
UC Santa Cruz
UC Santa Cruz Electronic Theses and Dissertations

Title
Potential RNA biomarkers of KRAS-mutant pancreatic cancers

Permalink
https://escholarship.org/uc/item/75g1v673

Author
Esquetini, Paula Alejandra

Publication Date
2019

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License, 
availalbe at https://creativecommons.org/licenses/by/4.0/
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/75g1v673
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/


 

UNIVERSITY OF CALIFORNIA 

 

SANTA CRUZ 

 

POTENTIAL RNA BIOMARKERS OF KRAS-MUTANT PANCREATIC 

CANCERS 

 

A thesis submitted in partial satisfaction 

of the requirements for the degree of 

 

MASTER OF SCIENCE  

 

in 

 

MOLECULAR, CELL, AND DEVELOPMENTAL BIOLOGY 

 

By 

 

Paula Esquetini 

 

December 2019 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Thesis of Paula Esquetini 

is approved: 

 

_______________________________ 

Professor Daniel Kim, Chair 

 

_______________________________ 

Professor Melissa Jurica 

 

_______________________________ 

Professor Jordan Ward 

 

_______________________________ 

Quentin Williams  

Acting Vice Provost and Dean of Graduate Studies 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 iii

Table of Contents 

List of Figures             v 

List of Tables            vi 

Abstract           vii 

Dedication            ix 

Acknowledgements           x

        

1. Introduction             1 

1.1 Pancreatic cancer            1 

1.1.1 Driver mutations in pancreatic cancer            2 

1.2 Long noncoding RNAs           3 

1.2.1 Long noncoding RNAs as biomarkers for cancer           5 

1.3 Non-coding RNAs as biomarkers for pancreatic cancer       7 

1.3.1 Micro RNAs                7 

1.3.2 Long noncoding RNAs             8 

1.4 Exosomes             9 

1.4.1 Exosomes and their potential for use in noncoding RNA biomarker 

studies in pancreatic cancer                 12 

           

2. Methods            15 

2.1 Cell line and cell culture         15 

2.2 KRAS siRNA knockdown from pancreatic cancer cell line PANC1   16 

2.3 PANC1 whole-cell RNA library preparation and RNA sequencing   17 

2.4 RNA-seq analysis pipeline           17 

2.4.1 FastQC          17 

2.4.2 Trimmomatic         18 

2.4.3 Salmon          18 

2.4.4 Tximport and DESeq2        19 

2.5 Gene set enrichment analysis        19 

2.6 Filtering of differentially expressed lncRNAs and protein coding RNAs 

from PANC1 KRAS knockdown data using TCGA data       20 

2.6.1 Statistical analysis           22 

2.7 Exosomal RNA extraction from control PANC1 cells     23 

2.8 PANC1 exosomal RNA library preparation and RNA sequencing   24 

2.9 Search for TCGA-validated lncRNAs and protein coding RNAs in 

exosomal RNA-seq data         24 

2.9.1 Survival analysis           26 

 

 

 



 iv

3. Results            27 

3.1 Differential gene expression in control PANC1 compared to KRAS 

knockdown PANC1 cells           27 

3.2 Gene set enrichment analysis        29 

3.3 Filtering of differentially expressed lncRNAs after KRAS knockdown 

using TCGA data          32 

3.4 Filtering of differentially expressed protein coding RNAs after KRAS 

knockdown using TCGA data        34 

3.5 Search for lncRNAs that are detectable in exosomal RNA    39 

3.5.1 Survival analysis of detectable lncRNAs        40 

3.6 Search for protein coding RNAs that are detectable in exosomal RNA   42 

3.6.1 Survival analysis of detectable lncRNAs        44 

 

4. Discussion           47 

 

Appendix             54 

References             57 

 

 

 

 

 

 

 

 

 

 

 



 v

List of Figures 

Figure 1.1: Predominant driver mutations in pancreatic cancer. 

Figure 1.2: Exosome production and content. 

Figure 2.1: Overview of RNA-seq analysis pipeline 

Figure 2.2: Overview of filtering steps for PANC1 KRAS knockdown data through 

TCGA. 

Figure 2.3: Overview of filtering steps for PANC1 exosomal RNA counts data. 

Figure 3.1: Volcano plot of differentially expressed genes between control PANC1 

and KRAS knockdown PANC1 cells. 

Figure 3.2: Enriched GO Terms in PANC1 KRAS knockdown data. 

Figure 3.3: Plot of ����(DESeq2_normalized_counts + 1) in GTEx and TCGA for 

lncRNAs that that passed filtering criteria. 

Figure 3.4: Plot of ����(DESeq2_normalized_counts + 1) in GTEx and TCGA for 

protein coding RNAs that passed filtering criteria. 

Figure 3.5: Detectable lncRNAs in PANC1 exosomes. 

Figure 3.6: KM survival plot of overall survival of pancreatic adenocarcinoma 

patients dependent on LINC00294 expression level. 

Figure 3.7: Detectable protein coding RNAs in PANC1 exosomes. 

Figure 3.8: Enriched Wiki Pathways 2019 in protein coding RNAs detectable in 

PANC1 exosomes. 

Figure 3.9: KM survival plot of disease specific survival of pancreatic cancer 

patients dependent on AURKA expression level. 

Figure 3.10: KM survival plot of disease specific survival of pancreatic cancer 

patients dependent on PAK2 expression level. 

 

 

 

 

 



 vi

List of Tables 

Table 3.1: lncRNAs from PANC1 KRAS knockdown data that passed the filtering 

criteria through TCGA data.  

Table 3.2: Downregulated protein coding RNAs from PANC1 KRAS knockdown 

data that passed the filtering criteria through TCGA data. 

Table 3.3: Upregulated protein coding RNAs from PANC1 KRAS knockdown data 

that passed the filtering criteria through TCGA data. 

 

 

 

 

 

 

 

 

 

 

 

 



 vii

Abstract 

Potential RNA biomarkers of KRAS-mutant pancreatic cancers 

by  

Paula Esquetini 

 

Most of the research on cancer has focused on mutations in protein-coding 

genes. However, less than 2% of the genome codes for proteins and most of the 

transcriptome is composed of noncoding RNAs. Long noncoding RNAs (lncRNAs) 

have been found to modulate each one of the hallmarks of cancer. Pancreatic cancer 

has one of the lowest survival rates of all cancers and is difficult to detect until it has 

metastasized. Therefore, there is an urgent need to find biomarkers for the detection 

of this cancer. Exosomes are a potential source for biomarkers since they are released 

by cells for cell-to-cell communication, they contain different RNAs, and are 

involved in cancer. The research presented here answers the question of which 

pancreatic-cancer-associated RNAs are detectable in the exosomes released from 

pancreatic cancer cells. To this end, we first performed RNA-seq from control 

PANC1 cells compared to KRAS knockdown PANC1 cells. KRAS is one of the main 

driver mutations of pancreatic cancer. We then took the list of downregulated 

lncRNAs and protein coding RNAs and filtered it using TCGA data to obtain a list of 

validated pancreatic-cancer-associated RNAs. From this validated list, we found that 

two lncRNAs, AL121772.1 and LINC00294, were detectable in the exosomes. In 

addition, we found 30 protein coding RNAs that were detectable in the exosomes and 

two of these, AURKA and PAK2, were strongly correlated to poor prognosis when 
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expressed at elevated levels. These findings represent new set of candidates for 

further studies of biomarkers for pancreatic cancer. 
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Chapter 1 

Introduction 

 

1.1 Pancreatic cancer 

The World Health Organization estimates that cancer is the second leading 

cause of death worldwide. Pancreatic cancer calls for urgency since it has one of the 

lowest five-year survival rates of all cancers, only about 10% (Young et al. 2018). 

Pancreatic cancer is projected to be the second leading cause of cancer-related deaths 

in the U.S. by the year 2030 (Fu et al. 2016). Its lethal nature arises from its lack of 

specific symptoms in the earlier stages, making it difficult to detect until it has 

advanced to late stages (Hezel et al. 2006; Zhou et al. 2017). As a result, 80 – 85% of 

patients are diagnosed when the disease has metastasized or is locally advanced. This 

means that if the cancer was detected early, the survival rate could increase. If 

detected early enough that it can be resected, the five-year survival rate could increase 

to 30 – 60% (Young et al. 2018). For earlier detection to be possible, biomarkers are 

needed. The most commonly used biomarker is carbohydrate antigen 19-9 (CA19-9), 

but it has low sensitivity and specificity, so it is mostly used as a biomarker for 

monitoring the progression and response to therapy (Zhou et al. 2017).    
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1.3.1 Driver mutations in pancreatic cancer 

Activating mutations in the KRAS oncogene are well established as key drivers 

of pancreatic cancer with about 90% of pancreatic cancers harboring these mutations 

(Campbell et al. 2007). There are four major drivers of pancreatic cancer: gain of 

function of KRAS oncogene, and loss of function of tumor suppressor CDKN2A, 

TP53, and SMAD4 (Figure 1.1). KRAS and CDKN2A mutations are early events, 

which are found in low grade pancreatic intraepithelial neoplasias (PanINs), which 

are premalignant lesions. It can take decades for PanIN lesions to develop into cancer, 

thus providing a window of time for early detection of pancreatic cancer (Zhang et al. 

2018b). TP53 and SMAD4 mutations have been found to arise in high grade PanINs 

and result in pancreatic cancer (Kamisawa et al. 2016; Kanda et al. 2012).  

The research presented here utilizes the pancreatic cancer cell line PANC1. This cell 

line harbors two of the most common driver mutations for pancreatic cancer, KRAS 

and TP53. The question addressed here is what pancreatic-cancer-associated 

lncRNAs are detectable in the exosomes released from pancreatic cancer cells. We 

first needed a list of pancreatic-cancer-associated lncRNAs. To come up with such a 

list, we used PANC1 cells and first set out to find which RNAs are differentially 

expressed when comparing control PANC1 to KRAS knockdown PANC1 cells. 

KRAS is one of the main drivers of pancreatic cancer, with KRAS mutations present 

in about 90% of pancreatic cancers (Campbell et al. 2007). KRAS knockdown will 

result in downregulation of its downstream targets since the activating KRAS 

signaling will not be present. Thus, many RNAs that are upregulated as a result of 
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mutant KRAS or its downstream targets, will not be upregulated in KRAS 

knockdown cells. Instead, these RNAs will appear downregulated when comparing 

control to KRAS knockdown PANC1 cells. We will then take these downregulated 

RNAs and validate them by filtering them using data from The Cancer Genome Atlas 

(TCGA). 

 

 

Figure 1.1: Predominant driver mutations in pancreatic cancer. PanINs are believed 

to be precursors to PDAC, the most common form of pancreatic cancer. The four 

predominant driver mutations appear to arise in a temporal manner. From Bryant et 

al. 2014.     

 

 

1.2 Long noncoding RNAs 

Most of the research on cancer has focused on mutations in protein-coding 

genes. However, less than 2% of the genome codes for proteins and as much as 70% 

of the genome is transcribed into RNA (Zhang et al. 2018a). Of the resulting 

transcriptome, 60 – 70% corresponds to noncoding RNAs (Anfossi et al. 2018). Non-

coding RNAs (ncRNAs) are functional RNAs that do not code for proteins. ncRNAs 

play diverse roles in regulating cellular processes and pathways in different cellular 
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contexts, including cancer. ncRNAs are a growing list of targets for cancer therapy 

(Anastasiadou et al. 2017). Micro RNAs were discovered less than thirty years ago 

and have been studied extensively since (Hsiao et al. 2017). MicroRNAs are a class 

of small RNAs that have received a lot of attention in the past years and whose 

functional relevance has been relatively well studied compared to other ncRNAs. The 

roles of long noncoding RNAs (lncRNAs), on the other hand, are still not fully 

understood and are actively being studied (Yamada et al. 2018). The latest release of 

NONCODE database (v5.0), a comprehensive database for human noncoding RNAs, 

lists 96,308 human lncRNAs. These include both annotated and unannotated. The 

database LNCipedia, which is specific for annotated human lncRNAs, lists 56,946 

annotated lncRNAs as of the latest release (v5.2) (Fang et al. 2017; Volders et al. 

2019). These numbers keep growing and are already larger than the estimated number 

of protein coding genes in the human genome (estimates range from about 20,000 to 

25,000). 

Long noncoding RNAs are defined as transcripts that are longer than 200 

nucleotides in length and have little to no protein coding capacity (Zhou et al. 2019). 

lncRNAs are transcribed by RNA polymerase II, spliced, capped, and polyadenylated 

(Schmitt and Chang, 2017). Their expression can be cell-type and tumor specific and 

at their specific cellular background they can be expressed at similar levels to those of 

protein-coding RNAs (Hrdlickova et al. 2014). lncRNAs act through a wide array of 

mechanisms and interact with different cellular macromolecules to regulate diverse 

processes. lncRNAs can be transcriptional modulators, splicing regulators, post-
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transcriptional processors, enhancers, molecular sponges for miRNAs, chromatin 

remodelers, act as a branch point in a chain of cellular events (Gupta and Tripathi, 

2017; Anastasiadou et al. 2017). In addition, lncRNAs can influence mRNA 

expression by acting as micro RNA sponges, which can ultimately suppress the 

ability of these micro RNAs to act on their target mRNAs (Li et al. 2019). The 

activity of lncRNAs has been found to modulate each one of the hallmarks of 

cancer—proliferation, growth suppression, motility, immortality, angiogenesis, and 

viability (Schmitt and Chang, 2016). Due to their cell-type and tumor specificity and 

their roles in cancer, lncRNAs are an attractive target for cancer biomarkers 

(Hrdlickova et al. 2014; Schmitt and Chang, 2016). 

 

1.2.1   Long noncoding RNAs as biomarkers for cancer 

According to the National Cancer Institute’s Dictionary of Cancer Terms, a 

biomarker is a biological molecule, found in tissues or body fluids that can signal a 

normal process or a disease or condition. Biomarkers can be used for early disease 

detection, classification, prediction of response or adverse events, drug choice and/or 

dosage, and for forecasting of progression or recurrence and of survival outcomes 

(Hanemann et al. 2016). Moreover, a biomarker’s performance should be measured 

against one that would present clinical utility. A biomarker should be able to 

distinguish malignant from benign tissue (Zhang et al. 2018b). The performance 

standards that are used for biomarkers in clinical studies are sensitivity and specificity 
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(Pepe et al. 2016). Sensitivity refers to the true positive rate, or detection rate; and 

specificity can be understood as 100 minus the false positive rate.  

A growing number of annotated lncRNAs have arisen over the past few years 

and among those, some have been found to have the potential to serve as biomarkers 

for certain cancers. lncRNAs can serve as diagnostic and prognostic biomarkers, and 

markers for the assessment of therapeutic response (Schmitt and Chang, 2016).  

A powerful example of a diagnostic lncRNA is PCA3, which was the first 

lncRNA to be approved by the FDA for prostate cancer diagnosis. PCA3 is used as a 

non-invasive test since it can be detected in the urine of prostate cancer patients. It 

also has higher specificity than serum prostate-specific antigen (PSA) testing. In 

addition, high expression of the lncRNA FAL1 is associated with poor prognosis in 

ovarian cancer (Hu et al. 2014; Schmitt and Chang, 2016).  

Furthermore, other lncRNAs can serve as prognostic biomarkers. 

Overexpression of the lncRNA HOTAIR in surgically resected, early-stage breast 

cancer is indicative of future progression to metastasis and can also predict survival. 

HOTAIR does not only predict progression of breast cancer, but 26 other cancers as 

well, according to other studies (Schmitt and Chang, 2016).  

The research presented here focuses on finding potential lncRNA biomarkers 

for pancreatic cancer in exosomal RNA derived from a pancreatic cancer cell line.   
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1.3 Non-coding RNAs as biomarkers for pancreatic cancer  

1.4.1   Micro RNAs 

MicroRNAs (miRNAs) can be found circulating in the blood bound to AGO2, 

or in exosomes. Either way, they are stable and can be detected in biofluids (Previdi 

et al. 2017). Many circulating miRNAs show appealing characteristics that could 

render them ideal biomarkers. For instance, Li et al. found that miR-1209 

outperformed CA19-9 in differentiating patients with low stage pancreatic cancer 

from controls, and its expression in tumor tissue had prognostic significance (Li et al. 

2013; Zhou et al. 2017; Previdi et al. 2017). Another study by Deng et al. determined 

that miR-25 has higher sensitivity and specificity than CA19-9 in distinguishing 

pancreatic cancer patients from healthy controls. It could also be used to clearly 

distinguish pancreatic cancer from other diseases.  When it came to using miR-25 to 

diagnose pancreatic cancer, it was comparable to CA19-9 though (Deng et al. 2016). 

Moreover, in resected pancreatic ductal adenocarcinoma (PDAC), the most common 

form of pancreatic cancer, high expression of miR-21 identified a risk of relapse and 

response to adjuvant gemcitabine in another study (Previdi et al. 2017). In addition, 

miRNAs have also been used as therapeutics to fight pancreatic cancer. For instance, 

liposomal nanoparticles carrying miR-34A, miR143/miR145 have shown inhibition 

of pancreatic tumor growth in vitro and in vivo (Previdi et al. 2017). There still exist 

limitations for the use of miRNAs as biomarkers for pancreatic cancer, such as the 

lack of an established internal control for qRT-PCR analysis of circulating miRNAs 

(Zhou et al. 2017).  
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1.4.2   Long noncoding RNAs  

lncRNAs, on the other hand, have not been as well studied as miRNAs as 

potential biomarkers for pancreatic cancer, or other cancers. In one study, Wang et al. 

determined that the levels of plasma-derived RNA fragments of the lncRNAs 

HOTTIP-005 and RP11-567G11.1 were significantly increased in pancreatic cancer 

patients relative to healthy controls (Wang et al. 2015). This study identified these 

two lncRNAs and their plasma fragments to have the potential to be used as 

prognostic and diagnostic markers for pancreatic cancer. Furthermore, another study 

examined saliva and found that HOTAIR and PVT1 distinguished pancreatic cancer 

patients from healthy controls at a high sensitivity and specificity. In addition, they 

were present in plasma in a stable form and at higher levels in the plasma of patients 

with pancreatic cancer than healthy patients (Zhou et al. 2017). One study by Pang et 

al. looked at 126 PDAC tissues and found that MALAT-1 was overexpressed in most 

cases and when overexpressed it was a prognostic marker for a poor prognosis 

independent on stage, tumor size, lymph node metastasis, or distant metastasis. 

Moreover, overexpression of HOTAIR in PDAC human tissue is associated with 

poorer outcomes (Previdi et al. 2017).  

So far, CA 19-9 remains the only approved biomarker for pancreatic cancer and 

has low sensitivity and specificity (Hasan et al. 2019). Given the low survival rate of 

pancreatic cancer, there is an urgent need for more biomarkers to aid in its detection, 

both early and late stage detection and prognosis. lncRNAs can be cell-type and 

tumor specific and play many roles in cancer, which makes them a suitable source to 



 9

look for biomarkers. The research presented here aims at beginning to fill the gap in 

biomarkers for pancreatic cancer by investigating lncRNAs that are released by 

exosomes. Exosomes are powerful players in cell-to-cell communication. 

 

1.4 Exosomes 

Cellular RNA is not the only place where noncoding RNA biomarkers for 

pancreatic cancer and other diseases may be found. Cells release a wide variety of 

membrane-enclosed extracellular vesicles (EVs) to their outside environment. Among 

these are exosomes (40 – 150 nm diameter), which are generated from the 

endolysosomal pathway by forming intracellular multivesicular bodies, which fuse 

with the plasma membrane and are then secreted as vesicles (Figure 1.2).  

Microvesicles (200 – 1000 nm diameter) arise trough the budding of the plasma 

membrane, and apoptotic bodies (50 – 2000 nm diameter) are released from apoptotic 

cells by the outward cell membrane blebbing. EVs have been found to contain 

proteins, bioactive lipids, and nucleic acids (Figure 1.2) (Kim et al. 2017). They 

contain mRNAs as well as noncoding RNAs like miRNAs, lncRNAs, circular RNAs, 

small nucleolar RNAs (snoRNAs), small nuclear RNAs (snRNAs), transfer RNAs 

(tRNAs), ribosomal RNAs (rRNAs), and piwi-interacting RNAs (piRNAs) (Nolte-’t 

et al. 2012). Importantly, the contents of EVs are protected by the EV membrane 

from nucleases, proteases, and changes in their external environment such as pH 

(Kim et al. 2017).  
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Figure 1.2: Exosome production and content. Image from Marbán, 2018. 

 

Furthermore, EVs carry their contents from donor to recipient cells and 

therefore serve as mediators of cell-to-cell communication (Nuzhat et al. 2017). Once 

an EV delivers its contents to a recipient cell, it can drive changes in the gene 

expression of that cell. Circulating exosomes have been found to mediate the delivery 

of ncRNAs to recipient cells in mice and thus regulate the biological functions of 

these cells in a hormone-like manner in a paracrine or endocrine fashion. In addition, 

it has been shown that exosomes containing the lncRNA H19 can be taken up by 

endothelial cells in vitro and promote angiogenesis by a tube formation assay. They 



 11

do this by enhancing cell-to-cell adhesion and increasing the synthesis of VEGF and 

VEGF receptor (Anfossi et al. 2018; Kim et al. 2017).  

Exosomes have been found to regulate signaling of many biological processes 

in both physiological and pathological conditions. Exosomes have been found to play 

an important role in tumorigenesis and cancer metastasis (Zhang et al. 2018). Studies 

have found that pancreatic-cancer-derived exosomes play a role in the early 

development of this cancer (Azmi et al. 2013). They have also shown that pancreatic 

cancer exosomes help establish a premetastatic niche in the liver and they promote 

cell proliferation and tumor formation (Costa-Silva et al. 2015; Charrier et al. 2015). 

Exosomes have been isolated from several body fluids such as blood, urine, breast 

milk, and saliva (Figure 1.2) (Kim et al. 2017). Taken together, exosomes are an 

attractive target for liquid biopsy for cancer since they can be isolated from body 

fluids, their contents, which include diverse RNA types, are protected from 

unfavorable outside conditions, and because of their roles in cell-to-cell 

communication.  

In addition, along with whole-cell RNA-seq, exosomes provide a more 

complete picture of what is going on with the cell at a given time point. The RNA 

contents of exosomes are not necessarily representative of those of their cell of origin. 

Therefore, exosomal RNA represents an additional source of transcripts that reflect a 

particular time point for the cell. Early microarray analysis has revealed that EVs, 

mainly exosomes, derived from glioblastoma cells contained 27,000 mRNAs, both 

full length and fragmented. However, only about 4,700 of these were only detected in 
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EVs, not in the cells of origin. On top of that, 2,238 mRNAs were preferentially 

included while 1,188 mRNAs were preferentially excluded from EVs compared to 

their cells of origin. Furthermore, in another study, Gezer et al. investigated a small 

panel of lncRNAs and found a few, including HOTAIR, to be highly enriched in EVs 

derived from human cervical and breast cancer cell lines while their expression was 

low in the cells (Gezer et al. 2014; Kim et al. 2017). The mechanisms driving the 

inclusion or exclusion are not known but could be related to cell-to-cell 

communication at specific physiological or pathological conditions (Anfossi et al. 

2018; Kim et al. 2017).  

 

1.5.1   Exosomes and their potential for use in noncoding RNA biomarker 

studies in pancreatic cancer 

Exosomes have gained attention only in recent years as sequencing technologies 

have paved the way for liquid biopsies. A study showed that exosomes transferred 

miR-150 between THP-1, a human acute monocytic leukemia cell line and HMEC-1, 

a microvascular endothelial cell line, and this promoted cell migration by 

overexpression of the c-Myb proto-oncogene (Qin et al. 2010). Furthermore, some 

RNAs, particularly miRNAs have so far been identified as possible biomarkers for 

cancer present in exosomes. Seven miRNAs (let-7a, miR-1,229, miR-1,246, miR-150, 

miR-21, miR-223, and miR-23a) have been found to be significantly elevated when 

compared to controls in the exosomes derived from serum of patients with early stage 

colon cancer (Mohammadi et al. 2019). Furthermore, Berrondo et al showed that 
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knockdown of the lncRNA HOTAIR in urothelial bladder cancer cell lines in vitro 

reduces migration and invasion. They also showed that HOTAIR, along with four 

other lncRNAs are enriched in the exosomes derived from urine of urothelial bladder 

cancer patients (Berrondo et al. 2016). 

The use of exosomes has also been reported in a few studies of pancreatic 

cancer biomarkers. One study showed that levels of miR-10b are significantly 

elevated in exosomes derived from plasma of pancreatic cancer patients compared to 

that derived from plasma of patients with chronic pancreatitis or healthy controls (Jin 

et al. 2017). In addition, the following miRNAs: miR17-5p, miR-155, miR-21, and 

miR-196a, isolated from serum-derived exosomes, have been reported to be able to 

differentiate pancreatic cancer patients from healthy patients (Jin et al. 2017).  

Together, these reports show that exosomes have the potential to be used for studies 

of biomarkers for pancreatic cancer. 

 

Given that exosomes are abundant in different classes of RNAs, and that they 

play roles in cancer, we hypothesized that they will be enriched in some RNAs that 

are upregulated in pancreatic cancer. The research presented here asks the question of 

what pancreatic-cancer-associated lncRNAs are found in the exosomes released from 

pancreatic cancer cells. To address this question, we used exosomes derived from cell 

culture media from the pancreatic cancer cell line PANC1. We compared the lncRNA 

expression levels in control PANC1 versus KRAS knockdown PANC1 cells. KRAS 

is one of the main drivers of pancreatic cancer. We then took the differential 



 14

expression data obtained from this experiment, and validated it using TCGA data for 

KRAS-mutant pancreatic cancer in order to keep only the RNAs that are upregulated 

in cancer. We then looked to see which of the validated lncRNAs and also protein 

coding RNAs were present in the exosomes. Any RNAs that we find in the exosomes 

of PANC1 cells could then serve as potential candidates for further studies of 

biomarkers for pancreatic cancer.  
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Chapter 2 

Methods 

 

2.1 Cell line and cell culture 

PANC1 cells are pancreatic epithelioid carcinoma cells that originate from the 

pancreatic duct of a 56-year-old Caucasian male. This cell line was purchased from 

ATCC and was cultured in Dulbecco's Modified Eagle's Medium supplemented with 

fetal bovine serum to a final concentration of 10%.  

Among their many mutations, PANC1 cells have a KRAS G12D mutation, and 

a TP53 mutation, two of the most common main driver mutations for pancreatic 

cancer (Barretina et al. 2012). This cell line was used for the generation of RNA-seq 

data comparing control PANC1 cells to KRAS knockdown PANC1 cells. After 

knocking down KRAS, which is one of the main drivers of the cancer, we expect its 

downstream targets to be downregulated. These downstream targets are genes that 

would be upregulated from healthy to cancer RNA-seq data. Therefore, comparing 

control PANC1 to KRAS knockdown RNA-seq data will tell us which genes are 

changing in expression levels from cancer cells to cells that have lost one of the key 

mutations that render them cancerous. Among the differentially expressed genes will 

be some of the genes that are differentially expressed when comparing healthy to 

cancer cells. We did not compare healthy pancreatic cells to pancreatic cancer cells 

because that would mean comparing two cell lines with different backgrounds. 
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Comparing two different cell lines would introduce additional variability that is not 

due to cancer versus non-cancer, but rather differences in cellular background.  

We chose this system rather than using healthy pancreatic cells and adding a 

KRAS mutation since this research is focused on biomarkers for advanced stage 

pancreatic cancer. Once we have data from this project, future studies can focus on 

biomarkers for early detection, since it may be more challenging to find those because 

they may be less abundant.  

 

2.2 KRAS siRNA knockdown from pancreatic cancer cell line 

PANC1 

PANC1 cells were transfected with siRNA against the KRAS gene as well as a 

negative control Cy3 siRNA through reverse transfection using the lipid-based 

reagent Lipofectamine. Whole-cell RNA was extracted 24 hours after transfection. 

This timepoint was chosen since siRNA will eventually degrade and thus cause loss 

in knockdown efficiency. In addition, KRAS is an essential gene and without it, cells 

will eventually start dying off. KRAS knockdown efficiency was confirmed by qPCR 

(Appendix Figure 1). PANC1 siRNA transfection was performed by Meghan 

Durham. 
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2.3 PANC1 whole-cell RNA library preparation and RNA 

sequencing   

Libraries were prepared using the Illumina TruSeq Stranded mRNA Kit and 

RNA sequencing was carried out in the Illumina HiSeq4000 platform. A sequencing 

depth of 30 million reads per sample was requested. Library preparation was 

performed by Lila Whitehead and Meghan Durham. 

 

2.4 RNA-seq analysis pipeline 

 

Figure 2.1: Overview of RNA-seq analysis pipeline 

 

2.4.1 FastQC 

The raw fastq sequences were checked for quality using the quality control 

analysis tool FastQC (v0.11.8) (Figure 2.1), which provides a modular set of analyses 

that can be used to identify any areas that may have problems before proceeding with 

further analysis (Andrews, 2010). 
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2.4.2 Trimmomatic 

After the sequences were obtained and determined to be good quality adaptors 

were trimmed with Trimmomatic (v0.39) (Figure 2.1) using default parameters, 

which are: LEADING:3, TRAILING:3, which remove leading low quality or N bases 

that fall below a threshold quality score of 3. SLIDINGWINDOW:4:15, which scans 

the read with a 4-base sliding window and cuts the average base quality falls below 

15. MINLEN:36, which drops reads that are less than 36 bases long (Bolger et al. 

2014). 

 

2.4.3 Salmon 

Next, Salmon (v0.14) (Figure 2.1) was used for transcript quantification. 

Salmon provides transcript-level quantifications of RNA-seq data at fast speeds. It is 

a pseudoalignment algorithm (although can be used in alignment mode as well) that 

uses an index of the transcriptome to quasi-map reads to the genome. The GENCODE 

version 31 (released Jun 2019) annotation of the genome was used to generate an 

index. Salmon was run with default parameters plus the --validateMappings flag, 

which enables selective mapping of the reads and can improve sensitivity and 

specificity of mapping and thus lead to more accuracy. In addition, the --

rangeFactorizationBins 4 flag was passed, which can further improve quantification 

accuracy (Patro et al. 2017). 
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2.4.4 Tximport and DESeq2 

After the quantification files were obtained, the transcripts were aggregated into 

single genes using the tximport (v1.12.3) package in order to run DESeq2 (v1.22.1) 

(Figure 2.1), which is a gene-level differential expression tool (Soneson et al. 2015). 

DESeq2 tests for differential gene expression using negative binomial generalized 

linear models. DESeq2 was run using the following parameters: the design formula, 

which indicates how to model the samples, was: design = ~ condition, meaning the 

intent is to measure the effect of the condition, in this case control and siKRAS. In 

addition, only genes that had at least 10 counts were kept, and a shrinkage estimation 

was done (Love et al. 2014; Love et al. 2019). The cutoffs applied were adjusted p 

value (FDR) below 0.01 and absolute value of ���� fold change greater than 1.5. 

 

2.5 Gene set enrichment analysis 

The results obtained from DESeq2 were divided into two lists: upregulated and 

downregulated genes and ordered from smallest to largest adjusted p value. Each list 

was entered into the overrepresentation analysis web-based tool enrichr in order to 

determine the biological functions that were overrepresented by the upregulated and 

downregulated genes after KRAS knockdown (Kuleshov et al. 2016). 
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2.6 Filtering of differentially expressed lncRNAs and protein coding 

RNAs from PANC1 KRAS knockdown data using TCGA data 

 

 

 

Figure 2.2: Overview of filtering steps for PANC1 KRAS knockdown data through 

TCGA. Datasets are boxed. 

 

The differential expression results generated from comparing control PANC1 to 

KRAS knockdown PANC1 cells were then validated using large publicly available 

datasets containing patient data on normal and cancer tissue. The PANC1 KRAS 

knockdown data was filtered to extract only genes that were downregulated after 

PANC1 KRAS knockdown and upregulated from healthy to cancer data. The healthy 

tissue data came from the Genotype-Tissue Expression (GTEx) dataset, and the 

cancer data came from The Cancer Genome Atlas (TCGA). 

When the exosomal RNA libraries were prepared, long RNAs were recovered, 

so in addition to lncRNAs, protein coding RNAs were also be present (Appendix 

PANC1 siKRAS DESeq2 results

Filter to only lncRNAs / only protein coding RNAs

Filter Counts dataset to contain only those lncRNAs / only those protein coding RNAs

Filter Counts dataset by criteria of: keep gene only if: when downregulated in KRAS KD, 
significantly (p value < 0.05) upregulated in TCGA and viceversa

Two lists: 1) lncRNAs that passed filtering
2) protein coding RNAs that passed filtering
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Figure 2). Therefore, both RNA species were selected for filtering through TCGA 

data and subsequently assess for detection in the exosomes.  

The differential expression data was subdivided to only lncRNAs and to only 

protein coding genes to look at their expression in GTEx and TCGA. The gene types 

were derived from the GENCODE version 31 annotation of the genome (Figure 2.2). 

In order to examine the GTEx and TCGA data, three datasets were downloaded from 

the UCSC Xena Browser: the phenotypes dataset (version: 2016-09-15), the counts 

dataset (version: 2018-05-08), and the TCGA somatic mutations dataset (version: 

2018-05-08) from the TCGA TARGET GTEx cohort. The phenotypes dataset 

contains information such as the ‘primary disease or tissue’, ‘primary site’, ‘sample 

type’, ‘gender’, and ‘study’ for many different patient samples. Study corresponds to 

GTEx (normal tissue) and TCGA (cancer tissue). The counts dataset, on the other 

hand, contains the counts for all the genes for the same patient samples as the 

phenotypes dataset. The counts dataset uses GENCODE version 23 (released Jul 

2015) to quantify genes. Since this GENCODE version is older than the one used 

(version 31) to carry out the analysis of the KRAS knockdown data, lncRNAs that 

have been annotated after its release will not be present. This means that some of the 

data will be lost just because it is not present in this older GENCODE annotation, not 

because it does not pass the filtering criteria. Counts are generated when differential 

expression analysis is done, and they are calculated using the output from the 

alignment or pseudoalignment step. This output has the TPM (transcripts per million) 

and number of reads for each gene. Counts are represented as 
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����(expected_count_DESeq2 + 1) in order to keep the numbers smaller. Finally, the 

TCGA somatic mutations dataset contains information on the variant by position for 

each gene for the patient samples from the phenotypes dataset that are in the TCGA 

study. This dataset was used to filter the counts dataset samples that were in the 

TCGA study to keep only those patient samples whose pancreatic cancer had a KRAS 

mutation. Since KRAS mutations are highly prevalent in pancreatic cancers (present 

in about 90% of pancreatic cancers), all the TCGA samples of pancreatic cancer in 

the counts dataset had a KRAS mutation. 

The counts dataset was further filtered to contain only the lncRNAs or only the 

protein coding RNAs that were present in the differential expression data. This 

dataset was further filtered to keep only genes that when downregulated in KRAS 

knockdown PANC1 compared to control PANC1 cells, were significantly (p value < 

0.05) upregulated in TCGA compared to GTEx (normal tissue), or viceversa. 

The filtering was done using an R script. Some of the code was modified from 

Roman Reggiardo’s code.  

 

2.6.1 Statistical analysis 

In order to determine if a gene’s expression was significantly different in TCGA 

than GTEx, a Welch’s Two-Sample t-Test was performed in R. The alternative 

hypothesis was that the true difference in means is not equal to zero. Significance was 

established as having a p value below 0.05. 

 



 23

2.7 Exosomal RNA extraction from control PANC1 cells 

The validated list of lncRNAs and protein coding RNAs that was generated 

from comparing control to KRAS knockdown PANC1 cells was used in order to see 

which of those RNAs are detectable in the exosomes of PANC1 cells. Media was 

collected two days after the cells reached full confluence in order to maximize 

exosome yield. The Qiagen exoRNeasy Serum/Plasma Maxi Kit was used for 

exosomal RNA extraction according to manufacturer’s instructions. 32 ml of media 

were collected from three biological replicates and filtered by centrifugation at 16000 

xg for 15 minutes at 4 °C. The supernatant was then and filtered using 0.8 µm filter 

syringe, as recommended by the manufacturer prior to starting the extraction. 

Exosomes range from 40 – 150 nm in diameter, so this filter will easily allow for their 

collection, while filtering out larger contaminants.  

The filtered material was the input for the exoRNeasy kit. The subsequent steps 

consist of passing this filtrate through a column, which traps the exosomes while 

filtering out smaller molecules such as cell-free RNA and DNA. The exosomes are 

then lysed and RNA is extracted through a phenol-chloroform extraction. The 

exosomal RNA extraction was carried out by Erin LaMontagne. 
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2.8 PANC1 exosomal RNA library preparation and RNA 

sequencing 

Libraries were prepared using the SMART-Seq HT Kit for cDNA synthesis and 

the Illumina Nextera XT Kit for subsequent steps. 10 ng of exosomal RNA was used 

as input. Sequencing was carried out in the Illumina NextSeq platform and a 

sequencing depth of 5 million reads per sample was requested. 

 

2.9 Search for TCGA-validated lncRNAs and protein coding RNAs 

in exosomal RNA-seq data 

The list of validated lncRNAs and that of protein coding RNAs was taken to see 

which of those RNAs are detectable in the PANC1 exosome RNA-seq data. The 

PANC1 exosome RNA-seq data was run through the pipeline the same way as the 

KRAS knockdown data up until the first step of DESeq2 since there is no differential 

expression being done. There is only one condition, that is exosomal RNA. Thus, 

instead of running the DESeq function of the DESeq2 package, which would run all 

the steps, only the first step, estimateSizeFactors, was run in order to obtain the 

counts for all genes.  
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Figure 2.3: Overview of filtering steps for PANC1 exosomal RNA counts data. 

Datasets are boxed. 

 

The counts data of the lncRNAs and that of the protein coding RNAs was taken 

filtered to keep only genes where none of the replicates had zero counts and also 

where at least one of the replicates had counts of 10 or above (Figure 2.3). Since there 

are no established guidelines on what constitutes as too few counts for any type of 

data, these cutoffs were chosen as the criteria for detectability of a particular RNA in 

this context (PANC1 exosomes derived from culture media) in an effort to reduce the 

noise. The gene types were derived from the GENCODE version 31 annotation of the 

genome. The lncRNA counts and the protein coding RNA counts data were compared 

against the corresponding list from the previous filtering steps (through TCGA data) 

to see which validated RNAs were detectable in the exosomes.  

All of these steps were performed using R scripts. Some of the code was 

modified from Roman Reggiardo’s code. 

 

 

PANC1 exosomal RNA counts data

Filter to only lncRNAs / only protein coding RNAs

Filter to keep only genes where no replicate had counts = 0 

and at least one replicate had counts ≥ 10

Take validated list of only lncRNAs / only protein coding RNAs to see 

which are detectable here in exosomal RNA
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2.9.1 Survival analysis 

The UCSC Xena browser was used to assess whether different genes were 

linked to survival outcomes. The following filters were applied: TCGA TARGET 

GTEx cohort was used as the study, the sample type was ‘primary tumor’, the 

primary disease was ‘pancreatic adenocarcinoma’, and somatic mutation was set to 

‘KRAS’. These are the same filters that were applied when doing the filtering of 

PANC1 KRAS knockdown data through TCGA using an R script. Then Kaplan-

Meier plots for ‘Disease specific survival’ were generated from the gene expression 

column for different genes and inspected for significance (p value below 0.05). 

‘Disease specific survival’ refers to the length of time from the diagnosis of a disease 

that the patients diagnosed have not died from the disease. 
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Chapter 3  

Results 

 

3.1 Differential gene expression in control PANC1 compared to 

KRAS knockdown PANC1 cells  

We first asked what lncRNAs are downregulated when comparing control 

pancreatic cancer cells to KRAS knockdown pancreatic cancer cells. We used the 

pancreatic cancer cell line PANC1 and transfected the cells with an siRNA against 

KRAS. This transfection would result in cells that have one of the main drivers of 

pancreatic cancer, a KRAS-mutant gene, knocked down. KRAS knockdown will also 

result in downregulation of its downstream targets, some of which may be genes that 

are upregulated in cancer. Therefore, when carrying out differential expression 

analysis of control PANC1 versus KRAS knockdown PANC1 RNA-seq data, some of 

the genes that are differentially expressed between cancer and non-cancer would be 

found. These would be genes that targets of the RAS pathway and are upregulated 

when KRAS is active, such as in KRAS-mutant pancreatic cancers, where it is 

constitutively active. 

We performed differential expression analysis with the cutoffs of adjusted p 

value below 0.01, or a false discovery rate of 1%, and absolute value of ���� fold 

change above 1.5. These strict cutoffs will return only the most significantly 

differentially expressed genes. This resulted in a total of 884 differentially expressed 
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genes, showing there are distinct expression patterns between control and KRAS 

knockdown conditions. Out of the 884 genes, 664 were upregulated and 238 were 

downregulated (Figure 3.1). The downregulated genes are the ones that will be used 

in the subsequent steps. These genes are downregulated after one of the main drivers 

of the cancer, KRAS, is knocked down, so they can be compared to the genes that are 

upregulated in cancer versus non-cancer. Some targets of the RAS pathway were 

significantly downregulated, as expected (Figure 3.1). We then checked if the 

downregulated genes were involved in cancer.  
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Figure 3.1: Volcano plot of differentially expressed genes between control PANC1 

and KRAS knockdown PANC1 cells. The x axis indicates the log2 fold change and 

the y axis indicates the ������(adjusted p value).  The vertical dashed lines indicate 

the cutoff of ���� fold change > 1.5 and < -1.5. The horizontal dashed line indicates 

the adjusted p value cutoff of < 0.01, or in this axis a value of 2. KRAS and targets of 

the RAS pathway are labeled.  

 

 

3.2 Gene set enrichment analysis 

In order to confirm that the genes that were downregulated after KRAS 

knockdown were involved in cancer, we did gene set enrichment analysis as part of 

the validation. Upregulated genes were also analyzed. The top represented biological 
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processes for upregulated genes included several processes related to immune 

response, such as type I interferon signaling pathway and interferon-gamma-mediated 

signaling pathway (Figure 3.2A). In addition, apoptosis was also enriched (Figure 

3.2B). There were other terms that are broad, such as cytokine-mediated signaling 

pathway. For the downregulated genes, the top biological processes enriched included 

terms such as regulation of fibroblast growth factor receptor signaling pathway, cell 

migration, motility, and proliferation (Figure 3.2C). There were also some broad 

terms such as positive regulation of macromolecule metabolic processes. These 

results point to the downregulated genes being involved on processes that are related 

to cancer. We could then move on to further validate these genes by filtering them 

through KRAS-mutant cancer data from The Cancer Genome Atlas (TCGA). 
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Figure 3.2: Enriched GO Terms in PANC1 KRAS knockdown data. All terms have 

adjusted p value below 0.01. The length of the bar represents the significance of that 

term and the brighter the color, the more significant that term is. A) GO Biological 

Processes 2018 enriched in upregulated genes. B) Wiki Pathways 2019 enriched in 

upregulated genes. C) GO Biological Processes 2018 enriched in downregulated 

genes. 

 

 

A. 

B. 

C. 
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3.3 Filtering of differentially expressed lncRNAs after KRAS 

knockdown using TCGA data 

We then needed to filter the downregulated genes in order to pull out only the 

ones that are upregulated from healthy (GTEx) to cancer (TCGA) data. We focus on 

the downregulated genes from control to KRAS knockdown cells since some of these 

will be upregulated from healthy to cancer data, where KRAS is constitutively active. 

This way, we would have a filtered, validated list of lncRNAs when looking to see if 

they are detectable in the exosomes of PANC1 cells.  

When doing the filtering, we started with the list of both downregulated and 

upregulated genes after PANC1 KRAS knockdown and later focused on only 

downregulated genes. We first extracted the lncRNAs from the differentially 

expressed genes since we were interested in looking for them for potential 

biomarkers. A total of 76 lncRNAs were significantly differentially expressed in the 

PANC1 KRAS knockdown data. Of those, 38 were found in the counts dataset of the 

TCGA TARGET GTEx cohort. From those, 11 passed the filtering criteria of: being 

downregulated in PANC1 KRAS knockdown data, and also significantly upregulated 

in TCGA compared to GTEx, and viceversa. All 11 lncRNAs were downregulated in 

PANC1 KRAS knockdown data and upregulated in TCGA compared to GTEx, none 

were in the opposite category. Table 3.1 shows the ���� fold change and adjusted p 

value for those lncRNAs in the PANC1 KRAS knockdown data and Figure 3.3 is a 

plot of ����(DESeq2_normalized_counts + 1) for those lncRNAs in GTEx and 

TCGA (the counts are the used in DESeq2 to calculate ���� fold changes). The gene 
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expression in this plot was chosen to be displayed as 

����(DESeq2_normalized_counts + 1) rather than ���� fold changes because when 

looking at exosomal data, there are no ���� fold changes since there is only one 

condition. As such, the exosomal data can only be displayed in absolute values, like 

����(DESeq2_normalized_counts + 1). These 11 lncRNAs that passed the filtering 

criteria, of being downregulated in KRAS knockdown PANC1 data and upregulated 

in TCGA data are now validated. This validated list of pancreatic-cancer-associated 

lncRNAs can now be used to look for these lncRNAs in the exosomes derived from 

PANC1 cells.  

 

 

Table 3.1: lncRNAs from PANC1 KRAS knockdown data that passed the filtering 

criteria through TCGA data. ���� fold change and adjusted p value from the PANC1 

KRAS knockdown differential expression analysis shown. 

 

 

 

Gene
log2 Fold 

Change

Adjusted p 

value

AC012321.1 -1.5909382 5.09E-10

AC019069.1 -2.1229222 7.09E-07

AC106712.1 -4.6798001 0.00270624

AC114811.2 -2.6499184 0.00300167

AL121772.1 -1.545211 1.27E-05

AL132656.2 -2.2341896 0.001151

AL512408.1 -1.6093881 0.00055561

DLG5-AS1 -1.6459002 0.00864841

LINC00294 -1.8717056 1.70E-19

LINC02535 -2.9525433 0.0042528

NBPF25P -2.3018031 8.67E-05
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Figure 3.3: Plot of ����(DESeq2_normalized_counts + 1) in GTEx and TCGA for 

lncRNAs that passed filtering criteria. GTEx is shown in blue and TCGA is shown in 

red. The difference in ����(DESeq2_normalized_counts + 1) between GTEx and 

TCGA was significant (p value < 0.05 in a Welch’s Two-Sample t-test) 

 

 

3.4 Filtering of differentially expressed protein coding RNAs after 

KRAS knockdown using TCGA dataset 

We filtered the protein coding RNAs in the same way as the lncRNAs in section 

3.3. From list of differentially expressed genes in the PANC1 KRAS knockdown 

data, we extracted protein coding RNAs for further filtering using TCGA data. There 
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was a total of 793 protein coding RNAs. Of those, 229 were found in the counts 

dataset of the TCGA TARGET GTEx cohort. From those, 56 passed the filtering 

criteria of: if downregulated in PANC1 KRAS knockdown data, also be significantly 

upregulated in TCGA compared to GTEx, and viceversa. Out of the 56, 53 were 

downregulated in PANC1 KRAS knockdown data and upregulated in TCGA 

compared to GTEx (KRAS is one of them), and three were upregulated in PANC1 

KRAS knockdown data and downregulated in TCGA compared to GTEx (Table 3.2, 

3.3). Figure 3.4 shows plots of ����(DESeq2_normalized_counts + 1) for those 

protein coding RNAs in GTEx and TCGA (the counts are the used in DESeq2 to 

calculate ���� fold changes). The gene expression in this plot was chosen to be 

displayed as ����(DESeq2_normalized_counts + 1) rather than ���� fold changes 

because when looking at exosomal data, there are no ���� fold changes since there is 

only one condition. As such, the exosomal data can only be displayed in absolute 

values, like ����(DESeq2_normalized_counts + 1). 

These 53 protein coding RNAs that passed the filtering criteria, of being 

downregulated in KRAS knockdown PANC1 data and upregulated in TCGA data are 

now validated. This validated list of pancreatic-cancer-associated protein coding 

RNAs can now be used to look for these RNAs in exosomes derived from PANC1 

cells. 
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Table 3.2: Downregulated protein coding RNAs from PANC1 KRAS knockdown 

data that passed the filtering criteria through TCGA data. Listed are the 

downregulated in PANC1 KRAS knockdown data and upregulated in TCGA 

compared to GTEx. Gene name, ���� fold change, and adjusted p value reported. 

RAS pathway targets are bolded. 

Gene
log2 Fold 

Change
Adjusted p value

ACSL4 -1.5688148 1.42E-38

ANKRD46 -1.6355997 2.02E-06

ASB2 -2.0604579 0.00154702

ATP2B3 -2.0556932 0.00438576

AURKA -1.8923102 3.63E-131

B3GNT6 -2.9503648 1.02E-23

BAG3 -1.5515578 1.05E-122

BIRC2 -1.9321328 4.44E-96

BRSK1 -1.9107205 9.89E-08

CEP57L1 -1.5007743 1.19E-26

CHST4 -1.9989731 0.00094445

CORO1C -1.6539648 3.19E-123

CORO2B -1.9941911 6.40E-05

COX18 -1.9798981 1.51E-12

EGR4 -2.7654628 3.14E-22

EIF4H -1.581243 8.64E-163

FAM135A -1.756318 6.91E-16

FERMT1 -1.613569 0.00869845

GDF15 -1.9521791 5.53E-46

GLE1 -1.8977891 1.22E-65

HPDL -1.7245331 0.00044667

HTR1D -3.4921362 1.21E-86

ICK -1.8624528 1.13E-15

IPO11 -1.9146585 6.22E-35

KRAS -4.3402848 2.86E-23

LY6K -2.6674035 8.26E-43

MFNG -1.7726091 0.00473353

MMGT1 -1.8414964 9.02E-78

MOB1B -2.3145116 1.50E-30

MTOR -1.5186094 5.41E-100

MYH15 -1.8379167 5.25E-21

NOG -2.7204534 4.37E-44

PAK1 -2.4928765 2.72E-73

PAK2 -1.5143702 1.08E-53

PHTF2 -1.9638059 2.59E-51

PSRC1 -1.5072647 1.08E-40

PTK2 -1.8225394 6.43E-67

RFLNB -2.3599169 5.54E-200

RIBC2 -1.5049054 0.00973966

RPRD1B -1.612812 2.65E-27

RRAGD -1.5182443 1.00E-28

SETD9 -1.7082025 4.52E-19

SLC26A2 -1.6893081 3.72E-57

SNX10 -2.3361036 9.34E-26

SPRED3 -2.9233154 3.51E-24

SSX2IP -1.7418999 1.19E-51

THBD -1.9233132 4.16E-06

TJP1 -1.6482956 8.87E-44

TMEM267 -1.6073924 3.53E-10

TNFSF12-TNFSF13 -3.4207553 0.00153495

TUB -1.9095872 2.96E-11

TXNDC15 -1.629625 4.01E-37

ZDHHC20 -1.9355209 3.72E-39
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Table 3.3: Upregulated protein coding RNAs from PANC1 KRAS knockdown data 

that passed the filtering criteria through TCGA data. Listed are the upregulated in 

PANC1 KRAS knockdown data and downregulated in TCGA compared to GTEx. 

Gene name, ���� fold change, and adjusted p value reported.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Gene
log2 Fold 

Change

Adjusted p 

value

ATP4A 7.83133805 5.10E-09

FO681492.1 4.97889548 0.00011613

NPHS1 3.05015057 0.00020343
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Figure 3.4: Plot of ����(DESeq2_normalized_counts + 1) in GTEx and TCGA for 

protein coding RNAs that passed filtering criteria. GTEx is shown in blue and TCGA 

is shown in red. A) Top half (26) by p value downregulated after KRAS knockdown 

and significantly upregulated from GTEx to TCGA. B) Upregulated after KRAS 

downregulated
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knockdown and downregulated from GTEx to TCGA and this difference was 

significant (pvalue < 0.05 in a Welch’s Two-Sample t-test). 

 

 

3.5 Search for lncRNAs that are detectable in exosomal RNA 

We then looked to see which of the 11 validated lncRNAs were detectable in 

the exosomes derived from PANC1 cells. These lncRNAs were downregulated in 

PANC1 KRAS knockdown data and significantly upregulated from GTEx to TCGA. 

The exosomes were isolated from the cell culture media in which the PANC1 cells 

were growing. The media was filtered using a 0.8 µm filter to get rid of larger 

contaminants such as dead cells. This filtrate was then passed through a column that 

would trap exosomes while filtering out smaller molecules such as cell-free RNAs. 

The criteria that we used for detectability was that a given lncRNA had more than 

zero counts for all three biological replicates and that at least one of the replicates had 

counts of 10 or above in the exosomal RNA-seq data. 

We found two lncRNAs to be detectable in the exosomes, AL121772.1 and 

LINC00294 (Figure 3.5). These two lncRNAs were also the only ones that passed the 

filtering cutoff in the exosomal RNA data. AL121772.1 is a novel transcript located 

in the short arm of chromosome 20 and it is an intergenic lncRNA, according to 

LNCipedia. So far only one published study, according to the GWAS Catalog, has 

reported on this lncRNA and has identified it as a “novel loc[us] associated with 

diisocyanate-induced occupational asthma” (Buniello et al. 2019; Yucesoy et al. 
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2015). LINC00294 is also an intergenic lncRNA and has been linked to astrocytoma, 

a malignant glioma, according to GeneCards (Stelzer et al. 2016).  

 

 

Figure 3.5: Detectable lncRNAs in PANC1 exosomes. Red dashed line indicates 

filtering cutoff of 10 counts, or in this plot a value of 3.46 (����(10+1)). The filtering 

kept lncRNAs where at least one out of the three replicates passed this cutoff.   

 

 

 

3.5.1 Survival analysis of detectable lncRNAs 

We then went a step further to see if the lncRNAs that were detectable in the 

exosomes may be correlated to survival. We decided to perform this step because if 

these lncRNAs were also correlated to survival, that would make them even more 

valuable as candidates for studies of biomarkers for pancreatic cancer. Out of the 
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two detected lncRNAs, LINC00294 showed significant (p value 0.04421) 

association with better prognosis when expressed at higher levels for ‘overall 

survival’ (Figure 3.6). However, when looking at the stricter ‘disease specific 

survival’, which refers to the length of time from the diagnosis of a disease that the 

patients diagnosed have not died from the disease, or in this case pancreatic cancer, 

LINC00294 was not significant (p value above 0.05).   

 

 

 

Figure 3.6: KM survival plot of overall survival of pancreatic adenocarcinoma 

patients dependent on LINC00294 expression level. X axis indicates number of 

days. Y axis indicates survival probability. Blue line indicates 

����(DESeq2_normalized_counts + 1) < 8.52. Red line indicates 

����(DESeq2_normalized_counts + 1) ≥ 8.52. p value = 0.04421. 
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3.6 Search for protein coding RNAs that are detectable in exosomal 

RNA 

We then looked to see which of the 53 validated protein coding RNAs were 

detectable in the exosomes derived from PANC1 cells. These protein coding RNAs 

were downregulated in PANC1 KRAS knockdown data and significantly upregulated 

from GTEx to TCGA. The criteria that we used for detectability was that a given 

protein coding RNA had more than zero counts for all three biological replicates and 

that at least one of the replicates had counts of 10 or above in the exosomal RNA-seq 

data. This is the same criteria used for lncRNAs. We found 30 protein coding RNAs 

to be detectable in the exosomes (Figure 3.7). The genes on the right side of the plot 

in Figure 3.7 have the highest number of counts and tight distribution of counts. As 

expected, many genes that have roles in cancer are detectable, such as KRAS and 

MTOR.  

In order to get a glimpse on what these genes are involved in, we performed 

gene set enrichment analysis. This analysis showed an enrichment of several 

pathways related to cancer (Figure 3.8). The most enriched pathway is ErbB signaling 

pathway, which functions upstream of the KRAS signaling pathway. The pancreatic 

adenocarcinoma pathway is also enriched since many of the genes involved in 

pancreatic cancer are found in this list. Other pathways include the integrated breast 

cancer pathway and the epithelial to mesenchymal transition in colorectal cancer 

(Slenter et al. 2018). These results show what is expected of these set of genes, that 

they are involved in cancer.  
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Figure 3.7: Detectable protein coding RNAs in PANC1exosomes. Red dashed line 

indicates filtering cutoff of 10 counts, or in this plot a value of 3.46 (����(10+1)). The 

filtering kept protein coding RNAs where at least one out of the three replicates 

passed this cutoff.   
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Figure 3.8: Enriched Wiki Pathways 2019 in protein coding RNAs detectable in 

PANC1 exosomes. All terms have adjusted p value below 0.01. The length of the bar 

represents the significance of that term and the brighter the color, the more significant 

that term is.  

 

 

3.6.1 Survival analysis of detectable protein coding RNAs 

We then went a step further to see if the protein coding RNAs that were 

detectable in the exosomes may be correlated to survival. We decided to perform this 

step because if these RNAs were also correlated to survival, that would make them 

even more valuable as candidates for studies of biomarkers for pancreatic cancer. Out 

of the 30 protein coding RNAs found to be detectable in the exosomes, AURKA and 

PAK2 showed significant association with poor prognosis when expressed at higher 

levels when looking at ‘disease specific survival’ (Figure 3.9 and 3.10, respectively). 

AURKA codes for Aurora kinase A, a cell-cycle regulated kinase that seems to be 

involved in microtubule formation at the spindle pole during chromosome 

segregation. This gene may also play a role in tumor development and progression 

and has been associated with colorectal cancer (Stelzer et al. 2016). AURKA DNA 
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high copy number has also been correlated with poor prognosis in acral melanoma 

(Yan et al. 2018). Furthermore, AURKA has already been identified as a target for 

cancer therapy and inhibitors for it have been generated (Yan et al. 2016). PAK2 

codes for the p21 activated kinase 2, which belongs to the PAK family. This 

particular one may play a role in the regulation of apoptotic events in the dying cell as 

well as in cancer (Stelzer et al. 2016; Kumar et al. 2016). PAK2 has also been 

identified as a possible therapeutic target to resensitize HER-2 positive breast cancer 

cells to lapatinib by using a PAK inhibitor treatment (Chang et al. 2018). In sum, we 

found two protein coding RNAs that are correlated to survival and have inhibitors 

available.   

 

Figure 3.9: KM survival plot of disease specific survival of pancreatic cancer 

patients dependent on AURKA expression level. X axis indicates number of days. Y 

axis indicates survival probability. Blue line indicates 

����(DESeq2_normalized_counts + 1) < 8.677. Red line indicates 

����(DESeq2_normalized_counts + 1) ≥ 8.677. p value = 0.002288. 
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Figure 3.10: KM survival plot of disease specific survival of pancreatic cancer 

patients dependent on PAK2 expression level. X axis indicates number of days. Y 

axis indicates survival probability. Blue line indicates 

����(DESeq2_normalized_counts + 1) < 12. Red line indicates 

����(DESeq2_normalized_counts + 1) ≥ 12. p value = 0.0377. 
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Chapter 4  

Discussion 

 

The question addressed here was what pancreatic-cancer-associated lncRNAs 

are detectable in the exosomes released from pancreatic cancer cells. Given the 

contents of exosomes and that they play a role in tumorigenesis and metastasis, we 

hypothesized that they will be enriched in lncRNAs that are upregulated in pancreatic 

cancer (Kim et al. 2017; Zhang et al. 2018). We first needed to have a list of 

pancreatic-cancer-associated lncRNAs. To come up with such a list, we used the 

pancreatic cancer cell line PANC1 and first set out to find which RNAs are 

differentially expressed when comparing control PANC1 to KRAS knockdown 

PANC1 cells. KRAS is one of the main drivers of pancreatic cancer, with KRAS 

mutations present in about 90% of pancreatic cancers (Campbell et al. 2007). 

Therefore, we expected that when knocking down KRAS, its downstream targets will 

be downregulated. A few targets of the RAS pathway did appear significantly 

downregulated and none were upregulated, as expected (Figure 3.1).  

Gene set enrichment analysis of the upregulated genes revealed enrichment of 

many immune response terms. This could be due to the cell responding to stress from 

the downregulation of KRAS resulting in widespread changes in gene expression. 

Cell stress can also come from KRAS downregulation causing an increase in 

apoptosis, which is indeed a significantly upregulated pathway (Figure 3.2B). KRAS 
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activates the RAF pathway, which results in the inhibition of BIM, which leads to cell 

survival, therefore when KRAS is knocked down, it leads to apoptosis (Slenter et al. 

2018). On the other hand, the terms that were enriched for the set of downregulated 

genes were mostly cancer related, as expected (Figure 3.2C). We could then use these 

genes to generate a list of lncRNAs that are upregulated in cancer since these are 

genes that are downregulated after knocking down one of the main drivers of the 

cancer, KRAS.  

We then took the list of downregulated lncRNAs and protein coding RNAs and 

filtered it using KRAS-mutant pancreatic cancer TCGA data. We focused on the 

downregulated genes since they are downregulated after knocking down one of the 

main drivers of the cancer, KRAS, therefore some of these genes will be upregulated 

from healthy to cancer. The list of lncRNAs that were downregulated from control to 

KRAS knockdown PANC1 cells yielded 76 lncRNAs. When those lncRNAs were 

searched in the TCGA TARGET GTEx cohort counts dataset, only 38 were present. 

This could largely be due to the GENCODE annotations that were used. All the 

analysis for this project was done using GENCODE version 31, released June 2019, 

whereas TCGA TARGET GTEx uses version 23, released July 2015. New lncRNA 

annotations are constantly being made, therefore, many of the lncRNAs that are now 

annotated, may not have been at the time version 23 was released and thus be missing 

from this dataset. We also include protein coding RNAs in our analysis since they 

were present in our exosomal RNA libraries. Out of the 793 differentially expressed 

protein coding RNAs, only 229 were present in the counts dataset. This could be due 
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to the Ensembl gene names containing a version number at the end of the name, 

which may have been different between the PANC1 KRAS knockdown data and the 

TCGA TARGET GTEx dataset. This variation could have also played a role in the 

lncRNA gene names. This is something that could be fixed by getting rid of the 

version number at the end of the name in the future and could potentially reveal more 

lncRNAs and protein coding RNAs. Nevertheless, we obtained a list of validated 

pancreatic-cancer-associated RNAs, which we could then use to see which are 

detectable in the exosomes released from pancreatic cancer cells.  

The 11 lncRNAs that passed the filtering criteria were all downregulated in our 

data and upregulated in TCGA, none were in the reverse category (Figure 3.3). This 

makes sense given that most lncRNAs are upregulated in TCGA compared to GTEx. 

This was similar in protein coding RNAs, where 53 were upregulated in TCGA and 

only 3 were downregulated (Figure 3.4). Similarly, more genes appear to be 

upregulated in TCGA data than downregulated, this makes sense given that cancer is 

characterized for global DNA hypomethylation (Ehrlich et al. 2010). Furthermore, we 

were only interested in the RNAs that are downregulated from control to KRAS 

knockdown and upregulated from normal (GTEx) to cancer (TCGA). This is because 

in order to be a biomarker for cancer, a gene should be expressed at higher levels in 

cancer samples relative to normal samples. 

We then proceeded to see which of these validated pancreatic-cancer-associated 

lncRNAs and protein coding RNAs were detecteable in the exosomes derived from 

PANC1 cells. The cutoffs that we used to define whether a particular RNA was 
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detectable in the exosomes were placed in order to increase the signal-to-noise ratio. 

Stricter cutoffs were avoided because this study is at the early stage of the research 

process for biomarkers for pancreatic cancer. Getting rid of too many RNAs could 

mean losing out on potential biomarker candidates that could give a stronger signal in 

patient samples. Out of the 11 validated lncRNAs, we found two, AL121772.1 and 

LINC00294, to be detectable in the exosomes from PANC1 cells (Figure 3.5). These 

lncRNAs were also the only ones that passed the filtering cutoffs for the exosomal 

RNA. Among the reasons that so few lncRNAs were present with relatively high 

counts could be the RNA concentrations of the samples that were used to prepare 

libraries. In addition, the sequencing depth was only about 5 million reads, compared 

to about 30 million reads for the KRAS knockdown RNA-seq data. Therefore, some 

less abundant lncRNAs may not have been sequenced deeply enough.  

The validated list of protein coding RNAs was larger, there were 56, and we 

found 30 to be detectable in the exosomes (Figure 3.7). Gene set enrichment analysis 

of these genes showed enrichment for cancer-associated pathways (Figure 3.8). These 

results show what is expected of these set of genes, since they are all upregulated 

from GTEx to TCGA data. 

Survival analysis revealed that two genes, AURKA and PAK2, are significantly 

correlated with poor prognosis at elevated levels when looking at disease specific 

survival (Figure 3.9 and 3.10). Correlation with survival outcomes, having been 

identified as targets for therapy, and the availability of inhibitors, makes these two 

genes even more powerful candidates for biomarkers of pancreatic cancer. These 
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protein coding RNAs can serve as candidates for studies of biomarkers for detection 

and prognosis of pancreatic cancer. 

Together, these findings represent a new set of candidates for further studies of 

biomarkers for pancreatic cancer. We found two lncRNAs and 30 protein coding 

RNAs to be detectable in the exosomes of PANC1 cells. Of these, one lncRNA, 

AL121772.1, is a novel transcript, and two protein coding RNAs, AURKA and 

PAK2, are associated with poor prognosis and inhibitors against them have been 

developed. Currently, there is a need for biomarkers for pancreatic cancer that can be 

used for liquid biopsy. In addition, to provide a comprehensive cancer diagnosis a 

panel of biomarkers is likely to be much more robust than one or two biomarkers 

(Zhang et al. 2018b). Our findings represent more information toward filling the 

pancreatic cancer biomarker gap since they present a set of potential biomarker 

candidates from exosomes released from pancreatic cancer cells.  

In the future, one aspect of these experiments that could be tweaked to see if 

that leads to similar results and if it increases signal-to-noise ratio in RNA-seq data is 

when the exosomes are collected. They could be collected at earlier time points such 

as when cells are still in log phase, but have reached a high confluence level, also 

immediately after cells reach full confluence. This may mean there is a lower 

exosome concentration in the media, which would yield less RNA, but the exosomes 

would be more representative of actively dividing cells. In this initial study, we 

decided to collect the exosomes two days after full confluence because that gave the 

highest concentration of exosomes in the media. This meant a higher concentration of 
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RNA since getting high amounts of RNA from exosomes from cell culture media is 

already difficult since they are not highly abundant. In addition, we could also test for 

the presence of exosomes by doing a western blot against exosomal surface proteins 

from the cell culture media or other starting material. As exosomal RNA isolation 

methods improve, it will become easier to obtain higher RNA concentrations. 

Furthermore, in the PANC1 KRAS knockdown experiment, RNA was collected 

24 hours after siRNA transfection, which may not be enough time for some of the 

changes in gene expression to take effect. This time period was chosen since KRAS 

knockdown is lethal for the cells and waiting longer could mean the cells start dying. 

However, we could test to see if after periods longer than 24 hours the cells are still 

viable, and if that is the case, RNA could be collected at a later time point and that 

would allow for more changes in gene expression to have occurred.  

In addition, in the current research, we used RNA-seq data obtained from 

comparing control to KRAS knockdown PANC1 cells, and while this yields many 

genes that are also upregulated from normal to cancer cells, it is not an equivalent 

comparison. We may still be missing many genes that may not have been 

significantly affected by KRAS knockdown, but that are still upregulated from 

normal to cancer cells. These may be genes that are targets of other driver mutations 

that occur after KRAS. A study that avoids this problem, that could be carried out in 

the future, would need to use both normal and cancer cells that are of the same 

cellular background, such as the same patient, something we did not have access to.  
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The next steps in future research following these findings would be to look for 

these RNAs that were detectable in the exosomes from cell culture media, in 

exosomes derived from patient plasma samples and other biofluids. If detectable, the 

RNAs would then have to be validated for whether they can differentiate the plasma, 

or other biofluid tested, of cancer patients from that of healthy patients.  

On the other hand, the contents of exosomes are not necessarily representative 

of those in the cell (Kim et al. 2017). Therefore, using only exosomal RNA when 

looking for biomarkers from exosomes is preferable. Using data derived from whole-

cell RNA could mean RNAs that are abundant in the exosomes, but not in the cells, 

are missed. Exosomal RNA from normal pancreatic cells could be compared to that 

from pancreatic cancer cells to find RNAs that can distinguish cancer from normal 

samples at high sensitivity and specificity. For such a study to be possible, large 

patient cohorts are needed.  
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Appendix 

 

 
 

Appendix Figure 1: Relative fold change in KRAS RNA expression is shown for 

siKRAS cells (in gray) relative to negative control siCy3 cells (in black). Significance 

was calculated with an unpaired t-test.  

qPCR experiment and statistical analysis carried out by Meghan Durham. 

 

 

 

 

 
 

Appendix Figure 2: Bioanalyzer trace of cDNA generated during PANC1 exosomal 

RNA library prep from one of the biological replicates. X axis shows the size in bp 

and Y axis shows the fluorescence units (FU). 
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 Control 1 Control 2 Control 3 siKRAS 1 siKRAS 2 siKRAS 3 

Per base 

sequence quality 
Most bases 

high 30s or 

40  

Most bases 

high 30s or 

40  

Most bases 

high 30s or 

40  

Most bases 

high 30s or 

40  

Most bases 

high 30s or 

40  

Most bases 

high 30s or 

40  

Sequence 

quality scores 
Most reads 

had mean 

seq. quality 
of 40 

Most reads 

had mean 

seq. quality 
of 40 

Most reads 

had mean 

seq. quality 
of 40 

Most reads 

had mean 

seq. quality 
of 40 

Most reads 

had mean 

seq. quality 
of 40 

Most reads 

had mean 

seq. quality 
of 40 

Per base N 

content 
None None None None None None 

Overrepresented 

sequences 
One at 

0.13%. 100% 
seq. identity 

to 

mitochondrial 
genome 

One at 

0.11%. 100% 
seq. identity 

to 

mitochondrial 
genome 

One at 

0.13%. 100% 
seq. identity 

to 

mitochondrial 
genome 

None One at 

0.14%. 100% 
seq. identity 

to 

mitochondrial 
genome 

One at 

0.13%. 100% 
seq. identity 

to 

mitochondrial 
genome 

Adapter content None None None None None None 

 

Appendix Table 1: QC summary of RNA-seq data for PANC1 KRAS knockdown 

data. 

 

 

 

 

 Rep. 1 Rep. 2 Rep. 3 

Per base 

sequence quality 
Most bases 
mid 30s  

Most bases 
mid 30s  

Most bases 
mid 30s  

Sequence 

quality scores 
Most reads 

had mean 

seq. quality 
of 35 

Most reads 

had mean 

seq. quality 
of 35 

Most reads 

had mean 

seq. quality 
of 35 

Per base N 

content 
None None None 

Overrepresented 

sequences 
38 ranging 
from 0.68 – 

0.1%. Close 

to 100% seq. 
identity to 

rRNAs 

38 ranging 
from 0.64 – 

0.1%. Close 

to 100% seq. 
identity to 

rRNAs 

39 ranging 
from 0.63 – 

0.1%. Close 

to 100% seq. 
identity to 

rRNAs 

Adapter content None None None 

 

Appendix Table 2: QC summary of RNA-seq data for PANC1 exosomal RNA 

 

 

 

 
 Control 1 Control 2 Control 3 siKRAS 1 siKRAS 2 siKRAS 3 

Total Illumina 

HiSeq4000 reads 
29,579,373 34,792,960 32,970,404 27,629,206 31,184,369 43,496,187 

Percentage reads 

mapped 
91.0% 91.2% 90.2% 91.7% 91.2% 91.2% 

 

Appendix Table 3: Total number of reads and percentage of reads mapped per 

biological replicate (1-3) per condition 
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 Rep. 1 Rep. 2 Rep. 3 

Total Illumina 

NextSeq reads 
4,441,149 5,749,133 4,362,937 

Percentage 

reads mapped 
49.7% 41.0% 44.5% 

  

Appendix Table 4: Total number of reads and percentage of reads mapped per 

biological replicate (1-3).  
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