribution.

(E) Location proportions of VDR peaks in the context of CpG islands (CGils) (right) and gene-related regions (left).

(F) Bubble chart depicting the enrichment (red) or depletion (blue) of VDR peaks in the chromatin states of dendritic cells (Pacis et al., 2015). The circle filling
represents the logarithm of the ratio between the percentage of VDR peaks with the feature and the percentage of the feature within the background. Circle size
indicates the percentage of VDR peaks in the chromatin state, and the circle edge indicates the statistical significance of the enrichment (black: significant; no
edge: not significant; g value < 0.01).

Statistical tests: two-tailed t test (A and B), cumulative binomial distribution (C and D), and two-tailed Fisher’s exact test (E and F) (*p < 0.05; **p < 0.01; **p <
0.001; ****p < 0.0001).

In fact, VDR binds in several regions upstream of the IL6 gene  compared with DCs (Figure 5B). Additionally, significant DNA de-
TSS, suggesting that VDR directly regulates its expression (Fig- methylation was observed in 2 CpG sites of the promoter region
ure 5E). Furthermore, we detected an increase in IL-6 production  of IL6 in ToIDCs, and this was coupled with a gain in 5hmC (Fig-
and release into the medium in TolDCs (Figure S4A), which was  ures S4B and S4C), which suggested the involvement of TET2 in
concordant with an upregulation of its gene expression its regulation.
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Figure 4. Binding of vitamin D receptor correlates with TolDC-specific DNA demethylation (ChIP-seq, n = 2, one single experiment; DNA
methylation, n = 4, two independent experiments)

(A) Heatmaps showing signal intensity of vitamin D receptor (VDR) ChIP-seq at + 2.5 Kbp window from CpGs of cluster 1 (top) and cluster 2 (bottom) in MO, DCs,
and TolDCs.

(B) Composite plots of VDR ChIP-seq distribution +2.5 Kbp around CpGs from cluster 1 (top) and cluster 2 (bottom) in MO (gray), DC (red), and ToIDC (green).
Smooth represents the Cls.

(legend continued on next page)
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Remarkably, when we blocked IL-6 with an anti-IL-6 antibody
during TolDC differentiation, we observed the production of
decreased levels of IL-10 (Figure S4D), which is involved in tol-
erogenesis (Morante-Palacios et al., 2021). This result is
consistent with recent findings in T helper type 1 (Th1) cells
(Chauss et al., 2022). However, blocking IL-6 during TolDC
differentiation did not result in a reduced ability of TolDCs to
suppress CD8* T cell proliferation (Figure S4E). In contrast, in
proliferation assays performed with TolDCs in the presence of
anti-IL-6 antibody, we found slightly reduced suppression (Fig-
ure S4E). These results suggest that IL-6 is a contributor to the
ability to suppress CD8" T cell proliferation by TolDCs but not
critical to the acquisition of such properties during TolDC
differentiation.

In parallel, we utilized DoRothEA (discriminant regulon expres-
sion analysis), a manually curated human regulon for estimating
single-sample TF activities through the expression of their target
genes (Garcia-Alonso et al., 2019) to analyze TF activities of
several STATs in genes differentially expressed in TolDCs
compared with DCs, and observed a specific increase in
STATS activity that was not observed for other members of the
STAT family, at 5 days of differentiation (Figure 5F). Furthermore,
we observed a marked increase in phosphorylation of STAT3 in
TolDCs compared with DCs, which was not observed for STAT5
(Figures 5G and S4E). Although a statistically significant increase
in phosphorylation was observed for STAT1, this increase was
not to the same extent as STAT3 and may be due to indirect acti-
vation, as previously described (Haan et al., 2005) (Figures 5G
and S4F). Thus, our results suggested that vitamin D played a
role in STAT3 activation.

To explore the possibility that the observed interplay between
VDR and STATS involves a physical interaction, we performed
co-immunoprecipitation experiments in TolDCs. Our analysis re-
vealed a specific interaction between VDR and phosphorylated
(p)-STAT3 in TolDCs (Figure 5H). We also observed that both
VDR and p-STATS interacted with TET2 (Figure 5l), which sug-
gests that these two TFs play a role in the targeting of TET2-
mediated demethylation to their cognate sites.

Inhibition of JAK2-mediated STAT3 activation affects
the acquisition of vitamin D-dependent tolerogenesis
We investigated the consequences of inhibiting the JAK2-
STAT3 pathway by using TG101348, a pharmacological
inhibitor of JAK2 (Lasho et al., 2008), during DC and vitamin
D-dependent TolDC differentiation. Following TG101348 treat-
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ment, we confirmed the inhibition of STAT3 phosphorylation by
western blot (Figure 6A). Given that TG101348 is an inhibitor of
JAK2, and therefore can affect upstream signaling of STAT1,
STAT3, and STAT5, we checked their phosphorylation and
observed that the partial inhibition of p-STAT5 and p-STAT1
did not reach statistical significance in TolDCs, unlike
p-STATS3 (Figures S5A and S5B). TG101348 treatment also re-
sulted in a sharp decrease in the production of IL-10 (Figure 6B),
an archetypical anti-inflammatory cytokine that is also a bona
fide target for STAT3 (Schaefer et al., 2009; Ziegler-Heitbrock
et al., 2003). In fact, IL-10 secretion by TolDCs is a contributor
to the suppression of CD8"* T cell proliferation that is halted
when adding anti-IL-10 to proliferation assays (Figure S4E).
We also tested the effects of JAK2 inhibition on surface markers
and observed that JAK2 inhibition resulted in an increase of
CD14 and CD86 protein levels and downregulation of CD1a
and CD11b (Figure 6C). In parallel, we investigated the effects
of JAK2 inhibition on the DNA methylation and expression
levels of TolDC-specific demethylated genes. We did not
observe any clear reversion of DNA demethylation (Figure 6D),
but we did note alterations at the transcriptional level (Fig-
ure 6E). Changes were observed not only in cluster 2 genes
(TolDC-specific), such as CD14 and DPF3, but also in those
of cluster 1, such as IRF4 and RASF5 (Figure 6E). These are
likely to be the result of the partial inhibition of phosphorylation
of STAT1 and STAT5, which might also be involved in activating
these and other DC and TolDC genes.

Most importantly, JAK2 inhibition by TG101348 treatment dur-
ing differentiation resulted in the loss of the ability to suppress
CD8" T cell proliferation of DC differentiated in the presence of
vitamin D. This reinforces the idea that the activities of VDR
and the JAK2-STAT3 pathway coordinate the acquisition of tol-
erogenic properties of DCs in the presence of vitamin D
(Figure 6F).

DISCUSSION

In this study, we demonstrate that vitamin D is able to induce tol-
erogenesis in DCs through a mechanism that involves VDR-spe-
cific demethylation and activation of key immune genes in a
manner that is coordinated with JAK2-mediated STAT3 activa-
tion. VDR not only is able to orchestrate a direct response on
key immune targets but also associates with activation of the
IL-6-JAK-STAT signaling pathway. We also prove the recruit-
ment of TET2 and p-STAT3 by VDR, associated with the

(C) Bubble plot representation of significant VDR binding enrichment in each cluster of CpGs. Dots are colored according to their enrichment value, defined as the
logarithm of the ratio between the percentage of CpGs with VDR peak within the cluster and the percentage of CpGs with the VDR peak within the background.
Bubble size corresponds to the percentage of CpGs in each cluster overlapping with significant VDR peaks. The presence of a black border indicates significant
enrichment (q value < 0.01).

(D) VDR ChliP-seq signal profiles in the vicinity of the representative genes of CpGs from cluster 2. VDR signals are colored by cell type. At the bottom, the
significant VDR binding sites are shown in green and CpG position in red.

(E) DNA methylation kinetics of two representative CpGs annotated to GAB2 (cg25310867) and HIF1A (cg14914214) in DCs and TolDCs (n = 3, one experiment).
(F) Gene expression kinetics of GAB2 and HIF1a in DCs and TolDCs (n = 3, one experiment).

(G) Bar plot representation of ChIP-qPCR results for VDR binding and three histone modifications (H3ac, H3K27me3, and H3K4me4) in the vicinity of VDR peaks
close to GAB2 and HIF1A gene sequences (n = 3, one experiment). This analysis was performed in MOs, DCs, and TolDCs and DC + vitD. DC + vitD involves
adding vitamin D for 30 min at the end of a 6-day differentiation to DCs. Immunoprecipitation with IgG was used as control. The location of the ChlIP primers, the
CpG site and the VDR peaks are indicated.

Statistical tests: two-tailed Fisher’s exact test (C) and unpaired two-tailed t test (E, F, and G) (*p < 0.05; **p < 0.01; **p < 0.001).
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Figure 5. Vitamin D-dependent autocrine/paracrine activation of the IL-6-JAK2-STAT3 pathway

(A) Heatmap showing ligand activity prediction based on the Pearson correlation with its target genes.

(B) Heatmap displaying average gene expression of ligands for DCs and TolDCs on day 5.

(C) Heatmap showing the regulatory potential of each ligand on the target genes based on nichenetr package database (upper panel) and the expression levels of
these target genes in each sample (lower panel).

(legend continued on next page)
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demethylation and activation of target genes. The essential role
of the JAK2-STATS3 pathway in the acquisition of tolerogenesis is
demonstrated by the functional impact of the pharmacological
inhibition of this pathway.

Our results show the direct role of VDR in guiding TET-medi-
ated DNA demethylation to specific genomic sites during TolIDC
differentiation. We have shown that, in the presence of vitamin D,
VDR levels are increased in the nucleus and that interaction with
p-STAT3 and TET2 occurs, thereby promoting TolDC-specific
demethylation. A recurrent question in the DNA methylation field
is whether DNA methylation is causally involved in shaping gene
expression profiles or if it passively reflects transcriptional states
(Schubeler, 2015). Our own data support both possibilities, and
some DNA methylation changes appear to be more likely to
occur after a change in expression than others (Pacis et al.,
2019). In our study, we present evidence that TET-mediated de-
methylation acts as a mechanism facilitating subsequent partic-
ipation of other TFs, in this case STAT3. In fact, the absence of
interference with DNA demethylation, while activation is
impeded following pharmacological inhibition of STAT3 phos-
phorylation, suggests that VDR-dependent demethylation is
necessary and precedes STAT3-mediated gene activation.
This proposed mechanism was consistent with the alterations
in TF activity reported in TET2 knockout mice (Rasmussen
et al., 2019). TET2-associated functions may ensure the binding
of some TFs, thereby contributing to enhancer-dependent activ-
ity and gene expression.

Our study identifies a crucial role for the JAK2-STAT3 pathway
in the acquisition of tolerogenesis in innate immunity. The
involvement of STAT3 is also relevant in the context of MDSCs,
which are also characterized by their tolerogenic properties
(Corzo et al., 2009; Kumar et al., 2016). We show that the phar-
macological impairment of STAT3 phosphorylation, by inhibiting
JAK2, directly results in the loss of the tolerogenic properties of
TolDCs, which facilitate T-cell proliferation, demonstrating the
essential role of this pathway for the tolerogenic phenotype.
Our results raise the possibility that tolerogenic properties can
be reverted, not only in the context of vitamin D but also in others.
These findings could be clinically relevant both in the context of
pathological situations where tolerogenic properties are not
desired, like in the tumor microenvironment or in metastatic pro-
cesses (reviewed in DeVito et al., 2019), as well as in those where
they are intentionally pursued (reviewed in Cauwels and Taver-
nier, 2020), including their therapeutic use in the treatment of in-
flammatory conditions, such as rheumatoid arthritis and multiple
sclerosis (Morante-Palacios et al., 2021).
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Limitations of the study

One of the limitations of our current study is that we have not fully
explored the impact of the VDR and the IL-6-JAK-STAT3 pathway
in vivo, in patients treated or supplemented with vitamin D. It
would have also been relevant to analyze the direct impact of
STATS in the epigenetic remodeling in TolDCs, by analyzing their
binding sites and associated expression changes. This partly
limits our conclusions on the extent and relevance of STAT3 in
determining the acquisition of the tolerogenic phenotype.
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and include the following:
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(D) Gene set enrichment analysis of differentially expressed genes (fold-change < 0.5 or >2 and g-value < 0.05) at 12 h (red) and 120 h (blue). Results for the IL-6-
JAK-STAT signaling pathway are shown.

(E) VDR ChlIP-seq signal profiles in the vicinity of the IL6 gene. VDR signals are colored by cell type. The significant VDR binding sites are shown below in green.
(F) Bubble chart depicting the TF activity predicted from mRNA expression of target genes with DoRothEA v2.0. The circle filling represents the normalized
enrichment score (NES) (blue: more activity in DCs; red: more activity in TolIDCs). Bubble size corresponds to the logarithm of adjusted p values.

(G) Representative western blot assays showing the phosphorylated and total protein levels of STAT1, STAT3, and STAT5 on day 3 of differentiation of DCs and
TolDCs (n = 4, two independent experiments).

(H) Representative western blots showing the results of co-immunoprecipitation assays performed in MOs differentiated to DC and TolDC for 3 days. Protein
extracts were immunoprecipitated using anti-VDR or anti-p-STAT3 antibodies (n = 3, two independent experiments).

(I) Representative western blots showing the results of co-immunoprecipitation assays performed in MOs differentiated to TolDC for 3 days (n = 3, two inde-
pendent experiments). Protein extracts were immunoprecipitated using anti-TET2 antibodies.

In both (H and 1), IgG was used as a negative control and total protein extract was used as input.
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Figure 6. Inhibition of STAT3 phosphorylation reverts immunosuppressive properties of vitamin D exposed dendritic cells
(A) Representative western blot assays showing the effects of STAT3 at the protein phosphorylation level after pharmacological inhibition of JAK2 with TG101348

(n = 3, two experiments).

(B) Bar plot representation of the effect of JAK2 inhibition with TG101348 on IL-10 released by DCs and TolDCs (n = 4, two independent experiments). Protein

levels were measured by ELISA.

(C) Bar plots showing the impact of JAK2 inhibition with TG101348 on membrane receptor expression (n = 6, two independent experiments). Protein levels were

measured with flow cytometry.

(D) Dot plot representation of bisulfite pyrosequencing results of four example CpGs, two from cluster 1 (CD14 and DPF3) and two from cluster 2 (C1QB and
RASF5), displaying the consequence of JAK2 inhibition with TG101348 in DCs and TolDCs (n = 3, two independent experiments).

(E) Dot plot showing mRNA expression of four example genes from cluster 1 and cluster 2 as measured by RT-qPCR, showing the effect of JAK2 inhibition with
TG101348 in DCs and TolDCs (n = 4, two independent experiments). Expression was relativized with respect to RPL38 gene expression.

(F) Representative example and dot plot showing the effect on CD8* cell proliferation of DCs and TolDC generated from MO in presence or absence of TG101348

(n = 5, two independent experiments).

Statistical tests: two-tailed Wilcoxon rank-sum test (B-F) (*p < 0.05; **p < 0.01; **p < 0.001; ****p < 0.0001).
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies

Fc Block reagent, human antibody

Anti-human CD14, FITC conjugated (clone TUK4)
Anti-human CD80, PE conjugated (clone 2D10)
Anti-human CD86, APC conjugated (clone FM95)
Anti-human CD11b, APC conjugated (clone ICRF44)
Anti-human CD1a, PE conjugated (clone HI149)

Miltenyi Biotec
Miltenyi Biotec
Miltenyi Biotec
Miltenyi Biotec
BioLegend
BioLegend

Anti-human HLA-DR, Pe-Cyanine7 conjugated (clone LN3)Thermo Fisher Scientific

LIVE/DEAD™ Fixable Violet Dead Cell Stain Kit
Anti-acetyl-Histone H3 Antibody
Anti-trimethyl-Histone H3 (Lys27) Antibody
Anti-Trimethyl-Histone H3 (Lys4)

Rat IgG1 kappa Isotype Control (clone eBRG1)
IL-10 Monoclonal Antibody (clone JES3-9D7)
IL-6 Monoclonal Antibody (clone MQ2-13A5)
Vitamin D receptor

Anti-TET2 antibodody

Anti-Pstat3 [Y705], (clone 4/P-STAT3)
Anti-STATS3, (clone 79D7)

Anti-pSTAT1 [Y701], (clone 58D6)

Anti-STAT1, (clone 42H3)

Anti-pSTATS5 [Y694], (clone 47)

Anti-STATS beta, (clone ST5b-10G1)
Anti-Lamin B1

Anti-alpha-Tubulin, (clone DM1A)

Normal Rabbit IgG Antibody

Normal Mouse IgG Antibody

Thermo Fisher Scientific
Millipore

Millipore

Millipore

Thermo Fisher Scientific
Thermo Fisher Scientific
Thermo Fisher Scientific
Cell Signaling Technology
Abcam

Fluidigm

Cell Signaling Technology
Cell Signaling Technology
Cell Signaling Technology
Fluidigm

Thermo Fisher Scientific
Abcam

Sigma-Aldrich

Millipore

Millipore

Cat# 130-059-901; RRID: AB_2892112
Cat# 130-080-701;RRID: AB_244303
Cat# 130-097-202; RRID: AB_2659259
Cat# 130-113-569; RRID: AB_2726174
Cat# 301310; RRID: AB_314162

Cat# 300106; RRID: AB_314020

Cat# 25-9956-42; RRID: AB_1582284
Cat# 1L.34964

Cat# 06-599; RRID: AB_2115283

Cat# 07-449; RRID: AB_310624

Cat# 17-614; RRID: AB_11212770
Cat# 16-4301-85; RRID: AB_470154
Cat# 16-7108-85; RRID: AB_469229
Cat# 16-7069-85; RRID: AB_469219
Cat# 12550; RRID: AB_2637002

Cat# ab124297; RRID: AB_2722695
Cat# 3158005A; RRID: AB_2811100
Cat# 4904; RRID: AB_331269

Cat# 9167; RRID: AB_561284

Cat# 9175; RRID: AB_2197984

Cat# 3150005A; RRID: AB_2744690
Cat# 13-5300; RRID: AB_2533021
Cat# ab16048; RRID: AB_443298
Cat# T6199; RRID: AB_477583

Cat# 12-370; RRID: AB_145841

Cat# 12-371; RRID: AB_145840

Biological samples

Buffy Coats

Catalan Blood and Tissue Bank (CBTB)Cat# BB014

Chemicals, peptides, and recombinant proteins

Recombinant Human IL-4
Recombinant Human GM-CSF
1a,25-Dihydroxyvitamin D3

TG101348, JAK/STAT pathway inhibitor
Potassium perruthenate (VII) (KRuO4)
Triton™ X-100

Benzonase® Nuclease

DMP (Dimethyl Pimelimidate)

Peprotech

Peprotech
Sigma-Aldrich
STEMCELL

Thermo Fisher Scientific
Sigma-Aldrich
Sigma-Aldrich

Thermo Fisher Scientific

Cat# 200-04; GenPept: P05112
Ca# 300-03; GenPept: P04141
Cat# D1530; CAS: 32222-06-3
Cat# 73472; CAS: 936091-26-8
Cat# 11877; CAS: 10378-50-4
Cat# T8787; CAS: 9036-19-5
Cat# E1014; CAS: 9025-65-4
Cat# 21666; CAS: 58537-94-3

Critical commercial assays

MACS CD14 Microbeads

CD1c (BDCA-1)+ Dendritic Cell Isolation Kit
Dynabeads™ Untouched™ Human CD8 T Cells Kit
Cell Trace CFSE
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Miltenyi Biotec
Miltenyi Biotec
Thermo Fisher Scientific
Thermo Fisher Scientific

Cat# 130-050-201
Cat# 130-119-475
Cat# 11348D
Cat# C34554
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

APC BrdU Flow Kit BD Pharmingen Cat# 552598
ELISA MAXTM Deluxe Set Human IL-10 BioLegend Cat# 430604
Access IL-6 reagent kit Beckman-Coulter Cat# A16369
Maxwell RSC Cultured Cells DNA Kit Promega Cat# AS1620
Maxwell RSC simplyRNA cells Kit Promega Cat# AS1390

EZ DNA Methylation-Gold Kit Zymo Research Cat# D5005
PyroMark Q48 Advanced CpG Reagents Qiagen Cat# 974022
Transcriptor First Strand cDNA Synthesis Kit Roche Cat# 04897030001
IMMOLASE DNA polymerase Kit Bioline Cati# BIO-21047
LightCycler® 480 SYBR Green | Master Roche Cat# 0487352001
Infinium MethylationEPIC BeadChip lllumina Cat# 20042130
iDeal ChlIP-seq kit for Transcription Factors Diagenode Cat# C01010055
Magna ChIP™ Protein A+G Magnetic Beads Sigma-Aldrich Cat# 16-663
cOmplete™, EDTA-free Protease Inhibitor Cocktail Sigma-Aldrich Cat# 11873580001
PureProteome™ Protein G Magnetic Bead System Sigma-Aldrich Cat# LSKMAGG02
Micro Bio-Spin® P-6 SSC columns Bio-Rad Cat# 7326200
Deposited data

DNA methylation profile of in vitro generated DC This paper GSE145483

and TolDC

VDR ChIP-Seq This paper GSE145584
Oligonucleotides

Primers for bisulphite pyrosequencing, RT-qgPCR and This paper N/A

ChIP-gPCR, see Table S2

Software and algorithms

PyroMark Assay Design 2.0 software Qiagen Cat# 9019079
Pyromark Q48 Autoprep software Qiagen Cat# 9024325

Minfi (R package)

RnBeads (R package)

Limma (R package)

Bowtie2 Aligner v2.2.6

MarkDuplicates software v1.126
Sequence Alignment/Map (SAMtools) v1.2

bamCoverage function (deepTools (v2.0))

HOMER Motif Analysis
GREAT (version 3.0.0.)
EpiAnnotator (R package)
fgsea (R package)

tSNE
sva (R package)

DoRothEA (R package)

Nichenetr (R package)

Aryee et al., 2014

Assenov et al. (2014)

Ritchie et al. (2015)

Langmead and Salzberg, 2012

Broad institute
Li et al. (2009)

Ramirez et al. (2014)

Heinz et al. (2010)
McLean et al. (2010)
Pageaud et al. (2018)
Korotkevich et al. (2019)

van der Maaten, 2014
(Leek et al., 2021)

Garcia-Alonso et al. (2019)

Browaeys et al. (2020)

https://www.bioconductor.org/packages/
release/bioc/html/minfi.html

https://bioconductor.org/packages/
release/bioc/html/RnBeads.html

https://bioconductor.org/packages/
release/bioc/html/limma.html

http://bowtie-bio.sourceforge.net/
bowtie2/index.shtml

https://broadinstitute.github.io/picard/

https://doi.org/10.1093/bioinformatics/
btp352

https://deeptools.readthedocs.io/en/
2.1.0/content/tools/bamCoverage.html

http://homer.ucsd.edu/homer/motif/
http://great.stanford.edu/public/html
http://epigenomics.dkfz.de/EpiAnnotator/

http://bioconductor.org/packages/release/
bioc/html/fgsea.html

https://github.com/lvdmaaten/bhtsne/

https://bioconductor.org/packages/release/
bioc/html/sva.html

https://bioconductor.org/packages/release/
data/experiment/html/dorothea.html

https://github.com/saeyslab/nichenetr
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to the lead contact, Esteban Ballestar (eballestar@
carrerasresearch.org).

Materials availability
This study did not generate new unique reagents.

Data and code availability

o DNA methylation and ChlIP-seq data for this publication have been deposited in the NCBI Gene Expression Omnibus and are
accessible through GEO Series accession numbers GSE145483 and GSE145584.

® This paper does not report original code.

® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Differentiation of TolDCs and DCs from peripheral blood monocytes

For in vitro differentiation experiments, we obtained buffy coats from anonymous donors through the Catalan Blood and Tissue Bank
(CBTB). The CBTB follows the principles of the World Medical Association (WMA) Declaration of Helsinki. The Committee for Human
Subjects of Bellvitge Hospital approved the study (PR275/17). Given the anonymous nature of the volunteers, no information about
the gender and age was provided by the CBTB. Before providing the first blood sample, all donors received detailed oral and written
information, and signed a consent form at the CBTB. Peripheral blood mononuclear cells (PBMCs) were isolated by Ficoll-Paque
gradient centrifugation. MOs were isolated from PBMCs using positive selection with MACS CD14 microbeads (Miltenyi Biotec).
Cells were resuspended in RPMI Medium 1640 + GlutaMAXTM-1 (Gibco, Life Technologies) containing 10% fetal bovine serum,
100 units/mL penicillin, and 100 ng/mL streptomycin. For TolDC differentiation, the medium was supplemented with 10 ng/mL human
IL-4, 10 ng/mL GM-CSF (PeproTech), and 10 nM of vitamin D3 or calcitriol (Sigma Aldrich). For DCs, the medium did not contain
vitamin D. Anti-IL-6 1 pg/mL (Invitrogen) and rat I1gG isotype 1 pg/mL (eBioscience) was added during differentiation process
when required. In some cases, specified in the text, vitamin D3 was added for 30 min following differentiation to DCs (DC + vitD).
In other experiments, differentiation was performed in the presence of a JAK2 inhibitor (TG101348, STEMCELL) at 500 nM.

Isolation and culture of peripheral blood DCs

For the validation of our differentiation model, peripheral blood CD1c + DCs were isolated and cultured for three days with or without
100 nM vitamin D (Sigma Aldrich). These samples were also obtained from anonymous donors through the Catalan Blood and Tissue
Bank (CBTB). The CBTB follows the principles of the World Medical Association (WMA) Declaration of Helsinki. The Committee for
Human Subjects of Bellvitge Hospital approved the study (PR275/17). Given the anonymous nature of the volunteers, no information
about the gender and age was provided by the CBTB. Before providing the first blood sample, all donors received detailed oral and
written information, and signed a consent form at the CBTB. For this, PBMCs were isolated by Ficoll-Paque gradient centrifugation
followed by a CD1c + DCs purification with CD1c (BDCA-1)+. Dendritic Cell Isolation Kit (Miltenyi Biotec) according to manufacturer
instructions. Obtained cells were cultured at a concentration of 10° cells/mL in RPMI Medium 1640 + GlutaMAXTM-1 (Gibco, Life
Technologies) containing 10% fetal bovine serum and 100 units/mL penicillin with or without vitamin D.

METHOD DETAILS

CD8" cell proliferation assay

Allogenic CD8" T-cells isolated using negative selection with the human CD8 T Cells Kit (Invitrogen) were labeled with carboxyfluor-
escein succinimidyl ester (CFSE) and seeded in 96-well plates at 200,000 cells/well, with ToIDCs or DCs at different ratios (TolDC/
DC:CD8+ T-cell ratios: 1:2, 1:4, and 1:6). CD8* cells were then stimulated with anti-CD3/CD28 Dynabeads 5 puL/mL (Invitrogen) and
cultured for 5 days. Anti-IL-6 1 ug/mL (Invitrogen), anti-IL-10 1 pg/mL (eBioscience) and rat IgG isotype 1 ung/mL (eBioscience) was
added during co-culture process when required. CD8" T-cell proliferation was analyzed by FACS and determined by considering the
proliferating CD8" T-cells those where CFSE staining had decreased compared to unstimulated CD8* T-cells.

BrdU proliferation assay

MOs were differentiated to DCs and TolDCs as described above and BrdU (APC BrdU Flow kit, BD Pharmingen) pulses were added
to a final concentration of 10 uM at days 2 and 4. On days 3, 4 and 5 cells were harvested and 10° cells were prepared for flow cy-
tometry as described by the manufacturer. In brief, cells were fixed for 30 minutes on ice, permeabilized for 5 minutes on ice and
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treated with DNAse for 1 h at 37°C to expose incorporated BrdU. Cells were then stained with fluorescent anti-BrdU antibody for
20 minutes at room temperature and analyzed in a BD FACSCanto-Il flow cytometer. The HAFTL pre-B cell line was used as control
for proliferation.

Flow cytometry

For the study of surface cell markers, cells were harvested after differentiation culture and washed once with PBS. Cell staining was
performed in a staining buffer (PBS with 4% fetal bovine serum and 0.4% EDTA) after blocking for non-specific binding with Fc block
(BD Pharmingen) for 5 minutes on ice. Cells were stained for 20 minutes on ice. Antibodies used included: CD14-FITC, CD80-PE,
CD86-APC (Miltenyi biotec), CD11b-APC, CD1a-PE (Biolegend), HLA-DR-PeCy7 (eBioscience). Cells were also stained with the
viability dye LIVE/DEAD™ Fixable Violet (Invitrogen) according to manuacturer’s conditions. After staining, cells were fixed with
PBS + 4% paraformaldehyde and analyzed in a BD FACSCanto-ll flow cytometer in the following 48 h.

Cytokine measurements

For in vitro experiments, the concentration of IL-10 cytokine was measured from the cell culture supernatants using an enzyme-linked
immunosorbent assay (ELISA), according to the manufacturer’s instructions (BioLegend, San Diego, CA, USA). The concentration of
IL-6 was measured with Beckman DXI Immunoassay analyzer using the access IL-6 reagent kit (Beckman Coulter) following the man-
ufacturer’s instructions.

Genomic DNA and total RNA extraction
DNA was extracted with a Maxwell RSC Cultured Cells DNA kit (Promega) following manufacturer’s instructions. Similarly, total RNA
was extracted with Maxwell RSC simplyRNA cells kit (Promega) following manufacturer’s instructions.

Bisulfite (BS) and oxidative-bisulfite (0xBS) pyrosequencing

500 ng of genomic DNA was BS-converted with an EZ DNA Methylation-Gold kit (Zymo Research), following the manufacturer’s in-
structions. The oxBS samples were purified via buffer exchange with Micro Bio-Spin® P-6 SSC columns (Bio-Rad Laboratories, Inc.,
USA) and eluted in ~22 puL MilliQ-water. After DNA denaturation with 1.25 uL. NaOH (1M) for 30 min in a shaking incubator at 37°C,
DNA was oxidized with 2 uL. KRuO4 (15 mM) (Alfa Aesar, Germany) for 60 min in an ice-water bath (vortexing the reaction twice) and
centrifuged at 16000 g for 15 min. Finally, oxidized DNA were BS converted using the EZ DNA Methylation™ kit (Zymo Research, CA,
USA). BS- and oxBS-treated DNA was PCR-amplified using IMMOLASE DNA polymerase kit (bioline). Primers were designed with
PyroMark Assay Design 2.0 software (Qiagen) (see Table S3 for primer sequences). Finally, PCR amplicons were pyrosequenced with
the PyroMark Q24 system and analyzed with PyroMark Q48 Autoprep (Qiagen). 5mC levels were derived from the oxBS data, while
5hmC levels were calculated by subtracting the oxBS values from the BS values (5mC+5hmC) using the same biological replicate, as
described in (Garcia-Gomez et al., 2017).

Real-time quantitative Polymerase Chain Reaction (RT-qPCR)

250 ng of total RNA were converted to cDNA with Transcriptor First Strand cDNA Synthesis Kit (Roche) following manufacturer’s in-
structions. RT-gPCR primers were designed with Primer3 software (Koressaar and Remm, 2007) (see Table S3). RT-qPCR reactions
were prepared with LightCycler® 480 SYBR Green | Master (Roche) according to manufacturer’s instructions and analyzed with a
LightCycler® 480 instrument (Roche).

Western blot

Protein expression and downregulation was visualized by western blotting, performed using standard Western blot. The following
antibodies were used for Western blotting and Co-immunoprecipitation: Anti-Vitamin D3 Receptor (Cell Signaling), anti-TET2
(Abcam), anti-pStat3 (Fluidigm), anti-Stat3 (Cell Signaling Technology), anti-pStat1 (Cell Signaling Technology), anti-Stat1 (Cell
Signaling Technology), anti-pStat5 (Fluidigm), anti-Stat5 (Thermo Fisher Scientific), anti-Lamin B1 (Abcam), anti-aTubulin (Sigma-
Aldrich). anti-rabbit IgGs (Merck Millipore) and anti-mouse IgGs (Merck Millipore).

Co-immunoprecipitation (Co-IP)

Co-IP assays were performed using TolDCs differentiated from CD14 + monocytes for 3 days. Cell extracts were prepared in lysis
buffer [50 mM Tris-HCI, pH 7.5, 1 mM EDTA, 150 mM NaCl, 1% Triton-X-100, protease inhibitor cocktail (cOmplete™, Merck)] with
corresponding units of Benzonase (Sigma) and incubated at 4°C for 4 h. 100 uL of supernatant was saved as input and diluted with 2 x
Laemmli sample buffer (5x SDS, 20% glycerol, 1M Tris—HCI (pH 8.1)). Supernatant was first incubated with PureProteome™ Protein
A/G agarose suspension (Merck Millipore) for 1 h to remove background signal. The lysate was then incubated overnight at 4°C with
respective crosslinked primary antibody. The cross-linking was performed in 20 mM dimethyl pimelimidate (DMP) (Pierce, Thermo
Fisher Scientific, MA, USA) dissolved in 0.2 M sodium borate (pH 9.0). Subsequently, the beats were quenched with 0,2M of etha-
nolamine (pH 8.0) and resuspended at 4°C in PBS until use. Beads were then washed three times with lysis buffer at 4°C. Sample
elution was done by acidification using a buffer containing 0.2 M glycine (pH 2.3) and diluted with 2x Laemmli. Samples and inputs
were denatured at 95°C in the presence of 1% B-mercaptoethanol.
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DNA methylation profiling

Infinium MethylationEPIC BeadChip (lllumina, Inc., San Diego, CA, USA) arrays were used to analyze DNA methylation. This platform
allows >850,000 methylation sites per sample to be interrogated at single-nucleotide resolution, covering 99% of the reference
sequence (RefSeq) genes. The samples were bisulfite-converted using EZ DNA Methylation-Gold™ Kit (Zymo Research, Irvine,
CA, USA) and were hybridized in the array following the manufacturer’s instructions. Image processing and intensity data extraction
software and procedures were as previously described (Bibikova et al., 2006). Each methylation data point was obtained from a com-
bination of the Cy3 and Cy5 fluorescent intensities from the methylated and unmethylated alleles. Background intensity computed
from a set of negative controls was subtracted from each data point. For representation and further analysis, we used beta and M
values. The beta value is the ratio of the methylated probe intensity to the overall intensity (the sum of the methylated and unmethy-
lated probe intensities). It can take a value between 0 and 1, and was used to derive heatmaps and to compare DNA methylation
percentages from bisulfite-pyrosequencing experiments. The M value is calculated as the log, ratio of the intensities of the methyl-
ated versus unmethylated probes. For the purpose of statistical analysis, M values are more suitable because they are normally
distributed.

Raw methylation data were preprocessed with the minfi package (Aryee et al., 2014). Data quality was assessed using the minfi and
RnBeads packages (Aryee et al., 2014; Assenov et al., 2014; Muller et al., 2019). After Snoob normalization, data were analyzed using
aneBayes moderate t test available in the limma package (Ritchie et al., 2015). Several criteria have been proposed as representing
significant differences in methylated CpGs, but in this study we considered a probe to be differentially methylated if it had a methyl-
ation differential of 20% and if it was significant (q < 0.05).

ChlP-seq analysis

Chromatin immunoprecipitation was performed using the iDeal ChIP-seq kit for Transcription Factors (Diagenode), according to the
manufacturer’s instructions. Briefly, cells on day 3 of differentiation were cross-linked with 1% formaldehyde for 15 min and glycine
was added to quench the reaction (final concentration 125 mM, incubated for 5 min at room temperature). Cells were washed once
with cold PBS, scraped off the plates, and pelleted. To obtain a soluble chromatin extract, cells were resuspended in 1 mL LB1
(50 mM HEPES, 140 mM NaCl, 1 mM EDTA, 10% glycerol, 0.5% NP-40, 0.25% Triton X-100 and 1Xx complete protease inhibitor)
and incubated while rotating at 4°C for 10 min. Samples were centrifuged, resuspended in 1 mL LB2 (10 mM Tris-HCI pH 8.0,
200 mM NaCl, 1 mM EDTA, 0.5 mM EGTA and 1x complete protease inhibitor) and incubated while rotating at 4°C for 10 min. Finally,
samples were centrifuged, resuspended in 1 mL LB3 (10 mM Tris-HCI pH 8.0, 100 mM NaCl, 1 mM EDTA, 0.5 mM EGTA, 0.1% so-
dium deoxycholate, 0.5% N-lauroylsarcosine, 1% Triton X-100 and 1 X complete protease inhibitor). Chromatin extracts were son-
icated for 12.5 min using a Covaris M220 focused ultrasonicator at a peak power of 75, and a duty factor of 10 and 200 cycles per
burst. The lysates were incubated with anti-VDR antibody (12,550, Cell Signaling) bound to 30 pL protein A or protein G Dynabeads
and incubated overnight at 4°C, keeping 5% as input DNA. Magnetic beads were sequentially washed with low-salt buffer (150 mM
NaCl, 0.1% SDS, 1% Triton X-100, 1 mM EDTA and 50 mM Tris-HCI), high-salt buffer (500 mM NaCl, 0.1% SDS, 1% Triton X-100,
1 mM EDTA and 50 mM Tris-HCI), LiCl buffer (150 mM LiCl, 0.5% sodium deoxycholate, 0.1% SDS, 1% Nonidet P-40, 1 mM EDTA
and 50 mM Tris-HCI) and TE buffer (1 mM EDTA and 10 mM Tris-HCI). For ChlP-seq, beads were resuspended in elution buffer (1%
SDS, 50 mM Tris-HCI pH 8.0, 10 mM EDTA and 200 mM NaCl) and incubated for 30 min at 65°C. After centrifugation, the eluate was
reverse-cross-linked overnight at 65°C. The eluate was then treated with RNaseA for 1 h at 37°C and with Proteinase K (Roche) for 1 h
at 55°C and the DNA was recovered using a Qiagen PCR purification kit.

Sequencing reads from ChIP-seq experiments were mapped to the hg19 assembly of human reference genome using Bowtie2
Aligner v2.2.6 (Langmead and Salzberg, 2012). After removing reads with MAPQ < 30 with Sequence Alignment/Map (SAMtools)
v1.2 (Li et al., 2009), PCR duplicates were eliminated using the Picard function available in MarkDuplicates software v1.126. Peak
calling was determined using SPP (with parameters -npeak=300000 —savr —savp -rf). The irreproducible discovery rate (IDR) was
used to filter peaks (IDR < 0.05). To visualize individual ChlP-seq data on Integrative Genomics Viewer (IGV), we converted bam
output files to normalized bigwig format using the bamCoverage function in deepTools (v2.0).

ChIP-qPCR

ChlIP assays were performed as previously described (Li et al., 2020). Briefly, MOs, DCs and TolDCs were crosslinked with 1% meth-
anol-free formaldehyde (Thermo Fisher) for 15 min and subjected to immunoprecipitation after sonication. ChIP experiments were
performed using the LowCell# ChIP kit™ protein A (Diagenode, Liége, Belgium). We used antibodies against vitamin D3 Receptor
(Cell Signaling), acetylated H3 (H3ac), trimethylated lysine 27 of histone H3 (H3K4me3Millipore) and trimethylated lysine 4 of histone
H3. Corresponding rabbit IgG (Diagenode) is used as control. Protein binding was analyzed by real-time quantitative PCR, and data
are represented as ratio of the enriched fraction with respect to input. ChIP primers were designed for the areas flanking differentially
methylated CpGs and their sequences are shown in Table S3.

Microarray reanalysis

Affymetrix datasets from human monocytes, and from in vitro- and in-vivo DCs and MACs were obtained from GSE40484 (Segura
et al., 2013) and GSE102046 (Goudot et al., 2017). Affymetrix raw data from MOs, DCs and TolDCs were obtained from GSE13762
(Széles et al., 2009). Affymetrix raw data files were normalized by the robust multiarray average (RMA) algorithm and summarized,
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after background correction, using the R package oligo (Carvalho and Irizarry, 2010). Normalized expression datasets were then
merged and corrected for batch effects using ComBat function of the sva package. Finally, t-Distributed Stochastic Neighbor
Embedding (tSNE) of 1000 most variant genes was performed in R using Rtsne package.

Data analysis

Hierarchical clustering was carried out based on Pearson correlation distances and average linkage criteria. For low-dimensional
analysis, we used principal component analysis (PCA). Transcription-factor motifs were enriched for each set using HOMER software
v4.10.3. Specifically, we used the findMotifsGenome.pl algorithm (with parameters -size 200 -cpg) to search for significant enrich-
ment against a background sequence adjusted to have similar CpG and GC contents. Genomic regions for genetic context location
were annotated using the annotatePeaks.pl algorithm in the HOMER v4.10.3 software application (Heinz et al., 2010). To determine
the location relative to a CpG island (CGl), we used ‘hg19_cpgs’ annotation in the annotatr v1.8 R package. GREAT software (MclLean
et al., 2010) was used to enrich downstream pathways and gene ontologies. We used the single nearest gene option to identify as-
sociations between genomic regions and genes. Chromatin state analysis for DCs were assessed using the EpiAnnotator R package
(Pageaud et al., 2018). Inference of TF activities from expression values were calculated using DoRothEA (Garcia-Alonso et al., 2019).
We used the nichenetr package (Browaeys et al., 2020) to predict ligand activity.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were done in Rv3.5.1. Data distributions were tested for normality. Normally distributed data were tested using
two-tailed unpaired Student’s t-tests; non-normal data were analyzed with the appropriate non-parametric statistical test. Levels of
significance are indicated as: *, P < 0.05; **, P < 0.01; **, P < 0.001; ***, P < 0.0001. Non-significance (P > 0.05) is indicated as

ns.
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ABSTRACT body deficiency. AID-mediated deamination has been
proposed as leading to active demethylation of 5-
methycytosines in the DNA, although evidence both
supports and casts doubt on such a role. In this
study, using whole-genome bisulfite sequencing of
HIGM2 B cells, we investigated direct AID involve-
ment in active DNA demethylation. HIGM2 naive and
memory B cells both display widespread DNA methy-

Activation-induced deaminase (AID) initiates anti-
body diversification in germinal center B cells by
deaminating cytosines, leading to somatic hyper-
mutation and class-switch recombination. Loss-of-
function mutations in AID lead to hyper-lgM syn-
drome type 2 (HIGM2), a rare human primary anti-
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lation alterations, of which ~25% are attributable to
active DNA demethylation. For genes that undergo
active demethylation that is impaired in HIGM2 in-
dividuals, our analysis indicates that AID is not di-
rectly involved. We demonstrate that the widespread
alterations in the DNA methylation and expression
profiles of HIGM2 naive B cells result from prema-
ture overstimulation of the B-cell receptor prior to
the germinal center reaction. Our data support a role
for AID in B cell central tolerance in preventing the
expansion of autoreactive cell clones, affecting the
correct establishment of DNA methylation patterns.

INTRODUCTION

Hyper-IgM syndrome type 2 (HIGM2) is a rare primary
antibody deficiency, with autosomal recessive inheritance,
characterized by loss-of-function mutations in activation-
induced deaminase (AID) (1), an enzyme required for sev-
eral crucial steps of B cell terminal differentiation. AID con-
verts deoxycytosines (dCs) into deoxyuracils (dUs), produc-
ing dU:dG mismatches that are removed by mismatch re-
pair and base-excision repair (2). Deaminase activity is re-
quired for somatic hypermutation (SHM) and class-switch
recombination (CSR) of immunoglobulin (Ig) genes, which
are necessary processes for affinity maturation and antibody
diversification within the germinal centers (GC) (3,4). AID
deficiency results in the absence of CSR and SHM, and
leads to lymphoid hyperplasia (1). HIGM2 patients have
normal or elevated serum IgM levels with severe reduction
of IgG, IgA and IgE, resulting in considerable susceptibility
to bacterial infections (1).

In addition to its role in CSR and SHM, AID has
been proposed to participate in active DNA demethylation
through deamination of 5-methylcytosine (SmC), leading
to a mismatch that is converted to G:C by thymine DNA
glycosylase (TDQG), followed by base-excision repair. The
potential role of AID in active DNA demethylation was
first proposed by Petersen-Mahrt and colleagues (5). Initial
studies in this topic mainly focusing on non-lymphoid cells,
such as including zebrafish embryos and heterokaryon-
based reprogramming, supported that model (6-8). These
studies subsequently led to its study in B cells, given that
activated B cells display the highest levels of AID expres-
sion (9). During the past decade, conflicting reports have
both supported and discounted a role in active demethyla-
tion for AID in that context [reviewed in (10)]. For instance,
Fritz et al. (11) performed reduced-representation bisulfite
sequencing (RRBS) of mouse splenic naive B cells from wild
type and AID-deficient mice, activated ex vivo for 72 h and
found no significant differences in their DNA methylation
profiles. Similar conclusions were obtained looking at GC
B cells from AID-deficient mice and using MethylCap-Seq
(12). However, more recently, Dominguez and colleagues
showed that the transit of B cells through the GC is asso-
ciated with marked locus-specific loss of methylation and
increased methylation diversity, both of which are lost in
Aicda—/— animals (13). Methodological aspects could ex-
plain the discrepancies between these studies, including the
limited coverage and resolution of the three aforementioned

analyses, or the study of different cells (in vitro activated or
isolated GC B cells).

On the other hand, different in vitro studies suggest
that SmC is a poorer substrate than C, although early
studies showed that human AID can deaminate SmC (5).
For instance, Abdouni and colleagues showed that the ef-
ficient deamination of 5SmC by zebrafish AID is due to
the flexibility of its structure, in comparison with that of
other AID orthologs, including human AID (14). In ad-
dition, the comparison of AID with other members of
the AID/APOBEC family have shown that human AID
deaminates SmC only weakly because the 5-methyl group
fits poorly in its DNA-binding pocket (15). Larijani et al.
have shown that methylated-CpG motifs, but not their un-
methylated counterparts, are in fact protected from AID-
mediated deamination (16). Nabel and colleagues have also
shown that steric requirements for cytosine deamination are
one intrinsic barrier to the proposed function of deaminases
in DNA demethylation (17).

In parallel, the discovery of alternative enzymatic path-
ways that lead to bona fide active DNA demethylation
through ten-eleven translocation methylcytosine dioxyge-
nase (TET)-mediated oxidation of methylcytosines (18,19)
raised more doubts about the possibility that AID redun-
dantly plays such a role. There is currently no consensus
about whether AID is involved in mediating DNA demethy-
lation in specific cell contexts.

Whole-genome analysis has shown the occurrence of a
vast amount of demethylation associated with B cell differ-
entiation. Changes occur mostly during naive B cell activa-
tion, yielding memory B cells (20,21) that coincide with the
highest peak of AID expression (3). Naive B cells start to
proliferate upon activation by antigen encounter. Then they
express AID which triggers the secondary diversification of
antibodies by SHM and CSR. This is followed by affinity
maturation which finally leads to (a) a new cycle of SHM or
(b) terminal differentiation into memory or plasma B cells
depending on the affinity of the B cell receptor (BCR) for
the cognate antigen (22). It has been originally reported that
AID is targeted to Ig genes with the involvement of RNA
polymerase 11 (23). Nevertheless, it has since been described
that AID is also recruited to non-Ig genes to mediate recur-
rent mutations and these genes are collectively termed ‘AID
off-targets’ (24,25).

In this study, we took advantage of the exceptional possi-
bility to investigate the direct role of AID in active demethy-
lation by comparing the complete DNA methylomes of
naive and memory B cells of HIGM?2 patients with those of
healthy individuals. By studying two sibling patients with
a homozygous mutation for AID that results in a severely
truncated enzyme, we were able to determine its direct link
with DNA methylation defects and infer its catalytic activ-
ity in relation to active DNA demethylation.

Our results show that the absence of AID catalytic ac-
tivity affects DNA methylation in naive and memory B
cells. The majority of the changes occurring in the transition
from naive to memory B cells arise from passive demethy-
lation and are linked to late-replicating domains. How-
ever, for those potentially associated with active demethy-
lation, we found no evidence of direct involvement of AID,
and our analysis suggests that TET enzymes are responsi-
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ble for DNA methylation changes in this cell context. The
increased DNA demethylation noted in naive B cells of
HIGM?2 patients is associated with premature demethyla-
tion of BCR downstream genes prior to the GC reaction.
Indeed, we found that these changes are related to the ex-
pansion of autoreactive clones, which suggests a major role
for AID in preventing the expansion of such clones under
normal conditions.

MATERIALS AND METHODS
Human samples

The patients included in the study fulfilled the diagnostic
criteria for hyper-IgM syndrome type 2, based on ESID
clinical diagnostic criteria (26) and genetic confirmation of
AICDA mutation and exclusion of other primary and sec-
ondary causes of immunodeficiencies. Samples come from
the Medical Center of the University Hospital, University
of Freiburg, Freiburg, Germany and Hospital Universitari
Vall d’Hebron, Barcelona, Spain. The Committees for Hu-
man Subjects of the local hospitals approved the study,
which was conducted in accordance with the ethical guide-
lines of the 1975 Declaration of Helsinki. All samples were
in compliance with the guidelines approved by the local
ethics committee and all donors (and/or their parents) re-
ceived oral and written information about the possibility
that their blood would be used for research purposes.

Isolation of B cell populations. Peripheral blood mononu-
clear cells (PBMCs) were obtained from blood. After Ficoll-
Isopaque density centrifugation (Rafer, Zaragoza, Spain),
collected cells were washed twice with ice-cold PBS, fol-
lowed by centrifugation at 2000 rpm for 5 min. Next, cells
were labeled with antibodies to CD19 — FITC (Miltenyi
Biotec, clone LT19), CD27 — APC (Miltenyi Biotec, clone
M-T271), IgD — PE (SouthernBiotech, Cat. No. 2032-09)
and IgM — PerCP/Cy5.5 (BioLegend, clone MHM-88) for
20 min on ice in a staining buffer (PBS with 4% FBS and
2 mM EDTA). Naive B cells (CD19* CD27 IgD™) and
unswitched memory B cells (CD19* CD27* IgD™") were
obtained by FACS sorting on a MoFlo Astrios (Beck-
man Coulter). Purified samples were pelleted and stored at
—80°C.

For isolation of naive autoreactive B cells. Total B cells
were isolated from PBMCs using positive selection with
MACS CDI19 microbeads (Miltenyi Biotec). Next, cells
were stained with CD27-APC (Miltenyi Biotec, clone M-
T271), IgD — PE (SouthernBiotech, Cat. No. 2032-09),
HLA-DR - PE-Cy7 (eBioscience, clone LN3), 9g4 primary
ab (igm Bioscience) and donkey anti-rat IgG (H + L) -
Alexa Fluor 488 (invitrogen). 9g4+ naive B cells (CD27-
IgD* 9g4*) and 9g4- naive B cells (CD27 IgD™* 9g4") were
obtained by FACS sorting on a BD FACSAria II (BD
Biosciences). Purified samples were pelleted and stored at
—80°C.

Genomic DNA extraction. For whole-genome bisulfite se-
quencing, DNA was extracted with a QlAamp DNA mi-
cro kit (Qiagen) according to the manufacturer’s protocol.
For pyrosequencing analysis (detailed below), DNA was
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extracted with a Maxwell RSC Cultured Cells DNA kit
(Promega), following the manufacturer’s protocol.

Tagmentation-based whole-genome  bisulfite sequencing.
For whole-genome bisulfite sequencing, 30 ng of genomic
DNA was used to produce four independent barcoded
sequencing libraries per DNA sample using the tagmen-
tation method (27). Sequencing of the TWGBS libraries
was done on a HiSeq 2000, PE 125 bp mode. Bisulfite
sequencing reads were processed by the DKFZ bisul-
fite analysis workflow. In brief, the reads were trimmed
using Trimmomatic, pre-processed and aligned using
MethylCTools, with default parameters (V. Hovestadt, S.
Picelli, B. Radlwimmer, M.Z. and P.L., unpublished data),
which uses the Burrows-Wheeler alignment algorithm (28).
Following quality control of bisulfite conversion (>99.5%
in all samples) and of read-mapping (80-90% could be
mapped on average), we performed methylation calling
using methylCtools. A summary of the sequencing data for
each sample is provided in Supplementary Table S1.

Differentially methylated region (DMR) callingg DMRs
were detected with the DeNovoDMR algorithm included
in the Specific Methylation Analysis and Report Tool
(SMART?2) (29) using all the default parameters except for
the number of CpGs per segment, which was set to 4, the
absolute mean methylation difference, which was set to 0.2,
and a threshold value of P of 0.01. Only those CpGs with
a coverage of >5 in all samples were considered in the
construct of the SMART input matrix. DMR calling was
performed on all possible comparisons between naive and
memory B cells for both control and HIGM2 patients.

Bisulfite pyrosequencing. 500 ng of genomic DNA was
converted with an EZ DNA Methylation-Gold kit (Zymo
Research), following the manufacturer’s instructions.
Bisulfite-treated DNA was PCR amplified using primers
(see Supplementary Table S2) designed with PyroMark As-
say Design 2.0 software (Qiagen). Finally, PCR amplicons
were pyrosequenced with the PyroMark Q24 system and
analyzed with PyroMark CpG software (Qiagen).

Processing of chromatin immunoprecipitation (ChIP) assays
with sequencing (ChIP-Seq) datasets

Sequencing reads from ChIP-seq experiments from the
BLUEPRINT consortium (21) were mapped to the hgl9 as-
sembly of human reference genome using Burrows-Wheeler
Aligner (BWA) v0.7.13 (with parameters -q 5, -1 32, -k
2). After removing reads with MAPQ <30 with Sequence
Alignment/Map (SAMtools) v1.2, PCR duplicates were
eliminated using the Picard function available in MarkDu-
plicates software v1.126. Peak calling was performed us-
ing macs2 (with parameters -p le-2 —-nomodel —shift 0 -
B —SPMR). Only peaks with an overlap of >0.5 between
replicates were considered. Histone mark signals around
DMR sets were extracted with the annotatePeaks.pl algo-
rithm available in Hypergeometric Optimization of Motif
EnRichment (HOMER) software v4.10.3 (with parameters:
size = 10 000, hist = 10).
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Super-enhancer identification. H3K27ac ChIP-seq data
from BLUEPRINT database were used to identify the
super-enhancer regions, as described previously (30) using
Rank-Ordering of Super-Enhancers (ROSE) software. An
enhancer stitching distance of 15 kb was used along with a
2.5 kb transcriptional start site (TSS)-exclusion window.

DNA methylation data analysis. Hierarchical clustering
was carried out based on Pearson correlation distance met-
rics and average linkage criteria. For low-dimensional anal-
ysis, we used the #-distributed stochastic neighbor embed-
ding (-SNE) method implemented in the Rtsne v0.15 pack-
age.

Transcription factor motifs were enriched for each set of
DMRs using HOMER software v4.10.3. Specifically, we
used findMotifsGenome.pl algorithm (with parameters -
size given -cpg) to search for significant enrichment against
a background sequence adjusted to have similar CpG and
GC contents.

Transcription factor binding analysis was performed in-
terrogating the overlap between the different sets of DMRs
with ChIP-seq data for transcription factors available for
GM12878 lymphoblastoid cell line from the ENCODE
Project (31). The enrichment factor was calculated against
random regions as a background, and P values were calcu-
lated using Fisher’s exact test. Finally, the transcription fac-
tors downstream of the BCR signaling pathway were man-
ually annotated from a curated database (32).

Chromatin states and histone mark enrichments analysis
for NBC, GC B cells and ncsMBC were assessed using a
custom adaptation of the EpiAnnotator R package (33) us-
ing BLUEPRINT data (21). DMRs were converted to hg38
assembly with the liftOver function in the rtracklayer v1.42
R package.

Replication timing data in the GM 12878 lymphoblastoid
cell line were obtained from the UW Repli-seq track of the
UCSC Genome Browser. Genomic replication timing val-
ues were binned in deciles where the first decile contained
the regions of latest replication and the last decile the re-
gions of earliest replication. Identified DMRs were then
overlapped to these regions by genomic location.

DMR annotation for genetic context location was
performed using the annotatePeaks.pl algorithm in the
HOMER software v4.10.3. To determine the location rela-
tive to a CpG island (CGI), we used ‘hgl9_cpgs’ annotation
in the annotatr v1.8 R package.

GREAT software (34) was used to enrich downstream
pathways and gene ontologies. We used the single nearest
gene option for the association between genomic regions
with genes.

Genes obtained with HOMER annotation software were
used to study correlations between their associated DMRs
and gene expression data from healthy naive, memory and
GC B cells from BLUEPRINT database, as vx{ell as with the
AID off-target genes dataset obtained from Alvarez-Prado
et al. (35).

All statistical analysis (excluding T-WGBS and ChIP-
seq analyses) were done in R v3.5.1. Data distribu-
tions were tested for normality. Normal data were tested
using two-tailed unpaired Student’s t-tests; non-normal
data were analyzed with the appropriate non-parametric

statistical test. Levels of significance are indicated as:
*P <0.05;**P < 0.01; ***P < 0.001; ****P < 0.0001. Non-
significance (P > 0.05) was indicated as ‘ns’.

Public RRBS of B cell activation. Data of EBV and
CD40/IL4 B cell activation were downloaded from the
NCBI Gene Expression Omnibus (GSE49629) (36). Methy-
lation calls from RRBS data were filtered so that only those
CpGs with a minimum of five reads per position in all sam-
ples were retained. Since RRBS genomic coverage is signif-
icantly lower than T-WGBS we only tested the methylation
status of positions common to two datasets.

BCR activation and EBV infection. For naive B cell acti-
vation and infection experiments, we obtained buffy coats
from anonymous donors through the Catalan Blood and
Tissue Bank (CBTB). The CBTB follows the principles
of the World Medical Association (WMA) Declaration
of Helsinki. Before providing the first blood sample, all
donors received detailed oral and written information and
signed a consent form at the CBTB. PBMCs were isolated
using Ficoll-Paque gradient centrifugation. Total B cells
were isolated from PBMCs using positive selection with
MACS CDI19 microbeads (Miltenyi Biotec). Next, cells
were stained with CD27-APC (Miltenyi Biotec, clone M-
T271) and IgD — PE (SouthernBiotech, Cat. No. 2032-09)
and naive B cells were sorted as CD27 IgD*. For EBV in-
fection, pure naive B cells were incubated with B95-8 cell
supernatant for 3 h at 37°C in order to infect them with
EBYV, they were harvested after 30 days. For BCR activa-
tion, pure naive B cells were cultured in RPMI medium
1640 GlutaMAXTM-1 (Gibco, Life Technologies) contain-
ing 20% fetal bovine serum (Gibco, Life Technologies), 1%
sodium pyruvate and 1% Penicillin Streptomycin (Gibco
Thermo Fisher Scientific, MA, USA). Cells were activated
with 10 pg/ml anti-IgM (SouthernBiotech), 0.1 pg/ml
MEGACDA40L®) Protein (Enzo) and 50 ng/ml IL21 (Tebu-
bio) for 24 h (ChIP) or 7 days (bisulfite pyrosequencing).

RNA-sequencing. RNA-sequencing libraries from total
mRNA were prepared and purified using I[llumina Stranded
mRNA Prep, Ligation kit (Illumina). Sequencing was
performed on a NextSeq500 (Illumina) with a NextSeq
500/550 High Output Kit v2.5 (75 Cycles, Illumina,
20024906) to generate 38-nucleotide paired-end reads at a
read depth of at least 20 million reads per sample.

RNA-seq data analysis. For bioinformatics analyses, raw
sequence reads were initially processed using FastQC
(Babraham Institute, Cambridge, UK) for quality control,
and then adapter sequences and poor quality reads were
removed using TrimGalore that uses Cutadapt for trim-
ming. Quality-filtered reads were then mapped to the hu-
man genome (hgl9) using STAR, and only the uniquely
mapped reads were kept. Read counts were calculated using
HTSeq-count. Differentially expressed genes were identi-
fied using R package DESeq? (fold change > 2 and adjusted
P-value < 0.05). Inference of TF activities from expression
values were calculated using DoRothEA (37). Kyoto En-
cyclopedia of Genes and Genomes (KEGG) database was
used to perform functional enrichment analysis of differen-
tially expressed genes.
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ChIP-PCR. Cell-sorter isolated naive B cells from healthy
donors were activated as described above for 24 h. 1 x 10°
unstimulated and stimulated B cells were crosslinked with
1% methanol-free formaldehyde (Thermo Fisher) for 10
min subjected to 15 min of sonication utilizing Covaris
M220 Focused-ultrasonicator (Covaris, MA, USA). ChIP
experiments were performed using the LowCell# ChIP kit™
protein A, according to manufacturer’s instructions (Di-
agenode, Liege, Belgium). Anti-BATF antibody (#8638)
and corresponding rabbit IgG (#2729) were both obtained
from Cell Signaling. Protein binding was analyzed by real-
time quantitative PCR, and data are represented as a ratio
of the enriched fraction with respect to input. ChIP primers
are shown in Supplementary Table S2.

RESULTS
Study strategy

We obtained peripheral blood from two sibling HIGM?2
patients, both with the same homozygous mutation
for the AICDA gene, and two sex-matched healthy
controls. Specifically, the patients carried a deletion
(Exon 2 ¢.22.40dell19) that generates a frameshift vari-
ant (p.Arg8Asnfs*19) that affects the DNA binding re-
gion of AID located within its nuclear localization sig-
nal domain (Figure 1A). This deletion impairs both CSR
and SHM (38). We confirmed the impact on CSR by in-
specting the peripheral B cell compartment by flow cy-
tometry. The two HIGM2 patients were characterized by
the absence of class-switched memory B cells (csMBC;
CDI19*CD27*IgM IgD"), as described (1) (Figure 1B). In
contrast, classic non-class switched memory B cells (nc-
sMBC; CD19*CD27* IgM*IgD") and naive B cells (NBC;
CD19*CD27 IgM+IgD+) were present in patients (Figure
IB). It has been shown that, under physiological condi-
tions, ncsMBC cells display certain levels of SHM at the
immunoglobulin locus (20), which supports the expression
of AID during their maturation in GCs. Hence, the com-
parison between DNA methylation profiles of NBC and nc-
sMBC isolated from healthy and HIGM?2 individuals is an
adequate model to investigate the potential role of AID in
DNA demethylation.

HIGM2 patients display an aberrant methylation profile in
naive and unswitched memory B cells

We performed tagmentation-based whole-genome bisulfite
sequencing (T-WGBS), a version of the WGBS method that
allows analysis of limited DNA amounts (27), in NBC and
ncsMBC (henceforth referred to as ‘naive’ and ‘memory’
B cells) isolated from two HIGM2 siblings and two sex-
matched healthy controls (Figure 1C). Pearson correlation
and ¢-distribution stochastic neighbor embedding (t-SNE)
between samples were highly reproducible between repli-
cates with correlation coefficient to be >0.9 (Supplementary
Figure S1A, B). We also compared our DNA methylation
data from healthy controls with public data from the In-
ternational Cancer Genome Consortium (ICGC) (39) and
Oakes et al. (20), in which we observed high correlation
(Pearson correlation >0.85), thereby confirming the robust-
ness of our data (Supplementary Figure S1C, D).
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Global inspection of DNA methylation confirmed pre-
vious studies (20,21) that the transition from naive to
memory B cells is accompanied by global demethylation
of the genome in healthy controls (Figure 1D). However,
HIGM?2 patients showed a partial impairment of demethy-
lation during naive-to-memory B cell differentiation (Fig-
ure 1D, E), which is compatible with a potential role of
AID as a demethylating enzyme. The transition from naive
to memory B cells in healthy controls is characterized by
the demethylation of 30175 DMRs. In contrast, compar-
ing naive to memory B cells in HIGM2 patients only iden-
tified 4803 hypomethylated DMRs (Supplementary Table
S3). Furthermore, we also observed that naive B cells were
more demethylated in HIGM?2 patients than in healthy con-
trols (a total of 2936 hypomethylated DMRs) (Figure 1F).
Taken together, these global observations suggest that AID
loss not only affects the DNA methylation patterns in the
transition from naive to memory B cells but also has a po-
tential role in establishing the B cell DNA methylome in ear-
lier stages of development.

A high proportion of DNA demethylation events identified in
HIGM2 are due to passive demethylation of late-replicating
domains

Recent studies have shown that a high proportion of the
demethylation events occurring in cancer and in differenti-
ation processes are associated with high proliferation rates
(40). Such demethylation events take place in regions known
as ‘partially methylated domains’ (PMDs), which are char-
acterized by repressive chromatin and low-GC density (40),
and do not appear to occur in regions of high methylation
(HMD: highly methylated domains). PMDs encompass re-
gions that undergo late replication and their demethyla-
tion is a passive event, which is a result of inefficient DNA
remethylation during DNA replication (36,40,41). Recent
reanalysis of the B cell lineage DNA methylation profiles
published by the BLUEPRINT consortium (21) has shown
the occurrence of demethylation of PMDs in the transi-
tion towards memory B cells and antibody-secreting plasma
cells (42). This highlights the importance of separating
DNA methylation analysis into PMD and non-PMD re-
gions when interrogating the occurrence of active demethy-
lation processes in order to exclude those changes due to
DNA replication-dependent or passive demethylation.

To address this matter, we first identified total dif-
ferentially methylated regions (DMRs) by performing
pairwise comparisons of DNA methylation between all
samples. Specifically, we compared naive to memory
B cells in both control and HIGM?2 patients (con-
trol_ NBC versus control_.ncsMBC, HIGM2_NBC versus
HIGM2_ncsMBC), as well as comparing HIGM?2 patients
to controls for both naive and memory B cells (con-
trol_ NBC versus HIGM2_NBC, control.ncsMBC versus
HIGM2_ncsMBC). We then divided the DMRs into PMD
and HMD regions, which were previously identified by
Zhou et al. (40) to be present either in all cell types (com-
mon) or cell-type specific (partial). We found that the major-
ity of DMRs overlapped with PMDs that were either com-
mon or partially shared by cell types (72.5%, Figure 2A).
We then classified DMRs into two groups: the first com-
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prising DMRs that coincided with common PMDs (PMD-
DMRs), and the second containing DMRs that did not
overlap with common PMDs (non-PMD-DMRs). To val-
idate the identity of these PMD-DMRs, inspection of the
methylation values showed that the two groups of DMRs
had intermediate methylation values in memory B cells,
although non-PMD-DMRs had slightly lower methyla-
tion levels (Figure 2B). Utilizing functional genomic fea-
ture analysis, we found that most PMD-DMRs were lo-
cated outside of CpG islands and in intergenic regions (Fig-
ure 2C). In relation to chromatin states, we observed that
DMRs occurring in PMDs were mainly associated with het-
erochromatic regions, while non-PMD-DMRs were highly
enriched at enhancers and active promoters, in concor-
dance to what was previously described as generally associ-
ated with replication-independent demethylation (43) (Fig-
ure 2D). This was also confirmed by overlapping DMRs
with ChIP-seq data of healthy GC B cells obtained from
the BLUEPRINT database, in which non-PMD-DMRs
were enriched in enhancer marks, including H3K4mel,
H3K4me3 and H3K27ac (Figure 2E). It has been previ-
ously described that PMDs are characterized by their as-
sociation with late-replication domains (40), hence we ana-
lyzed DMRs based on their association with late or early
phase replication. First, genomic density data obtained
from GM 12878 Repli-seq (UW Repli-seq, UCSC Genome
Browser) were divided into deciles by their replication tim-
ing and then overlapped by genomic location with identi-
fied DMRs. We confirmed that PMD-DMRs were mainly
found in late-replicating regions (Figure 2F) and were ac-
companied by lower expression of associated genes in GC
B cells (Figure 2G). Taking all these observations into ac-
count, our results suggest that most of the DNA methyla-
tion changes occur in bona fide PMDs. However, the exis-
tence of a set of non-PMD-DMRSs (~27%) located in highly
active regions suggests the potential participation of DNA
replication-independent or, in other words, active demethy-
lation events, and AID could directly drive these events.

HIGM2-associated defects in DNA methylation in the tran-
sition from naive to memory B cells do not have the features
of AID targets

Given all the previous considerations, including the removal
of DNA methylation changes related to DNA replication
(PMD-DMRs), our model allows us to examine whether
AID has a direct role in mediating demethylation in the
B cell lineage. In this context, GC B cells, in the transi-
tion from naive to memory, displayed the highest AICDA
mRNA levels (Supplementary Figure S2A) (as obtained
from the BLUEPRINT database). Hence, it is plausible that
defective AID in HIGM2 patients could play a role in aber-
rant DNA demethylation occurring during the transition
from naive to memory B cells within the GC.

To explore this possibility, we first identified DMRs
whose DNA demethylation could potentially be driven by
AID (P-AID DMRs). These DMRs are demethylated in the
transition from naive to memory B cells in healthy controls
but not in HIGM2 patients. Furthermore, DMRs that were
already aberrantly demethylated in naive HIGM2 B cells
compared to controls were excluded (Figure 3A). A total of

522 DMRs (containing 450 different genes) fulfilled these
conditions (Supplementary Table S4).

We then compared P-AID DMRs associated genes with
data obtained from a mouse model that allows the identifi-
cation of targets of AID deamination events (35), in which
271 non-Ig genes were identified to be dependent on AID
catalytic activity and referred to as AID off-target genes. We
found low correspondence between these two sets of genes
in which only 6 genes (corresponding to 6 DMRs) overlap
with the identified AID off-target genes (Figure 3B). We
also tested for the presence of described AID hotspot se-
quences (RGYW and WRCY) (44) in our DMRs and found
a significant increase for the WRCY hotspot with respect to
the background, although it appeared too low (<1 hotspot
per 100 bp) to be of biological relevance (Figure 3C). On the
other hand, we found that DMRs associated with AID off-
target genes underwent demethylation in HIGM?2 patients
(Supplementary Figure S2B).

Two recent studies have characterized the genomic and
epigenomic features of AID off-target regions in mice. Inde-
pendently, they found that AID targets regions with conver-
gent transcription from intragenic super-enhancers (45,46).
In this sense, there were no significant differences regard-
ing gene localization between the DMRs associated with
AID off-targets and P-AID DMRs (Supplementary Fig-
ure S2C and Supplementary Table S4). However, AID off-
target DMRs exhibited greater enrichment of enhancer re-
gions, as observed by both ChromHMM (Figure 3D) and
histone mark (Supplementary Figure S2D) analyses, and
were associated with more transcriptional activity of as-
sociated genes in GC B cells (Figure 3E). We also found
that, although the two DMR groups had a similar percent-
age of overlap with super-enhancers (P-AID 21%, AID off-
target 33.3%; Figure 3F), the super-enhancers of the AID
off-targets had a stronger signal for H3K27ac (Figure 3G,
H; Supplementary Figure S2E) and greater transcriptional
activity of their associated genes than P-AID (Supplemen-
tary Figure S2F). Finally, we hypothesized that if AID had a
role mediating active DNA demethylation, we would expect
to see differences in CpG sites containing WRCY hotspots
at the super-enhancers of AID off-target genes. However,
such differences were not observed (Supplementary Figure
S2G).

Taken together, our results suggest that, despite the differ-
ences in DNA methylation associated with B cell activation
between wild type and AID-deficient B cells, if we assume
that mechanisms and targets are conserved between mouse
and human, such demethylation may not be directly associ-
ated with AID catalytic activity.

While the proposed mechanism of DNA demethyla-
tion by AID implies that the SmC conversion in thymine
could be repaired and replaced with an unmethylated cy-
tosine (5), the removal of methyl groups of cytosines me-
diated by TET enzymes involves the generation of oxida-
tion intermediates, including ShmC (18) (Supplementary
Figure S3A). It is therefore plausible that AID-dependent
demethylation would associate with lower levels of ShmC
compared to TET-dependent demethylation. Hence, we an-
alyzed publicly-available DNA methylation data obtained
from GC and naive B cells of Aicda/~ mice (13). We selected
three sets of CpGs: (1) CpGs demethylated in the transition
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from naive to GC B cells in WT but not in Aicda/~ mice,
termed mouse potential AID targets (mouse P-AID); (ii)
CpGs significantly demethylated in naive-to-GC transition
in both WT and knockout mice and, therefore, more likely
to be TET-dependent, termed positive control; (iii)) CpGs
that did not present demethylation in the transition from
naive to GC B cells neither in WT nor in Aicda /- mice,
termed negative control (differential DNA methylation <
0.05) (Supplementary Figure S3B). Next, we merged this
data with public hydroxy-meDIP-seq data of mouse B cell
activation (47) to determine the hydroxymethylation status
of these three groups of CpGs. We found that mouse P-
AID CpGs presented similar levels of hydroxymethylation
to those that are TET-dependent (positive control) com-
pared to negative control (Supplementary Figure S3C). On
the other hand, we only found 21 genes associated with
mouse P-AID CpGs that overlapped with the aforemen-
tioned AID off-target genes (18), which represents <8%
of the AID-off target genes (Supplementary Figure S3D).
Taken together, these results suggest that, at least in a mouse
model, the majority of demethylation associated with B cell
differentiation may not be directly driven by AID activity.

AID deficiency results in premature demethylation of the
BCR pathway of naive B cells

Our initial analysis suggested that alterations in DNA
methylation not only occurred in the transition from naive
to memory B cells, but were already present in naive B cells
of HIGM2 individuals in comparison with healthy con-
trols. Specifically, HIGM2 naive B cells appeared to be more
demethylated than those of healthy controls (Figures 1F
and 4A). AID expression has customarily been associated
with the GC reaction (3), however, more recent evidence
suggests that AID may have a role in earlier stages of B cell
development (48,49).

Comparing naive B cells from HIGM?2 to control, we de-
tected 2152 hypomethylated DMRs (Figure 4A) and 127
hypermethylated DMRs (Supplementary Figure S4A), ex-
cluding PMDs. Both hypo- and hypermethylated DMRs
were mostly found outside CpG islands in intergenic regions
and introns (Supplementary Figure S4B). Genetic annota-
tion of DMRs in CpG islands reveals an association with
promoters (Supplementary Figure S4C and Supplementary
Table S5). However, while hypomethylation was associated
with enhancer regions, hypermethylation was mainly en-
riched in promoters (Supplementary Figure S4D), in agree-
ment with its reported regulatory role in the ‘spurious’ ini-
tiation of transcription (50).

We observed that the DMRs that were hypomethylated
in naive B cells from HIGM2 patients underwent normal
demethylation during the transition from naive to memory
cells in healthy controls (Figure 4A). Our results suggest
that the demethylation of these DMRs may be essential for
correct naive-to-memory B cell differentiation, and prema-
ture demethylation observed in HIGM?2 naive B cells may
indicate aberrant pre-activation outside of the GC. This is
consistent with the finding that genes associated with these
DMRs became upregulated during the activation of B cells
in the GC (Figure 4B) and were associated with functional
categories related to B cell activation via BCR (Figure 4C).

Some genes that have altered DMRs, such as BATF (Figure
4D) and MEF2A (Supplementary Figure S4E), are crucial
to B cell development (47,51).

To explore the possibility that aberrant DNA methyla-
tion in HIGM2 naive B cells may be due to pre-activation
outside the GC, we first analyzed the enrichment for TF
binding motifs with HOMER software in HIGM2 naive
DMRs. Some of the most enriched TFs are downstream
of the BCR pathway, including BATF, IRF8 and RELA
(32) (Supplementary Figure S4F). We then validated these
results through enrichment analysis of the ChIP-seq data
available for GM 12878 cells from the ENCODE consor-
tium (31) and we again observed enrichment of TFs down-
stream of BCR activation in DMRs found to be altered in
naive B cells of HIGM2 patients (Figure 4E).

The type III latency state of the Epstein-Barr virus
(EBV) is characterized by the constitutive activation of
the BCR and CD40 pathways (52,53), both of which
are major signaling pathways essential for B cell activa-
tion (54). In that sense, the B lymphoblastoid cell line
GM12878 presents a type III latency state (55) and is
therefore a good model to investigate the involvement of
BCR/CDA40 in aberrant DNA methylation of naive B cells
in HIGM2 patients. Firstly, we represented DNA methy-
lation levels of publicly-available data of EBV-transformed
and CD40L/1L-4-activated B cells (36) in regions that over-
lapped with DMRs identified in naive B cells of HIGM2
patients and observed that EBV transformation effectively
reproduced the aberrant DNA demethylation presented in
HIGM?2 patients (Figure 4F). Conversely, such changes
did not take place when activation was performed with
CD40/IL-4 alone, suggesting that the BCR pathway has a
significant role in driving aberrant DNA methylation (Fig-
ure 4F). Furthermore, these DNA methylation effects were
not reproduced in hypermethylated DMRs (Supplementary
Figure S5A). To confirm these results, we transformed naive
B cells isolated from healthy donors with EBV and, after 30
days, we interrogated DNA methylation of the set of CpGs
that we had previously identified to be aberrantly demethy-
lated in HIGM2. We observed that these CpGs underwent
demethylation following EBV-mediated transformation of
naive B cells (Supplementary Figure S5B). Additionally, we
directly stimulated BCR in isolated healthy naive B cells and
observed similar demethylation of the same CpGs, which
supported the direct role of BCR in their demethylation
(Figure 4G). Taken together, our findings suggest that al-
terations in DNA methylation of HIGM2 naive B cells may
at least be partly due to the aberrant pre-activation of the
BCR at some point of B cell development prior to the GC
reaction.

Since ChIP-seq analysis in GM12878 cells identified
BATF to bind to almost 50% of regions that correspond
to DMRs in HIGM?2 naive B cells (Figure 4E), we there-
fore hypothesize that BATF might be the main media-
tor of demethylation in naive-to-memory transition, and
its aberrant recruitment may drive the aberrant demethy-
lation observed in HIGM2 naive B cells. BATF, together
with IRF4 (56,57), is a regulator of B and T cell acti-
vation via the BCR and TCR pathways respectively. We
observed that 87% of the ChIP-seq peaks of IRF4 over-
lapped with BATF peaks in GM 12878 (Figure 4H). As ex-
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pected, we confirmed that regions with BATF and IRF4
binding had lower DNA methylation levels in naive B cells
of HIGM2 patients compared to controls (Supplementary
Figure S5C). This is also confirmed for regions that con-
tained JUND binding, another TF downstream of BCR
(Supplementary Figure S5D). This did not occur in re-
gions enriched for other B cell-intrinsic TF binding motifs,
such as RAD21, ZNF274 and MYC (Supplementary Fig-
ure S5D). Using mRNA transcription data from /RF4 and
BATF knockouts from GM 12878 cells (55), we determined
that genes with binding motifs for both TFs displayed ex-
pression changes for many of these genes associated with
DMRs (Supplementary Figure SSE). Furthermore, we ob-
served that BATF was specifically recruited to genes that
displayed defective DNA demethylation in HIGM2 patients
when naive B cells were activated via BCR stimulation (Fig-
ure 41). Altogether, these results suggest that a significant
fraction of DMRs identified in HIGM2 naive B cells may
be associated with the recruitment of the BATF/IRF4 com-
plex to these genomic sites.

The transcriptome of AID-deficient naive B cells also reflects
alterations in the BCR pathway

We then inspected whether loss of function of AID had
an impact on the transcriptomic profiles of both naive
and memory B cells. To this end, we performed RNA-
seq of both naive and memory B cells from the same two
aforementioned HIGM2 patients. In parallel, we performed
RNAseq with two healthy controls.

Comparison of the naive B cells transcriptomes revealed
statistically significant expression changes of a number of
genes in HIGM2 compared to controls (DEGs: differen-
tially expressed genes). DEGs were considered to be statisti-
cally significant when fold change >2 and adjusted P-value
<0.05. 3223 genes became upregulated in HIGM?2 naive B
cells in relation to healthy controls, whereas 3146 genes were
downregulated. (Figure SA and Supplementary Table S6).
We then performed Gene Ontology analysis of DEGs using
GREAT software which revealed enrichment of categories
related to EBV activation and BCR signaling pathway (Fig-
ure 5B), consistent with our previous findings related to
DNA methylation alterations in naive B cells of HIGM2.
Interestingly, we also observed differences in gene expres-
sion in memory B cells (2199 upregulated genes, 2384 down-
regulated) (Supplementary Figure S6A and Supplemen-
tary Table S6) which were also enriched in the aforemen-

tioned categories (Supplementary Figure S6B). Utilizing
DoRothEA TF analysis, we observed that DEGs identified
in naive B cells of HIGM2 patients also displayed increased
TF activity compared to controls (Figure 5C), where sim-
ilar results were observed for memory B cells (Supplemen-
tary Figure S6C). Integration of the DNA methylation and
expression datasets in naive B cells did not show a clear
correlation when comparing HIGM2 versus controls (Fig-
ure 5D). Interestingly, hypomethylated DMRs in HIGM?2
naive B cells showed slightly increased expression levels in
HIGM2 naive B cells in respect to control naive B cells.
The naive B cell expression levels of hypomethylated DMRs
of HIGM2 patients were more similar to those of memory
B cells, reinforcing the notion of a premature activation of
these cells in HIGM?2 (Figure 5E).

AID deficiency causes blockade of central B cell tolerance
with an expansion of pre-activated autoreactive B cells

Our results suggest that naive B cells are pre-activated in
AID deficient patients. However, the stage of B cell differ-
entiation at which this alteration is produced remains to be
established. Two independent studies reported a potential
role for AID in removing autoreactive B cells during the
central B cell tolerance process in the bone marrow (48,49).
Specifically, immature B cells with auto-reactive BCR were
activated and went into a secondary receptor editing pro-
cess with an increase in AID and recombination-activating
gene 2 (RAG?2). If the autoreactive BCR did not lose self-
antigen affinity, the genomic instability induced by the over-
exposure to high levels of AID led to apoptosis. However,
AID deficiency reduces the genomic damage that causes the
expansion of autoreactive B cells (48,49). With that in mind,
we hypothesized that the presence of naive B cells with a
pre-activation methylation signature in HIGM?2 patients is
a consequence of the impairment of the central B cell toler-
ance mechanism that causes autoreactive naive B cells to ac-
cumulate. In fact, it has been reported that 21% of HIGM?2
patients suffer some type of autoimmune disease (58).

To assess this hypothesis, we first checked whether there
is an expansion of naive autoreactive B cells in HIGM2
patients with respect to controls. To this end, we used a
commercial antibody against 9G4* IgG used to detect au-
toreactive clones in autoimmune diseases like systemic lu-
pus erythematosus and rheumatoid arthritis (59,60). We ob-
served an expansion of the naive B cell compartment in
HIGM2 patients in comparison with healthy controls (Fig-

(red) B cells. Gene expression data obtained from BLUEPRINT database. FPKM refers to fragments per kilobase of transcript per million mapped reads.
(C) Results of gene set enrichment analysis using GREAT software. The plot depicts the top five enriched terms for five annotation databases ranked by
P-values from the binominal distribution. All the depicted enriched terms passed a significance threshold of adjusted P-value < 0.05. (D) Smoothed DNA
methylation data of BATF-associated DMRs in HIGM2 naive B cells and H3K27ac ChIP-seq signal, super-enhancer and enhancer location in GC B cells.
H3K27ac ChIP-seq data obtained from BLUEPRINT database. (E) Bubble scatter plot of transcription factor ChIP-seq peaks determined in GM 12878
lymphoblastoid cell line in regions that correspond to DMRs identified in HIGM?2 naive B cells. Transcription factors downstream of BCR signaling are
colored according to the transcription factor family. Bubble size corresponds to the logarithm of adjusted P-values. ChIP-seq data were obtained from
ENCODE consortium (31). FDR refers to false discovery rate. (F) Box and violin plots summarizing the distribution of DNA methylation of regions
that correspond to HIGM2-identified DMRs in resting B cells (Unstimulated), B cells activated with CD40L/IL4 and B cells infected with Epstein-
Barr virus (EBV). Data of resting and activated B cells obtained from Hansen ez al. (36) (G) Dot plot showing the DNA methylation values determined by
pyrosequencing of naive B cells (naive) and B cells activated with anti-BCR /CD40L/IL-21 (activated) from healthy donors. (H) Venn diagram representing
the overlap between BATF and IRF4 ChIP-seq peaks in the GM 12878 cell line. (I) Dot and bar plot representation of BATF ChIP-qPCR results of naive
B cells (naive) and naive B cells activated with anti-BCR/CD40L/IL-21 (activated) from healthy donors. Statistical tests: Student’s ¢-test (G, I) (* P-value
< 0.05, ** P-value < 0.01, ns is not significant).
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Figure 5. RNA sequencing analysis of naive B cells transcriptomes from HIGM?2 patients and healthy donors. (A) Volcano plot representation of the
transcriptomic comparison of HIGM?2 with control naive B cells. In blue, genes that are differentially expressed (absolute of fold change >2 and adjusted
P-value < 0.05). (B) Gene Ontology analysis representation of differentially expressed genes. All represented categories are statistically significantly enriched
(adjusted P-value < 0.05). Gene ratio refers to the ratio between the unique genes present in the DMRs that are associated with a Gene Ontology term
and all the genes potentially included in that ontology gene set. Dot size represents the number of times each term is represented in the DMRs. Dot
color represents adjusted P-value. (C) Heatmap representation showing TF activity predicted using DoRothEA from mRNA expression of differentially
expressed genes in control and HIGM2 naive B cells. Color represents normalized enrichment scores (NES) where blue and red represent a decreased and
increased activity, respectively, in comparison to background. (D) Correlation between DNA methylation differences and gene expression scaled counts
ratio in naive B cells from HIGM2 and controls. Colors represent genetic context location. (E) Box and violin plot representation of expression values per
sample group from the genes associated with hypomethylated DMRs in HIGM?2 naive B cells. Statistical tests: Spearman’s rank correlation test (D) and
two-tailed unpaired Wilcoxon’s (E) (ns is non significant).

ure 6A, B). We did not find an expansion of 9G4™ cells in
HIGM2 patients with respect to controls (Figure 6C). How-
ever, we observed a significant increase of mean fluorescence
intensity for 9g4 staining (Figure 6A, D), as well as, an ex-
pansion of high 9g4™ naive B cells (Figure 6E). Next, we
determined the methylation status of a selection of genes
by pyrosequencing of 9G4~ (non-autoreactive) and 9G4*
(autoreactive) naive B cells and found that autoreactive B
cells had lower levels of DNA methylation than their non-
autoreactive counterparts (Figure 6F). Overall, our results
suggest that the demethylation in naive B cells of HIGM2
patients compared with control donors is associated with

an expansion of pre-activated autoreactive naive B cells as
a consequence of central B cell tolerance impairment medi-
ated by AID deficiency.

DISCUSSION

Our results show that AID deficiency in HIGM?2 syndrome
results in the acquisition of aberrant DNA methylation
profiles in naive and memory B cells. First, we observed
the presence of HIGM2-associated DNA methylation al-
terations occurring in the transition from naive to memory
B cell in which the majority are due to DNA replication-
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Figure 6. Central B cell tolerance impairment by AID deficiency. (A) Representative example of strategy for sorting naive autoreactive B cells. (B) Dot plot
showing the percentage of naive B cells in the B cell compartment of HIGM2 patients and controls. (C) Dot plot showing the percentage of autoreactive
naive B cells in the naive B cell compartment of HIGM2 patients and controls. (D) Dot plot showing the mean fluorescence of 9g4* gate. (E) Dot plot
showing the percentage of high 9g4* naive B cells in the naive B cell compartment of HIGM2 patients and controls. (F) Dot plot showing the DNA
methylation values determined by pyrosequencing of control naive B cells (naive), HIGM2 patient 9g4~ naive B cells (9g4~) and HIGM?2 patient 9g4*
naive B cells (9g4"). Statistical tests: student t-test (* P-value < 0.05, ns is not significant).

mediated mechanisms. Second, compared to AID mouse
models, we observed that AID may not be directly involved
in the small proportion of those DNA methylation alter-
ations attributable to active demethylation. Third, the com-
parison of naive B cells in HIGM2 and healthy controls
showed premature demethylation of genes downstream of
the BCR in AID-deficient individuals, which was associated
with the expansion of autoreactive B cell clones prior to the
GC reaction. This reinforces a novel role for AID in pre-
venting the expansion of autoreactive B cell clones, affect-
ing the DNA methylation profiles of naive B cells.

Our study indicates that AID does not play a direct role in
mediating active demethylation in the transition from naive
to memory B cells. This transition is associated with the
highest proportion of DNA methylation changes of the en-
tire B cell differentiation process (20,21) and also coincides
with the highest peak of AID expression. Previous studies

addressing the potential participation of AID in demethy-
lation had not considered late-replicating domains or the
relationship between DNA methylation changes and the
genomic features of AID targets. In our study, we deter-
mined that most of the changes taking place during the
transition from naive to memory B cells occur through pas-
sive demethylation. It is possible that memory B cells of
healthy controls undergo more divisions than HIGM2 pa-
tients, similarly to what has been described for Aicda /-
mice (61). This could explain the partial impairment of pas-
sive demethylation in HIGM?2 patients. For active changes,
no associations with AID targets were found. These find-
ings are also in line with those by Alvarez-Prado et al. (39),
which indicated that AID-mediated mutation frequencies
are too low. Such low frequency would be unlikely to pro-
duce a perceptible effect at the level of DNA methylation.
In relation to the results obtained by Dominguez and col-
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leagues (13), it is remarkable that even without the removal
of PMDs in their analysis, the overlap between the DNA
methylation changes and AlD-associated dsDNA breaks
was very small, which again reinforces the notion that AID
may not be directly involved in DNA demethylation events
of B cell maturation. A limitation of our analysis was the
lack of effective human models to study the direct contribu-
tion of AID activity to active demethylation. Therefore, we
cannot discard the possibility that the use of mouse models
may not be directly attributable to the functions of human
AID in the context of HIGM2. However, comparing Aicda-
/- mouse model with a mouse model deficient for BER and
MMR pathways (Ung-/- Msh2-/-), we were able to deduce
that DNA methylation during B cell maturation, at least in
mice, was not dependent on AID enzymatic activity. Fur-
thermore, there is a 92% identity between mouse and human
AID protein sequences, in which the catalytic and hotspot
recognition domains are conserved.

Another limitation of our analysis is that we work under
the assumption that all deaminase activity is attributed to
AID and that no other targets exist apart from AID off-
targets and Ig genes. Without further evidence, we cannot
effectively conclude that AID enzymatic activity is not es-
sential to mediate DNA demethylation during B cell mat-
uration. Moreover, AID hotspots were originally identified
as genomic locations of SHM (29), but further experiments
would be required to verify that they are direct targets of
AID deaminase activity in the context of human B cells.

A second major conclusion of our study concerns the
identification of DNA methylation defects in naive B cells
from HIGM2 patients in relation to healthy controls. Cus-
tomarily, AID expression has been regarded as being re-
stricted to GC B cells, but some evidence suggests that AID
may also have a role in central B cell tolerance (48,49,62).
Along this line, during B cell development, these cells not
only become activated in the GC but also in previous stages
of differentiation in the bone marrow, where self-reactive
immature B cells are activated in a process character-
ized by the upregulation of both AID and recombination-
activating gene 2 (RAG2) and the downregulation of the
anti-apoptotic MCL-1 (63). In this context, AID activity
increases the probability of genomic damage with the sub-
sequent activation of apoptosis through p53, which is also
enhanced by the inhibition of the anti-apoptotic proteins
BCL2 and MCL-1 (49). At this point, self-reactive imma-
ture B cells that are unable to correct their affinity for
self-antigens by receptor editing are eliminated. In patients
with AID deficiency, this mechanism of cell removal is im-
paired and autoreactive cells accumulate (49). Indeed, we
noted that HIGM2 patients accumulated more autoreac-
tive B cells than healthy donors, a finding that is compati-
ble with the previously described high frequency of autoim-
mune disorders in this type of patients (58). The failure in
AID function in these patients could be responsible for the
smaller degree of genomic damage that promotes the ex-
pansion of autoreactive naive B cells. These self-reactive B
cells, owing to the persistent activation of their BCR dur-
ing negative selection in the bone marrow, display a more
demethylated profile in genes downstream of the BCR com-
pared with non-autoreactive naive B cells. However, we have
only replicated this data in a selected number of CpGs and

Nucleic Acids Research, 2021, Vol. 49, No. 9 5071

cannot assume that the pre-activation of autoreactive naive
B cells in HIGM2 accounts for all the observed alterations
in genome-wide DNA methylation. It is possible that other
mechanisms may actively contribute to this phenomenon.
Our results, therefore, indicate that the enhanced demethy-
lation of BCR downstream targets in HIGM2 naive B cells
may be the result of the expansion of autoreactive B cell
clones as a consequence of the absence of AID. Further-
more, in order to generalize our findings to all variants of
HIGM2 it would be important to extend these analyses to
a bigger cohort of patients with different genetic mutations
of the AICDA gene (38), as they can have a different impact
on B cell function.
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