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Abstract  
Host-pathogen interactions represent a complex interplay between hosts and pathogens that 
can evolve over millions of years. Interactions between bacteria or viruses and human cells, and 
the resulting evolved antipathogenic signaling pathways, are processes responsible for 
pathologies ranging from infectious diseases to autoimmune conditions and cancer. In addition, 
engineered designs inspired by pathogen interactions with hosts are increasingly being used to 
both treat and diagnose many pathologies that need not originate from infection with a pathogen. 
Therefore, it is critical to build and deploy scalable tools to better understand host-pathogen 
dynamics in order to both better treat conditions where pathogens or antipathogenic signaling 
contribute directly to disease pathology as well as to engineer new treatments to address a 
broader range of disease states. 

In this thesis, I describe approaches to leverage functional genomics and image-based screening 
to perturb and profile host-pathogen interactions, including responses to two RNA viruses, 
Sendai virus and Ebola virus. These provide case studies highlighting the utility of high-content 
image-based screening for revealing new genes regulating predefined phenotypes of interest as 
well as for generating single-cell imaging profiles that can be used to infer new genetic functions 
and phenotypic states directly from screening data without a priori specification. I also highlight 
an example of a genetic screen that revealed a robust negative result, leading to hypothesis and 
validation of a novel function of the STING protein as a proton channel. 
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Introduction 

1.1 Host-Pathogen Interactions 

1.1.1 Human Pathogens 

Human pathogens are organisms, ranging from viruses and bacteria to fungi and helminths, that 
can trigger signs and symptoms of disease in humans. Viruses are a particularly notable class of 
pathogens, as they represent approximately two-thirds of new human pathogens (Sudhan & 
Sharma, 2020) and are the dominant source of emerging epidemics and pandemics. High viral 
mutation rates also facilitate development of drug resistance, making new approaches to study 
interactions of viruses with human hosts critical for development of next-generation antiviral 
therapeutics. While all viruses rely partially on host cells for replication, viral genomes are diverse 
and can be composed of RNA or DNA, can be single-stranded, or double-stranded, and, among 
single-stranded RNA (ssRNA) viruses, positive-sense or negative-sense; in addition, retroviruses 
such as HIV have RNA genomes that replicate via a DNA intermediate (Durmuş & Ülgen, 2017).  

1.1.2 Human Innate Immune Responses to DNA and RNA 

Human innate immune responses to foreign DNA and RNA rely on pattern recognition receptors 
(PRRs) that recognize microbe-derived products termed pathogen-associated molecular 
patterns (PAMPs). PRRs include toll-like receptors (TLRs) (Fitzgerald & Kagan, 2020) that 
recognize both non-nucleic-acid-derived pathogen products as well as dsRNA (TLR3), ssRNA 
(TLR7/8), and CpG DNA (TLR9) derived from pathogens. While TLRs recognizing RNA and DNA 
are localized to endosomes, other intracellular sensors can detect cytosolic nucleic acids. DNA 
sensors include absent in melanoma 2 (AIM2), which recognizes dsDNA, and cGAS, which binds 
to dsDNA and produces the secondary messenger 2’3’-cGAMP that in turn binds to stimulator 
of interferon genes (STING) (Mosallanejad & Kagan, 2022); cGAS-STING is the most used 
cytoplasmic DNA signaling pathway in many cell types (M.-M. Hu & Shu, 2020). RIG-I-like 
receptors (RLRs) RIG-I and MDA5 are the primary sensors of cytosolic RNA, recognizing 5’ 
triphosphate dsRNA and high molecular weight RNA respectively (Martínez-Gil et al., 2013), but 
there are many other proteins that recognize RNA, including PKR, OASes, and ADARs (Hur, 
2019).  

In this thesis, we focus on nucleic acid responses to RNA and DNA that are active in many cell 
types: respectively, the RLRs RIG-I and MDA5 and cGAS/STING. Upon binding to RNA, RIG-I 
and MDA5 transition to an active conformation and associate with MAVS on mitochondrial and 
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peroxisomal membranes (E. Dixit et al., 2010). MAVS recruits TBK1, which in turns results in 
activation of NF-κB and IRF3 and transcription of type I interferons (Ablasser & Hur, 2020; Chan 
& Gack, 2015). Activated STING also produces type I interferons via TBK1-IRF3 as well as 
inducing autophagy and inflammasome activation, accomplishing this by translocation upon 
cGAMP binding from the endoplasmic reticulum (ER) to the Golgi, where signaling occurs, and 
finally through the endolysosomal network, where it is degraded (Ablasser & Hur, 2020). 

1.2 Functional Genomic Studies of Host-Pathogen Interactions 

1.2.1 Overview of functional genomics 

Functional genomic approaches causally link genes with resulting phenotypes of interest. In the 
past, functional genomic screens relied on small interfering RNAs (siRNAs) or short hairpin RNAs 
(shRNAs) to perturb gene function; however, CRISPR-based technologies are now the dominant 
screening tools thanks to their ease of use and relatively high on-target editing efficiency 
combined with low off-target editing (Hart et al., 2015; Przybyla & Gilbert, 2022). The majority of 
genetic screens are loss-of-function screens, where double-stranded breaks (DSBs) induced by 
single-guide RNAs (sgRNAs) usually using the Cas9 endonuclease are repaired via NHEJ, 
resulting in out-of-frame mutations (Przybyla & Gilbert, 2022). Alternatively, CRISPR interference 
(CRISPRi) can be used to repress gene expression by fusing a catalytically inactive version of 
Cas9 (termed dCas9) to domains designed to repress transcription. CRISPRi enables screening 
in cells that poorly tolerate DSBs and facilitates screens for essential genes (Gilbert et al., 2014). 
Similarly to CRISPRi, CRISPR activation (CRISPRa) uses dCas9 fused to an effector domain that 
acts as a transcriptional activator to achieve gain-of-function screening. Gain-of-function 
screening can also be achieved by overexpression of genes of interest through introduction of 
exogenous gene expression vectors, while transposon-insertion sequencing is another non-
CRISPR screening technique, which is able to identify both gain-of-function and loss-of-function 
effects (Bock et al., 2022; Puschnik et al., 2017). In addition, newer CRISPR technologies such 
as base editing and prime editing, as well as epigenetic editing will enable are beginning to 
enable screens for effects aside from a simple decrease or increase in expression of existing 
genes (Bock et al., 2022). Most CRISPR screens target coding genes, but CRISPR screens can 
also be used to interrogate non-coding regions. Screens that assay cell non-autonomous 
phenotypes or phenotypes that cannot be assayed in a pooled setting (e.g. secreted factors) 
must be done in an arrayed format but, when possible, pooling genetic perturbations results in 
much more tractable high-throughput screening with reduced technical variability and cost. 
Finally, while most screens to date have linked individual genes with phenotypes of interest, 
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recently there has been increased effort to map genetic interactions using CRISPR approaches 
(Horlbeck et al., 2018). 

1.2.2 Host-Directed Screening 

Most screens for host-pathogen interactions have focused on editing host genomes (usually 
human cells, although models such as mouse or green monkey cells are sometimes used as the 
latter have lost IFN-β expression and are easily infected (Desmyter et al., 1968; Mosca & Pitha, 
1986)). Gain-of-function screens can be useful to identify cell surface receptors by, for instance, 
transducing a cDNA library from a cell type that is permissive to infection into cells refractory to 
infection; this approach identified HCV entry receptors (Evans et al., 2007; Ploss et al., 2009). 
Gain-of-function screens using designed ORF libraries have also identified viral regulators (S. Li 
et al., 2022; Saeed et al., 2015; Schoggins et al., 2011, 2014). More recently, CRISPR activation 
screens have also revealed regulators of host-virus interactions (Danziger et al., 2022; Heaton et 
al., 2017; Rebendenne et al., 2022). Gain-of-function screens are particularly attractive for 
revealing functions of redundant genes that would not be easily identified in loss-of-function 
screens, such as interferon-stimulated genes (ISGs). 

Loss-of-function screens are much more common: highlights for virus screens include screens 
for WNV (H. Ma et al., 2015), DENV (Marceau et al., 2016), ZIKV and DENV (Savidis et al., 2016), 
EBV (Y. Ma et al., 2017), RSV (Hoffmann et al., 2017), EBOV (Flint et al., 2019), HIV (R. J. Park et 
al., 2017), IAV (B. Li et al., 2020), AAV2 (Pillay et al., 2016), and many for SARS-CoV-2, reviewed 
in Baggen et al., 2021. Fewer host-directed screens for bacterial pathogens have been 
performed: some highlights include screens in monocytes or macrophages for S. typhimurium 
(Yeung et al., 2019), S. flexneri (Lai et al., 2021), L. pneumophila (Jeng et al., 2019), and M. bovis 
BCG (Lai et al., 2020) and screens in intestinal cells for S. typhimurium, EHEC (Pacheco et al., 
2018), C. trachomatis (J. S. Park et al., 2019), V. parahaemolyticus (Blondel et al., 2016) and HeLa 
cells for S.typhimurium (Gaudet et al., 2021). 

Phenotypes screened for are usually 1) cell survival following pathogen infection, since many 
pathogens are cytolytic, 2) infection levels by quantifying expression of pathogen protein or RNA 
using flow cytometry, or 3) expression levels of a host reporter measured using flow cytometry, 
typically downstream interferon expression.   
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1.2.3 Pathogen-Directed Screening 

Genetic screens may also direct editing towards the pathogen genome. Transposon-insertion 
sequencing screens directed at pathogen genomes such as P. falciparum (M. Zhang et al., 2018), 
M. tuberculosis (Barczak et al., 2017), and Y. pseudotuberculosis (Zhou et al., 2018) have been 
successful but suffer from bias towards genes that have long coding regions and, since this 
technology relies on random insertions, these screens are always genome-scale (T. Wang et al., 
2018). In bacteria, CRISPRi and dCas9-derived approaches are the most common CRISPR 
modality due to inefficient NHEJ repair in many species (Rousset et al., 2018; Yan et al., 2020) 
and because these systems are tunable, providing partial knockdown for essential genes (Todor 
et al., 2021). However, CRISPRi is polar, reducing expression of all downstream genes in an 
operon equivalently as well as decreasing upstream gene expression; therefore, it is only 
appropriate for investigating operon-level effects (Peters et al., 2015). In addition, some sgRNA 
seed sequences exhibit fitness effects in bacteria (Cui et al., 2018) and dCas9 overexpression 
can also be toxic in some bacteria (Cho et al., 2018; X. Li et al., 2016). Notwithstanding these 
considerations, a comparison in E. coli showed that CRISPRi outperformed transposon 
sequencing (T. Wang et al., 2018). Other notable bacterial CRISPRi screens include work with 
M. tuberculosis (Yan et al., 2022) and B. subtilis (Hawkins et al., 2020) and a more comprehensive 
review of bacterial CRISPRi screens can be found in Todor et al., 2021. Recent efforts have 
extended CRISPRi to non-model bacteria using a suite of tools termed Mobile-CRISPRi (Peters 
et al., 2019). Most bacterial screens are performed without the presence of mammalian host cells 
or where the bacteria themselves are the host cells and effects on bacteriophages are studied 
(Rousset et al., 2018) but, more recently, in vivo screens have been performed, where for 
instance effects of CRISPRi knockdown in bacteria are studied in the context of mouse models 
(X. Liu et al., 2021).  

Some pathogen-directed screens have also studied other parasites such as fungi: for example, 
using CRISPR-Cas9-based gene drive arrays to study C. albicans fitness (Shapiro et al., 2018) 
and effects of C. albicans mutants on C. elegans hosts (Rosiana et al., 2021). Screens in protozoa 
are still uncommon since many protozoan parasites require an HDR repair template to repair 
DSBs (Bryant et al., 2019). One exception is the parasite T. gondii, which has an efficient NHEJ 
pathway, allowing for a genome-wide Cas9 fitness screen (Sidik et al., 2016) and targeted in vivo 
screens, where mice were infected with edited pools of the parasite (Young et al., 2019). In 
Leishmania, Beneke et al. screened a Cas9 knockout library of 100 mutants by providing a donor 
template (Beneke et al., 2017, 2019), a strategy that could be extended to other kinetoplastids.  
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Fewer examples of host-directed screens against viruses exist, since many viruses of interest 
have RNA genomes and Cas9-based technologies are appropriate for dsDNA sequences. Due 
to the limited number of genes in many viral genomes, often individual expression or deletion of 
genes without employing systematic CRISPR screening is used (Ludwig et al., 2022). dsDNA 
viruses can be edited by expressing Cas9 and sgRNAs in host cells infected with viruses as was 
done for HCMV (Hein & Weissman, 2022), KSHV (Gabaev et al., 2020; Morgens et al., 2022), and 
PRV (Tang et al., 2017). Some DNA viruses may not be suitable for Cas9 targeting by CRISPR, 
however, due to high expression levels of viral transcripts and short replication times, so 
experiments should be performed to validate efficient editing for each candidate virus of interest. 
Virus-directed screens could be useful not only for understanding viral biology but also for 
engineering attenuated vaccine strains or optimizing vectors for gene therapy, especially as new 
CRISPR tools like base editing and prime editing mature. On the other hand, screens that involve 
more diverse editing outcomes that could result in gain of function should be approached 
cautiously and precautions such as expression and editing of single proteins or fragments should 
be employed, especially when using viruses with pandemic potential (Lipsitch, 2018; Lipsitch & 
Bloom, 2012). 

The vast majority of phenotypes assayed in pathogen-directed screens focus on fitness effects 
but some also assay fluorescent reporters aimed at measuring relative pathogen growth or 
metabolic state.   

1.2.4 Image-Based Screens of Host-Pathogen Interactions 

A key limitation of traditional loss-of-function screens for host-pathogen interactions is that hits 
are usually biased towards factors important for only the strongest and simplest phenotypes, 
such as overall host or pathogen fitness or relative pathogen growth. For viruses, this often 
results in a strong bias towards discovery of entry factors, as these produce the strongest signals 
in the presence of the high infection levels typically used in screens. High infection levels increase 
power for factors that strongly reduce infection but often limit power for discovery of host 
restriction factors or antivirals that affect later stages of intracellular pathogen lifecycles. Image-
based screens, on the other hand, offer the opportunity to recover more information about 
complex phenotypes. 

High-throughput image-based arrayed genetic screens to assess host-pathogen interactions 
have been used to discover key regulators of these processes for over ten years. However, in 
many instances the naturally single-cell, multidimensional imaging datasets acquired were 
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immediately compressed to average or low-dimensional measurements. For example, large-
scale host-pathogen arrayed image-based screens measured percentage and total number of 
cells infected with IAV (Karlas et al., 2010) and mean infection burden as measured by 
fluorescence in rotavirus (Silva-Ayala et al., 2013) and coxsackievirus (H. S. Kim et al., 2018). In 
another case, cells infected with L. monocytogenes were manually categorized as having 
increased or decreased infection or as having a punctate infection pattern as well as manual 
rating of phenotype strength (weak, moderate, or strong) (Agaisse et al., 2005). In another study, 
genes required for colocalization of the Sindbis virus capsid protein with LC3 puncta were 
identified (Orvedahl et al., 2011). Additionally, a kinome-wide screen assayed IRF3 translocation 
in response to dsRNA transfection. 

Only in a few cases were more image-based features extracted and analyzed. For example, in a 
screen of VACV-infected cells, over 200 features were extracted and a support vector machine 
(SVM) was used to classify cells into five binary phenotypes (infected/non-infected, 
interphase/non-interphase, mitotic/non-mitotic, apoptotic/non-apoptotic, blob/non-blob). These 
hundreds of features were also used to discard technical artefacts, scoring genes based on 
VACV infection level changes only after several normalization steps (Mercer et al., 2012). In a 
pathogen-directed screen in M. smegmatis, a CRISPRi library targeting 263 genes was 
introduced and multi-parameter features were extracted and used to cluster genes by their 
resulting ‘morphotypes’ (Wet et al., 2020). 

Image-based arrayed chemical screens have also examined responses to pathogenic infection: 
for instance, by assaying overall RVFV infection levels after compound treatment (Mudhasani et 
al., 2014) or, in a more complex analysis, by testing compound effects in the context of SARS-
CoV-2 infection on multiple cellular organelles using a modified Cell Painting protocol and 
extracting 1024 features with a CNN architecture (Heiser et al., 2020). 

Arrayed image-based screens are challenging to scale and require extensive normalization due 
to noise introduced by plate-plate variability. In bacteria, a method termed DuMPLING (Camsund 
et al., 2020; Lawson et al., 2017) enabled pooled screening of 235 E. coli knockdowns via in situ 
genotyping following live-cell imaging. In human cells, a method termed optical pooled screening 
leveraged in situ sequencing to enable pooled screens of thousands of perturbations with image-
based phenotypes (Feldman et al., 2019, 2022; Funk et al., 2022). Alternative strategies for 
pooled image-based screening in human cells are comprehensively reviewed in Walton et al., 
2022; however, these strategies are either 1) not compatible with genome-scale screens in 
human cells or 2) require an enrichment step, compressing complex imaging data into a one-
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dimensional measurement and not allowing further analysis of the rich information acquired from 
images.  

1.3 Profiling Host-Pathogen Interactions 

High-content single-cell screens, with multi-dimensional outputs not necessarily restricted to 
imaging, are becoming routine and now scale to genome-wide perturbations even for 
transcriptomic readouts (Replogle et al., 2022). These high-content profiling datasets enable 
screens that don’t require a priori specification of phenotypes of interest but rather result in 
datasets that can be used to rapidly generate and investigate hypotheses based on primary 
screening data alone (Bock et al., 2022). Aside from the work presented in this thesis, high-
content profiling screens of host-pathogen interactions have been limited. Two recent examples 
of high-content transcriptome screens are a study of HCMV (Hein & Weissman, 2022) and SARS-
CoV-2 (Sunshine et al., 2022). 

In the HCMV study, a pooled pathogen-directed screen assessed genomic regions in HCMV that 
altered fibroblast fitness and a pooled host-directed screen revealed host factors altering fitness 
upon HCMV infection. Next, 52 host genes identified as hits in the pooled screens as well as a 
combination of 21 host genes and 31 viral genes were interrogated in high-content Perturb-seq 
screens at multiple timepoints post-infection. While host gene knockouts resulted in different 
infection kinetics, virus-directed perturbations altered the trajectory of infection itself. The 
transcriptome-level readout also enabled co-clustering of host factors that aligned with prior 
knowledge of relevant pathways. In the future, this approach could be used at higher throughput 
to impute functions of poorly characterized genes in the context of infection. In the SARS-CoV-
2 study, CRISPRi perturbations targeting 195 single genes and 22 dual-gene perturbations were 
delivered to Calu3 cells infected with SARS-CoV-2 for 24 hours and authors found genes not 
routinely implicated in the interferon response (SPNS1, KEAP1, GPR89A/B) that co-clustered 
with canonical interferon genes (IFNAR2, STAT2, IRF3, IRF9) and found that these genes also 
reduced ISG expression.   

Beyond genetic perturbation screens, single-cell profiling studies examining viral infection have 
revealed insights in a number of areas related to host-viral interactions. Cell-cell variability has 
been noted in multiple infection phases for diverse viral families, from the initial viral particles 
binding to cells, to endocytosis, cytosolic penetration, replication, and host responses including 
immune responses to counteract infection or prevent spread (Suomalainen & Greber, 2021). For 
example, a recent study leveraged live-cell imaging and scRNA-seq to show that in the context 
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of HSV-1 infection, a rare group of abortively infected cells successfully initiated antiviral 
signaling, while highly infected cells, on the other hand, differentiated into an embryonic-like 
state (Drayman et al., 2019). Another HSV-1 study modeled cell death decision-making upon 
infection using live-cell imaging data (Oyler-Yaniv et al., 2021). Other profiling studies leveraged 
single-cell sequencing data to assess differential responses in infected vs bystander cells upon 
infection with DENV (Zanini, Robinson, et al., 2018), HCMV, as already discussed (Hein & 
Weissman, 2022), and SARS-CoV-2 (Bost et al., 2020), or to correlate viral burden with host 
responses in EBOV (Kotliar et al., 2020) or ZIKV infection (Zanini, Pu, et al., 2018). However, most 
profiling studies to date have focused on a small fraction of the viruses known to be pathogenic 
in humans so these methods should also be extended to less well-characterized species 
(Ratnasiri et al., 2022). Single-cell RNA-seq studies of intracellular bacterial infections have been 
similarly informative; for example, a study showed that macrophages harboring non-growing 
Salmonella displayed an M1 polarization state, while fast-growing Salmonella induced an M2 
anti-inflammatory state (Saliba et al., 2016) and another study showed that Salmonella PhoPQ 
activity drove variable interferon responses (Avraham et al., 2015). 

1.4 Optical Pooled Screens Enable High-Throughput Perturbation and Profiling 
of Host-Pathogen Interactions 

As discussed previously, high-throughput screens for host-pathogen interactions have focused 
on simple, one-dimensional phenotypes compatible with fitness or flow cytometry readouts. 
These simple yet powerful screening approaches have recovered many key regulators of diverse 
processes. For instance, a flow cytometry screen drove our hypothesis and further work to 
demonstrate that STING itself is a proton channel (Chapter 4). However, more complex, multi-
dimensional profiles of the effect of genetic knockouts on host-pathogen interactions can often 
provide further insights. Transcriptomic single-cell measurements have high information content 
but are often cost-prohibitive for genome-scale measurements. Optical pooled screening, a 
technology recently developed in the Blainey lab (Feldman et al., 2019), on the other hand, allows 
for genome-scale image-based profiles in tens of millions of cells. In this thesis, we present two 
distinct optical pooled screens that assess host responses to foreign RNA, demonstrating 
examples of insights that result from combined perturbation and high-content profiling at the 
scale of the genome. In Chapter 2, we assess the innate immune response to Sendai virus (SeV) 
infection by examining the RIG-I pathway and in Chapter 3 we explore the host-virus interplay 
upon Ebola virus. 
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2 A genome-wide optical pooled screen reveals regulators of cellular 
antiviral responses 
Authors: Rebecca J. Carlson, Michael D. Leiken, Alina Guna, Nir Hacohen*, Paul C. Blainey* 
* Contributed equally 

2.1 Abstract 

The infection of mammalian cells by viruses – and innate immune responses to infection – are 
spatiotemporally organized processes. Cytosolic RNA sensors trigger nuclear translocation of 
the transcription factor IRF3 and consequent induction of host immune responses to RNA 
viruses. Previous genetic screens for factors involved in viral sensing did not resolve changes in 
the subcellular localization of host or viral proteins. Here, we increased the throughput of our 
optical pooled screening technology by over four-fold. This allowed us to carry out a genome-
wide CRISPR knockout screen using high-resolution multiparameter imaging of cellular 
responses to Sendai virus infection, coupled with in situ cDNA sequencing by synthesis to 
identify 80,408 sgRNAs in 10,366,390 cells – over an order of magnitude more genomic 
perturbations than demonstrated previously using an in situ SBS readout. By ranking 
perturbations using human-designed and deep learning image feature scores, we identified 
novel regulators of IRF3 translocation, Sendai virus localization, and peroxisomal biogenesis. 
Among the hits, we found that ATP13A1, an ER-localized P5A-type ATPase, is essential for viral 
sensing and is required for targeting of MAVS to mitochondrial membranes where MAVS must 
be localized for effective signaling through RIG-I/DDX58. The ability to carry out genome-wide 
pooled screens with complex high-resolution image-based phenotyping dramatically expands 
the scope of functional genomics approaches. 

2.2 Significance Statement 

Our study demonstrates the first genome-wide optical pooled profiling screen. Profile-based 
screening is a uniquely powerful phenotype-based genetic tool that enables retrospective 
assignment of genetic perturbations to multiple phenotypic categories. Here, we demonstrated 
the power of optical pooled screening to support analysis of 80,000 perturbations from single-
cell images of about 10 million cells. We leverage the results to generate new insights into innate 
immune responses to viral infection including the essentiality of ATP13A1 function for signaling 
through RIG-I/DDX58. 
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2.3 Introduction 

Host cell responses to viral infection are conserved processes critical for defense against 
established and emerging viruses. Intracellular responses to RNA virus infection are mediated 
by innate immune signaling pathways that begin with binding of viral RNA by the pattern 
recognition receptors (PRRs) MDA5 or RIG-I. The PRRs in turn trigger phosphorylation and 
nuclear translocation of the transcription factor IRF3, which induces transcription of the 
interferon antiviral immunity program (Chow et al., 2018). Activating mutations in these PRRs 
and increased spontaneous IRF3 translocation are associated with autoimmune syndromes 
(Buers et al., 2016; Crow & Manel, 2015), and activation of PRRs such as RIG-I, on the other 
hand, can boost antitumor responses (Jiang et al., 2019). Given the importance of IRF3 
translocation, a better understanding of genes that regulate its activation and translocation may 
contribute to design of therapeutics to boost antiviral immunity, dampen autoimmunity, or 
support antitumor immunity.  

While a number of genome-wide CRISPR screens for control of virus infection have been 
performed, most have assayed cell fitness (Baggen, Persoons, et al., 2021; Daniloski et al., 2021; 
Ding et al., 2018; Flint et al., 2019; Y. Li et al., 2019; Schneider et al., 2021; R. Wang et al., 2021; 
Zhu et al., 2021) or viral replication (B. Li et al., 2020; Richardson et al., 2018) in response to 
cellular infection by a pathogenic virus. More recently, pooled genome-wide screens have 
examined interferon induction in response to interferon treatment (Börold et al., 2021; Harding 
et al., 2021; Lumb et al., 2017) or Sendai virus (SeV) infection (Baril et al., 2013); however, none 
have been able to examine IRF3 translocation directly, a critical step in the sensing pathway 
because pooled genetic screens are not typically compatible with subcellular imaging assays. 
While a kinome-wide image-based arrayed siRNA screen for IRF3 translocation has been 
performed (Willemsen et al., 2017), genome-wide arrayed screens have not become routine due 
to the high cost and labor investment required for cellular imaging in an arrayed format. 

We recently developed a method to perform pooled image-based screens by linking single-cell 
image-based phenotypes to perturbation identity in mammalian cell libraries (Feldman et al., 
2019, 2022). Using targeted in situ sequencing, this method demultiplexes entire cell libraries 
containing genetic CRISPR perturbations following phenotyping. In order to scale the method to 
the genome-wide level, we improved the throughput by over four-fold by 1) using a microscope 
system with reduced stage movement latency (NIS Elements Software with a Ti2 microscope 
rather than MicroManager software with a Ti-E microscope) and 2) completing tiled image 
acquisitions for each color channel before reconfiguring the microscope for the next color 
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channel in order to eliminate time-intensive optical filter switching at each field of view. The 
second advance degraded raw alignment precision across channels, necessitating development 
of fast and accurate computational image alignment across multi-centimeter scales 
(Supplementary Fig. 2.1e). In addition, while we previously only assayed two to four 
phenotyping channels due to incompatibility of other channels with Illumina’s four-color 
sequencing-by-synthesis reagents (Feldman et al., 2019; Funk et al., 2022), here we assayed as 
many as seven phenotyping channels at a time by taking advantage of the higher local optical 
intensity of the in situ sequencing signals and applying our higher-throughput data acquisition 
protocol for phenotyping with commercially available reagents. Our multiparameter screen 
identified novel regulators of IRF3 translocation, peroxisome biogenesis, and spatial localization 
of SeV, a paramyxovirus known to induce strong interferon responses (Bedsaul et al., 2016), and 
demonstrates the feasibility of optical pooled screening at the genome-wide scale to discover 
complex, multiparameter phenotypes.  

2.4 Results 

2.4.1 A Genome-wide Optical Pooled Screen Identifies Regulators of IRF3 
Translocation 

We performed a genome-wide optical pooled screen using a lentivirus library of 80,408 sgRNAs 
targeting over 20,000 genes, with 454 non-targeting sgRNAs. HeLa-TetR-Cas9 cells were stably 
transduced with BFP-PTS1 (Supplementary Fig. 2.1a-b), a peroxisomal marker, and were 
infected at an MOI of 0.05 with the sgRNA library. Following 7 days of doxycycline Cas9 
induction, cells were infected with the SeV Cantell strain at an MOI of 10 for 15 hours prior to 
imaging (Fig. 1a). We then performed multiplexed immunofluorescence imaging, assessing two 
organelles critical to antiviral signaling - peroxisomes and mitochondria (E. Dixit et al., 2010) - 
the RNA receptors MDA5 and RIG-I, pIRF3, SeV itself, and DNA (DAPI) in all cells (Fig. 2.1c) 
before performing reverse transcription, padlock targeting of cDNA, RCA, and in situ sequencing 
by synthesis (SBS) to detect sgRNAs as previously described (Feldman et al., 2022; Ke et al., 
2013). We performed 12 cycles of in situ SBS to read out all sgRNAs (Fig. 2.1d). Due to the high 
intensity of the in situ SBS signal relative to immunofluorescence staining, we titrated the 
immunofluorescence reagents that produced signal in the phenotyping channels that overlapped 
with SBS spectra to mitigate interference with base calling (Fig. 2.1b). This strategy enabled the 
acquisition of as many as seven channels of phenotyping data without using custom modified 
antibodies (Funk et al., 2022), an advancement over the two to four phenotyping channels 
previously demonstrated using optical pooled screening without specialized reagents (Feldman 
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et al., 2019). Images of single cells from our genome-wide pooled screen showed robust 
translocation of phosphorylated IRF3 in nontargeting control cells, while RIG-I, MAVS, and IRF3 
knockouts profoundly impair translocation across multiple sgRNAs (Fig. 2.1e,f) and were the 
three highest scoring genes in the screen (Fig. 2.1g-i). To confirm the results of our primary 
screen, we performed focused secondary pooled screens (using 6 sgRNAs/gene) of 342 genes 
that scored for either increasing or decreasing IRF3 translocation in our genome-wide screen 
using antibody staining or an IRF3 reporter (Fig. 2.1g). Secondary screen translocation scores 
were well-correlated with translocation scores from the primary genome-wide screen (Fig. 2.1h), 
underscoring the considerable statistical power achieved for IRF3 translocation in the primary 
genome-wide screen. 51 genes were confirmed by stringent criteria to score in both of our 
secondary screens, including the known pathway members MAVS, DDX58, RNF135, and IRF3 
(Rehwinkel & Gack, 2020), Fig. 2.1i.  
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Figure 2.1.  
A genome-wide optical pooled screen reveals regulators of pIRF3 translocation. (A) Genome-wide 
screening workflow. (B) Bright in situ signals enable imaging of phenotyping fluorescence signals that 
overlap with in situ sequencing by synthesis fluorescence signals. (C) Example images for each of the six 
immunofluorescence channels imaged in the genome-wide screen (DAPI was additionally imaged). Scale 
bar 20 μm. (D) First six in situ sequencing cycles (of 12 total cycles) for the same group of cells shown in 
C. (E) Single-cell images from genome-wide screen show a decrease in IRF3 translocation in positive 
control genes. (F) Histograms of z-scored IRF3 translocation for positive control genes. Individual traces 
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correspond to unique sgRNAs. (G) Hits from the genome-wide screen were assessed using a new library 
of 342 genes with 6 sgRNA/gene in two secondary screens with different IRF3 detection assays. (H) 
Secondary translocation screens are well-correlated with the primary screen for both antibody staining (r 
= 0.65, p = 2.6e-42) and reporter (r = 0.50, p = 5.22e-23). Blue dots indicate significant hits with decreased 
IRF3 translocation upon knockout while red dots indicate genes with increased IRF3 translocation. (I) 
Volcano plot of secondary screen results for antibody staining with hits confirmed via secondary screening 
marked in blue or red. Two-sided p-values were calculated as described in the Methods, corrected using 
the Benjamini-Hochberg procedure, and aggregated on the gene level using Fisher’s method. 

We next examined regulators of IRF3 translocation confirmed by secondary screening using 
STRING analysis (Szklarczyk et al., 2019) and found that the majority are predicted interactors 
(minimum confidence 0.4, 13/24 of the genes found to decrease translocation, p = 8.16e-7, Fig. 
2.2a and 18/27 genes that increase translocation, p = 1.11e-16, Fig. 2.2b). Among genes found 
to decrease translocation, we identified a set containing genes known to be involved in RIG-I 
induction of IFN, as well as genes involved in ubiquitin transferase activity, which is intriguing 
since ubiquitin is known to be involved in regulating several pathway members but only FBXW7 
has been previously identified to have a direct role in this pathway (Song et al., 2017). In addition, 
we identified a cluster of three genes associated with sialic acid metabolism (CMAS, SLC35A1, 
and GNE) that decreased IRF3 translocation likely secondary to inhibition of SeV entry, as viral 
load was greatly diminished in these knockouts (Fig. 2.2c), and viral entry is dependent on 
expression of sialic acids on the cell surface (Markwell & Paulson, 1980). Novel positive 
regulators also included many genes not previously associated with IRF3 translocation, including 
ATP13A1, which was one of the top three genes that decreased translocation. IKBKG (NEMO) 
knockout also decreased IRF3 translocation and was previously reported to be required for 
MAVS phosphorylation, which in turn induces IRF3 activation (S. Liu et al., 2015). Among putative 
negative regulators nominated by the screen were the Ragulator complex (LAMTOR2,3,5 and 
associated genes FLCN and RRAGC), which is required for mTOR activation (Sancak et al., 2010) 
and whose activity was found to increase SeV load (Fig. 2.2c). An mTOR inhibitor, rapamycin, 
has been shown to increase SeV load in infected cells (Subramanian et al., 2018) but the 
Ragulator complex has not been previously associated with a role in SeV infection or IRF3 
activation. Other significant complexes that negatively regulated IRF3 translocation include 
Mediator-associated genes (MED13, MED16, MED24, CCNC, and BTAF1), STAGA complex 
members (TADA2B, TAF5L, and TAF6L), and components of the HOPS complex (VPS11, VPS16, 
and VPS39), which mediates endo-lysosomal fusion, a process that likely reduces SeV 
replication, as it is inhibited in infected cells (Wozniak et al., 2016). Next, we also performed a 
focused optical pooled screen with the same set of genes upon vesicular stomatitis virus (VSV) 
infection, in order to determine the effect of each perturbation on IRF3 translocation upon 
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infection with an orthogonal RNA virus, as VSV belongs to a different virus family (Fig. 2.2e-f). 
Notably, despite reduced effect sizes in the VSV screen, ATP13A1 and ATP2B1 decreased IRF3 
translocation upon knockout in both settings.  
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Figure 2.2.  
Analysis of combined hits from secondary screens (A). STRING clusters for hits showing decreased 
translocation using MCL inflation parameter 3 for clustering. Novel genes are in gray and hits that did not 
cluster with other hits are listed by the black cluster marker. Table: Top significant GO/Reactome terms 
associated with each cluster among putative positive regulators. P-values in a, b are computed via Enrichr 
(Kuleshov et al., 2016) using the Fisher exact test and adjusted using the Benjamini-Hochberg procedure. 
(B) STRING clusters as described in (A) for combined hits that increased IRF3 translocation. Table contains 
top significant GO/Reactome terms associated with each cluster among putative negative regulators. (C) 
IRF3 Translocation score plotted against SeV intensity scores for all genes in the antibody staining 
secondary screen. Black dots indicate non-targeting controls. (D) Example single-cell images for non-
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targeting control cells and the top gene for increased SeV or decreased SeV burden. For each 
gene/control, pIRF3 staining appears in green in the top row and SeV staining in cyan in the bottom row; 
each overlaid with DAPI nuclear staining. (E) Workflow for secondary screening to assess IRF3 reporter 
translocation differences upon either Sendai or VSV infection. (F) Comparison of per-gene translocation 
effects between VSV and Sendai virus infections, significance indicates genes with an FDR-adjusted p-
value <0.01. 

2.4.2 Deep Learning and High-Dimensional Screen Analysis Reveals Novel Gene 
Functions 

In addition to extraction of targeted features such as translocation and intensity from single-cell 
images, we also input cropped images of individual cells separately for each channel into deep 
convolutional neural networks (CNNs) to enable unbiased identification of additional features. 
We extracted features from a CNN pretrained on ImageNet (Deng et al., 2009) and separately 
trained an autoencoder on our dataset (Fig. 2.3a, Supplementary Fig. 2.2a-b). Interestingly, we 
found that both the features extracted from the pretrained network as well as features defined in 
the autoencoder’s latent representation space identified confirmed hits from the secondary 
screens with substantially higher accuracy than translocation alone (Fig. 2.3b, ROC AUC 
improves from 0.71 to as high as 0.93; both CNNs were naïve to the secondary screening data). 
We therefore selected 14 genes predicted to decrease translocation upon knockout by 
combined autoencoder and transfer learning features that had not scored highly enough to be 
included in our secondary screens. We found that 8/14 of these genes did indeed decrease 
translocation via arrayed testing (Fig. 2.3c), confirming the hypothesized increased 
predictiveness of machine learning features even for a defined translocation phenotype.  

In addition to IRF3 translocation, we also extracted peroxisome (Fig. 2.3d) and SeV (Fig. 2.3g) 
intensity features from our genome-wide single-cell-resolution screen dataset. Our screen also 
detected genes affecting peroxisomal biogenesis (PEX13, PEX2, PEX14, PEX1, PEX12, PEX10, 
PEX6, PEX5, PEX26, PEX11B, PEX3) as decreasing peroxisome intensity in our CRISPR 
knockout screen, while known peroxisomal fission genes (DNM1L, MFF) increased peroxisomal 
intensity as expected. Genes showing a decrease in peroxisome intensity selected using 
peroxisome intensity (targeted), transfer learning, and autoencoder features, all were significantly 
enriched for the peroxisome GO term (Fig. 2.3e), while genes showing increased peroxisome 
intensity selected using autoencoder features but not targeted or transfer learning features were 
significantly enriched for the GO term heme biosynthesis, which has been linked to peroxisome 
biogenesis through PGC-1α in some studies (Handschin et al., 2005, 2005), demonstrating the 
overlapping but also distinct contributions of these three methods of feature extraction. We 
selected three genes that showed reduced peroxisome intensity using all three feature sets, and 
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confirmed via arrayed validation that, even in the absence of SeV, peroxisome intensity was 
indeed decreased in these genes (Fig. 2.3f).  

We next examined genes that showed changes in SeV intensity in our screen (Fig. 2.3g). In 
addition, we analyzed transfer learning and autoencoder features extracted from the Sendai virus 
channel to identify perturbations that significantly altered Sendai virus subcellular localization. 
Interestingly, when we performed dimensionality reduction using PHATE (Moon et al., 2019) on 
the transfer learned features from the Sendai virus channel, we found that the top 30 genes with 
decreased Sendai virus intensity (marked in orange in Figure 2.3h) did not cluster closely 
together, indicating that the transfer learned features were capturing significant changes in the 
Sendai virus images other than changes in our intensity metric. We therefore analyzed the top 
30 genes most different from non-targeting controls in the transfer learned features (Figure 2.3i). 
Enrichment analysis of this set showed that genes related to intracellular trafficking (Deffieu et 
al., 2021; Kehl et al., 2020) scored highly for increased SeV burden (VPS11, RAB14, TMED10), 
while genes involved in glycosylation and sialic acid metabolism (SLC35A1, GNE, and CMAS) 
were highly ranked for a reduction in SeV intensity using targeted and autoencoder features (Fig. 
2.3j). On the other hand, the transfer learning features preferentially identified genes involved in 
mRNA processing (SART1, NUP155 - already shown to interact with Sendai’s M protein 
(Pentecost et al., 2015), DHX9 - shown to facilitate HIV, HCV, and FMDV replication but not 
previously associated with SeV (Fullam & Schröder, 2013), PRPF31), and single-cell images of 
cells enriched in transfer learning showed diffuse cytoplasmic Sendai antibody staining (Fig. 
2.3j-k), likely indicating that RNA processing genes required for the formation of cytoplasmic 
replication foci were not functioning effectively.  

We next used features extracted from our autoencoder to cluster genes from our secondary 
screen. When we clustered genes using features from the IRF3 and RIG-I channels (Fig. 2.3i), 
we found that strong positive regulators we had identified (blue text) and negative regulators (red 
text) clustered apart from non-targeting controls (black), cluster membership indicated by marker 
colors. When we clustered using features derived from the Sendai virus channel, on the other 
hand, we found that some of the positive regulators (e.g. MAVS, DDX58, ATP13A1) did not cause 
changes in the Sendai channel relative to non-targeting controls, while other genes known to be 
involved in sialic acid biosynthesis and the major negative regulators did alter Sendai virus 
localization. Interestingly, positive regulators FBXO11 and FBXW7 clustered differently from non-
targeting controls in Sendai virus features as well as features from the nuclear and peroxisome 
channels (Fig. 2.3n-o), indicating that apart from their effect on IRF3 translocation, they induce 
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significant cellular perturbations. Notably, genes known to be involved in nuclear organization 
(LMNB1) or peroxisome-related metabolic processes (SUCLG1) clustered apart from non-
targeting controls in only the nuclear or peroxisomal features respectively.  
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Figure 2.3.  
Deep learning and multidimensional analysis reveal novel regulators of IRF3, peroxisomes, and SeV. (A) 
Schematic showing extraction of features from representative single-cell crops where each channel is 
processed by either a pretrained neural network (Xception) or an autoencoder that yielded the example 
reconstructions shown on the right. (B) Both transfer learning and the autoencoder, as well as combined 
features, improved prediction of true IRF3 translocation hits based on secondary screen results 
compared to translocation alone using random forest models. (C) Eight out of fourteen genes predicted 
to decrease translocation by combined deep learning features showed significantly decreased 
translocation in arrayed testing with two sgRNAs. * indicates adjusted p < .05, ** p < .01, *** p < .001, **** 
p < .0001. Two-sided p-values for c and f were calculated by computing the delta AUC for the feature of 
interest between cells in each well and non-targeting control cells (minimum n = 3,000); delta AUCs for 
all wells containing cells with an sgRNA of interest were then compared to non-targeting delta AUCs 
using a t test, p values were combined using Fisher’s method and corrected using the Benjamini-
Hochberg procedure. (D) Mean peroxisome intensity delta AUC plotted against FDR adjusted p-values 
for genome-wide screen. Two-sided p-values were calculated as described in the Methods and 
corrected using the Benjamini-Hochberg procedure. (E) Genes with reduced peroxisome intensity for 
targeted, transfer, autoencoder, or all three (13 genes in Venn diagram in Supplementary Fig. 2.2c) 
features showed significant enrichment of GO:0005777 (Peroxisome), while genes showing increased 
peroxisome intensity based on autoencoder features, unlike targeted features, were enriched for 
GO:0006783 (Heme biosynthesis). Enrichr p-values for e and h are computed using the Fisher exact test 
and adjusted using the Benjamini-Hochberg procedure. (F) Three genes with predicted reduction in 
peroxisome intensity using 2 sgRNAs per gene showed decreased peroxisome intensity in arrayed 
testing. Scale bar 20 μm. * indicates adjusted p < .05, ** p < .01, *** p < .001, **** p < .0001. (G) Mean 
SeV intensity delta AUC plotted against FDR adjusted p-values for genome-wide screen. Two-sided p-
values were calculated as described in the Methods and corrected using the Benjamini-Hochberg 
procedure. (H) PHATE plot of genes derived from transfer learned features from the SeV channel with the 
top 30 genes that reduced SeV intensity marked in orange (non-targeting controls marked in black). (I) 
Same as (H) with the top 30 transfer learned perturbations most distant from non-targeting controls 
(black points) marked in purple. (J) Genes with reduced SeV intensity using targeted and autoencoder 
features were enriched for R-HSA-446203 (Glycosylation) and R-HSA-4085001 (Sialic acid metabolism), 
while genes showing reduced intensity in transfer learning showed stronger enrichment of features 
related to RNA processing (R-HSA-72203, pre-mRNA processing and R-HSA-72163, mRNA splicing). (K) 
Images of single cells that scored in the 99th (bottom) or 1st (top) percentile for the SeV transfer learning 
feature that most differentiated cells with perturbations shown in purple in panel I from non-targeting 
control cells. (L) PHATE plot of genes in secondary screen clustered using Leiden clustering on 
autoencoder features from the IRF3 and RIG-I channels, with select genes that decreased IRF3 
translocation upon knockout marked with blue text and genes that increased translocation marked in red 
text; cluster membership is denoted by marker color. (M) Same as I but using autoencoder features from 
the Sendai virus channel (N) Same as I but using autoencoder features from the nuclei/DAPI channel (O) 
Same as I but using autoencoder features from the peroxisome channel. 

2.4.3 Arrayed Validation and Transcriptional Analysis of Novel IRF3 Translocation Hits  

Following confirmation via secondary screening, we selected seven genes that either decreased 
(ATP13A1, CAPN15, ATP2B1) or increased (MAU2, MED16, MED24, TADA2B) IRF3 
translocation when knocked out and confirmed the expected effects on IRF3 translocation via 
arrayed knockout with two sgRNAs (Fig. 2.4a, knockout efficiency validated in Supplementary 
Fig. 2.3, supporting translocation images in Supplementary Fig. 2.4a). We also assayed RIG-I 
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activation (using an antibody against the activated form) and confirmed that 5/7 genes showed 
differences in RIG-I that paralleled the IRF3 translocation defect (Fig. 2.4b). Interestingly, 
ATP2B1 showed a reduction in IRF3 translocation but an increase in RIG-I activation, indicating 
that it may regulate a pathway step between RIG-I and IRF3. Next, we assayed the effect of 
these knockouts in the U937 cell line, a cell model of monocytes, which are critical for the innate 
immune response. While none of the putative negative regulators significantly altered 
translocation in U937 cells, all three putative positive regulators reproduced a loss of 
translocation in these cells (Fig. 2.4c, Supplementary Fig. 2.4b). Interestingly, the putative 
negative regulators are all known to modulate transcription, which may be more co-variable with 
changes in the cellular context or the infection timepoint selected, as we were only able to 
observe infected U937 cells for a shorter period (7hr) than HeLa cells (15hr) due to high levels of 
cell death observed at later timepoints. We next quantified the levels of the active form of RIG-I 
in HeLa cells in response to a transfected synthetic hairpin RNA (hpRNA) stimulation in order to 
determine whether altered responses in the context of Sendai infection were secondary to 
modulation of the infection or, alternatively, were directly regulating antiviral sensing as would 
be predicted if defects were conserved in response to hpRNA treatment. We again found that 
responses to knockout of negative regulators was less well-conserved, perhaps due to their 
smaller effect on overall IRF3 translocation (Fig. 2.4a), and saw no alteration in active RIG-I in 
these knockouts. However, the two strongest novel positive regulators, ATP13A1 and CAPN15, 
reproduced the defect in RIG-I activation in response to hpRNA stimulation (Fig. 2.4d).  

We then performed RNA sequencing of five novel regulators to characterize transcriptional 
effects of these genetic knockouts in an unbiased manner. We found that all five novel regulator 
knockouts had significantly decreased (ATP13A1, CAPN15) or increased (MED16, MED24, and 
TADA2B) interferon-stimulated gene (ISG) expression in response to both SeV stimulation at two 
timepoints and hpRNA stimulation (Fig. 2.4e). In addition, none of the genes showed significant 
differences in SeV RNA levels relative to nontargeting controls (Supplementary Fig. 2.4c). 
Interestingly, a subset of ISGs was upregulated in ATP13A1 and CAPN15 knockout cells at later 
infection timepoints (Fig. 2.4f). We performed GSEA analysis to further investigate altered 
pathways in negative regulators of translocation and found that all three had increased serine-
type endopeptidase activity (GO:004252), while TADA2B also had increased NOD-like receptor 
signaling and both Mediator members had increased lysosomal lumen component RNA 
expression (Fig. 2.4g). To further examine novel positive regulators, we performed gene ontology 
analysis on genes significantly decreased in each regulator relative to both DDX58 and MAVS in 
the presence of SeV. We found that CAPN15 had significantly decreased expression of nucleolar 
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RNAs and nucleolus components, while among genes with decreased expression in the 
ATP13A1 knockout, transcripts encoding mitochondrial components were significantly 
perturbed (Fig. 2.4h). Finally, we also show that active RIG-I protein is significantly reduced in 
the absence of ATP13A1 and CAPN15 upon influenza (IAV) infection and for ATP13A1 but not 
CAPN15 following respiratory syncytial virus (RSV) infection (Supplementary Fig. 2.4e-f). 
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Figure 2.4.  
Arrayed validation and RNA sequencing of novel IRF3 translocation hits. (A) IRF3 translocation in HeLa 
cells in response to SeV stimulation for the indicated genes. * indicates adjusted p < .05, ** p < .01, *** p 
< .001, **** p < .0001 throughout. Two-sided p-values for a-d were calculated by computing the delta 
AUC for the feature of interest between cells in each well and non-targeting control cells (minimum n = 
3,000); delta AUCs for all wells containing cells with an sgRNA of interest were then compared to non-
targeting delta AUCs using a t test, p values were combined using Fisher’s method and corrected using 
the Benjamini-Hochberg procedure. (B) RIG-I activation in HeLa cells in response to SeV stimulation for 
the indicated genes. (C) IRF3 translocation defects in U937 cells in response to SeV stimulation for the 
indicated genes. (D) RIG-I activation in HeLa cells in response to hpRNA stimulation for the indicated 
genes. (E) Normalized enrichment score (NES) computed via GSEA analysis for ISGs (genes significantly 
enriched in non-targeting control cells with transfected hairpin RNA relative to unstimulated non-
targeting control cells). P-values were obtained from the gseapy package using 1000 permutations over 
all gene sets considered and corrected using the Benjamini-Hochberg procedure. (F) Heatmaps showing 
z-scored gene expression for ISGs in (E) in response to hpRNA or SeV treatment for 6 or 15 hours. (G) 
GSEA results for show increased serine-type endopeptidase activity (TADA2B, MED16, and MED24), 
NOD-like receptor signaling (TADA2B), and lysosomal lumen components (MED16, MED24). P-values 
were obtained from the gseapy package using 1000 permutations over all gene sets considered and 
corrected using the Benjamini-Hochberg procedure. (H). Enrichr results for genes that were decreased 
compared to positive controls DDX58 and MAVS in response to SeV stimulation (15hrs) show significant 
enrichment of nucleolus components and small nucleolar RNAs for CAPN15, while ATP13A1 had a 
significant decrease in mitochondrial components. Enrichr p-values are computed using the Fisher exact 
test and adjusted using the Benjamini-Hochberg procedure. 

2.4.4 MAVS is mislocalized in the absence of functional ATP13A1   

We further tested the putative role of ATP13A1 in regulating IRF3 localization by asking whether 
ATP13A1 overexpression could rescue appropriate IRF3 translocation. Indeed, we observed 
restoration of the translocation defect we observed in the knockout when ATP13A1 was 
overexpressed (Fig. 2.5a). ATP13A1 encodes a P5A-type ATPase localized to the ER (Cohen et 
al., 2013; Sørensen et al., 2018) whose yeast homolog spf1 has been shown to be involved in 
the unfolded protein response (Jonikas et al., 2009). However, in our mammalian HeLa ATP13A1 
knockout, we found no increased ER stress (Supplementary Fig. 2.5c). A putative transporter, 
it has been hypothesized to be an ion pump for divalent cations such as manganese, calcium, 
and magnesium (Cohen et al., 2013; Sørensen et al., 2015); however, adding divalent cations to 
the culture media did not rescue IRF3 translocation in ATP13A1 knockout cells (Fig. 2.5b). 
Recently, ATP13A1 was shown to be a protein dislocase, responsible for the proper targeting of 
mitochondrial tail-anchored proteins (McKenna et al., 2020). Since MAVS is a tail-anchored 
mitochondrial protein critical for robust IRF3 translocation, we examined MAVS localization in 
ATP13A1 knockout cells, finding that indeed, the fraction of mitochondrial and peroxisomal 
MAVS was reduced in ATP13A1 knockout cells, while the fraction of MAVS in the ER was 
elevated (Fig. 2.5c,d). We further confirmed this effect by examining MAVS mitochondrial 
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localization in hTERT-immortalized primary BJ1 cells by confocal microscopy, finding that MAVS 
mitochondrial localization was greatly reduced in ATP13A1 knockouts as well as overall MAVS 
levels, in line with observations from a recent paper (McKenna et al., 2022) (Fig. 2.5e,f). 

 
Figure 2.5.  
MAVS is mislocalized in the absence of functional ATP13A1. (A) Overexpressed ATP13A1 rescues IRF3 
translocation in ATP13A1 knockout HeLa cells. **** indicates p < .0001. Two-sided p-values for a, b, d, 
and f were calculated by computing the delta AUC for the feature of interest between cells in each well 
and non-targeting control cells (minimum n = 3,000); delta AUCs for all wells containing cells with an 
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sgRNA of interest were then compared to non-targeting delta AUCs using a t test, p values were 
combined using Fisher’s method and corrected using the Benjamini-Hochberg procedure. (B) IRF3 
translocation is not rescued by the addition of exogenous divalent cations in HeLa cells, cytokines 
added 24 hours prior to SeV infection. **** indicates p < .0001 (C) Diagram showing experimental setup 
for split-GFP experiment, where MAVS is overexpressed in HeLa cells along with either mitochondrial, 
peroxisomal, or ER GFP1-10. (D) In the presence of an ATP13A1 knockout, MAVS targeting to 
mitochondria and peroxisomes is reduced, while targeting to the ER is increased in HeLa cells.  **** 
indicates p < .0001. (E) In hTERT-immortalized primary BJ1 cells. Scale bar 20 μm. (F) Quantification of 
experiment in (E), **** indicates p < .0001 using a t-test. 

2.5 Discussion 

In this study, we applied optical pooled screens at the genome-wide scale for the first time, 
scaling up our original optical pooled screening technology from screens of a few thousand 
genes to over 20,000. We used the resulting high-dimensional, single-cell resolution dataset to 
identify novel regulators of IRF3 subcellular localization. Secondary screens were highly 
correlated with primary screen data despite modest cellular sampling in the primary screen 
(median 484 cells per gene), highlighting the remarkable robustness and statistical power 
achievable with the optical pooled screening method at large scales. A sensitivity analysis 
(Supplementary Fig. 2.1i) revealed that for the IRF3 translocation phenotype, an effect size 50% 
that of strong positive controls could be detected with 200 cells/gene in a genome-wide screen 
(FDR adjusted p-value < .001), and 89% of genes in our screen had at least this number of cells. 
We also applied deep learning analysis to identify latent morphological features in our image-
based genome-wide dataset, which helped identify three novel peroxisome regulators (VHL, 
SEPHS1, and ZCCHC14, validated via arrayed knockouts) and a group of RNA processing genes 
that alter the cytoplasmic localization of SeV.  

We confirmed seven novel regulators of IRF3 translocation via arrayed experiments and 
investigated five of these regulators through RNA sequencing, confirming expected (signed) 
differences in ISG induction by SeV. Importantly, we also confirmed ISG induction in response 
to a synthetic hairpin RNA, showing that these genes indeed act to directly regulate IRF3 
pathway induction rather than simply modulating SeV entry or replication. ATP13A1, a strong 
novel positive regulator that has recently been identified as a mitochondrial tail-anchored protein 
dislocase (McKenna et al., 2020), resulted in profound loss of IRF3 translocation upon knockout. 
We hypothesized and confirmed that MAVS, a mitochondrial tail-anchored protein critical for 
robust IRF3 translocation, is mislocalized in the absence of ATP13A1, which results in loss of 
MAVS from both mitochondrial and peroxisomal membranes with a concomitant increased 
localization to the ER. We also identified CAPN15, a cysteine protease and member of the SOL 
calpain family, as a novel positive regulator. Little is known about CAPN15, whose proteolytic 
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targets have not been identified, but pathogenic variants of the gene result in microphthalmia 
and cataracts in humans (Mor-Shaked et al., 2021). Through RNA sequencing we found that 
snoRNP components were downregulated in the presence of the CAPN15 knockout. This may 
decrease snoRNA production, thereby contributing to reduced activation of RIG-I and 
consequently, IRF3 (Chiang et al., 2018). Among novel negative regulators, we identified and 
validated two members of the Mediator complex, MED16 and MED24. In addition to the known 
role of these Mediator components in transcriptional termination regulation (Supplementary Fig. 
2.3d) (Takahashi et al., 2020), we found that knockouts lead to higher IRF3 translocation and ISG 
expression and further identified consequences of knockouts using RNA-sequencing and 
pathway analysis. Specifically, we found decreased SUMOylation activity, which negatively 
regulates IRF3/7 (Kubota et al., 2008), and increased expression of lysosomal lumen 
components, which can increase antiviral gene expression (Hasan et al., 2013).  

In summary, we improved the imaging throughput of optical pooled screening by over four-fold 
and applied it at the genome-wide scale for the first time, discovering novel positive and negative 
regulators of viral sensing upstream of IRF3 translocation as well as modulators of SeV protein 
localization and peroxisomal biogenesis. Optical pooled screening was previously used to assay 
two to four channels but here we image as many as seven channels at a time, enabling a highly 
multidimensional assessment of spatially defined molecular and cell morphological features at 
the single-cell level. As an example, we took advantage of our multidimensional data to identify 
genes that altered IRF3 translocation without greatly affecting SeV load (Fig. 2.2e), as expected 
for genes that regulate IRF3 directly. We also identified genes that regulate SeV protein 
localization, providing a feasible approach to identify host factors affecting viral trafficking and 
the formation of viral replication foci. Single-cell multichannel images also enable advanced post-
hoc analysis of the screening data, which we demonstrated here by applying a pre-trained neural 
network model and a second model trained via an autoencoder to extract unbiased feature sets 
that helped identify regulators of peroxisomes, and factors impacting mRNA processing and SeV 
localization. The implementation of widely applicable optical pooled screening protocols with 
increased throughput and phenotype dimensionality – as well as analysis techniques to process 
the complex datasets produced - will enable many discoveries to be made in future high-
dimensional genome-wide optical pooled screens. The results will systematically link genes to 
important cellular functions and processes by leveraging high-content phenotypic readouts 
including morphology, subcellular molecule localization, and additional human- and machine-
readable molecular and cellular features derived from high-resolution image measures.  
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2.6 Materials and Methods 

Library cloning, lentivirus production, transduction, and next generation sequencing of libraries 

Libraries were cloned as previously described (Feldman et al., 2022) into a CROP-seq-puro-v2 
(Addgene #127458) backbone. Lentivirus was then produced and transduced as previously 
described (Feldman et al., 2022). For library transductions, multiplicity of infection was estimated 
by counting colonies after sparse plating and antibiotic selection. Genomic DNA was also 
extracted for NGS validation of library representation. Genomic DNA was extracted using an 
extraction mix as described above. Barcodes and sgRNAs were amplified by PCR from a 
minimum of 100 genomic equivalents per library using JumpStart 2X Master Mix (initial 
denaturation for 5 minutes at 98°C, followed by 28 cycles of annealing for 10 s at 65°C, extension 
for 25 s at 72°C, and denaturation for 20 s at 98°C). 

Sendai virus infection, phenotyping, and in situ sequencing for genome-wide IRF3 screen and 
secondary screen 

HeLa-TetR-Cas9 cells were transduced with BFP-PTS1 and a single clone expressing the 
reporter was selected. For screening, cells were selected with puromycin (1 μg/mL) for 3 days 
after transduction and library representation was validated by NGS. Cas9 expression was 
induced with 1 μg/mL doxycycline for 1 week and cells were then seeded in six 6-well glass-
bottom dishes at 400,000 cells/well two days prior to fixation. Sendai virus (Cantell strain, ATCC 
VR-907) was added at an MOI of 10 in 400ul media/well for 45 minutes at 4C with rotation, the 
plate was quickly washed with media, and fresh media added, allowing the virus to replicate for 
fifteen hours prior to fixation. Thirty minutes before fixation, 50% of the media was exchanged, 
and MitoTracker DeepRed added to cells at 37°C at a final concentration of 7nM. Cells were 
fixed by removing media and adding 4% paraformaldehyde (Electron Microscopy Sciences 
15714) in PBS for 30 minutes.  

Peroxisomes and mitochondria were imaged prior to permeabilization with 100% ice-cold 
methanol for 20 minutes. The permeabilization solution was then carefully exchanged with PBS-
T wash buffer (PBS + 0.05% Tween-20) by performing six 50% volume exchanges followed by 
three quick washes. Cells were stained with primary antibodies in 3% BSA (VWR Cat# 97061-
422) in PBS overnight for pIRF3 (1:250, CST Cat# 29047, RRID:AB_2773013), RIG-I (1:650, 
AdipoGen Cat# AG-20B-0009, RRID:AB_2490189), and SeV (1:2500, Abcam Cat# ab33988, 
RRID:AB_777877) in 1:75 Ribolock, washed 3x in PBS-T, and stained with secondary antibodies 
for 1 hour with 1:1000 anti-rabbit AF532 (Thermo Fisher Scientific Cat# A-11009, 
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RRID:AB_2534076), 1:1000 anti-mouse AF594 (Thermo Fisher Scientific Cat# A-21203, 
RRID:AB_141633), 1:300 anti-chicken Dylight 755 (Thermo Fisher Scientific Cat# SA5-10075, 
RRID:AB_2556655) in 1:200 Ribolock, washed 6x in PBS-T, and stained with YF488-conjugated 
anti-MDA5 (1:1000, custom conjugation of Proteintech Cat# 21775-1-AP, RRID:AB_10734593) 
in 1:200 Ribolock. Cells were then stained with DAPI (500ng/mL in 2x SSC with 1:75 Ribolock) 
and imaged.  

After phenotyping, the sgRNA sequence was reverse transcribed in situ for 9.5 hours at 37°C 
using 1x RevertAid RT buffer, 250 μM dNTPs, 0.2 mg/mL BSA, 1 μM RT primer, 0.8 U/μL 
Ribolock Rnase inhibitor, and 4.8 U/μL RevertAid H minus reverse transcriptase in 750 μL/well. 
After reverse transcription, cells were washed 5x with PBS-T and post-fixed using 3% 
paraformaldehyde and 0.1% glutaraldehyde in PBS for 30 minutes, followed by washing with 
PBS-T 3 times. Samples were then incubated in a padlock probe and extension-ligation reaction 
mixture (1x Ampligase buffer, 0.4 U/μL Rnase H, 0.2 mg/mL BSA, 100 nM padlock probe, 0.02 
U/μL TaqIT polymerase, 0.5 U/μL Ampligase and 50 nM dNTPs) for 5 minutes at 37°C and 90 
minutes at 45°C, and finally washed 2 times with PBS-T. Circularized padlocks were amplified 
using a rolling circle amplification mix (1x Phi29 buffer, 250 μM dNTPs, 0.2 mg/mL BSA, 5% 
glycerol, and 1 U/μL Phi29 DNA polymerase) at 30°C overnight. In situ sequencing was 
performed as previously described using sequencing primer oSBS_CROP-seq for 12 cycles. 
Secondary screening was performed similarly to the genome-wide screen but phenotyping was 
restricted to DAPI, pIRF3, RIG-I, and SeV and 7 cycles of in situ sequencing were performed. 

Fluorescence microscopy 

All in situ sequencing images were acquired using a Ti-2 Eclipse inverted epifluorescence 
microscope (Nikon) with automated XYZ stage control and hardware autofocus. An LED light 
engine (Lumencor CELESTA Light Engine) was used for fluorescence illumination and all 
hardware was controlled using NIS elements software. In situ sequencing cycles were imaged 
without filter switching to increase throughput (that is, one channel imaged across the entire 
plate prior to switching to the subsequent channel) using a 10X 0.45 NA CFI Plan Apo λ objective 
(Nikon) with the following filters (Semrock) and exposure times for each base: G (546 nm laser at 
30% power, emission 575/30 nm, dichroic 552nm, 200 ms); T (546 nm laser at 30% power, 
emission 615/24 nm, dichroic 565 nm, 200 ms); A (637 nm laser at 30% power, emission 680/42 
nm, dichroic 660 nm, 200 ms); C (637 nm laser at 30% power, emission 732/68 nm, dichroic 660 
nm, 200 ms). Phenotyping images were also imaged without filter switching and acquired using 
a 20X 0.75 NA CFI Plan Apo λ objective (Nikon) with the following filters (Semrock unless 
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otherwise noted) and exposure times: BFP-PTS1 (405 nm laser at 10% power, Chroma Multi 
LED set #89402, 200ms), DAPI (405 nm laser at 5% power, Chroma Multi LED set #89402, 50ms), 
CF488 (477 nm laser at 30% power, Chroma Multi LED set #89402, 200ms), AF532 (546 nm 
laser at 10% power, emission 575/30 nm, dichroic 552nm, 200ms), AF594 (546 nm laser at 10% 
power, emission 615/24 nm, dichroic 565 nm, 200ms), MitoTracker Deep Red (637 nm laser at 
10% power, emission 680/42 nm, dichroic 660 nm, 200ms), Dylight 755 (749 nm laser at 10% 
power, emission 820/110 nm, dichroic 765 nm, 200ms).  

IRF3 reporter Sendai and VSV secondary screen 

For live-cell screening, HeLa-TetR-Cas9 cells were transduced with pTRIP-GFP-IRF3 (Addgene 
#127663). Fluorescent cells were sorted by FACS (Sony SH800) and re-sorted to select for cells 
with stable expression. Cells were selected with puromycin (1 μg/mL) for 3 days and Cas9 
expression was induced with 1 μg/mL doxycycline for 1 week. Cells were then seeded onto 6-
well cover glass-bottom plates 2 days prior to translocation experiments. Cells were stimulated 
with SeV for 15 hours or VSV at MOI 2.5 (ATCC Cat# VR-1238) for 18 hours prior to fixation with 
4% paraformaldehyde for 30 minutes and initiation of the in situ sequencing protocol. After 
phenotyping, cells were fixed and the in situ sequencing protocol (reverse transcription, gap-fill, 
and rolling circle amplification) was performed, followed by 7 bases of sequencing-by-synthesis. 

Arrayed validation 

Novel top-ranking genes confirmed from the pooled secondary screen were validated with 
individual sgRNAs. For each gene, 2 sgRNAs were tested. HeLa-TetR-Cas9 cells expressing 
pTRIP-GFP-IRF3 (Addgene #127663) were prepared and assayed as in the pooled screen, 
except that assays were carried out in 96-well glass plates and cells were seeded at 8,000 
cells/well. For hpRNA stimulation, cells were seeded in 96-well plates and transfected with 
1μg/mL hpRNA (Invivogen tlrl-hprna-100) in 10μl/well Lyovec (Invivogen lyec-1) for 24hr. For IAV 
(ATCC Cat# VR-95) and RSV (ATCC Cat# VR-26PQ) infection, cells were treated with virus at an 
MOI of 1 for 15 hours. For arrayed validation of genes with peroxisome defects, HeLa-TetR-
Cas9-BFP-PTS1 cells were used. For arrayed validation in U937 cells (ATCC Cat# CRL-1593.2, 
RRID:CVCL_0007), cells were first transduced with lentiCas9-Blast (Addgene #52962) and 
selected using 20 μg/mL (Thermo Fisher Scientific A1113903), then transduced with sgRNAs 
and selected using 2 μg/mL puromycin (Thermo Fisher Scientific A1113803) for 5 days. Prior to 
infection with SeV, U937 cells were plated in 96 well plates at 40,000 cells/well with 100ng/mL 
PMA (Invivogen tlrl-pma). After 24 hours, PMA was removed and fresh RPMI with 10% FBS, 1% 
PenStrep was added. Media was again exchanged 24 hours after PMA removal and, 41 hours 
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after PMA removal, SeV was added at an MOI of 10 to the cells, which were fixed 48 hours after 
PMA removal.  

BJ1 MAVS Localization 

For experiments with BJ1 cells (BJ-5ta - CRL-4001), cells were transduced with Cas9 and 
sgRNAs as described for U937 cells but with puromycin selection for 3 days. BJ1 cells were 
seeded at 8,000 cells/well and stained for mitochondria using MitoTracker Deep Red at 100 nM 
for 30minutes at 37°C prior to fixation. Cells were permeabilized with ice-cold Methanol for 20 
minutes, washed with PBS-T, and stained with a YF488 conjugated MAVS (Proteintech Cat# 
14341-1-AP, RRID:AB_10548408) at 1:300 for 2 hours before imaging. Cells were imaged on an 
Andor Dragonfly Confocal Microscope. 

Split-GFP Localization Experiments 

Subcellular localization of MAVS was determined using a split-GFP approach as previously 
described (Hyun et al., 2015). Targeting sequences for MICU1 (Le Vasseur et al., 2021), LACTB, 
and the targeting sequences PTS1 and KDEL (Inglis et al., 2020) GFP1-10 lentiviral vectors were 
transduced into Cas9-expressing HeLa cells. Transduced cells were transiently transfected with 
MICU1, PTS1, or VAMP2 GFP11 plasmids to identify cells expressing the mitochondrial, 
peroxisomal, or ER targeting constructs, respectively, which were isolated via flow cytometry. 
Cells were then transduced with a full-length mCherry MAVS GFP11 lentiviral vector and MAVS-
positive cells were sorted based on mCherry expression. Finally, cells were transduced with a 
non-targeting or ATP13A1 sgRNA in the CROP-seq-puro-v2 (Addgene #127458) backbone and 
selected via puromycin prior to plating and assessment of relative MAVS localization. 

Indel Sequencing of Arrayed Knockouts 

Genomic DNA was extracted as previously described (Feldman et al., 2022) and targeted PCR 
performed to amplify target gene regions for each sgRNA. Following next-generation 
sequencing, editing rates were assessed using CRISPResso version 2.038 (Pinello et al., 2016) 
with parameters –flexiguide_homology 80–quantification_window_size 10 –
quantification_window_center -3 –exclude_bp_from_left 0 –exclude_bp_from_right 0 

Western Blotting of ATP13A1 and MAVS 

Cells were pelleted and resuspended in lysis buffer (150 mM NaCl, 1% Triton X-100, 50 mM Tris-
HCl pH 7.5 with one protease inhibitor tablet added to 10 mL buffer, Sigma cat #11873580001) 
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at 1 million cells per 100 μl. Following incubation for 30 minutes at 4°C, lysates were centrifuged 
at 10,000xg for 5 minutes and supernatant was stored at -80°C. Lysates were then thawed on 
ice and Laemmli 6x sample buffer, SDS, reducing (Boston Bioproducts Cat #BP-111R) was 
added prior to loading on NuPAGE 4-12% Bis-Tris Gels (Thermo Fisher Cat #NP0321). Samples 
were transferred to nitrocellulose membranes using iBlot2 (Thermo Fisher) and blocking was 
performed in TBS Tween with 5% non-fat milk. Primary antibodies (1:500 ATP13A1 Proteintech 
Cat #16244-1-AP and 1:1000 MAVS Proteintech Cat #14341-1-AP) were incubated with samples 
overnight and secondary rabbit antibody was added for 1 hour prior to visualization with 
chemiluminescence. 

RNA-seq analysis of clonal knockout cell lines 

Clonal knockout cell lines and wild-type control cells were plated in 96-well format at a density 
of 8,000 cells/well. After 24 hours, cells were transfected with 1μg/mL hpRNA (Invivogen tlrl-
hprna-100) in 10μl/well Lyovec (Invivogen lyec-1) while cells infected with Sendai virus at an MOI 
of 10 were infected after 33 and 42 hours for 15 hour and 6 hour Sendai virus incubations. After 
48 hours, cells were washed with PBS, and lysed at room temperature for 5 minutes in 21 μl TCL 
buffer (QIAGEN, supplemented with 1% beta-mercaptoethanol) per well, then stored at −80°C. 
Smart-seq2 was performed as described (Trombetta et al., 2014). Libraries were sequenced on 
a NovaSeq 6000 (Illumina) using the v1.0 S4 300-cycle kit (paired end, 150 cycles forward, 150 
cycles reverse). 

Quantification and Statistical Analysis 

Image analysis 

Images of cell phenotype and in situ sequencing of perturbations were manually aligned during 
acquisition using nuclear masks to calibrate the plate position to each of the four corner wells 
during screening. Alignment was then refined computationally via cross-correlation of DAPI 
across cycles or between individual imaging channels within sequencing cycles, since these 
were acquired separately. For SBS and phenotyping, alignment across channels and imaging 
acquisitions (12 SBS cycles and 2 phenotyping acquisitions) was performed using cross-
correlation and a high upsample factor (5) to ensure alignment precision. Unlike our previous 
work, this alignment was then further refined using ORB feature detection (skimage.feature.ORB, 
n_keypoints = 200, fast_threshold = 0.05) and RANSAC to filter detected ORB features 
(skimage.measure.ransac(EuclideanTransform, min_samples = 2, residual_threshold = 1, 
max_trials = 200). This allowed for refinement of image alignment and additional image rotation 
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unlike the cross-correlation algorithm which allowed translation alone. Nuclei and cells were 
detected and segmented as previously described (Feldman et al., 2019). IRF3 translocation was 
quantified by calculating pixel-wise correlations between the nuclear DAPI channel and the IRF3 
channel (reporter or antibody staining). Mitotic cells were removed based on maximum DAPI 
signal and cell area. In situ sequencing read calling was performed as previously described 
(Feldman et al., 2019). Data analysis functions were written in Python, using Snakemake for 
workflow control (Köster & Rahmann, 2012). 

Optical pooled screen analysis 

Cells were segmented by thresholding the DAPI signal to identify nuclei and expanding the 
resulting regions using the watershed method as previously described (Feldman et al., 2019). 
Only cells with a minimum of one read matching a barcode in the library were analyzed. Mitotic 
or apoptotic cells were removed by filtering cells with unusually high or low nuclear/cell area and 
DAPI signal. IRF3 translocation was calculated by determining the pixel-wise correlation 
between DAPI and the IRF3 antibody signal or reporter signal within the segmented nuclear area. 
For the genome-wide screen, only genes with a minimum of one read matching an sgRNA in the 
library and 2 sgRNAs with at least 30 cells/sgRNA were considered for analysis. Features were 
normalized on a per-cell basis relative to non-targeting control cells in the same well by 
subtracting the median for non-targeting control cells and dividing by the non-targeting control 
MAD x 1.4826 (M.-A. Bray et al., 2016) and scores for features relative to non-targeting controls 
were determined by calculating differences in cumulative AUCs (shaded area in Fig. 2.1f). These 
delta AUCs were averaged over sgRNAs for a given gene and significance was determined by 
comparing delta AUCs for individual sgRNAs to distributions bootstrapped from non-targeting 
control cells (bootstrapped 100,000 times). Gene-level p-values were aggregated across 
sgRNAs using Fisher’s method and then corrected using the Benjamini-Hochberg procedure.  

Deep learning analysis 

For both autoencoder and transfer learning, 46x46 single-cell cropped images of individual 
channels were generated for cells whose center was at least 13 pixels away from the nearest 
cell center. For transfer learning, these single-cell crops were then resized to 299x299 images 
and each channel was repeated three times to generate 299x299x3 images of the size required 
to extract features using the Xception network model (Chollet, 2017) provided by Keras. Image 
intensities were renormalized to be between 0 and 255 and features were extracted from the 
final layer (‘avg_pool’) of the Xception network with a feature size of 2048. Features with less 
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than 0.1 coefficient of variation were dropped before further analysis. Only genes with >=30 
cells/sgRNA >=2 sgRNAs were considered for further analysis. 

The autoencoder model was adapted from a previously published model (K. D. Yang et al., 2020) 
and the latent feature size was set to 2048. The model was run separately for each channel of 
the 7-channel image dataset for up to 250 epochs and the model with the lowest test loss was 
selected for each channel. The model was trained and tested on 1% of the cells randomly 
selected from the larger set with 0.25% of the cells as test dataset, and 0.75% were used for 
training. The trained model was then used to extract latent features from the entire dataset. 2048-
length feature vectors for each cell were then combined as described for the transfer learning. 

PHATE clustering was performed with knn = 5 and other parameters at default settings and 
Leiden clustering performed with resolution = 3. 

Arrayed validation 

For each sgRNA, the IRF3 translocation or RIG-I activation change was computed relative to 
non-targeting control cells by computing the difference in AUCs between the cumulative 
distributions for non-targeting and sgRNA of interest. Delta AUCs for 3-4 replicate well per 
sgRNA in each experiment were then compared using a t-test and corrected using Benjamini-
Hochberg procedure to assess statistical significance.  

RNA-seq quantification 

Kallisto was used to quantify transcript abundance using AB856846.1 for the Sendai genome. 
EdgeR was used to assess differential gene expression with default parameters for the 
estimateDisp and exactTest functions (N. L. Bray et al., 2016; Robinson et al., 2010). Only 
transcripts with cpm > 1 in at least two samples were considered. Biological replicates were 
defined as replicate stimulations with at least two sgRNAs for novel genes affecting IRF3 
translocation. GSEA was performed on VST-transformed data using the DESeq2 package (Love 
et al., 2014). ISGs were defined as genes with minimum expression >3 logCPM that also 
demonstrated logFC > 3 and FDR < 0.01 between non-targeting unstimulated and non-targeting 
stimulated with synthetic hpRNA for 24hr. 

Data and Code Availability 

Code is available at https://github.com/beccajcarlson/IRF3OpticalPooledScreen. RNA-seq data 
has been deposited in the Gene Expression Omnibus at GSE179288. Image data is publicly 
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available on Google Cloud at gs://opspublic-east1/IRF3OpticalPooledScreen and one example 
field of view has been uploaded to the GitHub repository. The BFP-PTS1 plasmid has been 
deposited to Addgene (#199433). 

 

. 
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2.7 Supplementary Figures 

 
Supplementary Figure 2.1.  
(A) BFP-PTS1 in HeLa cells significantly overlaps with PMP70 antibody staining. Scale bar 20 μm. (B) 
Quantification of BFP-PTS1-PMP70 correlation in HeLa cells. (C) Remaining in situ sequencing cycles 
from Fig. 2.1d. (D) In situ gene abundance (combined sgRNA abundance) is highly correlated with gene 
abundance in cells after 7 days of doxycycline treatment. Pearson r correlation and two-tailed p value are 
denoted on plot (n = 20,389 genes). (E) Genome-wide screen image acquisition and analysis workflow, 
allowing for a >4-fold improvement in throughput over our previous optical pooled screening design. See 
Methods for further details. (F) RIG-I, pIRF3, and MDA5 intensities are significantly correlated with pIRF3 
translocation levels, while peroxisome, mitochondria, and Sendai intensities are not positively correlated, 
indicating coordinated pathway responses. Pearson r correlations and two-tailed p values are denoted on 
plots (n = 19,093 genes). (G) Predicted Depmap dependency (1, 2) is significantly correlated with the in 
situ mapped gene-level fraction relative to the plasmid library mapped fraction. Pearson r correlation and 
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two-tailed p value are denoted on plot (n = 15,917 genes). (H) Correlation between secondary screen 
translocation scores is significant (Pearson r = 0.74, two-tailed p = 4.7e-60, n = 342 genes). (I) Sensitivity 
analysis showing number of cells per gene required to significantly identify genes with effect sizes 
compared to those for strong positive controls DDX58, MAVS, and IRF3.  
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Supplementary Figure 2.2.  
(A) Architecture for an autoencoder used to extract 2048 features from images. (B) Example inputs and 
reconstructions for 5 single cells across 7 channels of interest. (C) Venn diagram showing overlap of top 
50 genes using a targeted feature (decreased peroxisome intensity), autoencoder, or transfer learning. 
Overlapping genes are enriched for peroxisome biogenesis genes as well as VHL, and ZCCHC14, which 
were in the top 50 using all three feature sets, while SEPHS1 was in the top 50 for all but the 
autoencoder features. (D) Venn diagram as shown in (C) but for genes that increased peroxisome 
intensity. (E) Volcano plot for genes affecting the DAPI nuclear median. Two-sided p-values were 
calculated as described in the Methods and corrected using the Benjamini-Hochberg procedure (n = 
19,900 genes). (F) Significant Reactome terms for genes among the top 50 for decreased DAPI intensity 
in targeted, autoencoder, and transfer feature sets. Enrichr p-values are computed using the Fisher 
exact test and adjusted using the Benjamini-Hochberg procedure. (G) Significant GO BP terms for genes 
among the top 50 for increased DAPI intensity in targeted, autoencoder, and transfer feature sets. 
Enrichr p-values are computed using the Fisher exact test and adjusted using the Benjamini-Hochberg 
procedure. (H) Venn diagram of top genes from all feature sets showing decreased intensity (for 
MDA5/RIG-I) or translocation (IRF3) shows distinct genes influencing the receptors and IRF3. Genes 
uniquely affecting IRF3 are enriched for GO CC terms relating to mitochondria and ER, organelles likely 
affecting signaling downstream of PRRs, while genes uniquely decreasing RIG-I intensity are enriched 
for GO BP terms that include retinoic acid signaling, which the receptor is responsive to. Enrichr p-
values are computed using the Fisher exact test and adjusted using the Benjamini-Hochberg procedure. 
(I) Venn diagram as in (H) showing genes that increased intensity or translocation for MDA5/RIG-I or 
IRF3, respectively. 
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Supplementary Figure 2.3.  
(A) Crispresso analysis of amplicon sequencing for bulk knockouts of 10 genes in HeLa GFP-IRF3 cells 
shows a high proportion of edited sequences. (B) Crispresso analysis of edited sequence fraction for 
single-cell clones used in bulk RNA sequencing experiment. (C) Western blot shows a decrease in 
ATP13A1 and MAVS protein levels in the respective knockouts, p values calculated using Student’s t-
test.  



 
 
 
 
 
 

48 

 
Supplementary Figure 2.4.  
(A) Representative images of cells from Fig. 2.4a. Scale bar 20 μm. (B) Representative images of cells 
from Fig. 2.4c. Scale bar 20 μm. (C) Sendai virus load measured by RNA-seq is not significantly different 
in genetic knockouts relative to non-targeting controls at either 6 hours or 15 hours post-infection. 
Significance was determined by assessing Benjamini-Hochberg adjusted p values from t tests between 
non-targeting and each sgRNA for each condition. (D). MED16 and MED24 GSEA results show 
significant decrease in RNA polymerase II transcription termination and SUMOylation. P-values were 
obtained from the gseapy package using 1000 permutations over all gene sets considered and 
corrected using the Benjamini-Hochberg procedure. (E) RIG-I intensities upon IAV infection in perturbed 
cells relative to non-targeting controls. Two-sided p-values for e/f were calculated by computing the 
delta AUC for RIG-I per-cell median intensity between cells in each well and non-targeting control cells 
(minimum n = 3,000); delta AUCs for all wells containing cells with an sgRNA of interest were then 
compared to non-targeting delta AUCs using a 2-sided t test, p values were combined using Fisher’s 
method and corrected using the Benjamini-Hochberg procedure; * indicates p < .05, ** indicates p < .01. 
(F). RIG-I intensities upon RSV infection in perturbed cells relative to non-targeting controls; ** indicates 
p < .01, *** indicates p < .001. 
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Supplementary Figure 2.5.  
(A) An ATP13A1 overexpression vector in HeLa cells is localized to the ER, as evidenced by 
colocalization with calnexin and localization is not significantly different in the presence of Sendai virus 
infection (normalized to median of no-infection condition). Two-sided p-values for a-e were calculated by 
computing the delta AUC for the feature of interest between cells in each well and non-targeting control 
cells (minimum n = 3,000); delta AUCs for all wells containing cells with an sgRNA of interest were then 
compared to non-targeting delta AUCs using a t test, p values were combined using Fisher’s method 
and corrected using the Benjamini-Hochberg procedure. (B) MAVS and pTBK1 are decreased in HeLa 
cells in the presence of an ATP13A1 knockout during Sendai virus infection (C) Grp78 intensity is not 
increased in ATP13A1 knockout cells relative to non-targeting control cells in the presence or absence 
of Sendai virus treatment. 1 μM thapsigargin treatment for 24 hours was used as a positive control (D) 
Lipid droplet content, measured by 2 μM DPH staining, is not significantly different in ATP13A1 knockout 
cells relative to non-targeting control cells. (E). Mitochondrial ROS (Mitosox) and membrane potential 
(MitoTracker Red CMXRos) are not significantly altered in ATP13A1 cells relative to non-targeting control 
cells. 120 μM antimycin A and 200 μM CCCP treatments for 1 hour served as positive controls. 
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3 Single-cell image-based genetic screens systematically identify 
regulators of Ebola virus subcellular infection dynamics 
Authors: Rebecca J. Carlson,*, Justin Patten*, George Stefanakis, Brian Soong, Adit 
Radhakrishnan, Avtar Singh, Daisy Leung, Naveen Thakur, Christopher F. Basler, Gaya 
Amarasinghe, Caroline Uhler, Nir Hacohen, Robert Davey^, Paul C. Blainey^ 

3.1 Abstract 

Ebola virus (EBOV) is a high-consequence filovirus that results in frequent epidemics with high 
case fatality rates and few therapeutic options. Here, we apply genome-wide image-based 
genetic screening to systematically identify regulators of Ebola virus infection in nearly 40 million 
single cells. We identify hundreds of regulators of viral infection and validate key genes in multiple 
cell lines and related filovirus species. Using a deep learning model trained on single-cell images, 
we show that UQCRB knockout is a post-entry regulator of Ebola virus replication, and 
demonstrate that inhibition of this gene with an FDA-approved small molecule reduces overall 
Ebola virus infection. In addition, we use a random forest model to identify STRAP, a 
spliceosome-associated factor, as a differential regulator of Ebola RNA and protein levels. 

3.2 Introduction 

Ebolaviruses such as Zaire Ebola virus (EBOV), Sudan virus (SUDV), and the related Marburg 
virus (MARV), are single-stranded, negative-sense filoviruses responsible for epidemics with high 
case fatality rates of up to 66%, predominantly in west or equatorial Africa (Ilunga Kalenga et al., 
2019; Lo et al., 2017). EBOV infection results in Ebola virus disease (EVD), characterized by 
inflammatory responses, immunosuppression, and major fluid losses (Malvy et al., 2019). 
Monoclonal antibody therapy has demonstrated limited efficacy, reducing EVD case fatality rates 
to 30% (Mulangu et al., 2019), while a recently approved live-attenuated recombinant VSV 
vaccine expressing EBOV glycoprotein (GP) resulted in variable protection (Heppner et al., 2017; 
Mulangu et al., 2019) and no vaccine against MARV and SUDV currently exists. 

Genetic screens are high-throughput methods that enable identification of host targets that 
modulate viral infection. However, due to the challenges of screening high-consequence viruses, 
previous genetic screens for Ebolaviruses often relied on use of pseudotyped viruses (Bruchez 
et al., 2020; Carette et al., 2011; Cheng et al., 2015), limiting discovery of post-entry viral 
modulators, or on overexpression of viral proteins via plasmids in a minigenome screen (Martin 
et al., 2018), which may not fully recapitulate the live Ebola virus life cycle. Two genome-wide 
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screens have used live Ebola virus (Filone et al., 2015; Flint et al., 2019); however, these both 
assessed virus-induced cell death, a simple phenotypic output that is biased towards recovery 
of strong entry inhibitors. For instance, CAD, an EBOV genome replication regulator identified in 
a minigenome screen (Martin et al., 2018), was not recovered in any EBOV survival screens (Flint 
et al., 2019). Furthermore, previous studies with live virus had limited power, as Filone et al. only 
reported results for a handful of genes and Flint et al. found only 8 genes with an FDR < 0.3. 
Genetic screens based on host cell survival following viral infection capture a one-dimensional 
compressed view of the effects of genetic knockouts on the host-viral interplay, yielding an 
ordered list of factors that alter host cell survival upon infection that is challenging to interpret 
and leverage for further investigation.  

Recently, we developed optical pooled screens (OPS) (Feldman et al., 2019), an approach that 
enables image-based pooled genetic screens in tens of millions of cells (Carlson et al., 2023; 
Funk et al., 2022) and which yields high-resolution images of single cells paired with each cell’s 
genetic perturbation identity via targeted in situ sequencing. Unlike survival screens, these 
image-based genetic screens result in immediate insights into gene function and co-regulation 
(Carlson et al., 2023; Funk et al., 2022). Here, we present the first genome-wide multiparametric 
genetic screen for Ebola virus, representing an extensive landscape of the effects of hundreds 
of host genes on Ebola replication. We apply machine learning and deep learning approaches to 
our image-based dataset of nearly 40 million single cells and identify regulators of distinct stages 
of the Ebola lifecycle, from entry, to inclusion body formation, and viral RNA transcription and 
replication. We then perform targeted follow-up screens in two cell lines across three related 
filoviruses (EBOV, MARV, and SUDV) to robustly validate and contextualize our results and 
interpretation of cell- and virus-specific effects. We further show that UQCRB, a gene identified 
as a post-entry regulator of Ebola infection by deep learning, can be targeted by an FDA-
approved small molecule with therapeutic potential, resulting in decreased viral replication in 
cells. Finally, we show that STRAP is a spliceosome-associated factor that increases viral RNA 
relative to protein levels upon knockout. 
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3.3 Results 

3.3.1 A Genome-Wide Image-Based Genetic Screen Reveals Regulators of Distinct 
Indicators of Ebola Virus Infection    

Ebola virus is taken up into cells via macropinocytosis within endolysosomes. Following 
acidification, cathepsins from host cells process the viral glycoprotein (GP) into an active form 
that binds to the intracellular host receptor NPC1, resulting in membrane fusion and cytoplasmic 
release of viral nucleocapsids (Hoenen et al., 2019). Primary transcription and production of viral 
proteins leads to formation of inclusion bodies, cytoplasmic foci that serve as sites for viral 
replication (Hoenen et al., 2019; Nanbo et al., 2013). The Ebola nucleocapsid protein (NP) 
induces formation of inclusion bodies (IBs) (Miyake et al., 2020), sites critical for RNA synthesis 
(Hoenen et al., 2012). The viral polymerase cofactor VP35 interacts and colocalizes with NP to 
regulate IB formation (Miyake et al., 2020). At later stages of infection, these proteins exhibit a 
diffuse cytoplasmic localization pattern and, finally, localize to the cell periphery during virus 
budding (Nanbo et al., 2013). These distinct stages of infection are not readily distinguishable by 
the use of simple intensity-based measurements such as pooled flow cytometry-based screens, 
and genome-scale arrayed image-based screens are prohibitively costly and labor-intensive.  

Here we applied OPS to gain an unbiased view of Ebola virus subcellular replication dynamics 
at the genome-wide scale, obtaining nearly 40 million single-cell images of Ebola-infected HeLa-
TetR-Cas9 cells transduced with a custom pool of ~80,000 sgRNAs targeting ~20,000 genes, 
including 454 non-targeting control sgRNAs (Fig. 3.1a). Cells were infected with live Ebola Zaire 
virus at BSL4; subsequently, we assayed the Ebola VP35 protein using immunofluorescence (IF) 
and a previously described antibody (Mori et al., 2022) and the Ebola VP35 positive-sense RNA, 
which predominantly represents Ebola mRNA transcripts (Galão et al., 2022), using fluorescence 
in situ hybridization (FISH) (Supplementary Fig. 3.1a). Ebola infections were optimized to obtain 
>90% infection rates as measured by both VP35 protein and RNA levels (Supplementary Fig. 
3.1b). In addition to measuring viral protein and RNA, we stained for the host transcription factor 
c-Jun, whose activity is increased in Ebola- and Marburg-infected cells (Hölzer et al., 2016; 
Wynne et al., 2017), as well as LAMP1, a lysosomal protein, and vimentin for cell segmentation 
(Fig. 3.1b). To enable measurement of viral RNA transcripts, we optimized detection of RNA 
molecules via FISH in combination with our in situ sequencing workflow for the first time 
(Supplementary Fig. 3.1a). To do so, we hybridized primary probes to viral RNA transcripts prior 
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to targeted reverse transcription of sgRNAs. We then amplified viral RNA signal via hybridization 
chain reaction (HCR) as previously described (Choi et al., 2018) but with the omission of dextran 
sulfate, which inhibits the reverse transcriptase and polymerase activity critical for the sgRNA in 
situ sequencing reaction (Viennois et al., 2013). As expected, cells receiving sgRNAs targeting 
the Ebola virus receptor NPC1 demonstrated robust loss of VP35 RNA and protein signal, as 
well as loss of the nuclear host transcription factor c-Jun signal (Fig. 3.1c, d).  

We identified 998 genes with significant changes in overall Ebola virus infection (FDR-adjusted 
p-value < 0.0001) as measured by VP35 protein intensity, using the difference in cumulative 
AUCs (delta AUC) between per-cell VP35 median intensity for each sgRNA relative to non-
targeting control cells as a robust metric that flexibly captures shifts across the distribution of 
single-cell phenotype scores (Fig. 3.1e). As expected, knockout of the essential Ebola virus 
receptor NPC1 resulted in the strongest loss of VP35 protein. In addition, other genes previously 
shown to be required for Ebola virus infection were identified, including all six members of the 
HOPS complex which regulates endolysosomal fusion (all six scored in the top 60 genes). Only 
one previous Ebola screen recovered all six members (Carette et al., 2011), highlighting the 
robustness of our screen and its sensitivity in the genome-wide context. CTSB and CTSL, 
required for GP processing prior to NPC1 binding, and other previously identified Ebola entry 
regulators SPNS1, GNPTAB, UVRAG, PIKFYVE, FIG4, and EXT1 also scored (Carette et al., 
2011; Cheng et al., 2015; Filone et al., 2015; Flint et al., 2019), as well as CAD, an enzyme critical 
for pyrimidine biosynthesis that was previously only identified in a minigenome screen (Martin et 
al., 2018).  

Our analysis of cellular VP35 protein levels identified many genes and complexes not previously 
reported to regulate Ebola infection (Supplementary Fig. 3.1c), including PIK3C3, TIMM10, a 
member of the mitochondrial inner membrane translocase previously shown to interact with 
VP40 (Batra et al., 2018), the entire conserved oligomeric Golgi complex (COG1-8), the entire 
GET complex (GET1-4), the entire GARP complex (VPS51-54), retromer (VPS26A, 29, 35; 
previously shown to be required for pseudotyped Ebola entry) (Poston et al., 2022), the CIA 
complex (MMS19 and CIAO2B), genes involved in heparan sulfate synthesis (NDST and UGDH, 
likely required for virus attachment to cells (O’Hearn et al., 2015), as well as poorly characterized 
proteins TM9SF2 and PTAR1 (Fig. 3.1f). Unlike previous survival-based genetic screens, our 
intensity-based assay also enabled recovery of 57 negative regulators, none of which were 
previously shown to negatively regulate Ebola infection. Negative regulators were enriched for 
chaperones (HSP90B1, MESDC2, UNC45A, previously shown to interact with Ebola (J. Fang et 
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al., 2022), integrin-related genes (such as ITGB1, ITGB5, and ITGAV), mRNA deadenylases 
(CNOT10, 11) and SAGA complex members (TADA2, TAF5L, TAF6L, TADA2B, SUPT20H), which 
modulate replication of other RNA viruses (Carlson et al., 2023; Guo et al., 2020) (Fig. 3.1f).  

Given that our image-based pooled screen produced much additional multi-parametric single-
cell information, we next sought to identify genes that differentially regulated nuclear levels of 
host c-Jun or VP35 RNA levels relative to VP35 protein levels, reasoning that such multi-
parametric analysis may support more detailed functional inference of hits than the VP35 protein 
intensity analysis alone. We trained random forest regression models on features from single 
cells for each sgRNA in our screen, predicting either the c-Jun translocation relative to hundreds 
of single-cell VP35 protein and RNA features (Fig. 3.1g, h) or VP35 RNA levels relative to 
hundreds of single-cell VP35 protein features (Fig. 3.1i). This approach enabled us to 
systematically identify factors that separately regulate these three indicators of Ebola virus 
infection. As expected, factors where the c-Jun protein levels were poorly predicted by viral 
VP35 and RNA levels included Jun itself as well as known MAP kinase pathway members (Fig. 
3.1h). The gene with the strongest reduction in VP35 RNA relative to VP35 protein levels was the 
mRNA binding protein PABPC1, which interacts with EBOV NP (García-Dorival et al., 2016; 
Morwitzer et al., 2019) and was downregulated in EBOV-infected NHP monocytes (Kotliar et al., 
2020). A number of other genes with related functions based on STRING analysis also decreased 
Ebola RNA relative to protein levels (Fig. 3.1j), while only two genes, SRPK1 and STRAP, 
increased Ebola RNA relative to protein (Fig. 3.1i). Notably, SRPK1 was previously shown to 
regulate Ebola transcription through phosphorylation of VP30 (Takamatsu et al., 2020). 



 
 
 
 
 
 

55 

Figure 3.1. 
Genome-wide optical pooled screening reveals regulators of multiple responses to Ebola virus 
infection. (A) Workflow for genome-wide optical pooled screen. (B) Example images of infected cells 
assayed across six distinct markers in the screen. Scale bar 20 μm. (C) Histograms of VP35 RNA FISH, 
VP35 protein, and c-Jun transcription factor intensity levels in non-targeting or NPC1 KO cells from the 
screen, each histogram trace represents a distinct sgRNA targeting NPC1. (D) Randomly selected cells 
transduced with a non-targeting sgRNA or NPC1-targeting sgRNA show reduced levels of VP35 RNA 
(FISH), VP35 protein, and c-Jun in NPC1 knockout cells relative to non-targeting cells. (E) Volcano plot of 
the per-cell median VP35 protein intensity delta AUC between each gene and non-targeting control cells, 
black points represent distinct non-targeting control sgRNAs. (F) Enrichr gene ontology analysis of top 
terms significantly enriched in genes that showed reduced VP35 protein intensity upon knockout (purple) 
or increased VP35 protein intensity (gold). (G) Workflow for random forest regression trees trained on 
single-cell features from non-targeting control cells. Models were designed to predict either Jun nuclear 
intensity given VP35 RNA and protein features or VP35 RNA intensity given VP35 protein features. (H) 
Volcano plot of random forest regression model coefficients of determination for the c-Jun prediction task, 
black points represent distinct non-targeting control sgRNAs; genes in purple had a negative mean sum 
of residuals, indicating decreased c-Jun relative to model prediction, while genes in gold had a positive 
mean sum of residuals. (I) Volcano plot of random forest regression model coefficients of determination 
for the VP35 RNA prediction task, black points represent distinct non-targeting control sgRNAs. (J) 
STRING analysis of genes that had a negative mean sum of residuals for the VP35 RNA FISH prediction 
task; purple shade denotes magnitude of mean sum of residuals, indicating the amount that Ebola VP35 
positive-sense RNA was decreased relative to protein levels. Edge thickness corresponds to confidence 
score; only interactions with a confidence score >= 0.7 in the full STRING v11.5 were considered.   
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3.3.2 A Supervised Deep Neural Network Reveals Regulators of Ebola Virus Subcellular 
Protein Localization  

Next, we sought to identify regulators of Ebola virus subcellular infection dynamics using deep 
learning models trained on single-cell images instead of relying on extraction of predefined 
features from images. Initially, we trained an autoencoder to reconstruct six-channel masked 
images of single cells (Fig. 3.2a). We then performed supervised training to fine-tune the encoder 
and latent space representation, using the prediction of four distinct categories of Ebola VP35 
protein subcellular localization for training. We defined four classes of interest: 1) faint, indicative 
of uninfected cells, 2) punctate, which represents cells with viral inclusion bodies at early stages 
of infection, 3) diffuse, representing a later stage of infection with diffuse protein localization, and 
4) peripheral, representing viral budding from infected cells and manually annotated over 3,000 
cells for training. Next, we used the PHATE algorithm (Moon et al., 2019) to perform 
dimensionality reduction on the single-cell latent feature vectors from the unsupervised 
autoencoder and the autoencoder subjected to additional supervised training to visualize the 
encoding spaces of these two deep learning approaches. The unsupervised latent space showed 
a lack of separation of the four phenotypic classes, while the supervised features separated the 
four classes in the expected biological order (faint, punctate, diffuse, then peripheral) despite no 
ordinal specification during model training (Fig. 3.2b). Since these four categories represent 
ordered stages in the Ebola virus life cycle, we next performed an ordinal chi square test to 
identify genes that significantly altered the proportion of cells at earlier or later stages of infection 
relative to non-targeting controls (Fig. 3.2c). As expected, the genes that scored most 
significantly in this test also showed changes in infection levels using a simple intensity-based 
metric (e.g. the intracellular receptor NPC1, the HOPS complex, and negative regulators 
MESDC2 and ITGB1).  

We next assessed the proportion of cells for each gene predicted to have a faint or punctate 
VP35 protein localization phenotype by our supervised neural network (Fig. 3.2d) in order to 
identify regulators not readily distinguishable from non-targeting controls by intensity alone. 
Genes with a high proportion of faint cells included many known entry or early infection 
regulators such as NPC1, as well as novel regulators such as PIK3C3 and the GET complex that 
were previously identified using our analysis of VP35 intensity delta AUCs (Fig. 3.2e). On the 
other hand, many of the genes associated with a significant increase in punctate VP35 
localization have not been previously linked to Ebola infection or were linked to regulation of 
post-entry viral replication (Fig. 3.2e). Key enzymes in de novo pyrimidine biosynthesis (DHODH, 
CAD, and UMPS) previously shown to positively regulate Ebola virus replication (Luthra et al., 
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2018; Martin et al., 2018) scored significantly as enriching for a punctate phenotype, indicating 
that upon knockout of these genes Ebola was likely able to enter cells and begin formation of 
inclusion bodies but not continue replication as efficiently as non-targeting controls. Indeed, 
CAD was previously shown to colocalize with Ebola NP in inclusion bodies to regulate Ebola 
genome replication and transcription (Brandt et al., 2020). In addition to pyrimidine biosynthesis 
genes, we also identified genes involved in purine biosynthesis (MTHFD1, PAICS, PPAT, ATIC, 
and GART) that resulted in an enrichment of the punctate phenotype upon knockout and had 
not previously been associated with Ebola replication. MTHFD1 knockdown and treatment with 
the MTHFD1 inhibitor carolacton inhibited ZIKV, MuV, and SARS-CoV-2 replication without 
affecting entry, further validating the ability of our deep learning approach to separate effects of 
genetic knockouts by viral replication stage using the primary screening data without a 
requirement for further experiments (Anderson et al., 2021). Knockdown of Elongator complex 
genes (ELP2-6) also led to an increase in punctate VP35 (Fig. 3.2e). The Elongator complex 
modifies tRNA molecules critical for translational efficiency and perhaps also required optimal 
viral replication past the inclusion body formation stage (Hawer et al., 2018).  

Finally, many mitochondrial genes significantly increased inclusion body formation, including 
genes from mitochondrial ribosomes, mitochondrial tRNA synthetases, and mitochondrial 
respiratory chain complex III and IV members. Example single-cell images and PHATE 
embeddings of single-cell profiles show clear enhancement of punctate VP35 protein localization 
in knockouts of UQCRB, a complex III subunit, and HARS2, a mitochondrial tRNA synthetase 
(Fig. 3.2f, g), the two genes with the most enhanced punctate phenotype.  

Mitochondrial function has not been previously linked to Ebola infection; however, Ebola VP30 
and VP25 proteins physically interact with the mitochondrial ribosome and inner membrane 
components (Batra et al., 2018) and oxidative phosphorylation and expression of mitochondrial 
translation genes was found to increase upon Ebola virus infection (Woolsey et al., 2019). Many 
of the mitochondrial genes identified have a role in oxidative phosphorylation (OXPHOS), either 
directly (such as the complex III and IV subunits) or less directly, as a previous genetic screen 
demonstrated the importance of mitochondrial ribosome components and tRNA synthetases for 
OXPHOS (Arroyo et al., 2016). Oxidative phosphorylation plays a role in propagation of other 
RNA viruses such as IAV (Bercovich-Kinori et al., 2016). In order to further investigate the effect 
of UQCRB inhibition on Ebola infection, we treated Ebola-infected HeLa cells with terpestacin, 
a small molecule inhibitor of UQCRB (Jung et al., 2010), and observed clear reduction in Ebola 
infection with an IC50 ~5 μM. 
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Figure 3.2. 
A supervised deep neural network reveals regulators of Ebola virus VP35 protein subcellular 
localization. (A) Architecture for the neural network, trained first as an autoencoder (example input cell 
and autoencoder reconstruction shown) and subsequently tuned to classify cells based on four defined 
classes of VP35 protein localization, with one example shown for each class. (B) PHATE dimensionality 
reduction of latent single-cell features (2048/cell) from the unsupervised autoencoder and supervised 
model; labeled points indicate hand-classified ground truth labels while predicted points denote 
supervised neural network predictions. (C) Volcano plot of per-gene mean ordinal chi square statistics and 
FDR-corrected p-values, black points represent distinct non-targeting sgRNAs. (D) Scatterplot of 
proportion of faint vs punctate cells for each gene, black points denote individual non-targeting sgRNAs. 
(E) Gene ontology results of enriched terms for genes with a high proportion of faint cells (purple) or 
punctate cells (green). (F) Images of VP35 protein (red) overlaid with nuclear mask (gray) in randomly 
selected cells with sgRNAs targeting the indicated genes. (G) Deep learning latent single-cell features 
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embedded using PHATE for cells with indicated gene knockouts; colors indicate labels predicted by 
supervised neural network. (H) Ebola infection and cell survival (nuclei count) in HeLa cells treated with 
terpestacin.  

3.3.3 Phenotypic Profile Clustering and Matching Reveal Relationships Between 
Modulators of Ebola Virus Infection 

We next used gene-level average phenotypic profiles by taking the delta AUC between cells from 
each sgRNA and non-targeting control cells prior to averaging over sgRNAs for each gene. We 
used both unsupervised and supervised deep learning network latent dimension features to 
separately cluster 1500 genes that significantly altered overall virus infection as measured by 
VP35 protein levels and infer distinct functional groups of genes in an unbiased manner (Fig. 
3.3a). Unsupervised learning generated a larger number of clusters significantly enriched for at 
least one ontology term using Enrichr, including clusters with low Jaccard similarity relative to 
any other cluster generated using supervised learning, demonstrating the utility of these 
complementary feature sets in distinct settings (Fig. 3.3b).  

Single-cell images of genetic knockouts from distinct clusters demonstrate examples of 
phenotypes distinguishable using these deep learning features extracted directly from images 
(Fig. 3.3c). Some genes that scored significantly for increased VP35 protein load, such as 
integrins ITGAV (Fig. 3.3c) and ITGB1 (Supplementary Fig. 3.3b) showed increased intensity in 
channels not directly related to viral load, such as vimentin and LAMP1, as well as cell rounding. 
We therefore hypothesized that the increase in viral load for some genes in our screens could 
represent not a specific enhancement of viral replication, but rather a non-specific cell health 
phenotype.  

Since we extracted thousands of features from single-cell images in our screen, we devised an 
approach to systematically define non-specific morphological scores for genes that significantly 
altered viral protein load, enabling better prioritization of genes for further follow-up studies. 
Specifically, we computed delta AUCs for each of thousands of features across all six image 
channels assayed and each genetic perturbation relative to a random sample non-targeting 
control cells (unmatched) or relative to a sample of non-targeting control cells whose distribution 
of VP35 cell median intensities matched the sgRNA of interest (Fig. 3.3d). We then plotted the 
correlation of delta AUCs for these features without matching compared to the matched 
condition (Fig. 3.3e). If the phenotypic effect of the genetic perturbation is primarily to alter viral 
infection levels, we expect that the delta AUCs for matched features will be lower than in the 
unmatched condition; that is, single-cell images of the genetic perturbation of interest closely 
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match images of non-targeting control cells with a similar infection level. Indeed, we see that 
features for NPC1 knockout cells are much more modestly correlated between matched and 
unmatched conditions relative to the integrin ITGAV, which exhibits non-specific phenotypic 
effects (Fig. 3.3e). Using this approach, we calculated Pearson correlations between matched 
and unmatched conditions for thousands of genes (Fig. 3.3f).  

 
Figure 3.3. 
Phenotypic profile clustering and matching on infection level reveal relationships between Ebola 
virus infection modulators. (A) PHATE clustering of gene-level average latent features derived from 
unsupervised or supervised deep neural networks. (B) Heatmap of Jaccard similarities between cluster 
memberships for all clusters with at least one significant GO term identified using unsupervised or 
supervised deep learning models. (C) Single-cell images of representative genes from distinct clusters. 
(D) Schematic of recalculation of cumulative delta AUCs for features between each sgRNA and non-
targeting control cells after matching on VP35 protein levels in non-targeting controls. (E) Correlations 
between delta AUCs calculated without matching on VP35 protein levels compared to with matching on 
VP35 protein levels for non-targeting controls, NPC1 knockout, or ITGAV knockout cells; each point 
represents one individual feature. (F) Correlation between the mean PHATE potential distance from non-
targeting controls in the supervised clustering (indicative of the Ebola infection phenotype strength) and 
the z-scored Pearson correlation distance between matched and unmatched features. 
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3.3.4 Targeted Image-Based Genetic Screens Identify Cell- and Virus-Specific Filovirus 
Regulators 

In order to rigorously validate modulators of infection identified in our genome-wide screen, we 
performed targeted image-based genetic follow-up screens, assaying 113 genes with 6 sgRNAs 
per gene in twelve distinct conditions: two timepoints, both earlier than the primary screen to 
increase power for identification of negative regulators of viral replication, two cell lines (HeLa 
cells used in the genome-wide screen and Huh7 cells), and three distinct filoviruses from the 
Ebolavirus family (Ebola virus, Marburg virus, and Sudan virus) (Fig. 3.4a). As in our primary 
screen, we assayed c-Jun, filovirus protein (VP35 for EBOV and SUDV; VP40 for MARV), and 
VP35 RNA via probes designed against the VP35 sequences of each virus.  

PCA of non-targeting control sgRNAs from each experimental condition shows separation of 
conditions by cell type across PCA 1 (46% variance explained), and many conditions were most 
similar to the screening condition performed with the same cell and virus strain but at a different 
timepoint. To assess the reproducibility of our screening system, we compared cumulative delta 
AUCs from our genome-wide screen with the 24 hour infection (late) timepoint in the targeted 
secondary screen) and saw strong correlations (Pearson r >= 0.87) for both VP35 protein and 
RNA levels (Fig. 3.4c). Key known regulators such as NPC1 and SPNS1 were concordant across 
cell lines, viruses, and timepoints (Fig. 3.4d, e), as well as retromer complex members (VPS26A 
and VPS35), which was more recently associated with Ebola entry (Poston et al., 2022), and 
newly associated genes identified in this study, including PIK3C3, GET4, and the GARP complex 
(VPS51, 52, 53, and 54) (Fig. 3.4d). The ubiquitin ligase COP1 scored as a negative regulator in 
10/12 screening conditions (Fig. 3.4d, e). The mechanism for COP1’s regulation of Ebola levels 
is unclear; however, COP1 targets c-Jun for degradation, among other substrates, so increased 
c-Jun levels in COP1 knockout cells may favor filovirus replication (Migliorini et al., 2011).  

We next examined virus-specific regulators (Fig. 3.4f, g), identifying knockout of TAF5L as 
increasing EBOV and SUDV infection levels while decreasing infection levels of the less closely 
related MARV (Fig. 3.4f, g). We also found that VPS35L strongly decreased Ebola infection levels 
but had modest effects on SUDV and MARV infection, while VPS35 knockout reduced replication 
of all filoviruses in multiple cell types (Fig. 3.4d). VPS35L and VPS35 are members of the retriever 
and retromer endosomal recycling complexes, respectively (McNally et al., 2017). The distinct 
effects of VPS35 and VPS35L knockouts may indicate differential specificity in filovirus utilization 
of retromer and retriever.  
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Finally, we investigated cell-type-specific regulators (Fig. 3.4h, i). PCYT2, a phospholipid 
synthesis enzyme which positively regulates formation of lipid droplets (Roberts et al., 2022) 
increased EBOV infection in Huh7 cells, while decreasing infection in HeLa cells. Interestingly, 
this gene is more highly expressed in Huh7 cells (Barretina et al., 2012), which have higher lipid 
droplet content than HeLa cells (Monson et al., 2018), indicating that the differences we observed 
in viral infection could be due to underlying distinct cellular lipid environments. Multiple cell-type-
specific regulators were related to mitochondrial function (BCS1L, PRMT1, and HARS2, among 
others) (Fig. 3.4h, Supplementary Fig. 3.4f). Notably, HeLa cells rely on OXPHOS rather than 
glycolysis as the primary mode of energy production (Moreno-Sánchez et al., 2007), while Huh7 
cells rely more on glycolysis (Y.-C. Shen et al., 2013); this is known as the Warburg effect. This 
difference could explain the strong defect in viral replication observed in HeLa cells upon loss of 
components related to mitochondrial respiration that was not observed in Huh7 cells. 



 
 
 
 
 
 

63 

 
Figure 3.4. 
Targeted follow-up screens identify concordant and cell- and virus-specific ebolavirus regulators. 
(A) Workflow for targeted secondary screens. (B) PCA of non-targeting control sgRNA phenotypic profiles 
from each of the twelve screening conditions. (C) Correlation between genome-wide and secondary 
screen VP35 protein and RNA delta AUCs (dAUCs); black lines indicate standard deviation for non-
targeting control sgRNAs in each screen centered around the mean value for non-targeting sgRNAs in 
the screen. (D) Heatmap showing z-scored dAUC values for genes concordant across screen conditions 
(white cells indicate conditions where p > 0.05 relative to non-targeting controls in the same condition). Z-
scores were calculated on delta AUC values for all genes in each screen condition relative to means and 
standard deviations for non-targeting sgRNAs. Hierarchical clustering performed using Pearson 
correlations. (E) Single-cell images from the secondary screen of select concordant genes (DAPI in gray, 
VP35 protein in red). (F) Heatmap as in (D) for genes with virus-specific effects (white cells indicate 
conditions where p > 0.05). (G) Single-cell images from the secondary screen of select virus-specific 
genes (DAPI in gray, VP35 protein for EBOV/SUDV or VP40 protein for MARV in red). (H) Heatmap as in 
(D) for genes with cell type-specific effects (white cells indicate conditions where p > 0.05). (I) Single-cell 
images from the secondary screen of select cell type-specific genes (DAPI in gray, VP35 protein in red, 
VP35 RNA in green).  
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3.4 Discussion 

Ebola virus disease remains poorly understood, despite frequent outbreaks with persistent high 
case fatality rates. No genome-wide genetic screens to date have assessed phenotypes aside 
from cell fitness following infection with Ebola virus. Here, we used an image-based pooled 
screening technology to directly link genetic knockouts with infection levels of live Ebola virus 
and thousands of image parameters at the genome-wide scale. Through targeted follow-up 
screens, we confirmed novel roles for PIK3C3, which can be targeted by small molecule 
inhibitors, the GARP complex, and the GET complex in reducing replication of three filoviruses 
in two cell lines. Unlike previous cell survival screens, we also identified several negative 
regulators of filovirus replication under multiple conditions, such as COP1, MYH9, and 
RAPGEF1. We also present a new workflow for integration of targeted RNA FISH with our in situ 
sequencing protocol, enabling future image-based screens seeking to integrate host or 
pathogen RNA levels and localization into cellular phenotypic profiles.  

Furthermore, we leverage the single-cell level information from our image-based dataset to 
better understand effects of genetic knockouts on phenotypes of interest directly from screening 
data. In particular, we extract features directly from images in an unbiased manner through 
unsupervised and supervised deep learning approaches, which we apply to identify genes that 
specifically modulate the subcellular localization of Ebola virus VP35 protein. We show that 
terpestacin, a small molecule inhibitor of UQCRB, a gene that our deep learning classifier 
predicted as increasing the fraction of punctate Ebola VP35, is able to decrease Ebola infection 
in cells, presenting an actionable new hypothesis Ebola virus therapy. We also applied random 
forest regression to identify genes that alter Ebola RNA levels relative to protein levels, 
decoupling these two steps of the Ebola virus life cycle. We further investigate STRAP, a 
spliceosome-associated gene that our model identified as increasing Ebola virus RNA relative to 
protein levels, and show that it co-localizes with the Ebola virus nucleocapsid protein (NP).  

High-content single-cell screens with multi-dimensional outputs are becoming routine and now 
scale to genome-wide perturbations even for transcriptomic readouts (Replogle et al., 2022). 
However, aside from our study, high-content profiling screens of host-pathogen interactions 
have been limited. Notable recent examples include targeted transcriptome screens that 
revealed perturbation-induced changes in transcriptional trajectories upon HCMV (Hein & 
Weissman, 2022) and SARS-CoV-2 (Sunshine et al., 2022) infection. Importantly, high-content 
perturbation screens like these and that we report here did not require a priori specification of 
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phenotypes of interest but rather resulted in rich data resources that can be mined to rapidly 
generate and investigate hypotheses based on primary screening data alone (Bock et al., 2022), 
provided adequate quantitative performance of the perturbation and phenotyping steps.  

Our image-based genetic screens and analytical approaches revealed multiple genes that 
modulate distinct stages of the Ebola virus life cycle, from viral entry, to Ebola RNA replication 
and the formation of viral inclusion bodies, including several genes already targetable by small 
molecules with therapeutic potential. This work also serves as a general framework for 
systematically identifying regulators of distinct steps in host-virus interaction dynamics directly 
from data produced in a single genetic screen, enabling rapid identification of a broader set of 
potential therapeutic targets for diverse pathogens. 

3.5 Methods 

Library cloning, lentivirus production, and transduction 

Libraries were cloned into a CROP-seq-puro-v2 (Addgene #127458) backbone and lentivirus 
was then produced and transduced as previously described (Feldman et al., 2022). Multiplicity 
of infection for library transductions was estimated by counting colonies following sparse plating 
and antibiotic selection with puromycin.  

Virus infection, phenotyping, and in situ sequencing for genome-wide screen 

HeLa-TetR-Cas9 clonal cells previously described (Feldman et al., 2019) were used for primary 
screening. Following transduction, cells were selected with puromycin (1 μg/mL) for 3 days after 
transduction and library representation was validated by NGS. Cas9 expression was induced 
with 1 μg/mL doxycycline for 1 week and cells were then seeded in ten 6-well glass-bottom 
dishes at 400,000 cells/well two days prior to fixation. Zaire ebolavirus (strain Mayinga) was 
added at an MOI of ~3 in 2mL media/well for 28 hours prior to fixation. Cells were fixed by 
removing media and adding 10% neutral-buffered formalin (Fisher Scientific LC146705) for >6 
hours. 

Cells were permeabilized with 100% methanol for 20 minutes; subsequently, the 
permeabilization solution was exchanged with PBS-T wash buffer (PBS + 0.05% Tween-20) by 
performing six 50% volume exchanges followed by three quick washes. Cells were incubated 
for 30 minutes at 37°C with probe hybridization buffer (30% formamide 5x SSC 0.1% Tween), 
then incubated with primary probes against VP35 positive-sense RNA (purchased from 
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Molecular Instruments and diluted 1:250 in probe hybridization buffer with 1:100 Ribolock) at 
37°C for 4 hours. Samples were then washed 4x5 minutes in probe hybridization buffer at 37°C, 
washed 3x in PBS-T, and incubated in reverse transcription mix at 37°C overnight as previously 
described . After reverse transcription, cells were washed 5x with PBS-T and post-fixed using 
3% paraformaldehyde and 0.1% glutaraldehyde in PBS for 30 minutes, followed by washing 
with PBS-T 3 times. Samples were then incubated in amplification buffer (5x SSC 0.1% Tween) 
at room temperature for 30 minutes. Meanwhile, HCR hairpins (Molecular Instruments B1 probes 
conjugated to Alexa Fluor 488) were separately prepared by heating at 95°C for 90 seconds and 
then cooling to room temperature in the dark for 30 minutes. Next, samples were incubated with 
probes diluted 1:125 in probe amplification buffer for 2 hours at room temperature. Following 
incubation, excess hairpins were removed by washing 5 times for 5 minutes with probe 
amplification buffer. Primary antibodies against VP35 (1:3200 dilution), c-Jun (1:1800 dilution, 
Cell Signaling Technology Cat# 9165, RRID:AB_2130165), and vimentin (1:1300 dilution, Abcam 
Cat# ab24525, RRID:AB_778824) were added by incubating samples for 3.5 hours at 37°C in 
3% BSA (VWR Cat# 97061-422) in PBS. Samples were then washed 3x in PBS-T for 3 minutes, 
and incubated with secondary antibodies: 1:1800 donkey anti-mouse antibody (Jackson 
ImmunoResearch Labs Cat# 715-006-151, RRID:AB_2340762) disulfide-linked to Alexa Fluor 
594 (Thermo Fisher A10270) via a custom conjugation, 1:1800 donkey anti-rabbit antibody 
(Jackson ImmunoResearch Labs Cat# 711-006-152, RRID:AB_2340586) disulfide-linked to 
Alexa Fluor 647 (Thermo Fisher Scientific A10277) via a custom conjugation, and goat anti-
chicken DyLight 755 (Thermo Fisher Scientific SA5-10075), in 3% BSA for 3 hours at 37°C. 
Finally, samples were washed 6x with PBS-T for 3 minutes each, and 2x SSC with 200ng/mL 
DAPI was added to visualize nuclei to image samples. Following imaging, Alexa Fluor 594 and 
647 antibodies were destained with 50mM TCEP in 2x SSC for 45 minutes at room temperature 
and FISH signal removed through treatment with 80% formamide in 2x SSC for 30 minutes at 
room temperature. In situ amplification of sgRNA sequences was then completed by incubating 
samples in a padlock probe and extension-ligation reaction mixture (1x Ampligase buffer, 0.4 
U/μL RNase H, 0.2 mg/mL BSA, 100 nM padlock probe, 0.02 U/μL TaqIT polymerase, 0.5 U/μL 
Ampligase and 50 nM dNTPs) for 5 minutes at 37°C and 90 minutes at 45°C, and washing 2 
times with PBS-T. Circularized padlocks were amplified using a rolling circle amplification mix 
(1x Phi29 buffer, 250 μM dNTPs, 0.2 mg/mL BSA, 5% glycerol, and 1 U/μL Phi29 DNA 
polymerase) at 30°C overnight. LAMP1 (Cell Signaling Technology Cat# 58996, 
RRID:AB_2927691) was visualized via incubation for 2 hours at 37°C in 3% BSA at 1:500 dilution. 
Following imaging, in situ sequencing was performed as previously described using sequencing 
primer oSBS_CROP-seq for 12 cycles (Feldman et al., 2019),. 
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Virus infection, phenotyping, and in situ sequencing for secondary screen 

HeLa-TetR-Cas9 clonal cells used in the genome-wide screen and Huh7 311 Cas9 (Plasmid 
Addgene #96924) polyclonal cells were used for secondary screening. Ebola virus (strain 
Mayinga), Marburg virus (strain Musoke), Sudan virus (strain Gulu) were added at MOIs of ~3 in 
2mL media/well for 16 hours or 24 hours prior to fixation. Viral RNA was amplified as described 
for the primary screen using virus strain-specific probes purchased from Molecular Instruments 
for positive-sense VP35. Antibody staining and in situ sequencing was performed as described 
for the primary screen except for Marburg virus, where an antibody against VP40 (1:1000, 
Integrated BioTherapeutics 0203-012) rather than VP35 was used since no antibody for Marburg 
VP35 was available. In addition, antibodies for vimentin and LAMP1 were omitted to allow for 
slower higher-magnification imaging. For Sudan virus, the same VP35 antibody was used as it 
recognized both Ebola and Sudan VP35 protein. In situ sequencing was performed for 6 cycles. 

Fluorescence microscopy for primary genome-wide and secondary targeted follow-up 
screens 

All in situ sequencing images were acquired using a Ti-2 Eclipse inverted epifluorescence 
microscope (Nikon) with automated XYZ stage control and hardware autofocus. An LED light 
engine (Lumencor CELESTA Light Engine) was used for fluorescence illumination and all 
hardware was controlled using NIS elements software with the JOBS module. In situ sequencing 
cycles were imaged using a 10X 0.45 NA CFI Plan Apo λ objective (Nikon) with the following 
filters (Semrock) and exposure times for each base: G (546 nm laser at 40% power, emission 
575/30 nm, dichroic 552nm, 200 ms); T (546 nm laser at 40% power, emission 615/24 nm, 
dichroic 565 nm, 200 ms); A (637 nm laser at 40% power, emission 680/42 nm, dichroic 660 nm, 
200 ms); C (637 nm laser at 40% power, emission 732/68 nm, dichroic 660 nm, 200 ms). For the 
genome-wide primary screen, phenotyping images were acquired using a 20X 0.75 NA CFI Plan 
Apo λ objective (Nikon) with the following filters (Semrock unless otherwise noted) and exposure 
times: DAPI (405 nm laser at 5% power, Chroma Multi LED set #89402, 50ms), AF488 (477 nm 
laser at 30% power, Chroma Multi LED set #89402, 200ms), AF594 (546 nm laser at 10% power, 
emission 615/24 nm, dichroic 565 nm, 200ms), AF647 (637 nm laser at 10% power, emission 
680/42 nm, dichroic 660 nm, 200ms), Dylight 755 (749 nm laser at 10% power, emission 820/110 
nm, dichroic 765 nm, 200ms).  

For the secondary screen, phenotyping images were acquired using a 40x 0.95 NA CFI Plan Apo 
λ objective (Nikon) with the following filters and exposure times: DAPI (405 nm laser at 5% power, 
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Chroma Multi LED set #89402, 50ms), AF594 (546 nm laser at 10% power, emission 615/24 nm, 
dichroic 565 nm, 200ms), and AF647 (637 nm laser at 10% power, emission 680/42 nm, dichroic 
660 nm, 200ms). 

Quantification and Statistical Analysis 

Image analysis 

Images of cell phenotype and in situ sequencing of perturbations were manually aligned during 
acquisition using nuclear masks to calibrate the plate position to each of the four corner wells 
during screening. Alignment was then refined computationally via cross-correlation of DAPI 
signal between imaging acquisitions. Nuclei and cells were detected and segmented as 
previously described and in situ sequencing read calling was performed as previously described 
(Feldman et al., 2022). Data analysis functions were written in Python, using Snakemake for 
workflow control (Köster & Rahmann, 2012). Image analysis code is available on GitHub to 
enable reproducibility. Briefly, for segmentation of phenotyping images from the primary screen, 
nuclei were segmented using the following parameters: nuclei smooth = 4, nuclei radius = 15, 
nucleus area 90-1200, DAPI intensity threshold = 1350. Cells were segmented using signal in 
the vimentin channels, at an intensity threshold = 3000. For segmentation of in situ sequencing 
images from the primary and secondary screens, nuclei were segmented using the following 
parameters: nuclei smooth = 1.15, nuclei radius = 15, nucleus area 20-400, DAPI intensity 
threshold = 1000-2000, adjusted differently for each plate. Cells were segmented using signal in 
the four sequencing channels at intensity thresholds adjusted for each plate, between 2500 and 
4200. For segmentation of phenotyping images from the secondary screen, nuclei were 
segmented using the following parameters: nuclei smooth = 9, nuclei radius = 100, nucleus area 
200-18000 for HeLa cells or 200-50000 for Huh7 cells, DAPI intensity threshold = 4000 for HeLa 
cells and 3000 for Huh7 cells. Cells were segmented using background cell signal in the Jun 
channel, at an intensity threshold = 1525-1900 for Hela cells (depending on the assay plate) and 
1625-1825 for Huh7 cells. All other parameters used for analysis were set to default settings. 

Optical pooled screen analysis 

Only cells with a minimum of one read matching a barcode in the library were analyzed. For the 
genome-wide screen, only genes with a minimum of one read matching an sgRNA in the library 
and 2 sgRNAs with at least 50 cells/sgRNA were considered for analysis. Features were 
normalized on a per-cell basis relative to cells in the same field of view by subtracting the median 
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and dividing by the MAD x 1.4826 (M.-A. Bray et al., 2016) and scores for features relative to 
non-targeting controls were determined by calculating differences in cumulative AUCs. These 
delta AUCs were averaged over sgRNAs for a given gene and significance was determined by 
comparing delta AUCs for individual sgRNAs to distributions bootstrapped from non-targeting 
control cells (bootstrapped 100,000 times). Gene-level p-values were calculated using Stouffer’s 
method and then corrected using the Benjamini-Hochberg procedure. Random forest regression 
models were trained on 50,0000 randomly selected non-targeting control cells using 
sklearn.ensemble.RandomForestRegressor with scikit-learn 1.1.3, random state set to 7, 
n_estimators = 100, and max_features = ‘sqrt’ (Pedregosa et al., 2011). Statistical significance 
was determined as described for the cumulative AUC analysis above. 

Dimensionality Reduction, Clustering, and Gene Enrichment Analysis 

In Figures 1 and 2, Enrichr results (Kuleshov et al., 2016) were determined using gseapy 0.14.0 
(Z. Fang et al., 2023) with the 2021 KEGG and GO gene sets and 2016 Reactome gene sets. PHATE 
1.0.10 (Moon et al., 2019) was used to cluster single cells with Euclidean distance, cosine mds 
distance, gamma = 1, knn = 5, 20 PCs in Figure 2. For gene-level clustering in Figure 3, PHATE with 
Euclidean distance, cosine mds distance, gamma = 1, knn = 3 and the number of PCs giving 95% of 
the variance (282 for unsupervised and 372 for supervised features) were used.  

Deep learning analysis 

Unsupervised Training 

First, we performed unsupervised training on nearly 40 million 64x64 six-channel images from 
the screen, with a latent space embedding size of 2048. Watershed cell segmentation masks 
were used to mask cell regions of interest in each cropped image. For training, we used an 80/20 
train/test split. In each epoch of training, the minimum of {256 and the number of cells in the field 
of view} cells were sampled from each training field of view. We then fed the image through the 
encoder/decoder architecture specified in Figure 3.2a. We propagated the loss as per a custom 
mean-squared error (MSE) loss function which takes the MSE over all reconstructed pixels within 
the watershed mask for each cell of interest. The motivation for this loss function was to avoid 
local minima wherein low-loss is achieved by perfectly reconstructing the blank background of 
the cell image, while not producing a high-fidelity reconstruction of the cell itself. We used the 
Adam optimizer with a learning rate of 0.001, trained for 50 epochs with a random seed. The 
training and test loss profile of this model is shown in Supplementary Figure 3.2a. 
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Supervised Training 

We then took the output model from the unsupervised training, which we term the “pretrained 
model” and fine-tuned its encoder and latent space representation by training a classification 
head, as shown in Figure 2a. We used 3,889 cell images manually labeled with one of four 
phenotypic categories in the set {faint, punctate, cytoplasmic, peripheral}. We used the scikit-
learn (Pedregosa et al., 2011) stratified dataset splitting functionality to ensure the distributions 
of phenotypes between classes were balanced. Firstly, we reserved 25% of the dataset, or 973 
cell images, as a test set. The remaining 2,916 images were split into 4 stratified folds 
(train/validation) and used for fine-tuning the autoencoder. 

For each of the folds, we fine-tuned the autoencoder model using a specific procedure designed 
to amplify the utility of the small training set. We leverage the property that sufficiently minor 
transformations applied to a particular cell image do not change its class label. In particular, a 
cell which has been rotated, axis-wise mirrored, slightly blurred, or slightly distorted, or any 
combination of those, should retain its original label. We used PyTorch’s image transformation 
functions (Paszke et al., 2019) to generate a large pool of labeled samples by applying mild 
transformations to the original images. The model training then proceeds as follows. While the 
dataset of training samples does not have a uniform phenotype distribution, our objective is to 
provide the model with as close to a uniform distribution as possible, so as not to impose a prior 
on the model training. Moreover, we sought to determine whether the classifier itself would learn 
a shift towards a particular class. To enforce this uniform distribution, we consider the fine-tuning 
as a series of epochs and batches. For each batch, we select 5 cell samples at random from 
each phenotype. We then apply five random sequences of transformations, from the preselected 
set detailed above, to each image. This results in 25 cell samples per phenotype, for a total batch 
size of 100 cell images. We define each epoch as containing 100 batches, and thus the model 
is trained on 10000 images per epoch. Furthermore, we track the accuracy of the classification 
head on the validation set, across the run. For model selection, we store both the balanced and 
absolute accuracy on a held-out validation set, for each epoch of training. We use these statistics 
to select candidate models for further analysis. The specific model we have chosen as the best-
performing version was the model having the highest balanced accuracy over 50 epochs of 
training. For evaluation, we split the held-out 25% of the dataset into 5 groups, and trained a 
Support Vector Machine (SVM) classifier with a linear kernel on 95% of the cells, while holding 
out 5% as a test set. The SVM classifier is trained using the latent space representation for the 
autoencoder and ResNet, and using the normalized features for the baselines. We then averaged 
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the balanced accuracy on the train and test sets across all five SVMs and reported these in 
Supplementary Figure 3.2d. Of the five folds for the selected semi-supervised autoencoder 
model, we selected the fold with the highest individual balanced test accuracy and used this 
SVM to generate labels for the entirety of the dataset. 

To determine sgRNAs that significantly altered the proportion of cells in each phenotypic 
category, an ordinal chi squared test was performed using R 4.2.2 with the coin package (v1.0.9) 
and results were combined at the gene level using Stouffer’s method. 

Data and Code Availability 

Code is available at https://github.com/beccajcarlson/EBOVOpticalPooledScreen. 

  



 
 
 
 
 
 

72 

3.6 Supplementary Figures 

 
Supplementary Figure 3.1. 
(A) Integration of optical pooled screening workflow with RNA FISH detection using HCR amplification. 
(B) Histograms of intensity features in five channels for non-targeting controls cells that were infected or 
not infected in the genome-wide optical pooled screen. (C) Top 40 hits with increased or decreased 
VP35 protein levels and the number of non-Ebola virus genetic screens or Ebola-specific genetic 
screens they scored in. Genes not previously associated with Ebola in the literature are marked with an 
orange asterisk. (D) Gene set enrichment analysis of genes with significantly decreased (purple) or 
increased (gold) Ebola virus VP35 protein levels. (E) Volcano plot showing genes that scored significantly 
for changes in VP35 RNA levels by FISH. (F) Enrichr analysis of gene ontology terms significantly 
enriched in genes that reduced VP35 RNA levels. (G) Volcano plot showing genes that scored 
significantly for changes in c-Jun levels. (H) Enrichr analysis of gene ontology terms significantly 
enriched in genes that reduced or enhanced c-Jun levels. 
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Supplementary Figure 3.2. 
(A) Unsupervised autoencoder reconstruction losses for training and test sets across 25 epochs. (B) 
Examples of manually labeled faint, punctate, cytoplasmic, and peripheral input cell images with 
accompanying unsupervised autoencoder reconstructions. (C) Supervised autoencoder negative log 
likelihood loss and balanced validation accuracy across 50 epochs of training. (D) Balanced model train 
and test set accuracies for the VP35 protein localization prediction task using SVMs on latent 
embeddings from the unsupervised autoencoder, predefined features, a Resnet-50 architecture trained 
on the prediction task, or the transfer learned classifier. Predefined features include intensity, correlation, 
and texture morphological features similar to those previously described for Cell Painting (Bray et al., 
2016). (E) Confusion matrix of model predictions vs manually labeled classifications on model test set. 
(F) Proportion of cells in each VP35 localization category for non-targeting controls and the genes with 
the largest proportion of faint (NPC1), punctate (UQCRB), and peripheral (ITGB1) cells. Error bars 
indicate SEM across sgRNAs targeting the same gene. 



 
 
 
 
 
 

74 

 
Supplementary Figure 3.3. 
(A) Adjusted Rand score for Leiden clustering at different resolutions. (B) Additional single-cell images of 
select genetic knockouts from the genome-wide optical pooled screen. (C) Correlation between the 
PHATE potential distance from the supervised clustering and the adjusted FDR p-value from the Kotliar 
study, noting genes whose expression significantly increased or decreased along with infection. (D) 
Correlation between the PHATE potential distance from the supervised clustering and the number of 
mass spectrometry studies that identified the genes as an interactor with an Ebola virus protein. (E) Venn 
diagram showing overlap between top optical pooled screen hits, genes that were present in at least one 
mass spectrometry study, and differentially expressed genes from Kotliar et al’s single-cell RNA 
sequencing study. (F) Correlation between the PHATE potential distance from the supervised clustering 
and the 95th percentile z-score for each gene in other virus screens. (G) Unsupervised clustering of hits 
from genome-wide virus screens.  
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Supplementary Figure 3.4. 
(A) Correlation between genome-wide c-Jun median nuclear delta AUC scores and secondary screen 
delta AUC scores; black lines indicate standard deviation for non-targeting control sgRNAs in each 
screen centered around the mean value for non-targeting sgRNAs in the screen. ((B) Secondary screen 
mean viral protein (VP35 for EBOV and SUDV or VP40 for MARV) and RNA intensities in non-targeting 
control sgRNAs relative to HeLa cells infected with EBOV. (C) Volcano plots for VP35 (EBOV, SUDV) or 
VP40 (MARV) protein expression in each of the twelve screening conditions. (D) Volcano plot for viral 
VP35 RNA levels in HeLa cells at the late timepoint condition. (E) Heatmaps showing the difference 
between HeLa cell and Huh7 cell z-scored delta AUCs for members of the GARP, retromer, and the 
Sec61 complex. Hierarchical clustering performed using Euclidean distance. (F) Heatmap showing z-
scored delta AUC values for genes identified as enriched for a punctate phenotype in the genome-wide 
screen and also included in secondary screens (white cells indicate conditions where p > 0.05). 
Hierarchical clustering performed using Pearson correlations. 
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4.1 Abstract 

Proton leakage is a common signal for non-canonical LC3B lipidation and NLRP3 inflammasome 
activation, processes induced upon STING activation. Based on analysis of STING structure, we 
hypothesized that human STING is a proton channel. Indeed, we found that STING activation 
induced a pH increase in the Golgi, and the proton flux was recapitulated by reconstituting 
STING in liposomes. C53, a small-molecule STING agonist that binds the putative channel 
interface, blocked STING-induced proton flux both in the Golgi and in liposomes. STING-induced 
LC3B lipidation and inflammasome activation by cGAMP or diABZI were also inhibited by C53, 
suggesting that STING’s channel activity is critical for these two processes. Our work provides 
a new paradigm for decoupling STING’s induction of interferon from LC3B lipidation and 
inflammasome activation. 

4.2 Main Text 

STimulator of INterferon Genes (STING) is a conserved mammalian cytoplasmic receptor that is 
essential for sensing cyclic dinucleotides derived directly from bacteria (Burdette et al., 2011) or 
synthesized by cyclic GMP-AMP (cGAMP) synthase (cGAS) upon recognition of cytosolic DNA 
(Sun et al., 2013; Wu et al., 2013). Upon binding to its native ligand cGAMP, STING undergoes 
a conformational change and translocates from the endoplasmic reticulum (ER) to the Golgi and 
endosomes, where it carries out multiple biological functions, including interferon induction 
(Ishikawa & Barber, 2008), non-canonical LC3B lipidation (Gui et al., 2019)5/17/23 8:40:00 PM, 
and NLRP3 inflammasome activation (Gaidt et al., 2017). While interferon is induced by STING-
mediated TBK1-IRF3 activation (C. Zhang et al., 2019; Zhao et al., 2019)5/17/23 8:40:00 PM, the 
mechanisms by which STING activates non-interferon functions, in particular non-canonical 
LC3B lipidation and inflammasome activation, are still unclear. 

STING induces FIP200-independent non-canonical LC3B lipidation, which involves Conjugation 
of ATG8 to Single Membranes (CASM) (Fischer et al., 2020; Xu et al., 2022). This process, 



 
 
 
 
 
 

77 

sometimes termed non-canonical autophagy (Hooper et al., 2022; Xu et al., 2019), is important 
for bacterial control , and is known to be initiated by ion release into the cytoplasm from acidic 
organelles (such as Golgi and endosomes) via multiple mechanisms including organelle 
membrane damage (Xu et al., 2019), pathogen-derived ion channels such as the influenza M2 
protein (Ulferts et al., 2021), or proton ionophores (Hooper et al., 2022). This led us to ask whether 
proton leakage from organelles is also involved in STING-induced LC3B lipidation and, if so, how 
STING activation leads to such ion transport.  

To test whether STING activation leads to proton transport out of acidic compartments, we 
constructed genetically-encoded ratiometric pH sensors targeted to several organelles. As a 
sensor, we employed superecliptic pHluorin (SEP), a variant of GFP whose brightness increases 
with pH (Miesenböck et al., 1998; Sankaranarayanan et al., 2000), fused to pH-insensitive 
mRuby3. This ratiometric sensor was targeted to the cis/medial-Golgi (via fusion to MGAT), the 
trans-Golgi (via fusion to GALT), or endolysosomes (via fusion to LAMP1) (Linders et al., 2022). 
These sensors were expressed in human BJ1 fibroblasts and SEP to mRuby3 fluorescence ratios 
were correlated with intracellular pH values using calibration data (Supplementary Fig. 4.1a, b). 
Upon treatment with both the positive control V-ATPase inhibitor Bafilomycin A1 (BafA1) and the 
STING agonist diABZI, we observed that the ratio of SEP to mRuby3 fluorescence increased in 
both the cis/medial- and trans-Golgi compartments (Fig. 4.1a, b, Supplementary Fig. 4.1c). By 
contrast, in endolysosomal compartments a pH increase was observed upon BafA1 treatment 
but not upon diABZI treatment (Supplementary Fig. 4.1d, e). However, SEP has a pK ∼ 7.1 
(Sankaranarayanan et al., 2000) and our own pH calibration data showed low sensitivity to 
changes in pH below 6.5 (Supplementary Fig. 4.1 a, b), so it remains possible that STING 
activation could elicit an endolysosomal pH increase that is below the sensor’s limit of detection.  

We next sought to systematically identify genes that mediate the pH increase observed in the 
Golgi compartment upon STING activation. Given that non-canonical LC3B lipidation is activated 
by proton leakage from acidic organelles, we reasoned that screening for genes that modulate 
STING-induced LC3B lipidation would also identify potential channel proteins responsible for the 
observed proton flux. We therefore carried out a genome-wide CRISPR fluorescence-activated 
cell sorting (FACS) screen, using HEK293T cells transduced to express the autophagy-
associated protein LC3B fused to red fluorescent protein (RFP) and HA-tagged STING. To 
reduce the background lipidated LC3B signal derived from basal canonical autophagy, we 
knocked out FIP200 (Fischer et al., 2020). Following transduction with the Brunello genome-wide 
lentiviral library (Sanson et al., 2018), cells were stimulated with the STING agonist diABZI and 



 
 
 
 
 
 

78 

permeabilized to remove LC3B that was not lipidated, further reducing background fluorescence 
(Eng et al., 2010). STING-HA+ cells were sorted into LC3B- and LC3B+ bins (Fig. 4.1c) to 
specifically identify STING-induced LC3B lipidation regulators that did not impair STING 
expression. The screen showed strong technical reproducibility (Supplementary Fig. 4.1f, g) 
and identified critical STING-induced LC3B lipidation regulators, including most of the known V-
ATPase components as well as non-canonical autophagy factors such as ATG16L1 (Fig. 4.1d). 
As a general mechanism of STING-induced LC3B lipidation, V-ATPase senses proton leakage 
from acidic vesicles through recruitment of V1 subunits to V0 complexes that together act as a 
scaffold for recruitment of ATG16L1, which initiates LC3B lipidation, through a process that is 
independent of V-ATPase’s proton pumping function (Hooper et al., 2022; Xu et al., 2019, 2022). 
Despite the high recovery rate of V-ATPase components and non-canonical autophagy factors 
from our screen, no other known channel protein significantly inhibited STING-dependent LC3B 
lipidation in our screen (Fig. 4.1d). Therefore, we hypothesized that STING itself may mediate 
the observed Golgi proton leakage, and thereby trigger V-ATPase assembly and subsequent 
recruitment of ATG16L1 to initiate LC3B lipidation (Xu et al., 2019). 

In order to identify the domains of STING involved in LC3B lipidation, we first tested whether the 
STING ligand-binding domain (LBD), which has been proposed to recruit LC3B through its LR 
motifs (Gui et al., 2019; D. Liu et al., 2019), could induce LC3B lipidation upon translocation to 
Golgi or endosomes. We measured LC3B lipidation in 293T cells expressing wild-type (WT) 
STING, a STING oligomerization-deficient variant (A277Q/Q273A STING, termed AQQA) (Shang 
et al., 2019), or an endolysosome-localized STING fusion protein (the endolysosomal protein 
TMEM192 fused to the STING LBD) (Gentili et al., 2023). Following stimulation with the STING 
agonist diABZI, the AQQA variant exhibited impaired translocation, phosphorylation, and LC3B 
lipidation (Fig. 4.1e, f). By contrast, TMEM192-STING-LBD did not induce LC3B lipidation 
despite its endolysosomal localization and strong induction of STING phosphorylation (Fig. 4.1e, 
f). Since translocation of the STING LBD domain was not sufficient to induce LC3B lipidation, 
we hypothesized that STING’s transmembrane domain could play an important role in LC3B 
lipidation upon STING translocation.  

Given the essentiality of STING translocation from the ER to the Golgi for STING-induced LC3B 
lipidation and the known role of a pH increase in acidic organelles as a common trigger for this 
process, we hypothesized that STING could generate Golgi ion leakage by either inducing 
membrane damage, resulting in a secondary ion leakage, or by directly acting as an ion channel 
through its transmembrane domain. Previous research has shown that STING translocation 
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induced LC3B lipidation without formation of Galectin-3 puncta (Xu et al., 2022), suggesting that 
STING activation does not result in membrane damage. We therefore investigated the possibility 
that STING directly acts as a channel for proton release into the cytosol upon translocation to 
the Golgi, an acidic compartment (Linders et al., 2022). STING-dependent induction of LC3 
lipidation is an ancestral function of the sensor conserved from Homo sapiens to Nematostella 
vectensis (Gui et al., 2019). Therefore, we hypothesized that if STING functions as a channel, this 
activity should be structurally conserved in non-human organisms.  

Figure 4.1.  
STING activation leads to a pH increase in the Golgi and a genome-wide screen for regulators of 
STING-induced LC3B lipidation did not identify transporters that could mediate this effect. (A) 
Representative images of BJ1 cells expressing a ratiometric SEP and mRuby3 reporter localized to MGAT 
or GALT at 0 and 60 minutes post 1 µM diABZI or 1 µM BafA1 stimulation. Scale bar 20 µm. (B) 
Quantification of experiment in (A), data combined from three independent biological replicates. pH 
predicted using linear regression model in Supplementary Fig. 4.1b. One-way ANOVA followed by Tukey’s 
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HSD at 60 minute timepoint. **** indicates p < .0001. (C) Workflow for the genome-wide CRISPR screen. 
(D) Volcano plot of genome-wide CRISPR screen results across two replicates: V-ATPase, non-canonical 
autophagy components, and known ion transporters (GO:0015075, ion transmembrane transporter 
activity) are highlighted. NT indicates non-targeting control sgRNAs. (E) STING-mNeonGreen (mNG) 
constructs and representative images of STING mNG localization in 293T cells expressing WT STING, 
STING AQQA, or TMEM192-STING-LBD and stimulated with DMSO or 1 µM diABZI for 1 hr, scale bar 10 
µm. One representative experiment of n = 2 experiments. (F) Western blotting of phosphorylated STING 
(pSTING) and LC3B lipidation in 293T cells expressing WT STING, STING AQQA, TMEM192-STING-LBD 
stimulated as in (E). One representative experiment of n = 3 experiments. 

To investigate whether STING could function as an ion channel, we analyzed previously 
published cryo-EM structures of chicken STING using MOLEonline, a tool for automated 
detection and characterization of channels in macromolecules (Pravda et al., 2018). When we 
analyzed the cryo-EM structures of ligand-free apo STING (PDB structure: 6NT6) compared to 
STING bound to its native ligand, cGAMP (PDB structure: 6NT7), the tool identified a pore 
spanning the lipid bilayer (1.3 Å bottleneck radius, 29.9 Å length) in ligand-bound STING which 
was absent in ligand-free apo STING; the latter showed a central cavity but not spanning the 
whole membrane (Fig. 4.2a and Supplementary Fig. 4.2a). A recently discovered STING 
agonist, compound 53 (C53) (Lu et al., 2022), binds to the STING transmembrane domain in the 
area of the putative pore. We therefore hypothesized that C53 could be used as a tool for 
inhibition of the proposed ion channel function of STING. Indeed, we found that the STING-
mediated Golgi pH increase observed upon treatment with agonists diABZI or cGAMP alone was 
dramatically reduced when cells were co-treated with C53 along with diABZI or cGAMP (Fig. 
4.2b, c, Supplementary Fig. 4.2b), consistent with the hypothesis that the proposed pore region 
of STING is required to produce a pH change within the Golgi. In order to exclude a potential 
role for downstream non-canonical autophagy factors in mediating the observed pH increase, 
we knocked out ATG16L1, which is essential for STING-induced LC3B lipidation (Fischer et al., 
2020), in BJ1 pH reporter cells. As expected, we found no significant inhibition of STING agonist-
induced Golgi pH increase in these cells (Supplementary Fig. 4.2c, d). To further confirm 
STING’s mediation of the observed pH increase, we knocked out endogenous STING in BJ1 
cells expressing the cis/medial Golgi pH reporter (Supplementary Fig. 4.2e) and overexpressed 
STING-miRFP680. We then stimulated these cells with diABZI and used live-cell super-resolution 
Airyscan imaging to image STING translocation to individual Golgi vesicles. We observed that 
STING preferentially translocated to cis/medial Golgi vesicles with a pH increase, indicated by 
higher SEP relative to mRuby3 signal (Fig. 4.2d, e). Quantification revealed an increase in STING 
signal over time in vesicles with a high SEP to mRuby3 ratio, with little change in STING intensity 
at vesicles with a low SEP to mRuby3 ratio (Fig. 4.2d) as well as increasing correlation between 
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STING and vesicle SEP to mRuby3 ratio over time (Supplementary Fig. 4.2f), as expected if 
STING translocation to acidic Golgi compartments induces proton leakage.  

In order to explore the sufficiency of STING for mediating proton transport, we purified full-length 
human STING (Supplementary Fig. 4.2g) (Shang et al., 2019) and reconstituted STING onto 
liposomes (Dezi et al., 2013; H.-H. Shen et al., 2013; Tsai & Miller, 2013). We used the pH-
sensitive dye 9-Amino-6-Chloro-2-Methoxyacridine (ACMA) to measure proton flux into 
liposomes. ACMA will be sequestered in liposomes and its fluorescence quenched upon pH 
changes induced by proton transport from the external buffer into the vesicles, enabling 
quantification of proton flux based on a reduction in total ACMA fluorescence (Fig. 4.2f). Proton 
flux was observed in STING proteoliposomes and was reduced in the presence of C53, while 
control liposomes formed with identical solutions devoid of protein did not show proton flux (Fig. 
4.2g), consistent with the hypothesis that STING is sufficient to transport protons across lipid 
membranes. In contrast to the behavior in live cells, where we found that STING-mediated proton 
leakage is induced by STING agonists like diABZI or cGAMP, in liposomes STING mediated 
proton leakage similarly in the presence or absence of diABZI (Fig. 4.2g). The dispensability of 
diABZI for proton flux in this reductionist liposome assays suggests that an environment with a 
voltage difference or pH gradient (such as the Golgi) alone could be sufficient to induce an open 
conformation of STING and enable proton transport. In this case, agonist binding in cells is 
mainly essential for translocation of STING to this acidic organelle. Importantly, C53 still 
significantly reduced STING-driven proton transport in vitro.  
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Figure 4.2.  
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A pore-binding small molecule inhibits pH increase in cells stimulated with STING agonist and 
STING transports protons in an in vitro liposome assay. (A) Predicted pore for chicken cGAMP-bound 
STING but not the apo conformation; key parameters calculated using MOLEonline. (B) Quantification of 
pH increase in BJ1 cells from 0 to 60 minutes post 1 µM diABZI or 1 µM BafA1 stimulation with or without 
10 µM C53, data from three biological replicates combined. One-way ANOVA followed by Tukey’s HSD at 
the endpoint measurements. **** indicates p < .0001, *** p < .001, ns p > 0.05. (C) Representative images 
of BJ1 cells in (B) and Supplementary Fig. 4.2b, scale bar 20 µm. (D) Quantification of super-resolution 
Airyscan images of BJ1 MGAT SEP mRuby3 STING KO cells overexpressing STING WT miRFP680 
stimulated with 1 µM diABZI, representing four biological replicates and five individual cells. STING 
intensity was normalized to the per-cell baseline median intensity. Two-tailed student’s t-test at the 
endpoint measurements, **** indicates p < 0.0001. (E) Representative super-resolution Airsycan images of 
BJ1 cell from (D) at 0 minutes and 30 minutes post 1 µM diABZI stimulation. Scale bar 10 µm, inset scale 
bar 1 µm. (F) Schematic of the ACMA-based fluorescence flux assay. A K+ gradient is generated by 
different K+ concentrations in the external and internal buffers. If STING conducts H+, then the addition of 
the K+ ionophore valinomycin will drive H+ influx through STING. The fluorescent ACMA dye is sequestered 
and quenched upon pH changes induced by proton transport from the external buffer to the internal 
liposomes, resulting in reduced total ACMA fluorescence in the well. The protonophore carbonyl cyanide 
m- chlorophenyl hydrazone (CCCP), is added to the end of the assay to allow H+ influx in all liposomes as 
a positive control. (G) ACMA-based fluorescence influx assay using preformed liposomes loaded with 
STING protein (protein:lipid at a 1:200 mass ratio) or matched detergent micelle containing buffer (Control). 
Loaded liposomes were treated with DMSO, 100 µM C53, or 1 µM diABZI. One representative experiment 
of n = 4 experiments using two distinct batches of purified STING protein. Two-way ANOVA followed by 
Tukey’s HSD at the endpoint measurements. **** indicates p < .0001, ns indicates p > 0.05. For multiple 
comparisons, only “STING + diABZI” vs “STING + DMSO” and “Control + DMSO” vs “Control + C53” have 
ns p value, comparison between other groups all have p < .0001. 

Given the observed impairment of STING-mediated ion leakage upon treatment with C53 both 
in cells and in vitro, we next asked if C53 could inhibit other downstream functions of STING 
activation. We first tested whether STING-induced LC3B lipidation could also be inhibited by 
C53. Indeed, we found that treatment with both cGAMP and non-cyclic dinucleotide agonists 
MSA2 or diABZI induced LC3B lipidation, while co-treatment with C53 strongly impaired LC3B 
lipidation without associated inhibition of STING phosphorylation or STING translocation (Fig. 
4.3a-c, Supplementary Fig. 4.3a, b). By contrast, C53 co-treatment did not greatly inhibit LC3B 
lipidation induced by nigericin, an ionophore that induces non-canonical LC3B lipidation 
independently of STING (Jacquin et al., 2017) (Fig. 4.3b, c), suggesting that C53’s activity is 
specific to STING-dependent LC3B lipidation. To further exclude a STING-independent effect 
for C53, we knocked out endogenous STING in BJ1 cells expressing the cis/medial Golgi pH 
reporter and overexpressed wild-type STING or STING S53L (Supplementary Fig. 4.3c), a 
STING variant previously shown to have reduced binding to C53 (Lu et al., 2022). We then 
measured pH changes upon stimulation with diABZI and observed that C53 co-treatment 
inhibited agonist-mediated pH increases in cells expressing wild-type STING but had no 
significant effect in cells expressing STING S53L (Fig. 4.3d, e). Similarly, we found that 293T 
cells stably transduced with STING S53L exhibited reduced sensitivity to C53-mediated 
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impairment of LC3B lipidation induced by diABZI treatment relative to cells expressing wild-type 
STING (Fig. 4.3f).  

 

Figure 4.3. 
STING-induced LC3B lipidation is inhibited by C53 and STING S53L is less sensitive to C53-
mediated inhibition of pH increase and LC3B lipidation. (A) Representative images of stably expressed 
RFP-LC3B and STING-HA in FIP200 KO 293T cells upon 1 µM diABZI stimulation for 1 hour with or without 
10 µM C53 co-treatment. Scale bar 20 µm. (B) Quantification of experiment in (A), representing three 
biological replicates combined. One-way ANOVA followed by Tukey’s HSD, **** indicates p < .0001, *** 
indicates p < .001, ns p > 0.05. (C) Immunoblots for indicated proteins in BJ1 cells with or without co-
treatment with 10 µM C53 upon 20 µg/ml cGAMP (permeabilized with 5 µg/ml digitonin), 40 µM MSA2, or 
2 µM nigericin stimulation. One representative experiment of n = 3 experiments. (D) Quantification of pH 
change from 0 to 60 minutes post 1 µM diABZI stimulation with or without 10 µM C53, data from three 
biological replicates combined. STING was knocked out in BJ1 cells followed by overexpression of STING 
WT (left) or STING S53L (right). One-way ANOVA followed by Tukey’s HSD at the endpoint measurements, 
**** indicates p < .0001, ** p < .01, ns p > 0.05. (E) Representative images of BJ1 cells assayed in (D), scale 
bar 20 µm. (F). Immunoblots of indicated proteins in 293T cells expressing STING WT or STING S53L 
treated with 1 µM diABZI with or without 10 µM C53 for 1 hour. One representative experiment of n = 3 
experiments. 
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In addition to induction of interferon and LC3B lipidation, STING activates the NLRP3 
inflammasome in human myeloid cells (Gaidt et al., 2017), but the mechanism remains unclear. 
The influenza virus M2 pore protein induces non-canonical LC3B lipidation by inducing proton 
leakage (Ulferts et al., 2021), while also activating the NLRP3 inflammasome (Ichinohe et al., 
2010), so we hypothesized that STING might activate the inflammasome in a similar manner, and 
that C53 would block this activity. Upon activation, NLRP3 translocates from the cytosol to Golgi 
vesicles, where it initiates downstream inflammasome activation (J. Chen & Chen, 2018). Using 
an NLRP3-mNeonGreen reporter, we found that NLRP3 formed puncta upon stimulation with 
the STING agonist diABZI (Fig. 4.4a), similar to when cells were stimulated with the NLRP3 
agonist nigericin (Supplementary Fig. 4.4a) (J. Chen & Chen, 2018). In addition, we found that 
NLRP3 colocalized with STING and pSTING on these puncta (Fig. 4.4a). Consistent with the 
hypothesis that STING-induced proton leakage is the driver of downstream NLRP3 activation, 
when cells were treated with both diABZI and C53, we observed a significant reduction in NLRP3 
translocation together with an enhancement in STING phosphorylation (Fig. 4.4b, c). We also 
tested whether STING-induced LC3B lipidation could have a role in STING-induced 
inflammasome activation by knocking out ATG16L1 in BLaER1 cells (Supplementary Fig. 4.4b), 
a human cell line that can be transdifferentiated to monocytes and in which STING activation 
leads to NLRP3-dependent IL-1β release (Gaidt et al., 2017). We found that knockout of 
ATG16L1 did not impair diABZI-induced IL-1β release (Supplementary Fig. 4.4c). This suggests 
that STING-induced inflammasome activation is independent from STING-induced LC3B 
lipidation. Finally, we tested whether C53 could block STING-induced inflammasome activation 
as measured by IL-1β release and cell death in primary human CD14+ monocytes (Fig. 4.4d). In 
agreement with our findings in HEK293T cells, C53 co-treatment significantly impaired STING-
induced inflammasome activation, inhibiting IL-1β release (Fig. 4e, f) and cell death 
(Supplementary Fig. 4.4d) in primary human monocytes stimulated with cGAMP or diABZI to a 
level similar to that of monocytes treated with the NLRP3 inhibitor MCC950. Importantly, C53 
did not affect IL-1β release (Fig. 4.4e, f) or cell death (Supplementary Fig. 4.4c, d) when the 
NLRP3 inflammasome was activated by nigericin, further indicating that C53 impairs activation 
of the NLRP3 inflammasome in a STING-specific manner. These results suggest that, similar to 
the influenza protein M2, STING activates the NLRP3 inflammasome through induction of a 
proton leakage. 
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Figure 4.4.  
STING-induced NLRP3 inflammasome activation and IL-1β release is inhibited by C53. (A) 
Representative images of pSTING, STING, and NLRP3 in HEK293T cells expressing STING-HA and 
NLRP3-mNeongreen (NLRP3-mNg) treated with DMSO and 1 µM diABZI with or without 10 µM C53 for 
1 hour, scale bar 20 µm. (B) NLRP3 translocation quantified as the per-cell maximum NLRP3 intensity 
from experiment in (A) from three biological replicates combined. One-way ANOVA followed by Tukey’s 
HSD. **** indicates p < 0.0001, ns p > 0.05. (C) Same as (B) but quantifying pSTING intensity. (D) 
Experimental workflow for inflammasome induction in primary human monocytes. (E) Immunoblots of 
processed IL-1β from human monocytes (primed with R848) upon NS (no stimulus), 10 µg/ml cGAMP, 1 
µM diABZI, or 6.7 µM nigericin stimulation in the absence or presence of 10 µM C53 or the 5 µM NLRP3 
inhibitor MCC950 (MCC). One representative donor of n=3 donors tested. (F) Supernatant cytokine 
measurement from stimulated human monocytes (left: Pam3CSK4 primed, right: R848 primed) of 
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processed IL-1β upon no stimulation (NS), 10 µg/ml cGAMP, 1 µM diABZI, or 6.7 µM nigericin 
stimulation in the absence or presence of 10 µM C53 or the 5 µM NLRP3 inhibitor MCC950, each data 
point represent one donor with total n = 4 donors. Two-way ANOVA followed by Dunnett’s multiple 
comparisons test was used. “ns” indicates p >.05, * indicates p < .05, *** indicates p < .001 **** indicates 
p < .0001. 
 
Taken together, in this work we show that STING activation induces proton leakage at the Golgi 
through a channel formed at the interface of the STING homodimer’s transmembrane domains. 
This STING-mediated pH increase is inhibited by the small molecule C53, while no inhibition of 
pH increase was observed in cells expressing STING S53L, a STING variant with reduced binding 
to C53 (Lu et al., 2022). We further show that STING transports protons in an in vitro liposome 
assay and C53 treatment inhibits STING proton transport in vitro. 

In addition to demonstrating proton transport through purified STING in vitro and STING-
dependent pH changes in cells, we also show that STING’s channel activity is critical for 
downstream activation of LC3B lipidation and of the NLRP3 inflammasome, as treatment with 
C53 impairs these activities without reducing STING phosphorylation. Notably, C53 treatment 
also inhibits NLRP3 inflammasome activation downstream of STING in primary human 
monocytes. These findings provide an avenue for decoupling STING phosphorylation from 
induction of LC3B lipidation and inflammasome activation induced by STING. Comparing the 
effects of agonists that bind STING’s natural binding pocket or the pore-associated pocket, such 
as C53, could help determine the relative importance of STING phosphorylation versus channel-
mediated downstream functions in diverse biological contexts. From a therapeutic perspective, 
C53’s binding to STING’s proposed pore area and its dual function of activating STING 
translocation while blocking STING-induced proton flux provides a unique paradigm for 
designing additional STING agonists that enhance STING-mediated interferon production 
without inducing downstream effects mediated by STING’s channel activity.  
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4.3 Materials and Methods 

Cell lines and constructs 

293T (CRL-3216) and hTert-BJ1 (BJ-5ta - CRL-4001) were from ATCC. 293T and BJ1 were 
cultured in DMEM (Corning) supplemented with 10% FBS (VWR), 1X GlutaMax (Thermo Fisher) 
and 1X Penicillin/Streptomycin (Corning). The plasmids psPAX2 (#12260) and pCMV-VSV-G 
(#8454) were from Addgene. pTRIP-SFFV/PGK-Blast-2A-STING-HA was from an earlier 
publication(1). pTRIP-SFFV-Blast-2A-STING(H50R)/(S53L)-HA were cloned through PCR 
primers containing mutant sequences. pTRIP-SFFV-Blast-2A-NLRP3-mNG and pTRIP-SFFV-
Hygro-2A-RFP-LC3B were cloned from Gibson assembly using gBlocks. Plasmids for pH 
imaging are described in detail in the “Organelle pH Measurements and Image Acquisition” 
section. FIP200 KO 293T cells used for genetic screens were generated by transfecting 293T 
cells with pXPR_023 (Addgene #52961), encoding Cas9 and an sgRNA against FIP200 (1) and 
selecting cells with 2 µg/mL puromycin (Thermo Fisher Scientific #A1113803) for 2 days. FIP200 
KO 293T cells were then transduced with pTRIP-PGK-Hygro-P2A-RFP-LC3B, treated with 33 
µg/mL hygromycin (Invivogen, #ant-hg-1) for 3 days and then sorted to obtain a homogenous 
RFP+ population.  

Genome-wide CRISPR screen 

RFP-LC3B FIP200 KO 293T cells were transduced with pTRIP-PGK-Blast-P2A-STING-HA and 
selected with 20 µg/mL blasticidin (Thermo Fisher Scientific #A1113903). For screening, 200M 
RFP-LC3+ STING-HA+ FIP200 KO 293T cells were transduced with Cas9-sgRNA all-in-one 
Brunello library at MOI=0.4 and selected with 2 µg/mL puromycin for 2 days. 8 days after 
transduction, 200M transduced cells were treated with 1 µM diABZI (Invivogen, #tlrl-diabzi) for 
2.5hr, and then permeabilized with 1X perm buffer (PBS with 0.05% saponin and 0.1% glycine) 
for 4 min (2). Permeabilized cells were then washed with 1X PBS, and fixed, permeabilized 
further, and stained using BD Cytofix/Cytoperm kit (#554714) following the instruction with anti-
HA Alexa647 (Biolegend, #682404) 1:200 dilution. 

Mutagenesis screen 

RFP-LC3B FIP200 KO 293T cells were infected with saturation mutagenesis ORF library 
lentivirus at MOI = 0.2, and selected with 20 µg/ml blasticidin for 2 days. 150M transduced cells 
were treated with diABZI for 1.5hr, and then permeabilized with 1X perm buffer (PBS with 0.05% 
saponin and 0.1% glycine) for 4 min. Permeabilized cells were then washed with 1X PBS, and 
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fixed, permeabilized further, and stained using BD Cytofix/Cytoperm kit (#554714) following the 
instruction with anti-pSTING Alexa647 (CST, #43499) at 1:100 dilution. 

Human STING purification 

The process described here is adopted from a previous study(2). Briefly, Expi293F cells were 
transduced with SFFV-Blast-P2A-STING-FLAG and culture in Expi293 media (Thermo) with 
density between 4-6 million/mL for harvest. For each batch of protein purification, 3 L of cells 
were pelleted and resuspended in 50 mL buffer A (20 mM Tris-HCl pH 8.0, 150 mM NaCl, with 
protease inhibitor (Roche)), and then sonicated (20s total, 50% on time, 5 power using a Branson 
digital sonicator, repeated 3 times to break down all cells efficiently). Sonicated cells were 
centrifuged at 5000 g for 10 minutes to remove debris, and all the supernatant was collected 
and ultracentrifuged (100,000 g, 1 hour using Beckman Optima XPN90). After removing the 
supernatant, the pellets were resuspended with 25 mL Buffer A with 1.5% 10:1 DDM/CHS 
(Anatrace, D310-CH210), and then centrifuged at 5000 g, 10 min to remove all insoluble debris. 
The supernatant was collected and added to 1 mL of Buffer A pre-washed FLAG M2 beads 
(Sigma, 2426-1ML or M8823) and incubated at 4ºC for 1 hr. Beads were then washed with wash 
buffer (25 mM Tris-HCl pH 8.0, 300 mM NaCl, 10:1 DDM/CHS 0.1%) 3 times and then eluted 
with 0.5 mL elution buffer (25 mM Tris-HCl pH 8.0, 200 mM NaCl, 10:1 DDM/CHS 0.1%, 0.6 mg 
FLAG peptide (Sigma)) at 4ºC for 3 hr. Eluted samples were loaded on an FPLC (AKTA) to perform 
Size Exclusion Chromatography (SEC) using a Superdex 200 increase 10/300 column (Cytiva) 
using a running buffer (25 mM Tris-HCl pH 8.0, 150 mM NaCl, 10:1 DDM/CHS 0.03%).  

Liposome synthesis. 

Liposomes were generated via the thin film hydration method. Briefly, a mixture of POPE (1-
palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine) and POPG [1-palmitoyl-2-oleoyl-sn-
glycero-3-phospho-(1’-rac-glycerol)] (3:1, wt/wt) in chloroform (Avanti Polar Lipids) was dried in 
a rotovap (Rotovapor RII, BUCHI) to generate a lipid film(3). The film was hydrated with a high 
potassium buffer (500 mM KCl, 50 mM HEPES, pH 7.3) at 100 mg/mL and sonicated at 65°C 
until monodisperse liposomes were formed. Liposomes underwent 7 cycles of freeze-thawing 
and were sonicated in a water bath until they reached 200-300 nm in size. Size was measured 
via dynamic light scattering using a Zetasizer Nano ZSP (Malvern). 

Protein incorporation into lipid vesicles.  
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STING was loaded onto preformed liposomes as described previously for other channel 
proteins(4). Briefly, liposomes were diluted to 10 mg/mL using a low potassium buffer (500 mM 
NaCl and 2 mM HEPES, pH 7.3), then mixed with purified STING protein on detergent micelles. 
The detergent concentration was above its critical micelle concentration (CMC) to enable protein 
loading onto liposomes, but not sufficient to disrupt the lipid bilayer (5). Samples were then 
allowed to incubate for 30 minutes prior to assaying for proton flux. Control liposomes were 
generated via the same protocol, but were mixed only with the same buffer containing empty 
detergent micelles. 

Proteoliposome proton flux assay.  

The proton flux assay was performed following previously established protocols(6). Liposomes 
or proteoliposomes were diluted to 1 mg/mL or less in the low potassium buffer with 2 µM of 
ACMA (9-Amino-6-Chloro-2-Methoxyacridine, Thermo Fisher #A1324). The ACMA fluorescence 
(excitation at 419 nm and emission at 490 nm) was measured on a black 384-well plate for at 
least 1 minute to obtain a baseline fluorescence on an Infinite M200 pro (TECAN) plate reader. 
To initiate proton flux, 0.04 µM of valinomycin (Thermo Fisher, #V1644) was added to each 
sample and mixed. Fluorescence readings were then performed at 20-30 second intervals until 
no substantive changes were further observed (~10-15 minutes). To terminate the assay, 4 µM 
of CCCP (carbonyl cyanide 3-chlorophenylhydrazone, Sigma #C2759) was added to each 
sample and mixed and the fluorescence readings were measured for at least 1 minute. Relative 
fluorescence was calculated based on the difference between the measured fluorescence and 
the final fluorescence relative to the difference between the initial fluorescence and the final 
fluorescence. The same process was performed on the control liposomes. 

Organelle pH Measurements and Image Acquisition 

hTERT-immortalized BJ1 cells (ATCC CRL-2522) were transduced with lentiviral ratiometric 
reporters targeted to MGAT, GALT, or LAMP1 constructed based on previously reported 
designs(7) (modified from Addgene plasmid # 171718, Addgene plasmid # 171719, and Addgene 
plasmid # 171720) with superecliptic pHluorin (Addgene plasmid # 32001) and mRuby3 
(Addgene plasmid #127808). Transduced cells were sorted based on mRuby3 expression using 
a Sony MA900 sorter. For imaging assays, BJ1 SEP mRuby3 cells were plated in 24-well glass-
bottom plates (Greiner Bio-One) at 40,000 cells/well. After 48 hours, cells were stained for 45 
minutes at 37°C with 0.5 µg/ml Hoechst 34580 (Thermo Fisher Scientific, cat. #H21486). Cells 
were then washed and incubated in Fluorobrite DMEM (Thermo Fisher Scientific, cat. 
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#A1896701) medium supplemented with 10% FBS, 1% Pen-strep, and 1x GlutaMAX (Thermo 
Fisher Scientific, cat. #35050061). For pH calibration experiments, cells were treated with buffers 
at defined pH values supplemented with nigericin and valinomycin following manufacturer’s 
instructions (Thermo Fisher Scientific cat. # P35379). Additional buffers at pH 7, 6, and 5 were 
created by titration with HCl. For time-course experiments, cells were stimulated with 1 µM 
Bafilomycin A1 (Santa Cruz Biotechnology cat. #sc-201550), 1 µM diABZI (Invivogen, #tlrl-
diabzi), or 20 µg/mL cGAMP (Invivogen, #tlrl-nacga23-1) with 5 ng/µL digitonin (Promega, 
#G9441) for 1 hr with or without the addition of 10 µM C53 (Cayman, #37354). For experiments 
assaying the effect of STING S53L, hTERT-immortalized BJ1 cells expressing SEP mRuby3 
targeted to cis/medial Golgi (MGAT) were transduced with pXPR023 (lentiCRISPRv2) expressing 
an sgRNA targeting STING and selected with 0.1 µg/mL puromycin for 5 days. Cells were then 
transduced with blasticidin-STING-HA (WT or S53L) and selected using 10 µg/mL blasticidin HCl 
for 5 days. All images were acquired using a Ti2-E inverted epifluorescence microscope (Nikon) 
with automated XYZ stage control, hardware autofocus, and a Yokogawa CSU-W1 confocal 
spinning disk unit with Zyla 4.2 PLUS sCMOS camera. An Okolab cage incubator was set to 
37°C with 5% CO2. 405, 488, 561, and 640 nm laser lines were used for fluorescence illumination 
and all hardware was controlled using NIS Elements software. Images were acquired using a 
40X 0.95 NA CFI Plan Apo λ objective (Nikon MRD70470) with the following lasers and filters: 
Hoechst (405 nm laser, Chroma Multi LED set #89401), superecliptic pHluorin (488 nm laser, 
Chroma Multi LED set #89401), and mRuby3 (561 nm laser, Chroma Multi LED set #89401), 
assaying three z planes per field of view with 1.25 µm spacing. Fields of view were selected using 
NIS Elements software coordinates without manual preselection. 

Autophagy Induction and Image Acquisition 

RFP-LC3B and STING-HA-expressing FIP200 KO 293T cells were seeded on Fibronectin bovine 
plasma coated 24-well glass-bottom plates (Greiner Bio-One) the night before stimulation. Cells 
were then stimulated with 20 µg/ml cGAMP (Invivogen, #tlrl-nacga23-1) with 5 µg/ml digitonin 
(Promega, #G9441) or 1 µM DIABZI (Invivogen, #tlrl-diabzi) with or without the addition of 10 µM 
C53 (Cayman, #37354) for 1 hour. Cells were then fixed with 2% Paraformaldehyde (Electron 
Microscopy Sciences, #15710) in PHEM buffer (Electron Microscopy Sciences, #11162) for 30 
minutes at 37°C, washed three times with PBS and quenched with freshly prepared 0.1M Glycine 
(Sigma, #50046) for 10 minutes. Cells were permeabilized in 100% methanol for 30 minutes and 
stained with anti-HA (Millipore, #11867423001) for 1 hour at room temperature in 3% BSA, 
washed 5 times, and then stained with Alexa 647 anti-rat IgG (H+L) (Thermo, A-21247) in 3% 
BSA for 1 hour. After five washes, cells were incubated in 2X SSC with 200 ng/mL DAPI (Thermo 
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Fisher) and imaged using the Nikon microscope used for organelle pH images. Images were 
acquired using a 60X 1.40 NA Plan Apo λ oil immersion objective (Nikon MRD01605) with Nikon 
type F immersion oil with the following lasers and filters: DAPI (405 nm laser, Chroma ET455/50), 
RFP-LC3B (561 nm laser, Chroma ET605/52), and STING-HA (640 nm laser, Chroma ET705/72), 
assaying five z planes per field of view with 0.625 µm spacing. Fields of view were selected using 
NIS Elements software coordinates without manual preselection. 

NLRP3 Stimulation and Image Acquisition 

HEK293T cells transduced to express NLRP3-mNeonGreen and STING-HA were plated in 24-
well glass-bottom plates (Greiner Bio-One) and, after 24 hours, stimulated with 2 µM nigericin or 
1 µM diABZI with or without the addition of 10 µM C53 for 1 hour. Cells were then fixed with 2% 
Paraformaldehyde (Electron Microscopy Sciences, #15710) in PHEM buffer (Electron 
Microscopy Sciences, #11162) for 30 minutes at 37°C, washed three times with PBS and 
quenched with freshly prepared 0.1M Glycine (Sigma, #50046) for 10 minutes. Cells were 
permeabilized in 100% methanol for 30 minutes and stained with anti-HA (Millipore, 
#11867423001) and anti p-STING (Cell Signaling Technology cat. #19781s) for 1 hour at room 
temperature in 3% BSA, washed 5 times, and then stained with Alexa 647 anti-rat IgG (H+L) 
(Thermo, A-21247) and Alexa 555 plus anti-rabbit (Thermo, A32732) in 3% BSA for 1 hour. After 
five washes, cells were incubated in 2X SSC with 200 ng/mL DAPI (Thermo Fisher) and imaged 
using the Nikon microscope used for organelle pH images. Images were acquired using a 60X 
1.40 NA Plan Apo λ oil immersion objective (Nikon MRD01605) with Nikon type F immersion oil 
with the following lasers and filters: DAPI (405 nm laser, Chroma ET455/50), NLRP3 mNeonGreen 
(488nm laser, Chroma ET525/36) pSTING (561 nm laser, Chroma ET605/52), and STING-HA (640 
nm laser, Chroma ET705/72), assaying five z planes per field of view with 0.625 µm spacing. 
Fields of view were selected using NIS Elements software coordinates without manual 
preselection. 

Super-resolution Airyscan Imaging 

hTERT-immortalized BJ1 cells (ATCC CRL-2522) expressing SEP mRuby3 targeted to cis/medial 
Golgi (MGAT) were transduced with pXPR023 (lentiCRISPRv2) expressing an sgRNA targeting 
STING and selected with 0.1 µg/mL puromycin for 5 days. Cells were then transduced with 
blasticidin-STING-miRFP680 (constructed using Addgene plasmid # 136557) and selected using 
10 µg/mL blasticidin HCl for 5 days. Cells were plated in 96-well glass-bottom plates (Greiner 
Bio-One) at 6,000 cells/well. After 48 hours, cells were incubated in Fluorobrite DMEM (Thermo 
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Fisher Scientific, cat. #A1896701) medium supplemented with 10% FBS, 1% Pen-strep, and 1x 
GlutaMAX (Thermo Fisher Scientific, cat. #35050061) and stimulated with 1 µM diABZI 
(Invivogen, #tlrl-diabzi). All images were acquired using an LSM980 with Airyscan2 (Zeiss) with 
37°C and 5% CO2 incubation. 8 z-stacks were acquired with 0.15 µm z-step. Images were 
acquired using a 63X 1.40 NA DIC M27 objective with Immersol 518F 37°C oil. Acquired images 
were Airyscan processed and then analyzed as described in the image analysis section. 

Western Blotting 

Cells were seeded at 0.15 million cells (BJ1) or 0.2 million cells (293T) per well in a 24 well plate 
the night before stimulation. Cells were then stimulated with 1 µM diABZI (Invivogen, #tlrl-diabzi), 
2 µM Nigericin (Invivogen, #tlrl-nig), 20 µg/mL cGAMP (Invivogen, #tlrl-nacga23-1) with 5 µg/mL 
digitonin (Promega, #G9441) or 40 µM MSA2 (Invivogen, #tlrl-diabzi) with or without the addition 
of 10 µM C53 (Cayman, #37354) for 1 hour. Cells were then harvested and lysed in 100 µL 1X 
SDS sample buffer (Boston Bio, #BP111NR) and boiled for 10 mins. Samples were run on 
NuPAGE 4 to 12% Bis-Tris Gels (Thermo Fisher) and transferred on nitrocellulose membrane 
with an iBlot2 (Thermo Fisher). Membranes were blocked in 5% non-fat milk in TBS Tween. 
Antibodies against phospho proteins were incubated in 5% BSA TBS tween. ECL signal was 
recorded on a ChemiDoc Biorad Imager. Data was analyzed with ImageLab (Biorad). 

Monocyte Experiments 

CD14+ monocytes were isolated from peripheral adult human blood using CD14 Microbeads 
(Miltenyi) as previously described (3). CD14+ monocytes were cultured in RPMI (Gibco) 
supplemented with 10% FBS (VWR), 1X GlutaMax (Thermo Fisher), and 1X 
Penicillin/Streptomycin (Corning). Monocytes were plated at 400,000 cells/well and stimulated 
with indicated priming reagents (2µg/ml Pam3CSK4, 1µg/ml R848) for 2h, and then stimulated 
with indicated stimuli (10µg/ml cGAMP, 1µM DiABZI, 10uM C53, 5µM MCC950 ) for 6h. 6.7µM 
nigericin was added in the last 2h of stimulation. All the stimuli were from Invivogen except C53 
(Cayman). Stimulated cells were then centrifuged to separate cells and supernatant for PI 
staining, Legendplex assay and Immunoblot. Cytokine quantification was performed following 
standard Legendplex protocol using anti-IL1b beads (Biolegend, #740812). PI staining was 
performed in 120µl/well with a 1:200 PI (Biolegend) dilution. Cells for PI staining and beads for 
Legendplex were acquired on a Cytoflex LX (Beckman Coulter). Data was analyzed with FlowJo 
v10.7 (BD). IL-1β concentration was calculated using Graphpad Prism based on mean 
fluorescence intensity of a standard curve.  
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BlaER1 Experiments 

BLaER1 were transduced with pXPR023-ATG16L1_g01 or pXPR023-ATG16L1_g02, selected 
with 2 µg/mL Puromycin and then trans-differentiated into monocytes as described in Gaidt et 
al 2018(8). Briefly, 70,000 cells/well were plated in a 96 well flat bottom with 10 ng/mL IL-3 
(Peprotech), 10 ng/mL, M-CSF (Biolegend), 100 nM β-Estradiol (Sigma) in RPMI for 5 days. 
Before stimulation, the media was replaced and cells were pre-stimulated with 2 µg/ml 
Pam3CSK4 (Invivogen) for 1 hour. Cells were then stimulated with the combination of drugs 
indicated in the figure legend for 5 hours. Supernatant was then collected and IL-1β was 
measured via Legendplex following manufacturer’s instructions. 

FACS Screen Analysis 

Guide RNA abundances were extracted from FASTQ files using poolq 3.3.2 with fixed row and 
barcode policies. Resulting log-abundances were then subtracted between sorting bins from 
each experimental condition and analyzed using the Broad Genetic Perturbation Platform screen 
analysis tool (https://portals.broadinstitute.org/gpp/public/analysis-tools/crispr-gene-scoring) 
using a hypergeometric analysis. 

Image Analysis 

Analysis was performed using code adapted from (4), and all analysis code is available on 
GitHub. For live-cell confocal imaging experiments with BJ1 cells expressing mRuby3 SEP, 
analysis was performed using z-stack maximum projection images. Cells were segmented by 
thresholding the Hoechst signal to identify nuclei and expanding the resulting regions to define 
cell areas using the seeded watershed method based on a defined threshold in the mRuby3 
channel. All experiments used the same mRuby3 thresholds, while Hoechst thresholds were 
varied as appropriate to account for technical differences in staining levels. Segmented cells 
were tracked across timepoints and the ratio of maximum superecliptic pHluorin to median 
mRuby3 in the cytoplasm (defined as the difference between the cell and nuclear masks) was 
extracted in tracked cells. For pH calibration experiments, a single cell mask was defined at pH 
= 7.5 using the mRuby3 channel and applied to define cell regions at lower pH values that were 
subsequently measured. Linear regression (scikit-learn linear_model.LinearRegression) was 
used to separately determine correspondence between pH values and SEP max / mRuby3 
median ratios for each genetically encoded reporter using measurements at pH values 6.5, 7, 
and 7.5 (the linear range for these reporters). For super-resolution Airyscan analysis, cells were 
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manually masked based on background fluorescence in the STING miRFP680 channel. A single 
z-stack was selected for analysis and individual Golgi vesicles were segmented at each timepoint 
based on thresholding in the mRuby3 channel. SEP, mRuby3, and STING miRFP680 intensities 
were separately extracted from each segmented vesicle. For each cell, initial SEP/mRuby3 ratios 
and STING intensity were normalized relative to baseline and segmented vesicles were defined 
as SEP/mRuby3 high if the ratio was >= 1.5-fold relative to the mean baseline ratio for each cell. 
For fixed cell analysis of LC3B lipidation and inflammasome induction experiments, nuclei were 
segmented by thresholding the DAPI signal and cells were segmented by expanding the resulting 
regions using the seeded watershed method. Cells were segmented based on background 
fluorescence in the STING or NLRP3 mNeonGreen channels for LC3B lipidation and 
inflammasome experiments, respectively. For the LC3B lipidation experiments, LC3B puncta 
were segmented based on a defined intensity threshold and area range in that channel. For the 
inflammasome experiments, around 50% of the cells were removed based on lack of expression 
of NLRP3 mNeonGreen or STING, as not all cells expressed both constructs. Across all 
experiments, the only analysis settings varied across replicates were the Hoechst threshold for 
nuclear segmentation of live-cell imaging experiments. 
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4.4 Supplementary Figures 

Supplementary Figure 4.1. 
(A) Representative images of BJ1 cells expressing a ratiometric SEP and mRuby3 reporter localized to 
MGAT, GALT, or LAMP1 treated with 1 µM nigericin and 1 µM valinomycin and buffers with defined pH. 
Scale bar 20 µm. (B) Quantification of experiment in (A), data from three biological replicates combined, 
linear regression fits from pH 6.5 to 7.5 shown. (C) Cropped image from Fig. 1a across all timepoints 
assayed showing each channel separately as well as the SEP to mRuby3 ratio and Hoechst merge. (D) 
Quantification of changes in LAMP1 reporter pH upon 1 µM diABZI or 1 µM BafA1 stimulation, data from 
three biological replicates combined. One-way ANOVA followed by Tukey’s HSD at 60 minute timepoint. 
**** indicates p < .0001, ns = p > 0.05 (E) Representative images of BJ1 cells in (D), scale bar 20 µm. (F) 
Replicate log2-fold-change correlations for genome-wide CRISPR screens. (G) Replicate -log10(FDR 
adjusted p value) correlations for genome-wide CRISPR screens. (A) Representative images of BJ1 cells 
expressing a ratiometric SEP and mRuby3 reporter localized to MGAT, GALT, or LAMP1 treated with 1 
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µM nigericin and 1 µM valinomycin and buffers with defined pH. Scale bar 20 µm. (B) Quantification of 
experiment in (A), data from three biological replicates combined, linear regression fits from pH 6.5 to 7.5 
shown. (C) Cropped image from Fig. 4.1a across all timepoints assayed showing each channel 
separately as well as the SEP to mRuby3 ratio and Hoechst merge. (D) Quantification of changes in 
LAMP1 reporter pH upon 1 µM diABZI or 1 µM BafA1 stimulation, data from three biological replicates 
combined. One-way ANOVA followed by Tukey’s HSD at 60 minute timepoint. **** indicates p < .0001, 
ns = p > 0.05 (E) Representative images of BJ1 cells in (D), scale bar 20 µm. (F) Replicate log2-fold-
change correlations for genome-wide CRISPR screens. (G) Replicate -log10(FDR adjusted p value) 
correlations for genome-wide CRISPR screens.  
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Supplementary Figure 4.2. 
(A) Radius, charge and hydropathy of the proposed channel area of chicken STING bound with cGAMP 
(PBD: 6NT7). (B) Quantification of pH in BJ1 SEP mRuby3 MGAT or GALT reporter cells from 0 to 60 
minutes post 20 µg/mL cGAMP with 5 µg/ml digitonin or 1 µM BafA1 stimulation, with or without 10 µM 
C53; data from three biological replicates combined. One-way ANOVA followed by Tukey’s HSD at 60 
minute timepoint. **** indicates p < .0001, ns p > 0.05. (C) Immunoblots of indicated proteins in BJ1 SEP 
mRuby3 MGAT or GALT reporter cells expressing Cas9 and nontargeting sgRNA (ntgRNA) or ATG16L1 
targeting sgRNA (ATG16L1 g01). (D) Quantification of pH in BJ1 SEP mRuby3 MGAT or GALT reporter 
cells from 0 to 60 minutes post 1 µM diABZI stimulation with or without 10 µM C53 and a non-targeting 
sgRNA or an sgRNA targeting ATG16L1 (g01), data from three biological replicates combined. One-way 
ANOVA followed by Tukey’s HSD at 60 minute timepoint. **** indicates p < .0001, ns p > 0.05. (E) 
Immunoblots of indicated proteins in BJ1 SEP mRuby3 MGAT reporter cells expressing Cas9 and 
nontargeting sgRNA (ntgRNA) or STING targeting sgRNA (STING g01). (F) Quantification of super-
resolution Airyscan images of BJ1 MGAT SEP mRuby3 STING KO cells overexpressing STING WT 
miRFP680 stimulated with 1 µM diABZI, representing four biological replicates and five individual cells. 
STING intensity and SEP/mRuby3 ratios were normalized to per-cell baseline median intensities and 
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Pearson correlations for each cell between STING and SEP/mRuby3 in Golgi vesicles were calculated at 
each timepoint. (G) Size exclusion chromatography of eluted STING protein (left) with coomassie staining 
(right) of each fractions. One representative experiment of n=3 experiments. Fractions 5 and 6 were 
combined for proteoliposome experiments.  
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Supplementary Figure 4.3. 
(A) STING translocation quantified as the per-cell maximum STING intensity for experiment in Figure 3A, 
representing three biological replicates combined. One-way ANOVA followed by Tukey’s HSD, **** 
indicates p < .0001. (B) Representative images of stably expressed RFP-LC3B and STING-HA in FIP200 
KO 293T cells upon 20 µg/mL cGAMP with 5 µg/ml digitonin or 2 µM nigericin stimulation with or without 
10 µM C53 co-treatment. Scale bar 20 µm. (C) Immunoblots of indicated proteins from BJ1 SEP 
mRuby3 MGAT cells transduced with Cas9 with non-targeting sgRNA (ntgRNA) or Cas9 with STING 
targeting sgRNA (STING g01) with indicated STING WT or STING S53L expression.  



 
 
 
 
 
 

101 

 

Supplementary Figure 4.4. 
(A) Representative images of pSTING, STING, and NLRP3 in HEK293T cells expressing STING-HA and 
NLRP3-mNeonGreen and treated with 2 µM nigericin with or without 10 µM C53 for 1 hour. Scale bar 20 
µm. (B) Immunoblots of indicated proteins in BLaER1 cells expressing Cas9 and nontargeting sgRNA 
(ntgRNA) or ATG16L1 targeting sgRNAs (ATG16L1 g01 and g02). (C) IL-1β quantification in supernatant 
of differentiated BLaER1 KO cells in (B) pre-treated for 1 hour with 2 µg/ml Pam3CSK4 and stimulated 
for 5 hours with the indicated combinations of drugs (1 µM diABZI, or 6.7 µM nigericin stimulation in the 
absence or presence of 10 µM C53 or the 5 µM NLRP3 inhibitor MCC950). Data was quantified using 
three combined biological replicates. One-way ANOVA with post-hoc Tukey test on log-normalized data. 
** p<0.01, *** p<0.001, **** p<0.0001. (D) PI staining of R848 (left) or Pam3CSK4 (right) primed 
monocytes upon NS (no stimulus), 10 µg/ml cGAMP, 1 µM diABZI, or 6.7 µM nigericin stimulation in the 
absence or presence of 10 µM C53 or the 5 µM NLRP3 inhibitor MCC950. One-way ANOVA with post-
hoc Tukey test between all DMSO-treated groups (DMSO plus NS, cGAMP, diABZI, and nigericin) and 
between matched DMSO-C53/MCC950 groups with the same stimulus (NS, cGAMP, diABZI, and 
nigericin). * p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001, non-significant tests not shown. NS: no 
stimulation. Each data point represents one donor, total n = 4 donors.  
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5 Conclusions and Outlook 

While the studies in this work clearly show the power of functional genomics and, in particular, 
optical pooled screening approaches to reveal regulators of host-pathogen interactions, further 
advances are needed to extend the accessibility and utility of this technology to answer similar 
questions. 

First, the imaging setup recommended for optical pooled screening encompasses several 
affordable options (many wide-field fluorescence microscopes and illuminators are compatible, 
while specific filter sets may need to be purchased; suggested configurations are discussed in 
Feldman et al., 2022). However, the imaging time needed for screening is substantial (~1.5 
imaging hours per cycle per plate, with genome-wide screens ranging from six to twelve or more 
6-well plates and twelve sequencing cycles) so screening on a shared instrument is practically 
challenging. Furthermore, while costs per cell are much lower than transcriptome sequencing, 
reagent costs for in situ amplification and sequencing are in excess of $1,000 per 6-well plate. 
Personnel time for screening is also a challenge, as sequencing cycles are currently performed 
manually on thermocyclers. Finally, custom image analysis and experience with cloud computing 
is required to analyze large image-based screens. We have released code to call in situ 
sequencing reads from cells (Feldman et al., 2022) but this code will likely require custom 
adjustments for different imaging configurations, cell types, or perturbation modalities. For 
optical pooled screening to become accessible to a broad range of researchers, academic or 
commercial groups offering services covering some or all of the components of optical pooled 
screening will be required. 

In terms of technology development, throughput is currently sufficient for genome-scale screens 
in tractable cell models such as HeLa cells or other cancer cell lines that can be cultured at high 
density and have a small per-cell area, but is not well-suited to genome-scale screens in models 
that require much more surface area per cell (e.g. larger cell lines such as fibroblasts and 
screening for cell-cell interactions or other phenotypes that may require sparse cell plating) or 
screens with >1e5 perturbations. The major throughput bottleneck, apart from cost 
considerations, is automation of in situ sequencing cleavage, incorporation, and washing 
between cycles, which would approximately double throughput. Other optimizations include 1) 
reducing imaging time (examples include externally-triggered hardware, imaging at lower than 
10x magnification, using a larger field-of-view camera, using 2-color rather than 4-color SBS 
chemistry) and 2) reducing sequencing chemistry time (examples include optimizing washing 
conditions or using alternative sequencing chemistries with reduced background). Furthermore, 
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some cell types result in higher in situ sequencing efficiency than others, which is likely partially 
explained by differences in mRNA expression levels. Cell-type-specific promoters or 
optimization of fixation and enzymatic conditions for the cell model of interest may improve 
efficiency but may also require substantial time investment.  

5.1 Outlook for Analysis of Optical Pooled Screens 

5.1.1 Pooled Genetic Loss-of-Function Screen Analysis 

There are numerous approaches for analyzing pooled genetic loss-of-function screens, including 
BAGEL2 (Kim & Hart, 2021), a Z-score model (Lenoir et al., 2021), Ceres (Morgens et al., 2017), 
and Chronos (Dempster et al., 2021). Benchmarking studies in one instance showed that 
Chronos, which explicitly models cell proliferation after gene knockout and performs copy 
number correction, outperformed other methods in identifying essential genes (Dempster et al., 
2021), while in another instance revealed that BAGEL2 and Ceres outperformed Chronos in the 
construction of co-essentiality networks (Gheorghe & Hart, 2022). Further work is needed to 
determine strengths and weaknesses of existing algorithms and further improve analysis even in 
the case of relatively straightforward screens with a single phenotypic output. While analysis of 
optical pooled screens comes with additional considerations, some advances in analysis of other 
pooled genetic screens such as copy-number correction could also be incorporated into analysis 
of optical pooled screens. 

5.1.2 Analysis of Single-Cell Screens 

While the number of single-cell genetic perturbation-based datasets is relatively small, these are 
rapidly growing and now include one instance of a genome-scale single-cell transcriptome-wide 
dataset (Replogle et al., 2022). There are a few more examples of single-cell datasets with both 
genetic and non-genetic perturbations, resulting in 44 publicly available datasets recently 
collected in the scPerturb database (Peidli et al., 2022). Desired goals for analysis of these high-
dimensional screens vary and generally focus on 1) predicting mechanisms of action, 2) 
predicting effects of unseen perturbations, or 3) predicting perturbation interactions (Ji et al., 
2021). As single-cell perturbation screens become more routine, algorithms to leverage 
information in these high-resolution single-cell datasets are urgently needed as current pipelines 
have very different approaches and often do not present comparisons between distinct analysis 
approaches (A. Dixit et al., 2016; Duan et al., 2019; Papalexi et al., 2021; L. Wang, 2021; L. Yang 
et al., 2020). 
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5.1.3 Analysis of Image-Based Profiling Screens 

Unlike many other single-cell screens, image-based profiling screens encode spatial information 
about cell locations that could be used as either a phenotype of interest or to remove noise from 
a primary phenotype with no spatial variation of interest above the subcellular level. Examples 
of these spatial features include cell density on multiple scales and phenotypes of neighboring 
cells (example analysis approaches in Kramer et al., 2022; Snijder et al., 2012), as well as position 
within the well to account for technical within-well effects of uneven stimuli, enzymatic reactions, 
or phenotyping reagents, among other factors. In addition, technical effects related to image 
acquisition like the image acquisition order, position of cells within the field of view (Peng et al., 
2017), and focus quality could also be taken into account in analyses. 

5.2 Challenges and Opportunities in Screening for Host-Pathogen Interactions 

5.2.1 Reproducibility and robustness 

A critical challenge for CRISPR screening in general and especially in the context of screening 
for host-pathogen interactions is the lack of reproducibility of screening results. Biological 
replicates are often not performed, analysis is not standardized, and screen sequencing results 
or even tables with scores for all perturbations are not always available, making it difficult to 
determine whether the cause of discordant results is technical or biological. At minimum, raw 
sequencing data for screens with an NGS-based output should be deposited to GEO or SRA. 
The research community should also seek to establish minimum information guidelines for 
CRISPR screens, as suggested by Bock et al., 2022. 

5.2.2 Selection of Experimental System 

The primary genome-wide screens presented in this thesis relied on cancer cell lines or 
immortalized myeloid cell lines, since high-throughput screening in primary or more 
physiologically relevant cellular models is often intractable due to 1) difficulty obtaining a large 
enough cell population, 2) difficulty transducing sufficient cells, 3) difficulty maintaining cells in 
culture for multiple weeks while maintaining the phenotypic states of interest, and 4) challenges 
in assay compatibility with certain cell types (e.g. for optical pooled screens: in situ sequencing 
efficiency, surface area required, plating evenness; for flow cytometry screens: challenges 
generating single-cell suspensions; for all screens: challenge obtaining reliable high-penetrance 
phenotypes needed for large-scale screens). These challenges are not trivial and, even if some 
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could be overcome, genes that have similar functions in multiple cell models may not be 
recovered in the less tractable cell model due to reduced power derived from technical effects. 

Selection of the pathogen studied is also critical. In some cases, using a less-virulent pathogen 
such as a pseudotyped virus, bacterial component, viral replicon (self-replicating viral DNA or 
RNA) or minigenomes (plasmid-driven minimal replication systems) (Hannemann, 2020) may be 
more practical than use of a high-containment pathogen. Even in cases where use of the 
unmodified pathogen is available, pilot experiments should be performed to determine whether 
technical noise, often greater with the true pathogen, renders a large screen impractical. On the 
other hand, pilot experiments should also test whether known factors affecting host-pathogen 
interactions are replicated in simplified experimental systems and ensure use of experimental 
systems appropriate for the biological question being asked: for instance, pseudotyped viruses 
are typically best for identification of entry factors while minigenome assays are more suited for 
identification of post-entry replication modifiers. 

As CRISPR technologies become more routine and sequencing costs decrease, it may become 
more common to perform screens in multiple experimental models in order to systematically 
compare effects across cell types and pathogens. In a meta-analysis of SARS-CoV-2 screens, 
the cellular model was identified as the primary source of variability (Rebendenne et al., 2022). 
Furthermore, gene hits in Calu3 lung epithelial cells, a more physiologically relevant cell model 
that does not require overexpression of ACE2 and TMPRSS2 receptors for SARS-CoV-2 
infection, found that top hits in these cells were more highly expressed in COVID-19 patient 
epithelial cells, ACE2+TMPRSS2+ ciliated lung epithelial cells, and more differentially expressed 
in COVID-19 vs healthy epithelial cells than top hits from screens in less relevant cell types like 
Huh7 and A549 cells (Biering et al., 2022). This example highlights the importance of the selection 
of an appropriate cell model. 

5.3 Optical Pooled Screens in Multicellular Ecosystems 

5.3.1 In vitro Image-Based Screens in Multicellular Ecosystems 

In addition to extending optical pooled screens to more physiologically relevant cells as already 
discussed, screens for cell-cell interactions are also more challenging but of great interest. For 
instance, multiple genome-wide in vitro CRISPR screens in organoids have already been 
successful: a screen for regulators of iPSC differentiation in kidney organoids (Ungricht et al., 
2022) and a screen that identified genes mediating resistance to TGF-β growth restriction in 
intestinal organoids (Ringel et al., 2020). Organoid models that could be adapted to two-
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dimensional systems compatible with high-throughput image-based screening or optically 
cleared to enable volumetric imaging could be used to screen for regulators of cellular 
interactions and spatial organization using optical pooled screening technology. Automated 
imaging and organoid culture will also be critical; for instance, a recent example imaged 300 
organoids per hour (Beghin et al., 2022). 

5.3.2 In vivo Spatial Screens 

Many phenotypes may not be properly recapitulated in any in vitro system and would therefore 
require in vivo screens. A key biological limitation here is that in vivo screens are generally 
performed in mouse models and the closest tractable model to humans for these screens would 
be the use of non-human primates (NHPs), which are often impractical. Therefore, if the 
phenomenon of interest is not recapitulated in mouse models, a profiling approach of human 
samples may be more appropriate than a perturbation-based approach as a first step.  

In vivo pooled CRISPR screens are reviewed in Kuhn et al., 2021 and have been performed with 
fitness, flow cytometry, and scRNA-seq based phenotypic outputs. Spatial in vivo screens could 
be used to causally identify genetic determinants of in vivo multicellular organization. Four main 
approaches for in vivo spatial screening could be considered and the ideal approach in the near 
future will likely depend on the specific application. First, in situ sequencing approaches already 
used in tissue samples could be adapted to read out sgRNA sequences (X. Chen et al., 2019; 
Ke et al., 2013); however, these approaches are expensive and may not be compatible with 
tissues that have high autofluorescence. Second, ex situ sequencing spatial transcriptomics 
technologies (Slide-seq (Rodriques et al., 2019; Stickels et al., 2021) and HDST (Vickovic et al., 
2019), among others) could be used to incorporate reads from sgRNAs, but costs would be 
substantial. Third, approaches to extract omics information from cell populations of interest 
could be used to perform enrichment-based spatial screens in vivo (Genshaft et al., 2021; K. H. 
Hu et al., 2020; Kishi et al., 2022; Mangiameli et al., 2022; van der Leun et al., 2021). Finally, 
since in vivo screens to assess perturbation-induced changes in cell positioning will likely involve 
small library sizes, these might be best encoded via protein barcodes like Pro-Codes 
(Wroblewska et al., 2018), which enabled detection of 364 populations, or EPICodes, enabling 
46,656 combinations by using nuclear or mitochondrial protein localization to expand barcoding 
capacity (Kudo et al., 2022), a strategy that, however, might be challenging to apply to dense 
tissue sections. Pro-Codes have already been applied to tissue sections to identify 120 cancer 
cell populations and detect effects of knock-out of 35 genes in a mouse model of lung concer 
(Dhainaut et al., 2022; Wroblewska et al., 2018). These systems are attractive due to the stability 
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and relative ease and low-cost detection of protein barcodes but, unlike the other strategies, 
would require construction of bespoke libraries.  
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