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ABSTRACT

The emergence of COVID-19 has posed an unprecedented challenge to global healthcare
systems and socioeconomic progress. Understanding the immune response against SARS-
CoV-2 is crucial for developing effective therapeutic and prophylactic strategies and enhanc-
ing preparedness for future airborne virus threats. A key aspect of this response is the regula-
tion of antibody production, which not only drives protective immunity following infection
but also plays a pivotal role in vaccine efficacy. Equally important is comprehending the im-
munosuppressive mechanisms in severely ill patients to prevent excessive immune responses,
mitigate immunopathology, and promote controlled antiviral immunity. Tfh cells are essential
for guiding B cells to generate high-affinity neutralizing antibodies, while Treg cells act as
immune suppressors to prevent immune overactivity. In our study, we employed advanced
computational methods, including single-cell transcriptomics analysis, to unravel the intricate
dynamics of both Tfh and Treg populations elicited in response to SARS-CoV-2 infection. We
conducted single-cell resolution analyses of circulating Tth cells (cTfth) and Treg cells in se-
verely ill COVID-19 patients. For this, we sorted Tfth and Treg cells from peripheral blood
samples and performed single-cell RNA sequencing. In COVID-19 patients, cTth cell clusters
exhibited segregation based on two critical factors: activation status and cTth subtype, a phe-
nomenon not observed in cTth cells from healthy donors. Furthermore, our investigation into
Treg cell heterogeneity in both healthy and COVID-19 conditions unveiled distinct cell popu-
lations varying in activation states and Th signatures. In conclusion, our research offers a com-
prehensive resource on the transcriptomics of various Tfh and Treg populations and their re-

sponses to viral infections.

Keywords: Viral Infection; Immune response; Tth cells; Treg cells; Single-cell RNA-Seq.
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RESUMO

O aparecimento da COVID-19 constituiu um desafio sem precedentes para os sistemas de sa-
tde mundiais e para o progresso socioeconémico. A compreensdo da resposta imunitdria con-
tra 0 SARS-CoV-2 é crucial para o desenvolvimento de estratégias terapéuticas e profildticas
eficazes e para melhorar a preparacdo para futuras ameacgas de virus. Um aspeto fundamental
desta resposta é a regulacdo da produgdo de anticorpos, que ndo s6 impulsiona a imunidade
protetora apds a infe¢do, mas também desempenha um papel fundamental na eficdcia das va-
cinas. Igualmente importante é compreender os mecanismos imunossupressores em doentes
graves para evitar respostas imunitdrias excessivas e promover uma imunidade antiviral con-
trolada. As células Tfh sdo essenciais para guiar as células B na geragdo de anticorpos neutra-
lizantes de alta afinidade, enquanto as células Treg atuam como supressores imunitdrios para
evitar a sobre atividade imunitdria. Neste estudo, utilizdimos métodos computacionais avan-
¢ados, incluindo a andlise transcriptémica de células individuais, para desvendar a complexa
dindmica das populagdes de Tfh e Treg em resposta a infecao por SARS-CoV-2. Realizdmos
andlises transcriptémicas a células Tth circulantes (cTth) e células Treg em doentes graves com
COVID-19. Para isso, separdamos as células cTth e Treg de amostras de sangue periférico e
realizdmos a sequenciagdo do RNA de cada célula. Nos doentes com COVID-19, as células
cTth apresentaram segregacdo com base em dois importantes fatores: estado de ativagdo e o
subtipo, um fenémeno ndo observado nas células cTfh de dadores sauddveis. Além disso, a
nossa investigacdo sobre a heterogeneidade das células Treg, tanto em dadores sauddveis
como em pacientes com COVID-19, revelou populagdes celulares distintas que variam em ter-
mos de estados de ativagdo e subtipo. Em conclusdo, a nossa investigagdo oferece um recurso
detalhado sobre o transcriptoma de vérias populagoes de Tfh e Treg e as suas respostas a in-
fecoes virais.

Palavas chave: Infecdo viral; Resposta imunitdria; Células Tfh; Células Treg; single-cell RNA-
seq.
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1. INTRODUCTION

1.1 Infectious diseases in modern times

In the modern era, a series of highly contagious diseases, with viral pandemics (such as
influenza or coronaviruses) being particularly prominent, have caused profound devastation
to live and livelihoods worldwide. The risks of spillover of infectious diseases — triggered by
pathogenic microorganisms such as viruses, bacteria, fungi, and apicomplexans — have in-
creased due to recent societal changes. Despite significant advances across the globe in terms
of improved sanitation and healthcare access, these risks persist [1], [2].

In December 2019, a viral disease named COVID-19, caused by the novel coronavirus
SARS-CoV-2, was detected in Wuhan (China), serving as a significant example of how such
risks can swiftly become a global concern. The swift and worldwide spread of COVID-19 un-
derscored the vulnerability of societies to unforeseen health crises and emphasized the ongo-
ing need for vigilant preparedness and robust healthcare systems to mitigate the impact of
future disease outbreaks.

In this context, enhancing our comprehension of the immune response to pathogenic
microorganisms holds the potential to advance therapeutic and prophylactic strategies and
improve preparedness for future outbreaks. In this respect, a better understanding of mecha-
nisms involved in the regulation of antibody production is critical, not only regarding the pro-

tective immune response following infection but also as a key mechanism in effective vaccines.

1.2 The Immune Response - Overview

Immunity, or the capacity to protect our body from infection and cancer, consists of three
defensive mechanisms. The first defense involves anatomical and chemical barriers, i.e., skin,
mucosal surfaces, and antimicrobial peptides produced within these tissues, which in combi-
nation form an effective protective barrier to prevent the invasion of microbes into the human
body. Nevertheless, pathogens evolved methods to circumvent this initial defense barrier, and
other protective immune responses come into play [3].

Once a pathogen manages to penetrate the epithelial barriers of the host, it will then
confront the innate immune mechanisms. The innate immune system consists of several cel-
lular and molecular components that work synergistically to detect and eradicate pathogens
providing immediate, non-specific defense. The initiation of this response relies on pattern-
recognition receptors (PRRs), expressed on the surface of innate immune cells, or soluble mol-

ecules like complement system, that can recognize pathogen-associated molecular patterns



(PAMPs). The interaction between PAMPs and PRRs triggers a signaling cascade, activating
innate immune cells, such as macrophages, and natural killer cells, acting as an essential early
resistance to pathogen replication [4].

Finally, the adaptive immune responses are tailored to the specific pathogen, since they
rely on the activation of antigen-specific lymphocytes, specifically B and T cells, which possess
highly variable antigen receptors capable of recognizing and binding to antigens exhibited by
professional antigen-presenting cells (APCs), in the case of T cells, or directly on the target
pathogen for B cells. The lymphocyte activation, which is followed by clonal expansion, and
differentiation, gives rise to antigen-specific effector cells that precisely eliminate the patho-
gen. A key property of this highly specialized system is the production of immunological
memory, characterized by the maintenance of long-lived immune cells after the infection is
cleared, resulting in quicker and more efficient responses upon a second encounter with the
same antigen [5].

Regarding adaptive immunity, this highly specific response encompasses two general
classes: cell-mediated immunity and humoral immunity. Cell-mediated immunity relies on T
cells, which, upon recognizing their specific antigen through binding between MHC proteins
and exogenous antigens, undergo differentiation into various functional subclasses of effector
T cells with distinct specializations for diverse activities. These subsets carry out distinct func-
tions - CD8 T cells recognize and neutralize infected or abnormal cells by cell cytotoxicity [6].
The CD4 effector subsets stimulate or suppress the action of their target immune cells [7].

On the other hand, humoral immunity, mediated by B cells, entails the production and
distribution of antibodies. These molecules are produced to detect and neutralize detrimental
agents, such as infectious viruses, bacteria, and fungi, through specific binding to their respec-
tive target antigens. While certain microbial antigens can directly trigger B cell activation with-
out any additional stimulus, the process of affinity maturation in B cells and their differentia-
tion into memory cells and high-affinity antibody-secreting B cells typically require interac-
tions with helper T cells located in the germinal center [5].

1.3 T follicular helper and T regulatory cells in the immune
system

After antigen exposure through the B cell receptor (BCR), antigen-activated naive B cells
undergo proliferation, somatic hypermutation, and affinity-based selection leading to the gen-
eration of antibody-secreting cells (ASCs) — plasma cells —and memory B cells [8]. This process
predominantly takes place within secondary lymphoid organs (SLOs) and depends on T fol-
licular helper (Tth) cells costimulation — ICOSL:ICOS and CD40:CD40L signaling — and cyto-
kine production (IL-21). Therefore, Tth cells are a CD4* T cell subpopulation that provides help
to B cells, stimulating a long-lasting antibody production with an enhanced affinity towards
their targets.

Tth cells originate from naive CD4* T cells. Once stimulated, some CD4* T cells go
through a complex, multistage differentiation process in which BCL6 expression plays a vital
role, directing their transformation into Tth cells. This process promotes the development of



Tth cell fate and their specialized functions, resulting in increased CXCR5 chemokine receptor
expression and the suppression of CCR7. Consequently, these changes facilitate the migration
of Tfh cells towards B cell follicles, which is essential for germinal center formation during an
active immune response [9]. Tth cell deficiency limits the development of germinal centers
(GCs), which results in detectable impairments in the generation of antibodies [10], [11]. The
fate decision driving the initial process of differentiation of a naive CD4" T cell towards a Tth
is not fully established. However, it has been shown that the presence of IL-2 can regulate this
fate choice, with low levels of this cytokine favoring Tfh differentiation [12], [13].

Over the past decade, extensive research has focused on unraveling the intricacies of
Tth cell biology within secondary lymphoid organs. This research has yielded substantial pro-
gress in our comprehension of the origin and function of these cells. Nonetheless, the occur-
rence of CXCR5* CD4" Tth cells extends beyond lymphoid organs and can also be found in the
human bloodstream. Within the blood, a distinct population of long-lived memory cells shares
functional characteristics with Tfh cells, acting as a circulating counterpart and referred to as
circulating Tth cells (cTth). These cTfh cells are derived from germinal centers and have the
potential to function as circulating memory cells that can be quickly mobilized for immune
reactions, effectively supporting naive or memory B cells in generating antibodies. Human
cTth cells are a minor subset of CD4* T cells found in the peripheral blood. They are composed
of distinct subsets characterized by distinct phenotypes and functions, determined by the pres-
ence or absence of specific markers such as chemokine receptors CXCR3 and CCR6, PD-1, and
ICOS [14]. Unlike Tth cells in SLOs, cTth cells lack Bcl-6 protein expression. Instead, the pres-
ence of CXCR3 and CCRé6 allows for the categorization of three primary subsets within circu-
lating Tth cells: CXCR3*CCR6 cells, which resemble Th1 cells and are thus referred to as cTfh1
cells; CXCR3"CCR6™ cells, resembling Th2 cells and termed cTfh2 cells; and CXCR3-CCR6*
cells, resembling Th17 cells and referred to as cTfh17 cells. Within the cTth1, cTth2, and cTfh17
subsets, distinct subpopulations can be identified based on the expression of PD-1 and ICOS.
These subpopulations include an activated subset characterized by high expression of ICOS
and PD-1 (ICOS*PD-1"), as well as two quiescent subsets with varying levels of ICOS and PD-
1 expression (ICOSPD-1* and ICOSPD-1"). The functions of each distinct cTfh subtype in
various states exhibit notable disparities between mice and humans, and further investigation
is needed to determine their origins and contributions to antibody responses [14], [15].

Investigating the cTfh response following SARS-CoV-2 infection has emerged as an
essential contributor in advancing our comprehension of the adaptive immune response
against viruses. Due to the virus's capacity to impact both the upper and lower respiratory
systems, effective cell-mediated immunity is crucial for clearing the virus initially and estab-
lishing immunological memory. The functions of cTfh play a central role in these crucial as-
pects.

Studies have demonstrated a substantial expansion of cTth cells in COVID-19 patients,
which aligns with observations made in other viral infections and post-vaccination scenarios
[16], [17]. This increase in cTth cell populations has been found to strongly correlate with
heightened levels of neutralizing antibodies, suggesting their pivotal role in orchestrating a
robust immune response against the virus [18]. Furthermore, the study of these CD4" T cell
subtypes has allowed the identification of distinct subsets of cTth cells associated with SARS-



CoV-2 infection, providing additional insights into how these cells contribute to both protec-
tive and pathogenic immune responses against SARS-CoV-2 infection [19].

Continuing research on the cTth response holds the key to comprehending its dynam-
ics and regulation, which could have a major impact on the development of vaccines and ther-
apeutic strategies against viral infections.

On the other hand, immunological homeostasis stems from the intricate interplay be-
tween protective immune responses and regulatory mechanisms. Any disruption in achieving
the proper counterbalance to adaptive immune responses can result in the development of
autoimmunity and malignancies. Thus, Treg cells represent a subpopulation of CD4* T cells
with suppressive capabilities, working to counteract immune responses, crucial to maintain-
ing immune homeostasis. An insufficient number of Treg cells can instigate life-threatening
autoimmune reactions, while an excessive abundance can induce immune suppression. They
are generally characterized by the expression of the transcription factor FOXP3, which is es-
sential for their development and suppressive functions [20]. Various mechanisms have been
suggested to explain the suppressive actions of Treg cells, encompassing both direct cell-to-
cell contact and the involvement of soluble factors. These mechanisms entail a diverse range
of accessory molecules, including cell surface molecules like CTLA4, CD25, TIGIT, CD39, and
CD?73, as well as cytokines such as IL-10, TGF- 8 . Additionally, secreted, or intracellular mol-
ecules like granzymes and cyclic AMP also contribute to the Treg-mediated suppression [21],
[22].

Treg cells exhibit heterogeneity and are characterized by their dynamic nature. Emerg-
ing research indicates that Treg cells possess the ability to adapt and specialize within distinct
environmental contexts, enabling them to customize their functions and maintain homeostasis
across diverse tissues and immune dynamics [23]. One example of this specialization is the
regulatory counterpart of Tth cells, named T follicular regulatory (Tfr). Tfr cells can be found
in lymphoid tissue and in circulation, and are specialized in the regulation of GC reaction and
prevention of autoimmunity [10].

Sustained FOXP3 expression is vital for preserving the Treg cell program and its sup-
pressive properties outside the thymus. This requires the synergetic action of a network of
transcription factors with FOXP3 to stabilize the expression of the Treg cell-specific genes, en-
suring the maintenance of a stable and differentiated Treg cell population essential for im-
mune homeostasis [24].

The significance of Treg cells extends to various aspects of viral infections, including
COVID-19 instigated by the SARS-CoV-2 virus. This specific subset of CD4* T cells assumes a
pivotal role in controlling the humoral and cellular immune responses triggered by infection,
preventing hyperreactive immune responses that could potentially result in tissue damage
and the exacerbation of pathological conditions. Emerging research underscores the pivotal
role of Treg cells in the complex battle against COVID-19, particularly among patients with
mild SARS-CoV-2 infection, where they appear to wield substantial influence over the orches-
tration of inflammatory responses [25]. However, in severe cases, the immunosuppressive po-
tency of Treg cells appears compromised, raising compelling questions about their intricate
involvement in disease progression [19].



1.4 Computational biology and bioinformatics in modern bio-
logical research

Over the past decade, significant strides have been made in the modern biological and
biomedical domains, with computational biology and bioinformatics emerging as driving
forces behind these advancements. This progress has been greatly facilitated by remarkable
technological breakthroughs in the field, empowering researchers to push the boundaries of
scientific knowledge and accelerate discoveries.

The 14.8-billion DNA bp sequenced in the Human Genome Project [26], as well as all
the impacts that this milestone has brought to research, are unquestionably the greatest proof
of the essential role that computational biology and bioinformatics have in the field [27]. With-
out the ability to effectively manage and analyze the massive amount of data generated by the
Human Genome Project, a power conferred by computational biology and bioinformatics, the
current development in the areas of life sciences would not have been possible.

Furthermore, the emergence of other high-throughput technologies has enabled the
qualitative and quantitative analysis of the target molecules of different "omics" studies at a
much larger scale than was previously possible. Consequently, the multi-omics field — the ge-
nome, epigenome, transcriptome, and proteome — has enhanced the ability to tackle complex
biological questions generating big data, which necessitates sophisticated bioinformatic anal-
ysis to derive meaningful insights [28], [29].

The transcriptome, in particular, is the complete set of RNA transcripts produced by
the genome within a cell or a population of cells at a given time. The analysis of RNA mole-
cules — transcriptomics — enables the capture of a snapshot of actively transcribed genes un-
dergoing translation into proteins — an intermediary between the genotype and the phenotype.
Besides this, the transcriptome exhibits remarkable dynamics, due to its high responsiveness
to cellular processes and environmental stimuli. Thus, by analyzing transcriptome, we can
obtain an early and accurate measurement of cells' response to stimuli [30].

The emergence of Next Generation Sequencing (NGS) technologies has revolutionized
the study of the transcriptome by enabling high-throughput and cost-effective sequencing of
RNA molecules (RNA-seq). In the past decade, the widespread usage of bulk RNA-seq meth-
ods has enabled the analysis of gene expression patterns by quantifying transcripts across a
population of cells. However, this approach is constrained to determining the average expres-
sion levels of transcripts within the cell population, thereby unaware of cell population heter-
ogeneity [31].

With around 30 to 40 trillion cells comprising the human body, each one harboring a
massive amount of biological information, diverse cell types coexist within tissues and organs.
Despite sharing morphological similarities, cells exhibit heterogeneity in their particular mo-
lecular profile, and conversely, cells with similar molecular profiles may manifest morpholog-
ical differences. Comprehending these cells' heterogeneity and intricate interactions becomes
crucial in uncovering the human body's specialized and diverse physiological states, regula-
tory mechanisms, and diseases. To obtain a fine-grained understanding of the transcriptomic



landscape within heterogeneous cell populations, the utilization of single-cell RNA sequenc-
ing (scRNA-seq) techniques becomes essential [32].

Nowadays, scRNA-seq is a well-established and widely used technique for analyzing
the transcriptome of individual cells. It serves as a valuable tool for investigating genotype-
phenotype relationships, while also enabling a detailed understanding of dynamic gene ex-
pression at a single-cell resolution. Over recent years, advancements in sequencing technolo-
gies have led to the development of various scRNA-seq protocols. Each of these methods has
distinct characteristics, offering its advantages and disadvantages, leading to different out-
comes. The selection of a particular scRNA-seq technology should consider the trade-off be-
tween the research objectives and the cost of sequencing [33].

Many infectious diseases have eluded conventional research and treatment methods
and persist as significant health challenges. Through single-cell analysis, we gain a deeper
understanding of the cellular diversity that determines the immune response to pathogens.
scRNA-seq can provide significant insights into the molecular and cellular responses of indi-
vidual host cells during infection. Moreover, scRNA-seq contributes to the discovery of novel
antibodies by providing a thorough comprehension of antigen specificity and the diverse rep-
ertoire of B cell clones produced during immune responses. This critical knowledge facilitates
the identification and development of antibodies capable of effectively neutralizing patho-
gens. Additionally, scRNA-seq can empower the monitoring of immune responses to vaccina-
tion, providing valuable insights into the cellular dynamics and molecular changes that occur
following immunization. By harnessing the potential of scRNA-seq, researchers can gain un-
precedented depth into the intricate mechanisms governing host-pathogen interactions and
advance the development of innovative strategies for combating infectious diseases [34].

1.5 Aim of the study

The aim of the study was the elucidation of the transcriptional signature of two T cell
subsets - cTth and Treg cells - in a viral infection context and at single-cell resolution.

The cTth cells play a pivotal role in guiding B cell responses and antibody production,
crucial for effective immune defense against infections, including viruses. Conversely, Treg
cells act as immune suppressors, preventing excessive immune responses, while their balance
is critical to prevent immunopathology and promote controlled antiviral immunity.

The study of cTth and Treg populations that are present in circulation at a low frequency
among the leukocytes, rather than studying the entire pool of CD4* T cells or PBMCs using a
single-cell transcriptomics approach, enables a comprehensive understanding of their hetero-
geneities and their distinct roles in orchestrating immune responses against viral infections,
revealing aspects that have thus far remained incompletely elucidated.

In the first part, we aimed to identify the important cell subsets in cTth and Treg cells,
and their assignment, on both healthy donors and COVID-19 patients, based on the expression
of genes characteristic of known cell populations. Following this, we aimed to further under-
stand the transcriptional landscape of our target T cell populations, by pinpointing transcrip-
tion factors closely associated with each cellular phenotype, bestowing the study with a gran-
ular understanding of the regulatory underpinnings intrinsic to individual subpopulations.



This approach is especially important as transcription factors have a low level of expression,
being hard to document within single-cell transcriptomes.

Disentangling the mechanisms through which Tth and Treg cells modulate immune re-
sponses and contribute to either immunopathology or protection forms the foundational
premise for advancing subsequent translational applications. We, therefore, aim to provide
insights that can steer the development of targeted interventions to enhance vaccine efficacy
and therapeutic strategies that modulate immune responses in the case of cTth response or
predict treatment responses in the case of Treg cells.



2. MATERIALS AND METHODS

2.1 Human samples

Fresh peripheral blood samples were obtained from four severely ill patients with
COVID-19, admitted to the Centro Hospitalar Universitdrio Lisboa Norte, in May and June of
2020, and from four adult healthy volunteers. The ages of the COVID-19 patients ranged from
51 to 67, with a median age of 59.5, while for the healthy donors, the ages ranged from 51 to
61, with a median age of 56.

This study was approved by the Lisbon Academic Medical Center Ethics Committee.
Everyone involved in the study gave written informed consent for the specimen collection and
data analysis.

2.2 Sample Preparation and cell sorting

Peripheral blood mononuclear cells (PBMCs) were isolated from ex-vivo blood samples
[35]. Prior to cell sorting, cell suspensions were obtained, and cells were stained with FITC-
anti-human CD127 (BioLegend, 1/100), PeCy-7-anti-human CD25 (BioScience, 1/25), Bv711-
anti-human CD4 (Biolengend, 1/100), PE-anti-human CXCR5 (BioLegend, 1/100). The
Live/Dead Fixable Aqua Dead Stain Kit (Life Technologies, 1/1000) was employed in cell vi-
ability assays or live/dead cell discrimination. After double exclusion of duplets by forward
and side scatter, single cells of different immune cells populations were sorted on a BD
FACSAria Fusion cell sorter as CD4*CD127-CD25" Treg and CD4*CD127*CD25 CXCR5* Tth
cells at the Flow Cytometry Facility of Instituto Medicina Molecular.

2.3 RNA processing for single-cell sequencing and RNA ex-

pression quantification

To generate 3’ single-cell transcriptomics datasets from single cells, droplet-based
mRNA libraries were produced using a Chromium system (10x Genomics). cDNA synthesis,
amplification, and 10x barcoded sequencing libraries were constructed according to the man-
ufacturer’s protocol for the 10x single cell 3" kit (Chromium Next GEM Single Cell 3' v3.1). All
libraries were sequenced on a HiSeq 4000 to achieve an average depth of 60 thousand reads
per cell. All experimental procedures up to this stage were carried out by expert members of
the Luis Graga Lab.

FASTQ files containing raw reads data from the single-cell sequencing were aligned to
the human reference genome GRCh38 (Genome Reference Consortium Human Build 38) us-
ing the CellRanger pipeline (version 7.1.0) from the 10x Genomics workflow.



2.4 Downstream analysis

The realm of single-cell analysis is gradually evolving from a challenging specialized
field to an established and cutting-edge discipline. When analyzing, it's crucial to consider the
significant attributes associated with single-cell RN A-seq datasets.

The first important characteristic of scRNA-seq data is a prevalent challenge in single-
cell analysis: dropouts. These arise when the detection of low-abundance transcripts is hin-
dered by technical constraints, leading to inaccuracies [36]. Consequently, scRNA-seq datasets
often exhibit a pronounced sparsity, characterized by an abundance of zero values within the
data matrix. However, the scope for correcting the data, including addressing high dimen-
sionality, and measurement noise, is constrained. There is a risk of overcorrection that might
inadvertently eliminate essential biological insights encoded within the data. Although there
is no universally effective algorithmic solution for all the data, it is possible to establish a series
of broad steps for pre-processing single-cell data and address the aforementioned challenges.
The pipeline comprises six essential stages: filtering data, normalization, feature selection, di-
mensionality reduction, clustering, and cell type annotation.

The single-cell datasets were analyzed individually in R (version 4.1.3) using the Seurat
package (version 4.3.0)[37]. The downstream analysis was performed using the provided
workflow on the Seurat website (https:/ /satijalab.org/seurat/).

2.4.1 Quality control

Single-cell RNA sequencing analysis assumes that each occurrence in the dataset rep-
resents measurements from a single cell. Low-quality cells, such as empty droplets or doublets,
may violate this assumption and can be detected as containing very few genes or aberrantly
high gene counts, respectively. In addition, assessing the percentage of reads that map to the
mitochondrial genome, and creating a cutoff based on the percentage of counts from mito-
chondrial genes per barcode is typically performed since dying cells often exhibit extensive
mitochondrial contamination. Therefore, filtering non-informative cells and genes holds sig-
nificant importance not only for accurately deriving biological insights but also for streamlin-
ing the computational workload throughout the analysis.

Considering that there were few datasets, quality control was executed through man-
ual assessment involving an examination of the distribution of different quality control covari-
ates (nFeature_RNA, nCount_RNA, and percent.mt). Subsequently, outliers were identified
and then excluded from each dataset.

2.4.2 Normalization

The presence of technical biases associated with cell-to-cell variation, such as cell-spe-
cific capture efficiency, sequencing depth, or amplification variability, results in considerable
disparities in raw scRNA-seq counts that can mask genuine biological disparities.

The core objective behind normalizing scRNA-seq data is to mitigate these biases, en-
suring the accuracy and comparability of gene expression measurements across individual



cells, thereby facilitating the extraction of biologically meaningful insights from scRNA-seq
experiments [38].

In this study, the NormalizeData function was employed. This function utilizes the
LogNormalize method, a global-scaling normalization technique, to normalize feature expres-
sion measurements for individual cells. This involves dividing the feature expression by the
total counts for that cell, followed by multiplication with a scale factor (10,000), and ultimately
applying a log transformation to the outcome.

2.4.3 Feature selection and scaling of the data

Single-cell RNA-seq datasets often yield tens of thousands of genes, many of which
may be not informative or confounding. Therefore, a standard preprocessing workflow en-
compasses a feature selection step. This stage is designed to identify and select a subset of
relevant genes which could encompass those that are most informative or exhibit the highest
variability. Through prioritizing relevant features, such as genes associated with cell identity
or functional changes, feature selection amplifies result interpretability, reduces noise, and
contributes to a deeper understanding of cellular dynamics. This renders it a pivotal step in
extracting meaningful insights from intricate, high-dimensional single-cell transcriptomic
data.

The identification and selection of highly variable features (2000) was done using the
FindVariableFeatures function.

Prior to dimensional reduction techniques such as Principal Component Analysis
(PCA), it's vital to apply a linear transformation known as scaling. This process adjusts the
magnitude of individual genes (mean = 0 and standard deviation = 1), ensuring that the con-
tribution of each gene to variance corresponds to its biological relevance. This adjustment em-
powers PCA, a variance-based method, to effectively capture the most informative patterns of
cellular variability. The absence of scaling could lead to higher-expressed genes overpowering
the analysis, potentially overshadowing genes with lower expression yet carrying crucial bio-
logical insights. The data was scaled using the ScaleData command, accompanied by regress-
ing out the sequencing depth, mitochondrial, and ribosomal expression percentages for each
cell, in order to remove unwanted variation in scRNA-seq data, helping to focus the analysis
on the biologically meaningful variations in gene expression.

2.4.4 Dimensionality reduction

As mentioned above, the high-dimensional nature of the scRNA-seq data leads to chal-
lenges in visualization, interpretation, and computational efficiency. In this pipeline, the first
effort to trim down data dimensionality was feature selection. To proceed, dimensionality re-
duction algorithms were employed to further curtail the dimensions of scRNA-seq data, which
play a fundamental role in facilitating data visualization. Principal Component Analysis
(PCA) and Uniform Manifold Approximation and Projection (UMAP) are among the most
commonly used techniques in the realm of scRNA-seq data.

PCA is a method that identifies the axes along which a set of points exhibits the highest
variance, essentially representing a greater degree of dispersion. Subsequently, the data is
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projected onto these axes, referred to as the principal components (PC). This approach enables
the compression of complex expression profiles into a reduced set of uncorrelated variables
(principal components), capturing the most informative sources of cellular heterogeneity.

UMAP, on the other hand, serves as a non-linear technique that facilitates the visuali-
zation of this reduced-dimensional data in a way that retains the local relationships among
cells. This capability facilitates the identification of cell clusters and trajectories, providing a
comprehensive perspective on the underlying biological dynamics.

For all the analysis, the RunPCA was used. To determine the ‘dimensionality” of the
dataset, the number of PCs to be used was deduced by considering the significant PCs identi-
fied through JackStraw analysis, together with the insights from the "Elbow Plot". Addition-
ally, an evaluation of the genes that contributed most to each of the PCs was performed using
the DimHeatmap command. The number of PCs retained for downstream analyses were the
following: for cTth cells, 15 on healthy donors data, 16 on COVID-19 patients data; for Treg
cells, 17 on healthy donors data, and 17 on COVID-19 patients data.

2.4.5 Clustering

In the context of scRNA-seq data analysis, clustering emerges as a crucial step, holding
remarkable importance in uncovering the complexities of cellular diversity. Its role lies in de-
fining distinct clusters of cells, culminating in an organized and more interpretable partition-
ing of the vast and unstructured initial dataset.

Community detection is widely used to understand the arrangement of complex net-
works, an example of which is the entire set of cells and their distinct expression profiles. In
this study, we employed the Louvain algorithm, a heuristic approach designed for detecting
communities. The algorithm functions through an iterative process of relocating nodes be-
tween communities to optimize a modularity measure. Modularity, in turn, assesses the effec-
tiveness of grouping network nodes into distinct communities. By employing the Louvain al-
gorithm on scRNA-seq data, it becomes possible to unveil biologically significant cell subpop-
ulations that are delineated by common gene expression patterns.

The clustering step was executed using Seurat’s FindNeighbors and FindClusters func-
tions. The FindNeighbors function requires as input the dimensionality of the dataset previ-
ously defined. The FindClusters command involves a resolution parameter, which establishes
the level of detail in the downstream analysis. Elevating this parameter value results in the
generation of a higher number of communities or clusters. Depending on the analysis, differ-
ent resolutions were used for cluster assessment. To prevent the selection of a resolution that
deviated from accurately representing the actual number of cell populations and their hetero-
geneity, each resolution choice was consistently accompanied by an assessment of gene ex-
pression patterns. Furthermore, a cluster tree was created using the clustree function [39] as an
additional validation step. Clustering used the following resolutions: for cTth cells, 0.2 on
healthy donors data, 0.4 on COVID-19 patients data; for Treg cells, 0.4 on healthy donors data
and 0.3 on COVID-19 patients data.
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2.4.6 Cell Type Annotation

Following the completion of dataset pre-processing and the determination of the num-
ber of clusters, the subsequent task entailed unraveling the distinct cellular phenotypes asso-
ciated with each cluster within the dataset. And to do so, differential gene expression was
computed using the Find AllMarkers function with the default settings: logFC threshold above
0.25; P-value of less than 0.05 using the non-parametric Wilcoxon Rank Sum test. Using the
Find AllMarkers command, we conduct comparisons between each cluster and all other clusters
in order to pinpoint differential expressed genes.

2.4.7 Data integration

Recent technological progress has significantly enhanced our capacity to produce high-
throughput single-cell gene expression data across various methodologies that capture diverse
cellular attributes. One prominent analytical hurdle involves the integration of these datasets
from multiple sources or experimental conditions, mitigating batch effects, and enhancing the
accuracy of downstream analyses.

Within Seurat's toolkit, commands such as FindIntegration Anchors and IntegrateData are
present. These tools enable the identification of common sources of variation among different
datasets and the subsequent integration of these datasets into a unified framework. The first
step involves therefore the identification of cells with shared biological states between multi-
ple scRNA-seq datasets using the FindIntegration Anchors function. These anchors serve as ref-
erence points for aligning cells from different datasets into one harmonize dataset, using the
IntegrateData function.

In this study, we employed integration to jointly analyze three datasets of cTth cells
sourced from COVID-19 patients and four datasets of Treg cells, all derived from COVID-19
patients. Throughout the analysis, default parameters were consistently applied, except for
employing 3000 variable features instead of the default 2000.

2.5 Gene Set Variation Analysis (GSVA)

Gene Set Variation Analysis (GSVA) stands as a computational technique that esti-
mates the enrichment of predefined pathways or the functional annotations of specific sam-
ples. In contrast to the majority of Gene Set Enrichment (GSE) methods, GSVA adopts a com-
prehensive perspective on gene set behavior, thereby fostering robust and versatile analyses
centered around pathways. This characteristic renders it a potent resource for decoding high-
throughput transcriptomic data.

For the purpose of inferring the enrichment of pathways within our cell subsets, a
GSVA was conducted, using the Bioconductor's GSVA package [40]. In this procedure, Nor-
malized Enrichment Scores (NES) were computed for distinct gene sets (listed in the annexes)
across the various clusters present in each dataset.
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2.6 Regulatory Network Analysis

To uncover distinct regulatory networks within each cluster, a Regulatory Network
Analysis was conducted using the well-established pySCENIC pipeline [41]. This pipeline en-
tails three key steps. Firstly, genes that are coexpressed with transcription factors (TFs) are
identified through GRNBoost. Given the exclusive dependency of GRNBoost modules on co-
expression patterns, these modules include both direct and indirect targets, along with posi-
tively and negatively correlated ones, as well as potential false positives. In the subsequent
stages, only the positively correlated modules are considered, and to determine the modules
founded on direct-binding regulatory interactions, each coexpression module undergoes cis-
regulatory motif analysis using the RcisTarget algorithm. The final step involves the assess-
ment of regulon activity in individual cells.

This workflow was applied to our Tfh dataset from COVID-19 patients, performed
separately for each patient - resulting in three distinct analyses. To integrate the outcomes, a
rank-product analysis was employed, employing the RankProduct function [42]. The objective
was to capture regulons consistently enriched within each cluster.
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3. RESULTS

3.1 Sex-specific cTfh cells in healthy donors

By analyzing the transcriptome of ~21,000 cTfh cells, we assessed the heterogeneity
within cTfh cells from healthy donors. A Uniform Manifold Approximation and Projection
(UMAP) visualization of these cells revealed their partition into three main clusters (Figure
1A). We observed that the predominant factor contributing to the segregation of the three re-
sultant clusters and the primary source of variability was attributed to donor origin, with clus-
ter 1 notably stemming from a specific donor (Donor 4), as depicted in Figure 1B.

The assessment of differentially expressed genes in each cluster revealed sex-linked
genes in both cluster 0 and cluster 1 (Figure 1C). Cluster 0 represents cells expressing higher
levels of genes located on the Y chromosome, such as UTY and PRKY, whereas cluster 1 ex-
hibited high expression of X-linked genes (Figure 1C and D). Finally, cluster 2, predominantly
consisting of cells sourced from donors 1, 2, and 3, exhibited strong expression of granzymes
and other cytotoxic-related elements.

Consequently, with an approach designed to investigate heterogeneity among cells of
the same type (cTth cells). The donor characteristics, namely sex, can be an important source

of variation, not necessarily related to cell biology.
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Figure 1—The single-cell transcriptome of cTfh cells displays sex-specific characteristics. (A) The UMAP repre-
senting all cTfh cells from four healthy donors revealed the emergence of three distinct clusters. (B) The heatmap
illustrates the distribution of the frequency of cTth cell subpopulations within each cluster across the different do-
nors, including three males (donors 1, 2, and 3) and one female donor (donor 4). Cluster 1 consists entirely of cells
from donor 4, reflecting the impact of donor effect on the dataset. (C) Dotplot showing the top differentially ex-
pressed genes for each individual cluster. (D) Projection of two X chromosome genes (XIST and EIFAX) and two Y
chromosome genes (UTY and PRKY) expression onto the UMAP.

3.2 GZMK expression as the primary source of segregation
among cTth cells from healthy donors

To ensure the accuracy and reliability of our downstream analyses and interpretations,
it became imperative to mitigate the donor effect from the dataset, as it was merely acting as
a confounding factor that may overshadow genuine biological variations that could exist
among cTth cells.

After removing the donor effect, our subsequent analysis of cTth cells unveiled the pres-
ence of three main clusters (Figure 2A). As illustrated in Figure 2B, following batch correction,
the donor-specificity had no impact on the clustering of these cells. Upon conducting a more
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detailed analysis of these cells, which included examining the loadings of the PCs and identi-
fying differentially expressed genes, we identified GZMK expression as the predominant
source of segregation among healthy donor cTfh cells. Cluster 1 represents cells highly en-
riched for GZMK and cytotoxicity-associated transcripts (NKG7, GZMA), as well as the chem-
okine CCLS5. Cluster 1 also exhibited expression of CXCR3. Cluster 0, in contrast, was charac-
terized by low GZMK expression (GZMK-), while exhibiting CCR6 expression together with
some other genes associated with a Th17 signature (Figure 2C and D). We investigated differ-
ent clustering resolutions. Even with higher clustering resolutions, the algorithm failed to ef-
fectively segregate the cells based on CCR6 and CXCR3 expression (Figure S1). Cluster 2
emerged as a distinct cluster, consisting of a mere 22 cells. Notably, this cluster exhibited a
robust and statistically significant expression of HLA-DR genes, typically associated with ac-
tivated T cells.
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Figure 2— Analysis of the scRNA-seq dataset of cTfh cells from healthy donors after correcting the donor effect.
(A) UMAP projection of all cTth cells from all four healthy donors. Three distinct cTth clusters emerged. (B) The
heatmap illustrates the contribution of each donor to each cluster. After removing the sex effect, the donor speci-
ficity did not significantly affect one particular cluster. (C) Dotplot displaying the top differential expressed genes
for individual clusters, with ribosomal and mitochondrial genes excluded. (D) Projection of the expression of genes
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associated with the signature of distinct cTth subtypes (CXCR3 and CCR6) and cTfh maturation stage (ICOS and
PDCD1), as well as markers from cluster 1.

3.3 Distinct clustering patterns and phenotypic shifts in cTfh
cells of COVID-19 patients

Following the integration of the single-cell transcriptomes of all cTth cells collected from
three COVID-19 patients, our analysis unveiled five distinct cTth cell subsets, each character-
ized by a particular transcriptional program (Figure 3.1A). The donor-specificity had no im-
pact on the clustering of cTth cells from COVID-19 patients (Figure 3.1B). The segregation of
the clusters was essentially defined along two axes: the well-defined cTfh subtypes (cTthl,
cTth2, and cTfh17 subsets), characterized by the expression of CXCR3 and CCR6, and cell-state
specific phenotypes reflecting their activity (i.e., active, or quiescent), as determined by the
expression of PDCD1 and ICOS (Figure 3.1C and D). Cluster 0 was identified as cTfh17 cells,
displaying a quiescent state and a robust CCR6 expression. Cluster 1 was assigned as cTfhl
cells due to pronounced CXCR3 expression. Cluster 2 was annotated as representing cTfh2
cells, characterized by the absence of CXCR3 and CCR6 expression, in addition to exhibiting a
phenotype consistent with quiescent T cells. Cluster 3 consisted of CXCR3* cells exhibiting a
strong expression of GZMK and cytotoxicity-associated genes. Finally, Cluster 4 was identi-
fied as activated cTth1 cells, as it expressed CXCR3 and displayed a markedly activated state,
with strong expression of PDCD1 and HLA-DR genes (Figure 3.1D and E).

Transcription factors tend to be expressed at low levels, being difficult to study by
scRNA-seq. Consequently, to gain further insights into the regulatory networks governing the
distinct cTth cell clusters identified in our study, we conducted a comprehensive Regulatory
Network Analysis using the well-established pySCENIC pipeline (Figure 3.2). Our analysis of
the cTfth17 and cTth2 clusters, characterized by a more resting cellular profile, unveiled a com-
mon regulatory signature. Within the top fifteen regulons the cTfh17 and cTfh2 clusters shared
ten regulons, indicating a convergent regulatory profile (Figure 3.2). cTth17 and cTth2 clusters
were found to be under the control of transcription factors associated with resting T cells, in-
cluding FOXP1 and ETS1. Despite the heterogeneity observed within the cTthl compartment,
all cell populations within this group exhibited a shared up-regulation of ZNF580 and CEBPB
transcription factors associated with IL-8 production and immune responses, particularly in-
flammation (Figure 3.2). GZMK-expressing cTfh cells were notably regulated by TBX21, the
master Thl transcription factor, underscoring their Thl signature. Additionally, our analysis
revealed the upregulation of STAT1 in activated cTfhl cells, suggesting a pivotal role for
STATT1 in this activated subset (Figure 3.2).
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(D) Dotplot displaying the top differential expressed genes for individual clusters, with ribosomal and mitochon-
drial genes excluded. (E) Heatmaps illustrating the GSVA enrichment scores of feature pathways for each cluster.
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Figure 3.2— Regulon specificity score for each cTfh cluster from the COVID-19 dataset. The top fifteen regulons
in each donor are highlighted in red and labeled on the plots. From these lists of regulons, ten of them were shared
between the resting non-cTh1 clusters (grey label). The cTfh1 clusters showed a common upregulation of ZNF580
and CEBPB transcription factors. TBX21, the master Th1 transcription factor, was regulating GZMK-expressing
cTth cells, while STAT1 was enriched in the Activated cTfh1 cluster.

3.4 Unveiling unique subsets within Treg cells of healthy do-
nors through scRNA-seq

Upon analyzing the scRNA-seq datasets obtained from Treg cells sourced from the
blood of four healthy donors, our investigation unveiled the presence of four distinct clusters,

as illustrated in Figure 4A. Importantly, these clusters were uniformly distributed among the

different donors, as depicted in Figure 4B.
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To gain insights into the nature of each cluster, we conducted an analysis of differentially
expressed genes within each cluster, enabling their characterization. Cluster 0 exhibited a
strong expression profile of genes typically associated with resting T cells, including CCR7
and TCF7 (Figure 4C), which was further confirmed by GSVA analysis (Figure 4D). The re-
maining three clusters (Clusters 1-3) displayed a heightened state of activation, as evidenced
in Figure 4D. Cluster 1, emerged as the most activated, characterized by a robust expression
of HLA-DR genes. Cluster 2 displayed a pronounced Th17 signature, marked by the expres-
sion of CCR6, KLRB1, and RORC, while cluster 3 was identified as GZMK* Treg cells due to
the striking expression of GZMK. Evaluation of the predicted suppressive capacity, conducted
through GSVA analysis, unveiled that Clusters 1, 2, and 3 exhibited a transcriptome with genes
characteristic of a robust suppressive capacity (Figure 4D).
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differentially expressed genes for individual clusters, with ribosomal and mitochondrial genes excluded. (D)
Heatmaps illustrating the GSVA enrichment scores of feature pathways specific to Treg cells for each cluster.

3.5 Six distinctive subsets revealed by scRNA-seq among Treg
cells from the blood COVID-19 patients

Next, we studied a dataset containing the integration of more than 23,000 cells obtained
from the blood of four COVID-19 patients with severe disease (characterized as requiring hos-
pital admission). The analysis of this dataset led to the identification of six distinct clusters
(Figure 5A). The contribution of each patient to the final dataset is visually represented in
Figure 5B. The segregation of cells in this context was primarily dictated by two critical factors:
the activation status of the cells and their distinctive signature concerning polarization to-
wards distinct effector CD4* T cells (i.e., Th1, Th17). The two biggest clusters, Cluster 0, and
Cluster 1, exhibited an expression profile consistent with quiescent Treg cells, characterized
by the presence of CCR7 and TCF7 expression (Figure 5C and D). Cluster 2 perfectly exempli-
fied the active state of a Treg cell, with a CCR7"°*TCF7"**HLA-DR"s" profile. Cluster 5 mirrored
the signature of cluster 2 cells, albeit with a slightly less active expression pattern. Clusters 3
and 4 exhibited a high expression of genes associated with the Th17 and Th1 signatures, re-
spectively, revealing their distinct CD4 effector lineage characteristics. Cluster 3 cells were en-
riched for CCR6*KLRB1*RORC" cells, while cluster 4 cells were enriched for CXCR3" cells, a
chemokine associated with type-1 immune responses. Thus, the cells in these clusters were
annotated as Tregl7 and Tregl, respectively.

GSVA analysis unveiled a predicted progressive increase in suppressive function, as in-
dicated by spanning from resting to activated subsets. Remarkably, the Treg17 and Tregl clus-
ters demonstrated some of the highest signature scores for TCR signaling and suppression
activity, among all the identified clusters. The HLA-DR"" clusters exhibited the most pro-
nounced score of T cell activation. However, it is noteworthy that, based on the GSVA results,
what distinguishes clusters 2 and 5 is their remarkable association with a suppression signa-
ture, coupled with the expression of cell cycle gene sets.
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Figure 5—scRNA-seq of Treg cells from the blood of severe COVID-19 patients. (A) UMAP visualization of the
integrated dataset (n=23,331). We found six subpopulations of Treg cells in the blood of COVID-19 patients. (B)
Heatmap showing the distribution of each cell population across the different donors. (C) Dotplot displaying the
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Heatmap illustrating the GSVA enrichment scores of feature pathways specific to Treg cells for each cluster.
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4. DISCUSSION

Protection against external agents, such as viruses, hinges upon the effectiveness of the
B cell response and the production of high-affinity antibodies. This protection is enhanced by
the pivotal activity of Tth cells. Conversely, Treg cells play the role of immune suppressors,
wielding the power to control excessive or misdirected immunity. Consequently, compre-
hending and characterizing the intricate workings of these two CD4* T cell subsets serves as a
foundational goal for both the design of prophylactic and therapeutic vaccines. Yet, the inher-
ent heterogeneities and distinct function of these two distinct cell types, led us to examine the
cell populations through a single-cell transcriptomics approach. Indeed, the heterogeneity of
Tth and Tfr cells remain poorly understood in the context of immune responses against viral
infections. Our study elucidated the transcriptome and diversity of cTth and Treg cell subpop-
ulations that have manifested in response to a viral infection, shedding light on the intricacies
of their emergence and dynamics.

To investigate the transcriptome of the two subsets of T cells - cTfh and Treg cells - in
the context of viral infection and with a single-cell resolution, it was essential to first analyze
the transcriptional profile of these cell populations in healthy donors. We generated one
scRNA-seq dataset from cTfh cells obtained from the blood of four healthy donors, which were
initially combined (before sequencing), and subsequently demultiplexed using the Souporcell
algorithm to distinguish individual donor contributions. The approach of pooling cTth cells
from four healthy donors into a scRNA-seq dataset, followed by subsequent demultiplexing
using specialized tools to differentiate individual donor contributions, not only demonstrates
cost-effectiveness but also effectively mitigates technical variability in the dataset.

However, the initial analysis of the scRNA-seq dataset derived from cTth cells of
healthy donors uncovered an unexpected influence of donor effects on the clustering of the
cells (Figure 1B). Upon closer examination of the expression profiles within the distinct clus-
ters, it became evident that the differential gene expression was primarily associated with
genes located on the sex chromosomes (Figure 1C and D). Notably, the pronounced expression
of the XIST gene in cluster 1, compared to those in the other clusters, emerged as a particularly
significant finding. The XIST gene plays a crucial role in the phenomenon of lyonization, a
developmental process in which one of the two X chromosomes in each cell is randomly cho-
sen for early inactivation. The XIST gene encodes for an RNA that coats one of the X chromo-
somes, resulting in a transcriptional silencing [43]. In the context of scRNA-seq analysis of cTfh
cells, this observation, coupled with the absence of gene expression associated with the Y chro-
mosome in cells from donor 4, in contrast to cells from the remaining donors, shows that
among a dataset that is very homogeneous (all cells are FACS-sorted Tth cells) the sex-specific
transcripts are readily detected. The putative impact of sex variations in Tfh biology remains
to be addressed. However, sex differences in the immune system, including in Tth cells, have
been noted, including differences in immune cell composition, cytokine and chemokine pro-
duction, and susceptibility to certain diseases. The humoral response, in response to infection
and vaccination, has been noted to be slightly but significantly higher in females. These
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differences can be influenced by a variety of factors, including sex hormones, genetics, and
environmental factors [44]-[46]. To further understand the significance of sex-specific cTfh cell
populations, future studies should encompass a broader spectrum of approaches and anal-
yses. Analyzing publicly available datasets of cTth cells or conducting supplementary valida-
tion experiments, such as flow cytometry, to confirm the existence of sex-specific cTth cells at
the protein level may be a way to better understand this observation.

The pronounced donor-related segregation observed within the scRNA-seq dataset
had noteworthy implications for our analysis. This donor effect introduced a confounding fac-
tor that may overshadow biologically relevant differences. Therefore, it became crucial to dis-
entangle this donor-related variability from any genuine biological variations that could exist
among cTth cells. By using the ScaleData function, this factor was removed from the possible
segregation drivers in the dataset.

After comprehensively analyzing the single-cell RNA-seq datasets derived from cTfh
cells, we were able to determine the distinctive states adopted by these cells isolated from
healthy donors and COVID-19 patients. In the context of cTth cells from healthy donors, a
simple clustering strategy unveiled that the driving variance lay in the degree of GZMK ex-
pression. Specifically, Cluster 0, characterized by the absence of this granzyme subtype, exhib-
ited robust CCR6 expression. Notably, within Cluster 0, the algorithm failed to effectively seg-
regate cells expressing CCR6, even at higher resolutions (Figure 2 and S1). Conversely, the
analysis of cTth cells from severe COVID-19 patients revealed a dominant partition based on
two key factors: activation status and cTfh subtypes (Figure 3.1 C and D). In the context of this
dataset, we can readily delineate distinct clusters based on the nomenclature established in the
comprehensive review by Schmitt et al. [15]. Specifically, Cluster 0 aligns with CCR6" cells,
characterizing them as cTfh17 cells; Clusters 1, 3, and 4 are CXCR3" cells, representing cTfh1
cells; and, lastly, Cluster 2 corresponds to cTfh2 cells, distinguished by the absence of both
CCR6 and CXCR3 expression. A pivotal study led by Kiner and his team [47], employing
scRNA-seq, hypothesized that the phenotypes of Teff cells are primarily distinguished by the
infecting agents rather than conventional Th cell types. Furthermore, their findings suggested
that the transcriptional signatures of CD4" T cells resist clear categorization into discrete Th
cell subtypes, even in scenarios where focused differentiation might be expected. However,
within the scope of our research, which centers on the analysis of cTfh cells in the context of a
specific viral infection, we observed a notable divergence from this paradigm. Here, we found
that the clustering of cTth cells indeed aligns with Th subtypes. It is essential to clarify that
this interpretation of cell heterogeneity via clustering does not negate the presence of plasticity
between these states, particularly given that these cells coexist within a continuum in our da-
taset, signifying substantial transcriptional homogeneity [48], [49]. So, it suggests that, under
the influence of an acute viral infection, the infection triggers the emergence of a polarized
continuum, which can be effectively separated using clustering algorithms.

We also found that the COVID-19 cTth cells in the active state (ICOS* and PD1*) are
predominantly c¢Tthl (CXCR3* cells), cells reported to be associated with immune responses
against intracellular pathogens, such as viral infections (Figure 3.1C). This finding aligns with
previous observations regarding the behavior of cTfh cell populations following viral infec-
tions, underscoring the pivotal role of CXCR3" cells in enhancing the immune response against
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viruses, particularly in stimulating antibody production [50]. On the other hand, in the context
of healthy individuals, our results revealed a noteworthy contrast: there is a scarcity of active
cTth cells (22 cells) (Figure 2). This observation underlines the substantial disparities in the
cTth cell landscape between healthy individuals (with most cells in a quiescent state) and in-
dividuals affected by COVID-19 (with a large proportion of activated cTfh cells), emphasizing
the substantial changes in cTfh cell dynamics caused by viral infection.

In both our study groups, consisting of healthy donors and COVID-19 patients, an in-
triguing observation emerged regarding the presence of GZMK? cells, which clearly exhibited
a type-1 associated phenotype, as indicated by their co-expression of CXCR3. Remarkably,
when scrutinizing the GZMK" cell population from COVID-19 patients, a thorough examina-
tion of the regulatory network employing the well-established pySCENIC algorithm corrobo-
rated their type-1 identity by unveiling the presence of the master transcriptional factor that
governs the Th1 responses within this cluster. This discovery provided strong evidence of their
distinctive differentiation pathway. Further, this GZMK*CXCR3*CCL5"NKG7*GZMA* cell
population is not exclusive to active immune responses or inflamed conditions. Its presence
in the cTth cell repertoire of healthy donors raises intriguing possibilities. One plausible inter-
pretation is that these cells may originate from past viral encounters, which resulted in the
induction of a type-1 response. This finding can underscore the potential persistence and im-
print of prior immune challenges on the cTfh cell landscape, already described in other viral
infections [51].

The study conducted by Meckiff et al. [19], provided the first characterization of cyto-
toxic cTth cells in humans. However, their findings primarily revealed the expression of
granzyme B, a well-studied granzyme. In contrast, GZMK, found in our study, is not associ-
ated with cytotoxic responses, and thought to be considered as a different population. The
function of GZMK, produced by different cell types associated with type-1 responses remains
relatively obscure [52]. Further, GZMK* CD4* and CD8" T cells have been observed in various
inflammatory diseases, consistently associated with the absence of GZMB expression, but their
function has not been explored [53]. For all these reasons, investigating the functions and sig-
nificance of GZMK-expressing cells, and cTth cells, within inflammatory contexts holds con-
siderable relevance.

Our subsequent objective was to pinpoint the specific transcription factors responsible
for governing the expression of these distinctive genes across various cell subsets within c¢Tfh
subsets from COVID-19 patients (Figure 3.2). The clusters in a resting state (cTfh17 and cTfh2
clusters) showed a common regulatory profile sharing 10 of the top 15 highest scored regulon.
Consistently on the top of both clusters are FOXP1 and ETS1, transcription factors reported to
be preferentially regulating T cells in the quiescent state [54], [55]. In the context of cTfh1 cells
from COVID-19 patients, the prominent transcription factors orchestrating gene regulation
were consistently identified as ZNF580 and CEBPB. ZNF580 plays a critical role in augmenting
the release of the pro-inflammatory cytokine IL-8. Elevated IL-8 levels are often associated
with an enhanced inflammatory response [56]. This finding may suggest that cTfh1 cells with
increased ZINF580 expression are contributing to a more robust inflammatory environment,
which can be beneficial in responding to infections. Notably, the action of CEBPB plays a cru-
cial role in modulating positively the expression of numerous genes associated with
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inflammatory processes, including the proinflammatory cytokine IL-12 [57]. IL-12 is known to
be a key mediator in promoting robust immune responses, particularly in the induction of
IFNG gene production and the facilitation of the Th1 cell differentiation [58]. This observation
underscores the pivotal position of the CEBPB transcription factor within these specific cTfh1l
cell populations, as it actively influences the immune response by driving the expression of
IL-12. Finally, we found that the activated cTfh1 cells are significantly regulated by the tran-
scription factor STAT1. This finding suggests a regulatory mechanism similar to that previ-
ously described in CD8* T cells, where STAT1 plays a pivotal role. In CD8" T cells, STAT1 is
recognized for its involvement in direct type I interferon (IFN) signaling, a process essential
for the efficient expansion of CD8* T cells in response to viral infections in vivo. Moreover, the
function of STAT1 extends to enhancing the survival of activated CD8* T cells, as evidenced
by its role in promoting the persistence of these cells upon viral infection in vivo [59]. The
parallels between the regulatory roles of STAT1 in cTth1 cells and CD8" T cells underscore the
potential significance of STAT1 in orchestrating antiviral responses.

We also profiled with single-cell resolution the Treg cell heterogeneity in the context
of a COVID-19 infection. For that, our work elucidated the phenotype of Treg cells in healthy
donors and in viral infection (Figures 4 and 5). We resolved Treg cells from healthy donors
and COVID-19 patients into four and six subsets, respectively, continuously encompassing the
resting and activated stages, as well as lineage-committed subsets of Treg cells. Among them,
activated Tregs, characterized by high expression of HLA-DR genes in both datasets [60], are
the ones assigned with the highest suppressive capacity.

As CD4" T cells undergo functional specialization into distinct subsets, they acquire
specific effector functions that orchestrate diverse immune responses. Similarly, various Treg
cell subtypes can utilize specialized migratory, functional, and homeostatic strategies to mod-
ulate diverse inflammatory reactions, including Th1, Th17, Th1/17, Th2, and Tfh subpopula-
tions [61]-[63]. In addition to their ability to adjust to distinct inflammatory contexts, a prior
investigation also indicated that Treg cells may exhibit genetic signatures tailored to specific
tissues [23]. Our results revealed the existence of a population of Tregl7 cells in both condi-
tions. Nevertheless, despite the typical association of Tregl7 cells with the suppression of im-
mune responses driven by Th17 cells (primarily involved in controlling infections by extracel-
lular bacteria in mucosal tissues, such as the gut), a prior study suggested the presence of
Tregl17 cells in the peripheral blood of healthy individuals. The role of Treg17 cells beyond the
gut and their involvement in regulating immune responses orchestrated by peripheral T
helper cells remains unclear [64].

In COVID-19 patients, our analysis also identified a cluster of CXCR3* Treg cells. This
cluster represents a distinct population of cells with specialized immunoregulatory mecha-
nisms to restrain Th1 cell-mediated inflammation, as described in previous studies [65]. In the
context of a COVID-19 infection, where an exaggerated and imbalanced immune response can
result in severe complications, these CXCR3* Treg cells can have a role in maintaining the im-
mune homeostatic state and fine-tuning the immune reaction. Their presence suggests a mech-
anism to prevent an overactive Th1 response, which can contribute to cytokine storm and tis-
sue damage [66].
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Collectively, using a single-cell transcriptomics approach, our data elucidate the spe-
cific cellular states that cTfh and Treg populations adopt in response to an acute viral infection.
Our data showed that upon encountering a stimulus, such as a viral infection, cTth cells un-
dergo polarization, acquiring distinct effector CD4 T cell signatures. We observed the emer-
gence in both conditions of cTth1 cells, with the acquisition by some of those cells of GZMK
expression. The significance of a GZMK" cell population of cTfh1 cells requires further dissec-
tion. We were also able to identify cell subsets in the human Treg compartment, on healthy
donors and COVID-19 patients. Our results revealed an unexpected presence of Tregl7 cells
in both conditions that, in the future, should be further investigated. Thus, by unraveling the
heterogeneity of cTfh and Treg populations in response to viral infections and delineating their
predicted function at the single-cell level, we believe that this work contributes significantly
to enhancing our comprehension of human Tfh and Treg subsets, but also holds great potential
for advancing the development of more efficacious vaccines and therapeutic interventions
against viral diseases.
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6. SUPPLEMENTARY FIGURES
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Figure S1— Clustering resolutions of healthy cTfh cells. Panel of UMAP for the different resolutions doesn’t
show clustering based on CCR6 expression.
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