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Abstract

Detection, Quantification, and Characterization
of Diverse RNA Transcript Isoforms

by
Shannon Layne Hateley
Doctor of Philosophy in Molecular and Cell Biology
and the
Designated Emphasis in Computational and Genomic Biology
University of California, Berkeley

Professor Lior Pachter, Co-Chair
Professor Michael Eisen, Co-Chair

RNA sequencing (RNA-Seq) is a powerful technique to assess gene expression and to
characterize RNA transcripts, as it allows for high-throughput study of RNA at a
nucleotide resolution. It can provide transcriptome-wide information on alternative
splicing, novel transcripts, tissue-specific and allele-specific expression, and RNA-
DNA differences. While high-throughput sequencing has revolutionized RNA
research, there are several challenges associated with its application. The limiting
factors in the utility of any RNA-Seq experiment are two-fold: (1) at the experimental
stage, correctly isolating and preparing the sample so as to capture all transcripts of
interest, and (2) at the data analysis stage, utilizing the right computational methods
to accurately assign sequencing reads to the correct transcripts. Non-canonical
isoforms can easily be missed by standard methods at either stage. As RNA exists in a
multitude of forms corresponding to its diverse functions, with variations in
sequence, length, shape, and number, it is important to develop sequencing methods
that are capable of capturing this diversity.

Herein, we describe methods for performing RNA sequencing experiments
and data analysis, illustrate their utility in experimental studies using Drosophila
melanogaster, and present novel methods for the detection, quantification, and
characterization of two non-canonical transcript isoforms: the fusion transcript and

circular RNA.
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| Introduction to RNA



The Complexity of RNA

For every defined rule in molecular biology there are discovered as many specific
exceptions to that rule. Take, for example the following:

Rule: The genetic code corresponds to twenty amino acids and three stop codons.
Exception: Selenocysteine is conditionally coded via the umber stop codon in the presence
of selenium and a characteristic stem-loop structure sequence (Bock et al. 1991).
And
Variations on the standard code exist for human mitochondrial, Candida albicans,
and Mpycoplasma genes (Barrell, Bankier, and Drouin 1979; Santos and Tuite
1995; Yamao et al. 1985).

Rule: DNA exists in a right-handed double helical structure.
Exception: Left-handed Z-form DNA exists (Mitsui et al. 1970).

Rule: Translation begins at the 5" end of mRNA molecules.
Exception: Internal ribosome entry sites (IRES) allow for translation in an end-
independent manner (Pelletier and Sonenberg 1988).

Rule: Proteins are the only biological molecules that can catalyze chemical reactions.
Exception: Ribozymes are RNA catalysts (Kruger et al. 1982) and it is the ribosome that
performs protein synthesis (Nissen et al. 2000).

New discoveries regularly reshape our understanding of the molecular world. In
many cases a finding that at first appears to be an exception to the rule, with further
study grows into its very own branch of research. This phenomenon is no more
prominent than in the study of RNA.

Originally defined as a support structure and passive intermediary between
DNA and protein, RNA has been found to participate in everything from epigenetic
regulation to enzymatic activity. Small RNAs can act as scaffolds in chromatin
structure modification and transcriptional silencing (Holoch and Moazed 2015), are a
central cofactor in RNA splicing, and can guide DNA methylation (Morris and
Mattick 2014). Catalytic RNAs, or ribozymes, perform protein synthesis and cleave
self- and other- RNAs (Walter and Engelke 2002). RNA can be moditied 7z vzvo from
the DNA sequence from which it was transcribed either with RNA-editing (even
restoring the ancestral sequence from a less-stable DNA mutant (Bar-Yaacov et al.
2013)), or with 3’-5” splicing, abnegating the linearity of DNA sequence by becoming
a circularized transcript (Salzman et al. 2012). The vast agency of RNA grows more
apparent with each characterization of a new RNA class. Figure 1.1 presents an
abridged timeline of RNA discovery, illustrating the diversity RNA roles. By most of
today’s estimates, the number of non-coding genes in humans is greater than the
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Figure 1.1 Timeline of RNA discoveries

Reproduced from Morris and Mattick 2014. Abbreviations: AGO, Argonaute; AIR, also known as AIRN
(antisense of IGF2R non-protein coding RNA); CRISPR, clustered regularly interspaced short palindromic
repeat; DNMT3A, DNA (cytosine-5)-methyltransferase 3A; ENCODE, Encyclopedia of DNA Elements;
EZH2, enhancer of Zeste 2; H79, H19 imprinted maternally expressed transcript; HDACT, histone deacetylase
1; hnRNA, heterogeneous nuclear RNA; HOTAIR, HOX transcript antisense RNA; IncRNA, long non-coding
RNA; miRNA, microRNA; ncRNA, non-coding RNA; piRNA, PIWI-interacting RNA; PRC2, Polycomb
repressive complex 2; PTGS, post-transcriptional gene silencing; RNAi, RNA interference; TGS,
transcriptional gene silencing; tiRNA, transcription initiation RNA; XIST, X inactive specific transcript.



number of protein coding genes, suggesting that the focus in multicellular organisms
should be shifted away from gene-level analysis and towards transcriptional analysis,
regarding “genetic loci as ‘fuzzy’ transcription clusters” (Morris and Mattick 2014).
The emerging view of the transcriptional landscape is one of dynamic, interconnected
complexity. RNA has come a long way from mere messenger: it takes part in
transcription, translation, and protein function. RNA is the Swiss Army knife of the
cellular world.

Preparation and Sequencing of RNA

Because of its central role in so many aspects of cellular function, discovering and
characterizing RNA in its many forms is essential to understanding molecular and cell
biology. Much of current RNA research takes advantage of advances in sequencing
technology. RNA sequencing (RNA-Seq) facilitates fast, sensitive, and high-
throughput study of RNA at single-nucleotide resolution (Han et al. 2015). Paired
with downstream analysis methods, RNA-Seq can identify new and existing RNA
transcripts, characterize sequence anomalies such as differential splicing and sequence
variants, and quantify transcript abundance. Multiple platforms have been developed
for RNA-Seq. This dissertation focuses on the most popular platform, Illumina
sequencing-by-synthesis (Mortazavi et al. 2008). In a standard RNA-Seq experiment,
as outlined in Figure 1.2, purified RNA molecules are converted into a library of
template DNA suitable for high-throughput sequencing through a series of molecular
transformations. First, the RNA is fragmented using divalent cations and temperature
elevation. Next, reverse transcriptase and random primers copy the RNA fragments
into first-strand complementary DNA (cDNA). DNA polymerase synthesizes the
second strand of the cDNA. The double-stranded cDNA undergoes end repair,
adenylation, and adapter ligation. The prepared fragments are purified and enriched
using PCR to create the final cDNA template library. This library is submitted to
cluster generation and finally to sequencing on the sequencing-by-synthesis machine.
While high-throughput sequencing has been revolutionary in the detection and
characterization of RNA isoforms, the procedure is not without its challenges.
Ribosomal and transfer RNA make up approximately 80% and 15% of total RNA,
respectively (Lodish et al. 2000). The interest of most RN A-Seq experiments is in the
remaining 5% of the sample. Sequencing RNA e# 710 would dilute the sequencing of
any transcripts of significance. When performing RNA-Seq for most applications, it is
important to reduce the amount of ribosomal RNA present in the sample. The
standard method for RNA-Seq library preparation in eukaryotes utilizes poly(A+)
selection, a method to retain only those transcripts which are polyadenylated, namely
messenger RNA (mRNA). This method is commonly referred to as mRNA-Seq and
allows for analysis of protein-coding gene expression, gene fusion detection, and
alternative splicing. For analysis of non-coding and other non-polyadenylated RNAs,
ribosomal RNA depletion of total RNA is performed before sequencing preparation.
This method is becoming more common as the study of non-canonical, non-coding
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RNA becomes more popular and ribosomal depletion becomes more efficient. Many
RNA selection, depletion, and library preparation techniques have been developed
for isolating various types of transcripts including methods for small RNA, targeted
regions, and direct RNA sequencing (Ozsolak et al. 2009). Awareness of the biases
and trade-offs in sequencing library preparation, and alteration of methods according
to the desired outcome, enables researchers to use RNA-Seq to detect a multitude of
RNA transcript isoforms.

RNA-Seq Data Analysis

Advances in experimental methods have increased the power of RNA-Seq for
transcript detection. Improvement of the downstream computational steps is equally
important. RNA-Seq data analysis is an active field of research, composed of multiple
steps: processing the RNA reads, providing accurate annotations, quantifying
transcript abundance, determining gene expression across samples, inferring systems-
level interactions, and generating meaningful data visualizations. See Figure 1.3 for a
typical RNA-Seq workflow. While much work has been done in the field, there is still
much room for improvement. The utility of high-throughput sequencing has been
limited by the bioinformatic challenges associated with processing and analyzing the
vast amount of output data (Conesa et al. 2016). Many RNA-Seq analysis programs
require significant computational resources, time, and computer science and statistics
expertise, all of which limit the utility of such programs to biologists. As RNA-Seq
continues to increase in popularity because of its ability to study transcriptome-wide
expression in a vast array of experiments, establishing faster and more robust
methods for RNA-Seq data analysis will be of great benefit to the research
community.

In standard RNA-Seq data analysis, reads are aligned to a reference genome or
transcriptome and transcript abundance is estimated. This can be a lengthy process.
For example, using the common TopHat2-Cufflinks workflow (Kim et al. 2013, 2;
Trapnell et al. 2012) on 20 samples of 30 million RNA-Seq reads each, alignment
takes 28 core hours on 20 cores and quantification takes another 14 hours. Newer
methods that utilize streaming algorithms (Roberts and Pachter 2013) or k-mer
matching (Patro, Mount, and Kingsford 2014) have been introduced that speed up
the processing, albeit with less accurate transcript quantification. Most recently, the
application of k-mer pseudoalignment (Bray et al. 2016b) has sped up RNA-Seq
quantification by two orders of magnitude from previous leading programs, while
also improving abundance estimation. Utilizing this fast, computationally inexpensive
method for isoform detection allows for iterative development of best-in-class
detection tools, an example of which is described in detail in Chapter Three.

Most RNA-Seq analysis workflows have been designed for detection and
quantification of reads from linear mRNA transcripts. As non-coding RNA and non-
canonical isoforms appear to make up the majority of RNA expression, there is an
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Reproduced from Han et al. 2015. RNA-Seq can be divided into three parts: experimental wet-lab work,
computational biology of processing reads and assigning reads, and biological interpretation.

obvious need to shift focus from solely characterizing linear, polyadenylated mRNA,
to a more diverse detection strategy. In order to detect non-canonical isoforms, the
standard rules must once again be redefined.

Overview of Dissertation

RNA functions in a multitude of ways, and its characterization is a costly and
challenging process. Therefore, it is vital to develop methods to recognize transcript
isoforms that otherwise remain unobserved. Herein, we describe methods for
performing RNA sequencing and analysis, illustrate their utility in experimental
studies, present examples of non-canonical RNA transcript isoforms, and suggest
novel methods for their detection.

Chapter Two presents techniques to create, analyze, and compare datasets from
research conducted in collaboration with the Biomodal Performance and Behavior
Laboratory in the Space Biosciences Division of NASA. Focusing specifically on one
of many studies conducted in this collaboration, it presents a systems-level study of
D. melanogaster pupae developed in hypergravity. RNA sequencing lends itself
exceptionally well to the exploratory nature of space research, as it can answer a wide
range of questions and offer strategies to probe into many aspects of functional and
molecular biology. Efficient sample processing methodologies, coupled with tools for
downstream analysis, are particularly important here because the scarce resources and
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technical constraints of spaceflight often limit the number of studies possible.
Improved RNA-Seq methodologies will provide a robust, relevant resource for
standard lab-based studies, space biology research, and beyond.

Chapter Three presents the development and testing of an RNA-Seq analysis tool
for detecting a non-canonical form of transcript: the fusion transcript. Through
reanalysis of “unaligned” reads, the detection, assembly, and quantification of fusion
transcripts is achieved. This method exemplifies the canon that new discoveries are
often waiting to be found in previously discarded data.

Chapter Four presents detection of circular RNA across time points in developing
D. melanogaster embryos utilizing single embryo collection, specialized molecular
processing, and modification of standard downstream computational tools. This
illustrates the full workflow of an RNA sequencing experiment, from experimental
design, biological sample generation, RNA extraction and library creation, analysis
design, and transcript detection and quantification.



2 Transcriptomic Response of Drosophila
melanogaster Pupae Developed in Hypergravity

This chapter has been previously published as an open access article, with reprint
approval by all authors, as:

Hateley, S., Hosamani, R., Bhardwaj, S. R., Pachter, L. & Bhattacharya, S.
Transcriptomic response of Drosophila melanogaster pupae developed in
hypergravity. Genomics 108, 158—167 (2010).
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I. Introduction

During the pupal stage, most holometabolous insects undergo an extensive
metamorphosis from larva into winged adult. Larval structures are degenerated while
adult structures are formed from the imaginal discs and histoblasts. This
metamorphosis is tightly regulated transcriptionally, and is evolutionarily conserved.
It also depends on Earth's gravity. For example, the orientation of the pupa is
dependent upon gravitational cues for proper alignment (Jander 1963) and deviation
to microgravity or hypergravity environments can profoundly influence
metamorphosis and alter associated gene expression (Herranz et al. 2010).
Comprehensive gene expression analysis is therefore necessary to understand the
underlying molecular response of developing pupae in altered gravity environments.

To date, gene expression studies on the response to altered gravity have
mostly utilized microarray technology. Herranz et al. measured transcriptional
response to simulated micro and hypergravity in D. melanogaster pupae via microarray,
discovering that a significantly higher number of genes related to metamorphosis
were changed in hypergravity (2 g) than in simulated microgravity (Herranz et al.
2013). Pupae exposed to even higher gravitational forces (6 g and 12 g) exhibited
altered mRNA expression across multiple pathways, upsetting diverse physiological
functions and behaviors (Herranz et al. 2013). In another microarray study by
Herranz et al., imagoes developed entirely in a diamagnetic-levitation—induced
microgravity or simulated hypergravity (2 g) environment revealed changes in gene
expression linked to immunity, stress, and temperature-response (Herranz et al.
2012). Other research efforts, focused on the effect of hypergravity on aging,
physiological stress, and behavior (Le Bourg et al. 2000), have shown that chronic
hypergravity (3 g and 5 g for two weeks) has a beneficial effect on longevity,
resistance to heat, and behavioral aging in adult D. melanogaster. Conversely,
hypergravity in combination with cold stress can have negative impact on these same
traits (Le Bourg 2012). Lifelong exposure of flies to different hypergravity (4 g, 5 g,
7.38 g) conditions can also have negative effects on longevity (Minois 2006). The
wide-ranging scope of these results highlights a complex interplay between biology
and gravity. Further characterization of the effects of altered gravity on an organism
would benefit from the use of RNA sequencing, with its ability to address global
transcriptional changes with reliable accuracy, higher sensitivity in measurement, and
power to detect novel transcripts.

Here, we have characterized the effects of hypergravity on the D. melanogaster
transcriptome via differential expression analysis of RNA-Seq data from 3 g—exposed
and 1 g—control pupal samples. Our data reveal significant alterations in the
expression of genes involved in ion transport, oxidative stress, immune function,
proteolysis, and cuticle development in response to chronic hypergravity in D.
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melanogaster. Understanding the role of gravity in development contributes to
knowledge of basic developmental biology and is a critical aspect of space biology
research.

2. Results and Discussion

2.1 Hypergravity Accelerates Time to Pupal Development

To see if gravity-induced gene expression changed in proportion to increase in
gravitational force, in addition to 3 g samples, we also allowed D. melanogaster to
develop at 5 g and 8 g for evaluation using qRT-PCR. Pupae that developed at 3 g
from egg to stage P6 (Campos-Ortega and Hartenstein 1985) did not show any
change in developmental phenotype. However, as we increased gravitational force
from 3 g to 5 g, pupal development accelerated significantly, as evidenced by a higher
number of advanced stage pupae and increased eclosion rate compared to 3 g (Table
2.1). Next, we increased g-force to 8 g and looked for developmental defects. At 8 g,
egg laying and hatching were minimal. While at 1 g and 3 g around 150 pupae
developed, at 8 g only 16 were counted. Among the 16, 9 developed into 3rd instar
larvae and died before pupation, and only 7 attained pupal stage. The 8 g
environment was detrimental to normal development. The low count of pupae and
adults at 8 g (Table 2.1) illustrate that the force exceeded the viability threshold.
Those that did manage to pupate developed at a much faster rate than at 5 g.
Previous studies have shown that heat stress can accelerate growth in Drosophila
(Petavy et al. 2001). To ascertain whether this phenotype was due to a change in
gravity or due to heat stress, we fixed an iButton to the rotating arm inside the
centrifuge to monitor the temperature profile through the course of the experiment.
The iButton recorded the temperature every 15 minutes until the end of the
experiment. The temperature ranged from 22.5 to 24.5 °C inside the centrifuge,
indicating no significant change in both the 3 g and 5 g environments. These data rule
out the possibility of heat stress influencing the developmental process in pupae.
Thus, chronic hypergravity significantly influenced pupal development.

Table 2.1 Count of pupae reaching three developmental stages at different gravities

1g 3g 5¢ 8z
Early pupae 151 149 142 0
Dark pupae 2 3 16 7
Adult eclosion 1 1 8 0

Pupal development was monitored and samples were counted immediately post-centrifugation. While there was
no change in pupal development at 1 g and 3 g, at 5 g we observed some acceleration in pupal development. At
8 g there was a profound effect on development and survival as was evident from the low pupal counts.
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A clear change in developmental phenotype was evident as we increased the
gravitational acceleration from 5 g to 8 g. However, we were specifically interested in
understanding the transcriptional response to 3 g for two reasons. First, during space
flight, astronauts are not only exposed to microgravity but also experience around 3 g
during launch and 3 g or more during reentry. More importantly, chronic
hypergravity models have been exploited to complement and predict microgravity-
associated changes (Herranz et al. 2013). Since 3 g exerts enough force for chronic
hypergravity exposure without decreasing overall viability, we sought to elucidate 3 g-
induced transcriptional changes in D. melanogaster pupae in our study.

2.2 Hypergravity Induces Consistent Transcriptional Response

To discern the transcriptional response to hypergravity, we performed differential
expression analysis on control and 3 g-exposed pupae. First, poly(A+) libraries from
four control and four 3 g samples were pooled and sequenced on one lane of the
Ilumina HiSeq 2000, yielding a total of 214.5 million Casava quality-filtered reads
(Bolger, Lohse, and Usadel 2014). After trimming, reads were aligned to the D.
melanogaster reference transcriptome using Bowtie 2 (Langmead and Salzberg 2012)
and transcript abundances estimated using eXpress (Roberts and Pachter 2013).
Principal component analysis (PCA) revealed the gene expression data are well
clustered between different biological replicates of both control and hypergravity-
exposed samples, suggesting hypergravity is the greatest variable factor across
conditions (Figure 2.1a). Due to technical constraints (see Section 4.2 for details),
pupae could not be sexed before sample preparation. To check for possible sex bias
of pupae and ensure that sex was not a confounding factor in our analyses, we
compared Y chromosome and sex-specific gene expression across samples. Y
chromosome transcripts confirm that males were present in each sample, with
expression patterns uncorrelated to PCA components 1 and 2 (Figure 2.1b).
Comparison to the sex-specific transcripts in identically-staged pupae as detailed by
Lebo (Lebo et al. 2009) show only 19 of the same genes to be significantly
differentially expressed, of which there is no sex-specific bias per sample or between
conditions (Figure 2.1c,d). Differential expression analysis with DESeq2 (Love,
Huber, and Anders 2014) revealed 1,513 genes were significantly (q < 0.05) altered in
response to chronic hypergravity, of which 704 were upregulated and 809 were
downregulated in 3 g samples compared to control (For complete table of genes, with
functional classifications, see Supplemental Table S1 of published edition (Hateley et
al. 2016) of study). Gene ontology analysis was performed using the PANTHER
classification system (Mi et al. 2016). Among the 1,513 genes differentially expressed,
as many as 475 genes have no defined information on their molecular functions or
biological processes. This study focuses upon the remaining 1,038 genes. Based upon
the hierarchical relation of gene ontology molecular and biological associations (Gene
Ontology Consortium 2016), we divided the 1,038 genes into 13 functional

12



Q
~

PC2: 16% variance

b)

] G3Ra
oR
| e T
afRs
i G3R2
| G3R1
1 G3R3
1 cRa
PC1: 56% variance
Y chromosome TPM (normalized)
400
350

Transcripts per million

300

250 — .
200 -
150
100
50 .
0 - T . . T T : .

G1R1 G1R2 G1R3 G1R4 G3R1l G3R2 G3R3 G3R4

Transcripts per million

Sex-specific TPM (unnormalized)

10000
9000
8000
7000
6000
5000
4000
3000
2000
1000

G1R1 G1R2 G1R3 G1R4 G3R1 G3R2 G3R3 G3R4

13




Sex-specific gene expresssion

d) s

3G samples
HEl sex specific
5 male genes
female genes

Fold change

2 —~ <t > £ — ~ — o} < © o < © o o0 o — o~ o)
+ — © + o © o™ (5} ~ M ©O o~ < X~ < — < o N
(%] o) © 1 <) ™M ~ < — © m © - + o x <t m [ee}
[=)] o - < ™~ m ~ [ — [Te} © o ] [} —~ ™~ o~
= [G] O [G) (G G} o m — — o o (G G} ™m

o o o o o o G} G} [G] S o o [G]
o o o o

Figure 2.1 Comparison of sex-specific genes to ascertain bias in data

Previous page: a) Principal component analysis (PCA) shows samples segregate along PC1 (principal
component 1) between treatment (gold) and control (purple). b) Y chromosome-specific gene expression,
normalized for across-sample comparison, shows at least one male was included in each pooled sample. The
variation in Y-originating transcript TPM (transcripts per million) does not correspond to PC1 or PC2 in (a),
indicating sex is not a major variable factor between conditions. c) Expression of the 19 genes from (d) shows
per-sample ratio of male-specific (blue bars) to female-specific (red bars) genes do not correlate with principal
components 1 and 2. This page: d) Fold-change expression of sex-specific genes in male (blue background) and
female (red background) P6 pupae (green bars) as detailed in Lebo et al. compared to log2 fold-change
expression in this study's hypergravity pupae (gold bars). Spearman correlation is not significant (Male genes (n
= 5): tho = 0.900, pval = 0.037380, female genes (n = 14): tho = 0.3231, pval = 0.259874), indicating sex of
pupae is not a major confounding factor between 1 g control and 3 g treatment samples. GIR1 = 1 g force
control, replicate 1. G3R1 = 3 g force treatment, replicate 1.

14



Number of DE genes per functional category

Lipid/metabolic
*Defense

*Cuticle

Transferase

*Translation calcium

*Proteolysis B potassium
*Transport

*Redox

Bsodium

Binding other

Other

Uncharacterised

0 50 100 150 200 250 300 350 400 450 500

Figure 2.2 Hypergravity-induced gene expression and functional categories

Based on gene ontology analysis, the differentially expressed (q < 0.05) genes in pupae developed at 3 g were
assigned to 13 different categories. This classification was guided by the molecular function of the genes and
their associated biological processes. Significant categories as determined via statistical overrepresentation and
enrichment tests are indicated with asterisks.

classifications (Figure 2.2). Using PANTHER statistical overrepresentation and
enrichment tests along with these functional classifications, we determined that the 3
g treatment predominantly affected five major processes: ATP synthesis/redox, ion
channels/transport, defense/immunity, cuticle development, and proteolysis.
Overrepresentation tests reported entichment of ion channel/ transport genes up to
5.3 times (padj = 5.70E-05), cuticular genes up to 3.0 times (padj = 1.68E-05), and
redox genes up to 6.0 times (padj = 4.37E-04) their expected levels compared to
control genes. Translation related genes were also overrepresented up to 2.2 times
(padj = 7.95E-00), but with minimal fold change in expression. The enrichment tests
found defense and proteolysis genes to be enriched (padj = 2.27E-03 and 3.08E-08,
respectively), and redox genes to be under-enriched (padj = 6.59E-03). (For results of
statistical tests, see Table A.1-A.4). The major affected processes are discussed in
detail in Section 2.4.

2.3 Extrapolation with gRT-PCR
We selected 18 differentially expressed genes representing the diverse biological

functions for further study using quantitative RT-PCR. Comparison of RNA fold-
change and pattern of gene expression between RNA-Seq data and quantitative RT-
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PCR is highly consistent across biological replicates (Figure 2.3) with Spearman
correlation = 0.885, p = 1.075e-00.

After confirming our RNA-Seq results from the 1 g and 3 g conditions, we
examined whether there was any relationship between changes in gene expression
and changing gravitational force by performing qRT-PCR on pupae exposed to
increasing gravity levels (3 g, 5 g and 8 g). There was no clear dose-responsive pattern
observed in gene expression of these genes at the higher g-levels (see Section 4.5 for
methods and Table A.5 for qRT-PCR data). This is consistent with the fact that
higher g-loads seem to induce additional stressful effects on the flies including
affecting development at 5 g and loss of viability at 8 g (Table 2.1).

14
#mRNASeq iiqRT-PCR
12

10

Log?2 fold change over1g
=

Figure 2.3 Comparative gene expression from RNA-Seq and qRT-PCR
Comparative log2 fold change expression of representative genes across the diverse categories of functions
obtained by RNA-Seq and qRT-PCR analysis.

2.4 Major Processes Involved in Hypergravity Response

2.4.1 Hypergravity Alters Expression of Genes Encoding Mitochondrial Electron Transport,
Oxidative Phosphorylation, and Redox Status

Of the 1,038 differentially expressed genes, 17.5% (182 transcripts) were
related to mitochondrial electron carrier activity, TCA cycle, oxidative
phosphorylation, and redox, with 140 downregulated and 42 upregulated in the
hypergravity environment (Table 2.2). Notably, genes related to all four electron
transport chain (ETC) enzymes (Complexes I, II, III, & IV) and hydrogen-exporting
ATP Synthase (Complex V) were highly downregulated. These robust changes may
indicate impaired mitochondrial function and ATP synthesis in pupae subjected to
chronic hypergravity. Anomalous ETC enzyme activity can cause electron leakage
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and free radical generation in mitochondria, leading to the state of oxidative stress
(Cadenas and Davies 2000). Decrease in the expression of these important genes in
pupae developing in a hypergravity environment might adversely impact the process
of metamorphosis.

Genes in the cytochrome P450 family (terminal oxidase enzymes in the
electron transfer chain) were significantly elevated in hypergravity, suggesting a
change in redox homeostasis. Increased expression of cytochrome P450 genes here
could partially explain the induction of oxidative stress in hypergravity-exposed pupae
due to impaired mitochondrial function and ATP synthesis. Some studies suggest that
mild hypergravity exposure is beneficial to the stress response of adult flies, although
no correlation with antioxidant defense, particularly SOD and catalase activity, was
found (LLe Bourg and Fournier 2004). Conversely, several reports have indicated that
altered gravity (hypergravity/microgravity) induces oxidative stress in multiple
organisms (Sajdel-Sulkowska et al. 2007). A recent study with endothelial cells found
a significant decrease in expression of genes related to oxidative phosphorylation in
microgravity (Versari et al. 2013). Similarly in rodents, spaceflight-induced
impairments to mitochondrial function, redox status, and associated oxidative stress
were reported (Stein 2002). In the same study, post-flight-induced lipid peroxidation
and diminished antioxidant defense were attributed to the stress associated with
reentry into the Earth's gravity, including a brief hypergravity exposure.

2.4.2 Hypergravity Affects Ion Channels | Transmembrane Transporters

Metamorphosis in pupae involves the dramatic rearrangement of cells and
changes in cell adhesion. To sense and respond to an external physical force that may
affect the precision of these rearrangements, cells can activate mechanosensors. Ion
channels and transmembrane transport proteins can transduce mechanical force into
biochemical cell signaling pathways (Cheng Zhu, Gang Bao, and Wang 2000). In our
study, GO classification revealed that expression of several ion channel and
transmembrane transport protein genes were altered in response to hypergravity.
Among the 158 genes (15% of the total) in this category, 94 genes were
downregulated and 64 upregulated. Nearly half (73 of 158) are related to Na+ (26)
Ca2+ (34) and K+ (13) ion channels (shown in Figure 2.4 ab,c respectively). The
majority of the transcripts related to Na+ and K+ ion channels (16 of 26 Na+ and 10
of 13 K+) were decreased in expression in hypergravity compared to control. Na+
and K+ ion channels ensure optimum action potential across the membranes of
excitable cells such as neurons and myocytes (Alberts et al. 2002). A decrease in the
expression of these channels in response to hypergravity could impair the action
potential across the cell membrane, ultimately affecting neurotransmission and
muscle contraction in pupae. We also observed that most genes related to Ca2+ ion
binding and Ca2+-dependent ion channel activity were downregulated (26 of 34
Ca2+-related genes) whereas only 8 were upregulated (Prestin, aralarl, Trpml, Rgkl,
aay, Rph, Fim, and Cib2) in response to hypergravity (Figure 2.4b).
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Table 2.2 Hypergravity-induced changes in redox genes
Upregulated genes

Gene Log2 FC*  P-Value**
lox 5.698 2.36E-43
CG2070 4.045 2.38E-13
CG11878 3.600 4.10E-17
Eo 3.432 1.66E-21
Cyp304al 2.544 4.01E-49
CG4623 2.502 5.77E-32
CG11353 2.423 2.01E-22
Fhp2 2.167 3.30E-05
CG10131 1.957 6.69E-07
CG9914 1.831 2.06E-05
Impl 3 1.662 0.000119
Cyp6a8 1.661 0.000583
CG12268 1.637 0.000711
mex1 1.595 3.24E-05
CG9518 1.590 0.001960
CG9747 1.582 0.001417
GILT? 1.566 0.001001
Spat 1.562 0.000268
CG10211 1.552 0.001267
CG9512 1.538 0.000275

Top 20 upregulated and downregulated genes related to oxidation-reduction, electron transport chain, and
TCA cycle in pupae that developed in hypergravity compared to 1 g. *Upregulated and downregulated genes

Downregulated genes

Gene Log2 FC*  P-Value**
Pxd -2.956  3.90E-29
CG30427 -2.791 2.31E-12
v(2)k05816 | -2.200  9.74E-06
Pdp -2.140  3.31E-05
Cyp6wl -1.955  0.000484
CG40485 -1.953  9.02E-07
CG34172 -1.953  6.32E-09
CG8757 -1.618  0.000672
CG8630 -1.587  7.04E-05
kdn -1.413  2.65E-05
Op4pl -1.371 5.97E-05
/(2)01289 -1.365  8.60E-05
CG5955 -1.332 1.00E-06
CGI150 -1.273  0.002439
Cyp6a9 -1.206  0.004563
CG4769 -1.201 5.24E-06
Opp4gl 5 -1.163  2.88E-05
(1)G0156 | -1.055  5.95E-05
CG5028 -1.041 6.08E-05
COyp311al -1.027 -4.10357

are indicated as positive and negative fold change respectively. **P-value adjusted for FDR = 0.05.
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Figure 2.4 Hypergravity-induced changes in transport genes

Nearly 15% of the differentially expressed genes were related to ion and transmembrane transport. Transport
genes have been further subdivided into sodium-related (a, previous page), calcium-related (b, previous page),
and potassium-related (c, this page) transport genes. Blue — Downregulation; Black — Upregulation.

Mechanical loading such as hypergravity can activate mechanotransduction
pathways. Several reports suggest roles of mechanoreceptors in sensing gravitational
acceleration (Burighel, Caicci, and Manni 2011). In mammals, mechanical stimuli play
a vital role in bone remodeling, especially bone cell differentiation, proliferation, and
maturation, which are extremely sensitive to mechanical cues (Kang et al. 2011).
Similarly, mechanotransduction pathways regulate root gravity-sensing cells and
calcium homeostasis in plants (Kolesnikov et al. 2015). However, it is not yet clear
exactly how altered gravity manipulates transport proteins and ion channel activity.
One possibility is that interaction between integral membrane proteins or the plasma
membrane itself changes in gravitational acceleration. Goldermann and Hanke (2001)
supported this hypothesis by demonstrating changes in native ion channels of the E.
coli outer membrane in response to altered gravity (Goldermann and Hanke 2001).
Furthermore, they confirmed that changes in acceleration can alter the structural and
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functional properties of alamethicin, a synthetic polypeptide that forms voltage-
dependent ion pores in artificial and biological membranes (Goldermann and Hanke
2001). These simplified membrane studies indicate detection of changes in
gravitational acceleration might be an intrinsic property of biological membranes.
Thus, changes in mRNA transcripts related to ion channels and transport could be
part of the mechanotransduction-mediated manipulation causing metamorphosing
cells in pupae to actively adapt to the change in gravitational acceleration.

2.4.3 Hypergravity Elicits Immune Response in Pupae

It is widely recognized that altered gravitational force has a profound influence
on immune function. Spaceflight and ground-based studies validate this in different
organisms (Sonnenfeld and Shearer 2002; Crucian et al. 2012; Guéguinou et al. 2012;
Marcu et al. 2011). In the present study, one major category of differentially
expressed genes related to immune pathways. 5% of differentially expressed genes
were immune-related genes that were highly upregulated in response to the chronic
hypergravity environment (Figure 2.5). The expression of several ecdysone-induced
genes with dual roles in both metamorphosis and defense response against bacterium
were significantly increased, suggesting a role of ecdysone hormone in regulating
innate humoral immune response. Juvenile hormone (JH) and 20-hydroxy-ecdysone
(20E) play critical roles in metamorphosis, and evidence suggests that both JH and
20E modulate innate immune response as well (Flatt et al. 2008). Related to this,
when we increased hypergravity to 8 g, we discovered not only accelerated pupal
development but also a significant reduction of adult eclosion. This phenotype may
partially be attributed to robust changes in the expression of ecdysone-induced genes
in response to hypergravity. Thus, it is likely that hypergravity not only alters
hormonal regulation, affecting metamorphosis in pupae, but also modulates innate
immune response. We also found increased RNA levels in specialized immune-
related genes including Mtk, Drs, Drsll, Drsl6, PGRP-SA, PGRP-SB1, PGRP-SB2,
spz3, IM2, IM3, ird1, Pirk, and AttB in response to hypergravity, suggesting a direct
impact on innate immune function. In the absence of microbial infection, increased
expression of antimicrobial peptides indicates an immune boost in response to
hypergravity. Additional studies support our finding that hypergravity boosts immune
function. Hypergravity-exposed flies (wild type and immune-compromised) exhibited
increased survival against fungal infection (Taylor et al. 2014). In addition, in the
absence of microbial infection, Lee et al. have shown that mechanical loading and
stress activate immune responses in rat and human cell lines (Lee et al. 2012). In
contrast, microgravity exerts the opposite response by compromising immune
function. For instance, adult flies returned from space showed increased vulnerability
to microbial infection (Marcu et al. 2011; Taylor et al. 2014). Similarly, previous
studies from our group also show altered expression of antimicrobial peptides in
response to space flight in both larvae and adults (Marcu et al. 2011). Hypergravity
may have an advantage in terms of host immune defense response to combat against
microbial infection.
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Among the 1,038 differentially expressed genes in pupae developed in hypergravity, nearly 5% are host-defense

Figure 2.5 Hypergravity affects defense genes

related genes. These host defense genes relate to microbes, Gram-positive and Gram-negative bacteria, fungus,

and virus. Blue — Downregulation; Black — Upregulation. For gene network keys see Figure 2.4.

22



ninaB

-1.41
Ccp84Aa Cpr72Eb
1.98
Lcpéd - 08 Idgf1
C
1.76‘ p‘l 30 resilin 1.42
; 0213** 4 -2.97 yellow-e
CG15756 Sl -1.46
Cpr3sB 78 Lcp65Ad Cpr64Ab Cpr50Cb CG13670 -
; 4.11 478 501 213 yellow=i2
3.94 0.82
222 .
Edg78E Cpreand e 9
4(7:;334461 fon A 3_0' 2.0 Cpro2F  yellow-e2 ldgf4
-4, . 43. Cpr62Bc dvi -4.94 . 1.06 0.71 CG11858
Cpri1B : -4.00 9 = CG13643 2024
TwdlBeta -1.46 Cpr76Bd Cpr47 i Cpr56F -2.35
3.15 -5.65 CprovEa 311 Sbr S Pl
CG1136 GriSaED : 198 @ cozzso2
-2.16 -1.40 -1.94 2.24
Cpr51A Cht4 Cpr76Ba .
p
-1.62 TwdIV . .3.30 423
2.06 Sequila CG13675
cpra7er 139 coi7sE 0.556 CPZes AR CGmO; o 2.16
a =1 h
Cpri2A 65 -3.95
3 Ass 1Pl -1.36 amd
1.34. -1.74 Cpr65Ec

Edg8aA 1.56 cot307s  MurisB
CG10625 cpro7eb 3274 6 i ® ®

1.71. -1.93 188 1~21. L5

CG5756

B\yy’ CG14880 p38c
3.54 ' obst-A -1.12

4.13. N Peritrophin-A 2 CG33985 ‘ 1.08

Peritrophin-15a b1 .2 08
-1.97 2 70. -1.63 )
4 / Muc11A
CG32036 .2‘67
-2.86 CG42397
ple CG8192 i
-1.72
1'89. CG43218

-2.62

Figure 2.6 Hypergravity alters chitin biosynthesis and cuticular genes

65 chitin biosynthesis and cuticular related genes wete altered among the pupae developed in the hypergravity
(3 g) environment compared to control 1 g pupae. Blue — Downregulation; Black — Upregulation. For gene
network keys see Figure 2.4.

2.4.4 Hypergravity Alters Genes Encoding Chitin Metabolism and Cuticle Development

During development, D. melanogaster produce five separate cuticles: three larval
cuticles (first, second, and third instar), a pupal cuticle, and an adult cuticle (Doctor,
Fristrom, and Fristrom 1985). Pupal cuticle is well understood as it is easy to
synthesize in vitro by mass-culturing imaginal discs under defined hormonal
conditions. The pupal cuticle proteins are synthesized in two phases by the imaginal
disc epithelium (Doctor, Fristrom, and Fristrom 1985). Prior to pupation, sets of
low—molecular weight proteins are synthesized and deposited. Post pupation, high—
molecular weight proteins are synthesized and incorporated into the pupal cuticle. In
the present study, 22 genes (12 upregulated, 10 downregulated) encoding chitin
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metabolic processes and 43 chitin-based cuticle development genes were altered in
response to hypergravity (Figure 2.6). Chitin plays a major role in structural integrity
by stabilizing the layered organization of the cuticle (Moussian et al. 2005). Changes
in the expression of these genes suggest altered chitin binding and metabolism. This
data corroborates well with previous findings, by Herranz et al., that genes related to
insect cuticle proteins were significantly altered during metamorphosis, with most
being downregulated (Herranz et al. 2013). In insects, cuticle serves a function similar
to that of the skeletomuscular system in mammals. However, unlike the mammalian
model, not many studies have been carried out in insects to understand the effect of
altered gravity on cuticle development and chitin biosynthesis. One study, carried out
on the space shuttle Challenger in 1985, found a pronounced decline in larvae
hatched from the embryonic cuticle, as well as alterations in larval head, anterior, and
thoracic cuticle segments (Vernos et al. 2002). Our research from Space Shuttle
Discovery (STS- 121, 2006) data revealed that defects in the pupal cuticle correspond
with decreased eclosion rate. Many of the flies attempting eclosion rather died half-
eclosed from the pupal case, suggesting that a structural change in the pupal case
during spaceflight prevented the flies from propetly eclosing (Hosamani, unpublished
observations). The significant defects in the embryonic, larval, and pupal cuticle
echoes the skeletomuscular system of mammals: like skeletomuscular tissues, insect
cuticle is highly vulnerable to microgravity/spaceflight effects.

In the present study, overrepresentation of cuticular genes due to hypergravity
lends support to the phenotypes observed in the spaceflight experiments and suggests
candidate genes affecting cuticle development in the pupae exposed to microgravity.

2.4.5 Proteolysis Altered in Hypergravity

During metamorphosis, active restructuring of organelles occurs in the early
pupa. A perfect balance between protein degradation and synthesis must occur during
this period (Udvardy 1993). Endopeptidases catalyze protein degradation, freeing
amino acids that in turn can be recycled for protein biosynthesis. Changes in
proteolytic gene expression (65 upregulated and 24 downregulated) in hypergravity
may indicate an imbalance in protein biosynthesis.

2.5 Additional Transcriptional Response in Hypergravity

59 genes encoding mitochondrial ribosomal proteins were significantly
downregulated. 37 large subunit (mRpL) and 22 small subunit (mRpS) ribosomal
protein encoding genes were decreased in their expression in pupae developed at 3 g.
Mitoribosomes are located in the mitochondrial matrix and synthesize proteins
involved in oxidative phosphorylation (Lightowlers, Rozanska, and Chrzanowska-
Lightowlers 2014). The expression of genes coding for mitochondrial electron carrier
activity, oxidative phosphorylation, and redox homeostasis were the largest group of
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genes altered in this study. Decrease in the expression of these genes could cause a
cell-autonomous defect in protein biosynthesis in hypergravity.

Nine genes with isomerase activity related to cuticle pigmentation and melanin
biosynthetic processes were altered in the hypergravity environment in pupae. Genes
related to carbohydrate, lipid metabolic processes, protein glycosylation, glycolipid
biosynthetic processes, catecholamine metabolism, acetyl-CoA biosynthetic
processes, xenobiotic metabolism, ketone body catabolic processes and
oligosaccharide biosynthetic processes were also altered in pupae developed in the
hypergravity environment.

2.6 Hypergravity Versus Pro-Oxidant—Induced Transcriptional Response

It has been reported that hypergravity exposure is associated with oxidative stress
(Versari et al. 2013). We sought to discern which gene expression changes in our
study were specific to hypergravity and which overlapped with other oxidative stress
responses triggered by common pro-oxidants. We compared our data with Girardot
et al, who studied transcriptional responses to common pro-oxidants such as
paraquat and hydrogen peroxide (Girardot, Monnier, and Tricoire 2004). While the
Girardot et al. study used adult flies and our study deals with early pupae, oxidative
stress response is conserved at a molecular level across the developmental stages and
across species (Davies et al. 2014; Feder and Hofmann 1999). With this caveat, we
compared our data to Girardot's results. Genes that were affected by hypergravity
and encode mitochondrial electron transport chain, redox, and oxidative
phosphorylation proteins significantly overlapped with those induced by paraquat and
hydrogen peroxide exposure. Chronic hypergravity might be inducing reactive oxygen
species (ROS)—mediated oxidative stress in pupae similarly to pro-oxidants in adults.
In contrast, genes encoding ion channel and transport proteins, cuticle development,
and immune response overlapped the least with previously published data. This
preliminary comparison of transcriptomic data suggests hypergravity may induce
oxidative stress comparable to many of these pro-oxidants, but that also it has
specific effects on mechanotransduction, cuticle development, and immune response.

To assure that these specific effects are unique to hypergravity, comparison of
our data to environmental stress-induced transcriptional responses reported by
Brown et al. 2014 show that, while hypergravity response is slightly correlated to
other stressors (Spearman between 0.27 for heat shock and -0.033 for 5mM
paraquat), the main responses elicited are particular to hypergravity (Figure A.1). 782
of our genes were altered under stress conditions in Brown et al., including broad
upregulation of cytochrome P450s across treatments (Supplemental Table S6 of
published edition). Correlation between our samples and the study's “homogenous
response to environmental stressors” could be affected by the latter's use of adult
flies verses our use of pupae.
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3. Conclusions

We performed RNA-Seq on pupae in hypergravity to determine the most important
factors in transcriptional response to abnormal gravity. We found 1,513 genes
differentially expressed in response to hypergravity, with 1,038 of the genes falling
into 13 functional categories. Using qRT-PCR, we were unable to find a linear
relationship between transcript levels and magnitude of g force, possibly because
higher g-levels caused non-specific stress and decreased viability. However, we did
find that increased gravitational force increases the rate of development. As the
expression profile for hypergravity deviates from other known stress expression
profiles, we conclude that this rate increase is a gravity-specific response. Further
studies will inform this observation.

In planning this study, we expected to see changes in specific developmental
pathways in D. melanogaster pupae since we had previously observed an increase in
pupal lethality after spaceflight (Bhattacharya, unpublished data). We found a wide
array of biological processes altered in response to hypergravity exposure. A possible
explanation for this diverse transcriptomic response lies in the evolutionary
adaptation of an organism like Drosophila melanogaster to Earth's gravity. Organisms are
constantly sensing and adapting to Earth's different environmental cues. Specific
genes accordingly have evolved in concordance with a constant gravitational force of
1 g. Orienting themselves with respect to Earth's gravity is an essential act of most
multicellular organisms including plants, arthropods, and chordates. It is to be
expected therefore that changes in gravity elicit responses in multiple pathways of an
organism. As a result, the transcriptome in its entirety may respond quite diversely to
cope with this change in gravitational force of three times its normal level. Thus, we
see hypergravity affecting a broad range of biological processes in Drosophila
melanogaster pupae.

4. Materials and Methods
4.1 Drosophila Culture and Maintenance

Canton-S wild type flies were cultivated at 25 °C and 50% relative humidity on
standard fly food (torula yeast 25.6 g; dextrose 103.2 g; cornmeal 48.8 g; agar as a
solidifying agent 7.44 g; and tegosept as an antifungal 18 mL/L. H20) with 12 h
light—dark cycles. To generate synchronized 2 to 3 day old F1 flies, adult flies were
allowed to lay for 48 h in a bottle, then parent flies were discarded, and the bottles
with eggs were allowed to grow into adult flies at 25 °C. From the F1 generation, 2 to
3 day old flies were used for the chronic hypergravity studies using standard
laboratory fly vials.
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4.2 Hypergravity Exposure

We define our hypergravity condition as 3 times the Earth's gravitational acceleration
(3 ). Hypergravity was mimicked using the standard centrifugation method (using a
modified BECKMAN GS-6R centrifuge designed to attain low g levels — 97 RPM is
equal to 3 g). For chronic hypergravity exposure, 20 female and 20 male synchronized
2 to 3 day old flies were allowed to lay eggs while being maintained in the 3 g
environment. Centrifugation was briefly stopped to discard the parent flies after 24 h
of egg laying, and then immediately continued until the eggs developed into P6-staged
pupae. P6-stage of pupae typically lasts between 25 and 43 h after pupation initiation
(white puparium stage). We ascertained this stage by isolating pupae at 40 h after
pupation, which is well within the P6 stage. The development of green malpighian
tubules is the hallmark of this stage, and we confirmed this by dissecting
representative pupae. Similarly, 1 g controls were maintained in the dark, with the
same angle of vial orientation so as to mimic the hypergravity-exposed flies. It is not
possible to sex pupae at stage P0, as the differentiating male sex combs do not darken
and become visible until stage P12 (Tyler 2000). We considered sexing at the larval
stage by looking for the enlarged male gonad and then separating the sexes into
separate vials to develop, but we were concerned that the time taken to do this would
interrupt the prolonged 3 g-exposure environment we were creating. Therefore we
used downstream statistical methods to confirm that our gene expression results
correlated with hypergravity treatment and not to the sex of the organism, as is
described in Section 2.2.

4.3 Total RNA Isolation and RINA-Seq Library Preparation

Post hypergravity exposure, P6-staged early pupae were collected. Using Qiagen
RNeasy mini kit, total RNA was extracted from four pooled pupae for both
conditions (3 g and 1 g), and in addition four such independent biological replicates
were processed to ensure statistical reliability. Total RNA for these 8 samples (4 from
each condition) were treated with DNase (turboDNase) and prepared for sequencing
(Mlumina mRNA TruSeq vol. 2 kit) as per the manufacturer's protocol. Size
distribution and concentration of DNA fragments were measured using chip
electrophoresis (Agilent Bioanalyzer) and fluorometer (Qubit 2.0). Indexed libraries
were pooled (8 samples total) and sequenced on one flowcell lane (Illumina HiSeq
2000) to obtain 100-base paired-end reads.

4.4 Transcriptome Analysis

Raw sequenced reads were filtered to remove reads not passing Illumina's Casava
quality score, and then trimmed (Trimmomatic) to remove adapters and low-quality
reads. Trimmed reads were aligned to the Drosophila wmelanogaster reference
transcriptome build r6.02 (Bowtie 2, default settings) Table 2.3 details reads for each
sample. Aligned reads were subsequently quantified (eXpress). The transcript TPMs
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were merged to gene level and scaled up (X100) for downstream analysis. Differential
expression analysis was performed (DE-Seq2) to measure fold change and
significance between 1 g and 3 g conditions. Genes with g-values = 0.05 were
considered significantly differentially expressed. Pathway analysis was performed to
determine significant affected processes (PANTHER). Using the Gene Ontology
hierarchical structure, where specialized ‘child’ terms are nested within broader
‘parent’ terms, we grouped terms that had the same molecular functions and
biological processes. PANTHER statistical overrepresentation tests for biological
processes and molecular functions were performed with the control samples' genes as
reference. PANTHER statistical enrichment tests were performed for biological
processes and molecular functions using default settings. All statistical tests were
corrected for multiple testing using the Bonferroni method. Results of these tests are
detailed in Appendix Tables A.1-A.4. Gene network figures were generated using
GeneMANIA (Warde-Farley et al. 2010). These networks provide information on
genetic interactions, physical interactions, co-expression, co-localization, and shared
protein domains between genes. Software versions and settings listed in Table A.6.

Table 2.3 Read details for samples

Raw Reads  Filtered @ Trimmed Percent

Sample = Index Adapter (Paired) Reads Reads Aligned
1GR1 16 CCGTCC 27199285 @ 24457692 24424375 92
1GR2 4 TGACCA 33305499 = 30090146 30050069 93
1GR3 5 ACAGTG 26332294 23850461 23818861 92
1GR4 6 GCCAAT 33587499 « 30248380 30206827 91
3GR1 7 CAGATC 29962438 © 26991097 26955295 93
3GR2 12 CTTGTA 30136115 @ 27189981 27152866 92
3GR3 2 CGATGT 26893693 = 24332694 24299836 92
3GR4 18 GTCCGC 30383814 27347784 27310536 93

4.5 qRT-PCR

Based on GO analysis, we selected 18 genes representing various pathways for
validation by qRT-PCR. Relative gene expression levels were quantified (7500 Real
Time PCR instrument from Applied Biosystems, and SYBR green PCR kit,
QuantiTect, Qiagen). Primers were designed (Primer-Blast, NCBI). Real-time cycler
conditions were: 95 °C for 15 min for initial activation step, and 40 cycles of 94 °C
for 15 s, 50 °C for 30 s, and 72 °C for 30 s for denaturation, annealing, and extension
respectively. Data was normalized to the reference gene alpha tubulin 84B. The
comparative cycle threshold (CT) method was used for data analysis. Primers used for
target genes listed in Table A.7. Results for qRT-PCR tests on samples exposed to 3
g, 5 g and 8 g are provided in Table A.5. Exposure to 3 g, 5 g and 8 g hypergravity
levels were conducted as described previously in Section 4.2 and corresponded to 97
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rpm, 161 rpm, and 258 rpm settings respectively on the modified BECKMAN GS-
OR centrifuge.

4.6 Availability of Data and Material

The datasets supporting the conclusions of this article have been deposited in NCBI's
Gene Expression Omnibus (Edgar, Domrachev, and Lash 2002) and are accessible
through GEO  Series accession number GSE80323  (https://www.ncbi.
nlm.nih.gov/geo/query/acc.cgi?acc=GSE80323). Other supporting material is
available within the published article and in the Appendix. Author contributions are
detailed in the published article. This work used the Vincent J. Coates Genomics
Sequencing Laboratory at UC Berkeley, supported by NIH S10 Instrumentation
Grants STORR029668 and STORR027303.

29



3  Fast Fusion Detection, Assembly, and
Quantification from RNA Sequencing Data
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I. Introduction

Accelerated acquisition of heterogeneous, somatic mutations across cells within a
tumor or pre-tumorous tissue is a widespread occurrence in most cancer types
(Hanahan and Weinberg 2000). Resultant mutations are sufficient to induce
tumorigenesis and drive tumor progression and metastasis through activation of
proto-oncogenes and deactivation of tumor suppressor genes. The accumulation of
mutations can be induced through the malfunction of several biological pathways,
involving several corresponding mutation classes (Stratton, Campbell, and Futreal
2009). One common and particularly deleterious class of mutation is chromosomal
rearrangement. Chromosomal rearrangements typically occur when two or more
double-strand breaks are incorrectly repaired through rearrangement, deletion, or
duplication. Large-scale changes to gene expression from such rearrangements are
associated with a number of disorders (Mertens et al. 2015). When the rearrangement
breakpoints are at gene regulatory and/or coding regions, the disruption can result in
a deregulated or a chimeric fusion gene (Figure 3.1). Gene fusions are associated with
many types of cancer and play a major role in tumorigenesis.

Coding Coding
Promoter /' sequences Promoter sequences

y

Deregulated gene Chimeric gene

Figure 3.1 Fusion genes resulting from chromosomal rearrangements
If the chromosomal rearrangement is made at coding and/or regulatory regions, a deregulated or chimeric gene
can occur. Lightening bolt indicates chromosomal breakpoint.

Specific gene fusions often correspond to specific tumor types. Recurrent gene
fusions occur at fragile genomic loci during tumorigenesis in certain leukemias,
melanomas, and carcinomas (Yunis and Soreng 1984). In chronic myeloid leukemia
(CML), a fusion between breakpoint cluster region (BCR) and Abelson murine
leukemia (ABL) virus genes leads to the recurrent BCR-ABL fusion which is present
in a large percentage of CML patients (Rowley 1973). This fusion is reported to
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transform healthy cells into cells with tumor characteristics, and has been successfully
targeted by Imatinib, one of the world’s first successful targeted therapies in terms of
extending patient overall survival time (Chin, Andersen, and Futreal 2011). Several
similar targetable gene fusions have been discovered. Because of this fusion-tumor
specificity, gene fusions are useful for cancer diagnostics and therapeutic drug
targeting (Mertens et al. 2015). One goal of major consortium efforts such as The
Cancer Genome Atlas (TCGA; Weinstein et al. 2013) and The Cancer Cell Line
Encyclopedia (CCLE; Barretina et al. 2012) is to detect recurrent fusion genes from
different cancer types based on sequencing information. Recently, for example,
recurrent receptor tyrosine kinase fusions were detected in gliomas (Cancer Genome
Atlas Research Network et al. 2015). These consortia hope to better characterize
cancer-associated fusions and to aid in developing additional targeted cancer
therapies.

Currently, most fusion detection methods rely upon RNA sequencing (RNA-
Seq) (Ozsolak and Milos 2011) because it is cost-effective, covers all expressed
regions of the genome, and is highly interpretable. Several computational tools to
detect fusions from RNA-Seq reads exist. Fusion detection tools typically operate via
three steps: First, detect “spliced” reads where the first part of the read maps to one
gene and the second part maps to another gene or detect “spanning” paired-end
reads where one entire read maps to one gene and the paired-read maps to another
gene. Second, aggregate reads into candidate fusion junctions through realignment-
based grouping. And last, filter candidate fusions based upon a number of heuristics
(Kumar, Razzaq, et al. 2010).

In practice, identification of gene fusions via RNA-Seq is difficult and error-
prone. While over 20,000 gene fusions have been identified in the three major
neoplasia subtypes, fewer than a 1,000 of them have been confirmed as recurrent
(Mertens et al. 2015). Factors contributing to the inflated number of positive fusions
include incorrect read mapping, transplicing, and template switching. Incorrect
mapping is often a result of fusion detection tools attempting to map fusions from
transcripts arising from repetitive regions of the genome such as germline segmental
duplications. Transplicing can induce read-through events, where transcription
continues across genomically adjacent genes to be transcribed into one RNA
transcript. Template-switching events also contribute to the count of false positive
gene fusions as the RNA polymerase jumps from one DNA template to another
during transcription (H. Li et al. 2009). These produce low but detectable baseline
levels of fusion genes in wild-type as well as cancerous cells, but are usually not of
interest in cancer sequencing efforts as they are not causally involved in
tumorigenesis, cancer progression, or metastasis (Gingeras 2009).

To filter out many of the false positives, fusion detection tools employ a set of
heuristics based upon the contributing biological factors just described, as well as a
number of ad hoc methods. Existing fusion detection tools each contain some
mixture of the following disadvantages: many hours to run, computationally
expensive, poot sensitivity/specificity, nontrivial to install, questionable heuristics, no
breakpoint resolution, no fusion quantification.
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With heuristics, there is a trade off between type 1 and type 2 errors. For
instance, by ignoring fusion genes originating from repetitive genomic regions, a tool
may filter real fusions that are important to cancer characterization (Kumar, Razzaq,
et al. 2016). It is an ongoing issue in fusion genomics how best to combine heuristics
in a way generalizable to the majority of fusion gene discovery use cases. This is due
in part to the wide range of genomic instability that tumors from different tissues
have exhibited. As a result, machine-learning based classifiers tuned on representative
datasets behave poorly when introduced to new tumor types (Beaumeunier et al.
2015). Additionally, fusion identification that relies upon first-generation alignment
algorithms is slow and computationally intensive because, in most methods, every
read must be split in a number of ways and positions and matched against all possible
regions of the genome through alignment during chromosomal rearrangement-
finding steps (Kumar, Razzaq, et al. 2010).

Here, we introduce an improved method for gene fusion discovery utilizing
the publicly-available software kallisto (Bray et al. 2016), based on pseudoalignment,
along with a downstream processing tool that (1) filters false positives using
biologically-relevant heuristics, (2) assembles transcripts at breakpoint resolution, and
(3) quantitates fusion abundance. This method is computationally and temporally
efficient, allowing for laptop-based analysis, clinical use, and investigation of large
cancer gene expression databases to probe for tumor-specific and cancer-type
agnostic recurrent fusions.

2. Methods

Fusion junctions are detected using a two-stage method. The first stage is
implemented in kallisto and detects individual reads or read pairs, whose parts
individually pseudoalign to the reference transcriptome but not when combined
together. Pizzly takes the output of the potential fusion junctions found by kallisto
and does a more detailed analysis of the reads by accurately aligning the reads across
the junction. Additionally, pizzly is annotation aware, i.e. it uses information about
the genomic coordinates and gene identities of each isoform when making a fusion
junction call.

2.1 kallisto Fusion Stage

The kallisto program was modified to search for reads that could support fusion
junctions. Kallisto uses a k-mer based index for the reference transcriptome when
computing a pseudoalignment for reads. For each k-mer the index records the set of
transcripts containing this k-mer, which is its equivalence class (EC). For normal
reads arising from a single transcript, all matching k-mers are supported by at least
that transcript and the intersection of the ECs for this read will be non-empty and
contain the true transcript. For reads or read pairs that span a fusion junction, the
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ECs from each side will have an empty intersection and thus be discarded from
further consideration by kallisto. In the modified version, we specifically look for read
pairs discarded because the intersection of ECs is empty, yet some k-mers matched.
Such reads are kept as part of the fusion output when either one of the following
holds: (1) each read has a non-empty EC intersection separately, but combined the
intsersection is empty (this consistent with Figure 3.2 “paired fusion reads,” where
the reads come from opposite sides of the fusion junction) or (2) one of the reads can
be split into two parts such that the first part of the read has a non-empty EC
intersection and the remainder of the read, along with the other read from the pair,
has a non-empty EC intersection (this is consistent with Figure 3.2 “split fusion
reads,” where one of the reads spans the fusion junction). When a potential split of
the reads has been identified, we check all matching k-mers and require further that
the union of ECs on either side is empty. This is to lower the number of false
positives due to reads from unannotated transcripts that look like fusions betwen
related transcripts. All read pairs matching these criteria are saved along with
supporting information about the matching transcripts.

fusion gene %

A4

fusion transcript %
paired fusion reaq 1 read 2
reads; == —
split fusion . readl read 2
reads: ==
read 1 read 2
]  —

Figure 3.2 Reads meeting specific criteria are passed to pizzly

A fusion gene, resulting from chromosomal rearrangement, is transcribed into a fusion transcript. Standard
kallisto does not pseudoalign reads spanning the fusion junction to the transcriptome. In the fusion-modified
kallisto, reads meeting specific criteria are passed to pizzly as fusion candidates.

2.2 pizgly Fusion Stage
Unlike kallisto, which is largely annotation agnostic, pizzly performs a more detailed

analysis of the reads to determine fusion breakpoints by taking the annotation of the
transcriptome into account. Pizzly accepts the annotation in GTF format, where it
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obtains the exact genomic locations of exons and whether or not the transcript is
annotated as protein coding.

The input to pizzly is the set of read pairs that kallisto flagged as potentially
spanning fusion junctions. In the first step of pizzly, each read is evaluated
independently and reads that are classified as false positives are rejected. Pizzly uses
several criteria to reduce the number of false positives. First, reads that map to
multiple genomic locations are discarded. Next, since kallisto is unaware of which
transcripts belong to which genes, its output contains many false positives where the
potential fusions are between two distinct transcripts from the same gene. These are
typically from transcript isoforms that were not present in the reference
transcriptome. These are discarded. The output of kallisto also contains many false
positives where read pairs originate from a single transcript with mismatches (SNP,
etc.) to the reference, but kallisto assigned it to two distinct but similar genes. Rather
than relying on annotation of gene families to filter these cases, we filter them using
approximate sequence alignments. We consider the matching k-mers of one end and
look for approximate matches to the transcripts of the other end (Figure 3.3). Rather
than aligning the k-mer matches to the entire transcriptome with mismatches, we
only consider the potential candidates kallisto identified for the other end. If any such
approximate match is found for either one of the ends, the read pair is discarded.

compatible transcript a

compatible transcript b

read 1

< (| >
k-mer
match?

Figure 3.3 A check for alignment to partner transcript ensures correct fusion

The k-mers from the first part of the candidate fusion, the blue “read 17, are aligned with mismatch allowance
to all compatible transcripts from the second part of the candidate fusion. If a match is found, this false
positive is discarded. The same is repeated for the other end of the candidate fusion.

Third, we require the entire read to align with mismatches to the transcripts
identified by kallisto. If each read aligns to representative transcript sequences, we
label the read pair as “paired” (Figure 3.2). In cases where either read cannot be
aligned to the potential transcript, we attempt to compute a split-read alignment
(Figure 3.4). In order to limit the potential for false positive splits, we restrict the
search space to only include split sequences that fit within a specified insert length
(Figure 3.5). Reads that can be split-aligned are labeled as “split.”
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Figure 3.4 A read can be split-aligned between the two fusion transcripts
Split-read alignments provide breakpoint sequence resolution.

max insert length

Exon 2A Exon 1B Exon 2B Exon 3B
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Figure 3.5 Split alignment search
The search space for split alighments is limited to the matching part of the compatible transcript up to the
fragment insert length.

Finally, when all the reads have been filtered, we aggregate the information on
a gene-to-gene fusion level, reporting the number of paired and split reads supporting
the fusion junction. Additionally, we report each potential transcript junction, the
number of read pairs supporting the transcript-level fusion as well as sequence of the
fused transcripts.

3. Performance Assessment

We applied our method to multiple datasets to assess the precision/recall,
computational cost, time, and ease of use of pizzly for fusion detection. To
benchmark our performance, we compared our results to leading available fusion
software packages, using the same datasets to evaluate the performance of each
program.

36



3.1 Datasets

We assessed performance on four types of data to represent a range of challenges in
gene fusion detection.

Positive Control
Two positive synthetic datasets of different read lengths were used, both
consisting of reads from the same 50 fusion transcript sequences:

a) A positive dataset containing 57,209 75nt paired-end synthetic reads corresponding
to 50 fusion transcripts, with 4,300 reads directly covering the fusion junctions. This
dataset was created by the FusionMap developers (Ge et al. 2011) and used in a
previous fusion tool evaluation (Kumar, Vo, et al. 2016).

b) A positive dataset containing 200,000 100nt paired-end synthetic reads
corresponding to the same 50 fusion transcripts, simulated using the RSEM read
simulator (B. Li and Dewey 2011).

Negative Control

A negative dataset containing 30 million 100nt paired-end synthetic reads
simulated using RSEM read simulator using as background expression sample
SRR066679 originating from H1 human embryonic stem cells (Raney et al. 2011).

Real Data with Validation

Fusion detection may perform well on simulated datasets and yet behave
differently when presented with real data generated via RNA-Seq. We used real data
to assess performance under standard experimental conditions.

An mRNA-Seq dataset, SRR1659964, consisting of 93,867,189 100nt paired-
end reads and containing sequence from nine synthetic fusion transcript RNA
constructs. This dataset was generated by Tembe et al. 2014 by pooling the nine
fusion constructs at eqimolar concentration and adding -6.17 loglOpMol to a lug
aliquot of total RNA, preparing an Illumina TruSeq stranded mRNA library, and
sequencing on an [llumina HiSeq 2500.

3.2 Tools for Benchmarking

There are several fusion detection software packages available. We chose to focus our
comparison on software that met the following criteria: (1) used in the field (based
upon citation number or newness), (2) high performance as evaluated in earlier
benchmarking papers (Kumar, Vo, et al. 2016; Liu et al. 2016), and (3) ability to run
the software, which is not always a trivial task. The tools meeting these criteria are
described in Table 3.1 below.
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Table 3.1 Fusion detection tools compared to pizzly for benchmarking

tool version parameters reference used

MapSplice 2.2.1 default ensemble hg38

EricScript 0.0.5 default E.S. formatted hg38

FusionCatcher | 0.99.6a default F.C. formatted hg38

JAFFA 1.07 default: hybrid on 75bp, | UCSC hg38, provided by
direct on 100 JAFFA

PRADA 1.2 suggested -junl. 80% of | PRADA formatted hg37
read length

STAR-Fusion 0.8.0 default S.F. formatted GRCh38v23

3.3 Results

Tools were run using four cores where possible. MapSplice was run on an Amazon
Elastic Compute Cloud instance Ubuntu machine type c4.4xl (16cpu, 30GiB
memory). PRADA was run with the suggested length of constructed junctions (-
junl)) of 80% of read length, which for the 75nt dataset was 60 and for the 100nt
dataset was 80. JAFFA has three run modes: Assembly, Hybrid, and Direct, which are
suggested for different read lengths. For short reads JAFFA assembles the reads to
search for fusions in assembled contigs. For longer reads, JAFFA suggests no
assembly. We followed the suggested modes for read lengths of 75nt and 100nt.

The results of the tests are summarized in Tables 3.2-3.5. PRADA failed to
run on all 100nt datasets, finding fusions only for the 75bp dataset. FusionCatcher,
on first examination, appeared to be working well. However, we discovered that the
developers hardcoded known true and false positive fusions into the program, which
allows them to more accurately predict fusions than would be possible through their
program alone. While hardcoding known fusions may be helpful in a clinical setting,
in exploratory analysis, such as is performed in research, this is a limiting restriction
and reduces the utility of the program. We advise readers to take this into account in
the benchmarking results. EricScript predicted true fusions decently, but had
difficulty filtering out false positives. This would limit its utility in exploratory
analyses. JAFFA performed well with clean, simulated datasets but dropped in
performance when presented with real datasets, picking up many false positives and
missing true fusions. STAR-Fusion performed fairly well, with a fair sensitivity and
fair specificity across data types. All of the comparison programs required a long time
to run, ranging on the larger spike-in dataset from over 26 hours for MapSplice to 1
hour 18 minutes for the fastest, STAR-Fusion.

Pizzly showed high sensitivity across all datasets and high specificity in the
simulated datasets. Presented with real data, pizzly returned fairly noisy results, with
many false positives reported. In future work, we will apply additional filters to
reduce these false positives while maintaining pizzly’s high sensitivity. Pizzly runs
much faster than any of the other programs, taking just 8.5 minutes on the large
spike-in dataset. Since kallisto-pizzly runs in such a short amount of time, we are able
to iteratively develop the pizzly filters based upon analysis of pizzly output and
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biologically relevant heuristics. This should improve pizzly’s specificity. A discussion
of these steps is described below in “Future steps.”

Table 3.2 75nt positive control
Pizzly detects the most fusions. The starred “false positives” reported by pizzly were filtered out in future
pizzly iterations using our updated method discussed below. Timing is based on using 4 cores where possible.

tool true positive | false positive sensitivity % clock time
MapSplice 42 1 84 2mls
EricScript 39 0 78 9m34s
FusionCatcher 31 0 62 7m42s
JAFFA 43 0 86 3mb56s
PRADA 32 0 64 4mb5s
STAR-Fusion 45 1 90 6m59s
pizzly 46 2% 92 1m8s

Table 3.3 100nt positive control

tool true positive | false positive sensitivity %
MapSplice 39 1 78
EricScript 41 1 82
FusionCatcher 41 0 82
JAFFA 47 0 94
PRADA 0 0 0
STAR-Fusion 41 0 82
pizzly 46 0 92

Table 3.4 100nt negative control
All tools but EricScript perform well, picking up only minor numbers of false positives.

tool false positive
MapSplice 3
EricScript 82
FusionCatcher 1
JAFFA 1
PRADA 1
STAR-Fusion 0
pizzly 1
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Table 3.5 Spike-in real dataset containing nine true synthetic fusions

Since this is a real dataset, “false positives” has been replaced with “other” to allow for possible real fusions. In
the study, only one other fusion was confirmed in the background RNA sample. Timing is based on using 4
cores where possible.

tool true (9) other clock time
MapSplice 7 2 26h 37m
EricScript 9 575 10h 17m
FusionCatcher 9 3 7h 45m
JAFFA 7 458 20 17m
PRADA 0 0 19h 7m
STAR-Fusion 8 5 1h 18m
pizzly 9 322 8.5m

4. Future Steps

We are confident that pizzly false positives can be reduced with a few additional
steps. For example, in the 75nt positive control, pizzly reported two false positives
(starred in Table 3.2). Upon further investigation, we found that these false fusions
originated from two transcripts of a gene overlapping the location of the true fusion
gene. Pizzly predicts the “true” fusion BSG-COX6A1 and the “false” fusion BSG-
AL021546.6 and identifies four possible transcript sequences arising from the two
BSG transcripts and the two other transcripts. The original transcript estimates from
kallisto predicted that only two of these sequences are present in the sample (Table
3.6). Given the breakpoint sequences of these four possible fusion transcripts, we can
build a new kallisto index with the added potential fusions and re-quantify the original
reads with kallisto using the updated index (Table 3.7).

Table 3.6 Original kallisto read counts for suspected fusion transcripts

transcript estimated reads

COX06A1 3002
AL021546.6 0
BSG-002 2218
BSG-006 4

By adding a second kallisto step after fusion transcript assembly, we are able to
increase detection of fusion transcripts while reducing false positives. In addition, this
extra kallisto step allows us to estimate transcript fusion abundance. While all other
fusion detection programs report transcript abundance only on the level of read
counts, we are able to output the more meaningful and accurate transcript per million
(TPM) report for detected fusions. To test the accuracy of TPM estimation for fusion
transcripts, we applied the kallisto-pizzly-kallisto method to the spike-in dataset that
contains fusion transcripts aliquoted at a known concentration. True fusion transcript
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Table 3.7 Kallisto is able to correctly assign reads to fusions at the transcript level
transcript estimated reads
COXO06A1
AL021546.6
BSG-002
BSG-006
BSG-006 - ALL021546.6
BSG-006 - COX6A1
BSG-002 - AL021546.6
BSG-002 - COX6A1

O U1 O O OO OO

(@)
—_
SN

abundance was calculated as follows: starting with Tug of RNA, with mRNA being 1-
5% of the total and each transcript being on average 2,500nt, the concentration of
background RNA is approximately 1.17pmol and mRNA approximately 0.058pmol.
The spike-in was aliquoted at -6.17 loglOpmol. Under the assumption that the
mRNA is between 1-5% of the total RNA, the total spike-in concentration should be
11-60 TPM divided across the nine synthetic fusions. Kallisto’s estimated fusion
abundances add up to 49.2TPM, which is within the expected range (Table 3.8).

Table 3.8 Kallisto reported TPM for the nine synthetic fusion transcripts

fusion estimated counts TPM
EWSR1-ATF1 310 446112
TMPRSS2-ETV1 602 7.57399
EWSR1-FLI1 296 3.12320
NTRK3-ETV6 829 6.37313
CD74-ROS1 843 5.77947
HOOKS3-RET 986 6.06947
EMI4-ALK 1798 7.42589
AKAP9-BRAF 568 1.92871
BRD4-NUT 1828 6.48389

With this additional step, pizzly becomes the first fusion detection tool to
assign the industry-accepted transcript quantification measurement to its output
tusions. Additionally, TPM estimates can be utilized to further reduce false positives.
With this final step in place, we expect pizzly to perform as the optimal RNA-Seq
based fusion detection, assembly, and quantification tool.
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5. Supporting Information

This research was performed jointly with Pall Melsted, faculty of Industrial
Engineering, Mechanical Engineering and Computer Science, University of Iceland,
with contributions from Isaac Charles Joseph, Graduate Program in Computational
Biology, University of California, Berkeley, and Lior Pachter, Department of
Mathematics, University of California, Berkeley. Pizzly was built upon kallisto, which
was designed by Nicolas Bray, Innovative Genomics Initiative, University of
California, Berkeley, Harold Pimentel, Department of Computer Science, University
of California, Berkeley, Pall Melsted, and Lior Pachter. Public release of pizzly is
planned for Winter 2016. Publication of pizzly methods and testing is planned for
Spring 2017.
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4 Circular RNA in Drosophila melanogaster embryos
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I. Introduction

Circular RNA is a common and conserved class of RNA, exhibiting complex
expression patterns in a variety of organisms. Circular transcripts result from the
covalent bonding of the 3’ and 5’ termini of linear RNA. Researchers have long been
aware of circular RNA (citcRNA), but its abundance and role as a regulatory agent
have just recently become apparent (see Figure 4.1 for a timeline of circular RNA
discovery). In 1979 the first eukaryotic circular RNA was observed in HelLa cells via
electron microscope (Hsu and Coca-Prados 1979). The novelty of the circular
structure garnered some interest, but since traditional RNA purification techniques
select for polyadenylated transcripts and discard the circularized molecules, the
resulting paucity of examples to study offered little motivation for further
interrogation of this peculiar RNA. Over the next decades, a small number of studies
were conducted, some of which hinted at possible functional importance. These
included the human RNA ANRIL circular isoform, which is correlated with
atherosclerosis risk (Burd et al. 2010), and the mouse sex-determining gene SRY,
which is first expressed as a linear isoform but circularizes at onset of puberty (Capel
et al. 1993). It was only with the advent of high-throughput sequencing that
researchers began to recognize that circRNA is manifest throughout biology. In 2011,
two studies utilizing rRNA-depleted RNA-Seq uncovered thousands of circles in
human and Achaea (Salzman et al. 2012, Danan et al. 2012). In 2013, the first
evidence for functional circRNA was reported with the discovery of CDR1as, which
is antisense to the cerebellar degeneration-related autoantigen 1 gene (CDRI1), and
acts as a miRNA sponge for miR-7 (Hansen et al. 2013).

Many circRNAs contain miRNA seed sites similar to that of CDR1as, though
to a lesser extent. These circRNAs may regulate gene expression similarly to CDR1as.
Other circRNAs not containing known miRNA seed sites could have other, as yet
unknown functions. Notably, knockdown of CDRlas affected not only miR-7
targets, but also resulted in the downregulation of several housekeeping genes. This
indicates that even CDR1as may have indirect or distinct roles from that of a miRNA
sponge. In annotating human circRNA, Memczak et al. (2013) found that 85% of the
circRNA transcripts they studied align sense to known genes. Most of these
transcripts include between one and five exons, but only 65% utilize known splice
sites at the circularization junction. This suggests that the standard splicing machinery
are at work in the transcription and processing of citcRNA, but that alternative
regions are recognized in joining the 3’ and 5 ends. An 7 witro study by Pasman,
Been, and Garcia-Blanco (1996) found that splicing of circRNA can be induced by
inverted repeat regions flanking the desired circle. This was confirmed iz vivo when
Hansen et al. (2013) induced circular isoforms from a construct of the CRD1as exon
flanked by inverted sequence in Hela Flp-in cells. Jeck et al. (2013) found that ALU
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repeats are associated with splicing of circRNA in mammals. These studies indicate
that flanking repeat elements are sufficient to induce circRNA within gene regions.
Additional factors must also contribute to circRNA expression, as 10% of the
circRNA in the study by Memcsak et al. (2013) aligned antisense to known genes, and
the remaining 5% aligned to introns, UTRs and other genomic regions that do not
rely on mRNA transcription.

Circular RNAs Are the Predominant Transcript Isoform
from Hundreds of Human Genes in Diverse Cell Types

Viroids found circular RNA found in several
to be circular organisms (mouse, fly, human)
‘ Thought to be sporadic and
occurring in low concentrations
1976 1980’s - 2010 = Feb 1,2012

1979 1991 Dec 2, 2011 Feb 27,2013

circular RNA discovered
in eukaryotic cell cytoplasm

exon-scrambling first described Circular RNAs are a large class of animal

RNAs with regulatory potency

Transcriptome-wide discovery of circular RNAs
in Archaea

Figure 4.1 Circular RNA research timeline

Circular RNA was thought to be sporadic and in low concentrations until around 2011 when it was discovered
that circular RNA is common and functional. The top left image is an electron micrograph of potato spindle
tuber viroids. Lower left image depicts an electron micrograph of circular RNA extracted from Hela cell
cytoplasm (Hsu and Coca-Prados 1979). The boxed items are publication titles from the dates indicated.

Once formed, circRNA are concentrated in the cytosol (Salzman et al. 2012).
Transport of citcRNA to the cytosol is undefined. Degradation of circRNA is also
pootly understood (Hansen et al. 2011), though it has been shown that circRNA
degrades slower 7z vivo than linear transcripts (Memczak et al. 2013). There are many
conjectured roles for circRNA: it may bind to 3> UTRs to regulate target mRNA
expression, or it might help assemble larger molecular complexes. Since circular
RNAs are more stable than their linear counterparts, they could be circularizing as a
means of long-term storage, to linearize and translate as needed. To clearly ascertain
circular. RNA’s biological role, it is necessary to understand its production and
regulation. An effective method for this is to examine circular RNA in RNA-Seq
data. To this end, we utilized RNA-Seq of ribosomal RNA-depleted total RNA to de
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novo annotate circular RNA within D. melanogaster embryos across six developmental
stages using a novel computational method for circular read detection.

2. Results and Discussion

To evaluate citcRNA in Drosophila melanogaster, we employed a combination of
computational and molecular methods. We used a modified RNA-Seq library
preparation strategy to increase the percentage of circular transcripts in our samples,
and developed a computational workflow for circRNA transcript detection to de novo
annotate circRNA within D. welanogaster.

2.1 A Test of Circular RNA Sample Purification Methods

CircRNA is not polyadenylated, so standard poly(A+) purification for sequencing
preparation is not an option. We sought to find the best method to concentrate
circRNA within a total RNA sample. One strategy we employed was to treat the
samples with exoribonuclease to degrade linear transcripts, leaving circular and other
high structure transcripts behind. The other strategy we applied was to selectively
remove ribosomal RNA, which makes up about 85% of total RNA. To test these two
strategies, we extracted total RNA from pooled stage 5-6 embryos and separated it
into six samples. After a preliminary treatment with DNase, the following treatments
were applied to the total RNA samples: Two were treated with Ribo-Zero (R0O) rRNA
removal kit according to instructions (Sooknanan, Pease, and Doyle 2010), which is
designed for human/rat/mouse tRNA, but works fairly well for Drosophila, leaving
the 58S rfRNA (Epibio 2010); two were treated with RNase R (Suzuki and Tsukahara
2014), a 3’ to 5 exoribonuclease which selectively degrades RNA with a 3’ overhang
of 7nt or greater. RNase R has difficulties degrading tRNA and the 5S rRNA, due to
the structure of these molecules. The remaining two samples were treated with both
RO and RNase R. The RNase R samples should be enriched with circRNA and
devoid of linear counterparts and we expect the same circRNA to be detected in
RNase R treated and untreated sets, with enrichment for rare circles in the treated set.
After treatment, the samples were run on the bioanalyzer, which showed similar
levels of rfRNA depletion and peaks of RNA concentration around 100nt. The
samples were converted into sequencing libraries using standard Illumina protocol,
and 50nt single-end reads were sequenced on the HiSeq 2000. Reads were then
aligned to the reference transcriptome, with ribosomal sequence added, using Bowtie.
Table 4.1 and Figure 4.2 depict the results of this study. RNase R did not remove
much rRNA, likely because of the complex structure of these transcripts. When RO
was used in conjunction with RNase R, we see that a larger percentage of the reads
aligns to tfRNA than when RO is used alone. This is most likely due to the degradation
of other transcripts in the sample, concentrating the remaining transcripts. These
datasets would be useful in further comparisons with other circular RNA datasets and
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in assessing the level of structure of various transcripts. As a proof-of-concept to
check for presence of circular RNA in the samples before proceeding to a more
detailed sample collection, we created a reference of all possible within-gene exon
junctions and aligned each sample to it to check for evidence of circular reads. We
found multiple circular RNA junction reads. For instance, sample 5 included, among
many others, the junctions (listed as gene 5’exon_3’exon): exba 13_9, Rox8 9_5,
Uhg3 3_3, uex 7_12, unc-13 9_4, larp 9_9, and sdt 17_14. For this study, this is all of
the analysis that was done on these pooled samples.

Table 4.1 Ribosomal reads remaining post treatment
Percentage of total reads mapping to ribosomal transcripts after rRNA removal and/or RNase treatment.

sample 2 4 5 6 7 12
treatment RO RO RO+RNase R | RO+RNase R RNase R RNase R
total reads 32,937,214 | 30,938,042 34,300,687 37,654,707 34,734,808 | 43,142,999
reads aligned 19,257,093 | 22,161,528 18,836,709 20,222,805 24,327,916 | 31,938,320
percent aligned 58.5% 71.6% 54.9% 53.7% 70.0% 74.0%
percent ribosomal 8.6% 11.3% 25.5% 23.8% 66.8% 72.1%
18S 2.6% 1.3% 0.5% 1.2% 10.7% 6.3%
28S 87.2% 62.2% 16.2% 18.9% 21.2% 11.1%
5.8S 0.308% 4.719% 2.402% 2.309% 0.022% 0.021%
5S 9.9% 31.8% 80.9% 77.6% 68.1% 82.5%
100%
90% T —
80% T —

70%
0, -
60% unaligned reads
0, -
50% M aligned reads
40% -
° ¥ ribosomal
30% -
20% -
10% -
0% - T ' ! ! '
2 4 5 6 7 12

Figure 4.2 Division of reads from samples treated with RNase or rRNA depletion

The red “aligned reads” are all reads mapping to transcripts that are not ribosomal. Samples 5 and 6 show a
depletion of rRNA and an increase of unaligned reads, indicating that these samples removed linear transcripts
and rRNA while concentrating for non-coding RNA, and potential circRNA junction reads.
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2.2 Staged Single Embryo Collection and Sequencing

Wild type Oregon R flies were grown under standard laboratory conditions and
collected at six embryonic time points, as shown in Figure 4.3. For collection, eggs
were incubated until specified stage, dechorionated using a 50% bleach solution,
sorted and staged under microscope, and briefly stored on ice until RNA was
extracted using TRIzol reagent. A range of time points allows for differential
expression analysis of citcRNA throughout embryonic development. These six time
points specifically were chosen based upon their easy-to-discern phenotype as well as
distribution across post-cellularization embryonic development (Campos-Ortega and
Hartenstein 1985). Total RNA was extracted from two single embryos at each stage
and treated with Ribo-Zero. Strand-specific, multiplexed libraries were prepared using
the Illumina RNA TruSeq protocol and sequenced on one lane of an Illumina HiSeq
2500 as 100nt paired-end reads. We only obtained one sample for the stage, “trachea
fills with air.” Reads were mapped to D. melanogaster reference transcriptome using
eXpress. PCA plot of transcripts per million (TPM) for samples (Figure 4.4) shows
biological replicates group together and time is correlated with principal component
one. Remarkably, samples associate along PCA1 in chronological order.

membrane reaches yolk pole cells invaginate amnioserosa exposed
(3 hours) (3hr, 20min) (9hr, 18min)

clypeolabrum retracts heart-shaped midgut

! . trachea fills with air
(11hr, 49min) (13hr, 16min) (21hr. 20min)

Figure 4.3 D. melanogaster embryos at six developmental stages

Single embryos were collected at six developmental stages. Pictured here are one of each of
the embryos that were collected and sequenced. Stage descriptions are associated with the
following standard stage numbers: membrane reaches yolk: 5, pole cells invaginate: 7,
amnioserosa exposed: 12, clypeolabrum retracts: 14, heart-shaped midgut: 15, trachea fills
with air: 17.
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Figure 4.4 Principal component analysis plot of five embryo stages

Plot shows that replicates group together, and principal component one is correlated with developmental stage.
Interestingly, the samples span PCA1 in chronological order. Stage “trachea fills with ait” was not included in
plot as it was too far to the right and disturbed the scale of the other samples. Legend gives stage number as
described in Figure 4.3.

2.3 Computational Workflow for Circular RNA Detection

In RNA-Seq, paired-end reads from linear transcripts map with the first read of the
fragment 5’ of and pointing towards the downstream second read. For circular RNA,
fragments flanking the 3’-5” splice junction map to the reference in the opposite
order, with the first read 3’ of and pointing away from the second read of the
fragment (Figure 4.5). As a result, standard RNA-Seq alignment methods discard
reads from circular junctions. We can take advantage of this mapping distinction to
select for circRNA fragments with reads flanking the circular splice junction.

Existing circRNA detection methods require several compromises to work
correctly, including (1) the requirement of junction-spanning reads where a single
read is split between the two parts of the circular junction, (2) biased mapping to
specific junction reference sets, e.g. an exon-junction custom reference, and (3) the
inability to determine the full sequence of the circular transcripts (Danan et al. 2012;
Salzman et al. 2013; Jeck et al. 2013). The first two issues we can resolve by a
stepwise mapping that first detects the flanking reads, as described above, and then
detects spanning reads as performed in existing methods. The third issue of
quantifying the circular transcripts is a more nuanced challenge. Existing workflows
can only define circRNA near tail-to-head junction regions. Any reads that map
ambiguously to the intervening sequence in candidate circles and to linear transcripts
of the same genomic region are currently unassigned. Intervening sequence can be
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Figure 4.5 Circular RNA fragment mapping in RNA-Seq

Normally, transcripts proceed in 5’ to 3’ ditection and RNA-Seq reads point towards each other when mapped
to a reference. In circular RNA, the downstream donor site covalently bonds to upstream acceptor site.
Fragmentation yields 3’ upstream of 5°. Hence, reads point away from each other.

determined through molecular interrogation, but this is not scalable to large datasets.
Accurate detection and quantification of circRNA transcripts requires that these
intervening reads be disambiguated. To solve this problem, the mapped circRNA
reads are submitted to two additional steps that accurately assign the intervening
reads to their corresponding transcripts: (1) use the mapped circRNA reads to create
a circRNA transcriptome, and (2) quantify transcript abundance of these reads using
a modified version of the eXpress transcript quantification software (Roberts and
Pachter 2013). The custom circRNA detection and quantification workflow is
described in Figure 4.6 and its caption.
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Figure 4.6 Workflow for circRNA mapping and transcript assignment

Paired end reads are first mapped to the basic reference transcriptome. Reads are mapped, and the orientation,
either regular or discordant, is noted. If a read does not map, we then try mapping each end of the read using
the ‘anchor method’ described by others previously. All read fragments can be assigned to one of three types:
circles - which cover a 3’-5’ junction, linear transcripts - which contain a transcript end, and ambiguous reads -
which could come from either transcript type. A custom transcriptome is constructed using this read
information that includes the candidate circular transcript sequences. Reads are then run through a circRNA
eXpress wrapper to determine the complete sequences and abundance of the linear and circular transcripts.

3. Future Directions

This work on circular RNA was undertaken over the years 2012-2013. Since then,
members of the Pachter lab have developed the RNA-Seq quantification software,
kallisto (Bray et al. 2016), and its accompanying transcript fusion detection tool,
pizzly. With a few modifications, pizzly could be converted into a tool for fast and
accurate circular RNA detection. Even now, in 2016, there is a major need for better
RNA-Seq circRNA analysis tools. There are five major circRNA detection algorithms
currently in use: circRNA finder, find_circ, CIRCexplorer, CIRI, and MapSplice
(Hansen et al. 2015). All give very different predictions. As such, the best method at
the moment for circRNA detection is to compare output from multiple tools and
take the overlapping circles as “truth.” Kallisto provides a faster and more accurate
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solution to transcript assignment and quantification. These advantages should carry
over to circRNA detection as well. The general idea takes into consideration that
kallisto pseudoaligns k-mers to reference transcripts, skipping from one informative
k-mer to the next. When an error is encountered in the next k-mer, kallisto goes back
to all intermediate k-mers and checks them for concordance with previous k-mers.
This step is where we can program kallisto to search for circular transcripts. If the
read originated from the junction of a circular transcript, all intervening k-mers up to
the point of the junction will be concordant with the previous k-mer. At the point of
“mismapping,” i.e. the circular junction, the intervening k-mers will “map” to the
reference in concordance with the k-mer that signaled the error in the first place.
Such reads will be partitioned to a separate pseudo-bam file as candidate circular
junctions. Junction position can be recorded and checked for 3'-5' orientation.

The next steps in the development of a robust citcRNA detection tool would
be to (1) modify kallisto for circRNA detection, (2) test and benchmark the tool using
simulated datasets, and (3) to finally analyze the circular RNA in our staged, single-
embryo D. melanogaster samples.
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Appendix

Supplemental Figures and Tables for Chapter 2
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Figure A.1 Cluster map of hypergravity genes versus stress response genes
Hypergravity log2 fold change correlation with stress response fold change to stressors indicated. Darker red
corresponds to greater correlation.
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Table A.1 Positive PANTHER overrepresentation test for biological processes
Blue = ion channels, orange = redox, green = cuticle. PANTHER test version: release 20160715. Annotation:
GO Ontology database 2016-06-22. Bonferroni correction = True.

control DE over fold
reference | genes / enrich-
GO biological process complete (12753) | (1407) | expected | under | ment P-val
mitochondrion organization (GO:0007005) 138 42 1523 | + 2.76 | 2.57E-05
cellular component organization

(G0O:0016043) 2350 195 259.27 | - 0.75| 7.68E-03
cellular component organization or

biogenesis (GO:0071840) 2400 198 264.78 | - 0.75| 3.86E-03

translation (GO:0006412) 279 68 30.78 | + 2.21| 7.95E-06

cellular macromolecule metabolic

process (GO:0044260) 2166 143 238.97 | - 0.6| 7.25E-10

peptide biosynthetic process

(GO:0043043) 285 68 31.44 |+ 2.16 | 1.80E-05
peptide metabolic process

(GO:0006518) 336 71 37.07 | + 1.92| 8.35E-04

organonitrogen compound
metabolic process (GO:1901564) 845 166 93.23 | + 1.78 | 2.42E-09
cellular amide metabolic process

(G0O:0043603) 348 75 38.39 | + 1.95| 1.83E-04
organonitrogen compound

biosynthetic process (GO:1901566) 477 100 52.63 | + 1.9 4.70E-06
amide biosynthetic process

(GO:0043604) 289 68 31.88 | + 2.13 | 3.06E-05
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Unclassified (UNCLASSIFIED) 2536 302 279.79 | + 1.08 | 0.00E+0
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Table A.2 Positive PANTHER overrepresentation test for molecular function
Blue = ion channels, orange = redox, green = cuticle, red = other. PANTHER test version: release 20160715.
Annotation: GO Ontology database 2016-06-22. Bonferroni correction = True.

control over
reference /
GO molecular function complete (12753) expected | under




Unclassified (UNCLASSIFIED) 2690 328 296.78 | + 1.11 | 0.00E+0
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Table A.3 PANTHER enrichment test for biological processes
PANTHER test version: release 20160715. Annotation: GO Ontology database 2016-06-22. Bonferroni
correction = True.

over /
GO biological process complete number under P-val
chromatin assembly or disassembly (GO:0006333) 25| - 3.84E-08
chromatin organization (G0O:0006325) 32| - 1.14E-06
chromosome organization (GO:0051276) 33 | - 2.84E-06
organelle organization (GO:0006996) 127 | - 1.89E-05
cellular component organization (GO:0016043) 195 | - 4.02E-03
cellular component organization or biogenesis
(GO:0071840) 198 | - 3.70E-03
macromolecular complex subunit organization (GO:0043933) 59| - 1.31E-07
response to bacterium (GO:0009617) 36 | + 2.27E-03
defense response to other organism (GO:0098542) 36 | + 5.97E-03
defense response (GO:0006952) 51 | + 2.36E-04
response to other organism (GO:0051707) 50 | + 6.49E-05
response to external biotic stimulus (GO:0043207) 50 | + 6.49E-05
response to biotic stimulus (GO:0009607) 50 | + 6.49E-05
cellular respiration (GO:0045333) 26 | - 6.59E-03
energy derivation by oxidation of organic compounds (GO:0015980) 29 | - 3.05E-02
cellular process (GO:0009987) 629 | - 4.23E-02
myofibril assembly (GO:0030239) 10 | - 9.97E-03
actomyosin structure organization (G0O:0031032) 13 | - 2.46E-02
cellular component assembly involved in morphogenesis
(GO:0010927) 13 | - 2.74E-03
metamorphosis (GO:0007552) 46 | + 1.12E-02
proteolysis (GO:0006508) 77 | + 4.40E-02
defense
redox
proteolysis
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Table A.4 PANTHER enrichment test for molecular function
PANTHER test version: release 20160715. Annotation: GO Ontology database 2016-06-22. Bonferroni

correction = True.

GO molecular function complete number | over /under P-val
serine-type endopeptidase activity (GO:0004252) 35| + 3.08E-08
endopeptidase activity (GO:0004175) 47 | + 7.73E-07
peptidase activity, acting on L-amino acid peptides (GO:0070011) 72 | + 1.15E-03
peptidase activity (GO:0008233) 72| + 1.15E-03
serine-type peptidase activity (GO:0008236) 39 | + 6.11E-06
serine hydrolase activity (GO:0017171) 39 | + 6.11E-06
protein heterodimerization activity (GO:0046982) 32| - 2.91E-04
protein dimerization activity (GO:0046983) 43 | - 1.07E-02
protein binding (GO:0005515) 144 | - 9.91E-03

proteolysis
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Table A.5 Gene expression data (QRT-PCR) at3g,5gand8 g

Red font indicates significant change, p-value < 0.05.

Genes mRNA Seq qRT-PCR
(Log2 fold change of 3 g over 1 (Log2 fold change over
8 1g)
3g 5¢4 84

Cpr65Ec 3.27 8.32 -0.18 0.28
Cpr97FEa -1.405 -1.51 1.56 0.23
Cpr97Eb -1.929 -2.64 1.51 0.49
Cpr62Bc -4.003 -5.05 1.66 0.67
Cpr64Ab 4.786 6.93 1.65 7.39
Cpro4Ad 3.031 5.10 0.23 5.74
Cda5 -1.359 -1.39 1.47 0.44
Cht4 3.308 4.26 -0.55 -0.168
Edg78E 3.084 0.43 5.84 -0.57
CG32679 3.031 9.87 0.67 1.04
Drsl6 1.741 6.92 -0.014 -0.62
Drs11 2.528 7.76 1.48 -0.83
CG16995 1.696 2.20 0.042 1.54
Eig71Eh 6.843 10.97 -1.18 -0.57
Eig71Ec 8.37 11.31 -1.25 -0.53
Eig71Eg 7.129 11.01 -0.76 0.20
Eig71Ea 8.053 10.18 -0.73 -0.35
TotA 1.864 3.00 2.98 1.95
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Table A.6 Software details

Step

Program_and_version

Settings

notes

remove reads not
passing Illumina
Casava filter

casava illumina filter 0.1 05-
Aug-2011

fastq_illumina_filter --
keep N -v -v -0
../read1_filtered.fastq
readl.fastq

check read quality

fastqc

fastqc filename

trim adapters and
low quality reads

Trimmomatic-0.30

trimmomatic.jar PE -
phred33
read1_filtered.fastq
read2_filtered.fastq
read1_trimmed_paired.f
astq.gz
read1_trimmed_unpaire
d.fastq.gz
read2_trimmed_paired.f
astq.gz
read2_trimmed_unpaire
d.fastq.gz
ILLUMINACLIP:../Tru
Seq3-

PE.fa:2:30:10:8: TRUE
TRAILING:20
MINLEN:35

adapters: >PrefixPE/1
TACACTCTTTCCCTACAC
GACGCTCTTCCGATCT,
>PrefixPE/2
GTGACTGGAGTTCAGAC
GTGTGCTCTTCCGATCT,
>PE1
TACACTCTTTCCCTACAC
GACGCTCTTCCGATCT,
>PE1_rc
AGATCGGAAGAGCGTCG
TGTAGGGAAAGAGTGTA
, >PE2
GTGACTGGAGTTCAGAC
GTGTGCTCTTCCGATCT,
>PE2_rc
AGATCGGAAGAGCACAC
GTCTGAACTCCAGTCAC,
>postindex
ATCTCGTATGCCGTCTTC
TGCTTG, >postindex_rc
CAAGCAGAAGACGGCAT
ACGAGAT

build reference
for bowtie2

bowtie2 version2.1.0

bowtie2-build --offrate 1
dmel-all-transcript-
r6.02.fasta dmel-all-
transcript-r6.02

reference from
ftp://ftp.flybase.net/genomes
/Drosophila_melanogaster/d
mel_16.02_FB2014_05/fasta/
dmel-all-transcript-
r6.02.fasta.gz

bowtie2 -p 16 -t -q -a --un-gz unmapped.fastq.gz -x dmel-
all-transcript-r6.02 -1 read1_trimmed_paired.fastq.gz -2
read2_trimmed_paired.fastq.gz -U
read1_trimmed_unpaired.fastq.gz,read2_trimmed_unpaire

DE analysis

DESeq2

vignette with alpha =
0.05

map reads bowtie2 version2.1.0 d.fastq.gz | samtools view -Sb - > bt2out.bam
express dmel-all-

calculate transcript-r6.02.fasta

abundance eXpress 1.5.1 bt2out.bam

sum transcripts to

gene level using

TPM * 100
followed the DESeq2

GO analysis

Panther 9.0 release
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Table A.7 qRT-PCR primers

Gene Forward_Primer Reverse_Primer
Cpr65Ec F: 5'- CGCGAGTATAAGAGCGACCT- 3 R: 5'-CGCTGGCATAGTAACCACCC- 3
Cpr97Ea F: 5'- CAACAGCACCACCAACCATC-3' R: 5'- CTGCGTTTGCGAGTAATCCG-3'
Cpr97Eb F: 5'- GAAATTGACCTTGAGCTTGGGT -3' R: 5'- CGTTGTGCTTGTCGATCTGC-3'
Cpr62Bc F: 5'- ATGACCACAATGGCTTCAACG-3' R: 5'- AGGGATCCGGCGTAGGG-3'
Cpr64Ab F: 5'- CGCGTTCGCCTATAATGTGC-3' R: 5'- GAGCCCTTGACCACATCTCC-3'
Cpr64Ad F: 5'- GTGCTCCTCTGGCTTACTCC-3' R: 5'- CGTAGGTCTTGGACACCAGG-3'
Cda5 F: 5'- TGCTGGGATTGTGCCTACTG-3' R: 5- TGTCGGTCTTGATGTTGGTCC-3'
Cht4 F: 5'- CCACTTCCCTGGCCTTCATT-3' R: 5'- AATCTCGCGCAGCAGAGTAA-3'
Edg78E F: 5'- CAGTACGCCTACGAGACCAG-3' R: 5'- GGAGAACGTAAGCCGGAACT-3'
CG32679 F: 5'- TGCGATCCAGAACTGTGTCC-3' R: 5'- GGGAAGCCACTAACTCCACC-3'
EIE}ZRP F: 5'- CCCTTGCTTCAATCCGCATC-3' R: 5'- GCCCTCGTAGATTCGACCAT-3'
Drsl6 F: 5'- CTCGCTCTGCTGATGATGGTC-3' R: 5'- TGCATGTCTCGTTGTCCCA-3'
Drsll F: 5'- TCCTGTCCGCTGTCTTGATG-3' R: 5'- TACGCACTTCTTCCTGTGCC-3'
AttD F: 5'- AGCCCAAGCCAATCTCTTCC-3' R: 5'- TCATGCCGAACTGAGGAACC-3'
Scpr-A F: 5'- GCGTTCACCAAGGTTCTCCA-3' R: 5'- AGTTTGTGATGCGGCTCGAT-3'
CG16995 F: 5'- AAGACAAGTGCCAGCGAAAG-3' R: 5'- TCAAGGGTTGAGCACCATGC-3'
Eig71Eh F: 5'- TGTCTGCTTCCTGGTGATCC-3' R: 5'- CGCAAAGATTCTGGTCCTTCC-3'
F: 5'- ACTCTCATTTTTGCTATTCTCTGCC-
Eig71Ec 3 R: 5'- TCCGTTCATTTCGACGGCAA-3'
Eig71Eg F: 5- TGGTATTTTTGGCTTTCTGCTGC-3' R: 5'- GGTTGGCTGTTCACGAAGAC-3'
Eig71Ea F: 5'- AGAGTGCAGACAAAGGACCG-3' R: 5'- AGTTCATGGGTGATTGCCAAC-3'
R: 5'- CTCACGATCTTCGTCGGAATAG-
TotA F: 5'- TCAACTGCTCTTATGTGCTTTGC-3' 3
CG44625 F: 5'- GAATCGTGCTGTTCGCCATT-3' R: 5'- GTGGAGGCTGTGGTATTCCG-3'
Tubulin F: 5'- TGTCGCGTGTGAAACACTTC-3"; R: 5'-"AGCAGGCGTTTCCAATCTG-3'
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