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MicroRNAs are small non-coding RNA molecules that serve as important regulators of
gene expression. While understanding of the functional roles of miRNAs in both normal
physiology and disease has rapidly expanded, the regulation of these molecules remains a
largely open question. We have investigated the regulation of mRNAs at multiple steps of
their biogenesis. We began by studying the transcriptional regulation of miRNAs in
ovarian cancer, and developed a computational pipeline by which to identify putative
transcription factor: miRNA interactions. We found that the miR-200 family of miRNAs
is regulated by p63 and p73, two members of the p53 transcription factor family. The
miR-200 miRNAs serve as potent regulators of the epithelial-mesenchymal transitions
that influence tumor invasion; therefore, identifying positive regulators may facilitate the
future modulation of these miRNAs for therapeutic applications. We have also examined
the transcriptional regulation of miR-210, which is potently induced under low oxygen
conditions. We found that under normoxic conditions miR-210 is rapidly activated by
HIF-1a in response to cell density, demonstrating the importance of a cell’s

microenvironment in shaping its miRNA expression patterns.



We next examined the downstream regulation of miRNAs at the post-transcriptional
level. We discovered that miRNAs frequently show 3’ non-templated nucleotide
additions, forming a large number of miRNA isomiRs that expand the diversity of the
miRNA transcriptome. We identified multiple nucleotidyl transferase enzymes that are
responsible for these modifications in a miRNA-specific fashion, including three
enzymes—TUT1, MTPAP, and ZCCHC6—not previously known to modify miRNAs.
Finally, we have investigated the functional effects these 3° additions and their
nucleotidyl transferase regulators exert on miRNA activity. We found 3’ additions are
neither universally stabilizing nor destabilizing; instead, certain nucleotide additions,
such as increased 3’ uridylation, are associated with reduced miRNA abundance.
Additionally, we identified two nucleotidyl transferases, TUT1 and PAPD4, which
broadly maintain the expression of miRNAs. Taken together, our work reveals several
novel mechanisms of regulation for miRNAs that are influential in tumor initiation and
spread. While some factors control the expression of many miRNAs, other proteins alter

the abundance of a subset of miRNAs to enable a precise regulatory response.
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Chapter 1

Introduction

MicroRNA biogenesis and function

MicroRNAs (miRNAs) provide a unique and ubiquitous layer of post-
transcriptional regulation of gene expression. MicroRNAs are short (~22 nucleotide),
endogenous non-protein-encoding RNA molecules that regulate the stability and/or
translation of messenger RNAs (mRNAs) via partially complementary base-pairing
interactions. MicroRNAs are most frequently transcribed by RNA polymerase II as long
hairpin structures known as primary miRNAs (pri-miRNAs), which are cleaved by the
Drosha enzyme and exported into the cytoplasm as 60-70 nt precursor miRNAs (1). After
removal of the hairpin loop by the Dicer enzyme complex, the miRNA duplex is
unwound and loaded into the RNA- induced silencing complex (RISC), which facilitates

the translational repression or destabilization of partially complementary mRNAs (2).

MicroRNAs can repress multiple targets with specificity and efficacy and can
quickly respond to changing cellular conditions. These qualities allow miRNAs to serve
as important regulators of normal development and differentiation (3). The first miRNA
to be discovered was the C. elegans miRNA, lin-4, which is required for the completion
of larval development (4). In humans, miRNAs also establish and maintain the fate and
behaviors of cells. The miR-223 miRNA is an essential component in hematopoiesis, and
is necessary for the differentiation of granulocytes (5). Similarly, the miR-200 family of
miRNAs maintains the epithelial state of cells by repressing the ZEB transcription factors

responsible for epithelial-mesenchymal transitions (6-8). Across multiple species,



miRNAs have been demonstrated to serve as conserved regulatory hubs capable of both
driving widespread gene expression changes and also buffering the cell from unwanted

changes in transcriptional activity (9).

While miRNAs modulate many aspects of normal physiology, they are frequently
dysregulated in many diseases. MicroRNAs show aberrant expression in a variety of
cancers (10), which in general feature a widespread downregulation of miRNAs (11).
MicroRNAs can be used to classify tumors of unknown origin (11), in addition to serving
as tissue and blood-borne biomarkers for the diagnosis and prognosis of multiple cancer
types (12). The miRNA processing enzyme Dicer functions as a haploinsufficient tumor
suppressor (13), and in certain cancers downregulation of Dicer is associated with poor
prognosis (14). Some miRNAs act as oncogenes, such as the miR-17/92 cluster, which
represses PTEN—a potent inhibitor of the PI3K/Akt pathway that promotes the survival
and proliferation of cancer cells (15,16). MicroRNAs can also serve as tumor
suppressors, as demonstrated by the let-7 family, which represses both the Myc and Ras
oncogenes (17,18). Other miRNAs, such as the miR-10a/b and miR-200 families, govern
cancer metastasis via regulation of the transcription factors that direct epithelial-to-
mesenchymal transitions (EMTs) (8,19). Taken together, these studies suggest that

miRNAs can act as potent effectors of pathways that promote or prevent cancer.

Regulation of microRNA expression

Because of the important roles miRNAs play in both normal physiology and
disease, we sought to understand the mechanisms by which they are regulated.

MicroRNA regulation is a multifaceted process that can involve modulation of miRNA



transcription, processing, stability and targeting. While some forms of regulation, such as
protection in the RISC complex, affect the majority of miRNAs, other miRNAs are
individually regulated by an ensemble of unique protein cofactors. For example,
transcription factors provide sequence-specific activation or repression of certain
miRNAs. The tumor suppressor p53 promotes transcription of the miR-34 family of
miRNAs, which in turn induces cell cycle arrest and further amplifies the tumor-
suppressive functions of p53 (20). Additionally, the proto-oncogene Myc activates
transcription of the oncogenic miR-17/92 cluster, and represses expression of multiple
tumor suppressor miRNAs such as miR-34a and the let-7 family (21,22). An online
database of curated miRNA and transcription factor interactions from the literature
currently features over 200 transcription factors regulating several hundred miRNAs
across 16 species (23). However, the transcriptional regulation of most miRNAs has been
poorly understood, and previous investigations have been limited by the lack of

annotation of miRNA primary transcripts and their transcription factor binding sites.

Regulation of miRNA expression also occurs during the processing of the primary
miRNA into the mature species. The association of auxiliary proteins with the Drosha
and Dicer complexes can modulate miRNA biogenesis. Drosha processing is enhanced
by interactions with the p68/p72 helicases, which upregulate the processing of a subset of
miRNAs (24). Furthermore, association of the p53 transcription factor with p68 also
enhanced Drosha cleavage of a smaller number of miRNAs with tumor-suppressive roles
(25). While some protein cofactors exert widespread effects, other regulatory
mechanisms are restricted to an individual miRNA. For example, binding of the protein

hnRNP A1 to the terminal loop of miR-18a promotes Drosha processing, and may drive



preferential expression of this miRNA over the five other miRNAs encoded in a single
polycistronic transcript (26). Other proteins affect miRNA biogenesis by modifying the
sequence of the precursor and primary miRNAs enzymatically. For instance, the Lin28
protein binds to precursor members of the let-7 family and promotes uridylation by the
nucleotidyl transferase ZCCHC11, which prohibits subsequent Dicer processing (27,28).
Together these recent reports have identified a large ensemble of new miRNA regulators,
but remaining questions include determining their specificity and understanding the

cellular contexts in which these regulators are active.

While understanding of the transcriptional and post-transcriptional mechanisms of
miRNA regulation has shown substantial gains, the factors governing the fate of mature
miRNAs in humans remain largely unknown. MicroRNAs in general display very long
half-lives of multiple days (29), although a subset of miRNAs in neurons in Drosophila
have been demonstrated to show more rapid turnover (30). Recent work in C. elegans has
identified a 5°-3” exonuclease, XRN-2, that degrades mature miRNAs (31), while in
plants the 3’-5’ nuclease SDN-1 was shown to affect miRNA turnover (32). In humans,
neither the nuclease responsible for degradation or conserved signals for miRNA decay
has been identified. One potential mechanism for miRNA decay involves the recognition
of certain modifications of the 3’ end of a miRNA. Studies in plants and algae have
demonstrated that 3’ nucleotide additions can modulate miRNA stability (33-35),
although in humans the conservation of these regulatory mechanisms has not been
addressed. Ultimately, the factors governing whether a miRNA can successfully repress
its target—or instead be subjected to decay—remain an important and unanswered

question.



New modes of miRNA regulation

In the following studies, we describe a series of novel regulatory mechanisms that
modulate the expression of miRNAs that play notable roles in cancer. Chapter Two
describes our development of a genomic pipeline to identify potential relationships
between transcription factors and miRNAs. Using this approach, we have found a
particularly intriguing regulatory network for the miR-200 family of miRNAs. The miR-
200 family consists of five miRNAs (miR-200a, -200b, -200c, -429, and -141), which are
co-expressed from two genetic loci (8,36). These five paralogous miRNAs share very
similar sequences, particularly at the 5’ seed region of the miRNA that is most important
in determining their repertoire of mRNA targets. The miR-200 family is required for
normal development and maintains the epithelial state of cells via repression of the
mesenchymal transcription factors Zebl and Zeb2 (37). The miR-200 family is also
dysregulated in many cancer types, although the direction varies across tissues. In
prostate, bile duct, and ovarian cancers, miR-200 levels are high; while in advanced
breast carcinomas, gastric, and renal carcinomas, miR-200 levels are low compared to
normal tissue (8,38-40). The disparate expression patterns of the miR-200 family may
result from differing cellular requirements for tumor establishment versus metastasis
(41). Thus, low levels of miR-200 may be needed for cancer cell migration and invasion,
while high miR-200 levels may enable the emergence of a solid tumor (42). Recent in
vivo work has shown that forced expression of miR-200 in lung cancer cells implanted
into mice prevents EMT and metastasis, which raises the possibility that therapeutically

modulating miR-200 levels may decrease tumor aggressiveness (43). Together, these



studies have suggested that the miR-200 family may serve as a master regulator of both

tumor formation and metastasis.

Despite the importance of the miR-200 family in cancer, the mechanisms of its
regulation are not understood. In an earlier study, we found that both primary and mature
miR-200 family members are increased in ovarian tumors compared to normal surface
epithelium (44), which demonstrates that altered transcription may drive the aberrant
expression patterns. Zebl and Zeb2 can repress transcription of the miR-200 family,
forming a double-negative feedback loop (45). However, no positive regulators of the
family have been identified. Through a combination of computational and experimental
methods, we describe the activation of miR-200 miRNAs by the p63 and p73
transcription factors in ovarian carcinoma. Our work reveals a new role for these less
understood members of the p53 family. These studies also demonstrate our successful
application of a genomic pipeline by which miRNA and transcription factor associations

can be identified in different systems featuring differential miRNA expression.

Chapter Three describes an additional new form of transcriptional regulation of
miRNAs. We have investigated the effects of the cellular microenvironment on miRNA
expression patterns. While many miRNAs are ubiquitously expressed, other miRNAs are
specifically induced in response to various stresses. We have examined the hypoxia-
regulated miRNA, miR-210, which is dramatically induced by the HIF-1a transcription
factor in response to low oxygen conditions (46,47). MicroRNA-210 represses multiple
regulators of proliferation and survival and promotes the successful adaptation of a cell to
a hypoxic environment (48). Surprisingly, we have found this miRNA is also expressed

at high levels in normoxic conditions across a panel of cancer cell lines. We demonstrate



that the induction of miR-210 in cell culture occurs in response to increased cell density.
Density-dependent changes in mature miRNA expression have only been described in a
single report, which attributed the effect to increased Drosha processing (49). Here, we
describe an independent mechanism of regulation: We found that increased cell density
specifically drives the transcriptional activation of miR-210 by HIF-1a, which serves as a
highly sensitive sensor of the cellular microenvironment independently of global hypoxic
conditions. This new mechanism of activation may have clinical significance, as miR-210
overexpression is associated with poor prognosis in several cancer types (50,51). While
the functional effects of this induction are still under investigation, the potent
transcriptional activation of miR-210 underscores the importance of localized changes in

a cell’s environment in affecting miRNA expression patterns.

In addition to examining the transcriptional activation of miRNAs, we sought to
understand novel forms of regulation for mature miRNAs. Next-generation sequencing
has facilitated an era of rapid miRNA discovery in recent years. While the majority of
canonical miRNAs have likely been identified in humans, improved throughput and
accuracy of second generation sequencing pipelines has enabled the identification of a
number of new miRNA variants (52,53). In Chapter 4, we demonstrate that the miRNA
transcriptome in humans displays much more variation than was previously
hypothesized. In addition to the canonical miRNA sequences, we have identified a large
number of miRNA “isomiRs” that display sequence heterogeneity at the 3’ end of the
miRNA. We have investigated both the origin of 3’ non-templated nucleotide additions
and their potential functional effects on miRNA stability. In Chapter 4, we demonstrate

that 3 additions are specifically regulated by multiple members of the nucleotidyl



transferase family. In Chapter 5, we discuss the changes in abundance that may result
from these modifications. We identified specific additions, such as 3’ U, which are
associated with reduced miRNA expression. We also found several nucleotidyl
transferases, including TUT1, PAPD4, and MTPAP, which act as broad regulators of
miRNA abundance. While understanding of the mechanisms of miRNA degradation is
still at its nascent stage, this study provides a foundation for the identification of specific

signals for miRNA decay versus stabilization.

Taken together, these studies reveal multiple new forms of regulation for
miRNAs. MicroRNAs have been demonstrated to play influential roles in human
physiology. These ubiquitous regulatory molecules provide an important layer of post-
transcriptional control of gene expression. While the therapeutic potential of miRNAs is
still in the early phases of investigation, discovering mechanisms of miRNA regulation
will facilitate understanding of how miRNAs control the proliferation and survival of

normal and malignant cells.
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Chapter 2
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Abstract

Although microRNAs (miRNAs) are important regulators of gene expression, the
transcriptional regulation of miRNAs themselves is not well understood. We employed
an integrative computational pipeline to dissect the transcription factors responsible for
altered miRNA expression in ovarian carcinoma. Using experimental data and
computational predictions to define miRNA promoters across the human genome, we
identified transcription factors with binding sites significantly over-represented among
miRNA genes overexpressed in ovarian carcinoma. This pipeline nominated transcription
factors of the p53/p63/p73 family as candidate drivers of miRNA overexpression.
Analysis of data from an independent set of 253 ovarian carcinomas in The Cancer
Genome Atlas (TCGA) showed that p73 and p63 expression is significantly correlated
with expression of miRNAs whose promoters contain p53/p63/p73 family binding sites.
In experimental validation of specific miRNAs predicted by the analysis to be regulated
by p73 and p63, we found that p53/p63/p73 family binding sites modulate promoter
activity of miRNAs of the miR-200 family, which are known regulators of cancer stem
cells and epithelial-mesenchymal transitions. Furthermore, in chromatin
immunoprecipitation studies both p73 and p63 directly associated with the miR-
200b/a/429 promoter. This study delineates an integrative approach that can be applied to
discover transcriptional regulatory mechanisms in other biological settings where

analogous genomic data are available.
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Introduction

Regulation of gene expression at the post-transcriptional level is governed in part
by microRNAs (miRNAs), which are ~22 nucleotide non-protein-encoding RNAs that
modulate the stability and/or translation of messenger RNAs (mRNAs) via partially
complementary base-pairing interactions (1). Most microRNAs are transcribed by RNA
polymerase II (2), and miRNA expression can be regulated by transcription factor
binding sites present in their promoters (3-7). However, for the majority of miRNAs,
promoters have not been defined and the transcription factor binding sites upstream of

these miRNA loci have not been experimentally tested.

Dysregulation of miRNA expression is common in human disease and contributes
to pathology, since miRNAs regulate significant disease-relevant processes such as cell
division, differentiation, and apoptosis (8,9). In addition, in certain cancer contexts, the
pattern of miRNA expression captures important features of the developmental origin of
cancers (10) and may predict the course of disease (11). However, the mechanisms
underlying miRNA dysregulation are not clear, in part because the transcriptional

regulation of most miRNAs is not well characterized.

In this study, we implemented an integrative computational approach to dissect
the transcriptional regulation of miRNAs. We focused on the dysregulation of miRNAs
in ovarian carcinoma of the serous histologic sub-type, which has a high mortality and
accounts for approximately two-thirds of ovarian carcinomas. Although a subset of
miRNAs dysregulated in ovarian carcinomas is associated with changes in genomic copy

number and epigenetic modifications, for many miRNAs additional, unknown
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mechanisms appear to contribute to the reprogramming of miRNA expression (12,13).
We therefore sought to discover the transcription factors that may drive the dysregulation
of miRNAs in ovarian carcinoma. We implemented a computational pipeline to annotate
miRNA transcription start sites (TSS) and putative promoter regions, and then to identify
the transcription factors with binding sites enriched in the promoters of overexpressed
miRNAs in ovarian carcinoma. This approach yields putative regulatory interactions
between transcription factors and miRNA promoters for subsequent experimental

validation.

We report here that the best candidate driver of miRNA overexpression in ovarian
carcinoma is the p53/p63/p73 family of transcription factors. Although p53 has been
shown to transactivate several miRNAs, including the miR-34 family (14-17), the
transcriptional regulation of miRNA genes by p73 and p63 has not been well-described.
Further analysis using data from The Cancer Genome Atlas suggested that, in ovarian
carcinoma, p73 and p63 are primarily responsible for the altered expression of miRNAs
with p53 family binding sites. We experimentally validated our approach by confirming
that p73 and p63 directly regulate transcription of the miR-200 family, a novel target
predicted by our analysis that is an important regulator of epithelial-to-mesenchymal

transitions and of the cancer stem cell phenotype (18-22).

This study illustrates how an integrative computational analysis can identify new
regulatory interactions between transcription factors and miRNAs. We also provide a
resource by defining putative miRNA promoters and associating transcription factor
binding sites with these miRNA promoters on a genome-wide scale, and we discuss how

our approach is broadly applicable to dissect transcription factor-miRNA regulatory
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networks in other systems where miRNA expression data from distinct physiologic states

are available.

Methods

Clinical materials

Normal primary human ovarian surface epithelial (HOSE) cell and serous ovarian
carcinomas from which RNA was analyzed in this study have been previously described
(23), and are described in Supplemental Information. HOSE specimens were obtained
under a protocol that was approved by the Research Review Committee and Internal
Review Board at the Fox Chase Cancer Center. All ovarian carcinoma tissue specimens
were collected from the Pacific Ovarian Cancer Research Consortium Repository under a
protocol approved by the Fred Hutchinson Cancer Research Center Institutional Review

Board.

Analysis of miRNA microarray data generated in the current study

We analyzed miRNA microarray data generated on a locked nucleic acid (LNA) probe-
based platform designed to profile 480 human miRNAs (Exiqon, Inc.) (23). Array quality
control and data normalization was performed as previously described (23). We defined
expressed miRNAs as the miRNAs expressed in at least two of the four normal or at least
four of the 16 serous ovarian carcinomas. Nonspecific filtering was performed as
previously described (23), and genes that showed low variability across samples were
removed from the analysis, which yielded 181 genes for downstream analyses.

Differentially expressed miRNAs were identified by considering miRNAs to be over- or
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underexpressed in carcinoma compared to normal if log, fold change >1.0 and adjusted

p-value <0.01.

Identification of transcription factors commonly expressed in serous ovarian

carcinoma

We analyzed data from Hendrix et al. (24), where Affymetrix GeneChip Human Genome
U133 Array Set HG-U133A microarrays were used to profile gene expression across a
panel of 4 normal ovaries and 41 serous ovarian carcinoma tissues. The carcinoma tissues
comprised the following stages: stage 1A (n=1), stage 1C (n=3), stage 2 (n=2), stage 2C
(n=2), stage 3 (n=2), stage 3B (n=1), 3C (n=25), 3D (n=1) and 4 (n=5) and the following
grades: well-differentiated (n=2), moderately differentiated (n=5), poorly differentiated
(n=18), grade information not available (n=16). All samples were selected to contain at
least 70% malignant epithelial cells. We considered genes to be expressed if they showed
expression (as determined by Affymetrix PMA (Present/Marginal/Absent) calls) in at
least two out of four normal samples or eight out of 41 carcinoma samples. We identified
83 transcription factors expressed in normal ovary and/or serous ovarian carcinoma tissue
specimens by intersecting expressed genes with all transcription factors in
tfbsConsFactors files downloaded from the UCSC genome browser (25,26). Out of these
83 transcription factors, 79 corresponded to binding sites found upstream of miRNAs

overexpressed in ovarian carcinoma.

Annotation of putative miRNA promoters and their transcription factor binding

sites
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miRNA coordinates were downloaded from miRBase (version 10) (27) and used to map
miRNAs to their genomic locations as described in Supplemental Information. To assign
TSS for each miRNA locus, we used RefSeq, AceView, ESTs, and Eponine predictions
downloaded from the UCSC genome browser (hg 18 version of the genome assembly)
(26). If both 5” and 3° ESTs were available from the same clone and formed a transcript
containing the miRNA, the miRNA was considered expressed by this transcript and its

TSS was the 5° end of the EST.

We examined the putative promoters of each miRNA/miRNA locus for conserved
transcription factor binding sites defined in the UCSC files ttbsConsSites and
tfbsConsFactors (26), as described in Supplemental Information. The conservation of
binding sites is based on human/mouse/rat multiple alignments and the score is computed

using the Transfac Matrix Database (v7.0) (28).

Enrichment of transcription factor binding sites in promoters of overexpressed

miRNA loci

We performed a Fisher’s exact test for each of the 79 expressed transcription factors to
compare the number of transcription factor binding sites in the promoters of
overexpressed miRNA loci versus control miRNA loci. To assess the false discovery rate,
predicted g-values were estimated from p-values (derived from Fisher’s exact test) by

using the gvalue package in R (29).

Correlations between expression of transcription factors and expression of miRNAs

in TCGA dataset
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We analyzed data from 253 serous ovarian carcinoma specimens from TCGA. Serous
ovarian carcinoma tissue specimens in TCGA are generally from patients with advanced
stage and high-grade disease. Clinical data on stage and grade was available on 217 of the
253 specimens we studied, and confirmed that the vast majority of these were high-grade
(202 were poorly-differentiated and 13 were moderately-differentiated) and advanced
stage (Stage [IB (n=2), Stage IIC (n=4), Stage IIIA (n=2), Stage I1IB (n=9), Stage I1IC
(n=161) and Stage IV (n=39)). Data on percentage malignant epithelium was available
for 202 of the 253 specimens we studied: > 75% malignant epithelial cells (n=150
specimens), > 50% and < 75% (n=43 specimens), < 50% (n=9 specimens). To derive
correlations between transcription factor and miRNA expression, we retrieved Agilent
gene expression microarray and miRNA microarray data from the TCGA for 253 serous
ovarian carcinomas, for which both gene expression (run on AgilentG4502A 07 3) and
miRNA expression profiling data were available
(http://cancergenome.nih.gov/index.asp). Agilent Level 1 microarray expression data
were used for both miRNA and mRNA analyses. We used 447 miRNAs for calculating
correlations; all of these miRNAs had at least one transcription factor binding site
associated with their promoters as determined by our method. All TCGA Level-1 files
used to calculate correlations are listed in Table S1. Correlation between the expression
of the miRNAs and transcription factors was assessed by calculating Pearson correlation
coefficients. Bioconductor packages ‘limma’ and ‘Itm’ were used to process the raw
signal data and to calculate p-values for correlation between the expression of miRNAs

and transcription factors respectively (30,31).

Sequencing of 7P53
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All coding and flanking regulatory regions for exons 4-10 of 7P53 were sequenced as

previously described (32).
Cell culture

The 2008 ovarian carcinoma cell line was maintained in RPMI (Invitrogen) with 10%
fetal bovine serum (Atlanta Biologicals) under 5% CO,. All transfections were performed

using Lipofectamine 2000 (Invitrogen) according to the manufacturer’s instructions.
Chromatin immunoprecipitation

Chromatin immunoprecipitation was performed on 2008 ovarian carcinoma cells as
previously described (33). Sheared chromatin was incubated with 12 ug of antibody
overnight at 4°C and then incubated with 40 uL prewashed Protein G agarose beads
(Millipore). Antibodies used for immunoprecipitation included 4A4 (Santa Cruz) for p63,
259A (Imgenex) for p73, and normal mouse IgG (Santa Cruz) to control for nonspecific
binding. qPCR was performed as described in Supplemental Information using the
primers listed in Table S2. Triplicate immunoprecipitations were performed for each

antibody, using independent batches of chromatin.
Promoter assays

Firefly luciferase promoter activity reporter plasmids were generated by PCR
amplification of the region of interest from human genomic DNA (BioLine) followed by
subcloning into the Mlul and BglII sites of the pGL3-Enhancer vector (Promega), as
described in Supplemental Information. Primers used are in Table S3. To assay promoter

activity, 2008 cells were plated in 96-well plates at 8x10° cells/well 24 h prior to
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transfection. The cells were co-transfected with 100 ng of each firefly luciferase promoter
reporter vector, or pGL3-Enhancer as a control, and 25 ng of pRL-TK (Promega).
Twenty-four hours after transfection, firefly and Renilla luciferase activity was measured
with the Dual-Luciferase Reporter Assay System (Promega). Promoter activity was

calculated as the ratio of firefly to Renilla luciferase signal.

Results

Overview of computational pipeline for the identification of transcription factors
regulating miRNA expression

We implemented a computational pipeline to study the transcriptional regulation
of miRNA expression (Figure 2.1). Briefly, the pipeline starts with miRNA differential
expression data as input and classifies miRNAs into two categories: miRNAs that are
overexpressed in the samples of interest and control miRNAs that are expressed but not
overexpressed. Putative promoters of both the overexpressed and control miRNAs are
then defined via genomic mapping and annotation of transcription start sites using a
series of criteria described below. After identifying the transcription factors expressed in
the samples based on mRNA expression data, the number of predicted binding sites for
each expressed transcription factor in the promoters of both the overexpressed miRNA
and control miRNA loci is determined. The output of the pipeline is transcription factors
with binding sites overrepresented in the promoters of the overexpressed miRNAs, and

these regulatory predictions can then be experimentally validated.
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Identification of a set of miRNAs commonly differentially expressed in serous
ovarian carcinoma

As input to our pipeline, we defined miRNAs that are differentially expressed in
serous ovarian carcinomas compared to normal specimens. To avoid bias, we used
multiple studies to identify miRNAs that are commonly altered in ovarian carcinoma. We
previously profiled miRNA expression in primary serous ovarian carcinomas from 16
individuals and in cultured normal human ovarian surface epithelial (HOSE) cells from 4
other individuals using miRNA microarrays (23). We analyzed that dataset here to
identify miRNAs significantly dysregulated in serous ovarian carcinoma as compared to
normal. We found 43 miRNAs to be overexpressed and 20 to be underexpressed in
ovarian carcinoma (log, fold change >1.0 and adjusted p-value <0.01) (Table S4). We
then compared the results of this analysis and six other ovarian carcinoma miRNA
profiling studies (13,34-38). We found 30 miRNAs to be significantly overexpressed in
two or more of the entire set of seven studies (Table S5), which should provide a more
reliable list of miRNAs commonly overexpressed in serous ovarian carcinomas. We also
identified a set of 18 commonly underexpressed miRNAs (Table S6), although these did
not yield statistically significant over-representation of any specific transcription factor
binding sites in subsequent analysis and are therefore not discussed further.

In order to define a set of control miRNAs for comparison, we used data from our
microarray analysis of ovarian carcinoma and normal specimens to identify 238
expressed miRNAs, which includes the 30 commonly overexpressed miRNAs defined
above. We then converted this list of expressed miRNAs to a list of miRNA loci, where

each locus corresponds to a single promoter, which may drive expression of multiple
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miRNAs. Specifically, we mapped each miRNA to its genomic position, and miRNAs
that are encoded at multiple locations were assigned to each locus separately. Because
many miRNAs are found in clusters in single polycistronic transcripts (39,40), we
annotated all miRNAs within a genomic cluster as a single locus. After accounting for the
expansion of the number of miRNA locations as a result of miRNAs encoded at multiple
loci, and contraction of this number because of miRNAs in clusters with shared
promoters, the 238 miRNAs corresponded to 151 loci representing a miRNA or miRNA
cluster that is expressed in serous ovarian carcinomas and/or normal samples (Table S7).
We divided the 151 loci into two classes: those that encode overexpressed miRNAs and
those that do not. If a single miRNA within a cluster was overexpressed, the entire
miRNA locus was classified into the overexpressed class for the purpose of this analysis.
From this approach, we annotated 30 loci (miRNAs or miRNA clusters) that were
overexpressed in serous ovarian carcinomas, and we used the remaining 121 loci as the

control set in all further analyses (Table S8).

Annotation of miRNA transcription start sites and identification of candidate
transcription factors controlling miRNA expression

To define putative promoter regions for subsequent analysis, we first annotated
the transcriptional start site (TSS) of each overexpressed or control miRNA locus (Table
S7). We found 43% of miRNAs to be located within and in the same orientation as a
RefSeq gene (41). The TSS for these miRNAs was assumed to be the same as for the host
gene, as it has been shown that miRNAs within host genes are generally co-transcribed

from a shared promoter (42,43). For miRNA genes that did not match to RefSeq, we used
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AceView, which provides comprehensive transcriptional evidence from full length
cDNAs and ESTs (44), to identify the TSS of 38% of the miRNAs. We next used
predictions by Eponine (45) to define the TSS of 7% of the miRNAs and EST clones to
locate the TSS of 3% of the miRNAs. For the remaining 9% of miRNAs whose TSS
could not be found by the above methods, the position 500 bp upstream of the miRNA
was taken as the TSS. In the case of miRNAs that lie in genomic clusters, the TSS of the
most 5 miRNA was assigned to all miRNAs in the cluster, because such miRNAs are
expressed as a single primary transcript from a shared promoter (40).

To ensure our analysis would involve only transcription factors commonly
expressed in serous carcinoma and/or normal ovarian tissue, we used mRNA microarray
data from serous ovarian carcinomas and from normal ovarian tissues available in the
Gene Expression Omnibus (GSE6008) (24) to identify 79 transcription factors expressed
in normal ovary and/or serous ovarian carcinomas. For each of the 151 miRNA (or
miRNA cluster) loci identified above, we examined a region extending from 5000 bp
upstream to 500 bp downstream of the TSS for predicted transcription factor binding sites
(Table S8). If a miRNA was less than 500 bp downstream from the TSS, we instead used
the distance between the miRNA and TSS for the downstream boundary of the region of
interest. We only included binding sites conserved between human, mouse and rat, as
annotated by the UCSC genome browser (26), for the 79 expressed transcription factors.

To determine which transcription factors are likely to drive miRNA
overexpression in ovarian carcinoma, we performed a Fisher’s exact test for each of the
79 transcription factors to compare the number of binding sites in the putative promoters

of the 30 overexpressed miRNA loci with the number of sites for the 121 control miRNA
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loci (Table S9). We found an over-representation of binding sites for the tumor protein
53 (p53) family, early growth response 2 (EGR2), and SP1 in the promoters of miRNAs
overexpressed in serous ovarian carcinoma (q-value (29) <0.05, Table 2.1). The most
significant g-value, 0.005, was found for the p53 family, which consists of three proteins
(i.e., p53, p63, and p73) that recognize the same consensus binding site (46,47). We
identified 15 p53 family binding sites among the 30 overexpressed miRNA promoter
loci, versus 17 such sites in the 121 control miRNA promoter loci (Tables 2.1 and S8).
Thus, this analysis suggests that the three members of the p53 family, as well as EGR2

and SP1, may be drivers of miRNA dysregulation in serous ovarian carcinoma.

Correlation between expression of transcription factors and expression of miRNAs
in The Cancer Genome Atlas (TCGA) data

To determine if expression of the candidate miRNA transcription factors we
identified correlates with expression of miRNAs with binding sites for those transcription
factors, next we employed a larger, independent dataset from The Cancer Genome Atlas
(TCGA), which provides comprehensive genomic profiling data from high-grade serous
ovarian carcinomas. We selected samples from TCGA for which both miRNA and
mRNA data were available for the same carcinoma tissue specimen. There were 253 such
samples available. We calculated Pearson correlations between the expression of each of
the five transcription factors identified above and the expression of each of 447 miRNAs
in the 253 TCGA samples. We then compared correlation coefficients between the
miRNAs whose promoters contain binding sites for a given transcription factor and the

remaining miRNAs lacking binding sites. We found no significant difference in the
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correlation of SP/ and miRNAs with or without SP1 binding sites (data not shown).
However, the remaining four transcription factors (i.e., TP53, TP63, TP73, and EGR?2)
showed significantly higher expression correlations with miRNAs bearing their
respective binding sites versus those without (p-value <0.01, z-test) (Figure 2.2). This
analysis suggests that our pipeline yields functional regulators of miRNA expression.
Interestingly, we found significant negative correlations between the expression of both
EGR?2 probes and the expression of miRNAs with EGR2 binding sites, which suggests
that EGR2 may serve as a transcriptional repressor (Figure 2.2D).

All three members of the p53 family featured probes that showed positive,
significantly higher correlations with miRNAs bearing p53 family binding sites than
those without (Figure 2.2A-C). Three out of seven 7P63 probes and one out of three
TP53 probes showed lower correlations that were not statistically significant (data not
shown), which may be related to sequence-specific variation in probe performance. Of
the three members of the p53 family, 7P73 expression showed the strongest positive
correlations with miRNAs bearing p53 family binding sites (Figure 2.2C). Taken
together, these results suggest that members of the p53 family, and in particular 7P73,

may drive the overexpression of a panel of miRNAs in ovarian carcinoma.

Overexpression of miRNAs with p53 binding sites in their promoters is not
associated with the mutational status of 7P53 in serous ovarian carcinomas

While expression of p53 mRNA appeared to correlate with miRNA expression,
regulation of p53 occurs primarily at the protein level. Therefore, we sought to determine

whether changes in the activity of the p53 protein may affect the expression of miRNAs
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bearing p53 family binding sites. Mutation is the leading cause of p53 dysfunction in
serous ovarian carcinoma, as 60-70% of serous ovarian cancers are known to have 7P53
mutations (48,49), which in general ablate the ability of p53 to transactivate its target
genes. However, because mutations to 7P53 can result in a dominant negative protein
that alters the activity of the other p53 family members, we examined whether 7P53
mutational status affects expression of miRNAs overexpressed in ovarian carcinoma.
Somatic mutation data for ovarian carcinomas in TCGA were not available. We therefore
determined the p53 mutation status of the 16 ovarian carcinoma specimens that we
previously used for identifying differentially expressed miRNAs. We sequenced all
coding and flanking regulatory regions for exons 4-10 of 7P53, which include mutation
hotspots and also coincide with the most highly conserved region of the gene (50). We
found non-synonymous 7P53 mutations accompanied by loss of the wild-type allele in
nine out of our 16 ovarian carcinoma specimens (Table S10). Comparing the expression
of miRNAs in the 7P53 mutant versus wild-type specimens demonstrated no significant
difference in the expression of the 17 overexpressed miRNAs that are encoded within the
15 overexpressed loci with p53 binding sites (Figure S1). While these results do not
exclude p53 as a possible driver of differential miRNA expression, this analysis suggests

that p53 is not the primary regulator of these miRNAs in ovarian carcinoma.

p73 and p63 as putative positive regulators of miRNA expression in ovarian cancer
Our miRNA expression correlation analyses from TCGA data suggested that p73,
and potentially p63, may drive the overexpression of miRNAs in ovarian carcinoma

(Figures 2.2B and 2.2C). To identify specific miRNAs that may be regulated by p73 or
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p63 for further study, we used the p-values from the Pearson correlations to rank the
miRNAs that were overexpressed in ovarian carcinoma and contained p53 family binding
sites. We found multiple miRNAs with significant positive correlation with 7P73 or
TP63 expression (Table 2.2). A complete list of miRNAs showing positive correlations
(Pearson correlation coefficient >0.25 and p-value <0.05) with all p73 and p63 probes is
provided in Tables S11 and S12. To assess the biological relevance of these correlation
values, we also determined the correlations of 88 host gene-intronic miRNA pairs using
the same dataset of 253 TCGA samples. Intronic miRNAs (i.e., lying in host genes on the
same strand) are generally co-transcribed with their host gene and therefore show strong
correlations in expression with their host gene. Among miRNA-host gene pairs analyzed
by the same criteria (correlation coefficients >0.25 and p-values <0.05), host gene-
intronic miRNA pairs showed an average correlation of 0.37 (£0.16). The correlations
between the expression of p73 and p63 and miRNAs in Table 2.2 range between 0.25-
0.39, and thus reflect a similar magnitude of correlation coefficients as observed with the

host gene-intronic miRNA correlations.

p73 and p63 directly regulate miR-200 transcription

To experimentally validate our computational predictions, we examined the
transcriptional regulation of the miR-200 family of miRNAs. Expression of all five
members of the miR-200 family (miR-200a, miR-200b, miR-200c, miR-141, and miR-
429) was positively
correlated with p73 and p63 (all with p-values <2.2x107), with correlation coefficients

ranging from +0.318 to +0.389 for p73, and from +0.263 to +0.322 for p63 (Table 2.2).
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Our previous work has implicated the miR-200 family in ovarian carcinoma pathogenesis
(51), and the miR-200 family has a well-established role in governing epithelial-to-
mesenchymal transitions (EMTs) and repressing tumor-initiating cells (i.e., cancer stem
cells) (18-20,22) in a variety of other cancer contexts.

The miR-200 family miRNAs are transcribed from two chromosomal clusters:
miR-200b/a/429 from chromosome 1, and miR-200¢/141 from chromosome 12. The
promoters of both miR-200 clusters contain p53 family binding sites. We first tested
whether the predicted p53 family binding sites in the miRNA promoters modulate miR-
200 transcription by employing a luciferase reporter system. We cloned a 2 kb fragment
of the miR-200b/a/429 promoter, which contains one predicted p53 family binding site,
upstream of the luciferase gene in the pGL3-Enhancer vector. Similarly, we also
produced a miR-200c/141 promoter construct by cloning a 1.5 kb region of the miR-
200c/141 promoter containing two predicted p53 binding sites into the vector. We then
generated mutant versions of each promoter construct by mutating the consensus
nucleotides in each predicted p53 family binding site, with the miR-200c/141 mutant
promoter featuring mutations at both of the two predicted binding sites (Figure 2.3A).
We transfected the wild-type and mutated constructs into 2008 ovarian carcinoma cells.
Transfection with the wild-type promoter constructs led to increased luciferase activity as
compared to the empty vector lacking a promoter, indicating that the minimal miR-200
promoters were functional (data not shown). To determine if the p53 family binding sites
contribute to promoter activity, we compared the luciferase activity of the wild-type
versus mutated promoters (Figure 2.3B). We found that mutation of the p53 binding sites

of the miR-200b/a/429 and miR-200c/141 promoters each resulted in an approximately
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40% decrease in luciferase activity (p-value <0.003, ¢-test), consistent with the notion that
members of the p53 family directly regulate miR-200 transcription.

We next sought to determine which p53 family members are physically associated
with the miR-200 promoters in ovarian carcinoma cells. We performed chromatin
immunoprecipitations on the 2008 cell line using antibodies directed against p53, p63 or
p73, as well as normal IgG as a control for nonspecific binding. We did not find
enrichment of p53 at several known targets, including p2/ and MDM?2, nor at the miR-
200 promoter regions, which is consistent with Western blots revealing that 2008 cells do
not express stable p53 protein (data not shown). In the p73 and p63
immunoprecipitations, however, we found a strong enrichment of the miR-200b/a/429
p53 family binding site relative to the IgG control (Figures 2.3C and 2.3D). The levels of
enrichment were similar to those seen at the p21 promoter, a known transcriptional target
of the entire p53 family (46,52). As a further negative control for nonspecific enrichment,
we assayed the immunoprecipitates for a region 1 kb downstream of the 3’ end of miR-
429, the last miRNA of the miR-200b/a/429 cluster. No enrichment was found at this
control region, indicating that we were specifically enriching the promoter of the miR-
200b/a/429 locus. When the locus on chromosome 12 corresponding to the miR-200c/141
promoter was analyzed in the p73 and p63 chromatin immunoprecipitates, no enrichment
was observed compared to the IgG control (data not shown). Although such negative
results are difficult to interpret, this observation may be a false negative due to the
limitations of the sensitivity of chromatin immunoprecipitation, such as the limited set of
promoter regions assayed by qPCR as well as potentially limited antibody accessibility

related to chromatin structure or interference from transcriptional co-factors. As an
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additional negative control, we assayed the promoter of miR-29a/b-1, which is
overexpressed in ovarian carcinomas yet in our computational analysis was not found to
have p53 family transcription factor binding sites. Our ChIP analysis found no
enrichment of p63 or p73 at the miR-29a/b-1 promoter (Figure S2). Taken together, our
results demonstrate that both p73 and p63 associate with the miR-200b/a/429 promoter
and may also contribute to the expression of the miR-200c¢/141 locus in ovarian

carcinoma.

Discussion

Our study demonstrates how an integrative computational approach can take advantage
of increasingly comprehensive genomic profiling datasets to understand the
transcriptional regulation of miRNAs. Although miRNA transcriptional regulation
mechanisms have been investigated for specific miRNAs in the past, genome-scale
studies have been limited, partially due to the lack of well-annotated miRNA primary
transcripts and their corresponding transcriptional start sites. MicroRNAs are excised
through a series of processing steps from primary transcripts, which are highly variable in
length and can be several kilobases long; identifying the TSS for miRNAs at a genome
scale is therefore not trivial. Although experimental methods using chromatin signatures
to identify miRNA promoters have been useful in identifying approximate locations of
miRNA TSS in some cases (53,54), such approaches have their limitations because
miRNA expression is highly tissue specific and therefore experimental data applies to a
relatively limited subset of miRNAs in specific cell line or tissue contexts. Our genome-

wide approach relies heavily on transcript information derived from ESTs, both from
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EST clusters (AceView) and from ESTs derived from a common clone, to provide
transcript-based evidence for defining the TSS of intergenic miRNAs. AceView is one of
the most comprehensive assemblies of human transcriptome data, drawing cDNA
sequences from dbEST, Genbank and RefSeq and representing a broad panel of tissue
and cell type contexts. There are currently more than 8 million ESTs in dbEST and
notably approximately 2 million 5' capped ESTs in Genbank submitted by Kimura et al
(55). An important aspect of our study, therefore, is the genome-wide definition of
presumptive miRNA TSS and promoters using such data, which provides a resource for

further investigations of miRNA transcriptional regulation.

The key biological finding of this work is the identification of the p63 and p73
transcription factors as significant activators of miRNA overexpression in ovarian
carcinoma. We found conserved transcription factor binding sites for the p53/p63/p73
family upstream of 17 miRNA loci overexpressed in serous ovarian carcinoma,
suggesting p63 and/or p73 may coordinately regulate an ensemble of miRNAs that could
significantly modify the cellular gene expression landscape via repression of a cohort of
mRNA targets. We also observed an over-representation of conserved EGR2 binding
sites upstream of miRNA loci overexpressed in ovarian carcinoma, with 10
overexpressed miRNA loci containing EGR?2 binding sites. In the TCGA ovarian
carcinoma dataset, EGR2 expression was significantly negatively correlated with the
expression of miRNAs containing EGR2 binding sites. EGR2 has been suggested to be a
tumor suppressor, based on the fact that it is frequently underexpressed in human cancers

(including ovarian) and cancer cell lines (56,57). We hypothesize that the 10 miRNA loci
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mentioned above are normally repressed by EGR2, but that decreased EGR2 expression

in ovarian carcinoma leads to their overexpression.

It is important to note that both p63 and p73 can be expressed as multiple isoforms that
were not distinguishable on the expression platforms involved in this study. The isoforms
of p63 and p73 can be divided into two classes: transactivating TAp63/TAp73 isoforms
and the inhibitory ANp63/ANp73 isoforms. In ovarian carcinoma, multiple inhibitory
isoforms of p73 and p63 are overexpressed and can be associated with poor prognosis
(58,59). In contrast, transactivating TAp73 increases the response rate to chemotherapy in
BRCA-1-associated ovarian carcinoma (60). We hypothesize that p73 and p63 may drive
the expression of multiple miRNAs that contribute to tumor aggressiveness and/or
treatment response. For instance, low levels of miR-200 family miRNA expression are
associated with poor treatment response in ovarian carcinoma (61); thus, TAp73-
mediated activation of miR-200 could serve as a mechanism for increased sensitivity to
chemotherapy. Future studies will be required to determine the role of specific isoforms

of p73 and/or p63 in determining miRNA transcription in ovarian carcinoma.

In experimental validation of the pipeline predictions, we focused on the miR-200 family
because of its important roles in tumor development and progression. Members of the
miR-200 family inhibit epithelial-to-mesenchymal transition and suppress tumor invasion
by directly repressing the transcription factors Zebl and Zeb2 (18-20). Additionally, the
miR-200 family has been shown to repress Bmil and Suz12, two essential components of
polycomb repressor complexes that are responsible for the maintenance of tumor-
initiating cells (21,22). Previous work on miR-200 regulation has largely focused on

mechanisms of repression, including transcriptional inhibition and epigenetic
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modifications (18,62,63); mechanisms of transcriptional activation of this miRNA family
are not well-understood. Our results with p63 and p73 shed light onto positive
transcriptional regulation of the miR-200 family miRNAs, which has potential
therapeutic value in the development of approaches aimed at modifying miR-200 family

miRNA expression for the treatment of diverse forms of human cancer.

Although our work focused on miR-200 transcriptional regulation by p73 and p63, recent
studies have identified different mechanisms by which the p53 family can modulate miR-
200 expression. p63 can serve as a transcriptional regulator of Dicer to modulate miRNA
maturation, including processing of the miR-200 family (64). Given our observation of
p63 binding to the miR-200b/a/429 promoter, these studies suggest that p63 can act both
directly and indirectly to alter miRNA expression, although the mechanism may be
cellular context-dependent. Additionally, a recent report found that in mammary
epithelial cells, p53 serves as a transcriptional activator of miR-200c, but not of the miR-
200b/a/429 cluster (17). In ovarian carcinomas, 7P53 is commonly mutated and thus
unlikely to drive the overexpression of miR-200 that we detected in our samples;
however, 7P53 mutations can frequently yield dominant negative proteins that interfere
with the actions of p63 and p73 through promoter competition and through the formation
of inactive heterotetrameric complexes (65). Although we did not find a correlation
between the 7P53 mutational status of ovarian carcinomas and their expression of
miRNAs with p53 family binding sites, we cannot exclude the role of p53 in the
transcriptional regulation of the miR-200 family. In contrast, our results indicate that p63
and p73 are involved in overexpression of this miRNA family in ovarian carcinoma.

Taken together with the report of p53-driven miR-200c¢ expression in mammary epithelial
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cells, our study suggests that cellular context determines the relative importance of

different p53 family members on the transcriptional activation of the miR-200 family.

Through our integrative analysis, we identified transcriptional mechanisms that govern
miRNA expression in ovarian carcinoma and also found novel activators of miRNAs
implicated in tumorigenesis. Our results indicate that p73 and potentially also p63
contribute to broad dysregulation of miRNA expression in ovarian carcinoma. Although
we have directed our analysis here toward ovarian cancer, our approach can be broadly
applied to other cancer types (e.g., The Cancer Genome Atlas datasets are expected to
expand to include nearly 25 cancer types), or any biological state(s) in which mRNA and
differential miRNA expression data are available (e.g., expression profiles across stages
of development or across different cell differentiation states). Because different cancer
and tissue types show unique mRNA and miRNA expression patterns, utilizing our
computational pipeline with other systems may reveal distinct transcription factors that

regulate miRNA activity in varied biological contexts.
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Figure 2.1. Analysis pipeline for identifying candidate transcription factors
responsible for miRNA overexpression.

MicroRNA and mRNA expression profiling data were used to identify transcription
factor binding sites over-represented in the promoters of miRNAs overexpressed in
ovarian carcinoma. Transcription factor binding sites were based upon Transfac position
weight matrices. (TSS: transcriptional start site, HOSE: human ovarian surface epithelial

cells)
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Figure 2.2. Expression of miRNAs with transcription factor binding sites is
correlated with transcription factor expression in TCGA ovarian carcinoma
specimens.

(A-D) Data from 253 TCGA serous ovarian carcinomas were used to calculate Pearson
correlations between expression of the indicated transcription factors and expression of
447 miRNAs. Boxplots show the correlations using mRNA expression data from two
TP53 probes (A), three TP63 probes (B), four TP73 probes (C), and two EGR2 probes
(D). miRNAs were classified by the presence (+) or absence (-) of the indicated
transcription factor binding site in the miRNA promoter. For each probe, #-tests were
used to compare mean correlation values of the two miRNA classes, and p-values
computed from the #-tests are shown.
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Figure 2.3. p73 and p63 directly regulate transcription of the miR-200 miRNA
families.

(A) Schematic of the miR-200c/141 and miR-200b/a/429 promoter fragments cloned
upstream of the luciferase gene in the pGL3-Enhancer vector. To generate a mutant
version of each promoter, the p53 family consensus binding sites were mutated at the
nucleotides shown in bold. (B) Activity of the indicated mutant and wild-type miR-200
promoter constructs transfected into 2008 ovarian carcinoma cells. Promoter activity is
expressed relative to the wild-type construct for each promoter, and bars represent the
mean relative activity = SD of four replicates. * indicates p-value <0.003, ¢-test. (C-D)
Chromatin immunoprecipitation of p73 (C) and p63 (D) from 2008 cells. gPCR was used
to assess the enrichment of the indicated regions relative to an IgG control chromatin
immunoprecipitation. Enrichment of the p53 family binding sites and negative control
regions 1 kb 3’ to the miRNAs at the miR-200b/a/429 loci are shown. Enrichment of the
p21 promoter served as a positive control. Bars represent mean enrichment + SD of
technical replicates from a representative experiment that was repeated three times.



Table 2.1. Transcription factor binding sites enriched in promoters of miRNAs
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overexpressed in serous ovarian carcinoma.

MicroRNAs were classified into 30 loci overexpressed in ovarian carcinoma and a
control group of 121 loci expressed in carcinoma and/or normal HOSE samples. The
number of promoters with binding sites for a given transcription factor was compared

between the two classes. A Fisher’s exact test was performed for each of the 79

transcription factors that are expressed in carcinoma and/or normal samples. p-values

computed by Fisher’s exact test were converted to g-values. Transcription factors with p-
value <0.05 are shown, while those with g-values <0.05 are in bold.

Promoters of

Promoters of

Transcription p-value q-value
over-expressed miRNA | expressed miRNAs

factor

without
binding site | with site with site without site

site
p53/p63/p73 | 15 15 17 104 6.83E-05 0.0054
EGR2 10 20 9 112 0.0006 0.0246
SP1 10 20 10 111 0.0011 0.0283
NFKB1 10 20 16 105 0.0145 0.2856
RELA 9 21 14 107 0.0206 0.2954
NR2F1 6 24 7 114 0.0233 0.2954
EGR3 8 22 11 110 0.0262 0.2954
PAX4 14 16 31 90 0.0429 0.4036
XBP1 7 23 10 111 0.0460 0.4036
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Table 2.2. Correlations between 7P73 or TP63 and miRNA expression in TCGA
ovarian carcinomas.

Correlation coefficients for expression of miRNAs with 7P73 expression (leff) and TP63
expression (right) across 253 TCGA ovarian carcinomas were calculated. MicroRNAs
listed showed positive correlation coefficients >0.25, p-values <0.05, and contain
p53/p63/p73 binding sites in their promoters. MicroRNAs are ranked in order of
increasing p-value. The miR-200 family miRNAs, indicated in bold, had significant
positive correlations with 7P73 and TP63 expression. Correlation coefficients shown
were calculated using representative probes for 7P73 (A 23 P74081) and TP63
(A_32 P114473).

TP73 TP63

miRNA corr | p-value miRNA corr | p-value
miR-107 0.389 [ 1.39E-10 miR-200a 0.322 | 1.64E-07
miR-200a 0.389 [ 1.47E-10 miR-29¢ 0.320 [ 1.91E-07
miR-29¢ 0.383 [ 2.77E-10 miR-30e 0.316 | 2.94E-07
miR-23a 0.373 [ 8.72E-10 miR-30c 0.311 [ 4.50E-07
miR-24 0.371 | 1.17E-09 miR-107 0.310 | 5.06E-07
miR-200c 0.364 [ 2.36E-09 miR-429 0.294 | 1.99E-06
miR-141 0.355 | 6.12E-09 miR-141 0.293 | 2.09E-06
miR-29b 0.346 [ 1.57E-08 miR-24 0.287 | 3.50E-06
miR-429 0.337 [ 4.03E-08 miR-103 0.283 | 4.66E-06
miR-103 0.332 [ 6.62E-08 miR-29b 0.278 | 7.10E-06
miR-200b 0.318 | 2.31E-07 miR-200c¢ 0.275 | 9.19E-06
miR-28-5p 0.303 | 9.31E-07 miR-200b 0.263 | 2.20E-05
miR-30e 0.303 | 9.41E-07 miR-93 0.257 | 3.57E-05
miR-212 0.302 [ 9.77E-07

miR-93 0.301 [ 1.06E-06

miR-7 0.295 [ 1.85E-06

miR-106b 0.291 [ 2.46E-06

let-7¢ 0.289 [ 2.88E-06

miR-20a 0.284 [ 4.62E-06

miR-130a 0.278 [ 7.05E-06

miR-34a 0.276 [ 8.11E-06

miR-27a 0.274 [ 9.62E-06

miR-135b 0.271 [ 1.25E-05

miR-219-5p 0.266 [ 1.77E-05

miR-19a 0.259 [ 3.02E-05
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Chapter 3

Cell density dependent regulation of miR-210 by HIF-1a

Abstract

Under hypoxic conditions, microRNA-210 is dramatically upregulated and facilitates a
cell’s adaption to the low oxygen environment via modulation of cellular respiration and
apoptosis. While miR-210 has been well characterized as a hypoxic-specific miRNA,
other changes in a cell’s microenvironment that may drive miR-210 induction are not
understood. We found that miR-210 is broadly expressed in a panel of cancer cell lines
cultured under normoxic conditions. To investigate potential new mechanisms of miR-
210 activation, we conducted in vitro time course experiments to assess miR-210 levels at
increasing cell densities. We found that primary miR-210 transcription is upregulated by
HIF-1a in response to increased cell confluency. The induction is conserved across
multiple cell types, and does not require cell adhesion. Together, these studies suggest
that miR-210 regulation is highly sensitive to localized changes in the cellular
microenvironment. Additionally, we have identified a novel mechanism by which cell
density yields differential expression of a single miRNA. Our work emphasizes that
caution must be used in controlling for confluency in cell culture experiments. While the
functional effects of miR-210 induction in high density culture are still under
investigation, our results suggest that miR-210 may facilitate a cell’s ability to tolerate

variable environmental conditions.
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Introduction

MicroRNAs can serve as important tools for a cell’s adaptation to changing
conditions in the microenvironment. While some miRNAs are ubiquitously expressed,
others are rapidly induced in response to various stresses. In response to reduced oxygen
levels, miR-210 has been demonstrated to show striking upregulation across a wide panel
of human tissues (1-3). The induction of miR-210 primarily results from transcriptional
activation by the hypoxia-inducible factor (HIF) proteins (2-4). HIFs are heterodimeric
transcription factors that consist of a constitutively active subunit, HIF-B, in addition to
an oxygen-sensitive subunit (HIF-1a, 2a, or 3a, depending on the cell-type) (5). The
three HIF-a subunits feature partially overlapping targets and expression patterns (6). In
epithelial cells, the best-characterized component is the HIF-1a isoform, which is a
highly unstable protein under normoxic conditions and is rapidly degraded in the
proteasome following hydroxylation of conserved proline resides via the VHL E3
ubiquitin ligase; however, as oxygen levels decrease, HIF-1a hydroxylation is reduced,
which prevents HIF degradation and allows protein accumulation (7). HIF-1a
stabilization facilitates the formation of the HIF heterodimers that induce the expression

of many genes necessary for a cell’s successful adaption to the hypoxic environment,

including the miRNA miR-210 (2).

MicroRNA-210 targets multiple regulators of cellular proliferation, apoptosis, and
metabolism. Under conditions of low oxygen, miR-210 induction represses the iron-
sulfur cluster assembly proteins (ISCU1/2) necessary for oxidative respiration and
facilitates a shift to increased glycolysis (8-10). MicroRNA-210 also prevents the

induction of apoptosis under hypoxic conditions, potentially via suppression of several
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factors that promote cell death, including the apoptosis-inducting factor [mitochondrion-
associated 3] (AIFM3) (11) and caspase-8 associated protein 2 (12). The receptor
tyrosine kinase ligand Ephrin-A3 (EFNA3) is also a well-documented miR-210 target,
and may enable miR-210 to modulate cell motility and angiogenesis (2,13). Interestingly,
miR-210 has conflicting roles in tumorigenesis: Overexpression of miR-210 in a mouse
xenograft model delayed tumor initiation (3); however, in many human cancers, miR-210
levels are elevated, which may reflect the divergent roles miR-210 may play in different
stages of cancer initiation and metastasis. In breast cancer, increased levels of miR-210
are associated with increased invasiveness and poor prognosis (14,15). Levels of miR-
210 circulating in the plasma of breast cancer patients are associated with reduced
sensitivity to the drug trastuzumab, which raises the possibility that miR-210 could also

modulate chemosensitivity (16).

Although miR-210 is best known as a miRNA transcriptionally induced under
low oxygen conditions, other mechanisms of regulation that could be important in disease
pathology have not been described. During the course of experiments designed to
explore the induction and degradation of miR-210 in hypoxia, we were surprised to find
that miR-210 is an abundantly expressed miRNA in multiple cancer cell lines under
standard tissue culture conditions. We found that miR-210 levels are highly sensitive to
cell density, with HIF-1a serving as a potent inducer of miR-210 under normoxic
conditions in response to increased cell number. Hwang et al. have examined density-
dependent expression changes in mature miRNA, and found that higher cell density
correlated with approximately 2-fold higher expression of most miRNAs across multiple

cancer cell lines (17). The authors attributed this increase to enhanced Drosha processing
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of the primary miRNA transcripts in confluent cultures, as both precursor and mature
miRNA levels were increased. Here, we report an independent mechanism of density-
dependent miRNA regulation that is specific to miR-210. We found that primary miRNA
transcription is robustly induced by HIF-1a in response to small increases in cell
confluency. These results underscore the importance of controlling for equivalent cell
densities when assessing differentially regulated miRNAs. Additionally, these studies
reveal the sensitivity and precision of HIF-1a’s regulation of miR-210 levels, which may

enable the successful adaption of a cell to its microenvironment.
Methods
Cell Culture

HCT-116 cells were maintained in McCoy’s media (Invitrogen) with 10% FBS (Atlanta
Biologicals). For time course experiments, HCT-116 were seeded at 50,000 cells per well
and lysed at 2, 48, and 96 hours post-seeding. For cell density experiments, HCT-116
cells were seeded at various concentrations in 6-well plates in 3 mL media. 24 h post
seeding, the media was changed. At 48 h, the cells were washed in 1X PBS (Gibco), and
lysed in 700 uL Qiazol (Qiagen). IMR-90 and 293T cells were prepared as described for
HCT-116, using Eagle’s Minimum and DMEM media (Invitrogen) respectively. For the
suspension cell line, THP-1, cells were seeded at increasing density in untreated 6 well-
plates with 1 x 10°- 1 x 10° cells per well. 48 h post seeding, cells were pelleted by

centrifugation, washed in PBS, and lysed in 700 pL Qiazol.

To attain conditioned media from cells of varying density, HCT-116 cells were seeded in

6-well plates at low density (1 x 10’ cells per well) or high density (1 x 10° cells per well)
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in 3 mL media. Recipient cells were seeded at three different densities: 1 x 10° cells per
well, 3 x 10° cells per well, or 6 x 10° cells per well. 24 h post plating, the conditioned
media from multiple wells of low and high density donor wells was pooled, filtered
through 0.45 uM filters to remove cells, and then applied to the recipient cells. 24 h post

addition of the conditioned media, recipient cells were harvested for RNA.
RNA isolation and qRT-PCR

RNA was isolated with the miRNeasy kit (Qiagen) according to the manufacturer’s
instructions, and diluted to equal concentration. qRT-PCR was performed using Tagman
assays (Applied Bioystems) for miR-210, miR-15a, pri-miR-210, and pri-miR-15a/16 and
their control assays, RNU-48 and GUSB. Relative expression was determined by using
RNU-48 or GUSB to compute delta CT values, and calculating delta delta CT to the
lowest density sample. For primary miRNA profiling, Tagman assays were obtained from
Applied Biosystems for 70 different miRNAs. gPCR primers and probes were diluted
(1.25 uL water per 0.25 uL primer-probe mixture) and aliquoted into 384-well plates in
an arrayed manner with duplicate wells per assay. For each sample of interest, a single
100 uL reverse transcription reaction was performing using the cDNA High Capacity
Reverse Transcription (RT) Kit (Applied Biosystems) using 574 ng RNA. Each RT
reaction was then diluted with 100 uL. water and 500 uL 2X Master mix from Applied
Biosystems. 3.5 uL of the diluted sample was added to each well of the 384-well plates,
and amplification was performed on a Viia7 qPCR machine (Applied Bioystems).
Technical replicates on each plate were averaged, and any miRNA with an average cycle
threshold (CT) > 34 across all samples, or with an undetermined CT in > 10 samples was

removed. Delta CT values were calculated to the 4CTB housekeeping gene present on
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every card, and the relative expression of each miRNA compared to the expression at the

earliest time point was computed.
Suppression of HIF-1a and EPAS-1 in HCT-116

HCT-116 cells were seeded at 2 x 10° cells per 6 cm dish. 24 h post seeding, the cells
were transfected with siRNAs for HIF-1a and EPAS-1 (HIF-2¢a), in addition to non-
targeting control siRNAs (Dharmacon On-Target+ Smartpools). Biological replicates of
each siRNA were performed. For the knockdown of both HIF-1o and EPAS-1, 50 nM of
each siRNA was used. For all other knockdowns, 50 nM of siRNA was supplemented
with 50 nM non-targeting siRNA to ensure all wells contained a final siRNA
concentration of 100 nM. All transfections were performed using Lipofectamine
RNAIMAX (Invitrogen) and Optimem low-serum media (Invitrogen) according to the
manufacturer’s instructions. 6 h post transfection, the wells were washed 1X in PBS,
trypsinized, and re-seeded into high and low density wells. 48 h post transfection, all

wells were lysed in Qiazol as described above.
Results

MicroRNA-210 can be potently induced in response to hypoxic conditions via
activation by the HIF transcription factors (2-4). While investigating the potential
induction of miR-210 under low oxygen conditions, we were surprised to observe that
miR-210 is abundantly expressed in a variety of cell lines under seemingly normoxic
conditions. In a panel of 22 different cancer cell lines, all featured miR-210 levels of
greater than 1 x 10° copies per ng of total RNA (Figure 3.1). The ubiquity of miR-210

expression suggests that the miRNA may be activated by alternative mechanisms.
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Because several of the cell lines used for this analysis were prepared from nearly
confluent plates of cells, we asked whether cell density could affect miR-210 expression
levels. We performed time course experiments with HCT-116 colon cancer cells, which
displayed intermediate miR-210 expression levels in our panel of cell lines and grow
rapidly under standard tissue culture conditions. Using qRT-PCR, we compared miR-210
expression in wells of HCT-116 cells grown for increasing time points post plating. We
found an induction in miR-210 of approximately four-fold by 96 hours (Figure 3.2A).
This induction was in stark contrast to the miRNA miR-15a, which did not show a
change in expression over time (Figure 3.2A). To investigate the potential mechanism of
this increase, we also measured primary miR-210 levels, as rapid transcriptional
activation of miR-210 has been well documented. We found that primary miR-210
displayed an even stronger increase in expression of over 10 fold by 96 hours (Figure
3.2B). To determine whether this induction was unique to miR-210, we profiled the
expression of 70 other primary miRNA transcripts in a time course of four days (Figure
3.2C). We found that the average primary transcript expression was slightly increased
over time; however, primary miR-210 showed a striking induction of over 30-fold in the
four day time course. Therefore, at increasing time points, and potentially as the density

of the wells is increased, miR-210 levels are dramatically raised.

To more directly test the effects of cell density on miR-210, we plated a 10-fold
dilution series of HCT-116 cells and assayed miR-210 expression after 48 h of culture.
We found that pri-miR-210 expression showed a strong increase in higher density
cultures, while the expression of the control miRNA pri-miR-15a/16-1 did not change

(Figure 3.2D). Together, these experiments demonstrate a strong correlation in cell
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density and miR-210 expression in HCT-116 cells. We expanded these experiments to
293T and non-transformed IMR-90 cells, and determined the relationship between cells
number and miR-210 expression. Samples with higher cell density showed a strong
increase in pri-miR-210 expression (Figure 3.3A-B), indicating that the induction of
miR-210 is not cell line dependent. However, HCT-116, 293T, and IMR-90 are all
adherent cell lines. We thus also performed our analysis on a suspension cell line in order
to address whether cell adhesion is required for miR-210 induction. In the acute
monocytic leukemia cell line, THP-1, we found a strong increase in primary miR-210 in
higher density cultures (Figure 3.3C), which indicated that the response is independent

of cell adhesion.

We next investigated the mechanism of the rapid induction of miR-210. The
regulation of miR-210 has been investigated in depth under hypoxic settings, in which
HIF-1a and in some cell lines, EPAS-1 (known as HIF-2a), induces miR-210 (2-4). Yet
the mechanism of miR-210 activation under normoxic settings, in which HIF-1/2 a is
thought to be rapidly degraded, has not been investigated. One possibility to explain the
induction is that a soluble factor could be mediating the upregulation of miR-210.
However, when conditioned media from either high or low density cells was applied to
recipient cells for 24 h (Figure 3.4A), miR-210 expression was not altered by application
of conditioned media from high density cells. The miR-210 levels of the recipient cells
were entirely dependent on the density in which they had been seeded (Figure 3.4). We
conducted additional experiments in which the length of incubation with conditioned

media was extended to 72 h, and again observed no changes in miR-210 (data not shown).
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Together, these experiments suggest that miR-210 induction is not mediated by a soluble

factor.

We thus re-focused our attention on the HIF transcription factors to determine
whether stabilization of these proteins in high-density culture may explain the induction
of miR-210. Previous studies have demonstrated that confluent cultures yield areas of
localized hypoxia that can activate HIF-1a transcriptional activity (18), but the potential
effects on miR-210 have not been examined. We used siRNAs against HIF-1a and
EPAS-1 (HIF-2a) individually and in combination with one another to suppress HIF
expression in HCT-116 cells. The transfected cells were split into low and high density
plates 6 h post transfection, and then assayed two days later to determine if suppression
of these factors abrogated the induction seen in high density cells. To confirm that our
suppression of HIF-1a and HIF-2a was functionally effective, we used qRT-PCR to
assay the expression of the C4A9 and BNIP3 transcripts, which are well-characterized
transcriptional targets of the HIF family. Both C49 and BNIP3 showed strong induction
in the high-density cells treated with non-targeting siRNAs (Figure 3.5C-D), indicating
that HIF proteins are stabilized in the high-density samples. When HIF-1a was
suppressed with siRNAs, however, the induction of CA9 and BNIP3 was reduced by
approximately two-fold. In this cell line, suppression of EPAS-1 (HIF-2a) did not
significantly alter the expression of these targets, which is consistent with previous
reports showing HIF-1a to be the primary form expressed in epithelial cells. We next
examined the effects of HIF suppression on miR-210: We found that suppression of HIF-
la decreased the induction of both primary and mature miR-210 in the high-density

plates by approximately 40-50% (Figures 3.5A-B). Suppression of both HIF-1a and
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HIF-2a did not further block induction of pri-miR-210. Therefore, in HCT-116 cells,
HIF-1a appears to serve as the dominant driver of miR-210 induction in high density

cultures.

Discussion

We have found that miR-210 displays robust induction in response to increased
cell density. Our results demonstrate that increased cell confluency, even in cases of
fairly sparse cultures, creates localized microenvironments sufficient for HIF-1a
activation of miR-210. Thus, miR-210 appears to act as a highly sensitive indicator of
altered oxygen levels, although we cannot exclude that HIF-1a is stabilized via an
additional, oxygen-independent mechanism. While this is the first demonstration of the
induction of miR-210 in high density cultures, the HIF proteins have previously been
shown to be stabilized by increased cell confluency. In MDA-MD-231 breast cancer cells,
increasing cell density led to accumulation of the HIF-1a protein and increased
transcriptional activity; Interestingly, shaking of the cultured cells abrogated the
induction, likely as a result of the disruption of the oxygen gradient of the pericellular
environment (18). The mechanism of HIF-1a activation remains a controversial topic.
Previous studies have come to contrasting conclusions regarding the importance of
soluble factors in mediating HIF activation. While one study has reported conditioned
media is sufficient for the stabilization of HIF-1a (18), we did not observe miR-210
induction in response to the application of conditioned media from dense cultures; rather,
we found the induction to be largely dependent upon HIF-1a levels, although we cannot

rule out that additional factors may also be involved.
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The impact of HIF induction of miR-210 in response to high cell density remains
an open question. We hypothesize miR-210 upregulation may have substantial effects on
the chemosensitivity of cancer cells. Poor drug penetrance of densely packed cancer cells
is considered a major impediment of successful chemotherapy (19,20). In vitro,
confluence-mediated resistance to chemotherapy has been described in murine and
human mammary cells and colon cancer cells (18,21-23). Additionally, suppression of
HIF-1a has been shown to increase the chemosensitivity of high-density cultures (18),
which suggests that downstream effectors of HIF may play important roles in cancer cell
survival. MicroRNA-210 has been shown to regulate cell death and proliferation in
response to hypoxia; therefore, future work is needed to address the contributions of miR-

210 in mediating confluence-dependent chemoresistance.

Finally, these studies reveal a new mechanism of density-dependent miRNA
regulation. While a previous report described global increases in the processing of
miRNAs in response to increased cell confluency (17), we have discovered an
independent mechanism of activation that is specific to a single miRNA. The unique
induction of primary-miR-210 transcription emphasizes that cell confluency must be
monitored to avoid potential misinterpretations of the mechanisms of miR-210
differential expression. Additionally, these studies suggest that in addition to serving as a
sensor for hypoxic areas within tissues, miR-210 displays rapid activation within
localized areas of high concentrations of cells. The tumor microenvironment features
gradients in oxygen availability and cell density. Thus, our studies predict that miR-210
may exert a larger impact within the heterogeneous tumor environment than has been

previously suggested.
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Figure 3.1. MicroRNA-210 is abundantly expressed in cancer cell lines.

Bars depict the copies of miR-210 per ng RNA used as input for qRT-PCR with Tagman
assays. Cell lines cultured under normoxic conditions all featured readily detectable
levels of miR-210, although the expression levels varied approximately 10-fold across
our panel of cell lines.
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Figure 3.2. miR-210 is induced with increasing cell density.

(A) qRT-PCR was used to quantify mature miRNA expression in HCT-116 cells at
increasing time points post seeding. Bars represent the average expression of miR-210
and miR-15a in duplicate samples +/- SD. (B) Average expression of primary miRNA
transcripts in the samples from (A) as determined by gqRT-PCR. (C) The expression of
primary miRNA transcripts were profiled by qRT-PCR at increasing time points post cell
plating. The boxplots show the expression of 48 primary transcripts relative to their
expression at the earliest time point. MicroRNA-210 shows dramatic induction over time,
and appears as a distant outlier compared to the other miRNAs. (D) Primary miRNA
levels in HCT-116 cells were plated at increasingly cell densities and lysed 48 hours post
seeding. qRT-PCR PCR was used to assess the expression of pri-miR-210 in addition to a
control miRNA, pri-miR-15a/-16-1.
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Figure 3.3. miR-210 levels are elevated with increasing cell density in a panel of
adherent and non-adherent cell lines.

qRT-PCR was used to assay primary miR-210 levels 48 h post-seeding of increasing
number of (A) 293T cells, (B) IMR-90 non-transformed lung fibroblasts, or (C) the non-
adherent THP-1 monocytic leukemia cell line.
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Figure 3.4. miR-210 induction at high cell densities is not mediated by a soluble
factor.

(A) Scheme of media swap experiment. The conditioned media from donor cells plated
at high or low density 24 h before media removal was added to recipient plates of varying
densities. (B) Confirmation of high levels of miR-210 in the high density donor cells at
the time of media harvesting. (C) Relative expression of pri-miR-210 in the recipient
cells treated with the conditioned media from low or high density donor cells. (D)
Relative expression of pri-miR-15a/16 in the recipient cells. MicroRNA-15a/16-1 was
used as a control miRNA not induced by cell density.
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Figure 3.5. Suppression of HIF-1a abrogates induction of miR-210 and additional
HIF targets in high-density cultures.

HCT-116 cells were treated with non-targeting siRNAs (siNT), or siRNAs against HIF-
la, HIF-2a (EPAS-1), or a combination of both HIF siRNAs. After transfection, the cells
were split into high and low density wells and assayed by qRT-PCR for changes in gene
and miRNA expression. Bars represent average values of biological replicates +/- SD.
(A) Relative expression of primary miR-210 following HIF knockdown. (B) Levels of
mature miR-210. (C) Induction of carbonic anhydrase IX, a known target of HIF-1a, in
response to high cell density is reduced by the suppression of HIF-1a. (D) Induction of
the HIF target BNIP3 is also decreased following HIF-1a suppression.
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Chapter 4

Post-transcriptional generation of miRNA variants by multiple
nucleotidyl transferases contributes to miRNA transcriptome
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Abstract

Modification of microRNA sequences by the 3' addition of nucleotides to
generate so-called “isomiRs” adds to the complexity of miRNA function, with recent
reports showing that 3' modifications can influence miRNA stability and efficiency of
target repression. Here we show that the 3' modification of miRNAs is a physiological
and common post-transcriptional event that shows selectivity for specific miRNAs and is
observed across species ranging from C. elegans to human. The modifications result
predominantly from adenylation and uridylation, and are seen across tissue types, disease
states, and developmental stages. To quantitatively profile 3' nucleotide additions, we
developed and validated a novel assay based on NanoString Technologies' nCounter
platform. For certain miRNAs, the frequency of modification was altered by processes
such as cell differentiation, indicating that 3' modification is a biologically regulated
process. To investigate the mechanism of 3' nucleotide additions, we used RNA
interference to screen a panel of eight candidate miRNA nucleotidyl transferases for 3'
miRNA modification activity in human cells. Multiple enzymes, including MTPAP,
PAPD4, PAPDS5, ZCCHC6, ZCCHCI11, and TUT1, were found to govern 3' nucleotide
addition to miRNAs in a miRNA-specific manner. Three of these enzymes—MTPAP,
ZCCHC6 and TUT1-have not previously been known to modify miRNAs. Collectively,
our results indicate that 3' modification observed in next generation small RNA
sequencing data is a biologically relevant process, and identify enzymatic mechanisms

that may lead to new approaches for modulating miRNA activity in vivo.
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Introduction

MicroRNAs (miRNAs) are small non-coding RNAs that play a regulatory role in
gene function by binding to the 3' untranslated region (UTR) of target mRNAs. Although
the biogenesis and turnover of miRNAs has been the subject of much recent study (1,2),
mechanisms of post-transcriptional regulation of mature miRNAs are still not well
understood. A few recent reports have suggested that post-transcriptional addition of
nucleotides to the 3' end of miRNAs is a mechanism for regulation of miRNA activity.
Studies in plants and C. elegans have identified examples in which such modifications
influence miRNA stability (2-5). In humans, effects on miRNA stability and on mRNA
target repression have both been observed for specific miRNAs. For example, miR-122
was shown to be adenylated by the RNA nucleotidyl transferase PAPD4 (also known as
GLD-2) in humans and mice, resulting in an increase in the stability of the miRNA (6). In
contrast, miR-26a was shown to be uridylated by the RNA nucleotidyl transferase
ZCCHCI11, which had no effect on miRNA stability but rather reduced the ability of
miR-26a to inhibit its mRNA target (7). Taken together, these studies indicate that
understanding the prevalence and mechanisms of miRNA 3' nucleotide additions will be
important for understanding the post-transcriptional regulation of miRNA function, and
could also inform strategies for therapeutic modulation of miRNA activity.

We and others have observed additions of nucleotides to the 3' end of miRNAs on
a global scale in animal miRNA high-throughput sequencing studies (8-14). For example,
in our own high-throughput sequencing of small RNAs from human embryonic stem cells
(hESC) and ovarian cancers (9,10), we noticed substantial sequence variation at the 3'

end of the known miRNAs, frequently manifesting as nucleotide additions not matching
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the human genome sequence (i.e., 3' non-templated additions (3' NTA)). However, it was
not clear to what extent these were artifacts of cDNA library preparation as opposed to
physiologic nucleotide additions. More recently, such miRNA variants resulting from 3'
NTA (so-called “isomiRs”) have been described in more detail in small RNA next
generation sequencing studies in humans, mice, and flies (15-28). In one recent study
(19), the enzyme PAPD4 was implicated as a miRNA nucleotidyl transferase, based on
the finding that PAPD4 knockdown led to a decrease in the abundance of multiple
miRNA variants bearing a non-templated 3' adenosine. However, not all miRNA variants
were affected and the extent of reduction was highly variable across miRNAs, suggesting
that other enzymes may also be responsible for miRNA additions. Thus, the mechanisms
of 3' nucleotide additions on a global scale are still not well understood, even though the
biological impact of such post-transcriptional modifications may be substantial.

In the present study, we systematically tested the extent to which miRNA 3' NTA
observed in sequencing datasets are physiologic additions versus artifacts of cDNA
library preparation, and analyzed the additions on a global scale using multiple second
generation sequencing (i.e., 454 and Illumina) datasets in human (9,10,29,30), mouse
(31), and C. elegans (32). To further investigate the 3' end additions using an orthogonal
platform ideally suited for quantitative analysis and high-throughput processing of
samples, we adapted the nCounter Gene Expression Assay from NanoString
Technologies (33) to discriminate between and provide quantitative expression profiles of
miRNA 3' variants. The nCounter assay involves the hybridization of fluorescently-
labeled, barcoded probes to the miRNAs of interest, which are then scanned and counted

to quantify miRNA expression. We used the nCounter assay to profile 3' end nucleotide
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additions during cell differentiation, which revealed that specific miRNAs undergo a
change in 3' NTA with differentiation, suggesting that 3' NTA is a physiologically
regulated process. We also conducted a systematic siRNA-based knockdown screen of
RNA nucleotidyl transferases, using the nCounter assay as a readout, which identified
multiple enzymes responsible for miRNA 3' additions in human cells. Our results
demonstrate the prevalence and mechanism of miRNA additions in humans, and
introduce a new platform capable of quantitatively profiling miRNA 3' NTA variants

across a variety of biological samples.

Methods

Preparation of samples and library construction.

Preparation and sequencing of the cDNA libraries corresponding to the synthetic miRNA
pool and normal prostate tissue small RNAs in this paper has already been described
(29,30). Briefly, 473 human and 40 non-human miRNAs (4 A4. thaliana, 26 C. elegans,
and 10 O. sativa) were synthesized and pooled at equal concentrations of 2.14 nM to
generate a synthetic miRNA library (29). The 40 non-human miRNAs at varying
concentrations (50 nM to 190.7 fM) were 5’ phosphorylated by T4 polynucleotide kinase
(Invitrogen) and spiked with radiolabeled 18-24 nt markers and gel purified. The
resulting synthetic pools were spiked into normal prostate RNA derived from two
individuals and the 18-24 nt fraction was gel purified. Normal prostate RNA was from
histologically-confirmed normal prostate tissue obtained with informed consent under
IRB supervision at the time of radical prostatectomy for clinically localized prostate

cancer. Linker ligation and amplification of both the synthetic miRNA pool and prostate
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RNA samples were performed as described in (34). Small RNA cDNA libraries were
sequenced on the Genome Analyzer (Illumina) according to the manufacturer’s
instructions. Small RNA ¢cDNA libraries for 454 sequencing from cultured prostate
epithelial and stromal cells were generated as described previously (9). RNA from
prostate epithelial cell and prostate stromal cell cultures was a generous gift from B.
Knudsen. Small RNA cDNA libraries were sequenced on the 454 platform according to

the manufacturer’s instructions.

Processing of the sequencing data

Processing of the sequencing data was performed using a set of custom bioinformatics
scripts (detailed in Supplemental Methods). Briefly, sequence reads were pruned of any
relevant linker sequences and then compared to canonical miRNA sequences from
miRBase (35-37). Any reads that exactly matched the canonical miRNA sequence (with
or without additional nucleotides) contributed to the total matching reads (TMR) count
and any with additional 3' nucleotides that did not match the precursor sequence

contributed to the non-templated addition (NTA) count.

NanoString nCounter miRNA assay

Total RNA or synthetic miRNA pools (IDT; 30 pmol per oligonucleotide) were used as
input for nCounter miRNA sample preparation reactions. All sample preparation was
performed according to manufacturer’s instructions with the following exception: for
assays examining end-variant expression, nCounter Human miRNA Tag Reagent (which

contains a mixture of tags and bridges, see Figure 4.5) was replaced with a custom
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reagent containing the same nCounter Human miRNA tags mixed with a novel pool of
bridge oligos, each designed to template the ligation of a particular 3' end variant to a
specific tag (3' end variants are given in Supplemental Table S6). Two such pools were
generated; only one variant for each miRNA was present in each pool, and the variants of
a given miRNA species were always ligated to the same tag. Following ligation, sample
preparation reactions were purified and diluted according to manufacturer’s instructions.
Hybridization reactions were performed according to manufacturer’s instructions with 5
ul of the 5-fold diluted sample preparation reaction. All hybridization reactions were
incubated at 65°C for a minimum of 18 h. Hybridized probes were purified and counted
on the nCounter Prep Station and Digital Analyzer (NanoString) following the
manufacturer’s instructions. For each assay, a high-density scan (600 fields of view) was

performed.

NanoString nCounter miRNA data analysis

For platform validation using synthetic oligonucleotides, NanoString nCounter miRNA
raw data was normalized for lane-to lane variation with a dilution series of six spike-in
positive controls. The sum of the six positive controls for a given lane was divided by the
average sum across lanes to yield a normalization factor, which was then multiplied by
the raw counts in each lane to give normalized values. The normalized counts for the
synthetic oligonucleotide mixtures (canonical or variant) in each of the three bridge pools
were used to determine the specificity of the assays. To assess accuracy, the relative
abundance of the canonical, V1 and V2 counts for each miRNA in a mixture of five

canonical miRNAs and their 3' variants (containing 60% canonical, 30% variant 1, 10%
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variant 2) was determined. To assess the linear range of the assays, pools of the
canonical, variant 1, or variant 2 RNA oligonucleotides were generated and diluted to
yield three six-point standard curves. We assayed the ability of the three bridge pools to
detect miRNA inputs ranging from 10° to 10® copies per reaction.

For the hESC and the nucleotidyl transferase knockdown datasets, NanoString
nCounter miRNA raw data was normalized for lane-to-lane variation with a dilution
series of six spike-in positive controls using the vsn R package (38). Using vsn, each
lane of nCounter data is calibrated by an affine transformation, and then the data is
transformed by a variance-stabilizing transformation. Once normalized, the data were
filtered (described in detail for each dataset below), and then relative abundances of the
canonical, V1 and V2 counts for each miRNA were calculated, representing the fraction
of the total abundance that each of the three sequences contributed. Results from assays
corresponding to four miRNAs were filtered out universally because of intrinsically high
background (miR-16, miR-192 and miR-196a), or in one case because the assay design
precluded distinguishing between two miRNA family members (miR-20a assay).

For the H1 hESC data, we had two biological replicates each for canonical, V1,
and V2 for the undifferentiated hESC and the differentiated hESC. Using the averaged
two lanes, the data were filtered to require a miRNA to have at least 50 counts in two of
the three bridge pools (canonical, V1, or V2) for both the undifferentiated and the
differentiated hESC sample. Ten miRNAs met these criteria. Differential addition of
nucleotides was calculated based on differences in fractional abundance of the variants.
P-values were calculated for each miRNA between the undifferentiated and differentiated

samples using the biological replicates.
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For the nucleotidyl transferase knockdown data, we had four biological replicates
of our negative control (siCyclophilin) and two replicates of the nucleotidyl transferases
knockdowns for each of the canonical, V1 and V2 lanes assayed. The data were filtered
based on counts in the four siCyclophilin samples. If a miRNA had at least 50 counts in
two of three assays (canonical, variant 1 or variant 2) for all four samples, it was retained.
The counts were then converted to relative percentages of the canonical, variant 1 and
variant 2 sequences. Relative percentages were compared between each of the
knockdown samples (averaged across two lanes) and the four siCyclophilin lanes
(averaged across four lanes). P-values were calculated for each miRNA comparing
canonical, V1 and V2 results from the negative control siCyclophilin samples to the
nucleotidyl transferase knockdown samples. The false discovery rate (FDR) was

determined by the Benjamini-Hochberg method using the multtest R package (39,40).

RNA for stem cell differentiation experiment

RNA used was from undifferentiated H1 human embryonic stem cells, or from plates of
HI cells allowed to spontaneously differentiate (i.e., in a non-directed manner) for 7 or 9
days after the removal of fibroblast growth factor. The RNAs corresponded to aliquots
from our earlier study in which the culture of the cells and RNA isolation was performed
(9). 100 ng of RNA was used as input into the sample preparation reaction for the
NanoString nCounter assay. Two biological replicates of undifferentiated and

differentiated cells were run.

Cell culture, siRNA transfection, RNA isolation, and qRT-PCR
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HCT-116 cells were maintained in McCoy’s media (Gibco) with 10% FBS (Atlanta
Biologicals Inc). Transfections were performed with Lipofectamine RNAiMax
(Invitrogen) and 30 nM of ON-TARGETplus SMARTpool siRNAs (Dharmacon)
directed against each enzyme of interest or the negative control gene, Cyclophilin B.
Duplicate transfections for each enzyme knockdown, and quadruplicate transfections of
siCyclophilin were performed. RNA was isolated with the miRNeasy RNA isolation kit
(Qiagen) 72 hours post-transfection. cDNA was synthesized using the High Capacity
cDNA Reverse Transcription Kit (Applied Biosystems). Expression analysis via qRT-
PCR was performed with Tagman gene expression assays (Applied Biosystems), using
expression of GUSB to normalize for variations in RNA input. 400 ng of RNA was used

as input into the sample prep reaction for the NanoString nCounter assay.

Results

MicroRNA 3' non-templated nucleotide additions observed in next generation
sequencing data are a physiologic phenomenon. We sought to determine the extent to
which non-templated 3' addition of nucleotides to miRNAs observed in next generation
small RNA sequencing datasets is a physiologic, in vivo phenomenon, as opposed to an
artifact introduced during cDNA library preparation. We analyzed data from small RNA
cDNA libraries prepared side-by-side and in triplicate from normal human prostate tissue
RNA (30), and from a pool of 473 chemically synthesized human miRNAs (29), in order
to compare 3' NTA frequency between the physiologically-derived versus chemically
synthesized miRNAs (Figure 4.1A). Each of the libraries also had 40 non-human

chemically synthesized miRNAs spiked in (listed in Supplemental Methods), with the
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expectation that if miRNA nucleotide addition were an artifact of cDNA library
preparation, the spiked-in synthetic miRNAs would undergo additions in both sets of
libraries. Sequencing on the Illumina Genome Analyzer platform produced 4,946,602
high-quality reads from the triplicate synthetic miRNA library and 9,417,361 high-quality
reads from the triplicate prostate library, which were then analyzed for 3' NTA using
custom bioinformatics tools (details provided in Supplemental Methods).

We compared the synthetic miRNA sequencing data to the prostate tissue
sequencing data, analyzing a set of 167 miRNAs that were shared between the two
datasets and that passed filtering based on read abundance and inter-replicate variance
criteria for these miRNAs (see Supplemental Methods for additional detail). For this set
of 167 miRNAs, we calculated total matching reads (TMR) and percent non-templated
nucleotide additions (%NTA) for each miRNA in both datasets. TMR is the sum of: (i)
all reads that exactly match the canonical miRNA sequence from miRBase (35-37), plus
(i1) any matching reads that have nucleotide additions, regardless of whether those
additions are templated (i.e., match the human genome sequence and miRNA precursor
sequence) or non-templated (i.e., do not match the human genome sequence and miRNA
precursor sequence). %NTA is the fraction of TMR that has 3' nucleotide additions that
do not match the precursor sequence of the miRNA (hence counting only non-templated
3' additions). We consider only non-templated additions here because our interest is in
unambiguous identification of post-transcriptional modifications to mature miRNAs.

Figure 4.1B depicts the %NTA for the 167 shared, abundant miRNAs sorted by
increasing %NTA in the prostate sequencing dataset. We observed a dramatic difference

in the %NTA between the prostate tissue versus the chemically synthesized miRNA
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datasets, with the synthetic miRNAs only rarely demonstrating nucleotide additions,
while over half of the prostate miRNAs examined had some extent of 3' NTA. Notably,
none of the 40 spiked-in synthetic non-human miRNAs showed any evidence of 3'
additions in either the prostate or chemically synthesized miRNA datasets (Figure 4.1B).
These data demonstrate that miRNA 3' non-templated nucleotide additions are
predominantly a physiologic, in vivo process. In addition, we found no evidence of a
relationship between miRNA abundance and the frequency of non-templated nucleotide
addition (Supplemental Fig. S1), also consistent with additions being a physiologic

process rather than an artifact of library preparation.

Survey of miRNA 3' NTA in multiple next generation sequencing datasets
representing diverse tissue types and species. To more broadly characterize miRNA 3'
NTA, we obtained and analyzed small RNA sequencing datasets representing a diverse
set of tissues, disease states, and developmental stages (Supplemental Table S1). These
included cultures of normal human ovarian surface epithelial (HOSE) cells and tissue
from three histological subtypes of ovarian cancer (10); two prostate primary cell culture
samples, one epithelial and one stromal; and undifferentiated and differentiated human
embryonic stem cells (9). To assess the nature of miRNA 3' NTA across diverse species,
we also examined miRNA 3' NTA in publicly available Illumina sequencing datasets
from M. musculus (31) and C. elegans (32). For mouse, this consisted of 11 mouse
cerebellum and medulloblastoma sequencing datasets representing diverse developmental
stages, cell populations and genotypes. For C. elegans, we examined 12 small RNA

sequencing datasets representing different developmental stages and genotypes. A
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complete list of all sequencing datasets and the dataset identifiers used in this manuscript

is given in Supplemental Table S1. Results of these analyses are presented below.

Nucleotide addition is miRNA specific. Analysis of miRNA sequencing datasets
demonstrated that although 3' NTA occurs commonly, it is not universal and shows a
strong predilection for specific miRNAs over others. In Figure 4.2A, histograms for
three individual human datasets show that certain miRNAs have a very high frequency of
additions (%NTA), while the majority of miRNAs are modified at a low frequency, if at
all (histograms for six additional human datasets are shown in Supplemental Fig. S2A).
A similar distribution of frequencies was observed when we analyzed 11 mouse
cerebellum and medulloblastoma sequencing datasets representing several developmental
stages and genotypes. The histogram for one of the 11 datasets analyzed is shown in
Figure 4.2B and histograms for the other 10 are shown in Supplemental Fig. S2B. We
also examined 12 C. elegans small RNA sequencing datasets representing different
developmental stages and genotypes. In C. elegans, the overall frequency of 3' NTA
observed was less than in human and mouse, but showed a similar distribution across
sequencing datasets from seven developmental stages and multiple genotypes in which
certain miRNAs show a high frequency of modification whereas the majority of miRNAs
are infrequently or never modified. A representative histogram of miRNA %NTA for the
L1 stage of C. elegans larval development is shown in Figure 4.2C, with histograms for
all 12 datasets shown in Supplemental Fig. S2C.

To determine whether there are some miRNAs that consistently show a high

degree of 3' NTA or consistently show an absence of it, we compared the %NTA of
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miRNAs across nine human sequencing datasets from different cell lines, tissues, and
disease states (Supplemental Table S1, datasets h1-h9). A set of 73 miRNAs was
detected with 40 or more reads in at least five of the nine datasets. Among the set of 73,
we observed that certain miRNAs are consistently frequently modified across diverse
tissue and cell types, while others are consistently rarely modified. A boxplot of %NTA
for the 10 most and 10 least modified of these 73 miRNAs is shown in Figure 4.3A. The
10 miRNAs which are most often highly modified in our human sequencing datasets are
miR-100, -146a, -151-3p, -143, -331-3p, -23b, -24, -222, -199a-3p, -1308.
Supplemental Table S2 gives the total matching reads (TMR) and %NTA for all
miRNAs in each of these nine datasets.

In mouse, there was a set of 81 miRNAs detected at 40 or more reads in at least
five of the 11 sequencing datasets. The %NTA boxplot for the 10 most and 10 least
modified of these 81 miRNAs is shown in Figure 4.3B. As observed in the human
datasets, specific murine miRNAs were consistently highly modified across different
biological samples. These miRNAs were only infrequently the mouse homologs of the
most frequently modified human miRNAs, although this could be related to the
expression of different sets of miRNAs between the mouse and human datasets analyzed.
The TMR and %NTA for all miRNAs in each of the 11 mouse datasets is given in
Supplemental Table S3. In C. elegans, we again saw that particular miRNAs were
consistently among the most frequently modified miRNAs across developmental stages,
as shown by the boxplot in Figure 4.3C. Supplemental Table S4 gives the TMR and

%NTA for all miRNAs in each of the 12 C. elegans datasets.
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3' NTA is predominantly the result of adenylation and uridylation in human, mouse
and C. elegans. We next assessed specifically which nucleotides were added to generate
3' NTA miRNA variants. The fractional contribution of each type of addition (A, U, G, C
and >1 nt) was calculated for each miRNA, and then averaged over all the miRNAs
detected at an abundance of at least 10 reads in each dataset. Figure 4.4 shows the
distribution of nucleotide additions across the nine human sequencing datasets. We found
that mono-adenylation (blue) or mono-uridylation (red) were by far the most common
type of 3' NTA. To illustrate the distribution of additions on a per-miRNA basis, the
complete list of nucleotide additions for abundant miRNAs (defined as 20 or more reads)
in the normal prostate tissue sequencing dataset is given in Supplemental Table S5.
Throughout the nine human datasets examined, the distribution of added nucleotides was
remarkably uniform, with mono-adenylation typically accounting for approximately 50%

of 3' NTA and mono-uridylation for approximately 25% of 3' NTA.

In mouse, we observed a similar distribution of predominant mono-adenylation
and mono-uridylation (Supplemental Fig. S3A). In four of the mouse cerebellum
sequencing datasets, however, an increased prevalence of the addition of a single guanine
was observed (Supplemental Fig. S3A, datasets m3-m6 in Supplemental Table S1).
These datasets were from specific mouse embryonic developmental stages (which were
not represented in the human datasets) and were largely accounted for by three miRNAs
(mmu-miR-16, mmu-miR-103 and mmu-miR-181a) that, although they were observed
have an added guanine, had a low overall %NTA. Nonetheless, the results raise the

possibility that although adenylation and uridylation are the most common modes of 3'
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NTA, in specific contexts and for specific miRNAs additional types of 3' NTA may be
activated, perhaps with different biological consequences. Across a panel of mouse
tissues, Chiang et al. reported finding uridine to be the mostly commonly added
nucleotide (21), which was calculated by summing all the reads with added nucleotides
for each of the four individual nucleotides for a// of the miRNAs, and then calculating the
percent from the sum. When the fractions of added nucleotides for the Chiang et al.
manuscript are re-calculated using our method described above, we found that adenosine
is the most frequently added nucleotide for the mouse brain sequencing datasets of
Chiang et al.

In small RNA sequencing datasets corresponding to diverse developmental stages
of C. elegans, we again observed mono-adenylation and mono-uridylation to be the most
common forms of 3' NTA (Supplemental Fig. S3B). Interestingly, however, the
predominant form of modification in C. elegans was mono-uridylation (~40%) followed
by mono-adenylation (~25%) compared to primarily mono-adenylation (~40-50%) and
secondly mono-uridylation (~25%) in human and mouse (Supplemental Fig. S3A,B,
Figure 4.4). This suggests that although we found miRNA 3' nucleotide addition to be an
evolutionarily conserved phenomenon, the degree to which specific mechanisms such as
adenylation and uridylation are employed for generating 3' miRNA variants may differ

depending upon the species.

Development of a quantitative platform to profile relative abundance of miRNA
variants resulting from 3' nucleotide additions. In order to profile 3' non-templated

nucleotide additions to miRNAs in a more quantitative and high-throughput manner than
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is currently practical by next generation sequencing, we developed a novel version of
NanoString’s nCounter miRNA Expression Assay. NanoString’s hybridization-based
technology uses color-coded, fluorescently labeled probe pairs to barcode selected target
molecules, which are then scanned and counted (33). The complexity of the barcodes,
each containing one of four colors in each of six positions, allows a large diversity of
target molecules present in the same sample to be individually distinguished during data
collection. The NanoString miRNA assay uses an additional sample processing step to
allow the detection of small RNAs (Figure 4.5A). Preparation of the small RNA samples
involves the ligation of a specific DNA tag onto the 3' end of each mature miRNA; these
tags are designed to normalize the melting temperatures of the targeted miRNA as well as
to provide a unique identification for each miRNA species in the sample. Tagging is
accomplished in a multiplexed ligation reaction using reverse-complement bridge
oligonucleotides to direct the ligation of each miRNA to its designated tag. Following
the ligation reaction, excess tags and bridges are removed, and the resulting material is
hybridized with a panel of miRNA:tag-specific nCounter capture and barcoded reporter
probes (Figure 4.5B). Following purification, each captured barcode is counted and
tabulated in the nCounter assay (33).

The standard nCounter miRNA assay detects only those miRNAs with canonical
3' ends, as the tag ligation is a 3' end-specific event. We modified the standard assay to be
able to measure two 3' variants each (arbitrarily designated variant 1 and variant 2). To
measure the miRNA variants, we created pools of bridges that direct the tagging of the
variant miRNA to the same tag as the canonical miRNA. Each sample is split in three and

assayed separately with the canonical bridge pool, the variant 1 pool, and the variant 2
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pool. By labeling each 3' variant of a given miRNA species with the same tag in three
parallel assays, we eliminate any potential tag-to-tag variation and ensure a direct
comparison of the relative levels of each miRNA variant. A titration of six synthetic
miRNA spike-ins is used in each assay as a control for assay-to-assay variation.

In initial pilot studies, we assayed a set of five synthetic miRNAs (miR-15a, miR-
15b, miR-125a-5p, miR-143 and miR-221) and two variants for each miRNA. We
validated the specificity of the platform by assaying three pools of synthetic RNA
oligonucleotides representing canonical, variant 1, and variant 2 versions of our five pilot
miRNAs (Figure 4.5C). Each bridge pool (i.e., specific to canonical, variant 1 or variant
2) was used to assay the three mixtures of synthetic miRNA oligonucleotides (Figure
4.5C). We found that each bridge pool distinguished the miRNA species of interest with
high specificity, with minimal background detection of the other variants.

In order to assess accuracy, we also assayed mixtures of synthetic miRNAs
containing 60% canonical miRNA, 30% variant 1, and 10% variant 2 for the set of five
miRNAs. In four of the five cases, the ratios of canonical to variant miRNAs observed in
the assay matched closely the known composition of the synthetic mixtures (Figure
4.5D). Finally, to determine the linear range of the platform, we generated six-point
standard curves for miR-15a and its two 3’ variants. Each standard curve was assayed in
its respective bridge pool, with between 1x10° and 1x10® input copies of miRNA per
reaction (Figure 4.5E). We found that all three assays (canonical, variant 1, and variant
2) yielded a strong, linear response to increases in concentration across our entire range
of input values. These pilot studies demonstrate that the nCounter miRNA 3' variant

assay provides a quantitative platform for studying miRNA 3' NTA.
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Following our pilot experiments, we expanded the bridge pools to assay a set of
132 human miRNAs. The list of 132 miRNAs and their corresponding variants chosen
for assay development is given in Supplemental Table S6. The miRNAs were chosen on
the basis of showing an appreciable frequency of 3' NTA in our next generation small
RNA sequencing datasets from human samples (h1-h9, Supplemental Table S1), as well
as several miRNAs of special biological interest because of disease association or tissue
specificity. The specific 3' NTA variants for analysis were chosen largely on the basis of
being the most common variants for specific miRNAs observed in the human small RNA

sequencing datasets.

The frequency of 3' NTA to specific miRNAs changes with differentiation of human
embryonic stem cells, suggesting that post-transcriptional nucleotide addition is a
physiologically regulated process in humans. To investigate whether miRNA 3'
additions are a physiologically regulated process, we determined whether the frequency
of miRNA 3' NTA varies with a change in biological state, using differentiation of
embryonic stem cells as a model system. We employed the NanoString nCounter assay to
profile 3' NTA in undifferentiated Hl human embryonic stem cells versus spontaneously
differentiated cells derived from the same cell line. To ensure that we restricted our
analysis to miRNAs and miRNA variants for which robust measurements were available,
we filtered the data to consider only the miRNAs for which at least 50 counts were
reliably obtained in at least two out of three bridge pools (i.e., canonical, variant 1, or
variant 2) in both of the datasets (i.e., the undifferentiated and differentiated hESC

datasets). This comprised 10 miRNAs and their corresponding variants (given in
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Supplemental Table S7). We found that the fractional abundance of five miRNA
variants changed significantly after differentiation (p< 0.05 in at least one variant assay
for a given miRNA) (Supplemental Table S7). Depending on the specific miRNA, cell
differentiation could be associated with either an increase or a decrease in variant
abundance. The two most marked examples were miR-1246 (differentiation was
associated with a significant increase in the fractional abundance of one of the variants
and decrease in that of the canonical sequence; Figure 4.6A) and miR-455-3p
(differentiation was associated with a decrease in fractional abundance of both the
variants and an increase in that of the canonical sequence; Figure 4.6B). These results
suggest that non-templated nucleotide additions to different miRNAs could be mediated
by unique mechanisms. More importantly, our results demonstrate that miRNA 3'
additions in human cells are dynamic and can vary in response to biological stimuli,

indicating that 3' NTA is a physiologically regulated process.

Identification of nucleotidyl transferases responsible for miRNA 3' NTA. Previous
studies have suggested that members of the RNA nucleotidyl transferase family,
including PAPD4, PAPDS, and ZCCHC11, can mediate miRNA 3' additions in humans
(6,7,19). However, RNA nucleotidyl transferases comprise a much larger family of
enzymes, and the existing data on these three enzymes do not fully account for the
widespread 3' NTA of miRNAs observed on a genomic scale. We hypothesized that
additional nucleotidyl transferases are involved in mediating miRNA 3' non-templated
nucleotide additions, and that even for PAPD4, PAPDS, and ZCCHC11 additional

miRNA substrates may exist beyond ones that have been identified to date. To
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understand the mechanism of 3' NTA to a range of different miRNAs, we used RNA
interference to individually suppress expression of eight different nucleotidyl transferases
in HCT-116 colon cancer cells, followed by quantitative analysis of canonical and variant
miRNAs using the nCounter miRNA variant analysis platform developed above. These
eight candidate miRNA 3' modifying enzymes represent all but four of the 12 known
RNA nucleotidyl transferases in humans (41). These specific enzymes were chosen based
on a high likelihood of having specific effects (e.g., poly(A) polymerase was excluded
because of expected broad effects on polyadenylation), evidence for robust expression in
HCT-116 cells (Supplemental Table S8), and availability of effective reagents for RNA
interference. As a negative control, we performed RNA interference directed against
Cyclophilin B (a commonly used negative control in siRNA experiments), which is not
expected to affect miRNA nucleotide addition.

We confirmed the success of knockdown with quantitative reverse transcription-
PCR (qRT-PCR) (Figure 4.7A), which demonstrated at least 75% reduction in
expression of each enzyme compared to cells transfected with negative control siRNA
targeting Cyclophilin B. We also used qRT-PCR to assess the specificity of the
nucleotidyl transferase knockdowns by measuring all eight nucleotidyl transferases in
each knockdown experiment (Supplemental Fig. S4). Overall, we found the knockdown
of each enzyme to be highly specific (i.e., knockdown of a given nucleotidyl transferase
was not associated with a concomitant decrease in other nucleotidyl transferases;
Supplemental Fig. S4). Interestingly, in a few cases knockdown of one enzyme was
associated with an increase in expression of one or more other nucleotidyl transferase(s)

(e.g., knocking down PAPD4 led to an increase in PAPDS, while TUT1 and MTPAP
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knockdown led to an increase in PAPOLG), raising the possibility that compensation of
function by one enzyme for another may occur in some cases. This is worth mention
because it suggests that our results may underestimate the full effect of knockdown of
individual nucleotidyl transferases on 3' NTA, because of such cases of potential
compensatory increase in expression of other enzymes.

We used the NanoString platform to monitor changes in miRNA 3' NTA
fractional abundance as a result of the suppression of each RNA nucleotidyl transferase.
MicroRNAs were filtered by retaining only those that had a count of at least 50 for the
canonical in all four of the negative control (i.e., siCyclophilin) knockdown lanes. We
calculated the percentage of each variant miRNA as a fraction of the total abundance of
the miRNA (i.e., counts obtained for canonical plus variant 1 counts plus variant 2
counts), which ensured that any decrease in a given variant observed with knockdown of
specific nucleotidyl transferases would reflect a change in propensity for nucleotide
addition, rather than being due to an overall decrease in all forms of the miRNA as a
result of decreased transcription, for example. The relative percentages of each canonical
and variant species found in the knockdown cells were then compared to negative control
cells treated with siRNAs targeting Cyclophilin B. A #-test conducted across groups
representing biological replicates was performed, followed by an adjustment for multiple
hypothesis testing based on the false discovery rate (FDR) method of Benjamini and
Hochberg (39,40) to identify nucleotidyl transferase knockdowns associated with a
significant reduction (FDR < 10%) of specific miRNA 3' NTA variants. The most
compelling cases were considered to be those knockdowns in which a statistically

significant decrease in at least one 3' NTA variant was observed along with a
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concomitant statistically significant increase in the fractional abundance of the canonical
miRNA sequence.

We found that suppression of seven out of eight nucleotidyl transferases led to a
significant reduction in at least one miRNA 3' variant (FDR < 10%). In addition to
PAPD4, PAPDS, and ZCCHCI11, which have previously been described as affecting
miRNA additions (6,7,19), we found significant reductions in miRNA variants after
suppression of MTPAP, PAPOLG, TUT1, and ZCCHCI11 (Supplemental Table S9). To
highlight nucleotidyl transferases showing the most substantial effect on 3' NTA of
specific miRNAs, we selected cases in which effects of enzyme knockdown on specific
miRNA variants were both statistically significant (FDR < 10%) and had at least a 5%
reduction in the fractional abundance of the variant (Figure 4.7B). Loss of PAPD4
resulted in the most dramatic changes in miRNAs with 3' A additions: six miRNAs with a
3' A addition showed significant decreases, with some miRNA variants such as miR-92a
and let-7b showing greater than 70% reduction (Figure 4.7B). Suppression of PAPDS led
to significant reductions in four miRNA 3' variants which all featured a 3' A, and one
miRNA variant, miR-1246, with a dinucleotide 3' GA (Figure 4.7B). The variant miR-
1246 with a 3' GA also showed a significant reduction with the MTPAP knockdown.
While both PAPD4 and PAPDS suppression predominantly affected variants with a 3' A,
knockdown of two enzymes (TUT1 and ZCCHC6) was associated with a decrease in 3'
uridylation. Suppression of TUTI1 led to a significant reduction in the variant of miR-
200a with a 3' U, and loss of ZCCHC6 decreased expression of let-7e with a 3' U (Figure

4.7B), which suggests that different enzymes may show specificity for certain nucleotide
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additions. Taken together, our results suggest multiple enzymes affect the post-
transcriptional modification of miRNAs by 3' NTA.

To validate the accuracy of the assays in Figure 4.7B, we tested the ability of our
adapted nCounter miRNA variant profiling assay to distinguish between the canonical
and variant forms of the miRNAs from Figure 4.7B. We profiled pools of chemically
synthesized versions of the canonical and variant miRNAs of interest and again, the assay
demonstrated excellent discrimination between miRNA 3' end nucleotide variants
(Supplemental Fig. S5). We also tested the linear range of these miRNA assays by
creating pools of synthetic miRNAs (containing the canonical or variant version of each
miRNA) and generating 6-point standard curves assaying from 1x10° to 1x10° input
copies of each miRNA or miRNA 3’ variant per reaction. We assayed each dilution point
of the standard curves in the appropriate bridge pool, and found that all assays showed a

strong, linear response to changes in concentration (Supplemental Fig. S6).

Discussion

Our study provides confirmation on a broad scale that miRNA 3' non-templated
nucleotide additions that have been observed in small RNA next generation sequencing
data are a physiologic and biologically-regulated phenomenon in human cells,
complementing and extending work presented in other reports (16,18-21,25-28). We find
that across multiple species, these modifications are miRNA-specific and that adenylation
and uridylation are the primary modes of 3' NTA, which is consistent with the previously
described specificities of known RNA nucleotidyl transferase enzymes in their

modification of other RNA substrates (41). We attempted to identify specific sequence
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features in miRNAs that might govern modification. However, we did not find any motifs
or sequence characteristics that showed significant association with modifications (data
not shown). It is of interest, however, that the degree to which adenylation versus
uridylation is employed for miRNA modification varies across species, with uridylation
predominating among C. elegans miRNAs whereas adenylation is more prominent in
mouse and human. Although the basis for this difference is not yet known, we speculate
that cross-species differences in expression patterns of nucleotidyl transferases and their
miRNA substrates may underlie this observation.

The development of a novel, bridged ligation-based assay permitted us to
quantitatively profile 3' NTA variants (along with their corresponding canonical miRNA
species) following knockdown of a panel of candidate miRNA nucleotidyl transferases in
order to investigate the mechanism of 3' NTA. Prior studies had primarily implicated two
nucleotidyl transferases, PAPD4 and ZCCHC11, and to a lesser extent, PAPDS, in
miRNA 3'NTA (6,19). Strikingly, we found that knockdown of seven of the eight RNA
nucleotidyl transferases we examined (including PAPD4, ZCCHC11 and PAPDS) was
associated with a significant reduction in 3' NTA of one or more miRNA variants.
Individual enzymes tended to show specificity for particular miRNAs, and the
involvement of multiple additional enzymes points toward much more complexity in
mechanisms of miRNA 3' NTA than has previously been appreciated. One caveat of our
analysis is that we have examined only the steady-state levels of 3’ NTA. Thus, the
mechanisms by which each enzyme modulates the observed miRNA 3’ NTA
frequency—whether it be via altered kinetics of 3’ NTA or effects on miRNA

degradation—remain to be determined. Remarkably, MTPAP is known to localize to the
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mitochondria and to polyadenylate the 3' ends of mitochondrial transcripts (42) and thus
it was surprising to find that suppression of this heretofore mitochondria-specific enzyme
affected miRNA additions. TUT1, on the other hand, was found to regulate both 3' A and
3' U additions, which supports previous reports that describe TUT1 both as a
uridyltransferase and as a nuclear poly(A) polymerase (43,44). Additionally, we
identified the first known role for ZCCHC6, an enzyme with unknown substrates that is
homologous to the miRNA-modifying enzyme ZCCHC11 (45).

Our study identified four new miRNA nucleotidyl transferases (MTPAP, TUT]I,
ZCCHC6 and PAPOLG) that have significant effects on 3' NTA to specific miRNAs,
supporting the notion that 3' NTA represents a multifaceted layer of post-transcriptional
regulation for miRNAs by an ensemble of miRNA-modifying enzymes. Our study likely
represents a minimal estimate of the enzymes and miRNA substrates involved, as there
was evidence in several cases of a compensatory increase in the expression of other
nucleotidyl transferases after knockdown of a given enzyme, which could have obscured
some of the effects on 3' NTA. Additionally, some of the enzymes that did not show an
effect may be false negatives as a result of incomplete suppression of protein levels in
siRNA experiments. Importantly, the finding that 3' NTA is a regulated and miRNA-
specific process mediated by distinct enzymes raises the possibility that inhibiting
particular RNA nucleotidyl transferases could provide a new strategy for modulating
miRNA activity for therapeutic as well as research purposes. In this vein, the enzymes we
have identified may be worth investigating as targets for small molecules to potentially
modify miRNA function via inhibiting (or potentially enhancing) 3' NTA. Nucleotidyl

transferases may also show differential expression in different disease states. In a brief
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survey of Oncomine (46), for example, we found ZCCHC®6 to be in the top 1% of genes
overexpressed in prostate carcinoma versus normal tissue (47). Thus, we speculate that
differential expression of nucleotidyl transferases could impact miRNA 3’ NTA in
different biological states. In the future, quantification of 3> NTA variants in samples
from varied biological sources using the NanoString assay developed here and/or other
technologies will facilitate understanding of the potential biological effects of these
enzymes.

Quantification of 3' NTA variants distinct from canonical miRNAs in biological
samples poses a problem for current technologies. Although next generation sequencing
can certainly identify 3' variants, it is not currently an assay for which parameters such as
quantitative precision, quantitative accuracy, linear range of quantification or absolute
quantification are well established. Additionally, the throughput and turnaround time for
analysis of large numbers of biological or clinical samples is still limited in practice.
Although quantitative reverse transcription-PCR (qRT-PCR) approaches are routinely
used for miRNA quantification, currently available qRT-PCR platforms are not equipped
to measure and discriminate between variants with high accuracy (24,27). The
NanoString assay we have introduced here is an important advance for enabling further
studies in this area, as it permits quantitative analysis of miRNAs and variants on a
platform that has sufficient throughput and precision to be routinely used for analysis of
large numbers of biological samples.

Although 3' NTA can clearly have functional effects on animal miRNAs by
increasing miRNA stability in the case of hsa-miR-122 (6), or affecting the efficacy of

mRNA target repression in the case of hsa-miR-26a (7), investigation of the biological
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functions of miRNA 3' NTA is still at a nascent stage. Future studies will be required to
determine if 3° NTA affects the expression of miRNA targets or the stability of miRNAs
on a global scale. A recent study has noted an increase in uridylated miR-223 during
miRNA decay (48). Although our analysis has evaluated only the steady-state levels of
miRNA additions, we speculate that 3° NTA may serve as either a signal for or a
consequence of targeting of miRNAs for degradation. The functional effects of 3' NTA
on miRNAs may be varied and miRNA-specific, making such modifications a potentially
versatile mechanism for generating functional diversity and complexity in an otherwise
relatively limited miRNA transcriptome. Our study has identified a multitude of new
miRNA variants along with the nucleotidyl transferases that may mediate their genesis.
These findings, along with our introduction of a quantitative platform for miRNA variant

analysis, should enable further studies of the biological roles of miRNA 3' NTA.
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Figure 4.1. %NTA observed in Illumina Genome Analyzer sequencing of a pool of
chemically synthesized miRNAs or of prostate tissue-derived miRNAs.

(A) The schematic describes the workflow for the generation and sequencing of triplicate
cDNA libraries corresponding to a pool of chemically synthesized miRNAs and normal
human prostate tissue. (B) (Left) The %NTA for 167 shared miRNAs present at 10 or
more reads in both the chemically synthesized miRNA and prostate sequencing datasets
are plotted along the y-axis. Normal prostate tissue data is plotted in black and the
synthetic miRNA data in red. MicroRNAs are sorted along the x-axis with respect to
increasing %NTA observed in prostate tissue sequencing data. Only seven of the 167
miRNAs analyzed demonstrated greater %NTA in the synthetic miRNA pool compared
to its prostate tissue %NTA. In most cases, these represented an additional nucleotide
identical to the terminal nucleotide expected for the canonical miRNA sequence (data not
shown), which is consistent with a typical type of error expected with solid-phase RNA
oligonucleotide synthesis. (Right) The %NTA for 40 non-human (a mix of plant and C.
elegans) spiked-in miRNAs is plotted for both normal prostate tissue (black) and the
synthetic miRNA (red) sequencing datasets.
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Figure 4.2. 3' non-templated nucleotide additions are miRNA specific.

(A) Histograms of %NTA observed in three representative human miRNA sequencing
datasets (normal prostate tissue (h9), serous ovarian cancer (h6), and human embryonic
stem cells (h1)). MicroRNAs were required to have 10 or more reads in a given dataset to
be included, and the number of miRNAs that qualified is given in parentheses for each
histogram. The y-axis scale is the same for all three human histograms. (B-C) Histograms
of %NTA for representative datasets corresponding to mouse cerebellum or
medulloblastoma (panel B, m5 in Supplemental Table S1) and the L1 developmental
stage of C. elegans (panel C, c6 in Supplemental Table S1). MicroRNAs were required
to have 10 or more reads in a given dataset to be included. Dataset identifiers are
provided in parentheses for all histograms and refer to descriptions of these datasets
provided in Supplemental Table S1.
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Figure 4.3. MicroRNA-specific 3' non-templated nucleotide addition is seen across
small RNA sequencing datasets.

(A) A boxplot of the miRNAs demonstrating the lowest %NTA (i.e., least modified) and
highest %NTA (i.e., most modified) across nine human sequencing datasets (datasets h1-
h9 in Supplemental Table S1). MicroRNAs were required to have at least 40 reads in
five or more of the 9 datasets. (B-C) Boxplots of the miRNAs demonstrating the lowest
%NTA (i.e., least modified) and highest %NTA (i.e., most modified) across 11 mouse
cerebellum or medulloblastoma datasets (panel B, datasets m1-m11 in Supplemental
Table S1) and 12 C. elegans sequencing datasets (panel C, datasets c1-c12 in
Supplemental Table S1). MicroRNAs were required to have at least 40 reads in five or
more of the datasets for mouse and for C. elegans to be included in the analysis.
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Figure 4.4. Distribution of added nucleotides observed in nine human small RNA
sequencing datasets.

Distribution was calculated based on miRNAs with an abundance of at least 10 reads, and
the number of miRNAs which qualified is given in parentheses for each pie chart.
Fractional contribution of each nucleotide addition was calculated for each miRNA, and
then averaged for all the miRNAs in each dataset. Pie charts indicate what fraction of
total additions each mono-nucleotide represented (on average) for each dataset, and all
multi-nucleotide additions were counted in the >1 category. Parenthetical dataset
identifiers refer to descriptions provided in Supplemental Table S1.



106

A B
ligation biotinylated capture probe  bar-coded reporter probe
5 /\ ¥ — O8O
I
MIRNA  mem— tag 5 — 3’
bridge t -
agged miRNA
C g 3OOOODCanonicaI BVariant 1 B Variant 2 . 30000 @ Canonical @Variant 1 OVariant 2 . 30000D(:an0nica| BVariant 1 OVariant 2
2 25000 @ 25000 & 25000
©
2 20000 & 20000 & 20000
2 15000 2 15000 2 15000
8 10000 ‘g 10000 ‘» 10000
£ 5000 S 5000 I 5 5000 H H
£ 0 i3] 0 - o 0
o
o &L R 2 B R P &E O R 2
& & & & & FEFEE FEFEE
& & &
E 100000 7 ¢ canonical R2=0.97
D 100 =3 Avariant R?=0.98 §
" 90 , ' _ tH
€ 80 © 10000 3'U variant R? = 0.97
3 70 <
8 60 OVariant 2 ©
3 50 BVariant 1 E ° '
2 40 ) 5 1000 :
s 30 B Canonical o
- 20 £ :
s 10 3 :
0 o 100
N
.q:\@ .QJ@Q (éby,Q N q}q,
& N g SR
& 10
10 100 1000 10000

miRNA copies (x10%)

Figure 4.5. Development of the nCounter miRNA assay to detect miRNA 3' variants.
(A) A schematic of the molecular components of the nCounter miRNA assay. The
miRNA is shown in gray and DNA oligonucleotides in black. Each bridge
oligonucleotide serves to template the 3' end ligation of a particular miRNA species to a
sequence-specific tag. Custom bridges were designed to discriminate between the 3' end
miRNA variants. (B) Following the removal of the excess tags and bridges, the tagged
miRNAs are hybridized to specific capture and reporter probes attached to unique
barcodes. The captured barcodes are individually resolved and counted in the
NanoString nCounter assay system. The six-spot fluorescent barcode is represented by
circles and the biotin capture moieties by stars. (C) Validation of the specificity of the
nCounter assay. Three pools of synthetic RNA oligonucleotides, each containing
canonical, variant 1, or variant 2 versions of five miRNAs were assayed. The graphs
display the counts resulting when each of the three mixtures was individually assayed
using the canonical (leff), variant 1 (center), and variant 2 (right) bridge pools. (D)
Validation of the accuracy of the nCounter assay. A mixture containing 60% canonical,
30% variant 1, and 10% variant 2 chemically synthesized miRNAs were assayed in each
bridge pool. The relative abundance of each variant measured in the assay was then
determined. E. Validation of the linear range of the nCounter assays for miR-15a.
Standard curves of synthetic oligonucleotides corresponding to the canonical, 3’ A
(variant 1), or 3’ U (variant 2) form of miR-15a were assayed in their appropriate bridge
pool. The graph displays the counts resulting from technical duplicates of standard
curves ranging from 1x10° to 1x10® input copies of miRNA per reaction.
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Figure 4.6. MicroRNA additions are altered in response to differentiation.

The NanoString nCounter assay was used to profile differential expression of miRNA 3'
variants in undifferentiated versus differentiated H1 human embryonic stem cells.
MicroRNAs were filtered by requiring at least 50 counts in at least two of the three
assays (canonical, V1 or V2) in both the undifferentiated and differentiated hESC
datasets. The plotted miRNAs are the two showing the greatest change in the fractional
abundance of 3' variants following differentiation. Error bars represent + SD of the fold
change across two biological replicates and asterisks indicate p-values < 0.05.
Supplemental Table S7 provides data corresponding to all ten miRNAs that met filtering
criteria, including three additional miRNAs showing significant changes in relative
variant abundance. (A) The graph shows the fold change in the canonical and 3' variant
forms of miR-1246. For miR-1246, differentiation is associated with a significant
increase in the fractional abundance of the 3' GA variant, and a corresponding decrease in
the canonical sequence. (B) For miR-455-3p, differentiation is associated with a
significant decrease in the abundance of the 3' C variant and a corresponding increase in
the canonical miRNA fractional abundance.
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Figure 4.7. MicroRNA 3' non-templated nucleotide additions are regulated by
multiple nucleotidyl transferase enzymes.

(A) qRT-PCR demonstrates the successful suppression of eight different nucleotidyl
transferases in HCT-116 cells transfected with siRNAs individually targeting each
enzyme. Bars represent mean expression = SD of biological replicates relative to cells
transfected with siRNAs against the Cyclophilin B negative control. Normalization was
performed using qRT-PCR quantification of the endogenous control gene GUSB to
control for variations in RNA input. (B) Bar graphs for each enzyme show percent
reduction in miRNA 3' variants following suppression of each of the six nucleotidyl
transferases indicated above the x-axis. MicroRNAs shown represent variants that 1)
were significantly reduced (FDR < 10%) in the cells treated with siRNAs targeting the
enzyme of interest versus those treated with the negative control, siCyclophilin and 2)
showed at least a 5% absolute decrease in fractional abundance of the variant miRNA.
The letter(s) within each bar for a given miRNA identifies which 3' variant displays
significant reduction. Z11 refers to the enzyme ZCCHC11 and Z6 to ZCCHC6.
*indicates miRNAs meeting criteria of FDR < 10%, **represents FDR < 5%, and
***represents FDR < 2%. The false discovery rate (FDR) is determined using the method
of Benjamini and Hochberg. The change in fractional abundance and associated FDR for
all canonical and 3' miRNA variants retained after filtering for abundance is given in
Supplemental Table S9.
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Chapter 5

The regulation of miRNA abundance by nucleotidyl transferases and 3’

non-templated nucleotide additions

Abstract

Post-transcriptional modifications of several miRNAs with 3’ non-templated
nucleotide additions have been demonstrated to modulate their targeting and stability.
However, the global effects of these 3’ additions have not been examined in humans, and
conserved signals that promote miRNA decay remain unknown. We previously reported
that miRNA 3’ additions are regulated by multiple nucleotidyl transferase enzymes. Here
we examine the relationship between changes in addition and changes in abundance
following the suppression of a panel of nucleotidyl transferases. We observed no global
correlation between the magnitude of change in nucleotide addition and the change in
miRNA abundance, indicating that 3” additions do not have uniform effects on miRNAs.
However, the identity of the 3’ nucleotide addition was associated with characteristic
changes in abundance, as miRNAs with increased 3’ uridylation showed significantly
decreased expression. To determine whether nucleotidyl transferases yield enzyme-
specific effects on miRNAs, we performed global miRNA profiling following enzyme
suppression. Knockdown of two enzymes—PAPD4 and TUT1—Ied to decreased
expression of many miRNAs, including numerous sequences that did not display altered
3’ additions. The most substantial effects were observed following suppression of TUT]1,

which led to an extensive loss of miRNAs that was detected across multiple platforms
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and cell lines. Our work demonstrates that a select group of nucleotidyl transferase
enzymes broadly regulate the expression of miRNAs through mechanisms that may be

dependent or independent of 3° nucleotide additions.

Introduction

MicroRNA expression levels are precisely regulated by multiple mechanisms,
which enable miRNAs to serve as important regulators of many biological processes.
Although recent progress has been made in understanding miRNA transcription and
processing, the regulation of miRNA degradation is poorly understood in humans. Most
studies report miRNAs to display remarkable stability, with reported half-lives for human
miRNAs ranging from hours to several days (1,2). In a D. melanogaster model system,
neuron miRNAs featured rapid turnover following transcriptional shutoff, indicating that
tissue-specific factors may influence the decay process. (3). In plants and worms,
exonucleases that degrade miRNAs have been identified (4,5), but in humans no global

mechanisms for the decay or stabilization of miRNAs have been described.

One potential mechanism for miRNA stabilization is 3’ nucleotide addition to
mature miRNAs. In humans, miRNAs commonly feature non-templated additions of an
adenosine (A) or uridine (U) at the 3’ end of the molecule (6,7). Once thought to be an
artifact of sequencing, 3’ additions have now been demonstrated to be a conserved,
biological phenomenon in humans, mice, plants, and flies (7-10). These miRNA isomiRs
drastically expand the known miRNA transcriptome; however, the biological significance
of 3’ additions remains unclear. In plants, methylation and adenylation rendered miRNAs

resistant to degradation (11,12). In contrast, uridylation by nucleotidyl transferase
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enzymes led to increased degradation of miRNAs in both plants and algae (13-15). Taken
together, these studies suggest that the modification of a miRNA with a single nucleotide

addition can be sufficient to alter miRNA decay.

In humans, the role of 3’ additions is poorly understood, as only a handful of
reports have examined the effects of A and U additions on the stability of a small number
of miRNAs. The addition of a 3° A to the miRNA miR-122 increased the stability of the
miRNA (16). Conversely, the addition of a 3° U to miR-26a did not change the
abundance of the miRNA, but instead prevented the miRNA from repressing its mRNA
target (17). MicroRNA isomiRs are found in association with the Ago proteins, although
recent evidence suggests that nucleotide additions may reduce miRNA association with
two out of the four Ago proteins in humans (18). Thus, 3’ additions may have miRNA-

specific effects on controlling either the targeting or stability of a miRNA.

Non-templated 3 additions are regulated by multiple members of the nucleotidyl
transferase family in humans. We and others have found that the PAPD4 enzyme governs
the 3° A additions of a broad panel of miRNAs (6,7). We also identified multiple other
enzymes—including TUT1, PAPDS, MTPAP, ZCCHC11, and ZCCHC6—that affected 3’
additions in a miRNA-specific manner (6), which raises the possibility that 3’
modifications by different enzymes may have distinct effects on miRNAs. In this study,
we investigated the biological significance of miRNA 3’ additions. We examined the
relationships between the change in additions and change in total miRNA abundance, and
did not find 3’ additions to be either universally stabilizing or destabilizing. Instead, we
found that certain changes in additions, such as increased 3’ U addition, were associated

with decreased miRNA abundance. We also found that two nucleotidyl transferases,
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TUTI1 and PAPD4, have broad effects on miRNA expression levels despite their

seemingly restrictive regulation of 3° additions to specific miRNAs.

Methods

Cell culture and transfections

HCT-116 cells were obtained from Bert Vogelstein and maintained in McCoy’s media
(Invitrogen) with 10% FBS (Atlanta Biologicals). A549 and HeLa cells were obtained
from ATTC and maintained in DMEM (Invitrogen) with 10% FBS. Transfections with
biological replicates were performed in 6-well dishes with 62,500 cells transfected with
66 nM siRNA using Lipofectamine RNAiMax (Invitrogen) according to the
manufacturer’s instructions. Dharmacon On-Targetplus SMARTpool siRNAs were used
for suppression of a panel of eight nucleotidyl transferases as previously described (6).
SMARTpool siRNAs against the housekeeping gene Cyclophilin B was used as the
negative control (Dharmacon). TUT1 siRNAs described by Mellman et al. (19) were
synthesized by IDT with an unmodified backbone. Negative controls for these siRNAs

included siCyclophilin-1 and non-targeting siRNAs (siAll-Stars) from Qiagen.

RNA isolation and qRT-PCR

72 hours post transfection with siRNAs, cells were washed with PBS and lysed in 700 uL
Qiazol (Invitrogen). RNA was isolated using the miRNeasy RNA isolation kit (Qiagen),
and normalized to equal concentration. Tagman assays from Applied Bioystems were
used to confirm nucleotidyl transferase suppression. The expression of the endogenous
control genes GUSB and GAPDH were used for normalization. For primary miRNA

qRT-PCR profiling, Tagman assays were obtained from Applied Biosystems for 70
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different primary miRNAs. qPCR primers and probes were diluted (1.25 pL water per
0.25 pL primer-probe mixture) and aliquoted into 384-well plates in an arrayed manner
with duplicate wells per assay. For each sample of interest, a single 100 puL reverse
transcription reaction was performed using the cDNA High Capacity Reverse
Transcription Kit (Applied Biosystems) with 2.5 ug RNA. Each RT reaction was then
diluted with 100 pL water and 500 pL. 2X Master mix from Applied Biosystems. 3.5 puL.
of the diluted sample was added to each well of the 384-well plates, and amplification
was performed on a Viia7 qPCR machine (Applied Bioystems). Technical replicates on
each plate were averaged, and we removed any miRNA with an undetermined cycle
threshold (CT) or with CT > 35 in any sample. This yielded 48 pri-miRNAs for
subsequent analysis. Delta CT values were calculated using the average of three
endogenous control genes run on each plate: GAPDH-FAM, ACTB-FAM, and GAPDH-
VIC. Delta delta CT values to the siCyclophilin negative control cells were calculated,

and relative expression values were determined.

NanoString analysis

For NanoString quantification of 3’ additions, we performed additional analyses on data
collected from previously described samples (6). MicroRNAs were filtered to include
only those expressed with at least 50 counts (the total of both canonical and isomiR

sequences) for our NanoString abundance analyses.

miRNA qRT-PCR arrays

Exiqon V2.0 Panel 1 Human miRNA arrays were used to assess global changes in

miRNA levels. Reverse transcription was performed using the Universal cDNA Synthesis
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kit (Exiqon) using equal amounts of RNA within each sample set. qPCR arrays were
amplified with a Viia7 instrument (Applied Biosystems), and the data were imported into
a single gene expression study and thresholded to 0.2 across all cards. CT values were
filtered to maintain only reliably detected miRNAs (requiring CT < 35 across all
samples). Delta CT values were then calculated relative to cells treated with negative

control siRNAs, and relative expression values were computed.

Results

Nucleotidyl transferases modulate miRNA 3’ additions

Multiple nucleotidyl transferase enzymes affect the 3’ additions of miRNAs in an
enzyme and miRNA specific manner. To assay miRNA 3’ additions in a quantitative
manner, we employed the nCounter miRNA platform from NanoString Technologies,
which we previously adapted to assess the expression of approximately 130 canonical
miRNAs and their two most common 3’ variants (6). We have shown that suppression of
seven different nucleotidyl transferase enzymes in HCT-116 colon cancer cells led to the
significant reduction of specific miRNA 3’ additions, with most enzymes mediating 3> A
additions (6). We also found that multiple 3’ additions are increased in response to
enzyme suppression (Figure 5.1). Surprisingly, knockdown of the enzyme TUT1 led to
significant increases in additions in 11 out of the 24 miRNAs that yielded robust isomiR
expression with the NanoString platform. The diversity of additions added to the
miRNAs was high. In contrast to the preponderance of 3’ A additions that were lost
following enzyme suppression, we saw significant increases in 3’ U, UA, UU, and other

additions (Figure 5.1). These results indicate that nucleotidyl transferases have variable
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effects on miRNAs, with potentially some members of the family promoting and other

members preventing 3’ nucleotide additions.

Increased 3’ U additions are associated with significant changes in miRNA

abundance

The relationship between 3’ additions and miRNA abundance has not been
described on a global scale. Because 3’ additions can modulate miRNA stability in other
organisms, we hypothesized that these additions would affect the overall abundance
levels of miRNAs in humans. We examined the expression of miRNAs that displayed
increases and decreases in 3’ additions following our suppression of nucleotidyl
transferases. We predicted that miRNAs showing changes in additions would also display
changes in miRNA abundance. However, when we compared the magnitude of change in
miRNA 3’ isomiRs with the change in total miRNA abundance, we found no correlation
(Figure 5.2A). To determine whether gaining versus losing an addition would lead to
distinct changes in miRNA expression, we also examined the overall abundance changes
in each category of miRNA. MicroRNAs with increased additions following enzyme
suppression showed a significant decrease in abundance compared to miRNAs with
unchanged or decreased 3’ addition (Figure 5.2B). However, as these categories of
miRNAs included multiple nucleotide additions, we asked whether certain nucleotides
would yield characteristic changes in abundance. To address these potential nucleotide-
specific effects, we compared the abundance changes following the significant loss or
gain of each nucleotide individually (Figure 5.2C). We found substantial decreases in the
expression of miRNAs featuring increased 3’ U addition, with most miRNAs showing a

reduction of nearly 50% compared to miRNAs with unchanged additions (p < 0.05, t-test).
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Increases in 3° A and 3° UA additions also led to significant reductions in miRNA
abundance. Together, these results demonstrate that certain 3’ additions are associated

with consistent changes in miRNA abundance.

Enzyme-specific effects on miRNA abundance

We have used the suppression of a panel of nucleotidyl transferase enzymes to
create perturbation in the pattern of miRNA 3’ additions. Thus, we were also curious
whether the nucleotidyl transferases that regulate these additions would have distinctive
effects on miRNA expression patterns. We thus examined the changes in miRNA
abundance resulting from suppression of each enzyme individually (Figure 5.3).
Suppression of both TUT1 and PAPD4 led to decreased abundance of most miRNAs
with altered 3’ additions. However, TUT1 suppression led to nearly uniform increases in
additions, while PAPD4 suppression yielded decreased additions of miRNAs (Figure
5.3). Suppression of the five other nucleotidyl transferases resulted in smaller changes in
abundance, with the direction of the change varying across miRNAs. Together, these
results suggest that 3’ additions do not have uniform effects on miRNA stability; instead,

changes in abundance are influenced by which enzyme is responsible for the addition.

Nucleotidyl transferases have broad effects on miRNA abundance levels

Having observed that several nucleotidyl transferases affect both the additions and
expression of certain miRNAs, we sought to determine whether these enzymes would
affect miRNA abundance more broadly. We profiled miRNA expression patterns
following the individual suppression of a panel of eight nucleotidyl transferases in HCT-

116 cells. To detect the total abundance of both canonical and isomiR miRNA species,
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we used Exiqon qRT-PCR miRNA arrays to profile biological replicates for each enzyme.
We predicted that a subset of miRNAs would feature significant changes, while miRNAs
rarely modified by 3’ additions would show unchanged expression levels. Instead, we
found that suppression of the majority of the enzymes had very minimal effects on
miRNA abundance (Figure 5.4A, Table 5.1). In contrast, when we suppressed PAPD4
and TUT1, we found substantial decreases in miRNA expression compared to cells
treated with negative control siRNAs (Figure 5.4A). The magnitude of decrease was
modest, as the median expression of miRNAs in the siTUTT1 cells was 0.60 and in the
siPAPD4 cells was 0.71 compared to control cells (Table 5.1); yet, the decrease was seen
in the vast majority of miRNAs that we examined (Figure 5.4B), and yielded highly
significant p-values in paired t-tests comparing the expression of each miRNA in enzyme
suppressed versus control cells (paired t-test, p < 102°). Together, these results indicate
that two nucleotidyl transferases—TUT1 and PAPD4—have broad effects on miRNA
expression levels that extend beyond their effects on 3° additions.

To ensure that these results were not an artifact of the qPCR platform, we
examined the global changes in miRNA abundance observed with the NanoString
platform in an independent sample set of HCT-116 cells transfected with siRNAs against
the nucleotidyl transferase enzymes. The NanoString platform, which does involve
amplification, detected 65 miRNAs (expressed at greater than 50 counts) across all
samples. In this subset of miRNAs, we found that TUT1 suppression produced
substantial decreases in overall miRNA abundance, and that suppression of PAPD4 and

MTPAP also led to modest miRNA loss (Figure 5.5). These results suggest that multiple
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nucleotidyl transferases broadly regulate miRNA expression levels, with the TUT1

enzyme yielding the most significant effects.

TUT1 as a novel regulator of miRNA expression

To verify that the reductions in miRNA abundance seen upon nucleotidyl
transferase suppression were not due to off-target effects of our siRNAs, we repeated
these experiments with two additional TUT1 siRNAs that have previously been shown to
potently suppress the TUT1 protein (19). Again we found that suppression of TUT1 led
to decreased miRNA expression compared to cells treated with negative control siRNAs
(Figure 5.6). We next tested whether TUT1 suppression would yield the same phenotype
in additional cell lines. In A549 lung carcinoma cells, we suppressed TUT1 and used
miRNA qRT-PCR arrays to quantify changes in miRNA abundance. We again found that
suppression of TUT1 resulted in widespread decreases in miRNA expression levels
(Figure 5.7A). We did not see a change in miRNA abundance following suppression of
ZCCHCI11, another nucleotidyl transferase, which confirms that this result is specific to
the suppression of TUT1. We have also expanded this work to HeLa cells, which
displayed decreased miRNA abundance following TUT]1 loss, although the magnitude of
the decrease was not as great as seen in HCT-116 and A549 cells (Figure 5.7B). In this
cell line, suppression of ZCCHC11 decreased miRNA abundance to a similar level as
seen after the suppression of TUT1. Together, these experiments demonstrate that TUT1
regulates miRNA levels across multiple cell lines, although the magnitude of the effect
may potentially vary based on tissue-specific contributions of the various nucleotidyl

transferase enzymes.
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Potential mechanisms of TUT1

TUTI could potentially affect miRNA levels via indirect or direct mechanisms.
TUT]1 has previously been described to act in the nucleus as a poly (A) and (U)
polymerase for a variety of substrates. While TUT1 was originally described as
exclusively modifying the U6 small nuclear RNA with a 3° U, more recently TUT1 (also
called Star-PAP) was shown to regulate the cleavage and polyadenylation of a subset of
mRNA transcripts (19,20). These two reports describe roles for TUT1 in the nucleus,
which led us to hypothesize that TUT1 could potentially affect miRNA primary transcript
abundance. Using qRT-PCR arrays to measure the expression of a panel of 70 primary
transcripts, we found that TUT1 suppression did not lead to decreased expression of
primary transcripts (Figure 5.8A), suggesting that TUT1 affects later stages of miRNA
biogenesis. Because of the breadth of the TUT1-mediated effects, we also considered
whether TUT1 could indirectly regulate miRNAs by affecting the expression of their
processing enzymes. Yet, we found no change in the expression of Dicer, Drosha, and
the Drosha co-factor DGCRS following TUT1 suppression (Figure 5.8B). Therefore,
while the mechanism of TUT1 remains unknown, our preliminary evidence suggests that

TUTI1 may act on the mature miRNA to maintain miRNA homeostasis in the cell.

Discussion

Our work investigates the functional effects of miRNA 3’ non-templated
additions by nucleotidyl transferases on a broad scale. We found that 3’ additions are
associated with non-uniform effects on miRNA abundance, suggesting that miRNA post-

transcriptional modifications have more complex roles in humans than have been
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described in model organisms. While future in vivo assays for miRNA turnover will be
needed to directly address the differential stability of miRNA isomiRs, these experiments
suggest that 3’ nucleotide modifications may affect miRNA abundance levels. miRNAs
show substantial length heterogeneity, which raises the question of how single nucleotide
additions can trigger variable rates of degradation. Future work to address the enzyme
responsible for miRNA turnover in humans will enable a better understanding of the
substrate specificity that may allow 3’ additions to promote or prevent miRNA

degradation.

We have also examined the role of nucleotidyl transferases in regulating miRNA
abundance levels. This study expands previous investigations that examined a single
nucleotidyl transferase, PAPD4 (7), to include analyses of a panel of enzymes we found
to exert unique effects on miRNA additions. We have assayed miRNA expression levels
with multiple platforms, including the NanoString platform that does not require sample
amplification, to ensure quantitative detection of modest changes in miRNA levels. Our
work suggests that multiple nucleotidyl transferases influence miRNAs through both 3’
addition dependent and independent mechanisms. In particular, we identified two
enzymes, TUT1 and PAPD4, that showed inverse effects on miRNA additions despite
their very similar effects on miRNA abundance: We found that suppression of TUT1 led
to the significant increases in additions in half of the miRNAs we examined, while
suppression of the enzyme PAPD4 uniformly led to decreases in miRNA additions.
However, individual knockdown of TUT1 and PAPD4 uniformly led to decreased
expression of many miRNAs, demonstrating that global miRNA expression changes do

not correlate with changes in 3’ additions. We also identified miRNAs with unchanged
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additions that nevertheless displayed dramatic changes in abundance. The poor
association between additions and abundance raises several possibilities: nucleotidyl
transferases may act indirectly to regulate miRNAs, or some miRNA isomiRs may exist

only as transient intermediates not detectable by our platform.

Suppression of TUT1 yielded the most significant changes in miRNA expression
levels. Across multiple cell lines, we found TUT1 suppression resulted in moderate but
widespread decreases in abundance. To further assess the specificity of TUT1, we
attempted to use the exogenous overexpression of TUT1 to rescue the miRNA repression
phenotype seen upon introduction of TUT1 siRNAs. We generated a TUT1
overexpression construct in which synonymous mutations were introduced in the binding
sites of two different TUT1 siRNAs. However, attempts at transient overexpression of
TUTI in multiple plasmid backbones were not successful (data not shown), which
suggests that TUT1 expression may have deleterious effects. To circumvent these
difficulties, we have relied upon our use of multiple independent siRNAs against TUT1
to assess the importance of TUT1 in controlling miRNA expression. It is also of note that
out of the entire panel of nucleotidyl transferases examined, suppression of TUT1
resulted in the most substantial effects on miRNA levels. However, future studies are
needed to address whether TUT1 acts through a direct or indirect manner. Our
preliminary attempts to investigate the mechanism of TUT1 suggest that TUT1 acts
downstream of miRNA transcription to modulate the level of the precursor or mature
species. We have also ruled out the possibility that TUT1 regulates the expression of key
miRNA processing enzymes. Because TUT1 suppression leads to increased miRNA

addition, TUT1 may primarily act to remove or prevent 3’ additions by other nucleotidyl
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transferases that could lead to miRNA degradation. Future investigations to determine if
TUTI associates with the Dicer or RISC complex, and whether mature miRNAs bind

TUTI1 will advance understanding of the mechanism of TUT]I.

Studies of miRNA isomiRs have rapidly expanded and have led to the annotation
of many types of modifications. However, the kinetics of miRNA additions remain
poorly understood. We have previously noted that a subset of miRNAs in humans is
nearly always modified across tissues, while other miRNAs never show additions (6). Yet
we cannot exclude the possibility that 3* additions may be a transient property of some
miRNAs, which prohibits detection on both the NanoString and next-generation
sequencing platforms. One recent report has noted an increase in 3’ uridylation during the
decay of an exogenously expressed miRNA (21). Our work also demonstrated increased
3’ uridylation in miRNAs showing decreased abundance following nucleotidyl
transferase suppression. Together, these results raise the possibility that 3’ additions may
be an intermediate in the miRNA decay process. Although the mechanism of miRNA
turnover is not understood, future investigations of the role of both nucleotidyl
transferases and their 3° additions will facilitate understanding of the factors that

determine the outcome of mature miRNAs.
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Figure 5.1. Nucleotidyl transferases mediate specific increases and decreases in
miRNA 3’ additions.

Following suppression of a panel of nucleotidyl transferases, we assessed the changes in
miRNA additions with the NanoString nCounter miRNA profiling platform. Bars depict
the fold change in a given miRNA isomiR, with the color of the bar indicating the 3’
addition affected. The enzyme names above the bars indicate the suppressed nucleotidyl
transferase. While some enzymes appear to primarily promote 3 additions, suppression
of other enzymes such as TUT1 leads to increased 3’ modification of specific miRNAs.
All depicted miRNAs showed significant changes in additions compared to negative
control cells with a false discovery rate < 10%.
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Figure 5.2. The relationship between the abundance and 3’ additions of miRNAs
following nucleotidyl transferase suppression.

MicroRNA 3’ additions and total abundance levels were assessed with NanoString
profiling following the suppression of nucleotidyl transferases in HCT-116 cells. (A) The
scatterplot displays the relationship between the magnitude of change in 3° addition and
the change in overall miRNA abundance. Blue points indicate miRNAs with decreased
additions, while orange points designate increased 3’ addition. We found no global
correlation between changes in 3’ additions and changes in abundance, indicating 3’
additions do not have uniform effects on abundance. (B) Boxplots comparing the
abundance changes of miRNAs showing increases, decreases, or no change in 3’
additions following nucleotidyl transferase suppression. MicroRNAs showing significant
increases in 3’ additions feature a statistically significant decrease in abundance
compared to miRNAs with unchanged or decreased additions (t-test, p < 0.05). (C)
MicroRNAs with altered nucleotide additions show changes in abundance that are
associated with the identity of the nucleotide and the direction of change. Asterisks
signify a significant change in abundance compared to miRNAs with unaltered additions
(t-test, p < 0.05).
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Figure 5.3. Nucleotidyl transferase suppression yields enzyme-specific changes in
miRNA abundance and additions.

Bar graphs depict the changes in 3’ additions and abundance of all miRNAs that
displayed significant changes in additions following suppression of a given enzyme. Blue
bars depict the changes in miRNA addition, and orange bars show the corresponding
changes in total miRNA abundance. Suppression of both TUT1 and PAPD4 yield

decreases in the abundance of most miRNAs, despite their contrasting effects on miRNA
additions.
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Figure 5.4. Global changes in miRNA expression following nucleotidyl transferase
suppression.

Exiqon qRT-PCR miRNA arrays were used to assess the global changes in miRNAs
resulting from the individual suppression of eight enzymes. (A) Boxplots display miRNA
expression in the nucleotidyl transferase suppressed cells relative to the cells treated with
negative control siRNAs. Suppression of both TUT1 and PAPD4 led to substantial
decreases in miRNA abundance. (B) Suppression of TUT1 and PAPD4 decrease the
abundance of the vast majority of miRNAs analyzed. Scatterplots show the relative
expression of each miRNA in the the enzyme suppressed cells, with miRNAs ranked on
the x-axis by increasing relative expression value. Any point that falls below the
horizontal line at 1 indicates decreased miRNA expression compared to the controls.
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Figure 5.5. NanoString platform confirms widespread decreases in miRNA
expression following TUT1 suppression.

We compared the the abundance of miRNAs detectable with at least 50 counts on the

Enzyme

TUT1
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PAPOLG
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PAPD5
TRNT1

NanoString platform in the enzyme suppressed and control cells. (A) Boxplots show the

relative miRNA expression in the enzyme suppressed versus control cells. (B)

Scatterplots show the expression of each of the 65 miRNAs reliably detected across all
samples, which are ranked by increasing relative expression on the x-axis. Any point that
falls below the horizontal line at 1 indicates decreased miRNA expression compared to

the controls.
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Figure 5.6. Validation with independent TUT1 siRNAs confirms the importance of
TUT1 in maintaining miRNA expression levels.

Two additional TUT1 siRNAs were used to suppress TUT1 in HCT-116 cells.
MicroRNA gRT-PCR arrays were then used to compare the global miRNA expression in
enzyme suppressed and control cells. (A) qRT-PCR confirmation of TUT1 supppression
in enzyme suppressed versus negative control cells. (B) Scatterplots depict miRNA
expression following TUT1 suppression with each of the two new TUT1 siRNAs. Points
below the dashed line indicate decreased miRNA abundance with TUT1 suppression
compared to the negative control cells.
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Figure 5.7. TUT1 suppression decreases miRNA expression in multiple cell lines.
siRNAs against TUT1 or ZCCHCI11, in addition to negative control siRNAs, were
transfected into (A) A549 and (B) HeLa cells. The resulting changes in miRNA
expression were then assessed with miRNA qRT-PCR arrays. Graphs depict the relative
expression of miRNAs in the enzyme-suppressed versus negative control cells. Any point
that falls below the horizontal line indicates decreased miRNA expression compared to
controls. miRNAs are sorted by increasing relative quantification (RQ) values for each
enzyme-suppressed sample.



136

TUT1 PAPD4 ZCCHC11

Increased miR

Decreased miR

Primary miRNA delta CT
I
AN o &b
[ T T

L
»
1

I I I I I I I I I I I I I I I I I I
-16 -14 -12 -10 -8 -6 -16 -14 -12 -10 -8 -6 -16 -14 -12 -10 -8 -6
Primary miRNA delta CT in negative controls

Dicer Drosha DGCRS8

1

SRNEN
O S
NN o

_‘
o N
N

oN

o -
a = a0 N

NIl =

Ly
K2

Ky
A,

Relative Expression
o
o (6, -
%
v [T
=
5, 7 [
<
[
Relative Expression
o
) w—

&

%

Relative Expression
o
‘)‘@ o v =
(e
R w—y

%,
A
o
0
Yoy
8 A,
%,
Ry
%
<
Ly
/4/%
N
o
C,

Figure 5.8. TUT1 does not regulate the expression of primary miRNA transcripts or
miRNA processing components.

Following suppression of TUT1 in HCT-116 cells, two potential mechanisms for TUT1-
mediated changes in miRNA levels were investigated. (A) The expression of 70 primary
miRNA transcripts was measured with qRT-PCR. Scatterplots depict the delta CT values
in the enzyme suppressed versus control cells. Suppression of TUT1, PAPD4, and
ZCCHCI1 all yielded slight increases in pri-miRNA abundance, indicating that changes
in mature miRNA levels following TUT]1 loss are not a result of upstream changes in the
primary miRNA transcript abundance. (B) qRT-PCR was used to assess the expression of
three miRNA processing components following enzyme suppression. Although the
expression levels of these genes are slightly variable following nucleotidyl transferase
knockdown, suppression of TUT1 does not yield unique changes that likely account for
the global decreases in miRNA abundance.
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Table 5.1. Suppression of nucleotidyl transferases affects miRNA abundance.

We profiled miRNA expression with Exigon miRNA qRT-PCR arrays following
suppression of a panel of nucleotidyl transferases. Suppression of TUT1 and PAPD4 led
to the most substantial changes in miRNA expression compared to cells treated with
negative control siRNAs.The table depicts the mean and median relative expression
values (RQ) of 217 miRNAs robustly detected across all samples.

Enzyme Mean RQ Median RQ
TUT 0.70 0.60
PAPD4 0.77 0.71
PAPOLG 0.91 0.86
ZCCHCl11 0.95 0.88
MTPAP 1.05 0.87
ZCCHC6 1.06 0.99
TRNT1 1.22 1.17
PAPDS 1.22 1.08
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Chapter 6

Conclusions

Advances in miRNA research

Since the discovery of miRNAs nearly twenty years ago (1), the field has rapidly
expanded to include miRNA involvement in a multitude of normal biological processes
and diseases. MicroRNAs represent a unique layer of regulation in the cell. These non-
coding molecules act in the cytoplasm to modulate the levels of target molecules in a
sequence-specific manner. While the effects of a single miRNA on one mRNA transcript
are often modest, the combinatorial effects of a network of miRNAs regulating an
ensemble of targets may allow for a tunable, large-scale regulatory response (2). The
ubiquity of miRNAs in numerous biological processes and diseases has been well
established; however, remaining questions include determining the drivers of miRNA

expression and the impact these miRNAs networks may exert in the cell.

The advent of affordable, rapid methods of assaying miRNA levels has yielded a
tremendous amount of information regarding miRNA expression patterns in humans.
Next-generation sequencing studies enabled the discovery of over 1000 mature miRNAs
in humans in addition to the identification of a multitude of miRNA isomiRs that further
increase the diversity of the miRNA transcriptome. A plethora of miRNA profiling
platforms, including qRT-PCR, microarrays, and the NanoString technology described in
Chapter 4, have also facilitated the description of miRNA expression patterns in a variety
of normal and disease states. Profiling miRNA expression levels has yielded promising

results for the classification of tumors of unknown origin (3). Additionally, differential
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expression of certain miRNAs in the blood or tissues of patients has been shown to
supply clinically valuable diagnostic and prognostic information (4,5). The list of
miRNAs associated with cancers is quickly growing; however, for the majority of these
miRNAs, the cause and effect of their dysregulation is not known. An important and
largely unanswered question in the field is: what genetic or epigenetic changes are

responsible for altered miRNA expression patterns?

Novel forms of miRNA regulation

The regulation of miRNAs clearly involves multiple mechanisms. We have
investigated several independent forms of regulation that span both transcriptional and
post-transcriptional stages of miRNA biogenesis. Through our annotation of the putative
promoters of miRNAs and the transcription factors that may regulate them, we have
developed an integrated pipeline by which to identify tissue-specific drivers of miRNA
dysregulation. Our discovery of the p63 and p73 transcription factors as activators of the
miR-200 family underscores the importance in examining the potential intersections of
miRNAs with cancer-relevant pathways. p63 and p73 are members of the p53 family of
proteins that are frequently dysregulated in ovarian cancer and can be associated with
poor prognosis (6,7). Our work suggests that one mechanism of p63 and p73’s effects
may involve widespread regulation of miRNAs. We identified a total of 17 miRNAs
overexpressed in ovarian cancer with binding sites for the p53 family, which will
facilitate investigations of the broader p53 family:miRNA regulatory networks that may
impact tumor pathology. Future experiments to address global transcription factor
binding events via chromatin immunoprecipitation followed by second-generation

sequencing (ChIP-Seq) will enable verification of these new forms of transcriptional
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regulation. Furthermore, although our study examined the associations of transcription
factor and miRNAs in a single cancer type, the pipeline we have developed can be
applied in any system featuring differential miRNA expression in order to identify

potential drivers of miRNA dysregulation.

While our studies on the miR-200 family revealed new interactions between
transcription factor and miRNAs, we also sought to understand the importance of the
cellular microenvironment in the transcriptional activation of miRNAs. The environment
of a cell can be greatly influenced in vitro and in vivo by variations in cell density,
nutrient availability, pH, and many more factors that can lead to substantial changes in
miRNA expression. In cell culture, experimental manipulations often lead to
environmental changes that may yield off-target effects if conditions are not carefully
controlled for. For example, one recent report demonstrated a global increase in mature
miRNAs in response to increased cell density, which was attributed to enhanced Dicer
processing (8). However, we have identified an independent mechanism of density-
dependent miRNA regulation that instead occurs at the transcriptional level. We found
that the expression of most primary miRNA transcripts modestly increased in response to
higher cell density, but were surprised to find a dramatic outlier: The miRNA miR-210
showed rapid induction in response to increased cell density. We found this upregulation
was mediated by HIF-1a—a protein that has previously been demonstrated to be
activated in response to increased confluency (9). This finding may have in vivo
significance, as the sensitivity of miR-210 induction may allow the miRNA, which
represses several important regulators of proliferation and apoptosis, to enable cellular

adaption within a relatively normoxic environment. While the role of miR-210 in
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modulating chemosensitivity is under investigation, we hypothesize that miR-210
induction by HIF-1a in solid tumors may play an important role in treatment response.
Taken together, our studies expand the role of miR-210 as a sensitive regulator of the
cellular microenvironment and further elucidate the known transcriptional regulation of a

miRNA with notable roles in cancer.

In addition to investigating the transcriptional regulation of individual miRNAs,
we also discovered novel regulatory mechanisms that may broadly affect miRNA
activity. Recent work from our lab and others has revealed a diversity of novel miRNA
sequences that arise from post-transcriptional modifications. A wide range of auxiliary
proteins can influence the sequence of miRNAs and potentially alter their ability to
repress their canonical targets. Internal sequence modifications can be performed by the
adenosine deaminase proteins, which initiate adenosine to inosine conversions that can
prevent miRNA processing (10), in addition to changing the miRNA seed sequence—an
important determinant of target specificity (11). Non-templated nucleotide additions to
the 3’ end of mature miRNAs also alter miRNA sequences. We have investigated these
3> miRNA isomiRs in order to determine their prevalence, regulation, and functional
effects on miRNA activity. We have shown these 3’ variants are not an artifact of
sequencing, and instead are a biological phenomenon regulated by specific members of
the nucleotidyl transferase family of enzymes. Our development of a new platform by
which to assay miRNA isomiRs will facilitate future studies to examine these variants in
different diseases or cellular states. Additionally, these studies reveal the dynamic
regulation of mature miRNAs and dramatically expand the known repertoire of human

miRNAs to include thousands of non-canonical sequences.
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Our preliminary experiments suggest 3’ additions may play a complex role in
mediating miRNA expression patterns. While work from plants and algae has suggested
certain 3’ nucleotide additions can uniformly stabilize miRNAs (12-14), we instead have
found 3’ additions occur only on specific miRNAs and yield differential effects on
stability. Surprisingly, several nucleotidyl transferases that regulate these 3° additions
also appear to broadly affect miRNA abundance through mechanisms that may be
independent of 3’ additions. Biochemical analyses are now needed to determine the
associations of nucleotidyl transferases such as TUT1 with the RISC complex and mature
miRNAs. Our work advances understanding of the unknown factors that may control the
fate of mature miRNAs in humans. Additionally, we have demonstrated that the
complexity of the miRNA transcriptome in humans is much higher than was once
hypothesized, with 3’ additions potentially serving as a powerful new layer of regulation

for miRNA expression.

Remaining challenges in miRNA biology

Ultimately, understanding of the role of miRNAs in cancers will benefit from an
analysis of how a network of players, including proteins and small RNAs, act together to
shape the behavior of a cell. The vast majority of research on miRNAs has examined the
effect of one miRNA on one mRNA target irrespective of the multitude of upstream and
downstream processes that determine when a miRNA is expressed and how expression of
that miRNA may influence the cell. Most miRNAs appear to fine-tune the production of
multiple proteins (15); thus, studies that focus only on the dynamics of one
miRNA:mRNA interaction fail to reflect the biological role of these molecules. Future

studies are needed to understand the placement of miRNAs within larger networks
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containing transcription factors and other regulatory hubs that can amplify their effects

and initiate large signaling cascades.

An additional layer of complexity arises because many miRNAs show tissue-
specific expression patterns and functions. Because a single miRNA species is likely to
target multiple transcripts, some miRNAs, such as miR-221/222, may act as tumor
suppressors in certain cancers but in other cases have oncogenic roles (16,17). Thus, prior
to the therapeutic application of miRNAs, it will be important to understand how they are
involved in the known tissue-specific pathways that may modulate tumorigenesis. Recent
work on the role of miRNAs in the multi-step development of pancreatic neuroendocrine
tumors in mice has begun to define which miRNAs may contribute to the different stages
of cancer progression (18). However, again the missing element of these studies is a
demonstration of how the miRNAs work in concert with other tumor suppressors and

oncogenes to yield a landscape conducive or refractory to cancer.

We have begun to address these questions by expanding the known regulatory
network of the miR-200 family, which plays a complex role in promoting or preventing
tumorigenesis and metastasis in different tissues. We have also explored the unique
density-dependent induction of miR-210 in order to understand how this miRNA may
affect the survival of cancer cells in the heterogeneous tumor microenvironment. Finally,
with our investigations of the functional effects of miRNA 3’ additions, we have
examined a potential new avenue for the selective stabilization of miRNAs. Together, our
work has identified novel regulatory relationships between miRNAs and proteins that
may inform future studies to modulate the activity of individual miRNAs. By

understanding the mechanisms of miRNA activation and repression, we may increase the
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utility of miRNAs as potential diagnostic or therapeutic tools. Future work is now needed
to address the interplay between these regulatory components in disease, and to
understand the unique contributions of miRNAs to the gene expression patterns of the

cell.
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