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Summary

Encounters between host cells and intracellular bacterial pathogens lead to complex phenotypes
that determine the outcome of infection. Single-cell RNA-sequencing (SCRNA-seq) are
increasingly used to study the host factors underlying diverse cellular phenotypes. But current
approaches do not permit the simultaneous unbiased study of both host and bacterial factors
during infection. Here, we developed scPAIR-seq, an approach to analyze both host and
pathogen factors during infection by combining multiplex-tagged mutant bacterial library with
scRNA-seq to identify mutant-specific changes in host transcriptomes. We applied scPAIR-seq
to macrophages infected with a library of Salmonella Typhimurium secretion system effector
mutants. We developed a pipeline to independently analyze redundancy between effectors and
mutant-specific unique fingerprints, and mapped the global virulence network of each individual
effector by its impact on host immune pathways. SCPAIR-seq is a powerful tool to untangle
bacterial virulence strategies and their complex interplay with host defense strategies that drive

infection outcome.
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Introduction

Interactions between a pathogenic intracellular bacterium and its host involve both activation of
a coordinated defense response by the host macrophage and a complex virulence program
executed by the bacterium (Schwan et al., 2000). To invade and survive within the hostile host
cellular environment, intracellular pathogens employ secretion systems that deliver effector
proteins across phospholipid membranes from within the bacterium into the host cytoplasm
(Green and Mecsas, 2016). A wide range of secretion systems allow different pathogens to
survive within host cells. For example, in Mycobacterium tuberculosis, a type VII secretion
system (T7SS) is required for reprogramming of host cell death mechanisms (Stanley et al.,
2003). In Salmonella Typhimurium (S.Tm), a type III secretion system (T3SS) can remodel

host phagosomes into a hospitable vacuole, whereas the T3SS of Shigella flexneri enables
bacteria to lyse the phagocytic membrane and gain access to the cytoplasm shortly after
internalization (Hueck, 1998). Legionella pneumophila encodes a type IV secretion system that
injects ~300 effectors, allowing the pathogen to subvert host processes and establish replication-
permissive niche inside an ER-like vacuole (Tilney et al., 2001).

One of the best studied intracellular pathogens, S.Tm utilizes two different T3SS, located on
Salmonella Pathogenicity Island (SPI) 1 and 2, to establish a protective niche within different
host cell types (Hansen-Wester and Hensel, 2001). SPI-2 mediates secretion of 28 effectors from
within the macrophage phagosome to manipulate host cell processes and ensure bacterial
replication inside the Salmonella-containing vacuole (SCV) (Jennings et al., 2017). In recent
years it has become increasingly understood that effector secretion is heterogeneous between
individual intracellular bacteria, leading to different complex phenotypes (Garcia-del Portillo and
Pucciarelli, 2017). For example, within a population of invading S.Tm, variable activity of PhoP,
a response regulator required for SPI-2 T3SS activation (Bijlsma and Groisman, 2005), has been
shown to drive heterogeneity in macrophage responses (Avraham et al., 2015). Heterogeneity
was detected within S.Tm subpopulations comprising either actively growing bacteria or non-
growing persisters, with different SPI1-2 expressing profiles in infected host cells (Stapels et al.,
2018). Within a single population, both in vitro and in vivo, S.Tm was shown to display
heterogeneous S.Tm T3SS expression has been associated with variable growth rate (Sturm et
al., 2011), sensitivity to antibiotics (Arnoldini et al., 2014) and localization of bacterial cells

within infection sites (Laughlin et al., 2014). Adding to the complexity of heterogenous
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expression of T3SS and the host response, redundancy between effectors activities is also
observed, as single T3SS effectors converge on the same host pathway (Galan, 2009). For
example, the GTPase-activating protein SopD2 and the cysteine protease GtgE were both shown
to target and counteract the host Rab32-dependant host defenses (Wachtel et al., 2018). Recent
studies have additionally shown that a single S.Tm effector can bind many host proteins that are
associated with multiple cellular processes (Walch et al., 2021). While redundancy and
heterogeneity are beneficial for the pathogen to establish a successful infection, they have
complicated the determination of individual effector function; therefore, a systematic
understanding of T3SS effector activity is still lacking.

On the host side, macrophages infected with S.Tm generates well-documented heterogeneous
phenotypes during intracellular infection (Burton et al., 2014). Recent single cell RNA-seq
(scRNA-seq) studies revealed host signatures of macrophage subpopulations that display diverse
outcomes: some are permissive to intracellular bacterial growth (Hoffman et al., 2021); some
will lyse the ingested bacteria (Huang et al., 2018); others allow bacteria to persist intracellularly
(Stapels et al., 2018). But scRNA-seq methods are limited to profiling only host transcripts as
they rely on polyA priming of mRNAs, while bacterial mRNAs lack polyA. The heterogeneous
and dynamic nature of bacterial pathogens suggests that descriptions limited only to immune
attributes may fail to accurately characterize the full spectrum of interactions with different
complex phenotypes (Patel et al., 2021). Recent efforts to perform single cell profiling of
bacteria have had limited sensitivity for detection of bacterial genes, making biological
interpretation in the context of infection difficult (Avital et al., 2017; Imdahl et al., 2020;
Kuchina et al., 2021). Alternatively, systematic analysis of bacterial gene function can be
performed en masse either as arrayed or pooled genetic screens, but are mostly limited to
autonomous phenotypes rather than interactions with host and are insensitive to bacterial
heterogeneity (Barczak et al., 2017; O’Connor and Isberg, 2014). Thus, a significant gap remains
in our ability to study macrophage and bacterial factors that regulate survival strategies during
individual encounters. Knowledge of these factors is fundamental to our understanding of
infection biology and finding novel treatment options for infectious disease that result in a more
beneficial outcome to the host.

To address this challenge, we introduce scPAIR-seq, a computational and experimental single

cell framework for analyzing PAthogen-specific Immune Responses. This approach offers the
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much-needed simultaneous, systematic analysis of host and bacterial factors that contribute to
heterogeneous host-pathogen encounters. We implemented a unique multiplexed bacterial
Mutant Identifier Barcode (MIB) and modified scRNA-seq protocols for detection of both the
bacterial mutant identity and the transcriptional profile of single infected host cells (Fig. 1). As a
proof-of-principle, we generated a MIB-tagged library of §.Tm SPI-2 effector mutants and
followed their cognate effects on the host using the transcriptome of single infected
macrophages. We developed a computational pipeline to analyze mutant-dependent changes in
host activation programs and identified specific host targets, gene signatures, and cell states
affected by individual SPI-2 mutants. Using this approach, we show that a SPI-2 effector, SifA,

has a unique, yet undescribed function, that drive a distinct macrophage transcriptional signature.

Results

Establishing a scRNA-seq protocol for detection of MIBs in intracellular bacteria

To allow detection of bacterial mutants within single host cells, we engineered a plasmid with
constitutive expression of a Green Fluorescent Protein (GFP), tagged with a MIB followed by a
polyA tail, and inserted it into S.Tm (MIB-S.Tm; Fig. 1). The GFP signal enables detection of
infected cells using flow cytometry and imaging. The polyA tail allows capture of MIBs using
scRNA-seq protocols, and deconvolution of bacterial mutant identity by the unique bacterial
MIB transcripts. Polyadenylation in bacteria is considered a signal for transcript degradation by a
mechanism involving 3’-exonucleolytic attack (Hui et al., 2014). To assess the impact of the
polyA tag on transcript abundance, we compared GFP fluorescence levels between MIB-S.Tm to
S.Tm containing non-polyadenylated GFP plasmid (S.Tm control), and S.Tm without GFP
plasmid (No-GFP control; fig. S1A). While there is a decrease in the GFP fluorescence of MIB-
S.Tm compared to S.Tm control, GFP signal remains sufficiently high in this strain for detection
within host cells. We next tested if the GFP with MIB transcript can be detected by polyA
capture of bacterial RNA. We detected GFP with MIB transcript only in the MIB-S.Tm samples
but not in S.Tm control, validating that polyadenylated MIB transcripts were amplified
exclusively (fig. S1B).

Next, as bacterial transcripts within single infected host cell are estimated at less than 1% of the

total RNA (Marsh et al., 2017), we sought to modify a sScRNA-seq protocol (Hashimshony et al.,
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2016) to specifically amplify low abundant MIB transcripts (Fig. 2A). After an in vitro
transcription (IVT) step, the sample is split into two parts and amplified by PCR separately to
generate both 1) a library of host transcripts via traditional protocol, and ii) a MIB library with
specific amplification of the tagged GFP. The MIB library is then sequenced with a custom
primer that targets the GFP transcript upstream of the MIB sequence to allow exclusive detection
of MIBs. The adjusted protocol was then tested for sensitivity and accuracy of host transcriptome
analysis and MIB identification in bulk. We infected a J774.1 cells with MIB-S.Tm, collected
150 cells by fluorescence activated cell sorting (FACS) and generated bacterial MIB libraries. To
test the sensitivity of MIB detection, we analyzed MIB reads and counted ~625,000 reads of
~1,400,000 reads in the MIB-S.Tm bulk sample that was generated from 150 cells. Second, we
generated MIB libraries from serial dilutions of RNA samples and measured detection of MIBs

within host cells (fig. S2A).

Construction of a pooled, MIB-tagged, SPI-2 mutant library

We next aimed to test scPAIR-seq by performing functional analysis of SPI-2 effectors with
single cell resolution. We generated and validated a library of WT and 24 known SPI-2 effector
mutants (Porwollik et al., 2014) and transformed each mutant with a GFP expressing plasmid
containing a unique MIB sequence (table S1). To minimize PCR and sequencing errors that can
lead to MIB misidentification (Sleep et al., 2013), we designed MIB sequences with an edit
distance of at least three nucleotides (fig. S2B), providing two mismatches for non-ambiguous
identification of mutants. To examine MIB classification and detection, we pooled cultures of
bacterial mutants, extracted RNA and generated MIB libraries. To test for specificity of MIB
detection, we iteratively increased number of mismatches that are allowed for MIB classification
(Fig. 2B and fig. S2C). We could validate specific MIBs classification when allowing up to 2
mismatches, corresponding to our design of MIBs. Allowing more than 2 mismatches resulted in
ambiguous MIB detection. We next verified the specificity and sensitivity of detection of
bacterial MIBs in infected bone marrow-derived macrophages (BMDMs). We infected BMDMs
with each of SPI-2 mutants separately, sorted 150 infected cells from each sample and generated
MIB libraries. We measured highly specific detection of the expected MIBs from each infected
bulk sample, according to its infected mutant (Fig. 2C). Furthermore, high signal to noise ratio

was observed for each individual MIB (fig. S2D). MIB of ASopD2 was not detected and was
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verified separately. As a control, a BMDM sample infected with S.Tm strain carrying a non-

polyadenylated GFP plasmid showed no detection of MIBs.

A computational framework for MIB identification within single cells

We next performed scPAIR-seq protocol on single BMDMs infected with the pooled library of
SPI-2 effectors. We infected BMDMs with the pooled MIB-tagged SPI-2 mutant library at a low
multiplicity of infection (MOI) of 2:1 to ensure an infection rate of ~1 bacterium per cell (Gog et
al., 2012). SPI-2 gene expression is induced approximately 1.5 hours post internalization
(Jennings et al., 2017), peaks at 2-4 hours after infection (Fass and Groisman, 2009), and
mediates bacterial replication after 18 hours (Nix et al., 2007). Thus, we harvested cells at twenty
hours post infection (hpi) and isolated 3648 infected single-cells to deconvolute the phenotype of
host responses corresponding to individual SPI-2 mutants. We index-sorted infected cells based
on the GFP signal of the internalized bacteria. Bulk samples of 1000 infected cells were collected
as controls for validating single-cell MIB detection. MIB and host libraries were generated and
sequenced according to the scPAIR-seq protocol. For each single cell we extracted the
corresponding MIB reads and generated a matrix of MIB counts per cell. Examining total MIB
counts revealed a distribution with three distinct peaks (fig. S3A). We set a threshold at the
maximum of the lowest peak to exclude cells with less than 128 detected MIB reads, reasoning
that counts below this threshold would reflect low-quality detection. Cells with low-quality MIB
detection were removed, and downstream analysis was performed on 1191 cells (~33%). We
developed a computational framework to determine unambiguous mutant identity in single cells
with scPAIR-seq. We modeled the normalized counts of each MIB to find the quantile parameter
that maximizes singlet detection rate across all cells in the experiment. We applied
‘deMULTIplex’ (McGinnis et al., 2019) to the MIB counts within single host cells and set a
quantile threshold of 0.23 that maximizes the percentage of cells containing a single mutant MIB
(Fig. 3A). Importantly, this threshold is robust to singlet detection at a range of threshold values.
Based on this analysis, we assigned 878 cells with single invading mutant and 112 cells with
more than one mutant (Fig. 3B).

Few cells were detected with 4-7 invading mutants, raising the possibility that these cells were
simultaneously invaded by multiple mutants during early stages of infection. Alternatively,

infection with multiple mutants could arise from re-infection; while gentamycin-containing


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

media was used throughout the infection course, re-infection events can occasionally occur
(Stapels et al., 2018). As another alternative, multiple infecting mutants could result from
efferocytosis, a process in which a macrophage swallows another dying infected cell (Korns et
al., 2011). To validate multiple MIBs detection in single cells, we assessed the indexed GFP
intensities of the respective sorted single cells. Indeed, GFP intensity levels were higher in cells
with higher number of MIBs (Fig. 3C). To further validate that the GFP signal serves as a proxy
for bacterial numbers, we analyzed infected cells and measured increased GFP fluorescence at
twenty hours compared to four hours (fig. S3B), by which time bacterial replication has occured.
Thus, using GFP fluorescence within infected cells we can evaluate bacterial burden and identify
single cells that are infected by multiple mutants.

Next, we generated a map to capture the landscape of MIBs in single infected host cells. t-
distributed Stochastic Neighbor Embedding (tSNE) dimensional reduction was used on the MIB
counts to represent the detection in the single cell data (Fig. 3D). This dimensional reduction
allows visualization of the cells that were infected by each mutant, based on our pipeline for
MIB identification. Overall, we identified between 19 to 76 infected cells for each mutant (fig.
S3C). To validate our procedure for MIB identification in single cells, we quantified MIBs from
matched bulk infected samples. We averaged the distribution of detected MIBs from 4 bulk
samples and compared it to MIB detection in the single cell data. We found a high correlation
(correlation coefficient of 0.71), corroborating our single cell detection (Fig. 3E). To further
confirm MIB library analysis, we analyzed the detection of MIBs also in host libraries. We found
a high degree of agreement in the detection of MIB identity between host libraries and MIB
libraries. The number of MIB-detected cells was ~5-folds higher in the MIB libraries (fig. S3D),
confirming the improved sensitivity of our protocol. Taken together, we demonstrate an

approach to detect unique MIBs that map bacterial mutant identity within single host cells.

A computational framework to dissect mutant-specific changes of host transcriptome

To study distinct host cell responses affected by individual SPI-2 effector mutants, we next
analyzed host transcriptomes in single cells. We first validated quality control parameters of host
single cell data (fig. S4; A-C), and turned to analysis of single cells. Unsupervised clustering
analysis showed that host gene-expression profiles formed six stable clusters (fig. S4D). To

study the possibility of mutant-specific clusters, we examined the composition of the clusters
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across cells that were grouped based on the identity of the infected mutant (fig.

S4E). Macrophages infected with WT S.Tm express three main clusters of genes: cluster I
containing inflammation-related genes (e.g., I/1b, Nfkbia and Cxcl2), cluster III containing genes
related to cell cycle (e.g., Cdkl, Mcm6 and Ligl) and cluster V with genes related to oxidative
stress (e.g., Prdx1, Prdx6 and Nqgol). These clusters were also shared with cells infected by most
mutants, indicating the known redundancy between effectors (Zhou et al., 2001). Three

clusters (II, IV and VI) were mostly evident in several mutant-infected cells. Of note, clusters II
and VI were most evident in AsteE and Asif4 infected cells, respectively. Cluster II, which was
expressed mainly by AsteE infected cells, includes the type I interferon (IFN) response genes
(e.g., Oasli2, Ifitm6 and Cd74) and cluster VI, associated mainly with Asif4, was enriched with
genes reminiscent of M2-transcriptional state (e.g., [/4ra, Argl and Mrcl) (Saliba et al., 2016).
We next performed a directed analysis of the impact of individual SPI-2 mutants on host gene
expression. To identify changes due to mutant identity, we developed a tailored pipeline for
single cell analysis using a metric we termed MutAnt spEcific hoST TRanscriptOme
(MAESTRO) analysis. The analysis estimates the effect of each mutant on host gene expression
changes by weighing both expression levels and variance of each gene between WT- and mutant-
infected cells. We first modeled the number of cells that are required to represent the variance of
the data, to ensure that the cell numbers in each mutant group is sufficient. In agreement with
previous estimations (Dixit et al., 2016), we observed that from 20 cells the variance across cells
is stabilized (fig. S4F). Next, infected cells were grouped by MIB identity (25 groups) and mean
expression and coefficient of variance (CV) were calculated for all genes in each mutant group.
To generate a metric that captures these two measurements of single cell data, we calculated the
Euclidean distance in mean-CV space between WT and respective mutant (MAESTRO score)
for each gene (Fig. 4A). To exclude noise due to lowly detected genes, we included only genes
expressed in at least 30% of cells for specific mutant. As lowly expressed genes in sScRNA-seq
tend to display high CV due to dropouts, we controlled artificial high CV by increasing the
weight for mean expression in the analysis. Plotting the MAESTRO scores distribution for all
expressed genes in all mutants, we observed a right tail of genes with high MAESTRO scores
(Fig. 4B). We curated gene lists linking each bacterial mutant with its effect on host gene

expression. We defined a group of Differentially Expressed Genes (DEGs) for each mutant by
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selecting the genes with MAESTRO scores higher than the 95 percentile of all scores (fig. S5
and table S2).

To provide statistical power for MAESTRO scores and test for mutants that significantly impact
host genes relative to WT, we generated a random model. We included in our random model
cells that were excluded from the host analysis due to low MIB coverage (fig. S3A, n=2457). We
randomly assigned these cells to groups in the same sizes as the original number of cells we
obtained for each mutant. We calculated MAESTRO scores for these random mutant groups and
generated the null distribution of the scores. We then performed two-sample t-test between our
real data and the random data for each mutant. Using this strategy, we identified 6 mutants with
significantly different MAESTRO scores than the random model (1% FDR), including AsifA4,
AgogB, AsopD2, AssaV, AsseK1 and AsrfJ (Fig. 4C). We identified distinct signatures of each of
these mutants, with 495 out of total 691 DEGs (~72%) that were mutant specific (Fig. 4D, table
S3). MAESTRO, our unique computational framework, thus enabled us to analyze both
redundancy between mutants and to assign individual mutant-specific host gene expression

fingerprints.

Functional analysis of effectors by mutant-specific host gene expression fingerprints

We performed Gene Ontology (GO) enrichment analysis on the groups of DEGs for each
significant mutant. A total of 24 terms were enriched (10% FDR), with 15 terms that were
mutant specific (Fig. SA, table S4). This analysis identified to previously described functions of
these effectors, providing validation of our approach. General inflammatory response GO-terms
(enriched in AsifA4, AsseK1 and AgogB) and neutrophil chemotaxis (enriched in Asif4, AsseK1,
AgogB and AsopD?2) indicated a role for these effectors in modulating innate immune response,
as previously described (Jennings et al., 2017). Cellular response to tumor necrosis factor (TNF),
a well-characterized inducer of NF-kB (Hayden and Ghosh, 2014), was enriched only in AsseK/
and AgogB. These two effectors were previously identified as targeting the NF-kB signaling
pathway. SseK 1 was shown to suppress TNFa-induced NF-kB activation through direct
modulation of the host signaling adaptor TRADD (Ginster et al., 2017; Newson et al., 2019),
and GogB was reported to down-regulate host inflammatory responses by inhibiting poly-
ubiquitination of IkBa and thus NFkB-dependent gene expression (Pilar et al., 2012). The
effector SifA is known to maintain the integrity of the SCV membrane (Beuzoén et al., 2000),
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which is indicated in our analysis by signatures of Asif4 related to endocytosis, a necessary
process for SCV maturation (Smith et al., 2005). In addition, response to oxidative stress was
observed in our analysis of Asif4, corresponding to increased redox stress described in Asif4
infected cells (Heijden et al., 2015). SopD2 has been shown to interact with various host
regulatory Rab-GTPases in the endocytic pathway and block its function (D’Costa et al., 2015;
Spano et al., 2016; Teo et al., 2017). Rab GTPases mediate the motility of organelles and
vesicles and contribute to membrane trafficking (Gillingham et al., 2014). In our analysis we
identified enrichment of AsopD2 with ER to Golgi vesicle-mediated transport.

We next calculated the mean expression of up or down regulated DEGs of each mutant across all
cells (Fig. 5B). We measured high variation within each group of cells infected with the same
mutant, indicating signature expression in only a subpopulation of cells (Fig. 5C). T3SS
effectors are considered to form a robust, redundant intracellular signaling network that could
sustain deletion of a single effector gene (Ruano-Gallego et al., 2021). Thus, the observed
heterogeneity in host response possibly reflects this redundancy in effectors network, which can
mask the deleted effector activity in a subset of infected cells. In cells infected with AssaV, a
mutant with nonfunctional SPI-2, we measured reduced variation in host responses, potentially
reflecting ablated redundancy of the entire effector network (Fig. 5C). Overall, we provide a
gene signature analysis with mutant-specific fingerprints driving unique changes in host gene

expression.

SifA effector protein drives an alternatively activated macrophage phenotype.

We next interrogated selected effector function using its host transcriptional fingerprints. Based
on MAESTRO analysis and clustering of host transcriptome, the SifA mutant presented the most
prominent phenotype. SifA is a well-studied SPI-2 effector, known to play a significant role

in S.Tm virulence: detoxifying lysosomes (McGourty et al., 2012), recruiting late endosomes and
lysosomes to the SCV (McEwan et al., 2015), and promoting the formation of tubular
membranous structures connected to SCVs (Portillo et al., 1993; Stein et al., 1996). These
studies, like for other T3SS effectors, focus on characterizing the host protein targeted by SifA.
Interestingly, when examining the transcriptional differences between WT and Asif4 within
infected cells (Fig. 6A), we found enrichment in genes related to macrophages polarization

(M1/M2 genes, table S5, taken from Saliba et al., 2016), corresponding to cluster VI in the
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unsupervised single cell analysis (fig. S4; D and E). Furthermore, M2 host genes are exclusively
expressed by only a subset of Asif4 infected cells (Fig. 6B).

In response to the presence of microbial products, macrophage activation is considered to
polarize in two distinct programs: the pro-inflammatory M1 macrophages, and alternatively
activated M2 macrophages with tissue remodeling and immune resolution functions (Lee, 2019).
Recent studies have shown that a SPI-2 effector of S.Tm function to support macrophages M2
activation (Stapels et al., 2018) and that intracellular growth was associated with M2
macrophages (Saliba et al., 2016). To test the specificity of Asif4-mediated M2 signature in
macrophage polarization, we measured the sum expression of M1 and M2 genes in infected
single cells across all groups of mutants (Fig. 6C). Gene expression in Asif4 infected cells was
significantly lower in M1 genes and higher in M2 genes compared to WT. In Assal infected
cells we measured an opposite trend with significantly lower M2 gene expression, which is in
agreement with previous reports indicating that a Assa) mutant is less capable of triggering M2
polarization (Stapels et al., 2018). To validate M2 genes in only a subset of Asif4 infected
macrophages, we used single-molecule fluorescence in situ hybridization (smFISH). We
designed probes targeting two transcripts, Il4ra and Dab2. Both are known markers of M2
polarization (Adamson et al., 2016) and both were upregulated in the Asif4 signature (table S2).
Similar to the scPAIR-seq results, we measured significantly higher //4ra and Dab2 expression
in a subpopulation of Asif4 infected cells compared to WT (Fig. 6; D and E, and fig. S6A).
Expression levels of normalizing control gene Gapdh were comparable between WT and Asif4
cells (fig. S6B). Moreover, when counting the number of bacteria within each infected cell,
macrophages with higher loads of Asif4 bacteria, but not WT, showed increased expression of
1l4ra and Dab? (fig. S6C), indicating that the observed M2 gene program is not merely related to
bacterial burden but rather related to Asif4-dependent activation.

Next, we characterized the kinetics of M1/M2 activation in AsifA4 infected macrophages. We
studied the expression of four representative M1 genes (7nf, Cd40, Cxcl10 and Nirp3) and
measured early induction from 2 to 6 hpi with subsequent decrease in expression, both in WT
and AsifA4 (Fig. 6F and fig. S6D). We then studied the expression of four representative M2
genes (/l4ra, Dab2, Mrcl and Timpl) and measured increased expression of all M2 genes in
AsifA infected cells compared to WT infected cells 22 hpi (Fig. 6F and fig. S6E), indicating that
M2 activation is triggered by Asif4 only at later time points after infection. Next, we sorted bulk
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samples of WT or Asif4 infected cells and performed bulk RNA-seq analysis. M2-related genes
were significantly enriched in the genes that are up-regulated in Asif4 relative to WT infected
cells (P=2.2204¢-15; ~40% of genes) (Fig. 6G, table S6). Moreover, we observed enrichment
for cholesterol metabolism-related genes in Asif4 infected cells (e.g., Ch25h, Scd2 and Fabp5)
corresponding to previous reports showing that the loss of vacuolar membrane around SifA
mutants requires activity of the cholesterol acyltransferase effector, SseJ (Lossi et al., 2008;
Ruiz-Albert et al., 2002). Finally, we studied the effects of Asif4 on host protein levels, using an
antibody against [l14ra and flow cytometry. Similar to our results above, we measured high levels
of [l4ra protein in Asif4 infected cells only in a subpopulation of cells (Fig. 6; H and I). Taken
together, using scPAIR-seq we revealed a transcriptional program of host macrophages that is

mediated by SifA secreted effector.

Discussion

Bacterial effectors are key pathogenic virulence determinants that highjack host cellular
pathways to support intracellular growth. Despite many efforts, our understanding of the function
of many single effector mutants has been limited by their redundancy, heterogeneity, and
context-dependent activity. This limitation constrains our ability to discover regulators of
bacterial pathogenicity that are the major drivers of infection outcome. In this work we
developed scPAIR-seq, in which multiple pooled bacterial mutants can be analyzed
simultaneously at single cell resolution to overcome redundancy and heterogeneity during
infection. Mutants are functionally characterized by their impact on host responses, that can be
expanded to different host contexts. Key to this approach are tagged, multiplexed bacterial
barcodes (MIB) that allow us to infect with a pooled library of bacterial mutants and deconvolute
mutant identity within single infected host cell. We use this approach to provide a detailed
virulence-immune network of single SPI-2 effectors, using a global view of their impact on host
gene expression inside infected cells. To overcome expected redundancy between effectors and
possible masking of mutant-specific gene signatures by the highly inflammatory gene expression
induced upon Toll-like receptor (TLR)-4 detection of bacterial lipopolysaccharide (LPS) (Bode
et al., 2012), we developed a computational approach (MAESTRO). Analysis of the impact of
each SPI-2 effector on host responses also captures the heterogeneous response of macrophages

to single bacterial mutants, exemplified by mutant-specific genes signatures that were expressed
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in only a subset of infected cells (Fig. S; B and C). The observed variation in the host response
highlights the importance of MAESTRO and suggests that T3SS effectors form complex
interconnected network that under certain conditions can tolerate perturbations (e.g. deletion of a
single effector) without affecting virulence, as previously suggested (Ruano-Gallego et al.,
2021). This redundancy is common to secretion systems of different bacterial pathogen species.
We propose that future experiments using scPAIR-seq to specifically analyze cells infected with
multiple bacterial mutants or bacteria carrying deletions of multiple effectors can help interpret
the combined nonlinear effects of secreted effectors on host processes.

MAESTRO analysis revealed single SPI-2 mutants that impact gene expression of macrophages.
We focused on one effector, SifA, a well-studied SPI-2 secreted effector that had most
significant impact on host transcriptome in the MAESTRO analysis. SifA has primarily been
studied for its role in mediating the formation of a protective niche inside macrophages, and
SifA deletion results in rupture of the SCV membrane and release of bacteria into the cytosol
(Beuzén et al., 2000). However, gene expression changes induced by ASif4 cytosolic S.Tm were
not studied. Our analysis indicates that cytosolic ASif4 S.Tm drives infected macrophages
towards an M2 activation state. Alternatively, vacuolar S.Tm with intact SifA, was shown to use
another SPI-2 effector to drive M2 activation (Stapels et al., 2018). This is not the case for other
cytosolic bacteria, as infection of macrophages with the cytosolic pathogens Listeria
monocytogenes and Shigella dysenteriae was reported to induce an M1-like polarization (Biswas
et al., 2007; Lizotte et al., 2014; Rai et al., 2012; Xu et al., 2012). Cytosolic ASif4 S.Tm was
shown to expose cytosolic LPS that is detected by Caspase-11 to induce non-canonical
inflammasomes and pyroptotic cell death (Aachoui et al., 2013; Thurston et al., 2016). Recently,
it was shown that cytosolic LPS can activate phagocytes while retaining their viability (Gaidt et
al., 2016), indicating context-dependent cell fate decisions. It is tempting to speculate that in our
experimental conditions (low MOI, non-SPI inducing bacterial cultures), macrophages infected
with cytosolic ASif4 S.Tm maintain viability and activate a parallel pathway to induce an M2-
program. As M2 activation in macrophages is linked to their metabolic state, it would be of
interest to further decipher the metabolic pathway that is maintained in SifA infected
macrophages.

To conclude, we present scPAIR-seq, an approach to analyze pooled bacterial mutants and

cognate host responses at single cell resolution during intracellular infection. At its current scale,
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scPAIR-seq can be applied for targeted screens of a set of bacterial mutants of interest, as we
have done here for SPI-2 S.Tm mutants during intracellular infection of macrophages. While
SPI-2 mutants have previously been studied, they were mostly analyzed one at a time. Our
analysis provides a global view of the functional impact of effectors on immune pathways that
underlie intracellular growth and virulence of S.Tm. We foresee that enhancing the throughput of
scPAIR-seq using microfluidic approaches will allow us to advance our knowledge of
fundamental aspects of infection biology at unprecedented level. As discussed above, important
points of study will include analysis of the redundancy of bacterial effectors converging on the
same immune pathways. Further, experimental models utilizing an intact immune system (e.g.,
organoids, blood immune cells or in vivo infections) will provide insight into the impact of
bacterial virulence not only on cell autonomous immunity but also their immuno-modulatory
capacity in cell-cell communications, and the activity of effectors within different immune cell
subsets (Jennings et al., 2017). We propose that at larger scales, scPAIR-seq can be applied as a
systematic approach to dissect the interplay between bacterial pathogenesis and host defense

strategies in any bacterial strain and infection model.
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Figures legend

Figure 1: Overview of the scPAIR-seq approach. Bacterial mutants express a fluorescent
protein (GFP), tagged with unique mutant identifier barcode (MIB) followed by a polyA
sequence. Macrophages were infected with a library of pooled multiplex-tagged bacterial
mutants and single cells were sorted into multi-well plates. scPAIR-seq was applied on infected
cells, for deconvolution of mutant-specific changes in host transcriptome using the MAESTRO
pipeline.

Figure 2: scPAIR-seq protocol and optimization for paired analysis of MIBs and host
transcripts. (A) Detailed overview of scPAIR-seq protocol. UMI, unique molecular identifier;
CB, cell barcode; RT, reverse transcription; NT, nucleotides (B) Cultures of multiplexed-tagged
SPI-2 mutants were pooled and MIB library was generated. Sequences from each read were
compared to the MIB sequence of each mutant with increasing number of mismatches allowed
from 0 to 10. Indicated is the number of specific identifications (each read mapped exactly to one
mutant; solid black line) and number of non-specific identifications (more than 1 mutant mapped
to the same read; dashed gray line). Using one mismatch we optimize MIB identification rate
without affecting specificity. (C) BMDMs were infected separately with each of the S.Tm SPI-2
mutants and bulk samples were collected. Percentage of the bacterial MIBs detected (columns)
are presented for each infected sample (rows); see colorbar to the right. Each detected MIB was
normalized by the total number of reads obtained for that MIB across all infected samples, before
calculating percentages.

Figure 3: Non-ambiguous identification of MIBs in single infected cells. BMDMs were
infected with a pooled MIB-tagged SPI-2 mutant library at an MOI=2. Twenty hpi single
infected host cells were sorted and analyzed by scPAIR-seq. (A) The distribution of MIB counts
across all cells was modeled and the local maxima of positive and negative cells were found for
each MIB (see supplementary methods). To set a threshold between these two maxima of each
MIB, in a way which maximizes singlets detection across all MIBs together, we iterated over all
inter-maxima quantiles (x-axis). The percentage of singlets (infected cells with 1 mutant; blue
line), multiple (more than 1 invading mutant per cell; red line), and negative (no invading mutant
was identified; black line) are shown (y-axis) for each quantile. We selected the quantile which
optimize singlet detection (q=0.23, black dashed line). (B) Number of detected mutants per cell
indicate that most cells are infected with 1 mutant as expected by the low MOI. (C) Sorted single
cells were indexed by the GFP signal of internalized bacteria. Boxplots represent the GFP
intensities (logio) from host cells as detected by flow cytometry (y-axis), grouped by the number
of MIBs detected by scPAIR-seq in single cells (x-axis). There is high concordance between the
number of identified invading bacteria and the GFP intensity. (D) Visualization of MIB counts in
single cells using t-distributed Stochastic Neighbor Embedding (t-SNE) dimensional reduction.
Each cell is colored by the identity of its invading mutant as detected by scPAIR-seq (see
colorbar to the right and fig. S3C). Depicted are also cells with multiple MIB detection (white) or
without detection (Negative; gray). (E) Comparison between MIB detection from the single cell
data (y-axis) and detection in matched bulk infected samples (x-axis; averaged distribution from
4 samples). Dots represent the percentage of each mutant from total MIBs. Colors are as in (D),
correlation coefficient and corresponding p-value are indicated in the figure.
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Figure 4: MAESTRO analysis to dissect mutant-specific changes of host transcriptome. (A)
[lustration of the MAESTRO scores calculation: to capture mutant-specific changes in host gene
expression, we calculated the mean expression (x-axis) and CV (y-axis) of each gene (i) in each
mutant group (j) compared to WT infected cells. The MAESTRO score was calculated as a
weighted Euclidian distance between the mean-CV of the WT and the specific tested mutant (5),
with weight (w) for the mean expression component set to 1.5. (B) Histogram of MAESTRO
scores from all genes across all mutant groups generated a right tail distribution of genes with
high MAESTRO scores. We defined the genes with MAESTRO score larger than the 95
percentile of all scores (black dashed line) as different from WT infected cells. Using this
threshold, we defined the group of differentially expressed genes (DEG) for each mutant. (C) To
test for significance of these DEGs we generated a random model. We compared the distribution
of MAESTRO scores obtained from our data to the null distribution. Using two-sample t-test we
identified 6 mutants with significantly higher MAESTRO scores than the random model.
Presented are the scores from these 6 significant mutants (colored lines), and the random scores
of each mutant (gray lines; mean of 1000 random permutations) (D) To identify specific and
shared signatures, DEGs of the six significant mutants were intersected. Bar plots represent the
number of genes that are unique to one mutant, and these that are shared between 2 to 6 mutants
(x-axis).

Figure 5: MAESTRO analysis reveals virulence-immune networks of SPI-2 mutants. (A)
GO-terms enrichment analysis for the DEGs of each significant mutant (table S4) (B) Heatmap
of the mean expression of mutant-specific signature genes (up — top panel, down — bottom panel
regulated DEGs) for each mutant across all cells. Rows are the mean expression of the up or
down regulated genes of each mutant (mutant signature); columns are sorted by the MIB
detected in infected single cells. (C) For each up or down regulated signature of each mutant, we
calculated the number of cells expressing the signature. Presented are the proportion of cells that
up-regulated (upper panel) or down-regulated (bottom) the specific signature in the same mutant
(colored bars), or in all other cells not infected with this mutant (gray bars, non-specific
induction of the signature). Signatures are specific to their mutant infected cells, with high
variation between single cells.

Figure 6: AsifA mediates transcriptional reprogramming of BMDMs towards M2-
activation state. (A) Heatmap of the expression levels of Asif4 DEGs in single cells across WT
and Asif4 infected BMDMs. Genes and cells are clustered by hierarchical clustering (ward
linkage method); see colorbar to the left for expression levels. The black bars to the right
indicate position of genes related to macrophages M1 and M2 polarization (from Saliba et al.,
2016, see table S5). M1 signature is enriched in down-regulated genes in Asif4 infected cells
(P=2.8x10"%), while M2 signature is enriched in the up-regulated genes (P<1x102°). (B)
Correlation matrix between WT and Asif4 infected cells over the space of Asif4A DEG; colorbar
to the right indicates correlation coefficient values. There are two subsets of Asif4 infected cells,
one that has similar M1 signature to WT infected cells and another subset which elevates M2
polarization genes. (C) Box plots of the sum expression of M1 (upper panel) or M2 (bottom
panel) genes across WT or S.Tm SPI-2 mutants. The box represents the median and 25-75™
percentile, whiskers encompass all data points. Mutants which significantly differentiate M1 or
M2 expression levels relative to WT infected cells are indicated (two-sample t-test; 10%FDR).
(D and E) BMDMs were infected with WT (gray) or Asif4 (blue) and cells were fixed and
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analyzed by smFISH with probes against //4ra and Dab?2 transcripts. (D) Violin plots showing
1l4ra (left) and Dab?2 (right) mRNA counts per cell for each infected sample. Each dot
corresponds to a cell, the median is indicated by the black diamond. **** P<(0.0001, two-sample
t-test. (E) Expression levels of //4ra and Dab?2 transcripts across WT and Asif4 infected cells.
Rectangle marks a subpopulation of Asif4-infected cells with high expression of both transcripts.
(F) Z-score normalized expression of representative M1 (filled lines) and M2 (dashed lines)
genes (see Fig. S6; D and E) from WT (gray) or Asif4 (blue) infected samples at 2, 6, 10 and 22
hpi and before infection at t=0 (naive) by qRT-PCR. Expression was normalized to Rps13 gene.
(G) Bulk RNA-seq of sorted naive, WT or Asif4 infected BMDMSs twenty hpi. Presented is a
heatmap of genes up-regulated following infection with WT or Asif4 mutant relative to naive
cells (10% FDR). Genes were classified into three classes based on their expression changes
between the conditions. See colorbar to the right for relative gene expression. For each class
indicated representative genes; upper — inflammatory genes, middle - Type I IFN genes, bottom
— M2 and cholesterol-metabolism genes. (H and I) Infected BMDMs samples were stained with
[14ra antibody. Expression levels were analyzed by FACS (H, dashed line represent threshold for
a population with high I14ra expression) and proportion of cells expressing high Il4ra levels were
compared between infected samples (I, cells right of the dashed line in H).


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References

Aachouli, Y., Leaf, I.A., Hagar, J.A., Fontana, M.F., Campos, C.G., Zak, D.E., Tan, M.H., Cotter,
P.A., Vance, R.E., Aderem, A, et al. (2013). Caspase-11 Protects Against Bacteria That Escape
the Vacuole. Science 339, 975-978.

Adamson, S.E., Griffiths, R., Moravec, R., Senthivinayagam, S., Montgomery, G., Chen, W.,
Han, J., Sharma, P.R., Mullins, G.R., Gorski, S.A., et al. (2016). Disabled homolog 2 controls
macrophage phenotypic polarization and adipose tissue inflammation. J Clin Invest 126, 1311
1322.

Arnoldini, M., Vizcarra, I.A., Pefia-Miller, R., Stocker, N., Diard, M., Vogel, V., Beardmore,
R.E., Hardt, W.-D., and Ackermann, M. (2014). Bistable Expression of Virulence Genes in
Salmonella Leads to the Formation of an Antibiotic-Tolerant Subpopulation. PLOS Biology 12,
€1001928.

Avital, G., Avraham, R., Fan, A., Hashimshony, T., Hung, D.T., and Yanai, I. (2017). scDual-
Seq: mapping the gene regulatory program of Salmonella infection by host and pathogen single-
cell RNA-sequencing. Genome Biol 18, 200.

Avraham, R., Haseley, N., Brown, D., Penaranda, C., Jijon, H.B., Trombetta, J.J., Satija, R.,
Shalek, A.K., Xavier, R.J., Regev, A, et al. (2015). Pathogen Cell-to-Cell Variability Drives
Heterogeneity in Host Immune Responses. Cell 162, 1309-1321.

Barczak, A.K., Avraham, R., Singh, S., Luo, S.S., Zhang, W.R., Bray, M.-A., Hinman, A.E.,
Thompson, M., Nietupski, R.M., Golas, A., et al. (2017). Systematic, multiparametric analysis of
Mycobacterium tuberculosis intracellular infection offers insight into coordinated virulence.
PLOS Pathogens 13, e1006363.

Beuzon, C.R., Méresse, S., Unsworth, K.E., Ruiz-Albert, J., Garvis, S., Waterman, S.R., Ryder,
T.A., Boucrot, E., and Holden, D.W. (2000). Salmonella maintains the integrity of its
intracellular vacuole through the action of SifA. The EMBO Journal 19, 3235-3249.

Bijlsma, J.J.E., and Groisman, E.A. (2005). The PhoP/PhoQ system controls the
intramacrophage type three secretion system of Salmonella enterica. Molecular Microbiology 57,
85-96.

Biswas, A., Banerjee, P., Mukherjee, G., and Biswas, T. (2007). Porin of Shigella dysenteriae
activates mouse peritoneal macrophage through Toll-like receptors 2 and 6 to induce polarized
type | response. Molecular Immunology 44, 812-820.

Bode, J.G., Ehlting, C., and Haussinger, D. (2012). The macrophage response towards LPS and
its control through the p38MAPK-STATS3 axis. Cellular Signalling 24, 1185-1194.

Burton, N.A., Schiirmann, N., Casse, O., Steeb, A.K,, Claudi, B., Zankl, J., Schmidt, A., and
Bumann, D. (2014). Disparate Impact of Oxidative Host Defenses Determines the Fate of
Salmonella during Systemic Infection in Mice. Cell Host & Microbe 15, 72-83.


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

D’Costa, V.M., Braun, V., Landekic, M., Shi, R., Proteau, A., McDonald, L., Cygler, M.,
Grinstein, S., and Brumell, J.H. (2015). Salmonella Disrupts Host Endocytic Trafficking by
SopD2-Mediated Inhibition of Rab7. Cell Reports 12, 1508-1518.

Divangahi, M., Chen, M., Gan, H., Desjardins, D., Hickman, T.T., Lee, D.M., Fortune, S., Behar,
S.M., and Remold, H.G. (2009). Mycobacterium tuberculosis evades macrophage defenses by
inhibiting plasma membrane repair. Nat Immunol 10, 899-906.

Dixit, A., Parnas, O., Li, B., Chen, J., Fulco, C.P., Jerby-Arnon, L., Marjanovic, N.D., Dionne,
D., Burks, T., Raychowdhury, R., et al. (2016). Perturb-Seq: Dissecting Molecular Circuits with
Scalable Single-Cell RNA Profiling of Pooled Genetic Screens. Cell 167, 1853-1866.e17.

Fass, E., and Groisman, E.A. (2009). Control of Salmonella pathogenicity island-2 gene
expression. Current Opinion in Microbiology 12, 199-204.

Gaidt, M.M., Ebert, T.S., Chauhan, D., Schmidt, T., Schmid-Burgk, J.L., Rapino, F., Robertson,
A.A.B., Cooper, M.A., Graf, T., and Hornung, V. (2016). Human Monocytes Engage an
Alternative Inflammasome Pathway. Immunity 44, 833-846.

Galan, J.E. (2009). Common Themes in the Design and Function of Bacterial Effectors. Cell
Host & Microbe 5, 571-579.

Garcia-del Portillo, F., and Pucciarelli, M.G. (2017). RNA-Seq unveils new attributes of the
heterogeneous Salmonella-host cell communication. RNA Biology 14, 429-435.

Gillingham, A.K., Sinka, R., Torres, I.L., Lilley, K.S., and Munro, S. (2014). Toward a
Comprehensive Map of the Effectors of Rab GTPases. Developmental Cell 31, 358-373.

Gog, J.R., Murcia, A., Osterman, N., Restif, O., McKinley, T.J., Sheppard, M., Achouri, S., Wei,
B., Mastroeni, P., Wood, J.L.N., et al. (2012). Dynamics of Salmonella infection of macrophages
at the single cell level. Journal of The Royal Society Interface 9, 2696-2707.

Green, E.R., and Mecsas, J. (2016). Bacterial Secretion Systems: An Overview. Microbiology
Spectrum 4, 4.1.13.

Gunster, R.A., Matthews, S.A., Holden, D.W., and Thurston, T.L.M. (2017). Correction for
Giinster et al., “SseK1 and SseK3 Type III Secretion System Effectors Inhibit NF-kB Signaling
and Necroptotic Cell Death in Salmonella-Infected Macrophages.” Infection and Immunity 85,
e00242-17.

Hansen-Wester, I., and Hensel, M. (2001). Salmonella pathogenicity islands encoding type 11l
secretion systems. Microbes and Infection 3, 549-559.


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Hashimshony, T., Senderovich, N., Avital, G., Klochendler, A., de Leeuw, Y., Anavy, L.,
Gennert, D, Li, S., Livak, K.J., Rozenblatt-Rosen, O., et al. (2016). CEL-Seqgz2: sensitive highly-
multiplexed single-cell RNA-Seq. Genome Biol 17, 77.

Hayden, M.S., and Ghosh, S. (2014). Regulation of NF-kB by TNF family cytokines. Seminars
in Immunology 26, 253-266.

Heijden, J. van der, Bosman, E.S., Reynolds, L.A., and Finlay, B.B. (2015). Direct measurement
of oxidative and nitrosative stress dynamics in Salmonella inside macrophages. PNAS 112, 560—
565.

Hoffman, D., Tevet, Y., Trzebanski, S., Rosenberg, G., Vainman, L., Solomon, A., Hen-Avivi,
S., Ben-Moshe, N.B., and Avraham, R. (2021). A non-classical monocyte-derived macrophage
subset provides a splenic replication niche for intracellular Salmonella. Immunity 54, 2712-
2723.e6.

Huang, L., Nazarova, E.V., Tan, S., Liu, Y., and Russell, D.G. (2018). Growth of
Mycobacterium tuberculosis in vivo segregates with host macrophage metabolism and ontogeny.
Journal of Experimental Medicine 215, 1135-1152.

Hueck, C.J. (1998). Type Il Protein Secretion Systems in Bacterial Pathogens of Animals and
Plants. Microbiology and Molecular Biology Reviews 62, 379-433.

Hui, M.P., Foley, P.L., and Belasco, J.G. (2014). Messenger RNA Degradation in Bacterial
Cells. Annual Review of Genetics 48, 537-559.

Imdahl, F., Vafadarnejad, E., Homberger, C., Saliba, A.-E., and Vogel, J. (2020). Single-cell
RNA-sequencing reports growth-condition-specific global transcriptomes of individual bacteria.
Nat Microbiol 5, 1202-1206.

Jennings, E., Thurston, T.L.M., and Holden, D.W. (2017). Salmonella SPI-2 Type |1l Secretion
System Effectors: Molecular Mechanisms And Physiological Consequences. Cell Host &
Microbe 22, 217-231.

Korns, D., Frasch, S., Fernandez-Boyanapalli, R., Henson, P., and Bratton, D. (2011).
Modulation of Macrophage Efferocytosis in Inflammation. Frontiers in Immunology 2.

Kuchina, A., Brettner, L.M., Paleologu, L., Roco, C.M., Rosenberg, A.B., Carignano, A., Kibler,
R., Hirano, M., DePaolo, R.W., and Seelig, G. (2021). Microbial single-cell RNA sequencing by
split-pool barcoding. Science 371, eaba5257.

Laughlin, R.C., Knodler, L.A., Barhoumi, R., Payne, H.R., Wu, J., Gomez, G., Pugh, R.,
Lawhon, S.D., Baumler, A.J., Steele-Mortimer, O., et al. (2014). Spatial Segregation of
Virulence Gene Expression during Acute Enteric Infection with Salmonella enterica serovar
Typhimurium. MBio 5, e00946-13.


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Lee, K.Y. (2019). M1 and M2 polarization of macrophages : a mini-review. MBSE | Vol.2, No.1
p.1~p.b5.

Lizotte, P.H., Baird, J.R., Stevens, C.A., Lauer, P., Green, W.R., Brockstedt, D.G., and Fiering,
S.N. (2014). Attenuated Listeria monocytogenes reprograms M2-polarized tumor-associated
macrophages in ovarian cancer leading to iNOS-mediated tumor cell lysis. Oncolmmunology 3,
£28926.

Lossi, N.S., Rolhion, N., Magee, A.l.,, Boyle, C., and Holden, D.W. (2008). The Salmonella SPI-
2 effector SseJ exhibits eukaryotic activator-dependent phospholipase A and
glycerophospholipid: cholesterol acyltransferase activity. Microbiology (Reading) 154, 2680—
2688.

Marsh, J.W., Humphrys, M.S., and Myers, G.S.A. (2017). A Laboratory Methodology for Dual
RNA-Sequencing of Bacteria and their Host Cells In Vitro. Frontiers in Microbiology 8.

McEwan, D.G., Richter, B., Claudi, B., Wigge, C., Wild, P., Farhan, H., McGourty, K., Coxon,
F.P., Franz-Wachtel, M., Perdu, B., et al. (2015). PLEKHM1 Regulates Salmonella-Containing
Vacuole Biogenesis and Infection. Cell Host & Microbe 17, 58-71.

McGinnis, C.S., Patterson, D.M., Winkler, J., Conrad, D.N., Hein, M.Y ., Srivastava, V., Hu,
J.L., Murrow, L.M., Weissman, J.S., Werb, Z., et al. (2019). MULTI-seq: sample multiplexing
for single-cell RNA sequencing using lipid-tagged indices. Nat Methods 16, 619-626.

McGourty, K., Thurston, T.L., Matthews, S.A., Pinaud, L., Mota, L.J., and Holden, D.W. (2012).
Salmonella Inhibits Retrograde Trafficking of Mannose-6-Phosphate Receptors and Lysosome
Function. Science 338, 963-967.

Newson, J.M., Scott, N., Chung, I.Y.W., Lung, T.W.F., Giogha, C., Gan, J., Wang, N., Strugnell,
R.A., Brown, N.F., Cygler, M., et al. (2019). Salmonella Effectors SseK1 and SseK3 Target
Death Domain Proteins in the TNF and TRAIL Signaling Pathways*[S]. Molecular & Cellular
Proteomics 18, 1138-1156.

Nix, R.N., Altschuler, S.E., Henson, P.M., and Detweiler, C.S. (2007). Hemophagocytic
Macrophages Harbor Salmonella enterica during Persistent Infection. PLOS Pathogens 3, €193.

O’Connor, T.J., and Isberg, R.R. (2014). iIMAD, a genetic screening strategy for dissecting
complex interactions between a pathogen and its host. Nat Protoc 9, 1916-1930.

Patel, P., Drayman, N., Liu, P., Bilgic, M., and Tay, S. (2021). Computer vision reveals hidden
variables underlying NF-«xB activation in single cells. Science Advances 7, eabg4135.

Pilar, AV.C., Reid-Yu, S.A., Cooper, C.A., Mulder, D.T., and Coombes, B.K. (2012). GogB Is
an Anti-Inflammatory Effector that Limits Tissue Damage during Salmonella Infection through
Interaction with Human FBX022 and Skpl. PLOS Pathogens 8, €1002773.


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Portillo, F.G., Zwick, M.B., Leung, K.Y., and Finlay, B.B. (1993). Salmonella induces the
formation of filamentous structures containing lysosomal membrane glycoproteins in epithelial
cells. PNAS 90, 10544-10548.

Porwollik, S., Santiviago, C.A., Cheng, P., Long, F., Desali, P., Fredlund, J., Srikumar, S., Silva,
C.A., Chu, W., Chen, X., et al. (2014). Defined Single-Gene and Multi-Gene Deletion Mutant
Collections in Salmonella enterica sv Typhimurium. PLOS ONE 9, €99820.

Rai, R.K., Vishvakarma, N.K., Mohapatra, T.M., and Singh, S.M. (2012). Augmented
Macrophage Differentiation and Polarization of Tumor-associated Macrophages Towards M1
Subtype in Listeria-administered Tumor-bearing Host. Journal of Immunotherapy 35, 544-554.

Ruano-Gallego, D., Sanchez-Garrido, J., Kozik, Z., Nufiez-Berrueco, E., Cepeda-Molero, M.,
Mullineaux-Sanders, C., Naemi-Baghshomali Clark, J., Slater, S.L., Wagner, N., Glegola-
Madejska, 1., et al. (2021). Type 11 secretion system effectors form robust and flexible
intracellular virulence networks. Science 371, eabc9531.

Ruiz-Albert, J., Yu, X.-J., Beuzon, C.R., Blakey, A.N., Galyov, E.E., and Holden, D.W. (2002).
Complementary activities of SseJ and SifA regulate dynamics of the Salmonella typhimurium
vacuolar membrane. Molecular Microbiology 44, 645-661.

Saliba, A.-E., Li, L., Westermann, A.J., Appenzeller, S., Stapels, D.A.C., Schulte, L.N., Helaine,
S., and Vogel, J. (2016). Single-cell RNA-seq ties macrophage polarization to growth rate of
intracellular Salmonella. Nat Microbiol 2, 1-8.

Schwan, W.R., Huang, X.-Z., Hu, L., and Kopecko, D.J. (2000). Differential Bacterial Survival,
Replication, and Apoptosis-Inducing Ability of Salmonella Serovars within Human and Murine
Macrophages. Infection and Immunity 68, 1005-1013.

Sleep, J.A., Schreiber, A.W., and Baumann, U. (2013). Sequencing error correction without a
reference genome. BMC Bioinformatics 14, 367.

Smith, A.C., Cirulis, J.T., Casanova, J.E., Scidmore, M.A., and Brumell, J.H. (2005). Interaction
of the Salmonella-containing Vacuole with the Endocytic Recycling System *. Journal of
Biological Chemistry 280, 24634-24641.

Spang, S., Gao, X., Hannemann, S., Lara-Tejero, M., and Galan, J.E. (2016). A Bacterial
Pathogen Targets a Host Rab-Family GTPase Defense Pathway with a GAP. Cell Host &
Microbe 19, 216-226.

Stanley, S.A., Raghavan, S., Hwang, W.W., and Cox, J.S. (2003). Acute infection and
macrophage subversion by Mycobacterium tuberculosis require a specialized secretion system.
Proc Natl Acad Sci U S A 100, 13001-13006.


https://doi.org/10.1101/2022.03.06.483158

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Stapels, D.A.C., Hill, P.W.S., Westermann, A.J., Fisher, R.A., Thurston, T.L., Saliba, A.-E.,
Blommestein, 1., Vogel, J., and Helaine, S. (2018). Salmonella persisters undermine host
immune defenses during antibiotic treatment. Science 362, 1156-1160.

Stein, M.A., Leung, K.Y., Zwick, M., Portillo, F.G., and Finlay, B.B. (1996). Identification of a
Salmonella virulence gene required for formation of filamentous structures containing lysosomal
membrane glycoproteins within epithelial cells. Molecular Microbiology 20, 151-164.

Sturm, A., Heinemann, M., Arnoldini, M., Benecke, A., Ackermann, M., Benz, M., Dormann, J.,
and Hardt, W.-D. (2011). The Cost of Virulence: Retarded Growth of Salmonella Typhimurium
Cells Expressing Type 111 Secretion System 1. PLOS Pathogens 7, e1002143.

Teo, W.X,, Yang, Z., Kerr, M.C., Luo, L., Guo, Z., Alexandrov, K., Stow, J.L., and Teasdale,
R.D. (2017). Salmonella effector SopD2 interferes with Rab34 function. Cell Biology
International 41, 433-446.

Thurston, T.L.M., Matthews, S.A., Jennings, E., Alix, E., Shao, F., Shenoy, A.R., Birrell, M.A.,
and Holden, D.W. (2016). Growth inhibition of cytosolic Salmonella by caspase-1 and caspase-
11 precedes host cell death. Nat Commun 7, 13292.

Tilney, L.G., Harb, O.S., Connelly, P.S., Robinson, C.G., and Roy, C.R. (2001). How the
parasitic bacterium Legionella pneumophila modifies its phagosome and transforms it into rough
ER: implications for conversion of plasma membrane to the ER membrane. Journal of Cell
Science 114, 4637-4650.

Wachtel, R., Bréuning, B., Mader, S.L., Ecker, F., Kaila, V.R.1., Groll, M., and Itzen, A. (2018).
The protease GtgE from Salmonella exclusively targets inactive Rab GTPases. Nat Commun 9,
44,

Walch, P., Selkrig, J., Knodler, L.A., Rettel, M., Stein, F., Fernandez, K., Viéitez, C., Potel,
C.M., Scholzen, K., Geyer, M., et al. (2021). Global mapping of Salmonella enterica-host
protein-protein interactions during infection. Cell Host & Microbe 29, 1316-1332.e12.

Xu, H., Zhu, J., Smith, S., Foldi, J., Zhao, B., Chung, A.Y., Outtz, H., Kitajewski, J., Shi, C.,
Weber, S., et al. (2012). Notch-RBP-J Signaling Regulates IRF8 to Promote Inflammatory
Macrophage Polarization. Nat Immunol 13, 642—650.

Zhou, D., Chen, L.-M., Hernandez, L., Shears, S.B., and Galan, J.E. (2001). A Salmonella
inositol polyphosphatase acts in conjunction with other bacterial effectors to promote host cell
actin cytoskeleton rearrangements and bacterial internalization. Molecular Microbiology 39,
248-260.


https://doi.org/10.1101/2022.03.06.483158

Figure 1

Multiplexed-tagged Infection with pooled Sorting infected cells
bacterial mutant library mutant library

’O\
&
0 ) 'i' |
mmm» » .ts »
,mFP MIB-ZMH — o

scPAIR-seq

| GFP [T AAAAAAAA |

MAESTRO - mutant-specific changes

Component 2 (%)

-3 | | | | | |

in host transcriptome

[ MIB-1 NSNSV
IEA A~ NN\
MIB-3 NYANVANVANYAN

Host response

Component 1 (%)


https://doi.org/10.1101/2022.03.06.483158

Figure 2

Library of host transcript
@ W8 i aman— ases—
N p—— -
—_— e —
= - R1
—_ R p——
scPAIR-seq _~ ———— - -
e i
L : ———— - R2
D ———— ; .
N Ema—— llumina primer
] N -_- -
| . -
| -
| = -
! MIB libra
H R1
! —f -
— ==
a——(e = .
R2
bCR Custom GFP primer
RT -esmmees TTTT O
—~ Random primer Cell Barcode (10NT)
Bacterial T AAAA PCR S GFP primer Unique Molecul_a_r Identifier (6NT)
GFP mRNA RT «=======+ TTTT CDEE— Molecular Identifier of Bacteria (6NT)

x108
3

MIB detection
(%)
100

-0 -9--6-0--0

80

60

—o— Specific MIB AsteC
identification AsspH2

N
o

N
o

- © - Non-specific
identification

o

Number of reads
Expected MIB

AgogB
AsseK1
AgtgA
0 1 2 3 4 5 6 7 8 9 10

pipB2

Number of mismatches allowed

WT
Assed
AsselL
ASIrP
AssaV
AsrfJ
AsteC
ASSpH2
Assel
AsteB
AspvD
AsseG
AsseF
AsifB

£ A

W AsteA
ASIfA
AgtgE
AsteE
AspvB
AgogB
AsseK1
AgtgA
ApipB

Detected MI


https://doi.org/10.1101/2022.03.06.483158

Figure 3
A

0.754

0.50-

Proportion

0.25-|

0
0

tSNE2

tSNE1

# Detected MIB
—Singlet
—Multiple
—Negative

|
025 050 0.75 1
Inter-maxima quantile

Number of cells

1000
750+
500+
2507
0- e
01 2 3 4 56 7

Number of mutants per cell

OWT
OAssaV
OQAgtgA
QAgtgE
QApipB
@ApipB2
QAsIfB
©AsopD2
@ASIrP
@Assed
@AspvB
QAspvD
OAsteA
@AsteE

@AsseF
@AsseG
@Assel
@ASIfA
@AsseK1
@AsselL
OAsspH2
OAsrfJ
@AsteB
OAsteC
@AgogB
OMultiple
Negative

Fluorescence GFP intensity

10°

MIBs detection in single cell (%)

10°

10*

01 2 3 4 6 7
Number of mutants per cell

cc=0.71
p value = 3.48e-05

o
o
OO..
Q
S50 °
(@)
Q@
OO

25 50 75 100 125
MIBs detection in bulk(%)


https://doi.org/10.1101/2022.03.06.483158

Figure 4

A B

S.Tm infected single cells |
|2 500
@ geneiinWT cells | s
geneiin Mut; cells g
c |:°-
2 g ®
5 = | & 250
—_
® I o
o I
I
Mean expression 0 13 0
0 1 2 3 1 2 3 4 5 6

Number of co-expressing mutants

MAESTRO score,, =/ WX, X+ VoY)

MAESTRO scores

Sorted DEGs

AsifA vs. WT AgogB vs. WT AsopD2 vs. WT AssaV vs. WT AsseK1 vs. WT __AsrfJvs. WT
[0} gsth percentile o5th percentile 3| gsth percentile 2| gsth percentilg gsth percentile 95th percentilg
= 2 w— AsifA == AgogB 25 AsopD2 AssaV 2 - AsseK1 Asrfd
8 Random Random Random Random Random 15 Random
7 2| 1.5 -
8 15 )
& 1 1 :
L
g 0 250 180 0O 150 0 250 O 250 0 120


https://doi.org/10.1101/2022.03.06.483158

Figure 5

A

GO-terms

inflammatory response
response to bacteria
il12 production
oxidative stress
cysteine-type endopeptidase
fever generation
neutrophil chemotaxis
cytokine secretion
endocytosis

10%FDR

inflammatory response
LPS-mediated signaling
ERK1\2 cascade
endocytosis
fever generation
cytosolic calcium ion
response to TNF

VEGEF production

neutrophil chemotaxis
chemokine-mediated signaling
smooth muscle cell
TNF-mediated signaling
organic cyclic compound
response to bacteria
chemotaxis

Y%cells with up signature

m AsifA

@ AgogB
O AsopD2
m AsseK1
OAsrfJ

chemotaxis [=
neutrophil chemotaxis [
ER to Golgi vesicle transport [=

inflammatory response
neutrophil chemotaxis
leukocyte chemotaxis
response to interferon-y
chemokine-mediated signaling
response to TNF

oxidative stress

prostaglandin secretion

response to interferon-y £ |
1 1

0 1 2 3 4
-log10(g-value)

Y%cells with down signature

100 —
801
601
40r
201 L
0 il [ ) [1 [
AsifA  AgogB AsopD2  AssaV AsseK1 — AsrfJ
upsig. upsig. upsig. upsig. upsig. up sig.
100
80} —
60}
40t
20} L
0 I [ 1
AsifA AgogB AsopD2 AssaV  AsseK1  Asrfd

down sig. down sig. down sig. down sig. down sig. down sig.

Lo ASTARTTL LR ' ' 1T ' i i1
22 sgoetll] 1] ) -
@ €, AsopD2f | | 1§ TN I 1
c'®» AssaV| | 1
g s AsseK1 | | I I I I 1
S

AsrfJ

ASIfA

AgogB

AsopD2
AssaV

AsseK1

mutant-specific
down signature

AsrfJ

ASIfA AgogB

Cells

AsopD2

AssaV  AsseK1 AsrfJ

cells
infected
with:
EASITA
EAgogB
OAsopD2
OAssaV
EAsseK1
OAsrfJ
Oother
mutants

Relative exp.


https://doi.org/10.1101/2022.03.06.483158

Figure 6”°F"

A

D

. S . ll4ra Dab2
= -_:_I - | g *kkk *kkk
- e et = 600-]
o = = - B . _-l 8
=5 = | = _:_-:.'"_i = -
e et s <
. e L M p
S — I = oZ 400
e e L B — E
Fpae - st F e || 5
o b S e R @
o) S TS £ 200-
% s --: l- = - -.-_ - g
o s - z
B perns = [
B [ ey et 0
D [ il AsifA
o© iy S B e
o e - ey - S E
< i = = | |
S 2 3 o — 600-
= - 1= @
< | < -2 = __- S — e © @
SR sea e || L 3 °
. -1 < 400- °© o
—r o = u-1 =z @ Y o
Lo = S E 14 owt
e S e E ° o AsifA
sf® _E_.— o N ©
8 e e ® @
2o FoliTms e = o °
| = e ,008.
3 pu e e ey |
WT ASIfA 1 M2 400
ll4ra (mRNA/cell)
B F
- '.i ] 25 WT - M1 genes i
- 5 o| = AsifA - M1 genes 4
| B WT - M2 genes /’
E g |- =& 8 15~ = AsifA - M2 genes ,
= — e
F 1 " ‘- %/g //
lrm - ) - u &) o P4
o O '
B —. = 8 -_.% t{) P
-l NN Eaoe s e |
< I T L | % = ]
| = | "B o [ i
G ([ - . FE - = NI ®° i
4l -1 - § 2
F;_ru_' P s =
! e ot SHo2 i i
WT ASIfA 8 10 22
Time (hours post infection)
C
$ 2001 * * .
C
S 100 : :
300 '
(2]
0]
®
& 200 ;
S %*ééﬁ-}'ﬂ'}“%{' ﬁ{"} : éﬂ'
=
1001 . .

$«

g@ eo*
V

&

&

Q'
S
v%

5

e\o&m @ » \xw, {‘59\
¥

5
g V g

X0
v

o
oc§’

preprint doi: https://doi.org/10.1101/2022.03.06.483158; this version posted March 6, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Up by infection

Fcgr2b
S100a8

Up by AsifA

WT  AsifA

Naive

2010wt |
OAsifA + pSifA:
Hasifa |
2 15 [
[ |
(&) |
b~ |
o |
E 104 |
o |
S I
> |
Z 5 |
|
|
0.
102 0 10° 10 10°

ll4ra (PE-Cy7-A)
fluorescence intensity

16_ k%
9
L
©
o
c 87
2
c
©
s 41—
0 *%
& &
O & xg\


https://doi.org/10.1101/2022.03.06.483158

