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SUMMARY

Single-cell screens enable high-throughput functional assessment of enhancers in their
endogenous genomic context. However, the design of current studies limits their application to
identifying the primary gene targets of enhancers. Here, we improve the experimental and
computational parameters of single-cell enhancer screens to identify the secondary gene targets of
enhancers. Our analysis of >500 putative enhancers in K562 cells reveals an interwoven enhancer-
driven gene regulatory network. We find that enhancers from distinct genomic loci converge to
modulate the expression of common sub-modules, including the .- and B-globin loci, by directly
regulating transcription factors. Our analysis suggests that several genetic variants associated with
myeloid blood cell traits alter the activity of a distal enhancer of MYB (~140 kb away), with
downstream consequences on hemoglobin genes expression and cell state. These data have
implications for the understanding of enhancer-associated traits and emphasize the flexibility of
controlling transcriptional systems by modifying enhancer activity.
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Xie et al. apply improved strategies for single-cell screens to identify an enhancer-driven
transcriptional regulatory network in K562 cells. They demonstrate that the same group of genes
can be indirectly regulated by enhancers from distinct genomic loci. These data have implications
for the understanding of enhancer-associated traits.

INTRODUCTION

Enhancers orchestrate gene expression programs critical to development (Levine, 2010), and
genetic variants of enhancers are implicated in human disease risk (Akhtar-Zaidi et al., 2012;
Franco et al., 2018; Harismendy et al., 2011). An ongoing goal has been to assign genome-
wide association study (GWAS)-linked enhancers with the genes mediating disease risk.
Current efforts have focused largely on identifying the direct target genes of enhancers,
using methods including computational correlation of epigenetic modifications (Andersson
et al., 2014; Shen et al., 2012), three-dimensional chromatin looping (Fang et al., 2016;
Mumbach et al., 2016), and high-throughput perturbation of enhancers (Gasperini et al.,
2019; Xie et al., 2017). However, these approaches rely on the critical assumption that the
direct target gene of an enhancer plays the central role in disease risk. In contrast, evidence
suggests that indirect targets can also play important roles. For example, a risk-associated
enhancer for persistent fetal hemoglobin alters the expression of the transcriptional repressor
BCL11A (Bauer et al., 2013; Canver et al., 2015; Uda et al., 2008) (Figure 1A). However, it
is not BLCI11A per se that is directly responsible for the associated phenotype. Rather, it is
de-repression of the BCL11A target gene fetal hemoglobin that elicits the phenotype (Liu et
al., 2018). Here, we use the terms “direct,” “primary,” and “local” interchangeably to refer
to target genes in close physical proximity to an enhancer (2 Mb). Conversely, we use the
terms “indirect,” “secondary,” and “global” interchangeably to refer to other enhancer
targets.
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As the above example illustrates, the assignment of GWAS-associated enhancers to causal
target genes, whether they are direct or indirect, remains a challenge. Functionally assessing
the primary and secondary target genes of risk-associated enhancers by direct experimental
perturbation can be a viable strategy. We recently reported a high-throughput single-cell
enhancer screening approach called Mosaic-seq (Xie et al., 2017), which uses CRISPR/
dCas9-KRABto perturb enhancers and assess their endogenous functions. However, because
of the small number of single guide RNAs (SgRNASs) used in current applications of single-
cell enhancer screens (Gasperini et al., 2019; Xie et al., 2017), they are limited to the
identification of direct enhancer target genes.

Here, we optimize the parameters of single-cell enhancer screens to enable the identification
of secondary enhancer targets. By constructing enhancer-driven regulatory networks
(ERNs), we show that secondary enhancer targets often converge onto a small number of
genes. We use these networks to link genetic variants to myeloid blood cell traits.

A Dataset to Benchmark Experimental Parameters of Single-Cell Enhancer Screens

We performed Mosaic-seq to test the activities of 518 enhancers in K562 cells. To enable
downstream analysis to benchmark the experimental parameters of single-cell enhancer
screens, we created a high-quality dataset in which each enhancer was perturbed by a large
number of sgRNAs (10 per enhancer) and in many cells (median 1,276 cells/enhancer)
sequenced to high depth (average 7,785 unique molecular identifiers [UMIs]/cell) (Figure
1B). We targeted 10 sgRNAs in a +200 bp region around each enhancer, for a total of 5,170
sgRNAs, including positive and negative controls (Table S1). We performed single-cell RNA
sequencing (ScCRNA-seq) of 106,670 cells and identified sgRNAs expressed in each cell
(Table S2). Overall, we sequenced a median of 1,276 perturbed cells per enhancer (Figure
S1A).

Reducing False-Positive Hits in Single-Cell Enhancer Screens

Previous single-cell enhancer screens focused on identifying primary target genes in close
physical proximity to perturbed enhancers. By reducing the search space for target genes,
this approach reduces the problem of multiple hypothesis testing. However, we observed that
simply applying these statistical procedures to test for differential expression across all
genes genome-wide and over all perturbed enhancers yielded poor results. For example, our
single-cell screen targeted a putative enhancer 16 kb upstream of the ARL 15 gene (denoted
ARL15-enh) (Figure 1C). We performed differential expression analysis on cells receiving
SgRNAs targeting ARL15-enh compared with other cells and observed that ARL 15 as well
as a neighboring long noncoding RNA (IncRNA), RP11-461C13.1, were both repressed
upon ARL15-enh repression (Figure 1D). In addition, this basic analysis suggested that
many genes across the genome could also be differentially expressed upon ARL15-enh
repression. To test these single-cell results, we repeated the experiments in bulk by
generating cells lines for each of the 10 sgRNAs targeting ARL15-enh. Traditional bulk
RNA sequencing (RNA-seq) confirmed repression of ARL15and RP11-461C13.1, but most
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other hits were not recovered (Figure 1E), suggesting that successfully identifying secondary
enhancer targets will likely require different computational strategies.

We noticed that differential expression analysis on cells derived from 10 randomly selected
sgRNAs could yield significant p values (Figure 1F), perhaps because of the stochasticity of
single-cell RNA-seq measurements and the relatively small number of cells sequenced per
sgRNA. Some genes were more prone to this phenomenon, which motivated the need for
gene-specific correction. Therefore, we developed a simulation-based strategy to model the
significance of each gene individually and correct for false discovery (Figure 1F). We denote
these adjusted p values as “significance scores” (SS). Applying this procedure to ARL15-
enh, we observe a significant reduction in false positives while maintaining true positives
(Figures 1G and S1E-S1G). Applied to the full dataset, we identified 94 enhancers in which
recruitment of dCas9-KRAB caused a significant change of expression of a direct gene
target (Figures S1B-S1D; Table S3). Overall, we identified 127 enhancer-gene pairs (false
discovery rate [FDR] ~0.03). In agreement with previous observations (Gasperini et al.,
2019; Xie et al., 2017), several independent lines of evidence support these enhancer hits:
(1) hits are highly enriched for known markers of active enhancers including H3K27ac,
p300, and RNA polymerase Il (Figures S1H and S11); (2) we observe that 74% of hits
regulate one local gene (Figure S1J) and 84% regulate the closest expressed gene; and (3)
most hits regulate genes less than 400 kb away (Figure S1K).

Increasing the Number of sgRNAs Reduces False-Positive Hits in Single-Cell Enhancer

Screens

Next, we optimize the experimental parameters for robust identification of enhancer targets
(Figure S2). One key parameter of single-cell enhancer screens is the number of SgRNAS
used to perturb each enhancer. Early single-cell enhancer screens used only two or three
sgRNAs per enhancer. However, as some sgRNAs have off-target or non-target activity,
approaches using fewer sgRNAs could dilute signal or lead to false positives (Figures 2A
and 2B). For example, if only two sgRNAs are designed per enhancer, and one has off-target
activity, then determining correct target genes can be difficult. However, if ten sgRNAs are
designed per enhancer, statistical signal from more frequent on-target SgRNAS can be
expected to exceed that of off-target SgRNAs.

To estimate the number of functional sgRNASs needed to confidently identify enhancer
targets, we performed computational simulations. For a given enhancer targeted by ten
sgRNAs, we simulated loss of signal by randomly replacing one to nine sgRNAs with non-
targeting SgRNAs. We performed this analysis for each of the 94 enhancers with local hits,
over 100 iterations per sgRNA replacement (Figure 2C). As expected, we find that SS are
higher with more on-target SgRNAs, suggesting that multiple syRNAs support the same hit
(Figure 2D). In addition, while the number of SgRNASs required to identify a hit varies
depending on the target, all hits require at least three sgRNAs. Thus, with our experimental
parameters, at least 30% of sequenced cells must support a gene target to confidently call a
hit. Conversely, this analysis also suggests that if >30% of sequenced cells support an off-
target, then the off-target could be falsely called a hit. As it is unlikely for multiple sgRNAs
to share off-targets, to reduce the possibility of false positives, we recommend designing at
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least four sgRNASs for each targeted region. This guideline to increase specificity effectively
dilutes the signal from each sgRNA to less than 30%, such that true hits must be supported
by multiple sgRNAs.

Identifying Secondary Target Genes of Enhancers

When an enhancer’s primary target is a DNA binding transcription factor (TF) as defined by
Gene Ontology, we define the enhancer’s secondary targets as the target genes of the TF. We
focused on these annotated TFs because they are well-studied regulators. Previous single-
cell enhancer screens have focused on identifying primary target genes of enhancers. Our
unique experimental approach to target each enhancer with ten sgRNAs, combined with new
analysis procedures, increases the specificity of hits and enables the confident identification
of secondary enhancer targets.

For each enhancer with a primary gene target, we performed genome-wide identification of
secondary gene targets (Figures 3A and 3B; Figures S3A-S3D; Table S3). As expected, we
observe that the strongest hits for most enhancers correspond to primary gene targets, with
few secondary targets (Figure S3E). In contrast, we find that enhancers regulating TFs as
primary targets can also have many secondary targets across the genome (Figures 3A and
3B; Figures S3A-S3D). For example, an enhancer ~140 kb downstream of MYB has 191
secondary gene targets, in addition to primary targets MYB and AH/1. Importantly, many of
the secondary targets for this enhancer are the known downstream targets of MYB, such as
KCNH2Z, ALASZ, and the hemoglobin genes (Lorenzo et al., 2011).

Several lines of evidence support our identification of secondary enhancer targets. First,
enhancers from the same locus share significantly more global targets than enhancers from
other loci (Figure S3E), which is consistent with the notion that they regulate the same
primary target. Second, the results are consistent across multiple biological replicates. Third,
secondary hits are consistent with those obtained from bulk RNA-seq validation experiments
(Figure S1G; Table S4). However, consistent with previous publications, the false-negative
rate of single-cell screens is high (> 80%), particularly for lowly expressed genes (Dixit et
al., 2016; Kharchenko et al., 2014; Xie et al., 2017). As scRNA-seq technology matures to
enable higher quality data with increased sensitivity and reduced cost, we expect detection
rates to improve. Together, our data demonstrate that both primary and secondary target
genes can be specifically identified in single-cell enhancer screens.

An ERN Converges onto Common Gene Targets

Traditional gene regulatory networks consist of linkages between TFs and the genes they
regulate. Our analysis identifying each enhancer’s primary and secondary gene targets
motivated us to construct an ERN. In an ERN, nodes represent enhancers and genes. Edges
connect (1) enhancers with their primary gene targets (TFs) and (2) these TFs with their
direct targets (which are secondary enhancer targets) (Figure 3C). Importantly, each edge in
an ERN is supported by direct experimental perturbation through the single-cell enhancer
screen.

Constructing an ERN on all 94 enhancers with primary/secondary targets, we identified 37
connected subnetworks. More than half of the enhancers belong to one subnetwork, which
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consists of 410 nodes (49 enhancers and 361 genes) and 853 edges (76 primary and 777
secondary edges) (Figure 3D). Within this subnetwork, 10 enhancers regulate the expression
of several TFs: MYB, CBFA2T3 (also known as £702), LMO?Z, and NFEZ. Each of these
TFs is the primary target of at least one distinct enhancer.

Strikingly, we observe that the secondary enhancer targets in this subnetwork converge onto
a common set of significantly overlapping genes (Figures 3E and 4A; Table S3; STAR
Methods). Notably, these include members of the a/p-globin gene clusters, whose
expression is tightly regulated in the hemoglobin-producing K562 cell line. By examining
the ERN, we observe several mechanisms through which enhancers indirectly regulate
globin expression. For example, enhancers of NFE2and LMOZ act as activators of
hemoglobin genes. This is consistent with the known roles of NFE2and LMOZ2as
components of the GATA1/TAL 1 complex that binds locus control regions to regulate
hemoglobin genes (Goardon et al., 2006; Moi et al., 1994; Song et al., 2010) (Figure 3D). In
contrast, enhancers of MYBand CBFA2T3 function as suppressors of hemoglobin
expression. This is consistent with observations that c-Myb suppresses hemoglobin gene
expression indirectly, possibly via KLFI activation of BCL11A (Bauer and Orkin, 2011,
Bianchi et al., 2010).

Highlighting the complexity of the system, we observe that the same enhancers can serve
opposing roles in the secondary regulation of different genes. For example, another group of
common secondary enhancer targets consists of CD24, VIM, and PTRF, which are
positively regulated by enhancers of MYBand CBFAZT3but negatively affected by
enhancers of LMOZ (Figure 3E).

Together, these results indicate that enhancer-driven networks converge onto common gene
targets, and they can be used to propose hypotheses of enhancer activity on secondary gene
targets.

Genetic Variants of a MYB Enhancer Influence Blood Cell State through Secondary Targets

To highlight one potential application of ERNs, we focus on enhancers of MYB (Figure 4A).
GWAS studies have identified variants in the MYB locus that are associated with blood cell
differentiation (Figure 4B). As some of these variants are located near enhancers within the
gene body of AH/1, previous studies have suggested that these variants affect AH/1
expression (Astle et al., 2016; Kichaev et al., 2019; Sud et al., 2017). However, as our direct
perturbation data indicate that these enhancers regulate MYB, we instead hypothesize that
these genetic variants alter MYB expression, with secondary consequences on blood cell
state.

Focusing on MYB-enh-3, we find several lines of evidence supporting this hypothesis. First,
to determine the cellular context in which MYB-enh-3 is active, we examined published
epigenetic data (Kundaje et al., 2015). Among normal human blood cell types, we find that
MY B-enh-3 exhibits DNase | hypersensitivity specifically in CD34+ common myeloid
progenitor cells (Figures 4B and S4D). Consistently, this region is highly conserved among
all vertebrates (Figure S4A). In mice, this region exhibits DNase | hypersensitivity in liver-
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derived myeloid progenitor cells (Figure S4B). These data suggest that MY B-enh-3 is active
in the context of myeloid progenitor cells.

Second, to assess whether MYB s a primary gene target of MYB-enh-3 in this cellular
context, we examined whether DNase | hypersensitivity at MY B-enh-3 correlates with \/YB
activity. Indeed, we find that myeloid progenitor cells, which have the most open chromatin
at MYB-enh-3, also exhibit the greatest expression of MYB among blood lineages (Figures
S4C and S4D). Additionally, in the context of myelogenous K562 cells, three-dimensional
chromatin conformation analysis indicates that MY B-enh-3 loops to the A/YB gene (Figure
S4E). Together, these data support our direct perturbation experiments that MYB-enh-3
regulates MYB in myeloid cells.

Third, we assessed if the secondary gene targets of MY B-enh-3 are consistent with the
phenotypes associated with these variants such as red cell distribution width and mean
corpuscular hemoglobin. Consistently, the ERN suggests that MY B-enh-3 regulates
erythrocytic gene clusters including hemoglobin genes and glycophorins (GYFPA, GYPB,
and GYPC) as secondary targets through a MYB-dependent mechanism (Figure 4A).

More generally, the phenotypes associated with these variants reflect changes in myeloid
cell state. Indeed, it has been previously reported that repression of MYB is necessary for
the final stages of erythroid maturation (Weiss et al., 1994), and mouse studies have shown
that knockout of MY B leads to impaired proliferation and accelerated differentiation of
blood cell lineages (Lieu and Reddy, 2009). Consistently, we observe that direct repression
of MYB-enh-3 in K562 cells decreases cell proliferation (Figure S1A), and perturbed cells
adopt an altered cellular state in which hematopoietic differentiation genes are coordinately
activated (Figures 4C and 4D).

Taken together, ERN analysis suggests that genetic variants near MY B-enh-3 may contribute
to blood cell traits by reducing the activity of MYB-enh-3, with consequent reduction in the
primary target gene MYB and changes in the expression of secondary targets, with impacts
on cell state. Additional experiments will be required to test this hypothesis.

DISCUSSION

Secondary enhancer targets can contribute to disease risk, and identifying these targets can
illuminate disease-associated molecular mechanisms (Bauer and Orkin, 2011). Although
single-cell enhancer screens can reliably identify primary targets (Gasperini et al., 2019; Xie
et al., 2017), current studies lack the statistical power to confidently identify secondary
targets. Here, we find that increasing the number of sgRNAs in enhancer perturbations can
remedy this problem. As it is unlikely that multiple sgRNAs support the same off-targets,
diluting signal across many sgRNAs amplifies on-target signal and decrease off-target
signal.

Even though we targeted enhancers throughout the genome without a priori knowledge
about their potential primary targets, we observed that many enhancers often share the same
set of secondary target genes. We show that this is mediated through the enhancers’ primary
TF targets. Thus, enhancers and their primary/secondary gene targets form a highly
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connected regulatory network. One implication of this network structure is that there are
many ways in which genetic variants of enhancers can indirectly contribute to disease
through secondary target genes. One notable example is the GWAS-associated enhancer for
BCL11A, which indirectly controls the expression of fetal hemoglobin (Bauer et al., 2013;
Canver et al., 2015; Liu et al., 2018; Uda et al., 2008). One caveat to our approach is that, if
our analysis identifies multiple primary targets as TFs, we cannot distinguish which of these
TFs regulate secondary targets. Similarly, our approach cannot distinguish secondary from
tertiary or higher order interactions.

Our data underscore the complexity of understanding functional consequences of enhancer-

related traits. Direct perturbation of GWAS-associated enhancers holds potential to identify

other molecular mechanisms through which secondary enhancer targets contribute to human
disease.

STARXMETHODS
LEAD CONTACT AND MATERIALS AVAILABILITY

Further information and requests for resources and reagents should be addressed to and will
be fulfilled by Lead Contact Gary Hon (Gary.Hon@utsouthwestern.edu). This study did not
generate new unique reagents.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cells—Human K562 cells (Female) were cultured in IMDM with 10% FBS and pen/strep
at 37°C and 5% CO2, and HEK293T cells (Female) were cultured in DMEM with 10% and
pen/strep. Both cells were purchased from ATCC and are tested monthly to ensure they are
mycoplasma free.

METHOD DETAILS

Selection of Candidate Regions and sgRNAs—Since scRNA-Seq has lower
sensitivity than bulk RNA-Seq, changes of expression for lowly expressed genes are less
likely to be detected in Mosaic-seq. Therefore, targeting enhancers that are close to highly
expressed genes will increase the chances of detecting hits. Thus, we selected all the
topological associated domains (TADs) which have at least one gene with CPM > 50 in
K562 cells. We identified 1021 candidate TADs from a total list of 2290, and only focused
on enhancers located within these candidate TADs. The putative enhancers targeted in this
study are defined by DNase-seq peaks which are at least 2kb away from any annotated TSS
and that also harbor H3K4me1l signal (CPM > 1, which is commonly used as a marker for
poised or active enhancers).

We used a mixed strategy to select candidate enhancers. About half of the enhancers were
unbiasedly chosen from DNase | hypersensitive sites on chromosome 18 and the remaining
half were selected on the basis of strong p300 enrichment, a well-known marker of enhancer
activity (Visel et al., 2009; Xie et al., 2017). We filtered our target regions based on two
different criteria. First, we selected all putative enhancers on chromosome 18 that are within
candidate TADs. Second, we biased toward strong enhancers. As p300 was the best predictor
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for enhancer activity from our small scale Mosaic-seq experiment (Xie et al., 2017), we
selected enhancers with strong p300 enrichment. We also manually added control regions
including promoters or enhancers identified in our previous study. In total, we targeted 267
regions on chromosome 18 and 251 regions on other chromosomes.

Plasmids and sgRNA Library Construction—We used lenti-dCas9-KRAB-blast for
dCas9-KRAB expression (Addgene ID: 89567) and CROPseq-Guide-Puro plasmid for
sgRNA expression (Addgene ID: 86708). For sgRNA library construction, a single-strand
SgRNA oligo library containing 5166 sgRNAs (Table S1) was synthesized by Custom Array.
The library was amplified by NEBNext High-Fidelity 2X PCR master mix (New England
Biolabs) to make it double-stranded and then was inserted into the BsmBI digested
CROPseq-Guide-Puro plasmid through Gibson Assembly (New England Biolabs). Then the
circulized product was purified and electroporated to Endura ElectroCompetent cells
(Lucigen) following the manufacturer’s protocol. The cells were then cultured in LB
medium with 100pg/ml Ampicillin at 30°C overnight and the plasmid was extracted using
the ZymoPURE plasmid maxiprep kit (Zyme Research). We also designed primers (Table
S1) to amplify the spacer sequences of the sgRNA library and verified the complexity of the
library by Illumina sequencing. See our previous publication for a full protocol (Xie and
Hon, 2019).

Virus Packaging, Titration and Infection—The virus-related methods have been
previously described (Xie and Hon, 2019). Briefly, the lentivirus packaging plasmids
MD2.G and psPAX2 (Addgene ID 12259 and 12260) were co-transfected with the carrier
plasmid to HEK293T cells with linear polyethylenimine (PEI, Polysciences). Supernatant
was collected 72 h after transfection and filtered with a 0.45um filter. The virus was further
purified by using Lenti-X lentivirus concentrator (Clontech). For virus titration, we
performed infection of K562 cells with serially diluted virus, and measured the survival rate
of the cells after the antibiotic selection. For the single-cell enhancer screen, we performed
infection of K562 cells in 24-well. We tried different multiplicity of infection (MOIs) in
order to maximize the number of sgRNAs we could test per cell. We found a non-linear
relationship between the MOI of virus and the actual number of SgRNA detected (Table S2).
By using MOI = 2000, we were able to detect about 10 sgRNAs per cell.

Single-cell RNA-seg—All the single-cell RNA-seq libraries were prepared with the 10X
Genomics Chromium 3" V2 kit, following the standard protocol. To construct the SgRNA
enrichment libraries, 20-30 ng of cDNA product was used to perform an enrichment PCR by
the SP-RI primer and sgRNA enrichment primers. Then the PCR product was purified by
performing a 0.8X SPRI beads cleanup. The expected size of the final library is about
500bp. See our previous publication for more details (Xie and Hon, 2019).

Quantitative Real-time PCR and Bulk RNA-seq—RNA was extracted by using
TRIzol (Invitrogen), following the manufacturer’s instructions. For Real-time qPCR, the
RNA was reverse transcribed using Maxima H Minus Reverse Transcriptase (Thermo
Fisher) and then the relative expression of genes was quantified by qPCR, using the
expression of ACTB as reference. For bulk RNA-seq, we followed the protocol from LM-
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seq (Hou et al., 2015). At least two biological duplicates were performed for each on-target /
control sgRNA.

Sequencing—All libraries were sequenced on the Illumina NextSeq 500/550 with the
High Output kit (~400M reads per Flowcell). For scRNA-seq and sgRNA libraries, we used
paired-end sequencing with R1-26bp, R2-58bp and idx1-8bp. For all the other libraries, we
used the following configuration: R1-48bp, R2-48bp, idx1-8bp. About 1.5 billion reads
were sequenced in total, which yields an average of 7785 UMIs in each cell. All the
sequencing data are available on GEO:GSE129837.

QUANTIFICATION AND STATISTICAL ANALYSIS

Data Pre-processing and Mapping—scRNA-seq libraries were demultiplexed and
mapped to human reference genome (hg38) using the Cellranger software (ver 2.1.0, 10X
Genomics), with expected cell number of 10,000 and default parameters. Bulk RNA-seq
libraries were demultiplexed with Bcl2fastq (I11lumina), mapped to hg38 reference genome
by Star (Dobin et al., 2013). For the gene reference, we used Gencode V28 (Derrien et al.,
2012). The sgRNA enrichment libraries were processed as previously described (Xie and
Hon, 2019). Briefly, all potential cell barcodes and sgRNAs were extracted from read-1 and
read-2 by comparing with the white lists of cell barcodes (output of Cellranger pipeline) and
SgRNAS, respectively, with the edit distance of 1. Then, the sSgRNA counts were summarized
for each sequenced cell, and the UMIs are calculated by using the “directional” method
described in UMI-tools (Smith et al., 2017).

Assigning sgRNAs to Cells—To accurately assign sgRNAs to each single cell, we used
the saturation curve method described in Drop-seq (Macosko et al., 2015). Briefly, for a
given sgRNA, we calculated the cumulative distribution of the UMIs from all cells. By
identifying the inflection point of the curve, we adjusted the UMIs from cells after the
inflection point to be zero. The sgRNAs with the adjusted UMI count greater than 0 are
considered as true sgRNAs in this cell. The analysis was performed per library and then
combined for downstream analysis. The details of this method are described previously (Xie
and Hon, 2019).

Hits Calling—The gene expression matrices from individual batches were first normalized
by the method described previously (Xie et al., 2017), and then combined to one matrix. For
each enhancer region, we combined all 10 sgRNAs together to minimize the potential off-
targeting of individual SgRNAs.

We use the hypergeometric test to evaluate whether the expression of a given gene is
significantly changed upon the perturbation of SgRNA. We only consider genes that are
expressed in at least 2% of the cell population. Let Crepresent all the cells analyzed; let £,
represent the expression of gene gin cell ¢, and let C; represent the cells with the indicated
SgRNA s. Given a given gene gand an sgRNA s, the parameters for the hypergeometric test
are then:

M = |C|
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N = |C'|; wherec € Cif E smedian(E forall c)
g.c g.c

K=l

X =

Cc'n cs|

In terms of the hypergeometric test, M represents the population size, N represents the
number of successful events); Krepresents the number of trials; and x represents the number
of successful trials.

The hypergeometric p values were then calculated by using these four parameters M, N, K,
and x. The p values for the downregulated genes were calculated by using the survival
function of the hypergeometric test and the p values for upregulated genes were calculated
by using the cumulative density function (see the manual for scipy for more details: https://
docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.stats.hypergeom.html)

In order to correct the p values in a gene specific manner, we then introduced background p
values for each gene (denoted as Pg). To calculate Ppg, we randomly chose 10 sgRNAs
from our library and perform the same hypergeometric test for all genes. This step was
repeated 10,000 times to get the distribution of 7, for all genes. For local hits calling (genes
within + 2Mbp), we calculated the 99.9th percentile P, for each gene (Ppggg, ) and
calculated the Significance Score (SS) of each gene as:

We defined any gene with SS > 0 as a local hit for targeted region. We estimated the average
false discovery rate (FDR) for the local hits calling is about 0.03 false local hit per region.
For global hits calling, we focused on the 94 regions with local hits. We calculated the SS
for both the genes upregulated and downregulated across the genome. To further decrease
the false discovery rate in the global analysis, we tested different cutoff values for SS. We
chose SS = 2.8 for the upregulated genes and SS = 1.9 for the downregulated genes, and the
average FDR is less than 0.1 false global hit per region.

Down-sampling Simulations—To assess the effect of sequencing depth and cell number
on identifying enhancer targets, we performed computational simulations with down-
sampled reads and cells, respectively. To simplify the computational process, for all the
down-sampling simulations, we focused on the 127 local region-gene pairs identified in the
previous local hits calling analysis. For down-sampling of cells, we randomly sampled a
specified percentage of cells and calculated the hypergeometric p values of each region-gene
pairs. Using the same down-sampled matrix, the 99.9th percentile of the background p
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values were estimated across 1000 iterations and the SS was calculated. For each specified
down sampling percentage, we repeated the whole process 100 times to get 100 SSs for each
region-gene pair. The region-gene pairs with median SSs above 0 were identified as hits. The
down-sampling of reads was performed in a similar manner except that only 25 iterations
were used.

We observe that read depth has a strong impact on the detection of low-confidence hits, and
that a median depth of ~3000 UMIs/cell is sufficient to capture most high-confidence hits
(Figure S2A). In contrast, sequencing fewer cells has similar impact on both high and low
confidence hits (Figure S2B), with ~900 cells per enhancer sufficient to recover ~80% of all
hits. Therefore, single-cell enhancer screens that aim to access high-confidence hits can
decrease sequencing depth, while screens aiming to capture both high and low confidence
hits require many cells to be sequenced at high depth.

Prediction of individual sgRNA Functions—With our experimental parameters,
individual sgRNAs usually have few cells sequenced. Therefore, individual sSgRNAs are
unlikely to have the statistical power to accurately assign target genes. We reason that the
efficacy of each sgRNA could be estimated by evaluating its performance when mixed with
other sgRNAs targeting the same region. We speculate that functional sgRNAs with
common targets will improve statistical significance, while non-functional sgRNAs that do
not share common targets will decrease statistical significance. Based on this assumption,
we enumerated the raw hypergeometric p values for all 1023 combinations of sgRNAS
targeting each region (10 sgRNAs choose 2 minus 1). For a given sgRNA, we examined
whether adding the sgRNA in combination with other sgRNAs improves the statistical
significance of calling differentially expressed genes. For instance, if adding sgRNA-1to a
combination containing SgRNA-2 and —3 leads to an increase of -logigp-val greater than 0.1,
this pair (from combo of sgRNA-2,3 to the combo of sgRNA-1,2,3) is denoted as
‘improved’; if the decrease of -logqgp-val is greater than 0.1, it is denoted as ‘worsen’;
otherwise it is denoted as ‘not changed’. Then, we counted the frequency of these three
categories among all 511 pairs and used the binomial test to assess if any category was
dominant. Regions with p-val < 0.05 were considered as either ‘functional” or
‘nonfunctional’, otherwise they were denoted as ‘ambiguous’.

Overall, we observe that two-thirds (66.7%) of sgRNAs exhibit on-target activity by this
metric (Figure S2G). For example, our data indicate that, of the 10 sgRNAS targeting
enhancers ARL15-enh, sgRNA 6 has weaker activity compared to the remaining sgRNASs
(Figure S2D) (see Table S3 for denoted names of each region). This observation was
confirmed by RNA-Seq experiments performed in bulk for each sgRNA (Figures S2E and
S2F). Similarly, we confirmed that sgRNA-3 from MY B-enh 3 exhibits weaker activity
(Figure S2D).

Mixing of sgRNAs from different loci—To test the off-targeting of sgRNAs, we
performed computational simulations. For each enhancer with a primary hit, we randomly
removed 1-9 sgRNAs and randomly added back the same number of sgRNAs from the pool
of remaining sgRNAs. We repeated this analysis 100 times for each pairing of enhancers and
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number of sgRNAs removed (total of 900 simulations for each enhancer). The SS was
calculated for primary target genes.

Network Analysis—A directed network was constructed by NetworkX (Hagberg et al.,
2008), using both the local and global hits. Each enhancer node was first connected to its
primary hit genes, and then the primary hit gene(s) was connected to the secondary hit
genes. The network was then saved as a gml file and then imported to Cytoscape (Shannon
et al., 2003) for visualization, using the Edge-weighted Spring Embedded layout with
manual adjustment of a few overlapped nodes and edges. For visualization purpose, we
deleted the nondetermining primary hits for the four major transcriptional factor regions
(i.e., AH/1 for the MYBenhancers, NATI0and TRIM44 for the LMOZ enhancers).

Identification of significantly overlapping genes in the network—We performed a
binomial test to identify genes that are common secondary targets to enhancers. Given a set
of enhancers £in the ERN (here 49) and a set of genes G, let Mrepresent a matrix of
dimension |E| x |G|, where M,, 4= 1 if enhancer e regulates gene g and 0 otherwise. Then we
define the binomial p as the fraction of 1’s in M. Next, we let the binomial n = |E|, and
perform the binomial test binocdf(x, p, n) for each gene gwhere xis the number of times g
is a target for all enhancers in £.

Analysis of the Bulk RNA-seq—After mapping and duplicates removal, featureCounts
(Liao et al., 2014) was used to count the expression value of each gene. DEG analysis was
performed by using edgeR (Robinson et al., 2010).

Meta-analysis with ENCODE data—All ChiP-seq and DNase-seq datasets were
downloaded from ENCODE. PRO-seq, GRO-Cap (Core et al., 2014) and TT-seq (Schwalb
et al., 2016) datasets are downloaded from previous publications. Read counts were
summarized in a = 1,200 bp region from the summit of DNase-seq peak by using
featureCounts. The p values were calculated by the Wilcoxon rank-sum test.

GWAS Data—All the disease associated SNPs were downloaded from GWAS Catalog
(Buniello et al., 2019). We displayed all the previously reported SNPs in the indicated
regions.

GSEA analysis—All the GSEA analysis was performed by using GSEApy (Subramanian
et al., 2005). Briefly, the read count table from featureCounts was normalized by CPM. For
GSEA analysis, we use ‘signal_to_noise’ method with 1000 permutations.

DATA AND CODE AVAILABILITY

The accession number for the sequencing data reported in this paper is GEO: GSE129837.
We have deposited example scripts to Github (https://github.com/russellxie/Global-analysis-
K562-enhancers).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

Improving single-cell screens to identify the secondary gene targets of
enhancers

Applying single-cell screens to measure the activities of >500 enhancers

Enhancers across the genome converge to regulate the expression of common
modules

Linking genetic variants at enhancers to trait-associated secondary gene
targets
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Figure 1. Reducing False-Positive Hits in Single-Cell Enhancer Screens
(A) Schematic of primary and secondary targets of enhancers. An enhancer directly

regulates the expression of a primary target, which then regulates expression of a secondary
target gene.

(B) A single-cell enhancer screen of 500 enhancers with ten sgRNAs per enhancer.

(C) Shown is the genomic neighborhood near ARL15and a proximal enhancer targeted for
dCas9-KRAB-mediated repression.

(D) Manhattan plot represents uncorrected p values of genes upon suppression of ARL15-
enh. The y-axis represents the raw p values. Genes are ordered on the basis of the positions
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on chromosomes (x-axis). The vertical dashed line indicates the position of target regions.
For visualization purposes, all genes with zero log10(p value) not shown.

(E) MA plotfrom bulk RNA-seq in which ARL15-enh is repressed. The MA plot compares
ten sgRNAs with two negative control sgRNAs. Red and blue transparent dots represent
significantly up- or downregulated genes, respectively. Solid red/blue dots represent hits that
overlap with Mosaic-seq.

(F) Examples of significance scores(SS) from three genes. Histograms show the distribution
of background p values from 10,000 random iterations. Vertical black dashed lines indicate
the 99.9th percentile. Red dashed lines indicate observed p values. Top two genes have
positive SS; bottom two genes are negative controls.

(G) As in (D), after SS-correction. For visualization purposes, only genes with SS greater
than zero are shown.

See also Figure S1 and Table S3.
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Figure 2. Increasing the Number of sgRNAs Reduces False-Positive Hits in Single-Cell Enhancer
Screens

(A) Improving signal-to-noise with more sgRNAs in single-cell screens. Increasing the
number of SgRNAS targeting the enhancer increases the number of sequenced on-target cells
relative to off-target cells.

(B) Overview of the computational simulation strategy. For each enhancer, we randomly
discarded one to nine sgRNAs and replaced them with an equal number of random
sgRNAstargeting other enhancers. Each replacement was repeated 100times, and
significance scores(SS) were calculated for the top local hit of the enhancer.

(C) Scatterplot summarizing simulation results for 94 enhancers with local hits. Colors
indicate the number of on-target sgRNAS required to identify the gene.

(D) Changes of SS for three example enhancers. Solid dots represent the median of 100
iterations. Transparent dots represent all iterations. Dashed boxes indicate parameters
allowing known target genes to be identified (SS > 0).

See also Figure S2.
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Figure 3. Global Analysis Reveals Enhancer-Driven Regulatory Networks (ERNSs)
(A) Genome Browser snapshots illustrate the local epigenetic features of several targeted

enhancers near LMOZ2, NFEZ, and MYB/AHI1.

(B) Similar to Figure 1G. In addition, the dot size represents fold change.

(C) An enhancer-driven regulatory network (ERN) consists of an enhancer’s primary (direct)
targets and its secondary (indirect) targets.

(D) An example ERN.

(E) ERN sub-network highlighting PTRF, CD24, and VIM as common secondary targets of
enhancers across the genome.

See also Figure S3 and Table S4.
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Figure 4. Linking Distal MYB Enhancers to Blood-Associated Traits
(A) ERN sub-network highlighting hemoglobin genes as common secondary targets of

enhancers across the genome.
(B) MYB-enh-3 exhibits DNase | hypersensitivity in CD34+ common myeloid progenitor
cells. SNPs and associated traits are highlighted.
(C) Gene set enrichment analysis (GSEA) of the DEGs upon MY B-enh-3 knockdown.
Genes upregulated are positively correlated with hematopoietic differentiation genes.
(D) Heatmap indicates the expression pattern of genes that are identified in (C). Several
hematopoietic differentiation genes are indicated.

See also Figure S4.
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REAGENT or RESOURCE SOURCE IDENTIFIER
Chemicals, Peptides, and Recombinant Proteins

Puromycin Sigma Cat#P8833
Blasticidin Invivogen Cat#Ant-bl-1
Critical Commercial Assays

LM-seq protocol Hou et al., 2015

Maxima H Minus Reverse Transcriptase Thermo Fisher Cat#EP0753
KAPA HiFi HS KAPA Cat#KK2502
CellTiter-Glo Luminescent Cell Viability Assay Promega Cat#G7572

GE Healthcare Sera-Mag Magnetic SpeedBeads
QIAGEN MinElute PCR purification Kit
Gibson Assembly Master Mix

10X genomics Chromium Single Cell 3" Kit V2

10X Genomics Chromium Single Cell A Chip Kit

10X Genomics Chromium i7 Multiplex Kit
Bacterial and Viral Strains

Endura ElectroCompetent Cells
Stellar Competent Cells

Deposited Data

Single-cell RNA-seq Data
RNA-seq Data

Experimental Models: Cell Lines
K562 cells

293T cells

Recombinant DNA

Plasmid: pMD2.G

Plasmid: psPAX2

Plasmid: lenti-dCas9-KRAB-Blast
Plasmid: CROPseq-Guide-puro
Sequence-Based Reagents

sgRNA Oligos

Custom primers for library construction
gPCR primers

Software and Algorithms

Star

Picard

edgeR

FeatureCounts

10X Genomics Cellranger VV2.1.0

NetworkX

Thermo Fisher
QIAGEN

NEB

10X Genomics
10X Genomics
10X Genomics

Lucigen

Clonetech

This paper
This paper

ATCC
ATCC

Addgene
Addgene
Addgene
Addgene

Table S1
Table S1
Table S1

Dobin et al., 2013
Broad Institute
Robinson et al., 2010
Liao et al., 2014
10X Genomics

Cat#09-981-121
Cat#28004
Cat#E2611L
Cat#PN-120237
Cat#PN-120236
Cat#PN-1000009

Cat#60242-2
Cat#636766

GEO: GSE129837
GEO: GSE129837

ATCC CCL243
ATCC CRL-3216

Addgene 12259
Addgene 12260
Addgene 89567
Addgene 86708

N/A
N/A
N/A

https://github.com/alexdobin/STAR
https://broadinstitute.github.io/picard/
https://bioconductor.org/packages/release/bioc/html/edgeR.html
http://bioinf.wehi.edu.au/featureCounts/

https://support.10xgenomics.com/single-cell-gene-expression/
software/pipelines/latest/what-is-cell-ranger

https://networkx.github.io
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REAGENT or RESOURCE SOURCE IDENTIFIER

Cytoscape https://cytoscape.org

GSEApy https://github.com/zqfang/GSEApy/blob/master/docs/
introduction.rst

Mosaic-seq pipeline This Paper https://github.com/russellxie/Global-analysis-K562-enhancers

Other

Illumina NextSeq 500 instrument Illumina N/A

Agilent 2200 TapeStation instrument Agilent N/A

Qubit Fluorometric Quantitation instrument Thermo Fisher N/A
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