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Abstract

Characterizing long noncoding RNAs in Innate Immunity

By Apple Cortez Vollmers

The innate immune system provides a first line of defense against pathogens by

initiating a protective inflammatory response. Upon infection or tissue damage,

circulating monocytes migrate to the site of inflammation, where they can

differentiate into macrophages. Macrophages are critical innate immune cells

important for recognizing invading pathogens and/or damage signals through the use

of Toll-like receptors (TLRs) that result in the initiation of host defense pathways,

including activation of the major transcription factor NF-κB. Careful regulation of the

immune response is essential for eliminating pathogens and preventing sustained

inflammation and tissue damage, driving autoimmune disease or cancer.

Long non-coding RNAs (lncRNAs) have been implicated as critical regulators

of gene expression in the innate immune response, controlling the magnitude,

duration and resolution of the inflammatory response. The functional characterization

of these genes, specifically in pathways that affect immune cell differentiation and/or

their respective function, remain largely unexplored and reveals critical gaps in

knowledge

The current dissertation focuses on how lncRNAs regulate innate immunity in

macrophage cells. In the first chapter, we explore the role of GAPLINC —gastric

adenocarcinoma predictive long intergenic noncoding RNA — a lncRNA
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functionally conserved across humans and mice. RNA-sequencing analysis reveals a

specific role for GAPLINC in regulating NF-κB signaling in both primary human and

mouse macrophages. In GAPLINC-depleted cells, we observed enhanced expression

of immune response genes that are direct NF-κB targets. Interestingly, Gaplinc

knockout mice show resistance to LPS-induced endotoxic shock. Further, we find that

basal expression of inflammatory genes prevents clot formation to protect against

multiorgan failure and death. These findings identify GAPLINC as a negative

regulator of immune genes and highlight the role that lncRNAs can play in the

treatment of sepsis and the development of new therapies.

In the second chapter, we move beyond the characterization of a single gene

candidate and utilize high-throughput clustered regularly interspaced short

palindromic repeat (CRISPR) screens to identify a whole host of novel NF-κB

regulators along with macrophage-specific essential genes and regulatory elements

within those genes  From our screen, we identify 115 novel regulators of NF-kB and

60 macrophage-specific viability genes. Additionally, this single-screening approach

reveals exciting new information on the complex regulatory biology of TNF and

builds upon decades of existing research. We provide evidence that membrane-bound

TNF can function in an autocrine manner to negatively regulate inflammation, likely

through binding of TNF to the p75 receptor in macrophages. Our data show that

editing p55 inhibits Il6 production while editing p75 results in increased production

of Il6, highlighting the opposing positive and negative regulatory roles of these two

receptors. This has profound effects on improving anti-TNF therapy as blocking the
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proinflammatory p55 Tnf receptor using antibody-mediated approaches can allow

TNF to alternatively bind p75 to promote anti-inflammatory signaling.

Finally, in the third chapter, we use long-read Nanopore sequencing to

interrogate isoform usage in primary human macrophages treated with different

inflammatory stimuli. We used a variety of ligands, LPS, Pam3CSK4, R848, and

Poly(I:C) to activate TLR4, TLR1/2, TLR7/8, and TLR3, respectively, to provide

comprehensive transcriptome scale isoform information so we can better inform and

improve the outcome of single gene-focused follow-up studies. We provide a resource

detailing isoform usage present before-and-after stimulation, identify new exons in

genes, and provide corresponding levels of expression for each gene as well as

neighboring genes. In addition, all this information has been made accessible for the

user’s convenience through the UCSC Genome browser. We hope this resource can

act as a starting point for other researchers who work in this area of innate immunity

to conduct more in-depth mechanistic work.
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Introduction

Chapter 1

A conserved long noncoding RNA, GAPLINC, modulates the

immune response during endotoxic shock

[This chapter has been adapted from publication, A conserved long noncoding
RNA, GAPLINC, modulates the immune response during endotoxic shock,
(Vollmers et al. 2021) PNAS]
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Abstract

Recent studies have identified thousands of long noncoding RNAs (lncRNAs) in

mammalian genomes that regulate gene expression in different biological processes.

Although lncRNAs have been identified in various immune cells and implicated in

immune response, the biological function and mechanism of the majority remain

unexplored, especially in sepsis. Here, we identify a role for a lncRNA—gastric

adenocarcinoma predictive long intergenic noncoding RNA (GAPLINC)—previously

characterized for its role in cancer, now in the context of innate immunity,

macrophages, and LPS-induced endotoxic shock. Transcriptome analysis of

macrophages from humans and mice reveals that GAPLINC is a conserved lncRNA

that is highly expressed following macrophage differentiation. Upon inflammatory

activation, GAPLINC is rapidly down-regulated. Macrophages depleted of GAPLINC

display enhanced expression of inflammatory genes at baseline, while overexpression

of GAPLINC suppresses this response. Consistent with GAPLINC-depleted cells,

Gaplinc knockout mice display enhanced basal levels of inflammatory genes and

show resistance to LPS-induced endotoxic shock. Mechanistically, survival is linked

to increased levels of nuclear NF-κB in Gaplinc knockout mice that drive basal

expression of target genes typically only activated following inflammatory

stimulation. We show that this activation of immune response genes prior to LPS

challenge leads to decreased blood clot formation, which protects Gaplinc knockout

mice from multiorgan failure and death. Together, our results identify a previously

2



unknown function for GAPLINC as a negative regulator of inflammation and uncover

a key role for this lncRNA in modulating endotoxic shock.
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Introduction

Sepsis is a life-threatening illness caused by an overreaction of the body to the

presence of infection, which can rapidly lead to multiorgan failure and death. The

immune system is essential in providing protection against infection; however,

uncontrolled activation can have serious consequences for the host. According to the

Centers for Disease Control and Prevention, one in three patients who die in a

hospital have sepsis (CDC 2020), and yet we still do not understand the underlying

molecular mechanisms that lead to fatality. Clinical options for the treatment of sepsis

are limited to the delivery of fluid, antibiotics, and supportive care and have remained

largely unchanged for decades. Though early diagnoses and rapid treatment have

improved sepsis outcomes (Gotts and Matthay 2016), there is a critical need to

develop new therapies. Although gene expression studies have been performed to

examine potential therapeutic targets for sepsis, these targets remain largely

uncharacterized (Pellegrina et al. 2017). We have identified a long noncoding RNA

(lncRNA) with roles in controlling the immune response and endotoxic shock that

provides avenues for novel drug development to target sepsis.
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Results

As lncRNA expression can regulate the immune response by affecting immune cell

differentiation and their respective function (P. Wang et al. 2014; Ranzani et al. 2015;

Carpenter et al. 2013; Li et al. 2014), we wanted to investigate the role of lncRNAs in

macrophages. Macrophages are important innate immune cells that can be derived

from monocytes and are critical for pathogen recognition through the use of Toll-like

receptors (TLRs). Upon activation, TLRs initiate complex signaling pathways that

activate key transcription factors such as NF-κB, leading to the transcription of

hundreds of immune response genes (Medzhitov and Horng 2009).

To identify lncRNAs involved in macrophage differentiation and function, we

conducted RNA sequencing (RNA-Seq) in both human primary monocyte-derived

macrophages (MDMs) and the monocytic cell line THP-1s (Fig.1.1A and Fig. S1.1).

We identified gastric adenocarcinoma predictive long intergenic noncoding RNA

(GAPLINC) as the most up-regulated lncRNA during monocyte to macrophage

differentiation (Fig.1.1B). GAPLINC levels were detectable by day 1 and increased

to ∼300 copies per cell (Fig.1.1C). Using RNA-profiling technology (nCounter,

Nanostring), we validated GAPLINC as one of the top 10 mRNAs expressed in

differentiated primary MDMs and THP-1s (Fig.1.1D). We also confirmed that

GAPLINC is highly expressed in MDMs but not expressed in the closely related cell

type monocyte-derived dendritic cells (MDDCs) (Fig.1.1E), suggesting that

expression of GAPLINC is cell-type specific. By performing a cell fractionation

experiment and measuring GAPLINC levels in the cytoplasmic and nuclear
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compartments of macrophages using qPCR, we found GAPLINC is predominantly

localized in the cytosol when compared to CD14, a cytoplasmic mRNA, and NEAT1,

a nuclear lncRNA (Fig.1.1F). This is consistent with findings in cancer cells, in

which GAPLINC is mainly localized to the cytoplasm (Gu et al. 2018). To ensure

GAPLINC is noncoding, we performed polysome profiling, a method used to analyze

whether a gene is actively translated into protein. In contrast to CD14, neither NEAT1

nor GAPLINC were found in the high-polysome fraction, suggesting that GAPLINC

is not translated (Fig.1.1G).
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Figure 1.1 Identification and characterization of macrophage-specific lncRNA
GAPLINC.
(A) A schematic for macrophage differentiation in vitro using primary human cells
or immortalized THP-1 cells. Isolated monocytes from human PBMCs are
differentiated into macrophages using recombinant macrophage colony-stimulating
factor. THP-1 cells are differentiated into macrophages by treatment with PMA
(100 nM). (B) RNA-Seq analysis on macrophages differentiated from monocytes
isolated from human PBMCs (n = 4 donors). Results are represented in a volcano
plot. GAPLINC (shown in red) is the most up-regulated lncRNA (>1,000-fold). (C)
RNA-Seq analysis of GAPLINC expression during monocyte to macrophage
differentiation for the indicated time points. GAPLINC expression is represented as
copies per cell (FPKM). (D) Heat map represents gene expression from a custom
Nanostring panel, which shows the top 10 differentially expressed lncRNA
comparing monocytes to macrophages in primary human cells and THP-1 cells.
Data from Nanostring were performed in biological duplicates. (E) A schematic for
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granulocyte-monocyte progenitor cells that give rise to two distinct populations: 1)
MDDCs and 2) MDMs. UCSC genome browser track displays RNA-Seq reads
from monocytes, macrophages, and dendritic cells at the GAPLINC locus. (F)
qPCR analysis of RNAs purified from nuclear (white) and cytoplasmic (gray)
fractions in MDMs. (G) qPCR analysis of RNAs isolated from different polysome
fractions of MDM lysates (10 to 50% sucrose gradient, SW41, 40 K rpm, for ∼1.5
h).

Next, we investigated the effect of GAPLINC silencing on differentiating

macrophages. As GAPLINC levels increased during differentiation, we hypothesized

that GAPLINC knockdown (kd) would impact genes involved in differentiation.

Using pooled small interfering RNA (siRNA), we achieved ∼55 to 65% kd of

GAPLINC in primary MDMs (Fig. S1.2). We performed RNA-Seq and identified a

number of genes that were dysregulated upon GAPLINC kd (Fig.1.2A). We

confirmed the top hits using Nanostring (Fig. S1.3). Gene Ontology (GO) enrichment

analysis showed that immune response genes were significantly overrepresented in

genes up-regulated upon GAPLINC kd and not genes involved in macrophage

differentiation, contrary to our original hypothesis. (Fig.1.2B). Notably, differentially

expressed genes in GAPLINC-kd cells include proinflammatory cytokines and

chemokines (IL6, CXCL10, and TNFSF10), IFN-stimulated genes (ISGs) (IFIT2 and

RSAD2), and guanylate-binding proteins (GBPs) (GBP3 and GBP5) (Fig.1.2C and

Fig. S1.4). To verify that macrophage differentiation was unaffected by GAPLINC

kd, levels of CD11B, CD16, and CD14 were measured in control and

siGAPLINC-treated macrophages and found to be similar (Fig. S1.5). Next, we used

an additional kd approach utilizing CRISPR inhibition (CRISPRi) to target the

transcriptional start site of GAPLINC using three different guide RNAs (gRNAs) in

8



THP-1 cells stimulated with phorbol 12-myristate 13-acetate (PMA). We achieved

over 80% kd of GAPLINC and again observe increased expression of the

proinflammatory cytokine IL6 when GAPLINC is knocked down at baseline (Fig.

S1.6A, Fig. S1.6B ). Interestingly, following lipopolysaccharide (LPS) activation, the

levels of IL6 were similar in the control versus GAPLINC kd THP-1 cells (S1.6C).

Since the baseline levels differ, the overall fold induction of IL6 is reduced when

GAPLINC is removed. (Fig. S1.6D).
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Figure 1.2 GAPLINC is a negative regulator of inflammation and dependent
on NF-κB signaling. Monocytes isolated from human PBMCs and differentiated
into macrophages were transfected with control or GAPLINC siRNA. (A)
RNA-Seq analysis on GAPLINC kd or control siRNA MDMs. RNA-Seq was
performed in biological duplicates. Results are represented in a volcano plot.
Significantly up-regulated genes with fold change ≥ 2 are boxed in red. (B)
GO-Term analysis on significantly up-regulated genes. (C) Heat map represents
gene expression of top immune-related genes up-regulated upon GAPLINC kd.
Data from RNA-Seq was performed in biological duplicates. (D) GAPLINC
isoforms in MDMs as determined by Nanopore-based R2C2 sequencing. Data from
Nanopore sequencing was performed in biological duplicates (raw data are

10



available at SRA under Bioproject PRJNA639136). (E) A table representing read
counts and percent of each GAPLINC isoform. (F) Bidirectional vector expressing
GFP-Zeocin on one side and GAPLINC on the other side. (G and H) qPCR analysis
of GAPLINC expression in THP-1 cells expressing ectopic GAPLINC or
empty-vector control. Levels of IL6 were quantified following stimulation with
LPS (200 ng/mL) for 6 h; data were pooled from three independent experiments. *P
< 0.05. (I) RNA-Seq analysis of MDMs stimulated with LPS (200 ng/mL) for the
indicated time points. Data from RNA-Seq was performed in biological duplicates.
GAPLINC expression is represented as copies per cell (FPKM). (J) qPCR analysis
of GAPLINC in MDMs (n = 3) pretreated with DMSO or BAY-7082 (10 μM),
followed by LPS stimulation (200 ng/mL) for 6 h; data were pooled from three
independent experiments. *P < 0.05. (K) ATAC-seq analysis of monocytes and
macrophages, untreated and treated with LPS (200 ng/mL) for 1, 6, and 18 h.
UCSC browser track displays ATAC-Seq reads at the GAPLINC locus.

As GAPLINC kd resulted in the up-regulation of immune response genes, we

generated a THP-1 cell line overexpressing GAPLINC to determine if it mediates the

opposite effect. Using long-read sequencing data, we identified the dominant

isoforms of GAPLINC expressed in MDMs (Fig.1.2D). The most abundant isoform,

which matches the Reference Sequence (RefSeq) gene annotation, was incorporated

into our construct (Fig.1.2E). We utilized a lentiviral vector containing a bidirectional

promoter to drive green fluorescent protein (GFP)/Zeocin and GAPLINC in parallel

(Fig.1.2F). We confirmed using qPCR that GAPLINC was stably expressed in

THP-1s compared to control (Fig.1.2G). Overexpression of GAPLINC reduced IL6

at the RNA level compared to control following stimulation with LPS, a component

of gram-negative bacteria (Fig.1.2H). These observations suggest that GAPLINC acts

as a negative regulator of the inflammatory response.

Next, we examined GAPLINC levels in primary MDMs in response to

inflammation. Upon LPS stimulation, we found that GAPLINC was rapidly

11



down-regulated (Fig.1.2I. Additionally, using qPCR we show that GAPLINC is also

down-regulated following activation with a variety of TLR ligands (Fig. S1.7A).

Induction of positive-control inflammatory genes TNF-α, IL6, and CCL5 was

confirmed (Fig. S1.7B). These data suggest that GAPLINC expression must be

reduced following stimulation in order for optimal inflammatory gene induction to

occur. To evaluate the role of NF-κB in controlling the expression of GAPLINC,

MDMs were pretreated with dimethyl sulfoxide (DMSO) or BAY11-7082, an NF-κB

inhibitor, followed by stimulation with LPS for 6 h. In BAY11-7082-treated MDMs,

the down-regulation of GAPLINC was impaired relative to control (Fig.1.2J), which

suggests the regulation of GAPLINC is dependent on NF-κB signaling. Induction of

positive-control inflammatory genes TNF-α and IL6 upon LPS stimulation was

confirmed (Fig. S1.7C). To understand how GAPLINC is being regulated, we utilized

Assay for Transposase-Accessible Chromatin using sequencing (ATAC-seq) in

MDMs to assess chromatin accessibility of the GAPLINC locus. We found that

GAPLINC is actively transcribed in resting macrophages but tightly shut down

following LPS stimulation (Fig.1.2K), suggesting that GAPLINC is regulated at the

level of transcription.

To explore the conservation of GAPLINC between human and mouse, we

sought to identify syntenic loci, in which genes are positionally conserved between

the same two protein-coding genes, followed by an assessment for functional

conservation. Here, we show that Gaplinc is positionally conserved, locating a

transcript between genes Dlgap1 and Tgif1 (Fig.1.3A). To confirm cell-type

12



specificity, we utilized the Mouse Cell Atlas (MCA) (Han et al. 2018) to assess

transcript levels across immune cells in the bone marrow (BM) and found it highest

expressed in macrophages, with lower levels of expression in neutrophil progenitors

(Fig.1.3B). Next, to determine if expression patterns were conserved during

macrophage differentiation in both human and mouse, we performed RNA-Seq

comparing BM cells to bone marrow derived macrophages (BMDMs), completed de

novo transcript assembly, and found mouse Gaplinc levels increased following

differentiation (Fig. S1.8A). We validated this by qPCR, comparing Gaplinc levels in

BM cells to BMDMs (Fig.1.3C). Comparable to human GAPLINC, mouse Gaplinc is

rapidly down-regulated in LPS-stimulated BMDMs (Fig.1.3D). As a control, we

confirmed the induction of inflammatory genes Tnf-α and Il6 (Fig. S1.8B). Mouse

Gaplinc is also rapidly down-regulated following activation with various TLR

ligands. Induction of the positive-control genes Il6 and Ccl5 were also confirmed

(Fig. S1.8C).

13
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Figure 1.3 GAPLINC is conserved in mice and regulates response to endotoxic
shock. (A) GAPLINC is conserved in synteny. GAPLINC is located on Chr18 in
humans and on Chr17 in mice, between protein-coding genes Dlgap1 and Tgif1.
Dlgap1 is not expressed in macrophages. (B) MCA shows distribution of Gaplinc
levels in various immune cell types (BM). (C) qPCR analysis of Gaplinc expression
in BM cells and BMDMs; these data (mean ± SD) are representative of three
independent experiments. (D) qPCR analysis of Gaplinc expression in BMDMs
stimulated with LPS (200 ng/mL) for 6 h; these data (mean ± SD) are
representative of three independent experiments. (E) Schematic of Gaplinc locus
before and after CRISPR/Cas9 mediated deletion. Dashed lines indicate the
approximate region of deletion. Gel represents PCR amplification of genomic data.
Amplicon lengths are compared for WT and Gaplinc KO mice. (F) qPCR analysis
of Gaplinc expression in WT and Gaplinc-KO BMDMs using a combination of
primers to detect Exon1, Exon2, and exon-spanning regions of the Gaplinc
transcript; these data (mean ± SD) are representative of three independent
experiments. (G) RNA-Seq analysis in BMDMs from WT and Gaplinc KO mice (n
= 3). Results are represented in a volcano plot. Significantly up-regulated genes
with a fold change ≥ 2 are shown in red. (H) GO-Term analysis on significantly
up-regulated genes. (I and J) Survival data of WT and Gaplinc KO mice are shown
in response to E. coli LPS challenge (5 mg/kg/mice) (n = 6 to 10). The statistical
test of differences was calculated using the log-rank (Mantel-Cox) test. ***P <
0.001. Changes in body temperature of WT and Gaplinc KO mice were recorded at
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the indicated time points. (K) Survival data of WT and Gaplinc KO mice are shown
in response to E. coli LPS challenge (20 mg/kg/mice) (n = 10). The statistical test
of differences was calculated using the log-rank (Mantel-Cox) test. ***P < 0.001.

Using CRISPR, we generated a Gaplinc knockout (KO) mouse in which Exon

1 and the majority of the first intron were removed (Fig.1.3E). Gaplinc KO mice bred

normally and displayed no obvious developmental defects. The deletion of Gaplinc

was confirmed by PCR amplification of genomic DNA in wild-type (WT) and

Gaplinc KO mice, with amplicon sizes ∼1,700 bp for WT and ∼500 bp for Gaplinc

KO mice (Fig.1.3E). The full genotyping strategy to confirm WT and Gaplinc KOs is

highlighted in Fig. S1.9. We also confirmed Gaplinc deficiency in BMDMs using

qPCR (Fig.1.3F). To assess whether Gaplinc deficiency affected differentiation, we

stained WT and Gaplinc-KO BMDMs for CD11B and F4/80; staining patterns were

similar, suggesting normal macrophage differentiation (Fig. S1.10A). To assess

whether Gaplinc KO disrupted macrophage function, we compared phagocytosis

activity in WT and Gaplinc-KO BMDMs and found no differences (Fig. S1.10B).

To assess the global impact of Gaplinc deficiency in macrophages, we

performed RNA-Seq on WT and Gaplinc-KO BMDMs; both were untreated and LPS

stimulated for 6 h. In Gaplinc-KO BMDMs, the expression of 23 genes (shown in

red, Fig.1.3G) were significantly up-regulated at baseline. These genes include

proinflammatory cytokines and chemokines (Il6, Il1-α, Il1-β, and Cxcl10), ISGs

(Ifit1bl1), GBP-family members (Gbp5 and Gbp10), and cell-surface markers specific

for activated macrophages (Cd69). GO analysis confirmed that genes involved in the

immune response are overrepresented in Gaplinc-KO BMDMs at baseline
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(Fig.1.3H). These genes are typically up-regulated following LPS stimulation (Fig.

S1.11). Similar to data obtained from our human studies, these data suggest that

GAPLINC is functionally conserved across species to basally control the expression

of inflammatory-response genes (IRGs). There was no major difference in the genes

that were up-regulated following LPS stimulation between the WT and Gaplinc-KO

BMDMs.

Numerous studies have shown the ability of lncRNAs to regulate the

transcription of neighboring genes (Engreitz et al. 2016). As such, we explored

potential cis-regulatory roles for Gaplinc as its neighboring gene, Tgif1, has been

previously implicated in modulating macrophage activation (Ramsey et al. 2008).

Using our RNA-Seq data, we confirmed that in Gaplinc KO BMDMs, the expression

of Tgif1 relative to WT cells was not affected (Fig. S1.12A). We further confirmed by

qPCR that Tgif1 was unaltered in Gaplinc-KO BMDMs (Fig. S1.12B). Next, we

explored the possibility that disruption of the Gaplinc locus could remove an

important regulatory element, such as an enhancer. We utilized ATAC-seq data from

WT BMDMs to assess transcriptionally active regions in the Gaplinc locus (Atianand

et al. 2016). We did not identify signals within the Gaplinc deletion region, only those

corresponding to the Gaplinc promoter (Fig. S1.13). Collectively, these data suggest

that up-regulation of IRGs upon Gaplinc deficiency is not due to effects on

neighboring genes or removal of a regulatory element.

As Gaplinc KO in BMDMs up-regulates the expression of IRGs under basal

conditions, we next wanted to challenge Gaplinc KO animals in vivo to observe
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differences in host response. We employed an “endotoxic shock” model, in which

Escherichia coli LPS was intraperitoneally (i.p.) injected into WT and Gaplinc KO

mice to measure differences in survival. At a dose of 5 mg/kg/mouse, WT mice

showed 0% survival after 2 d (Fig.1.3I). However, 100% of Gaplinc KO mice

survived, suggesting that Gaplinc KO mice have resistance to LPS-induced endotoxic

shock (Fig.1.3I). Notably, significant temperature differences between WT and

Gaplinc-deficient mice are observed (Fig.1.3J). Even when utilizing a much higher

dose of LPS of 20 mg/kg, the Gaplinc-deficient mice display a significant survival

advantage (Fig.1.3K). Collectively, these data show Gaplinc plays an important role

in regulating the immune response in vivo.

From our human studies, we know that GAPLINC can regulate immune genes

at baseline. While there is no difference in cytokine expression following

inflammatory activation, there is a difference in the magnitude of the response since

the baseline levels differ. Therefore, to better understand these survival differences in

vivo, we assessed for changes in cytokine expression at baseline. We utilized a

multiplexed cytokine array to simultaneously measure biomarkers associated with the

immune response, sepsis, and cancer. At baseline, key immune genes including MDC,

MIP-1a, IL-13, IL-5, and M-CSF were significantly elevated in the serum of Gaplinc

KO mice compared to WT (Fig.1.4A). These cytokines are implicated in cell

recruitment; however, using flow cytometry, we confirmed the percentage of

neutrophils, T cells, B cells, eosinophils, monocytes, and macrophages were

comparable between WT and Gaplinc KO mice at baseline (Fig. S1.14). Interestingly,
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these percentages were also comparable post-LPS challenge at the 6 h and 18 h time

points (Fig. S1.15, Fig. S1.16). Furthermore, serum from WT and Gaplinc KO mice

tested for clinical features of sepsis, including lactate and C-reactive protein (CRP)

(Fig. S1.17), showed no differences.

Figure 1.4 Gaplinc KO up-regulates IRGs and shows increased levels of p65 in
the nucleus at baseline. (A) Cytokine levels in serum of WT and Gaplinc KO
mice at basal. n = 4 to 7, *P < 0.05. (B and C) RNA-Seq analysis in BMDMs from
WT and Gaplinc KO mice stimulated with LPS (200 ng/mL) for 6 h (n = 3). The 23
genes up-regulated in Gaplinc KO–only condition are compared to WT and
Gaplinc-KO BMDMs stimulated with LPS. The resulting fold change upon LPS
stimulation is shown for WT and Gaplinc-KO BMDMs. Genes are ranked
according to their fold change in WT. (D) Coagulation parameters assessed for WT
and Gaplinc KO mice challenged i.p. with E. coli LPS (5 mg/kg/mice) (n = 4 to 5).
Plasma was collected 18 h post-LPS injection. aPTT was measured. (E) Genes
up-regulated upon siRNA kd of human GAPLINC in MDMs are compared to genes
up-regulated upon CRISPR/Cas9 knockout of mouse Gaplinc in BMDMs (fold
change ≥1.5). Up-regulated genes overlapping in both human and mouse are shown
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in the middle. (F) Western blot of I-κB-α in WT and Gaplinc-KO BMDMs at the
indicated time points following stimulation with LPS (200 ng/mL); these data are
representative of three independent experiments. (G) Western blot of p65 in WT
and Gaplinc-KO BMDMs (n = 3) at basal. **P < 0.01. (H) Western blot of p65 in
nuclear fraction of WT and Gaplinc-KO BMDMs (n = 3).

As increased levels of MDC or IL-13 (Fig.1.4A) have been previously

characterized to play protective roles against endotoxic shock through modulation of

proinflammatory cytokines (Matsukawa et al. 2000; Muchamuel et al. 1997), we next

examined for differences in proinflammatory cytokine levels, including Il6, Il1-α,

Il1-β, and Cxcl10, following inflammatory activation. While WT and Gaplinc KO

levels are the same at both the transcript (Fig.1.4B) and protein level (Fig. S1.18A,

Fig. S1.18B, Fig. S1.18C ), the magnitude of change is much lower (Fig.1.4C),

suggesting that this reduced fold change may play a role in preventing the

susceptibility of Gaplinc KO mice to LPS-induced endotoxic shock.

Along with the rampant production of cytokines, another clinical aspect of

endotoxic shock that can lead to mortality is the formation of blood clots in the

smaller vessels, leading to multiorgan failure (Rittirsch, Flierl, and Ward 2008;

Korneev 2019). To address this, we analyzed the serum of LPS i.p.-treated mice to

assess differences in coagulation. Using an activated partial thromboplastin time

(aPTT) assay that measures time to clot formation, we find that WT mice show a

significantly prolonged aPTT time compared to Gaplinc KO mice upon LPS

challenge (Fig.1.4D). Prolonged aPTT times suggests WT mice have already

undergone coagulation and depleted key coagulation factors, such that at the time of

testing, initiating clotting, and measuring, time to clot formation is increased. The
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data suggest that differences in survival upon LPS challenge are due to WT mice

undergoing increased clotting, leading to eventual organ failure and death.

Next, we tried to mechanistically understand how Gaplinc is mediating this

effect. First, we confirmed its localization and analyzed Gaplinc levels in both the

cytoplasmic and nuclear compartments of BMDMs by qPCR. Similar to human

GAPLINC, mouse Gaplinc was predominantly cytoplasmic (Fig. S1.19). Next, we

performed modified Comprehensive Identification of RNA-binding proteins (ChIRP),

coupled with mass spectrometry and small RNA sequencing, as GAPLINC has been

previously shown to interact with micro RNAs (Wu et al. 2016). We did not observe

interactions with previously identified targets (Fig. S1.20).

As we could not identify a direct binding partner, we focused on the

conserved function between human and mouse, specifically the conserved genes

impacted in our human GAPLINC kd and mouse Gaplinc KO studies, the majority of

which are NF-κB regulators (Fig.1.4E). The most abundant form of NF-κB activated

by LPS is the p65:p50 heterodimer, and seven out of the nine conserved genes are

direct p65 targets (Tong et al. 2016). We used native RNA immunoprecipitation (RIP)

and showed that there is no direct interaction between Gaplinc and p65 (Fig. S1.21).

In the classical NF-κB signaling pathway, the p65:p50 subunits are located in the

cytosol and bound to inhibitory I-κB-α in resting cells. Upon activation, I-κB-α is

degraded, allowing p65:p50 to translocate into the nucleus and activate target genes

(Karin and Ben-Neriah 2000). In WT and Gaplinc-KO BMDMs, we measured the

degradation of I-κB-α using Western blot and found no differences (Fig.1.4F). Next,

20

https://paperpile.com/c/U4Ohuo/4B6DD
https://paperpile.com/c/U4Ohuo/BNw04
https://paperpile.com/c/U4Ohuo/WwakB


we compared total p65 levels in BMDMs. In our RNA-Seq data, p65 (RelA) transcript

levels in both the basal and LPS-stimulated conditions for WT and Gaplinc-KO

BMDMs are comparable (Fig. S1.22). However, when we compared total p65 protein

levels by Western blot, we found significantly increased p65 levels in Gaplinc-KO

cells compared to WT (Fig.1.4G). This suggests that Gaplinc regulates total p65

levels at the translational level. Additionally, we assessed p65 levels in the

cytoplasmic and nuclear compartments and found that nuclear p65 is more abundant

in Gaplinc-deficient cells compared to WT (Fig.1.4H). Combined, these data suggest

a mechanistic role for GAPLINC in priming the activation of critical IRGs.
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Discussion

Here, we have identified GAPLINC as a conserved cytosolically expressed lncRNA

in humans and mice that functions to control inflammatory gene expression through

regulation of NF-κB. In comparison to reported cytosolic lncRNAs that impact

translational efficiency by modulating protein expression or ribosome assembly

(Faghihi et al. 2008; Miao et al. 2019; Carrieri et al. 2012), we find Gaplinc is

cytosolically contributing to p65 translational ability; however, the mechanism of

interaction, either direct or indirect, remains to be determined. Our findings provide

insights into how a functionally conserved lncRNA regulates the immune response

and provide avenues of investigation for the development of therapeutics for

endotoxic shock.
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Materials and Methods

Reagents

Pam3CSK4, PolyI:C, R848 and E.coli LPS were obtained from InvivoGen (San

Diego, CA). NFkB inhibitor (Bay 11-7082) was obtained from Millipore Sigma

(Burlington, MA). Customized nCounter gene expression code sets were obtained

from Nanostring Technologies (Seattle, WA). β-actin and PCNA antibodies were

obtained from Santa Cruz Biotechnology, Inc. (Santa Cruz, CA). IκB-α and NF-κB

p65 antibodies were obtained from Cell Signaling (Danvers, MA). IgG1 and NF-κB

p65 IP antibodies were obtained from Santa Cruz Biotechnology, Inc. (Santa Cruz,

CA).

Cell Culture

Peripheral blood mononuclear cells (PBMCs) were isolated from the buffy coats of

healthy blood donors (Stanford Blood Center) by Ficoll-Paque PLUS (GE

Healthcare) density gradient centrifugation. The cells were washed 3X in HBSS

(Sigma Aldrich, H6648), resuspended in complete RPMI-1640 (Gibco, 11875093)

supplemented with 5 mL pen/strep (100X, Gibco, 15140122), 10% FCS (Gibco,

16140-071), 12.5 ml HEPES (1M, Gibco, 15630-080), 5 ml NEAAs (100X, Life

Sciences, SH3023801), 5 ml GlutaMax (100X, Gibco, 35050-061), 5 ml Na-Pyruvate

(100 mM, Gibco, 11360-070), 500μl ciprofloxacin (10mg/ml, Acros, AC456880050)

and plated onto 10-cm dishes. Non-adherent cells were aspirated after 2 hours of

incubation at 37°C in 5% CO2. The remaining cells were expanded and cultivated in

the presence of 50ng/mL recombinant human M-CSF (R&D, 216-MC-025) to
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generate monocyte-derived macrophages (MDMs) or recombinant human GM-CSF

(R&D, 215-GM-050) to generate monocyte-derived dendritic cells (MDDCs). Cells

were cultivated for 6-8 days with the replacement of culture medium every 2-3 days. 

THP-1s were cultured in complete RPMI 1640 supplemented with 5 mL pen/strep

(100X), 10% FCS and 2-mercaptoethanol (0.05 mM, Sigma-Aldrich, M6250). To

induce differentiation, cells were seeded (1E6 cells/mL) with 100 nM PMA (phorbol

12-myristate 13-acetate; Sigma-Aldrich) for 24hr. 

Mouse bone marrow-derived macrophages (BMDMs) were generated by culturing

erythrocyte-depleted bone-marrow cells in DMEM medium supplemented with 10%

FCS, 5 mL pen/strep (100X), 500μl ciprofloxacin (10mg/ml) and 10% L929

supernatant for 7-12 days, with the replacement of culture medium every 2-3 days.  

Cells were stimulated at the following concentrations: LPS (200 ng/ml), Pam3CSK4

(200 ng/ml), poly(I:C) (50 μg/ml), R848 (1μg/mL) and BAY 11-7082 (10 µM).

Cell extracts and Western Blots

Cell lysates were prepared in RIPA buffer (150 mM NaCl, 1.0% NP-40, 0.5% Sodium

deoxycholate, 0.1% SDS, 50 mM Tris–HCl (pH 7.4), 1.0 mM EDTA) containing

protease inhibitor cocktail (Roche, 5892791001) and quantified using PierceTM

Bicinchoninic Acid Assay (BCA) assay (Thermo Fisher, 23225). Where indicated, the

NEPER kit (ThermoScientific, 78833) supplemented with protease inhibitor cocktail

(Roche) or 100U/ml SUPERase-In (Ambion, AM2694) was used for cellular

fractionation prior to western blotting or qPCR analysis. Equivalent amounts (3 μg)

of each sample was resolved by SDS-PAGE and transferred to polyvinylidene
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difluoride (PVDF) membranes using Trans-Blot® Turbo Transfer System (BioRad).

Membranes were blocked with PBS supplemented with 5% (w/v) non-fat dry milk for

1 hr, and probed with primary antibodies overnight with either IκB-α (1: 1,000; Cell

Signaling, L35A5) or NF-κB p65 (1:1000, Cell Signaling, L8F6). Horseradish

peroxidase-conjugated β-actin (1:500, Santa Cruz Biotechnology, sc-47778) or PCNA

(1: 1,000, Santa Cruz Biotechnology, sc-56) were used as loading controls.

HRP-conjugated goat anti-mouse (1:10,000, Biorad, #1721011) or anti-rabbit (1:

10,000, Biorad, #1706515) secondary antibodies were used. Western blots were

developed using Amersham ECL Prime chemiluminescent substrate (GE Healthcare,

45-002-401) or Pierce ECL (Life Technologies, 32106). Image J

(http://rsbweb.nih.gov/ij/) analysis was performed to quantify band intensities for

each Western blot. 

RNA isolation, cDNA synthesis, and qPCR

Total RNA was purified from cells or tissues using Direct-zol RNA MiniPrep Kit

(Zymo Research, R2072) and TRIzol reagent (Ambion, T9424) according to the

manufacturer’s instructions. RNA was quantified and assessed for purity using a

nanodrop spectrometer (Thermo Fisher). Equal amounts of RNA (500-1000 ng) was

reverse-transcribed using iScript Reverse Transcription Supermix (Biorad, 1708841)

followed by qPCR using iQ SYBR Green Supermix reagent (Biorad, 1725122) with

the following parameters: 50°C for 2 min, 95°C for 2 min followed by 40 cycles of

95°C for 15 s, 60°C for 30s and 72°C for 45s, followed by melt curve analysis to

control for nonspecific PCR amplifications. Oligos used in qPCR analysis were
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designed using Primer3 Input version 0.4.0 (http://bioinfo.ut.ee/primer3-0.4.0/).

Primer sequences are provided in Table S1. 

Gene expression levels were normalized to Gapdh or Hprt as housekeeping genes. 

RNA-seq

RNA-Seq was performed in monocytes, MDMs and MDDCs. Data accessible at

NCBI GEO database, accession GSE147310.

RNA seq was performed in biological duplicates in MDMs treated with siRNA

non-targeting control and pooled GAPLINC siRNAs. Total RNA (1μg) was used to

generate libraries using the NEXTflex Rapid Directional RNA-Seq kit (Bioo

Scientific, 5138-07). Samples were quality assessed using Bioanalyzer (Agilent,

Santa Clara, CA) and read on a High-Seq 4000 (Illumina, San Diego, CA) as

single-end 50bp reads. Transcripts were aligned to the human genome (assembly

GRCh37/hg19) using STAR. Differential gene expression analyses were conducted

using DESeq2. Gene ontology enrichment analysis was performed using PANTHER.

Data was submitted to GEO, accession GSE150572.

RNA seq was performed in biological duplicates in THP-1 cells untreated and treated

with PMA (100 nM) for 24 h. Total RNA (1 μg) was used to generate libraries using

the Bioo kit. Samples were quality assessed using a Bioanalyzer and read on a

High-Seq 4000 as single-end 50bp reads. Transcripts were aligned to the human

genome (assembly GRCh37/hg19) using STAR. Differential gene expression analyses

were conducted using DESeq2. Data was submitted to GEO, accession GSE150571.
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RNA seq was performed in biological triplicates in wild-type bone marrow and

BMDM cells. Total RNA (1 μg) was used to generate libraries using the Bioo kit.

Samples were quality assessed using TapeStation (Agilent, Santa Clara, CA) and read

on a High-Seq 4000 as paired-end 150bp reads. De-novo transcript assembly was

performed using SPAdes. Transcripts were aligned to the mouse genome (assembly

GRCm38/mm10) using Minimap2. Visualization of the alignments was prepared

using custom scripts. For differential expression analysis, sequencing reads were

aligned to the mm10 mouse genome and analyzed using DEseq2. Data was submitted

to GEO, accession GSE150573.

RNA seq was performed in biological triplicates in wild-type and Gaplinc-KO

BMDMs at 0 and 6 hours after LPS treatment (200 ng/mL). RNA-sequencing

libraries were generated and quality-assessed as described above, and read on a

High-Seq 4000 as paired-end 150bp reads. Sequencing reads were aligned to the

mouse genome (assembly GRCm38/mm10) using STAR. Differential gene

expression analyses were conducted using DESeq2. Gene ontology enrichment

analysis was performed using PANTHER. Data was submitted to GEO, accession

GSE150574.

ATAC-Seq

ATAC-Seq was performed in MDMs stimulated with LPS and R848 for 0, 2, 6, and

18 h. Data accessible at NCBI GEO database, accession GSE147310.

Nanostring validation
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RNA was isolated as described previously. The nCounter analysis multiplex system

was used to directly measure mRNA levels using a custom code-set for 136 lncRNAs.

Total RNA (100 ng) was hybridized overnight with the custom code-set and analyzed

on a nCounter Digital Analyzer (Nanostring Technologies). RNA hybridization, data

acquisition, and analysis were performed in accordance with the manufacturer’s

specifications. RNA counts were processed to account for hybridization efficiency,

and mRNA expressions across each condition were normalized to the geometric mean

of five housekeeping genes. Heatmap analysis of normalized mRNA counts was

prepared using Gene-E. (http://www.broadinstitute.org/cancer/software/GENE-E/).

siRNA knockdown of GAPLINC

On day 3 of differentiation, human MDMs were transfected with 25nM siRNA using

Lipofectamine 2000 (Life Technologies, 11668027). Silencer™ Select Negative

Control siRNA (Life Technologies) was used as a control. Transfection was allowed

to proceed for 72 h and then RNA was isolated as previously described to create

sequencing libraries and assess knockdown efficiency by qPCR. 

The siRNA sequences are as follows:

siGAPLINC_1: GAAGAAAACCUGGAAGUUATT

siGAPLINC_2: GAACAAUGAAGAAACCAAATT

siGAPLINC_3: GGAUUAUGUGGUUUGUAAATT

> GAPLINC (ENST00000579007.5)

AGCCAATGCCTGAAATAATGAACTCCTCCAAGGCAAGAAATCTGTTTTGAA

GCTTCTCTGCGTTCACACACAGCAGCCTGGTTTCCTGGAAGGGCATTTTCC
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ACATTGTGCGTTATGGATGATCATCCCAGGCATCAGGTGTGAAGCCCTGCAT

CCACATCCAGGGGCTATCAAATCTCTCTGCAAAAGGAGAAGCTGGACTCA

GGCACGTTTACAGTGATGTGTATGCAGTTCTGTGAAGGAAGCTGCAGAAG

AAAAAGGTGAAAGAGGTG

                                   siGAPLINC_1

AGGAAGCTGCAGAAGAAAACCTGGAAGTTAGCAGAGCTTGATCCAGAG

GTTTAAGGAAAGAAGCCATCTCCATAACATAAAAGTGCAAGGTGAAGCAG

CAAGTGCTGATGGGGAAGCTGCAGCAAGTCATCCAGAAGATCTTGCTAAG

GGTATGCACAGATGTGGAAACAGGAACTGATGTGTCCATTACACCACTAGG

AC

                            siGAPLINC_2

AGAGGCCAGAACAATGAAGAAACCAAATACTTGGAAGAGGGTAGAGATA

ATGAATGGAGTCCAAGA                                                                                           

                    siGAPLINC_3

GCCCTGATTGTGCCATAAATGTCCAGATAATTCCATACCTGAGGATTATGTG

GTTTGTAAACTTGGCACTTAGAAGAACCAATAAAATCATGTTATAGTTTCA

A

CRISPRi knockdown of GAPLINC

We designed three synthetic guide RNAs (sgRNAs) to target the transcription start

site of GAPLINC and one control gRNA

Control (CTL) gRNA: GCCATGGACACTCCCCTTTG

GAPLINC gRNA1: GAGTTCATTATTTCAGGCAT
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GAPLINC gRNA2: TGAAATAATGAACTCCTCCA

GAPLINC gRNA3: AAACAGATTTCTTGCCTTGG

sgRNA oligos were obtained from IDT with the following format, Forward oligo

TTGG-N20, Reverse oligo AAAC-N20(reverse-complement). The destination vector

was digested overnight with AAR1 (Thermo Fisher). Oligos were diluted to 100uM

and 50ul of forward and reverse oligos were annealed with 900ul of buffer (10mM

Tris pH 7.5) and placed at 98°C 3min, then room temperature for 10min.Oligos (8ul)

were then ligated into the digested vector (1ul) using T4 ligase (1ul) and transformed

into DH5alpha cells. Colonies were selected, DNA was prepped and the sequences

were confirmed.

HEK293T cells were seeded at 6,000,000 cells per plate in 15 cm dishes in 20 mL

media (DMEM, 10% FBS) and incubated overnight at 37°C, 5% CO2. The next

morning, 8 µg sgRNA library plasmid, 4 µg psPAX2 (Addgene #12260), 4 µg

pMD2.G (Addgene #12259) and 80 µL lipofectamine2000 (Invitrogen) were mixed

into 1 mL serum-free OptiMEM (Gibco), vortexed and incubated for 20 min at room

temperature and added to the cells. At 72 h post-transfection, supernatant was

harvested, passed through 0.45 um filters (Millipore, Stericup) and aliquots were

stored at −80 °C. THP1-Cas9/Krab cells were infected with indicated

guide-expressing lentivirus and stimulated with PMA (1μM) for 24 h prior to

harvesting for RNA. Total cellular RNA from THP1 cell lines was isolated and qPCR

was performed as outlined above.

Plasmid construction and overexpression of GAPLINC
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The sequence of GAPLINC (Gene ID: 100505592) was cloned into pSico

bidirectional vector for stable expression in mammalian cells. The GAPLINC

overexpression construct contains a EF1a promoter expressing zeocin resistance and

Green Fluorescent Protein (GFP) as a selection marker. Sequences were verified by

DNA sequencing (Sequetech). HEK293T (4 x 105 cells) in 6-well plates were

transfected with pSico vector expressing GAPLINC (0.5 µg) and packaging plasmids

psPAX (0.5 µg) and p.MD2.G (0.5 µg), using Lipofectamine as per manufacturer’s

instructions (Life Technologies). Viral supernatants were collected 72 hr

post-transfection and filtered through a 0.45 µM nitrocellulose filter (Millipore).

THP-1 cells were transduced and stable integrants were selected with zeocin

(200µg/ml) or based on GFP expression. 

ELISA

The concentration of IL-6 in the supernatant of THP-1 cells was determined using the

DuoSet

ELISA kit (R&D, DY206) according to the manufacturer’s instructions. The

concentration of C-reactive protein (CRP), IL-6, and IL-1β levels in the serum of WT

and Gaplinc-KO mice was determined using the DuoSet ELISA kits (R&D, DY1829,

DY406 and DY401) according to the manufacturer’s instructions. The concentration

of lactate levels in the serum of WT and Gaplinc-KO mice was determined using

L-Lactate Assay Kit (Abcam, ab65331).

Polysome profiling
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Prior to lysis, MDMs were treated with cycloheximide (100 mg/mL) for 10 min at

37°C in 5% CO2. Cells were washed three times with ice cold PBS and lysed in

buffer containing 0.5% NP-40, 20 mM Tris HCl pH 7.5, 100 mM KCl and 10 mM

MgCl2. Lysates were passed three times through a 23G needle and incubated on ice

for 7 min. Extracts were centrifuged at 10K rpm for 7 min at 4°C. The supernatant

was collected as crude cytosolic extract. Cytosolic extracts were overlaid on

10%–50% sucrose gradients (Gradient Station, Biocomp Instruments). prepared in 20

mM Tris HCl, 100 mM KCl and 10 mM MgCl2 buffer and ultracentrifuged at 40K

RPM for 1h 20 min at 4°C using an SW41 rotor in a Beckman ultracentrifuge.

Individual polyribosome fractions were subsequently purified using a Gradient

Station (Biocomp Instruments). Total cellular RNA from MDMs was isolated as

previously described followed by qPCR. 

Mice

C57BL/6 mice were purchased from the Jackson Laboratory (Bar Harbor, ME) and

bred at the University of California Santa Cruz (UCSC). Mouse strains were

maintained under specific pathogen-free conditions in the animal facilities of UCSC

and protocols performed in accordance with the guidelines set forth by UCSC and the

Institutional Animal Care and Use Committee. 

 Gaplinc knockout mice were produced at the Gladstone Institute (San Francisco,

CA) using CRISPR/Cas9 on a C57BL/6 background. Super-ovulated females (~4

weeks old) were mated to C57BL/6 stud males, and fertilized zygotes were collected

from oviducts. In vitro transcribed sgRNAs (15-30ng/μl) and Cas9 protein (15-30
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ng/μl) were mixed and co-injected into the pronucleus of fertilized zygotes. After the

injection procedure, zygotes were implanted into oviducts of pseudopregnant CD1

female mice.  

The single guide RNA (sgRNA) constructs were constructed from a pSico lentiviral

backbone driven by EF1a promoter expressing T2A flanked genes, puromycin and

mCherry. sgRNAs were expressed from a mouse U6 promoter. Cloning of 20

nucleotide sgRNA spacer forward/reverse oligos were annealed and cloned via the

AarI site. The sgRNA oligos were designed by inserting a T7 promoter sequence

upstream of the guide RNA template by PCR amplification. The PCR product

consisting of a T7-guide RNA sequence was purified with SPRI beads and used as the

template for in vitro transcription. In vitro transcription was performed using

MEGAshortscript T7 Transcription Kit (Thermo Fisher) following the manufacturer’s

instructions. The gRNAs were purified using MEGAclear Transcription Clean-Up Kit

(ThermoFisher) and resuspended in elution buffer followed by an additional

ammonium acetate precipitation to concentrate the RNA. The concentrated gRNA

was re-suspended in nuclease-free water and prepared at a concentration approximate

to 2 ug/ul. 

 The sgRNA target sequences are as follows: gRNA#1:

CAGATTTCTTCGTCCAGAGG, gRNA#2: ACTCAGATTTCTTCGTCCAG,

gRNA#3: TGTTAATTTGAGCCCGCAAA, gRNA#4:

TTCCCAGGCAGGTGCTGCGC, gRNA#5: ACTATAAATTGCGAAATGAT,

gRNA#6: AAATGATTGGATTGAGCTTA.
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The offspring mice were examined by genotyping PCR. Genomic DNA was extracted

from mouse tails using Chelex (Biorad, #143-2832) supplemented with Tween-20

(ThermoFisher) and Proteinase K (ThermoFisher) followed by an incubation at 50°C

for 1h. Proteinase K was heat inactivated at 70°C for 15 minutes.PCR analysis was

conducted using 1μl of the Chelex mix as DNA template, genotyping primers

(0.5μM), and 2X KAPA-TAQ master mix (KAPA biosystems) using the standard

PCR protocol. PCR products were gel purified and confirmed by sequencing

(Sequetech). 

Genotyping primer sequences are as follows: FP: TCACATCACCTTCCGCCAGC,

RP: CCAAAGTTACATGCATGACATATCC, Ex1R:

AAGATGAGCCGGTTTGCTGTG, FPV2: CCGAGATTACAGTCGGTTGTG.

Assessment of Immune Cell Populations using Flow cytometry

Flow cytometry analysis of non-targeting control and siGAPLINC-treated MDMs

stained with CD11B FITC (Thermo Fisher), CD16 PE (Thermo Fisher) and CD14

FITC (Biolegend).

Blood collected immediately post mortem by cardiac puncture and single cell

suspensions prepared from the spleen of WT and Gaplinc-KO mice were depleted of

RBCs prior to staining. Fc receptors were blocked (anti-CD16/32, BD Pharmingen)

prior to staining with LIVE/DEAD Fixable Aqua Dead Cell Stain (Thermo Fisher),

anti-CD11b-AlexaFluor 700, anti-LY6G-BV421, anti-LY6C-AlexaFluor 488,
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anti-CD19 PerCP-Cy5.5, anti-CSF-1R APC (Biolegend), anti-CD3-PE (BD),

anti-SiglecF BV650 (BD OptiBuild), and anti F4/80 PE-eFluor 610 (eBioScience).

Flow cytometry analysis of peritoneal fluid isolated from WT and Gaplinc-KO mice

(247) challenged with LPS i.p. for 18 h and stained with anti-CD11b-AlexaFluor 700

and anti F4/80 PE-eFluor 610 (eBioScience).

Flow cytometry analysis of BMDMs harvested from WT and Gaplinc-KO mice

stained with anti-CD11b-AlexaFluor 700 and anti F4/80 PE-eFluor 610

(eBioScience).

 Data acquisition was performed using Attune NxT (Thermo Fisher). Analysis was

performed using FlowJo analysis software (BD Biosciences).

Phagocytosis assay

Wild-type and Gaplinc-KO BMDMs were cultured as described above. Cells were

then administered with pHrodo Green Escherichia coli BioParticles (Invitrogen)

conjugates for 0, 15, 30, and 60 minutes at 37C. pHrodo green fluorescence, a

measure of E. coli in an acidified phagosome, was examined by flow cytometry.

In vivo LPS-induced endotoxic shock assay

Age- and sex-matched wild-type and mutant mice (10-12 weeks old) were

intraperitoneally (i.p.) injected with PBS as a control or E. coli LPS (5mg/kg/animal).

For gene expression and cytokine analysis, mice were euthanized 6 h or 18 h

post-injection. Blood was collected immediately post mortem by cardiac puncture.

Serum was submitted to Eve technologies for cytokine analysis. 
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Coagulation measurements 

Age- and sex-matched wild-type and Gaplinc-KO mice (~10 weeks old) were

injected i.p. with PBS as a control or E. coli LPS (5mg/kg/animal). Mice were

euthanized 18 h post-injection. Blood was collected immediately post mortem by

cardiac puncture. Citrated plasma was submitted to the UC San Diego Murine

Hematology and Coagulation Core Laboratory to perform aPTT tests. 

modified-ChIRP RNA pulldown studies

Anti-sense probes 20nt in length targeting GAPLINC and non-specific LacZ were

designed using Stellaris with default parameters.

(https://www.biosearchtech.com/support/tools/design-software/stellaris-probe-designe

r). These probes were synthesized with a 3’ biotin-TEG modification by IDT

(Coralville, IA). 

Oligonucleotide sequences targeting human GAPLINC are as follows: 

Probe1: AAGAGGATGTGTCAGATCCT, Probe2: TCAAAACAGATTTCTTGCCT,

Probe3: CTCCTTTTGCAGAGAGATTT, Probe4: CCTGGGATGATCATCCATAA,

Probe5: ATCACTGTAAACGTGCCTGA, Probe6: TGGTTTCTTCATTGTTCTGG,

Probe7: CCACATAATCCTCAGGTATG, Probe8: TATTGGTTCTTCTAAGTGCC,

Probe9: TAATGGACACATCAGTTCCT

 Oligonucleotide sequences targeting mouse Gaplinc are as follows: 

Probe1: CTTTGATCAACGTGCTCACAG, Probe2:

TGTTAATTTGAGCCCGCAAAG, Probe3: CAAGGTTCATTTCCAAATACTC,

Probe4: ATGACTCCAAGCGTTCTTAAAG, Probe5:
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AGAATAGGAGTTGGGTGTGGTT, Probe6: AATCCTGGATAGCAGTGAAATG,

Probe7: CCAATCATTTCGCAATTTATAG, Probe8:

AAGCTTTAATACCTTAAGCTCA

Oligonucleotide sequences targeting LacZ are as follows: 

Probe 1: TTCAGACGGCAAACGACTGT, Probe 2:

TGATGCTCGTGACGGTTAAC, Probe 3: TCAGTTGCTGTTGACTGTAG, Probe

4: CCAGTGAATCCGTAATCATG, Probe 5: AATGTGAGCGAGTAACAACC,

Probe 6: GTAGCCAGCTTTCATCAACA

Modified ChIRP was conducted (258 - 269) by cross-linking macrophages (10 - 20 x

106 cells) with 3% formaldehyde and lysing cells in buffer containing 50mM

Tris-HCl pH 7.00.5M EDTA, 2%SDS, protease inhibitor cocktail (P.I.) (1:200,

Roche), PMSF (1:100), and SUPERase-In (100U/ml, Ambion). Cell lysates were

sonicated in a 4°C water bath at highest setting with 30 seconds on/45 seconds off

pulse intervals for 12 cycles. Each run was performed twice. The lysates were spun at

4°C at 16100RCF for 10 min, and cleared lysates were flash-freezed in liquid

nitrogen and stored at -80℃.

Thawed lysate was added to hybridization buffer containing 50mM NaCl, 1% SDS,

50mM Tris-Cl pH 7.0, 1mM EDTA, 15% formamide, P.I. (1:200), PMSF (1:100), and

SUPERase-In (100U/ml). Probes (1 μL of 100μM probe mix) were added to each

tube, shaking for 4 hrs at 37℃ for hybridization. Pre-washed Dynabeads MyOne

Streptavidin C1 (Thermo Fisher, 65001) were added to each tube (50 uL beads) and

incubated with shaking for an additional 30 min at 37℃. Next, the beads were
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washed five times in buffer containing SSC (1X, GBiosciences, 786-023) and 0.5%

SDS (Thermo Fisher, 15553027).

For RNA extraction, beads and control input samples were resuspended in Proteinase

K (ProK) buffer (10mM Tris-HCl pH7.0, 100mM NaCl, 1mM EDTA, 0.5% SDS)

supplemented with Proteinase K (5uL in 100uL ProK Buffer) and incubated at 50℃

for 45min followed by 95 °C for an additional 10 min on a heat block. Samples were

removed to ice and then isolated with TRIzol. RNA fraction was used to confirm

efficiency of pulldown with qPCR or construct small RNA libraries using RealSeq

preparation kit (SomaGenics, Santa Cruz, CA). Libraries were quality assessed using

TapeStation (Agilent, Santa Clara, CA) and read on a NextSeq System (Illumina, San

Diego, CA).

For protein elution in human macrophage samples, the beads were resuspended in

Bolt™ LDS/Sample Reducing Agent loading buffer (Life Technologies)

supplemented with 200mM NaCl, vortexed at 1200rpm, then incubated at 65℃ for

1hr followed by 95℃ for 10 mins. Protein samples were size-separated in SDS-PAGE

gels followed by Pierce silver staining (Life Technologies). Unique bands present in

the experimental lane were extracted along with the corresponding region in the

control lane and submitted to the Stanford University Mass Spectrometry laboratory

for mass-spectrometry identification. 

For protein elution in mouse macrophage samples, the beads were resuspended in

biotin elu-
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tion buffer (12.5 mM D-biotin, 7.5 mM HEPES, 75 mM NaCl, 1.5 mM EDTA, 0.15%

SDS, 0.075% sarkosyl, and 0.02% Na-Deoxycholate). Proteins were eluted from

beads at room temperature with mixing for 20 min followed by an incubation at 65 °C

for 10 min. 

TCA (25% v/v) was added to the clean eluent to precipitate overnight at 4 °C.

Proteins were pelleted at 16k rcf at 4 °C for 30 min, washed with cold acetone, and

pelleted again at 16,000 RCF at 4 °C for 5 min. Protein pellets were resuspended in

5%SDS and 50mM Ammonium bicarbonate and submitted to the UC Davis

Proteomics Core (http://proteomics.ucdavis.edu) for mass-spectrometry identification.
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Figure S1.1  RNA-seq in primary MDMs and THP-1 cells. The Circos plot
shows genome-wide differential expression (RNA-seq) between monocytes and
differentiated macrophages in (A) primary human and (B) THP-1 cells.
Chromosome numbers are displayed on the outer ring. The outer track (shaded
blue) shows differentially expressed protein coding genes following differentiation.
The inner track (shaded brown) shows differentially expressed lncRNAs following
differentiation. Green and red dots indicate fold increases or decreases >3.
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Figure S1.2 Efficiency of GAPLINC knockdown. Monocytes isolated from
human PBMCs and differentiated for two days were transfected with control or
GAPLINC siRNA. Transfection was allowed to proceed for 72 h. RNA-seq
analysis of GAPLINC levels were quantified using FPKM values (shown left).
RNA-seq was performed in biological duplicates. qPCR analysis of GAPLINC was
performed to validate knockdown (shown right); qPCR data from one independent
experiment.
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Figure S1.3 Validation of RNA-Seq data using Nanostring. Genes upregulated
upon GAPLINC knockdown in MDMs were validated using a gene set from
Nanostring technology. A selection of genes is shown above.

42



Figure S1.4 Top 100 genes dysregulated upon GAPLINC knockdown.
Monocytes isolated from human PBMCs and differentiated for two days were
transfected with control or GAPLINC siRNA. Heatmap represents gene expression
of the top 100 genes up- or down- regulated upon GAPLINC knockdown. Data
from RNA-seq performed in biological duplicates.
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Figure S1.5  GAPLINC knockdown does not affect macrophage
differentiation. CD11b, CD16, CD44, CD276 and CD14 expression was detected
by flow cytometry in untransfected, nontargeting control and siGAPLINC-treated
MDMs (untransfected: orange, non-targeting: blue, siGAPLINC: red, isotype
control: green).
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Figure S1.6 GAPLINC knockdown using CRISPRi results in increased Il6
production. THP1 cells were transduced with a control (Ctl) sgRNA or three
sgRNAs targeting GAPLINC. Cells were differentiated using PMA (100nM) for
24h. RNA was isolated, and qPCR was performed to measure (A) GAPLINC or (B)
IL6. Expression levels were normalized to housekeeping gene GapDH. (C) cells
were stimulated with LPS (200ng/ml) for 6h and IL6 was measured. (D) Fold
change in Il6 was calculated comparing LPS to Control
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Figure S1.7 Human GAPLINC expression is reduced following TLR
activation. (A) qPCR analysis of GAPLINC expression in MDMs stimulated with
a variety of TLR ligands for 6h; data from qPCR performed in biological
triplicates. *p < 0.05. (B) qPCR analysis of TNFα, IL6 and CCL5 expression in
MDMs upon TLR stimulation; data (Mean ± SD) are representative of three
independent experiments. (C) qPCR analysis of TNFα and IL6 in MDMs pretreated
with DMSO or BAY-7082 (10 uM), followed by LPS stimulation (200ng/ml) for
6h; data (Mean ± SD) are representative of three independent experiments.
*p<0.05; n.d., not detectable.
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Figure S1.8 Mouse Gaplinc is macrophage-specific, and its expression is
reduced following TLR activation. (A) RNA-seq analysis in bone marrow cells
and BMDMs. UCSC browser track displays de-novo transcript assembly of raw
sequencing reads at the Gaplinc locus. (B) qPCR analysis of Tnfα and Il6
expression in BMDMs upon LPS stimulation at the indicated time points; data
(Mean ± SD) are representative of three independent experiments. (C) qPCR
analysis of Gaplinc in BMDMs upon TLR stimulation; data from qPCR performed
in biological triplicates. qPCR analysis of Il6 and Ccl5 expression in BMDMs upon
TLR stimulation; data (Mean ± SD) are representative of three independent
experiments. *p<0.05; n.d., not detectable
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Figure S1.9 Genotyping strategy to confirm Gaplinc knockout. Gel represents
PCR amplification of genomic data. Amplicon lengths are compared for WT (+/+),
heterozygous Gaplinc KO (+/-) and homozygous Gaplinc KO (-/-) mice. FP and
RP primers generate an amplicon approximately 1700bp in length in WT and
approximately 500 bp in length in Gaplinc KO mice. FP and Ex1R primers
generate an amplicon product in WT mice, but no product in Gaplinc-KO mice
(Exon 1 is deleted). FPV2 is designed to the actual cut site and includes sequences
from the promoter and intronic region. FPV2 and RP generate an amplicon product
in Gaplinc KO mice and no product in WT mice (no primer binding sequence for
FPV2).
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Figure S1.10 Gaplinc knockout does not affect macrophage differentiation or
function, or expression of neighboring genes. (A) F4/80 and CD11b expression
in BMDMs from WT and Gaplinc KO mice. (B) pHrodo green E.coli bioparticles
were incubated with WT and Gaplinc KO BMDMs at the indicated temperatures
and time points.
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Figure S1.11 Genes upregulated in Gaplinc knockout overlap with
LPS-stimulated genes in WT. RNA-seq analysis in WT and Gaplinc KO
BMDMs. Table displays significantly upregulated genes (*p<0.05) upon Gaplinc
KO with fold-change >2. Venn diagram shows an overlap of genes upregulated in
knockout and genes upregulated in WT upon LPS stimulation (200ng/ml, 6h).
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Figure S1.12 Gaplinc knockout does not affect neighboring genes. (A) RNA-seq
analysis of Tgif1 expression in WT and Gaplinc-KO BMDMs, represented as
average FPKM. (B)  qPCR analysis of Gaplinc and Tgif1 expression in WT and
Gaplinc-KO BMDMs. ns, not significant, padj >0.1; n.d., not detectable

51



Figure S1.13 Gaplinc deletion region does not contain an enhancer element.
Genome Browser snapshot of ATAC-seq data of the Gaplinc locus in wild type
mouse BMDMs.
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Figure S1.14 Immune cell repertoire of WT and Gaplinc KO mice at baseline.
Cells isolated from the (A)  blood and (B)  spleen of WT and Gaplinc KO mice.
Flow cytometry plot demonstrates the gating strategy for neutrophils (CD11B+,
LY6G+), T cells (Ly6G−, CD3+), B cells (Ly6G−, CD3−, CD19+), eosinophils
(CD3−, CD19−, Ly6G−, SiglecF+, SSC_hi), monocytes (CD3−, CD19−, Ly6G−,
SiglecF−, Ly6C+, CSF-1R+). Results are representative of 3 mice/group. Flow
plots depict results from 1 mouse (unpooled).
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Figure S1.15 Immune cell repertoire of WT and Gaplinc KO mice after LPS
challenge for 6h. Cells isolated from the (A)  blood and (B)  spleen of WT and
Gaplinc KO mice challenged i.p. with E.coli LPS (5 mg/kg/mice) for 6h. Flow
cytometry plot demonstrates the gating strategy for neutrophils, T cells, B cells,
eosinophils, and monocytes. Results representative of 6 mice/group. Flow plots
depict results from 1 mouse (unpooled).
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Figure S1.16  Immune cell repertoire of WT and Gaplinc KO mice after LPS
challenge for 18h. Cells isolated from the (A)  blood and (B)  spleen of WT and
Gaplinc KO mice challenged i.p. with E.coli LPS (5 mg/kg/mice) for 18h. Flow
cytometry plot demonstrates the gating strategy for neutrophils, T cells, B cells,
eosinophils, and monocytes. Cells isolated from (B) spleen and (C) peritoneal
cavity of WT and Gaplinc KO mice. Flow cytometry plot demonstrates the gating
strategy for macrophages (Cd11b+, F4/80+). Results representative of 7
mice/group. Flow plots depict results from 1 mouse (unpooled).
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Figure S1.17 Sepsis-associated clinical biomarkers are comparable between
WT and Gaplinc KO mice. Lactate, C-reactive protein (CRP), IL6 and IL1β levels
in serum of WT and Gaplinc KO mice challenged i.p. with E.coli LPS (5
mg/kg/mice) for 6h (n=5) and 18h (n=3). ns, not significant
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Figure S1.18 Inflammatory cytokine profiles for LPS-challenged WT and
Gaplinc KO mice. Cytokine levels in serum of WT and Gaplinc KO mice at a,
basal, and b, challenged i.p. with E.coli LPS (5 mg/kg/mice) for 6h (n=5) and c,
18h (n=6) *p < 0.05; ns, not significant; OOR>, out of range, above standard curve.
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Figure S1.19 Gaplinc is localized to the cytoplasm. qPCR analysis of RNAs
purified from nuclear (black) and cytoplasmic (gray) fractions in BMDMs
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Figure S1.20  modified ChIRP. (A) Biotinylated LacZ (non-specific) and
GAPLINC-specific probes were used to capture endogenous GAPLINC in human
MDM cell extracts and run on a polyacrylamide gel. LPS-stimulated (200 ng/ml,
6h) MDMs were used as a control for GAPLINC expression. Differentially
expressed bands were excised and identified by mass spectrometry. The table
represents candidates with fold-change ≥ 10 (GAPLINC/LacZ). The bar graph
represents qPCR validation of GAPLINC enrichment after RNA pulldown using
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non-specific LacZ probes and GAPLINC-specific probes. (B) Biotinylated LacZ
(non-specific) and GAPLINC-specific probes were used to capture endogenous
Gaplinc in WT BMDMs. Gaplinc KO BMDMs was used as a control for Gaplinc
expression. Liquid-based (gel-free) identification from each RNA pulldown was
submitted for mass spectrometry. The table represents the peptide count for all
proteins identified (no filter). The bar graph represents qPCR validation of Gaplinc
enrichment after RNA pulldown using a combination of primers to detect Exon1,
Exon2 and exon-spanning regions of the Gaplinc transcript.
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Figure S1.21 Gaplinc does not directly interact with p65. p65 RNA
immunoprecipitation (RIP) in non-crosslinked WT and Gaplinc KO BMDMs.
Immunoprecipitation of p65 was assessed by Western Blot (top panels; left, input
controls; right, IP). qPCR analysis for Gaplinc expression was performed in
co-purified RNAs (bar graph). Enrichment of Gaplinc in p65 IP is compared to IgG
control. p65 RIP-qPCR was performed in biological triplicate.
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Figure S1.22 NFκB p65 transcript levels are comparable in WT and Gaplinc
KO BMDMs. RNAseq analysis of p65 (RelA) expression in WT and Gaplinc KO
BMDMs in untreated and LPS stimulated (200 ng/ml, 6h) conditions.
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Abstract

Macrophages are critical effector cells of the immune system, and understanding

genes involved in their viability and function is essential for gaining insights into

immune system dysregulation during disease. We use a high-throughput,

pooled-based CRISPR-Cas screening approach to identify essential genes required for

macrophage viability. In addition, we target 3′ UTRs to gain insights into previously

unidentified cis-regulatory regions that control these essential genes. Next, using our

recently generated nuclear factor κB (NF-κB) reporter line, we perform a

fluorescence-activated cell sorting (FACS)-based high-throughput genetic screen and

discover a number of previously unidentified positive and negative regulators of the

NF-κB pathway. We unravel complexities of the TNF signaling cascade, showing that

it can function in an autocrine manner in macrophages to negatively regulate the

pathway. Utilizing a single complex library design, we are capable of interrogating

various aspects of macrophage biology, thus generating a resource for future studies.
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Introduction

Macrophages are critical cells of the innate immune system providing one of the first

lines of defense against invading microbes. Macrophages arise from precursor

monocyte cells that constitute ~10%–20% of the immune cells found in the blood

(Kleiveland 2018). Upon encountering a danger signal, monocytes differentiate into

macrophages and rapidly move to the site of infection. Important aspects of

macrophage function include their ability to proliferate and migrate, as well as their

ability to induce the inflammatory program to aid in clearing infections and initiate

tissue repair to maintain homeostasis (Wynn, Chawla, and Pollard 2013). While much

work has been performed to understand the contribution of individual proteins to the

processes that control macrophage biology, there has been no systematic approach

adopted to study genes involved in macrophage viability and function simultaneously

in a high-throughput manner.

Clustered regularly interspaced short palindromic repeat (CRISPR)

technology has revolutionized the field of functional genomics, providing an

easy-to-use method for disrupting specific genes (Knott and Doudna 2018). The

coupling of CRISPR technology with pooled single-guide RNA (sgRNA) screening

allows simultaneous knockout of thousands of individual genes in a large population

of cells (Shalem et al. 2014; T. Wang et al. 2014), enabling unbiased reconstruction of

biological pathways. Numerous CRISPR screens have probed pathways ranging from

cell viability (Tzelepis et al. 2016; T. Wang et al. 2015) to virus infection (Han et al.

2018), supporting the use of this system for exploring a wide-range of biology. More
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recently, in macrophages, CRISPR screens have been performed to identify novel

regulators of infection and inflammation. Schmid-Burgk et al. (Schmid-Burgk et al.

2016) carried out a genome-wide CRISPR screen to uncover previously unidentified

regulators of the NLRP3 inflammasome. They found that knockout of NEK7 rescued

macrophages from lethality and was associated with activation of the NLRP3

inflammasome. Yeung et al. (Yeung et al. 2019) performed a screen in macrophages

to identify regulators of Salmonella infection. They identified NHLRC2, showing that

it can play a role both in Salmonella infection as well as macrophage differentiation.

Interestingly, many of the hits identified in their screen are within pathways with

known chemical inhibitors providing avenues for future therapeutic targeting. Finally,

a recent screen was conducted to identify regulators of Shigella infection in

macrophages (Lai et al. 2020). Lai et al. identified host factors modulated by Shigella

flexniri infection. They could show that inhibiting acetyl-coenzyme A (CoA)

production caused by the infection is beneficial to the function of macrophages and

limits the infection. In addition, knockout of the TLR1/2 pathway reduced

inflammation, enhanced macrophage survival, and limited infection (Lai et al. 2020).

Whereas these screens that have been performed, to date, in macrophages are

focused on a single readout, we have utilized pooled screening to address three

questions simultaneously: (1) What genes are required for macrophage survival and

proliferation? (2) How are those genes regulated? (3) What genes contribute to the

downstream inflammatory signaling processes?
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Our screens provide a resource that identifies genes essential to macrophage

viability and provide insights into potential cis-elements within the 3′ UTRs of these

genes that may reveal important means of regulation. Lastly, we identify previously

unidentified positive and negative regulators of nuclear factor κB (NF-κB)

inflammatory signaling. Unexpectedly, our screen uncovers a role for tumor necrosis

factor (TNF) as a negative regulator of NF-κB and shows that this is functioning in an

autocrine manner in macrophages. In a single screen, we bring together decades of

literature on the complex regulation of TNF. Here, we demonstrate the power of

CRISPR pooled screening to identify a plethora of genes with varied and critical roles

in macrophage biology.
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Results

Pooled CRISPR Screen Identifies Macrophage-Specific Genes Involved in Viability

To define all genes essential for macrophage survival, immortalized

bone-marrow-derived macrophage (iBMDM)-Cas9 cells were transduced (MOI =

0.3) with pooled lentivirus generated from our custom whole-genome sgRNA library

containing ~270K individual sgRNAs targeting all RefSeq annotated coding genes

and ~500 microRNAs (miRNAs; 12 guides per gene), along with ~5K non-targeting

controls (Fig.2.1A and Fig.S2.1A). Cells were maintained at >1,000 cells per sgRNA

throughout the screen. Cells were cultured for 21 days collecting genomic DNA from

cells at day 0 and day 21 (Fig.2.1A). The libraries were prepared as described

previously (Boettcher et al. 2019). Using the Mann-Whitney (MW) U test, we

compared the sgRNA repertoire from day 21 to that from day 0 and identified

significant genes (Fig.2.1B). We identified expected viability-related genes with roles

in spliceosome, proteasome, and cell-cycle functions (Fig.2.1C). The majority of the

top significant hits were genes essential for viability, while only 1% of genes were

growth suppressors (Fig.2.1D), consistent with previous findings (Gilbert et al. 2014).

We also analyzed the data using the model-based analysis of genome-wide

CRISPR-Cas9 knockout (MAGeCK) analysis pipeline. We obtained a strong overlap

(88% of genes) using both MW and MAGeCK analyses and no significant difference

in the identified top hits (Fig.2.1B); however, the MW U test identifies a much larger

set of hits, possibly due to its sensitivity and, therefore, identifying more true

positives.
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Figure 2.1 Screen Identifies Macrophage-Specific Genes Involved in Viability
(A) Cas9-expressing iBMDM cells were infected with a whole-genome library
targeting all RefSeq annotated coding genes. Two days post-infection, cells were
harvested for an initial day-0 time point and then again after 21 days in culture. (B)
The MW U test was performed comparing 12 sgRNAs targeting each gene to the
nontargeting controls for samples collected at both day 21 and day 0 . Genes are
displayed ranked by significance. (C) GO-term analysis was performed on the top
1,000 significant hits using STRINGdb. (D) We determined the number of essential
genes (negative MW Z score) and total number of growth suppressor genes
(positive MW Z score) and plotted them as a fraction of the total (total = 1,000
genes). (E) Viability screen hits from our screen were compared to those from
GenomeCRISPR, a collection of ~500 CRISPR screens
(http://genomecrispr.dkfz.de/). Genes “in common” as well as genes showing
“opposite/macrophage-specific” phenotypes are displayed. (F) Cas9-expressing
iBMDM cells were infected with sgRNAs targeting selected macrophage-specific
viability genes. We combined cherry-positive cells (containing sgRNAs) with
unedited cherry-negative cells at a 1:1 ratio and monitored growth of
sgRNA-infected cells (cherry) relative to uninfected reference cells in a mix-cell
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growth assay for 21 days. Experiment was repeated 2 times, and a representative
experiment is displayed.

Our library also contains within it random barcode sequences associated with

each sgRNA (Boettcher et al. 2019). Each sgRNA is associated with ~50 different

barcodes. By analyzing the data with the barcodes, it enabled us to generate in-sample

replicates providing greater statistical power to identify significant hits (Fig.S2.1C).

The barcodes were assigned to four bins, providing four in-sample replicates that

were then used as the input into MAGeCK analysis.Fig.S2.1C compares the

single-sample analysis that identified 417 hits (false discovery rate [FDR] < 0.05) to

the in-sample replicate analysis that identified 609 hits (FDR < 0.05), showing the

power of utilizing the binning approach to increase statistical power.

We compared our viability screen hits to the GenomeCRISPR

(http://genomecrispr.dkfz.de/) database, which includes a collection of ~500 CRISPR

viability screens performed in ~421 cell types. Over 93% of genes from our screen

overlapped those from the database (shown in gray, Fig.2.1E), suggesting that these

are genes critical for a variety of biological processes common to all cell types.

Interestingly, ~6% of genes identified showed the opposite MW Z-score phenotype in

our screen compared to the database, suggesting that these genes have unique

cell-type-specific functions in macrophages (shown in yellow, Fig.2.1E).

Furthermore, these macrophage-specific essential hits included genes involved in

NF-κB signaling (Fig.S2.2), suggesting that these genes evolved functions involving

not only survival but also inflammatory activation, a critical component of
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macrophage function. We individually cloned six candidate macrophage-specific

essential guides and validated the phenotype using a mix-cell proliferation assay

(Fig.2.1F). The mix-cell assay involved combining cherry-positive cells (containing

sgRNAs) with cherry-negative cells at a 1:1 ratio and monitoring cell growth over

time as assessed by changes in the ratio of cherry-positive to cherry-negative cells. As

shown in Fig.2.1F, we confirmed four of the six selected candidate genes. We showed

that tyrosine-protein kinase (Syk), Interferon regulatory factor 8 (Irf8), and

myotubularin-related protein 9 (Mtmr9) are macrophage-specific essential genes, as

targeting the coding sequence of these genes resulted in decreased fitness. While

PC-esterase domain containing 1B (Pced1b) is a growth suppressor in macrophages,

knocking it out resulted in increased fitness of the cells.

CRISPR Targeting of the 3’UTRs of Essential Genes Identifies cis-Regulatory

Elements

Untranslated regions (UTRs) offer a critical source of regulation for messages

through specific cis-elements, which can bind miRNAs and/or proteins to regulate

pathways including RNA decay and translation (Mayr 2019). To probe for novel

cis-elements within 3′ UTRs, we specifically targeted the 3′ UTR within known

essential genes. For these essential genes, we expected that guides targeting coding

exons would cause a decrease in fitness. In contrast, guides targeting 3′ UTR

cis-elements that result in an increase in fitness will represent regions containing

regulatory cis-elements with negative roles on gene expression (miRNA binding sites,

adenylate-uridylate-rich elements [AU-rich elements] affecting stability, etc.). We

71

https://paperpile.com/c/U4Ohuo/thnYs


assessed the phenotypes of 3′ UTR-targeting sgRNAs and found an overall neutral

average phenotype for these guides (Fig.2.2A), suggesting that the majority of the

sites we targeted did not contain any cis-regulatory elements. However, a subset of

these 3′ UTR-targeting guides demonstrated phenotypes of >3-fold change in both

directions, suggestive of sites that contain regulatory elements that could improve or

decrease fitness of the cells (Fig.2.2B). We focused on 3′ UTR guides that showed

positive (>3-fold) enrichment for genes whose coding-targeting guides demonstrated

significant negative enrichment (Fig.2.2B-D, red stars). We reasoned that these 3′

UTR-targeting guides may disrupt significant cis-elements that help explain the

opposing phenotype we observed (Fig.2.2B-D, red stars). One possible concern with

this analysis is that it is limited to a single sgRNA targeting the sites within the 3′

UTR (compared to 10–12 within the screen for each coding gene target), which could

lead to false positives. To mitigate this, we made use of the internal barcodes

associated with each individual sgRNA. Identifying a sgRNA hit associated with

multiple individual barcodes reduces the possibility of the hit being a false positive.

In one example, the viability phenotype could be caused by integration-specific

effects of an sgRNA on neighboring genes. As a control, we analyzed all barcodes

associated with all random control sgRNAs, comparing the day-0 to day-21 viability

screens, and can show high correlation, with an R2 of 0.814. This shows that the

distribution of reads for barcodes of random control genes do not change across the

course of the experiment, making counting barcodes a valid approach (Fig.2.2E).

Therefore, we counted all unique barcodes associated with sgRNAs in selected genes
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or random controls and compared the reads associated with these genes on day 21 to

those on day 0. As expected, there is no difference in the read count from day 21 to

day 0 for the random controls (shown in gray, Fig.2.2F). In contrast, we see positive

enrichment for genes (shown in black, Fig.2.2F) whose coding-targeting guides

demonstrated the opposite effect, which confirmed our previous observations in

Fig.2.2B-D.
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Figure 2.2 Targeting of the 3′ UTRs of Essential Genes to Probe for Previously
Unidentified cis-Regulatory Elements
(A) Average phenotypes for all 3′ UTR-targeting guides was plotted. Error bars
represent standard deviation of all sgRNAs. (B–D) We summarize the phenotypes
for coding-targeting guides (gray) and 3′ UTR-targeting guides (pink) for select
genes: Sdad1, Foxp1, and Cdk13. (E) Scatterplot. The x-coordinates represent the
number of unique barcodes associated with each random sgRNA at day 0. The
y-coordinates represent the number of unique barcodes associated with each
random sgRNA at day 21 (R2 = 0.814). (F) Unique barcode counts were obtained
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for the indicated genes, including random controls. The fold change of these counts
from day 0 to day 21 was calculated. (G) We selected 3′ UTR-targeting guides that
demonstrated positive enrichment, opposite to their coding-targeting guides, which
had negative enrichment. We validated select guides by monitoring growth of
sgRNA-infected cells (cherry) relative to uninfected reference cells in a mix-cell
growth assay. Error bars represent standard deviation of three technical replicates.

We individually cloned selected candidate 3′ UTR guides and validated the

phenotype using a mix-cell proliferation assay as described previously (Fig.2.2G). In

all the selected hits we could validate, we confirmed that elements targeted within 3′

UTRs resulted in an increase in fitness, while those targeting within the coding

sequence resulted in a decrease in fitness. The phenotypes for these 3′ UTR-targeting

guides provide a resource of potentially important cis-elements involved in mRNA

stability, and further work could involve interrogating whether these sites are miRNA

targets or targets of other proteins involved in RNA decay or translation processes.

FACS-Based Reporter Screen Identifies Positive and Negative Regulators of

NF-κB

Macrophages are critical effectors of the inflammatory response, which involves

transcription factors including NF-κB (Liu et al. 2017). We had previously developed

NF-κB reporter iBMDMs, adding 5 × NF-κB-binding motifs (GGGAATTTCC)

upstream of the minimal cytomegalovirus (CMV) promoter-driving green flourescent

protein (GFP) and demonstrated lipopolysaccharide (LPS)-dependent activation of

GFP fluorescence (Covarrubias et al. 2017). We lentivirally introduced Cas9 into

these cells and confirmed its activity (iBMDM-NF-κB-Cas) (Covarrubias et al. 2017).

Here, we performed a fluorescence-activated cell sorting (FACS)-based sorting screen
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using iBMDM-NF-κB-Cas cells and infected with the same library as outlined in

Fig.2.1A. After the library was established in the cells for 7 days, we stimulated with

LPS for 24 h (Fig.2.3A, Fig.S2.3A-B). We sorted the top/bottom 20% of

GFP-expressing cells and collected approximately 100 cells per sgRNA (~27 million

cells for each top/bottom sort), with the aim of identifying both positive (bottom

20%) and negative (top 20%) regulators of the pathway (Fig.S2.3A-B). Due to the

inherently noisy nature of pooled screening, we chose to perform a MW U test to

identify significant genes, comparing GFP-low to GFP-high sorted samples, and

significant genes were ranked by p < 0.01 (Fig.2.3B) (Kampmann, Bassik, and

Weissman 2013). As expected, we found several positive controls, including EGFP

and known regulators myeloid differentiation primary response 88 (Myd88) and Rela

(NF-κB/p65) in our top hits (Fig.2.3C). We performed Gene Ontology (GO)-term

enrichment analysis for the top 150 significant positive regulators and found

enrichment for pathways that included “NF-kappaB signaling” (Fig.2.3D). Within the

top 150 genes, we identified numerous genes known to be involved in the Toll-like

receptor (TLR)/NF-κB signaling pathway, which include Tlr4 (LPS receptor) and

Rela (NF-κB/p65) (Fig.2.3E), confirming that the screen was a success. We plotted

the average phenotypes (top 3 guides) for our top 40 candidates, which showed that

the average sgRNA enrichments were significant (Fig.2.3F). Top candidates were

localized throughout the cell (Fig.2.3G), including in the extracellular compartment.

Numerous positive and negative regulators of NF-κB have been identified by their

differential expression upon NF-κB activation (Bhatt and Ghosh 2014). Using
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previously published data (Zhang et al. 2017), we examined the top 50 negative and

positive regulators and found that the majority were not differentially expressed

during LPS stimulation and, therefore, could have been missed by previous

approaches as regulators of the pathway (Fig.S2.3A-B). NF-κB has been

demonstrated to activate genes that function in positive- or negative-feedback

regulation of the pathway (Oeckinghaus and Ghosh 2009). We assessed whether

NF-κB (p65) bound to the promoters of our top candidates using published p65

chromatin immunoprecipitation sequencing (ChIP-seq) data (Lam et al. 2013)

(Fig.S2.3D-E). We found that p65 bound 42% and 54% of the top positive and

negative regulators, respectively (Fig.S2.3D-E), further supporting the idea that a

significant number of regulators of NF-κB can, themselves, be regulated by NF-κB.

We validated our top candidates by re-cloning the top two performing sgRNAs per

candidate, generating individual cell lines for each sgRNA, followed by lentiviral

infection, selection, and LPS stimulation for 6 h (Fig.2.3H). The readout for our

secondary validation experiments involved measuring Il6 by qPCR. Il6 is a

well-known downstream target of NF-κB and a crucial gene in controlling

inflammation (Fig.2.3H). As expected, ablation of our negative regulators resulted in

increased Il6 expression, while targeting of positive regulators led to decreased levels

of Il6 relative to non-targeting controls (Fig.2.3H). In summary, we performed a

genome-wide screen and identified 50 previously unidentified positive and 65

negative regulators of NF-κB signaling. To date, there are 120 known regulators of

NF-κB, and our screen has added 115 additional regulators (p < 0.01) to the pathway.
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These will provide a rich source of information going forward to better understand

the complex pathways that control inflammation.
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Figure 2.3 Screen Identifies Positive and Negative Regulators of NF-κB
signaling (A) Overview of the NF-κB screen: sgRNA-library-infected
iBMDM-NF-κB-Cas9 cells were stimulated with LPS (200 ng/mL) for 24 h before
sorting the top and bottom 20% of GFP-expressing cells. Cells were collected and
processed as described in STAR Methods. (B) MW U test was performed
comparing 12 sgRNAs targeting each gene to the non-targeting controls for
GFP-low versus GFP-high sorted samples. Significant genes are displayed, ranked
by significance. (C) Zoom-in of the top screen hits, displaying positive regulators
(blue) and negative regulators (red). Diagram depicts positive- and
negative-regulation NF-κB signaling. (D) GO-term analysis was assessed for the
top 150 positive regulators using STRINGdb. (E) Connectivity was determined by
STRINGdb for the top 150 positive-regulator candidates. (F) Average sgRNA
enrichment for the top 3 sgRNAs was calculated for the top 40 screen hits. Error
bars represent standard deviation of three biological replicates. (G) Predicted
protein localization was determined for the top 40 most significant genes using
UniProt’s COMPARTMENTS database
(https://compartments.jensenlab.org/Downloads). (H) Selected candidates were
infected with either control (random) or candidate-specific sgRNAs and were
stimulated for 6 h with LPS, before RNA harvest. qPCR-based validation was
performed by conducting qRT-PCR for Il6 RNA relative to Gapdh. Experiment was
repeated 3 times, and a representative experiment is displayed. Error bars represent
standard deviation of three technical replicates.

Membrane-bound TNF-α acts as a strong negative regulator of the NF-κB

pathway

TNF-α is a well-known pro-inflammatory cytokine with established roles in driving

NF-κB-related inflammation (Bradley 2008). Furthermore, anti-TNF therapy is a

proven method for the treatment of various inflammatory-related diseases (Ma and

Xu 2013). Given its established role as a soluble protein functioning as a positive

regulator of NF-κB, it was surprising to discover that our pooled-based screen

approach identified TNF as a strong negative regulator of inflammation (Fig.2.3F,

Fig.2.3H). We confirmed TNF editing by stimulating control or anti-TNF edited cells

with LPS for 24 h before collecting supernatant and analyzing TNF protein via

79

https://paperpile.com/c/U4Ohuo/2FmtH
https://paperpile.com/c/U4Ohuo/nbnC5
https://paperpile.com/c/U4Ohuo/nbnC5


ELISA. We found that TNF was undetectable in the supernatant after LPS stimulation

(Fig.2.4A). We also confirmed near-complete ablation of TNF via intracellular

staining (Fig.2.4B). Our screen suggested a localized function for TNF, which would

be incompatible with its soluble state. Interestingly, TNF can exist as both soluble and

membrane bound (Ardestani et al. 2013). We confirmed the presence of

membrane-bound TNF on the surface of our iBMDMs and found maximal surface

TNF at 6 h post-LPS stimulation (Fig.2.4C). TNF mediates its inflammatory effect

via binding to its receptor Tnfrsf1a (p55) (Bradley 2008). Our screen confirmed

Tnfrsf1a (p55) as a positive regulator of NF-κB in contrast to what was found for Tnf

(Fig.2.4D-E). However, TNF can bind to two different receptors, Tnfrsf1a (p55) and

Tnfrsf1b (p75), which may have opposing functions (Peschon et al. 1998). While the

sgRNAs targeting p75 in our screen show a trend toward it being a negative regulator

similar to TNF, it was not significant (Fig.2.4D). However, we were able to confirm

by qPCR that targeting p75 can result in an increase in Il6 (Fig.2.4F) similar to that

observed when TNF is knocked down (Fig.2.4D-E). Interestingly, 6 h post-LPS

stimulation, levels of TNF and Tnfrsf1b (p75) increased 11-fold and 66-fold,

respectively, while the levels of Tnfrsf1a (p55) increased a moderate 4-fold

(Fig.2.4G). We evaluated whether the enhanced activation of NF-κB in TNF-edited

cells could be rescued by mixing these cells with unedited (TNF-expressing) cells.

We combined cherry-positive cells (containing TNF guide RNAs) with unedited

cherry-negative cells at a 1:1 ratio. Mixed cells were LPS stimulated for 24 h before

FACS analysis to measure GFP mean fluorescence intensity (MFI) (NF-κB
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activation) (Fig.2.4H). The enhanced NF-κB activation in TNF-edited cells could not

be rescued by mixing these cells with unedited cells (even when we increased the

cherry-negative cells to >75%). These data suggest that TNF has autocrine properties,

acting within the cell from which it is produced, and neither soluble TNF production

or membrane-bound TNF from neighboring cells can reverse the increase in

inflammatory signaling (Fig.2.4I). The expression profiles of TNF, TNFRSF1A, and

TNFRSF1B were mirrored in the human THP1 monocytic cell line stimulated with

PAM3CSK4 (TLR1/2 agonist), suggesting that this specific regulation of TNF is

conserved (Fig.S2.4). Here, we confirm that, indeed, it is membrane bound TNF that

is functioning as a negative regulator of NF-κB, presumably through interactions with

p75. Remarkably, our single screening assay could provide insight into this complex

signaling cascade and bring together decades of different approaches to reveal the

complexity of TNF signaling in macrophages involving membrane-bound forms of

TNF in addition to the roles of the respective receptors.
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Figure 2.4 Screening Identifies Negative-Feedback Regulatory Loop Used by
the Tumor Necrosis Factor (TNF) to Regulate Inflammation
(A) ELISA was performed in control or TNF-edited iBMDMs stimulated with LPS
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for 24 h. Supernatant was harvested, and levels of TNF were quantified. Error bars
represent standard deviation of three biological replicates. (B) Control or
TNF-edited iBMDMs were stimulated with LPS followed by brefeldin A treatment
and stained to assess intracellular TNF levels by flow cytometry. (C) iBMDMs
were stimulated for the indicated time points (LPS for 0, 6, and 24 h), and cell
surface expression of TNF was measured by flow cytometry. (D) Average sgRNA
enrichment for the top 2 sgRNAs was calculated for TNF and its receptors: p55 and
p75. Error bars represent standard deviation of two biological replicates. (E and F)
qRT-PCR was performed for Il6 RNA in iBMDMs edited with either control, TNF,
p55 (E), or p75 (F) sgRNAs and stimulated with LPS for 6 h. Error bars represent
standard deviation of three biological replicates. (G) Mean fragments per kilobase
of transcript per million mapped reads (FPKM) values (4 biological replicates) are
plotted for genes Tnf, Tnfrsf1a, and Tnfrsf1b for both un-stimulated (“no-stim”) or
LPS-stimulated (24 h) cells. Error bars represent standard deviation of four
biological replicates. (H) We combined cherry-positive cells (containing Tnf
sgRNAs) with unedited cherry-negative cells at a 1:1 ratio. Mixed cells were
stimulated with LPS for 24 h before FACS analysis to measure GFP mean
fluorescence intensity (MFI) as proxy for NF-κB activation. Error bars represent
standard deviation of three biological replicates. (I) Model of localized TNF
negative regulation of NF-κB signaling.
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Discussion

Here, we utilize CRISPR-based pooled genetic screening to reveal genes important

for both macrophage viability and inflammation. For the viability screen, we utilized

both MW U test analysis as well as the MAGeCK analysis pipelines to identify

significant hits. 88% of significant genes identified in the MAGeCK analysis were

also identified in the MW U test. A larger proportion of significant hits were

identified by MW test, which could represent true positives or that the more stringent

MAGeCK pipeline identifies fewer false positives. We identified

macrophage-specific viability genes enriched in NF-κB signaling (Fig.2.1F,

Fig.S2.2). Additionally, we identified and validated viability phenotypes for 3′

UTR-targeting guides, which may reveal important cis-elements involved in mRNA

stability (discussed further later). In a separate screen, we utilized our NF-κB

-reporter cells to perform a FACS-based screen, resulting in the identification of

positive and negative regulators of NF-κB signaling. We go on to describe an

unexpected role for TNF as a locally acting negative regulator of NF-κB. Very few

miRNAs were identified as hits in either screen. Although we targeted ~500 miRNAs,

it is possible that many of these are not expressed in macrophages or that the sgRNAs

targeting the miRNAs did not work.

Macrophage-Specific Genes Involved in Viability

Numerous viability screens have been performed in a wide range of cell types and

have demonstrated that the catalog of essential genes can vary significantly among

distinct cell types (T. Wang et al. 2014, 2017). Cell-type-specific differences in
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viability can be due to genetic differences that could render some pathways inactive,

forcing dependency on other pathways. Indeed, Wang et al. (T. Wang et al. 2017)

compared essential genes across 14 acute myeloid leukemia (AML) lines and found

certain genes to be essential only for a specific subset of the AML lines with certain

genotypes. Moreover, a typical cell expresses approximately two thirds of its genes

(Hart et al. 2013). Therefore, whether a gene or set of genes is essential can be

context specific, varying upon different growth conditions or treatments, etc. (Hart et

al. 2015; Viswanatha et al. 2018). In our screen, we identified 61 genes with distinct

essentiality in macrophages compared to a database collection of ~421 cell-line

CRISPR screens (Fig.2.1E). We selected 6 of the top candidates that acted as either

essential genes or growth suppressors and could validate 4. Not surprisingly, we

identified and validated the myeloid-specific transcription factor Irf8 as a

macrophage-specific essential gene (Fig.2.1F). Interestingly, Irf8 has roles in both

myeloid cell viability and inflammatory response (Langlais, Barreiro, and Gros

2016). Additionally, the macrophage-specific essential genes included ones involved

in NF-κB signaling, suggesting that this pathway, similar to Irf8, may be important

for both viability and inflammatory activation (Fig.S2.2). Indeed, a significant

fraction of them (~10 proteins)—including Syk and Mtmr9, which we validated

(Fig.2.1F)—are predicted to physically interact supporting a macrophage-specific

regulation of protein complexes that control cell viability. In summary, understanding

the pathways that control viability in macrophages is essential for development of
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novel gene targets to control macrophage proliferation in scenarios where the

inflammatory response is not properly controlled.

3′ UTR-Targeting Guides and Identification of Potential cis-Elements

UTRs of messages are important for regulating stability, translation, and localization

(Mayr 2019). Sequences within the UTRs (cis-elements) can function in miRNA

binding, structure, and/or protein binding (Mayr 2017). Furthermore,

cell-type-specific expression differences in miRNAs and RNA binding proteins

(RBPs) allow for specificity in regulating mRNAs (Erson-Bensan 2016). Given the

rich source of regulation that occurs within the 3′ UTR, we built into our library

design sgRNAs targeting 3′ UTRs within known essential genes with the goal of

systematically identifying cis-elements that contribute to the regulation of essential

genes. For these genes, sgRNAs targeting coding sequences resulted in decreased

fitness, as expected. Within these genes, we focused on 3′ UTR-sgRNAs that resulted

in increased fitness, which could represent the disruption of destabilizing

cis-elements, such as miRNA binding sites, sites of interaction with RBPs or AU-rich

elements, etc. CRISPR targeting of these destabilizing cis-elements may result in

stabilization of the mRNA. We determined whether there were any overlapping

miRNA target sites using TargetScan, but we did not find any with significant

overlap, suggesting that there are other mechanisms of regulation at play besides

miRNA targeting. However, Cdk13-utr3-g1 and Pias1-utr3-g1 (Fig.2.2G) did target

regions near (<50–80 bp) the miRNA binding sites for mir-124 and mir-10,

respectively, which could potentially disrupt secondary structure, mir binding, or
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both. Another 3′ UTR-targeting guide 1 for Arcn1, is predicted to target near a

mushashi element, which is known to negatively regulate RNA stability (Bennett et

al. 2016). Given that the majority of our 3′ UTR targeting guides resulted in no

phenotype, an alternative method to try in future studies would be to use 2 sgRNAs to

create larger deletions (Zhao et al. 2017). In summary, we have functionally validated

potential 3′ UTR cis-elements and provided a rich resource for future work aimed at

dissecting how these elements contribute to gene expression.

Dissection of the Complex Biology of TNF

We utilized the MW U analysis to identify hits from our FACS-based NF-κB reporter

screen. Sorting screens are inherently noisier than viability screens, due to the fact

that significant hits are going to be proportional to the sgRNA enrichment, and with

our single (LPS) treatment of cells, there is no ability to enrich over time. Here, we

activated the NF-κB iBMDM reporter cells for 24 h with LPS and then sorted for the

GFP low and high hits (top and bottom 20%) that represent positive and negative

regulators of the pathway. Newer tools are beginning to be developed to help with the

analysis of these complex pooled sorting-based screens. Recently, de Boer et al. (de

Boer et al. 2020) published a tool, “MAUDE,” that is specifically designed for sorting

screens, which could be beneficial for future studies of these complex assays.

Nevertheless, we could show, using MW analysis, that the GO terms for the top 150

hits included “NF-kappaB signaling,” and we confirmed 16 additional NF-κB

regulators using individually cloned lines measuring Il6 production as a secondary

readout.
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One of the surprising findings from our NF-κB screen was the identification

of TNF as a negative regulator of NF-κB (anti-inflammatory). We were surprised for

two reasons: (1) TNF is an extensively studied pro-inflammatory cytokine with

established roles in driving NF-κB-related inflammation (Bradley 2008). (2) TNF is a

secreted protein; therefore, a pooled CRISPR screen would not be expected to capture

its biology. Numerous studies spanning decades of research have revealed that TNF

biology is much more complex. TNF can exist as both soluble (17 kDa) and

membrane-bound (26 kDa) forms, and multiple groups have shown that

membrane-bound TNF functions as a negative regulator of inflammation in contrast

to its soluble form (Alexopoulou et al. 2006; Ardestani et al. 2013). The dual

functions of TNF can also be explained, in part, by its binding to two receptors:

Tnfrsf1a (p55) and Tnfrsf1b (p75), which have opposing effects on inflammation

(Peschon et al. 1998). Interestingly, the membrane-bound form of TNF has been

shown to preferably bind to the inhibitory receptor, p75, allowing for localized

regulation of inflammation (Grell et al. 1995). Here, we reveal the complex

regulatory biology of TNF, providing evidence that membrane-bound TNF functions

as a negative regulator of NF-κB likely through its binding to p75 in macrophages.

Our results also support a model in which membrane-bound TNF can function in an

autocrine manner, acting within the cell that produces it. In this study, we bring

together decades of research on TNF biology and its role in inflammation using this

single-screening approach. Anti-TNF therapy remains one of the most effective

methods for the treatment of various autoimmune diseases, including rheumatoid
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arthritis (RA) and irritable bowel disease (IBD) (Hyrich et al. 2009; Peyrin-Biroulet

2010), yet as many as 20%–40% of patients do not respond to treatment (Lopetuso et

al. 2017). Our findings show that editing of TNF resulted in elevated Il6 levels, which

is another important pro-inflammatory cytokine and might explain the lack of

response to anti-TNF therapy. Yimin and Kohanawa (Yimin and Kohanawa 2006)

demonstrated that a TNF‒/‒knockout mouse showed elevated levels of Il6, which is

consistent with our findings. More importantly, they presented data showing that

production of TNF and IL6 can be negatively regulated by each other (Yimin and

Kohanawa 2006). Therefore, the targeting of TNF could lead to elevated levels of Il6,

which may result in elevated inflammation in patients. Our data showed that editing

p55 inhibits NF-κB-driven Il6 production (Fig.2.4D-E), while editing p75 caused an

increase in Il6 (Fig.2.4F). Blocking p55 (via antibody or small molecule) could be an

alternative that could block the pro-inflammatory effects of p55 while allowing Tnf

to, instead, bind to p75 to promote anti-inflammatory signaling (Yang et al. 2018). In

summary, with one pooled CRISPR screen, we have revealed interesting complexities

of TNF regulation and have presented evidence for alternative therapeutic strategies.

Future Directions

Here, we have demonstrated the power of CRISPR screening in revealing important

macrophage biology probing both viability and inflammatory pathways. Macrophages

are critical cells of the innate immune system providing one of the first lines of

defense against invading microbes. The ability for macrophages to function optimally

requires their ability to proliferate and migrate to reach the site of infection and
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appropriately engage their inflammatory program. Here, we found 60

macrophage-specific viability genes and uncovered 115 additional regulators of

NF-κB. The future characterization of these genes will likely yield novel regulatory

insights into the complex regulation of viability and inflammatory pathways. From a

therapeutic point of view, it would be interesting to explore whether there are drugs

that may target some or any of our screen candidates (Wishart et al. 2018). In

conclusion, we have revealed important biology insights related to macrophage

function and believe that this work represents a significant resource for the

macrophage research community.
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Materials and Methods

Data and Code Availability

All sequencing data generated from CRISPR screens and RNA-seq reported in this

paper have been deposited to GEO under accession codes GSE138786 and

GSE138788.

Cell lines

Male immortalized bone-marrow-derived macrophages (iBMDMs) with the NFKB

reporter and Cas9 (iBMDM-NFKB-Cas9) cells (previously described in Covarrubias

et al., 2017).  Cas9 activity was validated via GFP kd (~75% kd) prior to beginning

the screen. Cells were cultured in DMEM, supplemented with 10% low-endotoxin

fetal bovine serum (ThermoFisher) and 1X penicillin/streptomycin and incubated at

37°C in 5% CO2.

THP-1 cells were cultured in RPMI 1640 supplemented with 10% low-endotoxin

fetal bovine serum (ThermoFisher), 1X penicillin/streptomycin and

2-mercaptoethanol (0.05 mM, Sigma-Aldrich, M6250), and incubated at 37°C in 5%

CO2.

sgRNA library design and cloning

We created genome-scale sgRNA library consisting of over 270,000 total sgRNAs

(12 sgRNAs per gene) targeting every RefSeq-annotated (mm9) coding gene, as well

as all microRNAs and select 3’UTRs.  The library contains >5,000 non-target control

sequences (NTC).  The earliest possible “constitutive” exon of each transcript variant

was targeted.  The criteria for sgRNA selection and the cloning strategy protocol have
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been previously described (Boettcher et al., 2018, 2019).  All sgRNA sequences are

shown in Supplementary Table 1.

Lentiviral production

HEK293T cells were seeded at 6,000,000 cells per plate in 15 cm dishes in 20 mL

media (DMEM, 10% FBS) and incubated overnight at 37°C, 5% CO2. The next

morning, 8 µg sgRNA library plasmid, 4 µg psPAX2 (Addgene #12260), 4 µg

pMD2.G (Addgene #12259) and 80 µL lipofectamine2000 (Invitrogen) were mixed

into 1 mL serum-free OptiMEM (Gibco), vortexed and incubated for 20 min at RT

and added to the cells. At 72 h post-transfection, supernatant was harvested, passed

through 0.45 um filters (Millipore, Stericup) and aliquots were stored at −80 °C.

CRISPR Screen

iBMDM-NFKB-Cas9 cells were infected with the sgRNA genome-scale library at a

at low multiplicity of infection (MOI=0.3).  Three days post infection, cells were

puromycin-selected (10 μg/ml) for 5 days to obtain cherry-positive (sgRNA) cells and

were maintained at >1000X coverage at all times.

Growth screen. Prior to puro-selection, we collected a day 0 timepoint, consisting of

1000X coverage (270 million cells).  We then collected a day 21 timepoint (also

1000X coverage).  Cells from both timepoints were cryo-preserved in 90% FBS, 10%

DMSO for later processing.

FACS screen. Library infected and selected iBMDM-NFKB-Cas9 cells were

expanded to 2000X coverage.  Cells were stimulated with 200 ng/ml of LPS for 24 h

to induce expression of GFP (NF-κB responsive).  Prior to sorting, cells were
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collected in FACS buffer (1XPBS, 1%FBS, 5mM EDTA). Stimulated cells were

analyzed by flow cytometry alongside unstimulated cells to ensure the mean

fluorescence intensity (MFI) of stimulated cells was >10-fold compared to

unstimulated cells. All flow cytometry experiments and screening were conducted on

a BD FACSAria II.  GFP was excited using a 488-nm laser and detected using a

525/50-nm filter.  Sorting was conducted using 4-way purity into 2 tubes and a

100-μm nozzle. Cells were gated by forward (FSC-A) and side scatter (SSC-A) for

live cells, then for single cells using FSC-A/FSC-H. Lastly, we evaluated GFP

expression (SSC vs GFP), FACS sorted and collected the top/bottom 20% into

separate tubes.  At least 100 cells/sgRNA (100X coverage) for each sorted population

were collected and cryo-preserved in 90% FBS, 10% DMSO for later processing.

sgDNA processing, PCR and sequencing. Genomic DNA was collected from cell

pellets (270 millions cells, 1000X coverage) or (27 millions cells, 100X coverage for

sorted cells) and was extracted by methods described previously (Boettcher et al.,

2018, 2019). A nested PCR strategy was used to 1) allow amplification sgRNA

repertoire and 2) to add appropriate Illumina adapters for NGS (detailed protocol is

described in (Boettcher et al., 2019).  For the 100X coverage sorted samples, we

scaled the gDNA extraction volumes 1:5 (i.e. 2ml instead of 20ml).  Quality and

purity of the PCR product were assessed by bioanalyzer (Agilent), and sequencing

was performed on an Illumina HiSeq 2500 platform using paired end 50 kits with the

custom sequencing primer

5’-GAGACTATAAGTATCCCTTGGAGAACCACCTTGTTGG-3′ for reading the
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sgRNA sequence. Data was submitted to GEO. All tables can be accessed through

Mendeley Reserved DOI: 10.17632/vtvxykv2cr.1.

Macrophage specific viability genes and 3’-UTR guide validation (Mix-cell

growth assay).

sgRNA-infected cells (cherry-pos) were mixed with uninfected cells (cherry-neg) at

a 1:1 ratio in triplicate.  We used Flow cytometry to monitor the ratio of cherry-pos to

cherry-neg cells at 0- and 21-days post plating. All validation cytometry was

performed on the Attune NxT Flow Cytometer.

NF-κB guide Validation (qRT-PCR)

iBMDM-NF-κB-Cas cells infected with indicated guide-expressing lentivirus and

were stimulated with LPS (200 ng/ml) for 6 h prior to harvesting for RNA. Total

cellular RNA from BMDM cell lines was isolated using the Direct-zol RNA

MiniPrep Kit (Zymo Research) according to manufacturer’s instructions. RNA was

quantified and controlled for purity with a nanodrop spectrometer. (Thermo Fisher).

For RT-qPCR, 500-1000 ng were reversely transcribed (iScript Reverse Transcription

Supermix, Biorad) followed by RT-PCR (iQ SYBRgreen Supermix, Biorad) using the

cycling conditions as follows: 50C for 2 min, 95°C for 2 min followed by 40 cycles

of 95°C for 15 s, 60°C for 30 s and 72°C for 45 s. qRT-PCR primer sequences are list

below.

ELISA Analysis

For the ELISA, iBMDMs were stimulated with LPS for 24 h and supernatant was

collected from triplicate wells.  Supernatant was diluted 1:3 and Tnf-alpha levels
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were measured using the mouse TNF-alpha DuoSet ELISA (R&D Systems) kit

following the manufacturer's protocol.

Antibody staining for FACS

For intracellular staining, iBMDMs were LPS-stimulated for 0 or 6 h and were treated

with Brefeldin A for the last 5 hours of stimulation. Cells were then collected, fixed

with 4% PFA and permeabilized with perm buffer (3% BSA, 0.2% Triton-X,

1XPBS), followed by antibody staining with PEcy7 anti-mouse Tnf-alpha (1:150,

Thermofisher) or isotype control (1:150, Biolegend). For surface staining, iBMDMs

were LPS-stimulated for 0, 6, 24 h.  Cells were collected in sorting media (2% Fetal

Calf Serum, 5mM EDTA, 1XPBS), treated with Fc receptor block (1:250, BD

Pharmingen) and were then stained with same Tnf and isotype antibodies used above,

all done in sorting media.

RNA isolation and cDNA synthesis and RT-qPCR

Total cellular RNA from THP1 cell lines was isolated using the Direct-zol RNA

MiniPrep Kit (Zymo Research) according to manufacturer’s instructions. RNA was

quantified and controlled for purity with a nanodrop spectrometer. (Thermo Fisher).

For RT-qPCR, 500-1000 ng were reversely transcribed (iScript Reverse Transcription

Supermix, Biorad) followed by RT-PCR (iQ SYBRgreen Supermix, Biorad) using the

cycling conditions as follows: 50°C for 2 min, 95°C for 2 min followed by 40 cycles

of 95°C for 15 s, 60°C for 30 s and 72°C for 45 s. The melting curve was graphically

analyzed to control for nonspecific amplification reactions.

RNA-Sequencing

95



For generation of RNA-Sequencing libraries the human THP1 cells, RNA was

isolated from control or Pam3CSK40-stimulated cells as described above and the

RNA integrity was tested with a BioAnalyzer (Agilent Technologies). For

RNA-Sequencing target RIN score of input RNA (500-1000ng) usually had a

minimum RIN score of 8. RNA-Sequencing libraries were prepared with TruSeq

stranded RNA sample preparation kits (Illumina), depletion of ribosomal RNA was

performed by positive selection of polyA+ RNA. Sequencing was performed on

Illumina HighSeq or NextSeq machines.

RNA-seq 50 bp reads were aligned to the human genome (assembly GRCh37/hg19)

using TopHat. The Gencode V32 gtf was used as the input annotation. Differential

gene expression specific analyses were conducted with the DESeq R package.

Specifically, DESeq was used to normalize gene counts, calculate fold change in gene

expression, estimate p values and adjusted p values for change in gene expression

values, and to perform a variance stabilized transformation on read counts to make

them amenable to plotting.

Screen Analysis and generation of hit list

fastq.gz files were analyzed using the gRNA_tool:

https://github.com/quasiben/gRNA_Tool. All guide RNA (sgRNA) + barcode reads

were collapsed to obtain raw sgRNA counts. Counts were normalized to the median

and fold-changes were calculated for each sgRNA. To identify significant genes for

the growth screen, the Mann-Whitney U test was performed comparing fold-changes

for sgRNAs targeting each gene to non-targeting controls (described in (Gilbert et al.,
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2014) or by following the MAGeCK analysis pipeline (as described in (Li et al.,

2014). MAGeCK analysis was performed on the full data set as well as on the data

binned into four separate samples (insample replicates) based on the 1st basepair of

the random barcode (bins A,T,G, and C). The data was then used as input into the

MAGeCK analysis pipeline. For the growth screen, the Day 21 sample was compared

to the Day 0 sample. To identify significant genes for the for the FACS screen, GFP

low (bottom 20%) sorted cells were compared to GFP high (top 20%) sorted cells.

sgRNA selection for screen validation

For the macrophage specific viability genes, we selected 6 targets for validation out

of possible 61 hits. We choose 5 essential genes and one growth suppressor. We chose

the candidates based on their rankings according to P value. For the 3’utr-targeting

guides, we selected guides with >3-fold positive enrichment (Day 21 vs Day 0) that

targeted the 3’utrs of essential genes with significant negative enrichment.  The

criteria for our NF-κB candidate selection was as follows: 1) Most significant: We

selected candidates with the lowest Mann-Whitney U test p-value (using a p value cut

off of <0.01). 2) Novelty: We focused on genes, which were not previously known to

be involved in NF-κB signaling.  We used several databases including KEGG,

String-DB and Cell Signaling TLR-signaling gene list to determine novelty of gene.

3) Expression: We evaluated expression and confirmed >10 FPKM for either

un-stimulated or LPS-stimulation conditions. 4) Viability: We confirmed that our

candidates did not have a significant viability phenotype. We targeted a total of 18

coding genes selecting guides with the strongest enrichment (2 guides/gene).  We
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targeted microRNAs that showed >3-fold positive enrichment for at least 2 gRNAs.

For positive controls we used guides targeting Tlr4.
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Figure S2.1 Comparing analysis screening tools, related to Figure 2.1. (A)
Breakdown of all genes targeted by our custom mouse sgRNA library is displayed.
(B) Venn diagram. Significant genes were determined by Mann-Whittney Utest and
MAGeCK analysis (FDR<0.05). 88% of significant genes identified in the
MAGeCK analysis were also identified in the Mann-Whittney U-Test. (C) Venn
diagram. Significant genes were determined on unsplit and insamples replicates by
MAGeCK analysis. 80% of the significant genes in the unsplit samples were also
identified in the replicate samples.
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Figure S2.2 Comparison of current screen to CRISPR screen database, related
to Figure 2.1. Genes with opposite phenotypes in our screen compared to the
GenomeCRISPR database are displayed visually using StringDB. KEGG pathway
Go-term enrichment is also shown
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Figure S2.3  Expression and p65-binding of NF-kB screen hits, related to Figure
2.3. NF-κB FACS screen gating strategy for (A) unstimulated cells or (B) 24 h LPS
stimulated cells.. (C) Differentially expressed genes in 6 h LPS vs unstimulated
BMDMs are displayed as log2 fold-change vs. adjusted p-value volcano plot from
previously published data (Zhang et al., 2017). Expression of top 50 positive
regulators (blue) and top 50 negative regulators (yellow) is shown. (D-E). All p65
targets were determined using the ChIP-seq data from (Lam et al., 2013). Positive
p65 binding was called if a p65 peak was greater than 10 and was within 1kb of the
annotated transcription start site (TSS). P65 promoter binding was then assessed for
the top (D) negative and (E) positive regulators.
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Figure S2.4 Expression of TNF and TNF receptors in human cells, related to
Figure 2.4. Differentially expressed genes were determined for 6h
Pam3CSK4-stimulated or unstimulated THP1 (ATCC). Normalized counts +/- SD
are displayed for TNF, TNFRSF1A and TNFRSF1B.
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Abstract

RNA-seq is routinely used to measure gene expression changes in response to cell

perturbation. Genes that are up or down-regulated following perturbation in RNA-seq

studies are designated as target genes for follow-up. However, RNA-seq is limited in

its ability to capture the complexity of gene isoforms, defined by the exact

composition of exons and transcription start sites (TSS) and poly(A) sites they

contain, as well as the expression of these isoforms. Without knowing the

composition of the most dominant isoform(s) of a target gene, a minority or

non-existent isoform could be selected for follow-up solely based on available

annotations for that target gene from databases that are incomplete, or by their nature

not tissue specific, or do not provide key information on expression levels. In all, this

can lead to loss in valuable resources and time. As the vast majority of genes in the

human genome express more than one isoform, there is a great need to identify the

complete range of isoforms present for each gene along with their corresponding

levels of expression.

Here, using the long-read nanopore-based R2C2 method, we generated an

Isoform-level transcriptome Atlas of Macrophage Activation (IAMA) that identifies

full-length isoforms in primary human monocyte-derived macrophages (MDMs).

Macrophages are critical innate immune cells important for recognizing pathogens

through use of Toll-like receptors (TLRs), culminating in the initiation of host

defense pathways. We characterized isoforms for most moderate to highly expressed

genes in resting and TLR-activated MDMs and generated a user-friendly portal built
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into the UCSC Genome Browser to explore the data

(https://genome.ucsc.edu/s/vollmers/IAMA). Our atlas represents a valuable resource

for innate immune research as it provides unprecedented isoform information for

primary human macrophages.
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Introduction

The use of RNA-seq is a primary strategy in biomedical research to identify genes

involved in biological processes of interest and how gene expression is impacted

upon gene editing or use of chemical or biological agonists. Notably, short-read

sequencing technology has reliably been used to quantify changes in gene expression

levels or the inclusion level of individual exons and splice junctions. However,

because short-read RNA-seq relies on fragmenting RNA molecules prior to

sequencing, even advanced computational tools fail at leveraging this ubiquitous

data-type into isoform-level information (Bankevich et al. 2012; Grabherr et al. 2011;

Pertea et al. 2015). Short-read RNA-seq ultimately falls short in providing

comprehensive and accurate full-length isoform structures as well as the level of

expression of each isoform under specific conditions.

More recently, long-read technologies from Pacific Biosciences (PacBio) and

Oxford Nanopore Technologies (ONT) have made great improvements in sequencing

accuracy and throughput and now enable the comprehensive analysis of full-length

cDNA molecules at the transcriptome scale (Gupta et al. 2018; Lebrigand et al. 2020;

Workman et al. 2019). In contrast to RNA-seq, this technology can determine which

isoforms, down to the exact transcription start and poly(A) sites, are expressed at

what level by each gene.

The comprehensive transcriptome scale isoform information these

technologies provide has the potential to remove the need for targeted and work

intensive methods like RT-PCR and 5’/3’ RACE to identify and characterize
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transcript and/or protein isoforms expressed by a gene. Therefore, comprehensive

transcriptome scale isoform information is bound to simplify and improve the

outcome of single gene focused follow up studies which include knock-down and

knock-out experiments, overexpression assays, Western Blots, ELISAs, pull-downs

and many more. This is due to the fact that these assays rely on prior knowledge of

what isoform(s) the gene of interest actually expresses in the condition and

experimental system being investigated. Finally, detailed knowledge of transcription

start sites (TSSs) for each expressed gene in a cell type will also improve the use of

CRISPR interference (CRISPRi) technology to knock down genes because guide

RNAs can be targeted to TSSs with greater accuracy.

To build on our previous work (Byrne et al. 2017; Robinson et al. 2020) and

further push the limits of long-read technology to provide a resource for the innate

immune research community, we set out to generate an isoform-level transcriptome

atlas of macrophage activation by determining 1) what isoform of a given gene is

expressed, 2) at what level, and 3) how isoform and gene expression change

following Toll-like Receptor (TLR) activation.

Macrophages are a key cellular component of the innate immune system

which represents the first line of host defense against infection and is critical for the

development of adaptive immunity (Carpenter et al. 2013; Medzhitov and Horng

2009). Macrophages recognize conserved structures of microbial-derived molecules

or pathogen associated molecular patterns (PAMPs) using TLRs. The regulation of

this TLR repertoire fundamentally alters the response to infection (Kawai and Akira
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2008). TLR activation induces the expression of hundreds of genes that encode

inflammatory response genes including cytokines, type I interferons, antimicrobial

proteins, and regulators of metabolism and regeneration; these molecules in turn

mediate inflammation, anti-microbial immunity, and tissue regeneration.

Here we investigated transcriptional responses of human macrophages treated

with LPS, Pam3CSK4, R848, and Poly(I:C) which activate TLR4, TLR1/2, TLR7/8,

and TLR3, respectively. Using our ONT-based R2C2 method we then generated a

total of ~15 million full-length cDNA reads at a median accuracy >99% (Q20) and

processed this data into isoforms which we characterized in depth and provide

alongside deep Smart-seq2 short-read RNA-seq data as a UCSC Genome Browser

session for easy exploration.
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Results

Experimental setup

To generate a comprehensive isoform-level transcriptome atlas of TLR dependent

macrophage activation, we collected PBMCs from two individuals (Rep1 and Rep2)

from which we isolated monocytes. From these monocytes, we generated monocyte

derived macrophages (MDMs). We treated these MDMs with TLR ligands LPS,

Pam3CSK4 (PAM), R848, or poly(I:C) and included a no treatment (NoStim) control.

After 6 hours, we collected the stimulated and non-stimulated MDMs and proceeded

to extract RNA from each sample. We reverse transcribed the poly(A) fraction of this

RNA using a modified oligo(dT) primer and a template switch oligo to generate

full-length cDNA with known sequences on both ends. We then amplified this cDNA

using PCR and used the resulting double-stranded full-length cDNA as input for both

Illumina-based Smart-seq2 (Picelli, Faridani, et al. 2014) and ONT-based R2C2

(Volden et al. 2018) sequencing protocols (Fig.3.1).
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Figure 3.1 Experimental Design. A schematic of macrophage differentiation and
activation is shown on top. A workflow for data generation is shown at the bottom.
(Top) We generated monocyte derived macrophages (MDMs) from the peripheral
blood mononuclear cells of two individuals (Rep1 and Rep2) by first isolating
monocytes and treating them with MCSF. The resulting macrophages were
stimulated with TLR ligands for 6 hours and then collected. (Bottom) We extracted
RNA and synthesized full-length cDNA which we then processed to generate
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Smart-seq2 and R2C2 libraries for Illumina and Oxford Nanopore Technologies
(ONT) sequencing, respectively. We then performed gene and isoform level
analysis of the resulting sequencing data.

Smart-seq2 based Gene-level Differential Expression Analysis

To identify genes differentially expressed upon TLR activation following treatment

with LPS, Pam3CSK4 (PAM), R848, or poly(I:C), we performed Illumina-based

Smart-seq2 (Picelli, Björklund, et al. 2014) sequencing as previously described

(Byrne et al. 2019; Cole et al. 2020) (Fig.S3.1). We generated approximately 15 - 30

million reads per sample, and processed the resulting data using a standard workflow

which includes STAR (Dobin et al. 2013), featureCounts (Liao, Smyth, and Shi

2014), and DEseq2 (Love, Huber, and Anders 2014). Taking advantage of our

biological replicates, we individually compared the LPS, PAM, R848, and poly(I:C)

conditions to the NoStim control. Each ligand caused the differential expression of

1000-2000 genes. Between all conditions, 454 genes were shared, a varying number

overlapped between three and two stimulants, and some were exclusive to one

stimulant (Fig.3.2A). Using Panther Gene Ontology (GO) analysis (Mi et al. 2010;

Thomas et al. 2003), we observed that genes shared between all stimulants were

strongly enriched for biological processes including “response to cytokine” and

inflammatory response”. Notably, the genes exclusively responding to R848 were

enriched for the “response to organic cyclic compound” biological process, likely

because R848 is an organic cyclic compound.
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Figure 3.2 Gene and isoform level analysis. (A) On the left, the numbers of genes
differentially expressed between non-stimulated macrophages and macrophages
stimulated with the indicated TLR ligands. On the right, genes are grouped if they
were differentially expressed in more than one condition. For example, the 454
genes differentially expressed in all four conditions are shown at the bottom. Above
those, the number of genes differentially expressed in LPS, PAM, and R848, but
not poly(I:C) are shown. (B) Accuracy and length of individual R2C2 reads and
Mandalorion isoforms are shown as swarmplots, with median values indicated by
red lines and numeric values. (C) Different characteristics of genes ordered by
expression are shown in this panel. From the bottom to top this panel shows the
average gene expression in reads per million (RPM) across all conditions, whether
a gene is differentially expressed following LPS, Pam3CSK4 (PAM), R848, or
poly(I:C) stimulation and, whether we identified an isoform for the gene. (D) The
number of isoforms we detect for genes is shown as box plots for genes with
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different expression levels.

R2C2 based Isoform-level analysis

To supplement this gene-level differential expression analysis, we sequenced

the same full-length double-stranded cDNA using our ONT-based R2C2 protocol

(Byrne et al. 2019; Volden et al. 2018; Volden and Vollmers 2020) (Fig.3.1). R2C2

circularizes cDNA and then amplifies the resulting circular DNA to generate long

linear DNA molecules containing concatemeric copies of the initial cDNA. The

resulting long DNA is then sequenced and computationally separated into subreads.

We then combine these subreads to generate accurate consensus reads of the initial

cDNA molecules. To make the creation of this macrophage isoform atlas feasible, we

introduced several improvements to the R2C2 method.

First, we enabled multiplexing of cDNA samples by introducing 8nt sample

barcodes into the oligo(dT) primers as well as using highly distinct DNA splints for

cDNA circularization (Fig.3.1). Throughout the study, we used these two different

indexing strategies to separate technical and biological replicates. Indexing samples

allowed us to sequence samples in pools on the same ONT flow cells, thereby

achieving equal sequencing coverage between samples and minimizing batch effects.

Including pilot experiments that sequenced regular and size-selected cDNA of

NoStim and LPS samples, we generated 14,961,450 R2C2 reads at a median length of

942nt across multiple ONT MinION flow cells (Fig.3.2B).

Second, after performing the pilot experiments, we improved R2C2 per read

accuracy by increasing the raw read length of R2C2 libraries. We accomplished this
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by developing a gentle agarose gel extraction protocol that doubled the raw read

length of our R2C2 libraries from ~5kb to ~11kb. Combined with a new ONT

basecaller, this increased the median per base accuracy of our R2C2 libraries.

Previously, this base accuracy was 97.9% (Cole et al. 2020). Here, our most recent

sequencing runs show an increased base accuracy of 99.45% (Fig.S3.1). Overall, and

including less accurate pilot experiments, the ~15 million reads generated for this

study had a median accuracy of 99.19% (Q21).

Third, to take advantage of this improved accuracy and refine the

identification of isoforms from the R2C2 reads we generated, we developed a new

version of our Mandalorion pipeline (Episode 3.5 - Rogue Isoform) that, amongst

several changes, includes improved consensus generation using the Medaka polishing

tool and improved handling of isoform ends. When applying this pipeline on the

combined ~15 million read data set, we identified 29,637 high confidence isoforms

with a median length of 1554nt and a per base accuracy of 99.94% (Q32) which

matches the current state-of-the-art for ONT-only consensus accuracy (Shafin et al.

2020) (Fig.3.2B).

Enriching DE data set with isoform-level information

Next, we determined which genes these 29,637 isoforms were transcribed

from and to what extent isoform identification was dependent on gene expression

levels. Our Smart-seq2 based analysis identified 20,915 expressed genes (Average

RPM (reads per million) across all conditions and replicates > 0.05). Our R2C2-based

analysis identified at least one isoform for 9,688 (46%) of these genes.
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Our ability to identify at least one isoform for a gene increased if the gene was

expressed at higher levels, i.e. had a higher average RPM (Fig.3.2C). We identified at

least one isoform for 13% of genes between 0.05-3 RPM. This percentage increased

with increasing RPM to 49% (3-5 RPM), 64% (5-10 RPM), 80% (10-20 RPM), and

91% (>20 RPM).

Since differentially expressed genes tended to have higher average expression

(Fig.3.2C), we identified at least one isoform for 1986 of the 2873 (69%) genes

differential expressed in any condition and 363 of 454 (80%) genes differential

expressed in all conditions.

The number of isoforms identified per gene also increased with average RPM

(Fig.3.2D). However, the median number of isoforms per gene did not exceed 3 even

in very highly expressed genes. This is likely due to the Mandalorion filtering settings

we used which discarded isoforms with less than 1% of all the R2C2 reads at a locus

and thereby excluded minority isoforms.

Identifying genes with differentially expressed isoforms

Next, we established a pipeline to - in addition to gene-level differential

expression (DE) - detect genes whose isoforms were differentially expressed between

conditions (Fig.3.3A). While DE pipelines like DEseq2 could be applied to this

problem, they would likely just detect isoforms from differentially expressed genes.

To detect genes whose relative isoform usage differed between conditions (e.g. Gene

A isoform 1 decreases while Gene A isoform 2 increases following stimulation), we

applied a Chi-squared contingency table test.
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Figure 3.3 Differential isoform expression. (A) Workflow of differential isoform
expression analysis. Genes were sub-selected based on expression and differential
expression was determined using a Chi-squared contingency table. (B) Genes are
sorted by the maximum standard deviation of relative isoform usage among its
isoforms. This maximum standard deviation is plotted (red if the gene has been
identified as containing differentially expressed isoforms.) (C) On the left, a
Genome Browser view of the indicated genes is shown with GENCODE v34
annotation on top and identified isoforms below. On the right, the relative usage of
each isoform in each replicate and condition is shown. Relative usage of the most
variable isoform for each gene is highlighted in red.
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For each gene, we first determined all the isoforms transcribed from that gene.

Then we calculated the relative usage (%) for each isoform in each condition by

dividing the number of R2C2 reads associated with that isoform by the number of

R2C2 reads associated with all the isoforms in that condition. We then applied the

Chi-squared contingency test to the resulting isoform-by-condition relative usage

table. To reduce noise, we only tested the 1,872 genes with at least 50 R2C2 reads in

at least two experimental conditions. After Bonferroni multiple testing correction, this

stringent test produced 47 genes with differential isoform usage with α=0.05. 25 of

these 47 (53%) genes were not identified as differentially expressed by the

Smart-seq2 short-read workflow.

The 47 genes are likely to contain isoforms whose usage varies strongly

between conditions. To confirm this, we determined the standard deviation of this

isoform usage between conditions for each isoform in each gene (Fig.3.3B). By

sorting the 1872 genes we tested by the largest standard deviation among their

isoforms, we showed that this Chi-square contingency table test did indeed identify

genes with isoforms that have highly variable usage between conditions.

The majority of these loci featured alternative transcription start sites (TSSs)

which in several cases were located in different and sometimes unannotated first

exons (Fig.3.3C).

Classifying isoforms

To evaluate how frequent the use of unannotated exons is across all isoforms

and how this affects their coding potential, we first categorized the 29,637 isoforms
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we identified. To this end, we used the SQANTI (Tardaguila et al. 2018) algorithm

which associates isoforms with genes and categorizes them as full-splice matches

(FSM), novel in catalog (NIC), novel not in catalog (NNC), incomplete

splice-matches (ISM) and other less abundant categories (Fig.3.4A). FSM and ISM

isoforms are defined as fully (FSM) or incompletely (ISM) matching the

splice-junction chain of an annotated GENCODE transcript. NIC are defined as

isoforms that use annotated splice sites in unannotated configurations. NNCs are

defined as isoforms that use at least one unannotated splice site (Fig.3.4A).
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Figure 3.4 Isoform characterization. (A) On the left, models of different isoform
categories are shown. The models shown for Full-splice matches (FSM), novel in
catalog (NIC), novel not in catalog (NNC), and incomplete splice-matches (ISM)
isoforms all do not contain the CDS of the annotation shown on top. The NNC
model contains a new exon (light pink) and an extension of an annotated exon (dark
pink). On the right, the numbers of identified isoforms that fall into each category
are shown (B) The percentage of isoforms in the different categories that contain
more than one exon, fall within a gene that has a CDS, and contain a CDS of that
gene are shown as nested bar plots. (C) The distance of 5’ and 3’ ends of FSM
isoform to the TSS and TTS of the transcript they are associated with is shown as a
histogram. A transcript model is shown on top to give context to the histograms.
(D) On the left, the ratio of first, middle, and last exons within GENCODE
isoforms, all isoforms identified by Mandalorion, and newly identified exons in
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NNC isoforms are shown. On the right, the lengths of first, middle, and last exons
within these isoform groups are shown as swarm plots with black bars indicating
the median.

FSM isoforms represented 65% (19,161), NIC isoforms represented 19% (5,576),

NNC isoforms represented 7% (2,136), and ISM isoforms represented 6% (1,878) of

the 29,637 isoforms we identified. If they were associated with a protein-coding gene,

isoforms of different categories had different likelihoods to contain a full coding

sequence (CDS) of the gene they were associated with. 94% of FSM, 58% of NIC,

47% of NNC, and 36% of ISM isoforms, which contained more than one exon,

contained a full CDS of the protein-coding gene they were transcribed from

(Fig.3.4B).

FSM isoforms which did not contain a full CDS likely had to differ from the

GENCODE transcript they matched in their TSS and polyA site positions. Indeed, the

5’ and 3’ ends of FSM isoforms varied in their distance to the annotated TSS and

polyA sites of the GENCODE transcript they were associated with (Fig.3.4C). Taking

into account that 5’ and 3’ ends of a FSM isoform may be closer to the TSS or polyA

site of another GENCODE transcript in their respective gene, we determined that, of

the 19,161 FSM isoforms we identified, 276 had 5’ end and 2068 had a 3’ end more

than 500nt away from any annotated TSS or polyA site. The larger number of distant

3’ ends compared to 5’ ends in FSM isoforms could at least in part be explained by

last exons being much longer on average than first exons (Fig.3.4D).
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NIC isoforms, which did not contain a full CDS of the gene they were associated

with, likely contained a new splice junction between Start and Stop codons which

would modify a CDS. NNC isoforms which did not contain a full CDS of the gene

they were associated with might differ from the CDS by a few base pairs to encode a

slightly different splice-junction or contain entirely new exons (Fig.3.4A).

Identifying new exons in NNC isoforms

Next, we focused on NNC isoforms to annotate new exons. We defined a new

exon as a part of a transcript whose genomic location does not overlap with a known

exon at all (Fig.3.4A). In the 2,136 NNC isoforms we identified 721 new exons of

which 203 were first and 294 were last exons. If new exons were distributed equally

among the exons of the 29,637 isoforms we identified, we would expect 89 new first

and last exons, indicating that first and last exons are over-represented in this set of

new exons (Fig.3.4D, left).

Further, these new exons were shorter than exons in the GENCODE

annotation (v34) or all exons identified by Mandalorion (Fig.3.4D, right).

Importantly, the length of new first, middle, and last exons followed the trend of

annotated exons with last exons being 2-3x longer than first and middle exons.

Finally, the vast majority of new exons could be validated with short read

Smart-seq2 data. Splice junctions leading into these exons (one for first/last exons,

two for internal exons) were present in Smart-seq2 reads generated from the same

cDNA pool in 665 of 721 (92%) exons. This established that these new exons are

highly likely to be present in the cDNA we generated.
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Capturing macrophage-specific lncRNA isoforms

In addition to identifying new exons, NNC isoforms were particularly helpful

in redefining long non-coding RNA (lncRNA) loci. 7% of NNC isoforms were

associated with lncRNA genes as compared to 3% for both FSM and NIC isoforms.

This is likely due to the fact that lncRNA are often expressed at lower levels in a

more tissue specific manner than protein-coding genes which complicates their

comprehensive annotation (Derrien et al. 2012). Our data set enables the investigation

of these lncRNAs and their role in macrophage activation.

In addition to NNC isoforms, isoforms falling into the SQANTI “intergenic”

category are also likely to represent non-coding transcripts since protein-coding genes

have been exhaustively mapped in the human genome. In total, 184 isoforms were

categorized as “intergenic” defined as not overlapping any locus in the Gencode (v34)

annotation. Of these 184 isoforms, 57 contained more than one exon. These 57

multi-exon isoforms in turn grouped into distinct 38 loci. Only 6 of these 38 loci

overlapped with putative lncRNA loci assembled from deep short-read data (Cabili et

al. 2011). This showed that investigating specific cell types under different treatments

has the potential to identify new previously unobserved lncRNA loci.

Enabling easy data exploration

While annotations like GENCODE are indispensable for any genomic

experiment, they are insufficient when aiming to experimentally follow up potential

hits from a screen or an RNA-seq experiment. Our data set addresses this by

providing information on which of the potentially numerous isoforms present in (or
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absent from) the Gencode annotation is actually expressed by a gene of interest and at

what level it is expressed compared to other isoforms of that gene. To enable this type

of exploration of the data set is available as a custom UCSC genome browser session

(https://genome.ucsc.edu/s/vollmers/IAMA). This session contains gene expression

information, isoform models and quantification, as well as R2C2 and Smart-seq2 read

tracks.
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Figure 3.5 Data exploration. A screenshot of the IAMA session in the UCSC
genome browser is shown. From the top, GENCODE annotation, Mandalorion
Isoforms, Smart-seq2 based gene expression (bar graphs), Smart-seq2 (histogram),
and R2C2 reads. Highlighted are Smart-seq2 and R2C2 reads for just one replicate
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and two conditions to demonstrate the IAMA browser session and for space-saving
purposes. The complete IAMA session for both replicates and all TLR-activated
conditions are available here (https://genome.ucsc.edu/s/vollmers/IAMA).

To demonstrate the user interface of the IAMA browser session, we highlight

an overlapping pair of lncRNA - LINC01181 and BAALC-AS - which both appear to

be differentially upregulated by all TLR ligands based on short-read RNA-seq data.

Inspecting these overlapping loci in the genome browser shows that only a very small

number of R2C2 reads align to BAALC-AS and that short non-directional RNA-seq

reads assigned to BAALC-AS are therefore likely derived from LINC01181 cDNA.

Inspecting the isoforms based on these R2C2 reads also shows no match for

BAALC-AS but several for LINC01181 (Fig.3.5). Of the eight spliced isoforms in the

LINC01181 locus, none match but some fully contain the annotated LINC01181

transcript. Hovering over the isoforms shows that Isoform_136603_75 is expressed

the highest in the LPS condition, taking up 48% of R2C2 reads in that condition. The

reference-corrected sequence of Isoform_136603_75 can then be retrieved for

down-stream analysis by clicking its model.
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Discussion

For investigators interested in the in-depth analysis of a gene’s expression and

function in a specific cell-type under defined experimental conditions, current efforts

to annotate and quantify transcriptomes fall short. This is due to two major limitations

of these efforts: 1) the use of short-read RNA-seq methods which precludes the

identification and quantification of isoforms, and 2) efforts using long-read methods

are mostly limited to the analysis of a limited number of cell-types, almost always at

baseline, which will miss isoforms specific to a different cell-type and under different

experimental conditions.

The data set and exploration options we present here will be of real-world use

to researchers investigating human macrophages at both baseline and after TLR

activation and could provide a blueprint for future studies combining short and

long-read transcriptome analysis.

The analysis of the transcriptome we generated shows that differential isoform

expression between conditions exists but is limited and most often associated with the

differential usage of transcription start sites (TSSs) which is similar to observations

we have previously made in mouse and human macrophages (Robinson et al. 2020).

This shows that the splicing of genes itself is very similar between the conditions we

investigated.

We further show that most isoforms we identify match the splice-junction

chain of an annotated isoform exactly but often not its TSS and polyA sites. We also

detect hundreds of new exons, enriched for first and last exons. The absence of these
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exons from the Gencode annotation may be caused by technical or biological

limitations of previous studies and annotation efforts. Short-read RNA-seq, which is

most often used as the foundation for annotation, is characteristically struggling with

capturing transcript ends. Further, these new exons might only be expressed in naive

or activated macrophages and even then at fairly low levels.

While we believe the entire data set presents a unique window into macrophage

biology, the main purpose in creating it was to enable researchers to better understand

their gene or genes of interest. We hope that researchers that, for example, might be

interested in a particular gene expressed in macrophages after LPS activation will

select the isoform with the highest expression in that condition from our data set to

synthesize its exact sequence for follow up studies or to, for example, locate its

promoter for CRISPRi experiments.

In most cases, the isoform selected from our data set would be different from

an isoform picked arbitrarily from an annotation database. Even if the most abundant

isoform of a gene was a FSM isoform, it would likely match one of several annotated

isoforms for that gene in the GENCODE annotation and might have different TSS

and poly sites than the annotated isoform it is matching. Further, in 1028 genes in this

data set, the most abundant isoform was a NIC or NNC isoform which by definition

aren’t present in the GENCODE annotation. Ultimately, the isoform-level

transcriptome we generated here should contain valuable information for the vast

majority of medium and highly expressed genes in macrophages.
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Finally, while long-read full-length cDNA sequencing is still too expensive to

replace routine RNA-seq, the additional isoform-level information provided by

full-length cDNA sequencing should make it a valuable addition to target

identification and characterization workflows.
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Materials and Methods

Data and availability

ONT raw sequencing data is available from the Sequence Read Archive (SRA) under

Bioproject PRJNA639136. Illumina raw sequencing data is available from the SRA

under Bioproject PRJNA660772.

Processed data can also be explored as a UCSC Genome Browser session at

https://genome.ucsc.edu/s/vollmers/IAMA

Cell culture

Peripheral blood mononuclear cells (PBMCs) isolated from the buffy coats of healthy

blood donors (Stanford Blood Center) were separated by density gradient

centrifugation using Ficoll-Paque PLUS (GE Healthcare) followed by 3X washes in

HBSS (Sigma Aldrich, H6648), then resuspended in complete RPMI-1640 (Gibco,

11875093) supplemented with 5 mL pen/strep (100X, Gibco, 15140122), 10% FCS

(Gibco, 16140-071), 12.5 ml HEPES (1M, Gibco, 15630-080), 5 ml NEAAs (100X,

Life Sciences, SH3023801), 5 ml GlutaMax (100X, Gibco, 35050-061), 5 ml

Na-Pyruvate (100 mM, Gibco, 11360-070), 500μl ciprofloxacin (10mg/ml, Acros,

AC456880050) and plated onto 10-cm tissue culture plated dishes. Non-adherent

cells were removed after 2 hours of incubation at 37°C in 5% CO2. The remaining

cells were expanded and differentiated into macrophages by culturing cells in the

presence of recombinant human M-CSF (R&D, 216-MC-025, 50ng/mL). Cells were

cultured for 8 days with the replacement of culture medium every 2 days. Cells were

stimulated for 6 h at the following concentrations: LPS (200 ng/ml), Pam3CSK4 (200
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ng/ml), poly(I:C) (50 μg/ml), and R848 (1μg/mL). Unstimulated cells were collected

at the same time point for use as control.

RNA extraction

Total RNA was purified from cells using Direct-zol RNA MiniPrep Kit (Zymo

Research, R2072) and TRIzol reagent (Ambion, T9424) according to the

manufacturer’s instructions. RNA was assessed for purity using a nanodrop

spectrometer (Thermo Fisher). RNA was quantified using a Qubit Fluorometer

(Thermo Fisher) and Qubit™ RNA HS Assay Kit (Thermo Fisher, Q32852).

cDNA synthesis

For each of these samples, 100-200ng of total RNA was used to generate full-length

cDNA using a modified Smart-seq2 protocol[13]. RNA was reverse transcribed using

Smartscribe RT (Clontech). For each sample, reverse transcription was primed with a

different OligodT primer containing 30 Ts, a 10nt sample index, and a universal

ISPCR priming site. The reverse transcription reaction also contained a template

switch oligo (TSO-Smart-seq2) to attach the same universal priming site to the 5’ end

of transcripts. After reverse transcription, RNA and primer dimers were digested

using RNAseA and Lambda Exonuclease (NEB) after which cDNA was amplified

using the Kapa Biosystems HiFi HotStart ReadyMix (2X) (KAPA) with the following

heat-cycling protocol: 37°C for 30 minutes, 95°C for 30 seconds followed by 12

cycles of (98°C 20 seconds; 67°C 15 seconds; 72°C for 6 minutes). The reaction was

then purified using SPRI beads at a 0.65:1 ratio (to retain cDNA longer than 500bp)

and eluted in H2O.
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Smart-seq2 library preparation

For each of the samples we processed, Smart-seq2 libraries were generated as

previously described. In short, full-length cDNA was then tagmented with Tn5

enzyme loaded with Tn5ME-A/R and Tn5ME-B/R adapters. The Tn5 reaction was

performed using 50ng of cDNA in 5ul, 1 µl of the loaded Tn5 enzyme, 10 µl of H2O

and 4 µl of 5× TAPS-PEG buffer and incubated at 55°C for 5 min. The Tn5 reaction

was then inactivated by the addition of 5 µl of 0.2% sodium dodecyl sulphate and 5

µl of the product was then nick-translated at 72°C for 6 min and further amplified

using KAPA Hifi Polymerase (KAPA) using a distinct set of indexing primers for

each sample and an incubation of 98°C for 30 s, followed by 13 cycles of (98°C for

10 s, 63°C for 30 s, 72°C for 2 min) with a final extension at 72°C for 5 min. The

resulting Illumina library was sequenced on an Illumina NextSeq500 1x75 run.

R2C2 library preparation

Amplified cDNA was then sequencing on the Oxford Nanopore Technologies (ONT)

MinION sequencer using the R2C2 method[14,16,17,23]. In short, 100ng of cDNA is

circularized using 100ng of a DNA splint (Table S8) and 2x NEBuilder HiFi DNA

Assembly Master Mix (NEB). This mix was incubated at 50C for 60 minutes.

Non-circularized cDNA was digested by adding 5ul of NEBuffer 2, 3ul Exonuclease

I, 3ul of Exonuclease III, and 3ul of Lambda Exonuclease (all NEB) and adjusting the

volume to 50ul using H2O. This reaction was then incubated 37°C for 16hr followed

by a heat inactivation step at 80°C for 20 minutes. Circularized DNA was then

extracted using SPRI beads with a size cutoff to eliminate DNA <500 bp (0.65
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beads:1 sample) and eluted in 40 μL of ultrapure H2O. Circularized DNA was split

into four aliquots of 10 μL, and each aliquot was amplified in its own 50-μL reaction

containing Phi29 polymerase (NEB) and exonuclease resistant random hexamers

(Thermo) [5 μL of 10× Phi29 Buffer, 2.5 μL of 10 uM (each) dNTPs, 2.5 μL random

hexamers (10 uM), 10 μL of DNA, 29 μL ultrapure water, 1 μL of Phi29]. Reactions

were incubated at 30 °C overnight. T7 Endonuclease was added directly to each

reaction which was then incubated at 37°C for 2h with occasional agitation. The

debranched DNA was then size-selected by either using SPRI beads at a 0.5:1 ratio

(pilot experiments) or agarose gel extraction.

For the agarose gel extraction, debranched DNA was pooled and concentrated using

DNA Clean & Concentrator-5 columns (Zymo Research) and >5kb DNA was then

excised from a 1% DNA low-melt agarose gel. Agarose was then melted at 65°C for

10 minutes, transferred to 42°C and digested by immediate addition of 2ul of

beta-agaraseI (NEB) per 300ul of melted gel and incubation at 42°C for 1h.

Undigested Agarose was then pelleted by centrifugation (14000RPM for 7 minutes in

microcentrifuge) and the DNA in the supernatant was extracted using SPRI beads at a

0.7:1 ratio.

The resulting DNA was sequenced on MinION 9.4.1 flowcells. For each run, 1ug of

DNA was prepared using the LSK-109 kit according to the manufacturer’s

instructions with only minor modifications. End-repair and A-tailing steps were both

extended from 5 minutes to 30 minutes. The final ligation step was also extended to
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30 minutes. Depending on pore status, runs were DNAseI treated and reloaded after

24 or 48 hours

Smart-seq2 data analysis

Data in demultiplexed fastq files was aligned to the human genome (hg38) using

STAR and standard settings. Gene expression was determined using featureCounts

(-O -g gene_name -a) and GENCODE v34[28]. Differential gene expression was then

determined using DESeq2[20].

R2C2 data analysis

Data in Fast5 format were basecalled using the bonito research basecaller (version

0.0.5) (https://github.com/nanoporetech/bonito). The resulting fasta files were

converted to fastq files by adding a constant Q15 quality score to each base. To

generate R2C2 consensus reads we processed and demultiplexed the resulting fastq

files using our C3POa pipeline (https://github.com/rvolden/C3POa).

To identify and quantify isoforms we combined data from all samples and used the

3.5 version of Mandalorion (-O 0,40,0,40 -r 0.01 -i 1 -w 1 -n 2 -R 5)

(https://github.com/rvolden/Mandalorion) which uses the minimap2 [29], racon [30],

Medaka (https://github.com/nanoporetech/medaka), and abpoa[31] tools. Isoforms

were categorized using the sqanti_qc.py script of the SQANTI [25]. To identify new

exons we used the ProcessSqantiClassification.py utility of Mandalorion. To

investigate protein-coding potential of isoforms, we translated all three possible

reading frames of each isoform using BioPython[32] and checked whether these

translations contained a CDS sequence provided by GENCODE [28]. For differential
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isoform expression we used the Chi-squared contingency test as implemented in

SciPy [33] on data excluding the pilot experiments. For further analysis and

visualization of data we used both the Numpy [34] and Matplotlib [35] Python

libraries.
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Figure S3.1 Read characteristics of different R2C2 libraries. Accuracy, cDNA
insert length, and ONT raw read length of individual R2C2 reads are shown for
different R2C2 libraries as swarmplots, with median values indicated by red lines
and numeric values. Splint-indexed 1, OligodT-indexed 1, and OligodT indexed 2
libraries were size-selected by gel excision with OligodT-indexed 2 undergoing the
most stringent size-selection.
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Conclusion

The work I present here provides several novel findings on NF-κB regulation and

provides a foundation for future investigators interested in examining macrophage

biology, innate immunity and inflammation. For many years, the majority of studies

have focused solely on protein coding genes. However, based on most the recent

version of Gencode (v37), statistics show that the total number of long non coding

RNAs (lncRNAs) are almost equal (~18,000) to the number of protein coding genes

(~20,000). This begs the question as to what all this RNA is doing? Is it all

biologically relevant? How do we study such a vast unknown amount of genes, and

which ones are functional, especially with regards to innate immunity?

In the first chapter, we take a one-at-a-time approach to elucidate the role of a

lncRNA in controlling inflammatory gene expression. We identify GAPLINC as a

lncRNA conserved in both humans and mice that is cytosolicaly expressed and

regulates NF-κB target genes. More surprisingly, we find GAPLINC plays a key role

in modulating endotoxic shock, and show that Gaplinc-knockout mice are 100%

protected from LPS-induced shock as compared to wildtype control. In the future, it

would be interesting to delve further into the mechanism of action - how does

GAPLINC affect NF-κB translational efficiency? What are the interacting players? In

our survival studies, we see sex differences in the survival response in our knockout

mice. Additional questions to pursue would be: Why do female knockout mice do

better? Is it X-chromosome or hormone-related?
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Additionally, we have recently generated a GAPLINC overexpressing transgenic

mouse line. If we cross the transgenic to a knockout mouse, can we then reverse the

phenotype that we see in the survival studies? The story of GAPLINC leaves many

exciting new avenues for exploration. Until then, I am excited to see the story

continue and develop over the next few years.

In the second chapter, we utilize an unbiased approach to study protein coding

and noncoding genes in macrophage cells. Using the CRISPR/Cas9 system, we

adopted a pooled screening approach to systematically disrupt gene expression. We

developed an NF-κB reporter cell line where 5 NF-κB response elements were

inserted upstream of a minimal promoter to drive GFP expression. Upon NF-κB

activation, this cell line expresses the GFP reporter gene. We generated a library to

target all protein coding genes and noncoding genes in mouse macrophages, and used

FACs to sort the top and bottom 20% GFP expressing cells after LPS stimulation for

24h to identify both negative and positive regulators of the pathway. Next, we

performed next-generation sequencing to sequence the guide RNAs to determine

what gene was targeted. This screen highlights a more efficient way to elucidate gene

function and interestingly, helped identify novel TNF biology. From our screen, we

identified TNF as a negative regulator, where knockdown of TNF resulted in

increased Il6, a major proinflammatory cytokine. These results appeared

contradictory at first as it is well known that TNF is a strong proinflammatory

cytokine. Upon further research, we found that TNF can bind to two receptors, and

the one typically associated with proinflammatory signaling is p55, and the one
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considered a negative regulator, is p75. Expression data shows that after LPS

stimulation, p55 is highly present at baseline and changes little after stimulation, but

p75 is strongly induced after stimulation. Upon further validation, we confirmed that

membrane bound TNF can act as a negative regulator and work in an autocrine

fashion. By developing a high-throughput approach to interrogate gene expression in

macrophages, we now have a strong foundation to carry out future work using

alternative CRISPR systems, such as CRISPR inhibition (CRISPRi) or CRISPR

activation, where a catalytically inactive Cas9 is fused to a repressor or activation

domain to inhibit or activate gene expression, respectively. Together these tools will

allow us to better interrogate gene function.

Lastly, the third chapter is a resource paper providing isoform-level

transcriptome information in primary human macrophages. Using a long read

sequencing approach, we were able to identify 1) what isoform of a given gene is

expressed, 2) at what level, and 3) how isoform and gene expression change

following TLR activation. With this resource, we accurately identify the 5’ and 3’

ends of each transcript, removing the need for targeted and time-consuming assays

like RT-PCR and 5’/3’ RACE. Additionally, we determined isoform usage at baseline

and after TLR activation. Most of these isoforms matched the splice-junction chain of

an annotated isoform exactly but often not its transcription start site (TSS) and polyA

sites. In addition, we detected hundreds of new exons, enriched for first and last

exons that were not available in the current annotation. The intent of this resource is

for researchers to better design assays to characterize their gene of interest. For
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example, if one is interested in a particular gene expressed in macrophages after LPS

stimulation, they can select the most abundant isoform expressed upon TLR4

activation and synthesize its exact sequence to generate an overexpression construct,

or for example, locate its promoter to design optimal guides for CRISPRi studies.

Additionally, gene expression data of each gene along with gene expression of its

neighboring genes is provided. For lncRNAs, this resource makes it incredibly easy to

determine if a gene has the potential to function in cis and regulate the expression of

its neighboring genes. This entire data set presents a unique opportunity for others to

easily explore the data using the built-in UCSC Genome Browser feature and find an

interesting candidate for further study and research.
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