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Single-cellimage-based screens identify host
regulators of Ebola virus infection dynamics
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Filoviruses such as Ebola virus (EBOV) give rise to frequent epidemics with
high case fatality rates while therapeutic options remain limited. Earlier
genetic screens aimed to identify potential drug targets for EBOV relied

on systems that may not fully recapitulate the virus life cycle. Here we
applied animage-based genome-wide CRISPR screen to identify 998 host
regulators of EBOV infectionin 39,085,093 cells. A deep learning model
associated each host factor with a distinct viral replication step. From this
we confirmed UQCRB as a post-entry regulator of EBOV RNA replication and
show that small-molecule UQCRB inhibition reduced virus infection in vitro.
Using arandom forest model, we found that perturbations on STRAP
(aspliceosome-associated factor) disrupted the equilibrium between viral
RNA and protein. STRAP was associated with VP35, a viral RNA processing
protein. This genome-wide screen coupled with 12 secondary screens
including validation experiments with Sudan and Marburg virus, presents
arichresource for host regulators of virus replication and potential targets
for therapeuticintervention.

Filoviruses such as Ebola virus (EBOV), Sudan virus (SUDV) and the
distantly related Marburg virus (MARV) are single-stranded, negative-
sense viruses responsible for outbreaks with high case fatality rates,
predominantly in West or equatorial Africa. While monoclonal antibody
therapy has demonstrated partial efficacy, and arecently FDA-approved
vaccine resulted in EBOV-specific protection, gaps in therapy remain
and there are no approved treatments against other filoviruses such
as MARV or SUDV.

EBOV is taken up into cells via macropinocytosis and then traf-
ficked through endolysosomes, where the viral glycoprotein (GP) binds
tothe host receptor NPC1, enabling cytoplasmic release’. Transcription
fromthe negative stranded virus genome produces viralmRNAs and, in
turn, production of viral proteins leads to formation of inclusion bodies
(IBs), cytoplasmic foci that serve as sites for viral RNA synthesis' ™. At
later stages of infection, these proteins exhibit a diffuse cytoplasmic
localization pattern and, finally, localize to the cell periphery during
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virus budding’. These distinct stages of infection are not readily dis-
tinguishable by simple intensity-based measurements.

Geneticscreens are high-throughput methods that enable iden-
tification of host targets that modulate viral infection. However, due
to the challenges of screening high-consequence viruses, previous
genetic screens for EBOV often relied on the use of pseudotyped
viruses* or on reverse genetics-based life cycle modelling systems
torecapitulate viral RNA synthesis and protein expression’. The for-
mer precludes identification of post-entry viral modulators, while
the latter may not fully recapitulate the life cycle of authentic virus.
Here we set out to assess cell survival-independent phenotypes,
allowing for recovery of host factors affecting any part of the viral
replication cycle.

Our optical pooled screening (OPS)® approach enables image-
based pooled genetic screensin tens of millions of cells*'°. OPS couples
high-resolutionimages of single cells with a targeted in situ sequenc-
ing readout of each cell’s specific genetic perturbationidentity. Here
we present presumably the first genome-wide multiparametric genetic
screen for EBOV, evaluating viral protein and RNA synthesis as markers
of infection to characterize how hundreds of host genes influence
distinct aspects of EBOV replication. We apply machine learning
approachesto this dataset of nearly 40 million cellimages to identify
regulators of distinct stages of the EBOV life cycle, from cell entry, to
inclusionbody formation and viral RNA transcription and replication.
These include deep learning architectures such as an autoencoder
to encode unsupervised image information as well as supervised
approaches. We confirmed hits via secondary screening in two cell
lines with EBOV and across two distantly related filoviruses (SUDV and
MARV) to validate and contextualize our results. UQCRB (a complex
llIsubunit) and STRAP (Serine/Threonine Kinase Receptor Associated
Protein), proteins that are respectively involved in the mitochondrial
respiratory chain and the spliceosome, were selected for further
mechanistic analysis of their roles in viral replication.

Results

Animage-based screen identifies EBOV replication regulators
Here we applied OPS to define the contributions of host factors to
distinct steps of the EBOV replication cycle at the genome-wide scale;
we obtained images of nearly 40 million individual HeLa-TetR-Cas9
cellsinfected with EBOV and transduced with a pool of ~-80,000 single-
guide RNAs (sgRNAs) targeting ~20,000 genes, including 454 non-
targeting control sgRNAs (ntgRNAs, Fig. 1a). Cells were infected with
EBOV at a multiplicity of infection (MOI) of -3 and assayed for EBOV
VP35 protein and the EBOV VP35 positive-sense RNA, representing
mainly viralmRNA", using hybridization chain reaction fluorescence
in situ hybridization (HCR-FISH) optimized for the first time as part
of the OPS workflow (Extended Data Fig. 1and Methods). In addition
to measuring viral protein and RNA, we stained for the host tran-
scription factor c-Jun (whose activity is increased in EBOV- and
MARV-infected cells)'>", as well as LAMP1 (a lysosomal protein),
vimentin, and anuclear stain (DAPI) (Fig. 1b). c-Jun’s mechanistic rolein
EBOV infection is not well established but others have noted upregu-
lation of c-Jun and cellular mRNA responsive to c-Jun binding upon
EBOV and MARV infection'>".

Weidentified 998 genetic knockouts (KO) that significantly impact
EBOV infection (false discovery rate (FDR)-adjusted P<1x107*) as
measured by a VP35 protein intensity statistic based on the differ-
ence in cumulative area under the curve (AAUC) between cumulative
per-cell VP35 median intensity for each sgRNA and ntgRNAs as previ-
ously described® (Fig. 1c-e and Supplementary Table1). Aside from the
entry receptor NPC1, other known factors were identified as top hits,
including all six members of the HOPS complex and cathepsins>*'*", in
additionto CAD (apyrimidine biosynthesis factor that was previously
identified in a screen using a synthetic genome replication system’)
and PIK3C3 (a recently reported factor, involved in autophagy and

membrane trafficking'®) (Extended Data Fig. 1c). In addition, many
previously unidentified factors scored, including TIMM10, and entire
protein complexesincluding the COG, GET, GARP and CIA complexes
(Fig. 1f). We also identified 57 negative regulators, none of which were
previously shownto affect EBOV infection. These included chaperones
suchas HSP90B1, MESDC2 and UNC45A (UNC45A interacts with VP30
(ref. 17)), integrin subtypes, mRNA deadenylases and SAGA complex
members® (Fig. 1f).

Next we identified genes that differentially regulated VP35 RNA
or c-Jun nuclear translocation relative to VP35 protein levels. This
identified factors that, when targeted, resulted in uncoupling of these
typically correlated features and might regulate viral replica-
tion through previously unidentified mechanisms of action. We
specified features from the VP35 RNA and protein channels using
CellProfiler-derived image features' as previously described'. We
then trained two random forest regression models (see Methods) to
predict c-Jun nuclear intensity from VP35 RNA and protein features
(Fig. 1g,h) or VP35 RNA levels predicted from VP35 protein staining
intensities (Fig. 1i and Supplementary Table 2). Factors where c-Jun
levels were poorly predicted by viral VP35 and RNA levels included c-Jun
itselfas well asknown MAP kinase pathway members (Fig. 1h). The gene
associated with the strongest reduction in VP35 RNA relative to VP35
proteinlevels was the mRNA binding protein PABPC1 (Supplementary
Table 2). Anumber of other genes decreased EBOV VP35 RNA relative
to protein levels (Fig. 1j), while only two genes (SRPK1 and STRAP) had
the opposite effect, showing reduced VP35 protein relative to RNA
levels (Fig. 1i) which suggests disruption of mRNA translation.

A deep neural network identifies regulators of EBOV
localization
While overall VP35 protein and RNA levels were informative, the
single-cell images contain more information about virus replication.
Due to the complexity of these localization patterns, we sought to
identify regulators of EBOV infection dynamics using a deep learning
model. Autoencoders are classical deep learning models used to gener-
ate informative representations of data in an unsupervised fashion®.
We used a convolutional autoencoder to reconstruct all six-channel
segmented masked images (the unsupervised model in Fig. 2a and
Extended Data Fig. 4a,b). We then fine-tuned this model with a super-
vised objective function to predict four human-labelled categories of
EBOV VP35 protein subcellular localization: (1) faint, indicative of poorly
or uninfected cells, (2) punctate, representing cells with viral inclusion
bodies, (3) cytoplasmic, representing alater stage of infection with dif-
fuse proteinlocalization and (4) peripheral, representing viral budding.
These were manually annotated for over 3,000 cells for model training.
PHATE?° was then used to visualize the 2,048-dimensional embedding
of cells obtained from the unsupervised and fine-tuned autoencoders.
While the unsupervised cellembeddings showed alack of separation of
the four phenotypic classes, the fine-tuned embeddings showed clear
separationamongthe four classes (Fig. 2b). An ordinal chi-square test
identified genesthatsignificantly altered the proportion of cellsineach
of the four phenotypic classes (Fig. 2c and Supplementary Table 3).
While the most significant genes were the same as those iden-
tified by the simpler intensity metric, the fine-tuned autoencoder
model allowed separation of cells that would otherwise have similar
protein staining intensities but instead had distinct faint or punctate
VP35 protein localization patterns (Fig. 2d). Genes with a high pro-
portion of faint cells included many known entry or early infection
regulators, as well as genes identified as regulators of infection such as
PIK3C3 and GET complex members (Fig. 2d,e). In contrast, many of the
genes associated withasignificantincrease in punctate VP35localiza-
tion, probably reflecting inhibition of the replication cycle after initial
infection, have not been previously linked to EBOV infection (Fig. 2e,
green). Key enzymes in de novo pyrimidine biosynthesis previously
shown to positively regulate EBOV replication’” were significantly
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Fig.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 (random subselection from tens of thousands of
screen FOVs) of infected cells assayed across six distinct markers in the pooled
screen. Scale bar, 20 pm. ¢, Histograms of VP35 RNA FISH, VP35 protein and
c-Juntranscription factor intensity levels in non-targeting or NPC1KO cells from
the screen; each histogram trace represents a distinct sgRNA targeting NPC1.
d,Randomly selected cells transduced with a non-targeting sgRNA or NPCl1-
targeting sgRNA show reduced levels of VP35 RNA (FISH), VP35 protein and
c-Junin NPClknockout cells relative to non-targeting cells. Cells were masked to
highlight the cell of interest using seeded watershed segmentation. e, Volcano
plot of the per-cell median VP35 protein intensity AAUC between each gene and
non-targeting control cells; black points represent distinct non-targeting control
sgRNAs. Purple and gold points indicate top genes that decreased or increased
EBOV levels, respectively, while grey points are additional screen datapoints.

f, Enrichr gene ontology analysis of top terms significantly enriched in genes that

Mean FISH r2 score of residuals

showed reduced VP35 protein intensity upon knockout (purple) or increased
VP35 proteinintensity (gold). g, Workflow for random forest regression model
trained to predict either c-Jun nuclear intensity from VP35 RNA and protein
features or VP35 RNA intensity from 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;
genesin purple had anegative mean sum of residuals, indicating decreased
c-Junrelative 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 EBOV
VP35 positive-sense RNA was decreased relative to protein levels. Edge thickness
corresponds to confidence score; only interactions with a confidence score >0.7
inthe full STRING v.11.5 were considered.

enriched for the punctate phenotype, as well as genes involved in
purine biosynthesis not previously associated with EBOV replication.
Knockdown of Elongator complex genes (ELP2-6) also led to anincrease
in punctate VP35 (Fig. 2e).

Another major category of genes that elevated VP35 punctawhen
knocked out were mitochondria-related genes. Specifically, knockouts
of UQCRB and HARS2 (a mitochondrial tRNA synthetase) (Fig. 2f,g),
resulted in the most enhanced punctate phenotype. Mitochondrial
function hasnotbeendirectly linked to EBOV infection; however, EBOV
VP30 and VP35 proteins physically interact with the mitochondrial
ribosome and inner membrane components?, and oxidative phos-
phorylation and expression of mitochondrial translation genes were

found to increase upon EBOV infection?. To further investigate the
effect of UQCRB inhibition on EBOV infection, we treated EBOV-infected
Hela cells with terpestacin, a small-molecule inhibitor of UQCRB*;
we observed clear reductionsin EBOV infection (Fig. 2h) with little effect
on cell viability as measured by nuclear count at the treatment half-
maximalinhibitory concentration (ICs,) of 5 pM, highlighting animme-
diate practical application of results fromour deep learning approach.

Profile clustering reveals relationships between EBOV
modulators

We next more closely examined the 998 genes that significantly altered
overallvirusinfection as measured by VP35 protein or viral RNA levels
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Fig. 2| A deep neural network model reveals regulators of Ebola virus distinct non-targeting sgRNAs; pointsin yellow indicate perturbations with a
VP35 protein subcellular localization. a, Architecture of the neural network significantincrease in the mean chi-square statistic; and points in purple indicate
model, trained first as an autoencoder with a latent space of 2,048 dimensions perturbations with a significant decrease in the statistic. d, Scatterplot of the
toreconstructinput cellimages (example input cell and autoencoder proportion of faint versus punctate VP35 staining patterns of cells for each
reconstruction shown) and subsequently fine-tuned to classify cells on the basis gene; black points denote individual non-targeting sgRNAs. e, Significantly
of the manually annotated four classes of VP35 protein localization, with one enriched gene ontology terms for sets of genes with a high proportion of faint
exampleimage shown for each class. b, PHATE visualization of the single-cell cells (purple) or punctate cells (green). f, Images of VP35 protein expression
autoencoder embedding (2,048 dimensions per cell) obtained from the two (red) overlaid with nuclear mask (grey) in randomly selected cells with sgRNAs
deep learning modes: fully unsupervised autoencoder model (left) coloured targeting theindicated genes. g, Fine-tuned autoencoder embedding visualized
by the predicted class labels, and fine-tuned autoencoder model using the using PHATE for cells with indicated gene knockouts; colours indicate the class
supervised objective function (right) showing both the hand-labelled training labels predicted by the neural network. h, Ebola virus infection and cell survival
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(Supplementary Table 1). For each autoencoder model, we extracted
embeddings for individual cells and calculated cumulative AAUCs
for each embedding feature between cells with a given sgRNA and
non-targeting control cells (Supplementary Tables 5 and 6). We then
clustered the resulting embeddings to identify genes with similar
effects using the Leiden algorithm (Fig. 3a,c and Methods)*, determin-
ingthe optimal cluster resolution by assessing the Adjusted Rand Score
between subsets of the data (Extended Data Fig. 4a). While the clusters
resulting from the two autoencoder models were similar (Fig. 3b), the
fully unsupervised autoencoder model resulted inalarger number of
clusters, which were significantly enriched for at least one ontology
termusing Enrichr (23 versus 7). Single-cell images for genetic knock-
outs fromdistinct clusters are showninFig.3d. Some genes that scored
significantly for increased VP35 protein expression, such as integrins
ITGAV (Fig. 3d) and ITGB1 (Extended Data Fig. 4b), showed increased
intensity in channels not directly related to VP35, such as vimentin
and LAMP1, as well as cell rounding. We anticipate that the change
in VP35 expression pattern for such genes represents impact on cell
morphology or cell health resulting in redistribution of the marker,
rather than a change primarily affecting virus replication.

To prioritize genes for further follow-up experimentation, we
sought to control observed effects for the level of viral protein expres-
sion as a proxy for the level of infection in each cell. We expected that
this could highlight genes influencing the typical course of infection
because we observed a wide spread of viral protein expression in
both control and perturbed cells. Controlling for the degree of infec-
tion as a major ‘nuisance’ variable allows us to identify changes in
the cells that differ from changes associated with the nuisance vari-
able. Toimplement this, we sampled non-targeting control cells whose
distribution of VP35 protein median intensities matched the VP35
protein median intensity for each sgRNA in our screen (Fig. 3e), and
recomputed AAUCs between each sgRNA and the matched non-
targeting control cells. Next, we plotted the correlation of AAUCs for
features from all six imaging channels computed without matching
(Supplementary Table 1) against those from the matched condition
(Fig. 3f). If the primary phenotypic effect of the genetic perturbation
is to alter viral infection levels, we expect that the matched AUCs will
becloseto 0, asthe perturbed cells would resemble non-targeting cells
with the sameinfectionlevels without further morphological changes.
Therefore, Pearson correlation between matched and unmatched
AAUCs will be modest, since single-cell images of the genetic pertur-
bation of interest closely match images of non-targeting control cells
with a similar infection level. Indeed, we see that features for NPC1
KO cells are much more modestly correlated between matched and
unmatched conditions, consistent with NPC1’s primary effect being
ontheinfectionlevel.Incontrast, features for knockout of the integrin
ITGAV, which affects global cell morphology rather than viral replica-
tion specifically, show higher correlation between the matched and
unmatched AUCs, reflecting morphological changes largely independ-
ent of infection (Fig. 3f). Using this approach, we calculated Pearson
correlations between matched and unmatched conditions for each of
the genes in our screen (Fig. 3g) and used this metric to select genes
with primary effects on viral replication rather than on cell health for
targeted follow-up screening. Weillustrate our analytical approaches
in Extended Data Fig. 5.

Targeted image-based genetic screens identify cell- and
virus-specific filovirus regulators

To evaluate the contributions of cell type, filovirus species and infection
timing to outcomes of our screen, we targeted 113 hit genes (manu-
ally subselected from hits with VP35 protein intensity FDR-adjusted
P<1x107*, aswell as genes with lower impact on cell health (Fig. 3f) to
prioritize hits that primarily affect EBOV replication without impair-
ing cell morphology) of interest from our genome-wide screen with
6 sgRNAs per gene and >475,000 cells per condition. Screen conditions

varied: (1) timepoints (16 and 24 h), both earlier than the primary screen
(28 h) to increase power for identification of negative regulators of
viralreplication; (2) cell lines, the HeLa cells used in the genome-wide
screen and Huh7 cells, a liver cell line relevant to filovirus disease;
and (3) distinct filoviruses from the genera Orthoebolavirus (Ebola
virus Mayinga, Sudan virus Gulu) and Orthomarburgvirus (Marburg
virus Musoke) (Fig. 4a and Supplementary Table 5) at MOIs of 3. As in
our primary screen, we assayed a filovirus protein (VP35 for EBOV and
SUDV; VP40 for MARV) and VP35 RNA via probes designed against the
VP35 sequences of each virus, as well as c-Jun nuclear translocation.

Principal componentanalysis (PCA) of features from non-targeting
control sgRNAs from each experimental condition showed separation
of outcomes by celltype across PC1 (Fig. 4b). Comparing the cumulative
AAUCs from the genome-wide screen with the 24 hinfection condition
from the secondary screen resulted in strong correlations (Pearson
r>0.87) for VP35 protein and RNA levels (Fig. 4¢). False-positive rates
for changes in VP35 protein intensity in our secondary screen were
only modestly higher than expected and are probably due to technical
factors associated with executing a separate screen (Extended Data
Fig. 6a). Known regulators such as NPC1 had concordant effects on
viral protein across conditions (Fig. 4d,e), as well as positive regula-
tors PIK3C3, GET4 and the GARP complex, and the negative regulator
COP1(Fig.4d,e).

We next examined virus-specific regulators (Fig. 4f,g), identi-
fying differential dependencies for retriever and retromer genes
VPS35L and VPS35 across viruses (Fig. 4f,g). Finally, we investigated
cell type-specific regulators (Fig. 4h,i). Many of the cell-type-specific
regulators wererelated to mitochondrial function (BCSIL, PRMT1and
HARS2, among others) (Fig. 4h and Extended DataFig. 6f), where these
positive regulators in HeLa cells did not regulate infection in Huh7
cells, highlighting potential metabolic differences between cell lines.

Characterization of STRAP as a positive regulator of EBOV
replication

One hit that stood out across multiple screening analyses was
STRAP. STRAP was one of only two proteins identified in the random
forest analysis as having increased viral RNA relative to VP35 protein
upon knockout (Fig. 1i), and was identified by the fine-tuned auto-
encoder model as having asignificantly different distribution of VP35
protein staining phenotypes compared with non-targeting controls
(Fig. 5a). Examination of single-cell intensity histograms from the
genome-wide screen revealed that while there was minimal changein
theintensity distribution for protein staining, the RNA levelsin STRAP
KO cells took on a bimodal distribution, with distinct populations of
cells having less viral RNA or more viral RNA compared with the NT
controls—an observation only possible at the single-cell level and where
single-cell-matched perturbation identities were available (Fig. 5b).

To further study the effects of STRAP KO on viral infection, we
generated single-cell clones that showed undetectable levels of STRAP
by immunoblot. To confirm the phenotype of overall increased RNA
inthe KOs, cells were incubated with virus at a high MOI of 3 for 72 h.
qPCR of cell lysates showed a strong increase in viral RNA in cells
(Fig.5c). By contrast, viralRNAin the supernatant was reduced by 3-8
fold (Fig. 5d) and a 5-fold reduction in infectious titre was observed
(Fig. 5e).Images of the infected cell monolayer stained for EBOV protein
showed agreater proportion of infected cell foci, indicating that there
was limited virus spread, consistent with cells producing fewer overall
infectious virus particles (Fig. 5f).

While STRAP KO cells produced fewer infectious virions, the
mechanism by which STRAP was modulating viral infection remained
unclear. We used atwo-step PCR targeting viralgenomic RNA (gRNA) to
distinguish this from viral mRNA. After challenge at an MOl of 3, EBOV
gRNA was significantly reduced in STRAP KO cells (Fig. 5g). Contrast-
ing withthe overall 2-fold increase seenin total viral RNA, the decrease
ingenomic RNA suggested dysregulation of viral RNA transcription.

Nature Microbiology | Volume 10 | August 2025 | 1989-2002

1993


http://www.nature.com/naturemicrobiology

Article

https://doi.org/10.1038/s41564-025-02034-3

a Unsupervised Supervised C Unsupervised Supervised
004 _ . Areav
N 3 4 006- NPCI  + ACTR2Z  reay 004 | copr
d 002 & GET4 : -MYH9
2 003 ~ ’ CTR2
S 0.04 + §/5>551 - A
0 . K .
a N CQP1 o 002
[o] wl Sae hh]
. e = 002 =
002 & < < o001 A
o~ > 5 T I -
w g . o o
g -0.04 3 v 0 0-
z y %
PHATE 1 . -0.02 4 -0.01 4
l Clustering
-0.02
b -0.04 -
Mitochondrial Integrins, ! 1 1 1 T T T T T T T T T
clogtion focal adhesion -004-002 O 002 004 006 -004-002 0 002 004 006 008
elec (ITGB1, ITGAV)
Sister transport | PHATE1 PHATE 1
chromatid Riboflavin |
cohesion | metabolism “
\\\ \\\ \‘
\ L\ \‘ DAPI
\\ \ \\ | VP35 RNA
\ | \ |
| VP35 protein
|
|| | c-Jun
Vimentin
LAMP1
Mitochondrial
/ electron
transport DAPI
o | ] VP35 RNA
o u - )
7] = VP35 protein
= Cellular response A
o to oxygen = c-Jun
° ||
2 L Vimentin
>
2 "\ Nucleotide-sugar LAMP1
5 biosynthesis
2 - DAPI
= \\\
~ Cajal body VP35 RNA
Mitochondrial .
translational VP35 protein
Jaccard elongation c-Jun
similarity
Vimentin
l 0.5 Protein ufmylation LAMP1
-0
Supervised clusters
e f 015 4 « NPC1 9 @ o
ITGAV 25 8w
VP35 cell Feature Feature O 010 NT g 2 !
median #1 (.) #2514 2 52 e6-f
AAUC AAUC AAUC < 0.05 - s £ o MYH9
o 2E 4 cop1
2 0 §% l cer NPCT
O 3
NT & . S 24
s S -005 4 s} VPS53
5% i 1 LVPS52
(8] .
-010 4 N £ “ . meav
NT NT ITGB1
— T T T T T T T T
-03 -02 -01 ] 01 0.2 100 200 300

Unmatched AAUC

Fig. 3| Phenotypic profile clustering and matching oninfection level

reveal relationships between Ebola virus infection modulators. a, PHATE
visualization of the embeddings derived from the fully unsupervised and the
fine-tuned autoencoder models; each point represents the average embedding
of agene knockout of interest. Points in purple indicate genes that decreased
Ebola VP35 protein intensity upon knockout, while points in gold increased
intensity. Clustering was performed using the Leiden algorithm. b, Heat map of
Jaccard similarities between cluster memberships for all clusters with at least
one significant GO term identified using the fully unsupervised model as well as
the fine-tuned model. Green and white colours indicate binary classification of
which clustering approach was more enriched for each GO term, while yellow
and purple coloursindicate whether the cluster primarily contained genes
thatincreased or decreased virus infection, respectively. ¢, Unsupervised and
supervised PHATE visualizations as in a coloured by cluster membership with
select genes highlighted. d, Single-cell images of representative gene knockouts

Supervised potential distance

from distinct clusters. e, Schematic of recalculation of cumulative AAUCs for
autoencoder embeddings between each sgRNA and non-targeting control cells
after matching on VP35 protein levels in non-targeting controls. f, Correlations
between AAUCs calculated without matching on VP35 protein levels compared to
with matching on VP35 protein levels for non-targeting controls, NPC1 knockout
and ITGAV knockout cells; each point represents one individual feature.

g, Correlation between the mean PHATE potential distance from non-targeting
controls in the fine-tuned autoencoder embedding (indicative of the EBOV
infection phenotype strength) and the z-scored Pearson correlation distance
between matched and unmatched features from e; each point represents agene
of interest. Points in red indicate genes that have abnormal cell health, while
pointsinblue represent hit phenotypes under conditions where overall cell
health was less affected. Dashed lines indicate regions beyond the 95th percentile
of non-targeting control sgRNAs.
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Fig. 4| Targeted follow-up screens identify concordant and cell- and virus-
specific Ebola virus regulators. a, Workflow for targeted secondary screens
with 2 celllines, 3 viruses and 2 timepoints for a total of 12 screening conditions*.
b, PCA of non-targeting control sgRNA phenotypic profiles from each of
indicated screening conditions. Early and late indicate 16 and 24 hinfection
times, respectively. ¢, Correlation between genome-wide and secondary screen
VP35 protein and RNA AAUCs; black lines indicate standard deviation for non-
targeting control sgRNAs in each screen centred around the mean value for
non-targeting sgRNAs in the screen. d,f h, Heat maps showing z-scored AAUC
values for VP35 or VP40 protein. Z-scores were calculated on AAUC values for
allgenesin each screen condition relative to means and standard deviations

4 y
< < << < <
z =z =z = =z
x @ x @ @

Protein

for non-targeting sgRNAs. Hierarchical clustering performed using Pearson
correlations. White cells indicate conditions where P> 0.05 relative to non-
targeting controls in the same condition. d, Heat map for genes concordant
across screen conditions. e, Single-cell images from the secondary screen of
select concordant genes (DAPlin grey, VP35 proteininred).f, Heat map asind for
genes with virus-specific effects. g, Single-cellimages from the secondary screen
of select virus-specific genes (DAPIin grey, VP35 protein for EBOV/SUDV or VP40
protein for MARV inred). h, Heat map as in d for genes with cell type-specific
effects. i, Single-cellimages from the secondary screen of select cell type-specific
genes (DAPlingrey, VP35 proteininred, VP35 RNAin green).

STRAPis commonly found throughout the cytoplasm and nucleus
ofthe cell, with a diffuse immunofluorescence staining pattern. How-
ever, upon EBOV infection, STRAP was recruited to the viral inclusion
bodies (Fig. 5h) as indicated by STRAP staining directly overlapping
VP35, a major component of inclusion bodies. To confirm the close
association of STRAP and VP35, we performed a proximity ligation assay
(PLA) for STRAP and VP35 (Fig. 5i). The PLA assay yields a fluorescent

signal when two proteins are within 40 nm of each other”, and the
intensity and volume of the signal in the cell increase proportionally
with agreater number of associative events. PLA with VP35 and STRAP
showed signal comparable to that between VP35 and VP30, indicating
a similarly close association. Punctate and diffuse phenotypes were
alsovisible, suggesting that the interaction can occur outside of virus
inclusionbodies.
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Fig. 5| STRAP KO impacts virus RNA expression levels and virus infectivity.

a, Distribution of phenotypes from the primary genome-wide screen as predicted
by the fine-tuned autoencoder model for non-targeting controls and STRAP.

b, Histograms of staining intensity for VP35 protein (ICF), VP35 mRNA by FISH
and nuclear c-Jun at single-cell resolution from the primary screen. Each yellow
line represents a distinct sgRNA targeting STRAP. ¢, Measurement of total viral
RNA in clonal cell lines that were KO for STRAP (BO3 or EO8) or non-targeting
cellline (NT) after challenge with virus at MOI = 3 at 72 h by qPCR. One-way
analysis of variance (ANOVA) comparing each clonal line to the non-targeting
control, ***P < 0.0001.d, Measurement of total viral RNA in the supernatant after
challenge with MOI = 0.1 after 72 hby qPCR. **P=0.0086; NS, not significant.

e, Measurement of infectious virus in the supernatant after 72 h by f.f.u. assay,
*P<0.025.f, Measurement of number of cells infected after challenge and

in supernatant
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allowing 72 hto spread. Left: infection efficiency was calculated as the number
ofinfected cells divided by total nuclei normalized to the non-targeting control,
***+p < (0.0001. Right: representative images of non-targeting and STRAP
knockout cells. g, Measurements of EBOV negative-sense genomic RNA synthesis
incells after 72 h at MOI = 3. One-way ANOVA was used to compare two different
STRAP knockout cell lines to non-targeting controls. ***P=0.0002, **P= 0.0067.
All dataare average * s.d. h,Immunostaining for native STRAP protein and EBOV
VP35 ininfected cells showing accumulation of STRAP within viral inclusion
bodies as marked by VP35 staining. Scale bar, 20 pum. i, Duolink proximity ligation
assay using antibodies against VP35 and STRAP in infected and uninfected cells
indicating close association of STRAP with viral proteins within and outside the
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as a positive control. Scale bar, 50 pm.
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Discussion

Genome-wide screens for host factorsimpacting EBOV infection have
mostly been limited to cytotoxicity-based approaches where cells
susceptible to infection succumb to cytopathic effects of the virus.
While productive, this approach biases toward strong early inhibitors
of infection. Here we used image-based pooled screening to directly
link genetic knockouts with diverse single-cell phenotypes.

We evaluated our data with three complementary analytical
approaches and expect the data to be a resource for future analyses.
A first analysis separately examined the intensity of each marker of
infection. Unlike previous cell survival screens, we identified negative
regulators of filovirus replication, in addition to positive regulators
including the GARP and GET complexes and PIK3C3, reported recently™.
We also validated these effects through 12 secondary screens.

Toleverage our high-contentimaging data, we applied deep learn-
ingapproaches. We trained autoencoders directly on single-cellimages
and fine tuned the resulting model to classify four distinct catego-
ries of VP35 protein subcellular localization. This enabled linkage of
altered VP35 localization to specific host factors, including UQCRB.
A small-molecule inhibitor of UQCRB decreased EBOV infection in
cells, presenting an actionable therapeutic hypothesis for EBOV
infection therapy. Our fine-tuned autoencoder approach generated
several feature embeddings for unsupervised analyses. However,
future work focused on a similar supervised classification task could
consider using predefined CellProfiler features or a simpler deep
learning approach to limit resource utilization in model training, as
the fine-tuned autoencoder did not significantly outperform these
approaches (Extended Data Fig. 3d).
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The third analytical approach we employed was random for-
est regression analysis to identify host factors that, when knocked
out, altered relationships between readouts of infection that are typi-
cally correlated. Using this approach, we revealed that knockout of
STRAP, a spliceosome regulator controlling cellular distribution of
the complex, increased viral positive-sense RNA. Furthermore, STRAP
was closely associated with VP35 in inclusion bodies, indicating that
itmay directlyimpact timing of negative-strand synthesis. The neces-
sity of STRAP for infectious particle production represents a potential
target for therapeutic intervention.

High-content single-cell screens with multidimensional outputs
arebecomingroutine and were demonstrated at genome-scale witha
variety of imaging and even transcriptomic readouts®*°, However,
high-content profiling screens of host-pathogen interactions are
still limited. Ourimage-based genetic screens and analytical approaches
revealed multiple genes that modulate distinct stages of the EBOV
life cycle from viral entry to EBOV RNA replication and the formation
of viral inclusion bodies. Small-molecule ligands of potential thera-
peuticvalue are known for several of these genes. 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
abroader set of potential therapeutic targets for diverse pathogens.

Limitations

Given the complexity and scale of the data derived from our optical
pooled screening approach, we implemented a variety of analytical
approaches, illustrated in Extended DataFig. 5, to expand the discovery
potential of this study. Despite applying distinct approaches designed
toidentify avariety of regulators, we note that the analyses presented
are not exhaustive and other approaches could identify additional
regulators. Thus, we have shared the complete raw image data and
processed image features to enable further analysis by the research
community. This study dataset, however expansive, cannot report
on all aspects of filovirus-host interaction, and further mapping of
phenotypic classes representing distinct stages of virus replication and
other dataanalytical techniques will further enhance understanding of
importantaspects of filovirus biology and associated host responses.
While our primary and secondary screens showed high correlation, the
false-positive ratesin the secondary screen were modestly higher than
expected, which may reflect subtle differences in cell types used and
culture conditions, and are detailed in Extended Data Fig. 6a.

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 previ-
ously described”. 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
HelLa-TetR-Cas9 clonal cells previously described® were used for
primary screening. Following transduction, cells were selected with
puromycin (1 pug ml™) for 3 days after transduction and library repre-
sentation was validated by next-generation sequencing. Cas9 expres-
sion was induced with 1 pg ml™ doxycycline for 1 week and cells were
thenseededinten 6-well glass-bottom dishes at 400,000 cells per well
2 days before fixation. Zaire Ebola virus (strain Mayinga) was added at
a MOl of -3 in 2 ml media per well for 28 h before fixation. Cells were
fixed by removing media and adding 10% neutral-buffered formalin
(Fisher Scientific, LC146705) for >6 h.

Cells were permeabilized with 100% methanol for 20 min; sub-
sequently, 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 min at 37 °C with homemade probe hybridization buffer
(30% formamide, 5% SSC, 0.1% Tween), since dextran sulfate inhibits
the reverse transcriptase and polymerase activities necessary for
readout of sgRNA sequences by in situ sequencing'®. Cells were then
incubated with primary probes against VP35 positive-sense RNA
(purchased from Molecular Instruments and diluted 1:250 in probe
hybridization buffer with 1:100 Ribolock) at 37 °C for 4 h. Samples
were thenwashed for 4 x 5minin probe hybridization buffer at 37 °C,
washed 3xinPBS-T andincubatedinreverse transcription mix at37 °C
overnight. The reverse transcription mix consisted of 1x RevertAid
RT buffer, 250 uM dNTPs, 0.2 mg mI™ BSA, 1 uM RT primer with LNA
bases A+CT+CG+GT+GC+CA+CT+TTTTCAA, 0.8 U pl'Ribolock RNase
inhibitor and 4.8 U pl™ RevertAid H minus reverse transcriptase in
750 pl per well. After reverse transcription, cells were washed 5x with
PBS-T and post-fixed using 3% paraformaldehyde and 0.1% glutaralde-
hydein PBS for 30 min, followed by washing with PBS-T 3 times. Samples
were then incubated in homemade HCR-FISH amplification buffer
(5%SSC 0.1% Tween) at room temperature for 30 min. Meanwhile, HCR
hairpins (Molecular Instruments Bl probes conjugated to Alexa Fluor
488) were separately prepared by heating at 95 °C for 90 s and then
coolingtoroomtemperaturein the dark for 30 min. Next, samples were
incubated with probes diluted 1:125 in probe amplification buffer for
2 hatroom temperature. Following incubation, excess hairpins were
removed by washing 5x for 5 min with probe amplification buffer.
Primary antibodies against VP35 (1:3,200 dilution; developed in-house
at Washington University School of Medicine), c-Jun (1:1,800 dilution,
Cell Signaling Technology, 9165, RRID:AB_2130165) and vimentin
(1:1,300 dilution, Abcam, ab24525, RRID:AB_778824) were added by
incubating samples for3.5 hat37 °Cin3%BSA (VWR, 97061-422) in PBS.
Samples were then washed 3% in PBS-T for 3 min and incubated with
secondary antibodies: 1:1,800 donkey anti-mouse antibody (Jackson
ImmunoResearch Labs, 715-006-151, RRID:AB_2340762) disulfide-linked
to Alexa Fluor 594 (Thermo Fisher, A10270) via a custom conjuga-
tion, 1:1,800 donkey anti-rabbit antibody (Jackson ImmunoResearch
Labs, 711-006-152, RRID:AB_2340586) disulfide-linked to Alexa Fluor
647 (Thermo Fisher, A10277) via a custom conjugation, and goat
anti-chicken DyLight 755 (Thermo Fisher, SA5-10075), in 3% BSA for
3 hat 37 °C. The conjugation approach was previously described™.
Finally, samples were washed 6x with PBS-T for 3 min each, and 2x SSC
with 200 ng mI™ DAPIwas added to visualize nuclei to image samples.
Followingimaging, AlexaFluor 594 and 647 antibodies were destained
with 50 mM TCEP in 2x SSC for 45 min at room temperature and FISH
signal removed through treatment with 80% formamide in 2x SSC for
30 minatroomtemperature. Insitu 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 pl™
RNase H, 0.2 mg ml™ BSA, 100 nM padlock probe: /5SPhos/GTTTCA
GAGCTATGCTCTCCTGTTCGCCAAATTCTACCCACCACCCACTCTC
CAAAGGACGAAACACCG, 0.02 U pl™ TaqIT polymerase, 0.5U pl™
Ampligase and 50 nM dNTPs) for 5 minat37 °Cand 90 minat45 °C,and
washing 2x with PBS-T. Circularized padlocks were amplified using aroll-
ing circleamplification mix (1x Phi29 buffer,250 uMdNTPs, 0.2 mg ml™
BSA, 5% glycerol and 1 U pl™ Phi29 DNA polymerase) at 30 °C over-
night. AlexaFluor 488-conjugated LAMP1 (Cell Signaling Technology,
58996, RRID:AB_2927691) was visualized viaincubationfor2 hat 37 °C
in3% BSA at 1:500 dilution. Following imaging, in situ sequencing was
performed as previously described using sequencing primer GCCAAA
TTCTACCCACCACCCACTCTCCAAAGGACGAAACACCG for12cycles.

Virus infection, phenotyping and in situ sequencing for
secondary screen

HeLa-TetR-Cas9 clonal cells used in the genome-wide screen and
polyclonal Huh7 cells transduced with 311-Cas9 (Addgene, plasmid
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96924) and selected using 10 pg ml™ blasticidin for 7 days were used
for secondary screening. EBOV (strain Mayinga), Marburg virus (strain
Musoke), Sudan virus (strain Gulu) were added at MOls of -3 in 2 ml
media per well for 16 h or 24 hbefore fixation. Viral RNA was amplified
asdescribed for the primary screen using virus strain-specific probes
purchased from Molecular Instruments for positive-sense VP35. Anti-
body staining and in situ sequencing were performed as described
for the primary screen except for Marburg virus, where an antibody
against VP40 (1:1,000, Integrated BioTherapeutics, 0203-012) rather
than VP35 was used since no antibody for Marburg VP35 was available.
Inaddition, 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 EBOV and Sudan VP35
protein. Insitu sequencing was performed for 6 cycles.

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

Allinsitusequencing images were acquired usingaTi2 Eclipse inverted
epifluorescence microscope (Nikon) with automated XYZstage control
and hardware autofocus. The 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 x10 0.45 NA CFI Plan Apo A objective (Nikon,
MRDO00105) with the following filters (Semrock) and exposure times for
eachbase: G (546 nm laser at 40% power, emission 575/30 nm, dichroic
552 nm, 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, phenotypingimages were acquired usinga x20 0.75NA
CFIPlan Apo A objective (Nikon, MRD00205) with the following filters
(Semrock unless otherwise noted) and exposure times: DAPI (405 nm
laser at 5% power, Chroma Multi LED set 89402, 50 ms), AF488 (477 nm
laser at 30% power, Chroma Multi LED set 96372, 200 ms), AF594
(546 nm laser at 10% power, emission 615/24 nm, dichroic 565 nm,
200 ms), AF647 (637 nm laser at 10% power, emission 680/42 nm,
dichroic 660 nm, 200 ms), Dylight 755 (749 nm laser at 10% power,
emission 820/110 nm, dichroic 765 nm, 200 ms).

For the secondary screen, phenotyping images were acquired
using a x40 0.95NA CFIPlan Apo A objective (Nikon, MRD70470) with
the following filters and exposure times: DAPI (405 nm laser at 5%
power, Chroma Multi LED set 89402, 50 ms), AF594 (546 nm laser at
10% power, emission 615/24 nm, dichroic 565 nm, 200 ms) and AF647
(637 nm laser at 10% power, emission 680/42 nm, dichroic 660 nm,
200 ms).

Quantification and statistical analysis

Nostatistical methods were used to predetermine sample sizes, but our
samplesizes are similar to those reported in previous publications®'**,
Data collection and analysis were not performedblind to the conditions
of the experiments except for pooled screens. Data distribution was
assumed to be normal, but this was not formally tested.

In OPS, the incorporation of sgRNAs into individual cells is
inherently stochastic, and cells are distributed randomly within wells,
ensuring effective randomization. During secondary and tertiary
assays, specific sgRNAs are selected for further evaluation and are
systematically allocated to wells and slides in a randomized manner,
effectively mitigating positional biases. This deliberate randomization
ensures that any positional effects are accounted for, thereby attrib-
uting observed phenotypic outcomes directly to the sgRNA-induced
perturbations rather than to extraneous spatial variables.

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 cell detec-
tion and segmention as well as in situ sequencing read calling were
performed as previously described”. Data analysis functions were
writtenin Python, using Snakemake for workflow control®. The image
analysis code is available on GitHub. Briefly, for segmentation of
phenotypingimages from the primary screen, nuclei were segmented
using the following parameters: nuclei smooth = 4, nuclei radius = 15,
nucleus area 90-1,200, DAPI intensity threshold =1,350. Cells were
segmented using signal in the vimentin channels at anintensity thresh-
old =3,000. 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 =1,000-2,000, adjusted dif-
ferently for each plate. Cells were segmented using signal in the
four sequencing channels at intensity thresholds adjusted for each
plate, between 2,500 and 4,200. For segmentation of phenotyping
images from the secondary screen, nuclei were segmented using the
following parameters: nuclei smooth = 9, nucleiradius = 100, nucleus
area 200-18,000 for HeLa cells or 200-50,000 for Huh7 cells, DAPI
intensity threshold = 4,000 for HelLa cells or 3,000 for Huh7 cells.
Cells were segmented using background cell signal in the Jun channel
atanintensity threshold =1,525-1,900 for Helacells (depending on the
assay plate) or 1,625-1,825 for Huh7 cells. All other parameters used
for analysis were set to default settings.

Optical pooled screen analysis

Data filtering and preprocessing. From an initial number of pheno-
typed cells equal to 66.5 million, cells with at least one in situ sequenc-
ingread were selected (96% of cells; Extended Data Table 1, Extended
Data Fig. 2a). Since both phenotyping and in situ sequencing images
were acquired with 15% field of view (FOV) overlap at different magni-
fications (x20 and x10, respectively), some phenotyping cells aligned
to multiple cells with sequencing information (4%). We then filtered
out cells with in situ sequencing reads not mapped to any sgRNA in
the library (expected to be 42/80,833 = 0.48% by chance), resulting
inan additional 24% of cells filtered out (Extended Data Fig. 2a). After
this initial filtering, we plotted mean values for each channel from
2 out of the 8 plates screened, averaging across 2,562 fields of view
(-33% of all fields of view) per plate (Extended Data Fig. 2b). We noticed
thatillumination was not even and differed by channel and microscope.
We therefore used a previously published illumination-correction
algorithm (described in Singh et al.*> and equivalent to CellProfiler’s
CorrectllluminationCalculate module with options ‘Regular’, ‘All’and
‘MedianFilter’) to correctillumination ona per-plate and per-channel
basis (results shown in Extended Data Fig. 2¢). To mitigate the impact
of illumination variation remaining as a consequence of vignetting,
we averaged post-illumination correction factors from Extended Data
Fig.2cacross channels for each plate and masked out the bottom 10th
percentile, eliminating strongly impacted cells (see Extended Data
Fig.2d for the resulting mask for plates A and B). After filtering, we plot-
ted the VP35 median cell intensity and vimentin median cell intensity
for 10,000 cells randomly sampled across all plates in the screen and
found no systematic variation with i and j coordinates within the field
of view (Extended Data Fig. 2e).

Next, we considered that although we had already filtered out cells
that were phenotyped and mapped to multiple cells with sequencing
reads (due to the 15% acquisition overlap for the sequencing images),
we had not yet filtered out cells that were phenotyped twice (pheno-
typing images were also acquired with 15% acquisition overlap). We
therefore kept only one phenotyped cell per cell with a sequencing
read (Extended Data Fig. 2f) and additionally removed phenotyped
cells whose centres were within 10 pixels of the field of view border.
We noted that there was well-level variability in the data (see example
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in Extended Data Fig. 2g for VP35 RNA FISH channel plate | well Al).
We therefore normalized features on a per-cell basis relative to cells
inthe same field of view by subtracting the median and dividing by the
median absolute deviation (MAD) x 1.4826 (ref. 18) of non-targeting
cells +1,480 pixels (width of a field of view) in i or j from each cell
of interest (minimum 464, mean 3,257 cells). Extended Data Fig. 2g
shows an example of the per-FOV mean post normalization.

We also manually annotated 2,520 cells on the basis of DAPI signal
into three categories (apoptic, interphase and mitotic, obtaining
mean receiver operating characteristic area under the curve (ROC
AUCs) 0f 0.94,0.97 and 0.99 for these categories, respectively). Anno-
tated data were split into 5 stratified splits using scikit-learn 1.1.3 and
the sklearn.model_selection.StratifiedKFold function. The sklearn.
ensemble.RandomForestClassifier function with default parameters
was separately used to predict each class with a OneVsRestClassifier.
Only interphase cells (99.3% of cells) were used for further downstream
analysis (Extended Data Fig. 2h).

Following filtering, the majority of targeting sgRNAs had hundreds
of cells per sgRNA: median 456 cells per sgRNA, 25th percentile 267
cells per sgRNA (Extended Data Table 2, Extended Data Fig. 2i). Only
genes with a minimum of 2 sgRNAs with at least 50 cells per sgRNA
were considered for further analyses (20,338 out 0f 20,392, >99.7%).

AAUC and random forest regression analysis. Scores for features
relative to non-targeting controls were determined by calculating
differences in cumulative AUCs. These AAUCs were averaged over
sgRNAs for a given gene and significance was determined by compar-
ing AAUCs for individual sgRNAs to distributions bootstrapped from
non-targeting control cells (bootstrapped 100,000 times). Gene-level
Pvalues were calculated using Stouffer’s method and then corrected
using the Benjamini-Hochberg procedure. Random forest regres-
sion models were trained on features from the VP35 protein channel
only (for predicting VP35 RNA FISH levels) or the VP35 protein and
RNA levels (for predicting c-Jun nuclear intensity) for 50,000 ran-
domly selected non-targeting control cells using sklearn.ensemble.
RandomForestRegressor withscikit-learn1.1.3, withrandom state set to
7,n_estimators =100 and max_features = ‘sqrt™. Statistical significance
was determined as described for the cumulative AUC analysis above.

Dimensionality reduction, clustering and gene enrichment analysis.
InFigs.1and 2, Enrichrresults® were determined using gseapy (0.14.0)*
withthe 2021 KEGG and GO gene sets and the 2016 Reactome gene sets.
PHATE (1.0.10)* was used to perform dimensionality reduction on
single cells with Euclidean distance, cosine mds distance, gamma=1,
knn=5and 20 PCs in Fig. 2. For gene-level clustering in Fig. 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. Before performing PCA,
feature sets were standardized using sklearn.preprocessing.Stand-
ardScaler. Following dimensionality reduction, Leiden clustering®
was performed with theresolution parameter determined on the basis
of the Adjusted Rand Score computed by subsampling 95% of the
data and reclustering at least ten times for each resolution value
(Extended DataFig. 4a).

Deep learning model

Unsupervised training. First, we trained an unsupervised convo-
lutional autoencoder on 40 million 64 x 64 6-channel single-cell
images. We implemented a U-Net style architecture®® with anencoder
containing 5 convolutional layers and a decoder containing 5 con-
volutional layers (Fig. 2a). We used strided convolution to reduce
dimensionality of the images in the encoder, resulting in a 2,048-
dimensionalembedding. Bilinear upsampling was used in the decoder
to map from this 2,048-dimensional latent space back to the original
image space.

For model selection, we used an 80/20 train/test split. In each
epoch of training, at least 256 cells were sampled from each training
field of view. As aloss function, we used the mean squared error (MSE)
over all reconstructed pixels within the watershed mask for each cell
of interest. We used the Adam optimizer with alearning rate of 0.001,
trained for 50 epochs with arandom seed. Training and test loss curves
are shown in Extended Data Fig. 3a.

Supervised training. We then fine-tuned the encoder of the trained
autoencoder by training a classification head with the negative
log-likelihood loss using Adam with a learning rate of 0.001. We used
3,889 cellimages manually labelled with one of four phenotypic cate-
gories in the set (faint, punctate, cytoplasmic, peripheral). We used
stratified dataset splitting implemented in scikit-learn® to ensure
a balanced distribution of phenotypes across classes. Namely, we
reserved 25% of the dataset, or 973 cell images, as a held-out test set,
and the remaining 2,916 images were splitinto 4 stratified folds (train/
validation) and used for fine tuning the autoencoder.

For fine tuning the autoencoder, we applied the following data
augmentations using the available image transforms in PyTorch:
(1) rotations up to 180 degrees, (2) random vertical and horizontal
flips, (3) random perspective with adistortion scale of 0.1, (4) random
affine transformations with a shear of 10 and a scale of (0.75, 1.25)
and (5) Gaussian blur with a kernel size of 5 and standard deviation
uniformly selected in the interval (0.05, 0.5). For training our model,
we constructed a batch by sampling 5 images from each of the four
classes, applying 5 random transformations to each image, resulting
in100 images per batch. We sampled 100 batches in any given epoch.
The balanced sampling strategy was used to account for any class
imbalances. We trained for a total of 50 epochs and chose the model
thatachievedthe highest balanced accuracy defined as accuracy across
each class weighted by the proportion of validation samplesinthe class.

Tofairly compare model performance across embeddings from var-
ious standard deep learning models on the held-out test set, we trained
supportvector machines (SVMs) with alinear kernel onthe embeddings
extracted from these models on the held-out test set. In particular, we
split our test embeddings according to a 95-5 split, trained the SVM on
the 95% and evaluated model performance on the remaining 5%. We
trained SVMs onthe embeddings obtained from the fully unsupervised
autoencoder model, the fine-tuned autoencoder model, a pretrained
ResNet model and hand-crafted features (Extended Data Fig. 4d).

To determine sgRNAs that significantly altered the proportion
of cells in each phenotypic category, an ordinal chi squared test was
performedusing R4.2.2 with the coin package (v.1.0.9), and theresults
were combined at the gene level using Stouffer’s method.

Identification of terpestacin as an antiviral compound

The evening before the infection, ~15,000 HeLa cells were seeded into
each well ofa96-well plate. The following day, terpestacin (Aurora Fine
Chemicals), a known small-molecule inhibitor of UQCRB, was dosed
ontocellsina9-point, 2-fold dose curve beginning at 50 pM. Cells were
infected with EBOV at an MOl of 0.1-0.2 and allowed to infect for 48 h.
The plates were then fixed in10% neutral-buffered formalin for>6 hand
removed from containment. The cells were washed, permeabilized with
0.1% Triton X-100, blocked with 3.5% BSA and immunostained with an
anti-EBOV GP monoclonal antibody (IBT). After several hoursincubating
at37°C, thecellswere washed inPBS and incubated in anti-mouse Alexa
Fluor488secondary antibody (ThermoFisher). Cells were again washed
in PBS and nuclei were counterstained with Hoechst 33342. The plate
was imaged with a BioTek Cytation 1 automated plate imager. Images
were fed into a custom pipeline in CellProfiler (Broad Institute) used
to count the number of infected cells and nuclei. Infection efficiency
was calculated as the number of infected cells divided by the total
number of nuclei (as a proxy for total cell count) and normalized to the
average of cells treated with dimethylsulfoxide only. The total nuclei
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count, normalized to the average of the negative controls, was used to
check for potential cytotoxicity. The normalized infection efficiency
and normalized nuclei counts were plotted in GraphPad Prism 8.0.0
(GraphPad Software). A4-parameter variable slope nonlinear regression
was used to fit the data and calculate the antiviral IC5, of the compound.

Generation of STRAP KO cells

The evening before transduction, 250,000 HeLa-TetR-Cas9 cells were
seeded into a 12-well plate in DMEM medium supplemented with 10%
FBS. The following morning, the medium was replaced with DMEM
containing 8 pg ml™ polybrene. Alentiviral vector containing an sgRNA
targeting STRAP purchased fromthe Broad Institute’s Genetic Perturba-
tion Platform was added and the cells were spinoculated at 1,000 x gfor
2 hat33 °C. After spinoculation, the cells were transferred to theincuba-
tor for 3 h, followed by medium replacement. At 24 h after spinocula-
tion, the cells were split into medium containing 2 pg ml™ puromycin
to begin selection. At 48 h after beginning selection, the medium was
replaced with that containing 2 pg ml™ puromycin and 1 pg ml™ doxy-
cycline to induce Cas9 activation. Once the cells reached confluency,
they were splitinto medium containing only 1 pg ml™ doxycycline and
were maintained in doxycycline for 1 week. After 1 week, the cells were
split into basic medium and single-cell clones were obtained. Clonal
populations were identified and verified as being STRAP KOs by capil-
lary electrophoresis using aJess automated immunodetection machine
(Bio-Techne). Two clones, identified as BO3 and EO8, had no detectable
STRAP expression and were used for subsequent experiments.

qPCR of EBOVRNA

To detect and quantify total cellular EBOV RNA, NT or STRAP KO cells
wereinfected at theindicated MOl and incubated for ~16 h. Cells were
washed once with PBS and collected in TRIzol (ThermoFisher). RNAwas
processed using a Zymo Direct-zol RNA Miniprep kit following manu-
facturerinstructions. RT-qPCR was performed using the NEB Luna Uni-
versal Probe One-Step RT-gPCRkit (E3006L) onaBio-Rad CFX Opus 96
Real Time PCR system. Primer/probe sequences for EBOV NP (forward:
GCAGAGCAAGGACTGATACA, reverse: GTTCGCATCAAACGGAAAAT,
probe- FAM-CAACAGCTT-ZEN-GGCAATCAGTAGGACA-IABKFQ) and
human GAPDH (forward: ACATCGCTCAGACACCATG, reverse:
GTAGTGAGGTCAATGAAGGG, probe: Cy5-AAGGTCGGAGTCAACGG
ATTTGGTC-IAbRQSp) were previously established. The thermocycler
protocol was as follows: 55 °C for 10 min, 95 °C for1 min, then 40 cycles
of 95°C for 10 s and 60 °C for 30 s. Primers and probes were synthe-
sized by IDT. Four concentrations of synthetic RNA standards were
used to calculate genome equivalents from Cq values. Each standard
and sample were run in duplicate technical replicates and averaged.
Todetect extracellular EBOVRNA, NT or STRAP KO cells were infected
at the indicated MOIs and incubated for ~72 h. Supernatants from
infected cells were collected into TRIzol LS (ThermoFisher) ina 3:1
TRIzol LS to supernatant ratio. RNA was processed and PCR was per-
formed as above using the same primers.

To quantify genome-specific EBOV RNA, whole-cell lysates of
infected NT or STRAP cells were generated and processed as above.
A two-step PCR was performed to specifically target EBOV genomic
RNA, which has been previously described. For reverse transcrip-
tion, an Invitrogen SuperScript Ill Reverse Transcriptase kit was
used following manufacturer protocol. Briefly, 4 pl purified RNA
was mixed with 1 pl 2 uM gene-specific primer (EBOV-18046 forward:
5-GAGTTGATTAGTGTGTGCAATAGGTTTAC-3’), 11110 mM dNTP mix
and 4 pl nuclease-free water. The mixture was denatured for 5 min at
65°C, then cooled on ice for >1 min. After cooling, 4 pl First Strand
Buffer, 1 ul 0.1 M dithiothreitol, 1 ul RNase inhibitor, 1 pl SuperScript
IlIreverse transcriptase and 3 pl nuclease-free water were added (total
reaction volume of 20 pl). Reverse transcription was performed at 55 °C
for1h,andtheenzymewastheninactivated at 85 °Cfor 5 min. Avolume
of 4 plof the first reaction was used as the template for the subsequent

qPCRusing the Bio-Rad iTaq Universal SYBR Green Supermix according
to manufacturer protocol.

EBOV immunostaining and infection efficiency calculation
Cells were infected as described above with alow MOI. Aftera72h
infection, the plates were fixed in 10% formalin and removed from
containment. Cells wereimmunostained with an anti-EBOV GP mouse
antibody (IBT) and Alexa Fluor 488 anti-mouse secondary antibody
(Thermo Fisher). Nuclei were counterstained with Hoechst 33342.
Images were taken withaBiotek Cytation1automated plateimager. The
numbers of infected cells and nuclei were quantified using a custom-
ized pipeline on CellProfiler (Broad Institute) and infection efficiency
was calculated by dividing the total number of infected cells by the
total number of nuclei.

Focus-forming unit (f.f.u.) assay

Non-targeting and STRAP knockout HeLa cells were infected as
described above with alow MOl in triplicate. After a 72 h infection,
supernatant was collected from samples and diluted out onto HeLa
cellsina96-well platein a2-fold series. Cells wereincubated for another
72 h to allow viral replication and spread. The plates were formalin
fixed, removed from containment and immunostained for EBOV GP
as above. One f.f.u. was defined as a cluster of >5 infected cells. The
lowest dilution with an average of >50 f.f.u.s was used as the endpoint
tocalculate viral titres. The datawere normalized to the average of the
non-targeting controls.

Proximity ligation assay

The night beforeinfection,~7,000 HeLa cells were seeded into an 18-well
chamber slide (Ibidi). The following evening, cells were infected with
EBOV atan MOl of -3. After 16-18 h, the cells were fixed in10% formalin
and removed from containment. Cells were washed thoroughly with
PBS and the Duolink PLA kit was used (Sigma-Aldrich) according to
manufacturer protocol. Briefly, blocking solution was added for1h
at 37 °C. The anti-EBOV VP35 mouse antibody and anti-STRAP rabbit
antibody were diluted 1:3,000 and 1:1,000, respectively, in antibody
diluentandincubated at 37 °Cfor 2-3 h. The cells were washed inwash
buffer Aand diluted Duolink PLA probes were added for1hat 37 °C. Cells
were washed in wash buffer A and ligase was added in ligase buffer for
30 minat37 °C. Cells were again washed in wash buffer Aand polymerase
diluted inamplification buffer wasadded for100 minat 37 °C. The cells
werefinally washed in wash buffer Band nuclei were counterstained with
Hoechst 33342. Images were taken on a Nikon Ti2 Eclipse microscope.

Co-immunostaining of EBOV VP35 and STRAP proteins

The night before infection, ~30,000 HeLa cells were seeded into
8-well chamber slides. Cells were infected with EBOV at an MOI of -3
for 16-18 h, then fixed in 10% formalin and removed from contain-
ment. Cells were permeabilized in 0.1% Triton X-100, blocked in 3.5%
BSA, and immunostained with our anti-EBOV VP35 mouse antibody
and an anti-STRAP rabbit antibody (Atlas Antibodies) at 1:3,000 and
1:1,000, respectively, for several hours at 37 °C. Cells were washed, then
anti-rabbit Alexa Fluor 488 and anti-mouse Alexa Fluor 594 secondary
antibodies were added (Thermo Fisher). After 1-2 h, the cells were
washed and nuclei were counterstained with Hoechst 33342. Images
were taken on a Nikon Ti2 Eclipse microscope.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Rawscreenimages and single-cell features are available in their entirety
onGoogle Cloud Storageat https://console.cloud.google.com/storage/
browser/opspublic-eastl/EBOVOpticalPooledScreen. A curated
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subset of raw images from the genome-wide screen in HeLa cells
(https://doi.org/10.7910/DVN/YHVWXY), and the targeted screens
inHeLaand Huh7 cellsat16 h postinfection (https://doi.org/10.7910/
DVN/6FQNUA) and at 24 hpostinfection (https://doi.org/10.7910/DVN/
WO9WVHG) are available at Harvard’s Dataverse® . Additional tables
are available on Zenodo at https://doi.org/10.5281/zenod0.14741479
(ref.40).Source data are provided with this paper.

Code availability
Codeisavailable on Zenodo at https://zenodo.org/records/15725070
(ref. 41).
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Extended Data Table 1| Statistics for fraction and number of cells post initial filtering steps based on in situ sequencing data

Number of cells Fraction of phenotyped cells Fraction of category above
Phenotyped cells 6.65E+07
Cells with >=1read 6.39E+07 0.96 0.96
Cells uniquely aligned 6.16E+07 0.93 0.96
Cells with majority read matching sgRNA in library 4.65E+07 0.70 0.76

Nature Microbiology


http://www.nature.com/naturemicrobiology

Article

https://doi.org/10.1038/s41564-025-02034-3

Extended Data Table 2 | Statistics on cell coverage for targeting and non-targeting sgRNA post filtering

Cells/sgRNA

Targeting Non-targeting
Count 80739 454
Mean 540.2 6773.4
s.d. 403.2 7426.7
Min 1 74
25" Percentile 267 2502
50" Percentile 456 4768
75" Percentile 710 8515.5
Max 7446 85343

Cells/sgRNA for targeting and non-targeting sgRNAs post-filtering.
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Extended Data Fig. 1| A genome-wide optical pooled screen identifies genes
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screening workflow with RNA FISH detection using HCR amplification.
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a

Extended Data Fig. 5| Summary of analytical approaches used in the manuscript. (a) Workflow of analytical approaches used in this manuscript.
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a | Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XX O 0O OKX O O
XOO X X XOKX XK

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  All code is available through our GitHub repository at https://github.com/beccajcarlson/EBOVOpticalPooledScreen

Data analysis Data analysis was performed using Cell Profiler (version ##), Graph pad Prism (version ##), NIS-ELEMENTS AR-MQS31000, and custom code
available on GitHub.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy
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Raw screen images and single-cell features are available on Google Cloud Storage at https://console.cloud.google.com/storage/browser/opspublic-east1/
EBOVOpticalPooledScreen.




Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A
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Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size There was no specific statistical method used to determine sample size.

Data exclusions  All data were included. Exceptions were when microscope images were of poor quality due to foreign material in the image (dust or similar
debris).

Replication The primary analysis identified hundreds of cells expressing the same sgRNA by barcode and looked for similar phenotypic outcomes. For
those that gave statistically significant outcomes (FDRs are indicated in the text), were included as hits. We replicated all secondary hits at
least 3 times. We validated outcomes in multiple cell types and are described in the text and figures.

Randomization  The screen is inherently random as there is no way to predict which cells will express a specific sgRNA from the library. A population of cells
expressing all sgRNA variants is evaluated at once in the same wells and across multiple wells. Secondary and tertiary assays involve selection
of sgRNAs to be evaluated but are plated in random wells across plates and slides without specific bias. Biases in outcomes based on position
on plates and slides are ruled out during assay construction.

Blinding The Al assessed evaluation of cell phenotypes involved blinded evaluation of outcomes to select a set of 4 groups distinguishable by humans.

This training set was then applied by the Al system without it understanding the differences between the image sets and so is blinded.
Evaluation of predictive power was performed by statistical testing without human bias in decisions of significance.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
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[] Eukaryotic cell lines [ ] Flow cytometry

XI|[ ] Palaeontology and archaeology [ ] MRI-based neuroimaging
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X|[ ] clinical data %
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Antibodies

Antibodies used Primary antibodies: c-Jun (1:1800 dilution, Cell Signaling Technology Cat# 9165, RRID:AB_2130165), vimentin (1:1300 dilution, Abcam
Cat#f ab24525, RRID:AB_778824), AlexaFluor 488-conjugated LAMP1 (Cell Signaling Technology Cat#f 58996, RRID:AB_2927691), and
VP40 (1:1000, Integrated BioTherapeutics 0203-012). The VP35 antibody was obtained from Dr. Leung, Washington University and is
available upon request.
Secondary antibodies: 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#t 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).

Validation Validation of the antibodies has been reported by the commercial suppliers. In addition, c-Jun, vimentin, and LAMP1 scored highly for
reduced fluorescence upon knockout in our pooled screen, providing internal validation of these signals. For the VP35 antibody, this
was independently validated in this paper with cells lacking virus showing no signal and those with virus showing strong staining that
is represented by inclusion bodies characteristic of virus structures in infected cells.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) Hela-TetR-Cas9 cells were obtained from lain Cheeseman's lab at the Whitehead Institute. Huh7 cells ###
Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.
Mycoplasma contamination We use PCR-based mycoplasma testing. Cell lines were negative.

Commonly misidentified lines  cell lines were not authenticated.
(See ICLAC register)

Plants

Seed stocks N/A

Novel plant genotypes ~ N/A

Authentication N/A
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