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Abstract 

 

One of the most beautiful and challenging aspects in biology is deciphering the 

complexity of the genome, and how it functions or dysfunctions. It is this intricate complexity 

that is dependent on developmental stages, time of the day, and tissue types that allows for the 

proper development of an organism comprising of different tissue types with different functions. 

Amongst the many complexities, I focused on the gene-regulatory functions of the non-coding 

genome and its relation to diseases including disease risk, severity, and progression. Over the last 

few decades, there has been an increase in the research of genetic causes underlying several 

complex, common multifactorial diseases including metabolic and cardiovascular diseases. While 

these studies have identified genetic risk loci, they have not directly identified the genetic 

mechanisms behind what causes those diseases. Identifying genetic mechanisms for complex 

traits has been challenging because most of the variants are located outside of protein-coding 

regions, and determining the effects of such non-coding variants remains difficult. Previous 

studies that explore the genetic mechanism of complex diseases have underscored the need to 

develop new methods to study non-coding regions and to systematically identify the effects of 

non-coding variants towards a disease.  

 

In this dissertation, I evaluate the hypothesis that non-coding regulatory elements can contribute 

to disease-relevant traits by altering gene expression levels. I will specifically focus on a common 

complex disease, polycystic ovary syndrome (PCOS) which is the most prevalent endocrine 

disorder among menstruating people. Family- and twin-studies have demonstrated a genetic basis 

to PCOS. Previous studies have identified non-coding genetic variation associated with PCOS 

risk across populations with different ancestries. However, the functional follow up of these risk 
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loci has been limited. Therefore, there is a gap in addressing the functional effects of genetic 

variants and regulatory elements impacting PCOS phenotypes. We identified gene regulatory 

mechanisms that help explain genetic association with PCOS in several loci using high 

throughput reporter assays, CRISPR-based epigenome editing, and genetic association analysis. 

To develop approaches to study regulatory elements, I implemented reporter assays at three 

different scales to create a framework for the regulatory elements across PCOS risk loci.  I also 

implemented experimental approaches that measured changes in gene expression at single cell 

levels to identify target genes of regulatory elements identified by the reporter assays. 

Specifically, we identified regulatory elements across PCOS genetic risk loci in cell models of 

steroidogenesis, H295R cells and COV434 cells. We then identified regulatory elements that 

controlled the expression of the gene DENND1A, which altered the levels of testosterone 

produced by the cell models upon perturbation. Lastly, we quantified the regulatory effects of 

allele-specific genetic variants from a population of PCOS cases and controls. Taken together, we 

have identified regulatory elements that could contribute to PCOS pathogenesis. More broadly, 

my results demonstrate the strengths of combining experimental and statistical approaches to 

identify molecular mechanisms of genetic risk loci contributing to disease pathogenesis. 

  



  
vi 

 

Dedication 

This body of work is dedicated to: 

Chidambaram FGF retrogene Chonksta - Chidi, bestboi, my A dog, my heart dog. 

 

And to: 

All those who were told ‘no you cannot, and you shouldn’t’: 

You can and you will.



  
vii 

 

Contents 

 
Abstract ........................................................................................................................................... iv 

List of Tables .................................................................................................................................. xi 

List of Figures ................................................................................................................................. xi 

Acknowledgements ....................................................................................................................... xiii 

1.Introduction ................................................................................................................................... 1 

1.1 Gene Regulation in mammals ................................................................................................ 1 

1.1.1 Overview of the structure of the eukaryotic genome ....................................................... 1 

1.1.2 Regulation of transcription in the eukaryotic genome ..................................................... 2 

1.1.3 Regulatory elements in disease development .................................................................. 7 

1.2 Challenges in functional analysis of disease-causing regulatory elements ............................ 9 

1.2.1 Genome-wide association studies have identified genomic loci associated with diseases

 .................................................................................................................................................. 9 

1.2.2 Challenges in translating results from genome-wide association studies to genetic 

mechanisms ............................................................................................................................ 10 

1.2.3 Identifying the mechanistic role of GWAS signals ....................................................... 12 

1.3 From genetic association to biological insights.................................................................... 13 

1.3.1 Reporter assays measure regulatory activity of a candidate DNA fragment ................. 14 

1.3.2 CRISPR-Cas9 genome and epigenome editing ............................................................. 17 

1.4 Polycystic ovary syndrome is a complex genetic disease .................................................... 19 

1.4.1 Classification of a reproductive disease based on ovarian morphology ........................ 20 

1.4.2 Public Health Consequences of PCOS .......................................................................... 20 

1.4.3 Challenges in studying PCOS ........................................................................................ 21 

1.4.4 Steroids and nuclear receptors in PCOS  ....................................................................... 22 



  
viii 

 

1.5 The genetics basis of PCOS ................................................................................................. 24 

1.5.1 PCOS Genome Wide Associate Studies ........................................................................ 24 

1.6 Functional Follow Up of PCOS GWAS have identified several likely candidate genes. .... 27 

2. Identifying gene regulatory mechanisms in PCOS GWAS loci ................................................ 31 

2.1 Introduction .......................................................................................................................... 31 

2.2 Results .................................................................................................................................. 33 

2.2.1 Measuring the regulatory activity of PCOS-associated regulatory elements ................ 33 

2.2.2 Regulatory element activity in PCOS GWAS regions corresponds to regions of 

chromatin accessibility ........................................................................................................... 37 

2.2.3 PCOS-associated genetic variants fine-mapped to within regulatory elements ............ 41 

2.2.4 Active STARR-seq regions have increased conservation score .................................... 44 

2.2.5 Activation of PCOS-associated regulatory elements increased DENND1A expression 45 

2.2.6 Activation of PCOS-associated regulatory elements increased testosterone production 

in steroidogenic adrenal cells.................................................................................................. 49 

2.3 Discussion ............................................................................................................................ 50 

2.4 Methods ................................................................................................................................ 53 

2.4.1 Data Availability: .......................................................................................................... 53 

2.4.2 Acknowledgements: ...................................................................................................... 53 

2.4.3 STARR Seq Assay Library Construction: ..................................................................... 53 

2.4.4 Cell Culture protocol ..................................................................................................... 56 

2.4.5 PCOS GWAS STARR-seq reporter library construction .............................................. 57 

2.4.6 PCOS case-control variant association testing within candidate regulatory regions ..... 60 

2.4.7 Colocalization testing .................................................................................................... 60 

2.4.8 ATAC-Seq ..................................................................................................................... 61 

2.4.9 CRISR-dCas9 epigenome editing .................................................................................. 62 

2.4.10 RNA isolation and qRT-PCR to measure gene expression levels ............................... 65 



  
ix 

 

2.4.11 ELISA for measuring testosterone production ............................................................ 66 

3. Regulatory variants in the DENND1A locus ............................................................................. 67 

3.1 Introduction .......................................................................................................................... 67 

3.2 Results .................................................................................................................................. 68 

3.2.1 DENND1A is implicated in PCOS pathogenesis .......................................................... 68 

3.2.2 Capture-STARR-seq of the DENND1A locus .............................................................. 69 

3.2.3 Allele-specific regulatory activity across the DENND1A locus  .................................. 72 

3.2.4 Whole genome STARR-seq using donor genomes ....................................................... 76 

3.3 Discussion ............................................................................................................................ 83 

3.4 Methods ................................................................................................................................ 84 

3.4.1 Cell Culture .................................................................................................................... 84 

3.4.2 DENND1A enrichment ................................................................................................. 85 

3.4.3 Capture STARR-seq ...................................................................................................... 85 

3.4.4 Capture STARR-seq analysis ........................................................................................ 87 

3.4.5 whole genome STARR-seq assay .................................................................................. 89 

4. Developing a probe-based method to quantify gene expression in intact single cells ............... 92 

4.1 Introduction .......................................................................................................................... 92 

4.2 Results .................................................................................................................................. 94 

4.2.1 HCR Flow-FISH optimization ....................................................................................... 94 

4.2.2 Inducible change in gene expression measured using an optimized HCR Flow-FISH 

protocol for cell lines .............................................................................................................. 96 

4.2.3 HCR Flow-FISH allows multiplexed readout of target genes ....................................... 98 

4.2.4 HCR Flow-FISH captures altered gene expression levels in perturbations relevant to 

glucocorticoid responses ....................................................................................................... 102 

4.2.5 HCR Flow-FISH captures altered gene expression levels in perturbations of genomic 

loci associated with PCOS .................................................................................................... 104 



  
x 

 

4.3 Discussion .......................................................................................................................... 109 

4.3.1 Other uses of Flow-FISH in genomics research .......................................................... 110 

4.3.2 Advantages and considerations for implementing HCR Flow-FISH .......................... 110 

4.4 Methods .............................................................................................................................. 112 

4.4.1 Cell Culture .................................................................................................................. 112 

4.4.2 RPS knockdown in H295R cells .................................................................................. 113 

4.4.3 RNA extraction and qRT-PCR .................................................................................... 114 

4.4.4 H295R-dCas9-p300 & gRNA lentivirus ..................................................................... 114 

4.4.5 Generating stable H295R-dCas9-P300 cell line .......................................................... 115 

4.4.6 Transduction of gRNA into dCas9-P300 expressing cell lines: .................................. 115 

4.4.7 CRISPR screen DENND1A gRNA pool library design .............................................. 116 

4.4.8 CRSIPR screen plasmid pool sequencing .................................................................... 117 

4.4.9 HCR Flow-FISH .......................................................................................................... 118 

5. Summary and future directions ................................................................................................ 122 

5.1 Summary ............................................................................................................................ 122 

5.2 Future Directions ................................................................................................................ 125 

5.2.1 Regulatory mechanisms contributing to PCOS ........................................................... 125 

5.2.2 Mechanisms of regulatory elements in causing human diseases ................................. 133 

6. Conclusion ............................................................................................................................... 136 

Appendix A : Gene regulatory mechanisms in PCOS GWAS loci ............................................. 138 

Appendix B : Regulatory variants in DENND1A locus .............................................................. 145 

Appendix C : Probe-based methods to quantify gene expression ................................................ 152 

References .................................................................................................................................... 154 

 
 



  
xi 

 

List of Tables 

Table 1: List of PCOS GWAS loci selected for STARR-seq experiments. ................................... 34 

Table 2: Top variants associated with PCOS within STARR-seq regulatory elements. OR = odds 
ratio, MAF = minor allele frequency. ............................................................................................ 42 

Table 3: Colocalization of PCOS-associated variants with eQTL data from GTEx. ..................... 43 

Table 4: Candidate allele-specific regulatory variants identified. ................................................. 75 

Table 5: HCR Flow-FISH identified changes in gene expression due to Dex treatment in A549 
cells .............................................................................................................................................. 102 

Table 6: PER1 signal measured by HCR Flow-FISH in A549 cells with enhancer deletion ...... 103 

Table 7: RPS26 signal measured by HCR Flow-FISH in H295R cells with siRNA perturbation
 ..................................................................................................................................................... 106 

Table 8: DENND1A signal measured by HCR Flow-FISH in H295R cells with 2 different gRNA 
pools targeting regulatory elements in DENND1A locus perturbation ....................................... 109 

 

  



  
xii 

 

List of Figures 

Figure 1: Principle of STARR-seq reporter assay. This image of the construct design is adapted 
from Stark et al., 2015.................................................................................................................... 16 

Figure 2: Manhattan plot depicting several of the loci associated with PCOS, with the nearest 
gene indicated. Image adapted from Day et al., 2018 .................................................................... 25 

Figure 3: Graphical representation of the biological relevance of genes near PCOS risk loci. 
Adapted from Dapas et al., 2022 ................................................................................................... 26 

Figure 4 Measuring the regulatory activity in PCOS GWAS loci. ................................................ 35 

Figure 5: Regulatory elements correspond to regions of chromatin accessibility ......................... 39 

Figure 6: Prioritizing PCOS-associated variants within functional regulatory elements ............... 44 

Figure 7: Perturbation of regulatory elements in DENND1A impacts testosterone levels ............ 48 

Figure 8: Principle of probe-based capture of genomic regions .................................................... 71 

Figure 9: Fine-mapping variants identified four regulatory variants that are also eQTLs for 
DENND1A. .................................................................................................................................... 73 

Figure 10: Library complexity to estimate whole genome STARR-seq optimization. .................. 77 

Figure 11: Complexity and length of whole genome STARR-seq libraries. ................................. 78 

Figure 12: pseudo log2(Fold Change) of regulatory elements called by MACS ........................... 79 

Figure 13: Whole genome STARR-seq regulatory elements correspond to accesible chromatin 
regions ............................................................................................................................................ 80 

Figure 14: Principle of hybridization chain reaction (HCR). Image adapted from Molecular 
Instruments ..................................................................................................................................... 95 

Figure 15: Comparison of intensity of IL11 by HCR Flow-FISH. ................................................ 99 

Figure 16: Optimizing HCR Flow-FISH in A549 cells. .............................................................. 101 

Figure 17: HCR Flow-FISH measures gene expression changes due to genomic editing in A549 
cells. ............................................................................................................................................. 103 

Figure 18: RPS26 signal is decreased by siRNA knockdown measured by HCR Flow-FISH .... 106 

Figure 19: DENND1A signal is increased by dCas9-p300 perturbation in H295R cells ............ 108 

 



  
xiii 

 

 
Acknowledgements 

Like many dissertations before mine, and likely many after, this is a collection of new 

thoughts, ideas and questions asked that are somewhat answered. In taking on this monumental 

task of a doctoral dissertation and presenting it, I would be remiss to not acknowledge the support 

of people around me.  

Firstly, thank you to my mentor, Dr. Timothy Reddy.  He has been incredibly supportive 

of this project and it is with his guidance that has trained me to be the scientist I am today. To my 

committee, Dr. Aravind Asokan, Dr. Greg Crawford, and Dr. Mike Hauser, thank you for 

challenging me, for your feedback, and guidance and importantly for supporting me across the 

challenges of getting the projects moving and for supporting me in my pursuits of gaining 

teaching experience. Thank you to Dr. Andrea Dunaif and Kelly Brewer at Mt. Sinai for their 

support. Thank you to Dr. Aleks Babic and Dr. Christine Stracey at Guilford College for the 

conversations over STEM education, and pedagogy. 

To my scientific growth, I owe many thanks to my lab mates. I am grateful to Graham 

Johnson for mentoring me in scientific methods, and for being the person I would reach out to for 

questions and ideas. I am also grateful to Alex Barrera, who has taught me how to use 

bioinformatics tools, and learn and think about computational methods. Sarah, thank you for 

being a wonderful friend and lab mate to discuss everything from evolution and STEM education 

to troubleshooting and goss. Thank you to other lab members, Tony D’Ippolito, Young-Sook 

Kim, Kari Strouse, Apoorva Iyengar, Schuyler Melore, Shauna Morrow, Kuei-Yueh Ko and 

Revathy Venukuttan for making my lab experience more enjoyable, and scientifically more 

enriching. And lastly, thank you Tim, for creating a space where I was able to learn and grow in 

so many ways, for bringing in Goodboi Huck and for also loaning Chidi’s first kennel. 



  
xiv 

 

 

Thank you to my Durham family, as we supported each other through everything thrown 

at us. Ankita, - thank you for all the time we spent together in our home. Iman, Erika, Crystal, 

Rylee, and Isabel, all of whom are amazing scientists and kindest friends. Maria, Sarah, Kayla, 

Tiina, Jon, Judy are incredible neighbours who opened their doors, and hearts, and we survived 

the toughest days of the height of COVID-19 pandemic together. Lauren, Katie and Katelyn, 

thank you your friendship, and music love. To all the people I have met through agility, thank you 

for challenging me to learn new things and channel my competitive spirit. Finally, my profound 

gratitude to my family. Sheetal, Khushi, Kalpana and Meena, you guys always kept me going 

with our conversations. Raahul was always the first to say something dumb to me, or chuckle at 

my coding flails, but also always there to help me. To those who have finished this particular 

journey before – Doctors: Malavika, Nikhila, Akila, Rohini - thank you for encouraging me in the 

last phase having been through the same. Aditi and Chinx, thank you for sustaining me with 

enthusiasm for so many different things. My deepest love and gratitude to Frank Willig for being 

the best source of support and comfort during all the ups and downs of the PhD journey. Your 

intelligence and curiosity inspired me to learn more, and thank you for enriching my life. And for 

reminding me about the wonders of macro-biology when molecular biology sometimes just 

doesn’t work. And for always making me laugh asking “what’s a guh-was?”  

And finally, thank you to Chidi. If you know me, you would not be shocked to this 

paragraph in here. Chidi, you bring with you an infectious joy about life. I am learning from your 

confidence in tackling things that are so much bigger than you. I am always impressed by how 

new things come to you easily and you don’t shy away from trying it out. Thank you for listening 

to lab meetings and for spending hours with me in lab so you can run around outside CIEMAS. 

Thank you for bringing me joy through your friends, Pacho, Juno, Hudson, Penny, Parker and 



  
xv 

 

Teddy. Thank you to the best PhD buddy. Words are not sufficient to describe how instrumental 

you are, but I know you can feel my feels. 

Lastly, as I’ve read through some other dissertations, I find myself reading their 

dedications and acknowledgments. These are the sections that beckon the reader to think about 

the other scientist as a whole person, a friend and someone who has been on a similar journey and 

all of the people who helped them get to the finish. This journey is no small feat. If you are 

reading this section after I have graduated, I hope you take a moment to think about the village 

supporting you in your doctoral journey.  

Thank you.  



  
1 

 

1.Introduction 

In this dissertation, I have focused on expanding our understanding of the role of non-

coding gene regulatory mechanisms in contributing to human diseases by developing methods to 

investigate regulatory elements, regulatory variants, and their effects on regulating gene 

expression. As a case study, I have implemented experimental and statistical approaches to study 

the non-coding regulatory elements that are associated with polycystic ovary syndrome (PCOS), a 

common, complex genetic disease. In this chapter, I will provide an overview of the different 

processes involved in gene regulation in eukaryotes, and how the non-coding genome affecting 

gene expression can contribute to human diseases. I then focus on how genetic variation impacts 

gene regulation and describe the current efforts to functionally identify the mechanisms of non-

coding genetic variants in causing a disease or a trait. I also describe some of the challenges and 

recent advances in the field that have made investigating the functional effects of non-coding 

genetic variants easier. I will then give an overview of PCOS as a genetic disease and summarize 

the current studies that have evaluated the non-coding regulatory contributions to PCOS 

pathogenesis.  

 

1.1 Gene Regulation in mammals 
 

1.1.1 Overview of the structure of the eukaryotic genome 

In eukaryotes, the DNA of an organism is contained inside the nucleus of every cell. In 

general, there exists a flow of information contained with nucleotide and protein sequences. That 

is, genetic information encoded in the genome can be transcribed into an mRNA template which 

can then be translated into proteins as the functional units in the eukaryotes (G. M. Cooper, 
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2000). Genomic DNA consists of protein-coding sequences called genes, however much of the 

eukaryotic DNA is comprised of non-coding sequences. These sequences can be interspersed 

between the genes or also found within the genes as intronic regions that split a protein-coding 

gene sequence into segments called exons(G. M. Cooper, 2000). In addition, a substantial portion 

of the eukaryotic genome is comprised of non-coding repetitive sequences of several types 

scattered throughout the genome. Some of these DNA repeats have evidence of function, while 

most are inert (Shapiro & Sternberg, 2005). The genomic DNA is linear and compacted by the 

interactions between the DNA itself and several proteins called histones. This compacted 

complex is the chromatin where the DNA is wound around the histone proteins (G. M. Cooper, 

2000). The basic structural unit of chromatin, the nucleosome, is described as beads on a string 

referring to the physical appearance of linear DNA compacted around the histones (Kornberg, 

1974). Based on the compaction chromatin is categorized as heterochromatin and euchromatin. 

Heterochromatin is highly organized, dense, and not accessible to proteins like transcription 

factors (TFs) or RNA polymerase while euchromatin is less compact, and allows for increased 

transcription factor-binding and increased gene expression (Huisinga et al., 2006). This control of 

compaction is achieved by the location of the histones and modifications of the histone proteins 

itself. Post-translational modifications of histones can include acetylation, deacetylation, 

methylation etc., and can functionally influence gene expression (Bannister & Kouzarides, 2011). 

Chromatin structure is therefore linked to the control of gene expression in eukaryotes. 

 

1.1.2 Regulation of transcription in the eukaryotic genome 

Genes are typically transcribed by RNA polymerase II in eukaryotes. Most genes have 

promoter sequences at the start of gene transcription start site and act as the binding site for 

transcription machinery to assembly and then begin the initiation of transcription (Smale & 
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Kadonaga, 2003). The genes usually have two core promoter elements, the TATA box and the 

initiator sequence, that act as specific binding sites for general transcription factors (G. M. 

Cooper, 2000). Early studies sequencing the human genome identified that only about 1-2 % of 

the complete human genome was considered protein-coding (Hatje et al., 2019). Since then, 

several studies and consortia have led efforts to characterize the non-coding genome which 

refocused the idea that these non-coding regions can have functional effects, primarily through 

gene regulation (Abascal et al., 2020; E. P. Consortium, 2004; Dunham et al., 2012; Kundaje et 

al., 2015). These studies revealed a complex genomic landscape where the interaction between 

DNA and proteins led to ranges of interactions across different distance ranges between the linear 

genomic loci. Importantly, these efforts successfully mapped the state of the epigenome across 

several cell and tissue types for 3D-interaction maps, histone modifications, transcription factor 

binding sites and other chromatin features. The datasets from these studies are publicly available, 

thereby creating a resource for identifying gene regulation and building a comprehensive 

understanding of different cell types. These studies and on-going projects have yielded an insight 

into the heterogeneity of genomic states that account for development and stimuli responses. 

However, there is still a vast amount of the non-coding genome that is less well understood, 

particularly in respect to human disease and development. 

 

Many genes are controlled by genomic sequences that are at a distance from the 

transcription start site on a linear scale, sometimes > 10 kb. The genomic sequences that function 

as regulatory elements are physically separated from the transcription start site of a gene. Such 

regulatory sequences function as enhancers or repressors, influencing the gene expression of the 

target gene(s) of that regulatory sequence. Enhancers are cis-acting regulatory elements that 

increase the levels of gene expression, while repressors decrease or inhibit transcription. A single 
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gene is often regulated by multiple enhancers, and multiple genes can be regulated by a single 

enhancer (Karnuta & Scacheri, 2018). Enhancers function by the coordinated binding of 

transcription factors to open chromatin DNA regions comprised of short 20-30 bp sequences 

called motifs (Maurya, 2021). Enhancers can be highly cell-type specific, and the combination of 

the enhancer states and transcription factor binding is important for cell identity, lineage 

determination and differentiation and development (Maurya, 2021). Enhancers can recruit 

chromatin remodeling complexes that modify the histones, thereby, altering accessibility of the 

promoter. Repressors can inhibit the transcriptional process through different approaches 

including by impeding the binding of RNA polymerase to the DNA and by inhibiting the 

transcription initiation process (Rojo, 2001). Insulators are elements which block the enhancer-

promoter interaction by recruiting chromatin structural modifiers and are important to separate 

the activity of genes with different regulatory requirements (Phillips & Corces, 2009).  

 

While the classification of regulatory elements into enhancers or repressors describes the 

function of that regulatory element on the transcription of the target gene, the specific function is 

dependent on several factors and is a source of the complexity of gene regulation. Furthermore, a 

transcription factor can act as both transcription activators and repressors based on the context.  

The specific function of a transcription factor in any context is influenced by environmental 

stimuli, presence of co-activators or co-repressors, developmental stages, cell signaling and self-

regulation (Weidemüller et al., 2021). Understanding the full range of transcription factor activity 

across regulatory elements is one key part of understanding cell signaling and gene regulation.  

 

Regulatory elements for a target gene can be separated from the transcription start site by 

several kilobases. Despite the distance on a linear scale, one question in the field was how these 
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regulatory elements have an effect on transcription. These regulatory elements function by 

permitting the binding of transcription factors that can directly or indirectly have physical 

interactions with RNA polymerase II or other transcription factors, which is possible through 

DNA folding or looping (G. M. Cooper, 2000). The DNA looping process brings in close 

proximity the promoter region with several other regulatory elements, and the proximity is 

measured in the 3-dimensional space rather than the linear genomic scale. These long-range 

chromosomal interactions are mediated by proteins such as mediator and cohesin complexes 

(Kagey et al., 2010). Enhancers can also strengthen association with a gene by promoting 

interaction between promoter-proximal-transcription factors and chromatin remodeler proteins 

(Dean, 2011). Measurements of the interaction frequency between a candidate enhancer and the 

promoter of the target gene can yield insight into enhancer activity and dynamics (Hsiung et al., 

2016). Recent studies have converged on a model for chromatin looping called the loop extrusion 

model (Kaur et al., 2023; Sanborn et al., 2015). Looping of the genomic DNA is achieved by 

extruding DNA through the ring-like structure of cohesin, and the extrusion continues till it 

reaches boundary regions marked by the binding of CTCF proteins. Studies of the 3D architecture 

of the genome identified regions of increased contact within each other called topological 

associating domains, or TADs (Lieberman-Aiden et al., 2009).   

 

The binding of proteins such as transcription factors to DNA is permissible when the 

chromatin DNA is not tightly compacted. That open chromatin state allows protein-DNA 

interaction to occur. Therefore, one indirect way of identifying regions that might have regulatory 

function due to transcription factor binding is by identifying accessible chromatin regions. 

Studies of the non-coding genome revealed that regions of the genome that are not bound by 

proteins or histones are susceptible to DNA digestions, termed accessible or open chromatin. An 
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enzyme, DNase I, was used in high-throughput genome-wide studies to identify genome regions 

susceptible to cleavage known as DNase I hypersensitive sites and are regions enriched for 

transcription factor binding (Song & Crawford, 2010; Thurman et al., 2012). Recent advances in 

mapping chromatin accessibility have employed several other enzymes to improve the precision 

of data. One such advancement is the use of ATAC-seq (Assay for Transposase-Accessible 

Chromatin using sequencing) which involves the use of hyperactive Tn5 transposase to identify 

accessible chromatin regions (Buenrostro et al., 2015). Optimization of this technology allowed 

for accessible chromatin measurements across a cell population of even < 100,000 and single-cell 

analyses have led to the development of several accessible chromatin maps including single cell 

maps across different cell and tissue types in different species (Corces et al., 2017; C. Liu et al., 

2019; K. Zhang et al., 2021). 

 

Another core component of gene regulation is in modification of the histone proteins that 

compact chromatin (Lorch et al., 1987). The chromatin is compacted by a set of 8 histone 

proteins. Each histone octamer is comprised of two sets of H2A, H2B, H3, and H4 proteins that 

are modified at the N-terminal by several different covalent modifications (Durrin et al., 1991) 

like acetylation, methylation, etc.  Enhancers can exist in several states, which are typically 

marked by specific histone modifications such as H3K4me1 and H3K27ac for active enhancers 

and H3K4me1 and H3K27me3 for poised enhancers (Karnuta & Scacheri, 2018). Promoters of 

transcriptionally active genes are associated with trimethylation of histone-H3 lysine-4 

(H3K4me3), while actively transcribing genes usually have higher levels of H3K36me3 and 

H3K79me3 in the gene body (Dixon et al., 2012; Gates et al., 2017). 
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1.1.3 Regulatory elements in disease development 

Disruptions in the sequential flow of information from DNA to proteins can lead to 

several pathological indications. Focusing on the genome, genetic variation in protein-coding-

genes has been shown to cause several Mendelian diseases (Roth & Marson, 2021). Given the 

essential role of transcriptional regulation in human health and development, misregulation could 

lead to disease. Gene regulation by regulatory elements is done through precise spatiotemporal 

control during stages of development, lineage specification, and in response to environmental 

stimuli (D’Ippolito et al., 2018; Maurya, 2021; Reddy et al., 2009). Gene regulation can happen at 

largely different genomic scales ranging from chromosomal conformation to chromatin 

accessibility and single nucleotides. 

 

Transcriptional misregulation has been associated with a diverse set of diseases, 

including cancer and developmental syndromes (Darnell, 2002; Engelkamp & Heyningen, 1996; 

López-Bigas et al., 2006; Scherzer et al., 2008). For example, the androgen receptor (AR) gene is 

amplified in a population of prostate cancer cases (Merson et al., 2014) and increased levels of 

SNCA gene can contribute to dominant Parkinson's disease  (Soldner et al., 2016). Mutations in 

the regulatory elements can range from chromosomal aberrations on the large scale right down to 

single nucleotide genetic variants at the single base level and are a major cause of human 

diseases. Structural variations like chromosomal translocation and inversions of large genomic 

segments have been identified in cases of cancer and metabolic disorders (D.-H. Lee et al., 2018; 

Nambiar et al., 2008; Nomura et al., 2018; Puig et al., 2015). Misregulation in the steps involved 

in chromatin looping can disrupt the organization of the genome called topological associated 

domains (TADs) leading to diseases collectively termed tadopathies (Matharu & Ahituv, 2015). 

One study reported a 660 kb deletion in a patient with autosomal dominant adult-onset 
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leukodystrophy (ADLD). This deletion caused the loss of a TAD, and aberrant enhancer adoption 

caused an enhancer to regulate a gene, LMNB1, which otherwise would not interact with that 

enhancer leading to ADLD (Giorgio et al., 2015).  In some cases of a neurodevelopmental 

disorder, Cornelia de Lange Syndrome, there are mutations in the genes of the cohesin complex 

involved in chromatin loop formation. That change in cohesin leads to an altered chromatin-

interaction map across several cell types (Garcia et al., 2021).  

 

Regulatory variation can affect human health by altering any of the steps along the gene 

expression cascade from DNA to protein. It has been reported that genetic variants within 

transcription factor binding sites can affect the binding of transcription factors and co-activators 

or co-repressors based, contextually (Behera et al., 2018). Most causal variants are likely to 

influence traits by altering gene expression (Kioussis et al., 1983; Lettice et al., 2002; 2008; 

Rasmussen et al., 2015; Junwei Shi et al., 2013; Smemo et al., 2014). For example, genetic 

variants identified in an enhancer of IRF6 disrupts transcription factor binding and are associated 

with cleft lip (Rahimov et al., 2008). Another study identified obesity-associated variants to be 

regulating IRX3 as an example of long-range regulatory events leading to disease phenotypes 

(Smemo et al., 2014). For complex, non-monogenic diseases, several studies have associated 

genomic loci with predisposition to that disease. These genomic loci contain multiple regulatory 

elements, and these elements can influence several genes (Albert & Kruglyak, 2015; French & 

Edwards, 2020; Knight, 2005). Complex disease traits are, therefore, likely influenced by the 

contribution of dysregulation across several regulatory elements with small effects on the 

phenotype. One challenge of studying complex diseases is that their genetic architecture follows a 

polygenic rather than a Mendelian model (Visscher & Goddard, 2019), and therefore several 

genetic loci would have been assayed for their contribution to the disease. 
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1.2 Challenges in functional analysis of disease-causing regulatory 
elements 
 

1.2.1 Genome-wide association studies have identified genomic loci associated 
with diseases 

Common non-communicable diseases are a concern for people and animals. The physical 

presentations of complex diseases are influenced by the interaction between genetic 

predisposition and environmental and lifestyle factors (Smith et al., 2005). Genome-wide 

association studies (GWAS) are designed to map the polygenic nature of common complex 

diseases by identifying genetic variants that are significantly enriched in a population of 

individuals with the disease than in a healthy population (Burton et al., 2007). Specifically, 

GWAS involves correlating allele-frequencies of genetic variant markers across the whole 

genome with a given trait within a population. These analyses yield risk haplotypes which likely 

contain some genetic variants that contribute to the disease phenotype. The results from 

thousands of GWAS for different human traits have identified millions of variants associated with 

traits, such that for a given trait, there are several genetic variants associated with it (Sollis et al., 

2022). One recent model put forward is the omnigenic model which posits that all the genes 

expressed in a cell contribute to a given trait and that information flows from all the genetic 

variants to affecting nearby genes in turn affecting other genes (Boyle et al., 2017). The 

omnigenic model also describes a network where gene contributions towards complex diseases 

can be classified as core or peripheral genes. Core genes are those for which the gene product has 

a direct effect on the phenotype while peripheral genes outnumber core genes and contribute to a 

phenotype indirectly. Therefore, for a complex disease according to the omnigenic model, the 

phenotypic traits are a result of the expression of both core and peripheral genes. Based on the 
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omnigenic model, GWAS could be powered to identify new genetic loci that mark core or 

peripheral genes that contribute to the disease phenotypes with better genotypic approaches. 

 

A database that compiles published genetic variant-to-trait associations called the GWAS 

Catalog was developed to aid researchers in accessing results across thousands of published 

GWAS results (Sollis et al., 2022). Currently, the GWAS Catalog, a compilation of completed 

genome-wide association studies, lists 6,499 studies and 539,949 significant associations as of 

July 29, 2023 release. The large number of GWAS studies have been facilitated by three key 

advancements in the genomics field: decreased cost of genotyping-arrays, increase in the number 

of variants able to be tested including better imputation statistics and reference panels including 

multi-ancestral genetic data, and increased efforts in statistical analyses to include traits, 

clustering to understand the heterogeneity of a trait, genome-wide gene-environment interactions 

(Loos, 2020). Despite these advancements with GWAS, the clinical insights into the disease 

pathology derived from the GWAS results have been limited. 

 

1.2.2 Challenges in translating results from genome-wide association studies 
to genetic mechanisms 

A key motivation in studying the genetic mechanisms of disease pathogenesis is 

elucidating biological pathways for therapeutic interventions. That is, identifying the molecular 

pathways that drive disease phenotypes will enable us to identify potential new targets for drug 

development research to increase treatment options for that disease. Some complex genetic 

diseases of unknown etiology are managed clinically using drugs that aim for symptom 

management and do not cure the disease. Taken together, elucidating the underlying molecular 

pathway is a key step in developing targeted therapeutics as well as increasing our understanding 
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of disease diagnosis and causes. While genome-wide association studies have identified several 

risk loci, there remains a challenge in identifying the mechanism by which genetic variants 

contribute to the overall phenotype. GWAS results are statistical associations between genetic 

variants or single nucleotide polymorphisms (SNPs) and the risk of a disease. There are three 

main challenges that make it difficult to gain insight from GWAS associations to biological 

mechanisms contributing to a trait or disease phenotype. The first challenge is that most of the 

disease-associated SNPs are in the non-coding genome (Tam et al., 2019). This means that a large 

portion of the disease-causing variants are presumed to affect the regulation of the genes (French 

& Edwards, 2020). Second, genetic variants that are physically nearby on the genome are often 

inherited together due to co-segregation during meiotic recombination, known as linkage 

disequilibrium (LD) (Slatkin, 2008). This means that there are multiple variants present in a 

genomic locus due to this correlation and therefore, the causal genetic variant or variants can be 

hard to distinguish. Third, the effect of identified variants has not been able to fully account for 

the narrow sense of genetic heritability estimated for complex traits. That is, the phenotypic 

variance explained by the identified genetic variants doesn’t fully capture all the phenotypic 

variance that is present, therefore there is still a question of what all the genetic contributions to 

that trait are. This problem, called the missing heritability problem has been a focus of several 

recent research studies to understand the molecular insights of complex diseases (Manolio et al., 

2009). Explanations for the source of missing heritability likely include a combination of several 

factors including limited sample size and population (McCarthy et al., 2008), the lack of 

statistical ability to identify rare variants (Zuk et al., 2014) and gene-environmental interactions 

(T. Huang & Hu, 2015; Ni et al., 2019). 
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The identification of causal variants within a disease-associated genomic locus requires 

follow-up studies of the implicated genomic region, an approach known as fine mapping (Schaid 

et al., 2018). There can be several complementary approaches, experimental and computational, 

to be needed to determine which of the linked variants are functional (Edwards et al., 2013). 

Given that variants in high LD with the lead GWAS variant tend to be enriched in genomic 

regions with evidence of functionality, it is thought that the causal variants act to influence 

disease phenotype by altering gene expression patterns (Maurano et al., 2012). However, these 

genomic variants are in genomic loci that often have multiple genes which makes it challenging 

to identify which genes are affected in which cell type(s) in the case of a particular disease. 

Furthermore, the lack of understanding of causal cell types makes validation of GWAS variants 

difficult. 

 

1.2.3 Identifying the mechanistic role of GWAS signals 

With increasing study populations and decreasing costs of sequencing, the number of 

associations from GWAS has been growing at a rapid pace (Gurdasani et al., 2019) and has 

necessitated follow-up studies on understanding the biological insight of those associations. The 

results from these GWAS studies led to the next obvious question in this field - how can we 

investigate the disease-associated loci to identify genetic variants that can impact cellular 

phenotypes leading to mechanistic insights into disease pathogenesis (Lichou & Trynka, 2020). A 

common hypothesis is that non-coding genetic associations increase disease risk via impacts on 

gene regulatory element activity and downstream gene expression (Gallagher & Chen-Plotkin, 

2018). There have been several approaches to build upon the GWAS results in different traits or 

associations. These studies have used different approaches including statistical (Giambartolomei 

et al., 2014; Hormozdiari et al., 2014, 2016; Ma et al., 2015; Maurano et al., 2012; Nicolae et al., 
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2010; Trynka et al., 2013) and experimental approaches to fine map GWAS signals, and in some 

cases identify functional variants (Kircher et al., 2019; Kneppers et al., 2022; S. Liu et al., 2017; 

Myint et al., 2020; Ouwerkerk et al., 2020; P. Zhang et al., 2018).  For example, one study 

identified a single SNP that regulates SORT1 in a liver-specific manner to alter plasma lipid 

levels, in a GWAS risk locus for low-density lipoprotein cholesterol and myocardial infarction 

(MI) in humans (Musunuru et al., 2010). Another study focused on maternal hyperglycemia 

identified variants spanning multiple enhancers to have a coordinated effect on HKDC1 

expression (Guo et al., 2015). Notably, detailed cellular or molecular studies are often needed to 

connect the identified gene regulatory impacts to a disease-relevant phenotype (Musunuru et al., 

2010; Ouwerkerk et al., 2020). 

 

1.3 From genetic association to biological insights 

There are thousands of genetic variants reported to be associated with different traits or 

diseases and the pace of discovering new associations has been assisted by better genotyping 

technology and decreasing cost (Sollis et al., 2022). However, the pace and scale of the ability to 

identify genetic mechanisms that contribute to the disease or trait behind the association has been 

slower in part due to the challenge that necessitates developing and scaling up methods to address 

that question. Two emerging methods have been substantially advancing the ability to test for 

functional relevance in disease-associated risk loci. One approach is using high-throughput 

reporter assays that estimate the ability of genomic regions to act as regulatory elements. A 

second complementary approach is using CRISPR-Cas9 to make genetic or epigenetic 

perturbations in cells that recapitulate the effects of non-coding genetic variants.  
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1.3.1 Reporter assays measure regulatory activity of a candidate DNA 
fragment 

Reporter assays are experimental methods that are typically used to measure the 

regulatory ability of a given DNA sequence by regulating the expression of a reporter gene. The 

luciferase assay is a type of reporter assay where the reporter gene is involved in a biochemical 

reaction to produce bioluminescence (Nair & Baier, 2018). The luciferase assay was used to 

identify the causal variant from a GWAS association of the 1p13 genomic locus and low-density 

lipoprotein cholesterol (LDL-C) in humans (Musunuru et al., 2010). This study identifies 

haplotype-specific differences in transcriptional activity which was caused by a single SNP - 

rs12740374, and subsequently identified its target gene as SORT1 which has liver-specific 

expression. Another study focused on two cardiac traits, and combined results from luciferase 

reporter assays as well as 4-C chromatin conformation assay to identify variants that had allele-

specific reporter activity to identify altered enhancer function of the SNPs - rs1743292/ 

rs1772203 (X. Wang et al., 2016). Technological advances in this field have led to several 

approaches to multiplex and scale the reporter assays from testing one candidate element at a 

time.  

 

Massively parallel reporter assays (MPRAs) allow for the testing of thousands of 

genomic regions to identify functional regulatory elements. The principle of this technology was 

first designed for promoter assays (Patwardhan et al., 2009) where the authors studied the effect 

of all possible point mutations of three promoter regions on gene expression levels. MPRAs were 

then used to test for enhancer function. For example, one study analyzed the effect of all possible 

mutations or deletions of two inducible enhancers on transcriptional activity in the HEK293T cell 

line (Melnikov et al., 2012). One study identified several variants within candidate cis-regulatory 
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elements to have an effect on enhancer activity, which are linked to known disease-causing loci 

(Tewhey et al., 2016). Another study identified 12 regulatory variants from a population-based 

study cohort from the Hyperglycemia and Adverse Pregnancy Outcome (HAPO) study (Vockley 

et al., 2015). Several other studies have used variants of MPRAs to study GWAS loci (Castaldi et 

al., 2018; Mulvey & Dougherty, 2021; Ouwerkerk et al., 2020; Tewhey et al., 2016). These results 

underline the importance of tissue-specificity of reporter activity estimation and the cellular 

effects of changes in target gene expression 

 

One of the MPRA technologies developed is STARR-seq (Muerdter et al., 2015), which 

stands for self-transcribing active regulatory region sequencing. STARR-seq allows for testing for 

regulatory activity of any genomic element inserted into the STARR-seq vector using high-

throughput sequencing methods. Briefly, the library of regulatory elements to be tested is cloned 

into the STARR-seq vector which consists of a reporter gene and minimal promoter. Millions of 

fragments can be cloned into the vector yielding a library of pool of plasmids that contain the 

STARR-seq vector and the millions of fragments to be tested for reporter activity. The fragment 

to be tested is inserted into the 3’-UTR of the reporter gene which is followed by the poly-A 

(polyadenylation) site (Figure 1). This allows for the DNA to be transcribed as part of the mRNA 

processing when inserted into a cell. Therefore, reporter activity can be measured by comparing 

the quantities of mRNA transcripts that contain that particular fragment to the quantities of DNA 

containing that fragment obtained from the library of STARR-seq plasmid. That is, regions that 

have more RNA transcripts compared to DNA have greater candidate enhancer activity. STARR-

seq has been used to generate quantitative enhancer activity across three Drosophila 

melanogaster cell types of developmentally different origins (Arnold et al., 2013). The human 

genome is 20x larger than the fly genome, and therefore adaptation of STARR-seq has required 
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both experimental and statistical modifications. One study used libraries of reduced complexity to 

test selected enhancer candidates (Vanhille et al., 2015). Another study scaled up STARR-seq to 

test the human genome for glucocorticoid (GC) stimulated changes in regulatory activity and 

demonstrated the use of STARR-seq data alongside orthogonal genome-wide functional 

genomics assays to identify putative GC-responsive regulatory elements (Johnson et al., 2018).  

 

Figure 1: Principle of STARR-seq reporter assay. This image of the construct design 
is adapted from Stark et al., 2015 

 
Reporter assays have allowed for testing thousands of candidate regulatory elements in 

multiple cell lines fairly easily. However, there are some limitations as well. First, most of these 

assays are episomal in nature where a plasmid is delivered to the cell and doesn’t integrate into 

the host genome. This is problematic since the fragments to be tested do not have chromatin 

marks or are influenced by the binding of other factors, which is the native context of the 

genome. Furthermore, the effects of the enhancer–promoter distance and DNA looping are not 

factors of regulatory activity in MPRA. The fragments tested for regulatory activity in MPRAs 

have a limited size range either by limitations of plasmid size, or by limitations in fragmenting, 

synthesizing, or probe-capturing those fragments (200-500 bp) (Inoue & Ahituv, 2015). These 

limitations are problematic, since regulatory elements could be longer or have combinatorial 
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activity and thus are missed during testing important sequences. STARR-seq and MPRA results 

can include a level of false-positive and false-negatives which can vary because of technical 

problems in experimental approaches, sequencing, and statistical limitations (Gallagher & Chen-

Plotkin, 2018). In addition to the experimental challenges, new technologies like STARR-seq 

have led to the development of appropriate analytical methods for data generated by these 

experiments. As STARR-seq experiments have progressively employed more complex libraries, 

one issue is that the coverage on the readout from these experiments is non-uniform, and 

confounded by biases such as GC content and shearing. Lee at al. (2020) and Kim et al. (2021) 

have published two different methods that allow for modeling biases in STARR-seq experiments 

to improve the detection of regulatory elements (Kim et al., 2021; D. Lee et al., 2020). 

 

1.3.2 CRISPR-Cas9 genome and epigenome editing 

Genome- or epigenome-editing approaches have been used to dissect GWAS loci to 

better understand disease etiology. While statistical fine-mapping methods seek to prioritize 

causal variants, genomic annotation, and high throughput reporter assays can yield information on 

the prioritization of causal functional elements. For coding variants, the target gene can be 

inferred directly from its genomic location. However, for non-coding variants, the challenge in 

identifying the target gene for cis-regulatory elements (CRE) is confounded by the fact that these 

CREs can affect the transcription of genes over several kb and vary over developmental periods 

(Rao et al., 2021). Therefore, to investigate the functions of the prioritized CREs and/or causal 

variants, genome- or epigenome-editing allows us to determine to effects of perturbing those 

regions in the native genomic context. One of the systems used for perturbation is the 

CRISPR/Cas system, comprising CRISPR repeat-spacer arrays and Cas proteins, which was 

identified as part of an adaptive immune system in bacteria (Mojica et al., 2009). Most Cas 
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proteins are nucleases that cleave the targeted nucleic acid sequence and can be used to knock out 

a gene. This CRISPR/Cas complex protein also involves a guide RNA (gRNA) which acts as a 

targeting guide to bind to a specific location on the genome. Mutations in the Cas proteins can 

produce nuclease-deactivated Cas (dCas). The deactivated Cas protein retains its ability to bind to 

a target-genomic DNA but cannot cleave the double-stranded DNA. This property of dCas9 was 

taken advantage of to tether epigenetic effectors to the dCas9 (Gilbert et al., 2014; Konermann et 

al., 2015; Nakamura et al., 2021) . Tethering gene-regulatory proteins to dCas proteins has 

expanded the genome editing toolkit to include tools for transcriptional downregulation and 

upregulation (Fulco et al., 2016; Gilbert et al., 2014; Konermann et al., 2015; Liao et al., 2017; 

Thakore et al., 2015).  

 

The CRISPR/Cas systems have been used to dissect GWAS loci, to test for target genes 

or pathways affected in complex diseases. For example, one study employed a genome-editing 

CRISPR screen and identified that depletion of HRI increases fetal hemoglobin levels, which is a 

therapeutic potential for hemoglobinopathies (Grevet et al., 2018).  One study used CRISPR to 

disrupt likely variants associated with renal cancer susceptibility and identified gene regulatory 

regions that decreased the expression of oncogenic genes (Grampp et al., 2016). Another study 

used the epigenome-editing method by fusing a KRAB domain to dCas9 and identified that 

LINC00339 is the target gene responsible for the risk locus for osteoporosis (X.-F. Chen et al., 

2018). Recent studies have employed high-throughput perturbation or epigenome editing to 

dissect GWAS loci and successfully identified target genes that contribute towards a disease 

(Morris et al., 2023; Schnitzler et al., 2024; Wünnemann et al., 2023).  
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The targeted editing of the epigenome using CRSIPR-based approaches has several 

advantages. By perturbing a locus endogenously, we are testing for the target genes of regulatory 

elements within the native genomic context of that cell type, thereby capturing the cell-type 

specificities of gene regulation. Second, because the targeting of the Cas9 protein depends on a 

gRNA which can be synthesized individually, pools of gRNA can be used to efficiently target a 

single region or several regions at once. However, there are some disadvantages to this method. 

First, the range of the effects of epigenome editing is influenced by cell-type contexts (Gilbert et 

al., 2014). Another confounder is that it has been shown there is a strong correlation between the 

CRISPR activity scores to the distance from the transcription start site of the target gene (Gilbert 

et al., 2014). Despite these limitations, there have been successful examples of combining 

CRISPR-based methods with other functional experimental methods to dissect GWAS loci (Y. A. 

Cooper et al., 2022; Townsley et al., 2020). 

 

1.4 Polycystic ovary syndrome is a complex genetic disease 

Specific case studies are instrumental for developing approaches that identify the 

mechanistic causes underlying genetic associations (French & Edwards, 2020; Gaulton et al., 

2023; Heshmatzad et al., 2023; Khurana et al., 2016). One class of understudied complex genetic 

diseases involves reproductive health (Fabbri-Scallet et al., 2023; Marla et al., 2023; Owen et al., 

2023). Polycystic ovary syndrome (PCOS) is a common complex disease that is characterized by 

reproductive traits including infertility, anovulation, and metabolic traits including obesity and 

type II diabetes risk and endometrial cancer risk. 
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1.4.1 Classification of a reproductive disease based on ovarian morphology 

The first study to describe the characteristics of polycystic ovary syndrome (PCOS) by 

Stein and Leventhal in 1953 identified clinical characteristics of PCOS in seven women to 

include amenorrhea, hirsutism, and polycystic appearance to their ovaries. They also reported that 

clinical features of menstrual irregularity and infertility could be improved by removing parts of 

the enlarged ovaries.  

 

It is now understood that PCOS is an endocrine disorder and is a leading cause of 

infertility. Recent advances in medicine and endocrinology have led to several different criteria 

for diagnosis of PCOS, which includes quantitative measurements of hormones (Chang & Dunaif, 

2021). The estimated incidence ranging from 5% to 15% varies based on the study population and 

diagnostic criteria (Dapas & Dunaif, 2022). PCOS involves dysregulation of the hypothalamus-

pituitary-ovary axis leading to altered hormone levels (Lenthscher & Decherney, 2021). In PCOS 

patients, altered hormone levels lead to infertility via impaired oocyte development and 

anovulation. Patients with PCOS also experience irregular menstrual cycles, acne, hirsutism, 

insulin resistance and obesity. There are several different criteria to diagnose PCOS (Chang & 

Dunaif, 2021). Common symptoms across those criteria include hyperandrogenism and ovulatory 

dysfunction. 

 

1.4.2 Public Health Consequences of PCOS 

The CDC estimates that there are ~5 million people in the US who have been diagnosed 

with PCOS. Previous studies estimated that estimated healthcare costs for initial evaluation and 

treatment and PCOS is about 3 billion USD (Ricardo Azziz et al., 2005). However, because of the 

chronic nature of the disease, a recent report suggested that the healthcare burden for PCOS 
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should include pregnancy-related and long-term complication-related costs. This addition is 

reported to increase the average annual PCOS-related costs to be closer to 8 billion USD 

(Riestenberg et al., 2021). However, even with the high global prevalence of PCOS, it is still a 

syndrome that is poorly understood in terms of etiology, phenotypic presentation, diagnosis, and 

estimated prevalence (Ding et al., 2016). Understanding the molecular pathways impacted by 

PCOS will not only help in understanding the causes of the disease but also aid in improving 

diagnostic criteria and yield insight into potential avenues of drug development for treating 

PCOS. 

 

1.4.3 Challenges in studying PCOS 

PCOS is a common complex condition in women associated with psychological, 

reproductive, and metabolic features. Currently, PCOS has no well-established hypothesis for 

disease pathophysiology. Given the differences in the symptoms and biochemical markers 

amongst the PCOS subphenotypes, PCOS can be thought to be a multifaceted disease with 

genetic and environmental factors affecting the disease. Therefore, a major challenge in the 

diagnosis of PCOS is that there are several different criteria for diagnosis, and there is yet to be a 

consensus formed amongst endocrinologists on a common definition (Chang & Dunaif, 2021). 

Thus, given the different criteria, there are several published PCOS patient-cohort studies that 

have used different diagnostic criteria in recruiting the patient population. Recently, there are 

studies that are aiming to better define biologically meaningful and discrete subphenotypes of 

PCOS based on biomarker profiles, responses to treatment, and/or genetic architecture. A recently 

published example of subphenotyping was performed in people with European ancestry and 

replicated with cohorts from Greek and Korean ancestry into reproductive, metabolic and 

indeterminate types (Dapas et al., 2020), based on both biochemical measurements and genetic 
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analysis. This study highlights the need for better classification of PCOS in the future. 

Additionally, there are several associated comorbidities for people with PCOS. This includes 

obesity, insulin resistance, increased cancer risk, non-alcoholic fatty acid liver disease, and 

cardiovascular diseases (Boudreaux et al., 2006; Diamanti-Kandarakis & Dunaif, 2012; Meyer et 

al., 2005; Vassilatou, 2014). Given the heterogeneity in phenotypic presentation and diagnosis, 

there are reports of decreased psychological well-being among PCOS patients (Jedel et al., 2010; 

Veltman-Verhulst et al., 2012). Another major challenge in treating PCOS is that there is no cure, 

partly as a result of the heterogeneity in phenotypes, diagnosis, and lack of information in disease 

etiology. Typically, PCOS cases are treated by symptom management. For example, metformin is 

a drug typically used for type-2 diabetes as an insulin-sensitizing agent and used to treat 

metabolic symptoms of PCOS. Clomiphene citrate is a selective estrogen receptor modulator that 

is used to induce ovulation in people with PCOS while oral contraceptive pills that contain 

estrogen and progestin are prescribed for regulating menstrual cycles and decreasing endometrial 

cancer risk (Hayek et al., 2016; Legro et al., 2013). Therefore, there is a large gap in our 

knowledge in understanding PCOS, and points towards several avenues of future research 

towards the aim of better diagnosis and treatment for PCOS patients. 

 

1.4.4 Steroids and nuclear receptors in PCOS  

One of the major phenotypes in PCOS is altered testosterone levels. Testosterone is a 

small molecule sex steroid that is necessary for sex differentiation, development, and fertility in 

mammals (Nassar & Leslie, 2023). While most testosterone is bound to proteins like sex-

hormone-binding-globulin and albumin in the plasma, free testosterone in the blood exerts its 

effects on various tissues by binding to its cognate nuclear receptor to regulate gene expression.  
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Nuclear receptors are proteins that function by transducing signals of their cognate 

ligands when bound to the receptor. Small molecules like steroids and hormones function as 

ligands that can bind to nuclear receptors, causing the translocation of nuclear receptors into the 

nucleus and influencing gene expression by up- or down-regulating transcription levels. Type I 

subfamily 3 of nuclear receptors Type I nuclear receptors include members of subfamily 3, such 

as the androgen receptor (AR), estrogen receptors, glucocorticoid receptor (GR), and 

progesterone receptor. Genomic binding studies for these receptors in a cancer model 

demonstrated a very similar chromatin-binding landscape (Severson et al., 2018) and were shown 

to bind qualitatively to similar DNA sequences. Despite this similarity, AR and GR have 

differential effects on the transcriptional regulation of genes (Kulik et al., 2021; Rundlett & 

Miesfeld, 1995). AR mediates genomic responses through the binding of androgens such as 

testosterone and GR through the binding of glucocorticoids (GCs) like cortisol. In the ovary, both 

theca and granulosa cells are important regulators of oocyte development and express AR. Theca 

cells have receptors that bind to luteinizing hormone (LH) and produce testosterone. The ovarian 

granulosa cells have receptors for follicle stimulating hormone (FSH) and convert the testosterone 

produced by theca cells into estrogens. Structural variants in AR have been seen in PCOS cases 

but not controls (F. Wang et al., 2015), and expression of AR is altered in a sub-group of PCOS 

cases (Gao et al., 2020). Studies have also shown that AR expression in granulosa cells is crucial 

for ovarian development (Sen & Hammes, 2010). Recent studies have demonstrated a functional 

crosstalk between androgens and GR signaling, and further reported GR-based effects on 

hyperglycemia in mouse models of elevated androgen exposure (S. Li et al., 2023; Spaanderman 

et al., 2019). Taken together, these studies highlight the importance in understanding receptor 

function in the context of PCOS, elevated androgen and gene expression. Furthermore, the ability 
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of using exogenously added ligands that activate AR or GR makes it a useful system for studying 

the receptor -mediated gene expression responses. 

 

1.5 The genetic basis of PCOS   

The first insight into the genetic nature of PCOS was described based on a familial 

clustering of PCOS phenotypes (Cooper et al., 1968). While familial clustering supports the role 

of genetic factors in the development of PCOS, the heterogeneity of PCOS phenotypes present in 

different PCOS patients even within the same family underscores the importance of the 

environmental contribution. PCOS is a common and complex trait, with twin studies estimating 

70% of the phenotypic variation is explained by genetic variations (Vink et al., 2006). More 

recent studies have shown similar familial clustering in larger cohorts and support the genetic 

basis of PCOS (Franks et al., 2008; Govind et al., 1999; Legro et al., 1998; Lunde et al., 1989). 

Some studies have shown that the quantitative hormone measurements relevant to PCOS 

phenotypes are also highly heritable with observed familial clustering (Coviello et al., 2011; 

Franks et al., 2008; J. A. Harris et al., 1998; Ruth et al., 2020; Yildiz et al., 2006). 

 

1.5.1 PCOS Genome Wide Associate Studies 

The estimated heritability and genetic basis for PCOS and its quantifiable phenotypic 

characteristics provided a rationale for studying the role of genetic variation in contributing to 

PCOS development. Historically, linkage analysis is one approach to identify genetic markers of 

known chromosomal location that are co-inherited with the trait of interest to potentially locate 

disease-causing genes (Bush & Haines, 2010). However, for complex traits like PCOS, linkage 

testing is not as well suited because of polygenic effects, genetic heterogeneity and smaller effect 



  
25 

 

sizes of genetic variants (Bush & Haines, 2010). Genetic association testing has been performed 

in the cases of complex diseases like PCOS using case-control populations. The extent to which 

alleles at different loci are correlated in a population is referred to as linkage disequilibrium (LD). 

Genetic association testing is based upon the hypothesis that likely causal variants are present in 

the population that might tag through LD with another common variant as a genetic locus 

associated with the disease. With a large enough sample size, association tests can detect a 

number of genetic associations with modest effect sizes. That is, the null hypothesis is that in 

these population-based genetic association tests, variant allele frequencies are not different 

between case and control populations. 

 

Figure 2: Manhattan plot depicting several of the loci associated with PCOS, with 
the nearest gene indicated. Image adapted from Day et al., 2018 

 
The advent of human genome sequencing and subsequently genotyping array technology 

allowed the genetic association testing to be scaled up (I. H. G. S. Consortium et al., 2001).  

Association testing on a genome-wide scale, termed Genome Wide Association Studies (GWAS) 

has identified thousands of statistically significant associations between genetic variants and 

several different diseases (Welter et al., 2014). There are 30 genomic loci in the EMBL/EBI 
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GWAS Catalog that are associated with increased PCOS risk across nine multi-ethnic genome-

wide association studies (Figure 2, GWAS catalog accessed 20 Oct 2023). The associated regions 

encompass genes involved in neuroendocrine, reproductive, and metabolic pathways (Figure 3).  

 

 

Figure 3: Graphical representation of the biological relevance of genes near PCOS 
risk loci. Adapted from Dapas et al., 2022 

 

Across four large multi-ethnic GWAS there are over 16 genomic loci that have been 

associated with increased PCOS risk (Z.-J. Chen et al., 2011; F. R. Day et al., 2015; Hayes et al., 

2015; Y. Shi et al., 2012). About 12 of these loci have been replicated in more than one GWAS 

across different ancestries. The associated regions encompass genes that could contribute to 

PCOS via neuroendocrine, reproductive, and metabolic impacts (Figure 3) (Dapas & Dunaif, 

2022). However, since trait-associated SNPs in GWAS are rarely causal variants themselves, but 

rather are linked to causal variants because of LD, GWAS results have yet to identify causal 

SNPs and genes towards the development of PCOS (Hirschhorn & Daly, 2005). Furthermore, the 

global prevalence of PCOS and the identification of the same genetic risk-loci through GWAS in 
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multiple ancestries point to the idea that PCOS related traits might be selected for from an early 

evolutionary timeline for human migration  (Ricardo Azziz et al., 2011). 

 

1.6 Functional Follow Up of PCOS GWAS have identified several likely 
candidate genes. 

There is an emerging understanding within the complex trait biology of the interplay 

between common variants, trait polygenicity and rare variants (Karlsson et al., 2022; Maher, 

2008; Manolio et al., 2009). Although rare variants may contribute less to the phenotypic 

variance of complex traits, disease-associated rare variants can point towards genes implicated in 

that disease (Momozawa & Mizukami, 2021). In the case of PCOS, there is evidence of both 

common and rare variants contributing to PCOS pathogenesis (Dapas et al., 2019, 2020). The 

emerging classification of PCOS into subtypes (Dapas et al., 2019) is an important step in 

understanding PCOS pathogenesis and the idea that the different traits of PCOS might be affected 

by different genetic variants, which in turn affect gene regulation in different biological contexts. 

Furthermore, in relating the PCOS sub-phenotyping genetic results with the omnigenic model of 

complex diseases, DENND1A can be thought of as a core PCOS gene. Thus, understanding the 

genetic causes of a complex disease like PCOS involves identifying the gene regulatory 

mechanisms in several pathways of the neuroendocrine and reproductive systems. In addition, 

due to cell type and developmental specificities, regulatory regions are harder to identify (Gte. 

Consortium, 2020; Kim-Hellmuth et al., 2020). To follow up on identifying potential causal 

variants and causal genes towards PCOS pathogenesis, there have been several different 

approaches to study it including experimental and statistical methods. 
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One of the significant loci identified is on chromosome 9 near the DENND1A gene. 

DENND1A encodes a protein (connecdenn 1) associated with clathrin-coated pits where cell-

surface receptors reside. The DENND1A protein is located in the cytoplasm and in the nuclei of 

theca cells (McAllister et al., 2014). Research has shown that a splice variant of DENND1A is 

more expressed in PCOS theca cells compared to normal theca cells (Tee et al., 2016). This group 

also showed that exogenous overexpression of DENND1A led to increased androgen biosynthesis 

in human cell line models and mice (McAllister et al., 2014; Teves et al., 2020).  Mice models 

with knock out of DENND1A were embryonic lethal (around E 14.5) and also affected 

development of primordial germ cells in mice (Jingjing Shi et al., 2019).  Lastly, a family-based 

meta-analysis demonstrated a significant association of non-coding rare variants present within 

DENND1A locus with PCOS patients (Dapas et al., 2019). The function of DENND1A is still yet 

to be determined in the cellular contexts. ZNF217, a transcription factor, has been shown to be 

expressed in granulosa cells (Zhai et al., 2020). Recent studies have linked ZNF217 with 

DENND1A and showed decreased expression of ZNF217 in PCOS theca cells allow for the 

upregulation of DENND1A (Waterbury et al., 2022). Taking all these results together points to 

the hypothesis that the DENND1A locus is likely involved in PCOS pathogenesis.   

 

There have been other studies that have tested some of the other PCOS GWAS loci and 

their relevance to PCOS pathogenesis. For example, FSHB encodes the beta subunit of the 

follicle-stimulating hormone which is involved in regulating the menstrual cycle and oocyte 

development. A study functionally dissected the lead GWAS SNP near the FSHB gene in mouse 

pituitary cells, and directly observed an allele-specific regulatory activity for rs11031006 and 

affected the transcription levels of FSHB (Bohaczuk et al., 2020). This locus also harbors another 

gene, ARL14EP. A transcriptome-wide association study identified that the increased expression 



  
29 

 

of the gene ARL14EP was significantly associated with PCOS risk (Lyle et al., 2023). Related to 

the hormone signaling pathway of FSHB, another PCOS GWAS risk locus includes the genomic 

regions surrounding the genes for LHCGR. A case study showed that inactivating mutations of a 

gene in a PCOS GWAS risk locus, LHCGR, led to oligomenorrhea and infertility (Toledo et al., 

1996). Additionally, gene expression studies from adipose tissues identified that LHCGR was 

overexpressed in PCOS patient tissues compared to controls (Jones et al., 2015). The same paper 

identified a nominal association of RAB5B and IKZF4 with PCOS, as well as identified 

differentially methylated sites in this locus. Furthermore, the RAB5B locus harbors the gene 

RPS26. Loss of RPS26 in mice oocytes led to arrested follicle development and oocyte 

maturation. A whole exome sequencing study of theca cells from PCOS patients identified 

several variants associating PCOS with RAB5B, SUOX and ERBB3 in this locus (R. A. Harris et 

al., 2023). A study by Kulkarni et al., 2019, showed that DENND1A and RAB5B are present in 

the nucleus of PCOS theca cells, and suggest evidence of colocalization. Taken together, these 

different studies demonstrate that several other loci are likely contributing to PCOS pathogenesis 

with as  of yet undiscovered genetic mechanisms, 

 

In addition to these experimental methods, there have also been several statistics-based 

analyses of causal genes and variants for PCOS. A colocalization analysis identified strong 

evidence between rs227184 and expression levels of SUOX, ERBB3, RPS26 and reported that 

RPS26 expression is likely influenced by several variants in that locus (Censin et al., 2021). 

Another study identified RPS26 and NEIL2 as candidate causal genes for PCOS using a 

mendelian randomization approach using tissue expression data (Sun et al., 2022). However, 

systematic testing of these loci for the effects on PCOS pathogenesis has not been performed yet, 

and reflects the challenges in testing causality in the context of heterogeneous nature of PCOS. 
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The results from the studies highlighted above indicate that there is a genetic basis for 

PCOS, and that there are several genes likely involved in PCOS. However, one of the questions 

that remains is how PCOS-associated variants might be contributing to the disease risk through 

which pathways. In this dissertation, I have explored different approaches to identify and quantify 

the effects of regulatory elements and allele-specific regulatory variants in contributing to a 

phenotype. In chapter 2, I will describe our attempt in identifying regulatory elements that alter a 

key PCOS phenotype of testosterone production. In chapter 3, I will discuss methods to identify 

genetic variants that have allele-specific regulatory activity, and focus on one locus that is 

relevant to PCOS.  Finally, in chapter 4, I will detail a new method to determine changes in gene 

expression levels that is agnostic to the type of genomic perturbation introduced as another 

approach to dissect non-coding regulatory elements. 
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2. Identifying gene regulatory mechanisms in PCOS GWAS 
loci1  

2.1 Introduction 

Polycystic Ovary Syndrome (PCOS) is one of the most common disorders affecting 

people who menstruate with prevalence rates of 5% to 15%(Dapas & Dunaif, 2022), depending 

on the diagnostic criteria applied(Chang & Dunaif, 2021). It is the leading cause of anovulatory 

infertility. PCOS is commonly associated with insulin resistance and obesity, disorders that 

confer increased risk for type 2 diabetes as well as for other serious cardiometabolic morbidities 

across the lifespan(Diamanti-Kandarakis & Dunaif, 2012; Rubin et al., 2017). However, the 

cause(s) of PCOS remains unknown and the disorder is relatively understudied compared to other 

common medical conditions affecting women(Brakta et al., 2017) 

Genetic factors are a major contributor to PCOS. Twin studies estimate that the narrow-

sense heritability of PCOS is ~79%(Vink et al., 2006). There are 30 genomic loci that are 

associated with increased PCOS risk(Z.-J. Chen et al., 2011; Dapas et al., 2020; F. Day et al., 

2018; F. R. Day et al., 2015; Hayes et al., 2015; H. Lee et al., 2015; Y. Shi et al., 2012; Sollis et 

al., 2022; Tyrmi et al., 2021; Yanfei Zhang et al., 2020) (GWAS catalog accessed 20 Oct 2023). 

The associated regions encompass genes involved in neuroendocrine, reproductive, and metabolic 

pathways. The functional consequences of noncoding genetic variants associated with complex 

traits such as PCOS have been exceptionally difficult to elucidate(Visscher et al., 2017; Vockley 

et al., 2017). One challenge of fine mapping GWAS signals is the difficulty in identifying causal 

genetic variant(s) from other genetic variants in regions of strong linkage disequilibrium (LD). In 

general, the lead GWAS SNPs are not the causal variants but are tagging regions of the genome 

 
1 This chapter has been adapted from a primary-author manuscript that is in review (Sankaranarayanan et 
al., manuscript under review) 
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containing non-coding pathogenic variants(Uffelmann et al., 2021; Visscher et al., 2017) that 

contribute to common disease risk by altering regulatory element activity and downstream gene 

expression(Pai et al., 2015; Roussos et al., 2014). Nevertheless, GWAS have provided 

considerable insight into PCOS causal pathways. DENND1A was first identified as a PCOS 

candidate gene in GWAS(Dapas & Dunaif, 2022). DENND1A was subsequently shown to be an 

important regulator of theca cell androgen biosynthesis where ectopic overexpression led to 

increased androgen production(Dapas et al., 2019; McAllister et al., 2014; Teves et al., 2020). 

Collectively, rare variants in DENND1A were associated with PCOS quantitative traits in 50% of 

affected families(Dapas et al., 2019). Taken together with previous studies indicating that 

elevated testosterone levels were a consistent endophenotype in sisters of women with 

PCOS(Legro et al., 1998), these genetic analyses implicate DENND1A as a core gene(Boyle et 

al., 2017) in PCOS pathogenesis. However, a mechanistic link between the noncoding genome, 

altered DENND1A expression, and testosterone production has yet to be demonstrated.  

The goal of this study is to systematically evaluate the effects of non-coding genomic 

regions associated with PCOS risk on gene regulatory element activity. To do so, we measured 

regulatory element activity across PCOS-associated genomic loci and identified genetic variants 

that alter that activity(Arnold et al., 2013; Johnson et al., 2018; Kheradpour et al., 2013; Muerdter 

et al., 2017; Tewhey et al., 2016). To measure regulatory activity, we used high-throughput 

reporter assays because they can quantify the regulatory activity of millions of genomic 

fragments at once. That scale enables systematic studies of the effects of non-coding variants 

across megabases of the genome and in many different cell types(Long et al., 2022; Muerdter et 

al., 2015; Shen et al., 2016; Tewhey et al., 2016; Vockley et al., 2015). To prioritize variants, we 

used a combination of allele-specific reporter assays, and targeted genetic association within the 

identified regulatory elements.  
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As proof of concept that we the identified regulatory mechanisms contribute to PCOS, we 

perturbed PCOS-associated regulatory elements near DENND1A using CRISPR-based epigenome 

editing(Canver et al., 2017; Klann et al., 2017; Thakore et al., 2016). We found that epigenetic 

activation of those regulatory elements in an androgen-producing adrenocortical cell model 

caused both increased DENND1A expression and increased testosterone production. Together, 

these findings suggest a novel endogenous gene-regulatory mechanism contributing to PCOS; 

and demonstrate an approach for identifying additional molecular mechanisms of PCOS. 

 

2.2 Results 

2.2.1 Measuring the regulatory activity of PCOS-associated regulatory 
elements 

To identify gene regulatory elements in which genetic variation can contribute to PCOS 

risk, we analyzed 14 genetic associations identified in cohorts of European and Han Chinese 

ancestry at the time of this study(Z.-J. Chen et al., 2011; F. Day et al., 2018; F. R. Day et al., 

2015; Hayes et al., 2015; Y. Shi et al., 2012) (Table 1). Those 14 associations include several 

genes involved in hormone synthesis via the hypothalamic-pituitary-ovarian axis including 

FSHR, FSHB, LHCGR and DENND1A. We focused on two human cell models: a testosterone-

producing adrenal cell line, H295R; and an estradiol-producing ovarian granulosa cell line, 

COV434(Lin et al., 2020; McAllister et al., 2019; Yu et al., 2019).  
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Table 1: List of PCOS GWAS loci selected for STARR-seq experiments. 
Genes in the locus Genomic location 
LHCGR/GTF2A1L 2p16.3 
FSHR 2p16.3 
THADA 2p21 
DENND1A 9q33.3 
RAB5B/SUOX 12q13.2 
YAP1 11q22.1 
GATA4/NEIL2 8p23.1 
AOPEP 9q22.32 
KCNA4/FSHB/ARL14EP  11p14.1 
RAD50/IRF1 5q31 
KRR1 12q21 
HMGA2 12q14.3 
TOX3 16q12.1 
SUMO1P1 20q13.2 

 

To measure regulatory activity in these two cell lines, we used a high-throughput reporter 

assay known as STARR-seq(Arnold et al., 2013; Muerdter et al., 2017) (Figure 4a). STARR-seq 

can assay millions of DNA fragments for regulatory activity. STARR-seq assays work through 

two key libraries – the creation of an input library termed ‘assay library’ and a library of the 

regulatory effect readout termed ‘reporter library’ in this study. Briefly, the assay library consists 

of plasmid reporter assays containing diverse DNA fragments of interest. When transfected into 

cells, the DNA fragments regulate their own transcription into mRNA molecules. Thus, by 

sequencing the reporter library of the resulting mRNA fragments, one can estimate the regulatory 

activity of each DNA fragment in the assay library. 
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Figure 4 Measuring the regulatory activity in PCOS GWAS loci. 

a. Overview of targeted STARR-seq method: We selected bacterial artificial chromosomes 
(BACs) or fosmids spanning 14 PCOS GWAS loci and sheared them to ~400bp. The 

sheared fragments were inserted into the digested STARR-seq backbone (Addgene#99296). 
The resulting plasmid library was sequenced to form the control assay library. For 

measuring regulatory activity, the plasmid pool was transfected into the respective cell lines 
(2 μg plasmid pool / 1 million cells). Six hours post transfection, RNA was isolated from the 
cells, and the STARR-seq transcripts were enriched and sequenced as the output reporter 
library. Candidate regulatory elements were called using CRADLE(Kim et al., 2021) and 

effect sizes estimated with DESeq2(Love et al., 2014). 
b. STARR-seq effect size for H295R cells: The effect size is estimated as pseudo log2 (fold 

change) using DESeq2 on CRADLE-corrected STARR-seq peak calls. 
c. STARR-seq effect size for COV434 cells: The effect size is estimated as pseudo log2 (fold 

change) using DESeq2 on CRADLE-corrected STARR-seq peak calls. 
d. Comparing effect sizes of shared regulatory elements: About 145 of the regulatory 

elements were shared between the two cell lines. The adjusted correlation coefficient is 0.55. 
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 We constructed a STARR-seq assay library that spans 14 PCOS GWAS loci and 

encompasses 2.9 Mb of the human genome. The assay library includes 179 open chromatin 

regions identified in H295R and COV434 (Appendix A, Figure S1). The median fragment length 

in the assay library was 320 bp, and the 260 bp in the reporter library (Appendix A, Figure S2). 

Assay library covers the target region at a median of >300x (Appendix A, Figure S3) and 

replicates are highly correlated with Pearson correlation coefficient (Pearson’ r) > 0.95 (Appendix 

A, Figure S4). 

We called 956 regulatory elements in the 14 PCOS GWAS loci across the two cell 

models at a false discovery rate (FDR) ≤0.5%(Kim et al., 2021). Between replicates in the same 

cell model, the estimated regulatory element activity was highly correlated (0.84 ≤ r ≤ 0.90, 

Appendix A, Figure S5). Much of the observed variation in effect sizes can be attributed to 

differences between assay and reporter libraries, and differences between cell lines. The strong 

correlation suggests that the targeted STARR-seq approach robustly estimates regulatory activity 

for the cell types within the PCOS GWAS loci. 

We identified 464 and 585 regulatory elements in COV434 and H295R cells, 

respectively. In both cell models, about half of the identified regulatory elements had enhancer 

activity, and half had repressor activity(Love et al., 2014) (Figure 4b and 4c). There were 93 

regulatory elements identified in both cell lines. The regulatory activity of those commonly 

identified elements was highly concordant. The effect sizes in shared regulatory elements were 

substantially correlated (Pearson’s r = 0.81, p < 2x10-16), and the direction of effects was the same 

for 85% of shared elements (Figure 4d). The concordance in the direction of effect increased to 

93% when we required the regulatory element calls to overlap in the genome by at least 50% 
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(Pearson’s r = 0.85, p < 2x10-16). To our knowledge, this data set is the largest reporter-assay 

screen for enhancers in adrenal and ovarian cell models.  

 

2.2.2 Regulatory element activity in PCOS GWAS regions corresponds to 
regions of chromatin accessibility 

Enrichment of genetic associations in tissue specific sites of increased chromatin 

accessibility can predict causal tissues of disease(Currin et al., 2021; Tehranchi et al., 2019).  Of 

the PCOS associated SNPs in the GWAS catalog across the 14 loci we tested, five of those 

variants overlapped DNaseI hypersensitive sites (DHS) from the ENCODE consortium(Dunham 

et al., 2012). To increase confidence that the regulatory elements identified by STARR-seq are 

active in H295R and COV434 cells, we evaluated whether STARR-seq regulatory elements 

correspond to chromatin accessibility in the same cell lines. We identified ~73,000 and ~66,000 

open chromatin sites in H295R and COV434, respectively, using ATAC-seq. Between 40 and 

50% of the open chromatin sites identified in each cell line overlapped sites in the other 

(Appendix A, Figure S6, S7). Those results reveal a substantial number of chromatin accessible 

sites shared between cell lines.  

 

There were 116 chromatin accessible sites within the 14 genomic regions we assayed 

with STARR-seq across each COV434 and H295R cell lines. Of those, 39 (34%) and 37 (32%) 

had regulatory activity in H295R and COV434 cells, respectively, according to STARR-seq 

assays. For H295R cells, the overlap between chromatin accessibility and STARR-seq activity is 

~4-fold more than what would be expected if STARR-seq sites were randomly distributed across 

the genomic regions. For COV434, the overlap was ~6-fold more than expected by random 

(Fisher’s exact test, p < 2 x 10-4 for each). There was also significantly greater regulatory activity 
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in open chromatin regions in the same cell type or tissue than in regions with less chromatin 

accessibility (Figure 5a) (Mann-Whitney U, p < 10−10 for H295R, p <0.01 for COV434). 

Conversely, there was more chromatin accessibility in regions where we identified regulatory 

element activity (Figure 5b).  
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Figure 5: Regulatory elements correspond to regions of chromatin accessibility 

a,c,e. Candidate regulatory elements in H295R cells and COV434 cells with increasing 
activity correspond to regions with increased evidence of functionality. STARR-seq 

regulatory activity is measured across overlap with the respective cell line ATAC-seq (a), 
GTEx primary tissue ATAC-seq (c) and ENCODE candidate cis-regulatory elements (e). 
b. Aggregate profile plots of chromatin accessibility based on ATAC-seq on the respective 

cell lines centred on the candidate regulatory elements (with increasing and decreasing 
effect sizes) across 400 bp windows for both cell lines (H295R in purple, COV434 in teal).  

d. Aggregate profile plots of chromatin accessibility based on ENCODE DNaseI 
Hypersensitive sites (DHS) centred on the active candidate regulatory elements across 400 
bp windows for both cell lines (H295R in purple, COV434 in teal). Control regions (grey) 

are randomly generated genomic regions that are chromosome-, length- and GC-matched to 
the STARR-seq elements. 
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We also investigated similarities and differences in regulatory activity between H295R 

and COV434 cells. There were 69 genomic regions that had significant regulatory activity and 

significant chromatin accessibility in either cell model. Of those, seven had regulatory activity in 

both cell models. The small overlap was due to differences in statistical power. Specifically, 

regulatory activity was similar across both cell types (ρ = 0.65, Appendix A, Figure S8). There 

was also no with no strong evidence of elements with opposing regulatory activity between cell 

types. Taken together, the high concordance of regulatory effect size across STARR-seq in 

H295R and COV434 suggests that regulatory activity is largely similar between the two 

steroidogenic cell lines. 

 

To relate cell line observations to the corresponding primary tissues, we evaluated if 

STARR-seq regulatory activity is enriched in chromatin accessible sites in adrenal and ovarian 

tissues(Dunham et al., 2012; Luo et al., 2019). Approximately 18% of the identified H295R 

regulatory elements overlap with open chromatin from primary adrenal tissue, and 24% of the 

identified COV434 regulatory elements overlap with open chromatin from primary ovarian tissue. 

The overlap is a 2.8 and 3.1-fold enrichment in H295R and COV434, respectively, over what 

would be expected if regulatory elements were randomly distributed across the assayed regions 

(Fisher’s exact test, p-value < 10−7 for both). As with our observations in H295R and COV434 

cells, regulatory activity is greater in regions of accessible chromatin in primary tissue versus 

those without accessible chromatin (Figure 5c, Mann-Whitney U, p < 10−9). That result indicates 

that regulatory activity measurements in H295R and COV434 cells correspond to activity in 

primary adrenal and ovarian cells, respectively.  
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Regulatory activity in H295R and COV434 cells also corresponds to chromatin 

accessibility in other tissues. About 50% of the regulatory elements we identified via STARR-seq 

(n = 296 for H295R, n = 304 for COV434) overlap chromatin accessible sites identified in diverse 

tissues as part of the ENCODE project(Dunham et al., 2012; Luo et al., 2019). That overlap is 

1.7- and 2.7-fold enriched over what would be expected if regulatory activity was randomly 

distributed across the assayed regions in H295R and COV434, respectively (Appendix A, Figure 

S10, Mann-Whitney U, corrected p-value < 10−4). ENCODE DNase hypersensitive sites also had 

increased activity in STARR-seq regulatory elements (Fisher’s exact test p < 10−12, Figure 5d, 

Appendix A, Figure S9). We observed similar results when focusing on enhancer-like regions 

defined across diverse cells and tissues by the ENCODE project(Abascal et al., 2020) . 

Specifically, ~30% of the regulatory elements we identified overlap proximal or distal enhancers 

defined by ENCODE (n = 158 for H295R; n = 207 for COV434); and quantitative estimates of 

regulatory activity was greater in regions identified as enhancer-like sequences (Figure 5e).  

 

2.2.3 PCOS-associated genetic variants fine-mapped to within regulatory 
elements 

To discover genetic variants that may alter regulatory activity and gene expression, we 

completed genetic association analyses focused on the regulatory elements we identified (Figure 

6a). To identify additional risk variants within these functional regulatory elements, we first 

tested for genetic associations between common (minor allele frequency [MAF] >1%) single 

nucleotide polymorphisms (SNPs) and PCOS disease within the regulatory elements we 

identified. Across a cohort of 983 PCOS cases and 2951 controls(Hayes et al., 2015), we tested 

759 SNPs in H295R cells, and 486 in COV434 cells. We found 19 variants that were significantly 

associated with PCOS at an adjusted p-value (Bonferroni correction) threshold of 1.15 x 10-4 – 
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2.55 x 10-4 (Table 2). Of the associated variants, four were in the follicle stimulating hormone 

subunit beta (FSHB) locus, six were in the neighboring ARL14EP-DR locus and two were in the 

GATA4/NEIL2 locus (Figure 6b and 6c, Table 2). There were four previously identified PCOS-

associated risk variants in the regulatory elements we assayed (rs6022786, rs2268361, 

rs11225154, rs10835638)(Dapas et al., 2020; F. R. Day et al., 2015; Y. Shi et al., 2012) . Of 

those, only rs6022786 was tested in this analysis, and there was not a significant association with 

PCOS in our cohort. 

 

Table 2: Top variants associated with PCOS within STARR-seq regulatory elements. OR = 
odds ratio, MAF = minor allele frequency. 

CHR BP OR P MAF rsID 
11 30205987 1.452 3.08E-06 0.4044 rs568394 
11 30195456 1.419 1.16E-05 0.4005 rs574096 
11 30317914 1.544 1.49E-05 0.1676 rs7929660 
11 30323044 1.544 1.49E-05 0.1676 rs4071558 
11 30323178 1.544 1.49E-05 0.1676 rs4071559 
11 30350068 1.485 1.05E-04 0.1605 rs12363432 
11 30353061 1.465 1.14E-04 0.1754 rs7949790 
11 30213950 1.452 2.58E-06 0.4189 rs586326 
11 30295275 1.545 1.43E-05 0.1675 rs12278989 
11 30347873 1.376 5.37E-05 0.4513 rs6484481 
11 30359529 1.472 8.99E-05 0.1766 rs10835661 
8 11766380 1.408 9.20E-05 0.2597 - 
11 30233136 1.359 9.77E-05 0.4534 rs594982 
11 30227279 1.358 1.00E-04 0.4517 rs1782509 
11 30227537 1.357 1.04E-04 0.4532 rs1716024 
11 30237442 1.357 1.07E-04 0.4527 rs615577 
11 30199192 0.7338 1.15E-04 0.3929 - 
8 11766907 1.405 1.18E-04 0.2518 rs34928882 
11 30341554 1.488 9.67E-05 0.1601 rs7926666 

 

To relate those variants to effects on gene expression, we next tested for 

colocalization(Giambartolomei et al., 2014) between PCOS-associated genetic variation in 
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regulatory elements and expression quantitative trait loci (eQTLs) from GTEx(Gte. Consortium, 

2020). Specifically, we used significant single tissue-eQTL association for this analysis. We 

identified seven variants in seven different loci where PCOS association and gene expression 

association colocalize with a posterior probability > 0.6 (Table 3). We further refined that 

analysis to only include adrenal and ovarian eQTLs. Focusing on those tissues has the advantage 

of being relevant to specific PCOS mechanisms but will also have reduced statistical power 

because there are fewer samples. Via that tissue-specific analysis, we identified four of the same 

variants. Two of those variants – rs804271 in the GATA4/NEIL2 locus, and rs11349741 in the 

FSHB/ARL14EP locus – were also significant in the genetic association focused on regulatory 

elements described above.  

 

Table 3: Colocalization of PCOS-associated variants with eQTL data from GTEx. 
We identified 7 variants with high probability of likely causal of both PCOS-risk-

association and altered gene expression from eQTL data. Colocalization was done using 
coloc (R package) 

Variant posiƟon PP.AllTissue Gene(s) associated from eQTLs 

chr8:11769705 1 GATA4 

chr12:55999553 1 RPS26/RAB5B/SUOX 

chr20:53949370 0.86 BCAS1 

chr9:123707451 0.84 DENND1A 

chr2:48730442 0.76 LHCGR 

chr11:30341402 0.71 ARL14EP/FSHB 

chr9:94907391 0.69 C9orf3/AOPEP 
 

There are reasonable biological mechanisms by which the expression of genes in each 

locus may impact PCOS. GATA4 codes for a transcriptional factor that is involved in 

embryogenesis and functional studies showed that deletion of GATA4 resulted in decreased 

fertility and granulosa and theca cell proliferation (Efimenko et al., 2013). Meanwhile, FSHB is a 

key peptide hormone for follicular development and thus a strong candidate gene for PCOS. 
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Together, these analyses further fine map genetic variants that alter regulatory activity and the 

expression of several genes in PCOS. 

 
Figure 6: Prioritizing PCOS-associated variants within functional regulatory elements 

a. Association analysis to identify PCOS-associated variants in regulatory elements. We use 
the candidate regulatory elements from STARR-seq experiments to define the genomic 

regions of interest. We then performed an association analysis to identify variants 
associated with PCOS using a cohort of 983 PCOS cases and 2951 controls (results in Table 
2). We then colocalized the association analysis results with GTEx eQTL SNPs to identify 

SNPs and genes as those likely involved in PCOS pathogenesis (results in Table 3). 
b,c. Locuszoom plots for PCOS-associated variants in candidate regulatory elements in 

FSHB/ARL14EP locus (b) and GATA4/NEIL2 locus (c). 
 

2.2.4 Active STARR-seq regions have increased conservation score  

Evolutionary conservation is another indicator of biological function that is 

complementary to chromatin accessibility and STARR-seq. We also anticipate that genes 

affecting fertility will have strong evolutionary consequences. Previous studies have also reported 
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that conservation of regulatory elements corresponds to a greater functional role in the 

organism(Berthelot et al., 2018). Therefore, we investigated patterns of conservation across the 

regulatory elements we identified. We compared conservation scores of regulatory elements that 

we identified by STARR-seq across 20 vertebrate species(Siepel et al., 2005). The STARR-seq 

regulatory elements with enhancer activity had increased conservation score when compared to 

GC- and length-matched regions on the same chromosome (Appendix A, Figure S9b, Mann-

Whitney U, p < 0.001). We also observed that the accessible chromatin region identified by 

ATAC-Seq within COV434 and H295R cells have higher conservation scores when compared to 

similarly matched genomic regions from the same chromosome. Those results further corroborate 

the functional importance of the regulatory elements we identified. 

2.2.5 Activation of PCOS-associated regulatory elements increased 
DENND1A expression  

Estimating the effect of regulatory elements on altering gene expression can provide an 

insight into the underlying mechanisms that contribute to the development of PCOS. While 

reporter assays like STARR-seq can functionally test for allele-specific regulatory activity, the 

approach does not identify the target genes of those regulatory elements because the plasmids are 

not integrated in the genome. One approach to identify target genes of candidate regulatory 

elements is by epigenomic perturbation of that element. Specifically, a fusion of catalytically 

inactive Cas9 (dCas9) and histone acetyltransferase domain of P300 is targeted to candidate 

regulatory elements to measure the effects on the expression of nearby genes (Long et al., 2022). 

Several studies have demonstrated that dCas9-P300 can act over tens of kilobases, thus allowing 

the identification of distal gene regulatory elements (L.-F. Chen et al., 2019; Hilton et al., 2015; 

Klann et al., 2017). 
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To identify target genes of PCOS-associated gene regulatory regions, we created dCas9-

P300-expressing H295R cells. We targeted dCas9-P300 to four candidate regulatory elements 

within the introns of the DENND1A gene and to the DENND1A promoter labeled “element 1-4” 

(Figures 7a, S21). We prioritized those four regulatory elements based on their proximity to 

DENND1A gene, the strength of STARR-seq signal, chromatin accessibility, and the ability to 

design guide RNAs (gRNAs) targeting dCas9-P300 to the element (Figure 7a).  

 

We designed 5-7 guide RNAs (gRNAs) for each of the four regulatory elements and 

promoter region. As a negative control, we also designed five guide RNAs to not target any 

location in the human genome. We made lentiviral pools for each of the four targeted regions and 

for the negative controls. We then transduced each lentiviral pool into two cell lines, H295R and 

HEK293T, that were modified to express dCas9-P300. DENND1A is already expressed in both 

cell lines (average TPM: 20.4 for HEK23T and 15.4 for H295R) (Malm et al., 2020; Scholl et al., 

2018), indicating that the gene is not in heterochromatin and thus may be targeted by dCas9-P300 

effectively. Finally, we measured the effects on DENND1A expression via qPCR, and levels of 

testosterone at two time points (Figure 7b). In HEK293T-dCas9-P300 cells(Klann et al., 2017), 

targeting dCas9-P300 to the DENND1A promoter increased DENND1A expression by 3.2-fold. 

Targeting dCas9-P300 to the intronic regulatory elements increased DENND1A expression 

between 2.1-fold and 2.6-fold. The increase in DENND1A expression was statistically significant 

compared to the effect of the non-targeting gRNAs for the promoter and all four of the regulatory 

elements after Bonferroni correction for multiple hypothesis testing (Figure 7c, α < 0.05, t-test). 

 

In H295R-dCas9-P300 cells, we observed a similar trend of increased DENND1A gene 

expression for on-target CRISPR perturbation compared to the effect of the non-targeting 
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gRNAs. We observed a 2.2-fold increase in DENND1A expression when targeting dCas9-P300 to 

the DENND1A promoter. Targeting dCas9-P300 to the intronic regulatory elements increased 

DENND1A expression between 1.2-fold and 1.6-fold. The increase in DENND1A expression was 

statistically significant compared to the effect of the non-targeting gRNAs for the promoter and 

“element 3” of the regulatory elements after Bonferroni correction (Figure 7d, α < 0.05, t-test). 
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Figure 7: Perturbation of regulatory elements in DENND1A impacts testosterone levels 

a. We targeted four candidate regulatory elements (Elements 1-4, also Figure S17) and the 
promoter regions of DENND1A. The STARR-seq activity (purple) and chromatin 

accessibility (grey) for these regions are shown. b. H295R cells that stably express dCas9-
p300 were transduced with lentiviral pools of guide RNAs for each regulatory element. The 

cell media supernatant was collected 2- and 4-days post transduction for measuring 
testosterone concentration produced by the cells. RNA was harvested from the cells 4-days 

post transduction to measure gene expression. c, d. Log-fold change of DENND1A 
expression (GAPDH as control) for HEK293T (c.) and H295R (d.) cells stably expressing 

dCas9-p300. A set of 5 non-targeting control guides were designed to not target any part of 
the human genome as control cell population. e. Testosterone concentration (ng/ml) 

measured in the cell media 4 days post transduction in H295R-dCas9-p300 cells targeted 
with the specific guide RNA. f. Change in testosterone concentration (ng/ml) between day 2 
and day 4 post transduction for each H295R-dCas9-p300 cells. The change in testosterone 

concentration between the two measurements is represented as Δ (in ng/ml). 
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To test for off-target effects for genes in the DENND1A locus, we also measured gene 

expression changes for DENND1A flanking genes LHX2, CRB2, and STRBP. In both cell lines, 

we found CRB2 was not expressed and that expression of LHX2 and STRBP was not affected 

(Appendix A, Figure S10 and S11). We, therefore, inferred that the effects we observed were 

specific to DENND1A, and that genetic variation in the region likely contributes to PCOS via 

effects on DENND1A expression.  

 

2.2.6 Activation of PCOS-associated regulatory elements increased 
testosterone production in steroidogenic adrenal cells 

Changes in gene expression levels may alter physiologically relevant phenotypes that can 

contribute towards disease pathogenesis(Musunuru et al., 2010). To test if endogenous 

overexpression of DENND1A can alter testosterone production in H295R cells, we overexpressed 

DENND1A by targeting dCas9-P300 to the DENND1A promoter or distal regulatory elements. 

We then measured the concentration of testosterone in the cell culture media four days later. 

Increasing DENND1A expression via activating the promoter caused a 3.2-fold increase in 

testosterone concentration, while activating three of the four distal regulatory elements 

individually increased testosterone concentration by between 1.7-fold and 2.2-fold (Figure 7e). 

The increases in testosterone concentration were statistically significant (α < 0.05, t-test). As a 

complementary analysis, we measured the rate of increase in testosterone concentration over the 

four days post transduction. Overall, the rate of change of testosterone concentration mirrored the 

levels measured after four days. Specifically, cells with increased DENND1A expression had 

substantially increased testosterone production between 2- and 4-days post-transduction 

compared to control-treated samples (Figure 7f). Those results indicate that altered expression of 

endogenous DENND1A is sufficient to increase androgen biosynthesis in H295R cells. 
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2.3 Discussion 

One of the central challenges of complex trait genetics is identifying the causal variants 

within GWAS susceptibility loci and determining their functional consequences. Here, we have 

fine mapped PCOS genetic associations to specific gene regulatory elements using a combination 

of high-throughput reporter assays and genetic analyses. Specifically, we have mapped candidate 

regulatory elements by testing for the regulatory activity of millions of DNA fragments across 14 

PCOS GWAS loci comprising of about 3 Mb of the human genome. We further demonstrated a 

scalable approach to fine map genetic variants within candidate regulatory elements. We 

identified novel PCOS-associated genetic variants by performing genetic association tests across 

genomic regions that we identified as candidate regulatory elements. Together, we demonstrated 

a generalizable strategy for identifying genetic variants within experimentally identified 

functional regulatory elements to fine map genetic association loci for complex genetic diseases. 

As proof-of-concept of the strengths of this approach, we focused on DENND1A, a PCOS GWAS 

candidate gene reported to regulate androgen biosynthesis(McAllister et al., 2014). We showed 

that manipulating the epigenome of DENND1A-proximal regulatory elements caused increased 

DENND1A expression and, subsequently, increased androgen in human adrenal cells. These 

results extend previous studies identifying a role for DENND1A in testosterone production in 

theca cells, while also demonstrating specific gene regulatory elements wherein genetic variation 

can alter DENND1A expression. Our results demonstrate the advantage of combining high-

throughput reporter assays, fine mapped genetic analyses, and targeted epigenome editing to 

discover novel gene regulatory mechanisms contributing to common human diseases. 

The experimental approaches we used have several advantages and limitations. The 

targeted STARR-seq approach allows us to scale a high throughput reporter assay towards 
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multiple experimentally harder-to-manipulate cell lines that might not easily facilitate a whole-

genome STARR-seq experiment. This approach also allowed us to test for regulatory activity 

outside context of genetic linkage(Vockley et al., 2015). Furthermore, the ability to capture 

natural genetic variation present in a pool of genomes allowed us to test for allele-specific 

regulatory activity across one locus in depth. It is understood that weak effects of non-coding 

variants contribute to a phenotype through coordinated regulation across several regulatory 

elements(Corradin et al., 2014). Thus, this approach allows us to identify regulatory elements 

identified that can to an organismal phenotype through gene expression patterns. A limitation in 

interpreting STARR-seq results is that the DNA fragments are not assayed in their chromatin 

context, and thus the effects on target genes in the genome remains unknown. For example, while 

the two cell lines used in this study have different steroidogenic properties, the concordance 

observed in the regulatory activity between the two cell lines reflects the fact that regulatory 

activity measured by STARR-seq is across a model of open chromatin. Though complementary 

studies of chromatin accessibility, eQTL associations, and evolutionary constraint support results 

from STARR-seq, definitive measurements require perturbation of the element in its genomic 

context. As proof of concept overcoming that limitation in this study, we showed that epigenetic 

activation of the elements in the genome caused increased DENND1A expression and subsequent 

testosterone production. 

Identifying the underlying mechanisms is exceptionally valuable for realizing the 

potential of GWAS to benefit human health. There are several successful examples testing the 

effect of regulatory elements and non-coding variants contributing to disease phenotypes. For 

example, one study identified a SNP that regulates SORT1 in a liver-specific manner in a GWAS 

risk locus for low-density lipoprotein cholesterol and myocardial infarction (MI)(Musunuru et al., 

2010). Another study focused on maternal hyperglycemia identified variants spanning multiple 
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enhancers to have a coordinated effect on HKDC1 expression(Guo et al., 2015). Other studies 

focused on post-GWAS functional analyses have used different methods including 

statistical(Giambartolomei et al., 2014; Hormozdiari et al., 2014, 2016; Ma et al., 2015; Maurano 

et al., 2012; Nicolae et al., 2010; Trynka et al., 2013; Wallace, 2021) and experimental(Kircher et 

al., 2019; Kneppers et al., 2022; S. Liu et al., 2017; Myint et al., 2020; Ouwerkerk et al., 2020; P. 

Zhang et al., 2018) approaches to fine map GWAS signals and identify functional variants. 

Notably, detailed cellular or molecular studies are often needed to connect the identified gene 

regulatory impacts to a disease relevant phenotype(Musunuru et al., 2010; Ouwerkerk et al., 

2020). A challenge that may be difficult to make routine is the molecular follow up on putative 

causal genes, which is dependent on cell type, function of the genes and assays to measure the 

function of the gene with respect to the disease phenotype. PCOS, however, is particularly 

amenable to experimental perturbation since hormone responses are easy to model in cell systems 

and offer a potential for testing one of the main clinical phenotypes of PCOS. Our results extend 

the knowledge of non-coding genetic mechanisms of PCOS pathogenesis. Previous experimental 

studies characterized a highly conserved enhancer regulating FSHB expression in mouse pituitary 

cells(Bohaczuk et al., 2020, 2021); and non-coding variants intronic to AMHR2, a receptor for 

anti-Müllerian hormone(Gorsic et al., 2019). Previous statistical approaches have also nominated 

common and rare genetic variants altering the expression of DENND1A(Dapas et al., 2019), 

FSHB, ZFP36L2, ERBB3, RPS26, RAD50(Censin et al., 2021) as potentially contributing to 

PCOS. Here, we add both a specific gene regulatory mechanism controlling DENND1A 

expression to that body of knowledge, while also demonstrating a general strategy for identifying 

analogous mechanisms for other PCOS genes.  

The candidate regulatory elements that we identified in this study can serve as a 

framework to identify functional non-coding regions that might contribute to PCOS risk by 
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harbouring causal variants. The results from our study adds to growing empirical evidence of 

regulatory regions contributing to complex diseases(Abell et al., 2022; Brandt et al., 2018; 

Kneppers et al., 2022; Soldner et al., 2016). We expect that future evaluation of the regulatory 

elements from this study will provide new insights into one of the mechanisms leading to PCOS 

phenotypes. Broadly, our results demonstrate a scalable approach to study disease-associated 

regulatory regions towards revealing mechanisms for PCOS. 

2.4 Methods 

2.4.1 Data Availability: 

All open chromatin regions and STARR-seq results for the studied regions are available 

via the a UCSC Genome Browser track 

(https://genome.ucsc.edu/s/laavatar/2024%2DPCOS%2DSS%2Dpaper ).  

 

2.4.2 Acknowledgements: 

The Genotype-Tissue Expression (GTEx) Project was supported by the Office of the 

Director of the National Institutes of Health, and by NCI, NHGRI, NHLBI, NIDA, NIMH, and 

NINDS. The data used for the analyses described in this manuscript was obtained from the GTEx 

Portal on 7 June 2020. 

 

2.4.3 STARR Seq Assay Library Construction: 

2.4.3.1 Selection of GWAS regions for targeted STARR-seq assays 

To select PCOS-associated genomic regions for STARR-seq assays, we identified all 

genetic variants in linkage disequilibrium (LD, r2 > 0.8) with the 16 genetic variants that were 

most strongly associated with PCOS or its clinical phenotypes(Z.-J. Chen et al., 2011; F. R. Day 
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et al., 2015; Hayes et al., 2015; Y. Shi et al., 2012). We then selected bacterial artificial 

chromosomes (BACs) and fosmids that encompassed all the identified genetic variants. We 

obtained a total of 18 BACs and 2 fosmids. All BACs and fosmid clones were sourced from 

BACPAC Genomics, Inc and the source of these clones is Children’s Hospital & Research Center 

at Oakland (CHRCO). The list of BACs and fosmids is detailed in Appendix A, Table S1.  

All BACs and fosmids were obtained as clones in E. coli. We propagated each bacterial 

clone in selective conditions. We isolated the BAC DNA using NucleoBond Xtra BAC 

(Machery-Nagel); and we isolated fosmid DNA using FosmidMAX (Lucigen), following 

manufacturer's protocols. To validate that the BACs and fosmids were intact and covered the 

target region, we created Illumina high-throughput sequencing libraries from the isolated DNA 

using NEBNext Ultra II FS DNA Library Prep. We barcoded the sequencing library for each 

BAC or fosmid independently, and pooled the resulting libraries for sequencing. We sequenced 

the pooled libraries on an Illumina MiSeq instrument, and aligned to the human genome. For two 

of the 16 target regions, the BACs either recombined or the sequencing reads from the BAC 

aligned to a different genomic region suggesting contamination with another BAC. We removed 

those two regions from subsequent analysis. The BACs and fosmids for the remaining 14 target 

regions span ~3 Mb of the human genome. 

 

2.4.3.2 STARR-seq reporter plasmid construction 

To create STARR-seq assay libraries from the BACs and fosmids, we cloned sheared 

DNA from each BAC into the STARR-seq plasmid. We sheared each BAC or fosmid to ~400 bp 

DNA fragments using a Covaris S220 sonication instrument. We then ligated custom universal 

adapters to the resulting DNA fragments using the NEBNext DNA Library Prep protocol 

(#E6040L) (Appendix A, Table S3). We then amplified the adapted DNA fragments and added 



  
55 

 

sequences for Gibson assembly into the STARR-seq plasmid using PCR. For the PCR, we used 

KAPA HiFi HotStart kit (Roche) and the primers TS2SS-F and TS2SS-R (Appendix A, Table 

S3). The PCR cycling conditions were: 98 °C for 30 s, followed by 10 cycles of 98 °C for 15 s, 

64 °C for 30 s, 72 °C for 30 s, with a final extension at 72 °C for 5 min. 

We then cloned the fragment libraries into the STARR-seq ORI vector 

(Addgene#99296). To do so, we first linearized the plasmid using AgeI and SalI (NEB R3552L 

and NEB R3138L). We then ran the digested plasmid on a 1% agarose gel, confirmed that the 

linear plasmid was the expected ~3600 bp size, and isolated the linearized plasmid using either 

the QIAquick Gel Extraction Kit (#28704) or GeneJET Gel Extraction Kit (#K0691). We then 

cloned the adapted and amplified DNA fragments from the BACs and fosmids into the linearised 

STARR-seq ORI vector using the NEBuilder HiFi DNA Assembly (#E2621) kit. We ethanol 

precipitated the products. To do so, we added 0.1X volume 3 M NaOAc and 2.5X volume cold 

100% ethanol and stored the mixture at –20 °C overnight. We then pelleted the DNA via 

centrifugation at 16,000 RCF for 30 min at 4 °C. We washed the pellets with 5 ml cold 70% 

ethanol, and resuspended them in water. To amplify the resulting plasmid libraries, we 

electroporated into E. cloni 10G SUPREME Electrocompetent Cells following manufacturer 

protocol for optimal settings in 1.0 mm cuvette (10 μF, 600 Ohms, 1800 Volts). We grew the 

plasmids in individual 1 L volumes of LB with carbenicillin for antibiotic selection at 37 °C 

overnight. We isolated the resulting PCOS GWAS STARR-seq assay plasmids using 

NucleoBond PC 10000 EF (Machery-Nagel).  

To make the final PCOS GWAS STARR-seq assay library, we pooled the individual 

BAC and fosmid STARR-seq plasmids in equimolar concentration. We validated the size of the 

plasmid library using the Agilent TapeStation, and quantified the resulting pool using Qubit 

(Invitrogen).  
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2.4.3.3 PCOS GWAS STARR-seq assay library sequencing 

To estimate the abundance of reads mapping to the regions selected in the assay library, 

we used Illumina high-throughput sequencing NextSeq 2000 with 50bp paired end sequencing 

protocol. To prepare the sequencing libraries, we first amplified the STARR-seq regions from a 

20 ng pooled plasmid library using KAPA HiFi HotStart kit (Roche). The PCR cycling conditions 

were: 98 °C for 30 s, followed by 15 cycles of 98 °C for 15 s, 64 °C for 20 s, 72 °C for 30 s, with 

a final extension at 72 °C for 5 min using 208-F Index7 primers (Appendix A, Table S3). To 

isolate the final library, we used Axygen Spri Beads (AxyPrep™ Mag PCR Clean-Up Kit) beads 

at appropriate concentrations based on the manufacturer’s manual for an insert size of 400 bp. 

 

2.4.4 Cell Culture protocol 

We obtained NCI-H295R cells from ATCC. The cells were cultured in DMEM/F-12 

medium (Gibco #21041025) supplemented with 2.5% Nu-Serum (Corning #355100) and 1% 

ITS+Premix (Corning #354352) and grown as a monolayer at 37 °C, 5%CO2. We validated 

testosterone produced by the cells stimulated with 10 µM forskolin using ELISA following 

manufacturer’s protocol (Cayman Chemicals #582701). 

We obtained COV434 cells from ECACC (Sigma–Aldrich #07071909). The cells were 

cultured in DMEM (Gibco #11965092) supplemented with 2 mM Glutamine and 10% Foetal 

Bovine Serum (FBS) and grown as a monolayer at 37 °C, 5%CO2. We validated estradiol 

produced by these cells treated with 100 ng/mL follicle stimulating hormone (FSH) and 

2.9 μg/mL androstenedione (A4) using ELISA (Cayman Chemicals #501890). All experiments 

were performed between passages 5 and 12. 
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2.4.4.1 Nucleofection Optimization  

To transiently introduce the PCOS GWAS STARR-seq assay library into the cell lines, 

we used electroporation via the Lonza 4D-Nucleofector System. To optimize the electroporation 

settings for H295R and COV434, we used the Cell Line Optimization 4D-Nucleofector™ X Kit 

(Lonza #V4XC-9064) following manufacturer’s protocol. Based on this optimization, we chose 

SF-CM-138 for COV434 cells and SF-DN-100 for the H295R cells, with 2 μg of plasmid to 

every 1 million cells transfected. 

 

2.4.4.2 Transfection of cells 

To test the regulatory potential of PCOS GWAS targeted regions, we first transfected the 

PCOS GWAS STARR-seq library into both H295R and COV434 cells, and isolated and 

sequenced the resulting RNA. We isolated the RNA from the cells 6 hours post transfection. We 

transfected the PCOS GWAS STARR-seq plasmid library into H295R and COV434 based on the 

nucleofection optimization settings we described using SF Cell Line 4D-Nucleofector® LV Kit L 

(Lonza #V4LC-2002) following manufacturer’s protocol. All the experiments were performed in 

triplicate for each cell line. For each replicate for each of the cell lines, we used 50 million cells 

transfected with 100 μg of the PCOS GWAS STARR-seq plasmid library. 

 

2.4.5 PCOS GWAS STARR-seq reporter library construction 

To isolate the PCOS GWAS reporter RNA, we first isolated total RNA followed by 

enriching for cDNA produced from the PCOS GWAS STARR-seq library plasmid pool.  
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Six hours post transfection, we rinsed the cells with PBS and dissociated the cells using 

Trypsin-EDTA 0.25% (Life Technologies). We lysed the cell pellets using RLT buffer (Qiagen) 

with 2-mercaptoethanol (Sigma). We passed the lysates through a 18-gauge needle ten times and 

stored at −80 °C before RNA extraction.  

 

2.4.5.1 RNA extraction 

We isolated total RNA using the Qiagen RNeasy Midi kit including the on-column 

DNaseI digestion step. We treated the isolated total RNA with 1 μL RNase Block 

(Agilent). We then isolated poly-A RNA using Dynabead Oligo-dT25 beads (Life Technologies) 

according to the manufacturer’s recommended protocol. We treated the poly-A RNA with DNase 

(TURBO DNase, Invitrogen) and 1 μL RNase Block at 37 °C for 30 min before halting the 

reaction with the DNase inactivation reagent. We then synthesized PCOS GWAS reporter cDNA 

by reverse transcription using Superscript III (800 U, Life Technologies) following 

manufacturer’s protocol and a STARR-seq specific primer (SSRT-UMI, Appendix A, Table S3). 

 

2.4.5.2 PCOS GWAS STARR-seq reporter construction 

Following synthesis, we treated the cDNA with RNaseA (Sigma) at 37 °C for 1 hour. We 

purified the PCOS GWAS reporter cDNA with SPRI beads (1.5X) and amplified using index-

PCR primer and indexed PostSS-Index-5 primers (Appendix A, Table S3) to allow barcoding for 

sample multiplexing under the following conditions: 98 °C for 30 s, followed by 10-12 cycles of 

98 °C for 10 s, 64 °C for 30 s, 72 °C for 30 s, with a final extension at 72 °C for 5 min. We split 

each sample into 7 individual PCR amplification reactions in this step. We determined the total 

number of cycles for amplification using a small portion of that sample in a qPCR protocol and 

estimating cycle number using 1/4th the maximum plateau observed in the qPCR. We cleaned the 
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amplified PCR products using SPRI beads (1.0X) and then validated the length distribution of the 

PCOS GWAS reporter library on Agilent tape station. 

 

2.4.5.3 PCOS GWAS STARR-seq reporter library sequencing 

Final PCOS GWAS reporter libraries from each replicate experiment were pooled at 

equimolar 2nM concentrations. We sequenced the PCOS GWAS reporter libraries on Illumina 

NextSeq 2000 using 50bp PE sequencing. 

 

2.4.5.4 Alignments and STARR-seq analysis 

To estimate regulatory activity in the targeted PCOS GWAS regions, we used the 

abundance of the fragments expressed as RNA in the reporter library relative to their abundance 

in the assay library. We first aligned the PCOS GWAS assay library and the PCOS GWAS 

reporter library individually to the human genome (hg38) using bowtie2. We filtered reads with a 

quality score of Q>=30, and outside the centromeres and blacklisted regions. These reads were 

used for the downstream analysis. We used picardtools(Institute, 2019) to mark and call 

duplicates. RPKM normalized STARR-seq read density was computed at single base pair 

resolution using deepTools(Ramírez et al., 2016) utility bamCoverage. We used CRADLE(Kim 

et al., 2021) package to correct biases and call peaks with the following options. We then 

estimated differential STARR-seq activity across the regions as fold change using DESeq(Love et 

al., 2014) . We compared PCOS STARR-seq results from both COV434 and H295R cell lines to 

ATAC-Seq datasets generated for these cell lines. We also compared the peaks to the regulatory 

regions across ENCODE (V4) for both cell lines and primary tissues. 
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2.4.6 PCOS case-control variant association testing within candidate 
regulatory regions 

To identify any association between genetic variants within functional STARR-seq 

regulatory elements and PCOS, we performed an association test. PCOS association was tested 

within candidate regulatory regions using 983 PCOS cases and 2951 controls that were genotyped 

using the Illumina OmniExpress (HumanOmniExpress-12v1_C) array(Hayes et al., 2015). 

Genotype imputation was performed using minimac4(Fuchsberger et al., 2015) on the Michigan 

Imputation Server(Das et al., 2016) for phasing via Eagle(Loh et al., 2016) using the TOPMED 

freeze 8 reference panel(Das et al., 2018; Taliun et al., 2021). Variants were filtered to remove 

any SNPs with imputation quality (R2) less than 0.8 and restricted to STARR-seq regions of 

regulatory activity. Single variant associations were carried out using PLINK(Purcell et al., 2007) 

on common variants (minor allele frequency [MAF]>1%) using logistic regression with PCOS as 

the outcome variable and age, BMI, and five principal components (PCs)(Price et al., 2006) as 

covariates. To control for false-positive discoveries, results were adjusted for Bonferroni 

correction thresholds.  

 

2.4.7 Colocalization testing 

To test for association between two datasets to identify likely causal SNP between two 

traits, we used a bayesian colocalization method(Giambartolomei et al., 2014). For the PCOS-

associated variants, we used the list of variants and its associated statistics from the above result 

for all variants with P < 0.3 (Table 3). We used the standard options for the colocalization testing. 

For the eQTL dataset, we used publicly available expression quantitative association data from 

the GTEx consortium GTEx Analysis V8 (dbGaP Accession phs000424.v8.p2, accessed on June 

7, 2020). The GTEx dataset contains cis-eQTL data from ~900 American donors of mostly 
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European Ancestry (~85%) across 49 tissues and of varying ages. We applied coloc, a Bayesian 

test for colocalization to identify the probability of a shared causal signal between the PCOS-

regulatory element-associated variant and eQTL variants. We used the coloc.abf() function in the 

coloc R package with the default assignment of prior probabilities for a SNP being associated 

with each trait from the Coloc package. All analyses with a colocalization posterior probability 

(PP.4) > 0.3 using eQTL data from all tissues, adrenal tissue and ovarian tissue were reported in 

Table 4.  

 

2.4.8 ATAC-Seq 

To identify the accessible chromatin within the H295R and COV434 cells, we performed 

ATAC-Seq(Corces et al., 2017) in duplicate as described below. 

We harvested 50,000 viable cells for each replicate. COV434 cells were additionally 

incubated in TURBO DNase (Invitrogen, #AM2238) for 1 hour at 37 °C. We then incubated the 

cells with 50 μL cold ATAC-RSB with 0.1% NP40, 0.1% Tween20, 0.01% Digitonin and 

incubated on ice for 3 minutes. We washed the cells with 1ml cold ATAC RSB with 0.1% Tween 

20 and pelleted. We resuspended the cell pellets in the transposition mixture comprising of 25 μL 

TD buffer, 2.5 μL transposase, 16.5 μL PCS, 0.5 μL 1% digitonin, 0.5 μL 10% Tween 20 and 5 

μL H2O and incubated in a thermomixer at 37 °C for 30 minutes. We cleaned up the DNA using 

MinElute Reaction Cleanup Kit (Qiagen, #28204). We amplified the resulting DNA using an 

ATAC-Universal primer and an ATAC-barcode primer (Appendix A, Table S3) and cleaned it 

using SPRI beads. We sequenced the ATAC seq libraries on Illumina NextSeq 550, 50 bp PE 

sequencing at the Duke Genomics core. 
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2.4.8.1ATAC-seq preprocessing and alignment. 

ATAC-seq libraries for H295R and COV434 cell lines were individually aligned to the 

human genome (hg38). Each cell line had 2 biological replicates, and >40 million reads were 

generated per sample. Sequencing data quality was assessed with FastQC, and adapters were 

trimmed with Trimmomatic. Trimmed reads were aligned to the GRCh38 genome using 

Bowtie(Langmead & Salzberg, 2012) reporting only alignments having no more than two 

mismatches, discarding multi-mapping reads(-v 2 --best --strata -m 1). Reads mapping to the 

ENCODE hg38 blacklisted regions (https://www.encodeproject.org/files/ENCFF356LFX; 

manually curated regions with anomalous signal across multiple genomic assays and cell types) 

were removed using bedtools2 intersect(Quinlan & Hall, 2010) (v2.25.0). Properly paired reads 

were then filtered to exclude presumed PCR duplicates using Picard MarkDuplicates (v1.130; 

http://broadinstitute.github.io/picard/). Reads were then used to generate reads per million (RPM) 

counts of bigWig files for visualization using deeptools bamCoverage(Ramírez et al., 2014) 

(v3.0.1). Peaks were called using MACS2 with an FDR cutoff 0.1. We used the ENCODE 

ATAC-Seq standards for analysing the dataset we generated. We generated Transcription Start 

Site enrichment values using GRCh38 Refseq TSS annotation and used the cutoff of >7 for high 

quality data (Figure S8). 

2.4.9 CRISR-dCas9 epigenome editing 

 
2.4.9.1 GuideRNA (gRNA) design and gRNA plasmid synthesis  

Four candidate regulatory elements were identified from the targeted STARR-seq results 

with coordinates listed in Table 9. The regions were selected based on STARR-seq effect, 

chromatin accessibility and ability to design guides considering genomic sequence and PAM 

restrictions.  
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To design the guide oligos, we used Guidescan2(Perez et al., 2017), with “specificity” 

filter > 0.2. We had a total of 21 gRNAs, across four candidate regulatory elements and 

DENND1A promoter region (Appendix A, Table S2), with each regulatory element comprising of 

5-7 guides targeting that element. For the negative control, we designed a set of five guides that 

did not have any targets in the human genome. Each gRNA oligo was synthesized as individual 

oligos that were then processed as described below to make pooled gRNA plasmids. 

To make the gRNA plasmids, we followed the outline of the CROP-Seq 

protocol(Datlinger et al., 2017). First, we prepared the gRNA plasmid backbone by digesting 

CROPseq-Guide-Puro plasmid from Addgene (#86708) using BsmBI. We ran the digested 

product on 1% agarose gel, and we purified the 8.3 kb fragment using GeneJET Gel Extraction 

Kit (#K0691). To prepare the gRNA oligos for insertion into the plasmid, for each gRNA oligo 

synthesized, we first converted it to a double stranded oligo using Primers ssds-F and ssds-R 

(Appendix A, Table S3). We then cloned each double-stranded gRNA oligo into the digested 

CROPseq-Guide-Puro vector using NEBuilder HiFi DNA Assembly (#E2621) kit. The plasmid 

products were purified with QIAquick PCR Purification Kit (Qiagen #28104).  

To make the pooled plasmids, we pooled (equimolar) each plasmid product for each 

regulatory element, or promoter region, or negative control. To amplify the plasmid pools, we 

electroporated each pool into Lucigen Endura Cells (Lucigen #60242-2) following manufacturer 

protocol for optimal settings in 1.0 mm cuvette (25 μF, 200 Ω, 1.5 kV). We grew the plasmids in 

individual 25 mL volumes of LB with carbenicillin for antibiotic selection at 37 °C overnight and 

isolated the gRNA plasmid pools using Qiagen Midi Prep (Qiagen #12143) following 

manufacturer’s protocols. Each purified plasmid pool was then used to prepare lentiviral particles. 
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2.4.9.2 Lentivirus production 

To test the target gene of the identified STARR-seq regulatory elements, we used 

CRISPRa to perturb the selected candidate regulatory elements. First, we designed a stable cell 

line expressing a Cas protein. To do so, we used a catalytically inactive Cas9 (dCas9) fused with 

the P300 domain of histone acetyltransferase (dCas9-P300). This dCas9-p300 can act as a 

transcriptional activator when combined with targeting guide RNA(Klann et al., 2017).  

To make stable dCas9-P300 cell lines, we generated lentivirus expressing dCas9-p300. 

Briefly, we combined the following plasmids: dCas9-p300 (Addgene #83889), psMD2.G 

(Addgene #12259) and psPAX2 (Addgene #12260) with Lipofectamine 3000 (Invitrogen 

#L3000001) and lipofected into HEK293T cells (ATCC #CRL-3216™) according to the 

manufacturer’s protocol. After 14 to 20 hours, transfection media was exchanged with fresh 

media. We then harvested viral supernatant at 24 and 48 hours post lipofection. We concentrated 

the viral supernatant at 1/100x using LentiX Concentrator (Clontech #631232) following the 

manufacturer’s protocols.  

To produce lentivirus for individual gRNAs, we transfected HEK293T cells with an 

equimolar pool of gRNA plasmids for each regulatory element, psPAX2, and pMD2.G using 

Lipofectamine 3000 following the manufacturer’s instructions. We harvested media containing 

the produced lentivirus at 24 and 48 hours later and concentrated the viral supernatant at 1/100x 

using LentiX Concentrator (Clontech #631232) following the manufacturer’s protocols.  

HEK293T cell line with stable dCas9-P300 expression: We received HEK293T-dCas9-

P300 cell line(Klann et al., 2017) from Dr. Charles Gersbach. We followed the published culture 

and growth conditions for 293T cells. 
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2.4.9.3 Generating stable H295R-dCas9-P300 cell line 

To make stable H295R cells expressing dCas9-P300, we transduced the concentrated 

lentiviral particles containing dCas9-p300 into H295R cells with a multiplicity of infection of 5.0 

using 6 μg/ml of polybrene (EMD Millipore Corporation #TR-1003-G). Additionally, we selected 

for the transduced cells using 0.5 μg/mL of puromycin (Gibco #A1113803). We confirmed the 

expression of dCas9-p300 in H295R cells using qRT-PCR. 

 

2.4.9.4 Transduction of gRNA into dCas9-P300 expressing cell lines: 

To test the effect of P300 on the targeted regulatory elements, we transduced each 

lentiviral pool for the regulatory elements, DENND1A promoter region and negative control in 

two cell lines (HEK293T and H295R) with stable dCas9-P300 expression. We transduced the 

cells during seeding in a 12-well or 6-well plate supplemented with 6 μg/ml of polybrene for 

H295R cells and 4 μg/mL of polybrene for HEK293T cells across 6 replicates for each pool 

(EMD Millipore Corporation #TR-1003-G). We changed the media on the cells 24 hours after 

transduction. 

 

2.4.10 RNA isolation and qRT-PCR to measure gene expression levels 

To measure any changes in gene expression levels due to the CRISPRa perturbation, we 

used qRT-PCR. First, we harvested RNA from each replicate 4 days post transduction with the 

gRNA lentivirus pool using RNeasy Mini Kit (Qiagen #4004) following manufacturer’s protocol 

including the DNase treatment. We quantified the RNA using Qubit (Invitrogen) and used 500 ng 

of RNA for each sample for subsequent cDNA synthesis. For the cDNA synthesis, we used 

Superscript III (800 U, Life Technologies) with Oligo dT primers following manufacturer’s 
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protocol (Thermo Fisher #18418012). Following cDNA synthesis, we performed qRT-PCR using 

that cDNA, TaqMan™ Fast Advanced Master Mix for qPCR (Thermo Fisher #4444556), and 

TaqMan™ Gene Expression Assays (DENND1A, CRB2, LHX2 and STRBP and GAPDH). The 

qPCR analysis was performed using the 2-ΔΔCT method in R, using GAPDH as the internal 

control. All the fold change is reported as log(2-ΔΔCT) compared to the negative (non-targeting 

gRNA) control. Each sample was measured in triplicate for the qRT-PCR. 

 

2.4.11 ELISA for measuring testosterone production 

To measure changes in testosterone production, we collected the supernatant from the 

gRNA pool transduced H295R cells two- and four- days post transduction. We measured the 

amount of testosterone produced using ELISA (Cayman Chemicals #582701) according to the 

manufacturer’s protocols. All samples were measured in triplicate. The absorbance of the 

compound was measured at 405-420 nm using the GloMax Discover System (Promega). Fold-

change reported is based on the negative (non-targeting gRNA) control. 
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3. Regulatory variants in the DENND1A locus 

3.1 Introduction 

As described in chapter 1, one of the central challenges of complex trait genetics is 

identifying the causal variants within GWAS susceptibility loci and determining their functional 

consequences. The identification of eQTLs, expression quantitative trait loci revealed the 

pervasive nature of genetic variant effects on gene regulation (Stranger & Raj, 2013), and that 

genetic variants within accessible chromatin regions explain a significant proportion of the eQTL 

signals (Degner et al., 2012). More recently, several studies have shown that an enrichment of 

genetic variants in disease-associated loci overlap gene regulatory elements from complementary 

datasets (U. Consortium et al., 2019; Schmidt et al., 2015; Trynka et al., 2013). Following the 

evidence supporting the contributions of non-coding genetic variants towards phenotypes, there 

have been several advancements in strategies for identifying disease-associated non-coding 

genetic variants and yielded successful examples to link variants to disease (Guo et al., 2015; 

Maurano et al., 2012). However, there remain several challenges towards making those 

approaches systematic, thus enabling routine identification of specific causal variants, genes, and 

tissues.  

 

Recent advances in modifying high-throughput reporter assays like STARR-seq have 

allowed for the direct identification of allele-specific regulatory variants (Vockley et al., 2015). 

To study the role of regulatory elements in diseases, several high throughput reporter assays have 

been performed that have used some fraction of genomic DNA from a disease cohort. While 

synthesizing oligonucleotides for STARR-seq is one approach, DNA synthesis is limited in the 

length and number of oligonucleotides that can be generated (Mangan et al., 2022). Previous 

studies have assayed putative regulatory elements directly by amplifying the desire genomic 
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regions from donor genomes to identify effects of regulatory variants specific to that study 

population (Vockley et al., 2015; P. Zhang et al., 2018). One advantage of this approach is that 

haplotypes are maintained when the target regions are amplified by custom amplicon sequencing, 

thereby capturing the effects of common and rare variants in each genome. Using amplicon 

sequencing allowed for an effective approach to identify causal variants since the candidate 

regulatory elements are assayed by STARR-seq independently of each other. A main 

disadvantage of this approach is that while amplicon generation is largely successful for smaller 

test regions, it is technically not practical for scaling up to larger regions like DENND1A, which 

is a large gene spanning ~550 kb on chromosome 9.  An alternative to amplicon-based 

approaches is to directly capture specific regions of the genome using oligonucleotide probes (P. 

B. Chen et al., 2022; C.-C. F. Huang et al., 2021). He, we used that capture-based STARR-seq 

approach to selectively enrich and measure regulatory activity across the DENND1A locus from 

5 individual genomes. We then implemented a whole genome STARR-seq approach and 

identified over 140,000 regulatory elements used in an adrenal cell model specifically using 

donor genomic DNA from a PCOS case-control cohort. The whole genome STARR-seq approach 

allows for testing for regulatory variants across the whole genome and as a case study, we 

identified X regulatory variants in the DENND1A locus. 

 

3.2 Results 

3.2.1 DENND1A is implicated in PCOS pathogenesis 

The DENND1A locus harbours reproducible genetic associations with PCOS. 

DENND1A is a guanine nucleotide exchange factor involved in clathrin-mediated endocytosis. 

The expression of DENND1A has been implicated in androgen biosynthesis, including in H295R 

cell model (Teves et al., 2020). Furthermore, DENND1A knockout in mice is embryonic lethal, 
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and affects follicle development in the ovary (Jingjing Shi et al., 2019). Furthermore, a recent 

study identified several non-coding rare variants in the DENND1A locus that are associated to 

PCOS, and increased ratios of luteinizing and follicle stimulating hormone levels in those PCOS 

cases (Dapas et al., 2019). Therefore, to test the role of genetic variants in contributing to PCOS, 

we focused on the DENND1A locus in H295R cells. 

 

3.2.1.1 Overview of the DENND1A genomic locus 

We successfully identified hundreds of regulatory elements in two cells lines as described 

in chapter 2. However, there are currently no reports of experimentally measuring the effects of 

genetic variants on DENND1A locus. From our association and colocalization analysis in chapter 

2, one of the top hits implicated DENND1A as a likely causal gene for PCOS. As proof of 

concept that the regulatory elements we identify are relevant to PCOS, we focused on 

mechanisms contributing to altered expression of genes in the DENND1A locus. We identified 38 

candidate regulatory elements between the second and sixth introns of DENND1A spanning ~180 

kb of the genome (Figure 9a). Several of the identified regulatory elements overlap regions called 

as candidate cis regulatory elements (cCRE) through ENCODE or in regions with increased 

chromatin accessibility in H295R and COV434. Indeed, for most of these candidate regulatory 

elements, there are common variants in linkage disequilibrium with the lead GWAS SNPs.  

 

3.2.2 Capture-STARR-seq of the DENND1A locus2 

In chapter 2, I described our results in identifying regulatory elements using a 

combination of bacterial artificial chromosomes and fosmids and scaled to assay cross 14 PCOS 

 
2 This subsection has been adapted from a primary-author manuscript that is in review (Sankaranarayanan 
et al., manuscript under review) 
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GWAS risk loci. However, this approach doesn’t capture genetic variants present in the human 

population to then identify what are the genetic variants that display allele-specific regulatory 

activity. Therefore, to be able to assay donor genotypes using STARR-seq, we first enriched for 

the DENND1A locus from donor genomes using oligonucleotide probes. Briefly, the targeted 

regions are captured using RNA probes that are biotinylated which allows for using streptavidin 

bead-based separation. We enriched for the DENND1A locus from 3 µg of five donor genomes, 

and used the enriched genomic DNA as the input material for the capture STARR-seq 

experiments described. 

To capture the genetic variation, present in the DENND1A locus, we enriched for the 

genomic regions spanning the DENND1A locus from three individuals of European ancestry and 

two of Han Chinese ancestry from the 1000 genomes project (Appendix B, Table S1). We 

selected those samples as healthy donor genomes, based on the availability of DNA, sex of the 

donor, and included the two ancestries to reflect the ancestry of the GWA studies that identified 

variants in the DENND1A locus to be associated with PCOS.  

Specifically, to enrich for the DENND1A locus, we used a probe-based capture method 

(Agilent Sure Select, Figure 8, Figure 9b), and inserted those fragments into the STARR-seq 

plasmid. We estimated 75% of the captured fragments were indeed captured from the DENND1A 

locus. There have been several studies that used targeted enrichment of genomic DNA for the 

subsequent assay off choice (Peterson et al., 2019; Zeineldin et al., 2023) 
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Figure 8: Principle of probe-based capture of genomic regions 
 

To measure the effects of genetic variation across DENND1A on gene expression, we 

used the DENND1A-enriched assay library in H295R cells using STARR-seq. In total, we 

assayed ~700,000 unique DNA fragments (Appendix B, Figure S2). The average length of the 

targeted fragments is 200 bp (Appendix B, Figure S3). The assay library covered the DENND1A 

gene locus at a median coverage of 140x and the libraries were sequenced to a depth of ~350 

million reads using 150 bp PE sequencing. The assay libraries were highly concordant, while the 

measure of log fold change between the reporter and assay libraries was moderately concordant 

among replicates (Pearson’s r > 0.72, Appendix B, Figure S4)  

 

3.2.2.1 Probe based enrichment of DENND1A locus captured ~600 heterozygous variants 

In the locus that we assayed across the five genomes, there were a total of 1005 SNPs that 

were present as heterozygous SNPs in the pool. We filtered the list of variants to only include 

those SNPs that did not have indels and any ‘unknowns’ in the file, the final list of SNPs was 

952. Of those 952 SNPs, 630 SNPs had read count > 5 in the sequencing readout of the assay and 

reporter libraries after using WASP for allele-aware alignment (Geijn et al., 2015). We then 

tested these 630 SNPs for regulatory effects. The capture STARR-seq libraries covered > 100X of 
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the target genomic region making it suitable to identify allele-specific regulatory variants using a 

bayesian statistical approach 

 

3.2.3 Allele-specific regulatory activity across the DENND1A locus 3 

One of the major goals of functionally evaluating regulatory variants is to determine 

genetic effects on regulatory element activity that may explain genetic associations with 

phenotypes. To estimate the allele specific regulatory effects, we used a Bayesian approach, 

BIRD, that identifies differences in the relative abundance of alleles in the assay library and in the 

expressed reporter library. Of the 623 variants we assayed in the targeted locus, 62 had allele 

specific regulatory activity with a posterior probability, Preg > 0.90. On average, the identified 

variants altered regulatory activity by 40% (Appendix B, Figure S5); and minor alleles overall 

had less regulatory activity (chi-squared = 6.9, p-value = 0.009). We observed a modest 

correlation between the absolute effect size and the minor allele-frequency of the selected 

variants as determined by the 1000 Genomes project (ρ = -0.36, p = 0.005, Fig 9c).  

Of the 62 identified regulatory variants we identified, 24 were eQTLs for DENND1A (n = 

11) or flanking genes CRB2, RABGAP1 or STRBP  (n = 14). Of those variants, 12 also 

overlapped open chromatin sites or candidate cis-regulatory elements identified by ENCODE 

(Table 4).  

 
3 This subsection has been adapted from a primary-author manuscript that is in review (Sankaranarayanan 
et al., manuscript under review) 
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Figure 9: Fine-mapping variants identified four regulatory variants that DENND1A eQTLs.  
a. Candidate regulatory elements in DENND1A locus identified in H295R (purple track) 
and COV434 (teal track) cell lines. Each STARR-seq track is reported as assay (input) 
subtracted reporter (output) libraries. b. Overview of enriched DENND1A-STARR-seq 

method. Genomes from five individuals from the 1000 Genomes Project were sheared to 200 
bp. We enriched the target DENND1A locus using RNA-probes. The custom probes were 
designed to span the DENND1A locus at 2x tiling density. These enriched fragments were 

then subject to the STARR-seq protocol. Allele-specific regulatory effect was estimated 
using the BIRD model. c. Distribution of allele-specific effect sizes as estimated by BIRD 

against minor allele frequencies. The estimated significant SNPs with allele-specific 
regulatory activity (P > 0.9) are in blue. d. SNPs in red - alternate allele has increased 

regulatory activity while SNPs in blue - reference allele has increased regulatory activity. 
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Furthermore, the lead variant from colocalization analyses, rs10117940 (Table 3) was 

also identified in allele-specific analysis with an effect size of 1.299 (p = 0.731). The variant 

rs10117940 is in LD with two STARR-seq regulatory variants (rs28441318 and rs73665345) and 

a PCOS-associated rare variant (rs78012023) (0.32 < r2 < 0.65; 0.5 D’ > 0.9). Taken together, 

these results indicate several loci within the DENND1A gene may contribute to PCOS phenotypes 

by altering DENND1A gene expression. 
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Table 4: Candidate allele-specific regulatory variants identified.  
The effect size is measured using the BIRD model. Overlap with genomic data indicates 

whether that variant overlaps open chromatin as measured by ATAC-seq or DNase-seq, in 
proximal enhancer like elements (pELS) or distal enhancer like elements (dELS) from 

ENCODE. The eQTL data was obtained from GTEx data. 
rsID Effect 

size 

Minor 

Allele 

Frequency 

Posterior 

probability 

Overlap 

with 

orthogonal 

genomic 

data 

eQTL gene 

rs4466467 0.56 0.096 0.97 DNase-seq CRB2 

rs10985986 1.32 0.226 0.96 pELS CRB2 

rs10117455 0.71 0.312 0.99 ATAC-seq DENND1A 

rs10120705 0.73 0.311 0.98 ATAC-seq DENND1A 

rs28441318 1.66 0.102 0.96 ATAC-seq DENND1A 

rs73665345 1.24 0.183 0.95 dELS DENND1A 

rs10760295 0.77 0.454 0.91 dELS DENND1A 

rs10760271 0.81 0.237 0.91 dELS RABGAP1 

rs10114139 0.73 0.435 0.91 dELS STRBP 

rs62579936 1.30 0.104 0.91 dELS STRBP, CRB2 

rs10156609 1.57 0.104 0.99 pELS STRBP, CRB2 

rs2491351 0.79 0.471 0.97 dELS STRBP, CRB2, 

DENND1A 
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3.2.4 Whole genome STARR-seq using donor genomes4 

Using the whole genome for STARR-seq assays has two main advantages over the 

capture STARR-seq assays described in the previous section. First, we observed a large variation 

in the coverage across the DENND1A locus, reflecting the biases of the probe-based capture 

method. Current methods to analyse STARR-seq data like CRADLE are currently underpowered 

to account for significant biases arising due to the probe-capture method. Second, using the whole 

genome method will allow us to test for regulatory effects of variants across the whole genome, 

not just the captured locus. 

 

3.2.4.1 Optimizing whole genome STARR-seq for low quantities of donor genomic DNA 

Previous human whole genome STARR-seq studies have used a minimum of 40 μg of 

genomic DNA to build the assay library (Johnson et al., 2018). However, one of the challenges in 

being able to use donor genomic DNA from a population cohort is the quantity. There is usually a 

limited amount of DNA extracted from donor blood sample, and is not a renewable resource. In 

the case of the donor genomes from the PCOS case control cohort, we identified that most of the 

total genomic DNA content was between 2 -5 μg. Of the 17 samples that we had initially 

received, 4 samples were removed because the DNA was degraded, or the amount of DNA was 

too low (< 0.5 μg). Therefore, we first optimized the STARR-seq protocol in three key steps to 

maximize the donor genome coverage in the assay and reporter libraries. First, for each genomic 

DNA, for cloning the fragmented DNA into the STARR-seq vector, we split each sample into 10 

parallel reactions. Second, we cloned each donor genome separately int the vector, and amplified 

each STARR-seq plasmid from a donor genome separately. Third, for each PCR and cDNA 

 
4 Shauna Morrow assisted with optimization and library preparation of the low input whole genome 
STARR-seq library preparation.   
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conversion reaction, we split one reaction into 8 reactions, to maximize capturing the complexity 

of the fragments. For each library, we measured the complexity using pre-seq estimates to 

quantify the number of unique fragments in the library as a metric for the optimization approach. 

  

By optimizing the whole genome STARR-seq approach, we built STARR-seq assay and 

reporter libraries from thirteen donor genomes. Here, we have demonstrated the first whole 

genome STARR-seq assay using a population based cohort of PCOS cases and controls. 

 

Figure 10: Library complexity to estimate whole genome STARR-seq optimization. 
a) Pre-seq complexity estimates for different input samples. b) Extrapolated pre-seq 

complexity estimates for different input quantities for whole genome STARR-seq 
 

3.2.4.2 Genome-wide measurement of regulatory elements across a population of thirteen 
individuals from a PCOS case-control cohort 

To quantify regulatory activity of regulatory elements in the adrenal cell model across the 

whole genome, we used STARR-seq assay using whole donor genomes for building the assay 
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library. We constructed a STARR-seq assay library from 13 individual donor genomes, including 

6 PCOS cases and 7 controls. The donor genomes were obtained from a population who had their 

whole genomes sequenced. Within this population, several rare noncoding variants have been 

identified, including several in the DENND1A locus that are associated with PCOS (Dapas et al., 

2019). Each sample was sequenced on Illumina NovaSeq with S4 across all lanes yielding ~1.5-2 

billion reads per sample and the assays libraries across the samples are all highly correlated 

(Pearson’s r > 0.8 Appendix B, S6). To generate the reporter library, we pooled the genomes of 

four or five individuals and sequenced the resulting pool to have ~80 million unique fragments 

and >10X coverage across the whole genome per each sample (Figure 11a). Across the assay and 

reporter libraries, the median fragment size was 417 bp and 367 bp respectively (Figure 11b), 

which is comparable to the average size of open chromatin sites identified with ATAC-seq or 

DNase-seq. The reporter libraries correlated with Pearson’s r > 0.6 (Appendix B, S7).  

 

Figure 11: Complexity and length of whole genome STARR-seq libraries.  
a) Expected unique reads per library estimates > 10X coverage across the genome. b) 

average length of fragments in the assay and reporter libraries. 
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To measure the effect of regulatory elements across the whole genome, we compared the 

sequencing reads in the reporter libraries compared to the assay libraries. Specifically, we 

identified ~146,000 regions with increased regulatory activity using MACS2 peak caller (FDR < 

0.001, Figure 12). MACS2 is widely used for identifying ChIP-seq peaks and is a widely used 

peak calling algorithm (Yong Zhang et al., 2008).  

 

Figure 12: pseudo log2(Fold Change) of regulatory elements called by MACS 

 

3.2.4.3 Regulatory element activity is enriched across regions of chromatin accessibility 

STARR-seq being an episomal assay identifies candidate regulatory elements outside of 

the native genomic context. Furthermore, while MACS2 is useful for analysis of whole genome 

STARR-seq, one main limitation is that MACS2 does not consider replicate variance, leading to 

false positives. Therefore, to increase confidence in the regulatory elements called as having a 

functional effect in the cells, we evaluated whether STARR-seq regulatory elements 
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corresponded to chromatin accessibility in the same cell line as well as other cell lines from 

ENCODE.   

 About 9500 (13%) of the ~73,000 accessible chromatin sites in H295R were found to 

have regulatory activity measured by STARR-seq. We observed an enrichment of STARR-seq 

measured regulatory activity across accessible chromatin sites, and the overlap between 

chromatin accessibility and STARR-seq activity is ~2-fold more than what would be expected if 

STARR-seq identified regions were randomly distributed across the genomic regions (Chi-square 

test, p < 0.001, Figure 13). Regulatory activity in H295R also corresponds to chromatin 

accessibility in other tissues. About 64% of the regulatory elements we identified via STARR-seq 

overlap accessible chromatin sites identified in diverse tissues as part of the ENCODE project 

with an 1.7-fold overlap enrichment over what would be expected if regulatory activity was 

randomly distributed across the assayed regions in H295R (Chi-square test, p < 0.001). 

 

Figure 13: Whole genome STARR-seq regulatory elements correspond to accesible 
chromatin regions 
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We also observed a distribution of the regulatory elements called identified and 

ENCODE candidate cis-regulatory elements (cCRE) classification (Abascal et al., 2020). 

Specifically, ~28% of the regulatory elements we identified overlap proximal or distal enhancers 

defined by ENCODE (n = 41513); and ~1400 regions overlap promoter like sequences and 0.9% 

overlap CTCF binding sites (n = 1460) (Appendix B, Figure S8).  Taken together, these results 

demonstrate that the candidate regulatory elements identified by whole genome STARR-seq and 

MAC2 peak calls are enriched for regions with evidence of functionality from orthogonal 

genomic datasets. 

  

 

3.2.4.4 Regulatory variants identified in the DENND1A locus 

One key advantage of using donor genomes in the STARR-seq assay is the ability to use 

the natural genetic variation present in those genomes to estimate the effect sizes of allele-specific 

regulatory activity of those variants. Notably from the population cohort in the PCOS study ~50% 

of the families with PCOS cases sequences had rare variants in DENND1A collectively (Dapas et 

al., 2019). However, it was determined that the instance of each individual variant was typically 

identified in only one – two families (Dapas et al., 2019). Therefore, the pooling strategy we 

employed would ensure that even if only one copy of the variant was present in a pool of 

genomes, that variant would still be at a frequency of 1:8 or 1:10 in the reporter libraries. There 

are 2209 heterogenetic variants in our cohort and were largely observed at their expected 

frequencies in the STARR-seq assay library, indicating little bias or bottlenecking during library 

production (Appendix B, Figure S9). We measured allele-specific regulatory activity for ~2200 

variants across the STARR-seq reporter library.  
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To identify variants with significant allele specific activity, we used a bayesian 

estimation method, BIRD (Majoros et al., 2019). We identified 453 variants (20%) for which the 

posterior probability of there being a difference between the allele ratio between the reporter and 

assay libraries was greater than 0.95 and 785 variants with a posterior probability of 0.9 

(Appendix B, Figure S10). We then examined whether these identified regulatory variants are 

involved within regulatory regions. Specifically, 6 overlapped within STARR-seq identified 

regulatory elements (Appendix B, Figure S11).  

3.2.4.5 Comparing the regulatory effects determined by capture STARR-seq and whole 
genome STARR-seq 

We identified 445 regulatory elements that overlapped between the targeted STARR-seq 

described in chapter 2 and the whole genome STARR-seq in this chapter. The overlap is enriched 

by 20X when considering overlap between the BAC STARR-seq and random control for the 

whole genome STARR-seq (Chi-square test, p < 0.001).  

 

In performing whole genome STARR-seq, one of the main advantages is in reducing bias 

that comes from targeting specific loci. For example, with the targeted BAC STARR-seq, one of 

the challenges in analysis is due to the nature of BAC fragmentation, recombination and uneven 

coverage of the BAC regions. This necessitates several normalization processes during the 

analysis steps and because of the nature of selecting BACS, it would require extensive custom 

normalization that is catered towards each experimental setup. In performing the capture STARR-

seq experiments, while we were able to identify candidate regulatory variants within a locus, the 

biases of the capture process inherently affected the ability to call peaks to identify regulatory 

elements, as well as a large variation in the coverage across the genetic variants.  
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3.3 Discussion 

In this work, we optimized a high-throughput empirical approach to measure the 

regulatory effects of genetic variants directly from the genomic DNA of individuals from a 

population-based study cohort. We map candidate regulatory elements in an adrenal cell model, 

expanding the work from chapter 2, which targeted only specific disease associated loci. We 

estimated about 140,000 regulatory elements across the adrenal cell line. We further identified 

~400 genetic variants within functional regulatory elements that acted as allele-specific 

regulatory variants.  

 

These results add to previous research on the contributions of non-coding genetic variants 

to human diseases. This approach has several advantages. The main advantage in using the whole 

genome based approach from a population cohort, is that in addition to offsetting the biases 

introduced by targeted methods, we can investigate variants and haplotypes that are present 

specifically across the population cohort that may not be present in existing SNP databases. 

Furthermore, using this approach, we are able to test for regulatory effects of rare variants present 

in the study population. Rare variants although form one answer to the missing heritability model, 

burden testing for rare variants may or may not have supported statistical association with the 

disease due to the inherent low frequency of observing rare variants. In addition to empirically 

measuring the regulatory effect of these rare variants, this method allows us to maintain the 

genetic linkage across each fragment that is being tested. In maintaining the linkage, one 

advantage is that we are measuring regulatory activity that is influenced by the native haplotype 

present within those fragments from donor genomes. Furthermore, while an early limitation was 

the quantities of donor genomes, once the STARR-seq plasmid library has been made, it can be 
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further amplified in the future to maintain a renewable stock of the plasmid library. This would 

then be useful for testing for regulatory activity and regulatory variant effects in several other cell 

lines that are implicated in the disease, for example - in metabolic tissues such as adipocytes or 

liver cells. This approach currently has two key disadvantages. First, the ability to call variants 

using BIRD needs to be tested on identified rare variants, and whether the assumptions of the 

model still hold for several rare variants identified in a case control cohort. Second, there is 

limitation in performing such high-throughput reporter assays on a large scale is a factor of the 

computational time and scalability for large datasets, particularly when running processes that are 

memory intensive such as de-duplication. If the data are not deduplicated using the information 

from the fragments and UMIs, it is likely that the analysis of reads mapping to variants might be 

biased.  

 

The candidate regulatory variants and regulatory elements that we identified in this study 

will serve as a framework to further investigate the role of regulatory variants in causing PCOS 

phenotypes. Taken together, we have demonstrated two different approaches to quantify the 

regulatory effect of genetic variants in the DENND1A locus that is implicated in PCOS 

pathogenesis. 

 

3.4 Methods 

3.4.1 Cell Culture 

We obtained NCI-H295R cells from ATCC. The cells were cultured in DMEM/F-12 

medium (Gibco #21041025) supplemented with 2.5% Nu-Serum (Corning #355100) and 1% 

ITS+Premix (Corning #354352) and grown as a monolayer at 37 °C, 5% CO2. The H295R-dCas9 
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cells were grown under the above described conditions. All experiments were performed between 

passages 5 and 15. 

 

3.4.2 DENND1A enrichment 

We focused on variants present in the DENND1A locus, a region that spans the entire 

DENND1A gene and 100 kb upstream and downstream of the gene. For target enrichment of the 

DENND1A locus, we used targeting oligonucleotide probes. We first sheared each genome 

separately to ~200 bp using Covaris (S220). We then used Agilent SureSelect Custom DNA 

Target Enrichment Probes to enrich the region around DENND1A (hg 38: chr9:123279654-

124030107). To design the custom probes, we optimized for tiling the target region at 2x the 

density using probes using the Balanced parameter in the Sure Design. We then reran the probe 

design on the regions missed by Sure Design in the first round to yield a final set of probes tiles 

across the target region. We followed the Agilent SelectXT2 custom (Cat# 5190-4846) protocol 

to enrich the target regions in each genome, however we modified the protocol at the adaptor 

ligation steps. We used a custom adaptor (SS_Adaptor) and amplified the resulting oligo 

fragments using TS2SS-F and TS2SS-R primers (Appendix A, Table S3). 

 

3.4.3 Capture STARR-seq 

To create the DENND1A STARR-seq assay libraries from the five genomes, we cloned 

the sheared and DENND1A-locus enriched DNA fragments. We cloned the amplified and 

enriched fragments into the linearised STARR-seq vector using NEBuilder HiFi DNA Assembly 

(#E2621). We ethanol precipitated the products. To do so, we added 0.1X volume 3 M NaOAc 

and 2.5X volume cold 100% ethanol, and stored the mixture at –20 °C overnight. We then 
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pelleted the DNA via centrifugation at 16,000 RCF for 30 min at 4 °C. We washed the pellets 

with 5 ml cold 70% ethanol, and resuspended in water.  

 

3.4.3.1 DENND1A locus STARR-seq reporter plasmid construction 

To create the DENND1A STARR-seq assay libraries from the five genomes, we cloned 

the sheared and DENND1A-locus enriched DNA fragments. We cloned the amplified and 

enriched fragments into the linearised STARR-seq vector using NEBuilder HiFi DNA Assembly 

(#E2621). We ethanol precipitated the products. To do so, we added 0.1X volume 3 M NaOAc 

and 2.5X volume cold 100% ethanol, and stored the mixture at –20 °C overnight. We then 

pelleted the DNA via centrifugation at 16,000 RCF for 30 min at 4 °C. We washed the pellets 

with 5 mL cold 70% ethanol, and resuspended in water.  

 

We then pooled the plasmids from each genome in equimolar concentrations. We 

amplified the pooled plasmids by transfecting the plasmids into E. cloni 10G Electrocompetent 

Cells following manufacturer protocol for optimal settings (1.0 mm cuvette, 10 μF, 600 Ohms, 

1800 Volts). We subsequently isolated the plasmids using Qiagen Plasmid Kit, GigaPrep (Qiagen 

#12191), and quantified it using Qubit and validated the length of the pooled library on a 1% 

agarose gel. This purified, pooled plasmid is our DENND1A-locus STARR-seq library that was 

used for DENND1A-locus STARR-seq experiments.  

 

3.4.3.2 DENND1A locus STARR-seq assay library sequencing 

To estimate the abundance of reads mapping to the variant loci selected in each assay 

library, we used Illumina high-throughput sequencing NextSeq 2000 with 50 bp paired end 

sequencing protocol. We sequenced 3 replicates of the DENND1A-locus STARR-seq assay 
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library using the amplified the STARR-seq assay fragments from the pooled library using 208-F 

Index7 primers (Appendix A, Table S3).  

 

3.4.3.3 DENND1A locus enriched STARR-seq assay 

To test for effects of variants in the targeted DENND1A locus, we transfected the 

DENND1A locus STARR-seq assay library into H295R cells, and isolated and sequenced the 

resulting RNA similar to the methods described previously. All experiments were performed in 

triplicate for each cell line. For each replicate for each of the cell lines, we used 70 million 

H295R cells transfected with 140 μg DENND1A locus STARR-seq assay library using the Lonza 

Nucleofector (setting SF-DN-100). We isolated the RNA from the cells 6 hours post transfection.  

 

3.4.3.4 DENND1A locus STARR-seq reporter library construction  

To isolate the DENND1A locus reporter RNA, we first isolated total RNA followed by 

enriching for cDNA produced from the DENND1A-locus STARR-seq plasmid library. We used 

the same protocol as described for the PCOS GWAS reporter library construction. We pooled the 

DENND1A locus reporter libraries from each replicate at equimolar 2nM concentrations. We 

then sequenced the DENND1A locus reporter libraries on Illumina NextSeq 2000 using 75bp PE 

sequencing. 

 

3.4.4 Capture STARR-seq analysis 

To identify variants that have allele specific regulatory activity, we compared the ratio of 

reads mapping to the alternate allele versus reference allele in each assay library and reporter 

library. If the ratio of reads mapping to alternate allele versus reference allele was higher in the 
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reporter library compared to the assay library, that variant was called as having increased 

regulatory activity of the alternate allele.  

 

To do so, we first obtained a list of the variants present in the DENND1A locus in the 

pool. We obtained the VCF for these samples from the 1000 Genomes Project (PMID). We 

filtered the variants in the targeted DENND1A locus, to only include those SNPs present as 

heterogeneous within the pool of five genomes we used. The final list of ~600 variants was then 

used for the regulatory variant analysis. 

 

To compare reads mapping to each allele in both the reporter and assay libraries, we first 

aligned DENND1A locus enriched STARR-seq libraries (assay library and reporter library) 

individually aligned to the human genome (hg38) using WASP (Geijn et al., 2015) and bowtie2 

(Langmead & Salzberg, 2012). Reads with a quality score of Q>=30, and outside the centromeres 

and blacklisted regions were used for downstream analysis. We used picardtools to mark and call 

duplicates (Institute, 2019). RPKM normalized STARR-seq read density was computed at single 

base pair resolution using deepTools utility bamCoverage (Ramírez et al., 2016). We then 

assigned reads mapping to each variant for each sequenced sample using samtools mpileup (H. 

Li, 2011). 

 

To estimate the regulatory effect of variants, we used BIRD (Majoros et al., 2019). BIRD 

is a bayesian statistical framework for analysis of regulatory variants and uses bayesian priors to 

identify allele-specific regulatory effects, and identifies variants that have a high probability of 

being a regulatory variant with an effect size, theta. We used the standard options for BIRD and 

set the regulatory effect threshold as 1.2. 



  
89 

 

 

3.4.5 whole genome STARR-seq assay 

3.4.5.1 STARR-seq reporter plasmid construction and assay library sequencing 

To create the whole genome STARR-seq assay libraries from the thirteen donor 

genomes, we followed similar methods as described in chapter 1. The donor genomic DNA was 

first quantified using Agilent TapeStation. We sheared the donor genomes using CovarisS220 

with the setting for 450-500 bp at Duke Microbiome Core Facility. We used between 2-5µg of the 

sheared genomic DNA for the cloning and STARR-seq plasmid assembly. We cloned the sheared 

DNA fragments into the linearised STARR-seq vector using NEBuilder HiFi DNA Assembly 

(#E2621). The Gibson Assembly reactions for each sample were split as 4 pmol of the insert in 10 

reactions. We ethanol precipitated the products and to do so, we added 0.1X volume 3 M NaOAc 

and 2.5X volume cold 100% ethanol, and stored the mixture at –20 °C overnight. We then 

pelleted the DNA via centrifugation at 16,000 RCF for 30 min at 4 °C. We washed the pellets 

with 5 ml cold 70% ethanol, and resuspended in water. Each plasmid library from one donor 

genome was amplified by transfecting the plasmids into E. cloni 10G Electrocompetent Cells 

following manufacturer protocol for optimal settings (1.0 mm cuvette, 10 μF, 600 Ohms, 1800 

Volts). We subsequently isolated the plasmids using Qiagen Plasmid Kit, GigaPrep (Qiagen 

#12191).  All PCR amplification steps were split into 4 wells per sample. To estimate the reads 

across each genome the resulting plasmids from the thirteen donor-genomes were pooled in 

equimolar ratio, amplified using the 208-F and index primers, and we used Illumina NovaSeq 

(P4, all lanes) with 150bp paired end sequencing. The sequencing was performed at Duke 

Sequencing and Genomic Technologies core. 
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3.4.5.2 STARR-seq reporter assay library preparation 

To build the whole genome STARR-seq reporter library, we transfected the pooled 

plasmids into H295R cells. Specifically, we made 3 equimolar pools comprising of 4, 4 and 5 

donor genome plasmid libraries for the transfection. Each library was transfected into a total of 

~300 million cells, using the Lonza Nucleofector setting as described earlier. We isolated the 

RNA from the cells 6 hours post transfection, first by pelleting the cells dissociated with Trypsin-

EDTA 0.25% (Life Technologies). We lysed the cell pellets using RLT buffer (Qiagen) with 2-

mercaptoethanol (Sigma). We passed the lysates through a 18-gauge needle ten times and stored 

at −80 °C before RNA extraction. We isolated total RNA using the Qiagen RNeasy Midi kit as 

previously described in chapter 2 and quantified and estimated the quality via RIN values (RIN > 

8.5 was used) using Agilent Tape Station. We used ~120 μg of total RNA for the cDNA synthesis 

and STARR-seq reporter cDNA preparation. We synthesized reporter cDNA by reverse 

transcription using Superscript III (800 U, Life Technologies) following manufacturer’s protocol 

and a STARR-seq specific primer (SSRT-UMI, Appendix A, Table S3) and each sample was split 

into 4 reactions. Following cDNA synthesis, we prepared the reporter library as described in 

chapter 2, such that each replicate was amplified by splitting into 16 wells, for the last step of 

amplifying using index-PCR primer and indexed PostSS-Index-5 primers. For all sequencing 

libraries, we determined the total number of cycles for amplification using a small portion of that 

sample in a qPCR protocol and estimating cycle number using 1/4th the maximum plateau 

observed in the qPCR. Final whole genome STARR-seq reporter libraries were sequenced using 

Illumina NovaSeq (P4, all lanes) with 150bp paired end sequencing. The sequencing was 

performed at Duke Sequencing and Genomic Technologies core. 
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3.4.5.3 STARR-seq reporter assay analysis and regulatory variant estimation 

STARR-seq input library and output libraries were individually aligned to the human 

genome assembly hg38 with Bowtie2, using the following parameters: bowtie2 -X 2000 sensitive. 

Only properly paired alignments with a MAPQ (mapping quality) score ≥30 outside hg38 

centromeres, gap, and blacklist regions were retained in downstream analyses. Regions were 

called individually for each sample using merged STARR-seq input alignments as controls with 

the MACS2 package using the following parameters: -f BAMPE -g hs–ratio -q 0.10. We tested 

for differential STARR-seq activity across the union region set by fitting negative binomial 

models using DESeq 2 (Anders & Huber, 2010). We obtained a list of the variants present in the 

DENND1A locus across the 13 donor genomes. We filtered the variants in the targeted 

DENND1A locus, to only include those SNPs present as heterogeneous within the pool of 

thirteen genomes. The final list of ~2000 variants was then used for the regulatory variant 

analysis. We then assigned reads mapping to each variant from each sequenced sample using  

samtools mpileup (Danecek et al., 2021). To estimate the regulatory effect of variants, we used 

BIRD (Majoros et al., 2019). BIRD is a bayesian statistical framework for analysis of regulatory 

variants and uses bayesian priors to identify allele-specific regulatory effects, and identifies 

variants that have a high probability of being a regulatory variant with an effect size, theta. We 

used the standard options for BIRD and set the regulatory effect threshold as 1.25. 
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4. Developing a probe-based method to quantify gene 
expression in intact single cells 
 

4.1 Introduction 

Gene regulation plays a crucial role in maintaining various biological functions and 

response to different stimuli. Though there have been several large efforts in steps to better 

understand the genomics of gene regulation, the dynamics of regulation is less well understood 

(Consortium, 2012, Roadmap Epigenomics et al., 2015).  A deeper understanding of these 

processes will provide fundamental insight into how mechanisms of gene regulation could 

contribute towards disease (Degner et al., 2012, Trynka et al., 2013). While genetic fine-mapping 

and usage of reporter assays can help identify regulatory regions, methods to quantify the 

function of regulatory elements on target genes is essential (Ray et al., 2020; Sanjana et al., 2016; 

Tewhey et al., 2016; Vockley et al., 2017) 

 

One promising approach to functionally characterizing an endogenous regulatory element 

endogenous is through epigenome-editing. The advent of CRISPR tools (Clustered Regularly 

Interspaced Short Palindromic Repeats) has since evolved its use in not only gene editing but also 

gene regulation. CRISPR activation (CRISPRa) and CRISPR interference (CRISPRi) are two 

such innovations that have opened new avenues for exploring gene function and understanding 

disease mechanisms. Specifically, perturbation of their predicted activity using CRISPR–dCas9 

(dCas9) tethered to a transcription activator or repressor. Typically, the readout is measured in 

terms of an easily observable cellular phenotype like growth (Fulco et al., 2016; Sanjana et al., 

2016), but this leads to limitations based on what cell types and phenotypes can be measured and 

if gene expression is measured by flow cytometry, it requires characterized antibodies for 
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successful detection (Klann et al., 2017). Simultaneously, the development of highly multiplexed 

imaging techniques has propelled our capacity to visualize and quantify gene expression within 

intact cells and tissues. A more direct and generalizable approach recently published called HCR 

Flow-FISH (Reilly et al., 2021) combines the use of RNA-probes that can bind to a gene 

transcript and is tethered to a fluorescent dye that can be used in flow cytometry. Hybridization 

Chain Reaction Flow with Fluorescence In Situ Hybridization (HCR Flow-FISH) combines the 

signal amplification capability of HCR with the spatial resolution of FISH. In HCR Flow-FISH a 

set of fluorescently labeled DNA probes, designed to hybridize to target RNA sequences, 

undergoes chain reaction amplification through alternating hybridization events. This results in 

the formation of long fluorescently labeled polymers, which can be quantified using flow 

cytometry or imaged with fluorescence microscopy. This chain reaction allows for the 

amplification of the signal or fluorescence and therefore allows the detection of genes expressed 

at low levels. 

 

By combining the ability to manipulate gene expression with the capacity to measure 

RNA transcripts at single-cell resolution using flow-cytometry, we can investigate the functional 

consequences of gene regulation within complex biological systems and disease states. In this 

study, I describe establishing and scaling up HCR in two cell lines as a potential method for 

further functional analysis in GWAS loci. As proof of concept, we performed the first set of 

studies to measuring the gene expression response to glucocorticoids in a cell model.  We then 

tested HCR Flow-FISH using H295R cells to build a cell model system for future perturbation 

studies across PCOS GWAS loci to identify target genes of PCOS-associated regulatory 

elements. We were able to use HCR Flow-FISH to measure changes in gene expression as a 

response to several different kinds of perturbations. These results highlight the scalable and 
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generalizable potential of HCR across different types of experiments. In this chapter, I describe 

several iterations to build a scalable approach to measure gene expression levels using HCR 

Flow-FISH.  

 

4.2 Results 
 

4.2.1 HCR Flow-FISH optimization 

Protocols for implementing HCR were first developed for imaging RNA thorugh 

fluorescence in situ hybridization on fixed and mounted tissues and organisms (H. M. T. Choi et 

al., 2016) that were quantified using microscopy methods (H. M. Choi et al., 2014; H. M. T. Choi 

et al., 2018). HCR works based on the principle of complementary binding to mRNA. Probes are 

designed to bind the mRNA transcript of a gene. Each probe is designed to contain initiator 

sequences that are necessary for the amplification process. Once the probe is bound to the target 

mRNA, in the amplification step, a set of hairpin probes tagged with a fluorophore are added to 

the sample. The hairpin probes bind to the specific initiator sequences on the probes (Figure 14). 

The design of the hairpins is such that upon binding to the initiator sequence, the hairpins can 

bind to each other sequentially, thereby amplifying the fluorescence signal from the fluorophore. 

The intensity of the fluorescence signal is directly correlated to the amount of mRNA present that 

is bound by the target probes, thereby providing a fluorescence based approach to quantify the 

abundance of mRNA in a given sample.  
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Figure 14: Principle of hybridization chain reaction (HCR). Image adapted from Molecular 
Instruments 

At the time of optimization, HCR had not been used to measure gene expression in 

samples using flow cytometry. Therefore, to quantify gene expression levels in cell lines, I 

optimized the HCR protocol in three key steps : i) fine-tuning centrifugation speeds and durations 

for cell handling, ii) enhancing probe binding kinetics by adjusting of incubation times, and iii) 

adapting the protocol to incorporate control sample collection at a critical juncture. 

 

First, since we were starting with cell lines and not fixed tissues or mounted organisms, 

we modified the fixing and permeabilizing step. We used 4% formaldehyde with incubation and 

rotations to fix the cells for 1 hour similar to ChIP protocols (Baranello et al., 2016). One key 

factor was altering the centrifugation steps since the cells were to be suspended in a solution for 

the final read out on the flow cytometer. To optimize the centrifugation, on average the speeds 

had to be increased to account for cell-swelling due to addition of formamide in the HCR probe 

and hairpin buffers. Second, we tested the incubation time for probe binding to be 4 hours vs 16 

hours or overnight, and observed that with 4 hour binding, we did not see any change in 

fluorescence intensity. Therefore, for all the experiments described below, we used ~16 hours 
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incubation time for the probe hybridization. We also modified all incubation steps to include use 

of a rotator to account for the fact that the cells tended to settle at the bottom of the tube. And 

lastly, to allow for the judicious use of the cells in an experiment and to increase the number of 

cells used for the actual fluorescence experiment, we subsampled a portion of the cell population 

prior to the amplification step to use a negative control. We tested subsampling at 50% and 10% 

of the initial cell population, and identified that subsampling at 10% of starting with 5 million 

cells still allowed for robust gating strategy for flow cytometry measurements. Therefore, we 

reserved 10% of the cell population before the amplification phase, subjecting them to incubation 

in 1X PBS until the final assay step for the experiments described below. Furthermore, using the 

subsampled cells as a negative control allowed us to control for changes in cell sizes as a factor of 

the HCR protocol. 

The approach of using flow cytometry and HCR to measure changes in gene expression 

was recently published and termed HCR Flow-FISH (Reilly et al., 2021). 

 

4.2.2 Inducible change in gene expression measured using an optimized HCR 
Flow-FISH protocol for cell lines 

The inducible activity of glucocorticoid receptor (GR) upon binding with glucocorticoids 

(GCs) to cause gene-regulatory responses makes it a tractable model to study gene regulation at 

putative regulatory elements (Reddy et al., 2009). Importantly, GR activation by GCs, including 

dexamethasone (Dex) can cause both activating and repressing transcriptional responses (Reddy 

et al., 2009). For this study, we selected 3 genes, PER1, IL11 and SF3B1. One of the most well 

characterized and reproducible GR responsive genes is PER1 (Reddy et al., 2012), shown to be 

induced in A549 cells when treated with Dex, reaching maximum expression level at 4 hours post 

Dex-treatment. In contrast, unstimulated A549 epithelial-like cells produced modest amounts of 
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IL-11. However, when A549 cells upon Dex treatment, demonstrate a decrease in IL-11 

transcripts, as an example of GC-induced repressive signaling (J. Wang et al., 1999). SF3B1 was 

chosen as a reference gene that is stable even with Dex stimulation (Carmona et al., 2017; Reddy 

et al., 2009). Through this experiment, we aim to gain insights into the dynamic interplay 

between GR activation and gene regulation. 

 

The three genes we selected can be classified as low, middle or high expressing under the 

Dex-induced or uninduced conditions (low; TPM <= 10; middle TPM <= 100; high TPM <= 

250). For each of the three target genes, we were observed robust signal using HCR. PER1 

expression increases by ~8 fold after 4 hours of Dex treatment. We observed ~ 1.7 fold change as 

measured using median fluorescence intensity through HCR. There is very little PER1 expression 

prior to Dex treatment, which is in line with previous observations of the dynamics of PER1 

expression (McDowell et al., 2018). Furthermore, we show that Dex treatment doesn’t affect the 

signal in unamplified control cells. The fold change in IL-11 as measured by RNAseq is ~ 6-fold. 

We measured ~1.4 fold change decrease in IL-11 measured by HCR with Dex treatment (Table 

5).  

 

Additionally, our analysis revealed distinct flow cytometry distribution profiles for the 

upregulated gene, PER1, and the downregulated gene, IL11. Notably, we employed identical 

fluorescent dyes and hairpins for both genes to minimize potential confounding variables. We 

also observed a difference in the flow-cytometry distribution profiles for an enhanced gene, PER1 

and for a repressed gene IL-11. Upon induction by GR, PER1 exhibited a discernible rightward 

shift in distribution, with the proportion of PER1-positive cells increasing from 5% to 25% (Table 

5). Conversely, in the absence of induction, the elevated expression levels of IL-11 appeared to be 
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confined to a subset of cells, evident from the right-sided tail of the distribution.  One explanation 

for the skew could be the combinatorial aspect of other gene regulatory factors in the control of 

IL-11 in the uninduced state. Such combinatorial regulation underscores the complexity in 

controlling gene expression dynamics, and further investigation into the underlying molecular 

mechanisms of IL-11 regulation under basal conditions can help resolve the signal. 

 

4.2.3 HCR Flow-FISH allows multiplexed readout of target genes 

One of the key advantages of HCR is in the ability to have a multiplexed readout, limited 

by the fluorescence probes available and filters on a flow-cytometer. At the time of these studies, 

there were six different amplification hairpins available through Molecular Instruments, with the 

option of different fluorescent tags bound to this. Consequently, in our experimental setup, the 

compatibility of each target gene probe with specific hairpins ensured that amplification occurred 

exclusively with the corresponding hairpin conjugated to a particular fluorescent dye. This 

strategic design allowed for the simultaneous quantification of multiple target genes, optimizing 

experimental efficiency and resource utilization. In doing so, we were able to simultaneously 

measure the levels of PER1 and SF3B1 and IL-11 and SF3B together, respectively.  

 

Specifically, we designed the probes for IL11 and PER1 to allow for binding to the 

amplification hairpin B2, and the probes for SF3B1 allowed for binding of the amplification 

hairpin B3. We designed the B2 hairpins to include fluorophore AF-488 with excitation 

wavelength 490 nm and emission wavelength 525 nm. We used AF-647 fluorophore for the B3 

hairpins which had excitation wavelength 650 nm and emission wavelength 671 nm. The 

fluorophores were chosen to avoid spectral overlap between the emission and excitation 

wavelength range to minimize fluorescence spillover. The hairpins were chosen such that we 
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could combine both B2 and B3 hairpins that would bind with the respective sequences in the 

targeting probes, and the amplification of one hairpin does not interfere with the amplification of 

the other hairpin. We observed that the fluorescence signal distribution of IL11 is not affected by 

the addition of the probes for SF3B1, and was not impacted by exogenous treatment with Dex 

(Figure 15). 

 

Figure 15: Comparison of intensity of IL11 by HCR Flow-FISH. 
a) IL11 signal across samples multiplexed with both IL11 and SF3B1 probes. b) IL11 signal 

across samples with only IL11 probe 
 

 

4.2.3.1 Normalization approach using a housekeeping gene 

An essential step that allows direct comparisons of gene expression levels across 

experiments is normalization of the signal to correct for various sources of variability in 

measurement of the signal. For example, when measuring gene expression using RT-qPCR, 

normalization is done by using the bulk signal for an internal reference gene or housekeeping 
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gene. For measuring gene expression levels using RNA-seq, normalization methods include using 

library size to account for differences in sequencing depth and by using the distribution of read 

counts for non-differentially expressed genes or exogenously added controls (Anders & Huber, 

2010; Trapnell et al., 2010; Vandesompele et al., 2002).  

 

Therefore, to normalize the signal intensity readout in HCR Flow-FISH, we first 

identified the distributions of multiple gene expression signals and with measurements of cell size 

measured as side scatter – area (SSC-A) using flow cytometer data. We observed a robust 

correlation between cell size and the SF3B1 signal, as well as a similar correlation between PER1 

signal and cell size. We also observed a correlation between the SF3B1 signal intensity and PER1 

signal intensity (Figure 16a). Therefore, leveraging this correlation, we used the SF3B1 signal as 

an internal control to normalize the signals of PER1 and IL11.   

 

To normalize the signal for the target genes, for each cell we divided the signal from the 

target gene to the signal from the housekeeping gene on a log scale. This normalization strategy 

significantly improved signal resolution, allowing for a more accurate determination of fold 

changes in gene expression attributed to Dex treatment. Furthermore, by normalizing against 

SF3B1, we can increase the interpretability of gene expression analyses, and compare across 

experiments. 
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Figure 16: Optimizing HCR Flow-FISH in A549 cells.  
a) Average RNA-seq TPM for IL11 (red), SF3B1(green) and PER1 (blue). b) Scatterplot 

comparing the intensity of PER1 signal to SF3B1 signal. c,d) PER1 signal in A549 cells with 
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Dex or EtOH treatment and with (c) or without normalization (d). e,f) IL11 signal in A549 
cells with Dex or EtOH treatment and with (f) or without normalization (e). 

 
 

Table 5: HCR Flow-FISH identified changes in gene expression due to Dex treatment in 
A549 cells 

HCR probe Measurement % Positive in EtOH 

treated 

% positive in Dex 

treated 

IL11 Unnormalized signal 15.90% 1.31% 

Normalized signal 29.50% 1.43 

PER1 Unnormalized signal 6.60% 25% 

Normalized signal 4% 94.60% 

 

4.2.4 HCR Flow-FISH captures altered gene expression levels in 
perturbations relevant to glucocorticoid responses 
 

4.2.4.1 Genome editing of A549 to create Dex-unresponsive PER1 expression 

We next tested the ability of using HCR as a tool to measure perturbations of regulatory 

elements. We first examined the effects of deleting a putative GR binding site, identified as an 

enhancer of PER1 gene in A549 cells in collaboration with Dewran Kocak . Briefly, gRNAs 

targeting a putative GR binding site, that also showed evidence of regulatory activity through 

STARR-seq (Johnson et al., 2018) was transduced into A549-Cas9 cells which are A549 cells 

stably expressing Cas9 protein. The ~400 bp deletion was confirmed through PCR. This deletion 

effectively removed the putative GR binding site, thereby likely disrupting the regulatory activity 

associated with the enhancer element.  
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To test the effect of the deletion of the putative enhancer on PER1 expression, we 

measured the gene expression level of PER1 using HCR. We successfully measured that this 

deletion ablated GC-induced PER1 expression in the A549-Ca9-dd cells compared to the control 

which was A549-Cas9 cells (Figure 17, Table 6). This observation underscores the role of the 

deleted regulatory element in mediating GC-induced PER1 expression. These experiments 

highlight the ability of using HCR to measure gene expression responses to regulatory element 

perturbation.  

 

Figure 17: HCR Flow-FISH measures gene expression changes due to genomic editing in 
A549 cells. 

 
Table 6: PER1 signal measured by HCR Flow-FISH in A549 cells with enhancer deletion 

HCR probe Normalized signal 

measured in 

% positive in EtOH 

treated 

% positive in Dex 

treated 

PER1 A549-Cas9 6.51% 79.8% 

A549-Cas9-dd 8.73% 8.53% 

 



  
104 

 

We then explored the feasibility of sorting cell populations based on gene expression 

levels using HCR Flow-FISH and subsequently genotyping them. To do so, we generated a mixed 

population comprising equal proportions of A549-Cas9 and A549-Cas9-dd cells (Appendix C, 

Figure S2), representing different genotypes with distinct PER1 expression profiles. We then 

subjected this mixed population to HCR Flow-FISH to quantify and sort based on PER1 

expression levels. We demonstrated that HCR is able to successfully capture a bimodal 

distribution of PER1 expression upon Dex treatment. On average, we estimated ~48.1% cells as 

PER1 positive in the Dex condition compared to 7% in the EtOH condition. We then validated 

our approach for sorting cell populations based on PER1 expression for genotyping purposes. We 

isolated up to 20,000 cells from PER1-positive and PER1-negative bins and extracted genomic 

DNA. We were able to recover genomic DNA, and a PCR of the PER1 enhancer region verified 

the successful deletion of the enhancer in the subset of the PER1-negative cells.  

Overall, we demonstrate a scalable approach to measure changes in gene expression 

levels that can be combined with CRISPR-based perturbations to test the role of regulatory 

elements. 

 

4.2.5 HCR Flow-FISH captures altered gene expression levels in 
perturbations of genomic loci associated with PCOS 

The ability to measure gene expression levels in single cell using flow cytometry is a 

major advantage of using HCR Flow-FISH to identify target genes of regulatory elements. To 

establish HCR Flow-FISH as an approach to investigate PCOS GWAS risk loci, we first tested 

the ability to measure changes in gene expression H295R cells using the PER1 locus that we 

established in A549 cells previously. Studies have reported that H295R cells are also responsive 

to glucocorticoid stimulation and express PER1 gene upon stimulation with Dex. We observed a 
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1.3X fold change in PER1 expression as measured by HCR Flow-FISH in H295R cells upon Dex 

treatment (Appendix C, S3).  

 

To then test the method in PCOS GWAS risk loci, we tested the methods in two loci that 

are associated with PCOS risk from our studies in chapter 2 and 3. First, we focused on the 

RPS26 locus which has been associated with PCOS and essential for oocyte development (Censin 

et al., 2021; X.-M. Liu et al., 2018; Sun et al., 2022). This locus on chromosome 12 also harbours 

one of the strongest colocalization signals for rs1081975 which is intronic to SUOX gene is 

RPS26 from our results in chapter 2. We then expanded the method to test for measuring changes 

in DENND1A expression due to the perturbation of regulatory elements identified in the 

DENND1A locus described in chapter 2. 

 

4.2.5.1 Transient knockdown of RPS26 using siRNA 

To establish HCR Flow-FISH as a model to investigate PCOS GWAS risk loci, we first 

tested the ability to measure changes in gene expression H295R cells due to siRNA mediated 

transcription knock down. For this study, we selected RPS26 as the target gene and GAPDH as 

the housekeeping gene, both known for their high expression levels - TPM for RPS26 is ~500 and 

TPM for GAPDH is ~3800 (Scholl et al., 2018).  siRNA knockdown is a widely employed 

strategy for transiently suppressing gene expression by harnessing the RNA interference (RNAi) 

pathway. By introducing synthetic siRNA molecules complementary to target mRNA sequences, 

specific genes can be selectively silenced.  

 

We observed a modest decrease in RPS26 expression in these cells when treated with 

siRNA targeting RPS26 compared to a siRNA negative control. When measured using RT-qPCR 
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on these cells, targeting RPS26 with an siRNA reduced the gene expression by 0.015x (Figure 18, 

Table 7).  The fold change measured using geometric means was 0.55x using the flow cytometric 

geometric means. This observed difference underscores the utility of HCR as a complementary 

approach for gene expression analysis, while also highlighting the differences in the sensitivity 

and dynamics of these two techniques. 

 

Figure 18: RPS26 signal is decreased by siRNA knockdown measured by HCR Flow-FISH 
 

Table 7: RPS26 signal measured by HCR Flow-FISH in H295R cells with siRNA 
perturbation 

HCR probe Measurement siRNA Neg control siRNA RPS26 

RPS26 Unnormalized signal 21.50% 19.90% 

Normalized signal 15.30% 5.7% 

 

4.2.5.2 Epigenomic perturbation in H295R effected DENND1A levels measured by qPCR 

The CRISPR-Cas9 system has been extensively utilized for targeted gene or targeted 

enhancer knockouts, while the CRISPR-dCas9 system fused to transcriptional activators recruit 

endogenous transcription machinery to specific genomic loci. We tested the potential of HCR 

Flow-FISH to measure epigenomic perturbations, such as targeting regulatory elements with 
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dCas9-P300 to increase target gene expression levels. To do so, we used the H295R-dCas9-P300 

cell lines that were created as described in chapter 2 of this dissertation. To measure changes in 

DENND1A expression using HCR Flow-FISH, we pooled the three cell lines each transduced 

with the lentivirus for regulatory elements 2, 3, and 4 described in chapter 4. The regulatory 

elements were identified to impact DENND1A gene expression described in chapter 2. We 

observed an increase in DENND1A-positive signal, increasing from 5.28% to 14.5%, with a fold 

change of 2.2X when measured using geometric means, while the average fold change measured 

by qPCR was 1.2X across the three regulatory elements (Figure 19a, Table 8). Overall, we were 

able to identify increased DENND1A expression level through targeted epigenomic 

perturbations. 

 

One advantage in using a flow cytometry bases readout is that the signal is measured at 

the single cell level, and therefore allows for sorting cell populations based on gating on the 

fluorescence signal as a proxy for sorting cells with increased expression of DENND1A. This 

ability could then be optimized to identify functional regulatory elements from a pool of 

candidate regulatory elements. To test the potential of using HCR Flow-FISH as a readout for 

CRISPRa-screen, we designed a guide library targeting candidate regulatory elements in 

DENND1A locus. We designed and tested a pool of gRNAs targeting candidate regulatory 

elements measured in the DENND1A locus. The total number of targeting gRNAs was 1200 and 

the total number of non-targeting gRNAs was 500. We observed a modest increase in 

DENND1A-positive signal from 6% to 11.8%, with a fold change of 1.02x when measured using 

geometric means (Figure 19b, Table 8). Ongoing work in optimizing HCR Flow-FISH 

demonstrates the potential in using HCR to identify functional regulatory elements and target 
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genes. Overall, our results highlight the versatility of HCR Flow-FISH in testing the functional 

consequences of regulatory element perturbations. 

 

Figure 19: DENND1A signal is increased by dCas9-p300 perturbation in H295R cells 
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Table 8: DENND1A signal measured by HCR Flow-FISH in H295R cells with 2 different 
gRNA pools targeting regulatory elements in DENND1A locus perturbation 

HCR probe Normalized signal measured in With gRNAs Negative 

control 

DENND1A H295R-dCas9-p300 - 3 gRNA pools 5.28% 14.50% 

H295R-dCas9-p300 - 1500 gRNAs 

library 

6.00% 11.80% 

 

4.3 Discussion 

In this chapter, I have reported on the optimization of HCR Flow-FISH protocol as a tool 

for measuring the target genes for regulatory elements. Broadly, one of the challenging aspects in 

deciphering regulatory elements has been identifying the target gene(s) of those regulatory 

elements. Some of the challenges include the tissue-type and developmental stage-specificity of 

regulatory elements. I have optimized HCR Flow-FISH to measure changes in target gene 

expression levels as a result of different types of perturbation methods. Specifically, we tested the 

ability of HCR Flow-FISH in detecting gene expression changes due to environmental/drug 

perturbation, siRNA perturbation and both CRISPR-based genomic and epigenomic 

perturbations. Taking the results together, we show that this method is agnostic to the type of 

perturbation applied to the cell system. Overall, we have demonstrated a generalizable, and 

scalable method to measure changes in gene expression levels 
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4.3.1 Other uses of Flow-FISH in genomics research 

HCR Flow-FISH has a major advantage in the ability to measure readout from a 

multiplexed high-throughput perturbation approach. Previously, several studies have used flow 

cytometry to measure changes in gene expression levels by using phenotypic measurements, an 

antibody against the target gene product or creating a protein-tagged target gene (like FLAG tag) 

to use an antibody specific to that protein tag (Black et al., 2020; Kulsuptrakul et al., 2021; 

Sanchez et al., 2021; Xiang et al., 2019). HCR Flow-FISH, however, is based on designing 

probes that bind to the RNA transcript and uses hairpin amplification to generate the fluorescent 

signal, thereby avoiding the biases of antibody availability for the target gene. Additionally, HCR 

Flow-FISH also offsets the limitations of using cell death or other growth phenotypes as 

measurements for screens.  

 

There is potential for future HCR-FlowFISH experiments to yield high-quality results 

using a wider range of potential gRNAs to build more comprehensive screens and improve 

interpretability. Furthermore, the ability to multiplex target genes will allow for the simultaneous 

measurement of other genes in the locus to test for the effects of regulatory elements on multiple 

genes. Additionally, there is potential in using HCR Flow-FISH to identify splice-variant specific 

transcripts with judicious probe design restrictions. 

 

4.3.2 Advantages and considerations for implementing HCR Flow-FISH 

We successfully assessed HCR Flow-FISH on two different adherent cell lines to 

measure changes in gene expression levels. There are, however, some limitations to this method. 

While HCR Flow-FISH allows for the identification of target genes of several regulatory 
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elements, it currently lacks the resolution for identifying the functional effects of single 

nucleotide genetic variants. Another challenge in the widespread use of epigenome editing with 

HCR is in the delivery challenges dictated by the experimental cell or tissue type. Some of the 

challenges specific to the cell type nature can be overcome with more thorough optimization for 

that specific cell model. Over the course of developing and optimizing the protocol, there have 

been other studies and changes across the HCR research community that need to be taken into 

account for designing HCR studies.  

 

First, at the time of these experiments, the number of probes per target transcript was 

limited to 10, set by the probe design company, Molecular Instruments. In fact, the number of 

probes we obtained for the RPS26 transcript totaled to 6. Recently, Molecular Instruments has 

expanded the number of probes per target gene, scaling up to 40. Furthermore, a recent study 

detailing optimization efforts for HCR identified that higher probe number and probe 

concentration allowed for better signal-to-noise ratio for transcripts that typically have less 100 

TPM in RNA-seq data (Reilly et al., 2021; Schwarzkopf et al., 2020).  

 

Second, for the H295R cell studies, we used GAPDH as a control. However, GAPDH is 

ubiquitously expressed at very high levels (TPM > 3000), and our data show that the probe 

concentration used in the protocol was not sufficient to tag all the transcripts, thereby acting as a 

limiting reagent. To offset this limitation, in our analyses, we subset to only the GAPDH-positive 

cells to measure gene expression of other target genes. A solution to this would be either testing 

newer probe design approaches and/or identifying a different housekeeping gene.  
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Third, one of the technical challenges in our experiments was in the ability to sort cells 

using flow cytometry methods after the HCR protocol. The technical challenges included 

clumping of cell prior to the sort which can clog the fluid lines in the sorter. Even with filtering 

the cells, we observed clogs. We also observed a significant drop in the total number of cells after 

the gating strategy ( > 50%) to sort as target gene-positive or target gene-negative. This affected 

our ability to successfully isolate genomic DNA and identify gRNAs that were enriched in the 

high versus low bins of the cytometer. Furthermore, the cell number limitations as a result of the 

gating strategy required starting the experiment with a much higher population of cells (> 10M). 

Lastly, one of the main challenges in these experiments was the generation of a clonal 

population of H295R cells with the dCas9-p300 protein and the gRNA libraries. H295R cells 

were easily stressed by antibiotic selection and single-cell isolation was ineffective. One strategy 

around this is to redesign the plasmids to include a fluorescent tag as an approach to sort out cells 

that only have both the Cas proteins and the gRNAs. 

 

4.4 Methods 

4.4.1 Cell Culture 

A549 cells were obtained from ATCC.  A single seed stock of A549s was first plated into 

a 15 cm dish and grown under standard culture conditions using Ham's F-12K (Kaighn's) 

Medium, 10% FBS, 1% penicillin-streptomycin. Once confluence was reached (approximately 25 

M cells), 500 μM Dex in 100% EtOH was added to a final concentration of 100 nM for 4 hours.  

All treatments were performed in parallel with an equal volume (0.02% [vol/vol]) of ethanol to 

control for solvent effects.  
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A549-Cas9 and A549-Cas9-dd cells were a gift from Dewran Kocak and the Gersbach 

lab at Duke University. A549-Cas9 cells were produced by the stable integration of Cas9 protein 

from a lentivirus containing the Sp-Cas9 plasmid (#39312). To generate the A549-Cas9-dd cells, 

gRNA were designed targeting to GR binding regions in the PER1 locus. These regions were 

identified as enhancers for PER1 expression induced by GC stimulation (22801371, 30575722). 

A549-Cas9 expressing cells were transduced with gRNA oligos. The targeting gRNAs were 

transfected into 15 cm2 plates of A549 cells at ~75% confluence using Lipofectamine 3000 

(Thermo Fisher Scientific) scaling the manufacturer’s recommended protocol. Genomic DNA 

was harvested from the cells and cell lines containing a knock out of the two GR regions and was 

confirmed using qPCR. A549-Cas9 and A549-Cas9-dd cells were then grown and maintained 

under the above described conditions for the rest of the experiments  

 

We obtained NCI-H295R cells from ATCC. The cells were cultured in DMEM/F-12 

medium (Gibco #21041025) supplemented with 2.5% Nu-Serum (Corning #355100) and 1% 

ITS+Premix (Corning #354352) and grown as a monolayer at 37 °C, 5%CO2. The H295R-dCas9 

cells were grown under the above described conditions. All experiments were performed between 

passages 5 and 20. 

 

4.4.2 RPS knockdown in H295R cells 

To generate the knockdown H295R cells, we used siRNAs. SiRNA targeting RPS26 

(Thermo Fisher #142221) and siRNA Negative control (Thermo Fisher #4390843) were ordered. 

To insert the siRNA into H295R cells, we  transiently transfected the siRNA to the cells via the 

Lonza 4D-Nucleofector System. To 82 μl of the SF solution, we added 18 μl of the supplement 

and siRNA solution to a final concentration of 75 mM. 2 M H295R cells were transfected with 
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this 100 μl solution using the SF-DN100 setting. The cells were incubated post transfection for 10 

minutes, and then gently aspirated and plated into 6 well plates. Media was changed on the cells 

18 hours post transfection, and the cells were harvested for HCR and RNA isolation 48 hours post 

transfection.  

 

4.4.3 RNA extraction and qRT-PCR 

We isolated total RNA from 0.6 M cells using the Qiagen RNeasy Midi kit including the 

on-column DNaseI digestion step. We treated the isolated total RNA with 1 μL RNase Block 

(Agilent). We then synthesized cDNA by reverse transcription using Superscript III (800 U, Life 

Technologies) following manufacturer’s protocol and an oligo-dT primer (Thermo Fisher 

#18418012). The RNA quality was assessed using RIN values > 8 using an Agilent Tape Station. 

Each cDNA sample was subject to qRT-PCR with an AppliedBiosystems StepOnePlus system 

using TaqMan Assay probes (RPS26 Hs00762561_s1  and GAPDH Hs02786624_g1 ) and 

TaqMan Master Mix (Applied Biosystems #4444556).  GAPDH was chosen as the internal 

reference, and the relative fold expression of RPS26 was calculated using the comparative critical 

threshold (Ct) method with normalization to the GAPDH gene based on the 2−ΔΔCt calculation. 

The qPCR analysis was performed in R. Each sample was measured in triplicate for the qRT-

PCR. 

 

4.4.4 H295R-dCas9-p300 & gRNA lentivirus 

To make stable dCas9-P300 cell lines, we generated lentivirus expressing dCas9-p300. 

Briefly, we combined the following plasmids: dCas9-p300 (Addgene #83889), psMD2.G 

(Addgene #12259) and psPAX2 (Addgene #12260) with Lipofectamine 3000 (Invitrogen 
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#L3000001) and lipofected into HEK293T cells (ATCC #CRL-3216™) according to the 

manufacturer’s protocol. After 14 to 20 hours, transfection media was exchanged with fresh 

media. We then harvested viral supernatant at 24 and 48 hours post lipofection. We concentrated 

the viral supernatant at 1/100x using LentiX Concentrator (Clontech #631232) following the 

manufacturer’s protocols.  

To produce lentivirus for individual gRNAs, we transfected HEK293T cells with an 

equimolar pool of gRNA plasmids for each regulatory element, psPAX2, and pMD2.G using 

Lipofectamine 3000 following the manufacturer’s instructions. We harvested media containing 

the produced lentivirus at 24 and 48 hours later and concentrated the viral supernatant at 1/100x 

using LentiX Concentrator (Clontech #631232) following the manufacturer’s protocols.  

 

4.4.5 Generating stable H295R-dCas9-P300 cell line 

To make stable H295R cells expressing dCas9-P300, we transduced the concentrated 

lentiviral particles containing dCas9-p300 into H295R cells with a multiplicity of infection of 5.0 

using 6 μg/ml of polybrene (EMD Millipore Corporation #TR-1003-G). Additionally, we selected 

for the transduced cells using 0.5 μg/mL of puromycin (Gibco #A1113803). We confirmed the 

expression of dCas9-p300 in H295R cells using qRT-PCR. 

 

4.4.6 Transduction of gRNA into dCas9-P300 expressing cell lines: 

To test the effect of P300 on the targeted regulatory elements, we transduced each 

lentiviral pool for the regulatory elements, DENND1A promoter region and negative control in 

two cell lines (HEK293T and H295R) with stable dCas9-P300 expression. We transduced the 

cells with the lentiviral pools targeting regulatory elements 2,3 and 4 as described in chapter 2. 
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We transduced the cells during seeding in a 6-well plate supplemented with 6 μg/ml of polybrene 

for H295R cells across three replicates (EMD Millipore Corporation #TR-1003-G). We changed 

the media on the cells 24 hours after transduction and harvested the cells for HCR protocol 4 days 

post transduction. For transducing the larger gRNA library, we used a similar approach, however, 

we started the experiments with transducing ~10M cells.  

 

4.4.7 CRISPR screen DENND1A gRNA pool library design 

We used the ~38 candidate regulatory elements identified using STARR-seq in chapter 2 

as genomic coordinates for designing gRNA. We also designed a set of guides that did not have 

any targets in the human genome, and included gRNAs in the DENND1A locus that were within 

DHS 

The regions gRNA library included 528 scrambled guides that do not target any part of 

the human genome, 20 guides targeting the DENND1A promoter region, 1113 gRNAs targeting 

closed chromatin regions in H295R in the DENND1A locus, and 822 gRNAs targeting candidate 

regulatory elements identified in H295R cells. The regions were selected based on the ability to 

design guides considering genomic sequence and PAM restrictions.  

 

To design the guide oligos, we used Guidescan2 (28263296) with specificity filter > 0.2. 

The synthetic gRNA library was ordered as a pool of all the gRNA from Twist Biosciences.  To 

make the gRNA plasmids, we followed the outline of the CROP-Seq protocol (28099430). First, 

we prepared the gRNA plasmid backbone by digesting CROPseq-Guide-Puro plasmid from 

Addgene (#86708) using BsmBI. We ran the digested product on 1% agarose gel, and we purified 

the 8.3 kb fragment using GeneJET Gel Extraction Kit (#K0691). The gRNA pool was diluted in 

11 μL water. To prepare the gRNA oligos for insertion into the plasmid, for each gRNA oligo 
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synthesized, we first converted it to a double stranded oligo using Primers ssds-F and ssds-R 

(Appendix A, Table S3). We amplified the guides using PCR with cycling conditions: 98 °C for 3 

mins, followed by 10 cycles of 98 °C for 10 s, 65 °C for 30 s, 72 °C for 10 s, with a final 

extension at 72 °C for 2 min. The PCR products were cleaned using Axygen Beads at 1.3x 

volumes. We then cloned gRNA oligo pool into the digested CROPseq-Guide-Puro vector using 

NEBuilder HiFi DNA Assembly (#E2621) kit, and split the reaction into 8 individual assemblies. 

The plasmid pool was purified using ethanol precipitation. We added 0.1X volume 3 M NaOAc 

and 2.5X volume cold 100% ethanol, and stored the mixture at –20 °C overnight. We then 

pelleted the DNA via centrifugation at 16,000 RCF for 30 min at 4 °C. We washed the pellets 

with 5 ml cold 70% ethanol, and resuspended in water to make the final gRNA plasmid library 

pool. This gRNA plasmid library was used to design lentiviral particles for transduction into 

H295R-dCas9-p300 cells.  

 

4.4.8 CRSIPR screen plasmid pool sequencing 

To verify that there are no biases in the gRNA fragments inserted into the CROP-seq 

backbone, we measured the sequencing reads mapping to each guide. Briefly, the gRNA inserts 

from the CROP -seq backbone was amplified. To verify the distribution of gRNA oligos in this 

library, 20 μL of 20 ng/μL dilution of this pool was amplified for sequencing on the Illumina 

MiSeq, single end sequencing of 26 base pairs, using custom primers. To prepare the sequencing 

libraries, we amplified the library using KAPA HiFi HotStart kit (Roche). The PCR cycling 

conditions were: 98 °C for 30 s, followed by 15 cycles of 98 °C for 15 s, 64 °C for 20 s, 72 °C for 

30 s, with a final extension at 72 °C for 5 min. To isolate the final library, we used Axygen Spri 

Beads (AxyPrep™ Mag PCR Clean-Up Kit) beads at appropriate concentrations based on the 

manufacturer’s manual.   
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The resulting sequences were aligned to a custom reference genome that we generated 

using the sequences of all the gRNAs ordered. The reads were aligned using bowtie2 (with the 

following options:   --norc \ -p 8 \ --no-unal \  --end-to-end \  --trim3 1 \  -D 16 -R 3 -N 1 -L 20 \). 

We used samtools to create counts of reads mapping to each guide. We confirmed an even 

distribution of the gRNAs across the four categories (DENND1A- targeting candidate regulatory 

regions, NegCtrl - targeting closed chromatin regions in H295R, Promoter - targeting DENND1A 

promoter region, scrm - guides that do not target any part of the human genome). Results are 

displayed in appendix 4. 

 

4.4.9 HCR Flow-FISH 

Gene specific HCR probes and fluorescently labeled hairpins were purchased from 

Molecular Instruments using the sequences and targeted against the messenger RNA transcript 

most abundant in A549 cells. Buffers were optimized for HCR–FlowFISH and prepared in the lab 

using RNase-free practices. The procedure below has worked for starting cell quantities of 2M or 

5M cells. All samples were prepared using low-binding plasticware (Eppendorf) where possible. 

All values below are listed per 5 M of cell aliquot. All centrifugations were performed at 500G 

for 5 min unless otherwise noted. 

 

4.4.9.1 Cell harvesting 

A549 or H295R cells grown to ~90-100% confluency were first washed with 1X PBS. 

We then dissociated the cells using Trypsin-EDTA 0.25% (Life Technologies). The cell pellets 

were harvested by centrifugation at 300 rpm for 3 minutes.  
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4.4.9.2 Cell fixing and permeabilization 

The cell pellets harvested were resuspended in 1 ml of 4% formaldehyde in PBS with 

Tween 20 (PBST) (1× PBS, 0.1% Tween 20) and incubated at room temperature for 1 h with 

rotation. After centrifugation, we washed the cell pellet with 0.5 ml of PBST and repeated for a 

total of 4x PBST washes. For the last wash, the cells were suspended in PBST, and incubated at 

room temperature with rotation for 5 minutes.  

 

4.4.9.3 Probe hybridization  

We pelleted the cells and resuspended the cell pellets in 400 μl of pre-warmed probe 

hybridization buffer (30% formamide, 5× sodium chloride sodium citrate (SSC), 9 mM of citric 

acid, pH 6.0, 0.1% Tween 20, 50 μg ml−1 heparin, 1× Denhardt’s solution and 10% low 

molecular weight dextran sulfate). The cells were incubated in this buffer at 37 °C, in a shaker 

incubator for 30 minutes. During the incubation, we prepared a 1X probe solution was by 

combining 2µl  of 1uM probe stock with 100 μl of the probe hybridization buffer. We then added 

the probe solution to the cell sample and incubated overnight (15–20 h) at 37 °C with rotation.  

For multiplexed experiments, each probe was diluted in the probe hybridization buffer 

separately at volumes that would total to 100 μl. For example, for multiplexing probes for PER1 

and SF3B1, 2μl of each probe was mixed with 50 μl of the probe hybridization buffer. We added 

50 μl of each probe solution to the cells in the probe-hybridization buffer totaling to 100 μl.  

 

4.4.9.4 Excess probe washing 

After incubating with the probes overnight, we added 1000 μl probe wash buffer (30% 

formamide, 5× SSC, 9 mM of citric acid, pH 6.0, 0.1% Tween 20 and 50 μg ml−1 heparin) pre-

warmed to 37 °C to each sample, followed by incubation at room temperature for 10 minutes with 
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rotation. We then centrifuged the samples at 800-900 G for 5 mins in a swing-bucker centrifuge, 

with the longer spins necessary for the effect of cell-swelling caused due to the formamide the 

probe-hybridization buffer. We then resuspended the pellets in 500 μl probe wash buffer and 

repeated the wash 4x times. After the final wash, we resuspended the cells in   500 μl of SSC with 

Tween 20 (SSCT) wash buffer (5× SSC, 0.1% Tween), and incubated at room temperature for 5 

mins with rotation. We then took out ~10% of the cells from 2 different samples as the 

unamplified control cells. The control cells were resuspended in 1X PBS and subject to the same 

temperature and rotations condition as the other cells.  

 

4.4.9.5 Signal amplification 

We pelleted the cells in SSCT and resuspended them in 150 μl amplification buffer (5× 

SSC 0.1% Tween, 10% low molecular weight dextran sulfate) pre-warmed to 37 °C. The cells 

were incubated at room temperature for 30mins with rotations. During this incubation, we 

prepared the amplification hairpin solution. We heated 5µl  of each hairpin stock per sample (H1 

& H2) separately to 95 °C for 90s, and then cooled down at room temperature in the dark for 30 

mins. 100 μl of the pre-warmed amplification buffer was added to the now mixed (5 μl of the 

corresponding H1 & H2 are combined) hairpin solution. We then added 100 μl of the 

amplification buffer containing the probe hairpins to the incubating cell solutions. The cells with 

the hairpins were then incubated at 30 °C in the dark with rotation for 2-4 hours.  

 

4.4.9.6 Excess hairpin washing 

After incubation with the hairpins, we added 1000 μl SSCT to the cells, and then 

centrifuged. We then resuspended the cells in 500 μl SSCT and centrifuged. This SSCT wash was 

repeated 5x times. After the last wash, the cells were suspended in 1X PBS, and filtered through a 
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<40 μm nylon mesh filter. The cells suspended in PBS were stored at 4 °C before using the flow-

cytometer.  

 

4.4.9.7 Flow cytometric analysis 

Cells were sorted with a Sony Sorter SH8000, using a 130-μM chip (Sony), using the 405 

nm, 488 nm and 638 nm lasers. Cells were first gated for live, single cells and the fluorescence 

from the hairpin was read out using appropriate channels and compensation filters. We used a 

minimum of 2 replicates for a total of 10000 cells across all events. The data was analyzed using 

FlowJo v.10.10 (FlowJo LLC).  

Normalization: For subsequent HCR experiments where the target gene measurement 

was multiplexed with an HCR target for a housekeeping gene, the signal intensity was measured 

as (Intensity for target gene)/(Intensity for housekeeping gene) and the histograms for this 

normalized signal was plotted in log scale. For the experiments where GAPDH is used a control, 

to account for a limiting HCR probe to gene transcript level in the cells, normalization was done 

on GAPDH positive cells (after gating for live cells and singlets) and all the results shown are for 

this subpopulation. 
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5. Summary and future directions 

5.1 Summary 

In this work, we followed up on previously reported genetic associations to polycystic 

ovary syndrome and identified potential gene regulatory mechanisms contributing to PCOS 

phenotypes. Among the challenges in has been the need for improved technological and statistical 

methods that can yield insight into how genetic associations can give information on mechanistic 

models of diseases or traits. With sequencing as the readout for the STARR-seq assays, there is a 

tradeoff between the sequencing depth and coverage and the complexity of the regions being 

sequenced. That is a smaller library can be sequenced deeper to yield higher confidence in the 

readout for the same amount sequencing reads than a larger library.  

 

To implement the STARR-seq assay to identify regulatory elements in PCOS-associated 

loci, we first devised an approach using bacterial artificial chromosomes and fosmids to capture 

the potential regions of interest and assay them for regulatory activity. Using this approach, we 

identified ~1000 regulatory elements across PCOS associated loci as described in chapter 2 while 

sequencing to a depth of ~350 million reads using 50 bp PE sequencing. However, while this 

method had the resolution to be able to identify regulatory elements, using BACs and fosmids 

restricted the ability to identify allele-specific regulatory variants. To be able to use STARR-seq 

to quantify regulatory effects of genetic variants, we first designed the capture strategy to enrich 

for a targeted region using limited started material of genomic DNA. The capture method allowed 

us to be able to identify variants in a pool of five genomes while sequencing to a depth of ~300 

million reads using 150 bp PE sequencing for coverage across the locus at > 100X. However, the 

statistical methods we used in peak calling for STARR-seq currently do not account for biases 

that were introduced due to the capture process in generating the assay library. To offset that bias 
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when using donor genomes, we further optimized the STARR-seq protocol to be able to use 

donor genomic DNA at low quantities (2-5 μg) as the input for the assay library as described in 

chapter 3. However, to increase the coverage across the whole genome, the libraries were 

sequenced to a depth of ~10 billion reads with 150 bp PE sequencing, with > 20X coverage 

across the genome for each sample. We identified several candidate regulatory elements in an 

adrenal and ovarian granulosa cell model and this method can serve as a framework to identify 

regulatory elements in PCOS risk loci across several cell types.  

 

To identify genetic variants that could be contributing to PCOS pathogenesis, we used 

two different methods. First, in chapter 2, we described a statistical variant association approach 

that identified novel PCOS-associated variants that were present in candidate regulatory elements 

identified. We further fine-mapped likely causal variants using a colocalization method. 

However, this method doesn’t consider the variants present within the experimental assay or rare 

variants identified in previous PCOS studies. Additionally, the association analysis method 

currently is limited to common variants that were genotyped in the GWAS cohort. To measure 

regulatory effects of genetic variants experimentally, we used methods described in chapter 3, to 

be able to use STARR-seq to identify regulatory variants using the BIRD statistical method. 

Using donor genomic DNA allows us to identify regulatory variants from a naturally occurring 

population cohort including PCOS cases and controls. Furthermore, we can assay the regulatory 

effects of rare variants in the population. Expanding on this analysis will enable us to test the 

hypothesis of rare variants contributing to complex common genetic phenotypes. 

 

A key advantage in using STARR-seq is the parallelization it offers in identifying 

regulatory elements and regulatory variants that could be adapted and tested across different cell 



  
124 

 

lines. Identifying the target genes of regulatory elements is crucial as it yields insight into the 

mechanistic understanding of the trait or disease. To identify target genes of regulatory elements 

we used two approaches, a statistical approach, and an experimental approach. First, we used a 

bayesian approach, colocalization, to prioritize candidate causal genes based on eQTL data. One 

challenge is that there is a discrepancy in the number of different tissue samples in the GTEx 

database which affects the statistical power to identify likely causal genes using this method. 

However, our colocalization results from chapter 2 further added evidence to the DENND1A 

locus contributing to PCOS pathogenesis. To identify target genes experimentally, we focused on 

the regulatory elements identified in the DENND1A locus.  In this study, we developed a cell 

based assay that would allow for a systematic testing of candidate regulatory elements and their 

effects on testosterone production as a hallmark PCOS phenotype.  

 

The CRISPR-perturbation results in chapter 2 demonstrate a scalable method in using this 

cell model to dissect the regulatory elements that contribute to PCOS phenotypes via altered gene 

expression levels. To facilitate scaling up of the epigenome-editing experiments, I also developed 

and optimized a flow cytometry based approach, HCR Flow-FISH, that can capture changes in 

gene expression at the single-cell. HCR Flow-FISH has advantages by using probes binding to 

the mRNA that accounts for biases introduced by endogenous fluor-tagging of genes or 

fluorescent antibodies that can bind to the target genes. Furthermore, we demonstrated the ability 

of HCR to be generalizable across two different cell models and types of genomic perturbations. 

We expect future optimization efforts to incorporate better probe design and offsetting technical 

challenges in cell model manipulation to scale up HCR Flow-FISH.  
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Overall, in this dissertation I have implemented several approaches to characterize the 

non-coding regulatory elements as one major step in understanding how gene regulation 

contributes to PCOS pathogenesis. More broadly, these methods can serve as an approach to 

investigate regulatory elements and their target genes in different contexts.  

 

5.2 Future Directions 

The work in this dissertation highlights the importance of studying the role of non-coding 

regulatory mechanisms in contributing to disease. With the pace of identifying new disease-

associated genetic variants, the functional follow up of those variants becomes necessary in 

addition to developing technologies better suited to study those regulatory variants at scale. The 

results from our studies pose important questions as avenues for future research in both 

understanding general mechanisms of regulatory elements in human diseases, as well as 

following up on PCOS-specifically.  

 

5.2.1 Regulatory mechanisms contributing to PCOS 

5.2.1.1 How does DENND1A expression affect testosterone production levels? 

In our results, we identified putative regulatory elements within the 9q33.3 locus that 

regulate the expression of DENND1A. Results from our studies and previous studies 

demonstrated that DENND1A expression levels affect testosterone produced in ovarian theca 

cells and adrenal cell model (McAllister et al., 2014). In addition to elevated ovarian testosterone 

production, there is evidence of increased adrenal androgen in people with PCOS (R Azziz et al., 

1998). Recently, studies showed that forced overexpression of DENND1A in a cell model 

increased the CYP17A1 mRNA levels (McAllister et al., 2014; Teves et al., 2020). Notably, 
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CYP17A1 codes for a protein that is involved in the biochemical conversion of cholesterol to 

testosterone. This insight in increased levels of CYP17A1 might be one possible model of 

increased testosterone levels. Based on previous studies, DENND1A levels impacts the levels of 

CYP11A1 and CYP17A1 genes which are involved in the steroidogenic pathway. Such 

inferential questions could be answered using epigenomic modifiers like dCas9-p300 and dCas9-

KRAB in conjunction to test the role of both silencing and activating this gene. 

 

There is yet to be studies that detail how increased DENND1A levels might lead to 

increased CYP17A1 levels. DENND1A is not a transcription factor, therefore it doesn’t directly 

bind to DNA to regulate gene expression levels. One possible mechanism is based on the role of 

DENND1A in clathrin mediated endocytosis (CME). CME is a process by which cells control the 

specific uptake of certain substances like hormones or metabolites mediated by the cell-surface 

receptors that have specific cognate binding towards specific ligands. This mechanism is 

implicated in transducing signals from the cell periphery to the nucleus (Pyrzynska et al., 2009). 

One possible mechanism connecting DENND1A to upregulation of CYP17A1 could be involved 

in receptor-activation and recycling of the luteinizing hormone chorionic gonadotropin receptor 

(LHCGR) which is an upstream component in ovarian steroidogenesis (Richards, 1994), which is 

also a PCOS-associated risk locus. There is one study that identified protein-colocalization 

between DENND1A, LHCGR and RAB5B in theca cells (Kulkarni et al., 2019). RAB5B is one 

the genes on a reproducible PCOS GWAS risk locus on chromosome 12, which also includes the 

genes SUOX, ERBB3 and RPS26. It is known that RAB5B is involved in the early endosome 

process while RAB35 is involved in recycling endosome processes (J. Zhang et al., 2022). 

Previous studies have shown that the addition of molecules that stimulate cyclic-AMP (cAMP) 

leads to increased testosterone production in H295R cells (Haggard et al., 2017; Maglich et al., 
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2014). Therefore, one hypothesis is that DENND1A-mediated endocytosis affects the cAMP 

signaling pathway which in turn, affects the expression of the genes involved in steroidogenesis 

(Kallen et al., 1998; Tremblay et al., 2002). However, there haven’t been definitive conclusions 

on the cargo for DENND1A mediated endocytosis. It is also unclear how DENND1A-mediated 

endocytosis affects the dynamics of receptor signaling. To address these questions, one option 

would be to combine CRISPR-based DENND1A perturbation and identify all gene expression 

changes within the steroidogenic pathway downstream of DENND1A perturbation using RNA-

seq. One additional possibility is identifying transcription factors whose expression levels might 

be altered by altering DENND1A expression levels, indicating targets for identifying 

transcription factors that promote steroidogenesis in the cells. This avenue of thought could lead 

to transcription factor binding experiments and chromatin interaction maps to identify 

transcription factor-promoter interactions and dynamics that might lead to another insight into 

how DENND1A functions. To study the endocytosis process itself, methods such as targeted live 

cell imaging of DENND1A, RAB35 and RAB5b, and hypothesized receptors involved in this 

process is one way to identify the interaction between DENND1A and receptor mediated 

endocytosis (Ecker et al., 2021; Krishnan et al., 2022). Furthermore, to test if increased 

testosterone levels due to increased DENND1A expression occurs via the cAMP signaling 

pathway, one way to test that is to include conditions that perturb the cAMP pathway. In contrast 

to the cAMP-dependent pathway, there have been other reports of cAMP-independent regulators 

of steroidogenesis observed in different cell types (Stocco et al., 2005). While we have identified 

regulatory elements that alter DENND1A expression levels, it is possible that these regulatory 

elements have different effects or even no effects in other cell types. Therefore, one key 

consideration is the ability to identify whether DENND1A expression is altered in other cell types 

that likely contribute to PCOS including ovarian theca and granulosa cells.  
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Much of the previous research implicating DENND1A expression on testosterone 

production has focused on a DENND1A variant, DENND1Av.2 which was first identified in 

theca cells of PCOS cases (Tee et al., 2016). Notably, the canonical variant and DENND1A v.2 

are largely the same till ~exon 19. Therefore, if both isoforms are expressed, and share the same 

promoter region, the promoter perturbations that we performed would likely increase transcript 

levels of both isoforms. By implementing this method, we can then ask questions that connect the 

genetic variants that we identified from the whole genome POPSTARR method and regulatory 

elements to altered DENND1A expression levels. Specifically, is the V2 isoform expression in 

H295R cells and, do the genetic variants identified within regulatory elements within the locus 

affect the expression of one isoform over the other? One caveat to this approach is that if the V2 

isoform is not produced by H295R cells, we would need to identify other candidate cell models. 

RNA-seq from H295R cells currently do not distinguish any isoforms of DENND1A. HCR Flow-

FISH works by designing probes that binding specifically to the target mRNA. A modification to 

the probe design might allow for the simultaneous measurement of multiple splice transcripts of a 

given gene by using the multiplexing capability of HCR Flow-FISH. Consideration for probe 

design (and subsequent analysis) should include the length of transcript, the specific portions of 

the mRNA that differ between the isoforms, and possible off-target binding of the HCR probes. 

By combining epigenome editing and the results from our STARR-seq studies, we can use HCR 

Flow-FISH to quantify levels of DENND1A isoform and its role in steroidogenesis. 

Taken together, there is still a gap in understanding how DENND1A might affect 

testosterone levels, and highlight the need for detailed experimental methods to dissect the 

mechanism. 
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5.2.1.2 Opportunities to test for mechanisms in other loci contributing to PCOS 

In this dissertation, while we focused on DENND1A as a proof-of-concept to test for 

regulatory elements that could drive PCOS phenotypes, we have also mapped several hundred 

candidate regulatory elements across PCOS GWAS loci. In this section, I will highlight two other 

loci that could likely contribute to PCOS pathogenesis. 

 

Notably, from our studies, as well as previous studies (Censin et al., 2021; Sun et al., 

2022), RPS26 locus was identified to contain candidate causal genes for PCOS pathophysiology. 

This locus includes the genes : RPS26, SUOX, RAB5B and ERBB3. Gonadotropins have been 

shown to upregulate ERBB3 gene expression levels in ovarian granulosa cells. ERBB3 is 

involved in granulosa cell development and survival (Chowdhury et al., 2017; Mukherjee & Roy, 

2013). One study that demonstrated the role of RPS26 in oocyte growth and follicle development, 

specifically reporting the premature ovarian failure like response to RPS26 knockout in mice (X.-

M. Liu et al., 2018). Notably, from this study, the loss of RPS26 identified several genes that 

were up- or down-regulated, with the caveat that there was global decrease in mRNA expression 

levels. Furthermore, in this locus, RAB5B is involved in early endosome processes (J. Zhang et 

al., 2022) which I hypothesize might play a role in receptor recycling in the previous section with 

DENND1A. Additionally, Hi-C data from ENCODE from ovarian tissue demonstrated that this 

locus has increased chromatin interactions, while a recent study found evidence of an association 

between androgen, DHEA production by theca cells, and ten SNPs in a haplotype on 

chromosome 12 (R. A. Harris et al., 2023). Taken together, these findings along with our results 

support a conclusion that locus 12q13.2 contains important genetic determinants of PCOS. 

However, there has been no conclusive evidence on the target genes(s) of the regulatory elements 

in this locus. Similar to our experiments on DENND1A described in chapter 2, I expect 
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epigenome-editing coupled with measuring gene expression levels would aid in characterizing the 

regulatory environment in this locus. Furthermore, with several candidate genes in this locus, 

using several different cell types to identify target gene(s) would aid in characterizing any cell-

type or tissue-specific effects of those regulatory elements.  

 

Another locus that is of importance is the GATA4/NEIL2 locus where we identified 

several regulatory elements as well as new SNPs associated with PCOS. While the role of NEIL2 

in DNA base excision repair and how it relates to cancer have been studied, including functional 

variants, the role of NEIL2 as related to PCOS is as yet under-explored (Hua & Sweasy, 2023).  

The group of GATA factors are evolutionarily conserved and share a highly conserved zinc finger 

DNA-binding domain. Specifically, GATA4, is a transcription factor that has been implicated in 

ovarian development and steroidogenesis (Anttonen et al., 2003; George et al., 2015; Tremblay & 

Viger, 1999, 2001). Additionally, the loss of GATA4 in mice has been shown to impair ovarian 

follicle development, impaired ovarian response to gonadotropins and granulosa cell proliferation 

(Efimenko et al., 2013; Kyrönlahti et al., 2011). To dissect the role of this locus in PCOS 

pathogenesis, in addition to similar epigenome-editing measurements, we could also use methods 

to quantify transcription factor binding sites of GATA4 in different tissues, and in response to 

environmental stimuli such as excess androgen to identify the downstream effects of GATA4. 

 

With these two loci as examples, I have highlighted the need for the targeted follow up of 

regulatory elements to determine the mechanism behind PCOS pathogenesis. Between the results 

described in this dissertations, there are several other loci with regulatory elements that require a 

mechanistic follow up for their role in contributing to PCOS phenotypes. Understanding disease 
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etiology would also assist in better understanding the molecular mechanisms behind the sub-

phenotyping of PCOS cases. 

 

5.2.1.3 Role of PCOS associated genetic variants in contributing to developmental 
phenotypes 

In our whole genome STARR-seq approach, we were able to successfully identify 

thousands of regions with regulatory activity, we then focused on one specific locus to estimate 

the effects of allele-specific regulatory activity. Given the importance of DENND1A in 

androgenesis, one avenue of study can be the effects of the variants in both development and 

testosterone production. To study the role of DENND1A variants in cell development, one 

approach could be engineering the specific regulatory variants via CRISPR-based genomic 

editing into biologically more relevant tissues. While theca cells isolated from donors have been 

used in previous studies of DENND1A and PCOS, the cells are not easy to harvest and propagate 

in culture. Therefore, one option is to use induced pluripotent stem cells (iPSCs). There are some 

recent advances in in-vitro differentiation of iPSCs into cells from the female reproductive tract 

(Smela et al., 2023; Wu et al., 2023). This approach of combining differentiation of iPSCs along 

with genome editing of DENND1A variants will allow us to test both the development of theca 

cells as well as the ability of theca cells to produce testosterone. Importantly, this approach will 

yield a significant advance in the biological context of gene regulation in theca cells which is 

directly relevant to PCOS.  

 

5.2.1.4 Identifying PCOS-associated rare variants from whole genome STARR-seq 

With the advent of GWAS and genetic variant-association testing, several studies have 

identified that the common SNPs associated with the trait do not fully explain the heritability 
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estimates of that trait (Manolio et al., 2009). One reason for missing heritability could be due to 

undiscovered variants including rare variants that are found at low allele frequencies in the 

population (Zuk et al., 2012). A recent study identified rare variants that contributed significantly 

towards the phenotypic trait using a population cohort of over 20,000 people (Wainschtein et al., 

2022). Rare variants have been identified to be associated with PCOS implicated genes such as 

DENND1A, AMHR, BMP6 and AOPEP (Dapas et al., 2020).  

 

Therefore, one major avenue of future study is to estimate the effect sizes of the rare 

variants that are associated with PCOS-cases when compared to controls. One approach to do this 

using bayesian approach, BIRD described in chapter 3, would be to model the regulatory effects 

in cases and controls separately and then use an appropriate statistical measure to identify which 

of those variant effects are more likely due to the PCOS status. This will test not just for 

functional rare variants, but also identify the variants that are PCOS-associated. In order to test 

for the functional effects of rare variants, one approach could be in association testing to identify 

whether a group of identified regulatory rare variants are associated with different PCOS traits. 

For example, a comparative statistical analysis can be designed to identify whether regulatory 

variants are clustered based on PCOS subtypes. However, it is possible that for the subtyping 

analysis, the sample size that we have in this study is limited, but it highlights the case for 

expanding the STARR-seq method across more samples. More broadly, there is evidence from 

our data and previous studies that suggests that estimating the functional mechanistic role of the 

rare variants associated with PCOS represents a next step in dissecting the genetic architecture of 

PCOS.  
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5.2.2 Mechanisms of regulatory elements in causing human diseases 
 

5.2.1.2 How do regulatory elements work together? 

Different cells display differential gene expression through a complex gene regulatory 

network comprising of cis-regulatory elements, trans-acting regulators and the target genes.  

There is evidence that multiple enhancers interact with promoters to regulate transcription of a 

gene (T. F. Consortium et al., 2014; Fulco et al., 2016; G. Li et al., 2012), however, it is unclear 

what  the quantitative effects of multiple enhancers on target gene expression are. In one study 

using mouse embryos, it was observed that deletion of some enhancers displayed redundant 

activity, which may be spatio-temporally delineated across different cell types (Osterwalder et al., 

2018). Another study demonstrated that an additive model of controlling gene expression in adult 

mice (Lam et al., 2015). However, there are still unanswered questions in both global- and locus-

specific questions of how interactions between enhancers, silencers and promoters affect 

transcription.  

 

One question is do multiple enhancers interact co-operatively or does each regulatory 

element function individually to contribute to the overall phenotype?  We can then ask the 

question as to whether the regulatory elements follow an additive model, synergistic model or 

perhaps a redundancy role. The DENND1A locus can be used to determine the combinatorial role 

of enhancers within this region in determining expression of DENND1A and the nearby genes. 

One advantage of using this locus in the adrenal cell is the effect of DENND1A on testosterone 

production, which is an easily measurable phenotype. By combining the data from the locus in 

our whole genome STARR-seq and accessible chromatin regions, we can determine regions for 

targeted perturbation and systematically dissect how different regulatory elements contribute to 
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the overall phenotype. An example of a model to test for interaction could be a generalized linear 

model where the coefficient describes the action of each regulatory element, and for the 

combinations of regulatory elements perturbed. By focusing on a singular locus, the main 

advantage is that this will allow for testing the effects on a deeper scale than if we were to do a 

single-cell RNA seq across all the perturbations. Other approaches can combine methods to 

determine higher-order chromatin interactions with epigenomic editing and single cell read outs 

to elucidate the coordination among regulatory elements in eliciting a gene expression response.   

 

5.2.2.1 How do nuclear receptors play a role in human diseases? 

Nuclear receptors are a class of transcription factors that regulate several biological 

processes like metabolism, reproduction, and inflammation responses by modulating gene 

expression levels which is initiated through the process of binding with their cognate ligands. 

Aberrant nuclear receptor signaling is known to contribute to several diseases including several 

types of cancer, diabetes and adrenal hypoplasia congenita (Tenbaum & Baniahmad, 1997; 

Weikum et al., 2018). 

 

 Both glucocorticoid receptor (GR) and androgen receptor (AR) have been extensively 

studied for their roles in transcriptional regulation, particularly as activating transcription factors, 

increasing target gene expression levels. While there are known targets of GR- or AR-mediated 

gene repressions, the mechanisms of these methods are not as well understood (D’Ippolito et al., 

2018; Grosse et al., 2012). One of the models for nuclear receptor mediated repression is one in 

which GR or AR binds to DNA-bound transcription factors and recruit co-repressors for the 

transcriptional repression activity (Avenant et al., 2010; Reddy et al., 2009). To dissect the 

transcriptional responses of GR and AR, one approach is to identify the other transcription factors 
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that confer specific transcriptional responses of specific genes upon GR or AR activation. 

Another possible avenue of study is to dissect the crosstalk between AR and GR signaling 

pathways. Cross talk between GR and AR has also been reported in adipocytes and pancreatic β 

cells (Harada et al., 2015; Hartig et al., 2012). While not much is known about GR-AR crosstalk, 

we can use the H295R cell model to explore whether activation of GR or AR exogenously affects 

the expression of the other nuclear receptor respectively. One main advantage of better 

understanding receptor action is in being able to identify specific pathways that are targetable for 

drug development. 
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6. Conclusion 

One of the key challenges in investigating the genetic basis of complex genetic diseases 

has been identifying causal variants and causal genes of a trait or disease. In this dissertation, I 

have advanced studies of the role of non-coding genetic variation in contributing to human 

diseases. I have developed approaches that allow for identifying regulatory elements and 

measuring the regulatory effects of genetic variants on gene expression. Specifically, we used the 

methods to test for the role of regulatory elements in contributing to polycystic ovary syndrome 

and androgen synthesis. I have described several complementary approaches that have increased 

our understanding of regulatory element function across PCOS genetic risk loci using cell moels 

relevant to PCOS pathogenesis. 

 

 In this dissertation, I have demonstrated scaling up of experiments to work with cell 

models relevant to PCOS which necessitates several optimization efforts. This method also 

underscores the need for complementary research in developing better cell models for 

understanding human diseases. This work also demonstrates the challenges in following up on 

genetic associations. First, there remains a large task in identifying the molecular function of 

functional genetic variants which is complicated by availability of tissue types and experimental 

techniques. Second, for complex diseases like PCOS, there likely interactions between several 

pathways that are disrupted by genetic variants, and there remains a lot of work to be done to set 

up appropriate methods to understand how variants act collectively at the level of the organism. 

Third, the ability to discover genetic-variant-to-trait associations have been increasing with 

increased access to technology, decreasing cost of genotyping and better genotyping arrays that 

include more variants; while the approaches to functionally identify the genetic mechanisms 

underlying the associations is increasing at a slower pace. The ability to implement such high 



  
137 

 

throughput assays as described in this dissertation across multiple labs will greatly aid in 

dissecting the non-coding regulatory variants. By combining advancements in technology with 

organismal- and cellular-biology expertise of different research groups to implement the methods 

in diverse tissue types, we can advance our understanding of diseases. 

 

 Collectively, our findings highlight the importance of GWAS follow-up using a 

combination of experimental and statistical approaches to dissect the molecular mechanisms that 

can contribute to disease risk. More broadly, continued advancement of studies such as those 

described in this dissertation will bring us closer to making these types of experiments routine. 

This advancement will facilitate more mechanistic discoveries related to diseases, and will place a 

premium on domain-specific knowledge about gene function and organismal biology. 
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Appendix A : Gene regulatory mechanisms in PCOS GWAS 
loci 

 

 
 
S1: Number of chromatin accessible regions within the selected coordinates for targeted STARR-

seq.  
S2: of the fragments (bp) present in the assay (light blue) and reporter (dark blue) libraries.  

S3: The number of expected unique fragments of the reporter libraries for H295R (purple) and 
COV434 cells (teal) estimated using preseq. At 3x10e9 total reads, expected unique reads would 

be 2.8x10e8 for H295R and 3.2x10e8 for COV434 respectively. 
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S4: Correlation across assay libraries for STARR-seq: Scatterplots comparing log10-transformed 

CRADLE corrected read counts across chromatin accessible regions across three replicates of 
STARR-seq assay libraries. 

S5: Correlation across assay and reporter libraries for STARR-seq: Scatterplots comparing log2-
transformed reporter libraries over assay libraries as log2-fold changes for H295R cells (top) and 

COV434 cells (bottom) after CRADLE correction. 

 

  
S6: Principal component analysis for ATAC-seq libraries of COV434 and H295R cells. 

S7: Venn diagram of the overlap between Tn5 accessible chromatin regions in COV434 (teal) 
and H295R cells (purple). 
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S8: Scatter plot of effect sizes measured using DESeq for both COV434 and H295R cells. The 

regions were selected as chromatin accessible regions that also were called in CRADLE as a peak 
and had regulatory activity measured in at least one cell line. 

S9: (a). Aggregate profile plots of chromatin accessibility based on ENCODE DNaseI 
Hypersensitive sites (DHS) centred on the active candidate regulatory elements across 400 bp 

windows for both cell lines (H295R in purple, COV434 in teal). Control regions (grey) are 
randomly generated genomic regions that are chromosome-, length- and GC-matched to the 

STARR-seq elements. (b). Aggregate profile plots of conservation score (phastcons) across active 
STARR-seq regulatory elements in H295R (purple) and COV434 (teal). The control regions are 

in grey and are random GC- and length-matched to the STARR-seq regions. 
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S10: Log-fold change of LHX expression (left) and STRBP expression (right) with GAPDH as 
control for HEK293T cells stably expressing dCas9-p300. A set of 3 non-targeting control guides 

were designed to not target any part of the human genome as control cell population. 
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S11: Log-fold change of LHX expression (left) and STRBP expression (right) with GAPDH as 
control for H295R cells stably expressing dCas9-p300. A set of 3 non-targeting control guides 

were designed to not target any part of the human genome as control cell population. 
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Table S1: Genomic coordinates for BAC STARR-seq (hg38). 

BAC/fosmid ID PCOS GWAS 
locus chr Start End 

RP11-352H17 LHCGR chr2 48567960 48773736 
RP11-825O6 FSHR chr2 48947410 49120420 
RP11-17L5 THADA chr2 43201351 43356486 
RP11-831F19 THADA chr2 43348866 43512262 
RP11-677O13 RAD50/IRF1 chr5 132440666 132624332 
RP11-118D21 GATA4/NEIL2 chr8 11702874 11884058 
RP11-959L16 DENND1A chr9 123670418 123860422 
RP11-885N4 AOPEP  chr9 94874999 95023646 

RP11 640G3 YAP1 chr11 102141887 102311386 
RP11-1023M3 RAB5B/SUOX chr12 55873705 56034531 
RP11-1030M2 KRR1 chr12 75372807 75564639 
RP11-462A13 HMGA2  chr12 65796499 65964907 
RP11-261N13 TOX3 chr16 52296365 52442860 
RP11-159F20 SUMO1P1 chr20 53800706 53974652 

CH17-438B10 FSHB chr11 30024172 30225507 
CH17-267K24 FSHB chr11 30272821 30482841 
WI2-1214M9 FSHB chr11 30239629 30280497 
WI2-2586K13 FSHB chr11 30211547 30250398 

 
Table S2: Regions targeted for epigenomic perturbation using CRISPR-dCas9-p300. 

  Genomic coordinates (hg38) 
gRNA pool 
name chromosome start end 
Element 1  chr9 123704717 123705190 
Element 2  chr9 123724455 123724767 
Element 3  chr9 123752897 123753207 
Element 4  chr9 123770099 123770523 
Promoter  chr9 123929973 123930568 
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Table S3: Oligonucleotides and primers used. 
Primer 
name Sequence (5'->3') 
SS_Adaptor_
1 ACACTCTTTCCCTACACGACGCTCTTCCGATCT 
SS_Adaptor_
2 [Phos]GATCGGAAGAGCACACGTCTGAACTCCAGTCAC  
TS2SS-F TAGAGCATGCACCGGACACACTCTTTCCCTACACGACGCTCTTCCGATCT  
TS2SS-R GGCCGAATTCGTCGAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 
208-F AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATCT 

Index7 
CAAGCAGAAGACGGCATACGAGATNNNNNNGTGACTGGAGTTCAGACGTGTGCTCTTCC
GATC 

SSRT-UMI 
CAAGCAGAAGACGGCATACGAGATNNNNNNNNGTGACTGGAGTTCAGACGTGTGCTCTT
CCG*A*T*C 

Index-PCR CAAGCAGAAGACGGCATACGA*G*A*T 
PostSS-
Index-5 AATGATACGGCGACCACCGAGATCTACACNNNNNNNNACACTCTTTCCCTACAC*G*A*C 

ssds-F 
TAACTTGAAAGTATTTCGATTTCTTGGCTTTATATATCTTGTGGAAAGGACGAAACA
CCG 

ssds-R 
GTTGATAACGGACTAGCCTTATTTAAACTTGCTATGCTGTTTCCAGCATAGCTCTTAA
AC 

ATAC-
universal AATGATACGGCGACCACCGAGATCTACACTCGTCGGCAGCGTCAGATGTG 
ATAC-
barcode CAAGCAGAAGACGGCATACGAGATNNNNNNNNGTCTCGTGGGCTCGGAGATGT 
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Appendix B : Regulatory variants in DENND1A locus 

 

 
S1 : Genome browser overview of the regulatory elements identified in DENND1A locus. Tracks 
shown : H295R STARR-seq (purple), COV434 STARR-seq (teal), H295R and COV434 ATAC-
seq (grey), ENCODE cCRE : yellow and orange : distal and prximal Enhancer like elements, ref : 

promoer like elements. SNPs identified within the candidate regulatory elements are shown in 
blue vertical bars. The linkage disequilibrium heatmap was generated using EUR data from the 

1000 Genomes Project 
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S2: DENND1A enriched STARR-seq library complexity: The number of expected unique 

fragments of the reporter libraries in H295R cells estimated using preseq. At 1x10e8 total reads, 
expected unique reads would be ~0.7e6 unique reads averaging at 140x coverage per base pair. 

 

 
S3: Fragment length distribution in DENND1A-enriched STARR-seq: Length of the fragments 

(bp) present in the assay (light blue) and reporter (dark blue) libraries. 
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S4: Pearson correlation for the assay (input) libraries in H295R cells (top). Scatterplots 

comparing log10-transformed read counts across chromatin accessible regions across three 
replicates of assay libraries. Scatterplots comparing log2-transformed reporter libraries over assay 

libraries in H295R cells (bottom). 
 

 
S5: Distribution of log2-transformed effect sizes for variants in DENND1A locus estimated using 
BIRD model: The variants in blue have a posterior probability of being a regulatory variant > 0.9. 



  
148 

 

  
S6: Correlation coefficient across 13 whole genome STARR-seq assay libraries  

 
S7: Correlation coefficient across pooled whole genome STARR-seq reporter libraries  
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S8: Overlap between candidate regulatory elements identified by STARR-seq and ENCODE 

cCRE 
 
 

 
S9: Distribution of allele-frequencies of variants in thirteen PCOS case control cohorts assay 

libraries for whole genome STARR-seq 
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S10: Scatterplot of log(effect sizes) of the variants in DENND1A locus measured using BIRD 

and whole genome STARR-seq 
 
 
 
 
 
 
 
 

 
S11: Scatterplot ratio of readcounts mapping to alternate allele compared to reference allele for 

the assay library (x axis) and reporter library (y axis). Each point is a regulatory variant 
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overlapping regulatory element measured by STARR-seq. The SNPs are genotyped from patient 
samples, and not all of them have a common SNP rsID. 

 
Table S1: Samples for capture STARR-seq obtained from the 1000 Genomes Project 

1KGP 
names Ancestry 

NA12616 CEPH 
NA06989 CEPH 
NA12832 CEPH 
HG00410 CHS 
HG00452 CHS 
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Appendix C : Probe-based methods to quantify gene 
expression 

 

S1 : Genome browser screenshot of the PER1 locus in A549 cells. Adapted from Johnson 
et al., 2018. The region highlighted in black indicates the GR binding site edited for PER1 

ablation experiments. 
 

 
S2: Overview of the method to test HCR Flow-FISH in a mixed population of A549-dCas9 cells 

with or without the putative PER1 binding site edited out. 
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S3: PER1 signal in H295R measured by STARR-seq. Samples were treated with Dex or ethanol 

(EtOH) for four hours for stimulation response measurement.  
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