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Divergent patterns in gene expression play an essential role in the development of new 

traits between species. Accordingly, evolutionary changes in the cis-regulatory elements 

that cause gene expression differences occur more quickly than changes in protein-

coding genes. Individual cis-regulatory elements undergo turnover and are frequently 

under selection between primates, and mutations in cis-regulatory elements can fine-

tune a response to the environment by adjusting quantitative traits and their tissue 

specificity. The goal of this work is to further understand the tuning of gene regulation 

between primate species and within populations and what functional consequences there 

may be. 

 

Transcription factors are a primary determinant of regulatory interactions and therefore 

changes in transcription factor binding sites often contribute to changes in gene 

regulation. In order to determine how transcription factor binding patterns are 

evolutionary constrained in different tissues among humans, we developed a machine 

learning algorithm, dTOX, to predict transcription factor occupancy patterns based on 

DNase-I-seq, and used it to create an atlas of transcription factor binding across over a 

hundred human tissues. We found evidence of different evolutionary rates in the binding 

sites occupied by transcription factors among tissues, specifically between embryonic 



 

and adult tissues. Our results show that evolution in transcription factor binding mirrors 

the tissue-driven model of protein-coding gene evolution.  

 

By closely examining examples of cis-regulatory changes that contribute to a 

measurable difference in a trait in primate species, we can further understand the 

mechanisms of evolutionary change. We use the differential expression and regulation 

of the anthrax toxin receptor, ANTXR2, as a case study to understand how natural 

selection, the environment, and the regulatory landscape have contributed to a 

functional difference in the immune system of primates. We found evidence of a change 

in the cis-regulatory landscape of ANTXR2, signatures of selection between human 

populations, and population-specific polymorphisms that may contribute to differences 

in sensitivity to anthrax disease. Our results demonstrate how a regulatory change that 

was likely influenced by historical host-pathogen interactions has had lasting effects on 

immunity today both between species and within human populations. 
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CHAPTER 1 

INTRODUCTION 

 

A human genome contains approximately three billion bases of DNA, which contain all 

the information needed for its development and survival. The central dogma of 

molecular biology (Crick, 1970) describes how DNA is transcribed into RNA which is 

translated into proteins that enact all necessary functions in the cell. The concepts in the 

central dogma revolutionized the study of biology and genetics, but they only scratch 

the surface of the complex regulatory steps involved in turning the vast amount of 

information contained in DNA into functional products that can be used in a cell. Each 

step during the conversion of DNA into protein has its own forms of regulation, 

including (but certainly not limited to) what and when DNA is transcribed and which 

parts of the genome determine this (Aymoz et al., 2018; Lee & Young, 2013), the tuning 

of RNA stability and structure (Baker & Coller, 2006; Frye et al., 2018; Schaefer et al., 

2017), and the modification of proteins that affect their turnover and ability to interact 

with other proteins (Duan & Walther, 2015; Johnson, 2009; Murn & Shi, 2017). The 

work in this thesis is centered on some of the first regulatory steps that are essential for 

controlling the process of transcription. 

 

Multicellular organisms have the same genome in every cell of their body, yet these 

cells perform unique functions. The early regulatory steps in transcription control these 

distinct functionalities. The genome can be subdivided into different categories of 

functional elements that play unique roles in the process of transcribing DNA into RNA. 
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The broadest of these categories is coding versus non-coding DNA. Coding DNA 

contains discrete units called genes that encode the information needed to create RNAs. 

Non-coding DNA plays more of a regulatory role, containing elements that can that 

control the expression timing and levels of protein-coding genes. Non-coding functional 

elements play a key role in the process of gene regulation. In fact, ninety percent of 

disease-causing single nucleotide polymorphisms (SNP) are found in non-coding 

regions (Manolio et al., 2009). The process of gene expression takes the information 

contained in the DNA of protein-coding genes and converts it to functional products 

using the information contained in non-coding elements. The regulation of gene 

expression, or gene regulation, controls which genes are turned on or off in a given cell, 

how highly or lowly they are expressed, and the timing of their expression (Lelli et al., 

2012).   

 

KEY COMPONENTS OF EARLY GENE REGULATION 

 

In order for genes to be regulated, there are many essential components that need to be 

brought together to work as a complex functional unit. The DNA that encodes protein-

coding genes needs to be accessible so that it can be regulated by proteins, the DNA 

needs to be positioned in such a way that non-coding elements are in close proximity 

with protein-coding genes, and transcriptional machinery needs to be recruited.  

 

DNA is packaged into chromatin which prevents DNA damage, regulates gene 

expression, and helps segregate chromosomes during cell division (Kornberg, 1977; 
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Ruiz-Velasco & Zaugg, 2017; Widom, 1998). In order to be packaged into the 

chromatin structure, DNA is first wrapped around proteins called histones forming 

nucleosome units (Cutter & Hayes, 2015; Zhang et al., 2011). The nucleosome units are 

then wrapped into a more compact form, known as heterochromatin, which is tightly 

packed, making the DNA inaccessible to transcriptional machinery (Allshire & 

Madhani, 2018; Zhang et al., 2011). The level of compactness of chromatin, either when 

it is fully packed as heterochromatin or when it is more loosely packed as euchromatin, 

determines the ability of a region of the genome to be transcribed (Babu & Verma, 

1987). Chemical modifications to histones give instructions about the transcriptional 

activity of region, which allows for chromatin binding proteins to regulate the level of 

compactness (Clapier & Cairns, 2009; Taverna et al., 2007). For example, methylation 

of histone 3’s lysine residue 36 is often found in areas of the genome with gene bodies 

that are being transcribed (Kouzarides, 2007). The regulation of chromatin compactness 

allows for genes to be accessible and is an essential early step in gene expression. 

 

At its most basic level, gene expression is dependent on the binding of proteins called 

transcription factors, which control many steps involved in transcription including the 

recruitment of transcriptional machinery (Spitz & Furlong, 2012). Transcription factors 

bind to two classes of non-coding DNA elements: those close to the transcription start 

and those that are more distally located in the genome. These non-coding elements are 

known as regulatory elements and contain conserved sequences, known as motifs, that 

can be recognized by transcription factors. Transcription factor binding to these distal 

regulatory elements starts a cascade of factor recruitment that results in transcription 
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(Lelli et al., 2012). Distal regulatory elements vary based on their function to either 

increase gene expression levels (enhancers), decrease gene expression levels (silencers), 

or buffer expression levels depending on environment cues (insulators) (Ong & Corces, 

2011). Enhancers are capable of activating transcription independent of their distance 

from their target gene or orientation (Long et al., 2016). In order for enhancers to control 

the regulation of a gene that is not physically close in the nucleus, the chromatin must 

loop to bring them into contact. 

 

The three-dimensional architecture of chromatin is organized based on transcriptional 

activity level, with localized regions of active euchromatin at the center of the nucleus 

and heterochromatin remaining tightly coiled at the periphery (Lieberman-Aiden et al., 

2009). At a smaller scale, regions of the genome are organized into topologically 

associated domains (TADs) where there is an enrichment of DNA interactions within 

the domain compared to neighboring domains (Dixon et al., 2012; Nora et al., 2012). 

Genes and their corresponding enhancers are often found within the same TAD so that 

chromatin can easily loop to connect them (Robson et al., 2019). Exactly how enhancers 

are brought into contact with genes still remains unclear. The loop-extrusion model of 

TAD formation, in which a ring-shaped protein, cohesin, progressively extrudes 

chromatin loops until reaching boundary proteins at the edges of TADs, is one 

possibility for a scanning mechanism of connection between the two loci (Brackley et 

al., 2017; Nuebler et al., 2018). Another possibility is a model of phase separation where 

the disordered regions of associated proteins (such as transcription factors at enhancers 

and transcriptional machinery at promoters) form many weak interactions, promoting 
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the assembly of condensed physical structures where transcription can occur (Banani et 

al., 2017; Hnisz et al., 2017).  

 

Once the transcription factors bound at enhancers are brought into close enough 

proximity with their target genes, they begin a cascade of recruitment. Sequence-

specific transcription factors recruit the general transcription factors, which bind to the 

core promoter element within proximal regulatory elements near the transcription start 

site (Sainsbury et al., 2015; Woychik & Hampsey, 2002). From here, the general 

transcription factors and coactivator proteins recruit RNA Polymerase II (Pol II) to form 

the preinitiation complex that directs Pol II to the transcription start site to begin 

transcribing the gene (Kadonaga, 2012; Rhee & Pugh, 2012). The process of 

transcription begins with promoter clearance, where Pol II moves from the promoter to 

the transcription start site (Luse, 2013). After transcribing a small number of 

nucleotides, Pol II pauses as an additional step of regulation and to ensure that repressive 

chromatin is not formed (Adelman & Lis, 2012; Gilchrist et al., 2010; Kwak et al., 

2013). Pol II then escapes from pausing and moves into productive elongation 

throughout the gene body and is eventually terminated after transcription is complete 

(Jonkers & Lis, 2015; Kwak & Lis, 2013).  

 

THE EVOLUTION OF GENE REGULATION  

 

The small effect sizes of mutations on the early steps of gene regulation can be amplified 

during the RNA life cycle to create divergent phenotypes between species. In fact, there 
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is a growing body of evidence that suggests that differences in the interaction of 

regulatory elements may play a key role in hybrid dysfunction, resulting in speciation 

(Mack & Nachman, 2017). Understanding these inter-species regulatory changes 

provides insight into how gene regulation is tuned over evolutionary time. 

 

Multiple studies in various species show that expression differences between species 

are driven more frequently by mutations within cis-regulatory elements such as 

promoters and enhancers than at regions of protein-coding DNA (Ong & Corces, 2011; 

Pennacchio et al., 2013). Transcription factor binding sites show higher frequencies of 

mutations than coding sequences (Arbiza et al., 2013) and evolutionary changes in TF 

binding sites often contribute to changes in gene regulation (Kilpinen et al., 2013). 

Adaptive substitutions in the binding sites of transcription factors (Arbiza et al., 2013; 

McLean et al., 2011; Prabhakar et al., 2009; Rockman et al., 2005) and turnover of 

binding sites (Ballester et al., 2014; Bradley et al., 2010; Doniger & Fay, 2007; Schmidt 

et al., 2010; Zheng et al., 2010) play a role in the rate-limiting steps of transcriptional 

activation (Fuda et al., 2009). TF binding patterns have also been shown to vary greatly 

between primates and within humans, suggesting that changes occur rapidly during the 

course of evolution (Kasowski et al., 2010). Despite the high turnover rate of individual 

transcription factor motifs within cis-regulatory elements, their effect on gene 

expression differences is lower than expected (Cusanovich et al., 2014). This suggests 

that while transcription factor binding differences play a role in the evolution of gene 

regulation, other key steps in regulation also contribute to differences across species. 
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Changes in chromatin conformation and architecture over evolutionary time contribute 

to the changes in gene regulation between species. The insulator protein CTCF is 

essential for maintaining boundaries between topological domains (TAD), along with 

cohesin (Dixon et al., 2012). The boundaries of TADs and the associated CTCF binding 

site locations are relatively constrained across mammalian species (Schmidt et al., 

2012). There are conflicting reports about the conservation of higher-order TADs 

between species. Some data suggests that large scale domains often remain intact as 

modules between species and that differences in chromatin organization between 

species often occur within TADs in the form of local sequence divergence (Vietri Rudan 

et al., 2015). Other data suggests the opposite, that lower order pairwise contacts are 

conserved between species (Eres et al., 2019). Whether the rearrangement of chromatin 

contacts occurs at large scale TADs or within TADs, it is clear that the shuffling of 

chromatin contacts over evolutionary time has consequences for gene expression levels. 

The chromatin contacts of promoters with differentially expressed genes are 

reorganized between species (Eres et al., 2019). Additionally, the evolutionary rate of 

changes in enhancer and promoters is correlated with the number of chromatin contacts 

within a locus (Danko et al., 2018).  

 

There is a high rate of turnover at the level of individual cis-regulatory elements between 

species (Villar et al., 2015), yet gene expression remains relatively stable between 

species (Prescott et al., 2015). This occurs because of redundancy and compensation 

between groups of cis-regulatory elements that work together to control gene expression 

levels. Developmental genes are frequently regulated by ensembles of enhancers, 
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known as shadow enhancers, that have functional redundancy, likely to protect the 

required stable expression level from mutations in individual enhancers (Cannavò et al., 

2016; Hong et al., 2008). In general, the higher the number of enhancers that control a 

gene, the more likely a gene is involved in disease pathogenesis (X. Wang & Goldstein, 

2020). Genes that are regulated by a large number of enhancers have more stable levels 

of expression over evolutionary time, despite changes at the individual enhancers that 

regulate them between species (Danko et al., 2018). The converse pattern is also true 

with enhancers that control expression of the same gene being under less evolutionary 

constraint, as long as target gene expression remains the same (Danko et al., 2018). 

 

The effects of evolutionary changes at various steps of gene regulation can be measured 

by comparing gene expression conservation between species. Comparative studies in 

primates show that the evolution of gene regulation plays a foundational role in the 

development of new traits and differentiating species in the primate lineage (Siepel & 

Arbiza, 2014). By analyzing gene expression levels between species, we can learn about 

the different forces of selection acting on the levels of gene expression in primates. 

Comparative studies of gene expression show that the expression level of genes is highly 

conserved among primate species (Perry et al., 2012; Somel et al., 2009). The variation 

in gene expression levels within a primate species explains most of the inter-species 

variation in gene expression, which is consistent with stabilizing selection (Romero et 

al., 2012). However, expression levels of all genes are not under stabilizing selection. 

Lineage-specific changes in gene expression are present in a significant proportion of 

genes (Enard et al., 2002; Gilad et al., 2006). Those genes with species-specific 
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expression levels show evidence of positive selection. Additionally, the conservation of 

expression level is also dependent on which tissue genes are being expressed in. For 

example, comparisons of humans with chimpanzees demonstrate that expression levels 

in the brain are much more stable than expression in the testes (Khaitovich et al., 2006).  

 

RESEARCH QUESTIONS 

 

We can further understand the role of gene regulation in creating differences between 

species and individuals by learning about how different transcription factor binding 

patterns are evolutionary constrained in different tissues among humans. In chapter two, 

I will describe a computational tool I developed to predict transcription factor binding 

using functional genomic data such DNase-I-sequencing (DNase-I-seq). DNase-I-seq is 

more readily available than experimental data like Chromatin Immunoprecipitation 

sequencing (ChIP-seq) data, which is capable of directly measuring transcription factor 

binding. By being able to predict transcription factor binding using DNase-I-seq data, 

we can discover binding patterns in a diverse set of tissues and use this transcription 

factor atlas as a way to learn about the natural selection pressures that constrain these 

binding patterns. I show that the sequences of motifs bound by transcription factors are 

under different evolutionary constraints in different tissues. In particular, I find that 

occupied transcription factor binding sites in the immune system are evolving more 

rapidly than all other tissues. Thus, learning more about how evolution shapes 

transcription factor binding, a key step in the gene regulatory landscape, leads to new 

insights into how the evolution of gene regulation differs among tissues. 
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The work in chapter two demonstrates that the immune system is rapidly evolving at 

the level of transcription factor binding. This rapid evolution is due to the immune 

system’s role of protecting an organism from the ever-evolving landscape of pathogens 

it encounters. Over evolutionary time, pathogens have remained a major selective 

pressure for animals (Fumagalli et al., 2011). In fact, immunity related genes are 

frequently the most overrepresented category of genes in genome-wide screens for 

positive selection in humans and other animals (Barreiro & Quintana-Murci, 2009; 

Kosiol et al., 2008). In chapter three, I will describe my work to characterize 

evolutionary differences in another important component of gene regulation, cis-

regulatory elements, of human and non-human primate immune systems. 

 

Mutations in cis-regulatory elements are a major driver of the evolution of new 

phenotypes. By closely examining examples of cis-regulatory changes that contribute 

to a measurable difference in a trait between and within primate species, we can further 

understand the mechanisms of evolutionary change. In chapter three, I use the 

differential expression and regulation of the anthrax toxin receptor, ANTXR2, as a case 

study of the evolution of gene regulation in response to dynamic host-pathogen 

interactions in primates. I hypothesize that increased exposure to the pathogen that 

causes anthrax disease in humans due to the advent of agriculture selected for the 

decreased ANTXR2 expression present in humans compared to non-human primates. 

The goal of this work is to understand how natural selection, the environment, and the 

regulatory landscape have contributed to a functional difference in the immune system 

response to anthrax disease between species and within human populations. I find 
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evidence of a change in the cis-regulatory landscape of ANTXR2 between humans and 

non-human primates, along with population-specific polymorphisms that may 

contribute to differences in sensitivity to anthrax disease. Together, my work highlights 

what evolutionary forces are shaping the immune system, how genes are regulated, and 

an example of the functional implications of these changes for humans today. 
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CHAPTER 2 

SIGNALS OF NATURAL SELECTION ON IMPUTED TRANSCRIPTION 

FACTOR BINDING SITES IN HUMAN TISSUES 

 

ABSTRACT 

 

Summary: Predicting transcription factor binding remains challenging due to high false 

positive rates, cell type specific differences in DNA recognition, and experimental bias. 

We developed a motif-based discriminative method, dTOX (discriminative 

Transcription factor Occupancy eXtraction), to predict transcription factor binding 

using a single data type-- DNase-I-seq. Our method is based on predicting if a given 

motif is bound by any TF with a motif at a given genomic position, which we term 

‘transcription factor occupancy’. We used dTOX to predict transcription factor binding 

across ENCODE cell types and among clusters of similar motifs. Based on the predicted 

bound TFBS, we used INSIGHT to detect signatures of recent natural selection across 

tissues. We found evidence of purifying selection in motifs bound in the brain, positive 

selection in motifs bound in blood cells, and an increase in selection of embryonic 

versus adult cells among all tissues. Evolution of occupied transcription factor motifs in 

regulatory elements follows similar patterns to the evolution of tissue-specific protein-

coding genes. 

 

Availability and implementation: dTOX is freely available on GitHub 

(https://github.com/Danko-Lab/dTOX).  
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INTRODUCTION 

 

Transcription factors (TF) coordinate complex transcriptional regulatory programs by 

binding to DNA sequence motifs and coordinating steps during the RNA Polymerase II 

(Pol II) transcription cycle (Fuda et al., 2009). Detecting transcription factor binding 

using experimental techniques is difficult, labor intensive, and depends on the 

availability and validation of high-quality antibodies. Developing accurate 

computational methods to predict TF binding sites has therefore become a major goal 

for the genomics community. 

  

DNase-I hypersensitivity can contain patterns that are characteristic of particular 

transcription factors (Galas & Schmitz, 1978; Song et al., 2011). However, many 

transcription factors are not associated with characteristic footprints (Guertin et al., 

2012; He et al., 2014). Additionally, most transcription factors bind only a small fraction 

of DNA sequences matching their motif (Guertin & Lis, 2010). Transcription factor 

families tend to bind similar DNA sequence motifs. There is some specific information 

that can be used to distinguish between particular proteins (Bulyk, 2006; Samee et al., 

2019). However, motifs alone are often sub optimized and features such as interactions 

with different cofactors can vary the binding affinity of a transcription factor in different 

cell types (Farley et al., 2015; Luna-Zurita et al., 2016). Thus, there is a risk of 

overfitting models to one cell type. These characteristics of transcription factors make 

transcription factor binding site prediction a challenging computational problem. 
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Existing computational approaches largely work by enumerating the set of TF binding 

sites in the genome using a known motif for a TF of interest, and then predicting whether 

each motif occurrence is bound on the basis of chromatin accessibility data. Tools such 

as CENTIPEDE (Pique-Regi et al., 2011) and PIQ (Sherwood et al., 2014) have been 

introduced to predict TFBSs with reasonably high accuracy, allowing the prediction of 

virtually any TF with a known motif in any cell type with chromatin accessibility data. 

Although both of these tools have a high specificity, there is such a large excess of 

unbound motifs in mammalian genomes that the majority of predictions are false 

positives. The high false positive rate has limited the widespread deployment of these 

tools. 

 

More recently, newer methods have focused on using more accurate discriminative 

machine learning models to predict the location of all ChIP-seq peaks, without 

conditioning on a specific motif of interest. Virtual ChIP-seq (Karimzadeh & Hoffman, 

2018), an elegant example of this alternative strategy, predicts the location of motifs 

based on ChIP-seq training data with remarkably high accuracy. These tools have the 

advantage of being able to predict the location of ChIP-seq supported binding sites at 

loci which do not contain the motif of interest. However, there are two important 

limitations of this alternative strategy. First, the extent to which ChIP-seq signals 

without a canonical TF binding motif reflect biologically relevant events, or systematic 

artifacts due to crosslinking or antibody cross reactivity, remains debated (Steube et al., 

2017; Wreczycka et al., 2017). Second, training a model for each TF in a manner that is 

independent of a motif requires having collected ChIP-seq data in at least one cell type 



 23 

for model training, limiting the use of this strategy to ~200 of the estimated 1,800 TFs 

for which a validated antibody exists.  

 

Here we describe dTOX (discriminative Transcription factor Occupancy eXtraction), a 

discriminative support vector machine (SVM) classifier that predicts whether motifs 

identified in a genome of interest are bound by a transcription factor on the basis of 

nuclease accessibility (DNase-I-seq). We introduce the concept of transcription factor 

occupancy, where we predict if a given motif is bound by any TF with a motif at the 

position. By predicting motif occupancy, we can avoid the usual high false positive 

signal due to cofactors or motif similarity between factors. To improve the classification 

accuracy over CENTIPEDE and PIQ, dTOX used a single large training dataset under 

the assumption that many TFs share a common pattern in functional marks, consisting 

of a nucleosome depleted core region flanked by divergent transcription initiation (Core 

et al., 2014; Scruggs et al., 2015). By using a single model trained on a dataset of many 

motifs, the training of the model can be done on millions of motif examples and is 

generalizable to any TF with motif data. We use this model to identify patterns of 

selection in TF binding sites between varying cell types and tissues to further understand 

the evolutionary role of transcription factors. 
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RESULTS 

 

A single model predicts transcription factor motif occupancy  

Whereas previous methods predict whether a motif occurrence is occupied by a specific 

transcription factor, dTOX predicts whether a motif occurrence is occupied by any 

member of a transcription factor family. dTOX was motivated by reports that DNA 

sequence and factor-general assays, like DNase-I-seq, provide weak information about 

which member of a transcription factor protein family is bound. For example, MYC and 

MAX are transcription factors in the bHLHz family that bind to an E-box consensus 

motif (Amati et al., 1992; Blackwood & Eisenman, 1991; Kretzner et al., 1992). Using 

ChIP-seq data in K562 cells, we found that MYC and MAX show similar binding 

patterns at genomic locations with an annotated motif for both MYC and MAX or an 

annotated motif for only one of the factors (Supplementary Figure 2.1). Likewise, 

MYC and MAX occupancy affected the pattern of DNase-I-seq accessibility near E-box 

occurrences in similar ways. To generalize beyond MYC and MAX, we trained a 

discriminative support vector machine (SVM) classifier that accurately predicted the 

occupancy of 34 transcription factors using DNase-I-seq data from a holdout cell type 

(see Methods). The factor-general SVM predicted motif occupancy as well as models 

trained to recognize individual transcription factors, indicating that different 

transcription factors often share similar patterns of DNase-I-seq cut sites.  

 

Motivated by examples like MYC and MAX, we designed dTOX to classify candidate 

binding sites in a reference genome as bound or unbound by any member of a 
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transcription factor protein family which can recognize that motif (Figure 2.1A). dTOX 

takes as input the genomic coordinates of occurrences similar to CisBP binding motifs 

in the RTFBSDB database (Wang et al., 2016; Weirauch et al., 2014). dTOX classifies 

each motif occurrence as bound or unbound in a cell or tissue sample using DNase-I-

seq, which is factor-general. To accelerate computation, dTOX excludes candidate 

motif occurrences from prediction for two reasons: (i) motifs that do not meet a signal 

cutoff threshold and therefore would not be predicted as bound by the classifier, and (ii) 

those which are classified as unbound using a random forest tuned to achieve nearly 

perfect sensitivity (see Methods). These candidate motif occurrences are classified as 

unbound. dTOX classifies remaining motif occurrences using a SVM implemented on 

a graphical processing unit (GPU) to speed up computation time.  

 

dTOX performs well on a holdout set 

We trained dTOX using ChIP-seq data profiling 50 sequence-specific transcription 

factors in K562 and GM12878 (Supplementary Table 2.1). We used motif occurrences 

that intersect a ChIP-seq peak call of a transcription factor that recognizes that motif 

and has a minimum signal threshold as the set of true positive training examples. 

Negative examples were defined as motifs that were outside of a ChIP-seq peak for all 

transcription factors reported to recognize that motif. We trained dTOX using an 

unbalanced dataset of 2 million motif positions, 30% of which were bound to a 

transcription factor (true positives). All arbitrary parameters used during dTOX training, 

for instance the shape and size of feature vectors and the proportion of bound and  
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Figure 2.1. dTOX prediction and performance. A) Workflow of dTOX motif 

prediction reduces the total number of motifs that are predicted with the SVM which 

reduces total computation time. B) Precision-recall curve for all transcription factors in 

the HeLa holdout set based on a true positive set based on ChIP-seq peak calls and a 

signal to input ratio threshold. auPRC=0.78. C) Comparison of auPRC between true 

positive set based solely on peak calls for ChIP-seq and true positive set based on ChIP-

seq peak calls and a signal to input ratio threshold for individual motifs in HeLa. 
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unbound motifs in the training dataset, were optimized empirically to maximize 

performance on holdout sites in K562 and GM12878 (see Methods).   

 

We evaluated the accuracy of dTOX binding predictions on 34 ChIP-seq datasets in 

HeLa, a complete holdout cell type. As motif occupancy is highly unbalanced, with 

larger numbers of negative examples, we used the area under the precision recall curve 

(auPRC) as a performance metric. Using the HeLa holdout set, we found that the 

average auPRC for models based on all motifs was 0.78 (Figure 2.1B; Supplementary 

Table 2.2). Performance improved when we defined true bound samples using a 

combination of ChIP-seq peak and a minimum signal to input ratio similar to how we 

defined bound samples for the training set (Figure 2.1C; see Methods). For individual 

TFs, models trained on the union of all training TFs performed equally to models trained 

on only their own ChIP-seq and motif data, demonstrating the utility of our one model 

approach (Supplementary Figure 2.2). Notably, 8/34 HeLa TFs we predicted on were 

not included in the training set. The auPRC for TFs included in the training set compared 

to the auPRC for TFs not included in the training set was not statistically different (0.79 

vs. 0.77). Thus, dTOX gives a good estimate of TF binding and performs better than 

existing motif-based models. 

 

Selection on transcription factor binding sites across tissues 

Motifs are not discrete units and there is often redundancy between motifs with similar 

binding partners and members of large motif families (Kuntz et al., 2012). We defined 

motif family clusters in the human genome by merging TFBS within composite DNase-
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I hypersensitive sites (from >200 reference cell types) and clustering based on location 

in the genome. Using this method, we found 447 clusters of TF families (Figure 2.2A) 

with clusters ranging from 1 to 77 individual motifs. By combining predictions of TF 

binding using our occupancy method with clustering results of TF motif families, we 

can make new observations about the patterns of TF family binding across cell types.  

 

We assessed TF binding across cell types using ENCODE DNase-I-seq data from 

diverse cell types that were consolidated based on correlation between similar datasets 

and UMAP clustering (Figure 2.2B). We predicted TF binding on 118 DNase-I-seq 

datasets on tissues including lung, kidney, blood, brain, dermis, stomach, large intestine, 

small intestine, spinal cord, adrenal gland, and thymus. 

 

We then used this large dataset of TF binding predictions to not only understand the 

differences in TF binding across tissues, but also to understand the evolutionary 

constraints in place on conserved and tissue-specific TF binding sites. An analysis of 

natural selection on TF binding sites bound in a limited number of cancer cell types in 

the human genome showed that deleterious mutations in regulatory regions occur at 

higher frequencies than in coding regions (Arbiza et al., 2013). To extend this analysis 

to motifs that are bound and look at patterns of selection across tissues, we ran INSIGHT 

(Gronau et al., 2013) to detect signatures of recent natural selection in our predicted 

bound TF binding sites based on the ENCODE DNase-I-seq data. INSIGHT detects 

three signatures of selection: the fraction of nucleotides under selection (Rho), the  
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Figure 2.2. Clustering of motifs and ENCODE DNase-I-seq data. A) Clustering of 

1777 PWMs results in 447 clusters. Clusters represent different enrichments of 

functional classes of transcription factors. B) Motifs for MYC and MAX are members 

of cluster 2 (Ebox). C) UMAP clustering ENCODE DNase-I-seq data with 15 clusters. 
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expected number of adaptive substitutions per kilobase (E[A]), and the expected number 

of polymorphic sites subject to weak negative selection per kilobase (E[W]).  

 

We evaluated predicted TF occupancy across all motif clusters for each tissue (Figure 

2.3A-C) and as a matrix of each individual cluster for each tissue (Figure 2.3D-F). We 

find that DNase-I-seq samples from brain tissues have a significantly higher fraction of 

nucleotides under selection with an average of value of 0.21, compared to an average 

Rho value of 0.16 for all other tissues (p<0.0001) (Figure 2.3A). Many samples had 

little to no evidence of adaptive substitutions (Figure 2.3B). However, blood samples 

had a significantly higher expected number of adaptive substitutions than other tissues 

(0.05/kB vs. 0.007/kB, p<0.05). All tissues had a greater number of polymorphic sites 

under weak negative selection per kilobase compared to expected adaptive substitutions 

(Figure 2.3C). Samples from the stomach had the greatest number of expected 

deleterious polymorphic sites per kilobase (1.09 vs. 0.74 for all other tissues, p<0.01).  

 

Some motif clusters appear to have high levels of selection regardless of tissue. To 

further understand what these motif clusters are and how they may be functioning within 

the context of evolution, we analyzed the average Rho, E[A], E[W] for each cluster 

among all tissues (Figure 2.4A-C). We see several outlier motif clusters with high 

average measures of selection, regardless of tissue (Figure 2.4D-4F). Members of the 

highest average motif clusters for Rho and E[W] (Figure 2.4D,2.4F) are generally GC 

rich, which suggests that they may be enriched near transcription start sites of protein-

coding genes and this placement in the genome may be driving the signal of selection.  
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Figure 2.3. Natural selection on predicted bound motifs. A) Rho (fraction of 

nucleotides under selection) for all bound transcription factors in each tissue. B) E[A] 

(number of adaptive substitutions/kB) for all bound transcription factors in each tissue. 

C) E[W] (number of deleterious substitutions/kB) for all bound transcription factors in 

each tissue. D) Rho for each motif cluster in each tissue. E) E[A] for each motif cluster 

in each tissue. F) E[W] for each motif cluster in each tissue. 
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Figure 2.4. Average selection for each motif cluster. A) Average Rho across all 

tissues for each motif cluster. B) Average E[A] across all tissues for each motif cluster. 

C) Average E[W] across all tissues for each motif cluster. D) Motif PWMs for motif 

clusters that had the highest average Rho across all tissues. E) Motif PWMs for motif 

clusters that had the highest average E[A] across all tissues. F) Motif PWMs for motif 

clusters that had the highest average E[W] across all tissues. 
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We see localized bands of higher values for Rho and E[W] among specific tissues in the 

majority of clusters (Figure 2.3D-F). Upon investigating these tissues, we see a trend 

of increased selection in embryonic tissues. For each measure of selection, we compared 

values in the combined set of all bound sites for tissues labelled as embryonic and adult 

in all tissues (Figure 2.5A-C). We see a significant increase in Rho for embryonic 

tissues compared to adult tissues (p=0.001942). When this analysis is narrowed to a per 

tissue basis, we see that this pattern is especially evident across brain tissues for Rho 

(average Rho=0.96 for embryonic tissues and average Rho=0.76 for adult tissues, p= 

0.0003543) (Figure 2.5D) and a similar pattern in E[W] (average E[W]=0.24 for 

embryonic and average E[W]=0.18 for adult tissues, p=0.03324). Thus, embryonic 

tissues have a higher fraction of nucleotides under selection than adult tissues and in 

some tissues, this difference is more evident along with a change in the expected number 

of polymorphic sites under weak negative selection. 

 

DISCUSSION 

 

Here we present a new method, dTOX, that reformulates the problem of transcription 

factor occupancy prediction. Previous methods predict whether a motif is occupied by 

a certain sequence-specific transcription factor. We reformulated this problem, 

recognizing that DNA sequence and factor-general assays provide only weak 

information that can distinguish between transcription factors which recognize similar 

DNA binding motifs. Instead, dTOX predicts whether each motif occurrence is 

occupied by any transcription factor that is known to recognize that motif. Additionally, 
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Figure 2.5. Selection is dependent on tissue. A) Rho across all clusters for embryonic 

vs. adult tissues. Embryonic tissues have a significantly higher Rho than adult tissues 

(p=0.001942) B) E[A] across all clusters for embryonic vs. adult tissues. C) E[W] across 

all clusters for embryonic vs. adult tissues. D) Brain embryonic vs. adult tissues show a 

significant difference in Rho (p=0.03324). E) E[A] values for the GATA cluster in each 

tissue. Blood E[A] for GATA is significantly higher than all other tissues (p=4.235e-

05). 
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dTOX uses an accurate discriminative support vector machine (SVM) that we trained 

to recognize the general pattern in DNase-I-seq associated with motif occupancy. We 

show that this pattern effectively generalizes across most transcription factors with 

available ChIP-seq data. Using this model, we identified high-confidence occupied 

motifs for 447 transcription factor families in 118 human tissues. 

 

We see a positive correlation between Rho and E[W], suggesting that weak negative 

selection is driving the majority of selection at bound transcription factor motifs. In 

motif clusters with universally high signatures of selection we see patterns in the types 

of motifs included. For clusters with high average Rho and E[W] values, we find motifs 

that are GC rich. This suggests that they may be localized near promoters of protein-

coding genes and be under selection due to their functional role in transcription. The 

role of these motifs in transcriptional regulation is supported by the presence of the 

highly conserved motif for SP4, a transcriptional activator that is a member of the SP 

family of general transcription factors, which activates the transcription of many genes 

that contain CG-rich Sp-binding sites (Suske, 1999).  

 

We saw a relatively high signal for the expected number of adaptive substitutions in 

samples of blood cells, despite most tissues showing no evidence of expected adaptive 

substitutions. This signature of positive selection in blood cells is likely influenced by 

the essential role of blood cells in immunity. In genome-wide scans for positive 

selection, immune genes are consistently enriched (Raj et al., 2013; Voight et al., 2006) 

so it is likely that the genomic positions where transcription factors are binding are under 
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similar selective pressures and favor the fixation of new derived alleles. These increased 

levels of positive selection in blood cells are apparent when we analyze motif clusters 

for transcription factors that play essential roles in blood cells. The GATA family of 

transcription factors are involved in hematopoiesis and adaptive and innate immunity 

(Tindemans et al., 2014; Tremblay et al., 2018). When analyzing the GATA cluster of 

motifs we see that they have significantly higher E[A] than all other cell types (1.13 vs. 

0.71, p-value = 4.235e-05) (Figure 2.5E). This suggests that the positive selection 

signal differences our analysis picks up in transcription factor binding may be driven by 

adaption to differences in immune challenges among humans. 

 

We see the highest fraction of nucleotides are under selection (Rho) in motifs that are 

bound in the brain with certain brain tissues also showing among the highest levels of 

natural selection across all tissues. This is consistent with previous reports of purifying 

selection and slow rates of evolution for genes that are highly expressed in the brain 

(Duret & Mouchiroud, 2000; Tuller et al., 2008). We also see relatively high levels of 

weak negative selection on polymorphic sites in some brain tissues, suggesting 

evolutionary constraint on essential transcription factor binding sites. In the future, we 

would like to look more closely at the functional roles of the constrained bound motifs 

in the brain to see what role they play in the highly complex biochemical networks in 

the brain that contribute to slower evolutionary rates (Kuma et al., 1995).  

 

We dissected rates of evolution at different life stages for all tissues. When all tissues 

are analyzed together, we see a significant increase in Rho values for embryonic tissues 
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compared to adult tissues. The high level of conservation of embryonic body plans likely 

contributes to the high level of selection in embryonic tissues compared to adult tissues. 

The high E[W] values for stomach tissues may be driven by embryonic tissues, since 6 

out 8 stomach tissues are embryonic in origin. A limitation of our analysis is the 

imbalance of embryonic and adult stages for the majority of tissues, making it 

challenging to fully understand the differences in regulation between the stages. This 

trend is most evident in brain tissues, with other tissues that contain both embryonic and 

adult stages not having significant differences (cardiac and kidney). We found that 

embryonic brain tissues have higher fractions of nucleotides under selection (Rho) and 

higher amounts of negative selection (E[W]) than adult brain tissues. This additional 

relaxed evolutionary constraint on motif occupancy in adult brain tissue may play a role 

in the neural plasticity in adult brains. It has been shown that transcription factors can 

regulate key steps of neural plasticity (Engelmann & Haenold, 2016; Veyrac et al., 

2014) so it is possible that it is evolutionarily advantageous to have lower levels of 

purifying selection to allow for increased plasticity in adults.  

 

Our analyses show that transcription factor motifs that are bound in different tissues are 

evolving at different rates. We characterize clusters of motifs that are under high levels 

of selection which may be connected to their sequence characteristics. We show an 

enrichment of high levels of selection at motifs that are bound in embryonic tissues 

compared to their adult counterparts. We confirm previously shown examples of 

different rates of evolution in different tissues by showing that motifs bound in the brain 

evolve at slower rates than motifs bound in the immune system likely because of their 
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differing functional roles (Kuma et al., 1995). Our work studying differences in 

evolution of occupied transcription factor binding sites mirrors the ‘tissue-driven’ 

hypothesis of the evolution of protein-coding genes (Park & Choi, 2010). 

 

METHODS 

 

SVM TRAINING 

Motif selection: 

We identified motif occurrences for each TF with ENCODE data in either GM12878 or 

K562 using the RTFBSDB database and narrowed the number of training motifs by 

only selecting motifs inside bins that have reads within 400bp on either the plus or minus 

strand in the training dataset. Motifs were Intersected with ChIP-seq narrow peaks 

called by ENCODE to give them a rough label of bound or unbound. These categories 

were further refined by using raw ChIP-seq and input data for each TF. Only motifs 

within a ChIP-seq peak and with a raw read ratio over input from a 100bp bin 

surrounding the motif that was >2 were included for training as bound. Motifs defined 

outside a ChIP-seq peak and with a ratio of <1 were included for training as unbound. 

These restrictions were applied to the training data to ensure a clear distinction between 

bound and unbound sites, but were not applied to the holdout testing set.  

 

SVM feature vectors: 

Training sets were composed of the restricted motifs from K562 and GM12878, with an 

adjusted ratio of bound to unbound reads of 30:70. For each site included in model 
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training, a feature vector of the genomic data was extracted using logistic scaling to 

remove differences in feature magnitudes. 

  

Feature vector: 501 features (500 read count features + motif score) 

Read count features 

Size of window Number of windows 

1,4,10, 25, 50,500 10,50,10, 10, 30,15 

 

To further refine the training set for each model, Precision Run-On and Sequencing 

(PRO-seq) data was used to remove possible outlier training data. In addition to the 

training feature vectors, PRO-seq data was collected for 100bp surrounding each site. 

Bound sites within the DNase-I-seq model that were at the bottom 10% for PRO-seq 

reads were removed from the training set. This allowed for a more selective training set 

that was more likely to be, thus avoiding adding any unbound samples to the bound 

training set.  

 

SVM training: 

The dTOX model was built using the gtSVM package for e1071 implementation on a 

GPU, with the following parameters: gamma=0.05, tolerance=0.001, biased=F.  
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Random forest filtering:  

In order to reduce the computational time to the limitation of the GPU queue, we 

designed a filter trained by a Random Forest algorithm to reduce the number of loci 

predicted on with the SVM through elimination of the majority of negative samples. 

The filter uses few features and takes a short amount of time to do this first filtering step 

prediction. To train the filtering model, motifs were extracted from RTFBSDB and run 

through dTOX to get bound and unbound calls. A random forest was built based on 

these binding calls with the following features: 8 read count windows (1kb, 5kb, 25kb, 

50kb around motif on + and - strand), 3 motif score summaries (minimum, maximum, 

and mean of motif score in 25bp window around motif), and 1 motif score. To filter 

motifs before dTOX prediction, motifs were extracted from RTFBSDB and run through 

the random forest model. Motifs predicted as bound were then run through dTOX to get 

final binding calls. 

 

RUNNING dTOX ON ENCODE DNase-I-seq DATASETS 

Clustering of motifs in the human genome: 

DHS sites (merged from 216 reference cell types defined by the min150 data from (Chu 

et al., 2018) were scanned for motifs. This accounted for 1/5 regions of hg19. We 

selected the TFBS with the top 1000 scores for each motif. TFBS were merged and each 

merged region was extended by +-30bp (which corresponds to the length of the longest 

PWM). This resulted in ~900,000 regions. These 900,000 regions were re-scanned with 

the ～1800 PWM and defined with a score of either 0 if the max score in a region is 
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below 7, or 1 if otherwise.  Pairwise correlation coefficients were calculated between 

each PWM. 1-correlation coefficient was used as the distance for clustering with the 

ward.D2 method. 

 

Combining ENCODE DNase-I-seq data: 

All human tissue DNase-I-seq data from ENCODE that passed ENCODE benchmarks 

for quality control was downloaded. Datasets were initially partitioned by cell/organ 

type (lung, kidney, blood, brain, dermis, stomach, large intestine, small intestine, spinal 

cord, adrenal gland, and thymus). Individual cell types within the larger categories were 

manually curated. For datasets with the same manually curated categories of cell type, 

the Spearman correlation coefficients were calculated between each individual tissue 

type. Individual datasets with a correlation coefficient of >=0.85 and the same manually 

curated annotation were combined, resulting in a total of 118 DNase-I-seq datasets for 

downstream analysis. 

 

UMAP clustering of DNase-I-seq data: 

Combined DNase-I-seq datasets were clustered using the AgglomerativeClustering 

from sklearn.cluster to make clusters for coloring the UMAP. The distance threshold 

was set to 0.9 to generate clusters with correlations > 0.9. A PCA was run on gene body 

counts and the top 50 PCs were selected as input for the Scikit-learn UMAP package. 
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INSIGHT on dTOX output: 

INSIGHT was run on all motifs that had a dTOX prediction of >0.5 for each DNase-I-

seq dataset with the default settings. For individual clusters of transcription factor 

motifs, the binding predictions for each cluster member were extracted from the dTOX 

output and combined. Predictions were filtered to remove duplicate bound sites between 

members.  
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SUPPLEMENTARY FIGURES AND TABLES 

 

 

Supplementary Figure 2.1. Comparison of MYC and MAX binding. A) Comparison 

of MYC and MAX ChIP-seq and DNase-I-seq for regions that have both MYC and 

MAX ChIP-seq peaks, only MYC peaks, or only MAX peaks. 
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Supplementary Figure 2.2. Individual vs. full model performance. A) A general 

model based on all transcription factors performs as well as individual models built for 

each transcription factor.  
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Supplemental Table 1. Transcription factors that the dTOX SVM was trained on. 

 

K562 GM12878 

ARID3A BATF 

ATF1 BCL11A 

ATF3 BHLHE40 

BACH1 BRCA1 

BHLHE40 CEBPB 

CEBPB CTCF 

CTCF E2F4 

CTCFL EBF1 

E2F6 EGR1 

EGR1 EGR1 

ELF1 ELF1 

ELK1 ELK1 

ETS1 EP300 

FOS ETS1 

FOSL1 FOS 

GABPA FOXM1 

GATA1 GABPA 

GATA2 IKZF1 

JUN IRF4 

JUNB JUND 

JUND MAX 

MAFF MAZ 

MAFK MEF2A 

MAX MEF2C 

MAZ MXI1 

MEF2A NFATC1 

MXI1 NFE2 

MYC NFIC 

NFE2 NFYA 

NFYA NFYB 

NFYB NR2C2 

NR2C2 NRF1 

NR2F2 PAX5 

NRF1 PBX3 

REST POU2F2 
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RFX5 REST 

SP1 RFX5 

SPI1 RUNX3 

SRF RXRA 

STAT5A SIX5 

TAL1 SP1 

TBP SPI1 

TEAD4 SRF 

THAP1 STAT1 

USF1 STAT3 

USF2 STAT5A 

YY1 TBP 

ZBTB33 TCF12 

ZBTB7A USF1 

ZNF143 USF2 

ZNF263 YY1 

ZNF274 ZBTB33 
 ZEB1 
 ZNF143 
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Supplemental Table 2. Area under the Precision-Recall curve of transcription factors 

in the HeLa complete holdout set. 

 
 

Dnase-I-seq 

BRCA1 0.9377293 

CEBPB 0.9076302 

CTCF 0.9408423 

E2F1 0.55667436 

E2F4 0.52261895 

E2F6 0.47087342 

ELK1 0.9426953 

ELK4 0.9437501 

FOS 0.96009252 

GABPA 0.60311646 

IRF3 0.20841823 

JUN 0.96463354 

JUND 0.97801263 

MAFK 0.70095223 

MAX 0.96614459 

MAZ 0.95602217 

MXI1 0.92438095 

MYC 0.89565138 

NFYA 0.89548851 

NFYB 0.85740809 

NR2C2 0.29694781 

NRF1 0.81273542 
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PRDM1 0.73673496 

REST 0.37418515 

RFX5 0.92706971 

SMARCC1 0.83944721 

SMARCC2 0.8576676 

STAT3 0.88707339 

TBP 0.77961091 

TCF7L2 0.89422163 

USF2 0.95452187 

ZKSCAN1 0.9285918 

ZNF143 0.90882246 

ZNF274 0.21882296 
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CHAPTER 3 

ADAPTIVE CHANGES IN ANTHRAX TOXIN RECEPTOR EXPRESSION IN 

HUMANS 

 

ABSTRACT 

 

The advent of animal husbandry and hunting increased human exposure to zoonotic 

pathogens, placing new sources of selective pressure on the ancestors of modern 

humans. Here we report that adaptive immune cells in humans have an 8-fold decrease 

in the expression of the anthrax toxin receptor 2 (ANTXR2) compared with chimpanzee 

and rhesus macaque. Using CRISPRa to recover the ancestral expression of ANTXR2 in 

human cells revealed that expression differences affected cellular sensitivity to 

recombinant anthrax toxins. We identified cis-regulatory elements (CRE) correlated 

with ANTXR2 expression by integrating genomic data profiling enhancer RNA 

transcription and chromatin architecture in multiple primate species, with follow-up 

validation using luciferase assays. At least one candidate DNA sequence change was 

polymorphic in human populations and had an allele frequency that was geographically 

correlated with anthrax endemic areas. Our results document how changes in human 

ecology and exposure to zoonotic pathogens may have contributed to regulatory 

evolution.  
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INTRODUCTION 

 

Pathogens are a primary source of morbidity in humans and other animals (Karlsson et 

al., 2014). Host genetics play a central role in pathogen susceptibility, and as a result, 

infectious diseases were a major source of selective pressure during the evolution of 

modern humans (Fumagalli et al., 2011; J. B. S. Haldane, 2006; J. B. S. Haldane, 1949). 

During the past 60 years, numerous case-studies have revealed evidence of positive 

selection on alleles that provide resistance to infectious disease in human populations in 

endemic areas of the globe. These include resistance alleles for P. falciparum (Malaria) 

(Allison, 1954), T. brucei (African trypanosomiasis) (Genovese et al., 2010; Ko et al., 

2013), and Arenaviridae viruses (Lassa fever) (Sabeti et al., 2007). More recently, 

global signatures of selection on human “host” genes, as well as patterns of introgression 

between humans and Neanderthals, have supported a major role for infectious disease 

in selection during the evolution of modern humans (Enard & Petrov, 2018, 2020; 

Fumagalli et al., 2011; Kosiol et al., 2008). Genes with a primary function in immunity 

are consistently overrepresented in genome-wide screens of positive selection in 

humans and other animals (Kosiol et al., 2008; Shultz & Sackton, 2019). Several well-

characterized examples show how genetic changes affecting immune cells have led to 

phenotypic differences in host immunity (Chrousos et al., 1982; Denny et al., 2000; 

Nguyen et al., 2006; Reynolds et al., 1999; Scammell et al., 2001).  
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Changes in ecology and behavior as the ancestors of humans began hunting, developed 

animal husbandry, and agriculture has long been speculated to affect the pathogens with 

which humans interact (Gonzalez et al., 2000; Johnson et al., 1993; Wolfe et al., 2007). 

One pathogen that began affecting human ancestors after the development of hunting is 

B. anthracis, the bacterium that causes anthrax disease (Kamal et al., 2011; Spencer, 

2003). B. anthracis primarily afflicts domestic grazing species during the course of its 

natural life-cycle, and has driven selective pressures in cattle, sheep, and other ruminant 

species (Lv et al., 2014; F. Zhao et al., 2015). However, anthrax disease has also been a 

source of mortality in humans (Kamal et al., 2011; Spencer, 2003). Anthrax disease was 

speculated to be the causative agent behind plagues in antiquity based in part on the 

description of characteristic black boils on the host (Kamal et al., 2011). More recently, 

inhaled anthrax from hides was the causative agent behind Woolsorter’s disease, 

primarily affecting textile workers during the 18th and 19th century (Eurich, 1926; 

Laforce, 1978). B. anthracis remained endemic across the world until the first half of 

the 20th century, causing an estimated 20 to 100 thousand annual human cases (Kamal 

et al., 2011). The prevalence of anthrax disease has decreased markedly in the latter half 

of the 20th century due to more effective mitigation strategies, although recent 

outbreaks have been documented in humans (Meselson et al., 1994; Mwenye et al., 

1996). 

 

Here we show that expression of the anthrax toxin receptor 2 (ANTXR2), the membrane 

receptor granting anthrax toxins access to host cells, decreased in human CD4+ T cells 

compared to non-human primates. Using CRISPR activation (CRISPRa) to recover the 
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ancestral expression of ANTXR2 in human cells revealed that expression differences 

affect cellular sensitivity to recombinant anthrax toxins. By integrating genomic data 

profiling enhancer activity and chromatin architecture with reporter assays, we 

identified and validated cis-regulatory elements (CREs) correlated with changes in 

ANTXR2 expression. Much of the variation in ANTXR2 expression was present in all 

modern humans. However, at least one candidate DNA sequence change was 

polymorphic in human populations and had an allele frequency which correlated with 

the historical distribution of B. anthracis worldwide. Finally, we identified a candidate 

selective sweep in the gene desert upstream of ANTXR2 which may affect its expression 

in multiple tissues. Collectively, our results document a change in ANTXR2 expression 

in humans, potentially revealing an example in which changes in primate ecology during 

the advent of hunting led to new interactions with zoonotic pathogens. 

 

 

RESULTS 

 

To identify candidate transcriptional changes that influenced the human immune 

system, we used recently published maps of RNA polymerase collected using PRO-seq 

in primary CD4+ T cells from human, chimpanzee, and rhesus macaque (Danko et al., 

2018). We previously demonstrated that PRO-seq data in each species interrogated a 

relatively pure population of T-helper type 1 (Th1), Th2, Th17, T-regulatory and T-

follicular helper CD4+ cells (Danko et al., 2018). Cells were grown on standard medium 

under non-stressed conditions and were harvested in stationary phase. We used this 
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PRO-seq dataset to identify 552 candidate genes (of 9081 GENCODE annotations 

expressed in at least one primate) whose transcription changed in humans compared to 

both non-human primates (Figure 3.1A; DESeq2 FDR-corrected p < 0.05, (Love et al., 

2014)). Candidate transcriptional changes included SIGLEC5 (Figure 3.1A), which was 

reported previously as the causal gene responsible for changes in the sensitivity of 

human CD4+ T cells to activation (Nguyen et al., 2006).  

 

We found an enrichment of differentially expressed genes encoding extracellular 

surface proteins. Of the 552 differentially transcribed genes in humans, 182 encoded 

genes annotated as an internal component of the plasma membrane or related gene 

ontology terms, which represents up to a 3-fold enrichment (Figure 3.1A-B). Similar 

results were obtained using newly collected RNA-seq data from one human and one 

rhesus macaque (Supplementary Figure 3.1). Regulatory changes in genes encoding 

transmembrane receptors may be influenced by interactions between T cells and 

pathogens. Indeed, several genes that were differentially transcribed encoded putative 

pathogen receptors, including the alanyl aminopeptidase (ANPEP; required for viral 

entry of coronavirus (Forni et al., 2017) 229E) and anthrax toxin receptor 2 (ANTXR2) 

(receptor for B. anthracis toxins (Banks et al., 2005)) (Figure 3.1A; Supplementary 

Figure 3.2). These findings are consistent with a hypothesis that some changes in 

transmembrane receptor expression may be influenced by interactions between CD4+ 

T cells and pathogens.  
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Figure 3.1. ANTXR2 is expressed at lower levels in human CD4+ T-cells compared 

to non-human primates. A) Differentially transcribed protein-coding genes between 

humans and non-human primates in CD4+ T cells. The GO term ‘integral component 

of the membrane’ is enriched in differentially transcribed genes. B) Differentially 

transcribed genes between human and non-human primates are enriched for GO terms 

associated with the periphery of the cell. C) B. anthracis toxins lethal factor (LF) and 

edema factor (EF) cause apoptosis and edema in target host cells. D) CD4+ T cells 

produce less IL-2 upon activation with PMA and ionomycin when treated with anthrax 

toxins protective antigen (PA) and LF. E) CRISPRa induction in K562 cells results in 

increased ANTXR2 expression. F) CRISPRa K562 cells that overexpress ANTXR2 are 

less viable after an anthrax toxin challenge as measured by alamar blue.
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We selected the human-specific down-regulation of ANTXR2 for follow-up study. 

ANTXR2 was 8-fold downregulated in humans compared to non-human primates at the 

level of both transcription and mRNA (Figure 3.1A; Supplementary Figure 3.1). The 

ANTXR2 gene encodes a transmembrane receptor which aids in the cellular entry of 

three toxins secreted by the B. anthracis bacterium (Moayeri & Leppla, 2004): 

protective antigen (PA), lethal factor (LF), and edema factor (EF). Toxins enter the 

cytoplasm of host cells by binding ANTXR2, which is ubiquitously expressed on 

mammalian cells (Scobie et al., 2003; Sun & Jacquez, 2016) (Figure 3.1C). In most cell 

types, anthrax toxins cause cell death by activating apoptosis and necrosis pathways, 

leading to anthrax disease (Moayeri & Leppla, 2009) (Figure 3.1C). Anthrax toxins do 

not cause apoptosis in CD4+ T cells but are reported to affect T cell activation (Comer 

et al., 2005; Paccani et al., 2005), which may limit the efficacy of downstream adaptive 

immune response to the B. anthracis bacterium. T cells initiate adaptive immune 

responses to foreign pathogens by secreting signaling proteins, including IL-2 

(Luckheeram et al., 2012). We used an ELISA to determine that recombinant anthrax 

toxins PA and LF lead to decreased IL-2 secretion from stimulated human CD4+ T cells 

(Figure 3.1D). This result suggests that anthrax toxins can affect T cells by dampening 

activation of host immunity. 

 

We asked whether ANTXR2 expression changes of the magnitude observed between 

primate species can affect sensitivity to anthrax toxins. We overexpressed ANTXR2 in 

a human myelogenous leukemia cell line (K562) using CRISPR activation (CRISPRa), 

in which catalytically dead CAS9 is fused to a VP64 transcriptional activator (Perez-
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Pinera et al., 2013). CRISPRa using a single guide RNA targeting the ANTXR2 promoter 

increased mRNA levels by 10-fold relative to an empty vector control 24 hours after 

transfection, a similar change to the differences observed between humans and non-

human primates (Figure 3.1E). Next, we treated ANTXR2 overexpressing and empty 

vector control cells with recombinant anthrax toxins PA and FP59, an LF analog 

reported to induce apoptosis in hematopoietic cells (Lui et al., 2001), and measured cell 

viability using alamar blue (Figure 3.1F). ANTXR2 overexpressing cells had a 

significantly lower viability following treatment with recombinant anthrax toxins 

(Figure 3.1F). Thus, our experimentally induced increase in human ANTXR2 

expression was of sufficient magnitude to decrease cell viability in the presence of 

anthrax toxins. 

 

Genetic changes that affect ANTXR2 transcription are likely to reside in cis-regulatory 

elements (CREs). We identified candidate CREs near ANTXR2 in CD4+ T cells of each 

primate species using dREG to analyze PRO-seq data (Danko et al., 2015; Wang et al., 

2018). We identified numerous CREs near ANTXR2: several in introns of ANTXR2, a 

broad promoter with numerous proximal regulatory sites, a proximal CRE within ~5kb 

of the ANTXR2 promoter, three CREs situated within a gene desert that separated 

ANTXR2 and PRDM8, and CREs within the PRDM8 transcription unit (Figure 3.2A). 

Notably, a comparison with DNase-I hypersensitivity and H3K27ac ChIP-seq data in 

humans did not identify additional candidate CREs worth considering (Supplementary 

Figure 3.3). We observed rapid turnover in the activity of CREs within the first intron, 

which were often species-specific. By contrast, CREs in the gene desert or near PRDM8  
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Figure 3.2. Changes in ANTXR2 cis-regulatory element activity. A) Genome 

browser shot of CD4+ T cell PRO-seq in human, chimpanzee, and rhesus macaque and 

regulatory elements and regulatory elements predicted by dREG. B) Hi-C in CD4+ T 

cells from human and rhesus macaque. ANTXR2 is located in the same topological 

domain (TAD) as the upstream gene PRDM8. Rhesus macaque Hi-C signal divided by 
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human Hi-C shows an increase in contacts within ANTXR2’s TAD. C) Virtual 4C-seq 

plots for distal regulatory elements tested in the luciferase assay show contacts to the 

ANTXR2 promoter. D) Luciferase assay performed in Jurkat cells to test the activity of 

regulatory elements in human, chimpanzee, and rhesus macaque shows an increase in 

activity for either chimpanzee or rhesus macaque compared to humans for CRE2, CRE3, 

CRE4, CRE5, CRE7, and CRE12. 
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were often conserved between both non-human primate species. Since the majority of 

CREs change activity between chimpanzee and rhesus macaque (Danko et al., 2018), 

the conservation of gene desert CREs may indicate that they have a biological function.  

 

To determine whether CREs interacted with the ANTXR2 promoter we performed in situ 

Hi-C in CD4+ T cells from human and rhesus macaque. Hi-C data revealed that 

ANTXR2, PRDM8, and all candidate CREs were found within the same topological 

associated domain (TAD), a structure reported to insulate the effects of distal enhancers 

from affecting expression (Symmons et al., 2014) (Figure 3.2B). Nearly all regions 

within the ANTXR2 TAD had a higher contact frequency in rhesus macaque compared 

with humans, potentially reflecting species-specific differences in ANTXR2 

transcription (Figure 3.2B). Virtual 4C-seq analysis showed that several of the distal 

candidate CREs had a focal increase in contact frequency with the ANTXR2 promoter 

(Figure 3.2C; Supplementary Figure 3.4). Additionally, we identified an ANTXR2 

expression quantitative trait locus (eQTL) that overlapped CREs in the gene desert and 

near PRDM8 using RNA-seq data from human CD4+ T cells (Schmiedel et al., 2018) 

(Supplementary Figure 3.5). Taken together, these findings indicate that the presence 

of evolutionarily conserved CREs throughout the upstream gene desert can affect 

ANTXR2 expression in CD4+ T cells.  

 

We used a luciferase assay to measure the activity of 12 CREs in the gene desert and 

near the ANTXR2 promoter using DNA sequences from human, chimpanzee, and rhesus 

macaque. We used human Jurkat CD4+ T cells as a model trans-environment, which 
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recapitulates the pattern of transcription in the ANTXR2 locus observed in primary T 

cells (Supplementary Figure 3.6). Six of the 12 cis-regulatory elements showed higher 

luciferase activity in chimpanzee or rhesus macaque than in human, whereas only one 

was higher in human (Figure 3.2D; Supplementary Figure 3.7). The one CRE with a 

higher activity in human was one element inside of the complex ANTXR2 promoter, 

which overall decreased activity in human (Supplementary Figure 3.8). Although 

most changes were modest in magnitude, several were 2-3-fold lower in humans than 

in one or both primates. These findings may be consistent with reports that multiple 

causal DNA sequence differences, some with a modest magnitude, contribute to 

expression changes between or within species (Cusanovich et al., 2018; Kalay & 

Wittkopp, 2010).  

 

Of the six candidate CREs with changes in activity, CRE4 stood out for its larger 

magnitude of effect (2-3 fold) and consistently higher luciferase activity in both 

chimpanzee and rhesus macaque (Figure 3.2D). Transcriptional activity is controlled 

by DNA sequences that lie within a stereotypical chromatin and transcriptional 

architecture that can be identified by divergently oriented transcription initiation and 

pause sites, which provide a higher resolution for regulatory sequences that control the 

activity of a CRE (Andersson et al., 2014; Core et al., 2014; Scruggs et al., 2015; 

Tippens et al., 2019). The genomic region cloned for CRE4 consisted of two separate 

divergent initiation sites, both of which had substantially higher quantities of Pol II 

loading in chimpanzee and rhesus macaque than in humans (Figure 3.3A). Both of the 

divergent initiation sites corresponded to conserved non-coding regions identified by  
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Figure 3.3. Differences in allele frequencies of upstream regulatory element. A) 

PRO-seq and dREG signal at CRE4. rs41407844 falls within a dREG peak shared by 

chimpanzee and rhesus macaque and the ancestral allele G is conserved within the 

primate lineage. B) Conservation of CRE4 between humans and non-human primates. 

Tracks show human-specific SNPs, human/chimpanzee differences (SNPs in black, 

INDELS in red), human/non-human primate differences (SNPs in black, INDELS in 

red), and 100-way conservation. C) Comparison of ANTXR2 RNA expression levels 
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among a large set of humans (n=85) to rhesus macaque. Human variation in expression 

does not overlap with rhesus macaque expression. D) Martchenko et al. showed that 

CEU lymphoblastoid cell lines have the lowest sensitivity to anthrax toxins. E) 

rs41407844 allele frequencies align with the predicted expansion patterns of B. 

anthracis. F) rs41407844 is above the 98% percentile for Fst comparisons between CEU 

and CHB, JPT, and YRI HapMap populations. 
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a 100-way PhyloP (Pollard et al., 2010) comparison (Figure 3.3B). We found 16 single 

nucleotide differences within the entire 5kb region that were shared in both rhesus 

macaque and chimpanzee, but in which the human reference sequence diverged. Only 

one of these human divergences was found inside divergent initiation sites in a 

conserved non-coding sequence in CD4+ T cells (Figure 3.3C): a human divergence in 

which the human reference allele, A, differed from the orthologous base in all sequenced 

primate species, G.  

 

We asked whether lower ANTXR2 expression was fixed in humans. B. anthracis is 

speculated to have evolved in southern Africa (Keim et al., 1997), potentially providing 

opportunities for exposure throughout the evolution of hominids. Analysis of 85 human 

CD4+ T cell RNA-seq datasets (Schmiedel et al., 2018) showed that none of the sampled 

humans had ANTXR2 expression levels close to non-human primates (Figure 3.3C). 

Nevertheless, ANTXR2 expression varied by nearly one order of magnitude within 

humans. Previous reports have noted differences in anthrax toxin sensitivity among 

humans (Martchenko et al., 2012), and indeed the candidate single nucleotide difference 

in CRE4 was polymorphic in humans, corresponding to rs41407844. The derived allele 

of rs41407844 appears to confer reduced sensitivity to anthrax, as its allele frequency is 

correlated with reported anthrax toxin sensitivity (Martchenko et al., 2012): high 

frequency in Europeans (~0.85), intermediate in East Asians (~0.38), and low frequency 

in African populations (~0.17; Figure 3.3D). Although B. anthracis is believed to have 

evolved in southern Africa (Keim et al., 1997), population genetic data suggest one 

strain recently radiated across the globe in a manner that correlates with rs41407844 
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allele frequency: beginning in Europe (Schmid & Kaufmann, 2002) and spreading 

through trade during the past several thousand years (Sternbach, 2003; Van Ert et al., 

2007) (Figure 3.3E). The fixation index (Fst) of rs41407844 was substantially higher 

between Europeans and other human populations than >98% of SNPs across the genome 

(Figure 3.3F, Figure 3.4A). Collectively these data support a model in which multiple 

genetic changes each arising over different time-scales during the divergence of modern 

humans from other primates have collectively contributed to reductions in ANTXR2 

expression.  

 

We asked whether variants that reduce in ANTXR2 expression were under positive 

selection in the ancestors of modern humans. We computed the composite-likelihood-

ratio (CLR) of a selective sweep across chromosome 4 in four human populations 

analyzed by the 1000 Genomes Project (Europeans [CEU], East Asians [CHB and JPT], 

and Africans [YRI]) using SweepFinder2 (DeGiorgio et al., 2016). We found a 

candidate selective sweep in the gene desert upstream of the ANTXR2 locus (Figure 

3.4B). The selective sweep had a higher CLR in European (CEU) than 98% of other loci 

on chromosome 4 (Supplementary Figure 3.9). Moreover, the CLR was substantially 

higher in Europeans compared to 1000 Genomes populations representative of East 

Asian (CHB, JPT) or African (YRI) ancestry (Figure 3.4B). Thus, we conclude that a 

selective sweep affected the ANTXR2 gene desert in populations with a higher historical 

anthrax exposure.  
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Figure 3.4. Population genetics of the ANTXR2 locus. A) Weighted Fst comparisons 

between CEU and CHB, JPT, and YRI HapMap populations at the ANTXR2 locus show 

a peak around ANTXR2. B) Sweepfinder2 shows a predicted selective sweep in the CEU 

population upstream of ANTXR2. C) ENCODE DNase-I-seq data for T cells, cardiac 

cells, dermis, lung, and liver show differential regulatory landscapes within the 

predicted selective sweep in CEU. D) GTEX data for cardiac, dermis, lung, and liver 

show increased ANTXR2 expression in African American individuals compared to 

European individuals. 
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The candidate sweep was adjacent to, but did not overlap, the candidate causal SNP in 

CD4+ T cells, rs41407844. We therefore also considered whether there may be 

additional genetic variation in humans which affects ANTXR2 expression in other 

tissues. Anthrax disease is a systemic disorder affecting tissues and organs in different 

manners. The main effects of anthrax disease are apoptosis (by anthrax lethal toxin), 

edema (by anthrax edema toxin), and a suppressed immune response (Liu et al., 2014; 

Moayeri & Leppla, 2004). The main targets of anthrax lethal toxin are cardiomyocytes 

and smooth muscle cells, whereas the main targets of anthrax edema toxin are the 

dermis, hepatocytes, and lungs (Liu et al., 2013; Lowe & Glomski, 2012). Anthrax 

disease progresses with attacks on multiple organ systems, but often the cause of host 

death is by the induction of apoptosis in the heart (Brojatsch et al., 2014; Golden et al., 

2009). We therefore examined human DNase-I hypersensitivity data in 42 tissues from 

the Epigenome Roadmap project. We found substantial numbers of DNase-I 

hypersensitive sites overlapping the interval of high CLR values in heart, lung, and 

dermis (Figure 3.4C, Supplementary Figure 3.10). To determine whether ANTXR2 

expression varies among populations, we identified the population in GTEx RNA-seq 

data into European, East Asian, and African ancestry. Europeans consistently had lower 

expression on average than other populations (Figure 3.4D).  

 

 

DISCUSSION 

 

During its natural life cycle, B. anthracis primarily affects domestic livestock 

species which ingest spores from the contaminated soil while grazing in endemic areas. 
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However, B. anthracis spores can be passed to a secondary host through either 

inhalation, ingestion, or cutaneous contact (Kamal et al., 2011). Thus, the prevalence of 

anthrax disease in humans is likely to have increased after humans began hunting or 

cultivating grazing herbivores in endemic areas. Historical accounts point to numerous 

cases where anthrax disease affected human populations, for instance as one of the ten 

plagues in Egypt, which affected both humans and their livestock (Schwartz, 2009), and 

Woolsorter’s disease in Europe, which affected textile workers in close contact with 

hides from infected animals (Eurich, 1926; Laforce, 1978). Anthrax toxins enter cells 

primarily by binding to ANTXR2, which has around 1000-fold higher affinity for PA 

than the orthologous receptor ANTXR1 (Young & Collier, 2007). The anthrax toxins 

cripple both the innate and adaptive immune system by causing apoptosis and/or 

rendering immune responses such as activation and cytokine production inoperative, 

such as in CD4+ T cells (Baldari et al., 2006). After evading the immune system, 

systemic anthrax disease causes failure of critical organs, including the heart, liver, and 

lung (Liu et al., 2014), leading to host death.  

Here we present data demonstrating that the toxin receptor by which anthrax 

toxins gain entry to host cells, ANTXR2, decreased in humans relative to non-human 

primates. We identified CREs which may harbor the causal change, and validated that 

several have changes in activity in humans. In particular, CRE4 was a candidate causal 

change that stood out to us because it had decreased luciferase activity in human 

compared with both non-human primate species, exhibited changes in Pol II loading in 

humans, and was situated close to the ANTXR2 transcription start site where most 

functional enhancers lie (Gasperini et al., 2019). Intriguingly, one of the candidate SNPs 
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between divergent TREs is still polymorphic in humans, and has an allele frequency 

that correlates with historical patterns of B. anthracis pathogens estimated from 

population genetic analyses of the B. anthracis bacterium (Kollek, 2004; Van Ert et al., 

2007).  

 Differences in ANTXR2 expression between human and rhesus macaque are only 

partially explained by variation within humans. In part, this may be explained by 

ascertainment bias in the currently available RNA-seq data, which is heavily biased for 

individuals of European or East Asian ancestry. Indeed, ANTXR2 expression is higher 

in blood cells isolated from hunter gatherers than in nearby agricultural populations 

within Africa, suggesting that we are undersampling human variation (Harrison et al., 

2019). Alternatively, changes in ANTXR2 expression between species may have been 

driven by either drift or by selection on other roles of ANTXR2 within the host. ANTXR2 

has been extensively studied in the context of anthrax disease, and the primary function 

of the receptor is not well understood. ANTXR2 is a receptor for extracellular matrix 

proteins, such as collagen type IV and laminin, as part of the assembly of the basement 

membrane matrix, homeostasis of the extracellular matrix, and angiogenesis (Bell et al., 

2001; Reeves et al., 2012; Ye et al., 2014). Either selection on these host-specific 

functions, or drift, may in part explain changes between humans and non-human primate 

species.  

Haldane famously postulated that certain human genetic diseases are caused by 

selection to avoid pathogens. Haldane’s hypothesis was centered around sickle-cell 

disease being correlated with areas endemic for malaria (J. B. S. Haldane, 1949), and it 

was later determined that the same SNP which confers malaria resistance causes sickle-
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cell anemia (Allison, 1954). In examples of positive selection due to both malaria and 

African trypanosomiasis, the selected allele has a downstream consequence in disease 

(Allison, 1954; Genovese et al., 2010). The ANTXR2 intron is associated with a GWAS 

SNP for autoimmunity (Farh et al., 2015) and for ankylosing spondylitis risk (Ou, 2015). 

In addition, SNPs within ANTXR2 introns and exons are casual for hyaline fibromatosis 

syndrome (Bürgi et al., 2017; Nakai et al., 1986). ANTXR2 may therefore be another 

example that supports notions originally formulated by Haldane that selection by 

pathogens can increase the allele frequency of disease-associated genetic changes in 

endemic areas. 

 

 

METHODS 

 

EXPERIMENTAL METHODS 

Isolation of CD4+ T cells from humans and non-human primates 

All human and animal experiments were done in compliance with Cornell University 

IRB and IACUC guidelines. We obtained peripheral blood samples (60–80 mL) from 

healthy adult male humans, chimpanzees, and rhesus macaques. Informed consent was 

obtained from all human subjects. To account for within-species variation in gene 

transcription we used three individuals to represent each primate species. Blood was 

collected into purple top EDTA tubes. Human samples were maintained overnight at 4C 

to mimic shipping non-human primate blood samples. Blood was mixed 50:50 with 

phosphate buffered saline (PBS). Peripheral blood mononuclear cells (PBMCs) were 

isolated by centrifugation (750× g) of 35 mL of blood:PBS over 15 mL Ficoll-Paque for 
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30 minutes at 20C. Cells were washed three times in ice cold PBS. CD4+ T cells were 

isolated using CD4 microbeads (Miltenyi Biotech, 130-045-101 [human and chimp], 

130-091-102 [rhesus macaque]). Up to 10^8 PBMCs were resuspended in binding 

buffer (PBS with 0.5% BSA and 2mM EDTA). Cells were bound to CD4 microbeads 

(20uL of microbeads/107 cells) for 15 minutes at 4C in the dark. Cells were washed 

with 1–2 mL of PBS/BSA solution, resuspended in 500uL of binding buffer, and passed 

over a MACS LS column (Miltenyi Biotech, 130-042-401) on a neodymium magnet. 

The MACS LS column was washed three times with 2mL PBS/BSA solution, before 

being eluted off the neodymium magnet. Cells were counted in a hemocytometer. 

 

Luciferase assays 

Genomic DNA was isolated from human, chimp, and rhesus macaque PBMCs depleted 

for CD4+ cells using a Quick-DNA Miniprep Plus Kit (#D4068S; Zymo research) 

following the manufacturer’s instructions. Putative enhancer regions were amplified 

from the genomic DNA, restriction digested with KpnI and MluI, and cloned into the 

pGL3-promoter vector (Promega). The same orthologous regions were amplified from 

all three species with identical primers where possible or species-specific primers 

covering orthologous DNA in diverged regions. The media (RPMI-1640) was changed 

in Jurkat cells one day before transfection. RPMI-1640 with 20% FBS was equilibrated 

in plates in a 37C incubator prior to transfection. On the day of transfection, Jurkat cells 

were centrifuged at 100xg for 10 minutes, washed with PBS, and centfrigured again. 

After centrifugation, Jurkat cells (2 million per reaction) were resuspended in 100 ul 

room temperature Mirus electroporation solution. Vectors were co-transfected with 
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pRL-SV40 Renilla (Promega) in a 20:1 ratio (2ug pGL3 to 100ng pRL-SV40). 

Electroporation was done in a Lonza Nucleofector 2b device using program X-001. 

Immediately after electroporation, 1 ml equilibrated media was added to the cuvette and 

then the cell mixture was added to 6 well plates and incubated at 37C. 18 hours post-

transfection, luminescence was measured in triplicate using the Dual-Luciferase® 

Reporter Assay System (Promega). 

 

CRISPRa in K562 

Generation of dCas9-KRAB K562 line— 

Lentivirus was made using lipofectamine 3000 from Invitrogen. Phoenix Hek cells 

(grown in DMEM with 10% FBS and antibiotics) were seeded in a 6-well plate at 

400,000 cells/plate. Cells were grown until ~90% confluent. 1ug of 

pHAGE_EF1a_dCas9-KRAB plasmid from addgene (#50919) plasmid was transfected. 

24 hours later 3ml/well of virus was mixed with 10ug/ml polybrene and incubated for 5 

minutes at room temperature. This mix was added to 300,000 K562 cells and 

centrifuged for 40 minutes at 800g at 32C. 12–24 hours later the virus was removed and 

fresh media was added. 24–48 hours later the cells were selected with 150ug/ml 

Hygromycin B for 2 weeks. The K562 dCas9-KRAB stable cell lines was grown and 

maintained in Hygromycin B. 

 

sgRNA cloning— 

Primers for sgRNAs were designed using ChopChop (http://chopchop.cbu.uib.no/) for 

the ANTXR2 gene and scrambled controls. Primers were located -400 to -50 bp away 
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from the TSS for CRISPRa. A G was added at the 5’ end of primers for use with a U6 

promoter, along with restriction sites for cloning. Forward and reverse sgRNAs were 

synthesized separately by IDT and annealed. T4 Polynucleotide Kinase (NEB) was used 

to phosphorylate the forward and reverse sgRNA during the annealing. 10× T4 DNA 

Ligase Buffer, which contains 1mM ATP, was incubated for 30 minutes at 37°C and 

then at 95C for 5 minutes, decreasing by 5°C every 1 minute until 25°C. Oligos were 

diluted 1:200 using Molecular grade water. sgRNAs were inserted into the pLenti 

SpBsmBI sgRNA Hygro plasmid from addgene (#62205) by following the authors 

protocol (26501517). The plasmid was linearized using BsmBI digestion (NEB) and 

purified using gel extraction (QIAquick Gel Extraction Kit). The purified linear plasmid 

was then dephosphorylated using Alkaline Phosphatase Calf Intestinal (CIP) (NEB) to 

ensure the linear plasmid did not ligate with itself. A second gel extraction was used as 

before to purify the linearized plasmid. The purified dephosphorylated linear plasmid 

and phosphorylated annealed oligos were ligated together using the Quick Ligation Kit 

(NEB). The ligated product was transformed into One Shot Stbl3 Chemically 

Competent E. coli (ThermoFisher Scientific). 100ul of the transformed bacteria were 

plated on Ampicillin (200ug/ml) plates. Single colonies were picked, sequenced, and 

the plasmid was isolated using endo free midi-preps from Omega. 

 

Transfection of sgRNA plasmid— 

The day prior to transfection, the media (RPMI-1640 with 10% media) was changed in 

K562 cells and cells were diluted to a concentration of 1 million cells/mL. On the day 

of transfection, K562 cells were centrifuged at 100xg for 10 minutes, washed with PBS, 
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and centrifuged again. RPMI-1640 with 10% FBS was equilibrated in plates in a 37C 

incubator prior to transfection. After centrifugation, K562 cells (1 million per reaction) 

were resuspended in 100 ul room temperature Mirus electroporation solution. 2ug of the 

sgRNA plasmid was added to each reaction. Electroporation was done in a Lonza 

Nucleofector 2b device using the program for K562 cells. Immediately after 

electroporation, 1 ml equilibrated media was added to the cuvette and then the cell 

mixture was added to 6 well plates and incubated at 37C. 12 hours after transfection, 

2ug/ml doxycycline was added to cells to activate dCas9-KRAB expression. To confirm 

overexpression of ANTXR2, 4 hours after the addition of doxycycline a portion of the 

cells were collected for RNA extraction using Trizol. cDNA was generated from RNA 

samples using the Thermo Fisher High Capacity RNA-to-cDNA kit and qPCR was 

performed using SsoAdvanced Universal SYBR Green master mix with primers to 

assay ANTXR2 expression.   

 

Toxin viability assays  

K562 cells transfected with CRISPRa plasmids were confirmed to have overexpression 

of ANTXR2. After confirmation and within the 12 hour half-life window of the 

activating doxycycline, 50,000 K562 cells were added to wells of 96-well plates in 100 

ul RPMI-1640, supplemented with 10% RPMI. Anthrax toxin PA (List Biological 

Laboratories 171D) was added to wells at a concentration of 1ug/ml (or vehicle control). 

FP59, a recombinant anthrax lethal factor fused to the Pseudomonas Exotoxin A 

Catalytic Domain (Kerafast ENH013), which is capable of killing blood cells, was 

added at a concentration of 50ng/ml (or vehicle control). 20 hours after the addition of 
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PA and FP59, 10ul of Alamar Blue (Thermo Fisher #DAL1025) was added to each well. 

Four hours after the addition of Alamar Blue, fluorescence was measured using a plate 

reader with an excitation of 570 and emission of 610. 

 

Activation of CD4+ T cells 

CD4+ T cells were isolated using the above procedure for two human subjects. After 

equilibration in RPMI-1640 with 10% FBS, cells were stimulated with 25ng/mL PMA 

and 1mM Ionomycin (P/I or π) or vehicle control (2.5uL EtOH and 1.66uL DMSO in 

10mL of culture media). Thirty minutes after activation or addition of the vehicle 

control, cells were treated with 2.5ug/ml Recombinant PA (List Biological Laboratories 

171D) and 500ng/ml Recombinant LF (List Biological Laboratories 172A) or vehicle 

control. 24 hours later, media from non-activated, non-activated with toxin treatment, 

activated, and activated with toxin treatment wells was collected for ELISA.  

 

IL-2 ELISA on CD4+ T cells 

ELISA was done using the R&D Human IL-2 DuoSet Kit (Catalog #DY202).  

Plate preparation—16 hours prior to the ELISA experiment, the capture antibody was 

added to 96-well plates at a concentration of 0.5ug/ul in 100ul of PBS. Plates were 

sealed and left at room temperature. The following day, the diluted capture antibody 

was aspirated and washed with 400ul Wash Buffer three times. 300ul of Block Buffer 

was added to each well and incubated for at least one hour. After incubation, plates were 

washed with 400ul Wash Buffer.  
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ELISA assay—100ul of RPMI from the samples or standards diluted in the Reagent 

Diluent were added to the prepared 96-well plate. The plate was covered and left to 

incubate for 2 hours at room temperature. 100ul of the Detection Antibody diluted at 

1:60 with the Reagent Diluent was added to each well. The plate was washed with Wash 

Buffer. 100ul of Streptavidin HRP diluted at 1:40 in the Reagent Diluent was added to 

each well. The plate was covered, protected from light, and incubated for 20 minutes at 

room temperature. The plate was washed and 100ul of the Substrate Solution was added 

to each well, the plate was covered, protected from light, and incubated for 20 minutes 

at room temperature. 50ul of Stop Solution was added to each well and mixed. 

Fluorescence was measured on a plate reader at 450nm and wavelength corrected at 

540nm.  

 

Hi-C library preparation 

Cell preparation— 

CD4+ T cells were isolated according to the above procedure. After >1 hour of 

equilibration in RPMI-1640 supplemented with 10% FBS, cells were centrifuged at 

300xg, washed with PBS, and centrifuged again. Cells were resuspended in a mixture 

of 1% paraformaldehyde in 1x PBS. Cells were incubated at room temperature for 10 

min on a rocker. Paraformaldehyde was quenched by the addition of 2.5M Glycine to a 

Cf=0.2M. Cells were incubated for room temperature for 5 minutes on a rocker. Cells 

were centrifuged at 4C, washed in cold PBS, centrifuged, and PBS was aspirated. Pellets 

were flash frozen using dry ice and stored at -80C prior to library preparation. 
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Hi-C— 

The protocol detailed in (Rao et al., 2014) was followed with the following adjustments. 

After the addition of lysis buffer, cells were incubated on ice for 30 min. MboI (NEB 

#R0147) was used for restriction digestion. Following DNA purification, unligated 

biotin was removed using a mixture of 0.5uL of 10mM dATP, 0.5uL dGTP, 20uL 

3000U/ml T4 DNA polymerase (NEB #M02030) for each sample. Samples were 

incubated for 4 hours at room temperature and then T4 DNA polymerase was 

inactivated at 72C for 20min. Shearing was done using a Bioruptor sonicator using the 

LOW setting 30S ON/ 90S OFF for 2 cycles of 10 minutes. Libraries were prepared 

with the NEBNext Ultra II Library Preparation Kit (NEB #E7103). Samples were 

sequenced on a combination of Illumina’s NovaSeq 6000 and HiSeq 4000 at Novogene.  

 

DATA ANALYSIS 

Hi-C analysis and visualization 

Individual Hi-C samples were mapped to hg19 (for human samples) or rheMac8 (for 

rhesus macaque samples) using Juicer (Durand et al., 2016). Replicates for each species 

were combined using Juicer’s mega function. The combined rhesus macaque aligned 

dataset was lifted over to hg19 using Crossmap (H. Zhao et al., 2014).  

 

Mapping orthologs between species 

Cross-species comparison of genomic coordinates and genes was based on the methods 

using in (Danko et al., 2018). Briefly, all datasets for chimpanzee and rhesus macaque 

were converted to the human assembly (hg19) using CrossMap (H. Zhao et al., 2014). 
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Reciprocal-best (rbest) nets were used to convert genomic coordinates between genome 

assemblies using (Kent et al., 2003).  

 

PRO-seq and RNA-seq differential expression 

We mapped PRO-seq reads using standard informatics tools. Our PRO-seq mapping 

pipeline begins by removing reads that fail Illumina quality filters and trimming 

adapters using cutadapt with a 10% error rate. Reads were mapped with BWA (Li & 

Durbin, 2010) to the appropriate reference genome (either hg19, panTro4, or rheMac3) 

and a single copy of the Pol I ribosomal RNA transcription unit (GenBank ID# 

U13369.1). Mapped reads were converted to bigWig format for analysis using BedTools 

(Quinlan & Hall, 2010) and the bedGraphToBigWig program in the Kent Source 

software package (Kuhn et al., 2013). The location of the RNA polymerase active site 

was represented by the single base, the 3′ end of the nascent RNA, which is the position 

on the 5′ end of each sequenced read.  

 

DICE RNA-seq and eQTL analysis 

RNA-seq from 85 human CD4+ naive T cell samples from DICE (Schmiedel et al., 

2018) was downloaded under dbGap protocol 23187. RNA-seq data was mapped using 

Salmon (Patro et al., 2017) and NCBI RefSeq genes to hg19. Rhesus macaque RNA-

seq data was mapped to hg19 using the same parameters. ANTXR2 transcripts per 

million were compared between samples for transcript NM_001145794.1. We retrieved 

eQTLs for ANTXR2 from the DICE online database. 
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Sweepfinder2 CLR scan 

Human genome data was taken from phase3 of the 1,000 Genomes Project (1000 

Genomes Project Consortium et al., 2015). VCFs were subsetted based on their 

population group. The b-value maps that are used to compute the effect of background 

selection on the human genome were taken from (McVicker et al., 2009). 

Recombination maps from the deCODE database (Kong et al., 2010) were used. 

Sweepfinder2 (DeGiorgio et al., 2016) was used to calculate the composite-likelihood-

ratio for CEU, JPT, CHB, and YRI on chromosome 4. 

 

Fst analysis 

All Fst values were computed using VCFtools (Danecek et al., 2011) using the --weir-

fst command with a window size of 5kb and a step size of 5kb. In addition to the Fst 

calculations for bins of 5kb, Fst was calculated for each SNP of chromosome 4. Fst was 

calculated for all pairwise comparisons of CEU, YRI, JPT and CHB. 
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SUPPLEMENTARY FIGURES 

 

 

 

Supplementary Figure 3.1. Differential RNA expression between humans and non-

human primates. A) RNA-seq comparison of protein-coding genes between humans 

and non-human primates in CD4+ T cells. The GO term ‘integral component of the 

membrane’ is enriched in differentially expressed genes.  
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Supplementary Figure 3.2. PRO-seq expression for ANTXR2 and ANPEP. A) PRO-

seq of human, chimpanzee, and rhesus macaque for ANTXR2 and ANPEP. 
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Supplementary Figure 3.3. H3K27ac and DNase-I-seq at ANTXR2. A) PRO-seq, 

dREG signal, DNase-I-seq peaks, and H3K27ac ChIP-seq at the ANTXR2 locus. 
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Supplementary Figure 3.4. Virtual 4C-seq of proximal CREs. A) Virtual 4C-seq 

plots of CRE2, CRE3, and CRE4 show contact with the upstream CREs that had 

significantly higher activity in non-human primates. 
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Supplementary Figure 3.5. ANTXR2 eQTLs in humans. A) Expression eQTLs for 

ANTXR2 fall into two main regions: within the gene and upstream of ANTXR2 around 

PRDM8. Genic eQTLs are in linkage disequilibrium (LD) and have a positive effect on 

ANTXR2 expression. Upstream eQTLs fall within two blocks of LD and have a negative 

effect on ANTXR2 expression. 
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Supplementary Figure 3.6. Jurkat vs. CD4 PRO-seq. A) PRO-seq from Jurkat and 

human CD4+ T cells shows a similar regulatory landscape around ANTXR2. 
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Supplementary Figure 3.7. Luciferase data of other CREs. A) Luciferase assay 

performed in Jurkat cells to test the activity of regulatory elements in human, 

chimpanzee, and rhesus macaque shows a decrease in activity for CRE1 in humans 

compared to chimpanzee and rhesus macaque and no change for other CREs. 
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Supplementary Figure 3.8. Complex promoter of ANTXR2. A) PRO-seq and dREG 

signal from human, chimpanzee, and rhesus macaque at the ANTXR2 promoter. B) 

Human-specific changes, human common SNPs, and PhyloP conservation of the 

ANTXR2 promoter. 
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Supplementary Figure 3.9. CLR percentile in CEU. A) The predicted selective 

sweep upstream of ANTXR2 falls within the 98th percentile for all Sweepfinder2 

likelihoods on chromosome 4 for the CEU population. 
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Supplementary Figure 3.10. DNase-I-seq profiles across diverse ENCODE tissues 

at ANTXR2. A) Patterns in DNase-I-seq data reveal differential regulatory landscapes 

between tissues at the ANTXR2 locus. The selective sweep predicted by Sweepfinder2 

is colored in yellow. 
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CHAPTER 4 

DISCUSSION AND FUTURE DIRECTIONS 

 

SUMMARY 

 

Gene regulation is a complex process of interwoven steps that result in the precise 

control of the timing, localization, and levels of gene expression (Lelli et al., 2012). The 

packaging of chromatin is modified to allow for accessibility of the gene to be regulated 

(Cutter & Hayes, 2015), chromatin looping brings distal enhancer elements into close 

proximity with the promoter region of target genes (Robson et al., 2019), and 

transcription factors bind to enhancers and recruit general transcription factors and RNA 

Polymerase II (Sainsbury et al., 2015), which transcribes the gene. Variation in each of 

these steps is a target for natural selection, creating differences in regulatory landscapes 

between species. This results in phenotypic differences between individuals and species. 

The aim of my graduate work was to further characterize the effects of natural selection 

on different levels of gene regulation and to understand the functional implications of 

these changes over evolutionary time between primate species and within human 

populations.  

 

The focus of my first project was on the selective pressures of occupied transcription 

factor binding sites across tissues in humans. Transcription factors are the primary 

determinant of chromatin accessibility and regulatory interactions and therefore changes 

in transcription factor binding sites often contribute to changes in gene regulation 
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(Kilpinen et al., 2013). By studying the variation underlying the differing localizations 

of transcription factor binding among tissues, we sought to learn more about which 

tissues have the greatest selective constraints on transcription factor binding and 

families of transcription factors that are under selection. In order to study these binding 

differences among a large collection of tissues, we needed a method to determine 

transcription factor binding patterns for a diverse set of transcription factors. We 

developed a machine learning algorithm, dTOX, to predict transcription binding 

patterns based on DNase-I-seq data, which is available for many cell types. Our machine 

learning strategy was based the concept of motif occupancy where we detect if a motif 

location in the genome is bound by any factor, which is not only biologically relevant 

due to transcription factor ensembles and co-factors often being present at motifs but 

also provides us with a lower false positive rate for predictions. We predicted binding 

patterns for 447 clusters of transcription factor motifs in 118 human tissues and then 

computed measures of selection on the predictions. We found an enrichment of high 

levels of selection at bound motif clusters in embryonic tissues compared to adult 

tissues. This trend is especially evident in the brain, which has significantly higher levels 

of negative selection in embryonic tissues. We detected different rates of evolution in 

tissues and specifically found that motifs bound in the brain evolve at slower rates than 

motifs bound in the immune system. Our analysis of selection on bound transcription 

factor motifs resembles the ‘tissue-driven’ hypothesis of protein-coding gene evolution 

(Park & Choi, 2010).  
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The results of my first project demonstrated that the regulatory landscape of the immune 

system is rapidly evolving compared to other tissues. Based on this observation, the 

motivation for the second project was to understand the causative changes in cis-

regulatory elements that contribute to the rapid evolution of the immune system and 

differential transcription of humans and non-human primates. The adaptive immune 

system is the primary interface between an organism and the environment. As such, the 

cells of the adaptive immune system, such as CD4+ T cells, are continually under 

evolutionary pressures to recognize and respond to new pathogens (Abi-Rached et al., 

2011; Worobey et al., 2007). Accordingly, we found an enrichment of differential 

transcription for membrane receptor genes in our dataset of PRO-seq from the CD4+ T 

cells of humans, chimpanzees, and rhesus macaques, demonstrating the importance of 

differing environmental pressures on shaping immune functionality between species. 

We used the change in transcription of one of the membrane receptors, ANTXR2, 

between humans and non-human primates as a case study. ANTXR2, anthrax toxin 

receptor 2, binds toxins produced by B. anthracis and plays a central role in anthrax 

disease pathogenesis (Tournier et al., 2009). Our aim was to understand the functional 

consequences of the reduced levels of ANTXR2 in humans in the context of anthrax 

disease and to identify the cis-regulatory element changes responsible for the reduced 

expression levels specific to humans. We found that increased ANTXR2 expression is 

causal for reduced viability of cells in response to anthrax toxin treatment. There are six 

cis-regulatory elements that show decreased ability to drive expression in a reporter 

assay in humans compared to non-human primates and that have chromatin contacts 

with the promoter of ANTXR2. Thus, they may drive the reduced ANTXR2 expression 
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in humans. We find evidence of selection at the ANTXR2 locus in Europeans, which 

have a lower sensitivity to anthrax disease compared to Africans and East Asians 

(Martchenko et al., 2012). There is also evidence for a selective sweep in Europeans 

upstream of ANTXR2 which overlaps with DNase-I-seq peaks from tissues that are the 

main targets for anthrax toxins in anthrax pathogenesis. This case study highlights an 

example of a difference in gene regulation that was likely influenced by historical host-

pathogen interactions which has had lasting effects on immunity today both between 

species and within human populations. 

 

IMPLICATIONS 

 

One of the main conclusions from my work studying natural selection in transcription 

factor binding sites is the difference in the fraction of nucleotides under selection in 

embryonic compared to adult tissues. On a fundamental level, this makes sense because 

body plans are highly conserved and embryogenesis must be tightly regulated (Lafond 

& Vaillancourt, 2009). The effects of fluctuations in gene regulation of embryos are 

amplified throughout development making turnover of transcription factor binding sites 

disadvantageous. Enhancer pleiotropy, where one enhancer controls the expression of 

multiple genes, may contribute to this difference because it is common during 

development and associated with purifying selection (Fish et al., 2017; Preger-Ben 

Noon et al., 2018). This trend is most evident in the brain where embryonic tissues show 

significantly higher amounts of nucleotides under selection and weakly deleterious 

substitutions, which are indicative of purifying selection. Purifying selection may have 
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many causes, including pleiotropy of binding sites that are used by many tissues or 

binding sites that are highly specific to one tissue and carry out an essential function, 

both of which need to remain highly conserved. The brain follows the second option 

with very specialized regulatory elements compared to the rest of the body (Carullo & 

Day, 2019). It was already known that protein coding genes in the brain evolve at a 

relatively slow rate (H. Y. Wang et al., 2007), but our work has provided additional 

insight into the evolution of non-coding elements during brain development. 

 

It has been suggested that the transition to an agrarian lifestyle contributed to strong 

signatures of positive selection in immune genes in agricultural cultures (Dounias & 

Froment, 2006; Suzuki & Nei, 2002). Based on our work studying the gene regulatory 

changes in the anthrax toxin receptor, it is likely that historical exposure to B. anthracis 

led to selective pressures that may have affected the immune system in the ancestors of 

modern humans and contributed to selective pressures for a decrease in ANTXR2 

transcription. Differences in ANTXR2 expression levels and sensitivity to anthrax 

disease between human populations support this notion, with Europeans having the least 

sensitivity to an anthrax toxin challenge (Martchenko et al., 2012). In fact, data from a 

study measuring RNA expression in agricultural and hunter-gatherer populations shows 

significantly higher expression of ANTXR2 in hunger gatherers (Harrison et al., 2019). 

Based on the genetic diversity in B. anthracis strains, anthrax most likely originated 

either in Africa or Europe (Pearson et al., 2004). Early divergences between strains date 

the origin time of B. anthracis prior to 12,000-25,000 years ago (Van Ert et al., 2007), 

within the same timeframe as the domestication of livestock (McTavish et al., 2013). 
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Approximately 3,500-6,500 years ago, B. anthracis underwent a radiation and expanded 

to Asia from Europe, which coincides with the start of long-distance trade of farming 

goods (Van Ert et al., 2007). The introduction of anthrax to Asia occurred several 

thousand years after the origin of B. anthracis in Europe and northern Africa, suggesting 

that human populations in Asia had less time to adapt to the pathogen. Thus, it is 

possible that a shift to agrarian lifestyle in Europe, which coincided with the radiation 

of B. anthracis, caused the population difference we see today, similar to the well-

characterized example of lactase persistence (Bersaglieri et al., 2004).  

 

We can apply what we have learned from the anthrax case study to further understand 

the results of the scan for natural selection of transcription factor binding motifs across 

tissues. We found that motifs bound in the brain evolve at slower rates than motifs bound 

in the immune system, a phenomenon that is well-studied in protein-coding genes 

(Kuma et al., 1995). In particular, immune cells represent some of the only cells with 

evidence of adaptive substitutions. An organism’s immune system must be able to adapt 

to new pathogen pressures in the environment in order to survive. We see evidence of 

this in our PRO-seq data of CD4+ T cells, which are key component of the adaptive 

immune system and subsequently show many differences in transcription between 

species, particularly at membrane receptors. There is a correlation between pathogen 

richness and genetic variation at immune genes (Prugnolle et al., 2005). Furthermore, 

genome-wide scans for positive selection consistently report an enrichment in genes 

involved in immunity (Kimura et al., 2007; Mukherjee et al., 2009; Raj et al., 2013; 

Shultz & Sackton, 2019). The vast majority of work looking at the evolution of immune 



 

107 

 

system has been done at the level of protein-coding genes, but we are beginning to gain 

insight into how regulatory element evolution influences immunity. Between species 

comparisons reveal extensive turnover of the enhancers responsible for certain immune 

responses (Jubb et al., 2016). Our lab has previously shown that lineage-specific 

regulatory elements are evolving under positive selection and that there is a rapid 

turnover of cis-regulatory elements between primate species in CD4+ T cells (Danko et 

al., 2018). The results of both projects give another clue about the rapid turnover of 

transcription factor binding sites in certain immune cell types.  

 

FUTURE DIRECTIONS 

 

There are many analyses that can be done to unite the two major themes of this thesis. 

We can apply dTOX to the CD4+ T cell PRO-seq dataset to learn more about the role 

of transcription factor binding in the immune systems of primates and with a more 

specific focus of the regulation of ANTXR2. We have preliminary dTOX models to 

predict transcription binding based on PRO-seq data. The use of these models will not 

only allow for an analysis of differential binding in our CD4+ T cell dataset, but also 

allow for the correlation between binding and expression levels of target genes. From 

the combined PRO-seq and dTOX datasets, we can start to learn more about how 

different stages of regulation coordinate gene expression across the primate lineage. We 

can look at transcription factor binding at different classes of genes in our PRO-seq 

dataset to see if the enrichment of membrane receptor genes is also present at the level 

of transcription factor binding. At a broader level, we can use this dataset to further 
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understand the rapid rate of evolution at regulatory elements in the immune system 

across primates. We can use the combination of dTOX and INSIGHT to understand if 

the high rate of evolution for immune cells seen in our dTOX analysis is similar between 

primate species.  

 

The work described in this thesis focused on evolutionary changes at the levels of 

transcription factor binding genome-wide and cis-regulatory elements for one case 

study gene. My lab is interested in evolutionary changes at all levels of gene regulation 

and we recently started working on a project to understand enhancer cooperativity 

across evolutionary time. Genes are often regulated by “ensembles” comprised of 

multiple distal enhancer elements (Spitz, 2016). It is still unclear how enhancers within 

these ensembles work collectively to encode the expression of target genes. Our goal is 

to understand how changes in the activity of an enhancer within an ensemble change 

across primate species and the effects of these changes on the conservation of gene 

expression levels. Two competing models have been proposed: one in which individual 

enhancers work in an additive fashion, and another in which enhancers encode 

redundant or partially overlapping functions that can “fill-in” for one another 

(Osterwalder et al., 2018; Shin et al., 2016). So far, we have collected a combination of 

Hi-C, PRO-seq, and RNA-seq data in CD4+ T cells of humans and non-human primates. 

With this data, we plan to identify these enhancer ensembles (using Hi-C) and measure 

the effects of differences in these ensembles on gene expression (using PRO-seq and 

RNA-seq). Preliminary analysis of this data points to a model in which enhancers 

largely work in an additive fashion in ensembles but there can still be enhancer turnover 
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at long evolutionary time scales by the accumulation of changes with a small effect on 

organism fitness. 

 

There are many ways in which evolution can act on the regulation of gene expression. 

In this thesis, I described how natural selection has shaped both transcription factor 

binding patterns and cis-regulatory elements.  Since gene regulation was described 

nearly sixty years ago (Jacob & Monod, 1961), much has been learned about the 

evolutionary mechanisms that shape gene regulation. However, additional work is 

required to understand how gene regulation shapes the differences between species and 

individuals.  
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