
HAL Id: tel-04646809
https://hal.science/tel-04646809

Submitted on 12 Jul 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Comprehensive mapping of human genetic variation at
Epromoters

Jing Wan

To cite this version:
Jing Wan. Comprehensive mapping of human genetic variation at Epromoters. Life Sciences [q-bio].
Aix Marseille university, 2024. English. �NNT : �. �tel-04646809�

https://hal.science/tel-04646809
https://hal.archives-ouvertes.fr


 

 

NNT : 0000AIXM0000 

THÈSE DE DOCTORAT 
Soutenue à Aix-Marseille Université 
21/06/2024 

Jing WAN 

Cartographie des variations génétiques 
humaines dans les Epromoters

Discipline 
Biologie santé 

Spécialité 
Génomique et Bioinformatique 

École doctorale 
ED 62 SCIENCES DE LA VIE ET DE LA SANTE 

Laboratoire/Partenaires de recherche 
Theories and Approaches of Genomic 

Complexity (TAGC) 

Inserm 1090 

Composition du jury 
Mikhail SPIVAKOV  Rapporteur 

Imperial College, London, UK 

 

Anaïs FLORE BARDET Rapporteuse 

University of Strasbourg, Illkirch, France 

 

Denis PUTHIER Président du jury 

Aix-Marseille University, Marseille, France 

 

Salvatore SPICUGLIA Directeur de thèse 

TAGC-Inserm, Marseille, France 

 



 

 

NNT : 0000AIXM0000 

DOCTORAL THESIS 
AIX-MARSEILLE UNIVERSITY 
21/06/2024 

Jing WAN 

Comprehensive mapping of human genetic 

variation at Epromoters 

  

Discipline 
Biologie santé 

Specialty 

Genomics and Bioinformatics 

Doctoral School 
ED 62 LIFE AND HEALTH SCIENCES 

Laboratory/Research Partners 
Theories and Approaches of Genomic 

Complexity (TAGC) 

Inserm 1090 

Composition of jury 
Mikhail SPIVAKOV  Reporter 

Imperial College, London, UK 

 

Anaïs FLORE BARDET Reporter 

University of Strasbourg, Illkirch, France 

 

Denis PUTHIER President of jury 

Aix-Marseille University, Marseille, France 

 

Salvatore SPICUGLIA Supervisor 

TAGC-Inserm, Marseille, France 

 



3 
 

Acknowledgments 

I would like to express my deepest gratitude to all those who have supported and 

guided me throughout my PhD journey. 

First and foremost, I am grateful to my supervisor, Dr. Salvatore Spicuglia, for his 

invaluable support, guidance, and suggestions from the beginning of my PhD to the 

end thesis. His mentorship has been instrumental in shaping both my research and 

professional development over the past four years.  

I would also like to thank my thesis jury members, Dr. Mikhail Spivakov, Dr. Anaïs 

Flore Bardet, and Dr. Denis Puthier, for their constructive comments and 

suggestions during the thesis review process. Their expertise has greatly enhanced 

the quality of my work. 

I deeply thank my colleagues, Antoinette van Ouwerkerk and Juliette Malfait, 

whose collaboration has been essential, particularly in the experimental aspects of my 

research. Their contributions, assistance, and unwavering support have significantly 

enriched my study, thesis, and presentations.  

I would like to acknowledge Dr. Benoit Ballester, Jean-Christophe Mouren, and 

Pierre de Langen for their provision of the remap analysis and RNAPII resources. I 

am especially grateful to Benoit for his continuous encouragement and support. I also 

thank Carla Heredia and Dr. Jean-Christophe Andrau for conducting the G4 

analysis. I thank Aurelie Bergon, Nori Sadouni, and Guillaume Charbonnier for 

their computational support. 

I am appreciative of the guidance and career advice provided by the thesis advisory 

board members from ENHPATHY, Robin Andersson, Gioacchino Natoli, and 

Dariusz Plewczynski, during network meetings.  

I also thank my colleagues at TAGC, including Francesco Leonetti, José David 

Abad, Junhua Su, Tannia Uribe, Yannan Fan, Gaelle Farah, Iris Manosalva, 

Yasmina Kermezli, Aitor Gonzalez, Lydie Pradel, Nathalie Arquier, Himanshu 

Singh, Saadat Hussain, Charbel Souaid, Davide Cavalieriand, for their support and 

kindness in the work.  

I acknowledge the generous research and financial support from TAGC, Inserm, 

Aix-Marseille University, the ENHPATHY network, the Marie Curie fellowship, and the 

MARMARA grant, all of which have been crucial in the completion of my PhD. 

I would like to extend my heartfelt thanks to another important group of people—my 

Chinese friends. Thank you all for the past three years of wonderful companionship 

and support, which made my life in Marseille truly memorable. 

Lastly, I am deeply grateful to my parents and family. I also dedicate this work to the 

memory of my grandmother. Your unwavering love and support have been invaluable 

to me. Thank you all from the bottom of my heart.  

 

  



4 
 

Affidavit 

I, undersigned, Jing Wan, hereby declare that the work presented in this manuscript is 

my own work, carried out under the scientific supervision of Salvatore Spicuglia, in 

accordance with the principles of honesty, integrity and responsibility inherent to the 

research mission. The research work and the writing of this manuscript have been carried 

out in compliance with both the French national charter for Research Integrity and the 

Aix-Marseille University charter on the fight against plagiarism. 

This work has not been submitted previously either in this country or in another 

country in the same or in a similar version to any other examination body. 

 

Place Marseille, date 19 avril 2024 

 

 

  

 
Cette œuvre est mise à disposition selon les termes de la Licence Creative 

Commons Attribution - Pas d'Utilisation Commerciale - Pas de Modification 4.0 

International. 

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


5 
 

List of publications/patents and 

conference participations 

Publications 

1. Héctor Castillo, Patricia Hanna, Laurent M. Sachs, Nicolas Buisine, Francisco 

Godoy, Clément Gilbert, Felipe Aguilera, David Muñoz, Catherine Boisvert, 

Mélanie Debiais-Thibaud, Jing Wan, Salvatore Spicuglia, Sylvain Marcellini. 

"Xenopus tropicalis osteoblast-specific open chromatin regions reveal 

promoters and enhancers involved in human skeletal phenotypes and shed 

light on early vertebrate evolution." Cells & Development (2024): 203924. 

2. Juliette Malfait, Jing Wan, and Salvatore Spicuglia. "Epromoters are new 

players in the regulatory landscape with potential pleiotropic roles." 

BioEssays 45, no. 10 (2023): 2300012. 

3. Yongjun Tan, Xiaohao Yan, Jialei Sun, Jing Wan, Xinxin Li, Yingzhang 

Huang, Li Li, Longjian Niu, and Chunhui Hou. "Genome‐wide enhancer 

identification by massively parallel reporter assay in Arabidopsis." The Plant 

Journal 116, no. 1 (2023): 234-250. 

4. Longjian Niu, Wei Shen, Zhaoying Shi, Yongjun Tan, Na He, Jing Wan, Jialei 

Sun et al. "Three-dimensional folding dynamics of the Xenopus tropicalis 

genome." Nature Genetics 53, no. 7 (2021): 1075-1087. 

5. Longjian Niu, Wei Shen, Yingzhang Huang, Na He, Yuedong Zhang, Jialei 

Sun, Jing Wan et al. "Amplification-free library preparation with SAFE Hi-C 

uses ligation products for deep sequencing to improve traditional Hi-C 

analysis." Communications biology 2, no. 1 (2019): 267.  

 

Conference participations 

1. MarMaRa ANNUAL SYMPOSIUM 2024, Rare diseases and beyond: 

navigating the societal and environmental challenges, 18 & 19 APRIL 2024, 

Marseille, France. (poster presentation) 

2. EMBO Workshop, Enhanceropathies: Understanding enhancer function to 

understand human disease II, 17 – 20 October 2023, Marseille, France. 

(poster presentation) 

3. EMBO Workshop, Enhanceropathies: Understanding enhancer function to 

understand human disease I, 6–9 October 2021, Santander, Spain. (poster 

presentation) 

 



6 
 

Résumé 

La transcription représente le processus biologique le plus complexe du dogme 

central. La régulation transcriptionnelle contrôle l'expression des gènes, déterminant 

si les gènes sont transcrits, leur timing et leur abondance. Les principaux acteurs de 

la régulation transcriptionnelle comprennent l’ARN polymérase, les facteurs de 

transcription et les éléments régulateurs de l’ADN. Cette thèse se concentre sur les 

éléments régulateurs, avec un accent particulier sur les activateurs et les promoteurs, 

qui sont essentiels et largement distribués dans les génomes. 

Il existe de plus en plus de preuves qu'un large éventail de maladies humaines et de 

traits physiologiques sont influencés par la variation génétique des éléments cis-

régulateurs. Des études antérieures ont montré qu'un sous-ensemble d'éléments 

promoteurs, appelés Epromoters, sont capables de réguler les gènes proximaux et 

distaux en cis. Cela ouvre un paradigme dans l'étude des variantes régulatrices, car 

les polymorphismes mononucléotidiques (SNP) au sein des Epromoters pourraient 

influencer l'expression de plusieurs gènes (distaux) en même temps, ce qui pourrait 

faciliter l'identification des gènes cibles. 

L'objectif principal de mon doctorat était de créer une ressource complète des 

Epromoteurs humains à l'aide de tests rapporteurs à haut débit nouvellement générés 

et accessibles au public. Nous montrons que les Epromoters présentaient des 

caractéristiques intrinsèques et épigénétiques qui les distinguent des promoteurs 

typiques. En intégrant les études d'association pangénomique (GWAS), les loci de 

traits quantitatifs d'expression (eQTL) et les interactions 3D de la chromatine, nous 

avons constaté que les variantes régulatrices des Epromoters sont simultanément 

associées à davantage de maladies et de traits physiologiques, par rapport aux 

promoteurs typiques. Pour disséquer l'impact réglementaire des variantes 

d'Epromoter, nous avons évalué leur impact sur l'activité régulatrice en analysant des 

tests de rapporteurs à haut débit spécifiques alléliques et avons fourni des exemples 

fonctionnels caractérisés d'Epromoters pléiotropes. En résumé, ce travail a fourni une 

ressource complète de variantes de régulation soutenant un rôle pléiotrope des 

Epromoters. 

 

Mots clés: enhancer, promoteur, variante génétique, GWAS, maladie humaine, 

pléiotropie 
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Abstract 

Transcription represents the most intricate biological process within the central dogma. 

Transcriptional regulation controls gene expression, determining whether genes are 

transcribed, their timing and abundance. Key participants in transcriptional regulation 

include RNA polymerase, transcription factors, and DNA regulatory elements. This 

thesis focuses on the regulatory elements, with a particular emphasis on enhancers 

and promoters, which are essential and widely distributed across genomes.  

There is growing evidence that a wide range of human diseases and physiological 

traits are influenced by genetic variation of cis-regulatory elements. Previous studies 

have shown that a subset of promoter elements, termed Epromoters, are able to 

regulate both proximal and distal genes in cis. This opens a paradigm in the study of 

regulatory variants, as single nucleotide polymorphisms (SNPs) within Epromoters 

might influence the expression of several (distal) genes at the same time, which could 

facilitate the identification of target genes.  

The main goal of my PhD was to build a comprehensive resource of human 

Epromoters using newly generated and publicly available high-throughput reporter 

assays. We show that Epromoters displayed intrinsic and epigenetic features that 

distinguish them from typical promoters. By integrating Genome-Wide Association 

Studies (GWAS), expression Quantitative Trait Loci (eQTLs) and 3D chromatin 

interactions, we found that regulatory variants at Epromoters are concurrently 

associated with more diseases and physiological traits, compared with typical 

promoters. To dissect the regulatory impact of Epromoter variants, we evaluated their 

impact on regulatory activity by analyzing allelic-specific high-throughput reporter 

assays and provided functional characterized examples of pleiotropic Epromoters. In 

summary, this work provided a comprehensive resource of regulatory variants 

supporting a pleiotropic role of Epromoters. 

 

Keywords: enhancer, promoter, genetic variant, GWAS, human disease, pleiotropy 
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The central dogma, proposed by Francis Crick in 1958, is still the basic framework of 

molecular biology today. It described the sequential information transfer between DNA, 

RNA, and protein (Figure 1). These sequential information transfers include replication, 

transcription, and translation, which are the most important biological processes in 

cells. Among the three biological processes, transcription has been considered the 

most complex and variable process. Accordingly, there are three fundamental 

questions in transcription: Whether a gene is transcribed? When a gene is transcribed? 

How much a gene is transcribed?  

 

Figure 1 The central dogma proposed by Francis Crick (Crick, 1970). 

The answers to the three questions are determined by the working status of the 

transcription machine, RNA polymerase. RNA polymerase works by binding to DNA, 

which the binding requires intermediate proteins: transcription factors. The 

combination of thousands of transcription factors binding with DNA determines 

whether and when genes are transcribed, that is, which genes are transcribed in which 

cells.  

This also involves the issue of how much transcription is required. Assuming that the 

working efficiency of RNA polymerase is fixed, the transcription output would be 

determined by the working time, that is, the total length of time that RNA polymerase 

binds to DNA in the cell. The total length of RNA polymerase binding time, which can 

be inferred from the above, is determined by the transcription factors binding affinity 

and the probability of encountering the transcription factors in nucleus space. The 

binding affinity of transcription factors is determined by the DNA sequence. The 

probability of encountering transcription factors in the nucleus, that is, the density of 

transcription factor aggregation in a location, is determined by the number of DNA 

binding sites and proteins with high affinity in nearby space.  
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Considering that chromatin is folding in the nucleus, one mechanism to create more 

binding opportunities for transcription factors is to pull the DNA locations with the same 

binding sites to close together. Thus, this can attract more transcription factors to 

aggregate. One of the mechanisms for this pulling action is the cohesin model, which 

is a ring-shaped protein complex for chromatin loop forming. These DNA fragments in 

the distal location that attract transcription factors and thereby enhance transcription 

are called enhancers.  

The advantage of this mechanism is that it can control the amount of gene transcription 

more precisely and stably. Accordingly, the important questions are: What are the 

mechanisms that pull DNA together? Whether it’s possible to find the enhancers of a 

promoter by their common transcription factors binding sites? Are there other 

mechanisms that increase the probability of transcription factor binding? That’s 

opening the door for transcription regulation study.  
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Chapter 1. The cis-regulatory elements 
in the genome 

1.1 Transcription regulation in eukaryote 

1.1.1 Participants in transcription 

Transcription in eukaryotes happens in the cell nucleus during interphase. The entire 

process of transcription involves a large number of molecules, mainly including DNA, 

RNA, RNA polymerase, transcription factors, transcription cofactors, etc. Among them, 

the RNA polymerase complex is the core machine of transcription and is responsible 

for the synthesis of RNA. In 1969, Robert G. Roeder discovered the nuclear RNA 

polymerases I, II, and III in diverse eukaryotes (Roeder & Rutter, 1969). The 

biochemical identification of three nuclear RNA polymerases fundamentally altered our 

understanding of gene regulation. Transcription factors are essential for initiating gene 

transcription. They help RNA polymerase locate the correct location on the DNA and 

facilitate its binding and initiation of RNA synthesis. There are many types of 

transcription factors, more than 1,600 in human cells. Transcription cofactors do not 

directly bind DNA but interact with other transcription factors to enhance their activity, 

thereby increasing transcription efficiency.  

1.1.2 Transcription steps 

The transcription process can be divided into three main steps: initiation, elongation, 

and termination (Figure 1.1.2) (Cramer, 2019). During the initiation stage, transcription 

factors bind to the promoter region and combine with RNA polymerase II to form a pre-

initiation complex. This complex recognizes and unwinds the DNA, forming a small 

open complex that prepares the template strand for RNA synthesis. During the 

elongation stage, RNA polymerase begins to synthesize RNA along the DNA template 

strand, adding nucleotides complementary to the DNA template strand one by one 

from the 5' to 3' direction. As RNA polymerase moves, a transcription bubble forms 

where the DNA locally unwinds, allowing the newly synthesized RNA strand to detach 

from the template DNA. During the termination stage, the transcription process nears 

completion when RNA polymerase encounters a termination sequence on the DNA. 
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The newly synthesized RNA molecule (pre-mRNA) is released from RNA polymerase 

and undergoes a series of post-transcriptional modifications, such as capping, splicing, 

and polyadenylation, ultimately resulting in the formation of mature mRNA.  

 

Figure 1.1.2 Key steps of gene transcription (Cramer, 2019). 

 

1.1.3 Types of transcription regulation 

The regulation of transcription is primarily concentrated in the initiation stage. Firstly, 

the promoter sequences themselves can influence the efficiency of transcription by 

affecting the binding of transcription factors. Then, transcription factors can specifically 

bind to promoters to initiate the assembly of RNA polymerase and promote the initiation 

of transcription. And transcription factors can act as activators (enhancing gene 
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expression) or repressors (reducing gene expression). Regulatory elements located 

distal to the gene can also enhance or inhibit transcription through interactions with the 

promoter. Additionally, since DNA is wrapped around histones forming chromatin, the 

structure of chromatin can be modulated through chemical modifications (such as 

methylation and acetylation), thereby influencing the accessibility of transcription 

factors and RNA polymerase. Methylation of DNA at specific CpG islands associated 

with gene silencing can also affect the binding of transcription factors.  

 

1.2 Genome structure 

1.2.1 Functional structure 

In 2003, the completion of the Human Genome Project (HGP) provided a blueprint for 

the human genome. Its primary goals were to determine the sequence of the human 

genome and to identify all human genes. Genes are fundamental to understanding the 

genome's functional structure. A typical gene structure includes exons, introns, 5' 

untranslated region (5' UTR), transcription start sites (TSS), 3' untranslated region (3' 

UTR), and transcription termination sites (TTS) (Figure 1.2.1). Beyond the genes, the 

intergenic regions were thought as "junk DNA”. Building upon the foundational 

knowledge provided by the HGP, the ENCODE project commenced in 2003 intending 

to catalog all functional elements in the human genome. While the HGP identified the 

letters of the genomic code, ENCODE sought to understand the language—how these 

letters are used to direct cellular function through the regulation of gene expression. 

ENCODE's findings have dramatically expanded our understanding of the genome: a 

significant revelation was that approximately 80% of the genome is involved in at least 

one biochemical activity, suggesting that regions previously dismissed as "junk" DNA 

have functional importance. These DNA sequences help to control when, where, and 

how much a gene expressed, which are called regulatory elements. They include 

promoters, enhancers, silencers, and insulators. 
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Figure 1.2.1 Eukaryotic Gene Structure. Adapted from Microbe Notes. 

(https://microbenotes.com) 

 

1.2.2 3D organization structure 

For a long time, research mainly focused on genome sequences, while ignoring the 

genome structure in physical space. With the widespread application of Hi-C 

technology, people have realized the three-dimensional structure of chromatin at the 

genome-wide scale across species, and these structures play an important role in gene 

regulation. In 2009, while processing the first Hi-C data in human, Lieberman et al. 

discovered that the genome is divided into two compartments, representing open and 

closed chromatin respectively, and are highly correlated with the activity of gene 

transcription (Lieberman-Aiden et al., 2009). With the improvement of Hi-C data 

resolution, several studies have found that topologically associating domains (TADs) 

widely exist in the genome in mammals and Drosophila, where genomic interactions 

are strong within a domain but are sharply depleted on crossing the boundary between 

two TADs (Dixon et al., 2012) (Nora et al., 2012) (Sexton et al., 2012) (Hou et al., 2012). 

At the same time, these studies also found enrichment of CTCF at the boundaries of 

TADs. In 2014, Rao et al. identified genome-wide chromatin loops through higher-

resolution human Hi-C data, and these loops often reveal enhancer-promoter 

interactions (Rao et al., 2014). More precisely, Javierre et al. deployed a promoter 

capture Hi-C approach to generate high-resolution maps of promoter interactions in 17 

primary blood cell types. Therefore, a hierarchical 3D chromatin organization model 

has been widely mentioned, which consists of compartments at megabase level, TADs 

at sub-megabase level, and loops between genomic sites (Figure 1.2.2a).  

https://microbenotes.com/
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Figure 1.2.2a A hierarchical 3D chromatin organization model has been widely 

mentioned (Rowley & Corces, 2018). 

However, the latest chromatin imaging results provide evidence to support the view 

that TAD regions do not show clear and stable chromatin structure at the single-cell 

level (Bhat et al., 2021). TAD may be a statistical characteristic of Hi-C in population 

cells, rather than a physical cell structure. With studies based on liquid phase 

separation, another physical model was proposed. The transcription regulation model 

based on Liquid-Liquid Phase Separation (LLPS) suggests that transcription factors 

and other regulatory molecules can undergo phase separation, creating concentrated 

microenvironments within the cell nucleus (Figure 1.2.2b) (Bhat et al., 2021). These 

microenvironments facilitate enhanced interactions between transcription machinery 
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and specific genomic regions, thereby regulating gene expression more efficiently. 

Therefore, nuclear compartmentalization has the potential to serve as a mechanism 

for quantitative control of gene expression.  

 

Figure 1.2.2b Nuclear compartments contain high local concentration of specific 

molecules in 3D space (Bhat et al., 2021). Upward arrows represent higher 

concentration and downward arrows represent lower concentration. 

 

1.3 Cis-regulatory elements 

The cis-regulatory elements are DNA sequences that regulate gene transcription. It is 

generally believed that regulatory elements are located in regions outside the gene, 

that is intergenic regions. Currently, the main regulatory elements are divided into 

transcriptional activating elements, such as promoters and enhancers, and 

transcriptional repressive elements, such as silencers and insulators, according to their 

functions (Figure 1.3). The results of the second phase of ENCODE show that the vast 

majority (80.4%) of the human genome participates in at least one biochemical RNA- 

and/or chromatin-associated event in at least one cell type (Consortium, 2012). This 

means that the function of non-coding DNA sequences was underestimated. The 

following introduction will focus on the two most common activating regulatory 

elements: promoter and enhancer.  
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Figure 1.3 Different types of cis-regulatory elements (Chatterjee & Ahituv, 2017). 

 

1.3.1 Promoters 

Promoters are defined as the DNA region that RNAPII binds for transcription initiation. 

They are located at the 5' end of the gene, which is the beginning of the gene 

transcription. More precisely, the core promoter is typically defined as the ±50 base 

pair (bp) region surrounding the transcription start site (TSS). The most well-known 

core promoter elements are the TATA box and the initiator (INR) element, which are 

binding sites for the pre-initiation complex. Because some TFs bind proximally to, but 

not within, the core promoter region, a larger, arbitrarily sized region around the TSS 

encompassing the core promoter and this ‘proximal promoter’ region is often referred 

to as the ‘promoter’ (Andersson & Sandelin, 2020).  

Because TSSs are central to the identification of core promoters, techniques based on 

the sequencing of RNAs have been highly instrumental in this task, like cap analysis 

of gene expression (CAGE) and global run-on sequencing (GRO-seq). Based on these 

RNA detection studies, Andersson et al (Andersson & Sandelin, 2020) made the 

following summary of promoter features: First, RNAPII initiation is often dispersed over 

a local area, within the same nucleosome-depleted region (NDR), resulting in multiple 

close-by TSSs with varying initiation frequencies. Second, most genes have many 

distinct TSS clusters (termed ‘alternative promoters’). The choice of an alternative 

promoter may alter the final protein product. Third, RNAPII pauses downstream of the 

TSS before entering a state of active elongation. Fourth, the vast majority of gene TSSs 
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are accompanied by an additional, proximal, upstream TSS on the opposite strand. 

Generally, the upstream, divergent TSS produces short (<500 bp), unspliced 

transcripts, termed ‘promoter-upstream transcripts’ (PROMPTs) (Preker et al., 2008).  

1.3.2 Enhancers 

In 1981, enhancer was firstly reported by Banerji et al in a non-coding region of the 

simian virus 40 (SV40) genome (Banerji et al., 1981), which increased expression at a 

distance remote from the reporter gene’s promoter and independent of the enhancing 

region’s orientation (Gasperini et al., 2020). This became the original definition of an 

enhancer. Gasperini et al summarized a history of operational definitions of enhancers, 

which described four stages of enhancer studies according to the detection 

technologies (Figure 1.3.2). In their opinion, an operational definition is not what an 

enhancer is, but rather follows from the practical framework that we use to distinguish 

biological enhancers from other sequences. They proposed the biological definition of 

an enhancer should meet three criteria: first, deletion from its native genomic context 

results in altered expression of a potential target gene; second, evidence for a cis-

acting mechanism; and last, one line of orthogonal evidence that the underlying 

sequence is an enhancer.  
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Figure 1.3.2 A history of operational definitions of enhancers (Gasperini et al., 2020). 
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With the development of high-throughput sequencing technology, the identification of 

enhancers has also shifted from individual-level to genome-wide. The number of 

human enhancers identified through characterization and regulatory activity has 

reached millions (EnhancerAtlas 2.0) (Gao & Qian, 2020). Enhancers are also widely 

distributed in the genome. In addition to being enriched in intergenic regions and 

introns, enhancers are also found around TSS and in exons. The sequence features 

of enhancers are characterized by dense binding of transcription factor binding sites, 

cell type specificity, and evolutionary conservation. Enhancers are biochemically 

characterized by enrichment of H3K4me1 and H3K27ac, accompanied by enhancer 

RNA (eRNA) transcription.  

1.3.3 Silencers 

Silencers were initially defined as sequence elements that are capable of repressing 

promoter activity in an orientation and position independent fashion, in the context of 

a native or a heterologous promoter (Brand et al., 1985). Compared with our 

knowledge of promoters and enhancers, our knowledge of silencers is largely lacking. 

A recent review from Pang et al. discussed the biology of silencers, including methods 

for their discovery, epigenomic and other characteristics, and modes of function of 

silencers (Pang et al., 2023). Hussain et al. assessed silencer activity from DNase 

hypersensitive sites by a high-throughput reporter strategy in a mouse T cell line, which 

provided a general strategy for genome-wide identification and characterization of 

silencer elements (Hussain et al., 2023).  

1.3.4 Insulators 

Insulators (also known as boundary elements) function to block genes from being 

affected by the transcriptional activity of neighboring genes. They thus limit the action 

of regulatory elements to defined domains and partition the genome into discrete 

realms of expression. Insulators can block enhancer-promoter communication and 

prevent the spread of repressive chromatin. Many genome-wide conformation capture 

studies have helped reveal that insulators are necessary for proper genome-wide 

organization of topologically associating domains (Chen & Lei, 2019). For example, 

CTCF-mediated long-range interactions are integral for a multitude of topological 

features of interphase chromatin, such as the formation of topologically associated 
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domains, domain insulation, enhancer blocking, and even enhancer function (Ali et al., 

2016).  

1.3.5 Similarities and differences between promoter 

and enhancer 

Emerging research shows that promoters and enhancers share many similarities. For 

example: both promoters and enhancers display high chromatin accessibility due to 

nucleosome degradation; similar histone modifications: H3K4me1, H3K4me3, and 

H3K27ac; accompanied by the production of short unstable RNAs (Figure 1.3.3). The 

difference is that promoters show higher H3K4me3 intensity and higher CpG content; 

enhancers show higher H3K4me1 and H3K27ac intensity, and bidirectional 

transcription at similar levels (Figure 1.3.3). There have been several studies from 

different groups showing that some promoters displayed enhancer activity (Engreitz et 

al., 2016) (Rajagopal et al., 2016) (Diao et al., 2017) (Dao et al., 2017) (See more detail 

in Chapter 4). This suggests that regulatory elements may have varying degrees of 

promoter and enhancer activity, essentially affecting proximal or distal transcription 

initiation. 
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Figure 1.3.3 Features used to distinguish promoters and enhancers (Andersson & 

Sandelin, 2020) 
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1.3.6 Enhancer-promoter interactions 

How do enhancers and promoters interact? A model based on chromatin loop 

extrusion has been widely proposed (Figure 1.3.4). The model is based on cohesin, a 

ring-shaped chromatin structural protein complex. Between two CTCF sites in the 

genome, chromatin forms a loop through cohesin, which provides conditions for the 

physical proximity of enhancers and genes. Enhancers and promoters form a more 

stable interaction through the binding of transcription factors, thereby promoting gene 

transcription. At the same time, such a mechanism also facilitates the interaction 

between specific enhancers and specific genes. Other cohesin-independent 

mechanisms to mediate the contacts between promoters and enhancers could exist 

but not clear yet. For example, Thiecke et al. found that a significant minority of 

promoter-enhancer contacts are maintained after rapid degradation of cohesin and 

CTCF (Thiecke et al., 2020). 

 

Figure 1.3.4 Formation of enhancer-promoter interactions by loop extrusion and 

affinity (Oudelaar & Higgs, 2021). 
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1.3.7 Multiple regulatory roles of DNA sequence 

Emerging studies are finding that a single DNA sequence can play multiple regulatory 

functions. For example, as mentioned before, some promoters displayed enhancer 

functions. Two recent studies also systematically studied the enhancer function of 

silencers in Drosophila and human genomes respectively (Gisselbrecht et al., 2020) 

(Huang & Ovcharenko, 2022), and estimated that there are a large number of such 

dual-functional elements in the genome. In addition, exons that work for protein coding 

were also found to display enhancer functions (Ahituv, 2016). The multiple roles of 

regulatory elements have led to the thought that the essence of regulatory elements is 

the binding affinity between DNA molecules and different proteins. This affinity should 

be a continuous physical variable, which implies we might consider regulatory 

elements as a continuous definition instead of artificially dividing them into different 

types. 

 

1.4 Technologies to identify regulatory 

elements 

Techniques for identifying regulatory elements can be divided into three main 

categories (Figure 1.4). The first category is to identify regulatory elements through 

associated chromatin features, including ChIP-seq of histone marks or transcription 

factors, DNase-seq and ATAC-seq for chromatin accessibility, and nascent RNA 

detection like GRO-seq and CAGE (Figure 1.4.1). The second category uses reporter 

assays to detect regulatory activity, such as MPRA, STARR-seq, SURE-seq, etc 

(Figure 1.4.2). The third category is genome editing, such as CRISPR/Cas9 and 

CRISPRi. 
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Figure 1.4 Technologies to identify regulatory elements and their advantages and 

disadvantages.  

1.4.1 Chromatin features 

Histone marks and TFs identification: ChIP-seq 

ChIP-seq, a method used to analyze protein interactions with DNA, combines 

chromatin immunoprecipitation with massively parallel DNA sequencing to identify the 

binding sites of DNA-associated proteins. ChIP-seq has been widely used to 

characterize regulatory elements, including histone modifications and transcription 

factors. For example, H3K4me1, H3K27ac, and P300 are considered to be associated 

with enhancers, and H3K4me3 is associated with promoters. A large number of ChIP-

seq data sets have been generated. There are over 8,000 ChIP-seq data sets 

associated with transcription factors in human tissues and cell lines (ReMap2022). 

Chromatin accessibility detection: DNase-seq, ATAC-seq 

DNase-I hypersensitive site sequencing (DNase-seq) and Assays for Transposase-

Accessible Chromatin sequencing (ATAC-seq) are two widely used protocols for 

genome-wide identification of open chromatin. DNase-seq and ATAC-seq are based 

on the use of cleavage enzymes (DNase-I and Tn5, respectively), which recognize and 

cleave DNA in open chromatin regions. Currently, a large number of DNase-seq and 

ATAC-seq data sets are also collected in ENCODE.  

Transcription features: CAGE, GRO-seq 
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The cap analysis of gene expression (CAGE) allows high-throughput identification of 

sequence tags corresponding to 5′ ends of mRNA at the cap sites and the identification 

of the TSS. CAGE has been widely used in FANTOM5 to detect promoters and 

enhancers. Global run-on sequencing (GRO-seq) is the most widely used method to 

measure nascent RNA, which has been used to detect promoter-proximal pausing of 

RNAP, bidirectional transcription, and enhancer RNA (eRNA).  

Advantages and disadvantages 

The advantages of the above technologies for identifying regulatory elements are: 

genome-wide and high-throughput; library construction technology and bioinformatics 

analysis are very mature; relatively cheap; easy to apply to a large number of tissues 

and cell lines of various species; and there are already a large number of available 

datasets. The disadvantage is that they only detected the chromatin features 

associated with regulatory elements, not directly measuring the function and activity of 

regulatory elements. In many cases, these chromatin features do not represent the 

activity of regulatory elements. 

 

Figure 1.4.1 Technologies to identify regulatory element: based on chromatin features 

(Gasperini et al., 2020).  

1.4.2 High-throughput reporter assays 

MPRA 
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The first massively parallel reporter assay (MPRA) was developed by Patwardhan et 

al (Patwardhan et al., 2009). They quantitatively assayed the effects of all possible 

single-nucleotide mutations for three bacteriophage promoters and three mammalian 

core promoters. The MPRA method consists of the generation of a library of reporter 

constructs based on microarray synthesis of DNA sequences and unique sequence 

tags or barcodes (placed in the 3’ UTR of the reporter gene). The reporter library is 

then transfected into cell lines of interest and RNA sequencing of the barcodes is 

performed, thus providing a quantitative readout of the regulatory activity of the tested 

regions. Because of the synthetic ability in the library, MPRA was widely used for 

testing regulatory activity variation of synthetic sequences. That also opened the 

applications for variants of functional validation in human diseases (See more details 

in Chapter 3).  

STARR-seq 

The self-transcribing active regulatory region sequencing (STARR-seq) was developed 

by Arnold et al. (Arnold et al., 2013), which quantitatively assessed enhancer activity 

for millions of DNA fragments across the entire Drosophila genome (Figure 1.4.2). This 

method does not require synthesized “barcodes” since the DNA sequences are cloned 

into the 3’ UTR of the reporter gene. The active enhancer will transcribe the reporter 

gene and themselves, becoming part of the reporter transcript. Thus, the advantage 

over the classical MPRA is that the tested sequence itself is used as a “barcode”, 

substantially simplifying the whole procedure to quantify enhancer activity (Figure 

1.4.2). 

With the complexity and size of mammalian genomes, this technique is not easily 

implemented, making the formulation of representative libraries a challenge and a very 

high sequencing depth a necessity. To avoid this issue, a capture-based approach 

(CapSTARR-seq) to assess a subset of mouse DNase I hypersensitive sites (DHSs) 

found in developing thymocytes was developed (Vanhille et al., 2015). Here, the 

regions of interest are captured using custom designed microarrays and cloned into 

the STARR-seq vector, thus providing cost-effective and accurate quantification of 

enhancer activity in mammals. Barakat et al. use a combination of chromatin 

immunoprecipitation and a massively parallel reporter assay (ChIP-STARR-seq) to 

identify functional enhancers in primed and naive human embryonic stem cells 

(Barakat et al., 2018). Wang et al. developed HiDRA (High-resolution Dissection of 
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Regulatory Activity) by coupling accessible chromatin extraction with self-transcribing 

episomal reporters (ATAC-STARR-seq) (X. Wang et al., 2018). This method allowed 

them to identify high-resolution driver elements of enhancers in lymphoblastoid cells.  

SuRE 

The Survey of Regulatory Elements (SuRE) was developed by Arensbergen et al. (van 

Arensbergen et al., 2017), which tested human promoter activity genome-wide. SuRE 

can assay more than 108 DNA fragments with sizes of 0.2–2kb by using a 20bp 

barcode in the plasmid, which is long enough to include most elements that constitute 

fully functional promoters. SuRE can work as a high-throughput tool to functionally 

deconstruct large genomes and systematically identify elements that drive 

autonomous transcription activity. SuRE operates on a 100- to 1,000-fold larger scale 

than previous high-throughput promoter assays, sufficient to survey the entire human 

genome at >50× coverage (van Arensbergen et al., 2017).  

Advantages and disadvantages 

The advantages of high-throughput reporter assays are: high throughput; functionality 

linking to intrinsic features only; and the ability to test synthetic sequences outside the 

genome. Disadvantages are: limited to testing short sequences; most enhancer MPRA 

studies use the same minimal promoter to test all candidate enhancer sequences, but 

compatibility between enhancers and core promoters is limited; plasmid-based 

reporter assays are not testing regulatory elements in endogenous context. However, 

the last point can be solved in a certain extent through lentivirus-based massively 

parallel reporter assay (lentiMPRA), which randomly integrates reporter assays into 

the genome through lentivirus (Inoue et al., 2017). 
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Figure 1.4.2 High-throughput reporter assays to detect regulatory activity (Santiago-

Algarra et al., 2017). (A) Overview of massively parallel reporter assay (MPRA). The 

test sequences (wild-type, variants, etc.) are generally synthesized in silico by massive 

oligonucleotide synthesis with unique barcode tags and cloned into the plasmid 

backbone. (B) Overview of self-transcribing active regulatory region sequencing 

(STARR-Seq). A genomic or bacterial artificial chromosome (BAC) library is cloned in 

the reporter plasmid, downstream of the ORF and upstream of the polyadenylation site 

(pAS). Alternatively, the regions of interest might be enriched by a capture approach. 

The reporter library is transfected into cultured cells. Subsequently, mRNA is isolated, 

and cDNA is synthesized. The cloned regions are sequenced from the plasmid library 

pool (input) and the cDNA. Differences in the enrichment with respect to the input are 

proportional to the enhancer activity. 

 

1.4.3 Genome editing 

CRISPR/Cas9 based technologies 

Genome editing has also been used to validate the function of regulatory elements in 

vivo. The CRISPR system guides the nuclease Cas9 to cut specific DNA through single 
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guide RNA (sgRNA), thereby enabling precise and accurate genetic perturbation of 

regulatory elements. Later variants based on the CRISPR system were also developed 

for functional validation. For example, CRISPR interference (CRISPRi) or CRISPR 

activation (CRISPRa) was used to inhibit or activate the regulatory elements by the 

modified Cas9, the link to the gene expression variation (Figure 1.4.3). Recent studies 

have enabled large-scale functional validation for regulatory elements or variants by 

combining CRISPRi and single-cell RNA-seq (Gasperini et al., 2019) (Replogle et al., 

2022) (Morris et al., 2023).  

 

Figure 1.4.3 CRISPR/Cas9 based technologies for perturbing regulatory element 

(Andersson & Sandelin, 2020) 

 

Advantages and disadvantages 

The advantage of the CRISPR/Cas9 system is that it is based on endogenous context, 

including local chromatin background and interactions between multiple regulatory 

elements; and it can directly observe the link between regulatory elements and target 

genes. The disadvantages are: it is still difficult to conduct high-throughput assessment 

on a genome-wide scale; the perturbation results in vivo may involve other regulatory 

factors, such as multiple redundant regulatory elements locally.  
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1.5  Computational strategies to predict 
regulatory element 

From the beginning of regulatory element characterization, many computational 

strategies have been developed to identify and dissect regulatory elements. Most 

computational strategies focus on identifying enhancers and promoters. These 

computational strategies can be classified based on data sources: evolutionary data, 

histone marks, chromatin accessibility data, transcription factor binding, sequence 

features, functional screening data, transcription features, etc. The general strategy of 

traditional methods is:  first preprocess these data to extract and select features; then 

use clustering, classification, regression, and other methods to train the algorithm 

model; and finally identify and dissect the regulatory features.  

In recent years, machine learning has achieved great success in predicting protein 

structure, but predicting gene regulatory rules is much more difficult (Kim & Wysocka, 

2023) (de Boer & Taipale, 2024). Because once the amino acid sequence is 

determined, the protein structure is almost certain (Figure 1.5a). However, as the basic 

grammatical unit of the regulatory element sequence, TF binding motif is not 100% 

fixed. Different TF combinations and distances will affect the activity of the regulatory 

element. And it is also necessary to consider the relationship between regulatory 

elements, such as the specificity and compatibility of promoters and enhancers. In 

addition, gene transcription regulation is quantitative rather than simply on and off. 

Finally, the context of the regulatory activity must be considered, as the same 

sequence may have different functions in different cell types. The above factors will all 

affect the prediction of regulatory elements. 
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Figure 1.5a Protein versus cis-regulatory codes (de Boer & Taipale, 2024). Although 

the code that translates codons to folded proteins is nearly universal (left), the cis-

regulatory code is both species and cell-type specific (right). 

 

Initial machine learning models thus represented cis-regulatory sequences based on 

features such as TFBS, k-mers, in vivo protein binding and epigenetic marks to predict 

enhancer activity or gene expression (Seyres et al., 2016) (Lee et al., 2015). However, 

recent developments in deep learning, and, in particular, convolutional neural networks, 

do not require previous biological knowledge and can learn accurate models directly 

from raw data (i.e. DNA sequences). Most importantly, once trained on raw data, these 

models allow the extraction and interpretation of the learned rules. These interpretable 

rules can then be used to decode the regulatory “syntax” or “grammar”, providing 

detailed information about the arrangement of TFBS, including their number, order, 

orientation and spacing. For instance, recent studies have used deep learning to 

predict TF binding in vivo (Avsec, Weilert, et al., 2021), chromatin accessibility (Avsec, 

Agarwal, et al., 2021), transcriptional reporter activity (Figure 1.5b) (de Almeida et al., 

2022) (Sahu et al., 2022) and effect of genetic variants on gene expression (Lu et al., 

2022). These studies showcase how large-scale functional measurements can be 

used in combination with the power of deep learning models to define regulatory syntax. 

 

Figure 1.5b An example of deep learning model quantitatively predicts enhancer 

activity genome wide from DNA sequence (de Almeida et al., 2022). This is the 

architecture of the multitask convolutional neural network DeepSTARR that was 
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trained to simultaneously predict quantitative Dev and Hk enhancer activities from 249-

bp DNA sequences. 

 

In addition to the algorithm model itself, establishing a gold standard data set and 

standardized data processing are necessary. Systematic evaluation and testing of 

model performance can help optimize algorithm strategies. For example, the random 

promoter DREAM Challenge presented a unique opportunity for participants to 

propose novel model architectures and training strategies for modeling regulatory 

sequences (Rafi et al. 2023). It is foreseeable that there will be more and more such 

algorithm competitions and benchmarks in the coming years.  
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Chapter 2. Impact of regulatory 

elements on disease 

ENCODE results have shown that the number and proportion of regulatory elements 

in the genome far exceed that of gene coding regions. A large number of genome-wide 

association study (GWAS) results also show that most phenotype-related genetic 

variations in the population are located in non-coding regions. Therefore, a 

considerable proportion of research on human diseases has shifted to regulatory 

elements in non-coding regions, leading to the question: Which diseases are 

associated with the variations of regulatory elements? What are the roles and 

mechanisms of regulatory elements in disease? How do identify the causal regulatory 

variants? 

2.1 Genomic variation in the human genome 

2.1.1 Different types of genomic variation 

Before discussing human genetic diseases, what types of genetic variation should be 

known in the human genome? And how many? According to the size and alignment 

structure of the variants, they are divided into Single Nucleotide Polymorphisms 

(SNPs), insertions, deletions, and repeats, as well as chromosome structural variations 

and number variations (Figure 2.1.1). Chromosome structural variation is a change in 

a large segment of the genome, which can be divided into deletion, duplication, 

inversion, insertion, and translocation (Figure 2.1.1). For an individual, the genomic 

variations in the body are divided into germline variants and somatic variants. Germline 

variants are inherited from parents and are usually heritable. Somatic variants only 

exist in somatic cells and are not heritable. The heritable variants are often used in the 

study of genetic diseases. The 1000 Genomes Project sequenced the genomes of 

2,504 individuals from 26 populations, including 84.7 million SNPs, 3.6 million short 

insertion/deletions (indels), and 60,000 structural variants (Genomes Project et al., 

2015). With the increase in large-scale population sequencing and the improvement of 
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genomes (Nurk et al., 2022), the number of variants will keep increasing (Liao et al., 

2023). 

 

Figure 2.1.1 Different genomic variants and larger chromosome structural variation. 

Adopted from NHGRI website: https://www.genome.gov 

 

2.1.2 common and rare SNPs 

In population level, SNPs can be divided into common and rare SNPs according to the 

minor allele frequency (MAF). Normally the common SNPs were defined as MAF more 

than 1% and rare SNPs were defined as MAF less than 1%. The variants usually 

captured in GWAS studies are common SNPs. Due to natural selection, most common 

SNPs have low genetic effects on diseases, and only a few examples show high effects 

(Figure 2.1.2). Usually, rare SNPs exhibit higher genetic effects, especially in 

Mendelian diseases. Therefore, whole genome sequencing of individuals with specific 

phenotypes and individuals with familial disease will be ideal models for detecting rare 

variants in rare diseases.  

 

 

 

https://www.genome.gov/
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Figure 2.1.2 Feasibility of identifying genetic variants by risk allele frequency and 

strength of genetic effect (Manolio et al., 2009). Most emphasis and interest lie in 

identifying associations with characteristics shown within diagonal dotted lines.  

 

2.2 Regulatory element variation in 

diseases 

In regulatory elements (enhancers, promoters, insulators, silencers), enhancers have 

become the main research object due to their large number and wide distribution. 

There are many examples of diseases caused by changes in regulatory elements 

(Table 2.2), which can be into two main categories: regulatory function change caused 

by sequence variation, and regulation target change caused by location variation. 

There are three main situations of functional variation of regulatory elements: loss, gain, 

and switch of regulatory element functions (Figure 2.2a). For example, enhancer 

deletions in β-globin genes lead to β-thalassemia (Kioussis et al., 1983). In the T-ALL 

(T-cell acute lymphoblastic leukemia), somatic insertions introduced a MYB binding 

site and induced the formation of a Neo-enhancer, which activated the oncogene 

TAL1’s expression (Mansour et al., 2014). In obesity, multiple variants on a common 
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haplotype increase the activity of several enhancers (Smemo et al., 2014). In type 2 

diabetes, SNP disrupts the binding of NeuroD1 and decreases enhancer activity to 

affect ZFAND3 gene expression (Pasquali et al., 2014). Bozhilov et al. showed that a 

single base change in the human α-globin cluster creates a new promoter. This 

promoter acts as an orientation-dependent enhancer blocker, downregulating α-globin 

expression, leading to α-thalassemia (Bozhilov et al., 2021). 

 

Figure 2.2a Function variation of enhancers (Zaugg et al., 2022). Enhancer deletion 

caused by deletion or indel may result in loss of distal gene expression. Enhancer gain 

caused by Indel/SNP or duplication may lead to activation of distal genes.  

 

In addition to variations in the regulatory elements, changes in the connection between 

the regulatory elements and the target gene are also important. This is mostly caused 

by changes in chromatin structure, resulting in the loss of connections with original 

target genes and the establishment of connections with new target genes (Figure 2.2b). 

For example, Lupiáñez et al. found disruptions of TADs in limb malformations lead to 

de novo enhancer-promoter interactions and misexpression (Lupianez et al., 2015). 

Gröschel et al. found in leukemia structural rearrangements involving the chromosomal 

repositioning of a single enhancer can cause deregulation of two unrelated distal genes 

(Groschel et al., 2014). Wang et al. identified tens of oncogenes associated with 

enhancer hijacking in Hi-C data from 50 cancer cell lines and primary tumors (Wang et 

al., 2021). 
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Figure 2.2b Enhancer-gene connectivity altered by chromatin structural variation 

(Zaugg et al., 2022). Large structural variations can distort or merge topologically 

associating domains (TADs). As a consequence, enhancer-gene connectivity can be 

lost or gained, resulting in dysregulated gene expression. 
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Table 2.2 Representative examples of enhancer dysfunction driving disease. (Zaugg 

et al., 2022) 
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2.3 Link genomic variations with diseases 

2.3.1 Genome-wide association studies 

Genome-wide association studies (GWAS) have been widely used to detect disease-

associated variants across the whole genome. GWAS are designed to determine 

genotype-phenotype associations by testing differences in allele frequencies of genetic 

variants among individuals with different phenotypes. The experimental workflow of a 

GWAS involves several steps (Figure 2.3.1), including the collection of DNA and 

phenotypic information from a group of individuals; genotyping of each individual using 

available GWAS arrays or sequencing strategies; quality control; imputation of untyped 

variants using haplotype phasing and reference populations; conducting the statistical 

test for association; conducting a meta-analysis; seeking an independent replication; 

and interpreting the results by conducting multiple post-GWAS analyses. As the cost 

of GWAS decreases, more than 5,000 GWAS studies have been applied to more than 

3,000 traits (Uffelmann et al., 2021). Many disease studies have made significant 

progress through GWAS, such as type 2 diabetes, auto-immune diseases, and 

schizophrenia (Visscher et al., 2017). 
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Figure 2.3.1 Overview of steps for conducting GWAS (Uffelmann et al., 2021).  

 

Significant SNPs in GWAS are derived from predetermined tag SNPs in the microarray. 

However, due to the existence of linkage disequilibrium, the significance of these tag 

SNPs only represents correlation with phenotype rather than causality. To determine 

which SNPs are causal SNPs for the phenotype, one method is experimental 

verification, and the other method is fine-mapping. Fine-mapping is a computational 

process designed to prioritize variants that are most likely to be causally related to the 

phenotype of a GWAS based on linkage disequilibrium patterns and association 

statistics (Schaid et al., 2018). 
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2.3.2 Polygenic risk score 

GWAS results indicate that genetic loci affecting complex diseases are often widely 

distributed in the genome. How to evaluate individual disease risk based on GWAS 

results? A polygenic risk score (PRS) is an estimate of an individual’s genetic liability 

to a trait or disease. It is calculated by taking the sum of risk alleles for an individual 

and weighting the risk allele effect size based on the GWAS (Figure 2.3.2). As GWAS 

sample sizes increase, polygenic scores are likely to play a central role in the future of 

biomedical research and personalized medicine (S. W. Choi et al., 2020). 

 

Figure 2.3.2 A genome-wide polygenic risk score (GPS) is based on genome-wide 

association study (GWAS) summary statistics (Liu & Kiryluk, 2018). The optimization 

step enables selection of the best method according to the genetic architecture of a 

disease under study. The validation step requires an external cohort and is critical to 

obtaining reliable metrics of performance. Clinical predictors of absolute risk will 

require incorporation of additional demographic, clinical or lifestyle factors into 

composite risk models. AUROC, area under receiver operating characteristic. 

 

2.3.3 Whole-genome sequencing 

As the cost of sequencing decreases, exome sequencing and whole-genome 

sequencing (WGS) are also used to detect disease variants. For example, the 1000 

Genomes Project, which has sequenced 2,504 people from different populations 

around the world, and the UK Biobank (Halldorsson et al., 2022), which sequenced the 

genomes of 150,119 British people, provided a rich resource of human genetic 

variation. The whole-genome sequencing can comprehensively detect various types 
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of genetic variation, including common and rare variants, insertion, deletion, CNVs, 

and chromatin structural variations.  

 

2.4 GWAS SNPs enriched in regulatory 

elements 

GWAS studies have shown that most common genetic variants fall in regulatory 

regions. For example, Maurano et al. found the majority (~93%) of disease- and trait-

associated variants lie within noncoding sequences according to hundreds of GWAS 

studies (Figure 2.4). Many evidences suggested the involvement of a proportion of 

such variants in transcriptional regulatory mechanisms, including modulation of 

promoter and enhancer elements (Figure 2.4). Andersson et al. used the FANTOM5 

panel of samples, covering the majority of human tissues and cell types, to produce an 

atlas of active, in vivo-transcribed enhancers. Their results showed that disease-

associated SNPs were over-represented in regulatory regions to a greater extent than 

in exons.  

Figure 2.4 Diseases and traits studied by GWAS and distribution of GWAS variants 

(Maurano et al., 2012). The left chart shows the percentage of GWAS SNPs by 

disease/trait class. The right chart shows the location of GWAS SNPs relative to genic 

features.  
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2.5 Complex effect of regulatory element 

variation in diseases 

2.5.1 Redundancy 

One of the complex effects of regulatory elements is redundancy. For example, 

multiple enhancers regulate the same gene. This phenomenon was also called shadow 

enhancers, which was proposed by Mike Levine and colleagues in 2008 (Hong et al., 

2008). In this classic study, the shadow enhancers produce gene expression patterns 

that overlap those produced by the primary enhancers in dorsal-ventral patterning of 

the Drosophila embryo (Hong et al., 2008). Frankel et al. also tested this conception 

by generating a deficiency that removes two shadow enhancers of shavenbaby gene 

in the Drosophila embryo, which lead to extensive loss of trichomes in extreme 

temperatures (Frankel et al., 2010). In mammals, enhancers are remarkably abundant, 

which has led to many studies pointing to shadow enhancers. For example, the mouse 

limb development gene Gli3 and the eye development gene Pax6 are regulated by 

shadow enhancers (Figure 2.5.1) (Kvon et al., 2021). Shadow enhancers might provide 

an important mechanism for buffering gene expression against mutations in non-

coding regulatory regions of genes implicated in human disease. 

But how do multiple enhancers work together? Are they additive or synergistic? 

Thomas et al. found that multiple weak enhancers strongly induce endogenous target 

gene expression (Thomas et al., 2021). This shows the additivity between multiple 

enhancers. But there are also studies showing that introducing a weak enhancer 

between a strong enhancer and the promoter strongly increases reporter gene 

expression, which displayed synergistic of enhancers (Thomas et al. 2023). We still 

need more evidence. 
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Figure 2.5.1 Shadow enhancers confer phenotypic robustness in mammals (Kvon et 

al., 2021). The figure shows shadow enhancer deletions in GLI3 and Pax6 locus yield 

no observable phenotypes in mice. GLI3 is critical for proper limb development, and 

knockout of the encoding gene causes the formation of extra digits. Pax6-deficient 

mice have arrested eye development and no lens formation. 
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2.5.2 Pleiotropy  

Pleiotropy was initially defined as the phenomenon whereby a single gene 

independently affects two or more phenotypes (Mackay & Anholt, 2024). Mackay et al. 

proposed different types of pleiotropy (Figure 2.5.2): pleiotropy indicates shared 

genetic architecture affecting the traits and can occur when a polymorphism 

independently affects more than one trait (‘horizontal’ pleiotropy) or when a 

polymorphism affects one trait which, in turn, affects another (‘mediating’ pleiotropy).  

 

Figure 2.5.2 Different types of pleiotropy (Mackay & Anholt, 2024). Horizontal 

pleiotropy: the same SNP independently affects two (or more) quantitative traits. 

Mediating pleiotropy: a SNP affects one trait, which in turn affects a second trait. 

Apparent pleiotropy: when the traits are not caused by a common SNP but, rather, by 

two (or more) SNPs that are in linkage disequilibrium and each affects one of the traits. 

 

Much evidence has been supported the pleiotropic effect of regulatory elements. 

Chromatin interactions and CRISPRi data have shown that a single enhancer can 

regulate multiple genes (Uyehara & Apostolou, 2023) (Fulco et al., 2016). Laiker et al. 

analyzed active enhancers across human organs based on the analysis of both eRNA 

transcription (FANTOM5 consortium data sets) and chromatin architecture (ENCODE 

consortium data sets) and found that more than 40% of enhancers in the human 

genome are pleiotropic (active in different organs) (Laiker & Frankel, 2022). Watanabe 

et al. analyzed 4,155 GWAS and found that 90% of loci were associated with multiple 

traits (Watanabe et al., 2019). And most of these GWAS-associated variants are 

located in non-coding regions, which are mostly regulatory elements. Therefore, the 



50 
 

pleiotropy of regulatory elements means the temporal pleiotropy in tissue development 

and the pleiotropy of multiple regulatory functions, which in turn leads to the pleiotropy 

of pathological traits. For example, some promoters were found that can function as 

enhancers to regulate multiple distal genes, which could be associated with multiple 

phenotypes or diseases (Malfait et al., 2023) (see ANNEX 1).  
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Chapter 3. Strategies to study the 
impact of genetic variation in cis-
regulatory elements 
Studies examining the impact of genetic variations within regulatory elements are 

generally categorized into two distinct approaches: one focuses on the effect of 

sequence changes within the regulatory elements themselves on regulatory activity, 

and the other investigates the impact of sequence variations in regulatory elements on 

gene expression.  

 

3.1 Evaluation of regulatory sequence 
variation  

The tools for studying the impact of regulatory sequence variations mainly include 

genome editing-based techniques such as CRISPR/Cas9, base editing, prime editing; 

reporter gene-based methods like luciferase reporter assay and MPRA; transcription 

factor binding effect evaluation tools like SNP-SELEX and computational tools. 

3.1.1 Genome editing 

As previously mentioned, CRISPR/Cas9 primarily investigates by observing 

phenotypic changes or gene expression variations before and after deletions in 

regulatory regions. Base editing (Figure 3.1.1) is a novel genome editing strategy that 

precisely alters DNA bases without double-stranded breaks, minimizing off-target 

effects and enabling targeted gene correction for therapeutic and research applications 

(Komor et al., 2016). But base editing has a limited range of targetable base pairs and 

depends on the PAM sequence recognized by the CRISPR system. While reduced 

compared to CRISPR-Cas9, off-target edits can still occur, necessitating thorough off-

target analysis (Rees & Liu, 2018). 

Prime editing (Figure 3.1.1) offers unprecedented precision and flexibility for rewriting 

genetic sequences, enabling the introduction of insertions, deletions, and all types of 

base-to-base conversions without requiring double-stranded DNA breaks (DSBs) or 

donor DNA templates (Anzalone et al., 2019). Approximately 90% of human 
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pathogenic genetic variants are single-base mutations or insertions and deletions of 

fewer than a dozen base pairs, which are types of DNA change that are well within the 

capabilities of prime editing systems (Chen & Liu, 2023).  

 

Figure 3.1.1 Three types of genome editing tools (Chen & Liu, 2023). 

 

3.1.2 Reporter assay 

Luciferase reporter assay is a commonly used reporter assay technology that 

assesses the function of regulatory elements such as promoters and enhancers by 

measuring the activity of a reporter gene (usually the luciferase gene) (Naylor, 1999). 

However, Luciferase reporter assay can usually only test one or a few regulatory 
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sequences at a time and is not suitable for large-scale screening. When quantitatively 

measuring reporter gene activity, differences in background signal, cell status, and 

transfection efficiency may affect the accuracy and reproducibility of the results. 

Therefore, Luciferase Reporter Assay is suitable as a low-cost method for functional 

verification of known sites. 

MPRA (Massively Parallel Reporter Assay) is a high-throughput technique that can 

simultaneously test the impact of thousands to millions of DNA sequences on gene 

expression (as introduced in Chapter 1). Many studies have utilized MPRA to study 

how specific genetic variations affect the activity of regulatory elements. For example, 

Tewhey et al. used MPRA to evaluate of 32,373 variants associated with eQTLs in 

lymphoblastoid cell lines and find 842 variants showing differential gene expression 

between alleles (Tewhey et al., 2016b). Arensbergen et al. leveraged SuRE to survey 

the effect of 5.9 million SNPs on enhancer and promoter activity (van Arensbergen et 

al., 2019). They identified more than 30,000 SNPs that alter the activity of putative 

regulatory elements, partially in a cell-type-specific manner. Abell et al. applied MPRA 

to functionally evaluate genetic variants in high, local LD for independent cis-

expression quantitative trait loci (eQTL) (Abell et al., 2022). They found that 17.7% of 

eQTLs exhibit more than one major allelic effect in tight LD.  

To better access these MPRA resources, I provide a summary table which include 24 

published MPRA studies and 37829 allelic impact SNPs (see supplemental data of 

results part, Chapter 6). Recently, Zhao et al. developed a database called MPRAbase 

(http://www.mprabase.com), which provides regulatory scores associated with 

sequences by re-processing all the published MPRA data 

(10.1101/2023.11.19.567742). This database will be a powerful resource for 

developing machine learning models to predict regulatory activity. 

 

3.1.3 Evaluation of transcription factor binding effect 

Some computational tools have been developed to predict the impact of genomic 

variation on transcription factor binding. The first strategy utilizes position weight 

matrices (PWMs) or transcription factor flexible models (TFFMs) of motifs to predict 

the impact of SNPs on transcription factor binding, for example SNP2TFBS (Kumar et 

al., 2017), RSAT variation-scan (Santana-Garcia et al., 2019), FABIAN-variant 
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(Steinhaus et al., 2022). Another strategy evaluates transcription factor binding effect 

based on ChIP-seq or other epigenomic data, like ANANASTRA (Boytsov et al., 2022) 

and RegulomeDB (Dong et al., 2023). Since the prediction of transcription factor 

binding impact is variable between different strategies, tools like MEME Suite (Bailey 

et al., 2015) and TFmotifView (Leporcq et al., 2020) to view the motifs in some specific 

regions will be more intuitive. An application study also showed how to predict the 

functional effects of genetic variants by analyzing allelic variation in TF binding affinity 

in human lymphoblastoid cell lines (Joanna Mitchelmore et al., 2020).  

Many models based on machine learning, especially deep learning, have also been 

designed for variant effect prediction, such as DeepBind (Alipanahi et al., 2015), 

DeepSEA (Zhou & Troyanskaya, 2015), BPNet (Avsec, Weilert, et al., 2021), etc. 

Recently, Han et al. evaluated the performance of 14 computational models that can 

predict the effects of non-coding variants on TF binding using large-scale in vitro (i.e., 

SNP-SELEX) and in vivo (i.e., allele-specific binding, ASB) TF binding data (Han et al., 

2024). Their evaluation results showed that: for in vitro variant impact prediction, 

kmer/gkm-based machine learning methods (deltaSVM (Yan et al., 2021), QBiC-Pred 

(Martin et al., 2019)) trained on in vitro datasets performed the best; for in vivo variant 

impact prediction, DNN-based multitask models (DeepSEA (Zhou & Troyanskaya, 

2015), Sei (Chen et al., 2022), Enformer (Avsec, Agarwal, et al., 2021)) trained on the 

ChIP-seq datasets exhibited the best performance. 

SNP-SELEX is a high-throughput testing system designed to evaluate the impact of 

genetic variations on transcription factor binding (Figure 3.1.3). It is based on the 

SELEX technique (Systematic Evolution of Ligands by Exponential enrichment), a 

method for selecting nucleic acid molecules from a large random sequence library that 

bind with high affinity and specificity to specific targets such as proteins, small 

molecules, cell surface markers (Jolma et al., 2013). Through SNP-SELEX, Yan et al. 

assessed the binding of 270 human transcription factors to 95,886 non-coding variants 

in the human genome (Yan et al., 2021). This provides a rich experimental resource 

for evaluating the sequence effects on regulatory elements.  
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Figure 3.1.3 An overview of the SNP-SELEX experimental procedure (Yan et al., 

2021). 

3.2 Target gene identification strategies 

Strategies for identifying the target genes of regulatory elements fall into two main 

categories: functional-based and structural-based approaches. The functional-based 

approach examines changes in gene expression triggered by variations in regulatory 

elements, directly revealing the effects of these elements on target genes. However, 

this approach faces challenges in distinguishing between the cis and trans effects. The 

structural-based approach focuses on mapping the physical connections between 

regulatory elements and distant genes via chromatin interactions, but not all chromatin 

interactions necessarily reflect biological function. Therefore, these two strategies can 

be complementary.  

3.2.1 eQTL 

Expression Quantitative Trait Loci (eQTLs) are regions in the genome where genetic 

variants have a statistically significant association with the levels of gene expression. 

The basic steps involved in generating eQTL data include (Figure 3.2.1a): Generation 

of gene expression data: Firstly, tissue samples are collected from various individuals, 

and the expression levels of thousands of genes within these samples are determined 

using high-throughput sequencing technologies (such as RNA-Seq) or microarray 

technologies. Genotype analysis: At the same time, a comprehensive genotyping 

analysis of these individuals is performed to identify genetic variants. Statistical 

association analysis: Statistical methods are utilized to analyze the association 
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between gene expression levels and individual genotypes to identify which genetic 

variations are related to changes in the expression levels of specific genes. These 

associated genetic loci are referred to as eQTLs.  

 

Figure 3.2.1a Overview of eQTL-mapping (Cano-Gamez & Trynka, 2020). In eQTL-

mapping gene expression is profiled in thousands of individuals and the expression 

level of each gene is tested for association with genotypes at SNPs. 

 

Based on the physical location relationship between genetic variations and the gene 

expression they affect, eQTLs can be divided into cis-eQTLs and trans-eQTLs (Liu et 

al., 2019) (Vosa et al., 2021) (Westra et al., 2013). Cis-eQTLs are typically located on 

the same chromosome as the gene expression they affect and are relatively close 

(usually within 1Mb), while trans-eQTLs may be located on different chromosomes or 

far away on the same chromosome (Figure 3.2.1b). It's important to distinguish 

between cis-eQTLs and trans-eQTLs while identifying target genes of regulatory 

elements using eQTLs.  

 

Figure 3.2.1b Scheme of cis-eQTL and trans-eQTL (Shan et al., 2019). 
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The strengths of eQTL analysis include providing a comprehensive strategy for 

identifying the target genes of regulatory elements on a large scale and elucidating the 

connection between an individual's genetic variations and gene expression within the 

full context of human genetics, offering advantages over genome editing in cell lines 

or animal models. The limitations are: eQTLs were focused on common genetic 

variants, most of which have a minor impact on gene expression; it's challenging to 

distinguish between the effects of different variations within the same LD block using 

eQTL analysis; eQTL analysis requires extensive genomic and transcriptomic 

sequencing across a large number of individuals, which can be cost-prohibitive.  

 

3.2.2 High-throughput genetic perturbation 

Another functional-based approach to identifying target genes of regulatory elements 

is detecting gene expression changes by genetic perturbation. For example, Perturb-

seq combines CRISPR-mediated gene perturbations with single-cell RNA sequencing 

(scRNA-seq) (Adamson et al., 2016; Dixit et al., 2016). Through CRISPR and its variant 

systems, researchers can systematically knock out, knock down, or activate hundreds 

or thousands of genes in a single experiment, and then use single-cell RNA 

sequencing to analyze the impact of these perturbations on single-cell gene expression 

patterns. Combining the CRISPR system with single-cell sequencing provides a 

powerful strategy for large-scale in vivo validation of regulatory element functions and 

target gene identification.  

For instance, Fulco et al. assessed sequences spanning over 1 megabase around two 

essential transcription factors, MYC and GATA1, and identified nine distal enhancers 

controlling gene expression and cell proliferation (Fulco et al., 2016). Gasperini et al. 

performed CRISPRi perturbations on 5,920 human candidate enhancers, identifying 

664 cis human enhancer-gene pairs, providing a large-scale framework for mapping 

enhancer-gene regulatory interactions (Gasperini et al., 2019). Replogle et al. 

performed genome-scale Perturb-seq targeting all expressed genes with CRISPR 

interference (CRISPRi) across millions of human cells (Figure 3.2.2a) (Replogle et al., 

2022). This study provides the first genome-wide scale resource for transcriptional 

effects of genetic perturbations. Morris et al. combined biobank-scale GWASs, 
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massively parallel CRISPR screens, and single-cell sequencing to discover target 

genes of noncoding variants for blood trait loci with systematic targeting and inhibition 

of noncoding GWAS loci with single-cell sequencing (STING-seq) (Morris et al., 2023). 

This approach can identify target genes in cis and trans, measure dosage effects, and 

decipher gene-regulatory networks.  

 

Figure 3.2.2a Genome-scale Perturb-seq constructs a comprehensive genotype-

phenotype map (Replogle et al., 2022). 

 

Figure 3.2.2b High-throughput mapping of enhancer–gene interactions with CRISPRi-

FlowFISH (Fulco et al., 2019). Candidate regulatory elements are silenced with 

CRISPR interference, and the outcome is measured by quantifying the expression of 

an endogenous gene. 

 

There are still some limitations in Perturb-seq: high cost, lack of efficiency for lowly 

expressed genes and small effects, and complex analysis. Consequently, some 

relatively low-cost alternatives have been developed. Targeted Perturb-seq (TAP-seq) 
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is a sensitive, inexpensive, and platform-independent method that focuses on single-

cell RNA-seq coverage of genes of interest (Schraivogel et al., 2020). CRISPRi-

FlowFISH (Figure 3.2.2b) combines CRISPR interference (CRISPRi) with flow 

cytometry-based fluorescence in situ hybridization (FlowFISH) technology (Fulco et al., 

2019). Compared to Perturb-seq, which provides a comprehensive view of the impact 

on the entire transcriptome at the single-cell level, CRISPRi-FlowFISH focuses on the 

expression levels of specific target genes, making it more suitable for detailed 

investigation of the functions of specific genes or regulatory elements. 

 

3.2.3 Promoter capture Hi-C 

Chromatin interaction can provide direct physical contact between regulatory elements 

and target genes. 3C and its related derivative techniques are widely used to detect 

chromatin interactions, such as 4C, Hi-C, ChIA-PET, HiChIP, and capture Hi-C. Among 

these, promoter capture Hi-C is used to capture chromatin interactions between 

promoters and distant genomic regions, and these contacts are enriched with 

enhancer-promoter interactions (Figure 3.2.3). For example, Javierre et al. used 

promoter capture Hi-C to identify interacting regions of 31,253 promoters in 17 human 

primary hematopoietic cell types (Javierre et al., 2016). They show that promoter 

interactions are highly cell type specific and enriched for links between active 

promoters and epigenetically marked enhancers. Jung et al. generated maps of long-

range chromatin interactions centered on 18,943 well-annotated promoters for protein-

coding genes in 27 human cell/tissue types (Jung et al., 2019). These large-scale 

promoter capture Hi-C datasets provide comprehensive resources for the connections 

between regulatory elements and target genes.  
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Figure 3.2.3 Promoter capture Hi-C experimental strategy (Schoenfelder et al., 2015).  

3.2.4 ABC model 

Fulco et al. developed the activity-by-contact (ABC) model to predict enhancer–gene 

connections (Figure 3.2.4) (Fulco et al., 2019). The ABC model is a simple yet powerful 

computational framework. In predicting distal element–gene connections within 

CRISPR datasets, the ABC model performs significantly better than other models. This 

model is based on the simple biochemical notion that an element’s quantitative effect 

on a gene should depend on its strength as an enhancer (Activity) weighted by how 

often it comes into 3D contact with the promoter of the gene (Contact). And the 

contribution of an element to a gene’s expression should depend on that element’s 

effect divided by the total effect of all elements.  

 

Figure 3.2.4 Calculation of the ABC score (Fulco et al., 2019). e1 and e2 (red circles) 

represent two arbitrary enhancers for the gene (black arrow).  

 

Because it can make genome-wide predictions in a given cell type that are based on 

readily obtained epigenomic datasets, the ABC model provides a framework for 
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mapping enhancer–gene connections across many cell types. Nasser et al. applied 

the ABC model to create a genome-wide atlas of over six million enhancer-gene 

connections across 131 human cell types and tissues, using these atlases to interpret 

the functions of GWAS variants (Nasser et al., 2021). In 72 diseases and complex traits, 

the ABC model linked 5,036 GWAS signals to 2,249 unique genes. 

 

3.3 Database and resources to study 

regulatory element variation 

In the study of regulatory elements, it is important to know which databases and 

resources are available. Table 3.3 summarizes some commonly used databases and 

resources for investigating variations in regulatory elements.  

Table 3.3 Database and resource to study regulatory element variation 

Research purpose 
Database/resourc

e 
Mainly collected data links 

Regulatory element ENCODE 
Comprehensive 

genome annotation 
https://www.encodeproject.org  

Regulatory element Roadmap 
Histone modifications, 

DNA methylation 

https://egg2.wustl.edu/roadmap/web_portal/index.ht

ml 

Regulatory element FANTOM5 CAGE, RNA-seq https://fantom.gsc.riken.jp/5/data/  

Regulatory element EnhancerAtlas enhancer annotation http://www.enhanceratlas.org/index.php  

Regulatory element 
VISTA Enhancer 

Browser 

experimentally 

validated enhancers 
https://enhancer.lbl.gov 

Human genetic 

variation 
dbSNP SNP data https://www.ncbi.nlm.nih.gov/snp 

Human genetic 

variation 

1000 Genomes 

Project 
variant data https://www.internationalgenome.org  

Human genetic 

variation 
GWAS Catalog 

GWAS associations 

and summaries 
www.ebi.ac.uk/gwas  

Human genetic 

variation 
UK Biobank 

Large scale 

biomedical database 
https://www.ukbiobank.ac.uk  

Human genetic 

variation 
ClinVar 

Variant annotations 

and clinical 

significance 

https://www.ncbi.nlm.nih.gov/clinvar/  

eQTL resource GTEx 
Tissue-specific gene 

expression and eQTLs 
www.gtexportal.org  

eQTL resource eQTL Catalogue 
eQTL data from 

multiple studies 
https://www.ebi.ac.uk/eqtl 

https://www.encodeproject.org/
https://egg2.wustl.edu/roadmap/web_portal/index.html
https://egg2.wustl.edu/roadmap/web_portal/index.html
https://fantom.gsc.riken.jp/5/data/
http://www.enhanceratlas.org/index.php
https://enhancer.lbl.gov/
https://www.ncbi.nlm.nih.gov/snp
https://www.internationalgenome.org/
http://www.ebi.ac.uk/gwas
https://www.ukbiobank.ac.uk/
https://www.ncbi.nlm.nih.gov/clinvar/
http://www.gtexportal.org/
https://www.ebi.ac.uk/eqtl
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Chromatin 

interactions 
4DN Data Portal 4D nucleome data https://data.4dnucleome.org  

Chromatin 

interactions 

WashU Epigenome 

Browser 

Epigenomics and 

chromatin state data 
https://epigenomegateway.wustl.edu/browser/ 

Chromatin 

interactions 

3D Genome 

Browser 
Hi-C http://3dgenome.org/ 

TF binding JASPAR 
TF binding motif 

based on sequences 
https://jaspar.elixir.no/ 

TF binding REMAP 
TF binding peaks 

based on ChIP-seq 
https://remap2022.univ-amu.fr/ 

TF binding TFmotifView 

visualization of 

transcription factor 

motifs 

http://bardet.u-strasbg.fr/tfmotifview/ 

TF binding effect SNP2TFBS 

TF binding effect 

prediction based on 

PWM 

https://epd.expasy.org/snp2tfbs/ 

TF binding effect ANANASTRA 

TF binding effect 

prediction based on 

ChIP-seq 

https://ananastra.autosome.org/ 

TF binding effect 
RSAT variation-

scan 

TF binding effect 

prediction based on 

PWM 

http://rsat.sb-roscoff.fr/retrieve-variation-

seq_form.cgi 

TF binding effect FABIAN 

TF binding effect 

prediction based on 

PWM and TFMM 

https://www.genecascade.org/fabian/  

TF binding effect RegulomeDB 
Annotations of non-

coding DNA variants 
https://regulomedb.org/ 

MPRA resource MPRAbase 
Massive parallel 

reporter assays data 

https://pavlopoulos-

lab.org/shinyapps/app/mprabase 

  

https://data.4dnucleome.org/
https://epigenomegateway.wustl.edu/browser/
http://3dgenome.org/
https://jaspar.elixir.no/
https://remap2022.univ-amu.fr/
http://bardet.u-strasbg.fr/tfmotifview/
https://epd.expasy.org/snp2tfbs/
https://ananastra.autosome.org/
http://rsat.sb-roscoff.fr/retrieve-variation-seq_form.cgi
http://rsat.sb-roscoff.fr/retrieve-variation-seq_form.cgi
https://www.genecascade.org/fabian/
https://regulomedb.org/
https://pavlopoulos-lab.org/shinyapps/app/mprabase
https://pavlopoulos-lab.org/shinyapps/app/mprabase
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Chapter 4. Role of Epromoters in 
disease 

4.1 Epromoters identification 

Although enhancers were initially distinguished from promoters due to their distal 

regulatory functions, Banerji et al.'s paper in 1981 (Banerji et al., 1981) revealed that 

a 72bp segment defined as an enhancer was located about 200bp upstream of a 

gene's transcription start site. By today's definition, this would be considered within the 

promoter region, meaning the first discovered enhancer is also an Epromoter which 

we will discuss here. In recent years many studies found similar chromatin structural 

features (such as H3K4me1) and bidirectional transcription between promoters and 

enhancers (Andersson, 2015). This has given rise to concerns about the enhancer 

function of promoters. Nguyen et al. conducted high-throughput comparisons of 

promoter and enhancer activity in mouse neurons using MPRA, observing a clear 

positive correlation between the activities of enhancers and promoters (Nguyen et al., 

2016). Engreitz et al. knocked out promoters of 12 lncRNAs and 6 protein-coding 

genes in mouse embryonic stem cells, noting that deletions at 9 sites (50%) 

significantly affected the expression of nearby genes (Engreitz et al., 2016). Diao et al. 

performed tiling-deletion across the 2-Mb POU5F1 locus in human embryonic stem 

cells, identifying 17 enhancer-like promoters that exhibit significant long-range 

interactions with the POU5F1 promoter (Diao et al., 2017). At the same time, Dao et 

al. systematically tested enhancer activity of coding gene promoters in Hela and K562 

cell lines by CapStarr-seq (Figure 4.1a). And 632 (3%) and 493 (2.37%) Epromoters 

among 20,719 promoters were identified in K562 and HeLa cells, respectively (Dao et 

al., 2017). In this study, Epromoters were defined as a subset of promoters that display 

enhancer activity to regulate distal gene expression. Dao et al. and Diao et al. 

demonstrate that promoter regions can enhance the expression of distal genes in vivo, 

cautioning against the inference of single proximal target genes for these regions 

(Figure 4.1b) (Catarino et al., 2017). The overlapping between enhancers and 

promoter regions illustrated that the sequence flexibility of different DNA elements 

allows different functions to map to the same sequence (Figure 4.1b).  
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We provided a review to discuss Epromoters which is entitled “Epromoters are new 

players in the regulatory landscape with potential pleiotropic roles” (see ANNEX 1). In 

the review, we discuss the different observations pointing to an important role of 

Epromoters in the regulatory landscape and summarize the evidence supporting a 

pleiotropic impact of these elements in disease.  

 

Figure 4.1a Epromoters were systematically identified by CapStarr-seq in K562 and 

HeLa cells. 
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Figure 4.1b Promoters regulate distal gene transcription (Catarino et al., 2017). (a) 

Deletion of the FAF2 promoter led to loss of distal RNF44 expression. P, promoter 

(Dao et al., 2017). (b) A CRISPR–Cas9-mediated deletion screen using a POU5F1 

allele encoding GFP-tagged protein was used to identify POU5F1 enhancers, including 

the core promoters of the PRRC2A, MSH5, and NEU1 genes (Diao et al., 2017). (c) 

The sequence flexibility of different DNA elements allows different functions to map to 

the same sequence, such that the combination of enhancer and core promoter 

sequences can lead to proximal enhancers (left) or tightly integrated (or interwoven) 

elements (right) TF, transcription factor. (d) Enhancer activity in promoters does not 

necessarily correlate with proximal gene expression (Dao et al., 2017). This might stem 

from the integration of multiple enhancer inputs at promoters (top), the preferential 

regulation of distal genes (middle), or elements having distinct activating (+) or 

repressing (−) effects (bottom). 
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4.2 General features and potential 

mechanism(s) of Epromoters 

Dao et al. have shown the genomic and epigenomic properties of Epromoters: gene 

expression associated with Epromoters is significantly higher than that associated with 

non-Epromoters, but the enhancer activity of Epromoters is not strictly correlated with 

the expression levels of associated genes; Epromoters exhibit a higher ratio of 

H3K27ac to H3K4me3; Epromoters have a higher density of various bound 

transcription factors and motifs; there are more frequent promoter-promoter 

interactions; and they more frequently overlap with eQTLs that affect the expression of 

genes at distal interactions.  

Santiago-Algarra et al. explored the function of Epromoters in response to type I 

interferon. They find that clusters of IFNa-induced genes are frequently associated with 

Epromoters and that these regulatory elements preferentially recruit the STAT1/2 and 

IRF transcription factors and distally regulate the activation of interferon-response 

genes. A remarkable example is provided by the OAS locus where the OAS3 

Epromoter regulates the interferon responses of the OAS1 and OAS2 genes (Figure 

4.2b). Furthermore, they identified and validated the involvement of Epromoter-

containing clusters in the regulation of LPS-stimulated macrophages. These findings 

suggest that Epromoters function as a local hub recruiting the key TFs required for 

coordinated regulation of gene clusters during the inflammatory response. 

 

Figure 4.2a Epromoters might function as regulatory hubs for the coordinated 

induction of gene clusters (Santiago-Algarra et al., 2021). 
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Figure 4.2b The deletion of the OAS3 Epromoter resulted in a dramatic reduction of 

OAS1 and OAS2 induction after IFNa stimulation (Santiago-Algarra et al., 2021). 

 

4.3 Human diseases associated with 

Epromoters 

The discovery of Epromoters opens a new paradigm in the study of regulatory variants 

as a mutation in a promoter could potentially influence the expression of several genes 

or change the relative ratio of promoter versus enhancer activity. Our previous studies 

demonstrated that human genetic variation within Epromoters influences distal gene 

expression (Dao et al., 2017; S. Nisar et al., 2022). Subsequent studies have 

suggested that SNPs affecting distal gene expression are enriched within Epromoters 

(Jung et al., 2019; J. Mitchelmore et al., 2020; M. Saint Just Ribeiro et al., 2022; D. 

Wang et al., 2018), while specific examples highlight the distal impact of disease-

associated variants within Epromoters (Chandra et al., 2021; S. Nisar et al., 2022; V. 

Rusu et al., 2017; I. A. Sergeeva et al., 2016; Yagihara et al., 2016). For example, TF 

binding variation at the promoter of CLOCK gene does not affect CLOCK expression, 
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instead associates with the expression of distal gene SRD5A3, whose promoter it 

contacts in 3D as detected by PCHi-C (Figure 4.3a) (Joanna Mitchelmore et al., 2020). 

Two studies demonstrated that an alternative variant associated with prostate cancer 

increases the enhancer activity of the promoter leading to increased expression of two 

distal transcripts directly involved in cancer progression (Gao et al., 2018; Hua et al., 

2018). 

 

Figure 4.3a The variation in ELF1 binding affinity at promoter of CLOCK gene affects 

the expression of distal gene SRD5A3 (Joanna Mitchelmore et al., 2020). 

 

Based on the above studies, we proposed the hypothesis that Epromoters might have 

a pleiotropic effect on the diseases by perturbing the expression of several genes at 

the same time. It might be envisioned that GWAS variants lying within Epromoters 

might regulate the expression of distal disease-causing genes. As suggested by the 

Epromoter’s finding, a mutation in a promoter could potentially influence the expression 

of several genes or change the relative ratio of promoter versus enhancer activity, thus, 

resulting in a variety of potential changes in the relative expression of neighboring 

genes (Figure 4.3b). The complex regulation by Epromoters might have two predicted 

consequences. On the one hand, there might be a general underestimation of the 

impact of Epromoter variation in disease because the causal gene might not be the 

closest one and therefore the link between genotype and phenotype might be missed 

in many case studies. On the other hand, as Epromoters potentially regulate several 
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genes at the same time and have the ability to efficiently recruit essential TFs, 

mutations in these regulatory elements are expected to have a stronger (higher 

penetrance) and/or pleiotropic (be involved in several diseases/traits) impacts on 

disease. Genetic variants might influence the intrinsic activity of Epromoters to 

primarily work as a promoter or as an enhancer, which might have an important impact 

on phenotypic traits and diseases. For instance, a genetic variant lying within an 

Epromoter might impact the expression of the proximal but also of one or several distal 

genes. The variant can generally affect the regulatory activity of the Epromoter or 

differentially impact the promoter or enhancer activity. These complex genetic 

regulations might result in either synergistic or additive (all affected genes are involved 

in the same disease/trait) or pleiotropic (each affected gene is involved in a different 

disease/trait) effects (Figure 4.3b).  

 

Figure 4.3b Effects of Epromoter variation on gene regulation (Malfait et al., 2023). (A) 

Different potential impacts of Epromoter genetic variation on proximal and distal gene 

expression. In the reference (ref) haplotype, proximal and distal genes transcription 

are regulated by the Epromoter. In the alternative (alt) haplotypes, the promoter (blue 

arrows) and enhancer (red arrows) activities could increase (thicker arrows) or 
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decrease (thinner and dashed arrows), resulting in up-or down-regulation of the 

associated genes. (B) Genetic variants at Epromoters might result in either 

synergistic/additive (all affected genes are involved in the same disease/trait) or 

pleiotropic (each affected gene is involved in a different disease/trait) effects.  

 

As discussed in our review (Malfait et al., 2023) (see ANNEX 1), we have found some 

representative instances that show genetic variants at Epromoters affect distal gene 

expression to lead to diseases. For example, as shown in Figure 4.3c (A), the variant 

rs11672691 within the internal PCAT19 promoter is associated with prostate cancer. 

The alternative variant switches the relative promoter and enhancer activity resulting 

in up-regulation of the most upstream PCAT19 promoter and the distal gene 

CEACAM21. Figure 4.3c (B) shows the variant rs1046496 within the BAZ2B promoter 

is associated with hypothyroidism. The alternative variant decreases the transcription 

of the MARCHF7 gene. Figure 4.3c (C) shows the variant rs922483 within the BLK 

promoter is associated with systemic lupus erythematosus. The alternative variant 

decreases the transcription of the BLK gene while increasing the expression of the 

FAM167A gene. Figure 4.3c (D) shows a haplotype of five variants containing the lead 

variant rs10900585 within the internal promoter of ATP2B4 is associated with severe 

malaria. The alternative variant switches the relative promoter and enhancer activity 

resulting in up-regulation of the most upstream ATP2B4 promoter. More diseases 

associated variants in Epromoters have been listed in Table 4.3.  
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Figure 4.3c Examples of Epromoter variation associated with diseases (Malfait et al., 

2023). 
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Table 4.3 List of diseases associated variants in Epromoters (updated from Malfait et 

al., 2023) 

 

 

  

Disease 
Epromoter-

containing variant 
Affected gene(s) Evidence Ref. 

Prostate Cancer 
PCAT19-short 

isoform 

PCAT19-long & short 
isoforms, 

CEACAM21 

P-P interaction, Enhancer & promoter 
reporter assays, CRISPR-Cas9 genome 
editing, CRISPR interference/activation 

(Gao et al., 
2018; Hua 

et al., 2018) 

Systemic lupus 
erythematosus 

BLK BLK, FAM167A P-P interaction, CRISPR interference, 

(Mariana 
Saint Just 
Ribeiro et 
al., 2022) 

Severe Malaria 
ATP2B4-short 

isoform 
ATP2B4-long & short 

isoforms 
Enhancer & promoter reporter assays, 

CRISPR/Cas9 genome editing 

(Samia 
Nisar et al., 

2022) 

Cardiovascular 
diseases 

Nppb Nppa 
P-P interaction, 

Mouse transgenic models 

(Man et al., 
2018; Irina 

A. Sergeeva 
et al., 2016) 

Type 2 diabetes ARAP1 PDE2A CapSTARR-seq, eQTL 

(Kulzer et 
al., 2014; 
Medina-
Rivera et 
al., 2018) 

Rheumatoid arthritis CCR6 RNASET2 P-P interaction, eQTL 
(Chandra et 
al., 2021) 

Systemic lupus 
erythematosus 

TREH CXCR5 P-P interaction, eQTL 
(Su et al., 

2020) 

Crohn disease SMAD3 SMAD3, AAGAB P-P interaction, eQTL 

(Mumbach 
et al., 2017; 
Y. Wang et 
al., 2018) 

Coronary artery 
disease 

CDKN2B IFNA2 P-P interaction 
(Li et al., 

2019) 

Multiple cancers TERT CLPTM1L 
Somatic mutations, correlation with gene 

expression 
(Fredriksson 
et al., 2014) 

Type 2 diabetes INS SYT8 P-P interaction, siRNA 
(Xu et al., 

2011) 

Schizophrenia VSP45 AC244033.2, C1orf54 
P-P interaction, CRISPR-Cas9 genome 

editing, CRISPR interference 
(Zhang et 
al., 2023) 
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Chapter 5. Background and objectives 
of the PhD work 

In our team's previous work, we developed CapSTARR-seq for high-throughput 

detection of enhancer activity in specific genomic regions (Vanhille et al., 2015). The 

team then used CapSTARR-seq to systematically detect the enhancer activity of the 

human core promoter in K562 and Hela cell lines (Dao et al., 2017). They 

demonstrated that a subset of gene-promoters, termed Epromoters, actually works 

also as bona fide enhancers and regulates distal gene expression. More recent results 

suggested that Epromoters might play an essential role in the coordination of rapid 

gene induction during the inflammatory response (Santiago-Algarra et al., 2021). It 

appears that Epromoters work as a hub for recruiting the essential transcription factors 

(TFs) required for gene activation in different stress conditions and establishing 

connections with the other distal response genes.  

According to these previous studies, my PhD work was primarily focused on the impact 

of genetic variants at Epromoters on human diseases. The basic hypothesis of my PhD 

work is that genetic variants at Epromoters might have a multi-effect on regulatory 

networks and diseases (Figure 5.1). This means that genetic variants at Epromoters 

could affect the proximal and/or distal gene expression, which leads to different 

phenotype variations and diseases. Therefore, the research questions are: How many 

Epromoters are in the human genome? What are the genomic features that distinguish 

Epromoters from typical promoters? Which diseases are associated with Epromoters? 

Does genetic variation at one Epromoter associate with multiple diseases? How do 

variants at Epromoters affect multiple gene expressions associated with different 

diseases? 
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Figure 5.1 Hypothesis: genetic variants at Epromoters might have a multi-effect on 

regulatory networks and diseases. 

 

Based on the hypothesis and research questions, the goal of my PhD work was: First, 

to build a comprehensive resource of Human Epromoters; Second, to describe the 

general features of Epromoters; Third, to evaluate the association between genetic 

variants and Epromoters in diseases. To accomplish these goals, we established the 

following general strategy (Figure 5.2): First, we collected STARR-seq datasets from 

published studies or databases and generated CapSTARR-seq resources in different 

human cell lines; Second, we identified Epromoters based on the enhancer activity 

regions from STARR-seq datasets; Third, we analyzed the genomic features of 

Epromoters as comparing with typical promoters; Then we utilized the GWAS resource 

to overlap the genetic variants with Epromoters; We used the eQTL datasets to identify 

the target genes of genetic variants at Epromoters; Last, the variants at Epromoters 

were validated by an MPRA resource.  

The results are described in the draft entitled “Comprehensive mapping of genetic 

variation at Epromoters reveals pleiotropic associations with multiple disease traits” 

(Chapter 6). I also participated in a second study which focused on the role of 

Epromoters in the Stress response (under preparation; Chapter 7). Finally, the 

genomic resources generated during my PhD are currently used in different ongoing 

collaborations inside and outside our institute (see Perspective section; Chapter 6, 

section 6.2), including a study recently published (Castillo et al., 2024) (ANNEX 2).  
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Figure 5.2 The general strategy to study the impact of genetic variants at Epromoters 

on human diseases.  
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Abstract 
There is growing evidence that a wide range of human diseases and physiological 

traits are influenced by genetic variation of cis-regulatory elements. We and others 

have shown that a subset of promoter elements, termed Epromoters, also function as 

enhancer regulators of distal genes. This opens a paradigm in the study of regulatory 

variants, as single nucleotide polymorphisms (SNPs) within Epromoters might 

influence the expression of several (distal) genes at the same time, which could 

disentangle the identification of disease-associated genes. Here, we built a 
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comprehensive resource of human Epromoters using newly generated and publicly 

available high-throughput reporter assays. We showed that Epromoters display 

intrinsic and epigenetic features that distinguish them from typical promoters. By 

integrating Genome-Wide Association Studies (GWAS), expression Quantitative Trait 

Loci (eQTLs), and 3D chromatin interactions, we found that regulatory variants at 

Epromoters are concurrently associated with more diseases and physiological traits, 

as compared with typical promoters. To dissect the regulatory impact of Epromoter 

variants, we evaluated their impact on regulatory activity by analyzing allelic-specific 

high-throughput reporter assays and provided reliable examples of pleiotropic 

Epromoters. In summary, our study represents a comprehensive resource of 

regulatory variants supporting the pleiotropic role of Epromoters. 

 

Introduction 
 

In higher eukaryotes, gene transcription is regulated through the involvement of 

regulatory elements that are located near the transcription start site (TSS), called 

promoters, and those that are located far from TSS, called enhancers. This classical 

definition implies that enhancers activate gene expression at a distance while 

promoters induce local gene expression. However, several lines of evidence have now 

established that some coding-gene promoters, termed Epromoters, also work as bona 

fide enhancers in different cellular contexts from drosophila to humans (Arnold et al., 

2013; Corrales et al., 2017; Dao et al., 2017; Diao et al., 2017; Engreitz et al., 2016; 

Malfait et al., 2023; Nguyen et al., 2016; Rajagopal et al., 2016; Santiago-Algarra et 

al., 2021; Zabidi et al., 2015). These elements can regulate distal promoters when 

assessed in episomal reporter systems, as well, and more importantly, in their natural 

context. Subsequent studies have shown that Epromoters work as a hub for recruiting 

essential transcription factors (TFs) required for gene activation in different 

inflammatory and stress conditions and establishing connections with other distal 

response genes within the same clusters to ensure a rapid coordinated expression 

response (Dao et al., 2017; Santiago-Algarra et al., 2021). Although typical enhancers 

and promoters are generally distinguished by their relative location to the TSS of genes 

that they regulate, their shared architectural properties have suggested a unifying 

model of gene regulation by cis-regulatory elements (Andersson & Sandelin, 2020; 
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Core et al., 2014; Kim & Shiekhattar, 2015; Malfait et al., 2023; Medina-Rivera et al., 

2018; Tippens et al., 2018). Previous studies have suggested that Epromoters share 

functional and architectural properties with both types of cis-regulatory elements 

(Andersson & Sandelin, 2020; Malfait et al., 2023; Medina-Rivera et al., 2018), but the 

intrinsic features driving the specific enhancer and promoter function of Epromoters 

are not yet elucidated. 

 

 

There is growing evidence that a wide range of human diseases is influenced by the 

dysfunction of cis-regulatory elements caused by genetic, structural, or epigenetic 

mechanisms (Zaugg et al., 2022). These processes frequently underpin the 

susceptibility to common diseases but can be also directly involved in cancer or 

Mendelian diseases. The advent of genome-wide association studies (GWASs) in the 

past decade has been a great endeavor in genomic research toward identifying genetic 

variants associated with candidate genes for common diseases. The majority of these 

genetic variants are found in non-coding regions and, therefore are likely to be involved 

in regulatory mechanisms controlling gene expression (Deplancke et al., 2016; 

MacArthur et al., 2017; Maurano et al., 2012). However, a major challenge in 

interpreting the impact of genetic mutation or variation in disease is to identify the 

targets that are impacted by the genomic alteration, which might not necessarily be the 

closest genes and might have confounding features (Xia et al., 2016). Despite this, 

most studies select the closest gene to the associated GWAS variant to establish 

possible causal mechanisms, namely when the variant lies in the vicinity of a TSS or 

within an intronic region. However, GWAS variants might regulate the expression of 

distal disease-causing genes, in particular when lying within Epromoters. 

 

The discovery of Epromoters thus opens a new paradigm in the study of regulatory 

variants. A mutation in a promoter could potentially influence the expression of several 

genes or change the relative ratio of promoter versus enhancer activity. This could 

result in a variety of potential changes in the relative expression of neighboring genes. 

In addition, it is plausible that the same cis-regulatory element displays preferential 

promoter activity in some tissues while displaying increased enhancer activity in other 

tissues, depending on the expressed combination of TFs and the epigenetic context 

(Chandra et al., 2021; Dao et al., 2017; Leung et al., 2015). Given the potential 
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regulation of proximal and distal genes by Epromoters, we hypothesized that genetic 

variation or mutation at Epromoters might therefore impact several physiological and 

pathological traits simultaneously.  

 

To better assess the functional properties of Epromoters and the impact of genetic 

variation on physiological traits and diseases, we generated a comprehensive resource 

of human Epromoters by combining published and newly generated STARR-seq data 

from different cell lines and conditions. Epromoters displayed intrinsic genomics and 

epigenomics features that distinguish them from typical promoters. Furthermore, we 

found that Epromoters have a higher probability of being associated with multiple 

different GWAS traits, suggesting they are more pleiotropic. Strikingly, Epromoter 

pleiotropy was found to be associated with distal gene regulation and functional 

regulatory variants. Our finding supports the hypothesis of an important and pleiotropic 

role of Epromoter variation on the ontogeny of different diseases and physiological 

traits. 

 

Results 
 

A comprehensive resource of human Epromoters 

To recover active enhancer regions in different cell types we recovered whole genome 

STARR-seq, ChIP-STARR-seq and CapSTARR-seq experiments from 28 datasets 

comprising 11 human cell lines and stimulatory conditions, including interferon-alpha 

(IFNa) and multiple drug treatments (Supplemental Table S1). We retrieved a total of 

58,388 non-redundant STARR-seq enhancers. We defined Epromoters as genomic 

regions of 500 bp upstream of the TSS of any coding gene that overlapped an active 

enhancer as defined by the STARR-seq assays (Figure 1a). The percentage of active 

enhancers that were defined as Epromoters ranged from 2.3% to 35.0% depending on 

the STARR-seq dataset (Supplemental Figure S1a). This resulted in a non-redundant 

set of 5,743 Epromoters, associated with 5,546 genes, and representing 15.4% of total 

coding-gene promoters (Supplemental Table S2). The percentage of Epromoters in 

each cell type/condition ranged from 0.3% to 2.9% (Figure 1b; Supplemental Table 

S3), with, on average, 1.5% of total coding gene promoters per experimental dataset 

(Figure 1c). For the majority of cell lines, more than 50% of Epromoters were also an 
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Epromoter in at least one other cell line (Figure 1d). Overall, 36.2% of Epromoters were 

shared between at least two cell lines (Figure 1e), supporting a physiologically diverse 

role of Epromoters. 

 

We compared the average expression and tissue-specificity between non-redundant 

Epromoter-associated genes and the total set of genes using a comprehensive RNA-

seq dataset across 30 tissues (Uhlen et al., 2016). We observed that Epromoter-

associated genes were significantly more expressed (Figure 1f) and less tissue-

specific (Figure 1g) than genes not associated with Epromoters. In order to compare 

our model Epromoters with a relevant set of typical promoters, we retrieved, for each 

of the 5,743 Epromoters, a typical promoter associated with a gene with a matching 

expression pattern to the Epromoter-associated gene across different tissues 

(hereafter termed “control promoters'', n=5,743; Supplemental Figure S1b-c and 

Methods section). As shown in Figures 1f-g, genes associated with control promoters 

displayed similar average expression and tissue-specificity as Epromoter-associated 

genes, justifying the use of this control set as a proxy for typical promoters with similar 

promoter activity as Epromoters. 

  

We assessed the transcriptional complexity of Epromoter-associated genes (i.e., 

number of TSS per gene) (Figure 1h). We observed that Epromoters were associated 

with genes harboring on average more TSS than other promoters (median value for 

Epromoters= 4). This suggests that in some cases, Epromoters might regulate an 

alternative promoter of the same gene, as previously suggested (Dao et al., 2017). We 

then assessed the 3D interactions between Epromoters and other distal promoters. 

We retrieved promoter-promoter (P-P) interactions based on published promoter-

capture HiC (Javierre et al., 2016; Jung et al., 2019) and ABC models (Nasser et al., 

2021) across a wide set of tissues. We observed that Epromoters and control 

promoters displayed a higher number of promoter interactions as compared to typical 

promoters, and to a lesser extent, to control promoters (Figure 1i), supporting the idea 

that Epromoters are more likely to be involved in distal gene regulation.  

 

Finally, we predicted that the inactivation of Epromoters should affect the expression 

of neighboring genes. To assess the impact of Epromoters on distal gene expression, 

we analyzed a comprehensive Perturb-seq dataset in which all coding-gene promoters 
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had been repressed by CRISPR-based inactivation (CRISPRi) followed by single-cell 

RNA-seq analysis (Replogle et al., 2022). We first identified a set of 5,054 promoters 

that had been efficiently inactivated (i.e. the associated gene is among the top 2 of 

repressed genes). We then identified the promoters for which CRISPRi resulted in the 

repression of cis-distal genes (< 1 Mb) (Supplemental Table S4). We found that 

Epromoters significantly overlapped with the set of promoters associated with distal-

gene regulation (hypergeometric test, P value = 0.02), while the control promoters did 

not. For example, CRISPRi repression of DNAJC9- and ATP5MC1-associated 

Epromoters resulted in downregulation of P-P interacting genes MRPS16 and UBE2Z, 

respectively (Figure 1j). Similar results were found using a CRISPRi screen with a more 

restricted dataset (Gasperini et al., 2019) (P value = 0.01 for Epromoters, non-

significant for control promoters). These results confirmed the potential regulation of 

distal genes by the identified Epromoters.  

  

Overall, we have generated a comprehensive resource of human Epromoters based 

on STARR-seq data and confirmed their functional relevance as distal cis-regulatory 

elements. 

  

Epromoters display specific genomic and epigenomic features 

We then asked whether there are specific genomic features that distinguish 

Epromoters from typical promoters. To make sure that the observed differences are 

not due to intrinsic promoter activity, but related to the enhancer activity, we further 

compared the Epromoters to the set of control promoters defined above.  

 

First, we looked at phylogenetic conservation between Epromoters and typical 

promoters by comparing sequence conservation across placental mammals 

(Zoonomia, 2020). Most promoters from both subsets are under positive evolutionary 

constraint (Figure 2a; conservation score > 0), however, Epromoters are significantly 

more conserved than control promoters, potentially indicating that changes to 

Epromoters are unfavorable, i.e. they have indispensable function.  

 

CpG islands (CGIs) are an important component of mammalian promoters. We found 

that 63% of Epromoters overlapped with CGIs as compared with 57% of control 

promoters (Figure 2b) (Chi-squared test, P value = 3.5x10-12), in agreement with the 
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ubiquitous expression of Epromoter-associated genes. CGIs are naturally enriched for 

G-quadruplexes (G4), which are secondary DNA structures suggested to play an 

important role in defining the chromatin structure and regulatory activity of cis-

regulatory elements (Cyril Esnault et al., 2023; C. Esnault et al., 2023; Matos-

Rodrigues et al., 2023). We, therefore, assessed whether G4 predictions were 

enriched at Epromoters (Figure 2c), using the G4hunter tool (Bedrat et al., 2016). While 

G4s were not enriched at Epromoters-overlapping CGIs, we found that non-CGI 

Epromoters harbor significantly more G4 as compared with control non-CGI promoters 

(Kolmogorov-Smirnov test). Similar results were obtained using different G4 prediction 

metrics (Supplemental Figure S2a-b). This suggests that beyond the CpG content, the 

density of G4 might have an important contribution to the Epromoter activity, 

reminiscent of a potential role of G4 structure at distal enhancers (Lyu et al., 2022).  

 

To assess the complexity of transcription factor binding sites (TFBS) in Epromoters 

compared to the control promoter set we retrieved the overlap between the family of 

TFBS (non-redundant) based on the JASPAR database (Castro-Mondragon et al., 

2022) and promoter elements. We found that Epromoters displayed higher density 

(i.e., number of TFBS per promoter; Figure 2d) and diversity (i.e., number of different 

TFBS families per promoter; Figure 2e) of TFBS as compared to control promoters. 

We then assessed the number of different TF-binding peaks (non-redundant) per 

promoter, using the ChIP-seq catalog from ReMap (Hammal et al., 2022). We found 

that Epromoters were bound by a higher number of TFs (Figure 2f), and across a 

higher number of biotypes (i.e., different cell types; (Figure 2g) (Chi-squared test). 

These findings align with the understanding that Epromoters are more complex cis-

regulatory elements and the broader expression of their associated genes. To 

determine whether TF binding could distinguish between Epromoters and typical 

promoters, we conducted a nonlinear dimensionality-reduction using uniform manifold 

approximation and projection (UMAP) analysis using the TF binding information from 

ReMap (Figure 2h). We found that the primary dimension (UMAP1) was tightly 

associated with TFBS density (Figure 2h). Strikingly, three promoter groups could be 

identified based on the UMAP1 dimension that roughly separated Epromoters from 

control promoters (Figure 2i; P value = 1.1x10-45; Chi-Squared test comparing group 1 

versus group 3; Supplemental Figure S2c), with the Epromoter-enriched cluster (group 

1) displaying higher TF-binding density. We then identified the TFs that were 
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specifically enriched in Epromoters as compared to control promoters (Figure 2j). 

Among the top 25 enriched TFs, we found several inducible TFs such as the AP1 family 

(JUN, JUND and FOS), NfkB (RELA), STAT3 and ATF3. In addition, we also found 

EP300 (Rada-Iglesias et al., 2011), SMARCA4 (Hodges et al., 2018) and BRD2 

(Cheung et al., 2017) in the top 5 enriched TFs, which are general co-factors 

associated with enhancer function (Supplemental Figure S2d-f).  

 

Finally, we investigated the association with transcription initiation using the CAGE 

resource from FANTOM5 (Andersson et al., 2014). It has been previously shown that 

the strength of transcription initiation correlated with enhancer activity at both proximal 

and distal regulatory elements (Core et al., 2014; Dao et al., 2017; Henriques et al., 

2018; Mikhaylichenko et al., 2018; Rennie et al., 2018). We observed that Epromoters 

were more frequently associated with divergent transcription (Figure 2k; Chi-squared 

test, P value = 4.9x10-3), as well as with more forward and reverse CAGE signals 

(Figure 2l). This latter observation suggests that Epromoters are associated with 

increased (bidirectional) transcription initiation, potentially reflecting the enhancer 

activity of Epromoters. Additionally, we assessed the recruitment of RNA-Polymerase 

II (RNAPII) to Epromoters and controls using a comprehensive RNAPII binding atlas 

(de Langen et al., 2023). Consistent with the CAGE results, we observed that 

Epromoters display more RNAPII binding (Figure 2m). This is reminiscent of a recent 

study suggesting a prominent role of RNAPII binding on the stabilization of distal 

interaction between cis-regulatory elements (Barshad et al., 2023). 

  

Overall, we found that Epromoters display specific genomics and chromatin features 

compared to control promoters with similar transcriptional activity.  

  

Genetic variation associated with Epromoters. 

First, we overlapped Epromoters and control promoters with both rare and common 

variants (SNP) from the SNPdb (NCBI) database. Both common and rare variants were 

significantly enriched at Epromoters (P values = 4.7x10-15 and 6.2x10-71, respectively; 

Chi-Squared test). We then extracted 186,120 variants associated with 4,138 

Genome-Wide Association Studies (GWAS) from the GWAS catalog (Sollis et al., 

2023) and retrieved over 2.4 million common SNPs in high linkage disequilibrium (LD; 

r2 > 0.8; 1000 Genomes project) with GWAS tag SNPs (Figure 3b; hereafter, GWAS-
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SNPs). We obtained 4,330 and 4,062 GWAS-SNPs overlapping 2,301 Epromoters and 

2,241 control promoters, respectively (Supplemental Table S5). In fact, 40% of 

Epromoters and 39% of control promoters harbored at least one GWAS-SNP (Figure 

3c). 

 

We further investigated the enrichment of GWAS in Epromoters. In total, 1,251 GWAS 

traits are associated with 4,330 SNPs at Epromoters (Supplemental Table S5). We 

found that 184 GWAS traits were significantly enriched at Epromoters compared to the 

genome background (P value < 0.001; hypergeometric test) while 12 GWAS traits were 

differentially enriched as compared with control promoters (P value < 0.05; Chi-

squared test; Supplemental Table S6; Figure 3d). To assess the heritability of 

Epromoters for GWAS, we calculated the partitioned heritability of 176 GWAS 

summary statistics using the LD score regression model (Finucane et al., 2015) for 

Epromoters, control promoters, FANTOM-enhancers (Andersson et al., 2014), and 

UCSC-defined promoters and coding regions (Supplemental Figure S3). We observed 

that certain GWAS traits displayed high heritability either in Epromoters, control 

promoters, or enhancers, but low heritability in total promoters and coding regions. 

Overall, we found that Epromoters were associated with specific physiological traits or 

diseases.  

 

Further analysis focused on the association of Epromoters with multiple GWAS traits. 

Epromoters exhibited more GWAS traits per GWAS-SNP and per promoter than 

control promoters (Figure 3e and 3f, respectively). This observation suggested that 

Epromoters are associated with a broader range of traits, possibly indicating pleiotropy, 

referred here as to a single cis-regulatory element affecting more than one trait 

independently (Cano-Gamez & Trynka, 2020). Additionally, we investigated whether 

pleiotropic GWAS-SNPs were associated with different GWAS categories. Indeed, 

Epromoters and their associated GWAS-SNPs were found to be more frequently 

associated with different GWAS categories (Figure 3g and 3h, respectively), 

supporting the hypothesis that Epromoters play a more pleiotropic role than typical 

promoters in influencing diverse traits. 

  

Epromoter’s pleiotropy is associated with the regulation of multiple target genes 
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To identify potential target genes associated with Epromoter variation, we integrated 

expression Quantitative Trait Loci (eQTL) datasets obtained from the fine-mapped 

credible sets within the EBI eQTL Catalog (Kerimov et al., 2021). From 9,137,260 fine-

mapped eQTLs, we found 5,843 associated with 2,768 Epromoters and 5,644 

associated with 2684 control promoters (Supplemental Table S5). In general, 

Epromoter and control promoter-associated GWAS-SNPs were found to be enriched 

in eQTLs (Figure 4a) (P values = 6.2x10-59 and 2.6x10-53 for Epromoter and control 

sets, respectively; Chi-squared test), highlighting the regulatory potential of these 

variants. Specifically, 48.2% and 47,7% of GWAS-associated Epromoters and control 

promoters overlapped with at least one eQTL, respectively. Among 2,768 Epromoters 

and 2,684 control promoters with eQTLs, approximately half exhibited at least two 

eQTLs. 

 

Furthermore, our analysis delved into the association of eQTLs with proximal, distal, 

or both proximal and distal target genes (Figure 4b). As expected, Epromoter eQTLs 

were less associated with proximal genes as compared with control eQTLs (Figure 4b) 

(P value = 0.006 for all eQTLs, P value = 0.05 for GWAS eQTLs, Chi-squared test). 

Surprisingly, GWAS SNPs were depleted of proximal eQTLs (P value = 3.3x10-9, 

Wilcoxon test) and enriched in proximal-distal eQTLs (P value = 1.4x10-9, Wilcoxon 

test) for both Epromoter and control promoters sets. However, this category might 

represent a mixture of cis and trans effects (Liu et al., 2019; Vosa et al., 2021; Westra 

et al., 2013), likely combining a cis effect on the proximal gene and trans effects on 

distal genes (see below).  

 

Next, we compared the pleiotropic impact on diseases of eQTLs associated with either 

proximal, distal or proximal and distal genes (Figure 4c). On the one hand, both 

Epromoters and control eQTLs with both proximal and distal targets were highly 

pleiotropic, with no significant differences between the two sets (median of GWAS traits 

= 3; Wilcoxon test). As mentioned above, we believe most of these pleiotropic eQTLs 

are associated with both cis and trans effects. On the other hand, Epromoters with 

proximal- or distal-only eQTLs demonstrated higher pleiotropy than corresponding 

control eQTLs, suggesting a stronger role of Epromoter variants on cis-regulatory 

functions. To confirm that the pleiotropy associated with distal eQTLs from Epromoters 

was due to cis interaction with distal targets (as opposed to trans effects), we analyzed 
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their consistency with P-P interactions (Figure 4d). Strikingly, Epromoters with 

consistent distal targets displayed a significant increase in pleiotropy, affirming the link 

between Epromoter variants and the actual regulation of distal genes. Control 

promoters did not exhibit the same trend, emphasizing the unique regulatory role of 

Epromoters in distal gene interactions.  

 

As we found that Epromoters are frequently associated with genes harboring multiple 

TSSs (Fig. 1h), we wondered whether the higher pleiotropy observed with proximal 

eQTLs might be linked to distal regulation by alternative promoters as previously 

suggested (Dao et al., 2017). Indeed, we observed a higher pleiotropy only at 

Epromoters associated with multiple TSSs (Figure 4e). In fine, the higher pleiotropy 

observed at Epromoters appears to be linked to the actual regulation of distal targets, 

including either alternative promoters or distal genes.  

  

 

 

A pleiotropic Epromoter variant associated with COVID-19 shows 

enhancer/promoter switch 

Among the promoters that contain disease-associated SNPs, we identified six 

Epromoters that we previously demonstrated by CRISPR-Cas9 genetic deletion to 

regulate distal genes, including OAS3, ISG15, IFIT3, IL15R, METTL21 and BAZ2B 

(Dao et al., 2017; Santiago-Algarra et al., 2021) (Supplemental Table S5). This 

supported a functional link between the genetic variants at these Epromoters and the 

regulation of distal genes. Among those, the OAS3 Epromoter provided a remarkable 

example of a pleiotropic locus. The OAS3 gene is embedded in a cluster that also 

includes OAS1 and OAS2 (Figure 5a), which all encode for the oligoadenylate 

synthetase (OAS) family of proteins and play an important role in antiviral immunity 

(Hornung et al., 2014). The OAS1/2/3 locus is a highly pleiotropic locus associated with 

several diseases, including asthma, blood protein measurement, chronic leukemia, 

systemic lupus erythematosus, and severe COVID-19 (Supplementary Table 5). 

Furthermore, the minor allele haplotype of the OAS1/2/3 locus is a Neanderthal 

haplotype, first introduced into the modern human population by interbreeding with 

Neanderthals around 50,000 years ago (Zeberg & Pääbo, 2021). This haplotype spans 

a 75 kb region, and variants of this haplotype have been associated with protection 
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against West Nile Virus (Lim et al., 2009), increased resistance to hepatitis C infection 

(El Awady et al., 2014), and protection against SARS-CoV (He at al 2006), and most 

recently with reduced risk of becoming severely ill upon SARS-CoV-2 infection 

(Initiative, 2021; Pairo-Castineira et al., 2021). The OAS3 promoter showed IFNa-

dependent enhancer activity in Hela, K562 and CCRF-CEM cell lines (Supplementary 

Table 3). Strikingly, we previously showed that deletion of the OAS3 Epromoter 

resulted in impaired induction of the entire OAS cluster after IFNa stimulation 

(Santiago-Algarra et al., 2021), suggesting this element is a master regulator of the 

interferon response of the locus. Since there is no indication of other regulatory regions 

within the OAS1/2/3 locus, except the promoters of the three genes (Santiago-Algarra 

et al., 2021), we assumed that cis-regulatory variants mainly reside in the OAS3 

Epromoter.  

 

We initially identified rs1156361 (located 352 bp upstream of the OAS3 TSS) as a 

GWAS-SNP within the OAS3 Epromoter (Supplementary Table 5). eQTL data of the 

GTEx database indicates that the minor allele of rs1156361 is associated with lower 

expression of all three OAS genes in multiple tissues (Figure 5b), consistent with the 

role of this Epromoter as a master regulator of the OAS locus. We realized that the 

promoter library used for the CapSTARR-seq experiments contains both alleles of the 

rs1156361 SNP. We therefore assessed the allele-specific activity of this SNP in the 

K562 and CCRF-CEM cell lines with or without IFNa stimulation (Figure 5c). We 

observed that the OAS3 Epromoter harboring the major allele (C) displayed a 

significantly higher enhancer activity upon stimulation with IFNa. Upon closer 

inspection of the OAS3 promoter [-500bp; 250bp], we found 4 SNPs in high LD (r2>0.97 

in the European population) with rs1156361: rs3815178 and rs1859331 (5’ UTR 

variants), rs1859330 (missense variant) and rs1859329 (synonymous variant). These 

additional 4 SNPs are also in eQTLs with OAS1/2/3 with the same directionality as 

rs1156361 (Supplemental Figure S4). To assess the contribution of the two haplotypes 

on the relative promoter and enhancer activity of the OAS3 Epromoter, we performed 

luciferase reporter assays in K562 cells using a 726 bp genomic region containing the 

5 SNPs. We observed that the major haplotype confers both a stronger promoter and 

enhancer activity in K562 after IFNa stimulation (Figure 5d). We also performed the 

luciferase reporter assays in A549 cells, a lung epithelial cell line commonly used as a 

model for COVID-19 (Plaze et al., 2021; Pyrć et al., 2021). In this cell line, the major 
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haplotype similarly conferred stronger promoter activity, but the minor haplotype 

displayed stronger enhancer activity (Figure 5e). Interestingly, there was a higher 

absolute promoter activity in IFNa-treated K562 cells compared to the enhancer 

activity, while the opposite was observed in A549 cells. Overall, these results suggest 

that the pleiotropic association of the OAS1/2/3 locus with multiple diseases, including 

severe COVID-19, might be explained, at least partially, by transcriptional deregulation 

of all three OAS genes by regulatory variants lying within the OAS3 Epromoter. Our 

results also highlight the differential impact of genetic variants on enhancer versus 

promoter activity of Epromoters.  

 

Functional assessment of pleiotropic Epromoter’s variants 

To globally assess the functional impact of Epromoter’s variants, we compiled the 

results from 24 published Massive Paralleled Reporter Assays (MPRA) experiments 

(Supplemental Table S7), which have assessed the regulatory impact of genetic 

variants. From 37,829 SNPs with significant allelic impact on regulatory activity (allelic-

skewed SNPs), 292 and 209 overlapped with GWAS-SNPs from Epromoter and 

control promoters, respectively (Figure 6a). Strikingly, Epromoter GWAS-SNPs with 

MPRA-validated allelic impact displayed significantly higher pleiotropy (Figure 6b), 

while control GWAS-SNPs did not. To further explore the functional relevance of 

Epromoter GWAS-SNPs, we assessed the impact on TF binding by interrogating the 

SNP-SELEX dataset (Yan et al., 2021), which systematically assessed the binding of 

270 human transcription factors to 95,886 noncoding variants in the human genome 

using an ultra-high-throughput multiplex protein-DNA binding assay (Figure 6c). We 

found that Epromoter GWAS-SNPs that impact TF binding (skewed TF binding) 

displayed higher pleiotropy than the remaining Epromoter GWAS-SNPs, while there 

were no significant differences in the case of control promoters. Similar results were 

observed when analyzing allelic-specific TF binding in vivo using the ANANASTRA 

resource (Boytsov et al., 2022) (Figure 6d). Altogether, these results suggest that the 

observed pleiotropic effects are due to the functional impact of Epromoter’s variants in 

terms of skewed cis-regulatory activity and TF binding. 

 

We next integrated the different levels of validation resources to retrieve a list of 156 

Epromoter overlapping GWAS-SNPs with consistent distal eQTLs, P-P interactions, 

allelic-skewed MPRA activity and TF binding (Figure 6e). From this list, 123 (79%) 
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SNPs were associated with more than one GWAS trait, thus representing a resource 

of bona fide pleiotropic Epromoters (Figure 6f; Supplemental Table S5). Figure 7 

provides four examples of pleiotropic Epromoters (SETD1A, COASY, ORMDL3 and 

PPIL3) with consistent 3D interaction and eQTL target genes (Figure 7a-b), significant 

differences on allelic regulatory activity (Figure 7c) and predicted perturbation of TF 

binding (Figure 7c; Supplemental Table S5). Careful examination of proximal and distal 

target genes suggested that the association with multiple GWAS traits might be 

explained by the combination of the individual gene functions (see Supplemental 

Information 1 for a detailed description of each locus). For example, The SETD1A 

Epromoter is a highly pleiotropic locus involved in over 30 diverse GWAS traits, 

including immune-associated diseases (Graves, psoriasis, Crohn’s, eosinophil count), 

neurological diseases (Parkinson’s, epilepsy, anxiety) and heart disease risk factors 

(BMI, blood and pulse pressure, triglycerides and LDL cholesterol measurements). The 

associated rs4889599 SNP is predicted to affect the binding of the HTATIP2 (Figure 

7d; Supplemental Table S5) and displayed allelic-skewed MPRA activity (Figure 7c, 

top panel). Interestingly, SETD1A and the STX1B distal target are both associated with 

neurological disorders, while the HSD3DB7 and STX4 distal targets are associated 

with immune-related and cardiometabolic diseases, respectively (Supplemental 

Information 1). Overall, we concluded that the pleiotropic association of Epromoters 

with multiple diseases and traits is linked to the cis-regulatory impact of the genetic 

variants and the combination of the physiological functions of proximal and distal target 

genes.  
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Methods 
 

Cell culture 

K562, CCRF-CEM and RPMI cells were maintained in RMPI 1640 medium GlutaMAX 

(Gibco, 61870010) supplemented with 10% FBS (Gibco, Fetal Bovine Serum 

A5256701) (inactivated at 55°C for 1 hour) between 0.3x106 and 1x106 cells per mL, 

incubated at 37°C with 5% CO2. GM12878 cells were maintained in the same 

conditions but with 15% instead of 10% FBS. Cells were tested for mycoplasma 

infection once a month and tested negative. A549 cells were maintained in DMEM/F12 

GlutaMAX (Gibco, 10565018) supplemented with 10% deactivated FBS, incubated at 

37°C with 5% CO2. When 90% confluent, the medium was aspirated and cells rinsed 

with PBS, followed by trypsinization (Trypsin-EDTA (0.05%), phenol red, Gibco, 

25300-062) at 37°C for 5 minutes. 5x the volume of medium is added to detach the 

cells from the dish, the cells are centrifuged, resuspended in the medium and split at 

the appropriate density into a new dish. Cells were tested for mycoplasma infection 

once a month and tested negative.  

 

CapSTARR-seq 

The human promoter CapSTARR-seq library used in this study has been generated 

previously (Dao et al., 2017; Santiago-Algarra et al., 2021). The STARR-seq protocol 

was performed in CCRF-CEM (without stimulation and with IFNa stimulation), RPMI 

and GM12878 cell lines. 100 million cells were transfected with 1.25 mg of CapSTARR-

seq promoter library using the Neon transfection system (Thermo Fisher Scientific) 

using the following settings: voltage V 1300, pulse width 20 and pulse number 3. After 

24 hours of incubation, either the STARR-seq protocol was performed as published 

before (Dao et al., 2017), or (for CCRF-CEM cells) interferon alpha (IFNa) was used 

to induce interferon response (100 ng/mL, Sigma Aldrich, SRP4594) for 6 hours 

followed by the STARR-seq protocol (Santiago-Algarra et al., 2021). cDNA and input 

libraries were sequenced on an Illumina NextSeq500, and mapping and analysis were 

performed as published (Santiago-Algarra et al., 2021).  

 

STARR-seq and CapStarr-seq data processing 

Human enhancers were retrieved from 19 whole-genome STARR-seq, 2 ChIP-

STARR-seq and 7 CapStarr-seq datasets (Supplemental Table S1). Seventeen whole 
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genome STARR-seq datasets (A549, MCF-7, HCT116, SH-SY5Y, HepG2 and K562 

with different stimulation) were obtained from ENCODE and were already processed 

by STARRPeaker (Lee et al., 2020) or MACS2 (Zhang et al., 2008) for peak calling 

defining the active enhancer regions. The peak files in bed format were directly 

downloaded from ENCODE (ENCODE accessions in Supplemental Table S1). To 

recover high-quality peaks, we took common peaks from different replicates for each 

dataset and averaged the enhancer activity values. Common peaks were ranked by 

the average values and peaks with the values higher than the inflection point (inflection 

R package) were taken as enhancers in this study. Two whole genome STARR-seq 

datasets in Hela were collected from supplementary data (GSE100432) of Muerdter et 

al. (Muerdter et al., 2018). Two ChIP-STARR-seq datasets in hESC were collected 

from supplementary data of Barakat et al. (Barakat et al., 2018) (GSE99631). The two 

hESC datasets were filtered by at least one of the active regions of NANOG, OCT4, 

H3K27ac, and H3K4me1, with the enhancer activity score RPP (reads per plasmid) 

over 256 according to the original analysis described in (Barakat et al., 2018). Three 

Capstarr-seq datasets in Hela and K562 were collected as Epromoters from 

supplementary data of Dao et al. (Dao et al., 2017) and Santiago et al. (Santiago-

Algarra et al., 2021). Four Capstarr-seq datasets in GM12878, CCRF-CEM (with and 

without IFNa stimulation) and RPMI were generated in this study (GEO accession 

numbers are provided in Supplemental Table S1) and processed as previously 

described (Dao et al., 2017; Santiago-Algarra et al., 2021). Briefly, fastq files were 

trimmed using sickle with -q 20 option and mapped to the hg19 reference genome 

using Bowtie2 with default parameters. Sam files were converted using SamTools and 

bed files were generated with bedtools “BamToBed” command. Fragment reads were 

extended to 314 nt, corresponding to the average size of the captured fragments. 

Coverage of captured regions was computed using bedtools “coverage” command for 

both transfected and non-transfected libraries. The coverage was normalized by 

Fragments per kilobase per million reads mapped (FPKM). Promoter regions with an 

FPKM < 1 in the input library were removed. The ratio of the Capstarr-seq coverage 

over the input (fold-change) was computed for each sample. Promoter regions with 

enhancer activity were defined using the inflection point of the ranked fold-change as 

a threshold. Finally, all the enhancer regions from the 28 datasets were converted to 

hg38 coordinates and merged into a single non-redundant list in bed format. This 
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resulted in 58,388 non-redundant enhancers in 11 cell lines (Supplemental Tables S2 

and S3).  

 

Epromoter identification 

To identify Epromoters in the human genome, first, we defined the promoter region 

according to the hg38 genome annotation file from Ensembl (release-103, 

http://ftp.ensembl.org/pub/release-103/gtf/homo_sapiens/). The promoters were 

defined as 500bp region upstream of the TSS (transcription start site) of each protein-

coding transcript. The promoter regions were overlapped with no-redundant enhancers 

by bedtools intersect (v2.28.0) (Quinlan & Hall, 2010), with at least 50% overlap 

(bedtools intersect -wa -wb -f 0.5 -F 0.5 -e). The enhancer-overlapping promoters were 

defined as Epromoters. The Epromoter regions were merged if they overlapped by at 

least 1 nt. Finally, 5743 non-redundant Epromoters were defined (Supplemental 

Tables 2 and 3).  

 

Gene expression and tissue specificity calculation 

Gene expression data was downloaded from the supplementary data of Uhlén et al. 

(Uhlen et al., 2016) (Table EV1). The study provided a gene expression matrix of 

18684 genes across 30 human tissues from GTEx. The tissue specificity was 

calculated according to Yanai et al. (Yanai et al., 2005), using the following formula:  

𝑇𝑖𝑠𝑠𝑢𝑒 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 𝑖𝑛𝑑𝑒𝑥 =
∑  𝑁

𝑖=1 (1 − 𝑥𝑖)

𝑁 − 1
, 

where N is the number of tissues and xi is the expression profile component normalized 

by the maximal component value. The tissue specificity index varies from 0 to 1, where 

0 means broad expression and 1 means high specificity.  

 

Control promoter set 

We generated a control promoter set associated with genes displaying the most similar 

expression patterns as the Epromoter-associated genes. First, all coding genes were 

clustered according to the gene expression across 30 tissues using the expression 

matrix from (Uhlen et al., 2016) (Hierarchy cluster was performed with the “Euclidean” 

method in R4.3.2). For each Epromoter-associated gene, the gene that is nearest to 

the Epromoter gene in the cluster results was assigned as a control gene. The control 

promoter regions were defined as described for Epromoters.  

http://ftp.ensembl.org/pub/release-103/gtf/homo_sapiens/
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Promoter-promoter interactions analysis 

The promoter-promoter interaction data were collected from 2 promoter capture-Hi-C 

studies (Javierre et al., 2016; Jung et al., 2019) and the ABC model predictions (Nasser 

et al., 2021). We downloaded the processed high-confidence interactions (CHICAGO 

score>=5) from Supplemental Data S1 of Javierre et al., which was generated by 

promoter capture-Hi-C from 17 blood cell types. The data from Jung et al. was 

downloaded from their Supplementary Table 4, which includes processed significant 

promoter-promoter promoter capture-Hi-C interactions from 26 human tissues. Nasser 

et al. provided a comprehensive element-gene connections resource across 131 

human cell types and tissues by the ABC model, which is a high-performance 

prediction model based on measurements of chromatin accessibility, H3K27ac, and 

Hi-C data (Nasser et al., 2021). The ABC predictions in 131 cell types and tissues were 

downloaded from (https://www.engreitzlab.org/resources). After converting to hg38, all 

interactions from the three datasets were overlapped with total promoters (5’ upstream 

500bp of TSS, Ensembl) in both anchors as the total promoter-promoter interactions. 

The target genes of Epromoters and control promoters were identified by overlapping 

their coordinates with the total promoter-promoter interactions, which include the target 

genes associated with each promoter. The circular visualization and promoter-

promoter interactions in the Epromoter instances (Figure 7) was performed by R 

package circlize (Gu et al., 2014).  

 

CRISPRi screen analysis  

CRISPRi screen data was collected from Replogle et al. (Replogle et al., 2022) and 

Gasperini et al. (Gasperini et al., 2019). Replogle et al. generated genome-scale 

CRISPRi screen data in K562 by Perturb-seq. We downloaded the processed Perturb-

seq file of K562 genome-scale sample in h5ad format (https://gwps.wi.mit.edu/, 

gemgroup Z-normalized pseudo-bulk expression data). The processed Perturb-seq file 

was processed by Seurat (V5) (Hao et al., 2024) into a normalized expression matrix 

of all gRNAs and effect genes. We first identified a set of 5,054 promoters that had 

been efficiently inactivated (i.e. the associated gene is among the top 2 of repressed 

genes). The top 30 repressed genes were taken as regulated genes of these 

promoters. We then identified the promoters for which CRISPRi resulted in the 

repression of cis-distal genes (< 1 Mb). This CRISPRi result was intersected with 

https://www.engreitzlab.org/resources
https://gwps.wi.mit.edu/
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Epromoters and control promoters to identify their cis-regulated genes. Gasperini et al. 

performed CRISPRi perturbations in K562, which include target sites on TSS as 

positive controls. We downloaded the CRISPRi screen results from the pilot and scale 

experiments (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE120861). The 

results include the target sites' position and expression-affected genes. The target sites 

of positive controls were extracted to overlap with Epromoters. The expression-

affected genes that were not on the target sites were taken as distal effect genes of 

Epromoters. The same analysis was performed for control promoters.  

 

Sequence conservation analysis 

The sequence conservation data were downloaded from the Zoonomia Placental 

Mammals track (including 241 vertebrate species) (Zoonomia, 2020) in the UCSC 

genome browser 

(https://hgdownload.soe.ucsc.edu/goldenPath/hg38/cactus241way/cactus241way.ph

yloP.bw). The conservation scores included in the bigwig file were computed by phyloP 

(Pollard et al., 2010) from the PHAST package (Hubisz et al., 2011) at each single 

nucleotide level. In this conservation score, each base with positive scores was 

predicted as conserved, and negative scores were predicted as fast-evolving. The 

bigwig file of conservation scores was converted into wig format by “bigWigToWig” and 

then into bed file by “wig2bed”. The conservation score of each Epromoter was 

calculated by the sum of all the bases.  

 

CpG island and G4 analysis 

The CpG islands (CGIs) annotations have been recovered from UCSC 

(https://genome.ucsc.edu/cgi-

bin/hgTables?hgta_doMainPage=1&hgta_group=regulation&hgta_track=cpgIslandEx

t&hgta_table=cpgIslandExt&hgsid=1956573466_K6emxl9N7oynnWsuT8Zjnyk9XX6n

) in hg38 genome version. This dataset contains CGIs “masked” that do not contain 

repetitive elements. CGIs in Epromoter or control promoters were identified by using 

the Bedtools (2.31.0). The coverage of G-quadruplexes (G4) in Epromoters or control 

promoters was calculated as the percent of base pairs covered by predicted G4 

annotations. These annotations and G4 Hunter scores are obtained from the G4Hunter 

algorithm described in Bedrat et al. (Bedrat et al., 2016) by using the threshold score 

1. The statistical significance was calculated by R with the Kolmogorov-Smirnov test. 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE120861
https://hgdownload.soe.ucsc.edu/goldenPath/hg38/cactus241way/cactus241way.phyloP.bw
https://hgdownload.soe.ucsc.edu/goldenPath/hg38/cactus241way/cactus241way.phyloP.bw
https://genome.ucsc.edu/cgi-bin/hgTables?hgta_doMainPage=1&hgta_group=regulation&hgta_track=cpgIslandExt&hgta_table=cpgIslandExt&hgsid=1956573466_K6emxl9N7oynnWsuT8Zjnyk9XX6n
https://genome.ucsc.edu/cgi-bin/hgTables?hgta_doMainPage=1&hgta_group=regulation&hgta_track=cpgIslandExt&hgta_table=cpgIslandExt&hgsid=1956573466_K6emxl9N7oynnWsuT8Zjnyk9XX6n
https://genome.ucsc.edu/cgi-bin/hgTables?hgta_doMainPage=1&hgta_group=regulation&hgta_track=cpgIslandExt&hgta_table=cpgIslandExt&hgsid=1956573466_K6emxl9N7oynnWsuT8Zjnyk9XX6n
https://genome.ucsc.edu/cgi-bin/hgTables?hgta_doMainPage=1&hgta_group=regulation&hgta_track=cpgIslandExt&hgta_table=cpgIslandExt&hgsid=1956573466_K6emxl9N7oynnWsuT8Zjnyk9XX6n
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TF binding analysis 

Transcription factor (TF) binding sites data were collected from the JASPAR (2022) 

database (Castro-Mondragon et al., 2022), which was downloaded in bigbed format 

(http://hgdownload.soe.ucsc.edu/gbdb/hg38/jaspar/JASPAR2022.bb) from the UCSC 

genome track with a score of P-value for each binding site. All the TF binding sites 

were filtered by a score higher than 400 (P-value ≤ 10e-4). The filtered TF binding sites 

were overlapped with Epromoters by bedtools intersect. Each TF binding site was 

associated with a corresponding TF family according to the supplemental data from 

Castro-Mondragon at al. (Castro-Mondragon et al., 2022). The TF binding site family 

density was calculated by the binding sites of TF families at each Epromoter. The TF 

binding site family diversity was calculated by the number of TF families at each 

Epromoter. The same analysis was performed for control promoters. The TF binding 

data was collected from ReMap (2022) (Hammal et al., 2022). We used the ReMap 

datasets which include 68.2 million non-redundant ChIP-seq peaks from 1210 TFs in 

humans (https://zenodo.org/records/10527088). The non-redundant ChIP-seq peaks 

were overlapped with Epromoters to quantify the number of peaks per Epromoter. 737 

cell lines and tissues associated with the ChIP-seq peaks were classified into 18 

biotypes to describe TF diversity (Hammal et al., 2022). The same analysis was also 

performed for control promoters. The odds ratio and P-value were calculated for each 

TF between Epromoters and control promoters by the number of ChIP-seq peaks, as 

the description of TFs binding enrichment at Epromoters. The UMAP analysis was 

performed by the R package umap, which is based on a matrix of each TF binding 

state (ReMap) at each Epromoter or control promoter (Value 1 is defined as binding, 

and value 0 is defined as no-binding). Then each Epromoter or control promoter was 

quantified by the TF binding peak density.  

 

CAGE data analysis 

The CAGE data were collected from FANTOM5 (Consortium et al., 2014; Kanamori-

Katayama et al., 2011; Lizio et al., 2015). The CAGE peaks were downloaded in bed 

format with hg38 

(https://fantom.gsc.riken.jp/5/datafiles/reprocessed/hg38_v7/extra/CAGE_peaks/), 

which was identified by DPI (decomposition-based peak identification, Forrest et al 

2014) across all the tissues in FANTOM5. The CAGE signal data were downloaded 

http://hgdownload.soe.ucsc.edu/gbdb/hg38/jaspar/JASPAR2022.bb
https://fantom.gsc.riken.jp/5/datafiles/reprocessed/hg38_v7/extra/CAGE_peaks/
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from the UCSC track in bigwig format 

(https://hgdownload.soe.ucsc.edu/gbdb/hg38/fantom5/ctssTotalCounts.fwd.bw, 

https://hgdownload.soe.ucsc.edu/gbdb/hg38/fantom5/ctssTotalCounts.rev.bw), which 

include the total reads count by strand across all tissues from FANTOM5. In the CAGE 

signal analysis, we defined forward signal as direction (strand) consistent between the 

CAGE signal and genes and reverse signal as inconsistent. Epromoters were 

extended to 500bp upstream and downstream of TSS to cover the forward and reverse 

signals around TSS. The stranded sense and antisense CAGE peaks were overlapped 

with the extended regions of Epromoters to address the directionality. The CAGE 

signal in bigwig was overlapped with the extended regions of Epromoters by strand 

separately to quantify the transcription initiation. And the same analysis was performed 

for control promoters. 

 

RNAPII data analysis 

RNAPII data was collected from de Langen et al. (de Langen et al., 2023) 

(https://zenodo.org/records/8091826), which include RNAPII consensus peaks 

identified from 900 RNAPII ChIP-seq experiments in normal tissues and cancer 

samples. The RNAPII consensus peaks were overlapped with Epromoters to quantify 

the RNAPII enrichment from different tissues and samples. The same analysis was 

performed for control promoters.  

 

Common SNPs and rare SNPs collection 

The total SNPs (660,146,174 SNPs) were downloaded from SNPdb in VCF format in 

hg38 (https://ftp.ncbi.nlm.nih.gov/snp/organisms/human_9606/VCF/00-All.vcf.gz). 

The common (37,302,978) and rare (45,894,070) SNPs were filtered by minor allele 

frequency (MAF) of more or less than 1% according to 1000 genomes allele frequency, 

respectively. The common and rare SNPs were overlapped with Epromoters and 

control promoters by bedtools intersect.  

 

GWAS analysis 

186120 GWAS variants associated with 4138 GWAS traits were collected from the 

NHGRI-EBI GWAS Catalog (v1.0.2) 

(https://www.ebi.ac.uk/gwas/api/search/downloads/alternative) (Sollis et al., 2023). 

SNPs without rsID and genomic coordinates were removed. The human common 

https://hgdownload.soe.ucsc.edu/gbdb/hg38/fantom5/ctssTotalCounts.fwd.bw
https://hgdownload.soe.ucsc.edu/gbdb/hg38/fantom5/ctssTotalCounts.rev.bw
https://zenodo.org/records/8091826
https://ftp.ncbi.nlm.nih.gov/snp/organisms/human_9606/VCF/00-All.vcf.gz
https://www.ebi.ac.uk/gwas/api/search/downloads/alternative
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SNPs were downloaded from 1000 Genomes Project (v5a) in vcf format 

(http://ftp.ensembl.org/pub/data_files/homo_sapiens/GRCh38/variation_genotype/) 

(Genomes Project et al., 2015), which were filtered by Plink (v1.9) (Chang et al., 2015) 

from 5 super populations (European, African, American, East Asian, South Asian) 

using the following parameters --geno 0.05 --maf 0.01 --hwe 1e-6. The lead SNPs from 

GWAS Catalog were linked with common SNPs from 1000 Genomes Project by Plink 

with parameters of --ld-window-kb 1000 --ld-window-r2 0.8, allowing to retrieve SNPs 

within 1 Mb in high linkage disequilibrium (r2>0.8) of each lead SNP. Then these 

linkage disequilibrium SNPs associating with GWAS (GWAS-SNPs) were overlapped 

with Epromoters and control promoters. Each GWAS study is assigned a unique 

GWAS trait with an Experimental Factor Ontology (EFO) ID and a corresponding 

GWAS category from the EFO database (https://www.ebi.ac.uk/ols4/ontologies/efo) 

(Malone et al., 2010). Each GWAS trait was mapped into a GWAS category (parent 

trait), here including 17 categories according to the EFO database. The number of 

GWAS traits associated with each promoter was counted by the total non-redundant 

GWAS traits of different SNPs at the same promoter. The GWAS trait enrichment was 

calculated by the ratio of SNPs associating each GWAS trait between Epromoters or 

control promoters versus whole genome (hypergeometric test). The GWAS trait 

enrichment was also compared between Epromoters and control promoters (Chi-

Squared test). Partitioned heritability was calculated by LD score regression (LDSC) 

(Finucane et al., 2015). We calculated the partitioned heritability of 176 GWAS 

summary statistics (https://console.cloud.google.com/storage/browser/broad-

alkesgroup-public-requester-pays/LDSCORE?pageState) in Epromoters and control 

promoters, also including the partitioned regions Enhancer_Andersson, 

Promoter_UCSC, Coding_UCSC annotated by the baseline model of LDSC. For each 

GWAS study, the partitioned heritability described how much genetic contribution by 

different partitioned regions.  

 

eQTL data analysis 

The eQTL data was downloaded from the fine mapped credible sets in eQTL 

Catalogue (Kerimov et al., 2021) (https://www.ebi.ac.uk/eqtl/Data_access/), which 

used the fine mapping model SuSiE (Wallace, 2021). The eQTL data include 9137260 

eQTLs identified from 96 tissues or cell types. These eQTLs overlapped with 

Epromoters and control promoters. The eQTLs associated with different target genes 

http://ftp.ensembl.org/pub/data_files/homo_sapiens/GRCh38/variation_genotype/
https://www.ebi.ac.uk/ols4/ontologies/efo
https://console.cloud.google.com/storage/browser/broad-alkesgroup-public-requester-pays/LDSCORE?pageState
https://console.cloud.google.com/storage/browser/broad-alkesgroup-public-requester-pays/LDSCORE?pageState
https://www.ebi.ac.uk/eqtl/Data_access/
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from different tissues were merged into a non-redundant eQTL list. Then, the eQTLs 

were associated with the GWAS traits by the coordinates overlapping between eQTLs 

and GWAS-SNPs. We classified the merged eQTL list into 3 categories by the distance 

between eQTLs and the TSS of target genes, including proximal eQTLs, distal eQTLs, 

and proximal and distal eQTLs. The proximal eQTLs were defined as located less than 

2 kb from the TSS of all target genes. The distal eQTLs were defined as located more 

than 2 kb from the TSS of all target genes. The proximal and distal eQTLs were defined 

as including both proximal and distal target genes. The eQTL heatmap in the 

Epromoter instances was performed according to the z-score of effect genes 

associating with each eQTL in different tissues from eQTL Catalogue.  

 

MPRA resource collection 

Massively parallel reporter assays (MPRA) data were collected from 17 published 

studies (Abell et al., 2022; Bourges et al., 2020; J. Choi et al., 2020; Cooper et al., 

2022; Hansen et al., 2023; Kalita et al., 2018; Khetan et al., 2021; Liu et al., 2017; Long 

et al., 2022; Lu et al., 2021; Mattioli et al., 2019; Mouri et al., 2022; Myint et al., 2020; 

Tewhey et al., 2016a; Ulirsch et al., 2016; van Arensbergen et al., 2019; Zhang et al., 

2018), including 24 MPRA datasets from 14 human cell lines (Supplemental Table S7). 

We collected the SNPs tested in MPRA from the supplemental data of each study. The 

assessed SNPs were filtered by the allelic impact thresholds described in the original 

studies. This resulted in 37829 SNPs with significant allelic impact overlapped.  

 

SNP-SELEX collection 

The SNP-SELEX data was collected from (Yan et al., 2021), which systematically 

assessed the binding of 270 human transcription factors to 95,886 noncoding variants 

in the human genome using an ultra-high-throughput multiplex protein–DNA binding 

assay. In the original results, 11,079 SNPs exhibited significantly differential binding to 

at least one transcription factor. We collected these SNPs with transcription factor 

binding effect to overlap with Epromoters and control promoters.  

 

TF binding effect analysis 

The TF binding effect analysis of SNPs was analyzed by ANANASTRA (Boytsov et al., 

2022) (https://ananastra.autosome.org/) which is based on allele-specific binding data 

from ChIP-Seq. The SNPs at Epromoters and control promoters were loaded into 

https://ananastra.autosome.org/
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ANANASTRA for analysis by rsID. The parameter of ANANASTRA was the default on 

the website. Additionally, we used SNP2TFBS (Kumar et al., 2017) 

(https://epd.expasy.org/snp2tfbs/) and FABIAN-variant (Steinhaus et al., 2022) 

(https://www.genecascade.org/fabian/) which based on position weight matrix (PWM) 

to predict the TF binding effect. The parameters of SNP2TFBS were used default in 

the websites. The results of FABIAN-variant were filtered by the absolute value of the 

prediction score over 0.5 for each motif. 

 

Luciferase reporter assays  

Luciferase vectors were generated by GeneCust, inserting the 726 bp OAS3 promoter 

region (hg38 chr12:112,938,128-112,938,853) with the 5 minor alleles or the 5 major 

alleles into pGL4.12 luc2cp using KpnI-XhoI sites to assess promoter activity, and into 

pGL4 sv40 luc2cp (Santiago-Algarra et al., 2021) using BamHI-SalI sites to assess 

enhancer activity. Sequences of the plasmids are available in Supplemental Table S8. 

For K562, 3x106 cells were spun down per plasmid transfection (3 replicates), and cells 

were washed with PBS and resuspended in 30 l Buffer R of the Neon transfection kit 

(Thermo Fisher Scientific). 1 ug of the plasmid to be tested, and 200 ng of Renilla was 

transfected per 1x106 cells in triplicate with the 10 ul NEON tip using the following 

settings; Voltage: 1450, ms: 10, pulses: 3. 1x106 transfected cells were transferred to 

2 mL prewarmed medium in a 12-well plate. After 18 hours, 1 mL of each transfection 

was transferred to a new 12-well plate, allowing 1 mL of cells as non-stimulated control, 

and 1 mL to be treated with human recombinant IFNa protein (100 ng/mL) (Abcam 

ab9642) for 6 hours. For A549, 0.25x106 of cells were seeded in a 12-well plate 24 

hours before transfection. At 90% confluence, the following day, 1 ug of each of the 4 

plasmids (promoter and enhancer tests of major and minor OAS3 haplotype) and 200 

ng Renilla were transfected in 6 wells using the Lipofectamine 3000 (Thermo Fisher 

Scientific, L3000008) protocol. 24 hours after transfection, 3 wells were treated with 

IFNa (100 ng/mL) for 6 hours, leaving 3 wells per plasmid untreated as non-stimulated 

controls. After 6 hours of IFNa stimulation, the cells were washed with 1X PBS, and 

resuspended in 350 ul lysis buffer of the Dual-Glo Luciferase Assay kit (Promega 

E2920). After 15 minutes of incubation in lysis buffer, cells were spun down and 20 ul 

supernatant was transferred to the luminescence plate reader. Luciferase signal was 

measured by the addition of 100 ul Luciferin, followed by Renilla signal measurement 

by the addition of 100 l STOP&GLO (Promega E2920). The transfection of 3 

https://epd.expasy.org/snp2tfbs/
https://www.genecascade.org/fabian/
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replicates was repeated once in a separate experiment (to give a total of 6 samples 

per construct). For data analysis of the luciferase assays, luciferase values were 

normalized to the Renilla luciferase activity to control for between-well transfection 

efficiency. For each construct, readings from different days were merged by 

normalizing the activity of reporters to the minor allele only vector (reference allele).  

 

Allelic-specific CapSTARR-seq analysis 

Using the BAM files of the CapSTARR-seq data from K562 and CCRF-CEM cell lines 

with and without IFNa stimulation, the number of reads containing the minor (T) or 

major (C) allele of the rs1156361 SNP was quantified using the IGV web tool 

(Thorvaldsdottir et al., 2013). Average read numbers from two replicates were 

calculated, and the reads were normalized to the no-stimulation condition for each 

allele.  

 

Data availability 
The raw sequencing data and processed files of CapSTARR-seq generated in this 

study have been submitted to the Gene Expression Omnibus (GEO) under the 

accession GSE268615. All generated and publicly available datasets are listed in the 

Supplemental Table S1. The supplemental tables and descriptions can be accessed 

by the cloud link: https://amubox.univ-amu.fr/s/FcapcWqFM8gED3E. 

 

Code availability 
All custom scripts used in this study are available at GitHub (https://github.com/jing-

wan/Epromoter_GWAS).  
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SS, JW and AvO designed the study. JW preformed all bioinformatics work. AvO 

performed all experimental work. JCM and BB provided ReMap resources. CH and 

JCA provided genomic G4 annotations. LP performed capSTARR-seq in CCRF-CEM. 
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https://amubox.univ-amu.fr/s/FcapcWqFM8gED3E
https://github.com/jing-wan/Epromoter_GWAS
https://github.com/jing-wan/Epromoter_GWAS
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Figures 

 

Figure 1. A comprehensive dataset of human Epromoters.  

(a) A schematic diagram illustrating the strategy to identify Epromoters from the 

(Cap)STARR-seq data.  
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(b) The percentage and number of promoters identified as Epromoters identified in 

each (Cap)STARR-seq dataset are indicated. The legend at the bottom describes the 

source of datasets in corresponding colors.  

(c) The boxplot shows the percent distribution of promoters identified as Epromoters 

in each dataset. Each dot means one dataset. The colors represent the cell lines of 

each dataset.  

(d) The bar plots show the percentage of Epromoters found in only one cell line (blue) 

or shared between two or more cell lines (green). The number of Epromoters in each 

cell line is shown at the top of each bar.  

(e) The bars show the number of Epromoters found in the indicated number of cell 

lines.  

(f-i) Violin plots displaying the average gene expression level (f), tissue specificity score 

(g), the number of TSS per gene (h) and the promoter-promoter interactions (i) of all 

protein-coding (Total), Epromoter-associated, and control genes. The expression for 

each gene in (f) was calculated by the average level across 30 human tissues from 

GTEx. P-values were calculated by a Wilcoxon test (ns: not significant).  

 (j) Two examples of consistent P-P interactions and CRISPRi-mediated regulation of 

distal genes by Epromoters. The plots show the circular visualization of Epromoters 

and interacting genes based on their genomic locations. The blue bar is the Epromoter-

associated gene. The other genes are shown in green. The short red bar represents 

the Epromoter. Genes in the outer circle are in the positive strand. Genes in the inner 

circle are in the negative strand. The blue curves are P-P interactions. The inset plots 

display the Z score values of the Perturb-seq experiments (Replogle et al., 2022). 
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Figure 2. Epromoters display specific genomic/epigenomic features. 

(a) Conservation score of Epromoters and control promoters, which were retrieved 

from 241 Zoonomia Placental Mammals. The conservation score of each promoter was 

calculated as the sum of all the bases in the region. The positive scores were predicted 

as conserved. The negative scores were predicted as fast-evolving. Statistical 

significance was assessed by a Wilcoxon test.  

(b) CpG islands (CGIs) enriched in Epromoters. The bar plots show the percentage 

and number of Epromoters and control promoters with CpG islands (CGIs) and without 

CGIs. Statistical significance was assessed by a Chi-squared test.  

(c) G4 numbers per promoter of Epromoters and control promoters with or without CGI. 

The density means the distribution of Epromoters or control promoters, which display 
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the enrichment of Epromoters or control promoters. Statistical significance was 

assessed by a Kolmogorov-Smirnov test.  

(d-e) Violin plots displaying the number of TF binding site (TFBS) families per promoter 

(d; i.e., density) and the number of different TFBS families per promoter (e; i.e. 

diversity) using the JASPAR database. Statistical significance was assessed by a 

Wilcoxon test.  

(f) Violin plots displaying the number of TF binding peaks per promoter identified by 

ChIP-seq using the ReMap resource. Statistical significance was assessed by a 

Wilcoxon test. 

(g) Number of different tissues (Biotypes) of ChIP-seq peaks associated with 

Epromoters and control Epromoters as classified by ReMap. P-values were calculated 

by a Chi-squared test.  

(h) Dimension reduction by Uniform Manifold Approximation and Projection (UMAP) 

based on TF binding (ReMap) at each promoter. The color is displaying the TF binding 

density at each promoter. Three groups were manually separated based on UMAP1 

dimension.  

(i) Number of Epromoters and control promoters in each UMAP group defined in Figure 

2h.  

(j) Top 25 TFs enriched at Epromoters, compared with control promoters. The height 

of the lollipop represents the odds ratio of TFs binding frequency between Epromoters 

and control promoters.  

(k) The percentage of unidirectional and divergent promoters as assessed by CAGE 

peaks. P-values were calculated by Chi-squared test.  

(l) Violin plots displaying the forward and reverse CAGE signal in function of the 

genomic orientation of the promoters. Statistical significance was assessed by a 

Wilcoxon test.  

(m) Violin plots displaying the number of RNAPII ChIP-seq peaks overlapping 

Epromoters and control promoters. Statistical significance was assessed by a 

Wilcoxon test. 
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Figure 3. Genetic variation associated with Epromoters. 

(a) Number of common and rare SNPs overlapped with Epromoters and control 

promoters.  

(b) Scheme to identify GWAS-SNPs in Epromoters. First, 186120 tag SNPs associated 

with 4138 GWAS traits were collected from the GWAS Catalog. The SNPs from the 

GWAS Catalog were linked with common SNPs by a stringent linkage disequilibrium 

(LD) threshold (r2>0.8) within 1 Mb. Then the LD SNPs associated with GWAS 

(GWAS-SNPs) were overlapped with Epromoters. Finally, 4330 GWAS-SNPs were 

found in 2301 Epromoters.  

(c) Distribution of GWAS-SNPs per Epromoters or control promoters.  
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(d) GWAS traits differentially enriched in Epromoters. The GWAS trait enrichment was 

calculated by the ratio of SNPs associating each GWAS trait between Epromoters or 

control promoters versus the whole genome. The P values for enrichment were 

calculated by the hypergeometric test. Only differentially enriched GWAS traits 

between Epromoters and control promoters and associated with a known GWAS 

category are shown in the plot. Statistical significance for the difference was assessed 

by Chi-squared test.  

(e-f) Violin plots displaying the number of GWAS traits per SNP (e) and per promoter 

(f). Statistical significance was assessed by a Wilcoxon test. 

(g-h) Violin plots displaying the number of GWAS categories per SNP (g) and per 

promoter (h). Statistical significance was assessed by a Wilcoxon test. 
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Figure 4. Link between pleiotropy and target genes. 

(a) Percentages of Epromoters and control promoters according to the number of 

eQTLs per promoter and considering either all SNPs or only the GWAS-associated 

SNPs.  

(b) The eQTLs were classified into proximal (green), distal (light blue), or proximal & 

distal eQTLs (dark blue) as indicated in the left panel. The right panels indicate the 

percentages of promoters associated with the different types of eQTLs. P-values were 

calculated by a Chi-Squared test. 

(c-e) Violin plots displaying the number of GWAS traits per eQTL in the function of the 

eQTL type (c), eQTLs with distal targets consistent or inconsistent with P-P interactions 

(d), and the number of TSS per gene associated with proximal eQTLs (e). Statistical 

significance was assessed by a Wilcoxon test. 
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Figure 5. A pleiotropic Epromoter variant associated with COVID-19 shows 

enhancer/promoter switch 

(a) UCSC browser view of OAS1/2/3 locus, with lead COVID-19 SNP rs6489867 and 

SNPs in LD (r2>0.8), as well as the location of the 726 bp region containing 5 SNPs in 

the OAS3 Epromoter analyzed in Figure 5d/e. 

(b) eQTL (GTEx) of rs1156361, showing decreased expression of the OAS1/2/3 of the 

minor allele.  

(c) CapSTARR-seq activity of the OAS3 Epromoter containing the rs1156361 minor 

(Min T) or major (Maj C) alleles in the CCRF-CEM and K562 cell lines with no 

stimulation (NS) and with 6 hours of IFNa stimulation showing increased regulatory 

activity of the major allele upon IFNa stimulation as compared to the minor allele in 

both cell lines. 

(d)-(e) Luciferase reporter assays assessing the promoter (left panel) or enhancer 

(right panel) activity of the OAS3 Epromoter harboring the minor or major haplotypes 
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before and after IFNa stimulation for 6h in the K562 (d) and A549 (e) cell lines. 

Experiments were performed in triplicate and statistical significance was assessed by 

Students’ t-test.  
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Figure 6. Functional validation of pleiotropic Epromoter SNPs. 

(a) Schematic strategy to identify GWAS-SNPs with allelic-skewed regulatory activity. 

First, 24 MPRA datasets in 14 cell lines were collected from published studies. 37831 

SNPs in total show a significant allelic impact on regulatory activity. Finally, 292 allelic-

skewed SNPs were overlapped within Epromoters.  

(b) Violin plots displaying the number of GWAS traits per SNP in the function of whether 

the SNP had an allelic-skewed regulatory activity or not (other SNPs) based on MPRA 

experiments. Statistical significance was assessed by a Wilcoxon test. 

(c-d) Violin plots displaying the number of GWAS traits per SNP in the function of 

whether the SNP had a skewed TF binding based on SNP-SELEX assays (c) and 

ANANASTRA (d). Statistical significance was assessed by a Wilcoxon test. 

(e) The Venn diagram illustrates the intersections of SNPs located at Epromoters 

among four categories: eQTLs with distal effects, promoter-promoter interactions, 

allelic-skewed SNPs identified by MPRA, and SNPs exhibiting skewed transcription 

factor binding. 

(f) The pie chart shows the number of non-pleiotropic (1 GWAS trait) and pleiotropic 

(≥2 GWAS traits) SNPs from the 156 intersected SNPs.  
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Figure 7. Examples of pleiotropic Epromoters 

(a) The circular visualization of Epromoters and interacting genes based on their 

genomic locations. The blue bar is the Epromoter-associated gene. The other genes 

were shown in green. The short red bar represents the Epromoter. Genes in the outer 

circle are in the positive strand. Genes in the inner circle are in the negative strand. 

The selected SNP is indicated under the Epromoter-gene name. The blue curves are 

promoter-promoter interactions.  

(b) The heatmaps show the eQTLs effect of the selected SNPs on target genes in 

different tissues from the eQTL Catalogue. Each row in the heatmap represents the 

gene associated with the eQTL. Each column represents the tissue of eQTL. The color 

bar shows the z-score of the eQTL effect on target genes.  
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(c) The bar plots show the allelic-skewed regulatory activity of the selected SNPs 

validated by MPRA. The blue bar shows the regulatory activity of the Epromoter with 

reference allele. The gray bar shows the regulatory activity of the Epromoter with the 

alternative allele. P values or FDR according to original studies are shown on the top.  

(d) Representative TF binding sites affected by the selected SNPs. The predicted 

consequences of the SNPs (from reference to alternative alleles) are shown at the top. 

The sequences of reference and alternative alleles are shown at the bottom. The SNP 

is shown in red. The arrow indicated the sequence is in the reverse complement.  
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Supplemental Figures  
 

 

Supplemental Figure S1 

(a) Epromoters identified in 21 STARR-seq datasets. The numbers on the bars are 

showing the number of Epromoters in each dataset. The height of bar represents that 

the percentage of enhancers were identified as Epromoters.  

(b) Gene expression of total genes, Epromoter genes and control genes across 30 

human tissues. All tissue-specific differences in expression between the groups total 

genes and Epromoters are significant, and none of the expression differences between 

the groups Epromoters and controls are significant as tested by Wilcoxon test.  
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(c) Two examples show that each control gene displays the same expression profile 

across 30 tissues as its Epromoter counterpart. 

 

 
Supplemental Figure S2 

(a-b) The distribution of G4 coverage and G4 hunting scores at Epromoters and control 

promoters with or without CpG islands (CGI). The G4 coverage means the percentage 

of the promoter region covered by G4 structures. The G4 score was assessed by the 

G4Hunter tool which provide the likeness of DNA sequences to form a G4 structure. In 

panel b, only promoters with predicted G4s (G4 score ≥ 1) are shown. Statistical 

significance was assessed by a Kolmogorov-Smirnov test. 

(c) Dimension reduction by Uniform Manifold Approximation and Projection (UMAP) of 

Epromoters (blue dots) and control promoters (grey dots) based on TF binding 

(ReMap) at each promoter. Three groups were manually separated based on UMAP1 

dimension.  
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(d-f) The binding density of P300/BRD2/SMARCA4 at Epromoters and control 

promoters. The peaks of P300/BRD2/SMARCA4 were collected from ReMap, 

including 43 P300 ChIP-seq datasets, 57 BRD2 ChIP-seq datasets, and 84 SMARCA4 

ChIP-seq datasets in different human cell lines or tissues. Statistical significance was 

assessed by a Wilcoxon test. 

 

 
Supplemental Figure S3 

The partitioned heritability of GWAS enriched in Epromoters, control promoters or 

enhancers. Each line of heatmap is a GWAS summary statistics from LDSC. The 

squares of each line show the heritability of Epromoters, control promoters, enhancers 

from Andersson et al, promoters from UCSC, coding regions from UCSC, which 

calculated by LDSC baseline model. Each category shows the top 10 enriched GWAS 

in one or different regions.  
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Supplemental Figure S4 

eQTL for the 4 SNPs in high LD with rs1156361 (see also Figure 5a) in the OAS3 

Epromoter.  
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Supplemental information 1  
 

SETD1A locus 

The SETD1A Epromoter is active in A549 upon 4 different conditions (DMSO, 

CORT108297, CpdA and RU486), as well as in naïve hESCs. Rs4889599 lies in this 

Epromoter, and is in LD with SNPs that are associated with 30 different GWAS 

(Graves’ disease, Juvenile myoclonic epilepsy, Parkinson's disease, ankylosing 

spondylitis, psoriasis,  ulcerative colitis, Crohn's disease, sclerosing cholangitis, 

aspartate aminotransferase measurement, serum alanine aminotransferase 

measurement, low density lipoprotein triglyceride measurement, body fat percentage, 

high density lipoprotein cholesterol measurement, sex hormone-binding globulin 

measurement, body fat distribution, body fat percentage, body height, body mass 

index, diastolic blood pressure, eosinophil count, erythrocyte count, gait measurement, 

heel bone mineral density, hematocrit, hip circumference, irritability measurement, 

lifestyle measurement, mean corpuscular hemoglobin, mean corpuscular volume, 

mean reticulocyte volume, multiple sclerosis, neuroticism measurement, psoriasis, 

psoriatic arthritis, pulse pressure measurement, response to anticoagulant, sex 

hormone-binding globulin measurement, total blood protein measurement, triglyceride 

measurement, visceral adipose tissue measurement, vitamin D measurement, waist 

circumference, tonsillectomy risk measurement), including immune-associated 

diseases (Graves, psoriasis, Crohn’s, eosinophil count), neurologic diseases 

(Parkinson’s, epilepsy, anxiety) and heart disease risk factors (BMI, blood and pulse 

pressure, triglycerides and LDL cholesterol measurements).  

 

There are 30 P-P-interactions in different tissues (AC135050.5, ZNF668, ARMC5, 

COX6A2, FUS, RP11-388M20.6, ITGAD, KAT8, RP11-196G11.4, PRSS36, PRSS53, 

RP11-196G11.1, VKORC1, RP11-170L3.2, ZNF267, ZNF646, ZNF668, ARMC5, 

COX6A2, FUS, ITGAD, ITGAX, PRSS36, RNF40, SLC5A2, STX1B, TGFB1I1, 

ZNF267, ZNF629, ZNF646, ZNF668, ZNF771, ZNF843, ORAI3, SETD1A), and 6 

genes in eQTL with the SNP (HSD3B7, STX1B, STX4, PRSS53, VKORC1 and KAT8) 

(Figure 7a-b). The eQTLs show that the alternative allele decreases expression of all 

of the eQTLs except VKORC1, which shows increased expression. However, SETD1A 

is not an eQTL. Moreover, MPRA from the Mattioli et col. study (Mattioli et al., 2019) 

found consistent decreased activity of the alternative allele of rs4889599 in K562 and 
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HepG2 cell lines (Figure 7c). Interestingly, the variant changes TFBS for several TFs, 

including HTATIP2 (Figure 7d), which is a positive regulator of transcription by RNA 

polymerase II, and EGR1 and EGR2 (Supplemental Table 5), transcriptional regulators 

that are involved in ischemia response and repression of inflammatory enhancers 

(Trizzino et al., 2021), which could contribute to the immune-related disease 

associations.  

 

The SETD1A gene encodes a chromatin modifier protein involved in synaptic function 

and development of neurons, and mutations in this gene are associated with early-

onset epilepsy (Yu et al., 2019), which makes this gene also a candidate for 

contribution to other neurodevelopmental disorder associations like Parkinson’s and 

anxiety.  

HSD3B7 is an enzyme involved in the synthesis of bile acids from cholesterol, but also 

plays a role in lymphoid cell movement by regulating a chemotactic receptor (Yi et al., 

2012). As such this eQTL target could be involved in any of the immune related 

associations.  

STX1B Syntaxin 1B plays a role in exocytosis and synaptic vesicles, and has been 

associated with a spectrum of epilepsy syndromes (Schubert et al., 2014), as well as 

Parkinson’s disease (Nalls et al., 2014). 

STX4 Syntaxin 4 is a paralog of STX1B, is also involved in synaptic vesicle biology, 

and is associated with a range of cardiometabolic pathologies, including triglyceride 

level systolic blood pressure and body fat percentage (Martin et al., 2021; Richardson 

et al., 2020; Sakaue et al., 2021), which could also be the link with the cardiometabolic 

GWAS linked to rs4889599 and Epromoter SETD1A. Additionally, STX4 is expressed 

in pancreatic B cells, promotes islet function (Oh et al., 2018) and could thus play a 

role in the diabetes association. Moreover, STX4 is involved in cytotoxic T-lymphocyte 

immunological synapse formation (Spessott et al., 2017), which could mediate the 

auto-immune associations (e.g. Graves’, Crohn’s, psoriasis, but also 

neurodegenerative diseases like Parkinson’s). 

PRSS53 is predicted to have endopeptidase activity and was identified to play a role 

in maintaining the health of pancreatic islet b cells (Mizusawa et al., 2022). This gene 

is associated with psoriasis, and it is the most highly over-expressed gene in psoriatic 

skin (Stuart et al., 2010), potentially mediated through the allele-specific SETD1A 

Epromoter.  
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Overexpression of VKORC1 was identified to lead to increased VKOR activity, which 

is the target of anticoagulants, thus leading to its association “response to 

anticoagulant drugs” that could be mediated by the SNP in Epromoter SETD1A (Rost 

et al., 2004). 

 

ORMDL3 locus 

The ORMDL3 Epromoter in active in naïve hESCs, and SNPs rs4065275 and 

rs8076131 in this region are in LD with SNPs associated with over 30 GWAS hits 

(Crohn's disease, Eczema, allergic rhinitis, Glucocorticoid use measurement, Inhalant 

adrenergic use measurement, Oral ulcer, acute lymphoblastic leukemia, age at onset 

of asthma, allergic rhinitis, allergy, allergy age at onset, asthma, ankylosing spondylitis, 

psoriasis, ulcerative colitis, sclerosing cholangitis, asthma, asthma exacerbation 

measurement, atopic asthma, atrial fibrillation, autoimmune disease, autoimmune 

thyroid disease, type I diabetes mellitus, Common variable immunodeficiency, 

ankylosing spondylitis, psoriasis, celiac disease, ulcerative colitis, juvenile idiopathic 

arthritis, systemic lupus erythematosus, biliary liver cirrhosis, bipolar I disorder, blood 

protein measurement, cervical carcinoma, childhood onset asthma, atopic eczema, 

atopic march, dermatomyositis, juvenile dermatomyositis, eosinophil count, eosinophil 

percentage of leukocytes, inflammatory bowel disease, leukocyte count, lymphocyte 

count, mathematical ability, monocyte percentage of leukocytes, multiple sclerosis, 

nitric oxide exhalation measurement, platelet-to-lymphocyte ratio, primary biliary 

cirrhosis, respiratory system disease, rheumatoid arthritis, selective IgA deficiency 

disease, self-reported educational attainment, serum IgM measurement, serum 

gamma-glutamyl transferase measurement, serum non-albumin protein measurement, 

systemic scleroderma, ulcerative colitis), the majority of which are a wide range of auto-

immune related diseases (e.g. asthma, eczema, allergy, Crohn’s disease, type I 

diabetes, SLE, RA).  

 

eQTLs of rs4065275 are AC090844.2, GSDMA, GSDMB, IKZF3, ORMDL3. eQTLs of 

rs8076131 are PGAP3, IKZF3, GSDMB, GSDMA and ORDML3. P-P interactions are 

found with 8 genes (AC087491.2, PPP1R1B, ERBB2, PGAP3, GRB7, IKZF3, ZPBP2, 

MIEN1), which include common targets with eQTL IKZF3 and PGAP3 (Figure 7a-b). 

CRISPRi data has shown that KRT10 and its antisense-RNA (TMEM99) are regulatory 

targets of the ORMDL3 promoter. KRT10 (keratin) is a component of the cytoskeleton 
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of skin epithelial cells, and it plays a role in microbial infection in the nose and lung 

(Shivshankar et al., 2011). The alternative allele of rs4065275 was found to increase 

regulatory activity in an MPRA in Jurkat cells (Figure 7c) (Mouri et al., 2022), while the 

alternative allele of rs8076131 showed a decrease in regulatory activity in an MPRA in 

HEK293T cells (Liu et al., 2017). A link with the GWAS could be the fact that the 

alternative variant of rs4065275 changes TFBS for IKZF2, a member of the IKAROS 

transcription factor family which is involved in the regulation of lymphocyte 

development and controls T cell apoptosis in an IL2-dependent manner (Figure 7d) 

(Heizmann et al., 2018; Morgan et al., 1997). 

ORDML3 plays a role in innate immunity, explaining its involvement in most of the auto-

immune related disease-associations. Additionally, increased expression of ORMDL3 

has been associated with asthma (Nowakowska et al., 2023). The alternative allele of 

the variants is associated with increased expression of ORMDL3 as well as GSDMA 

and GSDMB in several tissues (eQTL), but interestingly with decreased expression of 

IKZF3, another member of the IKAROS transcription factor family. Indeed, altered 

expression of this transcription factor due to the variants in the ORDML3 Epromoter 

could explain the wide range of immune-related diseases associated with the variants.  

PGAP3 encodes a glycosylphosphatidylinositol-specific phospholipase. Mutations in 

this gene cause neurologic hyperphosphatasia with cognitive disability (Abdel-Hamid 

et al., 2018), and might be linked with cognitive-associated GWAS like bipolar I 

disorder, mathematical ability, and educational attainment via a similar biological 

mechanism.  

 

GSDMA (Gasdermin A) and GSDMB (Gasdermin B) are involved in inflammatory cell 

death (pyroptosis), necessary for the recruitment of immune cells to infected sites in 

the skin and intestine (Deng et al., 2022; Zhou et al., 2020). Altered expression of these 

genes as indicated by eQTL for both variants could be linked to eczema and intestine-

related autoimmune disease association. 

 

COASY locus 

The COASY promoter shows enhancer activity in 5 different cell lines (A549, CCRF 

CEM with IFNα stimulation, HCT116, MCF-7, and SH-SY5Y). SNP rs629861 in the 

COASY promoter is associated with 17 different GWAS traits (Drugs used in diabetes 

use measurement, Eczema, Parkinson's disease-age at diagnosis, type II diabetes 
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mellitus, atopic asthma, body mass index, body weight, colorectal cancer, endometrial 

neoplasm, cortical surface area measurement, high density lipoprotein cholesterol 

measurement, lymphocyte count, self-reported educational attainment, serum gamma-

glutamyl transferase measurement, tea consumption measurement, vitamin D 

measurement). Disease ontology includes Parkinson’s disease, asthma, type II 

diabetes and body mass index.  

 

SNP rs629861 has 7 eQTLs within 100kb (CNTNAP1, COASY, HSD17B1, PLEKHH3, 

PSMC3IP, TUBG1, TUBG2), and the COASY promoter has 22 P-P interactions in over 

30 tissues (AC003104.1, ATP6V0A1, CCR10, CNTNAP1, CTD-3193K9.4, PLEKHH3, 

CNP, CNTD1, COA3, CTD-2132N18.3, RAB5C, DNAJC7, NKIRAS2, FAM134C, 

TUBG1, HMGN2P15, PTRF, TUBG2, WNK4, COASY, LOC108783654, MLX). As 

many as 5 gene targets overlap between the eQTL and P-P interactions (CNTNAP1, 

COASY, PLEKHH3, TUBG1, TUBG2) (Figure 7a-b), increasing the likelihood that 

these genes are potential targets of the COASY Epromoter. The SNP shows allelic-

skewed activity in K562 cells as assessed by MPRA (van Arensbergen et al., 2019) 

(Figure 7c). The SNP alters the binding sites of several TFBS, including loss of the 

GLTPD1 binding site (Figure 7d), which is involved in negative regulation of NLRP3 

inflammasome complex assembly and interleukin-1 beta production. Moreover, the 

SNP also alters the binding of HCFC1 (Supplemental Table 5), which is required for 

certain types of insulin secretion (Iwata et al., 2013), as well as for the recruitment of 

epigenetic activators to promoters of lipogenic genes to promote de novo lipogenesis 

(Lane et al., 2019). These functions of HCFC1 could link the SNP to the metabolic-

related GWAS type II diabetes, body weight and body mass index. 

 

COASY encodes protein coenzyme A synthase, which plays an important role in 

synthetic and degradative metabolic pathways, in particular of vitamin B5 (Daugherty 

et al., 2002). Mutations in this gene are associated with neurodegeneration with brain 

iron accumulation (Dusi et al., 2014; Rosati et al., 2023; van Dijk et al., 2018), which 

could imply similar mechanisms are at play in explaining the association of rs629861 

with Parkinson’s disease. Furthermore, contactin-associated protein (CNTNAP1) is 

also associated with hypomyelination and nervous system development (Laquérriere 

et al., 2014), and could therefore as well be a distal target of the COASY Epromoter 

explaining the association with Parkinson’s disease. HSD17B1 and PSMC3IP, both 
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eQTLs for rs629861, are involved in estrogen metabolism and activation (Puranen et 

al., 1997; Zangen et al., 2011). Because estrogen is a known player in insulin sensitivity 

and gluconeogenesis (Yan et al., 2019), this gene could be a distal target of the 

COASY Epromoter involved in the metabolic- and sex-hormone related traits 

(endometrial neoplasm, body weight, lipoprotein cholesterol, and type II diabetes). 

 

NIF3L1/PPIL3 locus 

The shared NIF3L1/PPIL3 promoter shows enhancer activity in 2 different cell types 

(SH-SY5Y_normal and primed hESC). A variant in this Epromoter is rs7559150, which 

is associated with 3 different GWAS (outer ear morphology trait, parathyroid hormone 

measurement, response to triptolide). Triptolide is a compound from the bark of a plant 

root that has anti-inflammatory properties and it has been used in the treatment of 

autoimmune diseases, fibrosis and neurodegeneration. 

 

There are 3 genes in eQTL with rs7559150 (NIF3L1, PPIL3 and CFLAR). Additionally, 

21 genes show P-P interaction with the Epromoter in different tissues (ALS2, 

ALS2CR12, CASP10, CASP8, CFLAR, CFLAR-AS1, FAM126B, NDUFB3, RNU6-

1206P, KCTD18, SGOL2, NOP58, SNORD70, STRADB, TRAK2, BZW1, CLK1, 

FAM126B, LOC101927795, NIF3L1, PPIL3) (Figure 7a-b). Transcription of two genes 

is impacted by CRISPRi on the Epromoter (PPIL3 and CFLAR), giving additional 

evidence for Epromoter activity and target genes. The minor allele of the SNP is 

associated with a significant decrease in the expression of PPIL3, NIF3L1 and CFLAR, 

as well as several other genes in the vicinity. CFLAR is an eQTL of the SNP with an 

increase in expression in the esophagus, but a decrease in expression in e.g. thyroid. 

Similarly, the minor allele of rs7559150 showed decreased regulatory activity in a 

SuRE assay in K562 cells (Figure 7c)(van Arensbergen et al., 2019). Several TFBS 

are disrupted by rs7559150, including several members of the ETS family of TFs 

(Figure 7d; Supplemental Table 5), which are involved in a wide range of functions 

including inflammation and apoptosis, which could be at the basis of the association 

with triptolide cytotoxicity. 

 

The rs7559150 SNP was identified to reduce NIF3L1 expression in memory T cells 

after 16h of stimulation (Soskic et al., 2022). Moreover, the gene NIF3L1 itself is 

associated with Williams-Beuren syndrome, in which patients often have elevated 
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blood calcium levels (hypercalcemia) (Merla et al., 2004). This is in agreement with the 

fact that rs7559150 is associated with parathyroid hormone measurement. The 

rs7559150 minor allele could lead to decreased NIF3L1 expression which in turn leads 

to decreased negative regulation of transcription of the target genes, resulting in 

increased parathyroid activity and increased blood calcium levels. Additionally, NIF3L1 

lies in the ALS2-critical region, a neurodegenerative disease with loss of motor 

neurons. Interestingly, one of the P-P interactions of this Epromoter is with the ALS2 

gene, mutations in which are also associated with ALS. Potentially the NIF3L1/PPIL3 

Epromoter could play a role in the regulation of ALS2 (over 600kb away), adding to the 

ALS-association of both genes.  

 

CFLAR is a gene regulator of apoptosis and inflammation (Xiao et al., 2012; Xiaohong 

et al., 2019). Moreover, high expression of CFLAR was found to positively regulate 

immune response to soft tissue sarcoma in the tumor microenvironment (Liu et al., 

2024). Rs7559150 in Epromoter NIF3L1/PPIL3 shows P-P interaction with CFLAR, 

and could thus potentially regulate and alter expression of CFLAR, resulting in an 

altered systemic apoptosis and inflammation regulation, which could culminate in 

altered cytotoxicity and its association with triptolide response.  

The PPIL3 protein is a member of the cyclophilin family, and was shown to be a 

negative feedback regulator of NF-kB signaling pathway in homeostasis of innate 

immunity (Sheng et al., 2018), which could similarly suggest involvement in the 

association to triptolide cytotoxicity. 
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6.2 Data resource and sharing 

In this work, we generated a comprehensive human enhancer and Epromoter resource 

and an Epromoter variants resource which characterized with GWAS, eQTLs, 

promoter-promoter interactions, affected TF binding, and MPRA. Additionally, we 

provide CRISPRi perturbed promoters with cis-regulated genes collected from 

published studies. We also provide an MPRA resource with allelic impact SNPs 

collected from published studies. These data resources will be useful not only for 

Epromoter studies but also for other regulatory element studies. Currently, these data 

resources can be accessed by the cloud link: https://amubox.univ-

amu.fr/s/FcapcWqFM8gED3E.  

For example, the data resources were utilized in collaborative works from several 

teams. The enhancers and Epromoters resource were also shared with an exonic-

enhancers project (collaboration with Benoit Ballester’s team from TAGC, Marseille, 

France), a G-quadruplex project (collaboration with Jean-Christophe Andrau’s team 

from IGMM, Montpellier, France), short tandem repeats project (collaboration with 

Charles Lecellier’s team from IGMM, Montpellier, France). The GWAS trait resource 

and analysis in the PhD work was also utilized by a collaborative work with Sylvain 

Marcelline’s team from the University of Concepción in Chili (See Annex 2; 

https://doi.org/10.1016/j.cdev.2024.203924).  

 

  

https://amubox.univ-amu.fr/s/FcapcWqFM8gED3E
https://amubox.univ-amu.fr/s/FcapcWqFM8gED3E
https://doi.org/10.1016/j.cdev.2024.203924
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6.3 Additional work 

Assessment of allelic impact on promoter versus enhancer activity of 

Epromoters 

One way to assess the allelic impact of genetic variants on cis-regulatory activity is to 

perform allelic-specific MPRAs where reference and alternative alleles are tested in 

parallel. Comprehensive assessments of allelic-skewed variants from published 

MPRAs allowed us to demonstrate that functional cis-regulatory variants associated 

with Epromoters are significantly more pleiotropic (Figure 6 of part 6.1; Results 

section). However, an underlying question is whether allelic variants differentially 

impact on enhancer or promoter activity of Epromoters. To systematically address this 

question, we designed an MPRA strategy to assess the impact of allelic variants on 

promoter and enhancer activity in parallel (Figure 6.3.1).  

 

Figure 6.3.1 The MPRA strategy to assess the impact of allelic variants on promoter 

and enhancer activity of Epromoters. Figure 6.3.1a shows the impact of allelic variants 

on promoter and enhancer activity of Epromoters. Figure 6.3.1b shows the impact of 

allelic variants on promoter and enhancer activity of Epromoters can be assessed by 

promoter assay and enhancer assay.  
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Together with Antoinette van Ouwerkerk (a post-doc in Spicuglia’s lab), we built an 

MPRA library to assess all identified GWAS-SNPs associated with Epromoters in our 

study (Wan et al. draft; Results section). More specifically, we took the 4330 GWAS-

SNPs that lie in 2301 Epromoters, resulting in 8660 variant sequences with the two 

alleles, for which we extracted a 220bp genetic sequence with the variant at the 110th 

position. Additionally, 561 variants that lie within 500bp of the TSSs of two divergent 

Epromoters, were added in both orientations corresponding to the direction of the TSS, 

resulting in a total of 9782 variant sequences. In addition, we selected in total 686 

positive control sequences, of which 104 sequences of Epromoters are active in >5 

cell lines, and 582 sequences of Epromoters active in K562 or GM12878 cell lines. 

Additionally, we selected 800 positive control SNPs, based on the top 100 SNPs 

ranked by allelic effect p-value in two published studies ((Abell et al., 2022) performed 

in GM12878 and (van Arensbergen et al., 2019) performed in K562). Furthermore, we 

selected 698 negative control sequences, divided into 298 sequences with low 

regulatory activity (fold change between 0.9 and 1.1) in K562 and GM12878 

CapSTARR-seq and 200 randomly shuffled sequences from positive control tested 

SNPs, in forward and reverse orientation (resulting in 400 sequences). In total, we 

generated a library of 11966 sequences that were cloned in enhancer and promoter 

MPRA vectors in parallel (Figure 6.3.2a).  

Both enhancer and promoter MPRA experiments have been performed in the K562 

cell line with or without IFNa stimulation, by Antoinette van Ouwerkerk. As for now, we 

have performed preliminary analyses of the enhancer MPRA. We performed DE-seq 

analyses to assess the differential allelic activity of the Epromoter’s variants (Figure 

6.3.2b-c). We observed 47 and 39 significant allelic-skewed SNPs in non-stimulated 

and IFNa-stimulated K562 cells, respectively (adjusted P value < 0.05). Further 

analysis will be explored based on this dataset. For example, whether these functional 

allelic SNPs display pleiotropic effect? whether is a correlation between allelic impact 

and pleiotropic effect? And whether the same SNPs have a similar or opposite impact 

on promoter and enhancer activities. 
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Figure 6.3.2 Assess allelic impact on enhancer activity of Epromoters. Figure 6.3.2a. 

The overall design of the enhancer MPRA. The oligo sequences were designed as 

220bp with reference or alternative alleles of SNPs in the center. Then the oligo 

sequences were integrated into the reporter vectors. The reporter vectors were 

transfected into K562 in two conditions (No stimulation and IFNa stimulation). The 

quantification and differential expression analysis were initially performed in two 

conditions of MPRA library. Figure 6.3.2b-c. The volcano plots show the allelic impact 

results in two MPRA experiments (K562 without stimulation and IFNa stimulation). 

Each dot represents a SNP. The red dots are allelic-skewed SNPs (adjusted P value 

< 0.05). The black dots are not significant.  
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Chapter 7. Epromoters function as a 

hub to recruit key transcription factors 

required for the regulation of stress-

response clusters 

This is a collaborative work led by Juliette Malfait (PhD student) in Salvatore Spicuglia’s 

team which the manuscript is in preparation. Currently, my contribution to this work 

was the bioinformatic analysis in Figure 7, and results cleaning from a pipeline of 

Epromoter cluster prediction.  

Previous results have shown that Epromoters function as a local hub recruiting the key 

TFs required for coordinated regulation of gene clusters during the inflammatory 

response (Santiago-Algarra et al., 2021). Following this study, the research question 

is: whether Epromoters coordinate regulation of gene clusters in other stress response 

processes? Whether Epromoters are function as hub in more general cellular response 

to intra- and extra-cellular signals? 

The collaborative work is investigating whether stress response genes are regulated 

as clusters. The work is based on the comprehensive stress response datasets 

collected by Juliette and colleagues in different stimulatory or stress conditions (heat 

shock, serum response, DNA damage, TNF stimulations) in human and mouse from 

published studies.  

The strategy is investigating the genomic distances between stress response genes 

and comparing with developmental genes and randomly selected genes (Figure 7A). 

We calculated the gene distance distribution between induced genes (including stress 

response datasets and differentiation datasets) and random genes. As the three 

example datasets shown in Figure 7B-C, the gene distance distribution is mostly 

enriched within 100kb in stress response datasets (eg. Heat-Shock) by comparing with 

random genes but not in differentiation datasets be it in vitro or embryonic (eg. 

Fibroblast growth factor (FGF), Mesoderm CD56). The deviation scores were 

calculated to quantify the distance distribution differences (Figure 7C). In general, the 

deviation scores are higher in stress response datasets than differentiation datasets 

(Figure 7D). According to gene distance distribution and deviation scores, the stress 
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response datasets generally display higher deviation scores associated with smaller 

distances, which are separated from the differentiation datasets (Figure 7E).  

The distance distribution results indicate that induced genes are more clustered in 

stress response datasets but not in developmental datasets. Based on these findings, 

a bioinformatic pipeline was developed to predict the Epromoters at play in different 

stimulatory or stress conditions. The systematic validation and analysis (performed by 

Juliette Malfait) suggested that Epromoters function as a local hub to recruit key 

transcription factors required for the regulation of nearby co-induced genes in response 

to different inflammatory and stress conditions. 

 

Figure 7. Stress response genes are distributed as clusters in mammalian genomes. 

A. The scheme to investigate the genomic distances between induced genes after 

stress stimulation.  

B. Gene distances distribution of induced genes and random genes in three examples’ 

datasets. The summit of distribution is marked by a dashed line.  

C. The QQ-plot illustrated the difference between the distance distribution of induced 

and random genes in three examples’ datasets. The y=x line means that the 

expectation between induced and random genes is no difference. The deviation scores 

are quantified as the difference between the QQ-plot and expectation line.  
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D. The summary of deviation score in all the differentiation and stress response 

datasets. Each point represents one dataset.  

E. The correlation between gene distance distribution and deviation score. Each point 

represents one dataset. 
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Chapter 8. Discussion 

Genome-wide studies have become pivotal in unraveling the genetic basis of complex 

traits through the identification of single nucleotide polymorphisms (SNPs) associated 

with specific phenotypes. In this work, we employed a comprehensive approach to 

investigate the genetic landscape of Epromoters, an unconventional type of cis-

regulatory element harboring both enhancer and promoter functions. We examined 

their associations with genetic variants, particularly focusing on SNPs identified in 

GWAS. Our comprehensive analysis provides novel insights into the genetic variation 

within Epromoters and control promoters, highlighting their potential roles in complex 

trait regulation. The enrichment of specific GWAS traits and the increased pleiotropy 

observed in Epromoters, as compared with typical promoters, suggest their importance 

in the genetic architecture of complex traits and diseases. 

Our findings underscore the intricate relationship between Epromoter-associated 

genetic variation, eQTLs, and pleiotropy, unraveling the potential regulatory impact on 

both proximal and distal target genes. The identified link between Epromoters and 

distal gene regulation provides valuable insights into the functional genomics of 

complex traits. It paves the way for a deeper understanding of the molecular 

mechanisms underlying pleiotropy. 

 

Epromoters’ intrinsic features are distinguished from typical promoters 

A major paradigm in the field of gene regulation is to understand what are the molecular 

bases of proximal (promoter) versus distal (enhancer) functions (Andersson & 

Sandelin, 2020). Although a unified model of cis-regulatory functions has been 

proposed (Core et al., 2014), several studies, including ours, have suggested that 

intrinsic (binding sites, nucleotide composition, etc) and extrinsic (transcription factors 

(TFs), genomic context, etc) features that drive enhancer and promoter activities are 

not the same (Core et al., 2014) (Henriques et al., 2018) (Rennie et al., 2018) 

(Mikhaylichenko et al., 2018) (Nguyen et al., 2016) (Santiago-Algarra et al., 2021) (Dao 

et al., 2017) (Malfait et al., 2023). Previous studies have shown that the type of TF that 

binds a cis-regulatory element might influence the relative enhancer or promoter 

activity (Andersson & Sandelin, 2020; Nguyen et al., 2016). Similarly, we showed that 

interferon-response Epromoters have a higher density and better quality of Interferon-
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Stimulated Response Elements (ISRE), as compared with typically induced promoters, 

which, in turn, results in the Epromoter-specific recruitment of STAT1/2 and IRF TFs 

and activation of neighbor genes (Santiago-Algarra et al., 2021).  

Here, we took advantage of the comprehensive Epromoter resource we have built to 

perform a thorough comparison of Epromoters with typical promoters displaying similar 

promoter activity. Our results revealed several intrinsic differences between 

Epromoters and typical promoters (Figure 8.1). First, Epromoters are associated with 

genes that are less tissue-specific and harbor multiple alternative promoters. Second, 

they are involved in a higher number of interactions with other promoters. Third, their 

sequences are more conserved and display a higher number of G4 elements. Fourth, 

Epromoters have a higher density and complexity of TF binding sites, which is reflected 

by a high density of TF binding. Finally, Epromoters display a higher level of sense and 

antisense transcription initiation which is reflected by a higher overlap with RNAPII 

binding.   

 

Figure 8.1. The summary of Epromoters’ intrinsic features which are distinguished from 

typical promoters.  

 

Based on these findings, we speculate that Epromoters represent a combination of the 

two types of cis-regulatory elements, thus combining features associated with 

enhancer and promoter activities within an enhancer-promoter continuum of cis-

regulatory elements. This intermediated position implies that Epromoters might display 

a higher density and complexity of TFBS because it has to accommodate the binding 

of TFs for both enhancer and promoter functions. In this scenario, typical promoters 

are enriched in binding sites for TFs conferring promoter activity and enhancers 

enriched in binding sites for TFs conferring enhancer activity, while Epromoters will be 
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enriched for both types of binding sites leading to a higher density of TFBS. Future 

works should systematically assess the contribution of TFBS and associated TFs to 

the enhancer and promoter activity to better understand the molecular features that 

determine the intrinsic promoter and enhancer potentials of cis-regulatory elements, 

and in particular of Epromoters. This, in turn, might help to better predict the impact of 

mutations or natural variants of Epromoters that might affect either proximal or distal 

gene regulation. 

 

Pleiotropic impact of Epromoter’s variants  

Several studies, including ours, have demonstrated that human genetic variation within 

Epromoters influences distal gene expression (Dao et al., 2017) (X. Wang et al., 2018) 

(Joanna Mitchelmore et al., 2020) (Jung et al., 2019) (Mariana Saint Just Ribeiro et al., 

2022). Moreover, specific examples highlight the distal impact of disease-associated 

variants within Epromoters (Chandra et al., 2021) (Victor Rusu et al., 2017) (Irina A. 

Sergeeva et al., 2016) (Yagihara et al., 2016) (Samia Nisar et al., 2022) (Hua et al., 

2018) (Gao et al., 2018) (Malfait et al., 2023). The complex regulation by Epromoters 

might therefore have two predicted consequences. On the one hand, there might be a 

general underestimation of the impact of Epromoter variation in disease because the 

causal gene might not be the closest one and therefore the link between genotype and 

phenotype might be missed in many case studies. On the other hand, as Epromoters 

potentially control several genes at the same time and efficiently recruit key TFs, 

mutations in these regulatory elements are expected to have a stronger pathological 

impact, as compared to typical promoters. This might result from the regulation of 

multiple genes either involved in the same (additive or synergistic effects) or different 

(pleiotropy) pathways (Figure 8.2). Indeed, our present work reveals that genetic 

variants within Epromoters linked to GWAS are significantly associated with multiple 

diseases as compared with typical promoters, supporting the hypothesis whereby 

Epromoters might have a pleiotropic effect in disease by perturbing the expression of 

several genes at the same time. 
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Figure 8.2. The complex effect of genetic variation at Epromoters.  

 

Pleiotropy, referred as to a single cis-regulatory element affecting more than one trait 

independently (Cano-Gamez & Trynka, 2020), could be due to the perturbation of a 

single gene playing multiple functions in different tissues (Gupta et al., 2017) (Sinnott-

Armstrong et al., 2021) or the regulation of multiple genes in the same or different 

tissues (Sobreira & Nóbrega, 2021) (Joslin et al., 2021). Our results rather point to the 

latter possibility. On the one hand, we observed that pleiotropy is associated with an 

increased number of target genes, as assessed by consistent eQTL and promoter-

promoter interactions. While it is difficult to ensure that all Epromoter variants are bona 

fide distal regulators, we noticed that taking into consideration functional assessment 

of allelic-specific activity by MPRA allows for significant enrichment of pleiotropic 

Epromoters. On the other hand, a careful examination of several pleiotropic 

Epromoters, reveals that the different target genes play a role in different physiological 

functions that might explain the association with the different diseases. For instance, a 

SNP in the Epromoter of SETD1A gene affected STX1B, PRSS53, VKORC1 and KAT8 

genes downstream, which are associated with brain diseases and warfarin dose effect 

in heart diseases (Figure 8.3; Figure 7 in section 6.1). Another example in our study 

shows a SNP at Epromoter of OAS3 associated with COVID-19 severity by affecting 

three OAS family genes expression in antiviral function (Figure 8.3; Figure 5 in results 

section). In line with our finding, a schizophrenia-risk SNP within the promoter of the 

VSP45 gene was shown to cis-regulate three genes via allele-specific chromatin 

looping (Figure 8.3). These genes act in a non-additive synergistic fashion to enhance 

dendritic complexity and neuronal activity (Zhang et al., 2023).  
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Figure 8.3. The instances of pleiotropic and synergistic/additive effect of Epromoters 

variation.  

 

Genetic variation might impact the expression of neighboring genes in the same (e.g., 

enhancer and promoter activity are equally affected) or opposite (e.g., the genetic 

variant induces an enhancer/promoter switch) directions. For instance, two studies 

demonstrated that an alternative variant associated with prostate cancer increases the 

enhancer activity of the promoter leading to decreased expression of the proximal 

transcript but increased expression of two distal transcripts directly involved in cancer 

progression (Hua et al., 2018) (Gao et al., 2018). Moreover, the genetic variants might 

differently impact enhancer and/or promoter activity in different tissues. For instance, 

Leung et al. found frequent examples of dynamic epigenetic switches where active 

promoters in one tissue displayed a histone modification signature of enhancers in 

other tissues/cell types (Leung et al., 2015). Similarly, Chandra et al. found a 

substantial number of promoter-promoter interactions involving transcriptionally 

inactive genes, suggesting that non-transcribing promoters may function as active 

enhancers for distal genes (Chandra et al., 2021). An enlightening example is provided 

by the OAS1/2/3 locus, where genetic variation at the OAS3 Epromoter affects 

Interferon-dependent enhancer and promoter activity in both K562 and A549 cell lines. 
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However, the relative impact on enhancer and promoter activities switches between 

the two cell lines.  

Overall, by leveraging extensive genomic and functional datasets, our study explores 

the intricate relationship between Epromoter variation, pleiotropy, and target gene 

regulation, shedding light on the complex regulatory mechanisms underlying the 

genetic architecture of complex traits. 

 

Limitations of this study 

There are some limitations in this PhD work. First, the STARR-seq datasets collected 

in this study are up to 2021. Some of the latest STARR-seq data may be released or 

published. For the sake of consistency of the results of previous and subsequent 

analyses, these data are not collected in this study for the time being. Second, 

compared with other epigenomic data, genome-wide STARR-seq applied to human 

cell lines is still scarce. Therefore, the number of all Epromoters on a genome-wide 

scale may still be underestimated. We look forward to the availability of STARR-seq 

datasets in more human cell lines. Third, due to the differences in STARR-seq and 

CapSTARR-seq libraries and data processing, we cannot provide a universal standard 

enhancer activity value for all Epromoters. Therefore, in the supplementary datasets, 

we provide the genomic coordinates of the Epromoter, corresponding genes, cell lines, 

and conditions. But for the CapSTARR-seq generated in this study, we provided the 

enhancer activity for each dataset. Fourth, in integrating Epromoter, eQTL, promoter-

promoter interactions, and MPRA data, we did not analyze the consistency of cell lines 

between different datasets. The reason is that there are not many available datasets 

from each data type in the same cell line. And the data from different cell types still 

could be provided as potential evidence. Fifth, in the prediction of transcription factor 

binding effects, we found that the prediction results of different tools didn’t display a 

high consistency. Therefore, we provide the prediction results of different tools to keep 

more potential evidence.  
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Chapter 9. Perspectives 

Assess the impact of allelic variants on Epromoters by MPRA 

We have systematically characterized the GWAS SNPs in Epromoter and collected 

previous MPRA datasets to functionally validate a subset of these SNPs. However, a 

more comprehensive evaluation of all GWAS SNPs within Epromoters remains 

necessary. MPRA is an ideal technology for large-scale evaluation of the effects of 

SNPs on regulatory activity. As detailed in Chapter 6 (Section 6.3), our MPRA will be 

divided into two strategies to evaluate promoter activity and enhancer activity 

respectively. By leveraging this data, we can systematically assess the effects of SNPs 

on promoter and enhancer activity of Epromoters. This comprehensive analysis will 

provide a deeper understanding of the distinct roles and interconnected relationships 

between enhancers and promoters.  

 

Apply AI-based strategy to dissect grammar rules of Epromoter 

Machine learning, particularly deep learning strategies, has demonstrated significant 

power in the study of enhancers and promoters. Another PhD student in the host lab 

has set out to use deep learning to explore the grammar of Epromoters. The STARR-

seq and Epromoter datasets generated in this study will serve as training data for deep 

learning models. Preliminary results indicate that larger training datasets and 

quantitative data substantially enhance the predictive performance of deep learning 

models. Therefore, the MPRA resources collected in this study, along with the MPRA 

data to be generated in the future, can also serve as a foundation for training these 

models. As the quality and scale of the data improve, it will become possible to predict 

the regulatory activity of Epromoters and to decipher their sequence syntax rules. 

Ultimately, this will enable the de novo design of regulatory elements. 

 

Contribution of Epromoter’s target genes on disease 

The results obtained during the thesis suggested that Epromoters might have an 

important contribution to disease because genetic variants can have an impact on the 

expression of multiple neighbor genes. However, to validate this hypothesis, functional 

experiments should be performed to assess the contribution of individual target genes 

on the disease(s) associated with the Epromoter’s variants. A recent study that focused 
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on GWAS regulatory variants linked to schizophrenia provided a clear example of how 

to systematically validate the complex genetic effect of a single Epromoter variant 

(Zhang et al., 2023). By combining analyses of allelic chromatin accessibility, CRISPRi 

screening, precise SNP editing, chromatin interaction, and cellular phenotypes, they 

show that multiple genes in a single GWAS risk locus act in a non-additive synergistic 

fashion (Figure 9.1).  

 

Figure 9.1. An example shows how to systematically validate the complex genetic 

effect (Zhang et al., 2023). Figure 9.1a shows the proximal gene and distal genes 

contributed differently to schizophrenia. Figure 9.1b (adopted from (Deans & 

Brennand, 2023)) shows individual and joint knockdown of VPS45, AC244033.2 and 

C1orf54 expression in NGN2-neurons results in altered gene expression, neurite 

branching, and neuronal activity. Joint perturbations can result in more or fewer 

synergistic (non-additive) effects than predicted by the additive model. 
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Abstract

Precise spatiotemporal control of gene expression during normal development and cell

differentiation is achieved by the combined action of proximal (promoters) and distal

(enhancers) cis-regulatory elements. Recent studies have reported that a subset of pro-

moters, termedEpromoters,works also as enhancers to regulate distal genes. This new

paradigm opened novel questions regarding the complexity of our genome and raises

the possibility that genetic variation within Epromoters has pleiotropic effects on var-

ious physiological and pathological traits by differentially impacting multiple proximal

and distal genes. Here, we discuss the different observations pointing to an important

role of Epromoters in the regulatory landscape and summarize the evidence support-

ing a pleiotropic impact of these elements in disease. We further hypothesize that

Epromoter might represent amajor contributor to phenotypic variation and disease.

KEYWORDS

diseases, enhancer, epromoter, gene regulation, pleiotropy, promoter, variants

INTRODUCTION

In higher eukaryotes, gene transcription is regulated through the

involvement of regulatory elements that are located near the tran-

scription start site (TSS), called promoters, and those that are located

far from TSS, called enhancers. This classical definition implies that

enhancers activate gene expression at a distance while promoters

induce local gene expression. Although these two elements are distin-

guishable by their genomics and epigenomics characteristics, a strict

dichotomy between cis-regulatory elements is being challenged by the

broad mechanistic similarities between promoters and enhancers.[1,2]

On one hand, active enhancers are able to initiate transcription and

recruit general transcription factors as promoters do. On the other

hand, several lines of evidencehave shown that a subset of coding-gene

promoters is able to function as bona fide enhancers (hereafter named

Epromoters), as detailed below.

Given the potential regulation of proximal and distal genes by

Epromoters, we hypothesized that genetic variation or mutation at

Epromoters might play an important role in physiological and patho-

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any

medium, provided the original work is properly cited, the use is non-commercial and nomodifications or adaptations aremade.

© 2023 The Authors. BioEssays published byWiley Periodicals LLC.

logical traits. In this review, we first describe the different studies

supporting the physiological relevance of genomic regulation by Epro-

moters. We then discuss the intrinsic features that might drive the

enhancer and promoter activity of Epromoters and whether these are

shared or specific properties as compared with typical enhancers and

promoters. Finally, we provide current observations supporting the

hypothesis of an important and pleiotropic role of Epromoter variation

on the ontogeny of different diseases.

SHORT AND LONG-RANGE GENE REGULATION BY
EPROMOTERS

Dissection of cis-regulatory elements is classically based on gene

reporter assayswhere the testedDNA regions are either placed imme-

diately before the reporter gene (to assess for promoter activity)

or placed upstream or downstream of a basic promoter (to assess

for enhancer activity). Surprisingly, many of the early characterized

enhancers in the 80s and 90s overlapped the promoter of inducible

BioEssays. 2023;45:2300012. wileyonlinelibrary.com/journal/bies 1 of 12
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F IGURE 1 Proximal and distal gene regulation by Epromoters. (A) Example of high-throughput reporter assays to assess enhancer activity of
genomic regions. A genomic library is cloned downstream of a basic promoter and a GFP reporter gene.With this construct, enhancers will
activate their own transcription. The transcripts are then quantified to assess the enhancer activity. In particular, this type of strategy allows
identifying of promoter elements with intrinsic enhancer activity (i.e., Epromoters). pA: Poly-adenylation. (B) In wild-type (WT) cells, the
Epromoter (yellow) regulates a proximal gene (promoter activity; blue arrow) and distal genes (enhancer activity; red arrows). In
Epromoter-deleted cells (KO: knock out), both the proximal and distal gene expressions are impaired.

genes,[2,3] including the first identified enhancer which corresponded

to the promoter of the simian virus 40 (SV40) early gene.[4] Currently,

powerful techniques incorporating high-throughput sequencing into

reporter assays enable systematic and straightforward quantification

of enhancer activity of cis-regulatory elements. Two similar high-

throughput reporter assays have been widely used in recent years:

Massively Parallel ReporterAssay (MPRA) and Self-TranscribingActive

Regulatory Region sequencing (STARR-seq).[5] One striking observa-

tion of these episomal reporter assays, when assessing large genomic

regions from Drosophila to different mammal cell types, is that many

promoters display enhancer activity[6–15] (Figure 1A). In particular, by

assessing all human core promoters of coding genes by STARR-seq, we

found that∼3%of promoters exhibited enhancer activity in a given cell

line.[8]

The presence of enhancer activity in some promoters, when tested

in episomal reporter assays, does not necessarily mean that they could

regulate other promoters in their endogenous context. Thus, whether

gene promoters may function as bona fide enhancers by controlling

distal gene expression is a critical issue. Several independent studies

usingmouse transgenics or CRISPR/Cas9 genome editing have demon-

strated that the deletion or mutation of some promoters reduces the

expression of a distally located gene,[8,16–19] implying they function as

enhancers in their natural context (Figure 1B). So far, around 20 Epro-

moters have been validated experimentally at their endogenous loci

by the different genome editing approaches in mouse or human cell

lines (detailed in ref.[2]). High-throughput mapping of regulatory DNA

by CRISPR-based screens also found evidence of distal gene regula-

tion by gene promoters.[20–23] In particular, the repression of 30 (∼8%)

promoters out of 359 tested by CRISPR inactivation screen, resulted

in reduced expression of a distal gene,[22] supporting the idea that a

substantial amount of promoters display enhancer function at their

endogenous loci. Besides coding-gene promoters, promoters of long

non-coding RNAs (lncRNAs) have also been shown to display enhancer

activity independently of the transcript itself.[16,24,25] Nevertheless, in

such cases, it is challenging to determine whether the tested regula-

tory element is a distal enhancer associated with a long transcript or

rather the promoter of a “functional” lncRNA,which indirectly controls

the expression of the neighbor gene.

Further evidence of Epromoter function comes from the analysis

of 3D and genetic interactions. In addition to the enhancer-promoter

interactions, the analyses of capture Hi-C and similarly derived 3C-

basedmethods have shown that promoter-promoter (P-P) interactions

are highly frequent.[26–32] Similarly, studies of expression quantita-

tive trait loci (eQTLs) have revealed enrichment for genetic variants

laying within gene promoters and associated with the regulation of

distal genes.[8,17,29,33,34] Noticeably, some promoters interacting with

other promoters, either at the 3D or genetic levels, indeed displayed

enhancer activity.[8,17,23,27,33,35] An important outcomeof these obser-

vations is that Epromoters often regulate several distal genes (in addi-

tion to the proximal one), including clusters of inducible genes,[18,32,36]

suggesting that Epromoters might function as regulatory hubs for the

coordinated regulation of gene clusters.

The impact on distal gene expression caused by the deletion or

mutation of a promoter might, in principle, be caused by different

mechanisms that are independent of a direct enhancer-like func-

tion. For instance, a given promoter might regulate distal genes by

trans-effects, involving either the transcript itself or the protein-

coding gene. However, re-expression of the FAF2[8] or OAS3[18] genes
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associated with Epromoters did not rescue the expression of dis-

tal genes perturbed by the deletion of these Epromoters. Similarly,

genetic dissection combining promoter deletion and the introduction

of polyadenylation signals also provided evidence of direct enhancer-

like functions.[16] Another possibility is related to the notion of tran-

scription factories, whereby transcriptional hubs are known to contain

many genes and their promoters, and are thought to share limited

resources for their expression.[36–38] Here, the deletion of a pro-

moter within the hub could affect the expression of other distal genes

within that hub, without necessarily acting as an enhancer. Although

this type of mechanism might be at play in some instances, we have

demonstrated that in the case of the aforementioned FAF2 and OAS3

Epromoters, the deletion of the promoters associated with the distally

regulated genes did not impact the expression of the Epromoter-

associated genes, supporting the directionality of the regulation by

these Epromoters.[8,18] Alternatively, the predicted Epromoter might

be involved in a complex 3D organization, for example, involving

the sequestering of another distal cis-regulatory element and, when

deleted, it could indirectly affect the expressionof a distal genewithout

acting as an enhancer for that gene. To date, few examples have unam-

biguously demonstrated the direct enhancer function of Epromoters,

and whether the majority of Epromoters have a direct impact on dis-

tal gene expression or work in combination with the aforementioned

mechanisms, will need further investigation.

All in all, the discovery that a subset of promoters also functions as

bona fide enhancers, has important implications for our understanding

of complex gene regulation in normal development and offers a ratio-

nale for the frequent repurposing of promoters and enhancers during

mammalian evolution.[1,39,40] Additionally, they raise the intriguing

possibility that sequence variation found within Epromoters may

have an impact on diseases or physiological traits by directly impact-

ing distal gene expression or changing their relative promoter and

enhancer activities. A concomitant question is to understand which

intrinsic features drive the specific enhancer and promoter function of

Epromoters.

EPROMOTERS SHARE ENHANCER AND PROMOTER
PROPERTIES

Although typical enhancers and promoters are logically distinguished

by their relative location with respect to the TSS of genes that they

regulate, their shared architectural properties have suggested a uni-

fying model of gene regulation by cis-regulatory elements.[1,2,41–43]

Alike promoters, enhancers recruit RNA-Polymerase II (Pol II) and

General Transcription Factors (GTF), and transcribe non-coding

RNAs (eRNAs).[41,44–48] Promoters and enhancers are both demar-

cated by divergent transcription initiation, surrounded by a well-

positioned array of nucleosomes, and enriched in core promoter

elements.[41,45,48–51] However, transcripts generated by enhancers

are generally bidirectional and less stable. Being generally depleted

in CpG islands, enhancers recruit master regulators like CpG-poor

promoters,[48] while some developmental enhancers require a prox-

imal CpG island to function.[52] Histone post-translational modi-

fications have been used to discriminate between enhancers and

promoters.[53–55] For instance, gene promoters typically exhibit

trimethylation of the histone H3 Lys4 (H3K4me3), while enhancers

were found to be enriched in monomethylated H4K4 (H3K4me1)

and acetylated H4K27 (H3K27ac). As a consequence, the presence of

H3K27ac along with high levels of H3K4me1 and low H3K4me3 is

commonly used as a proxy for active enhancers.[54] However, the level

of H3K4me3 is positively correlated with the enhancer strength and

eRNA level,[9,41,45,47,48,56,57] and, therefore, the presence of H3K4me3

is fully compatible with the enhancer activity. Thus, the relative enrich-

ment in epigenetic modifications might simply indicate differences in

transcriptional levels between the two types of elements, rather than

reflectingmutually exclusive functions.

A main intrinsic difference between enhancers and promoters

relates to the composition of transcription factor binding sites (TFBS).

High promoter activity is associated with a high density of overlapping

binding sites for different TFs, in particular, ubiquitously expressed

ones,while enhancers are less constrained.[1] In addition tobinding site

complexity, the type of TF that binds a cis-regulatory element might

influence the relative enhancer or promoter activity.[58] For instance,

the binding of AP1 and NFY is associated with enhancer activity,

whereas the binding of CREB, ETS and SP1 is preferentially associated

with promoter activity.[13,59–62] This suggests that the nature of bound

TFsmight directly contribute to the enhancer and promoter properties

of cis-regulatory elements.

Given the aforementioned duality of cis-regulatory elements, cur-

rent models do not propose that promoter and enhancer activities

are mutually exclusive, rather different regulatory elements might

accommodate different proportions of these activities[1] (Figure 2).

In such scenarios, Epromoters represent remarkable examples of cis-

regulatory elements that share functional and architectural properties

with both types of cis-regulatory elements.[1,2]

High-throughput reporter assays have allowed a systematic com-

parison of cis-regulatory elements independently of their relative

proximity with TSS.[5] These studies have revealed specific proper-

ties of Epromoters that distinguish them from typical enhancers and

promoters. When compared to distal enhancers, Epromoters mainly

differ by the type of associated TFBS. While distal enhancers are pref-

erentially associated with TFBS for developmental and tissue-specific

transcription factors (TFs), Epromoters appear to be associated with

TFBS for ubiquitous or inducible TFs.[7,10,12,15,18] When compared to

typical promoters, Epromoters differ by the higher level of unstable

bidirectional transcripts,[8,45,50,51,63] association with co-activators,

such as p300[8] and more frequent P-P interactions.[8,29] Moreover,

Epromoters appear to be associated with a higher density of TF bind-

ing and a higher quality of binding sites.[8,18] The above results are

consistent with the fact that Epromoters are preferentially associated

with housekeeping and stress response genes,[7,8,10,12,15] including

interferon-response genes.[8,12,18,64] For instance, we found that Epro-

moters are significantly associated with the induction of gene clusters

during the inflammatory response and that induced Epromoters are

characterized by a higher density and quality of Interferon-Stimulated
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Enhancer 
activity

Promoter 
activity

Epromoter PromoterEnhancer

Binding sites for “enhancer” factors Binding sites for “promoter” factors

Initiation for coding gene transcripts Initiation for short and unstable transcripts

F IGURE 2 A general model defining cis-regulatory function. Regulatory elements are composed of different ranges of binding sites for
transcription factors associated with either enhancer (red) or promoter (blue) properties. Enhancers aremostly composed of binding sites
associated with enhancer activity and initiate bidirectional transcription of short and unstable transcripts. Promoters are principally composed of
binding sites associated with promoter activity and initiate strong unidirectional transcription towards the coding gene. Epromoters share
structural features of both promoters and enhancers.

EpromoterPromoter

Pol II

transcription

IFN response

Gene A Gene B Gene C

Gene A Gene B Gene C

ST
AT

1

STAT2

IRF9

Promoter activity Enhancer activity

F IGURE 3 Epromoters might function as regulatory hubs for the
coordinated induction of gene clusters. During the interferon
response, clusters of induced genes are frequently associated with
Epromoters. In this context, the Epromoter recruits the key
interferon-response TFs STAT1, STAT2 and IRF9, and simultaneously
regulates co-induced genes within the same cluster. Legend is as in
Figure 1.

Response Elements (ISRE), as compared with typically induced pro-

moters, which, in turn, results in the Epromoter-specific recruitment

of STAT1/2 and IRF TFs[18] (Figure 3). Moreover, inhibition of inter-

feron signaling in HeLa cells drastically reduced the number of active

Epromoters without affecting distal enhancers.[12,18,64] These results

suggest that at least a subset of Epromoters plays an essential role

in the coordination of rapid gene induction upon cellular response to

intra- and extra-cellular signals whichmight require a high efficiency of

TF recruitment.

We speculate that Epromoters represent a combination of the two

types of cis-regulatory elements, thus combining features that are

associated with enhancer and promoter activities within an enhancer-

promoter continuum of cis-regulatory elements (Figure 2). This inter-

mediated position implies that Epromoters might display a higher

density and complexity of TFBS because it has to accommodate the

binding of TFs for both enhancer and promoter functions. In this

scenario, typical promoters are enriched in binding sites for TF con-

ferring promoter activity and enhancers enriched in binding sites for

TF conferring enhancer activity, while Epromoters will be enriched

for both types of binding sites leading to a higher density of TFBS.

An alternative model will imply that Epromoters are associated with

a unique combination of TFBS providing specific enhancer-promoter

features. Futureworks should apply systematic assess the contribution

of TFBSandassociated transcription factors to enhancer andpromoter

activity in combination with machine learning models to understand

the molecular features that determine the intrinsic promoter and

enhancer potentials of cis-regulatory elements, and in particular of

Epromoters.[1,10,65] This, in turn, might help to better predict the

impact ofmutations or natural variants of Epromoters thatmight affect

either proximal or distal gene regulation.

GENETIC VARIATION AT EPROMOTERS MIGHT
HAVE PLEIOTROPIC ROLES

There is growing evidence that a wide range of human diseases is influ-

enced by dysfunctions of cis-regulatory elements caused by genetic,

structural, or epigenetic mechanisms.[66] These processes frequently

underpin the susceptibility to commondiseases but can be also directly

involved in cancer or Mendelian diseases. The advent of genome-

wide association studies (GWASs) in the past decade has been one of
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the great endeavors in genomic research toward identifying genetic

variants associated with candidate genes for common diseases. The

majority of these genetic variants are found in non-coding regions,

therefore are likely to be involved in regulatory mechanisms control-

ling gene expression.[67–69] However, a major challenge in interpreting

the impact of genetic mutation or variation in disease is to identify

the targets that are impacted by the genomic alteration, which are not

necessarily the closest genes andmight have confounding features.[70]

Despite this, most studies select the closest gene to the associated

GWAS variant to establish possible causal mechanisms, namely when

the variant lies in the vicinity of a TSSorwithin an intronic region.How-

ever, this assumption has been shown to be biased in examples like

the FTO[71] and TCF7L2[72] loci, in which obesity and type 2 diabetes

GWAS data, respectively, were interpreted to implicate the nearest

genes, while 3D epigenomics and functional follow-up showed that the

disease variants reside in elements that regulate distant genes. In a

similar way, it might be envisioned that GWAS variants lying within

Epromoters might regulate the expression of distal disease-causing

genes.

The discovery of Epromoters thus opens a new paradigm in the

study of regulatory variants as a mutation in a promoter could poten-

tially influence the expression of several genes or change the relative

ratio of promoter versus enhancer activity. Thus, resulting in a variety

of potential changes in the relative expression of neighboring genes

(Figure 4A). In addition, it is plausible that the same cis-regulatory

element displays preferential promoter activity in some tissues while

displaying increased enhancer activity in other tissues, depending on

the expressed combination of TFs and the epigenetic context.[8,33,73]

For instance, Leung et al. found frequent examples of dynamic epi-

genetic switches where active promoters in one tissue displayed

a histone modification signature of enhancers in other tissues/cell

types.[73] Similarly, Chandra et al. found that a substantial number

of promoter-promoter interactions involved transcriptionally inactive

genes, suggesting that non-transcribing promoters may function as

active enhancers for distal genes.[33]

The complex regulation by Epromoters might therefore have two

predicted consequences. On one hand, theremight be a general under-

estimation of the impact of Epromoter variation in disease because

the causal gene might not be the closest one and therefore the link

between genotype and phenotype might be missed in many case stud-

ies. On the other hand, as Epromoters potentially control several genes

at the same time and efficiently recruit key TFs, mutations in these reg-

ulatory elements are expected to have a stronger pathological impact,

as compared to typical promoters. Thismight result fromthe regulation

of multiple genes either involved in the same (additive or synergistic

effects) ordifferent (pleiotropy) pathways (Figure4B).Here, pleiotropy

refers to a single cis-regulatory element affecting more than one trait

independently.[74] Pleiotropy could be due to the perturbation of a sin-

gle gene playing multiple functions in different tissues [75,76] or the

regulation of multiple genes in the same or different tissues.[77,78] Sev-

eral genomic features, such as a higher number of regulated genes

and more abundance and diversity of encoded TFBS, are indicative of

increasing variant pleiotropy.[78–80] Notably, these two features are

readily associatedwithbothEpromoters and typical enhancers. Thus, it

is fair to hypothesize that genetic alterations affecting Epromoters are

likely tobe involved indisease, as previously suggested,[2,18,27] and that

Epromotersmight have a stronger impact on the regulation of disease-

associated genes, as compared with typical promoters. Although the

hypothesis is not fully validated yet, several lines of observations

support this assumption, as detailed below.

There are several pieces of genetic evidence indicating that pro-

moter variants affecting distal genes are physiologically relevant. One

way to connect GWAS-reported genetic variants with effects on gene

function is to associate the genetic polymorphisms with eQTLs.[81]

eQTLs with a higher probability to directly impact gene expression

variation tend to be found in open chromatin regions, such as pro-

moters and enhancers,[82] supporting the hypothesis of a possible

effect through changes on regulatory mechanisms. Studies of natural

genetic variation through eQTLs thus provide important insights into

the mechanisms of specific diseases and gene control, and can point to

the possible gene regulatory function of specific sequences based on

their allelic associations with gene expression.[66]

Several studies have observed significant enrichment for eQTLs

located within gene promoters which are associated with the reg-

ulation of distal genes,[8,17,29,33,83] pointing out to Epromoter-like

regulation. A study, integrating predicted allelic variation in TF bind-

ing affinity in human lymphoblastic cell lines with their putative target

genes inferred from Promoter Capture Hi-C, observed that a large

proportion of regulatory variants associated with distal gene expres-

sion localized to the promoter regions of other genes, supporting

the notion of Epromoters.[29] Interestingly, some of these variants

were co-associated with the expression of both proximal and dis-

tal genes, while others were uniquely associated with distal genes.

Using a set of Epromoters identified by STARR-seq, we observed that

eQTLs lying within Epromoters are more likely to be associated with

the expression of a distal gene as compared to other promoters and

tend to have stronger effects on distal gene expression.[8] By ana-

lyzing promoter-centered long-range chromatin interactions in the

human genome, Jung et al.[17] and Chandra et al.[33] found that P-

P interactions were significantly enriched in eQTLs where a genetic

variant in one of the interacting promoters was associated with the

expression of the other interacting promoter. In these three studies,

CRISPR-mediated gene editing recapitulated the predicted function

of the promoter-associated eQTL variants in the regulation of dis-

tal gene expression.[8,17,33] A similar study found that the majority of

genetic variation affecting TF binding at Epromoters in Lymphoblas-

toid cell lines was associated with the expression of distal genes

alone, independently of whether the proximal gene was transcription-

ally active.[29] While it is difficult to ensure that all promoter-distal

eQTLs are bona fide distal regulators, we noticed that taking into

consideration functional assays for enhancer activity (STARR-seq)

allows to significantly enrich for promoter-eQTLs regulating distal

genes with a higher probability of perturbing TF binding affinity.[8]

Taken together, these findings support the functional significance of

long-range transcriptional regulation by Epromoters and imply that

regulatory variants within these elements may have both independent
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(B)

promoter Epromoter
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genetic variant
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F IGURE 4 Effects of Epromoter variation on gene regulation. (A) Different potential impacts of Epromoter genetic variation on proximal and
distal gene expression. In the reference (ref) haplotype, proximal and distal genes transcription are regulated by the Epromoter. In the alternative
(alt) haplotypes, the promoter (blue arrows) and enhancer (red arrows) activities could increase (thicker arrows) or decrease (thinner and dashed
arrows), resulting in up-or down-regulation of the associated genes. (B) Genetic variants at Epromoters might result in either synergistic/additive
(all affected genes are involved in the same disease/trait) or pleiotropic (each affected gene is involved in a different disease/trait) effects.

and shared effects on the expression of their proximal and distal target

genes.

Besides the global genomic evidence, several specific examples are

pointing toward the relationship between disrupted Epromoters and

variants associated with a variety of diseases, including autoimmunity

(Crohn’s disease, Lupus),[30,33,34,83,84] cardiovascular diseases,[19,85,86]

diabetes,[2,35,87] infection diseases,[88,89] and cancer[90–93] (Table 1).

However, to our best knowledge only in four cases, have the link

between the disease-associated variant and the Epromoter func-

tion been experimentally validated[84,88,91,92] (Figure 5). In the first

case, the alternative variant of a promoter-overlapping SNP asso-

ciated with prostate cancer changes the relative affinity for two

transcription factors resulting in promoter-enhancer switching and

the corresponding increase of the expression of two distal tran-

scripts directly involved in cancer progression (Figure 5A).[91,92] In

the second case, the promoter of the BAZ2B gene was identified

as Epromoter based on STARR-seq, while CRISPR-mediated deletion

resulted in decreased expression of theMARCHF7 gene located 95 kb

away.[8] The BAZ2B promoter overlaps with an SNP in eQTL with

MARCHF7[8] and is associated with hypothyroidism (Ref.[94]; unpub-

lished observation). Haplotype replacement by CRISPR-mediated

homology recombination resulted in reduced expression ofMARCHF7,

but not BAZ2B,[8] suggesting it is the distal gene regulation of the

identified Epromoter’s SNP that is involved in the disease (Figure 5B).

In the third case, haplotype-specific chromatin looping implicating

genetic variants associated with Systemic Lupus Erythematosus (SLE)

revealed that the alternative haplotype laying within the promoter

of BLK gene decrease the promoter activity while increasing the

long-range interaction with the FAM167A promoter resulting in the

up-regulation of FAM167A expression (Figure 5C).[84] In the last

case, a haplotype of five genetic variants associated with severe

Malaria and laying within the internal promoter of the ATP2B4 gene

was found to switch the relative promoter and enhancer activity

by luciferase reporter assays resulting in the increased expression

of the long ATP2B4 isoform initiated from the upstream promoter

(Figure 5D).[88]
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TABLE 1 List of diseases associated variants in Epromoters.

Disease

Epromoter-

containing

varianta Affected gene(s) Evidenceb Ref.

Prostate cancer PCAT19-short

isoform

PCAT19-long &

short isoforms,

CEACAM21

P-P interaction,

enhancer &

promoter reporter

assays,

CRISPR-Cas9

genome editing,

CRISPR interfer-

ence/activation

[91, 92]

Hypothyroidism BAZ2B MARCHF7 P-P interaction,

CRISPR-Cas9

genome editing,

eQTL

[8]

Systemic lupus

erythematosus

BLK BLK, FAM167A P-P interaction,

CRISPR

interference,

[84]

Severemalaria ATP2B4-short

isoform

ATP2B4-long &

short isoforms

Enhancer & promoter

reporter assays,

CRISPR/Cas9

genome editing

[88]

Cardiovascular

diseases

Nppb Nppa P-P interaction,

Mouse transgenic

models

[19, 86]

Type 2 diabetes ARAP1 PDE2A CapSTARR-seq,

promoter reporter

assays, eQTL

[2, 87]

Rheumatoid

arthritis

CCR6 RNASET2 P-P interaction, eQTL [33]

Systemic lupus

erythematosus

TREH CXCR5 P-P interaction, eQTL [34]

Crohn disease SMAD3 SMAD3, AAGAB P-P interaction, eQTL [30, 99]

Coronary artery

disease

CDKN2B IFNA2 P-P interaction [85]

Multiple cancers TERT CLPTM1L Somatic mutations,

correlationwith

gene expression

[90]

Type 2 diabetes INS SYT8 P-P interaction,

siRNA

[35]

aName of the proximal gene associatedwith the Epromoter.
bNature of the evidence suggesting an Epromoter-type of regulation.

In addition to small genetic variants, other types of genomic alter-

ations involving enhancer repositioning (a phenomenon also named

“enhancer hijacking”) by chromosomal translocations, genomic rear-

rangements, or insulator disruption, have been described as common

molecular mechanisms resulting in disease-related gene deregulation,

including overexpression of oncogenes.[66] Epromoter hijacking could

likely impact diseases through related mechanisms. For instance, in T-

acute lymphoblastic leukemia, a large intergenic deletion replaces the

TAL1 locus into the vicinity of theCMPK1 promoter, which displays fea-

tures of an active enhancer, resulting in TAL1 oncogenic expression.[93]

More generally, a study, using randomly integrated reporter con-

structs, found that chromosomal contacts with endogenous promoters

of housekeeping genes is required for the expression of the reporter

gene,[95] supporting the idea whereby genomic repositioning due to

structural variations might result in gene expression deregulation by

Epromoter hijacking.

CONCLUDING REMARKS AND FUTURE
DIRECTIONS

Current results point to an important role of Epromoters in the reg-

ulatory landscape. These findings also open up the possibility that

disease-associated variants or developmental traits lying within a
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promoter Epromoter Promoter activity Enhancer activity transcriptionvariant

ref

alt

Prostate cancer

PCAT19 PCAT19 CEACAM21

ref

PCAT19 PCAT19 CEACAM21

alt

Systemic lupus erythematosus

BLKFAM167A
ref

BLKFAM167A

alt

ref

alt

Severe malaria

ATP2B4
alt

ATP2B4

ATP2B4ATP2B4
ref

ref

alt

ref

alt

Hypothyroidism

MARCHF7BAZ2B
ref

MARCHF7BAZ2B

alt

(A) (B)

(C) (D)

F IGURE 5 Examples of Epromoter variation associated with diseases. (A) The variant rs11672691 is associated with prostate cancer and
locate within the internal PCAT19 promoter. The alternative variant switches the relative promoter and enhancer activity resulting in
up-regulation of themost upstream PCAT19 promoter and the distal gene CEACAM21. (B) The variant rs1046496 is associated with
hypothyroidism and locate within the BAZ2B promoter. The alternative variant decreases the transcription of theMARCHF7 gene. (C) The variant
rs922483 is associated with systemic lupus erythematosus and locate within the BLK promoter. The alternative variant decreases the
transcription of the BLK genewhile increasing the expression of the FAM167A gene. (D) A haplotype of five variants containing the lead variant
rs10900585 is associated with severemalaria and is located within the internal promoter of ATP2B4. The alternative variant switches the relative
promoter and enhancer activity resulting in up-regulation of themost upstream ATP2B4 promoter.

subset of promoters directly impact distal gene expression. Indeed,

the recent observations support the hypothesis whereby Epromot-

ers have a pleiotropic effect on diseases by perturbing the expression

of several genes at the same time. Future works, including additional

experimental settings where the Epromoter function is assessed in

their endogenous loci, should tell us how commonly promoters are

used as distal enhancers and better describe the physiological con-

texts where they are at play. Equally important will be to assess the

physiological relevance of genes regulated by Epromoters. Are both

proximal and distal gene deregulation directly involved in diseases? In

particular, given the preponderant role of Epromoters in the regula-

tion of interferon-response genes, it is expected that they might have

an important impact on the etiology of inflammatory diseases.

Although several works have provided clear examples of natu-

ral genetic variation within promoters affecting the expression of

a distal gene or an isoform regulated by a distal promoter, more

systematic studies are required to ascertain whether Epromoters

indeed play a pleiotropic role in disease. While sequence‑based mod-

els perform well in predicting how the impact of genetic variants in

promoters affects local gene expression, they still perform very low to

predict distal gene effects.[96] Therefore, we suggest that promoter-

associated variants should systematically be tested for their proximal

and distal effects. One possibility might be to simultaneously test

the same DNA fragment in high-throughput reporter assays designed

to assess the enhancer and the promoter activity in parallel.[13,50]

This type of approach will help to elucidate whether enhancer and

promoter activity of Epromoters are generally correlated amongst

different cell types/tissues or whether they exhibit tissue-specific

context. Similarly, it will help to assess whether genetic variants gen-

erally influence the global regulatory activity of Epromoters or rather

affect their relative function to primarily work as a promoter or as an

enhancer.
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A central goal of biology is to decipher the cis-regulatory code

that governs when and how much each gene is transcribed in a given

genome and cellular state.[97] Two major advancements provide a

paradigm shift in our capacity to integrate mechanistically informed,

quantitative models of transcriptional regulation toward cracking the

cis-regulatory code. On one side, the development of high-throughput

reporter assays allows systematic and quantitative measurements of

cis-regulatory activity. On the other side, the ability of recent deep

learningmodels to learn themost relevant features from genomic data

and to interpret and extract the features (e.g., DNA sequence) that

underlie the predictions. These interpretable rules can then be used to

decode the regulatory “syntax” or “grammar,” providing detailed infor-

mation about the arrangement of TFBS, including their number, order,

orientation and spacing. Several examples, disentangling cis-regulatory

functions by combining high-throughput reporter assays with deep

learning methods, have provided remarkable results.[62,65,98] Similar

approaches aiming to dissect the intrinsic DNA features required for

promoter and enhancer activities should be applied to the study of

Epromoters. As Epromoters share features of both enhancer and pro-

moter functions, a clear disentangling of both activities should lead to

a better definition of the molecular bases governing gene regulation.

In turn, understanding the genetic features driving proximal and distal

activitieswill allow a better prediction of the impact of genetic variants

with a pleiotropic effect on disease.
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