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Abstract 

 
Enhancers and their non-coding counterparts, enhancer RNAs (eRNAs), are crucial regulators of 

gene expression, directing cellular identity, developmental programs, and disease states. The 

functional implications of enhancer perturbation, whether performed via knockout or 

knockdown, are still incompletely characterized because not all perturbations produced 

measurable changes in gene expression. 

 

To address this, we developed ePerturbDB (http://reggen.iiitd.edu.in:1210/), a manually curated, 

open-access repository of 83,743 enhancer and eRNA perturbation records collected from 

experimental literature in diverse biological contexts. ePerturbDB provides users with the ability 

to compare user query genomic loci with available validated perturbations and interrogate the 

associated genes and ontology terms to infer possible regulatory implications, thereby enabling 

both functional annotation and translational therapies. 

 

Simultaneously, we implemented a machine learning methodology predicting gene-pathway- 

enhancer association based on enhancer activity profiles to find enhancers that regulate genes 

within defined biological pathways. These predictions provide insight into enhancer biology and 

collectively serve as a tool to explore the enhancer-mediated gene regulation and support the 

foundation of designing functional studies in the contexts of genomics and precision medicine. 

http://reggen.iiitd.edu.in:1210/
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CHAPTER 1 

Introduction 

Gene expression regulation is a foundation on which cell identity, development and adaptive 

responses to environmental stimuli are organized. Enhancers are one of the special forms of such 

distal regulatory DNA sequences as part of the cis-regulatory elements encoded within the 

genome, and play an important role in the regulation of the transcription of the target gene [1]. 

Unlike promoters, which are typically found just upstream of the target genes, enhancers may act 

on very long stretches of genomic DNA, and are also independent of orientation in their effects 

[2]. Enhancers make long-range interactions between gene promoters possible via chromatin 

looping systems by providing a molecular scaffold that assembles transcription factors (TFs), co- 

activators and chromatin remodeling complexes [3]. 

Active enhancers are characterized by transcription of bidirectional, non-coding RNAs known as 

enhancer RNAs (eRNAs) [5]. Despite the fact that the exact mechanics behind eRNAs remain 

unclear, accumulating evidence suggests that they may exert positive reinforcement of 

enhancerpromoter interactions, or change local chromatin and change transcriptional output [6]. 

This has resulted in the use of the occurrence of eRNAs as a proxy readout of enhancer activity in 

genome-wide functional analyses [7]. 

1.1 Background 

Enhancers were first discovered to be DNA regions that might raise proximal genes' transcriptional 

output. Their crucial functions in coordinating developmental processes, identifying cell lineage, 

and assisting in the molecular basis of numerous disorders have been demonstrated by subsequent 

research [8,9]. These regulatory elements are frequently linked to certain epigenomic signatures, 

including DNase I hypersensitive sites and histone modifications like H3K27ac and H3K4me1, 

which together identify areas of accessible and transcriptionally permissive chromatin [10]. 

 

Producing enhancer RNAs (eRNAs), a family of bidirectionally transcribed non-coding RNAs 

derived from enhancer loci, is a hallmark of transcriptionally active enhancers [5]. A growing body 

of research links eRNAs to important regulatory processes like looping of enhancer-promoter, the 

RNA polymerase II recruitment and other transcriptional machinery components, and the 

modification of local chromatin architecture, even though their stability and functional 

significance vary [6,11]. Despite these discoveries, the exact role of eRNAs in function remains 

unclear, especially in in vivo systems [12]. Targeted perturbation methods like RNA interference 

(RNAi) and CRISPR interference (CRISPRi) have been extensively used to clarify the molecular 

functions of enhancers and eRNAs. These methods provide causal evidence for enhancer 
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functionality in various biological contexts and enable the systematic dissection of enhancer- 

mediated gene regulation [13,14]. 

Enhancers use chromatin modifiers, co-activators, and transcription factors to control the 

transcription of genes. Depending on the species, tissue, and cell state, their activity varies. To find 

active enhancers, several biochemical assays have been created, including ChIP-seq, DNase-seq, 

and ATAC-seq, which profile histone modifications such as H3K27ac and H3K4me1 as well as 

chromatin accessibility [50]. Direct proof of enhancer activity is provided by functional assays like 

Massively Parallel Reporter Assays (MPRA) and luciferase-based methods. 

 

The production of short, bidirectionally transcribed non-coding RNAs known as enhancer RNAs 

(eRNAs) is a crucial indicator of active enhancers [5,7,4]. Enhancer-promoter looping, 

transcriptional activation, and chromatin remodeling are all closely linked to eRNAs. As a result, 

their existence is now commonly used as a stand-in for enhancer activity. Additionally, research 

has documented the presence of "primed" or "poised" enhancer areas designated. As a result, their 

existence is now commonly used as a stand-in for enhancer activity. In addition, research has 

documented the presence of "primed" or "poised" enhancers, which are areas characterized by 

incomplete or repressive histone changes before complete activation[51]. 

 

Functional characterisation of enhancers and eRNAs is still scarce, despite improvements in 

enhancer discovery. For confirming enhancer function and comprehending their regulatory roles 

in gene expression, experimental perturbation approaches like RNA interference (RNAi), CRISPR 

interference (CRISPRi), and CRISPR-Cas9 have become essential [13,14]. 

 

 

 

 

Figure 1.1: Enhancers as cis-regulatory elements 
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Understanding the intricacy and accuracy of gene regulation depends heavily on enhancer 

combinatorics. Instead of operating independently, several enhancers frequently work together to 

control a single gene. They can do this in redundant, additive, or synergistic ways to precisely 

control gene expression in both space and time [55,56]. Multiple transcriptional inputs can be 

integrated by cells into this multilayer regulation, which enhances the flexibility and robustness of 

gene expression programs during development [57]. During development and differentiation, 

when accurate expression thresholds are crucial for determining the correct cell fate, combinatorial 

enhancer activity is particularly significant. Furthermore, research has demonstrated that certain 

enhancer elements within a combinatorial set can be disrupted, resulting in developmental 

abnormalities and gene misregulation, highlighting their functional significance. In order to 

decipher gene regulation and direct the development of targeted therapeutics, it is crucial to 

investigate the combinatorial logic of enhancers. 

1.2 Challenges in Functional Annotation of Enhancers 

The discovery of potential enhancers across the entire genome has been made possible by 

developments in high-throughput genomic technologies like ChIP-seq, ATAC-seq, and emerging 

RNA sequencing. Nevertheless, converting these discoveries into useful annotations is still quite 

difficult [15]. The biological effects of enhancer or enhancer RNA (eRNA) disruption are not well- 

represented in centralized databases, despite intensive profiling efforts. This limits the translational 

potential of these networks and prevents a thorough knowledge of gene regulatory networks [6,12]. 

 

Both biological and technical variables hamper the functional prediction of enhancers and eRNAs. 

One major drawback is the absence of direct annotation techniques. Because enhancers and eRNAs 

do not yield stable, readily measurable products like protein-coding genes do, it is challenging to 

deduce their function from sequence or expression data alone [16]. The majority of current 

identification techniques rely on indirect markers, such as transcription factor binding patterns, 

chromatin accessibility, and histone modifications (e.g., H3K27ac), which imply regulatory 

potential but do not validate functionality, especially in vivo [10,12]. 

The high context specificity of enhancer and eRNA function is another significant barrier. These 

regulatory components frequently function differently depending on the cell type, tissue, or 

situation [4,7]. Certain environments or developmental stages may be the sole times an enhancer 

is active, whereas other times it is inert [17]. Because of this temporal and geographical 

heterogeneity, it isn't easy to extrapolate enhancer function across biological settings, and effective 

interpretation requires high-resolution, cell-type-specific information [18]. 

Mapping enhancers to their target genes is a challenging task. Enhancers can control genes 

hundreds of kilobases away, and they may choose to target a more distant gene instead of the 

closest one [2,3]. To establish enhancer–promoter connectivity, this long-range regulation defies 

linear genome annotation and necessitates integrative approaches like perturbation-based methods 
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(like CRISPR interference) or chromatin conformation capture techniques (like Hi-C, Capture-C) 

[3,13,14,19]. Even with these methods, if the resulting interactions are not carefully analyzed, they 

may be unclear [20]. 

Enhancer and eRNA function experimental validation remains a hurdle. Low-throughput and 

labor-intensive assays include luciferase reporter systems, CRISPR-based deletions, and RNA 

interference [13,14,21]. There is a significant discrepancy between predicted and functionally 

verified elements since it is impossible to experimentally confirm every candidate, even though 

the human genome may include hundreds of thousands of putative enhancers [21]. 

Furthermore, there is ongoing debate on the biological function of eRNAs. According to some 

research, eRNAs actively regulate genes by stabilizing transcriptional machinery or promoting 

enhancer–promoter looping [5,6,11], but other studies suggest that they might only be 

consequences of enhancer activity [22]. This uncertainty casts doubt on the necessity of eRNAs in 

regulatory systems and makes it more difficult to plan and evaluate functional studies that target 

them [12,22]. Finally, another level of complexity is introduced by the phenomena of 

combinatorial control and regulatory redundancy. Multiple enhancers working together or 

compensating for one another regulate the majority of genes [23]. It can be challenging to 

determine the precise role of individual enhancers or the eRNAs that are linked to them since the 

disruption of a single enhancer may not produce a detectable phenotypic effect [24]. 

1.3 Related Work 

For the annotation and functional investigation of enhancer elements, several reputable databases 

offer useful information. A carefully maintained database called EnhancerDB contains human 

enhancers that have been experimentally confirmed, with a focus on those linked to disease 

settings. It is a trustworthy resource for finding enhancers that functional assays support [25]. 

Enhancer Atlas provides genome-wide enhancer annotations using high-throughput datasets like 

ChIP-seq, spanning a variety of tissues and animals. This framework offers comparative genomics 

investigations and makes it easier to investigate tissue-specific regulatory elements [26]. 

Enhancers are identified by the FANTOM database using Cap Analysis of Gene Expression 

(CAGE), which detects the bidirectional transcription of enhancer RNAs (eRNAs). It has made a 

substantial contribution to our knowledge of the ubiquitous transcriptional activity linked to 

enhancers [4]. Furthermore, KnockTF gathers information on transcription factor perturbations 

and the accompanying changes in downstream gene expression. It enables the functional 

interpretation of transcriptional regulatory networks by incorporating perturbation experiments 

[28]. Together, these databases provide a fundamental framework for studying transcription factor- 

mediated gene regulation in various biological contexts, enhancer identification, and tissue- 

specific functional annotation. 
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CHAPTER - 2 

Database for Experimentally Perturbed 

Enhancers 

We created ePerturbDB, a comprehensive and integrative database focused on experimentally 

perturbed enhancers and enhancer RNAs (eRNAs), to facilitate systematic research of enhancer 

function. The database combines enhancer annotations from well-known genomic repositories 

with knockout and knockdown experimental data that have been carefully selected from the 

literature. Enhancer function analysis and prediction modeling of regulatory effects are made 

possible by ePerturbDB, which aggregates and normalizes data from many experimental and 

computational sources. 

 

2.1 Assembly of a Reference Enhancer Dataset 

Developing a high-confidence, harmonized reference collection of human enhancers was a crucial 

step in building ePerturbDB. Enhancer coordinates from several publicly accessible databases 

were combined and categorized into primary and secondary sources based on their novelty, 

methodological soundness, and dependence on experimental validation. 

2.1.1 Primary Databases 

 

Primary databases were chosen due to their strong reliability in identifying enhancers and 

providing direct experimental evidence. 

FANTOM Enhancer Database: The FANTOM project, which finds enhancers using Cap Analysis 

of Gene Expression (CAGE) signals, provided the enhancer coordinates for the human genome 

(GRCh38/hg38) [4]. These enhancers are strong indicators of transcriptionally active enhancer 

regions and are distinguished by their bidirectional transcriptional activity 

VISTA Enhancer Browser: The VISTA Enhancer Browser, which offers experimentally verified 

enhancers in the human and mouse genomes, is where the data were obtained. In vivo reporter 

experiments have provided high-confidence functional confirmation for the enhancers in this 

dataset[53]. 

https://docs.google.com/document/d/1qYTH6LP1dComxCtdgOMhXH6yY9A2N7VQSBRh0cXh0PA/edit?tab=t.0&bookmark=id.n13o79num79z
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2.1.2 Secondary Databases 

 

Resources that include enhancer data from several sources or make use of computational 

predictions along with high-throughput epigenomic profiling are examples of secondary databases. 

EnhancerDB: This database, which includes entries from FANTOM and VISTA, compiles 

enhancer data from 41 human tissues. EnhancerDB is a useful supplementary reference for tissue- 

specific enhancer studies since it is an integrative and cumulative resource [25]. 

EnhancerAtlas: The BED file containing the enhancer data for the hg19 genome assembly was 

downloaded. EnhancerAtlas supports extensive cross-tissue and cross-species regulation research 

by compiling enhancers found by a variety of high-throughput experiments (such as ChIP-seq) 

[26]. 

TCEA Super Enhancer Database: The Tissue-specific Cis-regulatory Element nomenclature 

(TCEA) database included the super-enhancer areas for 86 human cell and tissue types. Clusters 

of enhancers linked to genes essential for cell identity identify these areas[52]. 

ENdb2: This database includes human enhancers with experimental validation. The hg19 genome 

assembly format's Download portion yielded BED-format files, which added another layer of 

experimentally supported enhancer data [54]. 

Based on the size of their enhancer collections, the availability of experimental validation, and the 

presence of multi-tissue annotations, four important databases - FANTOM, VISTA, EnhancerDB, 

and EnhancerAtlas were given priority to create a coherent enhancer reference dataset. When 

combined, these archives provide a broad and representative collection of enhancer regions from 

various experimental platforms and biological circumstances. Genomic coordinates (chromosome, 

start, and end) and related annotations were extracted from BED-formatted data for every source. 

These files provided the framework for adding enhancer function annotations and integrating 

perturbation data into ePerturbDB. 

 

2.1.3 Data Collection and Standardization 

 

All BED files were processed in a common curation pipeline to ensure the uniformity and easy 

integrations of multiple types of data. each of the datasets was sorted first in terms of chromosomal 

location using the bedtools sort function. original datasets were bio-informatics genomics 

coordinates BED format with chromosome names, source-specific genomic span and labels 

integration. Standardization Due to the utilization of multiple genome assemblies (mainly hg19 

and hg38), genomic coordinates were standardized to a common reference. All participating 

datasets were facilitated into GRCh38 (hg38) by UCSC LiftOver to the human genome assembly. 

This normalizing step removes any variations in the positions of the data within each individual 
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record, thus ensuring comparability after normalization becomes simpler to perform and achieve 

with reliable data. 

 

We used the bedtools multiinter function to calculate the overlap of enhancer intervals across the 

four major areas to find high-confidence enhancer regions. Location of enhancers, likely to be 

functional regulatory regions, was retained as a service as a consensus location when they were 

confidentially backed by two or more databases. Each consensus enhancer had a unique internal 

identification (e.g., enhrx-1 or enhrx-2) to allow consistent referencing within databases. The 

identifiers that denote databases where sources are drawn were also attached to these consent 

items. Where possible, also the makers of enhancer-target gene connections in the original 

resources were added. This standardized reference set of enhancers led to the later curation of the 

enhancer perturbation data in the literature into ePerturbDB. 

 

2.2 Literature Mining and Curation of Knockout Perturbations 

 
ePerturbDB relied on the manual, systematic curation of enhancer and eRNA perturbation in the 

scientific literature as a significant section. A literature mining pipeline was employed to generate 

a large-confidence collection of empirically determined perturbation events. A handpicked set of 

specific words (enhancer knockout, enhancer knockdown, eRNA knockout, eRNA knockdown, 

enhancer deletion, CRISPRi enhancer, and shRNA eRNA) was utilized to search PubMed and 

Google Scholar. The primary focus was on functional genomics studies, using gene-editing or 

gene-silencing approaches, to modulate measurable enhancer or eRNA activity. 

 

The selection of studies was set by the criteria of experimental rigor, relevance, and availability of 

data on perturbations. Preference was given to the publications utilizing popular methods of 

perturbations such as CRISPR-Cas9, small interfering RNA (siRNA), CRISPRi, and short hairpin 

RNA (shRNA). A large amount of metadata was extracted from the Methods, Results, and 

Supplementary Information sections of each article selected. Among the well-chosen data that 

were included were genomic coordinates of the perturbed enhancer or eRNA, type of perturbation 

(eRNA or enhancer), mode of perturbation, tissue or cell line, and whether the perturbation resulted 

in a meaningful change in gene expression, as well as whether the effect on the target gene was 

direct or indirect. In the cases where only perturbation sequences (e.g., sgRNA or shRNA) were 

reported, the target genomic loci were identified using the UCSC BLAT tool. To validate the 

mapped coordinates, we applied a tool named UCSC LiftOver and, in case of need, transferred it 

to the genome assembly named GRCh38 (hg38). It was under these conditions that it was possible 

to reliably combine the perturbation information with the enhancer reference set and also ensure 

consistency in the coordinate representation. 
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2.2.1 Enhancer-to-Gene Association and Functional Annotation 

 

We performed functional annotation by pairing the closest gene to each enhancer once we 

standardised the curated enhancer perturbation assays to the GRCh38 (hg38) genome assembly. 

To obtain likely enhancer-gene regulatory associations, we identified the nearest transcription start 

site (TSS) using the bedtools closest program to all enhancer loci. Each paired mapping had its 

gene name, TSS coordinates, chromosomal localization, and location of the enhancer on the 

genome relative to the TSS annotated. This approach allowed identifying possible enhancer+gene 

combinations, particularly when the original publication did not highlight a particular gene target. 

 

Our genomic features included simple yet informative characteristics of the enhancers, like length 

in base pairs, distance to nearest TSS, etc, along with interactions on a gene level. These features 

are shown to influence transcript production and open up chromatin, mainly related to enhancer 

behaviour and regulatory significance. They increased the interpretability of the dataset prepared 

according to the curated data and allowed performing machine learning-based classification tasks. 

On the whole, these annotations facilitate (i) the understanding of the regulatory potential of 

enhancers, (ii) prioritization of enhancers to be followed up in the laboratory, and (iii) the 

improvement of downstream models. 

 

2.3 Augmentation of the Dataset via Genomic Intersection 

 
At the end of the literature curation process, we built a dataset of 38,266 distinct enhancer 

perturbation events, and they were all given a unique internal identifier. To enrich and validate this 

dataset, we used genomic intersection with the reference enhancer set, which was earlier assembled 

using public databases (EnhancerAtlas, FANTOM5, VISTA, and EnhancerDB). 

 

Second, the curated dataset was used to examine enhancer loci that overlapped with annotated 

enhancer regions in the reference collection using bedtools intersect. By this process of 

intersection, this increased the number of enhancer entries by 75,977 records. These were then also 

combined with the initial literature-curated set based on their internal IDs, resulting in a final 

merged set of 83,744 enhancer perturbation records. To support thorough research and the follow- 

up use, all enhancer records in the complete version of ePerturbDB were complemented by a vast 

list of metadata. The genomic information in this included a unique enhancer identifier, 

chromosomal position, start and end coordinates, the version of the genome assembly, and, among 

others, internally assigned keys. A source annotation that was retained included original enhancer 

identities and whether the enhancer was classified as an enhancer or eRNA. 

 

To record the experimental context, the following information was recorded: The sequences that 

were being targeted (such as sgRNA, shRNA, and siRNA), the perturbation method being 

employed, the effects of deletion or knockdown observed, and whether the effects on gene 
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regulation were direct or indirect. Additional biological context was provided by the information 

on cell lines, types of tissues, and gene names produced by proximity-based TSS connection and 

the literature. Quantitative variables such as p-values, Z-scores, CRISPRi scores, β-values and 

log2 fold change (log 2FC) were provided when available to point to the statistical and functional 

significance. All the original study names, Digital Object Identifier (DOI), PubMed ID (PMID), 

and the planned enhancer group name were retained together with the place of each publication of 

the data. The coordinate system was tested and was standardized to the hg38 reference assembly 

to ensure compatibility among the sets. Missing or conflicting metadata were curated manually, 

and all unnecessary entries were eradicated to ensure consistency and dependability. 

 

 

 

 

 

 

 

 

Figure 2.1: Graphical abstract of the database - ePerturbDB website. 

 

2.4. Final Database Assembly 

 
The definitive version of ePerturbDB consists of high-quality, empirically confirmed 

enhancer/eRNA perturbation events that have been processed with rigorous error checking, 

extensively literate annotation, and systematic incorporation of gene-level relationships. All 

genomic coordinates in the database are based on the GRCh38 (hg38) human genome assembly, 

which ensures compatibility with reference annotation and existing methods of genomic analysis. 

All enhancer entries are precisely mapped, linked to proximal gene information, and put into 

context using extensive experimental metadata, including the biological context, detected 

regulatory outcomes, and the type and method of interference. This rigorous system of annotation 

makes functional interpretation of enhancer activity possible and is also useful in describing gene 

regulatory pathways in much more detail. ePerturbDB supports numerous applications in 
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functional genomics, epigenetics, and the regulation of genes. A few of these include the 

classification and prediction of enhancer and eRNA functionality, the reconstruction of gene 

regulatory networks, meta-analyses of CRISPR-based functional genomics screens and the 

investigation of disease-pertinent regulational changes in particular cell forms or physiological 

contexts. ePerturbDB a unified, genome-scale resource, which integrates annotations of 

annotations found in well-known enhancer databases with elaborate experimental evidence picked 

up in the literature. It offers robust support to the study of enhancer biology, disentangle the 

relationship between enhancers and genes, and support data-driven, scalable discovery in 

regulatory genomics with close attention to data curation, genomic normalization, and quality 

control. 

 

2.5 Functionality and Architecture of ePerturbDB 

The ePerturbDB is an interactive database software based on web applications developed using 

Streamlit and capable of investigating, analyzing, and sharing enhancer perturbation data sets. The 

platform aims to facilitate exploration, analysis, and distribution of selected enhancer perturbation 

datasets. Instead, with its easy-to-use interface, a researcher may access standardized experiments: 

enhancer knockdown and knockout experiments in multiple tissues, cell lines, and methods 

conducted by multiple labs. 

The structure of the platform architecture consists of multiple modules that are divided into 

independent pages or tabs and offer exclusive analytical tools in order to enable enhancer-oriented 

research. Some of them are Enhancer Pathway and Gene Enrichment Analysis, Coordinate-Based 

Enhancer Query, Advanced Search Tools, Statistical Visualization, Enhancer Identification, and 

Data Submission. Together, these modules help one perform comprehensive genomic analyses, 

such as visualizing the statistical trends and doing the pathway-level functional enrichment to find 

the changed enhancers and gauging the connections between genes. Each of the modules is then 

explained in this paper, their intention, methodology, and their suitability to enhancer-centered 

genomics studies. 

2.5.1 Enhancer Identification 

 

Users can look for enhancers or eRNAs using a variety of biological and experimental parameters 

thanks to the flexible and intuitive interface offered by the ePerturbDB Enhancer Identification 

module. A structured, form-based query method that makes it easier to efficiently retrieve 

perturbation data from the underlying database makes this functionality available. 

To obtain information on a certain enhancer or eRNA entry, users can conduct searches by 

providing a unique Enhancer ID. Furthermore, there are filters to narrow down searches by 

chromosomal count, allowing for locus-specific analysis of the human genome. By choosing the 

preferred regulatory element type, users can also differentiate between transcribed enhancer RNAs 

(eRNAs) and canonical enhancer elements. The tool allows users to query items containing 
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targeting sequences, such as siRNA, shRNA, or sgRNA, as part of their perturbation experiments, 

facilitating sequence-based retrieval. Users can separate records with statistically proven 

perturbation effects by using filters based on experimental significance. Additionally, by enabling 

selection from the main enhancer databases included in ePerturbDB, such as FANTOM, VISTA, 

EnhancerDB, and EnhancerAtlas, the module offers source-specific queries. 

Users can investigate perturbation-specific effects by using filters based on perturbation 

approaches (e.g., CRISPR/Cas9, CRISPR interference [CRISPRi], and shRNA) to account for 

methodological heterogeneity. Researchers can focus on enhancer perturbations that produce 

detectable biological effects by applying an additional filter for phenotypic effects. Context- 

dependent investigation of enhancer function and gene regulation is made possible by the ability 

to refine searches by entering certain tissue types, cell lines, or gene names. 

When a search query is run, the system provides a list of enhancer or eRNA entries that match, 

together with pertinent metadata such as biological context, perturbation method, targeted 

sequences, and genomic coordinates. In addition to being viewable through the web interface, the 

findings can be downloaded for offline examination in CSV format. 

 

 

 

 

Figure 2.2: ePerturbDB – Interface of Enhancer Database 
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2.5.2 Check Enhancers (by Genomic Region) 

 

Through intersections with reference enhancer datasets, the Check Enhancers module allows users 

to examine if certain genomic regions of interest match previously characterized enhancers. 

Researchers can submit their genomic coordinates for comparison against approved enhancer 

collections thanks to this capability, which accepts input in BED format. 

By giving their query a title, users can start an analysis. They can then upload a BED file or just 

enter genomic area data into the text input field. In order to find overlaps with enhancer annotations 

from well-known resources like FANTOM, EnhancerAtlas, and other integrated databases inside 

ePerturbDB, the input data are internally transformed into CSV format and processed utilizing 

computational techniques subsequent to submission. A comprehensive list of overlapping 

enhancer entries, complete with genomic locations and source database annotations, is the output. 

A clear description of the findings is also provided via a visual summary chart that shows the 

distribution of overlapping enhancers per reference database. To aid with validation, downstream 

analysis, or integration with other genomic workflows, the enhancer list and summary 

visualization can be downloaded in easily navigable forms. 
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Figure 2.3: Result of Check Enhancers page of ePerturbDB 

 
2.5.3 Search by Biological Criteria 

 

With the use of a collection of specialized search options offered by the Search by Biological 

Criteria module, users can locate enhancer perturbation records by using important biological 

metadata. Using biologically relevant filters like gene name, cell line, tissue type, or genomic area, 

this functionality facilitates targeted enhancer study. After executing a targeted query, each sub- 

module produces a structured table with enhancer items that fit the user-specified specifications. 

 

i. Search by Genomic Region: 

 

Users can enter genomic coordinates using this sub-module by entering the BED content into the 

designated text box or by uploading a file in BED format. The system produces a list of enhancer 

perturbation records that intersect with the selected regions after processing the input. The findings 

support additional research into region-specific enhancer activity by including pertinent enhancer 

annotations and metadata. 
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ii. Search by Gene Name: 

 

Users can access enhancer perturbation data linked to certain genes of interest using this sub- 

module. The system searches the curated database using the gene name that users enter, returning 

enhancer entries that are either experimentally reported to regulate the specified gene or genes. 

Each matched enhancer's genomic coordinates, perturbation technique, regulatory element type 

(enhancer or eRNA), and biological context (tissue or cell line employed in the study) are all 

included in the output that is produced. Quantitative metrics like p-values, log₂ fold change, and 

phenotypic impacts are also included when accessible. 

iii. Search by Cell Line: 

 

Users can investigate enhancer or eRNA perturbation events unique to a particular cell line with 

this module. Users can access enhancer information associated with perturbation experiments 

carried out in a particular cellular setting by inputting the name of the relevant cell line. Enhancer 

coordinates, perturbation method, related genes, biological effects, and available quantitative 

metrics (e.g., log₂FC, p-values) are all included in the output. This tool makes it easier to analyze 

enhancer function and regulatory dynamics according to cell type. 

iv. Search by Tissue/Cell Type: 

 
With the use of this module, users can query enhancer perturbation data according to particular cell lineages 

or tissue types. Users can access enhancer or eRNA records related to research carried out in a particular 

biological setting by inputting the type of tissue or cell of interest. Tissue-specific analysis of regulatory 

elements is made possible by the output, which comprises genomic coordinates, perturbation techniques, 

target genes, and pertinent biological results. 

 

 

v. Predict Target Genes: With the help of this module, users can find probable target genes that 

are situated within a specific genomic range (for example, ±5 kb) of enhancer areas that they have 

specified. The technology predicts neighboring genes based on TSS proximity after users upload 

a BED file or paste genomic coordinates. The following list of anticipated target genes supports 

the functional interpretation of enhancer loci provided by the user. 

 

2.5.4 Database Statistics 

 

An extensive summary of the variety and an overview of experimental data curated within 

ePerturbDB can be found on the Database Statistics page. The database currently has 14,080 

unique enhancer entries and 83,743 enhancer perturbation records. While proximity-based 

annotation has mapped 4,498 distinct adjacent genes to enhancer loci, manual curation of the 

literature has found 604 target genes that have been empirically confirmed. The information 

represents a wide range of biological contexts and includes 30 different tissue and cell types. The 
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methodological diversity is demonstrated by the distribution of perturbation approaches, which 

include CRISPR-Cas9 for 58,646 entries, CRISPR interference (CRISPRi) for 24,938, and 

combined CRISPRi/CRISPRn for 44. 41 siRNA, 33 siRNA + LNA, 20 shRNA, 14 LNA ASOs, 3 

shRNA + CRISPRi, 2 siRNA + GapmeR, and 2 TALEN entries are also included in the dataset. 

These figures highlight ePerturbDB's depth, experimental diversity, and biological scope, 

providing a solid basis for analyzing enhancer activity in a variety of cellular and molecular 

settings. 

 

 

 

 

Figure 2.4: Experimental method used for perturbing the enhancers and eRNA using the major 

and the less commonly used methods 

 

 

 

 

Table 2.1: Count of the method used for the knockout/knockdown of the enhancers/eRNA in 

ePerturbDB 
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2.5.5 Submit New Data 

 

Users can add their own experimentally acquired enhancer or eRNA perturbation data to 

ePerturbDB through the Submit page, which serves as an interactive community contribution 

platform. This feature helps keep the database a dynamic resource and encourages collaborative 

data augmentation. A structured submission form that is intended to collect important experimental 

metadata is presented to users. The genomic coordinates of the affected area (in human genome 

assembly format), related or anticipated target genes, the experimental technique (e.g., CRISPR- 

Cas9, CRISPRi, shRNA, siRNA), and any phenotypic effects that were noticed after the 

perturbation are all necessary pieces of information. To guarantee traceability and source 

legitimacy, authors must also include bibliographic information for the study, such as DOI, 

PubMed ID (PMID), or journal citation. This community-driven submission process advances 

studies in functional genomics and regulatory biology while bolstering ePerturbDB's long-term 

objective of acting as an extensive, current library for enhancer perturbation data. 

 

2.5.6 Enhancer Pathway & Gene Enrichment Analysis 

 

The Enhancer Pathway & Gene Enrichment Analysis module finds enriched genes and related 

biological pathways, allowing users to assess the biological significance of enhancer regions. This 

characteristic is especially helpful for comprehending how enhancer perturbations affect 

regulation in a functional genomic setting. Genomic coordinates in BED format are uploaded or 

pasted by users to start the analysis. To act as a personalized reference set for enrichment 

comparison, a backdrop file can be optionally supplied; if not, the tool will fall back on a pre- 

established reference dataset. Important input parameters are the number of top genes to report 

(minimum of 5, default is 20) and the distance criterion (default: 5000 base pairs) for determining 

enhancer–gene closeness. 

 

These parameters specify the mapping of enhancers to genes and direct the enrichment scoring 

process. A real-time status tracker shows the processing progress when the user configures the 

parameters and presses the "Run Analysis" button to start the analysis. Using databases like 

Reactome, KEGG, and WikiPathways, the technique maps neighboring genes to enhancer areas 

and carries out gene set enrichment. The "Analysis Results" page displays the findings, which 

comprise: A pie chart that summarizes the distribution of genes, a list of enriched genes with 

rankings, and Pathway enrichment results for each phrase that include statistical significance 

values (such as p-values). Every result can be downloaded in CSV format, allowing for additional 

investigation or connection with different analytical workflows. 

 

This module supports downstream applications in functional annotation, pathway analysis, and 

hypothesis creation for experimental validation by making it easier to interpret enhancer 

perturbation data biologically. The output comprises route enrichment data from Reactome, 



23  

KEGG, and WikiPathways, an ordered list of genes enriched based on enhancer proximity, and a 

pie chart showing gene distribution. The matching p-value for each enriched pathway is shown, 

offering statistical evidence of the enhancer-associated genes' functional significance in particular 

biological processes. 

 

 

 
 

 

 

 

 

 

Figure 2.5: Enhancer Pathway & Gene Enrichment Page of ePerturbDB 
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25  

 
 

 

Figure 2.6: Result of Enhancer Analysis of Pathway & Gene Enrichment page of ePerturbDB 

 

2.6 Generation of Cell Type-Specific Enhancer Regions Using ChIP-Atlas 

 
We used the ChIP-Atlas platform to find enhancer regions specific to cell types, concentrating on 

the H3K27ac histone modification track, a reliable indicator of active enhancers. All cell types 

under the H3K27ac track were selected for the study to guarantee comprehensive biological 

coverage using the ChIP-Atlas Peak Browser. High-confidence peaks were retained by applying a 

threshold score of 50, which produced BED files that corresponded to several tissue classifications 

(e.g., Adipose, Blood, Bone, etc.). 

 

Following download, each BED file was preprocessed into a standard four-column BED format, 

including an annotation for the cell type, start position, end position, and chromosome. Each peak's 

cell type metadata was extracted from the ChIP-Atlas annotation and entered into the fourth 

column. Using this column label as the identifier, the tissue-level BED files were divided into 
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distinct cell-type-specific BED files to aid in downstream analysis. To provide traceability and 

orderly storage, a defined naming scheme was implemented. 

 

Then, bedtools intersect was used to intersect each cell type-specific BED file with the previously 

assembled reference enhancer set. This stage made it possible to identify probable cell-type- 

specific enhancers by identifying enhancer regions that overlapped with known enhancers and 

were active. An extensive collection of enhancer BED files tailored to individual cell types, each 

marked with exact genomic coordinates, was the result. These datasets are useful for functional 

annotation specific to cell types and may easily be combined with knockdown or perturbation data 

to further explore regulatory mechanisms. 

 

2.7 Clinical Study of the Database 

 
2.7.1 Case Study 1: Application in Triple-Negative Breast Cancer (TNBC) cell line 

 

We carried out a case study by using epigenomic data of the patients via the PDX models, i.e., 

patient-derived xenograft of TNBC (triple-negative breast cancer), demonstrating therapeutic 

applicability and the utility of the ePerturbDB database. The aim was to examine the intersection 

between enhancer activity as demonstrated by real profiles in tumors and enhancer perturbations 

with experimentally confirmed perturbations in ePerturbDB. 

 

H3K27ac ChIP-seq data describing enhancer activity of the entire genome with the help of histone 

acetylation profile were downloaded from TNBC PDX tumor models (GEO accession IDs: 

GSM6133016, GSM6133017, and GSM6133018). Such peak locations were then uploaded to the 

ePerturbDB platform via the check enhancers interface to locate any overlapping experimentally 

perturbed enhancers or enhancer RNAs (eRNAs). A lot of overlapping enhancer entries were 

identified in the search. 

 

Findings from the PDX Model: 

In sample 4272-TG5 (GEO: GSM6133016), we identified 321 overlapping enhancers that 

corresponded to ePerturbDB entries that had been experimentally validated. These enhancer 

regions were supported by perturbation data across four individual breast cancer studies, with 

2,299 sgRNAs, and led predominantly by CRISPR-based methodology. Among these 

perturbations, notably a large part was occasioned by a research published by Lewis et al. [32] and 

Fei et al. [35]. In the case of CRISPRi screening, Lewis et al. screened the breast cancer cell line 

and identified that the enhancement of expression caused significant changes in gene expression. 

According to our research, 37 percent of sgRNAs with GSM6133016, 19 percent with 

GSM6133017, and 59 percent with GSM6133018 were associated with changes in target gene 

expression at 13. Our research is consistent with this claim. Indeed, our results are consistent with 



27  

the clinical heterogeneity of TNBC by suggesting intense patient-specific enhancer use and 

different levels of perturbation susceptibility. 

 

Functional Enrichment of Targeted Enhancers 

 

To examine the biological relevance of the coinciding enhancer regions, we carried out the gene 

ontology enrichment analysis using the GREAT tool. The input was formed by the genomic loci 

of enhancer regions in TNBC PDX samples. Enrichment analysis of GO keywords found those 

that are functionally significant in terms of tube formation, cell junction organisation, and 

epithelial formation. Such processes have been known to be crucial in terms of carcinogenesis, 

metastasis, and remodeling of tissues in breast cancer. These findings confirm the hypothesis that 

the enhancers identified in ePerturbDB are not only physiologically functional on the disease- 

specific background but also experimentally validated. 

The findings of the enhancement of perturbation overlaps in PDX models of TNBC are represented 

in the section below. Specifically, findings of a study on Lewis et al. [32] that had experimental 

outcomes that aligned with the in silico predicted enhancer regions in the TNBC models were 

exemplified in a pie chart that represented the scale of the reported fold changes in the expression 

of various target genes due to enhancer or eRNA perturbation. Furthermore, a bar plot was drawn 

indicating the number of enhancer perturbation events (sgRNAs or eRNA knockdowns) of four 

independent breast cancer studies overlapped with the estimated regions of enhancers within the 

PDX models of three TNBC patients. Moreover, the functional enrichment analysis of genes 

located near the disrupted enhancers revealed crucial biological processes, enhanced within the 

overlapping areas, e.g., the processes of tumor development and epithelial cell organization. Such 

discoveries support their functional applicability in breast cancer biology since they emphasize 

that the consistent availability of predicted active enhancers in therapeutic TNBC specimens 

instigates a common acknowledgment of predicted dynamics with experimentally validated data 

in the perturbations. 
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Figure 2.7: Distribution of fold change of target genes by the enhancer and eRNA perturbation 

overlapped with enhancers predicted reported by Lewis et al.[32] 

 

 

 

 

 

Figure 2.8: No. of sgRNA or eRNA knockdown perturbation experiments overlapped with 

predicted enhancers in three triple-negative breast cancer patients from different studies 
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Figure 2.9: Enriched pathways for genes to the perturbed enhancers in TNBC cell lines 

overlapped with predicted enhancers in four studies 
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2.7.2 Case Study 2: Analysis of eRNA-Linked Survival Data from the TCEA Breast Cancer 

Cohort 

The second case study of breast cancer data of The Cancer Epigenome Atlas (TCEA) was 

conducted to gain additional evidence on the capability and translational relevance of the 

ePerturbDB platform. To obtain utility insight into disease-relevant regulatory elements, our study 

aimed to define whether enhancer RNAs (eRNAs) originally linked with patient survival in breast 

cancer are captured in the enhancer perturbation dataset across ePerturbDB. The analysis focused 

on 327 eRNA regions, which had been annotated on the TCEA cohort with the help of the survival 

properties, including the hazard ratios and Cox proportional hazards (overall survival) value. 

Specific attention was paid to the eRNAs associated with the BRCA gene, which is actively known 

to modulate the process of breast cancer and its clinical outcome. 

The eRNA areas with statistically significant survival associations (as evidenced by low p-values 

or high hazard ratios) were given high priorities, whereas those that are not statistically significant 

(as evidenced by high p-values or low hazard ratios) may be given a lower priority after ranking 

by clinical significance. To make sure that it is compatible, the eRNA genomic coordinates (using 

hg19 genome assembly) were transformed, by using the UCSC LiftOver tool, to hg38. To be used 

in subsequent database queries, the curated and standardized list of eRNA was transformed into a 

file in the BED format that contained the coordinates of chromosomes, start, and end. 

Using the ePerturbDB query interface, the system identified 75 overlapping entries that matched 

the targeted locations after feeding in the prepared BED file. These were entries of three 

independent studies, which were curated within the database, that were sgRNA-targeted 

perturbations that overlapped with the loci of interest in eRNA. The experiments applied the 

methods of CRISPR/Cas9 and CRISPR interference. Surprisingly, Wang et al. [33] were the origin 

of a significant proportion-56 of 75 sgRNAs, or about 74%. Conversely, reports by Fei et al. [35] 

and Kelly et al. [27] had argued great biological relevance to the regulatory relevance of these loci 

by reporting that many sgRNAs that target the same or overlapping eRNA regions had effects that 

were meaningful by functional understanding. It was found by the elimination of duplicate entries 

to further refine the analysis and retain only non-overlapping areas of enhancers compatible with 

unique sgRNA hits. The number of perturbation events in each enhancer site was given as a 

barplot, and based on it, it was possible to define hotspot enhancers for which a set of studies was 

carried out. Revealed recurrent sites of enhancers are more likely to be functionally relevant and 

were defined as potential candidates to be further tested. 

The nearby genes in the regions of the intersected eRNA were then checked with the ePerturbDB 

Gene Enrichment module. This functional annotation marked PPP1R15B as a significantly 

enriched gene that can be regulated by the overlapping eRNAs. Further, the platform provided 

statistical results reflecting quantitative evidence of the biological values of such regulatory 

relationships, including the p-value of the gene ontology (GO) enrichment. The ePerturbDB case 
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study illustrates how, in combination with experimental evidence on perturbations, ePerturbDB 

can create integrated evidence of perturbation across experiments with clinical transcriptome data 

to elucidate eRNA loci with regulatory importance and survival relevance in cancer. The database 

allows for identification of therapeutic implementable regulatory elements through the 

identification of eRNAs with strong clinical links and overlapping them with experimentally 

validated enhancer perturbations. The possibility of steering novel therapeutic opportunities in 

breast cancer and other disorders is exhibited by the identification of salient genes such as 

PPP1R15B and over-represented biological functions of the platform. 

The findings had opened up a couple of new insights into the relationships between experimentally 

validated enhancer perturbations in ePerturbDB and clinically relevant eRNAs in the TCEA breast 

cancer cohort. To emphasize the point that these enhancer perturbations used in the present 

research were based on three individual studies, a pie chart was plotted displaying the number and 

proportions of matching enhancer elements across the studies dependent upon their research of 

origin: Fei et al. [35] Kelly et al. [27], and Wang et al. [33]. In order to depict the rate of 

perturbations per enhancer, localized to specific chromosomal regions, the density of sgRNAs 

associated with enhancers across multiple genomic locations was shown. Also, an overview of the 

source articles used in intersecting the confounding enhancer perturbations displays that only Fei 

et al. and Kelly et al. were implying a significant phenotypic effect, although Wang et al. had the 

highest number of co-occurring entries. Further enrichment analysis led to the identification of the 

top genes around the disrupted enhancer regions, which were of possible regulatory effects. These 

enhanced areas that overlapped were ultimately used to do a gene ontology (GO) enrichment 

analysis to identify the top biological processes and pathways that might be affected by these breast 

cancer-associated eRNA-associated enhancers. 

 

 

Figure 2.10: Intersected enhancer perturbation distribution reported from 3 studies ( Fei et 

al.[35], Kelly et al.[27] and Wang et al.[33]) with TCEA-BRCA-eRNA 
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Figure 2.11: Significant knockout effect of the overlapped enhancer perturbation distribution in 

the corresponding study 

 

 

 

 

Figure 2.12: Number of sgRNAs present for each enhancer chromosome location 

found in the overlapped eRNA associated with Breast survival (in TCEA database) 
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Figure 2.13: Gene enrichment for perturbed enhancers overlapped with TCEA-BRCA-eRNA. 
 

 

 

 

 

 

Figure 2.14: Gene ontology enrichment for perturbed enhancers overlapped with TCEA-BRCA- 

eRNA. 
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CHAPTER - 3 

Enhancer Function Prediction Using 

Machine Learning Model 

An essential first step in comprehending gene regulation networks and their involvement in cellular 

functions and disease pathways is the functional characterisation of enhancers. This chapter 

introduces machine learning (ML)-based techniques for forecasting the regulatory role of 

enhancers and the genes they target. The first method infers enhancer–gene–pathway relationships 

by using transcription factor (TF) binding data close to gene promoters. The approach seeks to 

determine which enhancer regions are functionally associated with genes inside particular 

biological pathways by including enhancer activity signals, such as peak scores from epigenomic 

tests. This formulation gives priority to enhancer–gene interactions related to signaling, 

development, or metabolism and permits a pathway-level understanding of enhancer regulation. 

The second strategy leverages machine learning trained on CRISPR-based functional genomics 

data to construct enhancer–gene connections to validate the enhancer perturbation data curated in 

ePerturbDB. This method predicts whether perturbing a particular enhancer would impact gene 

expression by using genomic and epigenomic characteristics of enhancer regions, such as histone 

modifications, chromatin accessibility, and distance to transcription start sites. 

3.1 Enhancer Function Prediction using Transcription Factor Binding and 

Promoter Activity 

The functional significance of enhancers in gene regulation was computationally predicted using 

a machine learning-based system that combines chromatin accessibility data with enhancer and 

promoter annotations. By measuring regulatory activity across many tissues, this method seeks to 

pinpoint enhancer areas that are most likely to be involved in transcriptional control, especially 

through their interactions with tissue-specific promoters. 

The well-known database of human enhancers, the VISTA Enhancer Browser, provided 

experimentally verified enhancer coordinates. The dataset, which is based on the GRCh37/hg19 

human genome assembly, contains enhancers with confirmed tissue-specific activation. Across 

many circumstances and tissue types, promoter regions are made up of promoter peaks that 

aggregate transcription start sites. After being formatted in BED format, the two datasets were 

concatenated to create a single genomic annotation file. This combined file had 618,693 genomic 

intervals with a unique region identifier for each entry, along with the corresponding chromosome, 

start, and end coordinates. To model tissue-specific enhancer activity, a binary one-hot encoded 

matrix was created. 



35  

3.1.1 Quantification of Enhancer and Promoter Activity via Epigenomic Signals 

 

We used the ChIP-Atlas database's histone modification profiles to infer the chromatin-level 

activity and regulatory potential of enhancer and promoter sites. A large collection of ChIP-seq 

datasets encompassing a variety of transcription factors and histone marks may be found in this 

repository. Active histone marks, particularly H3K27ac and H3K4me1, which are recognized 

markers of enhancer and promoter activity, were the main focus of our investigation. 

A total of 5,613 ChIP-seq peak data representing various human tissues and cell types were 

downloaded in BigWig (.bw) format. These files include genome-wide signal intensity profiles 

that show histone mark enrichment and chromatin accessibility. 

Conversion of BigWig to BedGraph Format 

 

The UCSC Genome Browser utilities' bigWigToBedGraph utility was used to convert each 

BigWig file into BedGraph format so that quantitative analysis could be performed. Genomic 

intervals and the corresponding signal intensity levels are represented by four-column data entries 

in the generated BedGraph files. The level of histone modification enrichment at particular 

genomic locations is reflected in these signals. 

After conversion, bedtools map, which calculates summary statistics for overlapping genomic 

areas, was used to map the BedGraph files onto the combined enhancer-promoter BED file. The 

overlapping intervals in the BedGraph files were used to compute mean signal values for each 

enhancer or promoter area. By quantitatively expressing the enrichment of histone marks and, 

consequently, the regulatory capacity of the corresponding genomic sites, these mean values 

functioned as activity scores. Enhancers were categorized according to their tissue-specific 

regulatory potential using these calculated activity scores as features in a supervised machine 

learning framework. We were able to methodically assess enhancer function and activity 

concerning promoter proximity and chromatin dynamics thanks to our integrative approach. 

 

The bedtools map tool was used to statistically assess the enrichment of histone modification peak 

signals over regions of enhancer and promoter. With the use of this program, quantitative signal 

data, like those in BedGraph files, can be projected onto user-specified genomic intervals. Using 

ChIP-seq data for active histone marks (e.g., H3K27ac, H3K4me1), the BedGraph files in this 

study were generated from ChIP-Atlas and included 5,613 distinct sample identifiers (SRX/DRX 

accession numbers) from various human tissues and cell types. 
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Figure 3.1: Workflow of the Prediction of Enhancer-Pathway-Gene Association 

 

A BED-format file including 618,693 enhancer and promoter regions made up the reference set. 

To calculate the mean signal value for each overlapping genomic interval, each BedGraph file was 

mapped onto this reference using bedtools map with the summary statistic set. Histone 

modification intensities across regulatory sites could be aggregated using this method, resulting in 

a continuous score that represented chromatin accessibility and possible regulatory activity. 

 

While low or nonexistent signals suggested either repression or inactivity under the specified 

biological context, regions with high average scores showed significant enrichment of histone 

marks, which are often linked with active enhancers or promoters. Following mapping, the score 

outputs from all 5,613 histone datasets were combined into a single data matrix, with each column 

denoting the mean signal score from a particular histone modification experiment (sample ID) and 

each row representing a genomic region (enhancer or promoter). 

 

3.1.2 Construction of Enhancer-Promoter Score Matrix 

 

After signal aggregation, the calculated mean signal values were extracted from the last column 

by processing the output files from Bedtools Map. A thorough enhancer-promoter activity matrix 

including 5613 columns (sample-specific histone signal scores) and 618,693 rows (genomic areas) 

was created by combining these values column-wise. We filtered this matrix to keep only non- 

disease-associated ChIP-seq datasets to guarantee biological relevance and prevent confounding 

effects from pathological samples. This was accomplished by using a metadata-based filtering 

technique that eliminated sample IDs linked to medical problems using keyword-based matching. 

2,256 high-confidence, non-disease-associated sample IDs were left over after this phase. The final 
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dimensions of the filtered matrix were 618,693 × 2,256. The input feature set for the creation of 

supervised machine learning models was this matrix. Utilizing histone modification signal patterns 

to forecast enhancer activity, tissue selectivity, and regulatory capacity in a way that is both 

statistically sound and biologically interpretable was the aim. 

3.1.3 Machine Learning Pipeline 

 

The goal was to develop a machine learning (ML) model that could forecast gene-pathway 

association using enhancer peak scores as predictive factors. The primary objective of the model 

is to ascertain if enhancer regions are functionally linked to genes within specific biological 

pathways, such as metabolic, developmental, or signaling pathways, based on their chromatin 

activity profiles. To ascertain if a certain enhancer is associated with any gene in a given route, a 

binary classification model was trained for each pathway. To enable dependable training and 

interpretation, the modeling framework was implemented in R using a set of popular machine 

learning tools and dependencies. These included SHAPe for xgboost, RandomForest, caret, E1071, 

ROCR, Mltest, Sperrorest, and Glmnet. 

 

Dataset used 

Three crucial input files provided the training data for the classification model. First, the set of 

genes involved in different biological pathways was defined using a Pathway Genes file in GMT 

format. The names of the pathways and the related gene lists were listed in each row of this file. 

Second, quantitative feature values (such as peak scores) for enhancer and promoter regions were 

obtained using the Peak Scores matrix, which was calculated from histone modification profiles. 

This matrix recorded enhancer activity across various tissues and experimental settings. Lastly, 

enhancers and promoters were mapped to the closest genes based on experimental annotation or 

genomic proximity using a Union Peak-Gene Mapping file in BED format. 

 

Pathway-Based Genomic Region Labeling 

 

The gene list linked to each biological pathway identified in the GMT file was extracted. Enhancer 

areas associated with these genes were chosen as positive examples for the classification model's 

training using the Peak-Gene Mapping file. The input features were obtained by retrieving the 

corresponding feature vectors for these enhancers from the Peak Scores matrix. An equal number 

of negative samples, enhancer/promoter regions unrelated to any pathway-associated gene, were 

chosen at random to prevent classification bias brought on by data imbalance. Additionally, these 

negative samples were classified as class 0 and linked to their peak score features. As a result, a 

balanced dataset with an equal number of positive (class 1) and negative (class 0) samples was 

created for each pathway. 

 

Thus, a binary-labeled dataset with pathway membership as the target variable and enhancer peak 

scores as features made up the final input to the machine learning model. 
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Figure 3.2: Overview of the ML model implementation of Enhancer-Gene Association 

 

3.1.4 Model Building and Training 

 

A Random Forest algorithm was chosen for the classification task because of its robustness to 

high-dimensional input, ability to model nonlinear relationships, and resistance to overfitting. Each 

pathway's dataset was split into training (80%) and testing (20%) subsets at random to provide 

enough learning data and an objective evaluation set. In addition to preventing overfitting on the 

training data, this partitioning assisted in evaluating the generalizability of the model. 

 

The R package randomForest was used to train the model. A forest of 200 decision trees was built 

for each model to guarantee predictive stability and lower variance between runs. The binary class 

labels showed whether each region was associated with the biological pathway being studied, and 

the enhancer peak scores served as input features for the model. Following that, the trained model 

was assessed on the held-out test set using performance metrics that were calculated using ROCR 

and associated tools, including precision, accuracy, recall, F1-score, and AUC-ROC score. 
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3.1.5 Model Prediction and Evaluation 

 

For every input instance, the machine learning model produces a probability score that indicates 

the likelihood that a certain enhancer is functionally linked to a gene that is a part of a particular 

biological pathway. These probabilistic scores, which continually vary from 0 to 1, are used as the 

foundation for threshold-based binary categorization as well as assessments of prediction 

confidence. By classifying enhancer-pathway relationships according to prediction strength, our 

dual-use method facilitates downstream functional annotation and allows for a thorough 

assessment of model performance across a range of thresholds. 

Binary Classification Evaluation 

 

The best threshold value, usually found via ROC curve analysis to balance sensitivity and 

specificity, was used to translate the continuous prediction probabilities into binary class labels for 

performance evaluation. Following binarization, several common measures were used to measure 

the performance of the model. By evenly weighting the true positive and true negative rates, 

balanced accuracy was used to lessen the consequences of class imbalance. Accuracy was 

calculated as the percentage of total right classifications. The percentage of real pathway- 

associated enhancers that the model correctly detected was measured by recall (sensitivity), and 

the percentage of non-associated enhancers that were accurately excluded was measured by 

specificity. 

 

The F1 score, accuracy, and recall were utilized to further assess classification performance by 

summarizing the model's dependability in producing positive predictions as well as its capacity to 

identify genuine relationships. Furthermore, a more impartial and comprehensible indicator of 

model quality was offered by the Matthews Correlation Coefficient (MCC). This strong single- 

value statistic takes into consideration all four categories of the confusion matrix (TP, TN, FP and 

FN). An inverse measure of model performance was the error rate, which is the percentage of 

inaccurate predictions. 

 

Using Gini important scores obtained from the Random Forest algorithm, feature importance 

analysis was carried out to obtain insights into the factors influencing model predictions. The 

biological interpretation of which histone modification profiles most strongly influence enhancer- 

pathway interactions was made possible by the identification and reporting of the top 20 most 

informative features (i.e., enhancer peak scores across various ChIP-seq datasets). 

 

Aggregation and Output 

 

Following evaluation, each pathway-specific model's outputs were methodically assembled into 

structured result files. TPR (True positive rate), FPR (false positive rate), and the associated 

decision thresholds were among the following: (i) ROC statistics; (ii) final predictions in binary 

and probabilistic form; (iii) feature importance scores that identified the most predictive histone 
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peaks; (iv) feature-to-target correlation values; and (v) the full suite of binary classification 

performance metrics. Because these files were kept apart for every pathway, meta-analysis, 

downstream integration, and focused review were made easier. 

After prediction scores were generated, a post-processing phase was carried out to allow for 

pathway-level interpretation and contextualize the results within the genetic landscape. 

Each of the 60 biological pathways that were evaluated had its result file created by parsing the 

entire predicted output. The most strongly predicted enhancer-pathway associations were 

prioritized by sorting enhancer entries for each pathway in descending order based on their 

prediction scores. The foundation for subsequent analyses, including functional enrichment, 

visualization, and possible experimental confirmation of the top enhancer regions, was provided 

by these pathway-specific files. 

3.1.6 Results 

Machine Learning Prediction for Enhancer-Gene Association 

 

The machine learning model consistently and reliably predicted gene-pathway associations. AUC 

values indicated good discriminative power, whereas evaluation metrics, including accuracy, 

balanced accuracy, recall (sensitivity), specificity, F1 score, and MCC score (Matthews 

Correlation Coefficient), demonstrated a robust prediction capacity across pathways. The model's 

capacity to sustain both precision and recall was validated by the F1 and MCC scores, while 

robustness against class imbalance was guaranteed by the balanced accuracy metric. The model's 

stability and generalizability were further demonstrated by the low error rates throughout the 

majority of paths. When taken as a whole, these metrics confirm that the approach is highly reliable 

in identifying regulatory enhancers. 



41  

 
 

 

Table 3.1 Evaluation metrics for each of the GO pathways - ML model 

 

Evaluation and Visualization of the Enhancer-Based Classification Model 

 

To evaluate the implemented machine learning classification model on enhancers, a 

comprehensive set of plots was generated for each biological pathway. The discriminative ability 

of the enhancer score features, class distribution, feature importance, and model performance are 

evaluated by these visualizations. The plots for two of the biological pathways, “GO Positive 

Regulation of Viral Transcription” and “GO Cardiac chamber Development” pathways, are shown 

here: 
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The number of enhancer samples categorized into the two classes, positive and negative, is 

depicted in the class distribution bar plots. Orange represents negative class samples (0), whereas 

blue represents positive class samples (1), demonstrating that both datasets preserved an equal 

distribution of classes. 

 

 

 

 

 

Figure 3.3: Class Distribution of Enhancer Samples 

 

In the confusion matrix, true positives, true negatives, false positives, and false negatives for both 

classes are shown along with the model's prediction results. Most enhancer-gene correlations were 

successfully recognized by the model with few misclassifications, as indicated by a higher number 

of TP and TN cases. 

 

 

 

Figure 3.4: Confusion Matrix showing classification Outcomes 
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Plotting prediction score histograms allowed for the evaluation of the model's prediction 

confidence. The probability scores that the classifier awarded to the test samples are displayed in 

these histograms. With score peaks clustering close to 0 and 1, the bars, colored in sky blue, show 

a broadly bimodal distribution for both paths. This illustrates how confident the model is in its 

forecasts. 

 

 

 

Figure 3.5: Distribution of Prediction Scores 

 

 

 

The evaluation of the natural grouping of positive and negative samples is made possible by 

Principal Component Analysis (PCA) plots, which project the enhancer feature data into two 

primary components. Positive enhancer samples are displayed in blue in these plots, while negative 

samples are displayed in orange. Both pathways' PCA findings showed a modest but noticeable 

class separation, indicating that the enhancer scores reflect biologically significant variance 

pertinent to the classification task. 
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Figure 3.6: PCA Visualization of Enhancer Feature 

 

Validation of Pathway-Gene Associations Using Enhancer Scores 

 

We validated the top-ranked predicted enhancer areas at the route level to evaluate the machine 

learning model's predictive accuracy and biological relevance. Two well-known tools, GREAand 

Enrichr, which are often used for functional annotation of regulatory elements, were used to 

perform enrichment analysis. For validation, two complementary approaches were used: 

The GREAT tool was used to determine whether the original pathway appeared enriched in the 

findings by ranking the top 100 enhancer regions for each biological pathway according to model- 

predicted scores. This method used enhancer-based genomic enrichment to evaluate direct route 

recall. For instance, GREAT enrichment analysis demonstrated the model's ability to recover 

functionally coherent enhancer sets in the case of "GO: Positive Regulation of Viral Transcription" 

by confirming a significant signal for this pathway among the top-ranked enhancer predictions 

[Figure 3.7]. Likewise, the model's capacity to detect enhancers important in epithelial lineage 

specification and differentiation was further supported by validation using Enrichr, which showed 

notable pathway enrichment for the "GO: Positive Regulation of Epithelial Cell Differentiation" 

route. The model captures significant biological regulatory relationships at the pathway level, as 

these data together show [Figure 3.8]. 
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Figure 3.7: Enrichr output showing enrichment for the “GO: Positive Regulation of Viral 

Transcription” pathway. 

 

 

 

 

 

 

Figure 3.8: Enrichr output showing enrichment for the “GO: Positive Regulation of Epithelial 

Cell Differentiation” pathway 
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Validation of Pathway Genes 

 
We tested our model on enhancer regions after training it mostly on promoter regions of known 

pathway-associated genes. Surprisingly, the most highly predicted enhancers were found adjacent 

to the same genes that were utilized in training, indicating that enhancers that control these genes 

are frequently found near their promoters. We used Venny to compare these gene lists with the 

initial training gene sets after mapping the closest genes to the top enhancer predictions using 

GREAT. Even when trained on promoter features, the model can reliably recover functionally 

relevant enhancer–gene connections, as evidenced by the observed overlap. This demonstrates the 

robustness of our methodology in finding biologically significant gene targets as well as the 

regulatory closeness of enhancers to promoters. 

 

Training for the "GO: Regulation of Cell Activation" pathway involved the use of 472 genes. 86 

closest genes were found from the GREAT analysis of the top enhancer predictions, 12 of which 

overlapped with the training gene set [Figure 3.9]. Similarly, out of the 469 genes that were initially 

linked to the "GO: Positive Regulation of Kinase Activity" route, 13 genes that overlapped with 

the training set were found in 85 predicted closest genes. The model's predictions' biological 

relevance is further supported by these regular overlaps between pathway training sets and 

projected enhancer-nearest genes. They show that the top-ranked enhancer regions have functional 

significance and probably play role in the control of genes specific to a given pathway (Figure 

3.10). 
 

 

 

Figure 3.9: Validated Gene output for the pathway "GO: Regulation of Cell Activation" 
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Figure 3.10: Validated Gene output for the pathway "GO: Positive Regulation of Kinase 

Activity" 

 

 

3.2 Validation of Enhancer Perturbation Using Machine Learning Model 

 
3.2.1 Objective and Study Selection 

 

We used supervised machine learning to examine the prediction value of genomic characteristics 

and validate the curated perturbation dataset in ePerturbDB. Luo et al. [34], a CRISPR-based 

enhancer knockout study carried out in human embryonic stem cells (hESCs), was chosen as a 

high-quality dataset. Z-scores and log₂ fold change (log₂FC) values for 10,314 sgRNAs that the 

study provided target enhancer areas. Enhancer perturbations were classified as functionally 

significant if their z-score was greater than or equal to 2, and as non-significant if it was less than 

or equal to 2. Enhancer annotations were taken from the enhancerDB database, which contains 

peak scores for histone modifications like H3K27ac in various tissues, to prepare the input data. 

Bedtools intersect was utilized to overlap sgRNA-targeted regions with histone modification peaks 

to connect perturbation records with epigenomic characteristics. Annotated with genomic 

coordinates, binary classification labels (significant vs. non-significant), and quantitative histone 

mark scores from associated ChIP-seq experiments. 
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3.2.2 Model Building and Performance 

 

We used the z-score of gene expression change as the target variable in a Random Forest regression 

model to evaluate the functional effects of enhancer perturbations. Using bedtools getfasta, the 

input feature set was obtained from the hg19 reference genome and comprised nucleotide 

sequences of enhancers, genomic locations, and histone modification peak scores (e.g., H3K27ac, 

H3K4me1). Only non-overlapping sgRNA locations were retained after we used de-duplication 

filtering to ensure data quality and minimize redundancy. However, the R2 score was 0.3, 

suggesting a comparatively low prediction accuracy when the model was trained and assessed 

using this filtered dataset. This implies that even while the model was able to capture some signal, 

it had trouble generalizing, most likely as a result of the small number of high-confidence 

perturbation events and the biological intricacy of enhancer control. The intrinsic heterogeneity in 

how enhancer perturbations impact gene expression—which is frequently non-linear and context- 

dependent—may also be reflected in the reported performance. 

 

This investigation shows that epigenomic characteristics specifically histone modification scores, 

carry significant signals and may be able to predict enhancer activity when incorporated into more 

complex or context-sensitive models. In order to fully capture the intricate regulatory logic of 

enhancers, the model underscores the need for larger, higher-resolution datasets and potentially 

more enhanced modeling tools, while also highlighting the potential value of machine learning in 

enhancer functional annotation. The work lays the groundwork for future advancements by 

showing that machine learning offers a viable framework to quantitatively analyze enhancer 

perturbation data and direct experimental prioritization in regulatory genomics. 
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CHAPTER - 4 

Conclusion 

Enhancers and their transcribed end products, enhancer RNAs (eRNAs), represent regulatory 

components of the non-coding genome that are essential for regulating gene expression in a variety 

of cell types, developmental stages, and disease contexts. Despite increasing awareness of their 

significance, dynamic activity patterns of enhancers, tissue specificity, and the difficulty of 

manipulating and monitoring regulatory results in experiments have prevented thorough functional 

characterization. A comprehensive strategy that incorporates predictive modeling, integrative 

functional genomics, and carefully selected perturbation datasets was implemented to overcome 

these issues. To capture the regulatory impact of enhancer disruptions, a consolidated, searchable 

database was created by methodically gathering and classifying enhancer and eRNA perturbation 

data from several experimental platforms, such as CRISPR-based and RNA interference 

investigations. 

 

Data-driven investigation of enhancer function in both physiological and pathological conditions 

is made possible by this resource, which makes it easier to retrieve genomic coordinates, 

perturbation techniques, impacted target genes, and related phenotypic consequences. 

Using epigenomic characteristics such histone modification patterns, chromatin accessibility, and 

genomic proximity, machine learning models were used in parallel to identify enhancer–gene– 

pathway relationships. These models were validated by enrichment studies and gene-level overlap 

with established biological pathways, and they showed a high predictive potential in identifying 

functionally relevant enhancers. Additionally, the therapeutic significance of functionally 

annotated enhancers was highlighted by the integration of enhancer annotations with 

transcriptional and survival data. 

 

A scalable basis for comprehending enhancer biology has been established by the integration of 

high-throughput perturbation data, computational modeling, and curated knowledge. This 

integrated framework offers a useful toolkit for breaking down gene regulation at the genome- 

wide level, facilitates the creation of hypotheses for experimental follow-up, and improves the 

annotation of regulatory elements. Such methods will continue to be essential for converting non- 

coding genomic variation into mechanistic understandings and therapeutic prospects as the field 

of functional genomics develops. 
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