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SUMMARY

Fibrolamellar carcinoma (FLC) is a rare, therapeuti-
cally intractable liver cancer that disproportionately
affects youth. Although FLC tumors exhibit a distinct
gene expression profile, the chromatin regulatory
landscape and the genes most critical for tumor
cell survival remain unclear. Here, we use chromatin
run-on sequencing to discover �7,000 enhancers
and 141 enhancer hotspots activated in FLC relative
to nonmalignant liver. Bioinformatic analyses reveal
aberrant ERK/MEK signaling and candidate master
transcriptional regulators. We also define the genes
most strongly associated with hotspots of FLC
enhancer activity, including CA12 and SLC16A14.
Treatment of FLC cell models with inhibitors of
CA12 or SLC16A14 independently reduce cell
viability and/or significantly enhance the effect of
the MEK inhibitor cobimetinib. These findings high-
light molecular targets for drug development, as
well as drug combination approaches.
INTRODUCTION

Fibrolamellar carcinoma (FLC) is a rare type of liver cancer that

predominantly affects adolescents and young adults with no

prior history of liver disease (Craig et al., 1980; Torbenson,

2012). Currently, surgical resection is the only effective treatment

for FLC; however, most patients have metastatic disease at the

time of diagnosis, making surgical cures difficult (Stipa et al.,

2006). While some patients have been successfully treated

with chemotherapy and molecular therapies, there is no stan-

dard treatment regimen (Torbenson, 2012). Furthermore, FLC

is often drug resistant and frequently recurs following initial treat-

ment (Maniaci et al., 2009), underscoring the need to develop

effective therapies for this cancer.

FLC is genetically characterized by a �400-kb heterozygous

deletion on chromosome 19 that leads to the formation of the

DNAJB1-PRKACA fusion (Honeyman et al., 2014). This fusion
This is an open access article under the CC BY-N
occurs in at least 80% of patients (Cornella et al., 2015; Honey-

man et al., 2014) and is sufficient to drive liver tumor formation in

mice (Engelholm et al., 2017; Kastenhuber et al., 2017). Multiple

groups have performed genome-scale analyses to identify dys-

regulated genes (Cornella et al., 2015; Dinh et al., 2017; Griffith

et al., 2016; Malouf et al., 2014; Simon et al., 2015; Sorenson

et al., 2017; Xu et al., 2015), long non-coding RNAs (Dinh et al.,

2017), and microRNAs (Dinh et al., 2019; Farber et al., 2017) in

FLC. Yet, little is known about the chromatin regulatory mecha-

nisms that lead to aberrant FLC gene expression or which of the

dysregulated genes are most critical for FLC tumor formation

and/or survival.

Precise spatial and temporal regulation of gene expression is

essential to many biological processes. One class of cis-regula-

tory elements that plays a major role in transcriptional regulation

of gene expression is enhancers. Enhancers are classically

defined as stretches of non-coding DNA that promote transcrip-

tion of target genes irrespective of genomic context, orientation,

and, to a substantial extent, distance (Blackwood and Kado-

naga, 1998). Enhancers are often cell-type specific, allowing pre-

cise spatiotemporal control of gene transcription in different cell

types within an organism (Heintzman et al., 2009; Nord et al.,

2013). Recent work suggests that there are at least tens of thou-

sands of active enhancers in any given cell type (Dunham et al.,

2012). Active enhancers serve as binding sites for transcription

factors, transcriptional coactivators, and RNA polymerase and

are thought to interact with their cognate promoters through

three-dimensional (3D) looping, explaining their ability to act

over long distances (Long et al., 2016).

Recent studies have shown that active enhancers are tran-

scribed to produce enhancer RNAs (eRNAs; Kim et al., 2010;

De Santa et al., 2010). Genome-wide identification of enhancers

by detection of eRNAs has recently become possible by

coupling nascent transcription (run-on) assays with high-

throughput sequencing (e.g., global run-on sequencing [GRO-

seq] and precision run-on sequencing [PRO-seq]). GRO-seq

(Core et al., 2008) and PRO-seq (Kwak et al., 2013) require isola-

tion of cellular nuclei, making the application of thesemethods to

primary tissue extraordinarily difficult. To overcome this limita-

tion, chromatin run-on sequencing (ChRO-seq) was developed

to extend the technique and permit analysis of primary fresh or
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frozen tissue (Chu et al., 2018). Additionally, the advent of a sister

technique called length extension ChRO-seq (leChRO-seq) per-

mits investigation of samples with degraded RNA (Chu et al.,

2018). These technical advances finally enable the study of

nascent transcription at enhancer, promoter, and gene loci in

fresh or archived primary human tumor tissues. ChRO-seq was

recently successfully used to identify distinct transcriptional pro-

grams in different subtypes of glioblastoma multiforme (Chu

et al., 2018).

Here, we perform ChRO-seq in primary FLC and matched

nonmalignant liver (NML) samples. As FLC is a rare adolescent

cancer, we worked closely with the Fibrolamellar Cancer Foun-

dation (FCF; https://fibrofoundation.org) over multiple years to

accumulate samples for this study. In order to bolster the num-

ber of NML samples, we leverage publicly available enhancer

and super enhancer data generated for an additional 14 human

liver-derived samples from the super enhancer database SEdb

(Jiang et al., 2019). By integrating our ChRO-seq analyses with

RNA sequencing (RNA-seq) data, we identify 16 genes strongly

associated with aberrant enhancer activity in FLC. Overall, our

study defines for the first time the chromatin regulatory land-

scape in FLC, identifies the genes most strongly associated

with FLC-specific enhancer hotspots, and reveals that

mitogen-activated protein kinase (MAPK) pathway inhibition,

as well as SLC16A14 or CA12 inhibition alone or in combination,

represents molecular therapeutic strategies that merit further

investigation.

RESULTS

Mapping Nascent Transcription and Transcriptional
Regulatory Elements in FLC
To identify transcriptional regulatory elements (TREs) in FLC, we

performed (le)ChRO-seq on 14 FLC samples and 3 matched

NMLs (Figure 1A; Tables S1 and S2). All FLC tumor samples ex-

pressed the DNAJB1-PRKACA fusion (Table S2). The bio-

informatic pipeline for sequencing data processing and genome

mapping is provided in STAR Methods. After removing adapters

and PCR duplicates, we obtained an average of �17.9 million

mapped reads per sample (Table S2). We observed a buildup

of transcriptional signal at transcription start sites (TSS) and

the start of exons (Figure S1A), consistent with previous reports

(Core et al., 2008; Kwak et al., 2013). A total of 153,478 unique

TREs across all samples were detected using dREG, a previ-

ously published algorithm that identifies TREs from run-on

sequencing experiments (Danko et al., 2015; Wang et al.,

2019). The majority of TREs are embedded in intronic (43.98%)

and intergenic (31.49%) regions, with 17.63% of TREs located

close to TSSs (Figure 1B). As expected, TREs close to TSSs

are responsible for the majority of the ChRO-seq signal across

all TREs (Figures S1B and S1C). On average, the TREs are

413 bp in length (Figure 1C), consistent with the 50–1,500 bp

length previously proposed for enhancers (Blackwood and Ka-

donaga, 1998; Parker et al., 2013). We did not observe major dif-

ferences in TRE length based on genomic context or overlapwith

CpG islands (Figures S1D and S1E). Hierarchical clustering and

principal-component analysis demonstrate that transcription at

TREs stratifies FLC from NML samples (Figures 1D and 1E).
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Interestingly, clustering based on transcription at distal TREs

maintains the stratification between FLC and NML, whereas

clustering with proximal TREs does not (Figures 1D and 1E).

Distal TREs (hereafter, referred to as enhancers) stratify FLC

and NML better than gene body transcription, mRNA expression

profiles, and microRNA expression profiles (Figures 1D and 1E;

Figure S1F), indicating that enhancer activity is more cell-type

and condition specific than these other data types.

Identification of FLC-Specific TREs
In order to identify TREs that aremore actively transcribed in FLC

relative to NML, we quantified ChRO-seq reads within each TRE

across all samples and used the DESeq2 algorithm (Love et al.,

2014) to perform differential transcription analysis (Figure 2A).

This approach led to the identification of 6,824 TREs that are

significantly more actively transcribed in FLC (Figures 2B and

2C; false discovery rate [FDR] < 0.05, log2(fold change) > 0).

We refer to these as FLC-specific TREs. We also identified

1,317 NML-specific TREs. Most FLC- and NML-specific

TREs are located in intronic, intergenic, and TSS regions and

do not show major differences in TRE length (Figures S2A and

S2B).

Transcription factor motif enrichment analysis of condition-

specific TREs using HOMER (Heinz et al., 2010) revealed signif-

icant enrichment in FLC-specific TREs for motifs of FOSL2/JUN

(AP-1) and CREB (Figure 2D), both of which are activated by

MAPK signaling. Similar analysis of NML-specific TREs showed

enrichment for HNF4Amotifs (Table S3). Additionally, analysis of

the promoters of genes nearest to FLC-specific TREs using the

Genomic Regions Enrichment of Annotations Tool (GREAT;

McLean et al., 2010) revealed the most significant enrichment

for motifs of CREB family members ATF2, CREB1, and ATF3,

aswell as JUN (Figure 2E). Separate examination of FLC-specific

promoters (proximal TREs) and enhancers (distal TREs) revealed

promoter enrichment of E2F6, MYB, and FOSL1 (Figure 2F;

Table S3) and enhancer enrichment of FOSL2/JUN and CREB

(Figure 2G). We found that 2,129 (38.2%) FLC-specific en-

hancers contain FOSL2/JUN motifs and 1,090 (19.6%) contain

CREB motifs. FLC-specific TREs that did not contain FOSL2/

JUN or CREB motifs were enriched in HES2 and SOX1 motifs

(Table S3). Our results suggest that FLC is characterized by an

aberrant map of regulatory elements strongly associated with

several key transcription factors, including those from the

CREB, AP-1, E2F, and MYB families.

Identification of Genes Associated with the Highest
FLC-Specific Enhancer Density
To predict which genes are regulated by FLC-specific TREs, we

first defined a genomic window around each TSS. As most pro-

moter-enhancer interactions occur within a few hundred

kilobases (Javierre et al., 2016), we defined a 100-kb window up-

stream and downstream of each gene’s TSS. Next, we quanti-

fied the number of FLC-specific enhancers within each window

(Figure 3A). As anticipated, we observed that genes with more

FLC-specific enhancers in their windows are more highly tran-

scribed in FLC than NML compared to genes with fewer FLC-

specific enhancers in their windows (Figure 3B). However, it is

important to note that only some of the enhancers within a

https://fibrofoundation.org


Figure 1. ChRO-Seq Analysis of Fibrolamellar Carcinoma (FLC) and Nonmalignant Liver (NML) Tissue

(A) Diagram of (le)ChRO-seq workflow.

(B) Bar graph showing the distribution of genomic locations of TREs identified by ChRO-seq. Genomic locations are defined by HOMER using GENCODE v25

annotations.

(C) Length distribution of TREs identified by ChRO-seq.

(D) Heatmap of pairwise correlation analysis of TRE activity profiles. Hierarchical clustering was performed using Euclidean distance and Ward’s minimum

variance method. Color bar shows Spearman’s correlation coefficient. TREs were classified based on GENCODE v25 annotations.

(E) Principal-component analysis of TRE activity profiles. Analyses were performed using the 1,000 most variable TREs following variance stabilizing trans-

formation (DESeq2). The axes display the first two principal components and the variance explained by each component. PC, principal component; TSS,

transcription start site; TTS, transcription termination site.
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Figure 2. Identification of FLC-Specific TREs and Transcription Factor Binding Site Enrichment

(A) Diagram of ChRO-seq workflow to identify FLC-specific TREs and enriched transcription factor motifs.

(B) Volcano plot displaying differentially transcribed TREs in FLC compared to NML. Dashed lines represent FDR = 0.05 (horizontal) and log2(fold change) = 0

(vertical).

(C) Venn diagram showing the total number of TREs and TREs that are FLC or NML specific.

(D, F, and G) Tables showing results of HOMER transcription factor motif enrichment in FLC-specific TREs compared to non-FLC-specific TREs (D), FLC-specific

promoters compared to non-FLC-specific promoters (F), and FLC-specific enhancers compared to non-FLC-specific enhancers (G). Full results are shown in

Table S3. p values were calculated by HOMER using the binomial test.

(E) GREAT analysis of predicted promoter motifs in genes associated with FLC-specific TREs. p values were calculated by GREAT using the binomial test.
gene’s window are likely to regulate that gene. We address this

point more quantitatively later in the paper.

We next ranked genes actively transcribed in FLC (ChRO-seq:

transcripts per million [TPM] R 25) according to the number of

FLC-specific enhancers in their windows. The top-ranked gene

from this analysis is SLC16A14 (Figure 3C; Table S4). We also
4 Cell Reports 31, 107509, April 14, 2020
observed that CA12 and LINC00473, two genes that are overex-

pressed in FLC (Dinh et al., 2017), have very high densities of

FLC-specific enhancers. Since we had discovered that motifs

of both FOSL2/JUN and CREB are enriched in FLC-specific

TREs (Figure 2D), we next focused on target genes of these tran-

scription factors in FLC. Specifically, we ranked genes by the



Figure 3. Identification of Genes Near Dense Clusters of FLC-Specific Enhancers

(A) Schematic of the approach used to link FLC-specific enhancers to candidate genes. Genewindowswere defined as 100 kb upstream and 100 kb downstream

of each TSS.

(B) Cumulative distribution function and boxplots (inset) showing the relationship between the number of FLC-specific enhancers within each gene window and

the transcriptional fold change in FLC compared to NML. Genes were binned based on the number of FLC-specific enhancers within their gene window and

included in the analysis if they were transcribed with a threshold of TPM> 1 (ChRO-seq) in either FLC or NML.

(C–F) Genes ranked based on the density of FLC-specific enhancers (C), FLC-specific enhancers with FOSL2/JUNmotifs (D), FLC-specific enhancers with CREB

motifs (E), or FLC-specific enhancers with both FOSL2/JUN and CREB motifs (F) within their gene windows. Genes were included in the analysis if they were

highly transcribed (ChRO-seq TPM R 25).

(G) Protein-protein interaction (PPI) hub enrichment of genes with at least one FLC-specific enhancer containing both FOSL2/JUN and CREBmotifs within 100 kb

of the TSS. PPI p values were calculated by Enrichr using Fisher’s exact test.
density of FLC-specific enhancers that contain one or more

FOSL2/JUN or CREB motifs. On the basis of these criteria,

SLC16A14 has the highest density of FLC-specific enhancers

containing FOSL2/JUN motifs (Figure 3D). CA12 is also highly

ranked in this version of the analysis. TNRC6C and LINC00473

have the highest and second highest density of FLC-specific en-

hancers containing CREB motifs, respectively (Figure 3E).

Importantly, these FLC-specific enhancers also contain pre-

dicted binding sites for several other transcription factors (Fig-

ure S4), and therefore, the target genesmay not be solely depen-

dent on FOSL2/JUN or CREB.
Next, we found that genes with at least one nearby FLC-spe-

cific enhancer containing either a FOSL2/JUN or CREBmotif are

overrepresented in the MAPK signaling pathway (KEGG 2016,

p = 0.032, Fisher’s exact test) and significantly enriched for

MAPK1 (ERK2) targets and interacting proteins (protein-protein

interaction [PPI] hub proteins, p = 5.4 3 10�6, Fisher’s exact

test). We then ranked genes according to the density of FLC-

specific enhancers containing both FOSL2/JUN and CREB mo-

tifs (Figure 3F) and observed that genes with at least one nearby

FLC-specific enhancer containing both FOSL2/JUN and CREB

motifs are enriched for MAPK1 and MAPK3 (ERK1) targets and
Cell Reports 31, 107509, April 14, 2020 5



Figure 4. Identification of Candidate Target Genes of Individual FLC-Specific Enhancers

(A) Schematic of the approach used to link individual FLC-specific enhancers to candidate target genes.

(B) Cumulative distribution function of the Pearson correlation coefficient from all gene-enhancer pairs within 100 kb and the null distribution (interchromosomal

gene-enhancer pairs). The statistical significance of correlation coefficients was determined by constructing a null distribution of correlation coefficients from

genes and enhancers on different chromosomes. From this null distribution, empirical p values were calculated and adjusted for multiple testing using the

Benjamini-Hochberg (FDR) procedure.

(C) Plot showing the number of total FLC-specific TREs, enhancers, and enhancers linked to genes.

(D–F) Histograms of the distance between linked genes and enhancers (D), number of gene targets linked to each enhancer (E), and number of enhancers linked to

each target gene (F).

(G) Ranked dot plot showing the number of enhancers linked to each target gene. Dots in red indicate the top 5% of genes based on number of linked enhancers

(R4 linked enhancers).

(legend continued on next page)
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interacting proteins (Figure 3G). Taken together, these results

suggest that the regulation of genes such as CA12, SLC16A14,

and LINC00473 by FLC-specific enhancers may be mediated

at least in part through FOSL2/JUN and CREB and that these

transcription factors may contribute to and/or result from dysre-

gulated MAPK signaling.

Identification of FLC-Specific Enhancer Target Genes
Our gene-window analyses (Figure 3) identified genes that may

be regulated by FLC-specific enhancers. However, nearby

genes may have the same TREs within their windows. In order

to more confidently link individual FLC-specific enhancers with

putative gene targets, we correlated enhancer activity to gene

transcription levels across all FLC tumors, as described previ-

ously (Corces et al., 2018). Correlations between transcriptional

activity of enhancers and genes within 100 kb of each other were

compared to a null distribution of inter-chromosomal enhancer-

gene pairs to calculate p values (Figures 4A and 4B). Windows

larger and smaller than 100 kb had reduced power to detect

statistically significant gene-enhancer correlations (Figure S3A).

Using an FDR < 0.1, we linked 1,697 FLC-specific enhancers to

putative target genes (Figures 4B and 4C). As expected, we

observed that the frequency of predicted gene-enhancer links

decreases with increasing distance between them (Figure 4D).

We found that most enhancers are linked to only one or two

genes (mean = 1.33; Figure 4E) and most genes are linked to

only one or two enhancers (mean = 1.78, Figure 4F). The top

5% of genes (in terms of enhancer connectivity) are each linked

to at least 4 enhancers (Figure 4G; Table S5). The top 5% in-

cludes FAM19A5, LINC00473, VCAN, SLC16A14 (Figure 4H),

and CA12 (Figure 4I), which are putatively linked to 20, 9, 9, 9,

and 6 FLC-specific enhancers, respectively (Figures 4G–4I and

S4; Table S6). Interestingly, while CA12 is not highly transcribed

in NML, there is a substantial amount of ChRO-seq signal at the

promoter (Figure 4I), indicative of polymerase pausing. This is

unlike what we observe at the SLC16A14 locus (Figure 4H),

where there is no ChRO-seq signal in NML even at the TSS.

This observation suggests that transcriptional pausing may be

another mechanism that regulates CA12 expression. Therefore,

CA12may be poised for expression, whereas the SLC16A14 lo-

cus is completely inactive in NML and dramatically rewired for

activation in FLC.

Defining FLC-Specific Enhancer Hotspots
Super enhancers are non-coding regions exhibiting unusually

high transcriptional activity (Hnisz et al., 2013; Lovén et al.,

2013; Whyte et al., 2013) and are important regulators of cell

identity (Hnisz et al., 2013; Whyte et al., 2013) and key cancer

genes (Hnisz et al., 2013; Lovén et al., 2013). We used an algo-

rithm analogous to ones previously used to define super en-

hancers from chromatin immunoprecipitation and sequencing

(ChIP-seq) data (Lovén et al., 2013; Whyte et al., 2013) to identify

clusters of enhancers that have remarkably high transcriptional
(H and I) Genome snapshot of the SLC16A14 (H) and CA12 (I) loci. Shown in the

specific TREs containing CREB motifs (blue), FLC-specific TREs containing FOS

JUN motifs (purple), and all other FLC-specific TREs (black). Transcriptional sign

and NML show similar levels of paused polymerase for CA12 (peak at TSS), but
activity in FLC, but not in NML (Figure 5A; see STAR Methods).

Using FLC-specific enhancers as input, we identified 141 dense

clusters with especially high FLC-specific transcriptional activity

(Figure 5B). Because these loci consist of only FLC-specific en-

hancers instead of all enhancers present in FLC, we refer to them

as ‘‘FLC-specific enhancer hotspots’’ rather than FLC super

enhancers.

As super enhancers regulate key cancer drivers (Lovén et al.,

2013), we linked each FLC-specific enhancer hotspot to the

closest gene that is both robustly transcribed (ChRO-seq: TPM

R 25) and significantly increased in transcription (ChRO-seq:

FDR < 0.05, log2(fold change) R 1) in FLC compared to NML.

Several of these genes have been consistently linked to FLC,

including CA12, SLC16A14, LINC00473, OAT, TMEM163, and

TNRC6C. Others, such as FAM19A5, have not previously been

reported as dysregulated in FLC and represent candidate onco-

genes. Enrichment analysis of genes linked to FLC-specific

enhancer hotspots revealed significant overrepresentation in

the MAPK signaling pathway (Figure 5C) and enrichment for

MAPK1 targets (Figure 5D). Correlation analysis using the

ARCHS4 database (Lachmann et al., 2018) demonstrated that

these genes are also strongly linked to JUN expression (Fig-

ure 5E), consistent with our previous analysis that JUN may be

a key factor in the transcriptional regulation of these genes.

To determine the uniqueness of the FLC-specific enhancer

hotspots, we compared them to previously identified super en-

hancers in SEdb (Jiang et al., 2019). This database contains

325,607 super enhancers from more than 540 human samples

across over 240 cell and tissue types, including 14 from normal

human liver, primary hepatocytes, and multiple cell lines,

including HepG2 and Huh7. We found that 10 FLC-specific

enhancer hotspots are not present in any sample in SEdb.

Notably, this includes those linked to SLC16A14 and FAM19A5

(Figures 5F and 5G; Table S5), indicating that the mechanisms

of transcriptional regulation of these genes may be unique in

FLC. FLC-specific enhancer hotspots associated with

LINC00473 and CA12 showed minimal intersection with super-

enhancers in SEdb (Figure 5G), overlapping 12 and 37 super en-

hancers, respectively. Additionally, 72 FLC-specific enhancer

hotspots, including those associated with LINC00473 and

CA12, did not overlap with super enhancers from any of the 14

liver-derived samples.

To further investigate the uniqueness of the 10 FLC-specific

enhancer hotspots not present in SEdb, we cross-referenced

these enhancer hotspots to individual enhancers identified by

the ENCODE, FANTOM5, and NIH Roadmap Epigenomics con-

sortia (see STAR Methods). Only one FLC-specific enhancer

hotspot (located near MRC1) did not overlap any individual en-

hancers recorded in the three databases mentioned above, sug-

gesting this enhancer hotspot is truly unique to FLC (Figure 5H).

We recalculated the signal for the same 10 FLC-specific super-

enhancers, including only those individual enhancers that do

not overlap with any enhancers from the three databases. Only
diagram are computationally predicted gene-enhancer links (red arcs), FLC-

L2/JUN motifs (green), FLC-specific TREs containing both CREB and FOSL2/

al from the plus and minus strand are shown in red and gray, respectively. FLC

FLC has significantly more gene body transcription.

Cell Reports 31, 107509, April 14, 2020 7
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the revised stitched enhancers close to MRC1 and SLC16A14

exhibited enough transcriptional activity (ChRO-seq signal) to

still meet the threshold set in our original analysis for an enhancer

hotspot. These results suggest that there is a substantial amount

of enhancer activity that is potentially completely unique to FLC

at the MRC1 and SLC16A14 loci.

High-Confidence Candidate Oncogenes in FLC
The genes significantly correlated with FLC-specific enhancers

and significantly associated with FLC-specific enhancer hot-

spots represent genes that likely drive key oncogenic attributes

of FLC cells. To further refine this list and identify high-confi-

dence candidates, we integrated our ChRO-seq results with

RNA-seq data from 23 FLC samples (Tables S1 and S6), ten of

which also underwent ChRO-seq analysis. We selected genes

that were identified as both significantly correlated with FLC-

specific enhancers (Figure 4G) and linked to FLC-specific

enhancer hotspots (Figure 5B). These genes were then filtered

to identify those that are both highly transcribed (ChRO-seq:

TPM R 25, fold change R 5, FDR < 0.2) and expressed (RNA-

seq: normalized counts R 100, fold change R 5, FDR < 0.2) in

FLC relative to NML. Integration of both ChRO-seq and RNA-

seq data ensures that the transcriptional changes of these genes

are maintained at the steady-state RNA level. The final list

harbored 16 genes (Figure 6A; Tables S6 and S7). Half of these

genes have been previously implicated in drug resistance

(CA12, COL4A1, HSPA1B, IRF4, KIF26B, LINC00473,

SLC16A14, TESC, and VCAN), and 10 of them are connected

to elevated MAPK/ERK activity (BACE2, CA12, COL4A1,

FAM19A5, HSPA1B, IRF4, KIF26B, LINC00473, TESC, and

VCAN; Table S7).

We selected eight of these genes (CA12, FAM19A5, HSPA1B,

LINC00473, OAT, SLC16A14, TESC, and VCAN) for further

investigation. We chose SLC16A14 and LINC00473 because

they have high densities of FLC-specific enhancers with

FOSL2/JUN (Figure 3D) and CREB motifs (Figure 3E), respec-

tively; FAM19A5 because it has the greatest number of signifi-

cantly correlated enhancers (Figure 4G); TESC and VCAN

because they have previously been strongly implicated in drug

resistance (Lee et al., 2018; Li et al., 2017; Man et al., 2014), a

salient feature of FLC (Maniaci et al., 2009; Torbenson, 2012);

CA12 and OAT because we have previously identified them as

candidate markers of FLC (Dinh et al., 2017) and because

CA12 is a prominent mediator of drug resistance in other cancer

types (Boyd et al., 2017; Doyen et al., 2013; Kopecka et al., 2016;

Yoo et al., 2010); and HSPA1B because it encodes a member of
Figure 5. Discovery of FLC-Specific Enhancer Hotspots and Associate

(A) Schematic of the approach used to identify FLC-specific enhancer hotspots.

(B) Stitched enhancers are ranked based on the sum of the transcriptional signal f

denote FLC-specific enhancer hotspots.

(C–E) Results of enrichment analysis of genes associated with FLC-specific enha

database (E). p values were calculated by Enrichr using Fisher’s exact test.

(F) Venn diagram showing the overlap between FLC-specific enhancer hotspots

(G) Dot plot showing the number of overlapping super enhancers within SEdb fo

(H) Stacked bar graph examining the 10 FLC-specific enhancer hotspots that d

enhancer hotspot were examined for overlap with any enhancer from ENCODE, FA

bar indicates the total number of individual enhancers that comprise that enhance

signal in individual unique enhancers to meet the threshold originally determined
the heat shock protein 70 (HSP70) family, which interacts with

the DNAJB1-PRKACA fusion found in FLC (Turnham et al.,

2019). We also selected one gene that only appears in the

FLC-specific enhancer hotspot analysis (RPS6KA2) and another

from the gene-enhancer correlation (FZD10) analysis for further

investigation (Figure 6A).

We compared the expression of these genes in FLC to other

cancer types within The Cancer GenomeAtlas (TCGA) and found

that SLC16A14 is more highly expressed in FLC than any other

cancer type (Figure S5). FAM19A5, LINC00473, CA12, TESC,

and VCAN are also highly expressed in FLC, in addition to

several other cancer types within TCGA (Figure S5). We also

compared SLC16A14 expression in FLC compared to normal

tissues within the Genotype-Tissue Expression (GTEx) database

and found substantially higher levels of SLC16A14 in FLC than

any other normal tissue (Figure S5I).

SLC16A14, CA12, LINC00473, RPS6KA2, and VCAN Are
Responsive to DNAJB1-PRKACA
While the genes we selected are overtranscribed (Figure 6B) and

overexpressed (Figure 6C) in FLC relative to NML, it is unclear

whether this dysregulation is directly caused by the DNAJB1-

PRKACA fusion. To determine whether DNAJB1-PRKACA is suf-

ficient to perturb these genes of interest, we took advantage of

two murine models of FLC. In the first model, C57BL/6 mice un-

dergo hydrodynamic tail vein injection to introduce a transposon

expressing humanDNAJB1-PRKACA into their livers and are fed

a diet including 0.1% of 3,5-diethoxycarbonyl-1,4-dihydrocolli-

dine (DDC), eventually forming FLC-like liver tumors (Kasten-

huber et al., 2017). We examined the expression of our genes

of interest in the resulting liver tumors compared to livers from

mice injected with an empty vector control. Car12 (the mouse

homolog of human CA12) and Slc16a14 displayed significantly

higher expression of samples expressing DNAJB1-PRKACA

compared to control (Figure 6D). The second model is the

AML12 cell line that has undergone CRISPR/Cas9 gene editing,

resulting in a heterozygous deletion analogous to the endoge-

nous event in humans, leading to the formation ofDnajb1-Prkaca

(Dinh et al., 2019; Turnham et al., 2019). When we examined the

expression of the genes of interest in AML12 cells expressing

Dnajb1-Prkaca, we found that Car12 and Slc16a14, as well as

Rps6ka2 and Vcan, are significantly elevated compared to

wild-type (WT) controls (Figure 6E).

As LINC00473 is a primate-specific long non-coding RNA

(lncRNA) (Reitmair et al., 2012), we used an alternative non-mu-

rine model to study its regulation. We stably overexpressed the
d Candidate Key Oncogenes

rom each constituent FLC-specific enhancer. Points in red (within the gray bar)

ncer hotspots based on KEGG 2016 (C), PPI hub proteins (D), and the ARCHS4

and all super enhancers in SEdb.

r each FLC-specific enhancer hotspot.

o not overlap with super enhancers in SEdb. Individual enhancers from each

NTOM5, and NIH Roadmap Epigenomics databases. The number above each

r hotspot. Bars outlined in black designate genes that have sufficient enhancer

for FLC-specific enhancer hotspots.
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Figure 6. Evaluation of the Effect of DNAJB1-PRKACA on Gene Expression of Candidate FLC Oncogenes

(A) Venn diagram showing overlap of genes linked to FLC-specific enhancer hotspots and genes with activity levels significantly correlated with that of FLC-

specific enhancers. Genes in bold indicate those shown in (B) and (C).

(B and C) Boxplots showing transcription (B) and RNA expression (C) in FLC compared to NML. *p < 0.05, **p < 0.01, ***p < 0.001 (Wald test, DESeq2).

(D) Gene expression in liver tissue and tumors expressing empty (pT3-Empty) and fusion-containing (pT3-DNAJB1-PRKACA) transposon, respectively. Data from

three biological replicates are presented.

(legend continued on next page)
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fusion in the HepG2 human hepatoma cell line. DNAJB1-

PRKACA expression dramatically increased LINC00473 expres-

sion compared to an enhanced green fluorescent protein (EGFP)

control (Figure S5H). WT PRKACA also increased LINC00473

expression. However, the magnitude of LINC00473 induction

was significantly larger with the fusion compared to WT

PRKACA, indicating that something other than canonical PKA

activity (possibly the DNAJB1 domain) is relevant for robust in-

duction of LINC00473. Importantly, stable expression of a ki-

nase-dead mutant of DNAJB1-PRKACA (K128H) did not in-

crease LINC00473 expression (Figure S5H), indicating that the

kinase activity of the fusion is necessary for induction of expres-

sion. To determine if LINC00473 might be responsive to PKA

fusions in other contexts, we examined a cholangiocarcinoma

dataset (Nakamura et al., 2015) that characterized tumors with

fusions involving PRKACA or PRKACB with ATPase Na+/K+

transporting subunit beta 1 (ATP1B1). Interestingly, the exons

of PRKACA retained in the ATP1B1-PRKACA fusion are the

same as in DNAJB1-PRKACA. Using RNA-seq data generated

for this dataset, we examined the relationship between PKA

fusions and the expression of LINC00473. Tumors with

PKA fusions demonstrated significantly higher expression of

LINC00473 than tumors without PKA fusions (Figure 6F), indi-

cating that LINC00473 is responsive to PKA activity in alternative

fusion events. Our results suggest that DNAJB1-PRKACA is suf-

ficient to perturb the expression of CA12, SLC16A14, VCAN,

RPS6KA2, and LINC00473 in the specific disease models we

used and that this regulation is dependent upon (at least for

LINC00473) the kinase activity of DNAJB1-PRKACA.

Suppression of SLC16A14 or CA12, Either Alone or in
Combination with a MAPK Inhibitor, Reduces Viability of
FLC Cell Models
Our results thus far suggest that MAPK signaling regulates FLC

pathogenesis (Figures 3G, 5C, and 5D). To confirm that MAPK

signaling is overactive in FLC, we measured the levels of phos-

phorylated MEK and ERK in WT and Dnajb1-Prkaca-expressing

AML12 cells (Figures 7A and 7B). As expected, we observed

dramatically increased phospho-MEK and phospho-ERK in cells

expressing the fusion compared to WT cells. Treatment of

AML12 cells expressing Dnajb1-Prkaca with the MEK inhibitor

cobimetinib resulted in a dose-responsive decrease in cell

viability (Figure 7C–7F). Both SLC16A14 and CA12 (Car12),

which we identified as prominent FLC-enhancer-hotspot associ-

ated genes, have been implicated in drug resistance in other

cancers (Doyen et al., 2013; Januchowski et al., 2014; Kopecka

et al., 2016), and CA12 has been reported previously as a medi-

ator of the effects of the MAPK pathway (Hsieh et al., 2010).

Knockdown of Slc16a14 by small interfering RNA (siRNA)

dramatically reduced viability of AML12 cells expressing

Dnajb1-Prkaca, and also increased the potency of cobimetinib

(Figures 7C and 7D). Knockdown of Car12 did not have much
(E) Gene expression in WT AML12 cells and a clone expressing Dnajb1-Prkaca.

(F) Expression of LINC00473 in cholangiocarcinoma samples with and without P

percentiles of the data while whiskers display points lower than the 25th and gre
#p < 0.05 (two-sided Mann-Whitney U test). RQV, relative quantitative value.
of an effect on its own but in combination with cobimetinib did

significantly reduce cell viability compared to cobimetinib alone

(Figures 7E, 7F, and S6A).

We next tested whether inhibition of MAPK signaling reduces

viability of human FLC tumor cells. First, we derived a primary

human FLC cell line from a patient-derived xenograft (PDX)

model by optimizing previously described protocols (Dinh

et al., 2019; Liu et al., 2017; see STAR Methods). Treatment

with cobimetinib reduced ERK phosphorylation as expected

(Figure 7G) and significantly decreased FLC cell viability (Fig-

ure 7H), but only at higher doses of the drug. This effect was

confirmed across three distinct derivations of the FLC cell line

(Figures 7H and S6B), each of which was positive for DNAJB1-

PRKACA expression. Our results suggest that FLC cells are sus-

ceptible to MAPK inhibition; however, the doses needed for a

cytotoxic effect indicate an intrinsic level of drug resistance in

these cells.

We hypothesized that inhibition of CA12 in FLC cells may miti-

gate the intrinsic drug resistance because of the results in the

AML12 cells expressing Dnajb1-Prkaca (Figure 7E) and because

an effective CA12 inhibitor, SLC-0111, is currently in clinical trials

as combination therapy for metastatic pancreatic cancer. We

found that pharmacological suppression of CA12 with SLC-

0111 in FLC cells significantly enhances the potency of cobime-

tinib at the 500 nM dose (Figures 7H and S6B). Again, this effect

was confirmed across three distinct derivations of the FLC cell

line. We quantified the interaction between cobimetinib and

SLC-0111 using the combination index (CI). SLC-0111 and cobi-

metinib combination treatment resulted in a synergistic response

(CI = 0.00686 (0.5 mM cobimetinib + 100 mM SLC-0111) and

0.000791 (0.5 mM cobimetinib + 200 mM SLC-0111) in FLC2,

where CI < 1 indicates synergy). To determine whether CA12 in-

teracts with the MAPK signaling pathway, we inhibited either

MEK or CA12. Cobimetinib treatment resulted in decreased

ERK phosphorylation as expected but had no effect on CA12

expression (Figure 7G). However, treatment with SLC-0111

reduced phosphorylated MEK and ERK levels (Figure 7J), sug-

gesting that CA12 may function, at least in part, upstream of

the MAPK signaling pathway. Taken together, our results sug-

gest that the MAPK signaling pathway is dysregulated in FLC

and that inhibition of this pathway, in combination with pharma-

cological suppression of CA12 or inhibition of SLC16A14, repre-

sents an exciting candidate molecular therapeutic approach.

DISCUSSION

FLC is a devastating cancer affecting young adults with limited

treatment options. Thus, there remains a great need to identify

potential therapeutic targets. Here, we have analyzed primary

FLC tumors and matched NML samples to map the unique

enhancer landscape of FLC. One of the goals of this study was

to discover master candidate regulators of dysregulated gene
Data from three biological replicates are presented.

KA fusions. Data are shown as boxplots. Boxes shown the 25th, 50th, and 75th

ater than the 75th percentiles. *p < 0.05, **p < 0.01 (two-sided Welch’s t test),
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Figure 7. Identification of Potential Therapeutic Vulnerabilities in FLC

(A and B) Western blot in WT AML12 cells and AML12 cells expressing theDnajb1-Prkaca fusion demonstrating elevated MEK (A) and ERK (B) phosphorylation in

cells expressing the fusion. Data are representative of two or more independent experiments.

(C and E) Cell viability quantified by crystal violet staining in AML12 cells expressing theDnajb1-Prkaca fusion. Cells were treated with a siRNA targeting Slc16a14

(C) and Car12 (E) or a control siRNA and multiple concentrations of the MEK inhibitor cobimetinib. Data are presented from three or more independent

experiments.

(D and F) Representative wells for cells treated with multiple concentrations of cobimetinib and siRNA targeting Slc16a14 (D) andCar12 (F) or a control siRNA and

stained with crystal violet. Data are representative of more than three experiments.

(G) Western blot in FLC cells treated with 2.5 mM cobimetinib and probed with antibodies detecting CA12 or phosphorylated ERK. Data are representative of two

independent experiments.

(H) Cell viability quantified by CellTiter-Glo in FLC cells treated with cobimetinib alone or the combination of cobimetinib and SLC-0111. All comparisons between

DMSO and treatment were statistically significant (p < 0.01). Data are presented from five or more biological replicates from a single FLC cell line derivation.

Results from additional cell line derivations are shown in Figure S6.

(I) Western blot in FLC cells treated with 200 mM SLC-0111 and probed with antibodies detecting CA12, phosphorylated MEK, or phosphorylated ERK. Data are

representative of two independent experiments. **p < 0.01, ***p < 0.001 (two-sided Mann-Whitney U test).
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expression and signaling in FLC. We took advantage of the new

technique (le)ChRO-seq (Chu et al., 2018), which allowed us to

perform run-on sequencing on frozen primary tumors. (le)

ChRO-seq also allows quantification of both enhancer activity

and gene transcription from a single experiment, thereby avoid-

ing possible confounders associated with using multiple

different assays.

Our analysis reveals that transcription at distal TREs (i.e., en-

hancers) stratify FLC from NML samples better than transcrip-

tion at proximal TREs or gene bodies, similar to previous reports

(Corces et al., 2016, 2018). These findings are consistent with

other studies (Franco et al., 2018; van Groningen et al., 2017;

Ooi et al., 2016) that have shown enhancer activity is more sen-

sitive than gene expression for sample classification (e.g., tu-

mor-normal, tumor subtypes, cell types). Unlike other methods

to identify enhancers, such as assay for transposase-accessible

chromatin using sequencing (ATAC-seq) or ChIP-seq for

enhancer-associated histone modifications or proteins, ChRO-

seq identifies active regulatory elements as well as actively tran-

scribed genes. This advantage allowed us to correlate enhancer

and gene transcription within the same assay and provided a

more direct output of enhancer function (transcription) than

steady-state RNA levels, which reflect cumulative effects of

transcriptional, co-transcriptional, and post-transcriptional reg-

ulatory processes.

Our finding that FLC-specific TREs are enriched in motifs of

FOSL2/JUN and CREB is noteworthy for several reasons. First,

CREB is a well-validated substrate of WT PKA (Shaywitz and

Greenberg, 1999) and is hyperphosphorylated in FLC compared

to adjacent liver (Xu et al., 2015). Second, CREB transcriptionally

activates LINC00473 (Chen et al., 2016, 2018; Reitmair et al.,

2012) and represses miR-375 (Keller et al., 2012), the latter of

which is a candidate tumor suppressor in FLC (Dinh et al.,

2019). Third, CREB and AP-1, a heterodimer consisting of FOS

and JUN subunits, regulate each other (Ma et al., 2014; Sanyal

et al., 2002). Finally, CREB and AP-1 are both activated by the

MAPK signaling pathway (Ginty et al., 1994; Karin, 1995; Wu

et al., 2001; Xing et al., 1996), which is dysregulated in FLC (Turn-

ham et al., 2019). While we identified FOSL2/JUN and CREB as

the two most significantly enriched motifs in FLC-specific TREs,

additional motifs are also significantly enriched (Table S3) and

may play important roles in FLC pathogenesis.

To identify putative targets of FLC-specific enhancers, we em-

ployed computational approaches based on enhancer density

and signal correlation. We identified 141 FLC-specific enhancer

hotspots, defined as dense clusters of enhancers with especially

high transcriptional activity (similar to the concept of super

enhancers). As superenhancers regulate cell identity and onco-

genes (Hnisz et al., 2013; Lovén et al., 2013), our findings sug-

gest that these FLC-specific enhancer hotspots may regulate

genes important in the formation, progression, and/or mainte-

nance of FLC. Super enhancers are regulated by the bromodo-

main protein BRD4 (Lovén et al., 2013), and BRD4 inhibitors

such as JQ1 (Filippakopoulos et al., 2010) disrupt super

enhancer function (Gryder et al., 2017; Lovén et al., 2013;

Mack et al., 2018; Peeters et al., 2015). Pharmacological disrup-

tion of the FLC-specific enhancer hotspots we have described

here may represent an alternative therapeutic approach for FLC.
Transcriptomic studies in FLC have identified hundreds of

dysregulated genes (Dinh et al., 2017; Malouf et al., 2014; Simon

et al., 2015). To narrow down the list of candidate genes most

important to FLC pathogenesis, we identified the genes most

strongly associated with FLC-specific ‘‘super enhancer’’-like re-

gions, which have been reported previously in studies of other

tumor types to be nearby to critical cancer genes (Hnisz et al.,

2013; Lovén et al., 2013). Using this method, we identified 16

high-confidence candidate oncogenes in FLC. Some of these

genes, including LINC00473 andCA12, have been characterized

in other cancers previously. LINC00473 is known to be overex-

pressed in FLC (Dinh et al., 2017) and other cancers (Chen

et al., 2016, 2018; Shi et al., 2017) and promotes chemothera-

peutic resistance in colon cancer (Wang et al., 2018) and head

and neck squamous cell carcinoma (Han et al., 2018). CA12

has been linked to drug resistance in multiple cancer types

(Boyd et al., 2017; Doyen et al., 2013; Kopecka et al., 2016),

and we have previously demonstrated that it is overexpressed

in FLC (Dinh et al., 2017). Other genes, including SLC16A14

and FAM19A5, are relatively understudied and merit deeper

investigation.

In addition, we have demonstrated that CA12, SLC16A14,

VCAN, and RPSK6A2 are responsive to DNAJB1-PRKACA in

at least one of two different genetically engineered murine

models of FLC. However, we did not notice a significant induc-

tion of expression for several of the other FLC enhancer-hot-

spot-associated genes, even though they are overexpressed in

primary FLC tumors. There are several possible explanations

for this observation. First, the murine models we used might

have species-specific differences in gene regulation compared

to human. Second, these genes might not be directly down-

stream of DNAJB1-PRKACA but induced due to another pro-

cess during tumor initiation or progression. For example, certain

genes may be induced during or in response to the development

of tumor fibrosis within FLC tumors. Although this is a distinctive

feature of primary human FLCs, current mouse models lack this

characteristic, providing a possible explanation for the observed

differences. While this is indicative of a critical need for better

model systems, our results using two murine models suggest

that at leastCA12,SLC16A14, VCAN, andRPS6KA2 are respon-

sive to DNAJB1-PRKACA. Alternative models may be necessary

to study the remaining genes. For example, since LINC00473 is a

primate-specific lncRNA, we used the HepG2 cell line stably ex-

pressing DNAJB1-PRKACA to demonstrate LINC00473 is

responsive to the fusion.

Harnessing well-characterized inhibitors of some of these

DNJAB1-PRKACA-responsive, FLC super enhancer-associated

genes may represent an expedient avenue for new FLC thera-

peutics. One notable example is an inhibitor of CA12, SLC-

0111, currently in clinical trials for metastatic pancreatic cancer.

Most of the genes we identified here are not currently targeted by

drugs or inhibitors; nonetheless, alternative strategies exist to

target cells uniquely expressing these genes. Drugs conjugated

to antibodies or aptamers that can bind to cell-surface proteins

that are specific to cells of interest, such as SLC16A14 in FLC

cells, represent an emerging strategy for targeting tumor cells.

Examination of SLC16A14 expression in the GTEx database

demonstrated substantially higher expression in FLC tumors
Cell Reports 31, 107509, April 14, 2020 13



than any other normal tissue, indicating that it may be a useful

molecular beacon for such approaches. For non-cell-surface

proteins, this method can be modified by engineering T cells

that recognize themajor histocompatibility complex (MHC) class

I presenting specific peptides from the protein of interest.

Leveraging the knowledge gained in this study to develop new

targeted therapeutic approaches remains an important goal.

In this study, we computationally predicted gene-enhancer

interactions. However, future experiments will be important

to confirm these interactions experimentally and carefully

dissect 3D regulatory interactions in FLC. For example,

methods based on chromosome conformation capture, such

as Hi-C, can identify and confirm global chromosomal interac-

tions, while methods based on luciferase assays, such as self-

transcribing active regulatory region sequencing (STARR-seq)

or other massively parallel reporter assays, can validate the

regulatory activity of identified enhancers. More refined

dissection of individual or subsets of enhancers using

CRISPR/Cas9 genome editing will confirm functional gene-

enhancer links and identify the specific nucleotides within en-

hancers that are essential for such regulation. Combinatorial

CRISPR-inhibition (CRISPRi) studies that identify the collec-

tion of the most critical FLC-specific enhancers that regulate

the transcription of key genes, such as CA12 and

SLC16A14, will also be very interesting experiments to pur-

sue. Our ChRO-seq experiments were conducted with pri-

mary tumors, which contain a heterogenous mixture of cells.

Our results therefore represent an aggregation across all cell

types present. Going forward, single-cell experiments will be

necessary to dissect the role of transcriptional regulatory net-

works in epithelial, stromal, immune, and other cell types

within primary tumors.

Our analyses show that a large proportion of the genes that

are associated with FLC-specific enhancers function in drug

resistance, including LINC00473 (Han et al., 2018; Wang

et al., 2018), VCAN (Li et al., 2017), and CA12 (Boyd et al.,

2017; Doyen et al., 2013; Kopecka et al., 2016; Yoo et al.,

2010). This suggests that high expression of these genes may

be responsible for the strong drug resistance phenotype

observed in FLC. Thus, a viable therapeutic strategy to combat

drug resistancemay be to combine inhibitors of drug resistance

genes with presently available therapeutics. For example,

ongoing clinical trials for metastatic pancreatic cancer are

focused on combining SLC-0111, a CA12 inhibitor, with the

standard therapeutic gemcitabine (https://clinicaltrials.gov,

NCT: NCT03450018).

Finally, we have demonstrated in this study that genes

associated with the MAPK signaling pathway are strongly dys-

regulated in FLC. Importantly, while our ChRO-seq results

point to significantly dysregulated MAPK signaling, pathway

analysis of dysregulated genes from RNA-seq data did not

identify MAPK signaling as significantly perturbed, highlighting

differences between these two methodologies. In each cell

line derivation, inhibition of the MAPK pathway significantly

reduced cell viability, but most effectively in the micromolar

range, suggesting these cells exhibit intrinsic drug resistance

similar to what has been reported in patients. Combination

treatment of MEK inhibitor with the CA12 inhibitor SLC-0111
14 Cell Reports 31, 107509, April 14, 2020
resulted in enhanced potency compared to MEK inhibitor

alone indicating that CA12 inhibition in combination with addi-

tional therapeutics might be a viable treatment strategy for

FLC. Importantly, inhibitors targeting multiple members of

the MAPK cascade are in clinical use for the treatment of

other cancers, and SLC-0111 is currently in clinical trials for

metastatic pancreatic cancer. Repurposing these therapeu-

tics for FLC patients may provide more effective treatments

than the limited options currently available. Although we

have demonstrated that inhibition of CA12 enhances the po-

tency of MEK inhibitors, inhibition of other FLC enhancer-hot-

spot-associated genes that are potentially involved in drug

resistance, such as SLC16A14, TESC, or VCAN, may provide

additional therapeutic benefit. Indeed, knockdown of

Slc16a14 in AML12 cells expressing Dnajb1-Prkaca both en-

hances the potency of cobimetinib and demonstrates sub-

stantial cytotoxic activity alone.

There are some key limitations to our work that warrant

future attention. First, the human FLC cell culture model we

have developed, although an important advance for a field

that has struggled for lack of disease models, is still limiting,

because it remains somewhat difficult to maintain after multi-

ple passages. It is important to continue to improve the cul-

ture conditions for this model to enable long-term passaging,

which will open opportunities for the CRISPR-based studies

we mentioned above to evaluate the regulatory functions of

specific enhancers. Second, as the FLC cells are derived

from a PDX model and can be co-cultured with irradiated

mouse fibroblasts, we observe a murine component in each

derived cell line (see STAR Methods). However, experiments

across multiple cell line derivations with varying degrees of

murine component produced similar results (Figures 7H, 7I,

S6B, and S6C). These observations underscore the need for

additional models of FLC, including new cell lines. The cell

lines described here are all derived from the only published

FLC PDX model (Oikawa et al., 2015); therefore, derivations

from additional PDX models will be important as they become

available. Third, primary tumors used are heterogenous and

contain many different cell types. Single-cell studies will be

necessary to tease out the signal contribution of various cell

types and identify gene-enhancer interactions present in tu-

mor, immune, and stromal cells. Furthermore, this cellular het-

erogeneity is not reflected in currently available models. The

development of more heterogenous cell culture models of

FLC will be important to further validate the importance of

the putative regulatory interactions we have identified. Exam-

ination of tumor-stromal interactions may be of particular

importance in FLC, in which stromal components make up a

large proportion of primary tumors.

In sum, we have used ChRO-seq to map the transcriptional

and enhancer landscape of FLC. The genome-scale information

provided by ChRO-seq allowed us to identify candidate master

transcriptional regulators of FLC and high-confidence candidate

FLC oncogenes, demonstrating the power of such genomic ap-

proaches. Follow-up functional studies in murine AML12 cells

expressing Dnajb1-Prkaca and a newly derived human FLC cell

culture revealed candidate molecular therapeutic strategies

for FLC.

https://clinicaltrials.gov
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit monoclonal anti-CA12 Cell Signaling Technology Cat# 5865; RRID: AB_10835212

Rabbit polyclonal anti-phospho-p44/42

MAPK (Erk1/2) (Thr202/Tyr204)

Cell Signaling Technology Cat# 9101; RRID: AB_331646

Rabbit monoclonal anti-phospho-MEK1/2

(Ser217/221)

Cell Signaling Technology Cat# 9154; RRID: AB_2138017

Rabbit polyclonal anti-PKAalpha cat Santa Cruz Biotechnology Cat# sc-903; RRID: AB_2268772

Rabbit monoclonal anti-TBP Cell Signaling Technology Cat# 44059; RRID: AB_2799258

Rabbit polyclonal anti-vinculin Cell Signaling Technology Cat# 4650; RRID: AB_10559207

Bacterial and Virus Strains

Lentivirus: pLV-EF1a-DNAJB1-

PRKACA_K128H-IRES-Puro

This paper N/A

Lentivirus: pLV-EF1a-PRKACA-IRES-Puro This paper N/A

Lentivirus: pLV-EF1a-DNAJB1-PRKACA-

IRES-Puro

Dinh et al., 2019 N/A

Lentivirus: pLV-EF1a-EGFP-IRES-Puro Dinh et al., 2019 N/A

Biological Samples

Patient-derived FLC tissues Fibrolamellar Cancer

Foundation (FCF)

N/A

Chemicals, Peptides, and Recombinant Proteins

SUPERase In RNase Inhibitor Thermo Fisher Scientific Cat#: AM2694

cOmplete Protease Inhibitor Cocktail Roche Cat#: 11873580001

RNase Cocktail Enzyme Mix Thermo Fisher Scientific Cat#: AM2286

Biotin-11-CTP Perkin Elmer Cat#: NEL542001EA

Hydrophilic Streptavidin Magnetic Beads New England Biolabs Cat#: S1421S

Cobimetinib Sigma Cat#: ADV465749767; CASRN:

934660-93-2

SLC-0111 (U-104) Selleck Chemicals Cat#: S2866; CASRN: 178606-66-1

Critical Commercial Assays

CellTiter-Glo Luminescent Cell Viability

Assay

Promega Cat#: G7571

Deposited Data

Sequencing data (ChRO-seq, RNA-seq) This paper EGA: EGAS00001004169

smRNA-seq: FLC Dinh et al., 2019 GEO: GSE114974

RNA-seq (The Cancer Genome Atlas) TCGA https://portal.gdc.cancer.gov

RNA-seq (Genotype-Tissue Expression) GTEx https://www.gtexportal.org/home/

RNA-seq (Biliary tract tumors) Nakamura et al., 2015 EGA: EGAS00001000950

Experimental Models: Cell Lines

Mouse: AML12 Dinh et al., 2019; Turnham et al., 2019 RRID: CVCL_0140

Human: HepG2 ATCC Cat#: HB-8065, RRID: CVCL_0027

Human: FLC This paper; Dinh et al., 2019 N/A

Experimental Models: Organisms/Strains

Mouse: C57BL/6N Kastenhuber et al., 2017 N/A

Oligonucleotides

ChRO-seq and RT-qPCR This paper Table S8

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Recombinant DNA

pLV-EF1a-IRES-Puro Hayer et al., 2016 Addgene plasmid #85132

pLV-EF1a-DNAJB1-PRKACA_K128H-

IRES-Puro

This paper N/A

pLV-EF1a-PRKACA-IRES-Puro This paper N/A

pLV-EF1a-DNAJB1-PRKACA-IRES-Puro Dinh et al., 2019 N/A

pLV-EF1a-EGFP-IRES-Puro Dinh et al., 2019 N/A

Software and Algorithms

BWA v0.7.13 Li and Durbin, 2010 http://bio-bwa.sourceforge.net

dREG Wang et al., 2019 https://github.com/Danko-Lab/dREG

DESeq2 v1.22.2 Love et al., 2014 https://bioconductor.org/packages/

release/bioc/html/DESeq2.html

HOMER v4.10.3 Heinz et al., 2010 http://homer.ucsd.edu/homer/index.html

GREAT v3.0.0 McLean et al., 2010 http://great.stanford.edu/public/html

Enrichr Chen et al., 2013 http://amp.pharm.mssm.edu/Enrichr/

R v3.5.0 The R Project for Statistical

Computing

https://www.r-project.org/

STAR v2.4.2a Dobin et al., 2013 https://github.com/alexdobin/STAR

Salmon v0.8.2 Patro et al., 2017 https://combine-lab.github.io/salmon

miRquant v2.0 Kanke et al., 2016 https://github.com/Sethupathy-Lab/

miRquant

CompuSyn ComboSyn http://www.combosyn.com/

Other

Thermomixer C Eppendorf N/A

Bioruptor Diagenode N/A

NextSeq500 Illumina N/A

HiSeq2500 Illumina N/A

Synergy 2 Microplate Reader Biotek N/A
LEAD CONTACT AND MATERIALS AVAILABILITY

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Praveen

Sethupathy (pr46@cornell.edu). All unique/stable reagents generated in this study are available from the Lead Contact with a

completed Materials Transfer Agreement.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human samples
Informed consent was obtained from all human subjects. FLC and non-malignant liver samples were collected from FLC patients

according to Institutional Review Board protocols 1802007780, 1811008421 (Cornell University) and/or 33970/1 (Fibrolamellar Can-

cer Foundation) and provided by the Fibrolamellar Cancer Foundation. Samples were collected from both male and female subjects

and importantly, some samples were collected from the same patient. Additional sample and subject details are provided in Table S2.

Animal samples
Liver samples from female 6-10 week old C57BL/6Nmice on a 3,5-diethoxycarbonyl-1,4-dihydrocollidine (DDC, 0.1%) diet were ob-

tained for a previous study (Dinh et al., 2019) and remaining samples were used for this study. These liver samples expressed human

DNAJB1-PRKACA or an empty control and were collected 4.5 months following induction of DNAJB1-PRKACA expression.

Cell lines
HepG2 cells expressing DNAJB1-PRKACA and EGFP have been previously described (Dinh et al., 2019). HepG2 cells expressing

wild-type PRKACA or the DNAJB1-PRKACA K128H mutant were produced from HepG2 cells originally obtained from the American
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Type Culture Collection (ATCC; Manassas, VA). HepG2 cells were grown in Dulbecco’s Modified Eagle Media (DMEM) containing

1 g/L glucose (Thermo Fisher Scientific) supplemented with 10% fetal bovine serum (Thermo Fisher Scientific), 1% GlutaMAX

(Thermo Fisher Scientific), 110 mg/L sodium pyruvate, and 1% penicillin-streptomycin (Thermo Fisher Scientific).

WT AML12 cells were a generous gift from Dr. Kimberly Riehle and AML12 cells expressing the DNAJB1-PRKACA fusion have

been previously described (Dinh et al., 2019; Turnham et al., 2019) and were generated in the Scott lab. They were cultured in

DMEM/F12 supplemented with 10% FBS, 0.04 mg/mL dexamethasone, 0.1% gentamicin, 1 mg/mL recombinant human insulin,

0.55 mg/mL human transferrin, and 0.5 ng/mL sodium selenite.

FLC cells were previously described (Dinh et al., 2019), originated from a previously described FLC patient-derived xenograft

model (Oikawa et al., 2015), andwere a generous gift fromDr. Lola Reid. Lines 3 and 18were grown in complete Fmedium according

to a previously published protocol (Liu et al., 2017). Line 2 was grown similarly to lines 3 and 18 with three minor modifications. First,

F media was conditioned by irradiated mouse embryonic fibroblasts for 3 days prior to use. FLC cells were cultured in conditioned

Fmedia without irradiated fibroblasts. Second, R-spondin conditionedmedia was added to complete Fmedia to 10% volume. Third,

the ROCK inhibitor Y-27632 was used a final concentration of 20 mM, increased from the original concentration of 10 mM (Liu et al.,

2017). We detected the presence of murine cells in all three derived cell lines by RT-qPCR. All cell lines were cultured in 5% CO2 at

37�C.

METHOD DETAILS

Chromatin run-on sequencing
ChRO-seq was performed as previously described (Chu et al., 2018; Mahat et al., 2016) with minor modifications. Length extension

ChRO-seq (leChRO-seq) was performed identically to ChRO-seq except where indicated. Chromatin was isolated from pulverized

frozen tissue in 1 mL 1X NUN buffer (20 mM HEPES, 7.5 mMMgCl2, 0.2 mM EDTA, 0.3 M NaCl, 1M urea, 1% NP-40, 1 mM DTT, 50

units/mL SUPERase In RNase Inhibitor (Thermo Fisher Scientific, Waltham, MA, AM2694), 1X Protease Inhibitor Cocktail (Roche,

11873580001)). For leChRO-seq, 50 units/mL RNase Cocktail Enzyme Mix (Thermo Fisher Scientific, AM2286) was substituted for

SUPERase In RNase Inhibitor. Sampleswere vortexed for 1minute, an additional 500 mL of 1x NUNbuffer was added to each sample,

and the samples were vortexed for an additional minute. Samples were incubated in an Eppendorf Thermomixer (Eppendorf,

Hamburg, Germany) at 12�C and shaking at 2000 rpm for 30 minutes before centrifugation at 12,500 x g for 30 minutes at 4�C.
Each sample was washed with 1 mL 50 mM Tris-HCl (pH 7.5) supplemented with 40 units/mL SUPERase In RNase Inhibitor

(80 units/mL for leChRO-seq) and centrifuged at 10,000 x g for 5 minutes at 4�C. This wash step was repeated twice and samples

were stored in 50 mL of chromatin storage buffer (50 mM Tris-HCl pH 8.0, 25% glycerol, 5 mM magnesium acetate, 0.1 mM EDTA,

5mMDTT, and 40 units/mL SUPERase In RNase Inhibitor). Samples were loaded into a Bioruptor (Diagenode, Denville, NJ) and son-

icated on the high power setting for a cycle time of 10minutes, consisting of 10 cycles of 30 s on and 30 s off. Sonication was repeated

as necessary to solubilize the chromatin and samples were stored at �80�C.
Following chromatin isolation, 50 mL of chromatin was mixed with 50 uL 2X run-on reaction mix (10 mM Tris-HCl pH 8.0, 5 mM

MgCl2, 1 mMDTT, 300 mMKCl, 400 mMATP, 0.8 mMCTP, 400 mMGTP, 400 mMUTP, 40 mMBiotin-11-CTP (Perkin Elmer, Waltham,

MA, NEL542001EA), 100 ng yeast tRNA (VWR, Radnor, PA, 80054-306), 0.8 units/mL SUPERase In RNase Inhibitor, 1%sarkosyl). The

run-on reaction was performed at 37�C for 5 minutes at 700 rpm and stopped by adding 500 mL Trizol LS (Thermo Fisher Scientific,

10296-010) to the reaction. RNA samples were precipitated and resuspended in diethylpyrocarbonate (DEPC) treated water, heat

treated at 65�C for 40 s, and digested on ice with 0.2N NaOH for 4 minutes. Base hydrolysis by NaOH was excluded from

leChRO-seq protocols. Nascent RNA was purified with streptavidin beads (New England Biolabs (NEB), Ipswich, MA, S1421S) as

previously described (Chu et al., 2018; Mahat et al., 2016). RNA was purified from beads using Trizol (Thermo Fisher Scientific,

15596-026) and 30 adaptor ligation was performed with T4 RNA Ligase 1 (NEB, M0204S). Streptavidin bead binding was performed

again following by 50 decapping with RNA 50 pyrophosphohydrolase (RppH, NEB M0356S). The 50 end of the RNA molecule was

phosphorylated with T4 polynucleotide kinase (PNK, NEB M0201S) and 50 adaptor ligation was performed with T4 RNA Ligase 1.

The 50 adaptor contained a 6-nucleotide unique molecular identifier (UMI) to allow for bioinformatic detection and elimination of

PCR duplicates. Streptavidin bead binding was performed again followed by reverse transcription using SuperScript IV Reverse

Transcriptase (Thermo Fisher Scientific, 18090010). cDNA was amplified by PCR using the Q5 High-Fidelity DNA Polymerase

(NEB, M0491S) to generate (le)ChRO-seq libraries. Libraries were sequenced (50 single end) at the Biotechnology Research Center

at Cornell University on the NextSeq500 (Illumina, San Diego, CA). Primer sequences used for (le)ChRO-seq library preparation are

provided in Table S8.

RNA-sequencing
Total RNA was isolated using the Total RNA Purification Kit (Norgen Biotek) per manufacturer’s instructions. RNA purity was quan-

tified with the Nanodrop 2000 (Thermo Fisher Scientific, Waltham, MA) or Nanodrop One and RNA integrity was quantified with the

Agilent 4200 Tapestation (Agilent Technologies, Santa Clara, CA) or Agilent BioAnalyzer. Libraries were prepared using the TruSeq

Stranded mRNA Library Prep Kit (Illumina), the KAPA Stranded mRNA-Seq Kit (KAPA Biosystems, Wilmington, MA), or the NEBNext
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Ultra II Directional Library Prep Kit (New England Biolabs, Ipswich, MA). Sequencing was performed at the Biotechnology Research

Center at Cornell University on the NextSeq500 (Illumina) or at the High-Throughput Sequencing Facility at the University of North

Carolina at Chapel Hill on the HiSeq2500 (Illumina).

Small RNA-sequencing
Small RNA sequencing was performed as previously described (Dinh et al., 2019). Briefly, reads were trimmed using Cutadapt and

mapped to the genome using Bowtie (Langmead et al., 2009). Perfectly aligned reads represented miRNA loci and then imperfectly

mapped reads (derived from isomiRs) were re-aligned to these loci using SHRiMP (Rumble et al., 2009). Aligned reads were quan-

tified and normalized using reads permillion mapped tomiRNAs. Data are available from the Gene Expression Omnibus (GEO): GEO:

GSE114974.

ChRO-seq read mapping
Read quality was assessed using FastQC. Adapters were trimmed from the 30 ends of reads using cutadapt 1.16 (Martin, 2013) with a

maximum 10% error rate, minimum 2 bp overlap, and minimum 20 quality score. Each read contained a 6 bp UMI enabling PCR de-

duplication by collapsing UMIs followed by UMI trimming using PRINSEQ lite 0.20.2 (Schmieder and Edwards, 2011). Processed

reads with a minimum length of 15 bp were mapped to the hg38 genome modified with the addition of a single copy of the human

Pol I ribosomal RNA complete repeating unit (GenBank: U13369.1) with BWA 0.7.13 (Li and Durbin, 2010) using the BWA-backtrack

algorithm. Each readwas represented by a single base at the 50 end of the read, corresponding to the 50 end of the nascent RNA. Data

was converted to bigwig format using bedtools 2.27.1 (Quinlan and Hall, 2010) and UCSC bedGraphToBigWig v4 (Kent et al., 2010)

for visualization and identification of TREs. Bigwig files from identical conditions were merged and normalized to a total signal of

1x106 prior to visualization.

TRE identification
To identify TREs across all samples, bigwig files of the same strand from all samples (FLC and NML) weremerged. This merged data-

set was used to call TREs. TREs from all samples were identified with dREG (Danko et al., 2015; Wang et al., 2019) using the peak

calling algorithm. Read counts were quantified within each TRE locus using the R package bigwig (https://github.com/andrelmartins/

bigWig). Total read counts on the sense and antisense strands within each TRE across all samples were then imported into DESeq2

1.22.2 (Love et al., 2014). Analysis of TRE counts from ChRO-seq revealed they followed a negative binomial distribution similar to

RNA-seq counts. Therefore, differential transcription analysis of TREs was performed with DESeq2 to identify TREs that were signif-

icantly differentially transcribed in FLC or NML.

Differential gene transcription analysis
Gene definitionswere obtained fromGENCODE v25 annotations. To avoid counting reads from the paused polymerase peak, ChRO-

seq signal was quantified on the sense strand from 500 bp downstream of the gene start until the annotated end of the gene. Genes

were eliminated from the analysis if they were shorter than 1000 bp and if they were not protein coding, pseudogene, lincRNA, anti-

sense, or miRNA genes. Like TRE counts, gene body counts from ChRO-seq followed a negative binomial distribution. Therefore,

differential transcription analysis of genes was performed using DESeq2.

TRE analyses
TRE annotation was performed using the annotatePeaks.pl function from HOMER (Heinz et al., 2010) based on GENCODE v25 an-

notations. Transcription factor motif enrichment analysis was performed using the findMotifsGenome.pl function fromHOMER using

‘‘given’’ as the size parameter. The input (and background) peaks run were FLC-specific TREs (all TREs that were not identified as

FLC-specific as background), NML-specific TREs (all TREs not identified as NML-specific), FLC-specific TREs without FOSL2/JUN

or CREB motifs (all TREs not identified as FLC-specific), FLC-specific promoters (all promoters not identified as FLC-specific), and

FLC-specific enhancers (all enhancers not identified as FLC-specific). CpG island annotations were downloaded from the UCSC Ta-

ble Browser.

Hierarchical clustering was performed following DESeq2 normalization of read counts quantified from each TRE or gene body as

described above. Clustering was performed in a pairwise manner using a correlation-based distance metric (1 - Spearman’s rho)

usingWard’sminimum variancemethod. Proximal (�1000 to +100 bp from TSS) and distal TREs (the remaining TREs) were classified

based on GENCODE v25 transcript annotations. Principal components analysis was performed following Variance Stabilizing Trans-

formation from DESeq2.

TRE functional enrichment analysis was performed using GREAT (McLean et al., 2010). Briefly, TREs were converted from hg38

into hg19 coordinates using the UCSC liftOver tool. GREATwas run using default parameters (whole genome background, basal plus

extension association rule). Gene ontology analyses, including KEGG 2016, ARCHS4, and PPI hub enrichment, were performed us-

ing Enrichr (Chen et al., 2013). Windows for enhancer density and gene-enhancer correlations were defined using gene coordinates

based on GENCODE v25 annotations.
e4 Cell Reports 31, 107509, April 14, 2020

https://github.com/andrelmartins/bigWig
https://github.com/andrelmartins/bigWig


FLC-specific enhancer hotspots
FLC-specific enhancer hotspots were identified using amethod analogous to those previously described for super enhancers (Lovén

et al., 2013; Whyte et al., 2013). First, distal TREs (TREs not overlapping �1000 to +100 bp from any TSS based on GENCODE v25

transcript annotations) were stitched together using a stitching distance of 12.5 kb. Read counts normalized by DESeq2 within each

distal TRE were quantified in all samples, averaged for each TRE, and summed for each stitched enhancer. Stitched enhancers were

ranked based on cumulative signal and a threshold for super enhancer identification was determined by drawing a line tangent to the

signal curve. Stitched enhancers with more signal than the point identified by the tangent line were classified as FLC-specific

enhancer hotspots.

Coordinates of known super enhancers were downloaded from SEdb (Jiang et al., 2019; http://www.licpathway.net/sedb/).

ENCODE enhancer coordinates were downloaded from Search Candidate cis-Regulatory Elements by ENCODE (SCREEN,

https://screen.wenglab.org/). FANTOM5 enhancer coordinates were downloaded from FANTOM5 (https://fantom.gsc.riken.jp/5/).

NIH Roadmap Epigenomics enhancer coordinates were downloaded from Reg2Map: HoneyBadger (https://personal.

broadinstitute.org/meuleman/reg2map/HoneyBadger_release/). FANTOM5 data was downloaded in hg38 coordinates. SEdb,

ENCODE, and NIH Roadmap data were available and downloaded in hg19 coordinates and converted to hg38 coordinates using

the UCSC liftOver tool.

Gene-enhancer correlations
Transcriptional signal was quantified from enhancers and gene bodies as described above. Gene body and enhancer counts were

normalized separately using DESeq2 and the Pearson correlation coefficients between the log2(normalized counts + 1) for genes and

enhancers were calculated. To determine the statistical significance of the calculated correlation coefficients, we constructed a null

distribution that consisted of correlation coefficients from genes and enhancers on different chromosomes. For gene-enhancer pairs

within 100 kb of each other, we calculated the empirical p value based on the null distribution and adjusted for multiple testing using

the Benjamini-Hochberg (FDR) procedure (Benjamini and Hochberg, 1995).

Visualization of RNA polymerase signal
Heatmaps and line graphs visualizing RNA polymerase signal were generated using deepTools 3.0.2 (Ramı́rez et al., 2016). Genomic

loci snapshots were generated using Gviz 1.26.5 (Hahne and Ivanek, 2016).

RNA-seq analysis
Read quality was assessed using FastQC. Reads were mapped to the hg38 genome with STAR 2.4.2a (Dobin et al., 2013). Tran-

scripts were quantified with Salmon 0.8.2 (Patro et al., 2017) using GENCODE v25 transcript annotations. Normalization was per-

formed using DESeq2. TCGA RNA-seq data were downloaded using TCGA-assembler 2 (Wei et al., 2018) as normalized counts.

TCGA RNA-seq data for lncRNAs was downloaded from TANRIC (Li et al., 2015) as normalized counts. Cholangiocarcinoma

RNA-seq data (Nakamura et al., 2015) was downloaded from the European Genome-Phenome Archive (EGA:

EGAS00001000950). GTEx Release V7 data was downloaded from the GTEx Portal as gene read counts and normalized with

RNA-seq data from primary FLCs using DESeq2. Principal components analysis was performed using the most variable 1000 genes

following variance stabilizing transformation (DESeq2).

smRNA-seq analysis
Read quality was assessed using FastQC. Reads were trimmed, mapped, and quantified to the hg19 genome using miRquant 2.0,

our previously described smRNA-seq analysis pipeline (Kanke et al., 2016). Briefly, reads were trimmed using Cutadapt and reads

were mapped to the genome using Bowtie (Langmead et al., 2009). Perfectly aligned reads represented miRNA loci and imperfectly

mapped reads (from isomiRs) were re-aligned to these loci using SHRiMP (Rumble et al., 2009). Aligned reads were quantified and

normalized using reads per million mapped to miRNAs (RPMMM).

HepG2 cell line generation
The DNAJB1-PRKACA K128H kinase-dead mutant was cloned using the QuikChange II XL Site-Directed Mutagenesis Kit (Agilent

Technologies) using the following primers (50-CCTTCTGTTTGTCGAGGATATGCATGGCATAGTGGTTCCCG-30 and 50-CGGGAACC

ACTATGCCATGCATATCCTCGACAAACAGAAGG-30). PCR products were cloned into the pCR-Blunt II-TOPO vector (Thermo Fisher

Scientific) and subcloned into the pLV-EF1a-IRES-Puro vector (Addgene plasmid #85132, gift from TobiasMeyer, Hayer et al., 2016).

For lentivirus production, HEK293/T17 cells were transfected with DNAJB1-PRKACA K128H plasmid along with psPAX2 (Addgene

plasmid #12260, gift from Didier Trono) and pMD2.G (Addgene plasmid #12259, gift from Didier Trono) to produce lentiviral particles,

whichwere concentrated using Lentiviral-X Concentration (Takara Bio USA,Mountain View, CA) permanufacturer’s protocol. HepG2

cells were transduced with varying concentrations of lentivirus for 24 hours and selected with 2 mg/mL puromycin (Thermo Fisher

Scientific) for 4 days. Selectable cells treated with the lowest concentration of virus were used for further passaging and experiments

to obtain a majority of cells with 1 viral integration.
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Quantitative PCR
Total RNA was isolated using the Total RNA Purification Kit (Norgen Biotek) per manufacturer’s instructions. Reverse transcription

was performed using the High Capacity RNA-to-cDNA Kit (Thermo Fisher Scientific). Gene expression was quantified with TaqMan

Gene Expression Assays (Thermo Fisher Scientific) on a CFX96 Touch Real-Time System (Bio-Rad). RNA expression levels were

normalized to RPS9. The TaqMan assays used are provided in Table S8.

Western blotting
Protein lysates were prepared using RIPA buffer (Sigma, St. Louis, MO) supplemented with protease inhibitor cocktail (Sigma),

phosphatase inhibitor cocktails 1 and 2 (Sigma), 1 mmol/L phenylmethylsulfonyl fluoride, 0.1% b-mercaptoethanol, and 1 mmol/L

dithiothreitol. Protein concentration was measured using the Pierce BCA Protein Assay (Thermo Fisher Scientific) according to

the manufacturer’s protocol. Lysates were subjected to sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) us-

ing 25 mg of lysate per lane under denaturing conditions in NuPAGE 10% Bis-Tris (Thermo Fisher Scientific) or homemade 12% Bis-

Tris gels and transferred to PVDF membranes using a standard wet transfer protocol. Membranes were blocked with 5% dry nonfat

milk in TBST and were probed with antibodies. Enhanced chemiluminescence reagent (GE Healthcare, Chicago, IL) was used for

detection.

siRNA transfection
AML12 cells were reverse transfected using Lipofectamine RNAiMAX (Thermo Fisher Scientific) per manufacturer’s instructions.

Briefly, transfection mixes were assembled in wells by adding 1 pmol of the appropriate siRNA and 0.3 mL RNAiMAX (96-well plates)

or 5 pmol siRNA and 1.5 mL RNAiMAX (6-well plates) according to manufacturer’s protocols. OptiMEM was added to each well and

the plates were incubated for 15minutes at room temperature. 1,500 cells (96-well plates) or 5,000 cells (6-well plates) were plated on

top of transfection mixes. Cells were incubated for 24 hours prior to further treatment.

Drug treatments
For AML12 cells seeded in 96-well plates, a series of----log unit dilutions of cobimetinib (10 mM stock in DMSO) were made in

DMSO at 1000X final desired concentrations. From these stocks, 1:200 dilutions were made in fresh AML12 media. 30 ml of these

starting dilutions was added to appropriate wells using a multi-channel pipettor. This results in a further 1:5 dilution and a final

1:1000 dilution with a final volume of 150 ml per well. Outer plate wells were filled with media and a no-cells/no-treatment set of wells

was included for background. Cell plates were grown for a further 4-5 days.

FLC cells were seeded in 96-well plates at a density of 3200 cells/well in a volume of 100 ml per well for CellTiter-Glo (Promega,

Madison, WI) assays. The following day, 2X concentrations of drug or DMSO were prepared. 50 ml of media was removed from

each well and 50 ml of 2X drug or vehicle (final concentration 1X) was added to each well. Cells were incubated for 48 hours before

assessing cell viability.

Cell viability
Cell viability was assessed by CellTiter-Glo or crystal violet staining. For CellTiter-Glo, 96-well plates were removed from incubator

and placed at room temperature for 30 minutes to equilibrate. Room temperature CellTiter-Glo reagent was added and cells were

shaken for 2 minutes. Plates were then incubated for 10 min at room temperature. Luminescence was measured using a POLARStar

Omega plate reader (BMG LabTech, Ortenberg, Germany; Em Filter – empty; Gain = 3600, orbital averaging ON, diameter = 5, cy-

cles = 6) or a Synergy 2 Microplate Reader (Biotek, Winooski, VT; area scan; integration time = 0.50 s).

For crystal violet staining, AML12 cells were rinsed in PBS and fixed in 4% paraformaldehyde in PBS for 20 minutes. Two water

washes were performed and cells were stained with 0.25% crystal violet in 10%methanol for 20minutes. Finally, three water washes

were performed and plates were allowed to dry at room temperature for at least 24 hours. Images were captured with a custom digital

photography set-up on a Canon 5D, MkI with a Sigma 150-600mm lens. To quantify crystal violet staining, dye was dissolved in 10%

acetic acid (300 ml per well). An aliquot was removed to a clear 96-well plate and A590 absorbance wasmeasured using a POLARStar

Omega plate reader (BMG LabTech). Signal was kept in the linear range by 1:2 – 1:4 dilution with 10% acetic acid where necessary.

Combination Index
Relative quantification values (RQVs) were calculated by normalizing the effect of drug treatment against DMSO controls following

CellTiterGlo cell viability experiments. RQVs were generated from 4-12 replicates and were entered as effect values at appropriate

drug dosages in single and combination drug treatments in CompuSyn Software using non-constant ratio design parameters. Indi-

vidual Combination Index values are reported for each dose combination.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistics
Statistical analyses were performed using R (3.5.0). Details pertaining to quantification and statistical analyses can be found in the

appropriate section of the Method Details as well as in the figure legends. Statistical significance was primarily determined by
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two-sidedWelch’s t tests orMann-Whitney U tests as indicated in the figure legends. All alternative statistical tests that were used are

noted in the text or figure legends. Statistical comparisons between dose response curves were performed using the R package drc

(3.0-1; CRAN: drc) by fitting log-logistic models (with the LL.4 function) to the data. Twomodels were fit to the data (one with and one

without siRNA) and were compared using a F-test (with the anova function) to determine statistical significance. p < 0.05 was consid-

ered statistically significant unless otherwise noted. *p < 0.05, **p < 0.01, ***p < 0.001.

DATA AND CODE AVAILABILITY

ChRO-seq and RNA-seq data we generated have been deposited into the European Genome-Phenome Archive (EGA). The acces-

sion number for the data reported in this paper is EGA: EGAS00001004169. The biliary tract tumor RNA-seq data used in our analyses

is available through the EGA (EGA: EGAS00001000950). The FLC smRNA-seq data used in our analyses is available through GEO

(GEO: GSE114974). The code used in this study have not been deposited in a public repository due to multiple dependencies on

institutional computing resources, but are available from the corresponding author upon reasonable request.
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