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Transcriptomic Dissection of Non-Coding RNA Circuits in Cytotoxic T

Cells and Th2 Responses in Human Allergic Asthma

Benjamin Wheeler
Abstract
T cells constitute an essential component of the adaptive immune response to
immunogenic antigens both endogenous and exogenous such as those from allergens or viral
infections. We present here two studies of T cells, one in which we investigate a non-coding
RNA circuit in the control of cytotoxic T cells and one in which we characterize allergen reactive
T helper cells in human allergic asthmatic subjects. Proper activation of cytotoxic T cells via the
T cell receptor and the costimulatory receptor CD28 is essential for adaptive immunity against
viruses and intracellular bacteria. Through biochemical analysis of RNA:protein interactions, we
uncovered a novel non-coding RNA circuit regulating cytotoxic T cells composed of the long
non-coding RNA (IncRNA) Malat1 (Metastasis Associated Lung Adenocarcinoma Transcript 1)
and the microRNA family miR-15/16. miR-15/16 is a widely and highly expressed miRNA family
important for cell proliferation and survival. miR-15/16 also play important roles in T cell
responses to viral infection, including the regulation of antigen-specific T cell expansion and T
cell memory. Comparative Argonaute-2 high throughput sequencing of crosslinking
immunoprecipitation (AHC) combined with gene expression profiling in normal and miR-15/16-
deficient T cells revealed a network of several hundred direct miR-15/16 targets, many with
functional relevance for T cell activation, survival and memory formation. Among these targets,
the long non-coding RNA Malat1 contained the largest absolute magnitude miR-15/16-
dependent AHC peak in T cells. This binding site was also among the strongest IncRNA:miRNA
interactions detected in the T cell transcriptome. We used CRISPR targeting with homology
directed repair to generate mice with a 5-nucleotide mutation in the miR-15/16 binding site in

Malat1. This mutation interrupted Malat1:miR-15/16 interaction, and enhanced the repression of
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other miR-15/16 target genes, including CD28. Interrupting Malat1 interaction with miR-15/16
decreased cytotoxic T cell activation, including the expression of IL-2 and a broader CD28-
responsive gene program. Accordingly, Malat1 mutation diminished memory cell persistence
following LCMV Armstrong and Listeria monocytogenes infection. This study marks a significant
advance in the study of IncRNAs in the immune system by ascribing cell-intrinsic, sequence-
specific in vivo function to Malat1. These findings have implications for T cell-mediated
immunity, as well as lung adenocarcinoma and other malignancies where Malat1 is
overexpressed. Beyond cytotoxic T cells, T helper cells can differentiate into distinct states
marked by stereotypical cytokine expression. In the context of allergic diseases type 2 helper T
cells which produce the type 2 cytokines, IL-5, IL-4, and IL-13 can become pathogenic and
contribute to a consistently elevated level of type 2 inflammation. In asthma, the lung is the
primary site of aberrant inflammation and understanding how this tissue responds to allergens is
key. In this study, human subjects were locally exposed to allergen via bronchoscopy. We then
assayed the immunological and cellular state of these bronchoscopy samples by multiple high
dimensional ‘omic’ technologies: RNAseq, Cytof, and scRNAseq. We then define heterogeneity
across these allergic subjects corresponding to type 2 high and type 2 low individuals. In the
type 2 high individuals we find that inflammatory monocyte derived populations enter the lung
and induce the expression of inflammatory chemokines CCL3, CCL17, and CCL22 likely
contributing to increased inflammation in the lung. Further, through scRNAseq we are able to
identify Th2 cells recruited specifically by the allergen challenge. In a subset of individuals we
could identify TCR clones which were allergen reactive and expanded in the blood post allergen
challenge. Indicating that, while these cells are rare in the lung, dampening their function
systemically may lead to decreased local inflammation in the lung as well. Understanding all
these facets of allergic inflammation in this detailed way is essential for proper clinical

understanding of asthma as well as the potential development of novel therapeutic strategies.
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Chapter 1 — RNA Circuits in T Cells

Abstract

RNA is integral to the regulatory circuits that control cell identity and behavior. Cis-
regulatory elements in mRNAs interact with RNA binding proteins (RBPs) and microRNAs
(miRNAs) that can alter RNA sequence, stability and translation into protein. Similarly, long
noncoding RNAs (IncRNAs) scaffold ribonucleoprotein complexes that mediate transcriptional
and post-transcriptional regulation of gene expression. Cell programming is fundamental to
multicellular life, and in this era of cell therapies, it is of particular interest in T cells. Here, we
review key concepts and recent advances in our understanding of the RNA circuits that govern

T cell differentiation and immune function.

Introduction

Gene expression programs define cell identity and govern cell behavior. Layered regulatory
circuits sculpt spatiotemporal patterns of gene activity to create impressive complexity and
environmental responsiveness from a single genomic blueprint. RNA molecules are integral to
almost all of these regulatory circuits. RNA is of course the synthetic product of transcription and
the template for protein translation, but RNAs also act as substrates for post-transcriptional
regulation and as active mediators of regulatory processes. In this review, we discuss RNA
circuits that operate in T cells to regulate their development, differentiation, and function in
immunity. We discuss messenger RNAs (mRNA), long noncoding RNAs (IncRNA), microRNAs
(miRNAs), and others in the context of mechanisms of RNA regulation. We aim to illuminate
RNA circuits through the lens of cis-regulatory logic, focusing on the RNA sequence and

structural elements that function through interaction with RNA binding proteins (RBPs) and/or



other RNA molecules. Our increasing understanding of RNA circuits sharpens our view of cell

programming and may enable their use in genomic and cell therapies.

RNA Binding Proteins

RNA binding proteins (RBPs) bind to linear and structural motifs in the coding region, introns
and untranslated regions (UTR) of transcripts to mediate alternative splicing, alternative
polyadenylation usage (APA), RNA maodifications, localization, stability and translation. Upon
exposure to environmental stimuli or internal signaling, RBPs can relocalize and shuttle
transcripts to different subcellular compartments to undergo different processes including
degradation and translation to generate an appropriate cellular response (Decker and Parker
2012; W. Ma and Mayr 2018). Regulatory circuits involving RBPs and their target transcript(s)
modulate T cell differentiation and immune functions. Our expanding knowledge of the RBP
repertoire and RNA binding sites in T cells provide an opportunity to deploy RNA-centric

approaches for uncovering regulatory circuits that govern T cell function.

Experimental approaches for mapping RBP-RNA interactions

A variety of forward proteomic methods detect interactions between specific RBPs and their
target transcripts. RNA immunoprecipitation (RNA IP) pairs immunoprecipitation of a specific
RBP with quantitative RT-PCR to identify its associated transcripts (Fig. 1.1A). High throughput
sequencing of crosslinking immunoprecipitation (HITS-CLIP) was developed to map the specific
binding sites of an RBP (Fig 1.1B). This and many refined methods utilizing UV-crosslinking and
RNAse digestion to produce small RNA libraries of bound sequences are widely used to
produce transcriptome-wide RBP binding profiles at or near nucleotide resolution (Ule et al.
2005; Hafner et al. 2010; Konig et al. 2010; Van Nostrand et al. 2016)(Hafner et al. 2021).

Conversely, RNA-centric reverse proteomics can be used to identify the RBP(s) that bind to



known cis-regulatory regions (Fig. 1.1C). For example, RNA aptamers have been instrumental
in identifying RBPs that bind to AU rich elements (AREs) in the 3'UTR of cytokine mRNAs and
for uncovering new circuits regulating T cell responses (Leppek and Stoecklin 2014; Salerno et

al. 2018).

Recently developed methods profile the entire RBP repertoire and global RBP occupancy on
transcripts. Both RNA interactome capture (RNA IC) (Baltz et al. 2012; Castello et al. 2012;
Perez-Perri et al. 2018; Garcia-Moreno et al. 2019; R. Huang et al. 2018; Bao et al. 2018) and
the organic phase separation methods OOPS and XRNAX (Trendel et al. 2019; Queiroz et al.
2019; Urdaneta et al. 2019) systematically capture RBP:RNA complexes for downstream
identification of proteins through mass spectrometry and binding sites through small RNA
sequencing (Fig. 1.1D-E). Performed in Jurkat T cell line and in mouse and human primary T
cells, these methods expanded the known repertoire of proteins that bind to RNA (Perez-Perri et
al. 2018; Hoefig et al. 2021) including non-canonical RBPs such as signal transducer and
activator of transcription 1 (STAT1) and STAT4 (Hoefig et al. 2021). Of the RBPs identified
through RNA IC and OOPS, 439 were uniquely expressed in primary human T cells when
compared to HEK293, U20S and MCF10a cells (Hoefig et al. 2021). These global RBP
interactome data can guide dissection of RBP-mediated post-transcriptional regulatory circuits

modulating T cell function.

RBP-mediated post-transcriptional processes

Signal responsive alternative splicing and polyadenylation

Alternative splicing generates mRNA isoforms that can encode proteins with different
localization, catalytic activity or stability (Blake and Lynch 2021). Splicing factors, including
multifunctional RBPs, regulate splice site usage in a context-specific manner in T cells, forming

signal-responsive RNA circuits that modulate T cell activation and immune function. To take a



classic example, CD45, a transmembrane tyrosine phosphatase encoded by Ptprc, regulates
cell signaling in T cells and other hematopoietic cells. Naive T cells express long isoforms of the
protein (e.g. CD45RA), but alternative splicing produces a shorter form (CD45R0) in activated
and memory T cells through interaction of Heterogeneous Nuclear Ribonucleoprotein L
(HNRNPL) (Rothrock, House, and Lynch 2005; Shankarling et al. 2014) HNRNPL-like
(HNRNPLL) (Oberdoerffer et al. 2008) and PTB-associated Splicing Factor (PSF) (Heyd and

Lynch 2010) and activation responsive sequences in the Ptprc mRNA.

Antigen and costimulatory receptor signaling induce alternative splicing of many transcripts
during T cell activation. Activated primary CD4 T cells generate alternatively spliced transcripts
involved in apoptosis including CASPASE9 (CAS9), BIM and BAX (Blake et al. 2022). The
short, inactive forms of CAS9, BIM and BAX inhibit apoptosis and instead promote cellular
proliferation upon activation (Blake et al. 2022). Binding motifs for CUGBP Elav-Like Family
Member 2 (CELF2), Serine and Arginine Rich Splicing Factor 5 (SRSF5) and Polyprimidine
Tract Binding Protein 1 (PTBP1) near the splice site in CAS9 suggest a role for these RBPs
(Blake et al. 2022). In murine CD8" OT-I cells, activation with antigen and costimulation via
CD134 (OX40) and CD137 (41BB) induced TAR DNA Binding Protein (Tardbp)-mediated
alternative splicing (T. A. Karginov, Ménoret, and Vella 2022). Tardbp-deficient OT-I cells
generated a smaller pool of antigen-specific cells with less cytokine expression (T. A. Karginov,
Ménoret, and Vella 2022). Another splicing protein, SRSF1, is necessary for thymocyte
development (Qi et al. 2021) and regulates T cell cytokine expression (Katsuyama and Moulton
2021; Katsuyama et al. 2019) in mouse models, but whether it regulates these functions through
splicing mechanisms remains to be confirmed. RBPs can also regulate their own expression
and function through splicing in response to external stimuli. Downstream of TCR engagement,
c-Jun N-terminal kinase (JNK) pathway regulates CELF2, altering splicing of Map Kinase

Kinase 7 (MKK-7) (Mallory et al. 2015; Martinez et al. 2015). The shorter isoform of MKK-7



phosphorylates JNK, which reinforces CELF2 activity (Martinez et al. 2015), generating a

positive feedforward loop

In addition to alternative splicing to include or exclude certain exons, transcripts can undergo
alternative polyadenylation (APA). In most mRNA and many noncoding RNAs, the newly
transcribed transcript is cleaved at the 3’ end by a multi-protein complex that recognizes the
polyadenylation signal (PAS) composed of an AAUAAA motif and flanking U/G rich sequences
(Blake and Lynch 2021). Cleavage is followed by nontemplated addition of adenosines. APA is
regulated by RBPs that bind to regions in the 3’'UTR to regulate PAS site usage. Activated T
cells engage APA to undergo global 3’'UTR shortening, eliminating binding sites for trans factors
including miRNAs and RBPs (Sandberg et al. 2008; Gruber et al. 2014). The consequences of
APA on gene expression and protein expression require further study, as differing conclusions
have been drawn. Information on the regulatory circuits modulating APA in cell-type or context
specific manner remains limited. CELF2 was shown to regulate APA of certain transcripts upon
T cell activation and induce preferential usage of certain PAS sites in Jurkat T cells (Chatrikhi et
al. 2019). Within its own 3'UTR, CELF2 induced APA by competing with proteins in the
polyadenylation complex at PAS sites (Chatrikhi et al. 2019). Further study is needed to

elucidate APA regulatory circuits in T cells.

RNA editing in T cells

Methylation of adenosine at the nitrogen-6 position (m6A) is one of the most abundant
RNA modifications, occurring preferentially near the stop codon and in 3’'UTRs (Shulman and
Stern-Ginossar 2020). The reversible methylation process is mediated by “writer” complexes
methyltransferase 3 (METTL3) and METTL14 along with adaptor proteins, “reader” proteins

YTH N6-Methyladenosine RNA Binding Proteins (YTHDF1-3) and YTH Domain Containing



proteins (YTHDC1-2) and “erasers” such as AlkB Homolog 5 (ALKBH5) that remove the methyl

group (Shulman and Stern-Ginossar 2020).

Studies that modulate m6A expression through removal of the writer or eraser RBPs
demonstrate how regulating this modification is crucial for regulating T cell function in different
cellular and environmental contexts. Mouse T cells deficient for METTL3 or METTL14,
expressed lower levels of mBA, proliferated slower and remained in a naive state in an adoptive
transfer colitis model (H.-B. Li et al. 2017). In this context, m6A expression in naive T cells was
necessary to induce transcript decay of negative repressors of IL-7 mediated STATS5 signaling
in CD4" T cells (H.-B. Li et al. 2017) and IL-2 mediated STATS5 signaling in Tregs (Tong et al.
2018). In contrast, CD4 T cells and Tregs deficient in the adaptor protein WT-1 associated
protein (Wtap), developed spontaneous gut inflammation and proinflammatory cells in the tissue
despite low or no expression of m6A (Ito-Kureha et al. 2022) . While both genetic models
revealed impaired proliferation, the studies differed in the effects on T cell receptor signaling.
While studies on METTL3 deficiency narrowed the effect to IL-7 signaling, the use of Wtap-
deficient mouse T cells demonstrates how m6A expression controls stability of transcripts
downstream of TCR signaling to inhibit TCR-induced cell death (lto-Kureha et al. 2022) upon
activation. The discrepancy between the two models, both of which lower m6A deposition, may
be due to differences m6A deletion efficiency (lto-Kureha et al. 2022). A comparison of the
residual m6A expression levels and the transcripts that remain methylated could provide insight
to this difference. Removing the eraser ALKBHS also alters T cell function. In mouse T cells,
ALKBHS was necessary for removal of m6A on interferon gamma (IFNy) for transcript stability

and generation of an inflammatory response (Zhou et al. 2021).

Other than T cell signaling pathways, m6A expression can also regulate CD4 T cell
differentiation through stabilization of transcription factor transcripts. In a Lymphocytic

Choriomeningitis Viral (LCMV) infection model, METTL3 and m6A expression was necessary



for stabilization of Tcf and other transcripts involved in Tfh differentiation (Yao et al. 2021). In
culture, METTL3-deficient naive CD4 T cells skew towards Th2 over Th1 and Th17 (H.-B. Li et
al. 2017). Impaired thymocyte development was also observed in m6A low and Wtap-deficient
thymocytes (Ito-Kureha et al. 2022). m6A and the RBP machinery compose an important circuit
for regulating transcript stability and various T cell functions. The balance between stabilizing
and destabilizing certain transcripts in different cellular contexts in T cells is unknown although
studies in human cell lines suggest that YTHDF2 destabilizes (X. Wang et al. 2014) and Insulin-
like Growth Factor 2 Binding Protein (IGF2BP) family (H. Huang et al. 2018) stabilizes transcript

through m6A binding.

Recent work showed that deposition of RNA 5-methylcytosine by methyltransferase
Nsun2 stabilizes //77a in mouse Th17 cells (Yang et al. 2023), demonstrating that at least on

additional RNA modification regulates T cell function.

mRNA Stability and Translation

In the cytoplasm, RBPs bind cis-regulatory elements with specific RNA sequence and/or
structural motifs to regulate transcript degradation by multiple mechanisms including
endonuclease cleavage (Mino et al. 2015, 2019), decapping of the 5’ end (Tavernier et al. 2019)
and deadenylation of the 3’ end (Leppek et al. 2013; Fabian et al. 2013) followed by
exonuclease digestion. RBPs can also engage or inhibit translation to further fine-tune protein
expression (Salerno et al. 2018; Mino et al. 2015; Essig et al. 2018). The following sections
highlight these properties through discussion of 3 RBP families with prominent functions in T cell

biology.



AU Rich Elements (ARE) and ARE-BPs

AU rich elements (ARE) and ARE binding proteins (ARE-BP) form complex circuits that
modulate the duration and intensity of immune responses. ARE are typically characterized by
the canonical pentamer AUUUA, though functional noncanonical sequence motifs also exist.
AREs are common in 3'UTRs of cytokines, early activation genes and signal transduction genes
(Winzen et al. 2007; C. Y. Chen and Shyu 1994; H. H. Lee et al. 2012; Nicolet et al. 2021), and
loss of an individual ARE can lead to hyperinflammation and autoimmunity in mouse models
(Kontoyiannis et al. 1999). ARE-BP exert different regulatory mechanisms to modulate T cell
effector function in a temporal and cell-type specific manner. Zinc finger protein 36 (ZFP36; also
know as tristetraprolin, or TTP) is rapidly upregulated in activated CD4 and CD8 T cells and
maintained for several days (Moore et al. 2018). During this time, ZFP36 and its family member
ZFP36 like 1 (ZFP36L1) bind to AREs to regulate the stability and translation of mMRNAs
involved in T cell activation (Moore et al. 2018), and functionally limit proliferation, effector cell
function and inflammatory cytokine production (Moore et al. 2018; Petkau et al. 2022). In resting
mouse CD8 memory cells, ZFP36 like 2 (ZFP36L2) regulates cytokine production by repressing
the translation of ARE containing mRNAs (Salerno et al. 2018). In contrast to the ZFP36 family,
HuR (ELAVL1) binding of ARE in certain 3'UTRs can stabilize transcripts. In cultured mouse
and human CD4 T cells, HuR extends the half-life of mMRNAs encoding GATA-3, IL-4 and IL-13
(Stellato et al. 2011; Casolaro et al. 2008) as well as IL-17 (J. Chen et al. 2013). The
mechanisms that determine ARE-BP specificity requires further investigation. In
T cell lines, ZFP36 and HuR displayed overlapping but distinct target specificities (Raghavan et
al. 2001). Additional ARE-BPs may also contribute to the regulation of ARE-containing mRNAs
in T cells. Together, these studies demonstrate the complexity of ARE-directed RNA circuits that

regulate T cell responses.



Secondary Structures and RBPs

Other than linear sequences, RBPs can interact with structural motifs in the 3’'UTR.
Roquin family members (Roquin 1 and Roquin 2) as well as Regnase-1 recognize constitutive
decay elements (CDE), alternative decay elements (ADE) and other variations of a stem loop in
the 3’'UTR of transcripts (Leppek et al. 2013; Janowski et al. 2016) to exert regulatory function.
In steady state conditions, Roquin and Regnase bind to motifs in the 3’'UTR to initiate transcript
decay(Uehata et al. 2013; Mino et al. 2015; Jeltsch et al. 2014) or translational silencing(Mino et
al. 2015; Essig et al. 2018). Upon TCR activation, Roquin and Regnase are cleaved by para-
caspase MALT1 releasing the regulatory circuits restraining the cells and promoting
proinflammatory phenotype (Uehata et al. 2013; Jeltsch et al. 2014). Interestingly, as was
demonstrated with mouse NFkB delta inhibitor (Nfkbid) 3'UTR, the number of stem loops and
interactions with Roquin in the 3’'UTR can result in transcript decay or translation inhibition

(Essig et al. 2018).

Roquin 1 and 2 have been shown to bind and repress expression of /cos, Ox40 and
transcripts in the NF-kB signaling pathway to maintain T cell quiescence (Jeltsch et al. 2014;
Vogel et al. 2013; Essig et al. 2017). In mouse CD4" T cells, this regulatory circuit restrains
differentiation towards T helper 17 cells (Th17), follicular helper T cells (Tfh) or follicular
regulatory T cells (Tfr) through multiple mechanisms including targeting /cos itself as well as
well as its receptor signaling pathway (Jeltsch et al. 2014; Essig et al. 2017). For CD8" T cells,
Roquin restrains proinflammatory and cytotoxic function (Behrens et al. 2021). Regnase1 binds
to similar target transcripts as Roquin and restrains hyperinflammatory and autoimmune state
(Uehata et al. 2013; Behrens et al. 2021). While Roquin and Regnase can regulate
independently, they may also interact and cooperatively regulate T cell function (Behrens et al.

2021), adding a new layer of regulation beyond cis-element and trans-factor interaction.



AT rich interaction domain 5a (Arid5a) similarly binds stem loops in the 3'UTR(Masuda
et al. 2016; Hanieh et al. 2018; Zaman et al. 2016) (Masuda et al., 2016; Hanieh et al., 2017;
Zaman et al., 2016). In primary mouse T cells, Arid5a stabilizes Stat3 to direct CD4 naive T cell
differentiation towards Th17 (Zaman et al. 2016) Masuda et al., 2016) along with other targets to
control T cell function (Hanieh et al. 2018; Zaman et al. 2016). Arid5a can work antagonistically
with Regnase by competing for the same stem loops in transcripts to either stabilize (Arid5a) or

destabilize (Regnase-1) the target transcript (Masuda et al. 2013, 2016; Hanieh et al. 2018).

Recent studies have leveraged RBPs, specifically Roquin and Regnase function, to
generate new T cell therapies to treat cancer. Deletion of these proteins in human chimeric
antigen receptor (CAR) T cells or mouse antigen-specific CD8 T cells increased cytokine and
cytotoxic expression in the cells as well as their expansion and persistence in the tumor (Wei et
al. 2019; H. Zhao et al. 2021; Mai et al. 2023). Most importantly, transfer of Regnase-1 or
Roquin (or double) deficient cells slowed tumor growth. Point mutations in Roquin-1 that
disrupted its function showed similar phenotypes in mouse tumor model (Behrens et al. 2021).
Together, these studies demonstrate a potential avenue for targeting RBPs and their transcript

targets for therapeutic interventions.

MicroRNAs and Argonaute proteins

miRNAs are short noncoding RNA loaded into RBPs of the Argonuate (Ago) family to form
the miRNA induced silencing complex (miRISC), which mediates translational repression and
transcript instability of target mMRNAs. miRNA also interact with other noncoding RNA, RBPs and
other proteins in complex RNA circuitry to regulate T cell function. For example, in
proinflammatory Granulocyte-macrophage colony-stimulating factor (GM-CSF)+ primary human
CD4 T cells, transcriptional repressor Basic Helix-Loop-Helix Family Member E40 (BHLHE40)

which inhibits Regnase-4 directly and miR-146 indirectly, releasing the brake on NF-kB
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signaling and cytokine expression (Emming et al. 2020). Individual miRNAs can have multiple
target transcripts in the T cell transcriptome as well as multiple binding sites in the same 3'UTR,
involved in networks regulating cell function including proliferation and differentiation. Precise
targeting of miR-155 binding sites in B cells demonstrate functional impacts of individual miRNA
and cis-regulatory region on cell function (Dorsett et al. 2008; Lu et al. 2014). Future studies can

dissect individual miRNA binding sites in T cells.

Long noncoding RNAs (IncRNAs)

IncRNAs as a class do not have a specific defined function but can contribute to a
variety of regulatory circuits through their interaction with RBPs, other RNAs, and DNA (Wilusz,
Sunwoo, and Spector 2009). Here, we will focus on IncRNA-mediated regulatory mechanisms
that have been described in T cells: Regulation of transcription, post-translational modification,
and miRNA inhibition by acting as competing endogenous RNA (ceRNA) (schematized in Figure

1.2).

IncRNA Annotations and Technological Advances

Long non-coding RNA (IncRNA) are genomically encoded RNAs that do not contain an
open reading frame and are not translated into proteins. INcRNAs constitute a large portion of
the human transcriptome with 96411 IncRNA genes annotated compared to 19890 coding
genes (Nurk et al. 2022; L. Zhao et al. 2021). Mouse annotations are similar with 87890 IncRNA
genes annotated compared to 22186 coding genes (“Mus Musculus Annotation Report” n.d.; L.
Zhao et al. 2021). IncRNAs have drawn significant research interest due to a high degree of cell
type and tissue specificity in their expression (Gibb et al. 2011). Together, these observations
suggest that IncRNAs perform important regulatory functions in a variety of cellular contexts.

These insights are direct results of advances in long and short read sequencing

technologies (Carpenter 2022). The ability of short read sequencing to deeply and broadly
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assay the RNA landscape in many cell and tissue types has led to further interest in IncRNAs
(Bu et al. 2015). Long read sequencing has improved annotation of INnRNAs due to its ability to
capture whole or nearly whole transcripts (Carbonell Sala et al. 2021). This is important for
circular RNAs (circRNA), which are often the result of splicing events where the ends of the
removed intron are ligated to create a circular topology (Ashwal-Fluss et al. 2014). Long read
sequencing greatly increases the likelihood that the ligated junction will be completely read
through and specifically attributed to the circRNA rather than the un-spliced mRNA transcript
(Ashwal-Fluss et al. 2014). There are other examples of post-transcriptional processing of
IncRNAs, such as the MALAT1-associated small cytoplasmic RNA (mascRNA), which is
liberated from the parental MALAT1 transcript by RNase P cleavage (Wilusz, Freier, and
Spector 2008). Attention to these details is important when annotating and detecting IncRNAs,

especially for assays that rely on aligning short reads.

Transcriptional Regulatory Mechanisms

IncRNA regulation of transcription can act in cis (i.e. on local genes) or trans (i.e. on
genes from any genomic location). Mechanisms acting in cis refer to the regulation of genes
within the same locus and has been well studied in B cell class switch recombination (Zheng et
al. 2015). Malat1, a polyfunctional INcRNA, participates in both cis and trans mechanisms. A
knockout mouse showed that loss of Malat1 increased the expression of nearby genes in cis;
however, the exact mechanism by which this occurs has not been described (Bin Zhang;
Gayatri Arun; YuntaonbspS. Mao; Zsolt Lazar; Gene Hung; Gourab Bhattacharjee; Xiaokun
Xiao; CarmennbspJ. Booth; Jie Wu; Chaolin Zhang; DavidnbspL. Spector et al. 2012). While the
cis effect of Malat1 is inhibitory, other IncRNAs are activating in their cis interactions. NALT
(Notch associated INncRNA in T ALL) is located less than 100 bp from NOTCH1 and both are
highly expressed in pediatric T cell acute lymphoblastic leukemia (T ALL) (Y. Wang et al. 2015).

shRNA knockdown of NALT led to reduced NOTCH expression in human T ALL cell lines and
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slower tumor growth when these lines were implanted into nonobese diabetic/severe combined
immunodeficiency (NOD/SCID) mice. A Gal4-AN/BoxB reporter system showed that NALT could
induce the transcription of any proximal gene.

While the cis-regulatory mechanisms of IncRNAs have not been well defined in T cells,
trans-regulatory mechanisms have been worked on in great detail. Typically IncRNAs bind
transcription factors and epigenetic regulators to affect gene expression. In T and NK cell
lymphoma, Malat1 associated with the polycomb repressive complex pathway (Kim et al. 2017).
Pulldowns of Enhancer of zeste homolog 2 (Ezh2) and SUZ12 polycomb repressive complex 2
subunit (Suz12) proteins as well as H3K27me3 marks on histones were enriched with Malat1
transcript in human T cell lymphoma cell lines (Kim et al. 2017). Notably, siRNA knockdown of
Malat1 did not change the expression of these proteins (Kim et al. 2017). Another recent study
confirmed that Malat1 interacts with Ezh2 and H3K27me3 in non-oncogenic CD8+ T cells in
mice to maintain H3K27m3 marks on memory associated genes (Kanbar et al. 2022). In an
adoptive transfer model of the mouse virus lymphocytic choriomeninges virus (LCMV), Malat1-
deficiency in P14 viral specific CD8- T cells resulted in greater proportion and number of
memory cells. (Kanbar et al. 2022). T helper 17 (Th17) differentiation and cytokine production is
regulated by IncRNAs in a similar manner in both mice and humans. In mice, Malat1 is
downregulated upon T cell activation and differentiation into the Th17 lineage (S. Ma et al. 2022;
Masoumi et al. 2019). As in CD8+ T cells, Malat1 binds to Suz12 and enhances H3K27me3
deposition at the //17a-1117f locus resulting in decreased cytokine expression and colonic
inflammation in mice (S. Ma et al. 2022). In contrast, the IncRNA Myocardial Infarction
Associated Transcript (MIAT) enhances Th17 differentiation and cytokine production in primary
human T cells (Khan et al. 2022). MIAT is highly expressed in T cells isolated from the
synovium of rheumatoid arthritis patients and the IL17A locus had decreased accessibility upon
MIAT targeting. The exact mechanism by which MIAT induces this change is unknown (Khan et

al. 2022). Other IncRNAs have been shown to exhibit similar behaviors. For instance, TCLInc1
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can modularly scaffold heterogeneous nuclear ribonucleoprotein D and Y-box binding protein 1
complexes to induce the expression of TGF-B in Jurkat cells, a human lymphoma cell line (P.
Zhao et al. 2021).

IncRNASs can also regulate post-translational modifications on transcription factors.
IncRNA-GM directly targets the phosphorylation of Foxo1 (Yali Chen et al. 2022). In mouse
primary cells INcRNA-GM inhibits the dephosphorylation of Foxo1 by PP2A which increases
IL23R expression(Yali Chen et al. 2022). This results in enhanced Th17 differentiation and
worsening pathology in the mouse model experimental autoimmune encephalomyelitis (EAE)
(Yali Chen et al. 2022). The human orthologue of INcRNA-GM similarly enhanced Th17
signature genes in CD4+ T cells derived from peripheral blood mononuclear cells (PBMCs) (Yali
Chen et al. 2022). IncRNAs can also regulate ubiquitination of proteins. shRNA inhibition of
NEAT1 in primary human PBMCs enhanced ubiquitination of Stat3 (Shui et al. 2019). The
subsequent reduction in Stat3 resulted in poor Th17 differentiation (Shui et al. 2019). NEAT1 is
upregulated in human RA PBMCs and lentiviral delivery of NEAT1 shRNA into the joints of mice
in an arthritis model relieved the degree of Type 2 collagen induction, indicating Neat1 may be

of clinical relevance in human auto-immune diseases (Shui et al. 2019).

IncRNA Post-Transcriptional and Post-Translational Mechanisms

IncRNAs can regulate cellular functions post-transcriptionally by sequestering RBPs and
their regulation of protein-coding mRNAs. For instance, the IncRNA non-coding RNA activated
by DNA damage (NORAD) binds to Pumilio family proteins through multivalent interactions to
induce subcellular compartmentalization via liquid-liquid phase separation (Elguindy and
Mendell 2021).

IncRNAs can also inhibit miRNA binding and function through stoichiometric
sequestration, degradation, or some yet to be defined mechanism. In this scenario, the IncRNA

contains a seed site for a given microRNA and acts as a decoy or sponge to prevent microRNA
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binding and degradation via microRNA-RISC complex of protein coding targets (Xu et al. 2022).
This phenomena has gained much interest outside of T cell biology, but increasingly it is being
demonstrated in T cells as well. In CD8" T cells Malat1 inhibits the miR-15/16 family to enhance
memory cell formation (Gagnon et al. 2019; Wheeler et al. 2023). CRISPR-Cas9 mediated
disruption of the miR-15/16 binding site in Malat1 resulted in decreased expression of miR15/16
targets CD28 and Bcl2 (Wheeler et al. 2023). This resulted in poor activation by CD28 and
reduced IL-2 production by primary mouse T cells (Wheeler et al. 2023). Other IncRNA:miRNA
circuits can regulate apoptosis in T cells. circRNA-1806 sponges miR-126, (L. Zhang et al.
2020) ,which targets adrenomedullin which induces the phosphorylation of c-Jun and JNK to
regulate cell cycle progression (Ouafik, Berenguer-Daize, and Berthois 2009). Targeting
circRNA-1806 with siRNA in mice reduced the clearance of the fungus cryptococcus
neoformans and decreased mouse survival following infection with the fungus (L. Zhang et al.
2020). IncRNA Lnc-AIFM2-1 sponges miR-330-3p to promote hepatitis B virus immune escape
(C. Xie et al. 2023). The key target of miR-330-3p identified in this instance was CD244, which
exhibited reduced expression in the human Jurkat cell line targeted with anti-Lnc-AIFM2-1
siRNA (C. Xie et al. 2023). CD244 expression was associated with increased T cell apoptosis
and miR-330-3p mimics were associated with poor HBV control in in vitro co-cultures (C. Xie et
al. 2023).

CD4+ T cell differentiation into the Th17 lineage is regulated by the IncRNA:miRNA
circuit composed of Lnc-ITSN1-2 and miR-125a (Nie and Zhao 2020). IL-23R is a key target of
miR-125a and over expression of Lnc_ITSN1-2 increased IL-17 and RORC mRNA expression
in in vitro differentiated CD4+ T cells derived from both healthy human subjects as well as
patients with Crohn's disease or ulcerative colitis (Nie and Zhao 2020). These studies show
how a IncRNA:miRNA circuit controls T cell activation, apoptosis, and differentiation. Other work
has identified roles for circ-LAMP1 and miR-615-5p (Deng et al. 2019) and circRNA_0000094

and miR_223-3p (Hou et al. 2021) in T cell malignancies.
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IncRNAs can also regulate T cell functions via the post-translational regulation of key
proteins including phosphorylation of Foxo1 and ubiquitination of Stat3 discussed above (Yali
Chen et al. 2022; Shui et al. 2019). Another notable example of IncRNA mediated regulation of
protein abundance is the regulation of the vesicular trafficking system by the IncRNA Snhg1 (Y.
Zhang et al. 2021). Snhg1 interacts with Vps13D and enhances its function in shuttling CD127
to the surface of the cell. shRNA inhibition of either Snhg1 or Vps13D resulted in lower CD127
protein level as well as reduced memory cell numbers in vivo following LCMV infection in mice
(Y. Zhang et al. 2021).

Mechanisms of IncRNA:miRNA Sponges

How exactly IncRNA:miRNA interactions lead to the inhibition and/or the degradation of
the microRNA in particular remain generally uncharacterized. A notable study involving the
IncRNA cyrano demonstrated that extensive 5’ and 3’ base pairing of cyrano and miR-7 led to
the degradation of miR-7 with evidence of tailing (removal of bases from the 3’ end of the
microRNA) (Kleaveland et al. 2018). Subsequent mechanistic studies have elaborated that
extensive 3’ binding in addition to 5’ seed binding between a microRNA and its targets can lead
to target mediated microRNA degradation (TDMD) of Ago2 and the microRNA in a Zswim8
dependent and tailing independent manner (Jaeil Han et al. 2020; Shi et al. 2020). However,
many of the INcRNA sponge studies in T cells to date have not indicated extensive 3’ binding
between the indicated IncRNA and microRNA family (Hou et al. 2021; C. Xie et al. 2023; Deng
et al. 2019). How these interactions decrease microRNA abundance is a key open question in
the field. Further, some ceRNA IncRNAs do not require the degradation of their target miRNA,
so the degree to which stoichiometry alone along with subcellular localization contribute to the

ceRNA effect should be resolved in greater detail (Wheeler et al. 2023).
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Experimental Approaches to Studying IncRNA Function

The tool kit to study IncRNA function is expanding. Previous genetic approaches have
relied on the excision of large portions of the genetic locus of a given IncRNA (Bin Zhang et al.
2012) or the insertion of an early poly-A signal (Nakagawa et al. 2012). These interventions can
cause significant disruption to the locus and regulatory regions such as enhancers for nearby or
distant genes thus confounding any phenotypes observed. To address this problem many
studies have focused solely on the transcript instead and employed RNAI to post-
transcriptionally degrade a given INcCRNA (Kanbar et al. 2022; C. Xie et al. 2023; L. Zhang et al.
2020; Shui et al. 2019). While this avoids confounding genetic effects, it is limiting in the settings
in which IncRNAs can be studied, particularly for T cells. For this reason, mice models where
TCR transgenics are available have seen the best application of this technology where virally
delivered shRNAs can be stably expressed in transduced cells (Kanbar et al. 2022). Limitations
of RNAI include incomplete knockdown of the transcript that may make observation of subtle
phenotypes difficult and the inability to identify specific functional sequences within the IncRNA.

Partial fragments of a IncRNA can be transcribed to probe sequence specific binding
through methods like RNA-IP (P. Zhao et al. 2021). However, this strategy requires
investigators to make a priori assumptions or have specific observations about the fragments.
The advent of a multitude of CRISPR based technologies will allow a much more directed
approach, described below. With these technologies, specific sequences and/or binding site
dependent functions can be targeted (Wheeler et al. 2023). This type of approach is amenable
to more model systems and functional dissections of IncRNA mediated regulatory circuits will

provide molecular mechanisms in greater detail.
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Genomic and Transcriptomic Editing Approaches for Dissection of IncRNA and

RBP Function

The non-viral targeting of human T cells with CRISPR/Cas systems has opened the door
to efficient and rapid genetic editing of T cells (Roth et al. 2018; Mandal et al. 2014; Schumann
et al. 2015; Hendel et al. 2015). However, these systems have most often been employed to
induce insertions and deletions (indels) in an exon of a coding gene (Garcia-Doval and Jinek
2017). This is often insufficient to change the function of a IncRNA or the global function of a 3’
UTR.

There are instances where Cas9 induced indels may have functional outcomes for RBP
and IncRNA function. For instance, the miR-15/16 binding site within Malat1 in humans can be
directly targeted by Cas9 , and introduce indels in this site that disrupts binding similar to the
Malat15°”s mouse line (Wheeler et al. 2023). Where a single guide approach is insufficient,
paired sgRNAs can be used to excise portions of the genome with precision (Jinxiong Han et al.
2014; Guo et al. 2023). While this may remove important regulatory elements it can be done
more precisely than homologous recombination (Bin Zhang et al. 2012). Further, there is no
need for recombinase expression or residual novel sequences, such as LoxP sites (Bin Zhang

etal. 2012).

One way to create more controlled mutations is to utilize homology directed repair
(HDR) templates, in which the desired new sequence is provided via an exogenous
oligonucleotide (Y. Wu et al. 2013). This can be used to disrupt binding sites and maintain the
nucleotide content (Wheeler et al. 2023). This can also be used to insert large novel sequences
(lancu et al. 2023). Further genomic base editors (BE) can also be applied, where catalytically
dead Cas9 is fused to an adenosine deaminase to only edit adenosines targeted by the sgRNA

(McAuley et al. 2023). For instance, CD30 was recently targeted in human hematopoietic stem
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cells to restore T lymphopoiesis from immunodeficient patients (McAuley et al. 2023). Applicable
BE produces higher desired mutation rates with lower indel byproducts compared to HDR

strategies (McAuley et al. 2023).

Cas13 systems have also been developed that target RNA transcripts directly
(Abudayyeh et al. 2017). Cas13 was employed to show that IncRNA-GACAT3 is a ceRNA for
miR-497 (Z. Zhang et al. 2020). This is advantageous because Cas13 has equivalent or better
depletion of transcripts compared to RNAI, can be present transiently, and does not alter
genome stability (Abudayyeh et al. 2017). Further, being able to understand an RNA transcript’s
subcellular localization and its interaction partners are outstanding questions in this field.
Catalytically inactive Cas13 has been paired with fluorescent labeling to dynamically track
specific RNA transcripts in living cells (Yang et al. 2019). This has been used to show dynamics
of NEAT1’s interaction with paraspeckles and could be paired with orthogonal dCas13 or dCas9
to investigate RNA-RNA or RNA-DNA interactions in a sequence specific fashion (Yang et al.

2019).

Concluding Remarks and Overview of Thesis

The RNA circuits discussed above illustrate the complex mechanisms present in T cells
to regulate cell identity, function, and fate. RBPs primarily act in a post-transcriptional fashion to
regulate gene expression and these processes. RBPs bind to mRNA transcripts to splice,
stabilize, and destabilize these RNAs. Disruption of RBPs can result in alteration of core T cell
programs such as expression of cytokines as in ALKBHS control of IFNy via m6A removal or
altered differentiation as in Roquin 1 and 2 control of Th17, Tfh, and Tfr via repression of Icos
and Ox40 (Zhou et al. 2021; Jeltsch et al. 2014; Essig et al. 2017).

While RBPs illustrate how proteins can interface with RNA, IncRNAs function in the

reverse fashion in that an RNA species modulates protein function. Subsequently, IncRNAs can
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exert regulatory capacity at the transcriptional, post-transcriptional, and post-translational level.
Some transcripts can even work in multiple modes simultaneously such as Malat1, which
facilitates H3K27me3 deposition via Ezh2 and sponges microRNAs (Kim et al. 2017; Kanbar et
al. 2022; Luan et al. 2016; Su et al. 2021; Wheeler et al. 2023).

These layers of regulation mediated by RNA illustrate how precise control of gene
expression networks is essential for cellular differentiation, activation, and survival of T cells.
The work in this document explores immune networks from the gene expression programs in
cytotoxic T cells to cellular heterogeneity in the lung of human asthmatics. Chapter 2 describes
how the IncRNA Malat1 inhibits the microRNA family miR-15/16. These together constitute a
non-coding RNA circuit that regulates cytotoxic T cell activation and memory cell differentiation
during both LCMV and Listeria monocytogenes infection. Chapter 3 looks beyond cell intrinsic
gene regulation to explore T cell contributions to complex human disease. Namely, through
transcriptomic approaches we identify Th2 cells in the bronchoalveolar space after allergen
challenge. These Th2 cells contain systemically present TCR sequences and are elevated in
subjects with other modules of elevated type 2 inflammatory tone such as eosinophilia and IL-13
responsive gene expression in the lung epithelium. Thus, together these chapters illustrate the
importance of precise control of T cells because of their potent effects on inflammation and

inflammatory disease.
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Figure 1.1. Ribonucleoprotein capture methods performed in T cells.

(A) RNA immunoprecipitation (RNA IP) captures RBP-RNA interactions using antibody-
coated beads to pull down specific RBPs and their bound transcripts in the cell under
native conditions. The bound transcript is released from the protein and processed for
quantitative PCR to determine target transcripts by the specific RBP. (B) Crosslinking
immunoprecipitation with high throughput sequencing methods (HITS-CLIP) use UV
radiation to covalently bind RBPs to their transcripts and prevent dissociation of the
ribonucleoprotein (RNP) complex. The RNPs are captured using antibody coated beads
and undergo RNase digestion to generate small RNAs containing the bound region.
These fragments are then sequenced to determine the transcriptomic binding profile.(C)
RNA aptamers contain small, structured motifs that recognize small molecules and can
be used to pull down and identify RBPs that bind to a sequence of interest. The
illustration depicts an aptamer with modified streptavidin binding structures (S1m) and
the sequence of interest upstream of these regions. Streptavidin matrix is used to pull
down the protein-bound aptamer and the proteins are processed for mass
spectrometry.(D) RNA interactome capture methods (RNA IC) biotinylate the proteins
and use streptavidin beads to extract RBP-bound RNA. Captured RPBs are identified
using mass spectrometry and RNA undergoes library preparation and sequencing to
determine RBP binding sites.(E) Organic phase separation similarly can be used to
systematically identify RBPs and RBP binding profiles of a cell. Unlike RNA-IC, these
methods use phenol phase separation which partitions proteins and RNA into the
organic and aqueous phase respectively. RNPs that separate into the interphase are
captured and processed for mass spectrometry and/or sequencing.
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Figure 1.2. IncRNA Functions Identified in T cells

(A) Transcription of IncRNAs has significant impacts on the expression of other genes in
the same locus. In T cells the mechanisms of this cis-regulatory effects are still not well
defined. (B) IncRNAs often regulate a host of other protein-coding genes via trans-
regulatory mechanisms. This is often done via the scaffolding of various transcription or
epigenetic factors and facilitating their binding to chromatin. This can influence the
deposition of histone regulatory modifications such as H3K27me3. (C) IncRNAs can
regulate transcription factors in a post-translational fashion by influencing the addition of
ubiquitin or phosphoryl groups resulting in degradation, inhibition, or activation of the
transcription factor. (D) IncRNAs act as ceRNAs for microRNAs which reduces the
amount of microRNA induced inhibition of protein coding targets. IncRNA acting as a
ceRNA often leads to the degradation of the microRNA but in some cases may inhibit
the microRNA solely via stoichiometric means. (E) IncRNAs can influence protein
activity of the golgi vesicle trafficking network. In particular VPs13d activity is enhanced
by the presence of a IncRNA and this is critical for the cell surface expression of
important cytokine receptors for T cells such as IL-7R.
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Chapter 2 - The IncRNA Malat1 Inhibits miR-15/16 to Enhance T Cell

Activation and Memory Formation

Abstract

Proper activation of cytotoxic T cells via the T cell receptor and the costimulatory receptor CD28
is essential for adaptive immunity against viruses, many intracellular bacteria and cancers.
Through biochemical analysis of RNA:protein interactions, we uncovered a novel non-coding
RNA circuit regulating activation and differentiation of cytotoxic T cells composed of the long
non-coding RNA Malat1 (Metastasis Associated Lung Adenocarcinoma Transcript 1) and the
microRNA family miR-15/16. miR-15/16 is a widely and highly expressed tumor suppressor
miRNA family important for cell proliferation and survival. miR-15/16 also play important roles in
T cell responses to viral infection, including the regulation of antigen-specific T cell expansion
and T cell memory. Comparative Argonaute-2 high throughput sequencing of crosslinking
immunoprecipitation (Ago2 HITS-CLIP, or AHC) combined with gene expression profiling in
normal and miR-15/16-deficient T cells revealed a large network of several hundred direct miR-
15/16 target mMRNAs, many with functional relevance for T cell activation, survival and memory
formation. Among these targets, the long non-coding RNA Malat1 contained the largest
absolute magnitude miR-15/16-dependent AHC peak in T cells. This binding site was also
among the strongest INcCRNA:miRNA interactions detected in the T cell transcriptome. We used
CRISPR targeting with homology directed repair to generate mice with a 5-nucleotide mutation
in the miR-15/16 binding site in Malat1. This mutation interrupted Malat1:miR-15/16 interaction,
and enhanced the repression of other miR-15/16 target genes, including CD28. Interrupting
Malat1 interaction with miR-15/16 decreased cytotoxic T cell activation, including the expression
of IL-2 and a broader CD28-responsive gene program. Accordingly, Malat1 mutation diminished

memory cell persistence following LCMV Armstrong and Listeria monocytogenes infection. This
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study marks a significant advance in the study of long noncoding RNAs in the immune system
by ascribing cell-intrinsic, sequence-specific in vivo function to Malat1. These findings have
implications for T cell-mediated autoimmune diseases, antiviral and anti-tumor immunity, as well

as lung adenocarcinoma and other malignancies where Malat1 is overexpressed.

Introduction

Cytotoxic T cells are indispensable for mounting an adaptive immune response against
intracellular pathogens and the clearance of mutated cells such as cancer. Over the course of a
viral infection, cytotoxic T cells are primed by antigen presenting cells and undergo extensive
rounds of intense proliferation (Murali-Krishna et al. 1998). As they clonally expand, these cells
differentiate into effector and memory cells and acquire effector functions, including the
production of cytotoxins and critical cytokines such as IL-2, TNFa, and IFNy (Bachmann et al.
1999). As the infection is cleared, the cytotoxic T cell response contracts as many cells die via
apoptosis, yielding a long lived pool of memory cells poised for secondary expansion and
protection against reinfection with the same pathogen (Wherry and Ahmed 2004; Badovinac,
Porter, and Harty 2002). The factors that control this expansion, differentiation, and contraction
have been intensely researched in the past decades, focusing in large part on proteins such as
transcription factors, signaling enzymes, and cytokines (Yao Chen et al. 2018). However, it is of
recent interest to understand how non-protein coding regions of the genome contribute to the
regulation of these cells as well. These non-protein coding elements can be regulatory in nature
such as enhancers (Roychoudhuri et al. 2016; Shapiro et al. 1997-7), or RNA species that are
transcribed but not translated. Two such species of interest to our present study are microRNAs
(miRNAs) and long non-coding RNAs (IncRNAs).

MicroRNAs are short (21 nucleotide) RNAs which, when loaded into Argonaute (Ago)
proteins, can target mMRNAs that contain complementary seed sequences in their 3' UTRs for

translation inhibition and degradation(Bartel 2018; Djuranovic, Nahvi, and Green 2012; Eichhorn
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et al. 2014). In particular, the miR-15/16 family are potent regulators of cell cycle and survival
(Q. Liu et al. 2008). Previous work from our group utilized conditional deletion of the four major
miR-15/16 family members (miR-15a, miR-15b, miR-16-1, miR-16-2) driven by CD4-cre
transgene (hereafter referred to as miR-15/16=: mice or T cells) to demonstrate that this miRNA
family has important effects on cytotoxic T cells (Gagnon et al. 2019). In response to viral
infection, miR-15/16+ mice generate more viral-antigen specific T cells, and these cells
preferentially differentiate into memory cells that express CD127 and CD27 (Gagnon et al.
08/2019).

In contrast to the well-defined roles of miRNAs, IncRNAs as a class do not have a single
defined function. They are broadly defined as RNAs transcribed by polymerase Il, over 200
nucleotides (nt) in length, that lack a translated open reading frame (Su et al. 2021; Wilusz,
Sunwoo, and Spector 2009). Some IncRNAs bind to chromatin and regulate nearby or distant
genes, and others scaffold transcription factors and other protein complexes (Kopp and Mendell
2018). Most relevant to the present study, some IncRNAs act as competing endogenous RNAs
(ceRNAs) that bind to miRNAs, preventing their binding to and subsequent repression of mMRNA
targets (Su et al. 2021; Poliseno et al. 2010). However, rigorous connections between INcCRNA
physiological functions and molecular mechanisms of action has been hampered by the lack of
precise tools to facilitate their study (Ponting and Haerty 2022). As IncRNAs lack an open
reading frame, insertion or deletion (indel) mutations do not reliably create null alleles. Instead,
investigators have frequently deleted large genomic regions around the promoter or excised the
genomic locus of the transcript altogether. These approaches risk disrupting cis-regulatory
elements or topologically associated domains that control other nearby genes. Other studies
that identified physiological roles for IncRNAs rely on RNAi-mediated IncRNA degradation. Both
this approach and genetic manipulations that block IncRNA transcription leave a mechanistic

gap between sequence features and downstream function. Only a few studies demonstrate
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sequence dependent function of IncRNAs (Kleaveland et al. 2018; J. T. Lee, Davidow, and
Warshawsky 1999; Elguindy and Mendell 2021).

One IncRNA that has garnered much attention is the Metastasis Associated Lung
Adenocarcinoma Transcript 1 (Malat1). Malat1 was first identified as highly expressed in both
malignant tumors and healthy lung and pancreas with high interspecies conservation (Ji et al.
2003). Malat1 is mostly localized to the nucleus, where it is found within nuclear speckles,
although it is not necessary for their formation (Nakagawa et al. 2012). These characteristics
have generated numerous hypotheses about the function of Malat1 including that it scaffolds
epigenetic and splicing factors and acts as a ceRNA to inhibit a variety of miRNAs (Tripathi et
al. 2010; Su et al. 2021).

In the immune system, Malat1 has been studied in dendritic cells, macrophages, T
helper cells, T regulatory cells, and cytotoxic T cells (Hewitson et al. 2020; J. Wu et al. 2018;
Masoumi et al. 2019; Kanbar et al. 2022). Malat1 is regulated during cytotoxic T cell
differentiation with higher expression in memory precursors and lower expression in short-lived
effector cells during LCMV infection (Kakaradov et al. 2017). Similarly, T cells stimulated in vitro
express decreased levels of Malat1 over time (Masoumi et al. 2019). Early reports using large
genetic deletions in the mouse Malat1 locus detected widespread gene expression changes but
failed to identify a role for Malat1 in mouse development or cytotoxic T cell responses (Yao et al.
2018; Bin Zhang et al. 2012; Nakagawa et al. 2012), though a recent report using RNAI
detected altered T cell responses(Kanbar et al. 2022). Clearly there remains much to learn
about the sequence-specific mechanisms by which Malat1 tunes pathways and functions
essential to cytotoxic T cells.

In the present study, we present a novel non-coding RNA circuit that regulates the
activating signals from CD28 and IL-2, leading to low Bcl-2 expression and loss of memory cells
following LCMV infection. We do so by identifying candidate interactions between miRNAs and

IncRNAs via a targeted biochemical approach, and by creating CRISPR-targeted transgenic
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mice with precise mutation of Malat1 to interrogate the physiological function of the interaction
between miR-15/16 and Malat1. We use this novel mouse to identify CD28 responsive gene
programs affected by this circuit, and provide a new sequence-specific function of Malat1 in
Vivo.

Results

Malat1 is highly Bound by miR-15/16

To identify candidate noncoding ceRNAs in cytotoxic T cells, we performed Argonaute-2
high throughput sequencing of crosslinking immunoprecipitation (Ago2 HITS-CLIP, AHC).
Integrating sequence reads across different classes of transcribed genomic annotations
revealed that IncRNAs are bound extensively by Ago2, but the median IncRNA had 7.8 times
fewer aligned AHC sequence reads compared to 3’ untranslated regions (UTRs) where miRNAs
canonically bind to mRNAs (Fig. 2.1A). This difference likely reflects the comparatively low
expression of many IncRNAs, and it highlights the relatively low occupancy of Ago2 on most of
these transcripts. Nevertheless, there were individual IncRNAs that stood out as highly bound
across the transcript. To prioritize INcRNAs for further investigation, we manually curated the
transcripts with the largest number of aligned AHC sequence reads. Among the top 10 most
highly bound transcripts, 3 overlapped with protein coding genes, 2 were on the mitochondrial
chromosome, and 3 were repetitive annotations. Strikingly, all of the top 10 transcripts were
either annotated as rRNA or contained an rRNA repeat element, except the 8th most bound
transcript, Malat1 (Table 1). When the same analysis was repeated with rRNA repeats masked,
Malat1 was the second most highly bound transcript (Table 2).

Malat1 has been proposed to inhibit mMiRNAs as a ceRNA (H. Xie et al. 2017; Qiao et al.
n.d.; L. Chen et al. 12 2017; J. Wu et al. 2018; Luan et al. 2016; Q.-M. Wang et al. 2019; Xiao et
al. 2015). We used the Piranha peak calling algorithm to identify sites with the highest degree of

miRNA binding, as indicated by AHC sequence read number and density (Fig. 2.1B). Within
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cytotoxic T cells, the algorithm identified 55 AHC peaks in Malat1, the largest of which was
extremely pronounced (Fig. 2.1C). Compared with other INcRNA binding peaks, this peak had
the 36th most total aligned reads and the 142nd highest read density (15th and 16th
respectively when rRNA reads are masked). Even when compared to peaks in 3’ UTRs of
mRNAs, the largest peak in Malat1 was the 100th most (98th percentile) bound peak in terms of
read density (Fig. 2.1B).

miRTarget, the custom miRNA binding prediction algorithm (W. Liu and Wang 2019),
identified an 8-mer seed binding sequence of the miR-15/16 family centered within the most
densely bound region of the called peak (Fig. 2.1C). miR-15/16 has not been previously shown
to interact with Malat1, so to determine whether this peak is miR-15/16 dependent, we
performed AHC with cultured CD8- miR-15/16= T cells. In the absence of miR-15/16, Ago2
binding to Malat1 was preserved throughout the whole transcript except for the peak containing
the predicted miR-15/16 8-mer seed binding sequence (Fig. 2.1C). Further, miR-15/16 binding
occurred in a region of high evolutionary conservation (Fig. 2.1D). The corresponding region
containing the miR-15/16 binding site in human MALAT1 was highly enriched in two publicly
available AHC datasets obtained using the 293 human embryonic kidney (HEK) cell line (F. V.
Karginov and Hannon 2013);(Y. Li, Estep, and Karginov 2018) (Fig. 2.1E). We conclude that
miR-15/16 bind abundantly to Malat1 in mouse cytotoxic T cells and this interaction is likely to
be conserved in human cells.

We hypothesized that Malat1 may inhibit the function of miR-15/16 in cytotoxic T cells.
To directly address this question in mice, we used CRISPR-Cas9 with homology directed repair
to generate mice in which five nucleotides of the miR-15/16 seed binding sequence within
Malat1 were scrambled (Fig. 2.1F). Mice homozygous for this mutation are subsequently
referred to as Malat 1=+ To confirm the targeted functional outcome of this mutation, AHC was
performed on cultured CD8- T cells isolated from Malat1=~ mice. Ago2 binding was preserved

across the Malat1 transcript except at the mutated miR-15/16 binding site, where AHC
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sequence read density was greatly reduced (Fig. 2.1C). This finding confirmed that miR-15/16
binds to Malat1 at this site in a sequence dependent manner, and provided us with a tool for

highly specific investigation of the functional consequences of Malat1:miR-15/16 interaction.

Malat1 inhibits miR-15/16 availability and activity

Malat1:miR-15/16 interaction could lead to regulation and/or degradation of the INcCRNA,
the miRNAs, or both. To assess whether miR-15/16 degrades Malat1 we compared the
expression of Malat1 by mRNA sequencing in primary mouse CD8- T cells. Malat1 expression
was unchanged in miR-15/16:cells as well as in the Malat1=+ cells (Fig. 2.2A). Previous studies
investigating Malat1 and other IncRNAs as ceRNA inhibitors of miRNAs have suggested that
inhibition occurs by either target RNA—directed miRNA degradation (TDMD) or stoichiometric
sequestration of the miRNA from protein-coding mRNA targets (Jaeil Han et al. 2020; Su et al.
2021). Therefore, we also tested the possibility that Malat1 lowers miR-15/16 abundance by
TDMD or a related mechanism. However, in freshly isolated mouse CD8: T cells, miR-15b and
miR-16 were unchanged and only miR-15a, a family member with lower expression, was
modestly decreased in Malat 1=+ cells (Fig. 2.2B). We conclude that Malat1 and the miR-15/16
family do not influence each other’s absolute abundance in this setting.

To test whether Malat1 affects miR-15/16 function, we examined miR-15/16 target
binding in our AHC data. We first defined an experimentally supported list of TargetScan
predicted miR-15/16 binding sites with at least 1 AHC read in both WT and Malat1=- cells.
Using this list, we then examined the read depth at these sites in both Malat7-and WT cells
(603 sites contained in 479 genes). In WT cells, these sites constituted on average 3.2% of the
binding in each 3’ UTR, and this figure increased to 3.4% in Malat1~=cells, indicating that Ago2
occupancy preferentially increased at these sites when miR-15/16 binding to Malat1 was
eliminated (Fig. 2.2C). To confirm that binding to these target sites was miR-15/16 dependent,

we assessed their AHC read depths in miR-15/162:cells as well. As predicted, binding was

31



greatly reduced in miR-15/162 cells, representing, on average, 1.0% of binding to a given 3’
UTR, a 69% reduction in Ago2 binding compared to WT (Fig 2.2D). In contrast, no significant
differences were observed for binding at predicted sites for the highly expressed miRNA families
of miR-101, Let-7, miR-21, and miR-142, (Fig. 2.51). Thus, we conclude that the Malat1-~ allele
specifically negatively regulates the first requirement of miR-15/16 function — binding to mRNA
targets.

We next sought to investigate whether this increased binding resulted in decreased
target mMRNA expression. To do so, we analyzed mRNA-sequencing data from primary CD8+ T
cells 24 hours after stimulation. We generated empirical cumulative density fraction (CDF) plots
from these data comparing target gene expression in miR-15/16+= to miR-15/16 cells as well as
WT to Malat1<= cells. For each of these comparisons, we then compared the distribution for
miR-15/16 target genes, as defined above, to the distribution for all other expressed genes. In
the case of WT to Malat1~- cells, the distribution was shifted in favor of decreased target gene
expression in the Malat 1=+ cells (Fig 2.2E). In the case of miR-15/16= to miR-15/16-+, the
distribution was shifted in favor of increased target gene expression in the miR-15/16 cells,
indicating that this gene set is relieved of miRNA-induced repression (Fig. 2.2F). These data
indicate that the increased availability of miR-15/16 leads to increased repression of mMRNA
target genes when Malat1:miR-15/16 interaction is ablated.

We further investigated genes that displayed reciprocal expression changes in miR-
15/16+ and Malat1-+ cells. Of 479 genes in the bound target list, 432 (90%) were either
downregulated in Malat1-=+ cells or upregulated in miR-15/16=: cells, compared to controls.
Among these genes, the expression of 298 (62%) were decreased in Malat1-= cells, and 294

(61%) were increased in miR-15/16:= cells, with 160 (33%) both increased in miR-15/16=: and

pathways associated with growth factor and antigen receptor signaling affected by the

Malat1:miR-15/16 circuit in cytotoxic T cells (Fig. 2.2H). Many of these modules were identified
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because they share key signaling proteins. Genes enriched in the T cell activation module are
listed in Table 3. Targeting of these genes by miR-15/16 is consistent with their known tumor
suppressor role (Cimmino et al. 2005; Gagnon et al. 2019) and with Malat1’s association with
cancer cell proliferation and metastasis (Ji et al. 2003), providing new mechanistic insight into

the regulated genes that underlie those observations.

Malat1 enhances CD28 Expression and Downstream CD8 T Cell Activation

Given that the Malat1:miR-15/16 circuit regulated genes essential to T cell activation,
and in particular CD28, we next investigated the functional consequences of perturbing this
circuit in cytotoxic T cells. First, we looked directly at CD28. AHC in WT cells detected a
prominent peak in the CD28 3'UTR at the TargetScan predicted binding site for miR-15/16. This
peak was absent in miR-15/16+ cells, whereas other binding peaks were preserved, empirically
verifying that this binding event is miR-15/16-dependent. AHC in Malat1-~ cells indicated a
modest increase in Ago2 binding at this site compared to WT cells relative to Ago2 binding in
the whole 3’ UTR (Fig 2.3A). These data, along with our previous demonstration that the CD28
3’ UTR is miR-15/16 responsive, indicates that CD28 is part of a module of miR-15/16 target
genes that are highly likely to be affected by the Malat1- allele (Gagnon et al. 08/2019).

Indeed, CD28 expression and T cell activation were regulated by the Malat1:miR-15/16
circuit. Flow cytometric measurement in primary splenic CD8- T cells revealed that CD28 protein
expression was decreased in Malat1<- mice and enhanced in miR-15/16:2mice (Fig 2.3B-C). To
investigate activation-induced gene expression, we performed RNA-seq on splenic CD8: T cells
stimulated for 24 hours with plate-bound aCD3 with or without aCD28 cross-linking antibodies
diagrammed in (Figure 2.3D). CD28 stimulation enhances distinct activation-induced gene

expression changes in T cells (Martinez-Llordella et al. 2013), and these CD28-responsive

164 genes that are upregulated in WT cells stimulated with aCD3 + aCD28 compared to aCD3
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alone was also significantly upregulated in the aCD3 + aCD28 condition compared to aCD3
alone for each genotype tested in our experiments (Fig 2.S2A-D). Importantly, the Malat1:miR-
15/16 circuit affected this gene set in the aCD3 alone condition, with Malat1-= cells exhibiting
decreased expression compared to WT cells, and miR-15/16# cells exhibiting increased
expression compared to miR-15/16= cells (Fig 2.3E,G). This trend was preserved, but to a
lesser degree, in the aCD3 and aCD28 condition (Fig 2.3 F,H). Thus, Malat1:miR-15/16
interaction enhanced expression of a costimulation-responsive gene expression program in
activated T cells, and it further enhanced expression of that module even when CD28
costimulation was directly engaged.

Unsupervised hierarchical clustering of these samples based on the expression of the
164 costimulation-responsive gene set further underscored the costimulatory-like effect of the
Malat1:miR-15/16 circuit. In comparing gene expression in Malat1-+and WT samples, 3 major
groups emerged. The group with the lowest average costimulation-responsive gene expression
contained only samples stimulated with aCD3 alone and primarily Malat1~+- samples. The group
with intermediate expression was the largest group with an even representation of Malat s
samples and WT samples. While samples in this intermediate group were from both stimulation
conditions, the Malat 1~ samples tended to be from the aCD3 + aCD28 condition and the WT
samples had an even representation from both stimulation conditions. The group with the
highest average expression contained predominantly aCD3 + aCD28 stimulated samples with
an even representation of Malat1-+and WT samples (Fig 2.3l). Thus, Malat1:miR-15/16
inhibition and engagement of CD28 signaling additively induced costimulation-responsive
genes. This observation is further supported when clustering the miR-15/16+ and miR-15/16=
samples. The 2 largest clusters were divided nearly exclusively by genotype. The group with
lower average expression of costimulation-responsive genes contained predominantly mir-
15/16m samples stimulated with aCD3 alone. The group with the higher average expression

contained a majority of miR-15/16x samples, and the only miR-15/16+~ samples within the group
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received aCD3 + aCD28 stimulation. Within the higher expression group, the miR-15/16m
samples stimulated with aCD3 + aCD28 sub-clustered with miR-15/16+ samples stimulated with
aCD3 alone (Fig 2.3J). A third, much smaller cluster was composed of both samples from a
single outlier biological replicate. Overall, these data show that miR-15/16 restrict costimulation-
responsive gene expression, and that Malat1:miR-15/16 interaction limits this effect.

In addition to the proximal changes in gene expression, downstream functional
outcomes of CD28 costimulation were also affected. Early activation genes have been well
described in T cells, with CD69 responding to many cues including TCR and CD28 ligation, and
Nur77 responding very specifically to TCR signals (Ashouri and Weiss 2017; Vandenberghe et
al. 1993). In similar fashion as above, we assessed the expression of these proteins 2 and 4
hours after stimulation with plate bound cross linking antibodies on primary CD8+ T cells. CD69
exhibited decreased expression in Malat1-+ cells at both 2 and 4 hours post stimulation (2 hr:
p=0.0014 and 4 hr: p=0.0598) and increased expression in miR-15/16 cells at 4 hours post
stimulation only (p < 0.0001) (Fig 2.4 A-B), in accordance with costimulation-responsive gene
module expression (Fig 2.3). There was no difference, however, in expression of Nur77 across
Malat1-=-, WT, and miR-15/16== cells, indicating that TCR signals were equivalent (Fig 2.4 A,C).
Another key consequence of CD28 ligation is the production of IL-2 (Vandenberghe et al. 1993;
Fraser et al. 1991; Maggirwar, Harhaj, and Sun 1997). Therefore, we assessed cytokine
production in the supernatants of these cultures 16 hours after stimulation. In line with previous
findings in LCMV-infected mice (Gagnon et al. 08/2019), miR-15/16= cells made significantly
more IL-2 and TNFa after aCD3 stimulation both with and without aCD28, with a trend toward
increased IFNy as well (Fig 2.4D-F). Malat1== cells stimulated with aCD3+aCD28 exhibited a
reciprocal trend specifically for IL-2 (23% decrease compared to WT, p=0.26) (Fig 2.4D).
Together, these data show that the Malat1:miR-15/16 circuit regulates key functional outcomes
of CD28-mediated costimulation, from proximal gene expression changes to early activation

protein expression and cytokine secretion.
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Malat1 enhances Cytotoxic Memory T Cell Differentiation

miR-15/16 restrict memory T cell differentiation, cell cycle, and cell survival during the
response to LCMV Armstrong infection (Gagnon et al. 08/2019). CD28 costimulation is essential
for IL-2 production, memory cell formation, and memory recall responses in vivo (Grujic et al.
2010; Suresh et al. 2001; Fuse, Zhang, and Usherwood 2008; Borowski et al. 2007; Eberlein et
al. 2012-2). IL-2 is also essential for these same processes and in particular is required in a
CD8- T cell intrinsic nature for the formation of CD127- KLRG1- memory cells (Toumi et al. 2022;
Pipkin et al. 2010; Blattman et al. 2003; Kahan et al. 2022; Whyte et al. 2022). Since Malat1
inhibits miR-15/16 activity and this circuit impacts proper T cell activation and IL-2 production
after CD28 costimulation, we hypothesized that Malat1--cells would exhibit poor memory
formation and survival.

We first examined steady state memory populations of polyclonal T cells in
unchallenged, young mice. Malat1~= mice had normal naive and central memory T cell
populations, but a reduced percentage and number of effector memory (CD44-CD62L-) cells in
the spleen (Fig 2.S3). Therefore, we investigated the cell intrinsic nature of the Malat 7
memory cell impairment during a viral challenge known to induce a large memory response. We

bred the Malat1-~mice with P14 TCR transgenic mice that express an antigen receptor specific

cells into congenic CD45.1 hosts followed by LCMV Armstrong infection and tracked the acute
and memory responses in the spleen and liver, the sites of primary LCMV infection (Figure
2.5A) (Matloubian et al. 1993).

The total numbers of P14 cells were similar in recipients of transferred WT or Malat 1
P14 cells in both the spleen and liver at day 7, and in the spleen at day 31. However, there was
a reduction in Malat1=~ P14 cells in the liver at day 31 (Fig 2.5 B-C). Despite having no effect

on cell expansion at the peak of infection and mixed cell number results in the memory phase,
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the Malat1- allele had a distinct effect on the cellular phenotype across organs and time points.
Malat1-~ P14 cells preferentially displayed a phenotype associated with terminally differentiated
effector memory cells (t-TEM), defined by KLRG1 expression and lack of CD127 expression as
shown by (Milner et al. 2020), and a corresponding reduction in the percentage of KLRG1-
CD127- memory cells (Fig 2.5 D-F). Previous work has shown that substantial heterogeneity
exists in the memory pool and that CD27 and CD43 can be useful in delineating functional
differences such as recall potential between different memory cells. For instance, CD27-
memory cells tend to produce more IL-2 than CD27- cells (Milner et al. 2020), and CD43- CD27-
cells are more effective at clearing Listeria upon re-challenge (Hikono et al. 2007; Olson et al.
2013). We therefore assessed these markers on the transferred Malat15°”* and WT P14 cells.
Consistent with increased KLRG1- CD127- t-TEM cells there were proportionally more CD27-
CD43: cells in both the spleen and liver at day 31 among the Malat15°"* transferred cells
compared to WT (Fig 2.5 G,l). CD27- CD43- cells were unchanged. The proportional reduction in
CD127- KLRG1- cells corresponded with a decreased proportion of CD43- CD27- cells. Notably,
the total numbers of all CD27- subsets were unchanged. The proportional differences we
observed were primarily driven by a reduction in the number of CD43- CD27- Malat1~- P14 cells
compared with wild type P14 cells (45% reduction in liver (p = 0.0058), 30% reduction in spleen
(p =0.113)) (Fig 5 G-I). This phenotype is exactly reciprocal to the increase in CD27- memory
cells previously documented in miR-15/16+ mice (Gagnon et al. 08/2019). To test whether the
effect of the Malat1~ allele was epistatic to miR-15/16, we bred Malat1== mice to miR-15/16
mice to generate triple mutant Malat 1<+ miR-15/16=2mice. The poly-clonal LCMV response in
these mice phenocopied that of miR-15/16+ with a WT allele of Malat1, indicating that the
observed effects of the Malat1- allele are epistatic to miR-15/16 (Fig 2.S4). We conclude that
Malat1 inhibits miR-15/16 in responding CD8- T cells during LCMV infection, leading to fewer

CD43- CD27- memory cells.
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Compared to LCMV, Listeria monocytogenes (LM) infection induces lower expression of
multiple co-stimulatory ligands so the antigen specific response is more sensitive to the ablation
of CD28 co-stimulation (Welten et al. 2015). Therefore, we hypothesized that cytotoxic T cell
response may be more impaired by the Malat1- allele during LM infection. We first sought to
understand the effect of miR-15/16 on cytotoxic T cells during primary LM infection. To do so,
we directly infected polyclonal mir-15/16=and miR-15/16:mice with LM expressing the LCMV
GP33 peptide (LM-GP33) (Fig 2.6A). In contrast to the increased antigen-specific CD8- T cell
numbers in LCMV-infected miR-15/16+ mice (Gagnon et al. 08/2019), we observed similar cell
numbers in LM-GP33 infected miR-15/16«and miR-15/16= mice (Fig 2.6B). However, the effect
on memory cell differentiation was still present with decreased percentages of CD127- KLRG1- t-
TEMs and increased percentages of CD127- KLRG1- memory cells (Fig 2.6 C,D). Again, miR-
15/16« antigen specific cells had a significantly lower proportion of CD43- CD27- cells and a
trend toward proportionally more CD43- CD27- cells (p = 0.127) (Fig 2.6 E,F).

Given that antigen-specific miR-15/16= T cells exhibited enhanced memory cell
differentiation during LM-GP33 infection, we further tested the role of Malat1:miR-15/16
interaction in this model using the P14 adoptive transfer system (Fig 2.6F). Transferred
Malat 1=~ and WT P14 cells accumulated in the spleen and the liver to similar numbers at both
day 7 and day 31 following LM-GP33 infection (Fig 2.6H). In contrast to LCMV, there was no
change in the proportion or number of CD127- KLRG1- Malat1=+ P14 cells at day 7 in the spleen
or liver (Fig 2.61). However, in LM-GP33 infection at day 7, CD43 and CD27 expression didn’t
explicitly mirror the phenotype observed by CD127 and KLRG1 expression. In the spleen, there
was a proportional and numerical increase in CD43- CD27- P14 cells with the Malat1-+-genotype
(Fig 2.6J). There was a decreased proportion of CD43- CD27- cells (p = 0.0531), but this was
despite a trend towards increased numbers of these cells (p = 0.1056) in the Malat1-= P14 cells
(Fig 6K). In the liver, there were no significant trends in any of these populations at day 7 (Fig

2.6 J,K).
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Although some of the phenotypes observed with LCMV were attenuated or absent
during acute infection with LM-GP33 at day 7, Malat1:miR-15/16 interaction had more
pronounced effects on memory cell populations at later times post-infection (Fig 2.6 L,M). On
day 31, KLRG1- cells were increased in proportion and numbers in the Malat1=+~ P14 cells (Fig
2.6N). In the liver, a similar trend in KLRG1- cell proportion existed (p = 0.233), but the numeric
effect was entirely absent (Fig 2.6N). Surprisingly, this effect was restricted to the KLRG1-
populations, as CD127- KLRG1- memory cells were unaffected in proportion and number in both
the spleen and liver (Fig 2.60). In both organs CD43- CD27- t-TEMs were proportionally
increased and CD43- CD27- memory cells were proportionally decreased in Malat 1=+ P14 cells
(Fig 2.6P,Q). The numeric underpinnings of these proportional changes were different in each
organ, with a 94% increase in CD43- CD27- cells in the spleen, and a 40% loss of the CD43-
CD27- population in the liver (Fig 2.6P,Q). Taken together, these data demonstrate that miR-
15/16 restrict memory cell differentiation, and reveal the ability of Malat1:miR-15/16 interaction

to enhance memory cell differentiation across infection contexts.

Malat1 Enhances Cytotoxic T Cell IL-2 Production and Survival

Finally, we investigated how the Malat1:miR-15/16 RNA circuit regulates memory cell
differentiation and accumulation, giving consideration to the many direct targets of miR-15/16
and the subsequent indirect effects on IL-2 and other costimulation-responsive gene expression
in CD8 T cells. The pro-survival protein Bcl2 is the first characterized target of miR-15/16
(Cimmino et al. 2005). Higher abundance of Bcl2 in memory cells (as compared with short-lived
effector cells) aids their survival and persistence, counteracting their increased expression of
pro-apoptotic factors such as Bim (Kurtulus et al. 2011). As such, changes in the balance of pro-
and anti-apoptotic factors can have selective effects on the accumulation of memory T cells.
Bcl2 expression in Malat1-=+ P14 cells was reduced at day 31 in the CD43- CD27- population in

both LCMV and LM-GP33 infection, and also in CD43- CD27- cells in LCMV infection (Fig 2.7A-
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C). This reduction is consistent with increased direct miR-15/16 action on the Bcl2 3' UTR in the

Malat 1= cells, but it may also be affected by IL-2 and other co-stimulation responsive factors.

were observed in both the KLRG1- and KLRG1- cell fractions at day 7 during LM-GP33 infection
(Fig 2.7 D,E). Very few dead cells were detected among P14 cells of either genotype at day 31.

IL-2 is critical for the induction of Bcl2 in memory T cells to promote their survival (Toumi
et al. 2022). Furthermore, IL-2 production by cytotoxic T cells predisposes them to differentiate
into a memory phenotype, likely by an autocrine/paracrine mechanism (Kurtulus et al. 2011;
Wojciechowski et al. 2007; Kahan et al. 2022). Given the enhanced ability of miR-15/16 cells
to produce IL-2 and the trend toward impaired IL-2 production in Malat1== cells in vitro (Fig.
2.4D), we assessed IL-2 production by Malat1=+ T cells in LCMV and LM-GP33-infected mice.
Corroborating our in vitro observations, a lower proportion of Malat1~+ P14 cells produced IL-2
when stimulated ex vivo on day 7 in both infection models (Fig 2.7F,G). This defect was also
shared by KLRG1- and KLRG1- populations and limited to this critical early time point. Higher
proportions of memory cells were able to produce IL-2 ex vivo at day 31 after infection with
either LCMV or LM-GP33 infection, and Malat1-~ P14 cells produced equivalent amounts of IL-
2 (Fig 2.7H).

As CD28 co-stimulation is key to IL-2 production, the observed early defect is consistent
with less robust activation while antigen is still present (Shapiro et al. 1997-7). Taken together,
these results indicate that Malat 1=~ cells in the context of a viral or bacterial infection receive
relatively poor activating cues and subsequently produce less IL-2 early during infection,
contributing to a less robust pro-survival and pro-memory state. These findings illustrate how
Malat1 regulation of miR-15/16 and its large target gene network can act through multiple
connected nodes to coordinate gene expression programs essential to cytotoxic T cell

responses.
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Discussion

LncRNAs are a large, diverse class of gene products that perform important
physiological functions through a variety of molecular mechanisms. However, functional
requirements are typically tested using RNAI to degrade the IncRNA or by disrupting their
transcription entirely with no paradigm to dissect sequence specific functions. “Sponging”
miRNAs (acting as a ceRNA) is among the most frequently proposed mechanisms of IncRNA
function. Networks of noncoding ceRNAs, miRNAs, and target genes likely do shape gene
expression programs in many biological contexts. Yet definitive evidence that a IncRNA:miRNA
interaction has a physiological effect in a living organism has remained elusive. Guided by a
biochemical approach, we investigated the requirements for Malat1 interaction with miR-15/16
by surgically altering just 5 nucleotides within the endogenous 8 kb Malat1 transcript in mice.
Using T cells from these animals, we rigorously attribute changes in costimulation-responsive
gene expression and in vivo defects in memory T cell formation to this Malat:miR-15/16 circuit.

Malat1 is a pleiotropic INcRNA implicated in a multitude of processes, including
scaffolding splicing and epigenetic regulators, binding to chromatin, and interacting with several
miRNAs in different cell types (Arun, Aggarwal, and Spector 2020). Its extremely high
expression and interspecies conservation nominated Malat1 as a strong candidate to have an
impact on the activity of even highly abundant miRNAs like miR-15/16 that have large effects on
gene expression and cell behavior. Less abundant miRNAs can also serve essential functions
(Wigton et al. 2021), and they are likely to be more susceptible to inhibition by Malat1 and other
ceRNAs. The same biochemically-driven sequence-specific approach used here could be
applied to probe the physiological effects of other IncRNA:miRNA interactions, and it could also
be extended to probe the requirement for interaction with Ezh2 and other proteins.

Another important future direction is to better understand how exactly Malat1 inhibits
miR-15/16, given that TDMD does not appear to result from this interaction. Most Malat1 resides

in the nucleus, whereas miRNAs reside and function in the cytoplasm. Advances in miRNA
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fluorescent in situ hybridization (miR-FISH) or the implementation of proximity-CLIP (Benhalevy,
Anastasakis, and Hafner 2018) may help clarify whether Malat1 nuclear sequestration plays a
role in its ceRNA function. Detailed mechanistic understanding of this experimentally tractable
circuit may illuminate how ceRNAs may be leveraged by the cell or by cellular engineers to
manipulate the miRNA pool and target gene expression.

There is a growing interest in Malat1 function within the immune system, where it is
highly expressed in many cell types and often regulated in interesting ways, including differential
expression in short lived effector and memory precursor cells produced by asymmetric division
of activated T cells during LCMV infection (Kakaradov et al. 2017). Malat1 overexpression in
dendritic cells promotes IL-10 production by T regulatory cells (J. Wu et al. 2018), and Malat1-+
mice exhibited reduced IL-10 and Maf expression by T helper cells in vivo and in vitro (Hewitson
et al. 2020). Two prior reports addressed Malat1 function in cytotoxic T cell responses. In one
report, no significant differences were observed in Malat1-- mice (Yao et al. 2018). It is difficult to
interpret negative data generated from whole-body Malat1 deficiency given the multitude of cell
types in which Malat1 may act. A second recent report, using RNAI to suppress Malat1
expression specifically in antigen-specific CD8- T cells, detected enhanced t-Tem differentiation
(Kanbar et al. 2022). This observation, which contrasts with our findings using Malat 7=+ mice,
was suggested to occur via an epigenetic mechanism involving Malat1 interaction with Ezh2.
This mechanism and the ceRNA function that we describe here are not mutually exclusive, and
it is possible to observe divergent phenotypes from the different interventions used to probe
Malat1 function in T cells.

Our Malat 1<~ mouse combined with the cell transfer system clearly demonstrates a
cytotoxic T cell intrinsic requirement for Malat1 to inhibit miR-15/16 to enhance activation and
protect memory cell persistence. This is consistent with our previous work on the miR-15/16
family, and fitting with the increased expression of Malat1 in memory precursors (Gagnon et al.

08/2019; Kakaradov et al. 2017). The present study builds upon these findings and provides
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detailed insight into the gene regulatory programs which may drive these phenotypes. Cytotoxic
T cells lacking CD28 generate similar numbers of viral specific cells at the height of infection,
but fail to maintain equivalent numbers during the memory phase (Borowski et al. 2007).
Further, a major outcome of CD28 ligation is the production of IL-2, an essential T cell growth
factor, and this IL-2 production is required in a cell intrinsic manner for generation of CD127-
memory cells (Kahan et al. 2022). Here we demonstrate that not only does the Malat1-miR-
15/16 circuit regulate CD28 co-stimulation, IL-2 production, and Bcl2 expression, but also the
concordant outcome of maintaining CD43- CD27- memory cells. miR-15/16 targets a large
number of genes, so it is unlikely that the effect on Bcl2 or CD28 alone is entirely responsible for
the observed changes in CD43- CD27- t-TEM and CD43- CD27- memory cells. Our results are
consistent with memory cells requiring a heightened level of pro-survival cues to survive the
contraction bottleneck after the peak of infection. In this manner elevated Malat1 levels can act
as an enhancer of pro-survival and activating cues to prevent excessive cell death in this
sensitive memory population.

The importance of cytotoxic T cells is evident in the context of the global COVID-19
pandemic and the advent of CAR-T cell therapies reaching the clinic. Knowledge of the
networks that regulate these cells and the critical nodes within these networks have the
potential to augment technologies and therapies from vaccines to anti-tumor immunotherapy.
Transcription factors and miRNAs have been extensively studied in this fashion as critical nodes
in the regulation of gene transcription and translation. In the study presented here, we show
Malat1 acts upstream of one such node, the miR-15/16 family. From this one interaction, Malat1
has the potential to combinatorially and synergistically regulate gene networks essential to
cytotoxic T cells. This concept is easily extended when Malat1’s ability to regulate multiple other
miRNA families is considered. If Malat1’s sequence specific function is further defined, then
editing or expression of specific Malat1 sequences could be used to tune multiple miRNA

families in concert while leaving other functions of this enigmatic transcript un-touched.
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Materials and Methods

Mice

WT C57/BL6 mice were bred in our facility. miR-15/16=: and miR-15/16= mice were derived as
described in Gagnon et al 2019. Malat1-=+ mice were generated from WT C57/BL6 mouse
zygotes electroportated with CRISPR-Cas9 RNPs and HDR template (guide and template
sequences below) as described previously (Chen et al., 2016). B6.SJL-Ptprca Pepcb/BoyJ
(CD45.1) strain #002014 were purchased from the Jackson Laboratory. WT P14 mice carrying
the TCR transgene specific to the LCMV GP33 peptide were obtained from the Waterfield lab
and were backcrossed to C57/BL6 to maintain the line. Malat1-+ mice were bred to the P14 line
to generate Malat1-+ P14 mice. Male and female age and sex matched mice were used
between 5 to 12 weeks of age. All mice were housed and bred in specific pathogen-free
conditions in the Animal Barrier Facility at the University of California, San Francisco. Animal
experiments were approved by the Institutional Animal Care and Use Committee of the
University of California, San Francisco.

AGO2 HITS-CLIP

CD8+ T cells were isolated as below and stimulated for 3 days with aCD3 and aCD28
antibodies and grown with kool aid complete media. Subsequently the cells were rested and
expanded in kool aid complete media for 2 days supplemented with 100 U/mL recombinant
Human IL-2 (R&D Systems Cat# 202-I1L-010/CF). Subsequently, 1*10: cells were used to
prepare NGS libraries as described in (Gagnon et al., 2019) & (Loeb et al., 2012). Samples
were sequenced on HI-Seq 2500 (lllumina). 11 nucleotide adaptors were trimmed from each
read and resultant sequences were aligned to the mm10 genome using bowtie2 (Langmead and
Salzberg, 2012). To assure lack of miR-15/16 binding in Malat 1~ mice was not do to errors in
alignment, reads from Malat1-~ cells were aligned to a mm10 genome that contained a single
modification changing Malat1 from the WT allele to the Malat1-~ allele. To determine maximum

binding depth across the genome and to manipulate aligned files the samtools package was
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used (Li et al., 2009). To assess AgoZ2 binding, aligned HITS-CLIP reads were integrated across
the follow genomic annotations: INcCRNA genes from mouse Noncode v6
(http://www.noncode.org/download.php); miRNA target binding sites from TargetScan V7.2
(https://www.targetscan.org/cgi-bin/targetscan/data_download.mmu80.cgi); mm10 introns,
exons, 3'UTRs, and coding genes from UCSC genome table browser
(http://genome.ucsc.edu/cgi-bin/hgGateway?db=mm10). To assess differences in target binding
at specific 3’ UTR sites between WT and Malat1- cells, reads within each 3’ UTR were
normalized to the total reads contained in the given 3’ UTR for each genotype. To identify
regions of significant Ago2 binding above background, so-called “peaks”, we used the Piranha
algorithm (https://github.com/smithlabcode/piranha) on our HITS-CLIP. To remove sites from
analysis where confounding features were present, such as miRNA expression sites or rRNA
repeats, bedtools intersect was used to remove these features from annotation files (Quinlan,
2014). Human AHC data from publicly available datasets were trimmed and aligned to the Hg38
genome as previously described (Karginov and Hannon, 2013; Li et al., 2018).

Cell Transfer and Infections

Spleens were harvested from WT or Malat1-+ P14 CD45.2 mice into PBS and passed through
70 um strainers to generate a single cell suspension. Samples were then stained for live/dead
(apc-cy7), Thy1.2 (BV605), CD8a (apc), and TCRVa2 (pe). Whole splenocytes were then
transferred retro-orbitally (r.0.) into WT BoyJ (CD45.1) 7 week old male recipients such that
each recipient received 20,000 Thy1.2- CD8a- TCRVa2: cells in 200 uL PBS. To initiate LCMV
infections, mice were injected intraperitoneally (i.p.) with 2*10- plaque forming units (p.f.u.)
LCMV armstrong in 200 uL plain RPMI. LCMV virus was produced in house as described in
(Shehata et al., 2018). To initiate Listeria Monocytogenes infection, mice were injected r.o. with
2*10scolony forming units (c.f.u.) Listeria Monocytogenes-GP33 in 100 uL PBS. Listeria
Monocytogenes-GP33 was prepared in house as described in (Allen et al., 2020). Blood was

collected via submandibular bleeds with goldenrod 4 mm lancets collected into sample tubes
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coated with K2 EDTA (BD Ref# 365974) and 60 pL of blood was lysed with 500 uL of ACK lysis
buffer. To assay spleens and livers, mice were sacrificed and organs harvested. To assay
intracellular cytokine production, splenocytes were plated into 96-well u-bottom plates in
complete kool-AID media and stimulated for 6 hours with a final concentration of 0.2 mg/ml
GP33-41 (KAVYNFATM) in the presence of Brefeldin A.

Flow Cytometry

Spleens and livers were harvested into 2% FBS PBS with and passed through 70 pm strainers
to generate a single cell suspension. Samples were then spun at 450 r.c.f. for 5 minutes and
livers were resuspended in 20% Percoll. Percoll suspensions were spun at 741 r.c.f for 20
minutes at 25°C and the supernatants discarded. Cell pellets for both spleens and livers were
resuspended in 1 mL ACK lysis buffer and incubated at 4°C for 5 minutes. Lysis was stopped
with 5 mL 2% FBS PBS and samples again spun at 450 r.c.f. for 5 minutes. Samples were
resuspended in 2% FCS PBS and aliquoted into v-bottom 96 well plates. Live dead staining was
then performed using the fixable viability dye at 1:2000 in PBS. Subsequently, cells were
blocked with mouse Fc block 1:100 in 2% FCS PBS and stained for surface proteins with
directly conjugated antibodies diluted 1:100 in 2% FCS PBS. Stains were incubated for 20
minutes at 4°C protected from light. For surface stains alone, LCMV samples were fixed with
4% PFA for 5 minutes at 4°C. For intracellular stains, samples were fixed and permeabilized
according the the Transcription Factor Fixation Kit (Invitrogen Cat#00-5521-00). Intracellular
antibodies were diluted in 1:100 in permeabilization buffer and incubated at 4°C for 30 minutes.
All samples were spun at 821 r.c.f. for 5 minutes prior to being resuspended in 2% FCS PBS
with 1:10 AccuCount beads (spherotech Cat #ACBP-100-10) for analysis on either the BD LSR

Il or the BD LSRFortessa flow cytometry analyzer.
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Cell Isolation and In Vitro Functional Assays

CD8+ T cells were isolated from spleens using negative selection from the EasySep Mouse
CD8+ T Cell Isolation Kit (cat# 19853). Cells were counted using trypan blue staining and the
nexelcom cellometer spectrum. Cultures were started via stimulation with plate bound aCD3 (1
pug/mL, clone 2C11) and aCD28 (1 ug/mL, clone 37.51); plates coated overnight in PBS with
Ca++ & Mg++ at 4°C. Cells were plated in Kool AID complete media (DMEM high glucose
media supplemented with 10% FCS, pyruvate, nonessential amino acids, MEM vitamins, L-
arginine, L-asparagine, L-glutamine, folic acid, beta mercaptoethanol, penicillin, and
streptomycin) and spun at 450 r.c.f. for 5 minutes at 25°C to begin stimulation. For functional
assays cells were harvested 2 or 4 hours after stimulation for flow cytometry, or 24 hours after
stimulation for mMRNA-seq. For supernatant cytokine expression, plates were spun at 450 r.c.f.
for 5 minutes at 4°C 16 hours after stimulation and cell free culture medium was collected and

frozen at -80°C. TNFa (Cat #), IFNy (Cat #), and IL-2 (Cat #) were analyzed by ELISA.

miRNA gPCR

Spleens were harvested and single cell suspensions generated by passing through 70um
strainers. CD8+ T cells were isolated as above, and 2*10 cells were pelleted at 450 r.c.f. for 5
minutes at 4°C. Cell pellet was resuspended in 700 uL Trizol reagent (Ambion cat #15596018)
and kept at -80°C. RNA was was isolated using using the Direct-zol-96 RNA Kit (zymogen Cat
#R2054). This RNA was used as input to the Mir-X™ miRNA qRT-PCR TB Green® Kit (Takara
cat# 638316) to generate miRNA cDNA. Specific primers to miR-15a, miR-15b, and miR-16
were used to quantify those miRNA species on the QPCR MACHINE (eppendorf realplex:).
ribosomalRNA 5.8s was used as a housekeeping control for each sample. Each sample was
run in duplicate. To quantify miRNA expression technical duplicates were averaged and then
normalized to rRNA 5.8s by subtracting the rRNA 5.8s Ct value from miRNA Ct value (ACt).

Expression values reported are generated by 2.
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mRNA Sequencing

1*10: CD8+ T cells were harvested 24 hours after aCD3 + aCD28 stimulation as described
above. Cells were pelleted at 450 r.c.f. for 5 minutes at 4°C. Cell pellet was resuspended in 700
uL Trizol reagent (ambion ref #15596018) and kept at -80°C. RNA was was isolated using using
the Direct-zol-96 RNA Kit (zymogen Cat #R2054). The integrity of total RNA was checked on
Fragment Analyzer (Agilent, Cat. No. DNF-472), only RNA with RQN number of above 7 was
used for library construction. The starting quantity of 100ng of total RNA was used according to
vendor instructions with Universal plus mRNA with Nu Quant (TECAN, Cat. No. 0520), final
library PCR amplification was 17 cycles. After library completion, individual libraries were pooled
equally by volume, and quantified on Fragment Analyzer (Agilent, Cat. No. DNF-474).
Quantified library pool was diluted to 1nM and further diluted as per protocol and sequenced on
lllumina MiniSeq (lllumina, Cat. No. FC-420-1001) to check for quality of reads. Finally,
individual libraries were normalized according to MiniSeq output reads, specifically by % protein
coding genes and were sequenced on one lane of NovaSeq6000 S4 PE100 (lllumina, Cat. No.
20028313). Reads were aligned to the mouse genome GRCm38 and quantified using the STAR
aligner software version 2.7.2b. Read normalization and differential expression analysis was
performed in the R computing environment version 3.6.1 using the software DESeq2 version
1.26. For RNA sequencing analysis, FDR-corrected p-values were used to evaluate significant
differences between experimental groups using a significance threshold of 0.05. Lowly
expressed genes that had fewer than 2 reads per million on average across all samples were
removed from the analysis. Empirical cumulative density plots were made using the ggplot
package for R. Heatmaps and hierarchical clustering was performed via the gplots package for
R. Gene ontology analysis was performed using the statistical overrepresentation test for

Panther pathways (Mi et al., 2019).
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Statistical and Analytical Software

All flow cytometry data were analyzed using FlowJo (version 10). Statistical analyses and
plotting was performed using Graphpad Prism (Version 9.2.0) and R (version 4.2.1).

Data Availability and Software

Ago2 HITS-CLIP data uploaded to NCBI GEO accession #GSE216565.

MRNA sequencing data uploaded to NCBI GEO accession #GSE216113.

Code used to analyze HITS-CLIP data summed over annotations and peaks in WT cells can be
found at github.com/AnselLab/WT_HITS_CLIP_Analyses.

Code used to analyze relative binding densities of HITS-CLIP reads can be found at
github.com/AnselLab/Malat1_miR1516_AGO2_HITS_CLIP.

Code used to analyze mRNAseq data for both miR-15/16 target expression and CD28

responsive genes can be found at github.com/AnselLab/Malat1_miR1516_CD3CD28 RNAseq.
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Figure 2.1. Malat1 is highly bound by miR-15/16

CD8+ T cells were isolated from spleens, grown in vitro for 5 days, then Ago2 transcriptomic
occupancy was assayed via Ago2 HITS-CLIP.

(A-B) Transcriptome wide analysis of Ago2 HITS-CLIP libraries prepared from WT cells
(combined libraries n =2).

(A) Summed reads across entire annotations. Line indicates total reads across the Malat1
transcript. Malat1 was #8 most highly bound IncRNA annotation, which was in the top 0.0091%
of all IncRNA annotations analyzed with >0 HITS-CLIP reads.

(B) Ago2 HITS-CLIP peaks were identified and reads were summed within those called peaks
that intersected with the given annotation. Peaks were of variable length so summed reads were
normalized by peak length. Line indicates HITS-CLIP reads per nucleotide in the called peak
containing the miR-15/16 binding site in Malat1. This peak was the #121 most bound HITS-CLIP
peak in INncRNA peaks analyzed, which was in the top 2.3% of all evaluated peaks in IncRNAs.
(C) Ago2 HITS-CLIP binding to the mouse Malat1 locus reads from combined libraries shown (n
= 2 for each genotype). Grey bar indicates the peak containing the miR-15/16 binding site.
Black bars indicate regions identified as peaks by piranha. Blue bars indicate predicted binding
sites of MiIRNAs expressed in our data set from the miRTarget custom sequence prediction
algorithm. Grey bar indicates miR-15/16 binding peak.

(D) Local alignment of the human and mouse Malat1 sequences near the miR-15/16 conserved
binding site. Highlighting indicates the depth of evolutionary conservation of k-mers as predicted
by the IncLOOM algorithm (Ross et al., 2021).

(E)Ago2 HITS-CLIP binding to the human MALAT1 locus from publicly available data sets
(Karginov and Hannon, 2013; Li et al., 2018). Blue vertical bar indicates the conserved miR-
15/16 binding site.

(F) Schematic representing the creation of the Malat1- allele. Bases in red indicate the 5
nucleotides whose sequence was scrambled by CRISPR-Cas9 HDR to prevent miR-15/16
binding.
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Figure 2.2. Malat1 Inhibits miR-15/16 binding and suppressive activity

(A) Malat1 expression measure by RNA-seq from CD8+ T cells isolated from spleens and
stimulated with aCD3 and aCD28 for 24 hours ( WT n = 6, Malat1=+n =7, miR-15/16= n = 6,
miR-15/16=: n = 6; 1 experiment)

(B) miR-16, miR-15b, and miR-15a expression measured by miRNA qPCR from CD8- T cells
freshly isolated from spleens. Expression was determined relative to 5.8s ribosomal RNA
expression. Unpaired t-test performed to determine significance.

(C-D) TargetScan predicted miR-15/16 binding sites that contained at least one HITS-CLIP read
in both WT and Malat1-+ CD8- T cells were compared for depth of Ago2 HITS-CLIP reads.
First, reads at the predicted seed site were normalized by total Ago2 HITS-CLIP reads in a
given 3’ UTR. To best visualize all sites, logit transforms of these values are plotted. Paired t-
test performed to determine significance. Blue line indicates the identity line. Data for each
genotype are from combined libraries of n = 2 biological replicates.

(C) Comparison of WT and Malat 1=~ cells

(D) Comparison of WT and miR-15/16:2. Values to the left of the y-axis labeled with NB indicate
there was no bind detected at that site in the miR-15/16= cells.

(E-F) Cumulative density plots to determine changes in expression of miR-15/16 targets.
Targets determined by TargetScan predicted miR-15/16 mRNA targets that had at least one 3’
UTR site with reads in both WT and Malat1=+ CD8- T cells. Kolmogorov-Smirnov test used to
determine significant differences in the distributions of target and non-target genes.

(E) comparison of the Log.(FC) between WT and Malat 1=+ samples stimulated with aCD3 and
aCD28 for 24 hours

(F) comparison of the Log.(FC) between miR-15/16+ and miR-15/16+ samples stimulated with
aCD3 and aCD28 for 24 hours.

(G) Venn diagram of miR-15/16 target expression regulated in concordance with the Malat1-
miR-15/16 circuit. The blue circle indicates genes with WT vs Malat1~+ log.(FC) > 0 and the red
circle indicates genes with miR-15/16= vs miR-15/16= log.(FC) < 0. The purple overlap indicates
genes that meet both conditions and the grey indicates genes that do not meet either condition.
(H) Gene ontology analysis of the bound target set used above as well as genes regulated in
accordance with the Malat1-miR-15/16 circuit with the same conditions as in F. Enrichment
determined within the Panther Pathway annotations.

(*, p<0.05)
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Figure 2.3. The Malat1-miR-15/16 Circuit Increase CD28 Expression and Co-stimulation
induced Gene Expression

(A) Ago2 HITS-CLIP binding at the Cd28 locus. Sequencing libraries generated from CD8- T
cells isolated from spleens and cultured for 5 days (combined libraries from n = 2 for each
genotype). Grey bar indicates the peak containing the TargetScan predicted miR-15/16 binding
site.

(B) Schematic illustrating the assay scheme to assay acute gene expression downstream of
CD28 co-stimulation

(C) Representative flow cytometry plots of CD28 expression on naive (CD62L- CD44) CD8+ T
cells from spleens of unchallenged mice. Mean fluorescence intensity for the sample reported in
the upper right of the plot.

(D) Quantification of CD28 mean fluorescence intensity normalized to the relevant control.
(Malat 1+~ compared to WT from 3 independent experiments; miR-15/16= compared to miR-
15/162= from 2 independent experiments)

(E-H) Cumulative density plots comparing expression of CD28 responsive gene set defined as
genes from (Martinez-Llordella et al., 2013) with aCD3aCD28 vs aCD3 log.(FC) > 1.5 and
adjusted p value < 0.001. Kolmogorov-Smirnov test used to determine significant differences in
the distributions of target and non-target genes. aCD3 used at 1 yg/mL, and a CD28 used at 1
pg/mL.

(E) Comparison of CD28 responsive genes in WT vs Malat1-+ cells stimulated with aCD3 alone
(F) Comparison of CD28 responsive genes in WT vs Malat1s+ cells stimulated with aCD3 and
aCD28

(G) Comparison of CD28 responsive genes in miR-15/16" vs miR-15/16== cells stimulated with
aCD3 alone

(H) Comparison of CD28 responsive genes in miR-15/16+ vs miR-15/16 cells stimulated with
aCD3 and aCD28

(I-J) Heatmaps of CD28 responsive gene set expression by genotype and stimulation condition.
Dendrograms represent unbiased hierarchical clustering of the samples.

(I) Malat1==and WT samples compared with aCD3 + aCD28

(J) miR-15/16" vs miR-15/16~samples compared with aCD3 + aCD28

(*, p<0.05; **, p<0.01;***,p<0.001; ****, p<0.0001)
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Figure 2.4. The Malat1-MiR-15/16 circuit increases functional outcomes of CD28 co-
stimulation

(A-C) CDS8: T cells were isolated from spleens and stimulated with aCD3 and aCD28 antibodies,

results displayed are gated on activated cells (CD69- Nur77-)

(A) Representative histograms of CD69 and Nur77 expression 4 hours after stimulation

(B) Quantification of CD69 mean fluorescence intensity 2 and 4 hours after stimulation. Both
time points reflect statistically significant changes (p < 0.01) by ordinary one-way ANOVA,;

statistics displayed on graph represent results of post-hoc multiple comparisons of Malat 1= to

WT and miR-15/16« to WT. Data from 2 independent experiments, each normalized to WT
average value.

(C) Quantification of Nur77 mean fluorescence intensity 2 and 4 hours after stimulation. No
significant changes determined by ordinary one-way ANOVA. Data from 2 independent
experiments, each normalized to WT average value.

(D-F) Quantification of cytokine secretion into the supernatant by CD8- T cells isolated from
spleens, stimulated aCD3 + aCD28, and cultured 16 hours. Cell free supernatant protein
concentration measured by ELISA. Data from a single experiment

(D) Quantification of IL-2 secretion. By 2-way ANOVA, in both experiments there was a
significant (p < 0.0001) increase in IL-2 with the addition of aCD28 stimulation. But the only
significant (p = 0.0001) genotypic effect was increased IL-2 secretion in miR-15/16+ vs mir-
15/16m. Comparisons shown on plot are the results of post-hoc multiple comparison tests.
(E) Quantification of TNFa secretion. By 2-way ANOVA, in both experiments there was a
significant (p < 0.0001) increase in IL-2 with the addition of aCD28 stimulation. But the only
significant (p = 0.003) genotypic effect was increased IL-2 secretion in miR-15/16+ vs mir-
15/16m. Comparisons shown on plot are the results of post-hoc multiple comparison tests.
(F) Quantification of IFNy secretion. By 2-way ANOVA, in both experiments there was a
significant (p < 0.0001) increase in IL-2 with the addition of aCD28 stimulation. But no
genotypic effect was observed.

(*, p<0.05; **, p<0.01;***,p<0.001; ****, p<0.0001)
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Figure 2.5. Malat1 enhances memory T cell persistence following LCMV infection

background were transferred separately into congenic CD45.1 WT hosts. One day later the
recipient mice were infected with 5*10s p.f.u. |.p. lcmv armstrong. LCMV specific responses
were assayed by monitoring the transferred cells by flow cytometry in the blood, spleen, and
liver over time (data from two independent experiments per time point)

(A) Schematic of experimental design

(B) Representative flow plots to identify and quantify transferred cells

(C) Quantification of transferred P14 cell numbers at day 7 and day 31

(D) Representative flow plots of KLRG1 and CD127 expression on P14 cells at day 31 post
infection

(E) Quantification of P14 KLRG1- cells by percent of P14 and total numbers in spleen and liver
at day 7 and day 31 post infection

(F) Quantification of P14 KLRG1- CD127- by percent of P14 and total numbers in spleen and
liver at day 31 post infection

(G) Representative flow plots of CD43 and CD27 expression on P14 cells at day 31 post
infection

(H) Quantification of P14 CD43- CD27- t-Tem cells by percent of P14 and total numbers in
spleen and liver at day 31 post infection

(I) Quantification of P14 CD43- CD27- memory cells by percent of P14 and total numbers in
spleen and liver at day 31 post infection

Statistics displayed determined by unpaired t-test between Malat 1=~ and WT transferred cells
(*, p<0.05; **, p<0.01)
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Figure 2.6. Malat1 and miR-15/16 alter memory T cell differentiation following Listeria
Monocytogenes infection

miR-15/16" and miR-15/162: with a polyclonal TCR repertoire were directly infected with 2*10-
colony forming units (c.f.u.) r.o. Listeria monocytogenes-gp33 (LM-GP33). Genotypes on the
plots are indicated by dot color corresponding to the schematics in A and G. LM-GP33 specific
responses were then assayed in the spleen 31 days post infection (miR-15/16= n = 5 and miR-
15/16m n = 6 from a single experiment).

(A) schematic of experimental design

(B) Quantification of tetramer specific CD8 T cells in the spleen

(C-F) Quantification of tetramer specific subpopulations by percent of GP33+ and numbers for
(C) CD127- KLRG1, (D) CD127- KLRG1,, (E) CD27- CD43, and (F) CD27- CD43- populations
Malat1=~and WT cells containing the GP33 specific TCR transgene (P14) on the CD45.2
background were transferred separately into congenic CD45.1 WT hosts. One day later the
recipient mice were infected with 2*10 c.f.u. r.o. LM-GP33. LM-GP33 specific responses were
assayed by monitoring the transferred cells by flow cytometry in the spleen and liver at discrete
time points (data from a single experiment per time point).

(G) Schematic of experimental design

(H) Quantification of transferred P14 cell numbers at day 7 and day 31

(I-K) Quantification of P14 (I) CD127- KLRG1-, (J) CD43- CD27, and (K) CD43- CD27- cells by
percent of P14 and total numbers in spleen and liver at day 7

(L) Representative flow plots of KLRG1 and CD127 expression on P14 cells at day 31 post
infection

(M) Representative flow plots of CD43 and CD27 expression on P14 cells at day 31 post
infection

(N-Q) Quantification of P14 (N) KLRG1-, (O) CD127- KLRG1, (P) CD43- CD27-, and (Q) CD43-
CD27- cells by percent of P14 and total numbers in spleen and liver at day 31 post infection

(*, p<0.05; **, p<0.01;***,p<0.001)
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Figure 2.7. Malat1 Enhances Pro-survival Cues Downstream of T cell activation

background were transferred separately into congenic CD45.1 WT hosts. One day later the
recipient mice were infected with 2*10s p.f.u. |.p. lcmv armstrong or 2*10: c.f.u. r.o. LM-GP33.
Antigen specific responses were assayed by monitoring the transferred cells by flow cytometry
in the spleen.

(A-C) Bcl2 expression in transferred P14 cells in the spleen 7 and 31 days post infection for
both LCMV and LM-GP33. Data from two independent experiments per LCMV time point and a
single experiment per LM-GP33 time point.

(A) Representative flow cytometry plots of P14 KLRG1- CD127- cell Bcl2 expression 7 days post
infection. Numbers shown are mean fluorescence intensity.

(B) Representative flow cytometry plots of P14 CD43- CD27- cell Bcl2 expression 31 days post
infection. Numbers shown are mean fluorescence intensity.

(C) Quantification of Bcl2 expression producing cells by mean fluorescence intensity within the
indicated P14 subpopulation defined by KLRG1 or CD27 and CD43.

(D-E) Analysis of dead cells within splenic P14 CD43 and CD27 subpopulations at days 7 and
31 post LM-GP33 infection, data from a single experiment per time point.

(D) Representative flow cytometry plots of P14 subsets defined by CD43 and CD27. Numbers
shown represent percent of dead cells per the parent subpopulation

(E) Quantification of dead cells as a percentage of parent P14 subpopulation

(F-G) Analysis of IL-2 producing P14 subsets in the spleen via IL-2 capture assay at days 7 and
31 post infection for both LCMV and LM-GP33, data from a single experiment per infection per
time point.

(F) Representative flow cytometry plots of all P14 cells stained for KLRG1 and captured IL-2
from both infections at day 7. Numbers represent percent of cells in that quadrant of all P14
transferred cells.

(G) Quantification of IL-2 producing cells by percent of parent within the indicated P14
subpopulation defined by KLRG1 or CD27 and CD43.

Statistics displayed determined by unpaired t-test between Malat 1+~ and WT transferred cells,
where multiple tests were performed the Holm-Sidak method was used to correct for multiple
comparisons (*, p<0.05; **, p<0.01)
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Figure 2.S1. Malat1°**" allele does not disrupt other miRNA families

TargetScan predicted binding sites for highly expressed microRNA families in T cells that
contained at least one HITS-CLIP read in both WT and Malat1=~ CD8- T cells were compared
for depth of Ago2 HITS-CLIP reads. First, reads at the predicted seed site were normalized by
total Ago2 HITS-CLIP reads in a given 3' UTR. To best visualize all sites, logit transforms of
these values are plotted. Paired t-test performed to determine significance. Blue line indicates
the identity line. Data for each genotype are from combined libraries of n = 2 biological
replicates.

(A) Predicted sites for let-7-5p

(B) Predicted sites for miR-21-5p

(C) Predicted sites for miR-101-3p

(D) Predicted sites for miR-142-3p
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Figure 2.S2. CD28 responsive genes are induced by aCD28 stimulation in all genotypes
tested

Cumulative density plots comparing expression of CD28 responsive gene set defined as genes
from (Martinez-Llordella et al., 2013) with aCD3aCD28 vs aCD3 log.(FC) > 1.5 and adjusted p
value < 0.001. Kolmogorov-Smirnov test used to determine significant differences in the
distributions of target and non-target genes. aCD3 used at 1 ug/mL, and a CD28 used at 1
pug/mL. Data are from a single experiment with n=6 for each genotype and stimulation condition
combination.

(A) Comparison of CD28 responsive genes in WT cells

(B) Comparison of CD28 responsive genes in Malat1== cells

(C) Comparison of CD28 responsive genes in miR-15/16+ cells

(D) Comparison of CD28 responsive genes in miR-15/162 cells
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Figure 2.S3. Malat1 Regulates Memory Formation in Unchallenged Poly Clonal Animals

Cells were isolated from the spleens of young, age-matched, naive mice and analyzed by flow
cytometry for CD44 and CD62L to delineate naive, effector memory, and central memory cells.
Results shown are gated on CD8- CD5- lymphocytes. Data for Malat1-=+ and WT cells are from
3 independent experiments. Data for miR-15/16» and miR-15/16+ cells are from 2 independent
experiments. Statistics displayed determined by unpaired t-test between Malat1<« and WT cells
or between miR-15/16= and miR-15/16 cells (*, p<0.05; **, p<0.01)

(A) Representative flow cytometry plots of CD44 and CD62L for each genotype assayed.
Percentages shown are of CD8+ population.

(B) Quantification of naive cells (CD62L- CD44-)

(C) Quantification of central memory cells (CD62L- CD44-)

(D) Quantification of effector memory cells (CD62L- CD44-)
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Figure 2.S4. Malat1 is epistatic to miR-15/16 in the regulation memory cell expansion
following LCMV infection

Polyclonal mice of the miR-15/16w=, miR-15/16=:, and Malat1-+-;miR-15/16=: genotypes were
directly infected i.p. with 5*10s p.f.u. |.p. lcmv armstrong. Antigen specific responses were
tracked in the blood and spleen using the GP33 tetramer at day 7 and day 31 post infection.

(A) Representative flow cytometry plots illustrating the gating on antigen specific cells using
CD44 and GP33

(B) Quantification of GP33+ cells in the blood at day 7

(C) Quantification of GP33+ cells in the spleen at day 31 by absolute numbers and percent of
the CD8+ T cell population

(D) Representative flow cytometry plots of KLRG1 and CD127 expression at day 31 in the
antigen specific cell population

(E) Representative flow cytometry plots of CD27 and CD43 expression at day 31 in the antigen
specific cell population

(F) Quantification of KLRG1- antigen specific cells in the blood at day 7 by relative percentage
and absolute numbers

(G) Quantification of KLRG1+ antigen specific cells in the spleen at day 31 by relative
percentage and absolute numbers

(H) Quantification of CD43+ CD27+ memory cells in the spleen at day 31 by relative percentage
and absolute numbers

(I) Quantification of CD43- CD27- t-Tem cells in the spleen at day 31 by relative percentage and
absolute numbers
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Tables

Table 2.1. IncRNAs with the most AHC reads

Noncode Gene Total Reads Chromosome | Alias No

ID te

NONMMUGO0183 | 4766634 17 ENSMUSTO000 [ Contains rRNA

30.3 001984771 repeat

NONMMUG0443 | 2291785 M mt-Rnr2 Overlaps mt-ND1

54.2

NONMMUGO0443 | 1208170 M mt-Rnr1

53.2

NONMMUGO0763 | 1012732 6 Overlaps and best

21.1 aligns to
NONMMUGO034479
2

NONMMUGO0344 | 1012015 6 Overlaps and best

78.3 aligns to
NONMMUGO034479
2

NONMMUGO0344 | 1011610 6 Contains rRNA

79.2 repeat

NONMMUGO0079 | 785970 11 Intronic of

38.3 Gm36876, contains
rRNA
repeat(Weirick et
al., 2016)

NONMMUGO0206 | 383447 19 Malat1

71.2

NONMMUGO0157 | 336664 16 Intronic of Zc3h7a,

81.2 contains rRNA
repeat

NONMMUGO0443 | 317822 9 Contained in Lars2

21.2 3’ UTR, contains
rRNA repeat
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Table 2.2. IncRNAs with the most AHC reads that do not align to rRNA repeat elements

Noncode Gene ID | Total | Chromosom | Alias Note
Reads | e

NONMMUGO018330 | 68887 | 17 ENSMUSTO00000198477 | Partially anti-sense

3 5 A to XR_877120.2,
binding extends
beyond rRNA repeat

NONMMUGO020671 | 38344 | 19 Malat1

2 7

NONMMUG094408 6 Contains B4A/B3

A 296723 SINE, binding
restricted to SINE

NONMMUGO005751 | 29139 | 11 Intronic of Dock2,

2 3 contains multiple
RLTR44-int repeat
elements, binding
restricted to RLTRs

NONMMUGQ094727 28932 |6 Contains B4A/B3

A 6 SINE, binding is
restricted to repeats

NONMMUGO014644 | 24100 | 15 Pvt1 Many repeats, but

3 5 binding is not
restricted to any
definite subset

NONMMUGO096664 |22983 | 15 PVi1 Splice variant of

A 4 NONMMUG014644.
3

NONMMUG024327 (22268 |2 Oip50s1, Cyrano Well described in

3 6 (Han et al., 2020)

NONMMUG026716 | 20763 | 3 Overlapping Mbnl1

2 1

NONMMUGO094659 | 19626 | 6 Overlapping Foxp1

A 9
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Table 2.3. T Cell Activation Genes Affected by Malat1-miR-15/16 Circuit

T Cell Activation Genes Affected by Malat1-miR-15/16 Circuit

Sos2

Mapk8

Cdz8

Nfatc3

Mapk9

Pik3r1

Braf

Vav2

Cdc42
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Table 2.4. Key Reagent Table

Reagent | Source Detail Catalog #

IL-2 Invitrogen 5018280

ELISA

TNFa Invitrogen BMS607-3

ELISA

IFNy R&D MIF00

ELISA Systems

IL-2 Miltenyi 130-090-987

Secretion | Biotec

Assay

APC

Malat1 Dharmaco | Sequence -

CRISPR |n GCATTCTAATAGCAGCAGAT

Guide 1

Malat1 IDT Sequence -

HDRT ACAGACCACACAGAATGCAGGTGTCT

Ultramer TGACTTCAGGTCATGTCTGTTCTTTGG
CAAGTAATATGTGCAGTACTGTTCCAA
TCTGTCCTGATTAGAATGCATTGTGAC
GCGACTGGAGTATGATTAAAGAAAGT
TGTGTTTCCCCAAGTGTTTGGAGTAGT
GGTTGTTGGAGGAAAAGCCATGAGTA
ACAGGCTGAGTGTT

anti- invitrogen | Clone-A7R34 12-1271-83

CD127

PE

anti- invitrogen | Clone-A7R34 11-1271-82

CD127

FITC

anti- BioLegend | Clone-104 109839

CD45.2

BV785

anti- BioLegend | Clone-A20 110724

CD45.1

Alexa

Fluor 700
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Reagent | Source Detail Catalog #
anti- BD Clone-30-H12 740334
CD90.2 Bioscience

BV605 S

anti- eBioscienc | Clone-53-2.1 48-0902-80
CD90.2 es

eFluor

450

anti- eBioscienc | Clone-IM7 25-0441-82
CD44 es

PE-Cy7

anti- eBioscienc | Clone-LG.7F9 17-0271-82
CD27 es

APC

anti- eBioscienc | Clone-LG.7F9 11-0271-82
CD27 es

FITC

anti-Bim | Cell Clone-C34C5 12186S
PE Signaling

anti- BioLegend | Clone-1B11 121224
CD43

Percp-

Cy5.5

anti- BD Clone-104 560696
CD45.2 Bioscience

PE-Cy7 |s

anti- BioLegend | Clone-A20 110743
CD451

BV785

anti-Bcl2 | BioLegend | Clone-BCL/10C4 633510
Alexa

Fluor 647

anti-Bim | Cell Clone-C34C5 28997S
Alexa Signaling

Fluor 700

GP33 NIH Peptide: KAVYNFATM 57624
Tetramer | Tetramer

PE Core
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Reagent | Source Detail Catalog #
anti- BD Clone-2F1 564014
KLRG1 Bioscience

BV711

Fixable eBioscienc 65-0865-14
Viability |e

Dye

eFluor

780

anti- BD Clone-53-6.7 612898
CD8a Bioscience

BV805

anti- BioLegend | Clone-E18 122008
CD28

FITC

anti- Invitrogen | Clone-H1.2F3 17-0691-82
CD69

APC

anti- Invitrogen [ Clone-12.14 12-5965-80
Nur77 PE

anti- BD Clone-MEL-14 563252
CD62L Bioscience

BV605 S
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Chapter 3 - High Dimensional Profiling Resolves Alveolar

Inflammation in Allergen Challenged Allergic Asthmatics

Abstract

Asthma is a chronic inflammatory disease affecting over 300 million people worldwide. This
disease has multiple clinical presentations with multiple underlying etiologies. A major endotype
of asthma is characterized by high type 2 responses to allergens. In this study we conducted
segmental bronchoscopies following allergen exposure in allergic asthmatics to dissect airway
responses to allergen. Using high dimension cytometry by time of flight (cytof) we identify with
high resolution the immune landscape before and after allergen challenge and the heterogeneity
present between subjects. This heterogeneity generally falls along a type 1/ type 2 axis. In the
type 2 high individuals we find allergen reactive, systemically present Th2 cells by using TCR
sequences to barcode clones between assays. Further, in the myeloid compart we identify a
chemokine axis highlighted by CCL17 and CCL22 that drives T cell infiltration beyond the
clearly defined Th2 cells. This type of study provides critical confirmation and resolution of
observations made in murine systems and will provide insight into the efficacy and mechanisms

of current and future therapeutics for this critical disease.

Introduction

Asthma is a chronic disease of the airways affecting 334 million people with 250,000
deaths worldwide (GBD Chronic Respiratory Disease Collaborators 2020). Asthma is
characterized by chronic inflammation in the airways leading to coughing, chest tightness, and
airway obstruction (Padem and Saltoun 2019). In addition to episodic bronchospasm and
heightened inflammation, other hallmark features of asthma include excess mucus production

and airway remodeling leading to chronic obstruction and the loss of lung function (Tang et al.
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2022). To combat these issues patients are maintained on inhaled steroids and treated with
systemic steroids during acute exacerbations (Lin et al. 2018). The therapeutic landscape for
these patients has broadened in recent years with the advent of biologics directly targeting
cytokines and receptors essential to asthma pathology such as TSLP, IL-5, and IL-4 and IL-13
via their shared receptor IL-4RA(Wenzel et al. 2016; Gauvreau et al. 2014; Menzies-Gow et al.
2003). However, these therapies are expensive, require frequent injections, and work best in

only a subset of patients with asthma (Moran and Pavord 2020).

The success of these therapies highlights that type 2 inflammation is a hallmark and
critical component of asthma. However, there is significant heterogeneity present in this patient
population (Fitzpatrick et al. 2011; Haldar et al. 2008; Moore et al. 2010). Type 1 and type 17
high subgroups of patients have elevated IFNg or IL-17 expression in the airways (Raundhal et
al. 2015; Chakir et al. 2003; Bullone et al. 2019; Ricciardolo et al. 2017). This results in these
patients also exhibiting increased neutrophils in the airways (Ricciardolo et al. 2017; Bullone et
al. 2019). In contrast to these subjects, there is a large portion that exhibit high levels of type 2
inflammation. The heterogeneity present in these subjects extends to several biological levels.
In the lung epithelium, type 2 high individuals have been defined by gene expression changes
such as the increased expression of POSTN, CLCA1, and serpinB2 which are specifically IL-13
responsive genes (Bhakta et al. 2013). These subjects also have altered cellular differentiation
states in the immune system. As asthma is marked by increased serum IgE level, B cells must
differentiate into IgE producing plasma cells, which is driven by IL-4 and IL-13 exposure from
Th2 cells (Hammad and Lambrecht 2021). This further extends to the prevalence of cell types
with type 2 high individuals exhibiting increased presence of eosinophils in the blood and

sputum (Dunican et al. 2018; Castro et al. 2018).
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While many studies have been conducted in mice and humans, understanding how all of
these facets manifest in clinical settings in resolution achieved by modern experimental
techniques has only been recently achieved (Gavala et al. 2013; Till et al. 1998; Bodey et al.
1999; Alladina et al. 2023). In particular it is important to further understand how allergen
exposure in particular induces allergic responses in the local lung environment. To address this
gap we performed a clinical study of allergen exposure in allergic asthmatics. In this study we
then utilized high dimensional techniques to create atlases of the local lung environment after
allergen exposure. Using directional bronchoscopy we could investigate the allergic response in
a paired fashion within a single subject. This revealed that type 2 helper T cells are specifically
allergen responsive and elevated in subjects with other characteristics of type 2 inflammation
including alveolar eosinophilia and allergen specific blood IgE. Further, this study establishes
the inflammatory axes present between infiltrating monocyte derived populations, the
chemokine environment they establish, and the resultant ingress of T cell and other lymphocyte

populations.

Results

High Dimensional Cytometry Defines Type 1 - Type 2 Axis in Airway Remodeling Upon

Challenge

The local tissue inflammation of asthma necessitates a deep understanding of how the
lung epithelium and alveolar space responds to the presence of allergens. Further, asthma has
been characterized as a disease with heterogeneous manifestations in the human population
(Fitzpatrick et al. 2011; Haldar et al. 2008; Moore et al. 2010). We sought to deeply probe how
human asthmatics respond to allergen by conducting a study of segmental allergen challenge.
The study was conducted over the course of three clinical visits, schematized in [Figure 3.1.A].

Subjects were enrolled with stable or well controlled asthma, not on inhaled corticosteroids.
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Enrolled asthmatic subjects were between the ages of 18 to 50, had a baseline FEV1 > 75% of
predicted, a methacholine PC20 < 8 mg/mL, and skin reactivity to either house dust mite
Dermatophagoides pteronyssinus (HDM) or cat dander. Subjects that were either not allergic or
not asthmatic, but met other study criteria were also enrolled as a control group. In the first
clinical visit (V1), to assess allergen specific responses subjects first underwent skin prick
testing to determine allergic reactivity to HDM or cat dander (cat). Also, in V1 quantitative skin
prick testing was done to determine threshold allergen concentration to elicit an allergic
response in the subject. In the second visit, the following experimental baseline samples were
collected: bulk RNA from peripheral blood, pulmonary function spirometry, and via endoscopy
epithelial brushing and bronchoalveolar lavage (BAL). Subsequent to sample collection
directional bronchoscopy was used to administer the appropriate allergen into one segment of
the lung while PBS diluent was administered into a contralateral segment. Visit 3 followed either
1 day or 7 days after visit 2 and the sample clinical samples were collected yielding paired
allergen challenged (AC) and diluent challenged (DIL) samples from the same subject.

First examining the returned BAL fluid, allergen challenge induced significant cellular
infiltration into the alveolar space [Figure 3.1 b]. The cellular composition, examined by cytospin
slides, was significantly changed by visit 3 allergen challenge for both the day 1 and day 7 time
points [Figure 3.1 ¢ & d]. In both time points, this change was dominated by an increase in
eosinophils which resulted in a proportional decrease in macrophages, which were the dominant
population at baseline [Figure 3.1 c&d]. While eosinophil infiltration was the clearest allergen
responsive change, there was significant heterogeneity observed between subjects with some
experiencing neutrophil and/or lymphocyte infiltration [Figure 3.1 c&d]. There was no clear
relationship between eosinophilic and neutrophilic inflammation in the baseline and diluent
samples [Figure 3.1 e]. However, allergen challenge resulted in a clear negative correlation

between the proportion of eosinophilic and neutrophilic inflammation [Figure 3.1 e].
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The cytospin slides indicated a significant remodeling of the alveolar cellular space, so
we sought to deeply characterize all potential immune populations. To do so, we employed high
dimensional cytometry by time of flight (cytof) due to its ability to deploy high dimensional panels
at scale (Nassar, Wisnewski, and Raddassi 2016). We developed a panel of 34 markers to
distinguish 13 distinct cell types in the lung [Table S3.2]. Using this analysis we could accurately
delineate these cell types in the BAL samples from all visits of the study and the significant
remodeling of the alveolar cellular space that was observed by the cytospin slides was
replicated [Figure 3.2 a & b]. To capture the diverse changes to the cellular landscape we used
the quantifications from the cytospin slides in addition to those from cytof to perform principal
component analysis (PCA) [Figure 2 3.c]. PCA revealed that the V3 diluent samples contained a
similar cellular composition as evidenced by their close relationship on the plot [Figure 3.2 c].
The V3 allergen challenged samples, however, appeared to diverge away from the V3 diluent
samples in two distinct directions [Figure 3.2 c]. We then repeated this analysis using only the
allergen challenged samples, and we observed that the samples largely skewed along principle
component 1, which represented 21.6 % of the variance in the samples [Figure 3.2d]. We then
examined how the measured variables contributed to the first to principal components [Figure
2e]. This revealed that the dichotomy between neutrophils and eosinophils observed in the
cytospin slides extended to other cell types indicating modules of type 1 and type 2
inflammation induced by the allergen challenge [Figure 3.2e]. Along the negative values of PC1
we find the non-allergic samples which are high in neutrophils, monocytes, and macrophages
[Figure 3.2 d&e]. Along the positive values of PC1 we find several of the day 7 samples which
are high in eosinophils but also type 2 associated cells such as basophils and ILC2s [Figure 3.2
d&e]. Allergen specific IgE is a classic biomarker for elevated type 2 inflammation and plays a
key role in the activation of dendritic cells, basophils, and mast cells (Siracusa et al. 2013;
Platzer, Stout, and Fiebiger 2015; Choi et al. 2005; Tanaka and Furuta 2021). To further assess

the steady state level of allergen specific type 2 inflammation we measured the amount of IgE
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specific antibodies in the blood at baseline at visit 2. In the HDM reactive patients, few
contained cat dander specific IgE, but all contained detectable HDM specific IgE [Figure 3.2
f&g]. When examining all the subjects, the concentration of IgE appeared to correlate with the
value of PC1 derived from the cytof and cytospin data [Figure 3.2 g]. However, the inclusion of
all samples including those of different time points and allergen reactivities, can confound this
interpretation. To better visualize this correlation, we examined the relationship between PC1
and HDM specific IgE in only the HDM reactive subjects at the day 1 time point [Figure 3.2 h].
This analysis more clearly demonstrated that those subjects with high IgE levels tended to have
high PC1 values as well, demonstrating that the type 2 high inflammation present in the local
lung environment was reflective of a high level of systemic type 2 inflammation prior to allergen
challenge [Figure 3.2 h].
IL-13 responsive genes are induced in the epithelium by allergen challenge

While remodeling the alveolar cellular environment is a key response to allergen, the
alveolar and lung epithelium constitute a key barrier surface and one of the first to respond to
allergen exposure (Duchesne, Okoye, and Lacy 2022; Siddiqui et al. 2021; Invernizzi, Lloyd,
and Molyneaux 2020). To assess the status of the epithelium in these subjects, we collected
epithelial brushings of the epithelium from V2 BL, V3 DIL, and V3 AC lung segments and
performed bulk RNA sequencing. To assess the effect of allergen challenge we performed
differential gene expression (DEG) analysis between the allergen challenged samples and
compared this to gene sets derived from cytokine treatment of air-liquid-interface cultures of
epithelial cells [figure 3.3 a-c] (Koh et al. 2023). Gene set enrichment from both allergic
asthmatics and allergic non-asthmatics indicated that an IL-13 responsive gene signature was
induced by allergen challenge compared to baseline [Figure 3.3 a&b]. Interestingly, only in the
allergic non-asthmatics allergen challenge also induced a gene signature associated with IL-17
responsive genes [Figure 3.3c].

Given that the IL-17 gene set was only responsive in the allergic non-asthmatics we
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sought to more broadly characterize if allergic asthmatics and allergic non-asthmatics exhibited
similar gene expression patterns upon allergen challenge. We then examined genes that were
differentially expressed (by a raw p value cut off of p<0.05) between allergen challenge and
baseline in each population [Figure 3.3d]. There were few DEGs shared between the
populations (only 19 out of the total 1026), and this trend continued when DEGs were
considered not only between allergen challenge and baseline but also allergen challenge and
diluent [Figure 3.3d&e]. If we considered the DEGs which were present in both populations
there were no clear modules present in DEGs that were either upregulated or downregulated in
each population [Figure 3.3f]. However, we did note that IL13RA1 was specifically up in only the
allergic asthmatic group and /L 17RA was specifically only up in the allergic non-asthmatic group
[Figure 3.3d].

This apparent difference in cytokine response led us to investigate what role individual
heterogeneity played in the expression of specific type 2 associated genes in the lung
epithelium. Previous work has established that periostin, CLCA1, and serpinB2 can be used as
a three gene mean to establish type 2 high individuals (Bhakta et al. 2013). We then calculated
this measure from our RNAseq data [Figure 3.3 e-g]. While allergen challenge did not increase
this measure above baseline or diluent, we found that this measure was highest among the
individuals with the highest PC1 score [Figure 3.3 e-g]. This provides further support for the
consistent elevated type 2 inflammation present in those individuals irrespective of allergen
challenge. We then hypothesized that this elevated type 2 status would drive persistent gene
expression changes in these individuals. We then subsetted the individuals into type 2 high and
type 2 low status (PC1 > 0 or PC1 < 0) and performed DEG analysis. At baseline, GO terms
representing DEGs elevated in the type 2 high group reflect multiple pathways relating to protein
targeting and trafficking, which is likely reflective of increased secretory cell composition of the
epithelium [Figure 3.3h]. In the allergen challenged samples, the most enriched GO terms

contained some similar terms (SRP-dependent cotranslational protein targeting to membrane),
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but largely consisted of terms related to leukocyte activation and degranulation [Figure 3.3i].
The enrichment of these terms likely reflects the infiltration of eosinophils, neutrophils, T cells,

and other leukocytes and these populations being collected with the brushings.

Allergen Challenge Induces Systemically Present Allergen Reactive Th2 Clone Alveolar

Infiltration

Allergen challenge clearly induced stereotypical signs of type 2 inflammation in the
alveolar space which were elevated in individuals with indications of persistent systemic type 2
inflammation. Thelper cells are an essential component of inducing and amplifying type 2
inflammation; however, in our cytof data we were not able to clearly resolve T cell subsets
based upon chemokine receptor expression, as done previously (Strazza and Mor 2017; Lloyd
and Hessel 2010). To further resolve the Thelper cell compartment we performed single cell
MRNA sequencing (scRNAseq) and single cell TCR sequencing (scTCRseq) on a subset of
samples from HDM challenged individuals. To do so, we developed a sorting strategy to enrich
CD4+ T cells from frozen samples which were then analyzed in a multiplexed fashion [Figure
3.S1].Utilizing this strategy we could clearly resolve multiple CD4+ T cell subsets including Th1
cells marked by CXCR3, TNF, and IFNG expression; undifferentiated and naive cells marked by
CCRY7, SELL, and IL7R expression; regulatory T cells (Treg) marked by FOXP3, TNFRF18, and
IL2RA expression; cytotoxic -like cells marked by GZMB expression; interferon responsive cells
marked by expression of multiple interferon responsive genes such as IFI6; cycling cells marked
by MKI67 expression; and Th2 cells marked by GATAS3, IL5, IL13, and IL4 expression [Figure
3.4 a-c]. Given that we could resolve the cellular phenotypes to this resolution, we then
determined the fraction of each sample represented by each cluster [Figure 3.4 d&e]. We
observe that allergen challenge generally skewed the T cell landscape from one predominantly

composed of Th1 cells to one predominantly composed of undifferentiated/naive cells [Figure
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3.4 e]. While the changes did not reach statistical significance, the Th2 cluster was nearly
exclusively found in the allergen challenged samples [Figure 3.4 d&e]. Given the large
prevalence of Th1 type cells in the diluent samples and undifferentiated/naive cells in the
allergen challenged samples we calculated the single cell gene enrichment score for the gene
set defining human tissue resident T cells [Figure 3.4 f] (Kumar et al. 2017). The Th1 cluster had
the highest average value for this score with the undifferentiated/naive cluster having the lowest
and the Th2 cluster having a score significantly lower than the Th1 cluster [Figure 3.4g]. This
score stratification likely reflects that the undifferentiated/naive cells and Th2 cells are more
recent entrants into the lung microenvironment as opposed to the Th1 cells which are present
and activated in a non-allergen specific manner.

In addition to gene expression analysis, we also performed scTCRseq to evaluate the
clonal response within the CD4+ T cell compartment. In this analysis we define a TCR clone as
a unique TCRa and TCRf pair, and an expanded clone as a TCR clone that was present in
more than one cell. When we plot the distribution of TCR clones across the scRNAseq space
we found that expanded clones were present in both allergen challenge as well as diluent at
both the day 1 and day 7 time points [Figure 3.5 a&b]. We find a strongest presence of
expanded clones in the Th1, Th2, and Treg clusters [Figure 3.5 a&b]. Further, the fraction of
each cluster and the number of cells belonging to a particular expanded clone were increased in
the day 7 samples compared to the day 1 samples in the Th1, Th2, and Treg clusters[Figure 3.5
b&c]. These clonal characteristics strongly indicated evidence of TCR activation and clonal
expansion in the Th1, Th2, and Treg clusters while a lack of these characteristics in
undifferentiated/naive cluster was in accordance with the gene expression signatures observed.

To test if these cells were indeed antigen reactive we employed an activation induced
marker assay (Bacher et al. 2016; Bacher and Scheffold 2013). We re-stimulated these samples
with HDM extract or PBS vehicle for 8 hours ex vivo which we then stained with a panel of

TotalSeqC antibodies and then performed scRNAseq and scTCRseq after enriching for CD4+ T
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cells by flow cytometry [Figure3. 5 d]. The clusters identified by scRNAseq after this stimulation
now had a distinctly different organization as compared to the samples directly assayed [figure
3.5 e]. After stimulation, the data were primarily organized around activation status rather than
cytokine expression profile [Figure 3.5 e]. Specifically within the clusters with high CD69
expression the cluster which we call "activated 1" contained the highest expression of CD40
ligand gene and protein expression as well as NR4A1 gene expression consistent with this
cluster containing the most TCR specific activation [Figure 3.5 e &f]. We also differentiate
FoxP3 expressing cells into multiple clusters with the cluster deemed "Treg 2" containing the
highest IL2RA gene expression and CD137 protein expression indicating this cluster is most
likely antigen reactive Tregs [Figure 3.5 e&f]. Further the clusters deemed activated in both the
Tconventional and Treg sets had increased prevalence in the stimulated samples and the
expression of activation induced genes increased as well indicating the specific activation
induced by the HDM stimulation [Figure 3.5 f&g]. We then leveraged scTCRseq to trace clones
found in both the directly assayed data set and the stimulated data set. In the directly assayed
data set, TCR clones were generally cluster restricted [data not shown]. We then defined a
direct assay phenotype for each TCR clone as the direct assay cluster which contained the
most cells from that particular clone. We then annotated the stimulated data set clones by the
direct assay phenotype of that clone [Figure 3.5 h]. In this mapping, we find that the directly
assayed Th1 clones occupy all of the non-Treg clusters with the strongest representation in the
activated clusters in the activated data set [Figure 3.5h]. Those Th1 clones in the activated
clusters had the highest expression of IFNG, TNF, IL12, and NR4A1 [Figure 3.5i]. The directly
assayed Th2 clones were similarly disparately distributed, but only a minority of cells were
contained within the activated cluster and in particular the activated 1 cluster [Figure 3.5j].
Those Th2 clones that were contained in the activated 1 cluster expressed the highest
expression of all three major Th2 cytokines IL-5, IL-4, and IL-13 as well as NR4A 1 expression

[Figure 3.5k]. The directly assayed undifferentiated/naive clones were primarily found in the
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unactivated clusters in the stimulated assay and those few cells found in the activated clusters
did not have strong cytokine or NR4A1 expression, supporting their unreactive, undifferentiated
state [Figure 3.51]. The directly assayed Treg clones predominantly were found in the FOXP3
expressing clusters in the stimulation assay and dominantly in the Treg2 cluster that exhibited
CD137, NR4A1, IL10, and EBI3 expression [Figure 3.5h&m]. These data indicate the stability of
the Treg phenotype and that many of the Treg clones were indeed antigen specific.
Surprisingly, while Th2 cells represented the most allergen specific population in the
directly assayed samples, clones from both the Th1, Th2 and Treg directly assayed clusters
indicated gene expression patterns consistent with TCR activated and antigen specific
reactivity. We then sought to determine if these clones exhibited systemic indications of
activation. We performed bulk TCR sequencing from RNA isolated from peripheral blood and
found that many of the TCRs found in both the directly assayed samples and the ex vivo
stimulated samples were found in the blood both before and after in vivo allergen challenge
[Figure 3.5 n-p]. We found two day 7 samples, with high type 2 inflammation by PC1, where
TCRas associated with Th2 cells were enriched in the blood during visit V3 compared to V2
[Figure 3.5q]. Interestingly, the most enriched TCRs were the Th2 clones with an activated
phenotype in the ex vivo stimulation assay [Figure 3.5q]. While certain individual clonotypes
displayed enrichment post challenge we do not observe this trend consistently in clones that are
either unactivated or belong to the Th1 or Treg clusters in the directly assayed data set [Figure
3.50-s]. We observe a very similar pattern in the blood frequencies of the corresponding TCRf
for these same TCR clones [data not shown]. These results indicate that allergen reactive Th2
cells are difficult to find in the airways of human asthmatics, but are most likely to be found at
day 7 post allergen exposure in individuals with high levels of type 2 inflammation. Further, as
these TCRs are present in the blood prior to allergen exposure indicates that these allergen
reactive clones are systematically present and their expansion is not limited to the local lung

environment of allergen exposure.
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Allergen induces chemokine expressing monocyte derived populations that help to

recruit T cells

When we assayed a subset of samples in which we enriched CD4+ T cells, we also
assayed other cells in the sample separately by scRNAseq. However, the large number of
granulocytes, particularly eosinophils and neutrophils, presented a technical challenge in
generating quality sScRNAseq data. To address this issue, at the same time as we used flow
cytometry to sort and enrich CD4+ T cells we used the same sorting strategy to enrich for all
leukocyte populations that were not CD4+ T cells, neutrophils, and eosinophils [Figure 3.S1]. In
the subsequently enriched cells, we identify 9 cell type clusters, by unbiased nearest neighbor
clustering, including cells in both the myeloid and lymphoid compartments of the immune
system [Figure 3.6 a-c]. We identify 4 primary myeloid clusters, with 3 representing a spectrum
of macrophages and 1 representing dendritic cells [Figure 3.6a-c]. The dendritic cells appear to
be infiltrating via a monocyte precursor due to the expression of CD1A, FCER1A, and CXCR4
[Figure 3.6 a-c] (Collin and Bigley 2018). The macrophage clusters identified across all clusters
expressed MARCO and MRC1, but unbiased analysis indicated that CXCR4, FABP4, CD14,
VCAN, CCL2, and CCL13 were expressed in patterns unique to each cluster [Figure 6a-c]. Of
particular interest, the cluster high for chemokine expression demonstrated some hallmarks of
M2, or alternatively activated, macrophages which have been speculated to be important in
allergic disease [Figure 3.6 a-c] (Saradna et al. 2018). Further, this cluster also appears to be
monocyte derived due to the high expression of CD 14 [Figure 3.6 b&c]. The other two major
macrophage clusters were defined by high FABP4, MARCO, and MRC1 suggesting these may
be the tissue resident alveolar macrophages [Figure 6 b & c] (Liang et al. 2019). The final
macrophage clusters identified are interferon responsive with high expression of SIGLECT, a
gene shown to be induced by viral infection of macrophages [Figure 3.6 b&c](Herzog et al.

2022). The final myeloid cluster present closely associated with other macrophage clusters,
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contained very few cells, and was marked by CYP2S1 and ITGA3 expression [Figure 3.6 b&c].
In the first analysis of all cells, we are able to delineate a clear B-cell cluster (marked by MS4A1
and JCHAIN expression) and a mixed cytotoxic lymphocyte cluster by the combined expression
of CD8A, TRDC, and NKG7 [Figure 3.6 b&c]. To better resolve this final cluster, we isolated
those cells and performed sub-clustering and marker gene analysis [Figure 3.6d-f]. This resulted
in 5 clusters identified in which 3 contained CD8+ T cells (one seemed to contain contaminating
macrophages) and were primarily delineated by the expression level of IL32 [Figure 3.6 d-f].
The other two remaining clusters contained NK cells and gamma delta T cells which could not
be fully resolved and the final cluster did not contain any striking marker gene expression except
that it generally contained much lower read density than the other clusters [Figure 3.6 d-f].

We then sought to determine how allergen challenge changed this landscape. In
contrast to the T cell compartment, day 1 samples did not yield any clear statistically significant
changes and the only statistically significant change in the day 7 samples was an increase in
the combined mixed lymphocyte population [Figure 3.7 a&b]. As cell population changes were
not evident, we next evaluated if gene expression programs were influenced by allergen
challenge. Strikingly, unbiased evaluation of DEGs indicated that chemokine gene programs
were strongly induced in several of the major clusters [Figure 3.7 c&d]. Notably, in the monocyte
derived M2-like macrophages and the monocyte derived dendritic cells CCL3 (Log2FC 71.5 &
146.8 respectively), CCL17 (Log2FC INF & INF respectively), CCL22 (Log2FC 121,7 & 110
respectively), and CCR1 (Log2FC 14.8 & 35.8 respectively) were induced by allergen challenge
[Figure 3.7 c&d]. Further, CCR5 and CCR6 were induced on the monocyte derived dendritic cell
population [Figure 3.7 c& d]. In a similar pro-inflammatory fashion, CCL5 was induced by
allergen challenge in the mixed lymphocyte population [Figure 3.7 c&d]. In opposition to these
allergen induced changes, in the tissue resident alveolar macrophage population CCL18 was
reduced by allergen challenge [Figure 3.7 c&d]. As these chemokines have been shown to have

important chemotactic properties for Th2 cells, we then sought to see if similar programs were
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induced by allergen challenge in the CD4+ T cell compartment [Figure 3.7 e](Pilette et al. 2004).
In contrast to the induction of chemokine receptors in macrophage populations we did not
observe any change in CCR4 or CCR5 induced by allergen [Figure 3.7 €]. Further, the
distribution of these receptors was generally broad [Figure 3.7 €]. In line with previous work,
expression of PTGDR2 and lack of CCR6 best identified Th2 cells’ chemokine receptor profile
[Figure 3.7e & Figure 3.4 b&c] (Hirai et al. 2001). Interestingly, Tregs exclusively expressed
CCRS8 and the expression of this receptor was higher in the diluent samples, connecting Tregs
strongly to CCL8 expression by the tissue resident alveolar macrophages [Figure 3.7 c-e].
CCL17 (TARC) and CCL22 have been shown to be important mediators of type 2 inflammation
in asthma by recruiting CCR4+ Th2 cells (Pilette et al. 2004). We compared the presence of the
mo-DC and monocyte derived macrophage populations expressing CCL17 and CCL22 with the
Th1 and Th2 populations from the allergen challenged samples [Figure 3.7 f]. Surprisingly, both
of these populations correlated negatively with Th2 cells, and both of them correlated positively
with Th1 cells [Figure 3.7 f]. This result suggests that macrophage and monocyte derived
populations in the lung are important to define the chemokine signature shortly after allergen
exposure. However, chemokines like CCL5, CCL17, and CCL22 may not have Th2 specific
effects in the lung due to wide expression of the receptors CCR5 and CCR4 on various T cell

subsets.

Discussion

Understanding the local lung response to allergen is critical as the most detrimental
aspects of asthma are localized in nature such as mucus plugging (Tang et al. 2022). In this
study we demonstrate that allergen induces significant changes of the lung microenvironment
primarily through ingress of inflammatory populations that display significant heterogeneity

between subjects. Essential to this is understanding the inflammatory circuits that drive the
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recruitment of particular populations. Through unbiased DEG analysis we show that expression
of CCL3, CCL17, and CCL22 are allergen induced genes within monocyte derived macrophage
and dendritic cell populations. These cytokines have been shown to induce Th2 cell chemotaxis
due to the expression of CCR4 on Th2 cells (Pilette et al. 2004). However, our data indicate that
these chemokines act broadly on the T cell compartment as CCR5 and CCR4 expression is
promiscuous among alveolar present T cells. Our data also highlight other interesting aspects of
chemokine receptors in the T cell compartment. Notably, CCRG6 is sparsely expressed and in no
particular cluster of CD4+ T cells, outside of low expression on the Th2 cells. This is consistent
with poor IL17A or IL17F expression in the data set, and low involvement of these pathways in
allergic forms of asthma (Melgert et al. 2007). In the Treg compartment, CCR8 stands out as a
specifically expressed chemokine receptor that connects closely to the CCL18 produced by
tissue resident macrophages. Thus, this represents human confirmation of the

immunoregulatory role of this circuit observed in mouse models of asthma (Jheng et al. 2023).

Further, it is a substantial advance that we clearly show Th2 infiltration into the alveolar
space and that scRNAseq defines these cells in part by the canonical transcription factor
GATAS3 and cytokines IL-5, IL-4, and IL-13. Our data indicate that these cells contain expanded
clones which increase at the day 7 time point compared to day 1. Further, the utilization of the
AIM assay demonstrates that these Th2 cell clones in at least some cases are antigen reactive
and present in the blood before allergen challenge. These reactive clones also expand in the
blood repertoire post challenge. This suggests a model in which type 2 high individuals have
systematically present Th2 cells, which are primed by dendritic cells in draining lymph nodes to
expand systemically. These Th2 cells are then recruited to the lung alveolar environment by
sensing chemokine cues and others such as prostaglandins given their specific expression of
PTGDR2. This has interesting implications for the relationship between presence of Th2 cells in

the peripheral blood and the local inflammatory environment in the lung after allergen exposure.
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Past work has established that AIM assays can be used to identify Th2 cells in the peripheral
blood of asthmatics, and our data support the idea that those individuals would have increased
type 2 inflammation in the alveolar space as well (Bacher et al. 2016).

Our data have interesting implications for what the function would be of these Th2 cells
in the alveolar space. Even in type 2 high individuals our data show that while eosinophils are
early entrants upon allergen challenge, monocyte derived populations and T cells expressing
type 1 cytokines also mark a significant infiltrating population in the airways. The Th2 cells then
are more dominant at later time points following allergen exposure. A potential model then
becomes that these Th2 cells are there to support longer term tissue remodeling and support for
eosinophil survival and chemotaxis via providing IL-5 directly within the airways. As long term
airway remodeling is a critical part of asthma, our data highlight chemokine pathways that may
aid in preventing acute airway inflammation but also the longer time frame that type 2 cytokines
may be acting. This suggests that local blockade of type 2 cytokines may be important to
prevention of disease progression.

On the whole, this study represents an important combination of many high dimensional
techniques used together to generate an atlas of the human asthmatic response to allergen
from epithelial cell gene expression, broad cellular landscape changes, and specific changes
within potent inflammatory cells. We can use these data to define a type 1/ type 2 axis across
subjects and correlate more detailed measures with broad airway changes. In the type 2
individuals in particular we observe Th2 cells, which through using TCR sequences as barcodes
we show are systemically present and at least some are allergen reactive. We further highlight
key modules of chemokine activity that are allergen induced. This type of study provides critical
confirmation and resolution of observations made in murine systems and recent publications
and will provide insight into the efficacy and mechanisms of current and future therapeutics for

this critical disease (Alladina et al. 2023).
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Materials and Methods

Human Subjects and Clinical Study

Subjects were enrolled and samples collected as part of the Allergen Challenge for Evoked
Phenotypes in Asthma (ACE Study, AADCRD-UCSF-01). This is a non-double blind study that
was initially started with visit 3 time point randomization. However, after discussions with the
NIH/NIAID sponsor, visit randomization ceased in favor of prioritization of the 1 day time point.
Subjects were enrolled primarily from the web based QuesGen system (described by IRB
protocol #10-06127). The study was undertaken with the goal to provide a defined allergic
stimulus that will promote the cellular and molecular events to increase the observed biological
signal and allow time-course analyses. For this reason, the primary subjects were allergic to
either HDM or cat dander with stable or well-controlled asthma. Non-asthmatic and non-allergic
non-asthmatic controls were also enrolled, but to a lower number. The primary inclusion criteria
for asthmatics were: subject must be able to understand and provide informed consent, prior
physician-diagnosed asthma, 18 to 50 years of age, pre-BD baseline (V1) FEV1 > 75% of
predicted, skin test reactivity as described below, and methacholine PC20 < 8 mg/mL. The
inclusion criteria for controls were: subject must be able to understand and provide informed
consent, age 18 to 50, pre-BD baseline (V1) FEV1 > 90% of predicted, and methacholine PC20
> 16 mg/mL. Controls were differentiated into allergic and non-allergic groups based upon skin
prick testing described below. This study was supported by the NIH/NIAID grant 5U19AI1077439

and registered to clinicaltrials.gov under the identifier NCT02230189.

Skin Prick Testing

Qualitative skin prick allergen reactivity testing was performed using the Multi-Test Il skin test
applicators. The applicator was carefully removed from the Dipwell Tray and pressed into the

forearm skin of the subject with sufficient pressure to allow adequate penetration of the points.
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The subject was monitored during reaction incubation, and the histamine and saline negative
controls were read at 15 minutes. The allergen results were read at 20 minutes by outlining
each wheal with a marking pen. A wheal diameter of 3mm in diameter was considered a
positive reaction. Based on the results of the qualitative skin prick test, a quantitative skin prick
test was done using the Morrow Brown Disposable Skin Testing Needles. Serial dilutions of
either cat dander or HDM were chosen based on the qualitative skin test. Using the Disposable
Skin Testing needle a drop of each dilution was applied to the skin and then a prick with the
needle was administered in the middle of the droplet. After 20 minutes, the reaction wheal were
read in the same way as before. The lowest concentration to elicit a wheal reaction great than 3

mm in diameter was considered the “Threshold concentration”.

Segmental Allergen Challenge

To perform segmental allergen challenge (SAC) the V2 bronchoscopy 2 mL of either diluent or
allergen were administered into distinct lobes of the lung. Diluent was administered into the right
upper lobe and allergen (cat dander or HDM) was administered into the right middle lobe. A test
dose was administered consisting of 1/30th the threshold allergen concentration determined
from skin prick testing. If after at least two minutes, there is no evidence of mucosal
inflammation a second larger dose of allergen was administered. This dose consisted of 2 mL of
allergen at 1/3rd the threshold allergen concentration. V3 samples were collected from the right

upper lobe and the right middle lobe via 3, 50 mL installations in each lobe.

Cytospins

The cells were counted in the BAL fluid and 10 mL of BAL fluid was normalized to a cellular
concentration such that it will yield 40,000 to 50,000 cells per cytocentrifuge slide. 60 yL of cell

suspension was transferred into four shandon cytopsin funnels and centrifuged at 500 rpm for 5

96



minutes. Slides were stained using the Shandon Diff-quick kit. Slides were subsequently

counted and evaluated by light microscopy.

mRNA Sequencing from Epithelial Brushings

Collected epithelial cell brushing remaining after cytospin preparation and cell counts were spun
at 500 rpm for 5 minutes. The supernatant was discarded adn the cells were disrubpted by
adding 600 pL of QlAzol. Samples were vortexed for 1 minute to ensure complete lysis of cells.

Samples were stored at -80°C.

Sample Storage and Cytof

BAL fluid was counted using Turks solution and hemocytometer. Cell pellets were resuspended
in CYTOF staining buffer at a concentration of 100*10° cells/mL. The resuspended pellets were
kept on ice until subsequent staining and fixation. Samples not used for cytof were resuspended

in 10% DMSO, 10% FCS, RPMI and stored at -80°C.

Bulk TCR Sequencing from Peripheral Blood

Peripheral Whole blood was collected on clinical visits 2 and 3 into PAXgene tubes to collect
stabilized RNA. RNA was subsequently isolated using the Qiagen PAXgene kit and stored at -
80°C. RNA quality was assessed by the agilent bioanalyzer and 14 out of 18 had RNA integrity
(RIN) scores > 8, 2 out of 18 had RIN scores > 7, and 2 out of 18 had RIN scores = 6.5. Isolated
RNA was used as input into the Takara SMARTer Human TCR ab Profiling kit for next
generation sequencing library preparation. These libraries sequenced on the NovaSeq6000 SP
using PE-150 reads. FASTQs generated were analyzed using the Cogent NGS Immune Profiler
software provided by Takara to generate TCRa and TCR sequences present and the fraction

contained within the sample.
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scRNAseq and scTCRseq from BAL

Frozen BAL aliquots were thawed at 37°C and washed with RPMI-1640, 20% FCS, 25 ug/mL
DNase |. Samples were then passed through a 40 um filter and washed 1X with 2% FCS, 1 mM
EDTA PBS. The samples were then stained with Invitrogen™ eBioscience™ Fixable Viability
Dye eFluor™ 780, CD4 PE-Cy7, CD45 ef450, CD3E APC, CD20 FITC, CD56 FITC, CD14
FITC, CD19 FITC, CD16 FITC, CD15 AF700, CD24 PE, and CD206 BV605. Cells were then
resuspended in 2% FCS, 25 mM HEPES (pH 7.0), 1 mM EDTA PBS for sorting on the Aria
Fusion S854 with biosafety cabinet and aerosole control. Samples were sorted to remove
granulocytes (eosinophils and neutrophils) and separate CD4+ T cells from the remaining
populations. CD4+ T cell samples from 4 distinct individuals at a time were mixed and
resuspended at 1000 cells/uL. These mixed samples were then run on a single lane of a 10X
chip for GEM production and cDNA libraries of the 5’ V3 gene expression and TCR kit. The
remaining cell populations were also resuspended at 1000 cells/uL, but samples were not
multiplexed. These samples were run on their own lane of the 10X chip for GEM production and
cDNA library production using the 3’ gene expression kit. Samples were sequenced on illumina
sequencer. FASTQ files generated were processed by 10X cell ranger software to generate
gene counts and barcode assignment. For the multiplexed CD4+ cell samples a combination of
FREEMUXLET and DEMUXLET software was used to unbiasedly identify which cells belong to
each subject by single nucleotide polymorphisms in the axiom 1000 data set (Van der Auwera
et al. 2013; Kang et al. 2018; popscle: A suite of population scale ...). Sample QC, integration,
PCA, dimensionality reduction, clustering, marker gene, and DEG analysis were performed

using the Seurat package V3 for R (Stuart et al. 2019).
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Statistics and Analytical Software

Statistical analyses and plotting was performed using Graphpad Prism (Version 9.2.0) and R

(version 4.2.1).
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Figures

V1: Skin prick testing V2: Post Visit1 V3: 1 or 7 days post Visit 2
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Figure 3.1. Allergen challenge induces leukocyte infiltration into the BAL

a. Schematic of study design and clinical visits

b. Total BAL cellularity measured by cells per mL of BAL fluid returned from
bronchoscopies at all time points for subjects challenged with HDM

C. BAL cell composition quantified by cytospin slides from subjects challenged with HDM

and part of the day 1 arm of the study as both percent of cells counted and concentration per
mL of returned BAL fluid

d. BAL cell composition quantified by cytospin slides from subjects challenged with HDM
and part of the day 1 arm of the study as both percent of cells counted and concentration per
mL of returned BAL fluid

e. Comparison of eosinophil and neutrophil composition of BAL fluid by percent of cells
counted in cytospin data at the baseline visit, the diluent sample, and the allergen challenged
sample for both the day 1 and day 7 samples. Baseline: R = 0.1464, p = 0.2196. Diluent: R? =
0.0735, p = 0.5364. Allergen challenge: R? = 0.621, p = 0.0023.

Statistics displayed determined by Dunnett’'s multiple comparisons test following one-way anova
between DIL versus BL and AC versus BL(*,adjusted p<0.05;**, adjusted p<0.01;***,adjusted
p<0.001;**** adjusted p<0.05)
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Figure 3.2. Cytof resolves Type 1 - Type 2 axis of response to allergen challenge

a. tSNE dimensional reduction of BAL cell populations determined by cytof indicating the
detection of 19 distinct cell types by unbiased clustering. Populations are separated by clinical
visit and V3 time point. Each plot represents concatenation of the subjects for that condition and
only the samples from allergic asthmatics challenged with HDM are shown.

b. tSNE heatmaps indicating key marker gene expression across the dimensionally
reduced plot. Data are concatenated from all subjects and time points from allergic asthmatics
challenged with HDM. Cool colors indicate low expression while warm colors indicate high
expression.

C. Principal component 1 versus principal component 2 principal component analysis of all
BAL populations measured by cytof bivariate gating and cytospin slides for all individuals, time
points, and treatments including those challenged with either cat dander and HDM

d. Principal component 1 versus principal component 2 from subsequent principal
component analysis of all BAL populations measured by cytof bivariate gating and cytospin
slides for only the V3 allergen challenged samples including those challenged with either cat
dander and HDM

e. Vectorized display of how each variable incorporated into the principal component
analysis contribute the principal component 1 and principal component 2

f. Blood concentration of baseline cat dander specific IgE versus the PC1 value from the
allergen challenge only PCA for all subjects

g. Blood concentration of baseline Dermatophagoides pteronyssinus specific IgE versus
the PC1 value from the allergen challenge only PCA for all subjects

h. Blood concentration of baseline Dermatophagoides pteronyssinus specific IgE versus

the PC1 value from the allergen challenge only PCA for only HDM challenged day 1 subjects.
R? =0.546 and p = 0.009358.
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Figure 3.3. IL-13 responsive genes are induced by allergen challenge and highest
in subjects with Type 2 high BAL infiltration

a. Gene set enrichment analysis (GSEA) for IL-13 responsive gene set derived from
cytokine-treated air liquid interface (ALI) epithelial cultures. Genes were ranked by fold change
between allergen challenge and baseline for HDM treated allergic asthmatics. Normalized
enrichment score 1.8, Normalized P value ~ 0.

b. GSEA for IL-13 responsive gene set derived from cytokine-treated ALI epithelial
cultures. Genes were ranked by fold change between allergen challenge and baseline for HDM
treated allergic non-asthmatics. Normalized enrichment score 1.83, Normalized P value ~ 0.

C. GSEA for IL-17 responsive gene set derived from cytokine-treated ALI epithelial
cultures. Genes were ranked by fold change between allergen challenge and baseline for HDM
treated allergic non-asthmatics. Normalized enrichment score 2.47, Normalized P value ~ 0.

d. Venn diagram describing the overlap between allergen challenge versus baseline
differentially expressed genes between allergic asthmatics and allergic non-asthmatics defined
by raw p value less than 0.05.

e. Venn diagram describing the overlap between allergen challenge versus baseline and
allergen challenge versus diluent differentially expressed genes between allergic asthmatics
and allergic non-asthmatics defined by raw p value less than 0.05.

f. Heatmaps describing the DEGs from allergen challenge vs baseline and allergen
challenge vs diluent that were shared between allergic asthmatics and allergic non-asthmatics.
The heatmap on the left illustrates the DEGs that were differentially expressed in the same
direction in both allergic asthmatics and allergic non-asthmatics and the right illustrates the
DEGs that were differentially expressed in opposite directions in allergic asthmatics and allergic
non-asthmatics.

g. Calculation of the epithelial IL-13 responsive gene score at baseline compared to
allergen challenge BAL PC1 from figure 2d for HDM challenge subjects. R? = 0.164, p = 0.191.
h. Calculation of the epithelial IL-13 responsive gene score in diluent challenged samples
compared to allergen challenge BAL PC1 from figure 2d for HDM challenge subjects. R? =
0.149, p = 0.193.

i. Calculation of the epithelial IL-13 responsive gene score in allergen challenged samples
compared to allergen challenge BAL PC1 from figure 2d for HDM challenge subjects. R? =
0.357, p = 0.0311.

j- Gene Ontology (GO) enrichment analysis for genes differentially expressed at baseline
between type 2 high subjects (defined as PC1 > 0) and type 2 low subjects (Defined as PC1 <
0) for subjects challenged with HDM

k. GO enrichment analysis for genes differentially expressed in allergen challenge samples
between type 2 high subjects (defined as PC1 > 0) and type 2 low subjects (Defined as PC1 <
0) for subjects challenged with HDM
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Figure 3.4. scRNAseq on enriched CD4+ T cells resolves allergen induced Th2
Cells

a. UMARP illustrating CD4+ T cell subsets identified by unbiased clustering of sScRNAseq
from frozen samples enriched for CD4+ T cells via flow cytometry

b. Dot plot illustrating marker gene expression in the clusters identified in (a) where color
indicates intensity of expression and dot size represents percentage of cells within that cluster
expressing a given gene

C. Feature plots for marker gene expression in the UMAP space defined in (a) and darker
blue color indicates increased intensity of given gene expression

d. UMAP split by V3 sample treatment of either allergen challenge or diluent with each cell
color coded by unbiased clustering assignment

e. Allergen versus diluent representation of each cluster identified in (a) as a fraction of
sample identified by the given cluster. Lines indicate paired samples obtained from the same
subject.

f. Single cell gene enrichment scores for a tissue residency gene program defined by
(Kumar et al. 2017) plotted for each cluster identified in (a) for all samples assayed. Each dot
represents a single cell and the violin plot illustrates the population distribution.

Statistics displayed determined by paired t-test between AC and DIL samples (*, p<0.05)
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Figure 3.5. Expanded Th2 clones are allergen reactive and expand in the blood post-
challenge

a. UMAP of CD4+ T cells identified in the directly assayed data set described in Figure 4.

Individual cells are color coded by their status as part of an expanded T cell clone, defined by 2

or more cells containing the exact same TCRalpha and TCRbeta pair. The plot contains all

samples assayed and is split by the treatment condition of the sample.

b. UMAP of CD4+ T cells identified in the freshly assayed data set described in Figure 4.

Individual cells are color coded by their status as part of an expanded T cell clone, defined by 2

or more cells containing the exact same TCRalpha and TCRbeta pair. The plot contains all

samples assayed and is split by the time point of the sample.

C. UMAP of CD4+ T cells identified in the freshly assayed data set described in Figure 4.

Individual cells are color coded by how many other cells belong to their T cell clonotype, defined

by 2 or more cells containing the exact same TCRalpha and TCRbeta pair. The plot contains all

samples assayed and is split by the time point of the sample.

(d-k)Activated induced mark assay where BAL aliquots were thawed and stimulated for 8 hours

with HDM extract and then sorted by flow cytometry prior to analyzing gene expression and

TCR sequences by scRNAseq

d. UMAP of CD4+ T cells from the AIM assay. Individual cells are color coded by their
unbiased cluster designation.

e. Feature plots of key marker gene/protein expression in the AIM assay split between the

ex vivo treatment conditions. Gene expression detected via direct sequencing of the mRNA

molecule is denoted with ““mRNA”. Protein expression detected via oligo tagged antibody

binding to the marker of interest is denoted with “-TotalSeqC”. Darker blue indicates increased

expression of that gene/protein.

f. Gene/protein expression of key TCR activation induced genes in cluster designated

“activated 1” and cluster designated “unactivated 3”. Each dot indicates the expression level of

the given gene/protein for a single cell in that cluster and ex vivo treatment. All samples are

included and split by ex vivo treatment. Violin plot captures the distribution for a given

gene/protein in that cluster and ex vivo treatment group.

g. UMAP as defined in d, but split by the phenotype of each clonotype in the directly

assayed data set. TCR sequences were used to barcode the cells present in both the directly

assayed aliquots and the ex vivo stimulated AIM assay. Clonotypes were assigned a phenotype

from the cluster most represented in that clonotype from the directly assayed data set.

h. Feature plots illustrating type 2 cytokine and activation induced gene expression in AIM

clones containing TCR clonotypes defined as Th2 in the directly assayed data set

i. Feature plots illustrating type 1 cytokine and activation induced gene expression in AIM

clones containing TCR clonotypes defined as Th1 in the directly assayed data set

j- Feature plots illustrating regulatory T cell cytokines and activation induced gene

expression in AIM clones containing TCR clonotypes defined as Tregs in the directly assayed

data set

k. Feature plots illustrating type 1, type 2, and regulatory T cell cytokines and activation

induced gene expression in AIM clones containing TCR clonotypes defined as

undifferentiated/naive in the directly assayed data set

(I-n) TCR sequencing was performed on bulk RNA isolated from peripheral blood at clinical

visits 2 and 3. TCRalpha prevalence was determined by the percent of total TCR reads a given

alpha chain occupied. V3/V2 enrichment was determined by the ratio of prevalence for a given

TCRalpha at visit 3 divided by the prevalence for the same TCRalpha at visit 2.

I.  Enrichment of TCR alpha sequences associated with clonotypes identified as Th2 clones in
the directly assayed data set. Select clones that were also identified in the AIM assay are
color coded by the most prominent cluster from that assay.
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m. Enrichment of TCR alpha sequences associated with clonotypes identified as Th1
clones in the directly assayed data set. Select clones that were also identified in the AIM assay
are color coded by the most prominent cluster from that assay.

n. Enrichment of TCR alpha sequences associated with clonotypes identified as Treg
clones in the directly assayed data set. Select clones that were also identified in the AIM assay
are color coded by the most prominent cluster from that assay.
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Figure 3.6. scRNA defines non-granulocyte, non-CD4+ T cell populations

Frozen BAL aliquots were thawed and sorted by flow cytometry to remove neutrophils and
eosinophils. CD4+ T cells were separately assayed as shown in figure 4 & 5, the rest of the
cells in the sample were assayed scRNAseq.

a. UMAP showing dimensionally reduced visualization of scRNAseq data. Each dot
represents a cell color coded by the cluster identified through unbiased nearest neighbors
clustering. All samples displayed.

b. Dot plot indicating key marker gene expression. Dot size indicates percent of cells in a
given cluster expressing a given gene and color indicates the intensity of expression.
C. Feature plots visualizing key marker gene expression displayed in UMAP space defined

in (a). Increasingly dark blue color indicates increased expression of the indicated gene
(d-f) The mixed cytotoxic lymphocyte cluster from the whole data set was subset and
dimensional reduction and clustering analyses were performed to further resolve the
populations.
d. UMAP showing dimensional reduced visualization of sub-clustered cytotoxic
lymphocytes. Each dot represents a cell color coded by the new higher resolution
unbiased nearest neighbors clustering. All samples are displayed.

e. Dot plot indicating key marker gene expression. Dot size indicates percent of cells in a
given cluster expressing a given gene and color indicates the intensity of expression.
f. Feature plots visualizing key marker gene expression displayed in UMAP space defined

in (d). Increasingly dark blue color indicates increased expression of the indicated gene
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Figure 3.7. Allergen induces T cell recruiting chemokine expression in monocyte
derived populations
Single cell analysis defined in figure 6 is analyzed for differences in cellular composition and

gene expression and is connected to gene expression and cellular composition in the CD4+ T
cell data set defined in figure 4.

a. UMAP dimensionally reduced plot from figure 6a split by V3 sample treatment.

b. Allergen versus diluent representation of each cluster identified in (a) as a fraction of
sample identified by the given cluster. Lines indicate paired samples obtained from the same
subject.

C. Feature plots split by allergen challenge and diluent of key chemokine and chemokine
receptor genes identified as differentially expressed by Wilcoxon Rank Sum test.

d. Gene expression of differentially expressed key chemokine and chemokine receptor

genes broken down by subject and sample treatment. CCL5 is subset on the mixed cytotoxic
lymphocyte cluster. CCL17 and CCL22 are subset on the mo-DC cluster. CCR1 and CCR5 is
subset on the monocyte derived macrophage cluster. CCL18 is subset on the tissue-resident
alveolar macrophage cluster. Each dot represents a single cell and the violin plot illustrates the
population distribution.

e. Feature plots indicating the expression of chemotactic receptors on the directly analyzed
data set from figure 4, split by sample treatment and color intensity by gene expression.
f. Correlation between monocyte derived populations and Th1 and Th2 subsets define in

the directly analyzed data set from figure 4. Plotted relationship line represents linear regression
of the two variables. Th1 vs mo-macrophages: R? = 0.465, p = 0.129. Th1 vs mo-DCs: R?
=0.298 , p = 0.0957. Th2 vs mo-macrophages: R? = 0.381, p = 0.0767 Th2 vs mo-DCs: R? =
0.059, p = 0.526.

Statistics displayed determined by paired t-test between AC and DIL samples (**, p<0.01)
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Figure S3.1. Sorting strategy for CD4+ enrichment and granulocyte depletion
prior to scRNAseq
a. Sorting strategy schematic in which lymphocytes were sorted to include live

CDA45+ cells. Then CD15+ CD206 low cells were excluded as they included
Neutrophils and Eosinophils. This population was then split into 2 populations
dependent on CD4 expression and staining with a host of lineage markers in the
FITC channel. The CD4+ positive FITC- cells were then sorted based upon CD3e
and CD206 expression to obtain a pure CD4+ T cell population. All other cells
besides the CD4+ FITC- cells were then checked that no CD24+ CD206-
eosinophils were present. This population as well as any CD206+ contaminants
from the CD4+ FITC- gate were then sorted together.
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Tables

Table 3.1. 10X scRNAseq Samples Assayed

ID V3 Time Point Diagnosis Allergen AC/DIL
ACE-28 1 day AA HDM AC only
ACE-34 7 day AA HDM both
ACE-36 7 day AA HDM both
ACE-37 1 day AA HDM both
ACE-42 1 day NANA Cat dander both
ACE-43 1 day AA HDM both
ACE-44 1 day AA HDM both
ACE-49 1 day AA HDM both
ACE-71 1 day AA HDm both

Table 3.2. SNPs Used for Sample Identification

Total SNPs Evaluated

Unique SNPs

Shared SNPs

36637

3194

33443

Table 3.3. Assigning cells from homogenous data sets to individuals defined via

unbiased demultiplexing of heterogeneous samples

Homogeneous 3’ Data Set

Assigned Individual from Unbiased Demultiplexing of CD4+ T

Tested Cell Data

Individual 1 Individual 2 Individual 3 Individual 4
ACE-34 0 643 2 0
ACE-36 0 0 825 0
ACE-37 1 6 0 1054
ACE-71 3512 0 0 5
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Table 3.4. Cross Referencing assignments of cells from two independent heterogeneous
samples containing the same individuals

Sample Set 2 Assigned Individual from Unbiased Demultiplexing of CD4+ T Cell
Individual Data
Individual 1 Individual 2 Individual 3 Individual 4
Individual 1 2917 0 0 0
Individual 2 0 2627 0 0
Individual 3 1 0 2516 0
Individual 4 0 0 0 678
Table S.3.1 Key Reagents Used

Reagent Source Detail Catalog #

CD4 - PE-Cy7 | Biolegend Clone OKT4 [ 317413

CD45 - ef450 | Invitrogen 2D1 48-9459-42

CD24 PE BD Biosciences | ML5 560991

CD206 BV605 | BD Biosciences | 19.2 740417

CD3 APC Biolegend UCHT1 300412

CD15 AF700 [ Biolegend HI198 301919

CD20 FITC Biolegend 2H7 302303

CD19 FITC Biolegend HIB19 302206

CD16 FITC Biolegend 3G8 302005

CD14 FITC Biolegned HCD14 325603

CD56 FITC Blolegend MEM-188 304603
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Table S3.2 Antibodies used for cytof staining and analysis

Channel-Metal Marker ID Clone Source
154Sm CD45 HI30 Fluidigm
158Gd* CD45RA HI100 BioLegend
165Ho CD45R0O UCHLA1 Fluidigm
142Nd CD19 HIB19 Fluidigm
147Sm CD20 2H7 Fluidigm
144Nd CD38 HIT2 Fluidigm
167Er CD27 0323 Fluidigm
170Er CD3 UCHT1 Fluidigm
145Nd CD4 RPA-T4 Fluidigm
146Nd CD8a RPA-T8 Fluidigm
152Sm TCRyd 11F2 Fluidigm
156Gd CD183 G025H7 Fluidigm
141Pr CD196 GO034E3 Fluidigm
172Yb* CD194 L291H4 BioLegend
173Yb* CD69 FN50 BioLegend
149Sm CD25 2A3 Fluidigm
176Yb CD127 A019D5 Fluidigm
163Dy CD294 BM16 Fluidigm
169Tm* ST2 B4E6 MdBio
153Eu CD7 CD7-6B7 Fluidigm
150Nd* CD56 HCD56 BioLegend
148Nd CD16 3G8 Fluidigm
164Dy CD15 W6D3 Fluidigm
166Er CD24 ML5 Fluidigm
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Channel-Metal Marker ID Clone Source
162Dy* CD193 5E8 BioLegend
175Lu* CD206 15-2 BioLegend
160Gd CD14 M5E2 Fluidigm
171Yb* CD1c L161 BioLegend
159Tb CD11c Bu15 Fluidigm
174Yb HLD-DR L243 Fluidigm
151Eu CD123 6H6 Fluidigm
168Er* FceRl AER-37 BioLegend
143Nd CD117 104D2 Fluidigm
198Pt Cisplatin NA Fluidigm
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Chapter 4: Conclusion

These studies together span the scales of immunology from the regulation of gene
expression to cellular modules of inflammation to human inflammatory disease. While the
specific topics may be divergent there are key themes that underlie both the biology
investigated in each chapter and network centric approaches taken. Central to these studies are
the roles that T cells play in the immune system. T cells possess effector functions that play
direct roles in inflammatory processes such as the killing of virally infected cells (Bachmann et
al. 1999). Beyond this, T cells act as a central inflammatory node interfacing with many distinct
cell types to coordinate a network of immune responses.

T cells' first role in coordinating immune responses is antigen recognition and activation
through the TCR (Murali-Krishna et al. 1998). However, for this activation to be full and
complete T cells require secondary and tertiary signals. CD28 has been well established as a
secondary co-stimulatory signal and IL-2, in paracrine and autocrine fashions, is important for
supporting and sustaining T cell responses (Martinez-Llordella et al. 2013; Vandenberghe et al.
1993; Toumi et al. 2022; Whyte et al. 2022; Pipkin et al. 2010). In chapter 2 of the work
presented here, it is demonstrated how the non-coding RNA circuit composed of Malat1 and
miR-15/16 regulated these signals. In particular, this circuit regulates CD28 directly and together
with a network of other genes in that pathway induces a gene expression pattern that augments
the costimulatory signal. Further, this circuit augments IL-2 production amplifying the activating
effect.

After this activation and recognition phase T cells can coordinate the immune response
primarily through cytokine secretion (Bachmann et al. 1999). In this way, T cells interface
between innate immune pattern based activation mechanisms and an amplified full immune
response. For instance, CD4+ T cells in the presence of allergens such as house dust mite, can

differentiate into Type 2 T helper cells (Th2) defined by the production of IL-4, IL-5, and IL-13
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(Hammad and Lambrecht 2021; Boonpiyathad et al. 2019). Through these cytokines, Th2 cells
can direct B cells to class switch to IgE producing plasma cells, recruit and activate eosinophils,
and change epithelial cell states towards the production of mucus secretion (Siddiqui et al.
2021; Hammad and Lambrecht 2021; Boonpiyathad et al. 2019). Chapter 3, presented here,
deeply explores the Th2 response within human asthmatics. We find that Th2 cells are present
in human asthmatics with an elevated type 2 high inflammatory tone defined by elevated
presence of eosinophils, basophils, and ILC2s in the bronchoalveolar space after allergen
challenge. Further, these subjects have elevated IL-13 responsive gene expression in the
epithelium before and after challenge and high HDM specific IgE in the blood. This illustrates
that this a coherent module of type 2 inflammation present systemically before challenge and
revealed and amplified at the local site of allergen exposure. We connect these programs not
only to the presence of Th2 cells but the antigen specific activation of these cells. TCR
sequencing shows that the subset of Th2 cells activated by allergen are present in the blood
before challenge and expand after challenge. While this is not an interventional study, and
causal lines cannot be drawn, this illustrates how a network can be constructed between the
systemic blood compartment and a multifaceted response in the local lung environment of
allergen exposure.

These studies together illustrate the broad and potent role that T cells play in
coordinating the immune response to a wide variety of insults from allergens to bacteria to
viruses. Further, these results support the notion that proper regulation of T cells is of great
importance to organismal health and that this regulation occurs through layered mechanisms.
Not only are gene programs regulated at the transcriptional level but we show this regulation
extends to 5 nucleotides in the IncRNA Malat1 that contribute to miR-15/16 target regulation. In
the future these studies could contribute to precise engineering of cell therapies or better clinical

trial and therapeutic design for asthma.
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