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POOLED GENETIC SCREENS WITH RICH READOUTS AT SCALE AND IN VIVO 

REUBEN SAUNDERS 

ABSTRACT 

A central goal of organismal biology is to understand how the physiological functions of organs 

and tissues arise from the coordinated activity of thousands of genes in diverse principal and 

support cell types. Recent large-scale atlasing efforts have characterized the molecular 

composition of thousands of distinct cell types across the organs; ongoing work is mapping the 

spatial organization of these cell types across tissues. Although such efforts provide a foundation 

resource, a major challenge for the field is to causally understand how cell types, cell states, and 

multicellular structures and motifs are produced and regulated by the actions of specific genes and 

molecular pathways. This thesis describes an approach that could enable a systematic and 

comprehensive understanding of how specific genes control diverse cellular and tissue phenotypes 

in living animals, under different physiological states. Chapter 1 describes the use of Perturb-seq 

to create a comprehensive portrait of the transcriptional impact of genetic perturbations at genome-

scale in cell culture, enabling the prediction of function for thousands of genes, the investigation 

of complex cellular phenotypes. Chapter 2 describes two new technologies to take this many 

genotypes/complex phenotypes approach into animal tissue. The first is a new method for fixed 

cell Perturb-seq, which drastically simplifies the processing of animal tissues and enables large-

scale experiments. The second is an imaging-based method that captures both spatial gene 

expression and multiplexed immunofluorescence. Through an integrated analysis of imaging and 

transcriptional phenotypes, we identify novel regulators of hepatocyte zonation, reveal how 

proteostatic stress pathway activation can broadly affect the expression of secreted proteins, and 

show how diverse cellular states can produce convergent effects on lipid accumulation. In total, 
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we provide a new path to characterizing multidimensional genotype-phenotype relationships in 

living tissues, in a scalable manner that will be broadly applicable across diverse tissues as well as 

physiological and disease state.  
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Chapter 1: Mapping information-rich genotype-phenotype landscapes with 

genome-scale Perturb-seq 

 

A modified version of this chapter is now published in Cell as Replogle and Saunders et al, 

2022. 

Summary 

A central goal of genetics is to define relationships between genotypes and phenotypes. High-

content phenotypic screens such as Perturb-seq (CRISPR-based single-cell RNA-sequencing 

screens) enable massively parallel functional genomic mapping but, to date, have been used at 

limited scales. Here, we perform genome-scale Perturb-seq targeting all expressed genes with 

CRISPRi across >2.5 million human cells and present a framework to power biological discovery 

from the resulting genotype-phenotype map. We use transcriptional phenotypes to predict gene 

functions, uncovering new regulators of ribosome biogenesis (including CCDC86, ZNF236, and 

SPATA5L1), transcription (C7orf26), and mitochondrial respiration (TMEM242). In addition to 

assigning gene function, single-cell transcriptional phenotypes allow for in-depth dissection of 

complex cellular phenomena – from RNA processing to differentiation. Leveraging this, we 

systematically identify genetic drivers and consequences of aneuploidy and discover an 

unanticipated layer of stress-specific regulation of the mitochondrial genome. Our information-

rich genotype-phenotype map reveals a multidimensional portrait of gene and cellular function. 
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Introduction 

Mapping the relationship between genetic changes and their phenotypic consequence is 

critical to understanding gene and cellular function. This mapping is traditionally carried out in 

either of two ways. A phenotype-centric, “forward genetic” approach reveals the genetic changes 

that drive a phenotype of interest. Conversely, a gene-centric, “reverse genetic” approach catalogs 

the diverse phenotypes caused by a defined genetic change.  

Recent technological developments have advanced both forward and reverse genetic 

efforts (Camp et al., 2019). CRISPR-Cas tools now enable the deletion, mutation, repression, or 

activation of genes with ease (Doench, 2018). In forward genetic screens, CRISPR-Cas systems 

can be used to generate cells with diverse genetic perturbations. This pool of perturbed cells can 

then be subjected to a selective pressure, with phenotypes assigned to genetic perturbations by 

sequencing. Forward genetic screens provide powerful tools for the identification of cancer 

dependencies, essential cellular machinery, differentiation factors, and suppressors of genetic 

diseases (Kramer et al., 2018; Tsherniak et al., 2017; Wang et al., 2021, 2015). In parallel, dramatic 

improvements in molecular phenotyping now allow for single-cell readouts of epigenetic, 

transcriptomic, proteomic, and imaging information (Stuart and Satija, 2019). Applied to reverse 

genetics, single-cell profiling can refine the understanding of how select genetic perturbations 

affect cell types and cell states. 

However, both phenotype-centric and gene-centric approaches suffer conceptual and 

technical limitations. Pooled forward genetic screens typically use low-dimensional phenotypes 

(e.g., growth, marker gene expression, drug resistance) for selection. The use of simple phenotypes 

can conflate genes acting via different mechanisms, requiring extensive follow-up studies to 

disentangle genetic pathways (Przybyla and Gilbert, 2021). Additionally, in forward genetics, 
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serendipitous discovery is constrained by the prerequisite of selecting phenotypes prior to 

screening. On the other hand, while reverse genetic approaches enable the study of 

multidimensional and complex phenotypes, they have typically been restricted in scale to 

rationally chosen targets, limiting the ability to make systematic comparisons. 

Single-cell CRISPR screens present a solution to these problems. These screens 

simultaneously read out the genetic perturbation and high-dimensional phenotype of individual 

cells in a pooled screening format, thus combining the throughput of forward genetic screens with 

the rich phenotypes of reverse genetics. While these approaches initially focused on transcriptomic 

phenotypes (e.g., Perturb-seq, CROP-seq) (Adamson et al., 2016; Datlinger et al., 2017; Dixit et 

al., 2016; Jaitin et al., 2016; Replogle et al., 2020), technical advances have enabled their 

application to epigenetic (Rubin et al., 2019), imaging (Feldman et al., 2019), or multimodal 

phenotypes (Frangieh et al., 2021; Mimitou et al., 2019; Papalexi et al., 2021). From these rich 

data, it is possible to identify genetic perturbations that cause a specific behavior as well as to 

catalog the spectrum of phenotypes associated with each genetic perturbation. Despite the promise 

of single-cell CRISPR screens, their use has generally been limited to studying at most a few 

hundred genetic perturbations, typically chosen with a bias towards predefined biological 

questions. 

We reasoned that there would be unique value to genome-scale single-cell CRISPR 

screens. For example, while the number of perturbations scales linearly with experimental cost, 

the number of pairwise comparisons in a screen—and thus its utility for unsupervised classification 

of gene function—scales quadratically. Similarly, in large-scale screens, the diversity of 

perturbations allows one to explore the range of cell states that can be revealed by rich phenotypes. 

Additionally, as many human genes are well-characterized, these genes serve as natural controls 
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to anchor the interpretation of observations in comprehensive datasets. Finally, genome-scale 

experiments could help address fundamental biological questions, such as what fraction of genetic 

changes elicit global transcriptional phenotypes and how transcriptional responses to the same 

perturbations differ between cell types, with implications for understanding the organizing 

principles of cellular systems (Tanay and Regev, 2017). 

Here we perform the first genome-scale Perturb-seq screens. We use a compact, 

multiplexed CRISPR interference (CRISPRi) library to assay thousands of loss-of-function genetic 

perturbations with single-cell RNA-sequencing (scRNA-seq) in chronic myeloid leukemia (K562) 

and retinal pigment epithelial (RPE1) cell lines. Leveraging the scale and diversity of these 

perturbations across >2.5 million cells, we show that Perturb-seq can be used to study numerous 

complex cellular phenotypes—from RNA splicing to differentiation to chromosomal instability—

in a single screen. We demonstrate how the interpretability of scRNA-seq phenotypes enables the 

discovery of gene function and extensively validate our findings with orthogonal experiments. 

Finally, we invert our analysis to focus on regulatory networks rather than genetic perturbations 

and uncover unanticipated stress-specific regulation of the mitochondrial genome. In sum, we use 

Perturb-seq to reveal a multidimensional portrait of cellular behavior, gene function, and 

regulatory networks that advances the goal of creating comprehensive genotype-phenotype maps. 
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Results 

Perturb-seq uses scRNA-seq to concurrently read out the CRISPR single-guide RNAs 

(sgRNA) (i.e., genetic perturbation) and transcriptome (i.e., high-dimensional phenotype) of single 

cells in a pooled format (Fig. 1A). We sought to exploit and understand the rich information 

content of transcriptomic phenotypes by studying a comprehensive set of genetic perturbations in 

a given cell type. To enable genome-scale Perturb-seq, we considered key parameters that would 

increase scalability and data quality, such as the genetic perturbation modality and sgRNA library. 

Although Perturb-seq is compatible with a range of CRISPR-based perturbations including 

knockout (Datlinger et al., 2017; Dixit et al., 2016; Jaitin et al., 2016), knockdown (CRISPRi) 

(Adamson et al., 2016), or activation (CRISPRa) (Norman et al., 2019), we elected to use CRISPRi 

for several reasons. First, compared to gain-of-function CRISPRa perturbations, a higher 

proportion of loss-of-function CRISPRi perturbations yield phenotypes in growth and chemical-

genetic screens, especially for members of large protein complexes (Gilbert et al., 2014; Horlbeck 

et al., 2016). Second, CRISPRi allows direct measurement of the efficacy of genetic perturbation—

knockdown—by scRNA-seq. This is challenging with CRISPR nuclease perturbations due to 

incomplete nonsense-mediated decay (Dixit et al., 2016) and poor coverage of indels with 3’ 

scRNA-seq methods.  Exploiting this feature of CRISPRi allowed us to target each gene in our 

library with a single element and empirically exclude unperturbed genes from downstream 

analysis. Third, CRISPRi tends to yield more homogeneous genetic perturbation than nuclease-

based CRISPR knockout, which can generate a subset of cells bearing active in-frame indels (Smits 

et al., 2019). The relative homogeneity of CRISPRi reduces selection for unperturbed cells, 

especially when studying essential genes. Fourth, unlike nuclease-based gene knockout, CRISPRi 
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does not lead to activation of the DNA damage response which can alter cell state and 

transcriptional signatures (Haapaniemi et al., 2018). 

To improve scalability, we optimized our CRISPRi sgRNA libraries.  To maximize 

CRISPRi efficacy, we used multiplexed CRISPRi libraries in which each construct contains two 

distinct sgRNAs targeting the same gene (Replogle et al., 2020). To avoid low representation of 

sgRNAs targeting essential genes, we performed preliminary growth screens and, during library 

synthesis, overrepresented constructs that caused strong growth defects. 

Next, we devised a three-pronged Perturb-seq screening approach encompassing multiple 

timepoints and cell types (Fig. 1A). As a primary cell line, we studied chronic myeloid leukemia 

(CML) K562 cells engineered to express the CRISPRi effector protein dCas9-KRAB (Gilbert et 

al., 2014). In this cell line, we performed two Perturb-seq screens: one targeting all expressed 

genes sampled at day 8 after transduction (n=9,866 genes; n=10,673 total perturbations; some 

genes have multiple independent transcripts) and another targeting common essential genes 

sampled at day 6 after transduction (n=2,057 genes; n=2,176 total perturbations). These two time 

points were selected as the phenotypic effects of different genetic perturbations can manifest at 

variable time points based on technical and biological factors (Bock et al., 2022). We reasoned 

that assaying an early and intermediate timepoint would allow us to observe strong phenotypes for 

essential genes that are likely to cause cell death as well for genes with less severe cellular 

consequences, consistent with kinetic analyses of growth screens (Cross et al., 2016). We also 

intended to use these two independent datasets to assess experimental reproducibility. To limit 

costs, we focused the replication screens on essential genes. As a secondary cell line, we used 

RPE1 cells engineered to express dCas9 fused to a KRAB domain derived from the gene ZIM3, 

which was recently shown to yield improved transcriptional repression compared to the KOX1-
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derived KRAB domain used in previous CRISPRi experiments (Alerasool et al., 2020). In contrast 

to K562 cells, RPE1 cells are a non-cancerous retinal pigment epithelial cell line that are hTERT-

immortalized, near-euploid, adherent, and p53-positive. In RPE1 cells, we performed a screen 

targeting common essential genes plus a subset of nonessential genes that produced phenotypes in 

K562 cells sampled at day 7 after transduction (n=2,393 genes; n=2,549 total perturbations). By 

studying two different cellular models, we hoped to focus our downstream work on conserved cell 

biological discoveries.  
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Figure 1.1: Genome-scale Perturb-seq via multiplexed CRISPRi. 

A) Schematic experimental strategy. A multiplexed CRISPRi sgRNA library was used to 
knock down all expressed genes (in K562 cells) or all common essential genes (in RPE1 
and K562 cells). Cells were transcriptionally profiled using droplet-based single-cell RNA-
sequencing, with genetic perturbations assigned to cells by direct capture and sequencing 
of sgRNAs.  

B) On-target knockdown statistics. Cumulative density plot of on-target knockdown, for 
n=9,464 target genes in K562 cells (red) and n=2,333 target genes in RPE1 cells (blue).  

C) Comparing growth phenotype versus the number of differentially expressed genes (DEGs) 
for each multiplexed guide pair in K562 cells. Growth phenotypes are reported as the log2 
guide enrichment per cell doubling (gamma). DEGs were determined using a two-sample 
Anderson-Darling test compared against non-targeting guides, and a pseudocount of 1 was 
added to the number of DEGs before log10 transformation. Dots are colored by Energy 
distance as either permutation significant (purple) or not significant (grey). The growth 
phenotype and number of DEGs are anticorrelated (Spearman’s rho=-0.51). 
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We conducted these three screens with 10x Genomics droplet-based 3’ scRNA-seq and 

direct sgRNA capture (Replogle et al., 2020). After sequencing and read alignment, we performed 

sgRNA identification and removed any cells bearing sgRNAs targeting different genes, which are 

an expected byproduct of lentiviral recombination between sgRNA cassette or doublet 

encapsulation during scRNA-seq. In total, we obtained >2.5 million high-quality cells with a 

median coverage of >100 cells per perturbation. We observed a median target knockdown of 

85.5% in K562 cells and 91.6% in RPE1 cells (Fig. 1B), confirming both the efficacy of our 

CRISPRi libraries and the fidelity of sgRNA assignment (Replogle et al., 2020). The difference in 

performance between these cell lines was likely due to the use of the optimized ZIM3-derived 

KRAB domain in the RPE1 cells, suggesting that future efforts would benefit from improved 

CRISPRi efficacy.  

The scale of our experiment provided a unique opportunity to ask what fraction of genetic 

perturbations cause a transcriptional phenotype, a preliminary requirement for inferring gene 

function. Significant transcriptional phenotypes can take many forms, ranging from altered 

occupancy of a given cell state to focused changes in the expression level of a small number of 

target genes. To contend with this diversity, we created a robust framework capable of detecting 

transcriptional changes between groups of cells in our data. Our experimental design included 

many control cells bearing diverse non-targeting sgRNAs. These allow for internal z-normalization 

of expression measurements, and we found that this procedure corrected for batch effects that 

resulted from parallelized scRNA-seq and sequencing. As Perturb-seq captures single-cell genetic 

perturbation identities in a pooled format, we can use statistical approaches that treat each cell as 

an independent experimental sample. In general, we chose to use conservative, non-parametric 
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statistical tests to detect transcriptional changes rather than making specific assumptions about the 

underlying distribution of gene expression levels. 

First, we examined global transcriptional changes using a permuted energy distance test. 

We compared cells bearing each genetic perturbation to non-targeting control cells at the level of 

principal components (approximating global transcriptional features like cell state and gene 

expression programs). Relative to a permuted null distribution, this test asks whether cells carrying 

a given genetic perturbation could have been drawn from the control population. By this metric, 

we found that 2,987 of 9,608 genetic perturbations targeting a primary transcript (31.1%) 

compared to 11 of 585 non-targeting controls (1.9%) caused a significant transcriptional phenotype 

in K562 cells.  

While sensitive, the energy distance test assays global shifts in expression without 

providing insight into which specific transcripts are altered. To detect individual differentially 

expressed genes, we applied the Anderson-Darling (AD) test to compare the distribution of 

expression levels for each gene in cells bearing each genetic perturbation against control cells. 

Importantly, the AD test is sensitive to transcriptional changes in a subset of cells, enabling us to 

find differences even when phenotypes have incomplete penetrance. With the AD test, we found 

2,935 of 9,608 genetic perturbations targeting a primary transcript (30.5%) compared to 12 of 585 

non-targeting controls (2.1%) caused >10 differentially expressed genes in K562 cells. These 

results were well-correlated between time points and cell types and concordant with the energy 

distance test (78.7% concordance by Jaccard index).  

We then explored features of genetic perturbations that predict the likelihood of causing a 

transcriptional phenotype. We found that the strength of the transcriptional response was correlated 

with the strength of the growth defect (Spearman’s rho = –0.51) with 86.6% of essential genetic 
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perturbations (gamma < –0.1) leading to a significant transcriptional response in K562 cells (Fig. 

1C). Nonetheless, a substantial number of genetic perturbations that cause a transcriptional 

phenotype have a negligible growth phenotype (n=771), indicating that many genetic perturbations 

influence cell state but not growth or survival. We also found that genes whose knockdown caused 

a strong transcriptional phenotypes were more likely to be highly expressed, to have an annotated 

subcellular localization, and to be components of core protein complexes such as the ribosome, 

spliceosome, and RNA polymerase. 

Considering that some of our genetic perturbations did not yield strong on-target 

knockdown, our estimate of the fraction of genetic perturbations that cause a transcriptional 

phenotype is likely to be a lower bound. While a fraction of phenotypes may result from off-target 

effects, an advantage of Perturb-seq is the ability to directly detect potential off-target activities 

such as the knockdown of neighboring genes. Consistent with earlier studies (Rosenbluh et al., 

2017), we found that ~7.5% of perturbations caused significant knockdown of a neighboring gene 

in K562 cells, but neighbor gene knockdown was not enriched in genetic perturbations with a 

negligible growth defect that produced a transcriptional phenotype. Taken together, these results 

present a coherent picture where knockdown of a significant fraction of expressed genes causes a 

transcriptional response. 

Previous Perturb-seq screens have focused on targeted sets of genetic perturbations that are 

often related biologically, such as genes identified in forward genetic screens. Our large-scale 

screen targeting all expressed genes in K562 cells presented a unique opportunity to assess how 

well transcriptional phenotypes can resolve gene function when used in an unbiased manner. 

We focused on a subset of 1,973 perturbations that had strong transcriptional phenotypes 

(>50 differentially expressed genes by AD test) (Fig. 2A). Because related perturbations could 
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have different magnitudes of effect, we used the correlation between mean expression profiles as 

a scale-invariant metric of similarity.  

To assess the extent to which correlated mean expression profiles between genetic 

perturbations indicated common function, we compared our results to two curated sources of 

biological relationships. First, among the 1,973 targeted genes, there were 327 protein complexes 

from the CORUM 3.0 database with at least two thirds of the complex members present, 

representing 14,165 confirmed protein-protein interactions (Giurgiu et al., 2019). The 

corresponding expression profile correlations were markedly stronger (median correlation 0.61) 

than the background distribution of all possible gene pairs (median correlation 0.10) (Fig. 2B). 

Second, we compared the correlation between genetic perturbations to the STRING database of 

known and predicted protein-protein interactions, which had scores for 243,558 of the possible 

gene-gene relationships within our dataset (Szklarczyk et al., 2019). High STRING scores, 

reflecting high-confidence interacting proteins, were also strongly associated with high expression 

correlations (Fig. 2C). 

We next performed an unbiased search for global structure to group similar perturbations 

within the dataset. We identified 64 discrete clusters based on strong intra-cluster correlations and 

annotated their function using CORUM, STRING, and manual searches. To visualize the dataset, 

we constructed a minimum distortion embedding that places genes with correlated expression 

profiles close to each other in the plane and labeled the location of gene clusters (Fig. 2D). 
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Figure 1.2: Data-driven inference of gene function from transcriptional phenotypes. 

A) Schematic of analysis. To examine the ability of transcriptional phenotypes to assign gene 
function, we analyzed 1973 genetic perturbations that elicited strong responses. 
Perturbations were compared and clustered using the correlation of gene expression across 
2319 highly variable genes.  

B) Expression profile correlations among genes in curated complexes. 327 protein complexes 
from the CORUM3.0 database have at least two thirds of complex subunits within the 
dataset. Plot compares the distribution of pairwise expression profile correlations among 
genes in complexes vs. all possible gene-gene pairs. 

C) Comparing expression profile correlations to predicted protein-protein interactions from 
STRING. 243,558 gene-gene relationships within the dataset are scored within STRING. 
The relationships were sorted into 6 equally spaced bins based on expression profile 
correlation. Plot shows kernel density estimates of STRING scores within each bin. 

D) Minimum distortion embedding of dataset. Each dot represents a genetic perturbation, 
arranged so that perturbations with correlated expression profiles are nearby in the two 
dimensional embedding. Manual annotations (black labels) of cluster function are placed 
near the median location of genes within the cluster. (Figure caption continued on the next 
page.) 
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E) (Figure caption continued from previous page.) CORUM complexes or STRING clusters 
(green labels) are annotated when involved genes are nearby within the embedding. 

F) Quantification of 28s to 18s rRNA ratio. Poorly characterized genes with Perturb-seq 
predicted roles in ribosome biogenesis were targeted by CRISPRi. The 28s/18s rRNA ratio 
was measured by Bioanalyzer electrophoresis in biological duplicate with two distinct 
sgRNAs per gene (green and blue; solid grey lines represent mean). Dotted grey lines 
represent two standard deviations above and below the mean of non-targeting controls.  
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Both the clusters and the embedding showed clear organization by biological function 

spanning a diverse array of different processes including: chromatin modification; transcription; 

mRNA splicing, capping, polyadenylation, and turnover; nonsense-mediated decay; translation; 

post-translational modification, trafficking, and degradation of proteins; central metabolism; 

mitochondrial transcription and translation; DNA replication; cell division; microRNA biogenesis; 

and major signaling pathways active in K562 cells such as BCR-ABL and mTOR. We further 

annotated the embedding visualization by labeling CORUM complexes and STRING clusters 

whose members were placed in nearby positions, revealing structure at finer resolution such as 

identifying the SMN complex, exon junction complex, U6 snRNP, and methylosome within the 

spliceosome and the association of ribosome biogenesis factors with the 40S ribosomal subunit. 

Next, we compared the similarity of transcriptional phenotypes between the three Perturb-

seq datasets we collected. Comparing transcriptional phenotypes in K562 cells sampled at day 8 

versus day 6, we found that both the relationships between perturbations (cophenetic correlation = 

0.82) and transcriptional phenotypes (median r=0.50) were highly similar. By contrast, when 

comparing between the K562 and RPE1 datasets, we observed substantial variation in perturbation 

relationships (cophenetic correlation = 0.37) and transcriptional signatures (median r=0.23). At 

the level of pathways, knockdown of genes involved in protein export, basal transcription, or 

mRNA surveillance tended to produce highly similar transcriptional responses. By contrast, 

KEGG pathways related to “chronic myeloid leukemia” and “cell cycle” were enriched for genes 

with uncorrelated transcriptional phenotypes between the cell types, consistent with the CML 

origin of K562 cells and difference in p53 status of the cell lines, respectively. These differences 

highlight the value in future studies to apply largescale perturb-seq approaches to a range of diverse 

cell types. 



 16 

In our dataset, we identified many poorly annotated genes whose perturbation led to similar 

transcriptional responses to genes of known function, naturally predicting a role for the 

uncharacterized genes. To orthogonally test a subset of these predictions, we selected ten poorly 

annotated genes whose perturbation response correlated (r>0.6) with subunits and biogenesis 

factors of either the large or small subunit of the cytosolic ribosome, which formed distinct clusters 

in our data. This included genes that had no previous association with ribosome biogenesis 

(CCDC86, CINP, SPATA5L1, ZNF236, C1orf131) as well as genes that had not been associated 

with functional defects in a particular subunit (SPOUT1, TMA16, NOPCHAP1, ABCF1, and 

NEPRO). We used CRISPRi to target these genes in K562 cells and looked for evidence of 

ribosome biogenesis defects by assessing the ratio of 28S to 18S rRNA by Bioanalyzer 

electrophoresis. Knockdown of nine of the ten candidate factors led to substantial defects in 

ribosome biogenesis, with the exception of ABCF1 (Fig. 2E). In every case, the affected ribosomal 

subunit corresponded to the Perturb-seq clustering across two independent sgRNAs. While this 

study was in progress, another group used cryo-EM to identify C1orf131 as a core structural 

component of the pre-A1 small subunit processome, complementing our functional evidence 

(Singh et al., 2021). This validation suggests that many poorly characterized genes can be assigned 

functional roles through Perturb-seq, although a subset of these relationships might be explained 

by indirect or off-target effects. 

In total, these results show that transcriptional phenotypes revealed by Perturb-seq have 

utility beyond studying gene regulation or transcriptional programs, and can serve as valuable tools 

for resolving and interrogating many central processes in cell biology.  

In general, perturbations to members of known protein complexes produced similar 

transcriptional phenotypes in our dataset. Therefore, we were surprised by the wide spectrum of 
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transcriptional responses to knockdown of subunits of Integrator, a metazoan-specific essential 

nuclear complex with roles in small nuclear RNA (snRNA) biogenesis and transcription 

termination at paused RNA polymerase II (Fig. 3A) (Kirstein et al., 2021). Each of the fourteen 

core subunits of Integrator was targeted in our experiment, allowing us to systematically compare 

their transcriptional phenotypes in K562 and RPE1 cells (Fig. 3B). INTS1, INTS2, INTS5, INTS7, 

and INTS8 formed a tight cluster which weakly correlated with INTS6 and INTS12. Separately, 

INTS3, INTS4, INTS9, and INTS11 clustered together alongside splicing regulators involved in 

snRNP assembly and the tri-snRNP. Finally, INTS10, INTS13, and INTS14 formed another discrete 

cluster together with C7orf26, an uncharacterized gene.  

These distinct functional modules mirror the architecture of the Integrator complex 

observed in recent structures (Fianu et al., 2021; Zheng et al., 2020). The INTS1-2-5-7-8 functional 

module contained the subunits identified as the structural shoulder and backbone of Integrator. 

The INTS3-4-9-11 functional module contained the subunits identified as the structural cleavage 

module (as well as INTS3 which was not resolved). While INTS10, INTS13, and INTS14 were 

not resolved in the recent cryo-EM Integrator structures, these subunits have been identified as a 

stable biochemical subcomplex (Pfleiderer and Galej, 2021; Sabath et al., 2020). 
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Figure 1.3: Perturb-seq discovers a novel gene member and functional submodules of the 
Integrator complex. 
 

A) Location of known Integrator complex members in the minimum distortion embedding. 
B) Relationship between Integrator complex members and C7orf26 in K562 cells (top) and 

RPE1 cells (bottom). The heatmap displays the Pearson correlation between pseudobulk z-
normalized gene expression profiles of Integrator complex members. Genetic perturbations 
are ordered by average linkage hierarchical clustering based on correlation in K562 cells. 
Functional modules suggested by the clustering are highlighted. (Figure caption continued 
on the next page.) 
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C) (Figure caption continued from the previous page.) Co-depletion of Integrator complex 
members. Individual Integrator complex members were depleted in CRISPRi K562 cells. 
Lysates were then probed for other module members by western blot.   

D) Co-immunoprecipitation of endogenous C7orf26 with His-INTS10. HEK293T were 
transfected with His-INTS10 or INTS10. Cell lysates were affinity purified and select 
Integrator proteins were probed by western blot.  

E) Purification of a INTS10-INTS13-INTS14-C7orf26 complex.  His-INTS10, INTS13, 
INTS14, and C7orf26 were overexpressed in Expi293 cells, affinity purified, and separated 
via SEC. The INTS10-INTS13-INTS14-C7orf26 proteins co-fractionated as visualized by 
Western blotting. 

F) Effects of Integrator modules on splicing from Perturb-seq data. Histogram (kernel density 
estimate) compares gene-level splicing scores. Splicing scores represent the change in the 
log2 ratio of total to unspliced reads for each gene relative to non-targeting control guides. 
Representative genetic perturbations from Integrator modules as well as the spliceosome 
are shown colored by module. 

G) Density of PRO-seq reads at the snRNA RNU1-1 locus mapping actively engaged RNA 
polymerase II.  For each perturbation, densities are shown relative to the maximum read 
count in the locus.  

H) Structure of the Integrator complex colored by functional modules revealed by Perturb-
seq. The endonuclease (blue) and shoulder/backbone (orange) modules were obtained from 
the cryo-EM structure (Zheng et al., 2020). The model of the newly discovered 10-13-14-
C7orf26 module was built by docking the crystal structure of INTS13-INTS14 (Sabath et 
al., 2020) with an AlphaFold multimeric model of INTS10 and C7orf26. 

  



 20 

Integrator is an essential and well-studied complex, so we were intrigued by the robust 

clustering of the uncharacterized gene C7orf26 with Integrator subunits 10, 13, and 14. To explore 

this, we tested whether loss of C7orf26 impacted the abundance of Integrator subunits. CRISPRi-

based depletion of C7orf26 destabilized INTS10 in K562 cells, confirming either a regulatory or 

protein-level relationship (Fig. 3C). Next, we checked for a biochemical interaction between these 

proteins. Pulldown of His-INTS10 from cell lysates recovered endogenous C7orf26 alongside 

INTS13 and INTS14 (Fig. 3D), consistent with previous reports (Boeing et al., 2016; Malovannaya 

et al., 2010). Additionally, overexpression of C7orf26 with INTS10, INTS13, and INTS14 enabled 

the purification of a stable INTS10-13-14-C7orf26 complex by size-exclusion chromatography 

(Fig. 3E). We also detected a physical interaction between the Drosophila C7orf26 orthologue and 

fly Integrator in S2 cells and observed co-essentiality between C7orf26 and INTS10, INTS13, 

INTS14 in the Cancer Dependency Map, suggesting that this relationship is conserved across 

species and cell types (Pan et al., 2022; Wainberg et al., 2021). Together, these results suggest that 

C7orf26 is a core subunit of a novel INTS10-13-14-C7orf26 Integrator module. 

We sought to better understand the distinct transcriptional phenotypes induced by 

knockdown of INTS10-13-14-C7orf26 compared to the shoulder/backbone and cleavage modules. 

Comparison of the genes differentially expressed between modules did not reveal function in an 

obvious way, perhaps owing to the late time point assayed in our experiment. We next explored 

the canonical role of Integrator in snRNA biogenesis. As mature snRNAs are not captured in 3’ 

scRNAs-seq, we monitored changes in global splicing as a proxy for snRNA biogenesis defects. 

In our Perturb-seq data, we quantified changes in splicing by comparing the ratio of intronic 

(unspliced) to exonic (spliced) reads for each gene. Validating our approach, depletion of known 

splicing factors as well as subunits of the cleavage and shoulder/backbone modules led to gross 
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splicing defects (Fig. 3F). By contrast, depletion of subunits of the INTS10-13-14-C7orf26 module 

did not cause a substantial splicing defect. To directly test the effect of the INTS10-13-14-C7orf26 

module on snRNA biogenesis, we used PRO-seq to probe the positioning of active RNA-

polymerase. These data confirmed that extended knockdown of the cleavage and 

backbone/shoulder modules, but not INTS10, INTS13, or C7orf26, caused a dramatic increase in 

transcriptional readthrough past the 3’ cleavage site of snRNAs (Fig. 3G). In addition, the PRO-

seq data confirmed that loss of the INTS10-13-14-C7orf26 module causes a transcriptional 

phenotype distinct from other modules. 

In sum, our results show that INTS10-13-14-C7orf26 represents a functionally and 

biochemically distinct module of the Integrator complex, and we propose that C7orf26 be renamed 

INTS15 for future studies, consistent with concurrent studies (Fig. 3H) (Funk et al., 2021; Pan et 

al., 2022; Wainberg et al., 2021). Although Integrator has been subjected to extensive structural 

analyses, it has been difficult to resolve the INTS10-13-14 components in relation to the rest of 

the complex. Inclusion of C7orf26 may facilitate future structural efforts. Broadly, this example 

highlights the utility of high-dimensional functional phenotypes for the unsupervised classification 

of protein complex subunits into functional modules.  

While clustering can organize genetic perturbations into pathways or complexes, it does 

not reveal the functional consequences of perturbations. To globally summarize the genotype-

phenotype relationships in our dataset, we: (i) clustered genes into expression programs based on 

their co-regulation across perturbations; (ii) clustered perturbations with strong phenotypes based 

on their transcriptional profiles (as described above); and (iii) computed the average activity of 

each gene expression program within each perturbation cluster (Fig. 4A,B). This map uncovered 

many known gene expression programs associated with genetic perturbations, including 
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upregulation of proteasomal subunits due to proteosome dysfunction (Radhakrishnan et al., 2010), 

activation of NFkB signaling upon loss of ESCRT proteins (Mamińska et al., 2016), 

downregulation of growth-related genes in response to essential genetic perturbations, and 

upregulation of the cholesterol biosynthesis pathway in response to defects in vesicular trafficking 

(Luo et al., 2020). Beyond these large-scale relationships, we could also score the effects of 

individual genetic perturbations on different expression programs. For example, our analysis 

delineated the canonical branches of the cellular stress response into the independently regulated 

Unfolded Protein Response (UPR) and Integrated Stress Response (ISR) (Fig. 4C) (Adamson et 

al., 2016). The ISR was highly activated by loss of mitochondrial proteins, aminoacyl-tRNA 

synthetases, and translation initiation factors, whereas the UPR was activated by loss of ER-

resident chaperones and translocation machinery. Collectively, this analysis establishes the ability 

of Perturb-seq to learn regulatory circuits by leveraging the variability of responses across 

perturbations. 

Interestingly, our unbiased clustering uncovered many perturbations that drove the 

expression of markers of erythroid or myeloid differentiation, consistent with the known 

multilineage potential of K562 cells (Fig. 4D) (Leary et al., 1987). The scale of our experiment 

allowed us to comprehensively search for genes whose modulation promotes cellular 

differentiation, an application of major interest in both developmental and cancer biology. As 

expected, loss of central regulators of erythropoiesis (GATA1, LDB1, LMO2, and KDM1A) caused 

myeloid differentiation, whereas knockdown of BCR-ABL and its downstream adaptor GAB2 

induced erythroid differentiation (Orkin and Zon, 2008). 
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Figure 1.4: Summarizing genotype-phenotype relationships with Perturb-seq. 

A) Schematic of analysis. To produce a high-level summary of genotype-phenotype 
relationships in K562 cells, 1973 genetic perturbations that elicited strong responses and 
2319 highly variable genes were clustered using HDBSCAN after nonlinear embedding. 
Alternatively, composite phenotypes were derived from global metrics in a hypothesis-
driven manner.  

B) Heatmap of the high-level genotype-phenotype map. The heatmap represents the mean z-
scored expression for gene expression and perturbation clusters. For a subset of clusters, 
clustered are labelled with manual annotations (black labels) of cluster function along with 
example genes within the cluster (light gray labels). 

C) Comparison of ISR and UPR scores for genetic perturbations. Scores were recovered from 
unbiased clustering of genes by genetic dependency, and manually annotated. 

D) Comparison of erythroid and myeloid differentiation scores for genetic perturbations. 
Scores were recovered from unbiased clustering of genes by genetic dependency, and 
manually annotated. Genetic perturbations are colored to reflect cluster identity. (Figure 
caption continued on the next page.) 
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E) (Figure caption continued from the previous page.) Expression of CD11b/ITGAM in K562 
cells upon knockdown of PTPN1 or KDM1A. CD11b was labelled by cell surface staining 
with anti-CD11b antibody and measured by flow cytometry. 

F) Correlation of composite phenotypes across time points and cell types. Composite 
phenotypes were defined in a hypothesis-driven manner. Fraction TE (repetitive and 
transposable element) represents the number of non-intronic reads mapped to TEs over 
total, averaged over all cells bearing each perturbation (both collapsed on UMIs). Fraction 
mtRNA represents the mean number of reads mapped to mitochondrial genome protein-
coding genes over total. Total RNA represents the mean total RNA content (number of 
UMIs).  

G) Comparison of TE expression across time points. The mean fraction TE reads per 
perturbation is highly correlated across time points in K562 cells (r=0.79). Genetic 
perturbations are colored to reflect cluster identity. 

H) Comparison of total RNA content across time points. Total RNA content per perturbation 
is highly correlated across time points in K562 cells (r=0.74). Genetic perturbations are 
colored to reflect cluster identity. 
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Surprisingly, loss of a number of common essential genes (i.e., essential across cell lines 

in the Cancer Dependency Map) also caused expression of either myeloid (e.g., Integrator 

subcomplex) or erythroid (e.g., NuRD complex, DNA replication machinery) markers. Next, we 

investigated the differentiation effect of selectively essential genes, which could be promising 

targets for differentiation therapy, analogous to ongoing efforts for KDM1A (Maes et al., 2018; 

Yu et al., 2021). We observed that loss of PTPN1, a tyrosine phosphatase selectively essential in 

K562 cells, drove myeloid differentiation. While inhibitors of PTPN1 have been developed for use 

in diabetes and certain cancers (Sharma et al., 2020), to our knowledge they have not been tested 

as a differentiation therapy. Remarkably, in targeted experiments, we found that knockdown of 

PTPN1 and KDM1A in combination caused a substantial increase in differentiation and growth 

defect compared to either single genetic perturbation, suggesting that these targets act via different 

cellular mechanisms (Fig. 4E). These results highlight the utility of rich phenotypes for 

understanding differentiation as well as nominating promising therapeutic targets or combinations. 

We next recognized that our scRNA-seq readout could be used to study phenotypes that 

integrate data from across the transcriptome and, therefore, would be difficult to study in 

traditional forward genetic screens. Examples of these “composite phenotypes” include total 

cellular RNA content and the fraction of RNA derived from transposable elements (TE). We found 

numerous composite phenotypes under strong genetic control, with highly reproducible effects 

across screen replicates and cell types (Fig. 4F). In the specific case of TE regulation, two major 

classes of perturbations increased the fraction of TE RNA by affecting broad classes of elements 

including Alu, L1, and MIR (Fig. 4G). First, loss of subunits of the exosome led to a substantial 

increase in the fraction of TE RNA, suggesting that transcripts deriving from TEs might be 

preferentially degraded. Second, loss of the CPSF cleavage and polyadenylation complex and parts 
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of the Integrator complex produced a similar phenotype, suggesting that many of the TE RNAs 

observed in K562 cells may be derived from failure of normal transcription termination.  

Turning to total RNA content (Fig. 4H), we found that loss of many essential regulators of 

S-phase and mitosis increased the RNA content of cells. This is consistent with the observation 

that cells tend to increase their size, and thus their RNA content, as they progress through the cell 

cycle, so perturbations that arrest cells in later cell cycle stages yield increased total RNA content 

on average. By contrast, loss of essential transcriptional machinery, including general transcription 

factors, the Mediator complex, and transcription elongation factors, decreased total RNA content. 

In sum, these analyses show that genome-scale Perturb-seq enables hypothesis-driven exploration 

of complex cellular features that are challenging to study through other means.  

As Perturb-seq is a single-cell assay, it enables the study of cell-to-cell heterogeneity in 

response to genetic perturbations. We reasoned that systematically exploring sources of 

heterogeneity could reveal insights into phenotypes that are missed in bulk or averaged 

measurements. 

To assess the penetrance of perturbation-induced phenotypes, we first applied SVD-based 

leverage scores as a metric of single-cell phenotypic magnitude. In this formulation, leverage 

scores quantify how outlying each perturbed cell’s transcriptome is relative to non-targeting 

control cells without assuming that perturbations drive a single axis of variation. Supporting this 

approach, we found that mean leverage scores for each genetic perturbation were correlated with 

the number of differentially expressed genes (Spearman’s rho = 0.71), and reproducible across the 

day 6 and day 8 K562 experiments (Spearman’s rho = 0.79). To quantify the degree of 

heterogeneity in response to genetic perturbations, we then scored perturbations by the variation 

in single-cell leverage scores (Fig. 5A). Comparing leverage scores across subunits of large 
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essential complexes, we observed evidence for both biological (e.g., subcomplex function or 

dosage imbalance) and technical (e.g., selection to escape toxic perturbations) sources of 

phenotypic variation in response to genetic perturbations. 

Intriguingly, many genes implicated in chromosome segregation were among the top 

drivers of heterogeneity, including TTK, SPC25, and DSN1 (Fig. 5B) (Musacchio and Salmon, 

2007). We hypothesized that the extreme transcriptional variability caused by these genetic 

perturbations might result from acute changes in the copy number of individual chromosomes due 

to mitotic mis-segregation. To explore this, we used inferCNV (Patel et al., 2014) to estimate 

single-cell DNA copy number along the genome by quantifying the change in moving average 

gene expression compared to control cells. Consistent with our hypothesis, knockdown of TTK, a 

core component of the spindle assembly checkpoint (Jelluma et al., 2008), led to dramatic changes 

in estimated DNA copy number in both intrinsically aneuploid K562 and near euploid RPE1 cells 

(Fig. 5C). Specifically, in RPE1 cells, we found that 61/80 (76%) of TTK knockdown cells had 

evidence of karyotypic changes compared to 274/13140 (2%) of unperturbed cells. Notably, TTK 

knockdown cells bore highly variable karyotypes due to the stochastic gain or loss of 

chromosomes, accounting for the phenotypic heterogeneity observed in these cells (Fig. 5C). 
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Figure 1.5: Exploring acute consequences and genetic drivers of aneuploidy in single-cells. 

A) Schematic of heterogeneity statistic. Single-cell leverage scores quantify how outlying 
each cell is relative to non-targeting control cells by PCA. For each perturbation, 
heterogeneity of single-cell phenotypes is quantified as the standard deviation of leverage 
scores. 

B) Identifying heterogeneous perturbations. Known regulators of chromosome segregation 
were among the perturbations with the highest single-cell heterogeneity (high variability 
of leverage scores), especially compared to their number of differentially expressed genes 
(based on Anderson-Darling test). 

C) Heatmap of chromosomal copy number inference from Perturb-seq data. For all genes 
(expressed >0.05 UMI per cell), the log-fold change in expression is calculated with respect 
to the average of non-targeting control cells, and genes are ordered along the genome. A 
weighted moving average of 100 genes is used infer copy number changes (columns) in 
single-cells (rows) with noise and median filtering. 80 TTK knockdown RPE1 cells and 80 
randomly sampled non-targeting control RPE1 cells are shown. Cells are ordered by 
average linkage hierarchical clustering based on correlation of chromosomal copy number 
profiles. (Figure caption continued on the next page.) 
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D) (Figure caption continued from the previous page.) Comparison of cell cycle occupancy 
upon acute karyotypic changes. Abnormal karyotypic cells were defined as having ≥1 
chromosome with evidence of changes in chromosomal copy number for >80% of the 
chromosomal length. For single-cells, cell-cycle positioning was inferred by UMAP 
dimension reduction on differential expression profiles of 199 selected cell-cycle regulated 
genes. Cell cycle occupancy is shown as a 2D kernel density estimate of a random subset 
of 1000 cells per karyotypic status. Approximate gates between cell cycle phases (G1 or 
G0; S; G2 or M) are shown as dotted lines, and the fraction of cells in each cell cycle phase 
are indicated. 

E) Effect of chromosomal instability (CIN) on activation of the Integrated Stress Response 
(ISR). Histogram (kernel density estimate) compares the ISR score versus CIN status in 
RPE1 cells. CIN status is defined as evidence of gain or loss of chromosomal copy number 
for >80% of the chromosomal length, with 240,768 stable cells, 5,522 cells bearing 
chromosomal loss, 1987 cells bearing chromosomal gain, and 904 cells bearing gain and 
loss of chromosomes. ISR score is defined as the sum of z-normalized expression of ISR 
marker genes where increased values indicate stronger ISR activation. 

E) Comparison of the effect of genetic perturbations on the CIN score across cell types. For 
each genetic perturbation, the CIN score is calculated as the mean single-cell sum of 
squared CIN values, z-normalized relative to non-targeting control perturbations. The CIN 
score is correlated across cell types (r=0.69). 

F) Schematic of a subset of genetic perturbations that drive CIN. CIN drivers play diverse 
roles in mitosis, cell cycle regulation, and DNA repair. 
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An important advantage of the rich data provided by Perturb-seq is the ability to dissect 

not only perturbation-phenotype associations but also relationships between cellular phenotypes. 

We were curious how chromosomal instability (CIN) would affect cell cycle progression in 

euploid, p53-positive RPE1 cells versus constitutively aneuploid, p53-deficient K562 cells. 

Expanding our analysis to all cells in our experiment independent of genetic perturbation, we found 

that RPE1 cells with abnormal karyotypes tended to arrest in G1 or G0 of the cell cycle (G1 or G0 

fraction 0.68 for abnormal karyotype vs. 0.44 for stable karyotype), while K562 cells with altered 

karyotypes had less significant shifts in cell cycle occupancy (Fig. 5D,E). Within the population 

of RPE1 cells bearing a chromosomal loss, the likelihood of cell cycle arrest directly depended on 

the magnitude of karyotypic abnormality. Additionally, we observed that cells with the most severe 

karyotypic changes—those bearing both chromosomal gains and losses—had marked upregulation 

of the ISR (Fig. 5F). These results are consistent with models in which cell cycle checkpoints are 

activated by the secondary consequences of aneuploidy (e.g., DNA damage or proteostatic stress) 

rather than changes in chromosome number per se (Santaguida and Amon, 2015; Santaguida et 

al., 2017). 

Finally, we looked across all perturbations to systematically identify genetic drivers of 

CIN. We assigned a score to each perturbation based on the average magnitude of induced 

karyotypic abnormalities. Validating our approach, we found that CIN scores were strongly 

correlated across K562 and RPE1 cell lines (r=0.69) and identified many known regulators of 

chromosomal segregation, including components of the spindle assembly checkpoint, centromere, 

and NDC80 complex (Fig. 5G). Remarkably, we uncovered CIN regulators with diverse cellular 

roles, from cytoskeletal components to DNA repair machinery (Fig. 5H). While many of these 

genes have previously been associated with chromosomal instability through targeted studies, the 
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scale and single-cell resolution of Perturb-seq allowed us to identify numerous genetic drivers of 

CIN in a single experiment. This analysis also shows the potential of single-cell CRISPR screens 

to dissect phenotypes that were not predefined endpoints of the experiment.  

Mitochondria arose from the engulfment and endosymbiotic evolution of an ancestral 

alphaproteobacterium by the precursor to eukaryotic cells (Friedman and Nunnari, 2014). While 

the vast majority (~99%) of mitochondrially-localized proteins are encoded in the nuclear genome, 

mitochondria contain a small (~16.6 kilobase) remnant of their ancestral genome encoding 2 

rRNAs, 22 tRNAs, and 13 protein-coding genes in humans. An open question is how the nuclear 

and mitochondrial genomes coordinate their expression to cope with mitochondrial stress (Quirós 

et al., 2016). The scale of our experiment provided a unique opportunity to investigate this 

question. 

We began by comparing the nuclear transcriptional responses to CRISPRi-based depletion 

of nuclear-encoded mitochondrial genes (i.e., mitochondrial perturbations). We found that 

mitochondrial perturbations elicited relatively homogeneous nuclear transcriptional responses, 

illustrated by well-correlated transcriptional phenotypes across mitochondrial perturbations (Fig. 

6A). While there was some variation in the magnitude of transcriptional responses (e.g., 

proteostatic injury drove an especially strong ISR activation), nuclear transcriptional responses 

generally failed to discriminate genetic perturbations by function. 
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Figure 1.6: Global organization of the transcriptional response to mitochondrial stress.  

A) Clustering mitochondrial perturbations by nuclear transcriptional response. CRISPRi 
enables knockdown of nuclear-encoded genes whose protein products are targeted to 
mitochondria (mitochondrial perturbations). Mitochondrial perturbations were annotated 
by MitoCarta3.0 and subset to those with a strong transcriptional phenotype (n=268 
mitochondrial perturbations). Gene expression profiles were restricted to nuclear encoded 
genes which includes 99% of mitochondrial proteins. The heatmap displays the Pearson 
correlation between pseudobulk z-normalized gene expression profiles of mitochondrial 
perturbations in K562 cells. Genetic perturbations were clustered by HDBSCAN with a 
correlation metric. 

B) Comparing variability in the mitochondrial transcriptome by perturbation localization. The 
mitochondrial genome encodes 13 protein-coding genes. Genetic perturbations were 
grouped based on localization of their protein products as determined by the Human Protein 
Atlas. For each of these 13 mitochondrially encoded genes, the variance in pseudobulk z-
normalized expression profiles was calculated between all perturbations with the same 
localization. Barplots represent the average across genes with 95% confidence interval 
obtained by bootstrapping. (Figure caption continued on the next page.) 



 33 

C) (Figure caption continued from the previous page.) Clustering mitochondrial perturbations 
by mitochondrial transcriptional response. Mitochondrial perturbations were annotated by 
MitoCarta3.0 and subset to those with a strong transcriptional phenotype as above (n=268 
mitochondrial perturbations). Gene expression profiles were restricted to the 13 
mitochondrial-encoded genes. The heatmap displays the Pearson correlation between 
pseudobulk z-normalized gene expression profiles of mitochondrial perturbations in K562 
cells. Genetic perturbations are clustered by HDBSCAN with a correlation metric. Clusters 
were manually annotated. 

D) Heatmap visualizing the mitochondrial genome transcriptional response to diverse 
mitochondrial stressors. The expression (log2 fold-change relative to non-targeting 
controls) of the 13 mitochondrially encoded genes is shown for a subset of perturbations 
representative of different mitochondrial complexes or function. Neither the ISR score nor 
mean fraction of mitochondrial RNA (mtRNA) would allow for high-resolution clustering 
by function as provided by the mitochondrial genome response. Genetic perturbations and 
genes are ordered by average linkage hierarchical clustering with a correlation metric. 
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Although this result was broadly consistent with recent literature that has highlighted the 

role of the ISR as response to mitochondrial stress (Fessler et al., 2020; Guo et al., 2020; Mick et 

al., 2020; Münch and Harper, 2016; Quirós et al., 2017), the lack of functional specificity of the 

transcriptional response was puzzling in light of: (i) the multifaceted roles of mitochondria in 

diverse processes such as respiration, intermediary metabolism, iron-sulfur cluster biogenesis, and 

apoptosis and (ii) the high-resolution separation of cytosolic perturbations by transcriptional 

response in our data described above.  

In contrast to the nuclear transcriptional response, we observed that the expression of 

mitochondrially encoded genes was highly variable between different mitochondrial perturbations 

(Fig. 6B). When we clustered mitochondrial perturbations based solely on expression levels of the 

13 mitochondrially encoded genes, a remarkably intricate and coherent pattern emerged: the 

clustering separated perturbations to Complex I, Complex IV, Complex III, Complex V (ATP 

synthase), the mitochondrial large ribosomal subunit, the mitochondrial small ribosomal subunit, 

chaperones/import machinery, and RNA processing factors (Fig. 6C). To quantitatively support 

this observation, we trained a random forest classifier to distinguish cells with perturbations to 

different mitochondrial complexes and found that the mitochondrial transcriptome was far more 

predictive than the nuclear transcriptome (mitochondrial accuracy 0.64; nuclear accuracy: 0.25). 

We then visualized the gene expression signatures of a subset of representative perturbations (Fig. 

6D). The coregulation of mitochondrial genes tended to reflect function, with the exception of the 

bicistronic mRNAs ND4L/ND4 and ATP8/ATP6 (Mercer et al., 2011). However, we did not 

identify a simple logic to explain the connection between genetic perturbations to their observed 

transcriptional consequences. While previous studies have described distinct regulation of the 

mitochondrial genome in response to specific perturbations [notably, related to loss of complex III 
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and complex IV assembly factors (Richter-Dennerlein et al., 2016; Salvatori et al., 2020)], our data 

generalize this phenomenon to a comprehensive set of stressors.  

Next, we wanted to shed light on the mechanistic basis for this unappreciated complexity 

of mitochondrial genome responses. Given its singular origin, the mitochondrial genome is 

expressed by unique processes (Fig. 7A) (Kummer and Ban, 2021). Mitochondrially encoded 

genes are transcribed as part of three polycistronic transcripts punctuated by tRNAs. These 

transcripts are then processed into rRNAs and mRNAs by tRNA excision, and individual mRNAs 

can be polyadenylated, expressed, or degraded. This complex system limits the potential for 

distinct transcriptional control but presents multiple opportunities for post-transcriptional 

regulation. To identify modes of perturbation-elicited differential expression, we examined the 

distribution of Perturb-seq reads along the mitochondrial genome (Fig. 7B). As our scRNA-seq 

used poly-A selection, most reads aligned to the 3’ ends of mRNAs. To validate the utility of this 

position-based analysis, we confirmed that knockdown of known regulators of mitochondrial 

transcription (TEFM) and RNA degradation (PNPT1) led to major shifts in the position of reads 

along the mitochondrial genome. By contrast, many of the perturbation-specific responses 

discovered in the present study appeared to cause shifts in the relative abundance of mRNAs rather 

than gross shifts in positional alignments. To determine whether the observed mitochondrial 

genome responses reflected regulation of the total level of mitochondrial mRNAs or specific 

regulation of mRNA polyadenylation, we performed a bulk RNA-sequencing experiment with no 

poly-A selection. We observed perturbation-specific changes in the level of total RNA similar to 

those measured by scRNA-seq (cophenetic correlation r=0.79; Fig. 7C). Given the complexity of  



 36 

 

Figure 1.7: Investigating regulation of the mitochondrial genome in stress. 

A) Schematic of the mitochondrial transcriptome. Each human cell contains many copies of 
the circular 16.6 kb mitochondrial genome distributed throughout the mitochondrial 
network. The human mitochondrial genome encodes 2 rRNAs, 22 tRNAs, and 13 protein-
coding genes. Both the heavy (H) and light (L) strand of the genome are transcribed as 
polycistronic transcripts punctuated by tRNAs. Excision of tRNAs from transcripts 
generates nascent mRNA precursors (colored by complex membership). mRNA precursors 
can then be polyadenylated, stabilized, or degraded. (Figure caption continued on the next 
page.) 
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B) (Figure caption continued from the previous page.) Density of Perturb-seq reads along the 
mitochondrial genome from select genetic perturbations. Reads are aligned to both the H-
strand (dark grey) and L-strand (light grey). For each perturbation, densities are shown 
relative to the maximum read count in the locus. 

C) Comparison of mitochondrial gene expression profiles between Perturb-seq and bulk 
RNA-seq. Heatmap displays log2-fold changes in expression of the 13 mitochondrial 
encoded genes (columns) for genetic perturbations (rows) in Perturb-seq and bulk RNA-
seq data collected from K562 cells. Bulk RNA-seq was conducted to analyze total RNA 
(including non-polyadenylated RNA), with data representing the average of biological 
replicates. Genetic perturbations and genes are ordered by average linkage hierarchical 
clustering with a Euclidean distance metric. The profiles are strongly correlated (r=0.79, 
p<10-39). 

D) Clustering of TMEM242 genetic perturbation based on the mitochondrial transcriptome. 
Genetic perturbations to members of ATP synthase and Complex I of the respiratory chain 
were compared to knockdown of TMEM242, a mitochondrial gene of unknown function. 
Gene expression profiles were restricted to the 13 mitochondrially encoded genes. The 
heatmap displays the Pearson correlation between pseudobulk z-normalized gene 
expression profiles of mitochondrial perturbations in K562 cells. Genetic perturbations are 
ordered by HDBSCAN with a correlation metric. 

E) Effect of TMEM242 knockdown on mitochondrial respiration. A Seahorse analyzer was 
used to monitor oxygen consumption rate (OCR). The Mito Stress Test consists of 
sequential addition of oligomycin (an ATP synthase inhibitor that enables measurement of 
ATP-productive respiration), FCCP (an uncoupling agent that enables measurement of 
maximal respiratory capacity), and a mixture of rotenone and antimycin A (inhibitors of 
Complex I and Complex III, respectively, that enable measurement of non-mitochondrial 
respiration). Data is presented as average ± SEM, n=6. 

F) Schematic diagram of mitochondrial stress response.  
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the observed responses, we propose that there are likely to be multiple mechanisms that impact the 

levels of the various mitochondrially encoded transcripts in response to different stressors. 

Finally, we asked whether we could use the detailed clustering produced by the 

mitochondrial genome to predict gene function. Knockdown of an unannotated gene, TMEM242, 

produced a transcriptional signature resembling loss of ATP synthase in both K562 and RPE1 cells 

(Fig. 7D). Supporting this relationship, the top five co-essential genes with TMEM242 were 

components of ATP synthase in the Cancer Dependency Map. Using a Seahorse assay, we further 

confirmed that basal respiration was decreased in TMEM242 knockdown cells (Fig. 7E). While 

this work was in progress, another group used a biochemical approach to show that TMEM242 

physically interacts with ATP synthase subunits and regulates ATP synthase complex assembly in 

cells (Carroll et al., 2021). Together, these experiments discover a novel factor required for ATP 

synthase activity and point to the precision of mitochondrial genome regulation.  

 

Discussion 

Single-cell CRISPR screens represent an emerging tool to generate rich genotype-

phenotype maps. However, to date, their use has been limited to the study of preselected genes 

focused on discrete, predefined biological questions. Here, we perform genome-scale single-cell 

CRISPR screens using Perturb-seq and demonstrate how these screens enable data-driven 

dissection of a breadth of complex biological phenomena. Reflecting on this study, we highlight 

key biological insights and derive principles to guide future discoveries from rich genotype-

phenotype maps. 

A primary aim of large-scale functional screens is to organize genes into pathways or 

complexes. To this end, we used Perturb-seq to perform high-resolution clustering of genetic 
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perturbations. From a single assay, we recapitulated thousands of known relationships while also 

assigning new, experimentally validated roles to genes involved in ribosome biogenesis or 

translation (CCDC86, CINP, SPATA5L1, ZNF236, C1orf131, SPOUT1, TMA16, NOPCHAP1, 

NEPRO), transcription (C7orf26), and respiration (TMEM242). However, other large-scale 

experimental techniques, such as protein-protein interaction mapping, genetic interaction 

mapping, and co-essentiality analysis, similarly group genes or proteins by function. How then are 

single-cell CRISPR screens distinct?  

We argue that these screens are particularly powerful because of the intrinsic 

interpretability of comprehensive genotype-phenotype maps, enabling in-depth dissection of the 

functional consequences of genetic perturbations that impinge on many distinct aspects of cell 

biology. Of particular note is the ability to use the information-rich readouts to study complex, 

composite phenotypes, which are difficult to measure by other modalities. These composite 

phenotypes can be created in a data-driven (e.g., deriving transcriptional programs) or hypothesis-

driven manner (e.g., measuring intron/exon ratios to study splicing), resulting in an enormous 

breadth of measured phenotypes. In the case of scRNA-seq, we show that it measures not only 

features such as differential gene expression and the activity of critical transcriptional programs, 

but also RNA splicing and processing, expression of transposable elements, differentiation, 

transcriptional heterogeneity, cell cycle progression, and chromosomal instability. Once a 

phenotype is defined, the genotype-phenotype map can be used to explore its genetic 

underpinnings, in a manner analogous to a forward genetic screen, as well as its relationship to 

other cellular phenotypes. 

An illustrative example of this process is our study of chromosomal instability. Based on 

an initial observation of heterogeneous responses to specific perturbations, we suspected that some 



 40 

cells carried genetically-induced chromosomal gains or losses. In a hypothesis-driven manner, we 

then used our rich phenotypic data to discover a large collection of perturbations—which were 

only loosely connected by clustering on average transcriptional phenotypes—that promote 

chromosomal instability. Importantly, the single-cell nature of our Perturb-seq data also allowed 

us to explore the relationship between karyotypic changes and other phenotypes, including cell 

cycle progression and stress induction. While aneuploidy is an important hallmark of most cancers, 

it has not been easy to study with traditional genetic screens as it requires both a single-cell and 

multimodal readout. In future work, this platform could be used to investigate interactions between 

genetic perturbations and specific karyotypes, karyotype-dependent stress responses, or the 

temporal evolution of karyotypes (Ben-David and Amon, 2020). 

Genetic perturbations can push cells into extreme states that are not observed in 

unperturbed cells. Because composite phenotypes can be generated and explored without being 

preregistered at the time of data collection, rich genotype-phenotype maps provide a powerful 

resource for the discovery of new cellular behaviors. Using this ability, we discovered a remarkable 

degree of stress-specific changes in the expression of mitochondrially encoded transcripts. It was 

only possible to appreciate the functional specificity of this regulation by pairing a defined set of 

mitochondrial perturbations with a high-dimensional readout. This discovery suggests a 

framework to explain how cells cope with diverse insults to mitochondria: a general nuclear 

response is layered over perturbation-specific changes in the expression level of mitochondrially 

encoded genes (Fig. 7F). Building on this observation, we can ask new questions about the 

mitochondrial stress response. The transcriptional changes we observed may reflect adaptive 

responses or, alternatively, complex patterns of dysfunction owing to disruption of the intricate 

system of mitochondrial gene expression. Understanding how and in what contexts this regulation 
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is adaptive may have important implications for diseases associated with mitochondrial stress. An 

intriguing additional question is whether individual mitochondria are able to regulate their 

expression autonomously. Combined with the nuanced responses observed here, this would 

support and substantially extend the “co-location for redox regulation” (CoRR) hypothesis which 

holds that the endosymbiotically derived mitochondrial genome has been retained through 

evolution to enable localized regulation of mitochondrial gene expression (Allen, 2017). 

A final theme emerging from our work is the flexibility of single-cell CRISPR screens 

compared to other functional genomic approaches. Because these screens extract rich information 

from each cell in a pooled format, they require only a fraction of the number of cells used by other 

approaches and thus are well suited to the study of iPSC-derived cells and in vivo samples. As 

technologies for single-cell, multimodal phenotyping advance, single-cell screens will continue to 

become more powerful. At present, the major limitation of single-cell CRISPR screens is cost. 

Careful experimental designs, such as multiplexed libraries or compressed sensing (Cleary et al., 

2017), together with advances in single-cell phenotyping (Datlinger et al., 2021; Martin et al., 

2021) and DNA sequencing promise to greatly increase the scale of these experiments. To this 

point, we concluded our work by sequencing our genome-scale K562 libraries on a lower-cost, 

ultra-high throughput sequencing platform developed by Ultima Genomics, generating results 

equivalent to those sequenced on Illumina instruments. 

In sum, our study presents a blueprint for the construction and analysis of rich genotype-

phenotype maps to serve as a driving force for the systematic exploration of genetic and cellular 

function. Our data is available in interactive and raw formats at 

https://weissman.wi.mit.edu/perturbseq/. 
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Chapter 2: Large-scale in vivo pooled genetic screens with highly multiplexed 

phenotypes in the mouse liver 

Introduction 

A central goal of organismal biology is to understand how the physiological functions of 

organs and tissues arise from the coordinated activity of thousands of genes in diverse principal 

and support cell types. Recent large-scale atlasing efforts have characterized the molecular 

composition of thousands of distinct cell types across the organs; ongoing work is mapping the 

spatial organization of these cell types across tissues. Although such efforts provide a foundation 

resource, a major challenge for the field is to causally understand how cell types, cell states, and 

multicellular structures and motifs are produced and regulated by the actions of specific genes and 

molecular pathways. However, we currently lack approaches that would enable a systematic and 

comprehensive understanding of how specific genes control diverse cellular and tissue phenotypes 

in living animals, under different physiological states. 

The physiological functions of organs and tissues are the product of the coordinated action 

of thousands of genes in many distinct principal and support cell types. These functions are 

dynamic, as cellular states can change over time in response to fluctuating physiological 

conditions, damage, developmental cues, and disease. Recent large-scale atlasing efforts have 

characterized the molecular composition of thousands of distinct cell types across different organs; 

ongoing work is mapping the spatial organization of these cell types across tissues. Although such 

efforts provide a foundational resource for mapping the diverse cellular composition of different 

tissues, a major challenge for the field is to causally understand how cell types, cell states, and 

multicellular structures and motifs are produced and regulated by the actions of specific genes and 

molecular pathways. However, we currently lack approaches that would enable a systematic and 
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comprehensive understanding of how specific genes control diverse cellular and tissue phenotypes 

in living animals, under different physiological states.  

Cellular and tissue state can be manifest across multiple dimensions, ranging from gene 

expression to protein phosphorylation to cellular morphology to the organization of cells in niches 

and neighborhoods. Historically, microscopy has been a leading approach for understanding the 

function of genes in cells and organisms. Forward genetic screens in multiple systems, from yeast 

to flies to zebrafish, rely heavily on visual identification of phenotypically abnormal organisms. 

High resolution microscopy of cellular processes have been crucial to innumerable discoveries, 

ranging from cell division to the mechanisms of autophagy. Recent advances in computational 

capacity and machine learning methods have dramatically advanced the capabilities to quantify 

and explore imaging-based phenotypes. In parallel, new developments in molecular profiling 

provide complementary pictures of cellular state (such as transcriptional state, translation, and 

chromatin), in a manner amenable to high-throughput single cell characterization in tissues.  

Coupling these tools for deeply phenotyping cells to advances in targeted genetic 

perturbations is markedly expanding our ability to map genotype-phenotype relationships at a large 

scale.  In particular, Perturb-seq – the combination of CRISPR screening and single-cell RNA-seq 

– enables the dissectiion of molecular regulators of core cellular processes such as the unfolded 

protein response and RNA splicing, as well as the unsupervised classification of gene function and 

the principled discovery of cellular responses when applied at the genome-wide scale. Several 

studies have used Perturb-seq to profile the effects of a subset (typicaly dozens to a few hundred) 

of disease-relevant genes, chosen through genetic association studies, to perturb in the brain, in 

the skin, and in the immune system.  In parallel, advances in multiplexed molecular measurements 

through microscopy have enabled new forms of pooled optical screening, using both MERFISH 
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and in situ sequencing to read out genotypes (i.e. the perturbed gene). In situ sequencing-based 

approaches have been applied at a genome-wide scale in cultured cells. Although these imaging 

approaches have recently been expanded to include multiple modalities including 

immunofluorescence and spatial gene expression of limited predefined set of genes (cite preprints) 

for cultured or transplanted cells, there remains a critical tradeoff between in situ optical and 

morphological measurement and transcriptome-wide transcriptional phenotyping especially when 

studying perturbation in an in vivo physiological setting. 

The ideal approach to comprehensively map the relationship between genetic perturbations 

and their phenotypic consequences would bridge multiple modalities to obtain a holistic picture of 

cellular and tissue state under different genotypes in living tissue. Such an approach would allow 

one relate changes in genome-wide cellular transcriptional state under different perturbations with 

the effects of those perturbations on specific morphological and multicellular features. 

Transcriptionally-defined cellular states could be linked to interpretable phenotypes measured 

through microscopy. By performing these perturbations in different cell types in their native tissue 

context, the function of different genes can be interrogated in their native physiological context, 

under both homeostatic and pathological conditions. 

Here, we report the development of an approach for performing large-scale pooled genetic 

screens in native, living tissue with rich phenotypes, as well as its application to map the function 

of hundreds of genes in the liver under multiple physiological states. Through this approach, we 

are able to study the effects of many genetic perturbations on diverse cellular phenotypes in the 

liver, at the levels of transcriptional state, subcellular morphology, and tissue organization. To do 

so, we develop new methods for fixed-cell Perturb-seq as well as imaging-based pooled 

perturbation screening in heavily fixed tissue, enabling joint analysis of the same perturbations in 
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the same tissue. For the latter, we apply multiplexed subcellular protein and RNA imaging in 

combination with imaging-based spatial transcriptomics, using in situ enzymatic probe 

amplification to read out both endogenous RNA and short barcodes for genotyping. Through an 

integrated analysis of imaging and transcriptional phenotypes, we identify novel regulators of 

hepatocyte zonation, reveal how proteostatic stress pathway activation can broadly affect the 

expression of secreted proteins, and show how diverse cellular states can produce convergent 

effects on lipid accumulation. In total, we provide a new path to characterizing multidimensional 

genotype-phenotype relationships in living tissues, in a scalable manner that will be broadly 

applicable across diverse tissues as well as physiological and disease states. 

 

Results 

Our goal was to develop an approach that would allow us to profile the effects of hundreds 

to thousands of genetic perturbations at subcellular resolution in different cell types in the tissue 

of a living mouse under defined physiological conditions. For each perturbation, we aimed to 

capture multiple distinct dimensions of cellular state to resolve a more comprehensive picture of 

gene function. To this end, building on top of recent work establishing ability to deliver genome-

wide in vivo CRISPR libraries to the mouse liver, we established an approach where hepatocytes 

were infected in a mosaic with lentivirus delivering CRISPR guides (Fig. 1A). After perfusion 

with paraformaldehyde to rapidly lock cellular phenotypes into place, perturbed cells were then 

interrogated using either sequencing- or imaging-based approaches to capture multiple aspects of 

cellular state. 
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Figure 2.1: Pooled in vivo genetic screens through imaging and sequencing 

A) Multimodal mapping of genetic and physiological perturbations in vivo. (Figure legend 
continued on the next page.) 
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B) (Figure legend continued from the previous page.) Multiple genotype and phenotype 
readout methods using hybridization-based sequencing and imaging. 

C) Diagram of liver organization the lobule and tissue scale, showing major pericentral to 
periportal axis. Image courtesy of BioRender.  

D) Multimodal measurement of gene expression (left) and subcellular morphology (center), 
with machine learning-based segmentation of cells (right). 

E) Multimodal readout of RNA and protein through sequential hybridization and imaging. 
F) Left: Integrated UMAP plot of liver cell types between RCA-MERFISH and Flex single-

cell RNA-seq, identified through unsupervised clustering. Right detail: same UMAP 
showing cells from either RCA-MERFISH or Flex.  

G) Periportal vs pericentral gene expression score for hepatocyte subtypes. 
H) Spatial distribution of periportal and pericentral scores in hepatocytes. 
I) Spatial organization of hepatocyte subtypes (left) and non-hepatocyte cell types (right). 
J) Spatial organization of imputed hepatocyte zone markers radially organized around a 

central vein. 
K) Genome-wide imputed gene expression of individual hepatocytes (colored by subtype), 

sorted by pericentral score for that cell. 
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From single cell sequencing, we could resolve the effects of perturbations on genome-wide 

gene expression profiles to obtain rich insights into regulators of cell state and cell type. From 

imaging, we would be able to measure different spatial phenotypes, including the subcellular 

morphology, localization, or quantity of proteins, the cellular organization of the tissue, and the 

interactions between different cells. By linking cells measured through different modalities via 

their perturbation identity, we could then perform integrated multimodal analyses to examine the 

multifarious effects of the same perturbation on different aspects of cellular and tissue function.  

Measuring phenotypes through both sequencing and imaging required the development of 

improved readout modalities that were compatible with heavy tissue fixation and enabled 

multimodal spatial readout of both protein and RNA. For sequencing-based phenotyping, we built 

on top of the 10X Genomics Flex technology, which uses microfluidic encapsulation of dissociated 

single cells that have been hybridized with a transcriptome-wide library of split probes against 

different RNA species (Fig. 1B, top). Probes that hybridize adjacent to each other are then ligated 

in the droplet and given a cellular barcode for sequencing and expression quantification. We 

extended this approach to also target sgRNA, using probes against crRNA targeting sequence as a 

perturbation barcode.  

Creating an imaging approach for genotyping and phenotyping intact tissue sections 

required more extensive technical development.  In developing this approach, we had several 

goals: 1) To create a multimodal protocol that allows for the readout of both RNA and protein 

from tissue fixed in a manner that is standard for high resolution immunofluorescence, in a single 

sample preparation on an automated microscope. 2) To amplify RNA FISH signals, both in order 

to increase the throughput of data collection and to enable the readout of short barcode sequences. 
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3) To produce stable samples that could be stored and imaged later, such that many samples could 

be prepared in parallel and then imaged sequentially.   

Our approach – RCA-MERFISH – builds on top of many advances over the past several 

years in methods for spatial transcriptomics and proteomics. We began by building on the highly 

scalable and specific approach of MERFISH of encoding gene identity as error-correcting binary 

codes that are read out through multiple rounds of hybridization of fluorescent oligonucleotide 

‘bits’.  Inspired by recent advances in highly specific rolling circle amplification (RCA)-based 

readout of gene expression, such as BOLORAMIS, HybISS, STARmap, we targeted both 

endogenous mRNA and barcode RNA with padlock probes that are ligated in situ, with probes that 

directly contained sequences for readout of a MERFISH code over multiple rounds of 

hybridization. To overcome limitations on performing in situ enzymatic reactions in heavily 

crosslinked tissue, we adopted approaches from the hydrogel-based RNA-embedding and tissue 

clearing in MERFISH and embedding of RCA-amplicons in STARmap and ExSeq. Finally, we 

combined this approach with multiplexed immunostaining of oligo-conjugated antibodies. 

The final protocol consists of a series of steps to remove the proteins and lipids from the 

tissue, while preserving the location of proteins and RNA in an acrylamide gel matrix in a manner 

that can be read out through multiple rounds of hybridization of short fluorescent oligonucleotides 

following by stripping (Fig. 1B).  Briefly, after perfusion and cryopreservation, we cut thin (10 

µm) sections of tissue onto silanized coverslips. We then decrosslinked the tissue and stained it 

with a pool of oligo-conjugated antibodies targeting different subcellular organelles, membrane, 

and phosphorylated states of signaling proteins. After antibody staining, we modified all RNA and 

DNA in the tissue with an alkylating agent containing an acrydite motif (MelphaX), and embedded 

the sample in a thin acrylamide gel. We then digested the proteins and washed away lipids to both 
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clear the tissue and make it accessible to oligo probes and enzymes. After clearing, we hybridized 

a library of padlock probes targeting both endogenous RNA and barcodes. After stringent washing, 

we then ligated the remaining padlock probes bound to RNA and performed rolling circle 

amplification. The final protocol was the result of extensive optimization of decrosslinking 

conditions, oligo modifications, additives, and digestion conditions to identify optimal conditions 

that allow for amplification while being compatible with immunostaining of oligo-conjugated 

antibodies in heavily fixed tissue. 

Each individual RCA-MERFISH probe consists of two binding arms that must hybridize 

adjacent to each other in order to be ligated, as well as the reverse complement sequences of 4-6 

readout probes that are used to encode the identity of the targeted RNA species. Each mRNA 

species was targeted by eight probes tiling the transcript. These probes are relatively long (~140-

170 nt) and must be full-length in order to ligate properly, so the synthesis of thousands of probes 

at the necessary nanomole scale is cost-prohibitive with traditional phosphoramidite synthesis. To 

overcome this limitation, we developed a method for synthesizing ligatable probes from low-cost 

femtomolar pools of long oligos synthesized in array. After testing multiple different options, we 

settled on an approach that uses limited cycle PCR and then RCA to amplify the initial pool, 

followed by Type IIS restriction enzyme digestion to liberate the full length, phosphorylated 

probes with variable binding regions on either end.  

As a proof of principle, we applied this imaging approach in combination with single-cell 

transcriptomics to map the spatial organization of the murine liver. The liver is a classic system 

for studying cell biology, enabling discoveries over the past century ranging from the isolation of 

different organelles to uncovering mechanisms of mTor signaling. For our purposes, the liver 

provided an excellent test system, as the principal cell type – hepatocytes – are relatively 



 52 

homogeneous, have a well-defined spatial organization, and are readily infected with virus for 

perturbation delivery.  At the anatomical level, the liver has long been understood to consist of 

distinct cellular ‘zones’ radially organized with respect to the central and portal veins (Fig. 1C, 

left). Periportal and pericentral hepatocytes have distinct physiological functions, as well as gene 

expression. This periportal to pericentral distinction is repeated in multiple units around different 

central veins in a crystalline manner throughout the organ (Fig. 1C, right).   

After optimization, our multimodal approach allowed us to measure endogenous gene 

expression with high specificity while imaging multiple subcellular structures simultaneously. We 

resolved hundreds of amplicons per cell while simultaneously imaging multiple proteins and RNA 

species. In total, we measured 208 genes across 7 rounds of 3 color imaging, with a total of 21 

bits, using a HW4, MHD4 codebook, altogether resolving hundreds of amplicons per cell (Fig. 

1D, left). This gene panel was primarily focused on hepatocyte state but also included probes to 

label other cell types. After these RNA were detected through combinatorial MERFISH readout, 

we sequentially read out 14 proteins with oligo-conjugated antibodies (Fig. 1E), in addition to 4 

abundant RNA species that exhibited specific patterns of subcellular localization with RNA FISH 

(Fig. 1D, middle). One antibody was against the membrane marker Na/K+ ATPase, which we used 

for deep-learning based segmentation (Fig. 1D, right). 

Unsupervised clustering revealed a number of hepatocyte subtypes and non-hepatocyte cell 

types. We classified different cell types as well as subtypes of hepatocytes through a joint 

clustering between RCA-MERFISH and single-cell RNA-seq data (Fig. 1F). We focused our 

analysis on hepatocytes, which were enriched by our FACS gating strategy. We computed a 

periportal and pericentral gene expression score based on known marker genes and found that the 

hepatocyte clusters fell onto a zonated continuum from Hep1 to Hep6, with Hep1 as the most 
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pericentral and Hep6 as the most periportal (Fig. 1G). Visualizing these zonation scores and 

hepatocyte subtypes across the tissue revealed the expected patchwork localization of periportal 

and pericentral cells (Fig. 1H, 1I), whereas non-hepatocytes had less obvious spatial arrangement 

(Fig. 1I). We imputed the expression of the full transcriptome for each cell measured with RCA-

MERFISH from the scRNA-seq data and were able to resolve the expected pattern of zonated gene 

expression for imputed genes (Fig. 1J). Finally, as expected, we found that a large fraction of the 

transcriptome in hepatocytes varied along the periportal to pericentral axis (Fig. 1K). 

To capture diverse aspects of cellular state through high-resolution microscopy, we devised 

a panel of 18 different protein and RNA targets that covered a variety of subcellular organelles, 

morphological features such as membrane, and phosphorylated states of proteins. The proteins 

were measured through oligo-conjugated antibodies stained in a pool, and the RNA species were 

labeled using RNA FISH probes. Targeted proteins included both organellar and structural markers 

such as anti-GAPDH (cytoplasm), anti-calreticulin (endoplasmic reticulum), anti-perilipin (lipid 

droplets), anti-Na+/K+ ATPase (membrane), anti-CathB (lysosome), and anti-Tomm20 

(mitochondria), as well as cell state-dependent markers such as the mTOR marker anti-phospo-S6 

ribosomal protein. The targeted RNA species included the highly abundant Albumin mRNA, pre-

rRNA in the nucleolus, mitochondrial RNA (mtRNA), as well as total polyadenylated RNA (Fig 

2A,B).  

To analyze this highly multiplexed cellular imaging data, we built on top of recent advances 

in self-supervised learning methods for dimensionality reduction. We reduced each image channel 

in each cell from a high-resolution z-stack to a 128x128 pixel matrix and trained a VQ-VAE 

network to reduce the dimensionality of that protein or RNA further, to a 512-dimensional vector 

(Fig. 2C). The dimensionality reduction was constrained by an auxiliary task that sought to use the 
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low-dimensional embedding to discriminate different transcriptionally-defined cell types or 

conditions, in order to find an embedding that reflected true biological variation in the sample. We 

visualized these embeddings with UMAP and found that embeddings representing images of 

morphologically similar targets were grouped together (Fig. 2D); we also observed this through 

quantification of mutual information between channels (Fig. 2E).  

We then examined the tissue-scale spatial organization of variation in these embeddings. 

In one approach, we took each 512 dimensional embedding for a protein across all cells and 

visualized the top few principal components. While some protein features exhibited zonated spatial 

patterns similar to those observed in hepatocyte gene expression, others captured morphological 

variation that did not appear related to spatial zonation (Fig. 2F). In general, we observed 

significant spatial heterogeneity in the morphological feature embeddings that appeared unrelated 

to the dominant periportal to pericentral axis of transcriptomic variation.  

  



 55 

 
Figure 2.2: Heterogeneity in subcellular morphology by cell type and state 

A) Example images of the full subcellular morphology panel, comprising 4 RNA species and 
14 proteins. 

B) Details of subset of subcellular morphologies. 
C) Diagram of deep learning autoencoder to reduce dimensionality and featurize subcellular 

morphology images. (Figure legend continued on the next page.) 
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D) (Figure legend continued from the previous page.) UMAP plot of individual subcellular 
morphology image embeddings, colored by channel identity. The text indicating the 
morphology channel identity is located at or near (to avoid overlapping text) the centroid 
of images of the channel in two-dimensional UMAP space. 

E) Similarity of embeddings of subcellular morphological channels, quantified by Kullback-
Leibler (KL) divergence. 

F) Example tissue-scale spatial organizations of a single principal component used to quantify 
variation in subcellular morphology embeddings. Each cell in the liver section is colored 
by its value in the listed principal component. 

G) Confusion matrix representing from the imaging transcriptomic data. 
H) Confusion matrix representing from the morphological data. 
I) Heat map showing mutual information between each morphological channel at hepatocyte 

subtype identity. 
J) UMAP representation of anti-Perilipin morphological embeddings, colored by hepatocyte 

subtype identity (top) or embedding Leiden cluster (bottom). 
K) Unbiased sampling of hepatocytes from Perilipin embedding clusters 2 and 6. 
L) Diagram of the diet experiment. 
M) UMAP representation of gene expression in the diet experiment, colored by condition (left) 

or cell type (right). 
N) Heat map showing the capacity of morphological channel embeddings to discriminate 

between hepatocytes from ad lib and fasted mice. 
O) Unbiased sampling of hepatocytes from anti-p-S6 RP embedding cluster 7 (from the ad lib 

condition) and cluster 0 (from the fasted condition). 
P) Heat map showing the capacity of morphological channel embeddings to discriminate 

between hepatocytes from ad lib and HFD mice. 
Q) Unbiased sampling of hepatocytes from anti-perilipin embedding cluster 0 (from the ad lib 

condition) and cluster 10 (from the HFD condition). 
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To compare the relative information contained in protein embeddings versus transcriptome in 

more detail, we attempted to quantify the relative information that was contained in the single-cell 

transcriptional profiles versus the morphological feature embeddings in the same cells. To do so, 

we trained a classifier to predict the subtype identity of individual hepatocytes – from Hep1 to 

Hep6 – on held out cells, using either the 208 genes measured through RCA-MERFISH or the 

concatenated 18 x 512 dimensional feature embeddings. We found that whereas the transcriptional 

profiles clearly discriminated all subtypes of hepatocytes (Fig. 2G), the feature embeddings only 

clearly distinguished the most periportal and pericentral subtypes Hep1 and Hep6 (Fig. 2H). By 

contrast, the other intermediate subtypes were less clearly distinguished, suggesting a subcellular 

morphological gradient between the two extremes.  

To understand the differences in subcellular morphology between the most periportal and 

pericentral hepatocyte subtypes, we identified the morphological feature embeddings that best 

discriminated between Hep1 and Hep6 cells (Fig 2I). Albumin FISH and anti-perilipin were the 

most dissimilar, consistent with the literature understanding of zonated Albumin expression and 

lipid storage and metabolism. We visualized anti-perilipin embeddings with UMAP and found that 

embeddings representing cells with different hepatocyte subtype identity were separated (Fig. 2J); 

we conducted unsupervised clustering of the embeddings and found that Hep6 cells were enriched 

in anti-perilipin embedding cluster 2, which has very few lipid droplets, whereas Hep1 cells were 

enriched in anti-perilipin embedding cluster 6, which has many lipid droplets (Fig. 2K). 

To understand the features of liver cellular state that respond to fluctuating physiological 

conditions and metabolic stress, we overnight-fasted mice or fed them a high-fat diet (HFD) for a 

month and fixed tissue samples for analysis by single cell sequencing and imaging (Fig 2L). These 

physiological perturbations caused large changes in gene expression, especially in hepatocytes 
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(Fig 2M). We embedded the morphological images with our VQ-VAE model and looked for image 

channels whose embeddings best discriminated between the physiological conditions. anti-

phospho-S6 ribosomal protein separated hepatocytes between the fasted and ad lib samples, 

consistent with S6 ribosomal protein phosphorylation by mTOR in response to nutritional status 

(Fig 2N,O). Perilipin differed in cells from the ad lib and HFD samples (Fig 2P,Q). We note that 

stains such as anti-calreticulin, anti-pS6RP, and anti-Gapdh were also quite different between the 

ad lib and HFD samples, apparently due to negative space in the staining caused by large lipid 

droplets.  

In total, these experiments demonstrated that our multiplexed subcellular morphology 

readout approach through multiplexed immunofluorescence and FISH, combined with deep 

learning analysis, was able to resolve significant heterogeneity in subcellular morphology across 

a variety of imaging channels. Furthermore, we could relate this heterogeneity to distinctions in 

transcriptionally-defined cell types through multimodal analysis, as well as across samples to 

changes in the animal’s physiological state.  

Having established an integrated sequencing and imaging methodology for studying the 

molecular and cellular organization of tissue at multiple scales, we combined this approach with 

large-scale pooled in vivo CRISPR screening to map the effect of genetic knockout perturbations 

on genome-wide transcriptional state as well as subcellular staining intensity and morphology. We 

targeted ~200 genes with two independent sgRNAs and included many negative control sgRNAs. 

The genes chosen for perturbation were involved in diverse aspects of hepatocyte and liver 

physiology, including metabolism, intercellular and intracellular signaling, transcription and 

translation, and protein trafficking and secretion. We also targeted several hepatocyte genes with 

uncertain functions. 
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We introduced barcoded genetic perturbations that could be read out through either 

imaging or sequencing into the liver through lentiviral delivery. Building on the CROP-seq 

lentiviral vector design to mitigate the effects of recombination during lentivirus production, we 

engineered a vector that expresses a fluorescent protein (mTurquoise) as well as a 180-mer barcode 

for imaging from a hepatocyte-specific HBG Pol II promoter while simultaneously expressing an 

sgRNA from a Pol III promoter (Fig. 3A). Each sgRNA and its associated 180-mer barcode were 

synthesized on a single DNA fragment and then cloned into the vector in a pool. An intervening 

region composed of one of three alternative sgRNA constant regions was introduced between the 

barcode and sgRNA to reduce the effects of barcode swapping through recombination of the 

constant intervening sequence.  

We then used this vector to introduce a mosaic of genetic perturbations into the liver of 

Cas9 transgenic mice. We produced high-titre pools of CROP-seq lentivirus that were concentrated 

through ultracentrifugation, and introduced the virus systemically into CAG-LSL-Cas9 mice at P1 

through injection into the temporal vein (Fig. 3B). We targeted a relatively low MOI (10-30%) 

such that most infected cells had a single perturbation. We then allowed the mice to grow to 

adulthood and used AAV containing the Cre recombinase driven by a hepatocyte-specific TBG 

promoter. 
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Figure 2.3: Large-scale in vivo screening in CRISPR mosaic livers 

A) Schematic of lentiviral vector used for dual-mode mosaic screens. 
B) Diagram of CRISPR perturbation experiment. 
C) Fluorescence micrograph of PFA-perfused, lentivirus- and AAV-transduced liver tissue. 
D) Multimodal readout of RNA, protein, and perturbation barcode through sequential 

hybridization and imaging. 
E) Representative fluorescence micrograph of bits M1, M2, and M3 from an mRNA RCA-

MERFISH library. 
F) Representative fluorescence micrograph of bits P1, P2, and P3 from of perturbation RCA-

MERFISH library. 
G) Pie chart representing the number of sgRNA calls in each cell in the imaging. (Figure 

legend continued on the next page.) 
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H) (Figure legend continued from the previous page.) Representative tissue section, with 
perturbed cells colored by perturbation identity. 

I) Local density of guides with the same sgRNA 
J) Fluorescence micrograph of a representative hepatocyte recovered from PFA-perfused 

liver. 
K) Representative flow cytometry data from dissociated PFA-perfused, lentivirus- and AAV-

transduced liver tissue 
L) Histogram representing counts data from custom hybridization probes targeting the Alb_0 

sgRNA. The y axis is semi-log. 
M) Pie chart representing the number of sgRNA calls in each cell in the Perturb-seq dataset.  
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After waiting 10 days to allow Cas9 to express and perturb the targeted gene, the mice were 

perfused and the livers were cryopreserved for analysis. Lentivirus introduced at P1 expressed 

mTurquoise in mosaic distribution throughout the liver of adult mice, whereas EGFP expressed 

with Cas9 was uniformly expressed in presumptive hepatocytes following Cre recombination (Fig. 

3C). We then mapped the effects of these perturbations on hepatocytes using a combination of 

imaging and sequencing. 

For imaging-based phenotype and genotype measurement, we extended our approach to 

RNA and morphological imaging through the inclusion of padlock probes targeting the 

perturbation-specific barcode sequences, which are orthogonal to the mouse genome. These 

perturbation-specific probes specify the identity of a perturbation through a highly scalable HD6, 

HW4 code; they bear separate bits and codes from mRNA probes and oligo-antibodies, but are 

imaged sequentially through seven additional rounds of imaging on the same automated 

microscope (Fig 3D,E,F). 

We found decoded barcode molecules within a subset of cells. We established a count 

threshold to confidently identify cells with each perturbation and found that most perturbed cells 

had a single perturbation, consistent with the low infection MOI (Fig 3G). We observed relatively 

homogeneous infection throughout the tissue and within lobules. We found small clusters of cells 

sharing the same perturbation, such that for a cell expressing any given barcode there was an 

enrichment of other cells within 50 µm expressing the same barcode (Fig. 3H, 3I); these might 

reflect local proliferation of single infected hepatocytes during postnatal growth after transduction. 

We developed a fixed-cell Perturb-seq method to identify the transcriptome-wide 

consequences of genetic perturbations. In addition to compatibility with imaging, we reasoned that 

a fixed cell protocol could overcome many of the challenges that have limited the scale and 
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practicality of in vivo Perturb-seq studies, such as sample degradation during tissue dissociation 

and FACS enrichment, especially when processing many tissues in parallel or recovering millions 

of cells. 

Dissociation of fixed 100 µm sections from the same livers we imaged yielded intact cells 

with morphologies similar to those observed in tissue (Fig 3J). We used FACS to enrich for 

sgRNA-transduced (mTurquoise+) and Cas9-active (GFP+) cells (Fig 3K) and then performed 

fixed-cell single-cell RNA-seq using the hybridization-based 10X Flex approach. To determine 

the identity of expressed sgRNA alongside the mRNA transcriptome, we spike in a pool of custom 

probes that directly targeted the protospacers of the sgRNA library (right hand side probe) and the 

constant region of the sgRNA (left hand side probe). We observed very few UMIs for most sgRNA 

probes in most cells (mostly 0). In most cells, one or two sgRNA probes had much higher UMI 

counts (Fig 3L). We used this distribution to establish a threshold and confidently identify the 

sgRNAs present in each cell. Most perturbed cells had a single sgRNA above threshold (Fig 3M); 

some had multiple called sgRNAs, consistent with approximately Poisson-distributed transduction 

of the lentivirus-accessible cells in the liver. 

We confirmed the accuracy of our cell calling in Perturb-seq and Perturb-RCA-MERFISH 

by inspecting for depletion of sgRNA targets. Fortuitously, sgRNAs targeting Albumin, an 

abundant secreted protein whose mRNA provides ~10% of the mRNA UMIs in hepatocytes, 

caused strong depletion of Alb mRNA related to control sgRNAs, presumably by nonsense-

mediated decay (NMD). With Perturb-seq, we quantified Alb mRNA depletion directly (Fig 4A) 

and observed minimal overlap between the distributions of Alb expression in sgAlb and sgControl 

cells, consistent with a negligible false positive rate of sgRNA calling. We observed similar 
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presumed NMD for several other targets. We also conducted a fixed-cell Perturb-seq experiment 

in cultured CRISPRi K562 cells to confirm the accuracy and specificity of the method.  

We included FISH probes against Alb in our Perturb-RCA-MERFISH screens. We 

quantified raw Alb FISH intensity in sgAlb and sgControl cells and observed much lower intensity 

in sgAlb cells, albeit with noise due to background staining and out-of-focus light from adjacent 

cells (Fig 4E, 4F). We also included an oligo-antibody to Gapdh and observed much lower 

multiplex immunofluorescence intensity in sgGapdh cells (Fig 4G, 4H). 

Confident in our sgRNA assignments, we explored the broader phenotypic consequences 

of each genetic perturbation on the single cell transcriptome and immunofluorescent staining of 

hepatocytes. To simplify first-pass analysis of the imaging data, we quantified the mean intensity 

of each immunofluorescent stain in each cell. 

We used an energy-distance permutation test with stringent multiple testing correction to 

determine whether perturbations caused a difference in the distribution of (1) global transcriptional 

states and (2) overall immunofluorescent states, relative to cells with control sgRNAs. In the 

Perturb-seq experiment, 109/406 targeting sgRNAs had a significant impact on the distribution of 

transcriptional states (measured as the first 20 PCs of mRNA expression) (Fig 4B); at that 

significance threshold, 0/50 control sgRNAs had a significant transcriptional impact. In the 

imaging experiment, 84/318 targeting sgRNAs and 3/50 control sgRNAs had a significant impact 

on the distribution of imaging intensities (Fig 4I). 

To verify the activity and specificity of our perturbations, we compared pairs of sgRNAs 

targeting the same gene. We generated pseudo-bulk sgRNA-phenotype maps and found that pairs 

of active sgRNAs targeting the same gene tended to cause both highly correlated transcriptional 

phenotypes and highly correlated immunofluorescence imaging phenotypes (Fig 4C,4J). 
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Figure 2.4: Dual-mode in vivo screening with strong phenotypes 

A) Histogram comparing Albumin expression in called cells with a control sgRNA and called 
cells with Albumin-targeting sgRNAs, from the perturb-seq dataset. 

B) Pie charts showing the number of targeting (left) and non-targeting (right) sgRNAs that 
caused a significant transcriptional phenotype, as measured by a Holm-Sidak-corrected 
energy distance permutation test (p < 0.05), in the perturb-seq dataset. 

C) Histogram comparing the correlation of pseudo-bulk transcriptional changes associated 
with pairs of active targeting sgRNAs targeting the same gene, to pairs of control sgRNAs, 
in the perturb-seq dataset. 

D) Ranking knockouts according to the energy distance vs control cells, in the perturb-seq 
dataset. 

E) Unbiased sampling of cells with control sgRNAs and sgRNAs targeting Alb. The 
fluorescence micrographs show Alb and polyT FISH channels. 

F) Histogram comparing Albumin expression in called cells with a control sgRNA and called 
cells with Albumin-targeting sgRNAs. 

G) Unbiased sampling of cells with control sgRNAs and sgRNAs targeting Gapdh. The 
fluorescence micrographs show anti-GAPDH and polyT FISH channels. 

H) Histogram comparing Albumin expression in called cells with a control sgRNA and called 
cells with Gapdh-targeting sgRNAs, from the imaging dataset. 

I) Pie charts showing the number of targeting (left) and non-targeting (right) sgRNAs that 
caused a significant transcriptional phenotype, as measured by a Holm-Sidak-corrected 
energy distance permutation test (p < 0.05), in the perturb-seq dataset. (Figure legend 
continued on the next page). 
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J) (Figure legend continued from the previous page.) Histogram comparing the correlation of 
pseudo-bulk transcriptional changes associated with pairs of active targeting sgRNAs 
targeting the same gene, to pairs of control sgRNAs, in the imaging dataset. 

K) Ranking knockouts according to the energy distance vs control cells, in the imaging dataset. 
L) Scatterplot comparing the energy distance vs control cells for each knockout in the imaging 

and Perturb-seq datasets. 
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We inspected the perturbations that had the largest impact on the distribution of global 

phenotypic states, reflected in energy distance from cells with control sgRNAs (Fig 4D). In the 

Perturb-seq experiment, many genes with functions essential for cellular growth and survival, such 

as Atp2a2, Aars, Sf3b6, and Psmc4, caused large impacts to global transcriptional state upon acute 

knockout. The knockout of signaling genes such as Vhl, Prkar1a, and Insig1 also had large 

transcriptional impacts. Many of the same genes also had large impacts on the global 

immunofluorescence state (Fig 4K). Overall, there was a substantial correlation between the 

magnitude of the knockout phenotypes in the Perturb-seq and imaging assays (Fig 4L, r = 0.5). 

We identified the differentially expressed genes associated with each sgRNA. Many 

targeting sgRNAs caused hundreds to thousands of genes to be differentially expressed. We also 

identified the immunofluorescent channels that were significantly impacted by each perturbation. 

Most active targeting perturbations hit a relatively small subset of markers, but some perturbations 

such as the essential nuclear genes Sf3b6, Sbno1, Polr1a, and Kin had a significant impact on 

impacted most channels, presumably reflecting the pleiotropic consequences of disrupted 

transcription and RNA processing. 

We performed unbiased clustering of the pseudobulk genotype-phenotype map to identify 

perturbations that cause similar transcriptional phenotypes and to discover mRNAs and imaging 

channels that co-vary across perturbations (Fig 5A). The perturbation clustermap derived from 

perturb-seq recovered dozens of interpretable blocks of perturbed gene function, including a large 

block of ribosomal proteins and ribosome biogenesis genes and a block of nuclear mRNA 

processing genes that retained substantial substructure (Fig 5B). We also identified dozens of 

blocks of mRNAs that were co-expressed across perturbations; we visualized the co-expression 

with a two-dimensional embedding that places co-expressed mRNAs nearby (Fig 5C). 
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Figure 2.5: Mapping in vivo genotype-phenotype landscapes 

A) Heat map representation of pseudobulk transcriptional changes associated with each 
sgRNA, relative to the mean in cells with control sgRNAs, in the Perturb-seq dataset. The 
color represents Z-normalized expression change and is clipped at -1 and 1 for visual 
emphasis. 

B) Clustermap reflecting the perturbation-perturbation correlation of pseudobulk 
transcriptional changes associated with each active, targeting sgRNA, in the Perturb-seq 
dataset. The color represents pearson correlation. 

C) Minimal distortion embedding where each dot represents an mRNA expressed in 
hepatocytes. mRNAs that are co-expressed across the genetic perturbations are placed in 
proximity. 
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We surveyed the multimodal genotype-phenotype map to identify key regulators of in vivo 

liver physiology. For first-pass exploration of the imaging data, we ranked genetic perturbations 

by their impact on the intensity of each immunofluorescent stain and identified perturbations that 

had a significant impact on stain intensity. For example, sgRNAs targeting GAPDH had the 

strongest negative impact on anti-GAPDH staining intensity (Fig 6A) and sgRNAs targeting Alb 

had the strongest negative impact on Albumin FISH. sgRNAs targeting the polymerase II 

machinery (Polr2l, Gpn1) or the core hepatocyte transcription factor Hnf1a, which directly binds 

the Alb promoter, also had a strong negative impact on Alb mRNA FISH, as did sgRNAs against 

the ERAD factor Sel1l. 

We identified the genetic regulators of extremely essential processes, suggesting that the 

ten days we waited between AAV-CRE infection and tissue perfusion captured the acute impacts 

of perturbations. For example, targeting the RNA polymerase I machinery (Polr1a) and pol I 

transcription factors (Taf1a, Rrn3, Ubtf) had the strongest negative impact on pre-rRNA FISH 

intensity (Fig 6C). Intriguingly, targeting the nuclear speckle component Sf3b6 caused an increase 

in pre-rRNA FISH intensity, suggesting interplay between subnuclear structures in hepatocytes in 

vivo. 

We also identified the in vivo regulators of cellular signaling pathways that play important 

roles in liver physiology. Phosphorylation of ribosomal protein S6 is a core function of the mTor 

signaling pathway. Knockout of mTor and the mTor complex chaperone Cdc37 caused the 

strongest decrease in anti-phospho S6 ribosomal protein intensity (Fig 6D); knockout of the Mtor 

inhibitors Tsc1 and Tsc2 and the growth inhibitor Pten caused the strongest increase in anti-

phospho S6 ribosomal protein intensity. 
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Figure 2.6: Identifying genetic regulators of liver physiology 
 

A) Ranking of perturbed genes by their impact on anti-GAPDH intensity in the imaging 
experiment. Red reflects FDR-corrected significance. (Figure legend continued on the next 
page.) 
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B) (Figure legend continued from the previous page.) Ranking of perturbed genes by their 
impact on Albumin FISH intensity in the imaging experiment. Red reflects FDR-corrected 
significance. 

C) Ranking of perturbed genes by their impact on anti-Phospho S6 ribosomal protein intensity 
in the imaging experiment. Red reflects FDR-corrected significance. 

D) Ranking of perturbed genes by their impact on pre-rRNA FISH intensity in the imaging 
experiment. Red reflects FDR-corrected significance. 

E) Ranking of perturbed genes by their impact on a literature-defined set of lipid and 
cholesterol biosynthesis genes in the perturb-seq experiment. Red reflects FDR-corrected 
significance. 

F) Scatterplot showing the impact of perturbed genes on literature-defined sets of Unfolded 
Protein Response (UPR) and Integrated Stress Response (ISR) genes. 

G) A Leiden-clustered UMAP representation of CathB embeddings from the imaging 
experiment. Sampled cells from each cluster are shown as insets. 

H) Heatmap representing enrichment in each of the clusters in NPC1 and Insr knockout cells, 
relative to cells with control perturbations. 

I) An unbiased sampling of cells with control sgRNAs,NPC1 sgRNAs, and Insr sgRNAs, 
showing fluorescence micrographs the anti-CathB channel alongside polyA FISH. 

J) Diagram of the diet + genetic perturbation Perturb-seq experiment 
K) Ranking knockouts according to the energy distance vs control cells, in the fasted perturb-

seq dataset. 
L) Scatterplot comparing the energy distance vs control cells for each knockout in the ad lib 

and fasted Perturb-seq datasets. 
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We conducted a conceptually similar analysis of the transcriptional data and identified the 

in vivo drivers of gene expression modules with crucial functions in hepatocytes. For example, we 

ranked genetic perturbations by their impact on a core set of lipid biosynthesis genes (Fig 6E). 

Knockout of the lipid biosynthesis inhibitor Insig1 had the strongest positive effect on lipid 

biosynthesis gene expression; knockout of the Ldl receptor and Srebf1 also had strong positive 

impacts, possibly due to compensatory expression. 

We also identified perturbations that activated stress response pathways such as the 

integrated stress response (ISR) or the unfolded protein response (UPR), in hepatocytes in an intact 

liver (Fig 6F). Knockout of aa-tRNA synthetase genes such as Nars and Aars activated the ISR, as 

did the targeting of key ISR modulators such as Eif2α (Eif2s1) and Eif2b (Eif2b4); knockout of 

ER import and quality control genes such as Sec61a1, Dnajb9, and Sel1l activated the unfolded 

protein response. Knockout of the UPR effectors Xbp1 and Ire1 (Ern1) caused a decrease in UPR 

gene expression, suggesting some basal level of UPR activation in hepatocytes in ad libitum mice. 

Knockout of the ER calcium transport gene Atp2a2 activated both the UPR and the ISR. 

Analysis of mean immunofluorescence intensity is simple, but also simplistic—a reduction 

of profoundly heterogeneous 18-color 3d fluorescent images into 18-dimensional vectors. We also 

explored deep learning-based approaches to grapple with the perturbation-imaging data. For 

example, we used our autoencoder model to generate a lower-dimensional embedding for each 

image and then performed unbiased clustering on the embeddings. We illustrated these 

embeddings and the clustering with UMAP, such as with the anti-CathB morphology embeddings 

(Fig 6G). We then identified perturbations that shifted the representation of cells between the 

different clusters. For example, knockout of the lysosomal cholesterol transport gene Npc1 caused 

significant enrichment of anti-CathB morphologies in clusters F and G, which have many distinct 
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anti-CathB punctae, and depletion from clusters A and E, which have very few anti-CathB punctae 

(Fig 6H, 6I). This is consistent with the accumulation of dysfunctional lysosomes that occurs when 

cholesterol export is blocked, such as in Niemann–Pick disease type C with NPC1 or NPC2 

mutations. Acute knockout of the insulin receptor Insr also caused substantial accumulation in 

anti-CathB morphology clusters F and G. 

We fasted some mice from the lenti-sgRNA cohort for 16 hours prior to perfusion and 

tissue preparation and conducted a parallel perturb-seq experiment from fasted tissue (Fig 6J). We 

used an energy distance metric to quantify the impact of each knockout on the distribution of global 

transcriptional states. The overall magnitude of transcriptional phenotype was similar between 

fasted and ad libitum mice (Fig 6K,L, r = 0.77). However, we noticed that many genes involved 

in autophagy and the lysosome (Atp6v0c, Atp6ap1, Lamtor2) and the broader endomembrane 

system (Dnm2, Arfrp1, Jtb, Zw10) had especially strong phenotypes in fasted animals in 

comparison to their phenotypes in ad lib animals. This may be due to a higher dependence on 

autophagy during fasting—the failure of autophagy during a crucial period may cause cellular 

chaos. 

Zonated gene expression in hepatocytes contributes to the spatial division of liver function. 

This zonation is believed to be maintained by gradients of morphogens, oxygen, nutrients, and 

hormones, but the requirement for these different processes to maintain zonal gene expression in 

an individual hepatocyte in an adult mouse are unclear. We wondered whether our multimodal 

screening could shed light on mechanisms of hepatocyte zonal identity maintenance and dynamics. 

Wnt signaling is an established driver of hepatocyte zonation. Wnt ligand secretion from 

central vein endothelial cells promotes pericentral gene expression in hepatocytes; low Wnt in the 

periportal region contributes to the periportal gene expression program. We scored all cells in the 
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Perturb-seq dataset according to zonated gene expression and looked at the distribution of zonal 

expression in cells with knockouts of central Wnt effectors and inhibitors (Fig 7A). Knockout of 

the Wnt transducer Ctnnb1 (β-catenin) caused a major relative decrease in the fraction of cells with 

pericentral gene expression, consistent with the role of Wnt signaling in pericentral expression. 

Conversely, knockout of the Wnt inhibitor Apc caused a relative decrease in the population of 

hepatocytes with periportal gene expression. 

We looked across all knockouts in our experiment to identify the other drivers of zonal 

gene expression (Fig 7B,C). We also assessed periportal and pericentral expression as two separate 

scores, since the knockout of some core essential genes caused a general loss of zonal identity 

rather than a shift in one direction or the other. Apc knockout caused the strongest increase in 

pericentral expression, as well as a substantial decrease in periportal expression. Vhl knockout 

caused a major decrease in periportal expression and also increased pericentral expression, 

consistent with the idea that oxygen tension directly regulates zonal gene expression. Loss of Vhl 

activity in the oxygen-rich periportal region may cause the specific decrease in periportal 

expression. Knockout of Pten and the genes Zfp830 and Ckap4, which have not been studied in 

the context of hepatocyte zonation, also caused a shift toward a more pericentral-like expression 

state. Knockout of the Wnt receptor Lgr4 caused a strong increase in periportal gene expression, 

phenocopying Ctnnb1. 
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Figure 2.7: Exploring liver physiology with dual-mode screening 

A) Kernel density estimate plots showing the distribution of zonation gene expression in single 
cells with control sgRNAs, sgRNAs targeting Ctnnb1, and sgRNAs targeting APC. 

B) Ranking of perturbed genes by their impact on a set of lobule-zonation associated genes. 
C) Heatmap summarizing the categories of genes whose perturbation has a large impact on 

zonated gene expression 
D) Representation of the fraction of cells in periportal-enriched and pericentral-enriched 

spatially segmented zones, for the indicated knockouts. The white line represents the 
fraction of cells with control sgRNAs 

E) Ranking of perturbed genes by their impact on anti-Calreticulin intensity in the imaging 
experiment. Red reflects FDR-corrected significance. (Figure legend continued on the next 
page.) 
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F) (Figure legend continued from the previous page.) Volcano plot showing the imaging 
channels whose intensity is significantly impacted by Sel1l knockout. 

G) An unbiased sampling of cells with control sgRNAs and Sel1l sgRNAs, showing the anti-
Calreticulin channel (top) and the Albumin FISH channel (bottom) alongside polyA FISH.  

H) Heatmaps showing log2 fold change in the expression of UPR genes (left) and highly 
expressed secreted protein mRNAs (right), in the sequencing experiment. 

I) Ranking of perturbed genes by their impact on anti-Perilipin intensity in the imaging 
experiment. Red reflects FDR-corrected significance. 

J) An unbiased sampling of cells with control sgRNAs and sgRNAs targeting the indicated 
gene, showing the anti-Perilipin channel alongside polyA FISH. 

K) A cluster-ordered heatmap showing log2 fold change in the expression of lipid biosynthesis 
genes and Integrated Stress Response genes for the indicated knockouts. 

L) Diagram illustrating convergent mechanisms that all cause lipid droplet accumulation. 
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Intriguingly, knockout of protein kinase a subunit Prkar1a also caused a large increase in 

periportal gene expression, as did knockout of the Mtor inhibitor Tsc1. Knockout of the heparan 

sulfate synthesis gene Hs6st1 and the proteoglycan synthesis enzyme B4galt7 caused an increase 

in periportal expression and a decrease in pericentral expression, possibly due to a role for the 

extracellular matrix in conveying signaling molecules such as the Wnt ligand to their receptors. 

Our initial lentiviral transduction appears to target cells in all zones of the lobule; cells with 

control sgRNAs exhibit a full range of zonated gene expression. In Perturb-seq, we measure the 

endpoint distribution of gene expression, but we do not know what happened during the time 

course of the perturbation or where each cell was in the tissue, prior to dissociation. What happens 

when a periportal hepatocyte gets a knockout such as sgApc that drives pericentral expression, or 

when a pericentral hepatocyte gets a pro-periportal sgRNA? The shift in endpoint zonal gene 

expression that we observe could be due to (1) in situ trans-”differentiation” without migration to 

an expression-appropriate zone, (2) trans-differentiation with migration, or (3) the death of cells 

in a knockout-inappropriate zone and/or the proliferation of cells in knockout-appropriate zone. 

To discriminate between these hypotheses, we examined the perturbation imaging data. 

We automatically segmented the tissue we imaged into zones and looked to see whether knockouts 

that impacted gene expression impacted the position of cells within the zones (Fig 7D). We did 

not observe statistically significant changes to zonal location even with potent knockouts such as 

Apc and Ctnnb1, suggesting that, on the time scale of our experiment and with our statistical 

power, cells with zonation-impacting knockouts exhibit gene expression changes without 

migration and/or changes to survival or proliferation. 

We noticed that knockout of the ERAD gene Sel1l caused a strong increase in anti-

Calreticulin intensity (Fig 7E). Sel1l knockout also caused a significant decrease in Alb FISH 
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intensity, but had relatively small impacts on the other imaging channels (Fig 7F, 7G). Leveraging 

our paired data, we investigated the transcriptome-wide transcriptional changes associated with 

Sel1l knockout in hepatocytes. As expected for an ER chaperone, Sel1l knockout caused the 

upregulation of many ER chaperone mRNAs, such as Hspa5 and Dnajb9, as well as Calreticulin 

itself. Sel1l knockout decreased Alb mRNA, as expected from the imaging, but intriguingly it also 

caused the downregulation of other abundant mRNAs that encode for secreted plasma proteins, 

such as transferrin (Trf) and Apoa1 (Fig 7H). Altogether, the mRNAs downregulated by Sel1l 

knockout reflected an ~40% decrease in the total quantity of secreted protein mRNAs. This 

suggested that a major function of the unfolded protein response in hepatocytes in vivo may be to 

decrease the burden of secreted protein mRNAs, possibly directly through RIDD or indirectly 

through transcriptional downregulation. 

Hepatic steatosis, characterized by the accumulation of lipids within hepatocytes, is linked 

to metabolic syndrome and can progress to serious diseases such as NASH and fibrosis. We used 

our imaging screen to identify in vivo drivers of steatosis. Acute knockout of the lipid biosynthesis 

inhibitor Insig1, the growth inhibitor Pten, the integrated stress response inhibitor Eif2α (Eif2s1), 

or the alanine-tRNA synthetase Aars caused steatosis, as measured by accumulation of anti-

Perilipin (Fig 7I,J). 

We examined the Perturb-seq data from the same mice to identify the transcriptome-wide 

changes associated with each perturbation (Fig 7K). Consistent with its function as an inhibitor of 

lipid biosynthesis gene transcription, Insig1 knockout caused the accumulation of mRNAs such as 

cholesterol biosynthesis genes such as Hmgcr and FDPS and fatty acid biosynthesis genes such as 

Acaca and Fasn. Knockout of Aars and Eif2s1 (Eif2α) drove upregulation of ISR target genes such 

as Ddit4 and ATF5. Intriguingly, Aars and Eif2s1 knockout actually caused a decrease in most 
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lipid biosynthesis mRNAs. Knockout of Pten caused a distinct transcriptional response that could 

not be summarized either as the ISR or lipid biosynthesis. 

These four knockouts apparently drove three separate transcriptional responses but a 

convergent steatotic phenotype. Had we only conducted Perturb-seq, we would not have identified 

any common functions of Insig1, Pten, and Eif2s1/Aars; if we only had an immunofluorescence 

imaging screen, we would have grouped them as four knockouts with the same function. Analyzing 

the two modalities together, we propose that the knockouts cause steatosis through three separate 

mechanisms—(1) Insig1 through the transcriptional activation of lipid biosynthesis genes; (2) 

Eif2s1/Aars through the apparent sequestration of free lipids into lipid droplets, possibly as a 

component of the ISR that may serve to protect the cytoplasm and other organelles from stressed 

cells from biophysically disruptive lipid molecules, and (3) a distinct Pten-associated mechanism, 

possibly including uptake from plasma, some synthesis increase, sequestration, and/or the 

repurposing of organellar stores (Fig 7L). 

 

Discussion 

The ability to conduct massively parallel genetic screens with complex readouts in native 

tissue represents an emerging tool to generate rich in vivo genotype-phenotype maps that  capture 

diverse regulators of organismal and cellular physiology with unprecedented depth and precision. 

Here, we develop a general method for multimodal mosaic screens with Perturb-seq- and 

multiplexed imaging-based phenotyping. We conduct screens in hepatocytes in mouse liver and 

demonstrate how the resulting data enables causal dissection of multifarious aspects of liver 

biology, from zonation to steatosis to the signaling of nutritional status. 
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Two paired goals of in vivo rich functional screening are: (1) to identify the phenotypic 

consequences of each genetic perturbation, thereby shedding light on the function of the targeted 

gene in the cell and tissue context where it was perturbed, and (2) to map the full variety of cellular 

and multicellular phenotypes that can manifest in tissue, which can reveal the relationship between 

multiple aspects of phenotype such as morphology and transcriptome. Our results demonstrate the 

value, for both goals, of multimodal phenotyping combining both multiplexed imaging and 

transcriptome-wide mRNA measurement. For example, we find that knockouts targeting Insig1, 

Eif2s1, and Pten all cause a convergent morphological phenotype with the dramatic accumulation 

of lipid droplets, but entirely distinct transcriptional responses. From a gene function perspective, 

our paired results indicate that the function of these three genes impinges on lipid homeostasis, but 

that they either impact lipid droplets through distinct mechanisms or have additional functions 

unrelated to lipid droplets. From a phenotype perspective, our results highlight a decoupling 

between lipid droplet morphology and the cellular transcriptome and suggest that both must be 

measured to capture the full state of a cell. 

Our results illustrate the importance of in vivo studies of physiology. For example, the 

regulation of hepatocyte zonation is challenging to study in vitro. Hepatocytes rapidly lose their 

zonal identity when isolated and introduced into cell culture; even complex organ-on-a-chip and 

organoid models are imperfect recapitulations of tissue architecture, and new findings in those 

contexts may often require in vivo confirmation. Here, we avoid these issues by directly probing 

the regulation of zonal gene expression in the liver of a mouse. We identify novel candidate 

regulators of zonation such as Hs6st1 and B4galt7 and investigate the consequences of expression-

neighborhood mismatch. We anticipate future experiments with genome-scale perturbation 
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libraries and multiplex perturbation vectors to comprehensively classify zonation regulators and 

to identify epistatic relationships between the associated signaling pathways. 

We conducted our screens in the liver, which has a relatively small number of constituent 

cell types and limited spatial variation in comparison to other organs such as the brain, and is a 

target for lentiviral perturbation vectors similar to those established for in vitro genetic screens. 

Our approach of neonatal lenti-sgRNA delivery to transgenic Cas9 mice produced effective 

mosaics and potent knockout phenotypes. Future multimodal mosaic screens will build on 

advances in technology for the delivery of perturbation reagents, such as engineered AAVs that 

target the various organs with high efficiency. AAV delivery of sgRNAs has recently been used 

for Perturb-seq and we anticipate a relatively simple adaptation for paired imaging and fixed-cell 

Perturb-seq. However, AAV delivery can suffer from problems of high viral multiplicity-of-

infection, which may make pooled screens more challenging to interpret.  

An important area to explore further is identifying molecular regulators of various forms 

of cell-cell interactions, which often play a vital role in regulating tissue homeostasis and disease. 

The core logic of our analyses involves identifying the phenotypic differences that separate cells 

and/or cell neighborhoods that have received a genetic perturbation from those that have received 

a control perturbation. This logic can be applied both to perturbed cells as well as their neighbors 

to identify non-cell autonomous effects.  Although in our initial study we did not find significant 

phenotypes from analyses of non-cell autonomous interactions with the set of perturbations chosen 

for this study, we envision future studies looking at diverse physiological processes – in the liver, 

including pathologies such as inflammation, immune cell recruitment, and fibrosis – will benefit 

from a spatial approach.  
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The analysis of multiplexed, high-resolution single-cell imaging data is still an emerging 

area of research, with much potential for further progress. We found that individual cells even in 

wildtype animals exhibit daunting morphological complexity across multiple imaging channels as 

well as diversity across cells and spatial zones. This complexity presents analytical challenges as 

well as opportunities for fundamental advances in understanding in vivo regulators of subcellular 

structure, as well as the relationship of that structure to cellular function. Although our VQ-VAE 

model effectively represents heterogeneity in individual protein channels across a variety of cell 

types, physiological states, and perturbations, it does not explicitly model the correlated features 

across different channels within the same cell. Future developments in deep learning methods, 

such as the use of visual transformers or multimodal models that can explicitly represent paired 

imaging and transcriptomic data, may substantially increase our ability to resolve subtle cellular 

phenotypes. Further development in transfer learning methods that can bridge between different 

datasets and imaging modalities may allow one to relate the disrupted cellular organization seen 

under different genetic perturbations with changes in cells in diseased human or mouse tissue 

measured using traditional immunofluorescence or hematoxylin and eosin staining. Such an 

approach could enable the ‘reverse engineering’ of disease phenotypes, to predict the most likely 

genetic perturbation that would result in the image of a pathological cell.  

Although our experiments demonstrate the power of multimodal functional interrogation 

of diverse genes in vivo at the scale of hundreds of genes, future experiments will increase the 

scale of both phenotype and genotype measurements. In terms of phenotype, the number of genes 

measured spatially using RCA-MERFISH, as well as the number of proteins assayed through 

multiplexed immunofluorescence, could easily be increased in future experiments to obtain a more 

unbiased picture of cellular state through imaging. In terms of genotype, a clear future direction is 
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to increase the number of perturbations to the genome-wide scale, in order to enable truly 

systematic maps of gene function. This scale will be powerful both in terms of identifying the 

effects of perturbing individual genes on cellular features such as zonation identity or pS6RP 

staining intensity, but perhaps more importantly in terms of identifying the relationships between 

perturbations.  When grouping different perturbations into pathways or complexes, the number of 

correlations between perturbations increases quadratically with the number of genes perturbed. As 

such, increasing to the genome-wide scale – a 100X increase in the number of genes perturbed – 

would give 10,000X as much information about the relationship between different genes. While 

achieving such a scale through sequencing is currently primarily limited by cost, reaching genome-

wide scale through imaging will require substantial improvements in microscopy hardware to 

improve imaging throughput and biochemical methods to increase the efficiency of perturbation 

barcode readout. Analysis methods that aim to deconvolve phenotypes from higher multiplicity of 

infection using ideas from compressed sensing could further dramatically increase throughput.  

Beyond scaling these experiments along the phenotype and genotype dimensions, we 

anticipate that our approach can be expanded  to perturb multiple cell types in multiple different 

tissues, potentially in species other than mice, as well as different types of perturbations than 

CRISPR cutting. Embryonic or neonatal lentiviral delivery can be used to target other organs 

beyond the liver, including skin, heart, and brain. AAV-based delivery will further expand the 

number of accessible organs and cell types, potentially even spanning the majority of tissues in an 

animal. AAV-based approaches can also be applied in non-murine species, including non-human 

primates. Expanding beyond the hepatocytes may require novel analysis approaches or much 

larger numbers of cells per perturbation than the approximate order-of-magnitude 102.5 we recover 

in this study. Future screens may also incorporate alternate CRISPR perturbation modalities such 
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as CRISPRi or CRISPRa or methods such as ORF overexpression, which would involve simple 

modifications of fixed-cell Perturb-seq and RCA-MERFISH and could potentially work in wild-

type animals of a variety of species. 

In total, our study presents a new, scalable approach for the detailed large-scale 

construction of in vivo genotype-phenotype maps with both transcriptomic and imaging readout. 

We anticipate that the large-scale construction of multimodal in vivo genotype-phenotype maps 

across a variety of organs, species, and perturbation modalities will provide a crucial functional 

complement to existing cell type atlasing efforts. These large-scale, multimodal maps will enable 

both basic discovery biology as well as enable the training of sophisticated AI models that can 

capture the rich structure of genetic and cell function. 

Some aspects of our study limited the scope of our results. (1) We targeted only ~200 genes 

that we had reason to suspect were likely to have phenotypes in the liver, limiting the number of 

pairwise comparisons we could make between knockouts and the chance for serendipitous 

discoveries of novel gene functions, (2) we delivered perturbations only to hepatocytes and 

sampled a limited number of cells per perturbation, limiting our ability to understand how the 

phenotypic impacts of knockouts vary across cell types in the liver with high statistical power, and 

(3) our immunofluorescence panel covers only a subset of cellular structures and cell signaling 

pathways. 
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