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Abstract 

 Until recently, understanding of the evolutionary and molecular basis of many 

uniquely human traits has largely been hampered by the limited ability to perform 

experiments on, and access to samples from non-human primates. Induced pluripotent 

stem cell (iPSC) lines have provided virtually unlimited samples and allow, for the first 

time, precise experimental control in order to understand the relative roles of genetic, 

epigenetic and environmental effects.  

Selective forces have shaped our species throughout our evolutionary history, 

and by understanding how these forces work, we can gain valuable insight into how we 

are influenced by our environment. More specifically, by understanding how the traits 

that make us uniquely human evolved, we can begin to learn about the benefits, 

tradeoffs, and environmental interactions of each trait in the context of our survival and 

health. Traits that today are maladaptive may have been beneficial to us in the past 

when we were living in different environmental conditions. 

This dissertation focuses on adipocytes, the key component cell of fat, whose 

function was crucial during human evolutionary origins, as metabolic traits and diet 

were of particular importance. We have utilized of iPSCs from humans and 

chimpanzees to examine genome-wide gene expression and regulatory-element activity 

as well as perform experimental manipulation.  
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Comparisons of human and chimpanzee adipocytes has allowed for the 

identification of species-specific differences in gene expression and open chromatin 

regions. We find enrichment in several interesting categories including ‘energy 

homeostasis, ‘diacylglycerol metabolism’ and ‘carnitine biosynthetic process’.  

We identify several genes related to the processing of dietary fatty acids that are 

expressed at a higher level in human adipocytes (FADS1/2 and ACSL5/6). Furthermore, 

we show that human lipid droplets are larger than chimpanzee droplets in white 

adipocytes but not brown adipocytes. Together this suggests concerted differences in 

how humans process and store dietary fatty acids.   
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Dedication 

“Each beginning is the end of a waiting. We are each given exactly 

one chance to be. Each of us is both impossible and inevitable. Every replete 

tree was first a seed that waited.” -Hope Jaren 

 

To Darwin and the weenos. 
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1. Introduction  

Makohon-Moore SC and GA Wray  

“There is grandeur in this view of life, with its several powers, having been originally 

breathed into a few forms or into one; and that, whilst this planet has gone cycling on according 

to the fixed law of gravity, from so simple a beginning endless forms most beautiful and most 

wonderful have been, and are being, evolved” – Charles Darwin 

My contribution to this work: 

1. Wrote all text 

1.1 Introduction 

Learning about human evolution gives us both a lens with which to examine our 

own past and a crystal ball to try to make predictions about our future. Selective forces 

have shaped who we are through our evolutionary history, and by understanding how 

they work, we can gain valuable insight into how we are influenced by our 

environment. More specifically, by understanding how the traits that make us uniquely 

human evolved, we can begin to learn about the benefits, tradeoffs, and interactions of 

each trait in the context of our survival and health.  

No trait is singularly adaptive or maladaptive either in a particular environment 

or at a particular time. The benefits and costs of each trait are a result of complex 

interactions among development, physiology, and biotic and abiotic environment. 
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Therefore, when we consider uniquely human traits that seem adaptive, such as our 

large brains, or maladaptive, such as our propensity to accumulate excess body fat, we 

must think carefully about how the underlying mechanisms of these traits are 

interacting with each other and with our environment to result in their described 

outcomes.  Traits that today are maladaptive may have been beneficial to us in the past 

when we were living in different environmental conditions. For example, it would have 

been beneficial for my ancestors to startle in response to hearing paws crunching on 

earth while at a watering hole. Their sympathetic and parasympathetic nervous systems 

would have been activated, resulting in a flood of epinephrine and cortisol, increased 

blood pressure and blood sugar, all culminating in the classic fight-or-flight response. 

This would have been a highly adaptive response, as the cost of not reacting, if there 

were say, a lion nearby, would far outweigh the costs of a false-alarm in reacting when it 

was perhaps just a gazelle. This same response is still active today, despite the lack of 

lion encounters in our day-to-day life. Instead, these responses can be triggered by more 

benign, non-life threatening scenarios such as writing one’s PhD dissertation, and 

produce anxiety. While in small doses, this may help one stay focused and sharp, a 

stronger response may trigger a desire to flee or adopt a combative demeanor, both of 

which would surely be maladaptive. 
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Environmental mismatches and evolutionary tradeoffs have shaped our 

adaptation and our pattern of disease risk throughout history. A better understanding of 

the genetic basis of traits shaped by these pressures may lead to more precisely targeted 

treatments of diseases. Furthermore, understanding human specific disease risk in the 

context of other great apes has been hailed as a biomedical imperative (Ajit Varki, 2000; 

Olson & Varki, 2003; A. Varki & Altheide, 2005). Since phenotypic differences between 

our closest extant relatives, chimpanzees and bonobos, and us are quite drastic despite 

our only modest genetic differences in protein coding regions, it is believed that changes 

in the regulation of gene expression have had a stronger impact on phenotypic 

differences (Chimpanzee-Sequencing-and-Analysis-Consortium, 2005). However, 

linking genetic differences in gene regulatory regions to differential gene expression and 

phenotypic differences has proven to be much more challenging, particularly in 

humans. Despite the challenges, how gene regulatory changes have resulted in human 

phenotypes remains an important question and is crucial to understanding our own 

evolutionary history and disease risk. 

Perhaps the most prominent uniquely human trait is our large brain. Our brains 

are approximately three times larger than chimpanzee brains and have allowed for the 

development of culture, speech and technology (Navarrete, van Schaik, & Isler, 2011). It 

is clear that changes in diet, body composition, and metabolic function were all 
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necessary for this increase in size, however, there is much debate regarding precisely 

how these shifts occurred and what the selective pressures were that lead to these 

changes (Leonard, Robertson, Snodgrass, & Kuzawa, 2003; Bozek et al., 2014). While 

increased brain size is an easily observable and clearly beneficial trait that sets us apart, 

we are also uniquely prone to several diseases including carcinomas, heart attacks, 

Alzheimer’s, atherosclerosis, rheumatoid arthritis, and auto immune diseases compared 

with other great ape species (Olson & Varki, 2003; A. Varki & Altheide, 2005). Many of 

these traits likely have related origins. For instance, there would have been shifts in 

energy metabolism necessary to support our increased brain size and these shifts would 

have been considered as adaptive as they would have allowed for the raw materials 

needed to make a large, energy intensive brain. Yet, these same shifts may not well 

suited to modern diets where we have an excess of many kinds of nutrients and they 

may be precisely what predisposes modern humans to inflammatory diseases. As many 

human traits are related due to a shared molecular basis, they may have a shared 

evolutionary history. Understanding what the genetic basis for these traits is and how 

they might have evolved during human origins will help us further understand our 

evolutionary history as well as the underlying causes of current disease risks.  
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1.2 Gene regulation and human evolution 

There are many drastic phenotypic differences between humans and other great 

ape species despite only modest genetic differences (Chimpanzee-Sequencing-and-

Analysis-Consortium, 2005). Over forty years ago, King and Wilson proposed that this 

paradox could be explained by changes in gene regulation and expression rather than 

changes in protein coding sequences resulting in prominent trait differences (King & 

Wilson, 1975). Since that time, many studies have demonstrated that mutations in non-

coding regions of DNA are in fact important drivers of phenotypic differences between 

humans and non-human primates (Huby et al., 2001; Enard et al., 2002; Caceres et al., 

2003; Rockman et al., 2005; Gilad, Oshlack, Smyth, Speed, & White, 2006; Haygood, 

Fedrigo, Hanson, Yokoyama, & Wray, 2007; Blekhman, Oshlack, Chabot, Smyth, & 

Gilad, 2008a; Blekhman, Marioni, Zumbo, Stephens, & Gilad, 2010b; Cruz-Gordillo, 

Fedrigo, Wray, & Babbitt, 2010; Haygood, Babbitt, Fedrigo, & Wray, 2010; Babbitt, 

Warner, Fedrigo, Wall, & Wray, 2011; Yokoyama, Thorne, & Wray, 2011; Shibata et al., 

2012; Blekhman et al., 2014; Boyd et al., 2015; Prescott et al., 2015). These studies also 

identified species-specific site gains that are enriched near differentially expressed 

genes. Additionally, such sites are positively correlated with increased transcription and 

active chromatin markers. They also show evidence of branch-specific positive selection 

(Haygood et al., 2010; Shibata et al., 2012). In order to determine the cell biological 
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function of these gene regulator changes, it is necessary, to study the activity of 

regulatory elements in the cell type of interest and environmental context, as regulatory 

elements are largely tissue and context specific. 

Despite widespread literature surrounding the mechanisms of human evolution, 

linking specific changes in genotypes to specific phenotypic differences has proven 

difficult.  There are only a handful of examples connecting a genetic change to a 

described phenotypic change in human evolution.  Lactose tolerance can be explained 

by the evolution of changes in LCT expression (Tishkoff et al., 2007). Brain size has been 

associated with FZD8 (Boyd et al., 2015) and ARHGAP11B (Florio et al., 2015)  

enhancers, limb development with HACNS1 (Prabhakar et al., 2008), and jaw mechanics 

with MYH16 (Stedman et al., 2004). These studies have been challenging because in 

many cases, the cell or tissue in which a regulatory element is acting may not be known 

or may be difficult to work with. Recently, the tools to examine the activity of regulatory 

elements and to make genetic changes within a native genome have much more cost 

effective and significantly higher throughput. At the same time, cell lines from many 

individuals of a variety of species have become available and the protocols to culture 

and differentiate them into a number of cell types have improved. As such, we 

anticipate an increase in the number of studies addressing this challenge of linking 

genetic changes to phenotypic changes in the context of human evolution. 
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1.3 Modern human diet differs from that of all other primates 

In order to understand how human metabolism and diet have co-evolved since 

the time of human origins, we must first understand the complexity of the human diet. 

Although the human diet varies both between different human populations and within 

a given population, omnivory prevails throughout the modern human diet. In contrast, 

all other great apes have a diet comprised largely of  fruit and/or structural plant parts 

(Hohmann, Robbins, & Boesch, 2012). While chimpanzees, bonobos and gorillas will 

sometimes eat invertebrates and chimpanzees and bonobos hunt vertebrates 

opportunistically, their diets still differ drastically from humans (Stanford, Wallis, 

Matama, & Goodall, 1994; Pruetz & Bertolani, 2007; Hohmann et al., 2012). It is certainly 

an oversimplification to use modern day non-human primates as models for our last 

common ancestor. Though we do know that the hominid diet has undergone several 

major shifts. These shifts include increases in meat consumption, utilization of fire for 

cooking and plant and animal domestication.  

1.3.1 Meat eating 

The first major shift was an increase in protein and fat resulting from a rise in 

consumption of animal meat. Evidence for hominid meat-eating dates back to ~2.5 

million years ago (Heinzelin, 1999). These earliest hominid omnivores may have been 

scavengers or opportunistic hunters similar to modern chimpanzees and bonobos.  
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1.3.2 Cooking 

The next major dietary shift that occurred was the use of  controlled fire for 

cooking. When exactly this began is still a matter of debate, as direct evidence of cooking 

is hard to come by, but it was at least 800,000 years ago, perhaps much longer ago (R. W. 

Wrangham, Jones, Laden, Pilbeam, & Conklin-Brittain, 1999; Goren-Inbar et al., 2004). 

Cooking would have represented a major dietary shift, and would have increased the 

digestibility of both meats and plants (Stahl et al., 1984; R. W. Wrangham et al., 1999; R. 

Wrangham & Conklin-Brittain, 2003; Dominy, Vogel, Yeakel, Constantino, & Lucas, 

2008; R. Wrangham, 2009).  

1.3.3 Plant and animal domestication 

The next major shift in diet occurred with plant and animal domestication 

approximately 12,000 years ago (Luca, Perry, & Di Rienzo, 2010). Agriculture and animal 

husbandry had multiple origins with centers in Asia, Europe, South America and Africa 

and radically changed not only diet, but also population structure. Food storage and 

production methods allowed for population densities an order of magnitude greater 

than what is possible in hunter-gatherer societies (Luca et al., 2010). Domestication led to 

a decrease in food diversity as typically 50-70% of calories come from starch in an 

agricultural diet (Copeland, Blazek, Salman, & Tang, 2009). It also may have led to an 
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abundant caloric availability that, for the first time, exceeded growth and energetic 

requirements.  

1.3.4 Industrial revolution 

Finally, the industrial revolution has led to drastic shift in the modern human 

diet, which the effects of are still under debate. Several hypotheses propose that 

metabolic changes that would have been beneficial to our ancestors in the face of 

unpredictable or poor diets may have become detrimental with current carbohydrate 

and caloric abundance (James V. Neel, 1962; J. C. B. Miller & S. Colagiuri, 1994; Colagiuri 

& Brand Miller, 2002). It is important to understand the evolutionary context and 

selective pressures that early humans encountered when considering potential 

adaptations to, and medical consequences of our modern diet. 

1.4 Many hypotheses surround the evolution of human 
metabolism and diet 

Humans present an energetic paradox among hominoids as they have the largest 

and most metabolically expensive brains, reproduce more often,  have large neonates, 

and the longest lifespans (Figure 1). This unique set of metabolically expensive traits 

suggests there must have been a lifting of energetic constraints in the hominin lineage.  

Humans exhibit greater total energy expenditure than other hominoids and have 

larger daily energy budgets than all apes except for male gorillas (Figure 2). Humans 

have a higher total energy expenditure, basal metabolic rate and fat mass than other 
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hominoids for a given fat-free mass (Pontzer et al., 2016). This increased total energy 

expenditure would have put individual humans at a greater risk of energy shortfall and 

would provide the basis for selection on other adaptations to mitigate this risk including 

metabolic, behavioral and anatomical adaptations.  

There have been many hypotheses that attempt to explain the evolution of 

human metabolism and/or metabolic disease risk. There is evidence both for and against 

many of these hypothesis and debates surrounding them are ongoing. Furthermore, 

many of them are not mutually exclusive, indeed several of them are likely to at least 

partially explain the evolution of human metabolism. 

The “thrifty genotype” hypothesis posits that genes which predispose and 

individual to diabetes and obesity were historically advantageous but later became 

detrimental (J. V. Neel, 1962). According to the hypothesis, these genes were 

advantageous for hunter-gatherer populations by allowing individuals to efficiently 

collect and process food and store fat during periods of food abundance in order to 

buffer against periods of scarcity.  Thus, individuals carrying the thrifty genes would be 

better able to survive during times of food shortage, but in modern societies would 

result in a mismatch where food scarcity never comes and thus lead to chronic health 

problems such as diabetes and obesity.  
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In contrast to the “thrifty genotype” hypothesis, the “thrifty phenotype” 

hypothesis theorizes that thrifty factors develop directly in response to the environment 

during early development instead of arising genetically (Hales & Barker, 1992). Though 

fetal and infant growth and metabolic syndrome have been linked to environmental 

conditions, the relative contribution of genes and the environment to these phenotypes 

remains a matter of debate (Hales & Barker, 1992) .  

The “expensive tissue” hypothesis argues that energetically expensive tissues 

such as the brain can be increased in size through the balancing of metabolic needs by 

reducing the size of other organs (Aiello & Wheeler, 1995).  

In addition to the ones described here, other hypotheses to explain the paired 

evolution of human diet and human metabolism have been proposed including the 

“carnivore connection”, improved locomotion, bet hedging, and the “drifty genotype” 

among others (J. B. Miller & S. Colagiuri, 1994; J. C. Miller & S. Colagiuri, 1994; 

Speakman, 2008; Navarrete et al., 2011). Together, these hypotheses represent an active 

and ever-growing field of study and underscore the complexity and importance of the 

study of human metabolic evolution.  
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Figure 1: Cranial capacity and diet during human origins 

Figure adapted from (Babbitt et al., 2011).  
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Figure 2 Predicted total energy expenditure and fat mass  

Estimated fat mass (yellow, left), total energy expenditure (red, right) and basal 

metabolic rate (dark red) for a fat-free mass of 55 kg for males and 45 kg for females of 

adult hominoids from (Pontzer et al., 2016). 

1.5 Evolutionary adaptations to dietary changes 

The human diet has undergone several shifts and currently differs from other 

primates and it has been hypothesized that these shifts have been accompanied by 

adaptations in metabolic pathways. In support of this idea, the promoter regions of 
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nutrition- and neural-related genes have been targets of positive selection in humans 

(Haygood et al., 2007; Haygood et al., 2010).  

The most well described change in human metabolism, the ability to digest 

lactose as adults, has occurred independently several times within the human lineage. 

Humans are the only mammal that can digest lactose as adults, though not all humans 

are able to do so (Luca et al., 2010). The ability to digest lactose is controlled by the 

expression of the LCT gene, which encodes the enzyme lactase-phlorizin hydrolase, 

which metabolizes lactose. The expression of LCT is high in the infants of all mammals 

so that they are able to digest milk from their mother. In most mammals, the expression 

of LCT decreases with age and weaning. In some humans however, the expression of 

LCT remains high through adulthood, this results in the continued ability to digest 

lactose is called lactase persistence. Lactase persistence, and thus the ability to digest 

lactose is common only in human populations that have a long history of high milk and 

dairy in adult diets (Swallow, 2003; Ingram, Mulcare, Itan, Thomas, & Swallow, 2009).  

Lactase persistence is controlled by substitutions in regulatory regions near the LCT 

gene. Different variants that allow lactase to continue to be expressed have evolved 

independently in different regions of the world and are associated with strong 

signatures of selection (Sebastio et al., 1989; Bersaglieri et al., 2004; Tishkoff et al., 2007; 

Enattah et al., 2008). While this may be the most well described human adaptation to 
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diet, it is thought that adaptive changes in gene regulation, such as this, have played a 

major role throughout the course human evolution.  

Comparative gene expression and metabolomic profiling in human, chimpanzee, 

and rhesus macaque livers demonstrate that metabolic concentrations are strongly 

affected by dietary differences between species. Furthermore, between species 

differences in metabolic concentration are correlated with inter-species  differences in 

the expression of the corresponding enzymes and a number of compounds had lineage-

specific profiles (Blekhman et al., 2014). This demonstrates that the evolution of 

metabolic gene regulatory regions does in fact have regulatory consequences between 

humans and other primates.  

Gene expression profiles from the livers of mice fed diets of meat and tubers 

were affected by cooking, regardless of having the same caloric intake. These genes that 

were affected by cooking were correlated with genes know to be differentially expressed 

between human and other non-human primate livers and show evidence of positive 

selection (Carmody et al., 2016).  

Interesting, Neanderthal-like variants are enriched in genes involve in lipid 

catabolism specifically in modern Europeans. These genes are associated with signatures 

of positive selection and Europeans also show significantly more divergence in gene 

expression in lipid catabolism pathways (Khrameeva et al., 2014). This indicates that 
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adaptive introgression from Neanderthals may have played a role in our metabolic 

adaptations. This is particularly interesting since virtually nothing is known about 

Neanderthal metabolism. 

These studies demonstrate that there has been selection on metabolic genes and 

regulatory regions in humans. There were likely several different rounds of potentially 

conflicting selection in the human lineage as diet shifted.  Though functional differences 

in gene regulation and metabolism underlie the adaptation to different human diets, 

little is known about the evolution of gene expression and metabolism in human adipose 

tissue.  

1.6 Adipose tissue and metabolism 

1.6.1 Types of adipose tissue 

To begin to understand how shifts in metabolism may have been important 

during human evolution, we have focused our study on adipose tissue. Adipocytes are 

the major component cell of adipose tissue and can be one of three major types: white 

adipocytes, brown adipocytes, or beige adipocytes. Briefly, white adipocytes largely 

store energy, and are the comprise most adipose depots in human adults. Brown 

adipocytes are thermogenic and are present only in low levels in human adults, though 

they are more abundant in infants (Seale & Lazar, 2009). Beige adipocytes have 
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intermediate characteristics of white and brown adipocytes as well as some unique beige 

markers (Rosen & Spiegelman, 2014).  

1.6.1.1 White adipose tissue 

White adipose tissue (WAT) is composed of white adipocytes and is the primary 

energy reserves in the body. WAT stores large amounts of energy in the form of 

triglycerides that an organism can utilize during periods of food deprivation. WAT is 

abundant in mammals and distribution of this tissue throughout the body varies among 

species as well as between individuals of the same species (Gesta, Tseng, & Kahn, 2007). 

In humans, WAT exists in two majors depots: subcutaneous adipose tissue, located just 

beneath the skin, and visceral adipose tissue, located in the abdominal cavity between 

organs. Comparisons with other extant primates indicate that humans have relatively 

high levels of body fat, including during infancy (Kuzawa, 1998). Adult humans, on 

average, have much larger adipose depots (41.1% female, 22.9% male) than adult 

chimpanzees/bonobos (9% female, 8.4% male) (Pontzer et al., 2016). Even among hunter 

gatherer populations, human body fat still exceeds that of chimpanzees (20.9% female, 

13.5% male) (Pontzer et al., 2012). 

As the primary storage cell for lipid deposits, the adipocyte is responsible for 

regulating lipid and glucose transport, fatty acid synthesis and mobilization, insulin 

sensitivity and endocrine functions (the secretion of adipokines). Adipose tissue was 
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once considered to be a relatively simple and inert tissue, but is now recognized as being 

a more complex, dynamic, and interactive tissue than originally thought. 

During development, adipocytes are differentiated from pre-adipocytes after a 

transcriptional cascade involving the nuclear receptor peroxisome proliferator-activated 

receptor gamma (PPAR-γ) and CCAAT/enhancer-binding proteins (C/EBPs). 

Adipocytes and pre-adipocytes are the main components of adipose tissue, but 

fibroblasts, endothelial cells, vascular smooth muscle cells, macrophages and T-cells are 

also present (Ouchi, Parker, Lugus, & Walsh, 2011). 

Adipose tissue functions not only in energy storage but also as an endocrine 

organ that secretes adipokines critical to maintaining whole body energy homeostasis. 

This would have been particularly important during human evolution in times of scarce 

food availability. Excess adiposity and adipocyte dysfunction has been linked to the 

pathogenesis of common human diseases such as diabetes, cardiovascular disease and 

cancer (Ouchi et al., 2011). The onset of obesity can modify the secretion of adipokines 

through changes in cellular composition of adipose tissue (Kuzawa, 1998). In addition to 

total adipose tissue quantity, qualitative aspects of adipose function play an important 

role in systemic metabolic function (Kim et al., 2007). Because of its role in energy 

storage, homeostasis, disease, and its interaction with diet, we believe that adipose 

tissue was extremely important during human evolution. 
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1.6.1.2 Brown adipose tissue 

Brown adipose tissue (BAT) is adipose tissue that produces heat through non-

shivering thermogenesis and is present in almost all mammals and especially abundant 

in newborns and in hibernating mammals (Rosen & Spiegelman, 2014). Brown 

adipocytes contain numerous small droplets (as opposed to white adipocytes single 

lipid droplet) and a high number of mitochondria. They dissipate heat through the 

actions of uncoupling protein-1 (UCP-1). BAT is abundant in human infants and 

decreases with age. Though initially it was thought to be negligible on adult humans 

BAT has been shown to contribute to non-shivering thermogenesis (Ouellet et al., 2012), 

to be activated by cold (Saito et al., 2009; Virtanen et al., 2009). It has also been shown to 

enhance insulin sensitivity (Lee et al., 2014), to regulate lipid metabolism 

(Chondronikola et al., 2016) and to be metabolically active during warm conditions 

(Weir et al., 2018).  

1.6.1.3 Beige adipocytes 

A third type of adipocyte called ‘beige’ or ‘brite’ adipocytes have distinct but 

overlapping characteristics compared with brown adipocytes. Beige adipocytes have a 

brown fat-like morphology and are UCP-1+, but also express surface markers that do not 

mark brown adipocytes. Their role in energy homeostasis and their developmental 

origins are still somewhat unclear. Beige adipocytes do not derive from the same 
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precursor cells that brown adipocytes do (shared with myocytes) suggesting they are in 

fact distinct cell types (Seale et al., 2008). There two major theories that have been 

proposed for the developmental origin of beige adipocytes.  The first of these is that they 

arise from transdifferentiation of existing white adipocytes, the second is that they 

derive from unique precursors within white adipose depots. Beige adipocytes do appear 

to be phenotypically plastic and take on a white adipocyte-like morphology and gene 

expression pattern after exposure to warm conditions (Rosenwald & Wolfrum, 2014). 

Together this suggests that adipose populations are plastic in response to changing 

physiological conditions. 

1.7 The use of induced pluripotent stem cells 

Though much can be learned from the comparative studies of tissue samples 

from individuals, the inability to perform experiments on, and small number of tissue 

samples from our closest relatives, has long hindered the further understanding of 

human evolutionary history. Tissue samples are confounded by environmental 

variability including in diet and exercise. Furthermore, when tissues from non-human 

primates are available, studies are usually hindered by a low sample size. Additionally, 

we cannot ethically perform experiments on non-human primates, meaning there is no 

way to study the effects of diet alterations on them. However, with the development of 

stem cell resources, experimental control and sample accessibility has greatly increased. 
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In particular, induced pluripotent stem cells (iPSCs) allow precise experimental control, 

and virtually unlimited sample collection once that cell line has been established. One is 

limited only by the number of individuals in which cell lines are available for, and the 

ability to differentiate those lines into a cell types of interest.  

Here, we have used both adipose-derived stem cells (ASCs) and iPSCs to model 

adipose tissue in vitro. By using these cell culture models, we are able to recapitulate 

many aspects of adipose tissue biology, we can control for genetic variability by 

differentiated multiple cell types from the same stem cell line, we can control 

environmental variation by exposing the cells to similar environments, and perform 

various types of experiments including controlled variations in the environmental 

conditions. Though cell culture is an imperfect model of in vivo biology, it provides 

many advantages and allows us to address otherwise unattainable questions in human 

evolution. We additionally have access to human and non-human primate tissue 

samples which allow us to do a less controlled reality check on our cell culture 

experiments.  

1.8 Research overview 

Chapter 2 examines the adipocytes derived from iPSCs and ASCs as a model  for  

adipose tissue in humans and chimpanzees. Next, Chapter 3 focuses on analysis of gene 

expression and chromatin accessibility patterns genome-wide in adipocytes. In Chapter 
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4 , I examine interesting differences in lipid metabolism and adipogenesis in human and 

chimpanzees. Finally, Chapter 6 summarizes the results of these studies and discusses 

plans for future work. 
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2. Gene Expression Patterns Among Adipocytes from Different 
Sources   

Makohon-Moore SC, Pfefferle LW, Babbitt CC,  and GA Wray  

“You raise a pup tent from one sort of vision, a cathedral from another. This does 

not mean that you must sit with a blueprint always in front of you, merely that you had 

best anticipate what you are getting into.” -William Strunk Jr. and E.B. White 

My contribution to this work: 

1. Contributed to the conception and design of experiments 

2. Performed all iPSC cell culture work 

3. Performed all downstream computational analyses 

2.1 Introduction 

Validating that cell culture models recapitulate the most important in vivo 

characteristics of a cell type or tissue of interest is crucial to the successful design of 

many basic science research studies and has implications for the potential utility of each 

model on the field. Despite this fact, the validation of many cell culture models has often 

been lacking. Many studies rely on the expression level of one or a few genes of interest 

or on one or a small set of specific morphological or physiological characteristics, for 

example the accumulation of lipid droplets in adipocytes. As microarray and RNA-

sequencing technologies have become more common and technically feasible, these 
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comparisons have moved into the whole-transcriptome realm. Furthermore, several 

transcriptome-wide examinations of iPSC differentiation models have demonstrated 

that using a small set of genes may be insufficient. In particular, multiple studies have 

shown that methods used at the time to differentiate iPSCs into cell types of interest 

were resulting in cells that more closely resembled their corresponding fetal tissue 

instead of adult tissue. Still, validation of cell culture models  has largely been limited to 

a comparing a single in vitro cell type to a single in vivo tissue.  

Here, we compare whole transcriptome expression levels of iPSC derived 

adipocytes, ASC derived adipocytes, and white adipose tissue from both humans and 

chimpanzees. We examine also examine sets of marker genes and use phenotypic 

markers to demonstrate the utility of iPSC derived adipocytes. To our knowledge, this is 

the first comparison of iPSC derived cells to both an in vivo stem cell and tissue from 

more than one species. We next examine the concordant changes in iPSC derived 

adipocyte differentiation in human and chimpanzee cell lines. 

2.2 Results 

2.2.1 iPSC adipocyte differentiation 

In order to examine the differences between human and chimpanzee adipocytes, 

we utilized iPSCs from six humans and six chimpanzees. Each of these lines was 

differentiated into mesenchymal progenitor cells and then into mature adipocytes 
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through lentiviral expression of PPARG with an adipogenic cocktail or into immature 

adipocytes using solely the adipogenic cocktail as shown in Figure 3 (Ahfeldt et al., 

2012).  

 

Figure 3: Adipocyte differentiation protocol 

iPSC lines were detached and grown in suspension to form embryoid bodies. 

After 7 days embryoid bodies were plated onto adherent cells and cultured into a 

monolayer of mesenchymal progenitor cells (MPCs). These MPCs were passaged a 

maximum of four times before differentiation into mature adipocytes using an 
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adipogenic cocktail plus lentiviral expression of PPARG. Embryoid bodies were plated 

and cultured with an adipogenic cocktail to yield immature adipocytes.  

2.2.2 Mature adipocytes accumulate large lipid droplets 

Adipocytes from both iPSCs and ADSCs accumulate large lipid droplets which 

can be visualized using bright field microscopy or staining with lipophilic dyes BODIPY 

and Oil Red O respectively as shown in Figure 4. Nuclei are stained with either Hoechst 

for fluorescent or haematoxylin for DIC microscopy. Large lipid droplets are a 

morphological hallmark of adipocyte differentiation. 
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Figure 4: Images of iPSC adipocytes and ADSC adipocytes 

Human and chimpanzee adipocytes derived from iPSCs and adipose-derived 

stem cell. Top panels show iPSC derived mesenchymal stem cells and adipocytes using 

DIC (left two) and BODIPY (green) to stain lipid droplets and Hoechst to stain nuclei 

(blue) (right). Bottom panels show ADSCs and ADSC derived adipocytes using DIC (left 
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two) and Oil-red-O to stain lipid droplets (red)  and hematoxylin to stain nuclei (blue) 

(right). Scale bars are 100 µm. 

2.2.3 Gene expression markers 

In order to compare gene expression, I also took advantage of previously 

sequenced adipose-derived stem cells (ADSCs) from 3 humans and 1 chimpanzee which 

were differentiated into adipocytes (ZenBio, #KT-02). Total RNA was prepared into 

libraries and sequenced using Illumina technologies. Additionally, I used adipose tissue 

samples from 5 humans and 5 chimpanzees that were previously sequenced using ABI 

SOLID sequencing technologies as described (Babbitt, Haygood, Nielsen, & Wray, 

2017a). Gene expression was quantified using orthologous exons. 

Gene expression of several markers genes was compared between six different 

cell types: undifferentiated iPSCs, immature adipocytes derived from iPSCs, mature 

adipocytes derived from iPSCs, ADS cells, ADSC derived adipocytes, and adipose 

tissue. Analysis of these 6 sample types demonstrates that the undifferentiated iPSCs 

have high expression of the pluripotency marker genes DNMT3b, CYP26A1, and SALL4 

(Figure 5). Immature adipocytes show expression of the mesenchymal genes CD44, 

NT5E, and ITGB1 as well as the early adipocyte marker genes CEBPD, MYC, FOS, and 

JUN. Through the use of the lentiviral PPARG we are able to obtain expression of many 

but not all markers of mature adipocyte differentiation in our iPSC derived adipocytes. 
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Together, this indicates that the iPSC adipocytes more closely resemble adipose tissue 

than do immature adipocytes, but as expected recapitulate the gene expression patterns 

of white adipose tissue. Notably, we do not see induction of leptin in our immature or 

mature adipocytes, despite its presence in both adipose tissue and the ADS adipocytes.  

 
Figure 5: Heatmap of gene expression 

Heatmap of regularized log transformed gene expression. Samples are 

represented as columns and include undifferentiated iPSC colonies, immature 

adipocytes, mature adipocytes , adipose derived stromal cells, adipose derived stromal 

cell adipocytes and white adipose tissue. Species is marked by blue (human) and red 

(chimpanzee bars). Each gene is represented as a row, with pluripotent, mesenchymal, 

early adipose, and late adipose markers shown. Gene expression is normalized per row.  
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2.2.4 GO term enrichment 

Next, we looked at genes that changed in expression during differentiation of 

mature adipocytes. By comparing undifferentiated iPSC colonies to differentiated 

mature adipocytes, we identified genes that changed in expression in both human and 

chimpanzee adipocyte differentiation and that changed in the same direction, e.g. 

increase in expression from iPSCs to adipocytes in both species. Using gene ontology 

enrichment analysis, we separately compared genes that were expressed at a higher 

level in adipocytes, genes that were expressed at a higher level in undifferentiated iPSCs 

and all genes that were differentially expressed (unsigned).  We found relatively fewer 

biological process categories that were enriched in the undifferentiated iPSC gene set.  

These  included cell division, chromosome segregation sensory perception of sound, and  

neuropeptide  signaling pathway (Figure 6 & Table 1).  

Among our genes highly expressed in adipocytes, we found enrichment for pathways 

related to mesenchymal cell development (ossification, myoblast differentiation), 

metabolism (response to lipid, triglyceride metabolic process), and the extracellular 

matrix (collagen catabolic process, extracellular matrix organization) among others 

(Figure 6 & Table 1) indicated relative conservation of adipogenesis between humans 

and chimpanzees.  
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Figure 6: Bubble plot of differentiation 

A bubble plot of GO biological process categories that are enriched in genes that 

are differentially expressed between both human and chimpanzee undifferentiated 

iPSCs and human adipocytes.  Circle size corresponds to the number of genes 

represented in each category and are colored by their adjusted p-value and the direction 

of enrichment. The proximity of circles represents the semantic similarity of the GO 

terms. Green circles contain genes that are expressed higher in iPSCs, pink circles 

contain genes that are expressed higher in adipocytes. Only a subset of categories are 

labelled and those that are enriched in genes higher in iPSCs are colored green.  
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Table 1: Top 50 enriched biological process GO terms in iPSCs compared with 
white adipocytes 

 

2.3 Discussion  

Cell culture models have been vital to biomedical research since the first cells 

were cultured in the lab. We think that cell culture models are also a burgeoning 

resource the study of evolutionary biology. Particularly as great ape samples become 

increasing rare and experiments on non-human primates are ethically and regulatorily 

limited, it is important to develop other methods to study our closest relatives. It will be 

crucial, however, to validate the applicability and usefulness of these resources.  

Here, we begin to think about comparisons of adipocytes from three different 

sources (adipose tissue, adipose-derived stromal cells, and induced pluripotent stem 

cells) in two different species. We demonstrate that we can differentiate human and 

expressed higher in adipocytes

GO.ID Term Annotated Significant Expected classic

1 GO:0001501 skeletal system development 426 132 45.98 1.6E-28

2 GO:0030198 extracellular matrix organization 282 103 30.44 6.4E-28

3 GO:0001568 blood vessel development 557 145 60.12 3.7E-19

4 GO:0061448 connective tissue development 215 74 23.2 1.5E-18

5 GO:0001503 ossification 315 83 34 4.7E-13

6 GO:0008284 positive regulation of cell proliferation 685 138 73.93 2E-12

7 GO:0030574 collagen catabolic process 56 26 6.04 1.5E-11

8 GO:0071229 cellular response to acid chemical 174 48 18.78 4.9E-10

9 GO:0050727 regulation of inflammatory response 218 60 23.53 3.3E-09

10 GO:0033993 response to lipid 729 154 78.68 4.1E-09

11 GO:0035136 forelimb morphogenesis 34 17 3.67 1.3E-08

12 GO:0008285 negative regulation of cell proliferation 550 114 59.36 4.1E-08

13 GO:0060021 palate development 81 27 8.74 4.3E-08

14 GO:0043410 positive regulation of MAPK cascade 399 79 43.06 5.2E-08

15 GO:1904018 positive regulation of vasculature development 152 40 16.41 5.7E-08

16 GO:0019221 cytokine-mediated signaling pathway 545 104 58.82 1.2E-07

17 GO:0010463 mesenchymal cell proliferation 45 19 4.86 3.9E-07

18 GO:0010469 regulation of receptor activity 362 75 39.07 4.7E-07

19 GO:0048754 branching morphogenesis of an epithelial tube 135 37 14.57 5.1E-07

20 GO:0044706 multi-multicellular organism process 172 41 18.56 5.9E-07

21 GO:0045944 positive regulation of transcription from RNA polymerase II promoter 926 148 99.94 6.9E-07

22 GO:0032689 negative regulation of interferon-gamma production 19 11 2.05 7.4E-07

23 GO:1901701 cellular response to oxygen-containing compound 844 154 91.09 1.1E-06

24 GO:0098542 defense response to other organism 266 57 28.71 1.7E-06

25 GO:0050709 negative regulation of protein secretion 80 24 8.63 2.1E-06

26 GO:0007155 cell adhesion 1068 200 115.27 3E-06

27 GO:0010812 negative regulation of cell-substrate adhesion 51 18 5.5 3E-06

28 GO:0001974 blood vessel remodeling 33 14 3.56 3.1E-06

29 GO:1901654 response to ketone 153 38 16.51 3.2E-06

30 GO:0008015 blood circulation 423 87 45.65 3.2E-06

31 GO:0009952 anterior/posterior pattern specification 181 45 19.54 3.5E-06

32 GO:0017015 regulation of transforming growth factor beta receptor signaling pathway 88 25 9.5 3.9E-06

33 GO:0071260 cellular response to mechanical stimulus 62 20 6.69 4.3E-06

34 GO:0034308 primary alcohol metabolic process 44 17 4.75 4.8E-06

35 GO:0042493 response to drug 339 66 36.59 4.8E-06

36 GO:0003012 muscle system process 369 87 39.83 5.9E-06

37 GO:2000147 positive regulation of cell motility 378 78 40.8 6.5E-06

38 GO:0042474 middle ear morphogenesis 19 10 2.05 7.7E-06

39 GO:0001937 negative regulation of endothelial cell proliferation 31 13 3.35 8.1E-06

40 GO:0014070 response to organic cyclic compound 792 147 85.48 1.1E-05

41 GO:0051149 positive regulation of muscle cell differentiation 79 23 8.53 1.3E-05

42 GO:0060541 respiratory system development 176 45 19 1.4E-05

43 GO:0032835 glomerulus development 53 19 5.72 1.4E-05

44 GO:0010743 regulation of macrophage derived foam cell differentiation 24 11 2.59 1.5E-05

45 GO:0045638 negative regulation of myeloid cell differentiation 57 18 6.15 1.8E-05

46 GO:0032675 regulation of interleukin-6 production 80 24 8.63 1.8E-05

47 GO:0090288 negative regulation of cellular response to growth factor stimulus 116 30 12.52 1.8E-05

48 GO:1903556 negative regulation of tumor necrosis factor superfamily cytokine production 33 13 3.56 1.8E-05

49 GO:0050715 positive regulation of cytokine secretion 77 22 8.31 2.2E-05

50 GO:0010466 negative regulation of peptidase activity 157 35 16.95 2.2E-05

expressed higher in iPSCs

GO.ID Term Annotated Significant Expected classic

1 GO:0007059 chromosome segregation 313 82 29.83 2E-11

2 GO:0051301 cell division 521 106 49.65 4.2E-10

3 GO:0006270 DNA replication initiation 40 18 3.81 5.5E-09

4 GO:1903047 mitotic cell cycle process 765 129 72.91 9.8E-07

5 GO:0007218 neuropeptide signaling pathway 59 19 5.62 1.2E-06

6 GO:0007127 meiosis I 90 27 8.58 2.6E-06

7 GO:0043486 histone exchange 37 14 3.53 3.5E-06

8 GO:0031055 chromatin remodeling at centromere 29 12 2.76 5.9E-06

9 GO:0033260 nuclear DNA replication 47 17 4.48 1.9E-05

10 GO:0006336 DNA replication-independent nucleosome assembly 37 13 3.53 2E-05

11 GO:0034508 centromere complex assembly 37 13 3.53 2E-05

12 GO:0007094 mitotic spindle assembly checkpoint 31 11 2.95 7.9E-05

13 GO:0044843 cell cycle G1/S phase transition 247 44 23.54 9.5E-05

14 GO:0014020 primary neural tube formation 95 22 9.05 0.00011

15 GO:0007605 sensory perception of sound 120 25 11.44 0.00014

16 GO:0007601 visual perception 145 28 13.82 0.00022

17 GO:0048791 calcium ion-regulated exocytosis of neurotransmitter 29 10 2.76 0.00022

18 GO:0045604 regulation of epidermal cell differentiation 47 13 4.48 0.00024

19 GO:0007268 chemical synaptic transmission 513 91 48.89 0.00033

20 GO:0006268 DNA unwinding involved in DNA replication 8 5 0.76 0.00034

21 GO:0090068 positive regulation of cell cycle process 222 42 21.16 0.00036

22 GO:0033567 DNA replication, Okazaki fragment processing 5 4 0.48 0.00038

23 GO:0007216 G-protein coupled glutamate receptor signaling pathway 12 6 1.14 0.00041

24 GO:0030903 notochord development 17 7 1.62 0.00058

25 GO:0071897 DNA biosynthetic process 182 34 17.34 0.00066

26 GO:0061436 establishment of skin barrier 13 6 1.24 0.0007

27 GO:0007140 male meiotic nuclear division 35 11 3.34 0.00092

28 GO:0002495 antigen processing and presentation of peptide antigen via MHC class II 85 18 8.1 0.00092

29 GO:0031284 positive regulation of guanylate cyclase activity 6 4 0.57 0.00105

30 GO:0098742 cell-cell adhesion via plasma-membrane adhesion molecules 184 31 17.54 0.00121

31 GO:0016446 somatic hypermutation of immunoglobulin genes 10 5 0.95 0.0013

32 GO:0042472 inner ear morphogenesis 87 19 8.29 0.00139

33 GO:0009948 anterior/posterior axis specification 44 12 4.19 0.00149

34 GO:0000732 strand displacement 25 8 2.38 0.00164

35 GO:0071459 protein localization to chromosome, centromeric region 20 10 1.91 0.00171

36 GO:0000076 DNA replication checkpoint 15 6 1.43 0.00174

37 GO:0042074 cell migration involved in gastrulation 15 6 1.43 0.00174

38 GO:0051383 kinetochore organization 20 7 1.91 0.00179

39 GO:0006297 nucleotide-excision repair, DNA gap filling 20 7 1.91 0.00179

40 GO:0031424 keratinization 43 11 4.1 0.00185

41 GO:0043269 regulation of ion transport 482 78 45.94 0.00187

42 GO:0006284 base-excision repair 41 11 3.91 0.00188

43 GO:0006271 DNA strand elongation involved in DNA replication 17 10 1.62 0.00217

44 GO:0030261 chromosome condensation 26 8 2.48 0.00217

45 GO:1900264 positive regulation of DNA-directed DNA polymerase activity 7 4 0.67 0.00227

46 GO:0000578 embryonic axis specification 29 9 2.76 0.00282

47 GO:0051754 meiotic sister chromatid cohesion, centromeric 4 3 0.38 0.00321

48 GO:1900372 negative regulation of purine nucleotide biosynthetic process 22 7 2.1 0.00332

49 GO:0008340 determination of adult lifespan 12 5 1.14 0.00349

50 GO:0007635 chemosensory behavior 12 5 1.14 0.00349

differentially expressed between iPSCs and adipocytes

GO.ID Term Annotated Significant Expected classic

1 GO:0030198 extracellular matrix organization 282 135 57.31 3.6E-24

2 GO:0048705 skeletal system morphogenesis 186 83 37.8 1.3E-12

3 GO:0008284 positive regulation of cell proliferation 685 233 139.21 2.8E-12

4 GO:0030574 collagen catabolic process 56 32 11.38 1.5E-09

5 GO:0007155 cell adhesion 1068 335 217.05 1.7E-09

6 GO:0007186 G-protein coupled receptor signaling pathway 594 188 120.72 1.7E-09

7 GO:0001525 angiogenesis 407 139 82.72 2.9E-09

8 GO:0001501 skeletal system development 426 172 86.58 7.1E-09

9 GO:0010469 regulation of receptor activity 362 123 73.57 3.1E-08

10 GO:0060021 palate development 81 38 16.46 6.6E-08

11 GO:0009952 anterior/posterior pattern specification 181 74 36.78 1.4E-07

12 GO:0051781 positive regulation of cell division 62 31 12.6 2.7E-07

13 GO:0001503 ossification 315 109 64.02 3.4E-07

14 GO:0060173 limb development 154 59 31.3 5.2E-07

15 GO:0070374 positive regulation of ERK1 and ERK2 cascade 134 52 27.23 6.1E-07

16 GO:0010863 positive regulation of phospholipase C activity 24 16 4.88 1.1E-06

17 GO:0001974 blood vessel remodeling 33 19 6.71 2.8E-06

18 GO:0008015 blood circulation 423 143 85.97 3.7E-06

19 GO:0043583 ear development 188 68 38.21 5.5E-06

20 GO:0008285 negative regulation of cell proliferation 550 170 111.78 5.9E-06

21 GO:0050727 regulation of inflammatory response 218 77 44.3 6.2E-06

22 GO:0071229 cellular response to acid chemical 174 62 35.36 7.7E-06

23 GO:0007610 behavior 478 141 97.14 8.3E-06

24 GO:0043588 skin development 200 71 40.65 9.5E-06

25 GO:0045944 positive regulation of transcription from RNA polymerase II promoter 926 240 188.19 1.6E-05

26 GO:0051897 positive regulation of protein kinase B signaling 115 43 23.37 1.7E-05

27 GO:0042476 odontogenesis 101 39 20.53 2.5E-05

28 GO:0050731 positive regulation of peptidyl-tyrosine phosphorylation 128 47 26.01 3.2E-05

29 GO:0008584 male gonad development 115 43 23.37 3.6E-05

30 GO:0043269 regulation of ion transport 482 156 97.96 3.9E-05

31 GO:0045604 regulation of epidermal cell differentiation 47 22 9.55 4E-05

32 GO:0016477 cell migration 1049 310 213.19 4.3E-05

33 GO:0007601 visual perception 145 50 29.47 4.6E-05

34 GO:0071295 cellular response to vitamin 24 14 4.88 4.9E-05

35 GO:0060541 respiratory system development 176 64 35.77 4.9E-05

36 GO:0032526 response to retinoic acid 91 35 18.49 5E-05

37 GO:0042493 response to drug 339 99 68.9 5.1E-05

38 GO:0030154 cell differentiation 3107 845 631.44 6.1E-05

39 GO:0007435 salivary gland morphogenesis 30 16 6.1 6.3E-05

40 GO:0040017 positive regulation of locomotion 406 131 82.51 7.8E-05

41 GO:0007160 cell-matrix adhesion 185 64 37.6 8.5E-05

42 GO:0051272 positive regulation of cellular component movement 389 124 79.06 9.4E-05

43 GO:0009617 response to bacterium 329 100 66.86 9.9E-05

44 GO:0007267 cell-cell signaling 1277 359 259.53 0.00014

45 GO:0032649 regulation of interferon-gamma production 54 23 10.97 0.00016

46 GO:0030049 muscle filament sliding 35 17 7.11 0.00017

47 GO:0006959 humoral immune response 99 40 20.12 0.00018

48 GO:0001657 ureteric bud development 89 34 18.09 0.00019

49 GO:0009612 response to mechanical stimulus 174 56 35.36 0.00022

50 GO:0090100 positive regulation of transmembrane receptor protein serine/threonine kinase signaling pathway 92 34 18.7 0.00024

�1
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chimpanzee iPSCs into mature adipocytes that accumulate large lipid droplets which are 

the indicative morphology of differentiated adipocytes. To our knowledge, this is the 

first report of differentiation of  chimpanzee iPCSs into adipocytes.  

Immature adipocytes show expression many of the markers of early adipocytes 

but not of late adipocytes. Both human and chimpanzee mature adipocytes show 

expression of several markers of late adipocyte differentiation, though notably leptin is 

not expressed. This could indicate that either our adipocytes are not fully differentiated, 

that the adipocytes are fully differentiated but our culture system does not induce 

expression of leptin, or leptin mRNA levels are not a good proxy for leptin protein levels 

in these cells.  

We show that much of adipocyte differentiation is conserved between the two 

species through gene set enrichment analysis. We find an enrichment for important 

metabolic processes and mesenchymal cell differentiation as well as a decrease in 

expression of cell cycle genes. While we do not see an overrepresentation of adipocyte 

differentiation specific processes, we believe this due to comparing gene expression 

changes between pluripotent cells and adipocytes. Though in this study we did not 

examine gene expression of the mesenchymal stem cells, if we compared gene 

expression levels between our intermediate mesenchymal stem cells and our 
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differentiated adipocytes we would expect to see more enrichment of adipocyte specific 

categories. 

We do, however, observe that several canonical adipose gene markers are not 

expressed in our iPSC derived adipocytes indicating that they are still not wholly 

representative of in vivo adipose tissue.  We are optimistic that both the protocols for 

differentiating iPSCs as well as the analytical tools to evaluate their success will continue 

to advance and allow for many future studies of the evolution of particular cell types in 

humans and non-human primates.  

We were relatively limited here in our comparisons of our iPSC derived 

adipocytes to ADSC adipocytes and WAT as there was a large batch effect that 

confounded true biological differences. As the importance of batch effects in next-

generation sequencing have been brought increasingly to the forefront of next-

generation sequencing analysis we are necessarily cautious in our interpretation of data 

that was collected and analyzed over a period of many years, sequenced across multiple 

platforms, and handled by numerous people. In the future, we hope to re-sequence 

many or all of the available cell culture and tissue samples simultaneously to control for 

this and allow us to more directly compare genome-wide expression patterns among 

these tissue and cell types.  Additionally, re-sequencing of other human and chimpanzee 

tissue samples would allow us to quantify how closely adipocyte cell culture models 
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resemble adipose tissue in comparison to other tissues such as liver or skeletal muscle. 

In particular, we would like to adapt current computational platforms such as CellNet to 

assess fidelity of cellular engineer to look at multi-species comparisons (Radley et al., 

2017). 

2.4 Methods 

2.4.1 iPSC culture 

 iPSCs were cultured as described with a few differences (Gallego Romero 

et al., 2015). Briefly, iPSC colonies were culture on 6-well plates coated with Matrigel 

(Corning, #354277). Cells were fed daily with either E8 medium (Gibco, #A1517001) or 

StemFlex medium (Gibco #A33493). Colonies were split using ReLeSR (STEMCELL 

Technologies #05872). 

2.4.2 Mature adipocyte differentiation 

Adipocytes were differentiated from each of the iPSC lines as described (Ahfeldt 

et al., 2012). Briefly, we used a three-stage protocol where iPSCs were first cultured in 

suspension to form Embryoid Bodies (EBs), then plated to form mesenchymal stem cells. 

These were then differentiated into adipocytes by using inducible expression of PPARG.  

2.4.2.1 Embryoid body formation 

First, for EB formation, iPSC colonies were incubated with Dispase (STEMCELL 

Technologies, #07923), scraped into DMEM (Thermo Fisher Scientific, #11995065) 
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medium, spun down at 1000 rpm for 5 min. Small cell clumps were then resuspended in 

DMEM containing 10% Knockout Serum Replacement (Thermo Fisher Scientific, 

#10828028), 1% penicillin/streptomycin (Thermo Fisher Scientific, #15140163), and 4 µM 

ROCK inhibitor (Cayman Chemical #717140) and cultured in ultra-low attachment 

culture dishes. After 24 hrs. cells were collected in 15 mL conical tubes for 10 minutes. 

Supernatant was aspirated carefully, and fresh medium was added to replate them. 

Medium was changed this way every other day for 6 days.  

2.4.2.2 Mesenchymal progenitor cell formation 

To form MPCs, on day 7, 100 mm cell-culture treated dishes were coated with 

0.1% gelatin (Sigma #G1890). EBs were collected in 15 ml conical tubes and resuspended 

in DMEM (Thermo Fisher Scientific 11995065#) with 10% FBS (Thermo Fisher Scientific, 

16140063), 1% penicillin/streptomycin and 1% GlutaMax (Thermo Fisher Scientific 

#35050061) and plated onto gelatin-coated dishes. Medium was changed every other day 

until cells reached approximately 90% confluency. Cells were then split at a ratio of 1:3 

using 0.25% trypsin (Thermo Fisher Scientific #25200056) and cultured with DMEM 

containing 15% FBS, 1% penicillin/streptomycin, 1% GlutaMax, and 2.5 ng/ml bFGF 

(Thermo Fisher Scientific #13256029). MPCs were used for adipocyte differentiation at or 

before passage 4.  
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2.4.2.3 Mature white adipocyte differentiation 

For differentiation into mature adipocytes, MPCs were counted and plated at a 

density of (1.5 e5 cells per well of 6-well plate) onto cell culture dishes coated with 0.1% 

gelatin with medium containing DMEM, 10% FBS, 1% penicillin/streptomycin, and 2.5 

ng/ml bFGF Six hours after plating, cells were transduced with rtTA and PPARG2 

lentivirus at a MOI of 100 and a 1:1 ratio. Cells were cultured until confluency and then 

adipogenic differentiation was initiated by feeding with DMEM 7.5% Knockout serum 

replacement, 0.5% nonessential amino acids (Thermo Fisher Scientific #1140050), 1% 

penicillin/streptomycin, 1 µM Dexamethasone (Sigma-Aldrich #D1756), 10 µg/ml insulin 

(Sigma-Aldrich #I9278), 500 nM Rosiglitazone (Cayman Chemical #71740). Medium was 

supplemented with 700 ng/ml Doxycycline (Sigma-Aldrich #D9891) for the first 15 days 

and was changed every other day (Ahfeldt et al., 2012).  

2.4.3 Immature adipocyte differentiation 

Immature adipocytes were differentiated similarly to mature adipocytes through 

embryoid body formation. Colonies from iPSC lines were dissociated in aggregates and 

plated into non-adherent culture dishes with EB formation medium consisting of 

DMEM/F12, 20% KSR, 2 mM L-glutamine, 1% NEAA, 0.5% Penicillin/streptomycin, and 

5 µL 2-mercaptoethanol. Retinoic acid is added to the medium from day 2 to day 5 at a 

concentration of 100 nM changing the medium every day. Medium was changed every 
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other day until day 11. At day 11, EBs were transferred to adherent culture dishes coated 

with Matrigel. Differentiation was induced by treating the cells with adipogenic 

differentiation medium consisting of a-MEM, 10% FBS, 1% penicillin/streptomycin, 1 

µg/mL insulin, 0.5 mM 3-Isobutyl-1-methylxanthine, 250 nM dexamethasone, and 1 µM 

pioglitazone for 10 days, changing the medium every 3 days (Noguchi et al., 2011). 

2.4.4 RNA sequencing 

In order to compare the level of gene expression we performed RNA sequencing 

on adipose tissue as well as adipocytes derived from iPSCs and from ASCs. The adipose 

tissue samples were sequenced using ABI Solid Sequencing and the cell culture samples 

were sequencing using Illumina technologies. Samples were randomized, and RNA was 

extracted in batches over several days using an RNeasy Lipid Tissue Mini Kit (QIAGEN) 

and quality was assessed using a Bioanalyzer (Agilent). Sequencing libraries were 

prepared from extracted RNA, pooled, and sequenced by Duke University’s Sequencing 

and Genomic Technologies Shared Resource. Libraries were pooled into 4 separate pools 

and run across 4 lanes on the Illumina HiSeq 4000 with 50bp SR.   

2.4.5 Read mapping and differential expression analysis 

Quality of reads was assessed using FastQC (Andrews, 2018) and reads were trimmed 

using TrimmoMatic (Bolger, Lohse, & Usadel, 2014). Reads were then mapped to either 

panTro4 or hg19 using Bowtie2. Exons with a one-to-one orthology were determine 
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(Blekhman et al., 2010b) and  reads mapping to those exons were counted using 

FeatureCounts (Liao, Smyth, & Shi, 2013).   DESeq2 was used to perform normalization, 

principle component and differential expression analysis.  

2.4.6 Gene set enrichment analysis 

Following differential gene expression analysis, the R Package topGO was used 

to identify gene set enrichments (Alexa & Rahnenfuhrer, 2010). A gene set enrichment 

analysis was performed on the set of genes that are differentially expressed between 

iPSC colonies and adipocytes in both humans and chimpanzees using the ‘weight’ 

algorithm and a Fisher’s test.  Lin’s pairwise semantic similarity was calculated for 

significantly enriched terms using GOSim (Frohlich, Speer, Poustka, & Beissbarth, 2007). 

Distances between samples were calculated and those distances were visualized using a 

multidimensional scaling plot. The size of bubbles was scaled according to the number 

of genes enriched in that category and colored based on the direction and significance of 

the adjusted p-value.   
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3. Genome-wide analysis for RNA and chromatin in human 
and chimpanzee white adipocytes 

“Alter any event, ever so slightly and without apparent importance at the time, 

and evolution cascades into a radically different channel.”  

― Stephen Jay Gould 

Makohon-Moore SC and GA Wray  

My contribution to this work: 

1. Contributed to the conception and design of experiments 

2. Performed all iPSC cell culture 

3. Performed all downstream computational analyses 

3.1 Introduction 

In order to understand the differences between human and chimpanzee 

adipocytes, here we have utilized iPSCs from humans and chimpanzees. These iPSCs 

can be differentiated into mature adipocytes that can be cultured for relatively long 

periods of time. By examining cells cultured in vitro, we can control for environmental 

effects that would influence any tissue samples taken from a living individual such as 

diet, disease state, age, activity level, etc. This allows us to identify species differences 

that are due solely to underlying genetic differences. By studying adipocytes in vitro, we 

can learn about how genetic differences between humans and chimpanzees leads to 
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differences in metabolism. In this chapter, we examine genome-wide patterns of gene 

expression and open chromatin in iPSC derived adipocytes. 

Here, we leverage the functional genomic techniques of RNA-sequencing and 

Assay for Transposase-Accessible Chromatin-sequencing (ATAC-seq) to profile gene 

expression levels and open chromatin regions respectively. Gene expression patterns 

generally serve as a proxy (albeit imperfect) for protein production and therefore cell 

biological function. Open chromatin patterns can serve to elucidate gene regulatory 

states and allow us to identify regulatory regions influencing gene expression.  

3.2 Results 

3.2.1 Global gene expression levels 

In order to identify differences between human and chimpanzee adipocytes we 

first cultured human and chimpanzee adipocytes as described in Chapter 2. Briefly, 5 

chimpanzee and 4 human iPSC lines were differentiated into white adipocytes through 

inducible expression of PPARG. One human iPSC colony sample was determined to be 

an outlier and was removed from further analysis. A principal components analysis was 

done on the remaining samples (Figure 7). The first principle component separates out 

the undifferentiated iPSCs from the adipocytes and accounts for 66% of the variance in 

gene expression. The second principle component which accounts for 12% of the 

variance separates out the human from chimpanzee samples (Figure 7).  
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Pairwise correlations of gene expression levels of samples were assessed on a 

genome-wide scale using Pearson’s Correlation. Correlation coefficients were all 

positive and were converted into percentages for ease of plotting. Correlations with a 

species and cell type were all high (>.7), indicating a small amount of within group 

variability. Correlations between cell types were much lower (.08-.33). Correlation 

coefficients are shown in Figure 8 and are represented as bubble size and shade in the 

upper diagonal, and the correlation coefficients converted into percentages are shown in 

the lower diagonal. 
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Figure 7: Principal component analysis of white adipocyte RNA-sequencing 

(A)  Principal component analysis of all genes measured. The first two principle 

components are shown. PC1 separates the samples based on the cell type 

(undifferentiated iPSC colonies versus differentiated adipocytes) and represents 66% of 

the variance in gene expression. PC2 separates samples by species (human versus 
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chimpanzee) and represents 12% of the variance. (B)  The proportion of variance 

explained by each principal component 1-8. (C)  The significance of the association of 

PC1 and PC2 with each of a number of variables. Cell type is significantly associated 

with PC1 and species is significantly associated with PC2. 

 

Figure 8: Pearson correlation of gene expression 

Pairwise comparisons of total gene expression levels were calculated using 

Pearson’s correlation for human and chimpanzee iPSC colonies and adipocytes. Upper 

half visualizes correlation based on color and size of circle. Lower half shows the 

Pearson’s correlation value represented as a percentage.  
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3.2.2 Differential gene expression 

Differential gene expression was assessed using DESeq2 (Love, Huber, & 

Anders, 2014). A generalized linear model was built using factors of species (human or 

chimpanzee), cell type (adipocyte or undifferentiated iPSC), cell line, and interaction 

between species and cell type. We identified genes that were significant for a species by 

cell type interaction and were significantly differentially expressed between the human 

and chimpanzee adipocytes (FDR <.05, |log2FC| > 2) (Figure 9). The rationale for this 

approach was to identify genes that are differentially expressed specifically between 

human and chimpanzee adipocytes. This set of genes with adipocyte specific or semi-

specific species differences are likely most relevant for differences in human and 

chimpanzee adipocyte biology. An MA plot of mean expression level and log2 fold 

change between human and chimpanzee adipocytes is shown in Figure 9A. Examples of 

gene expression that would be of interest are show in Figure 9B. 

We next performed a gene ontology enrichment analysis was performed on this 

set of differentially expressed genes. Enriched biological process categories are shown in 

Figure 10 and listed in Table 2. We find several interesting categories relating to 

metabolism (diacylglycerol metabolism, carnitine biosynthetic process), cell adhesion, 

cell proliferation (positive regulation of white fat cell proliferation, meiosis), ion 

transport, and tissue specific development (muscle tissue development, odontogenesis 
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of dentin-containing tooth, kidney development) as well as several categories related to 

neural development and neuronal function. This indicates there may be important 

functional differences between human and chimpanzee adipocytes. 
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Figure 9: Gene expression differences between human and chimpanzee white 
adipocytes 
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(A)  An MA-plot shows genes that are differentially expressed between humans 

and chimpanzees (higher in  humans-blue, higher in chimpanzees-red). Genes that have 

a significant cell type interaction but do not differ between the species in adipocytes are 

colored in dark gray, all other genes are colored in light gray.  (B) Examples of gene 

expression patterns that would be significant. 

 

Figure 10: Bubble plot of GO terms enriched in genes differentially expressed 
in adipocytes 

A bubble plot of GO biological process categories that are enriched in genes that 

are differentially expressed between human and chimpanzee adipocytes.  Circle size 

corresponds to the number of genes represented in each category and are colored by 

their adjusted p-value and the direction of enrichment. The proximity of circles 

represents the semantic similarity of the GO terms. Blue circles contain genes that are 



 

 

 49 

expressed higher in humans, red circles contain genes that are expressed higher in 

chimpanzees. Only a subset of categories are labelled. 

Table 2 Biological Process GO terms significantly enriched between human and 
chimpanzee adipocytes 

 

  

differentially expressed between human and chimpanzee adipocytes (regardless of direction)

GO.ID Term Annotated Significant Expected classic

1 GO:0034765 regulation of ion transmembrane transport 393 34 11.43 2E-05

2 GO:0007268 chemical synaptic transmission 576 42 16.75 0.00014

3 GO:0086005 ventricular cardiac muscle cell action potential 30 6 0.87 0.00019

4 GO:0045329 carnitine biosynthetic process 5 3 0.15 0.00023

5 GO:0099625 ventricular cardiac muscle cell membrane repolarization 21 5 0.61 0.00028

6 GO:0086091 regulation of heart rate by cardiac conduction 33 6 0.96 0.00033

7 GO:0010923 negative regulation of phosphatase activity 93 10 2.71 0.00037

8 GO:0097485 neuron projection guidance 227 17 6.6 0.00045

9 GO:0007626 locomotory behavior 197 16 5.73 0.00049

10 GO:0051965 positive regulation of synapse assembly 65 8 1.89 0.00057

11 GO:0010765 positive regulation of sodium ion transport 28 6 0.81 0.00066

12 GO:0048631 regulation of skeletal muscle tissue growth 7 3 0.2 0.00078

13 GO:0006836 neurotransmitter transport 178 16 5.18 0.0008

14 GO:0070352 positive regulation of white fat cell proliferation 2 2 0.06 0.00084

15 GO:0098971 anterograde dendritic transport of neurotransmitter receptor complex 2 2 0.06 0.00084

16 GO:0007156 homophilic cell adhesion via plasma membrane adhesion molecules 144 12 4.19 0.00102

17 GO:0015701 bicarbonate transport 41 6 1.19 0.00111

18 GO:0032222 regulation of synaptic transmission, cholinergic 8 3 0.23 0.00123

19 GO:0002315 marginal zone B cell differentiation 9 3 0.26 0.0018

20 GO:0021932 hindbrain radial glia guided cell migration 9 3 0.26 0.0018

21 GO:0017156 calcium ion regulated exocytosis 101 10 2.94 0.00202

22 GO:0001505 regulation of neurotransmitter levels 179 15 5.21 0.00222

23 GO:0035094 response to nicotine 47 6 1.37 0.00229

24 GO:0042475 odontogenesis of dentin-containing tooth 81 8 2.36 0.00242

25 GO:0071373 cellular response to luteinizing hormone stimulus 3 2 0.09 0.00248

26 GO:0030538 embryonic genitalia morphogenesis 3 2 0.09 0.00248

27 GO:1900106 positive regulation of hyaluranon cable assembly 3 2 0.09 0.00248

28 GO:0003341 cilium movement 64 7 1.86 0.0025

29 GO:0048266 behavioral response to pain 12 4 0.35 0.0025

30 GO:0031581 hemidesmosome assembly 10 3 0.29 0.00252

31 GO:0009268 response to pH 38 7 1.11 0.00277

32 GO:0007155 cell adhesion 1254 66 36.48 0.00292

33 GO:0034110 regulation of homotypic cell-cell adhesion 22 4 0.64 0.00341

34 GO:0071320 cellular response to cAMP 51 6 1.48 0.00348

35 GO:0045760 positive regulation of action potential 12 3 0.35 0.00442

36 GO:0006651 diacylglycerol biosynthetic process 4 2 0.12 0.00487

37 GO:1901842 negative regulation of high voltage-gated calcium channel activity 4 2 0.12 0.00487

38 GO:0048853 forebrain morphogenesis 13 3 0.38 0.00562

39 GO:0048642 negative regulation of skeletal muscle tissue development 13 3 0.38 0.00562

40 GO:0060134 prepulse inhibition 13 3 0.38 0.00562

41 GO:0030317 flagellated sperm motility 74 7 2.15 0.00565

42 GO:0043408 regulation of MAPK cascade 657 34 19.11 0.00631

43 GO:0016339 calcium-dependent cell-cell adhesion via plasma membrane cell adhesion molecules 27 4 0.79 0.00729

44 GO:0030282 bone mineralization 93 10 2.71 0.00753

45 GO:0035672 oligopeptide transmembrane transport 7 3 0.2 0.00793

46 GO:0031914 negative regulation of synaptic plasticity 5 2 0.15 0.00796

47 GO:0050965 detection of temperature stimulus involved in sensory perception of pain 15 3 0.44 0.00857

48 GO:1902259 regulation of delayed rectifier potassium channel activity 15 3 0.44 0.00857

49 GO:0045780 positive regulation of bone resorption 15 3 0.44 0.00857

50 GO:0050848 regulation of calcium-mediated signaling 74 7 2.15 0.00975

expressed higher in human adipocytes

GO.ID Term Annotated Significant Expected classic

1 GO:0007268 chemical synaptic transmission 576 39 12.64 2.4E-06

2 GO:0034765 regulation of ion transmembrane transport 393 27 8.63 1.9E-05

3 GO:0086005 ventricular cardiac muscle cell action potential 30 6 0.66 4.1E-05

4 GO:0006836 neurotransmitter transport 178 16 3.91 4.8E-05

5 GO:0086091 regulation of heart rate by cardiac conduction 33 6 0.72 7.2E-05

6 GO:0099625 ventricular cardiac muscle cell membrane repolarization 21 5 0.46 7.5E-05

7 GO:0051965 positive regulation of synapse assembly 65 8 1.43 8.4E-05

8 GO:0045329 carnitine biosynthetic process 5 3 0.11 0.0001

9 GO:0007626 locomotory behavior 197 15 4.32 0.00014

10 GO:0097485 neuron projection guidance 227 15 4.98 0.00015

11 GO:0001505 regulation of neurotransmitter levels 179 15 3.93 0.00021

12 GO:0017156 calcium ion regulated exocytosis 101 10 2.22 0.00027

13 GO:0070352 positive regulation of white fat cell proliferation 2 2 0.04 0.00048

14 GO:0035094 response to nicotine 47 6 1.03 0.00054

15 GO:0032222 regulation of synaptic transmission, cholinergic 8 3 0.18 0.00054

16 GO:0021932 hindbrain radial glia guided cell migration 9 3 0.2 0.0008

17 GO:0048266 behavioral response to pain 12 4 0.26 0.00111

18 GO:0031581 hemidesmosome assembly 10 3 0.22 0.00112

19 GO:0099504 synaptic vesicle cycle 120 9 2.63 0.00131

20 GO:0030538 embryonic genitalia morphogenesis 3 2 0.07 0.00142

21 GO:0071373 cellular response to luteinizing hormone stimulus 3 2 0.07 0.00142

22 GO:0007399 nervous system development 2125 94 46.64 0.00147

23 GO:0015701 bicarbonate transport 41 5 0.9 0.00194

24 GO:0010765 positive regulation of sodium ion transport 28 5 0.61 0.00198

25 GO:0045760 positive regulation of action potential 12 3 0.26 0.00199

26 GO:0042475 odontogenesis of dentin-containing tooth 81 7 1.78 0.00199

27 GO:0048642 negative regulation of skeletal muscle tissue development 13 3 0.29 0.00254

28 GO:0060134 prepulse inhibition 13 3 0.29 0.00254

29 GO:0034112 positive regulation of homotypic cell-cell adhesion 4 2 0.09 0.0028

30 GO:0006651 diacylglycerol biosynthetic process 4 2 0.09 0.0028

31 GO:0098742 cell-cell adhesion via plasma-membrane adhesion molecules 221 12 4.85 0.0036

32 GO:0050965 detection of temperature stimulus involved in sensory perception of pain 15 3 0.33 0.00392

33 GO:1902259 regulation of delayed rectifier potassium channel activity 15 3 0.33 0.00392

34 GO:0007155 cell adhesion 1254 48 27.52 0.00438

35 GO:0086010 membrane depolarization during action potential 44 6 0.97 0.00441

36 GO:0019228 neuronal action potential 31 4 0.68 0.00449

37 GO:0031914 negative regulation of synaptic plasticity 5 2 0.11 0.0046

38 GO:0050908 detection of light stimulus involved in visual perception 16 3 0.35 0.00475

39 GO:0071320 cellular response to cAMP 51 5 1.12 0.00508

40 GO:0016358 dendrite development 198 13 4.35 0.00541

41 GO:0006730 one-carbon metabolic process 33 4 0.72 0.00564

42 GO:0048268 clathrin coat assembly 17 3 0.37 0.00567

43 GO:0051057 positive regulation of small GTPase mediated signal transduction 53 5 1.16 0.00599

44 GO:0098815 modulation of excitatory postsynaptic potential 34 4 0.75 0.00629

45 GO:0021516 dorsal spinal cord development 18 3 0.4 0.00669

46 GO:0042053 regulation of dopamine metabolic process 18 3 0.4 0.00669

47 GO:0071638 negative regulation of monocyte chemotactic protein-1 production 6 2 0.13 0.0068

48 GO:0007616 long-term memory 35 4 0.77 0.00698

49 GO:0033280 response to vitamin D 36 4 0.79 0.00772

50 GO:0007398 ectoderm development 20 3 0.44 0.00906

51 GO:0048631 regulation of skeletal muscle tissue growth 7 2 0.15 0.00938

52 GO:0060073 micturition 7 2 0.15 0.00938

53 GO:0043652 engulfment of apoptotic cell 7 2 0.15 0.00938

54 GO:1900165 negative regulation of interleukin-6 secretion 7 2 0.15 0.00938

55 GO:0019064 fusion of virus membrane with host plasma membrane 7 2 0.15 0.00938

56 GO:0046877 regulation of saliva secretion 7 2 0.15 0.00938

57 GO:0097623 potassium ion export across plasma membrane 7 2 0.15 0.00938

expressed higher in chimpanzee adipocytes

GO.ID Term Annotated Significant Expected classic

1 GO:0007141 male meiosis I 21 3 0.15 0.00043

2 GO:0032515 negative regulation of phosphoprotein phosphatase activity 50 4 0.36 0.00044

3 GO:0007144 female meiosis I 7 2 0.05 0.00104

4 GO:1902563 regulation of neutrophil activation 8 2 0.06 0.00137

5 GO:0001822 kidney development 249 7 1.78 0.00212

6 GO:0090009 primitive streak formation 10 2 0.07 0.00219

7 GO:0019852 L-ascorbic acid metabolic process 10 2 0.07 0.00219

8 GO:0048853 forebrain morphogenesis 13 2 0.09 0.00374

9 GO:0032526 response to retinoic acid 97 4 0.69 0.00512

10 GO:0045428 regulation of nitric oxide biosynthetic process 52 3 0.37 0.00606

31 GO:0007097 nuclear migration 19 2 0.14 0.00798

32 GO:0071467 cellular response to pH 20 2 0.14 0.00882

�1
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3.2.3 Global chromatin state 

Open chromatin regions were profiled using Assay for Transposase-Accessible 

Chromatin Sequencing (ATACs-seq) in undifferentiated iPSCs and iPSC derived 

adipocytes. Open chromatin peaks were called using MACS2 (Zhang et al., 2008) and 

quantified using DEseq2 (Love et al., 2014). Principal component analysis shows that 

undifferentiated iPSCs are separated from differentiated adipocytes in the first principal 

component (Figure 11). The second principal component separates out human samples 

from chimpanzee samples. The size of the library also appears to be a confounding 

factor for principal component analysis, suggesting a potential for bias in the 

experimental preparation of these libraries for sequencing or another experimental 

confound that will be further explored. 

When we looked exclusively at the ATAC-seq data from our differentiated 

adipocytes, we found that the first principal component correlates with species (Figure 

12A & D). An MA-plot shows that there are open chromatin regions that are 

significantly differentially open between the adipocytes of the two species (Figure 12B).  
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Figure 11: ATACseq Principal component analysis 

(A) Principal component analysis of openness of chromatin peaks from 

ATACseq. Principal components 1 and 2 shown on left and 2 and 3 on right. (B) 

The proportion of variance that is explained by each principal component. (C) 

The relationship of each of PC1-PC3 and factors. 
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Figure 12: Adipocyte only ATACseq analysis 

(A) Principal component analysis of open chromatin peaks from adipocyte 

ATACseq.  (B) An MA-plot of differential chromatin peaks. Peaks more open in 

human or chimpanzee adipocytes are colored blue and red respectively. (C) The 

proportion of variance that is explained by each principal component. (D) The 

relationship of each PC and factors measured. 

3.2.4 Differential chromatin openness 

We next wanted to determine where our open chromatin peaks were relative to 

genes, and which genes they would be likely to regulate. Using a combination of 

rGREAT (McLean et al., 2010) and ChIPseeker (Yu, Wang, & He, 2015), we assigned 
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peaks to nearby genes. We subset peaks into five categories based on their differential 

openness: all peaks, species peaks (differential between human and chimpanzee 

adipocyte and human and chimpanzee iPSC colonies), cell type peaks (differential 

between adipocytes and iPSC colonies and differential in both species), adipocyte 

interaction peaks (differential between human adipocyte and chimpanzee adipocytes, 

but not different between human and chimpanzee iPSCs), and invariant peaks (not 

significantly different in any comparison).  

We then compared the distance to the transcriptional start site (TSS) in each of 

these groups and found that the invariant peaks and the cell type specific peaks tend to 

be enriched closer to the TSS than the other categories (Figure 13A & B). This suggests 

that a higher proportion of invariant peaks and cell type specific peaks are found in 

proximal promoter regions.  
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Figure 13: Feature annotation of peaks 

 (A) The relative distribution of peaks to the TSS from 5 kb upstream to 5 kb 

downstream of peaks that are specifically different between human and chimpanzee 

adipocytes (blue), that vary by species (orange), that vary by cell type (pink) or are 
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invariant (green). (B) Binned distribution relative to the TSS of all categories of peaks 

listed in A and an additionally category of all peaks measured.  (C) the distribution of 

features annotated to each set of peaks.  

 

Figure 14: GO term enrichment of differential open chromatin regions 

A bubble plot of GO biological process categories that are enriched in genes near 

peaks that are differentially open between both human and chimpanzee adipocytes.  

Circle size corresponds to the number of genes represented in each category and are 

colored by their adjusted p-value and the direction of enrichment. The proximity of 

circles represents the semantic similarity of the GO terms. Blue circles contain genes that 

are near peaks that are more open in human adipocytes, red circles contain genes that 

are near peaks more open in chimpanzee adipocytes. Only a subset of categories are 

labelled. 
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Table 3: Enrichment analysis of open chromatin regions 

3.2.5 Differential gene expression and chromatin openness 

We compared the relative impacts of multiple factors on RNA levels and 

chromatin openness, we compared the overlap of differentially expressed genes or 

differentially expressed peaks. 

Broadly, we see that most genes and chromatin peaks measured were 

significantly affected by cell type (undifferentiated iPSC compared to differentiation 

adipocyte). Notably, approximately half of the genes are expressed higher in iPSC 

colonies and half are expressed higher in differentiated adipocytes, while there are many 

more peaks that are more open in differentiated adipocytes than in iPSC colonies. This 

differentially open between human and chimpanzee adipocytes

GO.ID Term Annotated Regions Expected Significant Enrichment Significant Genes classic

1 GO:0050911 detection of chemical stimulus involved in sensory perception of smell 1719 10.39881 60 5.76989 25 7.694978436E-23

2 GO:0050907 detection of chemical stimulus involved in sensory perception 1992 12.05028 60 4.979137 25 6.52726548E-20

3 GO:0007608 sensory perception of smell 2379 14.39137 62 4.308136 27 1.128432804E-17

4 GO:0007606 sensory perception of chemical stimulus 2906 17.57938 63 3.583745 28 2.666630736E-14

5 GO:0050906 detection of stimulus involved in sensory perception 2910 17.60357 63 3.578819 28 2.666630736E-14

6 GO:0009593 detection of chemical stimulus 3015 18.23875 64 3.509012 28 3.1243527E-14

7 GO:0048937 lateral line nerve glial cell development 455 2.752449 17 6.176318 5 6.101257365E-06

8 GO:0050935 iridophore differentiation 455 2.752449 17 6.176318 5 6.101257365E-06

9 GO:0048892 lateral line nerve development 493 2.982324 17 5.700253 5 1.75480276E-05

10 GO:0021888 hypothalamus gonadotrophin-releasing hormone neuron development 108 0.6533285 9 13.77561 1 2.513013444E-05

11 GO:0007356 thorax and anterior abdomen determination 122 0.7380192 9 12.1948 1 6.05587599E-05

12 GO:2001076 positive regulation of metanephric ureteric bud development 122 0.7380192 9 12.1948 1 6.05587599E-05

13 GO:0010992 ubiquitin homeostasis 125 0.7561672 9 11.90213 1 6.89569067076923e-05

14 GO:0007144 female meiosis I 133 0.8045619 9 11.18621 1 0.000109154823428571

15 GO:0048484 enteric nervous system development 875 5.293171 21 3.967376 9 0.0001110667056

16 GO:0051606 detection of stimulus 6574 39.76835 74 1.860776 36 0.000270180675

17 GO:0048880 sensory system development 636 3.847379 17 4.418593 5 0.000337615413882353

18 GO:0021979 hypothalamus cell differentiation 227 1.3732 10 7.282262 2 0.00091956912

19 GO:0007354 zygotic determination of anterior/posterior axis, embryo 182 1.100979 9 8.174539 1 0.00112184888210526

20 GO:0097009 energy homeostasis 186 1.125177 9 7.998743 1 0.001274148234

21 GO:0048846 axon extension involved in axon guidance 824 4.984654 18 3.611083 6 0.00217741710857143

22 GO:0000413 protein peptidyl-prolyl isomerization 828 5.008852 18 3.593638 5 0.00221964460363636

23 GO:0072520 seminiferous tubule development 204 1.234065 9 7.292971 1 0.00235131949565217

24 GO:0050925 negative regulation of negative chemotaxis 124 0.7501179 7 9.331866 1 0.004971857904

25 GO:0021854 hypothalamus development 640 3.871576 15 3.874391 4 0.004971857904

26 GO:0007141 male meiosis I 233 1.409496 9 6.385262 1 0.00602524121538462

27 GO:0042742 defense response to bacterium 2092 12.65521 30 2.370564 12 0.007386242

28 GO:0048387 negative regulation of retinoic acid receptor signaling pathway 519 3.139606 13 4.140646 9 0.00842289505714286

more open in human adipocytes

GO.ID Term Annotated Regions Expected Regions Enrichment Significant Genes classic

1 GO:0050911 detection of chemical stimulus involved in sensory perception of smell 1719 5.600532 29 5.178079 19 1.459065168E-08

2 GO:0050907 detection of chemical stimulus involved in sensory perception 1992 6.489971 29 4.468433 19 2.381759676E-07

3 GO:0021888 hypothalamus gonadotrophin-releasing hormone neuron development 108 0.3518659 9 25.57793 1 3.98310012E-07

4 GO:0010992 ubiquitin homeostasis 125 0.4072522 9 22.09933 1 1.111902543E-06

5 GO:0007608 sensory perception of smell 2379 7.750824 30 3.870556 20 1.289144946E-06

6 GO:0007144 female meiosis I 133 0.4333163 9 20.77004 1 1.289144946E-06

7 GO:0021979 hypothalamus cell differentiation 227 0.73957 10 13.52137 2 8.11757725714286e-06

8 GO:0009593 detection of chemical stimulus 3015 9.822923 32 3.257686 21 1.3163013E-05

9 GO:0097009 energy homeostasis 186 0.6059913 9 14.8517 1 1.635339E-05

10 GO:0048387 negative regulation of retinoic acid receptor signaling pathway 519 1.690911 13 7.688163 9 2.618210016E-05

11 GO:0048385 regulation of retinoic acid receptor signaling pathway 622 2.026487 14 6.908507 10 2.61828461454545e-05

12 GO:0072520 seminiferous tubule development 204 0.6646356 9 13.54125 1 2.72181849E-05

13 GO:0007606 sensory perception of chemical stimulus 2906 9.467799 30 3.168635 20 4.25987174769231e-05

14 GO:0007141 male meiosis I 233 0.7591181 9 11.85586 1 7.26112962E-05

15 GO:0042742 defense response to bacterium 2092 6.815773 24 3.521244 11 0.00011911518

16 GO:0050906 detection of stimulus involved in sensory perception 2910 9.480831 29 3.058803 19 0.00011911518

17 GO:0060613 fat pad development 269 0.8764067 9 10.2692 1 0.00020067768

18 GO:0007143 female meiosis 336 1.094694 9 8.221476 1 0.00118920184

19 GO:0021854 hypothalamus development 640 2.085131 11 5.275447 3 0.00594515141052632

more open in chimpanzee adipocyte

GO.ID Term Total Regions Expected Significant Enrichment Significant Genes classic

1 GO:0050911 detection of chemical stimulus involved in sensory perception of smell 1719 4.799489 31 6.459021 9 6.813631548E-12

2 GO:0050907 detection of chemical stimulus involved in sensory perception 1992 5.561712 31 5.573823 9 1.697977782E-10

3 GO:0007608 sensory perception of smell 2379 6.642225 32 4.817663 10 2.08327764E-09

4 GO:0050906 detection of stimulus involved in sensory perception 2910 8.12479 34 4.184724 12 1.355075199E-08

5 GO:0007606 sensory perception of chemical stimulus 2906 8.113622 33 4.067234 11 4.685718384E-08

6 GO:0007356 thorax and anterior abdomen determination 122 0.3406269 9 26.42187 1 1.32279512914286e-07

7 GO:2001076 positive regulation of metanephric ureteric bud development 122 0.3406269 9 26.42187 1 1.32279512914286e-07

8 GO:0009593 detection of chemical stimulus 3015 8.417952 32 3.801399 10 3.146773905E-07

9 GO:0007354 zygotic determination of anterior/posterior axis, embryo 182 0.5081484 9 17.71136 1 3.59326588E-06

10 GO:0060421 positive regulation of heart growth 252 0.7035901 9 12.79154 1 5.387576616E-05

11 GO:0006750 glutathione biosynthetic process 260 0.7259262 9 12.39795 3 6.39093901090909e-05

12 GO:0019184 nonribosomal peptide biosynthetic process 263 0.7343023 9 12.25653 3 6.45825795E-05

13 GO:0060539 diaphragm development 280 0.7817667 9 11.51239 1 0.000101323813846154

14 GO:0050925 negative regulation of negative chemotaxis 124 0.346211 6 17.33047 1 0.00115946863714286

15 GO:0061364 apoptotic process involved in luteolysis 199 0.5556128 7 12.5987 2 0.001227402264

16 GO:0001554 luteolysis 206 0.5751569 7 12.17059 2 0.001446651225

17 GO:0006751 glutathione catabolic process 38 0.1060969 4 37.70138 1 0.00252523088470588

18 GO:0071529 cementum mineralization 39 0.1088889 4 36.73468 1 0.00265163298

19 GO:0051606 detection of stimulus 6574 18.35477 40 2.179271 16 0.00273943347157895

20 GO:0016199 axon midline choice point recognition 235 0.6561256 7 10.66869 2 0.002749622472

21 GO:0019344 cysteine biosynthetic process 90 0.2512822 5 19.89795 2 0.00298993098857143

22 GO:0048937 lateral line nerve glial cell development 454 1.267579 9 7.10015 3 0.00304385734956522

23 GO:0050935 iridophore differentiation 454 1.267579 9 7.10015 3 0.00304385734956522

24 GO:0043043 peptide biosynthetic process 465 1.298291 9 6.932189 3 0.00352898013

25 GO:0048484 enteric nervous system development 874 2.440229 12 4.917571 6 0.003646176264

26 GO:0021891 olfactory bulb interneuron development 484 1.35134 9 6.660058 3 0.0043070452

27 GO:0046622 positive regulation of organ growth 484 1.35134 9 6.660058 1 0.0043070452

28 GO:0048892 lateral line nerve development 492 1.373676 9 6.551764 3 0.00472605004285714

29 GO:0072112 glomerular visceral epithelial cell differentiation 500 1.396012 9 6.446936 1 0.00505328016

30 GO:0008652 cellular amino acid biosynthetic process 1958 5.466783 18 3.292613 8 0.00505328016

31 GO:0042398 cellular modified amino acid biosynthetic process 937 2.616127 12 4.586934 5 0.00573773858181818

32 GO:0072215 regulation of metanephros development 646 1.803648 10 5.544321 2 0.00573773858181818

33 GO:0072311 glomerular epithelial cell differentiation 515 1.437892 9 6.259161 1 0.00573773858181818

34 GO:0019370 leukotriene biosynthetic process 527 1.471397 9 6.116637 3 0.00666457051764706

35 GO:0050923 regulation of negative chemotaxis 300 0.8376072 7 8.357139 2 0.00758021256

36 GO:0008595 anterior/posterior axis specification, embryo 540 1.507693 9 5.969385 1 0.0076055226

37 GO:0043604 amide biosynthetic process 826 2.306212 11 4.769727 4 0.00764056761081081

38 GO:0016198 axon choice point recognition 312 0.8711115 7 8.035711 2 0.00895255001052632
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could indicate a broad opening of chromatin during adipocyte differentiation. Another 

cause could be a difficulty in calling open chromatin peaks due to broad and nonspecific 

openness of the undifferentiated iPSC chromatin.  

The next highest category of both genes and peaks were invariant and did not 

significantly change across all factors. These genes/peaks were not significant at an FDR 

of 0.05, but could still be differentially expressed if we had chosen a more relaxed 

threshold.  

In the RNAseq dataset, we find that the next largest category is genes that vary 

just by species, though this group is much smaller in our ATACseq data. Finally, we find 

that genes with a species by cell type interaction or a combination of significant factors 

represent a smaller proportion of the ATAC-seq peaks indicated a potential conservation 

of chromatin state in these cells. 

We next looked to integrate our RNAseq and ATACseq datasets by narrowing 

our genes of interest by examining differential open chromatin. To do so, we used 

GREAT to map differentially open chromatin peaks to genes that they putatively 

regulate. We looked for overlap in this set with differentially expressed adipocyte genes 

(significant interaction and human versus chimpanzee adipocyte). We identified 107 of 

these genes.  
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Figure 15: Differential gene expression and chromatin openness 
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(A) An UpSet plot showing the overlap of factors contributing to sets of 

differentially expressed genes from RNA-seq. The bar chart at the top shows the number 

of differentially expressed genes that are significant by the factors colored in below each 

bar. The number of genes in each set is listed on top of the bar. The chart on the left 

shows the total set size for each factor and the cell type and species factors are split by 

the direction of difference. (B) An UpSet plot showing the overlap of factors contributing 

to sets of differentially open chromatin peaks from ATAC-seq. The bar chart at the top 

shows the number of differentially open peaks that are significant by the factors colored 

in below each bar. The number of peaks in each set is listed on top of the bar. The chart 

on the left shows the total set size for each factor and the cell type and species factors are 

split by the direction of difference.  
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Figure 16: Overlap of differential expressed genes near differential peaks 

(A) Venn diagram showing the overlap between genes differentially open 

chromatin peaks (on the left) and differentially expressed genes on the right. (B) Genome 

browser view of an example of a differentially expressed gene (LDLRAP1) with mapped 

reads from RNA sequencing from 2 lines of human and chimpanzee differentiated 

adipocytes shown on the bottom set of tracks. The ATACseq called peaks are shown in 

the top track with blue and gray bars indicated peaks that are significantly more open in 

human adipocytes or are not significantly different between the species respectively. 

ATACseq pileup tracks are shown for two human adipocyte and two chimpanzee 

adipocyte samples.  
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3.3 Discussion 

In this chapter I have examined genome-wide patterns of gene expression and 

chromatin state in human and chimpanzee undifferentiated iPSCs and adipocytes. By 

taking a global approach, I sought to gain a broad understanding of the gene expression 

and regulation patterns of these cells. Furthermore, gene ontology analysis allows us to 

identify categories of biological processes that are enriched in our set of genes that may 

be of interest in an unbiased way. This gives us a broad understanding for the gene 

regulatory status of these cells as well as identifies interesting candidates for further 

follow-up.  

3.3.1 Differential gene expression 

Here we show that cell type is a larger driver of gene expression patterns than 

species differences. For example, our human iPSCs are more similar to chimpanzee 

iPSCs than they are to human adipocytes. This is the expected pattern, and indeed forms 

the basis for much biomedical research done on model systems.  

By looking for adipocyte-specific species differences, we identified several 

interesting candidate processes to explore further. In particular, we were interested to 

see that several categories relating to metabolism appeared as they could lead to 

differences in metabolic flux. For example, diacylglycerol metabolism and carnitine 

biosynthetic process are both enriched terms among genes that are more highly 
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expressed in human adipocytes. As humans have more body fat as well as a higher basal 

metabolic rate, we expected to see differences in metabolic categories between human 

and chimpanzee adipocytes. Previous studies have also found gene expression changes 

in humans compared with non-human primates in metabolic pathways in a number of 

tissues (Khaitovich et al., 2006; Blekhman, Oshlack, Chabot, Smyth, & Gilad, 2008b; 

Uddin et al., 2008; Babbitt et al., 2010; Blekhman, Marioni, Zumbo, Stephens, & Gilad, 

2010a; Babbitt, Haygood, Nielsen, & Wray, 2017b). Additional studies have shown 

differences between humans and non-human primates in the concentration of 

downstream metabolites in various tissues (Fu et al., 2011; Blekhman et al., 2014; Bozek 

et al., 2014). 

Transport of long-chain fatty acids from the cytosol across the inner 

mitochondria membrane is catalyzed by a ‘carnitine’ cycle. Fatty acyl-carnitines 

transports long-chain fatty acids to the mitochondria for beta-oxidation and is essential 

for energy metabolism. Differences in carnitine biosynthesis may therefore result in 

differences in the level of beta-oxidation or changes in the ratios of free CoA to acyl-coA 

which would have implications for other metabolic processes.   

Diacylglycerols occur in relatively low proportion in lipid droplets but are 

important intermediates in many lipolytic reactions and serve as building blocks in the 

synthesis of triacylglycerols and phospholipids, and act as second messengers (Thiam, 
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Farese, & Walther, 2013). Enrichment of this pathway could indicate that there are 

important differences in fatty acid metabolism or storage between human and 

chimpanzee adipocytes.  

We also see an enrichment of genes related to cell adhesion. A recent study has 

shown that  there are differences  in the number of focal adhesions in primary human 

and chimpanzee fibroblasts and adhesion related gene ontology categories are 

differentially expressed (Advani, Chen, & Babbitt, 2016). Together, this suggests that 

there may be broad differences in mesenchymal cell adhesion between humans and 

chimpanzees. Though it is difficult to rule out that these adhesion differences may be in 

part driven by in vitro culture, we note that here, the enrichment is specific to differences 

we see in the adipocytes and is not in the undifferentiated iPSCs.  

Another set of categories of interest revolve around cell division and 

proliferation. Adipose tissue expansion can occur either through hypertrophy (the 

increase in size of cells) or hyperplasia (the increase in number of cells), therefore it may 

be interesting to see if there are differences in cell division rates between these 

adipocytes.  

Finally, we see an enrichment of several pathways related to neural development 

and function. One possibility is that genes in these categories have overlapping 

functions and neural pathways are enriched as a by-product of being related to other 
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processes. This could be addressed by examining the particular genes that are 

differentially expressed in these categories. A second possibility is that these are in fact 

‘neural’ genes functioning in our adipocytes. Adipogenesis is tightly linked to both 

blood vessel and neural development (Ambele, Dessels, Durandt, & Pepper, 2016) and 

there is signaling between adipose tissue and the nervous system to regulate metabolism 

and whole body homeostasis (Rayner, 2001). Neural categories have previously been 

shown to be enriched in the differentiation of adipose-derived stromal cell in vitro into 

adipocytes (Ambele et al., 2016) as well as in genes that decrease in expression in 

adipose tissue during weight loss (Vink et al., 2017).   Alternatively, this enrichment 

could be caused by contamination of differentiated neural cells in our cultures. While, 

we have no reason to expect that this spurious differentiation would be species biased, 

we remain cautious in our interpretation of these particular results.   

3.3.2 Differential open chromatin 

We find that cell type the primary driver of open chromatin patterns with the 

effect due to species playing a smaller role. Additionally, we see that the ‘size factor’ (the 

total number of reads which is used to normalize the data) also correlates with the cell 

type. Determining what caused this pattern will require further analysis but one  

possibility includes experimental artifacts as the adipocytes are notable more difficult to 

get into a single cell suspension than the undifferentiated iPSC colonies for example. 
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In order to avoid this potential confound, we focused on the chromatin regions 

that are differentially open between human and adipocytes. We find that the 

chimpanzee OCRs are enriched for the negative regulation of several processes 

including the regulation of retinoic acid receptor signaling and fat pad development.  

We next looked at several categories of peak sets. We identified ‘species’ peaks 

which differ between humans and chimpanzees in both cell types, ‘type’ peaks which 

differ between iPSC colonies and adipocytes in both species, ‘adipocyte interaction’ 

peaks which differ between human and chimpanzee adipocytes but not between human 

and chimpanzee iPSC colonies. Finally, ‘invariant’ peaks were not significantly 

differential in any condition. When we examine the relative location of these peaks, we 

find that both the ‘invariant’ peaks and the ‘type’ peaks seem to be enriched in promoter 

regions suggesting both cell type specific and conserved chromatin states are often 

nearby TSSs. The ‘species’ peaks have a higher representation of peaks in distal 

promoter and intronic regions. Finally, ‘adipocyte interaction’ peaks have a larger 

proportion of peaks that are in distal intergenic regions suggesting that they potentially 

lie in enhancer regions. These open chromatin regions are of interest as most 

evolutionary phenotypic differences are hypothesized to be a result of regulatory 

differences (Wray, 2007; Villar, Flicek, & Odom, 2014). Furthermore there is widespread 

evolution of enhancer regions compared with a relative conservation of promoter 
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regions (Villar et al., 2015). Together, this leads us to expect that many interesting 

adipocyte-specific gene regulatory changes to have evolved through changes in 

enhancers.  

3.3.3 Differential gene expression and chromatin 

We next wanted to look broadly at how gene expression and chromatin were 

affected by the factors in our experiment. Interestingly, we see more chromatin peaks 

specifically open in adipocytes compared to iPSC colonies potentially suggesting a large 

scale opening of iPSC chromatin through differentiation though we do not see 

concordant changes in gene expression.   We see a higher proportion of genes showing 

species specific and interaction patterns than we do in open chromatin peaks. This 

suggests that differences in gene expression in these categories are not driven by 

differences in open chromatin regions.  

We next wanted to leverage both our ATAC-seq and RNA-seq datasets to 

narrow our target list of genes and putative regulatory regions. To do so we looked for 

overlap between differentially expressed genes and nearby differentially open 

chromatin peaks. We identified a relatively small number of such gene/peak 

combinations, (107 genes with 209 peaks). Among these genes, we find many that may 

are four genes that have metalloendopeptidase activity. 
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The adipocyte extracellular matrix functions in providing mechanical support as 

well as participating in signaling. The ECM is also remodeled during adipose tissue 

expansion (Lin, Chun, & Kang, 2016). Collagen VI in particular, is enriched in adipose 

tissue (Pasarica et al., 2009). Furthermore, in the absence of collagen VI, adipocytes 

experience uninhibited expansion which paradoxically is associated with improvements 

in whole-body energy homeostasis (Khan et al., 2009). This suggests that the 

extracellular matrix scaffold may hinder expansion during time of positive energy 

balance and lead to a poorer inflammatory profile (Khan et al., 2009).  

Metalloendopeptidases are molecules involved in the processes of the ECM and 

are linked to degradation of the ECM and cellular differentiation (Tang, 2001).  The 

ADAMTS is a family of proteins that are related to but distinct from the ADAM family. 

They are believed to be anchored to the ECM by one or more thromsopondin type 1 

motifs (Tang, 2001). They lack transmembrane domains and are believed to be secreted 

from the cell and associated with the ECM (Kelwick, Desanlis, Wheeler, & Edwards, 

2015). Here we find two ADAMTS genes, ADAMTS2 and ADAMTS16 that are 

differential expressed and associated with nearby differentially open chromatin peaks.   

ADAMTS2 is a procollagen N-proteinase which may indicate important functions in the 

adipocyte ECM(Tang, 2001). The function of ADAMTS16 and a related gene, THSD4, are 

not well characterized, but may be involved in potential differences in human adipocyte 
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ECM. We also find differences in gene expression and open chromatin near TLL1 which 

is a member of another group of proteases, the bone morphogenetic protein 1/tolloid 

family of metalloproteinases that have been linked differentiation. Expression of Tl1 in 

preadipocytes inhibits adipocyte differentiation (Chao, Bensinger, Villanueva, 

Wroblewski, & Tontonoz, 2008). Taken together, this could indicate that there are 

differences in the human adipose tissue ECM relative to chimpanzees. Though there 

have been no published histological descriptions of chimpanzee adipose tissue, the fact 

that the ECM of adipose tissue is important for differentiation and energy homeostasis 

makes this an interesting finding worth pursuing further. 

While we see relatively little overlap between our RNA-sequencing and ATAC-

sequencing data in the identification of specific genes and enriched pathways, this may 

be due to a true lack of coordination of the two, or may be caused by our analytical 

techniques. One major issue is the determining which gene or genes an ATACseq peak 

may be regulating. Here we use relatively simplistic proximity methods. Other 

computational or experimental methods including chromatin conformation capture 

could improve this assignment, though may be challenging to do between two species. 

Finally, here, in following with current conventions, we have applied different filtering 

techniques to identify genomic regions between the two species. In examining our gene 

expression data, we use orthologous exons, while in our open chromatin analysis, we 
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use any region that can be mapped between humans and chimpanzees. This may result 

in a more stringent filter of our gene expression data. This is something we’d like to 

examine more in the future. 

3.3.4 Summary 

Overall, we feel that our genome-wide analysis lead to several interesting 

hypotheses to follow up on. Differences in metabolism, developmental pathways, cell 

adhesion, and extracellular matrix composition are of particular interest for the potential 

roles in human adipocyte evolution. While these analyses are good at generating new 

hypotheses, we find it difficult to make suppositions about the functional differences 

they may result in at a cellular level based on gene expression and open chromatin 

alone. Metabolic differences are particularly problematic given that many pathways are 

bi-directional making it difficult (except in a few cases) to decipher the impact of 

particular changes. Here, we see an opportunity to utilize the advantages of our 

adipocyte culture system to try to unpack the cell biological function of these gene 

regulatory changes. For example, by using metabolomics to quantify the downstream 

metabolite levels, we could correlate open chromatin differences, to gene expression 

differences, to metabolite differences in an attempt to link gene regulation to a more 

interpretable and relevant endophenotype. 
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3.4 Methods 

3.4.1 Differential gene expression 

Gene ontology enrichment was assessed for the genes that were differentially 

expressed between the undifferentiated iPSCs and the adipocytes using annotations 

from biomaRt (Durinck et al., 2005; Durinck, Spellman, Birney, & Huber, 2009) and 

enrichment was assessed using topGO (Alexa & Rahnenfuhrer, 2010).  

3.4.2 ATAC-sequencing sample preparation 

Samples were prepared for ATAC-sequencing as follows. Cells from one well of 

a 6-well plate were scrapped into 1mL of cold nuclei isolation buffer, transferred to a 

Dounce homogenizer, and given 10 strokes. The suspension was transferred to a chilled 

microfuge tube and centrifuged at 1,100g for 10 minutes at 4˚C. Supernatant was 

removed and any excess fat was wiped with a Kimwipe and pipette tip. 500 µL RSB (10 

mM Tris-HCl, 10 mM NaCl, 3mM MgCl2) was added to wash and then centrifuged at 

500g for 5 minutes at 4˚C. Supernatant was removed, and pellet was resuspended in 

transposase reaction mix (25 µL 2x TD buffer, 2.5 µL transposase, 22.5 µL nuclease-free 

water) and incubated for 30 minutes at 37˚C. Samples were then purified using a Qiagen 

MinElute kit (Qiagen, #28004). A PCR was run as follows: 1.25 µL primer 1 (50 µM), 1.25 

µL primer 2 (50 µM), 10 µL DNA, 25 µL NEB Next PCR mix, 12.5 µL H2O. Ran 5 cycles, 

and took a 5 µL aliquot of the PCR reaction and added 15 µL of the PCR cocktail plus 
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SYBR green. Ran this reaction for 20 cycles to determine the additional number of cycles 

needed for the remaining reaction. PCR conditions: 72° C for 5 min, 98° C for 30 sec, 

cycle: 98° C for 10 sec, 63° C for 30 sec, 72° C for 1 min. Purified the libraries using 1x 

AMPure beads by adding an equal volume of beads to the PCR product and pipetting 10 

times. Incubated for 10 min at room temperature. Separated on magnet for 2 minutes 

and discarded supernatant. Washed with 200 µL 70% EtOH, twice and eluted in 20 µL 

H2O. 

3.4.3 ATAC-sequencing analysis 

Sequencing reads were mapped to their respective genomes (hg19 or panTro4). 

Peaks were called on the concatenated reads of each sample type (e.g. human iPSC 

colonies) using MACS2 (Zhang et al., 2008).  Overlapping peaks were merged and the 

number of reads mapping to the union set of peaks was calculated for each sample using 

FeatureCounts (Liao et al., 2013). Differential openness of peaks was called using 

DEseq2 (Love et al., 2014). Peak annotation was done using rGREAT (McLean et al., 

2010) and ChIPseeker (Yu et al., 2015).  
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4. Lipid Metabolism  

Makohon-Moore SC, Pfefferle LW, Babbitt CC, and GA Wray  

“Only within the moment of time represented by the present century has one 

species -- man -- acquired significant power to alter the nature of the world.” – Rachel 

Carson 

My contribution to this work: 

1. Contributed to the conception and design of experiments 

2. Performed all iPSC cell culture and sample preparation 

3. Performed all downstream computational analyses 

4.1 Introduction 

While whole-genome approaches give us a good insight into general gene-

regulatory patterns, they are an imprecise assay of the cellular and molecular biology of 

a cell. Here we are able to take advantage of our cell culture system to begin to look at 

endophenotypes beyond chromatin state and gene expression level. By combining these 

techniques, we hope to be able to tie a cell biological level phenotype to gene expression 

and chromatin state to identify how gene regulatory changes can evolve and result in 

organismal level phenotypes.  

Adipocytes are the primary lipid storage cell in mammals, and allow for long 

term energy storage and whole-body homeostasis whether an organism is currently 
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eating or not. Adipocytes are important sites of lipid metabolism and storage and 

organisms can use fats for energy either from consumed dietary fats or from stored fat. 

Briefly, dietary fat is digested in the small intestine and absorbed in the small intestinal 

absorptive cells where they are converted back into triacylglycerols and incorporated 

into chylomicrons. These are eventually released into the lymphatic system and 

eventually the blood. When levels of dietary carbohydrates are high, fatty acids are 

synthesized de novo in the liver and eventually incorporated in the very-low-density 

lipoproteins (VLDLs) and released into the blood. Chylomicrons and VLDLs are acted 

upon by extracellular lipoprotein lipases and the fatty acids released form the 

triacyclglycerol are taken up by adipose tissue. There they are reesterified and stored as 

triacylglycerol. Glycerol and the lipoprotein remnants remain in circulation and are 

taken up by the liver. During fasting or exercise, triacylglycerol stores in lipid droplets 

are hydrolyzed into fatty acids and glycerol which are both released into the 

bloodstream. Free fatty acids are taken up and oxidized by other tissue including 

muscle, and the glycerol is taken up by the liver.  

Here we explore interesting cellular-level phenotypes in adipocytes, examine 

gene expression differences that may have consequences on lipid metabolism, and begin 

to think about how to explore the role of diet in adipocyte metabolism. In particular we 

focus on the ASCL family of genes which catalyze the first major step of dietary fatty 
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acid metabolism and FADS1/FADS2 which are the rate limiting enzymes in the 

processing of essential fatty acids.  

4.2 Results 

4.2.1 FADS1 and FADS2 

4.2.1.1 Introduction 

Polyunsaturated fatty acids (PUFA), specifically the essential n-3 (omega-3) and 

n-6 (omega-6) PUFAs are required for the synthesis of lipid biomediators and the 

production of membrane phospholipids.  Both classes of fatty acids are essential and 

cannot be interconverted, therefore dietary intake must include both. Fatty acids contain 

a carboxyl group and a hydrocarbon chain. PUFAs have at least two double bonds in the 

hydrocarbon chain, and almost all PUFAs in the blood and tissue of humans and other 

mammals are between 18 and 22 carbons. The synthesis of longer, derivatives from the 

18-carbon members of the n-3 and n-6 classes occurs through the polyunsaturated fatty 

acid synthesis pathway (Figure 17A). These longer 20 and 22 carbon fatty acids are 

abundant in the neural and visual systems and are necessary for normal development. 

Notably the D5 desaturase, FADS1, and the D6 desaturase, FADS2, are the rate limiting 

steps of this reaction. 
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4.2.1.2 FADS1 and FADS2 are expressed higher in human adipocytes than chimpanzee 

The polyunsaturated fatty acid synthesis pathway converts 18 carbon n-3 and n-6 

fatty acids into longer chain fatty acids (Figure 17A). The rate limiting enzymes of this 

reaction are encoded by the FADS1 and FADS2 genes. Here we looked at the gene 

expression patterns in our undifferentiated iPSCs and iPSC adipocytes. We find that 

both FADS1 and FADS2 are expressed at a significantly higher level in human adipocyte 

than in chimpanzee adipocytes. We also show the expression in human and chimpanzee 

white adipose tissue, though since these values were obtained in separate experiments, 

we are cautious about limiting comparisons between the two groups of sample types.  
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Figure 17: FADS1 and FADS2 gene expression 

(A) Gene expression of FADS1 and FADS2 in iPSC colonies and adipocytes. Also 

plotted is the expression level in white adipose tissue. (B) A schematic of the 

polyunsaturated fatty acid synthesis pathway. 

4.2.2 ACSLs 

4.2.2.1 Introduction 

Fatty acids are an important category of lipid molecules, and are a significant 

source of energy and component of membranes. Acyl-CoA synthetases (ACSs) are key 
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enzymes that act on non-polar hydrophobic fatty acids and convert them into water-

soluble acyl-CoAs (FA + CoA + ATP à acyl-CoA +AMP + PPi). These acyl-CoAs can 

then be oxidized to obtain ATP, stored in the form of triglycerides or used as building 

blocks for other lipid molecules (Figure 18 A) (Lopes-Marques, Cunha, Reis-Henriques, 

Santos, & Castro, 2013).  

Humans have six families of ACS genes (26 genes in total): Short-chain (ACSS), 

Medium-chain (ACSM), Long-chain (ACSL), Very long-chain (ACSVL), Bubblegum 

(ACSBG), and ACS-Family (ACSF). These families differ in the chain length of their 

preferred substrate. In the human diet 12-20 carbon (C12-C20) fatty acids are the most 

abundant and preferentially converted by the ACSL family of enzymes (Li, Klett, & 

Coleman, 2010). 

4.2.2.2 ACSL5 and ACSL6 are higher in human adipocytes 

Here we looked at the gene expression patterns of ACSL genes in our 

undifferentiated iPSCs and iPSC adipocytes. We find that both ACSL5 and ACSL6 are 

expressed at a significantly higher level in human adipocyte than in chimpanzee 

adipocytes.  There is not significant difference in expression of ACSL1, ACSL4, or ACSL3 

between human and chimpanzee adipocytes. We also show the expression in human 

and chimpanzee white adipose tissue, though since these values were obtained in 

separate experiments, we are cautious about limiting comparisons between the two 
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groups of sample types (Figure 18 B & C). This suggests that differences in expression of 

ACSL5 and ACSL6 between human and chimpanzee adipocytes could lead to differences 

in the way fatty acids are trafficked in those cells. 

 

Figure 18: ACSLs 

(A) A schematic of the role of the ACSL genes in fatty acid metabolism. (B) The gene 

expression levels of ACSL5 and ACSL6 in iPSC colonies and adipocytes as well as in 

white adipose tissue. Both genes are significantly higher in human white adipocytes 

than chimpanzee white adipocytes. (C) The gene expression patterns of ACSL1, ACSL4, 

and ACSL3, all of which are not significantly different between human and chimpanzee 

white adipocytes. 
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4.2.3 Quantification of white adipocytes lipid droplets 

The hallmark phenotype of white adipocytes is their large, usually unilocular 

lipid droplets. Though in vitro they rarely have single large droplets, adipocytes are still 

characterized by their prominent lipid droplets that are often visible through brightfield 

microscopy even at low magnification. Here we quantified the size of white adipocyte 

lipid droplets using BODIPY 558/568 C12 (magenta) and BODIPY 593/503. We find that 

human white adipocyte lipid droplets are significantly larger than chimpanzee white 

adipocyte lipid droplets indicating that human adipocytes are either targeting more 

lipids for storage or are storing the same total amount of lipids in larger droplets 

(Wilcoxon rank sum test, p < 0.05) (Figure 29). As differences in the size of lipid droplets 

may lead to differences in adipocyte function, an increase in the size of human lipid 

droplets could be functionally important (Thiam & Beller, 2017). 
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Figure 19 White adipocyte lipid droplet quantification 

(A) Representative images of lipid droplet staining with BODIPY 558/568 C12 

(magenta) and BODIPY 593/503. (cyan) (B) Quantification of lipid droplet size. 

(C) Quantification of lipid droplet size by individual cell line. Chimpanzee lines 

are shown on the left in red color range and human lines on the right in blue 

color range. 
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4.2.4 Brown adipocyte lipid droplet quantification 

We next wanted to test if the differences in white adipocyte lipid droplet size 

were cell type specific. We differentiated human and chimpanzee iPSCs into brown 

adipocytes using a nearly identical differentiation to white adipocytes, with the one 

difference being the addition of inducing the expression of PRDM16 and CEBPB in 

addition to PPARG (Ahfeldt et al., 2012). We find, as expected, that the lipid droplets 

appear to be much smaller in brown adipocytes than in white. We also see no difference 

in size of droplets between human and chimpanzee brown adipocytes (Wilcoxon rank 

sum test, p > 0.05) (Figure 20). 
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Figure 20: Brown adipocyte lipid droplet quantification 

(A) Representative images of lipid droplet staining with BODIPY 593/503. (B) 

Quantification of lipid droplet size. (C) Quantification of lipid droplet size by individual 

cell line. Chimpanzee lines are shown on the left in red color range and human lines on 

the right in blue color range. 
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4.2.5 White, brown, and beige marker gene expression 

As white adipocytes are characterized by large, often unilocular lipid droplets, 

and beige and brown adipocytes have many smaller droplets, we wanted to see if the 

differences in human and chimpanzee white adipocytes could be explained by a 

‘beigeing’ or ‘browning’ of chimpanzee white adipocytes.  

We looked at the gene expression patterns of several white, beige, and brown 

adipocyte markers. If the chimpanzee white adipocytes were activating ‘browning’ or 

‘beigeing’ pathways, we would expect to see an increase in expression of beige and/or 

brown specific markers in those cells. While several of the genes are differentially 

expressed, we do not see a consistent pattern or concerted difference, one white 

adipocyte marker is expressed higher in human adipocytes, two beige markers are 

higher in chimpanzee, and two brown makers are higher in human indicating no 

coherent trend towards ‘browning’ or ‘beigeing’ of chimpanzee adipocytes (Figure 21).  
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Figure 21: Gene expression patterns of white, beige, and brown markers in 
white adipocytes 

Regularized log transformed values of the gene expression of markers of white, 

beige, and brown adipocytes in human and chimpanzee white adipocytes. Genes that 

are significantly different (adj. p-value < 0.05) between humans and chimpanzees are 

marked with an asterisk. 
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linoleic or oleic acid and either high or low glucose. Oleic acid is an omega-9 fatty acid 

and is abundant in bone marrow, muscle, and adipose tissue (Cordain et al., 2002). 

Human consumption of oleic acid would have increased with increases in meat eating. 

Linoleic acid is an omega-6 essential fatty acid that is at high levels in seeds and their 

derived vegetable oils (Meyer et al., 2003).  

Because of the large number of samples, we decided to pool RNA in equimolar 

ratio from each group of samples (e.g. we pooled all of the chimpanzee treated with high 

glucose +LA). We find no significant gene expression differences between any treatment 

group and a principal components analysis shows that the treatment groups cluster 

within the untreated samples of each species (Figure 22). 

 

 

Figure 22: Diet treatments of adipocytes 
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Principal component analysis of openness of different diet treatments. Principal 

components 1 and 2 shown. The standard treatment adipocytes are shown as red 

triangles (chimpanzee) and blue circles (human). The pooled samples of different diet 

treatments are represented as red diamonds (chimpanzee) and blue square (human) 

with their colors corresponding to each diet treatment.   

4.3 Discussion 

4.3.1 Human white adipocytes have larger lipid droplets 

Lipid droplets are dynamic and are involved in lipid storage, accumulation and 

metabolism. They also are involved in cellular physiology and are particularly 

important for adipocytes. Lipid droplets are composed of a hydrophobic core of mostly 

triacylglycerols and sterol esters, and a phospholipid monolayer. Lipid droplets are 

formed through nucleation at the endoplasmic reticulum membrane. That may be 

followed growth and detachment of the nascent droplet. Droplets may persist or 

degenerate through remobilization of the stored lipids.  

We find that human white adipocytes have larger lipid droplets than 

chimpanzee white adipocytes. This is not true of brown adipocyte lipid droplets 

suggesting a white adipocyte specific phenotypic difference. We have not yet been able 

to quantify a total area measurement of lipid droplets per cell, which will be important 

to determine if the effect is due to a small number of cells or many cells. Differences in 
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the average size of lipid droplets may be caused by several different things and could 

have many downstream consequences on cellular phenotype.  

4.3.2 FADS1 and FADS2 are expressed higher in human adipocytes 

FADS1 and FADS2 have undergone several rounds of positive selection 

throughout human history. For example, there’s a marked differences in the allele 

frequency of FADS1 and FAD2 alleles between European Americans and African 

Americans (Mathias et al., 2012). An study of the Greenland Inuit population that have 

an ocean-based lifestyle high in n-3 rich fish found signatures of adaptation near the 

FADS cluster of genes which modulates fatty acid composition (Fumagalli et al., 2015).  

Additionally, a 22 base pair insertion in FADS2 was identified in a vegetarian 

community in India and has been selected in other parts of Asia and east Africa 

(Kothapalli et al., 2016). Analysis of Bronze Age human genomes identified several SNPs 

associated with fatty acid metabolic adaptation to the prevailing diet and indicated that 

the FADS region has a complex regulatory and has several loci that may vary across 

human populations (Buckley et al., 2017). 

Here we find that FADS1 and FADS2 are expressed at a higher level in human 

adipocytes than in chimpanzee adipocytes. This supports the idea of an early divergence 

of this locus. Furthermore, it demonstrates that there are functional differences in this 

locus between human and chimpanzees and that we see differences in the expression of 
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these genes in adipocytes. Further study will examine the ancestry of our human iPSC 

lines and determine possible variants that fall in this locus. 

4.3.3 ACSL5 and ACSL6 are expressed higher in human adipocytes 

Acyl-CoA synthetases are the first enzymes in triglyceride synthesis and they 

play a critical role in targeting fatty acids to either synthetic or oxidative pathways. The 

ACSLs have specificity for long chain fatty acids which are the most abundant in the 

human diet.   

Although all acyl-CoAs should be metabolically equivalent regardless of which 

ACSL isoenzyme catalyzed their formation, studies suggest that different ACSL 

isoenzymes can direct acyl-CoAs to one or more specific pathways (Li et al., 2006; 

Mashek, McKenzie, Van Horn, & Coleman, 2006). In white adipose tissue, ACSL1 

mRNA is the most highly expressed with ACSL3, ACSL4, and ACSL5 being expressed at 

a relatively lower level (Mashek & Coleman, 2006). In Acsl1 A-/- mice, fat storage was 

not impaired, but adipose FA oxidation was severely impaired, suggesting that ACSL1 

functions in adipocytes to direct FAs towards b-oxidation (Ellis et al., 2010).  

ACSL5, is the only isoform that can be found in part on the mitochondria. In 

ACSL5 -/- mice, adipose fat pad weights and fat mass was significantly reduced 

compared to control mice. In rat hepatoma cells, with ACSL5 overexpression, Ad-Acsl5 

colocalized to both the mitochondria and the endoplasmic reticulum (Mashek, 
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McKenzie, et al., 2006). ACSL5 has also been shown to be under positive selection in 

cetaceans (Wang et al., 2015).  

ACSL6 is primarily expressed in the brain and central nervous system (Mashek, 

Li, & Coleman, 2006) though it has been shown to promote lipid synthesis in muscle 

(Teodoro et al., 2017). Its role in adipose tissue is less clear, and we note that it is 

relatively lowly expressed in our adipocytes.  

We find that both ACSL5 and ACSL6 have higher expression in human 

adipocytes than in chimpanzee adipocytes. Together, this could indicate an increased 

targeting of dietary fatty acids towards triglyceride synthesis and storage in human 

adipocytes.   

4.3.4 Glucose level and supplementation with linoleic or oleic acid 
seems to have little effect on global patterns of gene 
expression 

Here we find no measurable gene expression differences due to dietary 

treatment of either glucose level or supplementation with linoleic or oleic acid. This 

could be caused by a number of factors. By pooling RNA from multiple cell lines 

together, we lose statistical power to detect differences between groups, though we 

might expect to see some differences between the treatments types. Here we see no 

measurable differences across any treatment group comparisons. If our diet treatments 

were having an impact on the expression of only a handful of genes, we might not see 
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major differences at the level of a principal component analysis and would in fact expect 

to see genetic variation having a strong impact on global gene expression levels. Finally, 

our diet treatments may simply not be strong enough to have an impact on gene 

expression. Here we altered the medium after full differentiation of adipocytes for 1 

week. By treating the cells throughout the differentiation protocol, we might more 

closely mimic the in vivo impact of diet. Furthermore, we have supplemented the 

already rich medium with additional fatty acids, or have slightly lowered the 

concentration of glucose. By altering the medium components more drastically we may 

see a strong response in gene expression. As unpublished work from our own laboratory 

has shown fairly extensive differences in gene expression in response to 

supplementation of linoleic and oleic acid, we believe our results are most likely due to 

the pooling of multiple samples. 

4.4 Summary 

In this chapter I have begun to explore several interesting avenues related to 

lipid metabolism in human and chimpanzee adipocytes. I have found that the lipid 

droplets of human white adipocytes are larger than chimpanzee white adipocytes. We 

see higher expression of FADS1, FADS2, ACSL5, and ACSL6 in human adipocytes 

indicated there may be interesting differences in how dietary fatty acids are 

metabolized. Though most of these remain nascent projects, I believe they provide our 
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best bet to gain insight into the evolution of human adipocytes. I am particularly excited 

to expanded on the microscopy that I have started here to look at lipid droplet volume 

and trafficking of labelled fatty acids. I also think that the dietary treatments, while 

shown to be challenging here, may provide unique insights.  

4.5 Methods 

4.5.1 White adipocyte lipid droplet quantification 

White adipocytes were stained with 1 µM BODIPY 493/503 (Thermo Fisher, 

#D3922) and BODIPY 558/568 C12 for 16 hours. Z-stacks were taken on a Zeiss Axio 

Imager. Images were analyzed in FIJI using a rolling-ball background subtraction and 

maximum projection of z-stacks (Schindelin et al., 2012). Next, for four images each of 5 

human and 5 chimpanzee cell lines, a grid was overlaid and droplets that both contacted 

the grid and were contained within the frame of the image were outline and measured 

using the ‘analyze particles’ function. The area of each droplet was measured. Human 

lipid droplets were on average, larger than chimpanzee droplets. 

4.5.2 Brown adipocyte differentiation  

Brown adipocytes were differentiated as white adipocytes were (see 2.4.2) except 

that cells were transduced with a 3:1:1:1 ratio of rtTA:PPARG2:CEBPB:PRDM16 (Ahfeldt 

et al., 2012). 
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4.5.3 Brown adipocyte lipid droplet quantification 

Brown adipocytes were stained with 1 µM BODIPY 493/503 (Thermo Fisher, 

#D3922) for 1 hour. Images were acquired using a Zeiss 880 Airyscan Inverted Confocal 

all settings were kept consistent across all images. Using FIJI, the green channel was 

converted into a binary imaging using a threshold of either (20,255) or (8,255) 

(Schindelin et al., 2012). These binary images were then analyzed using the function 

‘analyze particles’ to measure the area and circularity (4p x area/perimeter2) of the 

droplets with an minimum area of 0.388 µm2 (9 pixels) (Appendix D). Particles with a 

circularity of less than 0.4 were excluded from analysis.  

4.5.4 Glucose, linoleic, and oleic acid treatments 

Adipocytes were cultured with either the standard adipogenic differentiation 

DMEM (high glucose, 4.5 g/L, Gibco #11995), or a low glucose formulation (low glucose, 

1 g/L, Gibco #11885) for 7 days following adipogenic differentiation. Linoleic acid-

albumin (Sigma #L9530) or oleic acid-albumin (Sigma #O3008) were supplemented to 

the medium at a ratio of 2:25. 
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5. Conclusions 

Makohon-Moore SC and GA Wray  

“Each day we wake in the darkness of our own ignorance, and so this means 

don’t settle for boring science, don’t settle for what seems “next,” stumble toward what 

seems fascinating, and with that stumbling the possibility of discoveries we cannot yet 

contemplate” – Rob Dunn 

My contribution to this work: 

1. Wrote all text 

5.1 Overview 

Throughout my dissertation I have worked to combine techniques, data types, 

and theoretical frameworks from multiple fields of study in to order to examine 

questions of human metabolic evolution. Through the use of cell culture, functional 

genomics, and advanced microscopy, I have sought to further our understanding of a 

small piece of the story of human origins.  

5.1.1 iPSCs provide a valuable model to study human evolution 

Others have demonstrated the value of using iPSCs to study human and non-

human primate evolution (Gallego Romero et al., 2015; Prescott et al., 2015; Blake et al., 

2017; Banovich et al., 2018; Pavlovic, Blake, Roux, Chavarria, & Gilad, 2018; Ward et al., 

2018). Our work here adds support to this and demonstrates the specific value of 
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studying iPSC derived adipocytes to understand the evolution of human adipose tissue. 

I believe that primate iPSC cell culture will continue to become a valuable tool to 

understand the function of human adaptations.  

5.1.2 RNAseq and ATACseq give hints of important metabolic 
differences between human and chimpanzee white adipocytes 

We utilized genomic technologies to examine patterns in genome-wide gene 

expression and chromatin state. We found several interesting categories that were 

enriched including ‘energy homeostasis, ‘diacylglycerol metabolism’ and ‘carnitine 

biosynthetic process’. When we combined these datasets, we found a set of genes that 

are differentially expressed between human and chimpanzee adipocytes and have at 

least one nearby open chromatin region that is differentially open between the two 

species. These results give us a broad overview of differences between human and 

chimpanzee adipocytes and provide interesting hypotheses to follow up on including 

potential differences in adipose ECM. 

5.1.3 Human white adipocytes lipid droplets are larger 

We have found that human white adipocytes have on average, large lipid 

droplets than chimpanzee white adipocytes. This may reflect interesting differences in 

underlying lipid metabolic function. 
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5.1.4 Interesting differences in lipid metabolism 

Finally, we wanted to examine differences in the gene expression of several 

interesting genes. We first looked at the polyunsaturated fatty acid synthesis pathway 

and found that the rate limiting enzymes, FADS1 and FADS2, were expressed at a 

higher level in human adipocytes than in chimpanzee adipocytes. This could indicate an 

increased flux through this pathway, resulting in more or faster conversion of essential 

omega-3 and omega-6 C18 fatty acids into longer C20 or C22 fatty acids. 

We also looked at the ACSL family of genes and found that ACSL5 and ACSL6 

were expressed at a higher level in human adipocytes. Although all ACSLs activate fatty 

acids, they have been shown to have substrate and locational specificity. ACSL5 

specifically, has been shown to activate and target fatty acids to anabolic pathways. This 

raises the possibility that increased expression of ACSL5 in human adipocytes leads to 

fatty acid targeting to triacylglycerol synthesis and storage.   

5.2 Summary 

In Chapter 2 I compared iPSC derived adipocytes to stromal cell derived adipocytes 

and white adipose tissue. I have found that we can differentiate both mature and 

immature adipocytes from iPSCs, though they still lack some of the canonical white 

adipocyte markers. This is crucial to demonstrate that our adipocyte models are relevant 

for understanding the evolution of white adipose tissue. 
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Chapter 3 focused on genome-wide patterns in gene expression and open 

chromatin using our RNAseq and ATACseq. We found interesting categories enriched 

in each of these datasets with a handful of genes appearing in both. 

 Finally, in Chapter 4, I began to explore more functional cell biological analysis. 

We looked at gene expression of two categories of genes relevant for adipocyte lipid 

metabolism (FADS1/2 and ACSLs). I measured lipid droplet size in both white and 

brown adipocytes, and found that human white adipocyte lipid droplets were larger 

than chimpanzee.  

5.3 Follow up  

We have several exciting avenues in which to directly follow up on my thesis 

work, including data that has already been collected but not yet analyzed. The genomes 

of all 13 iPSC lines have been fully sequenced, but not yet analyzed. We intend to use 

this data to look for within-species genetic variation that may be of interest. Though we 

are clearly underpowered to detect most effects, we hope to first look for known 

variants of interest. For example, we intend to examine the FADS1/2 region and identify 

which haplotype groups our cell lines belong to. Furthermore, we believe this will be an 

important resource for the future use of these cell lines that we intend to make widely 

available. I believe this will be one of the more impactful outcomes directly resulting 

from my thesis work.  
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 We already have on hand confocal microscopy z-stacks of human and 

chimpanzee white adipocytes to measure total volume of white adipocyte lipid droplets. 

This quantification will allow us to directly compare the size of brown and white 

adipocyte lipid droplets and allow us to determine the volume of lipid droplets. While 

most of the small lipid droplets appear to be spherical, many of the larger droplets are 

compressed in the z-axis, therefore using total volume instead of the area of one slice 

will be a more accurate measure of lipid droplet size. 

I have also taken confocal microscopy images of human and chimpanzee white 

adipocytes to look at the trafficking of a fluorescent fatty acid. Using BODIPY 558/568 

C12 pulsed in over 16 hours, we can look for colocalization with lipid droplets and 

mitochondria to examine the degree of fatty acid storage in lipid droplets or oxidation in 

mitochondria. I have acquired images after adipocytes have been fully fed, but it would 

also be interesting to look under nutrient starvation conditions as well, where we would 

see an increase in overlap of the labelled C12 with the mitochondria.  

Finally, we will have metabolite concentrations for human and chimpanzee 

white adipocytes, brown adipocytes, white adipose tissue, as well as a few diet treated 

white adipocyte samples. Using a Biocrates p400HR assay, we will have the 

quantification of approximately 400 lipids and small molecules. This will allow us to test 
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hypotheses regarding the downstream impact of several of our genes of interest as well 

as generated new insights into how human and chimpanzee adipocytes differ.  

5.4 Future directions 

In contrast to what we know about human phenotypic features, relatively little is 

known about our closest living relatives, the great apes. All great ape species are 

currently endangered in the wild, and ethical and practical issues limit further data 

collection of the phenotypes of these species. Tragically, many people predict that 

several great ape subspecies will become extinct in the next 30-50 years  (Caldecott & 

Miles, 2005).  These species are a close evolutionary link that may provide keys to 

understanding our own history. It is crucial to understand as much about these species 

as we can, while we still can. Cell culture models, in particular induced pluripotent stem 

cells can be acquire in relatively non-invasive way and provide an indispensable source 

of cells that would be useful for many studies. Efforts should be made to produce iPSCs 

from as many great ape species and representative individuals as possible. Additionally, 

phenotypic information on these species including disease state and storage of post-

mortem tissues will provide crucial resources to future evolutionary biologists. 

Additionally, we should take advantage of the genotypic and phenotypic 

diversity within humans to understand the evolution of the human lineage. Several 

interesting examples of h human adaptation have already been discussed here (lactase 



 

 

 99 

persistence, FADS1/2 in Greenland Inuit to list a couple). These studies demonstrate the 

utility of understanding adaptation to diet within different groups of humans. 

Comparisons with great apes only tell us about the beginning of human origins, and we 

should also consider how selective pressures have changed over time and space as 

humans migrated and themselves fundamentally changed the landscape. 

The list of traits that sets humans apart from our great ape relatives is extensive, 

and it is clear that these traits arose due to complex multifactor situations. Our ancestral 

populations experienced potentially conflicting and successive selective pressures from 

many sources including changing climate, habitat, nutrition, and disease among many 

others. Additionally, different human populations underwent and may be currently 

subjected to differing selective pressures. While understanding the molecular and 

genetic changes underlying these adaptations will surely remain a complex and difficult 

problem, I believe it will be a worthwhile endeavor. Only through understanding of our 

evolutionary past can we hope to gain meaningful insight in the present and future. 
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Appendix A: Chapter 2 Analysis in R 

 

Makohon-Moore_Dissertation_Chapter_2
Sasha Makohon-Moore

5/14/2018

Heatmap

AdipocyteAll <- read.csv("data/adipocyte_all_sources.csv", row.names = 1)

SampleTableAll <- read.csv("data/adipocyte_all_sampletable.txt")

ddsAll <- DESeqDataSetFromMatrix(AdipocyteAll, colData = SampleTableAll,
design = ~Species * Type)

nrow(ddsAll)

## [1] 16216

ddsAll <- ddsAll[rowSums(counts(ddsAll) > 1) > 3, ]
nrow(ddsAll)

## [1] 15053

ddsalltypes <- DESeq(ddsAll, betaPrior = FALSE)

rld <- rlog(ddsalltypes, blind = FALSE)

Markers <- read.csv("data/markers.csv")

counts <- as.data.frame(assay(rld))

# To reorder the samples

ordered <- counts[, c(37, 39, 41, 31, 33, 35, 5, 8, 12, 17, 2,
7, 10, 14, 36, 38, 40, 30, 32, 34, 6, 11, 13, 15, 16, 1,
3, 4, 9, 18, 46:49, 42:45, 20:29)]

Sample <- SampleTableAll$Sample
Sample <- Sample[c(37, 39, 41, 31, 33, 35, 5, 8, 12, 17, 2, 7,

10, 14, 36, 38, 40, 30, 32, 34, 6, 11, 13, 15, 16, 1, 3,
4, 9, 18, 46:49, 42:45, 20:29)]

colnames(ordered) <- Sample
genes.diff <- ordered[which(rownames(ordered) %in% Markers$ENSEMBL),

]

pheatmap(genes.diff, display_numbers = F, border_color = NA,
gaps_col = c(6, 14, 20, 30, 34, 38), scale = "row", annotation_legend = TRUE,
show_colnames = T, show_rownames = T, cluster_cols = F, cluster_rows = F,
fontsize_row = 10)
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##Bubble Plot
se <- read.table("data/adipocyte_diets_ipsc.2017-12-06.txt")
sampleTable <- read.csv("data/adipocyte_diets_ipsc.2017-12-06_sampletable.txt",

row.names = 1)

# to subset samples and remove outliers

ss <- se[, c(-4, -5, -6, -9, -13, -15, -18, -20, -23, -25, -28,
-29, -31)]

sampleTabless <- sampleTable[c(-4, -5, -6, -9, -13, -15, -18,
-20, -23, -25, -28, -29, -31), ]

sampleTabless$Group <- factor(paste0(sampleTabless$Type, sampleTabless$Species))
ssDataGroup <- DESeqDataSetFromMatrix(ss, colData = sampleTabless,

design = ~0 + Group)

# differential expression analysis on the group factor

ddsg <- DESeq(ssDataGroup, betaPrior = FALSE)
# remove low counts

nrow(ddsg)

## [1] 30030

ddsg <- ddsg[rowMeans(counts(ddsg)) > 3, ]
nrow(ddsg)

## [1] 16083
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# Genes that are differnetially expressed between human

# adipocytes and iPSCs

resultsNames(ddsg)

## [1] "GroupAChimp" "GroupAHuman" "GroupCChimp" "GroupCHuman"

res <- results(ddsg, contrast = c("Group", "AHuman", "CHuman"),
alpha = 0.05)

summary(res)

##
## out of 16083 with nonzero total read count
## adjusted p-value < 0.05
## LFC > 0 (up) : 5556, 35%
## LFC < 0 (down) : 5466, 34%
## outliers [1] : 79, 0.49%
## low counts [2] : 0, 0%
## (mean count < 3)
## [1] see �cooksCutoff� argument of ?results
## [2] see �independentFiltering� argument of ?results
# 5556 up, 5466 down, 79 outliers, 0 low counts

HumanA_C <- as.data.frame(res)

res2 <- results(ddsg, contrast = c("Group", "AChimp", "CChimp"),
alpha = 0.05)

summary(res2)

##
## out of 16083 with nonzero total read count
## adjusted p-value < 0.05
## LFC > 0 (up) : 5116, 32%
## LFC < 0 (down) : 5222, 32%
## outliers [1] : 79, 0.49%
## low counts [2] : 0, 0%
## (mean count < 3)
## [1] see �cooksCutoff� argument of ?results
## [2] see �independentFiltering� argument of ?results
# 5116 up, 5222 down, 79 outliers, 0 low counts

ChimpA_C <- as.data.frame(res2)

Human_Chimp <- merge(HumanA_C, ChimpA_C, by = 0)
down.down <- (Human_Chimp[which(Human_Chimp$log2FoldChange.x <

(-2) & Human_Chimp$log2FoldChange.y < (-2) & Human_Chimp$padj.x <=

0.05 & Human_Chimp$padj.y <= 0.05), ])

up.up <- (Human_Chimp[which(Human_Chimp$log2FoldChange.x > 2 &

Human_Chimp$log2FoldChange.y > 2 & Human_Chimp$padj.x <=

0.05 & Human_Chimp$padj.y <= 0.05), ])

allgenes <- as.data.frame(res)
dim(allgenes)

## [1] 16083 6
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dim(up.up)

## [1] 1730 13

dim(down.down)

## [1] 1551 13
# to get the GO IDs - this takes a little while

listMarts(host = "www.ensembl.org")

## biomart version
## 1 ENSEMBL_MART_ENSEMBL Ensembl Genes 92
## 2 ENSEMBL_MART_MOUSE Mouse strains 92
## 3 ENSEMBL_MART_SNP Ensembl Variation 92
## 4 ENSEMBL_MART_FUNCGEN Ensembl Regulation 92

ensembl = useMart(biomart = "ENSEMBL_MART_ENSEMBL", dataset = "hsapiens_gene_ensembl",
host = "www.ensembl.org")

goids = getBM(attributes = c("ensembl_gene_id", "go_id", "name_1006",
"namespace_1003"), filters = "ensembl_gene_id", values = row.names(allgenes),
mart = ensembl)

# to subset out the go terms categorized as mf, cc, or bp.

mfgoids <- goids[which(goids$namespace_1003 == "molecular_function"),
]

ccgoids <- goids[which(goids$namespace_1003 == "cellular_component"),
]

bpgoids <- goids[which(goids$namespace_1003 == "biological_process"),
]

mfgoids_col <- mfgoids[, c(1, 2)]
bpgoids_col <- bpgoids[, c(1, 2)]
ccgoids_col <- ccgoids[, c(1, 2)]

gene.to.GO <- split(bpgoids$go_id, bpgoids_col$ensembl_gene_id)
gene.to.GO <- lapply(gene.to.GO, unique)

## positive
geneList <- factor(as.integer(row.names(allgenes) %in% up.up$Row.names))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "BP", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

resultFisher <- runTest(GOdata, algorithm = "classic", statistic = "fisher")

resultFisher2 <- runTest(GOdata, algorithm = "weight", statistic = "fisher")

resultFisher

##
## Description:
## Ontology: BP
## �classic� algorithm with the �fisher� test
## 15126 GO terms scored: 1331 terms with p < 0.01
## Annotation data:
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## Annotated genes: 12749
## Significant genes: 1376
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 8748
resultFisher2

##
## Description:
## Ontology: BP
## �weight� algorithm with the �fisher : ratio� test
## 15126 GO terms scored: 238 terms with p < 0.01
## Annotation data:
## Annotated genes: 12749
## Significant genes: 1376
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 8748

PosRes <- GenTable(GOdata, classic = resultFisher, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(PosRes, file = "output/GOtermenrichment_fisher_classic_positive.csv")

PosRes2 <- GenTable(GOdata, classic = resultFisher2, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(PosRes2, file = "output/GOtermenrichment_fisher_weight_positive.csv")

### negative
geneList <- factor(as.integer(row.names(allgenes) %in% down.down$Row.names))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "BP", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

resultFisher <- runTest(GOdata, algorithm = "classic", statistic = "fisher")
resultFisher2 <- runTest(GOdata, algorithm = "weight", statistic = "fisher")

resultFisher

##
## Description:
## Ontology: BP
## �classic� algorithm with the �fisher� test
## 15126 GO terms scored: 467 terms with p < 0.01
## Annotation data:
## Annotated genes: 12749
## Significant genes: 1215
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 7514
resultFisher2

##
## Description:
## Ontology: BP
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## �weight� algorithm with the �fisher : ratio� test
## 15126 GO terms scored: 93 terms with p < 0.01
## Annotation data:
## Annotated genes: 12749
## Significant genes: 1215
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 7514

NegRes2 <- GenTable(GOdata, classic = resultFisher2, topNodes = 1500,
numChar = 200)

write.csv(NegRes2, file = "output/GOtermenrichment_fisher_weight_negative.csv")

NegRes <- GenTable(GOdata, classic = resultFisher, topNodes = 1500,
numChar = 200)

write.csv(NegRes, file = "output/GOtermenrichment_fisher_classic_negative.csv")

### non-signed
mixed <- rbind(down.down, up.up)
geneList <- factor(as.integer(row.names(allgenes) %in% mixed$Row.names))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "BP", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

resultFisher <- runTest(GOdata, algorithm = "classic", statistic = "fisher")

resultFisher

##
## Description:
## Ontology: BP
## �classic� algorithm with the �fisher� test
## 15126 GO terms scored: 1162 terms with p < 0.01
## Annotation data:
## Annotated genes: 12749
## Significant genes: 2591
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 10466

allRes <- GenTable(GOdata, classic = resultFisher, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(allRes, file = "output/GOtermenrichment_fisher_classic_nonsigned.csv")

resultFisher2 <- runTest(GOdata, algorithm = "weight", statistic = "fisher")

resultFisher2

##
## Description:
## Ontology: BP
## �weight� algorithm with the �fisher : ratio� test
## 15126 GO terms scored: 202 terms with p < 0.01
## Annotation data:
## Annotated genes: 12749
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## Significant genes: 2591
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 10466

allRes2 <- GenTable(GOdata, classic = resultFisher2, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(allRes2, file = "output/GOtermenrichment_fisher_weight_nonsigned.csv")

bubbleplot <- function(data_out, GOterms = GOID, filename, count = count,
name = name, pvalue = pvalue, ontology, minpvalue = 0.05,
mingenes = 1, ...) {
data_out$GO_ID <- data_out[, GOterms]
data_out$pvalue <- data_out[, pvalue]
message("starting your bubble plot")
# to get the semantic similarity of GO terms

setOntology(as.character(ontology))
message("ontology loaded")
names <- as.vector(data_out$GO_ID)
message("GO terms loaded")
matrix_names <- getTermSim(names, method = "Lin", verbose = F)
matrix_names[is.infinite(matrix_names)] <- 0
# potential methods: �Resnik�, �JiangConrath�, �Lin�,

# �CoutoEnriched�, �CoutoResnik�, �CoutoLin�, �diffKernel�,

# �relevance�, �GIC�

message("similarities calculated")
sim <- 1 - matrix_names
sim2 <- data.frame(apply(sim, 2, jitter))
d <- dist(sim2)
fit <- cmdscale(d, eig = TRUE, k = 2)

message("MDS matrix made")
data <- as.data.frame(fit$points)
message("df made")
data$GO_ID <- row.names(data)
message("rows named")
data <- merge(data, data_out, by = "GO_ID")
message("merge done")

# sort so that larger bubbles plot first

data <- data[order(-data$count), ]
message("sorted")

# to convert the points

converted <- cart2pol(data$V1, data$V2, degrees = F)
data$r <- converted$r
data$theta <- converted$theta
message("points convereted to polar coordinates")
bubbles <- dim(data)[1]
labels <- data[order(data$theta), ]
labels$num <- c(0:(bubbles - 1))
labels$r <- 1.1 * max(data$r)

mintheta <- min(data$theta)
maxtheta <- max(data$theta)
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message("subsetting labels")
# to subset the labels

labels <- subset(labels, abs(labels$pvalue) < minpvalue)
bubbles <- dim(labels)[1]
labels$num <- c(0:(bubbles - 1))

labels[labels$num == 0, ]$r <- 1.15 * max(data$r)
labels[labels$num == 1, ]$r <- 1.125 * max(data$r)

if (is.even(bubbles)) {
labels[labels$num == median(labels$num) - 0.5, ]$r <- 1.15 *

max(data$r)
labels[labels$num == (median(labels$num) + 1.5), ]$r <- 1.125 *

max(data$r)
labels[labels$num == (median(labels$num) - 1.5), ]$r <- 1.125 *

max(data$r)
} else {

labels[labels$num == median(labels$num), ]$r <- 1.15 *

max(data$r)
labels[labels$num == (median(labels$num) + 1), ]$r <- 1.125 *

max(data$r)
labels[labels$num == (median(labels$num) - 1), ]$r <- 1.125 *

max(data$r)
}

message("radius of labels calculated")
labels$labeltheta <- (mintheta + labels[, "num"] * (maxtheta -

mintheta)/bubbles)
group <- labels[, c(name, "r", "labeltheta", count, pvalue,

"num")]
colnames(group) <- c("name", "r", "theta", "count", "pvalue",

"num")
group$r <- group$r - 0.1

group2 <- subset(data, abs(data$pvalue) < (minpvalue))[,
c(name, "r", "theta", count, pvalue)]

colnames(group2) <- c("name", "r", "theta", "count", "pvalue")
group2 <- group2[order(group2$theta), ]
bubbles <- dim(group2)[1]
group2[, "num"] <- c(0:(bubbles - 1))
groups <- rbind(group, group2)
maxpn <- signif(min(data$pvalue[data$pvalue < 0]), 1)
maxpp <- signif(max(data$pvalue[data$pvalue > 0]), 1)
totmax <- max(c(-1 * maxpn, maxpp))
if (totmax > min(data$pvalue[data$pvalue < 0])) {

totmax <- max(c(-1 * maxpn, signif(maxpp * 1.1, 1)))
}
minpn <- signif(max(data$pvalue[data$pvalue < 0]), 1)
minpp <- signif(min(data$pvalue[data$pvalue > 0]), 1)
totmin <- max(c(-1 * minpn, minpp))
mid <- signif((totmax + totmin)/2, 1)
data$cuts <- cut(data$pvalue, c(-1 * totmax, -1 * mid, -1 *

totmin, 0, totmin, mid, totmax))
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data$cuts <- factor(data$cuts, c(levels(data$cuts)[3], levels(data$cuts)[2],
levels(data$cuts)[1], levels(data$cuts)[4], levels(data$cuts)[5],
levels(data$cuts)[6]))

level1 <- as.character(levels(data$cuts)[1]) #high

level2 <- as.character(levels(data$cuts)[2]) #mid

level3 <- as.character(levels(data$cuts)[3]) #low

level4 <- as.character(levels(data$cuts)[4]) #high

level5 <- as.character(levels(data$cuts)[5]) #mid

level6 <- as.character(levels(data$cuts)[6]) #low

colors = c("#4d9221", "#7fbc41", "#b8e186", "#c51b7d", "#de77ae",
"#f1b6da")

names(colors) <- c(level1, level2, level3, level4, level5,
level6)

sizemax <- as.numeric(max(data[, count]))/as.numeric(max(data[,
count])) * 10

sizemin <- as.numeric(min(data[, count]))/as.numeric(max(data[,
count])) * 10

message("plotting...")
p2 <- ggplot(data, aes(x = r, y = theta)) + geom_point(shape = 21,

aes(size = data[, count], fill = cuts)) + geom_text(aes(x = r,
y = labeltheta, label = subset(labels, labels$labeltheta <

3.14)[, name], size = 50, hjust = 1, angle = 0),
check_overlap = F, data = subset(labels, labels$labeltheta <

3.14), col = "black", show.legend = FALSE) + geom_text(aes(x = r,
y = labeltheta, label = subset(labels, labels$labeltheta >

3.14)[, name], size = 50, hjust = 0, angle = 0),
check_overlap = F, data = subset(labels, labels$labeltheta >=

3.14), col = "black", show.legend = FALSE) + scale_fill_manual(values = colors,
drop = FALSE, labels = c(paste("<", totmin, " higher in iPSCs"),

paste("<", mid), paste("<", totmax), paste("<", totmin,
" higher in adipocytes"), paste("<", mid), paste("<",
totmax))) + guides(fill = guide_legend(ncol = 2,

title = "adj p-value", override.aes = list(size = 5)),
size = guide_legend(title = "number of genes", override.aes = list(shape = 21)),
alpha = FALSE) + coord_polar(theta = "y", direction = -1,
start = 0) + scale_size_continuous(range = c(sizemin,
sizemax)) + geom_line(aes(x = r, y = theta, group = num),
size = 0.5, alpha = 0.3, data = subset(groups, abs(groups$pvalue) <

minpvalue)) + theme_void() + theme(legend.position = "bottom",
legend.box = "horizontal") + theme(axis.text.x = element_blank(),
axis.text.y = element_blank(), axis.ticks.y = element_blank(),
axis.title = element_blank())

gg_table <- ggplot_gtable(ggplot_build(p2))
gg_table$layout$clip[gg_table$layout$name == "panel"] <- "off"
grid.draw(gg_table)
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pdf(filename, width = 13, height = 8.5, onefile = T, useDingbats = FALSE)
gg_table <- ggplot_gtable(ggplot_build(p2))
gg_table$layout$clip[gg_table$layout$name == "panel"] <- "off"
grid.draw(gg_table)
dev.off()

}

Plotting Bubble plots

exampledata1 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_classic_positive.csv",
row.names = 1))

exampledata1$classic[which(exampledata1$classic == "< 1e-30")] <- NA
exampledata1$classic <- as.numeric(as.character(exampledata1$classic))
exampledata1$classic[which(exampledata1$classic == "NA")] <- 1e-30
exampledata2 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_classic_negative.csv",

row.names = 1))

exampledata2$classic <- as.numeric(exampledata2$classic)
exampledata1$classic <- as.numeric(exampledata1$classic)
exampledata1 <- exampledata1[exampledata1$classic < 0.01, ]
exampledata2 <- exampledata2[exampledata2$classic < 0.01, ]
exampledata2$classic <- exampledata2$classic * -1
exampledata1$Term <- as.character(exampledata1$Term)
exampledata2$Term <- as.character(exampledata2$Term)

dataset <- as.data.frame(rbind(exampledata1, exampledata2))

dataset$count1 <- as.numeric(dataset$Significant)
dataset2 <- dataset[dataset$Significant > 10, ]
dataset3 <- dataset2[!(duplicated(dataset2$Term) | duplicated(dataset2$Term,

fromLast = TRUE)), ]

bubbleplot(dataset3, GO = "GO.ID", name = "Term", count = "count1",
ontology = "BP", pvalue = "classic", minpvalue = 1e-08, filename = "figures/goterm_classic_fisher.pdf")

## starting your bubble plot

## initializing GOSim package ...

## -> retrieving GO information for all available genes for organism �human� in GO database

## -> filtering GO terms according to evidence levels �all�

## -> loading files with information content for corresponding GO category (human)

## finished.

## -> loading files with information content for corresponding GO category (human)

## ontology loaded

## GO terms loaded

## similarities calculated
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## MDS matrix made

## df made

## rows named

## merge done

## sorted

## Warning: package �bindrcpp� was built under R version 3.4.4

## points convereted to polar coordinates

## subsetting labels

## radius of labels calculated

## plotting...

cytokine−mediated signaling pathwayregulation of cell adhesionregulation of response to external stimulusregulation of inflammatory responsecellular response to chemical stimuluscellular response to organic substancecellular response to cytokine stimuluscellular response to growth factor stimuluschemical synaptic transmissioncell motilitycell migrationcellular response to lipidcellular response to acid chemicalresponse to chemicalresponse to organic substancedefense responseimmune responseresponse to hormoneresponse to cytokineresponse to woundingresponse to external stimulusresponse to growth factorinflammatory responseresponse to endogenous stimulusresponse to molecule of bacterial origincellular response to endogenous stimuluscell cycleresponse to organic cyclic compoundcell cycle processresponse to lipidmitotic cell cycleresponse to other organismresponse to biotic stimulusresponse to acid chemicalresponse to bacteriummovement of cell or subcellular componentmitotic sister chromatid segregationsister chromatid segregationsister chromatid cohesionresponse to external biotic stimulusorganelle fissionnuclear divisionchromosome segregationcell divisionlocalization of cellcollagen fibril organizationextracellular matrix disassemblymeiotic cell cyclelocomotionimmune system processcell−substrate adhesionepithelial cell proliferationregulation of vasculature developmentmitotic nuclear divisiontrans−synaptic signalingsynaptic signalingcellular response to oxygen−containing compoundnuclear chromosome segregationmeiotic cell cycle processanterograde trans−synaptic signalingresponse to oxygen−containing compoundmeiotic nuclear divisionmitotic cell cycle processtissue remodelingossification muscle contractionmuscle system processconnective tissue developmentcytokine productionmuscle structure developmentstriated muscle tissue developmentmuscle tissue developmentembryonic skeletal system developmentmulticellular organismal processmorphogenesis of a branching structureembryonic skeletal system morphogenesisnephron developmentrenal system developmenturogenital system developmentskeletal system morphogenesiscartilage developmentblood vessel developmentvasculature developmentkidney developmentmorphogenesis of a branching epitheliumangiogenesisblood vessel morphogenesismuscle organ developmentcirculatory system developmentcardiovascular system developmentmuscle cell differentiationanimal organ morphogenesischondrocyte differentiationcytokine secretionmulticellular organismal catabolic processmulticellular organism metabolic processregulation of angiogenesisregulation of anatomical structure morphogenesisregulation of multicellular organismal developmentregulation of developmental processregulation of cytokine productionregulation of cell differentiationnegative regulation of developmental processnegative regulation of cytokine productionpositive regulation of developmental processnegative regulation of multicellular organismal processpositive regulation of multicellular organismal processmulticellular organismal macromolecule metabolic processcollagen metabolic processcollagen catabolic processpositive regulation of cellular processpositive regulation of biological processDNA replicationlipid metabolic processDNA−dependent DNA replicationDNA replication initiationpositive regulation of cell motilitynegative regulation of cell proliferationpositive regulation of locomotionregulation of cellular component movementregulation of cell motilityregulation of cell migrationpositive regulation of response to stimulusnegative regulation of immune system processcell surface receptor signaling pathwaynegative regulation of response to stimulusenzyme linked receptor protein signaling pathwayregulation of response to stimulusregulation of locomotion

adj p−value
< 5e−18  higher in iPSCs

< 0.005

< 0.01

< 5e−18  higher in adipocytes

< 0.005

< 0.01

number of genes 200 400

## pdf
## 2

exampledata1 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_weight_positive.csv",
row.names = 1))

exampledata1 <- exampledata1[exampledata1$classic < 0.01, ]
exampledata2 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_weight_negative.csv",

row.names = 1))
exampledata2$classic <- as.numeric(as.character(exampledata2$classic))
exampledata2 <- exampledata2[exampledata2$classic < 0.01, ]

exampledata2$classic <- exampledata2$classic * -1
exampledata1$Term <- as.character(exampledata1$Term)
exampledata2$Term <- as.character(exampledata2$Term)
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dataset <- as.data.frame(rbind(exampledata1, exampledata2))

dataset$count1 <- as.numeric(dataset$Significant)
dataset2 <- dataset[dataset$Significant > 5, ]
dataset3 <- dataset2[!(duplicated(dataset2$Term) | duplicated(dataset2$Term,

fromLast = TRUE)), ]

bubbleplot(dataset3, GO = "GO.ID", name = "Term", count = "count1",
ontology = "BP", pvalue = "classic", minpvalue = 2e-04, filename = "figures/goterm_weight_fisher.pdf")

## starting your bubble plot

## -> loading files with information content for corresponding GO category (human)

## ontology loaded

## GO terms loaded

## similarities calculated

## MDS matrix made

## df made

## rows named

## merge done

## sorted

## points convereted to polar coordinates

## subsetting labels

## radius of labels calculated

## plotting...
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blood vessel remodelingpalate developmentface developmentdefense response to other organismcell cycle G1/S phase transitioncellular response to oxygen−containing compoundresponse to ketonemitotic cell cycle processpositive regulation of reactive oxygen species biosynthetic processpositive regulation of vasculature developmentmulti−multicellular organism processnegative regulation of tumor necrosis factor superfamily cytokine productionmesenchymal cell proliferationcell adhesioncell−matrix adhesionmeiosis Icentromere complex assemblyDNA replication−independent nucleosome assemblychromatin remodeling at centromeresmooth muscle cell migrationhistone exchangeextracellular matrix organizationchromosome segregationmacrophage activationcell divisionresponse to lipidmesenchymal−epithelial cell signalingresponse to drugresponse to organic cyclic compoundregulation of phospholipase A2 activitycellular response to mechanical stimuluscellular response to acid chemicalpositive regulation of phospholipase C activityregulation of smooth muscle cell proliferationregulation of activated T cell proliferationregulation of wound healingregulation of inflammatory responsephospholipase C−activating G−protein coupled receptor signaling pathwayneuropeptide signaling pathwaycytokine−mediated signaling pathwayregulation of transforming growth factor beta receptor signaling pathwaynegative regulation of cellular response to growth factor stimulusnegative regulation of endothelial cell proliferationnegative regulation of cell−substrate adhesion regulation of receptor activitynegative regulation of protein secretionmitotic spindle assembly checkpointpositive regulation of cell divisionpositive regulation of cell motilitynegative regulation of cell proliferationregulation of nitric oxide biosynthetic processprimary alcohol metabolic processnuclear DNA replicationaminoglycan catabolic processpositive regulation of MAPK cascadeDNA replication initiationtriglyceride metabolic processnegative regulation of peptidase activitypositive regulation of peptidyl−tyrosine phosphorylationpositive regulation of transcription from RNA polymerase II promotercollagen catabolic processpositive regulation of cytokine secretionnegative regulation of endothelial cell migrationnegative regulation of myeloid cell differentiationpositive regulation of muscle cell differentiationnegative regulation of interferon−gamma productionregulation of interleukin−6 productionregulation of morphogenesis of a branching structureregulation of macrophage derived foam cell differentiationprimary neural tube formationbranching morphogenesis of an epithelial tubeblood vessel developmentodontogenesismiddle ear morphogenesismesonephric tubule morphogenesisskeletal system developmentglomerulus developmentrespiratory system developmentanterior/posterior pattern specificationforelimb morphogenesisexocrine system developmentblood circulationinterleukin−8 secretionmyoblast differentiationmuscle system processconnective tissue developmentsensory perception of soundossification

< 2e−11  higher in iPSCs

< 0.005

< 0.01

< 2e−11  higher in adipocytes

< 0.005

< 0.01

number of genes 50 100 150

## pdf
## 2

Session Info

sessionInfo(package = NULL)

## R version 3.4.2 (2017-09-28)
## Platform: x86_64-apple-darwin15.6.0 (64-bit)
## Running under: macOS High Sierra 10.13.5
##
## Matrix products: default
## BLAS: /Library/Frameworks/R.framework/Versions/3.4/Resources/lib/libRblas.0.dylib
## LAPACK: /Library/Frameworks/R.framework/Versions/3.4/Resources/lib/libRlapack.dylib
##
## locale:
## [1] en_US.UTF-8/en_US.UTF-8/en_US.UTF-8/C/en_US.UTF-8/en_US.UTF-8
##
## attached base packages:
## [1] grid parallel stats4 stats graphics grDevices utils
## [8] datasets methods base
##
## other attached packages:
## [1] bindrcpp_0.2.2 topGO_2.30.1
## [3] SparseM_1.77 graph_1.56.0
## [5] schoolmath_0.4 useful_1.2.5
## [7] RColorBrewer_1.1-2 ggrepel_0.8.0
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## [9] GOSim_1.16.0 annotate_1.56.2
## [11] XML_3.98-1.11 GO.db_3.5.0
## [13] AnnotationDbi_1.40.0 biomaRt_2.34.2
## [15] ggplot2_2.2.1 pheatmap_1.0.10
## [17] DESeq2_1.18.1 SummarizedExperiment_1.8.1
## [19] DelayedArray_0.4.1 matrixStats_0.53.1
## [21] Biobase_2.38.0 GenomicRanges_1.30.3
## [23] GenomeInfoDb_1.14.0 IRanges_2.12.0
## [25] S4Vectors_0.16.0 BiocGenerics_0.24.0
## [27] knitr_1.20
##
## loaded via a namespace (and not attached):
## [1] bitops_1.0-6 bit64_0.9-7 progress_1.1.2
## [4] httr_1.3.1 rprojroot_1.3-2 tools_3.4.2
## [7] backports_1.1.2 R6_2.2.2 rpart_4.1-13
## [10] Hmisc_4.1-1 DBI_1.0.0 lazyeval_0.2.1
## [13] colorspace_1.3-2 nnet_7.3-12 tidyselect_0.2.4
## [16] gridExtra_2.3 prettyunits_1.0.2 curl_3.2
## [19] bit_1.1-14 compiler_3.4.2 formatR_1.5
## [22] htmlTable_1.12 labeling_0.3 scales_0.5.0
## [25] checkmate_1.8.5 genefilter_1.60.0 RBGL_1.54.0
## [28] stringr_1.3.1 digest_0.6.15 foreign_0.8-70
## [31] rmarkdown_1.10 XVector_0.18.0 base64enc_0.1-3
## [34] pkgconfig_2.0.1 htmltools_0.3.6 htmlwidgets_1.2
## [37] rlang_0.2.1 rstudioapi_0.7 RSQLite_2.1.1
## [40] bindr_0.1.1 BiocParallel_1.12.0 acepack_1.4.1
## [43] dplyr_0.7.5 RCurl_1.95-4.10 magrittr_1.5
## [46] modeltools_0.2-21 GenomeInfoDbData_1.0.0 Formula_1.2-3
## [49] Matrix_1.2-14 Rcpp_0.12.17 munsell_0.4.3
## [52] stringi_1.2.2 yaml_2.1.19 zlibbioc_1.24.0
## [55] flexmix_2.3-14 org.Hs.eg.db_3.5.0 plyr_1.8.4
## [58] blob_1.1.1 lattice_0.20-35 splines_3.4.2
## [61] locfit_1.5-9.1 pillar_1.2.3 corpcor_1.6.9
## [64] geneplotter_1.56.0 glue_1.2.0 evaluate_0.10.1
## [67] latticeExtra_0.6-28 data.table_1.11.4 purrr_0.2.5
## [70] gtable_0.2.0 assertthat_0.2.0 xtable_1.8-2
## [73] survival_2.42-3 tibble_1.4.2 memoise_1.1.0
## [76] cluster_2.0.7-1
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Appendix B: Chapter 3 Analysis in R

 

Makohon-Moore Dissertation Analysis Chapter 3
Sasha Makohon-Moore

5/10/2018

library(knitr)
opts_chunk$set(tidy.opts=list(width.cutoff=60),tidy=TRUE)
library(DESeq2)
library(pheatmap)
library(genefilter)
library(ggplot2)
library(ggbeeswarm)
library(piano)
library(biomaRt)
library(GOSim)
library(ggrepel)
library(RColorBrewer)
library(useful)
library(grid)
library(schoolmath)
library(UpSetR)
library(pcaExplorer)
library(corrplot)
library(topGO)
library(ChIPseeker)
library(TxDb.Hsapiens.UCSC.hg19.knownGene)
library(clusterProfiler)
library(rGREAT)
library(VennDiagram)
library(xml2)

RNAseq Analysis

se <- read.table("data/adipocyte_diets_ipsc.2017-12-06.txt")
sampleTable <- read.csv("data/adipocyte_diets_ipsc.2017-12-06_sampletable.txt",

row.names = 1)
sampleTable

## Sample Line Type Species
## 1 S1_sorted.bam 1 A Chimp
## 2 S10_sorted.bam 1 C Human
## 3 S11_sorted.bam 2 A Chimp
## 4 S12_sorted.bam 6 HO Human
## 5 SM13_sorted.bam 2 C Chimp
## 6 S14_sorted.bam 6 LC Human
## 7 S15_sorted.bam 3 A Chimp
## 8 SM16_sorted.bam 2 C Human
## 9 S17_sorted.bam L HL Chimp
## 10 SM18_sorted.bam 3 A Human
## 11 S19_sorted.bam 4 C Chimp
## 12 SM2_sorted.bam 5 C Human

1
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## 13 SM20_sorted.bam 6 HL Human
## 14 S21_sorted.bam 5 A Chimp
## 15 SM22_sorted.bam 6 HC Human
## 16 S23_sorted.bam 1 C Chimp
## 17 SM24_sorted.bam 1 A Human
## 18 S25_sorted.bam 6 LO Chimp
## 19 S26_sorted.bam 3 C Human
## 20 S27_sorted.bam 6 HO Chimp
## 21 S28_sorted.bam 5 A Human
## 22 S29_sorted.bam 3 C Chimp
## 23 S3_sorted.bam 6 LC Chimp
## 24 S30_sorted.bam 2 A Human
## 25 S31_sorted.bam 6 LL Chimp
## 26 S32_sorted.bam 4 A Human
## 27 SM4_sorted.bam 4 C Human
## 28 S5_sorted.bam 6 HC Chimp
## 29 SM6_sorted.bam 6 LO Human
## 30 S7_sorted.bam 4 A Chimp
## 31 SM8_sorted.bam 6 LL Human
## 32 S9_sorted.bam 5 C Chimp

DEseq2 Analysis

# to subset samples

ss <- se[, c(-4, -6, -9, -13, -15, -18, -20, -23, -25, -28, -29,
-31)]

sampleTabless <- sampleTable[c(-4, -6, -9, -13, -15, -18, -20,
-23, -25, -28, -29, -31), ]

# to subset samples and remove outliers

ss <- se[, c(-4, -5, -6, -9, -13, -15, -18, -20, -23, -25, -28,
-29, -31)]

sampleTabless <- sampleTable[c(-4, -5, -6, -9, -13, -15, -18,
-20, -23, -25, -28, -29, -31), ]

sampleTabless$Group <- factor(paste0(sampleTabless$Type, sampleTabless$Species))
ssData <- DESeqDataSetFromMatrix(ss, colData = sampleTabless,

design = ~Species + Type + Species:Line + Species:Type)

## factor levels were dropped which had no samples

ssData1 <- DESeqDataSetFromMatrix(ss, colData = sampleTabless,
design = ~Species + Type)

## factor levels were dropped which had no samples
# differential expression analysis on the entire linear model

dds <- DESeq(ssData, betaPrior = FALSE)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

2
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## final dispersion estimates

## fitting model and testing

allgenes <- results(dds, name = "SpeciesHuman.TypeC")

# remove low counts

nrow(dds)

## [1] 30030

dds <- dds[rowMeans(counts(dds)) > 3, ]
nrow(dds)

## [1] 16083

resultsNames(dds)

## [1] "Intercept" "Species_Human_vs_Chimp"
## [3] "Type_C_vs_A" "SpeciesChimp.Line2"
## [5] "SpeciesHuman.Line2" "SpeciesChimp.Line3"
## [7] "SpeciesHuman.Line3" "SpeciesChimp.Line4"
## [9] "SpeciesHuman.Line4" "SpeciesChimp.Line5"
## [11] "SpeciesHuman.Line5" "SpeciesHuman.TypeC"

# the interation term (is the species effect *different

# across type?)

HumanC <- results(dds, name = "SpeciesHuman.TypeC", alpha = 0.05)

Int_RNA <- as.data.frame(results(dds, name = "SpeciesHuman.TypeC",
alpha = 0.05))

Int_RNA <- Int_RNA[which(Int_RNA$padj <= 0.05), ]
Int_RNA_up <- Int_RNA[which(Int_RNA$log2FoldChange > 0), ]
Int_RNA_down <- Int_RNA[which(Int_RNA$log2FoldChange < 0), ]

Type_RNA <- as.data.frame(results(dds, contrast = list(c("Type_C_vs_A",
"SpeciesHuman.TypeC")), alpha = 0.5))

Type_RNA <- Type_RNA[which(Type_RNA$padj <= 0.05), ]

Type_RNA_up <- Type_RNA[which(Type_RNA$log2FoldChange > 0), ]
Type_RNA_down <- Type_RNA[which(Type_RNA$log2FoldChange < 0),

]

Species_RNA <- as.data.frame(results(dds, name = "Species_Human_vs_Chimp",
alpha = 0.05))

all <- Species_RNA[, ]
Species_RNA <- Species_RNA[which(Species_RNA$padj <= 0.05), ]
Species_RNA_up <- Species_RNA[which(Species_RNA$log2FoldChange >

0), ]
Species_RNA_down <- Species_RNA[which(Species_RNA$log2FoldChange <

0), ]

invariant <- all[!row.names(all) %in% row.names(Species_RNA),
]

invariant <- invariant[!row.names(invariant) %in% row.names(Type_RNA),

3
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]
invariant <- invariant[!row.names(invariant) %in% row.names(Int_RNA),

]

listInput <- list(int.pos = c(row.names(Int_RNA_up)), int.neg = c(row.names(Int_RNA_down)),
colony.up = c(row.names(Type_RNA_up)), adipocyte.up = c(row.names(Type_RNA_down)),
chimp.up = c(row.names(Species_RNA_down)), human.up = c(row.names(Species_RNA_up)),
invariant = c(row.names(invariant)))

upset(fromList(listInput), nsets = 7, sets = c("invariant", "int.neg",
"int.pos", "chimp.up", "human.up", "colony.up", "adipocyte.up"),
keep.order = TRUE)
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listInput <- list(interaction = c(row.names(Int_RNA)), type = c(row.names(Type_RNA)),
species = c(row.names(Species_RNA)), invariant = c(row.names(invariant)))

upset(fromList(listInput), nsets = 4, sets = c("invariant", "interaction",
"species", "type"), keep.order = TRUE)
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#####
interaction <- as.data.frame(HumanC)
write.csv(interaction, "output/interaction_HumanC.csv")

interaction_05 <- interaction[which(interaction$padj <= 0.05),
]

interaction_05_2lfc <- interaction_05[which((interaction_05$log2FoldChange >=

2) | (interaction_05$log2FoldChange <= -2)), ]

### to subset out just the genes that have a significant
### interaction to look for DE between human and chimpanzee
### adipocytes

ssint <- ss[row.names(ss) %in% row.names(interaction_05), ]
sampleTableac <- sampleTabless[which(sampleTabless$Type == "A"),

]
ssint <- ssint[, which(sampleTabless$Type == "A")]

ssData <- DESeqDataSetFromMatrix(ssint, colData = sampleTableac,
design = ~Species)

ddsac <- DESeq(ssData, betaPrior = FALSE)

## estimating size factors

## estimating dispersions

5
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## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

res <- results(ddsac)
summary(res)

##
## out of 1777 with nonzero total read count
## adjusted p-value < 0.1
## LFC > 0 (up) : 704, 40%
## LFC < 0 (down) : 571, 32%
## outliers [1] : 19, 1.1%
## low counts [2] : 0, 0%
## (mean count < 1)
## [1] see �cooksCutoff� argument of ?results
## [2] see �independentFiltering� argument of ?results

genelist <- as.data.frame(res)
hc_05 <- genelist[which(genelist$padj <= 0.05), ]
DEgenes_RNA <- hc_05
hc_05 <- hc_05[which(hc_05$log2FoldChange > 2 | hc_05$log2FoldChange <

(-2)), ]

sashaplotcounts <- function(geneID, dds) {
geneCounts <- plotCounts(dds, gene = geneID, intgroup = c("Species",

"Type"), returnData = TRUE)
geneCounts$Type <- factor(geneCounts$Type, levels = c("C",

"A"))
p1 <- ggplot(geneCounts, aes(x = Type, y = count, color = Species:Type)) +

geom_point(position = position_jitter(w = 0.01, h = 0),
aes(cex = 3)) + labs(title = "") + scale_y_log10() +

scale_color_manual(values = c("#fdae61", "#d7191c", "#abd9e9",
"#2c7bb6")) + scale_shape_manual(values = c(16, 8,

18, 4, 3, 2, 1, 11)) + theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA))

p1
}

ssDataGroup <- DESeqDataSetFromMatrix(ss, colData = sampleTabless,
design = ~0 + Group)

dds <- DESeq(ssDataGroup, betaPrior = FALSE)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship
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## final dispersion estimates

## fitting model and testing

allgenes <- results(dds, contrast = (list("GroupAHuman", "GroupAChimp")))
RNA_pvalues <- as.data.frame(allgenes)

rld <- rlog(dds, blind = FALSE)

plotPCA2 <- function(rld, intgroup = "Species", ntop = 30000,
returnData = FALSE) {
rv <- rowVars(assay(rld))
select <- order(rv, decreasing = TRUE)[seq_len(min(ntop,

length(rv)))]
pca <- prcomp(t(assay(rld)[select, ]))
percentVar <- pca$sdev^2/sum(pca$sdev^2)
if (!all(intgroup %in% names(colData(rld)))) {

stop("the argument �intgroup� should specify columns of colData(dds)")
}
intgroup.df <- as.data.frame(colData(rld)[, intgroup, drop = FALSE])
group <- if (length(intgroup) > 1) {

factor(apply(intgroup.df, 1, paste, collapse = " : "))
} else {

colData(rld)[[intgroup]]
}
d <- data.frame(PC1 = pca$x[, 1], PC2 = pca$x[, 2], PC3 = pca$x[,

3], PC4 = pca$x[, 4], PC5 = pca$x[, 5], PC6 = pca$x[,
6], group = group, intgroup.df, name = colnames(rld))

if (returnData) {
attr(d, "percentVar") <- percentVar[1:2]
return(d)

}
ggplot(data = d, aes_string(x = "PC1", y = "PC2", color = "group",

shape = "Species")) + geom_point(size = 3) + xlab(paste0("PC1: ",
round(percentVar[1] * 100), "% variance")) + ylab(paste0("PC2: ",
round(percentVar[2] * 100), "% variance")) + coord_fixed() +

scale_color_manual(values = c("#d7191c", "#fdae61", "#2c7bb6",
"#abd9e9")) + scale_shape_manual(values = c(17, 16)) +

theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA))

}

print(plotPCA2(rld, intgroup = c("Species", "Type")))
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res_pc <- correlatePCs(pcaobj, colData(dds))
res_pc

## Sample Line Type Species Group sizeFactor
## PC_1 0.4556526 0.97722822 0.0002385635 0.1914184252 0.002003706 0.2344560
## PC_2 0.4556526 0.97141941 0.7439714781 0.0002385635 0.001141901 0.5802041
## PC_3 0.4556526 0.68220679 0.9349253116 0.1208193865 0.003171611 0.4619231
## PC_4 0.4556526 0.03894718 0.8702827723 0.2884874633 0.660942214 0.5506501

plotPCcorrs(res_pc, pc = 1)
Sa
m
pl
e

Li
ne

Ty
pe

Sp
ec
ie
s

G
ro
up

si
ze
Fa
ct
or

Significance of the relations between PC 1 vs covariates

−l
og
10
(p
va
l)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

plotPCcorrs(res_pc, pc = 2)

9



 

 

 123 

 

Sa
m
pl
e

Li
ne

Ty
pe

Sp
ec
ie
s

G
ro
up

si
ze
Fa
ct
or

Significance of the relations between PC 2 vs covariates
−l
og
10
(p
va
l)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

plotPCcorrs(res_pc, pc = 3)

Sa
m
pl
e

Li
ne

Ty
pe

Sp
ec
ie
s

G
ro
up

si
ze
Fa
ct
or

Significance of the relations between PC 3 vs covariates

−l
og
10
(p
va
l)

0.0

0.5

1.0

1.5

2.0

10



 

 

 124 

 

plotPCcorrs(res_pc, pc = 4)
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order2 <- sampleTabless
order3 <- order2[sort(order2$Species), ]
order2$num <- 1:19
order4 <- (with(order2, order2[rev(order(Type, Species)), ]))
types <- with(order2, order2[rev(order(Type, Species)), ])
counts_ordered <- counts(dds)[, order4$num]

# pair_corr(method=�pearson�,counts_ordered[1:10000,])

# dev.copy2pdf(file = �figures/correation_plots.pdf�)

correlations <- cor(counts_ordered, method = "pearson")

corrplot.mixed(correlations, lower.col = "black", number.cex = 1,
addCoefasPercent = TRUE, tl.col = "black", tl.cex = 0.2,
diag = "n", upper.col = brewer.pal(n = 9, name = "Greys"),
cl.lim = c(0, 100), cl.ratio = 0.1)
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sampleTabless$Group <- factor(paste0(sampleTabless$Type, sampleTabless$Species))
ssDataGroup <- DESeqDataSetFromMatrix(ss, colData = sampleTabless,

design = ~0 + Group)
dds <- DESeq(ssDataGroup, betaPrior = FALSE)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

allgenes <- results(dds, contrast = (list("GroupAHuman", "GroupAChimp")))

norm.counts <- as.data.frame(allgenes)

hc_05_human <- hc_05[which(hc_05$log2FoldChange > 2), ]
norm.counts_human_05 <- norm.counts[which(row.names(norm.counts) %in%

row.names(hc_05_human)), ]
hc_05_chimp <- hc_05[which(hc_05$log2FoldChange < (-2)), ]
norm.counts_chimp_05 <- norm.counts[which(row.names(norm.counts) %in%

row.names(hc_05_chimp)), ]
norm.counts_int <- norm.counts[which(row.names(norm.counts) %in%

row.names(interaction_05_2lfc)), ]
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norm.counts_int <- norm.counts_int[!row.names(norm.counts_int) %in%

row.names(hc_05_chimp), ]
norm.counts_int <- norm.counts_int[!row.names(norm.counts_int) %in%

row.names(hc_05_human), ]

nonsig <- norm.counts[!row.names(norm.counts) %in% row.names(hc_05_chimp),
]

nonsig <- nonsig[!row.names(nonsig) %in% row.names(hc_05_human),
]

nonsig <- nonsig[!row.names(nonsig) %in% row.names(norm.counts_int),
]

ggplot(interaction, aes(x = baseMean, y = log2FoldChange)) +

scale_x_log10() + geom_point(data = nonsig, color = "lightgray",
alpha = 1) + geom_point(data = norm.counts_int, color = "gray40",
alpha = 1) + geom_point(data = norm.counts_human_05, color = "#3182bd",
alpha = 1) + geom_point(data = norm.counts_chimp_05, color = "#de2d26",
alpha = 1) + theme_classic() + ylim(c(-15, 15))

## Warning: Transformation introduced infinite values in continuous x-axis

## Warning: Removed 6883 rows containing missing values (geom_point).
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DE <- allgenes
# to get the GO IDs - this takes a little while

listMarts(host = "www.ensembl.org")

## biomart version
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## 1 ENSEMBL_MART_ENSEMBL Ensembl Genes 92
## 2 ENSEMBL_MART_MOUSE Mouse strains 92
## 3 ENSEMBL_MART_SNP Ensembl Variation 92
## 4 ENSEMBL_MART_FUNCGEN Ensembl Regulation 92

ensembl = useMart(biomart = "ENSEMBL_MART_ENSEMBL", dataset = "hsapiens_gene_ensembl",
host = "www.ensembl.org", ensemblRedirect = FALSE)

# ensembl = useMart(biomart=�ENSEMBL_MART_ENSEMBL�,

# dataset=�hsapiens_gene_ensembl�, host=�useast.ensembl.org�)

goids = getBM(attributes = c("ensembl_gene_id", "go_id", "name_1006",
"namespace_1003"), filters = "ensembl_gene_id", values = row.names(DE),
mart = ensembl)

## Warning in strptime(x, fmt, tz = "GMT"): unknown timezone �zone/tz/2018c.
## 1.0/zoneinfo/America/New_York�
# to subset out the go terms categorized as mf, cc, or bp.

mfgoids <- goids[which(goids$namespace_1003 == "molecular_function"),
]

ccgoids <- goids[which(goids$namespace_1003 == "cellular_component"),
]

bpgoids <- goids[which(goids$namespace_1003 == "biological_process"),
]

mfgoids_col <- mfgoids[, c(1, 2)]
bpgoids_col <- bpgoids[, c(1, 2)]
ccgoids_col <- ccgoids[, c(1, 2)]

# to get the gene universe

myP <- hc_05$padj
names(myP) <- row.names(hc_05)
signgeneList <- myP

gene.to.GO <- split(bpgoids$go_id, bpgoids_col$ensembl_gene_id)
gene.to.GO <- lapply(gene.to.GO, unique)

positive <- hc_05[which(sign(hc_05$log2FoldChange) > 0), ]
negative <- hc_05[which(sign(hc_05$log2FoldChange) < 0), ]

geneList <- factor(as.integer(row.names(allgenes) %in% names(signgeneList)))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "BP", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

##
## Building most specific GOs .....

## ( 11700 GO terms found. )

##
## Build GO DAG topology ..........

## ( 15565 GO terms and 36373 relations. )

##
## Annotating nodes ...............
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## ( 14989 genes annotated to the GO terms. )

invisible(resultFisher <- runTest(GOdata, algorithm = "classic",
statistic = "fisher"))

##
## -- Classic Algorithm --
##
## the algorithm is scoring 5271 nontrivial nodes
## parameters:
## test statistic: fisher
resultFisher

##
## Description:
## Ontology: BP
## �classic� algorithm with the �fisher� test
## 15565 GO terms scored: 244 terms with p < 0.01
## Annotation data:
## Annotated genes: 14989
## Significant genes: 436
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 5271

allRes <- GenTable(GOdata, classic = resultFisher, orderBy = "weight",
ranksOf = "classic", topNodes = 244, numChar = 200)

write.csv(allRes, file = "output/GOtermenrichment_fisher_classic_nonsigned.csv")

invisible(resultFisher2 <- runTest(GOdata, algorithm = "weight",
statistic = "fisher"))

##
## -- Weight Algorithm --
##
## The algorithm is scoring 5271 nontrivial nodes
## parameters:
## test statistic: fisher : ratio

##
## Level 19: 1 nodes to be scored.

##
## Level 18: 1 nodes to be scored.

##
## Level 17: 5 nodes to be scored.

##
## Level 16: 17 nodes to be scored.

##
## Level 15: 41 nodes to be scored.

##
## Level 14: 93 nodes to be scored.

##
## Level 13: 168 nodes to be scored.

##
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## Level 12: 258 nodes to be scored.

##
## Level 11: 411 nodes to be scored.

##
## Level 10: 576 nodes to be scored.

##
## Level 9: 707 nodes to be scored.

##
## Level 8: 726 nodes to be scored.

##
## Level 7: 787 nodes to be scored.

##
## Level 6: 672 nodes to be scored.

##
## Level 5: 440 nodes to be scored.

##
## Level 4: 244 nodes to be scored.

##
## Level 3: 101 nodes to be scored.

##
## Level 2: 22 nodes to be scored.

##
## Level 1: 1 nodes to be scored.
resultFisher2

##
## Description:
## Ontology: BP
## �weight� algorithm with the �fisher : ratio� test
## 15565 GO terms scored: 50 terms with p < 0.01
## Annotation data:
## Annotated genes: 14989
## Significant genes: 436
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 5271

allRes2 <- GenTable(GOdata, classic = resultFisher2, orderBy = "weight",
ranksOf = "classic", topNodes = 50, numChar = 200)

write.csv(allRes2, file = "output/GOtermenrichment_fisher_weight_nonsigned.csv")

## positive
geneList <- factor(as.integer(row.names(allgenes) %in% row.names(positive)))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "BP", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

##
## Building most specific GOs .....
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## ( 11700 GO terms found. )

##
## Build GO DAG topology ..........

## ( 15565 GO terms and 36373 relations. )

##
## Annotating nodes ...............

## ( 14989 genes annotated to the GO terms. )

invisible(resultFisher <- runTest(GOdata, algorithm = "classic",
statistic = "fisher"))

##
## -- Classic Algorithm --
##
## the algorithm is scoring 4493 nontrivial nodes
## parameters:
## test statistic: fisher

invisible(resultFisher2 <- runTest(GOdata, algorithm = "weight",
statistic = "fisher"))

##
## -- Weight Algorithm --
##
## The algorithm is scoring 4493 nontrivial nodes
## parameters:
## test statistic: fisher : ratio

##
## Level 19: 1 nodes to be scored.

##
## Level 18: 1 nodes to be scored.

##
## Level 17: 5 nodes to be scored.

##
## Level 16: 16 nodes to be scored.

##
## Level 15: 32 nodes to be scored.

##
## Level 14: 74 nodes to be scored.

##
## Level 13: 128 nodes to be scored.

##
## Level 12: 198 nodes to be scored.

##
## Level 11: 334 nodes to be scored.

##
## Level 10: 476 nodes to be scored.
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##
## Level 9: 579 nodes to be scored.

##
## Level 8: 615 nodes to be scored.

##
## Level 7: 681 nodes to be scored.

##
## Level 6: 605 nodes to be scored.

##
## Level 5: 408 nodes to be scored.

##
## Level 4: 225 nodes to be scored.

##
## Level 3: 93 nodes to be scored.

##
## Level 2: 21 nodes to be scored.

##
## Level 1: 1 nodes to be scored.
resultFisher

##
## Description:
## Ontology: BP
## �classic� algorithm with the �fisher� test
## 15565 GO terms scored: 254 terms with p < 0.01
## Annotation data:
## Annotated genes: 14989
## Significant genes: 329
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 4493
resultFisher2

##
## Description:
## Ontology: BP
## �weight� algorithm with the �fisher : ratio� test
## 15565 GO terms scored: 57 terms with p < 0.01
## Annotation data:
## Annotated genes: 14989
## Significant genes: 329
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 4493

PosRes <- GenTable(GOdata, classic = resultFisher, orderBy = "weight",
ranksOf = "classic", topNodes = 254, numChar = 200)

write.csv(PosRes, file = "output/GOtermenrichment_fisher_classic_positive.csv")

PosRes2 <- GenTable(GOdata, classic = resultFisher2, orderBy = "weight",
ranksOf = "classic", topNodes = 57, numChar = 200)
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write.csv(PosRes2, file = "output/GOtermenrichment_fisher_weight_positive.csv")

### negative
geneList <- factor(as.integer(row.names(allgenes) %in% row.names(negative)))
names(geneList) <- row.names(allgenes)
str(geneList)

## Factor w/ 2 levels "0","1": 1 1 1 1 1 1 1 1 1 1 ...
## - attr(*, "names")= chr [1:30030] "ENSG00000000003" "ENSG00000000005" "ENSG00000000419" "ENSG00000000457" ...

GOdata <- new("topGOdata", ontology = "BP", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

##
## Building most specific GOs .....

## ( 11700 GO terms found. )

##
## Build GO DAG topology ..........

## ( 15565 GO terms and 36373 relations. )

##
## Annotating nodes ...............

## ( 14989 genes annotated to the GO terms. )

invisible(resultFisher <- runTest(GOdata, algorithm = "classic",
statistic = "fisher"))

##
## -- Classic Algorithm --
##
## the algorithm is scoring 2855 nontrivial nodes
## parameters:
## test statistic: fisher

invisible(resultFisher2 <- runTest(GOdata, algorithm = "weight",
statistic = "fisher"))

##
## -- Weight Algorithm --
##
## The algorithm is scoring 2855 nontrivial nodes
## parameters:
## test statistic: fisher : ratio

##
## Level 17: 1 nodes to be scored.

##
## Level 16: 4 nodes to be scored.

##
## Level 15: 18 nodes to be scored.

##
## Level 14: 40 nodes to be scored.
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##
## Level 13: 78 nodes to be scored.

##
## Level 12: 117 nodes to be scored.

##
## Level 11: 180 nodes to be scored.

##
## Level 10: 256 nodes to be scored.

##
## Level 9: 343 nodes to be scored.

##
## Level 8: 372 nodes to be scored.

##
## Level 7: 431 nodes to be scored.

##
## Level 6: 421 nodes to be scored.

##
## Level 5: 313 nodes to be scored.

##
## Level 4: 178 nodes to be scored.

##
## Level 3: 83 nodes to be scored.

##
## Level 2: 19 nodes to be scored.

##
## Level 1: 1 nodes to be scored.
resultFisher

##
## Description:
## Ontology: BP
## �classic� algorithm with the �fisher� test
## 15565 GO terms scored: 83 terms with p < 0.01
## Annotation data:
## Annotated genes: 14989
## Significant genes: 107
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 2855
resultFisher2

##
## Description:
## Ontology: BP
## �weight� algorithm with the �fisher : ratio� test
## 15565 GO terms scored: 32 terms with p < 0.01
## Annotation data:
## Annotated genes: 14989
## Significant genes: 107
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## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 2855

NegRes2 <- GenTable(GOdata, classic = resultFisher2, topNodes = 32,
numChar = 200)

write.csv(NegRes2, file = "output/GOtermenrichment_fisher_weight_negative.csv")

NegRes <- GenTable(GOdata, classic = resultFisher, topNodes = 83,
numChar = 200)

write.csv(NegRes, file = "output/GOtermenrichment_fisher_classic_negative.csv")

##### MF
gene.to.GO <- split(mfgoids$go_id, mfgoids_col$ensembl_gene_id)
gene.to.GO <- lapply(gene.to.GO, unique)

positive <- hc_05[which(sign(hc_05$log2FoldChange) > 0), ]
negative <- hc_05[which(sign(hc_05$log2FoldChange) < 0), ]

geneList <- factor(as.integer(row.names(allgenes) %in% names(signgeneList)))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "MF", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

##
## Building most specific GOs .....

## ( 4069 GO terms found. )

##
## Build GO DAG topology ..........

## ( 4519 GO terms and 5800 relations. )

##
## Annotating nodes ...............

## ( 15361 genes annotated to the GO terms. )

invisible(resultFisher <- runTest(GOdata, algorithm = "classic",
statistic = "fisher"))

##
## -- Classic Algorithm --
##
## the algorithm is scoring 971 nontrivial nodes
## parameters:
## test statistic: fisher
resultFisher

##
## Description:
## Ontology: MF
## �classic� algorithm with the �fisher� test
## 4519 GO terms scored: 56 terms with p < 0.01
## Annotation data:
## Annotated genes: 15361
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## Significant genes: 445
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 971

allRes <- GenTable(GOdata, classic = resultFisher, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(allRes, file = "output/GOtermenrichment_fisher_classic_nonsigned_mf.csv")

invisible(resultFisher2 <- runTest(GOdata, algorithm = "weight",
statistic = "fisher"))

##
## -- Weight Algorithm --
##
## The algorithm is scoring 971 nontrivial nodes
## parameters:
## test statistic: fisher : ratio

##
## Level 15: 1 nodes to be scored.

##
## Level 14: 2 nodes to be scored.

##
## Level 13: 13 nodes to be scored.

##
## Level 12: 15 nodes to be scored.

##
## Level 11: 22 nodes to be scored.

##
## Level 10: 37 nodes to be scored.

##
## Level 9: 59 nodes to be scored.

##
## Level 8: 72 nodes to be scored.

##
## Level 7: 116 nodes to be scored.

##
## Level 6: 214 nodes to be scored.

##
## Level 5: 211 nodes to be scored.

##
## Level 4: 145 nodes to be scored.

##
## Level 3: 52 nodes to be scored.

##
## Level 2: 11 nodes to be scored.

##
## Level 1: 1 nodes to be scored.
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resultFisher2

##
## Description:
## Ontology: MF
## �weight� algorithm with the �fisher : ratio� test
## 4519 GO terms scored: 18 terms with p < 0.01
## Annotation data:
## Annotated genes: 15361
## Significant genes: 445
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 971

allRes2 <- GenTable(GOdata, classic = resultFisher2, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(allRes2, file = "output/GOtermenrichment_fisher_weight_nonsigned_mf.csv")

## positive
geneList <- factor(as.integer(row.names(allgenes) %in% row.names(positive)))
names(geneList) <- row.names(allgenes)

GOdata <- new("topGOdata", ontology = "MF", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

##
## Building most specific GOs .....

## ( 4069 GO terms found. )

##
## Build GO DAG topology ..........

## ( 4519 GO terms and 5800 relations. )

##
## Annotating nodes ...............

## ( 15361 genes annotated to the GO terms. )

invisible(resultFisher <- runTest(GOdata, algorithm = "classic",
statistic = "fisher"))

##
## -- Classic Algorithm --
##
## the algorithm is scoring 818 nontrivial nodes
## parameters:
## test statistic: fisher

invisible(resultFisher2 <- runTest(GOdata, algorithm = "weight",
statistic = "fisher"))

##
## -- Weight Algorithm --
##
## The algorithm is scoring 818 nontrivial nodes
## parameters:
## test statistic: fisher : ratio
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##
## Level 15: 1 nodes to be scored.

##
## Level 14: 2 nodes to be scored.

##
## Level 13: 12 nodes to be scored.

##
## Level 12: 15 nodes to be scored.

##
## Level 11: 20 nodes to be scored.

##
## Level 10: 31 nodes to be scored.

##
## Level 9: 43 nodes to be scored.

##
## Level 8: 59 nodes to be scored.

##
## Level 7: 96 nodes to be scored.

##
## Level 6: 176 nodes to be scored.

##
## Level 5: 172 nodes to be scored.

##
## Level 4: 131 nodes to be scored.

##
## Level 3: 48 nodes to be scored.

##
## Level 2: 11 nodes to be scored.

##
## Level 1: 1 nodes to be scored.
resultFisher

##
## Description:
## Ontology: MF
## �classic� algorithm with the �fisher� test
## 4519 GO terms scored: 57 terms with p < 0.01
## Annotation data:
## Annotated genes: 15361
## Significant genes: 340
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 818
resultFisher2

##
## Description:
## Ontology: MF

25



 

 

 139 

 

## �weight� algorithm with the �fisher : ratio� test
## 4519 GO terms scored: 20 terms with p < 0.01
## Annotation data:
## Annotated genes: 15361
## Significant genes: 340
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 818

PosRes <- GenTable(GOdata, classic = resultFisher, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(PosRes, file = "output/GOtermenrichment_fisher_classic_positive_mf.csv")

PosRes2 <- GenTable(GOdata, classic = resultFisher2, orderBy = "weight",
ranksOf = "classic", topNodes = 1500, numChar = 200)

write.csv(PosRes2, file = "output/GOtermenrichment_fisher_weight_positive_mf.csv")

### negative
geneList <- factor(as.integer(row.names(allgenes) %in% row.names(negative)))
names(geneList) <- row.names(allgenes)
str(geneList)

## Factor w/ 2 levels "0","1": 1 1 1 1 1 1 1 1 1 1 ...
## - attr(*, "names")= chr [1:30030] "ENSG00000000003" "ENSG00000000005" "ENSG00000000419" "ENSG00000000457" ...

GOdata <- new("topGOdata", ontology = "MF", allGenes = geneList,
annot = annFUN.gene2GO, gene2GO = gene.to.GO)

##
## Building most specific GOs .....

## ( 4069 GO terms found. )

##
## Build GO DAG topology ..........

## ( 4519 GO terms and 5800 relations. )

##
## Annotating nodes ...............

## ( 15361 genes annotated to the GO terms. )

invisible(resultFisher <- runTest(GOdata, algorithm = "classic",
statistic = "fisher"))

##
## -- Classic Algorithm --
##
## the algorithm is scoring 478 nontrivial nodes
## parameters:
## test statistic: fisher

invisible(resultFisher2 <- runTest(GOdata, algorithm = "weight",
statistic = "fisher"))

##
## -- Weight Algorithm --
##
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## The algorithm is scoring 478 nontrivial nodes
## parameters:
## test statistic: fisher : ratio

##
## Level 13: 1 nodes to be scored.

##
## Level 12: 1 nodes to be scored.

##
## Level 11: 5 nodes to be scored.

##
## Level 10: 11 nodes to be scored.

##
## Level 9: 30 nodes to be scored.

##
## Level 8: 40 nodes to be scored.

##
## Level 7: 50 nodes to be scored.

##
## Level 6: 92 nodes to be scored.

##
## Level 5: 111 nodes to be scored.

##
## Level 4: 85 nodes to be scored.

##
## Level 3: 41 nodes to be scored.

##
## Level 2: 10 nodes to be scored.

##
## Level 1: 1 nodes to be scored.
resultFisher

##
## Description:
## Ontology: MF
## �classic� algorithm with the �fisher� test
## 4519 GO terms scored: 18 terms with p < 0.01
## Annotation data:
## Annotated genes: 15361
## Significant genes: 105
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 478
resultFisher2

##
## Description:
## Ontology: MF
## �weight� algorithm with the �fisher : ratio� test
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## 4519 GO terms scored: 17 terms with p < 0.01
## Annotation data:
## Annotated genes: 15361
## Significant genes: 105
## Min. no. of genes annotated to a GO: 1
## Nontrivial nodes: 478

NegRes2 <- GenTable(GOdata, classic = resultFisher2, topNodes = 1500,
numChar = 200)

write.csv(NegRes2, file = "output/GOtermenrichment_fisher_weight_negative_mf.csv")
NegRes <- GenTable(GOdata, classic = resultFisher, topNodes = 1500,

numChar = 200)
write.csv(NegRes, file = "output/GOtermenrichment_fisher_classic_negative_mf.csv")

bubbleplot <- function(data_out, GOterms = GOID, filename, count = count,
name = name, pvalue = pvalue, ontology, minpvalue = 0.05,
mingenes = 1, ...) {
data_out$GO_ID <- data_out[, GOterms]
data_out$pvalue <- data_out[, pvalue]
# to get the semantic similarity of GO terms

setOntology(as.character(ontology))
names <- as.vector(data_out$GO_ID)
matrix_names <- getTermSim(names, method = "Lin", verbose = F)
matrix_names[is.infinite(matrix_names)] <- 0
# potential methods: �Resnik�, �JiangConrath�, �Lin�,

# �CoutoEnriched�, �CoutoResnik�, �CoutoLin�, �diffKernel�,

# �relevance�, �GIC�

sim <- 1 - matrix_names
sim2 <- data.frame(apply(sim, 2, jitter))
d <- dist(sim2)
fit <- cmdscale(d, eig = TRUE, k = 2)
data <- as.data.frame(fit$points)
data$GO_ID <- row.names(data)
data <- merge(data, data_out, by = "GO_ID")
# sort so that larger bubbles plot first

data <- data[order(-data$count), ]
# to convert the points

converted <- cart2pol(data$V1, data$V2, degrees = F)
data$r <- converted$r
data$theta <- converted$theta
bubbles <- dim(data)[1]
labels <- data[order(data$theta), ]
labels$num <- c(0:(bubbles - 1))
labels$r <- 1.1 * max(data$r)

mintheta <- min(data$theta)
maxtheta <- max(data$theta)
# to subset the labels

labels <- subset(labels, abs(labels$pvalue) < minpvalue)
bubbles <- dim(labels)[1]
labels$num <- c(0:(bubbles - 1))

labels[labels$num == 0, ]$r <- 1.15 * max(data$r)
labels[labels$num == 1, ]$r <- 1.125 * max(data$r)
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if (is.even(bubbles)) {
labels[labels$num == median(labels$num) - 0.5, ]$r <- 1.15 *

max(data$r)
labels[labels$num == (median(labels$num) + 1.5), ]$r <- 1.125 *

max(data$r)
labels[labels$num == (median(labels$num) - 1.5), ]$r <- 1.125 *

max(data$r)
} else {

labels[labels$num == median(labels$num), ]$r <- 1.15 *

max(data$r)
labels[labels$num == (median(labels$num) + 1), ]$r <- 1.125 *

max(data$r)
labels[labels$num == (median(labels$num) - 1), ]$r <- 1.125 *

max(data$r)
}

labels$labeltheta <- (mintheta + labels[, "num"] * (maxtheta -

mintheta)/bubbles)
group <- labels[, c(name, "r", "labeltheta", count, pvalue,

"num")]
colnames(group) <- c("name", "r", "theta", "count", "pvalue",

"num")
group$r <- group$r - 0.1

group2 <- subset(data, abs(data$pvalue) < (minpvalue))[,
c(name, "r", "theta", count, pvalue)]

colnames(group2) <- c("name", "r", "theta", "count", "pvalue")
group2 <- group2[order(group2$theta), ]
bubbles <- dim(group2)[1]
group2[, "num"] <- c(0:(bubbles - 1))
groups <- rbind(group, group2)
maxpn <- signif(min(data$pvalue[data$pvalue < 0]), 1)
maxpp <- signif(max(data$pvalue[data$pvalue > 0]), 1)
totmax <- max(c(-1 * maxpn, maxpp))
if (totmax > min(data$pvalue[data$pvalue < 0])) {

totmax <- max(c(-1 * maxpn, signif(maxpp * 1.1, 1)))
}
minpn <- signif(max(data$pvalue[data$pvalue < 0]), 1)
minpp <- signif(min(data$pvalue[data$pvalue > 0]), 1)
totmin <- max(c(-1 * minpn, minpp))
mid <- signif((totmax + totmin)/2, 1)
data$cuts <- cut(data$pvalue, c(-1 * totmax, -1 * mid, -1 *

totmin, 0, totmin, mid, totmax))
data$cuts <- factor(data$cuts, c(levels(data$cuts)[3], levels(data$cuts)[2],

levels(data$cuts)[1], levels(data$cuts)[4], levels(data$cuts)[5],
levels(data$cuts)[6]))

level1 <- as.character(levels(data$cuts)[1]) #high

level2 <- as.character(levels(data$cuts)[2]) #mid

level3 <- as.character(levels(data$cuts)[3]) #low

level4 <- as.character(levels(data$cuts)[4]) #high

level5 <- as.character(levels(data$cuts)[5]) #mid

level6 <- as.character(levels(data$cuts)[6]) #low
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colors = c(level1 = "#a50f15", level2 = "#de2d26", level3 = "#fb6a4a",
level4 = "#08519c", level5 = "#3182bd", level6 = "#6baed6")

# colors=c(�#4d9221�, �#7fbc41�,�#b8e186�,�#c51b7d�,

# �#de77ae�,�#f1b6da�)

names(colors) <- c(level1, level2, level3, level4, level5,
level6)

sizemax <- as.numeric(max(data[, count]))/as.numeric(max(data[,
count])) * 10

sizemin <- as.numeric(min(data[, count]))/as.numeric(max(data[,
count])) * 10

p2 <- ggplot(data, aes(x = r, y = theta)) + geom_point(shape = 21,
aes(size = data[, count], fill = cuts)) + geom_text(aes(x = r,
y = labeltheta, label = subset(labels, labels$labeltheta <

3.14)[, name], size = 50, hjust = 1, angle = 0),
check_overlap = F, data = subset(labels, labels$labeltheta <

3.14), col = "black", show.legend = FALSE) + geom_text(aes(x = r,
y = labeltheta, label = subset(labels, labels$labeltheta >

3.14)[, name], size = 50, hjust = 0, angle = 0),
check_overlap = F, data = subset(labels, labels$labeltheta >=

3.14), col = "black", show.legend = FALSE) + scale_fill_manual(values = colors,
drop = FALSE, labels = c(paste("<", totmin, " higher in Chimpanzees"),

paste("<", mid), paste("<", totmax), paste("<", totmin,
" higher in Humans"), paste("<", mid), paste("<",
totmax))) + guides(fill = guide_legend(ncol = 2,

title = "adj p-value", override.aes = list(size = 5)),
size = guide_legend(title = "number of genes", override.aes = list(shape = 21)),
alpha = FALSE) + coord_polar(theta = "y", direction = -1,
start = 0) + scale_size_continuous(range = c(sizemin,
sizemax)) + # geom_line(aes(x=r, y=theta, group=num),

# size=.5,alpha=.3,data=subset(groups,

# groups$count>mingenes))+

geom_line(aes(x = r, y = theta, group = num), size = 0.5,
alpha = 0.3, data = subset(groups, abs(groups$pvalue) <

minpvalue)) + theme_void() + theme(legend.position = "bottom",
legend.box = "horizontal") + theme(axis.text.x = element_blank(),
axis.text.y = element_blank(), axis.ticks.y = element_blank(),
axis.title = element_blank())

gg_table <- ggplot_gtable(ggplot_build(p2))
gg_table$layout$clip[gg_table$layout$name == "panel"] <- "off"
grid.draw(gg_table)

pdf(filename, width = 13, height = 8.5, onefile = T, useDingbats = FALSE)
gg_table <- ggplot_gtable(ggplot_build(p2))
gg_table$layout$clip[gg_table$layout$name == "panel"] <- "off"
grid.draw(gg_table)
dev.off()

}
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Plotting

Here’s how to plot it with labels for GO terms with a minimum of 25 genes.
exampledata1 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_classic_positive.csv",

row.names = 1))
exampledata2 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_classic_negative.csv",

row.names = 1))
exampledata2$classic <- exampledata2$classic * -1
exampledata1$Term <- as.character(exampledata1$Term)
exampledata2$Term <- as.character(exampledata2$Term)

dataset <- as.data.frame(rbind(exampledata1, exampledata2))

dataset$count1 <- as.numeric(dataset$Significant)
dataset2 <- dataset[dataset$Significant > 4, ]
dataset3 <- dataset2[!(duplicated(dataset2$Term) | duplicated(dataset2$Term,

fromLast = TRUE)), ]

bubbleplot(dataset3, GO = "GO.ID", name = "Term", count = "count1",
ontology = "BP", pvalue = "classic", minpvalue = 0.001, filename = "figures/goterm_classic_fisher.pdf")

## initializing GOSim package ...

## -> retrieving GO information for all available genes for organism �human� in GO database

## -> filtering GO terms according to evidence levels �all�

## -> loading files with information content for corresponding GO category (human)

## finished.

## -> loading files with information content for corresponding GO category (human)

## Warning: package �bindrcpp� was built under R version 3.4.4
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synapse assemblydevelopmental processbrain developmentcentral nervous system developmentanatomical structure morphogenesismulticellular organism developmentsystem developmentanatomical structure developmentdendrite developmentnervous system developmentaxon guidancecell part morphogenesiscell projection morphogenesiscellular developmental processcell differentiationcell developmentneuron differentiationgeneration of neuronsneuron developmentneurogenesisneuron projection developmentcell morphogenesis involved in neuron differentiationneuron projection morphogenesispositive regulation of nervous system developmentregulation of synapse assemblyregulation of nervous system developmentpositive regulation of synapse assemblyregulation of ion transmembrane transportregulation of transportpositive regulation of sodium ion transportregulation of localizationpotassium ion transmembrane transportion transportcation transportmetal ion transportion transmembrane transportcellular potassium ion transportmonovalent inorganic cation transportneurotransmitter secretionsodium ion transporttransportestablishment of localizationtransmembrane transportmembrane repolarizationlocalizationcalcium ion regulated exocytosisneurotransmitter transportregulation of biological qualitymodulation of chemical synaptic transmissionregulation of neurotransmitter levelsnegative regulation of hydrolase activity negative regulation of phosphatase activityregulation of membrane potentialregulation of phosphatase activityaction potentialregulation of cell proliferationregulation of phosphoprotein phosphatase activitycardiac muscle cell action potentialmembrane depolarization during action potentialregulation of synapse structure or activitynegative regulation of dephosphorylationchemical synaptic transmissionsignalingcell−cell signalingcell proliferationpresynaptic process involved in chemical synaptic transmissioncation transmembrane transportsignal release from synapseneuron projection guidancetrans−synaptic signalingcardiac muscle cell membrane repolarizationplasma membrane bounded cell projection morphogenesisaxon developmentanterograde trans−synaptic signalinginorganic cation transmembrane transportventricular cardiac muscle cell membrane repolarizationorganic hydroxy compound biosynthetic processsynaptic signalingcell communicationplasma membrane bounded cell projection organizationresponse to nicotinelocomotory behaviorbehavioractin−mediated cell contractionactin filament−based movementmovement of cell or subcellular componentregulation of synapse organizationsynapse organizationresponse to paincardiac muscle cell contractionventricular cardiac muscle cell action potentialcell projection organizationmulticellular organismal signalingmuscle contractioncardiac muscle cell action potential involved in contractionregulation of heart rate by cardiac conductioncardiac conductionnervous system processsystem processhead developmentmulticellular organismal process

adj p−value
< 5e−04  higher in Chimpanzees

< 0.005

< 0.01

< 5e−04  higher in Humans

< 0.005

< 0.01

number of genes 50 100

## pdf
## 2

exampledata1 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_weight_positive.csv",
row.names = 1))

exampledata2 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_weight_negative.csv",
row.names = 1))

exampledata2$classic <- exampledata2$classic * -1
exampledata1$Term <- as.character(exampledata1$Term)
exampledata2$Term <- as.character(exampledata2$Term)
dataset <- as.data.frame(rbind(exampledata1, exampledata2))
dataset$count1 <- as.numeric(dataset$Significant)
dataset2 <- dataset[dataset$Significant > 1, ]
dataset3 <- dataset2[!(duplicated(dataset2$Term) | duplicated(dataset2$Term,

fromLast = TRUE)), ]

bubbleplot(dataset2, GO = "GO.ID", name = "Term", count = "count1",
ontology = "BP", pvalue = "classic", minpvalue = 0.005, filename = "figures/goterm_weight_fisher.pdf")

## -> loading files with information content for corresponding GO category (human)
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L−ascorbic acid metabolic processdiacylglycerol biosynthetic processcarnitine biosynthetic processcell adhesionneuron projection guidancecell−cell adhesion via plasma−membrane adhesion moleculesventricular cardiac muscle cell membrane repolarizationsynaptic vesicle cycleregulation of delayed rectifier potassium channel activityregulation of neutrophil activationcellular response to luteinizing hormone stimulusresponse to nicotinehemidesmosome assemblylocomotory behaviorbehavioral response to painfemale meiosis Imale meiosis Iprimitive streak formationembryonic genitalia morphogenesisodontogenesis of dentin−containing toothforebrain morphogenesiskidney developmentnervous system development detection of temperature stimulus involved in sensory perception of paindetection of light stimulus involved in visual perceptionhindbrain radial glia guided cell migrationnegative regulation of skeletal muscle tissue developmentprepulse inhibitionpositive regulation of synapse assemblyregulation of heart rate by cardiac conductionventricular cardiac muscle cell action potentialneuronal action potentialmembrane depolarization during action potentialpositive regulation of action potentialregulation of neurotransmitter levelsnegative regulation of synaptic plasticityregulation of ion transmembrane transportpositive regulation of sodium ion transportregulation of synaptic transmission, cholinergicnegative regulation of phosphoprotein phosphatase activitypositive regulation of homotypic cell−cell adhesionpositive regulation of white fat cell proliferationchemical synaptic transmissioncalcium ion regulated exocytosisbicarbonate transportneurotransmitter transport

adj p−value
< 4e−04  higher in Chimpanzees

< 0.005

< 0.01

< 4e−04  higher in Humans

< 0.005

< 0.01

number of genes 25 50

## pdf
## 2

exampledata1 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_weight_positive_mf.csv",
row.names = 1))

exampledata2 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_weight_negative_mf.csv",
row.names = 1))

exampledata1 <- exampledata1[exampledata1$classic < 0.01, ]
exampledata2 <- exampledata2[exampledata2$classic < 0.01, ]
exampledata2$classic <- exampledata2$classic * -1
exampledata1$Term <- as.character(exampledata1$Term)
exampledata2$Term <- as.character(exampledata2$Term)
dataset <- as.data.frame(rbind(exampledata1, exampledata2))
dataset$count1 <- as.numeric(dataset$Significant)
dataset2 <- dataset[dataset$Significant > 1, ]
dataset3 <- dataset2[!(duplicated(dataset2$Term) | duplicated(dataset2$Term,

fromLast = TRUE)), ]

bubbleplot(dataset3, GO = "GO.ID", name = "Term", count = "count1",
ontology = "MF", pvalue = "classic", minpvalue = 0.001, filename = "figures/goterm_weight_fisher_mf.pdf")

## -> loading files with information content for corresponding GO category (human)
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delayed rectifier potassium channel activity

carbonate dehydratase activity

voltage−gated potassium channel activity involved in ventricular cardiac muscle cell action potential repolarizationprosaposin receptor activity

clathrin binding

number of genes 10 20 30 40 50
adj p−value

< 0.002  higher in Chimpanzees

< 0.006

< 0.01

< 0.002  higher in Humans

< 0.006

< 0.01

## pdf
## 2

exampledata1 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_classic_positive_mf.csv",
row.names = 1))

exampledata2 <- as.data.frame(read.csv("output/GOtermenrichment_fisher_classic_negative_mf.csv",
row.names = 1))

exampledata1 <- exampledata1[exampledata1$classic < 0.01, ]
exampledata2 <- exampledata2[exampledata2$classic < 0.01, ]
exampledata2$classic <- exampledata2$classic * -1
exampledata1$Term <- as.character(exampledata1$Term)
exampledata2$Term <- as.character(exampledata2$Term)
dataset <- as.data.frame(rbind(exampledata1, exampledata2))
dataset$count1 <- as.numeric(dataset$Significant)
dataset2 <- dataset[dataset$Significant > 1, ]
dataset3 <- dataset2[!(duplicated(dataset2$Term) | duplicated(dataset2$Term,

fromLast = TRUE)), ]

bubbleplot(dataset3, GO = "GO.ID", name = "Term", count = "count1",
ontology = "MF", pvalue = "classic", minpvalue = 0.005, filename = "figures/goterm_classic_fisher_mf.pdf")

## -> loading files with information content for corresponding GO category (human)
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carbonate dehydratase activity3',5'−cyclic−GMP phosphodiesterase activityprotein−hormone receptor activitytransmembrane receptor protein tyrosine kinase activitycation transmembrane transporter activityion transmembrane transporter activityinorganic cation transmembrane transporter activitychannel activitysubstrate−specific channel activitypassive transmembrane transporter activitysubstrate−specific transmembrane transporter activitymetal ion transmembrane transporter activityion channel activityvoltage−gated ion channel activitymonovalent inorganic cation transmembrane transporter activitycation channel activityvoltage−gated potassium channel activityvoltage−gated cation channel activitysubstrate−specific transporter activitytransmembrane transporter activitygated channel activitypotassium ion transmembrane transporter activitypotassium channel activity transporter activityvoltage−gated channel activitysodium channel activityactive transmembrane transporter activityvoltage−gated sodium channel activitydelayed rectifier potassium channel activitysecondary active transmembrane transporter activitysymporter activitylow voltage−gated calcium channel activityorganic anion transmembrane transporter activityreceptor bindingclathrin bindingproteoglycan bindingphosphatase inhibitor activity3'−phosphoadenosine 5'−phosphosulfate bindingneuregulin bindingvoltage−gated potassium channel activity involved in cardiac muscle cell action potential repolarizationprosaposin receptor activityvoltage−gated potassium channel activity involved in ventricular cardiac muscle cell action potential repolarizationvoltage−gated ion channel activity involved in regulation of postsynaptic membrane potential

number of genes 10 20 30 40 50
adj p−value

< 0.002  higher in Chimpanzees

< 0.006

< 0.01

< 0.002  higher in Humans

< 0.006

< 0.01

## pdf
## 2

ATACseq Analysis

merged <- read.delim("data/adipocyte_ipsc_atac_counts.2018-03-22.txt",
header = T, sep = "\t")

samples <- read.delim("data/ATACsamples2.csv", header = T, sep = ",")
colnames(samples)[1] <- "Sample"

# remove zero counts

merged <- merged[, c(1:4, 6:19)]
samples <- samples[c(1:4, 6:19), ]
samples$Group <- factor(paste0(samples$Type, samples$Species))
ssDataGroup <- DESeqDataSetFromMatrix(merged, colData = samples,

design = ~0 + Group)
ATACData <- DESeqDataSetFromMatrix(merged, colData = samples,

design = ~Species * Type)
dds <- DESeq(ATACData, betaPrior = F)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship
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## final dispersion estimates

## fitting model and testing

ddsgroup <- DESeq(ssDataGroup, betaPrior = F)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

HA_CA <- results(ddsgroup, contrast = (list("GroupadipocyteHuman",
"GroupadipocyteChimp")))

HC_CC <- results(ddsgroup, contrast = (list("GroupiPSCHuman",
"GroupiPSCChimp")))

HA_HC <- results(ddsgroup, contrast = (list("GroupadipocyteHuman",
"GroupiPSCHuman")))

CA_CC <- results(ddsgroup, contrast = (list("GroupadipocyteChimp",
"GroupiPSCChimp")))

ATAC_pvalues <- as.data.frame(HA_CA)

Species_only <- as.data.frame(HA_CA[which(HA_CA$padj <= 0.05 &

HC_CC$padj <= 0.05), ])

Adipo_only <- as.data.frame(HA_CA[which(HA_CA$padj <= 0.05 &

HC_CC$padj > 0.05), ])
dim(Adipo_only)

## [1] 1091 6

Type_only <- as.data.frame(HA_CA[which(HA_HC$padj <= 0.05 & CA_CC$padj <=

0.05), ])

Colony_only <- as.data.frame(HA_CA[which(HA_CA$padj > 0.05 &

HC_CC$padj <= 0.05), ])
dim(Colony_only)

## [1] 21205 6

All <- as.data.frame(HA_CA)

all_peaks <- read.delim("data/all_peaks.txt")

All$GeneID <- row.names(All)
all_peaks2 <- merge(All, all_peaks, by = "GeneID")
all_bed <- all_peaks2[, c("Chr", "Start", "End", "GeneID", "baseMean")]
write.table(x = all_bed, file = "output/allpeaks_bed.txt", col.names = T,

row.names = T, quote = F, sep = "\t")

Species_only$GeneID <- row.names(Species_only)
all_peaks2 <- merge(Species_only, all_peaks, by = "GeneID")
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species_bed <- all_peaks2[, c("Chr", "Start", "End", "GeneID",
"baseMean")]

write.table(x = species_bed, file = "output/species_only_bed.txt",
col.names = T, row.names = T, quote = F, sep = "\t")

Type_only$GeneID <- row.names(Type_only)
all_peaks2 <- merge(Type_only, all_peaks, by = "GeneID")
type_bed <- all_peaks2[, c("Chr", "Start", "End", "GeneID", "baseMean")]
write.table(x = type_bed, file = "output/type_only_bed.txt",

col.names = T, row.names = T, quote = F, sep = "\t")

Adipo_only$GeneID <- row.names(Adipo_only)
all_peaks2 <- merge(Adipo_only, all_peaks, by = "GeneID")
adipo_bed <- all_peaks2[, c("Chr", "Start", "End", "GeneID",

"baseMean")]
write.table(x = adipo_bed, file = "output/adipocyte_only_bed.txt",

col.names = T, row.names = T, quote = F, sep = "\t")

Adipo_only_up <- Adipo_only[which(Adipo_only$log2FoldChange >

0), ]
all_peaks2 <- merge(Adipo_only_up, all_peaks, by = "GeneID")
adipo_bed_up <- all_peaks2[, c("Chr", "Start", "End", "GeneID",

"baseMean")]
write.table(x = adipo_bed_up, file = "output/adipocyte_only_up_bed.txt",

col.names = T, row.names = T, quote = F, sep = "\t")

Adipo_only_down <- Adipo_only[which(Adipo_only$log2FoldChange <

0), ]
all_peaks2 <- merge(Adipo_only_down, all_peaks, by = "GeneID")
adipo_bed_down <- all_peaks2[, c("Chr", "Start", "End", "GeneID",

"baseMean")]
write.table(x = adipo_bed_down, file = "output/adipocyte_only_down_bed.txt",

col.names = T, row.names = T, quote = F, sep = "\t")

invariant <- All[!(All %in% Species_only), ]
invariant <- invariant[!(invariant %in% Adipo_only), ]
invariant <- invariant[!(invariant %in% Type_only), ]

invariant$GeneID <- row.names(invariant)
all_peaks2 <- merge(invariant, all_peaks, by = "GeneID")
invariant_bed <- all_peaks2[, c("Chr", "Start", "End", "GeneID",

"baseMean")]
write.table(x = invariant_bed, file = "output/invariant_bed.txt",

col.names = T, row.names = T, quote = F, sep = "\t")

rld <- rlog(dds, blind = FALSE)

## output for upset
nrow(dds)

## [1] 188966
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dds <- dds[rowMeans(counts(dds)) > 3, ]
nrow(dds)

## [1] 182950

resultsNames(dds)

## [1] "Intercept" "Species_Human_vs_Chimp"
## [3] "Type_iPSC_vs_adipocyte" "SpeciesHuman.TypeiPSC"

all <- as.data.frame(results(dds, name = "SpeciesHuman.TypeiPSC",
alpha = 0.05))

Int_ATAC <- as.data.frame(results(dds, name = "SpeciesHuman.TypeiPSC",
alpha = 0.05))

Int_ATAC <- Int_ATAC[which(Int_ATAC$padj <= 0.05), ]
Int_ATAC_up <- Int_ATAC[which(Int_ATAC$log2FoldChange > 0), ]
Int_ATAC_down <- Int_ATAC[which(Int_ATAC$log2FoldChange < 0),

]

Type_ATAC <- as.data.frame(results(dds, contrast = list(c("Type_iPSC_vs_adipocyte",
"SpeciesHuman.TypeiPSC")), alpha = 0.5))

Type_ATAC <- Type_ATAC[which(Type_ATAC$padj <= 0.05), ]
Type_ATAC_up <- Type_ATAC[which(Type_ATAC$log2FoldChange > 0),

]
Type_ATAC_down <- Type_ATAC[which(Type_ATAC$log2FoldChange <

0), ]

Species_ATAC <- as.data.frame(results(dds, name = "Species_Human_vs_Chimp",
alpha = 0.05))

Species_ATAC <- Species_ATAC[which(Species_ATAC$padj <= 0.05),
]

Species_ATAC_up <- Species_ATAC[which(Species_ATAC$log2FoldChange >

0), ]
Species_ATAC_down <- Species_ATAC[which(Species_ATAC$log2FoldChange <

0), ]
invariant <- all[!row.names(all) %in% row.names(Species_ATAC),

]
invariant <- invariant[!row.names(invariant) %in% row.names(Type_ATAC),

]
invariant <- invariant[!row.names(invariant) %in% row.names(Int_ATAC),

]

listInput <- list(int.pos = c(row.names(Int_ATAC_up)), int.neg = c(row.names(Int_ATAC_down)),
colony.up = c(row.names(Type_ATAC_up)), adipocyte.up = c(row.names(Type_ATAC_down)),
chimp.up = c(row.names(Species_RNA_down)), human.up = c(row.names(Species_ATAC_up)),
invariant = c(row.names(invariant)))

upset(fromList(listInput), nsets = 7, sets = c("invariant", "int.neg",
"int.pos", "chimp.up", "human.up", "colony.up", "adipocyte.up"),
keep.order = TRUE)
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listInput <- list(interaction = c(row.names(Int_ATAC)), type = c(row.names(Type_ATAC)),
species = c(row.names(Species_ATAC)), invariant = c(row.names(invariant)))

upset(fromList(listInput), nsets = 4, sets = c("invariant", "interaction",
"species", "type"), keep.order = TRUE)
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plotPCA2 <- function(rld, intgroup = c("Species", "Type"), ntop = 2e+05,
returnData = FALSE) {
rv <- rowVars(assay(rld))
select <- order(rv, decreasing = TRUE)[seq_len(min(ntop,

length(rv)))]
pca <- prcomp(t(assay(rld)[select, ]))
percentVar <- pca$sdev^2/sum(pca$sdev^2)
if (!all(intgroup %in% names(colData(rld)))) {

stop("the argument �intgroup� should specify columns of colData(dds)")
}
intgroup.df <- as.data.frame(colData(rld)[, intgroup, drop = FALSE])
group <- if (length(intgroup) > 1) {

factor(apply(intgroup.df, 1, paste, collapse = " : "))
} else {

colData(rld)[[intgroup]]
}
d <- data.frame(PC1 = pca$x[, 1], PC2 = pca$x[, 2], PC3 = pca$x[,

3], PC4 = pca$x[, 4], PC5 = pca$x[, 5], PC6 = pca$x[,
6], group = group, intgroup.df, name = colnames(rld))

if (returnData) {
attr(d, "percentVar") <- percentVar[1:2]
return(d)

}
ggplot(data = d, aes_string(x = "PC1", y = "PC2", color = "group",

shape = "Species")) + geom_point(size = 3) + xlab(paste0("PC1: ",
round(percentVar[1] * 100), "% variance")) + ylab(paste0("PC2: ",
round(percentVar[2] * 100), "% variance")) + coord_fixed() +
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scale_color_manual(values = c("#d7191c", "#fdae61", "#2c7bb6",
"#abd9e9")) + scale_shape_manual(values = c(17, 16)) +

theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA))

}

plotPCA2(rld, intgroup = c("Species", "Type"), ntop = 2e+05)
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plotPCA2 <- function(rld, intgroup = c("Species", "Type"), ntop = 2e+05,
returnData = FALSE) {
rv <- rowVars(assay(rld))
select <- order(rv, decreasing = TRUE)[seq_len(min(ntop,

length(rv)))]
pca <- prcomp(t(assay(rld)[select, ]))
percentVar <- pca$sdev^2/sum(pca$sdev^2)
if (!all(intgroup %in% names(colData(rld)))) {

stop("the argument �intgroup� should specify columns of colData(dds)")
}
intgroup.df <- as.data.frame(colData(rld)[, intgroup, drop = FALSE])
group <- if (length(intgroup) > 1) {

factor(apply(intgroup.df, 1, paste, collapse = " : "))
} else {

colData(rld)[[intgroup]]
}
d <- data.frame(PC1 = pca$x[, 1], PC2 = pca$x[, 2], PC3 = pca$x[,

3], PC4 = pca$x[, 4], PC5 = pca$x[, 5], PC6 = pca$x[,
6], group = group, intgroup.df, name = colnames(rld))

if (returnData) {
attr(d, "percentVar") <- percentVar[1:2]
return(d)

}
ggplot(data = d, aes_string(x = "PC2", y = "PC3", color = "group",

shape = "Species")) + geom_point(size = 3) + xlab(paste0("PC2: ",
round(percentVar[2] * 100), "% variance")) + ylab(paste0("PC3: ",
round(percentVar[3] * 100), "% variance")) + coord_fixed() +
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scale_color_manual(values = c("#d7191c", "#fdae61", "#2c7bb6",
"#abd9e9")) + scale_shape_manual(values = c(17, 16)) +

theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA))

}

plotPCA2(rld, intgroup = c("Species", "Type"), ntop = 2e+05)
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pcaobj <- prcomp(t(assay(rld)))
pcs <- pcascree(pcaobj, pc_nr = 8, type = "pev", title = "Proportion of explained variance")
pcs + theme_classic()
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res_pc <- correlatePCs(pcaobj, colData(dds))
res_pc

## Sample Species Line Type Group
## PC_1 0.4543661 0.5939546753 0.98503500 0.0003485752 0.002632155
## PC_2 0.4543661 0.0003792847 0.09486402 0.8946258095 0.004636605
## PC_3 0.4543661 0.5339640135 0.63894606 0.9647839776 0.020198677
## PC_4 0.4543661 0.2863205968 0.28545214 0.2696898998 0.250319656
## sizeFactor
## PC_1 0.003305787
## PC_2 0.824196630
## PC_3 0.620771320
## PC_4 0.760687928

plotPCcorrs(res_pc, pc = 1)
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plotPCcorrs(res_pc, pc = 3)
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adipocyte only analysis
merged <- read.delim("data/adipocyte_ipsc_atac_counts.2018-03-22.txt",

header = T, sep = "\t")
samples <- read.delim("data/ATACsamples.csv", header = T, sep = ",")
colnames(samples)[1] <- "Sample"
merged <- merged[, c(1:4, 6:10)]
samples <- samples[c(1:4, 6:10), ]

samples$Type <- NULL
ATACData <- DESeqDataSetFromMatrix(merged, colData = samples,

design = ~Species)
dds <- DESeq(ATACData, betaPrior = F)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

res <- results(dds)
summary(res)

##
## out of 184901 with nonzero total read count
## adjusted p-value < 0.1
## LFC > 0 (up) : 1589, 0.86%
## LFC < 0 (down) : 1938, 1%
## outliers [1] : 13, 0.007%
## low counts [2] : 0, 0%
## (mean count < 0)
## [1] see �cooksCutoff� argument of ?results
## [2] see �independentFiltering� argument of ?results

rld <- rlog(dds, blind = FALSE)

plotPCA2 <- function(rld, intgroup = "Species", ntop = 2e+05,
returnData = FALSE) {
rv <- rowVars(assay(rld))
select <- order(rv, decreasing = TRUE)[seq_len(min(ntop,

length(rv)))]
pca <- prcomp(t(assay(rld)[select, ]))
percentVar <- pca$sdev^2/sum(pca$sdev^2)
if (!all(intgroup %in% names(colData(rld)))) {

stop("the argument �intgroup� should specify columns of colData(dds)")
}
intgroup.df <- as.data.frame(colData(rld)[, intgroup, drop = FALSE])
group <- if (length(intgroup) > 1) {

factor(apply(intgroup.df, 1, paste, collapse = " : "))
} else {

colData(rld)[[intgroup]]
}
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d <- data.frame(PC1 = pca$x[, 1], PC2 = pca$x[, 2], PC3 = pca$x[,
3], PC4 = pca$x[, 4], PC5 = pca$x[, 5], PC6 = pca$x[,
6], group = group, intgroup.df, name = colnames(rld))

if (returnData) {
attr(d, "percentVar") <- percentVar[1:2]
return(d)

}
ggplot(data = d, aes_string(x = "PC1", y = "PC2", color = "group",

shape = "Species")) + geom_point(size = 3) + xlab(paste0("PC1: ",
round(percentVar[1] * 100), "% variance")) + ylab(paste0("PC2: ",
round(percentVar[2] * 100), "% variance")) + coord_fixed() +

scale_color_manual(values = c("#d7191c", "#fdae61", "#2c7bb6",
"#abd9e9")) + scale_shape_manual(values = c(17, 16)) +

theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA))

}

plotPCA2(rld, intgroup = c("Species"), ntop = 500)
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pcaobj <- prcomp(t(assay(rld)))
pcs <- pcascree(pcaobj, pc_nr = 8, type = "pev", title = "Proportion of explained variance")
pcs + theme_classic()
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res_pc <- correlatePCs(pcaobj, colData(dds))
res_pc

## Sample Species Line sizeFactor
## PC_1 0.4334701 0.14164469 0.4334701 0.7756283
## PC_2 0.4334701 0.01430588 0.4334701 0.6777447
## PC_3 0.4334701 0.80649594 0.4334701 0.2499173
## PC_4 0.4334701 0.62420611 0.4334701 0.9815697

plotPCcorrs(res_pc, pc = 1)
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plotPCcorrs(res_pc, pc = 3)
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norm.counts <- as.data.frame(res)

hc_05 <- res[which(res$padj < 0.05), ]
hc_05_human <- hc_05[which(hc_05$log2FoldChange > 0), ]
norm.counts_human_05 <- norm.counts[which(row.names(norm.counts) %in%

row.names(hc_05_human)), ]
hc_05_chimp <- hc_05[which(hc_05$log2FoldChange < (0)), ]
norm.counts_chimp_05 <- norm.counts[which(row.names(norm.counts) %in%

row.names(hc_05_chimp)), ]

nonsig <- norm.counts[!row.names(norm.counts) %in% row.names(hc_05_chimp),
]

nonsig <- nonsig[!row.names(nonsig) %in% row.names(hc_05_human),
]

ggplot(norm.counts, aes(x = baseMean, y = log2FoldChange)) +

scale_x_log10() + geom_point(data = nonsig, color = "lightgray",
alpha = 1) + geom_point(data = norm.counts_human_05, color = "#3182bd",
alpha = 1) + geom_point(data = norm.counts_chimp_05, color = "#de2d26",
alpha = 1) + theme_classic()

## Warning: Transformation introduced infinite values in continuous x-axis

## Warning: Removed 4065 rows containing missing values (geom_point).
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Analysis of ATACseq peaks

# adipocytes all

job = submitGreatJob(adipo_bed, bgChoice = "data", bg = all_bed)
job

## Submit time: 2018-07-03 15:55:08
## Version: default
## Species: hg19
## Background: data
## Model: Basal plus extension
## Proximal: 5 kb upstream, 1 kb downstream,
## plus Distal: up to 1000 kb
## Include curated regulatory domains
##
## Enrichment tables for following ontologies have been downloaded:
## None

par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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dev.copy2pdf(file = "figures/adipo_bed_graph.pdf")

## pdf
## 2

adiporesults <- as.data.frame(res)

tb = getEnrichmentTables(job, ontology = c("GO Molecular Function",

53



 

 

 167 

 

"GO Biological Process", "BioCyc Pathway", "PANTHER Pathway",
"MSigDB Pathway"))

write.csv(tb[[1]], "output/adipo_bed_go_mf.csv")
write.csv(tb[[2]], "output/adipo_bed_go_bp.csv")
write.csv(tb[[3]], "output/adipo_bed_biocyc.csv")
write.csv(tb[[4]], "output/adipo_bed_panther.csv")
write.csv(tb[[5]], "output/adipo_bed_msigDB.csv")

# adipocytes up

invisible(Sys.sleep(300))
job = submitGreatJob(adipo_bed_up, bgChoice = "data", bg = all_bed)
job

## Submit time: 2018-07-03 16:01:47
## Version: default
## Species: hg19
## Background: data
## Model: Basal plus extension
## Proximal: 5 kb upstream, 1 kb downstream,
## plus Distal: up to 1000 kb
## Include curated regulatory domains
##
## Enrichment tables for following ontologies have been downloaded:
## None

par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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dev.copy2pdf(file = "figures/adipo_bed_up_graph.pdf")

## pdf
## 2

tb = getEnrichmentTables(job, ontology = c("GO Molecular Function",
"GO Biological Process", "BioCyc Pathway", "PANTHER Pathway",
"MSigDB Pathway"))

write.csv(tb[[1]], "output/adipo_bed_up_go_mf.csv")
write.csv(tb[[2]], "output/adipo_bed_up_go_bp.csv")
write.csv(tb[[3]], "output/adipo_bed_up_biocyc.csv")
write.csv(tb[[4]], "output/adipo_bed_up_panther.csv")
write.csv(tb[[5]], "output/adipo_bed_up_msigDB.csv")

# adipocytes down

invisible(Sys.sleep(300))
job = submitGreatJob(adipo_bed_down, bgChoice = "data", bg = all_bed)
job

## Submit time: 2018-07-03 16:08:20
## Version: default
## Species: hg19
## Background: data
## Model: Basal plus extension
## Proximal: 5 kb upstream, 1 kb downstream,
## plus Distal: up to 1000 kb
## Include curated regulatory domains
##
## Enrichment tables for following ontologies have been downloaded:
## None

par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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dev.copy2pdf(file = "figures/adipo_bed_down_graph.pdf")

## pdf
## 2

tb = getEnrichmentTables(job, ontology = c("GO Molecular Function",
"GO Biological Process", "BioCyc Pathway", "PANTHER Pathway",
"MSigDB Pathway"))

write.csv(tb[[1]], "output/adipo_bed_down_go_mf.csv")
write.csv(tb[[2]], "output/adipo_bed_down_go_bp.csv")
write.csv(tb[[3]], "output/adipo_bed_down_biocyc.csv")
write.csv(tb[[4]], "output/adipo_bed_down_panther.csv")
write.csv(tb[[5]], "output/adipo_bed_down_msigDB.csv")

### species bed
invisible(Sys.sleep(300))
job = submitGreatJob(species_bed, bgChoice = "data", bg = all_bed)
job

## Submit time: 2018-07-03 16:15:29
## Version: default
## Species: hg19
## Background: data
## Model: Basal plus extension
## Proximal: 5 kb upstream, 1 kb downstream,
## plus Distal: up to 1000 kb
## Include curated regulatory domains
##
## Enrichment tables for following ontologies have been downloaded:
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## None

par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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dev.copy2pdf(file = "figures/species_bed_graph.pdf")

## pdf
## 2

speciesresults <- as.data.frame(res)

tb = getEnrichmentTables(job, ontology = c("GO Molecular Function",
"GO Biological Process", "BioCyc Pathway", "PANTHER Pathway",
"MSigDB Pathway"))

write.csv(tb[[3]], "output/species_bed_go_bp.csv")

### cell type bed
invisible(Sys.sleep(300))
job = submitGreatJob(type_bed, bgChoice = "data", bg = all_bed)
job

## Submit time: 2018-07-03 16:23:10
## Version: default
## Species: hg19
## Background: data
## Model: Basal plus extension
## Proximal: 5 kb upstream, 1 kb downstream,
## plus Distal: up to 1000 kb
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## Include curated regulatory domains
##
## Enrichment tables for following ontologies have been downloaded:
## None

par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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dev.copy2pdf(file = "figures/type_bed_graph.pdf")

## pdf
## 2

typeresults <- as.data.frame(res)

tb = getEnrichmentTables(job, ontology = c("GO Molecular Function",
"GO Biological Process", "BioCyc Pathway", "PANTHER Pathway",
"MSigDB Pathway"))

write.csv(tb[[3]], "output/type_bed_go_bp.csv")

### all bed
job = submitGreatJob(all_bed)

## Warning in submitGreatJob(all_bed): GREAT gives a warning:
## Your set hits a large fraction of the genes in the genome, which
## often does not work well with the GREAT Significant by Both view
## due to a saturation of the gene-based hypergeometric test.
##
## See our tips for handling large datasets or try the Significant By
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## Region-based Binomial view.

invisible(job)
par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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dev.copy2pdf(file = "figures/all_bed_up_graph.pdf")

## pdf
## 2

allresults <- as.data.frame(res)

invariant <- allresults[!(allresults %in% typeresults), ]
invariant <- invariant[!(invariant %in% speciesresults), ]
invariant <- invariant[!(invariant %in% adiporesults), ]

allresults$type <- "all"
typeresults$type <- "type"
adiporesults$type <- "adipocyte"
speciesresults$type <- "species"
invariant$type <- "invariant"

dim(invariant)

## [1] 324335 8

dim(allresults)

## [1] 324335 8
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allpeaksmerge <- rbind(typeresults, adiporesults)
allpeaksmerge <- rbind(allpeaksmerge, speciesresults)
allpeaksmerge <- rbind(allpeaksmerge, allresults)
allpeaksmerge <- rbind(allpeaksmerge, invariant)

ggplot(allpeaksmerge, aes(x = distTSS)) + geom_density(aes(color = type,
alpha = 0.05)) + geom_vline(xintercept = 0) + xlim(-5000,
1000) + theme_classic()

## Warning: Removed 778876 rows containing non-finite values (stat_density).
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dev.copy2pdf(file = "figures/distTSS_5kb_1kb.pdf.pdf")

## pdf
## 2

ggplot(allpeaksmerge, aes(x = distTSS)) + geom_density(aes(color = type,
alpha = 0.05)) + geom_vline(xintercept = 0) + xlim(-5000,
5000) + theme_classic()

## Warning: Removed 768612 rows containing non-finite values (stat_density).

60



 

 

 174 

 

0e+00

3e−04

6e−04

9e−04

−5000 −2500 0 2500 5000
distTSS

de
ns
ity

0.05
0.05

type
adipocyte

all

invariant

species

type

dev.copy2pdf(file = "figures/distTSS_5kb_5kb.pdf")

## pdf
## 2

ggplot(allpeaksmerge, aes(x = distTSS)) + geom_density(aes(color = type,
alpha = 0.05)) + geom_vline(xintercept = 0) + xlim(-1e+06,
1e+06) + theme_classic()

## Warning: Removed 12736 rows containing non-finite values (stat_density).
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dev.copy2pdf(file = "figures/distTSS_1mb_1mb.pdf")

## pdf
## 2

ggplot(allpeaksmerge, aes(x = distTSS)) + geom_density(aes(color = type,
alpha = 0.05)) + geom_vline(xintercept = 0) + xlim(-200,
200) + theme_classic()

## Warning: Removed 809389 rows containing non-finite values (stat_density).
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dev.copy2pdf(file = "figures/distTSS_200b_200b.pdf")

## pdf
## 2
################# ChipSeeker
txdb <- TxDb.Hsapiens.UCSC.hg19.knownGene

allpeaks <- "output/allpeaks_bed.txt"
adipo_peaks <- "output/adipocyte_only_bed.txt"
Species_peaks <- "output/species_only_bed.txt"
Cell_peaks <- "output/type_only_bed.txt"
Invariant_peaks <- "output/invariant_bed.txt"

files <- c(allpeaks, adipo_peaks, Species_peaks, Cell_peaks,
Invariant_peaks)

peakAnnoList <- lapply(files, annotatePeak, TxDb = txdb, tssRegion = c(-3000,
3000), verbose = FALSE, annoDb = "org.Hs.eg.db")

## Loading required package: org.Hs.eg.db

## �select()� returned 1:many mapping between keys and columns
## �select()� returned 1:many mapping between keys and columns
## �select()� returned 1:many mapping between keys and columns
## �select()� returned 1:many mapping between keys and columns
## �select()� returned 1:many mapping between keys and columns
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names(peakAnnoList) <- basename(files)
genes = lapply(peakAnnoList, function(i) as.data.frame(i)$ENSEMBL)

plotAnnoBar(peakAnnoList)
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dev.copy2pdf(file = "figures/AnnBar.pdf")

## pdf
## 2

plotDistToTSS(peakAnnoList)
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invariant_bed.txt
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allpeaks_bed.txt
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dev.copy2pdf(file = "figures/distTSS.pdf")

## pdf
## 2

exampledata1 <- as.data.frame(read.csv("output/adipo_bed_down_go_bp.csv",
row.names = 1))

exampledata1 <- exampledata1[exampledata1$Hyper_Adjp_BH < 0.01,
]

exampledata2 <- as.data.frame(read.csv("output/adipo_bed_up_go_bp.csv",
row.names = 1))

exampledata2 <- exampledata2[exampledata2$Hyper_Adjp_BH < 0.01,
]

exampledata1$Hyper_Adjp_BH <- exampledata1$Hyper_Adjp_BH * -1
exampledata1$ID <- as.character(exampledata1$ID)
exampledata2$ID <- as.character(exampledata2$ID)

dataset <- as.data.frame(rbind(exampledata1, exampledata2))

dataset$count1 <- as.numeric(dataset$Hyper_Foreground_Region_Hits)
dataset3 <- dataset[!(duplicated(dataset$ID) | duplicated(dataset$ID,

fromLast = TRUE)), ]

colnames(dataset3)[2] <- "Term"
colnames(dataset3)[13] <- "m"

bubbleplot(dataset3, GO = "ID", name = "Term", count = "Hyper_Foreground_Region_Hits",
ontology = "BP", pvalue = "m", minpvalue = 0.01, filename = "figures/atac_adipo_bp_goterm.pdf")
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## -> loading files with information content for corresponding GO category (human)

hypothalamus gonadotrophin−releasing hormone neuron developmentglutathione catabolic processubiquitin homeostasisdetection of stimulusregulation of retinoic acid receptor signaling pathwaynegative regulation of retinoic acid receptor signaling pathwaynegative regulation of negative chemotaxisregulation of negative chemotaxisdefense response to bacteriumenergy homeostasisaxon midline choice point recognitionaxon choice point recognitionpositive regulation of organ growthpositive regulation of heart growthfemale meiosis Imale meiosis Ipositive regulation of metanephric ureteric bud developmentregulation of metanephros developmentfemale meiosiscementum mineralizationenteric nervous system development iridophore differentiationdiaphragm developmentthorax and anterior abdomen determinationzygotic determination of anterior/posterior axis, embryolateral line nerve developmentfat pad developmentanterior/posterior axis specification, embryoseminiferous tubule developmentlateral line nerve glial cell developmenthypothalamus developmentolfactory bulb interneuron developmentluteolysishypothalamus cell differentiationglomerular visceral epithelial cell differentiationglomerular epithelial cell differentiationapoptotic process involved in luteolysisglutathione biosynthetic processpeptide biosynthetic processnonribosomal peptide biosynthetic processamide biosynthetic processcellular amino acid biosynthetic processcellular modified amino acid biosynthetic processcysteine biosynthetic processleukotriene biosynthetic process

< 4e−07  higher in Chimpanzees

< 0.005

< 0.009

< 4e−07  higher in Humans

< 0.005

< 0.009

number of genes 10 20 30

## pdf
## 2
# RNA_pvalues ATAC_pvalues

RNA_p05 <- RNA_pvalues[RNA_pvalues$padj < 0.05, ]
RNA_p05$ensembl_gene_id <- row.names(RNA_p05)
ATAC_p05 <- na.omit(ATAC_pvalues)
ATAC_p05 <- ATAC_p05[ATAC_p05$padj < 0.05, ]

all_peaks <- read.delim("data/all_peaks.txt")
ATAC_p05$GeneID <- row.names(ATAC_p05)
ATAC_peaks_2 <- merge(ATAC_p05, all_peaks, by = "GeneID")
ATAC_bed_2 <- ATAC_peaks_2[, c("Chr", "Start", "End", "GeneID",

"baseMean", "padj")]

invisible(Sys.sleep(300))
job = submitGreatJob(ATAC_bed_2)
job

## Submit time: 2018-07-03 17:48:52
## Version: default
## Species: hg19
## Background: wholeGenome
## Model: Basal plus extension
## Proximal: 5 kb upstream, 1 kb downstream,
## plus Distal: up to 1000 kb
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## Include curated regulatory domains
##
## Enrichment tables for following ontologies have been downloaded:
## None

par(mfrow = c(1, 3))
res = plotRegionGeneAssociationGraphs(job)
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res[1:2, ]

## GRanges object with 2 ranges and 2 metadata columns:
## seqnames ranges strand | gene distTSS
## <Rle> <IRanges> <Rle> | <character> <numeric>
## [1] chr1 [87834, 88661] * | OR4F29 -279392
## [2] chr1 [87834, 88661] * | OR4F5 19157
## -------
## seqinfo: 46 sequences from an unspecified genome; no seqlengths

dev.copy2pdf(file = "figures/invariant_bed.pdf")

## pdf
## 2

df <- as.data.frame(res)
head(df)

## seqnames start end width strand gene distTSS
## 1 chr1 87834 88661 828 * OR4F29 -279392
## 2 chr1 87834 88661 828 * OR4F5 19157
## 3 chr1 89690 92299 2610 * OR4F29 -276645
## 4 chr1 89690 92299 2610 * OR4F5 21904
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## 5 chr1 93881 94736 856 * OR4F29 -273331
## 6 chr1 93881 94736 856 * OR4F5 25218

ATAC_no_genes <- df[!duplicated(df$gene), ]
ATAC_BM = getBM(attributes = c("ensembl_gene_id", "hgnc_symbol",

"hgnc_id", "external_gene_name", "description"), values = df$gene,
mart = ensembl)

df$hgnc_symbol <- df$gene
ATAC <- merge(ATAC_BM, df, by = "hgnc_symbol")

DEgenes_RNA$ensembl_gene_id <- row.names(DEgenes_RNA)
ATAC_RNA <- merge(ATAC, DEgenes_RNA, by = "ensembl_gene_id")
unique_ATAC_RNA <- ATAC_RNA[!duplicated(ATAC_RNA$gene), ]

write.csv(ATAC_RNA, file = "ATAC_RNA_shared2.csv")
write.csv(unique_ATAC_RNA, file = "ATAC_RNA_unique_shared2.csv")

draw.pairwise.venn(area1 = dim(DEgenes_RNA)[1], area2 = dim(ATAC_no_genes)[1],
cross.area = dim(unique_ATAC_RNA)[1])

2342 1060

107

## (polygon[GRID.polygon.2307], polygon[GRID.polygon.2308], polygon[GRID.polygon.2309], polygon[GRID.polygon.2310], text[GRID.text.2311], text[GRID.text.2312], text[GRID.text.2313], lines[GRID.lines.2314], text[GRID.text.2315], text[GRID.text.2316])

dev.copy2pdf(file = "figures/venndiagram.pdf")

## pdf
## 2
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Session Information

sessionInfo(package = NULL)

## R version 3.4.2 (2017-09-28)
## Platform: x86_64-apple-darwin15.6.0 (64-bit)
## Running under: macOS High Sierra 10.13.5
##
## Matrix products: default
## BLAS: /Library/Frameworks/R.framework/Versions/3.4/Resources/lib/libRblas.0.dylib
## LAPACK: /Library/Frameworks/R.framework/Versions/3.4/Resources/lib/libRlapack.dylib
##
## locale:
## [1] en_US.UTF-8/en_US.UTF-8/en_US.UTF-8/C/en_US.UTF-8/en_US.UTF-8
##
## attached base packages:
## [1] grid parallel stats4 stats graphics grDevices utils
## [8] datasets methods base
##
## other attached packages:
## [1] org.Hs.eg.db_3.5.0
## [2] bindrcpp_0.2.2
## [3] xml2_1.2.0
## [4] VennDiagram_1.6.20
## [5] futile.logger_1.4.3
## [6] rGREAT_1.11.1
## [7] clusterProfiler_3.6.0
## [8] DOSE_3.4.0
## [9] TxDb.Hsapiens.UCSC.hg19.knownGene_3.2.2
## [10] GenomicFeatures_1.30.3
## [11] ChIPseeker_1.14.2
## [12] topGO_2.30.1
## [13] SparseM_1.77
## [14] graph_1.56.0
## [15] corrplot_0.84
## [16] pcaExplorer_2.4.0
## [17] UpSetR_1.3.3
## [18] schoolmath_0.4
## [19] useful_1.2.5
## [20] RColorBrewer_1.1-2
## [21] ggrepel_0.8.0
## [22] GOSim_1.16.0
## [23] annotate_1.56.2
## [24] XML_3.98-1.11
## [25] GO.db_3.5.0
## [26] AnnotationDbi_1.40.0
## [27] biomaRt_2.34.2
## [28] piano_1.18.1
## [29] ggbeeswarm_0.6.0
## [30] ggplot2_2.2.1
## [31] genefilter_1.60.0
## [32] pheatmap_1.0.10
## [33] DESeq2_1.18.1
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## [34] SummarizedExperiment_1.8.1
## [35] DelayedArray_0.4.1
## [36] matrixStats_0.53.1
## [37] Biobase_2.38.0
## [38] GenomicRanges_1.30.3
## [39] GenomeInfoDb_1.14.0
## [40] IRanges_2.12.0
## [41] S4Vectors_0.16.0
## [42] BiocGenerics_0.24.0
## [43] knitr_1.20
##
## loaded via a namespace (and not attached):
## [1] shinydashboard_0.7.0 tidyselect_0.2.4
## [3] RSQLite_2.1.1 htmlwidgets_1.2
## [5] BiocParallel_1.12.0 munsell_0.4.3
## [7] codetools_0.2-15 DT_0.4
## [9] withr_2.1.2 colorspace_1.3-2
## [11] GOSemSim_2.4.1 Category_2.44.0
## [13] rstudioapi_0.7 NMF_0.21.0
## [15] labeling_0.3 slam_0.1-43
## [17] GenomeInfoDbData_1.0.0 bit64_0.9-7
## [19] rprojroot_1.3-2 lambda.r_1.2.3
## [21] sets_1.0-18 R6_2.2.2
## [23] doParallel_1.0.11 locfit_1.5-9.1
## [25] flexmix_2.3-14 bitops_1.0-6
## [27] shinyAce_0.3.1 fgsea_1.4.1
## [29] assertthat_0.2.0 d3heatmap_0.6.1.2
## [31] promises_1.0.1 scales_0.5.0
## [33] nnet_7.3-12 beeswarm_0.2.3
## [35] gtable_0.2.0 rlang_0.2.1
## [37] GlobalOptions_0.1.0 splines_3.4.2
## [39] rtracklayer_1.38.3 lazyeval_0.2.1
## [41] acepack_1.4.1 shinyBS_0.61
## [43] checkmate_1.8.5 yaml_2.1.19
## [45] reshape2_1.4.3 threejs_0.3.1
## [47] crosstalk_1.0.0 backports_1.1.2
## [49] httpuv_1.4.3 qvalue_2.10.0
## [51] Hmisc_4.1-1 RMySQL_0.10.15
## [53] RBGL_1.54.0 tools_3.4.2
## [55] relations_0.6-8 gridBase_0.4-7
## [57] gplots_3.0.1 Rcpp_0.12.17
## [59] plyr_1.8.4 base64enc_0.1-3
## [61] progress_1.1.2 zlibbioc_1.24.0
## [63] purrr_0.2.5 RCurl_1.95-4.10
## [65] prettyunits_1.0.2 rpart_4.1-13
## [67] GetoptLong_0.1.7 cluster_2.0.7-1
## [69] magrittr_1.5 futile.options_1.0.1
## [71] data.table_1.11.4 DO.db_2.9
## [73] mime_0.5 evaluate_0.10.1
## [75] xtable_1.8-2 gridExtra_2.3
## [77] compiler_3.4.2 tibble_1.4.2
## [79] KernSmooth_2.23-15 htmltools_0.3.6
## [81] GOstats_2.44.0 corpcor_1.6.9
## [83] later_0.7.2 Formula_1.2-3
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## [85] tidyr_0.8.1 geneplotter_1.56.0
## [87] DBI_1.0.0 formatR_1.5
## [89] boot_1.3-20 Matrix_1.2-14
## [91] marray_1.56.0 gdata_2.18.0
## [93] bindr_0.1.1 igraph_1.2.1
## [95] pkgconfig_2.0.1 rvcheck_0.1.0
## [97] GenomicAlignments_1.14.2 registry_0.5
## [99] foreign_0.8-70 foreach_1.4.4
## [101] vipor_0.4.5 rngtools_1.3.1
## [103] pkgmaker_0.27 XVector_0.18.0
## [105] AnnotationForge_1.20.0 bibtex_0.4.2
## [107] stringr_1.3.1 digest_0.6.15
## [109] Biostrings_2.46.0 rmarkdown_1.10
## [111] fastmatch_1.1-0 htmlTable_1.12
## [113] GSEABase_1.40.1 curl_3.2
## [115] shiny_1.1.0 Rsamtools_1.30.0
## [117] gtools_3.5.0 modeltools_0.2-21
## [119] rjson_0.2.19 limma_3.34.9
## [121] pillar_1.2.3 lattice_0.20-35
## [123] httr_1.3.1 plotrix_3.7-2
## [125] survival_2.42-3 glue_1.2.0
## [127] png_0.1-7 iterators_1.0.9
## [129] bit_1.1-14 Rgraphviz_2.22.0
## [131] stringi_1.2.2 blob_1.1.1
## [133] latticeExtra_0.6-28 caTools_1.17.1
## [135] memoise_1.1.0 dplyr_0.7.5
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Appendix C: Chapter 4 Analysis in R 

 

Makohon-Moore Dissertation Analysis Chapter 4
Sasha Makohon-Moore

6/17/2018

# to import a csv file with a list of interesting genes in
# rows, columns are geneIDs and other descriptive info
genes <- read.csv("data/genes_of_interest.csv")
genes <- as.data.frame(genes)

listMarts(host = "www.ensembl.org")

## biomart version
## 1 ENSEMBL_MART_ENSEMBL Ensembl Genes 92
## 2 ENSEMBL_MART_MOUSE Mouse strains 92
## 3 ENSEMBL_MART_SNP Ensembl Variation 92
## 4 ENSEMBL_MART_FUNCGEN Ensembl Regulation 92

ensembl = useMart(biomart = "ENSEMBL_MART_ENSEMBL", dataset = "hsapiens_gene_ensembl",
host = "www.ensembl.org")

ids = getBM(attributes = c("ensembl_gene_id", "hgnc_symbol",
"hgnc_id", "external_gene_name", "description"), filters = "external_gene_name",
values = genes$Gene, mart = ensembl)

## Warning in strptime(x, fmt, tz = "GMT"): unknown timezone �zone/tz/2018c.
## 1.0/zoneinfo/America/New_York�

ids$Gene <- ids$hgnc_symbol
genes2 <- merge(genes, ids, by = "Gene")
genes2$Gene <- as.character(genes2$Gene)
genes2[nrow(genes2) + 1, ] = list("C1QTNF4", "ENSG00000284838",

"C1QTNF4", "C1QTNF4", "C1QTNF4", "C1QTNF4")
genes2[nrow(genes2) + 1, ] = list("C1QTNF4", "ENSG00000172247",

"C1QTNF4", "C1QTNF4", "C1QTNF4", "C1QTNF4")
genes2[nrow(genes2) + 1, ] = list("ZIC1", "ENSG00000152977",

"ZIC1", "ZIC1", "ZIC1", "ZIC1")
genes2[nrow(genes2) + 1, ] = list("NFIA", "ENSG00000162599",

"NFIA", "NFIA", "NFIA", "NFIA")
genes2[nrow(genes2) + 1, ] = list("ZFP467", "ENSG00000181444 ",

"ZFP467", "ZFP467", "ZFP467", "ZFP467")

genes$Gene[!genes$Gene %in% genes2$Gene]

## [1] C1QTNF4, SMA CYTC ZFP516 NFIL KIAA1439 EZI
## [8] ATG16 PAT2 CD137
## 89 Levels: ACSL1 ACSL3 ACSL4 ACSL5 ACSL6 ADIPOQ APLN APOB ATG12 ... ZIC1

AdipocyteAll <- read.csv("data/adipocyte_all_sources.csv", row.names = 1)
SampleTableAll <- read.csv("data/adipocyte_all_sampletable.txt")

WATtable <- SampleTableAll[which(SampleTableAll$Type == "WAT" |
SampleTableAll$Type == "A" | SampleTableAll$Type == "C"),
]
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WATtable$group <- paste0(WATtable$Species, WATtable$Type)
WATdata <- AdipocyteAll[, which(SampleTableAll$Type == "WAT" |

SampleTableAll$Type == "A" | SampleTableAll$Type == "C")]

iPSCtable <- SampleTableAll[which(SampleTableAll$Type == "A"),
]

iPSCdata <- AdipocyteAll[, which(SampleTableAll$Type == "A")]

ddsAll <- DESeqDataSetFromMatrix(WATdata, colData = WATtable,
design = ~group)

## Warning in DESeqDataSet(se, design = design, ignoreRank): some variables in
## design formula are characters, converting to factors

nrow(ddsAll)

## [1] 16216

ddsAll <- ddsAll[rowSums(counts(ddsAll) > 1) > 3, ]
nrow(ddsAll)

## [1] 14478

ddsalltypes <- DESeq(ddsAll, betaPrior = FALSE)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

rld <- rlog(ddsalltypes, blind = TRUE)

# importing the gene counts from DESEQ2 object dds. the genes
# are in rows with counts for each sample in columns
inDDS <- as.data.frame(assay(ddsalltypes))
inDDS$ENS.ID <- rownames(inDDS)
genes2$ENS.ID <- genes2$ensembl_gene_id
# merge the data frames to get the counts for each gene of
# interest -note that not all genes of interest are in my
# DESEQ2 object
TAGinDDS <- merge(genes2, inDDS, by = "ENS.ID")

pvalueadjusted <- as.data.frame(results(ddsalltypes, name = "group_HumanA_vs_ChimpA",
alpha = 0.05))

pvalueadjusted$ENS.ID <- rownames(pvalueadjusted)
TAGpvalues <- merge(TAGinDDS, pvalueadjusted, by = "ENS.ID")

# make vectors for each kind of gene ID
ENSID <- as.vector(TAGinDDS$ENS.ID)
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OFFID <- as.vector(TAGinDDS$Gene)
PVALUE <- as.vector(TAGpvalues$padj)

# to determine the length of the gene list
l <- dim(TAGinDDS)[1]

# to create an empty list
myplots <- list()

# function for plotting expression of each gene of interest
# and adding to my empty list
plotgenecounts <- for (i in 1:l) {

i <- i
gene.i <- ENSID[i]
name.i <- OFFID[i]
pvalue.i <- PVALUE[i]

geneCounts.i <- plotCounts(ddsalltypes, gene = gene.i, intgroup = c("Species",
"Type"), returnData = TRUE)

geneCounts.i$Type <- factor(geneCounts.i$Type, levels = c("C",
"A", "WAT"))

p1 <- eval(substitute(ggplot(geneCounts.i, aes(x = Type,
y = count, shape = Species, color = Species:Type, size = 3)) +
scale_y_log10() + geom_beeswarm(cex = 3) + scale_color_manual(values = c("#fdae61",
"#d7191c", "#a50026", "#abd9e9", "#2c7bb6", "#313695")) +
scale_shape_manual(values = c(17, 16)) + scale_size(guide = "none") +
theme_classic() + labs(title = name.i, subtitle = pvalue.i)))

myplots[[i]] <- p1
}

# to plot the list of plots
pdf("genes_of_interest.pdf", width = 30, height = 30, paper = "special",

useDingbats = FALSE)
do.call(grid.arrange, myplots)
dev.off()

## pdf
## 2

filenames <- list.files(path = "data/brownimaging", pattern = "\\.csv$")
setwd("data/brownimaging")

for (file in filenames) {

# if the merged dataset doesn�t exist, create it
if (!exists("dataset")) {

dataset <- read.table(file, header = TRUE, row.names = 1,
sep = ",")

}

# if the merged dataset does exist, append to it
if (exists("dataset")) {
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temp_dataset <- read.table(file, header = TRUE, row.names = 1,
sep = ",")

dataset <- rbind(dataset, temp_dataset)
rm(temp_dataset)

}

}

table <- as.data.frame(c(unique(as.character(dataset$Label))))
colnames(table)[1] <- "Label"
species <- c(rep("human", 11), rep("chimp", 10), rep("human",

19))
well <- c(rep("1", 5), rep("10", 6), rep("2", 5), rep("3", 5),

rep("5", 4), rep("6", 5), rep("8", 5), rep("9", 5))
table$species <- species
table$well <- well

dataset2 <- merge(dataset, table, by = "Label")

human <- dataset2[dataset2$species == "human", ]
chimp <- dataset2[dataset2$species == "chimp", ]
l <- dim(chimp)[1]
human_sub <- human[sample(nrow(human), l, replace = F), ]

sub <- rbind(human_sub, chimp)
setwd("../..")
p <- ggplot(dataset2, aes(x = species, y = Area)) + scale_color_manual(values = c("#d7191c",

"#2c7bb6")) + geom_jitter(aes(color = species), alpha = 0.2,
width = 0.4) + geom_boxplot(notch = T, outlier.alpha = 0.5,
aes(alpha = 0)) + theme_classic() + scale_y_continuous(trans = "log2")

p
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ggsave(plot = p, height = 6, width = 8, dpi = 200, filename = "figures/brown_lipid_droplets_subset_all.pdf",
useDingbats = FALSE)

# to subset by circularity of .4
human_4 <- dataset2[dataset2$species == "human" & dataset2$Circ. >

0.4, ]
chimp_4 <- dataset2[dataset2$species == "chimp" & dataset2$Circ. >

0.4, ]
l <- dim(chimp_4)[1]
human_sub_4 <- human[sample(nrow(human_4), l, replace = F), ]
sub_4 <- rbind(human_sub_4, chimp_4)
all_4 <- rbind(human_4, chimp_4)

# matched subset with circularity >.4
p <- ggplot(sub_4, aes(x = species, y = Area)) + scale_color_manual(values = c("#d7191c",

"#2c7bb6")) + geom_jitter(aes(color = species), alpha = 1,
width = 0.4) + geom_boxplot(notch = T, outlier.alpha = 0.5,
aes(alpha = 0)) + theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA), axis.text.x = element_text(angle = 90, hjust = 1)) +
scale_y_continuous(trans = "log2")

p

5



 

 

 190 

 

2

16

128

1024

ch
im
p

hu
m
an

species

Ar
ea

species
chimp

human

0
0

ggsave(plot = p, height = 6, width = 8, dpi = 200, filename = "figures/brown_lipid_droplets_subset_.4circ.pdf",
useDingbats = FALSE)

# all data, plotted by well
all_4$well <- factor(all_4$well, levels = c("2", "3", "1", "10",

"5", "6", "8", "9"))
p <- ggplot(all_4, aes(x = well, y = Area)) + scale_color_manual(values = c("#a50026",

"#d73027", "#c6dbef", "#9ecae1", "#6baed6", "#4292c6", "#4575b4",
"#313695")) + geom_jitter(aes(color = well), alpha = 1, width = 0.4) +
geom_boxplot(notch = T, outlier.alpha = 0.5, aes(alpha = 0)) +
theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA), axis.text.x = element_text(angle = 90, hjust = 1)) +
scale_y_continuous(trans = "log2")

p
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ggsave(plot = p, height = 6, width = 8, dpi = 200, filename = "figures/brown_lipid_droplets_all_by_well_.4circ.pdf",
useDingbats = FALSE)

human_sub_4$log2 <- log2(human_sub_4$Area)
chimp_4$log2 <- log2(chimp_4$Area)

t.test(human_sub_4$Area, chimp_4$Area)

##
## Welch Two Sample t-test
##
## data: human_sub_4$Area and chimp_4$Area
## t = 4.8609, df = 3154.1, p-value = 1.225e-06
## alternative hypothesis: true difference in means is not equal to 0
## 95 percent confidence interval:
## 6.288043 14.790225
## sample estimates:
## mean of x mean of y
## 19.990892 9.451758

t.test(human_sub_4$log2, chimp_4$log2)

##
## Welch Two Sample t-test
##
## data: human_sub_4$log2 and chimp_4$log2
## t = 1.4154, df = 5387.8, p-value = 0.157
## alternative hypothesis: true difference in means is not equal to 0
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## 95 percent confidence interval:
## -0.03140884 0.19454224
## sample estimates:
## mean of x mean of y
## 1.255669 1.174102

t.test(human_sub_4$Perim, chimp_4$Perim)

##
## Welch Two Sample t-test
##
## data: human_sub_4$Perim and chimp_4$Perim
## t = 4.6252, df = 4668.3, p-value = 3.844e-06
## alternative hypothesis: true difference in means is not equal to 0
## 95 percent confidence interval:
## 0.9989976 2.4689450
## sample estimates:
## mean of x mean of y
## 10.53259 8.79862

t.test(human_sub_4$Circ., chimp_4$Circ.)

##
## Welch Two Sample t-test
##
## data: human_sub_4$Circ. and chimp_4$Circ.
## t = -12.16, df = 5165.7, p-value < 2.2e-16
## alternative hypothesis: true difference in means is not equal to 0
## 95 percent confidence interval:
## -0.08099533 -0.05850596
## sample estimates:
## mean of x mean of y
## 0.7193350 0.7890857

hist(human_sub_4$log2)
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Histogram of human_sub_4$log2
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## Wilcoxon rank sum test with continuity correction
##
## data: human_sub_4$Area and chimp_4$Area
## W = 3708500, p-value = 0.8352
## alternative hypothesis: true location shift is not equal to 0

wilcox.test(human_sub_4$log2, chimp_4$log2, paired = FALSE)

##
## Wilcoxon rank sum test with continuity correction
##
## data: human_sub_4$log2 and chimp_4$log2
## W = 3708500, p-value = 0.8352
## alternative hypothesis: true location shift is not equal to 0

ddsiPSC <- DESeqDataSetFromMatrix(iPSCdata, colData = iPSCtable,
design = ~Species)

nrow(ddsiPSC)

## [1] 16216

dds_iPSC <- DESeq(ddsiPSC, betaPrior = FALSE)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

rld <- rlog(dds_iPSC, blind = TRUE)

pvalue <- as.data.frame(results(dds_iPSC, alpha = 0.05))
genes <- read.csv("data/white_brown.csv")
genes <- as.data.frame(genes)

listMarts(host = "www.ensembl.org")

## biomart version
## 1 ENSEMBL_MART_ENSEMBL Ensembl Genes 92
## 2 ENSEMBL_MART_MOUSE Mouse strains 92
## 3 ENSEMBL_MART_SNP Ensembl Variation 92
## 4 ENSEMBL_MART_FUNCGEN Ensembl Regulation 92

ensembl = useMart(biomart = "ENSEMBL_MART_ENSEMBL", dataset = "hsapiens_gene_ensembl",
host = "www.ensembl.org")

ids = getBM(attributes = c("ensembl_gene_id", "hgnc_symbol",
"hgnc_id", "external_gene_name", "description"), values = genes$Gene,
mart = ensembl)

ids$Gene <- ids$hgnc_symbol
genes2 <- merge(genes, ids, by = "Gene")
genes2$Gene <- as.character(genes2$Gene)

genes$Gene[!genes$Gene %in% genes2$Gene]
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## [1] EVA1 CD137 SCL29A ACS1 ZFP423 PAT2 COX8B CAR4 CD137 PAZ6
## [11] SHOX1 PGC1A
## 42 Levels: ACS1 ADCY5 AGT CAR4 CD137 CIDEA CITED1 COX7A1 COX8B ... ZIC1

logcounts <- assay(rld)
genes.diff <- which(rownames(logcounts) %in% genes2$ensembl_gene_id)
genes.diff <- logcounts[genes.diff, ]
table <- iPSCtable
table$Order <- c(1:dim(table)[1])
table <- table[order(table[, 5], table[, 4]), ]

genes.diff2 <- as.data.frame(genes.diff[, table$Order])
genes.diff2$ensembl_gene_id <- row.names(genes.diff2)
mat <- merge(genes.diff2, genes2, by = "ensembl_gene_id")
mat <- mat[!duplicated(mat$ensembl_gene_id), ]

row.names(mat) <- mat$hgnc_symbol
mat <- mat[, 2:11]

pheatmap(mat, display_numbers = F, annotation_legend = TRUE,
show_colnames = T, show_rownames = T, border_color = NA,
cluster_cols = F, fontsize_row = 10, scale = "none")

S1_sorted.bam

S11_sorted.bam

S15_sorted.bam

S21_sorted.bam

S7_sorted.bam

SM
18_sorted.bam

SM
24_sorted.bam

S28_sorted.bam

S30_sorted.bam

S32_sorted.bam

LEP
TNFRSF9
COX7A1
NNAT
MPZL2
HOXC8
HOXC9
SLC16A12
TBX1
SLC29A1
AGT
ADCY5
CITED1
FBXO31
MTUS1
TMEM26
FGF21
HOXA5
ZIC1
LHX8
EBF3
PRDM16
UCP1
ELOVL3
KCNK3

0

2

4

6

8

10

genes.pvalue <- pvalue[which(rownames(pvalue) %in% genes2$ensembl_gene_id),
]

se <- read.table("data/adipocyte_diets_ipsc.2017-12-06.txt")
sampleTable <- read.csv("data/adipocyte_diets_ipsc.2017-12-06_sampletable.txt",
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row.names = 1)
diets <- sampleTable[which(!sampleTable$Type == "C"), ]
dietsdata <- se[, which(!sampleTable$Type == "C")]

ddsdiet <- DESeqDataSetFromMatrix(dietsdata, colData = diets,
design = ~Species)

nrow(ddsdiet)

## [1] 30030

ddsdiet <- ddsdiet[rowSums(counts(ddsdiet)) > 1, ]
nrow(ddsdiet)

## [1] 21484

dds <- DESeq(ddsdiet, betaPrior = F)

## estimating size factors

## estimating dispersions

## gene-wise dispersion estimates

## mean-dispersion relationship

## final dispersion estimates

## fitting model and testing

## -- replacing outliers and refitting for 44 genes
## -- DESeq argument �minReplicatesForReplace� = 7
## -- original counts are preserved in counts(dds)

## estimating dispersions

## fitting model and testing

res <- results(dds)
summary(res)

##
## out of 21483 with nonzero total read count
## adjusted p-value < 0.1
## LFC > 0 (up) : 5870, 27%
## LFC < 0 (down) : 4993, 23%
## outliers [1] : 0, 0%
## low counts [2] : 3333, 16%
## (mean count < 1)
## [1] see �cooksCutoff� argument of ?results
## [2] see �independentFiltering� argument of ?results

rld <- rlog(ddsdiet, blind = FALSE)

plotPCA2 <- function(rld, intgroup = c("Species", "Type"), ntop = 500,
returnData = FALSE) {
rv <- rowVars(assay(rld))
select <- order(rv, decreasing = TRUE)[seq_len(min(ntop,

length(rv)))]
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pca <- prcomp(t(assay(rld)[select, ]))
percentVar <- pca$sdev^2/sum(pca$sdev^2)
if (!all(intgroup %in% names(colData(rld)))) {

stop("the argument �intgroup� should specify columns of colData(dds)")
}
intgroup.df <- as.data.frame(colData(rld)[, intgroup, drop = FALSE])
group <- if (length(intgroup) > 1) {

factor(apply(intgroup.df, 1, paste, collapse = " : "))
} else {

colData(rld)[[intgroup]]
}
d <- data.frame(PC1 = pca$x[, 1], PC2 = pca$x[, 2], PC3 = pca$x[,

3], PC4 = pca$x[, 4], PC5 = pca$x[, 5], PC6 = pca$x[,
6], group = group, intgroup.df, name = colnames(rld))

if (returnData) {
attr(d, "percentVar") <- percentVar[1:2]
return(d)

}
ggplot(data = d, aes_string(x = "PC1", y = "PC2", color = group,

shape = group)) + geom_point(size = 3) + xlab(paste0("PC1: ",
round(percentVar[1] * 100), "% variance")) + ylab(paste0("PC2: ",
round(percentVar[2] * 100), "% variance")) + coord_fixed() +
theme_classic() + theme(panel.background = element_rect(fill = "transparent",
colour = NA), plot.background = element_rect(fill = "transparent",
colour = NA), legend.background = element_rect(fill = "transparent",
colour = NA)) + scale_color_manual(values = c("#D7191C",
"#2C7BB6", "#ce1256", "#02818a", "#980043", "#016c59",
"#e7298a", "#3690c0", "#c994c7", "#a6bddb", "#df65b0",
"#67a9cf", "#d4b9da", "#d0d1e6")) + scale_shape_manual(values = c(17,
16, 18, 15, 18, 15, 18, 15, 18, 15, 18, 15, 18, 15))

}

print(plotPCA2(rld, intgroup = c("Type", "Species")))
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Appendix D: Brown adipocyte lipid droplet quantification 
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