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ABSTRACT 

 

MULTI-OMIC INVESTIGATIONS INDENTIFY MICRO-RNA REGULATORS OF CELL 

PROLIFERATION AND REVEAL PROTEOGLYCAN ABERRANCY IN 

FIBROLAMELLAR CARCINOMA 

 

Adam B. Francisco 

Cornell University 2022 

 

 Fibrolamellar carcinoma (FLC) is a rare liver cancer predominantly affecting 

adolescents and young adults. FLC presents in patients lacking underlying liver disease 

and surgical resection is the primary intervention. Tumor burden is often identified at an 

advanced stage and many patients are therefore ineligible for surgery. FLC patients are 

not responsive to general chemotherapeutics, radiotherapeutics, or drugs shown to be 

effective for patients of other types of liver cancer. 

 FLC tumorigenesis is driven by a characteristic deletion of ~400 kilobases on 

chromosome 19 resulting in the fusion of the first exon of DNAJB1 with exons 2-10 of 

PRKACA. The resulting chimera gene, DNAJB1-PRKACA (DP), is found in >80% of 

FLC patients and is oncogenic in mice. Pharmacological inhibition of DP is an attractive 

therapeutic avenue, but inhibitors designed thus far are not specific to DP because they 

also target PKA enzymatic activity, resulting in deleterious side effects since PKA is 

critical for normal physiology. In the absence of anti-DP therapy, alternate molecular 

targets need to be identified. 

Prior studies identified consistent changes in gene transcription and expression 

profiles in FLC patient samples. Genes are also under post-transcriptional regulation by 

microRNA (miR) molecules and a putative tumor suppressor, miR-375, was identified in 

a small patient cohort. However, analysis of miRs that may promote FLC progression 

has not been performed. 

In my thesis work, miR sequencing of an expanded FLC patient sample set was 

performed to identify highly expressed miRs. Transcriptional analysis identified potential 

factors promoting miR expression. Gene transcriptional and expression data were 



integrated to identify genes subject primarily to post-transcriptional regulation by miRs. 

MiR-10b exhibited the greatest fold-change and highest expression in FLC, was 

identified as a potential master regulator of post-transcriptionally suppressed genes, 

was responsive to DP activity, and affected FLC cell growth in part by regulating 

TRIM35, SUN2, and FANCC (genes shown to be tumor suppressors in other contexts). 

In other cancers, miR-10b promotes cancer metastasis by targeting components 

of the extracellular matrix (ECM). Analysis of genes associated with ECM biosynthesis 

revealed a significant up-regulation of chondroitin sulfate biosynthesis pathways. 

Further chemical and molecular analysis of FLC tumor samples confirmed an 

abundance of CS and the CS proteoglycan versican (VCAN). Single cell analysis of 

FLC tumor tissue by the assay for transposase accessible chromatin (scATAC) 

identified activated hepatic stellate cells as both a major component of FLC tumors and 

likely contributors of VCAN.  

Taken together, my thesis studies have made multiple contributions to extend the 

molecular characterization of FLC. The miRNA expression prolife unique to FLC was 

identified and a role for miR-10b to influence tumor cell proliferation was established. 

Additionally, chemical constituents and cellular populations of FLC tumors were 

characterized, revealing that chondroitin sulfate, VCAN, and hepatic stellate cells are 

likely relevant to FLC progression.
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Chapter 1: Introduction 

 

1.1: Liver biology and cancer 

 

 The liver is the largest solid organ, and it regulates multiple, critical physiological 

parameters. The main functions of the liver include aiding digestion by production of 

bile, metabolism of macromolecules, toxin uptake and detoxification, maintenance of 

blood composition and osmolarity, and immune response (1-3). The liver accomplishes 

these diverse functions by acting as a blood filtering system comprised of repeating 

primary units called lobules. Liver lobules are hexagonal in shape where a triad 

consisting of a bile duct, portal vein, and portal artery are positioned at vertices. The 

ductal triads are connected by capillaries to a larger central vein and a single triad of the 

lobule is referred to as acinus, which is considered the smallest functional unit of the 

liver (Figure 1.1).  

 

Figure 1.1. Architecture and cell types of the liver acinus. Diagram depicting the 

arrangement of hepatocytes within the functional unit of the liver (4). 
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The portal artery and vein fuse into a capillary bed, or hepatic sinusoid, and 

blood then interfaces with the cells of the liver, which is predominantly composed of 

hepatocytes. Fenestrated endothelial cells act as the first layer of filtration, separating 

small materials, such as lipoprotein particles, from blood and circulating cells. Liver 

resident macrophages, referred to as Kupffer cells, become enriched in the sinusoidal 

space and regulate innate immune responses. Plasma then interfaces with hepatocytes, 

the major cell type of the liver comprising ~80% of liver mass, in an area called the 

space of Disse. The space of Disse also harbors stellate cells and dendritic cells, which 

respond to chemical damage and infectious agents, respectively. Hepatocytes are 

polarized cells that secrete and absorb material to and from the blood, respectively. 

Within each acinus, there are multiple layers of this hepatocyte arrangement interfacing 

with blood. Hepatocytes have different functionality relative to the proximity of the 

central vein due to changes in the composition of the blood, such as oxygen 

concentration (5). Also in each acinus, there is a single double-cell layer of hepatocytes 

that generate and secret bile components into a canaliculi which drains into the bile 

duct. The bile duct is a specialized ductal structure maintained by cholangiocytes (6). 

The liver is widely exposed to high levels of endocrine hormones, metabolic 

toxins, xenotoxins, and pathogens and is susceptible to infection and cytotoxicity. The 

liver has two main mechanisms that are protective against potentially high levels of 

damage. First, the resident immune component, Kupffer and dendritic cells, act locally 

in place of systemic immune responses. Second, the liver is highly regenerative, and 

hepatocytes are capable of rapid division and trans-differentiation, which allows the 

organ to sustain consistent rates of cellular turnover in the absence of a resident adult 

stem cell (7,8) . Interestingly, the regenerative capacity of the liver has been depicted in 

prehistorical mythologies, though this maybe an allegory to the role of the organ in 

health and vitality rather than a representation of discrete mechanistic knowledge (9). 

The capacity for the liver and hepatocytes to withstand and regenerate from 

molecular damage is not absolute and there are specific hepatic maladies including 

cancer formation. Liver and intrahepatic bile duct cancer is the 6th most common type of 

cancer and thought to affect up to 800,000 individuals yearly globally and liver cancer 

afflicts at least twice as many men as women. In the United States, there are 
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approximately 40,000 new cases each year. Patient 5-year survival rates for liver 

cancer normalized across all stages is approximately 20%, making liver cancer one of 

the more deadly cancers (10). 

Liver cancer is typically found as one of two distinct types, both generally in 

adults: hepatocellular carcinoma (HCC) comprising greater than 80% of cases and 

cholangiocarcinoma (CCA), or intrahepatic bile duct cancer, comprising approximately 

10% of cases, which arise from hepatocytes or cholangiocytes respectively. Liver 

cancer in children and young adults is rarer, comprising less than 10% of all cases, but 

represent additional distinct types: hepatoblastoma (HB) and fibrolamellar carcinoma 

(FLC). HB arises from developmentally-derived hepatoblast cells, which are hepatocyte 

precursor cells, and the cell type of FLC (Figure 1.2) origin has not been clearly 

elucidated, but there is evidence suggesting that biliary tree stem cells may be involved 

(11). 

 

 

 

Figure 1.2. Histological features of fibrolamellar carcinoma. Histology of adult 

human nonmalignant liver (left) and fibrolamellar carcinoma (right) (12). 

 

In each type of liver cancer, the method of cellular transformation differs (13). 

HCC is the most common, most widely studied liver cancer, and multiple injuries can 

promote HCC formation (14). Most HCC patients (50%) are infected with hepatitis virus, 

which directly alters cellular behavior and promotes rapid proliferation through 

upregulation of telomerase reverse transcriptase (TERT) and deactivation of the tumor 

suppressor p53. Genetics is a significant contributing factor and mutations in the β-
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catenin gene (CTTNB1) that promote constitutive activation of the wingless (WNT) 

signaling pathway are commonly found in patients. Lifestyle choices can also promote 

HCC formation, and it has been shown that alcoholism and obesity contribute to HCC 

incidence by first promoting cirrhosis formation (15,16). Finally, environmental 

exposures to toxins, notably aflatoxin found in spoiled food, and parasites, such as liver 

flukes, also contribute to the diversity of HCC cases (17). 

Mechanisms of CCA and HB formation are generally different compared to 

hepatocyte transformation into HCC. Some factors contributing to HCC also predispose 

the organ to CCA formation, including hepatitis infection, cirrhosis, and trans-

differentiation (18). Additional conditions leading to CCA formation include chronic 

gallstone formation and ulcerative colitis. Genetic predisposition to CCA is poorly 

understood, but there is evidence supporting activation of the fibroblast growth factor 2 

(FGF2) and the phosphoinositide-3-kinase-protein kinase B (PI3K/AKT) pathway (19-

22) . Experimental models of CCA formation also suggest that errors in cellular 

regeneration pathways can accumulate and promote malignancy (23). In both HCC and 

CCA, a role for chronic inflammation to promote metaplasia is also evident (24). 

In contrast to both HCC and CCA, the formation of HB arises from a failure of 

hepatoblast cells to differentiate into mature hepatocytes, leading to their persistent 

proliferation. Some genetic lesions found in HB analysis are similar to those found in 

HCC, including TERT and CTTNB1, while others appear specific to HB, such as 

mutations in the AT-rich interaction domain 1A (ARID1A) and inositol 1,4,5-triphosphate 

receptor type 2 (ITPR2) genes (25,26).  

Historically, many subtypes of liver cancer have been grouped with HCC, but 

continued analyses have been able to match molecular identities to pathologically 

unique features (17). One such cancer, FLC (27), was originally identified as an HCC 

subtype. However, detailed analysis failed to find common genetic drivers between 

HCC and FLC. Instead, FLC arises from a chromosomal deletion between the genes 

DNAJB1 and PRKACA, resulting in an in-frame gene fusion DNAJB1-PRKACA (28) 

(Figure 1.3). It is unclear exactly how this deletion occurs, but the expression of 

DNAJB1-PRKACA in mouse livers induces the formation of neoplasia and tumor 

generation (11). 
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Figure 1.3. Schematic of the DNAJB1-PRKACA genomic locus. Region of 

chromosome 19 deleted in patients with FLC. DNAJB1 and PRKACA are denoted by 

arrows and the resulting fusion is dipected. Contributions of DNAJB1 and PRKACA 

protein codeing sequence is shown in blue and red, respectivly. Genes lost in the 

deleted region are identified. 

  

Treatments for liver cancers vary with cancer type, but the primary clinical action 

is surgical resection of the tumors and/or focal ablation by radiotherapy. Surgical 

resection can be a challenge if the patient present with comorbidities, such as cirrhosis. 

Additional chemotherapeutics are then administered, but currently there are no drugs 

targeting the main drivers of liver cancer formation, TERT, p53, and CTTNB1 (14). 

Given these limitations, most liver cancer patients receive a combination of treatments 

designed at targeting cell growth, generally through inhibition of cell surface receptor 

tyrosine kinases (RTK) (29-31) and activating immunomodulation by inhibiting 

recognition of immune cell exhaustion signals, known as immune checkpoint inhibitors 

(ICI) (32). RTK inhibitors, such as the drug sorafenib, have shown to be more effective 

than ICI treatments independently, but there is promise in combinatorial schemes that 

are currently in experimental trials. Despite advances in clinical trials, the overall 5-year 

survival rate for HCC is approximately 25% (33). 

Treatment of liver cancers in children and young adults, notably HB and FLC, are 

quite different. In the case of HB, patients lack underlying comorbidities and surgical 

resection of early-stage tumors is highly effective, with survival rates achieving rates of 
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80% (34). HB patients may also be treated with chemotherapeutics approved for HCC. 

Conversely, FLC patients tend to be a little older than HB patients and present with 

highly fibrotic tumors despite lacking cirrhotic comorbidities. Surgical resection remains 

the primary treatment option but is not always viable depending on tumor size and stage 

(35,36). FLC patients fail to respond to approved HCC drugs, possibly owing to the 

unique molecular driver of the cancer. Identifying FLC-specific therapeutic targets is an 

ongoing endeavor and will be a focus for the remainder of this document. 

 

1.2: The role of gene expression in liver cancers 

 

 Before addressing the specifics of FLC etiology and DNAJB1-PRKACA 

mechanisms, the general events in molecular activities leading to changes in gene 

regulation and activity associated with cancer formation need to be addressed. Cancers 

arise from events leading to transformations that allow affected cell(s) to escape various 

regulatory programs (37,38). These programs generally limit rampant cellular 

proliferation, promote programed cell death, or regulate cell-to-cell communication. 

Cellular communication results in changes in gene expression by a process called 

signal transduction. Briefly, when a cell receives an extracellular signal, receptors for 

that signal at the plasma membrane undergo conformational changes that instigate an 

intracellular response. There are two general mechanisms, G-protein coupled receptors 

and receptor tyrosine kinases, that differ in the direct mechanism of signal propagation, 

but similarly instigate a kinase cascade resulting in altered activity of transcription factor 

proteins (39,40). 

 When activated, a transcription factor enters the nucleus of a cell and interacts 

with chromatin to recruit RNA polymerase II (RNAPII) and promote gene expression. In 

cancers, the activities of specific pathways are often altered and dysregulated, resulting 

in aberrant gene expression profiles (41). RNAPII begins the process of transcription in 

a region of DNA sequence known as transcriptional regulatory elements (TRE), which 

include the promoter region proximal to the gene body and distal enhancer regions. 

Methods to capture and map enhancer activity have helped identify unique patterns that 
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stratify cancer cells from non-malignant tissue even better than gene expression profiles 

(42-44). 

 There are multiple regulatory and maturation steps involved in the transcriptional 

process, including polymerase pausing, transcriptional elongation rates, alternative 

intron/exon splicing, and termination influencing the length of the 3’ untranslated region 

(UTR) (45,46). Additionally, there are numerous post-transcriptional factors affecting 

RNA stability (47-49) and subsequent protein translation, including RNA chemical 

modification, ribosome assembly, and RNA degradation mediated by microRNA (miR) 

molecules and the RNA induced silencing complex (RISC).  

 MicroRNAs (miRs) are short, ~22 nucleotide, RNA molecules that are 

components of RISC and mediators of mRNA translational suppression and/or 

degradation (50,51). Most miRs are transcribed by RNAPII like mRNAs but undergo a 

unique and regulated maturation and nuclear export process, finally associating with 

proteins from the Argonaute (AGO) family, the catalytic component of RISC. The final 

product is a single stranded RNA molecule that can base-pair with mRNAs, typically in 

the 3’-UTR, leading to either attenuated translation or mRNA degradation and a 

reduction in protein levels of the gene (Figure 1.4) (52). As mentioned, a single miR can 

target many, even hundreds, of genes making them attractive therapeutic candidates 

(53,54). 
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Figure 1.4. MicroRNA induced silencing complex (RISC). MicroRNAs are 

transcribed as pri-miRs and processed into pre-miRs in the nucleus by the 

microprocessor complex before export to the cytoplasm. Hairpin cleavage is mediated 

by the enzyme Dicer, resulting in the mature miR which is then loaded onto Argonaute 

(AGO). The mature miR guides RISC to messenger RNAs to suppress translation (52). 

 

Small RNA-based therapies, which includes microRNA and short-interfering RNA 

(siRNA) drugs, have the capacity to treat a broad spectrum of diseases and conditions 

(55,56). MiR and siRNA-based drugs function through a related, Ago/RISC mechanism 

that leads to target mRNA silencing (57). In the case of siRNA, only a single gene is 

targeted for silencing or modulation. There are cases where small RNA based 

treatments have rescued mRNA splicing defects and restored normal gene function, 

though the mechanism is different from inducing gene suppression (58). Typically, these 

two applications are best suited to conditions where only a single gene is perturbed and 

provoking a diseased state.  
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In most cancers, mutations in multiple genes contribute to changes in expression 

profiles of a multitude of genes and pathways. It is attractive to consider that the 

application of a single small RNA may resolve, or at least attenuate, cancer-associated 

cellular pathways. MiRs can act as either tumor suppressors or oncogenes (often called 

oncomiRs) depending on the change in miR expression in the cancer tissue relative to 

the non-malignant tissue (52). When the expression of a miR is suppressed in the 

cancer state of a tissue, then the rescue of that miR with a ‘mimic’ is predicted to restore 

tumor-suppressive pathways. Conversely, the increased expression of a miR in a 

cancer can be suppressed with an antisense oligo (ASO), or anti-miR, which contains 

sequence that has reverse complementarity to the mature miR (59). The oncomiR to 

anti-miR interaction effectively silences the oncomiR, which also restores tumor-

suppressive pathways. A major strength of the miR targeting strategy for cancer therapy 

is that cellular adaptation to the therapy has not been observed (60). Small molecules 

targeting single proteins that provoke gene expression changes resulting in cancer are 

often initially effective. However, drug resistance (61,62) can develop and is a major 

concern in cancer treatment. Combinatorial treatments, including the addition of miR-

based drugs, have been proposed as desirable strategies (63). 

At the time of this writing, miR-based therapies have proceeded to various 

clinical stages (60,64). Two miR-based studies of note include the miR-34 mimic (65) to 

treat various cancers and anti-miR-122 (66) to treat hepatitis, which reached phase I 

and phase II clinical trials, respectively. The withdrawal of these compounds from 

clinical testing was not due to unresponsive patients. In the case of miR-34 rescue, 

which abated tumor growth in animal models and human patients, an unexpected 

immune response was observed, possibly related to the delivery method. On the other 

hand, miR-122 inhibition was effective in reducing viral loads and was approved by the 

Federal Drug Administration of the United States under the commercial name 

Miravirsen, however vaccines against hepatitis remain the preferred initial response. 

Other miR-based drugs have shown efficacy in preclinical models, such as antimir-10b 

treatment in mouse models of glioblastoma, an aggressive form of brain cancer, and 

miR-15/16 mimics in animal models of leukemia (where miR-15/16 has been deleted in 

human patients), mesothelioma, and non-small cell lung cancer (67-69). 
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Advances in miR-based therapies are proceeding on multiple fronts. First, 

advances in miR and mRNA sequencing and bioinformatic analysis over the past 

decade has improved the predictive nature of gene-to-miR targeting and selection of 

miR candidates (70-74). Second, miR-based drug design and delivery is improving to 

increase the specificity of cell targeting and uptake, which reduces systemic toxicity 

(75). Third, a higher-resolution picture of tumor tissue heterogeneity and immune cell 

composition is being generated. The advent of single-cell analysis is providing 

increased understanding of tumor cell types and identifying potential critical populations, 

such as cancer stem cells and immune-evasive cells (6,76,77). Targeting these 

populations may be more effective at reducing tumor burden and progression. Lastly, a 

combinatorial treatment utilizing miR mimics, anti-miRs, and possibly even small 

molecules, may provide the most comprehensive approach to cancer therapy by 

correcting tumor suppressive and oncogenic gene expression profiles, while 

simultaneously inhibiting key enzymes that promote or sustain the progression of 

cancer. 

 

1.3: Etiology and epidemiology of fibrolamellar carcinoma 

 

 Fibrolamellar carcinoma differs from more common types of liver cancers in 

numerous ways (78). As previously stated, the cell-type of origin is unknown, and the 

oncogenic driver is unique among liver cancers. FLC primarily affects adolescents and 

young adults and comprises approximately 1-3% of all liver cancer cases (79). The 

median age of FLC patients is 22 years and there is no observed gender bias. There 

are cases of FLC where patients are closer to the age of HCC patients, approximately 

50-60 years old, though these cases represent the minority of FLC patients (80). FLC 

patients typically lack comorbidities and predispositions associated with HCC, such as 

viral infection, high rates of alcoholism, or metabolic disorders. Serum analysis of HCC, 

CCA, and HB patients show high levels of liver enzymes and α-fetal protein indicating 

both cellular damage and dysregulated secretory patterns. However, elevated levels of 

these serum makers are absent in FLC patients and currently there is no diagnostic 

parameter easily identified in a serum biopsy (81). Due to the young age and lack of 
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markers FLC patients often escape diagnosis until liver function is severely perturbed 

and the cancer is at an advanced, often metastatic, stage (82). 

 FLC tumors were first considered a subtype of HCC but then were recognized as 

morphologically distinct form other liver cancers due to key pathological and clinical 

differences (83). FLC tumors are often large, firm, discolored, solitary masses with 

discrete margins interfacing non-malignant liver tissue of normal function lacking 

cirrhosis. FLC tissue is composed of enlarged, eosinophilic cells interspersed by thick, 

fibrotic collagen lamella. The cells often contain defined pale-bodies and hyaline 

granules, and ultrastructure analysis has revealed enlarged nuclei and disproportional 

increase in mitochondria. Further molecular analysis of tumor sections has confirmed an 

absence of hepatic factors, such as α-fetal protein. Histological samples are 

characterized by positive immunostaining for CD68 and cytokeratin 7 (CK7), though 

these molecules are currently seen as diagnostic and not potential therapeutic targets 

(12). 

 FLC patients often report chronic gastrointestinal distress as the cancer 

progresses. Advanced stage FLC tumors tend to invade and metastasize into the 

abdominal cavity. Metastatic FLC often arises in lymph, lung, peritoneum, ascites, or 

form secondary intrahepatic tumors (82). FLC is considered aggressive and invasive, 

but slow growing, possibly due to the putative stem cell composition (11). There are 

cases of FLC with neuroendocrine-like features, such as a glandular appearance, and 

the detection of aromatase in patient serum (84). Male patients with elevated aromatase 

may present with gynecomastia, though the frequency of this comorbidity is too low to 

be a diagnostic feature (85,86).  

 Ultimately, diagnosing FLC is difficult and curative surgical resection is only 

possible for select patients. When resection can be performed, and the tumor has not 

metastasized, 5-year survival rates can be as high as 80%. However, there are few 

patients for whom such an optimistic diagnosis is given. FLC patients have traditionally 

been treated with HCC radio- and chemo-therapeutic regiments, though rarely respond 

positively to these treatments. For the majority of FLC patients exhibiting advanced 

states of disease, survival rates average 10% (35,87). 
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1.4: Molecular features of fibrolamellar carcinoma 

 

  The initial whole-genome sequencing analysis of 14 FLC patients identified a 

common heterozygous somatic deletion of ~400 kilobases on chromosome 19. This 

event removes eight genes and results in the in-frame fusion of DNAJB1, a small heat-

shock factor, and PRKACA, the catalytic α subunit of the protein kinase A holoenzyme, 

creating DNAJB1-PRKACA (DP) (Figure 1.3) (28). DP has been identified in >80% of 

FLC patients and has been shown to be oncogenic in mouse livers (88,89), imparting 

some of, but not all, the molecular and histological hallmarks found in human patients. 

Additional whole-genome sequencing efforts have revealed mutations in other genes, 

but the overall mutational burden in FLC patients is quite low and the mutations 

identified tend to be shared by patients at low frequency (90). These observations 

strongly suggest that DP activity is the direct instigator of cellular transformation leading 

to FLC tumor formation and considerable interest has been devoted to understanding 

the molecular activity of DP, the differential role in transformation relative to 

maintenance, and the generation of anti-DP therapeutics (91,92). 

 DP contains exon 1 of DNAJB1 and exons 2-10 of PRKACA, which retains the 

kinase domain, and is transcriptionally activated from the DNAJB1 promoter. The 

DNAJB1 promoter is more active than the endogenous PRAKCA promoter and DP is 

found to be expressed at higher levels than wild-type (wt) PRKACA. wtPRKACA is 

typically found as a subunit of the PKA holoenzyme, which consists of two regulator 

subunits and two catalytic subunits. These subunits have high affinity and associate into 

an inactive tetramer in the cytoplasm. Upon exposure to cyclic adenosine 

monophosphate (cAMP) the PKA holoenzyme is disrupted, and the kinase domains 

become exposed and can phosphorylate protein substrates (93). PKA activity instigates 

signal transduction cascades within the cell, ultimately activating transcription factors, 

and altered gene expression profiles and cellular behavior. The PKA tetramer can be 

localized to membrane sub-domains by interacting with A-kinase anchoring proteins 

(AKAP) (94). There is evidence that PKA can perform a limited amount of kinase activity 

while bound to AKAP sub-domains. cAMP is regulated by phosphodiesterase (PDE) 

enzyme activity, which converts cAMP to the linear and inactive AMP. PDEs and 
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AKAPs can be in proximity and the creation of a chemical phase has been observed 

(95).  

DP maintains many of the mechanistic features and activity of wtPRKACA, but 

with several key differences (96). The addition of the D domain limits the amount of DP 

incorporated in to AKAP regulatory units and increases the amount of cytosolic DP (97). 

When found in AKAP complexes, local substrates for DP are also altered relative to 

wtPKA (98). Additionally, the local concentration of PDE is disrupted by DP, effectively 

prolonging exposure to cAMP (99). Finally, the addition of the D domain alters substrate 

affinities and increases the number of proteins that interact with DP (100). 

 DP activity promotes signal transduction pathways (97). Studies to identify the 

unique kinase cascades provoked by DP utilizing both DP expressing cell lines and 

patient samples have highlighted that DP retains functional signaling aspects 

associated with both wtPKA and wtDNAJB1. Large studies have analyzed gene 

expression profile changes using messenger RNA (mRNA) sequencing technologies. 

These analyses compare the steady state mRNA levels in FLC to adjacent, non-

malignant liver (NML) and have highlighted altered gene expression profiles (101,102). 

Additionally, these mRNA profiles of FLC patient samples have been compared to other 

liver cancers and the cell types comprising liver development. The results of these 

studies further highlight the expression of genes solely associated with FLC and 

suggest the developmental origin of the tumor is unique relative to other liver cancers. 

 Measuring differences in mRNA levels is informative towards identifying 

abundant, or depleted, genes that may be relevant to cancer cell formation and function 

(103). However, as previously detailed, steady-state mRNA levels are the result of 

regulation by multiple processes. These processes include transcriptional and post-

transcriptional mechanisms. To address the former, a study using Chromatin Run On 

sequencing (ChRO-seq) was implemented to measure chromatin activity genome-wide 

(104). The ChRO-seq assay directly measures RNAPII activity on chromatin and the 

resulting information can identify genes and transcriptional regulatory elements (TRE) 

with differential transcriptional activity in FLC versus NML. The TREs constitute both 

promoters and enhancers (105). Enhancer activity patterns can become fixed as cells 

transform and these patterns provide greater distinction when comparing FLC to NML 
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than mRNA profiles (106). Additionally, enhancer patterns can be used to predict gene 

ontologies representing pathways potentially critical to FLC formation or progression. 

Specifically, it was shown that enhancers with especially high activity in FLC are nearby 

to genes associated with mitogen activated pathway kinases (MAPK) and 

phosphoinositide-3-kinase-protein kinase B (PI3K/AKT). FLC-specific enhancers are 

also over-represented in the motifs of transcription factors such as FosL2/Jun (also 

known as AP-1) and cAMP response element binding protein (CREB).  

Multiple enhancers in close proximity are often considered together as a 

‘stitched’ enhancer. Stitched enhancers with especially high activity are commonly 

referred to as super-enhancers (107). Genes associated with nearby super-enhancers 

are thought to represent a special class of genes imparting critical functionality for 

cellular behavior. In FLC, super enhancer associated genes include solute carrier family 

16 member A14 (SLC16A14), carbonic anhydrase 12 (CA12), tescalcin (TESC), long-

noncoding RNA 473 (LINC00473), and versican (VCAN) (106). This study from the 

Sethupathy lab, on which I serve as co-author, was published in Cell Reports. Pathway 

analysis of FLC super-enhancer associated genes also identifies MAPK/Jun as 

potentially critical signaling pathways in FLC. A potential parallel may be found in gastric 

cancer, where a MAPK/cJUN signaling complex has been identified (108).  

 In addition to transcription, post-transcriptional regulation also affects steady 

state mRNA levels. A major mechanism influencing mRNA accumulation is 

transcriptional suppression by microRNA activity. Differential expression of miRs in FLC 

has been performed by independent research groups (109,110). These studies differ in 

multiple ways, from the number of patient samples analyzed, to the methods of 

analysis, and arrive at slightly different findings. Both studies identified similar enriched 

miRs (miR-182/181) but different depleted miRs. However, as previously noted, tissue 

heterogeneity contributes to variation and increasing the sample size of an analysis is a 

method to combat this confounding factor. The study with the most samples (n=22) 

provided a robust detection of miR-375 in NML tissue but not in FLC tissue (110). MiR-

375 is an interesting candidate tumor suppressor as previous studies have identified 

targeting of the Yes 1 associated transcription factor (YAP1) by miR-375 (111,112). 

YAP1 is a critical mediator of the Hippo signaling pathway, which regulates cell-to-cell 
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border inhibition signals ultimately regulating organ size (113). Additionally, YAP1 

promotes the expression of connective tissue growth factor (CTGF or CCN2), which is 

both a critical mediator of cell growth and differentiation and a prominent factor 

associated with fibrosis (114). This study from the Sethupathy lab, on which I serve as 

co-author, and which was published in Cellular and Molecular Gastroenterology and 

Hepatology. We functionally tested miR-375 by introducing a mimic, which led to the 

reduction of the expression of YAP1 and CTGF in a cellular model for FLC, resulting in 

decreased cell proliferation and migration (110). 

 

1.5: Limitations of prior studies  

 

 The two studies described above independently highlight that transcriptional 

activity and post-transcriptional regulation are two critical mechanisms shaping gene 

expression profiles and influence cellular characteristics in fibrolamellar carcinoma. 

However, there are limitations to the findings of the studies described. While analysis of 

enhancer patterns yields important information about chromatin activity leading to gene 

expression and predicts pathways of potential importance, especially transcription factor 

networks, these studies cannot account for post-transcriptional methods of regulation 

influencing gene expression. 

The degree of transcriptional activity does typically correlate with the levels of 

steady-state mRNA, but not all genes will have this relationship. Genes that have 

changes in mRNA levels, but not in transcriptional activity, and are likely subject to post-

transcriptional regulation. Identifying genes subject to post-transcriptional requires an 

integrated analysis of both mRNA expression levels and chromatin activity. Post-

transcriptionally regulated pathways may be critical to FLC progression and possibly 

subject to miR-based therapeutics. 

 An additional challenge inherent to these individual studies is interpreting 

potential therapeutic susceptibilities. While enhancer analysis strongly identifies 

potential transcription factor networks, transcription factors are difficult to inhibit with 

small molecules due to the lack of catalytic sites and low permeability of the nucleus. 

Additionally, transcription factors play pleiotropic roles in different tissues and direct 
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inhibition may affect normal physiology. For example, considerable effort surrounding 

the function of MYC proto-oncogene (115) and p53, two transcription factors that 

strongly influence cell growth and are associated with many cancers, remain 

undruggable, but are also critical factors for normal cellular function (116). Additionally, 

gene pathway analysis of enhancer activity identifies cellular processes potentially 

critical fibrolamellar carcinoma cells, including the PI3K/AKT and MAPK signaling (106), 

but the specific proteins, including DP, responsible for promoting these pathways is 

unclear requiring further study. 

Likewise, correcting miR expression appears desirable, but simply rescuing a 

single miR may be insufficient to correct entire tumor suppressive or oncogenic 

pathways. When considering miR mimic or inhibitor treatments, a deeper analysis of 

targeted genes needs to be performed to identify both the number of genes involved 

and extent that a single miR alters cellular characteristics (117). Additionally, miR 

activity is highly contextual to the cellular environment analyzed and consideration of 

pleiotropic effects is needed (118,119). As previously mentioned, miRs exert limited 

effects on single genes, so miR-based therapeutics may require a combinatorial 

approach. 

In other studies, miR analyses have identified up- and down- regulated miRs in 

HCC and CCA (120,121). MiRs involved in HCC formation and progression stratify 

relative to the cancer-causative agent (i.e., hepatitis, cirrhosis, steatosis), but miRs 

associated with advanced cancer stages have been identified (122). Murine models of 

HCC have identified treatment efficacy for miR-26a, miR-122, and miR-124 rescue and 

miR-221 inhibition. In CCA, similar studies have identified tumor suppressor roles for 

miR-433, miR-22, and miR-122 and oncogenic roles for miR-181c and miR-191 

(121,123). Recently, three miRs (miR-22, miR-10b, and miR-551b) were identified to 

stratify CCA patient survival (124). Taken together, identification of cancer associated 

miRs are often specific to the cancer being analyzed, and sometimes different studies 

identify and annotate different miRs associated with a specific cancer. It is clear that no 

single miR acts in a common, oncogenic fashion among cancers of the liver, which 

further emphasizes the need to address differential miR expression and gene regulation 

separately in FLC (125,126). 
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A major challenge in identifying the role for miRs to contribute to FLC formation is 

the scarcity of patient tissue available for analysis and the lack of cellular models for 

functional testing (82). Given that FLC is a rare cancer type, it is not surprising that 

these limitations exist. However, there are opportunities to leverage preexisting data, 

such as applying the ChRO-seq analysis to identify miR-associated enhancers and to 

intersect mRNA-seq and ChRO-seq data to identify genes that are likely to be solely 

regulated by miR activity. These analyses have the potential to identify miRs that have 

an outsized role in shaping gene expression in FLC, identifying the cellular pathways 

likely regulated by miRs, and predicting the functional roles of miRs in FLC (Figure 1.5). 
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Figure 1.5. Model for gene regulation in fibrolamellar carcinoma. Activity of 

DNAJB1-PRKACA, for which a direct inhibitor is unavailable, alters signaling pathway 

directly and indirectly. The resulting changes in chromatin activity result in differential 

messenger rRNA and microRNA expression profiles. MicroRNAs the suppress 

messenger RNA to finally shape the translation of proteins. 

 

1.6: Research aims and objectives 

 

 To address the limitations and extend the findings of prior studies I propose a 

new study that leverages an expanded catalogue of patient samples, integrates 

transcriptional and microRNA activity to identify gene pathways subject to post-

transcription regulation, and includes functional experiments in a patient derived cell 

? 
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line. I hypothesize that microRNAs exert post-transcriptional gene regulation in FLC to 

promote FLC cancer phenotypes and progression. I propose to test this hypothesis 

through the following specific aims. 

 

Aim 1: Identify altered microRNA profiles in FLC, compare microRNA expression in FLC 

to other cancers, and quantify transcriptional activity at microRNA loci. 

 I will perform small RNA sequencing in an expanded cohort of samples from 

patients with fibrolamellar carcinoma. This cohort exceeds 50 samples and will enable 

an analysis of microRNA expression profiles based on patient age, sex, origin site of the 

patient’s tumor, and stage of the patient’s tumor. From the small RNA sequencing data, 

I will identify the up- and down- regulated microRNAs in FLC relative to adjacent non-

malignant liver (NML) and determine if the profiles differ with regard to patient variables. 

 Upon identifying microRNAs with altered expression profiles, I will compare the 

expression levels of those miRs in FLC to expression levels in other cancers. I will 

leverage existing data publicly available through The Cancer Genome Atlas (TCGA) 

database. The TCGA contains microRNA sequencing data for approximately 20 cancer 

types making it possible to determine the relative differences of miR expression. 

 Upon identifying differentially expressed miRs in FLC I will access existing 

ChRO-seq data to identify transcriptional regulatory elements (TRE) near miR loci. 

Currently, miR TREs have not been well-annotated on a genomic scale and performing 

this analysis in FLC will provide a framework for future discovery of miR TREs in other 

cancer types. Identification of miR TREs is critical for determining the potential 

transcription factors driving miR expression. 

 

Aim 2: Identify microRNAs subject to regulation by DNAJB1-PRKACA and integrate 

gene transcription and gene expression data to identify post-transcriptionally regulated 

genes and pathways. 

 Ectopic expression of DNAKB1-PRKACA (DP) has been shown previously to 

contribute to cancer formation in mouse experiments and key genes associated with 

FLC are putatively driven by DP activity. I will assess the role for DP activity to induce 

the expression of miRs relevant to FLC. This will be accomplished by assessing miR 
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expression after ectopic expression of DP in cell line models of liver cancer where DP is 

normally absent. I will also express wild type PRKACA and a mutant form of DP that 

lacks kinase activity as controls. 

 To identify gene pathways subject to post-transcriptional regulation by miRs, I will 

integrate ChRO-seq and RNA-seq data to identify genes that have robust changes in 

RNA levels in FLC relative to NML, but minimal changes in nascent transcriptional 

activity. This analysis will identify two sets of genes potentially regulated by miRs: genes 

with increased and genes with decreased post-transcriptional suppression (PTS). I will 

then screen these gene lists for miR binding sites. Genes with decreased PTS, where 

the RNA accumulates to higher levels in FLC, will be screened against the miRs found 

to be down regulated in FLC. Similarly, genes with increased PTS will be screened 

against up regulated miRs. This analysis will identify potential master regulator miRs in 

FLC. 

 

Aim 3: Perform functional experiments in a FLC patient derived cell line. 

 Upon identifying miRs that may regulate critical gene pathways in FLC I will 

perform functional experiments to perturb the expression of those miRs of interest in a 

cell line derived from a patient with FLC. Initially, I plan to inhibit the function of the most 

up-regulated miRs relevant to FLC using locked-nucleic acid (LNA) oligos. Inhibitory 

oligos will be transfected into the FLC cell line and functional parameters (specifically 

those relevant to gene pathways identified in Aim 2) will be measured by standard 

techniques. 

 While data from Aim 1 and 2 are being generated, I will identify potential 

strengths and weaknesses of the FLC cell line and how those parameters may affect 

the capacity to perform functional experiments. Determining the ability to grow in 

anchorage- independent media, division rate, migratory capacity, and basic transfection 

efficiency will be fundamental to performing tractable experiments. After establishing a 

framework for experiments, I will validate miR inhibition and subsequent changes in 

gene expression by quantitative PCR methods. Next, I will establish the role for miRs to 

regulate fundamental cellular behaviors. I will choose techniques relevant to the 

predicted role of the miR being interrogated and the putative gene pathways identified.  
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Chapter 2: Multi-omic analysis of microRNA-mediated regulation reveals a 

proliferative axis involving miR-10b in fibrolamellar carcinoma 

 

 Portions of this study have been published in the Journal of Clinical Investigation- 

Insight and can referenced with the following citation: JCI Insight. 2022;7(11):e154743 

(https://doi.org/10.1172/jci.insight.154743). Additional authors contributed to the 

published manuscript. Adam B. Francisco designed the study; acquired, analyzed, and 

interpreted data; prepared figures; provided statistical analysis; and drafted the 

manuscript. Matt Kanke analyzed and interpreted data; prepared figures; provided 

statistical analysis; and edited the manuscript. Andrew P. Massa acquired, analyzed, 

and interpreted data; and edited the manuscript. Tim A. Dinh and Ramja Sritharan 

provided material support and edited the manuscript. Khashayar Vakili and Nabeel 

Bardeesy obtained funding and provided resources. Praveen Sethupathy designed the 

study; analyzed, and interpreted data; drafted the manuscript; obtained funding; and 

supervised the study. 

 

Synopsis 

 

Small RNA profiling of the largest fibrolamellar carcinoma (FLC) patient cohort to date, 

coupled with genome-scale RNA and chromatin analysis, identifies miR-10b as a 

candidate master regulator of gene expression in FLC. Functional analysis of miR-10b 

in PDX-derived FLC cells demonstrates it is a regulator of tumor cell metabolic activity 

and proliferation 

 

2.1: Abstract 

 

Fibrolamellar carcinoma (FLC) is an aggressive liver cancer primarily afflicting 

adolescents and young adults. Patients with FLC harbor a heterozygous deletion on 

chromosome 19 that leads to the oncogenic gene fusion, DNAJB1-PRKACA. There are 

http://insight.jci.org/7/11
https://doi.org/10.1172/jci.insight.154743
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currently no effective therapeutics for FLC. To work toward that end, it is critical to gain 

deeper mechanistic insight into FLC pathogenesis. 

We assembled a large sample set of FLC and non-malignant liver tissue (n=52) 

and performed integrative multi-omic analysis. Specifically, we carried out small RNA-

sequencing to define altered microRNA expression patterns in tumor samples and then 

coupled this analysis with RNA sequencing (RNA-seq) and chromatin run-on 

sequencing (ChRO-seq) data to identify candidate master microRNA regulators of gene 

expression in FLC. We also evaluated the relationship between DNAJB1-PRKACA and 

microRNAs of interest in several human and mouse cell models. Finally, we performed 

loss-of-function experiments for a specific microRNA in cells established from a patient-

derived xenograft (PDX) model.  

We identified miR-10b-5p and miR-455-3p as the top candidate pro-proliferative 

and tumor suppressive microRNAs, respectively. In multiple human cell models, but not 

in mouse cell models, over-expression of DNAJB1-PRKACA leads to significant up-

regulation of miR-10b-5p. In cells established from a PDX model, inhibition of miR-10b 

increases the expression of several novel target genes, including the anti-proliferative 

factors TRIM35 and SUN2, concomitant with a significant reduction in metabolic activity, 

anchorage-independent growth, and proliferation. 

This functional genomics study highlights a novel proliferative axis in FLC and 

provides a rich resource for further investigation of the molecular landscape of FLC. The 

results reveal that miR-10b-5p shapes gene expression and promotes cell proliferation 

in FLC. Future studies are necessary to identify how the loss of miR-455-3p contributes 

to FLC progression and how miR-10b-5p may coordinate with miR-455-3p to control 

tumor phenotypes. 
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2.2: Introduction 

 

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

(27,78). FLC predominantly afflicts adolescent and young adults who lack features that 

are predisposing to other liver cancers, such as alcoholism, obesity, hepatitis or 

parasitic infections, and chronic exposure to toxins (127). Standard of care for typical 

liver cancer, referred to as hepatocellular carcinoma, has thus far not proven effective 

(128,129). The only current successful treatment option is surgical resection. 

Unfortunately, detection of FLC often doesn’t occur until later stages of disease 

progression, and for patients with advanced metastatic cancer for whom resection is not 

a viable strategy, the prognosis is dismal (79,130-132). There is a dire need for effective 

therapies. To work toward this, it is critical to first understand the mechanisms 

underlying FLC progression. 

Nearly all patients with FLC carry a heterozygotic deletion of ~400kb on 

chromosome 19 between the genes DNAJB1 (encoding a small heat-shock factor) and 

PRKACA (encoding a catalytic subunit of the cAMP-dependent protein kinase 

holoenzyme PKA), which results in the creation of the in-frame fusion gene DNAJB1-

PRKACA and the eventual expression of the protein chimera DNAJ-PKAc (DP) 

(28,133,134). DP is oncogenic in murine livers (88,89) and thought to be the driver of 

FLC formation. There is considerable interest in developing chemical inhibitors of DP 

activity; however, off-target suppression of PKA remains an unfavorable outcome due to 

the importance of PKA in the normal physiology of critical organs including the heart 

(135-137). Genome-scale analysis of FLC tumors has revealed reproducible changes in 

the expression of many genes (101,102,138), several of which have been shown to be 

strongly sensitive to DP activity (106,110). This finding prompts the hypothesis that 

genes downstream of DP may represent alternative therapeutic targets. 

One class of genes shown to be altered in FLC is microRNAs (109,110), which 

are ~21-nt small RNAs that negatively regulate gene expression at the post-

transcriptional level (50). Two initial studies identified dysregulated microRNAs but were 

under-powered in terms of the number of FLC tumor samples: 18 in one study and 7 in 

another (109,110). In this study, we performed small RNA sequencing analysis in the 
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largest set of FLC and non-malignant samples to date (n=52) and identified a set of 

significantly upregulated microRNAs in both primary and metastatic tumors. We found 

that miR-10b is among the most dramatically up-regulated in FLC. There was little 

difference overall between primary and metastatic microRNA expression profiles. We 

then leveraged our published FLC chromatin run-on sequencing (ChRO-seq) data to 

identify the transcriptional start sites and quantify transcriptional activity of the 

significantly upregulated microRNAs, which revealed that miR-10b is the most 

transcriptionally activated microRNA locus in FLC. We then performed an integrative 

analysis of ChRO-seq and RNA-seq datasets to identify those genes subject primarily to 

post-transcriptional regulation (PTR) in FLC. Among the PTR genes that are down-

regulated in FLC, we observed a significant enrichment of predicted binding sites for 

miR-10b. 

We found that the expression and activity of DP is sufficient to induce the up-

regulation of miR-10b in multiple human, but not mouse, cell models of FLC, which 

points to important species-specific differences in terms of the downstream effects of 

DP. We then performed functional analysis of miR-10b in two FLC cell lines, 

independently derived from a patient derived xenograft (PDX). After inhibition of miR-

10b, we observed a modest but significant reduction in cell metabolism, anchorage-

independent growth, and proliferation, which associates with a significant increase in 

the expression of novel candidate target genes of miR-10b, FANCC, SUN2 and 

TRIM35. All three of these genes have been implicated as tumor suppressors in other 

cancer types (139-146). Overall, our results reveal a regulatory axis in FLC involving 

miR-10b to promote cellular proliferation. 
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2.3: Results 

 

MicroRNA profiling in the largest FLC and non-malignant liver sample set to date 

 

Tissue samples from patients with FLC were acquired though a collaboration with 

the Fibrolamellar Cancer Foundation (FCF) biobank, resulting in a substantially 

expanded set (n=52, n=47 after removal of samples acquired from the same patient at a 

different time) relative to our prior analysis (110), which included only 18 samples. 

Patient samples were obtained at the time of surgical procedures, frozen, and stored at 

-80°C. When possible, nonmalignant liver (NML) adjacent to the FLC tumors was also 

obtained. We confirmed the presence of the DP oncogene in each sample by real-time 

quantitative PCR (RT-qPCR), detection of the fusion transcript in RNA-seq data, or 

Western blot (Supplemental Table 1). The expression of DP in samples analyzed by 

qPCR (Figure 2.1A) is on average ~1000-fold higher in FLC than in NML tissue. We 

also determined that the median age of the patients in our dataset is 21 years old 

(Figure 2.1B), consistent with the notion that FLC is primarily an adolescent and young 

adult cancer.  

We extracted RNA from each patient sample and proceeded with small RNA-

sequencing (Methods). After ensuring that all samples had a sufficient number of 

mapped reads (>1 million reads, Supplemental Table 2), we quantified microRNA 

expression using miRquant 2.0 (147). Principal component analysis (PCA) revealed that 

the microRNA expression profiles are sufficient to stratify samples according to NML 

and FLC status (Figure 2.1C), but not age or sex (Figure 2.1D), indicating that 

microRNA differences are due to tumor biology. Unsupervised hierarchical clustering 

analysis confirmed that FLC samples stratify completely separately from NML samples 

(Figure 2.1E). We then directly compared microRNA profiles between FLC and NML to 

identify significantly differentially expressed microRNAs (n=23; Figure 2.1F). 
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Figure 2.1. miR-10b is among the most upregulated microRNAs in FLC. (A) 

Quantitative PCR showing the RQV of DP in a subset of FLC samples (n=15) compared 

to NML samples (n=6). Data points represent individual patient samples. Cycle 

threshold values can be found in Table 1. (B) Patient age distribution across FLC 

samples used in this study for which age is known (n=35). (C) Principal component 

analysis of VST normalized counts for the NML (n=10) and FLC (n=33) dataset. The 

percent of variation explained is indicated for component 1 (x-axis) and component 2 (y-

axis). NML and FLC samples are colored green and red. (D) Principal component 

analysis plot in which the patient age and gender information are overlayed. Female, 

male, and unreported patients are indicated by circles, triangles, and squares. The color 

intensity, from dark to light, indicates increasing patient age at the time of surgery. € 

Unsupervised hierarchical clustering of the Euclidean distances among samples was 

calculated based on VST normalized counts. FLC and NML samples are indicted by red 

and green boxes. (F) Volcano plot showing microRNAs that are significantly 
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differentially expressed (average normalized counts > 1000 in either NML or FLC, 

coefficient of variance < 2 across FLC samples). Dashed lines represent the log2 FC of 

expression -2/+2 (vertical) and adjusted P = 0.05 (horizontal). Up- or down-regulated 

microRNAs are colored red or blue, respectively 
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 For each of these microRNAs, we calculated the coefficient of variance (CoV) to 

measure the level of expression variability across FLC samples. After setting a 

maximum CoV threshold of 2.0, we identified 20 microRNAs of interest in FLC (11 up-

regulated, 9 down-regulated). The expression level of each up- or down-regulated 

microRNA is shown for each patient (Figure 2.1G and H). The down-regulated set 

includes miR-375, which we reported previously as a likely tumor suppressor in FLC 

(110). Due to our previous work on tumor suppressor microRNAs in FLC (110), we 

focused the remainder of this study on the up-regulated microRNAs, which represent 

candidate oncogenes.  

 

 

Figure 2.1 continued. miR-10b is among the most upregulated microRNAs in FLC. 

(G,H) Heatmaps showing the normalized expression of up- or down-regulated 

microRNAs (in rows) in each patient sample (in columns). Expression is scaled by row 

with a max/min of 2/-2 shown. P-values are calculated by two-tailed Student’s t-test. 
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The up-regulated set comprises miR-199b-5p, miR-31-5p, miR-218-1-5p, miR-

218-2-5p, miR-203, miR-21-5p+1, miR-708-5p, miR-190b, miR-182-5p, miR-10b-5p, 

and miR-10b-5p+1 (Figure 2.2A). Among these, miR-10b is the most abundant in FLC 

tumors (>5-fold more abundant on average than the next-most abundant microRNA). 

 

 

Figure 2.2. Expression levels of the significantly up-regulated microRNAs in all 

FLC patient samples. (A) The normalized expression of each up-regulated microRNA 

is shown as individual box plots for NML and FLC. Samples are plotted as individual 

points.   



30 

 

Within our patient sample set, we have 9 matched samples to compare the 

microRNA expression in FLC tumor to adjacent NML tissue. The 11 microRNAs up-

regulated in the full dataset exhibited very similar expression trends in this matched 

dataset (Figure 2.2B). 

 

 

Figure 2.2 continued. Expression levels of the significantly up-regulated 

microRNAs in all FLC patient samples. (B) Expression of up-regulated microRNAs 

among FLC patients with matched NML samples (n=9). The matched NML/FLC 

samples are indicated with a line linking the two data points. Each data point represents 

a patient sample. P-values are calculated by two-tailed Student’s t-test. 
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Expression of microRNAs in primary versus metastatic FLC  

 

Next, we analyzed the differential expression of microRNAs in primary or 

metastatic FLC tumor tissue relative to NML. Primary tumor samples were all hepatic in 

origin and metastatic samples were from liver, lung, lymph nodes, pancreas, or 

peritoneum (Supplemental Table 1). The expression of microRNAs does not stratify 

primary from metastatic samples according to PCA (Figure 2.3A). We also observed no 

specific clustering based on different sites of FLC malignancy (Figure 2.3B), suggesting 

that FLC maintains highly consistent differential expression of microRNAs irrespective 

of tumor type or metastatic location. When comparing only primary tumors (n=18) to 

NML (n=10), we identified 9 up-regulated and 8 down-regulated microRNAs (Figure 

2.3C, E). We performed an identical analysis comparing only metastatic tumor tissue 

(n=19) to NML (n=10) and found that 14 microRNAs are up-regulated and 10 are down-

regulated (Figure 2.3D, F). These microRNAs comprise all of those identified in the 

primary vs. NML analysis (Figure 2.3C) and all-FLC vs. NML analysis (Figure 2.1G), as 

well as three additional microRNAs, which are isomiRs of miR-21 and miR-203. Upon 

further analysis of the 14 up-regulated microRNAs, none were found to be significantly 

differentially expressed in primary versus metastatic FLC tissue (Supplemental Figure 

2.1). 
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Figure 2.3. miR-10b is among the most upregulated microRNAs in both primary 

and metastatic FLC. (A) Principal component analysis of VST normalized counts with 

tumor type information overlayed. NML (n=10), primary (n=18), and metastatic (n=19) 

samples are shown in green, yellow, and orange. (B) Principal component analysis of 

VST normalized counts with metastatic location information overlayed. Extrahepatic, 

liver, lung, lymph node, peritoneal, and unknown locations are shown red, brown, green, 

teal, blue, and purple. (C) Volcano plot showing microRNAs that are significantly 

differentially expressed in primary FLC vs. NML (average normalized counts > 1000 in 

either NML or primary FLC). Dashed lines represent the log2 FC of expression -2/+2 

(vertical) and adjusted P=0.05 (horizontal). Up- or down-regulated microRNAs are 

colored red or blue. (D) Volcano plot showing microRNAs that are significantly 

differentially expressed in metastatic FLC vs. NML (analysis criteria identical to panel 

C). Dashed lines represent the log2 FC of expression -2/+2 (vertical) and adjusted 

P=0.05 (horizontal). Up- or down-regulated microRNAs are colored red or blue.   
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Figure 2.3 continued. miR-10b is among the most upregulated microRNAs in both 

primary and metastatic FLC. Heatmap showing the expression of microRNAs up-

regulated in primary FLC vs. NML. MicroRNAs are listed in rows and individual patients 

are listed in columns. Expression is scaled by row with a max/min of 2/-2 shown. (F) 

Heatmap showing the expression of up-regulated microRNAs in metastatic FLC vs. 

NML (sample arrangement is identical to panel E). Expression is scaled by row with a 

max/min of 2/-2 shown.   
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Supplemental Figure 2.1. Expression of the up-regulated microRNAs in primary 

and metastatic FLC patient samples. The normalized read counts of each up-

regulated microRNA in either primary or metastatic. Each data point represents a 

patient sample. P-values are calculated by two-tailed Student’s t-test.  
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Expression of microRNAs in FLC compared to other cancer types  

 

Next, we compared the expression of the 11 up-regulated microRNAs in FLC (9 

when discounting isomiRs) (Figure 2.1G) across all 23 cancer types available in The 

Cancer Genome Atlas (TCGA) for which small RNA sequencing has been performed 

and non-malignant tissue controls exist. We previously identified (101) 6 FLC samples 

within TCGA (designated ‘TCGA FLC’), which we report here separately from the set of 

FLC samples used in this study (designated as ‘Cornell/FCF FLC’). We found that only 

four microRNAs (miR-190b, miR-10b, miR-199b, and miR-218-1) exhibit a level of 

increased expression in the Cornell/FCF FLC tumors that is greater than the increase 

observed in any other cancer type (Figure 2.4A-D). We also noted that there are three 

microRNAs (miR-10b, miR-708, and miR-218-2) which exhibit concordant increases 

between the Cornell/FCF FLC and TCGA FLC sets, and for which increases in the 

Cornell/FCF FLC set are most similar to gastrointestinal cancers (in particular colon 

adenocarcinoma, COAD, and rectal adenocarcinoma, READ) (Supplemental Figure 

2.2A-E). 
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Figure 2.4. FLC microRNA expression compared to other cancer types. (A-D) Log2 

FC expression of the 4 most up-regulated microRNAs in FLC (after removing isomiRs) 

within TCGA. The size of each circle represents the geometric mean of microRNA 

expression in each tumor type. Each tumor type is ranked on the y-axis by the log2 FC 

of the geometric mean of tumor expression relative to non-tumor expression. The FLC 

sample set used in this study (Cornell/FCF) and the FLC sample set available from 

TCGA (n=6) are highlighted in red. BLCA, bladder urothelial carcinoma; BRCA, breast 

invasive carcinoma; CESC, cervical squamous cell and endocervical adenocarcinoma; 

CCA, cholangiocarcinoma; COAD, colon adenocarcinoma; Cornell/FCF FCL, 

fibrolamellar carcinoma samples analyzed in this study; ESCA, esophageal carcinoma; 

HCC, hepatocellular carcinoma; HNSC, head and neck squamous cell carcinoma; 

KICH, kidney chromophobe; KIRC, kidney renal papillary cell carcinoma; KIRP, kidney 

renal clear cell carcinoma; LUAD, lung adenocarcinoma; LUSC, lung squamous cell 

carcinoma, PAAD, pancreatic adenocarcinoma; PCPG, pheochromocytoma and 

paraganglioma; PRAD, prostate adenocarcinoma; READ, rectum adenocarcinoma; 

SKCM, skin cutaneous melanoma; STAD, stomach adenocarcinoma; TCGA FLC; 

fibrolamellar carcinoma; THCA, thyroid carcinoma; THYM, thymoma; UCEC, uterine 

corpus endometrial carcinoma; RPMMM = Reads per million mapped to microRNAs. 
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Supplemental Figure 2.2. FLC microRNA expression compared to other cancer 

types. (A-E) Log2 FC expression of the 5 next most up-regulated microRNAs in FLC 

(after removing isomiRs) within TCGA. The size of each circle represents the geometric 

mean of microRNA expression in each tumor type. Each tumor type is ranked on the y-

axis by the log2 FC of the geometric mean of tumor expression relative to non-tumor 

expression. The FLC sample set used in this study (Cornell/FCF) and the FLC sample 

set available from TCGA (n=6) are highlighted in red. BLCA, bladder urothelial 

carcinoma; BRCA, breast invasive carcinoma; CESC, cervical squamous cell and 

endocervical adenocarcinoma; CCA, cholangiocarcinoma; COAD, colon 

adenocarcinoma; Cornell/FCF FCL, fibrolamellar carcinoma samples analyzed in this 

study; ESCA, esophageal carcinoma; HCC, hepatocellular carcinoma; HNSC, head and 

neck squamous cell carcinoma; KICH, kidney chromophobe; KIRC, kidney renal 

papillary cell carcinoma; KIRP, kidney renal clear cell carcinoma; LUAD, lung 

adenocarcinoma; LUSC, lung squamous cell carcinoma, PAAD, pancreatic 

adenocarcinoma; PCPG, pheochromocytoma and paraganglioma; PRAD, prostate 

adenocarcinoma; READ, rectum adenocarcinoma; SKCM, skin cutaneous melanoma; 

STAD, stomach adenocarcinoma; TCGA FLC; fibrolamellar carcinoma; THCA, thyroid 

carcinoma; THYM, thymoma; UCEC, uterine corpus endometrial carcinoma; RPMMM = 

Reads per million mapped to microRNAs. 
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Transcriptional activity at microRNA loci in FLC 

 

Aberrant microRNA expression in cancer can be due to changes in 

transcriptional and/or post-transcriptional regulation (148). Therefore, we next sought to 

determine which of the microRNA changes in FLC are driven by transcription. We used 

our previously published (106) chromatin run-on sequencing (ChRO-seq) data across 

13 FLC samples to identify with high-confidence the promotor regions of all microRNAs 

differentially expressed in FLC (n=20; after removal of isomiRs, n=17) (Figure 2.1G, H). 

We then used the same ChRO-seq data to quantify the level of transcription from each 

of the microRNA promoters in FLC vs NML.  

We observed an overall concordance between the fold-change in transcription 

(ChRO-seq) and the fold-change in expression (small RNA-seq) for most of the 17 

microRNAs (Figure 2.5A). In all cases transcriptional activation or repression led directly 

to increased or decreased expression, respectively. However, for a few microRNAs, 

such as miR-203 and miR-378a-5p, the amplitude of the fold-change in expression is 

much greater than the fold-change in transcription, suggesting that these microRNAs 

may be altered in FLC primarily by post-transcriptional mechanisms.  
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Figure 2.5. miR-10b is the most transcriptionally activated microRNA in FLC. (A) 

Gene expression (RNA-seq signal, n=19, top row) or transcriptional activity (ChRO-seq 

signal, n=13, bottom row) for the 17 significantly differentially expressed microRNAs 

(after removing isomiRs) is shown as the log2 FC in FLC vs NML. 
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MiR-483-5p (Figure 2.5B) and miR-10b (Figure 2.5C) exhibit the greatest decrease and 

increase in transcription, respectively, in FLC relative to NML (Figure 2.5A). 

 

 

Figure 2.5 continued. miR-10b is the most transcriptionally activated microRNA in 

FLC. (B) miR-483-5p and (C) miR-10b-5p genome browser tracks showing normalized 

ChRO-seq signal. The upper and lower panel show the activity in FLC and NML. Activity 

on the plus and minus strand are shown in red and gray, respectively. The mature 

microRNA sequence is shown as a grey rectangle, the promoter region of the miRNA is 

shown as a black rectangle, and the direction of transcription is identified by an arrow. 

Predicted FOXQ1 bindings sites in the miR-10b promoter are identified by blue dashes.  
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 It has been reported in other cancer types (149-151) that miR-10b is 

transcriptionally activated by the Twist1 transcription factor and we identified a ~3-fold 

increase of TWIST1 expression in FLC (Supplemental Figure 2,3A). However, we 

observed that TWIST1 is negatively correlated to DP expression (Supplemental Figure 

2.3B). We then performed an unbiased search of the miR-10b promoter region using 

the online resource ‘Find Individual Motif Occurrences’ (152,153), which revealed high-

confidence binding sites for FOXQ1, as defined by the JASPER transcription factor 

binding profile database (154). We identified a ~5-fold increase in FOXQ1 expression in 

FLC and a significant positive correlation to DP expression (Supplemental Figure 2.3C, 

D) across 19 FLC samples for which we have matched RNA-seq and small RNA-seq 

data.  
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Supplemental Figure 2.3. FOXQ1 mRNA levels correlates to DP expression. (A) 

Bar graph showing the normalized RNA-seq read counts for TWIST1 in NML and FLC. 

(B) Correlation of TWIST1 (y-axis) and DP (x-axis). (C) Bar graph showing the 

normalized RNA-seq normalized read counts for FOXQ1 in NML and FLC. (D) 

Correlation of FOXQ1 (y-axis) and DP (x-axis). Expression shown as the log of 

normalized counts in FLC samples with RNA-seq data (n=19). Measurements from 

individual samples are shown as data points. P-values calculated by two-tailed 

Student’s t-test. 
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DNAJB1-PRKACA promotes miR-10b expression in human but not mouse cell models 

 

Having identified miR-10b as: (a) one of the most differentially expressed 

microRNAs in FLC (Figure 2.1G), (b) the most highly expressed among the up-

regulated microRNAs in FLC (Figure 2.2A), (c) aberrantly expressed in both primary 

and metastatic FLC tissue (Supplemental Figure 2.1A), and (d) the most 

transcriptionally activated microRNA in FLC compared to NML (Figure 2.5A), we next 

asked if miR-10b is directly responsive to the expression and activity of DP. We 

constructed lentiviral vectors (106,110) (Figure 2.6A) for transduction and ectopic 

expression of enhanced green fluorescent protein (GFP), DP, protein kinase A catalytic 

α subunit (PKA), or a catalytically inactive form of DP carrying a lysine to histidine amino 

acid substitution at position 128 (K128H). The protein expression of wild type PKA is 

shown in the GFP samples (lane 1, Figure 2.6B; Supplemental Figure 2.4A, B) as well 

as in the three DP-expressing clones (lanes 2-4, Figure 2.6B, Supplemental Figure 

2.4A, B), migrating at approximately 40kD. As expected, there is increased expression 

of wild-type PKA in the HepG2 line over-expressing PKA (lane 3, Figure 2.6B; 

Supplemental Figure 2.4A, B) and DP protein (identified by the higher molecular band 

migrating at approximately 46kD) is detectable only in the HepG2 lines over-expressing 

DP or DP-K128H (lanes 2 and 4, Figure 2.6B; Supplemental Figure 2.4A, B). We 

observed that the over-expression of DP or wild type PKA leads to a significant increase 

in the number of metabolically-active, viable cells relative to HepG2-GFP cells (Figure 

2.6C; Supplemental Figure 2.4C), whereas the over-expression of K128H has a much 

milder impact on the number of viable cells (Figure 2.6C; Supplemental Figure 2.4C). 

Having established that the expression of DP affects cell abundance, we next 

performed small RNA sequencing in the HepG2-GFP and HepG2-DP cell lines to 

identify changes in microRNA expression mediated by DP. PCA analysis showed that 

microRNA profiles stratify replicates of HepG2-GFP from HepG2-DP samples (Figure 

2.6D). Differential expression analysis identified 8 microRNAs that are significantly 

altered in HepG2-DP relative to HepG2-GFP cells (Figure 2.6E). Among these, miR-10b 

is the most significantly up-regulated (~30-fold). Other microRNAs that we had identified 

as upregulated in FLC tumors (Figure 2.1G) are not altered by DP in this cell model 
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(Figure 2.6E). We confirmed by qPCR the dramatic up-regulation of miR-10b in HepG2-

DP cells, and showed that miR-10b is not changed in HepG2-PKA and only modestly 

changed in HepG2-K128H cells (Figure 2.6F). These data demonstrate that miR-10b 

increase is specific to DP over-expression. We also analyzed by qPCR the expression 

of two other microRNAs that are significantly upregulated in FLC, miR-182 and miR-21 

(Figure 2.1G), and found that there was no significant induction in the HepG2-DP cell 

line (Supplemental Figure 2.4D). These data suggest that DP activity has a very robust 

effect on miR-10b and that the up-regulation of other microRNAs in FLC may be 

contextual to the unknown cell of origin.  
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Figure 2.6. DP activity promotes the expression of miR-10b in human but not 

mouse models. (A) Diagram of expression cassettes for lentiviral constructs. EF1α; 

human EF1α gene promoter; GFP, green fluorescent protein; DNAJB1-PRCACA, FLC 

fusion oncogene; wild-type PRKACA; protein kinase A catalytic α subunit; DNAJB1-

PRCACA K128H, FLC fusion oncogene containing a lysine-to-histidine substitution at 

amino acid position 128; IRES, internal ribosome entry site; PRG, puromycin resistance 

gene. (B) Protein expression in HepG2 cell lines detected with a protein kinase A 

catalytic α subunit (PKAc) antibody. Wild-type PKAc and DP are identified. Lane 1, 

HepG2-GFP; lane 2, HepG2-DP; lane 3, HepG2-PKA; lane 4, HepG2-K128H. Vinculin 

expression for loading control is shown in the lower panel. Disclaimer: uncropped 

immunoblot shown in Supplemental Figure 4A, B. (C) Luciferase relative light units 

(RLU), proportional to viable cells, is shown relative to the HepG2-GFP cell line (2 trials, 

n=14 each condition). (D) Principal component analysis of the log transformed 

normalized counts from small RNA-sequencing of HepG2-DP (DP, n=3) and HepG2-

GFP (control, n=3) samples, in blue and red. (E) Volcano plot showing the differentially 

expressed microRNAs in HepG2-DP relative to HepG2-GFP (only microRNAs with 

average HepG2-DP or HepG2-GFP expression > 100 shown). Dashed lines represent 

the log2 (fold change) of expression -2/+2 (vertical) and adjusted P=0.05 (horizontal). 

Up- or down-regulated microRNAs are colored red or blue. (F) Quantitative PCR 

showing the relative quantitative value (RQV) for miR-10b expression in HepG2-GFP, 

HepG2-DP, HepG2-PKA, and HepG2-K128H cell lines (n=3 each). (G) Quantitative 

PCR for showing the relative quantitative value (RQV) for miR-10b expression in 

HEK293 and HEK293-DP cell lines (n=4 each). In all assays, each dot represents the 

average signal of a biological replicate. P-values are calculated by two-tailed Student’s 

t-test. P-values reported in panels C and F were adjusted for multiple testing correction 

post-hoc by benjamini-hochberg method. 
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We then turned to another human cell model, HEK293-DP: HEK293 cells in 

which the ~400kb deletion found in human FLC patients was re-created by 

CRISPR/Cas9 (155), leading to the expression of DP. We observed by qPCR that miR-

10b is significantly elevated (~3-fold) in HEK293-DP cells relative to wild-type HEK293 

cells (Figure 2.6G). We next analyzed a single tissue sample from a patient with 

intraductal oncocytic papillary neoplasm (IOPN) of the pancreas, which is the only other 

cancer type in which DP has been detected (156) and found that miR-10b is elevated 

(~1.5 fold) compared to the non-malignant pancreas tissue (Supplemental Figure 2.4E). 

We also assessed three different murine-based models of FLC: (i) AML-12-DP cells 

(98), (ii) TIB-75-DP cells (Methods), and (75) DP-expressing mouse (88) (DP was 

expressed by in vivo transposition). Surprisingly, we found that in all three cases the 

expression of miR-10b is not increased, and in some cases actually reduced, by the 

presence of DP (Supplemental Figure 2.4F-H). These findings reveal that DP regulates 

miR-10b oppositely in human versus mouse cells, and therefore mouse models of FLC 

are likely not appropriate for studying the role of miR-10b in FLC. 
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Supplemental Figure 2.4. Expression of miR-10b in mouse models of DP. (A) 

Immunoblot probed with a PKAc antibody. Wild-type PKAc and DP are identified. Lane 

1, HepG2-GFP; lane 2, HepG2-DP; lane 3, HepG2-PKA; lane 4, HepG2-K128H; lane 5, 

FLC-H cell line; lane 6, non-malignant liver (NML) sample; lane 7, Fibrolamellar 

carcinoma (FLC) sample; lane 8, patient-derived xenograft (PDX) sample. Molecular 

masses from the ladder of 36 and 50 kilodaltons are denoted. (B) Immunoblot from 

panel A probed with vinculin antibody. Disclaimer: cropped content of immunoblot is 

shown in Figure 6B and Figure 8A. (C) Growth of HepG2-GFP, HepG2-DP, and HepG2-

K128H cell lines over 5 days (n=3 each line). (D) Quantitative PCR showing the RQV of 

miR-10b in an intraductal oncocytic papillary neoplasm (IOPN) sample relative to 

healthy pancreatic tissue (Pancreas) (n=1). (E) Quantitative PCR showing the RQV of 

miR-182 and miR-21 expression in HepG2-GFP, HepG2-DP, HepG2-PKA, and HepG2-

K128H cell lines (n=3 each line). (F) Quantitative PCR showing the RQV of miR-10b in 

AML12 wild type (WT) and DNAJB1-PRKACA over-expression (DP) cell lines (n=3 each 

line). (G) Quantitative PCR showing the RQV of miR-10b in mouse livers transposed 

with empty vector (EV), DNAJB1-PRKACA expression (DP), constitutively active β-

catenin expression (BC), or DNAJB1-PRKACA and constitutively active β-catenin 

expression (DP+BC) (n=3 each condition). (H) Quantitative PCR showing the RQV of 

miR-10b in TIB75 empty vector (EV) and DNAJB1-PRKACA over-expression (DP) cell 

lines. In all assays, each dot represents the average signal across technical replicates 

for a single biological replicate. P-values calculated by two-tailed Student’s t-test. P-

values reported in panels D and G were adjusted for multiple testing correction post-hoc 

by benjamini-hochberg method. 
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Identification of genes subject to post-transcriptional regulation by microRNAs in FLC  

 

To determine which genes expressed in FLC are likely regulated by microRNAs 

we performed an integrative analysis of RNA-seq and ChRO-seq data (Methods). We 

first showed across all genes that the change in transcription is highly correlated with 

the change in mRNA expression in FLC versus NML (Figure 2.7A), indicating that most 

gene expression changes in FLC are strongly driven by transcription. Nonetheless, 

some genes do exhibit robust changes in expression in FLC versus NML despite little-

to-no change in transcription, and these are top candidates for post-transcriptional 

regulation (PTR) by microRNAs. We defined 788 genes that are not significantly 

changed in FLC according to ChRO-seq signal but are significantly reduced (gain of 

post-transcriptional regulation, GPR; n=548) or increased (loss of post-transcriptional 

regulation, LPR; n=240) according to RNA-seq.  

 To determine whether one or more microRNAs serve as master regulators of the 

PTR genes, we employed miRhub (157), a bioinformatic tool which determines whether 

a set of genes is significantly enriched for predicted binding sites of any microRNA. We 

performed the analysis on GPR (n=548) and LPR (n=240) genes independently. Across 

both analyses, only two microRNAs emerged as candidate master microRNA 

regulators: miR-10b for GPR genes (Figure 2.7B) and miR-455 for LPR genes (Figure 

2.7C). 
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Figure 2.7. miR-10b and miR-455 are master regulators of gene expression in 

FLC. (A) Scatter plot showing the log2 FC of RNA-seq normalized reads on the x-axis 

and the log2 FC of ChRO-seq normalized reads on the y-axis for genes in FLC relative 

to NML. Those genes subject primarily to gain of post-transcriptional regulation 

(normalized reads > 1000, RNA-seq log2 FC < 1, RNA-seq Padj < 0.05, ChRO-seq 

log2FC < +/- 0.59, ChRO-seq Padj > 0.2) are highlighted in purple and genes subject 

primarily to loss of post-transcriptional regulation (normalized reads > 1000, RNA-seq 

log2 FC > 1, RNA-seq Padj < 0.05, ChRO-seq log2FC < +/- 0.59, ChRO-seq Padj > 0.2) 

are highlighted in orange.  
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Figure 2.7 continued. miR-10b and miR-455 are master regulators of gene 

expression in FLC. (B) Ranked -log10 (P-value) of miRhub simulation results. Gain of 

post-transcriptional regulation genes were examined for enrichment of binding sites for 

microRNAs up-regulated in FLC (only those microRNAs with predictions in TargetScan 

included). The dashed line represents P-value = 0.05. (C) Ranked -log10 (P-value) of 

miRhub simulation results. Loss of post-transcriptional regulation genes were examined 

for enrichment of binding sites for microRNAs down-regulated in FLC (only those 

microRNAs with predictions in TargetScan included). The dashed line represents P-

value = 0.05.  
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Inhibition of miR-10b reduces metabolic activity and proliferation in PDX-derived FLC 

cell lines  

 

Having determined that miR-10b is a candidate master regulator of GPR genes 

in FLC, we next sought to evaluate the potential function of miR-10b in FLC. We 

leveraged a primary human FLC cell line (designated FLC-C) that was established 

previously from a patient-derived xenograft (PDX) (11) by treating with a locked-nucleic 

acid (LNA) inhibitor against miR-10b. Following transfection, we assessed the impact on 

cell health and proliferation. We found that the number of metabolically-active, viable 

cells is significantly reduced after miR-10b inhibition (Supplemental Figure 2.5A, B).  

There are several limitations of the FLC-C line (106), including that it is viable for 

only very few passages; therefore, we pursued analysis of miR-10b function in an 

independently PDX-derived human FLC cell line (designated FLC-H). DP protein 

expression in FLC-H cells is similar to that of primary FLC tumors (Figure 2.8A; 

Supplemental Figure 2.4A, B). The FLC-H cell line, and the PDX tumor from which it 

was derived, express both the major and minor isoform of DP, whereas the FLC tumor 

control used only expresses the major form of DP (28). We analyzed the expression of 

miR-10b by qPCR in FLC-H cells – although levels are slightly lower than in FLC tumor 

samples (Supplemental Figure 2.5C), they are highly stable across multiple passages 

(Supplemental Figure 2.5D). With this improved cell line, we confirmed that miR-10b 

abundance is dramatically reduced after transfection with the LNA inhibitor (Figure 

2.8B). We then confirmed that miR-10b reduction leads to modest (~25%) but significant 

reduction in metabolically-active, viable cells as measured by CellTiter-Glo (n=6 

independent experiments representing 34 biological replicates, Figure 2.8C). 

Predicted targets of miR-10b among the GPR genes include Fanconi Anemia 

Complement Group C (FANCC), Kruppel Like Factor 11 (KLF11), SEC14 Like Lipid 

Binding 2 (SEC14L2), Sirtuin 5 (SIRT5), Sad1 and UNC84 Domain Containing 2 

(SUN2), and Tripartite Motif Containing 35 (TRIM35), all of which have been implicated 

previously in the control of cell proliferation (139,142,145,158-161). We measured the 

expression level of these genes by qPCR after LNA-mediated miR-10b inhibition and 

observed small but significant changes in KLF11, SIRT5, and SEC14L2, a modest and 
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significant up-regulation of FANCC and SUN2, and a robust and significant increase in 

expression of TRIM35 (~2-fold) (Figure 2.8D). We then measured the expression of 

these genes after transfection of a miR-10b mimic (MIM), which dramatically increased 

the abundance of miR-10b (Supplemental Figure 2.5E). We first measured previously 

reported targets of miR-10b (151), CDH1 and PTEN, and found that neither LNA-10b 

nor MIM-10b altered the expression of these genes (Supplemental Figure 2.5F). We 

did, however, observe a modest reduction of SIRT5, SUN2, and TRIM35, and a 

significant reduction of FANCC mRNA after MIM-10b treatment (Supplemental Figure 

2.5G). Based on the known functions of FANCC, TRIM35, and SUN2, we hypothesized 

that the reduction in viable cells after miR-10b inhibition is due to reduced proliferation. 

To test this, we performed an anchorage-independent growth assay, an EdU 

incorporation assay (to assess replication and synthesis), and also carried out TUNEL 

staining (to assess apoptotic induction) in the FLC-H cell line. Inhibition of miR-10b 

leads to a significant reduction in colony growth (~40%) (Figure 2.8E, F) and EdU 

incorporation (~25%) (Figure 2.8G, H), but no change in TUNEL staining (Supplemental 

Figure 2.5H, I). Taken together, these results indicate that miR-10b regulates cell 

proliferation but not apoptosis in FLC cells. 
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Figure 2.8. miR-10b inhibition reduces FLC cell metabolic activity and 

proliferation. (A) Protein expression of DNAJB1-PRKACA (DP) is detected with a 

protein kinase A catalytic α subunit (PKAc) antibody. Wild-type PKAc, DP major, and 

DP minor are identified. Lane 1, FLC-H cell line; lane 2, Non-malignant liver; lane 3, 

FLC patient sample; lane 4, FLC patient derived xenograft (PDX) sample. Vinculin 

expression for loading control is shown in the lower panel. Disclaimer: uncropped 

immunoblot shown in Supplemental Figure 4A, B. (B) Quantitative PCR showing the 

RQV of miR-10b in FLC-H cells 6 days after 500nM treatment with miR-10b LNA or 

scrambled sequence compared to mock (n=4 each condition). (C) Luciferase signal 

(RLU) in FLC-H cells after 6 days of 500nM miR-10b LNA treatment is shown as RQV 

compared to the scrambled negative control (6 trials, n=6 each condition). (D) 

Quantitative PCR showing the RQV of FANCC, KLF11, SEC14L2, SIRT5, SUN2, and 

TRIM35 in FLC-H cells after 6 days of 500nM miR-10b LNA treatment compared to the 

negative control (n=7-5 trials with 3 replicates for each condition, SIRT5 n=2 trials).  
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Figure 2.8 continued. miR-10b inhibition reduces FLC cell metabolic activity and 

proliferation. (E) Soft agar colony formation of FLC-H cells 35 days after 500nM miR-

10b LNA compared to the negative control shown as RQV. (F) Representative nitro blue 

tetrazolium stained images shown (2 trials, n=8 each condition). (G) EdU incorporation 

in FLC-H cells 6 days after 500nM treatment with miR-10b LNA compared to the 

negative control shown as RQV (2 trials, n=6 each condition). (H) Representative DAPI 

and EdU stained images show total and proliferative cells, respectively. Scale bars 

equal 100 µM. In all assays, each dot represents the average signal across technical 

replicates for a single biological replicate. P-values are calculated by two-tailed 

Student’s t-test. P-values reported in panels B and D were adjusted for multiple testing 

correction post-hoc by benjamini-hochberg method. 
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Supplemental Figure 2.5. MiR-10b overexpression in FLC. (A) Alamar blue 

absorbance and (B) luciferase relative light unit (RLU) assays in FLC-C cells after 

treatment with miR-10b LNA is shown as RQV compared to the negative control 

(scrambled sequence) 2 days after 100nM treatment. (C) Quantitative PCR cycle 

threshold (162) values for miR-10b expression in non-malignant liver (NML), 

fibrolamellar carcinoma (FLC), and the FLC-H cell line. (D) Quantitative PCR cycle 

threshold (162) values for DP and miR-10b expression in FLC-H cell passage 2, 3, 7, 

and 9. (E) Quantitative PCR showing the RQV of miR-10b in FLC-H cells 6 days after 

500nM treatment with miR-10b mimic (MIM-10b) or scrambled sequence compared to 

mock (2 trials, n=6 each condition). (F) Quantitative PCR showing the RQV of CDH1 

and PTEN in FLC-H cells 6 days after 500nM treatment with miR-10b mimic (MIM-10b), 

miR-10b inhibitor (LNA-10b), or scrambled sequence compared to mock (2 trials, n=6 

each condition).  
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Supplemental Figure 2.5 continued. (G) Quantitative PCR showing the RQV of 

FANCC, TRIM35, SUN2, SIRT5, KLF11, and SEC14L2 in FLC-H cells after 6 days of 

500nM miR-10b MIM treatment compared to the negative control (2 trials, n=6 in each 

condition). (H) TUNEL assay in FLC-H cells 6 days after 500nM treatment with miR-10b 

LNA compared to the negative control shown as RQV (2 trials, n=7 in each condition). 

(I) Representative DAPI and TUNEL stained images show total and apoptotic cells in 

scramble and miR-10b LNA treated cells. After fixation a subset of cells were treated 

with DNase to provide a positive control for the staining reaction. Scale bars equal 100 

µM. In all assays, each dot represents the average signal across technical replicates for 

a single biological replicate. P-values calculated by two-tailed Student’s t-test. P-values 

reported in panels C, D, F and G were adjusted for multiple testing correction post-hoc 

by benjamini-hochberg method. 
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2.4: Discussion 

 

FLC is an aggressive cancer afflicting young adults who lack underlying 

predisposition to liver cancer. Surgical resection is the primary remedy for FLC, but 

advanced disease is incurable as there are no standard-of-care therapeutics. While it is 

well established that patients with FLC harbor the novel oncogene DNAJB1-PRKACA 

(DP), a direct and specific inhibitor of the DP enzyme is unavailable. Furthermore, it 

remains unclear whether DP is essential for tumor progression, maintenance, and 

metastasis. For these reasons, there is a dire need to identify alternative therapeutic 

strategies. Toward that end, it is important first to deepen understanding of the 

molecular underpinnings of FLC etiology and progression. In this study, we focused our 

investigation on the contributions of post-transcriptional gene regulation and microRNA 

activity toward shaping gene expression profiles and tumor phenotypes of FLC. 

We first performed microRNA analysis in the largest FLC and NML sample set to 

date – more than three times as large as our previous study, which centered on the 

potential role of miR-375 as a tumor suppressor in FLC (110). The sample set used in 

the present study enabled analyses that were infeasible in previous studies of 

microRNAs in FLC (109,110). Specifically, we were able to compare matched samples 

from the same patient and also directly compare primary vs. metastatic FLC. Moreover, 

we were also able to assess the potential effect of metastatic location on the microRNA 

landscape.  

A major novelty and strength of the study is the inclusion of ChRO-seq data to 

quantify the rates of transcription for microRNAs that we found to be differentially 

expressed in FLC. In most cases, the change in transcription at a microRNA locus (as 

determined by ChRO-seq) matches the change in expression of the mature microRNA 

(as determined by small RNA-seq). However, there were some notable exceptions, 

such as miR-203 and miR-378a-5p. For these microRNAs, the amplitude of the fold-

change in expression is much greater than the fold-change in transcription, suggesting 

that they may be altered in FLC primarily by post-transcriptional mechanisms.  

Another new aspect of the current study is the integrative analysis of ChRO-seq 

and RNA-seq data to identify a high-confidence list of genes that are subject primarily to 
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post-transcriptional regulation in FLC. Specifically, we defined those genes that change 

significantly in expression in FLC due primarily to gain of post-transcriptional regulation 

(GPR) or loss of post-transcriptional regulation (LPR). GPR and LPR genes represent 

the top candidate targets of microRNAs and RNA binding proteins (RBPs), which are 

the major mechanisms of post-transcriptional gene expression control. In this study, we 

focused on microRNAs, but the contribution of RBPs merits investigation in the future. 

We found that miR-10b is the top candidate master regulator of GPR genes and miR-

455-3p is the top candidate master regulator of LPR genes.  

Although we found that several microRNAs are altered in FLC, we decided to 

pursue miR-10b for functional studies for three major reasons brought to light by our 

study: (a) it is the most highly expressed among the up-regulated microRNAs in FLC; 

(b) it is the most transcriptionally activated microRNA in FLC compared to NML; and (c) 

it is the only up-regulated microRNA in FLC that is specifically and robustly responsive 

to DP activity (and not just wild-type PKA activity) in two different human cell models 

(HepG2 and HEK293). Interestingly, miR-10b levels are not increased by the presence 

of DP in two different mouse cell models or the only available in vivo mouse model, 

which suggests that the regulatory connection between DP and miR-10b is species-

specific. It is important to note here the limitation that HepG2 and HEK293 cell models 

do not replicate the environment in which FLC tumors are initiated in humans, though 

the data from the analysis of the tissue from the patient with IOPN does provide in vivo 

support for a regulatory connection between DP and miR-10b. The FLC cell-of-origin 

has not yet been determined, though at least one study has suggested biliary tree stem 

cells as a possibility (11). In the future, it will be important to assess whether miR-10b 

and other FLC markers and candidate drivers are sensitive to DP activity in biliary tree 

stem cells or other candidate cells-of-origin. 

In other cancer types the transcription factor TWIST1 promotes miR-10b 

expression (163,164), and the activation of TWIST1 protein by phosphorylation is PKA 

dependent (165,166). Considering that DP is a chimera that maintains PKA catalytic 

activity, a similar mechanism may operate in FLC. TWIST1 activity is also enhanced by 

the transcription factor FOXQ1 (167) and we predicted several high-confidence FOXQ1 

binding sites in the promoter of miR-10b in FLC. FOXQ1 promotes PI3K/AKT activity in 



63 

 

colorectal cancer (168) and the abundant expression of FOXQ1 in FLC suggests that a 

similar mechanism may exist. The potential role of FOXQ1 in promoting miR-10b 

expression in FLC, with or without TWIST1, is intriguing and merits further investigation. 

MiR-10b has been shown to contribute to the progression of 15 different cancer types 

(151), generally by promoting cancer cell metastasis. In our experiments, we found that 

the up-regulation of miR-10b in FLC is greater than in any other cancer type for which 

data is available in TCGA. Our finding that TRIM35 is regulated by miR-10b is novel. In 

hepatocellular carcinoma, TRIM35 has been identified as a tumor suppressor (145) by 

limiting the stability of pyruvate kinase and reducing cellular energetics. In future 

studies, it will be interesting to evaluate whether miR-10b controls glycolysis in FLC 

cells and whether this regulation is mediated by suppression of TRIM35. MiR-10b 

regulation of SUN2 is also new. The reported role of SUN2 in suppressing the Warburg 

effect (139) provides another clue about the potential role of miR-10b in promoting 

glycolysis in FLC cells. 

The functional experiments in this study revealed that suppression of miR-10b in 

FLC cells leads to a modest but significant reduction in metabolic activity, anchorage-

independent cell growth, and proliferation. These results point to a role for miR-10b in 

promoting the growth of FLC cells. Due to the modest effects of miR-10b on 

growth/proliferation, we do not propose that a miR-10b inhibitor is by itself a candidate 

therapeutic modality. However, we do believe that the functions of miR-10b in FLC are 

worth studying further in improved models of FLC (e.g., additional PDX models or direct 

patient-derived cells) and that in the future it may be worth considering a miR-10b 

inhibitor as part of a combinatorial therapeutic approach. Interestingly, many genes 

established as miR-10b targets previously in other cancer types, such as PTEN (169), 

were not identified as significantly altered in FLC, which speaks to the growing 

appreciation for contextual assessment of microRNA targets. Also, although we did not 

functionally interrogate miR-455-3p in this study, we believe it merits consideration in 

the future, especially since it has been reported already as a key suppressor of invasion 

and metastasis in other aggressive cancers, particularly esophageal squamous cell 

carcinoma, colorectal cancer, breast cancer, melanoma, and pancreatic cancer (170-

173).  
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2.5: Materials and Methods 

 

Human Samples  

 

Informed consent was obtained from all individuals. Tumor and adjacent non-malignant 

liver samples were collected from patients with FLC by surgeons and provided by the 

Fibrolamellar Cancer Foundation. Patients included male and female subjects and 

some samples were collected from the same patient. All samples were de-identified 

before shipment to Cornell. Additional sample information is detailed in Supplemental 

Table 1. 

 

The tissue sample from the patient with intraductal oncocytic papillary neoplasm, as well 

as the adjacent normal pancreas tissue sample, was obtained from Dr. Olca Basturk at 

the Memorial Sloan Kettering Cancer Center (New York, New York). 

 

Animal Samples  

 

Liver samples from female C57BL/6N mice on 3,5-diethoxycarbonyl-1,4-dihydrocollidine 

(DDC, 0.1%) diet were obtained from a previous study(88). These liver samples 

expressed human DNAJB1-PRKACA, beta-catenin, both DNAJB1-PRKACA and beta-

catenin, or an empty vector control and were collected 4.5 months after transposition of 

DNAJB1-PRKACA. 

 

Cell lines  

 

HepG2 cells obtained from the American Type Culture Collection (ATCC; Manassas, 

VA). HepG2 cells expressing GFP, DNAJB1-PRKACA, PRKACA, or the DNAJB1-

PRKACA K128H mutant have been previously described (106,110). HepG2 cells were 

cultured in Dulbecco’s Modified Eagle Media (DMEM) containing 1g/L glucose (Thermo 

Fisher Scientific) supplemented with 10% fetal bovine serum (Thermo Fisher Scientific), 

1% GlutaMAX (Thermo Fisher Scientific), 110mg/L sodium pyruvate (Thermo Fisher 
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Scientific), 1% penicillin-streptomycin (Thermo Fisher Scientific), and puromycin 5 

ug/mL (Thermo Fisher Scientific). 

 

AML-12 cells expressing DNAJB1-PRKACA have been previously described (98) and 

were grown in DMEM:F12 medium (Thermo Fisher Scientific) supplemented with 10% 

fetal bovine serum (Thermo Fisher Scientific), 10ug/mL insulin (Thermo Fisher 

Scientific), 5.5 ug/mL transferrin (Thermo Fisher Scientific), 5 ng/mL selenium (Thermo 

Fisher Scientific), and 40ng/mL dexamethasone (Thermo Fisher Scientific). 

 

HEK293 cells expressing DNAJB1-PRKACA have been previously described (155) and 

were grown in in Dulbecco’s Modified Eagle Media (DMEM) containing 4.5g/L glucose 

(Thermo Fisher Scientific) supplemented with 10% fetal bovine serum (Thermo Fisher 

Scientific), 1% GlutaMAX (Thermo Fisher Scientific), 110mg/L sodium pyruvate 

(Thermo Fisher Scientific), 1% penicillin-streptomycin (Thermo Fisher Scientific). 

 

TIB75 cells expressing DNAJB1-PRKACA were obtained as a gift from Dr. Mark 

Yarchoan (Johns Hopkins, Baltimore, MD). TIB75 cells are derived from embryonic 

murine liver epithelia then transformed with methylcholanthrene epoxide and made 

available through the American Type Culture Collection (ATCC). Cells were treated with 

a CRISPR/Cas9 guide and selected as previously described (98). These cells were 

grown in in Dulbecco’s Modified Eagle Media (DMEM) containing 4.5g/L glucose 

(Thermo Fisher Scientific) supplemented with 10% fetal bovine serum (Thermo Fisher 

Scientific), 1% GlutaMAX (Thermo Fisher Scientific), 110mg/L sodium pyruvate 

(Thermo Fisher Scientific), 1% penicillin-streptomycin (Thermo Fisher Scientific). 

 

FLC-C cells were generated from a patient-derived xenograft model (11) and grown in 

advanced DMEM media conditioned by irradiated mouse embryonic fibroblasts 

containing 300mg/L l-glutamine (Thermo Fisher Scientific) supplemented with 10% fetal 

bovine serum (Thermo Fisher Scientific), 1% penicillin-streptomycin (Thermo Fisher 

Scientific). The media was supplemented with 10% DMEM conditioned by R-spondin 
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secreting human embryonic kidney cells and 20uM Y-27632 ROCK inhibitor as 

previously described (106). 

 

FLC-H cells were generated from a patient-derived xenograft model (11) and grown in 

RPMI1640 media containing 300mg/L l-glutamine (Thermo Fisher Scientific) 

supplemented with 10% fetal bovine serum (Thermo Fisher Scientific), 1% penicillin-

streptomycin (Thermo Fisher Scientific) and 2.5 ug/mL human hepatic growth factor 

(Thermo Fisher Scientific). 

 

All cell lines were cultured in a humid chamber at 37°C and 5% CO2. 

 

Small RNA library preparation and sequencing  

 

Frozen tumors underwent physical dissociation using a polytron PT1200 E homogenizer 

(Thomas Scientific, Swedesboro, NJ) and total RNA was isolated with the Total RNA 

Purification Kit (Norgen Biotek) as per the manufacturer’s instructions. RNA purity was 

quantified with the Nanodrop 2000 instrument (Thermo Fisher Scientific, Waltham, MA) 

and RNA integrity was quantified with the Agilent 4200 Tapestation (Aglient 

Technologies, Santa Clara, CA). Libraries were generated using the CleanTag Small 

RNA Library Prep Kit (TriLink Biotechnologies, San Diego, CA). Sequencing was 

performed on the HiSeq2000 or HiSeq3000 platforms (Illumina, San Diego, CA) at the 

Genome Sequencing Facility of the Greehey Children’s Cancer Research Institute 

(University of Texas Health Science Center, San Antonio, TX). RNA from cell lines was 

purified and sequenced as described above except without polytron homogenization. 

 

PolyA+ RNA library preparation and sequencing 

 

Of the 27 RNA-seq datasets analyzed in this study, 18 were generated and published 

previously (106), and 9 were newly generated. For the newly generated data, total RNA 

was isolated using the Total RNA Purification Kit (Norgen Biotek) per manufacturer’s 

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

Agilent 4200 Tapestation (Agilent Technologies, Santa Clara, CA). Libraries were 

prepared by the Cornell Transcriptional Regulation and Expression (TREx) Facility 

using the NEBNext Ultra II Directional RNA kit. Sequencing was performed at the 

Biotechnology Research Center at Cornell University on the NextSeq500 (Illumina). 

 

Chromatin run-on library preparation and sequencing 

 

All ChRO-seq datasets (n=13) analyzed in this study were generated and published 

previously (106). 

 

Bioinformatic analysis  

 

Small RNA sequencing was processed using miRquant 2.0 as previously described 

(147). In brief, miRquant 2.0 trims the 3’ adapter from small RNA reads, aligns reads to 

the genome (hg19), annotates miRNAs (miRbase v18), identifies deviations from 

canonical miRNAs (iso-miRNAs, non-template additions, internal edits), and quantifies 

aligned reads as both raw counts and normalized reads per million mapped to miRNAs 

(RPMMM). Raw counts were analyzed using DESeq2.0 (v1.3) to obtain normalized 

counts and determine differential expression, using a model that includes sequencing 

batch as a covariate. For visualization and clustering, normalized counts were 

transformed using a variance stabilizing transformation and corrected for batch effect 

using the removeBatchEffect function from the limma package. 

Normalized small RNA sequencing data available from The Cancer Genome Atlas 

(TCGA) was acquired using TCGA-assembler 2 and comparative analysis was 

performed as previously described (110). 

 

Paired end RNA sequencing reads were aligned to the human genome (hg38) using 

STAR (v2.4.2a) and reads aligning to the transcriptome were quantified using Salmon 

(v0.6). Differential expression was determined with DESeq2.0 (v1.3) using a model that 

accounts for sequencing facility as a covariate. 
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miRhub (157) was used to determine if putative microRNA binding sites are enriched in 

a list of differentially expressed genes. In brief, miRhub uses a gene list, usually up or 

down regulated genes, as an input. For each microRNA, the cumulative number of 

putative microRNA binding sites in the 3’ UTR of those genes represents the score for 

that microRNA. Using a Monte-Carlo simulation, this process is repeated 1000 times 

using random gene lists of the same length. The score from the input gene list is 

compared to scores of the simulated gene lists to determine significance. 

 

Quantification of transcriptional activity at microRNA loci  

 

Chromatin run-on sequencing (ChRO-seq) data was published previously (106). 

MicroRNA loci were defined as the beginning of the nearest upstream transcriptional 

regulatory element (TRE), defined as the promoter, to the end of the mature microRNA. 

Total ChRO-seq signal was calculated in this region as a measure of transcriptional 

activity. Genomic loci snapshots were generated using Gviz 1.26.5 

. 

Integration of RNA-seq and ChRO-seq data to identify genes subject primarily to 

post-transcriptional regulation 

We first performed a differential transcription analysis of gene bodies and differential 

expression analysis of genes independently using the DESeq2.0 (v1.3). Genes gaining 

post-transcriptional regulation were identified as those not altered at the transcriptional 

level between FLC and NML (ChRO-seq log2FC > -0.59 and ChRO-seq FDR > 0.2), but 

significantly down-regulated at the steady state gene expression level (RNA-seq 

average NML counts > 1000, RNA-seq log2FC < -1, and RNAseq FDR < 0.05). Genes 

losing post-transcriptional regulation were identified as those not altered at the 

transcriptional level between FLC and NML (ChRO-seq log2FC < 0.59 and ChRO-seq 

FDR > 0.2), but significantly up-regulated at the steady state gene expression level 

(RNA-seq average FLC counts > 1000, RNA-seq log2FC > 1, and RNA-seq FDR < 

0.05). We determined using miRhub if predicted targets of any of the FLC-dysregulated 
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microRNAs were significantly enriched in these lists of post-transcriptionally regulated 

genes. 

 

Quantitative PCR  

 

Total RNA was isolated from tissue or cells using Total RNA Purification Kit (Norgen 

Biotek) as per manufacturer’s instructions. Reverse Transcription was performed using 

the High-Capacity RNA-to-cDNA Kit (Thermo Fisher Scientific) for gene analysis or 

using the TaqMan MircoRNA Reverse Transcription Kit (Thermo Fisher Scientific) for 

microRNA analysis. Gene and microRNA expression were quantified with TaqMan 

Expression assays on a CFX96 Touch Real-Time System thermocycler (Bio-Rad). 

Gene expression assays were normalized to the expression of RPS9 and microRNA 

expression assays were normalized to the expression of RNU6. Individual gene assay 

IDs: CDH1, hs01023895; DNAJB1-PRKACA, custom; FANCC, hs0098454; KLF11, 

hs00231614; miR-10b, 002218, miR-21, 000397; miR-182, 002334; PTEN, 

hs02621230; RNU6, 001973; RPS9, hs02339424; SEC14L2, hs00391446; SIRT5, 

hs00978331; SUN2, hs00391446; TRIM35, hs00324633 (Thermo Fisher Scientific). 

Expression values reported are averaged across at least three biological replicates 

unless otherwise stated in the main text. 

 

Immunoblot analysis 

 

HepG2 and FLC-H cells were lysed in RIPA buffer containing Halt protease and 

phosphatase inhibitors (Thermo Fisher Scientific) at 4°C. Cells were incubated for 30 

minutes and centrifuged at 14,000 X g for 10 minutes at 4°C. Total protein in the 

supernatant was quantified using the BCA Protein Assay Kit (Thermo Fisher Scientific). 

Samples were denatured in NuPAGE LDS Sample Buffer (Thermo Fisher Scientific) 

containing 5% β-Mercaptoethanol for 10 minutes at 70°C and loaded to a 12% SDS-

polyacrylamide gel. After electrophoresis, samples were transferred to polyvinylidene 

difluoride membrane and blocked in Tris buffered saline containing 0.5% TWEEN20 

(TBST) and 3% bovine serum albumin for 1 hour at room temperature. Membranes 
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were probed for anti-PRKACA (1:1000 dilution, rabbit source, Cell Signaling 4782) or 

anti-Vinculin (1:1000 dilution, Invitrogen MA5-11690) overnight at 4°C and then 

incubated with goat anti-rabbit HRP linked IgG (1:10000, Cell signaling). Membranes 

were visualized using a ChemiDoc MP (Bio-Rad). 

 

Cell count, alamar Blue, Cell Titer Glo, EdU incorporation, soft agar, and TUNEL 

assays 

 

HepG2 cell lines were plated at a density of 10,000 cells/ well in 6-well plates. Cells 

were collected daily for five days, stained with trypan blue, counted with a TC20 

automated cell counter (Bio-Rad). Six independent counts were performed, and the 

assay was repeated twice. 

 

FLC-H cells were plated at a density of 10,000 cells/ well in 96-well plates. After 

overnight incubation, cells were transfected with miR-10b LNA inhibitor or scramble 

negative control (Qiagen) at a 500nmol/L final concentration using Lipofectamine 3000 

(Thermo Fisher Scientific) according to manufacturer’s instructions. Six days post-

transfection cells were assayed for health using Alamar Blue or the Cell Titer Glo Kit 

(Promega). To determine the metabolic health of cells, Alamar Blue was added to cells 

as per the manufacturer’s instruction, incubated for 3 hours, and assayed for spectral 

absorbance at 570nm. The Cell Titer Glo assay was used to determine the amount of 

ATP as Relative Fluorescent Units (RFU) of luciferase activity. For each experiment, the 

signal across six wells was averaged and normalized to the scramble LNA treated cells. 

 

To quantify anchorage-independent growth, FLC-H cells were plated at a density of 

10,000 cells/well in 6-well plates. Cells are mixed with media containing 0.3% agar and 

plated on a pre-hardened layer of media containing 0.6% agar. Both layers of media 

contain LNA at a concentration of 500nmol/L. Cells were incubated for 35 days and 

provided supplemental media containing 0.3% agar and LNA to prevent drying. At the 

end of the growth period, 200uL of a 1mg/ml solution of nitro blue tetrazolium chloride 

was added to each well and incubated overnight at 37°C. Eight biological replicates 
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were performed and at least ten independent fields per well were imaged. Images were 

manually analyzed in ImageJ (National Institutes of Health, Bethesda, MD) and data is 

represented as the percent area stained. 

 

To quantify the proliferation rate, six days post-transfection the cells were treated for 2 

hours with 10µmol/L EdU. EdU labeled cells were washed with phosphate-buffered 

saline, fixed in 4% paraformaldehyde for 20 minutes, and permeabilized with 0.5% 

Triton-x 100 for 20 minutes. EdU was detected using the Click-iT Plus EdU Alexa Fluor 

594 Imaging kit (Thermo Fisher Scientific) according to the manufacturer’s instructions 

with reaction volumes appropriately scaled for 96-well plates.  

 

To quantify apoptosis, six days post-transfection the cells were washed with phosphate-

buffered saline, fixed in 4% paraformaldehyde for 20 minutes, and permeabilized with 

0.5% Triton-x 100 for 20 minutes. Apoptotic cells were detected using the Click-iT 

TUNEL Alexa Fluor 488 Imaging kit (Thermo Fisher Scientific) according to the 

manufacturer’s instructions with reaction volumes appropriately scaled for 96-well 

plates. 

 

After EdU and TUNEL detection, the cells were counterstained with DAPI. Images were 

collected on a ZOE Fluorescent Cell Imager (Bio-Rad). For each experiment four 

independent fields per well were imaged. Images were manually analyzed in ImageJ. 

EdU and TUNEL positive cells are represented as a ratio of all cells in each field, which 

was averaged and normalized to the scramble treated cells. Each assay was performed 

with 6 biological replicates unless otherwise stated in the text. 

 

Statistical analysis 

 

Statistical comparisons of quantitative PCR, Alamar Blue, Cell Titer Glo, EdU, and 

TUNEL results were made using Student’s t-test. False discovery rate was controlled for 

by applying Benjamini-Hochberg correction to experiments where multiple comparisons 

were made. Significant differences in gene expression or transcriptional signal were 
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determined using DESeq2.0. Graphs were generated in the R software package and 

error bars represent the standard error. 

 

Data availability 

 

All unpublished small RNA-seq and RNA-seq data can be downloaded from Gene 

Expression Omnibus (GEO) using the following GEO accession number: GSE181922. 

Previously published small RNA-seq can be downloaded from GEO using GEO 

accession number: GSE114974. Previously published RNA-seq and ChRO-seq can be 

downloaded from the European Genome-Phenome Archive (EGA) using the following 

EGA accession number: EGAS00001004169.  

 

Study Approval 

 

Informed consent was obtained from all individuals involved in this study and approved 

by the Institutional Review Board protocols 1802007780, 1811008421 (Cornell 

University) and 33970/1 (Fibrolamellar Cancer Foundation). Animal samples used in 

this study were supplied by Dr. Scott Lowe at the Memorial Sloan Kettering Cancer 

Center (New York, New York) and approved by the Institutional Animal Care and Use 

Committee protocol 11-06-011 (the Memorial Sloan Kettering Cancer Center).  
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Supplemental Table 2.1. FLC patient information 

Sample type (non-malignant liver, primary, metastatic), location of tumor, patient age, 

patient gender, and confirmation of DNAJB1-PRKACA fusion is listed for each patient 

(which was given an anonymous alpha-numeric identifier). DNAJB1-PRKACA was 

detected by either quantitative PCR, STARFusion analysis of RNA-seq libraries, or 

western blot of tumor samples. For qPCR, a cycle threshold of less than 33.5 was 

considered positive for DNAJB1-PRKACA expression. For samples analyzed in prior 

studies, the PMID reference is listed. 
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Patient_Sample_ID Cancer Category Tumor Location Patient Age Patient Sex 

FLC01_LNBS Metastatic Unknown 24 F 

FLC04_CDHM Metastatic Extrahepatic 27 M 

FLC06_DZIS Metastatic Liver 20 F 

FLC06_GMKX Recurrent Liver 20 F 

FLC06_SLVP Nonmalignant Liver 20 F 

FLC06_UFNW Metastatic Peritoneal 20 F 

FLC07_LFOC Primary Liver 16 M 

FLC09_MUOD Primary Liver 28 M 

FLC09_TZOG Nonmalignant Liver 28 M 

FLC12_CTTF Recurrent Liver 27 M 

FLC13_QQEI Metastatic Lung 17 F 

FLC15_AWTJ Metastatic Liver 48 F 

FLC17_WCKN Metastatic Lymph node 17 M 

FLC18_FXYQ Metastatic 
Lymph node 
(abdominal) 18 F 

FLC18_MKZC Primary Liver 18 F 

FLC18_QFZD Metastatic Peritoneal 18 F 

FLC18_WSVW Metastatic 
Liver and 
Pancreas 18 F 

FLC20_ZDNV Metastatic Lymph node 19 M 

FLC23_RVBN Primary Liver 49 F 

FLC24_DJZW Primary Liver NA NA 

FLC25_BCRB Metastatic lung 22 F 

FLC25_UYHR Metastatic Lymph node 22 F 

FLC26_ICBQ Nonmalignant Liver 18 M 

FLC26_OAOE Metastatic Lymph node 18 M 

FLC26_YJEE Primary Liver 18 M 

FLC27_BDCH Primary Liver 18 F 

FLC27_BWSX Nonmalignant Liver 18 F 

FLC27_XDGP Metastatic Lymph node 18 F 

FLC28_RKXK Metastatic Lymph node 30 F 
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FLC29_QLXW Metastatic Lung 29 F 

FLC30_KPKS Metastatic Peritoneal 31 F 

FLC31_OTOK Metastatic Lymph node 27 F 

FLC32_UOTX Metastatic Lymph node 16 F 

FLC33_NYTS Metastatic lung 54 M 

FLC34_PMVV Nonmalignant Liver 18 M 

FLC34_YROP Primary Liver 18 M 

FCF55T Recurrent Liver 32 F 

FCF56T Primary Liver 25 F 

FCF56N Nonmalignant Liver 25 F 

FCF57T Primary Liver 27 F 

FCF58LT Primary Liver 27 F 

FCF82T Primary Liver 15 M 

FCF83T Primary Liver 19 F 

FCF83N Nonmalignant Liver 19 F 

FCF84T Primary Liver 21 M 

FCF85T Metastatic Unknown 12 M 

FCF87N3 Nonmalignant Liver 31 F 

FCF88T5 Primary Liver 25 F 

FCF89T5 Primary Liver 29 M 

FCF89N3 Nonmalignant Liver 29 M 

FCF90T10 Metastatic Unknown 36 M 

FCF90N3 Nonmalignant Liver 36 M 
 

Supplemental Table 2.1 continued 
 

Patient_Sample_ID 

Confirmation of 
DNAJB1-
PRKACA 

Method of DNAJB1-
PRKACA Detection qPCR Ct 

FLC01_LNBS Y STARFusion NA 

FLC04_CDHM Y STARFusion NA 

FLC06_DZIS Y STARFusion NA 

FLC06_GMKX Y STARFusion NA 

FLC06_SLVP N Absent: qPCR Background/Undetected 
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Patient_Sample_ID 

Confirmation of 
DNAJB1-
PRKACA 

Method of DNAJB1-
PRKACA Detection qPCR Ct 

FLC06_UFNW Y STARFusion NA 

FLC07_LFOC Y STARFusion NA 

FLC09_MUOD Y STARFusion NA 

FLC09_TZOG N Absent: STARFusion NA 

FLC12_CTTF Y STARFusion NA 

FLC13_QQEI Y qPCR 27.14 

FLC15_AWTJ Y qPCR 25.68 

FLC17_WCKN Y STARFusion NA 

FLC18_FXYQ Y STARFusion NA 

FLC18_MKZC Y STARFusion NA 

FLC18_QFZD Y STARFusion NA 

FLC18_WSVW Y STARFusion NA 

FLC20_ZDNV Y STARFusion NA 

FLC23_RVBN N 
Absent: STARFusion 

and dropped NA 

FLC24_DJZW Y qPCR 24.9 

FLC25_BCRB Y STARFusion NA 

FLC25_UYHR Y STARFusion NA 

FLC26_ICBQ N Absent: STARFusion NA 

FLC26_OAOE Y Western NA 

FLC26_YJEE Y STARFusion NA 

FLC27_BDCH Y STARFusion NA 

FLC27_BWSX N Absent: STARFusion NA 

FLC27_XDGP Y STARFusion NA 

FLC28_RKXK Y STARFusion NA 

FLC29_QLXW Y STARFusion NA 

FLC30_KPKS Y STARFusion NA 

FLC31_OTOK Y STARFusion NA 

FLC32_UOTX Y STARFusion NA 

FLC33_NYTS Y STARFusion NA 
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Patient_Sample_ID 

Confirmation of 
DNAJB1-
PRKACA 

Method of DNAJB1-
PRKACA Detection qPCR Ct 

FLC34_PMVV N Absent: STARFusion NA 

FLC34_YROP Y STARFusion NA 

FCF55T Y qPCR 22.01 

FCF56T Y qPCR 24.23 

FCF56N N Absent: qPCR Background/Undetected 

FCF57T Y qPCR 31.32 

FCF58LT Y qPCR 24.35 

FCF82T Y qPCR 23.65 

FCF83T Y qPCR 23.2 

FCF83N N Absent: qPCR Background/Undetected 

FCF84T Y qPCR 26.12 

FCF85T Y qPCR 22.82 

FCF87N3 N Absent: qPCR Background/Undetected 

FCF88T5 Y qPCR 23.58 

FCF89T5 Y qPCR 23.29 

FCF89N3 N Absent: qPCR Background/Undetected 

FCF90T10 Y qPCR 28.19 

FCF90N3 N Absent: qPCR Background/Undetected 
 

Supplemental Table 2.1 continued 
 

Patient_Sample_ID 
STARFusion 

FFPM 

DP 
detected by 

immuno 
blot 

Reference 
for DNAJB1-

PRKACA  
detection FLCvNML FLCvPRIvMET 

FLC01_LNBS 13.7488 NA 
PMID: 

30763770 Yes Yes 

FLC04_CDHM 0.3627 NA 
PMID: 

30763770 Yes Yes 

FLC06_DZIS 31.3037 NA 
PMID:  

32294439 Yes Yes 

FLC06_GMKX 6.1904 NA 
PMID: 

30763770 No Yes 

FLC06_SLVP NA NA This report Yes Yes 
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Patient_Sample_ID 
STARFusion 

FFPM 

DP 
detected by 

immuno 
blot 

Reference 
for DNAJB1-

PRKACA  
detection FLCvNML FLCvPRIvMET 

FLC06_UFNW 21.7075 NA 
PMID:  

32294439 No No 

FLC07_LFOC 3.4038 NA 
PMID: 

30763770 Yes Yes 

FLC09_MUOD 9.8276 NA 
PMID: 

30763770 Yes Yes 

FLC09_TZOG Undetected NA 
PMID: 

30763770 Yes Yes 

FLC12_CTTF 8.1401 NA 
PMID: 

30763770 Yes Yes 

FLC13_QQEI NA NA This report Yes Yes 

FLC15_AWTJ NA NA This report Yes Yes 

FLC17_WCKN 0.234 NA 
PMID: 

30763770 Yes Yes 

FLC18_FXYQ 22.6399 Y 
PMID: 

30763770 No Yes 

FLC18_MKZC 14.6753 Y 
PMID: 

30763770 Yes Yes 

FLC18_QFZD 4.5123 NA 
PMID: 

30763770 No No 

FLC18_WSVW 8.8826 NA 
PMID: 

30763770 No No 

FLC20_ZDNV 31.117 Y 
PMID: 

30763770 Yes Yes 

FLC23_RVBN Undetected N 
PMID:  

32294439 No No 

FLC24_DJZW NA NA This report Yes Yes 

FLC25_BCRB 14.4088 NA 
PMID: 

30763770 No No 

FLC25_UYHR 0.5799 Y 
PMID: 

30763770 Yes Yes 

FLC26_ICBQ Undetected NA 
PMID: 

30763770 Yes Yes 

FLC26_OAOE Undetected Y 
PMID: 

30763770 No Yes 

FLC26_YJEE 27.3069 Y 
PMID: 

30763770 Yes Yes 
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Patient_Sample_ID 
STARFusion 

FFPM 

DP 
detected by 

immuno 
blot 

Reference 
for DNAJB1-

PRKACA  
detection FLCvNML FLCvPRIvMET 

FLC27_BDCH 21.4717 NA 
PMID: 

30763770 Yes Yes 

FLC27_BWSX Undetected N 
PMID: 

30763770 Yes Yes 

FLC27_XDGP 1.4295 Y 
PMID: 

30763770 No Yes 

FLC28_RKXK 2.9773 NA 
PMID:  

32294439 Yes Yes 

FLC29_QLXW 24.3437 NA 
PMID:  

32294439 Yes Yes 

FLC30_KPKS 26.0441 NA 
PMID:  

32294439 Yes Yes 

FLC31_OTOK 9.5958 NA 
PMID:  

32294439 Yes Yes 

FLC32_UOTX 9.5415 NA 
PMID:  

32294439 Yes Yes 

FLC33_NYTS 10.5019 NA 
PMID:  

32294439 Yes Yes 

FLC34_PMVV Undetected NA 
PMID:  

32294439 Yes Yes 

FLC34_YROP 7.5577 NA 
PMID:  

32294439 Yes Yes 

FCF55T NA NA This report Yes Yes 

FCF56T NA NA This report Yes Yes 

FCF56N NA NA This report Yes Yes 

FCF57T NA NA This report Yes Yes 

FCF58LT NA NA This report Yes Yes 

FCF82T NA NA This report Yes Yes 

FCF83T NA NA This report Yes Yes 

FCF83N NA NA This report Yes Yes 

FCF84T NA NA This report Yes Yes 

FCF85T NA NA This report Yes Yes 

FCF87N3 NA NA This report Yes Yes 

FCF88T5 NA NA This report Yes Yes 
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Patient_Sample_ID 
STARFusion 

FFPM 

DP 
detected by 

immuno 
blot 

Reference 
for DNAJB1-

PRKACA  
detection FLCvNML FLCvPRIvMET 

FCF89T5 NA NA This report Yes Yes 

FCF89N3 NA NA This report Yes Yes 

FCF90T10 NA NA This report Yes Yes 

FCF90N3 NA NA This report Yes Yes 
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Supplemental Table 2.2. Small RNA sequencing information 

Mapping statistics for the small RNA-sequencing data. Samples not included in study 

were excluded due to being a duplicate tissue sample or failure to detect DP in a FLC 

sample. Metrics include total reads, trimmed reads, reads excluded due to small size 

following trimming (<14nt; Too Short Reads), reads perfectly aligning to the genome 

(Exact Match Reads) reads containing at least 1 mismatch (Mismatch Reads), reads 

mapped to microRNA loci (miR Mapped), reads mapped to tRNA loci (tRNA Mapped), 

and reads mapped to yRNA loci (yRNA Mapped). 
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Sample RIN 
Included 
in study 

Total 
Reads 

Trimmed 
Reads 

Percent 
Trimmed 

Reads 
Too Short 

Reads 

Percent 
Too 

Short 

FLC01_LNBS NA Yes 38565825 21368854 55.41 6104604 15.83 

FLC04_CDHM NA Yes 52252452 43533173 83.31 5522204 10.57 

FLC06_DZIS 8.3 Yes 37916979 30321242 79.97 3126857 8.25 

FLC06_GMKX NA Yes 43551830 30613909 70.29 5982522 13.74 

FLC06_SLVP 7.3 Yes 39201032 31957001 81.52 5738505 14.64 

FLC06_UFNW 7.2 No 31709763 26157354 82.49 3313014 10.45 

FLC07_LFOC NA Yes 43217504 34130339 78.97 5103124 11.81 

FLC09_MUOD 7.5 Yes 51896813 26939803 51.91 21408169 41.25 

FLC09_TZOG 6.2 Yes 43494156 21044427 48.38 19652178 45.18 

FLC12_CTTF 5.2 Yes 43042357 24234004 56.3 17804563 41.37 

FLC13_QQEI 5.8 Yes 46180849 32107007 69.52 9394356 20.34 

FLC15_AWTJ 6.7 Yes 41846226 29891335 71.43 4677516 11.18 

FLC17_WCKN 4.9 Yes 38087717 22147253 58.15 3601227 9.46 

FLC18_FXYQ 9.6 Yes 38782638 18250022 47.06 6814804 17.57 

FLC18_MKZC 8.5 Yes 42785259 24387944 57 6721829 15.71 

FLC18_QFZD 8.7 No 37268074 31010874 83.21 2943956 7.9 

FLC18_WSVW 8.5 No 35460757 28506931 80.39 3098656 8.74 

FLC20_ZDNV 9.3 Yes 21408102 14365365 67.1 4866022 22.73 

FLC23_RVBN 8.3 No 39329914 13283745 33.78 5506909 14 

FLC24_DJZW 4.7 Yes 36480322 31527562 86.42 3343929 9.17 

FLC25_BCRB 6.9 No 33599054 19314385 57.48 3899628 11.61 

FLC25_UYHR 6.8 Yes 38344117 21587758 56.3 3492885 9.11 

FLC26_ICBQ 4.8 Yes 37004899 23704827 64.06 4520400 12.22 

FLC26_OAOE 8.6 Yes 35401030 22488764 63.53 8772998 24.78 

FLC26_YJEE 9 Yes 39917718 20076432 50.29 5611201 14.06 

FLC27_BDCH 8.1 Yes 62872615 45731105 72.74 11612799 18.47 

FLC27_BWSX 6.3 Yes 56743245 41829397 73.72 10039437 17.69 

FLC27_XDGP 6.4 Yes 69498231 52764180 75.92 14640623 21.07 

FLC28_RKXK 7.8 Yes 32514031 20124901 61.9 4446290 13.67 
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Sample RIN 
Included 
in study 

Total 
Reads 

Trimmed 
Reads 

Percent 
Trimmed 

Reads 
Too Short 

Reads 

Percent 
Too 

Short 

FLC29_QLXW 8.9 Yes 30469829 21399081 70.23 2643726 8.68 

FLC30_KPKS 7.4 Yes 32671190 25039169 76.64 4535228 13.88 

FLC31_OTOK 7.8 Yes 32215798 23430981 72.73 7812420 24.25 

FLC32_UOTX 7.7 Yes 36188677 30169312 83.37 4808271 13.29 

FLC33_NYTS 6.7 Yes 36263797 24693502 68.09 5751989 15.86 

FLC34_PMVV 6.2 Yes 40306757 34559421 85.74 5170534 12.83 

FLC34_YROP 7.2 Yes 36001842 30612806 85.03 2995097 8.32 

FLC55_T 7.6 Yes 49413354 31892883 64.54 4417432 8.94 

FLC56_N 7.4 Yes 51638161 39736531 76.95 3962370 7.67 

FLC56_T 7.4 Yes 65497143 48292691 73.73 7859770 12 

FLC57_T 5.7 Yes 49895710 38570222 77.3 4009559 8.04 

FLC58L_T 8.2 Yes 63584856 41099805 64.64 9400222 14.78 

FLC82_T 7.7 Yes 31594228 29234248 92.53 1948930 6.17 

FLC83_N 4 Yes 32177677 28398157 88.25 3522774 10.95 

FLC83_T 6.3 Yes 59761624 44814883 74.99 5202712 8.71 

FLC84_T 4.2 Yes 65904866 53540226 81.24 4386425 6.66 

FLC85_T 8.6 Yes 58079488 44412223 76.47 6179742 10.64 

FLC87_N 6.3 Yes 55850541 33062669 59.2 4955513 8.87 

FLC88_T 6.6 Yes 59134504 47087511 79.63 3048729 5.16 

FLC89_N 8.1 Yes 50320961 39623428 78.74 2423697 4.82 

FLC89_T 6.2 Yes 46138663 27741008 60.13 6800459 14.74 

FLC90_N 6.3 Yes 55024227 46061844 83.71 3305553 6.01 

FLC90_T 4.3 Yes 39210305 35456575 90.43 2026286 5.17 
 

Supplemental Table 2.2 continued 
 

Sample 

Exact 
Match 
Reads 

Percent 
Exact 

Matches 
Mismatch 

Reads 
Percent 

Mismatched 
Mapped 

Reads 
Percent 
Mapped 

miR 
Mapped 

Reads 

FLC01_LNBS 15196485 71.12 6172369 28.88 19042689 89.11 8051694 

FLC04_CDHM 33131501 76.11 10401672 23.89 38005210 87.3 5297001 
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Sample 

Exact 
Match 
Reads 

Percent 
Exact 

Matches 
Mismatch 

Reads 
Percent 

Mismatched 
Mapped 

Reads 
Percent 
Mapped 

miR 
Mapped 

Reads 

FLC06_DZIS 23460005 77.37 6861237 22.63 26050512 85.92 5312246 

FLC06_GMKX 23583706 77.04 7030203 22.96 26963741 88.08 7558949 

FLC06_SLVP 24430425 76.45 7526576 23.55 27969546 87.52 8943033 

FLC06_UFNW 20272917 77.5 5884437 22.5 22446171 85.81 3503175 

FLC07_LFOC 27582868 80.82 6547471 19.18 30627251 89.74 4122974 

FLC09_MUOD 19430821 72.13 7508982 27.87 23255938 86.33 6673945 

FLC09_TZOG 14050750 66.77 6993677 33.23 18495395 87.89 9198707 

FLC12_CTTF 17615612 72.69 6618392 27.31 20874089 86.14 3980946 

FLC13_QQEI 22719351 70.76 9387656 29.24 27872194 86.81 7395884 

FLC15_AWTJ 22116200 73.99 7775135 26.01 25243251 84.45 4860837 

FLC17_WCKN 16239652 73.33 5907601 26.67 19708379 88.99 8669839 

FLC18_FXYQ 12665413 69.4 5584609 30.6 15432715 84.56 3692315 

FLC18_MKZC 16730062 68.6 7657882 31.4 19302822 79.15 4362098 

FLC18_QFZD 22829224 73.62 8181650 26.38 26154900 84.34 2433699 

FLC18_WSVW 20689469 72.58 7817462 27.42 23779750 83.42 3573964 

FLC20_ZDNV 11683533 81.33 2681832 18.67 13184780 91.78 6464853 

FLC23_RVBN 8945265 67.34 4338480 32.66 11488320 86.48 5368114 

FLC24_DJZW 28674857 90.95 2852705 9.05 29784369 94.47 2422694 

FLC25_BCRB 15061545 77.98 4252840 22.02 17494095 90.58 9286090 

FLC25_UYHR 16497236 76.42 5090522 23.58 19661287 91.08 10053009 

FLC26_ICBQ 17162189 72.4 6542638 27.6 21410238 90.32 11466779 

FLC26_OAOE 16704319 74.28 5784445 25.72 20182607 89.75 11160210 

FLC26_YJEE 14728049 73.36 5348383 26.64 17815925 88.74 9691886 

FLC27_BDCH 34607034 75.68 11124071 24.32 40238902 87.99 8428971 

FLC27_BWSX 30845885 73.74 10983512 26.26 37057552 88.59 15593516 

FLC27_XDGP 39655775 75.16 13108405 24.84 47165948 89.39 12784948 

FLC28_RKXK 14204565 70.58 5920336 29.42 17312083 86.02 8118066 

FLC29_QLXW 16375236 76.52 5023845 23.48 18930986 88.47 8146463 

FLC30_KPKS 19075183 76.18 5963986 23.82 22693797 90.63 7582100 
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Sample 

Exact 
Match 
Reads 

Percent 
Exact 

Matches 
Mismatch 

Reads 
Percent 

Mismatched 
Mapped 

Reads 
Percent 
Mapped 

miR 
Mapped 

Reads 

FLC31_OTOK 19536601 83.38 3894380 16.62 21396338 91.32 8091242 

FLC32_UOTX 26355007 87.36 3814305 12.64 28560417 94.67 16716192 

FLC33_NYTS 19693919 79.75 4999583 20.25 22244171 90.08 12559177 

FLC34_PMVV 29967941 86.71 4591480 13.29 33248085 96.21 17548082 

FLC34_YROP 23843170 77.89 6769636 22.11 26507860 86.59 6241403 

FLC55_T 25877053 81.14 6015830 18.86 28449794 89.2 3231017 

FLC56_N 32248346 81.16 7488185 18.84 36925539 92.93 14339464 

FLC56_T 37058895 76.74 11233796 23.26 42057296 87.09 4583370 

FLC57_T 29663214 76.91 8907008 23.09 34300128 88.93 13307670 

FLC58L_T 32885707 80.01 8214098 19.99 36794449 89.52 14761691 

FLC82_T 27095821 92.69 2138427 7.31 28377073 97.07 7117447 

FLC83_N 25649164 90.32 2748993 9.68 27485264 96.79 5402347 

FLC83_T 36731100 81.96 8083783 18.04 41087292 91.68 7827022 

FLC84_T 43428408 81.11 10111818 18.89 50018643 93.42 6426845 

FLC85_T 36731542 82.71 7680681 17.29 40196656 90.51 8790982 

FLC87_N 24702512 74.71 8360157 25.29 29455656 89.09 7464758 

FLC88_T 38019128 80.74 9068383 19.26 43659678 92.72 6440751 

FLC89_N 33788047 85.27 5835381 14.73 37871268 95.58 8004867 

FLC89_T 22389221 80.71 5351787 19.29 23696259 85.42 2277136 

FLC90_N 40086729 87.03 5975115 12.97 43957158 95.43 8337575 

FLC90_T 29251582 82.5 6204993 17.5 33874128 95.54 1634903 
 

Supplemental Table 2.2 continued 

 

Sample 
Percent miR 

Mapped 

tRNA 
Mapped 

Reads 

Percent 
tRNA 

Mapped 

yRNA 
Mapped 

Reads 

Percent 
yRNA 

Mapped 

FLC01_LNBS 42.28 2751932 14.45 89263 0.47 

FLC04_CDHM 13.94 23319355 61.36 120285 0.32 

FLC06_DZIS 20.39 16261406 62.42 65212 0.25 

FLC06_GMKX 28.03 12922476 47.93 67887 0.25 
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Sample 
Percent miR 

Mapped 

tRNA 
Mapped 

Reads 

Percent 
tRNA 

Mapped 

yRNA 
Mapped 

Reads 

Percent 
yRNA 

Mapped 

FLC06_SLVP 31.97 13284063 47.49 79635 0.28 

FLC06_UFNW 15.61 14497534 64.59 55461 0.25 

FLC07_LFOC 13.46 21807288 71.2 45081 0.15 

FLC09_MUOD 28.7 6937117 29.83 68082 0.29 

FLC09_TZOG 49.74 1330523 7.19 42708 0.23 

FLC12_CTTF 19.07 6005324 28.77 44581 0.21 

FLC13_QQEI 26.53 4509898 16.18 108496 0.39 

FLC15_AWTJ 19.26 14918846 59.1 122071 0.48 

FLC17_WCKN 43.99 5719646 29.02 141928 0.72 

FLC18_FXYQ 23.93 6066072 39.31 111643 0.72 

FLC18_MKZC 22.6 9183423 47.58 72884 0.38 

FLC18_QFZD 9.3 17799303 68.05 45693 0.17 

FLC18_WSVW 15.03 14911442 62.71 63021 0.27 

FLC20_ZDNV 49.03 2657343 20.15 228585 1.73 

FLC23_RVBN 46.73 762213 6.63 100318 0.87 

FLC24_DJZW 8.13 21346321 71.67 158174 0.53 

FLC25_BCRB 53.08 4341840 24.82 52524 0.3 

FLC25_UYHR 51.13 5114074 26.01 88892 0.45 

FLC26_ICBQ 53.56 4645978 21.7 86221 0.4 

FLC26_OAOE 55.3 2936842 14.55 98142 0.49 

FLC26_YJEE 54.4 2708360 15.2 98119 0.55 

FLC27_BDCH 20.95 21684023 53.89 129779 0.32 

FLC27_BWSX 42.08 12248329 33.05 128545 0.35 

FLC27_XDGP 27.11 23099862 48.98 146835 0.31 

FLC28_RKXK 46.89 3727905 21.53 84719 0.49 

FLC29_QLXW 43.03 7264427 38.37 45678 0.24 

FLC30_KPKS 33.41 10227601 45.07 53935 0.24 

FLC31_OTOK 37.82 4329229 20.23 413524 1.93 

FLC32_UOTX 58.53 6938032 24.29 69929 0.24 
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Sample 
Percent miR 

Mapped 

tRNA 
Mapped 

Reads 

Percent 
tRNA 

Mapped 

yRNA 
Mapped 

Reads 

Percent 
yRNA 

Mapped 

FLC33_NYTS 56.46 4013481 18.04 84155 0.38 

FLC34_PMVV 52.78 10567352 31.78 96316 0.29 

FLC34_YROP 23.55 15898369 59.98 145979 0.55 

FLC55_T 11.36 19807346 69.62 114307 0.4 

FLC56_N 38.83 15587590 42.21 118341 0.32 

FLC56_T 10.9 26156933 62.19 113697 0.27 

FLC57_T 38.8 15264434 44.5 154596 0.45 

FLC58L_T 40.12 12599694 34.24 291617 0.79 

FLC82_T 25.08 17852006 62.91 51054 0.18 

FLC83_N 19.66 17626137 64.13 50257 0.18 

FLC83_T 19.05 23970153 58.34 198392 0.48 

FLC84_T 12.85 32441134 64.86 176843 0.35 

FLC85_T 21.87 23714633 59 149427 0.37 

FLC87_N 25.34 13510536 45.87 474675 1.61 

FLC88_T 14.75 28612787 65.54 159446 0.37 

FLC89_N 21.14 22650528 59.81 201779 0.53 

FLC89_T 9.61 13879057 58.57 395461 1.67 

FLC90_N 18.97 27582678 62.75 598458 1.36 

FLC90_T 4.83 23143164 68.32 489968 1.45 
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2.7: Open Questions 

 

Establishing a role for miR-10b to regulate proliferation in FLC is a novel finding. 

In other cancers, miR-10b exerts more influence over cell migration and invasion and is 

associated with cancer metastasis (151). Additionally, the expression of miR-10b in 

breast cancer has been linked to the composition and density of the extracellular matrix 

(ECM) (163). Therefore, I next sought to review ECM-associated genes in FLC and the 

miRs that may be responsible for regulating them.  

The role of ECM components in the regulation of cancer-associated cell 

behaviors is well studied (174). Similar to miR activity, ECM components vary across 

cancer types and need to be analyzed independently. First, an assessment of pathways 

associated with the loss-of-PTS genes was performed and glycosaminoglycan (GAG) 

biosynthesis was enriched in FLC. Second, we identified miR-455 as a putative master 

regulator of loss-of-PTS genes; therefore, we analyzed gene expression profiles for key 

GAG production genes. We found that genes responsible for making chemical 

alterations to chondroitin sulfate, a common type of GAG, contain predicted miR-455 

target sites. Third, the prior analysis of super-enhancer associated genes relevant to 

FLC identified versican (VCAN), which is a chondroitin sulfate proteoglycan and also 

contains predicted miR-455 target sites. 

These findings suggest that FLC may have a unique GAG composition. I propose 

to test this hypothesis by interrogating the expression of GAG biosynthetic genes and 

considering the role of miR regulation. Experimental results may lead to identifying GAG 

composition of FLC and provide a deeper understanding the role of VCAN. 
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Chapter 3: Chemical, molecular, and single cell analysis reveal chondroitin 

sulfate proteoglycan aberrancy in fibrolamellar carcinoma 

 

 Portions of this study have been approved for publication in the journal Cancer 

Research Communications and can be referenced with the following citation: Cancer 

Research Communications 2022; crcres.0177.2021 (https://doi.org/10.1158/2767-

9764.CRC-21-0177). Additional authors contributed to the published manuscript. This 

study was conceptualized by Adam B. Francisco, Jian Liu, and Praveen Sethupathy. 

Novel methodology was developed by Jine Li, Jian Liu, Bo Shui, and Jennifer K. 

Grenier. Software was developed by Alaa R. Farghli, Matt Kanke, and Paul R. Munn. 

Formal analysis was performed by Adam B. Francisco, Jine Li, Alaa R. Farghli, and 

Matt Kanke. Initial investigation was performed by Adam B. Francisco, Jine Li, and Alaa 

R. Farghli. Data curation was provided by Alaa R. Farghli and Matt Kanke. The original 

draft was written by Adam B. Francisco, Jian Liu, and Praveen Sethupathy. Manuscript 

review and edits were provided by Jine Li, Alaa R. Farghli, Matt Kanke, Jennifer K. 

Grenier, Paul D. Soloway, Zhangjie Wang, and Lola M. Reid. Data visualization was 

performed by Adam B. Francisco, Jine Li, Alaa R. Farghli, and Matt Kanke. Funding 

was acquired by Praveen Sethupathy. Resources were provided by Jennifer K. Grenier, 

Paul D. Soloway, and Zhangjie Wang. This study was supervised by Jian Liu and 

Praveen Sethupathy. 

 

 

 

  

https://doi.org/10.1158/2767-9764.CRC-21-0177
https://doi.org/10.1158/2767-9764.CRC-21-0177
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Significance 

 

 This study leverages a multi-disciplinary approach, including state-of-the-art 

chemical analyses and cutting-edge single-cell genomic technologies, to identify for the 

first time a marked chondroitin sulfate aberrancy in fibrolamellar carcinoma (FLC) that 

could open novel therapeutic avenues in the future.  

  

3.1: Abstract 

 

Fibrolamellar carcinoma (FLC) is an aggressive liver cancer with no effective 

therapeutic options. The extracellular environment of FLC tumors is poorly 

characterized and may contribute to cancer growth and/or metastasis. To bridge this 

knowledge gap, we assessed pathways relevant to proteoglycans, a major component 

of the extracellular matrix. We first analyzed gene expression data from FLC and non-

malignant liver tissue (n=27) to identify changes in glycosaminoglycan (GAG) 

biosynthesis pathways and found that genes associated with production of chondroitin 

sulfate, but not other GAGs, are significantly increased by 8-fold. We then implemented 

a novel LC-MS/MS based method to quantify the abundance of different types of GAGs 

in patient tumors (n=16) and found that chondroitin sulfate is significantly more 

abundant in FLC tumors by 6-fold. Upon further analysis of GAG-associated proteins we 

found that versican (VCAN) expression is significantly up-regulated at the mRNA and 

protein levels, the latter of which was validated by immunohistochemistry. Finally, we 

performed single-cell assay for transposon-accessible chromatin-sequencing on FLC 

tumors (n=3), which revealed for the first time the different cell types in FLC tumors and 

also showed that VCAN is likely produced not only from FLC tumor epithelial cells but 

also activated stellate cells. Our results reveal a pathologic aberrancy in chondroitin (but 

not heparan) sulfate proteoglycans in FLC and highlight a potential role for activated 

stellate cells. 
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3.2: Introduction 

 

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

afflicts adolescents and young adults (79,130). Patients with FLC lack standard of care, 

leaving surgical resection as the primary therapeutic option. Unfortunately, often 

patients are not eligible for surgery due to metastasis at the time of diagnosis. 

Paramount to improving patient care is the need to identify molecular pathways that are 

critical to FLC tumor survival and growth. 

FLC is characterized by a ~400kb heterozygous deletion on chromosome 19, 

which creates the DNAJB1-PRKACA (DP) fusion kinase (28). DP is found in more than 

80% of FLC patients (175) and genome-scale analyses have identified widespread 

alterations in chromatin activity (106) leading to dysregulated genes and non-coding 

RNAs (101,102), including microRNAs (109,110). These studies have highlighted 

increased activation of pro-growth pathways (106) and increased resistance to cell 

death (92).  

A characteristic histologic feature of FLC tumors is the presence of thick, fibrous 

bands (27). This observation brings into focus the likely importance of the extracellular 

environment to FLC tumor growth and metastasis, as is the case in many other 

aggressive cancers as well. Surprisingly though, extracellular matrix composition, 

including proteoglycans in the pericellular tumor microenvironment, has not been 

investigated in FLC. 

Altered extracellular matrix composition has been identified in numerous cancer 

types (174,176,177). These changes include increased deposition of collagens and 

fibrillins, matrix remodeling enzymes such as matrix metalloproteinases, and elevated 

abundance of glycosaminoglycans (GAGs) and associated proteoglycans (PGs). GAGs 

and PGs are of notable interest as they contribute to both the structure and mechanics 

of the tumor stroma and enhance extracellular signaling by sequestering and 

concentrating soluble growth factors. Through these mechanisms, GAGs and PGs play 

an important role in the processes of angiogenesis, proliferation, and migration 

ultimately promoting tumor metastasis (178-181). 
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GAGs are polysaccharides of varying lengths comprised of repeating 

disaccharide units (182). The most common GAGs are hyaluronic acid (HA), heparan 

sulfate (HS), and chondroitin sulfate (CS). HA chains bind to many components of the 

extracellular matrix, including collagen. Unlike HA, HS and CS, which differ in 

disaccharide composition and glycosidic bond linkage patterns, are conjugated to 

specific core proteins, which are then reclassified as proteoglycans (183,184). PGs 

share many general characteristics, including domains that bind soluble growth factors 

and stimulate cellular receptors. Additionally, individual PGs can vary in length, and the 

core proteins can be alternatively spliced, all of which can have affect physiological 

processes (185,186). Finally, polysaccharides can undergo extensive sulfation, the 

effects of which are essential for these functions (187). 

Examples of PGs that have been well-studied in the cancer context include HS 

proteoglycan, perlecan (HSPG2), and the CS proteoglycan, versican (VCAN). HSPG2 

binds multiple fibroblast growth factors (FGFs) and the vascular and endothelial growth 

factor (VEGF), and is significantly upregulated in many cancers, including melanoma 

(188,189), breast carcinomas (190,191), and glioblastoma (192). Mouse xenograft 

models of these cancers in which HSPG2 expression has been ablated show reduced 

tumor volume (179,191,193). Through similar mechanisms, VCAN is known to promote 

the metastasis of prostate and breast cancer by promoting platelet-derived growth factor 

(PDGFA) signaling, interacting with selectins, a family of cellular adhesion molecules, 

and promoting EGFR signaling (194). The role of proteoglycans in liver cancer, 

particularly hepatocellular carcinoma (HCC), has been studied extensively and multiple 

HS proteoglycans have been identified as important contributors to tumor progression 

(195). However, it is unknown whether these mechanisms are shared with FLC. 

In this study, we sought to bridge the important knowledge gap on GAGs/PGs in 

FLC. Specifically, through the combined use of RNA-seq, GAG disaccharide 

quantification by LC-MS/MS, and single-cell assay for transposase-accessible 

chromatin (scATAC), we quantified HS and CS abundance and interrogated the activity 

of PGs at single-cell resolution in FLC and non-malignant liver samples. These studies 

confirmed that FLC tumor cells preferentially produce chondroitin sulfate and that VCAN 

is one of the primary proteoglycans in FLC. Moreover, we demonstrated that there is 
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more ATAC signal at the VCAN locus in activated hepatic stellate cells than any other 

cell type. 

 

3.3: Results 

 

Chondroitin but not heparan sulfate biosynthesis genes are increased in fibrolamellar 

carcinoma 

 

Tissue samples from patients with FLC were acquired at the time of surgical 

procedures through a collaboration with the Fibrolamellar Cancer Foundation (FCF) and 

subjected to RNA extraction and messenger RNA sequencing (n=23 tumor samples and 

n=4 adjacent non-malignant liver (NML) samples), as previously reported (106). We 

then performed an analysis of differential gene expression for enzymes related to 

glycosaminoglycan (GAG) biosynthesis, focusing on hyaluronic acid (HA), heparan 

sulfate (HS), and chondroitin sulfate (CS).  

The expression of hyaluronic acid synthase 1-3 in FLC did not meet our standard 

threshold of robust expression (>500 normalized counts), and therefore the HA pathway 

was not considered for further analysis. We then assessed the expression of genes 

which catalyze the formation of the common tetrasaccharide linker required for HS and 

CS proteoglycan production (Figure 3.1A). The initial addition of xylose to serine 

residues in polypeptide chains is catalyzed by xylosyltransferases (XYLT1 or XYLT2) 

(196). This reaction is followed first by the addition of two galactose molecules 

(catalyzed by β1,4-galactosyltransferase-I (B4GALT7) and β1,3-galactosyltransferase-I 

(B3GALT6)), and subsequently by the addition of glucuronic acid (catalyzed by β1,3-

glucuronyltransferase- I (B3GALT3)) (197,198). We found that the expression in FLC of 

the genes that code for these enzymes meets the threshold criteria but is not 

significantly different relative to NML.  

We next interrogated those genes encoding enzymes responsible for HS and CS 

polymerization. HS chain formation begins with the addition of N-acetylglucosamine 

(GlcNAc) to the common linker by N-acetylglucosaminyltransferase (EXTL2), followed 

by the addition of glucuronic acid (GlcA) by exostosin glycosyltransferases (EXT1 and 
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EXT2) to create the HS disaccharide (183) (Figure 3.1A). We found that the expression 

of EXTL2 and EXT2 is unchanged in FLC, and that EXT1 is significantly decreased 

(Figure 3.1B). Additionally, HS chains undergo deacetylation and sulfation, catalyzed by 

the enzyme N-deacetylase and N-sulfotransferase 1 (NDST1) (199), as a critical 

maturation step and there is no significant change in the expression of this gene in FLC 

(Figure 3.1B).  

CS chain elongation begins with the addition of N-acetylgalactosamine (GalNAc) 

to the common linker by CS GalNAc transferase 1 or 2 (CSGALNACT1 and 

CSGALNACT2), followed by the addition of GlcA by an enzyme complex containing 

chondroitin synthase 1 (CHSY1) and chondroitin polymerizing factor (CHPF) to create 

the CS disaccharide (200) (Figure 3.1A). We found that the expression of 

CSGALNACT1 is significantly increased (8-fold, adjusted P=7.6X10-9) in FLC 

compared to NML (Figure 3.1C). The expression levels of CSGALNACT2, CHPF, and 

CHSY1 are unchanged in FLC; however, CHPF is more abundant in FLC than any of 

the HS polymerizing factors (Figure 3.1C).  

Given that HS and CS chains share a common linker, the stoichiometric ratio of 

EXTL2 and CSGALNACT enzymes is the primary factor determining whether HS or CS 

chains will be generated (201). We compared the expression of CSGALNACT1 to 

EXTL2 within each of the FLC and NML samples and found that CSGALNACT1 is on 

average ~4.5 times (P=0.017) more abundant than EXTL2 (Figure 3.1D) in FLC 

samples, while being roughly equal in NML samples (0.77 fold). In an independent 

cohort of patients (FLC n=11 and NML n=4) we confirmed by real-time quantitative PCR 

(RT-qPCR) that CSGALNACT1 expression is increased >10-fold (Figure 3.1E). A 

similar result was obtained when the analysis was restricted only to matched patient 

samples (Figure 3.1F).  
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Figure 3.1. CSGALNACT1 is dramatically up-regulated in FLC. (A) A schematic 

showing the sequence of events leading to heparan and chondroitin synthesis. (B) 

Differential expression of EXTL2, EXT1, EXT2, and NDST1 is shown as normalized 

counts in FLC (n=23) and NML (n=4). (C) Differential expression of CSGALNACT1, 

CSGALNACT2, CHPF, and CHSY1 is shown as normalized counts in FLC (n=23) and 

NML (n=4). (D) CSGALNACT1 expression relative to EXTL2 expression is shown as a 

ratio of normalized counts in FLC (n=23) and NML (n=4). (E) Quantitative PCR showing 

the relative quantitative value (RQV) of CSGALNACT1 in a separate cohort of FLC 

samples (n=11) compared to NML samples (n=5). (F) Quantitative PCR showing the 

relative quantitative value (RQV) of CSGALNACT1 in a subset of FLC samples (n=4) 

that have matched NML tissue. The matched NML/FLC samples are indicated with a 

line linking the two data points. *P<0.05, **P<0.01, ***P<0.001, two-tailed Student’s t-

test. 
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Chondroitin sulfate chains are aberrantly elevated in fibrolamellar carcinoma 

 

The gene expression analysis is strongly suggestive of increased CS, but not 

HS, abundance in FLC. To test this hypothesis, we quantified HS and CS abundance in 

FLC using a novel chemical analytical method. Due to the relatively low abundance of 

CS from biological tissues, a new quantitative CS analytical method with high sensitivity 

was developed for this study. Disaccharide analysis is a commonly used approach to 

analyze the structure of CS polysaccharides. The method involves the degradation of 

CS polysaccharides into disaccharides using chondroitin ABCase, and the resultant 

disaccharides were subjected to liquid chromatography coupled with tandem mass 

spectrometry (LC-MS/MS) analysis (Figure 3.2A). Furthermore, summing up the 

amounts of individual disaccharides from the digested CS provides the total amount of 

CS. To increase the quantitation capability, we employed four 13C-labeled CS 

disaccharide calibrants as internal standards, including di-0S, di-4S, di-6S and di-4S6S 

(Supplemental Figure 3.1A). The 13C-labeled CS disaccharide calibrants were obtained 

from three uniquely designed 13C-labeled CS octasaccharides (8-mers) that were 

synthesized by an enzymatic approach. The di-4S disaccharide is found in CS-A 

polysaccharide, whereas di-6S and di-4S6S are found in CS-C and CS-E 

polysaccharides, respectively. The di-0S disaccharide is found in all subtype CS 

polysaccharides from biological sources. The inclusion of 13C-labeled calibrants 

eliminated batch-to-batch variations, increasing the data consistency (Supplemental 

Figure 3.1B-E).  
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Figure 3.2. Chondroitin sulfate disaccharide abundance is significantly increased 

in FLC. (A) A schematic diagram detailing disaccharide extraction and identification. (B) 

Nanograms of chondroitin sulfate (CS) per milligram of dry tissue in FLC (n=11) and 

NML (n=5) tissue. (C) Nanograms of non-sulfated chondroitin sulfate (CS di-0S) per 

milligram of dry tissue in FLC (n=11) and NML (n=5) tissue. (D) Nanograms of heparan 

sulfate (HS) per milligram of dry tissue in FLC (n=4) and NML (n=2) tissue. *P<0.05, 

two-tailed Student’s t-test. 
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Supplemental Figure 3.1. Quantification of chondroitin sulfate disaccharides. (A) 

Schematic of preparation of 13C-labeled CS disaccharides. Four 13C-labeled CS 

disaccharide calibrants were prepared from chondroitin ABCase digestion of three 13C-

labeled 8-mers. The disaccharides were purified to homogeneity after a Q-Sepharose 

column purification. The 13C-labeled carbon atoms in the DUA residue are indicated with 

blue dots. pNP represents p-nitrophenyl. (B) The curve and linear equation of 

normalized peak area as a function of concentration for ∆di-0S are shown. The 

concentration of ∆di-0S used for LC-MS/MS analysis were 0.125, 0.313, 0.625, 1.25, 

3.13, 6.25, 12.5, 25, 50 and 100 μg/mL, mixing with 0.8 μg/mL disaccharide calibrant 

∆di-4S. Data represent means ± S.D. (n=3) (C) The curve and linear equation of 

normalized peak area as a function of concentration for ∆di-4S are shown. The 

concentration of ∆di-4S used for LC-MS/MS analysis were 0.125, 0.313, 0.625, 1.25, 

3.13, 6.25, 12.5, 25, 50 and 100 μg/mL, mixing with 4 μg/mL disaccharide calibrant ∆di-

4S. Data represent means ± S.D. (n=3) (D) The curve and linear equation of normalized 

peak area as a function of concentration for ∆di-6S are shown. The concentration of 

∆di-6S used for LC-MS/MS analysis were 0.125, 0.313, 0.625, 1.25, 3.13, 6.25, 12.5, 

25, 50 and 100 μg/mL, mixing with 4 μg/mL disaccharide calibrant ∆di-6S. Data 

represent means ± S.D. (n=3) (E) The curve and linear equation of normalized peak 

area as a function of concentration for ∆di-4S6S are shown. The concentration of ∆di-

4S6S used for LC-MS/MS analysis were 0.125, 0.313, 0.625, 1.25, 3.13, 6.25, 12.5, 25, 

50 and 100 μg/mL, mixing with 4 μg/mL disaccharide calibrant ∆di-4S6S. Data 

represent means ± S.D. (n=3) 
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Using this highly sensitive method, we discovered that total CS in FLC tumor 

tissue compared with non-malignant liver (FLC=11, NML=5) was significantly increased 

(5.9-fold, P=0.033) (Figure 3.2B) and the amount of non-sulfated CS (di-0S) is also 

similarly increased (6.7-fold, P=0.035) in FLC (Figure 3.2C). However, there was no 

difference in total HS in a subset of FLC tumors (FLC=4, NML=2) (Figure 3.2D). 

The sulfation of CS chains is mediated by a family of chondroitin sulfotransferase 

(193) enzymes that have specificity for particular positions of oxygen on the CS 

disaccharide. We interrogated the expression of key CHST genes in FLC and measured 

the abundance of sulfated CS. Monosulfation of the 4-OH position of the GalNAc 

residue (CS di-4S) (Figure 3.3A) is catalyzed by chondroitin 4-O sulfotransferase 

(CHST11), and we found that the expression of this gene is significantly increased in 

FLC (2.6-fold, adjusted P=0.03) (Figure 3.3B). Correspondingly, we also found that CS 

di-4S is highly elevated in FLC (5.7-fold, P=0.043) (Figure 3.3C). A second common site 

for monosulfation is at the 6-OH position of the GalNAc residue (CS di-6S) (Figure 

3.3D), which is catalyzed by chondroitin 6-O sulfotransferase (CHST3). We found that 

although the expression of CHST3 in FLC is lower than that of CHST11, its levels are 

also significantly increased compared to NML (2.3-fold, adjusted P=0.02 (Figure 3.3E). 

Likewise, although CS di-6S is not as abundant as CS di-4S, it is similarly increased in 

FLC (9-fold, P= 0.023) (Figure 3.3F).  

CS chains with the disaccharide repeat of di-4S can serve as a substrate for 

GalNAc 4-sulfate 6-O-sulfotransferase (CHST15) or uronyl 2-O-sulfotransferase (UST), 

respectively, resulting in CS di-4S6S and CS di-2S4S (Figure 3.3G, 3.3J). We found 

that the expression of CHST15 is modestly, but not significantly, increased (Figure 

3.3H) and that the expression of UST is unchanged (Figure 3.3K) in FLC. Consistent 

with these findings, we found that the abundance of CS di-4S6S is modestly, but not 

significantly, increased (Figure 3.3I), and the abundance of CS di-2S4S is unchanged 

(Figure 3.3L). We performed a similar quantification for HS and found that none of the 

sulfated subtypes are significantly altered in FLC (Supplemental Figure 3.2A-G), 

consistent with the finding that total HS abundance is unchanged in FLC (Figure 3.1D). 

In an independent patient cohort we found by RT-qPCR analysis that the expression of 

CHST11 is significantly increased in FLC in all samples (Supplemental Figure 3.3A) as 
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well as in matched samples only (Supplemental Figure 3.3B) and that CHST3 is 

trending upward in FLC (Supplemental Figure 3.3C and D). Taken together, these 

molecular and chemical findings strongly indicate that FLC tumors are marked by 

aberrant levels of total CS as well as specific sulfated subtypes. 
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Figure 3.3. Monosulfated chondroitin sulfate disaccharide abundance is 

significantly increased in FLC. (A) A schematic diagram detailing CS di-4S. (B) 

Differential expression of CHST11 is shown as normalized counts in FLC (n=23) and 

NML (n=4). (C) Nanograms of CS di-4S per milligram of dry tissue in FLC (n=11) and 

NML (n=5) tissue. (D) A schematic diagram detailing CS di-6I.(E) Differential expression 

of CHST3 is shown as normalized counts in FLC (n=23) and NML (n=4). (F) Nanograms 

of CS di-6S per milligram of dry tissue in FLC (n=11) and NML (n=5) tissue. (G) A 

schematic diagram detailing CS di-4S6S. (H) Differential expression of CHST15 is 

shown as normalized counts in FLC (n=23) and NML (n=4). (I) Nanograms of CS di-

4S6S per milligram of dry tissue in FLC (n=11) and NML (n=5) tissue. (J) A schematic 

diagram detailing CS di-2S4S. (K) Differential expression of UST is shown as 

normalized counts in FLC (n=23) and NML (n=4). (L) Nanograms of CS di-2S4S per 

milligram of dry tissue in FLC (n=11) and NML (n=5) tissue. *P<0.05, two-tailed 

Student’s t-test. 
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Supplemental Figure 3.2. Quantification of heparan sulfate disaccharides. (A) 

Nanograms of HS ΔUA2S-GlcNS6S (ΔIS) per milligram of dry tissue in FLC (n=4) and 

NML (n=2) tissue. (B) Nanograms of HS ΔUA-GlcNS6S (ΔIIS) per milligram of dry 

tissue in FLC (n=4) and NML (n=2) tissue. (C) Nanograms of HS ΔUA-GlcNS (ΔIIIS) per 

milligram of dry tissue in FLC (n=4) and NML (n=2) tissue. (D) Nanograms of HS ΔUA-

GlcNS (ΔIVS) per milligram of dry tissue in FLC (n=4) and NML (n=2) tissue. (E) 

Nanograms of HS ΔUA-GlcNAc6S (ΔIIA) per milligram of dry tissue in FLC (n=4) and 

NML (n=2) tissue. (F) Nanograms of HS ΔUA2S-GlcNAc (ΔIIIA) per milligram of dry 

tissue in FLC (n=4) and NML (n=2) tissue. (G) Nanograms of HS ΔUA-GlcNAc (ΔIVA) 

per milligram of dry tissue in FLC (n=4) and NML (n=2) tissue. 
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Supplemental Figure 3.3. Additional gene expression analysis in FLC samples 

and additional VCAN immunoblots. (A) Quantitative PCR showing the relative 

quantitative value (RQV) of CHST11 in a subset of FLC samples that have matched 

NML tissue (n=4). (B) The matched NML/FLC samples are indicated with a line linking 

the two data points. (C) Quantitative PCR showing the relative quantitative value (RQV) 

of CHST3 in a subset of FLC samples included in this study (n=11) compared to NML 

samples (n=5). (D) Quantitative PCR showing the relative quantitative value (RQV) of 

CHST3 in a subset of FLC samples that have matched NML tissue (n=4). The matched 

NML/FLC samples are indicated with a line linking the two data points. *P<0.05, two-

tailed Student’s t-test. 
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Versican is the primary chondroitin sulfate-associated protein in fibrolamellar carcinoma 

 

We next assessed changes in the expression of CS associated proteins (CSAPs) 

in FLC. We identified three CSAPs significantly up-regulated in FLC compared to NML: 

chondroitin sulfate proteoglycan 8 (CSPG8, also known as CD44), chondroitin sulfate 

proteoglycan 4 (CSPG4), and versican (VCAN). Notably, the fold-change and 

abundance of VCAN in FLC is substantially greater than the other two (VCAN ~10-fold, 

P=8.5x10-6; CD44 ~2-fold, P=0.11; CSPG4 ~ 4.5-fold, P=0.0016) (Figure 3.4A). We 

measured VCAN by RT-qPCR in an independent FLC patient cohort and observed a 

significant increase in FLC in all samples (18.5-fold, P=0.0095) (Figure 3.4B) as well as 

in matched samples only (15.5-fold, P=0.04) (Figure 3.4C). Western blot analysis of 

three matched FLC/NML pairs confirmed dramatic elevation of VCAN protein in FLC 

(average ~200-fold) (Figure 3.4D, E). Specifically, VCAN protein is variable but 

abundant in the tumor tissue from all three FLC patients, while virtually absent in the 

adjacent non-malignant samples (Figure 3.4D, lower panel). Finally, we performed 

immuno-histofluorescent (IHF) staining on two matched FLC/NML pairs of samples and 

confirmed that VCAN protein is robustly, though non-uniformly, detected only in tumor 

tissue (Figure 3.4F).  
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Figure 3.4. Chondroitin sulfate associated protein VCAN is aberrant in FLC. (A) 

Differential expression of VCAN, CD44, and CSPG4 is shown as normalized counts in 

FLC (n=23) and NML (n=4). (B) Quantitative PCR showing the relative quantitative 

value (RQV) of VCAN in a separate cohort of FLC samples (n=11) compared to NML 

samples (n=5). (C) Quantitative PCR showing the relative quantitative value (RQV) of 

VCAN in a subset of FLC samples that have matched NML tissue (n=4). The matched 

NML/FLC samples are indicated with a line linking the two data points. (D) Immunoblot 

in matched FLC/NML samples (n=3) showing VCAN in the lower and vinculin in the 

upper panel. (E) VCAN protein levels normalized to vinculin levels are shown as relative 

quantitative value (RQV). The matched NML/FLC samples are indicated with a line 

linking the two data points. (F) IHF of VCAN protein in two independent patient-matched 

tissue samples is shown in green. Nuclei are blue. Scale bar equals 100 µm. *P<0.05, 

**P<0.01, ***P<0.001, two-tailed Student’s t-test. 
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Supplemental Figure 3.3 continued. Additional gene expression analysis in FLC 
samples and additional VCAN immunoblots. (E) Short and (F) long exposure VCAN 
immunoblot from Figure 4D shown in entirety. Vinculin and versican protein are denoted 
with arrows and molecular weight standards are denoted by dashes. Samples are 
labeled at the bottom of the panel. The short exposure blot was used for quantification 
in Figure 4E. *P<0.05, two-tailed Student’s t-test. 
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Chondroitin sulfate GalNAc transferase 1 and versican are more altered in FLC than in 

most other cancer types and correlate with DNAJB1-PRKACA levels 

 

Next, we sought to compare the expression of CSGALNACT1 and VCAN in FLC 

to other cancer types. Specifically, we queried The Cancer Genome Atlas (TCGA) 

database, which houses RNA-seq data from 25 other cancer types. We found that the 

change in expression of CSGALNACT1 in FLC (relative to corresponding non-malignant 

tissue) is second only to cholangiocarcinoma (Figure 3.5A). Strikingly, the change in 

expression of VCAN is greatest in FLC, followed by cholangiocarcinoma (Figure 3.5B). 

Further analysis in an independent cohort revealed that VCAN and CSGALNACT1 are 

correlated (Figure 3.5C). Additionally, we found by RT-qPCR that the expression of DP 

correlates with both VCAN (Figure 3.5D) and CSGALNACT1 (Figure 3.5E). 
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Figure 3.5. CSGALNACT1 and VCAN are more highly up-regulated in FLC than in 

almost all other cancers and correlate with DNAJB1-PRKACA levels. (A) 

Normalized counts of CSGALNACT1 expression in RNA-seq data sets available for 25 

tumor types in The Cancer Genome Atlas (TCGA). (B) Normalized counts of VCAN 

expression in RNA-seq data sets available for 25 tumor types in The Cancer Genome 

Atlas (TCGA). (C) Correlation between CSGALNACT1 (y-axis) and VCAN (x-axis) 

shown as the relative quantitative values from qPCR in a separate cohort of FLC 

samples (n=11). (D) Correlation between DNAJB1-PRKACA (y-axis) and VCAN (x-axis) 

shown as the relative quantitative values from RT-qPCR in FLC samples (n=11). (E) 

Correlation between DNAJB1-PRKACA (y-axis) to CSGALNACT1 (x-axis) shown as the 

relative quantitative values from RT-qPCR in FLC samples (n=11). ACC, adenoid cystic 

carcinoma; BLCA, bladder urothelial carcinoma; BRCA, breast invasive carcinoma; 
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CESC, cervical squamous cell and endocervical adenocarcinoma; CHOL, 

cholangiocarcinoma; COAD, colon adenocarcinoma; DLBC, diffuse large B-cell 

lymphoma; ESCA, esophageal carcinoma; FCL, fibrolamellar carcinoma samples 

analyzed in this study; GBM, glioblastoma; HNSC, head and neck squamous cell 

carcinoma; KICH, kidney chromophobe; KIRC, kidney renal papillary cell carcinoma; 

KIRP, kidney renal clear cell carcinoma; LAML, acute myeloid leukemia; LGG, lower 

grade glioma; LIHC, liver hepatocellular carcinoma; LUAD, lung adenocarcinoma; 

LUSC, lung squamous cell carcinoma; MESO, mesothelioma; PAAD, pancreatic 

adenocarcinoma; PCPG, pheochromocytoma and paraganglioma; PRAD, prostate 

adenocarcinoma; READ, rectum adenocarcinoma; SARC, sarcoma; SKCM, skin 

cutaneous melanoma; STAD, stomach adenocarcinoma; TGCT, testicular germ cell 

tumor; THCA, thyroid carcinoma; THYM, thymoma; UCEC, uterine corpus endometrial 

carcinoma; UCS, uterine carcinosarcoma; UVM, uveal melanoma.  
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Versican is expressed in FLC transformed epithelial and tumor-associated, activated 

stellate cells in fibrolamellar carcinoma 

 

To identify which cells are likely responsible for VCAN production and secretion 

we performed single-cell assay for transposase-accessible chromatin followed by 

sequencing (scATAC-seq) on NML, primary FLC tumor, and metastatic FLC tumor 

samples (n=3). We used a previously described nuclei isolation protocol (202) and 

obtained data on nearly 9,500 nuclei total. After data analysis with ArchR (203) 

(Methods), non-linear dimensionality reduction via UMAP revealed eight different 

clusters (Figure 3.6A). By analyzing open chromatin signal at established markers of 

human liver cell types (76), we assigned each cluster to a specific cell type (Figure 

3.6A, Supplemental Figure 3.4A-D). We also analyzed open chromatin in the deleted 

region of chromosome 19 to identify the cells that likely harbor the deletion and 

therefore the DP fusion (Supplemental Figure 3.5A, B). We then queried for ATAC 

signal associated with CSGALNACT1 and detected robust enrichment in the FLC 

primary and metastatic tumor transformed epithelial cell clusters (Figure 3.6B). As 

expected, there is little to no signal for open chromatin at CSGALNACT1 in any non-

malignant cell types (Figure 3.6B, C). A similar analysis for VCAN revealed the 

strongest signal in tumor-associated activated stellate cells and second-most in tumor 

transformed epithelial cells (Figure 3.6D, E).  
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Figure 3.6. Activity at the VCAN locus is high in both tumor epithelial and 

activated stellate cells in FLC. (A) UMAP dimensional reduction showing eight cell 

clusters found in primary FLC, metastatic FLC, and NML tissue (~9,500 nuclei). (B) 

Single-cell analysis of chromatin accessibility near the CSGALNACT1 locus. Increasing 

signal is indicated by the color gradient (maximum signal is yellow and minimal signal is 

dark blue). (C) Genome tracks showing the location of open chromatin near the 

CSGALNACT1 locus in each cell type. The annotated transcriptional start site for 

CSGALNACT1 is shown at the bottom of the panel. (D) Single-cell analysis of chromatin 

accessibility near the VCAN locus. Increasing signal is indicated by the color gradient 

(maximum signal is yellow and the minimal signal is dark blue). (E) Genome tracks 

showing the location of open chromatin signal near the VCAN locus in each cell type. 

The annotated transcriptional start site for VCAN is shown at the bottom of the panel. 

Cell clusters are denoted through color-coding: NML hepatocytes in light blue, FLC 

primary tumor transformed epithelial cells in orange, FLC metastatic tumor transformed 

epithelial cells in red, NML cholangiocytes in yellow, FLC primary and metastatic 

activated stellate cells in dark blue, FLC primary and metastatic immune cells in dark 

purple, FLC primary and metastatic endothelial cells in green, and NML immune and 

endothelial cells in light purple. 
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Supplemental Figure 3.4. Marker genes of cell clusters from the single-cell ATAC 

data. (A) Signal intensity of chromatin accessibility near the EPCAM, PKHD1, and 

FGFR2 gene loci denoting cholangiocytes. (B) Signal intensity of chromatin accessibility 

near the TYROBP, SRGN, and C1QB gene loci denoting immune cells. (C) Signal 

intensity of chromatin accessibility near the NOSTRIN, PTPRB, and LDB2 gene loci 

denoting endothelial cells. (D) Signal intensity of chromatin accessibility near the CTGF, 

ACTA2, and CALD1 gene loci denoting stellate cells. Increasing signal is indicated by 

the color gradient (maximum signal is yellow and minimal signal is dark blue). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



122 

 

 

 

  



123 

 

Supplemental Figure 3.5. Identification of cells that are likely positive for the 

signature deletion event in FLC. (A) Signal intensity of chromatin accessibility near 

the ADGRL1 gene locus. (B) Genome tracks showing the location of open chromatin 

signal near the ADGRL1 locus in each cell type. The annotated transcriptional start site 

for ADGRL1 is shown at the bottom of the panel. 
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These findings suggest that while CS synthesis (via CSGALNACT1) is likely 

exclusively taking place in tumor transformed epithelial cells, the primary CS associated 

protein in FLC, VCAN, is produced and secreted from both activated stellate cells as 

well as tumor transformed epithelial cells. 
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3.4: Discussion 

 

FLC is an aggressive liver cancer that lacks an effective chemotherapeutic 

remedy. There are several factors contributing to low survival rates in FLC, including 

vague manifestations, lack of comorbidities, and resistance to general therapeutics. 

FLC is genetically characterized by the DNAJB1-PRKACA (DP) fusion, but efforts to 

identify specific inhibitors of DP, without targeting wild-type PRKACA, have been 

unsuccessful. Additionally, while it is known that DP is sufficient for tumor initiation, it is 

unclear whether DP expression is essential for tumor maintenance, progression, and 

metastasis. It has been established in the study of other cancer types that the 

pericellular environment, including proteoglycans, plays an important role in defining 

tumor behavior (174,178). However, to date, no study has investigated GAGs and 

proteoglycans in FLC. In this study, we sought to bridge this knowledge gap.  

 The three major classes of GAGs are hyaluronic acid (HA), heparan sulfate (HS), 

and chondroitin sulfate (CS). Of these, only HA is found as a free polymer generated by 

hyaluronic acid synthetase 1-3 (HAS1-3). The expression levels of these enzymes were 

found to be extremely low in FLC and, therefore, they were not considered further. HS 

and CS chains are conjugated to proteins by a shared tetrasaccharide linker. The 

enzymes responsible for the synthesis of this linker exhibit robust expression in FLC but 

are unchanged relative to non-malignant liver (NML) tissue. The decision by cells to 

generate HS or CS sidechains is dependent on stoichiometric competition between the 

enzymes N-acetylglucosaminyltransferase (EXTL2), responsible for HS chains, and 

chondroitin GalNAc transferase (CSGALNACT1), responsible for CS chains. We found 

that the ratio of CSGALNACT1 to EXTL2 levels is dramatically elevated in FLC, pointing 

to CS chains as the key component of the extracellular matrix in FLC. 

A major innovation and strength of this study is the development and 

implementation of a highly sensitive method for quantifying HS and CS disaccharides in 

patient tissues. This novel assay confirmed that the alterations in expression of CS 

biosynthetic genes observed in FLC lead to dramatic changes in CS abundance. The 

quantity of CS in FLC tissue relative to NML was greater than 5.9-fold and the relative 

difference between CS and HS in tumor tissue was 4.3-fold. Additionally, this assay 
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independently quantifies sulfated forms of CS and HS disaccharides. As HS abundance 

is unchanged in FLC tissue, it is not surprising that there are no significant differences in 

the seven sulfated forms of HS that we measured. The analysis of sulfated forms of CS 

showed that nonsulfated CS and two forms of monosulfated CS (CS di-4S and CS di-

6S) are significantly increased in FLC tissue. The increased abundance of CS di-4S and 

CS di-6S is concordant with gene expression increases in associated chondroitin 

sulfotransferases (CHST11/3), again showing that changes in gene expression 

accurately correspond with changes in chemical abundance. It has been observed in 

hepatocellular carcinoma (HCC) that increased expression of CHST11/13, which are 

functionally equivalent, are upregulated in metastatic samples (204), which may 

promote sustained Wnt signaling (205). One limitation of the quantitative analysis for the 

CS chains with di-2S4S should be noted. We were unable to synthesize 13C-labeled 

di2S4S; therefore, the quantitation was completed using the relative quantitation 

method. However, this should not affect our conclusions, as the levels of di-2S4S are 

the same in FLC compared to NML tissues.  

Given the abundant increase of CS in FLC tissue, and the high expression of the 

CS-associated protein VCAN, we conjectured that the levels of CSGALNACT1 and 

VCAN would be correlated. Indeed, we found that there is a positive correlation 

between the two genes, and between either gene and DP. Consistent with this finding, 

in a previous report we had demonstrated that the expression of DP in an FLC cell 

model increases VCAN expression (106). We found in this study that the levels of 

VCAN are upregulated in FLC more than in any other cancer type for which expression 

data is publicly available through TCGA. Cholangiocarcinoma (CCA) is the closest to 

FLC in terms of CSGALNACT1 and VCAN upregulation. Intriguingly, chondroitin 

polymerizing factor (CHPF) has been reported recently to promote CCA cell growth and 

invasive potential (206). Additionally, chondroitin synthase 1 (CHSY1) has been 

reported to suppress apoptosis in colorectal cancer (207) and promote migration in 

hepatocellular carcinoma (HCC) (208). 

Another major component of this study is the first-ever single-cell ATAC-seq 

analysis of FLC. All prior genome-scale analyses of FLC have been performed on bulk 

tumors and the only published single-cell analysis related to this cancer involves a 
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patient-derived xenograft (PDX), not a primary tumor (209). Our study overcomes these 

limitations and provides the first glimpse into FLC tumor tissue complexity. We focused 

on resolving gene locus activity at single-cell resolution and identified chromatin 

accessibility at the CSGALNACT1 and VCAN loci in the primary population of FLC cells. 

Transformed epithelial cells were identified as the primary source of CSGLANACT1 

locus activity, whereas proliferating stellate cells were found to be the cell type with the 

strongest VCAN signal. This finding suggests that communication between transformed 

DP+ liver epithelial cells and stellate cells may be critical to FLC disease progression.  

The expression and secretion of VCAN from activated stellate cells is a normal 

response to liver injury (210-213). The data generated in this study suggest that FLC 

cells upregulate CSGALNACT1 and VCAN in a DP-dependent manner and begin 

secreting CS-VCAN proteoglycan into the extracellular matrix. The increased 

accumulation of VCAN may sequester higher concentrations of growth factors, or 

increase mechanical tension, and induce the activation of quiescent stellate cells. Upon 

activation, these stellate cells proliferate and secrete VCAN as a normal response to a 

perceived injury.  VCAN is a highly modular protein containing four distinct domains 

(G1, GAGα, GAGβ, and G3). The G1 and G3 domains govern direct interactions with 

extracellular matrix components and cell surfaces, such as with HA and epidermal 

growth factor (EGF) receptor, respectively. The GAGα and GAGβ domains contain sites 

for CS chain conjugation. Through alternative splicing, six distinct isoforms, V0-4 and 

versikine (a secreted version), have been described. Only the V0 isoform contains all 

four domains and V1 and V2 contain GAGβ or GAGα, respectively. The V3, V4, and 

versikine isoforms are smaller peptides and contain little-to-no sites for CS conjugation. 

The CS containing isoforms V0, V1, and V2 may also differ across cell types in terms of 

degree of CS conjugation, elongation, and sulfation, all which affect interactions with 

soluble factors. Due to these variables, VCAN can promote pleiotropic downstream 

effects; therefore, determining the specific functions of VCAN in cancer is not trivial 

(214,215). Identifying which protein isoforms of VCAN are expressed in FLC tumor 

epithelial cells and activated stellate cells is a critical next step toward defining the role 

of VCAN in FLC progression.  
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The role for stellate cells to promote fibrosis and predispose the liver to cancer 

formation is well established (216) and multiple HS proteoglycans have been implicated 

in this role, including syndecans (217-220), glypicans (221-223), and even free HS 

disaccharides (224). Activated stellate cells can promote the formation of CCA (225), a 

characteristically desmoplastic tumor. Our finding that CSGALNACT1 and VCAN 

expression levels in FLC are most similar to that of CCA suggests potential mechanistic 

parallels between the two cancer types in terms of fibrosis. Additionally, CS 

proteoglycans, including VCAN and CD44, have been implicated in both hepatic fibrosis 

and HCC formation (194,226-228). However, these findings in HCC suggest that 

stellate-mediated fibrosis precedes and contributes to cancer formation. Given that FLC 

patients lack preceding fibrotic conditions, such as cirrhosis, the relationship between 

stellate activation, fibrosis, and cancer development in FLC and CCA may be 

fundamentally different relative to HCC. Further investigation is required to define the 

roles of VCAN in tumor proliferation and invasion, either by direct influence on tumor 

epithelial cells, or by indirect means such as communication with activated stellate cells 

to affect the ECM, or both. These follow-up studies may also reveal whether VCAN is 

compelling as a direct therapeutic target in FLC.  

We have implemented several novel methods to provide the first high-resolution 

analysis of proteoglycan biology in FLC tumors. Our findings motivate further 

investigation of VCAN in FLC progression. Future research may also study the effects 

of VCAN inhibitors on FLC cell drug resistance, growth and/or metastasis. 

 

3.5: Materials and Methods 

 

Human Samples  

 

Informed consent was obtained from all individuals. Tumor and adjacent non-malignant 

liver samples were collected from patients with FLC by surgeons in accordance with the 

Institutional Review Board protocols 1802007780, 1811008421 (Cornell University) and 

33970/1 (Fibrolamellar Cancer Foundation) and provided by the Fibrolamellar Cancer 

Foundation. Patients included male and female subjects and some samples were 
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collected from the same patient. All samples were de-identified before shipment to 

Cornell. 

 

PolyA+ RNA library preparation and sequencing 

 

The 27 RNA-seq datasets analyzed in this study were generated previously (106,229). 

Frozen tumors underwent physical dissociation using a polytron PT1200 E homogenizer 

(Thomas Scientific, Swedesboro, NJ) and total RNA was isolated using the Total RNA 

Purification Kit (Norgen Biotek, Thorold, ON, Canada) per manufacturer’s instructions. 

RNA purity was quantified 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). Libraries were prepared by the 

Cornell Transcriptional Regulation and Expression (TREx) Facility using the NEBNext 

Ultra II Directional RNA kit (New England Biolabs, E7760, Ipswich, MA). Sequencing 

was performed at the Genomics Facility in the Biotechnology Research Center at 

Cornell University on the NextSeq500 (Illumina, San Diego, CA). 

 

Quantitative PCR  

 

Reverse Transcription was performed using the High-Capacity RNA-to-cDNA Kit 

(Thermo Fisher Scientific). Gene expression was quantified with TaqMan Expression 

assays on a CFX96 Touch Real-Time System thermocycler (Bio-Rad, Hercules, CA). 

Gene expression assays were normalized to the expression of RPS9. Individual gene 

assay IDs: CSGALNACT1 Hs00218054_m1, VCAN Hs0017642_m1, CHST3 

Hs01000045_m1, CHST11 Hs00218229_m1, RPS9 Hs02339424_m1. Expression 

values reported are averaged across at least three (n=3) biological replicates unless 

otherwise stated in the main text. 

 

Immunoblot analysis 
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FLC and NML tissues were lysed in RIPA buffer containing Halt protease and 

phosphatase inhibitors (Thermo Fisher Scientific) at 4°C. Lysates were incubated for 30 

minutes and centrifuged at 14,000 X g for 10 minutes at 4°C. Total protein in the 

supernatant was quantified using the BCA Protein Assay Kit (Thermo Fisher Scientific). 

Samples were denatured in NuPAGE LDS Sample Buffer (Thermo Fisher Scientific) 

containing 5% β-Mercaptoethanol for 10 minutes at 70°C and loaded to a 12% SDS-

polyacrylamide gel. After electrophoresis, samples were transferred to polyvinylidene 

difluoride membrane and blocked in Tris buffered saline containing 0.5% TWEEN20 

(TBST) and 3% bovine serum albumin for 1 hour at room temperature. Membranes 

were probed for anti-versican GAGβ (1:1000 dilution, rabbit source, Millipore AB1033) 

or anti-vinculin (1:10000 dilution, mouse source VLN01, Thermo Fischer Scientific MA5-

11690) overnight at 4°C and then incubated with goat anti-rabbit HRP linked IgG 

(1:10000, Cell signaling). Membranes were visualized using a ChemiDoc MP (Bio-Rad, 

Hercules, CA). 

 

Immunohistofluorescence analysis 

 

FLC and NML tissues were formalin-fixed at the time of surgery, dehydrated in ethanol, 

and paraffin embedded for tissue sectioning onto glass slides. Tissue was 

deparaffinized by two incubations in xylene, followed by one incubation in 1:1 

xylene:ethanol (three minutes per incubation). Tissue was rehydrated by incubation in 

decreasing concentrations of ethanol: twice in 100%, 95%, 75%, and 50% (three 

minutes per incubation). Finally, tissue was incubated in a flushing water bath for fifteen 

minutes. Tissue was then incubated in methanol for twenty seconds, followed by 

equilibration in PBS for at least two minutes. Antigen retrieval was performed by 

incubating for twenty minutes in preheated 10mM sodium citrate (pH6.0) buffer 

containing 0.05% tween-20 (weight/volume) submerged in a boiling water bath. Tissue 

in citrate buffer was then removed for the bath and allowed to cool for thirty minutes. 

Tissue was then incubated in PBS containing 0.03% tween-20 for two minutes followed 

by blocking in 10% normal goat serum diluted in PBS containing 0.03% tween-20 for 

one hour. Tissue was then washed in PBS containing 0.03% tween-20 for two minutes 
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following overnight incubation at 4°C with anti-versican GAGβ (1:100 dilution, rabbit 

source, Millipore AB1033). Tissue was then washed three times in PBS containing 

0.03% tween-20 for fifteen minutes followed by secondary antibody staining for one 

hour at room temperature (anti-rabbit Alexafluor 488, 1:1000 dilution, goat source, 

Thermo Fischer Scientific A32731). Tissue was washed three times in PBS containing 

0.03% tween-20 for fifteen minutes followed by a five-minute incubation with DAPI to 

counterstain cell nuclei. Excess DAPI was washed out with two incubations in PBS for 

ten minutes each. Tissue was then dried briefly, a small volume VectaMount (Vector 

Labs, Burlingame, CA, H-5000) of was added, and a coverslip was mounted. Images 

were acquired on an Olympus DP80 microscope with the CellSense Dimension 

software package. All images received equal brightness balancing with ImageJ 

software. 

 

Single cell assay for transposon-accessible chromatin 

 

Homogenization 

We generated 6 libraries from 70 milligrams of non-malignant liver (NML), primary FLC 

tumor, and metastatic FLC tumor either with or without collagenase treatment. Tissue 

was first chopped over dry ice and then dissociated with a Dounce homogenizer using a 

loose pestle in 2 mL of homogenization buffer (1X HB: 320 mM sucrose, 30 mM calcium 

chloride, 18 mM magnesium acetate, 60 mM tris(hydroxymethy)aminomethane (TRIS) 

pH 7.8, 0.1 mM ethylenediaminetetraacetic acid (EDTA), 0.1 % v/v nonyl 

phenopolyethoxylethanol-40 (NP40), 0.1 mM phenylmethylsulfonyl fluoride (PMSF), 

1mM β-mercaptoethanol, 10 mg/mL collagenase IV) for 15-20 strokes. The homogenate 

was incubated for 3 minutes on ice and then mixed by pipetting 10 times. 6 mL of 

ATAC-RSB wash buffer (1X ATAC-RSB: 10 mM TRIS pH 7.4, 10 mM sodium chloride, 

3 mM magnesium chloride) was added and the homogenate was mixed by pipetting 5 

times, incubated on ice for 5 min, and centrifuged at 500 x g for 10 min at 4ºC, and the 

supernatant was removed without disrupting pellet. The nuclei were resuspended in 2 

mL of ATAC-RSB wash buffer and then dissociated with a Dounce homogenizer using a 

loose pestle for 5 strokes, and then a tight pestle for 15-20 strokes, and incubated on 
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ice for 3 min. Then 6 mL of ATAC-RSB wash buffer was added mixed by pipetting- 10 

times and incubated on ice for 3-5 minutes. The suspension was passed through 70µm 

Cell Strainer, centrifuged at 500 x g for 10 minutes at 4ºC, and the supernatant was 

removed. The pellet was resuspended in 1 mL OMNI-ATAC buffer (1X OMNI-ATAC: 

12.5 mM TRIS pH 7.4, 6.25 mM magnesium chloride, 1.25% v/v dimethylformamide 

(DMF), 0.125% v/v Tween-20, 0.01% v/v digitonin in 0.4X phosphate-buffered saline 

(PBS)) and passed through a 30µm Cell Strainer. A 10µL aliquot of nuclei was 

quantified by double staining with 4’,6-diamidino-2-phenylindole (DAPI) (10 µL of a 100 

ug/mL solution incubated 5-10 minutes at room temperature) and trypan blue (10 µL of 

0.4% v/v solution incubated 5 minutes at room temperature). The final nuclei count was 

adjusted to 300,000 nuclei/mL.  

 

Tn5 storage and transposome assembly 

Tn5 transposase (4 µM) is stored at -80ºC and diluted for usage by adding 0.8 volume 

of 100% glycerol. Tn5 transposomes were assembled by adding 0.11 volume of 

barcoded Tn5 adaptors (25µM stock solution) to Tn5 stock solution. The mixture was 

incubated at room temperature for 12-24h. The transposome (~2µM) can be used 

directly or stored at -20ºC.  

 

Tagmentation and Sample Processing 

Combinatorial single-nucleus barcodes were generated using a strategy modified from 

(202) and developed in the Genomics Innovation Hub at Cornell. Nuclei suspension (8 

µL) was distributed onto 96 well plates and 1 µL of each i5 and i7 transposome (final 

concentration 400 nM), was added to each well, resulting in 96 combinations of Tn5 

barcodesper plate. The tagmentation reaction plate was incubated (30 minutes at 50ºC) 

and the reaction was terminated by adding 10 µL 20mM EDTA (15 minutes at 37ºC). 

Next, 20µL of Sorting buffer (1X SB: 1X PBS, 2mM EDTA, 20ng/mL bovine serum 

albumin (BSA)) was added to each well and nuclei were re-pooled into a single sample. 

Intact nuclei were then stained with DRAQ7 for 15 minutes (ABCam, ab109202, 

Waltham, MA), passed through a 30 µm filter, and reisolated by fluorescent-assisted cell 

sorting using a FACSMelody instrument (Becton, Dickinson). A 96 well destination PCR 
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plate was preloaded with 10 µL of modified sorting buffer (1X SEB: 10 mM TRIS pH 8.0, 

12 ng/uL BSA, 0.05% v/v sodium dodecyl sulfate (SDS)), 25 nuclei were distributed into 

each well, and incubated for 10 minutes at 55ºC to disrupt Tn5. We added 2.5 µL of 5% 

v/v Triton-X100 per well to neutralize the SDS prior to PCR. Libraries were amplified 15 

cycles with a custom universal P5 primer and a barcoded P7 primer (1µL of 25 µM 

primer in 25 µL PCR reaction per well). 

 

PCR cleanup, Size Selection, and Sequencing 

All wells were re-pooled and purified with a MinElute PCR purification kit following the 

manufacturer’s instructions (Qiagen, 28004) and eluted twice with 20µL of the supplied 

buffer. The 40 µL elution was further purified and size-selected using magnetic solid 

phase reversible immobilization (230) beads following the manufacturer’s instructions 

(Beckman Coulter, A63880) and eluted in 20 µL. Libraries were sequenced on the 

HiSeq platform (1 lane) at Novogene. 

 

ArchR Pipeline for single cell ATAC analysis 

 

snATAC-seq preprocessing  

Undemultiplexed fastq files were processed using cutadapt (231), UMI-tools (232), and 

custom scripts to parse and assemble combinatorial barcodes from read segments and 

extract valid single-nucleus barcodes (with error correction). Preprocessed reads were 

mapped to the human genome (hg38) with bwa mem (233) and duplicates removed 

with UMI-tools. Deduplicated bam files were sorted and indexed using samtools (234) 

and converted to fragment files using the single cell analysis tool kit Sinto 

(https://github.com/timoast/sinto) with –use_chrom “” a“d –barcode_rege” 

"(?<=_)(.*)(?=_)" parameters. Fragment files are then sorted and finally used to 

generate tabix files using tabix(235) prior to loading into ArchR(203).  

snATAC-seq QC and Dimensionality reduction and clustering analysis 

The transcription start site (TSS) enrichment score and fragment number of each 

nucleus is calculated using ArchR (203) v1.0.1. Nuclei with TSS enrichment score less 

https://cornellprod-my.sharepoint.com/personal/abf22_cornell_edu/Documents/s%20tool%20kit%20Sin
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than 3 and fragment number less than 1,000 are removed. Doublet scores were 

calculated with default parameters. 

We preformed iterative latent semantic indexing by using the `addIterativeLSI` function 

of ArchR. We then used the default harmony algorithm to correct for batch-effects 

differences and added clusters using the `addClusters` function.  

 

Identification of marker features 

We identified cluster markers using the function `getMarkerFeatures` with default 

parameters and then applied the `addImputeWeights` function to impute the weights of 

markers. We visualize marker features using the `plotEmbedding` function. To plot 

browser tracks we used the `plotBrowserTrack` function and arranged track rows from 

highest to lowest accessibility using the `useGroups` parameters. 

 

Identification of cell-types from snATAC-seq data 

We used unbiased approaches to assign cell-type identity to clusters. A pairwise 

comparison of ArchR defined markers and scRNA-seq liver markers revealed high 

confidence cell-type assignments for clusters 1-3, and 5-12. Additional GO and KEGG 

analyses confirmed several cluster assignments. 

 

Plotting browser tracks 

Accessibility of chromatin surrounding genes of interest is plotted using the default 

`plotBrowserTrack` function. 

 

RNA-seq bioinformatic analysis  

 

Paired end RNA sequencing reads were aligned to the human genome (hg38) using 

STAR (v2.4.2a) and reads aligning to the transcriptome were quantified using Salmon 

(v0.6). Differential expression was determined with DESeq2.0 (v1.3) using a model that 

accounts for sequencing facility as a covariate. 

 

Statistical analysis 
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Statistical comparisons of quantitative PCR and immunoblot results were made using 

Student’s t-test. Significant differences in gene expression were determined using 

DESeq2.0. Graphs were generated in the R software package and error bars represent 

the standard error. 

 

Preparation of 13C-labeled CS disaccharide calibrants 

 

Four 13C-labeled CS disaccharides were prepared from three 13C-labeled CS 8-mers, 

including 13C-labeled CS-A 8-mer, 13C-labeled CS-C 8-mer and 13C-labeled CS-E 8-

mer, as described in Supplemental Figure 1A. The synthesis of 8-mers was completed 

using the enzymatic approach (236,237). The only exception from previously published 

procedures is that a 13C-labeled UDP-GlcA was used to replace unlabeled UDP-GlcA 

during the synthesis to introduce the 13C-labeled GlcA residue to the 8-mer products. 

The synthesis of UDP-[13C]GlcA was completed enzymatically from [13C]glucose as 

described previously (238,239). The structures of 8-mer products were confirmed by 

electrospray ionization mass spectrometry.  

The 8-mers were then subjected to the digestion of recombinant chondroitin ABCase 

(Flavobacterium heparinum) to yield the disaccharides. The chondroitin ABCase 

digestion solution contained 3.55 mL 8-mers (2 mg/mL), 400 μL enzymatic buffer (100 

mM sodium acetate/2 mM calcium acetate buffer (pH 6.0) containing 0.1 g/L BSA), and 

50 μL of recombinant chondroitin ABCase (3 mg/mL). The reaction mixture was 

incubated at 37 °C overnight. The extent of reaction completion was monitored by the 

strong anion exchange chromatography on a Pro Pac PA1 column (9×250 mm, Thermo 

Fisher Scientific) by measuring the absorbance at 232 nm. The purification of 13C-

labeled CS disaccharides was performed on the Q-Sepharose fast flow column. Mobile 

phase A was 20 mM NaOAc, pH 5.0 and mobile phase B was 20 mM NaOAc and 1 M 

NaCl, pH 5.0. The elution gradient with a flow rate of 1 mL/min was used. The 

absorbance at 232 nm was scanned and recorded. After purification, the disaccharides 

were desalted on a Sephadex G-10 column. The quantification of 13C-labeled 

disaccharide calibrants was performed based on the standard curve of commercially 

available native CS disaccharide standards (Iduron, UK). 



136 

 

 

Structure analysis of 13C-labeled disaccharide calibrants 

 

A strong anion exchange column Pro Pac PA1 (9×250 mm, Thermo Fisher Scientific) 

was used to determine the purity of 13C-labeled disaccharides after purification. Mobile 

phase A was 3 mM NaH2PO4, pH 3.0. Mobile phase B was 3 mM NaH2PO4 and 2 M 

NaCl, pH 3.0. The gradient was as follows: 0-20 min 0-20% B, 20-65 min 20-95% B, 65-

72 min 95% B and 72-75 min 95-100% B with flow rate of 1 mL/min. The UV 

absorbance at 232 nm was scanned and recorded. Each disaccharide calibrant was 

eluted as doublet peaks from ProPac PA1 column. Such profiles are typical for the CS 

disaccharides due to the chemistry of the anomeric carbon. Both β-anomer and α-

anomer are present in the disaccharides. ESI-MS (Thermo Scientific TSQ Fortis) 

analysis was used to confirm the molecular weight of each 13C-labeled disaccharide. 

The ESI-MS analysis was performed in the negative ion mode and with the following 

parameters: Negative ion spray voltage at 3.0 kV, sheath gas at 15 Arb, ion transfer 

tube temp at 320 °C and vaporizer temp at 100 °C. The mass range was set at 200-800. 

The measured MWs for the 13C-labeled CS disaccharide calibrants are: for Di-0S 

calibrant was 385.2 (Calc MW = 385.1); for Di-4S calibrant was 465.1 (Calc MW = 

465.1); for Di-6S calibrant was 465.1 (Calc MW = 465.1); and for Di-4S6S calibrant was 

545.2 (Calc MW = 545.0). From our ESI-MS analysis, we did not observe unlabeled CS 

disaccharides in the calibrants, suggesting that the calibrants had very high isotopic 

purity that was suited for the quantitative analysis. 

 

Quantification of the 13C-labeled disaccharide calibrants  

 

The CS native disaccharides (Iduron, UK) were dissolved in water and diluted to the 

concentration of 5, 10, 20, 40 and 80 μg/mL. 50 μL of the diluted CS was injected into 

HPLC to make the standard curve to quantify the 13C-labeled disaccharide calibrants. 

The stock solutions of four 13C-labeled disaccharide calibrants were diluted to 10 or 20 

times and then 50 μL was injected to the HPLC analysis. The concentration of the 13C-
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labeled disaccharide calibrants stocks were determined by comparing the peak areas at 

232 nm with unlabeled disaccharides. 

 

Linear dynamic range determination 

 

Individual stock solutions of four CS unlabeled disaccharides (Iduron, UK) were 

prepared in water at 1 mg/mL. A stock solution of the mixture of the four unlabeled 

disaccharides, with the final concentration of 0.25 mg/mL for each disaccharide, was 

obtained by mixing an equal volume of four individual stock solutions. The linear 

dynamic range of the working solutions was determined by a serial dilution of the 

mixture stock solution in water to obtain a range of final concentrations (Supplemental 

Figure 1B-E). The 13C-labeled CS disaccharides were added to the linear dynamic 

range working solutions as an internal standard mixture stock solution to the final 

concentration of 40 µg/mL of 13C-labeled di-4S, di-6S and di-4S6S respectively and 8 

μg/mL of di-0S. The linear dynamic range working solutions containing 13C-labeled 

internal standard were freeze-dried and reconstituted in the 20-μL mouse plasma. The 

reconstituted solutions were filtered by passing through a YM-3KDa spin column 

(Millipore) and washed twice with deionized water to recover the disaccharides in the 

eluent. The AMAC (2-aminoacridone)-derivatization of lyophilized disaccharides was 

carried out by adding 6 μL of 0.1 M AMAC solution in DMSO/glacial acetic acid (17:3, 

v/v) and incubating at room temperature for 15 min. Then 6 μL of 1 M aqueous sodium 

cyanoborohydride (freshly prepared) was added to this solution, where AMAC 

represents 2-aminoacridone purchased from Sigma Aldrich. The reaction mixture was 

incubated at 45 °C for 2 h. After incubation, the reaction solution was centrifuged to 

obtain the supernatant that was subjected to the LC-MS/MS analysis.  

 

LC-MS/MS analysis 

 

The analysis of AMAC-labeled disaccharides was performed on a Vanquish Flex 

UHPLC System (Thermo Fisher Scientific) coupled with TSQ Fortis triple-quadrupole 

mass spectrometry as the detector. The C18 column (Agilent InfinityLab Poroshell 120 
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EC-C18 2.7 μm, 4.6 × 50 mm) was used to separate the AMAC-labeled disaccharides. 

Mobile phase A was 50 mM ammonium acetate in water. Mobile phase B is methanol. 

The elution gradient of from 5-45% mobile phase B in 10 min, followed by isocratic 

100% mobile phase B in 4 min and then isocratic 5% mobile phase B in 6 min was 

performed at a flow rate of 0.3 ml/min. On-line triple-quadrupole mass spectrometry 

operating in the multiple reaction-monitoring (MRM) mode was used as the detector. 

The ESI-MS analysis was operated in the negative-ion mode using the following 

parameters: Neg ion spray voltage at 4.0 kV, sheath gas at 45 Arb, aux gas 15 arb, ion 

transfer tube temp at 320 °C and vaporizer temp at 350 °C. TraceFinder software was 

applied for data processing. The normalized peak areas of the 13C-labeled calibrants 

were plotted against the concentrations of linear dynamic working solutions. 

 

Analysis of CS and HS from tissues 

 

CS was extracted from 5 NML and 11 FLC tissues. All tissues were excised, 

homogenized, and defatted by suspension and vortex in chloroform/methanol mixtures 

(2:1, 1:1, 1:2 (v/v)). The defatted tissues were dried and weighed to obtain the dry 

weight. The dried and defatted tissues were digested with Pronase E (10 mg:1 g (w/w), 

tissue/Pronase E) at 55 °C for 24 h to degrade the proteins. CS was recovered from the 

digested solution using a DEAE-column. DEAE column mobile phase A was 20 mM 

Tris, pH 7.5 and 50 mM NaCl, and mobile phase B was 20 mM Tris, pH 7.5 and 1 M 

NaCl. After loading the digested solution, the column was washed with 10-column 

volumes of buffer A to discard the contaminants, following by 10 column-volumes of 

buffer B to elute the CS fraction. The CS eluting from the DEAE column was desalted 

using an YM-3KDa spin column and washed three times with deionized water to remove 

salt. A known amount of 13C-labeled calibrants were added to the digestion solution. 

The 200 μL of enzymatic buffer (100 mM sodium acetate/2 mM calcium acetate buffer 

(pH 7.0) containing 0.1 g/L BSA), and the 60 μL of chondroitin ABCase (3 mg/ml) was 

added to digest the retentate on the filter unit of the YM-3KDa column. The column was 

incubated at 37 °C overnight. The CS disaccharides and calibrants were recovered by 

centrifugation, and the filter unit was washed twice with 200 μL of deionized water. The 
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collected filtrates were freeze-dried before the AMAC derivatization. The AMAC label 

and LC-MS/MS analysis of the collected disaccharides of tissues was performed as 

described above. The amount of tissue CS was determined by comparing the peak area 

of native disaccharide to each calibrant. HS was extracted from 2 NML tissues and 4 

FLC tissues. The method for the analysis of HS followed the procedures described in a 

previous publication (240). Three CS disaccharides, including Ddi-2S, Ddi-2S6S and 

Ddi-2S4S, were only subjected to relative quantitation as the 13C-labeled disaccharides 

were unavailable. Standard curves of these three disaccharides were generated using 

unlabeled disaccharide standards that were purchased from Iduron.  

 

Data availability 

 

Previously published (229) RNA-seq data can be downloaded from Gene Expression 

Omnibus (GEO) using the following GEO accession number: GSE181922. Previously 

published (106) RNA-seq and ChRO-seq can be downloaded from the European 

Genome-Phenome Archive (EGA) using the following EGA accession number: 

EGAS00001004169. scATAC-seq bam and tabix data files generated in this study have 

been deposited in the Gene Expression Omnibus (GEO) and are accessible through the 

accession number GSE202315. 

 

Schematics 

 

Chemical structures were created with Chemdraw (by PerkinElmer). Schematics were 

created with BioRender.com. 

 

  



140 

 

3.6: Acknowledgments 

 

We are very grateful for funding from the Fibrolamellar Cancer Foundation (awarded to 

P.S.), which permitted the execution of this project. We are especially indebted to 

Roman Spektor (Cornell Genomics Innovation Hub) for his contribution to the single-cell 

ATAC-seq design. The results shown here are in part based upon data generated by 

the TCGA Research Network: https://www.cancer.gov/tcga. Finally, we also thank Larry 

Bonassar, Jongkil Kim, and Cora Demler for valuable discussions during the study.  

  

https://www.cancer.gov/tcga


141 

 

Chapter 4: Discussion 

 

4.1: Conclusions of Chapter 2 

 

 Multi-omic analysis of microRNA-mediated regulation in fibrolamellar carcinoma 

resulted in several key findings made possible by leveraging a large patient sample set. 

The integration of mRNA expression and transcriptional activity identified gene sets 

regulated by miRs and a functional analysis was performed in a patient-derived cell line. 

 MiR expression profiles stratified FLC from NML, and clinical parameters such as 

age, gender, tumor location, or tumor stage, were not factors dramatically affecting miR 

profiles. Among the miRs with the greatest increase in expression between FLC and 

NML patient samples, miR-10b has the greatest fold-change and the highest 

expression. Additionally, the fold-change of miR-10b in FLC was greater than in any 

other cancer type for which microRNA sequencing analysis is publicly available. 

 Transcriptional regulatory elements (TREs) that drive gene expression have 

been extensively studied but identifying TREs associated with miR expression is 

challenging using traditional methods that analyze histone modifications or chromatin 

accessibility (241,242). Mature miR sequences are 21-22 nucleotides but the primary 

transcript (pri-miR) can exceed tens to hundreds of kilobases in length. To overcome 

these limitations, active TREs in proximity to mature miR sequences in FLC were 

quantified and a correlation between miR ChRO-seq signal and mature miR expression 

was observed. By annotating the active TREs associated with miRs it is possible to then 

interrogate the DNA sequence of TREs and identify potential transcription factor binding 

motifs. When analyzing miR-10b TREs with this method, high-confidence binding sites 

for forkhead box Q1 (FOXQ1) were found to be associated with miR-10b. FOXQ1 is 

highly expressed in FLC and correlates to DP expression. Additionally, FOXQ1 has a 

role in promoting progression of other cancers and similar mechanisms may be relevant 

in FLC (168,243-247). 

 Integrating transcriptional activity (ChRO-seq) and mRNA abundance (RNA-seq) 

of differentially expressed genes in FLC identified pathways subject to post-

transcriptional suppression. Post-transcriptional suppression (PTS) genes are genes 
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that gain or lose mRNA abundance while transcriptional activity remains unchanged. 

These two gene sets were then analyzed for binding sites of miRs relevant to FLC; 

specifically, the gain-of-PTS genes were referenced against the up-regulated miRs and 

the loss-of-PTS genes were referenced against the down-regulated miRs. I identified 

miR-10b and miR-455 as putative master regulators of gain- and loss-of-PTS genes in 

FLC, respectively. 

The fusion onco-kinase DNAJB1-PRKACA (DP) is characteristic of FLC and can 

drive neoplastic formation in mice. It is intuitive to consider that DP activity is directly 

responsible for characteristic changes in gene and miR expression. Using multiple 

models of DP in both human and mouse cells, I measured miR expression. Among the 

miRs found up-regulated in FLC, only miR-10b expression was directly responsive to 

DP activity and the extent of miR-10b expression induction by DP activity was 

contextual to the cell type analyzed. In human cells of liver lineages, the degree of miR-

10b induction in the presence of DP was greater than in non-liver cells. Surprisingly, in 

mouse cells, DP activity reduced miR-10b expression.  

MiR-10b was inhibited by using a locked-nucleic acid (LNA) with complementary 

sequence. Transfecting LNA-10b into a FLC patient-derived cell line resulted in a 

reduction of metabolic activity, anchorage independent growth, and DNA synthesis. 

Quantitative polymerase chain reaction (qPCR) analysis of PTS genes with predicted 

miR-10b binding sites showed significant increases in three genes, TRIM35, FANCC, 

and SUN2. TRIM35 (tripartite motif family member 35) is a regulator of protein stability 

and degradation and has tumor suppressive characteristics in hepatocellular carcinoma 

(145). Mutations in FANCC (Fanconi anemia complementation group C) regulate 

genome instability and DNA repair and can contribute to both breast and pancreatic 

cancer (140-142). SUN2 (Sad1 and UNC84 domain containing 2) is a regulator of 

nucleo-cytoskeleton stability and nuclear shape and has prominent tumor suppressive 

roles in lung cancer (139,143,144). In combination, the increased expression of these 

genes may contribute to the reduction of cell proliferation observed by inhibition of miR-

10b (Figure 4.1). 
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Figure 4.1. Model of activity for miR-10b in FLC. A schematic showing the changes 

in microRNA expression, identification of post-transcriptionally suppressed genes, and 

tumor cell proliferation with respect to miR-10b activity. 
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4.2: Future directions of the microRNA study 

 

These findings highlight the contribution of miR-10b to regulate FLC progression 

by promoting cell proliferation, but many questions remain to be addressed including 

resolving the link between DP activity and miR-10b expression. Binding motifs for 

FOXQ1 in the miR-10b locus were identified by computational predictions and 

experimental validation should be considered. FOXQ1 promotes epithelial-to-

mesenchymal transition (EMT) phenotypes in colorectal, skin, and bladder cancers 

(167,228,245,246,248) and FOXQ1 is activated by PKA (247), making it is likely that DP 

would also promote FOXQ1 activity. Utilizing the DP ectopic expression system, which 

includes a catalytically inactive DPK128H which fails to upregulate miR-10b, identifying 

DP-dependent FOXQ1 phosphorylation and nuclear localization can be experimentally 

tested. Following this analysis, direct modulation of FOXQ1 expression and/or mutation 

of the putative FOXQ1 binding sites near the miR-10b locus could be performed. 

Together, these experiments would mechanistically link DP, FOXQ1, and miR-10b. 

The predictive analysis of miR-10b targets in FLC can be validated by performing 

mRNA sequencing following LNA-10b treatment in the FLC patient-derived cell line. 

Such an analysis could be further validated by also performing a genetic perturbation of 

the miR-10b locus, either by directly mutating the miR-10b mature sequence or 

targeting the miR-10b TREs by CRISPR/Cas9 approaches to reduce expression. 

Comparing the results of these two experiments would be critical to ascertain if either 

process to inhibit miR-10b has undesirable effects. Considering that the LNA-10b has 

potential for therapeutic use, it is critical to fully capture all changes in gene expression. 

A major strength of producing a genetically edited FLC cell line is that future 

experimental testing, especially the potential to perform in vivo experiments, is more 

tractable. Finally, identifying direct molecular interactions between miR-10b and target 

gene mRNAs can be accomplished by transfecting cells with a miR-10b LNA that 

contains a secondary label, such as biotin, and then sequencing the mRNA found in 

purified, hybridized complexes. A direct biochemical method such as this would 

differentiate direct targets of miR-10b from potential secondary targets. 
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Analysis of loss-of-PTS genes highlighted pathway enrichment for the processes 

of secretion and glycosaminoglycan (GAG) production. I identified miR-455 as a 

putative regulator of the loss-of-PTS genes, suggestion that miR-455 may play a role in 

these processes. Performing experiments like those described for miR-10 would identify 

the mechanistic role for miR-455 to influence FLC progression (249). Specifically, 

sequencing after miR-455 rescue would explicitly identify differentially regulated genes. 

Both inhibiting miR-10b and rescuing miR-455 would potentially correct the expression 

of tens-to-hundreds of PTS genes and in vivo testing of this combinatorial treatment 

may reveal a potent role for microRNAs to regulate FLC progression. 

 

4.3: Conclusions of Chapter 3 

  

The chemical, molecular, and single cell analysis of ECM components in 

fibrolamellar carcinoma produced several novel findings and I identified potential critical 

roles for chondroitin sulfate proteoglycans to promote FLC progression. In this study, I 

identified the glycosaminoglycan (GAG) composition of FLC by first defining altered 

gene expression profiles and, second, verifying the chemical composition in patient 

samples. The aberrant expression of versican (VCAN) in FLC was previously reported 

(106) and we identified the cellular sources of VCAN, which included activated hepatic 

stellate cells and tumor epithelial cells. 

FLC is characteristically desmoplastic and stains intensely for collagen by the 

trichrome method (12), yet the composition of the ECM is not well studied. In general, 

tumors adopt ECM components that differ from the derived tissue as part of the EMT 

process (174,178,250). Fibrosis increases with general cancer treatment and may play 

a physical role in repelling the anti-cancer immune cells and a chemical role in 

neutralizing therapeutic treatments (174). It is possible that treatment failures in FLC 

may in part be due to the highly fibrotic nature of the cancer (251). Identifying FLC 

specific components of the ECM may provide a new chemical platform for therapeutic 

targeting (252). 

I interrogated GAG biosynthetic gene expression and identified minimal 

expression of hyaluronic acid synthase genes (HAS1-3) in FLC. HA is potently 
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increased in other cancers (253,254), notably breast, prostate, and lung carcinomas. 

Finding a minimal role for HA in FLC provoked a review of heparin (HS) and chondroitin 

sulfate (CS) production. HS and CS differ from HA by being conjugated to peptides at 

serine residues through a shared tetrasaccharide linker. I found the genes encoding 

enzymes responsible for linker formation are robustly expressed in FLC but are not 

differently increased relative to NML tissue. From the common tetrasaccharide, the 

polymerization of CS or HS is determined by a stoichiometric competition between two 

enzymes, chondroitin sulfate N-acetylgalactosaminyltransferase (CSGALNACT) and 

exotosin like glycosyltransferase (EXTL). I found that the ratio of expression of these 

two genes in FLC is skewed five-fold in favor of CSGALNACT. 

We then measured GAG abundance by liquid chromatography tandem mass 

spectrometry (LC-MS/MS) to detect CS and HS disaccharides digested from FLC 

tissue. Novel radiolabeled CS and HS disaccharides were directly synthesized and used 

as reference to provide quantification with high sensitivity. As predicted by gene 

expression analysis, total CS was highly abundant in FLC tissue relative NML, while 

total HS was unchanged. We also identified the position of the sulfate group in the 

disaccharide. In FLC, there is an increased abundance of CS sulfation at positions 4 

and 6 and the expression of the genes responsible, chondroitin sulfotransferase 11 and 

3 (CHST11, 3) were increased in FLC. Total HS and sulfated HS disaccharide levels 

were unchanged in FLC relative to NML tissue. 

I found a general trend for increased gene expression of chondroitin sulfate 

proteoglycans (CSPG), notably chondroitin sulfate proteoglycan 4 (CSPG4), CD44, and 

VCAN, in FLC. Of these CSPGs, VCAN exhibited the highest fold-change in FLC 

relative to NML and was previously identified as a super-enhancer associated gene 

(106). The expression levels of VCAN and CSGALNACT1 were compared across other 

cancer types and the fold-change of VCAN was greatest in FLC. In the case of 

CSGALNACT1, the fold-change in FLC was second highest among cancers, where the 

highest was CCA. 

I found that VCAN protein was increased in FLC matched patient samples by 

immunoblotting and immunohistofluorescence assays. However, the degree of protein 

induction and localization of VCAN differed across patient samples, potentially 
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confounded by tissue heterogeneity. To address this variability, single cell assay for 

transposon accessible chromatin (scATAC) was performed with a set of matched 

patient samples (255,256). Chromatin accessibility positively correlates to gene 

expression (257) and overlaying the accessibility of key marker genes can identify 

specific cell types of importance (76). Using this method, we identified cell types found 

in the tumor microenvironment (TME) in FLC and determined the greatest VCAN signal 

was from FLC transformed epithelial cells and tumor-associated activated stellate cells 

(Figure 4.2). 
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Figure 4.2. Model for the relevance of chondroitin sulfate and versican in FLC. A 

schematic showing the behaviors of non-malignant hepatocytes, quiescent and 

activated stellate cells, and endothelial cells with respect to chondroitin sulfate and 

versican during FLC progression. 
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4.4: Future directions of the extracelluar matrix study 

 

Stellate cells play a critical role in liver health as primary responders to damage 

but also contribute to fibrosis and progression in both HCC and CCA (258,259)  where 

liver damage often precedes, and contributes to, HCC and CCA formation (225). Given 

that FLC patients lack preceding fibrosis it is possible that the role of stellate cells in 

FLC differs from HCC. Additionally, HCC patient samples are enriched in HSPGs, 

notably syndecans (SDC), as opposed to CSPGs. Our finding that the expression levels 

of VCAN and CSGALNACT1 in FLC are similar in CCA suggests that a shared 

mechanism for fibrosis generation may exist between FLC and CCA. 

Taken together, we suggest a model in which VCAN, in concert with other 

secreted factors, may activate stellate cells and contribute to fibrosis production in FLC 

(226). Stellate cell activation may occur by chemical stimulation, ECM stiffness 

associated with the growth of FLC neoplasms, or both (178), and contribute to the thick 

desmoplasia characteristic of FLC (176,177). VCAN may also be, in part, responsible 

for organizing collagen (260). Full length VCAN is a large protein of ~500 kilodaltons, 

containing domains for CS conjugation, epidermal growth factor-like signaling motifs, 

protein-protein interaction, GAG interactions, collagen interaction, and sites for 

proteolysis (214,226,261). However, multiple isoforms of VCAN exist and determining 

the isoform produced in these two populations of cells would help to delineate potential 

differences in the mechanism of action. 

Versican also interacts with soluble growth factors and can create local 

environments of high concentrations (262). One intriguing possibility is that connective 

tissue growth factor (CTGF), a factor associated with liver fibrosis (263), may be 

relevant; CTGF is a product of activated stellate cells, is increased in bulk FLC tissue at 

the level of expression, and is a target of miR-375 in FLC (110). An unbiased analysis of 

FLC ECM, by performing peptide mass spectrophotometry on decellularized tumor 

samples, could also identify contributing factors. In parallel, spatial RNA sequencing, 

where gene expression profiles are linked to tissue morphology at near-single cell 
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resolution, could also support the discovery of cell types and putative factors associated 

with ECM components.  

FLC patient-derived cells can be used to evaluate the role of VCAN in vitro and 

answer pertinent questions. Do FLC cells promote the activation of quiescent stellate 

cells and do activated stellate cells contribute to FLC cell behavior? Would a factor that 

quiesces stellate cells also alter FLC cell behavior? Is CS and VCAN mediating this 

affect, and can secondary factors be identified?  

These questions can be answered by exposing quiescent stellate cells to FLC 

cell conditioned media or direct co-culturing. Developing a FLC cell line that lacks VCAN 

expression would define the role for VCAN to modulate stellate cells. Applying free CS 

to cells may also promote activation and proliferation, as there is evidence of HA 

salvage uptake in pancreatic cancer to fuel metabolic requirements (253). However, it 

would be important to test CS as disaccharides and longer GAGs to clarify the effects. 

Testing FLC and stellate cell response to increased concentrations of CS and CS chain 

length would highlight that a similar process may be occurring to promote tumor growth 

directly by supporting metabolic requirements (264). 

Upon identifying the FLC specific factor promoting stellate cell activation, the role 

for stellate factors to affect FLC cells can be addressed. Similar experiments can be 

performed in a reciprocal fashion, such as applying stellate conditioned media to FLC 

cells and measuring changes in growth or other responses. One potential barrier to 

these experiments is that generating fibrosis-mediated growth or high concentrations of 

secondary molecules may be difficult in conventional cell culture systems but overcome 

by co-culturing cells in intimate collagen matrices.  

Stellate cells transition between active and quiescent states based on exposure 

to several factors and reverting hepatic stellate cells to a quiescent state has been 

achieved by application of all-trans retinoic acid (ATRA) (150,265,266). Experiments in 

mice show a partial reduction in pancreatic and head and neck cancer progression by 

inducing stellate quiescence by ATRA exposure (266). Evaluating the effect of ATRA to 

promote quiescence of activated stellate and FLC cells in an in vivo model may highlight 

a potential therapeutic opportunity for FLC treatment. 
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It is also attractive to consider VCAN as a platform for therapeutic discovery, as 

the abundance of VCAN might act as a scaffold for novel biological-based medicines. In 

addition to direct perturbation of VCAN protein, microRNA rescue may modulate the CS 

production pathway. The ontology analysis of loss-of-PTS genes included GAG 

biosynthesis, which may be potentially regulated by miR-455. Putative miR-455 target 

sites exist in CHST11, CHST3, and VCAN and a miR-455 rescue may partially 

suppress VCAN secretion. Potentially combining miR-455 mimic and ATRA treatments 

may provoke the greatest reduction in FLC fibrosis generation.  

 

4.5: A possible integrated model 

 
An integrated model of these findings (Figure 4.3) highlights mechanistic links 

among DP, microRNAs, versican, and stellate cell activity to promote cancer 

phenotypes and possible progression of fibrolamellar carcinoma. Taken together, the 

transcription factor FOXQ1 emerges as a potentially key regulator. I suggest that, 

through DP activity, FOXQ1 promotes the expression of miR-10b and versican. FOXQ1 

may also interact with β-catenin to suppress miR-375. As highlighted in the studies of 

this thesis, miR-10b promotes cell proliferation by silencing known tumor suppressor 

genes and versican may induce stellate cell activation. I contributed to identifying miR-

375 as a suppressor of yes associated protein 1 (YAP1) and connective tissue growth 

factor (CTGF), which also promote cell proliferation and fibrosis (114), respectively 

(110). Activated stellate cells, which potentially comprise the cancer associated 

fibroblast (CAF) population of the tumor microenvironment (267), may further promote 

FOXQ1 activity in tumor epithelial cells, creating a positive feedback loop for the cancer 

(168,245-247).This model could be interrogated further through the development of 

genetically engineered FLC cell lines, followed by tumor outgrowth experiments, in 

order to identify critical therapeutic opportunities. 
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Figure 4.3. Integrated model for microRNA and proteoglycan-mediated 

progression in FLC. A schematic showing the mechanistic link between DNAJB1-

PRKACA activity, changes in microRNA expression, and promotion of chondroitin 

sulfate biosynthesis and versican expression. This model is putatively under a positive 

feed-back loop in which activated hepatic stellate cells provoke FOXQ1 activation in 

FLC cells. Dashed lines indicate hypotheses based on bioinformatics analysis with 

experimental evidence yet to be obtained. 
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Establishment of miR-10b knock-out (KO) or miR-455 overexpression (OX) FLC 

cells should be prioritized as a future endeavor. The development of genetically-altered 

cell lines will be critical to cement a functional role for these miRs in FLC progression. 

Engineered cells can be implanted into recipient mice and tumor growth assessed by 

conventional methods. Implantation could include standard flank injections, orthotopic 

liver grafting, and intravenous injections. Engineered cells should also carry a marker, 

ideally the co-expression of luciferase and green fluorescent protein, to increase the 

identification of implanted and circulating cells. 

Upon the identification of perturbed growth, tumors could undergo single-cell 

RNA sequencing (scRNAseq). The benefits of scRNAseq over conventional, bulk tissue 

analysis are considerable in that distinct cell populations can be identified, and highly 

expressed genes within each cell type can be identified (268). Prior analysis of FLC 

tumor patient-derived xenografts (PDX) have identified mouse cells incorporated into 

the tumor (11), which can be readily excluded in scRNAseq analysis. Additionally, it is 

possible that miR perturbation may provoke certain kinds of changes, such as rare 

differentiation events, that would be drowned out in bulk RNA analysis. There is a 

potential for in vivo scRNAseq to identify and highlight gene pathways influenced by 

physiological constraints that may be more relevant to FLC. Conditions such as oxygen 

concentration and nutrient availability are generally more limiting in vivo (269) and the 

co-effect of miR-10b- and miR-455-mediated gene regulation on cellular behaviors may 

be more pronounced (270). 

Previously established FLC PDXs are slow growing and long incubation periods 

may be required to generate sufficient material for analysis. It is possible that 

perturbation of a single miR may not sufficiently arrest tumor growth and the generation 

of a combination miR-10b-KO and miR-455-OX line should be considered. Genes 

subject to post-transcriptional regulation in FLC, which I have defined in my thesis work 

and highlighted in this document, prominently include validated and candidate targets of 

miR-10b and miR-455. However, the pathways predicted to be regulated by miR-10b 

and miR-455 have little-to-no overlap, which suggest that co-targeting of miR-10b and 

miR-455 expression levels may correct multiple phenotypes. The in vivo impact may be 

at least additive and possibly synergistic (271). 
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The results of genetic alteration of miR-10b and miR-455 will require validation 

with locked-nucleic acid (LNA) inhibitors and mimics. A major challenge faced by in vivo 

application of LNAs includes targeted delivery. While my studies highlight the efficacy of 

LNA-10b in vitro, a transfection was required. In vivo delivery will require optimization 

both in terms of method as well as concentration (272-274) . Delivering an inhibitor 

(against miR-10b) and a separate mimic (of miR-455) together to the same tissue may 

pose an additional challenge. 

Upon establishment of miR-10b-KO and/or miR-455-OX in vivo phenotypes, 

therapeutic treatments can be considered. Gene expression analysis in the miR-10b-

KO/miR-455-OX tissue will reveal the most significantly altered, and potentially 

targetable, pathways. Our prior study of enhancer activity highlighted the mitogen-

activated pathway kinases (MAPK) as being potently activated in FLC (106). However, 

neither miR-10b nor miR-455 is thought to provoke MAPK activity, suggesting that miR-

10b-KO and miR-455-OX may identify new pathways to target for therapeutic 

intervention. Such a treatment could be viable on its own or may be a potent addition to 

a miR-10b inhibitor and/or miR-455 mimic. 

My thesis work also identified a potential role for chondroitin sulfate (CS) 

biosynthesis and versican, a CS proteoglycan, in FLC progression. I have highlighted 

potential experiments that may further elucidate the mechanisms of CS and versican to 

promote and sustain FLC pathology; however, a larger, integrative approach may be 

needed for the development of the most effective therapeutics. Our prior study of miRs 

in FLC identified miR-375 as a negative regulator of FLC cell progression through the 

targeting of YAP1 and CTGF, the latter of which is known to be secreted by activated 

stellate cells (275). Indeed, it has been suggested that the suppression of CTGF may 

partially resolve desmoplasia (263,276). Producing a miR-375-OX FLC cell line and 

performing in vivo tumor growth studies would validate our in vitro findings that miR-375 

suppresses FLC. Additionally, as mentioned before, miR-455 has predicted targets sites 

in chondroitin sulfotransferase 3 and 11, and versican. A combined miR-375-OX/miR-

455-OX cell line could have the greatest impact on ECM production and cell migration. 

The role for versican to promote FLC phenotypes should also be tested by 

creating a knockout cell line followed by tumor growth studies. Given that versican may 
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provoke cell growth through multiple domains, a full gene knockout should be first 

considered before addressing isoform or domain deletions. If versican ablation affects 

FLC tumor biology, further interrogation can be considered; however, drugs targeting 

versican have not been developed and may likely affect physiological homeostasis. 

Instead, an intriguing option would be to explore CS based therapeutics and identify 

novel versican binding agents that may be localized to FLC tumors. Treating mice that 

contain FLC tumors with radiolabeled CS precursors may reveal preferential CS uptake. 

Similar studies using fluorodeoxyglucose (277) have been instrumental in identifying 

and treating tumors with high glucose uptake. Producing analogous compounds, such 

as fluorinated N-acetylgalactosamine or fluorinated CS disaccharides, may provide a 

screening method and therapeutic for FLC patients. 

Versican and miR-10b may be transcriptionally linked by FOXQ1 activity and 

treating FLC cells with a short interfering RNA targeting FOXQ1 would identify a direct 

relationship. FOXQ1 has been shown to activate the ZEB transcription factor and 

promote migration and invasion behaviors in melanoma and gastric cancer cell lines 

(278). Additionally, the link between FOXQ1 and versican has been contextualized in 

hepatocellular carcinoma (228) through the activity of cancer-associated fibroblasts, 

which are often derived from activated stellate cells (267). Given that the fold change of 

versican in FLC is greater than in any other cancer, further investigation into FOXQ1 

activity is warranted (168,244,246,247). While therapeutic targeting of transcription 

factor activity remains a basic challenge in biomedicine, there has been success in 

applying morphogenic compounds, such as all-trans retinoic acid (ATRA), to induce cell 

differentiation. ATRA has also been shown to induce quiesence of activated stellate 

cells (265,279-281). 

Ultimately, my work suggests that the possibility of combinatorial treatment of 

FLC with miR-10b inhibitors, miR-455 and miR-375 mimics, ATRA, and therapeutic CS 

disaccharides. The proposed experiments outlined would highlight the individual 

contributions of each component and robust pre-clinical testing could pave the way for 

clinical trials. 
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4.6: Translational potential to other liver cancers 

 

The studies I have presented in this thesis identify the role of microRNAs in FLC 

to alter gene expression profiles that regulate cell proliferation and potentially influence 

GAG production in FLC. These novel findings identified roles for miR-10b and VCAN to 

independently influence FLC phenotypes. The relative fold-change of miR-10b and 

VCAN in FLC was greater than in any other cancer, but were second highest in HCC 

and CCA, respectively.  

MicroRNA expression profiles of HCC and CCA patients had not previously 

identified miR-10b as being the most up-regulated miR, though there is evidence that 

miR-10b influences cellular behavior of HCC and CCA in vitro by perturbing activity of 

the PI3K/AKT pathway through targeting phosphatase and tensin homolog (PTEN) 

(149,169,282-284). However, this mechanism is absent in FLC, as I have highlighted in 

these studies. While there is evidence of PI3K/AKT activity, and reduced PTEN 

expression in FLC, different mechanisms may be responsible.  

The role for miR-455 to regulate FLC phenotypes requires more investigation. In 

HCC, CCA, and other digestive cancers, miR-455 also exhibits reduced expression and 

there is experimental evidence supporting a role for tumor suppression (170,285,286) 

However, oncogenic roles of miR-455 have been reported in breast, esophageal, and 

bile duct cancers (287,288), highlighting the importance of further characterizing miR-

455 in FLC. 

The process of epithelial to mesenchymal transition (EMT) is critical for cancer 

progression as an adaptation that allows dissemination into metastases. MiR-10b is 

associated with metastatic phenotypes in multiple cancers and a common mechanism is 

by altering the extracellular matrix (151). There is evidence for miR-10b to target cell 

adhesion molecules, including E- and N-cadherin, remodeling enzymes, including 

matrix metalloproteinase 2, 9, and 14, the intermediate filament protein vimentin, and 

the heparin sulfate proteoglycan syndecan (149,289,290). In FLC, the expression of 

these genes is increased relative to NML tissue and the expression of E-cadherin did 

not change with LNA-10b treatment. These findings highlight that the mechanism by 

which miR-10b inhibition may affect HCC and CCA progression will differ from FLC. 
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As the role for miR-10b to regulate ECM components and promote invasion and 

migration characteristics in other cancers was not common to FLC (163,282,291), 

identifying miR-455 as a potential regulator of GAG production was an exciting 

discovery. The finding that CS, and not HS, is abundantly enriched in FLC may be 

relevant to tumor biology. Among CSPGs, VCAN was the most expressed and 

upregulated gene and the role of VCAN and CSGALNACT1 in FLC may be similar in 

CCA. These studies identified a positive correlation between VCAN and DP, between 

CSGALNACT1 and DP, and between VCAN and CSGALNACT1. While DP is not 

relevant to CCA formation, intermediate factors promoting VCAN and CSGALNACT1 

expression in CCA may be common to FLC. 

The suggestive role of stellate cells to contribute to FLC progression may be 

similar to CCA formation (225). Future studies to identify whether stellate cell 

quiescence, VCAN targeting, or both, affects FLC progression may be translatable to 

CCA. HCC, by contrast, lacks prominent levels of CS producing enzymes or expression 

of VCAN and other studies have identified increased heparin sulfate and a role for 

HSPGs, including syndecan 1, in cancer progression (292,293).  
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4.7: Summary 

 

MicroRNAs negatively regulate gene expression by exerting post-transcriptional 

suppression. In cancer, miRs can act in an oncogenic or tumor-suppressive fashion 

depending on the context. In these analyses I have identified miRs that regulate cell 

proliferation and possibly ECM remodeling, leading to the progression of FLC. An in 

vitro role for miR-10b to promote cell division by suppressing, TRIM35, SUN2, FANCC, 

and other tumor suppressor genes, was identified.  

Reviewing gene pathways associated with miR-10b in other cancers and the 

genes that lose post-transcriptional suppression in FLC led us to the identification of 

increased CS biosynthesis in FLC and abundant expression of CSPGs, notably 

versican. Versican is a potential marker of FLC and suggested to play a key role in 

tumor development. We also identified a role for activated hepatic stellate cells to 

contribute VCAN. These findings may be linked to a possible role for miR-455 in ECM 

regulation. 

Future studies addressing the contribution of miR-10b, miR-455, and VCAN to 

affect in vivo tumor growth and development may identify the therapeutic potential of 

these molecules. FLC patients lack effective treatment strategies, and DP kinase 

remains undruggable at the time of this writing, provoking the need to consider the 

findings of this thesis as strategies with potential to support patient health and abate 

FLC progression. 
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APPENDIX 

 

License agreements for figures generated in BioRender. 

 

 

 

 

 

  



160 

 

 

 

  



161 

 

  



162 

 

  



163 

 



164 

 

  



165 

 

 
 

BIBIOLGRAPHY 

 
 
1. Kalra AY, E; Wehrle, CJ; Tuma, F. Physiology, Liver. StatPearls. 2022. 

2. Trefts E, Gannon M, Wasserman DH. The liver. Curr Biol. 2017;27(21):R1147-R1151. 

3. Si-Tayeb K, Lemaigre FP, Duncan SA. Organogenesis and development of the liver. Dev 

Cell. 2010;18(2):175-189. 

4. Eksteen DHAaB. Aberrant homing of mucosal T cells and extra-intestinal manifestations 

of inflammatory bowel disease. Nature Reviews Immunology. 2006;6 

5. McEnerney L, Duncan K, Bang BR, Elmasry S, Li M, Miki T, et al. Dual modulation of 

human hepatic zonation via canonical and non-canonical Wnt pathways. Exp Mol Med. 

2017;49(12):e413. 

6. Andrews TS, Atif J, Liu JC, Perciani CT, Ma XZ, Thoeni C, et al. Single-Cell, Single-

Nucleus, and Spatial RNA Sequencing of the Human Liver Identifies Cholangiocyte and 

Mesenchymal Heterogeneity. Hepatol Commun. 2022;6(4):821-840. 

7. Michalopoulos GK, Bhushan B. Liver regeneration: biological and pathological 

mechanisms and implications. Nat Rev Gastroenterol Hepatol. 2021;18(1):40-55. 

8. Chembazhi UV, Bangru S, Hernaez M, Kalsotra A. Cellular plasticity balances the 

metabolic and proliferation dynamics of a regenerating liver. Genome Res. 

2021;31(4):576-591. 

9. Tiniakos DG, Kandilis A, Geller SA. Tityus: a forgotten myth of liver regeneration. J 

Hepatol. 2010;53(2):357-361. 

10. Abdalla Aly SR, Dipen Patel, Yunes Doleh & Fernando Benavente. Epidemiologic, 

humanistic and economic burden of hepatocellular carcinoma in the USA: a systematic 

literature review. 2020. 

11. Oikawa T, Wauthier E, Dinh TA, Selitsky SR, Reyna-Neyra A, Carpino G, et al. Model 

of fibrolamellar hepatocellular carcinomas reveals striking enrichment in cancer stem 

cells. Nat Commun. 2015;6:8070. 

12. O'Neill AF, Church AJ, Perez-Atayde AR, Shaikh R, Marcus KJ, Vakili K. Fibrolamellar 

carcinoma: An entity all its own. Curr Probl Cancer. 2021;45(4):100770. 



166 

 

13. Zhuravleva E, O'Rourke CJ, Andersen JB. Mutational signatures and processes in 

hepatobiliary cancers. Nat Rev Gastroenterol Hepatol. 2022. 

14. Llovet JM, Kelley RK, Villanueva A, Singal AG, Pikarsky E, Roayaie S, et al. 

Hepatocellular carcinoma. Nat Rev Dis Primers. 2021;7(1):6. 

15. Farazi PA, DePinho RA. Hepatocellular carcinoma pathogenesis: from genes to 

environment. Nat Rev Cancer. 2006;6(9):674-687. 

16. Ramakrishna G, Rastogi A, Trehanpati N, Sen B, Khosla R, Sarin SK. From cirrhosis to 

hepatocellular carcinoma: new molecular insights on inflammation and cellular 

senescence. Liver Cancer. 2013;2(3-4):367-383. 

17. Calderaro J, Ziol M, Paradis V, Zucman-Rossi J. Molecular and histological correlations 

in liver cancer. J Hepatol. 2019;71(3):616-630. 

18. Wang J, Dong M, Xu Z, Song X, Zhang S, Qiao Y, et al. Notch2 controls hepatocyte-

derived cholangiocarcinoma formation in mice. Oncogene. 2018;37(24):3229-3242. 

19. Hemmings BA, Restuccia DF. PI3K-PKB/Akt pathway. Cold Spring Harb Perspect Biol. 

2012;4(9):a011189. 

20. Liang S, Guo H, Ma K, Li X, Wu D, Wang Y, et al. A PLCB1-PI3K-AKT Signaling Axis 

Activates EMT to Promote Cholangiocarcinoma Progression. Cancer Res. 

2021;81(23):5889-5903. 

21. Goyal L, Shi L, Liu LY, Fece de la Cruz F, Lennerz JK, Raghavan S, et al. TAS-120 

Overcomes Resistance to ATP-Competitive FGFR Inhibitors in Patients with FGFR2 

Fusion-Positive Intrahepatic Cholangiocarcinoma. Cancer Discov. 2019;9(8):1064-1079. 

22. Gao L, Yang X, Zhang H, Yu M, Long J, Yang T. Inhibition of miR-10a-5p suppresses 

cholangiocarcinoma cell growth through downregulation of Akt pathway. Onco Targets 

Ther. 2018;11:6981-6994. 

23. Seehawer M, Heinzmann F, D'Artista L, Harbig J, Roux PF, Hoenicke L, et al. 

Necroptosis microenvironment directs lineage commitment in liver cancer. Nature. 

2018;562(7725):69-75. 

24. Yu LX, Ling Y, Wang HY. Role of nonresolving inflammation in hepatocellular 

carcinoma development and progression. NPJ Precis Oncol. 2018;2(1):6. 



167 

 

25. Aguiar TFM, Carneiro TN, da Costa CML, Rosenberg C, da Cunha IW, Krepischi ACV. 

The genetic and epigenetic landscapes of hepatoblastomas. Applied Cancer Research. 

2017;37(1). 

26. Chen H, Guan Q, Guo H, Miao L, Zhuo Z. The Genetic Changes of Hepatoblastoma. 

Front Oncol. 2021;11:690641. 

27. Graham RP, Torbenson MS. Fibrolamellar carcinoma: A histologically unique tumor 

with unique molecular findings. Semin Diagn Pathol. 2017;34(2):146-152. 

28. Honeyman JN, Simon EP, Robine N, Chiaroni-Clarke R, Darcy DG, Lim, II, et al. 

Detection of a recurrent DNAJB1-PRKACA chimeric transcript in fibrolamellar 

hepatocellular carcinoma. Science. 2014;343(6174):1010-1014. 

29. Marisi G, Cucchetti A, Ulivi P, Canale M, Cabibbo G, Solaini L, et al. Ten years of 

sorafenib in hepatocellular carcinoma: Are there any predictive and/or prognostic 

markers? World J Gastroenterol. 2018;24(36):4152-4163. 

30. Huang A, Yang XR, Chung WY, Dennison AR, Zhou J. Targeted therapy for 

hepatocellular carcinoma. Signal Transduct Target Ther. 2020;5(1):146. 

31. Niu M, Yi M, Li N, Wu K, Wu K. Advances of Targeted Therapy for Hepatocellular 

Carcinoma. Front Oncol. 2021;11:719896. 

32. Baretti M, Kim AK, Anders RA. Expanding the immunotherapy roadmap for 

hepatocellular carcinoma. Cancer Cell. 2022;40(3):252-254. 

33. Society AC. Cancer Facts & Figures. 2022. 

34. Feng J, He Y, Wei L, Chen D, Yang H, Tan R, et al. Assessment of Survival of Pediatric 

Patients With Hepatoblastoma Who Received Chemotherapy Following Liver Transplant 

or Liver Resection. JAMA Netw Open. 2019;2(10):e1912676. 

35. Stipa F, Yoon SS, Liau KH, Fong Y, Jarnagin WR, D'Angelica M, et al. Outcome of 

patients with fibrolamellar hepatocellular carcinoma. Cancer. 2006;106(6):1331-1338. 

36. Polychronidis G, Feng J, Murtha-Lemekhova A, Heger U, Mehrabi A, Hoffmann K. 

Factors Influencing Overall Survival for Patients with Fibrolamellar Hepatocellular 

Carcinoma: Analysis of the Surveillance, Epidemiology, and End Results Database. Int J 

Gen Med. 2022;15:393-406. 

37. Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 

2011;144(5):646-674. 



168 

 

38. Luo J, Solimini NL, Elledge SJ. Principles of cancer therapy: oncogene and non-

oncogene addiction. Cell. 2009;136(5):823-837. 

39. Yang D, Zhou Q, Labroska V, Qin S, Darbalaei S, Wu Y, et al. G protein-coupled 

receptors: structure- and function-based drug discovery. Signal Transduct Target Ther. 

2021;6(1):7. 

40. Lemmon MA, Schlessinger J. Cell signaling by receptor tyrosine kinases. Cell. 

2010;141(7):1117-1134. 

41. Zboril E, Yoo H, Chen L, Liu Z. Dynamic Interactions of Transcription Factors and 

Enhancer Reprogramming in Cancer Progression. Front Oncol. 2021;11:753051. 

42. Okabe A, Kaneda A. Transcriptional dysregulation by aberrant enhancer activation and 

rewiring in cancer. Cancer Sci. 2021;112(6):2081-2088. 

43. Sur I, Taipale J. The role of enhancers in cancer. Nat Rev Cancer. 2016;16(8):483-493. 

44. He Y, Long W, Liu Q. Targeting Super-Enhancers as a Therapeutic Strategy for Cancer 

Treatment. Front Pharmacol. 2019;10:361. 

45. Navarro E, Mallen A, Hueso M. Dynamic Variations of 3'UTR Length Reprogram the 

mRNA Regulatory Landscape. Biomedicines. 2021;9(11). 

46. Mayr C. What Are 3' UTRs Doing? Cold Spring Harb Perspect Biol. 2019;11(10). 

47. Boo SH, Kim YK. The emerging role of RNA modifications in the regulation of mRNA 

stability. Exp Mol Med. 2020;52(3):400-408. 

48. Frederick MI, Heinemann IU. Regulation of RNA stability at the 3' end. Biol Chem. 

2021;402(4):425-431. 

49. Jayita Guhaniyogi GB. Regulation of mRNA stability in mammalian cells. Genes 

Cancer. 2001;265. 

50. Bartel DP. Metazoan MicroRNAs. Cell. 2018;173(1):20-51. 

51. Gebert LFR, MacRae IJ. Regulation of microRNA function in animals. Nat Rev Mol Cell 

Biol. 2019;20(1):21-37. 

52. Lin S, Gregory RI. MicroRNA biogenesis pathways in cancer. Nat Rev Cancer. 

2015;15(6):321-333. 

53. van Rooij E, Kauppinen S. Development of microRNA therapeutics is coming of age. 

EMBO Mol Med. 2014;6(7):851-864. 



169 

 

54. van Rooij E, Purcell AL, Levin AA. Developing microRNA therapeutics. Circ Res. 

2012;110(3):496-507. 

55. Christopher AF, Kaur RP, Kaur G, Kaur A, Gupta V, Bansal P. MicroRNA therapeutics: 

Discovering novel targets and developing specific therapy. Perspect Clin Res. 

2016;7(2):68-74. 

56. Damase TR, Sukhovershin R, Boada C, Taraballi F, Pettigrew RI, Cooke JP. The 

Limitless Future of RNA Therapeutics. Front Bioeng Biotechnol. 2021;9:628137. 

57. Neumeier J, Meister G. siRNA Specificity: RNAi Mechanisms and Strategies to Reduce 

Off-Target Effects. Front Plant Sci. 2020;11:526455. 

58. Krichevsky AM, Uhlmann EJ. Oligonucleotide Therapeutics as a New Class of Drugs for 

Malignant Brain Tumors: Targeting mRNAs, Regulatory RNAs, Mutations, 

Combinations, and Beyond. Neurotherapeutics. 2019;16(2):319-347. 

59. Stein NDaCA. Antisense Oligonucleotides: Basic Concepts and Mechanisms. Molecular 

Cancer Therapeutics. 2002;1. 

60. Garzon R, Marcucci G, Croce CM. Targeting microRNAs in cancer: rationale, strategies 

and challenges. Nat Rev Drug Discov. 2010;9(10):775-789. 

61. Housman G, Byler S, Heerboth S, Lapinska K, Longacre M, Snyder N, et al. Drug 

resistance in cancer: an overview. Cancers (Basel). 2014;6(3):1769-1792. 

62. Vasan N, Baselga J, Hyman DM. A view on drug resistance in cancer. Nature. 

2019;575(7782):299-309. 

63. Seo HA, Moeng S, Sim S, Kuh HJ, Choi SY, Park JK. MicroRNA-Based Combinatorial 

Cancer Therapy: Effects of MicroRNAs on the Efficacy of Anti-Cancer Therapies. Cells. 

2019;9(1). 

64. Rupaimoole R, Slack FJ. MicroRNA therapeutics: towards a new era for the management 

of cancer and other diseases. Nat Rev Drug Discov. 2017;16(3):203-222. 

65. Hong DS, Kang YK, Borad M, Sachdev J, Ejadi S, Lim HY, et al. Phase 1 study of 

MRX34, a liposomal miR-34a mimic, in patients with advanced solid tumours. Br J 

Cancer. 2020;122(11):1630-1637. 

66. Ottosen S, Parsley TB, Yang L, Zeh K, van Doorn LJ, van der Veer E, et al. In vitro 

antiviral activity and preclinical and clinical resistance profile of miravirsen, a novel anti-



170 

 

hepatitis C virus therapeutic targeting the human factor miR-122. Antimicrob Agents 

Chemother. 2015;59(1):599-608. 

67. Teplyuk NM, Uhlmann EJ, Gabriely G, Volfovsky N, Wang Y, Teng J, et al. Therapeutic 

potential of targeting microRNA-10b in established intracranial glioblastoma: first steps 

toward the clinic. EMBO Mol Med. 2016;8(3):268-287. 

68. Pekarsky Y, Croce CM. Role of miR-15/16 in CLL. Cell Death Differ. 2015;22(1):6-11. 

69. M JR. Functions and epigenetic aspects of miR-15/16: Possible future cancer 

therapeutics. Gene Reports. 2018;12:149-164. 

70. Peterson SM, Thompson JA, Ufkin ML, Sathyanarayana P, Liaw L, Congdon CB. 

Common features of microRNA target prediction tools. Front Genet. 2014;5:23. 

71. Liu B, Li J, Cairns MJ. Identifying miRNAs, targets and functions. Brief Bioinform. 

2014;15(1):1-19. 

72. Liu W, Wang X. Prediction of functional microRNA targets by integrative modeling of 

microRNA binding and target expression data. Genome Biol. 2019;20(1):18. 

73. Brennecke J, Stark A, Russell RB, Cohen SM. Principles of microRNA-target 

recognition. PLoS Biol. 2005;3(3):e85. 

74. Xun Y, Tang Y, Hu L, Xiao H, Long S, Gong M, et al. Purification and Identification of 

miRNA Target Sites in Genome Using DNA Affinity Precipitation. Front Genet. 

2019;10:778. 

75. Anderson BA, Freestone GC, Low A, De-Hoyos CL, Iii WJD, Ostergaard ME, et al. 

Towards next generation antisense oligonucleotides: mesylphosphoramidate modification 

improves therapeutic index and duration of effect of gapmer antisense oligonucleotides. 

Nucleic Acids Res. 2021;49(16):9026-9041. 

76. MacParland SA, Liu JC, Ma XZ, Innes BT, Bartczak AM, Gage BK, et al. Single cell 

RNA sequencing of human liver reveals distinct intrahepatic macrophage populations. 

Nat Commun. 2018;9(1):4383. 

77. Wang N, Zheng J, Chen Z, Liu Y, Dura B, Kwak M, et al. Single-cell microRNA-mRNA 

co-sequencing reveals non-genetic heterogeneity and mechanisms of microRNA 

regulation. Nat Commun. 2019;10(1):95. 



171 

 

78. Graham RP, Yeh MM, Lam-Himlin D, Roberts LR, Terracciano L, Cruise MW, et al. 

Molecular testing for the clinical diagnosis of fibrolamellar carcinoma. Mod Pathol. 

2018;31(1):141-149. 

79. Ramai D, Ofosu A, Lai JK, Gao ZH, Adler DG. Fibrolamellar Hepatocellular Carcinoma: 

A Population-Based Observational Study. Dig Dis Sci. 2021;66(1):308-314. 

80. Hirsch TZ, Negulescu A, Gupta B, Caruso S, Noblet B, Couchy G, et al. BAP1 mutations 

define a homogeneous subgroup of hepatocellular carcinoma with fibrolamellar-like 

features and activated PKA. J Hepatol. 2020;72(5):924-936. 

81. Torbenson M. Fibrolamellar carcinoma: 2012 update. Scientifica (Cairo). 

2012;2012:743790. 

82. Dinh TA, Utria AF, Barry KC, Ma R, Abou-Alfa GK, Gordan JD, et al. A framework for 

fibrolamellar carcinoma research and clinical trials. Nat Rev Gastroenterol Hepatol. 

2022;19(5):328-342. 

83. Lafaro KJ, Pawlik TM. Fibrolamellar hepatocellular carcinoma: current clinical 

perspectives. J Hepatocell Carcinoma. 2015;2:151-157. 

84. Belur Nagaraj A, Joseph P, Ponting E, Fedorov Y, Singh S, Cole A, et al. A miRNA-

Mediated Approach to Dissect the Complexity of Tumor-Initiating Cell Function and 

Identify miRNA-Targeting Drugs. Stem Cell Reports. 2019;12(1):122-134. 

85. Agarwal VR, Takayama K, Van Wyk JJ, Sasano H, Simpson ER, Bulun SE. Molecular 

Basis of Severe Gynecomastia Associated with Aromatase Expression in a Fibrolamellar 

Hepatocellular Carcinoma1. The Journal of Clinical Endocrinology & Metabolism. 

1998;83(5):1797-1800. 

86. Lemekhova A, Hornuss D, Polychronidis G, Mayer P, Rupp C, Longerich T, et al. 

Clinical features and surgical outcomes of fibrolamellar hepatocellular carcinoma: 

retrospective analysis of a single-center experience. World J Surg Oncol. 2020;18(1):93. 

87. Basile Njei VRK, 1 Ivo Ditah2. Prognosis of Patients With Fibrolamellar Hepatocellular 

Carcinoma Versus Conventional Hepatocellular Carcinoma: A Systematic Review and 

Meta-analysis. Gastrointest Cancer Res. 2014;7 

88. Kastenhuber ER, Lalazar G, Houlihan SL, Tschaharganeh DF, Baslan T, Chen CC, et al. 

DNAJB1-PRKACA fusion kinase interacts with beta-catenin and the liver regenerative 



172 

 

response to drive fibrolamellar hepatocellular carcinoma. Proc Natl Acad Sci U S A. 

2017;114(50):13076-13084. 

89. Engelholm LH, Riaz A, Serra D, Dagnaes-Hansen F, Johansen JV, Santoni-Rugiu E, et 

al. CRISPR/Cas9 Engineering of Adult Mouse Liver Demonstrates That the Dnajb1-

Prkaca Gene Fusion Is Sufficient to Induce Tumors Resembling Fibrolamellar 

Hepatocellular Carcinoma. Gastroenterology. 2017;153(6):1662-1673 e1610. 

90. El Dika I, Bowman AS, Berger MF, Capanu M, Chou JF, Benayed R, et al. Molecular 

profiling and analysis of genetic aberrations aimed at identifying potential therapeutic 

targets in fibrolamellar carcinoma of the liver. Cancer. 2020;126(18):4126-4135. 

91. Averill AM, Rehman HT, Charles JW, Dinh TA, Danyal K, Verschraegen CF, et al. 

Inhibition of the chimeric DnaJ-PKAc enzyme by endogenous inhibitor proteins. J Cell 

Biochem. 2019;120(8):13783-13791. 

92. Lalazar G, Requena D, Ramos-Espiritu L, Ng D, Bhola PD, de Jong YP, et al. 

Identification of Novel Therapeutic Targets for Fibrolamellar Carcinoma Using Patient 

Derived Xenografts and Direct from Patient Screening. Cancer Discov. 2021. 

93. Soberg K, Skalhegg BS. The Molecular Basis for Specificity at the Level of the Protein 

Kinase a Catalytic Subunit. Front Endocrinol (Lausanne). 2018;9:538. 

94. Wong W, Scott JD. AKAP signalling complexes: focal points in space and time. Nat Rev 

Mol Cell Biol. 2004;5(12):959-970. 

95. Ahn SH, Qin S, Zhang JZ, McCammon JA, Zhang J, Zhou HX. Characterizing protein 

kinase A (PKA) subunits as macromolecular regulators of PKA RIalpha liquid-liquid 

phase separation. J Chem Phys. 2021;154(22):221101. 

96. Lu TW, Aoto PC, Weng JH, Nielsen C, Cash JN, Hall J, et al. Structural analyses of the 

PKA RIIbeta holoenzyme containing the oncogenic DnaJB1-PKAc fusion protein reveal 

protomer asymmetry and fusion-induced allosteric perturbations in fibrolamellar 

hepatocellular carcinoma. PLoS Biol. 2020;18(12):e3001018. 

97. Riggle KM, Riehle KJ, Kenerson HL, Turnham R, Homma MK, Kazami M, et al. 

Enhanced cAMP-stimulated protein kinase A activity in human fibrolamellar 

hepatocellular carcinoma. Pediatr Res. 2016;80(1):110-118. 



173 

 

98. Turnham RE, Smith FD, Kenerson HL, Omar MH, Golkowski M, Garcia I, et al. An 

acquired scaffolding function of the DNAJ-PKAc fusion contributes to oncogenic 

signaling in fibrolamellar carcinoma. Elife. 2019;8. 

99. Zhang JZ, Lu TW, Stolerman LM, Tenner B, Yang JR, Zhang JF, et al. Phase Separation 

of a PKA Regulatory Subunit Controls cAMP Compartmentation and Oncogenic 

Signaling. Cell. 2020;182(6):1531-1544 e1515. 

100. Tomasini MD, Wang Y, Karamafrooz A, Li G, Beuming T, Gao J, et al. Conformational 

Landscape of the PRKACA-DNAJB1 Chimeric Kinase, the Driver for Fibrolamellar 

Hepatocellular Carcinoma. Sci Rep. 2018;8(1):720. 

101. Dinh TA, Vitucci EC, Wauthier E, Graham RP, Pitman WA, Oikawa T, et al. 

Comprehensive analysis of The Cancer Genome Atlas reveals a unique gene and non-

coding RNA signature of fibrolamellar carcinoma. Sci Rep. 2017;7:44653. 

102. Simon EP, Freije CA, Farber BA, Lalazar G, Darcy DG, Honeyman JN, et al. 

Transcriptomic characterization of fibrolamellar hepatocellular carcinoma. Proc Natl 

Acad Sci U S A. 2015;112(44):E5916-5925. 

103. Ashley EA. Towards precision medicine. Nat Rev Genet. 2016;17(9):507-522. 

104. Chu T, Rice EJ, Booth GT, Salamanca HH, Wang Z, Core LJ, et al. Chromatin run-on 

and sequencing maps the transcriptional regulatory landscape of glioblastoma 

multiforme. Nat Genet. 2018;50(11):1553-1564. 

105. Maston GA, Evans SK, Green MR. Transcriptional regulatory elements in the human 

genome. Annu Rev Genomics Hum Genet. 2006;7:29-59. 

106. Dinh TA, Sritharan R, Smith FD, Francisco AB, Ma RK, Bunaciu RP, et al. Hotspots of 

Aberrant Enhancer Activity in Fibrolamellar Carcinoma Reveal Candidate Oncogenic 

Pathways and Therapeutic Vulnerabilities. Cell Rep. 2020;31(2):107509. 

107. Pott S, Lieb JD. What are super-enhancers? Nat Genet. 2015;47(1):8-12. 

108. Zhang Y, Xu M, Zhang X, Chu F, Zhou T. MAPK/c-Jun signaling pathway contributes to 

the upregulation of the anti-apoptotic proteins Bcl-2 and Bcl-xL induced by Epstein-Barr 

virus-encoded BARF1 in gastric carcinoma cells. Oncol Lett. 2018;15(5):7537-7544. 

109. Farber BA, Requena D, Bhanot UK, Lalazar G, Simon EP, Hammond WJ, et al. Non 

coding RNA analysis in fibrolamellar hepatocellular carcinoma. Oncotarget. 

2018;9(12):10211-10227. 



174 

 

110. Dinh TA, Jewell ML, Kanke M, Francisco A, Sritharan R, Turnham RE, et al. 

MicroRNA-375 Suppresses the Growth and Invasion of Fibrolamellar Carcinoma. Cell 

Mol Gastroenterol Hepatol. 2019;7(4):803-817. 

111. Yang X, Nanayakkara J, Claypool D, Saghafinia S, Wong JJM, Xu M, et al. A miR-

375/YAP axis regulates neuroendocrine differentiation and tumorigenesis in lung 

carcinoid cells. Sci Rep. 2021;11(1):10455. 

112. Kang W, Huang T, Zhou Y, Zhang J, Lung RWM, Tong JHM, et al. miR-375 is involved 

in Hippo pathway by targeting YAP1/TEAD4-CTGF axis in gastric carcinogenesis. Cell 

Death Dis. 2018;9(2):92. 

113. Yu FX, Zhao B, Guan KL. Hippo Pathway in Organ Size Control, Tissue Homeostasis, 

and Cancer. Cell. 2015;163(4):811-828. 

114. Zhao B, Ye X, Yu J, Li L, Li W, Li S, et al. TEAD mediates YAP-dependent gene 

induction and growth control. Genes Dev. 2008;22(14):1962-1971. 

115. Mychasiuk R, Gibb R, Kolb B. Visualizing the effects of a positive early experience, 

tactile stimulation, on dendritic morphology and synaptic connectivity with Golgi-cox 

staining. J Vis Exp. 2013(79):e50694. 

116. Chen A, Koehler AN. Transcription Factor Inhibition: Lessons Learned and Emerging 

Targets. Trends Mol Med. 2020;26(5):508-518. 

117. Reda El Sayed S, Cristante J, Guyon L, Denis J, Chabre O, Cherradi N. MicroRNA 

Therapeutics in Cancer: Current Advances and Challenges. Cancers (Basel). 

2021;13(11). 

118. Assal RA, El Tayebi HM, Hosny KA, Esmat G, Abdelaziz AI. A pleiotropic effect of the 

single clustered hepatic metastamiRs miR-96-5p and miR-182-5p on insulin-like growth 

factor II, insulin-like growth factor-1 receptor and insulin-like growth factor-binding 

protein-3 in hepatocellular carcinoma. Mol Med Rep. 2015;12(1):645-650. 

119. Yang N, Zhu S, Lv X, Qiao Y, Liu YJ, Chen J. MicroRNAs: Pleiotropic Regulators in the 

Tumor Microenvironment. Front Immunol. 2018;9:2491. 

120. Morishita A, Oura K, Tadokoro T, Fujita K, Tani J, Masaki T. MicroRNAs in the 

Pathogenesis of Hepatocellular Carcinoma: A Review. Cancers (Basel). 2021;13(3). 

121. Li Z, Shen J, Chan MT, Wu WK. The role of microRNAs in intrahepatic 

cholangiocarcinoma. J Cell Mol Med. 2017;21(1):177-184. 



175 

 

122. Wang N, Wang Q, Shen D, Sun X, Cao X, Wu D. Downregulation of microRNA-122 

promotes proliferation, migration, and invasion of human hepatocellular carcinoma cells 

by activating epithelial-mesenchymal transition. Onco Targets Ther. 2016;9:2035-2047. 

123. Shi T, Morishita A, Kobara H, Masaki T. The Role of microRNAs in 

Cholangiocarcinoma. Int J Mol Sci. 2021;22(14). 

124. JUNYU CAO LS, JiE Li, CANCAN ZhOU, LiANG ChENG, kE ChEN, BiN YAN, 

WEikUN QiAN, QiNGYONG MA and WANxiNG DUAN. A novel three‑miRNA 

signature predicts survival in cholangiocarcinoma based on RNA‑Seq data. ONCOLOGY 

REPORTS. 2018;40:1422-1434. 

125. Ivanovska I, Cleary MA. Combinatorial microRNAs: working together to make a 

difference. Cell Cycle. 2008;7(20):3137-3142. 

126. Kasinski AL, Kelnar K, Stahlhut C, Orellana E, Zhao J, Shimer E, et al. A combinatorial 

microRNA therapeutics approach to suppressing non-small cell lung cancer. Oncogene. 

2015;34(27):3547-3555. 

127. Graham RP, Craig JR, Jin L, Oliveira AM, Bergquist JR, Truty MJ, et al. Environmental 

exposures as a risk factor for fibrolamellar carcinoma. Mod Pathol. 2017;30(6):892-896. 

128. Kassahun WT. Contemporary management of fibrolamellar hepatocellular carcinoma: 

diagnosis, treatment, outcome, prognostic factors, and recent developments. World J Surg 

Oncol. 2016;14(1):151. 

129. Mayo SC, Mavros MN, Nathan H, Cosgrove D, Herman JM, Kamel I, et al. Treatment 

and prognosis of patients with fibrolamellar hepatocellular carcinoma: a national 

perspective. J Am Coll Surg. 2014;218(2):196-205. 

130. Eggert T, McGlynn KA, Duffy A, Manns MP, Greten TF, Altekruse SF. Epidemiology of 

fibrolamellar hepatocellular carcinoma in the USA, 2000-10. Gut. 2013;62(11):1667-

1668. 

131. Yamashita S, Vauthey JN, Kaseb AO, Aloia TA, Conrad C, Hassan MM, et al. Prognosis 

of Fibrolamellar Carcinoma Compared to Non-cirrhotic Conventional Hepatocellular 

Carcinoma. J Gastrointest Surg. 2016;20(10):1725-1731. 

132. Ang CS, Kelley, R.K., Choti, M.A., Cosgrove, D.P., Chou, J.F., Klimstra, D., Torbenson, 

M.S., Ferrell, L., Pawlik, T.M., Fong, Y., O’Reilly, E.M., Ma, J., McGuire, J., Vallarapu, 

G.P., Griffin, A., Stipa, F., Capanu, M., DeMatteo, R.P., Venook, A.P., Abou-Alfa, G.K. 



176 

 

Clinicopathologic Characteristics and Survival Outcomes of Patients With Fibrolamellar 

Carcinoma: Data From the Fibrolamellar Carcinoma Consortium. Gastrointest Cancer 

Res. 2013;6:3-9. 

133. Xu L, Hazard FK, Zmoos AF, Jahchan N, Chaib H, Garfin PM, et al. Genomic analysis 

of fibrolamellar hepatocellular carcinoma. Hum Mol Genet. 2015;24(1):50-63. 

134. Cornella H, Alsinet C, Sayols S, Zhang Z, Hao K, Cabellos L, et al. Unique genomic 

profile of fibrolamellar hepatocellular carcinoma. Gastroenterology. 2015;148(4):806-

818 e810. 

135. Bockus LB, Humphries KM. cAMP-dependent Protein Kinase (PKA) Signaling Is 

Impaired in the Diabetic Heart. J Biol Chem. 2015;290(49):29250-29258. 

136. Colombe AS, Pidoux G. Cardiac cAMP-PKA Signaling Compartmentalization in 

Myocardial Infarction. Cells. 2021;10(4). 

137. Saad NS, Elnakish MT, Ahmed AAE, Janssen PML. Protein Kinase A as a Promising 

Target for Heart Failure Drug Development. Arch Med Res. 2018;49(8):530-537. 

138. Sorenson EC, Khanin R, Bamboat ZM, Cavnar MJ, Kim TS, Sadot E, et al. Genome and 

transcriptome profiling of fibrolamellar hepatocellular carcinoma demonstrates p53 and 

IGF2BP1 dysregulation. PLoS One. 2017;12(5):e0176562. 

139. Lv XB, Liu L, Cheng C, Yu B, Xiong L, Hu K, et al. SUN2 exerts tumor suppressor 

functions by suppressing the Warburg effect in lung cancer. Sci Rep. 2015;5:17940. 

140. Kuo KK, Hsiao PJ, Chang WT, Chuang SC, Yang YH, Wuputra K, et al. Therapeutic 

Strategies Targeting Tumor Suppressor Genes in Pancreatic Cancer. Cancers (Basel). 

2021;13(15). 

141. Kennedy RD, Chen CC, Stuckert P, Archila EM, De la Vega MA, Moreau LA, et al. 

Fanconi anemia pathway-deficient tumor cells are hypersensitive to inhibition of ataxia 

telangiectasia mutated. J Clin Invest. 2007;117(5):1440-1449. 

142. Hirano S, Yamamoto K, Ishiai M, Yamazoe M, Seki M, Matsushita N, et al. Functional 

relationships of FANCC to homologous recombination, translesion synthesis, and BLM. 

EMBO J. 2005;24(2):418-427. 

143. Chen X, Chen Y, Huang HM, Li HD, Bu FT, Pan XY, et al. SUN2: A potential 

therapeutic target in cancer. Oncol Lett. 2019;17(2):1401-1408. 



177 

 

144. Cheng Y. YC, Li X., Wang X., Chen J., Wang Z. and Xu B. Loss of Sun2 promotes the 

progression of prostate cancer by regulating fatty acid oxidation. Oncotarget. 

2017;8(52):89620-89630. 

145. Chen Z, Wang Z, Guo W, Zhang Z, Zhao F, Zhao Y, et al. TRIM35 Interacts with 

pyruvate kinase isoform M2 to suppress the Warburg effect and tumorigenicity in 

hepatocellular carcinoma. Oncogene. 2015;34(30):3946-3956. 

146. Yao L, Zhou Y, Sui Z, Zhang Y, Liu Y, Xie H, et al. HBV-encoded miR-2 functions as 

an oncogene by downregulating TRIM35 but upregulating RAN in liver cancer cells. 

EBioMedicine. 2019;48:117-129. 

147. Kanke M, Baran-Gale J, Villanueva J, Sethupathy P. miRquant 2.0: an Expanded Tool 

for Accurate Annotation and Quantification of MicroRNAs and their isomiRs from Small 

RNA-Sequencing Data. J Integr Bioinform. 2016;13(5):307. 

148. Thomson JM, Newman M, Parker JS, Morin-Kensicki EM, Wright T, Hammond SM. 

Extensive post-transcriptional regulation of microRNAs and its implications for cancer. 

Genes Dev. 2006;20(16):2202-2207. 

149. Li QJ, Zhou L, Yang F, Wang GX, Zheng H, Wang DS, et al. MicroRNA-10b promotes 

migration and invasion through CADM1 in human hepatocellular carcinoma cells. 

Tumour Biol. 2012;33(5):1455-1465. 

150. Datar I, Kalpana G, Choi J, Basuroy T, Trumbly R, Chaitanya Arudra SK, et al. Critical 

role of miR-10b in B-RafV600E dependent anchorage independent growth and invasion 

of melanoma cells. PLoS One. 2019;14(4):e0204387. 

151. Sheedy P, Medarova, Z. The fundamental role of miR-10b in metastatic cancer. Am J 

Cancer Res. 2018;8(9):1674-1688. 

152. Yu X, Elfimova N, Muller M, Bachurski D, Koitzsch U, Drebber U, et al. Autophagy-

Related Activation of Hepatic Stellate Cells Reduces Cellular miR-29a by Promoting Its 

Vesicular Secretion. Cell Mol Gastroenterol Hepatol. 2022;13(6):1701-1716. 

153. Grant CE, Bailey TL, Noble WS. FIMO: scanning for occurrences of a given motif. 

Bioinformatics. 2011;27(7):1017-1018. 

154. Castro-Mondragon JA, Riudavets-Puig R, Rauluseviciute I, Berhanu Lemma R, Turchi L, 

Blanc-Mathieu R, et al. JASPAR 2022: the 9th release of the open-access database of 

transcription factor binding profiles. Nucleic Acids Res. 2022;50(D1):D165-D173. 



178 

 

155. Kim SS, Kycia I, Karski M, Ma RK, Bordt EA, Kwan J, et al. DNAJB1-PRKACA in 

HEK293T cells induces LINC00473 overexpression that depends on PKA signaling. 

2021. 

156. Vyas M, Hechtman JF, Zhang Y, Benayed R, Yavas A, Askan G, et al. DNAJB1-

PRKACA fusions occur in oncocytic pancreatic and biliary neoplasms and are not 

specific for fibrolamellar hepatocellular carcinoma. Mod Pathol. 2020;33(4):648-656. 

157. Baran-Gale J, Fannin EE, Kurtz CL, Sethupathy P. Beta cell 5'-shifted isomiRs are 

candidate regulatory hubs in type 2 diabetes. PLoS One. 2013;8(9):e73240. 

158. Ni J, Wen X, Yao J, Chang HC, Yin Y, Zhang M, et al. Tocopherol-associated protein 

suppresses prostate cancer cell growth by inhibition of the phosphoinositide 3-kinase 

pathway. Cancer Res. 2005;65(21):9807-9816. 

159. Lomberk G, Mathison AJ, Grzenda A, Seo S, DeMars CJ, Rizvi S, et al. Sequence-

specific recruitment of heterochromatin protein 1 via interaction with Kruppel-like factor 

11, a human transcription factor involved in tumor suppression and metabolic diseases. J 

Biol Chem. 2012;287(16):13026-13039. 

160. Yihan L, Xiaojing W, Ao L, Chuanjie Z, Haofei W, Yan S, et al. SIRT5 functions as a 

tumor suppressor in renal cell carcinoma by reversing the Warburg effect. J Transl Med. 

2021;19(1):521. 

161. Hu T, Shukla SK, Vernucci E, He C, Wang D, King RJ, et al. Metabolic Rewiring by 

Loss of Sirt5 Promotes Kras-Induced Pancreatic Cancer Progression. Gastroenterology. 

2021;161(5):1584-1600. 

162. Zhu XG, Chudnovskiy A, Baudrier L, Prizer B, Liu Y, Ostendorf BN, et al. Functional 

Genomics In Vivo Reveal Metabolic Dependencies of Pancreatic Cancer Cells. Cell 

Metab. 2021;33(1):211-221 e216. 

163. Bourguignon LY, Wong G, Earle C, Krueger K, Spevak CC. Hyaluronan-CD44 

interaction promotes c-Src-mediated twist signaling, microRNA-10b expression, and 

RhoA/RhoC up-regulation, leading to Rho-kinase-associated cytoskeleton activation and 

breast tumor cell invasion. J Biol Chem. 2010;285(47):36721-36735. 

164. Abdelmaksoud-Dammak R, Chamtouri N, Triki M, Saadallah-Kallel A, Ayadi W, Charfi 

S, et al. Overexpression of miR-10b in colorectal cancer patients: Correlation with 

TWIST-1 and E-cadherin expression. Tumour Biol. 2017;39(3):1010428317695916. 



179 

 

165. Pattabiraman DR, Bierie B, Kober KI, Thiru P, Krall JA, Zill C, et al. Activation of PKA 

leads to mesenchymal-to-epithelial transition and loss of tumor-initiating ability. Science. 

2016;351(6277):aad3680. 

166. Firull AB, Conway, S.J. Phosphoregulation of Twist1 Provides a Mechanism of Cell Fate 

Control. Current Medicinal Chemistry. 2008,;15:2641-2647. 

167. Abba M, Patil N, Rasheed K, Nelson LD, Mudduluru G, Leupold JH, et al. Unraveling 

the role of FOXQ1 in colorectal cancer metastasis. Mol Cancer Res. 2013;11(9):1017-

1028. 

168. Jia Yun Liu XYW, Guan Nan Wu, Fu-Kun Liu, Xue-Quan Yao. FOXQ1 promotes 

cancer metastasis by PI3K/AKT signaling regulation in colorectal carcinoma. Am J 

Transl Res. 2017;9:2207-2218. 

169. Bahena-Ocampo I, Espinosa M, Ceballos-Cancino G, Lizarraga F, Campos-Arroyo D, 

Schwarz A, et al. miR-10b expression in breast cancer stem cells supports self-renewal 

through negative PTEN regulation and sustained AKT activation. EMBO Rep. 

2016;17(5):648-658. 

170. Liu J, Zhang J, Li Y, Wang L, Sui B, Dai D. MiR-455-5p acts as a novel tumor 

suppressor in gastric cancer by down-regulating RAB18. Gene. 2016;592(2):308-315. 

171. Zhan T, Zhu Q, Han Z, Tan J, Liu M, Liu W, et al. miR-455-3p Functions as a Tumor 

Suppressor by Restraining Wnt/beta-Catenin Signaling via TAZ in Pancreatic Cancer. 

Cancer Manag Res. 2020;12:1483-1492. 

172. Zhao Y, Yan M, Yun Y, Zhang J, Zhang R, Li Y, et al. MicroRNA-455-3p functions as a 

tumor suppressor by targeting eIF4E in prostate cancer. Oncol Rep. 2017;37(4):2449-

2458. 

173. Zhan T, Huang X, Tian X, Chen X, Ding Y, Luo H, et al. Downregulation of MicroRNA-

455-3p Links to Proliferation and Drug Resistance of Pancreatic Cancer Cells via 

Targeting TAZ. Mol Ther Nucleic Acids. 2018;10:215-226. 

174. Pickup MW, Mouw JK, Weaver VM. The extracellular matrix modulates the hallmarks 

of cancer. EMBO Rep. 2014;15(12):1243-1253. 

175. Graham RP, Jin L, Knutson DL, Kloft-Nelson SM, Greipp PT, Waldburger N, et al. 

DNAJB1-PRKACA is specific for fibrolamellar carcinoma. Mod Pathol. 2015;28(6):822-

829. 



180 

 

176. Vitale D, Kumar Katakam S, Greve B, Jang B, Oh ES, Alaniz L, et al. Proteoglycans and 

glycosaminoglycans as regulators of cancer stem cell function and therapeutic resistance. 

FEBS J. 2019;286(15):2870-2882. 

177. Walker C, Mojares E, Del Rio Hernandez A. Role of Extracellular Matrix in 

Development and Cancer Progression. Int J Mol Sci. 2018;19(10). 

178. Brassart-Pasco S, Brezillon S, Brassart B, Ramont L, Oudart JB, Monboisse JC. Tumor 

Microenvironment: Extracellular Matrix Alterations Influence Tumor Progression. Front 

Oncol. 2020;10:397. 

179. Elgundi Z, Papanicolaou M, Major G, Cox TR, Melrose J, Whitelock JM, et al. Cancer 

Metastasis: The Role of the Extracellular Matrix and the Heparan Sulfate Proteoglycan 

Perlecan. Front Oncol. 2019;9:1482. 

180. Iozzo RV, Sanderson RD. Proteoglycans in cancer biology, tumour microenvironment 

and angiogenesis. J Cell Mol Med. 2011;15(5):1013-1031. 

181. Nallanthighal S, Heiserman JP, Cheon DJ. The Role of the Extracellular Matrix in Cancer 

Stemness. Front Cell Dev Biol. 2019;7:86. 

182. Pomin VH, Mulloy B. Glycosaminoglycans and Proteoglycans. Pharmaceuticals (Basel). 

2018;11(1). 

183. Li JP, Kusche-Gullberg M. Heparan Sulfate: Biosynthesis, Structure, and Function. Int 

Rev Cell Mol Biol. 2016;325:215-273. 

184. Mikami T, Kitagawa H. Biosynthesis and function of chondroitin sulfate. Biochim 

Biophys Acta. 2013;1830(10):4719-4733. 

185. Sathyan S, Koshy LV, Balan S, Easwer HV, Premkumar S, Nair S, et al. Association of 

Versican (VCAN) gene polymorphisms rs251124 and rs2287926 (G428D), with 

intracranial aneurysm. Meta Gene. 2014;2:651-660. 

186. Kloeckener-Gruissem B, Neidhardt J, Magyar I, Plauchu H, Zech JC, Morle L, et al. 

Novel VCAN mutations and evidence for unbalanced alternative splicing in the 

pathogenesis of Wagner syndrome. Eur J Hum Genet. 2013;21(3):352-356. 

187. Stopschinski BE, Holmes BB, Miller GM, Manon VA, Vaquer-Alicea J, Prueitt WL, et 

al. Specific glycosaminoglycan chain length and sulfation patterns are required for cell 

uptake of tau versus alpha-synuclein and beta-amyloid aggregates. J Biol Chem. 

2018;293(27):10826-10840. 



181 

 

188. Isabelle R. Cohen ADMd, Michael K Naso, Dario Marchetti, David Berd, and Renato V. 

Iozzo. Abnormal Expression of Perlecan Proteoglycan in Metastatic Melanomas. Cancer 

Research. 1994;54:5771-5577. 

189. Jiang X, Multhaupt H, Chan E, Schaefer L, Schaefer RM, Couchman JR. Essential 

contribution of tumor-derived perlecan to epidermal tumor growth and angiogenesis. J 

Histochem Cytochem. 2004;52(12):1575-1590. 

190. Guelstien VI, Tchypysheva TA, Ermilova VD, AV L. Myoepithelial and basement 

membrane antigens in benign and malignant human breast tumors. International Journal 

of Cancer. 1993;53:269-277  

191. Kalscheuer S, Khanna V, Kim H, Li S, Sachdev D, DeCarlo A, et al. Discovery of 

HSPG2 (Perlecan) as a Therapeutic Target in Triple Negative Breast Cancer. Sci Rep. 

2019;9(1):12492. 

192. Kazanskaya GM, Tsidulko AY, Volkov AM, Kiselev RS, Suhovskih AV, Kobozev VV, 

et al. Heparan sulfate accumulation and perlecan/HSPG2 up-regulation in tumour tissue 

predict low relapse-free survival for patients with glioblastoma. Histochem Cell Biol. 

2018;149(3):235-244. 

193. Sharma B, Handler M, Eichstetter I, Whitelock JM, Nugent MA, Iozzo RV. Antisense 

targeting of perlecan blocks tumor growth and angiogenesis in vivo. J Clin Invest. 

1998;102(8):1599-1608. 

194. Zhangyuan G, Wang F, Zhang H, Jiang R, Tao X, Yu D, et al. VersicanV1 promotes 

proliferation and metastasis of hepatocellular carcinoma through the activation of EGFR-

PI3K-AKT pathway. Oncogene. 2020;39(6):1213-1230. 

195. Tanaka Y, Tateishi R, Koike K. Proteoglycans Are Attractive Biomarkers and 

Therapeutic Targets in Hepatocellular Carcinoma. Int J Mol Sci. 2018;19(10). 

196. Gotting C, Kuhn J, Kleesiek K. Human xylosyltransferases in health and disease. Cell 

Mol Life Sci. 2007;64(12):1498-1517. 

197. Pradman K. Qasba BR, and Elizabeth Boeggeman. Structure and Function of β-1,4-

Galactosyltransferase. Current Drug Targets. 2008;9(4):292–309. 

198. Shimoda Y, Tajima Y, Nagase T, Harii K, Osumi N, Sanai Y. Cloning and expression of 

a novel galactoside beta1, 3-glucuronyltransferase involved in the biosynthesis of HNK-1 

epitope. J Biol Chem. 1999;274(24):17115-17122. 



182 

 

199. Sheng J, Liu R, Xu Y, Liu J. The dominating role of N-deacetylase/N-sulfotransferase 1 

in forming domain structures in heparan sulfate. J Biol Chem. 2011;286(22):19768-

19776. 

200. Izumikawa T, Koike T, Shiozawa S, Sugahara K, Tamura J, Kitagawa H. Identification 

of chondroitin sulfate glucuronyltransferase as chondroitin synthase-3 involved in 

chondroitin polymerization: chondroitin polymerization is achieved by multiple enzyme 

complexes consisting of chondroitin synthase family members. J Biol Chem. 

2008;283(17):11396-11406. 

201. Igarashi M, Takeuchi K, Sugiyama S. Roles of CSGalNAcT1, a key enzyme in regulation 

of CS synthesis, in neuronal regeneration and plasticity. Neurochem Int. 2018;119:77-83. 

202. Cusanovich DA, Daza R, Adey A, Pliner HA, Christiansen L, KL G, et al. Multiplex 

single-cell profiling of chromatin accessibility by combinatorial cellular indexing. 

Science. 2015;348(6237):910-914. 

203. Granja JM, Corces MR, Pierce SE, Bagdatli ST, Choudhry H, Chang HY, et al. ArchR is 

a scalable software package for integrative single-cell chromatin accessibility analysis. 

Nat Genet. 2021;53(3):403-411. 

204. Zhou H, Li Y, Song X, Zhao Y, Cheng L, Zhao L, et al. CHST11/13 Regulate the 

Metastasis and Chemosensitivity of Human Hepatocellular Carcinoma Cells Via 

Mitogen-Activated Protein Kinase Pathway. Dig Dis Sci. 2016;61(7):1972-1985. 

205. Nadanaka S, Kinouchi H, Taniguchi-Morita K, Tamura J, Kitagawa H. Down-regulation 

of chondroitin 4-O-sulfotransferase-1 by Wnt signaling triggers diffusion of Wnt-3a. J 

Biol Chem. 2011;286(6):4199-4208. 

206. Duan X YJ, Jiang B, Duan W, Wei R, Zhang H, Mao X. Identification of chondroitin 

polymerizing factor (CHPF) as tumor promotor in cholangiocarcinoma through 

regulating cell proliferation, cell apoptosis and cell migration. Cell Cycle. 2021;20(5-

6):591-602. 

207. Zeng L, Qian J, Luo X, Zhou A, Zhang Z, Fang Q. CHSY1 promoted proliferation and 

suppressed apoptosis in colorectal cancer through regulation of the NFkappaB and/or 

caspase-3/7 signaling pathway. Oncol Lett. 2018;16(5):6140-6146. 



183 

 

208. Liu CH, Lan CT, Chou JF, Tseng TJ, Liao WC. CHSY1 promotes aggressive phenotypes 

of hepatocellular carcinoma cells via activation of the hedgehog signaling pathway. 

Cancer Lett. 2017;403:280-288. 

209. Jewell ML, Gibson JR, Guy CD, Hyun J, Du K, Oh SH, et al. Single-Cell RNA 

Sequencing Identifies Yes-Associated Protein 1-Dependent Hepatic Mesothelial 

Progenitors in Fibrolamellar Carcinoma. Am J Pathol. 2020;190(1):93-107. 

210. Yin C, Evason KJ, Asahina K, Stainier DY. Hepatic stellate cells in liver development, 

regeneration, and cancer. J Clin Invest. 2013;123(5):1902-1910. 

211. Friedman SL. Hepatic stellate cells: protean, multifunctional, and enigmatic cells of the 

liver. Physiol Rev. 2008;88(1):125-172. 

212. Sherman MH. Stellate Cells in Tissue Repair, Inflammation, and Cancer. Annu Rev Cell 

Dev Biol. 2018;34:333-355. 

213. Sanz-García C, Fernández-Iglesias A, Gracia-Sancho J, Arráez-Aybar LA, Nevzorova 

YA, Cubero FJ. The Space of Disse: The Liver Hub in Health and Disease. Livers. 

2021;1(1):3-26. 

214. Wight TN, Kang I, Evanko SP, Harten IA, Chang MY, Pearce OMT, et al. Versican-A 

Critical Extracellular Matrix Regulator of Immunity and Inflammation. Front Immunol. 

2020;11:512. 

215. Song Y, Zhang F, Linhardt RJ. Analysis of the Glycosaminoglycan Chains of 

Proteoglycans. J Histochem Cytochem. 2021;69(2):121-135. 

216. Barry AE, Baldeosingh R, Lamm R, Patel K, Zhang K, Dominguez DA, et al. Hepatic 

Stellate Cells and Hepatocarcinogenesis. Front Cell Dev Biol. 2020;8:709. 

217. Szatmari T, Otvos R, Hjerpe A, Dobra K. Syndecan-1 in Cancer: Implications for Cell 

Signaling, Differentiation, and Prognostication. Dis Markers. 2015;2015:796052. 

218. Regos E, Karaszi K, Reszegi A, Kiss A, Schaff Z, Baghy K, et al. Syndecan-1 in Liver 

Diseases. Pathol Oncol Res. 2020;26(2):813-819. 

219. Onyeisi JOS, Lopes CC, Gotte M. Syndecan-4 as a Pathogenesis Factor and Therapeutic 

Target in Cancer. Biomolecules. 2021;11(4). 

220. Couchman JR. Syndecans: proteoglycan regulators of cell-surface microdomains? Nat 

Rev Mol Cell Biol. 2003;4(12):926-937. 



184 

 

221. Fu Y, Urban DJ, Nani RR, Zhang YF, Li N, Fu H, et al. Glypican-3-Specific Antibody 

Drug Conjugates Targeting Hepatocellular Carcinoma. Hepatology. 2019;70(2):563-576. 

222. Filmus J, Capurro M, Rast J. Glypicans. Genome Biol. 2008;9(5):224. 

223. Li N, Gao W, Zhang YF, Ho M. Glypicans as Cancer Therapeutic Targets. Trends 

Cancer. 2018;4(11):741-754. 

224. Ramani VC, Purushothaman A, Stewart MD, Thompson CA, Vlodavsky I, Au JL, et al. 

The heparanase/syndecan-1 axis in cancer: mechanisms and therapies. FEBS J. 

2013;280(10):2294-2306. 

225. Jing CY, Fu YP, Zhou C, Zhang MX, Yi Y, Huang JL, et al. Hepatic stellate cells 

promote intrahepatic cholangiocarcinoma progression via NR4A2/osteopontin/Wnt 

signaling axis. Oncogene. 2021;40(16):2910-2922. 

226. Bukong TN, Maurice SB, Chahal B, Schaeffer DF, Winwood PJ. Versican: a novel 

modulator of hepatic fibrosis. Lab Invest. 2016;96(3):361-374. 

227. Dhar D, Antonucci L, Nakagawa H, Kim JY, Glitzner E, Caruso S, et al. Liver Cancer 

Initiation Requires p53 Inhibition by CD44-Enhanced Growth Factor Signaling. Cancer 

Cell. 2018;33(6):1061-1077 e1066. 

228. Xia L, Huang W, Tian D, Zhang L, Qi X, Chen Z, et al. Forkhead box Q1 promotes 

hepatocellular carcinoma metastasis by transactivating ZEB2 and VersicanV1 expression. 

Hepatology. 2014;59(3):958-973. 

229. Francisco AB, Kanke M, Massa AP, Dinh TA, Sritharan R, Vakili K, et al. Multi-omic 

analysis of microRNA-mediated regulation reveals a proliferative axis involving miR-

10b in fibrolamellar carcinoma. JCI Insight. 2022. 

230. Palm V, Sheng R, Mayer P, Weiss KH, Springfeld C, Mehrabi A, et al. Imaging features 

of fibrolamellar hepatocellular carcinoma in gadoxetic acid-enhanced MRI. Cancer 

Imaging. 2018;18(1):9. 

231. Martin M. Cutadapt removes adapter sequences from high-throughput sequencing reads. 

EMBnetjournal. 2011;17(1):10-12. 

232. Smith TH, A; Sudbery, I  UMI-tools: modeling sequencing errors in Unique Molecular 

Identifiers to improve quantification accuracy Genome Research. 2017;27:491-499. 

233. Li H. Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. 

Arxiv. 2013;00:1-3. 



185 

 

234. Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard MO, et al. Twelve years 

of SAMtools and BCFtools. Gigascience. 2021;10(2). 

235. Li H. Tabix: fast retrieval of sequence features from generic TAB-delimited files. 

Bioinformatics. 2011;27(5):718-719. 

236. Li J, Sparkenbaugh EM, Su G, Zhang F, Xu Y, Xia K, et al. Enzymatic Synthesis of 

Chondroitin Sulfate E to Attenuate Bacteria Lipopolysaccharide-Induced Organ Damage. 

ACS Cent Sci. 2020;6(7):1199-1207. 

237. Li J, Su G, Liu J. Enzymatic Synthesis of Homogeneous Chondroitin Sulfate 

Oligosaccharides. Angew Chem Int Ed Engl. 2017;56(39):11784-11787. 

238. Xu Y, Chandarajoti K, Zhang X, Pagadala V, Dou W, Hoppensteadt DM, et al. Synthetic 

oligosaccharides can replace animal-sourced low-molecular weight heparins. Sci Transl 

Med. 2017;9(406). 

239. Zhang X, Han X, Xia K, Xu Y, Yang Y, Oshima K, et al. Circulating heparin 

oligosaccharides rapidly target the hippocampus in sepsis, potentially impacting cognitive 

functions. Proc Natl Acad Sci U S A. 2019;116(19):9208-9213. 

240. Wang Z, Arnold K, Xu Y, Pagadala V, Su G, Myatt H, et al. Quantitative analysis of 

heparan sulfate using isotopically labeled calibrants. Commun Biol. 2020;3(1):425. 

241. Chang TC, Pertea M, Lee S, Salzberg SL, Mendell JT. Genome-wide annotation of 

microRNA primary transcript structures reveals novel regulatory mechanisms. Genome 

Res. 2015;25(9):1401-1409. 

242. Wang S, Talukder A, Cha M, Li X, Hu H. Computational annotation of miRNA 

transcription start sites. Brief Bioinform. 2021;22(1):380-392. 

243. Luo Q, Wang CQ, Yang LY, Gao XM, Sun HT, Zhang Y, et al. FOXQ1/NDRG1 axis 

exacerbates hepatocellular carcinoma initiation via enhancing crosstalk between 

fibroblasts and tumor cells. Cancer Lett. 2018;417:21-34. 

244. Christensen J, Bentz S, Sengstag T, Shastri VP, Anderle P. FOXQ1, a novel target of the 

Wnt pathway and a new marker for activation of Wnt signaling in solid tumors. PLoS 

One. 2013;8(3):e60051. 

245. Wang P, Lv C, Zhang T, Liu J, Yang J, Guan F, et al. FOXQ1 regulates senescence-

associated inflammation via activation of SIRT1 expression. Cell Death Dis. 

2017;8(7):e2946. 



186 

 

246. Xiang L, Zheng J, Zhang M, Ai T, Cai B. FOXQ1 promotes the osteogenic 

differentiation of bone mesenchymal stem cells via Wnt/beta-catenin signaling by 

binding with ANXA2. Stem Cell Res Ther. 2020;11(1):403. 

247. Peng X, Luo Z, Kang Q, Deng D, Wang Q, Peng H, et al. FOXQ1 mediates the crosstalk 

between TGF-beta and Wnt signaling pathways in the progression of colorectal cancer. 

Cancer Biol Ther. 2015;16(7):1099-1109. 

248. Zhu Z, Zhu Z, Pang Z, Xing Y, Wan F, Lan D, et al. Short hairpin RNA targeting 

FOXQ1 inhibits invasion and metastasis via the reversal of epithelial-mesenchymal 

transition in bladder cancer. Int J Oncol. 2013;42(4):1271-1278. 

249. Wang C, Zhu G, Yu M, Mi X, Qu H. miR-455 Inhibits the Viability and Invasion by 

Targeting RAB18 in Hepatocellular Carcinoma. J Oncol. 2021;2021:9923454. 

250. Kai F, Drain AP, Weaver VM. The Extracellular Matrix Modulates the Metastatic 

Journey. Dev Cell. 2019;49(3):332-346. 

251. Mancini ML, Sonis ST. Mechanisms of cellular fibrosis associated with cancer regimen-

related toxicities. Front Pharmacol. 2014;5:51. 

252. Karamanos NK, Piperigkou Z, Passi A, Gotte M, Rousselle P, Vlodavsky I. Extracellular 

matrix-based cancer targeting. Trends Mol Med. 2021;27(10):1000-1013. 

253. Kim PK, Halbrook CJ, Kerk SA, Radyk M, Wisner S, Kremer DM, et al. Hyaluronic acid 

fuels pancreatic cancer cell growth. Elife. 2021;10. 

254. Wu W, Chen L, Wang Y, Jin J, Xie X, Zhang J. Hyaluronic acid predicts poor prognosis 

in breast cancer patients: A protocol for systematic review and meta analysis. Medicine 

(Baltimore). 2020;99(22):e20438. 

255. Buenrostro JD, Wu B, Chang HY, Greenleaf WJ. ATAC-seq: A Method for Assaying 

Chromatin Accessibility Genome-Wide. Curr Protoc Mol Biol. 2015;109:21 29 21-21 29 

29. 

256. Grandi FC, Modi H, Kampman L, Corces MR. Chromatin accessibility profiling by 

ATAC-seq. Nat Protoc. 2022. 

257. Maria Tsompana1 and Michael J Buck1. Chromatin accessibility: a window into the 

genome. Epigenetics & Chromatin. 2014. 



187 

 

258. Ramnath D, Irvine KM, Lukowski SW, Horsfall LU, Loh Z, Clouston AD, et al. Hepatic 

expression profiling identifies steatosis-independent and steatosis-driven advanced 

fibrosis genes. JCI Insight. 2018;3(14). 

259. Chan YT, Wang N, Tan HY, Li S, Feng Y. Targeting Hepatic Stellate Cells for the 

Treatment of Liver Fibrosis by Natural Products: Is It the Dawning of a New Era? Front 

Pharmacol. 2020;11:548. 

260. Chen D, Du Y, Llewellyn J, Bonna A, Zuo B, Janmey PA, et al. Versican binds collagen 

via its G3 domain and regulates the organization and mechanics of collagenous matrices. 

2022. 

261. Islam S, Watanabe H. Versican: A Dynamic Regulator of the Extracellular Matrix. J 

Histochem Cytochem. 2020;68(11):763-775. 

262. Andersson-Sjoland A, Hallgren O, Rolandsson S, Weitoft M, Tykesson E, Larsson-

Callerfelt AK, et al. Versican in inflammation and tissue remodeling: the impact on lung 

disorders. Glycobiology. 2015;25(3):243-251. 

263. Chen Z, Zhang N, Chu HY, Yu Y, Zhang ZK, Zhang G, et al. Connective Tissue Growth 

Factor: From Molecular Understandings to Drug Discovery. Front Cell Dev Biol. 

2020;8:593269. 

264. Benito-Arenas R, Zárate S, Revuelta J, Bastida A. Chondroitin Sulfate-Degrading 

Enzymes as Tools for the Development of New Pharmaceuticals. Catalysts. 2019;9(4). 

265. Melis M, Tang XH, Trasino SE, Gudas LJ. Retinoids in the Pathogenesis and Treatment 

of Liver Diseases. Nutrients. 2022;14(7). 

266. Lim YC, Kang HJ, Kim YS, Choi EC. All-trans-retinoic acid inhibits growth of head and 

neck cancer stem cells by suppression of Wnt/beta-catenin pathway. Eur J Cancer. 

2012;48(17):3310-3318. 

267. Wang SS, Tang XT, Lin M, Yuan J, Peng YJ, Yin X, et al. Perivenous Stellate Cells Are 

the Main Source of Myofibroblasts and Cancer-Associated Fibroblasts Formed After 

Chronic Liver Injuries. Hepatology. 2021;74(3):1578-1594. 

268. Hwang B, Lee JH, Bang D. Single-cell RNA sequencing technologies and bioinformatics 

pipelines. Exp Mol Med. 2018;50(8):1-14. 



188 

 

269. Smith AK, Xu Y, Ropella GEP, Hunt CA. A Model Mechanism-Based Explanation of an 

In Vitro-In Vivo Disconnect for Improving Extrapolation and Translation. J Pharmacol 

Exp Ther. 2018;365(1):127-138. 

270. Vidigal JA, Ventura A. The biological functions of miRNAs: lessons from in vivo 

studies. Trends Cell Biol. 2015;25(3):137-147. 

271. Cursons J, Pillman KA, Scheer KG, Gregory PA, Foroutan M, Hediyeh-Zadeh S, et al. 

Combinatorial Targeting by MicroRNAs Co-ordinates Post-transcriptional Control of 

EMT. Cell Syst. 2018;7(1):77-91 e77. 

272. Fu Y, Chen J, Huang Z. Recent progress in microRNA-based delivery systems for the 

treatment of human disease. ExRNA. 2019;1(1). 

273. Brown KM, Nair JK, Janas MM, Anglero-Rodriguez YI, Dang LTH, Peng H, et al. 

Expanding RNAi therapeutics to extrahepatic tissues with lipophilic conjugates. Nat 

Biotechnol. 2022. 

274. Beuzelin D, Pitard B, Kaeffer B. Oral Delivery of miRNA With Lipidic Aminoglycoside 

Derivatives in the Breastfed Rat. Front Physiol. 2019;10:1037. 

275. Paradis V, Dargere D, Bonvoust F, Vidaud M, Segarini P, Bedossa P. Effects and 

regulation of connective tissue growth factor on hepatic stellate cells. Lab Invest. 

2002;82(6):767-774. 

276. Yuhua Z, Wanhua R, Chenggang S, Jun S, Yanjun W, Chunqing Z. Disruption of 

connective tissue growth factor by short hairpin RNA inhibits collagen synthesis and 

extracellular matrix secretion in hepatic stellate cells. Liver Int. 2008;28(5):632-639. 

277. P. Som HLA, D. Bandoypadhyay,J. S. Fowler, A.R. MacGregor,K.Matsui,Z. H.Oster, D. 

F. Sacker, C. Y. Shlue, H. Turner, C-N. Wan, A. P. Wolf, and S. V. Zabinski. A 

FluorinatedGlucose Analog, 2-fluoro-2-deoxy-D-glucose(F-18): Nontoxic Tracer for 

RapidTumor Detection. J Nuci Med. 1980;21:670-675. 

278. Yang LH, Y; Yao, H; Li, S; Yin, H; Xu, M. Forkhead box Q1: A key player in the 

pathogenesis of tumors INTERNATIONAL JOURNAL OF ONCOLOGY. 2016;49. 

279. Froeling FE, Feig C, Chelala C, Dobson R, Mein CE, Tuveson DA, et al. Retinoic acid-

induced pancreatic stellate cell quiescence reduces paracrine Wnt-beta-catenin signaling 

to slow tumor progression. Gastroenterology. 2011;141(4):1486-1497, 1497 e1481-1414. 



189 

 

280. Carmona R, Barrena S, Munoz-Chapuli R. Retinoids in Stellate Cells: Development, 

Repair, and Regeneration. J Dev Biol. 2019;7(2). 

281. Radaeva S, Wang L, Radaev S, Jeong WI, Park O, Gao B. Retinoic acid signaling 

sensitizes hepatic stellate cells to NK cell killing via upregulation of NK cell activating 

ligand RAE1. Am J Physiol Gastrointest Liver Physiol. 2007;293(4):G809-816. 

282. Hujie G, Zhou SH, Zhang H, Qu J, Xiong XW, Hujie O, et al. MicroRNA-10b regulates 

epithelial-mesenchymal transition by modulating KLF4/KLF11/Smads in hepatocellular 

carcinoma. Cancer Cell Int. 2018;18:10. 

283. Zhen L, Li J, Zhang M, Yang K. MiR-10b decreases sensitivity of glioblastoma cells to 

radiation by targeting AKT. J Biol Res (Thessalon). 2016;23:14. 

284. Cheng-gong Liao1, Ling-min Kong3†, Ping Zhou1, Xiu-li Yang1, Jian-guo Huang1, He-

long Zhang2* and Ning Lu. miR-10b is overexpressed in hepatocellular carcinoma and 

promotes cell proliferation, migration and invasion through RhoC, uPAR and MMPs. 

Journal of Translational Medicine 2014,. 

285. Liu A, Zhu J, Wu G, Cao L, Tan Z, Zhang S, et al. Antagonizing miR-455-3p inhibits 

chemoresistance and aggressiveness in esophageal squamous cell carcinoma. Mol 

Cancer. 2017;16(1):106. 

286. Liu Y, Tang Y, Li P. Inhibitory effect of microRNA-455-5p on biological functions of 

esophageal squamous cell carcinoma Eca109 cells via Rab31. Exp Ther Med. 

2018;16(6):4959-4966. 

287. Guo J, Liu C, Wang W, Liu Y, He H, Chen C, et al. Identification of serum miR-1915-3p 

and miR-455-3p as biomarkers for breast cancer. PLoS One. 2018;13(7):e0200716. 

288. Deng X, Zuo M, Pei Z, Xie Y, Yang Z, Zhang Z, et al. MicroRNA-455-5p Contributes to 

Cholangiocarcinoma Growth and Mediates Galangin's Anti-Tumor Effects. J Cancer. 

2021;12(15):4710-4721. 

289. Li D, Zhang Y, Zhang H, Zhan C, Li X, Ba T, et al. CADM2, as a new target of miR-

10b, promotes tumor metastasis through FAK/AKT pathway in hepatocellular carcinoma. 

J Exp Clin Cancer Res. 2018;37(1):46. 

290. Li W, Li C, Xiong Q, Tian X, Ru Q. MicroRNA-10b-5p downregulation inhibits the 

invasion of glioma cells via modulating homeobox B3 expression. Exp Ther Med. 

2019;17(6):4577-4585. 



190 

 

291. Ma C, Wei F, Xia H, Liu H, Dong X, Zhang Y, et al. MicroRNA-10b mediates TGF-

beta1-regulated glioblastoma proliferation, migration and epithelial-mesenchymal 

transition. Int J Oncol. 2017;50(5):1739-1748. 

292. Hollosi P, Vancza L, Karaszi K, Dobos K, Peterfia B, Tatrai E, et al. Syndecan-1 

Promotes Hepatocyte-Like Differentiation of Hepatoma Cells Targeting Ets-1 and AP-1. 

Biomolecules. 2020;10(10). 

293. Czarnowski D. Syndecans in cancer: A review of function, expression, prognostic value, 

and therapeutic significance. Cancer Treat Res Commun. 2021;27:100312. 

 


