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Abstract

Proper spatiotemporal expression of genes is essential during development. One method
of regulation of signaling-responsive genes is at the level of transcription. In this work, I present
the adaptation of single molecule fluorescent in situ hybridization for use in Drosophila imaginal
disc tissues in order to more precisely quantify transcript levels in these tissues. | show the
detection of nascent and mature mRNA molecules. 1 also present the development of robust
automated image analysis in order to identify transcripts and localize them to the nearest nuclei
in a 3D image volume. Using these methodologies, it is now possible to count individual
transcripts in Drosophila imaginal disc tissues and to perform spatial analysis of gene expression
using this method. Single-cell quantitative studies of transcription have revealed that
transcription occurs intermittently, in bursts. | utilized smFISH in the wing imaginal disc in
order to quantify mRNA of genes downstream of the evolutionarily conserved Wg and Dpp
morphogen gradients. | compared these experimental results with predicted results from in silico
modeling of transcription in order to predict outcomes when transcriptional burst parameters are
varied. My results indicate that the transcription levels of these genes appear to share a common
method of control by burst frequency modulation. Additionally, I utilized quantitative analysis
of fluorescent proteins in the eye imaginal disc in order to explore the regulation of a key
regulator in neuronal fate transition in this tissue, Yan. | show that in the absence of micro-RNA
miR-7 regulation, Yan protein levels are mildly derepressed in undifferentiation precursor cells
in the eye disc. This is consistent with the known role of miRNAs as weak repressors of gene
expression during development. | also present evidence that slowing metabolism makes miR-7
repression of Yan unnecessary, supporting the hypothesis that weak repressors are required for

gene expression during rapid growth.
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Chapter I: Introduction
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Gene regulatory networks in developmental biology

Multicellular animals consist of many genetically identical cells performing specialized
functions in order to contribute to the survival and reproduction of the whole. All of these cells
descend from a single zygote cell at the moment of conception. Development is the process by
which this single cell generates all cells of the body and forms the body plan of an entire
organism. The ability to do so is genetically encoded in the nuclear DNA of the organism.

While an animal’s complement of genes is hard-coded into their DNA, they do not
operate in a vaccum. The function of a gene is entirely dependent on its interactions with other
molecules present in the same cell. These interactions were largely determined by years of
mutation analysis. Genes were disabled and their effects on expression of other genes were
assessed. This is a powerful technique that allows us to draw representational interactions
between genes. For example, gene A regulates gene B expression, or vice versa. In actuality, it
is the molecular products of gene A that regulate the expression of gene B in trans. However, the
limitations of this approach are that it cannot give us a systems-level understanding of how an
animal is made, beyond a simple list of the gene required and their effects on one another (Alon,
2007; Levine and Davidson, 2005).

As more and more of these interactions were solved, one could see how context-
dependent behavior arises. For example, gene interactions can create logical network behaviors,
such as ‘AND’ gates or ‘OR’ gates. These network interactions can be assembled into complex
behaviors and network architectures, much like a computer program (Alon, 2007).

The developmental process can thus be said to be controlled by a collection of gene

regulatory networks (GRNs). Each GRN is a group of genes using network logic in order to
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produce a functional outcome in the developing animal. During development, GRNs flow from
the more general such as dividing the embryo in anterior versus posterior space, to highly
specific, such as specifying individual cell types inside a tissue (Levine and Davidson, 2005;
Peter and Davidson, 2016).

It has been found that a gene might be able to function in many different GRNs. How can
this be? One solution is that its function is spatially and temporally restricted. As such, gene
function may change depending on the expression of other genes in that region or time in
development. Another solution is expression dynamics. Genes may pulse throughout time, or
show other transient behaviors (Chubb et al., 2006; Peter and Davidson, 2016).

Genes are highly regulated in terms of when and where they are expressed in the animal.
This regulation occurs via several avenues at each step of the central dogma of biology. The rate
of production of MRNA copies from DNA is regulated by transcriptional regulation. Translation
rates from mRNA into protein are regulated via ribosome activity and mRNA stability. Protein-
protein interactions occur to regulate the stability, location, and catalytic activity of resulting
proteins. However, on a global scale across all genes, transcriptional regulation alone can
explain much of the variation in protein abundance in the cell (Lee et al., 2011; Liu et al., 2016;
Xu et al., 2015). As such, transcriptional regulation is key to a full understanding of how
expression of genes are regulated.

In order to understand and interrogate the behaviors of GRNs and transcriptional
regulation, we as developmental biologists must develop tools for precise spatial quantification
of gene expression. Not only is this important understand spatial restriction, but precise

quantification of gene expression can reveal new mechanisms of gene expression.
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Methods for the Detection of Transcription

The most basic understanding of transcriptional regulation requires investigation into
which genes are transcribed when, where, and how much. One way to assay whether
transcription is occurring is the detection of mature RNA transcripts. The earliest methods for
detection of RNA involved hybridization of labeled oligonucleotides designed to be
complementary to mRNAs of interest. Purified RNA material was run on a denaturing
electrophoresis gel and detected with radiolabeled probes, in a northern blot (Alwine et al.,
1977). Northern blotting allowed for quantitation of relative transcript levels, using radiolabeled
standards as a reference. However, northern blots require homogenization of large quantities of
tissue and early hybridization based techniques offered low sensitivity (VanGuilder et al., 2008).
Transcripts present at very low numbers simply did not rise above the level of background noise
in hybridization-based radiolabeled RNA detection techniques. Another drawback was that these
methods were not precisely quantitative — signal did not scale linearly with mRNA abundance
(Bartlett, 2002).

In the 1990s, the development of an RNAse protection assay offered improved sensitivity
in RNA detection relative to using a northern blot. Similar to a northern blot, RNAs of interest
are run on an electrophoresis gel and detected with radiolabeled probes. However, in an RNase
protection assay, transcripts are hybridized with probes and digested with a single-strand specific
RNase enzyme prior to electrophoresis and detection (Ma et al., 1996). Only hybridized RNAs
escape degradation by the enzyme, therefore only RNAs of interest are detectable on the gel.
The result was a 10-fold improved sensitivity of detection and linearity of signal to mMRNA
abundance. Using synthesized double-stranded DNA to create a standard curve allowed for

precise quantification of RNAs of interest (Bartlett, 2002; VVanGuilder et al., 2008).
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In the early 2000s, even more quantitative detection of mMRNA was made possible by
reverse transcription quantitative polymerase chain reaction (RT-gPCR). RT-gPCR performs the
polymerase chain reaction on complementary DNA (cDNA) reverse transcribed from mRNA
strands harvested from samples of interest. Using fluorescence, the amount of PCR product can
be monitored at the end of each cycle of PCR. It takes many rounds of PCR for a specific PCR
product to become detectable in the reaction. The number of cycles it takes for each species to
cross the threshold of detectability depends on the number of molecules of cDNA present in the
original sample. By comparing small differences in amplification time in the PCR, one could
detect small fold-change differences between genes of interest and reference cDNAs in the
sample. As PCR theoretically only requires one molecule of cDNA to be present in the original
sample for detection to be possible, this method is extremely sensitive. It is also generally less
time-consuming and more high-throughput than gel-based detection methods, allowing more
genes to be assayed at one time (VanGuilder et al., 2008).

In the 2000s and 2010s, RNA detection technology has been marked by an increase in
scale and throughput. Microarrays and high-throughput RNA-sequencing (RNA-seq) have
dramatically increased the number of genes that can be assayed for transcription at one time.
Microarrays are based on hybridization of cDNA fragments to a chip or array of DNA oligos of
known genes. RNA-seq involves sequencing cDNA libraries generated from RNA fragments
with adaptors for sequencing. RNA-seq is generally less noisy than microarrays and is
quantitative over a greater dynamic range of expression levels. However, RNA-seq presents
challenges inherent in high-throughput sequencing approaches, in that it requires mapping the
sequenced fragments back to a reference genome. This can be problematic in repetitive

sequences of the genome (Lahnemann et al., 2020; Wang et al., 2009).



14

Both of these approaches massively increase the scale of RNA detection in a single
sample, allowing discovery of new transcriptional regulation by measuring the changes in all
genes in different treatments or experimental conditions. However, they also require the
aggregation of many cells or tissues together, which can obscure spatial or individual
heterogeneity in transcript levels (Vera et al., 2016).

Assays for Nascent Transcription

The detection of mRNA transcripts in a tissue is not always sufficient to answer questions
about transcription. Though mRNAs have variable half-lives in general, mature transcript levels
are a readout of transcriptional activity over relatively long time-scales of tens of minutes to
hours (Larson et al., 2011)(Milo et al., 2010). In many contexts, we may seek to understand how
much transcription is happening on a much smaller time-scale. To do so, we must turn to
techniques that specifically detect nascent transcriptional activity, as opposed to mMRNA
transcripts in general.

Nuclear run-on assays were developed in the early 1980s to detect active transcription of
a gene. Cells of interest were chilled and lysed to stop transcriptional activity, and the nuclei
were isolated. Then, transcription was allowed to proceed in vitro using radiolabeled UTP as a
substrate. No new transcription will be able to initialize, but polymerases already present on
transcripts will continue transcription, incorporating radiolabeled nucleotide into the transcript.
Transcripts of interest can then be hybridized with DNA probes and detected similar to an
RNAse protection assay. The amount of radioactivity detected provided a quantitative readout of
how many nascent transcripts were present on a gene (Smale, 2009).

In the 21% century, nuclear run-on assays have largely been replaced by chromatin

immunoprecipitation (ChlIP) using antibodies against the RNA polymerase Il holoenzyme. This
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isolates fragments of DNA bound to RNA polymerase Il and therefore in the process of active
transcription. These fragments can be detected and quantified using either g°PCR or high-
throughput sequencing. ChiP requires less starting material and shows improved sensitivity over
nuclear run-on assays. However, like run-on assays, ChIP requires the homogenization of
tissues, potentially losing spatial information about gene transcription (Sandoval et al., 2004).
High Resolution mRNA Assays: Combining Spatial Resolution and Quantitation in
a Single Assay

Broadly speaking, the methods I have reviewed thus far either produce sensitive and
quantitative estimates of transcript abundance and transcription with poor spatial resolution, or
qualitative estimates of transcript abundance with high spatial resolution. If one wants both types
of information, several techniques have been developed.

The sensitivity of in situ hybridization was improved such that single molecule mRNAs
were visible and could be counted. | review the development of the methodology behind single
molecule fluorescent in situ hybridization in Chapter Il. In brief, increased availability of
synthesized oligonucleotides enabled researchers to increase signal to background by using many
short probes for hybridization instead of a single probe (Kwon, 2013). While, in situ
hybridization can only be done on a few genes at a time, other techniques allow a transcriptome-
widge view of mMRNA abundance. Spatial RNA-sequencing involves barcoding mRNAs within a
on a hydrogel according to their spatial location. Sequencing of the resulting library preserves
the original spatial information of the entire transcriptome (Stahl et al., 2016).

Additionally, groups have pioneered the use of single cell RNA (scRNA) sequencing.
This requires the dissociation of cells prior to RNA sequencing. Each cell is suspended in a

droplet and receives a unique barcode for the RNA contained within, prior to sequencing.
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Therefore, the sequencing information can be reassembled into which cell it came from. This
can produce extremely powerful data that can give us snapshots of entire transcriptional “states”
of cells (Wang et al., 2009). However, each cell measurement has a high degree of uncertainty
stemming from amplification bias and very low amounts of starting material. The process of
dissociation itself may induce significant gene expression changes as well.

The field of reconstructing spatial resolution of cells from scRNA sequencing data has
only just begun. Groups have used additional barcoding to finely preserve location information,
reconstruction from known gene expression patterns, and the incorporation of spatial-RNA
equencing data into cell location reconstruction. While these techniques are promising for
producing a high degree of complete transcriptional information, this technique currently serves

as a tool of discovery which need to be confirmed via other techniques (L&hnemann et al., 2020).

Imaginal Discs in Drosophila

The fruit fly Drosophila melanogaster has long been used as a valuable model organism
due to its genetic tractability, relatively short generation time, and large number of progeny.
They offer several experimental contexts for study of their tissues, including a set of epithelial
structures known as imaginal discs. Imaginal discs are specialized organs set aside from 10-50
epidermal cells during embryogenesis. During the next four days of larval development, these
groups of cells rapidly divide into a final size of approximately 10,000 to 50,000 cells, depending
on the type of disc. Each disc is organized into a sac-like epithelial bilayer (Aldaz and Escudero,
2010). One layer consists of flat, squamous cells known as the peripodial membrane. The other
layer, known as the disc proper, is made up of columnar epithelial cells. These cells differentiate
and eventually give rise to the organs and structures of the adult Drosophila body. Epithelial

cells of the disc proper are analogous in structure to epithelial cells making up human organs.
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Each disc corresponds to the set of structures it will eventually produce in the adult body: eye,
antenna, wing, leg, haltere, and genitals. During metamorphosis and pupation, discs evert and
undergo structural changes necessary to develop the adult body (Aldaz and Escudero, 2010;

Beira and Paro, 2016).

Imaginal Discs as a Model System

Imaginal discs are a model for organ formation and morphogenesis, as they undergo
significant structural changes during the Drosophila life cycle. Imaginal discs have been used as
model systems for various biological processes. Physical transplantation and wounding have
contributed to studies of growth and size control in imaginal discs. The rapid growth provides an
opportunity for the study of organ size control and control of cellular proliferation (Beira and
Paro, 2016).

The development of clonal analysis allows for the creation of mitotic clones of mutant
cells. This enables the study of mutant phenotypes on a cellular level, and allows observation of
interactions between neighboring cells of mutant and wild-type genotypes (Wu and Luo, 2006).
This has been used in many ways in the imaginal disc. Mutations may have different effects
depending on their location in the disc and their particular signaling milieu, which has helped
elucidate the role of genes in specifying compartments, and growth regulation. The partial
introduction of tumorigenic mutations can create aggressive, cancer-like tumors in imaginal disc
tissue which are being studied as a simple model for cancer (Mundorf and Uhlirova, 2016).
Clonal patches of mutant cells can also create scenarios in which competitive cell growth has
been studied, which also has application in the invasiveness and metastasis of tumor tissue in

humans (Martin et al., 2009).



18

As all Drosophila external adult structures differentiate from the epithelia of the imaginal
disc, they are a good model system for cell-cell signaling that gives rise to patterning of tissues.
Initially, these structures were transplanted to different regions of the larval body, revealing the
role of the Antennapedia complex and eventually leading to greater understanding of the
function of Hox selector genes in the body plan (Schneuwly and Gehring, 1985).
Transplantation experiments have continued to elucidate a finer understanding of cellular
identity within the larger context of the organism as whole.

Restricting genetic manipulations to the disc structure itself allows the study of genetic
mutations that would be lethal or too severe to study in an embryonic context. The Gal4-UAS
system allows for tissue and pattern specific expression of genes of interest (Osterwalder et al.,
2001, p. 4).

Phenotypes that manifest in the adult organs of the fly can be used as convenient readouts
for defects in patterning that occur at the imaginal disc stage, allowing for rapid genetic screens
and efficient epistasis experiments. This has been of particular note in the Drosophila eye,
where even mild mutations can cause phenotypes that manifest as a disruption of the crystalline
lattice of the compound eye by disrupting the recruitment and patterning of many different cell
types. Such research led to the elucidation of the major components of EGF signaling and
discovery of the function of Notch signaling (Kumar, 2001).

Long range signaling molecules are used extensively in the imaginal disc system.
Hedgehog signaling is required to pattern anterior and posterior compartments of the discs, and
wingless and decapentaplegic use long-range morphogen activity to control growth and

development of the disc. Each of these signaling pathways in conserved in humans, and insights
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about function of these pathways in the imaginal disc continues to provide insight into signaling
and its role in development today (Kicheva et al., 2012; Wartlick et al., 2011).

Both the genetic tools available for Drosophila as a whole, and the ease of
experimentation on imaginal discs, make them an intriguing model system for signaling going
forward. The imaginal disc has proven to be an analogous signaling environment to human
organ tissues and provides a generalizable context for understanding how signaling works during

development and disease.



Chapter I1: Single molecule fluorescent in situ
hybridization: A method for detection of mMRNA in
Drosophila imaginal discs
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Introduction

Imaging assays of gene expression offer unique advantages for the observation of
biological processes. In developing tissues, they allow us to observe gene expression in the
context of the morphology of the organism. In disease states, researchers can ascertain
heterogeneity of gene expression in tumors. Assays that require the bulk preparation of tissue
inherently lose any quantification of cellular, spatial, or individual heterogeneity of gene
expression. In terms of observation of mMRNA in tissues, in situ hybridization has been in use for
over fifty years (Gall, 2016).

Initial methods for in situ hybridization employed long single-stranded DNA or RNA
probes that were produced either by digestion of a DNA plasmid or in vitro transcription. Probes
elicited a signal by associating with an enzyme to provide a colorimetric signal or fluor to
provide a fluorescent signal (Levsky and Singer, 2003). By nature, these probes produced a
background signal because a single nonspecific binding event and a single specific binding event
of the probe introduces an equivalent amount of signal into images. While this challenge can be
somewhat overcome by blocking with nonspecific nucleic acids, it nonetheless limits the
sensitivity and resolution of traditional in situ hybridization assays (Gall, 2016). The addition of
an enzymatic or fluorescent amplification step to generate signal makes the assays semi-
quantitative. Thus, for many years, in situ hybridizations were not considered to be strongly
quantitative, and researchers relied on other methods such as northern blots and RT-gPCR to
obtain complementary quantitative results.

In 1998 the Singer lab invented single molecule fluorescent in situ hybridization
(smFISH). It detected mRNAs using somewhat smaller probes (50 nucleotide-long oligos) that

were each labeled with multiple fluorophores (Femino et al., 1998). However, these probes still
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had many drawbacks. Synthesis and purification of multiply labeled probes was costly and
difficult, producing partially labeled probes that introduced additional variability in fluorescence.
In addition, multiply labeled oligonucleotides appear to be particularly prone to fluorescence
quenching (Femino et al., 1998; Levsky and Singer, 2003). For these reasons, the method saw
only limited use in the early 21% century.

In 2008, Raj and colleagues used smaller probes, which introduced smFISH to a wider
audience (Raj and Tyagi, 2010; Raj and van Oudenaarden, 2008). This advance was facilitated
by broader availability of inexpensive oligonucleotide synthesis. Large numbers of 20-
nucleotide oligos could be individually labeled with a fluorophore, which was more cost
effective. The use of many (at least 24 and up to 96) smaller probes showed an improved signal
to background because a single nonspecific binding event contributes only marginally to
background fluorescence. Many specific binding events are required to observe a signal. The
annealing of the probes along the length of the mRNA molecule mitigates the effects of partial
RNA degradation, occlusion by RNA binding proteins, and the possibility of prohibitive
secondary structure. The loss of a few potential binding sites does not necessarily prevent
detection of that RNA molecule (Raj and Tyagi, 2010).

Here, | have adapted smFISH for use in the powerful model system of Drosophila

imaginal discs.

Results

Initial Detection of GFP Transcripts via smFISH Using an Anti-GFP Probe Set

| performed a “first pass’ experiment in order to assay the viability of a smFISH
methodology for Drosophila imaginal discs. | designed probes complementary to superfolder-

GFP (sfGFP). These oligos were ordered pre-conjugated to a CalFluorRed dye from
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Figure 1. Detection of Patched-GAL4 > UAS-GFP expression with smFISH. (A) Schematic
of expected GFP expression domain in the wing imaginal disc. AP boundary represents the
anterior-posterior compartment boundary, DV boundary represent dorsal-ventral wing boundary.
(B-C) Widefield deconvoluted sections of imaginal discs expressing Patched-GAL4 > UAS-GFP
. Nuclei are stained with DAPI. Scale bars= 5 pum. (B) GFP mRNA visualized with anti-GFP
CalFluorRed smFISH probes. (C) GFP mRNA (red) visualized along with GFP protein (green)

and nuclei stained with DAPI (blue).
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BiosearchTech (See methods for details). smFISH was performed according the protocol
described in (Raj and Tyagi, 2010). Imaging was performed using a Deltavision wide-field
microscope. Initial experiments used a Patched-GAL4 driver crossed to a UAS-GFP line. This
produces flies with wing discs expressing GFP very strongly in the Patched pattern, which is a
stripe immediately anterior to the anterior-posterior compartment boundary in the wing disc
(Figure 1A). | reasoned that such a high amount of GFP expression should produce some
smFISH signal if any could be detected. As expected, | saw smFISH signal that colocalized with
GFP signal (Figure 1B, C).

Given these results, | decided to proceed to using the sfGFP probes to detect expression
from a sfGFP-senseless (sSfGFP-sens) transgene (Giri et al., 2020). | anticipated that this would
produce signal that was more likely to give individual spots for the following reasons: first, the
probes were designed specifically for this version of GFP, and second, this transgene is
expressed at far lower levels than the overexpression caused by the GAL4-UAS system. By
confocal microscopy, GFP protein was visible in the expected sens expression pattern of two
stripes immediately adjacent to the dorsal-ventral boundary of wing discs (Figure 2A-B). After
smFISH was performed, the pattern was somewhat visible by widefield microscopy (Figure 2C),
showing the approximate pattern. In this region, there were distinct punctae visible in the
smFISH channel (Figure 2 D & E, red arrows). It should be noted that these punctae were not
very bright and only visible after deconvolution using the Deltavision imaging software. As can
be seen for the GFP channel (Fig 2C), my imaging setup, including deconvolution, produced

fluorescent signal that tends towards a punctate appearance.
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Figure 2. Detection of sfGFP:Sens with smFISH (A) Schematic of Sens expression relative to
the dorsal-ventral boundary of the wing disc. (B) Confocal section of sSfGFP:Sens GFP
expression. (C-E) Representative deconvoluted widefield sections of disc expressing
sfGFP:Sens. Scale bars=5 pum. (C) SfGFP-Sens protein (green) visualized with nuclei stained
with DAPI (blue). Two stripes of Sens expression run roughly parellel to the x axis of the image.
(D) SfGFP-Sens mRNA visualized with anti-GFP smFISH probes along with nuclei stained with
DAPI. (E) SfGFP-Sens mMRNA CalFluorRed signal alone. Red arrows indicate presumptive

transcription sites.
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To determine the nature of these spots, | designed probes complementary to sens RNA.
These were expected to detect mMRNA from the sfGFP-sens transgene. The transgene is present
in a sens protein null background. However, mutant alleles are not mRNA null, and transcription
still occurs. These endogenous sens MRNAs would also be detectable with anti-sens probes. |
ordered these probes conjugated to the fluorophore Quasar 670, which fluoresces in the far-red
channel, so that both sens and GFP probes could be visualized simultaneously in the same tissue.
If detection is perfect, | would expect that each GFP spot would have a corresponding spot in the
sens channel. However, FISH performed using both probe sets clearly shows many more anti-
sens Quasar 670 spots than anti-GFP CalFluorRed spots (Figure 3B). Interestingly, there were
clearly two classes of spots visible in the anti-sens Quasar 670 channel: very bright spots, located
in the nucleus, and less bright spots. It appeared as if the majority of spots visible in the anti-
GFP CalFluorRed channel belong to the class of very bright nuclear spots. | hypothesized that
these brighter spots were sites of nascent transcription. In nuclei containing a lot of overall FISH
signal, there were clearly two bright spots per nucleus: one that fluoresced in both the anti-GFP
and anti-sens channel, and one that was only present in the anti-sens channel (Figure 3C). This
is consistent with sites of transcription from two loci: the sfGFP-sens locus on the second
chromosome, and the mutant endogenous sens locus on the third chromosome. The likely reason
that | did not see two separate alleles is that chromosomes undergo spatial pairing in Drosophila
cells (Metz, 1916). Therefore, each spot likely represents transcription from both alleles of that
locus.

It was clear from my images that the anti-sens Quasar 670 probes were giving a much
stronger signal-to-background than their counterparts in the anti-GFP CalFluorRed channel. 1

wondered if this was due to the properties of the fluorophore, or if this was a probe-set specific
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Figure 3. Dual color smFISH detection of sfGFP-sens

(A) Schematic illustrating design method for two independent sets of probes targeting GFP and
sens portions of MRNA transcripts. CalFluor Red molecules are indicated by red stars and
Quasar 670 fluorescent molecules are indicated by purple stars. (B) Single deconvoluted
widefield sections and maximum projections of both red and far-red channels for discs
expressing sfGFP:sens. Scale bars= 5 pum. (C) Representative max projection of red and far-red
channels combined. Purple outlines indicate the approximate boundaries of a single nucleus.
Scale bar=5 pum (D-F) Widefield maximum projections of discs hybridized with anti-GFP
Quasar 670 FISH (D,E) or anti-sens Quasar 670 (F) probes. Genotypes are schematized below
corresponding images to illustrate the DNA copy number producing detectable RNA transcripts
in each image. Scale bars= 5 um. (D) Disc with one copy of sfGFP-sens, one copy of mutant
sensEL, and one sens* probed for GFP mRNA. (E) Disc with two copies of sfGFP-sens and two
copies of mutant sensF! probed for GFP mRNA. (F) Disc with two copies of sfGFP-sens and two
copies of mutant sensF! probed for sens mMRNA. Although the mutant alleles are mutant for

protein, they still make sens mMRNA.
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Figure 4. Effect of fixation methods on smFISH signal.
Representative confocal z-sections of sSfGFP-sens wing discs hybridized with anti-GFP Quasar
670 FISH probes using (A) formaldehyde and ethanol or (B) methanol-only fixation methods.

Scale bars=5 pum.
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phenomenon. To this end, | performed smFISH with anti-GFP Quasar 670 probes. | saw similar
signal-to-background between the anti-GFP and the anti-sens probe sets in this channel (compare
Figure 3 E,F). | concluded that smFISH performance is enhanced in the far-red channel when
compared to the red channel, regardless of probe set.

Next | sought to assay whether intentionally changing the levels of transcript by varying
copy number could produce a change in the number of RNA spots that I could detect. To do so,
I compared smFISH images from animals with one copy of sfGFP-sens and two copies of
sfGFP-sens probed with anti-GFP Quasar 670 probes. | also compared these to images of
animals with two copies of sSfGFP-sens using anti-sens Quasar 670 (Figure 3 D-F).

Qualitatively, there are more spots visible in image stacks with more copy numbers of the
transgene present in cells (Figure 3 D-F). This indicates | on the right track to be able to obtain
quantitative results with a large perturbation of mRNA levels. However, the signal-to-

background quality of the spots remained too poor to precisely quantify spot numbers.
smFISH Signal Quality Improved with Methods Development

I next sought to image smFISH treated discs using confocal microscopy. Protocols for
smFISH published at this time largely did not use confocal microscopy. However, these
protocols were primarily optimized for cell culture. Imaginal disc tissue is much thicker
(approximately 15-20 um) than cultured cells. While deconvolution can assist with localizing
signal to a plane in thick tissue in z-space, confocal imaging can do so via the microscopy setup
itself without any need for post-processing. Confocal microscopy also offers a greater breadth of
settings for boosting a low signal: laser power, detector gain, and scanner speed can all be
manipulated to detect very weak signal. However, using the Leica SP5 confocal to detect

smFISH signal resulted in a signal to background very similar to what could be achieved using
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the widefield setup on the Deltavision (Figure 4 A). It did however, eliminate some artifacts
related to deconvolution.

| further sought to improve signal to background by altering the fixation step of the
smFISH protocol. | had been fixing the discs with 4% (w/v) paraformaldehyde (PFA) in PBS.
PFA might lower the signal-to-background, possibly because crosslinking decreases access to
target mMRNAs preserving contact with RNA binding proteins. In contrast, methanol fixes tissue
primarily by protein denaturation rather than crosslinking (Hoetelmans et al., 2001). By
eliminating PFA in the fixation in favor of methanol, | thought I might increase probe binding
efficiency since denatured RNA-binding proteins will not be associated with mRNA. Indeed,
methanol fixation greatly increased the signal to background of each fluorescent image (compare
Figure 4 A & B). However, methanol fixation caused two significant problems. First, all RNA
spots now seemed to be entirely the same intensity. The bright, nuclear RNA signals | had seen
in previous imaging were no longer visible. Secondly, the nuclei, as visualized by the DAPI
stain, appeared to lack any characteristic structure and appeared as indistinct masses. Taken
together, these observations seemed to suggest a severe loss of nuclear structure, possibly due to
histone denaturation, which would cause the DNA to lose compaction and the nascent RNASs to
no longer be concentrated in one transcription spot. | was concerned that this would make it
impossible to detect individual cells. It would also make it impossible to know whether an RNA
spot was nascent or mature in origin, potentially impacting RNA measurements.

| thought I could mitigate this loss in structure by pre-fixing the discs with a lower
concentration of PFA, thus creating enough crosslinking to maintain nuclear structure without

impairing probe binding. | performed a pre-fixation step prior to the methanol fixation and used
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Figure 5. Optimal smFISH hybridization conditions.

(A) Confocal z-sections of wing discs treated with a mock hybridization method using a 15-
minute fixation in PBS-buffered paraformaldehyde solution of the concentration indicated.
Nuclei are stained with DAPI. (B-C) Confocal sections of sfGFP-sens wing disc dorsal-ventral
margin hybridized with anti-GFP Quasar 670 smFISH probes. Scale bars= 5 um. (B) sfGFP-sens
detected in discs hybridized with 30% formamide at 37°C. (C) sfGFP-sens detected in discs

hybridized with 0% formamide at 62° C.
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Figure 6. Enzymatic conjugation of FISH probes.
Confocal z-sections of anterior compartment of salm:GFP wing discs hybridized with anti-GFP

FISH probes prepared by (A) enzymatic or (B) direct conjugation to the ATTO 633 fluorophore.

Scale bars =5um.
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a dilution series of PFA concentrations, followed by DAPI staining and visualization of nuclei.
The nuclei of these discs experienced a loss of structure for concentrations of 0.04% PFA and
lower (Figure 5A). | concluded that a PFA concentration of 0.1% would be appropriate for
retaining structure. When a 0.1% PFA pre-fix was performed along with hybridization, |
observed a good signal-to-background and some evidence of bright putative nascent transcription
sites (Figure 5B, middle panel). However, the nuclei still appeared structurally diffuse (Figure
5B, top panel). | suspected that this might be due to osmotic stress on the mildly fixed tissue,
caused by use of 50% (v/v) formamide in the hybridization step. Formamide decreases the Tm of
annealing by approximately 0.7° C per 1% formamide in hybridization solution for DNA with
50% G-C content (Farrell, 2005). | omitted the formamide and increased the hybridization
temperature to compensate for the change in Tm according to this formula. Hybridization using
this procedure produced images with superior nuclear signal and nuclei quality, while preserving
good signal to background (Figure 5C).

Finally, the most expensive element of the smFISH protocol was the cost of purchasing
or manufacturing oligo probes. | intitially used probe sets manufactured by
Stellaris/Biosearchtech. These probe sets are conjugated with proprietary fluorophores by
Biosearchtech. I noticed significant bleaching over time from these probes, and | hypothesized
that a different fluorescent dye would give superior results. | selected ATTO dyes, which
purportedly do not bleach as rapidly as other available dyes. For anti-GFP probes, | conjugated
these fluorophores directly to oligonucleotides ordered from BioSearchTech (see Methods) using
an esterification reaction between NHS-Ester labeled fluorophore and terminal amino labeled

oligonucleotides.
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Figure 7. Detection of sfGFP-sens using optimized smFISH protocol.

(A) Schematized expression of sens in the wing disc about the D-V margin. sens is also
expressed in clusters of cells in the notum, which are not shown. (B-D) Confocal sections of
wing discs expressing sfGFP:sens. Scale bars= 10 um. (B) sfGFP-sens protein fluorescence. (C)
sfGFP-sens mRNA visualized using smFISH using anti-sfGFP probes. (D) Higher magnification
of sfGFP-sens mMRNAs visualized using anti-sfGFP probes. (E) Distribution of mean intensity

for all identified fluorescence objects from one wing disc expressing sfGFP-sens.
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This procedure was still costly because the 5° nucleotide in each oligo was a chemical
derivative that was expensive to add to the oligos. In order to bring down the cost of additional
probe sets, | utilized an enzymatic procedure for fluor conjugation to oligos. This involves
performing a single NHS-Esterification reaction in order to conjugate fluorophore to dideoxy-
UTP (ddUTP). An enzymatic reaction is then used to add the fluorescent ddUTPs to an
oligonucleotide that does not require any special chemical modifications and could be purchased
from IDT. This reduces the need to repurchase NHS-esterified fluorophores and amino-5’-
labeled oligonucleotides, greatly reducing the cost per probe set. Probes prepared in this way

with ATTO-633 dyes perform equivalently to probes conjugated chemically (Figure 6).
smFISH in the wing imaginal disc is specific for GFP RNA

Under these optimized conditions, smFISH of sfGFP-sens wing discs generates signal
specifically in the pattern that is expected for sens (Figure 7A-C). This signal at high
magnification shows clear, punctate spots that appear well separated from background signal
(Fig 7D). Anti-GFP probes give very little signal when used to probe discs from larvae lacking
sfGFP-sens (compare Figure 8 A-B). A typical sSftGFP-sens image stack contains approximately
8,500 spots as assigned by my automated spot finding program, whereas an image stack on a disc
expressing no GFP construct contains only 40 spots (for details on the spot-finding program
development, see Chapter I11). These 40 spots were all identified in the first five z-planes, which
are always captured near the peripodial membrane of the wing imaginal disc. The source of the
spots therefore likely represents non-specific binding of probes to the exterior of the disc.

To further examine the nature of the spots, | incubated wing disc explants in culture
media supplemented with actinomycin-D before probing for mMRNAs expressed from spalt-major

(salm). This resulted in a significant reduction in the number of spots visible in images (Fig 8
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Figure 8. smFISH Positive and Negative Controls.

(A-B) Representative confocal sections of wing discs hybridized with anti-GFP FISH probes.
Scale bars=5 um. (A) A disc from an animal containing two copies of sSfGFP-sens and two
copies of mutant sensF! allele. (B) A disc from an animal containing two copies of endogenous
sens*. (C) Mean number of fluorescence objects identified in whole wing discs containing either
two copies of sSFGFP-sens or two copies of endogenous sens hybridized with anti-sfGFP probes.
Error bars are SEM. (D-E) Representative confocal sections of wing discs hybridized with anti-
Salm RNA probes. Error bars=5 um. (D) A disc cultured in growth medium for 30 minutes. (E)
A disc cultured in growth medium + 5ng/uL actinomycin-D for 30 minutes. (F) Mean number of
fluorescence objects idnetified in entire wing discs hybridized with anti-Salm RNA probes
cultured in growth medium with or without actinomycin-D. Error bars are SEM. (G) A
representative confocal section from a wing disc expressing sfGFP-sens and the mutant sensE?
allele. The disc was probes for GFP (red) and sens (green) RNA using independent probe sets.
Spots that fluoresce both red and green (purple arrow) are presumptive sfGFP-sens mMRNA that
have annealed to both probe sets. Spots that only fluoresce with the sens probe set (white arrow)
are presumptive sens mRNAs that are generated from the endogenous protein sens gene.
Although these sens alleles are mutant for protein output, they still produce mRNA. The
occasional spot (beige arrow) that fluoresces only in the sSfGFP set are presumptive sfGFP-sens
MRNA that failed to hybridize with the anti-sens probe set. These are false negatives. Scale bar=

S5 pHm.
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D-E). My automated spot detection found on average, approximately a four-fold reduction in the
number of RNA spots detected per disc (Figure 8F). This indicates that the spots | detect are
likely RNA in origin.

| also visualized sfGFP-sens mMRNAs detected by both sens and GFP probes with my
optimized protocol, in order to estimate the number of mMRNAs missed by in situ hybridization
with a single probe set. GFP probes conjugated with ATTO 633 detected GFP RNA, whereas
anti-sens probes conjugated with ATTO 565 detected sens RNA. This resulted in three sets of
spots: colocalized spots (sSfGFP-sens mRNA), spots detected only in the sens channel, and spots
detected only in the GFP channel. Spots detected only in the sens channel may represent
endogenous sens transcripts, as the sens null alleles used in this study are protein null but not
RNA null in nature. Theoretically, every GFP spot should have a corresponding sens spot in the
other channel, so I sought to analyze exactly how many GFP spots had no colocalized ATTO
565 RNA spot. | did this by analyzing the fluorescence intensity of a spot around each identified
GFP RNA spot in the 565 channel. 1 modeled the background fluorescence of the 565 channel as
a normal distribution about the mean background pixel intensity. If the intensity of 565
fluorescence in the region associated with the 633 RNA spot was in the 98™ percentile or higher,
it was considered to be a spot in the 565 channel as well. Using this method, | found that 93% of
anti-GFP ATTO 633 spots had a corresponding spot in the anti-sens ATTO 565 channel (Figure

8G). Therefore, | concluded that no more than 7% of mMRNAs are being missed with a probe set.
Bright Nuclear Spots are Sites of Nascent Transcription

While optimizing smFISH for sfGFP-sens, | was able to visualize and detect bright spots
that appeared to be localized to the nuclei in my images. These spots appeared to have a

maximum of one spot per nucleus using anti-GFP probes. For anti-sens probes in sfGFP-sens
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Figure 9. Sites of nascent transcription are detected by smFISH.

(A) Sites of nascent transcription can fluoresce more brightly due to multiple nascent transcripts
localized to one gene locus. (B) Probes recognizing an omb exon many small dim spots and a
few bright large spots. Right image shows merge of DAPI and probe fluorescence. (C) Probes
recognizing an omb intron only generate only large bright spots that are associated with nuclei.
Scale bars=5 um. (D) Frequency distribution for all spots in a wing disc probes with sens
MRNA. Using a threshold of 2.5 times the median spot intensity, single mRNA spots were
filtered out, leaving only spots associated with transcription sites. The frequency distribtuion for

this class of spot is shown.
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animals, a maximum of two spots per nucleus could be detected (Figure 3C). These seemed
likely to be sites of nascent transcription, as have been described elsewhere in SmFISH literature
(Raj et al., 2006; Raj and Tyagi, 2010) (Figure 9A).

To confirm this, | designed two sets of probes for mMRNA transcribed from optomotor
blind (omb), one for exonic RNA and one for intronic RNA. As expected, the intronic RNA
probes did not generate any cytoplasmic spots, and only showed bright, nuclear localized spots,
whereas the exonic probes detected both types of spots (Figure 9 B & C). This supports the idea
that these bright spots represent sites of nascent transcription. My automated spot detection
program finds that the bright nuclear spots are 2-25 fold brighter than the weak cytoplasmic

spots (Figure 9D for sample quantification).
smFISH methodology also functions in the eye imaginal disc

To test whether the protocol optimized in the wing imaginal disc system was broadly
applicable to other imaginal discs, | performed smFISH using eye-antennal discs from sfGFP-
sens animals and anti-GFP ATTO 633 probes. sens is expressed in a stripe of clustered
proneuronal cells near the morphogenetic furrow of the eye disc (Figure 10A). | observed
smFISH spots of comparable intensity and quality to those in wing discs expressed in this pattern
(Figure 10B-C). | therefore conclude that smFISH is able to function similarly in the eye disc
and can be used there. Itis likely that this methodology is broadly applicable to any imaginal

disc, as they all have similar structural properties and physical sizes.
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Figure 10. smFISH imaging of the eye antennal disc.

(A) Schematic of the eye antennal disc showing the approximate location of cells expressing
sens. Anterior is to the left. (B, C) Representative confocal sections of discs expressing sSfGFP-
sens probed for GFP mRNA. Scale bars=5 um. (B) Low magnification shows a vertical stripe
of positive fluorescence that oscillates between high abundance and low abundance of mMRNA.
This is the pattern that has been reported for cells in the morphogenetic furrow (Nolo et al 2000).
(C) Higher magnification showing two complete clusters of sens-positive cells (ashed purple

lines).
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Figure 11. Autofluorescence in smFISH

(A) Mean pixel intensity of images of mock-hybridized single disc imaged every 20 nm along
the light spectrum from 440-780nm. Green (488nm), red (550nm) and far-red (633nm) lasers
were activated and their locations in the spectrum are indicated. (B-D) Representative optical
sections of wing discs expressing sSfGFP-mCh-sens probed for sfGFP RNA using the ATTO 565
fluorescent dye. (B) Disc was hybridized using unaltered optimized smFISH protocol. (C) Disc
treated with TruBlack Lipofusion Autofluorescence Quencher prior to hybridization. (D) Disc

treated with sodium borohydride prior to hybridization.
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Discussion

smFISH Optimization: General Principles and Strategies for the Future

In my work, the critical points of optimization for smFISH in this context were fixation
method and formamide concentration. Fixation chemically prepares the tissue for optimal probe
binding while still retaining structural integrity for microscopy. Formaldehyde crosslinks
macromolecules with amine groups to one another, preserving secondary and tertiary structure. |
found that formaldehyde fixation at concentrations and times used for other SmFISH protocols
did not produce optimal results in imaginal discs. High degree of cross-linking may decrease
probe access to RNAs of interest by preserving the structures of RNA-associated proteins, and
the secondary structures of RNA itself (Hobro and Smith, 2017). Methanol fixation is more
appropriate for smFISH in that it denatures proteins, exposing RNAs for annealing (Srinivasan et
al., 2002). However, it was clear from my results that methanol fixation profoundly altered the
structure of the nucleus. It appears likely that methanol fixation alone with no crosslinking was
denaturing histones and other DNA associated proteins. It is also possible that this was causing
the nuclear membrane to become excessively permeable, resulting in an obscure and
unstructured nucleus visible with a DAPI stain (Hoetelmans et al., 2001).

| found that a balance between first fixing with a low concentration formaldehyde and
followed by methanol fixation was optimal for imaginal disc tissues. However, optimal fixation
methods may vary between tissue types. For example, a methanol fixation alone may not be
problematic in a tissue with few nuclei, where a loss of structure would not obscure the position
of said nuclei. Other contexts may also be more amenable to formaldehyde fixation, particularly

if the mRNAs of interest are not heavily bound with RNA-binding proteins.
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Selection of Fluorophores for FISH

Single molecule detection works most robustly when the signal-to-background ratio is
maximized. This can be achieved by maximizing signal and reducing background. Choosing a
fluorophore with a high quantum yield and low bleaching helps for maximizing signal. For
ATTO 565, incomplete enzymatic conjugation diluted the functional probe concentration by
having to compete with many unconjugated oligonucleotides for binding. For further use of
single molecule FISH, | would strongly advise probe concentration (and purity) as a starting
point for optimization.

Background fluorescence has two sources: unbound probe and autofluorescence from the
tissue itself. Care should be taken to select fluorophores in the lowest autofluorescence
wavelengths for the tissue being imaged. Typically, the greatest levels of autofluorescence are
detected in the 488 nm region of the visible light spectrum. For imaginal disc tissue, | found that
the mid-red 552 laser generated the greatest autoflourescence (Figure 11). This was not relieved
by any autofluorescence quenching methods that I tried. For this tissue, far red 633 was optimal
for low autofluorescence. If performing smFISH in a new tissue or context, | would recommend
initially performing a spectral scan on fixed and mounted (unhybridized) tissue before deciding
on the correct fluor label to use.

Additionally, residual fluorescence from the fluorescent proteins expressed in the tissue
themselves must be avoided. The methanol fixation denatures a significant portion of the
expressed fluorescent proteins but does not entirely Kkill fluorescence. Therefore, fluorophores
for smFISH will work best in wavelengths far away from any fluorescently tagged proteins

expressed in the tissue.
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Hybridization conditions

Hybridization can be favored or disfavored by temperature, salt concentration, and
formamide concentration. The hybridization conditions | chose were based on previous SmFISH
protocols and are somewhat strictly based on the average Tm of the oligonucleotide probes. In
theory, the binding of multiple oligos to an RNA is a cooperative process (Kwon, 2013). The
initial binding events serve to weaken the secondary structure of the RNA and to lower the
binding energy for additional oligonucleotides. Thus, strict hybridization conditions help to
prevent nonspecific binding.

| used the Stellaris probe designer to design most of my probe sets. This program allows
for a relatively wide variation in Tm for probes. If a sufficient number of oligos are designed, a
handful of poor oligos may not affect results. However, one can imagine a scenario where one
wants to detect a short transcript, and probe number is limited by the available length of the
RNA. When working with a smaller number of different oligonucleotide probes, it is helpful to
design such probes to have highly similar melting temperatures, and to tailor the hybridization
temperature (or other conditions) to that melting temperature. Keep in mind that melting
temperatures calculated by companies that manufacture oligonucleotides are calculated under
certain conditions and are for DNA-DNA binding rather than RNA-DNA duplex binding (Freier
etal., 1986). Therefore, Tm may be a starting or reference point for calculating hybridization
temperature, but independent calculations using proper salt concentrations and empirical testing
need to be done.

While hybridization time was never systematically explored by me, | serendipitously
found that doubling the hybridization time and the subsequent wash did not significantly alter the

FISH signal-to-background ratio in my hands. While | never used the resulting images for
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analysis out of an abundance of caution, I speculate that one hour is long enough for probe

binding to approach an equilibrium state in this tissue under these conditions.
Immunostaining and smFISH

I never utilized antibody co-staining for any analysis in my data. | made several
attempts to use an anti-lamin antibody to detect nuclei, performing the immunostaining both
before and after hybridization with FISH probes. These were not successful using the 0.4% PFA
and methanol fixation method, and resulted in no antibody signal. | speculate that antibodies for
which their corresponding epitopes are intact after methanol fixation (or denaturation in general)

could be used for detection.
Why was smFISH difficult in imaginal discs?

| speculate that imaginal discs are challenging with regards to smFISH because of their
tissue geometry. The columnar cells and pseudo-stratified epithelial structure make for a densely
packed and irregular cell architecture. Compared to Drosophila embryos, there is a high density
of cell membranes, causing a high lipid content in the tissue that possibly causes additional
autofluorescence. Other tissues, (such as zebrafish tissue) have been found to present similar
difficulties (Trinh and Fraser, 2013). Thus, additional methodologies for RNA detection may be

useful for Drosophila tissues in the future.
Future Directions

Several recently developed technologies may offer superior imaging-based detection of
single molecule RNAs in thick tissues. Hybridization-based amplification employ use of
unlabeled oligo probe sets that are hybridized to target RNAs. The probes themselves can then

be detected with secondary fluorescently labeled probes, which can be highly specific and
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heavily labeled (Sylwestrak et al., 2016). Additionally, new fluorophore products may be
developed that give higher quantum yield, or many new colors. Several exciting technologies
allow FISH to be multiplexed in a manner that will allow the development of image-based
transcriptomics. Seq-FISH involves repeated hybridization, imaging, and stripping of a fixed
sample with multiple sets of FISH probes (Eng et al., 2019). Alternatively, multiplexed error-
robust-FISH (mer-FISH) uses combinations of fluorophores to produce more colors with non-
overlapping emission spectra than the traditional four-color fluorescence system (Xia et al.,
2019). Both of these approaches allow many genes to be assayed in the same sample in parallel,
although they each have their own sets of limitations. Even an expanded number of genes
assayed in each FISH cannot approach the broad transcriptomic approach offered by a
sequencing based approach. Some mRNAs are too short or structurally inaccessible to probes,
and multiplexing does not resolve or improve such a shortcoming. Additionally, the cost of
probe sets and imaging time can become exorbitant (Chen et al., 2019; Lubeck et al., 2014).
Nonetheless, multiplexed RNA detection expands the ease of asking certain types of scientific
questions. How are sets of genes co-regulated?

It would allow us to characterize tissues with an unprecedented level of detail, giving us
information about cell-to-cell heterogeneity for both transcript types and transcript levels.
Combined with single cell RNA sequencing, this could be particularly powerful tool for
discovery. Rare sets of cells with a particular set of expressed genes could be discovered via
sequencing and then their location and distribution within a tissue characterized, leading to
insights into tissue function.

An additional avenue for future research would be to explore how transcript levels

change over time, using live imaging approaches. This would require adaptation of the MS2
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system for Drosophila imaginal discs. While the technology to bring the MS2 system into
imaginal discs exists, actually implementing it will require building the proper reagents (Garcia
and Gregor, 2018). Culture conditions must be worked out for discs that allow transcription to
proceed the same as it does in vivo. Additionally, imaging can be much more challenging in live
tissues, which have even more autofluorescence than live tissues (Wang et al., 2008). However,
the observation of transcription in real time would undoubtedly help answer many questions and

lead to new discoveries.

Materials and Methods
Drosophila genetics

All Drosophila were raised at room temperature and grown on standard molasses-cornmeal food.
The sfGFP-sens transgenic line was used as described in (Cassidy et al., 2013).11/24/2020

5:02:00 PM
smFISH Probe Design and Preparation

smFISH oligonucleotide probes were designed using Stellaris Probe Designer (Biosearch
Technologies). Probes sets contain between 45 and 48 non-overlapping 20-nucleotide oligos. A
full list of all probe sets is provided in Appendix 1. Anti-GFP probes were prepared by
conjugating NHS-ester ATTO 633 dye (Sigma 01464) to the 3' end of each oligonucleotide.
Anti-sens probes were prepared by conjugating NHS-ester ATTO 565 dye (Sigma 72464) to the
3" end of each oligonucleotide. These oligos bear a mdC(TEG-Amino) 3’ modification to allow
conjugation, and were obtained from Biosearch Technologies. Conjugation and purification was
performed as described (S. C. Little & Gregor, 2018). All other probe sets were prepared using

the enzymatic conjugation protocol as described (Gaspar, Wippich, & Ephrussi, 2017). Briefly,
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amino-11-ddUTP (Lumiprobe) was conjugated to NHS-ester ATTO 633. Terminal
deoxynucleotidyl transferase (New England Biolabs) was then used to conjugate ATTO 633-
ddUTP to the 3' ends of oligonucleotides that had been purchased from IDT. After enzymatic
conjugation, oligos were purified from free ATTO 633-ddUTP using G-25 spin columns (GE
Illustra) according to manufacturer’s instructions. Final concentration of oligonucleotide was 33

MM in water. Probes were stored at -20°C, protected from light, until use.
smFISH: Initial Protocols

Wing discs were dissected from wandering 3" instar larva in cold phosphate buffered saline
(PBS) and immediately fixed in 4% (w/v) paraformaldehyde / PBS for 45 minutes at room
temperature. Discs were then fixed for 24 hours in 70% reagent grade ethanol at -20° C. Discs
were transferred to hybridization buffer (35% formamide, 10% w/v dextran sulfate, 4X SSC,
0.01% w/v salmon sperm ssDNA (Invitrogen 15632), 1% v/v vanadyl ribonucleoside (NEB
S14025), 0.2mg/mL BSA, 0.1% v/v Tween-20). Oligo probes were added to a 1.5 uM final
concentration in the hybridization buffer, and hybridization was performed overnight (15 hours)
at 37° C. After hybridization, discs were washed once for 30 minutes at 37 ° C in wash buffer
(35% formamide, 4X SSC, 0.1% v/v Tween-20, 5 ug/mL 4',6-diamidino-2-phenylindole (DAPI)
(Invitrogen)). Discs were washed with PBS + 0.1% Tween-20 and transferred to Vectashield
(Vector Labs) for mounting. Discs were mounted in 15 ul of Vectashield on glass microscope

slides using an 18 X 18 mm No. 1 coverslip (Zeiss).
smFISH: Final Protocol

Wing discs were dissected from wandering 3™ instar larva in cold phosphate buffered saline
(PBS) and immediately fixed in 0.1% (w/v) paraformaldehyde / PBS for 15 minutes at room

temperature. Discs were then fixed for 30 minutes in methanol at room temperature. Discs were
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transferred to hybridization buffer (10% w/v dextran sulfate, 4X SSC, 0.01% w/v salmon sperm
ssDNA (Invitrogen 15632), 1% v/v vanadyl ribonucleoside (NEB S14025), 0.2 mg/mL BSA,
0.1% v/v Tween-20). Oligo probes were added to a 1.5 uM final concentration in the
hybridization buffer, and hybridization was performed for 1 hour at 62° C. After hybridization,
discs were washed once for 5 minutes at 62 ° C in wash buffer (4X SSC, 0.1% v/v Tween-20).
Discs were then incubated with 2.5 ug/mL 4',6-diamidino-2-phenylindole (DAPI) (Invitrogen) in
PBS + 0.1% Tween-20 for 5 minutes at room temperature. Discs were washed with PBS + 0.1%
Tween-20 and transferred to Vectashield (Vector Labs) for mounting. Discs were mounted in 15
ul of Vectashield on glass microscope slides using an 18 X 18 mm No. 1 coverslip (Zeiss). For
eye imaginal discs, discs were dissected from late 3" instar larva in cold PBS with brain and
mouth hooks attached, then smFISH was performed as described. Immediately prior to

mounting, brain and mouth hooks were removed from eye discs and discarded.
Actinomycin D Treatment

Wing discs were dissected in room temperature Graces’ Insect Medium (Sigma 69771)
supplemented with 1X Pen-Strep (Gibco 15140-122) and 5 mM Bis-Tris (Sigma B4429). Half of
the total dissected discs were transferred to 24-well tissue culture dishes containing this prepared
media +5 ug/mL Actinomycin D, and half were transferred to untreated controls containing
culture media + 1:1000 (v/v) DMSO. Discs were incubated with gentle shaking for 30 minutes
at room temperature, protected from light, before being washed with fresh culture media, and 1X

PBS. SmFISH was then performed as described.
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Microscopy

Widefield imaging: 16-bit 3D image stacks were collected on a Deltavision Olympus IX-71
inverted microscope using a EMCCD camera and a 100X oil immersion (NA 1.44) objective.
Deconvolution was automatically performed according to default settings.

Confocal imaging: 12-bit 3D image stacks were collected with x-y pixel size of 76 nm and z-
intervals of 340 nm on a Leica SP8 scanning confocal microscope, using a pinhole size of 1 Airy
unit and a 63X oil immersion (NA 1.4) objective. DAPI, ATTO 565, and ATTO 633 were
excited by the 405, 555, and 630 nm lasers, respectively. ATTO dye fluorescence was collected
using a HyD detector on photon counting mode and a scanning speed of 200 Hz, with 16X line

accumulation. DAPI fluorescence was collected using PMT detector using 8X line averaging.
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Introduction

Image analysis seeks to automate the organization of visual data in a way that makes
sense for completing certain tasks. Such tasks include: segmentation of image features into
discrete objects, classification of different features of an image into categories, the reconstruction
of 2D images into 3D, and tracking objects across time and space (Grande, 2012; Pavlidis,
1988).

In order to do so, imaging data can be understood as large data sets that take the form of
3D arrays of numbers. Therefore, they can be transformed, analyzed and classified in the same
manner of any data array in order to perform image analysis.

Most image analysis tasks are performed adeptly and unconsciously by the human visual
system. Therefore, our own perceptions are often a good metric for how well automated image
analysis has completed a task. We compare the output of image analysis to a “ground truth,” or
unambiguous manually labeled image (Collins, 2007). It is important to keep in mind that if we
cannot establish a ground truth, we will never have a strong metric for “how well” image
analysis has worked. Sometimes there is a mistaken perception that image processing or analysis
can “fix” poor imaging data. However, if you as a human researcher cannot provide the correct
answers using your own eyes, you will never be able to train an image processing pipeline or
deep learning network to do so for you, and you will need to focus on obtaining higher quality

data or adjusting your preprocessing steps until you can do so.
Finding Objects and Feature Extraction

A critical step in any image analysis workflow is feature extraction and selection. This
entails identifying the critical data features for performing the image analysis task. Often this is

done via the use of various preprocessing filters (Collins, 2007).
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For smFISH data, the goal is to perform varying forms of segmentation, first for RNA
spots, and then for nuclei. This task requires the classification of pixels in an image into “object”
and “background” pixels, followed by clustering them into discrete objects. In other words, the
value of grey pixel values is changed into only one of two categories: 0 or 1. The most simple
way to achieve this is to call a threshold value, where all pixels with values above the threshold
become 1 and all with values below the threshold are transformed to zero. This simple
mechanism often does not provide robust segmentation due to insufficient contrast between
signal and background, uneven image textures within objects themselves, or uneven background
(Grande, 2012).

There are several methods for preprocessing images that can deal with these problems. If
background is uneven in a predictable and consistent way, a control background image can be
subtracted from the test image to increase contrast. Similarly, images can be added or averaged
together. The value of each individual pixel can also be changed according to a nonlinear
function in order to artificially increase the contrast of an image (Russ et al., 2018).

Alternatively, there is a class of neighborhood processing functions, that perform a
calculation using a moving kernel of pixels. For example, a median filter changes each pixel to
the median of the pixel values in a kernel surrounding it. This can be used to blur or reduce the
texture of objects that may be interfering in segmentation. Edge detection filters tend to have
the opposite effect, enhancing edge features in an image (Collins, 2007; Russ et al., 2018).

Once object and background pixels are satisfactorily discriminated, the pixels must be
organized into discrete objects. This is sometimes straightforward if an object’s pixels are all

connected and objects are far enough apart. However, objects in the image may need to be
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dilated, eroded or filled in in order to achieve this. Nuclei tend to follow this pattern as they are

often touching each other significantly and have uneven internal structure.
Deep Learning for Image Analysis

A form of artificial intelligence known as deep learning has been extremely helpful to the
image analysis community in that it allows automation of the feature extraction process. Some
deep learning uses a neural network, or interconnected layers of functions. Data is input into the
network and passes through a series of functions or hidden layers before making a prediction,
which is then compared to the true output. This is performed iteratively until the network has
been trained to perform the image analysis task to some satisfaction. This training is then tested
with one or more separate validation sets of data. Different deep learning engines use different
types of network architectures (Moen et al., 2019). Network architectures known as
convolutional neural networks (CNNs) have met with the most success in the image processing
field. CNN networks contain convolution layers and pooling layers. A convolution layer
convolutes input images and obtains image features. The pooling layer compares multiple
images and selects relevant features (Moen et al., 2019). The result is automated feature
extraction before moving onto the classification step. Additionally, some networks have utilized
transfer learning to broaden the utility of a trained network. This entails the use of an existing
trained and validated deep learning network, applied to a new task. Provided the new task is
similar enough, the network will only need a small amount of training for it to achieve the new
task. This has been particularly helpful for cell segmentation tasks as the network can be trained
on “easier” data and then adapted to more challenging image tasks and styles. Prior to deep
learning, cell segmentation for each data set required a unique, user-defined set of preprocessing

tasks that can achieve robust segmentation of that data set but are mostly useless for any other
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data (Minaee et al., 2020). With deep learning networks and transfer learning, researchers have
been able to produce networks that are trained to identify a wider variety of cell shapes and
image styles.

For my image data, once | could clearly delineate a ground truth for what was an RNA spot
and what was not, | was able to do my data analysis robustly using a simple threshold for
segmentation of RNA spots. Due to the clustered nature of nuclei in the imaginal disc, and the
uneven features of DAPI staining, | chose to use a CNN network trained for segmentation of
imaged nuclei. While still producing imperfect results, these image analysis modalities still allow

me to make robust conclusions about my data (see Chapter 1V).

Results
Accurate smFISH RNA Spot Detection

My first step in analysis of the smFISH data was to accurately and reproducibly segment
RNA spots. | faced several challenges when doing so. First, my data contains a high dynamic
range of pixel intensities. Many transcription sites contain pixels with values an order of
magnitude higher than pixels in mature RNA spots (see Figure 1A). This is very confusing for
many pre-existing segmentation tools, which appear to perform best when each class of objects
have similar properties in terms of size, shape, and pixel intensity. From a qualitative assessment,
| observed that filters that optimized for RNA spots tend to capture a lot of artifactual light from
transcription sites, whereas filters optimized for transcription sites disregard and misidentify
many RNA spots. From the outset, it seemed apparent that identifying nascent and mature RNA
spots might require somewhat different segmentation processes.

Secondly, mature RNA spots are very small and potentially close together. There is a

high propensity for segmentation tools to segment “dumbbell”-like objects when two RNAs are
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in close proximity in space, even when these objects appear spatially resolved to a human
observer (as in Figure 1B). This undercounts the number of objects and interferes with the
quantification of properties of those objects. Thirdly, there is some amount of variation in pixel
intensities from image stack to image stack. This could be due to disc-to-disc variability, as well
as variability in the laser intensity of the confocal microscope, which is somewhat dependent on
how long the lasers have been on.

Initial attempts to segment RNA spots were performed with a machine learning tool
called llastik, an open-source algorithm that specializes in Random Forest classification tasks.
Ilastik was attractive in that it relies on a “point-and-click” GUI wherein the user classifies pixels
and clicks on example pixels from their data. This can be a fast, user-friendly, and reliable
method for segmentation. llastik then produces a segmentation based on this user input,
algorithmically determining the types of filtering and classification that will best give the output
the user has requested. In an ideal scenario, the user trains a filter in llastik that can then be
automatically run on each image without any additional input from the user. This filter can be
saved and provided to future users of the image processing program for reproducibility.

| sought an alternate approach for several reasons. Due to the variability in image
properties between data sets, Ilastik trained on one image rarely performed very well when used
to segment another image. Most filters were overfit, or too specific for general use. | reasoned
this would be a particular problem for comparing different data sets. Sets of images in which
smFISH was performed on the same day and in which microscopy was performed close together
were more alike than separate experiments. However, | still wanted to be able to reliably
compare them and reduce the impact of experimental variability on image processing results.

The other major issue was that when different users trained Ilastik, we got somewhat different
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Figure 1. Challenging aspects of smFISH image analysis. (A) Confocal section of smFISH

illustrating a transcription site spot (red arrow) relative to a single mRNA spot (white arrow).
Scale bar= 1um. (B) Confocal section of smFISH illustrating several mRNA foci within close
proximity to one another (dashed red outline). Scale bar=1um. (C) Comparison of number of
objects identified from a single smFISH confocal image stack after filtering via an llastik filter
generated by manual training. Each point represents a separate llastik training. Points are
colored according to the individual who performed the training. After training and filtering via

Ilastik, images were all segmented using an identical spot detection function in Matlab.
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results. Even though we agreed on what “should” be a real spot (ground truth), we all had
different criteria for when an llastik image was adequately trained for obtaining this ground truth
(see Figure 1C for example). This was a concern in that | felt I could not reliably describe what
criteria | was using to train llastik in a reproducible way. Ergo, since a single filter could
generate reproducible and reliable data across images, and | could not train separate filters for
images in a reproducible manner, | chose to pursue a different route for segmentation.

Instead, | applied a simple threshold to my images, wherein objects above the threshold are
considered spots and objects below the threshold are considered background. Each group of
connected pixels are counted as one object. For each individual z-slice or optical section, |
sweep across a range of thresholds and count how many objects are identified at each threshold.
At low thresholds, the number of objects increases rapidly as many background pixels are above
the threshold value and counted as objects. However, as the threshold goes higher, there is a
point of inflection where the number of objects becomes relatively constant over a range of
threshold values (Fig 2A). This range of threshold values where the number of objects is
constant, identifies a number of objects similar to the number of objects that were manually
identified (the ground truth) (Figure 2C). Furthermore, the centroids of the computationally
identified objects were an average of 2 pixels distance from the centroids of the manually labeled
objects. | concluded that this inflection point corresponds to a break between the background
pixel intensities and signal pixel intensities, and that it can be used as a reliable indicator of an
appropriate threshold for segmenting spots. Furthermore, | can independently determine an
optimal threshold for each individual image stack, minimizing the effects of experimental
variation in pixel intensity. In practice however, the necessary threshold for analyzing images

within a single experimental condition or group tended to be quite close in value. Additional



A Acquisition of Z Stack of Optical Sections B

l

Identify Thresholds to Segment 2D Objects

{

w

[=]

100 200 300
Spot Fluorescence Intensity

|

Thresholded Optical Section

Search adjacent optical sections @
for overlapping objects

Aggregate overlapping 2D objects into 3D object
Find centroid and mean intensity

Number of Spots (x10¢)
N

800 —

600 |

400 t

Number of 3D Objects

200 |

0" 20 40 60 80 100

Mean Fluorescence Intensity (relative units)

Mumbar o1 Spots ldent bed va Theeshold lor Gamplal

68



69

Figure 2. Development of smFISH imaging and analysis. (A) Imaging and analysis pipeline
to quantify mRNAs as 3D fluorescent objects. (B) Distribution of mean fluorescence intensity
for all identified fluorescent objects from one wing disc expressing sfGFP-Sens mRNAs. (C)
Representative distribution of the number of fluorescent objects identified at a range of threshold
values for a subsection of a confocal z-stack. Fluorescence objects were also manually identified

for this test set. The number of objects identified manually is denoted by a green horizontal line.
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filtering was applied to the identified spots in order to address spots appearing in multiple z-

planes and other potential problems (see Methods for details).
Transcription Site Identification

A histogram of the intensity of identified spots highlights a unimodal distribution of
intensities (Figure 3A). This suggests that most spots are comprised of a single molecule of
MRNA. However, the distribution has a long tail. This highlights the challenge of identification
and quantification of spots of nascent RNA. Potential nascent RNA spots will occupy a wide
range of intensities, from being nearly equivalent to mature mRNA spots, to being many times
brighter than them. | decided to independently classify spots that were transcription sites for
analysis. | did so by selecting a new threshold at which to segment spots. An appropriate
threshold would be one that excludes single molecule mMRNA spots but includes spots with
greater than twice the intensity of single molecule spots. Simply doubling the segmentation
threshold did not achieve this outcome. The value would often include many single RNA spots
because they contain a small population of brighter pixels. Instead, | empirically determined that
2.5X the median value of a single RNA spot was an appropriate threshold to segment spots of
nascent RNA for most datasets (see Figure 3B for example).

I then normalized nascent RNA spot intensity by dividing the intensity of each nascent
transcription site by the median single RNA spot intensity (Figure 3C). This provides an
estimate of the number of nascent RNAs each transcription site contains, although this estimate
is likely inaccurate. It also allows me to compare the intensity of transcription sites across
samples within a dataset and across datasets, since the value is not dependent on the raw pixel

values in the image.
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Figure 3. Detection of transcription sites and their quantification. (A) A representative
frequency distribution of fluorescence intensity for 3D spots identified in one wing disc
expressing sfGFP-sens. The median intensity is 28 units. (B) The same wing disc was reanalyzed
for 3D spots but using a threshold of 70 units as a cutoff, below which spots are not counted. (C)
The fluorescence intensity of each 3D spot in B is divided by the median intensity of 28 units to
provide a normalized number of RNAs that are localized to that 3D spot. This is not an actual
number of RNA molecules but the output from partially transcribed RNAs annealing to a
variable number of probes depending on the composition of binding sites in the RNA composite.
(D) The mean threshold used for transcription site identification for each data set plotted against
the median normalized RNA molecules per transcription site for all transcription sites in that data

set.
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Connection of overlapping objects

Figure 4. Pipeline for 3D segmentation of cell nuclei. (A) An optical section showing DAPI
fluorescence. (B) 2D segmentation of this image. (C) 3D segmentation by connecting 2D objects
in neighboring sections that overlap with one another in the x-y plane. (D) 3D Voronoi
tessellation of an image stack. The centroids of segmented nuclei (shown as circles) were used to
tessellate the image stack, creating virtual cells. Cells are represented with different colors.
Numbers in the x-y plane refer to pixel positions in the 1024 x 1024 sections. (E) An image stack
showing the centroid positions of 3D mRNA objects as circles. One tessellated cell (green) is
superimposed to show the mRNA objects that reside in space occupied by the tessellated cell.

These mMRNAs would be assigned to that particular cell.
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Nuclear Segmentation

In order to assign RNAs detected by smFISH to particular cells in the disc tissue, I
needed a way to define cell boundaries. Due to the methanol fixation, plasma-membrane
associated proteins were not detectable by innate fluorescence or immunofluorescence. Dye-
based membrane stains that rely on interactions with lipids in the plasma membrane have not
shown a great deal of success in Drosophila imaginal discs. The dense, columnar nature of the
epithelial cells in the discs makes such staining difficult to interpret and analyze. However, |
could segment nuclei, and so | explored several options. Attempts were made to stain for nuclear
lamin but were unsuccessful under the fixation conditions in which smFISH was performed.
Given these results, | decided to use DAPI as it provided the most robust delineation of nuclei. |
segmented each optical section of DAPI fluorescence using NucleAlzer, a masked R-CNN deep
learning network (Hollandi et al., 2020).

The network has been trained to do nuclei segmentation on a variety of styles of
microscopy images. | used the trained network provided for small fluorescent nuclei, so | had to
do no further training or validation, and the results were reproducible (Figure 4 A&B). This
offered an improvement over previous methods used in the lab, which use a meanshift-root
algorithm (Qi et al., 2013). Segmentation using a mean-shift root identified approximately 75%
of nuclei segmented by hand, whereas NucleAlzer identified approximately 85% of nuclei
segmented by hand. Regardless of method, segmentation identified fewer nuclei than a manual
counting, indicating that these segmentation methods are likely combining or missing nuclei at a
greater rate than they are inappropriately splitting nuclei.

Each optical section only contains a slice of one nucleus, and other sections contain other

slices of the same nucleus. | did not want to over-count nuclei and so | needed to reconstruct
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each nucleus as a 3D object. In order to connect the 2D nuclear objects in each z-section to
homologous objects in other sections, | adapted a cell-tracking script to use in z-stacks. The
computer identifies the maximum overlapping object in the next z-slice for each segmented

object and links these together into one object (see Figure 4C for visualization of this).
Assignment of RNAs to Cells

The next step in analysis was to decide how to assign RNAs to respective cells when |
only had identified the nuclei of cells and not their membrane boundaries. | wondered if there
was any effect of assigning RNA spots to their nearest nuclei compared to dividing the tissue
into random “cell” volumes. | divided a test stack into a 16 X 32 grid of equally sized volumes
and summed the RNAs in each cell volume (Figure 5A). | compared this to a two-dimensional
VVoronoi diagram wherein each cell corresponded to a segmented DAPI nuclear centroid (Figure
5C). RNA spots located within each VVoronoi cell were summed. The notable difference
between these two methods is that the random grid of cell volumes is an impartial analysis of
RNA density agnostic to the number or position of cells in a region. For the VVoronoi diagram,
cells in areas of the tissue that are more sparse have a greater volume than areas that contain
many nuclei.

Both methods produce distributions of RNA per cell with similar median values. The
distributions are both skewed towards 0 RNAs per cell with a tail of larger values, although the
Voronoi cells produce distributions with a greater variation (Figure 5 B, D and E). This
difference is grounded in a reality in the imaging data: the regions of the tissue with the most
RNA spots also have fewer nuclei present. This is largely due to the distribution of Senseless in
two morphologically distinct stripes, and differentiation of the sensory organ precursor (SOP)

cells. Ultimately, despite its flaws, the Voronoi tessellation provides a valuable calculation:



normalization for the number of cells in different regions of the tissue. Areas with fewer cells

should reasonably have more RNAs per cell.
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Figure 5. Comparison of 2D Grid and Voronoi methods (A) Representative heat map of a
sample disc partitioned into equally spaced cubes. RNA fluorescence objects were assigned to
the nearest cube region. Regions with warmer colors were assigned more RNA fluorescence
objects. (B) Smoothed distributions of RNA per spatial region for three test z-stacks of images.
Each distribution represents one disc. (C) Same imaginal disc partitioned using a VVoronoi
diagram based on the centroids of segmented nuclei. Regions with warmer colors were assigned
more RNA fluorescence objects. (D) Smoothed distributions of RNA per spatial region for three
test z-stacks of images. Each distribution represents one disc. These are the same test image
stacks analyzed in (B). (E) Combined distributions for all three replicates, comparing a grid

(red) and Voronoi (grey) methods of partitioning the tissue.
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Discussion

Limitations of Transcription Site Detection

In the data, spots of nascent RNA are treated in the same manner as mature RNA spots:
the largest object in the 3D stack of objects is counted, and a 2D circle is drawn about it in order
to extract an intensity measurement. This underestimates the intensity of nascent RNA spots for
several reasons. First, I measure intensity within the diffraction limit, whereas many nascent
RNA spots appear to be somewhat larger objects than the diffraction limit. Second, due to their
small size, mature mRNA spots only occupy 2-3 z-planes, and are usually only present as a
measurable spot in one z-plane. Spots of nascent RNA can occupy more z-planes than this
because they are larger. The result of these limitations is that subtle changes in nascent RNA
intensity may not be detectable through this analysis. This analysis has been sufficient for the
conclusions | have drawn discussed in Chapter IV.

However, it has limitations. The sfGFP-sens transgene landed in two different loci
produce statistically identical data using this analysis (Ch. IV Figure 11). However, analysis of
protein data of these two constructs predicts that they would show a small difference in number
of nascent RNAs present at the transcription site (Giri et al., 2020). However, | see no statistical
difference in the intensity of nascent RNA spots. Perhaps this difference does not exist as
predicted. Alternatively, the experiment is not precise enough in order to produce data sufficient
for asking the question. It is possible that differences between the two landing sites exist, yet
simply are too small to be detected by the analysis presented here.

Thus, when trying to ask questions that deal with very subtle differences between sets of
data, one should draw intensity measurements from entire 3D objects or from all included pixels

below threshold. 1 did not implement this because including intensity data from a variable
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number of pixels (depending on intensity and threshold) makes the intensity measurements very
sensitive to the selection of threshold. This amplifies small differences between replicates,
diminishing reproducibility. If one wanted to implement this data analysis, great care would
need to be taken to standardize the threshold used for all replicates and conditions. One would

expect there to be greater variation between replicates using this method as well.
Limitations of Cell Assignment

As discussed above, there are significant challenges in assigning RNAs to cells in the
imaginal disc, particularly with respect to smFISH. Nuclear markers are the most robust way to
mark cells in this tissue but given the complex columnar nature of the epithelial cells, assigning
cells to their nearest nuclei as | have done is not a particularly accurate method of determining
exact RNA counts per cell. The method I have chosen normalizes RNA numbers in a region to
the number of nuclei in that region and estimates the variability of RNA numbers from region to
region. Although errors will occur on a cell-by-cell basis, the errors will be systematic and
therefore, large-scale trends will not be affected by using this method. This method may not be
appropriate to draw conclusions about data that are highly dependent on accurate cell assignment
(like calculating RNA noise per cell).

The best way to improve cell assignment, in my view, would be to develop a reliable
method of membrane staining and 3D cell reconstruction in the imaginal disc. This presents
many challenges. Finding a robust membrane stain that is compatible with methanol fixation is a
significant challenge. Alternatively, dyes that interact with lipids could be used. Also 3D
reconstruction of cells is a non-trivial task. Alternatively, experiments could be performed only
on RNAs that are localized to one part of the cell. For example, wingless mRNAs are apically

located, making individual cells fairly easy to pick out and segment using the RNA channel
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alone. Other gene constructs could be produced that also apically localize RNA for analysis.
Finally, I suggest that we keep in mind alternative systems in which to ask similar questions.
Drosophila embryos and ovaries may be more simple to manipulate and image. Other systems
should be considered on a case-by-case basis, depending on what manner of question you want

to ask.

Materials and Methods

Image Processing

Raw smFISH images were processed using a custom MATLAB script with no prior
preprocessing. My pipeline is available at github.com/bakkerra/smfish_pipeline.
The pipeline consists of several modules:
Selection of mMRNA Segmentation Threshold: Spot segmentation is performed by applying a
threshold value to an smFISH image and transforming all pixels above the threshold (‘objects’)
to white and pixels below this threshold (‘background’) to black. To robustly identify RNAs, it is
therefore important to select a threshold where real RNA fluorescent spots are above the
threshold, and background fluorescence is below the threshold. Using this threshold method, 1
classify an object in each 2D image when white components have a connectivity of 8 pixels or
more. When the number of objects in an image stack is counted across a range of segmentation
thresholds, the number of objects reaches an inflection point and plateaus at a threshold
approximately equal to the level of fluorescence that separates real RNA spots from background
(Figure 2).

I manually identified and labeled 347 RNA spots from sub-regions of four independent
image stacks and found that when a threshold is selected within the plateau after the inflection

point, the number of objects identified is no more than +/- 5% different than the ground truth
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manual curation. Furthermore, the centroids of identified objects have an average displacement
of only 2 pixels from the manually identified centroids. Therefore, this plateau is an appropriate
threshold for accurate segmentation of RNA spots.
| reasoned that the position of inflection might vary from sample to sample. Therefore,

for each image stack, a range of thresholds is tested, and a threshold is selected within the
plateau to collect the segmented data. As a result, each image stack has the potential for a unique
threshold, allowing robust segmentation of spots despite variation in raw fluorescence between
image stacks. In practice, replicates from the same experiment captured in the same imaging
session did not require thresholds for segmentation more than 15 fluorescent units apart. If
image stacks did not show an identifiable inflection point and plateau, the signal-to-background
of that sample was determined to be insufficient and it was not used for analysis. The smFISH
protocol and imaging is robust enough that in my hands, this occurs in less than 10% of image
stacks collected. Once a threshold is selected, the following properties of each object are
recorded: x-y centroid position, z-plane, and a list of the connected pixels.
Connecting Segmented Objects into mMRNA Spots: Diffraction-limited fluorescent spots
captured with the 63X objective at 633 nm wavelength are estimated to be approximately 600
nm in diameter. This corresponds to a diameter of 8 x-y pixels in my images (Lipson et al.,
1995). As each z-plane is 340 nm in depth, it is assumed that genuine diffraction-limited RNA
spots will appear in 2 or 3 consecutive z-planes, depending on the spot’s position along the z-
axis. Therefore, candidate RNA spots must satisfy two criteria in order to be counted:

1. Candidate must have a corresponding object centroid at least one neighboring z-plane

within a diffraction limited radius of 4 pixels.
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2. Candidate must be larger (contain more pixels) than corresponding objects in neighboring
z-planes. This criterion prevents RNA fluorescence spots from being counted in multiple
z-planes.

A candidate that satisfies these criteria is recorded as an mMRNA spot, and only the largest 2-D
object is recorded.

The analysis program shows the FISH images overlaid with markers indicating recorded
spots so that each image stack can be manually inspected for any significant errors or
inconsistencies. The most common problem detected at this stage resulted from images taken of
discs that were “drifting,” or moving significantly between z-slices, which can cause a large
number of identified spots to be filtered out during processing for not meeting criterion 1.
Excessive bleaching across the z-stack can also cause clear inconsistencies. In this study, such
problems were rare enough that any sample experiencing these problems was considered to have
failed quality control and was simply not included for further analysis.

Intensity measurements are recorded from a circle of pixels of radius 4 about the centroid
of each recorded RNA spot. By keeping the area of each intensity measurement fixed, |
uncouple user-generated variation in selection of segmentation thresholds from spot intensity
measurements. A 2D circle was used instead of a 3D sphere to extract intensity measurements
because the spots only appear in 2 or 3 z-planes. This makes their 3D geometry variable from
spot to spot, and they cannot be consistently described using a sphere or ellipse.

Segmentation of Transcription Sites: In my images, nascent RNA spots tend to contain pixels
that are many times brighter than mature RNA spots. As a result, the brightest transcription sites
are frequently misidentified during segmentation of mature RNA spots because the second

criterion for spot identification only records the largest object within the diffraction limit in z.
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For transcription sites, this is not always the brightest plane. Therefore, | segment transcription
sites independent of mature RNAs using a higher threshold.

The objective in threshold selection for transcription sites is to select one that includes objects
with a total fluorescence intensity of twice the average mature RNA and excludes mature RNA
spots. | define the “average” intensity for a spot containing a single mRNA to be the median of
the distribution of all identified mature RNA spot objects. | empirically determined that merely
doubling the threshold for segmentation does not achieve this, because mature mRNAs may
contain a few pixels above the threshold, enough to still be identified as objects and included in
analysis. Therefore, | use a threshold calculated by multiplying the median mature RNA
intensity by a factor of 2.5 (Figure 3).

To test the accuracy of this segmentation procedure, | manually inspected three
particularly RNA-dense regions in independent images where automated segmentation found a
total of 103 transcription sites and 4,066 mature RNAs. | determined that only 7 of 4,066 mature
RNAs were misidentified as transcription sites, and found no examples of transcription sites that
had been missed by automated segmentation.

After identification, object intensity measurements are recorded from a circle of pixels of
radius 4 (the diffraction limit) about the centroid of each identified transcription site (Figure 3B).
The average transcription site threshold selected for replicates in a dataset show no correlation
with the average intensity of transcription sites in that dataset (Figure 3D). Therefore, the
differences in transcription site intensity between genes cannot be explained merely by
differences in threshold selection or variability in image fluorescence between datasets.
Estimation of Nascent RNA Number per Transcription Site: The intensity measurement of

each identified transcription site in an image stack is divided by the median intensity of
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identified mature RNAs in that sample (Figure 3). This serves two purposes. First, it serves to
normalize these measurements within each sample so transcription site intensity measurements
can be pooled across replicates without the effects of image-to-image variability in fluorescence.
Secondly, each transcription site object is presumed to be the sum of intensities of multiple
nascent RNA molecules elongating at the transcription site. By dividing each transcription site
intensity by the average intensity of a single RNA, | obtain an estimate of the number of nascent
RNAs present at the transcription site. Because some transcripts are partially elongated, this
number cannot be completely accurate, and | attempt to compensate for this in my computational
model when interpreting results.

Nuclei Segmentation: DAPI fluorescence images are output as labeled 16-bit images, where
each nuclear object corresponds to a ‘level’ in the 16-bit image. These images are input to a
nuclei segmentation pipeline, which flattens the images to white nuclei objects and black
background. Nuclei images are segmented in 2D using the NucleAlzer platform maskRCNN
Network, trained as described in (Hollandi et al. 2020) This is available online at nucleaizer.org.
It requires the user to define an expected nuclear radius, which | set at 32 pixels (Figure 4B). To
ascertain the accuracy of segmentation, I compared results to manually labeled nuclei in four
randomly selected disc images. The automated method identified at least 85% of nuclei objects
identified manually for each image.

The segmented black and white images are then processed using a custom Matlab script
in order to join overlapping 2D objects into 3D. Each nucleus object in each z-slice is assigned
an identity index. For each object in the first z-slice, the object with the highest number of
overlapping pixels in the next z-slice is identified, and this object’s identity index is altered to be

identical to its overlap partner. This proceeds through the entire z-stack of images, creating
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objects that resemble ‘pancake stacks’ of linked 2D objects in 3D (Figure 4C). The 3D-centroid
and list of included pixels of these new objects is then recorded. Objects not incorporated into a
3-D object are disregarded.

Generation of Voronoi Diagrams: A 3D Voronoi tessellation divides a geometric volume into
spatial regions with boundaries equidistant from a set of points (Voronoi, 1908). | use this
method to assign RNA objects to the nearest nuclear centroid. The set of segmented 3D nuclear
centroids are used to divide the z-stack of images into a 3-D Voronoi tesselation using a polytope
bounded Voronoi diagram available for Matlab, which uses the DeLaunay triangulation to
calculate the VVoronoi diagram (Park, 2020) . The result of this tesselation is a list of 3-D vertices
of each Voronoi ‘cell’ in space, which is recorded along with the associated nuclear centroid
(Figure 4D).

Assignment of RNA to nearest nuclei: Mature mRNASs and transcription spots located within a
Voronoi spatial cell are assigned to that particular cell. To assign spot objects to cells, a 3D
convex hull of the each Voronoi cell is constructed from the vertices data for that cell. An entire
set of image points, either the mRNA or transcription spot centroids, are tested to determine
whether they fall inside or outside of each hull (Figure 4E). This is performed using a Matlab
function called inhull, which uses dot products to shorten calculation times (D’Errico, 2012) .
Spots that fall inside a given cell’s Voronoi hull are assigned to that cell’s nuclear centroid, and
the number of assigned spots, as well as their centroid and z-plane information are recorded.
This is then repeated for every VVoronoi cell in the image stack. The final result is a list of cells,
their nuclear centroids, the total number of RNA spots assigned, and a list of each assigned

spot’s centroids.
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Chapter IV: Wg and Dpp Morphogens Regulate Gene
Expression by Modulating Frequency of Transcriptional
Bursts

The majority of work in this chapter is published at the online journal eLife (Bakker et
al., 2020). | developed the methodology and performed all experiments and analyses.
Mathematical modeling was conceptualized by me and Dr. Madhav Mani. The manuscript was
written by me and Dr. Richard Carthew.
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Introduction

Paracrine signaling is a highly conserved means for cells within a tissue to communicate
with one another to regulate diverse activities including proliferation, differentiation, apoptosis,
and movement. Many of these activities are mediated by changes in gene transcription that are
brought about by reception of the signals. Paracrine factors acting as morphogens are a
particularly important class of gene regulators. Morphogens form spatially-extended gradients
from the source of their synthesis, and elicit different transcription outputs from target genes,
depending on local concentration of the morphogen (Tabata and Takei, 2004).

Many paracrine signals regulate gene transcription via control of the availability or
activity of sequence-specific transcription factors. Some transcription factors regulate assembly
of the preinitiation complex (P1C) composed of Pol Il and general factors at the transcription
start site (Esnault et al., 2008). Other factors recruit coregulators that modify nucleosomes or
remodel the chromatin architecture of the gene (Bannister and Kouzarides, 2011). However,
transcription is a dynamic process, and thus, molecular models of regulation via PIC assembly or
chromatin structure, do not adequately capture what Kkinetic steps in transcription initiation are
being regulated. Recently developed methods have uncovered greater complexity in the
transcription initiation process than previously imagined. Genes that are constitutively expressed
rarely show uniform and continuous mRNA synthesis. Rather, mRNA synthesis occurs in bursts
that are interrupted by periods of dormant output. This phenomenon is known as transcriptional
bursting (Chen et al., 2019; Chubb et al., 2006; Dey et al., 2015; Raj et al., 2006; Suter et al.,

2011)



89

Various studies have explored how mechanisms of gene regulation affect the size and
frequency of transcriptional bursts, and thereby affect transcription output. The availability of
transcription factors has been shown to affect burst frequency (Ezer et al., 2016; Larson et al.,
2011; Senecal et al., 2014). For example, the Drosophila transcription factors Bicoid and Dorsal
have been studied in great detail with respect to their effects on transcription burst frequency in
the embryo (Garcia and Gregor, 2018; Holloway and Spirov, 2017; Little et al., 2013; Xu et al.,
2015). Enhancer strength and enhancer-promoter contact correlate with burst frequency of genes
(Bartman et al., 2016; Bothma et al., 2014; Chen et al., 2019; Fukaya et al., 2016; Larsson et al.,
2019) . These studies altogether suggest that bursting frequency is potentiated by enhancer-
promoter contact and is mediated by transcription factors binding to DNA.

In this study, I have explored how the Wnt protein Wingless (Wg) and BMP protein
Decapentaplegic (Dpp) regulate transcription dynamics of genes in the Drosophila wing
imaginal disc. The Wnt and BMP families of proteins are two highly conserved paracrine factors
that can act as morphogens. In canonical Wnt signaling, the binding of extracellular Wnt protein
to its transmembrane receptor Frizzled causes p-catenin to be stabilized and free to enter the
nucleus, where it relieves repression of Wnt-responsive genes by binding to the sequence-
specific transcription factor TCF (Clevers and Nusse, 2012; Swarup and Verheyen, 2012). In
canonical BMP signaling, ligand binding to receptor triggers phosphorylation of SMAD proteins,
which translocate to the nucleus along with co-SMADs, bind to responsive genes, and activate
their transcription (Hamaratoglu et al., 2014; Shi and Massagué, 2003) .

To explore the effects of Dpp and Wg signaling on transcription dynamics, | have
adapted single molecule fluorescent in situ hybridization (smFISH) for use in imaginal disc

tissues. | use smFISH to quantify nascent and mature mMRNAs for several genes expressed in
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highly diverse patterns within the wing disc. Despite having different expression patterns, all of

the genes are regulated by modulation of transcription burst frequency by Dpp and Wg.

Results

In this study, | have explored how the Wg and Dpp morphogens regulate transcription
dynamics in the wing disc. Each morphogen is synthesized in a narrow stripe of cells within the
disc. Wqg is produced in cells at the boundary between Dorsal and Ventral (DV) compartments of
the wing pouch, while Dpp is produced in cells at the boundary between Anterior and Posterior
(AP) compartments (Figure 1A). These factors diffuse from their sources forming concentration

gradients across the disc and regulate gene expression in a concentration-dependent manner.
smFISH detection of Sens mMRNA

| first probed for expression of the senseless (sens) gene in the wing disc. Sens is required
for cells to adopt a sensory organ fate, and the gene is expressed in two stripes of cells adjacent
to and on either side of the DV boundary in the wing pouch (Figure 1B,C). Sens expression in
the wing pouch is induced by Wg, which is expressed by cells located at the DV boundary (Nolo
et al., 2000; Zecca et al., 1996) | probed for sens mMRNAs expressed from a transgenic version of
the sens gene. | did so for a number of reasons. First, the genomic transgene rescues the
endogenous gene based on function and expression (Cassidy et al., 2013). Second, the transgene
is tagged such that the amino-terminal coding sequence corresponds to super-fold GFP (sfGFP).
By using oligo probes directed against sSfGFP, I could easily determine the specificity of
detection.

Samples were probed and imaged, revealing the expected pattern of fluorescence
localized to two stripes adjacent to the DV midline in the wing pouch (Figure 1D). The

abundance of sens mMRNAs within the DV stripes varied from one to fifty molecules per cell
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Figure 1. smFISH analysis of sfGFP-sens mMRNA levels in wing imaginal discs. (A)
Schematic of a wing disc outlining different regional domains, and the positions of boundaries
betlen Dorsal (D) - Ventral (V) and Anterior (A) - Posterior (P) compartments of the disc. Each
wing disc is composed of roughly 50,000 cells organized in a pseudostratified epithelium. (B)
Schematized expression pattern for Sens inside the wing pouch centered around the DV
boundary. Sens is also expressed in clusters of cells in the notum, which are not shown. (C-E)
Confocal sections of wing discs expressing sfGFP-Sens. (C) sfGFP-Sens protein fluorescence.
(D) sfGFP-Sens mRNAs as visualized by smFISH using sfGFP probes. Scale bar = 10 um. (E)
Higher magnification of sSfGFP-Sens mRNAs as visualized by smFISH using sfGFP probes.
Scale bar = 10 um. (F) Distribution of wing disc cells as a function of the number of Sens
MRNA molecules per cell. (G) Sens mRNA number as a function of cell distance from the DV
boundary. The shortest path length from each cell centroid to the DV boundary was calculated.
Cells were then binned according to this path length and whether they were dorsal or ventral
cells. The median mRNA number/cell for each bin is plotted. Error bars represent bootstrapped

95% confidence intervals. A bimodal distribution captures the expression pattern of Sens.
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Figure 2. smFISH analysis of mMRNA levels from Dpp-responsive genes. (A) Schematic of
wing discs highlighting the graded distribution of Dpp protein in the wing pouch, centered
around the AP boundary, and the expression domain for salm, one of the targets of Dpp
regulation. Not shown is Dpp localization in the notum domain of the disc. (B) Expression
domains of four target genes of Dpp signaling. (C-F) Confocal sections of wing pouches probed
for mRNAs synthesized from the salm (C), omb (D), dad (E), and brk (F) genes. Orange arrows
mark the position of the AP boundary in each image. (G, H) mRNA number as a function of cell
distance from the anterior-most border of the wing pouch. (G) An axis tangential to the AP
boundary is used to map cell position. Numbers refer to distance in um from the wing pouch
border. (H) Cells were binned according to position along the axis. The median mMRNA

number/cell for each bin is plotted. Error bars represent bootstrapped 95% confidence intervals.
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(Figure 1F). This was because the Wg morphogen induces a graded expression pattern of Sens
protein across the width of each stripe (Nolo et al., 2000; Zecca et al., 1996). Therefore, | binned
cells according to their distance from the DV boundary, and | observed peaks in mMRNA number

per cell as a function of distance from the boundary (Figure 1G).
smFISH detection of gene expression regulated by Dpp

| extended the analysis to genes downstream of the BMP family protein Dpp. Dpp
is expressed in a stripe of cells located at the AP boundary of the wing disc, orthogonal to the
W( stripe (Figure 2A). Dpp protein is transported bidirectionally to form gradients across the
disc, and several genes are regulated by Dpp in a concentration-dependent manner. Spalt-major
(salm), optomoter blind (omb), daughters against dpp (dad), and brinker (brk) are expressed in
symmetric domains within the anterior and posterior compartments of the wing pouch (Figure
2A,B). Salm is symmetrically expressed in a domain somewhat broader than the Dpp stripe,
whereas omb and dad are expressed more broadly, and brk is expressed only near the wing
pouch border (Celis et al., 1996; Grimm and Pflugfelder, 1996; Tabata and Takei, 2004). When
smFISH was used to detect mMRNAs of these genes, it qualitatively recapitulated their known
expression patterns (Figure 2C-F). | quantified the number of mMRNAs per cell and attempted to
map the distribution to cell position within the wing pouch. Since the only landmark I could
reliably use was the border between the wing pouch and the rest of the disc, | measured cell
position as a function of distance from the border (Figure 2G). When | did so, the distributions in
mRNA number per cell gave profiles that were somewhat consistent with previous qualitative
descriptions of their expression patterns (Figure 2H). To ensure that these distributions are not an
artifact of landmarking the border, I probed for MRNAs produced from the scalloped (sd) gene.

The sd gene is expressed uniformly throughout the wing pouch
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Figure 3. SmFISH analysis of mMRNA levels of the sd gene. (A-C) An axis was tangential to
the AP boundary was used to map cell position. Numbers refer to distance in in microns from
the wing pouch border. Cells were binned according to position along the axis. (A) mMRNA
number as a function of cell distance from the anterior-most border of the wing pouch. Median
mRNA number/cell for each bin is plotted. Error bars represent bootstrapped 95% confidence
intervals. (B) Fraction of cells with a transcription site in each bin is plotted. Error bars
represent bootstrapped 95% confidence intervals. (C) Median nascent RNA per transcription

site for each bin is plotted. Error bars represent bootstrapped 95% confidence intervals.



98

A B omb exon probe

= 3¢ Diffraction limited
Mature mRNA spot

A
b Mature mRNAs #

omb intron probe

= < '~ Brighter spot
C

Multiple Nascent
RNAs at Site of
Transcription

D 0.25

E

0.5
0.2 All spots ©
_,-g. o 04
8 0.15 2?2
g B
o a
.2 03
o<
5 S
0.05 Transcription Sites C 02 3
0
200 600 1000 omb brk sens

Mean Intensity of Spot

F

15
s
D§C1o ' l |
] 1 t'tt b
% *“ M l ! ‘ .
S 5 } ‘“' *l \ ! brk
g PL sens

|
00 5 10 15 20

Mean mRNA / Cell



99

Figure 4. Sites of nascent transcription are detected by smFISH. (A) Sites of nascent
transcription can fluoresce more brightly than single mRNA molecules due to multiple nascent
transcripts localized to one gene locus. (B) Probes recognizing an omb exon generate many small
dim spots and a few large bright spots. Right image shows the merge of probe and DAPI
fluorescence. The bright spots are associated with nuclei whereas most dim spots are not. (C)
Probes recognizing an omb intron only generate large bright spots that are associated with nuclei.
Scale bars =5 um. (D) Frequency distribution of intensity for all spots identified in a wing disc
probed for sens RNAs. Using a threshold of twice the median spot intensity, all single mMRNA
spots were filtered out, leaving only spots that are associated with transcription sites. The
frequency distribution for this class of spots is shown. (E) Transcription sites are assigned to
cells. For each cell that contains one or more mRNA molecules, it is scored for whether it also
has one or more transcription sites. The average fraction of all such cells with a transcription site
is shown for each gene. Error bars represent 95% confidence intervals. (F) The variance of
mRNAs/cell is ratiometrically compared to the mean mRNAs per cells for all genes. This ratio is
much larger than one, irrespective of the median mMRNA number for binned sub-populations of

cells and the gene type. Error bars represent 95% confidence intervals.
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(Campbell et al., 1992; Williams et al., 1991), and thus | anticipated a uniform distribution of
mRNAs/cell if our method was accurate. Indeed, there was a fairly constant level of mRNAs/cell

across the wing pouch as determined by my smFISH pipeline (Figure 3A).
Transcription occurs in bursts

Transcription sites were counted by applying a threshold that only included spots with at
least twice the intensity of a mature mRNA spot (Figure 4D). There was a broad distribution of
transcription site intensities, suggesting a large range of nascent RNA numbers that were present
on a gene at a given time.

Strikingly, many cells did not have a detectable transcription site even though the cells
contained mature mRNAs (Figure 4E). From 50 - 80% of cells had this feature, and it was
observed for all genes. This observation is not an artifact of segmentation erroneously assigning
mature mRNASs to a cell, since the presence of transcription sites was highly variable before
segmentation (Figure 5).

| wanted to know why cells with mature mRNAs lacked detectable transcription sites.
One explanation is that each gene's promoter is always open, but since transcription is
fundamentally stochastic, there would be times when zero or just a few Pol 11 molecules are
transcribing the gene. In this scenario, the birth and death of mMRNAs can be described as a
Poisson process. For simple Poisson processes, the ratio of the variance to the mean number is
one. In our case, Poisson-like birth-death of mMRNAs would yield a ratio of variance in mRNA
number to mean MRNA number to be one (Munsky et al., 2012; Raj and van Oudenaarden,
2008). Since mRNA number per cell varied systematically across the wing disc because of Wg
and Dpp signaling, | binned cells according to their position in the disc, as had been described

earlier (Figure 1G, 2H). Strikingly, the ratio of variance to mean mature mRNA number per cell
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Figure 5. Transcription sites and mRNA patterns in unsegmented images. (A,B,C,D,E)
Three discs were analyzed independently (green, blue, orange dots) for spots that corresponded
to the mRNAs from sens (A), salm (B), omb (C), dad (D) and brk (E). Spots were binned
according to their positions along the AP or DV axes, and total mMRNASs per bin were plotted.
Note the strong concordance of independent discs for all genes. (A',B*,C*,D",E") The same three
discs were analyzed independently (green, blue, orange dots) for spots that corresponded to
transcription sites from sens (A), salm (B), omb (C), dad (D) and brk (E). Spots were binned
according to their positions along the AP or DV axes, and total transcription sites per bin were

plotted. Note the strong concordance of independent discs for all genes.



OFF XOOCX

kOffT J,kon
on XK 28 XS

Nascent RNAs

103

_

Nascent mRNA

— —

~

smFISH probes

\
)\

Burst Frequency (min')

10 10° 10! 10?2

Average Burst Size (mRNAs / burst)

1.0

0.8

0.6

04

0.2

Fraction of simulations with a
detectable transcription site



104

Figure 6. Modeling transcription sites using bursting dynamics. (A) Model framework
showing the three rate parameters affecting transcription initiation. Two parameters affect the
promoter state, while the third parameter only affects how many initiation events occur when the
promoter is ON. (B) Pol Il molecules in elongation mode are distributed along the transcription
unit. If Pol Il is upstream of the probe binding sites, the nascent transcript will not be detected. If
Pol 11 is downstream, the nascent transcript will be detected as 100% signal. If Pol Il is
transcribing within the binding sites, the nascent transcript will be detected as a partial signal.
These three different scenarios are all found in model simulations. For example, in the simulation
result shown here, four Pol I1's are situated such that a total of 12 virtual probe binding sites are
present. Since each mMRNA has 6 binding sites, it means that this simulated transcription site has
12/6 or 2 units of normalized signal. Applying our filter cutoff for identifying a transcription site
as 2 or more units, this simulated site would be scored as a positive. (C) The distribution of
normalized signal intensity for 1,000 transcription site simulations. Shown are two distributions
from simulations with different initiation rate parameters. Those simulations that result in signal
intensities of 2 or more units are classified as detectable transcription sites. (D) The phase
diagram of transcription site detection in the model. When burst size increases at low burst
frequency, the likelihood of detecting a transcription site remains fairly constant. When burst
size increases at high burst frequency (horizontal red arrow), the likelihood of detecting a
transcription site is ultrasensitive to burst size. Likewise, when burst frequency increases at low
burst size, the likelihood of detecting a transcription site remains fairly constant. When burst
frequency increases at high burst size (vertical red arrow), the likelihood of detecting a

transcription site is ultrasensitive to burst size.
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was between 5 and 10 for all genes and was also fairly independent of mRNA output (Figure
4F). This indicated that a simple Poisson process could not explain why | failed to detect
transcription sites in every cell expressing mRNA.

To determine if my observations were possibly caused by transcription bursting, |
invoked a classical two-state model of transcription (Figure 6A). A promoter exists in one of two
possible states - ON and OFF. The promoter switches between states at particular rates kon and
kott. When the promoter is in the ON state, Pol 11 is permitted to initiate transcription that is
subject to a rate constant kini. When the promoter is in the OFF state, Pol 11 is unable to initiate
transcription. The model also includes a transcription elongation step, which is assumed to be
100% processive, and whose timescale depends on the gene length and the rate of elongation.
The latter is assumed to be 1,100 nucleotides/min, which is a value that has been experimentally
determined in Drosophila (Ardehali et al., 2009).

In the model, transcriptional bursts have a characteristic size (number of transcripts per
burst) and frequency (rate at which bursts occur). The average burst size is defined as kini / koff,
whereas the average burst frequency is defined as (kon™? + kot') 2. I systematically and
independently varied the parameters kon, Koff, and kini to tune the frequency and size of virtual
bursts. For each parameter set, | ran 1,000 simulations of the master equation. To capture the
stochastic nature of gene expression, most reactions in the model were treated as probabilistic
events, with the exception of transcript elongation time. Therefore, simulations with identical
parameter values nevertheless gave variable output.

To better relate the results of model simulations to experimental data, | performed the
following treatments. First, | randomly paired two independent simulations to mimic the total

transcription site activity of paired alleles within a nucleus. Second, | transformed the two
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simulations' output to capture the heterogeneity in fluorescence signal intensity at a transcription
site. The intensity of each site depends on how many binding sites for probe are present in all
nascent transcripts at the site (Figure 6B). This varies with the number of elongating Pol Il
molecules on the gene and the fraction of molecules that are elongating within or downstream of
the region complementary to the probe set. Since this variable is highly dependent upon the
position of the complementary region relative to the transcription start and stop sites, | adjusted
model conditions to match each particular gene and its region of probe set complementarity. |
used these constraints to estimate transcription site intensities from 1,000 pairs of simulations for
each parameter set.

When a simulated transcription site intensity fell below the threshold of twice the number
of probe binding sites per mMRNA, | counted that simulation as having no "detectable™
transcription site. This mimicked the threshold that was applied to the experimental data for
identifying a transcription site. | then asked what combination of burst size and frequency could
theoretically account for the observed frequency of finding cells with a transcription site (this
ranged from 20 to 50% of cells). A phase diagram revealed that a broad range of burst sizes and
frequencies would explain our observations (Figure 6C). Therefore, according to my model
results, tuning burst frequency and/or size can produce a variable likelihood of detecting a

transcription site by smFISH.
Burst frequency is regulated by Dpp and Wg

I quantified the frequency of detecting a transcription site as a function of cell position
within the wing pouch (Figure 7A,B). This frequency varied across the disc in a manner that
was gene-specific. Strikingly, for all genes, the spatial distributions of transcription site

frequency strongly paralleled the mRNA number per cell (compare Figure 7A,B and Figures 1G,
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Figure 7. Transcription site detection correlates with mRNA number. (A,B) The probability
of detecting a cell with a transcription site varies with the cell's location relative to the source of
morphogen. Error bars are 95% confidence intervals. (A) Cells are binned according to their
distance from the pouch border, and the fraction of cells in each bin with a transcription site are
shown for each Dpp-responsive gene. (B) Cells are binned according to their distance from the
DV boundary, and the fraction of cells in each bin with a transcription site is shown for the sens
gene. (C,D) The probability of detecting a cell with a transcription site varies linearly with the
number of MRNA molecules in the cell. Fitted lines are from linear regression. Error bars are
95% confidence intervals. (C) Cells are binned according to the number of MRNAS they contain,
and the fraction of cells in each bin with a transcription site are shown for each Dpp-responsive
gene. (D) Cells are binned according to the number of MRNAs they contain, and the fraction of
cells in each bin with a transcription site is shown for the sens gene. (E) Linear regression
analysis was performed on samples from C and D, shown is the slope with a parametric 95%

confidence interval.
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Figure 8. Burst frequency is regulated by Dpp and Wg. (A,B) The average number of nascent
RNAs in a transcription site does not vary with the cell's location relative to the source of
morphogen. Error bars are bootstrapped 95% confidence intervals. (A) Cells are binned
according to their distance from the pouch border, and the average number of nascent RNAs per
site in each bin are shown for each Dpp-responsive gene. (B) Cells are binned according to their
distance from the DV boundary, and the average number of nascent RNAs per site in each bin is
shown for the sens gene. (C) The average number of nascent RNAS in a transcription site does
not vary with the probability of detecting a cell with a transcription site. Error bars are 95%
confidence intervals. (D,E) Modeling the relationship between average number of nascent RNAs
in a transcription site and the probability of detecting a site for the dad gene. (D) Simulations are
performed where the rate parameter kini has been systematically varied so that burst size is
variable. Resulting values for nascent RNA number and fraction of cells with a site are shown.
Each datapoint is the average of 1,000 simulations. Simulations are repeated for three different
values of kon to specifically set the burst frequency to 0.04, 0.2 and 0.4 min-t. (E) Simulations are
performed where the rate parameter kon has been systematically varied so that burst frequency is
variable. Resulting values for nascent RNA number and fraction of cells with a site are shown.
Each datapoint is the average of 1,000 simulations. Simulations are repeated for three different

values of kini to specifically set the burst size to 1, 4 and 20.
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2H). | further examined the relationship between mRNA number per cell and transcription site
frequency (Figure 7C,D). Indeed, average mMRNA number per cell and the probability of
detecting transcription sites in cells were strongly correlated with one another. Remarkably, the
slopes of linear fits for three Dpp-responsive genes, brk, omb, and salm, were not significantly
different from one another (Figure 7E). The slope for dad was similar to brk and omb but smaller
than for salm. The slope for sens was smaller still. The linear correlation between frequency of
transcription site detection and mRNA number confirms that gene regulation by Dpp and Wg is
primarily determined through control of transcription initiation.

The likelihood of detecting a transcription site increases because either the promoter is
spending more total time in the ON state or more RNAs are being transcribed while in the ON
state. These properties are affected by burst size and burst frequency in different ways. | sought
to determine whether burst size or frequency was being regulated. I did so by
estimating the number of nascent RNAs at each transcription site, which was quantified as a
multiple of the median pixel intensity of mature RNA spots (Chapter Il Figure 2). The average
number of nascent RNASs per transcription site did not significantly vary between cells that were
receiving different levels of Dpp and W(g signal (Figure 8A,B). This was observed for all genes.
Moreover, the average number of nascent RNAs per transcription site was also independent of
the likelihood that transcription was occurring in a cell (Figure 8C). Therefore, the propensity for
a cell to generate nascent transcripts does not correlate with the number of nascent transcripts.

To understand the relationship between these observed features, | turned to the modeling
framework. I first considered whether modulation of transcription burst size by Wg and Dpp
could explain our observations. | modulated burst size by systematically varying the Kini

parameter, and from simulations, then calculated the number of nascent RNAs per transcription
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Figure 9. Modeling the relationship between average number of nascent RNAs in a
transcription site and the probability of detecting a site for the brk, omb, salm, and sens
genes. (A) Simulations are performed where the rate parameter kini has been systematically
varied so that burst size is variable. Resulting values for nascent RNA number and fraction of
cells with a site are shown. Each datapoint is the average of 1,000 simulations. Simulations are
repeated for three different values of kon to specifically set the burst frequency to 0.04, 0.2 and
0.4 min. (B) Simulations are performed where the rate parameter kon has been systematically
varied so that burst frequency is variable. Resulting values for nascent RNA number and fraction
of cells with a site are shown. Each datapoint is the average of 1,000 simulations. Simulations

are repeated for three different values of kini to specifically set the burst size to 1, 4 and 10.
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site and the transcription site detection frequency. There was a positive correlation between
nascent RNA number in a transcription site and the probability of detecting a transcription site
(Figure 8D and Figure 9A). This was observed across a wide range of fixed burst frequencies.
When nascent RNA number was 3 or higher, the correlation with transcription site frequency
was strongest. Moreover, when the probability of a transcription site was very low, nascent RNA
number converged to a common value irrespective of burst frequency. None of these model
predictions were observed in the experimental results with the target genes (Figure 8C). It
suggests that transcription burst size is not strongly regulated by Dpp and Wg.

| then modulated burst frequency in the model by systematically varying kon and
calculated the number of nascent RNAs per transcription site and the transcription site frequency.
There was little change in nascent RNA number as transcription site frequency changed, even
across a wide range of fixed burst sizes (Figure 8E and Figure 9B). Interestingly, the burst size
appeared to determine what nascent RNA number value was held at a constant. Moreover, there
was no convergence of nascent RNA number when the probability of a transcription site was
very low, irrespective of burst size. All of these model predictions agree well with the
experimental results (Figure 8C). This suggests that Dpp and Wg regulation of genes in the wing

disc primarily occurs by modulation of transcriptional burst frequency.
A reduced Wg gradient affects Sens expression

| next sought to investigate what would happen to downstream gene expression if the
upstream morphogen gradient was manipulated. To do so, | utilized a membrane tethered
variation of Wg that replaces endogenous Wg with a construct bearing a fusion with the type 2
transmembrane protein Neurotactin. This eliminates the ability of Wg to form a gradient but

allows juxtacrine Wnt signaling. Animals homozygous for this variation of Wg
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Figure 10. smFISH analysis of Sens in tethered Wg wing discs. (A) Cells are binned
according to their distance from the DV boundary, and the median sens mRNA per cell is plotted
for each bin. Error bars are 95% confidence intervals. (B) Fraction of cells with a sens
transcription site in each bin is plotted against the median mRNA/cell in that bin. Error bars are
95% confidence intervals. Linear regression line is shown for each data set. (C) Median nascent
RNA per transcription site in each bin is plotted against the fraction of transcribing cells in that

bin. Error bars are 95% confidence intervals. Loess fit for each data set is shown.
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have a growth delay. Expression domains of Wg-dependent genes in the wing disc are reduced,
but produce normally patterned wings that are slightly reduced in size (Alexandre et al., 2014)).

| analyzed sfGFP-sens expressions in animals bearing both sfGFP-sens and tethered Wg.
| found that the expression domain of sfGFP-sens was limited to 15 pum (diameter of
approximately three nuclei) beyond the D-V midline, as opposed to 40 pum for wild type animals.
Additionally, Sens expression as measured by the median RNA per cell was reduced by
approximately 65% in tethered Wg discs (Figure 10A).

This suggests that sSfGFP-sens expression is not being activated by tethered Wg as
strongly as in wild type animals. Next, | analyzed transcription sites for sfGFP-sens in tethered
W discs. If Wg signaling is controlling sfGFP-sens expression via burst frequency, | would
expect to see fewer overall transcription sites in the tethered Wg discs. Since | predict that burst
size is unchanged by Wg activity, | would expect these transcription sites to contain
approximately the same nascent RNAs per transcription site.

The proportion of cells with transcription sites in animals with tethered Wg decreased
proportionally to the decrease in mature RNA expression. The slope of the linear relationship
between median RNA level and fraction of cells with a transcription site was not significantly
altered in the tethered Wg discs (Figure 10B). Additionally, the median intensity of these
transcription sites was statistically identical to those in wild type discs (Figure 10C). Therefore,
the characteristics of transcription sites are exactly what would be predicted for these levels of
mature RNA expression in discs with wildtype Wg. There are fewer transcribing cells, but their
transcription sites have approximately the same number of nascent RNAs per site. This evidence
suggests that these cells receive lower overall levels of Wg signaling from the tethered Wg than

from wildtype Wg, and sfGFP-sens transcription responds concordantly by decreasing burst
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frequency of transcription. While eliminating the Wg morphogen gradient alters the levels and
expression pattern of its downstream target sens, my data suggests this does alter the underlying
transcription dynamics in terms of burst size and frequency change in response to Wg signaling.
Notably, these decreased Sens levels do not lead to a strong wing phenotype in adult
animals. However, it has been observed that tethered Wg causes growth delays and smaller
wings (Alexandre et al., 2014). All animals for this study were dissected at the white prepupal
stage and should therefore be at the same developmental stage, but it is possible that the wing
discs have a stronger growth delay than the overall animal. Therefore, the changes in Sens
expression domain that | observe may be more due to the earlier developmental age of these
wing discs relative to controls. This does not alter my conclusions about the effect of decreased

W(g signaling on sens transcription dynamics, only the cause of the decreased Wg signaling.
Salm-GFP shows altered dynamics from endogenous Salm

Initial experiments to determine the Dpp morphogen gradient on salm were performed
using a transgenic version of salm-GFP. This construct contains the entire known enhancer
construct for salm, the salm gene, and a GFP tag (“FlyBase Reference Report: model organism
Encyclopedia of Regulatory Network (modERN) Project, 2015-, Genomic BAC constructs
containing epitope tagged proteins, generated by the modERN Project.,” n.d.). Probing this
construct with anti-GFP FISH probes revealed an apparent increase in salm-GFP fluorescence
intensity in the anterior compartment of the disc relative to the posterior (Figure 11A). Such a
discrepancy between compartments had not been reported in salm literature, where in situ
hybridization and antibody stains show a more homogeneous stripe about the anterior-posterior

midline. This was in contrast to the three other GFP constructs utilized in this study (brk, dad,
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Figure 11. SmFISH analysis of Salm-GFP (A-B) Optical sections of smFISH. Scale bars=5um.
Orange arrows denote approximate location of the AP compartment boundary. (A) Salm-GFP
animals probed for GFP mRNA. (B) w*'*® animals probed for salm mRNA. (C-D) An axis
tangential to the AP boundary was drawn and cells were divided into bins based on their position
along this axis. Numbers refer to the distance in um from the anterior most border of the wing
pouch. (C) Median mature RNA per cell in each bin is plotted. Error bars are bootstrapped 95%
confidence intervals. (D) Median nascent RNA per transcription site in each bin is plotted. Error
bars are bootstrapped 95% confidence intervals. (E) Fractions of cells with a transcription site in
each bin is plotted as a function of median mature RNA per cell in that bin. Linear regression
lines are plotted. Error bars are bootstrapped 95% confidence intervals. (F) Median nascent
RNA per transcription in each bin is plotted as a function of fraction of transcribing cells in that

bin. Linear regression lines are plotted. Error bars are bootstrapped 95% confidence intervals.
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and sens), all of which showed expression domains that were consistent with previously reported
in situ hybridization and antibody stains.

When | probed for endogenous salm mRNA in non-transgenic discs, the pattern of
fluorescence | observed was roughly equivalent in the anterior and posterior compartments
(Figure 11B). This pattern agrees with the literature with regards to the salm expression pattern.
When | compared mRNA numbers between the endogenous salm and salm-GFP, | see that the
median RNA per cell is elevated in salm-GFP relative to endogenous salm in the anterior
compartment (Figure 11C). This suggests that salm-GFP might be responding to Dpp signaling
in an altered manner to the endogenous gene. The Dpp signaling gradient is not symmetrical in
the anterior and posterior compartments of the discs and therefore alterations in sensitivity to this
gradient might generate asymmetry in the salm stripe.

To investigate this further, | compared salm-GFP and endogenous salm transcription
sites. Interestingly, while endogenous salm shows no change in nascent RNA per transcription
sites across space, salm-GFP shows a marked increase in transcription site intensity across
space, which correlates with the increase in mature RNA expression (Figure 11D,E). This
indicates more nascent RNAs per transcription site for salm-GFP. Additionally, a smaller
fraction of cells contained a transcription site for any given mature RNA expression level in
salm-GFP animals than endogenous salm (Figure 11F). Salm-GFP cells are less likely to
contain a transcription site, but they contain more nascent RNASs per transcription site.

There are two explanations for these results. First, Dpp signaling is altering salm-GFP
burst size along the expression gradient. According to my simulations, this would cause the
number of nascent RNA per transcription site to be more labile in general (Figure 8D, 9B).

Alternatively, salm-GFP could have an overall higher burst size. As burst frequency increases,
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this causes multiple bursts to be in close proximity to one another at a transcription site and
increases the overall median nascent RNA per transcription site (Figure 9A). It is not possible to
strongly distinguish between these two possibilities. However, given that all the other assayed
genes appear to be regulated by burst frequency, it seems more likely that the salm-GFP is also
modulated by burst frequency, and that is has a higher baseline burst size. This might also
explain the difference between the posterior and anterior compartments, as small asymmetries in

the Dpp gradient may be amplified somewhat by a larger baseline burst size.
sfGFP-sens transcription sites are primarily monoallelic

| investigated how copy number impacts the number of detected transcripts and
transcription sites by comparing animals bearing one copy of sfGFP-sens and one copy of wild-
type sens to animals bearing two copies of sfGFP-sens. | probed these discs with anti-GFP FISH
probes. The number of mature MRNA spots per cell detected was not straightforwardly halved
in cells with one copy of sfGFP-sens. At the DV midline, the two had approximately the same
median RNA per cell. At the peak of expression, 15 um from the D-V midline, one copy sfGFP-
sens had a median RNA per cell approximately 65% of the level with two copies. In regions
further from the DV midline, one copy sfGFP-sens showed approximately 50% the numbers of
RNA per cell (Figure 12A). With regards to numbers of transcription sites, the single copy
sfGFP-sens showed approximately half the number of transcribing cells as two copies of sSfGFP-
sens across the entire disc (Figure 12B). Both groups had statistically identical numbers of
nascent RNAs present at these sites (Figure 12C). If each observed transcription site was the
product of both alleles together, I would expect a similar number of transcription sites and a
reduction in nascent RNAs at each site in discs with one copy of sfGFP-sens. Taken together,

the reduction in number but not intensity of transcription sites indicates that most of the



123

2X GFP

40

20

-20

2X GFP

© )
18D Jod yNY ueipaiy

-40

N Y
o o

a)s uonduosuel ]
E Uim sjje9 Jo uondel4

0.0

40

20

-20

-40

2X GFP

.20

e

VNY JUS0SEN UBIpay

40

—> Ventral

20

-40

Distance (um)

Dorsal



124

Figure 12. SmFISH analysis of one and two copies of sSfGFP-sens. (A-C) Cells are binned
according to their distance from the DV boundary. (A) Median mature RNA per cell in each bin
is plotted. Error bars are bootstrapped 95% confidence intervals. (B) Fraction of transcribing
cells in each bin is plotted. Error bars are bootstrapped 95% confidence intervals. (C) Median
nascent RNA per transcription site in each bin is plotted. Error bars are bootstrapped 95%

confidence intervals.
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transcription sites observed for sfGFP-sens comprise a single allele. This suggests that burst
frequency is low enough in these cells that two alleles bursting at the same time is relatively rare.

Each allele spends most of its time in an “Off” state.
Estimating burst frequency

The omb gene comprises of two exons separated by a 63 kb intron (Grimm and
Pflugfelder, 1996). | created two sets of probes for the omb gene, one for each exon. RNA
polymerase 1l is predicted to take approximately 53 minutes to transcribe this intron. Therefore,
the 5° exon is transcribed approximately 53 minutes before the 3” exon (Ardehali et al., 2009).
Probes designed to detect the 5° exon will detect all nascent RNAs initiated in the previous 53
minutes. Therefore, even at relatively low burst frequencies, most transcribing cells should show
a transcription site. | observed that the fraction of cells with a transcription site increased in a
non-linear manner, rapidly approaching a maximal value of 40-60%, even in areas of the disc
with a median level of 1 or 2 transcripts per cell (Figure 13A). This may represent a ceiling of
detection in analysis, as no other gene had measured fractions of transcribing cells above 60%.

| observed that in regions of higher omb expression in the disc, the average number of
nascent transcripts at that site increased linearly (Figure 13B). Averaged over such a large
timescale, this is not informative about whether transcription is controlled by burst size or
frequency. With such a long transcription time, SmFISH spots of the 5’ exon are likely to
contain transcription products that represent multiple transcription bursts. Therefore, | expected
to see an increase in the number of nascent RNA per transcription site, as these bursts would
accumulate in regions of higher transcription regardless of transcription dynamics. However, if |
were to assume that transcription is controlled primarily by burst frequency as my other data

suggests, | can estimate the number of bursts occurring in 53 minutes of transcription time. At
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the highest levels of omb transcription in my dataset, each 5” exonic spot contains a median of
4.5-fold more nascent RNAs than a 3’ exonic spot (Figure 13B). If 3’ spots represent a single
transcription burst, | can conclude that in 53 minutes, there was an average of 4.5 transcription
bursts, or one burst every 11.7 minutes. However, this estimation has many caveats. It assumes
that the average burst size is entirely captured by 3’ exon spots, which may not be the case. It
also is likely an underestimation, because my analysis pipeline must underestimate the

transcription intensity of very bright transcription sites.
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Figure 13. smFISH analysis of 5’ and 3’ exons of the omb gene. (A) Fraction of cells with a
transcription site in each bin is plotted as a function of median mature RNA per cell in that bin.
Error bars are bootstrapped 95% confidence intervals. (B) Median nascent RNAS per

transcription site in each bin is plotted as a function of median mature RNA per cell in that bin.

Error bars are bootstrapped 95% confidence intervals.
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Discussion

Morphogens elicit different transcriptional outputs from target genes, depending on local
concentration of the morphogen. The targets of Dpp signaling in the wing offer a well-studied
example of this concept. Transcription of the gene brk is directly regulated by Mothers-against-
dpp (Mad), the effector of Dpp (Minami et al., 1999; Moser and Campbell, 2005). In complex
with Medea and Schnurri, Mad represses brk transcription (Cai and Laughon, 2009). This
generates a gradient of Brk protein expression that is inverted to the Dpp gradient. In turn, the
level of Brk protein is instrumental in repressing the expression of genes that are induced by
Dpp, including omb and salm (Campbell and Tomlinson, 1999). Thus, opposing gradients of
activation and repression define the expression domains of omb and salm. Since omb is less
sensitive to Brk repression than salm, its expression domain is broader than that of salm.
Transcription of salm is directly activated by Dpp, but in this case, Mad and Medea without
Schnurri activate salm transcription (Moser & Campbell, 2005). Curiously, omb transcription
does not directly depend on Dpp signaling, and its transcriptional activation is brought about by
unknown factors (Sivasankaran et al., 2000) .

Given the diverse mechanisms by which genes such as omb, brk, and salm are regulated,
it is illuminating that the frequency of transcription bursting is the regulated step for all of these
genes. Burst size appears to be independent of Dpp signaling for these genes. If our two-state
model for initiation is accurate, then kon is the most likely step that is being regulated directly and
indirectly by Dpp. This is because kon specifically affects burst frequency and not size whereas
kott affects both frequency and size. If kon is the kinetic step under regulation for all of these
genes, how is it rendered rate-limiting given such diverse enhancer architectures and

transcription factor inputs? It has been found that burst frequency correlates with enhancer
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strength and enhancer-promoter contact, suggesting that kon is potentiated by enhancer-promoter
contact and is mediated by transcription factor binding to DNA (Bartman et al., 2016; Bothma et
al., 2014; Chen et al., 2019; Fukaya et al., 2016; Larsson et al., 2019)(Bartman et al., 2016;
Bothma et al., 2014; Chen et al., 2019; Fukaya et al., 2016; Larsson et al., 2019).

In spite of this universal regulation of burst frequency by Dpp, there are other factors that
also help determine the expression domains of these genes. For example, salm and omb are
expressed in nested domains; cells close to the source of Dpp contain mRNAs for both genes
while lateral cells more distant from the source contain predominantly omb mRNAs (Figure 2H).
Although burst frequency control might solely dictate these differences, it appears not to be the
case. The likelihood a cell is transcribing either gene does not strictly correlate with the breadth
of their expression domains. Lateral cells that predominantly contain omb mRNAs nevertheless
are more likely to be transcribing salm than omb (Figure 5A). Looking at the relationship
between transcription likelihood and mMRNA number (Figure 5C), the relationship for both genes
is linear with similar slopes. But for omb, the curve is shifted such that more mRNAs are found
in cells that have a lower likelihood to be undergoing transcription. This shift is not due to a
greater burst size of omb transcription (Figure 6C). Rather, the simplest interpretation is that the
half-life of omb mRNA is greater than the half-life for salm mRNA, so omb mRNAs are more
readily detected in cells between transcription bursts. Thus, the broader domain of omb
expression might be accounted for by mRNA stability.

This conclusion is at odds with previous studies of omb regulation that used an enhancer
trap reporter for omb expression. There, the reporter was expressed in a broad domain within the
wing. However, this reporter expressed lacZ in response to cis-regulatory elements near the most

distal promoter driving a minor species of omb transcript (Mayer et al., 2013). There is a more
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proximal promoter 13 kb that appears to be the major site of transcription initiation for omb
(Flybase).

My results also challenge the view that salm and omb expression domains have sharp
boundaries due to transcription thresholds set by Brk and Dpp. | find that omb and salm mRNA
numbers per cell drop gradually with distance from the source of Dpp (Figure 2H). As well, their
gradients in mMRNA number are inversely correlated with the gradient in brk mRNA number.
Salm has relatively constant mMRNA number in cells near the AP boundary, and those numbers
gradually diminish in cells located more laterally. A similar pattern is seen with omb, except the
domain with constant omb mRNA number is smaller than for salm. However, the salm and omb
enhancer trap reporters as well as anti-Salm immunohistochemistry have reported expression
domains with sharp boundaries. Possibly, the discrepancy hints at some threshold of mMRNA
expression below which protein output drops sharply. It is also possible that the previously
characterized expression domains for salm and omb were distorted by non-linear detection of

antibodies that recognize Salm and the protein product of lacZ, B-galactosidase.

Materials and Methods

Drosophila genetics

All Drosophila were raised at room temperature and grown on standard molasses-
cornmeal food. The sfGFP-sens transgenic line was used as described in (Cassidy et al., 2013).
The Nrt-Wg stock was used as described in (Alexandre et al., 2014). Experiments were
performed on dad-GFP, salm-GFP, and brk-GFP transgenes obtained from Bloomington
Drosophila Stock Center (stocks 81273 and 38629, respectively). For all transgenic experiments,
smFISH was performed on homozygous individuals. Experiments were performed on

endogenous omb and salm in w8 individuals.
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Data Analysis

Binning of data: Each disc is imaged with the DV boundary located at the y-coordinate midline
of the image. Therefore, the x-coordinate of the image corresponds to position along the disc's
AP axis, and the y-coordinate corresponds to position along the DV axis. In order to analyze
data across developmental axes, each image is divided into spatial bins of 64 pixels each,
approximately equal to the diameter of one cell nucleus. RNA spots are assigned to a bin
according to the position of their associated nuclear centroid.

Sample size and replicates: | analyzed image stacks from three independent discs for each
experiment. Each image stack contains approximately 1,700 identified nuclei. Therefore, the
total sample size is approximately 5,000 cells per experiment. Similar trends in RNA and
transcription spots feature are observed in each disc individually, and hence, the analysis is not
distorted by artifacts in pooling and cell segmentation (Figure 5).

Alignment of replicates along developmental axes: While each disc is imaged roughly in the
same region, there is not an unambiguous landmark that precisely registers different disc images
with one another. To pool data across space as accurately as possible, | register discs to each
other based on their mMRNA spot distributions over space. For each image data set, the number
of RNAs per spatial bin is summed, and the distributions across bins are compared. Bins are then
manually registered such that the distribution profiles of the 3 datasets line up with one another
(Figure 5 A-E). The overlapping bins from the three datasets are then assigned to a pooled bin.
Pooling includes the nuclei centroids as well as the transcription and RNA spots. This is repeated
for all bins.

Calculations: Median mature mRNAs per cell is calculated from total number of mature mMRNA

spots for each cell within a spatial bin of pooled data. As the distribution of mMRNAs per cell is
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not normally distributed and has a long tail, | ascertained that the median was a more robust
descriptor of the “center” of the distribution than mean.

Median nascent RNAs per cell is calculated from normalized intensity measurements for each
transcription spot within a spatial bin of pooled data. All nascent RNA spots are included. As
the distribution of RNA per cell is not normally distributed and has a long tail, I ascertained that
the median was a more robust descriptor of the “center” of the distribution than mean. Because
the number of transcription sites varies over space, sample sizes vary for calculating median
nascent RNAs per cell. For bins where fewer than 5% of cells contain a transcription site,
median nascent RNAs per cell was not calculated, as the sample size was determined to be too
small (<15).

Fraction of cells with a transcription site is calculated by dividing the number of cells in a
pooled spatial bin with at least one transcription site assigned to them by the total number of
cells in that spatial bin.

Fano factor is calculated for each spatial bin by dividing the variance in the mRNA per cell
distribution by the mean mRNA per cell for all cells assigned to that pooled spatial bin.

Curve and line fitting: Linear models are produced by unweighted least squares linear regression.
LOESS fits are performed using the loess fitter in R, with an optimized span to minimize
residuals.

Statistics are calculated by bootstrap resampling analysis using the bias-corrected and
accelerated method. | resample data within each bin of pooled data and calculate the statistic of
interest 10,000 times. The mean value of the statistic and a 95% confidence interval are

calculated from these resampled values.
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Stochastic Simulation Model

I model the various steps of gene expression, based on central dogma, as linear first order
reactions. To simulate the stochastic nature of reactions, I implement the model as a Markov
process using Gillespie’s Stochastic Simulation Algorithm (Gillespie, 1977). Simple Markov
processes can be analyzed using a chemical master equation to provide a full probability
distribution of states as they evolve through time. The master equation defining our gene

expression Markov process is as follows:

9P (N, Ny, t)

oy = Kini[(Nyy = DP(Nyy — 1,N,, t) — P(Npy, Ny, t)]

+ Kgog| (N + DP(Ny + 1,Ny, t) — Ny P(Npy, Ny, £)]

+ Kon[((Ny = Nytoe) )P(Npp, Ny = 1,8) = (Ny — Nygor)P(Npy, Ny, )]
+ Kopr[(Ny + 1)P(Np, Ny + 1,8) — NyP(Nyy, Ny, t)]

where N, ,Ng,and t are defined as the number of RNA molecules present, as the number of
transcriptionally active gene copies, and simulation time, respectively. N 4., is defined as the total
number of gene copies present, and thus is the maximum number of active gene copies that can
exist in the simulation. Kini, Kaeg , Kon , and kott are rate constants defining the rates of transcription
initiation, RNA degradation, promoter state switching from off to on, and promoter state switching

from on to off, respectively.

As the Markov process gets more complex, the master equation can become too
complicated to solve. Gillespie’s Algorithm is a statistically exact method that generates a
probability distribution identical to the solution of the corresponding master equation given that a

large number of simulations are realized.

A brief description of how the Gillespie simulation produces each probability distribution

is as follows:
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1. linitialize all simulations to start with no mMRNA molecules and promoter state is set to
OFF.

2. For each event i in the simulation, a total rate rt is calculated by summing all ri reaction
rate constants in the model, given the current promoter state and the total number of
MRNA molecules present.

3. Atime-step 1 is generated from an exponential probability distribution with mean 1/rtot.
This t is the time interval between the current event and the next event.

4. Each event i is selected from the list of reaction steps in the model available at that time
(promoter switching, transcription initiation, MRNA decay). The probability a reaction
step is selected is equal to ri/ rot. An event is selected at random given these
probabilities. For each event, the following actions are taken:

e Promoter switches to ON: Promoter is now in ON state, transcription initiation is now
included in riot,

e Promoter switches to OFF: Promoter is now in OFF state, transcription initiation is no
longer included in rot.

e Transcription Initiation: Number of mature mRNA molecules is increased by 1.

e RNA degradation: Number of mature mRNA molecules is decreased by 1.

5. Simulation time is updated as t + T where t is the total time elapsed in the simulation.

Each simulation is run for 10,000 iterative events to approximate steady-state conditions,
at the end of which the number of mRNA molecules present in the simulation is recorded.

Independent simulations are then randomly paired to mimic the two alleles within a cell, and the



136

sum of mMRNA numbers is recorded as the mRNA output per cell. A minimum of 1,000
simulation pairs are generated for each set of rate parameter values.

The RNA decay parameter Kaeg IS fixed at 0.04/min for all simulations, as this rate had
been experimentally determined for sens mRNA (Giri et al., 2020). The transcriptional rate
parameters are varied in accordance with the specific hypothesis being tested. | constrain them
loosely to be within an order of magnitude of reported values for these rates from the literature
(Milo, Jorgensen, Moran, Iber, & Springer, 2010). | also constrain these rates so as to produce
steady state mMRNA numbers similar to experimental data.

e Kini is varied from 0.2 to 60 /min

e Kon is varied from 0.008 to 38/min

o Kof is varied from 0.016 to 20/min
To perform a parameter sweep, | vary the relevant parameter across the defined range. Each rate
parameter value in the sweep is used to make 1,000 paired simulations as described above.
Nascent Transcripts: Thus far | have described how model simulations generate in silico data
for mature mRNA numbers. | also use the same simulations to approximate the number of
nascent RNAs per gene. After 10,000 iterative events are completed in a simulation, the number
of nascent RNAs is counted. A single nascent RNA is counted if a single transcription initiation
event has occurred within an interval of time (telong) equal to the time it is estimated that RNA
polymerase takes to elongate from the binding site for the 5’-most oligo probe to the 3' end of the
RNA. To calculate telong fOr each gene, | divide the number of nucleotides from 5' probe-binding
site to 3' end by the transcription elongation rate. This rate is assumed to be 1,100

nucleotides/min, as experimentally determined (Ardehali et al., 2009).
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Gene Telong (MIN)
brk 1.35
dad 2.05
sens 515
salm 530
omb 3.05

I weight the count of nascent RNAs in a simulation to mimic the fluorescence output
from these nascent RNAs if they are hybridized to probes. | define tprobe t0 be the time interval
for RNA polymerase to elongate from the 5’-most probe-binding site to the 3’-most probe-
binding site. If a nascent RNA had been initiated in a time less than Tprobe, then | weight the
counting of that nascent RNA as 0.5 rather than 1. | do this because the probe-binding region of
the nascent RNA is partially transcribed at this point. For simplicity, the exact locations of
probes and RNA polymerase are not taken into account to calculate the weighting, and instead |
assign the overall probability of fluorescence for an ensemble of such partially transcribed
RNAs. If a nascent RNA had been initiated in a time greater than or equal to Tprobe and less than
Telong, then | weight the counting of that nascent RNA as 1. These RNAs are assumed to produce
100% of the fluorescence of a mature RNA spot, since all probe-binding sites are transcribed at
this point.

| randomly pair two simulations and sum the number of weighted nascent transcripts.

This mimics the experimental conditions where the two gene alleles are physically paired and
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thus their nascent RNAs are co-localized in space. | collate 1,000 paired simulations for each
parameter set and calculate the following statistics:

Fraction of virtual cells with a transcription site is calculated by counting how many paired
simulations have a total number of weighted nascent RNAs of 2.0 or more. This is done in order
to be consistent with the limitations of the experimental data; only nuclear spots with
fluorescence greater or equal to 2 mature mRNA spots were called as transcription sites. When
this number of paired simulations is divided by the total of 1,000 paired simulations, it is the
fraction of virtual cells with a transcription site.

Median number of nascent RNAs per virtual cell is calculated from those paired simulations with

a total number of weighted nascent RNAs of 2.0 or more.



139

Chapter V: Effects of Metabolism on Gene Regulatory
Networks
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Introduction

Growth and development are interlinked processes in the formation of an animal. In
order for development to proceed appropriately, events must be coordinated in the body through
time. The timing of induction of morphogenic events relative to tissue growth can cause changes
in resulting organ size relative to shape. Changes in developmental timing of events relative to
one another are a mechanism of evolutionary change in biology (Gould, 1977). Therefore, if
growth rate of an animal is altered during its development, the processes governing development
must be controlled in a manner that can accommodate such changes. As gene expression
dynamics are a critical component of developmental processes, it is reasonable to suggest that
gene expression must contain some mechanisms conferring robustness to perturbations in growth

rate.

Environmental factors influence growth and development via metabolism

Several variables have been shown to influence growth and developmental timescales.
Fasting and other means of nutrient limitation slows growth and development in many animals,
meaning that nutritional status affects animal’s developmental rate. Nutrient limitation also
extends overall lifespan (Arendt, 1997; Pontzer et al., 2016). Ambient temperature can also
influence the growth rate of ectothermic animals, including Drosophila (Kuntz and Eisen, 2014;
Zuo et al., 2012). These environmental factors have complex effects. Each of these directly
effects biochemical reactions: temperature alters the speed at which they occur, and nutrient

deprivation alters the availability of reactants. We might then hypothesize that the mechanism by
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which environmental factors affect growth rates is via metabolism. A model has been invoked
wherein developmental timing can be explained by body size and temperature as they impact the
rate of biochemical reactions in the cell (Gillooly et al., 2002). However, both temperature and
nutrient limitation also activate respective signaling pathways which direct cells to coordinate a
variety of responses across the animal. Therefore, more precise tools for altering metabolism are
needed. Indeed, when cellular metabolism is more directly manipulated by mutations in
metabolic respiration, the growth and developmental rate of resulting animals is affected (Nakai
et al., 2001). In Drosophila, direct genetic alterations in glucose metabolism also causes
developmental delays (Rulifson et al., 2002).

An observation in animals with perturbed developmental rates is altered penetrance of
developmental phenotypes. Lowering temperature and fasting appear to suppress developmental
phenotypes of many mutations (Child, 1939, 1935). Likewise, increasing growth rate of broiler
chickens in an agricultural setting by breeding results in increased musculoskeletal defects
(Julian, 2005). It seems intuitive that given more time to complete development, animals are
more able to correctly develop even with genetic perturbations. However, it is more difficult to
precisely conceive of how this occurs on a cellular level. One method may be to explore the
effects of metabolism on expression of genes that influence development. Many developmental
processes are influenced by gene regulatory networks (GRNSs), that control the specification of
cell types from pluripotent cells. GRN’s coordinate inputs from many genes to act on a cell’s

decision if and when to differentiate (Levine and Davidson, 2005).
The Yan Network

One example of a GRN critical for differentiation is a network with the Drosophila

protein Yan as a central component. The Yan protein is a transcriptional repressor with an ETS
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domain (Lai and Rubin, 1992). Yan is involved in patterning multiple Drosophila tissues where
receptor tyrosine kinases (RTKs) are used for patterning, including the embryonic ventral
midline, the mesoderm, the trachea and the head (Price and Lai, 1999; Rebay and Rubin, 1995).
Yan is thought to be general repressor of differentiation in contexts where RTK activity is an
inductive signal. When RTKs activate the Mitogen Activated Protein Kinase (MAPK) signal
transduction pathway, it down-regulates Yan, allowing differentiation to proceed. In the larval
and pupal eye imaginal disc, Yan is expressed in all undifferentiated cells in the morphogenetic
furrow and is lost as the nuclei rise apically and differentiate (Rebay and Rubin, 1995).

Yan down-regulation is controlled via multiple pathways. MAPK activity leads directly
to phosphorylation and decay of Yan protein, but also to the activation of three factors that
contribute to Yan’s deactivation. MAPK activates the transcriptional activator Pointed-P2 (Pnt-
P2), which competes with Yan for DNA binding sites in target gene enhancers. Pnt-P2 also
activates transcription of Mae and miR-7. Mae inactivates Yan and facilitates its
phosphorylation by MAPK (Vivekendand et al. 2004). miR-7 post transcriptionally represses
yan expression (Li and Carthew, 2005). Thus, an entire network of redundant interactions exists

to ensure the downregulation of Yan in response to RTK signaling.

Results

miR-7 regulates Yan Levels in Eye Imaginal Disc Precursor Cells

In order to test the hypothesis that redundant repression is critical for control of gene
expression in development, | utilized methodology and tools for gene quantification in the eye

imaginal disc in order to quantify the developmental gene Yan.
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Figure 1. Redundant repression in the Yan network. Schematic of the network inputs
controlling Yan protein expression in the eye imaginal disc. Yan’s function in the eye disc is to

repress differentiation of precursor cells (grey) into neuron cells (blue).
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A transgenic form of YFP-tagged Yan was used as described in (Peléez et al., 2015)

Confocal z-stacks are captured of fixed eye-antennal imaginal discs from animals bearing
Yan-YFP and fluorescently tagged histone H2 protein. The FlyEye Silhouette software package
segments these images using a meanshift-root algorithm. Nuclei of differentiating neurons rise
apically in the tissue and change shape, allowing unambiguous identification by a trained
observer. The FlyEye Silhouette graphical user interface allows the user to manually define and
classify cell types in the image based on nucleus position. The fluorescence data from these cells
is extracted and plotted as ratio of Yan-YFP fluorescence to histone-RFP fluorescence in order to
control for nuclear size and other variations in fluorescence across the disc. Since a column of
ommatidia is generated every two hours, each column in a single disc can be analyzed
successively to give an approximation of the time course of gene expression through
development (Pelaez et al., 2015).

Pelaez et al. (2015) found that Yan-YFP expression is induced strongly in all cells just
posterior to the morphogenetic furrow of the eye imaginal disc. In differentiating neurons, Yan
levels rapidly decline to basal levels. In precursor cells, Yan-YFP levels slowly decrease over
time. There is a great deal of heterogeneity in the levels of Yan-YFP in this precursor cell
population.

Several lines of evidence strongly suggested that miR-7 regulates Yan. Overexpression
of miR-7 in eye cells phenocopies Yan loss-of-function, producing ectopic R7 cells. The Yan 3’
UTR contains four binding sites for miR-7. A GFP reporter fusion to the Yan 3° UTR lacking
these binding sites is upregulated compared to a reporter with the wild-type Yan UTR (Li and

Carthew, 2005). Furthermore, overexpression of the MAPK-resistant Yan”CT allele is partially
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rescued by miR-7 overexpression. In miR-7 mutant animals, Yan expression as visualized with
immunohistochemistry appears to be qualitatively higher and more variable, but only in animals
exposed to fluctuating temperature conditions (Li et al., 2009).

Initial experiments sought to describe the effects of the deletion of yan’s miR-7 binding
sites on Yan-YFP fluorescence. To do so, a version of the Yan-YFP gene was created with all
four miR-7 binding sites scrambled. This represents a more specific and targeted perturbation
than previous work from the lab, which had perturbed miR-7 itself. Yan-YFP and Yan/mR-7-YFP
animals were generated with their endogenous yan gene mutated, so that the entire active pool of
Yan protein would be fluorescently labeled. A very mild eye roughening was observed in both
Yan-YFP and Yan/™R-7-YFP animals, with mutant animals showing a slightly increased
prevalence of the rough eye relative to the wild-type version (Figure 3B-D). Rearing the animals
at a higher temperature resulted in increased penetrance of this phenotype for both variants of
Yan-YFP. The fold-change of the effect was not significantly different between miR-7
insensitive and wild-type Yan-YFP alleles (Figure 3D). Therefore, while there seems to be a
miR-7 dependent effect on this phenotype and a temperature related effect on this phenotype, it
does not appear that these effects interact in a synergistic way. While this observation could
argue that miR-7 function itself is not dependent on temperature, it is also possible that the
observed phenotype is influenced by the different genetic backgrounds of the two strains.

Eye imaginal discs from animals bearing either the Yan-YFP or Yan/™R-"-YFP were
dissected and imaged using confocal microscopy in order to assay YFP fluorescence across the
disc. Animals also contained an RFP-labeled Histone H2A in order to normalize fluorescence to

nucleus size, shape and other factors. Cells were segmented using FlyEye Silhouette software
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package, where relevant nuclei of neurons and precursors were manually selected. The ratio of

YFP to RFP was calculated for each cell. 1 assume that each column of ommatidia represents on
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Figure 2. Imaging Yan-YFP fluorescence. (A) Schematic of eye antennal imaginal disc
complex, with approximate late third-instar expression pattern of Yan expression colored in
green. Red arrow denotes morphogenetic furrow. Purple box indicates approximate region
imaged for analysis. Anterior is to the left. (B-E) Representative confocal sections of eye
imaginal discs expressing Histone-RFP (left) and Yan-YFP (center). Approximate location of
morphogenetic furrow is indicated by red arrow. All sections are imaged about the equator of the
disc, anterior is to the left. (B) Yan-YFP and Histone-RFP visualized in animals with normal
metabolism, (dILP2-GAL4 only). (C) Yan4™R-7-YFP and Histone-RFP visualized in animals
with normal metabolism, (dILP2-GAL4 only). (D) Yan-YFP and Histone-RFP visualized in
animals with slow metabolism caused by genetic ablation of insulin-producing cells (dILP2-
GAL4> UAS-rpr). (E) Yan“MR-7-YFP and Histone-RFP visualized in animals with slow

metabolism caused by genetic ablation of insulin-producing cells (dILP2-GAL4> UAS-rpr).
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Figure 3. Loss of miR-7 repression on Yan effects in the eye. (A) Quantification of Yan-YFP
protein dynamics from eye imaginal discs bearing Yan-YFP. Solid lines represent moving
averages. Shaded regions denote 95% confidence intervals. Zero marks induction of Yan-YFP
expression. (B) Representative SEM image of a wild type Drosophila eye. (C) Representative
SEM image of a Drosophila eye scored as mildly rough. (D) Quantification of penetrance of
mild eye roughening phenotype among Yan-YFP lines. Each bar represents the mean penetrance
of the mild rough eye phenotype of 3 independent populations (derived from the same fly line) of

80-250 individuals. Error bars are SEM. P-values are result of Fisher’s Exact Test.
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average two hours of developmental time, allowing me to use column number as a proxy of
developmental time by measuring each cell’s distance relative to the nearest column.

As expected, both Yan-YFP and Yan/™R-7-YFP levels increased rapidly in precursor cells
just posterior to the morphogenetic furrow. Upon specification to a neuronal fate, YFP levels
decreased rapidly to basal levels as Yan-YFP responds to RTK signaling and is repressed. In
precursors, Yan-YFP levels decrease over time at a more modest rate, remaining elevated
relative to basal levels. Therefore, each single cell experiences a “pulse” of Yan expression
followed by a decay over time. The decay is rapid in cells fated to become neurons and long in
cells that remain uncommitted. The maximum level of Yan*™R-7-YFP seems to be elevated in
precursor cells relative to Yan-YFP maximum level. Yan*™R-7-YFP decay appears also to be
delayed somewhat in these precursor cells relative to Yan-YFP. Therefore, | conclude that miR-
7 is acting as a weak repressor of Yan in precursor cells. This is consistent with known
information about microRNA function on a molecular scale.

Metabolic Effects on miR-7 Insensitive Yan

A mathematical model was constructed by Sebastian Bernasek in the Amaral group at
Northwestern to predict how metabolic rate would affect the pulse of Yan. Modeling was
performed using a general engineering framework known as control theory. In this framework,
an input stimulates a pulse of protein in a cell, which is then attenuated by the simulated inputs
of many repressive control mechanisms. This process is iterated many times to create many
simulated cells. Noise is introduced to simulate gene expression stochasticity, making each cell
have a slightly different pulse trajectory through time. The ensemble of simulated cells created
generated a range of likely outcomes. When a weak repressor such as a microRNA is removed

from the model, the maximum output levels of the protein pulse increase, and attenuation is
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delayed (Figure 4A). This behavior recapitulates what is observed in the dynamics of YanAmiR-7-
YFP relative to Yan-YFP (Figure 3A and 4C). Slow metabolism was simulated in the model by
reducing the rate parameters of all ATP-dependent reactions in the model. This results in a
decreased protein output overall. Crucially, in the slow metabolism simulation, the removal of a
weak repressor such as a microRNA does not alter the dynamics of the protein pulse (Figure 4B).
| quantified Yan-YFP and Yan2™MR7-YFP dynamics in eye discs from larvae with genetic
ablation of insulin producing cells (IPCs). In normal flies, IPCs secrete insulin-like peptides
which regulate glucose uptake by body cells. 1PC ablation results in increased circulating
glucose, indicating that cells are taking up less glucose for metabolism. Overall energy
metabolism is reduced 30%, as determined by whole-body calorimetry. As a result, IPC-ablated
animals experience a decreased rate of growth and development. As predicted by the
mathematical model, Yan-YFP dynamics were identical in these (Broughton et al., 2005;
Rulifson et al., 2002). Slow metabolism flies with or without miR-7 regulation (Figure 4D). This
result supports the hypothesis that redundant repressors such as miR-7 in gene regulatory

networks are unnecessary under conditions of reduced metabolism and slowed growth.
Caloric restriction affects salm RNA levels

| wondered how gene expression at the RNA level was affected by slowed growth. To
test this, | raised flies on food containing a decreased concentration of yeast, the major source of
calories for Drosophila larvae (Ferreira and Milan, 2015). Calorically restricted larvae took
nearly twice as long to reach pupariation. | performed smFISH on these animals for the imaginal
disc developmental gene salm. Salm mRNA levels per cell were quantified per cell for both
mature and nascent RNAs. Salm is not known to directly interact with pathways governing

metabolism in the cell.
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Figure 4. Gene expression dynamics with slow metabolism. (A-B) Simulated protein output
under the control of an auxiliary post-transcriptional regulator (green) and when the repressor is
removed (orange). Shown are ten randomly chosen samples from a total population of 5,000
simulated trajectories for each condition. Sebastian Bernasek performed these simulations. (A)
Simulations performed with normal reaction rates. (B) Simulations performed following 50%
reduction in the rate of ATP-dependent reactions. (C-D) Quantification of Yan-YFP and
Yan®™R-7-YFEP in precursor cells. Solid lines represent moving averages. Shaded regions denote
95% confidence intervals. Zero marks induction of Yan-YFP expression. (C) Yan-YFP
dynamics under normal metabolic conditions, in which the animals contain the dILP2-GAL4
gene only. (D) Yan-YFP dynamics in animals with genetic IPC ablation via the combination of

dILP2-GAL4 and UAS-Reaper.
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Figure 5. Caloric restriction alters mature and nascent salm RNA levels. (A) Median mature
RNA per cell within the salm stripe for glucose-cornmeal food (red), food with low
concentration of yeast (green) and molasses-cornmeal food (blue). Error bars are 95%
bootstrapped confidence intervals. P-values are the results of a permutation test for significance.
(B) Median nascent RNAs per transcription site for salm. Error bars are 95% bootstrapped

confidence intervals. P-values are the results of a permutation test for significance.
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One might expect overall gene expression levels to decrease due to anabolic processes
requiring more energy and calories to complete than catabolic processes. However, calorically
restricted flies showed a significant increase in median salm mRNA levels per cell (Figure 5A).
Conversely, flies under starvation conditions showed a significant decrease in the number of
nascent salm RNAs per cell (Figure 5B). This suggests that the rate of salm transcription was
reduced in some respect. Reduced transcription of salm coupled with an increase in mature
RNAs seems to suggest that mMRNA degradation was lower in these animals, or that some other
means of post-transcriptional regulation had been affected. Overall, the results of these
experiments serve as example of how such overarching processes as nutrient restriction can have
varied effects on gene regulation. It is difficult to make broad claims about metabolism and gene
regulation.

Discussion

My results show that miR-7 mediated repression of Yan in the eye imaginal disc
progenitor cells serves to control Yan levels. Without it, progenitor cells show increased levels
of Yan throughout eye development. When cellular metabolism is slowed by genetic ablation of
IPCs, Yan levels are identical with or without miR-7 regulation. This suggests that under slowed
metabolic conditions, miR-7 is not required to regulate Yan expression levels. MiR-7 regulation
is one of many forms of auxilliary repression that ensure Yan levels remain within acceptable
limits in the progenitor cells of eye disc during development. The requirement for these
repressive inputs is relaxed when metabolism is slowed.

Many mutations in repressors cause phenotypes that are suppressed in slow metabolic
conditions. My results help explain this behavior by suggesting that gene expression levels do

not need to be as tightly regulated in slow metabolic conditions. However, the Yan2MR-7-YFP
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gene has not been unambiguously linked with a phenotype in the adult eye. While the subtle
effect of miR-7 on Yan expression doesn’t appear to have noticeable consequence for final form
of the eye, the existence of many redundant mechanisms for downregulating Yan in developing
cells indicates that excessive cellular Yan is detrimental to development on some level. |
speculate that miR-7 may be even less dispensable for proper Yan regulation outside of standard
laboratory conditions.

It was previously observed that animals lacking any miR-7 regulation had elevated Yan
immunofluorescence only in conditions of fluctuating temperature. At the time, this was
conceptualized as miR-7 providing robustness to Yan gene expression in the eye under variable
environmental conditions. The data presented here adds to that understanding. Presumably, the
changes in Yan levels that are mediated by miR-7 are subtle enough that they are difficult to
quantify without the genetic and image analysis tools that | used in this study. Temperature
fluctuation has a wide range of organismal effects on animals. Temperature will presumably
affect the reaction rates of all biochemistry in cells. Therefore, elevated temperatures put some
stress on the animal and may result in an increased requirement for regulation of gene expression
to coordinate growth and development.

It is also possible that suboptimal metabolic conditions result in a stress-induced
reorganization of gene regulatory networks that suppresses mutant phenotypes. In the case of
Yan, the introduction of genetic ablation of IPCs resulted in qualitative reduction in fertility and
population size, indicating a that these animals may have been generally less healthy than their
normal metabolism counterparts. Temperature fluctuations could also induce a stress response.

Overall, its stands to reason that we require more precise tools for understanding the results of
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changing conditions with wide-range effects, such as temperature manipulation or nutrient
starvation.

Changes in glucose uptake will alter every cellular function that requires ATP. This
includes fundamental mechanisms of gene expression such as transcription and translation. |
found that in the case of salm, caloric restriction resulted in an increase of mature mRNA levels
but not nascent mRNA levels. The simplest explanation for this is that mRNA decay rates have
been altered by caloric restriction, resulting in accumulation of salm mRNAs in cells. The
process of MRNA catabolism in not strictly ATP-dependent, therefore this effect would have to
be achieved via regulation of ribonuclease activity. Very little is known the regulation of
ribonuclease activity in any context (Houseley and Tollervey, 2009). Therefore, | can only
speculate that caloric restriction might cause some cascading effect that slows mRNA decay.

Caloric restriction activates a wide array of gene expression responses that may interact with
salm in unknown ways. Additionally, | do not have strong developmental markers in the wing
imaginal disc. In these studies, | used entry into the white pre-pupa stage as the marker for
developmental time, but imaginal disc development may be slightly out of step with whole entry
into the pupal stage. To date, there are no longitudinal studies of salm expression through
developmental time in the wing imaginal disc. It is entirely possible that salm transcript and

expression levels decrease over developmental time, and that is what | observed.

Materials and Methods
Genetics

Unless otherwise indicated, flies were raised at 25° C on standard cornmeal-molasses

food. The recombineered Yan-YFP transgene was described in (Webber et al., 2013). Yan/mR-7-
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YFP was generated as described in (Cassidy et al., 2019). Yan-YFP and Yan’™R-"-YFP were
recombined with His2Av-mRFP and placed in a yanER443/yanF84 mutant background.

Insulin producing cells were ablated by constructing flies bearing a dILP2-GAL4 gene on
the third chromosome, and a UAS-Reaper (Rpr) construct on the first chromosome. dILP2-
GALA4 consists of the promoter for the insulin-like peptide 2 gene fused to GAL4. This drives
GALA4 expression specifically in brain IPCs (Rulifson et al., 2002). The Rpr gene creates a pro-
apoptotic protein that causes cell death where expressed (Lohmann et al., 2002). The
combination of dILP2-GAL4 UAS-Rpr completely ablates insulin-producing cells in the larval
brains of animals. These animals show elevated blood glucose and slow growth, taking nearly
twice as long to reach maturity.

For slow-growth experiments with variants of Yan-YFP, flies bearing only the dILP2-
GAL4 gene were used as a control. Flies with Yan-YFP also contained 2 copies of endogenous
yan, because introduction of the yan mutant background drastically reduced viability when

combined with dILP2-GAL4 UAS-Rpr.
Caloric Restriction

All flies were raised at 25° C. ~30 w'!!8 flies were allowed to lay eggs on molasses egg-
laying plates for ~12 hours. Approximately 150 eggs were then collected and transferred to
sugar-yeast-cornmeal food containing either a standard concentration of yeast, or food containing
10% of the standard amount of yeast. Wing discs from white prepupa were dissected, and

fixation and smFISH was performed as described in Chapter IV.
Scanning Electron Microscopy

Adult flies were placed in small petri dishes and frozen at -20 degrees C for at least 20

minutes with dessicant to absorb excess moisture. Whole flies were mounted on stub specimen
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mounts with carbon paint resin (ElectroDag 502). Scanning electron microscopy was performed
using a Hitachi S-3400N-11 cold-source field emission scanning electron microscope in low
vacuum mode (30 pascals). Images were obtained using the 5-segment solid state backscatter

detector. All imaging was performed at 190X magnification.
Yan-YFP Imaging

White pre-pupal eye discs were fixed in 4% paraformaldehyde/PBS, mounted in
Vectashield, and stored in the dark at 4° C until imaging a maximum of 24 hours later. 1024 X
512 images were captured using a Leica SP5 confocal microscope and 40X, NA 1.25 oil-
immersion objective. Yan-YFP was visualized using an Argon 488 nm laser and Histone-RFP
was visualized with a green HeNe 561 nm laser. Both channels were detected using HyD
detectors. Images were oriented with the equator approximately parallel to the x-axis of the
image, centered along the y-axis. Optical slices were set at 0.8um thickness. Zoom was set at
1.2-1.4X to minimize blank space in images, with 6-8 rows of ommatidia visible on either side of
the equator. All discs for each condition were fixed, mounted, and imaged in parallel. Imaging
was performed first thing in the morning to reduce variability in length of time the laser had been

active.
Summary of Data Analysis

Segmentation. Cell segmentation and labeling were performed using FlyEye Silhouette, a
custom GUI for cell labeling and analysis (Pelaez et al 2015, link to download). Automated cell
segmentation was performed on each optical section individually, using H2Av-mRFP as the
reference for nuclei cell boundaries. A single 2D contour was manually selected and labeled for
each cell. Cell type identities were assigned based on nuclear position and morphology (Wolff

and Ready 1993). Yan-YFP measurements were obtained by normalizing YFP fluorescence to
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H2Av-mRFP fluorescence in each nucleus in order to normalize for differences in nucleus
morphology and imaging conditions.
Distance to time calculations. Cell positions were mapped to developmental time as described
previously in Pelaez et al. (2015). This method assumes each column of ommatidia is generated
at a constant rate of 2 hours per R8 cell, as determined experimentally (Tomlinson and Ready,
1987). For each image z-stack, median distance between R8s was determined using a Delaunay
triangulation and a time-to-distance conversion factor was calculated.
Calculation of Moving Averages. First, all replicates for each condition were aligned with one
another in time. One disc was randomly chosen to be a reference disc. Each subsequent disc was
adjusted in time to this reference disc by a factor calculated to maximize cross-correlation of
moving averages (using a 10-cell window) of normalized Yan-YFP fluorescence. Once aligned
in time, all cells were pooled and a 500-cell window moving average was calculated using
hierarchical bootstrapping within each group.

Data analysis was done in collaboration with Dr. Sebastian Bernasek. Modeling was

performed by Dr. Bernasek.
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Chapter VI:. Discussion

“Reports that say that something hasn't happened are always interesting to me, because as we know, there are
known knowns; there are things we know we know. We also know there are known unknowns; that is to say
we know there are some things we do not know. But there are also unknown unknowns—the ones we don't
know we don't know. And if one looks throughout the history of our country and other free countries, it is the
latter category that tend to be the difficult ones.”

-Donald Rumsfeld, United States Secretary of Defense 2001-2006
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New tools for quantification yield new insights

The data presented in this thesis serve as an example of how quantification can yield new
insights into gene expression. Less quantitative methods of fluorescent in situ hybridization
could not detect the key observation that nascent RNA per transcription site does not seem to
change in concert with overall MRNA levels across many different genes in the wing disc.
Quantifying these developmental genes across the wing disc has also yield intriguing
observations for further study. The existence of sharper stripe boundaries in protein expression
relative to mRNA for salm and omb suggest some level of post-transcriptional regulation may be
occurring for those genes. The asymmetric expression of salm-GFP relative to endogenous salm
strongly suggests the existence of a distal control element for salm is missing in the salm-GFP
transgene. These observations were not expected when | was developing the smFISH
technology for the imaginal disc, but they offer further avenues for study.

Quantification of gene expression allowed me to see subtle changes in gene expression
that are difficult to describe otherwise. The difference between Yan-YFP and Yan*™R7-YFP is
difficult for untrained eyes to detect from imaging alone but becomes clearer when nuclear YFP
is quantified. Without the years of effort placed into the FlyEye Silhouette software, | would not
have been able to detect this change, nor use it to test hypotheses about metabolic effects on gene
expression.

These are examples of how new tools and technologies can lead to greater understanding
of gene expression. The development and application of new tools for old problems needs to be

a continuing research priority. New technologies allow us to further penetrate into the “unknown
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unknowns,” illuminating phenomena that we didn’t even know existed before they could be

observed.

What controls transcriptional bursting?

Transcriptional bursting is a phenomenon observed across all life, from bacteria to
animals. It is reasonable to posit that it is an emergent property from the fundamental process of
transcription initiation by RNA polymerase. What can bursting tell us about gene regulation on a
molecular scale? Transcription is a step-wise process that consists of many biochemical reactions
each characterized by kinetic rates. The existence of transcriptional bursts seems to suggest the
existence of at least one rate-limiting step in this process that requires a longer period of time to
overcome relative to the other steps in the process (Nicolas et al., 2017).

Experiments in bacteria suggest that transcriptional bursting occurs even in the presence
of only the minimal components necessary for transcription initiation. Here, bursting might be
induced by molecular torsion of DNA caused by RNA polymerase. Torsion induces upstream
supercoiling of DNA that halts further polymerase elongation. Transcription is arrested until
supercoiling can be relieved by DNA gyrase, a process which is dependent on availability and
binding kinetics of these enzymes (Chong et al., 2014; Fujita et al., 2016). However, this
hypothesis does not adequately explain the large differences in bursting kinetics seen between
genes in eukaryotes.

Another source of delay in transcription could be the necessary formation of large protein
complexes prior to transcription initiation. The formation of a pre-initation complex at the
promoter has been described in detail. In eukaryotes, it consists of greater than 85 polypeptides
which are present in diverse combinations at different genes. These are transcription factors,

large complexes such as Mediator, and RNA polymerase subunits. Together, they prime the
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promoter and surrounding chromatin for transcription initiation and elongation. Multi-step or
progressive complex formation can result in the early protein-DNA interactions lowering the
activation energy for additional protein-protein or protein-DNA interactions (Esnault et al., 2008;
Larson et al., 2011). Thus, the initial formation events occur on longer timescales than later
events, causing a complex to coalesce. Such a mechanism could also explain some gene specific
properties of burst dynamics. Variation in promoter sequence and structure influences the
binding and unbinding kinetics of components of the transcription initiation machinery,
potentially influencing the behavior of the complex as a whole (Spitz and Furlong, 2012).

Additionally, | think of RNA polymerase binding kinetics as possibly having some
“search time” across DNA where the molecule must diffuse to an appropriate promoter site
before it can actually act. Once the elements of the pre-initiation complex are in place, this
“search time” is greatly reduced, as they are likely to undergo cycles of DNA binding and
unbinding before diffusing away. In such a manner, the formation of this complex could have
switch-like dynamics.

Alternatively, the recruitment of RNA polymerase to the initiation complex may not be a
limiting step. It has been suggested that what | might think of as initiation rate, or how often a
polymerase initiates transcription, is not governed by polymerase recruitment, but rather by the
degree of pause-release of RNA polymerase (Bartman et al., 2019). That is to say that initiation
rate depends on how favorable conditions are for initiating transcription in a regulated manner.
Such a system would certainly be mechanistically more viable in an evolutionary context: a
method for the regulation of polymerase firing seems easier to regulate than binding energy of
the polymerase itself, which is a more immutable property of the transcription start site. It seems

that once the initiation complex is formed, RNA polymerase can initiate transcription at a given
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rate. This concept of transcription certainly mirrors what | think of as a “burst”: the slower entry
into a state competent for transcription (the formation of the complex) and then a faster initiation
rate (polymerase recruitment and firing).

Another cause of the dynamics may be the function of distal enhancers. Enhancers
function as sites for binding of transcription factors. When contacting the promoter, they help
foment chromatin changes and the formation of the preinitiation complex. In metazoans,
enhancers are often located far away on the chromosome from the transcription start site.
Therefore, there exists some DNA bending or architectural changes to the chromosomes in order
for these distal enhancers to contact the promoter and affect transcriptions(Spitz and Furlong,
2012). This process of DNA bending and physical motion could be a source of burst-like
dynamics. Bartman et al. 2016 showed that two separate genes entered states of active
transcription only when in contact with a shared enhancer. Their transcription at any single
moment of time was mutually exclusive. When the enhancer location moved away from the
promoter, transcription did not occur (Bartman et al., 2016).

Recently, it has been suggested that the behavior of so called “super-enhancers” can be
described as a process in which many components of the transcription machinery coalesce and
form a liquid-phase body in the nucleus. This liquid phase body is so dense with proteins that it
could resemble a droplet, and thus kinetic parameters that rely on the assumption of a uniform
aqueous solution do not apply (Levine et al., 2014). Perhaps all enhancers work in a
fundamentally similar manner separated more by degree: one can speculate that a transcriptional
burst is caused the formation of a concentrated cluster of transcription proteins that are held
together by intra-phase forces. Certainly, such behavior would enhance nonlinear transcription

dynamics in these genes.
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Lastly, we should consider the timescale for bursting behavior. In eukaryotes, many
studies have found OFF times for promoters on the scale of tens of minutes, to hours (Milo et al.,
2010; Suter et al., 2011). My data concurred with these findings, as the model presented in
Chapter 1V fits my smFISH data well with OFF times in this range.

Both DNA bending and complex formation are processes that generally have not been
found to take this amount of time to complete. Formation of transcription initiation complexes,
as well as diffusion of an enhancer around the nucleus, appear to occur on the order of seconds.
Thus, while they may have some input into bursting behavior, they cannot completely explain
the long off times observed between transcriptional bursts in many genes. In contrast, the
process of chromatin remodeling and nucleosome positioning can operate on the timescale of
minutes to hours. Therefore, it is reasonable to consider this process as a control mechanism for
burst frequency. This idea is supported by the finding that many (if not most) transcription
factors, recruit chromatin remodelers in order to modulate transcription output (Cai and
Laughon, 2009; Hill, 2016; Spitz and Furlong, 2012). This idea is further supported by studies
using model selection techniques. In our modeling, the simplest bursting model was used, in
which the promoter has only an active or inactive state. In model selection, the promoter can
have any number n states. The data is fit to these various models, and the best model is selected.
Studies vary with respect to criteria for which a model is selected as the “best fit.” Doing so,
studies such as those by (Zoller et al., 2015) have found that the long OFF times observed in
living cells are best described by up to five inactive states of the promoter. If such theoretical

states have a physical correspondence, it is most likely to be a form of chromatin accessibility.
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Ultimately, no one molecular process can be said to be the sole source of bursting
dynamics. The phenomenon of transcriptional bursting is likely influenced by all of these
molecular processes to various degrees, depending on the organism and context.

Tuning transcriptional bursting and noise

Individuals within genetically identical populations can show significant differences in
gene expression. This is attributed to the stochastic influence on gene expression, or gene
expression “noise”. Transcriptional bursting influences gene expression noise. For example,
cells with large, infrequent bursts will experience large fluctuations in levels of mMRNA
transcripts over time (Munsky et al., 2012). Fluctuations in mMRNA can be propagated to
fluctuations in protein levels. Fluctuations in one gene product can then be propagated
throughout a biochemical network, causing noisy gene expression even in genes with low
intrinsic noise.

Gene expression noise varies from gene to gene. Gene expression noise as a trait might
be important to a gene’s proper function in the cell (Dar et al., 2016). Therefore, it is possible
that noise as a gene expression trait is acted upon by natural selection. Tuning of transcriptional
bursting may be part of the mechanism by which natural selection acts on gene expression noise.
Understanding if and how such tuning occurs may be important for synthetic biology, as we seek
to harness biological circuits for industrial and medical purposes.

Future directions: Live imaging and the importance of time

All of the methods utilized in this thesis used fixed tissue. As such | can only make

inferences about the dynamics of gene expression. | have done this either through the use of

modeling, or by using position as a proxy for time as in the eye disc. Time courses are difficult

to perform in the wing imaginal disc context, because of the difficulty of precise developmental
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staging of discs. To make definitive conclusions about gene expression dynamics, | will
ultimately need to observe these dynamics in real time using live imaging strategies.

In many ways, studying transcription via the MS2 system, which allows live-imaging of
transcript production, is an attractive next step. This would allow us to visualize nascent
transcription as it happens and physically measure burst size and frequency in vivo. Some of the
pieces for such studies are already in place. Imaginal discs can be cultured as explants in growth
media for several hours. Drosophila genetic constructs needed for the MS2 system exist (Garcia
and Gregor, 2018). One can imagine that the combination of a microfluidics device for culture
and imaging could allow for the performance of powerful experiments. Imaginal disc tissue
could be given drugs that affect transcription via the culture media, and the effects of
transcriptional bursting could be measured in real time.

Other non-trivial challenges remain to be solved, such as optimal imaging conditions and
image and data analysis. Without fixing, clearing and mounting to help improve image quality,
live-imaging can produce data that requires extensive cleanup and analysis. Additionally, the
problems from imaging fixed tissue still exist primarily segmentation of single cells in this

pseudostratified epithelium.
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Appendix 1: Single Molecule FISH Probe Sequences

EGFP Senseless Spalt Major
gattctggatctttactttt agacgaacacgtccgtatcg tgcggcactgagagaaatcg
cgtgatccttgtaatccatt cggttttatcttgactcact gcgcegtgtttagctaattta
tcgtggtccttgtagtegec cttcgatgggtcttattcag cagtgggaaacgcgtagtac
gtcatcgtccttgtaatcaa gtgatcttggattcgaacgg tcagcttgatcattgcacta
ggaagtacaagttttcctty Caaatctcactttcttggceg acacagaacgttggacaggt
tgggggtgggaccagttgct ttttctcaatactgttcact tatccttgaagtcactacgc
catgcegcetgeccttctcga ttgctttaacagtctttgga ttttattgatggtctcctgg
acagctcctegeccttggac tcactggatctgatttacgt ccttcagctgtttgacaatg
aggatgggcaccacgceggt ctggatctttactttttgga aaccattcgcaatggtcttg
cacgtcgccatccagetcca cggcgataggtgattcattt tcataggtatctgtttcctg
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gcacgctgaacttgtggeey tatcacagtgttgaaggcegg tttattagatgctgacgegc
gegtcgecectegeectegec gcgggttgtacaaaaagggc cttcagagattcagctggag
cagggtcagcttgeegtigg agtagggcactcgagtagag tgtgttatccaaactcggte
tgccggtggtgcagatgaac cgtggccgaggacaacaaaa tggttggtgataatgctgga
gtgggecagggeacgggeag ctgacccaaaaccacagagg tttctcaccgaaggcaaagt
gtaggtcagggtggtcacca tcaaggcaaagtcacgatce tgaagaacggctcattgcga
agcggctgaageactgeacy ttcatttggagttcatgctc atcttatgtggatctggage
tgctgcticatgtgatcggg cttgctgttctcattgttat aagtgaaccttaaggttgcc
catggcgcictigaagaaat gtgcttagatttagtggcat tgaaacttgtccatgtgete
getectgeacgtageccteg gaatcatccgatgtgatgeg gggaatgatigggagagcta
tcatcctigaagetgatggt ctgctgtgatactgatctcg tagagattctgaaggccagg
ggcgegggtetigtaggtge cacttcactgctggaactgc ttaaggatttccataggcgg
tatcgccctcgaacttcace taacgttcagcgaggtcatc tctgatgaaggagagggtgt
agctcgatgeggticaccag tttagattcacagcgctcag gaagaaatcttcgcggggty
ctccttgaaatcgatgecct ttgctgtggtgtactcgaac cggtggtaaagttaaggggg
tgtggcccaggatgttgeca ggtgaccagatgatgttacc tcgtgcttgatggggttaaa
ctgttgaagtigtactccag cgatctctcgceacatcgagg aggtgttcgaaacctcgatg
ggcggtgatgtacacgttgt acaataggatccacctggtg atcacagaccacacactgat
tgatgcegticttctgetta gcgctcatacttgaactttc cactggtggaagtttctcat
tggcggatcttgaagttgge gcgaggatatggatgeagtt gcattcgagtacttcttgtg
cacggagccatcctccacat agcgaggagatcggcgattg ataaagtgaccgggcatcat
getggtagtgatcggecage tcgaactccagatcctggac acgacacatcatcgtcgtag
ccgtcgeegatgggggtgtt atgggcatacaactgctgtt ctcagcttttgctcgaacaa
gttatcgggcagcageacty cgtcaatccggcecatgaatg cgaagagctgegcttgataa
cgctctgggtgetcaggtag tgagcagctccagattgttg ctgagaagcctctgaacgag
tcgttggggtecttggacag ctcttcagcttcaagtgctg tcacagatgctgcacttgaa
cagcaccatgtgatcgegct ttgatgcgatgctgttgctg tacttattcgcgatcttcgt
cggcggeggteacgaactce tgccaccaaattcatgagtg tcttgatagcggattaagec
tcatccatgeccagggtgat gtgttgattacgcatgtagce gcgagaatcgattgcatctt
geegetgctetecttgtaca tgatgcaactgttgttgctg cceeggcetagatcataaaaa
ctgggcagceagticaggaag tgatgctgatgttgctgegg gcatctttggatacgtttca
tgccgeccggttccatgeag cgtcgagtcaggatgttgct agattccgttctcagttttg
ctccgcttcaccgetaccte gacgaggaggacgaacgacg tcggcgatcgcatctaaatt
aaggcatccccatggtgatg ttcgttttctecttggtaag gcaaagcgtttggatttcga
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gtggatgagcagatctggaa gtggttcttcatctgtgata
ccacaatattggcagggata ttaatccttccttccaatga
atgtccgacttttggtggaa gtacgatcgctcatagactt
gtatgtatgtacgtgtgctt acattggcatccgtgtataa
Omb-5' Exon Omb-3' Exon Omb- Intron
ggcaaaagcgtttgacgtga ttcaacttgtccgaatcgga agggagagagtctgagtttc
tttggtttatctgacgacgc tcgtcctgctgattatcaag caagtgtgagtgtgtctcag
cacacgtaaacacggcgaga ccaagtgattaaaccaggca atcttgcactcacttgacac
tgccttcggattgaagcaaa tttccgagcaactcgaatcg attgttacgtaagcctttgc
ttcttgattccttatcgteg caccgatatattcggtgacg gctgtgcagagcttagaata
agaatctgcagggtgatgtt aaggcaacaaatgcggcgac ttgaatttggccagctatga
tttctttaatcttgtcaggt gatacaggccatgtggatac cttctattggtgttgttgce
cacactttacgcacttttca ttgggcattgaagagcagac ccaagtgcgaacaaccaaca
ccttgctgttgtttgatttt caaacaaagccggatgctgg tattttgttcaccgacttgc
tttatattctttggacctcc cttgtaatggtgataccggt agcatttgccacagaaagga
aaatctcaggcggaaaccag gcgaaaagcgatggctcttt ttttgcagggtcatgaactc
ggtcgcattcaaactgcatt aaactgccgggcaaactgta gtgtgctaggtacaagtact
ggcgatgacgacacgaacta caggagtcactgcatcgaag aaaagggtggcatggtgttt
agggaaacggcgatttggat ggtgacatcgaaatcggtcg ttcaagtggcactcacatga
tagttagctggctgctgtaa tggttgcttcatcagggatg gccaagtgaatgcaaatcca
tcacttggcagttttaagtt atcttctccatgctcttaag aaactatagccacaagcctc
tcgtttcttttgctttgcaa attgtgttgaacctccagtc acacgtcattctgaaggagc
gtgtttaaaccttgttctgt catggtgcgagtgtagatgg gaagtaggagcaccgtattg
tgttttggcgacggcaaaac agtaattgtcactgatccgt tgcgcttagacagcaatttc
catgtttcattgcttttcgt ccaactctagttccaattcg ggtgtggaaaacgaggggag
tttctcttcttgttgtttca tcgacgtccagatcaagatc ttctcgcactgaaagtgtcy
ggacactcactgacttgtac ttcagaggctagaggcaatg ccaataaattgccgctttca
ctctctagtttgacttttga cgctaaaccacaaagacggt ctgtcacaaagtccgacatc
gcgatctctccaaaaaaggg gctacaaatgcctatagtct tgaactttgacaggcggtty
gtcatgcagaaagggtttcc tgagttcgcaacgagagagg catcgataatttttcctgec
accgtttcaaacaaccaagt aacactggcgataaacgggc aaggaggtttttgcccaaat
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tggacgtcgtatctcatcac gctaggctttgcttagaaac gatatgtgtatctaccgcac

tcctcagcagactgatgaaa gaatcgccagcgatttctag attttccatacgctctacac

attggcgaacctggcgaatg attagacctctccatcactt aaagtagctaattgcccagt

gcagaaatggatgatatgcc tttttgctaccttctgtctt atatgcgtatctttcgttgc

ctgaagtcagtgggtcgtty ttttcctgttttttgtttce ccgggatctcggaaatatga

cgccgtcaacagcgaggaaa agttacgacgattctcttgc gtggattgtagttttgacca

cgctgttgttattgttgcta cttgaagtctggaaccttca ttttgctgtctttctttctc

agttgttgtttccgctgttg ctcattttattccgtctgtt gcgacggaaacgcttactta

ttggtgttgttgttggaatt aatttgtctgaggatagccc catcaattttcggctggttg

gttggtgttattggtgttty ataaagaggcgccatctttg cctccaccttaaatgtgata

ttggtgaaacggccacgaga tcatccacctaagactaaga tgtacatttccatcgtttct

tagaccaacaattgtgggcg gtgtttacggtatcttggta gtcgtaagattgggtctgta

cgtactgggtgagtgatgtg gcattttctatcgtctacga aatattccattccatgcagt

agatgatgggcgtgcggatg tcagggggttccgaaattaa tttgtgcatttccaagttgt

tgaccttgggatcatcgacg cacagaactcttgccctaaa aaggacgtcatcatcgtcat

ttgtggaacttctcccacag tgcgaggaacatgcgttgaa ttgtcgttatttttctggceg

ctcttggtgatgaccatttc ctttgtcgctctctcttaaa cgatccgatttttaagcgga
ttcttgcttttttctectta cagcaacagccacgatatta
gaagattgtgtggtgttgca tgcttttttgagagaggctt
tcataagaatgcctatgcga ttcttttagtcttcgeagtt
gottgtttgegtttgtttta gaccgttctcattgttttty
cagtgacatgaggtgttgtt

Scalloped

gagctggtgatgtttttcat

aggttgttctgcaattgcag

caacttccaactcgctgcag

Caactgcctgttgttctgtc

gtgtccacggtgatggtatg

atttgtgtctgccgatccaa

acatccaggtttttgctatc

tttcgtcatcgctcatatca




gcatcagcggatgacaagtc

cgatatctggactccataca

aaagcctcttgaaagctctg

tgatttttctacgtccgeac

attttaccctcgtcggataa

tgcgattagctcgttgegac

cctgtgcgeagttttatata

cacttggatgtgcgaactga

tggatctcgeggagtttacy

gccagaattgcactttgatt

aaatcttgggacgtgcttgg

gaagggcttgatgctgtaat

aaaccgcagtcgacgttttg

caattgtgagggcggaattc

gaatttgtgcgtggcaatgg

gaacgccgtaaactcgagta

tttcatctctctggatttce

gaacgaatagatgccggtga

cggaaaaggatggcttgecg

tcaacagtctcaagcaatgg

acttgtcgaatatttgecgt

ttaagtcccccagatttcte

tggacccttttcgtagagat

cccagcatttaactaggtaa

gttagatcggtattcaggtc

atagaaatcacccgtttcgc

tttcgtattggctggttacy

cacacgagcacgacattctc

tgcttgccaaaggagcaaac

gattgttctccagtcgagag

gcgttgaatgcgatagacgt

gatcatgtactcgcacatgg

gttcttcagcttctgaataa

tcatcatatagcgttccggt
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gtaaagttttccagcacact

ggccctcattacttgcaata

atgcacaacagtgtctcctg

cgccacctcaaacacatagg

gacggtatatgtgatgggty
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