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While cancer genomics has historically focused on the coding genome, the 3' untranslated 

region (3’UTR) represents a largely unexplored avenue for uncovering alternative genetic 

drivers of disease. The 3’UTR controls mRNA stability and translation through sequence and 

structure-based features that recruit trans-acting factors such as RNA-binding proteins (RBPs) 

and microRNAs (miRNAs). Though many studies have discovered ways in which RBPs, 

miRNAs, or other aspects of the 3’UTR are oncogenic, little is known about how somatic 

mutations to the 3’UTR may function in cancer. In this dissertation, I discuss how I built and 

utilized a pair of massively parallel reporter assays (MPRAs) to better understand the role of 

3’UTR mutations in prostate cancer. Using these novel tools, I measured how thousands of 

3’UTR mutations found in advanced stage prostate tumors affect multiple levels of post-

transcriptional gene expression, uncovering hundreds of patient mutations that significantly 

affect either mRNA stability or translational efficiency. Additionally, I performed CRISPR-Cas9 

base editing to demonstrate that introduction of oncogenic patient 3’UTR mutations into their 



 

endogenous genomic context leads to increased cell growth and stress resistance. In parallel, I 

applied this same base editing technology to a patient mutation of interest in the 5’ untranslated 

region, proving that single-nucleotide changes to either UTR can have significant effects on 

mRNA translation. This work represents an unprecedented view of the extent to which disease-

relevant UTR mutations affect mRNA stability, translation efficiency, and cancer, where use of 

cutting-edge technology brings us closer to understanding the full breadth of genetic drivers in 

cancer.   
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CHAPTER 1: INTRODUCTION 

Portions of this chapter are adapted from: Schuster SL, Hsieh AC. The Untranslated Regions of 

mRNAs in Cancer. Trends Cancer. 2019 Apr;5(4):245-262. doi: 10.1016/j.trecan.2019.02.011. 

Epub 2019 Mar 22. PMID: 30961831; PMCID: PMC6465068. 

 

1.1 Prostate cancer pathogenesis and genomics 

1.1.1 The progression and treatment of prostate cancer 

 Prostate cancer (PCa) is the most commonly diagnosed cancer and the second-leading 

cause of cancer-related death in US men1. Despite prostate cancer being widespread, the 

prognosis for most men is favorable, with the overall 5-year survival rate being almost 97%. 

However, this risk is very dependent on staging, where the 73% of cases that are diagnosed at 

the localized stage have essentially a 100% 5-year survival rate, with treatment with surgery or 

localized radiation being typically curative. Unfortunately, these numbers drop to an only 32% 5-

year survival rate in men diagnosed with metastatic disease2. Once patients have presented 

with metastatic disease, whether upon diagnosis or having recurred after localized treatment, 

systemic therapies are needed to control the disease. Overall, 20-30% of patients diagnosed 

with localized disease progress after surgery within 5 years, though this number can be over 

50% for high-risk localized PCa patients3–7.  

 Treatment-naïve prostate cancer is highly dependent on androgen signaling for growth, 

and therefore the first line of systemic therapy against advanced PCa is androgen deprivation 

therapy (ADT). Common forms of ADT include leuprolide, goserelin, buserelin, and others, all of 

which are gonadotropin-releasing hormone (GnRH) agonists. These GnRH activators increase 

the release of luteinizing hormone, which triggers androgen synthesis. While this initially causes 

a spike in androgen levels, negative feedback then inhibits the system, resulting in castrate 

levels of androgens, decreased cell proliferation, and prolonged patient survival. Other ADT 

options include the GnRH antagonist degarelix or physical castration, either of which can also 
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be used to decrease androgen levels in the body8,9. Though the initial results of ADT in patients 

are excellent, many tumors acquire resistance to such treatment, with 2-3 year durations of 

stable disease before progression. Prostate cancer that has progressed despite castrate levels 

of testosterone is termed castration-resistant PCa (CRPC).  

 Metastatic prostate cancer, particularly metastatic castration-resistant prostate cancer 

(mCRPC), is often considered incurable. Despite significant research into therapies for mCRPC, 

numerous clinical trials, and several FDA approvals, no treatment has been found that prolongs 

patient survival for more than a short period before resistance is again acquired and the patient 

eventually succumbs to the disease. These novel therapies include second-line hormonal 

therapies, PARP inhibitors, prostate-specific membrane antigen (PSMA)-based 

radionucleotides, and others10. Second-line hormonal therapies including abiraterone and 

enzalutamide target the androgen metabolism pathway in distinct ways from ADT, providing new 

ways to decrease androgen-based cell growth after ADT resistance. Abiraterone acetate is a 

CYP17 inhibitor, a key enzyme of the androgen synthesis pathway, thereby suppressing native 

testosterone production11,12. Enzalutamide blocks androgen signaling in several ways: it is a 

competitive inhibitor of testosterone binding to the androgen receptor (AR), inhibits AR 

translocation to the nucleus, and prevents AR from binding target DNA sites13. These AR-

targeting therapies are effective in CRPC because even ADT-resistant tumors still often utilize 

the AR pathway to increase cell proliferation by upregulating AR expression. Therefore, 

targeting other nodes of this pathway can still be effective14. Both abiraterone and enzalutamide 

are now considered standard care for mCRPC, increasing patient survival by medians of 2-5 

months depending on the trial context10.  

 For patients harboring mutations in homologous recombination repair (HRR) pathway 

genes, such as ATM, BRCA1, BRCA2, and others, PARP inhibitors are effective gene-targeted 

therapies for advanced disease. These treatments work via synthetic lethality, where the 

decreased function of DNA repair upon HRR mutation sensitizes cells to drugs targeting other 



3 
 

DNA repair pathways. Two PARP inhibitors, rucaparib and olaparib, are now FDA approved for 

mCRPC treatment15–17. For patients without such precision medicine treatments available, 

targeted radionucleotides can be an option. One such treatment strategy delivers beta-particle 

radiation to cells of prostate origin by tethering Lutetium-177 to PSMA, a membrane protein 

highly expressed on prostate cancer cells18. Alternatively, radium-223 can be used to suppress 

metastases, as this alpha emitter selectively traffics to regions of increased bone growth, 

effectively treating the most common site of metastasis in prostate cancer19. Other treatments of 

advanced PCa include the chemotherapy docetaxel and the immunotherapy sipuleucel-T, both 

of which have been found to extend mCRPC patient survival7,20. Despite these many 

advancements in the treatment of mCRPC, aggressive prostate cancer tumors invariably 

acquire resistance to therapies, leading to the estimated ~35,000 deaths annually from PCa in 

the US1. The wide-ranging mechanisms of resistance to therapy suggest further need to 

understand the underlying genetic heterogeneity of prostate cancer.  

 

1.1.2 Genomics of prostate cancer 

 Prostate cancer has a relatively low burden of mutations compared to many other 

cancers, with a median of approximately 1 mutation per megabase21. In primary prostate 

cancer, the most prevalent genomic aberrations are ETS gene family fusions, which are found in 

~50% of cases22,23. The TMPRSS2-ERG fusion accounts for 40-50% of these, wherein the 5’ 

end of the androgen responsive TMPRSS2 gene is fused with the transcription factor ERG, 

driving increased oncogenic ERG expression24. Additional common mutations in localized PCa 

include point mutations in SPOP (8-11%) and FOXA1 (2-3%), each of which are associated with 

higher AR transcriptional activity. Approximately 45% of localized PCa tumors contain mutations 

that may be targeted by available genetic therapies, with 19% of patients harboring mutations in 

DNA repair genes that make them candidates for PARP inhibitors and 25% of patients having 

alterations within the druggable RAS/PI3K pathway22,25.  



4 
 

 The most striking difference between the genomics of localized PCa and mCRPC is the 

novel amplification of AR, which is present in 60-80% of aggressive tumors26,27. This 

amplification, whether of AR itself, its promoter, or a distant enhancer, succeeds in driving AR 

expression to such high levels that androgen deprivation therapy is no longer effective28.  

Though most AR pathway mutations are of AR itself, an additional 10-20% of patients harbor 

mutations in FOXA1, SPOP, NCOR1/2, or ZBTB16, diversifying the mechanisms by which 

castration resistance can be acquired. Additionally, loss of tumor suppressors is more common 

in advanced PCa than localized, with ~50% of patients harboring TP53 loss and 40% with 

PTEN loss.  

It is also important to note that there are significant differences in prostate cancer 

genomics between patient populations with different ancestry. Men of African descent are less 

likely than European ancestry patients to harbor ETS-family mutations including the TMPRSS2-

ERG fusion, while they display a higher percentage of mutations to FOXA1, SPOP, and DNA 

damage repair genes29,30. Chinese patients also have markedly higher incidence of FOXA1 

mutations than noted in white populations31. Diversifying the patient population in both genomic 

studies and clinical trials of prostate cancer will be an important part in understanding genomic 

heterogeneity as it stems from ancestry as well as across cancer progression.  

While these genomic studies of both localized and advanced PCa give significant insight 

as to resistance mechanisms and possible therapeutic opportunities, currently established driver 

mutations are not found in most tumors. In localized disease, ~26% of tumors could not be 

assigned to a major mutational category, and in advanced PCa, about 10% of patients did not 

harbor any potentially actionable mutations. Importantly, with PARP inhibitors being the only 

approved precision medicine in prostate cancer, the number of tumors with treatable driver 

mutations is even lower. This failure to find major driver mutations in a subset of patients could 

be attributed to these tumors harboring less recurrent mutations that are nonetheless important 

in small numbers of patients. This idea has been bolstered by the discovery of the “long tail” of 
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oncogenic drivers in PCa, wherein detailed analysis of a very large cohort of patients allowed 

the SU2C International Prostate Cancer Dream Team to find many previously unknown potential 

driver mutations with incidences of <3%32. Intriguingly, this long tail of significant mutations may 

also include non-coding mutations, which are often missed by the use of exome sequencing 

versus whole-genome sequencing (WGS). For a group of 200 intermediate risk, localized 

tumors that underwent WGS, 70 such non-coding mutations were found with incidences over 

2%, placing them around similar recurrence of FOXA1 and TP53 in this cohort23. Further 

genomic analysis beyond the exome with focus on non-coding mutations, epigenetics, and post-

transcriptional regulation are likely the next frontiers of understanding advanced prostate 

cancer.  

 

1.2 Regulatory functions of the 3’UTR in normal physiology and cancer 

1.2.1 Introduction to the 3’ untranslated region 

 Post-transcriptional processes account for approximately 60% of variation in protein 

expression33, and as such are vital for our complete understanding of proteome diversity. The 3’ 

untranslated region (3’UTR) is the domain downstream of the main coding sequence (CDS) of 

messenger RNA (mRNA) that controls critical post-transcriptional gene regulation processes. 

The 3’UTR contains a myriad of regulatory elements involved in mRNA processing, mRNA 

stability, and translation initiation. Moreover, emerging evidence suggests that the 3’UTR can be 

either directly mutated or co-opted in diseases such as cancer34,35. Nevertheless, most studies 

of cancer genomics have only focused on genetic aberrations of protein-coding regions of the 

genome36,37. This is largely because of the high cost of whole-genome sequencing in 

comparison to targeted exome sequencing, which under-captures UTRs. Though CDS-focused 

studies have undoubtedly increased our understanding of many cancers, these approaches 

have found actionable mutations in only 57% of tumors36. Therefore, the 3’UTR may harbor yet 

undiscovered drivers of cancer pathogenesis at the post-transcriptional level. 
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 Despite the critical role of the 3’UTR in controlling gene regulation, some studies argue 

that UTRs are not functionally important in cancer because regulatory region mutations rarely 

have effect sizes as large as protein-coding mutations38–40. However, many other studies have 

found evidence for the functional and clinical relevance of UTR mutations in cancer, both in 

genome-wide and gene-specific analyses. Whole-genome sequencing has identified areas of 

recurrent mutations across the UTRs of many cancer-related genes, arguing for extensive 

deregulation of UTR function in disease34,35,41. In addition to whole-genome studies, many 

targeted analyses have been performed of particular UTR regulatory elements, providing 

functional evidence for the significance of  3’UTR mutations42–45. In this section, I will explore the 

regulatory functions of the 3’UTR, how this region can be hijacked in cancer, and recent 

advances in technology for studying UTR elements.  

 

1.2.2 Cis- and trans-regulatory control of cancerous gene expression in the 3’UTR 

 The 3’UTR primarily functions through a dynamic interplay between sequence and 

structural motifs, collectively called cis-regulatory elements, and RNA-binding protein (RBPs) 

and small RNAs called trans-acting factors (Figure 1-1A). Together, they can shape the cellular 

proteome by tuning the metabolism and translation of specific mRNAs. Importantly, deregulation 

of cis-regulatory elements can drive cancer pathogenesis by inducing oncogenic gene 

expression. Here I will highlight a series of sequence-based and structural cis-elements and 

their related trans-acting factors implicated in cancer.  

AU-rich elements (AREs) are one of the most widely studied mRNA cis-regulatory 

elements. It has been shown that ARE-containing mRNAs are overexpressed in cancer and 

may play a role in mitotic progression46. Numerous RBPs have been observed to bind AREs, 

causing variable effects on mRNA stability or translation, with HuR (ELAVL1) and AUF1 

(HNRNPD) being two of the most well-studied47–49. HuR is overexpressed in many cancers and 

associated with poor patient outcomes, and may have potential as a therapeutic target50. While 
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HuR stabilizes its target mRNAs51,52, AUF1 usually acts through increasing mRNA decay, though 

its mechanism has proven to be variable across targets and systems, both increasing and 

decreasing either mRNA stability or translation depending on the context53. Yet another ARE-

binding RBP is FXR1, which has been found to simultaneously stabilize the cMYC mRNA and 

increase its translation54. In this way, FXR1 is oncogenic, with high expression associated with 

poor patient prognosis and necessary for tumor growth and metastasis in vivo.  This variability 

in both the trans-acting factor recruited to a given ARE site and the downstream effect of this 

interaction underscores the complexity of 3’UTR-mediated post-transcriptional gene regulation. 

Even given the presence of a known cis-regulatory element like an ARE within a 3’UTR 

sequence, it is difficult to determine how that element may affect mRNA dynamics.  

Though AREs were one of the first discovered 3’UTR regulatory elements55,56, many 

others have been described. For example, the guanine-rich element (GRE) promotes mRNA 

translation through interactions with the RBP CELF1. Interestingly, the GRE is enriched in the 

3’UTRs of 10 epithelial-to-mesenchymal transition (EMT) related genes and CELF1 is 

upregulated in breast cancer tissues and promotes lung metastasis in xenograft models57. In 

addition to sequence-based motifs, RBPs can also bind specific structural elements (Figure 1-

1B). For example, the BAT element is a structural motif consisting of a stem-loop with an 

asymmetrical bulge. This structural element represses translation of two EMT-related genes, 

Dab2 and ILEI, via the binding of heterologous nuclear protein (hnRNP) E1. TGFβ signaling can 

phosphorylate hnRNP E1, releasing it from the stem-loop, increasing protein expression of 

these genes, and promoting EMT58.  

These sequence- and structure-specific motifs demonstrate the functional consequences 

of UTR-mediated deregulation in cancer. The following sections will highlight additional 

examples of well-studied and emerging 3’UTR trans-acting factors and cis-elements that can 

promote cancer phenotypes. Importantly, many fundamental questions about cis-regulatory 

elements still remain. For example, it is unknown how commonly these motifs are somatically 
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mutated in cancer. Moreover, the mechanisms of many elements and what drives their 

selectivity in disease are open questions. Lastly, some of these elements can be found within 

the same mRNAs, raising the intriguing potential of cis- on cis- interactions that will require 

novel experimental designs to unlock their regulatory logic. 

  

1.2.3 Deregulation of 3’UTR miRNA binding sites in cancer 

MicroRNAs are one of the most extensively studied 3’UTR-mediated post-transcriptional 

regulators. These non-protein-coding RNAs are 20-22 nucleotides long and generally cause 

decreases in protein expression through translation repression followed by mRNA decay 

(Figure 1-1C)59,60. miRNAs are produced from precursor RNAs that are processed by the 

Drosha-DGCR8 complex and cleaved by the protein Dicer. The mature miRNA is then 

incorporated into the miRNA-induced silencing complex (miRISC) to functionally target and 

regulate mRNAs61. miRNAs exert their control over the translation of specific genes through 

complementary base-pairing between the miRNA and target mRNAs. Though the vast majority 

of miRNAs target sequences in the 3'UTR of mRNAs, they can also bind to the 5'UTR62 or 

within coding sequences63. Since miRNAs act through base-pairing of a relatively short 

sequence, each miRNA can have dozens to hundreds of targets throughout the genome, 

allowing a single miRNA to coordinately control functionally related pathways. miRNAs have 

been predicted to regulate the activity of >60% of all protein-coding genes in humans64. This 

abundance of target genes, along with their widespread conservation across eukaryotes, points 

to the ubiquitous importance of miRNAs in post-transcriptional gene regulation and hints at the 

numerous ways this tightly regulated control could go awry in cancer.  

miRNAs have been extensively studied in the context of disease and cancer (reviewed 

in 61,65–68). Expression of many miRNAs have been correlated with cancer development and 

prognosis in both oncogenic and tumor suppressive capacities. These include the classical 

“oncomiRs” miR-2169 and the miR-17-9270 family, which can induce or exacerbate tumor 
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formation in mouse models, respectively. One example of a tumor suppressive miRNA is 

miRNA-34a, which has been shown to impair progenitor cell function and metastatic potential in 

prostate cancer models71. Intriguingly, a small molecule therapeutic has been discovered that 

can increase miRNA-34a expression and inhibit tumor growth in vivo72, suggesting this form of 

UTR-mediated regulation can provide opportunities for therapeutic development. It is important 

to note that in some cases, the same miRNA can have both oncogenic and tumor suppressive 

functions depending on cellular context, which reveals the intricate complexities of miRNA-

mediated control of gene expression networks73,74. 

While much is known about the oncogenic and tumor suppressive functions of particular 

miRNAs, exceedingly little is known about how somatic mutations in miRNA binding sites of 

target gene 3’UTRs can impact tumorigenic gene expression and cancer phenotypes. Here I will 

highlight one known example of how genetic alterations within the 3’UTR can drive aberrant 

gene expression in cancer and speculate on the future expansion of this field. Targeted 3’UTR 

sequencing of genes previously associated with colorectal cancer (CRC) in a cohort of CRC 

patients uncovered a somatic mutation in the miR-136-5p target region of the E2F1 3’UTR75. 

E2F1 is an oncogenic transcription factor that regulates the cell cycle and is associated with 

poor prognosis in patients76. This novel 3’UTR mutation was associated with 4-fold increase in 

expression of E2F1 in the patient. Moreover, it was shown that the mutated E2F1 3’UTR 

increased gene expression in reporter assays. It remains to be seen whether this mutation 

would produce oncogenic phenotypes in vivo; nonetheless, its discovery illustrates that non-

coding mutations of specific 3’UTR miRNA binding sites may regulate expression of known 

oncogenes.  

The recent increase in cancer whole-genome sequencing enhances the potential for 

discovering somatic 3’UTR mutations that impact miRNA binding. For example, one study 

analyzed 3’UTR somatic mutations across four cancer types to uncover alterations that disrupt 

miRNA targeting45. 3’UTR somatic mutations were discovered that altered miRNA target sites in 



10 
 

cancer-associated genes such as TAL1, MITF, EPHA3, BMPR1B, and KDM5A. However, these 

have yet to be functionally tested. Additionally, large-scale computational analysis of 3’UTR 

sequencing data has been coupled with experimentally-validated miRNA binding sites to create 

a database containing somatic mutations predicted in silico to affect miRNA binding77. Novel 

large-scale functional assays will be necessary to determine the causal effects of these 

mutations on RNA metabolism, protein expression, and cancer phenotypes.  

 

1.2.4 Alternative 3’UTR isoforms in cancer 

Alternative polyadenylation (APA) is a mechanism of gene regulation conserved across 

many eukaryotes that occurs through the differential usage of multiple polyadenylation sites 

within an mRNA to change the length of the 3’UTR on the mature transcript. The 

polyadenylation site (PAS) is marked by several upstream and downstream consensus 

sequences, including the core AAUAAA hexamer, that indicate where the transcript will be 

cleaved and polyadenylated. Importantly, the similarity of a sequence to the canonical motif 

determines the strength of each polyadenylation site78. Often, the PAS closer to the coding 

sequence (the proximal PAS) has weaker consensus sequences, and more 3’ PASs (distal 

PASs) have stronger consensus sequences79. This allows for global regulation of 3’UTR length 

based on conditions that favor the use of strong versus weak consensus sequences. By 

changing the site at which precursor mRNA is cleaved and polyadenylated, alternative 

polyadenylation changes the length of a transcript’s 3’UTR and consequently includes or 

excludes cis-regulatory elements that regulate gene expression. Since many regulatory 

elements within the 3’UTR destabilize mRNA or repress translation, longer 3’UTRs generally 

lower protein expression, whereas shorter 3’UTRs increase protein expression (Figure 1D). 

Illustratively, more than 50% of conserved microRNA binding sites are located downstream of 

proximal poly(A) sites and therefore are only active when the distal PAS is used over the 

proximal PAS80,81. 
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Interestingly, cancer cells generally exhibit global 3’UTR shortening. One analysis across 

seven tumor types found 91% of genes that underwent differential APA between matched tumor 

and normal tissue expressed shorter transcripts in the context of cancer82,83. It is suggested that 

this systemic change helps proto-oncogenes escape regulation by suppressive elements in their 

3’UTRs that normally maintain balanced expression and prevent malignancy. For example, APA 

in triple-negative breast cancer patients leads to 3’UTR shortening of the oncogenes c-JUN and 

NRAS84. This can result in the exclusion of inhibitory Pumilio complex recognition sites from the 

3’UTR, which enables the persistent expression of these oncogenic transcripts. Interestingly, in 

this study, increased APA was associated with a higher incidence of lymph node invasion. In 

addition to increasing expression through transcript shortening, APA can repress expression by 

promoting longer isoforms of particular genes. An example of this in glioblastoma involves 

MGMT, which is a DNA repair enzyme associated with resistance to alkylating agents, such as 

temazolamide. Unlike normal brain tissue, gliomas utilize APA to express an isoform of MGMT 

with a longer 3’UTR that mediates lower mRNA levels of MGMT in part due to addition of 

miRNA binding sites85. This change in expression is associated with increased sensitivity to 

temazolamide in vitro. Though these examples highlight how of 3’UTR shortening increases 

gene expression, it is important to note that some 3’UTR elements are stabilizing86 and 

therefore shortening of particular 3’UTRs may result in decreased expression.  

Proximal versus distal poly(A) site usage and subsequent changes in 3’UTR length can 

be regulated by a variety of factors. In general, more abundant APA machinery enables the use 

of weaker poly(A) sites and shifts the balance towards usage of proximal, noncognate PAS and 

shorter 3’UTRs. In particular, upregulation of the polyadenylation factor CSTF64, an RNA-

binding subunit of the cleavage stimulation factor (CSTF) complex, is associated with 3’UTR 

shortening in TCGA data across five tumor types83. Though upregulation of APA machinery like 

CSTF64 and CPSF3 promotes proximal PAS usage, other studies have discovered APA factors 

that promote distal PAS usage, including PABPN1, CFIm25, and CFIm6887–90. In glioblastoma, 
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3’UTR shortening is mediated by downregulation of the Cleavage Factor Im (CFIm) complex 

subunit CFIm25. Depletion of CFIm25 increases growth and invasive ability in vitro, as well as 

drastically increases the size of tumors in a subcutaneous glioblastoma mouse model91. These 

studies raise the important questions of how competing APA signals are integrated to coordinate 

the regulation of mRNA targets and induce cancer phenotypes.  

In addition to alternative polyadenylation, differential 3’UTR splicing can be a mechanism 

of altering the 3’UTR isoform present in cells. While splicing of 3’UTR introns has not been 

widely studied, a newfound interest in these events has followed a recent study discovering their 

widespread importance in cancer92. This study of 3’UTR splicing across 10 cancer types 

determined that such events, similarly to APA, are upregulated in cancer, particularly in known 

oncogenes. They demonstrate that a particularly pervasive 3’UTR splicing variant in the 

CTNNB1 3’UTR contributes significantly to its oncogenicity in hepatocellular carcinoma and 

colon adenocarcinoma. As such, APA and 3’UTR splicing are two mechanistically different 

processes that each lead to the diversification of 3’UTRs possible for a single gene, thereby 

altering the regulatory elements present on the mRNA.  

 

1.2.5 Dynamic UTR modifications in cancer 

 Post-transcriptional modifications of mRNA have been known to occur for decades, 

since the discovery of N6-methyladenosine (m6A), 5-methylcytidine (m5C) and 2’O methylation in 

the 1970s93–95. Recent advances in whole-transcriptome, high-resolution techniques to map 

these modifications in response to changing cellular states have revealed their dynamic nature 

and invigorated the field96–99. Furthermore, the functional identification of some of the major 

regulators of these processes has opened the field to deeper study of epitranscriptomic 

changes and their importance as modulators of gene expression.  

 The most abundant and well-studied mRNA modification is m6A93–95, which is enriched in 

3’UTRs96, though also present in 5’UTRs100. This modification has been extensively reviewed in 
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101,102. In short, the m6A machinery includes the “writer” methyltransferase complex composed of 

two core catalytic subunits METTL3103 and METTL14104–107 and several non-catalytic 

subunits108, which are variably required to add methyl marks to the nitrogen-6 position of 

adenosine. These are countered by two AlkB family dioxygenases capable of erasing the m6A 

mark, FTO109 and ALKBH5110. The m6A mark is read by at least five YTH-domain family proteins: 

YTHDF1-3, which are primarily cytoplasmic, and YTHDC1 and YTHDC2, which are nuclear111–

114, that mediate a variety of effects on gene expression. For example, YTHDF2 can either 

promote cap-independent translation100 or mRNA degradation113,115 by binding 5’UTR or 3’UTR 

m6A sites, respectively. The readers YTHDF1112 and YTHDF3116 promote mRNA translation 

initiation, and YTHDC1117 can drive alternative splicing. m6A marks have also been shown to 

have roles in alternative polyadenylation118 and changing mRNA structure and subsequent 

affinity for RNA-binding proteins119,120 (Figure 1-1E).  

 As modifications that fine-tune mRNA metabolism and translation, particularly in 

response to cellular stresses that often exist in the tumor microenvironment100, m6A marks can 

play major roles in deregulating cancerous gene expression. Overexpression of the 

methyltransferases METTL3 and METTL14 have been implicated in maintaining stemness in 

cancer cell populations. Knockdown or mutation of either of these genes in human leukemia 

cells decreases cell growth, induces apoptosis, and delays the development of leukemia when 

transplanted into mice121,122. Additionally, high METTL3 levels in glioblastoma enhance SOX2 

m6A modification, mRNA stability, and stemness123. Interestingly, m6A demethylation machinery 

has similarly been linked to maintenance of cancer stem cells. High expression of ALKBH5 

correlates with poor patient prognosis in glioblastoma124 and increased FTO expression has 

been found in a subset of AMLs125. Knockdown of these demethylases in models of their 

respective tumor types decreases both cell proliferation and stem-cell features like colony 

formation in vitro and decreases tumorigenicity in vivo. In breast cancer, ALKBH5 has been 

found to have a role in the response to hypoxia in the tumor environment. In particular, exposure 
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to hypoxia increases HIF1α/HIF2α-dependent expression of ALKBH5, leading to NANOG 3’UTR 

demethylation, increased NANOG transcript stabilization, and breast cancer stem cell 

enrichment126. These results illustrate the potential clinical importance of epitranscriptomic gene 

regulation, where these complexes may represent a new approach to target therapy-resistant 

cancer stem cells. However, the fact that opposing machinery can drive similar phenotypes 

warrants additional studies regarding the specificity of each “writer” and “eraser” in cancer. 

 There are other post-transcriptional mRNA modifications of the UTR that are likely 

deregulated in cancer, though they are considerably less well studied. These include N1-

methyladenosine (m1A) and pseudouridine, both of which were first discovered on tRNA and 

rRNA, but more recently found and mapped on eukaryotic mRNA97,127,128. The functions of these 

RNA modifications on mRNA are not entirely clear, though m1A marks positively correlate with 

protein levels and there is evidence they can re-structure 5’UTRs to influence translation129. 

Pseudouridines stabilize tRNA and rRNA structure, and as such may also influence mRNA 

structure-related gene expression. Though the in vivo relevance is unclear, in vitro modification 

of mRNA uridine to pseudouridine has been shown to enhance translation by decreasing PKR 

activation and eIF2α phosphorylation130. Both m1A and pseudouridine modifications change in 

response to cellular stress such as heat shock and nutrient deprivation97,128,131, indicating that 

these are dynamic marks on mRNA that could contribute to cancer pathogenesis. The advent of 

high-resolution mapping techniques coupled with genomic screening tools may provide a means 

to delineate their function in normal and disease states96,97,99,127,128,131–133. 

 

1.2.6 Downstream open reading frames may represent novel mechanisms for translation 

regulation 

While upstream open reading frames (uORFs) placed within 5’UTRs have been studied 

for decades and are widely known to regulate the expression of main coding sequences134,135, 

downstream ORFs are significantly newer to the field. These ORFs have been noted in 
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ribosome profiling experiments136–138, but hadn’t been studied in detail until recently139. While 

dORFs are not usually conserved between species, their presence consistently increases the 

translation of the main ORF encoded on the same mRNA (Figure 1-1F). This upregulation of 

translation seems to be dependent on the number of dORFs present on an mRNA, but not by 

their peptide sequence or length. Interestingly, two dORFs have been found to regulate cell 

proliferation140, opening questions as to how such elements function to regulate either normal 

cellular homeostasis or may be co-opted in disease. The mechanism of how dORFs regulate 

the translation of their upstream counterparts and whether this is a conserved phenomenon 

remain open questions.  

 

1.3 Tools for investigation of the 3’UTR 

1.3.1 Studying UTRs in cancer on a whole-genome scale 

 The importance of UTRs as post-transcriptional regulatory regions in cancer has recently 

been expanding in earnest. Even so, research into these areas still lags far behind our 

knowledge and understanding of protein-coding regions, and there are still many unanswered 

questions for the field. Though attention in cancer genomics has been shifting to whole-genome 

sequencing, most studies of non-coding regulatory regions still primarily focus on promoter 

elements, neglecting the importance of UTRs and post-transcriptional regulation. This stems 

from the challenge posed by our incomplete understanding of UTR-mediated mechanisms of 

gene regulation as compared to the CDS or promoters. Whereas assigning function to CDS 

mutations is relatively straightforward using the knowledge of how the mutation changes protein 

biochemistry, the path between a non-coding mutation and its potential effects is often murky. To 

determine the relationship between a UTR mutation and its function, we must answer: Does it 

affect a known cis-element or structural motif? Does it functionally alter post-transcriptional 

regulation? Does it work combinatorially with any other regulatory element or mutation? These 
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questions could be addressed by adapting analyses currently performed for promoter and 

coding regions for UTR studies.  

Several analyses in recent years have used published whole-genome sequencing data 

to identify recurrently mutated non-coding regions in cancer and uncovered or confirmed 

promoter and enhancer elements with potential relevance to cancer35,38,141,142,149. These 

computational pipelines, some of which include searching for promoter transcription factor 

binding sites or comparison with RNA-seq to identify functional transcriptional differences, could 

be adapted to analyze mutations of known UTR cis-elements. Other new technologies, such as 

mRNA structural analysis through sequencing-based platforms143–146, measurement of 

translation initiation and efficiency through ribosome profiling147, or analysis of RBP binding to 

mRNA148 could also be combined with this mutational analysis to correlate functional 

consequences with cancer-specific UTR mutations. The PCAWG dataset has recently been 

used to achieve a pan-cancer view of non-coding mutations, wherein they discover recurrent 

mutations in both the 5’UTR and 3’UTR associated with significant changes in oncogenic 

expression149. Such pan-cancer analyses are important resources for the field. One recent study 

building on this dataset used an algorithm originally designed to study synonymous CDS 

mutations to detect 3’UTR cancer mutations predicted to disrupt protein-RNA interactions and 

thereby regulate gene expression within the PCAWG dataset150. They found that high burdens 

of these disruptive 3’UTR SNVs are more prevalent in cancer than normal tissue and associated 

with poor patient prognosis; however, very limited functional experiments were done to test how 

these mutations were working. Despite these intriguing findings and the many instances of 

UTR-mediated cancer oncogenicity noted above, both the PCAWG study and others note that 

there are few non-coding driver mutations in cancer with effect sizes or recurrency similar to 

known protein-coding mutations40. Genome-wide mutational analysis of the UTRs combined 

with functional correlates are a great addition to our understanding of UTR biology in cancer; 

however, direct functional analysis and validation of UTR elements and such mutations is still 
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lacking. Moreover, it is unknown how the majority of these mutations contribute to disease 

outcomes. 

 

1.3.2 Functional genomics of UTR biology 

Recently developed massively parallel reporter assays (MPRAs) for 3’UTRs, which can 

measure the effect of UTR elements on a variety of functional readouts of gene expression from 

transcript stability to translational efficiency, may help bridge the gap between regulatory cancer 

genomics and functional consequence (Table 1-1). Such MPRAs are powerful tools in which a 

library of reporter plasmids is created combining thousands of different 3’UTRs with a single 

control coding sequence, then introduced into cells and reporter expression measured. In this 

way, the effect of individual UTRs or UTR elements can be assessed by differences in reporter 

gene expression. Through the use of different expression readouts, such as RNAseq, polysome 

profiling, or flow cytometry, MPRAs can answer questions about how UTRs can affect specific 

aspects of gene regulation (RNA expression, translation efficiency, and protein expression, 

respectively). Though many of these UTR-based MPRAs have been published, most have 

focused on delineating regulatory dynamics in normal settings, measuring the effects of 

randomized sequences, normal UTRs, or known regulatory elements. To our knowledge, the 

only MPRAs conducted to date studying disease-relevant UTR regulation are MPRAu151, out of 

the Sabeti lab, and both PLUMAGE152 and my own study out of the Hsieh lab. MPRAu assessed 

the effect of thousands of 3’UTR mutations with significance in genome-wide association 

studies, evolutionary adaptation, or cancer, finding over 2,000 UTR variants that altered gene 

expression. One limitation of this study is that the readout was steady-state RNA-seq, and 

therefore it is unknown how any UTR variants affect mRNA translation or mRNA stability versus 

transcription. Though MPRAs are useful to causally link UTR elements with their effect on gene 

expression, the use of exogenous reporter plasmids and fragmented UTR sequences means 

that complex effects between the 5’UTR, CDS, and 3’UTR are lost. Additionally, these methods 
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cannot be used to explore cellular effects of UTR manipulation, such as changes in cell state or 

growth.  

In order to explore the endogenous and cellular effects of UTR regulation, research must 

turn to cutting-edge CRISPR tools. New technologies such as CRISPR base editing and prime 

editing make functional studies relating endogenous cis-elements and cancer-related outcomes 

possible153. It is now possible to orthogonally validate reporter assay results using genomic 

CRISPR editing, creating a new gold standard in the field152,154. Additionally, CRISPR editing 

screens provide exciting new avenues for high-throughput exploration of the endogenous 

cellular effects of single point mutations. Multiple such screens have been performed using base 

editing or earlier homologous-directed repair-based CRISPR systems to tile across important 

oncogenes such as BRCA1, BRCA2, and JAK1, assigning functional meaning to previous 

variants of unknown significance in these genes155–158. Though similar to earlier deep mutational 

scanning approaches, these CRISPR editing screens are now able to assess the effect of 

mutations located within their endogenous genomic loci instead of from exogenously introduced 

plasmid or viral systems, thus increasing their applicability to actual disease states. Two tandem 

Cell publications in 2021 used cytosine base editing to go even further, using sgRNA libraries 

covering thousands of variants across the genome159,160. Hanna et al. assessed the function of 

over 52,000 ClinVar variants in 3,584 genes to determine how these mutations affected both 

normal cell growth and resistance to stress conditions. Cuella-Martin et al. investigated how 

mutations across 86 genes involved in DNA damage response affect cellular response to DNA 

damaging agents, discovering novel mutations of potential clinical significance. These base 

editing screens exemplify the power of this technology to assign functional significance to 

unstudied mutations and differentiate between passenger and driver mutations in cancer. It 

remains to be seen how our view of non-coding mutations may expand and change when such 

tools are adapted beyond the coding region into promoters, enhancers, UTRs, and other 

regulatory regions of the genome. In conjunction with clinical data, these assays may decode a 
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new layer of driving genetic events of poorly understood or incurable cancers. As such, the 

UTRs represent a new frontier in post-transcriptional gene regulation in health and disease with 

great potential for the discovery of new biology and therapeutic opportunities. 
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Figure 1-1: mRNA regulation by 3’UTR elements 

(A) Schematic of an mRNA highlighting various regulatory elements within the 3’UTR: m6A modification, a 
downstream ORF (dORF), two alternative polyadenylation (polyA) signals, miRNA binding site occupied 
by the RNA-indued silencing complex (RISC), and multiple sequence and structural elements bound by 
RNA-binding proteins (RBPs). (B) RNA binding proteins can bind to sequence-based or structural motifs 
to affect a variety of processes. (C) MicroRNAs (miRNAs) integrated with the RISC cause translational 
repression and/or mRNA decay. (D) Multiple polyadenylation signals (PAS) in the same 3’UTR can give 
rise to differentially cleaved and polyadenylated transcripts, affecting downstream gene expression. 
Often, use of proximal PASs increases gene expression versus distal PASs. (E) RNA modifications such 
as m6A can mediate a variety of downstream effects. (F) Downstream ORFs increase the translation of 
the preceding main ORF in a translation-dependent manner.   
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Table 1-1: Massively parallel reporter assays designed for investigation of the 3’UTR. 

Sequence 
Length 

Sequence 
Source 

Measurement Experimental Design Citation 

200mer Random combinations of 
known 3’UTR cis-elements 

Transcript 
abundance, 
translation 
initiation & 
efficiency 

RNA-seq & ribosome profiling 
of plasmid library in HeLa 
cells 

161 

110mer 3’UTRs of ~7,000 zebrafish 
transcripts 

mRNA 
degradation 

RNA-seq over time course of 
mRNA libraries in zebrafish 
embryos 

162 

8mer Random sequence inserted 
into endogenous 3’UTR 

Protein 
expression, 
translation 
efficiency 

FACS + DNA-seq of 
genomically-integrated dual 
fluorescent reporters in 293 
cells 

163 

34mer 3’UTR sequences 
conserved across 
vertebrates 

Protein 
expression, 
translation 
efficiency 

FACS + DNA-seq of 
genomically-integrated dual 
fluorescent reporters in 293 
cells 

164 

200mer + 
160mer 

Deep mutational scanning 
of active 3’UTR ARE + full 
coverage of CXCL2 + 
highly conserved 
sequences 

mRNA stability, 
protein 
expression, 
translation 
efficiency 

RNA-seq over time course & 
FACS + DNA-seq of plasmid 
library transfected into human 
epithelial cells 

165 

25-45mer >3 million unique: PASs 
from human genome + 
other randomized seqs 

Alternative 
polyadenylation 

RNA-seq from 293T cells 166 

70mer Protein-occupied sites Transcript 
abundance 

RNA-seq normalized to 
plasmid DNA-seq of 
transduced primary mouse T 
cells  

167 

160mer ARE or CDE containing 
3’UTR segments 

mRNA Stability 
+ steady-state 
abundance 

RNA-seq time-course of dox-
treated Jurkat and Beas2B 
cells transduced with tet-
responsive plasmid 

168 

162mer miRNA binding sequences 
in various native contexts 
with inserted mutations 

Protein 
abundance 

FACS + DNA-seq in stably 
integrated K562 cells 

169 

162mer Native and mutated PASs RNA 
expression + 
alternative 
polyadenylation 

RNA-seq from transfected 
K562 cells, normalized to 
plasmid DNA-seq 

170 

100mer Wildtype vs mutant 3’UTRs 
with mutations from GWAS, 
ClinVar, and evolutionarily 
selected sequences 

 RNA-seq normalized to 
plasmid DNA-seq from 
transfected HEK293, HepG2, 
CM12878, SK-N-SH, K562, 
and HMEC cells 

151 
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ABSTRACT 

3’ untranslated region (3’UTR) somatic mutations represent a largely unexplored avenue of 

alternative oncogenic gene dysregulation. To determine the significance of 3’UTR mutations in 

disease, we identify 3’UTR somatic variants across 185 advanced prostate tumors, discovering 

14,497 single-nucleotide mutations enriched in oncogenic pathways and 3’UTR regulatory 

elements. By developing two complementary massively parallel reporter assays, we measure 

how thousands of patient-based mutations affect mRNA translation and stability and identify 

hundreds of functional variants that allow us to define determinants of mutation significance. We 

demonstrate the clinical relevance of these mutations, observing that CRISPR-Cas9 

endogenous editing of distinct variants increases cellular stress resistance and that patients 

harboring oncogenic 3’UTR mutations display particularly poor prognosis. This work represents 

an unprecedented view of the extent to which disease-relevant 3’UTR mutations affect mRNA 

stability, translation, and cancer progression, uncovering principles of regulatory functionality 

and potential therapeutic targets in previously unexplored regulatory regions. 

 

Keywords: 3’UTR, untranslated region, mRNA stability, protein translation, prostate cancer, 

somatic mutation, massively parallel reporter assay, ZWILCH, IGF1R  
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INTRODUCTION 

Metastatic, castration-resistant prostate cancer (mCRPC) is an advanced form of 

prostate cancer with a high mortality rate due to a current lack of curative treatment options1. 

While much is already known about how coding sequence (CDS) mutations, mRNA expression 

changes, and genomic structural variations affect prostate cancer, these findings do not explain 

all aspects of disease pathogenesis, leaving significant gaps in our ability to treat patients2–7. An 

alternative view of cancer gene regulation may give new insights as to how oncogenic pathways 

can be regulated in the absence of transcriptional changes. Importantly, only ~40% of protein 

expression can be explained by differences in mRNA expression, leaving much to be explored 

at the post-transcriptional level of oncogenic gene expression8.  

3’ untranslated region (3’UTR) somatic mutations represent a largely unexplored avenue 

for understanding aberrant gene regulation in cancer. The 3’UTR of a gene is immediately 

downstream of the CDS and transcribed with it, but not translated. This region is a major 

mediator of mRNA stability and translation through sequence- and structure-based elements 

that recruit trans-acting factors. Many of these 3’UTR-interacting factors, such as RNA-binding 

proteins (RBPs) and microRNAs (miRNAs), are known to be dysregulated in cancer and 

contribute to pathogenesis9. For example, binding of the RBP EBP1 to the androgen receptor 

(AR) 3’UTR promotes its decay and translational repression and thereby acts as a tumor 

suppressor in prostate cancer10–12. Additionally, the microRNA miR-21 is oncogenic in prostate 

cancer, with AR-mediated overexpression of this miRNA increasing both in vitro and in vivo 

growth13,14. Though these trans-acting factors demonstrate that the 3’UTR can be an important 

hub of cancer gene dysregulation, it is unknown how mutations to the 3’UTR itself affect post-

transcriptional dynamics in cancer.  

Select studies have established the importance of individual 3’UTR mutations in causing 

pathogenic changes in post-transcriptional gene regulation. For example, a 1-2 nucleotide 

deletion in the EGFR 3’UTR was found to increase EGFR mRNA stability independent of any 
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other EGFR dysregulation in colorectal tumors, thereby increasing cell sensitivity to EGFR 

inhibition15. Another study found a T→C single-nucleotide variant (SNV), also in the EGFR 

3’UTR, that abolished a miR-103a-3p binding site, thereby increasing EGFR expression and 

derepressing cell growth16. These studies demonstrate how 3’UTR mutations can lead to 

clinically actionable overexpression patterns similar to more well-known amplifications or 

protein-coding mutations; however, such functional 3’UTR mutation studies are currently limited 

to individual variants. Massively parallel reporter assays (MPRAs) are powerful tools that 

combine reporter plasmid libraries with next-generation sequencing, enabling systematic 

analysis of gene expression changes caused by thousands of sequences of interest 

simultaneously17. They have recently been used to study basic principles of 3’UTR-mediated 

gene regulation, using random or evolutionarily-conserved sequences to identify patterns of 

function within this region18–23. However, the impact patient-based 3’UTR mutations have on 

post-transcriptional gene expression has not been explored in this high-throughput manner.  

In this study, we have combined 3’UTR somatic mutation calling of 185 mCRPC patient 

tumors with a new dual MPRA technology to investigate how thousands of 3’UTR single-

nucleotide mutations affect mRNA translation and stability. We find hundreds of these patient-

derived mutations that cause significant changes to post-transcriptional gene regulation and 

with this knowledge determine specific sequence features associated with mutation function. 

CRISPR-Cas9 base editing allows us to further explore patient mutations within their 

endogenous genomic contexts, demonstrating that single-nucleotide changes in ZWILCH and 

IGF1R 3’UTRs are sufficient to drive pro-proliferative protein expression and cellular growth. We 

further explore patient outcome data, finding that oncogenic 3’UTR mutations that change 

mRNA translation or stability are associated with faster progression to advanced disease. This 

comprehensive study establishes the functional significance and clinical relevance of patient-

based 3’UTR mutations, demonstrating their ability to drive molecular and cellular oncogenicity.  
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RESULTS 

 

mCRPC patients harbor thousands of 3’UTR mutations in cancer-related genes and 

regulatory elements 

To study how 3’UTR mutations affect post-transcriptional gene expression in prostate 

cancer, we first built a UTR-centric sequencing database including whole-genome sequencing 

(WGS) and UTR-sequencing of 185 mCRPC tumors. This dataset consists of in-house UTR-

specific sequencing of matched normal and metastatic tissue for 79 patients from the University 

of Washington (UW) Tissue Acquisition Necropsy (TAN) program24,25 and 5 samples from the 

UW LuCaP patient-derived xenograft (PDX) models17. Additionally, we obtained WGS of 

matched normal and metastatic tissue for 101 mCRPC patients from the Stand Up to Cancer 

(SU2C) West Coast Dream Team project3 (Figure 2-1A). In addition to UTR-sequencing, exome 

sequencing was available for 47 of the UW patients, enabling us to compare the 3’UTR 

mutational landscape to that of the 5’UTR and coding sequence across 148 of our patients. To 

call a high confidence set of somatic mutations within each of these genomic regions, we 

implemented a combination of four mutation callers (Mutect226, Strelka227, MuSE28, and 

Varscan229) over both the UTRs and protein-coding space, using read cutoffs according to the 

sequencing depth of each dataset (Figure 2-S1A). For all further analysis, we retained only 

mutations that had been found in at least two callers (Figure 2-S1B), amounting to 14,497 

3’UTR somatic mutations across 7,647 genes in these 185 mCRPC patient samples. Of this 

finalized set of 3’UTR mutations, 67.6% were identified by all four mutation callers, 

demonstrating a high level of agreement.  

To further establish the robustness of these 3’UTR mutations, we compared the tumor 

mutational burden (TMB) and mutational signatures between the UTR and CDS regions in these 

patients. We find the overall TMB of the 3’UTR to be slightly lower than that of the CDS in 

mCRPC patients, but equivalent to the 5’UTR and within the range of previously published 
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prostate cancer TMB30 (Figure 2-S1C). The 3’UTR mutations largely follow expected patterns of 

base substitutions, similar to that of the CDS, displaying a strong bias towards C→T/G→A 

transition mutations (Figure 2-S1D). To expand on such base change patterns, the COSMIC 

project has defined mutational signatures across cancer types in terms of base substitutions 

and their surrounding trinucleotide context31. In our dataset, both 3’UTR and CDS mutations 

follow established mutational signature patterns, with most patients exhibiting COSMIC 

signature 1, known to be found in almost all cancers, and many following signatures 5 & 6, 

which are specifically associated with prostate cancer (Figures 2-S1E). Additionally, we find 

enrichment of signatures 3, 8, and 16 specifically in 3’UTR mutations. Signature 3 is associated 

with failure to repair DNA double-stranded breaks, while signatures 8 and 16 have unknown 

etiology. The differences in mutational signatures between the CDS and 3’UTR potentially 

demonstrate the differing mutational constraints and selective pressures upon these genomic 

regions. Overall, the 3’UTR mutations called in our dataset follow expected patterns for prostate 

cancer, while uncovering alterations unique to this region.   

These 3’UTR mutations greatly expand the space of potentially oncogenic mutations in 

mCRPC tumors, as many 3’UTR mutations fall into genes without CDS mutations, but with 

known relevance to cancer (Figures 2-1B and 2-1C). In fact, we observe significant enrichment 

of 3’UTR mutations in cancer-related gene sets and pathways, including breast, gastric, and 

prostate cancer signatures, suggesting that these mutations may be an important source of 

aberrant oncogenic expression (Figure 2-1C). We identify several well-studied cancer-

associated genes with highly mutated 3’UTRs, including FLRT2, a cell adhesion protein 

identified as tumor suppressive in several cancers, whose 3’UTR is mutated in over 10% of our 

patients32–34 (Figure 2-1D). LPP is another highly mutated cell adhesion protein with roles in 

regulating both metastasis and treatment resistance35–38, and FOXA1 and SOX5, each 

harboring 3’UTR mutations in 9 tumors (4.8%), are both established regulators of prostate 
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cancer39–42. The enrichment of 3’UTR mutations in established cancer-related genes leads us to 

hypothesize that these mutations are an alternative method of oncogenic dysregulation. 

In addition to analyzing the genes targeted by 3’UTR mutations, we endeavored to 

delineate patterns of mutation across individual 3’UTR sequences. We observe that mutations 

are found equally distributed along the length of the 3’UTR, not enriched near the CDS nor the 

poly-A tail (Figure 2-1E). However, we find over 700 hotspot locations where multiple 3’UTR 

mutations are found within 50 bases of each other, with over 250 of these being within 5 bases 

of one another (Figures 2-1F and 2-1G). These mutation hotspots suggest repeated targeting 

of functional sequence motifs within the 3’UTR. Therefore, we set out to determine whether 

each 3’UTR mutation in our dataset could change known RBP motifs, miRNA seed sequences, 

the poly-A signal (PAS) AAUAAA43, or the m6A RRACH motif44. We then compared these results 

to an in silico expected distribution of 14,497 mutations randomly distributed across the 

3’UTRome, keeping base changes and trinucleotide context of the mutations constant. We 

observe that patient 3’UTR mutations alter RBP, miRNA, and PAS motifs significantly more than 

expected by chance, while they are excluded from m6A motifs (Figure 2-1H). Given the 

prevalence of mutations in cancer genes, hotspot areas, and regulatory motifs, we hypothesize 

that these mutations may be functional in altering 3’UTR-mediated gene expression, and 

therefore significant in cancer. The landscape of 3’UTR mutations in advanced prostate cancer 

tumors uncovers a wealth of potential functional mutations in cancer-related genes and 

functional cis-regulatory elements.  

 

Patient-based 3’UTR mutations functionally impact gene-specific translation efficiency 

To functionally assess how patient mutations change 3’UTR-mediated aspects of post-

transcriptional gene regulation, we first built a polysome profiling-based massively parallel 

reporter assay (MPRA) able to measure how thousands of mutations change translation 

efficiency simultaneously (Figure 2-2A). Two hundred base-pair sequences of the 3’UTR 
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around each of 6,892 mutations from recurrently mutated genes were inserted downstream of 

the luciferase coding sequence in a modified pGL4 plasmid backbone, pLuc2CP-noARE. 

Sequencing of this plasmid library confirmed adequate and even representation of 3’UTR 

inserts (Figure 2-S2A).  

The resultant plasmid library was transfected into PC3 cells, chosen to represent the 

mCRPC cellular environment similar to that of patient samples. Polysome profiling was 

performed on the transfected cells to fractionate mRNA by the number of attached ribosomes, 

resulting in distinct monosome-, low polysome-, and high polysome-associated pools of mRNA. 

Six biological replicates of the polysome-associated mRNA pools, plus total mRNA and plasmid 

DNA extracted from each sample, were sequenced. Translation efficiency (TE) was calculated 

based on the ratio of total polysome- or high polysome-associated mRNA to total mRNA for 

each 3’UTR insert, and wildtype and mutant pairs of 3’UTR inserts were analyzed for significant 

TE changes (FDR<0.10) caused by each mutation using the xtail package in R.  

We achieved an average sequencing depth of 315 reads per insert in each sample 

(Figure 2-S2B), including even sequencing across replicates and sample types (Figure 2-S2C). 

We also detect high correlation between biological replicates in each sample group (Figure 2-

S2D). Internal control sequences from published 3’UTR MPRAs have been included to validate 

our methods. Firstly, we found several “activator” or “repressor” sequences from Oikonomou et 

al. that significantly (FDR<0.10) changed TE relative to the average TE across all MPRA 3’UTR 

inserts, and 4/5 of these behave as originally published20 (Figure 2-S2E). Also, addition of the 

Pumilio binding element to a blank sequence shows expected results agreeing with the PTRE-

seq MPRA, causing a dose-dependent decrease in RNA expression while TE remains stable19 

(Figure 2-S2F). These quality control checks indicate robustness across our assay.  

We discover 180 3’UTR point mutations that significantly change translation efficiency, 

with an over 1000-fold dynamic range (Figure 2-2B). As expected, the two methods of 

calculating TE, either using total or high polysome-associated mRNA, agree well, with total 
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polysomes uncovering a larger pool of functional mutations (Figure 2-2C). To ensure that these 

MPRA observations are significant, we validated several top hits using individual dual luciferase 

assays, observing expected changes in protein expression in accordance with those observed 

by polysome profiling (Figures 2-2B and 2-S2G). Furthermore, our MPRA results correlate well 

with in vivo TE changes observed via ribosome profiling, a method that measures TE similar to 

polysome profiling, of tumor samples from the five UW PDX models. With this data, we correlate 

tissue-level TE changes for a 3’UTR-mutated gene with the behavior of the same mutation in 

our MPRA, finding that 5 out of 8 mutation effects observed by both MPRA and ribosome 

profiling agree, with a Spearman correlation coefficient of r=0.55 (Figure 2-S2H). These 

experiments show the power of single-nucleotide 3’UTR mutations to affect translation 

dynamics on a large scale and demonstrate the applicability of our high-throughput reporter 

technology to in vivo tissue effects.  

Many functional 3’UTR mutations cause seemingly oncogenic changes in expression, 

either increasing TE of oncogenic mRNAs or decreasing TE of tumor suppressive genes 

(Figure 2-2B). For example, we find a particular 3’UTR mutation in MSI2 (chr17:57681293 

A→G) that increases its translation efficiency almost 16-fold. We would expect this change to be 

impactful in a tumor setting, as MSI2 is an RNA-binding protein previously shown to promote 

progression in prostate and other cancer types45–47. Additionally, GLIPR1 and SSBP2 have 

tumor suppressive qualities in multiple cancers, including prostate, making their suppressive 

3’UTR mutations (chr12:75503808 T→C, 4.8-fold decrease and chr5:81416226 G→A, 3.1-fold 

decrease, respectively) potentially clinically relevant48–53. Interestingly, we find enrichment of 

functional mutations in neuronal genes, suggesting dysregulation of neuroendocrine-related 

pathways that are often a means of cellular plasticity and therapy resistance in advanced 

prostate cancer54 (Figure 2-2D). There is also significant enrichment across several known 

cancer-related gene sets, including p53, Wnt, receptor tyrosine kinase, and JAK-STAT signaling, 
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highlighting the many oncogenic pathways that seem to be functionally dysregulated by 3’UTR 

mutations.  

To determine how these 3’UTR mutations affect TE on a molecular level, we analyzed 

whether they alter known regulatory sequences, finding that over 75% of functional mutations 

change RBP and/or miRNA binding motifs (Figure 2-2E). Specifically, most mutations are in 

RBP binding sites, particularly those that bind AU- and U-rich motifs, including hnRNPCL1, 

PUF60, RBM6, and RC3H155 (Figure 2-2F). Intriguingly, we also find 43 mutations that affect 

TE in the absence of a clear cis-regulatory element, suggesting the involvement of RNA 

structural changes or novel motifs. This MPRA uncovers the effects patient-derived 3’UTR 

mutations have on mRNA translation, establishing the broad importance of these mutations in 

regulating oncogenic expression through altering sequence elements.  

 

Patient-based 3’UTR mutations significantly alter oncogenic mRNA stability  

In addition to translation efficiency, the 3’UTR is an important mediator of mRNA stability. 

To determine how mCRPC patient mutations affect mRNA degradation, we designed and 

implemented a second, complementary MPRA using an RNA-seq time course of in vitro 

transcribed (IVT) mRNA (Figure 2-3A). We took advantage of the integrated T7 promoter to in 

vitro transcribe our plasmid library into a fully capped and poly-A tailed mRNA library. We 

transfected PC3 cells with this mRNA library, then collected library mRNA from the cells over a 

24-hour time course in 6 biological replicates. An exogenous spike-in was used to normalize 

between time points and replicates, ensuring quantitative measurement of mRNA degradation. 

The RNA-seq time course was sequenced to an average depth of 443 reads per insert, with 

uniform depth and high correlation across samples and replicates (Figures 2-S3A - 2-S3C).  

To define the decay of each mRNA from the 3’UTR library, we fit non-linear least squares 

regression curves with the formula yt=yplateau+(y0+yplateau)*e-α (t) to the data for each 3’UTR insert 



43 
 

and calculated mRNA half-lives using the relationship ℎ𝑎𝑎𝑎𝑎𝑎𝑎 − 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = ln (2)
𝛼𝛼

 (Figure 2-S3D). Since 

most of the dynamic range between different 3’UTRs occurs at the 3- and 6-hour time-points, 

these were used for statistical analysis, in addition to filtering by raw read counts and changes 

in mRNA half-life. Using these criteria, we observe expected results in several internal control 

3’UTRs. The insertion of miRNA seed sequences decreases mRNA stability relative to a blank 

(non-functional sequence) control and mutating the seed sequence abrogates this repression 

(Figure 2-S3E). Furthermore, the addition of RNA-binding protein motifs, including an AU-rich 

element and a Pumilio element, both cause expected decreases in mRNA stability as compared 

to the blank 3’UTR mRNA19,56 (Figure 2-S3F). In addition to these internal MPRA controls, we 

externally validated several MPRA hits using separate dual luciferase reporter assays, finding 

that 3’UTR mutations in SLC16A7, PRDM16, and LSAMP significantly decrease protein 

expression as expected (Figures 2-3B and 2-3C). Additionally, changes in mRNA stability 

measured by our MPRA generally agree with tissue-level mRNA expression changes in UW 

PDX tumor samples (Figure 2-S3G, 6/8 mutation agreement). Interestingly, we see that 

correlation between MPRA measurements of mRNA stability and tissue-level RNA-seq are not 

as strong as correlations between translation MPRA results and ribosome profiling, potentially 

highlighting the difference between measuring steady-state RNA expression and RNA 

dynamics.  

Overall, we find 150 patient-based 3’UTR mutations that significantly change mRNA 

stability (Figure 2-3B). Collectively, the functional mutations affecting mRNA stability are 

enriched in neuronal genes (Figure 2-3D). Together with our previous findings (Figure 2-2D), 

this strengthens the hypothesis that 3’UTR mutations can be an alternative way neuroendocrine 

features are dysregulated in advanced prostate cancer. While we do not observe enrichment of 

cancer-related gene sets, many functional 3’UTR mutations affect known oncogenes. Tumor 

mutations in ASCL1, a driver of advanced neuroendocrine prostate cancer57, MBD2, an 
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epigenetic regulator that binds methylated DNA58,59, and the RNA-binding protein FXR160,61 

each increase the half-lives of their respective oncogenic mRNAs, establishing these as 

functional oncogenic 3’UTR mutations (Figure 2-3B, chr18:54154901 T→A, chr12:102960501 

T→A, and chr3:180978239 A→G, respectively). Like those mutations that affect translation 

efficiency, most of these stability-affecting 3’UTR mutations alter known RBP binding 

sequences, particularly those with AU- and U-rich motifs, pointing to the dual effects many 

RBPs have on both mRNA translation and stability (Figures 2-3E and 2-3F). Our 

complementary MPRA technologies allow us to observe how 3’UTR mutations affect two distinct 

stages of post-transcriptional gene regulation while observing the common theme that functional 

mutations on either level target established cancer-related genes and ablate RBP binding 

elements.  

 

3’UTR mutation functionality is determined by sequence conservation, regulatory motifs, 

and RNA structure 

Using the power of our dual MPRAs, we have tested thousands of patient-derived 3’UTR 

mutations and identified hundreds that change gene expression, allowing us to delineate 

aspects of 3’UTRs connected to mutation function. We have noted that most functional 3’UTR 

mutations, either that change translation efficiency or mRNA stability, alter known cis-regulatory 

elements. Comparing this to the background level of passenger mutations that fall in regulatory 

elements without changing gene expression, we find that stability-modifying mutations alter 

motifs significantly more than passenger mutations (Figure 2-4A). As regulatory motifs are often 

under selective pressure to remain functional throughout evolution, it follows that these 

functional mutations may be targeting areas of evolutionary conservation. As expected, we 

observe that stability-related functional mutations are also found significantly more in areas of 

high sequence conservation (Figure 2-4B). These trends towards functional mutations 

preferentially being in conserved, cis-regulatory element sequences also holds true for 3’UTR 
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mutations altering translation efficiency, though they are less pronounced. A possible 

explanation may be that translation-mediating 3’UTR mutations are less dependent on specific 

sequence elements because they can act through structural changes instead. In fact, we see 

that 3’UTR mutations that change either mRNA translation or stability have significantly lower 

GC content and less structural stability (less negative ΔG of the predicted minimum free energy 

secondary structure) than passenger mutations, suggesting that areas of lower RNA structural 

stability are more likely to be functional when mutated (Figures 2-4C & 2-4D). From this 

analysis, we have uncovered important determinants of 3’UTR mutation function, whereby 

mutations in highly conserved regulatory motifs are more likely to affect mRNA stability, and 

those in areas of low structure are likely to change multiple levels of 3’UTR-mediated post-

transcriptional gene regulation.  

 

Patient-based 3’UTR mutations affect post-transcriptional gene expression and 

cancerous phenotypes in endogenous cellular contexts 

Our systems-based analysis has expanded our understanding of 3’UTR mutation 

biology; however, it remains to be determined how these mutations impact cellular function. To 

address this, we used cutting-edge CRISPR-Cas9 base editing to explore the cellular 

consequences of 3’UTR mutations in cancer. CRISPR base editors allow us to introduce 3’UTR 

mutations precisely into their endogenous genomic location; however, there are specific 

constraints on what mutations can be created based off of PAM availability and the desired base 

change62. Therefore, we computationally sorted through the top hits of our MPRAs to determine 

which could be mutated using available CRISPR base editing systems, resulting in the choice of 

two mutations in the genes ZWILCH and IGF1R (chr15:66548998 A→G and chr15:98958058 

G→A, respectively) (Figure 2-5A). Both of these tumor-based 3’UTR mutations significantly 

increased translation efficiency of their respective proliferation-associated mRNAs, making them 

potential oncogenic 3’UTR mutations. Therefore, we transfected cells with CRISPR base editing 
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systems specific to these mutations and selected single-cell clones, resulting in several wildtype 

and mutant cell lines for each mutation confirmed by Sanger sequencing (Figures 2-S4A and 2-

S4B).  

Western blotting for the endogenous ZWILCH and IGF1R proteins confirms that these 

single-nucleotide 3’UTR mutations cause increased protein expression (~45% increase in 

ZWILCH, ~35% increase in IGF1R, Figures 2-5B and 2-5C). These changes in overall protein 

levels are especially striking when considering that the 3’UTR mutation was only introduced to 

one genomic allele. We observe no change in mRNA expression in the 3’mutant cell lines, 

which validates our MPRA results that these mutations specifically change translation efficiency 

(Figures 2-S4C and 2-S4D). We next sought to determine whether the increased protein 

expression conferred by these 3’UTR mutations had cellular, potentially oncogenic, effects.  

ZWILCH is an essential component of the mitotic spindle assembly checkpoint 

necessary for pausing metaphase transition to anaphase until chromosomes are properly 

attached to the kinetochore63. Overexpression of ZWILCH and other related mitotic checkpoint 

proteins has been previously associated with cancer progression64–66, and there is a strong 

negative correlation between ZWILCH mRNA levels and patient survival in the SU2C dataset6 

(Figure 2-S4E). As such, we sought to determine how this 3’UTR mutation affects cell growth. 

While there is no difference between ZWILCH wildtype and 3’mutant cell lines in fully 

supplemented media (Figure 2-S4F), mutant lines grow significantly faster when under stress 

conditions. In particular, we challenged the cells with either nutrient deprivation or cisplatin, 

finding that the 3’UTR mutation confers a growth advantage to the cells in each condition 

(Figure 2-5D). The observed cisplatin resistance is especially striking, as this DNA-damaging 

agent is a direct challenge to the mitotic checkpoint and has clinical implications for the use of 

chemotherapy.  

IGF1R is a growth factor receptor involved in the progression of multiple cancer types 

through its activation of several downstream oncogenic pathways67–70. The 3’UTR mutation we 
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identified in IGF1R increases its expression by ~35%, indicating its potential to increase cell 

proliferation. Under basal conditions, this IGF1R mutation, like the ZWILCH mutation, did not 

change cell growth rates (Figure 2-S4G). However, when the cells’ access to IGF1R ligands 

was reduced by either decreasing FBS or replacing it with charcoal-stripped serum71, we 

observe a growth advantage in the mutant cells (Figure 2-5E). This suggests that 3’UTR-

mediated IGF1R overexpression enables the cells to activate proliferative signaling in response 

to minimal growth factor. These findings demonstrate that 3’UTR mutations can increase cancer 

cell oncogenicity by enhancing growth under stress, a quality particularly important within the 

harsh ecosystem of a tumor microenvironment. 

Encouraged by the discovery of these oncogenic 3’UTR mutations, we turned to 

elucidating potential mechanisms by which these mutations drive improved translation. 

Examining the sequence around each mutation for predicted changes in cis-regulatory elements 

and RNA structure, we find that the ZWILCH 3’UTR mutation is within an HNRNPD (AUF1) 

binding element, altering a required terminal A position to a G (Figure 2-5F). AUF1 is known to 

decrease target gene expression by affecting either mRNA stability or translation efficiency in 

different contexts, consistent with our finding that interrupting its binding motif leads to an 

increase in mRNA translation72. In contrast, the mutation in IGF1R falls within the minority of 

functional mutations that do not alter a known regulatory motif. However, upon probing of the 

predicted RNA secondary structure using RNAfold73,74, we find that this mutation causes a 

considerable change in the stability of a particular stem-loop structure. The G→A mutation 

introduces a proper A-U Watson-Crick base pair to the stem in place of a G-U pair, increasing 

the likelihood of this stem-loop structure being formed (Figure 2-5G). Though it is yet unknown 

how exactly this change in RNA structure may lead to increased translation, it provides an 

example of how mutations in low secondary structure areas without obvious sequence motifs 

can be functional. These CRISPR-based studies demonstrate that single-nucleotide patient 



48 
 

3’UTR mutations can have significant effects in endogenous contexts, both on a molecular and 

cellular level.  

 

Functional oncogenic 3’UTR mutations correlate with poor patient outcomes 

We have found individual 3’UTR mutations that cause oncogenic expression changes 

and increased cell growth, leading us to question how such mutations affect patient outcomes. 

Extensive patient outcome data are available for the UW TAN patients, allowing us to 

interrogate how 3’UTR mutations associate with patient prognosis (Table 2-S6A). To understand 

the nuances of this relationship, we first performed an extensive literature search to curate a list 

of presumed oncogenic mutations: those that increase expression of an established oncogenic 

mRNA or decrease expression of an established tumor suppressive gene (Table 2-S6B-C).   

Overall, we observe that patient tumors harboring any oncogenic 3’UTR mutations have 

significantly faster progression to androgen independence (AI) than tumors without these 

mutations (Figure 2-6A). Additionally, these patients trend towards shorter time to bone 

metastasis and overall survival (Figures 2-6B and 2-6C). These are important indicators of 

patient outcome, as progression from androgen sensitivity to castration-resistance, as well as 

the development of distant metastasis, are major causes of patient mortality. Interestingly, 

patients with translation-based oncogenic 3’UTR mutations have more moderate phenotypes, 

displaying a strong trend towards fast progression to androgen independence but no change in 

overall survival or metastasis (Figures 2-6D-F). However, stability-based oncogenic 3’UTR 

mutations have a larger effect on patient outcome, with tumors harboring these mutations 

causing patients to have significantly poorer prognosis on all three fronts (Figures 2-6G-I). 

Though it is a potential confounding factor, the difference between patient outcomes for the 

translation- versus stability-based oncogenic 3’UTR mutations is not simply due to differences in 

overall mutation burden. The patients harboring these oncogenic mutations do not have 

significantly different TMB than other patients in either case (Figures 2-S5A and 2-S5B). The 
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total patient population harboring oncogenic 3’UTR mutations has somewhat higher overall TMB 

(Figure 2-S5C), but since the differences in prognosis among these groups is not correlated 

with TMB trends, this does not seem to explain patient outcomes as a whole. Overall, these 

studies show that functional tumor-based 3’UTR mutations have significant implications for 

prostate cancer patients’ outcomes.   
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DISCUSSION 

Our study uses a combination of cutting-edge techniques to uncover the landscape of 

functional mutations in prostate cancer patient 3’UTRs. Whole-genome and UTR-specific 

sequencing identifies thousands of somatic 3’UTR mutations in patients, enriched in oncogenic 

signaling pathways and cis-regulatory motifs. These results suggest important functional 

consequences of 3’UTR mutations in cancer, leading us to design a novel dual-pronged MPRA 

to assess how these mutations affect mRNA translation and stability. To our knowledge, these 

MPRAs represent the first study to examine post-transcriptional effects of patient- and disease-

based 3’UTR mutations in a high-throughput manner, expanding our current knowledge of 

oncogenic expression dynamics with further understanding of post-transcriptional gene 

dysregulation. We find hundreds of patient mutations, many affecting oncogenic proteins and 

pathways, that significantly change either mRNA stability or translation. These mutations 

represent novel insight into how genes like IGF1R, MSI2, MBD2, and ASCL1 can be aberrantly 

regulated in cancer, highlighting the importance of expanding the field’s view of cancer 

genomics to include alterations in UTRs. For example, the knowledge that a patient harbors a 

translation-increasing 3’UTR mutation in IGF1R may suggest anti-IGF1R agents as an effective 

route of therapy, even in the absence of CDS mutations or mRNA expression changes75.  

Interestingly, most functional 3’UTR mutations alter known regulatory motifs, and in fact 

the presence of a cis-regulatory element at the site of a mutation is found to predict altered 

function. Additionally, high sequence conservation and low RNA structural stability are 

associated with functional mutations, agreeing with previous studies that also observed 

correlations between 3’UTR function and low RNA structure76,77. These findings are the first 

steps toward a high-resolution understanding of 3’UTR mutations, where in silico analysis of the 

conservation, sequence, and structure of tumor 3’UTR mutations may accurately predict 

mutation function. This would likely require testing thousands more 3’UTR mutations across 
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different conditions and integrating these results with machine learning to fully understand the 

design principles of 3’UTRs.  

Though our MPRA were limited to the mCRPC model of PC3 cells, it is encouraging to 

note that other UTR-based MPRAs have found high correlation in UTR function across cell 

types17, suggesting that our results are likely applicable to other cellular contexts. Another 

limitation of our study is the necessity of using 201 base-pair fragments of 3’UTRs in our 

reporter library, as cloning full 3’UTRs would be impossible at an average length of almost 6,000 

bases per 3’UTR and the maximum next-generation sequencing read length of only ~300 

nucleotides. While this design does not incorporate long-range interactions between distant 

3’UTR, 5’UTR, or CDS regulatory elements and the mutations of interest, it highlights the effects 

of altering specific regulatory motifs, which are usually 5-20 bases long. To truly capture such 

complex interaction networks, mutations must be studied in their endogenous genomic context.  

Specificity and applicability of CRISPR single-nucleotide editing has increased 

significantly in the past few years with the ever-expanding toolkit of base editors and more 

recently prime editing, allowing for deeper understanding of single-nucleotide mutations in 

endogenous contexts78. We have leveraged this technology to demonstrate that individual 

patient 3’UTR mutations in ZWILCH and IGF1R found to significantly change mRNA translation 

via high-throughput reporter assays also have oncogenic effects in cells at both molecular and 

cellular levels. Importantly, we observed significant changes in both protein expression and 

growth even when these mutations were only introduced in a heterozygous manner. As 

mutations are very often clonal and heterozygous in tumors, this demonstrates that 3’UTR 

mutations can impactfully tune oncogenic expression even when present at low variant allele 

fractions and cause significant additive effects on cellular oncogenicity. The mutations in 

ZWILCH and IGF1R are predicted to affect gene expression through altering an RBP binding 

motif and RNA secondary structure, respectively. Future experiments could explore such 

molecular mechanisms of 3’UTR mutations robustly using CRISPR-edited endogenous cell 
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models, more so than in reporter systems. Expanding the use of CRISPR base- or prime-editing 

by designing large-scale 3’UTR endogenous mutation editing screens could be integral in 

further understanding tumor mutations. This has recently been accomplished for investigating 

variants of unknown significance in coding sequences and could be similarly applied to patient 

3’UTR mutations as the next step in combining massively parallel assays with CRISPR 

technology79–82.  

Our work represents an unprecedented view of the extent to which disease-relevant 

3’UTR mutations affect mRNA stability, translation efficiency, and cancer phenotypes, expanding 

the boundaries of functional cancer genomics and potentially uncovering novel therapeutic 

targets in previously unexplored regulatory regions.  



53 
 

ACKNOWLEDGEMENTS 

We thank the patients who participated in this study and their families. We thank members of 

the A.C.H. laboratory for helpful advice and discussions. We thank the Seattle RNA Metabolism 

group for critical discussion of the work. This work was supported by NIH award R37 

CA230617, R01 CA255526, R01 GM135362, Burroughs Welcome Fund, Career Award for 

Medicine Scientists (1012314.02), and grants from the Emerson Collective (691630), and the 

Robert J. Kleberg Jr. and Helen C. Kleberg Foundation to A.C.H. S.L.S. received funding 

through an NIH F31 NRSA grant (6F31CA260920-03), UW T32 training grant (GM007270), and 

Fred Hutchinson Cancer Center Co-operative Center for Excellence in Hematology pilot grant 

(U54 DK106829-P&F). We also thank Pete Nelson, Celestia Higano, Evan Yu, Elahe Mostaghel, 

Heather Cheng, Bruce Montgomery, Mike Schweizer, Jonathan Wright, Daniel Lin, Funda 

Vakar-Lopez, Xiaotun Zhang, Martine Roudier, Colm Morrissey and the rapid autopsy teams for 

their contributions to the University of Washington Medical Center Prostate Cancer Donor Rapid 

Autopsy Program. This work was supported by the Department of Defense Prostate Cancer 

Research Program (W81XWH-14-2-0183), the Pacific Northwest Prostate Cancer SPORE 

(P50CA97186), the PO1 NIH grant (PO1CA163227), the institute for Prostate Cancer Research, 

and the Richard M. LUCAS Foundation. The maintenance and characterization of the LuCaP 

PDX models were supported by the Pacific Northwest Prostate Cancer SPORE (P50CA97186), 

the Department of Defense Prostate Cancer Biorepository Network (W81XWH-14-2-0183), and 

NCI P01-CA163227. This research was also supported by the Genomics and Bioinformatics 

Shared Resource of the Fred Hutch/University of Washington Cancer Consortium (P30 

CA015704) and the Scientific Computing Infrastructure at Fred Hutch funded by ORIP grant 

S10 OD028685.  



54 
 

AUTHOR CONTRIBUTIONS 

Conceptualization, S.L.S. and A.C.H.; Methodology, S.L.S. and A.C.H.; Software, S.L.S., S.A., 

and L.R.C.; Investigation, S.L.S., C.L.W., and D.Y.; Resources, B.L.S., L.K., E.C., L.D.T, and 

P.J.P; Writing- Original draft, S.L.S; Writing- Review & Editing, S.A., C.L.W, E.C., and A.C.H.; 

Supervision, A.C.H.; Funding Acquisition, S.L.S and A.C.H. 

 

COMPETING INTERESTS 

No competing interests  



55 
 

Figure 2-1: mCRPC patients harbor thousands of 3’UTR mutations in cancer-related genes and 
regulatory elements.  
(A) Schematic of patient sequencing sources and mutation calling process. 
(B) Venn diagram showing overlap between genes mutated in 5’UTR, CDS, and/or 3’UTR regions.  
Figure legend continued on next page 
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Figure 2-1 continued: 
(C) KEGG_2021_Human gene set enrichment analysis (GSEA) for the genes containing 3’UTR mutations 
in mCRPC patients, with color indicating -log10FDR and dot size indicating the number of genes 
overlapping between each gene set and the 3’UTR mutated genes.  
(D) Waterfall plot of genes with top recurrently mutated 3’UTRs, with patients containing a 3’UTR in each 
gene indicated across the x-axis.  
(E) Metaplot of mutation position along the 3’UTR for all 14,497 mutations, with 0 being the end of the 
coding sequence and 100 being the transcription stop site, normalized for each gene’s 3’UTR length.  
(F) Histogram of distances between all 3’UTR mutations found within 50 bases of another patient 
mutation.  
(G) Lollipop plot showing example hotspot mutation area in FCGR2A, where multiple patients have 
clustered mutations along the 3’UTR axis.  
(H) Results of in silico analysis where the observed number of mutations affecting each 3’UTR regulatory 
element is compared to the number expected if 3’UTR mutations were randomly distributed along the 
3’UTRs, permuted ~10,000 times. One sample t-tests show significance of the observed value compared 
to the expected distribution (mean ± SD, ****p<0.0001). Abbreviations: RNA Bind-N-Seq (RNA BNS), 
Encyclopedia of DNA Elements (ENCODE) RNA eCLIP, Catalog of inferred sequence Binding 
Preferences of RBPs (CisBP), and polyadenylation signal (PAS).   
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Figure 2-2: Patient-based 3’UTR mutations functionally impact gene-specific translation efficiency. 
(A) Schematic showing MPRA plasmid library construction by Gibson cloning 3’UTR sequence inserts 
into plasmid backbone, polysome profiling, and sequencing of distinct RNA and DNA samples. Created 
with Biorender.com.  
Figure legend continued on next page 
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Figure 2-2 continued: 
(B) Waterfall plot of all 3’UTR mutations causing significant (FDR<0.10) fold changes (FC) in translation 
efficiency as determined by total polysome:total mRNA ratio (n=6 biological replicates). Mutations in 
known regulatory elements indicated in blue.  
(C) Overlap between 3’UTR mutations significantly changing TE according to total-polysome:mRNA ratio 
versus high-polysome:mRNA ratio.  
(D) KEGG and Reactome (MSigDB) gene set enrichment analysis for the genes containing 3’UTR 
mutations that significantly affect TE. Dotted line shows significance cutoff at FDR<0.05.  
(E) Proportion of functional 3’UTR mutations that alter miRNA, RBP, and/or no motif.  
(F) Pie chart showing base compositions of RBP motifs altered by functional 3’UTR mutations. 
Abbreviations: human cytomegalovirus promoter (CMV), T7 bacteriophage promoter (T7).  
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Figure 2-3: Patient-based 3’UTR mutations significantly alter oncogenic mRNA stability  
(A) Schematic of mRNA stability MPRA. Plasmid library is in vitro transcribed to an mRNA library, which is 
transfected into cells, and an RNA-seq time course is conducted over 24 hours to measure changes in 
mRNA decay. Created with Biorender.com.  
(B) Waterfall plot showing fold changes in mRNA half-life of all 3’UTR mutations causing significant 
changes in mRNA stability as determined by unpaired t-test of 1hr-to-3hr or 1hr-to-6hr mRNA decay 
(p<0.05, n=6 biological replicates). Mutations in known regulatory elements indicated in purple.  
(C) Results of individual dual luciferase assays performed on three functional 3’UTR mutations. 
Firefly:Renilla luciferase ratios shown (mean ± SEM) with mutant value normalized to wildtype for each 
biological replicate (n=4, 6, and 4 biological replicates, respectively, each biological replicate with n=5 
technical replicates). Statistical analysis conducted using unpaired t-test and multiple comparisons 
correction of Benjamini, Krieger, and Yekutieli (*p<0.05, ***p<0.001).  
Figure legend continued on next page 
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Figure 2-3 continued: 
(D) Reactome 2019 gene set enrichment analysis for the genes containing 3’UTR mutations that 
significantly affect mRNA stability. Dotted line shows significance cutoff at FDR<0.05.  
(E) Proportion of functional 3’UTR mutations that alter miRNA seed sequence, RBP motif, polyadenylation 
signal (PAS), and/or no motif.  
(F) Pie chart showing base compositions of RBP motifs altered by functional 3’UTR mutations.  
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Figure 2-4: 3’UTR mutation functionality is determined by sequence conservation, regulatory 
motifs, and RNA structure 
(A and B) Percentage of passenger (causing no significant expression change) or functional (causing a 
significant expression change) 3’UTR mutations that alter known regulatory motifs (A) or are highly 
evolutionarily conserved (PHASTCONS score>0.9) (B), separated by those that effect mRNA translation 
versus stability. Statistical analysis conducted using a chi-squared test (*p<0.05, ***p<0.001).  
(C and D) GC content (C) and ΔG of RNAfold predicted secondary structure (more negative indicates 
more stable structure, D) for each passenger or functional 3’UTR mutation tested by translation or stability 
MPRAs. Statistical analysis conducted using two-tailed unpaired t-tests (**p<0.01, ***p<0.001, 
****p<0.0001).   
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Figure 2-5: Patient-based 3’UTR mutations affect post-transcriptional gene expression and 
cancerous phenotypes in endogenous cellular contexts 
(A) Top hits of MPRAs were analyzed to determine whether they could be CRIPSR base-edited. Two 
candidates were chosen and cells transfected with corresponding base editors and sgRNAs to grow out 
single-cell clonal wildtype (WT) and 3’mutant cell lines confirmed by Sanger sequencing. Created with 
Biorender.com. Figure legend continued on next page 
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Figure 2-5 continued: 
(B and C) Western blot of endogenous ZWILCH and β-actin (B) or IGF1R and β-actin (C) for individual 
wildtype and mutant clonal cell lines in which the respective ZWILCH and IGF1R 3’UTR mutations have 
been edited. ImageJ-calculated ratios of ZWILCH or IGF1R to β-actin protein levels shown below blots 
and summarized at right in bar graphs (mean ± SEM). Statistical analysis conducted using two-tailed 
unpaired t-tests (***p<0.001). ZWILCH: n=5 WT and 5 Mutant lines; IGF1R: n=5 WT and 3 mutant lines.  
(D and E) Growth kinetics of ZWILCH (D) and IGF1R (E) wildtype and 3’mutant cell lines under various 
stress conditions. Curves at left show mean ± SEM cell growth dynamics, with growth of all lines within an 
experiment normalized by setting a single WT line’s end-point to 1, allowing comparisons between 
experiments. Bar graphs at right summarize end-point growth at 72hrs with statistical analysis conducted 
using unpaired t-test and multiple comparisons correction of Benjamini, Krieger, and Yekutieli (mean ± 
SEM, *p<0.05, **p<0.01, ***p<0.001). Replicates: ZWILCH, left-to-right: n=5, 4, 4 experimental replicates 
and n= 24/21, 20/17, 20/17 biological replicates (WT/Mutant lines); IGF1R, left-to-right: n=5, 4, 3 
experimental replicates and n= 25/12, 20/12, and 15/9 biological replicates (WT/Mutant lines); all with n=5 
technical replicates each.  
(F) HNRNPD sequence logo, with base of ZWILCH A->G mutation indicated below.  
(G) RNAfold predicted secondary structure of WT IGF1R sequence (200 bases around 3’UTR mutation). 
IGF1R G→A mutation and resultant change in secondary structure probability shown below.   
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Figure 2-6: Functional oncogenic 3’UTR mutations correlate with poor patient outcomes 
Kaplan-Meier plots comparing patients in which any (A-C), translation-related (D-F), or stability-related 
(G-I) functional oncogenic 3’UTR mutations were found versus patients without respective 3’UTR 
oncogenic mutations. Progression to androgen independence indicated by time to androgen 
independence (AI) from diagnosis (A, G) or start of androgen deprivation therapy (ADT) (D). Metastatic 
progression indicated by time from diagnosis (Dx) to bone metastasis (B, E) or survival from first bone 
metastasis (H). Overall survival measured from diagnosis (C, F, I). Statistical analysis conducted using 
Kaplan-Meier estimate. Every possible comparison of patients for each outcome statistic was run and 
select results shown.  
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Figure 2-S1: Sequencing statistics and comparison of 3’UTR and CDS mutations 
Figure legend continued on next page 
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Figure 2-S1 continued: 
(A) Sequencing coverage of normal (N) and tumor (T) patient samples in each analyzed genomic region. 
UW group includes both TAN and PDX samples.  
(B) Venn diagram showing overlap between 3’UTR mutations called by each mutation caller.  
(C) Mutations per megabase in each patient by genomic region and patient source. Statistical analysis 
conducted using two-tailed unpaired t-tests (*p<0.05, ****p<0.0001, ns=p>0.05).  
(D) Proportions of each base change called in mutations by genomic region.  
(E) Heatmap showing strength of each of 30 COSMIC signatures in 3’UTR (top) and CDS (bottom) 
mutations called across patient dataset. Top signatures are quantified at right, showing the number of 
patients scoring over 0.2 for each signature.   
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Figure 2-S2: Quality control and validation of MPRA plasmid library and polysome MPRA 
sequencing 
(A) Distribution of 3’UTR inserts in plasmid library upon DNA sequencing. Blue slice represents blank 
control vector, amplified erroneously high in this sequencing run only.  
Figure legend continued on next page 
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Figure 2-S2 continued: 
(B) Sequencing coverage of each 3’UTR insert summed across 6 biological replicates upon sequencing 
of polysome MPRA results, separated by sample type.  
(C) Distribution of total sequencing reads in each of 24 samples (6 biological replicates of 4 sample types) 
sequenced as a pool.  
(D) Pearson’s correlation between biological replicates for each sample type.  
(E) “Activator” and “repressor” control sequences from Oikonomou et al. that were found to significantly 
change TE (FDR<0.10) in our MPRA results. The control 3’UTR TE in each biological replicate (n=6) was 
normalized to the average TE across all 13,851 3’UTR MPRA inserts for that replicate and this ratio was 
plotted (mean ± SEM). Colors indicate agreement with expected TE direction. Statistical analysis 
conducted using ratio paired t-test and multiple comparisons correction of Benjamini, Krieger, and 
Yekutieli (*q<0.05,**q<0.01, ***q<0.001).  
(F) MPRA results for internal control 3’UTR inserts consisting of a blank vector sequence (0 Pumilio) or a 
Pumilio element sequence (1, 2, or 4 repeats). Results of these sequences shown for changes in RNA 
expression (mRNA:plasmid DNA ratio) and TE (total polysome:mRNA ratio) (mean ± SEM, n=6). 
Statistical analysis conducted using ratio paired t-test and multiple comparisons correction of Benjamini, 
Krieger, and Yekutieli (*q<0.05, ***q<0.001).  
(G) Results of individual dual luciferase assays performed on three functional 3’UTR mutations. 
Firefly:Renilla luciferase ratios shown (mean ± SEM), with mutant value normalized to wildtype for each 
biological replicate (n=6, 8, 4, respectively, with 5 technical replicates each). Statistical analysis 
conducted using unpaired t-test and multiple comparisons correction of Benjamini, Krieger, and Yekutieli 
(*p<0.05).  
(H) Correlation between TE values (total polysome:mRNA ratio) observed for 3’UTR mutations in MPRA 
(x-axis) and matching TE values obtained from ribosome profiling of UW PDX tissue samples (y-axis). 
Ribosome profiling expression data was matched by the gene and patient sample in which the 3’UTR 
mutation was originally found and reported as the change between expression in the mutated tumor 
sample and the average of the non-mutated samples. Statistical analysis conducted using simple linear 
regression and Spearman’s correlation.   
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Figure 2-S3: Quality control and validation of IVT MPRA sequencing 
(A) Sequencing coverage of each 3’UTR insert summed across 6 biological replicates upon sequencing 
of MPRA results, separated by time point.  
Figure legend continued on next page 
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Figure 2-S3 continued: 
(B) Distribution of total sequencing reads in each of 30 samples (6 biological replicates of 5 sample types) 
sequenced as a pool.  
(C) Pearson’s correlation between biological replicates for each sample type.  
(D) Example fits of non-linear least-squares regression curves (smooth dark-colored lines) to observed 
data (straight light-colored lines, mean ± SEM) for a wildtype-mutant 3’UTR pair of inserts. Result fit 
parameters of each insert shown below.  
(E) MPRA results for internal control 3’UTR inserts consisting of a blank vector sequence, miRNA seed 
sequences, or mutated miRNA seed sequence. NLS curves fit to MPRA data shown for miR-18a (left) and 
summary results of 1hr to 3hr decay shown for both miR-18a and miR-182 (right, mean ± SEM, n=6). 
Statistical analysis conducted using ratio paired t-test and multiple comparisons correction of Benjamini, 
Krieger, and Yekutieli (*q<0.05).  
(F) MPRA results for internal control 3’UTR inserts consisting of a blank vector sequence, 2X repeated 
AU-rich element (ARE), or 1X, 2X, and 4X repeated Pumilio element (Pum). NLS curves fit to MPRA data 
shown for AU-rich element (left) and Pumilio element (center). Summary results of 1hr-to-3hr decay 
shown for both (right, mean ± SEM, n=6). Statistical analysis conducted using paired t-test and multiple 
comparisons correction of Benjamini, Krieger, and Yekutieli (*q<0.05).  
(G) Correlation between mRNA half-life changes observed for 3’UTR mutations in MPRA (x-axis) and 
matching RNA expression values obtained from RNA sequencing of UW PDX tissue samples (y-axis). 
RNA expression was matched by the gene and sample in which the 3’UTR mutation was originally found 
and reported as the change between expression in the mutated tumor sample and the average of the 
non-mutated samples. Statistical analysis conducted using simple linear regression and Pearson’s 
correlation.   
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Figure 2-S4: Baseline characterization of CRISPR-edited clonal cell lines and cBioportal mining of 
ZWILCH patient outcome association 
(A and B) Sanger sequencing results of ZWILCH (A) and IGF1R (B) CRISPR-edited clonal cell lines.  
(C and D) qPCR results measuring changes in endogenous ZWILCH (C) and IGF1R (D) mRNA levels 
relative to housekeeping β-actin in respective wildtype and mutant CRISPR cell lines (mean ± SEM). 
Statistical analysis conducted using two-tailed unpaired t-tests (ns=p>0.05). Two experimental replicates 
for each gene shown, with n=7/8 and 10/6 (WT/Mutant lines), for ZWILCH and IGF1R, respectively.  
Figure legend continued on next page 



72 
 

Figure 2-S4 continued: 
(E) Patient data obtained from cBioportal (mPCa SU2C/PCF Dream Team 2019 study) with Pearson’s 
correlation between overall patient survival and ZWILCH mRNA expression (ZWILCH: mRNA expression 
z-scores relative to all samples, log FPKM capture).  
(F and G) Growth kinetics of ZWILCH (F) and IGF1R (G) wildtype and 3’mutant cell lines under normal 
conditions (media with 10%FBS), shown as mean ± SEM confluence over time. Result of unpaired t-test 
of confluence difference at 72 hours is shown (ns=p>0.05). ZWILCH: n=4 experimental replicates and n= 
20/19 biological replicates (WT/Mutant lines); IGF1R: n=2 experimental replicates and n= 10/6 biological 
replicates (WT/Mutant lines); all with n=5 technical replicates each.  
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Figure 2-S5: Tumor mutational burden across patient sets 
Mutations per megabase (Mut/Mb) in each patient in which translation-related (A), stability-related (B), or 
any (C) functional oncogenic 3’UTR mutations were found versus patients without respective 3’UTR 
oncogenic mutations. Statistical analysis conducted using two-tailed unpaired t-tests.  
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MATERIALS & METHODS 

Resource Availability 

Lead contact 

Further information and requests for resources and reagents should be directed to and will be 

fulfilled by the lead contact, Dr. Andrew C. Hsieh (ahsieh@fredhutch.org) 

 

Materials availability 

Plasmids and mutant cell lines generated in this study are available upon request to the lead 

contact. 

 

Data and code availability 

• MPRA sequencing data for plasmid library sequencing, polysome profiling MPRA, and 

IVT MPRA is deposited under superseries GSE200304 with reviewer token 

gbifaywgtxyfjed.  

• All original code has been deposited at Zenodo and is publicly available. DOI is listed in 

the key resources table.  

• Any additional information required to reanalyze the data reported in this paper is 

available from the lead contact upon request. 

 

Experimental Models and Subject Details 

 

Cell culture 

Cell lines used in this study are PC3 and HEK293T cells. Both were cultured primarily in RPMI 

1640 media + L-glutamine (Gibco) supplemented with 10% fetal bovine serum (Cytiva), 1% 

penicillin/streptomycin (Gibco), and 1% L-glutamine (Gibco), except where noted for treatment. 

Cell lines were cultured in an incubator at 37°C with 5% CO2.  

mailto:ahsieh@fredhutch.org
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Method Details 

 

MPRA plasmid library construction 

A pool of 13,851 250bp 3’UTR sequences (Table S2) was manufactured by TWIST Bioscience 

and resuspended to 10ng/µL in TE buffer. A 5ng portion of the pool was amplified by PCR using 

Phusion High-Fidelity DNA Polymerase (NEB) following manufacturer protocol for 25 cycles 

(Table S7, primers #1-2). The 250bp product was purified by agarose gel size selection and 

extracted using Monarch DNA Gel Extraction Kit (NEB). An additional purification was done 

using Monarch PCR & DNA Cleanup Kit (NEB). Plasmid backbone pLuc2CP-noARE was 

linearized by PCR using Q5 High-Fidelity DNA Polymerase (NEB) following manufacturer 

protocol for 35 cycles, using 5ng input DNA with a 6 minute extension time (Table S7, primers 

#3-4). The 6,895bp product was purified using Monarch PCR & DNA Cleanup Kit (NEB). To 

remove template plasmid, the linearized vector was digested with DpnI (NEB) in rCutSmart 

Buffer (NEB) at 37°C for 15 minutes.  

 

The 3’UTR insert sequence pool and linearized pLuc2CP-noARE were assembled into plasmids 

using Gibson Assembly Master Mix (NEB) with a ratio of 1:15 backbone to fragment DNA. The 

reaction was incubated at 50°C for 60 minutes. Cloning efficiency was enhanced by incubating 

the completed Gibson reaction at room temp for 60min on a 0.025µm filter (Millipore) floating in 

a 10cm petri dish of UltraPure DNase/RNase-Free Distilled Water (ThermoFisher). The reaction 

was recovered and immediately cloned into Stellar Electrocompetent Cells (Takara) following 

manufacturer protocol. Transformed cells were plated on 4 LB-ampicillin 24.5cm assay plates 

(Fisher) to allow for individual colony growth. An aliquot of transformed cells was plated on 

10.0cm LB ampicillin plates in a dilution series for quality control and representation calculation. 
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All plates were incubated overnight at 37°C. The bacteria were removed from the assay plates 

and stored at -20°C until plasmid isolation. 4 colonies from each assay plate were sequenced to 

confirm 3’UTR sequence insertion. The Gibson and cloning process was repeated until insert 

representation of 259x was achieved. Plasmid DNA was isolated using PureLink HiPure 

Plasmid Filter Maxiprep Kit (Invitrogen). 

 

Polysome profiling 

PC3 cells were plated at a density of 3 million cells per 15cm plate, with three 15cm plates 

pooled to make each biological replicate. Cells were transfected with 16µg MPRA plasmid 

library using 48µL Fugene HD (Promega) per plate 24 hours after plating. Cell media was 

changed to fresh media 16 hours after transfection and collected 24 hours after media change. 

At time of collection, cells were trypsinized and pelleted at 300xg for 5 minutes, then treated 

with 100 µg/mL (final concentration) cycloheximide (Sigma) for 10 min on ice. After treatment, 

cells were pelleted and flash frozen until all biological replicates were collected.  

 

Cell pellets were lysed on ice in 220µL of polysome lysis buffer (10 mM Tris-HCl pH 7.4 

(Ambion), 132 mM NaCl (Ambion), 1.4 mM MgCl2 (Ambion), 19 mM DTT (Sigma), 142 µg/mL 

cycloheximide (Sigma), 0.1% Triton X-100 (Fisher), 0.2% NP-40 (Pierce), 607 U/mL 

SUPERase-In RNase Inhibitor (Invitrogen) with periodic vortex mixing. Lysates were clarified by 

centrifugation at 9300xg for 5 min and supernatants were transferred to fresh tubes. Three 

220µL lysates were combined for each replicate for a total volume of 660µL per sample. This 

total lysate was split into three parts: 60µL for plasmid DNA extraction, 150µL for total mRNA 

isolation, and 450µL for polysome profiling.  
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For each sample, the 450µL lysate fraction was layered onto a 10% to 50% (w/v) linear sucrose 

gradient (Fisher) containing 2 mM DTT (Sigma) and 100 µg/mL heparin (Sigma). The gradients 

were centrifuged at 37,000 rpm for 2.5hr at 4°C in a Beckman SW41Ti rotor in Seton 7030 

ultracentrifuge tubes. After centrifugation, samples were fractionated using a Biocomp Gradient 

Station by upward displacement into collection tubes, through a Bio-Rad EM-1 UV monitor (Bio-

Rad) for continuous measurement of the absorbance at 254 nm. 820µL of TRIzol Reagent 

(Invitrogen) were added to each RNA fraction and stored at -80°C.  

 

In vitro transcription 

MPRA IVT template preparation: DNA template for MPRA in vitro transcription was prepared by 

first digesting 65µg MPRA plasmid library DNA with FseI restriction enzyme (NEB) in rCutSmart 

buffer (NEB) for ~90 minutes. FseI singly cuts the MPRA plasmid backbone directly downstream 

of the luciferase coding sequence and inserted 3’UTRs. Digested DNA was run on a 1% 

agarose gel and size extracted using NucleoSpin Gel and PCR Clean-up Kit (Macherey-Nagel). 

Phenol:chloroform and isopropanol DNA isolation was used to purify extracted DNA, resulting in 

~20µg purified, gel-extracted MPRA template.  

 

MPRA in vitro transcription: MPRA template was in vitro transcribed, capped, tailed, and purified 

using the mMESSAGE mMACHINE T7 ULTRA Transcription Kit (Invitrogen). Eleven reactions in 

total were carried out, each using 1µg of MPRA template in the manufacturer recommended 

reaction with the addition of 1µL SUPERase-In RNase Inhibitor (Invitrogen). Reactions were 

incubated at 37°C for 4 hours, then 1µL Turbo DNase (Invitrogen) added and incubated at 37°C 

for an additional 15 minutes for removal of DNA template. Poly-A tailing protocol was followed to 

manufacturer’s instructions with a 45-minute incubation at 37°C. RNA recovery was performed 

using lithium chloride precipitation according to kit protocol. All eleven reaction products 

(~350µg) were pooled to make the MPRA mRNA library.  
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Exogenous spike-in control template preparation: DNA template for exogenous control spike-in 

RNA was prepared from pDualLuc (a generous gift from Arvind Subramaniam) using a two-step 

PCR approach to add MPRA-compatible ends and T7 promoter to a portion of the 

nanoluciferase coding sequence. PCRs were carried out using 50µL reactions in Q5 High 

Fidelity 2X Master Mix (NEB) using pDualLuc-specific primers (Table S7, primers #5-8) and 

purified using DNA Clean & Concentrator (Zymo Research).  

 

Exogenous spike-in control in vitro transcription: Nanoluciferase exogenous spike-in control 

RNA was in vitro transcribed using MAXIscript T7 Transcription Kit (Invitrogen). Protocol was 

followed to manufacturer’s specifications using 1µg starting material, 1 hour incubation at 37°C, 

and Turbo DNase (Invitrogen) digestion. RNA was purified using lithium chloride precipitation as 

described in mMESSAGE mMACHINE T7 ULTRA Transcription Kit (Invitrogen).  

 

In vitro transcription RNA-seq time-course 

PC3 cells were plated in 10cm plates at 1.5 million cells per plate. Cells were transfected the 

day after plating with 8µg in vitro transcribed MPRA mRNA library using 40µL Lipofectamine 

MessengerMAX (Invitrogen) transfection reagent per plate. Cells were washed and media 

changed one hour after mRNA transfection to remove residual RNA in media before collection. 

One 10cm plate of transfected cells was collected for each of 6 biological replicates at 1, 3, 6, 

12, and 24 hours after transfection, amounting to 30 total plates/samples. Collection was 

performed on ice by gently scraping cells into cold PBS and pelleting at 350xg for 5 minutes at 

4°C. Pellets were each resuspended in 1mL pre-spiked TRIzol reagent (Invitrogen). TRIzol was 

spiked with 0.7ng nanoluciferase spike-in control RNA in 35mL total TRIzol (20pg spike-in RNA 

per sample) for normalization across samples.  
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MPRA Sequencing 

Polysome profiling cDNA and plasmid DNA preparation: Total (input), monosome-associated 

(fraction 5), low polysome-associated (fractions 8 and 9), and high polysome-associated 

(fractions 10, 11, and 12) mRNA samples were isolated from TRIzol (Invitrogen) using the 

Direct-zol RNA Miniprep Plus Kit (Zymo Research) with DNaseI treatment according to 

manufacturer’s directions. RNA was eluted in 50µL nuclease-free water and, for polysome 

samples, the multiple fractions were then pooled and concentrated using RNeasy MinElute 

Cleanup Kit (Qiagen). cDNA was made from 1µg RNA per sample using SuperScript III First-

Strand Synthesis System (Invitrogen) and MPRA-specific primer (Table S7, primer #9). Plasmid 

DNA was isolated from 60µL cell lysate fractions using a modified QIAprep Spin Miniprep Kit 

(Qiagen) protocol, starting with addition of P2 to lysate and continuing manufacturer’s directions 

from this step.  

 

IVT RNA-seq time course cDNA preparation: RNA was isolated from samples collected in 

TRIzol (Invitrogen) using a chloroform-isopropanol protocol. 200µL chloroform was added to 

1mL TRIzol samples, transferred to a heavy phase-lock gel tube (QuantaBio), and spun in a 

microcentrifuge at 12,000xg for 15 minutes at 4°C. The aqueous layer was transferred to a new 

tube containing 1µL of glycogen (Fisher Scientific) and equal volume isopropanol added. After 

10 minutes of incubation at room temperature, sample was spun at 20,000xg for 20 minutes at 

4°C, then RNA pellet was washed with fresh 75% ethanol before drying and resuspending in 

40µL nuclease-free water. Isolated mRNA was DNase treated using Turbo DNase (Invitrogen) in 

reactions consisting of 11µL (~15µg) RNA and 1.5µL Turbo DNase according to manufacturer’s 

protocol. DNase-treated RNA was purified using lithium chloride precipitation as described in 

mMESSAGE mMACHINE T7 ULTRA Transcription Kit (Invitrogen). 2µg RNA per sample was 

reverse transcribed into cDNA using SuperScript III First-Strand Synthesis System (Invitrogen) 

and MPRA-specific primer (Table S7, primer #2).  
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Two-step PCR amplicon approach to prepare library pools for sequencing: Library pools for 

MPRA plasmid library, polysome-based MPRA, and IVT-based MPRAs were assembled 

separately using the same protocol. Each sample (1 for plasmid library, 24 for polysome MPRA, 

and 30 for IVT MPRA) was individually amplified using Q5 High Fidelity 2X Master Mix (NEB) in 

a 50µL reaction with 250ng plasmid DNA (MPRA plasmid library), 9.5µL of cDNA or 250ng of 

plasmid DNA (Polysome MPRA), or 10µL cDNA (IVT MPRA) and MPRA-specific primers (Table 

S7, primers #10-11). Thermocycling consisted of: 98°C for 30 seconds; 10 cycles of 98°C for 10 

seconds, 71°C for 30 seconds, 72°C for 30 seconds; and a final extension at 72°C for 5 

minutes. 5µL PCR product was run on an agarose gel to confirm size and remaining 45µL was 

purified using AMPure XP beads (Beckman Coulter) at a 1.8x ratio. Second round PCR was 

performed using 20µL round 1 purified PCR product in a 50µL total volume Q5 High Fidelity 2X 

Master Mix (NEB) reaction and IDT® for Illumina® DNA/RNA UD Indexes (Illumina) primers (Set 

C used for polysome MPRA, Set A used for IVT MPRA). Thermocycling consisted of: 98°C for 

30 seconds; 10 cycles (8 cycles for MPRA plasmid library) of 98°C for 10 seconds, 67°C for 30 

seconds, 72°C for 30 seconds; and a final extension at 72°C for 5 minutes. 5µL PCR product 

was run on an agarose gel to confirm size and remaining 45µL was purified using AMPure XP 

beads (Beckman Coulter). MPRA plasmid library sample was bead purified at a 1.8x ratio. 

Polysome MPRA samples were bead purified twice, once at a 1.8x ratio then once at a 0.7x 

ratio. IVT MPRA samples were bead purified once at a 0.7x ratio.  

 

The concentrations of final purified PCR products were measured using a Qubit Fluorometer 

(Invitrogen) and size/purity was verified using an Agilent 4200 Tapestation. For the polysome 

and IVT MPRAs, all samples were pooled for sequencing using 1.869ng per sample (polysome 

MPRA) or 1ng per sample (IVT MPRA). All sequencing was performed by the Fred Hutchinson 

Cancer Center genomics core. MPRA plasmid library was sequenced on a MiSeq using the 
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Nano PE150 run configuration. Polysome MPRA was sequenced on a HiSeq 2500 using the 

Rapid PE150 run configuration. IVT MPRA was sequenced on a NextSeq 2000 using the P3 

PE150 run configuration.  

 

Dual luciferase assays 

Individual luciferase plasmids with target 3’UTRs were cloned out of the total MPRA plasmid 

library using inverse PCR followed by plasmid ligation. Briefly, PCRs were performed for each 

plasmid of interest using the MPRA plasmid DNA library as a template, Q5 High-Fidelity 2X 

Master Mix (NEB), and opposing 3’UTR mutation-specific primers that would amplify the entirety 

of the plasmid beginning with the unique mutation region (Table S7, primers #12-29). After 

amplification, a mixture of Dpn1 (NEB), T4 PNK (NEB), and T4 DNA Ligase (NEB) was added 

for linearization of the PCR product and removal of the plasmid library template. These were 

transformed into NEB 5-alpha Competent E. coli and resultant plasmids confirmed by Sanger 

sequencing.  

 

PC3 cells were plated at 8,000 cells per well in 96-well plates and transfected 24 hours later 

using 0.4µL of Fugene HD (Promega), 100ng pLuc2CP-noARE plasmid containing WT or 

mutant 3’UTR sequence, and 1ng of control Renilla plasmid (pRL-UBC) per well. Each WT or 

mutant construct was transfected into five technical replicate wells per experiment and repeated 

in four or more biological replicates. Promega’s Dual Luciferase Assay Reporter System was 

used to lyse cells in PLB and measure luciferase activity 24 hours after transfection according to 

manufacturer’s instructions. Luminescence was read using a Cytation 5 plate reader (BioTek).  

 

CRISPR base editing 

A custom R script was used to filter MPRA results by whether they could be CRISPR edited 

using available base editing systems. This included filtering for A→G or C→T mutations and 
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searching for nearby PAM sites situated at the proper distance from the mutation of interest. 

3’UTR mutations in ZWILCH (chr15:66548998 A→G) and IGF1R (chr15:98958058 G→A) were 

chosen for editing.  

 

To edit the ZWILCH 3’UTR mutation into PC3 cells, we used a system consisting of the NG-

ABE8e adenine base editor with NG PAM specificity (a gift from David Liu, Addgene plasmid 

#138491) and a mutation-specific sgRNA plasmid with sgRNA: 5’-TATTATTGTGTATCTTAAGA-

3’. To edit the IGF1R mutation into HEK293T cells, we used a system consisting of the 

evoAPOBEC1-BE4max cytosine base editor with NGG PAM specificity (a gift from David Liu, 

Addgene plasmid #122611) and a mutation-specific sgRNA plasmid with sgRNA: 5’-

GCCGATGAGGGAGAAAGTTC-3’. sgRNA plasmids were cloned from the pFYF1548 EMX1 

sgRNA plasmid backbone (a gift from Keith Joung, Addgene plasmid #47508) using the Q5 Site-

Directed Mutagenesis Kit (NEB) and sgRNA-specific primers (Table S7, primers #30-33).  

 

To introduce editing systems to cells, 1.25 million PC3 cells (ZWILCH) or 1.75 million HEK293T 

cells (IGF1R) were plated in a 10cm dish and transfected the next day with 6µg base editor 

plasmid, 2µg sgRNA plasmid, 200ng pMaxGFP, and 24µL Fugene HD (Promega). For PC3 

ZWILCH editing, transfected cells were treated with 10nM romidepsin (Selleckchem) to increase 

editing efficiency83 8 hours after transfection, then media was changed to remove reagents 24 

hours after romidepsin treatment. For 293T IGF1R editing, no romidepsin was used, but media 

was changed 24 hours after transfection to remove transfection reagents. Transfected cells 

were collected by trypsinization 72 hours after transfection and resuspended in 500µL PBS for 

flow cytometry. Cells were sorted based off live/dead and GFP+/- criteria on a Sony SH800 

sorter. Live, GFP+ cells were sorted first as single cells directly into 96-well plates for clonal 

growth, then a second portion of cells was collected in bulk for polyclonal Sanger sequencing. 
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As single-cell colonies grew in 96-well plates, they were transferred to 24-well plates and then 

6-well plates before a pellet was collected for monoclonal Sanger sequencing.  

 

Sanger sequencing was completed by isolating genomic DNA from cell pellets using the 

DNeasy Blood & Tissue Kit (Qiagen), PCR amplifying the region around the 3’UTR mutations, 

and Sanger sequencing through Genewiz. PCR amplification was conducted in a 25µL reaction 

of Phusion High Fidelity PCR Master Mix (Thermo Scientific) using locus-specific primers 

surrounding each mutation (Table S7, primers #34-37).  

 

Western blotting 

Cell pellets were lysed using RIPA buffer (Fisher Scientific) supplemented with protease and 

phosphatase inhibitors (Sigma). 30µg (IGF1R) or 20µg (ZWILCH) protein per sample was run 

on a polyacrylamide gel and transferred to a PVDF membrane. Proteins were detected using 

respective primary and HRP-conjugated secondary antibodies, including rabbit anti-IGF1R (Cell 

Signaling 3027, 1:500), rabbit anti-ZWILCH (Abcam 202898, 1:1,000), mouse anti-β-actin 

(Sigma A5316, 1:1,000), goat anti-rabbit (Invitrogen 31460, 1:5,000), and goat anti-mouse 

(Invitrogen 31430, 1:5,000).  

 

RT-qPCR 

Total RNA was extracted from cell pellets collected from CRISPR WT and mutant cell lines at 

two separate times using TRIzol reagent (Invitrogen). Briefly, TRIzol and chloroform were added 

to lyse cell pellets, and isopropanol used to precipitate RNA from the resultant aqueous layer. 

iScript Reverse Transcription Supermix (Bio-Rad) was used to reverse transcribe cDNA from 

1µg RNA per sample. qPCR was performed using SsoAdvanced Universal SYBR Green 

Supermix (Bio-Rad) for ZWILCH, IGF1R, and β-actin (Table S7, primers #38-43). 

 



84 
 

Cell growth assays 

4,000 cells per well were plated in 96-well plates using the media (10%FBS, 1%FBS, 0.1%FBS, 

or 1%CSS [Gemini Bioproducts]) specific to the experimental condition. For cisplatin-treated 

conditions, media was changed 24 hours after plating to include 15µM cisplatin (Sigma Aldrich). 

Each cell line was plated in five technical replicate wells per condition and three or more 

biological replicate experiments were performed. Cells were moved 24 hours after plating (or 

immediately following cisplatin treatment) to an IncuCyte S3 or IncuCyte Zoom (Sartorius) for 

continuous imaging and confluence analysis. Cells were imaged over the course of 72 hours 

and IncuCyte software used to measure change in confluence over this time. For comparison 

between experimental replicates, all values within an experiment were normalized around a 

single wildtype cell line.  

 

Quantification and Statistical Analysis 

 

Obtaining publicly available datasets  

BAM files for 101 SU2C project tumor/matched normal mCRPC patients were obtained from 

Quigley et al. (dbGaP accession code phs001648.v2.p1)3. BEDtools84 “bamtofastq” was used to 

extract raw sequencing data from BAM files. Fastq files for UW TAN and PDX UTR sequencing 

data, UW TAN exome sequencing data, and UW PDX ribosome profiling data were downloaded 

from Lim et al. (UW UTR sequencing data: dbGaP accession code phs001825.v1.p1; UW 

exome sequencing data: GEO repositories GSE147250 and GSE171729; and PDX ribosome 

profiling data: GEO repository GSE130465)17.  

 

Alignment to hg38 for WGS and WES samples 

All downloaded fastq files were aligned to hg38 using Bowtie2 (v2.4.2)85. The reference used for 

alignment was downloaded from GDC portal (https://gdc.cancer.gov/about-data/gdc-data-
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processing/gdc-reference-files/GRCh38.d1.vd1.fa.tar.gz). The reads with low quality were 

filtered and duplicates were marked using Picard (v2.25.0, http://broadinstitute.github.io/picard) 

and GATK86 (v4.2.5). UTR and CDS coverage were calculated using GATK DepthOfCoverage. 

 

Subtraction of reads that aligned to mouse genome 

For genome and ribosome profiling sequencing of UW PDX tissues, mouse genome subtraction 

was used to separate mouse contamination from human tissue sequencing. Short reads were 

aligned to both human reference genome hg38 and mouse reference genome mm10 separately 

using STAR2. XenofiltR87 was used to retain those alignment records which were found with 

much higher fidelity in the human genome compared to mouse genome. 

 

Somatic mutation analysis 

MuTect (v2)26, Strelka (v2.9.2)27, MuSE(v2.0)28, and VarScan229 were used to identify somatic 

single-nucleotide variants within the UTRs and CDS for each tumor and matched normal pair. 

For Mutect2, separate panels of normal were constructed for the SU2C and UW datasets using 

the matched normal samples. Three different bed files were used in separate runs for obtaining 

3′UTR, 5’UTR, and CDS mutations: ncbi_hg38_knownGene_utr3_bed.bed, 

ncbi_hg38_knownGene_utr5_bed.bed, and ncbi_hg38_knownGene_cds_bed.bed, respectively. 

Annovar88 was used for annotating the variants. For SU2C samples obtained from Quigley et 

al.3, the following cutoffs were applied to derive a final list of mutations: 

Ref_reads_in_normal>=8, Total_reads_in_Tumor>=28, Alt_reads_in_Tumor>=10, 

Tumor_VAF>=0.1, Normal_VAF<=0.05. For UW TAN and PDX samples obtained from Lim et 

al.17, the following cutoffs were applied: Ref_reads_in_normal>=8, Total_reads_in_Tumor>=14, 

Alt_reads_in_Tumor>=5, Tumor_VAF>=0.1, Normal_VAF<=0.05. Variant allele frequency (VAF) 

refers to the fraction of sequencing reads overlapping a genomic coordinate that supports the 

non-reference (mutant/alternate) allele. Mutations obtained from 2 or more callers were retained 
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for all further mutation analysis. Mutations in hypermutant samples 10-068 (UW TAN), DTB-083 

(SU2C), and LuCaP147 (UW PDX) were removed from mutational analysis.  

 

Tumor mutational burden 

Tumor mutational burden (mutations per megabase) for each patient was calculated from all 

variants (passing filters and called by two or more tools) separately in the 3’UTR, 5’UTR and 

CDS regions as defined by the UCSC knownGene Table. 

 

Mutational signature analysis 

Mutational signatures for 3’UTR mutations and CDS mutations were evaluated separately using 

DeconstructSigs89. The deconvoluted mutation signature frequency was derived using 30 

predefined COSMIC SBS V2 signatures. 

 

3’UTR mutational motif analysis 

Analysis of 3’UTR mutations within cis-element regulatory regions was performed by examining 

if the observed mutations in our patient cohort disrupt RNA-binding protein motifs, miRNA seed 

sequences, the polyadenylation signal AAUAAA, or the m6A RRACH motif. Position weight 

matrices describing RNA binding protein motifs were obtained from three sources: the CisBP-

RNA database90, RNA Bind-N-Seq project55, and mCross analysis of ENCODE eCLIP data91. 

Seed sequences of human miRNAs were obtained from miRBase92 and the expression of 

miRNAs in the PC3 cell lines obtained from ENCODE project ENCSR387TQN. Only the top 100 

expressed miRNAs in PC3 cells were used for motif analysis to filter for motif changes that 

could affect binding of only well-expressed miRNAs. A custom set of Python scripts was written 

to determine whether the observed counts of 3’UTR mutations were statistically enriched within 

these regulatory elements when compared to a random model preserving sequence-specific 

characteristics such as trinucleotide context. In this analysis, mutations that impacted pre-
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existing regulatory elements or introduced new elements were both considered. First, each 

observed mutation was analyzed as to whether it added or removed the sequence of each 

motif. To generate the background distribution, permutations of all 3’UTR mutation locations 

found within our dataset were performed ~10,000 times. The original mutational frequency of all 

specific transversions, transitions, and trinucleotide context (a total of 288 possible mutations 

are possible under this scheme—64 possible codons plus 32 additional with no nucleotide in 

exclusively the first or third position, each with three possible mutations to the middle base) 

were taken into account. The number of mutations in these permutations that affected each type 

of motif in each database or specific element was counted. The total number of observed 

mutations impacting each regulatory element type was compared to the background distribution 

of the permutation data using a one-sample t-test.  

 

Design of MPRA plasmid library 

The MPRA plasmid library consists of 66 control sequences and 6,892 pairs of WT and Mutant 

sequences based on patient mutations and their surrounding endogenous 3’UTR sequence. All 

13,851 3’UTR insert sequences are 201 nucleotides long. There are three types of control 

sequences based on miRNA seed sequences92, the PTRE-Seq 3’UTR MPRA19, and a 3’UTR 

MPRA by Oikonomou et al20. For the patient mutation sequences, transcript ids, genomic 

coordinates, and transcription stop sites for the 3′UTR of each mutated gene were obtained 

from UCSC’s Refseq Table using R/Bioconductor package GenomicFeatures93. 3′-UTR 

sequences were retrieved using R/Bioconductor package “BSgenome.Hsapiens.UCSC.hg38” 

(DOI:10.18129/B9.bioc.BSgenome.Hsapiens.UCSC.hg38). These were used to extract the 100 

bases upstream and 100 bases downstream of each mutation of interest.  

 

MPRA sequencing and statistical analysis 
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Alignment and read counts: Fastq files were aligned to a custom reference genome consisting 

of our MPRA library 3’UTR sequences using Bowtie285 (v2.4.2) allowing for 0 mismatches. WT 

and mutant barcodes were segregated to make samples for each sample group. Log2CPM 

values were calculated using edgeR94. The normalized count data (log2(cpm+1)) was used for 

Pearson’s correlation analysis in R and visualized using ggplot295.  

 

Polysome MPRA statistics: For polysome MPRA statistical analysis, xtail96 was used to identify 

differentially regulated 3’UTRs. Translation efficiency was calculated by total polysome (high 

polysome + low polysome) to total RNA and high polysome to total RNA ratios for each 3’UTR. 

RNA expression changes, used for internal control validation, were calculated by total RNA to 

plasmid DNA ratios. A ratio of ratios was then calculated to compare Mutant TE to WT TE for 

each 3’UTR mutation and an FDR<0.10 in this comparison was considered significant.  

 

IVT MPRA statistics: For IVT MPRA statistical analysis, all counts within each sample were first 

normalized using the spike-in control counts of that sample. Then, decay ratios were calculated 

from 1hr-to-3hr and from 1hr-to-6hr. These decay values were compared between paired WT 

and Mutant 3’UTR sequences across the 6 replicates using two-sample t-tests. Additionally, 

non-linear least squares regression curves were fitted to each 3’UTR insert to calculate mRNA 

half-lives. This was done using the nlstools package97 in R using the exponential decay function 

y ~ yf + (y0 - yf) * exp(-alpha * t) and the starting parameters y0 = 0.5, yf = 0, alpha = 0.1. Half-

lives were calculated based on resultant alpha values using the relationship half-life = 

ln(2)/alpha. Mutations that were considered to have significantly changed mRNA stability 

passed all the following filters: (A) sum of 1hr read counts ≥ 24 for both WT and Mutant 3’UTR 

inserts, (B) p<0.05 and |log2FC|>0.3 in either 3 hour or 6 hour decay comparison, and (C) 

|log2FC half-life|>0.2.  
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Ribosome profiling data analysis 

STAR (v2.7.3a)98 was used to align the downloaded fastq files from Lim et al.17 (GEO repository 

GSE130465) to hg38 and subtraction of mouse sequences was performed using XenofilteR87. 

Aligned reads were counted for gene associations against the UCSC genes database with 

HTSeq (0.11.0)99. Five UW PDX and five normal prostate tissue samples were each sequenced 

twice. In each analysis, the two replicates for each UW PDX were considered as the test group 

and five normal prostate tissue samples as the control group. Xtail96 (v1.1.15) was used to find 

translationally regulated genes individually for each LuCaP. DESeq2100 was used to determine 

changes in RNA expression. 3’UTR mutation-mediated changes in either translation efficiency 

or RNA expression were calculated by comparing the gene expression values for the tissue 

sample in which the mutation was found to the average values across the other four non-mutant 

tissue samples.  

 

GSEA analysis 

Enrichr101 was used to compute overlaps and enrichment of gene sets within the 

KEGG_2021_Human and Reactome_2019 databases, and gene sets with FDR<0.05 were 

considered significant.  

 

Survival Analysis  

Literature search was conducted on the genes containing 3’UTR mutations that significantly 

changed translation with a log2FC>0.75 and or changed stability with a log2FC>0.6. Mutations in 

established oncogenic genes that increased mRNA translation or stability and mutations in 

established tumor suppressive genes that decreased mRNA translation or stability were noted 

as “oncogenic 3’UTR mutations” (Table S6B-C). UW TAN patients in which these mutations 

were originally called constituted the test set of patients and comparisons made between this 
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group and the patients not bearing oncogenic 3’UTR mutations. The survminer R package was 

used to plot Kaplan-Meier curves and perform default statistical analysis (Table S6D).  

 

Sequence conservation analysis 

Sequence conservation scores at each mutation were retrieved using the GenomicScores102 

package in R. The PHASTCONS 100-way vertebrate alignment score was extracted for the 

location of each mutation of interest from the “phastCons100way.UCSC.hg38” database103.  

 

RNA structural stability analysis 

RNA secondary structure for each 201bp 3’UTR fragment of the MPRA plasmid library was 

predicted using the ViennaRNA package73,74. The minimum free energy algorithm of Zuker & 

Stiegler 1981, which yields a single optimal structure, was used and the ΔG of these structures 

was reported.   

 

Filtering CRISPR-able mutations 

All mutations that significantly altered either mRNA translation or stability were computationally 

sorted to determine whether they were valid targets for CRISPR base editing. This was done via 

custom R script that included filtering out non-transition base changes (retaining C→T, G→A, 

A→G, and T→C), obtaining the sequence around each mutation, and subsequently determining 

whether there was a PAM sequence nearby in the proper orientation. This required searching 

the positive or negative DNA strand depending on the base change, as the mutation must be 

C→T or A→G on the strand that contains the PAM. Multiple possible PAM sequences were 

allowed, including NGG, NG, NGAN (VQR), NGCG (VRER), NNGRRT (Sa), and NNNRRT 

(SaKKH), but NGG and NG sites were prioritized. The distance between the PAM and desired 

mutation was required to be 13-18 bases, and no other bystander mutations were allowed within 

this editing window (eg: if the desired mutation was C→T, no other cytosines in the window).  
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Plots and statistical analysis 

All analysis was done either in R (v4.2.0) with plots made using ggplot295 or in GraphPad Prism.  

 

Data and Code availability 

All data needed to evaluate the conclusions in the paper are described in the paper and/or the 

methods and are available at the following repositories or databases. The Lim et al.17 publicly 

available data used in this study are available in the European Genome-Phenome Archive 

under accession code phs001825.v1.p1. The Quigley et al.3 publicly available data used in this 

study are available in dbGaP under accession code phs001648.v2.p1. The MPRA sequencing 

data is deposited under superseries GSE200304. All code used for analysis in this paper can be 

found under https://zenodo.org/badge/latestdoi/566554304 (DOI:10.5281/zenodo.7331811).  
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Key resources table 

REAGENT or RESOURCE SOURCE IDENTIFIER 
Antibodies 
Rabbit anti-ZWILCH Abcam 202898 
Rabbit anti-IGF1R Cell Signaling 3027 
Goat anti-mouse Invitrogen 31430 
Goat anti-rabbit Invitrogen 31460 
Mouse anti-b-Actin Sigma A5316 
Bacterial and virus strains  
5-alpha Competent E. coli (High Efficiency) NEB C2987I 
Stellar® Electrocompetent Cells  Takara 636765 
Biological samples   
N/A   
Chemicals, peptides, and recombinant proteins 
AMPure XP for PCR Purification Beckman Coulter A63880 
HyClone Fetal Bovine Serum Cytiva SH30396.03 
Charcoal:Dextran Stripped Fetal Bovine Serum Gemini Bio-Products 100-119 
Lipofectamine MessengerMAX Invitrogen LMRNA003 
SUPERase-In RNase Inhibitor  Invitrogen AM2696 
TRIzol Reagent Invitrogen 15596-018 
TURBO DNase Invitrogen AM2238 
DpnI NEB R0176 
FseI NEB R0588S 
T4 DNA Ligase (2,000,000 U/mL) NEB M0202T 
T4 PNK NEB M0201S 
Fugene HD Promega E2311 
Phase Lock Gel Tube- Heavy QuantaBio 10847-802 
Romidepsin (FK228, Depsipeptide)- 1mg Selleckchem S3020  
Cisplatin Sigma Aldrich P4394-25MG 
Cycloheximide  Sigma Aldrich C7698 
DTT Sigma Aldrich 43815 
Critical commercial assays 
iScript Reverse Transcription Supermix Bio-Rad 1708841 
SsoAdvanced Universal SYBR Green Supermix  Bio-Rad 172-5272 
MAXIscript T7 Transcription Kit Invitrogen AM1312 
mMESSAGE mMACHINE T7 ULTRA Transcription Kit  Invitrogen AM1345 
PureLink™ HiPure Plasmid Filter Maxiprep Kit Invitrogen K210016 
SuperScript III First-Strand Synthesis System  Invitrogen 18080-051 
NucleoSpin Gel and PCR Clean-up Kit  Macherey-Nagel 740609.5 
Gibson Assembly® Master Mix  NEB E2611 
Monarch® DNA Gel Extraction Kit  NEB T1020 
Monarch® PCR & DNA Cleanup Kit NEB T1030 
Phusion® High-Fidelity DNA Polymerase  NEB M0530 
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Q5 High Fidelity 2X Master Mix NEB M0492S 
Q5 Site-Directed Mutagenesis Kit  NEB E0554 
Q5® High-Fidelity DNA Polymerase NEB M0491 
Dual Luciferase Reporter Assay System Promega E1980 
DNeasy Blood & Tissue Kit  Qiagen 69504 
QIAprep Spin Miniprep Kit Qiagen 27104 
RNeasy MinElute Cleanup Kit  Qiagen 74204 
Phusion High-Fidelity PCR Master Mix with HF Buffer Thermo Scientific F531S 
Direct-zol RNA Miniprep Plus Kit  Zymo Research ZR2070 
DNA Clean and Concentrator Zymo Research 11-302C 
Deposited data 

MPRA sequencing data (plasmid, polysome, and IVT) Gene Expression 
Omnibus GSE200304 

All custom code Zenodo/Github DOI:10.5281/zenodo
.7331811 

Experimental models: Cell lines 
HEK293T cells ATCC CRL-3216 
PC3 cells ATCC CRL-1435 
Experimental models: Organisms/strains 
N/A   
Oligonucleotides 
IDT for Illumina Nextera UDI, Set A Illumina 20027213 
IDT for Illumina Nextera UDI, Set C Illumina 20042666 
Individual primers for PCR, etc in Table S7 IDT N/A 
Recombinant DNA 
evoAPOBEC1-BE4max cytosine base editor  Thuronyi et al.104  Addgene 122611 
NG-ABE8e adenine base editor  Richter et al.105 Addgene 138491 
pFYF1548 EMX1 sgRNA plasmid backbone  Fu et al.106 Addgene 47508 
pLuc2CP-ARE Younis et al.107 Addgene 62857 
pDualLuc Arvind Subramaniam N/A 
Nanoluciferase exogenous spike-in control This study N/A 
pIGF1R_sgRNA This study N/A 
pZWILCH_sgRNA This study N/A 
pLuc2CP-noARE This study N/A 
pRL-UBC This study N/A 
Software and algorithms 

ImageJ Schneider et al.108 https://imagej.nih.go
v/ij/ 

GraphPad Prism GraphPad www.graphpad.com 
IncuCyte Base Analysis Software Sartorius N/A 

BEDtools Quinlan & Hall84 https://bedtools.readt
hedocs.io/en/latest/t 

Bowtie2 (v2.4.2) Langmead & 
Salzberg85 

https://bowtie-
bio.sourceforge.net/
bowtie2/index.shtmlt 
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Picard (v2.25.0) N/A http://broadinstitute.g
ithub.io/picard 

GATK (v4.2.5) Van der Auwera & 
O’Connor86 

https://gatk.broadinst
itute.org/hc/en-us 

XenofiltR Kluin et al.87  https://github.com/N
KI-GCF/XenofilteR 

Mutect2 (v2) Benjamin et al.26 

https://gatk.broadinst
itute.org/hc/en-
us/articles/36003759
3851-Mutect2 

Strelka (v2.9.2) Kim et al.27 https://github.com/Ill
umina/strelka 

MuSE (v2.0) Fan et al.28 
https://bioinformatics
.mdanderson.org/pu
blic-software/muse/ 

VarScan2 Koboldt et al.29 https://varscan.sourc
eforge.net/ 

ANNOVAR Wang et al.88 
https://annovar.open
bioinformatics.org/en
/latest/ 

DeconstructSigs Rosenthal et al.89 
https://github.com/ra
erose01/deconstruct
Sigs 

GenomicFeatures Lawrence et al.93  
https://bioconductor.
org/packages/Geno
micFeatures 

BSgenome.Hsapiens.UCSC.hg38 N/A 
DOI:10.18129/B9.bio
c.BSgenome.Hsapie
ns.UCSC.hg38 

edgeR Robinson et al.94 https://bioconductor.
org/packages/edgeR 

ggplot2 Wickham95 https://ggplot2.tidyve
rse.org/ 

xtail (v1.1.15) Xiao et al.96 https://github.com/xr
yanglab/xtail 

nlstools Baty et al.97 https://github.com/au
rsiber/nlstools 

STAR (v2.7.3a) Dobin et al.98  https://github.com/al
exdobin/STAR 

HTSeq (0.11.0) Anders et al.99 https://htseq.readthe
docs.io/en/master/ 

DESeq2 Love et al.100 https://github.com/mi
kelove/DESeq2 

Enrichr Chen et al.101 https://maayanlab.cl
oud/Enrichr/ 

survminer N/A rpkgs.datanovia.com
/survminer/ 

GenomicScores Puigdevall and 
Castelo102 

https://github.com/rc
astelo/GenomicScor
es 

ViennaRNA Lorenz et al.73 https://www.tbi.univie
.ac.at/RNA/ 

Other 
N/A   
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CHAPTER 3 

Building functional genomics tools able to measure mRNA stability from patient-based 

mutations 

 

This chapter presents unpublished work. 

 

ABSTRACT 

 In this chapter, I discuss how I optimized and built the massively parallel reporter assay 

(MPRA) I used to measure mRNA stability in the previous chapter. There are a variety of 

methods to determine differences in mRNA decay dynamics in cells; however, established 

protocols do not exist for the performance of an mRNA-stability MPRA in human cells. To 

ensure that we used the optimal methodology for this MPRA, I adapted two widely-used 

protocols, based on either in vitro transcription (IVT) of an mRNA library or 4-thiouracil (4sU) 

labeling of nascent RNA and compared them head-to-head. Through extensive optimization of 

each method to perform reliably in an MPRA format, I conclude that use of an in vitro 

transcribed mRNA library is more reproducible and robust than 4sU-based methods. Therefore, 

the IVT-based MPRA was used for further analysis as detailed in Chapter 2.   
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INTRODUCTION 

The gene expression cascade that ultimately leads to functional protein consists of many 

parts, including transcription, messenger RNA (mRNA) stability, translation, and protein stability. 

While transcription is the most widely studied aspect of gene expression, mRNA stability also 

plays a significant role in gene regulation. This role is emphasized by the tight regulation of 

mRNA stability, which has been illustrated by several important observations. In both yeast and 

humans cells, it has been found that decay rates are coordinated across functional classes of 

mRNAs. In yeast, mRNAs encoding the different components of protein complexes are known 

to have similar half-lives1. In humans, transcription factor mRNAs, whose expression can vary to 

affect cell state, were found overall to have relatively short half-lives, while housekeeping genes 

had much longer half-lives2. This coordination of mRNA half-lives therefore seems to be an 

important, intrinsic part of gene regulation that allows certain genes to be regulated as a group 

in response to stimuli. A striking example of this is in the inflammatory response, where groups 

of early, mid, and late-expressed genes display significant differences in mRNA turnover, with 

early response mRNAs decaying more quickly, and those expressed later being more stable3. 

This observation suggests that high mRNA expression together with rapid turnover may be an 

important mechanism for genes whose expression must be “poised” to respond quickly to 

stimuli.  

mRNA stability is regulated through a myriad of processes. Some of the earliest papers 

on the subject noted that particular sequence motifs like AU-rich elements (AREs) in the 3’ 

untranslated regions (3’UTRs) of mRNAs were associated with shorter half-lives4. In fact, 

3’UTRs are major hubs of mRNA decay regulatory elements such as miRNA binding sequences 

and RNA-binding protein (RBP) motifs5–7. More recently, the influence of RNA modification 

(epitranscriptomics), alternative polyadenylation, and translation elongation on mRNA stability 

has been uncovered8. Multiple epitranscriptomic marks, including N6-methyladenosine (m6A), 8-
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oxo-7,8-dihydroguanosine (8-oxoG), and 5-methylcytidine (m5C) can be deposited onto mRNAs, 

where their presence can be read by specific proteins that increase or decrease the mRNA’s 

stability9. Alternative polyadenylation, by changing the length of the 3’UTR and thereby the 

regulatory elements contained within the mRNA, can also have a profound effect on mRNA 

stability. In fact, the coordinated 3’UTR shortening of oncogenic mRNAs in cancer has been 

found to increase the stability and protein expression of oncogenes as an important mechanism 

of disease10. Interestingly, in addition to being regulated by mRNA sequence and modifications, 

mRNA stability is also tightly coupled to translation elongation9,11,12. Ribosome transit rates and 

pausing can be sensed by the CCR4/NOT complex, leading to deadenylation, de-capping, and 

degradation of mRNAs experiencing slow elongation from nonoptimal codon usage or pause 

sites13,14. In total, mRNA stability is a critical aspect of gene expression and cellular response to 

stimuli, which is encoded in the gene sequence through UTR-based motifs and codon usage, as 

well as RNA modifications such as m6A methylation and alternative polyadenylation.  

Though much is known about mRNA stability, it remains relatively less characterized 

than steady-state mRNA expression, in part due to the difficulty of studying such a dynamic 

process. Many techniques exist to study mRNA degradation, including transcriptional 

manipulation via actinomycin D or Tet-responsive promoters, mRNA labeling using 4-thiouridine 

(4sU), 5-bromouridine (5-BrU), or E-ethynyluridine (5-EU)15, and transfection of in vitro 

transcribed mRNAs. Each of these methods have pros and cons, which can be magnified when 

used on a whole-transcriptome scale. The simplest and most-commonly used method of 

measuring mRNA stability is shutting off transcription via treatment with actinomycin D, which 

ensures that subsequent measurements of mRNA levels reflect changes in mRNA decay and 

not production. While this method is simple, popular, and can be easily used to study 

endogenous mRNA dynamics genome-wide, there are concerns over the indirect effects of 

complete transcriptional shutoff on mRNA dynamics16. In fact, actinomycin D treatment has 
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been shown to alter mRNA stability of particular transcripts, changing the degradation of some 

mRNAs more than others, creating artifacts in the data from these experiments17–19. One way to 

overcome this is to instead measure mRNA stability of a gene of interest synthetically cloned 

under a tetracycline-regulated promoter20,21. These assays can either be conducted using the 

Tet-ON promoter, where a short pulse of active transcription creates a distinct population of 

mRNAs to observe over time, or the Tet-OFF system, where transcriptional shutoff is used 

similarly to actinomycin D, but with specificity to the gene of interest. Either way, measurement 

of mRNA decay is possible without perturbing the entire cellular environment. Unfortunately, 

these systems can be leaky, with inefficient transcriptional shutoff leading to artifacts in 

calculations of mRNA half-lives22. They also require the use of plasmids to express exogenous 

genes of interest under non-endogenous promoters, rather than measuring dynamics of 

endogenous mRNAs.  

Labeling mRNA with various modified nucleotides (4sU, 5-BrU, or 5-EU) during normal 

transcription can allow for the capture of newly synthesized endogenous mRNAs and 

subsequent determination of mRNA half-life23. Such methods can either use a single pulse of 

modified nucleotide, wherein the ratio of labeled to unlabeled mRNA after a certain time period 

can be used to calculate the mRNA half-life, or a pulse-chase method. In the pulse-chase 

method, a population of mRNAs is labeled over a time period, then the system is chased with 

unlabeled nucleotide such that the labeled mRNA population can be measured over time. The 

strength of these labeling methods lies in being able to measure global changes in endogenous 

mRNA dynamics, without causing toxicity and downstream indirect effects on gene expression. 

However, these protocols are fairly technically complex, as the treatment with labeled 

nucleotide, chase treatment, and enrichment of the labeled nascent mRNA all must be 

rigorously optimized24,25.  
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The most straightforward method of measuring mRNA decay is to transcribe, cap, and 

polyadenylate a population of mRNA in vitro, then introduce this mRNA into cells and measure 

its degradation over time26,27. As the introduced mRNA is synthetic, it can be easily distinguished 

from endogenous mRNAs without labeling, and transcriptional dynamics are not a confounding 

factor. However, using synthetic mRNA raises different issues, as these experiments inherently 

will not capture any contribution to mRNA dynamics by co-transcriptional processes, such as 

epitranscriptomics, alternative polyadenylation, or splicing. Therefore, this method is best used 

to study aspects of mRNA stability that are expected to behave independently from these co-

transcriptional processes.  

While several methods to assay mRNA stability exist, it can be difficult to determine 

which protocol is best suited for a given scenario or question. In this chapter, I describe and 

compare the use of 4-thiouracil (4sU) labeling versus an in vitro transcribed mRNA library for 

high-throughput measurement of mRNA stability changes in a massively parallel reporter assay 

(MPRA). Massively parallel reporter assays are useful tools to simultaneously measure how 

thousands of different sequences affect gene expression using plasmid reporter libraries. My 

goal was to adapt both a 4sU- and an IVT-based method to the MPRA platform to determine 

how the 3’UTR, and particularly single-nucleotide mutations within this region, affects mRNA 

stability. To answer this question, we built a reporter plasmid library where different 3’UTR 

inserts were cloned downstream of the firefly luciferase coding region. The 3’UTR inserts 

include control sequences with known effects on mRNA stability as well as pairs of wildtype and 

mutant 3’UTRs, where a single-nucleotide mutation was introduced into the mutant sequence 

such that the effect of this point mutation could be assessed. In order to determine whether a 

4sU- or IVT-based method was better suited for studying mRNA stability changes in our MPRA 

format, each was optimized through pilot experiments and then compared head-to-head in final 

sequencing of the MPRAs. Both methods presented different strengths and challenges, 
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including the technical complexity, replicability, and biological interpretability of the data. In this 

particular application of mRNA stability measurement in an MPRA format, in vitro transcription 

was concluded to be the best method producing robust results that reliably agreed with 

expected biological outcomes.   

 

RESULTS 

Optimization of an MPRA using an in vitro transcribed mRNA library 

I began the process of optimizing an MPRA using an in vitro transcribed mRNA library by 

adapting similar established protocols, particularly that of Rabani and colleagues, where they 

injected an in vitro transcribed mRNA pool into zebrafish embryos to study mRNA dynamics 

during early embryogenesis27–29. As suggested by this study, I used the commercially available 

and highly cited mMESSAGE mMACHINE T7 Ultra Transcription Kit to in vitro transcribe my 

mRNA library.  

This kit requires a highly pure DNA template for in vitro transcription (IVT), and therefore 

my first optimization step was to ensure that restriction enzyme digest of my plasmid DNA 

library resulted in a proper linear template. After testing, it was determined that gel purification 

with the Macherey Nagel NucleoSpin Gel and PCR Clean-up Kit resulted in impurities in the 

product, such that the gel-purified template must be further purified with phenol:chloroform 

isolation to be usable. This further purification increased IVT mRNA yields from 300ng to the 

expected 30µg mRNA from 1µg of DNA template. Additional minor adjustments to the kit 

protocol were the addition of 1µL SUPERase-In RNase Inhibitor to the IVT reaction and 

incubating the IVT reaction for 4 hours versus 1 hour. The suggested lithium chloride 

precipitation protocol was followed for purification of the end mRNA product.  



108 
 

Once high yields of in vitro transcribed mRNA were achieved, I performed quality control 

on the IVT mRNA library product to ensure that the kit was producing full-length and 

polyadenylated mRNA. RT-PCR with PCR primers spanning the entire length of the expected 

mRNA (~2kb) was performed, and results confirmed that the reverse transcribed IVT cDNA is an 

equivalent length to the template plasmid DNA (Figure 3-1A). This experiment also confirms 

that there is no template DNA carry-over in the IVT product, as no product is seen from the no 

RT control PCR. Further, IVT reactions from both an individual plasmid DNA template and the 

plasmid library DNA template were performed with and without addition of PolyA Polymerase (E-

PAP) and analyzed via Tapestation to confirm a size shift in the +E-PAP samples, indicating the 

proper tailing necessary for cellular mRNA dynamics (Figure 3-1B). 

For introduction of the mRNA library to cells, 8µg IVT mRNA was transfected into 1.5 

million PC3 cells in each 10cm plate using 40µL of Lipofectamine MessengerMAX. This mRNA-

specific reagent was determined to be significantly better at mRNA transfection than 

Lipofectamine 3000, though both are stated by the manufacturer as being suitable for mRNA 

transfection. When luciferase mRNA was transfected at the recommended doses with each 

reagent, MessengerMAX resulted in ~10x higher luciferase protein expression than 

Lipofectamine 3000 (Figure 3-1C). Using MessengerMAX to introduce in vitro transcribed 

mRNA into cells, we can clearly observe its decay over time, and can differentiate between 

3’UTR inserts that appear to decay at different rates (Figure 3-1D). The amount of mRNA and 

transfection reagent was optimized for the 10cm plate of PC3 cells with tested doses between 

2-14µg mRNA and 25-50µL MessengerMAX, finding that 8µg RNA with 40µL MessengerMAX 

resulted in 4-5x higher mRNA transfection efficiency as the lowest doses and sufficient product 

for all downstream processing.  

Once both the production of in vitro transcribed mRNA and its transfection into cells were 

optimized, the last issue to contend with was maintaining low technical variability across 
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samples while scaling up to perform the full MPRA protocol. In order to quantitatively normalize 

across all 30 RNA-seq samples collected in the final MPRA (5 time points in 6 replicates), a 

synthetic RNA was spiked into the TRIzol used for cell collection and RNA isolation. This RNA 

was built from the nanoluciferase coding sequence, flanked by the same homologous ends as 

each 3’UTR in the MPRA plasmid library, such that the internal sequence was unique and would 

be isolated along with the MPRA mRNA library using a MPRA-specific RT primer. The proper 

dosage of this RNA into the TRIzol was optimized such that it would get sufficient sequencing 

coverage in each sample, without overwhelming the MPRA reads of interest. This was 

particularly an issue with the samples collected at 24 hours, where the transfected IVT mRNA 

had decayed considerably and so could easily be overwhelmed by an exogenous spike-in. 

Rabani and colleagues used ratios of spike-in mRNA to injected mRNA of interest between 

1:1,000 and 1:10,000,000 in their study, and therefore I tested a similar range of ratios27. RT-

qPCR was performed on RNA samples collected 1, 6, and 24 hours after transfection of 8µg of 

mRNA with 0.2-10ng of nanoluciferase RNA spiked into each sample (Figure 3-1E). While the 

samples collected 1 or 6 hours after transfection are not overwhelmed by 2ng of spike-in, a 

0.2ng spike-in is necessary to achieve no significant increase in the MPRA+Spike-in value 

versus the MPRA value. This is further shown when these samples were processed through 

sequencing library preparation and analyzed by gel electrophoresis (Figure 3-1F). Again, 10ng 

of spike-in easily overwhelms the RNA sample collected at 24 hours after transfection, while 

there is no significant addition to the sample at 0.2 or 0.4ng of spike-in RNA. Since when 

sequencing the library, a 1:1 ratio of spike-in to MPRA 3’UTR inserts means the spike-in would 

still be taking 50% of the total reads away from the constructs of interest, we further decreased 

the spike-in amount for the final protocol to 0.02ng per sample (a 1:400,000 ratio).  

Having optimized the in vitro transcription, mRNA transfection, RNA isolation, and library 

prep for this IVT MPRA protocol, we proceeded with sequencing of the six biological replicates 
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collected, each consisting of mRNA isolated 1, 3, 6, 12, and 24 hours after IVT transfection, for 

a total of 30 samples sequenced. Preliminary quality control analysis of the nanoluciferase 

spike-in showed expected results. Approximately 1-15% of the total reads for each sample were 

the nanoluciferase spike-in, with this amount increasing in the samples collected later, due to 

the MPRA mRNA of interest degrading while the spike-in remains constant (Figure 3-1G). We 

also observe the utility of this spike-in control when degradation of individual 3’UTR inserts are 

analyzed, where the expected mRNA decay over time is much clearer after spike-in 

normalization (Figure 3-1H). This normalization also succeeds in decreasing variability between 

replicates, demonstrating that much of the original variability stems from minor technical 

differences in sample processing. Overall, optimization of this IVT-based MPRA method of 

measuring mRNA stability required few deviations from established protocols and 

manufacturer’s recommendations to adapt this method to our system and achieve results with 

high reproducibility.  

Optimization of an MPRA using 4-thiouracil labeling of nascent mRNA 

 I assessed many variations of 4-thiouracil (4sU)-based protocols that label endogenous 

nascent mRNA for their potential to adapt to the MPRA format and my question of how single-

nucleotide 3’UTR mutations affect mRNA stability. In pulse-chase 4sU experiments, 4sU is first 

pulsed onto cells to label a particular population of nascently transcribed mRNA, then this is 

chased by a many-fold higher treatment of unlabeled uridine30,31. In this way, only mRNA 

transcribed during the initial 4sU treatment is labeled, and its degradation can be followed out 

over a time course. In contrast, some 4sU experiments perform only a single 4sU treatment 

without a chase, instead using the ratio of newly transcribed +4sU mRNA to total or pre-existing 

(unlabeled) mRNA at various time points after treatment to calculate mRNA half-lives32. Usually, 

either of these protocols are followed by biotinylation of the thiol group of 4sU mRNA and 

subsequent streptavidin-based enrichment of the labeled mRNA to isolate it from the cell’s total 
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mRNA. Newer pulldown-independent methods have also been described to avoid the 

inefficiencies inherent in such biotin-streptavidin enrichment; however, these rely on the 

conversion of incorporated 4sU into cytidine and the readout of unexpected point mutations in 

the final sequencing33,34. These techniques, therefore, are not suitable for our assessment of 

how single point mutations affect mRNA stability, as there would be no way to determine 

whether a point mutation in the sequencing reads indicated an intended test mutation or the 

labeling of nascent RNA from 4sU conversion. Therefore, we chose to perform pulse-chase 4sU 

labeling followed by biotinylation and streptavidin pulldown using advanced methane 

thiosulfonate (MTS)-biotin chemistry, building on protocols optimized by the Simon and Wilusz 

labs25,32,35. Using a pulse-chase protocol versus a pulse-only protocol requires only the final 

quantification of 4sU labeled nascent RNA over time, instead of quantification of the 

nascent:total RNA ratio, leaving less room for technical error in the pulldown process.  

 Some studies have raised concerns that high or prolonged treatment of cells with 4sU 

may be toxic to cells and therefore confound results by inhibiting rRNA synthesis and causing 

nucleolar stress36, while others maintain there is no ill effects of moderate treatment33. To 

determine whether 4sU treatment is acutely toxic to cells in our system, we treated PC3 cells 

with 50-500µM of 4sU for up to 5 hours and measured cell viability visually and via Trypan blue, 

where <5% cell death was observed over this time course (Figure 3-2A). To ensure that the 

subcellular nucleolar stress others have found upon 4sU treatment was not occurring in the 

absence of whole cell toxicity, nucleolar staining was performed on cells treated with 500µM 

4sU for 5 hours, allowing visualization of normal nucleolar morphology in 4sU treated PC3 cells 

(Figure 3-2B). Additionally, rRNA production was examined through Tapestation analysis, where 

normal rRNA levels and 18S:28S ratio (RIN = 10.0) from cells treated with 5 hours of 500µM 

4sU demonstrates normal rRNA processing (Figure 3-2C). We conclude that up to 5 hours of 

4sU treatment at 500µM is non-toxic to PC3 cells.  
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 Our experimental setup requires the cells to be challenged not only with 4sU treatment 

but also plasmid DNA transfection. In order to ensure that cells are allowed to recover from 

transfection before 4sU treatment, a 16 hour transfection period was followed by a media 

change to remove the transfection reagent and a 24 hour recovery period before 4sU treatment. 

In this way, 24 hour treatment with 500µM 4sU after plasmid transfection was found to cause no 

appreciable toxicity to cells (Figure 3-2D). As 4sU is only incorporated into a relatively small 

percentage of nascent mRNA at a time, this 24 hour treatment period was chosen to allow build-

up of sufficient levels of labeled mRNA in the cells before the uridine chase was applied.  

 The quality of RNA isolated from cells after transfection and 4sU treatment is integral to 

the robustness of the subsequent biotinylation and pulldown steps. We determined that RNA 

isolation using TRIzol, followed by DNase treatment using TURBO DNase, and final purification 

using the RNeasy MinElute Cleanup Kit was necessary to yield highly pure RNA free from 

contamination of DNA, salts, or protein. During such optimization, TURBO DNase was found to 

perform ~35% better than Thermo Fisher’s DNase I in decreasing the contamination of RNA 

prep with residual DNA. 

 Biotinylation of the purified RNA was performed according to the optimized protocol of 

Duffy and colleagues using MTSEA-biotin-XX, which results in greater efficiency, higher yields, 

and less bias than previously used HPDP-biotin25,35. In order to normalize between samples for 

variation in biotinylation and streptavidin pulldown efficiency, an in vitro transcribed RNA labeled 

with 4sU was spiked equally into each RNA sample before biotinylation. We found that the 

Miltenyi µMACS streptavidin kit used by Russo et al. improves the pulldown efficiency over the 

Invitrogen Dynabeads technology used by Duffy et al. (Figure 3-2E). The µMACS kit yielded an 

enrichment ratio of ~40-100x between nascent mRNA measured from +4sU treated versus -4sU 

untreated cells, whereas Dynabeads only achieved +4sU/-4sU ratios ranging from 1.5-4x. 
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 This protocol’s ability to observe mRNA degradation and differentiate between mRNAs 

with different decay rates was determined using a set of endogenous control mRNAs with 

various known relative stabilities: Actin (long half-life), DHX9 (moderate half-life), and miR17HG 

(short half-life). After the optimization detailed above, we observed these expected trends in 

endogenous mRNA half-lives (Figure 3-2F). With this quality control check, combined with the 

high +4sU enrichment observed using µMACS beads, we concluded that this protocol was 

robust enough to go forward with the massively parallel reporter assay.  

Before sequencing the six biological replicates of the 4sU MPRA that were collected and 

processed, we first checked the +/- 4sU enrichment and endogenous control mRNA decay in 

these samples. The enrichment of +4sU samples over -4sU controls ranged from 0.3x to 16.5x 

(median 3.0x, mean 5.6x), versus the 40-100x enrichment we saw in pilot assays (Figure 3-

2G). One possibility for this wide range and seeming decrease in overall efficiency is our use of 

the 4sU-labeled spike-in for pulldown normalization. Though this spike-in was added 

equivalently to all samples, there are some in which substantially lower amounts (high Cq 

values) were observed via qPCR (Figure 3-2H). This led to the spike-in control displaying highly 

variable 1hr +4sU/1hr -4sU enrichment scores. While this ratio is expected to equal 1, indicative 

of the same amount of spike-in being pulled down in each control sample, we see that replicates 

1 and 6 are far from this expected value (Figure 3-2I). Looking closely, either the -4sU or +4sU 

control samples of replicates 1 and 6, which had the most variable enrichment scores, had had 

abnormally high Cq values. This calls into question the validity of normalizing to the +4sU spike-

in control, though technically it plays an important role in controlling for processing variation. It 

remains unclear whether the spike-in is quantifying true technical variability in the biotin-

streptavidin pulldown, or whether using it for normalization introduces further noise and artifacts 

into the system. 
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When decay trends for endogenous miR17HG and DHX9 and the transfected MPRA 

luciferase mRNA were analyzed, we see further evidence of replicate-to-replicate variability 

(Figure 3-2J). The overall decay of each mRNA over time is not clear in replicates 1, 2, and 3, 

part of which may be due to the abnormal spike-in control values in the 10hr samples for 

replicates 1 and 3, which artificially inflate the normalized nascent mRNA values at the 10hr 

timepoint. Additionally, in several biological replicates, particularly 4 and 5, nascent mRNA is not 

observed to decay between the 1 hour and 3 hour time points after the uridine chase was 

applied. This indicates that the switch between the 4sU pulse and uridine chase within cells is 

not precise and that newly transcribed mRNA is likely still incorporating 4sU in the first 1-3 hours 

of uridine treatment, introducing more noise into the system. Despite this, encouragingly, we do 

observe faster decay for miR17HG versus DHX9 and the MPRA luciferase in all replicates 

(Figure 3-2J). However, since decay of the MPRA luciferase mRNA must be quantifiable over 

the time-course for further analysis, we sequenced only biological replicates 4, 5, and 6 of the 

4sU MPRA to compare these with results seen in the in vitro transcribed MPRA.  

 Comparison of IVT and 4sU massively parallel reporter assays 

In total, six biological replicates of the IVT-based MPRA and three replicates of the 4sU-

based MPRA were sequenced. Control 3’UTR inserts built into the MPRA plasmid library were 

used to evaluate each MPRA’s ability to accurately capture expected differences in mRNA 

degradation. Such controls included 3’UTRs containing AU-rich elements (AREs) and Pumilio 

binding elements (Pum), both of which are known to decrease mRNA stability37,38. These trends 

are clearly observed in the IVT-based MPRA, where addition of either regulatory element leads 

to faster mRNA decay and a dose-dependent effect is observed for the Pumilio element (Figure 

3-3A-C). In comparison, the same controls in the 4sU MPRA behave more variably. Using the 

4sU method, we observe decreased mRNA stability from the 2X ARE control sequence, as 

expected (Figure 3-3D); however, the results of the Pumilio regulatory element are less clear 
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(Figure 3-3E). Though both the 1X and 2X Pumilio-containing 3’UTRs decay faster than the 

blank vector, the dose dependence trends the opposite direction as expected, with the 3’UTR 

containing four Pumilio elements showing increased stability from that containing only one 

repeat (Figure 3-3F). From analysis of these controls, we conclude that the IVT-based MPRA 

captures more true differences in mRNA decay than the 4sU-based MPRA. 

As the IVT-based MPRA demonstrated less variability and more expected trends when 

analyzing internal controls, we went forward with analysis of mRNA stability changes between 

the wildtype and mutant pairs of 3’UTRs in this IVT MPRA library (these results detailed in 

Chapter 2). Nine of the top hits of the IVT MPRA (log2FC half-life >0.75) were sequenced at 

sufficient coverage in the 4sU MPRA for comparison across these two methods. For each of 

these 3’UTR mutations, the IVT method displays clear decay over time and significance is 

reached due to the relatively small variability between replicates (Figure 3-3G). Analyzing the 

same mutations using the 4sU MPRA results, some, but not all, of the same trends are 

observed (Figure 3-3H). Mutations 2 and 4 reproduce the same increase in mutant stability as 

found in the IVT MPRA, perhaps even with higher effect sizes; however, the high variability 

between replicates makes statistical analysis difficult. Mutations 1, 3, and 8 display slight trends 

toward the same decay patterns as in the IVT MPRA at the 6 hour time point, but overall could 

not be concluded to agree between methods. Further, mutations 5, 6, and 7 seem to show 

opposite trends between methods, and mutation 9 shows no change using the 4sU method. 

Overall, the IVT-based MPRA displays higher reproducibility between replicates and expected 

trends in mRNA decay are more clearly observed. Importantly, we were also able to replicate 

results from the IVT MRPA using orthogonal methods such as dual luciferase assays and by 

using actinomycin D, as detailed in the previous chapter.  

 

DISCUSSION 
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After optimization of two methods to study changes in mRNA decay, we conclude that, 

though each method has pros and cons, an IVT-based MPRA was better suited for our 

purposes than a 4sU-based method. The 4sU protocol is more technically difficult, with 

numerous steps that introduce higher variability between replicates. Since our goal was to 

quantify relatively small effect size changes caused by single-nucleotide 3’UTR mutations, the 

higher reproducibility of the IVT-based assay was important for attaining statistical power and 

significance. It is not wholly surprising that these MPRAs did not have high concordance with 

each other, as various methods for measuring mRNA stability genome-wide have resulted in 

widely variable conclusions, with the median mRNA half-life of the transcriptome being reported 

anywhere from 3.4 to 10 hours23.  

Overall, the IVT MPRA ended up being more well-controlled than the 4sU MPRA. The 

spike-in control RNA used in the IVT MPRA was found to be critical in normalizing between 

each sample, illustrated by the decrease in variability and clearer decay trends in normalized 

versus unnormalized data. The 4sU MPRA also used a similar spike-in to normalize for variation 

in the enrichment of nascent mRNA; however, it did not behave fully as intended. Though in 

some cases it seemed to be important for normalizing between small amounts of sample-to-

sample variability (eg: replicates 2-5), there were a few outlier samples in which the spike-in 

normalization may have introduced more noise into the system. From the observed variability in 

nascent mRNA enrichment, we conclude that the protocol used for 4sU tagging and pulldown 

was not fully optimized to a high degree of efficiency, though it was based largely on published 

protocols and pilot experiments were promising. This inefficiency of biotin-streptavidin pulldown 

has been noted by other groups as well and likely accounts for the general move in the field 

towards nucleotide recoding instead of such biochemical enrichment24. These newer protocols, 

such as TimeLapse-Seq and SLAMseq, improve upon the 4sU method, minimizing noise in the 

system, as well as allowing for significantly less starting material31,33.  
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We recognize that there are limitations to using in vitro transcribed mRNA as the basis of 

our MPRA, particularly in that synthetic mRNA is not subjected to co-transcriptional processes 

that would happen in the cell, such as RNA editing, mRNA modifications, splicing, and 

alternative polyadenylation. The use of transfection to introduce the mRNA into cells may also 

bias or change the localization of the mRNAs in the cytoplasm. Further, there could be mRNA 

left in the cell media able to contaminate mRNA isolated from cells, creating artifactual mRNA 

dynamics from mRNA that never entered cells39. However, these issues are generally controlled 

by the fact that our final analysis focuses specifically on the pairwise difference between 

wildtype and mutant constructs. Since all the luciferase mRNA analyzed in our assays 

encounters the same lack of co-transcriptional processing, both wildtype and mutant constructs 

will be affected the same, maintaining any difference in decay between them. Therefore, though 

some effects specifically related to co-transcriptional processing may be missed, the effects 

observed in the assay are likely to hold true in an endogenous cellular setting.  

It is worth noting that, in a practical sense, an IVT-based protocol is simpler, quicker, and 

less expensive than 4sU-based protocol (Table 3-1). While the IVT method has only four major 

parts (in vitro transcription of the library, transfection, RNA isolation, and sequencing 

preparation), the 4sU method has eight (transfection, 4sU pulse treatment, uridine chase, RNA 

isolation, biotinylation, streptavidin pulldown, nascent mRNA purification, and sequencing 

preparation), most of which required more optimization and contain more individual steps than 

the IVT method. From cell plating to final mRNA isolation, the 4sU method takes a minimum of 6 

days, whereas the IVT method takes approximately three. The IVT method does require more 

preparation before transfection; however, to create the mRNA library. Each IVT reaction, starting 

with undigested plasmid library, takes 1-2 days, and many such reactions may be needed to 

accumulate enough mRNA library for large-scale transfection. While this adds to the total 
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amount of time needed from beginning to end, the IVT method remains faster and simpler 

overall.  

In our hands, fewer modifications had to be made to established protocols to arrive at a 

rigorous and reproducible MPRA protocol based on in vitro transcription than 4sU nascent RNA 

labeling. This is not to say that 4sU labeling cannot be used in a reliable manner, but that it 

seems to be more complex, and for our purposes, the additional complexity of further 4sU 

optimization was not justifiable when in vitro transcription produced robust data with a simpler 

workflow. In other cases, where the effects of co-transcriptional processes or mRNA localization 

may be a significant part of the experimental question, or when mRNA stability of endogenous 

mRNA, not that of a reporter library, is being measured, a 4sU-based MPRA may be necessary 

and appropriate. In this case, we would recommend experimenting with nucleotide recoding as 

an alternative to biochemical enrichment, and extensive optimization and QC before proceeding 

with large-scale sequencing. Based on the optimization and comparison of techniques detailed 

in this chapter, the IVT-based MPRA for measurement of mRNA stability changes caused by 

3’UTR mutations was used in Schuster et al. as detailed in the previous chapter, where further 

analysis of the results elucidated interesting facets of 3’UTR biology and these mutations’ 

relevance to cancer.  
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Figure 3-1: Optimization of an IVT-based MPRA 
(A) Agarose gel image of RT-PCR performed on template DNA, no RT control IVT RNA, and +RT IVT 

cDNA using primers that amplify the full-length cDNA.   
Figure legend continued on next page 
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Figure 3-1 continued: 
(B) Tapestation RNA assay conducted on IVT products from either plasmid library template or a single 

plasmid template with or without E. coli Poly-A Polymerase (E-PAP) present in tailing reactions.  
(C) Firefly luciferase relative light unit (RLU) values from cells lysed 3, 6, or 24 hours after IVT mRNA 

transfection with either Lipofectamine 3000 or Lipofectamine MessengerMAX (100ng mRNA + 0.3uL 
either reagent). 

(D) qPCR amplifying luciferase mRNA 1, 3, 6, 12, and 24 hours post-transfection of two different IVT 
products 

(E) RT-qPCR results of spike-in dilution testing, where 0, 10, 2, 0.4, and 0.2ng of exogenous spike-in 
RNA was added to 1hr, 6hr, and 24hr post-transfection collected samples.  

(F) Agarose gel image of library preparation products, where samples spiked with differing amounts of 
exogenous spike-in were processed by luciferase-specific reverse transcription and two rounds of 
library prep PCR amplification. The expected product is ~380bp.  

(G) The percentage of total sequencing reads from each IVT MPRA sample coming from the 
nanoluciferase spike-in.  

(H) mRNA decay of two individual constructs before and after raw reads were normalized to the amount 
of spike-in control measured in each sample.  
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Figure 3-2: Optimization of a 4-thiouracil-based MPRA 
Figure legend continued on next page 
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Figure 3-2 continued: 
(A) Health of PC3 cells after 5 hours of 4sU treatment. Percent viability measured by Trypan blue 

displayed on the left y-axis and number of live cells collected after treatment on the right y-axis.  
(B) Immunoflorescent images of PC3 cells taken after 5 hours of 500uM 4sU treatment. Nucleolar 

morphology visualized using anti-Nucleolin antibody.  
(C) Tapestation RNA assay conducted on RNA isolated from cells after 5 hours of 500uM 4sU treatment.  
(D) Cellular confluence measured from two populations of cells over an experimental timeline of DNA 

transfection, media change at 16 hours, recovery period, and 24 hour 500uM 4sU treatment. 
(E) Enrichment ratio of miR17HG, Actin, and DHX9 levels recovered after RNA isolation, biotinylation, 

and streptavidin bead pulldown to elute only 4sU-tagged mRNA from cells cultured with or without 
4sU.  

(F) Nascent mRNA levels measured by qPCR after 24 hour 100uM 4sU treatment, 0, 1, 3, 5, and 10 
hours of 10mM uridine chase, and biotin-streptavidin enrichment of 4sU-tagged nascent mRNA. 
Results are representative of three optimization experiments.  

(G) Enrichment ratios quantified by qPCR of miR17HG, DHX9 and transfected MPRA luciferase construct 
between 4sU treated and untreated cell samples across the six biological replicate MPRA samples. 
Dotted line indicates a ratio of one, below which all signal would be considered noise from unlabeled 
mRNA contamination.  

(H) qPCR Cq values measuring amounts of the exogenous 4sU-labeled spike-in control across the 30 
MPRA samples.  

(I) Enrichment ratios quantified by qPCR of the exogenous spike-in control between 4sU treated and 
untreated cell samples across the six biological replicate MPRA samples. Dotted line indicates the 
expected ratio of one.  

(J) Decay of miR17HG, DHX9, and transfected MPRA luciferase mRNA measured by qPCR across the 
six biological replicate MPRA samples.  
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Figure 3-3: Comparison of two MPRAs for measuring mRNA stability changes  
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Figure 3-3 continued: 
(A) Nonlinear least-squares regression curves fit to IVT MPRA data for internal control 3’UTR inserts 

consisting of a blank vector sequence versus 2X repeated AU-rich element (ARE).  
(B) Nonlinear least-squares regression curves fit to IVT MPRA data for internal control 3’UTR inserts 

consisting of a blank vector sequence versus 1X, 2X, and 4X repeated Pumilio element (Pum). 
(C) Summary results of 1hr-to-3hr decay corresponding to 3A & 3B (mean ± SEM, n=6). Statistical 

analysis conducted using paired t-test and multiple comparisons correction of Benjamini, 
Krieger, and Yekutieli (*q<0.05). 

(D) Nascent mRNA decay of 2X ARE-containing mRNA versus two variations of blank 3’UTR controls in 
the 4sU MPRA. Points show data from all 3 replicates sequenced with lines connecting 
corresponding mean values.  

(E) Nascent mRNA decay of 1X, 2X, and 4X Pumilio element-containing mRNAs versus two variations of 
blank 3’UTR controls in the 4sU MPRA. Points show data from all 3 replicates sequenced with lines 
connecting corresponding mean values.  

(F) Summary results of 1hr-to-6hr decay corresponding to 3D & 3E (mean ± SEM, n=3). Statistical 
analysis conducted using paired ratio t-test. 

(G) mRNA decay values (each sample normalized first to the spike-in control, then each construct 
normalized such that the mean at 1hr equals 1) for nine mutations within the IVT MPRA. Log2FC 
mRNA half-life values shown for each in upper right. Stars indicate significance (*:p<0.05, **:p<0.01) 
using t-test to compare WT and mutant values at either 3hr or 6hr time points.  

(H) Nascent mRNA decay values (each sample normalized first to the spike-in control, then each 
construct normalized such that the mean at 1hr equals 1) for corresponding nine mutations within the 
4sU MPRA.  
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Table 3-1: Overview of IVT- versus 4sU-based methods of measuring mRNA stability 

Feature IVT MPRA Method 4sU MPRA Method 

Reproducibility High Low 

Simplicity of Workflow Simple Complex 

Time Needed 
IVT mRNA: 1-2 
days/reaction 

Transfection to RNA: 2 days 

Transfection to RNA: 4 days 
Enrichment: 1-2 days 

Ease of Optimization Some optimization needed Extensive optimization 
needed 

Ability to analyze 
endogenous mRNA 

No, only transfected mRNA 
decay can be observed 

Yes, observe decay of both 
endogenous mRNAs and 
transfected DNA/mRNA 

Effects of co-
transcriptional processing Not observed Can be observed 

Reagent cost ~$3,200 ~$5,500 
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MATERIALS & METHODS 

The methods used for the performance of the final IVT-based MPRA are detailed in Chapter 2 

(pages 74-91). Here I describe additional methods used in the optimization of the IVT MPRA, as 

well as the methods pertaining to the 4sU-based MPRA. A finalized step-by-step protocol used 

for each of the MPRAs is included in addition.  

IVT Optimization 

RT-PCR to test IVT mRNA length: Messenger RNA in vitro transcribed from the MPRA base 

plasmid using the mMESSAGE mMACHINE T7 Ultra Kit as described in the previous chapter 

was reverse transcribed into cDNA using the SuperScript III First-Strand Synthesis System and 

a MPRA-specific RT primer. PCR amplification of cDNA, no RT control, and MPRA base 

plasmid DNA was performed using primers flanking the entire mRNA sequence and Phusion 

High-Fidelity PCR Master Mix. The forward primer sits just upstream of the luciferase coding 

sequence start, downstream of the T7 promoter, and the reverse primer sits just downstream of 

the inserted 3’UTR sequence, upstream of the polyadenylation signal.  

Testing lipofectamine transfection reagents: PC3 cells were plated in a 96-well plate at 8,000 

cells per well. The next day, cells were transfected with either 100ng of IVT mRNA +0.3µL 

Lipofectamine 3000 or 100ng IVT mRNA + 0.3µL Lipofectamine MessengerMAX. Cells were 

collected 3, 5, and 24 hours after mRNA transfection. Firefly luciferase luminescence was 

measured using the LAR II solution from Promega’s Dual Luciferase Reporter Assay System.  

Testing spike-in concentrations: Test 1 (RT-qPCR): RNA was isolated from cells transfected with 

IVT mRNA using 1mL of TRIzol per sample as described in the previous chapter. Transfected 

cells were collected 1, 6, and 24 hours after mRNA transfection. Each 1mL of TRIzol for RNA 

isolation was spiked with 0, 10, 2, 0.4, or 0.2ng of IVT nanoluciferase control RNA. RNA was 

reverse transcribed into cDNA using the SuperScript III First-Strand Synthesis System and a 
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MPRA-specific RT primer, then qPCR performed using SsoAdvanced Universal SYBR Green 

Supermix and primers amplifying (A) specifically the nanoluciferase spike-in, (B) specifically the 

MPRA firefly luciferase IVT mRNA, or (C) a region common to both the spike-in and MPRA IVT 

mRNA. The ratio of C/B was used to determine whether the spike-in was significantly increasing 

the total amount of spike-in+MPRA RNA over the base amount of MPRA RNA. Test 2 (Library 

prep PCR): The same cDNA made in Test 1 was processed through the full sequencing 

preparation protocol using a two-step PCR amplification approach (described in the previous 

chapter). Briefly, the 3’UTR insert of the MPRA IVT mRNA was amplified using MPRA-specific 

primers adding homologous adapter ends in a 50µL Q5 MasterMix PCR reaction, then this PCR 

product was purified using the Zymo Research Clean & Concentrator kit. A second PCR 

amplification step was performed using primers specific to the homologous ends added in the 

previous step that added the necessary Illumina sequencing adapter sequence. This 50µL Q5 

MasterMix PCR reaction was also purified using the Zymo Research kit. These purified products 

were run on a 1% agarose gel and band intensities quantified in ImageJ.  

 

4sU Optimization 

Making 4sU solutions: 4sU solution was made fresh for each experiment. A minimal amount of 

powdered 4sU (~1mg, Fisher Scientific AAJ60679MC) was transferred to an eppendorf tube 

and weighed. Nuclease-free water was added to a working concentration of 50-75mM (4sU 

molecular weight: 260.264 g/mol). 4sU solutions are light-sensitive and always kept in the dark. 

All experiments using 4sU were performed in the dark, from cell treatment through biotinylation 

and enrichment.  

General course of transfection and 4sU treatment: PC3 cells were plated (175,000 cells per well 

for 6-well plates or 1.5 million cells per well for 10cm plates) on Day 0. On Day 1, cells were 
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transfected with plasmid using Fugene HD according to manufacturer’s directions (1.5µg DNA + 

4.5µL of Fugene HD for 6-well plates or 8µg DNA + 24µL Fugene HD for 10cm plates). On Day 

2, approximately 16 hours after transfection, media was changed on the cells to remove 

transfection reagents. On Day 3, cells were treated with 4sU.  

Assessing 4sU toxicity: PC3 cells were plated and transfected with a control luciferase-

expressing plasmid in 6-well plates, then treated with 0, 50, 100, 200, 300, or 500µM 4sU. Cells 

were observed over 5 hours before being collected. Collected cells were mixed with Trypan Blue 

and counted using a Bio-Rad TC20 to determine cell number and viability.  

Nucleolar staining after 4sU treatment: Coverslips were first prepared by washing in 70% 

ethanol, air drying, and coating in 0.01% Poly-L-Lysine, followed by rinsing in MilliQH2O and UV 

sterilization. PC3 cells were plated on coverslips placed in 6-well plates using ~20,000 cells in a 

200µL volume. After cells settled onto the coverslip for 4 hours, additional media was added to 

wells. The next day, cells were treated with 0 or 500µM 4sU for 5 hours before fixing with 1mL of 

2% paraformaldehyde for 10 minutes at room temperature. Staining was performed by first 

permeabilizing cells with 2mL of 0.1% Triton X-100 for 10 minutes on ice, followed by 30 

minutes of blocking with 5% BSA, incubation with primary antibody overnight (1:1,000 α-

Nucleolin ab136649), 1 hour of secondary antibody incubation (1:500 goat α-mouse Alexa Flour 

555, Thermo Fisher #A-21422), and mounting with Vectashield mounting media with DAPI. All 

images were taken using the same exposure times across samples.  

Tapestation analysis: PC3 cells were plated and transfected with luciferase plasmid DNA in 

10cm plates, then treated with 500µM 4sU. Cells were collected after 5 hours of 4sU treatment. 

Total RNA was isolated using the Qiagen RNeasy Miniprep Plus Kit, then DNase treatment was 

performed on 50µg RNA using 50µL DNase I (Thermo EN0525) incubated for 30 minutes at 

37°C. Phenol:chloroform purification followed by ethanol precipitation was performed after 
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DNase treatment to remove DNase. This final product was then sent to the Fred Hutchinson 

Genomics Core to analyze via RNA Assay on the Agilent 4200 Tapestation.  

DNase optimization: Thermo Fisher DNase I (EN0525) was tested using a ratio of 1µg RNA:1µL 

DNase I and a 30 minute incubation at 37°C. TURBO DNase (Invitrogen AM1907) was tested at 

a ratio of 10µg RNA:1µL TURBO DNase and a 30 minute incubation at 37°C.  

Using an in vitro transcribed 4sU-labeled RNA spike-in: A short in vitro transcription template 

was created from the nanoluciferase coding sequence using two rounds of PCR to amplify the 

sequence, add homologous ends identical to those flanking the 3’UTR sequences of the MPRA 

plasmid library, and add a T7 promoter. The MAXIscript T7 Transcription Kit was then used to 

transcribe a 4sU-labeled control RNA. The manufacturer’s protocol was followed with the 

alteration of using 0.5µL of unlabeled UTP plus 0.5µL s4UTP (TriLink N-1025-1) in place of 1µL 

UTP. The reaction was incubated for 1 hour at 37°C, then optional DNase treatment was 

performed followed by phenol:chloroform:IAA purification. This protocol was adapted from the 

“RNA ladder synthesis” protocol from Duffy et al. 201635. 50ng of this +4sU labeled control RNA 

was added to each sample during biotinylation to control for technical variation in enrichment.  

Biotinylation: DNase-treated RNA from 4sU-treated samples was biotinylated as described in 

Duffy et al. 201635. 8-10µg of RNA, 1µL 1M HEPES (pH 7.4), 1µL 0.5M EDTA, 50ng +4sU IVT 

control RNA, and water to a 40µL total volume was combined in an Eppendorf tube. MTSESA 

Biotin-XX (Biotium 90066) stocks (1mg/mL) were diluted 1:20 in dimethylformamide (4µL biotin 

+ 76µL DMF), then 10µL of diluted biotin was added to each reaction for a total volume of 50µL. 

Reactions were covered with foil and incubated at room temperature for 30 minutes with 

rotation. Unreacted biotin was then removed using a modified RNeasy MinElute Cleanup 

protocol. First, 50µL water and 100µL chloroform was added to the biotin reaction in a Heavy 

Phase Lock Gel Tube (QuantaBio 2302830), shaken vigorously, and incubated at room 

temperature for 2 minutes before centrifuging at 12,000xg for 5 minutes at 4°C. The aqueous 
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phase (~100µL) was then transferred to a new tube for RNeasy MinElute Cleanup following the 

manufacturer’s protocol. All centrifugation steps were performed at 4°C and final biotinylated 

RNA was eluted in 50µL.  

4sU enrichment using Invitrogen Dynabeads: Invitrogen Dynabeads were tested for 4sU 

enrichment exactly following the protocol described in Duffy et al. 201635. Briefly, streptavidin 

beads were blocked starting with 2 washes in water, followed by 2 washes in high salt wash 

buffer, then blocking for 1 hour at room temperature using a mixture of high salt wash buffer and 

glycogen. For fractionation, 5µL of wash buffer was added to 50µL product after biotinylation 

and biotin cleanup. 5µL of this 55µL total was saved as the “total RNA”/input sample. The rest 

was added to 100µL of blocked beads and incubated in the dark for 15 minutes at room 

temperature with rotation. A magnetic rack was then used to separate beads, washing thrice 

with 100µL high salt wash buffer. 25µL elution buffer (100mM DTT, 20mM HEPES, 1mM EDTA, 

100mM NaCl, 0.05% Tween) was added to beads to elute nascent 4sU-tagged and biotinylated 

RNA twice, for a total of 50µL nascent RNA sample.  

4sU enrichment using Miltenyi µMACS: Miltenyi µMACS system was tested for 4sU enrichment 

as described in Russo et al. 201732. Of the 50µL biotinylated sample, 5µL was reserved as the 

“total RNA” sample. The rest of the sample was mixed with 100µL streptavidin bead solution 

and incubated in the dark for 15 minutes at room temperature. The µMACS column was 

equilibriated twice with 100µL nucleic acid buffer immediately before the RNA/bead solution was 

added to the column. The flow-through was collected into a tube labeled “pre-existing RNA”. 

The column was then washed with column wash buffer (100mM Tris-HCl, 10mM EDTA, 1M 

NaCl, 0.1% Tween-20), once with 100µL (added to “pre-existing RNA”), then again with 500µL 

(discarded). Nascent RNA was eluted by applying 100µL of 100mM DTT and letting this flow 

through the beads by gravity for 5 minutes. This elution was repeated for a total elution volume 

of 200µL.  
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RNA cleanup after 4sU nascent RNA enrichment: A modified RNeasy MinElute Cleanup 

protocol was used to purify the total, pre-existing, and total RNA samples after 4sU enrichment. 

350µL Buffer RLT and 250µL 100% ethanol was added to each 100µL RNA sample before 

applying to MinElute columns. Samples were centrifuged 15 seconds (all centrifugation done at 

12,000xg, 4°C), then 500µL Buffer RPE supplemented with 35µL 1% β-mercaptoethanol (10mM 

βME) was added to the column. Sample was centrifuged for 15 seconds, followed by application 

of 500µL fresh 80% ethanol and further centrifugation for 2 minutes. Finally, samples were spun 

at max speed for 5 minutes and then purified RNA eluted using 14µL of nuclease-free water.  

Quantitative PCR for endogenous mRNA decay: RNA samples were reverse transcribed using 

iScript Reverse Transcription Supermix according to manufacturer’s protocol using equal 

volumes of RNA sample. qPCR was performed using SsoAdvanced Universal SYBR Green 

Supermix and primers amplifying miR17HG, DHX9, Actin, and/or the luciferase plasmid used for 

the MPRA library.  

Sequencing and computational analysis of the 4sU-based MPRA: Nascent RNA samples from 

replicates 4, 5, and 6 of the 4sU-based MPRA were prepped for sequencing and alignment of 

reads to the MPRA plasmid library “genome” were performed as described for the IVT-based 

MPRA in the previous chapter. For normalization, all cDNA reads were first normalized using the 

spike-in control ratios across samples. Then normalized cDNA counts were normalized to 

plasmid DNA counts to account for variation in transfection efficiency. Finally, counts across 

each 3’UTR insert were normalized by setting the average of the 1hr counts was to 1, making 

comparison across inserts feasible.  
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Primer sequences: 

Primer Name Sequence 

DHX9 qPCR For CCGATTCCTCCATGCGAGTT 

DHX9 qPCR Rev TCTGGCCTTCTACCGAGACA 

MIR17HG qPCR For GACTCCTGACAAAATGCAGCC 

MIR17HG qPCR Rev TCTGAAGTCTCAAGTGGGCAT 

Actin qPCR For GGCATGGGTCAGAAGGATT 

Actin qPCR Rev CACACGCAGCTCATTGTAGA 

+4sU Spike-in Template PCR 1 
For 

GCCAGCGCCAGGATCAACGTCTAACATGGTCTTCAC
ACTCGA 

+4sU Spike-in Template PCR 1 
Rev 

CGCCCCGACTCTAGCTAGACTGCAAGACCTTCATAC
GGGAT 

+4sU Spike-in Template PCR 2 
For 

TAATACGACTCACTATAGGGAGAGCCAGCGCCAGG
ATCAACGTCTAAC 

+4sU Spike-in Template PCR 2 
Rev 

GGTTTGTCCAAACTCATCAATGTCGCCCCGACTCTA
GCTAGACTGCA 

MPRA Specific RT Primer CGCCCCGACTCTAGC 

Spike-in Test MPRA 
Firefly+Spike Total For 

GCCAGCGCCAGGATC 

Spike-in Test MPRA 
Firefly+Spike Total Rev 

CGCCCCGACTCTAGC 

MPRA Firefly Luciferase For 
(for Spike-in and 4sU 
endogenous qPCRs) 

GCACATATCGAGGTGGACATTA 

MPRA Firefly Luciferase Rev 
(for Spike-in and 4sU 
endogenous qPCRs) 

CCACGATCCGATGGTTTGTAT 

Spike in Test Nanoluc qPCR 
For 

GGAGGTGTGTCCAGTTTGTT 

Spike in Test Nanoluc qPCR 
Rev 

ATGTCGATCTTCAGCCCATTT 
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DETAILED PROTOCOLS 

 

PROTOCOL FOR IVT-BASED MASSIVELY PARALLEL REPORTER ASSAY 

IVT template preparation 

Restriction enzyme digest with FseI 

• FseI: NEB R0588S 

1. Set up reaction:  

• 5 µg DNA 

• 2.5 µL 10X rCutSmart Buffer 

• 2.5 µL (5 units) FseI 

• H20 to 25µL 

2. Incubate at 37°C for 90 minutes followed by heat inactivation at 65°C for 20min 

3. Run product on a gel & check for cutting 

• Uncut plasmid: supercoiled 6,895bp -> run ~4500bp 

• Cut plasmid: linear 6,895bp -> run at ~7,000bp  

4. Gel extraction with Macherey-Nagel NucleoSpin Gel and PCR Clean-up Kit 

• As manufacturer’s directions 

5. Phenol:chloroform extraction with isopropanol precipitation: 

a. Add H20 to digest reaction to bring to 200µL 

b. Add 200µL (equal volume) phenol:chloroform:IAA (pH 8.0) & vortex/mix well 

c. Move sample to pre-spun (12,000xg for 30 seconds) phase lock light tube 

d. Centrifuge 10 minutes at top speed (room temperature) 

e. Carefully transfer top (aqueous) layer to RNase-free Eppendorf tube 

f. Add 20µL 3M NaAc & 1µL glycogen 

g. Add 200µL isopropanol (RT) & pipet up/down to mix well 
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h. Centrifuge 20 minutes at top speed at 4°C 

i. Carefully remove supernatant from pellet 

j. Wash with 1mL cold, RNase-free 75% ethanol 

k. Centrifuge 5 minutes at top speed at 4°C 

l. Carefully remove all supernatant 

m. Repeat wash 

n. Resuspend in 10µL H20 

o. Heat 15 min at 50°C to fully dissolve 

In vitro transcription of MPRA mRNA 

RNA transcription & capping 

• mMESSAGE mMACHINE T7 ULTRA Kit 

1. Thaw reagents: 

• Place RNA polymerase enzyme mix on ice 

• Vortex 10X T7 Reaction Buffer & T7 2X NTP/ARCA until completely in solution 

• Once thawed, keep ribonucleotides on ice, but *buffer at room temperature* 

2. Assemble reaction *at room temperature* in the following order: 

• H20 to 20µL  

• 10µL T7 2X NTP/ARCA 

• 2µL 10X T7 Reaction Buffer 

• 1µg linearized plasmid template (up to 6µL) 

• 2µL T7 Enzyme mix 

• 1µL SUPERase-In RNase Inhibitor 

3. Pipette up and down gently & spin down briefly 

4. Incubate at 37°C for 4hrs 

5. Add 1µL TURBO DNase & mix well 
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6. Incubate 15 min at 37°C 

PolyA tailing 

1. Add tailing reagents to 20µL T7 reaction in the following order: 

• 36µL H20 

• 20µL 5X E-PAP Buffer 

• 10µL 25mM MnCl2 

• 10µL ATP solution 

2. Remove 2.5µL of the reaction mixture as a “no E-PAP” control 

3. Add 4µL E-PAP & mix gently 

4. Incubate at 37°C for 45min, then place on ice 

mRNA Purification 

• Lithium chloride precipitation using reagents provided with mMESSAGE mMACHINE kit 

1. Add 50µL LiCl precipitation solution 

2. Mix thoroughly 

3. Chill for >= 30min at -20°C 

4. Centrifuge at 4°C for 15min at maximum speed 

5. Carefully remove supernatant 

6. Wash once with 1mL 75% ethanol 

7. Centrifuge at 4°C for 15min at maximum speed 

8. Carefully remove 70% ethanol 

9. Resuspend in 20µL H20 

Transfection of IVT mRNA 

Day 1: Plating cells 

• Plate 1.5 million PC3 cells per 10cm dish 

Day 2: Transfect mRNA & collect cells 
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Transfection 

• Cells should be ~75% confluent and healthy 

• Transfection per 10cm plate: 8µg IVT mRNA + 40µL Lipofectamine MessengerMAX 

1. Dilute 40µL MessengerMAX in 500µL Opti-MEM media and incubate at room 

temperature for 10 minutes 

2. Dilute 8µg IVT mRNA in 500µL Opti-MEM 

3. Add diluted MessengerMAX to diluted mRNA 

4. Incubate at room temperature 5 minutes 

5. Add 1mL of complex to each plate of cells 

Wash out mRNA transfection 

• One hour after mRNA transfection, wash cells to remove any remaining mRNA from the 

media 

1. Aspirate media containing transfection reagents from cells 

2. Wash cells thoroughly with PBS, then aspirate PBS 

3. Add fresh media to cells 

Collection 

• Cells are collected 1, 3, 6, 12, and 24 hours after mRNA transfection 

• Spike TRIzol used for collecting entire set of samples at once: 

o Add 0.02ng spike-in control RNA per 1mL TRIzol 

1. Place cell culture plate on ice and aspirate media 

2. Rinse with cold PBS, then aspirate PBS 

3. Add 500µL cold PBS to plate and gently scrape cells to collect in an Eppendorf tube 

4. Pellet cells by centrifugation at 350xg for 5 minutes at 4°C 

5. Aspirate PBS from pellet 

6. Resuspend in 1mL spiked TRIzol 
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7. Freeze samples at -80°C until all are ready for RNA isolation 

Isolation of IVT mRNA 

1. Let samples come to room temperature for 5 minutes 

2. Add 200µL chloroform and shake 15 seconds 

3. Transfer to pre-spun heavy phase-lock tube 

a. Pre-spin: 12,000xg for 30 seconds 

4. Allow sample to stand for 2 min at RT 

5. Centrifuge sample at 12,000xg for 15 min in pre-chilled (4°C) microcentrifuge. 

a. Prep fresh Eppendorf tubes with labels & 1µL glycogen each 

6. Transfer 500 μl of aqueous layer to fresh tube 

7. Add 500 μl (1 eq) of isopropanol. Invert tube ~10 times or until thoroughly mixed. 

8. Incubate samples 10 min at RT 

9. Pellet RNA at ~20,000xg for 20 min in pre-chilled (4°C) microcentrifuge. 

10. Remove supernatant from pellet, wash pellet once with 1mL freshly prepared 75% EtOH 

& shake for 10 seconds 

11. Centrifuge at 12,000xg for 10 min at 4°C.  

12. Remove EtOH and dry pellet. 

13. Resuspend pellet in 40 μL of nuclease-free water and freeze in -80°C.  

DNase Treatment 

1. Set up DNase reaction: 

• Equal volume RNA (~15μg) 

• 1.5 μL TURBO DNase 

• 7.5μL 10X DNase buffer 

• Water to 75μL 

2. Invert to mix and spin down briefly 
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3. Incubate at 37°C for 30 minutes 

4. Add 7.5μL DNase inactivation agent (from TURBO DNA-free kit) and mix well 

5. Incubate at room temperature for 5 minutes, mixing 2-3 times during incubation 

6. Centrifuge at 10,000xg for 90 seconds 

7. Transfer supernatant to a new tube 

Final RNA Purification 

• Using lithium chloride purification reagent provided in mMESSAGE mMACHINE Kit 

1. Add 50µL LiCl precipitation solution and 25µL water to DNase-treated RNA 

2. Mix thoroughly 

3. Chill for >= 30min at -20°C 

4. Centrifuge at 4°C for 15min at maximum speed 

5. Carefully remove supernatant 

6. Wash once with 1mL 75% ethanol 

7. Centrifuge at 4°C for 15min at maximum speed 

8. Carefully remove 70% ethanol 

9. Resuspend in 15µL H20 
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PROTOCOL FOR 4SU-BASED MASSIVELY PARALLEL REPORTER ASSAY 

Day 1: Plate Cells 

Plating cells 

• 10cm dish: 1.25 million PC3 cells per plate (yields ~20µg RNA) 

• 15cm dish: 2.5 million PC3 cells per plate (yields ~40µg RNA) 

Day 2: Transfect Cells 

Transfection 

• Cells should be ~60% confluent & healthy 

• Usually done in late afternoon 

• Transfection per plate:  

o 10cm dish: 8µg DNA + 24µL Fugene HD 

o 15cm dish: 16µg DNA + 48µL Fugene HD 

1. Dilute 8µg/16µg DNA in 420µL/840µL Opti-MEM per plate & vortex 

2. Add 24µL/48µL Fugene HD to Opti-MEM mixture *Fugene at room temperature before 

use* 

3. Mix gently by flicking and/or inversion 

4. Incubate mixture 5-10 minutes at room temperature 

a. During incubation, change media on cells to RPMI containing no antibiotics 

(8mL/16mL) 

5. Add 400µL/800µL transfection mixture per plate 

Day 3: Change media on transfected cells 

Changing media 

• ~16 hours post-transfection, change the media on the transfected cells to fresh, full (10% 

FBS) media 

• If transfected at 5pm, change media at 9am next day 
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Day 4: 4sU treatment 

s4U treatment 

• **4sU is light sensitive, all steps from here on should be done in dark as much as 

possible** 

• Cells should be ~75% confluent & healthy 

• Treat ~24 hours after changing transfection media 

• Always make one -4sU control plate with +4sU samples 

1. Make 50mM 4sU in water *fresh from powder* 

a. Molecular weight = 260.67 g/mol 

2. Make 100uM 4sU media in 20% FBS RPMI 

a. Ex: add 120µL of 50mM 4sU to 20% FBS RPMI to make 60mL of 100uM 4sU 

media 

3. Change media on transfected cells to 100uM 4sU media (20% FBS RPMI) 

Day 5: Uridine chase, cell collection, & RNA extraction 

Uridine chase 

• Perform uridine chase 24 hours after 4sU treatment 

1. Make 10mM uridine media from fresh powder: 

a. Molecular weight = 244.20 g/mol 

b. Use 20% FBS RPMI as media base 

2. Aspirate 4sU media from cells 

3. Wash twice with PBS 

4. Add new 10mM uridine media to cells 

Cell harvesting 

1. Pre-chill 4°C centrifuge 

2. Place cell culture plates on ice and aspirate media 
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3. Gently rinse plate once with ice cold PBS and aspirate again 

4. Add 500μl/1000μl ice cold PBS to cells. Gently scrape cells from plate using a cell 

scraper, and transfer cell suspension to a 1.7 ml epi tube. 

5. Pellet cells in a pre-chilled (4°C) centrifuge at 350xg for 5 min. Carefully aspirate PBS 

from cell pellet. 

6. Resuspend pellet in 1 mL Trizol by gently pipetting up and down ~10 times. 

a. Trizol is toxic, use with care and in well ventilated area. 

7. Keep Trizol samples on ice in dark for RNA isolation. 

a. Better to isolate immediately, but if needed, can freeze overnight in -80°C 

RNA isolation 

1. Let samples come to room temperature for 5 minutes in dark.  

2. Add 200μl chloroform to each Trizol sample. Shake samples vigorously for 15 seconds. 

3. Transfer to pre-spun heavy phase-lock tube 

a. Pre-spin: 12,000xg for 30 seconds 

4. Allow sample to stand for 2 min at RT in dark. 

5. Centrifuge sample at 12,000xg for 10 min in pre-chilled (4°C) microcentrifuge. 

a. Prep fresh Eppendorf tubes with labels & 1µL glycogen each 

6. Transfer 500 μl of aqueous layer to fresh epi. 

7. Add 500 μl (1 eq) of isopropanol and 10 µL freshly prepared 100mM DTT (final 

concentration: 1mM) to sample. Invert tube ~10 times or until thoroughly mixed. 

8. Incubate samples 10 min at RT in dark. 

9. Pellet RNA at ~20,000xg for 20 min in pre-chilled (4°C) microcentrifuge. 

10. Remove supernatant from pellet, wash pellet once with 1mL freshly prepared 75% EtOH 

& shake for 10 seconds 

11. Centrifuge at 12,000xg for 10 min at 4°C.  

12. Remove EtOH and dry pellet. 
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a. Use gentle vacuum to remove most of ethanol from pellet 

b. Spin 1 minute 

c. Use gentle vacuum to remove rest of ethanol from pellet 

d. Dry ~10 minutes open under Kimwipe & foil 

13. Resuspend pellet in 30 μL of nuclease-free water and freeze in -80°C.  

Day 6: DNase treatment, biotinylation, and enrichment 

Genomic DNA depletion 

1. Set up DNase reaction: 

• For 10-40µg of RNA:  

 Per 10µg of RNA: combine 10µg RNA, 1µL Turbo DNase, 5µL 10X Turbo 

DNase buffer, and nuclease-free water to 50µL total volume in a PCR 

tube 

 Ex: 20µg RNA, 2µL Turbo DNase, 10µL 10X buffer, water to 100µL 

volume 

• For over 40µg of RNA:  

1. Per 10µg of RNA: combine 10µg RNA and 2µL Turbo DNase 

2. Add 20µL of 10X Turbo DNase buffer 

3. Bring volume of RNA + DNase + buffer to total volume of 200µL (not 

scaled up for >40µg RNA) 

 Ex: 80µg RNA, 16µL Turbo DNase, 20µL 10X buffer, water to 200µL 

volume 

2. Invert to combine and spin down quickly 

3. Incubate in thermocycler for 30 minutes at 37°C 

4. Add 0.2 volumes of DNase Inactivation Reagent (10µL inactivation per 50µL DNase 

reaction) & mix well 



146 
 

5. Incubate in dark at room temperature for 5 minutes, flicking/mixing 2-3 times during 

incubation 

6. Centrifuge at 10,000xg for 1.5 minutes 

7. Carefully transfer supernatant containing RNA (volume equal to step 1) to a fresh tube 

without disturbing the pellet of inactivation reagent.  

RNeasy MinElute Cleanup 

For DNase reactions <=100µL/For DNase reactions >100µL <=200µL 

**Minelute columns can hold up to 45µg of RNA. For DNase reactions over this amount, split 

over multiple columns. 

1. Bring total DNase reaction volume to 100µL/200µL 

2. Add 350µL/700µL buffer RLT and mix well 

3. Add 250µL/500µL 100% Ethanol to RNA sample & mix well by pipetting 

4. Apply 700µL of sample to RNeasy minelute columns 

5. Centrifuge 15s at 12,000xg at 4°C & discard flow-through 

a. Apply extra 700µL of sample to RNeasy minelute columns and spin again if 

starting with 200µL volume 

6. Per column, add 500µL RPE buffer supplemented with 35 µL 1% β-me  

7. Centrifuge 15s at 12,000xg at 4°C & discard flow-through 

8. Add 500 µL fresh 80% ethanol  

9. Centrifuge 2 min at 12,000xg at 4°C & discard flow-through 

10. Move to new 2mL collection tubes & centrifuge at max speed for 5 min at 4°C 

11. Transfer to 1.7mL tube and add 15µL water 

12. Centrifuge 1 min at 12,000xg at 4°C 

Biotinylation 

• Making MTSEA-biotin-XX stock: dilute ~1mg solid biotin in dry DMF to make 1 mg/mL 

stock 
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o Stable up to 3 months at -20°C 

1. Dilute 1 mg/mL biotin stock 1:20 in DMF (ex: dilute 4µL of stock into 76µL DMF) and mix 

by vortexing 

2. Mix in a 1.7mL epi tube per 10µg of RNA: 

a. 10µg RNA 

b. 1µL 1M HEPES, pH 7.4 

c. 1µL 0.5M EDTA 

d. 50ng +4sU IVT positive control 

e. H20 to 40µL total volume 

f. 10µL of diluted biotin (to bring to 50µL total volume, 20% DMF) 

3. Cover with foil and incubate at room temperature in the dark for 30 minutes with rotation.  

Remove unreacted biotin 

1. If necessary, bring volume of biotin reaction to 100µL by adding 50µL water to sample 

2. Move sample to pre-spun heavy phase lock tube 

a. Spin: 30 seconds at 12,000xg 

3. Add 1 volume (100µL) chloroform to each tube 

4. Shake vigorously for 15sec & let sit 2 min 

5. Centrifuge for 5 min at 12,000xg at 4°C 

6. Transfer aqueous phase (~100µL) to new epi tube 

7. Add 350µL buffer RLT & 250µL 100% ethanol 

8. Mix well by pipetting and apply to an RNeasy minelute column 

9. Centrifuge columns for 15sec at 12,000xg at 4°C & discard flow-through 

10. Add 500µL buffer RPE 

11. Centrifuge for 15s at 12,000xg at 4°C & discard flow-through 

12. Add 500µL fresh 80% ethanol  

13. Centrifuge for 2 min at 12,000xg at 4°C & discard flow-through 
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14. Move columns to new 2mL collection tubes 

15. Centrifuge 1 min at max speed at 4°C 

16. Move columns to new 1.7mL tubes & add 50µL water 

17. Centrifuge for 1 min at 12,000xg at 4°C 

µMacs Streptavidin Pulldown 

1. Reserve a 5 µL aliquot of biotinylated RNA sample -> “total RNA” 

2. Mix 45µL of biotinylation RNA (rest of sample) with 100 µL of streptavidin magnetic bead 

solution 

3. Incubate bead-RNA solution at room temperature in the dark with gentle agitation for 15 

minutes 

4. With “waste” tube as collection: After incubation, place column on the magnetic stand 

and equilibrate column with 100µL of nucleic acid buffer. Repeat with another 100µL 

nucleic acid buffer 

a. Equilibrating too soon can reduce RNA recovery 

5. With “pre-existing RNA” tube as collection: apply the RNA/bead solution to the column 

immediately after equilibration 

6. With “pre-existing RNA” tube as collection: wash column once with 100µL column wash 

buffer 

a. 100 mM Tris-HCl (pH 7.4), 10 mM EDTA, 1M NaCl, 0.1% Tween-20 

7. With “waste” tube as collection: wash column a second time with 500 µL column wash 

buffer 

8. Elute RNA: 

1. Remove column from magnetic stand and set on “nascent RNA” tube for collection 

2. Apply 100µL 100mM DTT (freshly diluted from 1M stock) & let the DTT flow through 

the beads by gravity into the “nascent RNA” tube 

3. After 5 minutes, add another 100 µL 100mM DTT 
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µMacs Streptavidin Cleanup 

Starting volumes: 5µL Total RNA, 250µL Pre-existing RNA, 200µL Nascent RNA 

Option A: Modified RNeasy Minelute Cleanup 

1. Adjust sample volumes:  

a. add 95µL to Total RNA to bring to 100µL volume 

• For 100µL starting volume (Total RNA)            

• For 200µL/250µL starting volume (Pre-existing/Nascent RNA) 

2. Add 350µL/700µL buffer RLT + 250µL/500µL 100% Ethanol to RNA sample & mix well 

by pipetting 

3. Apply samples to RNeasy minelute columns (700µL at a time) 

4. Centrifuge 15s at 12,000xg at 4°C & discard flow-through 

a. Repeat with remaining sample volume if needed 

5. Per column, add 500 µL RPE buffer supplemented with 35 µL 1% b-me (final 

concentration 10mM b-me) 

6. Centrifuge 15s at 12,000xg at 4°C & discard flow-through 

7. Add 500 µL fresh 80% ethanol  

8. Centrifuge 2 min at 12,000xg at 4°C & discard flow-through 

9. Move to new 2mL collection tubes & centrifuge at max speed for 5 min at 4°C 

10. Transfer to 1.7mL tube and add 15µL water 

11. Centrifuge 1 min at 12,000xg at 4°C 

Option B: NaCl precipitation (Russo protocol) 

1. Adjust sample volumes: 

• Add 45µL water and 150µL 100mM DTT to “Total RNA” fraction and incubate 5 

minutes 

2. Adjust NaCl to ~0.5M: 
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• +6µL to “pre-existing RNA” 

• +25µL to “total RNA” 

• +20µL to “nascent RNA” 

3. Add 1µL glycogen to all fractions 

4. Add 2.5 volumes of ethanol & mix well by vortexing 

• 625µL to “pre-existing RNA” 

• 500µL to “total RNA” & “nascent RNA” 

5. Incubate in -80°C for at least 20 minutes to precipitate RNA 

6. Centrifuge at 16,000xg for 10 minutes at 4°C 

7. Carefully remove supernatant from RNA pellet and wash with 1mL fresh 70% ethanol 

8. Centrifuge at 16,000xg for 10 minutes at 4°C 

9. Carefully remove ethanol from RNA pellet and air dry in dark under kimwipe 

10. Resuspend in 15µL water 
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CHAPTER 4 

Elucidating consequences of a 5’UTR mutation that inserts a novel upstream ATG by 

CRISPR-Cas9 base editing 

 

This chapter presents published work.  

Introduction section partially adapted from: Schuster SL, Hsieh AC. The Untranslated Regions 

of mRNAs in Cancer. Trends Cancer. 2019 Apr;5(4):245-262. doi: 10.1016/j.trecan.2019.02.011. 

Epub 2019 Mar 22. PMID: 30961831; PMCID: PMC6465068. 

Results section adapted from: Lim Y, Arora S, Schuster SL, Corey L, Fitzgibbon M, Wladyka 

CL, Wu X, Coleman IM, Delrow JJ, Corey E, True LD, Nelson PS, Ha G, Hsieh AC. Multiplexed 

functional genomic analysis of 5' untranslated region mutations across the spectrum of prostate 

cancer. Nat Commun. 2021 Jul 9;12(1):4217. doi: 10.1038/s41467-021-24445-6. PMID: 

34244513; PMCID: PMC8270899. 

Figure 4-1 displays data from experiments performed by Yiting Lim. Figure 4-2 displays data 

from experiments performed by Samantha L. Schuster. All text written by Samantha L. Schuster.  
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INTRODUCTION 

The 5’ untranslated region (5’UTR) lies upstream of the coding sequence (CDS) on 

messenger RNA (mRNA) and controls gene expression through a myriad of regulatory 

elements. Whereas the 3’UTR largely mediates mRNA stability and translation, the 5’UTR 

mainly affects the initiation of mRNA translation, as well as pre-mRNA processing. Regulatory 

elements within the 5’UTR include many sequence-specific or structural motifs, upstream open 

reading frames (uORFs), and internal ribosome entry sites. Importantly, each of these elements 

has been found to be co-opted in cancer to drive pathogenesis1. Therefore, we questioned how 

somatic mutations within the 5’UTR could affect mRNA translation in prostate cancer.  

Through the use of a polysome profiling-based massively parallel reporter assay called 

PLUMAGE (Pooled full-length UTR Multiplex Assay on Gene Expression), Yiting Lim, then a 

post-doc in the Hsieh lab, measured how 545 somatic mutations found in prostate cancer 

tumors affected both steady-state mRNA levels and translation2. One of the most striking 

functional mutations observed in this study was within CKS2 (CDC28 protein kinase regulatory 

subunit 2) (Figure 4-1). This mutation (chr9:91,926,143 in the hg19 human genome) caused a 

significant increase in mRNA translation by 

mutating an ACG triplet to an ATG start codon, 

thereby creating a novel uORF within the 5’UTR.  

Upstream open reading frames are 

particularly unique 5’UTR elements that can 

regulate translation initiation of specific transcripts. 

A uORF consists of a translatable open reading 

frame with a start codon upstream of the primary 

CDS start codon. Under normal conditions, 

uORFs decrease protein expression through 

Figure 4-1: 5’UTR mutations functionally 
alter mRNA translation. 5′UTR mutations 
that significantly affect mRNA translation 
efficiency (Mann–Whitney U test, FDR < 0.1) 
shown by magnitude fold change compared 
to unmutated 5′UTRs. Black bars indicate 
mutations that impact known RNA-binding 
protein-binding motifs. 
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induction of either translation repression or nonsense-mediate decay (NMD)3. A phenomenon 

called “leaky scanning” determines whether uORFs are recognized or disregarded based on the 

strength of the sequence context around the uORF AUG. If a uORF is recognized by the 

translation pre-initiation complex (PIC), it can repress translation initiation by preventing access 

to the downstream main ORF or by blocking the scanning of other PICs. If the uORF stop codon 

is recognized as a premature stop codon, it can trigger NMD, degrading the transcript and 

likewise decreasing protein expression3.  

Previous germline or somatic mutations that create, delete, or alter uORFs have been 

shown to contribute to cancer phenotypes. For example, a single-point mutation that creates a 

novel uORF in the tumor suppressor CDKN2A decreases CDKN2A protein levels in hereditary 

melanoma4. Likewise, examination of the CDKN1B 5’UTR in a patient with inherited multiple 

endocrine neoplasia syndrome uncovered a 4-nucleotide deletion, which induces a frameshift 

and lengthening of the uORF reading frame. This decreases re-initiation of translation at the 

CDKN1B primary ORF and lowers protein production of this tumor suppressor5. With these 

previous examples of functional uORF-altering mutations in mind, we set out to functionally 

characterize the 5’UTR mutation in CKS2 using CRISPR-Cas9 base editing.  

 

RESULTS 

We observed that a C → T mutation in the 5′UTR of oncogenic CKS2 (chr9:91,926,143) creates 

a new upstream AUG (uAUG) within the 5′UTR in-frame with the main reading frame (Figure 4-

2A). Interestingly, this uAUG increased overall translation through the CKS2 5′UTR in reporter 

assays (Figure 4-1). To determine whether this mutation would increase translation of 

endogenous CKS2, we engineered the C → T mutation into 293T cells using CRISPR cytosine 

base editing. Nucleotide-specific base editing utilizes a complex of a cytosine deaminase 

(APOBEC1), a Cas9-nickase, and uracil-DNA glycosylase inhibitor (UGI) (Figure 4-2B). The 
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Cas9 domain directs the complex to a target locus, where APOBEC1 deaminates a cytosine to 

uracil. This results in a G–U base pair that is protected from excision by UGI, which is replaced 

Figure 4-2: CRISPR-Cas9 base editing of a point mutation in the CKS2 5′UTR increased translation 
efficiency in its endogenous context. (A) Schematic showing wild-type (WT, top) and mutant (bottom) 
versions of CKS2 transcript, including 5′UTR, normal coding sequence (CDS), and mutant N terminally 
extended CDS. The C to T mutation (chr9:91926143) within the 5′UTR of CKS2 generates a start codon 
that extends the coding sequence of CKS2.The mutated nucleotide is represented in red. (B) Method of 
CRISPR-Cas9 base editing using evoAPOBEC1-BE4max-NG, which is composed of APOBEC1, a Cas9-
nickase domain, and uracil-DNA glycosylase inhibitor (UGI). This base editor deaminates target cytosines 
to uracil, which changes the original G–C base pair into an A–T base pair after DNA repair. (C) Sanger 
sequencing traces from polyclonal population of CRISPR-transfected 293T cells and six individual single-
cell clones selected from this pool for further study. The target C (blue) → T (red) mutation in the 5′UTR 
of CKS2 is shown within the dashed box. (D) Western blot of the three WT and three CKS2 mutant clonal 
cell lines created by CRISPR base editing with antibodies against CKS2 and β-actin. The graph shows 
these results quantified using ImageJ, where each CKS2 band intensity was measured and normalized 
to the intensity of the corresponding β-actin loading control. Statistics show two-sided Student’s t test with 
multiple comparisons correction using the three WT (blue) vs three CKS2 mutant (purple) biological 
replicates (total p value = 0.00001 and 14 kDa p value= 0.00023). Data are presented as mean values ± 
StDev. (E) Immunoblot of CKS2 5’UTR knock-in mutant cell line after shRNA knockdown of CKS2 
demonstrates the specificity of the antibody. Data is representative of 2 independent experiments with 
similar results. (F) CKS2 qPCR shows no change in mRNA levels between three WT and three mutant 
clonal cell lines created from CRISPR base editing. CKS2 mRNA levels in each sample were normalized 
to β-actin as a loading control (n=6 biological replicates). Two-sided Student’s t-test, data are presented 
as mean values ± SEM ns: not statistically significant.  
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by cellular mismatch repair to an A–T base pair in place of the original C–G6. Using a single 

guide RNA (sgRNA) targeting the CKS2 5′UTR and the evolved evoAPOBEC1-BE4max-NG 

base editor, we successfully generated three CKS2 5′-UTR mutant cell lines, each with one 

allele possessing the C → T mutation (Figure 4-2C). Next, we measured CKS2 protein levels by 

western blot analysis and observed a 2-fold increase in overall CKS2 protein in mutant cells 

compared to WT controls (Figure 4-2D). This increase was due to the novel expression of the 

14 kDa extended CKS2 coding sequence without any noticeable sacrifice of the normal 11 kDa 

CKS2 coding sequence. Importantly, the specificity of the CKS2 antibody for the 11 and 14 kDa 

N-terminally extended CKS2 was confirmed by short hairpin RNA (shRNA) knockdown (Figure 

4-2E). Since CKS2 mRNA expression did not differ between the WT and mutant cells (Figure 4-

2F), we concluded that the CKS2 chr9: 91926143 C → T mutation was sufficient to increase 

mRNA-specific translation. This observation corroborates our PLUMAGE findings and 

demonstrates that 5′UTR mutations can coordinately impact mRNA translation by altering RNA-

based cis-regulatory elements in their endogenous context. 

 

DISCUSSION 

 CRISPR-Cas9 base editing is an ideal method to assess the function of single-

nucleotide mutations in their endogenous genomic contexts. Here, we used this technology to 

validate a 5’UTR point mutation found in an MPRA to increase translation. The use of CRISPR 

base editing allows a much more thorough investigation of how this 5’UTR mutation is acting. 

By altering the CKS2 genomic loci, we have been able to demonstrate that this single-

nucleotide mutation creates a functional upstream AUG that causes an N-terminal extension of 

the CKS2 protein.  
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This is particularly interesting because novel upstream start codons in the 5’UTR would 

generally be predicted to decrease translation of the downstream ORF, whereas this mutation 

actually increases overall translation. This is likely because, rather than creating a new out-of-

frame uORF that competes with the downstream ORF, this mutation simply extends the existing 

main ORF. Still, further experiments would have to be performed to understand exactly how the 

change from two wildtype alleles to one wildtype and one uAUG allele does not decrease the 

production of wildtype protein, but only increases the translation of N-terminally extended CKS2. 

It is possible that the translation of the uORF creates a positive feedback loop increasing the 

translation of the wildtype transcript as well, or that there are compensatory mechanisms that 

ensure that even half the amount of wildtype mRNA produces normal amounts of protein. The 

poor sequence context around the new uAUG (T at -3 and +4) may mean that few ribosomes 

actually begin translating at the upstream start codon, allowing for normal levels of the 11kDa 

protein. If the 14kDa protein is translated less, but more stable, this may account for the 

observed protein expression. Closely measuring the translation initiation rates from wildtype 

versus mutant CKS2 mRNA might help answer these questions.  

It is currently unknown how the extended 14kDa CKS2 protein functions in the cell as 

compared to wildtype CKS2. Normal CKS2 protein interacts with cyclin-dependent kinases 

(CDKs) to control cell cycle progression7,8. Overexpression of CKS2 in mammary or breast 

cancer cells inhibits the DNA-damage cell cycle checkpoint, allowing increased cellular 

proliferation despite DNA damage9. This seems to be a common mechanism of stress 

resistance in cancer, as high expression of CKS2 has been found in several cancers, where it is 

necessary for proliferation and migration of cells10–12. From these known CKS2 functions, it 

would be expected that a 5’UTR mutation that increases CKS2 overall protein expression might 

be pro-tumorigenic by increasing either proliferation or migration. However, the addition of an 

extra 22 amino acids to the N-terminus could alter the function of the protein. It would be 
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interesting to know whether this mutant CKS2 interacts with CDKs, localizes normally within the 

cell, or has any altered function regarding cell cycle control. This N-terminal extension could 

even potentially create a neoantigen in the cancer cell, altering immunologic responses within 

the tumor. Further studies would have to be performed to answer these mechanistic questions. 

Nevertheless, our experiments have demonstrated that a single-nucleotide mutation found in a 

prostate cancer tumor has the ability to increase mRNA translation, where the heterozygous 

mutation not only increases wildtype translation but also produces a novel N-terminally 

extended CKS2 protein with potentially neo-oncogenic functions.  

 

MATERIALS & METHODS  

CRISPR base editing 

Plasmid to express CKS2-targeting sgRNA was cloned using the Q5 Site-Directed Mutagenesis 

Kit (NEB) according to the manufacturer’s instructions. The pFYF1320 sgRNA expression 

plasmid was used as a template for Q5 mutagenesis PCR to replace the existing sgRNA 

sequence with the CKS2-targeting sgRNA sequence (CTGGACGTGGTTTTGTCTGC). 293T 

cells were plated in six-well plates at 375,000 cells/well, incubated at 37°C overnight, and 

transfected with 1,125 ng evoAPOBEC1-BE4max-NG (Addgene: 125616), 375 ng CKS2 sgRNA 

expression plasmid, and 30 ng pMaxGFP using Fugene HD (Promega) according to the 

manufacturer’s protocol. At 72 hours post transfection, cells were washed with PBS, harvested 

with 0.05% Trypsin-EDTA (Gibco), and centrifuged at 400 × g for 5 min. This cell pellet was 

resuspended in PBS and sorted using flow cytometry for live, singlet, GFP+ cells on a Sony 

SH800 sorter. GFP+ cells were plated using limiting dilution in 10 cm plates to grow out single-

cell clones. After clones had grown sufficiently (~3 weeks), DNA was extracted using Zymo’s 

MicroPrep Quick-DNA Kit, the CKS2 locus PCR amplified using the Phusion High Fidelity 
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Master Mix (Thermo Fisher) in a 25 µL reaction and primers according to the manufacturer’s 

protocol. PCR products were then Sanger sequenced to determine if the intended CKS2 

mutation (chr9: 91926143 C → T) had been introduced. Six individual clonal cell lines were 

chosen for further testing: three mutant clones each mutated at one of two CKS2 alleles, and 

three WT clones that were not mutated. 

shRNA knockdown 

An shRNA construct targeting CKS2 (hairpin sequence: TG 

CTGTTGACAGTGAGCGAACAGCAACAGAGCTCAGTTAATAGTGAAGCC 

ACAGATGTATTAACTGAGCTCTGTTGCTGTGTGCCTACTGCCTCGGA) in the pGIPZ 

backbone was obtained as a gift from the Paddison Lab (Fred Hutchinson Cancer Center). The 

shCKS2 construct was transfected into the CKS2 mutant 2 clonal cell line created by CRISPR 

base editing due to its high endogenous expression of CKS2. Transfection was performed by 

plating 375,000 cells per well in six-well plates, incubating overnight at 37°C, and next day 

adding 1.5 µg of plasmid DNA with 4.5 µL Fugene HD (Promega) according to the 

manufacturer’s instructions. At 24 hours post transfection of shCKS2, cells were harvested and 

lysed for Western blotting. 

Western blotting 

A total of 1 × 106 cells were collected from each CKS2 WT and mutant 293T cell line and lysed 

in RIPA lysis buffer (Thermo Scientific) supplemented with 10% Complete Mini Protease 

Inhibitor (Sigma) and 10% PhosSTOP Phosphatase Inhibitor (Roche). After incubating on ice for 

30 min, lysates were centrifuged at 13,000 × g for 10 min at 4°C. The supernatant was collected 

and protein concentration was measured using a Bradford assay (Bio-Rad). Twenty-five to 50 

µg of extract per cell line was separated by sodium dodecyl sulfate-PAGE and transferred onto 

PVDF membranes for immunoblot analysis. Primary antibodies used were CKS2 (Abcam, 
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catalog #: ab155078; dilution: 1:1000) and β-actin (Sigma-Aldrich; catalog #: A5316; dilution: 

1:1000). 

Quantitative PCR 

RNA was extracted from ~500,000 cells per 293T CKS2 WT or mutant cell line using the 

RNeasy Plus Kit (Qiagen) following the manufacturer’s protocol. cDNA was synthesized using 

500 ng RNA and iScript RT Supermix (Bio-Rad) or iScript NRT Supermix for negative controls. 

qPCR was performed using SsoAd- vanced Universal SYBR Green Supermix (Bio-Rad) on 1 µL 

of each cDNA, no reverse transcription, and no-template control sample in triplicate using 

primers specific to CKS2 and β-actin as a housekeeping control. 

 

Primers used: 

Primer Name Primer Sequence 

CKS2 qPCR Forward primer CACTACGAGTACCGGCATGTT 

CKS2 qPCR Reverse primer ACCAAGTCTCCTCCACTCCT 

β-actin qPCR Forward primer AAATCTGGCACCACACCTTC 

β-actin qPCR Reverse primer GGGGTGTTGAAGGTCTCAAA 

CKS2 Q5 mutagenesis Forward 
primer 

TTTTGTCTGCGTTTTAGAGCTAGAAATAGCAAG 

CKS2 Q5 mutagenesis Reverse 
primer 

CCACGTCCAGGGTGTTTCGTCCTTTCCAC 

CKS2 PCR Forward primer ACTTCCGCAGAAGGTGATTG 

CKS2 PCR Reverse primer TACTCGTAGTGTTCGTCGAAGT 
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CHAPTER 5: CONCLUSIONS & FUTURE DIRECTIONS 

 My dissertation research has aimed to answer the question “How do 3’UTR mutations 

affect gene expression and cancer?” Underneath this question lies the important and potentially 

controversial question of “Do 3’UTR mutations matter at all?” Of course, these are both 

multifaceted and difficult questions. My research concludes that 3’UTR mutations can affect 

multiple levels of gene expression, as well as cancerous phenotypes like cellular growth under 

stress, thereby demonstrating their significance. However, the definition of “significance” can 

vary - are we talking about discovering a molecular phenomenon for the first time or changing 

patient lives? In this concluding chapter, I will address the contributions my research makes to 

the field of functional non-coding cancer genomics, the question of how clinically applicable 

such conclusions are, how tool building may bring us closer to bridging the gaps between 

molecular and clinical significance, and future directions stemming from these areas.  

5.1 Putting 3’UTR mutations on the cancer genomics map 

 Historically, the untranslated regions of mRNA have been generally discounted in the 

field of cancer genomics. This stems in large part from our inability to easily assign function to 

non-coding genomic alterations. In Chapter 2 of this dissertation, I have shown that 3’UTR 

mutations are not only widespread, but functional on both the molecular and cellular levels, with 

considerable relevance to cancer. While previous massively parallel reporter assays (MPRAs) 

have established the importance of various 3’UTR regulatory elements (Chapter 1, Table 1-1), 

mine are the first to directly test how mutations found in a specific patient population affect post-

transcriptional gene regulation. Importantly, I not only discovered hundreds of patient-based 

mutations that significantly affect either mRNA translation or stability, but my analysis also 

showed that the presence of these mutations in patients is associated with worse prognosis.  
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As expected, most of the functional mutations discovered by our MPRAs were found in 

sites of predicted RBP or miRNA binding. However, many other mutations that altered 

regulatory motifs were not functional in changing gene expression. Therefore, more details are 

necessary to fully discern which motif-altering mutations are functional. Perhaps combining 

predicted motifs with sequence conservation data may better separate functional from 

passenger mutations. Functional RBP and miRNA binding analysis such as eCLIP data may 

also help narrow down predicted sites to those of functional importance. Interestingly, we found 

many more functional mutations in RBP motifs than miRNA sites; however, it is unclear whether 

this is simply due to technical differences in how we classified RBP and miRNA sites or whether 

it is representative of true biology. In some respects, it would be expected that miRNA binding 

sites are more sensitive to point mutation than RBP motifs, as miRNAs bind based off of base-

pairing alone, while RBP motifs can often be degenerate. This could potentially be answered by 

building an MPRA based on mutated RBP and miRNA motifs to see which are more sensitive. 

Importantly, these answers may likely change depending on the genomic context and the 

particular RBP/miRNA in question; therefore, it would be important to use a wide variety of RBP 

and miRNA sites as found in their endogenous contexts. Such experiments would increase our  

overall understanding of 3’UTR point mutations and potentially help predict the function of de 

novo mutations.  

It is important to note the difficulties of using MPRAs to study gene expression. As 

discussed in Chapter 3, it took extensive optimization to find a method to study mRNA stability 

reliably. Even with such optimization, technical variation between replicates remained an issue 

that decreased the overall statistical power of these tools and the conclusions we were able to 

make from them. From the tool-building that I have performed throughout my research, 

including adapting polysome profiling for my MPRA, testing multiple mRNA stability methods, 

and using three generations of CRISPR editing techniques, I have learned that using the right, 



163 
 

well-optimized and controlled tools for a particular purpose is essential for obtaining robust data 

and making conclusions. In this process, reliable controls are vital for benchmarking new 

techniques. It is also important to understand the causes of variability in data, as knowing the 

source can assist with mitigating it, either by building better normalization techniques into 

experiments or otherwise altering the method.  

Different experimental techniques have various strengths and limitations, which 

underscores the importance of using orthogonal methods for validating our MPRA hits. The 

most convincing method used to validate top mutations from the MPRAs was CRISPR base 

editing of the ZWILCH and IGF1R mutations. These experiments prove that 3’UTR mutations in 

their endogenous contexts can affect protein expression and cellular growth. Importantly, these 

two 3’UTR mutations were only introduced into one genomic allele, and yet still caused 

significant molecular and cellular effects. This argues for the relevance of subclonal non-coding 

mutations in tumors, as even mutations with a low variant allele frequency (making up a 

relatively small proportion of the total tumor, as most of the 3’UTR mutations in our dataset did) 

may be able to cause significant effects. CRISPR base editing takes an important step beyond 

MPRAs, identifying not only molecular changes but cellular consequences of point mutations. It 

would be exciting to take these even further to discover whether such in vitro cellular growth 

advantages are recapitulated in vivo if the CRISPR-edited cells were put into mice.  

Using a combination of novel massively parallel reporter assays, CRISPR base editing, 

and computational analyses, we have determined that 3’UTR mutations in cancer patients can 

affect mRNA stability, translation efficiency, and cancer growth, solidifying that these mutations 

should not continue to be ignored in cancer genomics.  

5.2 The challenge of patient applicability 
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 When I discuss my research with friends and family, one of their most common 

questions is “so what does your research mean for cancer patients?” It’s a difficult question to 

answer, because as of yet research into 3’UTR mutations or even much of non-coding 

genomics isn’t directly relevant to patients in a therapeutic sense. Some of the major issues in 

current cancer treatment, particularly in advanced prostate cancer, are tumor heterogeneity and 

the development of drug resistance. Both of these issues arise from our incomplete 

understanding of and therefore inability to predict the myriad of ways a cell can be transformed, 

increase its proliferation, and circumvent normal growth inhibition pathways. In my research, I 

have discovered that 3’UTR mutations can significantly affect oncogenic pathways and cellular 

growth, providing novel mechanisms of cancer progression. This supports the idea that to fully 

understand mechanisms of drug resistance and oncogenesis, we must also take into 

consideration the non-coding genome. Perhaps, if we understand the function of non-coding 

alterations to the genome, we can find more actionable novel cancer drivers in tumors. For 

example, a tumor containing the IGF1R 3’UTR mutation I studied may be a good candidate for 

IGF1R-targeting therapies, and the ZWILCH mutation-harboring patient may benefit from 

cisplatin treatment.  

 One of the major issues with this idea, however, is that non-coding mutations do not 

seem to be very recurrent across patients. The ZWILCH and IGF1R 3’UTR mutations I studied 

were each found only in one patient, making it difficult to say just how practical knowledge of 

their functionality is. The PCAWG study used 2,658 whole genome sequencing samples to call 

non-coding variants across pan-cancer genomes and still found very few hotspot mutations with 

recurrency across patients1. As could be expected, we observe the same in our cohort of 185 

mCRPC patients, where only 116 of 14,497 3’UTR mutations called were found in more than 

one patient, and only 11 mutations were found in 3 or 4 patients (Figure 5-1A). Unexpectedly, 

we did not find a correlation between recurrence and function in our dataset, where those 
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116 mutations found in multiple patients were no more likely to be functional than the thousands 

found in only one patient (Figure 5-1B). While this does not discount the fact that many of these 

mutations found only in one patient functionally affect mRNA translation, stability, or even 

cellular growth, it does make applying this knowledge difficult, as we would not necessarily 

expect new patients to carry any of these tested mutations. Current precision genomics (such 

as the use of PARP inhibitors) is based off using small, specialized sequencing panels to find 

common mutations in new tumors, but the non-coding space seems to be littered with low-

frequency passenger mutations with only occasional functional variants. While it would be great 

to suggest every cancer patient undergo whole genome sequencing to determine all of the 

somatic mutations their tumor harbors, not only would this be prohibitively expensive, but we 

don’t yet have the knowledge to discern passenger from functional mutations without 

individually testing them. Therefore, there are still significant gaps in our knowledge preventing 

non-coding genomics from being broadly clinically relevant.  

5.3 Towards a unified model of UTR-based mRNA dynamics 

Figure 5-1: Recurrency and function in 3’UTR mutations. (A) Proportions of 3’UTR mutations called 
across 185 patient dataset found in more than one patient. (B) Number of patients harboring each 3’UTR 
mutation, separated by whether the mutation was functional at either the translation or stability levels. 
The average # of patients for each set is shown above the x-axis.  
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 If our goal is being able to sequence a tumor and determine that a patient is a good 

candidate for a PARP inhibitor from finding a 3’UTR mutation in BRCA2, we must unify the 

field’s knowledge about 3’UTR regulatory elements into a predictive model. Many MPRAs 

studying the 3’UTR have been performed (Chapter 1, Table 1-1), each focusing on various 

aspects of gene regulation (mRNA stability, translation, protein expression, alternative 

polyadenylation, etc.) and testing 3’UTR sequences from different natural or synthetic sources. 

If this knowledge could be combined into a deep learning algorithm, we may have the 

beginnings of a predictive model of 3’UTR dynamics that could confidently assign function to 

novel 3’UTR mutations. This model would combine many of the ideas analyzed and proposed 

here, such as the importance of sequence conservation, predicted regulatory motifs, known 

sites of RBP binding from eCLIP data, RNA structure predication, etc. Many published MPRAs 

have already built predictive models from their experimental results, which suggests the 

possibility of expanding such individual analyses to incorporate multiple datasets2–6. Though it is 

likely difficult to unite such disparate datasets collected using different methods and readouts, all 

of this published information would be useful in piecing together a robust model of mRNA 

dynamics. Common themes of the importance of RNA structure and conservation are already 

becoming apparent. Such a model could be used not only for better understanding the role of 

UTR variants in disease, but also in precise design of synthetic gene expression systems.  

5.4 Future Directions: CRISPR base editing screening for the non-coding genome  

 MPRAs are useful tools to discover how regulatory elements affect gene expression; 

however, a major drawback is that they cannot be used to delineate cellular consequences of 

the tested mutations. CRISPR base-editing screens present a logical step from MPRAs, moving 

from high-throughput discovery of 3’UTR mutation molecular effects to cellular function. It is 

exciting to consider what new questions can be answered by this relatively new technology.  
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CRISPR base editing screens allow the discovery of how single-nucleotide mutations 

genome-wide affect cellular phenotypes. The published studies so far have measured the 

enrichment of genomically-integrated sgRNAs over time to determine how introduced mutations 

affect cellular growth7,8. Though these screens are proving to be powerful tools to define the 

cellular effects of point mutations genome-wide, there are some limitations to consider. Unlike 

CRISPR-knockout screens, base editing screens lack the ability to use multiple sgRNAs to 

mutate the same target, as each mutation of interest is usually only achievable from one 

sgRNA. This reduces the confidence and power of any given analysis by essentially removing 

technical replicates. Another issue is that each sgRNA in base editing can potentially introduce 

multiple mutations. In CRISPR-KO, it is reasonable to assume that a given sgRNA knocks out 

the gene of interest, particularly if multiple sgRNAs for the same gene produce the same cellular 

consequence. In CRISPR base editing, however, the use of only one sgRNA per target, 

ambiguity of the introduced mutation, and overall inefficiency of editing makes it much more 

difficult to pinpoint exactly what genomic change is causing a growth advantage for the cell. 

Therefore, simply measuring the change in sgRNAs in the cell population over time is not a 

perfect readout for what genomic alterations are affecting cellular growth.  

Further iterations of this technology will likely start addressing these issues. Every new 

edition of base editing technology improves its efficiency and selectivity, mitigating the question 

of whether each sgRNA is actually inserting the specific mutation of interest9. However, to fully 

resolve the incongruency between sgRNA insertion and actual gene editing, the analysis of 

what mutations confer growth advantages must be measured not by enrichment of integrated 

sgRNAs, but by sequencing the mutations themselves. Of course, with sgRNAs targeting 

mutations throughout the endogenous genome, it is difficult to capture all the introduced 

mutations and analyze how their proportions are changing on a cell-by-cell basis. Single-cell 

whole genome sequencing may solve this issue. Though such technologies are still in 
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development, some studies have successfully identified single nucleotide variants genome 

wide10,11. Therefore, this method could be used to determine how many cells contain each 

mutation of interest at different time points along a growth period to definitively determine which 

mutations increase or decrease cellular growth. On a smaller scale, CRISPR base editing 

screens with more limited targets (eg: deep mutational scanning of a few genes, or a mini-

screen of mutations of interest from an MPRA) may be able to simply use custom targeted 

amplicon sequencing to pull out the genomic sites of interest and sequence them at high depth 

to identify mutation proportions at different time points. Either way, base editing screening will 

prove to be a valuable tool in determining the functional consequences of non-coding mutations, 

particularly if such improvements are made to discern exactly what mutation is causing each 

functional outcome.  

It is intriguing to also consider combining CRISPR base editing screens measuring how 

point mutations affect cellular growth with measurements of gene expression changes. While 

MPRAs are limited by their inability to measure changes in cellular function, current CRISPR 

base editing screens have the opposite problem- the molecular mechanisms of how a sgRNA is 

causing a cellular change are unclear. Perhaps if both DNA-seq and gene expression 

sequencing (RNA-seq, polysome-seq, etc.) were used together after CRISPR base editing, we 

would be able to understand the entire cascade of gene expression: from endogenous genomic 

mutation to molecular change in gene expression to cellular change in growth. 

5.5 Future Directions: Further mechanistic exploration of 3’UTR mutations 

My dissertation research utilized two MPRAs to determine how 3’UTR mutations affect 

mRNA translation and stability, as these are the two major aspects of gene expression mediated 

by the 3’UTR. However, these are not the only facets of mRNA dynamics that the 3’UTR can 

affect. It is likely that 3’UTR mutations may also be able to change splicing, alternative 

polyadenylation, RNA modifications, mRNA localization, or RNA structure. In some ways, 



169 
 

measuring how 3’UTR mutations affect APA, epitranscriptomics, and structure are redundant to 

measuring changes in mRNA stability and translation. If a mutation affects RNA structure, it 

likely affects gene expression through altering stability or translation, and therefore the 

functional mutations identified in either assay would be the same. Even so, further assays 

designed to measure each of these could provide valuable insight as to the molecular 

mechanisms of the gene expression changes I observed in my MPRAs. Such assays may also 

help explain the 20-25% of functional mutations we discovered that were not associated with 

any RBP, miRNA, or polyA signal that I analyzed. It is likely that with further analysis, we could 

determine that many of these are acting through structural changes, dORFs, m6A alterations, or 

other known or novel regulatory elements.  

The 3’UTR’s ability to mediate mRNA localization is especially intriguing, as it’s possible 

that alterations to the 3’UTR can change localization and thereby cause cellular changes 

without affecting gene expression12. Therefore, understanding such changes could unveil an 

entirely new set of functional 3’UTR mutations that affect cellular processes despite not altering 

gene expression. It is likely that these mutations, if they exist, would either work by changing 

APA, 3’UTR splicing, or RBP motifs, as mRNA localization would likely have to be mediated by a 

change in RBP binding.   

One limitation of both my MPRAs and many previously published MPRAs is that they 

have been conducted in cell culture in one or two cell types. Therefore, it is unclear the extent to 

which 3’UTR mutations or regulatory elements function differently across cell types. For 

example, differential expression of 3’UTR-interacting factors like RBPs and miRNAs would likely 

change the effects of certain mutations that alter these motifs. Further, cells in culture can differ 

greatly from cells in actual tissue, and very few in vivo experiments have been done analyzing 

3’UTR dynamics. Therefore, future experiments using multiple cell types or animal models 
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would greatly expand our knowledge of cell type-specific 3’UTR function, which would be of 

particular importance when trying to use this knowledge to help patients. 

Another question that would be particularly interesting is determining which types of 

molecular changes can have the largest effects on gene expression. For example, do mutations 

that change APA, therefore affecting the presence of many regulatory elements at once, have a 

much greater average affect than those that change a single miRNA site? While very few of the 

functional mutations I identified in my MPRAs were predicted to affect polyA signals (Chapter 2, 

Figure 2-2E and 2-3E), this may be due to our technical definition of these sites, which are 

much more complex than could be captured in our simple in silico analysis. These answers 

would contribute greatly to our ability to predict what 3’UTR mutations would have the greatest 

effect size and use this information to decide the clinical relevance of mutations, as discussed 

above.  

5.6 Concluding Remarks 

 My research demonstrates the significance of 3’UTR mutations on molecular gene 

expression, cellular growth, and even patient outcomes, setting the stage for the discovery of 

further non-coding drivers of cancer progression. Building on this foundation of 3’UTR research 

using novel MPRAs designed to uncover additional molecular mechanisms of mutation function, 

CRISPR base editing able to assign cellular function to single-nucleotide mutations, and 

combining this information into a deep learning algorithm may bridge the gap between our 

current understanding of non-coding genomics and application of this knowledge to cancer 

patients.  
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