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The genome of a cell contains the information to make thousands of RNA and protein molecules.
However, a cell typically expresses only a fraction of its genes, with different phenotypes arising
because of differentially expressed genes. A cell controls its gene expression at different levels.
For example, it can control when and how often a gene is transcribed, or it can selectively
destabilize mRNA molecules. These biological processes are controlled by DNA- and RNA-
binding proteins. In this dissertation, I first discuss the current state of the field of transcription
factor (TF) variation, and I describe in vitro and in vivo technologies for mapping TF-DNA
interactions. I then describe studies that apply the “calling card” assay to analyze interactions
between chromatin and TF variants. In Chapter 2, I use this assay to characterize the interactions
with chromatin of six single amino acid variants of Stel2, a yeast transcription factor regulating

mating and invasion. My study showed that while subtle changes in the coding region of this



transcription factor can result in large regulatory rewiring, the major determinants of organismal
phenotype are the changes in the expression of a small, related set of genes. In Chapter 3, I use
next generation sequencing technology to score the RNA-binding activity of variants in each of
eight repeats present within a PUF domain. In this assay, in addition to the PUF variants, I
generated a library of RNA variants in which each possible RNA base was present at the cognate
position recognized by one of the PUF domain repeats. | identified many PUF domain variants
with highly specific interactions by comparing their binding across the four RNA bases. This
approach allows us to propose a complete code for RNA recognition by this PUF domain. In
Chapter 4, I discuss a new method to concurrently profile the whole and newly synthesized
transcriptome in each of many single cells, and use the data to quantify the dynamics of the cell
cycle and glucocorticoid receptor activation. Finally, in Chapter 5, I discuss some of the
outstanding questions for mapping protein-DNA and protein-RNA interactions, including research

directions that I believe will be important in the future.



TABLE OF CONTENTS

ACKNOWLEDGEMENTS 6
Chapter 1. Introduction 7
1.1 Massively assays for measuring TF-DNA interaction 7
1.1.1 TF-DNA interactions are key drivers of phenotypic variation 7

1.1.2 In vitro and in vivo technologies to measure TF-DNA interactions 9

1.1.3 The “calling card” approach to measure interactions between chromatin and TF
variants 11

1.1.4 Stel12: a model TF to study the genetic basis of phenotypic diversity 13

1.2 High-throughput analysis of protein-RNA interactions 16
1.2.1 RNA targeting technologies 16

1.2.2 PUF superfamily: an attractive scaffold for RNA targeting 18

1.3 Analyzing the temporal dynamics of gene expression in single cells 23

Chapter 2. Binding and regulation of transcription by yeast Stel2 variants to drive mating

and invasion phenotypes 25
2.1 Introduction 26
2.2 Materials and Methods 28
2.3 Results 34

2.3.1 A PiggyBac based calling card identifies binding sites of Stel2 and Stel2
variants. 34
2.3.2 Transcriptome profiling of wild type and variant Stel2 proteins. 42
2.3.3 Loss of mating proficiency correlates with loss of DNA binding 44
2.3.4 Altered DNA-binding and transcriptomes in hyperinvasive variants 47
2.3.5 Binding patterns of Stel2 variants in vitro 50
2.4 Discussion 52

Chapter 3. Expanding the binding specificity for RNA recognition by a PUF domain 55

3.1 Introduction 56
3.2 Materials and methods 60
3.3 Results 62
3.3.1 PUF variants with base-specific interactions identified with the yeast three-hybrid
system. 62
3.3.2 Targeted screening of candidate PUF variants. 70
3.3.3 Comparison of base-specific recognition patterns across the eight repeats. 75

3.4 Discussion 78



Chapter 4. Characterizing the temporal dynamics of gene expression in single cells with sci-

fate 79
4.1 Introduction 80
4.2 Material and Methods 82
4.3 Results 84

4.3.1 Joint profiling of the total and newly synthesized transcriptome in cortisol
response 84
4.3.2 TF module activity decomposes GR response, cell cycle, and other cellular processes

88

4.3.3 Inferring single cell transcriptional dynamics with sci-fate 95
4.3.4 Inferred single cell state transition links recapitulate expected dynamics 99
4.4 Discussion 102

Chapter 5. The future of high-throughput methods for profiling protein-DNA and protein-

RNA interactions. 106
5.11Is a complete DNA motif catalog feasible for transcription factors as well as their variants?

107
5.2 How can RNA recognition and the manipulation of RNA-related processes be optimized?
109

REFERENCES 111

Chapter 6. Appendices 131
APPENDIX A 131

Table 7.1 Oligonucleotides use in Chapter 2 131
APPENDIX B 132
Table 7.2 Oligonucleotides use in Chapter 3 132

VITA 134



ACKNOWLEDGEMENTS

This work presented in this dissertation would not have been possible without the contributions
and support from many people. I would like to thank the members of the Department of Genome
Sciences as well as the Molecular and Cellular Biology program for their help and support
throughout my graduate career.

I would like to thank my Ph.D. mentor, Stanley Fields, for being an amazing and outstanding
advisor for the past five years. It was through his guidance that I became the scientist that [ am
today. His enthusiasm for science and technology development, depth of knowledge and incredible
creativity have been my source of inspiration throughout my graduate school study. More
importantly, his encouragement has given me the confidence to pursue science and develop novel
techniques during the last five years. Also, I feel grateful to have joined the Fields lab and thank
all the members of our lab for their support in my graduate school study, and for being wonderful
colleagues and most importantly close friends. I thank Matt Rich, Ben Brandsen, Michael Dorrity,
Stephanie Zimmermann and Josh Cuperus for their guidance and suggestions in all of my projects.

I would like to thank my committee members, Jay Shendure, Judit Villen, Conrad Liles and
Christine Queitsch, for their generous support throughout my graduate research. I would like to
specifically thank my rotation mentor Daniel Melamed, who provided invaluable instruction from
experiment design to technique troubleshooting when I first entered the field.

And finally, I thank my parents and parents-in-law, who are the constant source of support in my
life and career, as well as my dear sister and brother, who support me all the time. Their love is
invaluable to me. I especially thank my husband Junyue Cao, who supports and shares every
breath, and every heart-beating moment of my life and whom I will always admire. As a scientist
himself, his enthusiasm for science and every novel idea lights up our everyday life. I also would
like to thank my brilliant son, Jayden Cao, and my lovely daughter, Sonia Cao, for motivating me
to be a great mother and for being prepared to make our future world a better place.



Chapter 1. Introduction

1.1 Massively assays for measuring TF-DNA interaction

Transcription factors (TFs) are one of the largest categories of DNA-binding proteins in the cell.
Almost 10% of the protein-coding genes in most organisms encode TFs. Generally, a TF
recognizes a short stretch of double-helical DNA of defined sequence and determines which of
thousands of genes in a cell will be transcribed. TFs can make a series of contacts with DNA.
While each individual contact is weak, many contacts are formed at the TF-DNA interface, such
that altogether they form highly specific and tight interactions. To increase the binding affinity and
specificity, some TFs form homodimers or heterodimers that can double the length of the cis-
regulatory sequence that is recognized. In this way, these TFs can be reused to generate distinct

DNA-binding modes or specificities.

1.1.1 TF-DNA interactions are key drivers of phenotypic variation

The discovery of cis-regulatory sequence by Jacob and Monod (1) initiated the debate over TF-
DNA interactions as key drivers of phenotypic variation. This contention has been supported by
many studies. Genome-wide association studies (GWAS) in multiple species have revealed that
the vast majority of significantly associated genetic variants are located in non-coding regions of
the genome (2-5). In addition, the majority of these non-coding GWAS single nucleotide
polymorphisms (SNPs) are located within DNAsel hypersensitive sites (DHS) sites, which reflects

the occupancy of DNA-binding proteins, including TFs (6). These types of evidence indicate that



GWAS loci may alter the binding of TFs and create variation in gene expression, driving

phenotypic variation, evolution and disease.

Genetic variation in either a TF or its cis-regulatory sequences can induce variation in TF-DNA
binding, gene exression and ultimately phenotypes. While recent studies have demonstrated the
importance of variation in both TFs and regulatory sequence (7-10), emphasis has focused more
on cis-regulatory variation; high-throughput in vitro assays for examining the binding of TFs to
DNA sequences that use protein-binding microarrays (7) or sequencing-based technologies (11—
13) are more amenable to testing large numbers of DNA sequences than large numbers of TF
variants. However, recent findings have highlighted the need to evaluate the TF-DNA binding

output of TF variants.

Human exome sequencing data have revealed abundant genetic variation in the coding sequences
of TFs (14,15). Recent studies have found most individuals contain unique repertoires of variant
factors (7). Compared to individual regulatory sequence variants, individual TF variants can exert
a far larger phenotypic impact by changing the expression of multiple downstream target genes.
Variation in the coding sequence of a TF may change DNA-binding affinity, specificity or both by
altering the factor’s structure of its oligomerization with itself or with cofactors. Although in vitro
studies and modeling can predict the effects of variation on transcription factor-DNA binding (7),
few in vivo studies connect altered TF binding to altered gene expression and whole-organism

phenotypes.



1.1.2 In vitro and in vivo technologies to measure TF-DNA interactions

The development of high-throughput in vitro DNA binding technologies has significantly
expanded TF motif catalogs. Protein-binding microarrays (PBM) (16) are one of the scalable
methods to identify sequence specificities of DNA-binding proteins. In a PBM experiment, a TF
of interest is purified and then applied to a DNA microarray. Non-specifically bound protein is
removed through washing, and a primary antibody specific to the TF is applied to detect a binding
signal. The dataset resulting from a PBM experiment is relatively quantitative since the signal
within each spot on the microarray indicates the strength of TF-protein interaction. The sequence
specificities of many yeast TFs, including Abfl, Rapl and Migl, have been identified through this

technology (17).

Another in vitro method is the systematic evolution of ligands by exponential enrichment (SELEX)
or high-throughput SELEX (13,18,19). In a typical SELEX experiment, a random pool of fixed-
length oligonucleotides is synthesized. A TF of interest can bind to a subset of the oligonucleotides
in the pool, which are retrieved and amplified. The new oligonucleotide pool is then used as the
sequences for the next cycle. After several cycles, the binding sites for a TF of interest will be
enriched. Recent studies have revealed that, in general, binding sites derived from both PBM and
HT-SELEX methods mostly agree (20). As the PBM dataset is relatively more quantitative, it
allows a better ranking of the binding of any k-mers, based on the signal detected in each spot of
microarray. On the other hand, HT-SELEX datasets were found to be better concordant with in

vivo binding profiles than PBM data. While PBM experiments are limited
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to k—mers with k < 8, owing to space constraints of the microarray (16),

HT-SELEX has the capacity to measure binding of longer k-mers (k>20).

Although these in vitro methods have enabled an expansion of TF motif catalogs, they have
technical limitations. For example, they mostly rely on purified DNA-binding domains of TFs, as
the full-length versions of the proteins are difficult to work with in terms of cloning and expression
(19). As many TFs do not bind DNA as single entities, but in cooperation with other cofactors, in
vitro methods may not be accurate enough to reveal their genome binding sites. For example,
~3000 TF pairs have been predicted to be routinely formed in cells (21), and these cooperative
pairs often show different binding sites preferences compared to their constituent individual TFs.
There have also been discrepancies observed between in vitro derived DNA binding sites and in
vivo DNA occupancy levels (22). Clearly, measuring binding events in the complex environment

of a cell is critical and can be complementary to these in vitro assays.

Hybrid assays are one type of in vivo characterization methods, typically performed in yeast (23—
25) or bacteria (26—28). The yeast two-hybrid system was developed to measure protein-protein
interaction (29) by the activation of a reporter gene. The same principle was carried over to
bacteria, with the activation of a reporter gene achieved through an interaction between RNA
polymerase and a DNA-binding domain. The system was then optimized to a bacterial-one-hybrid
(B1H) method to measure TF-DNA interaction (30). The binding motifs of DNA-binding domains,

including homeodomains (31) and C2H2 Zinc fingers (32), have been identified by this method.
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Other in vivo methods such as chromatin immunoprecipitation followed by high-throughput
sequencing (ChIP-seq) have been used successfully to assess chromatin binding on a global scale
(33-35). This approach requires the ability to express the TF of interest and chemically crosslink
chromatin and proteins. After the DNA is sheared into fragments, an antibody targeting the TF of
interest is used for immunoprecipitation, and the linked DNA is determined by high-throughput
sequencing (36). Another genomic scale method for profiling protein-DNA interaction is DamID-
seq (37), which relies on the expression of E. coli DNA adenine methyltransferase as a fusion
protein with a TF of interest. When the TF binds to chromatin, the methyltransferase is recruited
to the loci and deposits methyl groups on nearby GATC sequences. Genomic DNA is then digested
by Dpnl, a methylation sensitive restriction enzyme. In this way, methylated fragments are
amplified and sequenced. DamID-seq has been used to map chromatin-binding profiles for many
TFs with different physiological roles (38—40). While ChIP-seq and DamID-seq recover the actual
genomic sequences bound by TFs on a global scale, they are still relatively low-throughput by
requiring either a specific antibody that binds with high affinity to the protein, or a fusion of the

methyltransferase with an individual TF of interest.

1.1.3 The “calling card” approach to measure interactions between chromatin and TF variants

As discussed in section 1.1.1, variation in the coding sequence of a transcription factor may change
DNA-binding affinity, specificity or both. To evaluate TF-DNA binding variation, it is critical to
identify individually the genomic targets for each TF variant . However, the in vivo techniques (i.e.
ChIP-seq or DamID-seq) described in section 1.1.2 are relatively low-throughput for this purpose.

Here, in Chapter 2, I describe our strategy based on the “calling card” approach (41). In this
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method, a transposase is fused with a TF of interest. When the TF binds to chromatin, the fused
transposase will recruit the corresponding transposon and direct its insertion into the genome near
to where it binds. The original calling card approach used the yeast retrotransposon Ty5 system
(41). In this system, a TF of interest is fused to Sir4 and expressed in yeast cells. The fusion directs
the insertion of TyS5 into the genome near to where it binds. The same principle has been optimized
in mammalian cells (42), taking advantage of the high transposition efficiency of the PiggyBac

transposon system (43,44) in mammalian cells.

One potential advantage of this method is that it can be optimized to a more high throughput
approach. In this way, a “calling card” can be inserted into the genome such that it not only labels
a transcription factor “visit,” but also serves as the identification of which variant of the TF was
bound. This goal can be achieved by first matching each TF variant with a random barcode through
subassembly, and then putting the random barcode within the transposon region. When a TF
variant binds to genome, its fused transposase will drive the insertion of the paired barcode into
genome. Therefore, the inserted barcode can reveal both TF-DNA binding locations and TF variant

identity.

In Chapter 2, I describe a modified calling card approach with the PiggyBac transposon system to
identify genomic sites for TF variants in the yeast Saccharomyces cerevisiae. With a combination
of this PiggyBac-based calling card method and other technologies including RNA-seq and H7-
SELEX, I examined how six single amino acid variants in the DNA-binding domain of Stel2 - a
yeast transcription factor regulating mating and invasion - alter Stel2 genome binding, motif

recognition and gene expression to yield markedly different phenotypes.
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1.1.4 Stel2: a model TF to study the genetic basis of phenotypic diversity

Stel2, a key regulator of yeast pheromone response, was initially discovered in a collection of
haploid yeast mutants with mating defects (45). Stel2 is a yeast transcription factor of 688 amino
acids (46), with three functional domains, including an N-terminal DNA-binding domain, a central
transactivation domain and a C-terminal regulatory domain (47). In the mating process, peptide
pheromones bind to receptors on the cell surface and activate a signal transduction cascade that
include a set of protein kinases. The actions of these protein kinases relieve the negative regulatory
activity that the Digl and Dig2 proteins exert on Stel2, activating Stel2 to upregulate the
expression of many genes involved in mating (48). Depending on the yeast cell type, the genes
induced by pheromone-activated Stel2 can be classified into three distinct sets: a-specific genes
(expressed only in a cells), a-specific genes (expressed only in a cells), and haploid-specific genes
(expressed in both a and a-cells). Both a-specific and haploid-specific genes are regulated through
binding of Stel2 to a sequence known as the pheromone response element (PRE). In a-specific
genes such as MFal and MFa2, Stel2 binds to the PRE in the upstream sequence cooperatively
with a general transcriptional regulator Mcm1 (49), while in haploid-specific genes such as FUS],
expression is thought to be solely dependent on Stel12 binding (36). By comparison, the regulation
of a-specific genes, such as MFal, is carried out through a complex including Stel2, Mcm1 and

al. In this case, the PRE is not required for Stel2 activity (50).

Under conditions of nutrient limitation, some yeast strains undergo differentiation into elongated

filamentous forms as a mechanism to enable foraging for nutrients. In collaboration with the
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transcription factor Tecl, Stel2 is also an important regulator in the filamentous growth response.
The Stel12/Tecl complex binds cooperatively to the filamentation response element (FRE), which
consists of closely spaced binding sites for Ste12 and Tecl, to activate filamentous response genes
required for cell elongation and flocculation (51). Other filamentous genes, such as FLO/I and
CWPI, contain only a Tecl binding site in their promoter regions, and can be activated by Tecl

in a Stel2-independent mechanism (52).

As described above, yeast mating and invasion pathways converge on the highly conserved fungal
transcription factor Stel2, which interacts differentially with cofactors to activate either mating or
invasion. Dorrity ef al. (53) previously showed that single amino acid changes in a region of the
Ste12 DNA-binding domain can shift the trait preference of yeast cells toward either mating or
invasion, and that at least in some cases these changes result in altered in vitro DNA binding
preferences of the Stel2 variants. Therefore, in Chapter 2, I use Stel2 as a model transcription
factor to study the genetic basis of phenotypic diversity. I describe experiments to generate in vivo
genome-binding profiles and expression profiles of wild-type Stel2 and six Stel2 variants that
alter the mating or invasion phenotype. By integrating binding and expression data, we conclude
that while subtle changes in the coding region of a transcription factor can result in a large
reconfiguration of expression, the major determinants of organismal phenotype are the changes in

the expression of a small, related set of genes.

1.1.5 Role of the trimerization domain of heat shock transcription factor 1 (Hsfl)
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The heat shock transcription factor (Hsfl) is the central regulator of heat shock-inducible gene
expression and the cytoplasmic unfolded protein response in eukaryotes. It has two highly
conserved domains: a DNA binding domain and an oligomerization domain (54). The widely
presented model is that Hsf1 exists as an inactive monomer under non-stress conditions. Upon heat
shock stress, the monomers trimerize and activate heat shock target genes. In addition to its well-
studied role in inducing rapid gene expression in response to heat stress, Hsfl has basal functions.
For example, it promotes development and fertility in mice (55,56) and serves as an essential gene
in many model organisms, including C. elegans, D. melanogaster, S. pombe and S. cerevisiae
(57,58). However, the transcriptional programs mediated by Hsfl appear to be different in stress
and non-stress conditions (59). We are interested in understanding the structure of active Hsfl and

its role in differentiation between transcriptional programs in stress and basal conditions.

The high conservation of the Hsf1 oligomerization domain emphasizes its functional importance.
The domain affects many aspects of Hsfl activation, including its trimerization (60),
intramolecular interactions (61), post-translational modification (62,63) and protein-protein
interactions (64,65). Analysis of the oligomerization domain can furthermore inform our

understanding of the mechanism by which Hsfl senses and responds to stress.

There are many levels to Hsfl regulation, both dependent on and independent from the cellular
context. The importance of the cellular environment is illustrated by the fact that human Hsf1, for
which 37°C is natively basal temperature, responds to 37°C as a heat stress when expressed in
Drosophila or Xenopus (66,67). However, some level of temperature-sensing regulation occurs
within the Hsfl molecule itself. For example, Hsf1 is capable of induced DNA binding with heat
shock in vitro, and purified monomer Hsfl trimerizes with heat shock (68). To deepen our

understanding of the role of the oligomerization domain in temperature discrimination, Michael
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Dorrity and Elizabeth Morton carried out a deep mutational scan of a region of the oligomerization
domain of S. cerevisiae Hsfl. They obtained the comparative fitness phenotypes of these Hsfl
variants at both basal and heat stress growth temperatures. Through additional RNA-sequencing
analysis and the PiggyBac-based calling card method described in section 1.1.3, we elucidated the
physiological link between Hsfl mutations and their observed phenotype and demonstrated that

point mutations in this domain can confer temperature-specific phenotypes.

1.2 High-throughput analysis of protein-RNA interactions

RNA-binding proteins can bind to specific sequences in mRNA and determine how long each
mRNA will persist in the cell and be able to produce proteins, providing critical post-translational
control of gene expression. They can thus be a useful platform for researchers to engineer protein-
based RNA targeting systems, which offer unique opportunities to monitor gene expression and
cellular function. In the following sections, I will first describe current efforts to engineering RNA
targeting systems, and then specifically focus on engineering of an RNA-binding domain known

as the PUF domain.

1.2.1 RNA targeting technologies

Significant progress has been made in the redesign of modular DNA-binding proteins in the past
two decades (69,70). These systems include highly modular transcription activator-like (TAL)
effectors (71,72), somewhat modular zinc finger proteins (73,74), as well as non-modular DNA-

binding proteins or enzymes such as recombinases and restriction endonucleases (75-78). This



17

success has encouraged researchers to engineer protein-based RNA targeting systems (79,80), as
RNA is involved in a more diverse range of biological function compared to DNA. In addition,
manipulation of RNAs is usually transient and does not cause irreversible changes in the genome.
The key to this engineering is the construction of an RNA-binding scaffold with the desired RNA-
binding specificity, enabling specific recognition of an RNA with limited off-target effects. In the
past decade, many studies have been conducted to uncover the specific binding code between
RNA-binding domains (RBDs) and RNA at a molecular level. I will discuss three major classes

of RBDs in the following sections.

The RNA recognition motif (RRM), the most abundant RBD in vertebrates, can recognize single-
stranded RNA (ssRNA) in a sequence-specific fashion (81). A typical RRM consists of 80-90
amino acids, with its most conserved region commonly being two short stretches that are critical
to interacting with RNA (82). The general rule for how different RRMs interact with RNA is
largely unclear, restricting its potential application as an RNA-binding platform. However, as
many RRM structures have been solved both in their free form or in their RNA-bound form (83),
it has still been possible to engineer its specificity for certain RNA sequences. The KH domain is
another abundant structure in vertebrates that binds to a 4-mer RNA sequence. These domains are
often found in multiple copies, as an individual domain binds RNA with low affinity. Similar to

the RRM, the RNA recognition specificity of the KH domain is still largely unknown (84).

Some RBDs contain tandem repeats that make a suitable surface for RNA interactions (85). These
mostly include the PPR and PUF superfamilies. The PPR superfamily is found in most eukaryotes
and involved in diverse roles, such as RNA editing, mRNA maturation or organelle biogenesis

(86—88). PPR proteins bind to RNA in a parallel orientation. The amino acid in position 5 can
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distinguish purines from pyrimidines while the amino acid in position 35 can distinguish between
C/A and G/U (89-91). A code for base-specific recognition by PPR has been reported (92,93).
However, as some structural evidence suggests two PPR domains commonly form a dimeric
interface for RNA binding (92-94), it remains an open question whether the non-modular binding
mode between PPR domains and RNA may affect the engineering of its specificity. The PUF
superfamily is another RBD with tandem repeats. It functions to regulate mRNA stability by
binding to the 3’ untranslated region (3’UTR) of its target (95-97). The current efforts to engineer

the PUF superfamily will be discussed in detail in section 1.2.2.

Other RNA targeting systems, such as the Cas13 family, have recently been engineered to bind
and cleave RNA (98-100). Cas13 systems so far are the only prokaryotic CRISPR-Cas immune
systems that target RNA molecules and are regarded as promising tools for RNA detection and
manipulation (100). Similar to the Cas9 system, the RNase activities of the Cas 13-crRNA effector
complex are triggered by target RNA binding (101). The activated complex cleaves both crRNA-
bound target RNA, as well as nearby non-target RNA molecules. It was hypothesized that this
collateral activity might be part of a programmed cell death pathway in bacteria; however, it has
not been found in the mammalian system. The Casl3 system has been applied to transcript
localization, knockdown or RNA editing (102,103), However, its base-pairing requirements for

stable RNA association, as well as its potential off-target effects, are still under investigation.

1.2.2 PUF superfamily: an attractive scaffold for RNA targeting
PUF proteins, named for PUM (pumilio) and FBF (fem-3 binding factor), are RNA-binding

proteins involved in regulating embryogenesis and development in most eukaryotes, including
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flies, worms and yeast (104). In Drosophila melanogaster, a PUF protein acts to repress translation
of maternal hunchback mRNA in the posterior half of Drosophila embryo and hence permit its
abdominal development (105). In worms, the PUF proteins FBF-1 and FBF-2 bind the 3° UTR of
the fem-3 mRNA and repress its expression in order to mediate the sperm/oocyte switch in
hermaphrodites (106). In yeasts, PUF protein can mediate mRNA degradation through binding to

transcripts such as COX17 or HO (107,108).

Classical PUF proteins contain a conserved RNA-binding domain, known as the Pumilio
homology domain, that is generally composed of eight 36-amino-acid repeats. Each repeat displays
three amino acid residues, known as the tripartite recognition motif (TRM), on the concave surface
of the protein. Generally, an eight-base RNA sequence is bound as an extended strand to the
concave surface. X-ray structural analysis of the complex indicates that the recognition is highly
modular, as each repeat binds to a single RNA base (109). The length of bound RNA sequences is
variable across species. For example, PUMI, the prototypical PUF protein found in humans,
recognizes an 8-base RNA sequence 5’-UGUANAUA-3" (N indicates any nucleotide). In
comparison, the yeast PUF protein Puf3 binds an 8-base RNA sequence 5’-UGUAHAUA-3’ (H

indicates A/C/U) and Puf4 binds a 9-base RNA sequence 5’-UGUAHAHUA-3" (110-112).

From a structure point of review, Wang et al. (113) revealed that the pumilio homology domain
from the human Pumiliol protein has eight copies of a single structural motif that pack together to
form a right-handed superhelix, which can create a continuous hydrophobic core. The outer face
of the domain binds with other proteins while the inner face of the domain binds RNA (113). A

TRM combination in a typical repeat is comprised of three amino acid residues. Two residues at
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position 12 and 16 contact the edge of the RNA base via hydrogen bonding, and a third residue at

position 13 is sandwiched between two RNA bases to form stacking interactions.

The identities of the residues in a TRM combination play a key role in RNA-binding specificity
(109,114,115). For example, cysteine and glutamine bind adenine, asparagine and glutamine bind
uracil, and serine and glutamate bind guanine. Previous work has used this domain as a scaffold
to engineer RNA-binding proteins with designed sequence specificity. Cheone et al. (115) created
seven soluble mutant PUF proteins and measured their RNA recognition specificity through direct
binding assays. They achieved guanine to uracil specificity through mutating the TRM
combination SNE to NNQ (here, in XXX format, left to right indicates positions 12, 13, and 16).
Similarly, they achieved adenine to guanine specificity through mutating SRQ/CRQ to SRE.
Adenine to uracil specificity was achieved through mutating CRQ to NRQ. They also showed that
by introducing two sets of mutations in PUF proteins, the mutant protein can bind to RNA
sequences with two base changes (115). Ozawa et al. (79) introduced more than two sets of
mutations into PUF proteins and created mutant proteins that recognize transcripts 4-nt different
from the wild-type sequences (from 5’-UGUANAUA-3’ to 5’-UGAUGGUU-3"). With the
engineered RNA-binding protein as a probe, they localized mitochondrial RNA and visualized its

dynamics in single living cells (79).

While the modular code for A/G/U-specific recognition has been identified in different PUF
repeats, there is no code that specifically binds cytosine in any natural PUF protein. In 2011, two
groups independently identified a code for cytosine binding. Dong ef al. (116) generated a library

with randomized residues in position 12 and 16 from repeat 6 of the Pumilio 1 PUF domain and
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screened for their interaction with RNA using a yeast three-hybrid system. They found SYR as the
TRM combination in a PUF mutant that specifically binds cytosine (116). While the code was
detected using repeat 6, they found that the cytosine-recognition code could be transferred to other
PUF repeats, although its specificity varied across repeats (116). In addition, they designed PUF
mutants that can bind to multiple cytosines or sequences with multiple (CUG) repeats,
demonstrating the potential to generate novel RNA-binding scaffolds that can be used for
therapeutic applications. Independently, in 2011, Filipovska et al. (117) reported the identification
of a set of cytosine-specific RNA recognition codes as well. They synthesized a library based on
the PUM1 PUF domain and randomized the amino acid in positions 12 and 16 of repeat 6. Five
PUF variants with an arginine at position 16, and an amino acid with a small or nucleophilic side
chain (glycine, alanine, serine, threonine or cysteine) at position 12 were found to have cytosine-
specific recognition. Moreover, they showed that the identified code has general applicability and

can selectively bind cytosine at all eight positions (117).

Other groups have used an unbiased high-throughput-sequencing method that represents
biochemical affinity in vitro (118). Campbell et al. (119) determined the specificities of 25 natural
and engineered PUF variants in binding reactions with a library that included large numbers of
RNA sequences. They introduced mutations into repeat 7 of the C. elegans PUF protein FBF-2 as
a scaffold and examined the specificity of each variant based on a combination of in vitro selection
and high-throughput sequencing of RNA (119). They found polar residues in position 12 and 16
can change specificity. For example, a change from 7YR to AYR can result in altered specificity
from guanine to uracil. In addition, while the stacking residue in position 13 does not make

hydrogen-bonding interactions, the position can potentially have profound influence on specificity
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as well. For example, a change from TRQ to TW(Q changed specificity from uracil to adenine.
Other examples include: uracil specificity for CYR versus adenine specificity for CRR and guanine

specificity for CNE versus adenine preference for CYE.

Based on the data they described, for guanine and uracil recognition, the optimal TRMs follow the
natural PUF code (G-code: SHE for C. elegans FBF-2 and SNE for human PUM1; U-code: NxQ
with x denoting 7/H/F/Y). For adenine recognition, the data indicate a more complex picture with
CFQ being an adenine-specific code that behaved better than any natural A-binding TRMs. They
also found that the previously identified cytosine-recognition code for PUM1 (117) could not be
transferred to repeat 7 of FBF-2, used in their study (120). In addition, they demonstrated the de
novo TRM codes can be broadly applied to different scaffolds and repeats, using the yeast three

hybrid-system as validation (119).

While the studies discussed above provide a valuable resource for PUF engineering, we still lack
a set of recognition codes that can specify all four RNA bases in any position. In Chapter 3, I
describe experiments to score the binding activities of PUF variants of the TRM combination for
each of the eight repeats of a PUF domain. I tested these variants for their ability to bind to each
of the four possible RNA bases, using a combination of the yeast three-hybrid system with next
generation sequencing technology. I carried out both randomized and targeted screens for a large
number of PUF variants and identified many variants with highly specific interactions. I compared
the base-specific recognition patterns across the eight repeats and found many highly specific PUF
variants do not act as generic codes across all repeat locations. The dataset described allows me to

propose a complete code for a random 8-mer RNA by swapping only the three key residues at the
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contacting positions in a PUF domain. Additionally, the results highlight critical rules for PUF

engineering.

1.3 Analyzing the temporal dynamics of gene expression in single cells

Gene expression programs are dynamics and a cell can control when and how often a given gene
is transcribed, depending on its cell cycle, response to stimuli or differentiation process. Single
cell genomics, together with pseudotime ordering techniques, has been widely applied to
reconstructing cell state dynamics. The initial pseudotime analysis has recovered the development
path for myoblast development (121) and similar strategies have been applied to other in vitro cell
differentiation processes, including mesodermal lineage cell differentiation and human definitive
endoderm cells differentiation (122—124). With the development of higher-throughput single cell
techniques, as well as more advanced cell ordering techniques (125-127), the cell state dynamics

of all major cellular lineages during in vivo development has been well characterized (128—130).

Despite the enormous power of single cell genomics in characterizing cell state transition,
however, almost all current single cell genomic approaches capture only a “snapshot” of cell state.
For example, most techniques profile gene expression at the moment of fixation or cell lysis.
Although time-lapse microscopy is a distinct technology that overcomes some of the limitations,
it is limited in throughput and scope. For instance, it allows only visualization of a few marker
genes in a few cells and is insufficient to decipher the dynamics of cells in a transcriptome level.
In Chapter 4, I describe a novel technique, sci-fate, to measure the dynamics of gene expression in

single cells at the level of the whole transcriptome. Through combining 4sU labeling of newly
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synthesized mRNA (131) with single cell combinatorial indexing RNA-seq (sci-RNA-seq)(132),
we concurrently profile the whole and newly synthesized transcriptome in each of many single
cells. We furthermore use the dataset described to develop a framework for inferring the
distribution of cell state transitions. We anticipate sci-fate will be broadly applicable to

quantitatively characterize transcriptional dynamics in diverse systems.
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Chapter 2. Binding and regulation of transcription by yeast Stel2 variants

to drive mating and invasion phenotypes

Genetic variation in either a transcription factor or the cis-regulatory sequences to which it binds
creates variation in gene expression, driving phenotypic variation, evolution and disease. Emphasis
has focused on cis-regulatory variation and its effect on gene expression, however, recent findings
have highlighted the need to evaluate the functional consequences of transcription factor coding
variants. Despite their high conservation overall, the coding sequences of human transcription
factors show abundant genetic variation, suggesting that most individuals contain unique
repertoires of variant factors. Compared to individual regulatory sequence variants, individual
transcription factor variants can exert a far larger phenotypic impact by changing the expression
of multiple downstream target genes. Variation in the coding sequence of a transcription factor
may change DNA-binding affinity, specificity or both by altering the factor’s structure or its
oligomerization with itself or with cofactors. Here, we took advantage of Saccharomyces
cerevisiae and its well-characterized mating and invasion pathways in an effort to explain how
transcription factor variants alter motif recognition and gene expression, and ultimately organismal
phenotypes.Using a combination of the calling card method, RNA sequencing and SELEX, we
find that variants with dissimilar binding and expression profiles can converge onto similar cellular
behaviors. Mating-defective variants down-regulated distinct subsets of genes necessary for
mating. Hyper-invasive variants also down-regulated distinct subsets of genes involved in the
mating process, but up-regulated others associated with the cellular response to osmotic stress,
including ones induced by this stress. While single amino acid changes in the coding region of this

transcription factor result in complex regulatory rewiring, the major phenotypic consequences for
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the cell appear to depend on changes in the expression of a small number of genes with related

functions.

Contributions Wei Zhou and Stanley Fields developed these ideas. Wei Zhou performed all
experiments, with the exception of experiments from Michael Dorrity using HT-SELEX. Wei
Zhou and Kerry Bubb performed computational analysis, with suggestions from Michael Dorrity
and Christine Queitsch. Wei Zhou, Stanley Fields, and Christine Queitsch wrote the manuscript.
We thank Robi Mitra for providing original plasmids and thank Josh Cuperus for comments on

the manuscript. The work has been published (Genetics 214: 397-407 (2020)).

2.1 Introduction

The binding of transcription factors to cis-regulatory sequence motifs controls the expression of
target genes. Genetic variation in either a transcription factor or the cis-regulatory sequences to
which it binds creates variation in gene expression, driving phenotypic variation, evolution and
disease. Emphasis has focused on cis-regulatory variation and its effect on gene expression for
multiple reasons. First, regulatory variation likely played a large role in evolution because it
resulted in less severe pleiotropic effects on whole organism phenotype, allowing for subtle cell
or tissue changes rather than interfering with overall body plan (133). Second, many trait-
associated variants in human genome-wide association studies reside in or near regulatory DNA
(4), with single nucleotide changes in a transcription factor binding site capable of altering factor
occupancy and resulting gene expression (134—136). Third, high-throughput in vitro assays for

examining the binding of transcription factors to DNA sequences, using protein-binding
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microarrays (137) or sequencing-based technologies (11,12,138,139), are more amenable to

testing large numbers of DNA sequences than large numbers of transcription factor variants.

Recent findings, however, have highlighted the need to evaluate the functional consequences of
transcription factor coding variants. Despite their high conservation overall, the coding sequences
of human transcription factors show abundant genetic variation, suggesting that most individuals
contain unique repertoires of variant factors (7). Compared to individual regulatory sequence
variants, individual transcription factor variants can exert a far larger phenotypic impact by
changing the expression of multiple downstream target genes. Variation in the coding sequence of
a transcription factor may change DNA-binding affinity, specificity or both by altering the factor’s
structure or its oligomerization with itself or with cofactors. Although in vitro studies and modeling
can predict the effects of variation on transcription factor-DNA binding (7), few in vivo studies
connect altered transcription factor binding to altered gene expression and whole-organism

phenotypes.

Here, we took advantage of Saccharomyces cerevisiae and its well-characterized mating and
invasion pathways in an effort to explain how transcription factor variants alter motif recognition
and gene expression, and ultimately organismal phenotypes. Yeast mating and invasion pathways
converge on the highly conserved fungal transcription factor Stel12, which interacts differentially
with cofactors to activate either mating or invasion. In yeast mating, Stel2 binds at mating
pheromone-responsive genes as a homodimer (140) or with the cofactors Mcm1 (141) or Matal
(50). The Stel12 DNA-binding site is the pheromone response element (PRE), whose consensus

sequence is TGAAACA. In invasion, which is triggered by increased temperature and lack of
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nutrients, Stel2 and its cofactor Tecl are both required to activate target genes, some of which
contain a Stel2 binding site near the Tecl consensus sequence (GAATGT), forming the

filamentation response element (FRE) (142).

We have previously shown that single amino acid changes in a region of the Ste12 DNA-binding
domain can shift the trait preference of yeast cells toward either mating or invasion, and that at
least in some cases these changes result in altered in vitro DNA-binding preferences of the Stel2
variant (53). To interrogate how these in vitro preferences translate into markedly different
organismal phenotypes, we generated in vivo genome-binding profiles and expression profiles of
wild type Stel2 and six Stel2 variants previously shown to alter mating or invasion phenotypes.
We used the “calling card” method (143) to identify genomic sites bound in vivo for each variant.
Although each variant binds a set of genomic sites with high reproducibility, there is a
comparatively low degree of overlap between the genome-wide profiles of Stel2 variants, even
among variants with shared mating and invasion phenotypes. Nevertheless, we find examples of
specific changes in binding sites and expression that likely contribute to the observed phenotypes.
By integrating binding and expression data, we conclude that while subtle changes in the coding
region of this transcription factor can result in large regulatory rewiring, the major determinants

of organismal phenotype are the changes in the expression of a small, related set of genes.

2.2 Materials and Methods

Primers and other oligonucleotides. A list of oligonucleotides can be found in Table 7.1.
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Construction of a deleted STE12 strain. We generated yeast strains in the BY4705 MATuo
background whose copy of the STE2 gene was deleted by site-specific genomic deletion (144).
In the first step, yeast was transformed with a PCR fragment that contained the URA3 gene flanked
at each end with 40 bp of sequence corresponding to the flanking sequences of the STE/2 ORF.
The STE12 ORF was replaced with URA3 by selecting for transformants in Ura- medium. In the
second step, a PCR fragment was amplified that contains sequence flanking both sides of the
deleted ORF, and this fragment was transformed into the strain generated in step 1 by selecting for
loss of URA3 on 5-fluoroorotic acid (5-FOA) medium. While STE/2 deletion resulted in
completely sterile strains that were complemented by a plasmid-borne wild type STE2 gene, we
did not confirm that the URA3 gene was fully deleted. Thus, in the following Ste12 Variant RNA-

seq, we carried out differentially expressed gene analysis after filtering out URA3.

STE12 Variant RNA-Seq. The STE/2 locus from S. cerevisiae strain BY4705, including the
intergenic regions, was introduced into the yeast vector pRS415 containing a LEU2 marker (145).
Individual point mutations were generated in wild type STEI2 plasmids by site-directed
mutagenesis (Q5; New England Biolabs). Plasmids were transformed into yeast (BY4705 MATao)
with a deleted endogenous copy of STE 2 by high-efficiency lithium acetate transformation (146).
Cells were grown into exponential phase (5 replicates). RNA was extracted using acid phenol
extraction, as previously described (147). Total cDNA was generated using anchored oligo-dT
primer and SuperScript IV (Life Technologies) (132). Second strand synthesis was carried out at
16°C for 180 min with NEBnext Second Strand Synthesis module (NEB). cDNA was tagmented
with a Nextera tagmentation kit (Illumina) at 55°C for 5 min. The reaction was stopped by adding

1x DNA binding buffer (Zymo) and incubating at room temperature for 5 min. Each well was then
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purified using 1.5x AMPure XP beads (Beckman Coulter), eluted in 16 puL of buffer EB (Qiagen).
Each sample was then mixed with 2uL of 10 uM indexed P5 and P7 primers and 20 pL. NEBNext
High-Fidelity 2X PCR Master Mix (NEB). Amplification was carried out using the following
program: 72°C for 5 min, 98°C for 30 sec, 10 cycles of (98°C for 10 sec, 66°C for 30 sec, 72°C
for 1 min) and a final 72°C for 5 min. The library was purified with 0.8x AMPure XP beads

(Beckman Coulter) and prepared for sequencing using [llumina Nextseq.

Construction of plasmids for a PiggyBac-based transposon-based calling card method. A
donor plasmid carrying the PiggyBac transposon and an SP1-PBase helper plasmid were obtained
from Robi Mitra (Washington University in St. Louis). To use G418 and 5-FOA selection in yeast,
a KanMX gene was inserted into the transposon region. We added an 8 bp (NNNNNNNN) unique
molecular identifier (UMI) sequence to the transposon region of each copy of the donor plasmid
in order to quantify unique insertion events per cell. For the helper plasmid, we replaced SP1 with
wild type and variant full length STE/2 fragment and fused it with the PiggyBac transposase to
encode the Ste12-PBase, whose expression is under the control of the galactose-inducible GAL 1
promoter. Gibson assembly products were introduced into Escherichia coli and the plasmid was

isolated. Constructs were confirmed by Sanger sequencing.

Transformation of cells and transposition of PiggyBac. Plasmids used for transformation were
prepared using the Plasmid miniprep kit (Qiagen) following the manufacturer’s protocol. Paired
donor plasmid and helper plasmid were transformed into yeast (BY4705 MATa) by high-efficiency
lithium acetate transformation (146). After transformation, cells were collected and put on the

induction plates with galactose. Cells were induced for 5 days to express the Stel2-PBase. Cells
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were then collected, diluted back to ODgpp=0.45, and cultured in rich medium for 6 hours recovery
(to ODgoo==~1.6). Cells were put onto selection plates with 5-FOA and G418 at varying dilutions

and it takes around 2-3 days.

Inverse PCR. Cells were collected from selection plates and genomic DNA was extracted from
each sample using the Smash and Grab method as described (148). Each DNA sample was divided
into two 20-pg aliquots and digested by 7agl and Rsal (NEB) individually. Digested products were
purified by DNA purification column (Zymo Research) and ligated overnight at 15°C in dilute
solution to encourage self-ligation. Self-ligated DNA was purified by DNA purification column
(Zymo Research) and used as template in an inverse PCR. Primers that anneal to the PiggyBac
donor sequences (primer 316: GATGTCCTAAATGCACAGCGAC and primer 317:
GAGGCGTGCTTGTCAATGC) were used to amplify the genomic regions flanking the
transposon, and then adaptor sequences that allow the PCR products to be sequenced on Illumina
sequencing platforms were added by primer 367
(AATGATACGGCGACCACCGAGATCTACACCTCCATCGAGACACTCTTTCCCTACAC
GACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC) and 377
(CAAGCAGAAGACGGCATACGAGATTGCTTGTCAATGCGGTAAG). The PCR products
were purified using a DNA purification column (Zymo Research). For each sample, the same
amount of PCR product from digestion with each restriction endonuclease was pooled and

submitted for Illumina sequencing.

Processing of PiggyBac transposon-based calling card data.Sequencing was completed on

[llumina’s NextSeq platforms. The raw data included all fastq files from the PiggyBac transposase-
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only control, wild type Stel2 and the six variants. Each sample had two replicates. In readl, the
first segment is the universal primer sequence:
CGTCAATTTTACGCAGACTATCTTTCTAGGG followed by the flanking genome sequence of
39 bp. The first 8 bp of read2 is the UMI sequence used to identify unique insertion events. We
first filtered sequence reads with high quality and mapped them back to the yeast genome. Then
we quantified independent PiggyBac insertions based on the UMIs detected in each sample.
Finally, we called significant PiggyBac insertion peaks by MACS2, a peak-calling algorithm
(149). Target genes were then assigned to insertion peaks that were within 1000 bp 5" or 200 bp 3’

of the transcription start site for that gene (150).

Motif analysis for PiggyBac transposon-based calling card data. Insertions with counts above
the 85th percentile were identified as “high count insertions.” We identified 300 bp windows
around each high count insertion, and then merged the windows (bedops -m) to generate high
insertion count sites for each replicate. We extracted the sequence from these windows and
attempted to identify de novo motifs using MEME (151). We also scanned these sequences for a
set of known yeast motifs (152) using fimo (153). We tallied the coincidence of known motifs,
normalizing by the number of merged high insertion count windows. We used DESeq?2 (154) to
identify motif pairs that appeared at different frequencies in the variants, taking advantage of the
replicate data. We identified 529 pairs with logl0 (mean motif-pair count across transcription

factor variants) greater than one and dispersion levels greater than expected for that mean.

HT-SELEX. We purified fragments of Stel12(1-215) expressed from pGEX-4T-2 vectors. These

protein fragments have been used previously (53) and are sufficient for binding in vitro. Fragments
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of wild type and variant Stel2 proteins were purified using a GST tag and used for HT-SELEX.
SELEX reactions with homogenous and mixed protein populations were performed identically to
previous work (155). Briefly, a 50 puL reaction containing purified Ste12 (1:25 molar ratio with
DNA), 200 ng nonspecific competitor double-stranded nucleic acid poly (dI/dC), and 100 ng
selection ligand (36N) were incubated in binding buffer [140 mM KCI, 5 mM NaCl, 1 mM
K2HPO4, 2 mM MgS04, 20 mM Hepes (pH 7.05), 100 uM EGTA, 1 uM ZnSO4] for 2 h. GST
Sepharose (GE) beads were added to each reaction, incubated for 30 min, and unbound ligand was
removed using seven buffer washes. Output reactions were amplified by PCR after each round,
and these products were subsequently used to prepare high-throughput sequencing libraries.
SELEX motif enrichments were analyzed using Autoseed software (155). The pool of binding-
selected output sequences was compared against a fully random input sequence pool to identify

enriched motif sequences.

Motif analysis for HT-SELEX data. All possible 10mers were computed among the bound
sequences observed in round five of SELEX for each Stel2 variant, a pool that should contain an
enrichment of bound sequences. The 10mer counts for all output sequences were then normalized
to the counts of each of those 10mers in the random oligo pool used as the input ligand for HT-
SELEX. For each variant, the top enriched sequences were determined as those whose 10mer
enrichment was three standard deviations above the mean enrichment of all 10mers. Weblogos
were generated using the MEME Suite by searching for enriched motifs among these highly

enriched 10mer sequences for each variant.
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High-throughput sequencing reads, along with datasets showing calculated insertion scores for
each variant (two replicates) and transcriptome data (five replicates) have been submitted to Gene

Expression Omnibus( GEO) under accession number: GSE141713.

2.3 Results

2.3.1 A PiggyBac based calling card identifies binding sites of Stel2 and Stel2 variants.

We previously conducted a deep mutational scan of a segment of the Ste12 DNA-binding domain
and subjected yeast cells carrying a library of these variant Stel2 proteins to selection for either
mating or invasion (53). For the mating selection, MATa cells with STE]2 variants were mixed
with MATo cells and selected using auxotrophic markers that would be present only in mated
diploids. For the invasion selection, the yeast were incubated on plates until invasion had occurred
and then washed from the plate surface, such that only cells embedded in the agar should remain.
We identified Stel2 variants with single amino acid changes in the DNA-binding domain that
altered the preference of yeast cells in their mating or invasion trait. To determine how the genomic
targets of Ste12 might differ depending on these amino acid changes, we chose six Stel2 variants
with altered mating or invasion phenotype (Figure 2.1). We included three variants that cause
reduced mating, one of which leads to wild type invasion (A160P) and two to hyper-invasiveness
(K152L and K146D). We included three other variants that mate like wild type, two of which are

hyper-invasive (K150A and K150I) and one defective for invasion (S158H).
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Figure 2.1. Mating and invasion phenotypes of selected Stel2 variants (53); the x-axis shows the
mating or invasion score based on high-through trait selection assay; the y-axis shows six variants;
error bar indicates SE of replicates; variants with different phenotypes are annotated by different

colors.

We used the transposon-based “calling card” method (143) to identify the binding sites of these
variants in vivo and genome-wide. This method fuses a transcription factor to a transposase such
that the transcription factor directs transposon insertion into the genome at a TTAA site nearby to
where it is bound. Following the transposition events, genomic sites that were used for
transposition are amplified and characterized by high throughput DNA sequencing (150). We
designed two plasmids for use of this method in yeast with the PiggyBac transposon (Figure 2.2).
First, we constructed a donor plasmid that carries the PiggyBac transposon containing a G418
resistance marker (KanMX) and a URA3 marker. We quantified unique insertion events per cell

using a random 8 bp unique molecular identifier (UMI) sequence in the transposon region of each
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copy of the donor plasmid. Second, we constructed a helper plasmid that encodes a fusion of the
full-length Stel2 protein to the PiggyBac transposase (Stel2-PBase), whose expression is under
the control of the galactose-inducible GALI promoter. We co-transformed both of these plasmids
into the MATo STE™ BY4705 strain (156). This mating-competent strain was used because the
Ste12-PBase acts dominantly in transposition and would be induced in cells that have an intact

mating regulatory program.
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Figure 2.2. A PiggyBac transposon-based calling card method identifies genome-wide binding
profiles for wild type Stel2 and its six variants.Workflow with key steps are illustrated in the

figure.

We induced the Stel2-PBase, which results in the insertion of the transposon near sites bound by
a variant Stel2 protein and the conversion of cells with these insertions to G418 resistance. We
then measured the chromosomal acquisition of the transposon-borne KanMX marker in cells that
had lost the donor plasmid. The cells were identified by selection in media with G418, which
requires the KanMX marker, and with 5-fluoroorotoic acid (5-FOA), which is toxic for cells that

have Ura3 activity (157). We found that the transposition efficiency of PiggyBac in yeast is ~10%
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(Figure 2.3). To reveal the genomic DNA sequences flanking the end of the transposon, we isolated
genomic DNA from colonies grown in 5-FOA and G418, cleaved it with 7agl or Rsal, and re-
circularized the resulting fragments through ligation in dilute solution. We carried out inverse PCR
to amplify fragments containing the end of the PiggyBac transposon, and sequenced the PCR

product (see Materials and Methods).

Gained Lost plasmid Transposon

Total cells w/ transposon in genome

SC+G418 SC+5FOA SC+5FOA+G418

Figure 2.3. Transposition efficiency for a PiggyBac transposon-based calling card method.
Transposition efficiency is calculated as the number of cells that survive the selection medium
(SC+5FOA+G418) divided by the total number of cells plated on rich medium(SC). Two dilutions

are shown.

For wild type Stel2, we obtained a total of 327 significant insertion peaks throughout the genome
(Figure 2.4). A 7-mer analysis of the region 100 bp around each insertion found that highly
enriched 7-mers include the common sequence TGAAAC (Figure 2.5), indicating that the Stel2-
PBase fusion protein most frequently deposited the transposon near canonical Stel2 binding sites,

as previously shown with the calling card method (143). Nearly half (49.2%) of the insertions had



38

such a canonical site within 200 bp (Figure 2.6), which is comparable to the detection resolution

from the ChIP-seq method (158). By assigning the insertion peaks to nearby genes (see Methods),

we obtained a total of 264 gene targets. GO analysis revealed that these genes are most enriched

(FDR<0.001) for cell fusion or pheromone response pathway (Figure 2.7). Thus, while the Stel2-

PBase was expressed under the control of the GAL/ promoter, which is much stronger than the

STE 12 promoter, the insertions fell into expected genes, suggesting that the high expression did

not substantially affect Stel12 binding to the yeast genome.
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(Left) Figure 2.4. The genome-wide PiggyBac insertion patterns of wild type Stel2 shown along

the 16 S. cerevisiae chromosomes. (Right) Figure 2.7. Biological processes enriched through Gene

Ontology (GO) annotations for genes assigned by insertion peaks.
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(Left) Figure 2.5. 7-mer analysis of the region 100 bp around each insertion peak. Each point
represents a unique 7-mer sequence; the x-axis shows the total count of each 7-mer and the y-axis
shows the relative enrichment of each 7-mer over the genome background. Dashed lines represent
the count threshold used to identify enriched 7-mers. (Right) Figure 2.6. The distribution of
distances between each insertion peak and its closest Stel2 binding site. The x-axis specifies the
distance from the center of the Stel2 binding site. The y-axis is the proportion of detected insertion

peaks.

The genome-wide insertion patterns for the six Stel2 variants were also characterized by the
calling card method (Figure 2.8). Individual Stel2 variants showed a high degree of overlap
between their experimental replicates (Figure 2.9; Pearson correlation coefficient ranged from
R=0.69-0.91, apart from A160P (R=0.37), which resulted in the detection of only a few calling
card insertion peaks and thus had a relatively low correlation coefficient). That the variants yielded

reproducible data also suggests that the high Ste12-PBase expression did not lead to adventitious



40

non-specific binding. However, pairwise comparisons revealed that the overlap among variants
ranged only between 10% and 20%. Even for the two variants with the highest degree of overlap
in target sites, K146D and K152L, 80% of the sites differed, despite their similar organismal
phenotypes (Figure 2.10). For those sites that were common in all the variants, we found that their
nearby genes are classical targets of Stel2 and critical to either the mating or invasion phenotype
(e.g. KAR4, FUSI and TECI). These results indicate that the small changes in the Ste12 DNA-
binding domain led to many gains and losses of binding sites throughout the genome. However,
even though the Stel2 variants bound overall to highly divergent sets of genomic sites, it is the

binding sites that are in common that likely underlie the key phenotypic differences.
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Figure 2.8. The genome-wide PiggyBac insertion patterns of each variant shown along the 16 S.

cerevisiae chromosomes
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Figure 2.10. A heatmap showing proportions of overlapping binding sites among all variants. The
overlap proportion represents the similarity between binding profiles between all pairs of variants;
low overlap proportion values are shown in red (0-5% overlapping sites) while higher overlap

proportion values are shown in yellow (10-20%).
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2.3.2 Transcriptome profiling of wild type and variant Stel?2 proteins.

We sought to compare the DNA-binding sites of the Stel2 variants with genome-wide expression
patterns induced by these variant proteins. We generated variant Stel2 proteins by introducing
single amino acid changes into the STE/2 gene under the control of its own promoter and carried
on a centromere-based plasmid, and transformed the plasmids into a ste/24 version of the BY4705
strain, which was generated through a site-specific genomic deletion method (see Materials and
Methods). Cells were grown into exponential phase and total RNA was obtained. We carried out
RNA-seq (5 replicates) to generate the transcriptome for each variant, which yielded a combined
total of 145 differentially expressed genes from the six variant strains when compared with wild
type Stel2, with a false discovery rate (FDR) of 5%. Replicability of the assay was high (Figure
2.11; Pearson correlation coefficient range R=0.97-0.99). The number of differentially expressed
genes in the variant strains ranged from 15 to 84, but the number of these genes did not correlate

with the severity of the altered mating or invasion phenotype.

Unsupervised hierarchical cluster analysis of the data revealed three main differentially expressed
groups of genes (Figure 2.12). We used Gene Ontology (GO) annotations to identify significant
biological process terms (FDR<0.1) for each cluster. For the largest cluster (bottom, Figure 2.12),
the top enriched GO terms include mating, conjugation with cellular fusion, and agglutination. For
the other two clusters, the top enriched GO terms are associated with primary metabolic process
and cellular response to environmental stimulus. Thus, the examination of differential gene
expression reveals major clusters of genes, with many of these concordant with changes in mating

and invasion phenotypes.
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Figure 2.11. Correlation analysis between the replicates of the wild type Stel2 in the RNA-seq
experiments. Left of the diagonal: correlation plots showing the Pearson’s correlations (r) between
pairs of the replicates of wild type Stel2 in the RNA-seq experiments. Diagonal: plots showing
the distribution of the transcriptome of each replicate of the wild type Stel12. Right of the diagonal:

correlation plots showing the Pearson’s correlations (r) of the transcriptome of each pair of

replicates of the wild type Stel2.
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Figure 2.12 RNA-seq reveals gene targets of Stel2 and six variants; heatmap showing the clusters
of differentially expressed genes across variants. The color in the heatmap indicates the expression
level of each gene normalized by library size, log-transformed and then mapped to z-score. The
top enriched Gene Ontology (GO) terms in each cluster are included. The differentially expressed

genes of the bottom cluster are shown on the right.

2.3.3 Loss of mating proficiency correlates with loss of DNA binding

Amino acid changes in the DNA-binding domain of a transcription factor potentially disrupt its
DNA-binding affinity, resulting in the down-regulation of common gene targets and phenotypic
changes. To determine whether substitutions in Stel2 reduce its binding to genomic DNA, we
compared DNA-binding activity across variants as the number of G418-resistant colonies
(transposition efficiency); interaction between Stel2 and DNA provides the basis for the
acquisition of the KanMX marker and G416 resistance. We found that the transposition efficiency
of the three mating-defective variants was only ~10% of the wild type and mating-competent
variants (Figure 2.13), suggesting that the mating-defective variants have decreased affinity for

DNA.
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Figure 2.13 Left: cell growth in rich medium and selection medium for wild type Stel2 and the
A160P variant. Right: bar plots showing colony number after selection across all variants. Variants

with different phenotypes are annotated by different colors.

A reduction or loss of interaction between a transcription factor and the genome can result in the
factor’s inability to bind to canonical gene targets and activate their expression. For example,
A160P, a mating-deficient variant, resulted in the fewest insertion sites in the calling card
experiment and had significantly reduced expression of many genes compared to the wild type (50
of 63 differentially expressed genes; Figure 2.14). Many of the significantly down-regulated
differentially expressed genes in the A160P variant were also expressed at a low level in the other
mating-deficient variants (Figure 2.15) and these overlapped down-regulated genes act at every
step of mating process. For example, GPA I encodes the a subunit of the G protein that mediates
pheromone sensing at the initial step of the process. FAR functions at an early step by mediating
cell cycle arrest and stimulating the polarized growth of the cell towards its mating partner. AGA 1,

SAGI and FIG2 act at a later step of cell agglutination, contributing to cell-cell contact and the
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generation of an ultrastructure favorable for zygote formation. FUSI, FUS2 and KAR4 act at the
terminal stage of the mating process of cell fusion and nuclear fusion/karyogamy formation.
Approximately 78% (14 of 18) of the overlapping down-regulated genes were found to be direct
targets of the wild type Stel2 based on the genome binding profile. Of the 18, 21% (including
KAR4, SST2 and FUSI) had a reduction in the DNA-binding signal (P-value <0.05; t-test) in all
mating-deficient variants (Figure 2.15), and 57% (P-value <0.05; t-test) in at least one mating-

deficient variant.

In summary, we conclude that amino acid changes in the DNA-binding domain of Stel2 that
disrupt its interaction with the genome can be distinguished by the many fewer calling card
insertions that were detected. This disruption results in loss of binding to critical gene targets and
markedly reduced expression of mating-related genes, which would be expected to dramatically

decrease the mating proficiency of the mating-deficient variants (K146D, K152L, A160P).
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Figure 2.14. Plot showing differentially expressed genes between the A160P variant and wild type
Ste12; the x-axis shows total expression level for each gene in A160P while the y-axis shows the
expression fold change relative to wild type Stel2. Red color labels differentially expressed genes

and these genes with log2(fold change) >1 are labelled with names.
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deficient variants (K146D in purple; A160P in green; K152L in blue). Right: Box plots showing
gene expression and DNA binding among all variants for the genes KAR4, SST2 and FUSI. Upper:
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insertion events) .

2.3.4 Altered DNA-binding and transcriptomes in hyperinvasive variants

Two of the mating-defective variants (K146D, K152L) still invade as well or better than the wild-
type, indicating that they are not completely defective proteins. One possibility is that they
maintain interactions with some cofactors while losing interactions with others or directly with
DNA, resulting in distinct variant-specific expression patterns. To test this possibility, we used the

genome sequence nearby Stel2-PBase insertion peaks and examined the frequencies of Stel2
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canonical sites across the variants. We found that the K152L and K146D variants showed a
reduction in binding relative to the wild type Stel2 at canonical sites required for mating (Figure
2.16; Left). We calculated the frequencies of transcription factor motif pairs in wild type and the
K146D and K152L variants. Pairs containing the well characterized Mcm1 binding site (159) were
significantly enriched in K146D compared to the wild type, suggesting that interaction with Mcm1
may be implicated in altered Stel2 binding (Figure 2.16; Right). The K146D variant may
preferentially bind to promoter regions containing the Mcml site to contribute to its unique

genome-binding patterns.
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Figure 2.16 Left: bar plots showing enrichment of TGAAACA frequency relative to the genome
background for the Stel2 variants. Right: heatmap showing enrichment of motif pairs found near

binding sites for the wild type Ste12, K146D and K152L variants.

We integrated both genome-binding and transcriptome profiles in an effort to uncover the
mechanism underlying the altered invasion phenotype seen in the hyper-invasive variants (K146D,
K152L, K150I and K150A). Transcriptome analysis revealed that up-regulated genes overlapped
in hyper-invasive variants are associated with the cellular response to osmotic stress (e.g. SIPI8,

SPG4 and GREI; Figure 2.17 Left). When yeast cells are exposed to a hyper-osmotic condition,
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osmotic stress responses are triggered and cells form long projections and become hyper-invasive
due to Kssl1, a key MAP kinase in the invasion pathway (160)The signaling events that lead to
osmotic stress response depend on the membrane environmental sensors Shol and Msb2 (161).
Shol is one of the G protein-coupled receptors that act as transmembrane osmosensors (162)Msb2
is a membrane mucin protein (163). Based on the genome binding profile data, the SHO!I and
MSB?2 genes were direct targets of Stel2, suggesting a potential role for Stel12 upstream of osmotic

stress response pathway.

For the hyper-invasive variants with reduced mating (K146D and K152L), while they failed to
efficiently bind to the Stel12 consensus site and down-regulate critical genes involved in the mating
process, both variants had an increased insertion signal (P-value <0.05; t-test) for MSB2, and
K146D had a higher insertion signal for SHO! (although not at a significant level) (Figure 2.17
Right). Due to their low levels of transcription, the SHOI and MSB2 genes were not different from
wild type in the full transcriptome analysis. However, we detected higher MSB2 and SHOI
expression in K146D and KI152L variants than wild type using RT-PCR, as well as higher
expression of FLOI1, a final target in the Shol-sensing pathway (Figure 2.17 Right). In the
promoter regions of SHO!I and MSB2, an Mcml Site is found close to transposon insertion sites
of K146D, suggesting that this co-factor interaction may partially underlie the hyper-invasive

phenotype.
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Figure 2.17 Left: Venn diagram showing overlap among down-regulated genes for the mating-
deficient variants (K146D in purple; A160P in green; K152L in blue). Right: Upper: Box plots
showing gene expression (FKM: fragments per million) among all variants for the genes KAR4,
SST2 and FUSI. Lower: Bar plot showing DNA binding (FKM of total unique insertion events)

among all variants for the genes KAR4, SST2 and FUSI.

2.3.5 Binding patterns of Stel2 variants in vitro

Because the binding patterns of the Stel2 variants in vivo can be influenced by cofactor
interactions that affect the sequence contacted by Stel2, we asked whether direct binding
specificity in vitro was altered. To characterize the in vitro DNA-binding preferences of the
variants, we used the HT-SELEX method (155). In our use of this method, purified Stel2 protein
was incubated with a large and random (N36) pool of DNA fragments. The DNA fragments bound

to protein were isolated, amplified by PCR and incubated again with protein through five rounds,
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with the PCR product from each round used for high throughput DNA sequencing. Motif analysis
of the SELEX data for wild type Stel2 shows the canonical binding site was enriched over the
rounds of selection, and web-logos of the most significant motifs for each variant show patterns
similar to wild type Stel2. K146D and K152L were exceptions, showing either no enriched motif

(K146D), or a weakly significant, degenerate version of the canonical Stel2 site (K152L).

The TGAAACA sequence was preferred for the K150 and K150A variants, but not for the mating-
deficient variants, especially K152L and K146D, which showed no enrichment (Figure 2.18). The
K150I variant showed greater enrichment in vitro for the TGAAACA sequence than wild type,
and also showed a higher enrichment than wild type for this sequence in its in vivo genome binding
pattern. The in vitro binding preferences of Stel2 variants for the canonical Stel2 binding site
generally correlated with those preferences in vivo. Furthermore, no Stel2 variants showed novel
binding specificity in vitro, suggesting that their divergent binding patterns in vivo are driven by
altered affinity for the canonical Stel2 site and the presence of binding co-factors rather than

changes in sequence specificity.
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Figure 2.18 Line plot showing TGAAACA frequency in HT-SELEX for wild type Stel2 and six
variants. The x-axis shows consecutive rounds of HT-SELEX binding assays. The y-axis shows
the enrichment for the TGAAACA 7-mer over the random input sequence background for each

variant.

2.4 Discussion

The common assumption that transcriptional regulation is orderly and hence predictable has been
shaped by the conservation of gene expression patterns across species, conserved and modular
transcription factor domains and a long history of experiments using simpler prokaryotic systems
and model regulatory regions in eukaryotes. Our results add to the emerging argument that
transcriptional regulation can be readily rewired, changing the underlying transcriptional circuits
in various ways while preserving phenotypic outputs. In evolution, this extensive rewiring can
occur even among closely related species, and is facilitated by the rapid gain and loss of short cis-

regulatory sequences or by variation in transcription factors (164).

The S. cerevisiae Stel2 protein regulates the traits of mating and invasion by interacting with other
transcription factors to bind and activate distinct sets of genes in response to mating pheromone or
nutrients, respectively. Single amino acid substitutions in the Stel2 DNA-binding domain can
result in dramatically altered phenotypes, such as a shift in preference toward either mating or
invasion, or a hyper-invasive phenotype that is independent of the invasion cofactor Tecl. We
demonstrate here that these variant Stel2 proteins lead to extensive changes in genome-wide

binding patterns and transcriptional outputs.
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Although individual Stel2 variants showed highly reproducible binding events in the calling card
assay, there was little overlap in binding among variants, even for those with similar mating and
invasion phenotypes. This lack of overlap indicates that the subtle changes in the Stel2 protein led
to numerous gains and losses of individual binding sites throughout the genome. Nevertheless, it
is difficult to pin down the mechanistic basis for gains and losses of sites without additional
experimentation. In three cases (K146D, K152L and 160P), the mating deficiency caused by a
variant could be explained by a marked reduction in DNA-binding affinity, based on many fewer
calling card insertions and either failure to enrich or reduced enrichment of the consensus site in
the SELEX experiment. This failure to efficiently bind to Ste12 consensus sites led to the down-
regulation of a small set of common genes, several of which function in the mating process.
However, that these variants maintain, or even increase, their invasiveness suggests that they are
not completely defective proteins and that separation-of-function alleles can arise readily.
Moreover, the maintenance of invasion function in variants defective for DNA binding implicates
co-factors in the new binding and expression patterns. Variant proteins may maintain interactions
with some cofactors while losing it with others, resulting in distinct variant-specific expression
patterns. Further analyses of DNA-binding by these variants could use approaches such as gel
mobility shift assays to obtain quantitative affinity data. In addition, carrying out these assays on
a series of promoters from pheromone-responsive or invasion-specific genes in the presence of
purified cofactors such as Tecl, Mcm1 and Matal might reveal protein interactions that are either

enhanced or reduced by the Stel2 substitutions.
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The three variants that resulted in near wild type mating (K150A, K150 and S158H) showed
similar numbers of calling card insertions and similar enrichment of the consensus site in the
SELEX experiment as the wild type protein. These results imply that DNA-binding affinity is
likely to be intact in these variants. Variants that bind to the consensus site like wild type but result
in a new phenotype also suggest a change in the interaction with cofactors. The K150A and K150I
variants lead to a hyper-invasive phenotype, and these two uniquely up-regulated the expression
of genes responsive to osmotic stress. The hyper-invasive variants that are mating-defective
(K146D and K152L) up-regulated other genes, indicating that multiple paths to a hyper-invasive

phenotype are possible.

Although the Stel2 transcription factor variants easily gained or lost binding sites, most variant-
specific binding events seemed to have little to no effect on the organismal phenotypes of mating
and invasion. We attribute this phenotypic robustness to the underlying regulatory network
architecture which will amplify the effects of specific binding events and expression through
feedback loops, motif degeneracy and binding site redundancy while canceling the effect of
aberrant binding events. At the same time, the ease with which a single amino acid substitution in
Ste12 shifts phenotype suggests that a few novel binding events and expression changes suffice as

starting points for rewiring of regulatory programs in evolution(165).

A major goal in functional genomics is the prediction of variant effects from sequence alone.
However, current variant effect prediction algorithms and computational structure-based
approaches (7), provide minimal annotations such as loss of DNA-binding or likely pathogenesis

in humans. In the case of Stel2 variation, it was not possible to attribute specific phenotypes of
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mating or invasion based solely on the identity of the single amino acid changes in the Stel2
protein sequence. This failure to predict the in vivo effects of transcription factor variants calls for
the systematic large-scale functional interrogation of human transcription factor variants in vivo.
Thus far, there are few options to conduct such studies at sufficient scale in human cells. In this
regard, it is notable that we detected genome-wide binding patterns of Stel2 variants in the
presence of the wild type protein. Expressing libraries of transcription factor variants from a
common genomic site in human cells containing their respective wild type proteins is far more
feasible than the prospect of engineering many hundreds of endogenous loci. While most
transcription factor variants are unlikely to contribute to phenotypic changes, identifying those

with major downstream effects remains a critical challenge.

Chapter 3. Expanding the binding specificity for RNA recognition by a

PUF domain

The ability to design a protein that can bind specifically to any RNA and regulate its fate would
enable numerous research and therapeutic applications. However, decoding the RNA-binding
specificity for most types of RNA-binding domains is challenging, as these domains associate with
RNA via complex networks of interactions. The modular architecture of the PUF domain, with
eight repeats that each contact one base, make this domain an ideal candidate to generate new
RNA-binding specificities. For each repeat of the Pumilio-1 PUF domain, we generated a library
of variants that contains the 8,000 possible combinations of amino acid substitutions at residues

12, 13 and 16 that are critical for RNA contact. We carried out yeast three-hybrid selections with
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each library against the RNA recognition sequence for the Pumilio-1 domain, with any possible
base present at the cognate position recognized by the repeat that was randomized. We used next
generation sequencing technology to score the binding activity of each variant for its ability to
bind to an RNA sequence containing each possible RNA base at the cognate position. We
identified many variants with highly specific interactions by comparing their binding across the
four RNA bases. This approach allows us to propose a complete code for RNA recognition by this

domain.

Contributions: Daniel Melamed and Stanley Fields developed the idea. Daniel Melamed built the
original libraries. Wei Zhou built all other libraries and performed all screen experiments. Wei
Zhou performed all the analysis. Wei Zhou and Stanley Fields wrote the manuscript. This work is

in preparation for a publication.

3.1 Introduction

Significant progress has been made in the redesign of modular DNA-binding proteins in the past
two decades (69). Zinc finger proteins, transcription activator-like (TAL) effectors, recombinases
and the CRISPR-Cas9 system have been engineered to display novel DNA recognition specificity
(70,166). This success has encouraged researchers to engineer protein-based RNA targeting
systems as well, as RNA is involved in a more diverse range of biological functions compared to
DNA. RNA targeting in living cells can present a unique opportunity to monitor gene expression
and cellular function (79,167). In addition, manipulation of RNAs is usually transient and does not

cause irreversible changes in the genome. The key to this engineering is to use an RNA-binding
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scaffold that incorporates the desired RNA-binding specificities, enabling specific recognition of
a given RNA with limited off-target effects. However, decoding the RNA-binding specificity of
most types of RNA-binding domains (RBDs) is challenging, as these domains associate with RNA
via complex networks of interactions. For example, the RRM domain is the most abundant RBD
in vertebrates to recognize sSRNA (81). However, different RRMs have different RNA recognition
mechanisms. For proteins with multiple RRMs, the rule for how each RRM contributes to
specificity is unknown, making it difficult to predict recognition specificity from their amino acid
sequence alone. Other systems, such as the Cas13 family, have been recently engineered to bind
and cleave RNA (98,99). However, their base-pairing requirements for stable RNA association, as

well as their potential off-target effects, are still under investigation (100).

PUF proteins are involved in regulating embryogenesis and development in most eukaryotes (104).
They contain a conserved RNA-binding domain, known as the Pumilio homology domain, that is
generally composed of eight 36-amino-acid repeats (Figure 3.1). Each repeat displays three amino
acid residues, called the tripartite recognition motif (TRM) combination, on the concave surface
of the protein. An eight-nucleobase target RNA sequence is bound as an extended strand to the
concave surface. X-ray structural analysis of the complex indicates that the recognition is highly
modular, with each repeat binding to a single RNA base (168). Residues at position 12 and 16 in
each repeat directly interact with a Watson-Crick edge of a base, whereas the residue at position

13 is involved in a stacking interaction with the base.
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Figure 3.1 Crystal structure of the human PUM1 PUF domain bound to RNA (PDB 1MBY).
Helices that carry functional RNA-binding residues (TRM residues) are colored in green and
purple; green indicates polar residues (positions 12 and 16) and purple indicates a stacking residue

(position 13). RNA bases of the NRE10 recognition sequence are colored in yellow.

The identities of the residues in a TRM combination play a key role in RNA-binding specificity
(109,114,115). For example, cysteine and glutamine bind adenine, asparagine and glutamine bind
uracil, and serine and glutamate bind guanine. Previous studies have engineered a PUF domain
with designed sequence specificity. Cheone ef al. (115) changed guanine to uracil specificity by
mutating the TRM combination SNE to NNQ (here, in XXX format, left to right indicates positions
12, 13 and 16), adenine to guanine specificity by mutating SRQ/CRQ to SRE, and adenine to uracil
specificity by mutating CRQ to NRQ (115). Ozawa et al. (79) introduced more than two sets of
mutations described above into PUF proteins and created mutant proteins that recognize transcripts

with sequences 4-nt different from the wild-type sequence (79).
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While the modular code for A/G/U-specific recognition has been identified in different PUF
repeats, there is no code that can specifically bind cytosine in any natural PUF proteins. To tackle
this problem, Dong et al. (116) generated a library with randomized residues in position 12 and 16
from repeat 6 of the Pumilio 1 PUF domain, screened for their interaction with RNA through a
yeast three-hybrid system, and found SYR as the TRM combination that specifically binds cytosine
(116). Filipovska et al. (117) independently reported that five PUF variants with an arginine at
position 16, and an amino acid with a small or nucleophilic side chain (glycine, alanine, serine,
threonine or cysteine) at position 12 have cytosine-specific recognition (117). Both of these studies
showed that the identified code has general applicability and can selectively bind cytosine at all

eight positions of an RNA sequence.

Other groups have used an unbiased high-throughput-sequencing method that represents
biochemical affinity in vitro. Campbell et al. (118) determined the specificities of 25 natural and
engineered PUF variants in binding reactions with a library that included large numbers of RNA
sequences and found, in contrast to previous reports, that the stacking residue in position 13 had a
profound influence on specificity as well. For example, changing from 7RQ to TWQ led to a
change in specificity from uracil to adenine; changing from CYR to CRR resulted in a specificity

change from uracil to adenine.

Based on this study of PUF engineering (119), for guanine and uracil recognition, the optimal
TRMs follow the natural PUF code (G-code: SHE for C. elegans FBF-2, and SNE for human

PUMI; U-code: NXQ with X denoting 7/H/F/Y). For adenine recognition, the data indicate a more
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complex picture. CFQ was the adenine-specific code that behaved better than any natural A-
binding TRMs. However, the previously identified cytosine-recognition codes for PUM1 could

not be broadly used and transferred across species (119).

In order to target any random 8-mer RNA sequence, we still lack a set of recognition codes that
can specify the four RNA bases in any positions. Here, we focused on the human Pumilio-1 RNA-
binding domain, and made a library of variants for the TRM combination in each repeat. By
combining the yeast three-hybrid method with next generation sequencing technology, we scored
the binding activities of these PUF variants for their ability to bind to each of the 4 possible RNA
bases in the cognate position for each repeat. We identified many variants with highly specific
interactions. The resulting dataset allows us to propose a complete code for random §-mer RNA

targeting by swapping the key residues at the contacting positions in each repeat of a PUF domain.

3.2 Materials and methods

Primers and other oligonucleotides. A list of oligonucleotides can be found in table 7.2.

Creation of “all-in-one” construct and library generation. A pAIO3H vector was created by
cloning the Not/-RNA module-NotI fragment from p3HR2 into the No#/ site of pACT2. The unique
restriction sites for cloning the protein and the RNA elements were added into the construct. The
plasmid uses a centromeric origin. For the randomized library, we used 32 primers (four primers
for each PUF repeat) and each primer contained a random NNK in each TRM combination. We

added a synonymous change in each primer to specify the identity of the RNA base in its cognate
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binding sites. We completed the PUF module insert through Phusion overlapping PCR. For the
targeted library, we ordered an oligo pool that contains 2000 fragments (Twist Bioscience) and

incorporated them into the construct through Gibson assembly (169).

Yeast three-hybrid screen. Library plasmids were transformed into yeast strain YBZ-1. The yeast
strain constitutively expresses the fusion protein LexA—MS2 coat and a HIS3 reporter gene under
the control of multiple LexA operators. Association of the PUF domain with an RNA sequence
leads to the formation of a functional transcription factor that induces the expression of the HIS3
reporter gene. As a result, yeast cells that carry functional PUF variants proliferate in media lacking
histidine, while yeast cells that carry non-functional PUF variants are eliminated. We collected
transformants from plates containing SC-Leu media. For selection, we put the transformants into
two conditions: plates containing SC-Leu media and plates with SC-Leu-His + 0.5mM 3-AT
media. The selection lasted for 4 days. We collected cells and extracted their plasmids (Zymoprep

Yeast Plasmid Miniprep II kit; Cat 11-315).

Sequencing library preparation and analysis. The region including each PUF repeat was
amplified through sequential reactions. Internal PCR was carried out through primers with
sequences that anneal to each repeat (primers 623-654) and external PCR was carried out to add
an [llumina sequencing adapter (primers 419-422). Phusion polymerase was used for all reactions,
and each reaction was performed on a BioRad MiniOpticon and monitored to avoid over-
amplification. The PCR products were sequenced using the Nextseq 550 platform. Downstream

analyses were performed in R.
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3.3 Results

3.3.1 PUF variants with base-specific interactions identified with the yeast three-hybrid system.

To quantify the interaction between a PUF domain and its cognate RNA, we applied the yeast
three-hybrid system (170) (Figure 3.2). In this system, the interaction of the PUF domain with an
RNA in a yeast cell leads to the activation of the reporter gene HIS3, such that the cells survive in
selection media without histidine. We designed an “all-in-one” construct including both a protein
module encoding the PUF-activation domain (PUF-AD) fusion protein and an RNA module
encoding the cognate RNA sequence fused to the MS2 coat protein recognition sequence (Figure
3.3; upper left). We introduced the plasmid into yeast strain YBZ-1, which constitutively expresses
the fusion protein LexA—MS?2 coat protein. The HIS3 reporter gene is under the control of multiple
LexA operators. As expected, we found cells carrying each combination of RNA and protein grew
equally well on media that selects only for the presence of the plasmid (Figure 3.3, lower left). In
contrast, on media that selects for HIS3 expression, only those cells that contained a cognate
combination of PUF domain and RNA site grew (Figure 3.3, lower left -Leu-His + 0.5mM 3AT).
The in vivo base-specific binding pattern for each PUF repeat could be recapitulated in this system
(Figure 3.4), indicating that the yeast three-hybrid system can be used to identify the interaction

and specificity between a PUF domain and its RNA target.
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Figure 3.2 Illustration of the yeast three-hybrid screen. Interaction of a PUF domain and its cognate
RNA sequence leads to the formation of a functional transcription factor that induces the
expression of the HIS3 reporter gene, such that yeast cells can survive in media without histidine.
Elements illustrated here, including the LexA-MS2 coat protein and multiple LexA operators, were

already incorporated into yeast strain YBZ-1.
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PROTEIN module cloning site

...GAL4 AD

GAT ACC CCA CCA AAC CCA AAA AAA GAG ATC TGT ATG GCT
D T P P N P K K E I C M A

HA
TAC CCA TAC GAT GTT CCA GAT TAC GCT AGC TTG GGT GGT
Y P Y D V P D Y A s L G G

pAIO3H_CEN Neol Avrl

7381 bp i CAT ATG GCC ATG GGA ACT TCG AAC CTA GGA CGT GCT ARA
v H M A M G T S N L G R A K

Sacl

GAG CTC AGA TCT ATG AAT CGT AGA TAC TGA
E L R S M N R R Y =*

RNA modaule cloning site

...RPR1 promoter

1. pACT2(PUM1-HD) + p3HR2(P38a NREa RNA) TATACTCCCCTATAGTCTGTTTCTTTTCGTTTCGATTGTTTTACGTTTGA
2. pAIO3H_2y (PUM1-HD + P38a NREa RNA)
3. pAIO3H_CEN (PUM1-HD + P38a NREa)

4. pAIO3H_CEN (PUM1-HD + P38a NREa RNA G2/3U switch) GGCCTCGTGGCGCACATGGTACGCTGTGGTGCTCGCGGCTGGGAACGARA
5. pAIO3H_CEN (PUM1-HD TRM6/TRM7 switch + P38a NREaRNA)

6. pAIO3H_CEN (PUM1-HD TRM6/TRM7 switch + P38a NREa RNA G2/3U switch)

CTCTGGGAGCTGCGATTGGCAGAATTCCGGCTAGAACTAGTGGATCCCCC

Stem loop Xmal Sphl
GGCGCCCGGCGGCTCGAGCCCGGGCAGCTTGCATGCCGCCGGGCGCCATG

Tandem MS2-binding sites
CCTGCAGGTCGACTCTAGAAAACATGAGGATCACCCATGTCTGCAGGTCG

ACTCTAGAAAACATGAGGATCACCCATGCTGCAGGTCGACTCTAGAGGAT

RPR1 terminator...
CGGAATTCCCCCATATCCAACTTCCAATTT

SC -Leu -His + 0.5mM 3AT  SC -Leu -His + 5mM 3AT

Figure 3.3 An “all in one” Y3H vector for analyzing a PUF domain-RNA interaction. Upper left,
illustration of the pAIO3H construct, which incorporates both protein module and RNA module
on a plasmid with a centromeric origin. Lower left, different conditions for testing the efficacy of
the Y3H system: “1” indicates the classic two-plasmid system to test for PUF domain-RNA
interaction; “2” indicates the “all in one” Y3H system with a 2-micron origin of replication; “3”
indicates the “all in one” Y3H system with a centromeric origin of replication; “4/5/6” are negative
controls with RNA bases switched so that the correct cognate base is not present. Right, description

of restriction sites for manipulating the protein module and RNA module.
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PUF RNA recognition code
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Figure 3.4 A colony spotting assay with or without histidine selection. The selection is carried out
in different 3-AT concentrations (higher concentrations mean a more stringent selection). An RNA
sequence with each of the possible single base substitutions in the 8-mer recognition sequence

were tested for interaction with the wild-type PUF domain.

We then combined the yeast three-hybrid system with next generation sequencing technology to
elucidate the RNA-binding preferences of a large number of PUF variants in a single culture. For
each repeat of the PUF domain, we generated a library of variants that contains the 8,000 possible
combinations of amino acid substitutions at residues 12, 13 and 16 that are critical for RNA contact
(Figure 3.5). We screened the interaction of each repeat library against RNA sequences containing

each of the four possible RNA bases present at the cognate position. Yeast cells that carry
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functional interactions proliferate in media lacking histidine, while yeast cells that carry non-
functional interactions are eliminated. We retrieved the library from both input and post-selection
pools, and determined the frequency of each variant in both pools by high-throughput sequencing.
The change in the frequency from input to selection pool serves as a measurement of binding

activity for each PUF variant, which is calculated as a PUF domain-RNA interaction score in our

assay.
Repeat 1

Lib I
NNK NNK NNK \\ Q @ @ @ @ @ g '

PUF IO .

12 13 16

RNA I PUF|-|-|-|--|-|-|-|

e
_ e RNA s | ] ] e ||| ] I ]

/ Base8 Base7 Base6 Base5 Base4 Base3 Base2 Basel
Base 1

Figure 3.5 Creation of a randomized library of variants that contains the 8,000 possible
combinations of amino acid substitutions for each PUF repeat at residues 12, 13 and 16, which are

critical for RNA contact.

Based on the enrichment in the post-selection pool, the RNA-binding activity of 169,587 PUF
domain variants were scored. The dataset contains 24,751 nonsense variants and 144,836 missense
variants from the eight repeats. The interaction score distribution of all variants revealed that, in
general, nonsense PUF variants were deleterious for interaction with any RNA sequence and
missense PUF variants function in a bimodal distribution (Figure 3.6). The PUF domain-RNA
interaction score for each PUF variant showed a high degree of overlap between two experimental

replicates (Figure 3.7; Pearson correlation coefficient ranged from R=0.952-0.982).
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Figure 3.6. Histogram showing PUF domain-RNA interaction score distributions from repeat 1 to

repeat 8. Nonsense variants are indicated in black; missense variants are indicated in red.
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repeat | to repeat 8.
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We assigned a specificity score for each PUF variant by comparing its binding across the four
RNA bases. For each PUF variant, the difference between the highest and second highest
interaction score was regarded as a measure of its specificity. Using a threshold of interaction score
greater than 5, and a specificity score greater than 4, we identified many PUF variants with highly
specific interactions (Figure 3.8; number of enriched PUF variants ranged from 5 to 79 across the
eight repeats). For example, in repeat 1 (Figure 3.9), we found nine PUF variants specific for uracil
interaction (e.g. NWS, NFS), 11 PUF variants specific for cytosine recognition (e.g. TFR, QFR),
one PUF variant specific for guanine recognition (SGD), and one PUF variant specific for adenine
recognition (/FV). For uracil recognition, we found that asparagine is the most preferred amino
acid in position 12 and a polar uncharged amino acid such as glutamine, serine or threonine is the
most preferred in position 16. Position 13 is occupied by aromatic amino acids such as tryptophan
and phenylalanine. While this pattern differs slightly from the optimal TRMs for uracil recognition
(U-code: NXQ with X denoting 7/H/F/Y), it recapitulates the general trend. As expected, in repeat
1, we found that arginine is the most preferred amino acid in position 16 and a polar uncharged
amino acid (e.g. threonine, glutamine, asparagine) is preferred in position 12, which recapitulates

previous findings (117,171).
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Figure 3.8. Dot plot indicates the highest PUF domain-RNA interaction score and the specificity
score for each variant from repeat 1 to repeat 8. The X-axis indicates the highest RNA interaction
score; the Y-axis indicates the specificity score. Those variants with an interaction score over than
5, as well as specificity score over than 4, are highlighted in red color.

Repeat 1
15

o

Specificity score
(%]

C
S év'zvR
_ — =<

0

Highest RNA interaction score of PUF variants

Figure 3.9. Left, dot plot indicates the highest PUF domain-RNA interaction score and the
specificity score for each variant from repeat 1. Right, base-specific recognition patterns for uracil

and cytosine in repeat 1.
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3.3.2 Targeted screening of candidate PUF variants.

Due to the large size of the libraries of randomized PUF variants, for many variants, the initial
yeast three-hybrid screen did not comprehensively recover a binding activity score against all four
RNA bases and across all eight repeats. We thus conducted a targeted screen of promising
candidate PUF variants. Using a threshold of interaction score greater than 5, as well as specificity
score greater than 4, we chose about 250 candidate PUF variants for targeted oligonucleotide
synthesis (Figure 3.10). We cloned the oligonucleotide pool into the eight PUF repeat locations
for a comprehensive survey of the interaction of these candidates with the four possible RNA
bases. For each repeat with a pool of synthesized variants, the selection for binding activity against
the four RNA bases was carried out in a separate culture, with media that selected for HIS3
expression (-Leu-His + 1mM 3AT). In order to compare its binding across the four RNA bases,
we spiked the wild-type PUF domain into each culture for normalization. We collected plasmids
from both input and post-selection pools and measured the change in frequency of each PUF

variant by high-throughput sequencing.

Targeted oligo synthesis Targeted cloning into various positions
CFP IFV SGD \ Repeat \Repeat 1 Repeat2 Repeat3 Repeat4
QFR - Ser Gly Asp
NYQ PUF B l l l l
g- v s s e
Base8 Base7 Base6 Baseb5
RNA IS A
T Repeat5 Repeat6 Repeat7 Repeat8
NG —— . B = "
H | | | |
U —
- e . ]l
Base 8
Base4 Base3 Base2 Baseil

Figure 3.10. Workflow of targeted PUF variant screening. About 250 candidate PUF variants were

chosen for oligonucleotide pool synthesis and these fragments were cloned into the eight different
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PUF repeat locations for a comprehensive survey of their interaction with the four possible RNA

bases.

For each repeat, we recovered the majority of the synthesized PUF variants (Figure 3.11, lef?).
Each surveyed PUF variant was well-represented in the input pool, with a frequency centered on
0.1% (Figure 3.11, right). An interaction score was assigned to each PUF variant based on its
enrichment in the post-selection pool. The distribution of interaction scores for all nonsense
variants indicates that they were mostly deleterious, with an interaction score lower than -5.
Compared with the initial screen, missense variants had a stronger enrichment in the post-selection

pool (Figure 3.12).
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Figure 3.11 Left, Bar plot showing the recovery of synthesized PUF variants. X-axis indicates
repeat identity from repeat 1 to repeat 8; Y-axis indicates the number of PUF variants in the
synthesized pool and the detected pool. Right, density plot showing the frequency of each PUF

variant in input library or selected library.
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Figure 3.12 Histogram showing PUF domain-RNA interaction score distributions from repeat 1 to

repeat 8. Nonsense variants are indicated in black; missense variants are indicated in red.

Based on the interaction scores against the four RNA bases, for each repeat, we clustered
promising PUF variants with scores greater than 5. Remarkably, we identified many variants with
highly base-specific interactions for each of the eight repeats. We generated sequence logos to
summarize the base-specific recognition patterns for each repeat (Figure 3.13). For example, in
repeat 1, consistent with the initial screen, SGD is one combination for binding guanine. While
SGD differs from the natural guanine-specific binding code SNE, the combination of serine and a
negatively charged amino acid (aspartate or glutamate) in position 12 and 16 was found as a
general trend for G-specific binding across the majority of the repeats. Many U-specific variants
were also identified in repeat 1 (e.g. NFV, NFS, NWS). As expected, asparagine is the preferred
amino acid in position 12, and serine or glutamine is the preferred amino acid for position 16. For

position 13, involved in a stacking interaction, aromatic amino acids such as phenylalanine or
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tyrosine are preferred. Moreover, we found many combinations with non-specific binding in repeat
1; these combinations have positive charged amino acids in position 12 and 16, consistent with a
previously characterized pattern for non-specific RNA recognition (113). In summary, the base-
specific recognition codes summarized in Figure 3.13 can be used as a resource for future PUF

engineering.
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Figure 3.13 Base-specific recognition codes for each repeat are shown.
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3.3.3 Comparison of base-specific recognition patterns across the eight repeats.

We compared the specificity of each PUF variant across the eight repeats. We found that many
base-specific recognition codes are not generic for all repeat locations, as previously reported
(117). For example, we found a polar, uncharged amino acid (e.g. glutamine or threonine) in
position 12 and a positively charged amino acid (e.g. arginine) in position 16 is the preferred
combination for C-specific binding. However, this preference was not uniform across the eight
repeats. The high specificity for cytosine was found only in the more N-terminal PUF repeats, such
as repeat 1 or repeat 3, and was markedly reduced in more C-terminal repeats (Figure 3.14, 4
panel). The same pattern was seen for the previously identified C-specific codes (e.g. SYR) as well
(Figure 3.14, 4 panel), which potentially explains why C-specific codes were not transferable to
other species (117,120). In addition, as expected, we found polar residues (position 12 and 16) are
important in binding specificity. For example, PHQ was found to have an A-specific recognition
pattern across the majority of repeats (Figure 3.14, C panel, right). When position 12 was instead

asparagine, the specificity code of NHQ instead recognized uracil (Figure 3.14, D panel, right).

While most previous work suggests that the stacking residue (position 13) is critical to binding
affinity only (172), Campbell et al. (118) showed that that stacking residue has a profound
influence on specificity as well. In agreement with their report, we found that the stacking residue
(position 13) plays a key role in binding specificity. For example, SNE is the natural code to
recognize guanine in repeat 7. We found that this code can also be applied for G-specific binding
in repeat 3 and repeat 5. If instead tryptophan is in position 13 (SWD), G-specific recognition can

be achieved in repeat 6. Moreover, if position 13 is glycine (SGD), G-specific recognition can be
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achieved in repeat 1, while SNE and SWD were not found (Figure 3.14, B panel). These results
suggest that the presence of an aromatic amino acid (W/Y/F) or a non-aromatic amino acid in

position 13 can greatly affect recognition specificity.

While most canonical base-specific recognition patterns were recapitulated in our screen, we found
many examples of alternative codes. For example, for adenine recognition, (C/S/T)RQ are
preferred for the majority of the repeats. However, in repeat 2 and repeat 6, the combination of
valine and phenylalanine in position 12 and position 13 is an alternative way to achieve A-specific
binding (Figure 3.14, C panel). In fact, VFQ is the best code to achieve A-specific recognition in
repeat 1, repeat 2, repeat 4 and repeat 6 (Figure 3.14, C panel). For uracil recognition, asparagine
is preferred in position 12 across the majority of repeats, except the middle repeats such as repeat
4 and repeat 5. For these middle repeats, we found a positively charged amino acid is more
preferred than a polar residue in position 12 or 16 to achieve this specificity (Figure 3.13). Even
for the positions that use canonical base-specific recognition pattern, each repeat has its own
preferred code. For example, while NWP and NHQ bind to uracil across the majority of repeats,

repeat 1 prefers NFS than these two canonical codes (Figure 3.14, D panel).
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Figure 3.14 Comparison of base-specific recognition patterns across repeats. Left: Logo plots of
base-specific patterns. Right: RNA recognition preferences for individual TRM combinations

across repeats.
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3.4 Discussion

The PUF domain is an ideal candidate for engineering a protein to bind to an arbitrary RNA
sequence, as it uses a modular architecture for recognition and binds with high affinity and
specificity to an 8-mer sequence. Using high-throughput sequencing of positives in the yeast three-
hybrid assay, we carried out deep mutational scanning of all possible TRM combinations of each
of the eight repeats of a PUF domain. By scoring the binding activity of variants of each repeat to
an RNA sequence in which the cognate RNA position was occupied by any of the four possible
bases, we elucidated the RNA-binding preferences of a large number of variants. We calculated
scores both for binding interaction and for specificity, yielding the base-specific recognition
patterns summarized in Figure 3.13. These patterns can be used as a resource for future PUF
engineering. The enriched TRM combinations can be compared across the eight repeats to explore

the molecular basis by which the PUF domain achieves its RNA binding specificity.

Stacking interactions pervade PUF domain-RNA complexes across species. These interactions
result from long columns of stacking bases and amino acid side chains along the entire length of
the PUF protein. However, how these interactions affect RNA binding specificity across repeats
has not been well explored. Koh et al. (173) carried out an alanine substitution experiment in repeat
3 of C. elegans FBF-2 PUF domain and revealed that stacking amino acids contribute to the
protein’s specificity for RNA sequence. Further structural analysis supports the idea that different
stacking arrangements can lead to different specificity for RNA recognition (173). Campbell et al.
(119) provided additional examples through an in vitro protein-RNA binding assay. Here, through
a comparison of base-specific recognition patterns across repeats, we found that stacking

interactions in different positions have profound influence on the specificity of each repeat. For
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example, SWD can specifically recognize guanine in repeat 5, 6, 7 while SGD can specify only
guanine in repeat 1 and repeat 3. This results suggests that the stacking residue in each PUF repeat

potentially functions in combination with the neighboring amino acids to specify RNA bases.

While cytosine-specific recognition was identified in variants of the human pumilio PUF domain
(117,171), later studies found that the specificity of these codes could not be transferred across
species (120). Here, our study suggests that these previously identified “universal” codes
(4/8/T/C/G-YR) are not transferable across all repeats as well. For example, SYR can only specify
cytosine in repeat 2, repeat 4 and repeat 7, but not the other repeats. We identified novel TRM

combinations that work well in these other repeats, such as repeat 1 and repeat 3.

Natural existing PUF domains have been selected to increase or decrease specificity for each repeat
while maintaining the binding affinity necessary for biological function. The current rational
design of a PUF domain as an RNA-binding platform has mostly focused on polar residues in
position 12 and 16; however, these hydrogen-bonding residues work together with the stacking
residue. According to what we have found in our dataset, substitutions of stacking residues can
either broaden or restrict the range of acceptable bases. For future rational designs of a PUF domain
as an RNA-binding platform, our results suggest that repeat location, as well as stacking residues,

should be important considerations.

Chapter 4. Characterizing the temporal dynamics of gene expression in

single cells with sci-fate
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Gene expression programs are dynamic, e.g. the cell cycle, response to stimuli, normal
differentiation and development, etc. However, nearly all techniques for profiling gene expression
in single cells fail to directly capture the dynamics of transcriptional programs, which limits the
scope of biology that can be effectively investigated. Towards addressing this, we developed sci-
fate, a new technique that combines 4sU labeling of newly synthesized mRNA with single cell
combinatorial indexing (sci-), in order to concurrently profile the whole and newly synthesized
transcriptome in each of many single cells. As a proof-of-concept, we applied sci-fate to a model
system of cortisol response and characterized expression dynamics in over 6,000 single cells. From
these data, we quantify the dynamics of the cell cycle and glucocorticoid receptor activation, and
explore their intersection. We furthermore use these data to develop a framework for inferring the
distribution of cell state transitions. We anticipate sci-fate will be broadly applicable to

quantitatively characterize transcriptional dynamics in diverse systems.

Contributions: Junyue Cao and Jay Shendure developed the idea. Junyue Cao developed the
technique and performed experiments. Junyue Cao performed computational analysis with
suggestions from Wei Zhou. Junyue Cao and Jay Shendure wrote the manuscript. This work is in

press for publication in Nature Biotechnology.

4.1 Introduction

During organismal development, as well as during myriad physiological and pathophysiological

processes, individual cells traverse a manifold of molecularly and functionally distinct states. The

accurate characterization of these trajectories is key to advancing our understanding of each such
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process, for identifying the causal factors that drive them, and for rationally designing effective
perturbations of them. However, although experimental methods for profiling various aspects of
single cell biology have recently proliferated, nearly all such methods deliver only a static snapshot

of each cell, e.g. of gene expression at the moment of fixation or cell lysis.

To recover temporal dynamics, several groups have developed computational methods that place
individual cells along a continuous trajectory based on single cell RNA-seq data, i.e. the concept
of pseudotime(121,124,126,174-176). However, such methods are inherently limited in several
important ways, including that they are inferring rather than directly measuring dynamics, that
they are dependent on sufficient representation across the trajectory, and that they may fail to
capture the detailed dynamics of individual cells (e.g. directionality, multiple superimposed
potentials, etc.). Although time-lapse microscopy is a distinct technology that overcomes some of
these limitations, it is limited in throughput and scope (e.g. enabling visualization of a few marker
genes in a few cells), and as such may be insufficient to decipher the complexity of many biological

systems.

Here we describe a novel technique, sci-fate, to measure the dynamics of gene expression in single
cells at the level of the whole transcriptome. In brief, we integrated protocols for labeling newly
synthesized mRNA with 4-thiouridine (4sU)(131,177) with single cell combinatorial indexing
RNA-seq(132). As a proof-of-concept, we applied sci-fate to a model system of cortisol response,
and characterized expression dynamics in over 6,000 single cells. From these data, we quantify the
dynamics of the transcription factor (TF) modules that underpin the cell cycle, glucocorticoid

receptor activation, and other processes. We furthermore use these data to develop a framework
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for inferring the distribution of cell state transitions. The experimental and computational methods
described here may be broadly applicable to quantitatively characterize transcriptional dynamics

in diverse systems.

4.2 Material and Methods

Mammalian cell culture. All mammalian cells were cultured at 37°C with 5% CO,, and were
maintained in high glucose DMEM (Gibco cat. no. 11965) for HEK293T and NIH/3T3 cells or
DMEM/F12 medium for A549 cells, both supplemented with 10% FBS and 1X Pen/Strep (Gibco
cat. no. 15140122; 100U/ml penicillin, 100 pg/ml streptomycin). Cells were trypsinized with

0.25% typsin-EDTA (Gibco cat. no. 25200-056) and split 1:10 three times per week.

Sample processing for sci-fate. All cell lines (A549, HEK293T and NIH/3T3 cells) were
trypsinized, spun down at 300xg for 5 min (4°C) and washed once in 1X ice-cold PBS. All cells
were fixed with 4ml ice cold 4% paraformaldehyde (EMS) for 15 min on ice. After fixation, cells
were pelleted at 500xg for 3 min (4°C) and washed once with Iml PBSR (1 x PBS, pH 7.4, 1%
BSA, 1% SuperRnaseln, 1% 10mM DTT). After wash, cells were resuspended in PBSR at 10
million cells per ml, and flash frozen and stored in liquid nitrogen. Paraformaldehyde fixed cells
were thawed in a 37°C water bath, spun down at 500xg for 5 min, and incubated with 500ul PBSR
including 0.2% Triton X-100 for 3min on ice. Cells were pelleted and resuspended in 500ul
nuclease free water including 1% SuperRnaseln. 3ml 0.1N HCI were added into the cells for Smin
incubation on ice. 3.5ml Tris-HCI (pH = 8.0) and 35ul 10% Triton X-100 were added into cells to

neutralize HCI. Cells were pelleted and washed with 1ml PBSR. Cells were resuspended in 100ul
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PBSR. 100ul PBSR with fixed cells were incubated with mixture including 40ul Iodoacetamide
(IAA, 100mM), 40ul sodium phosphate buffer (500mM, pH = 8.0), 200ul DMSO and 20ul H20,
at 50°C for 15min. The reaction was quenched by 8ul DTT (1M) and 8.5ml PBS. Cells were
pelleted and resuspended in 100ul PBSI (1 x PBS, pH 7.4, 1% BSA, 1% SuperRnaseln). For all
later washes, cells were pelleted by centrifugation at 500xg for 5 min (4°C).The following steps

are similar with sci-RNA-seq protocol with paraformaldehyde fixed nuclei (178).

Read alignment and downstream processing. Read alignment and gene count matrix generation
for the single cell RNA-seq was performed using the pipeline that we developed for sci-RNA-seq
with minor modifications. Reads were first mapped to a reference genome with STAR/v2.5.2b
(179), with gene annotations from GENCODE V19 for humans, and GENCODE VM1 for mouse.
For experiments with HEK293T and NIH/3T3 cells, we used an index combining chromosomes
from both human (hg19) and mouse (mm10). For the A549 experiment, we used human genome
build hgl19.The single cell sam files were first converted into alignment tsv file using sam2tsv
function in jvarkit(180). Next, for each single cell alignment file, mutations matching the
background SNPs were filtered out. For background SNP reference of A549 cells, we downloaded
the paired-end bulk RNA-seq data for A549 cells from ENCODE(181) (sampled name:
ENCFF542FVG, ENCFF538ZTA, ENCFF214JEZ, ENCFF629LOL, ENCFF149CID,
ENCFF006WNO, ENCFF828WTU, ENCFF380VGD). Each paired-end fastq files were first
adaptor-clipped using trim_galore/0.4.1(182) with default settings, aligned to human hg19 genome
build with STAR/v2.5.2b(179). Unmapped and multiple mapped reads were removed by
samtools/v1.3(183). Duplicated reads were filtered out by MarkDuplicates function in

picard/1.105(184). De-duplicated reads from all samples were combined and sorted with
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samtools/v1.3(183). Background SNPs were called by mpileup function in samtools/v1.3(183) and
mpileup2snp function in VarScan/2.3.9(185). For HEK293T and NIH/3T3 test experiment, a
background SNP reference was generated in a similar pipeline above, with the aggregated single
cell sam data from control condition (no 4sU labeling and no IAA treatment condition). The
dimensionality of the data was first reduced with PCA (after selecting the top 2,000 genes with
highest variance) on digital gene expression matrix on either full gene expression data or the newly

synthesized gene expression data by Monocle 3/alpha (186,187).

Dimensionality reduction and clustering analysis.

For dimensionality reduction on single cell transcriptomes, the top 5 PCs for full transcriptomes
and top 5 PCs for newly synthesized transcriptomes were selected for each state, and combined in
temporal order along single cell state trajectory for UMAP analysis. Main cell trajectory types
were identified by density peak clustering algorithm(188). With cell state proportion at the
beginning time point (0 hour treatment) and cell state transition probabilities estimated from the
data, we first predicted the cell state distribution after 2 hours, assuming the cell state transitions
in DEX treatment are cell-autonomous, time-independent, Markovian processes. Similarly, the cell

state distribution at later time points can be predicted from the cell state distribution 2 hours before.

4.3 Results

4.3.1 Joint profiling of the total and newly synthesized transcriptome in cortisol response



85

Briefly, sci-fate relies on the following steps (Figure 4.1, a): (i) Cells are incubated with 4-
thiouridine (4sU), a thymidine analog, to label newly synthesized RNA(189-195). (ii) Cells are
harvested, fixed with 4% paraformaldehyde, and then subjected to a thiol(SH)-linked alkylation
reaction which covalently attaches a carboxyamidomethyl group to 4sU by nucleophilic
substitution(131). (iii) Cells are distributed by dilution to 4 x 96 well plates. The first sci-RNA-
seq molecular index is introduced via in situ reverse transcription (RT) with a poly(T) primer
bearing both a well-specific barcode and a degenerate unique molecular identifier (UMI). During
first strand cDNA synthesis, modified 4sU templates guanine rather than adenine incorporations.
(iv) Cells from all wells are pooled and then redistributed by fluorescence-activated cell sorting
(FACS) to multiple 96-well plates. Cells are gated on DAPI (4’,6-diamidino-2-phenylindole) to
distinguish singlets from doublets. (v) Double-stranded cDNA is generated by RNA degradation
and second-strand synthesis. After Tn5 transposition, cDNA is PCR amplified via primers
recognizing the Tn5 adaptor on the 5° end and the RT primer on the 3’ end. These primers also
bear a well-specific barcode that introduces the second sci-RNA-seq molecular index. (vi) PCR
amplicons are subjected to massively parallel DNA sequencing. As with other sci-
methods(132,196-202), most cells pass through a unique combination of wells, such that their
contents are marked by a unique combination of barcodes that can be used to group reads derived
from the same cell.(vii) The subset of each cell’s transcriptome corresponding to newly

synthesized transcripts is distinguished by T— C conversions in reads mapping to mRNAs.

For quality control, we first tested sci-fate with a mixture of HEK293T (human) and NIH/3T3
(mouse) cells under four conditions: with vs. without 4sU labeling (200 nM, 6 hrs), and with vs.

without the thiol(SH)-linked alkylation reaction. Under all four conditions, transcriptomes from
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human/mouse cells were overwhelmingly species-coherent (>99% purity for both human and
mouse cells, 2.7% collisions) with similar mRNA recovery rates (overall median 21,342 unique
molecular identifiers (UMIs) per cell). However, only with 4sU labeling and the thiol(SH)-linked
alkylation reaction did we observe a substantial proportion of reads bearing one or more T — C
conversions, i.e. newly synthesized transcripts (46% for human and 31% for mouse cells, as
compared with 0.8% for both species in untreated cells). The aggregated transcriptomes of cells
derived from sci-fate and conventional sci-RNA-seq on the same cell types were highly correlated
(Spearman’s correlation r = 0.99), suggesting that the short term labeling and conversion process

do not substantially bias transcript counts.

Cortisol influences the activity of almost every cell in the body, regulating genes involved in
diverse processes including development, metabolism and immune response(203). To investigate
the dynamics of cortisol response, we applied sci-fate to an in vitro model wherein dexamethasone
(DEX), a synthetic mimic of cortisol, activates glucocorticoid receptor (GR), which binds to
thousands of locations across the genome and significantly alters cell state within a rapid
timeframe(204—207). Specifically, we treated lung adenocarcinoma-derived A549 cells for 0, 2, 4,
6, 8 or 10 hrs with 100 nM DEX. In each condition, cells were incubated with 4sU (200 nM) for
the two hours immediately preceding harvest. We then performed a 384 x 192 sci-fate experiment
(Figure 4.1, b). Each of the six conditions was represented by 64 wells during the first round of
indexing, such that all samples could be processed in a single sci-RNA-seq experiment to minimize

batch effects.
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After filtering out low quality cells, potential doublets and a small subgroup of differentiated cells,
we obtained single cell profiles for 6,680 cells (median of 26,176 UMIs corresponding to mRNAs
detected per cell). A median of 20% of mRNA UMIs were labeled per cell (Figure 4.1, c¢). The
proportion of newly synthesized mRNAs was markedly higher in reads mapping to intronic (65%)
vs. exonic (13%) regions (p-value < 2.2e-16, two-sided Wilcoxon signed-rank test; Figure 4.1, d),
consistent with the expectation that the intronic reads are more likely to have been recently
synthesized. We also compared intronic reads and newly synthesised mRNA for RNA velocity
analysis (208) and observed a subjectively consistent picture between the two methods, suggesting

they convey similar information in our experiment.

In exploring these data, we first asked whether the newly synthesized vs. whole transcriptome data
convey identical or distinct information with respect to cell state. For each condition, we generated
pseudobulk transcriptomes for either the newly synthesized or whole transcriptomes (i.e.
aggregating across cells), and compared these in a pairwise fashion between conditions (e.g. whole
transcriptome at 0 hrs vs. 4 hrs; newly synthesized transcriptome at 2 hrs vs. 6 hrs, etc.). The lowest
correlations corresponded to the newly synthesized transcriptome with no DEX treatment (0 hrs)
vs. the newly synthesized transcriptomes of any DEX treated condition. Consistent with this,
performing dimensionality reduction with Uniform Manifold Approximation and Projection
(UMAP)(209) on whole transcriptomes failed to separate DEX untreated (0 hrs) vs. treated (2+
hrs) cells (Figure 4.1, e). In contrast, applying UMAP to the newly synthesized subset of the single
cell transcriptomes readily separated DEX untreated vs. treated cells (Figure 4.1, e). These patterns
are likely a consequence of the fact that in DEX treated cells, the newly synthesized transcriptome

more faithfully reflects the GR response itself. Illustrative of this, the classic markers for GR



88

response, FGD4(204) and FKBP5(210), exhibited the highest fold induction in comparisons of the
newly synthesized transcriptome at 0 hrs vs. 2 hrs, but the magnitude of their induction was

dampened in comparisons of the whole transcriptome between the same time points.

To jointly make use of the information conveyed by the whole and newly synthesized
transcriptomes, we combined their top principal components (PCs) for UMAP analysis. This
approach separates cells that had experienced no DEX treatment (0 hrs), recent treatment (2 hrs)
or extended treatment (4+ hrs) (Figure 4.1, e). Interestingly, with this joint approach, the cells
corresponding to two clusters defined by analysis of whole transcriptomes (clusters 1 & 4; Figure
3.1, f) each split into two groups (Figure 4.1, f). By examining the levels of newly synthesized
mRNAs corresponding to cell cycle markers(211), we found that one pair of these new groups
corresponds to cells in G2/M phase (high levels of both overall and newly synthesized G2/M
markers), and the other to early GO/G1 phase cells (high levels of overall but low levels of newly
synthesized G2/M markers) (Figure 3.1, g). Of note, cells from the 2 hr time point exhibited a
distribution of cell cycle states according to this joint information (Figure 4.1, g). Overall, these
analyses illustrate how joint analysis of the newly synthesized and whole components of single
cell transcriptomes can recover cell state information that is not easily obtained from the whole

transcriptomes alone.

4.3.2 TF module activity decomposes GR response, cell cycle, and other cellular processes

Multiple dynamic gene regulatory processes are concurrently underway in this in vitro GR

response system -- minimally, the GR response and the cell cycle. We speculated that these might
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be disentangled, and their intersection probed, by first identifying the transcription factor (TF)

modules driving new mRNA synthesis in relation to each such process.
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Figure 4.1. Sci-fate enables joint profiling of whole and newly synthesized transcriptomes.
(a) The sci-fate workflow. Key steps are outlined in text. (b) Experimental scheme. A549 cells
were treated with dexamethasone for varying amounts of time ranging from 0 to 10 hrs. Cells from

all treatment conditions were labeled with 4sU two hours before harvest for sci-fate. (¢) Violin
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plot showing the fraction of 4sU labeled reads per cell for each of the six treatment conditions. For
all violin plots in this figure: thick lines in the middle, medians; upper and lower box edges, first
and third quartiles, respectively; whiskers, 1.5 times the interquartile range; circles, outliers. (d)
Violin plot showing the fraction of 4sU labeled reads per cell, split out by the subsets that map to
exons vs. introns. (e) UMAP visualization of A549 cells (n = 6,680) based on their whole
transcriptomes (left), newly synthesized transcriptomes (middle) or with joint analysis, i.e.
combining the top PCs from each (right). (f) Same as left and right of panel e, respectively, but
colored by cluster id from UMAP based on whole transcriptomes. (g) Same as right of panel e, but
colored by normalized expression of G2/M marker genes by their overall expression levels (left)
or their levels of newly synthesized transcripts (right). UMI counts for these genes are scaled by

library size, log-transformed, aggregated and then mapped to Z-scores.

Towards identifying such modules, candidate links between TFs and their regulated genes were
identified as follows. For each gene, across the 6,680 cells, we computed correlations between the
levels of newly synthesized mRNA for that gene and the overall expression level of each of 859
expressed transcription factors, using LASSO (least absolute shrinkage and selection operator)
regression. Out of 1,086 links with TFs characterized by ENCODE(212), 807 were validated by
TF binding sites near the genes’ promoters(212), a 4.3-fold enrichment relative to background
expectation (odds ratio for validation = 2.89 for links identified in LASSO regression vs. 0.67 for
background, p-value < 2.2e-16, two-sided Fisher’s Exact test). These covariance links were further
filtered by ChIP-seq binding(181) and motif(213) enrichment analysis (Figure 4.2, a). In total, we
identified 986 links between 29 TFs and 532 genes. As a control, we permuted the cell order of

the cell x TF expression matrix used for this approach, and then performed the same analyses. No
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links were identified after this permutation. Some of the identified TF and gene regulatory
relationships are readily validated in a manually curated database of TF networks (TRRUST(214)),
such as E2F1 (top enriched TF of E2F1 linked genes = E2F1, adjusted p-value = 8e-7)(215),
NFE2L2 (top enriched TF of NFE2L2 linked genes = NFE2L2, adjusted p-value = 0.003)(215),
and SREBF2 (top enriched TF of SREBF2 linked genes: SREBF2, adjusted p-value =

0.0006)(215).

The 29 TFs with one or more gene links included well-established GR response effectors such as
CEBPB(216), FOX01(217), and JUNB(218). This group also included several TFs that have not
previously been implicated in GR response, including YODI and GTF2IRDI, both of which
exhibited greater expression and activity in DEX treated cells. The main TFs driving cell cycle
progression were also identified, including E2F1, E2F2, E2F7, BRCAI, and MYBL2(219).
Notably, the expression levels of TFs such as E2F 1 were more highly correlated with the levels of
newly synthesized target gene mRNA than the overall levels of target gene mRNA. We also
observed regulatory links corresponding to TFs involved in cell differentiation such as
GATA3(220), mostly expressed in a subset of quiescent cells, as well as TFs involved in oxidative

stress response such as NRF'1(221) and NFE2L2 (NRF2)(222).

We calculated a measure of each of these 29 TFs’ activities in each cell, based on the normalized
aggregation of the levels of newly synthesized mRNA for all of its target genes. We then computed
the absolute correlation coefficient between each possible pair of TFs with respect to their activity
across the 6,680 cells. Hierarchical clustering of these pairwise correlations resulted in the

identification of several major TF modules, i.e. sets of TFs that appear to be regulating the same
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process (Figure 4.2, b). A first large TF module corresponds to all cell cycle-related TFs in the set,
e.g. E2F1 and FOXM1(219). A second large TF module corresponds to GR response-related TFs
including FOXOI, CEBPB, JUNB and RARB(216-218). The other modules include one
corresponding to GR-activated G1/G2/M phase cells (KLF6, TEADI, and YODI), and another
corresponding to likely-differentiating GR-activated G1 phase cells GATA3 and AR(220,223).
Additional TFs or TF modules appear to capture other processes that are heterogeneous in this
population of cells, including NRFI and NFE2L2 for stress response/apoptosis (top enriched
pathway of NFE2L?2 linked genes: ferroptosis, adjusted p-value = 1e-5)(215,221,222,224); KLF5
for DNA damage repair (top pathway: ATM signaling, adjusted p-value = 0.018)(215,225); and
SREBF?2 for cholesterol homeostasis (top pathway: “SREBF and miR33 in cholesterol and lipid

homeostasis”, adjusted p-value = 9e-6)(215,226).

To assign cell cycle states to individual cells, we first ordered cells by their cell cycle-linked TF
module activity. This resulted in a smooth, nearly circular trajectory, in which the levels of newly
synthesized mRNA corresponding to known cell cycle markers was dynamic (Figure 4.2, ¢)(211).
We observed a gap between late G2/M phase and early G1 phase, consistent with the dramatic cell
state change during cell division. By unsupervised clustering of the activities of individual TFs
within the cell cycle-linked TF module, we identified 9 cell cycle states spanning the early, middle
and late cell cycle phases (Figure 4.2, d). Early G1 and late G2/M phase cells exhibited decreased
synthesis of new RNA relative to other parts of the cell cycle, possibly due to chromosomal
condensation during mitosis (Figure 4.2, €)(227-229). Other (i.e. non-cell-cycle) TF modules
exhibited different dynamics in relation to cell cycle progression (Figure 4.2, f). For example,

GATA3 activity peaks in the early G1 phase, potentially reflecting a cell differentiation pathway
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distinct from cell cycle reentry(220). In contrast, the modules of KLF5 and SREBF?2, associated
with DNA repair and lipid homeostasis, respectively, exhibited greater activity from S to G2 phase,

possibly related to roles in DNA replication and cell division, respectively(230).

With similar approaches, the cells can also be ordered into a smooth trajectory based on GR
response-linked TF module activity. As expected, this trajectory correlates well with DEX
treatment time, as well as the activity of GR response-related TFs (Figure 4.2, g). By unsupervised
clustering of the activities of individual TFs within the GR response-linked TF module, we

identified GR response states corresponding to no, low and high levels of activation (Figure 4.2,

Q).

We next sought to explore the intersection of the 9 cell cycle states (Figure 3.2, d) and the three
GR response states (Figure 4.2, g). Each of their 27 possible state combinations were represented
by some cells, with the smallest group corresponding to 1.1% of the overall dataset (n = 74 cells,
intersection of “early G2/M” cell cycle state and “no GR activation” state). Although we observe
several TF modules that appear specific to certain intersections of the cell cycle and GR response
(KLF6/TEAD1/YODI and GATA3/AR, discussed above), several observations support the
conclusion that the dynamics of the cell cycle and GR response operate largely independently.
First, we observe minimal correlation between the activities of the primary TF modules for cell
cycle and GR response across the 6,680 cells (Pearson’s correlation r = 0.004; Figure 4.2, b).
Second, the relative proportions of each of the 27 possible state combinations are readily predicted

by proportions of cell cycle and GR response states, i.e. with no interaction term.
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Characterizing TF modules driving concurrent, dynamic gene regulatory

processes in populations of single cells. (a) Schematic of approach used to identify links between

TFs and their regulated genes. (b) Heatmap showing the absolute Pearson’s correlation coefficient

between the activities of pairs of TFs. (¢) UMAP visualization of A549 cells (n = 6,680) based on

the activity of cell cycle-related TF module, colored by levels of newly synthesized mRNA
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corresponding to S phase markers (top left), G2/M phase markers (top right), and E2F1 activity
(bottom left). Bottom right panel is colored by pseudotime based on point position on the principal
curve estimated by princurve package(231). (d) Same as panel ¢, but colored according to nine
cell cycle states defined by unsupervised clustering analysis. In broad terms, cell cycle states 1-3
correspond to G1 phase, 4-6 to S phase, and 7-9 to G2/M phase. (e) Scatter plot showing the
changes in the fraction of newly synthesized mRNA in each cell (n = 6,680) along cell cycle
progression. The red line is the smoothed curve estimated by the geom smooth function(232). (f)
Similar to panel e, but showing smoothed activity of selected TF modules as a function of cell
cycle pseudotime. (g) UMAP visualization of A549 cells (n = 6,680) based on the activity of GR
response-related TF module, colored by DEX treatment time (left), CEBPB or FOXOI activity
(middle panels), or cluster id from unsupervised clustering (right). Throughout the figure, to
calculate TF module activity, newly synthesized UMI counts for genes linked to module-assigned

TFs are scaled by library size, log-transformed, aggregated and then mapped to Z-scores.

4.3.3 Inferring single cell transcriptional dynamics with sci-fate

We next sought to develop a strategy to use sci-fate data to infer the past transcriptional state of
each cell, i.e. at the onset of 4sU labeling, which might in turn allow us to relate cells derived from
different time points. The inference of this past transcriptional state requires knowledge of two
parameters -- first, the detection rate of newly synthesized transcripts (i.e. the proportion of newly
synthesised transcripts containing one or more detected T > C mutations), and second, the
degradation rate of each mRNA species. Below, we discuss how each of these parameters can be

estimated directly from the sci-fate data generated for this experiment.
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Under the assumption that mRNA degradation rates are not affected by DEX treatment (this
assumption is validated further below), it is relatively straightforward to estimate sci-fate’s
detection rate for newly synthesized transcripts. Each sci-fate transcriptome in this dataset consists
of two components -- the newly synthesized transcriptome, whose detection rate we are hoping to
estimate, and the ‘leftover’ transcriptome, i.e. transcripts that were present at the onset of 4sU
labeling, minus any degradation over the course of the two hours. Comparing the 0 hr (untreated)
and 2 hr DEX treatment groups, we expect that their leftover bulk transcriptomes (at the onset of
2 hour 4sU labeling) should be identical, as should sci-fate’s detection rate for newly synthesized
transcripts. As such, an equation can be constructed relating the transcriptomes of these treatment
groups to one another. For each of 186 genes exhibiting the largest differences in new transcription
between the two conditions, we solved this equation to estimate sci-fate’s detection rate. As these
estimates were largely consistent across genes and robust to sequencing depth, we used their

median value (82%) as sci-fate’s estimated detection rate for all subsequent analyses.

We next sought to estimate the degradation rate of each mRNA species. As noted above, the bulk
transcriptome at each time point in our experiment can be decomposed into the newly synthesized
transcriptome and the leftover transcriptome. Furthermore, the leftover transcriptome should equal
the bulk transcriptome from the time point two hours earlier, provided that we correct for mRNA
degradation over that interval. From these assumptions, an equation can be constructed and solved
to estimate the mRNA half-life of each gene, which we did independently for each two hour
interval of the experiment. As a first quality check, we simply compared these estimated mRNA

degradation rates between time points, and found them to be both consistent and robust to
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sequencing depth (median Pearson’s » = 0.92). As a second quality check, we compared them to
orthogonally generated estimates of mRNA half-lives from the literature(177). Despite the fact
that different technologies were used on different cell lines (A549 vs. K562), the estimates of
mRNA half-lives were reasonably consistent (Pearson’s » = 0.76). Of note, the absolute differences
in estimated mRNA half-lives between sci-fate and previous techniques could be due to the use of

different cell lines or systematic differences between the techniques.

With these parameters in hand, we next estimated the past transcriptional state of each cell in our
dataset, and sought to use these estimated states to link individual cells to one another across time
points (Figure 4.3, a). Specifically, for each cell B (e.g. a cell from the 2 hr time point), we used a
recently developed alignment method (211) to identify a cell A profiled at an earlier time point
(e.g. a cell from the 0 hr time point), wherein A’s current state was closest to B’s estimated past
state. In this framework, A can be regarded as the parent state of B. Applying this strategy to each
of the five intervals comprising our experiment, we constructed a set of linkages spanning the

entire dataset and time course (Figure 4.3, b).

A key contrast with conventional pseudotime is that with sci-fate, each cell is now characterized
not only by its present state, but also by specific linkages to a series of distinct cells matching its
predicted past and/or future states (Figure 4.3, ¢). To evaluate whether these mini-trajectories
contain structure, we applied UMAP and unsupervised clustering, which resulted in three distinct
trajectory clusters (Figure 4.3, d). To annotate these, we checked the proportions of each of the
aforementioned three GR response states and nine cell cycle states in each of them, as a function

of time. As expected, all three trajectories exhibited a rapid transition from no GR activation to
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low/high GR activation (Figure 4.3, ¢). However, each trajectory appears to correspond to a
different starting point with respect to the cell cycle (Figure 4.3, f). Trajectory 1 corresponds to
cells that transition from G2/M to G1 phase over the course of the 10 hr experiment. Trajectory 2
corresponds to cells that transition from late S phase to G2/M phase over the course of the
experiment. Finally, trajectory 3 corresponds to cells that transition from GI1 to either S phase or
Gl arrest over the course of the experiment. The inference of G1 arrest subsequent to DEX
treatment is consistent with the dynamics of cell state proportions in this experiment as well as
with previous research (233,234). As a control, we clustered the cell state transition trajectories by
simply aligning neighboring time points without knowledge of newly synthesized mRNA; this

failed to recover expected cell cycle dynamics.
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Figure 4.3. Inferring single cell transcriptional dynamics with sci-fate. (a) Schematic of approach for
linking cells based on estimated past transcriptional states to reconstruct single cell transition trajectories.
(b) 3D plot of all cells (cell number n = 6,680). The x and y coordinates correspond to the joint information
UMAP space shown in the rightmost panel of Fig. 4.1e. The z coordinate as well as colors correspond to
DEX treatment time. Linked parent and child cells are connected with grey lines. (¢) Schematic comparing
conventional scRNA-seq and sci-fate for cell trajectory analysis. (d) Similar to panel b, except the x and y
coordinates correspond to the UMAP space based on the single cell transition trajectories across the six
time points (cell number n = 6,680). (e-f) Barplots showing the contributions of the 3 GR response states

(e) and the 9 different cell cycle states (f) to each of three cell trajectory clusters.

4.3.4 Inferred single cell state transition links recapitulate expected dynamics

We next sought to evaluate whether the distribution of cell state transitions inferred by sci-fate are
consistent with the expected dynamics. We assigned each cell into one of the 27 states (3 GR
response x 9 cell cycle states) and computed a cell state transition network (Figure 4.4, a), with
the assumption that the cell state transitions in this experiment follow a Markov process with
transition probabilities that do not change over time. This assumption is validated in part by the
observation that the distribution of predicted cell state transitions estimated from the last three time
intervals (4 hrs to 6 hrs, 6 hrs to 8 hrs, 8 hrs to 10 hrs) are highly correlated with each other despite
of varied cell state proportions at 4 hrs vs. the later time-points. Consistent with DEX treatment,
transitions are highly biased from GI to S, S to G2/M, and G2/M to G1 phase of the cell cycle
(Figure 4.4, a). As a control analysis, cell state transition networks were similarly derived, but
based either on randomly permuted cell state transition links, or on links derived from mature

mRNAs only; these both failed to recapitulate the expected pattern of cell cycle transitions.
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The 27 states shown in Figure 4.4a each correspond to subsets of cells whose transcriptomes are
similar, making use of the joint information provided by distinguishing between old (> 2 hrs) vs.
new (< 2 hrs) transcripts. Importantly, the distribution of transitions are inferred, rather than
explicitly known, but supported by the fact that they correspond to expected phenomena, e.g.
irreversible progression through GR response, as well as irreversible progression through the cell
cycle. As an example, S phase cells without GR activation (0 hrs treatment) mostly transit into cell
state in S phase with GR activation (2 hrs treatment), while G2/M phase cells with no GR activation
(0 hrs treatment) mostly transit to G2/M or G1 phase cells with GR activation (2 hrs treatment)
(Figure 4.4, b). For comparison, overlaying the same UMAP coordinates with the RNA velocity
vectors(208), which infers transcriptional dynamics in single cell data from the proportion of
intronic vs. exonic reads, recovered similar patterns, but only when treatment time information

was incorporated into the RNA velocity analysis.

Can we use this framework to better understand the characteristics of transcriptional states that
govern their dynamics? As a first approach, we calculated the pairwise Pearson’s distance between
the aggregated transcriptomes of each of the 27 states. As expected, the greater the distance
between any pair of states, the lower the proportional representation of that transition in the
network (Spearman’s correlation coefficient = -0.38; Figure 4.4, c¢). As a second approach, we
computed “instability” as the proportion of cells inferred to be moving out of a given state between
time points (Figure 4.4, d). As expected, states corresponding to no GR activation were the least
stable by this metric. Furthermore, amongst high GR activation states, states corresponding to early

G1 were the most stable. These representations of the data are consistent with the transition
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network, wherein the states corresponding to high GR activation and early G1 are a frequent

“destination” of all nearby states (purple triangles in Figure 4.4, a).
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Figure 4.4. Constructing a state transition network for GR response and cell cycle. (a) Cell state
transition network. The nodes are 27 cell states characterized by combinations of cell cycle and GR
activation states. The links represent frequent cell state transition trajectories (transition proportion > 10%)
between cell states. This threshold for defining a link corresponds to approximately two standard deviations
from the mean transition proportion calculated after permuting cell transition links. (b) The x and y
coordinates correspond to the joint information UMAP space shown in the rightmost panel of Fig. le,
colored by DEX treatment time (top) or inferred cell cycle state (bottom). Grey lines represent inferred cell
state transition links between parent and child cells (left: cell state transition links starting from cells at the
S phase and no GR activation stage; right: cell state transition links starting from cells at G2/M phase and

no GR activation stage). Black arrows show main cell state transition directions. (¢) Scatter plot showing
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the relationship between transition distance (Pearson’s distance) and transition proportion (n = 729),
together with the red LOESS smoothed line by ggplot2(232). (d) 3D plot showing the cell state stability
landscape. X-axis represents GR response states (from no to low to high activation state). Y -axis represents
the cell cycle states ordered from G1 to G2/M. Z-axis represents cell state instability, defined as the

proportion of cells inferred to be moving out of a given state between time points.

4.4 Discussion

Experimental methods that recover not only the current state of any given cell, but also its velocity
vector, are distinct and potentially more powerful than computational methods for inferring such
vectors(235), e.g. pseudotime. To that end, we developed sci-fate, a novel method for concurrently
profiling the whole and newly synthesized transcriptome in each of many single cells. In applying
sci-fate to a model system of cortisol response, we found that the joint analysis of whole and newly
synthesized single cell transcriptomes enabled greater discrimination of cell states than was
possible with whole transcriptomes alone. Most notably, it became straightforward to distinguish
between the dynamic transcriptional modules underlying GR activation vs. progression through
the cell cycle. By analyzing covariance between TF expression and new RNA synthesis across
many single cells, we identified nearly one thousand regulatory links between 27 TFs and 532
target genes. These separated into several modules, including the GR response, cell cycle and
others, reflecting cellular processes that were heterogeneous across this population of cells and
that appeared to operate largely independently of one another. We were also able to infer the past
state of each single cell in the experiment, as well as to use links between cells based on these

inferences to construct a cell state transition network. Thus, sci-fate could in principle help
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overcome limitations of conventional single-cell RNA-seq when inferring causal regulatory

networks and may facilitate the development of computational methods serving this end (236).

Sci-fate captures information that is analogous to RNA velocity(208), which distinguishes ‘older’
vs. ‘newer’ transcripts based on their splicing status. On one hand, RNA velocity is more
straightforward than sci-fate, as it makes use of information that is indirectly captured by many
single cell profiling technologies, whereas sci-fate requires 4sU labeling steps that cannot
necessarily be used in all contexts. On the other hand, sci-fate lends itself to experimental control
in a way that RNA velocity does not, as the timing and length of 4sU labeling can be specified
whereas with RNA velocity it is a product of endogenous splicing dynamics. Furthermore, as we
show, an experimental design that couples the labeling of newly synthesized mRNA to a time
series (i.e. wherein the labeling and sampling intervals are matched), enables the quantitative

analysis of cells with complex transcriptional histories and futures.

While our manuscript was under review, two methods directed at the same goal, scSLAM-seq and
NASC-seq, were reported(237,238). Although there are broad similarities, including the labeling
strategy, we note major differences with respect to performance, accuracy and scalability: (1)
Because sci-fate uses combinatorial indexing, we were able to measure newly synthesized mRNA
in over 6,000 cells in a single experiment, compared with less than 200 cells for scSLAM-seq or
NASC-seq. Given that sci-fate is easily adaptable to three levels of combinatorial indexing(178),
it should already be possible to profile newly synthesized mRNA is >1 million cells per sci-fate
experiment. (2) sci-fate costs less than $0.20 per cell for library preparation with two-level

indexing, and less than $0.01 per cell with three-level indexing(178). By comparison, both
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scSLAM-seq and NASC-seq utilize smart-seq which costs about $11 per cell for library
preparation(239). On a related point, sci-fate required an order of magnitude fewer raw reads per
cell (~200,000 per cell with sci-fate vs. ~2 million reads per cell with scSLAM-seq), but achieved
a greater number of genes detected per cell (discussed further below). (3) A key feature of sci-fate
is that we performed in situ 4sU chemical conversion in bulk, fixed cells, resulting in a high
reaction efficiency and low mRNA loss. In contrast, scSLAM-seq and NASC-seq require
extracting mRNA from each cell followed by bead-based purification and chemical conversion,
which results in low reaction efficiency and a high rate of loss. As a result, sci-fate exhibits higher
efficiency to detect low abundance transcripts (median 6,500 genes detected per cell with sci-fate
vs. ~4,000 with scSLAM-seq, despite of 1/10 of the raw sequencing depth). Furthermore, sci-fate
exhibits a higher detection rate of newly synthesised mRNA (82% in sci-fate vs. <50% in
scSLAM-seq). (4) The signal-to-noise ratio (labeled vs. unlabeled cells) of sci-fate is 38- to 58-
fold , compared with only ~10-fold for scSLAM-seq or NASC-seq. This is partly due to the fact
that the sci-fate library preparation is strand-specific, whereas smart-seq is not. (5) sci-fate enables
direct counting of newly synthesised vs. pre-existing mRNA via 3’ tagged unique molecular
identifiers (UMIs). This is essential for removing PCR duplicates and for accurate modeling of
gene expression(240). In contrast, scSLAM-seq and NASC-seq do not have UMISs incorporated in
their design, which undoubtedly introduces additional noise from duplicates given the large
number of PCR amplification cycles used when amplifying material derived from a single cell. (6)
Additional major advantages of sci-fate over scSLAM-seq and NASC-seq include compatibility
with fixed cells and the ability to concurrently process multiple independent biological samples
within a single experiment. On a related point, it is notable that in situ 4sU chemical conversion

requires cell permeabilization and, at least in our experience, PFA fixation, neither of which is
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straightforward to introduce on droplet-based scRNA-seq platforms such as 10x Genomics. It is
also potentially compatible with concurrent profiling of the epigenomes from the same cells(197),
although ideally, we would be able to profile not only nascent transcription but also nascent

epigenetic events at the single cell level.

We note that while sci-fate enables quantification of mRNA synthesis in single cells, we are still
in need of methods for measuring mRNA degradation rates in single cells. Related to that, our
simplifying assumption that gene-specific degradation rates are constant across our DEX time
course might not be a good choice in other systems. Specifically, in systems where the gene-
specific degradation rates are expected or observed to substantially vary over time, these should

be estimated for each time interval separately.

Sci-fate can be broadly applied to most in vitro systems to quantitatively characterize cell state
dynamics within short time windows (e.g. one to several hours). For even shorter time frames, a
concern is that signal-to-noise will drop as the rate of labeling falls towards the background rate
of 0.8%. For longer time frames, a time series approach can be adopted as in the main experiment

described here.

A major limitation of sci-fate is that 4sU labeling experiments are generally performed within in
vitro cell culture models. However, recent studies have shown that 4sU can be used in conjunction
with transgenic UPRT-expressing mice to stably label cell type-specific nascent RNA transcription

in vivo(241-243), suggesting that sci-fate, with further optimizations to enhance 4sU incorporation
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and detection rate, can potentially be used to profile single cell transcriptional dynamics in vivo

and at scale.

Chapter 5. The future of high-throughput methods for profiling protein-

DNA and protein-RNA interactions.

Many high-throughput methods have been developed to profile the interactions between proteins

and nucleic acids to explore critical biological questions, including the binding profiles of
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transcription factors or RNA-binding proteins. In this dissertation, I describe my work to identify
the binding sites of variants of the yeast transcription factor Stel2 in a genome-wide manner to
understand how variation in a transcription factor affects its in vivo genome binding, the gene
expression program it drives, as well as the ultimate phenotype of the cell. I found subtle changes
in the coding region of the transcription factor can result in large regulatory rewiring; however,
the major determinants of organismal phenotype are the changes in the expression of a small,
related set of genes. I also describe another project in which I combined a yeast-three hybrid system
with next-generation sequencing to score the binding activity of each of a large number of PUF
variants to an RNA sequence containing each possible RNA base at the cognate position
recognized by a PUF repeat. From this work, I identified a complete code for RNA recognition by
this domain. In the following section, I will describe some areas that I believe will be important
for the field to consider over the coming years, as more high-throughput methods are continuously

being developed to tackle these questions.

5.1 Is a complete DN A motif catalog feasible for transcription factors as well as their

variants?

The transcription factor motif catalog has been greatly expanded with the recent development of
high-throughput in vitro technologies to characterize DNA binding, including protein-binding
microarrays (137), high-throughput SELEX (12,137) and bacterial one-hybrid systems (30).
However, the DNA-binding specificity of several hundreds of transcription factors still remains
uncharacterized, not to mention variants of these factors. The lack of a motif catalog for these

transcription factor variants limits our ability to explore the effects of genetic variation on TF-
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DNA binding behavior. The scenario is complicated even more by the fact that many TFs do not
bind to the genome individually, but in cooperation with other DNA-binding proteins. In fact,
studies have already shown a great discrepancy between the in vivo DNA binding profile and the
in vitro derived binding motif (22). Therefore, these studies emphasize the need for new high-

throughput in vivo technologies to close this gap.

Existing in vivo technologies, including ChIP-seq (33), DamID-seq (244), or Calling Card-seq
(42), are still low-throughput in terms of exploring the effects of genetic variation on TF-DNA
binding behavior and achieving a complete catalog for each TF variant. However, it is highly
possible that an optimized calling card approach could achieve this goal. In this optimized
approach, a transposon would be inserted into the genome near to where the TF binds and a barcode
within the transposon would not only label the “visit” of the TF to that location, but also serve as
the identity for a given transcription factor variant. Therefore, such an approach may enable
multiplexed identification of genomic targets for a large number of transcription factor variants at

one time.

Another concern for achieving a complete DNA motif catalog is that the current catalog mostly
relies on position-weight matrix (PWM) representation (136), as PWMs allow the scoring of a
given DNA sequence based on its similarity to a motif. However, many recent studies have shown
that the sequence environment may involve features that promote DNA binding, such as high GC
content or a higher similarity to the core motif (245,246), which may be critical to predict the DNA
binding events for a TF. In fact, TF motifs tend to occur in clusters, and these clustered sites may

buffer genetic perturbations that may affect one site (247). To increase the robustness of motif
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definition, further efforts should aim at incorporating more datasets at genomic scale and applying
machine learning methods to predict a comprehensive catalog of TF binding sequences. One recent
example are studies that apply machine learning methods to k-mer vocabularies trained on ChIP-
seq datasets in order to predict binding preferences of TFs. In the future, more input features,
including k-mer vocabulary, structure, chemical or epigenomic features, based on both in vivo and
in vitro derived datasets, should be applied to train machine learning models in order to generate

a complete catalog of TF-binding sequences.

5.2 How can RNA recognition and the manipulation of RNA-related processes be

optimized?

Nature has provided simple rules for different proteins to recognize RNA sequences, which affect
various processes of RNA biology. The work I present in Chapter 3 demonstrated how we can
apply next-generation sequencing techniques to comprehensively explore the rules of RNA
recognition. Advances in structural biology and biochemistry will further unravel these rules and

allow the engineering of RNA-binding scaffolds.

For any method that specifically targets endogenous gene expression, one important concern is to
control its off-target effects. To best recognize RNA, the first opportunity is in the design stage.
For many RNA-binding platforms, such as the PUF or PPR scaffold, it is possible that a look-up
table that includes comprehensive base-specific recognition codes can be achieved through high-
throughput specificity screen experiments, similar to the work in chapter 4. As the genome

sequences of many organisms have been characterized, it will be useful to search the transcriptome
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and estimate the frequency of possible off-target sites. In addition, it is important to consider the
effect of RNA structure, as many studies have shown that structures such as extensive hairpin can
greatly decrease binding affinity (248). For example, we can select target sites in less structured
regions, with off-target sites that are embedded in more structured regions. We can increase
recognition specificity by using an RNA-binding scaffold that contains more repeats. In fact, recent
studies have engineered a PUF domain with a capacity to recognize RNA sequences of more than
eight bases (172,249). Lastly, we can control the expression of the engineered RNA-binding
domain to occur at the same time and in the same space as its target RNA. For example, studies
have successfully silenced mitochondrial RNA by engineering an RNA-binding protein to be
expressed only in mitochondria, thereby eliminating off-target effects against nuclear/cytoplasmic

RNA (250).

In the future, the manipulation of gene expression at the RNA level may become easily accessible
by fusing functional domains with RNA-binding platforms of high specificity. Compared with
manipulation at the DNA level, this manipulation will be non-permanent and reversible, and
therefore may have good potential as a therapeutic reagent. For example, by fusing a PUF domain
with Arg/Ser-rich domains of SRSF1, Wang et al. (251) developed novel splicing activators or
inhibitors, which allow splicing to change from an antiapoptotic long isoform into a proapoptotic
short isoform. This change sensitizes several cancer cell lines to anticancer drugs. In addition,
Choudhury et al. (250) combine a general RNA cleavage domain with a PUF domain to achieve a
function analogous to DNA restriction enzymes in vivo. Moreover, through combining a PUF
domain with a translational activator or a repressor, the engineered domain can specifically

recognize its RNA target and then activate or repress translation (80). Other manipulations,
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including RNA editing (252), modification (253), translocation, as well as degradation (254), can
be achieved through fusing an RNA-binding domain with a functional domain. Together, the same
design principles can be applied by fusing various functional domains to RNA-binding platforms

to achieve novel biological activities.

Overall, significant advances in understanding biological processes can be achieved through
targeting and manipulation of gene expression at the RNA level. I believe RNA-binding platforms
will be continuously optimized, in terms of their affinity, specificity, as well as their broad

applications.
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Chapter 6. Appendices

APPENDIX A

Table 7.1 Oligonucleotides use in Chapter 2

Oligo # Oligo Sequence
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316(internal fwd)

GATGTCCTAAATGCACAGCGAC

317(internal_rev)

GAGGCGTGCTTGTCAATGC

376(external fwd 1)

AATGATACGGCGACCACCGAGATCTACACCTCCATCGAGACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

377(external rev)

CAAGCAGAAGACGGCATACGAGATTGCTTGTCAATGCGGTAAG

378(external fwd 2)

AATGATACGGCGACCACCGAGATCTACACTTGGTAGTCGACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

429(external_fwd_3)

AATGATACGGCGACCACCGAGATCTACACCCTAGACGAGACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

430(external fwd 4)

AATGATACGGCGACCACCGAGATCTACACTCGTTAGAGCACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

431(external fwd 5)

AATGATACGGCGACCACCGAGATCTACACCGTTCTATCAACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

432(external fwd 6)

AATGATACGGCGACCACCGAGATCTACACCGGAATCTAAACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

532(external fwd 7)

AATGATACGGCGACCACCGAGATCTACACATGACTGATCACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

533(external fwd 8)

AATGATACGGCGACCACCGAGATCTACACTCAATATCGAACACTCTTTCCCTA
CACGACGCTCTTCCGATCTCGTCAATTTTACGCAGACTATC

APPENDIX B

Table 7.2 Oligonucleotides use in Chapter 3

Oligo #

Oligo sequence

623(internal fwd R1_A)
624(internal fwd R1 _U)
625(internal fwd R1_G)
626(internal fwd R1 C)
627(internal fwd R2 A)
628(internal fwd R2 U)

629(internal_fwd R2_G)

GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAAGGAATTTTCCCAAGACCAGCATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTGGAATTTTCCCAAGACCAGCATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGGGAATTTTCCCAAGACCAGCATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCGGAATTTTCCCAAGACCAGCATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAACCAACTCATGGTGGATGTGTTTGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTCCAACTCATGGTGGATGTGTTTGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGCCAACTCATGGTGGATGTGTTTGG




630(internal fwd R2 C)
631(internal fwd R3 A)
632(internal fwd R3_U)
633(internal fwd R3_G)
634(internal fwd R3 C)
635(internal fwd R4 _A)
636(internal fwd R4 U)
637(internal fwd R4 G)
638(internal fwd R4 C)
639(internal fwd R5_A)
640(internal fwd R5 U)
641(internal fwd R5_G)
642(internal fwd R5 C)
643(internal fwd R6_A)
644(internal fwd R6_U)
645(internal fwd R6_QG)
646(internal fwd R6_C)
647(internal fwd R7_A)
648(internal fwd R7 U)
649(internal fwd R7_G)
650(internal_fwd R7 C)
651(internal fwd R8 A)
652(internal fwd R8 U)
653(internal fwd R8 Q)
654(internal_fwd R8 C)
418(internal_rev)
419(external fwd)

420(external rev_1)

421(external rev_2)

422(external_rev_3)
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GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCCCAACTCATGGTGGATGTGTTTGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAAGTCATTGGCACTACAGATGTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTGTCATTGGCACTACAGATGTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGGTCATTGGCACTACAGATGTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCGTCATTGGCACTACAGATGTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAAGAAGTGTGTGAAAGATCAGAATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTGAAGTGTGTGAAAGATCAGAATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGGAAGTGTGTGAAAGATCAGAATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCGAAGTGTGTGAAAGATCAGAATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAATGCCTTATCCACACATCCTTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTTGCCTTATCCACACATCCTTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGTGCCTTATCCACACATCCTTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCTGCCTTATCCACACATCCTTATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAAGCAGCTTGTACAGGATCAATATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTGCAGCTTGTACAGGATCAATATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGGCAGCTTGTACAGGATCAATATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCGCAGCTTGTACAGGATCAATATGG
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAATGTATTGAGTCAGCACAAATTTGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTTGTATTGAGTCAGCACAAATTTGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGTGTATTGAGTCAGCACAAATTTGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCTGTATTGAGTCAGCACAAATTTGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNAACACCATGATGAAGGACCAGTATGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNTTCACCATGATGAAGGACCAGTATGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNGGCACCATGATGAAGGACCAGTATGC
GCAAGCGGTGCGGCAGGAGGTCGTGNNNNCCCACCATGATGAAGGACCAGTATGC
GCTGGACGACGCTGCACGGAGCTGCTTGGTGTGGCACGCTCCAGTTTCAG
AATGATACGGCGACCACCGAGATCTACACGCAAGCGGTGCGGCAGGAGGTCGTG

CAAGCAGAAGACGGCATACGAGATAGCTTACGGCTGGACGACGCTGCACGGAGCTGC

T

CAAGCAGAAGACGGCATACGAGATATCGCGATGCTGGACGACGCTGCACGGAGCTGC

T

CAAGCAGAAGACGGCATACGAGATTACGGTCAGCTGGACGACGCTGCACGGAGCTGC
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