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Complex interactions between hundreds of transcription factors underlie the gene expression 

profiles that give rise to cellular form and function. However, it is still not entirely understood how 

organisms faithfully recapitulate complex phenotypes through differentiation and development. 

Here I discuss the role MicroRNAs play in the robustness of human gene regulatory networks. 

Specifically, I find that TF-miRNA negative feedback circuits are significantly enriched in 

networks across 156 diverse cell types and that the motifs occur preferentially with highly 

connected TFs that drive local network architecture. My work also implicates TF-miRNA circuits 

in the reinforcement of cell fate decisions, and expression changes observed during differentiation. 

Further to the aforementioned, a second aspect of my work has focused on approaches for targeted 

manipulation and perturbation of regulatory elements and networks. Although genome editing has 

now become commonplace, tools and approaches for precisely manipulating gene expression and 

regulatory networks are still lacking. Here I describe development of novel computational tools 

for the efficient design and synthesis of potent and specific Transcriptional Activator-Like 

Effectors (TALEs) and TALE nucleases (TALENs).  
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Chapter 1:  Introduction 

1.1 Background on Gene Regulation 

 Every cell in the human body contains the same genetic code, but through differentiation 

and development mature cells and tissues have drastically differing phenotypes and serve 

different functions. Even in a single-celled organism like bacteria, a seemingly static genome can 

still respond to environmental perturbations and stimuli (Covert et al. 2004; Martínez-Antonio, 

Janga, and Thieffry 2008). Complex organisms show robust development despite external and 

internal perturbations in a process Waddington referred to as Canalization (WADDINGTON 

1942). The drivers behind development are, of course, Transcription Factors (TFs). TFs control 

when and where genes are expressed and how cells respond to signals from other cells and the 

environment. From the very beginning, growth of an organism from a fertilized egg is kicked off 

by TFs, usually received from the mother (Ptashne 2013). Needless to say, a great deal of effort 

has gone into understanding TFs and how they function.  

 On the most basic level, TFs consist of two core domains; a DNA binding domain (DBD)  

(PTASHNE 1967) and an activation domain (DOUGLAS and HAWTHORNE 1964). The DBD 

of a TF protein binds the promoter region of a gene and recruits RNA polymerase which 

activates transcription. This process, known as regulated recruitment, is one of the fundamental 

principles of gene expression and is one of the most common models of gene activation. This, 

however, is an oversimplification, as not all TFs activate gene expression. In fact, the very first 

models of regulated gene expression were that of repression (Ptashne 2005). In the early 1960s 

Jacob and Monad described the workings of the lac operon and the phage lambda genes, two 
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systems “switched off” until presence/detection of the right environmental stimuli, lactose in the 

case of the lac operon and UV radiation in the case of the phage lambda genes. However, it turns 

out that most genes, even in the absence of a repressor, are only expressed at basal levels and the 

presence of an activator can dramatically increase expression (Ptashne 2005).  

 The process of transcription is complicated in eukaryotes by the presence of 

nucleosomes, the DNA-histone octamer complex by which DNA is condensed into a higher 

structure known as chromatin (Luger et al. 1997; Kornberg 1977). Although chromatin is 

important for DNA packaging purposes, it presents a significant barrier for transcription that is 

overcome by regulated recruitment. In this eukaryotic context, gene activation primarily occurs 

through the cooperative action of multiple TFs, mediator, and chromatin modifying complexes 

(Myers and Kornberg 2000; Malik and Roeder 2000; Cosma, Tanaka, and Nasmyth 1999) to 

evict nucleosomes from the gene promoter so transcription can occur (Gross and Garrard 1988). 

Despite this added complexity, cell-type specific transcriptional programs are still initiated by a 

class of proteins known as pioneer factors, which can interact with nucleosome bound DNA and 

recruit other TFs and chromatin modifying factors (Cirillo et al. 1998; Bossard and Zaret 1998; 

Laganière et al. 2005). TFs are so instrumental to shaping a cell’s transcriptional landscape, that 

the addition of specific sets of TFs can reprogram the transcriptional landscape to that of another 

cell type (Graf and Enver 2009; Takahashi and Yamanaka 2006; Davis, Weintraub, and Lassar 

1987).   

1.2 Gene Regulatory Networks  

 Gene regulatory networks describe the connections between TFs and the genes that they 

regulate (Lee et al. 2002). Dissecting regulatory networks for key principles that dictate gene 
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expression and how cells respond to the environment is one of the fundamental questions in 

systems biology (Thompson, Regev, and Roy 2015). Traditionally, the construction of regulatory 

networks has been done by collecting information from individual experiments, focusing on a 

single gene of interest, and it often takes years to generate a network/subnetwork of moderate 

size (Davidson et al. 2002; Yun and Wold 1996). More recently, novel genome-wide techniques 

have been developed and applied, each with their own advantages and disadvantages. I classify 

these techniques into two broad classes; network discovery via direct binding assays and network 

inference from gene expression data. Here I describe a collection of these methodologies and 

consider the pros and cons associated with them. 

1.2.1 Inference Methods 

One common form of network construction is to infer regulatory interactions from gene 

expression data, essentially leveraging the fact that interacting genes will have a higher 

expression correlation across a wide range of cellular conditions. This type of analysis has been 

successfully applied to reconstruct networks in various different organisms and conditions 

(Basso et al. 2005; Carro et al. 2010). To this effect, these methods are applied to datasets 

constructed from numerous, sometimes in the hundreds, samples or perturbations of a given 

system (Kemmeren et al. 2014; Amit et al. 2009; Walker et al. 2007). Different network 

inference algorithms apply various computational models and heuristics, but generally suffer 

from several major drawbacks. Firstly, these methods are computationally and statistically 

complex, needing to query hundreds to thousands of potential regulators for every gene, resulting 

in long computation time and multiple hypothesis testing (Dunn et al. 2014; Greenfield, 

Hafemeister, and Bonneau 2013; Friedman 2004). Secondly, these experiments lack direct 

evidence for interactions, resulting in false positives caused by indirect correlations. Finally, 
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reliable correlations require expression values from a large number of samples or perturbations 

per cell type which could take months or even years to collect.   

The past ten years has seen the development of an abundance of methods for single cell 

sequencing and its application to RNAseq (Klein et al. 2015; Macosko et al. 2015; Ramsköld et 

al. 2012; Islam et al. 2011; Tang et al. 2009). Single cell RNAseq (scRNAseq) has great promise 

for the generation of gene regulatory networks. Instead of sequencing many samples over 

varying conditions, scRNAseq leverages the natural variation in gene expression to infer 

regulatory relationships, allowing expression to be measured in a more native context. However, 

one important consideration with scRNAseq is that transcription on a single cell level is 

stochastic, and “bursty” (Molin and Camillo 2018), and it is often difficult to distinguish between 

natural variation and noise, leading to spurious correlations. Many methodologies developed for 

bulk RNAseq don’t work with scRNAseq data (Stegle, Teichmann, and Marioni 2015) and new 

methods need to be developed with single cell dynamics in mind.  

1.2.2 Network Discovery via Direct Binding Assays 

 Chromatin Immunoprecipitation when combined with next generation sequencing (ChIP-

seq) allows the discovery of transcription factor binding sites genome wide (Robertson et al. 

2007; Harbison et al. 2004). This technique functions by cross linking DNA-binding proteins to 

DNA in vivo and then using an antibody to purify any protein complexes containing the TF of 

interest. The DNA is then separated from the complex and sequenced to obtain a direct readout 

of associated DNA sequences. Though this method allows for the simultaneous identification of 

every binding site for a given TF across the entire genome, it is limited by the availability of 

reliable antibodies, the detection of spurious binding sites from indirect binding , and by the fact 

that separate experiments must be done for every TF in every cell type  (~ 1700 human TFs 
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(Vaquerizas et al. 2009)). ChIP-seq is useful for identifying high-quality binding sites for 

individual TFs and is often used as gold standard validation, however it is not currently suitable 

for the construction of genome wide regulatory networks across multiple cellular contexts. 

 The yeast one-hybrid assay has been implicated as a high-throughput method of 

regulatory network reconstruction (Reece-Hoyes et al. 2011; Walhout 2006). This method is 

conducted by creating a yeast plasmid containing a DNA sequence of interest, in this case the 

promoter region of human protein coding genes, upstream of a reporter gene and transfecting it 

into yeast. A fusion/hybrid protein is also introduced into the yeast consisting of the DNA-

binding domain of the TFs of interest and a yeast activating domain. If the TF of interest binds 

the given DNA sequence, the reporter gene is expressed. Modifications of this protocol allow it 

to be easily applied to pairwise combinations of hundreds to thousands of DNA-binding proteins 

and promoters sequences. Though this method can be applied in a high-throughput fashion, it 

cannot determine whether a given TF is an activator or a repressor. Also, since these experiments 

are conducted in yeast, they lack native cellular context and do not capture interactions between 

multiple TFs in the same promoter region. 

 DNaseI is an enzyme that has been used to study regulatory DNA for over forty years. 

When a nucleus is treated with DNaseI, areas of accessible DNA are preferentially cleaved, 

producing so-called DNaseI hypersensitive sites (DHSs). Combining DNaseI cleavage with next 

generation sequencing yields a genome-wide accessibility profile. Cleavage within DHSs is not 

uniform, instead regions of DNA currently being bound by TFs and other DNA binding proteins 

are protected. This process, known as DNase footprinting (Galas and Schmitz 1978), has been 

used since the 70s to reliably identify regulatory elements and was implicated in the discovery of 

the first sequence specific transcription factor (Dynan and Tjian 1983). By searching within gene 
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promoters for footprints containing known TF binding motifs, a genome-wide regulatory 

network can be derived for a cell type from a single experiment. This method is ideal for 

analyzing binding dynamics across many cell types, but accurate calling of footprints requires 

expensive, high coverage sequencing data and successful identification of the binding TF 

requires accurate TF motif models.  

 For the context of this project, I use gene regulatory networks derived from DNaseI data 

because I am particularly interested in the binding dynamics of specific TFs across gene 

promoters of many different cell types and conditions. Using DNaseI sequencing data allows me 

to leverage the full diversity of the data collected for the ENCODE project (Consortium 2004) 

and this methodology has been shown to recapitulate know regulatory interactions (Neph et al. 

2012).  

Chapter 2:  TF-miRNA Feedback Circuits and their potential role 

in the canalization of human regulatory networks 

2.1 Introduction 

 The interactions of sequence-specific TFs with protein coding genes underlie the defining 

features of cellular identity, differentiation, and development (Iwafuchi-Doi and Zaret 2016). Of 

particular interest are the network interactions where a given TF regulates another TF. These 

core TF networks are believed to form the foundation of cell-type-specific gene expression, 

phenotype, and function. However, TFs do not operate in isolation, instead they work in tandem 

with non-coding RNAs, signaling molecules, and other regulatory machinery to regulate gene 

expression profiles. Specifically, microRNAs (miRNAs) inhibit gene expression of target 
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mRNAs in a sequence-specific fashion. miRNAs interact heavily with TFs and it is widely 

accepted that they are also implicated in cellular identity, differentiation, and development (Lin 

et al. 2015).  

miRNAs are small (~22 nucleotide) non-coding RNAs that post-transcriptionally inhibit 

gene expression (T. Lee et al. 2002). miRNAs are transcribed as longer transcripts known as 

primary miRNAs (primiRNAs) that contain the sequence for one or miRNA stem loops. These 

primiRNAs are processed, first by Drosha into short hairpin molecules in the nucleus, and then 

subsequently by Dicer in the cytoplasm into mature miRNAs that incorporate into the RNA-

Induced Silencing Complex (RISC) to silence mRNA translation (Bartel 2004). miRNAs target 

gene transcripts by forming by forming Watson-Crick base pairing in their seed region 

(nucleotides 2-8) with the complementary sites in the 3’ UTRs of specific mRNAs (Bartel 2009). 

Since this targeting happens in such a predictable fashion, many algorithms have been 

developed to predict miRNA target sites (Betel et al. 2008; Lewis, Burge, and Bartel 2005). 

miRNA represent a major class of regulatory factors as it is predicted that roughly 60% of 
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protein coding genes are targeted by miRNAs (Dunn et al. 2014; Greenfield, Hafemeister, and 

Bonneau 2013; N. Friedman 2004).   

 

Figure 2.1 miRNA Biogenesis 

miRNAs are transcribed either as introns of protein coding genes or as 
polycistron clusters. They are processed into hairpins by Drosha, and then 
exported into the cytosplasm where they are further processed by Dicer into two 
complementary mature miRNAs. One of the miRNAs is loaded into the RISC 
complex where it is used for targeted silencing, either by translational inhibition 
or mRNA degradation.  

 

Due to their repressive nature, it has been hypothesized that miRNAs function primarily 

to reduce noise and enforce cell fate decisions (Hornstein and Shomron 2006). Like other 

sequence-specific regulatory factors, such as TFs, miRNAs have the potential to regulate many 
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different genes at once (Stark et al. 2005), allowing even a single miRNA to influence entire 

transcriptional programs. Deletion of DGCR8, a key protein in the miRNA biogenesis pathway, 

leaves Embryonic Stems cells in mice unable to properly downregulate pluripotency genes 

during differentiation (Wang et al. 2007), and aberration of dicer leads to many different 

developmental abnormalities (Graf and Enver 2009; Takahashi and Yamanaka 2006; R. L. Davis, 

Weintraub, and Lassar 1987).   

Several studies have demonstrated that miRNAs canalize development by contributing 

to robust gene expression leading to faithful recapitulation of animal body plans (Sokol and 

Ambros 2005; Li et al. 2006; Cassidy et al. 2013). When a miRNA is expressed in the same 

system (and at similar levels) as its target genes, that miRNA serves as a tuning mechanism to 

reduce variations in the expression level of its target genes (Mukherji et al. 2011). Conversely, 

when a miRNA and its target genes are in different cell types/tissues then that miRNA serves a 

fail-safe mechanism to ensure that proteins are not expressed in the wrong cellular context 

(Moss, Lee, and Ambros 1997; Wightman, Ha, and Ruvkun 1993). In the former scenario, 

miRNAs ensure phenotypic stability in the face of transcriptional noise, and in the latter, they 

re-enforce cell fate decisions. 

A prominent feature of complex networks is the recurrence of subnetworks known as 

network motifs (Milo et al. 2002). Our group has shown that Transcription Factor (TF) 

regulatory networks across a diverse set of tissues/cell types are enriched for a common set of 

these network motifs (Neph et al. 2012). Motifs involving the interactions between TFs and 

miRNAs, such as Feedforward loops (FFLs) and feedback circuits (FBCs), have been shown to 

be prominent features of regulatory networks in metazoans (Martinez et al. 2008; Tsang, Zhu, 
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and van Oudenaarden 2007). FBCs in particular have been implicated in many biological 

processes; the epithelial-mesenchymal transition (Bracken et al. 2008; Gregory et al. 2008), 

muscle development (Y. Wang et al. 2007), brain development (Johnston et al. 2005; Johnston 

and Hobert 2005), and heart development (Niu et al. 2007). Thus, understanding the interplay of 

TFs and miRNAs in the context of feedback circuits presents an interesting challenge. 

2.2 Results 

2.2.1 Identification of miRNA Promoters 

I annotated a novel set of miRNA promoters by pairing transcripts from three different 

sources with a comprehensive set of non-overlapping DNase Hypersensitive Sites (DHS) derived 

in house using data from the ENCODE project. First, I took transcription start sites (TSSs) from 

the Integrated miRNA Expression Atlas (Rie et al. 2017) and merged them with TSSs derived 

from transcripts in GENCODE v26 and those derived from Drosha dominant-negative 

knockdown experiments (Chang et al. 2015) that overlapped miRNA genes in miRbase v22 on 

the same strand. Next, I identified the closest DHS from the ENCODE derived master list within 

1000bp to each TSS. These DHS became the putative core promoters, and transcripts with the 

same core promoter were assumed to be under the same transcriptional control. Using this 

process, I identified 4,101 unique putative promoters for 2,200 of the 2,652 miRNA genes 

annotated in miRbase. Figure 2.2 describes this process in detail and as seen in panel B 

combining these three data sources gives us a much more comprehensive view of the total 

miRNA promoter landscape.   
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Figure 2.2 miRNA Promoters 

A. The process of miRNA promoter annotation. Transcripts that overlapped 
with miRbase miRNA genes were integrated from three different sources; 
integrated miRNA atlas, gencode, and drosha dominant negative 
experiments. The TSS of these transcripts were mapped to the closest 
DHS in our ENCODE derived master list. This yielded promoters for a 
large number of miRNA genes in miRbase.  

B. The overlap of promoters derived from the different source transcripts. 
Combining data from these three sources yields far more candidate 
promoters than any one of these sources alone.  

 

2.2.2 MicroRNA Promoter activity reconstructs developmental lineages 

 miRNAs are known to act as key regulators in early embryonic development by 

facilitating robust gene expression programs during differentiation (Ivey and vastava 2010). 

Therefore, I expect the activity of miRNA promoters to reflect the taxonomy of human tissues 

during development. To assess the accuracy of our promoter annotations, I constructed an 

activity matrix for 32 fetal samples consisting of 15 distinct organs, collected and sequenced for 

the ROADMAP project, over the 4,101 candidate miRNA promoters. This binary matrix 

reflected the chromatin accessibility state, “accessible” or “not-accessible”, for each promoter 

across all samples. Hierarchical clustering performed on the samples yielded tight groups of 

physiologically similar tissues and clustering at the promoter level allow us to partition miRNA 
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promoters into four different classes (Figure 2.3). The first class consisted of promoters 

constitutively active across all samples. Another class are broadly active across many samples, 

but still have differential activity across tissues. A third class was active in only a select number 

of tissues, and the final class represents promoters active in a single tissue. Across all promoters, 

I observed tissue specific expression patterns of miRNAs, suggesting that the miRNA promoters 

at least reflect patterns of gene regulation specific to a given tissue.  
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Figure 2.3 Promoter Clustering 

Hierarchical clustering of binary promoter chromatin activity groups fetal 
samples into modules of similar taxonomy, suggesting miRNA promoter activity 
tracks with tissue through differentiation and development.  Promoters have three 
classes: 

A. Constitutive promoters are active across all samples 
B. Broadly Active promoters are active across most samples, but have 

differential expression across tissue groups 
C. Tissue-Selective are active in only a select group of tissues 
D. Tissue-Specific specific to a single tissue 

 

2.2.3 Comprehensive Mapping of TF-miRNA cross-regulatory networks 

 I constructed TF-miRNA cross regulatory networks by combining DNase I footprinting 

data from 156 samples across a diverse set of cell types and conditions with a curated set of 
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computationally predicted miRNA target from TargetScan. I used four well-annotated databases, 

Uniprobe, Selex, Transfac, and HOCOMOCO, to determine the identity of Transcription Factors 

occupying DNase Footprints within miRNA promoters. This process is similar to that done 

previously in our group to derive TF regulatory interactions and was shown to closely match 

ENCODE ChIP-seq for the same cognate factors (Stergachis et al. 2013). Repeating this 

procedure across our entire dataset, I mapped 847,108 unique regulatory interactions involving 

741 TFs and 3,671 promoters for 2,164 miRNA genes. Networks for individual 

tissues/conditions contained an average of 158,749 edges.  

 To model miRNA-TF interactions I paired computationally predicted miRNA targets 

(Figure 2.4 Cross-regulatory Network Construction) with experimentally derived targets. I 

required experimentally derived targets to also have a computationally predicted canonical target 

site (conserved or non-conserved), which is aimed at overcoming the false positives associated 

with both types of miRNA targets. This yielded 13,037 miRNA-TF edges consisting of 1,933 

mature miRNAs and 555 TFs. miRNAs target on average 7 TFs. These two types of edges are 

paired to form a bipartite representation of the interactions between TFs and miRNAs from 

which I draw inferences about network form and function. Figure 2.4 gives a visual schematic 

for network construction.   
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Figure 2.4 Cross-regulatory Network Construction 

A. TF-miRNA edges are inferred by the presence of TF binding sites in 
footprints found in miRNA promoters.  

B. miRNA-TF edges are derived from a TargetScan computationally 
predicted conserved and nonconserved miRNA targets that show degree of 
experimental validation in miRTarbase. 

 

2.2.4 TF-miRNA feedback circuits are a significant motif in across all networks 

 Network motifs are subgraphs that repeat themselves in a specific network or across 

many networks of the same type and are a common way of looking at similarities or finding 

important substructures of biological networks (Milo et al. 2002). Previous work in C. elegans 

has identified negative feedback circuits (visualized in the context of our data in Figure 2.5), as 

being a prominent motif in cellular networks (Martinez et al. 2008), so I sought out to identify 

the abundance of this motif in our human derived networks. This motif is incredibly abundant, 

occurring an average of 3,125 times per tissue/conditions. However, even though this motif 

occurs thousands of times within a given condition, there is only a limited number of TFs that 
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tend to participate in circuits (Figure 2.6) suggesting that there may be some feature of certain 

TFs that underlie their participation in these feedback circuits. This notion is explored in more 

detail in subsequent sections.  

 

Figure 2.5 Negative Feedback Circuit 

Schematic of a negative feedback circuit where: 
1. miRNA promoter contains a footprinted binding site for a TF 
2. TF mRNA contains a target site for that miRNA 
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Figure 2.6 Circuit abundance across tissues/conditions 

Feedback circuits are highly abundant across all cell types and conditions. 
Circuits occur with a limited set of TFs per cell type.  

 

TFs and miRNAs tend to target many different genes. Therefore, the observed abundance 

of feedback circuits could have arisen simply by random chance. This can be address by 

assessing the significance of a given circuit count using the hypergeometric distribution. The 

number of possible circuits are counted given the factors in a specific network (i.e. testing all 

present pairs of TFs and miRNAs) and the expected number of circuits in all tissues/conditions is 

calculated. Figure 2.7 shows the expected distribution of random circuits in a network derived 

for a sample of CD34+ cells. In this case, the observed count is significantly higher than that 

expected by random chance, and indeed across all networks the observed counts are significantly 

higher than expected by random chance (Figure 2.8). I conclude that FBCs do not occur simply 

because TFs and miRNAs regulate many targets, but instead I suggest that they are a prominent 

feature of network architecture.  
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Figure 2.7 CD34+ FBC Significance 

Plot of the probability mass function for the expected counts for CD34+ cells 
calculated with the TFs and miRNAs present in that network. The orange arrow 
indicates the observed counts, which is significantly higher than the expected 
count.  

 

 

Figure 2.8 FBC Significance Across all Cell Types 

Plot of the observed FBC count significance across all cell types and conditions. 
The light grey shaded region is the scaled PMF computed for every sample. The 
orange points are the observed counts in ascending order. The counts of every 
sample are highly significant to varying degrees.  
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2.2.5 Circuit TFs are highly connected and drive local network architecture 

 Our group has previously shown that the relative connectivity of master regulator genes 

is highest in their cognate cell type or lineage (Neph et al. 2012). It stands to reason that 

Normalized Network Degree (NND), a measure of relative connectivity, would be highest in TFs 

important to a particular cell type/condition. The NND is defined as (#	$%	&'(&)*#	+,-	&'(&))
(#	-+-/0	&'(&))

 and  

Figure 2.9 provides an example of the influence of network structure on the NND. Since only a 

limited number of TFs are found in FBCs, I wanted to compare the NNDs of circuit TFs to those 

of TFs that don’t participate in circuits. I constructed paired TF-TF networks for each sample in 

our dataset and calculated the NND in the context of these networks. I found that across all 

samples that circuit TFs have a significantly higher NND in their specific tissue (figure 3b). 

 

Figure 2.9 Normalized Network Degree 

An example network arrangement demonstrating the normalized network degree. 
In this example. Node 7 has the highest NND and nodes are colored based on 
their corresponding NND. 
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Figure 2.10 Circuit TF tissue specific NND 

Swarmplot of the average NNDs of TFs across all cell types and conditions. 
Orange points are TFs that are in FBCs and black points are the NNDs of TFs 
not found in FBCs. FBCs preferentially occur with TFs that are highly connected.  

 

 Another way of assessing a TF’s contribution to a given network is to calculate the 

frequency with which a given TF resides in the driver position in a localized network 

architecture. To do this analysis, I took the 13 distinct 3-node motifs described in the literature 

(Milo et al. 2002) and identified the ones with a clear driver (Figure 2.11 shows 2 different 

motifs, one with a clear driver and one without). I then calculated the ratio for which all TFs 

reside in the driver position within this set of informative motifs. I compared the average ratios 

of circuit TFs vs non-circuit TFs and found that the average ratios of circuit TFs was 

significantly higher than TFs not found in circuits (Figure 2.12). I conclude that circuit TFs are 

frequently found as the drivers in local network architecture.  
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Figure 2.11 Driver Motifs 

Example 3-node motifs. 1) has a clear driver seen in yellow, 2) is cyclical and 
therefore has no clear driver.  

 

 

Figure 2.12 TF Driver Counts 

Swarmplot of the average driver counts for TFs within a network. The orange 
points are the averages of TFs found in FBCs and the black points are the 
averages of those TFs not for in FBCs in a particular network. FBC TFs generally 
have a higher driver counts than those not found in FBCs. 
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2.2.6 FBC occurrence is consistent with a “weak-buffer” model of miRNA function 

One interesting consideration of this type of network analysis is that the underlying 

process I use to determine where a transcription factor is binding does not take expression into 

consideration. For example, Figure 2.13 portrays a promoter primarily active in heart tissue 

samples. In our model, every member of the GATA family of transcription factors has a 

predicted binding site that is consistent with binding within the observed footprint. However, 

only two of these factors, GATA4 and GATA6, are expressed in heart. Therefore, only two of 

the three predicted FBCs (miR1-3p only targets three of the GATA factors) are consistent with 

gene expression.  

 

Figure 2.13 Context Specific FBCs 

Example of context specific binding. The example promoter is a heart-specific 
miRNA promoter. Though all six of the GATA factors are predicted to bind via 
our network construction method, only three of those factors are targeted by the 
contained miRNAs and only two of those factors are expressed in heart cells. 
GATA3 suggests a mechanism where this miRNA prevents expression of 
GATA3 in heart and the expression of GATA4 and GATA6 is “fine-tuned”.  
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To explore this further, I limit our analysis to a set of ten fetal tissues from our DNaseI 

dataset for which I have RNA-seq expression data in a similar tissue from the ROADMAP 

project. I wanted to look at the expression state of TFs in FBCs in these tissues, and thus I 

defined three states of expression; not expressed, expressed, and enriched. For a gene to be 

considered enriched, it had to have an expression level significantly higher in that tissue when 

compared to other samples (z-score >= 1.96). To be considered merely expressed it just has to 

have an average FPKM value of 1.0 for all ROADMAP samples for that tissue, otherwise it was 

categorized as not expressed. I found that across all fetal tissues most of the TFs involved in 

FBCs are classified as “expressed” (Figure 2.14). It has been argued that one fundamental 

function of miRNAs is to act as a weak buffering system, both preventing leaky expression of 

factors from alternative lineages and to adjust the expression of a given gene to physiological 

levels (Mukherji et al. 2011), and FBCs in these tissues are consistent with these functions. The 

fact that FBCs still occur regularly with TFs not expressed in a tissue suggests that FBCs may 

serve as a mechanism for a transcription factor to contextually modulate its own expression, i.e. 

if the TF is detected in a tissue in which it is not supposed to be expressed, it activates its own 

repressor.  
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Figure 2.14 Tissue-wide Expression Context 

The tissue-wide expression context of circuits in the fetal tissues from the 
ROADMAP expression atlas. Across all tissues, the lion’s share of TFs is 
expressed and not enriched within a given tissue.   

  

 Because of the tissue-specific nature of many miRNA promoters, I hypothesize that 

FBCs involving TFs with expression that is enriched in alternative tissue lineages might occur 

primarily in tissue specific promoters. I tested this hypothesis by compiling a set of 644 

promoters only active in samples from a single tissue within the fetal samples. Figure 2.15 

juxtaposes the occurrence of a TF in an FBC with whether or not a TF is has enriched expression 

across tissue types. The enrichment of a TF’s expression indeed occurs in tissues where the TF is 

not in an FBC, as seen in first panel of this figure. This suggests that promoters that become 

active during the development of a specific tissue (that is, promoters that are only active in that 

tissue) target TFs that are expressed at higher levels in alternative tissues. This fundamentally 



 25 

provides a potential mechanism by which FBCs reinforce cell-fate decisions during 

differentiation by dampening TF expression only in specific tissues. 

 

Figure 2.15 TFs in tissue specific Promoters 

Comparison of TF occupancy in tissue specific promoters. Cells marked in 
yellow indicate the TF is enriched in that tissue, black TFs are circuited in that 
tissue, and cells marked in brown are both enriched and circuited in that tissue. 
FBCs in tissue specific promoters tend to occur with TFs enriched in other cell 
types. 

 

 However, I looked at genome wide FBCs consisting of TFs with expression enriched in 

alternative tissue lineages and found that the vast majority of these fate reinforcing FBCs occur 

within promoters that are active in multiple tissues (i.e. not within promoters that newly arise as 

a result of differentiation). I place each FBC (uniquely described as a TF, miRNA promoter 

combination) into one of the following four categories: Tissue-specific, tissue-selective, broadly 

active, and constitutive. Tissue-specific describing those FBCs that occur in only one tissue. 

Tissue-selective occurring in more than one tissue, but in no more than half. Broadly active 

occurring in most tissues, and constitutive occurring in every tissue. I find that unique FBCs 

usually occur in only a few tissues (Figure 2.16 A). By contrast, the promoters that this FBCs 

occur within are mostly constitutive or broadly active (Figure 2.16 B, promoters being classified 
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by the same criteria as previously stated for individual FBCs). This suggests that, as a general 

phenomenon, constitutive promoters are utilized in a tissue-specific manner to modulate the 

expression of TFs whose expression is enriched in alternative tissue lineages (thus also 

potentially reinforcing cell fate decisions in development). 

 

Figure 2.16 Cell fate reinforcing FBCs 

A. Classification of fate reinforcing FBCs by the number of tissues in which 
they are present. Most fate reinforcing FBCs only occur in a few tissues. 

B. Classification of the fate reinforcing FBC promoters. These promoters are 
active across a wide range of tissues.   

 
 

2.2.7 FBCs reflect expression changes of key regulators during Hematopoietic 

differentiation 

 The Hematopoietic lineage is a good system for analyzing how regulatory networks 

change in response to differentiation. For this analysis, I paired RNAseq expression with DNase 

I sequencing for CD34+ (Hematopoietic progenitor) cells and several other derivative cells from 

the hematopoietic lineage, namely CD3+ (general T-cells), CD4+ (T-helper cells), CD8+ 

(Cytotoxic T-cells), CD56+ (Natural Killer Cells), CD14+ (Monocytes), and CD20+ (B-cells). 
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First, I sought to compare the landscape of accessible miRNA promoters across hematopoietic 

cells at different stages in development. Surprisingly, many more miRNA promoters are 

accessible in more terminally differentiation cell types (this is in contrast to the tendency overall 

of the genome of more differentiated cell types to be less accessible to nuclease cleavage 

(Stergachis et al. 2013)). Figure 2.17 summarizes the changes in promoter accessibility and FBC 

counts in each derivative cell type as compared to CD34+ cells. In general, relatively few 

promoters are lost in derivative cell types when compared to the number gained. As expected, 

the number of FBCs also increases in these cell types; the increases in accessible promoters 

providing more opportunities for FBCs to occur.  
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Figure 2.17 miRNA promoter activity in blood cells 

Relative changes in the relative number of active promoters and FBCs observed 
in progenitor cells (CD34+) and derivative cells. A larger number of promoters 
are active in more differentiated cells.  

 

 I suggest that miRNAs function to reinforce cell fate decisions made during 

differentiation, and hematopoietic cells types are ideal to examine the interplay between FBCs 

and expression. I thus hypothesized that the number of FBCs involving TFs that are expressed 

highly in CD34+ would increase in derived cell types in which the expression of those genes is 

turned off. I looked at genes that met these expression criteria and found that those genes did 

occur in more FBCs in the derivative cell type. Figure 2.18 shows the genes that turn off through 
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differentiation also increase in number of FBCs in which they occur (Figure 2.19). Though 

counterintuitive at first, this is consistent with the theory that FBCs serve to increase the 

“response time” of a given TF. Essentially the paired negative regulation allows a TF to be 

controlled by a more transcriptionally active promoter and reach its effective concentration more 

quickly than if it was controlled by a weaker promoter.  

 As a sanity check, I checked the expression levels of the mature miRNAs controlled by 

the promoters in each FBC as assayed by the NANOSTRING nCounter miRNA assay (Kulkarni 

2011). The nCounter assay is primarily used for diagnostic purposes and is not ideal for studying 

miRNA regulation dynamics due to a limited probe set, but we still found cases where the TFs 

and miRNAs found in FBCs have dynamics consistent with a switching mechanism (TF goes 

from ON to OFF while the miRNA goes from OFF to ON (Figure 2.18) and vice versa (Figure 

2.19)). 

 

Figure 2.18 TFs turned off through differentiation 

Genes shown in light red are expressed in CD34+ cells and are both, turned off 
and increase in FBC count in each derivative cell type. Genes shown in dark meet 
these criteria, but also show evidence of switching (FBC TF transitions from high 
to low expression, and the FBC miRNA transitions from low to high expression).  
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Figure 2.19 Genes turned on through differentiation 

Genes shown in light blue are not expressed in CD34+ cells and are both turned 
on and increase in FBC count in each derivative cell type. Genes shown in dark 
blue meet these criteria and show evidence of switching opposite of that 
described for genes that turn off (FBC TF transitions from low to high 
expression, and the FBC miRNA transitions from high to low expression). 

 

  

  

2.3 Summary 

 Here I presented evidence that TF-miRNA feedback circuits are an integral part of gene 

regulatory networks across differentiation and development. I have shown that miRNA 

promoters are highly cell-type-specific, and their activity reflects differences in tissue states 

during differentiation and development. TF-miRNA FBCs constitute a bona fide network motif 

that is enriched in all tissues and cell types, and FBCs occur preferentially with TFs that drive the 

regulatory landscape of a given tissue or cell type. These results suggest that these TF-miRNA 
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circumstances where overexpression could drastically change the expression profile of a 

particular cell or tissue type. 

 I’ve also shown that the expression of FBC factors is consistent with current hypotheses 

of miRNA function. With the fetal data, I show that FBCs tend to occur with TFs that are 

expressed in a particular cell type, but not enriched, which is consistent with FBCs being a 

potential mechanism for a “weak buffer” system that adjusts the expression of a given TF to 

physiologically relevant levels. I also observe, in the case of hematopoietic cell types, that circuit 

counts are consistent with TFs being turned off during differentiation. Interestingly, circuit 

counts also increase with genes that turn on during differentiation. This is not necessarily 

unexpected, as TFs increase in expression, they bind more miRNA promoters, which in turn 

makes them more likely to form FBCs. I suggest that this serves as a quick response mechanism, 

allowing new TFs to reach their effective concentration faster during differentiation. However, as 

this work currently lacks expression dynamics throughout the differentiation process, I can only 

speculate.  

2.4 Materials & Methods 

2.4.1 Annotation of miRNA promoters 

 High confidence miRNA TSSs from the integrated miRNA Expression Atlas(Rie et al. 

2017) were merged with TSSs from transcriptions derived from Drosha dominant-negative 

experiments (Chang et al. 2015). These TSS were remapped to hg38 using the UCSC liftover 

tool and combined with TSS from GENCODE v26. I then used the BEDOPS (Neph, Stergachis, 

et al. 2012) closest-feature tool to identify the closest DHS from a nonoverlapping set of DHS 
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generated from the samples from ENCODE. TSSs not within 1KB of a DHS from the master list 

were removed from our analysis.  

2.4.2 Promoter Clustering 

 I used BEDOPS to generate a genome genome-wide binary matrix for miRNA 

promoters. Our promoters were overlapped with DHS master list for the samples/conditions used 

in our analysis. A binary call was made for each promoter in each sample based on the whether it 

overlapped with a DHS peak by at least 25% in that sample. Promoters not active in any sample 

were removed from the matrix for this analysis. Clustering was done for both samples and 

promoters using Euclidean distance and Ward clustering.  

2.4.3 Cross-Regulatory network generation 

 I modeled TF-miRNA networks as a graph consisting of three different kinds of edges, 

TF-primiRNA, primiRNA-miRNAs, and miRNA-TF, and deriving each type comes with its own 

considerations. For TF-primiRNA edges I defined a primiRNA as all mature miRNAs under the 

control of the same promoter. This varies slightly from the usual definition of primiRNA but 

captures the complete dynamics of miRNA expression. primiRNA-miRNA edges are calculated 

once, for every promoter, mapping them to the specific mature miRNA sequences under the 

control of that promoter. miRNA-TF edges are also calculated only once, and I used a 

combination of computationally predicted targets from TargetScan (Agarwal et al. 2015) 7.1 and 

experimentally derived targets from miRTarBase (Chou et al. 2017)  7.0. I required each 

experimentally derived miRNA target to also have a predicted binding site (conserved or 

nonconserved) for that miRNA, which was done to alleviate the potential for false positives 

inherent to both methodologies. To construct each graph, I scanned miRNA promoters for a 
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collection TF binding models (Mathelier et al. 2016; Jolma et al. 2013; Newburger and Bulyk 

2009; Wingender et al. 1996; Kulakovskiy et al. 2017) using the FIMO (Bailey et al. 2009) tool 

with default parameters with a maximum p-value threshold of 1´10-5. If a FIMO hit overlapped a 

DNase footprint by at least 3bp in a particular sample, an edge was added to the network 

between that TF-primiRNA combination.  This process was repeated for all samples/conditions.  

2.4.4 Identification of network motifs 

 TF-miRNAs were identified with a custom python script that identified cycles within 

these networks. Due to the tripartite nature of the underlying graph model, cycles only occur 

when a TF binds a promoter that controls the expression of a miRNA that in turn targets that 

same transcription factor. The significance of FBCs was calculated on a per-network basis by 

fitting a hypergeometric distribution using TFs and miRNAs found in that specific network. A p-

value was calculated using SciPy. For networks only involving a single type of edge, such as the 

TF-TF regulatory networks, mfinder (Milo et al. 2002) was used for motif identification.  

2.4.5 Processing of NANOSTRING nCounter expression 

 Nanostring data was processed as directed by the nCounter manual. Sample specific 

variation was removed via positive probe normalization, and samples with a normalization factor 

outside the expected range were removed from the analysis. In the cases where a binarized 

expression call was necessary, a given miRNA was considered as being expressed if it had an 

expression value of at least 2 standard deviations above the mean of the negative control probes 

for that sample. Tissue specific expression was assessed by averaging over all samples from the 

same tissue, which provided a more robust measurement at the cost of losing resolution to detect 

expression dynamics over developmental time.  
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2.4.6 ROADMAP RNAseq 

 Sequencing reads were aligned to the reference human genome (GRCh37/hg19) using 

TopHat (Trapnell, Pachter, and Salzberg 2009) algorithm25 using parameters “-p 4 -g 10 –

segment-mismatches 0 –segment-length 18” and expression values were determined using the 

Cufflinks (Trapnell et al. 2010; Roberts, Trapnell, et al. 2011; Roberts, Pimentel, et al. 2011; 

Trapnell et al. 2013) algorithm10 with the comprehensive set of GENCODE v19 transcript 

models16. Expression calls were made using an FPKM threshold of 1.0 and genes with 

expression with a z-score of at least 2.0 are considered enriched.  

Chapter 3:  Novel Methods for the Automated Design of 

Transcriptional Activator-Like Effectors and the Analysis of Editing 

Outcomes 

3.1 Introduction 

Recent advances in editing technology have substantially improved our ability to make 

directed changes to DNA, making it possible for the first time in history to make targeted 

perturbations to regulatory networks in human cells. Though the CRISPR/Cas9 system is quickly 

becoming the dominant strategy for genome editing (Doudna and Charpentier 2014), the field 

itself actually goes back more than 20 years (Urnov 2018). Early work using meganucleases 

(Johnson and Jasin 2001) and zinc finger nucleases (Urnov et al. 2005) demonstrated the 

capability of making precise changes to endogenous loci by introducing DNA and a double-

stranded break (DSB). The field of genome engineering started with advent of programmable 
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nucleases, created by tethering the DBD of zinc finger proteins to an endonuclease, which 

allowed researchers to make site-specific DSBs (Urnov et al. 2010). This concept of attaching a 

nuclease to a DBD was transferred to TAL effector proteins, which are easy to assemble and 

have a very predictable binding code (Bogdanove and Voytas 2011).  

3.1.1 Transcriptional Activator-Like Effectiors 

Transcriptional Activator-Like Effectors (TALEs) are a class of proteins first identified in 

a pathogenic bacterium of the Xanthomonas genus that infect plants (Schornack et al. 2006; Kay 

and Bonas 2009). In their native context, these proteins directly bind the promoter region of plant 

genes, affecting host expression. The functional unit of TAL proteins is a modular set of 

repetitive domains consisting of 33-35 amino acids that bind DNA in a sequence specific 

fashion. The nucleotide specificity of a given repeat domain is conferred by residues 12 and 13, 

also known as the “repeat-variable di-residue” or RVD. Previous work has reverse engineered 

the binding specificities of known RVDs, creating a platform for programmable DBDs (Moscou 

and Bogdanove 2009; Boch et al. 2009). Though naturally occurring TALE proteins contain an 

activating domain, these proteins can be fused to an endonuclease, most commonly the obligate 

homodimer nuclease FOK1, to yield engineered nucleases that specifically target DNA regions 

of interest (Cermak et al. 2011).  

Though it is outside the scope of this work, our lab has developed a technique for quickly 

assembling TALENs and deploying them at scale. Although the CRISPR/Cas9 system is trivial 

to assemble and deploy, we find that TALENs offer a primary advantage of targeting specificity. 

Figure 3.1 A shows a comparison of possible target sites for TALENs and Cas9 in the functional 

regions of the human genome (hg38). I calculated these numbers by designing all possible 

TALEN dimer pairs (cut site was taken as just the center-most nucleotide in the spacer) and 
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CRISPR guides in GENCODE annotated genes and active regulatory regions. TALENs target 

roughly 91% of all nucleotides, while Cas9 only targets 12%. I also find that the distance 

between cut sites is significantly smaller using a TALEN based system than using CRISPR/Cas9 

(Figure 3.1 B). I find this increase in targetability appealing, especially when it comes to fine-

grain dissection of regulatory elements, and it is in this context that the development of the 

following computational tools lies.   

   

 

Figure 3.1 TALENs vs. Cas9 

Systematic comparison of the targetability of TALENs vs CRISPR/Cas9. 
A. Overall number of nucleotides within genes and active regulatory regions 

targetable by both genome editing platforms.  
B. Plot describing the distance between cuts for each platform.  
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3.2 Results 

3.2.1 DesignTools: a suite of tools for automated TAL Effector Design  

Several computational tools exist for the design of TALEs and agents for genome editing 

(Montague et al. 2014; Doyle et al. 2012), however the process of designing these agents is still 

primarily a manual one. I wanted to develop a set of computational tools to generalize common 

editing tasks so that the design of editing agents could be done at large scale. I identified three 

common editing tasks that I wanted to automate. The first of these tasks is locus deletion, in 

which TALENs have previously been shown to be effective at creating large deletions in human 

cells (H. Lee, Kim, and Kim 2010; Hu et al. 2013; Kim et al. 2013; Cong et al. 2013). The 

second task is disruption of DNA function via multiple cuts spanning the entire length of a given 

DNA element. This task is based on a procedure known as functional footprinting (Vierstra et al. 

2015), where it was shown to be effective in probing the function of regulatory DNA elements. 

The third task is introducing a single, highly specific double-stranded break to disrupt fine scale 

elements or introduce user provided DNA via homology directed repair (HDR), which shows 

promise as a mode of endogenous gene repair (Urnov et al. 2010). Thus, I create three running 

modes of DesignsTools; flank, strafe, and precision edit to address tasks one, two, and three 

respectively.  

3.2.1.1 Creating an index of TALE seeds 

Naturally occurring TALE binding sites show a significant preference for a T nucleotide 

in the first position (Moscou and Bogdanove 2009; Boch et al. 2009). Though this is not a hard 

requirement, it presents a beneficial motif to identify potential TALE monomers. Tabix (Sokol 
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and Ambros 2005; Y. Li et al. 2006; Cassidy et al. 2013) is a generalized tool for indexing 

tabular data for quick retrieval. As a pre-processing step, I wanted to exhaustively enumerate all 

possible starting positions for TALE monomers genome wide. To do this, I wrote a custom script 

that takes a FASTA file containing a sequence of interest, in our case I used the hg38 assembly 

of the human genome and produces a bed format file of T positions on both strands. This file can 

be easily queried for potential TALE monomers/dimer pairs by downstream design applications.  

3.2.1.2 Scoring of TALE monomers 

 An integral part of any automated design pipeline is the ability to rank potential designs 

so that the most ideal design can be selected for a given task. For this, I developed a scoring 

method for TALE monomers based roughly on the criteria described in the literature (Streubel et 

al. 2012) as well as anecdotal guidelines obtained through past experiments in our lab. Our 

current scoring method consists of the following criteria: GC content, start strength, and balance. 

All three of these criteria leverage the fact that RVDs binding nucleotides G and C bind more 

tightly than those binding A and T. First, we calculate the overall GC content of each monomers. 

Then, we calculate the starting strength, which is defined as the GC content of the first three 

bases of the TALEN binding site. Finally, we calculate the average distance between Gs and Cs 

and divide it by the total length of the TALE monomer. Each of these yields a number between 0 

and 1 and the score for a given monomer is the average of these three values. Scores for TALEN 

monomer pairs are an average of the two individual monomer scores.  

3.2.1.3 Flank Mode 

 Flank mode is a mode for designing TALEN pairs for deleting a region of interest (ROI), 

which follows a few basic steps. First the ROI is padded outwards, both 5’ and 3’ of the ROI, to 
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derive regions where the cuts will be made. Then these padded regions are divided into 

subregions based on the number of designs desired (i.e. 2 subregions if the objective is to design 

2 TALEN pairs per side). Finally, the highest scoring TALEN pairs are chosen from each 

subregion, ensuring all TALE monomers are unique. The resulting TALEN designs are output in 

4 column bed format for easy review.  

 

3.2.1.4 Strafe Mode 

 Strafe mode is a mode intended to design TALEN pairs to densely tile a genomic locus to 

functionally characterize elements contained within. First, the ROI is divided evenly into bins 

based on the desired resolution/spacing. By default, the tool places a cut site every 5bps. Then 

from left-to-right the highest scoring TALEN from each bin is selected in a fashion that, once 

again, avoids redundancy in TALE monomers. The resulting TALEN pairs are output for 

review/assembly.  

 

3.2.1.5 Precision-edit Mode 

 This mode is centered around designing TALEN pairs for fine-grained editing 

experiments, such as endogenous gene correction. In this mode the ROI generally consists of a 

small region, as low as a single base pair, where a cut site is to be placed. This mode can be run 

in two distinct way, as a default edit or a scar-less edit. By default, the highest scoring n TALEN 

pairs are selected, based on the desired number of edits, avoiding redundancy. With scar-less 

editing, the TALEN pairs are designed so that one of the TALE monomers overlaps the ROI, so 

that introducing sequence changes via HDR disrupts rebinding of that monomer post edit.  
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Figure 3.2 Precision Edit Example 

Example TALENs designed automatically with precision edit. The left and right 
monomers are displayed in gray for each TALEN pair DC11-DC14 as well as 
the space in white. All TALEN pairs were designed such that their spacer 
sequence overlaps with the binding site for miR-15a-5p.   

 

3.2.1.6 Adapting designs to epigenetic modifiers 

 Although these tools were written with targeted nucleases in mind, it only takes minor 

adjustment to adapt these tools for epigenomic modification. Our lab and others (Cong et al. 

2012) have been able to achieve transcriptional repression by fusing a transcriptional repressor 

domain to the DNA Binding Domain of TALE proteins. This can be achieved by placing these 

fusion proteins in the promoter regions of protein coding genes. Strafe mode has been easily co-

opted for this purpose by tiling TALEN pairs across an ROI and using the higher scoring TALE 

monomer of each pair. The resulting TALE monomers can then be assembled into an epigenome 

altering context. Though this application does not constitute a novel feature on its own, it does 



 41 

illustrate the versatility of our platform for generating automated designs for TALE proteins for a 

wide variety of experiments.  

3.2.2 Tools for large scale assembly and automated liquid handling 

 The most widely used method for TALE protein assembly is Golden Gate cloning 

(Engler, Kandzia, and Marillonnet 2008), and this method has been shown to produced high 

quality TALEs fast and effectively (Cermak et al. 2011; Sakuma and Yamamoto 2016). 

However, to produce TALE proteins at a large scale, it became necessary to adapt this method 

for assembly via robotic liquid handling. Golden Gate cloning is a stepwise assembly method 

that requires the use of many vectors as well as a bacterial growth step. To accomplish this, I 

wrote a set of scripts that maps TALE proteins designed with DesignTools into plate format for 

multiplexed Golden Gate ligation reactions and generates specific protocol for our liquid 

handling system to dispense reagents. This tool also generates expected digestion sizes for 

validation at both stages of the assembly process as described in previous work (Cermak et al. 

2011). Though our specific liquid handling is conducted on the Labcyte Echo, this code can 

easily be adapted for generating protocols for any automated liquid handling system.  

3.2.3 CLEAN-CUT: Calculation of the Length of Edits And Number of CUTs 

 A logical next step was to develop a platform where I could efficiently test the efficacy of 

assembled TALEN pairs in a high throughput fashion. Generally, an excess of TALE proteins is 

built to achieve a given editing task and TALENs with the highest predicted efficiency are used 

first in experiments. First the TALENs are assembled, transfected into K562 cells, and then the 

DNA region surrounding the cut site is PCR amplified (amplicon) and sequenced to assess 

editing efficiency. End-to-end amplicon sequencing is an appealing technique for assessing the 
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outcome of editing experiments, as it minimizes the coverage biases experienced with other 

types of short read sequencing (Ravi, Walton, and Khosroheidari 2018). I developed a two-tier 

system of sample multiplexing. The first layer of multiplexing is based on Illumina i5 and i7 

adaptors, and the second is based on unique amplicon sequence. Samples can be assigned the 

same Illumina adaptor index combination as long as there is no overlap between the respective 

amplicons. Once the sequencing is complete, the flowcell is processed by standard Illumina 

software and the resulting FASTQ files then go on to the next step of our custom pipeline.  

3.2.3.1 Data pre-processing 

 The first step of our quantification pipeline is to merge paired end reads into a single, 

high quality read and align this read to the expected wildtype sequence (usually assumed to be 

that of hg38 reference sequence). Specifically, the FASTQ files generated in the previous step 

are first merged using PEAR (Zhang et al. 2014). Then, via a custom script, reads are combined 

into a FASTA file in such a way that each entry is unique, and the ID field contains the number 

of times that sequence occurs in the sequencing reads (corrected for PCR duplicates). This is 

done so each sequence, which may be present in the raw sequencing reads > 10,000X, only 

needs to be aligned to the reference amplicon once. This combined FASTA file is used as input 

to the BLAT aligment tool (Kent 2002)  and an alignment file (PSL format) is produced for each 

amplicon from each unique i5, i7 adaptor combination. These PSL files serve as the input to the 

CLEANCUT tool, where it is processed using one of three running modes: dimer-efficiency, 

deletion-efficiency, or clonal genotyping.  
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3.2.3.2 Dimer-efficiency 

 The editing efficiency of a given TALEN dimer can be calculated as the number of reads 

showing evidence of having been cut by that TALEN pair divided by the total number of reads. 

Reads that show evidence of cutting mostly contain a small insertion or deletion (INDEL) with 

respect to the reference amplicon. These INDELs manifest as gaps in the PSL alignment file. 

DSBs resulting from a TALEN pair don’t happen in a pre-defined place, instead they occur in a 

normal-like distribution centered around the midpoint of the spacer sequence between monomer 

binding sites, so any INDEL resulting from the TALEN cutting should overlap with the spacer 

sequence. To calculate the editing efficiency, I iterate over the alignments and record both the 

number of reads that contain INDELs overlapping the TALEN spacer and the total reads. The 

editing efficiency is then calculated as the number of reads with INDELs divided by the total 

read count. This mode also outputs formatted alignments as well as a plot of the cut sites and 

deletion profile over the length of the amplicon (Figure 3.3). 
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Figure 3.3 Dimer Deletion Profile 

Example dimer profile for a TALEN targeting AAVS1. Plot show the 
distribution of FOK1 cleavages and deleted bases as well as a histogram of the 
INDEL sizes.  

  

3.2.3.3 Deletion-efficiency 

 Deletion efficiency can be defined as the number of reads where the intervening sequence 

between two TALEN monomer pairs has been deleted divided by the total number of reads. 

Though conceptually simple, calculating the deletion efficiency has a few complications that 

need to be considered. The first complication is that deletions often cover large genomic regions 

(spanning several KB in some occasions), and the resulting amplicon would be too large to fit on 

a MiSeq sequencing read (300bp). This complication can be overcome by designing primers 

such that each end of the paired end sequence read extends into the TALEN sequence of one of 

the two TALEN pairs. This approach leads to the second complication though, which arises from 
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the fact that, given the same primers, a genomic region with a large deletion will be 

preferentially amplified via PCR compared to the full-sized region, leading to an 

overrepresentation of deletions in the sequencing pool, and an overestimation of overall deletion 

efficiency.  

 To overcome these challenges, we developed a method that I refer to as the three-primer 

assay. This three-primer assay involves computationally designing a set of three primers, two 

flanking the outer bounds of the predicted deletion and the third lying in the intervening 

sequence between dimer cut sites. These primers were designed to have similar 

melting/annealing temperatures and such that the resulting amplicon from the inner primers will 

be similar in size to that of the outer primers when the deletion occurs. Reads originating from 

the intervening primer are called as wildtype, while reads from the outermost primers are called 

as containing a deletion, and the deletion efficiency can then accurately be calculated as the 

number of reads containing deletions divided by total reads. Deletion efficiencies derived from 

this method are consistent with estimations based on PCR combined with more traditional 

readout methods, such as agarose gel.   
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Figure 3.4 Deletion Plot 

Anonymized example of an INDEL profile from a deletion experiment. On top 
is the cleavage profile of two TALEN dimers and on bottom is the deletion 
profile consistent with the intervening sequence between the TALEN pairs being 
deleted in a significant percentage of the sequencing reads.   

 

 

3.2.3.4 Clonal Genotyping 

 Another hurdle to high-throughput genome engineering is the lack of computational tools 

that characterize populations derived from single-cell clones. To address this, I adapted our 

INDEL detection tools for the purpose of genotyping, proceeding in two steps. The first is to 

exhaustively enumerate and assess counts for all alleles in a population, and the second is to then 

make a statistically rigorous genotype call based on the chromosomal configuration that best fits 

the data.  
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 To exhaustively enumerate all possible alleles, I conceptualized an allele “tagging” 

system that I call the mutation profile. The mutation profile is a unique identifier that consist of 

an ordered list of all mutations, INDELs and polymorphisms, for a given alignment based on 

where they occur in the reference amplicon. To derive the mutation profile, I iterate over the 

reads in two passes. The first pass is used to calculate the sequencing error at each position as a 

background model for polymorphisms. If a mismatch is detected, it is only considered a true 

polymorphism if it is present at a frequency higher than two times the standard deviation of the 

mean of the background counts, otherwise it is considered a sequencing error. For the second 

pass, I construct the indel profile by adding the type of mutation, as well as the position, to an 

ordered list as I traverse each alignment from left to right. If two alignments have the same 

mutational profile, they are considered the same allele and are counted together. At the end of 

both passes, I have counts for all alleles in the population.  

 If the sequencing reads are from a complex population there will be an exceedingly large 

number of alleles with a relatively small number of counts, but if the sequencing comes from a 

clonal population there should be a small number of alleles with relatively high counts(Luria and 

lbrück 1943). Operating under the assumption that the population is clonal, a genotyping call can 

then be made by the ratios of the counts of prominent alleles in the population. By default, I 

consider an allele as prominent only if it has a count higher than 10% of the total counts. Though 

simplistic, I have found that in practice this method yields a genotype call that is expected based 

on known chromosomal copy number of the cells commonly used in our lab (i.e. amplicons from 

loci with a known copy number of 3, have 3 distinct alleles). Figure 3.5 shows example 

genotypes from an experiment targeting an miRNA target site in the 3’ UTR of YY1.  
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Figure 3.5 Homozygous Deletion Clones 

Example Deletion Clones flagged by CLEANCUT as having INDELs disrupting 
the binding site for miR-19b-3p in the YY1 3’ UTR. Different alleles are 
displaying in differing colors, and in the case of identical alleles only one is 
shown.  

 

3.3 Summary 

 Here I present computational tools for conducting high throughput genome editing 

experiments. The first set of tools, DesignTools, is for the automated design and assessment of 

TAL effector proteins. DesignTools can effectively design TALEs for four distinct editing tasks 

and in our experience our current scoring metric does a decent job of avoiding monomers that are 

likely to bind/function poorly. The second set of tools creates instructions for the assembly of 

TALE monomers using Golden Gate Cloning for a robotic liquid handling system. I assert that 

this tool can easily be modified for a wide range of robots that are compatible with 96 or 384 

well format. The final set of tools are a novel set of tools that broadly evaluate the results of 

editing experiments from amplicon sequencing data. This system can handle hundreds of 
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samples on a single flowcell and quickly quantify TALEN dimer cutting rate, dimer pair deletion 

efficiency, and genotype clonal populations. Taken together, this suite of tools represent a near 

comprehensive set of tools to conduct high-throughput TALE based editing experiments.   

3.4 Materials & Methods 

3.4.1 Preprocessing of NGS Reads 

 Sequencing reads were processed in place using Illumina’a BCL2Fastq with a custom 

sample sheet designed for our 96-well sequencing format, where samples are fitted with a 

standard set of Illumina adaptors. This represents the first tier of sample multiplexing. Paired end 

reads are merged with PEAR (Zhang et al. 2014) under the default settings, and duplicate reads 

are filtered out via UMIs (Kivioja et al. 2012). A user defined spec sheet is then used to align 

reads using BLAT to relevant amplicons provided by the experimenter. An alignment file is 

created for each amplicon combination. This is the second tier of sample multiplexing.  

3.4.2 Computational Tools 

 All aforementioned computational Tools are implemented in python 3.6 in a unix coding 

environment. Where possible I parallelized code to run on a standard SLURM cluster for high 

performance computing.  

Chapter 4:  Conclusion 

 TF-miRNA cross-regulatory networks provide an interesting view into how genes are 

regulated on a systems level. This work is the first to demonstrate that TF-miRNA negative 
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feedback circuits are a prominent network motif and demonstrates that these circuits likely play 

roles in enforcing cell-fate decisions and fine-tuning expression on a scale not previously 

appreciated. Our work shows that the feedback between TFs and miRNAs also play a major role 

in the process of cells transitioning from one state to another. While cells utilize these 

mechanisms to reliably reproduce differentiation and development across humans as a specifies, 

further understanding of this process provide insights into how the breakdown of these 

mechanisms could lead to developmental disorders, or diseases like cancer.  

 This work also demonstrates a previously under-appreciated role for negative regulation 

in human development. In essence, miRNAs function as signal amplifiers for TFs allowing a 

given TF to influence the expression of a large number of genes with a single regulatory 

interaction. With such a large effect, understanding how negative regulation influences 

transcriptional networks presents an interesting challenge. In their seminal work on network 

superfamilies Milo et al. describe a concept called the triad significance profile (TSP) (R Milo et 

al. 2002) which measures the enrichment of 3-node network motifs in a given network. They 

show that complex networks from different sources, including Drosophila regulatory networks 

and C. elegans neuron networks, all share a similar TSP and thus converge to a similar 

architecture. Previous work in our lab shows that TF regulatory network across a diverse set of 

cell types also converge to this similar architecture (Neph, Stergachis, et al. 2012). I 

hypothesized that networks of negative regulation, derived from miRNA interactions, would also 

converge to the same architecture. To test this hypothesis, I constructed what I refer to as the 

projected negative regulatory (PNR) network, which reduces TF->miRNA->TF interactions to 

TF->TF interactions, essentially removing the miRNA intermediate. In Figure 4.1 I show the 

TSP in PNR networks all converge to a common architecture that is distinct from that of TF-TF 
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networks and in fact more closely resembles the language superfamily Milo et al previously 

described (Ron Milo et al. 2004). This suggests that negative regulation serves a complementary 

role to regulated recruitment and exploring this relationship further presents an interesting 

challenge to gaining a wholistic view of human regulatory programs. 

 
 

Figure 4.1 Triad Significance Profiles 

The triad significance profiles of different types of regulatory networks. In the 
upper panel is the average TSPs of 156 samples across diverse cell types and 
conditions (after Neph et al. 2012(Neph, Stergachis, et al. 2012), C. elegans TSP 
shown for reference). In the bottom panel is the average TSP from the PNR 
networks across those same samples. The PNR TSP converges to a 
complementary architecture (TSP from the English language from the language 
superfamily shown for reference).   

 

 Several limitations of this work arise from the use miRNA target sites that have been 

computationally predicted by TargetScan, which sometimes do not represent genuine targets. I 

attempt to alleviate this by requiring our targets to have some experimental evidence, but 

sometimes, especially in the case of more high throughput methods of experimental validation, 

these targets also result from spurious interactions arising from the proximity based target 
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detection methods (Stork and Zheng 2016; Helwak et al. 2013). As the field gets better at 

predicting and validating miRNA targets, our knowledge of genuine miRNA targets will 

increase.  

 Another limitation derives from the fact that interactions inferred from DNase I 

footprinting lack sign, meaning that I cannot tell whether the interaction is activating or 

repressing gene expression. Any specific TF-miRNA interaction inferred by our method must be 

“taken with a grain of salt”, however the general trends described here are still interesting.  

4.1 Future Directions 

 I am currently in the process of experimentally validating some of the FBCs discovered 

by our analysis. To date I have used our TALEN pipeline to disrupt the miRNA binding sites in 

the UTR of 3 TFs that participate in FBCs. I then tested the protein levels of these TFs via 

western blot, observing an increase in overall protein level. Finding clonal knockouts involved 

building a large number of TALENs, and screening lots of clones, which would not have been 

possible without our aforementioned computational tools for TALEN design, assembly, and 

clone assessment. I am currently in the process of using our assembly pipeline to design TALE 

proteins disrupting TF binding sites in miRNA promoters.  

 I am also currently interested in improving our ability to computationally predict the 

efficacy of TALENs. Because of our high throughput pipeline, the amount of TALENs for which 

I have efficiency data for is ever increasing. This creates the opportunity for a data driven 

scoring metric, and the use of machine learning to determine the “rules” of TALEN editing.  
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