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ABSTRACT 
 

Computational Analysis of Transcriptional Regulation after Single and 

Multiple Drug Administration 

Trisevgeni Rapakoulia 

 

Transcriptomics is the large-scale study of RNA molecules produced by the 

genome, in single cells or population of cells using high-throughput methods. With the 

advances in transcriptomic analysis, the monitoring of genome-wide gene expression 

provides a powerful approach for determining the action of drugs. In this study, we 

analyzed the transcriptional responses of cells treated with drugs either alone or in 

combinations to explore their effects in two different applications: breast cancer therapy 

and cell conversion. 

In the first part of this thesis, we aim at modeling the relationship between single 

and multidrug breast therapy at the transcriptome level. We monitored the effects of three 

drugs, and their combinations in human breast cancer MCF-7 cells using the cap analysis 

of gene expression method. We are the first to explore the impact of single and 

combinatorial treatment on promoter and enhancer expression on a genome-wide scale. 

After applying and customizing a broad spectrum of regression algorithms, we showed that 

the transcriptional response to combinatorial drug treatment at both promoters and 

enhancers is accurately described by a linear combination of the responses to the individual 

drugs. Our analysis is promising for eliciting the transcriptional reaction to multidrug 
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therapies in an unbiased genome-wide way, which may minimize the need for exhaustive 

combinatorial screens. 

Following the drug combination analysis, we explored the possibility to 

systematically identify drugs that either alone or in combinations facilitate cell conversion. 

To date, no computational approach prioritizes or suggests chemical compounds promoting 

cell reprogramming. Using transcriptomic data of human primary cells and drug response 

expression profiles, we developed a computational framework which accurately predicts 

single drugs or drug cocktails driving any source cell type towards the desired lineage. 

Experimental and in-silico validation on human pluripotent stem cells confirms the ability 

of the top predicted drugs to enhance reprogramming. The introduced method has countless 

applications in regenerative medicine and can significantly speed up the research in this 

field. 
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 Introduction 
 

1.1 Research objectives 

 

This thesis focuses on the development of computational methods for analyzing 

and interpreting the transcriptional regulation after single and multiple drug administration. 

We utilize expression profiling of cells treated with drugs which reflect the impact of drugs 

in the entire transcriptome. We perform quantitative analysis of the transcriptional 

responses to drugs and drug combinations, and we explore these effects in two different 

applications: breast cancer therapy and cell conversion (Figure 1.1). In particular, this 

thesis aims to address two open research questions:  

1) What is the relationship between single and multidrug treatment in promoter and 

enhancer expression at the genome-scale?  

2) Is it possible to predict individual drugs or drug combinations that can enhance 

cell conversion by transcriptomic data analysis? 

 

Figure 1.1: Schematic representation of thesis outline. 
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1.2 Approach 

 

To answer the first open problem, we study the effects of single and combinatorial 

treatment on breast cancer therapy. The strategy of combination therapeutics has emerged 

with the hope of increasing therapeutic efficacy. The use of transcriptomic data for 

characterizing the biological effects of chemical compounds has become increasingly 

popular since the advent of drug response databases. Cap analysis of gene expression 

(CAGE), using single-molecule sequencing, offers promoter-based profiling that captures 

moderate cellular responses in the transcriptome even at submaximal drug dosages, which 

is very difficult to attain with microarray experiments. Apart from giving promoter based 

resolution, CAGE has the additional advantage of detecting enhancer expression in the 

same experiment. Motivated by these remarks, we are the first to analyze the combinatorial 

drug effects on promoter as well as on enhancer expression, using CAGE profiling. We 

apply a variety of regression algorithms to quantify the relation between single and 

multidrug therapy on a genome-wide scale. We show that promoter and enhancer 

expression responds in a linear additive manner after drug combinations. On account of the 

high cost and large combinatorial space for experimental techniques, this study aims at 

minimizing the need for exhaustive multidrug screens.  

To answer the second open problem, we develop a computational method that 

allows the automatic identification of single drugs or combinations that promote cell 

conversion. Controlling cell fate has enormous potentials for regenerative medicine, drug 

discovery, and cell-based therapy. Although the stem cell research has shifted towards the 

chemical based reprogramming strategies, no computational framework exist for 
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predicting small molecules eligible for cell conversion. We integrate untreated primary cell 

profiles from the FANTOM collection and drug-induced transcriptional profiles from the 

Library of Integrated Network-Based Cellular Signatures (LINCS) to identify small 

molecules which can force the cell transcriptional program towards the desired lineage. We 

apply pathway enrichment techniques to homogenize and compare expression profiles 

coming from different transcriptomic platforms. Single-drug profiles are then prioritized 

based on a similarity score with the target cell profile. Taking into account the additive 

property of the drugs at the transcriptome level that we studied in the first part of this thesis, 

we further identify drug combinations whose additive effect results in a profile similar to 

the target cell. Our results are validated in silico and in vitro on the human pluripotent stem 

cell model system. We believe that this work can have countless applications in biomedical 

research and significantly facilitate the research in the field. 

 

1.3 Structure of the thesis 

 

 In the first chapter, we set the open research questions we aim to answer through 

this thesis. We give an outline of the analysis we proceed to address the defined 

research objectives.  

 In the second chapter, we provide an introduction to transcriptomics with focus on 

CAGE profiling. 

 In the third chapter, we discuss the benefits of combinatorial drug treatment and its 

applications on breast cancer. 
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 In the fourth chapter, we quantify and model the combinatorial drug effects at the 

transcriptome level, focusing on promoter and enhancer expression. 

 In the fifth chapter, we give an introduction to cell conversion and cell 

reprogramming techniques. 

 In the sixth chapter, we develop a computational framework that predicts single 

drugs or drug combinations, facilitating cell conversion. 

 In the seventh chapter, we summarize the contributions of the current thesis, and 

we discuss future research directions. 

 

 

1.4 Published and ongoing research 

 

 

The present study contains work already published as well as work that is currently 

under preparation. Specifically, Chapter 4 is a published paper in Bioinformatics entitled 

“Genome-scale regression analysis reveals a linear relationship for promoters and 

enhancers after combinatorial drug treatment” by Trisevgeni Rapakoulia, Xin Gao, Yi 

Huang, Michiel de Hoon, Mariko Okada-Hatakeyama, Harukazu Suzuki, and Erik Arner 

[1]. The work described in Chapter 6 is a recently completed research project in 

collaboration with Dr. Erik Arner from RIKEN institute in Japan and Professor Diego Di 

Bernardo from TIGEM institute in Italy. This study is currently under preparation for 

publication. 

During my Ph.D. studies, I also worked on research problems not included in the 

present thesis. My first research project concerned the design and implementation of a 
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machine learning approach for predicting pathogenic missense single nucleotide 

polymorphisms (SNPs). The developed approach entitled “EnsembleGASVR: a novel 

ensemble method for classifying missense single nucleotide polymorphisms” was 

published in Bioinformatics [2]. I am also working on a research project in collaboration 

with King Faisal Specialist Hospital and Research Centre in Saudi Arabia. I study a unique 

genotype dataset consisting of one thousand Saudi Arabia families where autozygosity can 

reveal meiotic recombination events. Although these studies address significant problems 

in computational biology, they are not included in the present thesis because they are not 

closely related to the drug effects on the transcriptome level. 
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 Transcriptomics 
 

2.1 Transcriptomic technologies 

 

Transcription is the first step of gene expression, in which a particular DNA 

sequence is copied into RNA by the enzyme RNA polymerase. RNA polymerase, together 

with more general transcription factors, binds to promoter DNA. During transcription, a 

DNA segment is read by an RNA polymerase, which produces an antiparallel, 

complementary RNA strand called messenger RNA (mRNA) transcript. 

Transcriptomics is the large-scale study of cellular RNA molecules using high-

throughput techniques. It examines the composition and abundance of RNA molecules in 

single cells or a population of cells [3]. In contrast to DNA, which is almost the same across 

all cells of an organism, the transcribed RNA is highly dynamic, demonstrating the 

diversity of cell types, states, and regulatory mechanisms. The cell's transcriptome provides 

a signature of the underlying cell condition, and therefore, the experimental profiling of 

samples can give insights into their unique biology. Depending on the specific approach, 

transcriptomics not only reveals the makeup of gene expression but also provides insight 

into the structures, modifications, and variations of the investigated transcripts. 

The field of transcriptomics analysis started in 1977 with the invention of the 

northern blot [4] and the first sequencing of the complementary DNA molecules (cDNAs) 

[5]. Next advances in the field were the invention of expressed sequence tags (ESTs) [6] 

and reverse transcription-quantitative polymerase chain reaction (RT-qPCR) [7] 

technology. For the first time, it was possible to identify cellular mRNAs in an unbiased 

and quantitative way. Following, the development of cDNA [8] and oligonucleotide [9] 
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microarrays in 1995, made it feasible to measure the expression levels of thousands of 

known genes simultaneously. The landscape of transcriptomics went further ahead with 

the shotgun EST sequencing [10], the first high-throughput sequencing methods [11], and 

the draft of the human genome [12]. The field exploded in 2008 when the advent of shotgun 

sequencing established RNA-seq protocol as a leading choice [13]. The cap analysis of 

gene expression (CAGE) protocol originally developed to identify and quantify the 5′-

capped RNAs of cells [14]. When later, the protocol was adapted to NGS platforms [15] 

became particularly valuable for mapping transcription start sites (TSSs) [16]. In figure 

2.1, we can see an illustration of the major advances in transcriptome profiling over the 

past four decades. 
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Figure 2.1: A historical timeline of transcriptomics. The most influential advances in the experimental 

protocols for the high-throughput profiling of RNA, accompanied with the databases which catalog the 

results and the computational methods to analyze, quantify and assemble RNA molecules [17]. 
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2.2 Cap Analysis of Gene Expression  

 

Cap Analysis of Gene Expression (CAGE) is a method for transcription profiling 

and promoter identification developed by RIKEN. CAGE produces a snapshot of the 5′ 

end of the messenger RNA population in a biological sample. The small fragments usually 

27 nucleotides long from the very beginnings of mRNAs are reverse-transcribed to DNA, 

extracted, and sequenced [18]. The output of the CAGE is a batch of short nucleotide 

sequences, which are called tags with their observed counts. CAGE tags are short, and thus 

can be directly sequenced using current NGS technologies. Using a reference genome, it is 

possible to determine the original mRNA/gene the tag was extracted from. Through a 

massively parallel sequencing of the 5’ end of cDNA and analysis of the sequenced tags, 

transcription start sites, and transcripts amount are inferred on a genome-wide scale. Thus 

copy numbers of CAGE tags provide an easy way of digital quantification of the RNA 

transcript abundances in biological samples. In contrast to microarrays, this method does 

not require DNA chips loaded with probes, thus allowing the analysis of novel genes. 

Furthermore, it provides a wider dynamic range and allows a finer quantification of both 

high- and low-expressed genes [19][20]. 

Quantification of CAGE tags for each promoter allows not only to determine the 

RNA expression level but also point out which of the various alternative promoters was 

used in the transcription, leading to the comprehensive mapping of promoters in 

mammalian genomes [16]. This is the main advantage of CAGE against microarray and 

RNA-seq based expression profiling, which can’t always distinguish between multiple 

promoters of the same gene. Indeed there are approximately 50,000 genes in human 
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genomes, but more than 185,000 transcriptional start sites (TSSs). CAGE has the capacity 

to recover most of these TSSs. Thus, CAGE allows high-throughput gene expression 

quantification plus identification of the tissue/cell/condition-specific transcriptional start 

sites, including alternative promoter usage. Furthermore, the precise identification of TSS 

enables a better prediction of Transcription Factor Binding motifs than other transcriptomic 

technologies [21]. 

Enhancers are cis-acting elements that have the potential to increase the expression 

of target genes. They generally function independently of distance and orientation and 

activate promoters’ transcription [22]. While both promoters and enhancers are known to 

bind transcription factors (TFs), only promoters were thought to initiate transcription by 

RNA polymerase II. However, in 2010, two hallmark studies demonstrated that a subset of 

enhancers was occupied by RNA polymerase II and transcribed into enhancer RNAs 

(eRNAs) [23][24]. Further genome-wide studies revealed that enhancers are frequently 

transcribed into eRNAs of various length, polyadenylation status, and strand specificity 

[25]. CAGE technology identifies transcribed enhancers at high nucleotide resolution by 

detecting bidirectionally transcribed enhancer RNAs (eRNAs), having an almost balanced 

transcription on both strands and being consistent with nucleosome borders [26]. eRNA 

expression is a powerful proxy for cell-specific enhancer activity, and CAGE-identified 

enhancers are two to three times more likely to be validated in vitro than non-transcribed 

enhancers detected by chromatin-based methods [27]. While it is difficult to locate 

enhancers with high nucleotide resolution using ChIP-seq profiling of histone 

modifications, CAGE detects the TSSs of eRNAs at nucleotide resolution [28]. Another 

advantage of CAGE is that it can be easily applied on small biological samples, such as 
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biopsies [29]. On the other hand the detection of these eRNAs from CAGE requires high 

sequencing coverage due to their low level of expression [28]. 
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 Single and Multiple Drug Therapy on Breast Cancer 
 

3.1 Drugs 

 

“A drug can be defined as a chemical substance of known structure, other than a 

nutrient or an essential dietary ingredient, which, when administered to a living organism, 

produces a biological effect”, according to Rajesh definition [30]. In terms of 

pharmacology, there are two ways to categorize these chemical substances, as small and 

large molecules. This differentiation refers not only to the size, but also it classifies how 

the molecules are made, their behavior, mode of action, and transportation. The maximum 

molecular weight limit for a small molecule is approximately 900 Daltons. This property 

allows the organic compounds to rapidly diffuse across cell membranes and reach the 

intracellular sites of action [31]. Small molecules have long been the principle for drug 

development. Most of the drugs are small molecules, with just a minor percentage being 

large molecules, known as biologics. The majority of targeted therapies are small-molecule 

drugs or small molecule inhibitors. In this thesis, we do not distinguish between the terms 

drug and small molecule, which are used interchangeably to describe any chemical 

substance which has a physiological effect when introduced to the cells. 

Mechanism of action relates to the biochemical process through which a drug 

produces its effect. Drug targets are most commonly proteins such as enzymes, ion 

channels, and receptors [32]. For most of the drugs, many targets are identified. So, there 

are simultaneous changes in several biochemical signals, and numerous feedback reactions 

of the pathways disturbed. One major problem in pharmacology is that no drug produces a 

single effect. The primary effect of a drug is usually the desired therapeutic effect. 
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Secondary effects are all other effects besides the desired effect, which may be either 

beneficial or harmful. For example, drugs may be nonspecific in action and alter not only 

abnormal processes but regular ones as well, leading to side effects.  

With the advances in transcriptome analysis, the monitoring of genome-wide gene 

expression provides one of the most powerful approaches for determining the action of 

drugs. Transcriptional profiling analysis of cells and tissues is an essential part of the drug 

development process. Information obtained from transcriptomics has a dramatic effect on 

diverse areas of the drug discovery including target identification, validation, compound 

selection, pharmacogenomics, biomarker development, clinical trial evaluation and 

toxicology [33]. In this thesis, we will analyze the transcriptional responses of cells treated 

with small molecules to explore the drug effects in two different applications: breast cancer 

treatment and cell conversion. 

 

3.2 Drug response databases 

 

The monitoring of genome-wide gene expression reveals insights into the action of 

drugs. A landmark study by Hughes et al. [34] demonstrated that a collection of gene 

expression data could be used for the functional annotation of small molecules and genes 

in yeast. The treatment of cells with compounds produces transcriptional fingerprints that 

reveal mechanism-of-action and enable discrimination between individual compounds 

based on their behavior. Publicly available genome-wide transcriptional expression data 

are lately gaining more and more popularity, as they can be used for drug repurposing or 

inferring unknown adverse effects. 
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A first effort to build a comprehensive collection of small molecule gene signatures 

was made in 2006 by the Broad Institute team under the project name Connectivity Map 

(CMap) [35]. The initial CMAP database (Build 1) recorded 453 profiles from 164 distinct 

small-molecule perturbagens on five cell lines using mRNA expression profiling assayed 

on DNA microarrays. The second release (Build 2) introduced 6100 expression profiles 

from 1309 compounds. Having been available for more than ten years now, the Cmap 

collection became the basis for numerous different computational applications, such as 

drug discovery and repositioning. For example, tomatidine and fulvestrant were found as 

powerful inducers of the GPT gene in the context of pharmacological therapy for Primary 

Hyperoxaluria Type I [36]. Transcriptional responses to drug treatment can also provide 

important information about the drug mode of action [37] [38].  

The further expansion of CMAP has led to the establishment of the Library of 

Integrated Cellular Signatures (LINCS) project, which includes gene expression profiles 

for more than 10,000 compounds [39]. The Luminex L1000 platform, used for the LINCS, 

measures a fixed panel of 978 so-called landmark genes, and the expression values for the 

remaining genes are estimated by a computational model [40]. LINCS include 1.4 million 

profiles representing 42,080 genetic (CRISPR knock-out, shRNA knockdown, ORF 

overexpression) and small-molecule perturbations spanning over 50 cell lines of various 

lineages. This is far greater than any other publicly available resource of cellular 

perturbations. LINCS allows users to have access to multiple data levels, from raw to 

processed normalized data. 
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3.3 Drug Combinations 

 

State of the art mechanism-based drug discovery aims to identify agents that 

activate or inhibit specific disease targets while having as few side effects as possible. 

Complex diseases, though, involve multiple complex molecular networks, which limits the 

efficacy of commonly used single molecular drug therapeutics. The strategy of 

combination therapeutics has emerged with the hope of increasing therapeutic efficiency. 

The number of studies investigating combination therapies is notably increasing in the last 

years. Many of the suggested drug combinations have already entered clinical trials for the 

treatment of complex diseases [41]. 

Drug combination behavior can be broadly classified as synergistic, antagonistic, 

or additive. An additive effect occurs when the outcome is equal to the sum of the 

magnitude of the individual’s drugs. Synergy is the result of combining two or more 

chemical compounds to produce an effect that is greater than additive effects. By contrast, 

antagonism is the phenomenon when a compound combination produces an overall effect 

that is less than the additive effects of the individual compounds. Selecting proper drug 

combinations that can yield an additive or synergistic effect is a crucial challenge in 

pharmaceutical research. 

 

3.4 Applications of drugs and drug combinations in cancer 

 

Cancer is a high mortality disease, and the therapeutics for cancer, especially for 

cancer metastasis, are still deficient. Many cancer patients die because of cancer 
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metastases—almost 90% of cancer deaths are caused by tumor metastasis [42]. Improved 

understanding of molecular biology of cancer and the evolution of high-throughput 

technology enabled the development of targeted therapies which inhibit cancer-specific 

proteins and pathways [43]. Successful examples include the use of imatinib for chronic 

myelogenous leukemia [44], trastuzumab for breast cancers [45], and gefitinib for non-

small-cell lung cancer treatment [46]. However, the genetic complexity of most human 

malignancies suggests that the repression of a single target or pathway crucial for tumor 

cell proliferation is improbable to produce sustained growth inhibition [47]. Evolution of 

tumors could result in resistant cancer populations owing to intra-tumor heterogeneity [10]. 

Different mechanisms, such as a mutation in the target domain and activation of alternative 

pathways could result in resistance to targeted therapeutics [11]. Also, tumor 

subpopulations that were resistant to therapy may survive and proliferate, giving rise to a 

tumor that does not respond to the assigned therapeutics anymore [48].  

To overcome the limitations of the single drug techniques, combination therapy has 

been proposed as a promising therapeutic strategy. The rationale behind this strategy is to 

defeat the complexity of cancer by targeting multiple components of the disease [49]. 

Chemotherapy can be toxic to the patient resulting in increased side effects and risks. Using 

drug combinations as an alternative, it is possible to increase the efficacy of each agent in 

the combination without increasing the doses of single agents, resulting in lower toxicity. 

Moreover, combination therapeutics have better potentials to decrease the resistance to a 

single drug and reduce the adverse effect of the monotherapy regimen [50].  

Combination therapy was first highlighted in 1965, where a study of Frei et al. 

suggested the first ever combination chemotherapy for acute leukemia [51]. Pediatric 
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patients with acute lymphocytic leukemia were treated with the combination of 

methotrexate, 6-mercaptopurine, vincristine, and prednisone, and it was proven successful 

in reducing tumor burden and prolonging remission. As a consequence, the research in 

cancer therapy focused on investigating combination therapies that target different 

pathways to create additive or synergistic effects. Recently Quinn et al. discovered that 

sabutoclax, a pan-Bcl-2 inhibitor, in combination with minocycline, an antibiotic that has 

previously displayed anti-cancer effects worked synergistically on the intrinsic apoptotic 

pathway. This combination demonstrated selective toxicity and a reduction in tumor 

growth in vitro and in vivo on pancreatic ductal adenocarcinoma [52]. Hence, using a 

combination of compounds that target different pathways, a synergistic or additive effects 

could provide significant anti-cancer power. 

 

3.5 Focus on Breast Cancer 

 

Breast cancer is the most frequent cancer in females, and the second most common 

cause of death in women in the United States [53]. One of the major challenges for its 

treatment is its heterogeneous nature, which determines the therapeutic options. Using 

comprehensive gene expression profiling, breast tumors can be classified leastwise into 

three major subcategories: luminal, human epidermal growth factor receptor 2+ (HER2+), 

and basal-like [54]. Each of these breast cancer types has a distinctive risk of incidence, 

reaction to treatment, probability of disease progression, and favorable organ sites of 

metastases [55]. Luminal tumors are positive for progesterone and estrogen and receptors, 

and the majority respond well to hormonal interventions, whereas HER2+ tumors present 
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overexpression of the ERBB2 oncogene and they can be effectively controlled with a 

variety of anti-HER2 therapies. Basal-like tumors, in general, lack hormone receptors and 

HER2, and therefore, these tumors are also called triple-negative breast cancer (TNBC). 

Currently, there is no molecular-based targeted therapy for TNBC, and unfortunately, only 

approximately 20% of these tumors respond well to standard chemotherapy. 

Cocktail therapies  

with small molecule chemotherapeutic agents present advanced clinical benefits, 

including enhanced response rate and prolonged overall survival in breast cancer patients. 

Palbociclib and ribociclib have received the FDA approval in combination with aromatase 

inhibitor letrozole as the first-line treatment of luminal advanced breast cancer. They were 

shown to significantly improve median progression-free survival compared to letrozole 

alone [56]. Combinations of PI3K/Akt/mTOR inhibitors with trastuzumab have been 

proved to overcome trastuzumab resistance mediated by irregular activation of the pathway 

[57]. Epidermal growth factor receptor is overexpressed in TNBC. Numerous phase II 

studies have recently evaluated the efficacy of cetuximab (anti-EGFR monoclonal 

antibody) in combination with cisplatin in metastatic TNBC [58].  

Thus combination therapy accomplishes three important objectives not possible 

with single-agent therapy: (1) It provides maximum cell death within the range of toxicity 

tolerated by the host for each drug, (2) it offers a wider range of coverage of resistant cell 

lines in a heterogeneous tumor population, and (3) it prevents or slows down the 

development of new drug-resistant cells. In this thesis, we study the effects of three drugs 

and their pairwise combinations in human breast cancer cells. The three drugs act in 
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different nodes of the EGFR signaling pathway, which has a multidimensional role in the 

progression of cancer.  

 

3.6 Computational prioritization of drug combinations  

 

High-throughput screening is useful to identify possible effective drug 

combinations. However, the large number of compound combinations that can be 

generated, even from small compound collections, means that exhaustive experimental 

testing is infeasible. Several computational methods have recently been proposed for 

prioritizing effective drug combinations [59] [60]. By integrating several resources, such 

as drug targets, indications, chemical structures, signaling pathways, and protein-protein 

interactions, researchers try to evaluate the synergistic effects for drug pairs. 

Only a few studies have been developed to predict synergistic effects based on gene 

expression data [60][61]. The common strategy is comparing the drug effects derived from 

microarrays treated by drug combinations with those treated by individual drugs. Recently, 

the Dialogue on Reverse Engineering Assessment and Methods (DREAM) consortium 

designed a community-based, collaborative competition for the systematic validation of 

computational methods to predict the cooperative effects of 91 compound pairs. [62]. This 

project generated gene expression profiles of human β-cell lymphoma cell lines treated by 

the individual drugs at multiple time points and concentrations. Predictions from 32 

different methods were validated against an experimentally assessed gold standard, 

generated by systematic evaluation of compound-pair synergy in vitro. 



33 

 

 

 

While these computational methods prioritize drug combinations based on their 

synergistic effects, the quantitative prediction and analysis of cellular responses to drugs 

and drug combinations at the transcriptional level are still not addressed. Furthermore, 

microarray technology has become a routine tool for monitoring genome-wide expression 

changes and has been widely adopted for exploring drug responses. Contrary to the existing 

methods, we employ cap analysis of gene expression (CAGE), a sequencing-based 

unbiased approach for quantifying promoter and enhancer expression in biological 

samples. In our study, we analyze three drug pairs, and we investigate whether cellular 

responses to drug combinations can be modeled quantitatively using the transcriptional 

reaction to the individual drugs. 
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 Transcriptional regulation at promoters and enhancers 

after drug combinations 
 

4.1 Introduction 

 

Unlike single-gene disorders, which are regulated by a particular gene, complex 

diseases like cancer are dependent on multiple cellular functions and processes. Single drug 

cancer therapies fail to target more than one signalling pathway and increase the chance of 

developing drug resistance [63]. Drug combinations are considered a promising strategy to 

overcome these limitations [64]. Combinatorial drug treatment offers significant 

advantages over high-dosage monotherapy, including amplified therapeutic efficacy and 

reduced risk of drug resistance [49]. Examples of successful multidrug approaches include 

breast cancer treatment with trastuzumab-based combination therapy, which significantly 

improves the overall survival of patients with the HER2-positive breast cancer [65], and 

Type 2 Diabetes treatment where the combination of metformin and rosiglitazone achieves 

glucose-lowering efficacy, without causing hypoglycemia [66]. 

Many experimental and computational methods have been proposed to identify 

effective drug combinations. High-throughput [67] and RNA interference[68] screenings 

are unbiased experimental strategies that can indicate favorable combinations of FDA 

approved compounds. On account of the high cost and large combinatorial space, 

numerous computational approaches have been developed to reduce the need for 

exhaustive screens [62], [69]. Despite recent advances on prioritizing multidrug therapies 

for further experimental validation, no existing methodology has been demonstrated to 

quantify and model the combinatorial drug effects at the transcriptional level. 
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Most earlier studies looking at the transcriptional response to multidrug therapy use 

microarrays [60][70]. We recently employed CAGE, a sequencing-based unbiased 

approach for quantifying promoter expression, after single drug treatment [20]. The 

sensitive promoter profiling obtained through single-molecule sequencing was able to 

capture moderate cellular responses in the transcriptome even at submaximal drug dosages, 

which is very difficult to attain with microarray approaches [20]. Apart from giving 

promoter based resolution, CAGE has the additional advantage of detecting enhancer 

expression in the same experiment [26]. Transcribed enhancers as detected by CAGE are 

more likely to be functional than enhancer predictions based on chromatin status [71]. With 

CAGE, it is possible to not only examine whether drug treatment alters enhancer RNA 

transcription, but also investigate if enhancer expression levels in drug combinations can 

be explained using individual treatment profiles. 

It has been recently shown that protein dynamics after combinatorial treatment of 

drugs can be accurately described as a linear combination of individual responses [72]. 

Moreover, Pritchard et al. reported that RNAi signatures of drug combinations are mainly 

a weighted composite of single drug effects [73]. These findings suggest that the same 

relationship may be true at the transcriptional level. This chapter aims to test this 

hypothesis. We performed multiple linear regression analyses on promoter and enhancer 

transcriptional activities after single and combinatorial drug treatment. This is the first 

analysis that exploits promoter expression using CAGE profiling to quantify combinatorial 

drug effects. It is also the first endeavor to examine the effects of combinatorial therapy on 

enhancer expression. Furthermore, this study seeks to explore the transcriptional 

relationship for drug combinations on a genome-wide scale. While most of the existing 
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approaches utilize a very restricted set of genes (signature genes), ignoring off-target 

effects, we attempt to model the expression reaction on the entire transcriptome. Without 

using any prior information about known drug targets and affected pathways, we show that 

it is possible to describe the transcriptome response at promoters and enhancers with high 

accuracy in an unbiased global way. 

 

4.2 Experimental Model and Subject Details 

 

4.2.1 RNA sample preparation 

 

Human MCF-7 breast cancer cells were purchased from the American Type Culture 

Collection and maintained in DMEM (Invitrogen) supplemented with 10% FBS containing 

Penicillin-Streptomycin mixed solution (Nacalai Tesque, Japan). One day before drug 

treatment, medium was switched to DMEM supplemented with 2% FBS. Cells (approx. 2 

x 106 cells/ sample) were treated separately or in pair-wise combinations with Gefitinib 

(ZD1839) (1 μM, a generous gift from AstraZeneca), U0126 (500 nM, Calbiochem), and 

Wortmannin (10 nM, Nacalai Tesque) for six hours. All drugs were dissolved in DMSO 

and DMSO was used as the treatment control. After the treatment, the cells were washed 

with PBS twice followed by RNA purification using the miRNeasy Mini kit (QIAGEN) 

and quality check using Bioanalyzer (Agilent technology). 

 

4.2.2 Single molecule CAGE data production 
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Triplicate samples were analyzed for each drug treatment. CAGE libraries for 

single molecule sequencing were constructed using 5 μg of total RNA as described 

previously [74], and sequenced on HeliScope. CAGE tags were processed and mapped to 

genomic positions as described in detail in [20]. Briefly, tags remaining after filtering of 

low quality and ribosomal tags were mapped to the human genome (hg19) using Delve. 

 

4.2.3 Normalization and Differential Expression Analysis 

 

Mapped CAGE tags were projected onto FANTOM 5 pre-defined robust 

decomposition peak identification (DPI) cluster regions of promoters and enhancers 

[16][26][71] by the intersectBed function of bedtools [75] with default parameters. 

Expression tables were normalized by the "relative log expression” (RLE) method as 

implemented in edgeR [76]. According to RLE procedure, the median library is calculated 

from the geometric mean of all samples [77]. Then the normalization factor is computed 

as the median ratio of each sample to the median library. Lowly expressed tag clusters were 

subsequently removed and we kept only tag clusters expressed more than five counts per 

million (CPM) in at least one sample from the RLE-normalized expression for promoters 

and more than five counts in at least twelve samples from the RLE-normalized expression 

for enhancers. In addition, the voom transformation was performed to adjust raw CPM 

values to fit a normal distribution by limma [78] . Since we have multiple treatment states,  

we used negative binomial generalized linear models (GLM) for differential analysis of 

promoters [79]. A GLM likelihood ratio test was applied to identify the significantly altered 

promoters of treatment conditions against the control condition. The p-values for 
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differential expression were adjusted for multiple testing using false discovery rate (FDR) 

< 0.05 as a threshold for statistical significance. 

4.2.4 Data Availability 

 

The CAGE sequence data used in this study are available in the DDBJ Sequence Read 

Archive (http://trace.ddbj.nig.ac.jp/index_e.html), accession number DRP001113. 

 

4.3 Quantification and Statistical Analysis 

 

4.3.1 Multiple linear regression model 

 

We used multiple linear regression to model the relationship between combinatorial 

drug response and single drug expression profiles by fitting a linear equation to the 

observed data. Individual expression profiles were considered as explanatory variables and 

combinatorial drug action as the response variable. Formally, the model for multiple linear 

regression, given two drugs A and B, is: 

 

FdrugA_drugB=β0 + β1F drugA+ β2F drugB+ ε 

 

where Fdrugi denotes the logarithmic fold change (log2FC) of drug i (in cpm) against the 

control condition for i={A, B}, βj are the regression coefficients for j={0,1,2}, ε is the error 

variable, and A,B ϵ {Gefitinib, U0126, Wortmannin}. We fitted the linear regression 

models using the least squares approach in R. 
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4.3.2 Evaluation Metrics 

 

To evaluate the robustness and prediction ability of the regression models on new 

unseen values of the response variable, we performed 10-fold cross validation. We used 

three different metrics to assess the performance of the regression models on the test set.  

Mean Absolute Error (MAE): measures the average magnitude of the errors in a set of 

predictions. 

MAE = 
1

𝑛
 ∑ |𝑦(𝑖) − ŷ(𝑖)|𝑛

𝑖=1  

where 𝑦(𝑖) is the observed value, ŷ(𝑖) is the predicted value, and n equals the number of 

observations in the test set. 

Pearson Correlation Coefficient: measures the linear correlation between paired variables. 

r=
𝑛(∑ 𝑦𝑖ŷ𝑖)−∑ 𝑦𝑖 ∑ ŷ𝑖

√𝑛[∑ 𝑦𝑖
2−(∑ 𝑦𝑖)

2
][𝑛 ∑ ŷ𝑖

2−(∑ ŷ𝑖)
2

]

 

where 𝑦𝑖  and ŷ𝑖 are the observed and the predicted value respectively for i=1, 2, …n, and 

n is the total number of observations in the test set. 

Spearman correlation coefficient: measures the strength of a monotonic relationship 

between paired variables. It is defined as the Pearson’s correlation on the ranked variables. 

rs= 1- 
6 ∑ 𝑑𝑖

𝑛(𝑛2−1)
 

where 𝑑𝑖=rg(yi)- rg(ŷi) is the difference between the two ranks of each observation and n 

is the total number of observations in the test set. 

 

4.3.3 TFBS analysis of promoters not described by the linear model 
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Potential transcription factor binding sites (TFBSs) for motifs known to be 

recognized by transcription factors (TFs) were identified as described in detail in [71]. 

Briefly, MotEvo [80] was used to identify conserved instances of motifs from the 

SwissRegulon database [81] within a 400 base region (-300 to +100 base pairs with respect 

to the representative position) of each promoter. Overrepresented motifs in non-linearly 

behaved promoters for every combinatorial treatment were realized using one-tailed 

Binomial test (alternative: "greater", number of successes: number of occurrences of a 

motif in the non-linearly described promoters, number of trials: number of the non-linearly 

described promoters, background probability: number of occurrences of a motif in all the 

promoters divided by the number of all the promoters).Then we applied the Benjamini-

Hochberg (BH) adjustment of the p-values. 

 

4.3.4 GO enrichment of promoters not described by the linear model 

 

We used only promoters which have been associated with Entrez Gene IDs. We ran 

the topGO R package [82] for gene ontology enrichment analysis (algorithm = "classic", 

statistic = "fisher", genes of interest: genes associated with the non-linearly behaved 

promoters, background genes: genes associated with all the promoters in the study). We 

applied the Benjamini-Hochberg (BH) adjustment of the p-values. The analysis yielded no 

significantly enriched GO terms for the Cellular Component domain for the Gefitinib-

Wortmannin drug combination. We then used REVIGO software [83] to summarize and 

cluster the enriched Gene Ontology terms based on semantic similarity (Allowed 

similarity=0.7). 
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4.4 Results 

 

4.4.1 Quantifying promoter expression after single and combinatorial 

treatment 

 

Owing to its multidimensional role in the progression of cancer, the EGFR 

signaling pathway has been the target of many anti-cancer therapies [84] (Figure 4.1). 

When multiple drugs target either parallel signaling pathways or the same signaling 

pathway at various nodes, they may function synergistically for higher therapeutic efficacy 

and greater target selectivity [85]. With this in mind, we recorded the effects of Gefitinib 

(marketed commercially as Iressa), U0126, and Wortmannin, in human breast cancer 

MCF-7 cells using the CAGE promoter profiling method. Gefitinib inhibits EGFR tyrosine 

kinase by binding to the adenosine triphosphate (ATP)-binding site of the enzyme [86]. 

EGFR lies upstream of the Ras-ERK and PI3K-Akt pathways. U0126 is a highly selective 

inhibitor of MEK1 and MEK2 kinases [87], while Wortmannin is a fungal metabolite that 

acts as a potent, irreversible inhibitor of phosphatidylinositol 3-kinase (PI3K) [88]. The 

composite effects of the three compounds have been previously reported in the literature. 

Gefitinib and U0126 mixture inhibits the growth of RAS-active cancer cells [89]. Gefitinib 

in combination with Wortmannin suspends proliferation of U87 cells, compared to the 

individual drugs alone [90] while U0126 and Wortmannin jointly lead to synergistic 

induction of apoptosis in LN215 and LN229 cell lines [91]. 
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Figure 4.1: EGFR pathway. Gefitinib, U0126, and Wortmannin directly inhibit the activity of EGFR, 

ERK, and Akt pathway, respectively. 

 

We selected moderate concentrations below saturation for each inhibitor and their 

combinations. CAGE profiles for three replicates were obtained six hours after each drug 

treatment. Promoters were defined according to human FANTOM5 robust DPI clusters of 

transcription start sites [92]. After normalization accounting for the different size and 

compositional biases between the libraries (RLE normalization [77]), we kept only 

promoters expressed more than five counts per million (CPM) in at least one sample, with 

the resulting dataset consisted of 19693 promoters, 90% of which (17768) were located 

within 500 bp of known RefSeq transcripts. Promoter activities were highly reproducible, 

achieving 0.9879 mean Pearson correlation coefficient among triplicates. 
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After performing differential analysis [79] of promoter expression in drug treated 

conditions against the control conditions, we identified 436, 1058, and 1041 promoters 

significantly altered by Gefitinib, U0126, and Wortmannin treatment respectively (FDR 

5%). However, after the combinatorial drug treatment the number of the significantly 

affected promoters was notably greater compared to single drug treatment (Figure 4.2), 

indicating the complicated action of drug combinations in the entire transcriptome. 

  

 

Figure 4.2: Differentially expressed promoters in drug treatments. Venn diagrams showing the number 

of significantly altered promoters after single and combinatorial drug treatments. 

 

 

4.4.2 Promoter activity is efficiently described by a multiple linear 

regression model  

 

We hypothesized that the combinatorial drug response at the transcriptome level 

could be explained by combining single drug expression profiles. To test this hypothesis 

under the different drug combinations, we performed multivariable linear regression 

analysis, where individual expression profiles were considered as explanatory variables 

and the combinatorial drug action as the response variable. Initially, we used only the union 
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of significantly altered promoters after single drug treatment for the analysis. The results 

of 10-fold cross validation, shown in Table 4-1, indicated that the linear model could 

describe the relation between single and combinatorial drug effects at the transcriptome 

level to a high degree.  

 

Table 4-1: Performance of linear regression analysis, applied in the significantly altered promoters. The 

values shown in the table are the mean performance after 10 fold cross validation. The last column shows 

the number of promoters used in the analysis (union of significantly altered promoters after single drug 

treatments). 

 
MAE Pearson correlation Spearman correlation Number of promoters 

Gefitinib_U0126 0.1231 0.9563 0.9341 1293 

Gefitinib _Wortmannin 0.1428 0.8945 0.8747 1327 

U0126_Wortmannin 0.1082 0.9272 0.9073 1726 

 

 

Noting that the majority of the significantly altered promoters in the combinatorial 

drug therapy (Figure 4.2) were not altered by individual drug treatment, and thus not 

possible to explain using the approach outlined above, we next extended our analysis to 

the entire promoter dataset. Table 4-2 demonstrates the performance of the linear 

regression model after ten-fold cross validation in all the promoters. The results showed 

that although correlations were lower in this approach, the linear model performed well on 

a genome-wide scale, with similar errors. The magnitudes of the regression coefficients of 

the two models (significantly altered promoters and all the promoters) were similar, with 

the higher coefficient denoting the leading drug in the combination. The dominant drug 

was the same in both datasets for each combinatorial therapy.  
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Table 4-2: Performance of linear regression analysis, applied in all the promoters. The values shown in the 

table are the mean performance after tenfold cross validation. 

 19693 promoters MAE Pearson correlation Spearman correlation 

Gefitinib_U0126 0.1160 0.8418 0.8284 

Gefitinib_Wortmannin 0.1238 0.7453 0.7474 

U0126_Wortmannin 0.1152 0.7480 0.7182 

 

Importantly, with this approach, it was possible to explain the response of 2963 out 

of 3256 (91%) promoters significantly differentially expressed by combinatorial treatment 

only for the Gefitinib-U0126 drug pair (85% and 80% respectively for the Gefitinib-

Wortmannin and U0126-Wortmannin combinations). Figure 4.3A shows the correlation 

between the regression model’s estimations and Gefitinib-U0126 observed expression 

among the different promoter categories and highlights two examples of genes 

differentially expressed only after combinatorial treatment and well described by the linear 

regression model. Thioredoxin-interacting protein (TXNIP, a tumor suppressor) is an 

effective target for the treatment of breast cancer [93]. Its expression was significantly 

increased in Gefitinib-U0126 combinatorial treatment and it was well captured by the 

linear model. The same drug pair also downregulated Topoisomerase I (TOP1, an 

oncogene) [94][95] with a combinatorial response very close to the regression estimation. 

We identified numerous other key genes important for the phenotypic outcome with 

promoters that were differentially expressed only in combinatorial treatment and efficiently 

described by the linear regression model. Two cases of promoters where single drug 

treatment influence their expression in opposite direction are illustrated in Figures 4.3B 

and 4.3C. When the two drugs are combined, they cancel out the individual effects in a 
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manner well described by the regression model, emphasizing its capacity to capture any 

additive effect between single drug treatments whether there is amplification or canceling 

of the transcriptome response. 
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Figure 4.3: Scatter plots of observed versus predicted log2FC values for the three drug combinations. A) 

Gefitinib_U0126, B) Gefitinib-Wortmannin and C) U0126-Wortmannin drug combination. Blue dots 

indicate promoters differentially expressed both in single and combinatorial treatment, red dots denote 

promoters differentially expressed only in combinatorial treatment and gray dots represent the non-

significantly altered promoters. The dashed lines define the bounds for the two standard deviations of the 

residual error. Barplots show the expression of key genes important for the phenotypic outcome after single 

and combinatorial treatment. The linear regression model is able to effectively capture both amplifications 

and cancellations of the combinatorial transcriptome response. 

 

To validate the statistical significance of the results and test whether both drug 

conditions contribute to the model, we performed the same regression analysis 100,000 

times with random permutations of one of the single drug treatment profiles. The Pearson 

correlation between the observed and predicted values after the permutations was 

significantly lower for all combinations (p-value < 2.2e-16) compared to the regression 

model based on the non-permuted individual drug profiles (Figure 4.4). The distributions 

of the permutation tests revealed the dominance of one drug in the combination, which is 

additionally supported by the coefficient of the regression models in the linear predictor 

function.  

When we further tried to fit the linear regression model using only the dominant 

drug profile, the performance was inferior to using both explanatory variables (p-value<3e-

4 for all combinations). The inclusion of an interaction term between the single drugs did 

not increase the adjusted r- squared statistic for the three models and did not result in 

statistically significant improvement. Furthermore, alternative regression models, namely 

quantile regression and regression tree did not demonstrate notably higher performance 

than multivariable linear regression (Table 4-3). 



49 

 

 

 

  
 

 
 

 

  
 

Figure 4.4: Permutation tests for promoters. Density plots of the Pearson correlation coefficients between 

observed and predicted values after the permutations of individual profiles for (A) Gefitinib_U0126, (B) 

Gefitinib_Wortmannin, and (C) U0126_Wortmannin drug combinations in promoters. The Pearson 

correlation coefficient achieved without permutation is also reported. 

A 

B 

C 
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Table 4-3: Performance of the different regression models for the three drug combinations. The p-values of 

two sample t-test comparing the performance of each model with multivariable linear regression (2 

explanatory variables) are also reported. 

 
Gefitinib-

U0126 

Gefitinib-

Wortmannin 

U0126-

Wortmannin 

P-Value 

Linear regression  

(2 explanatory variables) 

0.8418 0.7453 0.7480 - 

Linear regression 

(1 explanatory variables) 

0.8233 0.7202 0.7152 0.0003 

Linear regression  

(2 explanatory variables 

plus interaction term) 

0.8415 0.7447 0.7476 0.9449 

Quantile regression  

(0.5 quantile) 

0.8415 0.7451 0.7475 0.9867 

Quantile regression  

(0.35 quantile) 

0.8418 0.7453 0.7473 0.9963 

Regression tree 0.8294 0.7212 0.7167 0.0183 

 

 

4.4.3 Characteristics of promoters that do not follow the linear trend 

 

Although our findings suggest that a linear model is sufficient for describing the 

transcriptional effects of combinatorial drug treatment at the genome-wide level, not all 

promoters were well described by the linear combination of the individual drugs involved. 

To identify the promoters that were not described efficiently by the linear regression 

function, we examined the distribution of residuals. We selected all the promoters, which 

fell further than two standard deviations away from what would have been expected and 

compared to the set of differentially expressed ones. Only 293 out of 3,256 significantly 

altered promoters after the Gefitinib-U0126 combinatorial drug treatment only remains 

unexplained by the linear model. The overlap of the non-linearly described promoters 
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among the three different combinatorial treatments was small, with only 58 promoters in 

common. 

To gain further insight into this group of promoters and investigate whether there 

is any distinct pattern that characterizes them, we performed a multiple step analysis. 

Accordingly, we identified conserved transcription factor DNA binding sites (TFBSs) in 

the promoter regions. Overrepresented motifs in non-linearly described promoters for 

every combinatorial treatment were identified using the Binomial test. Several motifs 

overrepresented in promoters not described by the linear model were common to all drug 

combinations, and are listed in Table 4-4. 

 

Table 4-4: Common motifs overrepresented in the non-linearly described promoters. For every drug 

combination the odds ratios and p-values after BH adjustment are reported. Odds ratio is the observed ratio 

divided by the background ratio. 

Motifs Gefitinib_U0126 Gefitinib_Wortmannin U0126_Wortmannin 
 

Odds ratio P-value Odds ratio P-value Odds ratio P-value 

EVI1 2.53 6.91e-03 3.04 2.59e-04 2.35 2.02e-02 

FOXP1 1.98 1.41e-09 2.03 6.76e-10 1.98 1.02e-08 

PITX1..3 2.23 1.03e-03 1.76 4.19e-02 2.02 1.05e-02 

ZBTB16 2.54 1.03e-03 2.57 1.21e-03 2.45 3.92e-03 

 

The non-linearly explained promoters were further subjected to Gene Ontology 

[96] enrichment analysis. In the Molecular Function ontology, these promoters were highly 

enriched with "RNA polymerase II transcription factor activity" and "nucleic acid binding 

transcription factor activity" terms, suggesting that transcription factors are abundant 

among the promoters that do not behave linearly (Figure 4.5).  
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Figure 4.5: Gene Ontology enrichment analysis for the non-linearly described promoters. Molecular 

Function enrichment analysis visualized as an MDS plot, using REVIGO software (Allowed 

similarity=0.7) in (A) Gefitinib-U0126 (B) Gefitinib-Wortmannin and (C) U0126-Wortmannin 

combinatorial drug treatments. Clusters of circles represent terms that are closely related. Circle color 

indicates the log10 p-value of the enrichment test while circle size indicates the frequency of the GO term 

in the Uniprot database. 

 

4.4.4 Different drugs alter the expression of different promoters of the 

same gene 

 

We also focused on the impact of combinatorial treatment at the gene level. We 

identified several cases where the drug treatments alone or in combinations significantly 

B A 

C 
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alter the expression of different promoter elements of the same gene. Looking more closely 

at these cases we noted several examples where the different drugs in the combinations 

modify the expression of different promoters. 

An example is the FAM110A gene, an uncharacterized protein-coding gene mainly 

expressed in blood cells, which had two different promoters upregulated by Gefitinib-

Wortmannin combinatorial treatment (Figure 4.6A). These two promoters are widely 

separated (10875 bp) and have a completely different set of transcription factor binding 

sites (Figure 4.6B). The first promoter (p1@FAM110A) was upregulated mainly because 

of the effect of Wortmannin and to a lesser extent because of Gefitinib. On the other hand, 

Wortmannin did not change the expression of the other promoter (p3@FAM110A), which 

was upregulated by Gefitinib treatment only. The same pattern was observed in U0126-

Wortmannin combinatorial treatment (Figure 4.6C). Wortmannin again played the 

dominant role in the upregulation of p1@FAM110A but had no effect on the expression of 

p3@FAM110A. In contrast, U0126 clearly upregulated the p3@FAM110A promoter in 

the U0126-Wortmannin combination.  
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Figure 4.6: Distinct effects of single and combinatorial therapy on different promoter elements of the 

same gene. A) Bar plots show the expression of promoters p1 (right panel) and p3 (left panel) of 

FAM110A gene, in the control condition, after single (Gefitinib, Wortmannin) and combinatorial 

(Gefitinib-Wortmannin) drug treatment. B) Zenbu Genome browser view of CAGE promoters p1 and 

p3. These two promoters are distantly located and have completely different sets of transcription factor 

binding sites (noted in brackets). Bar-plots show the expression of promoters p1 (right panel) and p3 

(left panel) of FAM110A gene, in the control condition, after single (U0126, Wortmannin) and 
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combinatorial (U0126-Wortmannin) drug treatment. Above each bar, the p-value of the differential 

expression analysis of the corresponding treatment is reported. Asterisks indicate the statistical 

significant upregulated therapies after FDR correction. 

 

4.4.5 Quantifying enhancer expression after single and combinatorial 

treatment  

 

CAGE identifies transcribed enhancers at high nucleotide resolution by detecting 

bidirectionally transcribed enhancer RNAs (eRNAs) [26], having an almost balanced 

transcription on both strands and being consistent with nucleosome borders. In contrast to 

promoters, in the initial enhancer dataset (37,166 enhancers) the Pearson correlation among 

triplicates was lower (mean=0.49), probably due to their much lower level of expression. 

For the filtering of the low expressed enhancers, we kept only enhancers expressed 

more than five counts in at least twelve samples. We normalized the enhancer expression 

considering the compositional biases and the different library sizes (RLE normalization 

[79]). The resulting enhancer set consisted of 1028 enhancers with mean Pearson 

correlation among replicates increased to 0.74. As shown in Figure 4.7 the different drug 

conditions and samples after filtering can be separated in the first two principal 

components. This observation suggests not only that the drug treatment modifies enhancer 

expression but also that different drug agents have a distinct impact. 
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Figure 4.7: PCA plot of enhancer activities. Colors represent different treatments individually or in 

combination, with squares indicating control (DMSO) treatment, circles indicating individual drug 

treatment and triangles indicating combinatorial treatment. 

 

4.4.6 Enhancer activity is efficiently described by a multiple linear 

regression model  

 

Having observed that the treatment alters enhancer expression, we further explored 

whether enhancer expression in drug combinations can be modeled using individual 

profiles. Thus, we performed the multivariable linear regression analysis also in the 

enhancer dataset. Table 4-5 demonstrates the performance of the linear regression model 
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after ten-fold cross validation in all the three drug combinations. Notably, there is clear 

evidence that single drug therapy can be used to explain the combinatorial treatment in 

enhancers. 

 

Table 4-5: Performance of linear regression analysis, applied in all the enhancers. The values shown in the 

table are the mean performance after ten-fold cross validation. 

 1028 enhancers MAE Pearson correlation Spearman correlation 

Gefitinib_U0126 0.3168 0.6900 0.6933 

Gefitinib_Wortmannin 0.3150 0.6045 0.5722 

U0126_Wortmannin 0.2920 0.6244 0.6119 

 

Permutations tests validated the statistical significance of the results and verified 

the contribution of both single-drug profiles in the regression model (Figure 4.8). None of 

the permutated profiles achieved as high Pearson correlation coefficient as the one obtained 

by the regression model with non-permuted profiles (p-value< 2.2e-16) for all drug 

combinations. The distributions of the permutations, as well as the coefficient of the 

regression function, confirmed the dominance of one drug in the description of 

combinatorial expression again. The dominant drug was the same in promoters and 

enhancers in all combinations.  
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Figure 4.8: Permutation tests for enhancers. Density plots of the Pearson correlation coefficients between 

observed and predicted values after the permutations of individual profiles for (A) Gefitinib_U0126, (B) 

Gefitinib_Wortmannin, and (C) U0126_Wortmannin drug combinations in enhancers. The Pearson 

correlation coefficient achieved without permutation is also reported. 

A 

B 

C 
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The lower performance of the linear regression in enhancers compared to promoters 

can be attributed to the appreciably lower expression and higher noise level of eRNAs, as 

shown by randomly sampling promoters with similar transcriptional intensity as the 

enhancers and re-applying linear regression for the three drug pairs (Figure 4.9). 

 

   

Figure 4.9: Performance of low expressed promoters. We sampled 1028 low expressed promoter 10000 

times, and applied linear regression for the three drug pairs. The density plots of the Pearson correlation 

between observed and estimated combinatorial response which we obtained after down sampling of 

promoters are presented in A) for Gefitinib-U0126, B) Gefitinib-Wortmannin and C) U0126-Wortmannin 

drug pairs. The results suggest that the lower performance of the linear regression in enhancers compared to 

promoters can be attributed to the appreciably lower expression of eRNAs since the performance of the low 

expressed promoters decreased to almost the same levels as the performance in enhancers. 

 

The samples of our study are too few to infer reliable functional promoter-enhancer 

pairs based on these samples alone. However, we identified several candidate functional 

pairs that were highly correlated across the samples of our study and also correlated across 

all the FANTOM5 phase 1 samples (Table 4-6).   

 

A B C 
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Table 4-6: Candidate functional enhancer-promoter pairs. Enhancer and promoter pairs which are located 

within 500 kb of each other and have Pearson correlation (log2CPM values) greater than 0.5 across the 

samples of our study (21 different samples). These eleven pairs also have Pearson correlation greater than 

0.5 across all the FANTOM5 phase 1 samples. 

Enhancer Promoter Correlation in our samples Correlation in f5 samples 

chr1:151485676-151485841 p1@CGN 0.530208 0.590527 

chr10:98032542-98032692 p1@BLNK 0.701042 0.598473 

chr11:85463912-85464270 p1@SYTL2 0.593274 0.516982 

chr12:69036661-69037118 p1@ENST00000414313 0.903059 0.849396 

chr12:7592182-7592797 p1@ENST00000538078 0.790416 0.948344 

chr14:61969529-61970113 p1@PRKCH 0.595925 0.71889 

chr19:13262107-13262928 p1@S69623 0.665645 0.622801 

chr20:5589880-5590681 p1@GPCPD1 0.596857 0.627143 

chr5:172192263-172193766 p1@DUSP1 0.572354 0.773816 

chr8:126525260-126525748 p1@TRIB1 0.514582 0.677793 

chr9:68455261-68455556 p2@ENST00000376334 0.852421 0.789771 

 

4.5 Discussion 

 

Although prioritizing effective drug combinations has been the subject of extensive 

studies, the effects of drug combinations on the transcriptional activity of enhancers and 

promoters have not yet been investigated. We analyzed the pairwise combined impact of 

Gefitinib, U0126, and Wortmannin on human breast cancer MCF-7 cells using single-

molecule CAGE technology. We showed that promoter and enhancer expression under 

combinatorial treatment can be efficiently explained by a linear regression model using as 

input single drug profiles. Our discovery facilitates the approximate control of the 

transcriptional response to multidrug therapies and may minimizes the need for exhaustive 

screens. We further investigated the role and the properties of the promoters that do not 

support the general linear trend. Finally, we discovered several instances where the 
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individual drugs or their combination significantly alter the expression of different 

promoter elements of the same gene. 

Current approaches in combinatorial drug prediction have two main limitations: (i) 

they utilize microarray expression profiling and therefore focus only on gene expression, 

and have a lower dynamic range in comparison to using a sequencing based approach; (ii) 

they consider only a small set of either the significantly altered genes by the individual 

inhibitors or the genes located downstream of the target pathways. Thus such methods fail 

to capture the complicated action of drug combinations in the entire transcriptome. In 

contrast, (i) our analysis is the first to study the effect of drug combinations on promoter 

as well as enhancer expression by taking advantage of CAGE profiling; (ii) We model the 

transcriptional relationship for drug combinations on a genome-wide scale. Consequently, 

we manage to describe with high accuracy the transcriptome response at promoters and 

enhancers, without prior knowledge of drug targets and pathways. 

The results show that the linear regression approach achieves quite a high 

performance in promoters. The Pearson correlation between the fitted and observed values 

reaches 0.84 for the Gefitinib-U0126 drug combination on a genome-wide scale, 

suggesting that a linear model can efficiently explain the combined drug action. This 

finding is in agreement with previous studies about protein dynamics[72] and RNAi 

screenings [73]. In enhancers, even though the correlations are lower than in promoters, 

we see strong evidence that drug combinations can be modeled as a linear relationship of 

individual responses. The lower performance of the linear regression in enhancers 

compared to promoters can be attributed to the appreciably lower expressed eRNAs. For 

the two drug pairs including Wortmannin as one component, the Pearson correlations 
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between fitted and observed values decreased in promoters as well as enhancers compared 

to the combination without this drug (Gefitinib-U0126). In line with this, it was shown in 

a previous protein dynamics study [72] that drug pairs that involve Wortmannin showed 

dynamics that were less efficiently described as a weighted sum of the single-drug 

dynamics than combinations not involving Wortmannin. We speculate that this also applies 

in the transcriptional response, further studies using larger panels of drugs will be needed 

to assess whether this is a general characteristic of drug combinations involving this drug. 

Although our findings suggest that a linear model is sufficient for describing the 

transcriptional effects of combinatorial drug treatment with high accuracy at the genome 

wide level, not all promoters were well described by a linear combination of the individual 

drugs involved. Interestingly, additional analysis of promoters not following the linear 

pattern showed that these promoters are likely to belong to transcription factors and that 

their genomic regions are enriched for binding sites recognized by specific transcription 

factors. These findings may indicate that the promoters of transcription factors, as well as 

the targets of a subset of transcription factors, are less likely to behave in a linear, additive 

way than the promoter set as a whole. 

To generalize the approach described here, future studies may explore additional 

drug combinations. In our experimental settings the total drug concentration in the 

combinatorial therapy is twice that of the individual treatments and the entire duration of 

compound therapy is six hours. A further analysis can be extended to include various drug 

concentrations, several time points, and different cell lines. Future work may also examine 

whether the linear relationship carries over combinations with three or four different drug 

agents. The integration of this information will lead to a more extensive understanding of 
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the joint action of drugs and will enable the construction of more reliable and robust models 

for the quantitative analysis of combinatorial drug treatment. The report presented here 

sheds light on studying the combinatorial drug effects at the promoter and enhancer level. 
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  Drug induced cell conversion 
 

5.1 Regenerative Medicine 

 

Most multicellular organisms like humans demonstrate very little reversibility of 

cellular identity after completing embryogenesis. Once a mammalian cell has progressed 

through its natural developmental transitions, it's final, and specialized state is 

characterized by a loss of self-renewal and unavoidable senescence. Adult mammals are 

unable to regenerate anatomically correct organ systems after significant damage or loss, 

indicating that cellular identities are largely stable. Even in the few mammalian organs with 

high rates of cell turnover, such as blood system, and skin, the range of possible cell fates 

is rigidly restricted to those cellular identities comprising the specific tissue [97]. 

Regenerative medicine is the branch of translational science that deals with the 

replacement of tissues or organs that have been damaged by disease, injuries, or congenital 

issues. The field of regenerative medicine was revived in 1998 with the first derivation of 

human embryonic stem (ES) cells [98]. These pluripotent cells can differentiate into any 

cell in the human body, suggesting revolutionary approaches to treat human disease. 

However, ES cells could only be removed from growing embryos, resulting in ethical 

concerns. 

Although the cell development leads unidirectionally toward more restricted cell 

fates, recent work in cellular reprogramming proved that one cellular identity could convert 

into another [99]. The field of cell conversion has promising countless applications in 

biomedical research and regenerative medicine paving the way for treating diseases with 

patient-derived stem cells. The reprogrammed cells could be used for treating numerous 
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genetic and degenerative disorders. Among them, age-related functional defects, 

hematopoietic and immune system disorders, heart failures, chronic liver injuries, diabetes, 

Parkinson’s and Alzheimer’s diseases, as well as aggressive and recurrent cancers could 

be successfully treated by stem cell-based therapies [100][101][102]. The reprogrammed 

pluripotent cells can be a perfect genetic match since they would not be rejected by the 

donor's immune system. Most importantly, there is no embryo created, destroyed, 

damaged, or used in any way at any point in the process [103]. The use of cell conversion 

research in disease modeling and drug testing has already started, and the expectations for 

cellular therapies are becoming realistic [97]. 

 

5.2 Cell conversion 

 

Cells are dynamical entities. They shift their phenotype during development in an 

almost discontinuous manner, giving rise to discrete developmental stages, such as 

progenitors, discrete lineages, and terminally differentiated types. This pattern of cell 

dynamics during development was first noted by Conrad Waddington in the 1940s, before 

the recognition of DNA as the molecular basis of heredity. Waddington proposed the 

famous metaphor of the epigenetic landscape to describe the terrain of developmental 

choices negotiated by the maturing embryo [104]. In this three-dimensional illustration, a 

ball rolls down a surface, staying in valleys and seeking the lowest point (Figure 5.1A). In 

Waddington’s picture, the ball represents a developing cell in an embryo, and the landscape 

symbolizes some more abstract set of constraints, thus clearly denoting the notions of 

stability and instability in the embryonic development. 
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Figure 5.1: The prototype and evolved Waddington landscape. A) The prototype picture of Waddington 

epigenetic landscape [104] .B) The evolved Waddington landscape model in normal development, during 

pluripotent reprogramming, and trans-differentiation. [105]. 

 

The early embryo cells have the potential to differentiate into all mature cell types 

in the body, while the individual lineages gradually lose their potency as they progress 

down their differentiation pathway. However, in 1962, John Gurdon reported the first 

example of cellular reprogramming by cloning a frog through somatic cell nuclear transfer, 

remodeling the perception that cell fate is one-directional [106]. More recently, cellular 

reprogramming of differentiated mature cells into induced pluripotent stem cells (iPSCs) 

with the recruitment of specific transcription factors further challenged the 

unidirectionality of the developmental differentiation [99]. Returning to Waddington's 

landscape, these findings can be viewed as the ball traveling upwards (Figure 5.1B). 

Reprogramming aims to return differentiated cells back to pluripotency. From 

there, they can differentiate into almost any cell type. Another route in generating cells of 

a different cell type is transdifferentiation. The concept of lineage conversion is not new, 

A B 



67 

 

 

 

already in 1987, Lassar et al. showed that the introduction of just the MyoD gene converts 

fibroblasts into myoblasts [107]. Instead of using transcription factors important in 

maintaining pluripotency, lineage-specific transcription factors are introduced into the cell. 

To date, there are two distinct transdifferentiation strategies: direct transdifferentiation 

bypassing pluripotency mediated by lineage-specific factors, and indirect 

transdifferentiation, which relies on curtailed reprogramming followed by lineage-specific 

differentiation. In this study, we use the term cell conversion to describe both cell 

reprogramming and transdifferentiation. 

 

5.3 Cell reprogramming techniques 

 

Stem cells can produce either identical cells (self-renewal) or evolve into 

specialized cells that make up a particular tissue (differentiation). For instance, skin stem 

cells can differentiate to produce the specialized cells of the skin; blood stem cells can 

generate the specialized cells of the blood. Differentiation from a stem cell to a fully 

specialized cell involves many stages of development. When a cell has gone far enough to 

its differentiation pathway, it becomes committed to developing into a cell of a particular 

tissue, and eventually into a specialized cell, with a very distinct set of features. Once it 

has specialized, the cell will no longer change into any other cell while it is kept in its 

normal environment. 

It was long believed that cell conversion is unidirectional: stem cells could 

differentiate into specialized cells, but the reverse was not plausible. However, several 

breakthrough studies in the field of cellular reprogramming collectively indicated the 
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plasticity of adult cells, and that it was possible to return a differentiated cell to an 

embryonic state. In figure 5.2, we can see the main techniques to induce pluripotency. 

 

 

Figure 5.2: Different ways of cell reprogramming: Reprogramming by somatic cell nuclear transfer, cell 

fusion-mediated reprogramming, transcription factor mediated reprogramming and small molecule-

mediated reprogramming [105]. 

 

In 1962, John Gurdon inserted the nucleus of a specialized cell from an adult frog 

into an enucleated oocyte, resulting in the formation of a tadpole [106]. The basic technique 

of nuclear transfer involves a somatic donor cell and an unfertilized, enucleated oocyte. 
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The nuclear DNA from the somatic cells is transplanted into the enucleated oocyte leading 

to the union of both components. Using the same strategy, Wilmurt et al. in 1997 produced 

a somatic cell nuclear transfer (SCNT) experiment by transplanting the nuclei of epithelial 

cells into enucleated oocytes and created the sheep Dolly [108]. Although the SNCT is a 

very fast reprogramming technique, it is an inefficient process with the majority of studies 

reporting between 0.5 - 5% success. Loss of fetuses and offsprings occur throughout 

gestation, before and after birth, and numerous developmental abnormalities are reported. 

The reasons for these abnormalities are still unknown and may reflect the incomplete or 

inappropriate reprogramming [109]. Ethical considerations and technical challenges have 

stopped the application of SCNT technique in humans. 

An alternative approach to reprogram somatic cells involves the cell-fusion 

between somatic and pluripotent embryonic stem cells. In 1983, Blau et al. performed a 

cell fusion experiment where diploid human amniocytes were fused with differentiated 

mouse muscle cells to derive heterokaryons expressing human muscle genes [110]. 

Although fusion-induced reprogramming is a very efficient process, and the hybrid cells 

present pluripotent characteristics, this technique lacks any therapeutic potentials. The 

reprogrammed cells consist of tetraploid genetic material from both the somatic cell and 

the embryonic stem cell used. Currently, no technique has been devised to remove the 

embryonic stem cell chromosomal components which limit the real-time application of this 

technique [111]. 

A milestone publication by Yamanaka redefined the field of stem cell biology in 

2006. For the first time, adult fully differentiated somatic cells (mouse fibroblasts) were 

reprogrammed to the pluripotent stages using four transcription factors, Oct3/4, Sox2, c-
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Myc, and Klf4 (OSKM) [99]. Soon after this discovery, human fibroblasts were 

reprogrammed into induced pluripotent stem cells (iPSCs) by overexpressing OSKM 

factors [112], or OCT4, SOX2, NANOG and LIN28 (OSNL) [113]. iPSC reprogramming 

induces a stochastic and nonspecific reprogramming process and is, therefore, less efficient 

and slower than SCNT and cell fusion. A key characteristic of transcription factor-induced 

reprogramming to pluripotency is that the process is ineffective and time-consuming, with 

only a few cells that express the reprogramming factors progressing eventually to the 

pluripotent state [114].  

iPSCs raise serious concerns about their safety for clinical applications. Most iPSC 

derivation techniques employ virus-mediated gene delivery, which results in genomic 

integration of viral transgenes into the cell genome [115]. Furthermore, the enforced 

expression of oncogenes c-Myc and Klf4 increases the risk of tumorigenesis into the 

derived cells [116]. Retention of epigenetic memory in iPSCs is another limitation since 

transcription analysis showed persistent donor cell gene expression in reprogrammed cells 

[117].  

Recently, many efforts emphasize on reprogramming cell fates by non-viral and 

non-integrating chemical approaches. Small molecules that target specific signaling 

pathways and cellular processes are considered powerful tools for driving cell fate to the 

desired outcome. Several chemicals have recently been proposed to either enhance 

reprogramming efficiency [118] or substitute for specific reprogramming factors [119], 

[120]. To date, a numerous of cell types, including neurons [121], cardiomyocytes [122], 

hepatocytes [123], pancreatic cells [124], etc., can be generated from fully differentiated 

cells with the treatment of small molecule compounds. 
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Chemical compounds offer numerous advantages and provide a powerful approach 

to overcome the limitations of transcription factor-induced reprogramming. They are 

readily accessible to the cells, non-immunogenic, cost-effective, and can be easily 

manipulated in vitro and in vivo. The biological effects of small molecules are reversible 

and dose-dependent. Their efficiency can be improved by fine-tuning their structure, 

concentration, and combinations allowing precise control over specific outcomes. 

Moreover, the almost unlimited structural and functional diversity endowed by synthetic 

chemistry provides small molecules with unbounded potentials to precisely control 

molecular interactions. Most importantly, chemical reprogramming is a leading light to the 

direction of in situ regeneration therapeutic interventions [125].  

However, small molecules have their own disadvantages. Like transcription factor 

reprogramming, manipulation of cell fate using small molecules progresses in a stepwise 

manner, which makes the overall process slow [105]. Most chemical compounds have 

more than one target. Therefore, the nonspecific actions of small-molecules present a 

challenge for using them and interpreting their effects. Furthermore, toxicity and other side 

effects in vivo may interfere with the clinical application of small molecules. Despite that, 

the potential of small molecules to advance the field of stem cell research and regenerative 

medicine is beyond a shadow of a doubt [126]. 

 

5.4 Reprogramming cell fates by small molecules 

 

Histone deacetylase inhibitors (HDAC) and DNA methyltransferase inhibitors 

(DNMT) are the earliest discovered compounds that facilitate the generation of iPSCs 
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[118]. After that, several dozens of compounds have been reported to facilitate factor-

mediated somatic cell reprogramming, or replace one or several reprogramming factors. In 

2010, the combination of chemical compounds and a single transcription factor Oct4 was 

found to be sufficient to reprogram somatic cells into iPSCs [127]. In 2013 Hou et al. 

demonstrated the first chemically induced pluripotent stem cells (CiPSCs) by mouse 

fibroblasts, using a cocktail of seven small molecules [128]. This method achieved an 

efficiency of 0.2%, which is higher than Yamanaka’s iPSC protocol (0.01%–0.1%). In 

2014, Cheng et al. reported first the generation of full chemically-induced neural progenitor 

cells (ciNPCs) from mouse fibroblasts and human urinary cells by a cocktail of three small 

molecules and hypoxia [129].  

The above studies provide proof of principle for the chemical reprogramming with 

a potential application in producing functionally desirable cell types eligible for cell-based 

therapies. Although not reported to date, it is well-reasoned to expect the generation of 

human ciPSCs soon. Many small molecules that have been used so far to induce 

reprogramming or transdifferentiation can be classified as epigenetic modulators, 

modifiers of cell signaling and apoptosis, moderators of cell senescence, and modulators 

of metabolism [125]. In figure 5.3, we can see a schematic representation of the underlying 

mechanisms of chemical manipulation in cell reprogramming. 

A typical cocktail used for chemical cell conversion usually contains three distinct 

parts [130]: Firstly, epigenetic modulators to tackle the epigenetic barriers between 

different types of cells are used. Chemicals that suppress the characteristics of the starting 

cells are necessary for the second stage. Thirdly, compounds that induce the characteristics 

of the target cell types are applied. 
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Figure 5.3: Chemically induced reprogramming. Epigenetic modulators modify the chromatin structure 

and make it more permissive to changes in the epigenome during reprogramming. Small molecules that 

target signaling pathways can alter the expression of target genes and, eventually, manipulate cell fate. 

Other chemical effects on metabolism or cytoskeleton, can also drive cell fate into the desired outcome 

[126]. 

 

Although the concept that chemical combinations are sufficient to manipulate 

somatic cell fate has been proven, the exact mechanism remains elusive. For each type of 

somatic cells, the core reprogramming chemicals also need to be identified. Methods for 

detecting small molecule candidates include either the exhaustive screening of drug 

libraries or knowledge-based application of drugs that are known to modulate specific 

pathways important for the desired cell phenotype. It is interesting to mention here that 

Hou et al. discovered that forskolin could enhance reprogramming after screening 10,000 
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drugs inside the lab [128]. Given the structural and functional range of small molecules, 

the unlimited number of combinations, and the amount of unique cell types in humans, the 

search space is becoming enormous and trial and error lab approaches cannot scale.  

To date, there is no computational approach that prioritizes or suggests chemical 

compounds eligible for cell conversion. A systematic method that can predict such drugs 

for any pair of cell types would significantly speed up the research in this field. Therefore 

our efforts focus on developing a computational framework that allows the automatic 

identification of small molecules facilitating cell conversion between any cell types based 

on the in silico analysis of available transcriptomic data.   

 

5.5 Review of chemically enhanced cell conversions 

 

As a first step for our analysis, we decided to perform a literature review of human 

cell conversions that have been achieved using small molecules either alone or along with 

transcription factors. Since no computational method predicts drugs that can be used for 

cell conversion, being aware of lab evaluated cell conversions, it could give us an 

estimation of how difficult is the problem, how we are going to proceed our analysis, what 

we can expect from a computational approach and set up our objectives.  

In table 5-1, we can see all the chemically induced or enhanced cell conversions 

until now. As we can notice, numerous cell types, including stem cells, neurons, 

cardiomyocytes, hepatocytes, and pancreatic cells, can be generated from fully 

differentiated cells with the treatment of small molecule compounds. In most of the cases, 

fibroblasts are used as a starting point. One major reason is the high availability of 
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fibroblasts, which can be easily isolated from skin biopsies. Also, fibroblasts are easily 

cultured and expanded [131]. 

 

Table 5-1: Chemically induced or enhanced cell conversions. We provide the source and target cell type, 

the small molecules the transcription factors used, and the reference study. 

Source Cell Target Cell Small Molecules TFs Reference 

skin 

fibroblasts 

neurons CHIR99021, SB431542, LDN193189 Ascl1, Ngn2,  

noggin  

[132] 

lung 

fibroblasts 

cholinergic neurons Forskolin, Dorsomorphin Ngn2 [133] 

skin 
fibroblasts 

cholinergic neurons Forskolin, Dorsomorphin Ngn2, SOX11,  
FGF2 

[133] 

lung 

fibroblasts 

neurons Forskolin, Dorsomorphin NEUROG2 [134] 

skin 

fibroblasts 

neurons Forskolin, Dorsomorphin NEUROG2, SOX4 [134] 

postnatal 

fibroblasts 

multipotent neural 

crest 

5-Aza,VPA,CHIR99021 or BMP4 SOX10 [135] 

dermal 

fibroblasts 

neural stem cells A83-01, CHIR99021, NaB, LPA, rolipram, 

SP600125 

OCT4 [136] 

peripheral 

blood 

neural stem cells SB431542, LDN193189, Noggin, CHIR99021  OCT4 [137] 

urinary cells neural stem cells  VPA, CHIR99021,  Repsox - [129] 

foreskin 

fibroblasts 

neural stem cells 5-Aza - [138] 

foreskin 

fibroblasts 

neurons VPA, Repsox, CHIR99021, Forskolin, 

SP600125, Go-6983,Y-27632 

- [139]  

fibroblasts  neurons SB431542, CHIR99021, Forskolin, Pifithrin-a, 
LDN193189, PD0325901 

- [140] 

astrocytes  neurons SB431542, CHIR99021, VPA, LDN193189, 

DAPT, thiazovivin, TTNPB, SAG,Purmo 

- [141] 

skin 
fibroblasts 

insulin-secreting 
cells 

5-aza-CR - [142] 

skin 

fibroblasts 

insulin-secreting 

cells 

Nicotinamide, Exendinn-4 - [143] 

HepG2 cells pancreatic cells CCl4 or d-Galactosamine or ZnCl2 - [144] 

white 
adipocytes 

brown  adipocytes triiodothyronine - [145] 

white 

adipocytes 

brown  adipocytes R406, Tofacitinib - [146] 

foreskin 

fibroblasts 

endothelial cells Poly(I:C) - [147] 

granulosa cell muscle cells 5-Aza,VEGF  - [148] 

NHEKs pluripotent stem cell CHIR99021, Parnate Oct4, Klf4 [149] 

dermal 

fibroblasts 

pluripotent stem 

cells 

VPA Oct4, Sox2 [150] 

skin 

fibroblasts 

pluripotent stem 

cells 

SB431542,PD0325901,thiazovivin Oct4, Sox2, Klf4, 

c-Myc 

[151] 

foreskin 

fibroblasts 

pluripotent stem 

cells 

8-Br-cAMP or 8-Br-cAMP and VPA Oct4, Sox2, Klf4, 

c-Myc 

[152] 

skin 

fibroblasts 

pluripotent stem 

cells 

Vitamin C Oct4, Sox2, Klf4, 

c-Myc 

[153] 
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HUVECs pluripotent stem 
cells 

Fructose 2,6-bisphosphate or 2,4-dinitrophenol 
or N-oxaloylglycine or Quercetin or 2-

Hydroxyglutaric acid or nicotinic acid 

Oct4, Sox2,  Klf4, 
c-Myc 

[154] 

NHEKs pluripotent stem 

cells 

NaB, PS48, A-83-01, PD0325901 Oct4 [154] 

AHEKs pluripotent stem 

cells 

NaB, PS48, A-83-01, PD0325901, Parnate, 

CHIR99021 

Oct4 [154] 

HUVECs pluripotent stem 

cells 

NaB, PS48, A-83-01, PD0325901, Parnate, 

CHIR99021 

Oct4 [154] 

AFDCs pluripotent stem 

cells 

NaB, PS48, A-83-01, PD0325901, Parnate, 

CHIR99021 

Oct4 [154] 

dermal 

fibroblasts  

multilineage blood 

progenitors 

IGFII, bFGF, FLT3LGL,SCF Oct4 [155] 

lung 

fibroblasts 

pluripotent stem 

cells 

NaB Oct4, Sox2, Klf4 or 

c-Myc 

[156] 

foreskin 

fibroblasts 

pluripotent stem 

cells 

RSC133 Oct4, Sox2, Klf4,c-

Myc 

[157] 

HUVECs pluripotent stem 

cells 

lithium, A83-01, NaB, PS48,CHIR, 

PD0325901 

Oct4 or Oct4, Sox2 [158] 

dermal 

fibroblasts 

pluripotent stem 

cells 

SAHA-PIP Sox2, Klf4, c-Myc [159] 

dermal 

fibroblasts 

pluripotent stem 

cells 

EPZ004777 Oct4, Sox2, Klf4, 

c-Myc 

[160] 

foreskin 
fibroblast 

cardiomyocyte cells CHIR99021, A83-01, BIX01294, AS8351, 
SC1, Y27632, OAC2,SU16F, JNJ10198409 

- [161] 

MSCs neurons RG108, trichostatin A, 8-BrcAMP, rolipram, 

dorsomorphin, SB431542 

- [162] 

ADSCs neurons bFGF, forskolin - [163] 

ADSCs neurons valproic acid, butylated hydroxyanisole, 

insulin,hydrocortisone 

- [164] 

PLAs neural stem cells isobutylmethylxanthine, indomethacin, insulin - [165] 

foreskin 
fibroblasts 

pluripotentstem cells N-acetyl-cysteine (NAC) or vitamin C (Vc) Oct4, Sox2, Klf4, 
c-Myc 

[166] 

Skeletal 

Myoblasts  

pluripotent stem 

cells 

NaB, SB431542  Oct4, Sox2, Klf4,c-

Myc 

 [167] 

fibroblasts hepatocytes A-83-01, CHIR99021 HNF4A, HNF1A, 
FOXA3 

[123] 

pancreatic α 

cells 

pancreatic β cell artemether - [168] 

epithelial cells endodermal 
progenitors  

Bay K 8644, Bix01294, SB431542, RG108 - [169] 

foreskin  

fibroblasts 

pancreatic 

endodermal 
progenitors 

CHIR99021, NaB, Parnate, RG108, 5’-N-

ethylcarboxamidoadenosine, Compound E, 
Vitamin C, Bayk8644 

- [124] 

 hESCs   (pNSCs) hLIF, CHIR99021, SB431542 - [170] 

fibroblasts astrocytes  VPA, CHIR99021, SB-431542, 

Tranylcypromine ,OAC1 , CNTF 

- [171] 

fibroblasts iMPC-Heps CHIR99021, DLPC, NaB, Parnate, RG108, A-

83-01, BMP4, dexamethasone, oncostatin, 
Compound E 

Oct4, Sox2, Klf4 [172] 

dermal 

fibroblasts 

skeletal muscle cells reversine - [173] 

dermal 

fibroblasts 

 MSCs  SP600125, SB202190, Go6983, Y-27632, 

PD0325901, CHIR99021 

- 

 

[174] 

foreskin 

fibroblasts 

myotubes Insulin, LDN-193189, RN-1 MyoD [175] 
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In total, we identified fifty-four cell conversions that have been achieved using 

small molecules. In twenty-nine of them, transcription factors are also used to induce 

reprogramming or transdifferentiation. We have in total twenty-four different cell types 

(including both source and target cell type). Sixteen cell types are included in the 

FANTOM5 library and have been profiled using CAGE. For the chemically induced cell 

conversions, seventy-one different small molecules are employed, and twenty-four of them 

have an available transcriptional profile in LINCS. Unfortunately, most of the small 

molecules have not been yet profiled, disallowing us to use our literature review as a gold 

standard for our predictions. 
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 Automatic identification of small molecules that promote 

cell conversion 
 

6.1 Introduction 

 

Controlling cell fate has enormous potentials for regenerative medicine [176], drug 

discovery [177], and cell-based therapy [178]. A milestone discovery by Yamanaka 

redefined the field of stem cell biology, who induced pluripotent stem cells (iPSCs) via 

genetic reprogramming of mature somatic cells using four transcription factors (TFs) 

[179][180]. To date, numerous studies have revealed distinct sets of TFs that achieve or 

promote cell reprogramming [181] and transdifferentiation [182][183]. 

iPSC derivation techniques using TFs raise safety concerns involving undesired 

genetic modifications by genomic integration of viral transgenes [115] and the enforced 

expression of oncogenes, which may lead to tumorigenicity [116]. Furthermore, these 

methods usually suffer from low efficacy due to epigenetic barriers that need to be 

overcome for complete conversion [184]. 

Optimizing the reprogramming system using non-integrating vectors such as small 

molecules is a promising strategy which has the potential to eliminate many of the 

drawbacks of TF based approaches. The biological effects of small molecules are typically 

rapid, dose-dependent and reversible with low or no risk of tumor induction [185], 

shedding light upon the direction of in situ regeneration therapeutic interventions [125]. 

Recently, several methods relying fully or partially on treatment with small compounds 

have emerged [186]. Many of them use fibroblasts as the starting point, trans-differentiated 

towards pluripotency [127][187] or more specialized cell types including neurons [132], 
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endothelial cells [147], pancreatic like cells [124], cardiomyocytes [161] and hepatocytes 

[188]. Other conversions assisted by small molecule treatment include pancreatic alpha 

cells to beta-like cells [168], gastric epithelial cells to endodermal progenitors[169], and 

astrocytes to neurons [189]. 

Although the above studies provide proof of principle for the chemical 

reprogramming concept, the exact mechanism remains elusive. For each type of somatic 

cells, the core reprogramming chemicals need to be identified. Methods for detecting small 

molecule candidates include either the exhaustive screening of drug libraries followed by 

marker gene readout [190] or knowledge-based application of drugs known to modulate 

specific pathways important for the desired lineage commitment [191]. While these 

methods are promising, they are laborious and do not scale. 

Numerous computational approaches identify transcription factors that assist in cell 

conversions, considering both epigenetic factors and transcription factor activation 

[192][193]. Although the stem cell research has shifted towards the chemical-based 

reprogramming strategies, no computational framework exist for predicting and 

prioritizing small molecules eligible for cell conversion. CellFateScout, a bioinformatics 

tool, was reported, which suggests small molecules triggering a given cell signature [194]. 

However, the method has not been experimentally validated and relies on the outdated 

second release of the CMAP database. What is needed are systematic methods that are 

unbiased, not relying on previous knowledge of relevant pathways, avoid exhaustive 

screening of compounds that can handle large numbers of cell conversions and drug 

candidates. 
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We here present a method that allows the automatic identification of small 

molecules that either alone or in combinations enhance the efficacy of cell conversion. We 

explore genome-wide expression profiles of untreated primary cells and drug- response 

expression profiles to identify small molecules that drive the cell transcriptional program 

towards the desired lineage. We make the results available in a database that when queried 

returns a ranked list of drug suggestions for any given target cell type. 

 

6.2 Results 

 

6.2.1 Approach 

 

A schematic representation of our approach is illustrated in Figure 6.1. Given a 

target cell type, we construct its consensus cell-type-specific profile using FANTOM5 

human primary cell samples [195], the most extensive atlas of gene expression across 

primary human cells [16]. We extract 447 expression profiles corresponding to 145 

different cell types (Methods). We then compare the target cell type profile with drug-

induced transcriptional profiles obtained from LINCS database. LINCS contains 107,404 

expression profiles corresponding to 1,796 different drugs spanning over different cell 

lines, concentrations, and time points, far exceeding any other publicly available resource 

of cellular perturbations[40]. After creating consensus profiles for each drug, we identify 

single drugs or drug combinations whose transcriptional responses are similar to the target 

cell type profile.  
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Figure 6.1: The workflow of the introduced approach. Consensus target cell profiles are constructed 

from the FANTOM5 collection of human primary cell samples. Drug consensus profiles are created 

for each cell line using drug-induced transcriptional profiles obtained from LINCS database. Single 

drugs or drug combinations are then prioritized based on their similarity with the target cell type 

profile. 

 
 

 

6.2.2 Harmonization of expression profiles 

 

The target cell profiles consist of promoter-level expression based on the CAGE 

peaks. On the other hand, drug-response profiles in LINCS were quantified using the 

L1000 platform, which explicitly measures the expression of 978 landmark genes while 

the expression of an additional 11,350 genes is computationally inferred. We converted the 

promoter based profiles from FANTOM5 into genes based profiles by adding the counts 

of all promoters annotated to the same gene. To remove the platform bias and allow for a 

quantitative comparison between target cell type and drug-induced profiles, we 
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subsequently converted genes based profiles from each platform into pathway enrichment 

scores, thus obtaining profiles which can be directly compared using a similarity score or 

regression analysis (Figure 6.2) 

 

 
Figure 6.2: Harmonization of expression profiles. Promoter-based target cell type profiles are 

converted to gene-based profiles. Gene-based profiles for both primary cells and drug-treated cell 

lines are then converted to pathway enrichment scores.  

 

 

6.2.3 Selection of pathway collection 

 

We converted cell-type gene expression profiles to pathway enrichment scores, 

using the Gene Set Enrichment Analysis (GSEA) [196] into 16 different pathway databases 

from the MSigDB [197]. This comprehensive pathway representation of cell types allows 

for the identification of groups of cells that share concordant pathway regulation. We 

defined the distance between cell types in the pathway space as the Manhattan distance of 

the pathway enrichment scores (pathway distance). 
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We then evaluated the different pathway collections in the context of the cell type 

representation. We used the Cell Ontology annotation of samples created by the 

FANTOM5 consortium [92] and computed the Jaccard similarity of ontology ancestors 

between any pair of cell types (ontology distance). Finally, we compared the pairwise cell 

distances obtained by the different pathway collections with the distance of cell types in 

the ontology space (figure 6.3). The C2 collection of Canonical Pathways achieved the 

highest agreement with the ontology cell type classification, capturing more accurately the 

known cell hierarchy, and was chosen as the basis for the Pathway Enrichment Score.  

 

 

Figure 6.3: Spearman correlation between pathway distances and ontology distance for the cell types. 

Pairwise cell similarity obtained by the different pathway collections is evaluated against cell similarity 

obtained by the Cell Ontology annotation. Mantra distance [38] computed on single gene ranks is also 

tested against the ontology distance. 
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6.2.4 Prediction and in silico validation of human IPS cells conversion 

 

To evaluate the utility of our method for identifying small molecules that will 

facilitate cell reprogramming, we performed in silico validation focusing on human 

induced pluripotent stem cells (hIPS) as target cell type. Four gene sets [198] known to be 

upregulated in early/late pluripotency and somatic stages were compiled and individually 

tested for their enrichment in the drug-induced profiles, assigning a pluripotency score (PS) 

to each drug profile. In parallel, we ranked each small molecule based on the Manhattan 

distance between its LINCS profile, and the hIPS target expression profile on the pathway 

space. While no obvious correlation existed in the middle-ranked profiles, top drug profiles 

showed a clear positive trend in pluripotency scores, implying a favorable influence on the 

pluripotency genes (Figure 6.4). Conversely, negative pluripotent scores were associated 

with the bottom-ranked profiles, indicating a biological significance of the assigned 

rankings provided by our approach. 
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Figure 6.4: Single drug prediction - in silico validation of human IPS cells conversion. Boxplots of the PS 

across the ranked drug profiles for the human IPS target profile. Every boxplot contains the same number 

of profiles, and the width is adjusted to the distribution of the Manhattan distances. The loess smoother is 

applied to visualize the relationship between the variables (blue line).   

 

6.2.5 In vitro validation of hiPSCs conversion 

 

Considering only the top-ranked cell profile for every drug, we selected the top 25 

drugs and 20 drugs from the lower half (middle and bottom) of the derived ranking for 

experimental validation. Human inducible fibroblasts-like cells (hiF) [199] were treated 

with the top and middle-bottom drugs, plus the four reprogramming factors in triplicates 

(secondary reprogramming). After 21 days of treatment, TRA-1-60 staining was performed 

and followed by stem cell colony identification and counting. The top-ranked drugs 

performed significantly better than drugs ranked in the middle and bottom, either when 
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considering the number of colonies created or the total area covered by the colonies (Figure 

6.5A). Tazobactam, an antibiotic of the beta-lactamase inhibitor class that ranked among 

the top small molecules and exhibited amplified reprogramming efficiency, was further 

applied in human primary foreskin fibroblasts along with the four reprogramming factors 

(primary reprogramming). Both the number of colonies and the total area covered by the 

colonies confirmed the ability of tazobactam to enhance the Yamanaka iPSC generation 

protocol (Figure 6.5B). 

 

 

 

 

 

Figure 6.5: Single drug prediction - in vitro validation of human IPS cells conversion A) Secondary 

reprogramming-hiFs were treated with the top 25 and 20 middle-bottom drugs plus the four reprogramming 

factors in triplicates. The number of colonies and the total area covered by the colonies (fold change 

compared to the control) for the top and middle-bottom ranked drugs. B) Primary reprogramming- the 

number of colonies and the percentage of the area covered by the colonies after treatment with tazobactam 

and OSKM compared to control (OSKM only). 

A B 
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6.2.6 Multiple drug prediction and in silico validation of hiPSCs 

conversion 

 

In an extension of our approach, we further tried to identify drug combinations 

whose action jointly enhance cell conversion efficacy. In previous work, we showed that 

combinatorial drug treatment is effectively described by a linear combination of the 

individual drug responses [1] at the transcriptome level. The same finding has also been 

proven at the protein level, where protein dynamics in drug combinations can be explained 

as a linear superposition of their responses to individual drugs [200]. After confirming that 

the linear relationship also holds at the pathway space (Methods), we employed a 

multivariable linear regression model to describe the combined effect of drug 

combinations. Using as a starting point the top-ranked cell profile for every drug, we 

iteratively picked out the best solutions and added drugs whose inclusion gave the most 

significant correlation with the target cell profile (Methods).  

Again focusing on hiPSCs for in silico validation, the spearman correlation and 

adjusted r-squared of the top 30 models significantly improved when we moved from single 

drugs to drug pairs (figure 6.6A, 6.6B). We noticed that the improvement became marginal 

as we kept adding drugs and eventually reached a plateau. Akaike Information Criterion 

(AIC) further confirmed that the relative goodness of fit increased as more drugs are added 

into the single drug models. In addition, the median pluripotency score of the top 30 

solutions increased markedly when using more than one drug in the regression, 

outperforming randomly selected equal-sized groups of drugs (figure 6.6C). The 

distribution of the distances between the drug profiles of the top 25 solutions compared to 

randomly chosen drug profiles indicated that the top picked drug pairs do not exhibit high 
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transcriptional redundancy. Taken together, the aforementioned kinds of in silico 

observations suggested that drug combinations may offer an increased capacity to promote 

reprogramming compared to single drug administration.  
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Figure 6.6: Multiple drug prediction - in silico validation of human IPS cells conversion A) Spearman 

correlation between observed and predicted values as more drugs are added to the top 30 regression 

B 

 A 

C 
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models. B) Adjusted R-squared of the regression models as more variables are added to the top 30 

solutions. Red lines highlight the average incremental improvement across the multidrug solutions. C) 

Median pluripotency scores of the top 30 solutions against randomly selected equally sized group of drugs. 

Random selection was performed among the top-ranked cell profile for every drug and was repeated 100 

times. 

 

6.2.7 Resource and Clustering to Meta-cells  

 

To create a comprehensive resource for drug-assisted cell conversions, we applied 

our single- and multi-drug approach on the whole FANTOM5 set of primary cells. 

However, the FANTOM5 list of primary cells is highly redundant and biased towards 

specific cell types. Closely related cell types present high transcriptional similarity leading 

to tautological and nonspecific drug predictions. To this end, we employed a two-level 

hybrid clustering of cell types taking into consideration both knowledge and data-driven 

similarity (Figure 6.7). In the first level, we apply the Affinity Propagation [201] algorithm 

on cell types based on the ontology and pathway distance individually. In the second level, 

cell types grouped together by both distances are assigned to the same cluster; otherwise, 

they are split into different clusters. Finally, cell type profiles belonging to the same cluster 

are merged to create a meta-cell profile. Meta-cell profiles reflect the required pathway 

regulation for the specific lineage commitment. 
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Figure 6.7: Two-level clustering to Meta-cells. In the first level, the Affinity Propagation algorithm is 

applied to the pathway and cell ontology distances among the different cell types. In the second level, the 

two different clusterings are merged to create a consensus clustering to Meta-cells, reflecting both 

transcriptional and ontology similarity. Meta-cell profiles are computed by averaging all the profiles 

belonging to the cluster. 

We were able to recover via prediction two small molecules that were previously 

discovered experimentally to promote neural induction. Y-27632, a ROCK inhibitor that 

assists in neuron survival, was used in combination with six other small molecules to 

convert human fibroblasts into neuronal-like cells [121]. PD0325901, a MEK-ERK 

inhibitor, facilitated the direct conversion of somatic cells to induced neuronal cells in a 

chemical cocktail of six compounds [140]. Both small molecules were ranked among the 

top 20 solutions when single- and multi-drug approach was applied to the neurons meta-

cell profile. Several other drugs experimentally proved to facilitate various cell conversions 

were predicted among the top 5% of the all drug profiles for the corresponding meta-cells.  
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Our method has been pre-computed on all resultant 69 meta-cell profiles and the 

top single- and multi-drug predictions are available through an interface (URL) to provide 

an extensive resource that may support and complement future chemical enhanced cell 

conversion studies. 

 

6.3 Material and Methods 

 

6.3.1 Human primary cells expression 

 

We selected all primary human cells which have at least two biological replicates 

from the Fantom 5 collection (http://fantom.gsc.riken.jp/5/data/). We ended up to 447 

samples, which correspond to 145 different cell types. Expression tables of robust CAGE 

peaks for these samples were processed as follows: we kept only the promoters which are 

located within 500 bp of known RefSeq transcripts (87400 promoters). We added the read 

counts of all the promoters sharing the same Entrez id annotation, resulting in 18980 genes. 

Read counts of samples were converted in CPM (counts per million) values and averaged 

across the same cell type. Subsequently, genes in every cell type were ranked according to 

their expression, from the most expressed to the least expressed gene. 

 

6.3.2 Drug induced expression profiles 

 

We extracted the 5th level of differential gene expression signatures provided by 

LINCS which contains 107,404 profiles corresponding to 1768 different drugs in 42 cell 

lines, 83 concentrations, and four-time points, using the cmapR package [202]. Consensus 
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cell-line profiles for every drug were constructed by averaging all the profiles spanning 

over different concentrations and treatment durations of the drug in the same cell line [203]. 

An additional profile for each drug was generated by averaging all the consensus cell-line 

profiles corresponding to the drug. We ended up with 17,259 drug-induced gene expression 

profiles, which subsequently were converted to ranks. 

 

6.3.3 Conversion to pathways using Gene Set Enrichment Analysis and 

MsigDB 

 

To convert Gene Expression Profiles (GEPs) to pathway-based profiles (PEPs), we 

used the gep2pep Bioconductor package [204] with all the 14,645 gene sets from 20 

collections included in MsigDB v6.1. The gep2pep package uses the Gene Set Enrichment 

Analysis (GSEA) to perform the conversion from gene expression profiles to pathway 

enrichment scores. Briefly, the procedure is described as follows. 

Given a gene set collection of interest, for each pathway i in the collection, and 

each gene expression profile j, we computed a signed Enrichment Score ESi,j and a p-value 

using the Kolmogorov–Smirnov (KS) test [196]. The two-sample KS statistic is defined as 

the maximum distance between two empirical distribution functions. In accordance with 

the Gene Set Enrichment Analysis method, gep2pep applies a signed version of the KS 

statistic to compare gene ranks (setting p=0 in the original formulation). The ES associated 

with the KS statistic is thus defined as follows: 
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where F1 and F2 are the two empirical distribution functions corresponding to the ranks of 

the genes included in the set of interest (F1), against those that are not included (F2), and s 

is a function returning -1 or 1 based on the sign of F1 - F2 when their absolute difference is 

maximal. Note that the p-value for the KS test can be computed analytically without 

resorting to random permutations, making the computation of millions of pathway profiles 

feasible. 

 

6.3.4 Single-drug approach 

 

LINCS pathway profiles and target cell type pathway profiles are converted to 

ranks based on their enrichment score (from the most enriched to the least enriched 

pathway). Then, the LINCS pathway profiles are ranked based on the L1 distance with the 

target cell pathway profile:  

D(di, t) = ∑ |𝑑𝑖𝑝 − 𝑡𝑝|250
𝑝=1  

Where di is the ranked pathway profile for the LINCS profile i, i =1, …, 17259 (number of 

cell line consensus profiles for all small molecules), t is the ranked pathway profile for the 

target cell type, p=1,…, 250 (number of pathways in C2 collection). For further analysis, 

we consider only the top-ranked cell line profile for every small molecule, resulting in i=1, 

…, 1768 profiles (number of unique small molecules). 

 

6.3.5 Additivity in enrichment scores 
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We showed in previous work (Chapter 4) that the transcriptional response to 

combinatorial drug treatment at promoters and enhancers is effectively described by a 

linear combination of the responses of the individual drugs (log2FC values) [1]. We used 

our previous dataset to test if this additive relationship also applies to enrichment scores 

(ES). Accordingly, we performed multivariable linear regression analysis, where ES of 

individual drugs were considered as explanatory variables and the ES of combinatorial 

drug action as the response variable. We applied our analysis to five pathway databases, 

Biological Process (BP), Molecular Function (MF), Cellular Component (CC), 

Transcription Factor Targets (TFT) and Canonical Pathways (CP). The results show that 

the linear model using ES can describe the relationship between single and combinatorial 

treatment. 

To validate whether both single drug ES profiles contribute to the model, we 

performed the same regression analysis 100,000 times with random permutations of one of 

the single drug pathway ES profile. The Pearson correlation between the observed and 

predicted values after the permutations was significantly lower for all combinations 

compared to the regression model based on the non-permuted individual drug ES. 

 

6.3.6 Multi-drug approach 

 

We took the first ranked profile for every drug based on its Manhattan distance to 

the target cell type. We fit 1,768 simple linear regression models (number of drugs), each 

with one of the drug profiles. We ranked the drugs based on the spearman correlation 

between fitted and observed values. We picked the top 30 drug profiles and searched 
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through the remaining drugs to find out which one should be added to the current models 

to improve the Spearman correlation best. Repeated occurrences of the same drugs in 

different orders were discarded. We continue to add variables to the top 30 models until 

we reached ten predictors. 

 

6.3.7 Experimental validation 

 

Secondary reprogramming 

 

All the reprogramming experiments were performed seeding fibroblasts (HiF-T) on 

irradiated MEF inducing OKMS by DOX supplementation (2ug/ml) [198] with and 

without drugs at the final concentration of 10nM. The cells were plated in a number of 

1.7*10e5 Hif +1.7*10e5 irradiated MEF in 12 wells, the single drug was tested in triplicate, 

the controls in duplicate but on each plate (in total the plates were 15, so the controls were 

30). HiF-T medium composed of basal medium (DMEM-F12, Glutamax 1X, MEM-NEAA 

1X, beta-ME, 0.2X P/S) supplemented with 10% FBS and 16 ng/ml FGFbasic (bFGF). 

After three days of treatment with DOXY, the medium is changed in ES-Medium 

composed by DMEM/F12, Glutamax 1X, MEM-NEAA, 1X beta-ME, 0.2X P/S) 

supplemented with 20% -KSR and 8ng/ml of bFGF. After 21 days of reprogramming for 

quantitative analysis of reprogramming efficiency, we performed TRA-1-60 staining 

(chromogenic staining in bright field). 

 

Primary reprogramming 
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Human foreskin fibroblasts (BJ) were plated in 12 well in the number of 4*10e4, were 

cultured in an optimized DMEM/F12 culture media supplemented with 10% FBS, 

NEAA,1X beta ME, 0.2% P/S and 16ng/ml FGFbasic. BJ were reprogrammed with a 

polycistronic OKSM lentiviral vector at MOI 60, and after 24 hours from infection, cells 

were treated with the drug Tazobactam at the concentration of 10nM for 15 days. The 

positive controls were BJ only infected with lentivirus and not treated with the drug. After 

four days from infection, BJ were plated in six-well with irradiated MEF feeders and were 

cultured in 20% knockout serum replacement (KSR)-based DMEM/F12 Glutamax 1X, 

NEAA, 1X beta-ME, 0.2% P/S supplemented with 8ng/ml of bFGF. After 15 days of 

reprogramming, we performed TRA-1-60 staining (chromogenic staining in bright field) 

for quantitative analysis of reprogramming efficiency. 

 

6.3.8 Clustering to meta-cell profiles 

 

We consider two types of distances between cell types. Ontology Distance between 

cell types i and j:  

𝐷𝑐𝑜(𝑖, 𝑗) =
|𝐶𝑖 ∩ 𝐶𝑗|

|𝐶𝑖|+|𝐶𝑗|−|𝐶𝑖 ∩ 𝐶𝑗 |
   (Jaccard index) 

Where Ci are the ontology ancestors of cell type i, Cj are the ontology ancestors of cell type 

j, 1 ≤ i, j ≤ 145, i ≠ j. Ontology terms were assigned using the Cell Ontology annotation of 

samples as created by the FANTOM5 consortium [92]. 

Pathway Distance between cell types i and j: 

𝐷𝑃(𝑖, 𝑗) = ∑ |𝑃𝑖𝑝 − 𝑃𝑗𝑝|250
𝑝=1  (L1 distance) 
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Where Pi is the ranked pathway profile of cell type i, Pj is the ranked pathway profile of 

cell type j, 1 ≤ i, j ≤ 145, i ≠ j. 

We then apply the Affinity Propagation algorithm [201] individually to each of the 

two pairwise distances to obtain two different clusterings of the same cell types. Affinity 

Propagation algorithm was implemented using the "apcluster" R package [205]. Finally, 

we built a consensus clustering by assigning two cell types to the same cluster if and only 

if they were assigned to the same cluster by both the ontology and pathway clusterings. 

Meta-cell profiles are computed by averaging all the pathway profiles (enrichment scores) 

of cell types belonging to the cluster and subsequently converted to ranks. 

 

6.4 Discussion 

 

With therapies based on cell conversion becoming a reality [206], [207], there is a 

great need for methods that simplify trans-differentiation and make it more efficient and 

safe. Using small molecules rather than genetic factors is a promising approach to address 

safety issues. In addition to the ultimate goal of finding combinations that can fully convert 

one cell type to another, the identification of small molecule sets that can perform a partial 

conversion, or make the conversion more effective, also represents an important 

improvement on current methods. Here we developed an unbiased method not relying on 

expert knowledge of lineage-specific genes and pathways that scales to large numbers of 

cell conversions and drugs and relies on publicly available data, thus not requiring massive 

screening efforts. 

Our method is the first validated computational approach for prioritizing small 

molecules promoting cell reprogramming. CellFateScout, a bioinformatics tool, was 
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reported, which suggests small molecules triggering a given cell signature[194]. However, 

the method has not been experimentally validated and relies on the outdated second release 

of the Connectivity Map (CMAP)[35]. Furthermore, it requires the user to enter the starting 

and target cell profile. We have applied our method to 145 human primary cell types from 

FANTOM5 and made the results available, providing a great resource for large numbers 

of cellular conversions. 

Although the number of available drug-induced gene expression profiles is huge, 

the number of unique small molecules profiled is still small. Only twenty-four small 

molecules that have been experimentally validated in cell conversions have an available 

transcriptional profile in LINCS. Taking into account that many profiled agents are small 

molecule kinase inhibitors, used mostly in cancer therapy, publicly available drug profile 

resources are not optimal for cell conversion.  

Drug response databases drugs use cancer cell lines for pharmacological profiling. 

Considering only the top-ranked cell-line profile for every drug lies in the expectation that 

if a drug produces the desired effect in a given cell line, then it may induce this effect also 

in the source cell type. Nevertheless, this assumption can lead to false positive associations 

due to cell-line specific effects.  

Since our method relies on the analysis of transcriptomic data, there are some 

restrictions regarding the small molecules that can be captured. For example, epigenetic 

modifiers, such as HDAC inhibitors are extensively used in cell conversions to tackle the 

epigenetic barriers between different types of cells. The broad action and the nonspecific 

transcriptional behavior [208] of these drugs limit the potential to be ranked among the top 
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drug profiles by our method. In contrast, our approach gives priority to compounds 

exhibiting strong transcriptional regulation towards the target cell type. 

Experiments on human fibroblasts confirmed the ability of the introduced method 

to predict small molecules facilitating cell reprogramming. Although the efficiency of the 

best-ranked drugs was moderate compared to the control case, the capacity of the method 

to distinguish and prioritize small molecules based on their potential to promote 

reprogramming is clear. Given that chemical and TF induced reprogramming is a stochastic 

and nonspecific process more experiments, with more replicates, concentrations, and 

treatment durations are needed for validation. Testing also drug combinations and small 

molecules predicted for trans-differentiation can lead to a more complete evaluation of our 

method. 

Despite all the shortcomings, the potential of our method to advance the field of 

cell conversion should not be underestimated. We identify the core reprogramming 

chemicals for each lineage commitment, which could aid researchers in determining the 

role of various small molecules in different cell fates. We make our results available via an 

interface to support the design of experiments involving small molecules in cell transition 

research. Our method provides a significant head start towards the development of 

systematic chemical-based reprogramming strategies. 
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 Conclusions and future work 
 

7.1 Conclusions  

 

In this thesis, we addressed the problem of modeling the effects of combinatorial 

treatment at the transcriptome level. In the first part of this thesis, we used drugs applied 

in breast cancer to study the relationship between single and multidrug therapy in a 

quantitative manner. After confirming the additive property of the drugs at the 

transcriptome level, we exploit this finding to identify drug combinations that facilitate the 

transition from one cell type to another.   

Our contribution to the drug combination analysis was multifold. While a lot of 

computational approaches predict synergistic effects on multidrug therapies, no existing 

methodology has been demonstrated to quantify and model the combinatorial drug effects 

at the transcriptional level. We performed quantitative analysis of the responses to drug 

combinations by adapting a wide range of regression algorithms to the specific problem. 

We showed that promoter and enhancer expression under combinatorial treatment can be 

efficiently explained by a linear regression model using as input single drug profiles. 

Furthermore, our study explored the transcriptional relationship for drug combinations on 

a genome-wide scale. Although most of the existing approaches utilize a very restricted set 

of signature genes, ignoring off-target effects, we modeled the expression reaction on the 

entire transcriptome. From the experimental point of view, contrary to existing approaches 

that rely on microarrays, we employed CAGE which offers promoter and enhancer-based 

profiling. Therefore, our analysis is the first to study the effect of drug combinations on 

promoter as well as enhancer expression, giving resolution to the transcriptional activity of 
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regulatory elements. We believe that our findings assist the approximate control of the 

transcriptional response to multidrug therapies and reduce the need for exhaustive screens. 

Regarding the reprogramming of cell fates by small molecules, our study is the first 

validated framework to prioritize single drugs or drug pairs promoting cell conversions. 

Relying exclusively on publicly available transcriptomic data, we developed an unbiased 

method that scales to large numbers of cell conversions and drugs. Our contribution lies on 

the homogenization of transcriptional profiles measured using different technologies by 

projecting gene expression activity to the pathway space. We then compared the derived 

pathway profiles using a variety of similarity scores and further regression analysis. We 

managed to predict drugs whose capacity to enhance reprogramming was evaluated in 

silico and in vitro. We also pointed out drug combinations whose joint activity seems to 

advance the efficacy of single drugs. We identified the core reprogramming chemicals for 

each lineage commitment, which could aid researchers in determining the role of various 

small molecules in different cell fates. Finally, we make our results available via an 

interface to support the design of experiments involving small molecules in cell transition 

research. 

 

7.2 Future work 

 

To generalize the quantitative effect of drug combinations on the transcriptome, 

future studies may explore additional drug combinations. In our experimental settings, the 

total drug concentration in combinatorial therapy is twice that of the individual treatments, 

and the entire duration of compound therapy is six hours. Further analysis can be extended 



103 

 

 

 

to include various drug concentrations, several time points, and different cell lines. Future 

work may also examine whether the linear relationship carries over combinations with 

three or four different drug agents. The integration of this information will lead to a more 

extensive understanding of the joint action of drugs and will enable the construction of 

more reliable and robust models for the quantitative analysis of combinatorial drug 

treatment. 

Concerning the computational prediction of drugs facilitating reprogramming, 

future studies may consider to incorporate expert knowledge to force computational 

methods towards more reliable predictions. Manipulation of cell fates using small 

molecules progresses in a stepwise manner. Epigenetic modulators, chemicals suppressing 

the features of the starting cells and compounds inducing the characteristics of the target 

cell types are applied in a series of distinct stages during reprogramming. Future studies 

can integrate intermittent information into the predictions models to approximate the 

realistic stepwise transition. Apparently, the use of other types of biological information 

from epigenomics or proteomics can further enrich the computational models. The ultimate 

goal is to infer drug cocktails, which can convert one cell type to another without the 

assistance of genetic factors and develop fully systematic chemical-based reprogramming 

strategies. 
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