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Abstract

Influenza virus infections are major causes of morbidity and mortality. Research using cultured cells, bulk
tissue, and animal models cannot fully capture human disease dynamics. Many aspects of virus-host
interactions in a natural setting remain unclear, including the specific cell types that are infected and how they
and neighboring bystander cells contribute to the overall antiviral response. To address these questions, we
performed single-cell RNA sequencing (ScCRNA-Seq) on cells from freshly collected nasal washes from healthy
human donors and donors diagnosed with acute influenza during the 2017-18 season. We describe a
previously uncharacterized goblet cell population, specific to infected individuals, with high expression of MHC
class Il genes. Furthermore, leveraging scRNA-Seq reads, we obtained deep viral genome coverage and
developed a model to rigorously identify infected cells that detected influenza infection in all epithelial cell types
and even some immune cells. Our data revealed that each donor was infected by a unique influenza variant
and that each variant was separated by at least one unique non-synonymous difference. Our results
demonstrate the power of massively-parallel scRNA-Seq to study viral variation, as well as host and viral
transcriptional activity during human infection.
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Introduction

Influenza virus causes acute respiratory infections and results in 3-5 million cases of severe illness and up to
500,000 deaths worldwide annually (McMorrow et al., 2015; Paget et al., 2019; World Health Organization,
2014). Influenza virus primarily infects the human airway epithelium. Most infections are limited to the upper
respiratory tract, which includes the nasal tract, sinuses, pharynx, and larynx, but infections can progress to the
lower respiratory tract to cause severe disease (lwasaki and Pillai, 2014). Investigations on host responses to
influenza based on in vitro studies and in vivo murine models have provided insights in the viral pathology, but
studies of host responses to influenza virus at the site of infection in humans are relatively sparse (Pulendran
and Maddur, 2015). Human airway epithelium cell lines (e.g. A549) and air-liquid interface culture systems
have been used to study the tissue responses to infection and to monitor viral life cycles (Slepushkin et al.,
2001; Wu et al., 2016), but these systems cannot fully represent the complexity of infection. Similarly, animal
models have been widely used in influenza virus research, yet interpretation of these results can be
confounded by dissimilarities between these models and humans, and between lab-adapted and natural
viruses (Hemmink et al., 2018; Hirst, 1947; Kim et al., 2015; Radigan et al., 2015; Shin et al., 2015). For
example, laboratory mouse models such as C57BL/6J are not natural hosts to influenza virus, and human
influenza virus inoculated in their nasal tract cannot progress to the lung (lvinson et al., 2017). Similarly, the
sialic acid glycosylation in murine airway cells is not representative of that found in humans (Ibricevic et al.,
2006). Finally, host factors critical for controlling infection, such as MX1 which is nonfunctional in common
laboratory mouse strains, differ between mice and humans (Shin et al., 2015; Verhelst et al., 2012). Indeed,
studies of host-viral dynamics in the human airway in vivo are sparse (Pulendran and Maddur, 2015) and until
recently, capturing the complexity of the human airway during infection has not been possible.

Single-cell RNA sequencing (sScRNA-Seq) has been revolutionary in decoding processes in heterogeneous
tissue. Studies on host tissue responses to influenza virus infection have been limited by bulk measurement
that mask cell type-specific responses, changes that result from the asynchronous nature of infection, and
changes in cell composition that occur during infection. sScRNA-Seq permits simultaneously map human and
viral transcripts in a single cell (Martin-Gayo et al., 2018; Russell et al., 2019b; Zanini et al., 2018a, 2018b),
and has been applied to various host-virus interaction scenarios (Cristinelli and Ciuffi, 2018), including human
immunodeficiency virus (HIV) (Bradley et al., 2018; Kazer et al., 2019) and hepatitis C virus (HCV) infection
(McWilliam Leitch and McLauchlan, 2013). To date, ScCRNA-Seq in the context of influenza virus infection has
been applied to the A549 cell line and mouse models (Kudo et al., 2019; Russell et al., 2018, 2019a;
Steuerman et al., 2018; Vera et al., 2019). However, given that such studies cannot recapitulate the natural
course of influenza infection, an investigation of the response to influenza virus infection and viral replication
efficiency in its natural setting is warranted. To address these issues, we sought to obtain samples directly
from humans with acute influenza infection for scRNA-Seq.

The nasal mucosa serves as a barrier for most airborne pathogens, and cells from this natural niche can
reliably reflect host-pathogen interactions (Jochems et al., 2017). Therefore, we obtained nasal washes from
influenza A virus (IAV) or influenza B virus (IBV)-infected adult donors presenting to our medical center to
unbiasedly sample all cell types at the first line of defense against influenza virus infection. We sought to
investigate the dynamics of influenza virus infection and the host response at the site of infection in humans at
the molecular level, defining: 1) what cell types the virus infects in the human nasal tract, 2) the interhost
variability of the virus strain, 3) the variability of inter-/intra-host virus expression patterns, and 4) the
heterogeneity of host cell type responses to the viral infection. We used Seqg-Well (Gierahn et al., 2017;
Ordovas-Montanes et al., 2018), a portable microwell-based scRNA-Seq technology, to jointly define the
infecting influenza virus and the host response at the molecular level. Our study defines diverse cell types that
can be infected by and respond to the influenza virus infection in the human nasal tract, including a previously
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uncharacterized goblet cell population, specific to infected individuals, with high expression of MHC class |l
genes in infected individuals, and revealed the variability of viral sequences between infected individuals.

Results

Seventeen different cell types are captured in human nasal wash samples by scRNA-Seq.

During the 2017-18 influenza season, we collected nasal washes from adults who presented to our medical
center with influenza-like illness (ILI) and were diagnosed with either influenza A virus (IAV) or influenza B
virus (IBV). We selected samples for further analysis after confirming the presence of viral transcripts by gPCR
and moved forward with six IAV H3N2 and six IBV donor samples (see Supplemental Table 1). ILI activity
was high at the time of collection, with prevalence of both IAV H3N2 and IBV Yamagata lineage (CDC, 2019).
We also collected nasal washes from adult volunteers without ILI (n=6 donors). scRNA-Seq libraries were
generated using the Seg-Well (Version 3) platform then sequenced (Gierahn et al., 2017) (Figure 1A,
Methods: Sample Collection, RNA sequencing). In addition, for a subset of the donors, bulk RNA-Seq
libraries were generated to confirm the presence of influenza virus. Additional details on the donors are
available in Supplemental Table 1. Due to index swapping associated with the NovaSeq sequencing system
(Costello et al., 2018) and a likely bead breakage of ChemGene beads on Drop-Seq based platforms, we
carried out additional steps to process sequencing reads from scRNA-Seq and remove potential artifacts
(Methods: Special Notes, Figure S1A).

We obtained a total of 35,480 cells across all samples (n = 18), in which we detected 18,870 genes. We
carried out a two-step clustering approach to identify cell types present in the scRNA-Seq data. In the first
round we identified four broad clusters (Figure 1B), including neutrophils (shown in light purple), which have
been largely absent in data obtained from other sScRNA-Seq technologies (Smillie et al., 2019). The remaining
cells include macrophages (light blue), epithelial cells (circled), and leukocytes such as lymphocytes and
dendritic cells (lower left). Conventional markers for select cell types, namely KLK7, MUC5AC, and FOXJ1 for
epithelial cells (McCauley et al., 2018), CSF3R for neutrophils (Ancuta et al., 2009), CSF1R for macrophages
(Lavin et al., 2015), TLR9 for plasmacytoid dendritic cells, and TRAC and TRDC for T lymphocytes, further
delineated cell heterogeneity inside each broad cluster (Figure 1B-C).

Next we independently analyzed each of the four broad clusters (Methods: Clustering) in order to distinguish
additional cell populations. Subclustering of these initial broad clusters revealed all of the known cell types in
the upper respiratory tract (Denney and Ho, 2018; Deprez et al., 2019; Ruiz Garcia et al., 2019; Vareille et al.,
2011; Wu et al., 2016). The clusters dominated by neutrophils (NEU, CSF3R+) and by macrophages (MAC,
CSF1R+) showed homogeneous populations that did not cluster into subtypes, however in both clusters cells
from infected donors showed an increased activation state as suggested by high expression of ISG15, RSAD2
and IFIT3 (Figure 1B-C, Figure S1B-D). Epithelial cells were subclassified into non-cycling basal epithelial
cells (BasalEPI, KRT5+), squamous cells (KLK7+) (Pettus et al., 2009), goblet cells (GOB, MUC5AC+), ciliated
epithelial cells (CEP, FOXJ1+) (Ruiz Garcia et al., 2019), and a cluster of class Il HLA+ highly expressing cells
that also expressed Goblet marker genes (MUC5AC and MUC16) (GOBciassi) (Figure 1D, Figure S2C).
GOBciassii cells also expressed specific interferon-stimulated genes at high levels (e.g. CXCL10, CXCL11, IFI6,
and IFITM3) (Figure 1E, Figure S2C). Within the ciliated epithelial cell cluster, we found a subset of cells with
high viral mMRNA expression (Figure S2D). Closer inspection showed these cells are a mixture of FOXJ1+ cells
(n =115), MUC5ACH+ cells (n = 16), FOXJ1+ MUC5AC+ double positive cells (n = 23), and FOXJ1- MUC5AC-
double negative cells (n = 156) (Figure S2D,F). We refer to these cells generically as CEP.

Leukocyte subclustering revealed the presence of CD8+ T cells (CD8T, CD8A+), proliferating CD8+ T cells
(MKI167+), gamma delta T cells (y8T, TRDC+, TRGC1/2+), CD4+ T cells (CD4T, TRAC+, CTLA4+), natural
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killer cells (NK, FCGR3A+, NKG7+), and B cells (B, CD19+); this same cluster included plasmacytoid dendritic
cells (pDCs, TLR7/9/10+) and conventional dendritic cells (cDCs, CLEC10A+) (Li et al., 2020). We also found
two types of granulocytes in this cluster: eosinophils (EOS, CLC+) (Gomolin et al., 1993) and mast cells
(MAST, HDC+) (Li et al., 2018) (Figure S3).

In total, we identified 17 distinct cell types, including five epithelial cell types (CEP, GOB, BasalEPI, Squamous
and GOBciassit), six myeloid cell types (NEU, EOS, MAST, MAC, cDC and pDC), and six lymphoid cell types
(CDA4T, CD8T, proliferating CD8T, y&T, B, and NK) (Figure 1B, Figure S1E-F). Marker genes for each cell
type are provided in Supplemental Table 4.

A goblet cell type expressing high levels of MHC class Il is abundant in the infected upper respiratory
tract.

Acute and chronic respiratory diseases harm mucosal barrier integrity, affecting cell type composition by
inducing epithelium regeneration and immune cell infiltration (Ordovas-Montanes et al., 2018; Ruiz Garcia et
al., 2019; Vieira Braga et al., 2019). We investigated whether the distribution of cell types sampled in infected
donors differs from that of healthy controls. Overall, neutrophils and all five types of epithelial cells are more
abundant in infected donor samples (21,727 neutrophils, 8,938 epithelial cells), after taking into account the
randomness of sampling and the high variability in the number of cells found in each sample (Xu et al., 2019)
(Methods: Cell type enrichment statistical test). Infected donors generally yield more cells than healthy
donors (t-test, P = 0.003, Figure S1G). Although the fraction of epithelial cells was variable across donors
(Figure S1E-F), infected donors yielded more GOBciassi compared to healthy donors (p = 0.03, Wald test), with
3 infected donors having more than 2% of their cells classified as GOBclassii. On the other hand, healthy donors
contributed more BasalEPIs (p = 0.015, Wald test) and GOBs (p = 0.015, Wald test) (Figure 1F). Infected
donors also yielded more innate immune cells and adaptive immune cells, such as MAC, cDC, proliferating
CDS8T cells and y8T cells (p = 0.015, p = 0.03, p = 0.0003, and p = 0.03, respectively, Wald test) (Figure S1H).
Eosinophils were found in only seven infected donors (six of them are IAV donors with 91% of EOS derived
from donor IAV7).

Taken together, the combined scRNA-Seq data generated from human nasal wash samples contains cell
types that are both normally resident in the upper respiratory tract as well as induced or recruited during the
viral insult. The various types of epithelial cells found in these data, and the GOBciassi, in particular, which we
specifically identified in infected donors, reflect the important cellular dynamics at play during influenza virus
infection.

Viral transcripts are detected in epithelial cells as well as some immune cells.

Influenza virus predominantly infects epithelial cells but can also infect various types of immune cells (Iwasaki
and Pillai, 2014). In a mouse model, viral mMRNA was detected in all lung cell types sampled, with epithelial
cells harboring the highest viral loads (Steuerman et al., 2018). Furthermore, in vitro and in vivo experiments
have shown a wide range of influenza viral transcriptional activity across infected cells (Russell et al., 2018;
Steuerman et al., 2018). Here, we sought to both identify virally infected cell types and determine the cellular
viral load in human nasal wash samples.

Our in vivo samples revealed a wide range of viral expression even within a given cell type (Figure 2A).
However, mere detection of low levels of viral MRNA does not provide certainty of viral infection since these
mMRNAs may originate from ambient RNAs during scRNA-Seq sample preparation (Lun et al., 2019; Steuerman
et al., 2018; Young and Behjati, 2018). Ambient RNAs from lysed cells can result in a sample-specific
contamination. In particular, virus-induced cell lysis causes viral RNAs to dominate the ambient RNA pool. We
therefore estimated a sample-specific distribution of ambient influenza mRNA contamination and predicted
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cells most likely to be infected using a hurdle zero inflated negative binomial (ZINB) model and a support
vector machine (SVM) classifier (Figure 2B, Figure S4, Methods: Identifying viral infected cells). Briefly,
cells were first grouped into healthy, virus-, and virus+ based on viral exposure. A ZINB model was applied for
virus+ and virus- cells in each highly infected donor, and predicted if a cell was infected or not. Based on the
genes that are significantly differentially expressed between predicted infected cells and predicted uninfected
virus- cells, a SVM classifier was built for selected cell types (CEP and Squamous cells) to classify infected or
uninfected (bystander) cells (workflow illustrated in Figure 2B). A total of 671 out of 30,546 cells (2.2%) from
the infected donors were classified as infected (Figure 2C). The remaining cells from infected donors were
classified as bystander cells, and cells from healthy donors were termed healthy cells. Viral mMRNA expression
was robustly detected in 11 out of the 17 cell types identified in infected donors (Figure S4E). We found that all
subtypes of epithelial cells were infected, as well as NEU, MAC and T lymphocytes. However, no dendritic
cells, NK, B, or mast cells were predicted to be infected according to the ZINB model.

Based on the expression rank of viral genes, we divided the expression rank into tertiles and classified the viral
infection states of each infected cell as low, medium or high (Figure 2D). This stratification revealed that
ciliated epithelial cells carry the largest viral load (Figure 2D) for cells from both IAV- and IBV-infected donors.
(Figure S5).

M and NP segments are the most highly expressed, while the NS segment drops out in highly infected
cells.

IAV and IBV genomes each contain eight segments, with some segments encoding more than one protein
through alternative splicing, some of which disrupt interferon production of the host cell (Garfinkel and Katze,
1993; Kochs et al., 2007a). Success in expressing all eight influenza genome segments in a cell is critical for
reproductive infection for both IAV and IBV (Sheng et al., 2018; Vasilijevic et al., 2017). An expression
hierarchy of M>NS>>NP>NA>HA>>PB2~PB1~PA was reported by previous in vitro single cell transcriptome
studies in 1AV-infected A549 cells and by bulk measurements of IAV-infected MDCK cells (Hatada et al., 1989;
Russell et al., 2018). It is unclear whether this expression pattern holds true in vivo. Viruses lacking one or
more segments have a higher chance of being recognized by the host (Vasilijevic et al., 2017). IAV deficient in
the segment NS has been associated with higher antiviral response in vitro (Russell et al., 2019a). The NS
segment encodes for the NS1 protein, which antagonizes the host antiviral response by interfering with IRF3 to
suppress interferon (IFN) and tumor necrosis factor (TNF) expression (Geiss et al., 2002; Kochs et al., 2007b).

To address whether such phenomena occur in vivo during human infection, we examined viral transcripts in
samples from influenza-infected donors. First, we examined expression hierarchy. Because certain influenza
genome segments yield transcripts with the same 3’-end sequence by alternative splicing (Dubois et al., 2014),
and our data captures viral mMRNA transcripts with a bias toward the 3’-end, we were unable to differentiate
those alternatively spliced transcripts. While targeted probes could be used to specifically measure expression
levels of different isoforms in future studies, here, we quantified expression at the segment level. In cells with
high viral loads, we detected expression of all eight segments in the majority of infected cells (IAV: 61%, IBV:
90%) (Figure 3A). Contrary to in vitro studies, we observed that segment 5 (NP) and segment 7 (M) were most
highly expressed in both IAV- and IBV-infected cells, regardless of cell type, while the other six segments had
lower expression (Figure 3B). The trend was consistent across cells with lower infection levels, and for both
IAV and IBV samples (Figure 3B).

Next, we considered viral segmental dropout. For all IBV segments and for all but one IAV segment (segment
8, NS), a clear correlation was observed between viral load and segment expression (r = 0.53 - 0.89,
Pearson’s correlation). However, the IAV NS segment had a poor correlation with viral load (r = -0.07,
Pearson’s correlation), especially in cells with the highest viral load. In fact, for 7 out of the 11 cells with the
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highest viral loads (viral load > 75%), NS was not detected (Figure 3C). This drop-out would not be otherwise
expected assuming that segment detection is similar for all segments (P < 0.0001, Chi-squared test) (Figure
3C). IAV segment expression in each infected cell also had higher variability compared to IBV segment
expression (Figure S6). However, limited by the small number of NS-negative cells, we were unable to
conclude on the difference between IFN production efficiency between NS-positive and NS-negative cells.

scRNA-Seq allows detection of single nucleotide variants (SNVSs) in viral transcripts and shows that at
least one unique strain infected each individual.

Influenza viruses possess high evolutionary potential due to their high mutation rate (Chen and Holmes, 2006;
Hadfield et al., 2018; Nobusawa and Sato, 2006). However, it is unclear how different selection pressures and
stochastic processes affect the overall viral evolution dynamics (McCrone et al., 2018). A number of studies
have investigated the inter- and intra-host diversity of the viral sequences in virus-challenged humans and in
animal models (Igbal et al., 2009; Leonard et al., 2016; Lin et al., 2019; Murcia et al., 2010, 2012). These
studies, performed in a laboratory-controlled setting, highlight the rapidness of allele fixation within the host
and the genetic diversity between hosts of influenza viruses. Because the evolutionary dynamics between
hosts and within hosts during the course of natural infections in humans is less clear, we looked for single
nucleotide variants (SNVs) in our dataset.

By combining all sScRNA-Seq influenza mapping reads for each donor we obtained deep coverage of the
influenza genome (average 595x per donor, Figure S7). Since scRNA reads are associated with technical
biases (McCrone and Lauring, 2016) and index swapping that occurred during the sequencing of pooled
variables introduced additional variability (Costello et al., 2018), we restricted our analysis to the most common
SNVs and implemented many steps to remove known biases that can affect variability estimates (Methods:
Virus genotyping and SNV calling). We then estimated influenza sequence variability from the samples
collected in a single-season of geographically localized infection, by using available sequences for IAV (H3N2)
(NCBI:txid2069524) and IBV (NCBI:txid2067645) strains collected in Massachusetts earlier in the same
season (Method: Genome Alignment). For each infected donor, we used stringent criteria to identify positions
that differed from the reference. We excluded two IBV donors (IBV3 and IBV5) due to low infection levels that
resulted in low read coverage. We built consensus sequences for IAV and IBV, and identified positions that
harbored SNVs in our patient samples. We found a total of 80 SNVs in the six donors with IAV, and 39 SNVs in
the four donors with IBV (Supplemental Table 2). Bulk RNA-Seq libraries generated from excess nasal cells
not loaded on Seqg-Well confirmed the variant calls (with the exception of IAV6 and IAV7, for which no extra
cells were available for bulk RNA sequencing). These high confidence SNVs were used to estimate interhost
variability. For each donor, we estimated the major SNV for each position as well as its frequency (Methods:
Virus genotyping and SNV calling). We find that each donor has at least one unique SNV, and IAV and IBV
had an average of 6.5 unique and 7.5 unique SNVSs, respectively (Figure 4A-B). Parsimony analysis of the
variable positions showed no correlation with the timing of the sample collected (Figure 4C, Supplemental
Table 1).

We found non-synonymous and synonymous SNVs in both IAV and IBV. IAV and IBV genomes showed a
similar non-synonymous to synonymous ratio (dN/dS) with 1AV having a dN/dS = 0.25 and IBV dN/dS = 0.34
(Figure 4D). Regardless of viral strain, non-synonymous SNVs in segments 5 and 7 (NP and M) are
consistently absent. We observed at least one unique non-synonymous SNV in each donor’s viral genomes
(Figure 4A). For IAV, non-synonymous SNVs that may affect protein charge, hydrophobicity or structure are
as follows: PB2: T641 and A707S, PB1-F2: G23E; HA: K43E and T228A; NA: S217L and Y284H; NS: M119V,
and F128S. For IBV, those SNVs are PB2: S591R; PA: T60A; NA: L74P and G234R; NS: N199D and E235K
(all non-synonymous SNVs are provided in Supplemental Table 3). Altogether, each IAV or IBV infected
donor has a distinct viral strain, harboring unique SNVs that are not present in other donors, and each donor
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had at least one non-synonymous SNVs. This result indicates that even in a relatively constrained geographic
location, thousands of different influenza viral strains are likely circulating during a season.

Viral infection induces type | and type lll IFN signaling in infected cells and IFN signaling responses
from bystander cells.

We next examined differential gene expression between all bystander and infected epithelial cells from donors
with 1AV or IBV and healthy epithelial cells from control donors. Irrespective of the viral type, 225 genes were
found to be upregulated in infected epithelial cells compared to bystander cells, and 376 genes were found to
be uniquely upregulated in bystander cells compared to healthy controls (Supplemental Table 5). Differential
expression analysis revealed the upregulation of type Il IFNs (IFNL1-3) in infected epithelial cells (Figure 5A).
As type Il IFNs are critical in barrier tissue response to infection (Broggi et al., 2020), epithelial cells could be
the major producers of type Il IFN in the human nasal tract during influenza infection. Inspection of type | and
type Il IFN transcripts across all cell types showed that indeed, infected epithelial cells are the main producers
of both type I IFN and type Il IFN transcripts (Figure 5B-C). Infected CEPs dominated the IFNB1 and type IlI
IFN transcript production (Figure 5D). Type | and Il IFN transcript upregulation was also seen in select
immune cells during infection (Figure 5B-D).

Given the clear upregulation of classical IFN response genes (e.g. CCL5, IFIH1, IFIT1-3, IF16,27,30) in both
bystander and infected cells, with a stronger upregulation in infected cells (Figure 5A), we sought to better
understand how cells respond to IFNs. To this end, we compiled “IFN production” and “IFN response” gene
sets, and performed gene set enrichment analysis (GSEA) (Subramanian et al., 2005) (Figure 5E-F,
Supplemental Table 6). Consistent with the expression of the IFNL cytokine, the IFN production gene sets
were most highly upregulated in bystander and in infected CEPs. IFN response gene (IRG) sets, on the other
hand, revealed an interesting pattern: while IRGs were induced in nearly all bystander cells relative to healthy
cells, especially CEPs, NEUs did not exhibit this trend (Figure 5F, left panel). This was despite the fact that
NEU were the most abundant immune cell in our samples and hence the cell type for which we had most
power to detect such trend. Beside bystander NEUs, we also found that infected CEPs also failed to
upregulate IRGs. This was surprising given that infected CEPs had the highest levels of IFNLs (Figure 5F,
right panel). IFN unresponsiveness within infected CEPs may reflect the ability of influenza virus to block
IRGSs, but not the production of IFNLs. Furthermore, inspection of transcript abundance for type | receptors
(IFNAR1 and IFNAR2) and type Ill IFN receptors (IFNLR1 and IL10RB), revealed that while IFNAR1, IFNAR2
and IL10RB transcripts were ubiquitous (Figure S8A-C), expression of IFNLR1 (encoding a member of the
type Il IFN receptor heterodimer), was cell type-specific with the lowest expression found in NEU, the cell type
with the lowest IRG response (Figure 5G). This suggested that the response to influenza detection was driven
by type Il IFNs, which were produced in infected cells, specifically infected CEPs. Type Il IFNs likely triggered
a cell type-specific response in cells having robust expression of IFNLR1. The low expression of IFNLR1 in
neutrophils also indicated that the responsiveness of neutrophils to type Il IFN signaling was context-
dependent, as a high expression of IFNLR1 was reported in neutrophils obtained from bone marrow and blood
(Broggi et al., 2017; Espinosa et al., 2017; Galani et al., 2017).

Given that MHC class Il upregulation by IFN-y has been shown in A549 cells (Uetani et al., 2008), the induction
of MHC class Il transcripts observed in goblet cells (GOBciassii) during influenza infection was likely a
consequence of IFN response activity. In fact, we found that MHC class Il gene expression was higher in
bystander and infected cells compared to healthy, influenza-naive cells for most epithelial cell types (Figure
S9), suggesting that epithelial cells in general have the potential to become antigen presenting cells under
pathogen attack, with goblet cells exhibiting the highest potential.
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Discussion

In this study, we generated the first comprehensive cell atlas of human nasal cells during influenza infection.
Our study uniquely captured the following: (1) cell populations both harboring virus and responding to infection
in the natural infection niche, (2) computational methods for identifying virally infected cells and viral SNVs
from scRNA-Seq data, (3) diversity of viral sequences for seasonal influenza viruses within a proximal
geographical distance, (4) human transcriptomic modulation in individual cells from the site of primary influenza
viral infection, and (5) type Il IFN as the predominant response to influenza infection in human nasal tract.

Our data revealed two strong trends regarding epithelial cells. On one hand, MHC class Il gene expression in
epithelial cells was overall upregulated. Most strikingly, a subset of goblet-like cells expressed high levels of
transcripts from MHC class Il genes. This suggested that the epithelium may complement the professional
antigen presentation cells at the site of infection. Based on in vitro studies and studies on polyps from patients
with allergic diseases (Arebro et al., 2016; Kalb et al., 1991; Salik et al., 1999; Wang et al., 1997), increased
levels of MHC class Il transcripts in epithelial cells may be a standard response to IFNs. On the other hand,
basal epithelial cells were depleted in the upper respiratory tract. Tissue damage caused by the influenza virus
infection may drive basal epithelial cells to differentiate for tissue repair, making basal cells less likely to be
detected by transcriptional analyses. However, we cannot rule out the possibility that our observation is
affected by the sampling bias, where infected donors shed more fully differentiated epithelial cells.

We identified a large number of neutrophils in our nasal wash populations, and they were clearly split into two
cell populations, one of which expressed active markers (e.g. ISG15, IFIT3, and RSAD2) mostly from infected
donors. Neutrophils are mostly depleted in ScCRNA-Seq datasets generated from the 10x Genomics platform
(Park et al., 2018; Smillie et al., 2019). Neutrophils are prone to activate their RNases that prevent efficient
MRNA capture during prolonged incubation time and harsh conditions during single-cell capturing in
technologies such as 10x and inDrop (Schwartz et al., 2018). We found eosinophils, another important
granulocyte, predominantly in one patient. It is unclear what role, if any, eosinophils have in combating
influenza infection. The individual where we found eosinophils may have been afflicted with an allergic reaction
in addition to an influenza infection. Further studies with larger sample sizes will provide insight to this matter.

Studies in human primary polarized airway epithelial cell cultures have suggested that airway epithelial cells
are primarily responsible for type Il IFN production (Fox et al., 2015; loannidis et al., 2013; Killip et al., 2015;
Klinkhammer et al., 2018; Okabayashi et al., 2011). We found that infected ciliated epithelial cells from human
nasal cells were the major producers of type Il IFN transcripts during natural infection, within days following
symptoms and diagnosis, consistent with the observations from in vivo models and air-liquid interface systems.
Interestingly, we noticed that viral infection seems to disrupt the IFN response in infected ciliated epithelial
cells, as evidenced by downregulation of interferon response genes compared to bystander cells. However,
epithelial cells maintained high expression of genes in the IFN production pathway. We could not however
evaluate whether IFNs themselves were suppressed perhaps due to the small size of IFN genes that reduces
their detection rate in SCRNA-Seq libraries. Taken together the effects on IRGs show a failure to suppress viral
infection by highly infected epithelial cells.

We developed two important methodologies that can be applied to other host-virus dual transcriptome scRNA-
Seq studies: 1) a statistical test for identifying viral infected cells from scRNA-Seq data, overcoming the
confounding ambient RNA contamination in scRNA-Seq, and 2) an approach that uses scRNA-Seq to map
virus sequence variability in addition to viral gene expression. In fact, despite limitations from the 3’-end
transcript bias of scRNA-Seq, we showed that we were able to define viral sequences and make viral SNV
calls for each highly infected donor. Although we only captured viral transcripts (instead of the viral genome),
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our stringent SNV calling method allowed us to identify viral genomic variations and differentiate them from
random errors introduced by RNA polymerases. We showed that, within a small geographical region and a
defined sampling time frame, influenza viruses from infected donors have variabilities in their genetic
sequences, with each donor harboring a unique viral sequence. Twenty percent of these variants also had
predicted amino acid changes. The fact that we are able to identify SNVs from scRNA-Seq data opens up the
possibility to directly study the viral sequence in each single cell from primary human samples, and suggests
that these techniques can be similarly applied to other viruses. Because we were limited by the short read
lengths and the index swapping issues that particularly confound low frequency variant calls (Methods: Virus
genotyping and SNV calling) (Costello et al., 2018), we were unable to characterize the intrahost viral
genetic variability. However, these two issues can be addressed in the future by using a different sequencing
strategy that reduces index swapping, and using longer reads that capture a greater fraction of each transcript,
doing so should empower follow up studies to explore intrahost variability of the viral sequence.

Our study clearly showed the power of studying upper respiratory tract samples from influenza-infected
humans coupled with single-cell technologies to understand local host responses. Future studies applied to
other human respiratory viruses will allow for comparative analysis of the host-pathogen interplay and potential
identification of host or viral factors that are responsible for increased or reduced virulence (Ziegler et al.,
2020). Technological advances that bring sequencing applications closer to patient care will delineate the
mechanisms that mediate influenza pathogenesis in humans, which will be crucial for designing improved
vaccines and therapeutics against influenza and other respiratory viruses.
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Figure Legends

Figure 1.

scRNA-Seq captures the cell type distribution in nasal wash samples from humans with acute
influenza infection. A. Schematic of sample collection, processing, and data analysis. Donors had a
diagnosis of influenza A virus (IAV) (n = 6) or influenza B virus (IBV) (n = 6) by rapid antigen test or respiratory
virus panel and had detectable viruses in sequence or were healthy volunteers (n = 6). B. t-distributed
stochastic neighbor embedding (tSNE) representation includes 35,480 cells clustering in two-dimensional
space, colored by 17 distinct cell types identified. Cell barcodes with >1000 unique molecular identifiers (UMI)
were denoted as cells. C. tSNE shows the normalized expression of gene markers for cell types found the
major four broad clusters: an immune cell cluster including T lymphocytes (TRAC, TRDC) and dendritic cells
(TLR9 for plasmacytoid dendritic cells), epithelial cells (FOXJ1, MUC5AC and KLK7), macrophages (CSF1R),
and neutrophils (CSF3R). D. All epithelial cells were subsetted and reclustered. tSNE plot showing the new
embedding of all epithelial cells with cells colored by cell types. E. The GOBciassi cell cluster shows high
expression of HLA class Il transcripts and interferon response genes (HLA-DPA1 and CXCL10 shown as
examples). F. Fraction of each epithelial cell type out of all cells found in each donor. The number of each cell
type from each healthy (n=6) and infected (n=12) donor was plotted here. The black line shows the mean. *: p
< 0.05, Wald test.

Figure 2.

Viral transcripts are detected in epithelial cells as well as immune cells in human nasal washes. A.
tSNE representation shows the raw expression of IAV (H3N2) or IBV transcripts in all cells before identifying
infected cells. Viral metagenes, composed of all eight segments, are plotted here. The arrows point to the
group of highly infected cells. B. Workflow of identifying viral infected cells from infected donors. This method is
described in detail in Methods: Identifying Viral Infected Cells. C. tSNE representation of cells in different
cellular states: healthy, bystander, and infected after classification. D. The distribution of viral load in cell types
predicted to be infected by the ZINB model and the SVM classifier. Viral load for each cell is calculated based
on the fraction of viral transcripts to total transcripts. Viral load status is empirically classified by bystander
(cells predicted and classified as bystander by ZINB model and SVM classifier), low, medium, or high based on
the tertile of viral gene expression rank in a cell.

Figure 3

The M and NP segments are the most highly expressed, while the NS segment drops out in highly
infected cells. A. The fraction of cells either expressing all eight viral segments or having at least one
segmental dropout in each viral load state. B. Normalized expression levels of each viral segment from either
IAV- or IBV-infected cells. Viral segment expression is colored by the viral load of their host cell. C. Scatter
plots showing the correlation between viral load (the fraction of viral MRNA from the virus for each cell) and the
normalized expression level for each viral segment in each infected cell per donor. The Pearson correlation
coefficient r is calculated for each segment. ***: P < 0.0001.

Figure 4

scRNA-Seq allows detection of SNVs in viral transcripts and shows that at least one unique strain
infected each individual. Sequencing reads mapped to influenza reference genomes from valid cells (>1000
UMIs) were used to identify SNVs present in each donor. Variant calls were made based on the reference
genomes, and were converted to consensus if present in more than half of donors for each viral subtype to
avoid reference bias. A. Quantification of SNVs private to each donor. IBV3 and IBV5 are not shown in this
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analysis due to lack of enough infected cells. Of all variants found in each viral subtype (n=80 for IAV, n=39 for
IBV), each donor harbored unique SNVs. Variable positions not covered in valid cells are marked as no
coverage. These positions are not considered in parsimony analysis. B. Barcode plot showing the classification
of each variable position found in each donor. C. Unrooted dendrogram showing the SNVs Hamming distances
among donors. The donor numbering represents the sequence of collection time. No correlation between
sample collection time and position on the dendrogram is found. D. The number of non-synonymous and
synonymous variants from all SNVs defined (n=80 for 1AV, n=39 for IBV). Variant positions with no coverage in
any of the donors are not considered. The dN/dS ratio (ratio of the number of non-synonymous SNVs to
synonymous SNVSs) is noted on top of each segment.

Figure 5

Viral infection induces type | and type lll IFN production in infected cells and IFN sighaling response
from bystander cells. IFNA and IFNL metagene expressions are calculated as the sum of all mapped IFNA
genes and mapped IFNL genes. Only cell types that have non-zero expression of each metagene are shown
here. Gene expression counts shown in this figure are normalized counts. A. Heatmap on the row-scaled
normalized expression z-scores of all significantly differentially expressed genes (DEGSs) identified in epithelial
bystander cells in comparison to healthy cells and infected cells in comparison to bystander cells. Aggregate
pseudobulk gene expression (see Method: Aggregated pseudobulk gene expression calculation) was
calculated per cellular infection state of all epithelial cells. The top 40 DEGs are annotated with text on the
heatmap. B. IFNA metagene expression levels in different cellular states across cell types. The black points
are the mean expression levels. C. IFNB1 expression levels in different cellular states across cell types. The
black points are the mean expression levels. D. IFNL metagene expression levels in different cellular states
across cell types. The black points are the mean expression levels. E. The enrichment of type | IFN production
gene sets (GO:0032648, GO:0032481, GO:0032728, GO:0032727, GO:0032647, GO:0032479) tested by
GSEA. Enrichment of gene sets was tested between bystander cells and healthy cells, and between infected
cells and bystander cells for each cell type. The normalized enrichment score (NES) for each comparison per
cell type is shown here. Positive NES denotes enrichment of gene sets in bystander cells when compared to
healthy cells, and in infected cells when compared to bystander cells. Gene sets were not tested in cell types
with less than 10 cells in any cell state, thus left blank on the plot. NES values are colored by their significance.
F. The enrichment of type | IFN response gene sets (G0O:0034340, GO:0035456, GO:0035455, GO:0060338,
G0:0035458, GO:0005132) tested by GSEA. G. IFNLR1 expression levels in different cellular states across
cell types. The black points are the mean expression levels.
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Supplemental Tables and Figure Legends

Supplemental Table 1

Summary of donor information, scRNA-Seq and bulk RNA-Seq library preparation and viral detection.
Supplemental Table 2

Details on viral genetic variation detection.

Supplemental Table 3

Details on non-synonymous variants of the viral genomes.

Supplemental Table 4

Top 50 differentially expressed gene markers for each cell type tested by edgeR.

Supplemental Table 5

edgeR results of bystander cells compared to healthy cells and infected cells compared to bystander
cells in epithelial cells.

Supplemental Table 6

Genes from either IFN production gene sets or IFN response gene sets

Figure S1
Related to Figure 1

Cell type distributions across donors. A. Images of bead loading on Seq-Well platform. Arrows point to the
speculated broken beads. B. tSNE of all cells colored by donors. C. tSNE of all cells colored by the four major
cell type clusters. D. Normalized expression of three interferon stimulated genes (IFIT3, ISG15, RSAD?2). E.
Fraction of cell types across donors. F. Raw counts of each cell type for each donor. G. The total number of
cells in scRNA-Seq data collected from healthy, IAV- or IBV-infected donors. The total number of cells
collected from influenza-infected donors is significantly increased compared to those from healthy donors (t-
test, P =0.003). H. Fraction of each immune cell type in infected or healthy donors. The number of each cell
type from each healthy (n=6) and infected (n=12) donor is plotted here. The black line shows the mean. *: p <
0.05, Wald test.

Figure S2
Related to Figure 1

Epithelial cell cluster cell type identification. A. Ten clusters were called by density clustering from the
epithelial cell cluster. B. tSNE plot colored by donors. C. Normalized expression of cell type markers in each
cell type. The black points are the mean expression of expressing cells. D. tSNE plots on the influenza viral
transcript expressions. E. Fraction of epithelial cell types found in each donor. F. The expression levels
(normalized expression and percentage of cells expressing) of marker genes per epithelial cell type.
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Figure S3
Related to Figure 1

Leukocyte cluster cell type identification. A. Twelve clusters were called by density clustering from the
leukocyte cell cluster. B. tSNE plot colored by donors. C. Normalized expression of cell type markers for each
cell type in the leukocyte cluster. The black points are the mean expression of expressing cells. D. Cell types
identified. E. tSNE plots on the influenza viral transcript expression. F. Cell types found in each donor. HC1
and IBV6 do not yield cell types shown here.

Figure S4
Related to Figure 2

Background viral transcript estimation and infected cell type identification. A. Histogram of viral counts
in human nasal wash cells from HC3 nasal wash cells spiked-in with WSN-infected MDCK cells. The red line is
the fit of viral counts predicted with the ZINB model. B. histogram of viral counts in human nasal wash cells
from HC4 nasal wash cells spiked-in with WSN-infected MDCK cells. The red line is the fit of viral counts
predicted with the ZINB model. C. The expression of human cells and dog genes in each cell in HC3 and HC4
nasal wash cells spiked-in with WSN-infected MDCK cells. Cells are colored by their predicted infection state.
D. Histogram of viral counts in each of the highly infected donors. The red line is the fit of viral counts predicted
with the ZINB model. E. Fraction of cells predicted to be infected by ZINB models for each cell type, broken
down by cells from either IAV- or IBV-infected donors. F. Infected and bystander cells predicted by ZINB
models and classified by SVM for CEP and Squamous cells. The result of SVM classification for CEP and
Squamous cells was used for infected cell classification. G. Precision-Recall curve for each SVM classifier.

Figure S5
Related to Figure 2

Viral load states breakdown in IAV- or IBV-infected donors. Fraction of cells classified in each viral load
state for cells from IAV- or IBV-infected donors

Figure S6
Related to Figure 3

IAV segment expression is more variable. Chi-squared test was applied to each IAV and IBV high viral load
cell to test if the expression of each viral genome segment is equally likely. The adjusted p-values are plotted
against the viral load of each cell. The red dash line intercepts the y axis at 0.05.

Figure S7
Related to Figure 4

Read coverage on influenza genomes from the scRNA-Seq data for all twelve influenza virus-infected
donors. Reads from scRNA-Seq libraries mapped to each viral genome are plotted here. The minimum and
maximum numbers of reads covering each base are noted. PCR duplicated reads were removed. The average
PCR duplication rate is estimated to be 4x. A. Read coverage for IAV infected donors. B. Read coverage for
IBV infected donors.
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Figure S8
Related to Figure 5

Expressions of type | and Ill IFN receptors in different cellular states across cell types. Violin plots of the
normalized expressions of IFNAR1, IFNAR2, and IL10RB in different cellular states across cell types. The
black points are the mean expression of expressing cells. A. IFNAR1 normalized expressions. B. IFNAR2
normalized expressions. C. IL10RB normalized expression.

Figure S9
Related to Figure 5

MHC class Il gene expression in different cellular states across cell types. The normalized expression of
MHC class Il metagene is calculated by the sum of the normalized expression of all MHC class Il genes
mapped in the scRNA-Seq data and CIITA, the gene encoding the transcription factor for MHC class Il. The
black points are the mean expression of MHC class Il metagene.
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Methods

Sample collection

Approvals from Institutional Review Boards.

All procedures were approved by the University of Massachusetts Medical School Institutional Review Board
(IRB protocol # HO0009277) and participants signed an informed consent document whenever required by
IRB.

Subject enrollment.

Nasal washes were obtained from adult healthy controls and from adults with diagnosis of acute influenza A or
B by rapid antigen test (Flu A or B antigen, direct fluorescence antigen test) and/or by respiratory virus panel
(PCR testing for influenza A, influenza A H1, influenza A H3, influenza B, adenovirus, metapneumaovirus,
respiratory syncytial virus A, respiratory syncytial virus B, rhino/enterovirus, parainfluenza 1, parainfluenza 2,
parainfluenza 3), who show symptoms up to seven days. Samples were obtained by irrigation of each naris
with up to 10 mL of saline, and collected in a single container. The sample was then transported to the
research laboratory for processing. Upon receipt, the sample was immediately stored on ice and 10 mL cell
growth media (DMEM or RPMI1640 with 10% fetal bovine serum) was added. The material was strained using
a 40 uM nylon cell strainer (Corning) into a 50 mL centrifuge tube. Cells were pelleted at 1300 rpm for 10 min
at 4°C. All but 1 mL of supernatant was discarded, the pellet resuspended in the remaining 1 mL of
supernatant, and material was transferred to an Eppendorf tube and pelleted at 2000 rpm for 5 min. If the pellet
contained visible blood, 200 yL of RBC lysis solution (Sigma) was added to resuspend the pellet and incubated
at room temperature for 2 min, after which 1 mL of cell media was added, and the cells were pelleted at 2000
rpm for 5 min. The final pellet was resuspended in up to 1 mL of media and quantified.

For two healthy donor samples (“HC3” and “HC4”), 2,000 influenza A/AWSN/33-infected MDCK cells (infected
for overnight at a multiplicity of infection of 1) were added to 18,000 primary human cells prior to loading on the
Seg-Well array. This was performed to measure any potential cross-contamination from dead cells and free
viral transcripts in the sample. Association of either canine or A/AWSN/33 viral transcripts with human cell
barcodes, or vice versa, would suggest that a well contained both human and canine material (i.e., either
multiple cells per well or RNA contaminants from lysed cells are present).

Influenza A/WSN/33 was passaged in MDCK cells (MDCK ATCC catalog number: PTA-6500. A/WSN/33
ATCC catalog number: VR-825).

RNA sequencing

Seq-Well.

Seqg-Well was used according to published methods (Gierahn et al., 2017) to capture single cells on a
microwell array. Each microwell has only one bead carrying oligonucleotides that have a cell barcode, unique
molecular identifiers (UMIs), and a polyT tail. Each array was loaded with 20,000 cells. Any remaining cells
were put in TRIZOL and stored at -80°C. After cell lysis, mRNA transcripts were captured by the
oligonucleotides on the bead. The cDNA libraries were prepared using lllumina Nextera XT Library Prep Kits
and sequenced using the NovaSeq 6000x System from Illumina. NovaSeq S2 100-cycle sequencing was
performed at the Broad Institute Genomics Platform.
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Bulk RNA Sequencing

Bulk RNA-Seq was performed for a subset of the samples initially stored in TRIZOL® Reagent, Cat.:15596.
RNA extraction was performed following the manufacturer’s directions, and libraries were constructed using
the NuGen Ovation FFPE RNA-Seqg Multiplex System. Libraries were sequenced on an Illumina NextSeq 500.

RT-qPCR.

One step RT-gPCR was performed with TagMan chemistry. Primers and probes used for IAV-M, IBV-HA were
previously reported (World Health Organization, 2017) and synthesized by Bio-Rad Laboratories. B2M primer
and probe were made by ThermoFisher Scientific (Cat #: 4326319E) and RNA samples were run in triplex with
IAV and IBV. RT-gPCR amplification was carried out in 10 uL reactions and 3 replicates were run for each
sample. Each plate contained a range of serial dilutions of viral RNA from B/Mass/3/66 (ATCC, Cat #: VR-523),
viral RNA from A/PR/8/34 (Charles River Laboratories) and A549 cellular RNA for standard curve generation.
The QuantiFast Pathogen RT-PCR+IC Kit from Qiagen (Cat #: 211452) was used. Experiments were
conducted to test inter- and intraplate variability. The real-time PCR amplification was performed on a CFX96
C1000 thermal cycler (Bio-Rad Laboratories) with the following condition: 50°C for 20 min, 95°C for 5 min, 40
cycles of 95°C for 15 sec and 60°C for 45 sec. The results were analyzed with built-in software. The ratios of
IAV-M/B2M, IBV-HA/B2M were calculated using standard curves.

Computational Analysis

Genome Alignment.

Reads were aligned to the GRCh37 reference genome combined with influenza genomes.
A/Massachusetts/20/2017 (H3N2): genome ID: CY264272, CY264273, CY264274, CY264275, CY264276,
CY264277, CY264278, CY264279; B/Massachusetts/18/2017 (Yamagata lineage): genome ID: CY263602,
CY263603, CY263604, CY263605, CY263606, CY263607, CY263608, CY263609. Reads were additionally
aligned to a panel of respiratory virus genomes: Respiratory syncytial virus A (RSVA), RSVB, human
parainfluenza virus, human respirovirus, rubulavirus, mumps virus, human rhinovirus (HRV) A, HRVB, HRVC,
human adenovirus B2 and influenza C virus with the genome IDs: KJ643560, KC283039, KY674966,
KY674953, KY967354, KY779616, KY674950, MF965239, KY369875, KY369902, KY369880, NC011202,
KM504277, KM504278, KM504279, KM504280, KM504281, KM504282, KM504283. Mapped reads from each
sample were then corrected for DropSeq barcode synthesis error using the DropSeq core computational tools
developed by the McCarroll Lab (Macosko and Goldman). Genes were quantified using End Sequence
Analysis Toolkit (ESAT, github/garber-lab/ESAT) with parameters -wlen 100 -wOlap 50 -wExt O -scPrep (Derr
et al., 2016). Finally, UMIs that likely result from sequencing errors were corrected by merging any UMIs that
were observed only once and have 1 hamming distance from a UMI detected by two or more aligned reads.

Only cell barcodes with more than 1,000 UMIs were analyzed. Cell barcodes with mostly erythrocyte genes
(HBA, HBB) were removed. From here on, the remaining cell barcodes in the matrix would be referred to as
cells. The final gene by cell matrix was normalized using the scran package v3.10 (Lun et al., 2016). The
normalized matrix was used for dimensionality reduction by first selecting variable genes that had a high
coefficient of variance (CV) and were expressed (>=1 UMI) by more than three cells. Influenza viral genes,
interferon stimulated genes, and cell cycle related genes were removed from the variable gene list in order to
minimize the impact of viral responses and mitosis on clustering and cell type identification. This resulted in the
selection of 2484 variable genes. t-distributed stochastic neighbor embedding (tSNE) was applied to the first
ten principal components (PCs), which explained 95% of the total data variance (Maaten and Hinton, 2008).

17


https://paperpile.com/c/OB6EFn/Hhfl
https://paperpile.com/c/OB6EFn/ubuj
https://paperpile.com/c/OB6EFn/QOBv
https://paperpile.com/c/OB6EFn/QOBv
https://paperpile.com/c/OB6EFn/uNt2
https://paperpile.com/c/OB6EFn/iIbX
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

615

620

625

630

635

640

645

650

655

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Clustering and cell type identification

Density clustering (Rodriguez and Laio, 2014) was performed on the resulting tSNE coordinates (Figure 1B,C)
and identified four major clusters: epithelial cells, neutrophils, macrophages and leukocytes (Figure S1E). The
epithelial cell cluster and the leukocyte cluster were then re-clustered independently, as described above, to
identify populations within each metacluster. Specifically, the epithelial cell cluster was re-embedded using
2629 variable genes selected by the same criteria mentioned in the previous section and 13 PCs that
explained 95% of the variance. Density clustering on the epithelial cell tSNE map (Figure S2A) revealed ten
clusters. Differential gene expression analysis using edgeR (Robinson et al., 2010) was performed to identify
marker genes for each cluster (Figure S2C). For the leukocyte metacluster, 2583 variable genes were
selected by the same criteria, and 8 PCs that explained 90% of the variance were used as input to tSNE. In
order to identify specific T cell populations, the following procedures were followed: cells were clustered based
on the tSNE map into six clusters. The top 300 differentially expressed genes (DEGS) that distinguish each of
the six clusters from all other leukocytes were selected, resulting in 1454 unique genes after removing viral
transcripts and interferon responding genes. This matrix of 1454 genes by 1160 cells was used for
dimensionality reduction through PCA and tSNE, followed by density clustering. The second round of
clustering revealed different T cell groups, including CD4+ T cells, CD8+ T cells, proliferating CD8+ T cells,
and yoT cells, and a small population of B cells and mast cells.

Identifying viral infected cells.

To estimate a sample-specific distribution of ambient influenza mRNA contamination from cell lysis and identify
truly infected cells, two control libraries were generated by spiking-in influenza A/WSN/33-infected Madin-
Darby canine kidney (MDCK) cells to nasal wash cells from two healthy human donors prior to performing
scRNA-Seq. These libraries enabled tracking of reads mapped to each organism and estimation of the amount
of ambient RNAs per cell.

Sequencing reads from WSN-infected MDCK spiked-in donors were mapped to a hybrid genome of GRCh37
reference genome, camFam 3.1, and A/WSN/33 influenza genome (CY034132, CY034133, CY034134,
CY034135, CY034136, CY034137, CY034138, CY034139). The mapped reads were then processed through
the same pipeline described in Genome Alignment. Only cells with > 1000 UMIs were analyzed. Human cells
and MDCK cells formed distinct clusters. MDCK transcripts and viral transcripts were found in human cells,
which suggested those transcripts were the result of ambient RNA contamination. The distribution of ambient
viral RNAs was overdispersed with zero inflation. We also observed that the viral transcripts and the total
number of UMIs per cell are correlated. To assess the amount of ambient RNA in the cells, a zero-inflated
negative binomial model (ZINB) was built using the function hurdle (package “pscl v1.5.2”) in R (v3.5.0). The
observed viral counts were modeled against the total number of UMIs in each cell for each spiked-in donor.
The model performance was evaluated using Q-Q plots and residuals. This model was only applied to highly
infected donors (IAV1, IAV2, IAV5, IAV7, IBV1, IBV2) to assess the expected fraction of viral ambient RNA per
cell.

It is notable that human cells carrying high levels of A/AIWSN/33 transcripts were predicted to be infected after
applying the ZINB model (Figure S4C-D). Since only a small fraction of these cells also have a high fraction of
dog mRNAs, human/dog doublets do not explain the high presence of influenza mRNAs. This suggests that
they may have been infected during the time in which they were mixed together (~1.5hr) before cell lysis on the
Seg-Well platform. Indeed, a disproportionate number of cells with high influenza viral MRNAs are epithelial
(170 epithelial cells and 64 immune cells), the natural target of influenza virus, further indicating that infection
after mixing occurred.
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The ZINB model had no power to predict infection in the case of cells with lower levels of viral transcripts. This
includes the 298 virus positive cells from half of the infected donors, and a large number of virus positive cells
that were not predicted to be infected in high viral load donors. To ensure that infected cell identification was
robust, a support vector machine (SVM) classifier was applied to distinguish between infected and bystander
cells. The SVM classifier was only applied to cell types which had more than 10 cells predicted to be infected
by the ZINB model, namely CEP and Squamous cells. The gene expression signature related to viral infection
for each cell type was generated by comparing infected cells predicted by ZINB and bystander cells with no
viral transcripts using edgeR (Robinson et al., 2010). Genes expressed by more than 20% of the cells were
tested, and genes with at least a 2 fold change (FDR < 0.05) in infected cells predicted by ZINB were selected
as features for the model. The SVM classifier for each cell type was trained using 70% of the infected cells
predicted by ZINB and an equal number of bystander cells without any viral transcripts. The remaining cells
from each cell type were then classified as infected or bystander cells. The SVM classification for CEP and
Squamous cells showed 3% and 6% false positive rates, respectively.

Cell type enrichment statistical test.

The method described previously by (Xu et al., 2019) was followed to test for cell type composition changes
between healthy and infected donors. Briefly, a negative binomial regression model was used to assess if the
cell type composition between healthy donors and infected cells are significantly different. For each cell type,
the infection label (healthy or infected) was used as a covariate and the total number of cells sampled from
each donor was used as an offset variable. The Wald test was used on the regression coefficient to assess the
P value for each cell type.

Differential gene expression analysis

Differential gene expression analysis was performed using edgeR, comparing bystander cells to healthy cells,
and infected cells to bystander cells for each cell type. Comparisons with fewer than 3 cells in any cellular
infection state were not tested. To generate cell type markers, edgeR was used to test for differentially
expressed genes of each cell type against the rest sixteen cell types with equal weights. Genes were
considered differentially expressed with at least 2 fold change and false discovery rate less than 0.05.

Gene Set Enrichment Analysis (GSEA)

To capture more subtle differences among cell states which affect functionally related genes, gene set
enrichment analysis (GSEA v3.0) (Subramanian et al., 2005) was performed using a ranked gene list
constructed from the edgeR results. Genes were ranked by their reported fold change (logFC). GSEA was run
via command line using parameters --nperm 2000 -set_max 3000. The GO term annotation reference was
obtained from MSlgDB CS collection

(http: )
ontology (GO) terms were selected based on (l) the normallzed enrichment score (NES > 2 or NES < -2), and
(2) the false discovery rate (FDR < 0.05).

Aggregated pseudobulk gene expression calculation

The aggregated pseudobulk gene expression was calculated as >gq.2..i/2.ca.2..i) * 1,000,000 for all i cells in a
group, where g is the normalized UMI count of a gene, and c is the total number of UMI counts in a cell.

Virus genotyping and single nucleotide variants (SNVs) calling.

For each donor’s scRNA-Seq library, reads mapped to influenza viral genomes were removed of PCR
duplicates using umitools -dedup (Smith et al.). The remaining reads were then used to identify SNVs using
mpileup from samtools via command line (Li, 2011). SNVs were called in each donor with following criteria: for
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a highly covered position (> 20 reads), a SNV is called when more than 50% of mapped reads support the
alternative allele; for a lowly covered position (< 20 reads), if the alternative allele is supported by > 50% of the
reads and this allele was also found in other donors with higher coverage, a SNV will be called, otherwise this
position will not be called in this donor. SNVs called from the scRNA-Seq data were also detected using the
bulk RNA-Seq data for donors who have both types of library, confirming the accuracy of the SNV detection
approach in scRNA-Seq data. A hamming distance matrix of the viral sequence in each donor was calculated
by using only the SNV positions covered in all donors. Hierarchical clustering was used to identify the similarity
of the viruses among donors. Supplemental Table 2 contains details on the SNV called per donor and per
viral genome segment.

Special notes: Bead breakage correction

After single-cell mMRNA capturing on the Seq-Well array, cells from each donor were split into five aliquots, in
order to control the number of cells to sequence from each sample. In theory, the cell barcodes within aliquots
from each donor should collide minimally (1.3% for 78,000 beads determined from random 11 bp
oligonucleotide simulation). However, we observed the same barcode in different aliquots from the same
sample, at a much higher rate than expected from random barcode sampling. Further analysis on these
barcodes revealed that they had similar transcriptome profiles. Based on light microscopy inspection, we
hypothesized that this phenomenon could result from the broken beads that were separated into different
aliquots. This “bead breakage problem” was corrected by merging cell barcodes across aliquots from the same
donor with non-random barcode collision whenever they exhibit similar transcriptome profiles.

Special notes: lllumina sequencing index swapping correction

Index swapping (hopping), i.e., the integration of free adapters, happens on lllumina patterned flow cells for
sequencing platforms such as NovaSeq, HiSeg4000 and HiSegX(Costello et al., 2018). This issue impacted
our analysis when identifying infected cells, genotyping the virus sequences and calling SNVs. We estimated
the index swapping rate for each flow cell by identifying the same cell barcodes. The swapped reads had the
same barcode as cell barcodes from another sample. Since Seq-Well utilizes Drop-Seq beads, which have the
12 bp cell barcodes randomly generated by split-and-pool, random barcode collision can happen. We
estimated the rate of random barcode collision to be 1.3%, given 78,000 beads loaded on each Seq-Well
array. We also aliquoted each sample into five and each aliquot was indexed differently, so the aforementioned
bead breakage problem made estimation of the swapping rate and identification of swapped reads challenging.
To identify the swapped reads from each sample, we only focused on the cell barcodes with more than 1000
UMI (i.e., true cells) and identified the same barcodes from other samples on the same flow cell. We removed
the reads with those barcodes from other samples in cases where the amount corresponded to less than 5% of
all reads with the same barcodes on the same flow cell.

Acknowledgments

This work was supported by the UMass Center for Clinical and Translational Science Project Pilot Program,
the Office of the Assistant Secretary of Defense for Health Affairs, through the Peer Reviewed Medical
Research Program (award no. W81XWH-15-1-0317) and the Richard and Susan Smith Family Foundation
(J.0-M).

We thank multiple individuals at UMass Medical School, including Dr. Gregory Pazour for guidance in
identifying and classifying ciliated cells and cell markers, Drs. David Paquette and Melanie Trombly for
assistance with manuscript submission and for providing feedback throughout the project, Jaclyn Longtine,
Karen Longtine and Melissa O’Neill for sample collection, Alan Derr, Jake Gellatly, Pyae Kwaye, Maureen

20


https://paperpile.com/c/OB6EFn/UFei
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

745

750

755

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Hester and Elham Ahmadi for data analysis discussions. We also thank Travis Hughes and Marc Wadsworth
(Shalek lab, M.1.T.) for advice on Seq-Well.

Author contributions

R.W. F.,J. P. W,, and M. G. conceived and designed the study, advised on data collection and supervised the
research. Y. C. designed and performed bioinformatics analysis under the guidance of M. G.; Z. G. prepared
and processed all samples for scRNA-Seq and bulk RNA-Seq, with supervision by J. O.-M., P. McD., M. G., R.
W.F.,and J. P. W.; P. V. and Y. C. designed and applied the ZINB model for identifying infected cells; Y.C.
and E.D. built and applied the SVM classifier for infected cell classification on epithelial cells; P. L. performed
gPCR experiments under J. P. W.’s guidance. All authors participated in data interpretation. Y. C., R. W. F., J.
P. W., and M. G. wrote the manuscript with input from all authors.

Competing interests

The authors declare no conflict of interests.

21


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

760

765

770

775

780

785

790

795

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

References

Ancuta, P., Liu, K.-Y., Misra, V., Wacleche, V., Gosselin, A., Zhou, X., and Gabuzda, D. (2009). Transcriptional
profiling reveals developmental relationship and distinct biological functions of CD16 and CD16- monocyte
subsets. BMC Genomics 10, 403.

Arebro, J., Tengroth, L., Razavi, R., Georén, S.K., Wingvist, O., and Cardell, L.-O. (2016). Antigen-presenting
epithelial cells can play a pivotal role in airway allergy. Journal of Allergy and Clinical Immunology 137, 957—
960.e7.

Bradley, T., Ferrari, G., Haynes, B.F., Margolis, D.M., and Browne, E.P. (2018). Single-Cell Analysis of
Quiescent HIV Infection Reveals Host Transcriptional Profiles that Regulate Proviral Latency. Cell Rep. 25,
107-117.e3.

Broggi, A., Tan, Y., Granucci, F., and Zanoni, |. (2017). IFN-A suppresses intestinal inflammation by non-
translational regulation of neutrophil function. Nat. Immunol. 18, 1084-1093.

Broggi, A., Granucci, F., and Zanoni, |. (2020). Type Il interferons: Balancing tissue tolerance and resistance
to pathogen invasion. J. Exp. Med. 217.

CDC (2019). What You Should Know for the 2017-2018 Influenza Season.

Chen, R., and Holmes, E.C. (2006). Avian influenza virus exhibits rapid evolutionary dynamics. Mol. Biol. Evol.
23, 2336-2341.

Costello, M., Fleharty, M., Abreu, J., Farjoun, Y., Ferriera, S., Holmes, L., Granger, B., Green, L., Howd, T.,
Mason, T., et al. (2018). Characterization and remediation of sample index swaps by non-redundant dual
indexing on massively parallel sequencing platforms. BMC Genomics 19, 332.

Cristinelli, S., and Ciuffi, A. (2018). The use of single-cell RNA-Seq to understand virus—host interactions. Curr.
Opin. Virol. 29, 39-50.

Denney, L., and Ho, L.-P. (2018). The role of respiratory epithelium in host defence against influenza virus
infection. Biomed. J. 41, 218-233.

Deprez, M., Zaragosi, L.-E., Truchi, M., Garcia, S.R., Arguel, M.-J., Lebrigand, K., Paquet, A., Pee’r, D.,
Marquette, C.-H., Leroy, S., et al. (2019). A single-cell atlas of the human healthy airways.

Derr, A., Yang, C., Zilionis, R., Sergushichev, A., Blodgett, D.M., Redick, S., Bortell, R., Luban, J., Harlan,
D.M., Kadener, S., et al. (2016). End Sequence Analysis Toolkit (ESAT) expands the extractable information
from single-cell RNA-seq data. Genome Res. 26, 1397-1410.

Dubois, J., Terrier, O., and Rosa-Calatrava, M. (2014). Influenza viruses and mRNA splicing: doing more with
less. MBio 5, e00070-14.

Espinosa, V., Dutta, O., McElrath, C., Du, P., Chang, Y.-J., Cicciarelli, B., Pitler, A., Whitehead, I., Obar, J.J.,
Durbin, J.E., et al. (2017). Type lll interferon is a critical regulator of innate antifungal immunity. Science
Immunology 2, eaan5357.

Fox, J.M., Crabtree, J.M., Sage, L.K., Tompkins, S.M., and Tripp, R.A. (2015). Interferon Lambda Upregulates
IDO1 Expression in Respiratory Epithelial Cells After Influenza Virus Infection. J. Interferon Cytokine Res. 35,
554-562.

Galani, |L.E., Triantafyllia, V., Eleminiadou, E.-E., Koltsida, O., Stavropoulos, A., Manioudaki, M., Thanos, D.,
Doyle, S.E., Kotenko, S.V., Thanopoulou, K., et al. (2017). Interferon-A Mediates Non-redundant Front-Line
Antiviral Protection against Influenza Virus Infection without Compromising Host Fitness. Immunity 46, 875—

22


http://paperpile.com/b/OB6EFn/6NzY
http://paperpile.com/b/OB6EFn/6NzY
http://paperpile.com/b/OB6EFn/6NzY
http://paperpile.com/b/OB6EFn/6NzY
http://paperpile.com/b/OB6EFn/6NzY
http://paperpile.com/b/OB6EFn/4nAl
http://paperpile.com/b/OB6EFn/4nAl
http://paperpile.com/b/OB6EFn/4nAl
http://paperpile.com/b/OB6EFn/4nAl
http://paperpile.com/b/OB6EFn/4nAl
http://paperpile.com/b/OB6EFn/nb9w
http://paperpile.com/b/OB6EFn/nb9w
http://paperpile.com/b/OB6EFn/nb9w
http://paperpile.com/b/OB6EFn/nb9w
http://paperpile.com/b/OB6EFn/nb9w
http://paperpile.com/b/OB6EFn/cKoO
http://paperpile.com/b/OB6EFn/cKoO
http://paperpile.com/b/OB6EFn/cKoO
http://paperpile.com/b/OB6EFn/cKoO
http://paperpile.com/b/OB6EFn/ViEm
http://paperpile.com/b/OB6EFn/ViEm
http://paperpile.com/b/OB6EFn/ViEm
http://paperpile.com/b/OB6EFn/ViEm
http://paperpile.com/b/OB6EFn/5XWl
http://paperpile.com/b/OB6EFn/CeOS
http://paperpile.com/b/OB6EFn/CeOS
http://paperpile.com/b/OB6EFn/CeOS
http://paperpile.com/b/OB6EFn/CeOS
http://paperpile.com/b/OB6EFn/UFei
http://paperpile.com/b/OB6EFn/UFei
http://paperpile.com/b/OB6EFn/UFei
http://paperpile.com/b/OB6EFn/UFei
http://paperpile.com/b/OB6EFn/UFei
http://paperpile.com/b/OB6EFn/aqSX
http://paperpile.com/b/OB6EFn/aqSX
http://paperpile.com/b/OB6EFn/aqSX
http://paperpile.com/b/OB6EFn/aqSX
http://paperpile.com/b/OB6EFn/t3rw
http://paperpile.com/b/OB6EFn/t3rw
http://paperpile.com/b/OB6EFn/t3rw
http://paperpile.com/b/OB6EFn/t3rw
http://paperpile.com/b/OB6EFn/9tQN
http://paperpile.com/b/OB6EFn/9tQN
http://paperpile.com/b/OB6EFn/QOBv
http://paperpile.com/b/OB6EFn/QOBv
http://paperpile.com/b/OB6EFn/QOBv
http://paperpile.com/b/OB6EFn/QOBv
http://paperpile.com/b/OB6EFn/QOBv
http://paperpile.com/b/OB6EFn/5fEE
http://paperpile.com/b/OB6EFn/5fEE
http://paperpile.com/b/OB6EFn/5fEE
http://paperpile.com/b/OB6EFn/5fEE
http://paperpile.com/b/OB6EFn/XyFB
http://paperpile.com/b/OB6EFn/XyFB
http://paperpile.com/b/OB6EFn/XyFB
http://paperpile.com/b/OB6EFn/XyFB
http://paperpile.com/b/OB6EFn/XyFB
http://paperpile.com/b/OB6EFn/Y1Sh
http://paperpile.com/b/OB6EFn/Y1Sh
http://paperpile.com/b/OB6EFn/Y1Sh
http://paperpile.com/b/OB6EFn/Y1Sh
http://paperpile.com/b/OB6EFn/Y1Sh
http://paperpile.com/b/OB6EFn/qaOB
http://paperpile.com/b/OB6EFn/qaOB
http://paperpile.com/b/OB6EFn/qaOB
http://paperpile.com/b/OB6EFn/qaOB
http://paperpile.com/b/OB6EFn/qaOB
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

800

805

810

815

820

825

830

835

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

890.e6.

Garfinkel, M.S., and Katze, M.G. (1993). How does influenza virus regulate gene expression at the level of
MRNA translation? Let us count the ways. Gene Expr. 3, 109-118.

Geiss, G.K., Salvatore, M., Tumpey, T.M., Carter, V.S., Wang, X., Basler, C.F., Taubenberger, J.K.,
Bumgarner, R.E., Palese, P., Katze, M.G., et al. (2002). Cellular transcriptional profiling in influenza A virus-
infected lung epithelial cells: the role of the nonstructural NS1 protein in the evasion of the host innate defense
and its potential contribution to pandemic influenza. Proc. Natl. Acad. Sci. U. S. A. 99, 10736-10741.

Gierahn, T.M., Wadsworth, M.H., Il, Hughes, T.K., Bryson, B.D., Butler, A., Satija, R., Fortune, S., Christopher
Love, J., and Shalek, A. (2017). Seq-Well: portable, low-cost RNA sequencing of single cells at high
throughput. Protocol Exchange.

Gomolin, H.1., Yamaguchi, Y., Paulpillai, A.V., Dvorak, L.A., Ackerman, S.J., and Tenen, D.G. (1993). Human
eosinophil Charcot-Leyden crystal protein: cloning and characterization of a lysophospholipase gene promoter.
Blood 82, 1868—-1874.

Hadfield, J., Megill, C., Bell, S.M., Huddleston, J., Potter, B., Callender, C., Sagulenko, P., Bedford, T., and
Neher, R.A. (2018). Nextstrain: real-time tracking of pathogen evolution. Bioinformatics 34, 4121-4123.

Hatada, E., Hasegawa, M., Mukaigawa, J., Shimizu, K., and Fukuda, R. (1989). Control of influenza virus gene
expression: quantitative analysis of each viral RNA species in infected cells. J. Biochem. 105, 537-546.

Hemmink, J.D., Whittaker, C.J., and Shelton, H.A. (2018). Animal Models in Influenza Research. In Influenza
Virus: Methods and Protocols, Y. Yamauchi, ed. (New York, NY: Springer New York), pp. 401-430.

Hirst, G.K. (1947). STUDIES ON THE MECHANISM OF ADAPTATION OF INFLUENZA VIRUS TO MICE. J.
Exp. Med. 86, 357-366.

Ibricevic, A., Pekosz, A., Walter, M.J., Newby, C., Battaile, J.T., Brown, E.G., Holtzman, M.J., and Brody, S.L.
(2006). Influenza virus receptor specificity and cell tropism in mouse and human airway epithelial cells. J. Virol.
80, 7469-7480.

loannidis, 1., Ye, F., McNally, B., Willette, M., and Flafo, E. (2013). Toll-like receptor expression and induction
of type | and type lll interferons in primary airway epithelial cells. J. Virol. 87, 3261-3270.

Igbal, M., Xiao, H., Baillie, G., Warry, A., Essen, S.C., Londt, B., Brookes, S.M., Brown, I.H., and McCauley,
J.W. (2009). Within-host variation of avian influenza viruses. Philos. Trans. R. Soc. Lond. B Biol. Sci. 364,
2739-27417.

Ivinson, K., Deliyannis, G., McNabb, L., Grollo, L., Gilbertson, B., Jackson, D., and Brown, L.E. (2017). Salivary
Blockade Protects the Lower Respiratory Tract of Mice from Lethal Influenza Virus Infection. J. Virol. 91.

Iwasaki, A., and Pillai, P.S. (2014). Innate immunity to influenza virus infection. Nature Reviews Immunology
14, 315-328.

Jochems, S.P., Piddock, K., Rylance, J., Adler, H., Carniel, B.F., Collins, A., Gritzfeld, J.F., Hancock, C., Hill,
H., Reiné, J., et al. (2017). Novel Analysis of Immune Cells from Nasal Microbiopsy Demonstrates Reliable,
Reproducible Data for Immune Populations, and Superior Cytokine Detection Compared to Nasal Wash. PLoS
One 12, e0169805.

Kalb, T.H., Chuang, M.T., Marom, Z., and Mayer, L. (1991). Evidence for accessory cell function by class Il
MHC antigen-expressing airway epithelial cells. Am. J. Respir. Cell Mol. Biol. 4, 320-329.

Kazer, S.W., Aicher, T.P., Muema, D.M., and Carroll, S.L. (2019). Integrated Single-Cell Analysis of
Multicellular Immune Dynamics during Hyper-Acute HIV-1 Infection. bioRxiv.
23


http://paperpile.com/b/OB6EFn/qaOB
http://paperpile.com/b/OB6EFn/4eOl
http://paperpile.com/b/OB6EFn/4eOl
http://paperpile.com/b/OB6EFn/4eOl
http://paperpile.com/b/OB6EFn/4eOl
http://paperpile.com/b/OB6EFn/EGBC
http://paperpile.com/b/OB6EFn/EGBC
http://paperpile.com/b/OB6EFn/EGBC
http://paperpile.com/b/OB6EFn/EGBC
http://paperpile.com/b/OB6EFn/EGBC
http://paperpile.com/b/OB6EFn/EGBC
http://paperpile.com/b/OB6EFn/YSQT
http://paperpile.com/b/OB6EFn/YSQT
http://paperpile.com/b/OB6EFn/YSQT
http://paperpile.com/b/OB6EFn/esRz
http://paperpile.com/b/OB6EFn/esRz
http://paperpile.com/b/OB6EFn/esRz
http://paperpile.com/b/OB6EFn/esRz
http://paperpile.com/b/OB6EFn/esRz
http://paperpile.com/b/OB6EFn/rvwf
http://paperpile.com/b/OB6EFn/rvwf
http://paperpile.com/b/OB6EFn/rvwf
http://paperpile.com/b/OB6EFn/rvwf
http://paperpile.com/b/OB6EFn/bf1i
http://paperpile.com/b/OB6EFn/bf1i
http://paperpile.com/b/OB6EFn/bf1i
http://paperpile.com/b/OB6EFn/bf1i
http://paperpile.com/b/OB6EFn/1K8E
http://paperpile.com/b/OB6EFn/1K8E
http://paperpile.com/b/OB6EFn/QfF9
http://paperpile.com/b/OB6EFn/QfF9
http://paperpile.com/b/OB6EFn/QfF9
http://paperpile.com/b/OB6EFn/QfF9
http://paperpile.com/b/OB6EFn/EnJh
http://paperpile.com/b/OB6EFn/EnJh
http://paperpile.com/b/OB6EFn/EnJh
http://paperpile.com/b/OB6EFn/EnJh
http://paperpile.com/b/OB6EFn/KNov
http://paperpile.com/b/OB6EFn/KNov
http://paperpile.com/b/OB6EFn/KNov
http://paperpile.com/b/OB6EFn/KNov
http://paperpile.com/b/OB6EFn/rSs3
http://paperpile.com/b/OB6EFn/rSs3
http://paperpile.com/b/OB6EFn/rSs3
http://paperpile.com/b/OB6EFn/rSs3
http://paperpile.com/b/OB6EFn/rSs3
http://paperpile.com/b/OB6EFn/tuPE
http://paperpile.com/b/OB6EFn/tuPE
http://paperpile.com/b/OB6EFn/tuPE
http://paperpile.com/b/OB6EFn/tuPE
http://paperpile.com/b/OB6EFn/iQjn
http://paperpile.com/b/OB6EFn/iQjn
http://paperpile.com/b/OB6EFn/iQjn
http://paperpile.com/b/OB6EFn/iQjn
http://paperpile.com/b/OB6EFn/pgGZ
http://paperpile.com/b/OB6EFn/pgGZ
http://paperpile.com/b/OB6EFn/pgGZ
http://paperpile.com/b/OB6EFn/pgGZ
http://paperpile.com/b/OB6EFn/pgGZ
http://paperpile.com/b/OB6EFn/pgGZ
http://paperpile.com/b/OB6EFn/4qIa
http://paperpile.com/b/OB6EFn/4qIa
http://paperpile.com/b/OB6EFn/4qIa
http://paperpile.com/b/OB6EFn/4qIa
http://paperpile.com/b/OB6EFn/UywU
http://paperpile.com/b/OB6EFn/UywU
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

840

845

850

855

860

865

870

875

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Killip, M.J., Fodor, E., and Randall, R.E. (2015). Influenza virus activation of the interferon system. Virus
Research 209, 11-22.

Kim, E.-H., Park, S.-J., Kwon, H.-l., Kim, S.M., Kim, Y.-l., Song, M.-S., Choi, E.-J., Pascua, P.N.Q., and Choi,
Y.-K. (2015). Mouse adaptation of influenza B virus increases replication in the upper respiratory tract and
results in droplet transmissibility in ferrets. Sci. Rep. 5, 15940.

Klinkhammer, J., Schnepf, D., Ye, L., Schwaderlapp, M., Gad, H.H., Hartmann, R., Garcin, D., Mahlakdiv, T.,
and Staeheli, P. (2018). IFN-A prevents influenza virus spread from the upper airways to the lungs and limits
virus transmission. Elife 7.

Kochs, G., Garcia-Sastre, A., and Martinez-Sobrido, L. (2007a). Multiple anti-interferon actions of the influenza
A virus NS1 protein. J. Virol. 81, 7011-7021.

Kochs, G., Garcia-Sastre, A., and Martinez-Sobrido, L. (2007b). Multiple Anti-Interferon Actions of the
Influenza A Virus NS1 Protein. Journal of Virology 81, 7011-7021.

Kudo, E., Song, E., Yockey, L.J., Rakib, T., Wong, P.W., Homer, R.J., and lwasaki, A. (2019). Low ambient
humidity impairs barrier function and innate resistance against influenza infection. Proc. Natl. Acad. Sci. U. S.
A.

Lavin, Y., Mortha, A., Rahman, A., and Merad, M. (2015). Regulation of macrophage development and function
in peripheral tissues. Nat. Rev. Immunol. 15, 731-744.

Leonard, A.S., McClain, M.T., Smith, G.J.D., Wentworth, D.E., Halpin, R.A., Lin, X., Ransier, A., Stockwell,
T.B., Das, S.R., Gilbert, A.S., et al. (2016). Deep Sequencing of Influenza A Virus from a Human Challenge
Study Reveals a Selective Bottleneck and Only Limited Intrahost Genetic Diversification. J. Virol. 90, 11247—
11258.

Li, H. (2011). A statistical framework for SNP calling, mutation discovery, association mapping and population
genetical parameter estimation from sequencing data. Bioinformatics 27, 2987—2993.

Li, Y., Liu, B., Harmacek, L., Long, Z., Liang, J., Lukin, K., Leach, S.M., O’Connor, B., Gerber, A.N., Hagman,
J., et al. (2018). The transcription factors GATA2 and microphthalmia-associated transcription factor regulate
Hdc gene expression in mast cells and are required for IgE/mast cell-mediated anaphylaxis. Journal of Allergy
and Clinical Immunology 142, 1173-1184.

Li, Z., Deng, M., Huang, F., Jin, C., Sun, S., Chen, H., Liu, X., He, L., Sadek, A.H., and Zhang, C.C. (2020).
LILRB4 ITIMs mediate the T cell suppression and infiltration of acute myeloid leukemia cells. Cell. Mol.
Immunol. 17, 272—-282.

Lin, J.-J., Bhattacharjee, M.J., Yu, C.-P., Tseng, Y.Y., and Li, W.-H. (2019). Many human RNA viruses show
extraordinarily stringent selective constraints on protein evolution. Proc. Natl. Acad. Sci. U. S. A. 116, 19009—
19018.

Lun, A.T.L., Bach, K., and Marioni, J.C. (2016). Pooling across cells to normalize single-cell RNA sequencing
data with many zero counts. Genome Biol. 17, 75.

Lun, A.T.L., participants in the 1st Human Cell Atlas Jamboree, Riesenfeld, S., Andrews, T., The Phuong Dao,
Gomes, T., and Marioni, J.C. (2019). EmptyDrops: distinguishing cells from empty droplets in droplet-based
single-cell RNA sequencing data. Genome Biology 20.

Maaten, L. van der, and Hinton, G. (2008). Visualizing Data using t-SNE. J. Mach. Learn. Res. 9, 2579-2605.
Macosko, E., and Goldman, M. Drop-Seq Laboratory Protocol v1 (protocols.io.mkbc4sn). Protocols.io.

Martin-Gayo, E., Cole, M.B., Kolb, K.E., Ouyang, Z., Cronin, J., Kazer, S.W., Ordovas-Montanes, J.,
24


http://paperpile.com/b/OB6EFn/bgNi
http://paperpile.com/b/OB6EFn/bgNi
http://paperpile.com/b/OB6EFn/bgNi
http://paperpile.com/b/OB6EFn/bgNi
http://paperpile.com/b/OB6EFn/0Gd2
http://paperpile.com/b/OB6EFn/0Gd2
http://paperpile.com/b/OB6EFn/0Gd2
http://paperpile.com/b/OB6EFn/0Gd2
http://paperpile.com/b/OB6EFn/0Gd2
http://paperpile.com/b/OB6EFn/4fMs
http://paperpile.com/b/OB6EFn/4fMs
http://paperpile.com/b/OB6EFn/4fMs
http://paperpile.com/b/OB6EFn/4fMs
http://paperpile.com/b/OB6EFn/4fMs
http://paperpile.com/b/OB6EFn/m2Wu
http://paperpile.com/b/OB6EFn/m2Wu
http://paperpile.com/b/OB6EFn/m2Wu
http://paperpile.com/b/OB6EFn/m2Wu
http://paperpile.com/b/OB6EFn/u3nj
http://paperpile.com/b/OB6EFn/u3nj
http://paperpile.com/b/OB6EFn/u3nj
http://paperpile.com/b/OB6EFn/u3nj
http://paperpile.com/b/OB6EFn/THNJ
http://paperpile.com/b/OB6EFn/THNJ
http://paperpile.com/b/OB6EFn/THNJ
http://paperpile.com/b/OB6EFn/XBuJ
http://paperpile.com/b/OB6EFn/XBuJ
http://paperpile.com/b/OB6EFn/XBuJ
http://paperpile.com/b/OB6EFn/XBuJ
http://paperpile.com/b/OB6EFn/e93D
http://paperpile.com/b/OB6EFn/e93D
http://paperpile.com/b/OB6EFn/e93D
http://paperpile.com/b/OB6EFn/e93D
http://paperpile.com/b/OB6EFn/e93D
http://paperpile.com/b/OB6EFn/e93D
http://paperpile.com/b/OB6EFn/xfQH
http://paperpile.com/b/OB6EFn/xfQH
http://paperpile.com/b/OB6EFn/xfQH
http://paperpile.com/b/OB6EFn/xfQH
http://paperpile.com/b/OB6EFn/O50T
http://paperpile.com/b/OB6EFn/O50T
http://paperpile.com/b/OB6EFn/O50T
http://paperpile.com/b/OB6EFn/O50T
http://paperpile.com/b/OB6EFn/O50T
http://paperpile.com/b/OB6EFn/O50T
http://paperpile.com/b/OB6EFn/xG9P
http://paperpile.com/b/OB6EFn/xG9P
http://paperpile.com/b/OB6EFn/xG9P
http://paperpile.com/b/OB6EFn/xG9P
http://paperpile.com/b/OB6EFn/xG9P
http://paperpile.com/b/OB6EFn/jwZa
http://paperpile.com/b/OB6EFn/jwZa
http://paperpile.com/b/OB6EFn/jwZa
http://paperpile.com/b/OB6EFn/jwZa
http://paperpile.com/b/OB6EFn/jwZa
http://paperpile.com/b/OB6EFn/uNt2
http://paperpile.com/b/OB6EFn/uNt2
http://paperpile.com/b/OB6EFn/uNt2
http://paperpile.com/b/OB6EFn/uNt2
http://paperpile.com/b/OB6EFn/1MG7
http://paperpile.com/b/OB6EFn/1MG7
http://paperpile.com/b/OB6EFn/1MG7
http://paperpile.com/b/OB6EFn/1MG7
http://paperpile.com/b/OB6EFn/1MG7
http://paperpile.com/b/OB6EFn/iIbX
http://paperpile.com/b/OB6EFn/iIbX
http://paperpile.com/b/OB6EFn/iIbX
http://paperpile.com/b/OB6EFn/ubuj
http://paperpile.com/b/OB6EFn/TPIg
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

880

885

390

895

900

905

910

015

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Lichterfeld, M., Walker, B.D., Yosef, N., et al. (2018). A Reproducibility-Based Computational Framework
Identifies an Inducible, Enhanced Antiviral State in Dendritic Cells from HIV-1 Elite Controllers. Genome Biol.
19, 10.

McCauley, K.B., Alysandratos, K.-D., Jacob, A., Hawkins, F., Caballero, I.S., Vedaie, M., Yang, W., Slovik,
K.J., Morley, M., Carraro, G., et al. (2018). Single-Cell Transcriptomic Profiling of Pluripotent Stem Cell-Derived
SCGB3A2+ Airway Epithelium. Stem Cell Reports 10, 1579-1595.

McCrone, J.T., and Lauring, A.S. (2016). Measurements of Intrahost Viral Diversity Are Extremely Sensitive to
Systematic Errors in Variant Calling. J. Virol. 90, 6884—6895.

McCrone, J.T., Woods, R.J., Martin, E.T., Malosh, R.E., Monto, A.S., and Lauring, A.S. (2018). Stochastic
processes constrain the within and between host evolution of influenza virus. eLife 7.

McMorrow, M.L., Wemakoy, E.O., Tshilobo, J.K., Emukule, G.O., Mott, J.A., Njuguna, H., Waiboci, L., Heraud,
J.-M., Rajatonirina, S., Razanajatovo, N.H., et al. (2015). Severe Acute Respiratory lllness Deaths in Sub-
Saharan Africa and the Role of Influenza: A Case Series From 8 Countries. J. Infect. Dis. 212, 853—-860.

McWilliam Leitch, E.C., and McLauchlan, J. (2013). Determining the cellular diversity of hepatitis C virus
quasispecies by single-cell viral sequencing. J. Virol. 87, 12648-12655.

Murcia, P.R., Baillie, G.J., Daly, J., Elton, D., Jervis, C., Mumford, J.A., Newton, R., Parrish, C.R., Hoelzer, K.,
Dougan, G., et al. (2010). Intra- and Interhost Evolutionary Dynamics of Equine Influenza Virus. Journal of
Virology 84, 6943-6954.

Murcia, P.R., Hughes, J., Battista, P., Lloyd, L., Baillie, G.J., Ramirez-Gonzalez, R.H., Ormond, D., Oliver, K.,
Elton, D., Mumford, J.A., et al. (2012). Evolution of an Eurasian Avian-like Influenza Virus in Naive and
Vaccinated Pigs. PLoS Pathogens 8, €1002730.

Nobusawa, E., and Sato, K. (2006). Comparison of the Mutation Rates of Human Influenza A and B Viruses.
Journal of Virology 80, 3675—-3678.

Okabayashi, T., Kojima, T., Masaki, T., Yokota, S.-I., Imaizumi, T., Tsutsumi, H., Himi, T., Fuijii, N., and
Sawada, N. (2011). Type-lll interferon, not type-l, is the predominant interferon induced by respiratory viruses
in nasal epithelial cells. Virus Res. 160, 360—366.

Ordovas-Montanes, J., Dwyer, D.F., Nyquist, S.K., Buchheit, K.M., Vukovic, M., Deb, C., Wadsworth, M.H.,
2nd, Hughes, T.K., Kazer, S.W., Yoshimoto, E., et al. (2018). Allergic inflammatory memory in human
respiratory epithelial progenitor cells. Nature 560, 649—-654.

Paget, J., Spreeuwenberg, P., Charu, V., Taylor, R.J., luliano, A.D., Bresee, J., Simonsen, L., Viboud, C., and
Global Seasonal Influenza-associated Mortality Collaborator Network and GLaMOR Collaborating Teams*
(2019). Global mortality associated with seasonal influenza epidemics: New burden estimates and predictors
from the GLaMOR Project. J. Glob. Health 9, 020421.

Park, J., Shrestha, R., Qiu, C., Kondo, A., Huang, S., Werth, M., Li, M., Barasch, J., and Susztak, K. (2018).
Single-cell transcriptomics of the mouse kidney reveals potential cellular targets of kidney disease. Science
360, 758-763.

Pettus, J.R., Johnson, J.J., Shi, Z., Davis, J.W., Koblinski, J., Ghosh, S., Liu, Y., Ravosa, M.J., Frazier, S., and
Stack, M.S. (2009). Multiple kallikrein (KLK 5, 7, 8, and 10) expression in squamous cell carcinoma of the oral
cavity. Histol. Histopathol. 24, 197-207.

Pulendran, B., and Maddur, M.S. (2015). Innate immune sensing and response to influenza. Curr. Top.
Microbiol. Immunol. 386, 23-71.

25


http://paperpile.com/b/OB6EFn/TPIg
http://paperpile.com/b/OB6EFn/TPIg
http://paperpile.com/b/OB6EFn/TPIg
http://paperpile.com/b/OB6EFn/TPIg
http://paperpile.com/b/OB6EFn/w0Hg
http://paperpile.com/b/OB6EFn/w0Hg
http://paperpile.com/b/OB6EFn/w0Hg
http://paperpile.com/b/OB6EFn/w0Hg
http://paperpile.com/b/OB6EFn/w0Hg
http://paperpile.com/b/OB6EFn/qQYw
http://paperpile.com/b/OB6EFn/qQYw
http://paperpile.com/b/OB6EFn/qQYw
http://paperpile.com/b/OB6EFn/qQYw
http://paperpile.com/b/OB6EFn/dxJ5
http://paperpile.com/b/OB6EFn/dxJ5
http://paperpile.com/b/OB6EFn/dxJ5
http://paperpile.com/b/OB6EFn/dxJ5
http://paperpile.com/b/OB6EFn/IFgw
http://paperpile.com/b/OB6EFn/IFgw
http://paperpile.com/b/OB6EFn/IFgw
http://paperpile.com/b/OB6EFn/IFgw
http://paperpile.com/b/OB6EFn/IFgw
http://paperpile.com/b/OB6EFn/x55z
http://paperpile.com/b/OB6EFn/x55z
http://paperpile.com/b/OB6EFn/x55z
http://paperpile.com/b/OB6EFn/x55z
http://paperpile.com/b/OB6EFn/CtmJ
http://paperpile.com/b/OB6EFn/CtmJ
http://paperpile.com/b/OB6EFn/CtmJ
http://paperpile.com/b/OB6EFn/CtmJ
http://paperpile.com/b/OB6EFn/CtmJ
http://paperpile.com/b/OB6EFn/XDOV
http://paperpile.com/b/OB6EFn/XDOV
http://paperpile.com/b/OB6EFn/XDOV
http://paperpile.com/b/OB6EFn/XDOV
http://paperpile.com/b/OB6EFn/XDOV
http://paperpile.com/b/OB6EFn/FDCz
http://paperpile.com/b/OB6EFn/FDCz
http://paperpile.com/b/OB6EFn/FDCz
http://paperpile.com/b/OB6EFn/FDCz
http://paperpile.com/b/OB6EFn/56Su
http://paperpile.com/b/OB6EFn/56Su
http://paperpile.com/b/OB6EFn/56Su
http://paperpile.com/b/OB6EFn/56Su
http://paperpile.com/b/OB6EFn/56Su
http://paperpile.com/b/OB6EFn/jtry
http://paperpile.com/b/OB6EFn/jtry
http://paperpile.com/b/OB6EFn/jtry
http://paperpile.com/b/OB6EFn/jtry
http://paperpile.com/b/OB6EFn/jtry
http://paperpile.com/b/OB6EFn/zArn
http://paperpile.com/b/OB6EFn/zArn
http://paperpile.com/b/OB6EFn/zArn
http://paperpile.com/b/OB6EFn/zArn
http://paperpile.com/b/OB6EFn/zArn
http://paperpile.com/b/OB6EFn/zArn
http://paperpile.com/b/OB6EFn/MKtu
http://paperpile.com/b/OB6EFn/MKtu
http://paperpile.com/b/OB6EFn/MKtu
http://paperpile.com/b/OB6EFn/MKtu
http://paperpile.com/b/OB6EFn/munI
http://paperpile.com/b/OB6EFn/munI
http://paperpile.com/b/OB6EFn/munI
http://paperpile.com/b/OB6EFn/munI
http://paperpile.com/b/OB6EFn/munI
http://paperpile.com/b/OB6EFn/MRrS
http://paperpile.com/b/OB6EFn/MRrS
http://paperpile.com/b/OB6EFn/MRrS
http://paperpile.com/b/OB6EFn/MRrS
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

920

925

930

935

940

045

950

955

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Radigan, K.A., Misharin, A.V., Chi, M., and Budinger, G.S. (2015). Modeling human influenza infection in the
laboratory. Infect. Drug Resist. 8, 311-320.

Robinson, M., McCarthy, D., Chen, Y., and Smyth, G.K. (2010). edgeR: differential expression analysis of
digital gene expression data. J. Hosp. Palliat. Nurs. 4, 206—-207.

Rodriguez, A., and Laio, A. (2014). Clustering by fast search and find of density peaks. Science 344, 1492—
1496.

Ruiz Garcia, S., Deprez, M., Lebrigand, K., Cavard, A., Paquet, A., Arguel, M.-J., Magnone, V., Truchi, M.,
Caballero, I., Leroy, S., et al. (2019). Novel dynamics of human mucociliary differentiation revealed by single-
cell RNA sequencing of nasal epithelial cultures. Development 146.

Russell, A.B., Trapnell, C., and Bloom, J.D. (2018). Extreme heterogeneity of influenza virus infection in single
cells. Elife 7.

Russell, A.B., Elshina, E., Kowalsky, J.R., Te Velthuis, A.J.W., and Bloom, J.D. (2019a). Single-cell virus
sequencing of influenza infections that trigger innate immunity. J. Virol.

Russell, M.A., Redick, S.D., Blodgett, D.M., Richardson, S.J., Leete, P., Krogvold, L., Dahl-Jgrgensen, K.,
Bottino, R., Brissova, M., Spaeth, J.M., et al. (2019b). HLA Class Il Antigen Processing and Presentation
Pathway Components Demonstrated by Transcriptome and Protein Analyses of Islet -Cells From Donors
With Type 1 Diabetes. Diabetes 68, 988—-1001.

Salik, E., Tyorkin, M., Mohan, S., George, |., Becker, K., Oei, E., Kalb, T., and Sperber, K. (1999). Antigen
trafficking and accessory cell function in respiratory epithelial cells. Am. J. Respir. Cell Mol. Biol. 21, 365-379.

Schwartz, L., Cohen, A., Thomas, J., and Spencer, J.D. (2018). The Immunomodulatory and Antimicrobial
Properties of the Vertebrate Ribonuclease A Superfamily. Vaccines (Basel) 6.

Sheng, Z,, Liu, R., Yu, J., Ran, Z., Newkirk, S.J., An, W., Li, F., and Wang, D. (2018). Identification and
characterization of viral defective RNA genomes in influenza B virus. J. Gen. Virol. 99, 475-488.

Shin, D.-L., Hatesuer, B., Bergmann, S., Nedelko, T., and Schughart, K. (2015). Protection from Severe
Influenza Virus Infections in Mice Carrying the Mx1 Influenza Virus Resistance Gene Strongly Depends on
Genetic Background. J. Virol. 89, 9998—-10009.

Slepushkin, V.A., Staber, P.D., Wang, G., McCray, P.B., Jr, and Davidson, B.L. (2001). Infection of human
airway epithelia with HLN1, H2N2, and H3N2 influenza A virus strains. Mol. Ther. 3, 395-402.

Smillie, C.S., Biton, M., Ordovas-Montanes, J., Sullivan, K.M., Burgin, G., Graham, D.B., Herbst, R.H., Rogel,
N., Slyper, M., Waldman, J., et al. (2019). Intra- and Inter-cellular Rewiring of the Human Colon during
Ulcerative Colitis. Cell 178, 714—730.e22.

Smith, T., Heger, A., and Sudbery, I. UMI-tools: Modelling sequencing errors in Unique Molecular Identifiers to
improve quantification accuracy.

Steuerman, Y., Cohen, M., Peshes-Yaloz, N., Valadarsky, L., Cohn, O., David, E., Frishberg, A., Mayo, L.,
Bacharach, E., Amit, I., et al. (2018). Dissection of Influenza Infection In Vivo by Single-Cell RNA Sequencing.
Cell Syst 6, 679-691.e4.

Subramanian, A., Tamayo, P., Mootha, V.K., Mukherjee, S., Ebert, B.L., Gillette, M.A., Paulovich, A., Pomeroy,
S.L., Golub, T.R., Lander, E.S., et al. (2005). Gene set enrichment analysis: a knowledge-based approach for
interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102, 15545-15550.

Uetani, K., Hiroi, M., Meguro, T., Ogawa, H., Kamisako, T., Ohmori, Y., and Erzurum, S.C. (2008). Influenza A
virus abrogates IFN-y response in respiratory epithelial cells by disruption of the Jak/Stat pathway. Eur. J.
26


http://paperpile.com/b/OB6EFn/bIhj
http://paperpile.com/b/OB6EFn/bIhj
http://paperpile.com/b/OB6EFn/bIhj
http://paperpile.com/b/OB6EFn/bIhj
http://paperpile.com/b/OB6EFn/EVuH
http://paperpile.com/b/OB6EFn/EVuH
http://paperpile.com/b/OB6EFn/EVuH
http://paperpile.com/b/OB6EFn/EVuH
http://paperpile.com/b/OB6EFn/uQd6
http://paperpile.com/b/OB6EFn/uQd6
http://paperpile.com/b/OB6EFn/uQd6
http://paperpile.com/b/OB6EFn/uQd6
http://paperpile.com/b/OB6EFn/s7Sn
http://paperpile.com/b/OB6EFn/s7Sn
http://paperpile.com/b/OB6EFn/s7Sn
http://paperpile.com/b/OB6EFn/s7Sn
http://paperpile.com/b/OB6EFn/s7Sn
http://paperpile.com/b/OB6EFn/sJrj
http://paperpile.com/b/OB6EFn/sJrj
http://paperpile.com/b/OB6EFn/sJrj
http://paperpile.com/b/OB6EFn/sJrj
http://paperpile.com/b/OB6EFn/bZ8W
http://paperpile.com/b/OB6EFn/bZ8W
http://paperpile.com/b/OB6EFn/BmiO
http://paperpile.com/b/OB6EFn/BmiO
http://paperpile.com/b/OB6EFn/BmiO
http://paperpile.com/b/OB6EFn/BmiO
http://paperpile.com/b/OB6EFn/BmiO
http://paperpile.com/b/OB6EFn/BmiO
http://paperpile.com/b/OB6EFn/rFHj
http://paperpile.com/b/OB6EFn/rFHj
http://paperpile.com/b/OB6EFn/rFHj
http://paperpile.com/b/OB6EFn/rFHj
http://paperpile.com/b/OB6EFn/oTwv
http://paperpile.com/b/OB6EFn/oTwv
http://paperpile.com/b/OB6EFn/oTwv
http://paperpile.com/b/OB6EFn/oTwv
http://paperpile.com/b/OB6EFn/qMIC
http://paperpile.com/b/OB6EFn/qMIC
http://paperpile.com/b/OB6EFn/qMIC
http://paperpile.com/b/OB6EFn/qMIC
http://paperpile.com/b/OB6EFn/gmAO
http://paperpile.com/b/OB6EFn/gmAO
http://paperpile.com/b/OB6EFn/gmAO
http://paperpile.com/b/OB6EFn/gmAO
http://paperpile.com/b/OB6EFn/gmAO
http://paperpile.com/b/OB6EFn/QtIu
http://paperpile.com/b/OB6EFn/QtIu
http://paperpile.com/b/OB6EFn/QtIu
http://paperpile.com/b/OB6EFn/QtIu
http://paperpile.com/b/OB6EFn/VFBl
http://paperpile.com/b/OB6EFn/VFBl
http://paperpile.com/b/OB6EFn/VFBl
http://paperpile.com/b/OB6EFn/VFBl
http://paperpile.com/b/OB6EFn/VFBl
http://paperpile.com/b/OB6EFn/CUat
http://paperpile.com/b/OB6EFn/CUat
http://paperpile.com/b/OB6EFn/t7Ga
http://paperpile.com/b/OB6EFn/t7Ga
http://paperpile.com/b/OB6EFn/t7Ga
http://paperpile.com/b/OB6EFn/t7Ga
http://paperpile.com/b/OB6EFn/t7Ga
http://paperpile.com/b/OB6EFn/tbSy
http://paperpile.com/b/OB6EFn/tbSy
http://paperpile.com/b/OB6EFn/tbSy
http://paperpile.com/b/OB6EFn/tbSy
http://paperpile.com/b/OB6EFn/tbSy
http://paperpile.com/b/OB6EFn/yDt1
http://paperpile.com/b/OB6EFn/yDt1
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

960

965

970

975

980

985

990

995

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Immunol. 38, 1559-1573.

Vareille, M., Kieninger, E., Edwards, M.R., and Regamey, N. (2011). The airway epithelium: soldier in the fight
against respiratory viruses. Clin. Microbiol. Rev. 24, 210-229.

Vasilijevic, J., Zamarrefio, N., Oliveros, J.C., Rodriguez-Frandsen, A., Gobmez, G., Rodriguez, G., Pérez-Ruiz,
M., Rey, S., Barba, I., Pozo, F., et al. (2017). Reduced accumulation of defective viral genomes contributes to
severe outcome in influenza virus infected patients. PLoS Pathog. 13, e1006650.

Vera, J.C., Sun, J,, Lin, Y.T., Drnevich, J., Ke, R., and Brooke, C.B. (2019). A common pattern of influenza A
virus single cell gene expression heterogeneity governs the innate antiviral response to infection (bioRxiv).

Verhelst, J., Parthoens, E., Schepens, B., Fiers, W., and Saelens, X. (2012). Interferon-inducible protein Mx1
inhibits influenza virus by interfering with functional viral ribonucleoprotein complex assembly. J. Virol. 86,
13445-13455.

Vieira Braga, F.A., Kar, G., Berg, M., Carpaij, O.A., Polanski, K., Simon, L.M., Brouwer, S., Gomes, T., Hesse,
L., Jiang, J., et al. (2019). A cellular census of human lungs identifies novel cell states in health and in asthma.
Nat. Med. 25, 1153-1163.

Wang, D., Levasseur-Acker, G.M., Jankowski, R., Kanny, G., Moneret-Vautrin, D.A., Charron, D., Lockhart, A.,
and Swierczewski, E. (1997). HLA class Il antigens and T lymphocytes in human nasal epithelial cells.
Modulation of the HLA class Il gene transcripts by gamma interferon. Clin. Exp. Allergy 27, 306—-314.

World Health Organization (2014). Influenza (seasonal). fact sheet no 211. 2014. Available from: Left Angle
Bracket Http://www. Who. int/mediacentre/factsheets/fs211/en/right Angle Bracket.

World Health Organization (2017). WHO information for the molecular detection of influenza viruses. World
Health Organization, Geneva, Switzerland. Http://www. Who.
Int/influenza/gisrs_laboratory/molecular_diagnosis/en.

Wu, N.-H., Yang, W., Beineke, A., Dijkman, R., Matrosovich, M., Baumgartner, W., Thiel, V., Valentin-
Weigand, P., Meng, F., and Herrler, G. (2016). The differentiated airway epithelium infected by influenza
viruses maintains the barrier function despite a dramatic loss of ciliated cells. Sci. Rep. 6, 39668.

Xu, H., Ding, J., Porter, C.B.M., Wallrapp, A., Tabaka, M., Ma, S., Fu, S., Guo, X., Riesenfeld, S.J., Su, C., et
al. (2019). Transcriptional Atlas of Intestinal Immune Cells Reveals that Neuropeptide a-CGRP Modulates
Group 2 Innate Lymphoid Cell Responses. Immunity 51, 696—708.€9.

Young, M.D., and Behjati, S. (2018). SoupX removes ambient RNA contamination from droplet based single
cell RNA sequencing data. BioRxiv.

Zanini, F., Pu, S.-Y., Bekerman, E., Einav, S., and Quake, S.R. (2018a). Single-cell transcriptional dynamics of
flavivirus infection. Elife 7.

Zanini, F., Robinson, M.L., Croote, D., Sahoo, M.K., Sanz, A.M., Ortiz-Lasso, E., Albornoz, L.L., Rosso, F.,
Montoya, J.G., Goo, L., et al. (2018b). Virus-inclusive single-cell RNA sequencing reveals the molecular
signature of progression to severe dengue. Proceedings of the National Academy of Sciences 115, E12363—
E123609.

Ziegler, C., Allon, S.J., Nyquist, S.K., Mbano, I., Miao, V.N., Cao, Y., Yousif, A.S., Bals, J., Hauser, B.M.,

Feldman, J., et al. (2020). SARS-CoV-2 Receptor ACE2 is an Interferon-Stimulated Gene in Human Airway
Epithelial Cells and Is Enriched in Specific Cell Subsets Across Tissues.

27


http://paperpile.com/b/OB6EFn/yDt1
http://paperpile.com/b/OB6EFn/yDt1
http://paperpile.com/b/OB6EFn/yDt1
http://paperpile.com/b/OB6EFn/8qzE
http://paperpile.com/b/OB6EFn/8qzE
http://paperpile.com/b/OB6EFn/8qzE
http://paperpile.com/b/OB6EFn/8qzE
http://paperpile.com/b/OB6EFn/RRtz
http://paperpile.com/b/OB6EFn/RRtz
http://paperpile.com/b/OB6EFn/RRtz
http://paperpile.com/b/OB6EFn/RRtz
http://paperpile.com/b/OB6EFn/RRtz
http://paperpile.com/b/OB6EFn/UKR0
http://paperpile.com/b/OB6EFn/UKR0
http://paperpile.com/b/OB6EFn/ACZR
http://paperpile.com/b/OB6EFn/ACZR
http://paperpile.com/b/OB6EFn/ACZR
http://paperpile.com/b/OB6EFn/ACZR
http://paperpile.com/b/OB6EFn/ACZR
http://paperpile.com/b/OB6EFn/pJji
http://paperpile.com/b/OB6EFn/pJji
http://paperpile.com/b/OB6EFn/pJji
http://paperpile.com/b/OB6EFn/pJji
http://paperpile.com/b/OB6EFn/pJji
http://paperpile.com/b/OB6EFn/3wJs
http://paperpile.com/b/OB6EFn/3wJs
http://paperpile.com/b/OB6EFn/3wJs
http://paperpile.com/b/OB6EFn/3wJs
http://paperpile.com/b/OB6EFn/3wJs
http://paperpile.com/b/OB6EFn/PAEN
http://paperpile.com/b/OB6EFn/PAEN
http://paperpile.com/b/OB6EFn/Hhfl
http://paperpile.com/b/OB6EFn/Hhfl
http://paperpile.com/b/OB6EFn/Hhfl
http://paperpile.com/b/OB6EFn/0L72
http://paperpile.com/b/OB6EFn/0L72
http://paperpile.com/b/OB6EFn/0L72
http://paperpile.com/b/OB6EFn/0L72
http://paperpile.com/b/OB6EFn/0L72
http://paperpile.com/b/OB6EFn/JrJe
http://paperpile.com/b/OB6EFn/JrJe
http://paperpile.com/b/OB6EFn/JrJe
http://paperpile.com/b/OB6EFn/JrJe
http://paperpile.com/b/OB6EFn/JrJe
http://paperpile.com/b/OB6EFn/mWtH
http://paperpile.com/b/OB6EFn/mWtH
http://paperpile.com/b/OB6EFn/vVJU
http://paperpile.com/b/OB6EFn/vVJU
http://paperpile.com/b/OB6EFn/vVJU
http://paperpile.com/b/OB6EFn/vVJU
http://paperpile.com/b/OB6EFn/8C74
http://paperpile.com/b/OB6EFn/8C74
http://paperpile.com/b/OB6EFn/8C74
http://paperpile.com/b/OB6EFn/8C74
http://paperpile.com/b/OB6EFn/8C74
http://paperpile.com/b/OB6EFn/8C74
http://paperpile.com/b/OB6EFn/YeBp
http://paperpile.com/b/OB6EFn/YeBp
http://paperpile.com/b/OB6EFn/YeBp
https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figure 1
A Epithelial cells Epithelial cells

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. Thegopyright holder for fhigggeprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Influenza-infected donors Nasal wash Seq-Well based
or healthy donors collection ScRNA-Seq

> T
Y
l:, IE Epithelial cells Neutrophils
FOXJ1 CSF3R

Y

Data analysis

B Cell type

® Mast

® B

® NK

© classical DC (cDC) Macrophages plasmacytoid dendritic cells

@ proliferating CD8T

® CD4T CSF1R TLR9

@ plasmacytoid DC (pDC)

@® eosinophil (EOS)

® VoT

® CD8sT

® ciliated epithelial (CEP)

@ basal epithelial (BasalEPI)

@ goblet cells (GOB)

® MHC Class Il high goblet (GOBC=")

@ macrophages (MAC)

' Squamous T lymphocytes

@ neutrophils (NEU) TRAC TRDC
D HLA-DPA1

normalized UMI
min max
Cell type
CEP GOB Squamous GOBCass!t BasalEPI
@ Basal F @ —y —y —_——
@® CEP D 0.06 CJ L 0.8 = 03 - g
o ° 0.4 ’
= 2 0.6 0.2
- e © 004 [ . 4 0.2
GOBCass! £ 04 °
; o0 | & . o & o 0]
Squamous @ — o . = : &
:t) 000] co & 00 @ & [T o ool <o o 00 ° =

@ Healthy donors ® Infected donors


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

. bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
F|g ure 2 was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

IAV (H3) IBV

B

healthy donors

Q @ ‘ healthy cells ZINB ambient RNA contamination prediction

—

host mRNA
8

S
’boa £ Y hﬂrm;

! : o
S i virus- cells e
. : ’ / : _> &
infected donors - : ‘_’/ : 3o
: L o
; ) =
=
/'host mRANA-. =7
| R
H iral MRNA .
;\'"l"‘/mm virus+ cells healthy L
H virus- cells 0 1000 2000 3000 4000 5000
©® virus+ cells viral counts

* ZINB model prediction was only performed on highly infected donors

SVM Classification

training set

uninfected
@ infected (ZINB prediction)

® unknown e
AfostmRNA —
e \ — 2 .
predictedd g1vaenz;l:r(31 é‘l’ie'(lils+) cells viral MRNA \\ ’/host mRNA //'ﬁ)sl ﬁk\
— . R —
i - \ viral mRNA
By l SVM Classifier T m \ . \
a <« < a -y
[y -~ - g \v
. predicted infected cells predicted uninfected cells
predicted uninfected (virus-) cells SYM classtiad ibyatanden
downsampled 1 @ SVM classified infected
%
* SVM classification was only performed on selected cell types
C D Total cell #  Infected cell #
CEP N | 516 109
GOB | 930 13
Squamous N 5449 320
GOBdsst | 1461 5
BasalEPI 582
NEU | 21727 147 Viral load
EOS 1 172 4 E ;'92.
edium
MAST 18 0 Low
MAC | 3655 65 Bystander
cbC 83 0 Healthy
pDC 147 0
3 : CD4T | 104 10
Healthy R CD8T | 227 20
Bystander 2 3 proliferating CD8T 1 126 i
@ Infected cells ' Yor l 190 1
K 51 0
B 42 0

0.00 0.25 0.50 0.75 1.00
Fraction


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

A

Figuré

jolxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which

was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

IAV (H3)

IBV B

High Medium Low

High Medium Low

normalized expression

Full viral genome expressed [l Yes [l No

1.00
0.75
c
K]
S 050
o
-
0.25
0.00 1
C 1av(H3)
r=0.76 ***
c  15-
K<)
[}
(%]
o
S
X
)
°
5 ¢
©
ol
5 :
c [
0=8me
0.00 025 050 0.75
1BV
r=0.83"""
S -
2
o ° Te
=¥ o* & oo
X i0=t—tgleT—teu—*
O m o, 0°
8 o oo, °e®®
M ’:";s
® 5-
£ :
5 .
c °
0=-®

f . [ '
0.00 025 0.50 0.75

r=0.53""

b

>

. ' [
0.00 0.25 0.50 0.75

r=0.83"

' . .
0.00 0.25 0.50 0.75

r=0.81""

-

' . ' [
0.00 025 0.50 0.75

r=0.74"
.
°
e 1] .
% ° o o
*® v
g stl] |o*t
te ]
s@es o0 5,
G
®
S
*
o
o
L 2

' . [ '
0.00 0.25 0.50 0.75

IAV (H3)

r=0.66 """

-

. . ' [
0.00 025 0.50 0.75

F= 073"

(3 °

' . [ '
0.00 025 0.50 0.75

r=0.88""

' ' ' .
0.00 0.25 0.50 0.75

F=Diggr”

. . [ .
0.00 0.25 0.50 0.75

viral load

High

i
0= eXmime @exmem «EmEIS TmEeX esIEIW
Medium
15=
10=
. 8
SEENEEEE
[ [P [ S . —. - — i
Low
15=
10=
5.
! !
- 0-????????
NS PB2 PB1 PA HA NP NA M NS
r=0.71** r=0.68 *** r=-0.07
:’;.
' b

. ' '
0.00 0.25 0.50

r=0.80""

' . .
0.00 0.25 0.50

'
0.75

.
0.75

i} ' ' .
0.00 0.25 0.50 0.75

F= 0 877"

' . . [
0.00 0.25 0.50 0.75

° P
4
[
®
e

. L] o

[ ' . '
0.00 0.25 0.50 0.75

r=0.79""
.
HIEE:
. s [ 4
9| o W%
b
Z w3ace
he o
L ]
.
¢
e
e

. ' [
0.00 0.25 0.50 0.75

viral load

I 0.75

0.50

0.25
. 0.00


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figure 4

A

IAV3 | IAV3
5 vz i IAV2
S 1ave l IAV6 1
= I l IAVS ;
- |AVd I IAV1
IAV7 . IAV7 -
0 20 40 60 80
_ IBV4 I IBV4
2
S iv2|| IBV2
|
> [BV1 IBV1
m
= IBV6 - IBV6
0 10 20 30 40
Variant number
Variant [ Unique non-synonymous [ Unique synonymous
Common No coverage
C JAV2
IAV3
IAVE
IAV5
IAV7
== 1 Hamming distance IAv1
IBV6
D IAV dN/dS 0.38 0.18 0.25 0.27
PB1 PA HA
C
>
O 56~
O_ -
IBV dN/dS 15 0.12 0.4
PB2 B1
8-
@ 6
5
I
“Hm B I
N | =i B

iv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

N =80

f III IIIII IIIIJ

ATty IITH

N

Variable Positions

Variant Consensus [Jlj Non-consensus No coverage
1BV4 BV2
1BV1
== 1 Hamming distance
0 0.4 0 0.6
NP NA M NS

0 1
NS

NA

Variant type

. synonymous

. non-synonymous

NP


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figuréosdv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

A e B IFNAexpression C IFNBexpression
SERPING1
~~, FiERCS < 100 CEP GOB Squamous c CEP GOB Squamous
PLEKHA4 % 75 % 8
e g = 2 §°
ccLs g 25 8 4 [ 1.0
SKIV2L s P \
DHDH o o |
! HEATR9 @ o 2 o5
IFNL1 i R N ;
FAP < 14 TS
IFNL2 £ £ 4
IFNB1 o ° S 0o —o-f e o o e o O
PR3 = 0@ e - . ° ° e o o c 0.0
PrEF12549 #cell 63 344 109 607 310 13 292 4837 320 63 344 109 607 310 13 292 4837 320
?sz % expressingcell 0 0 55 0 03 0 0 0.04 0.002 o o0 21 0 03 0 0 0 03
CXCL11 lass|
NN & GOBOess! NEU EOS c NEU EOS MAC
RSAD2 -% 75 1 F4 -% 84
IFIT3 50 o l
IFIH1 @ 3 5 .
AFAP1 g 251 g 4 1.0
ISFIIDé\m [} 2 O
/IFITM3 § B 2
1R15A = N 05
1 < ]
ISG15 £ I
sepr S 2 ) S ol e e 2 ° ° e o $
GBP1 ] e ] PN P |
XAF1 (= 0 o L] @ @ L] @ 0 = 0.0
:E:ﬁgl_ 7 1449 5 316818412 147 168 4 3168 18412 147 168 4 118 3472 65
/lFm 0 013 O 0 013 07 0.6 0 0 03 2 0 (0] 0 008 3.1
A c 104 MAC c¢DC cDAT c cDC
4 IFITM1 oS 757 o 84
— sAAt § 50 ° 3 % 64
SAA2 QL 54 L 1.0
ot g : g7 Health
()
Healthy Bystander Infected 2 g 2 d
(5]
N 1 N 05 Bystander
< T °
Z score on v € IS
aggregated pseudobulk m 5] 0]-e- -0 ] ° o——0—_ o S0 ° 00 Infected
expression -1.0 -0.5 0.0 05 1.0 = g = »
118 3472 65 37 46 16 109 1 37 46
0 012 15 0 21 0 09 O 0 21
D IFNL expression
" CEP GOB Squamous GOBCsst NEU MAC cDC CcD8T proliferating CD8T YoT
c .
.% 154 |
3 104 o
5 )
x
(0] 5
el
[0
N
©
£ ) .
8 g A o A 4 ’ 'Y °
04-@ L S - ® ® e 9 ® ® *— ® @ o ® @ . ® ® L ] [ ] ® L 2 ® @
#cell 63 344 109 607 310 13 292 4837 320 7 1449 5 3168 18412 147 118 3472 65 37 46 53 172 2 100 4 5 184 1
% eXp"eSSi(‘;’g‘l 0 0 468 0 13 76 0 01 15 0 014 O 0 014 54 0 018 46 0 22 0O 06 O 1 0 0 0 100
E Gene sets for IFN production G IFNLR1 expression
Bystander vs Healthy Infected vs Bystander CEP GOB Squamous GOBCe=s! BasalEPI
; S 5
2 ( 1 v ﬂ @ 4 15
V 0 ‘% . | “ A 0 3
14 v 1 { A 5
1 ‘ SRR I 10
9 g
w B 0.5
z ©
€
i é 0] o <Ol e .0 o o 0. 0 o o o o 1o
-1 > #cell g3 344 109 607 310 13 292 4837 320 7 1449 5 544 38
£3 %expressingcell g 44 09 2 35 0 17 29 28 0 32 0 17 53
D S SN0 NAR G OED (RD S SN0 & KK OO
QQ%OQ?Q\Q, 0\}@2%((%?90&0%&0 QQOQOQJ‘\ @QQ%O@O\@ OQ\Q?QQ/@V QVQQL{O (,0 Q e‘L‘@ S s NEU EOS MAC cDC pDC
R P 'O R R P 'O ¥ 2 4 i3
P O & $ .
Q
F = & 53 2 L] 1.0
Gene sets for response to IFN signaling 3
Bystander vs Healthy Infected vs Bystander S 1 | o2
€ |
11 { QP = w5l 7}{)& v I{ ‘ . i 3168 18412 147 168 4 118 3472 65 37 46 3 144
vl ( vl R AIF 003 02 07 0.6 0 0 05 15 0 22 33 194
ﬁ o .6 s NK B CD8T proliferatomg CD8T YoT
1 ) § al 15
> “;1 5
-2+ 3 > 1.0
el
(0]
% 1 05
QQ)\T,%%\\\@Q\\)O&\M00%@@0%\@@@\)0‘;\@\6&0 N4 = /' 2
FEL S IFITLEPT 7 S NP S B 0| i SR S S S I
O ol £ -
Gy o X
@ S|gn|f|c_an_t_ 8 43 12 30 53 172 2 100 4 5 184 1
non-significant 0 23 8.3 233 0 18 0 4 0 0 16 0



https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
. was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.
Figure S1

"4
@ 0 9 90 0 & 9 0 @ & ® @ © @ @ & ¢ ¢ @
i 'Y R ,
® © 0 F 9 @ © 6 9 9 @ @ @ ® ¢ @@ @ ¢ @
oo @ 00 o @ 0 ¢ @ @ ® @ ® ¢ @ ® @ @
V'Y ' ; '
o § 0 9 9 @ ¢ 9 ¢ ® @ ¢ ¢ & ¢ @ ¢ @
o oo ®@ @ 5 00 @ ® ® ¢ o ¢ @& 9 9 @
& @ 98 & 0§ 0 a @ ® 0 0 ¢ @ @ © ¢ @
® oo ® @9 @ % 09 O ® ® ® @ @ & @ 0 O
IAV1 © IBVA
1Av2 @ 1Bv2 @ Leukocyte cluster
1Av3 @ 1BV3 @ Epithelial cell cluster
1AV @ 1BV4 ® Macrophages
1Ave @ 1BVS @ Neutrophils
1AV7 @ IBV6
D IFIT3 15G15 E F
1.00
' Cell type
W MAST
B
NK
0.75 4000 || .cDC
| [l proliferating CD8T
c | CD4T
5 z R
5 050 2 L] || M 3T
© O || cp8T
S
C 20004 [ CEP
l | BasalEPI
i = I GOB
; H 1 GOt
|| = | MAC
- | Squamous
S H T
0.00 [ Ll —
normalized UMI AN M TN O - NNW O N T WL O
s 5880885528528 :85z22
Donor
G H NEU EOS MAST MAC cDC NK
L] * * *
. ~ ® 0004 ° ° 0.04 ° 000994 =
o ® 04
® 0751 = o0 0.003 003 0.006 °
L ® - ’ 03 ’
© 4000+ == 0.02
o s oso4 . W o .02 o 02 . ’ 0.003 o
o ! @ e ¥ 0001{ * 2 0011 & & N 4
[0 B 025 _ = 0.1 ° 0.0007 ==
£ ! = , 000] = @ oo0| = - o . x‘ 9007 &
= c 3
c . i
— 20004 B 5 .
S | s <] pDC CD4T CcD8T proliferating CD8T ~ ydT B
5 &
= . 1 2 *
e —
® oo0t2{ * ° 0.0100 - ° -
! 0.020 i oios 0.020 0.006
L
o y . 0.015 o 0.008 s a 0:0075 e, 0015 0.004 °
- 4 ° 0.02 0.0050 > °
Healthy Infected 0.010 000494 __ _ = _, oo S 0002 = %
donors donors 0005 — < %% 0] w W oo e, 0005 4} . ¥
2 0000{ © o : 0000 = e
0.0004 T 2 0.00004_=== ¥ 0000 ) ° I

= Healthy donors @ Infected donors


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figurer82re

()

normalized expression

#cell
% expressing cells

normalized expression

Cell type

was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

B

print doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which

cluster Donor
e 1
. ® HC1 IAV1 1BV
®3 ® HC2 IAV2 © IBV2
® 4
e 5 ® HC3 IAV3 @ IBV3
L ]
.3 ® Hc4 IAV5 @ IBV4
® 8 ® HC5 IAV6 @ IBV5
°9
HC6 IAV7 @ IBV6
® 10
s MUC5AC RPTN KLK7
5
10.0 5
4
6
75 "
3
4 5.0
i s 4
5 !
1 A 2 o+ 25 b 2
0 o l - 0.0 0
582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449
02 442 01 06 0.1 03 481 11 18 02 09 116 67.8 242 25 0 08 8 16 02 136 1 46 4 573 823 08 31 21 412
KRT14 KRT5 HLA-DPA1 IFITM3 CXCL10 CXCL9
b 6
6 e 4 ¥ : 6
3 4
4 4 4
2
2 2 2 2
1
0 0 0 0 0
582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449 582 516 930 1461 5449
395 16 13 12 86 713 17 27 139 134 41 205 56 47 24 76 723 406 903 313 02 424 104 608 54 1211 39 205 2
|:| BasalEPI E‘ CEP D GoB E GOBCsst |:| Squamous
E 1.00
- =] l |
1AV (H3) BV !
075
Celitype
- BasalEPI
c B cee
‘-§ o [ cos
g I cope==
Squamous
025
[ |
0.00

CEP + OO ©® 0 0 06 06 0 0 0 o
GOBC=ssld @ e @ @O0 o0 0 e e 0 00
GOB-{ e o e ® © o 0 ¢ 0o 0 O
Squamous{ ® e e ® @ © @ o o e ® ® ¢ & o
BasalEPI{ @ o e o ® o o o o @ o ® o o
T ZOorrQOrOKZYT0OT®S >
= - L Mo X -k - ©
32EdEnA IS EEES®
CEPx988>> "Xy
O < EOO
- |
T

genes

% cells express
e 0
@® 20
@ <«
@ s
@ =

Normalized expression

6


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Flg upéxi%print doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which

was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

A

B

o"}?\. ‘A
28, cluster b
%es 30 e
W g 1 P f
. A v Ay - Donor
? 4 ® 2
L't ® 3 @® Hc2 1AV1 1BV1
> ® 4 ot @ Hc3 1AV2 1BV2
.‘ S o ®5 o
.3'3"5. P3 P ® Hcs IAV3 @ IBV3
b -
ot 2 1R %’E".ﬂ X ey ®7 ot ©® HC5  IAV5 @ IBV4
&y Peogho o° £ l?- ¥ *
3 1\, .:tf U Rl 4 @8 HC6  IAV6 @ IBVS
o °, L L SRR ®9
B R A ” - y 1AV
2 £ ® 10 4
® 11
® 12 e
C _ cD19 HDC FCGR3A cLe . CD8A
o " 5 .
3 : 75 A ]
[0} 4 ] ;
s 3 |
3 4 l
o 3 : 5.0
'8 > L | ]
N > 17 ] .
T oo ; a5 ) ] ] :
: | 1 ,L | i l | -
5 l 1 1 | g
2 1ilda o L
0 L 0 00| — L &
#cell 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104
% expressingcells 571 0 0 0 06 0 0 0 0 1 o 0o o o0 08 0 1 0 O 1 71 143 93 205 134 563 56 765 88 192 0 08 04 12 843 05 167 0 0 1 24 48 727 12 432 0 431 2 50
TLR7 TRDC MKI67 CLEC10A CD4
. 4 4
=i
i} °
7}
n 4 3 4 3
o
S 2
é E 2 2 k
N i ; 1 ; |
5 JALLAA A AALL
o g e ) 0{— 0 2 - 0 0 =
c
42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104 42 126 227 83 172 190 18 51 147 104
214 08 09 133 87 16 0 0 605 O 48 87 13 24 0 o 0 2 0 663 0 0 0 217 0 o 0 o 0 o 24 587 93 361 23 05 56 137 673 106

e EHe

® MAST ® NK
® B

cDC @ EOS @ pDC

@ CDST @ CD4T @

0o 4 4 o0

yoT

proliferating CD8T

0 389 0 157 07 58

E IAV(H3)

1BV

fraction of cells
°

0.

us | Y

min

2
S

b
o

5
3

»
&

8

Heor Do He e B e

B pDC B proliferating CD8T

- N M

[O®)
I T

O
E

e
< 0 ©
O
T

[ON®)]
I I

- QN

=i

[

>

u oN~-Qq

™

Nl

Cell type

@

CD4T
CcD8T
cDC
EOS
YoT
MAST
NK
pDC

proliferating CD8T


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figure'Sa pre

A

HC3 spiked with WSN/33-infected MDCK cells

print doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

cl-\{)> = 0 = . .
o 12}
—_— M (2] =
g g . 5 287
S « 7 chi-square test pval = 1 ] % .
=3 0 fo}
g 9 - 19 o Q- .
L on | & B . .
£ g 3 .
g o S 5 o . .
= e} o N1 . .
n - ; * ®
& —— P o ﬂ..I: P P
T T T T T 1 ‘:3 '2 '1 ('J 1' é :Is T T T v
0 100 200 300 400 500 25 30 35 40
viral transcript count per cell Theoretical quantiles Predicted values
HC4 spiked with WSN/33-infected MDCK cells
. 9 .
&) s o
o - s %
_ ; 2 - ENSE
3> Q - chi-square test pval = 1 L - g - .
o S 4 D 19
[} 3 z c +~
3. ol o .
g ° o 8 . :
Lo E °7 B 21 % 4
£ N 7 I} 5]
o 3 -
» g o (%]
o 1
s e V-’:
o - 1 r T T T T T v T T T T T T T
r T T T T 1 3 2 -1 0 1 2 3 10 12 14 16 18 20 22
0 20 40 60 80 100 Theoretical quantiles Predicted values
viral transcript count per cell
HC3 spiked with WSN/33-infected MDCK cells HC4 spiked with WSN/33-infected MDCK cells
5000 , 5000 -
- !
€ 4000- 3 4000
3 i i infection prediction
@ 3000- . 3000 - : i
s ) i uninfected
= ¥ » «  Infected
§  2000- Pou 2000 i
£ & ‘
=1
< 1000. b e 1000. | et
3Tt - o
0. 7 I o LTS5 S
0 1000 2000 3000 4000 5000 O 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 O 1000 2000 3000 4000 5000
Canine gene counts
D E 1AV 1BV
1AV1 1AV2 CEP CEP
&7 . GOB GOB
MHCIIhighGOB MHCIIhighGOB
21 o J Squamous Squamous
® NEU NEU
o4 - EOS EOS
&4 RET MAST
© 4 ° MAC MAC
B pDC poc
o__L i i ) . oDC cDC
! r T T 7 ! ° T T T T T 1 CDAT CD4T
4 e im0 A0 Sodd 0 500 1000 1500 2000 2500 3000 cosT cpsT
IAV5 IAV7 proliferating CD8T proliferating CD8T
Q A & 1 gdT gdT
= B &
2 g LR NK NK
ﬂé. 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
281 21 Fraction Fraction
& o] infection prediction | uninfected Infected
s i ° _Ll.ll.l.ll.ll_l_l_l_l.l_l_
l'] 5'00 1 l')OO 1%00 ZZ]OO (') 5'00 1(’}00 1 %UO 2(‘)00 2%00 3[’]00 F C E P G
1BV1 1BV2 infected| bystander
31 2 5 ZINB ZINB
&1 infected CEP AUC =0.905973 Squamous  ayc = 0.9990646
Infecte o
- £ e s S e I e )
24 ol SVM 79 30 2 L ™ 2
ER . 2
i bystander
g J 2 42 c o
2 ° SVM 3 s 1 2 ©
w g | a-g- g
o o J
0 500 1000 1500 2000 2500 3000 0 2000 4000 6000 8000 10000 Squamous - S
viral transcript count per cell i 4 3
p p infected| bystander 80— P Y —
ZINB ZINB 00 02 04 06 08 10 80 92 04 08 0B
Recall Recall
infected
45 375
SVM
bystander
4 4833
SVM



https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which

Figure S5

CEP 1

GOB 1
Squamous 1
GOBCIaSS" g
BasalEPI 1
NEU 1

EOS 1
MAST 1
MAC 1

cDC 1

pDC 1
CDAT 1
CD8T 1
proliferating CD8T 1
YOT 1

NK 1

B

was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

|AV infected donors IBV infected donors

|
D e
I
—  _ _ =.

]

D .
D] e Vviral load
I Jl High
I Ml Medium
I i Low
I ll Bystander
I
D
L b
I
I
I

0.00 025 050 075 100 000 025 0.50
Fraction

=
3
a1
—
o
S


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
. was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.
Figure S6

IAV IBV

1.00' P.-.m-- LN 1] ®e o oo o L] 1.00- L L XX_ T} XiN_'1 @ee ¢ 000 & o
) o .
g 075 0.75
-'(75 .. o0 L]
2 :
[0)
>
o
(P %% ° oo
S 025 oo o 025

T e et e et s

0.25 0.50 0.75 0.25 0.50 0.75

viral load


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figure S7

A

H3N2 segment 1 CY267202

v — ——"

IAV2 0 - 7389]

| AVIBoRXiY. pig i N is versi i i is preprint (which

IAV5 0-4011] Was nai“ bed b“er review) is the author/funder It is made avallable under a CC BY ND 4 0 Internanonal I|cense

IAV6 %—# !_—_—_-‘—‘

AV7 o —l e et AR ottt ettt
H3N2 segment 2 CY267203 )

R e o

I1AV2 %7;—-““‘—_&___

1AV3 [O_;m‘—-“—*‘ A————__

IAV5 W_@?M.—-—h—-_-_

IAV6 e e —*;

IAV7 ———— e S s ..ol . =~

IAV1
IAV2
IAV3
IAV5
IAV6
IAV7

IAV1
IAV2
IAV3
IAV5
IAV6
IAV7

IAV1
IAV2
IAV3
IAV5
IAV6
IAV7

IAV1
IAV2
IAV3
IAV5
IAV6
IAV7

IAV1
IAV2
IAV3
IAV5
IAV6
IAV7

IAV1
IAV2
IAV3
IAV5
IAV6
IAV7

H3N2 segment 3 CY267204

[0 - 5985] -
[0- 10051] - . - l

[0- 14361] I - - l

[0- 4748] -
[0-8913] - .I

3»

!

[0 - 12809]
IS5 .
H3N2 segment 4 CY267205
[0 - 3725]
—‘—-“
[0 - 3990] I I - - . - -

[0 - 6742] - -
[0 - 2860]
P e .t andiie et
[0 - 5829]
ety . e S e . ot .
[0 - 4163] . - I I -

H3N2 segment 5 CY267206

[0 - 45848]

|

[0-22126]

il

[0 - 27598]

l

i

[0 - 9885]
— —

[_—]——— e e

H3N2 segment 6 CY267207
[0 - 12543] -
( 1 - I -
[0 - 4748] -
[0 - 8537] _
[0 - 4573] I -
H3N2 segment 7 CY267208
o —————————ee..
o BRI S -
[0 - 30758] —
‘A_
[0-22819] - -
[0 - 55434] - _
[0 - 20264]
*

H3N2 segment 8 CY267209

[0-6314] —

[0 - 15590]

e e —— e

t

3
2
]
&
g
L



https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figure S7

8 IBV segment 1 CY263602

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
IBV1 Mnot certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International iailiige il
Bv2 RS - i
IBV4 %ﬁa‘l S - p— .“.
N —— I — I

IBV segment 2 CY263603
IBV1 [0-24453I
IBV2 [0 - 5426] . . l l I
IBV4 [0 - 8298] I l .
IBV6 [0 - 17056] -. -

IBV segment 3 CY263604
IBV1 b——“ —*
IBV2 [0-10019] - — - -
IBV [0 - 9265] I ' . -
IBV6 [0 - 14238] -

IBV segment 4 CY263605
IBV1 [0 - 5086]

IBV2 [0-7242]

[0-7824]

1BV o et

IBV6 [0-11877] II- - . -

/|

IBV segment 5 CY263606

IBV1 [0 - 13825] - I
IBV2 [0 - 19660] |.
IBV4 [0 - 15928] —

b,

IBV6 et ——————
IBV segment 6 CY263607

IBV1 [0 - 6694] - -

IBV2 °°™ N, S Y

Bv4 *™" aunaiiiine. - —-—A

IBV6 [0 - 19590] -
IBV segment 7 CY263608

BV o e e s e e .
1= e g —_—
|1 S S ———
IBV6 et et e

IBV segment 8 CY263609
IBV1 [0-9131] - l -

[0-11088]

[0 16025]

IBV6 [O 17484] —

!



https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

Figure 88w preprigidoiayns
A CEP

://doi.org/10.1101/2020.04.15.042978. this version pos
ied by peer review) is the author/funder. It is made avai

ted April The copyright holder for this preprint (which
ale und]ér’\ﬁ%%)%

Y-ND 4.0 International license.

GOB Squamous GOBCass! BasalEPI GEP GOB Squamous GORBCeass! BasalEPI
5
(ol
g6 2
3 4
(v}
g 4 .
N
= 1 2
[
£ 2 (] [} ° X ® L4 ° [}
Elle2a 14 14 0 o A Ll2, t+a A —
° ° ° °
#cell 63 344 109 607 310 13 292 4837 320 7 1449 5 544 38 63 344 109 607 310 13 292 4837 320 7 1449 5 544 38
% expressing cell 286 18.6 101 433 145 0 473 243 162 714 346 0 511 342 254 183 55 161 7.7 0 99 67 47 143 128 0 129 53
NEU EOS MAST MAC cDC NEU EOS MAST MAC cDC
8 6
[7]
1%}
s 6
= 2
3 4
24
(5] [ ]
% o] ¢ | . 1 2 ® o
3 ] ° ) o ¢ . ) o t 1l ® *
2 0 L * 0 0 2 J °
3168 18412 147 168 4 1 17 118 3472 65 37 46 3168 18412147 168 4 1 17 118 3472 65 37 46
34 442 354 143 25 100 471 475 332 323 432 239 152 167 136 7.1 0 0 353 229 229 77 189 304
pDC CD4T cbsT proliferating yoT pDC CcDA4T CcDs8T proliferating yoT
s CcDsT 6 CD8T
2 5
1%}
° 2
g , %
(v}
el
N 2 ! - °
E ® . * o b }
£ o o °« ° s o ° 0 2 °
= 0 o ° ° ° e |0 L4 L L L4 L
3 144 16 109 1 53 172 2 100 4 5 184 1 3 144 16 109 1 53 172 2 100 4 5 184 1
0 333 188257 0 132262 0 25 0 20 223 0 0 347 125193 0 151 209 0 14 0 20 207 0
NK B NK B
=
S 6 1:5
26
14 2
g 4 4 1.0
(v}
e 1 !
(]
N 2 2 ° 0.5
© Y °
£o A 4 |0
5 0 . ¢. 100
8 2 12 30 8 43 12 30
375 326 167 20 50 302 83 10
IL10RB expression
| =
.g CEP GOB Squamous GOBCsst BasalEPI
@ 6 2.0
g4 15
(0]
el
g2 | . 1.0
‘g i [ ] [ ] . ® [ ] 05
[ ]
s ] ® o [}
2o . 0.0
#cell 63 344 109 607 310 13 292 4837 320 7 1449 5 544 38
% expressing cell 145 154 7.3 282 81 154 335 17.3 141 153 282 0 362 395
_5 NEU EOS MAST MAC cDC
8 20
o6
S ! 1.5
2 . . a
3 R 1.0
M [ ] [ ]
© ® ® }05
£ . !
go . 00
3168 18412 147 168 4 1 17 118 3472 65 37 46
243 391 347 30 50 0 353 483 332 123 243 304
E pDC CD4T cDsT proliferating v&T
o CcDsT 20
80 '
%4 15
o 5 1.0
Q
N L ]
T .  °* ° 1Y ! 0.5
IS
’8‘ 0 ° ° ° . e loo
3 144 16 109 1 53 172 2 100 4 5 184 1
0 229 188 294 0 226 227 0 17 25 0 147 0
s NK B
26 20
(0]
54 1.5
3 Cell state
® ° 1.0
§ 2l @9 & Healthy
[ ] 1°° Bystander
s 0 0.0 Infected
8 43 12 30
25 372 50 133

0.5

0.0

0.5

0.0

0.5

0.0

uoissaldxg ues


https://doi.org/10.1101/2020.04.15.042978
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.15.042978. this version posted April 17, 2020. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. It is made available under a CC-BY-ND 4.0 International license.

Figure S9
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