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Abstract

Antibodies are a vital part of the immune system that provide protection against infectious
diseases, but they have also been implicated in the development of autoimmune disease. While the
fragment antigen-binding (Fab) domain of the antibody plays an important role in neutralization,
the fragment crystallizable (Fc) region of the antibody binds to Fc receptors on innate immune
cells to activate cellular effector functions, including antibody-dependent cellular toxicity (ADCC)
and antibody-dependent cellular phagocytosis (ADCP). These functions are important for
protection in infectious disease, but overactivation can lead to autoimmunity. Many different
antibody and Fc receptor features contribute to these processes and thus it is difficult to unravel
the role of each in ADCC and ADCP. As an additional layer of complexity, these features are
highly variable across individuals, depending on personalized genetic and environmental factors.
Newly developed systems serology approaches offer the opportunity to gain unique quantitative
insight into these complex systems in both infectious and autoimmune diseases. In this work, we
use systems serology to study the role of Fc effector functions in an autoimmune disease (Sjogren’s
syndrome) and in two different infectious diseases (SARS-CoV-2 and HIV). We show how these
approaches can identify novel biomarkers, enable better understanding of disease heterogeneity,
and provide new insights that may guide the development of diagnostic tools and therapeutic

strategies.

Using data-driven systems serology approaches in Sjogren’s syndrome, an autoimmune disease
that causes dry mouth and dry eye, we found antibody/FcR signatures involving FcyRIla and
FcyRlIlla responses to classical antigens (such as Ro and La) were elevated in Sjogren’s patients.
We also found that non-classical antigen signatures were elevated in non-Sjogren’s Sicca patients,
as well as seronegative Sjogren’s patients who had lower levels of classical antibody responses.
Overall, this suggests a new mechanism whereby FcR activation via both classical and non-
classical autoantigen binding could play a role in disease pathogenesis. These results provide

important insight into biomarkers that could be used for diagnosis. In SARS-CoV-2, we were able

Xiv



to identify cross-reactive SARS-CoV-2 antibody signatures that distinguished between pre-
pandemic healthy children and elderly, providing the novel insight that elderly had more cross-
reactive responses to human coronaviruses, while children had more targeted, SARS-CoV-2-
specific responses. Furthermore, data-driven approaches identified an antibody signature that
distinguished between a small sample size of COVID-19 infected individuals and healthy controls,
driven by elevated FcyRIlIla responses. These results provided some of the first evidence to help
understand differences in disease severity in younger children versus older adults early in the
COVID-19 pandemic. Lastly, we employed mechanistic ordinary differential equation (ODE)
models to gain insight into Fc effector function in HIV. A new model with two different FcR types
was able to help us explore the complex dynamics between FcyRIla and FcyRIlla activation,
depending on complex balances of antibody subclass concentrations and binding affinity related
to host genetic background. The model revealed optimal combinations of IgGl and IgG3
concentrations for maximizing ADCP and ADCC respectively. Surprisingly, the model also
revealed a new mechanism whereby increases in IgG3 could decrease ADCP. Simulations specific
to different tissues indicated that that host genetics (Fc receptor polymorphisms) may influence
responses in the blood but are not expected to contribute to differences in mucosal tissues. Overall,
these approaches provide new knowledge that could help guide future vaccines and therapeutic

interventions, specific to desirable Fc effector functions.
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Chapter 1 Introduction

Antibodies (Abs) are a vital component of the immune response, required for protection
against infection from foreign pathogens, but failure to distinguish between “self” and “non-self”
antigens can lead to autoimmune disease.! The immune system defends against infectious diseases
and even has the ability to eliminate pathogenic cancer cells. These processes are activated by
protein and chemical compounds called antigens that are present in foreign cells and recognized
by Abs. In autoimmune disease, innocuous antigens can mimic true invaders causing
overstimulation of the immune system resulting in inappropriate immune response and/or
allergies. In order to better understand this complex balance of appropriate immune responses
(Figure 1-1), computational systems biology approaches (“systems serology”) have been applied.
These systems serology approaches enable quantitative evaluation of the relationship between Ab
features and immunological function.? Depending on the type of data and prior knowledge
available, systems serology approaches offer the ability to: 1) use high-throughput data to infer
new relationships between antibody features that classify disease states (“data-driven
approaches”); and 2) gain new insight into quantitative mechanistic relationships (“theory-driven
approaches”) that drive immune behavior. Together these approaches enable an understanding of
Ab signatures that differentiate disease state and give quantitative mechanistic insight into how
these feature differences translate to function. In this study, we will apply data- and theory-driven
systems serology approaches to infectious diseases and an autoimmune disease to give new insight

into disease pathogenesis and to identify new quantitative mechanisms associated with immune



function. In particular, we will use these approaches to study the role of antibody-mediated Fc

o,

effector functions.
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Figure 1-1: Overview of the immunity balance.

Too little immune response can lead to infection and cancer while immune overstimulation can cause autoimmunity
and allergies.

1.1 Fc Receptors and antibody-mediated effector functions

Abs generally provide protection against infection by “neutralizing” or tightly binding to
pathogens via the Fab portion of the antibody, but can also activate the innate immune system (via
the Fc portion of the antibody) to induce cellular functions including antibody-dependent cellular
phagocytosis (ADCP) and antibody-dependent cellular cytotoxicity (ADCC) via cellular Fc
receptors.’ These functions are enacted when antibodies bind antigen and then form immune
complexes (antibody IgG dimers bound to antigen), in turn to bind different types of Fc receptors,
namely the Fc gamma receptor, with FcRIla being primarily found on monocytes for phagocytosis
and FcRIII found mainly on natural killer (NK) cells to secrete cytotoxic factors.* FcR receptor
polymorphisms have been identified, which can affect the binding affinity of IgG to the FcR. For
example, FcRIIa-H has a higher affinity for IgG than FcRIla-R and FcRIIla-V has a higher affinity
than the FcRIIla-F polymorphism. Individuals can be homozygous or heterozygous for these
polymorphisms, further complicating the system. There are multiple points within the system

where heterogeneity can occur, as shown in Figure 1-2. This leads to a complex system that suits



itself well to systems serology approaches, which combine high-throughput experimental methods

with computational methods to evaluate a system with complexity and high variability.

(1) Antibody binds antigen | | (z) Additional Abs bind (3) Dimer binds FcR + forms ﬁ S
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Figure 1-2: Variability within Fc activation system

Stepwise Fc receptor activation from binding of antibody to antigen, to the binding of FcRs on immune cells to
intiate cellular effector functions. Potential areas for variability within the system labeled with stars.

1.2 Data-driven and theory-driven approaches in systems serology

Systems serology encompasses both data-driven (or machine learning) techniques and
theory-driven (or mechanistic) techniques.’ !> Determining which type of model to use depends
on several factors. Data-driven modeling is useful when analyzing high dimensional datasets
without clear underlying principles because classification and clustering models can help provide
meaningful insights with knowledge of mechanism. Unsupervised machine learning techniques
are a great initial option for analysis because they are unbiased without providing knowledge about
which class the data belongs to. These techniques are most useful for diseases like COVID-19 or

Sjogren’s, in which patterns have been observed, but not much is yet known about the underlying



mechanisms of disease. Theory-driven models are more useful when there is some knowledge
about the rules governing a system and simulations are desired to explore complex systems. They
are especially useful when data-driven techniques have already identified patterns and principles,
and the goal is to perform hypothesis testing or simulated interventions. Mechanistic mathematical
models can be especially useful when in vivo or clinical testing is difficult or impossible. Theory-
driven models of a disease such as HIV, which has a plethora of available research, allow us to
take the information we know and test different circumstances to gain more information about the
system. In this work, we will use both methods depending on the research question of interest: in
COVID and Sjogren’s, we would like to find patterns in the data using data-driven techniques, and
in HIV, we will perform hypothetical simulations based on physiologically relevant parameters in
a theory-driven mathematical model. In order to understand the current state of knowledge on these

diseases, first a brief summary of the pathology of each condition will be discussed.
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Figure 1-3: Systems serology modeling approaches.

High-throughput experimental assays measure functional data which can be used for theory-driven modeling when
mechanisms are known and data-driven modeling when little is known about a complex system.



1.3 Coronavirus Infectious Disease 2019 (COVID-19) and SARS-CoV-2 pathology

Coronavirus disease 2019 (COVID-19) is an infectious disease caused by the severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) that has caused global disease burden and
mortality as well as unprecedented social and economic disruption.'® At the time of this study, the
body of research for COVID-19 was rapidly growing, and yet it was still unknown how cross-
reactive antibody responses and Fc receptor activation contributed to a wide range of disease
severity. Although risk factors for severe illness included comorbidities (such as cardiovascular
disease, diabetes mellitus, lung disease, kidney disease, obesity, and cigarette smoking) and blood
type,!” the largest differences in disease severity were observed with age. Children more
commonly have asymptomatic or mild disease and fewer incidences of severe outcomes. This
trend was even more prominent when comparing case fatality among young children and elderly
individuals; at the peak of the pandemic in January 2021, there were 70 weekly deaths due to
COVID-19 per 100,000 elderly individuals and only 0.01 weekly deaths due to COVID-19 per
100,000 individuals ages 0-5.!® It still remains largely unknown what other factors contribute to
the heterogeneity of disease severity and what mechanisms are primarily responsible for the clear
difference in disease severity between pediatric and elderly populations.!” One theory was that
older adults had repeated exposures to human coronaviruses (a common cold) and therefore had
existing cross-reactive Abs and created a skewed, off-target response.' There are still many gaps
in our knowledge about coronavirus cross-reactivity and antibody responses. A better
understanding of antibody responses and Fc receptor activation will be essential for continuing to
monitor waning natural and vaccine-induced immunity and coverage of variants. Given the

minimal information known at the start of the pandemic, a data-driven systems serology approach



was most appropriate to address these questions by identifying signatures of key antibody features

that could describe differences between groups.

1.4 Sjogren’s syndrome pathology

While antibody responses are generally thought to be important to maximize in infectious
diseases like COVID-19 (except in rare cases, such as antibody-dependent enhancement), in
autoimmune disease, pathogenic autoantibody responses can result in tissue destruction. Sjogren’s
syndrome is an example of an autoimmune disease of the exocrine glands that causes dry eyes and
mouth, leading to significant patient discomfort and decreased quality of life.!” While many studies
have associated individual autoantibodies with Sjogren’s syndrome, causing them to be used as
part of diagnosis, the pathogenesis, role of Fc receptor activation, and clinical relevance of the
autoantibodies are not fully understood. The pathogenesis is thought to be a multistep process,
beginning with an environmental trigger, such as viral infection, in a genetically predisposed
person.?® Autoreactive B cell clones then generate autoantibodies, which cause chronic
inflammation of the lacrimal and salivary glands.?! Many different autoantibodies have been
identified, with anti-Ro/SSA and anti-La/SSB present in 60-80% of patients.?? These Abs, along
with non- specific antinuclear antibodies (ANA) can be used to aid with diagnosis. There is no
single diagnostic test for Sjogren’s, although there are widely accepted criteria for diagnosis. The
American College of Rheumatology/European Alliance of Associations for Rheumatology
(ACR/EULAR) criteria are most widely used and utilize a weighted scoring system.?*** The score
includes salivary gland sialadenitis (3), anti-Ro/SSA positivity (3), the ocular staining score (1),
Schirmer (eye dryness) test (1), and salivary flow rate (1), with a summed score of greater or equal
to 4 to qualify for diagnosis. Diagnosing disease in patients who are seronegative (do not test

positive for Ro or La Abs) remains a challenge. Treatment is also difficult and is generally aimed



at reducing symptoms, although those with moderate and severe involvement can require systemic
immunosuppressants.?> The exact mechanism is not yet fully understood, and while Fc receptor
variants have been identified in association with other autoimmune diseases, the role of Fc receptor
activation in Sjogren’s syndrome remains unclear.?® Due to the limited knowledge of mechanisms
playing a role in disease, data-driven techniques are preferred for identifying key sets of antibody
signatures that can distinguish between healthy controls and Sjogren’s patients, as well as between

healthy controls and seronegative Sjogren’s patients.

1.5 Human Immunodeficiency Virus (HIV) pathology

Much like COVID-19, HIV is an antigenically variable virus that can mutate rapidly to
evade the immune system. HIV is a sexually transmitted infection that can also be transmitted
through the blood or breastmilk. The virus destroys T-cells, thereby weakening the immune system
and increasing the risk of opportunistic infections. Acute HIV infection often presents similarly to
other viral infections like Epstein Barr Virus (mononucleosis), with fever, sore throat, and
lymphadenopathy. Chronic infection without treatment can lead to Acquired Immunodeficiency
Syndrome (AIDS) when the T-cell count decreases below 200. Antiretroviral therapy (ART) is
highly effective if taken properly, but prevention remains an important approach to control the
spread of disease, especially in asymptomatic individuals. Pre-exposure prophylaxis is up to 92%
effective,?” but access can be prohibitory. There has been one clinical vaccine trial (RV 144) which
showed significant efficacy against infection (60%), but follow-up studies have had mixed results
in the mechanism behind this result.?®>? It is thought that broadly neutralizing Abs are less
effective in viruses that mutate rapidly because of the need for tight antigen-antibody bonding for

neutralization to occur. Previous work using data-driven systems serology analysis has revealed



that RV144 was thought to increase ADCC responses, and increased levels of IgG1 and IgG3 led
to higher Fc effector functions.®

While data-driven systems serology approaches have been valuable for identifying
associations between groups regarding Ab levels and FcR activation, the remaining challenge is
that these models do not consider the driving mechanisms behind the associations. A mechanistic
ordinary differential equation model provides the added value of integrating knowledge of IgGs
and Fc receptor activation and has the capability to run targeted simulations to explore the
mechanistic reasoning behind the disease pathogenesis. Furthermore, mechanistic models are
useful for exploring parts of the system that would be difficult to test experimentally or clinically,
due to the ability to easily simulate interventions via hypothesis-driven modeling.

Recent work from our lab has highlighted the value of these mechanistic models for
exploring personalized differences in antibody and Fc receptor features contribute to variation in
FcR activation after HIV vaccination. Lemke et. al (2021) created an ordinary differential
equation- (ODE-) based model to determine how personalized variability in IgG subclass
concentrations and binding affinities influenced IgG-FcgRIIla complex formation.’ They validated
the model with samples from the Human Immunodeficiency Virus (HIV) RV144 vaccine trial,
which induced Fc effector responses rather than neutralizing antibodies. They found that IgGl
affinity to FcRIlla is the most important parameter for FcR activation and that there was an IgG1
boosting plateau at which further boosting would not increase FcR activation in certain individuals.
One limitation of this model, however, was that it only included one FcR type, FcRIIla. In reality,
there are multiple FcRs present which compete with each other for IgG binding. Our model

structure, will better be able to consider multiple FcR types present, and the resulting competition



between substrates and receptors which ultimately affects the balance between Fc effector

functions.

1.6 Structure of Thesis

A systems biology approach will help address the gaps in our understanding of how
antibody responses and FcR function contribute to heterogeneity of disease in COVID-19,
Sjogren’s syndrome, and HIV and will allow us to gain a deeper understanding of complex
antibody responses. A key uniting feature to these aims is a collaborative multidisciplinary team
that allows for experimental and computational techniques to be used in parallel to provide new
systems-level insight into diseases. In this work, we will use both data-driven and theory-driven
systems serology approaches to address gaps in knowledge about antibody responses in infectious
and autoimmune diseases, in particular COVID-19, Sjogren’s syndrome, and HIV. Data-driven
approaches will allow us to look for sets of antibody signatures that can differentiate between
disease groups or disease severity in diseases with less knowledge about pathogenesis, such as
COVID-19 and Sjogren’s syndrome. For HIV, a mechanistic theory-driven that builds on insight
from previous data-driven models (such as Lemke et al. (2021)°) will allow us to better understand
the relative importance of multiple parallel the Ab features and their mechanistic contribution to
heterogeneity in FcR functions across individuals. The thesis is organized via the following
specific aims:

Aim 1 (Chapter 2) will utilize data-driven modeling to identify antibody signatures that
are associated with disease heterogeneity in COVID-19. Aim 1a will evaluate the differences in
coronavirus cross-reactivity between healthy children, adults, and elderly using pre-pandemic
plasma samples. Aim 1b will examine the differences between coronavirus antibody signatures in

individuals with COVID-19 vs. age-matched healthy individuals. Aim 1c¢ will look at the



differences between antibody signatures in mild vs. severe COVID-19 disease. Results will give
insight into the relationship between key antibody features that differ based on age and disease
severity. This work is published in Nature Communications.'°

Aim 2 (Chapter 3) will use data-driven approaches to identify antibody signatures
associated with Sjogren’s syndrome, an autoimmune disease. Aim 2a will examine the differences
between healthy controls and patients with Sjogren’s syndrome. Aim 2b will investigate the
differences between healthy controls and non-Sjogren’s Sicca patients, as well as between healthy
controls and seronegative Sjogren’s patients. Results will identify networks of antibody features
associated with Sjogren’s syndrome and disease severity. This work is currently in submission.

Aim 3 (Chapter 4) will build on an existing ODE model to unravel mechanisms driving
FcR activation in HIV infection and vaccination. In this aim, we will apply an ordinary differential
equation (ODE) model with two types of Fc receptors and evaluate the activation of effector
functions such as antibody-dependent cellular cytotoxicity (ADCC) and antibody-dependent
cellular phagocytosis (ADCC) through binding of various IgG subclasses and autoantigen. This
will help identify how differences in Ab concentration in individuals drive differences in Fc
effector functions. Results can be used to understand how therapeutic interventions that modify

antibody concentrations may have a variable impact on Fc effector functions across individuals.
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Chapter 2 Systems Serology Detects Functionally Distinct Coronavirus Antibody Features
in Children and Elderly
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2.2 Abstract

The hallmarks of COVID-19 are higher pathogenicity and mortality in the elderly
compared to children. Examining baseline SARS-CoV-2 cross-reactive immunological
responses, induced by circulating human coronaviruses (hCoVs), is needed to understand such
divergent clinical outcomes. Here we show analysis of coronavirus antibody responses of pre-
pandemic healthy children (n=89), adults (n=98), elderly (n=57), and COVID-19 patients
(n=50) by systems serology. Moderate levels of cross-reactive, but non-neutralizing, SARS-
CoV-2 Abs are detected in pre-pandemic healthy individuals. SARS-CoV-2 antigen-specific Fcy
receptor binding accurately distinguishes COVID-19 patients from healthy individuals,
suggesting that SARS-CoV-2 infection induces qualitative changes to antibody Fc, enhancing
Fcy receptor engagement. Higher cross-reactive SARS-CoV-2 IgA and IgG are observed in
healthy elderly, while healthy children display elevated SARS-CoV-2 IgM, suggesting that
children have fewer hCoV exposures, resulting in less-experienced but more polyreactive
humoral immunity. Age-dependent analysis of COVID-19 patients, confirms elevated class-
switched Abs in elderly, while children have stronger Fc responses which we demonstrate are
functionally different. These insights will inform COVID-19 vaccination strategies, improved

serological diagnostics and therapeutics.

2.3 Introduction

Since the first reported coronavirus disease 2019 (COVID-19) patient in December
2019,3! the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has become a global
pandemic, infecting millions of individuals worldwide.*?> Though the majority of COVID-19
patients experience mild symptoms, approximately 20% of cases have more severe disease

outcomes involving hospitalization or intensive care treatment, especially in those with
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underlying co-morbidities such as diabetes and cardiovascular disease.** Furthermore, COVID-
19-related morbidity and mortality is significantly higher in the elderly population and almost
absent in school-aged children.?* A disproportional outcome in disease severity with increasing
age is not unique to the SARS-CoV-2 pandemic and has been observed during previous
influenza pandemics.®> Understanding whether baseline pre-existing immunological responses,
induced by previous exposure to seasonal coronaviruses, contribute to such differences may
provide important insights into the divergent clinical outcomes between children and elderly.
Antibodies (Abs) are a vital component of the immune response with demonstrated
importance in the control of most viral pathogens. However, their ability to respond to new
pathogens can be largely affected by age. In influenza studies, elderly donors have increased
levels of IgG and IgA antibodies directed to a broad range of historic influenza viral strains, but
have decreased ability to generate de novo antibodies towards novel influenza viruses.*® In
comparison, children seem to benefit from more promiscuous antibody responses, better

equipped to deal with novel viruses in general.’’

Apart from playing a key role in virus
neutralization, Abs also have the capacity to engage Fc Receptors (FcRs) or complement to
induce a range of Fc-effector functions, including Ab-dependent cellular cytotoxicity (ADCC),
Ab-dependent cellular phagocytosis (ADCP) and Ab-dependent complement activation
(ADCA)® among others. Abs eliciting Fc-mediated functions are not limited to targeting just
neutralizing viral epitopes, such as the SARS-CoV-2 receptor binding domain (RBD), but may
instead utilize any available epitope derived from viral proteins®. Indeed, non-neutralizing Abs
have been shown to be protective against various virus infections by mediating Fc-effector

functions.*®* A previous SARS-CoV (also called SARS-CoV-1) study associated ADCP with

viral clearance*’; individuals expressing a higher affinity FcyRIla (CD32a)-H131 polymorphism,
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associated with enhanced Fc functions, had better disease outcomes.*'**> A recent study from
Schifer et al. also demonstrated that the loss of Fc-effector function in mice models significantly
impaired the potency of several protective anti-SARS-CoV-2 antibodies in vivo. However, Fc
functional Abs may also enhance infection or pathology through Ab-dependent enhancement
(ADE), previously observed in some SARS-CoV-1 animal vaccine and in vitro studies.**** ADE
has the potential to turn mild infections into life-threatening conditions, as exemplified by
dengue virus infections, in which non-neutralizing cross-reacting antibodies can exacerbate
disease progression.*> Although cross-reactive antibodies to SARS-CoV-2 antigens, such as the
nucleoprotein (NP) and spike 2 (S2), have been detected in uninfected individuals, it is not
understood whether ADE could contribute to poorer disease outcome amongst COVID-19
patients, particularly amongst the elderly.*® Given the alarming rise in COVID-19 deaths,
particularly amongst the elderly, it is imperative to profile the impact of age on CoV antibodies.
Here, we present evidence of markedly different Ab signatures between pre-pandemic healthy
children and elderly samples. We further contrast the pre-pandemic antibody signatures observed
in healthy individuals with those of COVID-19-infected patients, children and elderly, to provide
a broader context for the implications of these systems serology signatures for disease outcome

and future vaccine development strategies.
2.4 Results

2.4.1 Distinct systems serology signatures in children versus elderly

In-depth characterization of cross-reactive SARS-CoV-2 Ab responses in healthy
children compared to healthy elderly is needed to understand whether pre-existing human
coronavirus (hCoV)-mediated Ab immunity potentially contributes to COVID-19 disease

outcome. We designed a cross-reactive CoV multiplex array, including SARS-CoV-2, SARS-
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CoV-1, MERS-CoV and hCoV (229E, HKU1, NL63) spike (S) and NP antigens (Figure 2-1).
We assessed CoV-antigen-specific detector levels of isotypes (IgG, IgA, IgM) and subclasses
(IgG1, IgG2, 1gG3, 1gG4, IgAl, IgA2), along with C1q binding (a predictor of ADCA via the
classical pathway) and FcyRIIa (CD32a), FcyRIIb (CD32b) and FcyRIIla (CD16a) soluble dimer
engagement (recombinant dimers which mimic FcyR engagement at the immunological synapse
and had been previously shown to correlate with a range of Fc-effector functions)*’ (Figure
2-1b). A composite dataset of baseline CoV Ab features (14 CoV antigens x 14 detectors, thus
196 Ab features) was generated for the plasma of 89 children, 98 adults and 57 elderly
individuals (Figure 2-1c).

To begin, we compared CoV Ab responses between children and elderly. Accounting for
multiple comparisons, we identified that 58 of the 196 (29.6%) antibody features were
significantly different between the two age groups (all p <0.00037; Figure 2-2a). Children
(orange) were characterized by elevated IgM Ab responses targeting a range of CoV antigens,
including several SARS-CoV-2 antigens (S, NP and RBD). Furthermore, SARS-CoV-2 spike-
specific Abs engaged the high-affinity FcyRIla-H131 soluble dimers, previously associated with
better disease outcome against SARS-CoV-1.#! FcyRIla (CD32a) is found on phagocytes such as
macrophages, neutrophils and dendritic cells (DCs) and mediates Ab-dependent functions such
as ADCP among others.*’ In contrast, the antibody response in healthy elderly individuals (dark
blue) was characterized predominantly by IgA and IgG antibodies directed against a range of
CoV antigens, including SARS-CoV-2 S and RBD. In particular, hCoV-specific Abs were found
to engage soluble FcyRIIla dimers. FcyRIIla (CD16a) can be found on NK cells and phagocytes
such as monocytes and macrophages, and mediates Ab-dependent functions such as ADCC and

ADCP. 4748
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Pathogen Protein Acronym 1;;'::;":.:;‘ Source Cat# Expression Tag Accession # Amino Acid
SARS-CoV-2 Spike 1 SARS2 81 100pg Sino Biological ~ 40591-VO8H ~ HEK203  His  YP_009724390.1  Vali6-Arg6ss
SARS-CoV-2 Spike 2 SARS2 §2 100ug Sino Biclogical  40590-V08B Insect His  YP_009724390.1 Ser686-Pro1213

SARS-CoV Spike SARS1S 100pg Sino Biological ~ 40150-V0881 Insect His  AAX16192.1 Met1-Arg667
HCoV-229E Spike HCoV 229E § 100pg Sino Biological ~ 40601-VOBH ~ HEK203  His  APT69883.1 Cys16-Asn536
HCoV-HKU1 Spike HCoV HKU1 § 100ug Sino Biological ~ 40021-V08H ~ HEK203  His  YP_173238.1 Met1-Arg760
SARS-Covz  RecRorBindng  gapsareD 49749 Florian Krammer HEK203  His  MNOOB9473  Argd1o-Phe5dd
SARS-CoV-2 Trimeric S SARS2 Trimer 100pg Adam Wheatley HEK293 His  YP_009724389.1 Met1-Lys1208
SARS-CoV-2 SClamp SARS2 SClamp 100pg vat

MERS-CoV' SClamp MERS SClamp 100pg uat
SARS-CoV-2 Nucleoprotein SARS2 NP 100ug Sino Biclogical ~ 40588-V0BB Insect His YP_009724397.2  Meti-Alad19

SARS-CoV Nucleoprotein SARS1 NP 100pg Sino Biological  40143-V08B Insect His  NP_828858.1 Met1-Alad22

MERS-CoV' Nucleoprotein MERS NP 100ug Sino Biological  40068-V088 Insect His  AFS88943.1 Met1-Aspé13
HCoV-229E Mucleoprotein  HCoV 229E NP 40ug Prospec-Tany SARS-001 E. Cali His Q1HVQ0 lle39-Asn389
HCoV-NLE3 Nucleoprotein HCoV NLE3 NP 40ug Prospec-Tany SARS-003 E. Coli His ABET73423 GIn221-GIn340

C. Tetani* Tetanus Toxin® Tetanus 100pg Sigma T3194

nfluenza AHINI® o tinine H1Cal2008 100pg Sino Biological ~ 110B5-VOBH ~ HEK293  His  ACP44189.1 Met 1-Gin 529
(A/Calif07/2009) ;
* Tetanus toxin and influenza in were used as
* UQ = University of Queensiand
bi i iii iv v

Detectors: FeyR2aH, FeyR2aR

Detectors: Pan-gG, lgG1-4, lgA1-2 Fexitzh, FeoRaoV, FeaaF Detector. Ight Detector. Clg |
Bead coupied Add plasma Add anti-g Ruad piste Add soluble FoyR | Add Streptavidin Add Add Streptavidin Add C1g-biotin |
with antigen (Containing Abs) detector-PE dimers-biotin R-PE (SAPE) antiight-biotin RPE SAPE tetramer ~

4 & || "",,s? ® )

Streptavidin v
RPE (SAPE)

14 CoV antigens per well

ci
Demographics healthy age groups and COVID19 patients
Total Age Birth year Sex # (%) Year sample obtained
Group # mean (range) mean (range) Male Female
Children 89 8(15-19) 2011 (1999-2018) 47 (52.8) 42 (47.2) 2019 (2019-2020)
Adults 98 37 (22-83)F 1980 (1950-1997)t 52 (53.1)t 46 (46.9") 2018 (2009-2020)
Elderly 57 76 (65-92) 1939 (1923-1954) 14 (24.6) 43 (75.4) 2016 (2012-2020)
CovID19 50* 47 (1-76) 1978 (1944-2020) 28 (56.0) 22 (44.0) April 2020 (Feb-Sep)
* 3 of 50 donors had two consecutive time points
" one donor unknown
cii ciii
100
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Figure 2-1: Cohort information and setup of the custom CoV multiplex.
a) Details of antigens included in the assay. b) Overview of bead-based multiplex assay. Assay setup for detectors

Pan-IgG, IgG1-4, IgA1-2 (b-i), FcyR2aH, FcyR2aR, FcyR2b, FeyR3aV, FcyR3aF (b-ii), IgM (b-iii) and Clq (b-iv).
FcyR2aH and FcyR3aV are the high-affinity variants of the dimers, while FcyR2aR and FcyR3aF are the respective
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low-affinity dimer variants. (b-v) Beads coupled to respective CoV antigens are added together into wells of a 384-
well plate for multiplexing. ¢) Overview of the demographics in the healthy donors per age group and COVID-19
patients.

Vastly different CoV serological signatures between children and elderly were also
observed when analysing the same data using systems serology® (Figure 2-2b,c¢). To identify the
minimal signature of Ab features that best distinguished children from elderly, we performed
feature selection (Elastic-Net) followed by a supervised multidimensional clustering analysis
(partial least squares discriminant analysis, PLSDA; Figure 2-2b). Fifteen Ab features selected
by Elastic-Net accurately discriminated between children and elderly (99.1% calibration, 98.6%
cross-validation accuracy), with significant separation of children and elderly PLSDA scores
across the first latent variable (LV1) on the x-axis (p <0.0001, r=21.60) (Figure 2-2c). These
data reiterated that children have elevated cross-reactive IgM responses to a range of CoV
antigens, including SARS-CoV-2 Abs that engaged FcyRIIa-H131 soluble dimers, which were
also detected in the multiple comparison analysis (Figure 2-2a). Furthermore, this analysis
supported that elderly had elevated IgA and IgG to a variety of CoV antigens, including an IgA1
response to SARS-CoV2 RBD and an IgG2 response to SARS-CoV2 NP. Similar trends were
also observed when we visualized the data through unsupervised hierarchical clustering

(Supplementary Figure A-1a).
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Figure 2-2: Vastly different SARS-CoV-2 serological signatures between healthy children and elderly

a) Volcano plot of healthy children (orange) versus elderly (dark blue), open circles are not significantly different
between two groups. Data were z-scored prior to analysis. b) PCA of all 196 Ab features for healthy children, adults
(light-blue square) and elderly. PLSDA scores (¢) and loadings plots (d). Two-tailed Spearman correlation was
performed to associate age with the strength of Ab features against the six SARS-CoV-2 antigens. Multiplex assays
were repeated in duplicates

2.4.2 Primed Ab responses to CoV’s increase with repeated hCoV exposures

A recent study by Edridge et al. confirmed that seasonal hCoVs can repeatedly infect
individuals of all ages,* hence the differences between more immature CoV-specific IgM
signatures in children and the more mature, class-switched CoV-specific IgA and IgG signatures

observed in elderly were likely due to decades of repeated prior exposures to circulating hCoVs
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in the elderly population. To explore this hypothesis, we investigated whether these differences
were gradually introduced in an aging population. A cohort of pre-pandemic healthy adults (ages
22-63) was added to the analysis, together with our children and elderly cohorts. Age was rank-
correlated (Spearman’s) with the strength of Ab responses picked up by the 14 multiplex
detectors against the six SARS-CoV-2 antigens (Figure 2-2d). While age once again clearly
segregated IgM and IgA responses, we also noticed that Ab responses towards SARS-CoV-2 S2
and NP were largely associated with increasing age. As both S2 and NP*° are more conserved
regions across CoV strains, this observation supports our hypothesis that repeated exposure to
circulating hCoV could be driving pre-existing immunity and cross-reactive responses in the
elderly. Multivariate regression analysis (partial least square regression, PLSR) and unsupervised
hierarchical clustering performed on the combined cohort, also showed similar associations

between CoV Ab responses and age (Supplementary Figure A-1b-d).

2.4.3 Immune maturation drives mature CoV Ab responses

To interrogate Ab functionality and cross-reactivity between antigens of selected CoV
signatures, we conducted a correlation network analysis, focusing upon significant correlations
of the 15 Ab features selected by Elastic-Net. The children’s network demonstrates how a range
of SARS-CoV-2 S2 Ab features correlate significantly with various features related to SARS-
CoV-1 S (Figure 2-3a, top left), while features relating to SARS-CoV-2 S1 cluster
independently (Figure 2-3a, bottom left). This is in line with our previous observations where
cross-reactivity of SARS-CoV-2 S1 signatures trended differently from that of S2, possibly due
to S2 being more conserved across CoV species.’! SARS-CoV-2 FcyRlIla was associated with
the higher affinity polymorphism-H131 (SARS2 S1 FcgR2aH in Figure 2-3a, bottom left) dimer

binding against S1, which also correlated strongly with multiple other SARS-CoV-2 Fc
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responses against S1, including FcyRIIb (FcgR2b), Clq and binding to FcyRIIla-V158 (the
higher affinity FcyRIIla polymorphism, FcgR3aV) dimers. These larger networks suggest that
children might have better capacity to engage a range of Fc-effector functions targeting the
SARS-CoV-2 S. Separately correlated IgM networks of SARS-CoV-2 antigens together with
other CoVs (Figure 2-3a, right) suggest that the [gM-dominated immature immune system in
children might be more responsive towards SARS-CoV-2 antigens and may be polyreactive in
nature, thus might be more rapidly activated upon SARS-CoV-2 infection.?’

The elderly predominantly had hCoV-driven cross-functional Ab signatures to S protein
(Figure 2-3b, top). Interestingly, while the networks were complex, and driven by both Fc-
effector functions and C1q, they were species-specific with a lack in overlap between the
networks for either circulating hCoV 229E or hCoV HKUI, unlike the more polyreactive
networks observed in the children. These findings further support the notion of pre-conceived
immunity in the elderly primed by prior exposures to circulating hCoV drive more focused
specificity. Expanding upon our prior observation of matured class-switched cross-reactive
antibodies in the elderly, a network of IgA1 and IgA2 responses were formed between SARS2
RBD and S. Similarly, networks involving IgG2 and FcyRIIa-H131 (FcgR2aH) or IgA to CoV
antigens were observed (Figure 2-3b, bottom). However, notably, these networks were largely
species-specific with minimal overlap, suggesting a more rigid immune response present in the
elderly, directed towards prior hCoV-exposed antigens. Altogether, the network analyses suggest
that children have less exposure to CoV antigens but may have a more adaptable humoral
immune responses, both in antigen recognition and Fc responses, targeted towards SARS-CoV-2
compared to elderly. Furthermore, the overall response in children is likely to benefit from the

broad polyfunctionality of the SARS-CoV-2 antibody repertoire, which may offer them greater
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non-neutralizing protection through FcyR engagement than the elderly following initial SARS-

CoV-2 exposure, in line with the theory proposed by Carsetti et al.>’
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Figure 2-3: Healthy children and elderly have differing correlation networks.

Correlation network analyses for healthy children (a) and elderly (b) identify features associated with the Elastic-
Net-selected features (blue outline). Coded by Ab feature type (colour), antigen (shape) and correlation coefficient
(line thickness).

2.4.4 HLA class 11 alleles influence CoV Ab signatures in healthy individuals

Establishment of an effective humoral immune response after infection and/or vaccination
depends on the generation of affinity-matured long-lived plasma cells and memory B cells, and
is correlated with effective activation of T follicular helper (Tru) cells.> Tr cells are activated
by presentation of viral epitopes presented by HLA class II alleles on antigen presenting cells,
such as DCs. However, a broad array of HLA class II alleles expressed in humans could affect
the activation of Try cells and thus likely to differentially shape the humoral immune responses.
Moreover, several studies demonstrate that variations in HLA class II alleles were associated
with susceptibility or resistance to several infectious diseases including MERS-CoV>*** and with

vaccine-induced Ab responses.>® Hence, we investigated whether HLA class II alleles could
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affect CoV Ab signatures observed in healthy individuals, which would improve our
understanding of the role of HLA class II alleles in shaping the Ab response upon SARS-CoV-2
infection. We analysed the antibody signatures of healthy individuals for whom HLA class II
allele information was available (children n = 84, adults » =17 and elderly n=10;
Supplementary Figure A-2). Data for all healthy donors were pooled since subsets for adult and
elderly donors were too small to analyse individually. HLA distributions per age group can be
found in Supplementary Figure A-2. To determine whether HLA class II alleles contributed to
differences in Ab predisposition, we conducted Elastic-Net and PLSDA to distinguish Ab
responses between the two most frequently observed HLA-DQB1, -DRBI1, or -DPBI1 alleles in
our cohort (Supplementary Figure A-2a, d, g). Intriguingly, HLA-DQB1*03:01 and HLA-
DQB1*06:02 were associated with distinct Ab features (Supplementary Figure A-2b, c;
calibration 86.4%, and 82.6% cross-validation accuracy), and to a minor extent between HLA-
DRB1*07:01 and HLA-DRB1*15:01 (Supplementary Figure A-2e, f; calibration 79.1%, and
76.3% cross-validation accuracy), and HLA-DPB1*04:01 and HLA-DPB1*02:01 (82.3%
calibration and 72.2% cross-validation accuracy; Supplementary Figure A-2h, i).
Discriminating features included both Ab isotypes and FcR engagement for both hCoV, SARS-
CoV1 and 2, and MERS antigens. The driving HLA class II allele behind the differences
observed between HLA-DQB1*03:01 and HLA-DQB1*06:02, and HLA-DRB1*07:01 and
HLA-DRB1*15:01 remains elusive as HLA-DQB1*06:02 and HLA-DRB1*15:01 are strongly
co-expressed in our cohort (93.9% of all HLA-DQB1*06:02 donors also expressed HLA-
DRB1*15:01; 27.6% of all HLA-typed donors expressed both HLA-DQB1*06:02 and HLA-
DRB1*15:01). Nevertheless, these results suggest that HLA class II alleles, in combination with

prior hCoV exposures, can contribute to differences in Ab predispositions in our healthy donor
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cohort. Hence, HLA class II alleles could contribute to shaping the SARS-CoV-2 Ab response
upon infection or vaccination, possibly resulting in differences in SARS-CoV2-specific Ab titres

and/or FcR engagements across individuals.

2.4.5 Distinct Fc Ab signature in COVID-19 patients

A cohort of 19 SARS-CoV-2 PCR-positive patients (Figure 2-1c-iii (closed symbols))
were screened for SARS-CoV-2 antigen-specific serological profiles (Supplementary Figure
A-3 and Supplementary Figure A-4). An individual who was SARS-CoV-2-exposed but
remained SARS-CoV-2 PCR-negative was also assessed (Donor D1). Elevated SARS-CoV-2-
specific Ab responses in COVID-19 patients relative to healthy or the exposed but PCR-negative
individual were observed across multiple titrations (Supplementary Figure A-4). In particular,
we found that in the majority of COVID-19 patients, the SARS-CoV-2 antigen-specific Abs
bound to FcyRIIla-V158 and FcyRIla-H131 soluble dimers at high levels, even at 1:800 plasma
titrations, suggesting that besides potential neutralizing activity, alternative antibody-mediated
activity such as ADCC and ADCP are likely to contribute to viral clearance.*”*%->

As the global focus shifts towards serological testing as a strategy for population
surveillance to inform government policies, there is an urgent need to distinguish unique Ab
profiles in COVID-19 patients to improve the sensitivity and specificity of these tests.’’
Therefore, we next explored if we could detect distinct serological patterns of SARS-CoV-2
antigen-specific Ab features among the various isotypes (IgG, IgA or IgM) that would
distinguish our small COVID-19 cohort from healthy individuals (including D1). Through the
use of hierarchical clustering, we observed that majority of COVID-19-positive individuals
induced high SARS-CoV-2-specific IgM responses, especially to spike antigens, while modest

levels of cross-reactive SARS-CoV-2-specific IgM, mainly directed against SARS-CoV-2 NP,
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were also detected within the healthy individuals, particularly amongst the children (Figure
2-4a). Similarly, modest SARS-CoV-2-specific IgA (Figure 2-4b) and IgG (Figure 2-4¢) were
observed in healthy, predominantly adult and elderly individuals, though less frequently than
IgM, with cross-reactive IgG responses observed at the lowest frequencies of all isotypes
(Figure 2-4¢). Overall, modest levels of SARS-CoV-2 cross-reactive Abs in healthy donors
resulted in poor clustering of COVID-19 patients from healthy individuals when a single isotype
was assessed, even though multiple SARS-CoV-2 antigens were included. These results suggest
that reported low levels of false positives in current serological diagnostics tests could be due to
pre-existing levels of cross-reactive Abs that lead to similar serological signatures as observed in

SARS-CoV-2-infected individuals when only the quantity of antigen-specific Abs is assessed.
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Figure 2-4: Healthy versus COVID-19 serological signatures.

Hierarchical clustering of all SARS-CoV-2 antigens for IgM (a), IgA1 (b) and IgG (c). Levels are coloured from
low (dark blue) to high (dark red). Hierarchical clustering (d) and PLSDA model scores (e) and loadings (f) were
performed using the four-feature Elastic-Net-selected SARS-CoV-2 antigen signature (98.51% calibration accuracy,
98.51% cross-validation accuracy). Variance explained by each LV is in parentheses. (g) Correlation network
analysis for COVID-19 patients was performed to identify features significantly associated with the Elastic-Net-
selected features (blue outline). Coded by Ab feature type (colour), antigen (shape) and correlation coefficient (line
thickness). Data were z-scored prior to analysis. Multiplex assays were repeated in duplicates.

25



To identify the minimum Ab signature that best distinguishes the COVID-19 patients
from healthy individuals, feature selection was used and identified four SARS-CoV-2 Ab
variables that differentiated the two groups (Figure 2-4d-f), targeting three different SARS-
CoV-2 antigens, S trimer, fold on stabilized spike ectodomain, 2P mutation,>® NP, and Sclamp
(molecular clamp stabilized spike ectodomain). Intriguingly, antigen-specific engagement of
FcyRIIIa-V158 and Clq, but not IgG, was selected. This suggests that SARS-CoV-2 infection
potentially induces antigen-specific Ab with distinct Fc qualities, e.g. Fc glycosylation changes,
enhancing binding of FcyRIIIa-V158 and C1q,**® unlike pre-existing cross-reactive SARS-CoV-
2 Abs observed in our healthy donor cohort. In contrast to previous unsupervised hierarchical
clustering for IgA, IgM and IgG (Figure 2-4a-c) to multiple SARS-CoV-2 antigens, these four
SARS-CoV-2 Ab features had distinct patterns in COVID-19 patients, which led to the clustering
of COVID-19 patients together with a single exception, this notably being the healthy, exposed,
SARS-CoV-2 PCR-negative individual (Figure 2-4d). Strikingly, a supervised PLSDA model of
these four features, all associated with COVID-19 patients, could significantly distinguish
COVID-19 patients from healthy individuals on LV1 (Figure 2-4e-f; x-
axis, p <0.0001, =34.80; 98.51% calibration accuracy, 98.51% cross-validation accuracy).
Collectively, these results suggest that future COVID-19 serological diagnostic tests could be
improved by assessing the Fc quality of antigen-specific Abs in addition to Ab quantity.

To specifically define these four SARS-CoV-2 Ab features, we conducted a correlation
network of Ab responses in the COVID-19-positive individuals (Figure 2-4g). High levels of
correlation were observed between all SARS-CoV-2 spike antigens: S1, S2, RBD, S trimer and

Sclamp; while NP antigen-specific Ab features created a separate network. Antigen-specific
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IgG1 and IgG3, which are the most highly functional IgG subclasses® were highly correlated
with FcyR and C1q antigen-specific Ab engagement, demonstrating they may be the key
mediators of these Fc-effector functions. These results suggest that COVID-19 patients develop a
strong SARS-CoV-2-specific Ab response over the course of their infection, eliciting both

neutralizing and non-neutralizing functions.

2.4.6 Qualitative and quantitative differences of IgM in children

Neutralizing Ab responses targeting the RBD have been observed in the majority of
convalescent COVID-19 serum sample, which has been associated with control of SARS-CoV-
2.%% All baseline pre-pandemic samples were tested via a virus microneutralization (VN) assay,®!
and not surprisingly, neutralizing antibody titres were solely detected in COVID-19 patients.
However, examining both the quantity and quality of pre-existing RBD may provide insights
towards the development of these responses. Baseline RBD isotype-specific levels between
healthy children, adults, elderly and COVID-19 patient plasma samples were assessed via
multiplex-assay and validated with published ELISA methods®? (Figure 2-5). ELISA data
confirmed our earlier observations that children induced elevated IgM (Figure 2-5a) while
elderly had higher RBD-specific IgA1 responses as measured by multiplex and trended with
ELISA IgA results (Figure 2-5b), while no differences in IgG were observed among the healthy
donors (Figure 2-5c¢). The absence of significant differences between age groups in the ELISA
can be accounted for by the fact that we only tested a fraction of the healthy donors and that the
multiplex is in general more sensitive.

Since Ab neutralization quality and potency is often correlated with Ab avidity, we
conducted a urea disassociation assay on a subset of children, elderly and COVID-19 plasma

samples (Figure 2-5a-iv, b-iv). Avidity of RBD-specific IgM from children and elderly was
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significantly weaker than COVID-19 patients (p = 0.0059 and p = 0.0006, respectively).
Interestingly, children’s IgM responses span a large and slightly higher range of avidities
(median 60.88; IQR 49.37—-79.8) as compared to the elderly (median 50.73; IQR 43.83-71.55).
No differences in IgA avidity were found between children (median 62.22; IQR 56.37-70.99),
elderly (median 63.08; IQR 34.84-76.46) and COVID-19 patients (median 64.77; IQR 32.63—
81.78). The avidity assay was not conducted for IgG, due to lack of resolution for healthy
individuals in the ELISA. Altogether, our data suggest that, compared to the elderly, children
may have increased potential to mount a higher quality of antibody responses originating from
the high binding avidity IgM population which is less commonly observed in the elderly. This
may offer them greater development of non-neutralizing protection through FcR engagement
than the elderly following initial SARS-CoV-2 exposure, in line with the theory proposed by

Carsetti et al.’’
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Figure 2-5: Receptor binding domain Abs in healthy versus COVID-19 patients.

Multiplex MFI data for IgM (a-i), IgA (b-i) and IgG (c-i); ELISA endpoint titres for I[gM (a-ii), IgA (b-ii) and IgG
(c-ii); and their respective correlations (a—c iii). Avidity index following urea dissociation for IgM (a-iv) and I[gA
(b-iv). Children (orange), adults (light blue), elderly (dark blue) and COVID-19 patients (red). Bar indicates the
median response of each group. Statistical significance was determined using one-way ANOVA (Kruskal-Wallis
with Dunn’s multiple comparisons), exact p-values were provided. Serial dilutions of plasma from healthy children
(n=14) (orange), 12 adults (n=12) (light blue), 14 elderly (n = 14) (dark blue) and 5 COVID-19 patients (red)
tested in IgM (a-v), IgA (b-v) and IgG (c-iv) ELISA. Bold red line represents COVID-19 patient AHO073 who was
used as a positive control in all multiplex and ELISA plates. Dashed lines represent cut-offs (15% of positive control
for IgA and IgG; 30% for IgM) used to interpolate endpoint titres by non-linear regression analysis. ELISA and
multiplex assays were repeated in duplicates.

2.4.7 Distinct Ab features between children and elderly COVID-19 patients

In line with a recent study,*’ we observed that repetitive infections with seasonal hCoVs
have shaped the humoral immune responses in elderly to a more mature and class-switched CoV-

specific IgA and IgG response. This is in contrast to the less-experienced antibody signatures
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observed in children, which potentially could impact the functionality of the humoral immune
response following SARS-CoV-2 exposure. Hereto, we investigated differences in age-specific
Ab features among COVID-19 patients. To this end, we included additional COVID-19 patients
significant differences in virus neutralization were observed between the different age groups,
indicating that additional immune functions, beyond neutralization may contribute to recovery.

To focus in on the particular serological differences between COVID-19 children and
elderly, we performed a COVID-19-specific systems analysis on both cohorts. Using supervised
feature selection followed by multivariate regression analysis, we were able to identify age-
dependent Ab signatures in this distinct COVID-19 patient cohort (Figure 2-6a, b). We detected
that SARS-CoV-2-specific IgA and IgG features were associated with increasing age, especially
to both S2°! and NP,*® which could be a result of cross-reactivity driven by prior exposure to
hCoV antigens.

In contrast, SARS-CoV-2-specific functional responses, especially both polymorphisms
of FcyRIla and FcyRIIb to Spike 1 and RBD were associated with COVID-19 cohort children.
These data were verified using unsupervised hierarchical clustering in which similar trends were
observed (Figure 2-6¢). To confirm the accuracy of the selected features (Supplementary
Figure A-5a), we compared the cross-validation (CV) accuracy of our selected model with
randomly selected antibody features, observing significantly higher accuracy (p =0.006) with
our model (Supplementary Figure A-5b). Engagement of FcyRIla is commonly associated with
antibody-mediated phagocytosis. Significant univariate differences between Spike 1-specific
antibody engagement for both FcyRIla polymorphisms were observed (FcyRIIaR, p =0.0332;

Figure 2-6d and FcyRIlaF, p =0.0387; Figure 2-6e¢), despite the small sample size. To further
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validate that children have enhanced FcyRIla-mediated antibody functions, we utilized THP-1
monocyte cell line, which express high levels of FcyRIla and very low levels of FeyRI1Ia,* to
assess for antibody-mediated Fc-effector functions. Children tended to have elevated THP-1 cell-
based Fc-mediated uptake of spike-coated beads (p =0.1277, children: median 12.35; IQR
11.09-14.92; elderly: median 10.96; IQR 6.17—13.43; Figure 2-6f). Similarly, when using cells
transfected with Spike trimer and mOrange as targets, we observed similar trends (p =0.0684,
children: median 22.34; IQR 14.55-28.71; elderly: median 14.17, IQR 7.16-21.47; Figure
2-6g). Importantly, both cell-based Fc-effector assays highly correlated with each other and to
SARS2 S1 FcyRlIla (Figure 2-6h). Overall, these findings, albeit done on a small cohort, support
our hypothesis that differences in Ab signatures between children and elderly, primed by their
prior exposure(s) to circulating hCoV, may contribute to their differential clinical outcomes to
COVID-19, where children benefit from their less-experienced immune status prior to SARS-
CoV-2 infection, which provides them with the ability to exert a more functional antibody

response against SARS-CoV-2.
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Figure 2-6: COVID-19 Ab responses in COVID-19-positive children and elderly.
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PLSDA scores (a) and loadings (b) plots for the children (n = 12) (orange) and elderly (n=12) (dark blue) with an
Elastic-Net-selected 18-feature signature (100.00% calibration accuracy, 91.37% cross-validation accuracy).
Hierarchical clustering was performed using the 18-feature signature for the children and elderly cohorts (c). S1-
specific antibody engagement of FcyRIIaR (d) and FcyRIIaR (e) were amongst the strongest features in the PLSDA
loadings plot (b) and are significantly elevated in children. THP-1 monocyte cell line antibody-mediated uptake of
spike-coated bead assay (f) and spike-expressing target cell assay (g). Statistical significance was calculated using
the two-tailed Mann-Whitney U test and exact p-values were reported. S1-specific antibody engagement of
FcyRIIaR, FcyRIIaR and the two THP-1 SARS-CoV2 spike Fc effector assays highly correlate with each other, as
measured by two-tailed Spearman correlation (h). Multiplex assays were repeated in duplicates.

2.5 Discussion

Using systems serology, we observed distinct coronavirus serological signatures in

healthy children compared to elderly. Children had elevated CoV-specific IgM signatures,
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whereas elderly had more mature, class-switched CoV-specific IgA and IgG, indicating that
multiple rounds of infections and/or exposures over several decades might be needed to develop
fully experienced CoV humoral immune response. Intriguingly, similarly to the current SARS-
CoV-2 pandemic, school-aged children have shown better clinical outcomes during past
influenza pandemic outbreaks>> and can induce more potent, broadly neutralizing Ab responses
upon HIV infection.®* It is plausible that upon infection with SARS-CoV-2, the elderly may
preferentially induce skewed Ab responses targeting prior cross-reactive hCoV antigens and as
observed in this study, COVID-19-positive elderly induced elevated IgG and IgA antibodies to
the more cross-reactive antigens of SARS-CoV2 including S2 and NP, compared to children.
Recent Ab repertoire study from a single adult COVID-19 subject observed a larger proportion
of non-neutralizing Abs that displayed high levels of somatic hypermutation which cross-react
with hCoV, which the authors suggest indicate pre-existing memory B cells by prior hCoV.% In
addition, recent studies have observed boosting of hCoV antibody responses, especially OC43
upon SARS-CoV2 infection.®*%® As such, upon exposure to SARS-CoV-2 in elderly individuals,
the influence of pre-existing memory responses in combination with potentially slower activation
of the memory B cell response in general,’” may contribute to them inducing a less effective
antibody response.

In contrast, children, who have less-experienced humoral immunity to hCoV, may mount
a more targeted immune response towards antigens from SARS-CoV-2, such that FcyRIla-
mediated responses and IgG features targeted against SARS2-CoV-2 S1 and RBD dominated the
antibody response in SARS-CoV2-infected children. In line with this observation, we also
demonstrate that COVID-19 children responded better than the elderly using two different

antibody-mediated functional assays. These results need to be repeated within larger cohort
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studies; however, these findings give an indication that children may benefit from early Fc-
mediated viral clearance and induce more targeted and Fc functional immunity against SARS-
CoV-2 antigens in comparison to elderly.

Interestingly, no differences in the in vitro virus neutralization were observed between
the different age groups of COVID-19 patients, which indicates that additional immune
functions, possibly exerted by the FcR or complement could contribute to the divergent age-
related clinical outcomes. Of note, a recent study comparing neutralizing monoclonal Abs
observed that Fc capacity was essential for enhancing protection against SARS-CoV-2 in vivo
mouse models, which were not detected via in vitro neutralization assays, as all the currently
described neutralization assays lack Fc functions.** This highlights the necessity to examine both
neutralizing and non-neutralizing responses of Abs in future studies.

Our assay used recombinant FcyR dimers to assess the CoV serological profiles of our
healthy donors and COVID-19 patients for additional functions beyond viral neutralization.
Recombinant FcyR dimers have previously been demonstrated to be an excellent surrogate
system to mimic FcyR engagement at the immunological synapse and was shown to correlate
with a range of in vitro cellular Fc effector assays including ADCC and ADCP.*% Similarly, we
observed that SARS-CoV2 FcyR dimer engagement strongly correlated with two different

cellular Fc effector assays. FcyR dimers have also been used to assess Fc-effector functions

72,73 4

against a range of infectious disease pathogens including HIV,’®"! influenza’>"* and malaria.’

Similarly, C1q binding has been correlated with in vitro Ab-dependent complement deposition

(ADCD) assays’® and have been used to assess ADCD against HIV,’® Ebola’’ and malaria.”
We observed distinct SARS-CoV-2 Fc Ab signatures associated with enhanced

engagement of the high-affinity FcyRIIla-V158 dimer and C1gq, distinguishing COVID-19
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patients from healthy controls. Ab Fc binding to FcyR can be modulated by multiple structural,
genetic and post-translational modifications, including Fc glycosylation.”*® Fc-effector

8,56.81.82 can also enhance infection and

functions, while beneficial against many pathogens,
pathogenesis in other infectious diseases, including dengue, where disease severity is associated
with afucosylated IgG1 that enhances FcyRIIla affinity.®* This is also observed with other
respiratory diseases including tuberculosis, where greater overall inflammation, including
inflammatory Fc glycosylation is associated with poorer disease outcomes.®*** IgG with reduced
fucosylation has been detected in COVID-19 patients and further implicated with COVID-19
progression, with the critically ill showing aggravated afucosylated-IgG responses against spike,
while mild cases displayed higher levels of fucosylation of spike-specific 1gG.3>36 It is important
for future larger SARS-CoV-2 serological studies to assess not only quantitative changes in Ab
titres, but also qualitative differences in FcR engagements between patients with mild and severe
disease, whereas in our study the majority of patients had mild-to-moderate COVID-19.

Pandemic outbreaks provide unique opportunities to study how different aspects of the
immune system contribute to the formation of a novel immune response, for example the
protective or risk-associated effects of HLA alleles.” Due to the low frequency of shared HLA
class II alleles in our cohort, this analysis could not be further explored to the impact of the full
range of HLA class II alleles, neither to determine the contribution of age nor of sex. However,
the distinction in Ab signatures observed in our study emphasizes the need to better understand
the contributions of HLA class II alleles to the maturation of humoral immunity and would

require a sufficiently large cohort of HLA-typed healthy controls and COVID-19 patients. The

current pandemic outbreak provides a unique opportunity to perform such studies, when large
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patient cohorts which include information on antibody responses, HLA class II phenotypes and
disease outcome are combined.

Overall, our in-depth serological profiling of healthy children, elderly and COVID-19
patients brings us closer to understanding why the elderly are more susceptible to COVID-19 and
provides insights into Ab Fc signatures associated with convalescence of mild/moderate
symptomatic individuals. This knowledge is important for the development of improved
serological diagnostics,** evaluation of convalescent plasma therapeutic trials, and will inform
immunogenicity assessment of Ab-based SARS-CoV-2 vaccine strategies, which could

potentially extend beyond neutralizing Abs.
2.6 Methods

2.6.1 Study participants and sample collection

Our study assessed antibodies to SARS-CoV-2 in a total of 244 healthy individuals and
43 SARS-CoV-2-infected patients. Children undergoing elective tonsillectomy (age 1.5-19)
were recruited at the Launceston General Hospital (Tasmania) and, apart from fulfilling the
criteria for tonsillectomy, they were considered otherwise healthy, showing no signs of immune
compromise. Healthy adult donors (age 22—63) were recruited via the University of Melbourne.
Healthy elderly donors (age 65-92) were recruited at the Deepdene Medical Clinic (Victoria).
All healthy donors were recruited prior to SARS-CoV-2 pandemic. SARS-CoV-2-infected
patients (age 1-76) were recruited at the Alfred Hospital (AH), at the Murdoch Children’s
Research Institute (FFX), by James Cook University (D) and University of Melbourne (CP).
Eligibility criteria for COVID-19 acute and convalescent recruitment were having at least one
swab PCR-positive for SARS-CoV-2. Each patient was categorized into one of the following 6

severity categories: very mild (stay at home, minimal symptoms), mild (stay at home with
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symptoms), moderate (hospitalized, not requiring oxygen), severe/moderate (hospitalized with
low-flow oxygen), severe (hospitalized with high-flow oxygen) or critical (intensive care unit,
ICU). Heparinized blood was centrifuged for 10 min at 300g to collect plasma, which was frozen
at —20°C until required. HLA class I and class II molecular genotyping was performed from
genomic DNA by the Australian Red Cross Lifeblood (Melbourne).

Human experimental work was conducted according to the Declaration of Helsinki
principles and according to the Australian National Health and Medical Research Council Code
of Practice. All donors or their legal guardians provided written informed consent. The study was
approved by the Human Research Ethics Committee (HREC) of the University of Melbourne
(Ethics ID #1443389.4, #2056761, #1647326, #2056689, #1955465) for healthy adult and
elderly donors, Tasmanian Health and Medical HREC (H0017479) for healthy child donors,
Alfred Hospital (#280/14) for AH donors, RCH HREC (#63666) for FFX donors, James Cook

University (#H7886) for D donors and University of Melbourne (#2056689) for CP donors.

2.6.2 Deglycosylation of Escherichia coli-expressed NP

To minimize possible bacterial glycosylation background from the E. coli expression
system, recombinant hCoV 229E and NL63 NP (Prospec-Tany) were first treated with O-
glycosidase and PNGase F. Briefly, 40 ng of NP were treated with a cocktail of 8 ul 10X
GlycoBuffer 2, 8 ul 10% NP40, 12 pul O-Glycosidase, 12 pl of Remove-iT PNGase F (New
England BioLabs) and water for a final volume of 80 pul and incubated at 37 °C for2hon a
shaker. The respective mixtures were added to Eppendorf tubes containing 100 pl of PSB-
washed Chitin magnetic beads (New England BioLabs) to allow the binding and removal of
Remove-iT PNGase F. Tubes were agitated for 10 min then placed onto a magnetic separation

rack for 5 min. The supernatant was retrieved and passed through a 100 kDa Amicon Ultra
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centrifugal filter (Merck) to remove remaining O-glycosidase. Finally, NPs were washed with

PBS using a 3 kDa Amicon Ultra centrifugal filter (Merck) to prepare them for coupling.

2.6.3 Coupling of carboxylated beads

A custom CoV multiplex assay was designed with SARS-CoV-2, SARS-CoV-1, MERS-CoV
and hCoV (229E, HKU1, NL63) S and NP antigens, as well as SARS-CoV-2 RBD (gift from
Florian Krammer),®> SARS-CoV-2 Trimeric S (gift from Adam Wheatley) and SClamps of both
SARS-CoV-2 and MERS-CoV (gift from University of Queensland) (Figure 2-1a). Amino acid
sequences for CoV spike and NP are as described in Figure 2-1a. Tetanus toxoid (Sigma) and
influenza hemagglutinin (H1Cal2009; Sino Biological) were also added to the assay as positive
controls, while BSA-blocked beads were included as negative controls. Magnetic carboxylated
beads (Bio Rad) were covalently coupled to the antigens using a two-step carbodiimide reaction,
in a ratio of 10 million beads-to-100 pg of antigen, with the exception of the deglycosylated NPs
mentioned above in which 40 pg were used instead, and SARS-CoV-2 RBD which were used at
49.7 ug instead. Briefly, beads were washed and activated in 100 mM monobasic sodium
phosphate, pH 6.2, followed by the addition of Sulfo-N-hydroxysulfosuccinimide and 1-Ethyl-3-
(3-dimethylaminopropyl) carbodiimide (Thermo Fisher Scientific). After incubation at room
temperature (RT) for 30 min, the activated microspheres were washed three times and
resuspended in 50 mM MES pH 5.0 (Thermo Fisher Scientific). The respective antigens were
added to the activated beads and the mixture was incubated at RT for 3 h on a rotator in the dark.
Subsequently, the beads were washed with PBS and blocked with blocking buffer (PBS, 0.1%
BSA, 0.02% TWEEN-20, 0.05% Azide, pH 7) for 30 min. Finally, beads were washed in PBS

0.05% Sodium Azide and resuspended as one million beads per 100 pl.
2.6.4 Luminex bead-based multiplex assay
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The isotypes and subclasses of pathogen-specific antibodies present in the collected plasma were
assessed using a multiplex assay as described®® (Figure 2-1b). Using a black, clear-bottom 384-
well plate (Greiner Bio-One), 20 ul of working bead mixture containing 1000 beads per bead
region and 20 pul of diluted plasma were added per well. From validation experiments in which
cross-reactive Abs present in healthy individuals were titrated, an optimal concentration of 1:100
working dilution of plasma was selected for downstream assays (Supplementary Figure A-3a,
b). The plate was covered and incubated overnight at 4 °C on a shaker and was then washed with
PBS containing 0.05% Tween20 (PBST). Pathogen-specific antibodies were detected using
phycoerythrin (PE)-conjugated mouse anti-human pan-IgG, IgG1-4, IgA1-2 (Southern Biotech),
at 1.3 pg/ml, 25 pl per well. After incubation at RT for 2 h on a shaker, the plate was washed
before the beads were resuspended in 50 pl of sheath fluid. The plate was then incubated at RT
for 10 min on a shaker before being read by the FlexMap 3D. The binding of the PE-detectors
was measured to calculate the median fluorescence intensity (MFI). Double background
subtraction was conducted, removing first background of blank (buffer only) wells followed by
removal of BSA-blocked control bead background signal for each well.

For the detection of IgM, biotinylated mouse anti-human IgM (mAb MT22; MabTech) was
added at 1.3 pg/ml, 25 pl per well. After incubation at RT for 2 h on a shaker, the plate was
washed, and streptavidin, R-Phycoerythrin conjugate (SAPE, Invitrogen) was added at 1 pg/ml,
25 pl per well. The plate was then incubated at RT for 2 h on a shaker before being washed and
read as mentioned above. For the detection of FcyR, soluble recombinant FcyR dimers (higher
affinity polymorphisms FcyRIla-H131, lower affinity polymorphisms FcyRIIa-R131, FcyRIIb,
higher affinity polymorphisms FcyRIIla-V158, lower affinity polymorphisms FcyRIIla-F158)

were provided by Bruce Wines and Mark Hogarth. For the detection of C1q, Clq protein (MP
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Biomedicals) was first biotinylated (Thermo Fisher Scientific), washed and resuspended in PBS
and tertramerized with SAPE. Dimers or tetrameric C1q-PE were added at 1 pg/ml, 25 ul per
well, incubated at RT for 2 h on a shaker and then washed. For Dimers, SAPE was added at

1 pg/ml, 25 pul per well, incubated at RT for 2 h on a shaker before being washed and read as
mentioned above. Assays were repeated in duplicate. A titration of AH0073 was included in the
layout of all multiplex array plates as this patient was known to have IgG, [gM and IgA
responses (Supplementary Figure A-4). These titrations were used to normalize replicate

multiplex array plates.

2.6.5 Enzyme-linked immunosorbent assay (ELISA)

Detection of RBD-specific antibodies was performed as described in Stadlbauer et al.®>* with
the following modifications; Nunc MaxiSorp flat-bottom 96-well plates (Thermo Fisher
Scientific) were used for antigen coating, blocking performed with PBS containing 10% BSA
and half-logarithmic serial dilutions (beginning at 1:10 for IgA and 1:31.6 for IgG/IgM)
performed with PBST containing 5% BSA. For detection of IgG and IgA, peroxidase-conjugated
goat anti-human IgG (Fcy fragment specific; #109-035-098; Jackson ImmunoResearch) or
alkaline phosphate-conjugated rat anti-human IgA (mAb MT20; #3860-9A-1000; MabTech),
was used and developed with TMB (Sigma) substrate for IgG or pNPP (Sigma) for IgA. For
IgM, biotinylated mAb MT22 (#3880-6-250; MabTech) and peroxidase-conjugated streptavidin
(Pierce; Thermo Fisher Scientific) were used. Peroxidase reactions were stopped using 1 M
H3PO4 and plates read at 450 or 405 nm on a Multiskan plate reader (Labsystems). All
measurements were normalized using a positive control plasma from a COVID-19 patient
(AHO0073) run on each plate (Figure 2-5). Endpoint titres were determined by interpolation from

a sigmoidal curve fit (all R? values >0.95; GraphPad Prism 8) as the reciprocal dilution of plasma
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that produced >15% absorbance of the positive control. A total of 28 donors from each cohort
was randomly selected for IgA analysis, 14 for IgG and 10-14 for IgM. All assays also included

the five same COVID-19 patient samples.

2.6.6 Antibody avidity assay

Avidity of antibodies in plasma samples was measured using urea as the chaotropic agent and
only performed on samples with detectable RBD-specific antibodies (IgA and IgM). Following
incubation of plasma at a 1:10 dilution (IgA) or 1:100 dilution (IgM) on RBD-coated plates, 6 M
of urea was added and incubated for 15 min. Bound antibodies were then detected using
respective secondary detection reagents described above. The avidity index is expressed as the
percentage of remaining antibody bound to antigen following urea treatment compared to the

absence of urea.

2.6.7 Neutralization antibody assay

SARS-CoV-2 isolate CoV/Australia/VIC01/2020°° was passaged in Vero cells and stored
at —80 °C. Serial two-fold dilutions of heat-inactivated plasma or serum were incubated with 100
TCID50 of SARS-CoV-2 for 1 h and residual virus infectivity was assessed in Vero cells; viral
cytopathic effect was read on day 5. The neutralizing antibody titre is calculated using the

Reed/Muench method as previously described.”!?

2.6.8 Cell-based antibody Fc effector assays

To examine the COVID-positive plasma of children and elderly for antibody-mediated
activation of FcgRIla expressing THP-1 monocyte cell lines, a previously described bead-based
ADCP assay®** was adapted for use in the context of SARS-CoV2.”> SARS-CoV-2 S trimer

was biotinylated using EZ-Link Sulfo-NHS-LC biotinylation kit (Thermo Scientific) with

41



20 mmol excess according to manufacturer’s instructions and buffer exchanged using 30 kDa
Amicon centrifugal filters (EMD millipore) to remove free biotin. Biotinylated S was then used
to coat the binding sites of 1 um fluorescent NeutrAvidin Fluospheres beads (Invitrogen)
overnight at 4 °C. S-conjugated beads were washed four times with 2% BSA/PBS to remove
excess antigen and incubated with plasma (1:100 dilution) for 2 h at 37 °C in a 96-well U-bottom
plate. THP-1 monocytes (10,000/well) were then added to opsonized beads and incubated for

16 h under cell culture conditions. Cells were fixed with 2% formaldehyde and acquired by flow
cytometry on a BD LSR Fortessa with a high-throughput sampler attachment (HTS). The data
were analysed using FlowJo 10.7.1 and a phagocytosis score was calculated as previously
described”® using the formula: (%bead-positive cells x mean fluorescent intensity)/103. To
account for non-specific uptake of S-conjugated beads, the phagocytosis scores for each plasma
sample were subtracted with that of the ‘no plasma’ control.

The bead-based assay was also adapted to use Ramos cells expressing Spike as target
cells.”> THP-1 monocytes were first stained with CellTraceTM Violet (CTV; #C34557; Life
Technologies) as per manufacturer’s instructions. In a 96-well V-bottom cell culture plate,
Ramos S-orange cells (10,000/well) were incubated with plasma from convalescent or uninfected
donors (1:5000 dilution) for 30 min. Opsonized Ramos S-orange cells were then washed prior to
co-culture with CTV-stained THP-1 monocytes (10,000/well) for 1 h at 37 °C with 5% CO?2.
After the incubation, cells were washed with PBS, fixed with 2% formaldehyde and acquired
using the BD LSR Fortessa with a HTS. The data were analysed using FlowJo 10.7.1. The
percentage of Spike-orange-positive THP-1 monocytes was measured for each plasma sample

and background-subtracted with the ‘no plasma’ control.

2.6.9 Statistical analysis
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Children versus the elderly Volcano plot was conducted using Prism 8. Statistical significance
determined using the Holm-Sidak method, with o= 0.05 adjusted for 196 tests (Ab features).
Each feature was analysed individually, without assuming a consistent SD. The overall multiplex
dataset was analysed for normal distribution using the Shapiro-Wilk test by Prism 8. The data
were further analysed by SPSS statistics 26 (IBM Corp.) using the Kruskal-Wallis one-way
analysis with a Bonferroni correction to determine the p-values, differences between groups were
considered significant at an adjusted p-value of 0.000035. ELISA data were analysed using one-
way ANOVA (Kruskal-Wallis one-way analysis with Dunn’s multiple comparison) using Prism
8. Comparisons between COVID-positive children and elderly were analysed by two-tailed
Mann-Whitney U test. CV accuracies of randomly selected models were compared to the
selected model (Supplementary Figure A-5a, b) based on previously published methods, which
use a one-sided Fisher’s permutation test to calculate a CV p-value in Matlab.”” The CV p-value
represents the proportion of randomized signatures that outperformed the original feature

selected model in cross-validation accuracy.

2.6.10 Data normalization

For all multivariate analysis, Tetanus, H1Cal2009 antigens (positive controls) were removed,
with the exception of HLA analysis. Any healthy samples with a missing age, or missing Ab
features were removed (n =9). When analysing COVID-19 samples with healthy samples, only
the features where data were available for all COVID-19 samples were included. COVID-19
samples in the initial cohort lacked entire datasets for IgG4, IgA2, FcyRIlaR131, FcyRIIIaF158
and FcyRIIb, thus these detectors were excluded. The second COVID-19 cohort was normalized
separately, contained all detectors and no missing data. When COVID-19 samples were analysed

based on the time from disease onset, all visit days were used for each patient. In all other
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analyses when a patient has two visit days, only the second visit was used. Right shifting was
performed on each feature (detector—antigen pair) individually if it contained any negative
values, by adding the minimum value for that feature back to all samples within that feature.
Following this, all data were log-transformed using the following equation, where x is the right-
shifted data and y is the right-shifted log-transformed data: y =1og10(x + 1). This process
transformed the majority of the features to having a normal distribution. In all the subsequent
multivariate analyses, the data were furthered normalized by mean centering and variance
scaling each feature using the z-score function in Matlab. For the HLA analysis, the same data-
normalization methods were used, except that positive controls and all samples with any HLA
typing were included. Samples with one copy of each most-frequent allele were removed to

avoid double classification.

2.6.11 Feature selection using Elastic Net/PLSR and Elastic Net/PLSDA

To determine the minimal set of features (signatures) needed to predict numerical outcomes (age,
days from symptom onset) and categorical outcomes (age cohort, COVID-19 infection status,
HLA allele) a three-step process was developed based on Gunn et al.”® First, the data were
randomly sampled without replacement to generate 2000 subsets. The resampled subsets spanned
80% of the original sample size, or sampled all classes at the size of the smallest class for
categorical outcomes, which corrected for any potential effects of class size imbalances during
regularization. Elastic-Net regularization was then applied to each of the 2000 resampled subsets
to reduce and select features most associated with the outcome variables. The Elastic-Net
hyperparameter, a, was set to have equal weights between the L1 norm and L2 norm associated
with the penalty function for least absolute shrinkage and selection (LASSO) and ridge

regression, respectively.”” By using both penalties, Elastic-Net provides sparsity and promotes
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group selection. The frequency at which each feature was selected across the 2000 iterations was
used to determine the signatures by using a sequential step-forward algorithm that iteratively
added a single feature into the PLSR (numerical outcome) or PLSDA (categorical outcome)
model starting with the feature that had the highest frequency of selection, to the lowest
frequency of selection. Model prediction performance was assessed at each step and evaluated by
10-fold cross-validation classification error for categorical outcomes and 10-fold goodness of
prediction (Q2) for numerical outcomes. The model with the lowest classification error and
highest Q2 within a 0.01 difference between the minimum classification error and the maximum
Q2 was selected as the minimum signature. If multiple models fell within this range, the one with
the least number of features was selected and if there was a large disparity between calibration
and cross-validation error (overfitting), the model with the least disparity and best performance

was selected.

2.6.12 PCA

Principal component analysis (PCA), performed in Eigenvectors PLS toolbox in Matlab, is an
unsupervised technique that was used to visualize the variance in the samples based on all of the
measured features. Every feature is assigned a loading, the linear combinations of these loadings
create a principal component (PC). Loadings and PCs are calculated to describe the maximum
amount of variance in the data. Each sample is then scored and plotted using their individual
response measurements expressed through the PCs. The percent of variance described by each
PC is a measure of the amount of variance in antibody response explained by that respective PC.
Separation of groups on the scores plot indicates unsupervised separation of groups based on all

features.

2.6.13 PLSDA
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Partial least squares discriminant analysis (PLSDA), performed in Eigenvectors PLS toolbox in
Matlab, was used in conjunction with Elastic-Net, described above, to identify and visualize
signatures that distinguish categorical outcomes (age cohort, COVID-19 infection status). This
supervised method assigns a loading to each feature within a given signature and identifies the
linear combination of loadings (a latent variable, LV) that best separates the categorical groups.
A feature with a high loading magnitude indicates greater importance for separating the groups
from one another. Each sample is then scored and plotted using their individual response
measurements expressed through the LVs. The scores and loadings can then be cross-referenced
to determine which features are loaded in association with which categorical groups (positively
loaded features are higher in positively scoring groups, etc.). All models go through 10-fold
cross-validation, where iteratively 10% of the data is left out as the test set, and the rest is used to
train the model. Model performance is measured through calibration error (average error in the
training set) as well as cross-validation error (average error in the test set), with values near 0
being best. All models were orthogonalized to enable clear visualization of results. Statistically
significant separation of groups on the PLSDA score plots was determined using a two-tailed t-
test on LV1 scores in Prism 8. Confidence ellipsoids (90% confidence level) were plotted for
classification groups by calculating the mean and covariance matrix from the scores data of the

first and second LVs (or PCs), which follows a chi-square distribution.'®

2.6.14 PLSR

Partial least squares regression (PLSR), performed in Eigenvectors PLS toolbox in Matlab, was
used in conjunction with Elastic-Net, described above, to identify and visualize signatures that
distinguish numerical outcomes (age, days from symptom onset). This supervised method

assigns a loading to each feature within a given signature and identifies the linear combination of
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loadings (a LV) that best describes the variance in the numerical outcome. As in PLSDA, a
feature with a high loading indicates greater importance for describing the variance in outcome.
Each sample is then scored and plotted using their individual response measurements expressed
through the LVs. The scores and loadings can then be cross-referenced to determine which
features are loaded in association with which numerical outcomes (positively loaded features are
higher in positively scoring samples, etc.). All models go through 10-fold cross-validation, where
iteratively 10% of the data is left out as the test set, and the rest is used to train the model. Model
performance is measured through R2 (average goodness of fit in the training set) as well as Q2
(average goodness of prediction in the test set), with values near 1 being best. All models were

orthogonalized to enable clear visualization of results.

2.6.15 Hierarchical clustering

We visualized separation of numerical (age, days from symptom onset) and categorical (age
cohort, COVID-19 infection status) outcomes based on their respective signatures using
unsupervised average linkage hierarchical clustering of normalized data. Euclidean distance was

used as the distance metric.

2.6.16 Software

PCA, PLSDA and PLSR models were completed using the Eigenvector PLS toolbox in Matlab.
Hierarchical Clustering and Correlation Networks were completed using MATLAB 2017b
(MathWorks, Natick, MA). PCA, PLSDA and PLSR scores and loadings plots were plotted in

Prism version. Statistical analysis was performed in SPSS.
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3.2 Abstract

Sjogren’s Syndrome (SjS) has long been associated with elevated autoantibodies to the classical
autoantigens: Ro60, Ro52, and La, however defining serostatus continues to be a challenge.
Clinically these autoantibody levels are tested via ELISA, but due to threshold requirements,
testing may not be very sensitive. Non-SjS sicca patients with dry mouth and dry eye symptoms
who do not qualify for disease, present an additional diagnostic challenge. Here we aimed to
identify improved autoantibody signatures that distinguish between healthy individuals and
patients with non-SjS sicca or SjS. Systems serology approaches were applied to 58 SjS
(including 40 ELISA seropositive and 18 ELISA seronegative patients to classical autoantigens),
16 non-SjS sicca syndrome and 40 healthy individuals. Multiplex assays were used to measure
antibody isotype, subclass, Fc Receptor (FcR) engagement and complement activation to 14
autoantigens. Machine learning models identified unique autoantibody signatures that distinguish
between healthy, non-SjS sicca or SjS individuals. A seven-feature autoantibody signature, that
included IgG and FcR binding to Ro, accurately distinguished healthy and SjS. Cell-based assays
confirmed an association between increased Ro-specific IgG and FcR binding with Ro-specific
antibody-mediated phagocytosis. Non-SjS sicca patients could be distinguished from healthy
individuals based upon an antibody signature targeting non-classical autoantigens. Seronegative
SjS patients had elevated levels of autoantigens that could be identified by highly sensitive
multiplex assays but were not detected via ELISA. Our study provides important insights into the
autoantibody responses in SjS and reveals potential diagnostic and therapeutic approaches to

differentiate patients who are classically seronegative or non-SjS sicca.
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3.3 Introduction

Sjogren’s Syndrome (SjS) is an autoimmune disorder in which the exocrine glands are
infiltrated by immune cells. Its key feature is sicca syndrome, which manifests as dry eyes
(keratoconjunctivitis sicca) and dry mouth (xerostomia). Some patients experience articular
symptoms or other more serious systemic involvement of other major organs, including the
renal, pulmonary, and nervous systems.'>!°192 The disease can be primary (Sjogren’s disease)
or co-exist with another autoimmune disease, such as systemic lupus erythematosus (SLE),
rheumatoid arthritis, or scleroderma. The disease pathogenesis is thought to be a multistep
process, beginning with an environmental trigger, such as viral infection, in a genetically
predisposed person, leading to the production of autoantibodies by autoreactive B cell clones.?’
B cells play a pivotal role in the pathogenesis of SjS, however the precise pathogenic role of the
autoantibodies has to be confirmed, as the chronic inflammation of the lacrimal and salivary
glands and the other potentially affected target organs is a complex multifactorial process, also
involving multiple other cell types and immune pathways.?"' Anti-Ro/SSA and anti-La/SSB
immunoglobulins G (IgG) have been historically identified as important autoantibodies in SjS,
with anti-Ro/SSA antibodies present in 60-80% of patients and anti-La/SSB present in 40-
60%.194105 Anti-Ro/SSA antibodies can be specific to Ro60/TROVEZ2,'% an RNA binding
protein involved in removing misfolded RNA transcripts, and Ro52/TRIM21, an intracellular
fragment crystallizable (Fc) Receptor also bearing an E3 ubiquitin ligase activity.!?” 110 Anti-
Ro060 and Anti-Ro52 can appear before symptom onset and have a high positive predictive value
for development of disease.!!! Anti-Ro/SSA IgG is also widely used to aid with diagnosis via

serologic tests and has been included in all sets of classification criteria to date.!%>!12!13 While
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many studies have associated individual autoantibodies with SjS, causing them to be used as part
of diagnosis, the role of antibodies in the pathogenesis of disease is still largely unknown.
Antibodies are composed of two Fab (Fragment antigen binding) regions, which can bind
to antigenic epitopes, and an Fc region, which can bind to immunoglobulin Fc receptors (FcRs)
on the surface of innate immune cells or complement to induce functions including phagocytosis,
cytotoxicity, release of cytokines leading to inflammatory cascades and/or complement
activation. There are multiple antibody isotypes (i.e., IgG, IgA, IgM, IgD, IgE) and subclasses
(IgG1-4, IgA1-2), with specific activating and inhibitory FcRs that balance pro-inflammatory
and anti-inflammatory effector responses to provide protection against pathogens, though when
dysregulated can lead to disease.!'* Fcy Receptors (FcyR) are IgG receptors that can be induced
to activate a range of Fc functions. For example, FcyRIla is expressed on phagocytes including
monocytes and is particularly important for the induction of antibody dependent cellular
phagocytosis (ADCP).!!®> FcyRIIb is an inhibitory receptor that provides important immune
regulation.* Aberrant expression or allelic variants of FcyRs have been associated with impaired
phagocytosis of autoantibody-autoantigen immune complexes in several autoimmune diseases.!'°
In healthy people, expression of the inhibitory FcyRIIb is typically up-regulated to negatively
regulate humoral responses, while it appears to be down-regulated in active SLE and SjS,!!"!18
Furthermore, single nucleotide polymorphisms (SNPs) and copy-number variations (CNVs) have
been identified in the FcyR-coding genes in some autoimmune disorders.?® For example,
individuals with the FCGRIIA-H131 allele express a FcyRIla which binds 1gG2 more efficiently
than patients with the FCGRIIA-R131 allele, and the former has been found to be a risk factor for
several diseases, including SLE.'!® Similarly, the FCGRIIIA-158F allele is a risk factor for SLE

in comparison to FCGRIIIA-158V and is thought to lead to impaired clearance of immune
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complexes.'?® Although FcyR-coding variants have been identified in association with SLE and
several other autoimmune diseases, the role of Fc receptor activation in SjS is not yet fully
understood.?® One study found Fc receptor mediated clearance to be abnormal in SjS’ patients,'?!
though others have not found SjS-linked FcyR-coding gene variants.'?? Further evaluation of
SjS-associated autoantibodies and related Fc effector activity may lead to the identification of
novel specific therapeutic strategies or support the repurposing of currently developed
autoantibody-targeting drugs.

Here, we applied systems serology, a fusion of high throughput experimental antibody
assays with computational approaches that was originally applied to identify antibody features
associated with protection or control of infectious diseases.>?*~!2> This approach, however, can
also be applied to any scenario, where antibodies contribute to disease, including certain
autoimmune diseases.'?>!?° Thus, here we applied high-throughput multiplex assays to measure
antibody binding to 14 autoantibodies, antibody-specific FcR engagement, and complement
activation in a cohort of SjS, non-SjS sicca syndrome and healthy individuals (Figure 3-1) and

applied a range of machine learning models that identified unique autoantigen-specific antibody

and FcyR signatures associated with SjS.
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beads and 14 different detectors with markers are added to measure specific autoantibody responses in the serum.

3.4 Results

3.4.1 IgG and FcyR autoantibody signatures distinguish between healthy individuals and

those with Sjogren’s syndrome

In order to better understand the autoantibody response in SjS versus healthy controls, we

designed a multiplex assay with 14 autoantigens and assessed using antibody detectors, as

described in Supplementary Table B-1 and shown in the experimental schematic overview

(Figure 3-1). The assay allowed us to assess antibody isotypes (IgG, IgM, IgA) and their

subclasses (IgG1, IgG2, 1gG3, IgG4), Clq binding (classical complement pathway), and FcyR

soluble dimer engagement responses to 14 autoantigens relevant to SjS (Ca6, Cfll, Chmr3, Enol,

54



Ifil6, La, Mdm2, Rgi2, Ro52, Ro60, Sptl, Sptanl, Ssnal, Stmn4) (Supplementary Table B-1).
Overall, 196 autoantibodies-related features (14 antigens x 14 detectors) were measured for 40
healthy controls, 16 patients with non-SjS sicca syndrome, and 58 patients with SjS (Table 3-1).
By comparing antibody responses between healthy controls and patients with SjS,
univariate analysis confirmed previously observed increases in anti-Ro60 (Figure 3-2a-b), anti-
Ro52, and anti-La IgG (Supplementary Figure B-1) autoantibodies and revealed novel
corresponding elevated FcyR responses in SjS relative to healthy controls (Figure 3-2a-b). Of
particular interest, high activation of FcyRIla was also observed, suggesting potential high ADCP
of these antigens. In contrast, healthy controls had higher levels of complement activation via Clq
but only to the Chmr3 antigen. Moreover, autoreactive responses to several other explorative non-
classical autoantigens (e.g., Ca6 and Enol) and respective FcyR engagement were identified in

SjS patients (Figure 3-2a).
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Figure 3-2: Serologic signature identified for Sjogren’s (S;jS) patients.
a) Volcano plot of healthy controls (blue) versus Sjogren’s patients (orange). Data were z-scored prior to analysis. b)

Univariate analysis across groups (healthy control, non-SjS sicca syndrome, and all Sjogren’s syndrome) for FcR
MFI values from the multiplex assay. Significant differences denoted with asterisks.
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In order to identify a minimal autoantibody signature that best distinguished Sjégren’s
patients from healthy controls, we performed feature selection using Elastic-Net regularization
followed by a supervised classification method (PLSDA). The identified signature included seven
autoantibodies-related features and was able to accurately discriminate between SjS patients and
healthy controls with 91.4% calibration and 92.2% cross-validation accuracy. Interestingly, the
signature included Clq, FcyRIla-H131/R131 and FcyRIIla-V158 engagement specific to Ro60
and IgG specific to Ro60 and Ro52 (Figure 3-3a-b). Sensitivity and specificities (Figure 3-3c)
were calculated from model performance for our seven-antibody signature, with 80.0% sensitivity
and 97.5% specificity, and a Ro/La-only PLSDA model with 73.9% sensitivity and 100%
specificity. Comparatively, seropositivity for any of the classical autoantibody (either anti-Ro60,
anti-Ro052, or anti-La IgG), based on ELISA-like assay results, had a sensitivity of 69.0% (n=40)
and seropositivity for Ro60 resulted in a sensitivity of 56.9% (n=33) within our cohort. When
using multiplex assay data, 77.6% (n=45) patients with SjS were considered seropositive, with
only one (2.5%) healthy individual positive for anti-La and another positive for anti-Ro52
(compared to none with ELISA-like assay). Calibration accuracy of our seven-feature signature
was 91.4% and cross validation accuracy was 92.3% compared to 86.0% and 86.8% respectively
for a PLSDA model with all classical antigens or Ro-only responses (Supplementary Figure
B-2). Unsupervised hierarchical clustering showed excellent separation between healthy and SjS

patients based on the seven-feature antibody signature identified (Figure 3-3d).
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3.4.2 Unique autoantibody responses between non-Sjogren’s sicca syndrome and Sjogren’s

syndrome differentiate these individuals from healthy controls

We next investigated differences in autoantibody signatures between individuals with SjS
and a group of non-SjS sicca patients. Univariate analysis of the antibody responses for this group
revealed many non-significant differences in antibody responses between the non-SjS Sicca group
and healthy controls (Figure 3-2b). In comparing minimal multivariate signatures using the feature
selection/PLSDA analysis pipeline described above, results indicated that non-SjS Sicca patients

had autoantibody signatures more similar to healthy controls than individuals with SjS, as
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indicated by separation across latent variable (LV)1 (Figure 3-4a-b). As in the previous analysis,
SjS was associated with anti-Ro60 and anti-Ro52 IgG and FcyRlIla, IIb, and Illa engagement
specific to these autoantigens. Interestingly, the results indicated that the Sicca patients separated
from the healthy population across the second LV2, which involved increases in non-classical
autoantibodies-related features including anti-Chmr3, anti-Cfl1, anti-Rgi2, and anti-Ifi16 (Figure
3-4a, c¢). In line with this, 25% (n = 4/16) of the non-SjS Sicca patients (who are all seronegative
according to ELISA-like assay data) were IgG-positive to at least one of the non-classical
autoantigens (Chmr3, Cfll, Rgi2, Ifil6 and/or Ca6) according to multiplex data, including two
who were not positive for any other autoantibody, and with that addition both would be
“reclassified” as SjS according to the international criteria. As a matter of fact, despite not being
identified as major drivers of the non-S;jS sicca patients’ autoantibody signature via the feature
selection/PLSDA analysis pipeline, 25% (n = 4/16) were positive for anti-Ro60 IgG, and 12.5%
(n = 2/16) for anti-La IgG, compared to 0% and 2.5% (n = 1/40) of the healthy controls,
respectively, likely due to these features mainly driving LV1.

When including multiplex data regarding classical (i.e., anti-Ro60 and anti-La in such case,
as none were anti-Ro52 IgG positive) and non-classical (i.e., anti-Cfl1, anti-Rgi2, anti-Spt1, anti-
Cab, anti-Chmr3) IgG autoantibody positivity into account, a total of eight non-SjS Sicca patients
would become seropositive, including 75% (n = 6/8) who would be “reclassified” as SjS according
to the international criteria. Interestingly, low levels of corresponding autoantigen-specific FcyR
binding were detected in 66.7% of these 6 patients, but none of the other Sicca patients with
multiplex-only autoantigen IgG positivity. Hierarchical clustering enabled visualization of clear
separation of Sjogren’s from heathy and non-Sjogren’s using the LV1 feature-selected antibody

signature (Figure 3-4d).
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a) Scores plot shows separation of Sjogren’s (orange) from healthy (blue) and non-Sjégren’s sicca (green) across
LV1 while healthy and non-Sjogren’s are distinguishable across LV2. Elastic-net selected feature loadings for LV1
(b) and LV2 (c). Calibration accuracy of the model was 88.1% and cross validation accuracy was 85.0%. d)
Hierarchical clustering performed on elastic-net-selected features.

3.4.3 N-linked glycosylation profiling reveals variations in IgG glycans associated with

Sjogren’s syndrome

As autoantigen-specific FcyRIla, FcyRIIb and FcyRIIla binding was identified as an
important contributor to the autoantibody signatures associated with SjS, we examined IgG N-
linked glycosylation, an important factor that can modulate the strength of IgG-Fc/FcyR

engagement, in the cohort. Total IgG of SjS patients were more frequently lacking galactose
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residues (referred to as GO) compared to non-SjS Sicca patients (27.7% + 1.2 versus 20.4% =+ 1.8,
p =0.0037) and healthy controls (27.7% + 1.2 versus 18.6% = 1.0, p < 0.0001). Accordingly, the
relative abundance of highly galactosylated IgG (referred to as G2) followed the exact opposite
trend in the three groups. Non-S;jS sicca patients and healthy controls were not different regarding
GO (p =0.74) or G2 relative abundance (p = 0.84).

IgG lack of fucosylation, which is classically associated with improved FcyRIII binding,
was also more frequent in SjS patients compared to healthy controls, with levels of fucosylation
respectively 81.1% + 0.6 versus 86% =+ 0.4 (p <0.0001). Sicca controls also had lower amounts of
fucosylated IgG compared to healthy controls (82.1% + 1.0 versus 86% + 0.4, p = 0.0052), but
were not different from SjS patients regarding that feature (p = 0.70).

When analysing N-linked glycosylation profiling in seropositive and seronegative SjS
(Figure 3-5a) according to the results of the ELISA-like assay, the same trend was identified, with
seropositive SjS having the higher amount of GO IgG (28.3% =+ 1.3), then seronegative SjS (25.3%
+ 2.8), non-SjS sicca patients (20.4% = 1.8) and healthy controls (18.6% =+ 1.0). The increase in
GO relative abundance in seropositive SjS was statistically significant when compared to non-S;jS
sicca controls (p = 0.0036) and healthy controls (p < 0.0001), whereas for seronegative SjS it was
only significantly increased compared to healthy controls (p = 0.0446) (Supplementary Figure
B-3). Regarding IgG fucosylation, analysing separately the seropositive and seronegative SjS
subgroups did not modify the results, with healthy controls having significantly higher amounts of

fucosylated IgG compared to all the other groups (Figure 3-5b).
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Figure 3-5: Cell-based phagocytosis assays and glycans.

a) Total IgG glycosylation profiles and fucosylation (b). ¢) Comparison of anti-Ro60 specific antibody-dependent
cellular phagocytosis between healthy, non-Sjégren’s, seronegative and seropositive Sjogren’s patients using the
THP-1 cell-based assay. Correlation with FcyRIIa-H131 (d) and FcyRIIa-R131 (e) dimers binding in multiplex.

3.4.4 Cell-based phagocytosis assay suggests autoantibody-associated FcyR binding is linked

to elevated autoantigen-specific phagocytosis in Sjogren’s syndrome

As FcyRlIlIa (both the H131 and R131 polymorphisms) binding of anti-Ro60 autoantibodies
was a critical feature associated within all SjS-associated autoantibody signatures, we evaluated
their functionality via an anti-Ro60 bead-based ADCP assay (Figure 3-5¢)._Anti-Ro60 IgG
seropositive (according to the ELISA-like assay) SjS patients (n = 33) had the higher phagocytosis

scores among all groups, with a mean score of 7.7 + 0.4 versus 2.5 = 0.2 (p < 0.0001) for anti-
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Ro60 IgG negative SjS patients (n =25), 1.4 £ 0.1 (p <0.0001) for non-S;jS sicca controls (n =16)
and 1.3 = 0.1 (p < 0.0001) for healthy controls. Anti-Ro60 IgG negative SjS patients also had
higher phagocytosis scores than non-SjS sicca controls (p = 0.0347) and healthy donors (p =
0.0011), whose respective phagocytosis scores were, however, not statistically different (p = 0.98).
In comparison, SjS patients who were anti-Ro52 IgG only (n = 6) or anti-La IgG only (n = 1)
positive, without anti-Ro60 IgG positivity, had low phagocytosis scores, comparable with
seronegative patients (i.e., a mean phagocytosis score of 2.3 £+ 0.3 and a phagocytosis score of 3.6,
respectively). Finally, phagocytosis scores from the whole cohort were significantly correlated
with FcyRIla-H131 (Pearson correlation coefficient r = 0.93; p < 0.0001) and FcyRIla-R131 (r =

0.92; p <0.0001) specific engagement of anti-Ro60 autoantibodies (Figure 3-5d, e).

3.4.5 Seronegative SjS patients can be differentiated from healthy controls based on an

autoantibody signature driven by non-classical antigens

A major remaining challenge in SjS diagnosis is recognizing individuals who are not
seropositive for classical antigens, requiring performing an invasive minor salivary gland biopsy
to meet the international classification criteria for SjS. Thus, we wanted to explore what
autoantibodies might be driving this difference between healthy controls and seronegative SjS
patients. Univariate results revealed significantly higher Ro60, Ro52, and La responses in
seropositive SjS patients compared to seronegative SjS patients, but the differences between
healthy controls and seronegative SjS was non-significant (Supplementary Figure B-4). Using
feature selection and PLSDA, we were able to identify an autoantibody signature that successfully
distinguished between healthy individuals and seronegative patients (Figure 3-6a). The 17 elastic
net selected features in this model included some anti-Ro60, anti-R052, and anti-La autoantibody-

related features, such as anti-Ro60 IgG, anti-Ro52 FcyRIIb, and anti-Ro60 FcyRI1la-V158 (Figure
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3-6b). In line with this, based on multiplex assay instead of ELISA-like assay data, some patients
would have been considered seropositive among the seronegative group: three for anti-Ro60 IgG,
three for anti-Ro52 IgG and two for anti-La IgG.

Interestingly, there are also many non-classical autoantibody-related features that are part
of the 17 feature signature, including anti-Ifil6 IgG3, anti-Ca6 FcyRIIa-H131, and anti-Cfll
FcyRIIb and FcyRIla-H131. This suggests that elevated autoantibodies to non-classical antigens
may be important features in seronegative SjS patients. By plotting ROC curves (Figure 3-6¢), we
were able to show the improved sensitivity and specificity of the 17 feature seronegative
autoantibody signature in comparison to the Ro/La PLSDA model, and the seven feature healthy
vs. SjS autoantibody signature. Our model had a cross validation accuracy of 82.5% in comparison
to cross validation accuracies of 75.0% using the seven-feature healthy vs. SjS signature and 61.3%
using a PLSDA model with classical antigens only (Supplementary Figure B-5). The sensitivities
and specificities for each model are shown in Figure 3-6d, with 80.4% sensitivity and 72.2%
specificity for the 17 feature seronegative PLSDA model, 82.7% sensitivity and 66.7% specificity
using the seven feature healthy vs. SjS model, and 65% sensitivity and 46.7% specificity for a

Ro/La only PLSDA model.
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Figure 3-6: Healthy vs. Seronegative Sjogren’s patients.

a) PLSDA scores and b) loadings of Seronegative Sjogren’s patients (light orange) versus healthy controls (blue)
with variance explained by each LV in parentheses. C) Receiver operating characteristic (ROC) curve showing the
improved sensitivity and specificity of the 17 feature seronegative signature in comparison to the seven feature SjS

signature, multiplex positivity, and Ro/La-only PLSDA. D) Sensitivity and specificity for the 17 feature Sjogren’s

antibody signature versus the seven feature Sjogren’s antibody signature and the clinical use of ELISA-like assay
positivity for Sjogren’s diagnosis.

3.5 Discussion

In this study, we have used a novel SjS-dedicated systems serology approach, combining
different high-throughput technologies, including a custom SjS-multiplex assay, IgG N-linked
glycosylation profiling and a cell-based autoantigen-specific phagocytosis assay, to study

differences in autoantibody responses between SjS patients, non-SjS sicca patients and healthy
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controls. Systems serology approaches have almost exclusively been applied in the field of
infectious diseases to date -'23!2° but have the ability to provide new insight in understanding
complex autoantibody responses and improve autoimmune patients’ care. 2128

We have been able to confirm the pivotal association of the classical anti-Ro60/SSA, anti-
Ro052/SSA and anti-La/SSB IgG autoantibodies, which were overrepresented in patients compared
to healthy individuals, and also identified high levels of corresponding FcyR and C1q engagement.

114 and never in

Fc-related effector functions have been scarcely studied in autoimmune diseases,
SjS at a system level. In this study, they have been identified as prominent components of all the
autoantibody signatures associated with SjS, whether considered seropositive or — more
surprisingly — seronegative beforehand. The inclusion of FcyR and Clq engagement, along with
IgG measurement, as in the identified SjS-associated seven feature autoantibody signature, has the
ability to significantly improve SjS diagnostics’ performances as represented in Figure 3-3c.
Moreover, as anti-Ro60-associated autoantibody features were the most represented in this seven
feature signature (accounting for 5 of them), but also in the more complex signatures represented
in Figure 3-3¢, Figure 3-4b and Figure 3-6b, such an assay could be adapted for clinical settings
(contrary to its current version) with a curated set of autoantigens, including Ro60, and detectors,
making one potentially alleviating the need for some patient biopsies. Moreover, in line with the

literature, '’

choosing a particle-based multiplex instead of a classical solid phase technology has
been associated with improved sensitivity for classical autoantibodies’ detection (+8.6% anti-
Ro/SSA and/or anti-La/SSB seropositivity in the SjS group), again allowing for quicker and less

invasive diagnostic procedures, without significant loss of specificity. Accordingly, in the non-S;jS

sicca group, the multiplex-associated improved sensitivity for classical autoantibodies’ detection

65



would allow for the reclassification of four patients (25% of the group) and none of the healthy
individuals, as having SjS according to at least one set of international classification criteria.!!%!!3

Apart from the classical anti-Ro60, anti-Ro52 and anti-La autoantibodies, the SjS-
dedicated custom multiplex assay from this study was designed to include several previously
described non-classical autoantibodies, to evaluate their potential value in identifying SjS and non-
SjS patients. Hence, multiple non-classical autoantibodies (anti-Chmr3, anti-Cfl1, anti-Rgi2, anti-
Ifi16 and/or anti-Ca6) were included in all the signatures associated with SjS (see in Figure 3-3b,
Figure 3-4b and Figure 3-6b), but also in non-SjS sicca patients, with two (12.5%) additional
individuals who would be “reclassified” as SjS when taking non-classical autoantibodies’ data into
account. Bridging the “seronegative gap” has been a key goal in SjS — and more globally in
systemic autoimmune diseases — for many years, with different approaches, including the use of
human proteome assays in recent publications.!** Such approach allows for wider autoantigen
screening, such as the proteome array comprising 19500 proteins that cover >75% of the human
proteome, that identified 11 novel SjS autoantibodies with low individual frequencies (using the
same threshold determining method as we did), as we similarly found for non-classical
autoantibodies in this study. In contrast to proteomic approaches, current multiplex bead
technologies are limited to a maximum of 500 antigens but are more rapid and easily portable to
the clinical setting. This approach also allowed for the simultaneous evaluation of the autoantigen-
specific main immunoglobulin isotypes, subclasses as well as FcyR engagement, which were
identified as prominent for classical autoantibodies but also detected in more than 2/3 of the non-
classical autoantibody-seropositive patients in our cohort. Using similar machine learning
approaches, Longobardi et al.'*° have identified a 30-feature (only including autoantibodies-

specificities) signature which was able to identify seronegative SjS from healthy individuals, with
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an AUC of 0.79 (95% CI1 0.64 to 0.93), compared to our 17 feature signature (including both Fab
and Fc-related features) whose AUC was 0.88 (95% CI 0.79 to 0.97) for the same purpose.
Regarding autoantibody specificities, there was some overlapping antigens between both
approaches, as they also detected anti-Cfll and anti-Stmn4 in their cohort, but others were not,
either because the autoantigens were absent from the array (e.g., Sptl, Sptanl) or probably for
technical differences in the detection methods, especially protein conformation issues, as raised by
the authors themselves.'*® Due to its very nature, the SjS-dedicated custom multiplex assay we
have designed and evaluated in this study used native or recombinant proteins, without
conformational issues, however its intrinsic qualities are necessarily highly dependent on the
protein quality themselves:

As FcyR engagement was associated with all the identified autoantibodies and as an
important signature in our cohort, we investigated the potential role of IgG N-linked glycosylation,
a well-known pivotal factor in modulating IgG Fc binding to their receptors.'*! Previous SjS
glycosylation studies have observed decreases in sialylation'*? (which was not observed in our
cohort, shown in Supplementary Figure B-4). However, reduced levels of IgG galactosylation
(Figure 3-5a) in both seronegative and seropositive SjS patients is in line with previous studies
along with a range of autoimmune diseases and thought to be reflective of their common
proinflammatory state.!3*!3* However, the precise impact of galactosylaton on FcyR/IgG binding
is subject to debate and is hard to affirm without antigen-specific IgG glycosylation data (which is
sample-consuming and difficult to conduct with clinical samples'> where small sample volumes
are collected). On the other hand, the increased binding of afucosylated IgG to FcyR (especially
FcyRIIla, but also weakly FcyRIIa) is more widely described, and interestingly, the relative

fucosylation of IgG was the lowest in seropositive SjS patients in our cohort (Figure 3-5b).
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Moreover, seronegative SjS and non-SjS patients also had lower levels of IgG fucosylation than
healthy controls, as afucosylation is associated with enhanced FcyR engagement, this is in line
with our observation of higher FcyR binding to classical autoantibodies as well as non-classical
autoantibodies in both groups.

To confirm the important role for autoantibody/FcyR engagement suggested by multiplex
and total IgG N-linked glycosylation data in SjS, we have designed a Ro60-specific ADCP cell-
based assay. As expected, anti-Ro60 seropositive SjS patients had the highest Ro60-specific
phagocytosis scores, suggesting a possible novel pathogenic role for these autoantibodies which
could contribute to disease via inflammatory cytokine production by phagocytes after Ro60
internalisation. Ro60 is an ubiquitous and mainly intracellular ribonucleoprotein, however it can
be exposed to the immune system through cellular death and tissue damage.'* Interestingly,
seronegative SjS patients had at low levels, significantly higher phagocytosis scores than non-SjS
sicca and healthy controls. One explanation could be the non-specific stimulation of THP-1 cells
by the patients’ diluted serum enriched in proinflammatory cytokines which was used in the assay
(and not purified IgG). Whereas patients with non-anti-Ro60-autoantibodies (including anti-Ro52
or anti-La autoantibodies which are part of the same ribonucleoproteic complex) had comparable
phagocytosis as controls. Nevertheless, if confirmed by further studies with other SjS-related
autoantibodies and with primary cells, this finding could strengthen the rationale of targeting
autoantibodies-producing cells and/or autoantibodies in clinical trials.!'*

A limitation of this study is the relatively limited number of individuals in each group.
Although the association of FcyR engagement and related effector functions were consistently
identified for all the different autoantibodies and via different technical approaches including

functional assays, additional studies incorporating multiple cohorts are needed to confirm and
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precise our results. In order to address this, we also compared the performance of our antibody
signatures against 100 randomly generated signatures of the same size and found that our models
performed significantly better (p<<0.05) than all of the random models for each group comparison
(Supplementary Figure B-6).

Overall, our study provides further insight into the autoantibody responses in Sjégren’s
syndrome, especially identifying a novel association and presumed pivotal role for classical, but
also non-classical, autoantibody-specific Fc/FcyR-related effector functions, unveiling novel areas
of research for known and lesser-known autoantibodies, with possible practical beneficial

consequences for patients’ diagnosis and treatment.
3.6 Methods

3.6.1 Study participants and sample collection

Samples were collected as part of the | GET DRY (NCT03003572) multicentric cohort,
whose patients were recruited in the Auvergne-Rhone-Alpes region in France between March
2018 and December 2019, after Ethics Committee (Comité de Protection des Personnes Est-III)
approval under the reference IDRCB 2016-A01851-50. The cohort (Table 3-1) contains healthy
blood donors (who have all provided written consent before blood donation; n=40), non-SjS
sicca syndrome patients (i.e., patients presenting with sicca syndrome but not fulfilling any
classification criteria for SjS; n=16), and S;jS patients (i.e., patients fulfilling the 2002 American-
European Consensus Group [AECG]'"® and/or the 2016 American College of Rheumatology
[ACR]/European League Against Rheumatism [EULAR] classification criteria ; n=58).!!2
Among non-SjS sicca syndrome patients and SjS syndrome patients, EULAR Sjogren’s

Syndrome Disease Activity Index (ESSDAI), EULAR Sjogren’s Syndrome Patient Reported

Index (ESSPRI) and focus score (i.e., number of mononuclear cell infiltrates containing at least
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50 inflammatory cells in a 4 mm? minor salivary glandular section) were available '*’.

Recommended biological tests for SjS workup were available for all non-SjS sicca syndrome and
SjS patients, including anti-Ro/SSA and anti-La/SSB IgG. Patients were classified as
seropositive (n=40) or seronegative (n=18) using the ELISA-like Phadia™ 250 system (Thermo

Fisher Scientific), based on positivity for at least one of any of the Ro or La antigens.

Table 3-1: Cohort demographics

Time from Sialadenitis
Sex Age ESSDAI ESSPRI
Symptom Onset (Focus
Group N F/M Mean Mean Mean
# (%) ® ) (months) ® ) ® ) Score > 1)
ange ange ange
° & Mean (Range) 8 8 n (%)
34/6 37.8
Healthy 40 N/A N/A N/A N/A
(85%) (19 -68)
Non-SjS
1472 534
Sicca 16 86 (2-342) N/A N/A 2 (12.5%)
87.5%)  (33-175)
syndrome
Seronegative 16/2 58.7
18 98.8 (14 —308) 56(0-23) 49(0.3-10) 18(100%)
Sjogren’s (94.3%) (28-84)
Seropositive 36/4 57.8
40 98.8 (2 -477) 5.4(0-31) 5(1.3-8.3) 38 (95%)
Sjogren’s (90%) (30-91)

3.6.2 Customized Sjogren’s syndrome bead-based multiplex assay

A customized multiplex assay (Supplementary Table B-1)!?713%13 \as designed
including an array of relevant autoantigens: the classical autoantigens (Ro60/SSA, Ro52/SSA,
La/SSB; AROTEC Diagnostics), as well as non-classical “investigative” autoantigens found to
have some association with SjS syndrome in the literature (carbonic anhydrase 6 [Ca6], cofilin 1
[CA11], cholinergic muscarinic receptor 3 [Chmr3], enolase 1 [Enol], interferon gamma-inducible

protein 16 [Ifi16], La, mouse double minute 2 homolog [Mdm2], rho GDP-dissociation inhibitor
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2 [Rgi2], salivary gland protein 1 [Sptl], alpha fodrin [Sptanl], Sjogren’s syndrome nuclear
autoantigen 1 [Ssnal], stathmin 4 [Stmn4]; MyBioSource Inc., USA).!%

The presence of autoantibodies in the donors and patients’ serum was examined (Figure
3-1) using pan-IgG, IgG1-4, IgA1-2, IgM, Clq (an indicator of complement engagement), along
with soluble FcRs dimers (activating FcyRIIa-H131 and -R131, inhibitory FcyRIIb, and activating
FcyRIIla-V158 and -F158), that have been previously described to correlated with a range of Fc

140141 Tetanus toxoid (Sigma) and influenza hemagglutinin (H1Cal2009; Sino

functions.
Biological) were also added to the assay as positive controls. Magnetic carboxylated beads (Bio
Rad) were covalently coupled to the antigens using a two-step carbodiimide reaction, as previously

d'?”142 and methods are described in detail within supplementary materials. A titrated pool

publishe
of anti-Ro60 seropositive SjS patient plasma control was included in all multiplex array plates.

These titrations were used to normalize replicate multiplex array plates.

3.6.3 Data normalization

For all multivariate analyses, Tetanus and Influenza (positive control antigen) data was
removed. As the majority of the multiplex data was non-parametric, all data was log-
transformed, first thresholding any values below zero for each detector—antigen pair individually,
by adding the minimum negative value for that feature to all samples within that feature.
Positivity threshold for each feature was determined as the mean value in healthy blood donors +
3 standard deviations. For all multivariate analyses the data was normalized by mean centering

and variance scaling for each feature using Matlab.

71



3.6.4 Statistical analyses:

Healthy versus Sjogren’s syndrome Volcano plot was created using Prism 9, using the two-
stage step-up method of Benjamini, Krieger, and Yekutieli to adjust for multiple comparisons with
a False Discovery Rate of 1%. Welch t-test was used to avoid assumptions about consistent
standard deviation. For univariate comparisons between three or more groups, ordinary one-way
ANOVA was used for normally distributed data, and Kruskall-Wallis with Dunn’s multiple

comparisons was used otherwise.

3.6.5 IgG antibody purification

IgG antibodies were purified from the collected serum via Melon Gel chromatography
according to manufacturer’s protocol as previously described!* (Melon Gel IgG Purification Kit,

Thermo Fisher Scientific) and is described in detail in the supplementary materials.

3.6.6 IgG N-linked glycosylation profiling:

N-linked glycosylation profiles of purified IgG antibodies were measured on the
LabChip® GXII Touch instrument (PerkinElmer) according to the ProfilerPro glycan profiling

LabChip® GXII Touch protocol and is described in detail in the supplementary materials.'*’

3.6.7 Bead-based THP-1 antibody-dependent phagocytosis assay

To examine ADCP mediated by SjS’ autoantibodies, a previously described bead-based
assay'*!* was adapted to Ro60/SSA antigens. Methods are described in detail in the

supplementary materials.
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3.6.8 Feature selection and data-driven methods

To determine the minimal set of features (signatures) needed to predict categorical
outcomes (healthy, non-SjS sicca, seronegative SjS, seropositive SjS) a three-step process was
developed based on Gunn et al.!*® Partial least squares discriminant analysis (PLSDA) performed
in the Eigenvector PLS toolbox in Matlab was used in conjunction with Elastic-Net (described
above) to identify and visualize signatures that distinguish categorical outcomes (age cohort,

COVID-19 infection status) and are described in detail in the supplementary materials.

3.6.9 Receiver operating characteristic (ROC) curves

To explore the diagnostic ability of binary classifiers, ROC curves for PLSDA antibody
classification signatures were generated using the Eigenvectors toolbox in Matlab. Graphpad
Prism 10 was used for multiplex positivity. Sensitivity and specificity were calculated based on

model performance for PLSDA models or our cohort data for assays.
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Chapter 4 Decoupling Antibody Levels from Fc¢ Effector Functions: An Ordinary
Differential Equation Framework Challenges the ‘More is Better’ Assumption for

Polyfunctionality

4.1 Authors and Contributions

Suzanne K. Shoffner-Beck'", Kade E. Wong!, Amy Chung?, Kelly Arnold

"Department of Biomedical Engineering, University of Michigan, Ann Arbor, MI, USA
2Peter Doherty Institute for Infection and Immunity, The University of Melbourne, Melbourne,

Victoria, Australia

4.2 Abstract

The role of neutralizing antibodies and non-neutralizing antibodies in responses to Human
Immunodeficiency Virus (HIV) have been studied for decades, but the complex
polyfunctionality of Fc receptor effector responses is not yet fully understood. The only HIV
vaccine trial shown to have modest efficacy (RV144) correlated increased IgG1 and 1gG3 levels
(“more antibody”) with increased antibody-dependent cellular cytotoxicity (ADCC) FcyRlIIla
responses and found that this resulted in protection from infection. Because these are cause-and-
effect assumptions only, a theory-driven mathematical model can provide a unique opportunity
to explore the underlying mechanism. While ordinary differential equation models have been

studied previously to evaluate personalized differences in FcR activation, these models only
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considered a single function or FcR type at a time and thus fail to accurately represent the
complex dynamics of a polyfunctional system. Here we create an ordinary differential equation
model that is able to simultaneously able to consider antibody-dependent cellular cytotoxicity
ADCC and antibody-dependent cellular phagocytosis (ADCP) across different tissues using
parameters from the literature to explore heterogeneity in immune responses between
individuals, and within the same individual across mucosal or systemic circulatory environments.
We found that the “more is better” antibody paradigm was not always true, and that increases in
IgG3 while increasing ADCC, could decrease ADCP and likewise increases in IgG1 increased
ADCP but decreased ADCC. We applied the model to vaccinee data from the RV144 trial and
confirmed that boosting maximal single or combined FcR effector functions did not occur at the
maximum concentration for either antibody, and thus boosting could result in increases in one
function but decreases in another. Additionally, FcR polymorphisms that affect binding affinity
were more influential in the blood than in mucosal tissues. These results could play a critical role
in bettering our understanding of polyfunctionality in HIV and drive therapeutic and prophylactic

interventions.

4.3 Introduction

Antibodies play a vital role within the immune system by providing protection against
infection through a wide variety of functions. One main way that antibodies defend against
invaders is by “neutralizing” or tightly binding to pathogens via the Fab portion of the antibody,
which can be prophylactic. However, because it relies so heavily on tight binding of the Fab to
antigen, pathogen mutations can have a negative effect on neutralization potential. Thus,
antigenically variable pathogens, such as Human Immunodeficiency Virus (HIV), present a

challenge because the rapid mutation of the viral antigens can easily escape the high-affinity
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antibody recognition required for neutralization. Fortunately, antibodies can also utilize the Fc
portion of the antibody to bind Fc Receptors (FcRs) on innate immune cells to induce multiple
cellular functions. Polyfunctional responses include antibody-dependent cellular phagocytosis
(ADCP) and antibody- dependent cellular cytotoxicity (ADCC) via cellular Fc receptors. These
functions are enacted when immune complexes (antibody IgG dimers bound to antigen) bind
different types of Fc receptors, including the Fc gamma receptor (FcyR), with FcyRIla being
primarily found on monocytes for phagocytosis and FcyRIII found mainly on natural killer (NK)
cells to secrete cytotoxic factors. FcyR binds the four subclasses of IgG (IgG1-4), each of which
can bind FcRs at different rates. The antibody subclass distribution also varies in each individual,
leading to heterogeneity in FcR activation across populations. Furthermore, FcR receptor genetic
polymorphisms have been identified, which can affect the binding affinity of IgG to the FcR (e.g.
FcyRIla-H has a higher affinity for IgG than FcRIIa-R) and can be inherited in homozygous or
heterozygous patterns. There are also post-translational modifications that affect the subclass
distribution profiles as well as binding affinities. For example, glycosylation and fucosylation of
the Fc portion of an antibody (the addition of a carbohydrate group) can modify FcR binding and
subsequently modulate immune responses. These intertwining parts build a complex system of
antibody dynamics that lend itself well to mathematical modeling in order to further elucidate the

most important aspects of the system, thereby identifying potential targets for intervention.

4.3.1 Antibody and Fc Receptor responses in HIV infection and vaccination

Due to the exceptionally high rate of spontaneous mutation within the HIV genome, FcRs
are thought to play a particularly important role in HIV infection and protection, although the exact
mechanism is not yet fully understood. There have been numerous studies that have explored the

role of neutralizing antibodies in HIV and potential mechanisms for HIV prevention,!46-15
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Recently, broadly neutralizing antibodies (bNAbs) have been of particular interest as potential
prophylactic or therapeutic targets as well as guides for HIV vaccine design.!>® Passive transfer
and vaccination have been shown to provide some protection against vaginal and rectal HIV virus
challenge in animal studies.!®' To date, there has been only one clinical trial of a vaccine with
modest effectiveness at preventing HIV infection, the RV144 vaccine trial in Thailand (60% at
one year, 31.5% at 3.5 years after vaccination).”® RV144 showed no increase in broadly
neutralizing Abs, but rather induction of non-neutralizing Abs with the ability of activating ADCC.
The trial remains controversial, as the results have not been able to be replicated and follow-up
studies have had limited success. Systems serology studies have previously shown that “more is
better,” indicating that higher levels of IgG1l and IgG3 correlated with improved Fc effector
responses and thus reduced risk of infection, while decreased IgG3 led to decrease Fc effector
responses.””!>? Particularly, it has been found that in the absence of high IgGl levels, IgG3
antibodies have limited functional potential.152 It was also observed that, over time, IgG3 levels
decreased, and this effect correlated with the decrease in vaccine efficacy over time.!>*!>* Other
studies have explored potential antibody “boosting” to maintain protection over time, but have
found that these elevated total IgG, but skewed subclasses towards [gG2 and IgG4 which led to
overall decreased Fc effector functions.'>*!3"157 Thus, the link between Fc effector functions and
protection against HIV remains not yet fully understood and there is much left to be explored
involving the dynamics between the “more is better” mantra, IgG1/IgG3 collaboration, and

polyfunctionality.

4.3.2 HIV transmission and immune responses across different tissues

In addition to the previously stated studies on prevention, there have been numerous studies

on the transmission of HIV and local immune responses, further supported by the differences in
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transmission across different tissues. The risk of HIV transmission depends on the method of
exposure, with sexual transmission being the highest risk. Receptive anal intercourse has the
highest rates of transmission (1 in 72 sex acts), with receptive penile-vaginal intercourse resulting
in intermediate transmission rates (1 in 1250 sex acts), and penile-oral sex causing very few
infections (0-4 in 10,000).'%® Bloodborne and vertical transmission is also possible, with mother-
to-child transmission the highest risk (as high as 25%),'*° followed by needle sharing (1 in 150
exposures) and needle-stick (1 in 435).1° Transmission rates also depend on a variety of factors,
including viral load or treatment status, circumcision status, coinfection with other sexually
transmitted diseases, and genetic background. The wide range of transmission rates further indicate
that heterogeneity of responses in different tissues, particularly in mucosal tissues versus the blood,
lead to variable levels of protection. These results have been supported by several studies,
including a study in macaques that indicated rectal mucosal tissue was the most permissible to

infection, while genital tissue had much lower mucosal permeability.'®!

4.3.3 A new framework for a multiple FcR model to explore competition and polyfunctionality

While data-driven systems serology studies can be powerful for exploring correlations in
a complex system, these methods are unable to provide a mechanistic understanding of the system
and do not give information about cause-effect relationships. Due to the large number of variables
contributing to the system, Fc receptor activation lends itself well to a theory-driven model, that
can be used to unravel individual components of the system contributing to the heterogeneity of
responses. Lemke et al. (2021)° was able to create an ordinary differential equation (ODE) model
to represent this framework and look at personalized responses in individuals participating in the
RV 144 clinical trial. However, their study had several limitations: first, the model was performed

using in vitro assay parameters, which are vastly different in range from physiologic in vivo
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parameters. Furthermore, the model only considered the binding of IgG dimer-antigen complexes
to one type of FcyR at a time (FcyRIla or FcyRIlIla, but not both simultaneously). In reality, FcyRs
are competing for the same antibody and antigen substrates and in order to truly consider
polyfunctionality, it is necessary to consider the dynamic between the receptors present on immune
cells coexisting in the same environment.

In this paper, we use computational systems serology approaches to enable quantitative
evaluation of the relationship between antibody features and immunological function. Here we
will create a novel ordinary differential equation (ODE) model that is able to account for
interaction between multiple FcRs which can help us better understand genetic variability between
individuals or multiple simultaneous polyfunctional responses due to cells expressing different
classes of Fc gamma receptors. Furthermore, the two FcR model will be simulated using in vivo
physiologic parameter values rather than in vitro assay parameters. The model schematic is shown
in Figure 4-1, with an example reaction equation displayed below. Our computational approach
also provides a unique opportunity to simulate responses within various tissue environments that
would otherwise be difficult to study in vivo. Using powerful computational methods to explore a
complex parameter space, we will be able to better unravel heterogeneity in immune responses

due to polyfunctionality.
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Figure 4-1: Model Schematic

Illustration of FcR2a on macrophages and FcR3a on natural killer cells as examples for antibody-dependent cellular
phagocytosis (ADCP) and antibody-dependent cytotoxicity (ADCC) respectively. Forward and reverse reactions
shown for binding of antibody to antigen, formation of a dimer, then subsequent binding of either FcR2a or FcR3a.

4.4 Results

4.4.1 A sensitivity analysis highlights importance of I1gG1- and I1gG3-related parameters

In order to understand which IgG and FcR features have the most significant impact on FcyRlIla
and FcRyllla complex formation in blood, we performed a one-dimensional sensitivity analysis,
in which FeyRIIa and FcRyllla complex formation were calculated after each parameter was varied
individually by 0.05-20x (Figure 4-2). Unsurprisingly, the most sensitive parameters for both

FcyR outputs involved IgGl and IgG3, including IgG1l and IgG3 concentration as well as
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parameters related to antigen binding (on and off), binding to each respective FcyR (FcyRIla and
FcyR concentration. In terms of IgG subclass concentrations, the model predicted increases in
FcyRIla complex formation with increases IgGl, whereas increases in FcyRIlla complex
formation was driven by increases in IgG3. Both of these results were expected given the higher
affinity of FcyRlIla for IgG1l and FcyRIlla for IgG3. Intriguingly, however, the model also
suggested that IgG1 and IgG3 have the potential to negatively impact FcyRIIla and FcyRlla,
respectively. When IgG1 was increased by 20-fold, the model predicted a 26.6% decrease in
FcyRIlla. Likewise, the model suggested that a 20-fold IgG3 may decrease FcyRIla by as much as
54.9%. The global sensitivity analysis revealed similar results, highlighting the importance of IgG1
and IgG3 concentration and affinity parameters and suggesting negative relationships between
IgG1 and IgG3 with FcyRIIla and FeyRIla, respectively (Supplementary Figure C-1). Inspection
of the model revealed that the unexpected decreases in FcR complex formation with increased in
IgG titers was likely due to competition between IgG1 and IgG3 subclasses for antigen, with
stronger versus weaker binding for FcyRIlla vs. FcyRIla. At very high IgGl concentrations,
antigen remains bound in anti-IgG1 intermediate complexes, thus reducing antigen availability for
IgG3 and lowering formation of FcyRIIla complexes. A similar mechanism was observed for [gG3
and FcyRlIla. Overall, these results provide a mechanism by which increased levels of IgG1 and
IgG3 may negatively impact FcyR complex formation and downstream activation of ADCC and

ADCP.
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4.4.2 The model reveals mechanisms that underpin individual heterogeneity in ADCP and

In order to further explore the interaction between IgG1 and IgG3 and their combined effects on
FcyRIla and FcyRIIla complex formation, we next performed a two-dimensional (2D) sensitivity
analysis by tuning each over 0.001x — 1000x and computing complex formation for FcyRIla and
FcyRIlla (Figure 4-3a). The resulting landscape highlighted changes in ADCP (FcyRlIla
complexes) and ADCC (FcyRIIla complexes) that might be expected with increases in IgG1 and

IgG3 that result from vaccine boosting (Figure 4-3). The model suggested that more antibody is



not necessarily ideal and that maximizing one Fc effector function tends to lead to decreases in
another function at certain combinations of I[gG1 and IgG3. For example, for FcyRIIa complexes,
the landscape illustrates sensitivity to IgG1 up to 100 nM at low levels of IgG3 (<10 nM), however
this sensitivity has a limit and IgG3 has the capacity to reduce complex formation at high titers
(Figure 4-3a). Conversely, FcyRIlla is predicted to be highly sensitive to IgG3 from 10 to 500
nM, but at high levels of IgG1, IgG3 would be reduced to XXX. (Figure 4-3c¢). Interestingly, at
constant levels of IgG1, the model predicts that increases in IgG3 would increase FcyRlIlla
complex formation (ADCC) but decrease FcyRIla functions (ADCP). For example a 1000-fold
increase in IgG3 would increase ADCC by 616%, but in parallel it would expected to decrease
ADCP by 74.7%. This is likely due to the increased relative affinity of FcyRIlla for IgG3 in
comparison to FcyRIla, which leads to competition between antibodies for antigen and less
antigen-bound IgG1lto activate ADCP via FcyRIla. A similar effect was observed for constant
IgG3, where increases in IgG1 were predicted to result in increases in FcyRIla functions (ADCP),
but decreases in FcyRIIla functions (ADCC). For example, a 1000-fold increase in IgG1 leads to
a 734% increase in ADCP while simultaneously leading to a 69.5% decrease in ADCC (Figure 3).
Perhaps most interestingly, parallel increases in both IgG1l and IgG3 were not predicted to
maximize FcyRIla and FcyRIlla complexes due to the potential for high IgG1 to significantly

reduce FcyRIIla complex formation.
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Figure 4-3: 2D Sensitivity Analysis and relationship between IgG1 and IgG3.

A) FcRyllaH complex formation (green surface) and FcRylllaV (purple surface) plotted across a combination of IgG1
and IgG3 concentrations with baseline blood parameter values indicated with a black point. B) Heatmap showing
complex formation with yellow indicating higher values and blue indicating lower values. The curved line indicates
the region with the highest gradient (regions which are very sensitive to small perturbations). C) Cross-section of
surface shown at constant IgG1 = 100nM (above) and constant IgG3 = 100 nM (below), showing the baseline x
parameter value with a dashed line and the inverse relationship between FcRyllaH formation and FcRyIllaV formation
as antibody levels increase.

In order to evaluate heterogeneity in a vaccine population after boosting-related increase
in IgG1 and IgG3, we used data from the RV 144 HIV clinical trial, where antigen-specific IgGl1,
IgG2, IgG3, and IgG4, as well as antigen-specific FcyRIIa and FcyRIIla responses were measured
in 105 plasma samples. Experimental IgG subclass measurements made in mean fluorescent
intensity (MFI units) were converted to concentration as described in the methods and previously
published (Lemke 2021)..” We used converted concentration values as personalized input into our
two FcR model and predicted in vivo blood FcyRIla and FcyRIIla complex formation using the

model. The vaccinee samples are plotted at baseline in vivo conditions on the surface in Figure
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4-4a, with an average FcyRIla complex formation of 2.76e-10 nM and mean FcyRIIla complex

formation of 2.77e-10 nM.
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Figure 4-4: Simulation of the impact of antibody boosting in RV 144 vaccinee data on FcR complex formation.
A) Baseline plasma values of gp120-specific IgG1 and 1gG3 values with simulated FcR complex formation plotted
on the surface. Simulated boosting of IgGl-only x10 (B), IgG3-only x10 (C), and simultaneous IgG1 and IgG3

boosting x10 plotted. E) Statistical significance between the population FcRIla and FcRIIla formation across baseline
and various interventions with significant adjusted p-value denoted by asterisks.

Because some vaccinees fall on a steep gradient for the FcyRIIla, while others fall more on

the plateau of FcyRIIa, we next utilized the model to predict FcyRIla and FcyRIIla complex
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formation after a simulated “boost” in IgGI and IgG3, separately and in combination. Boosting
IgG1-only by 10-fold shifted all the vaccinees into a non-sensitive plateau region of the landscape
(Figure 4-4b) where mean FcyRIla complex formation was significantly higher than baseline
(2.85e-10 nM, adjusted p-value = 0.0069). The IgG1-only boost decreased FcyRIlla significantly
(2.46e-10 nM, adjusted p-value = 0.03). Boosting IgG3-only by 10-fold significantly decreased
FeyRlIla by 17.5% (2.28e-10 nM, adjusted p-value < 0.0001) and increased FcyRIlla by 70.0%
(4.71e-10 nM, adjusted p-value < 0.0001) (Figure 4-4¢). Interestingly, simultaneously boosting
both IgG1 and IgG3 by 10-fold each led to no significant difference in either FcyRIla or FcyRIIla
complex formation due to the shifting of the vaccinees along the FcyRIla = FcyRIIla intersection
(Figure 4-4d). The statistical significances between boosting interventions are summarized in

Figure 4-4e.

4.4.3 Host genetics influence optimization of effector functions

We next used the model to investigate differences predicted to arise from genetic
differences in Fc receptor polymorphisms, which have the potential to change IgG binding to
FcyRs. We evaluated two known polymorphisms for FcyRIla, the higher affinity FcyRIla-H131
and the lower affinity FcyRIIa-R131, as well as the higher affinity FcyRIIla-V158 and the lower
affinity FcyRIIla-F158.'2 For each polymorphism, we evaluated both homozygous and
heterozygous combinations. The landscapes for FcR formation with the two heterozygous
combinations (H131/F158 and R131/V158) are shown in Figure 4-5a. With the R131/V158
genotype, FcyRlIlla is always greater than FcyRIla regardless of IgG1 and IgG3 levels. There is
also a much lower maximum for ADCP (FcyRIlIIa) with this combination in comparison to the

H131/F158 combination. Example points A (high IgG1 and low IgG3) and B (high IgG3 and low
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IgG1) were used to display the balance of FcyRIla and FcyRIIla across the four different
polymorphism genotype combinations. Figure 4-5b illustrates this, where the horizontal line
indicates equivalent FcyRIla and FcyRIlla formation; above the line is higher ADCP responses
(FcyRlIIa), while below the line is higher ADCC (FcyRIIIa) responses. While ADCC responses are
relatively consistent across phenotypes, the R1131/V158 combination is the only genotype to flip

to higher levels of ADCC rather than ADCP at high levels of IgG1.
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Figure 4-5: Simulating FcR complex formation across different polymorphisms combinations

A) Antibody landscapes for two of the four possible combinations of FcyR genotypes (high-affinity FcyRIlaH131
paired with low affinity FcyRIIIaV158 and low-affinity FcyRIIaR131 paired with high affinity FcyRII1aV158) show
that ADCP has lower potential in the R131/V158 combination. B) Excess complex formation as defined by the
formation above 50% correlating with an equal balance of FcyRIlIa/Illa. C) Difference between FcyRIIla and
FcyRIla complex formation across different boosting conditions for the RV144 vaccinee data.
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Next, we took the vaccinee data and applied it to our polymorphism landscapes in
combination with our boosting simulations to show how individuals could respond differently to
interventions based on their genetic polymorphism combination. We saw significant differences
for baseline FcyRIla formation between any combination that included H131 versus R131 (2.76e-
10 nM for H131 versus 1.86e-10 nM for R131, adjusted p-value < 0.0001). There were no
significant differences in FcyRIla formation with H131 (or R131) when comparing a genetic
pairing with F158/V158. We observed a similar pattern for FcyRIIla formation (2.77e-10 nM for
V158 versus 1.71e-10 nM for F158, adjusted p-value < 0.0001). Figure 4-5¢ summarizes the
significance in the difference between FcyRIlla and FcyRIla formation in all four polymorphism
combinations, with the greatest difference observed between R131/V158 (higher ADCC) and
HI131/F158 (higher ADCP). The same pattern was observed across all of the boosting patterns,
including IgG1-only boost, IgG3-only boost, and IgG1 and IgG3 boost. These results indicate that
personalized differences in affinity of binding based on genetic polymorphism combinations could
play an important role in an individual’s capacity for maximizing specific FcR effector functions

in some settings, but not in others.

4.4.4 Model illustrates the potential for vastly different Fc responses in mucosal tissues

Fc effector functions play an important role in ADCP and ADCC in mucosal tissues'®,
however these functions are difficult to evaluate in vivo because of challenges associated with
obtaining human mucosal samples. We next used the model to make predictions for how FcR
complex formation might changes in mucosal tissues, as a function of differences mucosal viral
load, Fc receptor expression, and IgG titers. We used parameters from the literature as shown in
Supplementary Table C-1, Supplementary Table C-2, and Figure 4-6a. Viral load (antigen

concentration) is highest in the rectal mucosa and antibody concentrations are more than 100x
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lower in the mucosal tissues than in the blood. In the blood, there are similar levels of FcyRIIa and

FcyRIIIa (42%/58%) but the balance is much more skewed in the mucosal tissue (Figure 4-6b).

For instance, in the rectal tissue there are more monocytes and thus higher expression of FcyRIla

or ADCP (78%), while in the penile tissue there are more natural killer cells present and thus

higher expression of FcyRIIla or ADCC (98%).
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Figure 4-6: Fc receptor functions across different tissues.
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A) Visualization of baseline parameters used as input for mucosal (rectal and penile) and blood models. Sources
summarized in Supplementary Table C-1 and Supplementary Table C-2. B) Baseline simulation results showing
complex formation involving FcyRIla and FcyRIIla as log complex formation or percentage of total FcyR
complexes. C) 2D landscapes showing IgG1 and IgG3 combinations affect ADCP and ADCC model output as

measured by FcyR complex formation.
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This pattern is also clearly visualized by looking at the FcR landscapes across variable
combinations of IgG1 and IgG3 (Figure 4-6¢). In the penile tissue, ADCC is dominant and boosts
in IgG1 or IgG3 mainly cause increases in ADCC without much change in ADCP. In the rectal
tissues, high IgG1 at any level of IgG3 causes a steep increase in ADCP, a pattern which is not
present in other tissues. These results could be important for potential local boosting interventions,
or for modeling antibody decay in different tissues. Likewise, if ADCC is thought to be protective

164166 interventions like increase ADCP (like increasing IgG1) in the

against HIV transmission,
rectal tissue could actually be harmful, while increasing IgG1 or IgG3 in the penile tissue would
have an advantageous affect. Furthermore, we explored how polymorphism combinations affect
FcR effector functions in the mucosal tissues. Unlike in the blood model, polymorphisms did not
make as much of a difference in the balance of ADCP and ADCC in the tissues, likely because of

the much smaller scale of antibody levels putting the landscape in a region in which FcR-antibody

affinity is not as sensitive of a parameter as antibody concentrations (Supplementary Figure C-3).

4.5 Discussion

Overall, our polyfunctionality two FcyR model helped to unravel complex dynamics
involving the balance between ADCP and ADCC in HIV immune responses. In particular, the
model non-intuitively challenges the “more is better” assumption that increasing antibody levels
in the blood always leads to increases Fc effector functions. Due to the competition between IgG
subclasses for the antigen, more availability of one or another subclass can lead to skewing of the
system towards maximizing one or the other antibody-dependent Fc responses, but not both.
Increasing IgG1 leads to increases in ADCP, but decreases in ADCC and increasing IgG3 increases
ADCC, but decreases ADCP. The overall maximum for ADCC or ADCP does not occur at a

maximum of both antibodies; rather, it occurs at an intermediate value.
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When examining patient data from the RV144 clinical trial and adjusting for the
experimental dilution to represent dynamics in vivo in the blood, we can see that the patient values
fall close to the baseline parameters used for our model. The patients fall on a sensitive region of
the landscape with a large gradient, such that increases or decreases in IgG1 or IgG3 lead to
significant differences in Fc effector functions. While one may predict that simultaneous boosting
of IgG1 and IgG3 might maximize both Fc effector functions, there is no significant different in
complex formation from baseline due to patients falling on the intersection of the two FcyR
surfaces.

Polymorphisms have also been shown to be of importance for heterogeneity in responses
and we are able to directly model this with the two FcyR model. The 2aH/3aF and 2aR/3aV
polymorphism combinations had the largest statistically significant difference between complex
formation. The 2aR/3aV genotype is the only genotype for which FcyRIIla formation is always
greater than FcyRIla, meaning that these individuals would be ADCC dominant in most scenarios
and may have more difficulty maximizing ADCP in comparison to those with the high affinity
FcyRIla polymorphism. Interestingly, when we evaluated the polymorphisms across the mucosal
tissues, we did not see a large difference in complex formation in the mucosal tissues as we had
seen previously in the blood. This is likely due to the much lower levels of antibody present in the
mucosa, changing the limiting reagents for Fc complexes to form.

As expected, due to the larger number of monocytes in the rectal mucosa, ADCP is the
more prominent function in this tissue type, which may explain the higher rates of transmission
via anal sex acts. The rectal mucosa is also paired with a very high antigen load, which we know
can also increase transmission. The penile tissue and semen had lower levels of antigen, and mostly

NK cells which leads to prominence of ADCC. The blood has a mixture of the two functions as

91



discussed previously, but has much higher levels of antibodies than the mucosal tissues, leading
to overall higher Fc effector responses.

In summary, the expansion of a theory-driven model to include a representation of
polyfunctionality of Fc responses was able to accurately depict previously observed experimental
patterns in immune responses, but it was also able to provide important insights about how the
combination of IgG1 and IgG3 levels may contribute to paradoxical decreases in opposing FcR
effector functions. Furthermore, by mimicking the local environment, we were able to better
predict how interventions may affect immune response. The model could be applied in the future
to develop potential new therapies, such as mucosal boosting, modulation of primary resident cell
type, or alterations in binding affinities. We believe that this approach provides unique insight into
mechanisms of antibody competition and polyfunctionality that are otherwise difficult or

impossible to study clinically.

4.6 Methods

4.6.1 Computational methods

4.6.1.1 System of Ordinary Differential Equations (ODEs) (adapted from Lemke et al. 2021)°
We expanded the system of ODE equations established in Lemke et al. (2021) to account
for the potential binding of antigen-bound IgG dimers to multiple different classes of FcyRs,
thereby considering potential competition between substrates and receptors within the system. The
env-IgG-FcyRIla and -FcyRIIla framework is illustrated in the schematic shown in Figure 4-1.
The system of equations is written using the laws of mass action kinetics, in combination with
conservation equations for total antigen, total FcR, and each IgG subtype. We assumed no

degradation or production of species over the short time span of the model. The initial IgG subclass
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concentrations were estimated from Raux et al. (2000)'%” based on gp120 antigen-specific IgG1
and IgG3 EU/mL values measured in the serum, seminal secretions, and rectal secretions in HIV-
type 1 infected subjects (asymptomatic CDC stage II/I1I infection). The IgG2 and 1gG4 were found
to be very low in HIV-infected individuals and were estimated to be 100 EU/mL and 10 EU/mL
respectively. The EU/mL values were then converted to estimated concentrations based on total
IgG concentration measured in untreated HIV-infected individuals in Pillay et al. (2019)!%® and
subsequently using the expected proportions of each subclass in serum, seminal secretions, and
rectal secretions to calculate the subclass concentrations across each tissue. The antigen
concentrations in each tissue were obtained from Zuckerman et al. (2004),'%° in which HIV RNA
levels were measured in untreated HIV-infected individuals in the plasma, rectum, and semen. The
RNA levels were converted to nanomolar concentrations assuming 20 envelope proteins on the

surface of each virus!

70 and then using Avogadro’s number. The FcR concentrations were
calculated based on a study by Cheeseman et al. (2016)'"! in which they measured the distribution
of CD14+ monocytes and natural killer (NK) cells in whole blood, penile tissue, and colorectal
tissue. They then used flow cytometry to characterize the expression of various Fc receptors on
the different cell types. We used these values accounting for the distribution of cell types in each
tissue and then the expression of FcyRIla and FcyRIlla on each cell type to calculate a summed
total FcyR concentration for each tissue type. Supplementary Table C-1 and Supplementary
Table C-2 contain a summary of the affinity and concentration parameter values and sources for
the model respectively.

The initial concentration of each complex was set to zero and binding affinities for 1gG1,

1gG2, 1gG3, 1gG4, and FcyR dimers were set based on literature values.'®> Envelope binding

affinities were determined via SPR measurements as described in 4.6.2.3 (Supplementary Table
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C-1). We obtained Kas for each IgG subclass binding to FcyRIIIA-V 158 from the literature!$? and
converted these Kas to kons by estimating a universal kofr from pooled RV 144 serum samples (0.01
s1), as done in Lemke et al. (2021).° MATLAB’s ode113 solver function was utilized to predict
the concentration of each complex over 10> seconds, with an absolute error tolerance of 1e-50 and
a relative tolerance of le-10. We assumed sequential IgG antibody binding to antigen prior to
engagement of any antigen-IgG-IgG complex with any FcyR dimer. We assumed no cooperativity
in IgG binding antigen (such that affinity parameters were independent of the presence of another
IgG on the same antigen). For antigen-IgG complexes containing two of the same IgG subclass we
used literature values for the reported value of that subclass.!®> For complexes containing two

different IgG subclasses, we averaged the two individual IgG subclass affinities.

4.6.1.2 MFI conversion to nM (adapted from Lemke et al. 2021)°

When plotting RV144 vaccinee data for boosting simulations, experimental MFI
measurements (as described in 4.6.2.2) were converted to concentration measurements using a
conversion factor based on a reference IgG1 concentration of 10,000 ng/mL,{Citation} as done in
previous work by Lemke et al. (2021).° For multiplex readings, there is a log-linear relationship
between MFI and concentration when measurements are within the machine’s dynamic range.'”
Conversion formulas were based on this typical relationship. We assumed that MFI measurements
were in the dynamic range, and that the average IgG1 concentration was 10,000 ng/mL. The
conversion factor found for IgG1 was then applied to the remaining species within that given assay.
The concentrations for species IgGn (where n = 1 through 4) were converted from assay
concentrations to plasma concentrations by multiplying by a factor of 200 to account for dilution

of plasma samples for the assay.
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log,, Reference Concentration

Conversion Factor =
v mean(log;o MFljgc1)

10(10g10 MFljggn)*Conversion Factor

IgGn] in nM = 2
[IgGn] in n MOlecularweightIan *200

4.6.1.3 Sensitivity analyses (adapted from Lemke et al. 2021)°

We first performed a one-dimensional sensitivity analysis across each of the tissues for the
two FcyR model. This was done by calculating the model output (FcyRIla complex formation and
FcyRIlla complex formation) at the baseline parameter value, and then also varying each
parameter, one at a time across a physiological relevant range, from 0.05x the baseline parameter
to 20x the baseline. The outputs of the model are shown in Figure 4-2, where red indicates higher
FcyR complex formation and blue indicates lower FcyR complex formation.

We also performed a global uncertainty and sensitivity analysis!”® using the baseline
parameters described in 4.6.1.1 (results shown in Supplementary Figure C-1). In the global
sensitivity analysis algorithm provided by the Kirschner lab at the University of Michigan (Figures
2B, 2C, S3, and S4), we assigned log-uniform probability density functions (pdfs) to each
parameter (initial concentrations and affinities) with a minimum 0.05X of baseline and a max 20X
of baseline for all parameters.'” These pdfs were sampled using Latin hypercube sampling (LHS)
to create random combinations of parameter values. The model was evaluated under each of the
2,000 sets of random parameter combinations, allowing for a multidimensional exploration of the
system. Partial rank correlation coefficient (PRCC) calculated within the algorithm determined the
correlation between each input variable’s variance throughout multidimensional analysis and the
output variable, giving a sensitivity measure for each parameter and a statistical significance of its

effect on complex formation.
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4.6.1.4 Generation of IgG1 versus IgG3 landscapes (adapted from Lemke et al. 2021)°

625 simulations were run with differing combinations of initial IgGl and IgG3
concentrations with tissue-specific baseline values for all other parameters. All combinations of
25 IgG1 and IgG3 concentration values were uniformly spaced on a logarithmic scale between
0.001X-1000X baseline concentrations. Results were plotted as a grid surface for each FcyR, with
FcyRlIlIa (green) and FeyRIIla (purple) complex formation across the IgG1 and IgG3 combinations
plotted on the same graph. Heatmaps showing the complex formation for each FcyR type were
also generated (Figure 4-3b). Cross-sections at an intermediate value of IgG1 or IgG3 (100 nM)
were visualized as well (Figure 4-3c).

For boosting simulations using RV 144 vaccinee data (Figure 4-4), we predicted individual
FcyRlIla and FcyRIlla complex formation (n = 105) based on IgG subclass 1-4 concentrations.
Individuals were plotted as circles at their specific IgG1 and IgG3 initial concentrations with their
individually predicted complex formation concentration. Simulations of IgGl, IgG3, or
simultaneous IgG1 and 1gG3 boosting were performed at 10x personal baselines. Ordinary one-
way ANOVA and Tukey’s multiple comparison test were performed to determine significance
across the different boosting simulations or FcyR polymorphisms. When evaluating the landscapes
for the four different polymorphism combinations, the FcyR polymorphism and IgG class specific
affinity parameters were taken from the literature, reported in Supplementary Table C-1.
Example points A and B (using first and third quartile of I[gG1 and IgG3 concentrations) were used

for demonstration of differences in FcyR complex formation.

4.6.2 Experimental methods
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4.6.2.1 RV144 samples (adapted from Lemke et al. 2021)°

RV 144 phase III clinical trial plasma samples!’ were provided by the U.S Military HIV
Research Program (MHRP). Samples from week 26 (2 weeks post vaccination) RV144 vaccine
recipients (n = 30; n = 75 from two separate shipments) were evaluated using data from a
previously published study.*® All relevant human research ethics committees approved all
experimental studies. All plasma samples were provided de-identified of demographics including

gender and age.

4.6.2.2 HIV-specific multiplex IgG subclass and rs FcR dimer-binding assay (adapted from
Lemke et al. 2021)°

HIV-specific IgG subclass and recombinant soluble FcyR (rsFcyR) dimer binding
multiplex data was used from a previously published RV144 study.*® Extracted multiplex data
included previously published IgGl, 1gG2, IgG3, IgG4, rsFcyRIla-H131, rsFcyRIIla-V158,
rsFcyRIIla-F158 dimer data from the customized multiplex or ELISA binding assays using HIV-
1 Clade AE A244 gp120 (NIH AIDS reagents catalog #12569), HIV-1 Clade B BAL gp120 (NIH
AIDS reagents catalog #4961) recombinant protein antigens and Influenza Hemagglutinin (HA)
protein (H3/Switzerland/2013, Sinobiological) as a positive control antigen, as nearly all
individuals have previously been exposed to Influenza A virus.

These dimeric rsFcyR assays have been applied to several HIV and other infectious disease
studies, which have demonstrated that they correlate with and hence are predictive of in vitro cell
based ADCC and ADCP assays.*%%-71' All multiplex data was reported as an arbitrary Median

Fluorescence Intensity (MFI).
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4.6.2.3 Surface plasmon resonance (adapted from Lemke et al. 2021)°

SPR was conducted as previously described.!””> Briefly biotinylated gp120 BAL (NIH AIDS
Reagents) was immobilized onto a SA sensor chip at approximately 300, 500 and 800 response
units. A blank flow cell with no immobilized ligand was used as a reference flow cell. Injections
of 60 ul of purified HIV-IgG (NIH AIDS Reagents program) at 1:3 dilutions ranging from 0.5 to
0.006 mg/ml were passed across flow cells at a flow rate of 20ug/ml, with subsequent 360 s
dissociation time to determine IgG disassociation. Regeneration after each injection used two
pulses of 10mM glycine HCI, pH 2.5. SPR measurements were conducted in HBS-EP buffer
(0.01M HEPES (pH 7.4), 0.15M NaCL, 3mM EDTA, 0.005% [vol/vol]). Kinetic data was
calculated using BIA evaluation program, with data being fitted to the simplest 1:1 langmuir

binding model.

4.6.2.4 Software (adapted from Lemke et al. 2021)°

ODE modeling, sensitivity analyses, and 3-D plots were completed using MATLAB 2022b
(MathWorks, Natick, MA). Visualization of the remaining plots, and statistics were completed
using GraphPad Prism version 10. Custom MATLAB code is available to run the simulations
necessary to generate the data and figures (steady state complex formation concentrations) used in

this analysis.

4.6.2.5 Statistical analysis (adapted from Lemke et al. 2021)°

Statistical significance for the IgG boosting vaccinee simulations and polymorphism simulations
were determined using an ordinary one-way ANOVA performed in GraphPad Prism with multiple
comparisons and the Tukey test with a single pooled variance and no matching or pairing (o =
0.05). Statistical significance denoted with adjusted p-value less than 0.05 shown with one asterisk,

less than 0.01 with two asterisks, continuing down to less than 0.0001 with four asterisks.
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Chapter 5 Conclusions and Discussion

5.1 Scientific contributions

In this work, we demonstrate the flexibility and capability of computational system
serologies techniques to learn more about infection and autoimmune disease. In summary, here

are several key themes about the insights our models were able to provide.

5.1.1 Elucidating heterogeneity across diseases

Overall, our data-driven and theory-driven approaches helped us gain new ideas about
which antibodies are key players involved in heterogeneity of disease, whether based on a
demographic group, disease severity, or transmission rates. By evaluating three different diseases
(COVID-19, Sjogren’s syndrome, and HIV) we demonstrate how different systems serology
approaches add value, depending on the data available and the posed questions. In Chapters 2
and 3, COVID-19 and Sjogren’s syndrome both presented situations with a plethora of high-
throughput antibody and FcR data, where little was known about the disease and underlying
biology. Data-driven approaches were useful in both cases for classifying immune responses based
on heterogeneity within a disease presentation. Our model identified antibody signatures that
distinguished groups based on demographics (COVID-19) or disease state (Sjogren’s). In Chapter
2 we focused on cross-reactive SARS-CoV2 antibodies that differentiated healthy children and
elderly individuals, though we have also used the approach to understand heterogeneity of
responses within a family in which the parents were virologically positive and the children

mounted targeted SARS-CoV-2 antibody responses (without ever testing positive for the virus),'!
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in addition to another study distinguishing between mild and severe COVID-19 disease by looking
at the Ab responses in the respiratory secretions in comparison to the blood.!”® In Chapter 3, we
used the same approach to identify differences in Ab and FcR activation between healthy
individuals and Sjogren patients, as well as between seronegative Sjogren’s patients and non-
Sjogren’s Sicca patients. Applying data-driven techniques here helped us understand how Abs are
intertwined in relationship with FcRs in a disease where the underlying mechanisms are largely
unknown.

In contrast, in Chapter 4, we used a mechanistic model to explore the heterogeneity of Ab
responses in HIV infection and vaccination. In contrast to Sjogren’s and COVID-19, more
knowledge is available regarding immune responses and Fc activation in HIV; thus a theory-driven
model is useful for testing hypotheses that would otherwise be difficult to explore experimentally
or clinically. We expanded on a previous ODE model of single FcR activation® to include both
receptor FcyRIla and FcyRIIla and explore polyfunctionality (ADCP and ADCC effector
functions) or simultaneous competition between Abs and receptors in a multiple FcR environment.
Our results found that ADCC was protective against transmission in the penile tissue, while ADCP
was more prevalent in the rectal tissue where transmission rates are highest. Our model confirmed
results seen experimentally in vaccine trials and transmission studies, also providing mechanistic
insights regarding Fc effector functions in mucosal tissues, where sampling can be challenging
and clinical studies are not performed easily. Through the lens of systems serology and Fc receptor
activation, we were able to better understand the variability in disease presentation and new

mechanisms that link antibody features to FcR activation and effector functions.

5.1.2 Developing diagnostic tools
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In one of our COVID studies, we discovered (what would later be confirmed in many
studies) that individuals, especially children, can be exposed to SARS-CoV-2 and mount antigen-
specific antibody responses without ever testing virologically positive. This was an important
concept early in the pandemic as a challenge in diagnostics for identifying individuals who could
be spreading the disease. The data-driven model also provided a better understanding of the
differences in Ab responses between people with variable severity of symptoms (or lack thereof)
on presentation. In Sjogren’s, our data-driven approaches provide valuable biomarkers which
could be used for improved diagnostics. Current diagnosis relies on high Ab responses to classical
antigens in addition to a particular clinical presentation. Our more nuanced approach could help
identify sets of Abs, including Abs to non-classical antigens, that could aid in diagnosis.
Furthermore, there remains the challenge of diagnosing individuals with Sjogren’s syndrome who
are seronegative on basic testing for classical antigens, and our model identified a set of additional
biomarkers that could be used to distinguish between healthy, non-Sjogren’s, and seronegative
Sjogren’s patients. Collectively, these studies identified new relationships between Ab formation

and FcR activation that could help improve diagnostics in the future.

5.1.3 Guiding vaccination and therapeutic interventions

In each of our studies, our results can help drive guidelines for vaccination, boosting, and
other therapeutic targets for intervention. In our study on COVID, we found that elderly
individuals, who tend to have more severe disease, had cross-reactive antibody responses that
were not specific to SARS-CoV-2. These results help inform Ab-based SARS-CoV-2 vaccine
strategies, which subsequently went on to be developed with specific targeting of SARS-CoV-2
antigen to develop neutralizing Abs. It also provided information about potential for expanding

vaccine strategies beyond neutralization based on the importance of FcR activation in COVID-
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19. The information is also useful for guidelines for boosting as well as future convalescent
plasma therapeutic trials.

In our Sjogren’s study, our model revealed the importance of FcyRIla responses to the Ro
and La classical antigens, which could be important for new therapeutic strategies. Since the role
of FcyRs in Sjogren’s is still unknown, our results provide new indications that FcyRs could be a
target for decreasing autoimmune activity through drugs or other interventions.

Lastly, in our HIV study, we found that simulated boosting or “more antibody” did not
always maximize Fc effector functions and that there is a compromise that takes place between Ab
subclasses leading to elevated ADCP or ADCC depending on the individual circumstances and
potential boosting interventions. This also introduces the concept of how local boosting (mucosal
Ab transfer) could potentially provide important changes to the environment leading to alterations

in transmission or viral load.

5.2 Limitations

While systems serology can be extremely useful for understanding complex antibody
systems across multiple disease applications, there are several limitations of our work that must be

considered.

5.2.1 Early pandemic constraints

Our study on antibody-responses in COVID-19 was conducted very early on during the
pandemic, during a time at which little was known about the pathogenesis and treatment of the
SARS-CoV-2 virus. Pre-pandemic samples were used as healthy controls, which would likely be
less relevant now, given the widespread exposure to SARS-CoV-2 and global vaccination efforts.

The cohort of COVID-19 infected individuals was quite small but was an important first step in
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understanding heterogeneity of disease severity based on age. The small sample size of the study
also made it difficult to elucidate protective or risk-associated effects of HLA alleles. Since then,
several studies have been published using larger datasets and have found several associations: the
HLA-C*04 and HLA-B*35 carrier states were linked with more severe infection, HLA-B*15 was
associated with asymptomatic infection, and HLA-DQBI1*06 alleles were associated with

decreased breakthrough infections.!”” 1%

5.2.2 Lack of validation cohort

Another limitation of our studies is the lack of a validation cohort. For our COVID-19 data-
driven study and our Sjogren’s syndrome data-drive study, we identified a set of biomarkers
associated with a group of interest. Our models are created using a subset of the data as the training
set and reserving a small fraction of samples as a test set. However, in order to appropriately
confirm our findings, it would be important to apply our antibody signature to a new sample set
different from the training cohort to ensure that the results are reproducible across different
populations. This would also help generalize the results beyond the study population for a broader
applicability in clinical practice. Due to limited sample access, we were unable to perform

validation studies, and thus we do not have as strong of an evidence base to draw conclusions.

5.2.3 Limitations of the multiplex assay and ODE model

As with all experimental models, there are some assumptions made to represent the system
we are modeling as closely as possible. In the case of the multiplex assay, we often need to dilute
the plasma samples for the MFI to be in a dynamic range. For example, IgG values in Sjogren’s
tend to be extraordinarily high and, in order not to maximize out the readings such that there is no

variability between people, dilutions must be done. Likewise, some antibodies at very low
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concentrations may not be in the dynamic range of the system. The background signal is subtracted
for each feature but deciphering between background and low-level binding can still be a
challenge. There are measures taken and quality control to prevent these from affecting the results,
but it remains a consideration.

Additionally, for our theory-driven model we need to convert MFI to concentrations, which
is difficult to do given the above constraints. The relationship between fluorescence intensity and
concentration is non-linear and there is not a standard calibration method. Thus, as per Lemke et
al. (2021)°, we developed a conversion method using a reference concentration of expected I1gG1
levels in the blood. This makes our results less useful for absolute concentration predictions, but
still maintains relative concentration predictions for comparison between individuals on a rank-
order basis. The actual reference concentration is likely dependent on many factors, including the
disease and antigen considered.

It is a challenge to identify physiologically accurate parameters in the literature across
many different diseases. HIV presents a unique challenge because the parameters can fall across a
wide range depending on the timeline of infection: parameters can be vastly different for acute
infection versus chronic infection. In our study, we assumed that penile tissue FcR expression is
related to semen antigen and antibody concentrations, although these are different environments
as well. Our global sensitivity analysis accounts somewhat for the potential wide range of
physiologically relevant parameters possible and helps us evaluate the model across many possible
parameter sets, but it is important to consider that there are a wide range of definitions for HIV
infection that can result in vastly different parameter sets. Additionally, at extreme parameter
values, computation time can increase drastically leading to the need for pursuing different ODE

solvers, thereby making it somewhat difficult to assess all possible parameter sets.
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Lastly, our model uses Fc complex formation as a surrogate for downstream Fc effector
functions themselves. This assumption is reasonable for our purposes given the high association
of levels of FcyRIla with ADCP and FcyRIIla with ADCC, but the assumption is not perfect. We
would also like to link these functions by confirming with cellular assays, such as the cellular
phagocytosis assay used in Chapter 3, but our model currently does not account for the
downstream cellular effector functions given the constraints of potential measurements within the

multiplex assay.
5.3 Future directions

5.3.1 New theory-driven model applications: COVID-19 infection and vaccination

As discussed in Chapter 2, SARS-CoV-2 is an example of a virus capable of evading
neutralization through the development of new Variants of Concern. Thus, Fc effector functions
may be important for sustained immunity. Our group plans to use theory-driven mechanistic
models to unravel how SARS-CoV-2 variant-related changes in IgG subclass distributions and
binding can influence IgG-FcR complex formation. Additionally, given the new research that has
linked certain genetic profiles with increased or decreased risk of infection, application of a theory-
driven model could help determine the role of host genetics, including IgG1 allotypes and FcR
polymorphisms, in the formation of immune complexes. Furthermore, there have been several
vaccines (including Pfizer-BNT162b2, Sinovac-CoronaVac, and Moderna bivalent booster)
developed to protect against COVID-19 infection and there has been some hesitancy and
controversy surrounding boosting schedules.'®! Because our model is uniquely suited to mimic
boosting, this provides an excellent opportunity to learn more about the complex dynamics of
changes in IgG subclass concentrations resulting from boosting. Using computational systems

serology approaches to explore IgG-FcR complex formation in response to infection or vaccination
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will help drive vaccine and therapeutic development, boosting criteria, future targets for vaccine
modifications, and different potential vaccine or therapeutic mechanisms to maximize Fc effector

functions.

5.3.2 Linking antibody neutralization and other Fc effector functions

In this study, we expanded an ODE model to consider a complex system consisting of
multiple Fc receptors and antibodies competing for antigen and substrate in order to activate
antibody-dependent cellular functions. However, there are other opportunities to build on our
framework to better represent the spectrum of functions in antibody responses. First, our model
only considers antibodies used for Fc activation, while antibody neutralization is a huge
component of protection from pathogens. Expanding the model to include antigen-specific
antibody neutralization would help better understand the balance between neutralizing and non-
neutralizing antibodies, especially since neutralizing antibodies play such a key role in protection
from diseases like SARS-CoV-2. Furthermore, neutralizing monoclonal antibodies quickly
became an important area of interest for treating COVID-19 disease during the pandemic and were
approved for emergency use authorizations in November 2020.'%? Development of new
monoclonal antibodies continues and early monoclonal antibody use has been associated with
lower risk of hospitalization or death.!®? Similarly, neutralizing monoclonal antibody development
has been an ongoing area of research for preventing HIV infection.'® Monoclonal antibody
treatment use could be mimicked in our model by expanding the system to include antibody
binding to IgG that further blocks binding of Fc receptors. This element would help us evaluate
neutralization and Fc effector functions in parallel to better understand the relative importance of
parameters in the system and balance between these important immune functions. Complement-

dependent cytotoxicity (CDC) is another Fc effector function that would be interesting to explore
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as part of our mechanistic model. Complement activation is an important part of the immune

system that is relevant for many infectious and autoimmune diseases.

5.3.3 Diagnosing autoimmune disease

As discussed previously in Chapter 3, diagnosing autoimmune diseases can be challenging
due to non-specific symptoms that can overlap with many conditions, heterogeneity of symptoms,
complex clinical diagnostic criteria, and inaccessibility of specialized laboratory tests. In
particular, with Sjogren’s syndrome, it is not yet fully understood how and if non-classical
autoantibodies play a role in pathogenesis.'** While our initial results have revealed an association
between antibodies to many non-classical antigens, further studies are needed in order to link this
to a mechanism involved in disease pathogenesis. Theory-driven models could also be useful in
the future to test hypotheses about mechanisms involved in FcR activation in Sjogren’s. These
data- and theory-driven techniques could also be applied to other autoimmune diseases, including
diseases which have more background knowledge on links between FcR activation and disease
status.

We also hope to explore heterogeneity in disease severity in Sjogren’s syndrome by
attempting to identify antibody signatures that can distinguish between more active disease versus
inactive disease. Preliminary unpublished results show elevated Fcylla responses are associated
with more severe Sjogren’s syndrome (Appendix D: Preliminary cellular assays also confirmed
higher levels of phagocytosis in more severe disease (Supplementary Figure D-5). There
appeared to also be a trend showing that increased glycosylation (more galactose residues, G2)
was associated with less severe disease, while decreased glycosylation (G0) was associated with
more severe disease (Supplementary Figure D-6). Larger sample sizes and further studies are

needed in order to further explore the link between disease severity and Fc receptor activation.

107



5.4 Overall conclusions

Overall, in this work we have provided novel insights using systems serology approaches
applied to two infectious diseases (COVID-19 and HIV) and an autoimmune disease (Sjogren’s
syndrome). Based on the existing knowledge of the disease, we used data-driven approaches as
an exploratory initial step when disease pathogenesis is not fully understood and used theory-
driven approaches for more thoroughly studied systems with predicted mechanisms. We were
able to address heterogeneity of disease in multiple difference ways across diseases, including by
disease severity between age groups, autoantibody seropositive versus seronegative patients, or
differences in transmission across tissues. Our methods and models are widely applicable to
many infectious and autoimmune diseases and have the potential to provide important insights

into patterns and mechanisms valuable for disease.
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Appendices

Appendix A: Supplement to Systems Serology Detects Functionally Distinct Coronavirus
Antibody Features in Children and Elderly

Supplementary Figure A-1: SARS-CoV-2 serological signatures differ between healthy children, adults, and
elderly

(a) Hierarchical clustering of Elastic-Net selected features for children and elderly. Levels are coloured from low
(dark blue) to high (dark red). PLSR model scores plot (b) loadings plot (c) for all healthy patient data on Elastic-
Net 11-feature signature. The model goodness of fit (R2) was 0.6421 and goodness of predication (Q2) was 0.6144.
Percent variance explained by each latent variable in parentheses. (d) Hierarchical clustering of signature in (b-c).

Fh 'l'.m ﬁﬁ"" "ﬂhﬂl '1. E:R_,,m

ol
I || Feora3aF HCov 229E s1
' ' FogR3aV SARS1 NP
| - || FegR3av SARST §
IgM HCoV 220 NP
|, ‘h w* b‘l Igh MERS SClam;
IgM SARS2 SC\lmp

FegR2aH SARS2 §1

Conort _l- l W [ cridren [l Exderty
Gender [ Mae [l Female
b c
10
0 IlgA2 MERS NP
s 80 IlgA1 MERS NP
S 70 lgA2 MERS SClamp
~ 0 lgA2 SARS1 NP
s - IgA2 SARS2 RBD
s 08 IgA1 MERS SClamp
g2 a0 IgA1 SARS2 RBD
2, " IgG HCoV 229E S1
3 1gG2 HCoV 229E NP
P P IgM SARS2 SClamp
10 IgM HCoV 229E NP
4-5 6 4 -2 D 2 4 6 04 02 00 02 04
Scores on LV1 (41.29%) Loadings on LV1 (41.29%)
d
3 I IgM HCoV 229E NP
2 loh! SARSZ SClamp
I GZ HCoV 229E NP
1
0
-1
3 0A2 MER
3 Il 1gG HCoV 229E S

e wn | — b ——— ) —

@ male W Female

109



Supplementary Figure A-2: HLA class II alleles influence Ab signatures

HLA-DQBI, -DRBI1 and -DPBI alleles in our healthy donor cohort (a,d,g), PLSDA scores (b,e,h) and loadings
(c,f,1) plots using the Elastic-Net selected signatures for the two most frequent alleles (HLA-DQB1*03:01 and
06:02, 82.59% cross-validation accuracy, 86.44% calibration accuracy; HLA-DRB1*15:01 and 07:01, 76.32%
cross-validation accuracy, 77.83% calibration accuracy; HLA-DPB1*04:01 and 02:01, 74.23% cross-validation
accuracy, 82.44% calibration accuracy). Variance explained on each LV is in parentheses. Analysis was performed
on a subset of the healthy individuals (n=111) for whom HLA class II type was available. Donors heterozygotes for
the two most frequent HLA alleles were excluded from PLSDA and loading analysis. Distribution of HLA-DQBI1 (j-
I; green), -DRB1 (m-o; pink) and -DPB1 (p-f; yellow) alleles detected in healthy donor children (j, m, p), adults (k,
n, q), and elderly (f, o, p). HLA class II alleles analyzed in figure 4 are indicated by a bold outline

a b c i k |
03:01
ggz_gf z Ig HCoV NLB3 NP- L] 322‘33 03:02 0301
03:02 £ C1q HCoV NL63 NP 501 0301 0604
e 5 | 1gG4 HCoV NL63 NP g2z 06:02 Bt
0303 g7 FcgR2aH SARS2 RBD o = b
06:03 g o 1gG4 SARS2 SClamp e 03:03 0302
ge:04 3 FcgR2aR SARS1 NP 0503 risteny ppe
0502 L) 1gG2 H1Cal 2000 Leat 05:03 0602
o T H FegR3aV MERS SClamp gg:% 06:03 R o YT
0310 a 3 IgG3 MERS NP 08:01 06:01 Adults 0501 Elderly
prET 4 oo o 06:08. 06:10
0 10 20 30 40 Scores on LV1 (19.18%) PN NS 0 2 4 6 [
P Loadings on LV1 (19.18%) # of donors #of donors
onors
d e f m n /]
15:01 15:01 07:01
o 1gA2 SARS1 S B3 i 04:01
un 19G SARS2 514 o 0301 o
04:04. 501 D04
1302 . IgM HKU1 514 1301 01:01 1302
1301 £ © 07:01 IgM H1Cal 2009+ of: 01
142 a ® 15:01 'gM H1Cal 20 ?1% ?:—31 0301
01:03 i L4 1gG SARS2 SClamp | e gl 60 !
04:05 T 5 : ;
9801 3 FogR3aV SARS2 SClamp-| a01 1301 14:54
120 < E Tiimer fris 04:02
i 5 el cgR3aV SARSZ Trimer e = 1501
bt 8 FcgR2b MERS SClamp 1 09:01 o101
-084 2 1 § ’
08:04 3 IgM HCoV 220E NP Bi0s 12:02
1202 O S 0 3 e 04:07243 1401 .04 HLA-DRB1
3 IgM MERS NP 4 3.0 1484 i Eiderly
15021 Scores on LV1 (28.72%) 1‘21‘8% - 1201
01:051 IgM HCoV NL63 NP 4 15:02 15:02 ‘
072451 T 0o 10 20 30 0 2 4 6 07 2 3 4
T [T AING #of donors #of donors # of donors
# of donors Loadings on LV1 (28.72%)
g h I r
[ ——] FogR2aH SARS2 RBD P - 4
020140 g RS SClamp- M ——————— 04:01
04:0255 FcgR2aR MERS SClamp- 02:014=1 ot - o0t{ ]
03:014 C1g MERS SClam 04:024— 1 -
oro18 19G2 HKU1 S 030143 02:01{—] 02:01
06:01- -~ 1gGA H1Gal 2009 010158 :
11:010 3 Igg SARS2 Trimer+ 11014 0301477 04:02
e ha 10G3 SARS? 521 06:01 1:0143 02T
o] e 1§62 SARSS 81 10401 ;
02:02 o 2| 1gG1 SARS2 NP4 13:01 02021 03:014 ]
038 3 roodgGTEARST 5 01 o021
59 6o 953 SARS2 S11 b 05:0141 06:014 ]
800 1] 1953 MERS NP1 1501 09:014 104:01{7]
938 82 éet SARS1 § oot 130141 A
10011 [nLanpes S . O L, FeRoe SARSENE 10011  [HCADPet 120141 [HLADPB1 14014 [HLADPBIY
23:01] 6 4 -2 0 2 46 igA1 SARS1 NP+ ;g; } Children 19:0141 Adults. Elderly
108 Scores on LV1 (13.05%) L — B0 1601 N 1501{]
20 40 60 80 100 IR 20 40 60 80 5 %0 15 2 4 6
it #of donors #of donors #of danors
# of donors Loadings on LV1 (13.05%)

110



Supplementary Figure A-3: Multiplex Assay setup and optimization

(a) Multiplex was validated by measuring a subset of healthy samples both in singleplex and multiplex. Strong
correlations suggest that multiplexing did not affect measurement of Ab responses, especially at 1:50 and 1:100
dilutions. (b) Serial dilution of a subset of healthy samples against 14 antigens included in the custom multiplex
assay to select dilutions where saturation was not observed. A final dilution of 1:100 showed not only strong
correlation between singleplexed and multiplexed antigens, but was also not saturated for most antigens and was

selected for subsequent assays.
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Supplementary Figure A-4: SARS2 Ab titrations

Serial dilutions of COVID-19 plasmas against the six SARS-CoV-2 antigens in the assay. Very mild and mild cases
were coloured black, while moderate to severe cases were coloured orange. For comparison, two healthy elderly
plasma were included (green). D1, who was SARS CoV-2-exposed but remained SARS CoV-2 PCR-negative, was
also included (purple).
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Supplementary Figure A-5: Accuracy of feature selection between COVID+ Children and Elderly model

An 18-feature model was selected from the 169 Ab features with 100% calibration and 91.37% Cross validation
(CV) (a). CV accuracy of the selected model was compared with randomly selected antibody features (b).

a b
T T - - 1.0 pval = 0.006
~+— CalErr -
0.2 1
+—— CVEm
3
++ O selected @ 0.
015 L\ 1 3
e \f Q
1A
2 qho5 4 + o+ 4 £
w5y | | >
’ | \ N . ¥ ©
|+ R e N |
0.05 '\ J
B +
0 ottt
0 10 30 40
Number of Features ge-é‘
c
All Cells CTV+ THP-1 Monocytes
250K
200K
< ]
3 150K - TV
2 100k ) : 587
171 1 L e
Fo
sok | e
0 50K 100K 150K 200K250K 0 50K 100K 150K 200K 250K
FSC-A SSC-A
105‘ 105’ 105‘
1079 10%4 1044
a CTV+ mOrange+ CTV+ mOrange+
161 1.3
O3 10 103
0 0 0
16 1 10
0de 100 10" 10® 10* e 10° w0t 10° -0’0 10° 10* 10’
mOrange mOrange mOrange
THP-1 & Ramos THP-1 & Ramos THP-1 & Ramos
No Antibody COVID-ve Plasma COVID+ve Plasma
di

THP-1 Monocytes

Singlets

© Thp=1
86.5

Single Cells
84.7

Singlets MFI|

Bead Positive

S0K 100K 150K 200K 250K

0 50K 100K 150K 200K 250K .00 0 10° 0 10
FSC-A SSC-A MFI
dii
Bead Positive Cells
Sample ID Phagocytosis score (x10%)
MFI %o
Uncoated beads 1894 47.9 9.07
S-trimer beads-No Ab 1822 371 6.76
S-trimer beads-COR98 1907 39.4 7.51
S-trimer beads-CP04 T1 9374 77.4 72.55

113




Appendix B: Supplement to Systems Serology Identifies Novel Autoantibody Signatures for

Sjogren’s Syndrome Diagnosis

Supplementary Table B-1: Sjogren’s related autoantigens, their known functions and the reported clinical
manifestations in the respective seropositive patients

Known function of the

Clinical association

Autoantigen Name Use . with the References
protein .
autoantibody
lonic exchange in acinar Early form of SjS,
Ca6 Carbonic Investigative /  cells, potentially involved seronegativity for Shen et al.
Anhydrase 6 non-classical in salivary and lacrimal Ro/La, glandular (2012) 185
fluid production manifestations
- Investigative / Regulates organization of Cui et al.
cfi1 Cofilin 1 non-classical the actin cytoskeleton MALT lymphoma (2017) 186
Chmr3 Muscarinic Investigative /  Acetylcholine-dependent Glandular Mona et al.
receptor M3 non-classical glandular secretion manifestations (2021) 187
N Glycolysis, fibrinolysis, .
Investigative / . . Cui et al.
Enol Enolase 1 non-classical mmunoglobulln MALT lymphoma (2017) 156
production
IEN gamma DNA sensor related to IFN
) . g‘ Investigative /  pathway and Glandular Baer et al.
Ifil6 inducible . . . . .
. non-classical inflammasome, anti- manifestations (2016) 188
protein 16 .
inflammatory
. - . Systemic
Sjogren's Clinical / RNA protection from . . Deroo et al.
La/SSB . . manifestations,
/ Syndrome B classical degradation ' ! (2022) 189
lymphoma
Mouse double L Nuclear-localized E3 Cytopenia, .
. Investigative / s . . Liu et al.
Mdm2 minute 2 . ubiquitin ligase, binds to systemic
non-classical . . (2017) 120
homolog p53 manifestations
Rho GDP- L - .
. . . Investigative / Regulates organization of Cui et al.
Rgi2 dissociation . . MALT lymphoma
-, non-classical the actin cytoskeleton (2017) 186
inhibitor 2
Sjogren's
licF i
Ro52/SSA/ Synd'romz'e Clinical / CVFOS? lere rgceptor, Systgmw ) Deroo et al.
; A/Tripartite . ubiquitin E3 ligase, type 1 manifestations,
Trim21 . classical (2022) 183
motif IFN pathway lymphoma
containing-21
. , Hung et al.
zjiffonr;e Systemic (2015) *0¢
Ro60/SSA/ v . Clinical / RNA-binding protein, type v . . Deroo et al.
A/Trove domain . manifestations,
Trove2 family member classical 1IFN pathway lvmphoma (2022)
; v yme 1894/3/2024
1:58:00 PM
. - . Early f f SjS,
Sotl Salivary gland Investigative / Isolated from salivary ;rn\:jj:rn ot Shen et al.
P protein-1 non-classical glands & (2012) 185

manifestations,
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seronegativity for

Ro/La
Ulbricht et al.
ifici 191
o Movement of the Low specificity, (2003)
. Investigative / . . neuropathy, Zheng et al.
Sptanl Alpha fodrin . cytoskeleton, interaction S
non-classical with calmodulin seronegativity for (2023)
Ro/La 1924/3/2024
1:58:00 PM
Siogren L Microtubule-stabilizing -
Ssnal/NA14 syndrome Investigative / and damage sensing Seronegativity for Lawrence et
nuclear non-classical . Ro/lLa al. (2021) 13
. protein
autoantigen 1
. Investigative / Microtubule-associated Duda et al.
Stmn4 Stathmin 4 non-classical protein, role in neurons Neuropathy (2017) 194

Materials and Methods:

Plasma Sample collection:

Blood was collected from recruited patients in the Auvergne-Rhone-Alpes region in France
between March 2018 and December 2019, as part of the | GET DRY (NCT03003572) multicentric
cohort, after Ethics Committee (Comité de Protection des Personnes Est-1II) approval under the
reference IDRCB 2016-A01851-50. Blood was collected in BD Vacutainer™ SST™ ]I Advance
Tubes (Becton Dickinson) and centrifuged for 15 min at 2500g to collect serum, which was frozen
at —20°C until required.

Customized Sjogren’s syndrome bead-based multiplex assay:'*713813°

A customized multiplex assay (Table 2) was designed including an array of relevant
autoantigens: the classical autoantigens (Ro60/SSA, Ro52/SSA, La/SSB; AROTEC Diagnostics),
as well as non-classical “investigative” autoantigens found to have some association with SjS
syndrome in the literature (carbonic anhydrase 6 [Ca6], cofilin 1 [Cfll], cholinergic muscarinic

receptor 3 [Chmr3], enolase 1 [Enol], interferon gamma-inducible protein 16 [Ifi16], La, mouse
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double minute 2 homolog [Mdm?2], tho GDP-dissociation inhibitor 2 [Rgi2], salivary gland protein
1 [Sptl], alpha fodrin [Sptanl], Sjogren’s syndrome nuclear autoantigen 1 [Ssnal], stathmin 4
[Stmn4]; MyBioSource Inc., USA).

Tetanus toxoid (Sigma) and influenza hemagglutinin (H1Cal2009; Sino Biological) were
also added to the assay as positive controls. Magnetic carboxylated beads (Bio Rad) were
covalently coupled to the antigens using a two-step carbodiimide reaction, as per manufacturer’s
instructions. Briefly, beads were washed and activated in 100 mM monobasic sodium phosphate,
pH 6.2, followed by the addition of Sulfo-N-hydroxysulfosuccinimide and 1-Ethyl-3-(3-
dimethylaminopropyl) carbodiimide (Thermo Fisher Scientific). After incubation at room
temperature for 30 min, the activated microspheres were washed three times and resuspended in
50mM MES pH 5.0 (Thermo Fisher Scientific). The respective antigens were added to the
activated beads and the mixture was incubated at room temperature for 3 h on a rotator in the dark.
Subsequently, the beads were washed with phosphate buffered saline (PBS) and blocked with
blocking buffer (PBS, 0.1% BSA, 0.02% Tween-20, 0.05% sodium azide, pH 7) for 30 min.
Finally, beads were washed in PBS 0.05% sodium azide and resuspended as one million beads per
100 pl.

The isotypes and subclasses of SjS-specific autoantibodies present in the collected serum
were assessed using a multiplex assay as described (Figure 1).'?” Using a black, clear-bottom 384-
well plate (Greiner Bio-One), 20 ul of working bead mixture containing 1000 beads per bead
region and 20 pl of diluted serum were added per well. From validation experiments in which
cross-reactive antibodies present in healthy individuals were titrated, an optimal concentration of
1:800 working dilution of serum was selected for downstream assays. The plate was covered and

incubated overnight at 4 °C on a shaker and was then washed with PBS containing 0.05% Tween-
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20. SjS-specific autoantibodies were detected using phycoerythrin (PE)-conjugated mouse anti-
human pan-IgG, IgG1-4, IgA1-2, IgM (Southern Biotech), at 1.3 pg/ml, 25 ul per well. After
incubation at room temperature for 2 h on a shaker, the plate was washed before the beads were
resuspended in 50 ul of sheath fluid. The plate was then incubated at room temperature for 10 min
on a shaker before being read by the FlexMap 3D (Luminex). The binding of the PE-detectors was
measured to calculate the median fluorescence intensity (MFI). Background subtraction was
conducted by removing background of blank (buffer and beads only) wells.

For the detection of FcyR, biotinylated soluble recombinant FcyR dimers (higher affinity
polymorphisms FcyRIIa-H131, lower affinity polymorphisms FcyRIla-R131, FcyRIIb, higher
affinity polymorphisms FcyRIIla-V158, lower affinity polymorphisms FcyRIIla-F158; provided
by Bruce Wines and Mark Hogarth, Burnet Institute) were added at 1.3 pg/ml, 25 pl per well. After
incubation at room temperature for 2 h on a shaker, the plate was washed, and streptavidin-R-
Phycoerythrin conjugate (SAPE, Invitrogen) was added at 1 pg/ml, 25 pul per well. The plate was
then incubated at room temperature for 2 h on a shaker before being washed and read as mentioned
above. For the detection of Clq, Clq protein (MP Biomedicals) was first biotinylated (Thermo
Fisher Scientific), washed and resuspended in PBS and tertramerized with SAPE. Tetrameric Clq-
PE were added at 1 pg/ml, 25 ul per well, incubated at room temperature for 2 h on a shaker and

then washed, and read as mentioned above. Assays were repeated in duplicate.

1gG antibody purification:

IgG antibodies were purified from the collected serum via Melon Gel chromatography
according to manufacturer’s protocol as previously described!** (Melon Gel IgG Purification Kit,

Thermo Fisher Scientific). IgG antibody samples were centrifugated through 100kDa Amicon
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Ultra filters (Merck) at 14000g for 10 min to remove excess albumin proteins and buffer exchanged
into PBS. The IgG concentration and purity were quantitated using a human IgG ELISA
development kit (Mabtech AB). The IgG antibody samples were diluted in PBS to adjust

concentration to 0.25 mg/mL. The samples were stored at -20°C until further use.

1eG N-linked glycosylation profiling:

N-linked glycosylation profiles of purified IgG antibodies were measured on the LabChip® GXII
Touch instrument (PerkinElmer) according to the ProfilerPro glycan profiling LabChip® GXII
Touch protocol as previously described.'* Microchip capillary electrophoresis-laser-induced
fluorescence (CE-LIF) analysis of digested and labelled N-linked glycans was performed. The
relative prevalence of several glycosylation profiles of IgG antibodies were analyzed using the
LabChip GX Reviewer (PerkinElmer) software. Peaks were assigned based on migration of known
standards and glycan digests. Peak area and therefore the relative prevalence of each glycan pattern

was calculated, and results were presented as mean + standard error of the mean.

Bead-based THP-1 antibody-dependent phagocytosis assay:

To examine antibody-dependent cellular phagocytosis (ADCP) mediated by S;jS’
autoantibodies, a previously described bead-based assay was adapted.!**!*> Ro60/SSA was
biotinylated using EZ-Link Sulfo-NHS-LC biotinylation kit (Thermo Scientific) with 20mmol
excess according to the manufacturer’s instructions and buffer exchanged using 30kDa Ultra filters
(Merck) to remove free biotin. The binding sites of 1 um fluorescent NeutrAvidin Fluospheres
beads (Invitrogen) were coated with biotinylated Ro60/SSA at a 1:1 ratio overnight at 4°C.

Ro60/SSA-conjugated beads were washed four times with 1% BSA/PBS to remove excess antigen
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and incubated with serum (1:1600 working dilution) for 2 hours at 37°C in a 96-well U-bottom
plate. THP-1 monocytes (100 000/well) were then added to opsonized beads and incubated for 22
hours under cell culture conditions. Cells were fixed with 2% formaldehyde and acquired on a BD
LSR Fortessa with a HTS (Becton Dickinson). The data was analyzed using FlowJo 10.7.1 and a
phagocytosis score was calculated as previously described!®® using the formula: (%bead-positive
cells x mean fluorescent intensity)/10°. Results were presented as mean + standard error of the
mean. To account for non-specific uptake of Ro60/SSA-conjugated beads, the phagocytosis scores

for each serum sample were subtracted with that of the “no serum” control.

Feature selection using Flastic Net/PLSR and Elastic Net/PLSDA:

To determine the minimal set of features (signatures) needed to predict categorical
outcomes (healthy, non-SjS Sicca, seronegative SjS, seropositive SjS) a three-step process was
developed based on Gunn et al..!* First, the data were randomly sampled without replacement to
generate 2000 subsets. The resampled subsets spanned 80% of the original sample size or sampled
all classes at the size of the smallest class for categorical outcomes, which corrected for any
potential effects of class size imbalances during regularization. Elastic-Net regularization was then
applied to each of the 2000 resampled subsets to reduce and select features most associated with
the outcome variables. The Elastic-Net hyperparameter, o, was set to have equal weights between
the L1 norm and L2 norm associated with the penalty function for least absolute shrinkage and
selection (LASSO) and ridge regression, respectively.!”” By using both penalties, Elastic-Net
provides sparsity and promotes group selection. The frequency at which each feature was selected
across the 2000 iterations was used to determine the signatures by using a sequential step-forward

algorithm that iteratively added a single feature into the PLSDA model starting with the feature
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that had the highest frequency of selection, to the lowest frequency of selection. Model prediction
performance was assessed at each step and evaluated by 10-fold cross-validation classification
error. The model with the lowest classification error within a 0.01 difference between the minimum
classification error was selected as the minimum signature. If multiple models fell within this

range, the one with the least number of features was selected.

Supervised data-driven methods: Partial Least Squares Discriminant Analysis and Partial Least

Squares Regression:

Partial least squares discriminant analysis (PLSDA) performed in the Eigenvector PLS
toolbox in Matlab was used in conjunction with Elastic-Net (described above) to identify and
visualize signatures that distinguish categorical outcomes (age cohort, COVID-19 infection
status). This supervised method assigns a loading to each feature within a given signature and
identifies the linear combination of loadings (a latent variable, LV) that best separates the
categorical groups. A feature with a high loading magnitude indicates greater importance for
separating the groups from one another. Each sample is then scored and plotted using individual
response measurements expressed through the LVs. The scores and loadings can then be cross-
referenced to determine which features are loaded in association with which categorical groups
(positively loaded features are higher in positively scoring groups, etc.). All models go through
10-fold cross- validation, where iteratively 10% of the data is left out as the test set, and the rest is
used to train the model. Model performance is measured through calibration error (average error
in the training set) as well as cross-validation error (average error in the test set), with values near

0 being best. All models were orthogonalized to enable clear visualization of results.
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Supplementary Figure B-1: Univariate analysis across groups for Ro52 (a) and La (b) specific responses (healthy
control, non-SjS sicca syndrome, and all Sjogren’s syndrome). Significant differences denoted with asterisks
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Supplementary Figure B-2: a) Comparison of cross validation errors for the models plotted in Figure 3d. ROC
curve showing sensitivity and specificity for the classical antigen PLSDA model, our seven-feature signature
Healthy vs. Sjogrens PLSDA model, and multiplex positivity.
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Supplementary Figure B-3: a) Glycosylation profiles from Figure 5a plotted by individuals across the different
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Supplementary Figure B-4: Univariate analysis across groups for Ro60 (a), Ro52 (b) and La (c) specific responses
(healthy control, non-S;jS sicca syndrome, and Sjogren’s syndrome subdivided into seropositive and seronegative
SjS). Significant differences denoted with asterisks.
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Supplementary Figure B-5: a) Hierarchical clustering for seronegative vs. healthy model from Figure 6. b)
Comparison of cross validation errors for the PLSDA models plotted in Figure 6d.
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Appendix C: Supplement to Decoupling Antibody Levels from Fc Effector Functions: An
Ordinary Differential Equation Framework Challenges the ‘More is Better’ Assumption

for Polyfunctionality

Supplementary Figure C-1: Global sensitivity analysis using in vivo blood parameters as baseline values
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Supplementary Table C-1: Affinity parameters for two FcR ODE model

FcRII Parameters Value  FcRIII Parameters Value Units Source
Kon 1¢G1-FeRIIaH 52e-6 Kon 1¢G1-FeR11Tav 20e-6 nM-1s!
Kon 1gG2 FeR11aH 4.5¢-6 Kon 1¢G2-Fer111av 0.7¢-6 Mg
Kon 1¢G3-FeR11aH 8.9¢-6 Kon 1¢G3-FeR11Tav 98e-6 nM-ls!
Kon 1¢G4-FeRI1aH 1.7e-6 Kon 1gG4-FeR11Tav 2.56-6 aM-ls! kor and ko calculated from
K, measured in
Kon 1gG1-FeRI1aR 35e-6 Kon 1gG1-FeRIIIaF 11.7e-6  nM's! Bruhns et al. (2009)"¢*
Kon 1gG2-FeRTIaR le-6 Kon 1gG2-FeRITTaF 0.3e-6 M-l
Kon 1gG3-FeRI1aR 9.1e-6 Kon 1gG3-FeRIlIaF 77e-6 aM-lg!
Kon 1gG4-FeRTIaR 2.1e-6 Kon 1G4-FeRITTaF De-6 M-l
General Parameters Value Units Source
Average value measured in
Koff 1G1-4-FeRrI11IT 0.01 s pooled RV144 plasma for
FcRIllaV
Kon 1661428 10e-6 nM's! SPR measurements from
pooled IgG from HIV
Kotr 1gGl-4-ag 2e-4 ! individuals
Supplementary Table C-2: Concentration parameters for two FcR ODE model
Parameter Blood value  Penile value Rectal value Units Sources
IgG1 total 581 2.32 0.277 Subclass
12G?2 total 23 0.0093 0.0011 proportions/concentrations
estimated from Raux et al.
IgG3 total 82.6 0.67 0.092 (2000)'” and
1G4 total 0.23 0.00093 0.00011 nM Pillay et al. (2019)'*
Antigen total 2.2e-6 4.2e-7 1.1e-5 Zuckerman et al. (2004)'%
FcRII total 2.5¢-2 2.2e-3 7.3e-3
Cheeseman et al. (2016)!7!
FcRIII total 5.5e-2 1.1e-1 2.2e-3
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Supplementary Figure C-2: 1D Sensitivity analysis across blood and mucosal tissues.
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Appendix D: Unpublished Data

D.1 Serological signatures that explain heterogeneity in disease severity in Sjogren’s
syndrome

We also wanted to investigate any significant differences in autoantibody responses
between inactive (less severe, EULAR’s Sjogren’s Syndrome Disease Activity Index or ESSDAI
<4) versus active (more severe, ESSDAI > 5) Sjogren’s syndrome. Among the Sjogren’s
syndrome patients, EULAR’s Sjogren’s Syndrome Disease Activity Index (ESSDALI) scoring
was based on constitutional symptoms, lymphadenopathy, glandular involvement, articular
involvement, cutaneous involvement, pulmonary involvement, renal involvement, muscular
involvement, peripheral nervous system involvement, central nervous system involvement,
hematological findings, and biological laboratory findings. A score of 0-4 was considered
inactive/low activity (n=35), 5-12 moderate disease activity (n=15), and >12 high disease
activity (n=8) (Supplementary Figure D-1). Univariate analysis revealed differences in
autoantibody responses between active or more severe disease and inactive or less severe disease
(Supplementary Figure D-2 and Supplementary Figure D-3). For Ro60, there are
significantly higher levels of IgG, FcgR2aH, FcgR2aR, FcgR2b, and FcgR3aV in active
Sjogren’s vs. inactive (and seroconverted vs. non-Sjogren’s). There appear to be two different
populations within both inactive and active populations of seropositive and seronegative patients,
with a subset of patients showing very high responses and another subset with lower responses.
For the La antigen, there is significantly higher levels of IgA in active vs. inactive vs. non

Sjogren’s, and higher FcgR2aH, FcgR2aR, FcgR2b, FcgR3aV, and FcgR3aF in active Sjogren’s
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vs. inactive (and seroconverted vs. non Sjogren’s). Again, there appear to be two different
populations in both inactive and active populations. Lastly, for the Ro52 antigen, univariate
analysis shows significantly higher FcgR2aH, FcgR2aR, FcgR2b, and FcgR3aV in active
Sjogren’s vs. inactive (and seroconverted vs. non Sjogren’s).

To further explore the serological difference based on disease severity, we then utilized a
systems serology approach with multivariate analysis. Supervised feature selection selected a set
of antibody features that was able to distinguish between active and inactive Sjogren’s syndrome
(90.2% calibration, 79.9% cross validation accuracy) (). Active disease cases appear to have
overwhelmingly higher responses of FcR engagement, particularly to the Ro52 and La antigens,
in comparison to inactive disease (Supplementary Figure D-4). Furthermore, many of the FcR
responses appear to be FcR2a, which is associated with phagocytic activity and ADCP. Thus,
this led us to explore the role of glycosylation and cell-based phagocytosis in Sjogren’s disease

severity.

Supplementary Figure D-1: [ GET DRY Cohort data months from symptom onset and ESSDAI severity index by
active (moderate/severe) vs. inactive (mild) disease status. Asterisks indicate level of significance.
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Supplementary Figure D-2: Univariate analysis of Ro60 responses across healthy donors, non-Sjogren’s patients,
and Sjogren’s patients (inactive or mild versus active or moderate/severe disease).
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Supplementary Figure D-3: Univariate analysis of Ro52 responses across healthy donors, non-Sjogren’s patients,
and Sjogren’s patients (inactive or mild versus active or moderate/severe disease).
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Supplementary Figure D-4: Mild Sjogren’s versus moderate and severe Sjogren’s PLSDA scores (a) and Elastic-
net-selected LV1 loadings (b).
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Supplementary Figure D-5: Cell-based phagocytosis assays based on antigen-specific disease activity for A) Ro60,
B) Ro52, or C) La.
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Supplementary Figure D-6: IgG glycosylation profiling by disease activity
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