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Abstract 

Unexpected adverse reactions, especially unsafe cardiac effects, are a major 

concern of pharmaceutical companies that can prompt them to both 

discontinue drugs currently in development and withdraw drugs already on the 

market. Therefore, the safety assessment is a key stage of both the drug 

development process and the current regulatory framework of clinical trials. 

Given the importance of unforeseen acute electrophysiological effects in 

precipitating potentially lethal arrhythmias, the current preclinical testing 

stages of drug development are largely focused on their detection. However, 

a substantial number of drugs also affect cardiac function on many other 

levels, including contractility, mitochondria function and cell signalling. A 

number of in vitro, in vivo and in silico approaches capable of detecting 

different types of possible cardiovascular side effects have been proposed 

recently. Among those, human-based computational methods hold a great 

potential to increase the productivity of drug discovery pipelines, drive a more 

rational drug design and replace costly animal experiments that have limited 

translational ability for humans. 

Therefore, the goal of this thesis is to propose a computational approach to 

predict drug-induced cardiotoxicity. A multi-label machine learning 

classification approach is used to simultaneously predict multiple forms of 

clinical cardiac side effects and take into account relationships between those 

forms of toxicity. In the last part of this thesis, the effects of trafficking 
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impairment, as one of the cardiotoxicity mechanisms, are then investigated 

using simulations of action potential models.  
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1 Introduction 
 

According to World Health Organization (WHO) statistics for the year 2015, 

cardiovascular diseases are one of the leading causes of death worldwide [1]. 

But despite the huge burden of cardiovascular diseases, the development of 

medications that could cure or prevent cardiac complications accounts for a 

small proportion of new medical entities compared to other disease areas, 

such as cancer [2,3]. Coupled with an overall high failure rate in clinical trials, 

the number of new drugs approved for cardiology and vascular diseases is 

disturbingly low [3], while the need for novel therapies remains high. 

Moreover, cardiovascular drugs, along with cancer drugs, have one of the 

lowest probabilities (lower than the median across indications) of being 

approved in clinical trials [4].  

 

Lack of cardiac safety is among the top reasons for the discontinuation of 

clinical trials and the marketing of medications [5]. Any factors that increase 

the already high chances of developing cardiovascular complications would 

have a significant impact on the morbidity and mortality of patients. Therefore, 

there is a clear need for new approaches to improve the assessment of drug 

effects, both for efficacy and safety testing. 

 

With advances in modern molecular biology, drug development has now 

extensively employed in vivo and in vitro testing of drug candidates to obtain 

information on metabolism, efficacy and potential toxicity. Although animal 

models still play an important role in drug discovery, the overall high cost and 

low translation rate raise the need for more humanised models [6,7]. 

 

Current open-source repositories of omics data already provide tens of 

thousands of high-quality samples for analysis in order to drive a more 

rational drug design [8]. Greater data availability coupled with algorithmic 

advances and a rise in computational power have led to an increase in the 

development of new computational methods, which now occupies an 

important place in drug discovery pipelines in both preclinical research and 

clinical trials. Machine learning methods are gaining popularity as powerful 
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tools to analyse biomedical data, including starting from target identification to 

prediction of clinical trial outcomes [9–11]. Similarly, modelling and simulation 

approaches ranging from single-cell to whole-heart models have been proven 

useful in verifying important insights into drug safety and efficacy, as well as 

patient stratification [12]. 

 

Therefore, the development of computational approaches for drug-induced 

cardiac-adverse reactions has a potential application in reducing animal 

experiments and in optimising the preclinical testing of drug safety. 

 

1.1 Thesis goals 
 

The main goal of this thesis is to develop computational methods to predict 

drug-induced cardiotoxicity. To address this goal, the thesis considers two 

different but complementary methodologies: machine learning predictors and 

human cardiomyocyte modelling and simulation. Machine learning predictors 

allow to generate models from data without prior knowledge of biological 

dependencies to be determined, without the assumption that a single unique 

model exists. The second approach builds on simulations using 

physiologically-relevant human cardiomyocyte cellular models to identify 

mechanisms underlying cardiac side effects. 

 

To achieve its overall goal, the thesis addresses three specific research 

questions: 

 

1. Can we predict multiple drug-induced cardiac disorders simultaneously 

using transcriptional profiles and structural information of drugs? 

2. Can we model hERG trafficking and explore how alterations of its 

stages would affect cellular electrophysiology? 

3. Can we predict the electrophysiological effects of drugs inhibiting 

trafficking of hERG on human induced pluripotent cardiomyocytes? 
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The first part of this thesis was to collect a large comprehensive dataset of 

compounds with transcriptional profiles, derived molecular descriptors and 

fingerprints, as well as information about their cardiac safety in human. With 

this dataset, an independently validated, supervised multi-label machine 

learning was developed. The algorithms included the drug characteristics as 

input and identified multiple forms of cardiotoxicity as output. I initially 

collected a large dataset of 1,131 drugs, with reports on their clinical cardiac 

safety and the presence of adverse cardiac reactions. The primary analysis of 

this dataset demonstrates the association between different cardiotoxicity 

types induced by drugs and that compounds with cardiac complication reports 

are not linearly separable. These findings then motivated the development of 

a machine learning approach capable of capturing the dependencies between 

drug characteristics and their cardiac safety profile by incorporating 

information about the relationship between cardiotoxicity types, as described 

in Chapter 5. The proposed approach demonstrated good predictive accuracy 

on previously unseen drugs and new cell lines. 

 

Whereas the machine learning algorithm is able to identify drug-induced 

cardiotoxic effects, it is enable to explain the underlying mechanisms. Thus, a 

second approach is followed in the second part of the thesis, to investigate 

mechanisms underlying a specific cardiotoxicity type. Here I focus on the 

inhibition of hERG trafficking and its pro-arrhythmic potential, using 

simulations combining a a novel model of hERG protein dynamics and 

physiologically-based cardiac cellular electrophysiology models. A new model 

of hERG protein trafficking is developed to simulate the dynamics of mature 

functional hERG on the cellular membrane as a function of time. This allows 

to compare normal versus altered trafficking by drugs, or other pathological 

conditions, based on their mechanisms of action derived from their gene and 

protein expression profiles. By inserting the amount of mature functional 

hERG into a population of action potential models, the interactions between 

altered trafficking, direct block and other electrophysiological components of 

cardiomyocytes are studied, and the pro-arrhythmic potential of the drugs 

tested. 
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1.2 Outline of thesis 
 

In Chapter 2, I present the background for the thesis by introducing an 

overview on drug-induced cardiotoxicity. I briefly cover all main mechanisms 

of cardiotoxicity, including the disruption of electrophysiology, contractility, 

mitochondrial toxicity and growth factors and cytokines signalling. I move on 

to describing the pharmacological classes of 77 drugs, covering side effects 

and mechanisms of anticancer, central nervous system, genitourinary, 

gastrointestinal, antihistamines, anti-inflammatory, and anti-infective agents. I 

finish the review by highlighting their common modes of action on cardiac 

function. 
 
Chapter 3 provides an introduction to the computational analysis of drug-

induced side effects. I start with a literature review on the gene expression 

analysis of transcriptional signatures of cardiotoxic drugs. After this, I provide 

an introduction to signalling pathway analysis. I then summarise case studies 

describing the application of machine learning in stratifying safe drugs from 

drugs that are capable of causing clinical complications. Following this, I 

describe the key challenges in building machine learning predictors. In 

particular, I cover the differences between cross-validation strategies. 

Following this, I review current approaches for the mechanistic modelling of 

drug-induced adverse reactions with cardiac cellular electrophysiological 

models and describe the set of key biomarkers used to characterise the 

outputs of those models. Finally, I describe the existing databases for 

computational drug discovery. 

 

Chapter 4 presents the first results in this thesis and the research done in 

data collection and primary analysis. I describe the curation of the dataset 

from the public domain, as well as databases and knowledge sources such as 

MedDRA, MESH, Connectivity map, SIDER and Drug Bank. The collected 

dataset contains transcriptional profiles, structural information and protein 

target information about marketed drugs reported to have clinical cardiac-

adverse reactions, and investigational and withdrawn drugs from the market. 

Afterwards, I describe the analysis of the dataset. In this study, I explore the 
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co-occurrence of multiple types of cardiac side effects and their prevalence in 

specific drug classes. I show that there is an association between different 

forms of adverse drug-induced cardiac effects as a motivation for the model 

proposed in Chapter 5.  

 

In Chapter 5, I exploit the database collected in Chapter 4 and I present a 

multi-label predictor of drug-induced cardiotoxicity that uses both structural 

information (molecular descriptors and fingerprints) and transcriptional profiles 

of drugs. The proposed approach employs a model of chain of classifiers with 

nested stacking, which accounts for association between cardiotoxicity forms. 

I compare this approach with a set of individual classifiers to confirm that it is 

important to preserve the existing associations between cardiotoxicity forms 

for better discrimination between safe drugs and drugs with reported cardiac-

adverse reactions. In this chapter, I also analyse the predictive performance 

of the proposed approach across different pharmacological classes of drugs 

and cell lines. 

 

In Chapter 6, I move from a machine learning-based approach to mechanistic 

modelling, and propose a physiological model of hERG trafficking in cells. I 

start with a description of the key stages of trafficking. After this, I move to the 

formulation of the model and its description as a set of ordinary differential 

equations. I then introduce the calibration of the model with experimental data 

and quantification of model parameters. I explore the sensitivity of the model, 

and by coupling it with a cardiac electrophysiological model, I use it as a 

method for hypothesis generation on how changes in its parameters would 

affect the levels of hERG on the cellular membrane, and would therefore 

manifest changes in action potential in the case of pathological conditions 

(trafficking mutations) or drug-induced trafficking inhibition. 

 

In Chapter 7, I provide simulation results on the effect of the inhibition of 

hERG trafficking by arsenic trioxide, as an exemplar of its application for 

investigations on pharmacological action. I first use gene expression to 

identify the mechanism of the drug action in hERG impairment, and protein 

data to estimate its trafficking inhibition rate at the protein level. I then use this 
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information to simulate arsenic trioxide effects on a single-cell level and on a 

population of experimentally calibrated models of cardiac action potential 

models of human iPSC-derived cardiomyocytes. I compare the simulated 

changes on action potential to experimental electrophysiological recordings of 

human iPSC-derived cardiomyocytes incubated with arsenic trioxide for 24 

hours, and find a good agreement. In addition to hERG trafficking inhibition, I 

also investigate upregulation of the L-type calcium channel, shown for arsenic 

trioxide in animal experiments. 

 

In Chapter 8, I conclude the thesis with an overview of its major findings and 

contributions. I then finish this thesis with a discussion of the limitations of the 

current research methodology and obtained results, and provide suggestions 

for potential future studies that were beyond the scope of this thesis. 
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2 Introduction to drug-induced cardiotoxicity 
 

Concerns regarding cardiac safety are among the top reasons for the 

withdrawal of drugs from clinical trials and the market. Despite extensive 

efforts to elucidate the links between adverse cardiovascular events and 

pharmaceutical agents, cardiotoxicity and its constituent molecular processes 

have yet to be comprehensively described. The severity of cardiac toxicity 

varies from myocardium dysfunction to terminal heart failure. In addition, its 

effect varies among patients, and cardiotoxicity has been shown to depend on 

the gender, age [13,14], and genetic background of the individual [15–18]. 

 
Figure 2-1 Number of drugs withdrawn from market due to 

cardiotoxicity up to January 2020, according to their therapeutic 

areas. 

 

 

 

 

 

 

 

Drug-induced cardiotoxicity imposes a substantial limit on the application of a 

myriad of drugs. Although most cardiotoxic events are due to unforeseen 

electrophysiological activity [19], recent studies have indicated that a 

considerable number of drugs disrupt cardiac function by impairing myocardial 

metabolism and cardiac structure. In this chapter, I summarise the drug-

protein mechanisms by which drug-induced cardiotoxicity may develop. I 

provide the review of 77 cardiotoxic drugs, 25 of which have been withdrawn 

from the market due to cardiotoxicity (Figure 2-1 and Table 2-1), covering side 

effects and cardiotoxic mechanisms of anticancer, central nervous system, 

genitourinary, gastrointestinal, antihistamines, anti-inflammatory, and anti-

infective agents, furthermore demonstrating they have common modes of 

action on cardiac function and on adverse cardiac events. 
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2.1 Main molecular mechanisms of drug cardiotoxicity 

 
Figure 2-2 Mechanisms of drug-induced cardiotoxicity. Antibiotics (including anthracyclines) 

and antiviral therapies induce mitochondrial dysfunction, leading to mitochondrial 

fragmentation and an impaired fusion-fission cycle. Local anaesthetics interact with 

mitochondrial membranes and increase their permeability, affecting function. Cardiotoxicity of 

tyrosine kinase inhibitors and monoclonal antibodies is primarily linked to their inhibition of 

major signalling pathways responsible for cardiomyocyte survival and maintenance. 

Administration of a number of CNS and anti-diabetic agents has been associated with the 

emergence of cardiac fibrosis. The mechanism of proton pump inhibitors affecting cardiac 

contractility has been linked to the inhibition of NO synthesis. Similarly, inhibitors of tyrosine 

kinases have been linked to dysregulation of calcium cycling. Multiple neural agents, 

including selective serotonin reuptake inhibitors and antipsychotic drugs, cardiovascular 

agents, and antibiotics have been shown to affect cardiac tissue interacting with one or 

several cardiac ionic channels. At the same time, cardiac side effects of fluoxetine, HDAC 

inhibitors and bortezomib are primarily linked to their effects on cellular hERG trafficking 

rather than acute channel block. CNS: central nervous system; CV: cardiovascular; NSAIDs: 

non-steroidal anti-inflammatory drugs; HDAC: histone deacetylase; eNOS: endothelial nitric 

oxide synthase. 
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Figure 2-3 General overview of mechanisms of cardiotoxicity. Cardiotoxic compounds can 

exert their influence on cardiomyocytes through a variety of mechanisms. Abnormalities in 

action potential duration (APD) or conduction velocity are associated with a direct block of 

ionic currents (IKr, INa, ICaL, among others) or inhibition of their trafficking from the nucleus 

to the cell membrane. Apoptotic events can be triggered via multiple pathways, including 

inhibition of VEGFR or EGFR (which promote cardiomyocyte survival), PDGF inhibition 

(responsible for the compensatory stress response) or activation of DR-induced TNF 

signalling. Mitochondrial damage (caused by suppression of the fusion-fission cycle or effects 

on mitochondrial DNA) and elevated ROS levels also initiate apoptosis. Inhibition of α-Adr, 

VEGFR signalling, or direct eNOS inhibition affect calcium cycling. Inhibition of AMPK 

signalling has effects on both the mitochondrial fusion-fission cycle and ATP production. 

Serotonin-induced activation of TGFβ pathway via the 5-HT2β receptor is primarily linked to 

the induction of cardiac fibrosis. APD: action potential duration; IKr: rapid delayed rectifier 

current; INa: inward sodium current; INaL: late inward sodium current; ICaL: L-type calcium 

current; α-Adr: alpha-adrenergic receptor; VEGFR: vascular endothelial growth facto 

receptor; EGFR: epidermal growth factor receptor; DRs: death receptors; PDGF: platelet-
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derived growth factor; 5-HT2β: 5-Hydroxytryptamine receptor (serotonin receptor 2B); TNF: 

tumor necrosis factor; TGFβ: transforming growth factor beta; eNOS; endothelial nitric oxide 

synthase; ROS: reactive oxygen species; CaMKII: calcium/calmodulin-dependent protein 

kinase II; AMPK: AMP-activated protein kinase; ATP: adenosine triphosphate. 

Cardiotoxicity generally results from the simultaneous interruption of key 

myocardial functions and viabilities. Here I draw focus to unexpected drug-

induced effects on the myocardium, via the disruption of electrophysiology, 

contractility, mitochondrial toxicity, growth factor, and cytokine regulation 

(Figure 2-2), through complex cell signalling pathways (Figure 2-3). 

2.1.1 Electrophysiology 

2.1.1.1 Direct block 
 

In the last decades, preclinical testing for cardiac adverse events has focused 

on screening assays of hERG channel inhibition [20], which are aimed to 

detect prolongation of the action potential. However, the biological role of 

hERG channels is not only limited to their mediation in cardiac repolarisation 

via the 'rapid' delayed rectifier current (IKr). hERG encoded channels are also 

involved in cell proliferation and malignant cell apoptosis [21]. For instance, 

the expression of IKr in gliomas has been recently proposed as a specific 

target for antineoplastic therapy [22]. However, drugs often interact with 

multiple channels at once, altering electrophysiology in a multifactorial way 

[23–25]. Recent work regarding the effect of drugs on multiple ion channels 

and connections to adverse reactions has resulted in significantly improved 

toxicity prediction, paving the way for safer pharmaceutical treatment. There is 

evidence to suggest that the electrophysiological implications of drug-induced 

hERG block could be alleviated by drug interactions with other ionic channels 

[26,27]. Nevertheless, the absence of hERG block does not necessarily imply 

that a molecule is incapable of producing adverse cardiac effects [28,29]. 

Both the amplitude and density of cardiac currents depend on, among other 

factors, cell type, age, and cardiac health. Pathophysiological conditions such 

as diabetes have been shown to abate the amplitude of a number of ion 

channel currents [30], potentially enhancing susceptibility to adverse 

reactions. Multiple neural agents, including selective serotonin reuptake 
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inhibitors and antipsychotic drugs, have been also shown to simultaneously 

interact with several cardiac ionic channels. 

 

2.1.1.2 hERG trafficking inhibition 

 
Figure 2-4 Schematic of hERG biogenesis, trafficking and degradation, and pathways of drug-

induced IKr deficiency. Subcellular processes modulating hERG expression on the cellular 

membrane include: 1) mRNA synthesis, 2) synthesis of polypeptide chain, 3) transport of 

polypeptide from endoplasmic reticulum to Golgi apparatus with Hsp70 and Hsp90 

chaperones attached, 4) transport of the polypeptide in the COPII-mediated vesicle, 5) 

glycosylation, 6) exocytosis, 7) endocytosis, 8) ubiquitination, and 9) degradation of hERG. 

In addition to direct block of the hERG channel, a number of studies have 

shown that multiple pharmacological agents can cause hERG deficiency by 

also (or only by) the inhibition of its biogenesis and trafficking [31,32], as 

shown in Figure 2-4 and Table 2-1. Compared to the fast action of acute drug 

effects, hERG trafficking impairment manifests as long-term effects, with time 

scales of hours to days. 

 

For example, arsenic trioxide (Figure 2-4), extensively used in cancer 

treatment, interacts with chaperones Hsp70 and Hsp90 altering the folding 

process of hERG. As a result, it has been shown to affect the maturation of 

the channel in human embryonic kidney 293 cells with wild-type hERG 

(hERG-HEK293) [33]. Folding inhibition also has been proposed as a 

potential mechanism of the dual tumour suppression and carcinogenicity of 

arsenic trioxide [34]. Berberine, an antidiarrheal medicine and its derivative, 
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dihydroberberine (Figure 2-4), have been shown to inhibit hERG trafficking by 

impairing folding in both hERG-HEK293 cell lines and in guinea pig ventricular 

cardiomyocytes [35,36]. The inhibition of folding by those drugs results in the 

reduction of the mature glycosylated form of 155 kDa hERG, which can be 

easily measured along with immature hERG (135 kDa). Accumulation of 

unfolded proteins activates the unfolded protein response pathway, which 

includes activating the transcriptional factor 6 (ATF6) pathway, as shown in 

hERG-HEK293 cells incubated with berberine [35] and in mouse vascular 

endothelium cell lines incubated with arsenic trioxide [37]. For the anti-

infective drug pentamidine (Figure 2-4), the reduction in mature hERG form in 

hERG-HEK293 cell lines was identified to be a result of the suppression of 

transport of the immature form, rather than a folding alteration [38]. The same 

mature hERG deficiency was observed in that study in neonatal rat ventricular 

cardiomyocytes incubated with pentamidine.  

 

Cardiac glycosides (Figure 2-4), specifically Na+/K+-ATPase inhibitors with 

known QT prolongation risk, reduce hERG trafficking in hERG-HEK293 cell 

lines and in guinea pig ventricular cardiomyocytes [39]. Incubation with 

digitoxin, digoxin and ouabain resulted in a significant reduction of the mature 

channel form. Notably, Kv1.5 and IKs trafficking were not affected by those 

glycosides, suggesting that a complex mechanism is involved. Remarkably, 

the hERG blocker astemizole is able to rescue digitoxin, digoxin and ouabain-

induced hERG deficiency, possibly acting as a chaperone [40]. Later, 

evidence was provided that dixogin-induced hERG trafficking inhibition is a 

result of the reduced potassium concentration caused by Na+/K+-ATPase 

inhibition [41]. Moreover, digoxin has been reported to enhance protein 

degradation in general through a lysosomal pathway [42]. 

 

A lipid-lowering compound, probucol, is also known to cause QT prolongation 

without a direct block of IKr (Figure 2-4). This effect is believed to be a result 

of trafficking disruption, as shown in neonatal rat ventricular cardiomyocytes 

[43] and later in hERG-HEK293 cells, where enhanced degradation of the 

mature channel via neddylation was indicated as a key mechanism [44]. 

Meanwhile, arsenic trioxide showed no effect on neddylation of hERG [44]. 
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Gene expression inhibition and alteration of the acetylation levels of a set of 

proteins involved in ion channel trafficking and degradation have been also 

proposed as possible cardiotoxic mechanisms of HDAC inhibitors [45]. 

 

In addition to the aforementioned mechanisms, a substantial number of drugs 

are known to bind to the IKr channel, inhibiting it and disrupting the trafficking 

of the mature channel at the same time. One such example is ketoconazole 

(Figure 2-4), an anti-infective agent that causes clinical QT prolongation, 

shown to co-inhibit IKr and hERG trafficking in hERG-HEK293 cells [46]. 

Interestingly, a lack of mature hERG was observed in both wild-type and 

mutated channels that do not bind to the drug, suggesting trafficking 

impairment as a main mechanism. Such mechanism was however not studied 

in detail, and the biological assays showed inconsistent results with inhibition 

of the Hsp90 chaperone in yeast strains (Pubchem: AID 540270), but not in 

the cancer cell lysate Hsp90 (Pubchem AID 429) or rabbit cell lysate Hsp90 

(Pubchem AID 1789). A similar effect in hERG-HEK293 cells was shown by 

atazanavir, another anti-infective agent with known risk of causing Torsade de 

Pointes arrhythmias (Figure 2-1; [47]), and by the antidepressants fluoxetine 

and norfluoxetine (Figure 2-1; [49]). Interestingly, fluoxetine can induce 

elevation of Hsp90 in mouse brain endothelial cells [50], but no previous 

research has investigated such effects either in cardiac or even in hERG-

HEK293 cells. In contrast, the mechanisms of the antidepressant desipramine 

(Figure 2-4), with dual action on activity and trafficking, have been well 

characterised [51]. Similarly to probucol, desipramine accelerates degradation 

of mature hERG and does not interfere with Hsp90 and Hsp70 chaperones in 

hERG-HEK293 cells. A study of celastrol effects on HEK293 cells expressing 

Kir2.1, hERG and Kv2.1 channels showed that the compound inhibits both the 

function and trafficking of Kir2.1 and hERG, but not Kv2.1 [52]. Interestingly, 

the effect on trafficking was more potent (5-10 fold) than the acute block of the 

channel. 

 

2.1.2 Contractility 
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Contractility, the most essential heart function, has been observed to be 

disrupted by numerous pathophysiological conditions, including drug-induced 

cardiotoxicity. Cardiomyocytes connect electromechanically with each other 

and the extracellular matrix via gap junctions, which are key molecular 

regulators for coordinated contraction and intercellular communication. In 

addition, homeostatic calcium cycling in cardiomyocytes is essential for 

normal cardiac function [53]. Calcium cycling regulation is a complex process 

involving multiple regulatory molecules. Specifically, calcium/calmodulin-

dependent protein kinase II (CaMKII) regulates calcium cycling via 

phosphorylation of its targets on both the cellular membrane and the 

sarcoplasmic reticulum. Accordingly, CaMKII inhibition has been shown to 

have potential efficacy for antiarrhythmic therapy [54].  

 

An additional molecular signal for cardiac muscle contraction, Nitric Oxide 

(NO), further regulates intracellular Ca2+ concentration, promotes vascular 

relaxation, and inhibits platelet aggregation. In cardiomyocytes, NO is 

primarily synthesised by endothelial Nitric Oxide Synthase (eNOS), whose 

activity is regulated by intracellular CaMKII levels. Protein phosphatases, 

which act in opposition to CaMKII, are believed to regulate cardiac gap 

junctional communication [55]. When functioning normally, these processes 

coordinate to establish a homeostatic system, the destabilisation of which 

underlies one of the proposed mechanisms for the cardiotoxicity of proton 

pump inhibitors. It has been suggested that proton pump inhibitors inhibit 

dimethylarginine dimethylaminohydrolase (DDAH), an enzyme responsible for 

eliminating asymmetric dimethylarginine (ADMA), resulting in excess of 

ADMA impeding NO synthesis [56]. Similarly, antineoplastic agents such as 

tyrosine kinases have been linked to upregulated CaMKII expression and 

activity [57]. 

 

2.1.3 Mitochondrial toxicity 

 

Representing approximately one third of cardiomyocytes by volume, 

mitochondria play an important role in cardiac function, mainly by satisfying 
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the immense energy requirements of cardiac contraction. As such, failure to 

replace malfunctioning mitochondria (mitochondrial toxicity) is highly injurious 

to cardiac function. To this end, altered cardiac metabolism has been linked to 

the development of cardiac diseases, such as ischemia [58], and conditions 

that increase the risk thereof, such as diabetes [59].  

 

As a by-product of their metabolic function, mitochondria produce reactive 

oxygen species (ROS), which also play an important role in pro-apoptotic 

signalling [60]. These dynamic organelles engage in the mitochondrial fusion-

fission cycle, changing in shape and number within the cell to respond to 

environmental stressors. Whereas mitochondrial fusion and fission help to 

reduce cellular stress in response to mild environmental stressors, these 

processes can also result in apoptosis in response to extreme stressors [61]. 

When exposed to disease conditions, increased mitochondrial fission 

(fragmentation) leads to tissue necrosis. Demonstrative of their tight 

association, the contractility of cardiomyocytes and the mitochondrial fusion-

fission system were recently found to be closely coupled: the fusion-fission 

cycle depends on calcium oscillations, and abnormalities in the fusion-fission 

system lead to aberrant contraction [62,63]. 

 

In recent decades, several pharmaceutical agents have been found to 

produce or facilitate mitochondrial toxicity in various organ and tissue 

systems, including the heart [64]. These inimical drugs span multiple classes, 

including anthracyclines, antivirals, antidepressants, and local anaesthetics. 

The mitochondrial toxicity of anthracyclines is linked primarily to the inhibition 

of their direct target, topoisomerase (DNA) II Beta (TOP2B), which is required 

for mitochondrial DNA replication [65]. Antiretroviral drugs, often used to treat 

HIV, are designed to directly target and inhibit reverse transcriptase. 

However, antiretrovirals have been found to also inhibit mitochondrial DNA 

polymerase gamma (DNA Pol-γ), leading to depleted mitochondrial DNA and 

disrupted mitochondrial function [66]. Moreover, anti-HIV therapies have also 

been shown to inhibit quality control systems responsible for regulating the 

mitochondrial fusion-fission cycle [67]. In the case of local anaesthetics, 

mitochondrial toxicity has been suggested to occur due to their interactions 
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with phospholipids on the mitochondrial membrane, which often result in 

increased membrane permeability, electron transport chain disruption, and 

calcium accumulation [68,69].  

 

2.1.4 Growth factors and cytokines signalling 

 

Growth factors and cytokines are biologically active molecules that act directly 

on many cellular functions such as adhesion, proliferation, and migration. As a 

result, growth factor and cytokine signalling broadly affect tissue and organ 

function. 

 

Vascular endothelial growth factor (VEGF) is a signal protein responsible, 

primarily via the eNOS signalling pathway, for the regulation of vascular 

formation, angiogenesis, cardiomyocyte development and proliferation, and 

myocardial regeneration [70]. In addition, VEGF is a major anti-apoptotic 

factor that promotes cardiomyocyte survival in response to environmental 

stress or disease [71,72]. Since angiogenesis has been observed to be 

closely related to neoplastic metastasis and malignancy, controlling 

angiogenesis via inhibition of VEGF signalling is an attractive target [73]. 

VEGF-inhibitory therapies, per contra, have been shown to produce many 

adverse side-effects, including cardiotoxicity [74]. In addition to the VEGF 

molecule itself, VEGF signalling could be triggered by immunomodulating 

factors, such as histamines, acting on the H1 receptor. Therefore, 

antihistamines have been proposed to exhibit angiogenic-inhibitory properties 

[75,76], but their cardiotoxicity linked to VEGF inhibition has yet to be studied. 

 

The epidermal growth factor receptor (EGFR) is a receptor belonging to the 

EGF family of protein kinases, whose members include HER2, HER3, and 

HER4, and is essential to almost every known cellular process. Among these 

four proteins, HER2 is particularly crucial for cardiomyocyte differentiation and 

embryonic cardiac development [77]. EGFR signalling is antiapoptotic, 

indicating that it could lead to uncontrolled growth or intensified oncogenesis. 

To this end, there is sufficient evidence to suggest that EGF-activated VEGF 
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signalling may enable regulation of both angiogenesis and eNOS signalling 

[78]. Taking these factors together, it follows that targeting EGFR to inhibit 

neoplastic growth has become an attractive avenue for potential 

antineoplastic therapies [79]. Unfortunately, EGF inhibitors, such as lapatinib 

or trastuzumab, have recently been linked to cardiac adverse reactions [80]. 

Closely related to the VEGF, the platelet-derived growth factor (PDGF) is 

another key factor for proper myocardial development [81]. Research using 

mouse models has demonstrated that the PDGF also plays a role in the 

angiogenic cardiovascular compensatory stress response [82] and in cardiac 

fibrosis [83]. Inhibition of PDGF by sunitinib has been linked to the 

cardiotoxicity of this drug [74]. 

 

AMP-activated protein kinase (AMPK) is an enzyme that controls cellular 

energy and survival homeostasis. In addition, the active form of AMPK is 

required for mitochondrial fission in response to stress [84]. AMPK activation 

and the subsequent induction of compensatory mechanisms could therefore 

underlie the observed relatively low toxicity rate of lapatinib [80], compared to 

the disruption of myocardial metabolism associated to attenuation of AMPK 

signalling by other tyrosine kinase inhibitors [74]. 

 

2.2 Main classes of drugs causing clinical cardiotoxicity 

2.2.1 Antineoplastic agents 

 

The administration of cytotoxic drugs is always coupled with the risk of 

developing different adverse reactions. While significant improvements have 

been made in recent years regarding the overall safety of chemotherapy, 

cardiovascular damage remains as one of the most common side-effects of 

antineoplastic agents, and often results in diminished life expectancy for 

cancer patients [85]. Two types of chemotherapy-induced cardiotoxicity have 

been established: irreversible, referred to as Type I and characterised by 

cellular damage, and reversible, referred as Type II and characterised by 

cellular dysfunction [86].  
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2.2.1.1 Antimitotic 

2.2.1.1.1 Anthracyclines 

 

Among chemotherapeutic agents, anthracyclines have been shown to be 

effective for the widest range of antineoplastic applications. Anthracyclines 

have four mechanisms of action by which they target actively proliferating 

neoplastic cells: DNA-RNA intercalation, topoisomerase 2 (TOP2B) inhibition, 

iron-mediated generation of free radicals, and inducing the eviction of histone 

from chromatin [87].  

The cumulative and dose-related cardiotoxicity of anthracyclines is primarily 

linked to ROS formation, mitochondrial dysfunction, and cardiomyocyte 

apoptosis [88,89]. Doxorubicin has been additionally shown to upregulate the 

expression of tumor necrosis factor (TNF) mediated death receptors, involved 

in mediating apoptosis in induced pluripotent stem cell-derived 

cardiomyocytes [90]. While cumulative cardiotoxicity is common among this 

class of compounds, there are several anthracyclines claiming to show no 

evidence of anthracycline-induced toxicity. This is for example the case of the 

FDA approved amrubicin, a drug marketed as “Calsed” in 2011 for lung 

cancer treatment. 

2.2.1.1.2 Cross-linking agents 

 

Antimetabolites, among the first effective chemotherapeutic agents, work by 

suppressing the division of potentially cancerous, quickly dividing cells via 

interference with DNA replication. Due to their mechanism of action, the most 

frequent side-effects of antimetabolites are observed in highly proliferative 

tissues such as those found in the gastrointestinal tract, skin or hair. Although 

less common, if cardiotoxicity arises from antimetabolite administration, it 

generally does within a week of therapy with severity ranging from 

symptomatic arrhythmias to sudden cardiac death [91,92]. Additionally, 

antimetabolites affect the coagulation system; 5-fluorouracil (5-FU) and 

cisplatin activate thromboxane A2 (TXA2) formation and platelet aggregation, 

leading to cardiac remodelling and ischemia [93,94]. 5-FU and cisplatin are 
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also known to cause electrolyte imbalances, which play an important role in 

gastrointestinal toxicity [95], and are believed to be involved in their 

cardiotoxicity [96]. Cytarabine is another antimetabolic agent with known 

cardiotoxic effects [97,98]; however, an understanding of cytarabine-induced 

cardiotoxic mechanisms is still lacking. 

2.2.1.1.3  Anti-tubulins 

 

Vinca alkaloids and taxanes, well-established clinical antineoplastic drugs, 

work to eliminate tumours by binding to microtubules. Similar to antimitotics 

and antimetabolites, vinca alkaloids and taxanes target cell division and are 

linked primarily to gastrointestinal toxicity. In addition, the administration of 

vinblastine has been associated with myocardial ischemia and infarction [99]. 

Similarly, paclitaxel and docetaxel have been associated with bradycardia, 

ischemia, and heart failure [100]. One of their proposed mechanisms of 

cardiotoxicity involves the inhibition of actively-proliferating cardiac endothelial 

cells [101]. However, in accordance with the sequential or combinatorial 

nature of cancer treatment, multiple therapeutic agents are often employed to 

eradicate malignant tumours. To this end, tubulin inhibitors are often 

administered following the administration of anthracyclines, often involved in 

cardiovascular adverse events, as described above. Therefore, the precise 

effect of tubulin inhibitors on adverse cardiac reactions yet remains open for 

debate [102]. 

 

2.2.1.2 Tyrosine kinase inhibitors 
 

Tyrosine kinase inhibitors were once thought to be revolutionary for cancer 

treatment, providing targeted therapeutic replacements for other nonspecific 

and side-effect intensive interventions such as radiotherapy [103]. However, 

despite reduced rates of side toxicity, some tyrosine kinase inhibitors have 

been associated with cardiovascular system damage. Cardiotoxicity is linked 

primarily to their inhibition of major signalling pathways responsible for 

cardiomyocyte survival and maintenance, such as in the case of sorafenib or 
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vandetanib, which are VEGF signalling inhibitors [74,104–106]. Lapatinib, an 

inhibitor of EGFR signalling that targets both HER2 and EGFR, presents 

however a low level of cardiotoxicity. As previously discussed, the low level of 

cardiotoxicity of lapatinib is presumably due to its activation of the AMPK 

signalling pathway, which mobilises cardiomyocytes and increases ATP 

synthesis and storage [80]. In contrast, consider the tyrosine kinase inhibitor 

sunitinib, whose targets include VEGFR. Unlike lapatinib, sunitinib inhibits the 

AMPK signalling pathway and potentially inhibits energy metabolism and the 

PDGF signalling, all involved in the cardiomyocyte mechanical stress 

response [74,107]. Imatinib inhibits the chimeric oncogene (brc-abl), the 

protein constructed by the fusion of a breakpoint cluster region (bcr) with an 

Abelson tyrosine kinase (abl). The cardiotoxicity of imatinib is primarily linked 

to the release of B-cell lymphoma 2 (Bcl-2) proteins, which produce 

mitochondrial damage [74]. Interestingly, it has been also shown that imatinib 

is able to inhibit the proliferation and apoptosis of neoplastic cells via inhibition 

of the hERG-encoded channel. In vitro applications of sunitinib and imatinib 

have demonstrated their capacity to activate CaMKII expression and activity, 

but with no effect on myocardial contractility [57]. In addition, sunitinib and 

imatinib demonstrate induction of high ROS levels, leading to an overall 

reduction of cell viability [108]. Other bcl-abl inhibitors, such as dasatinib and 

nilotinib, are also known to induce cardiac adverse events [109], which are 

presumably linked to the inhibition of VEGF signalling [110].  

 

2.2.1.3 Monoclonal antibodies 
 

In the context of antineoplastic immunotherapy, monoclonal antibodies 

represent one of the most promising oncological interventions. Monoclonal 

antibodies, identical to antibodies that are produced by the immune system, 

specifically bind to extracellular and cell-surface proteins, activating cellular 

apoptosis and blocking tumour proliferation. Therapy side effects are primarily 

linked to their target functions. HER2 inhibition by monoclonal antibodies is 

principally associated with cardiac dysfunction [80,111]. The toxicity of 

monoclonal antibodies is less predictable than for anthracyclines, although it 
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is generally reversible. As a representative example, trastuzumab is also 

known to downregulate Neuregulin-1, a signalling molecule involved in 

cardiac homeostasis and development [112]. The most common side effect of 

bevacizumab, an inhibitor of VEGFA, is hypertension, but myocardial 

infarction may occur in some cases [113]. Due to its inhibition of VEGFR 

signalling, bevacizumab also negatively affects the coagulation system. 

 

2.2.1.4 HDAC inhibitors 
 

Histone deacetylase (HDAC) inhibitors have long been used to treat 

neurological disease, but have recently been proposed as a powerful new 

class of antineoplastic agents. However, the growing concern regarding the 

cardiac safety of HDAC inhibitors has slowed down their progress in clinical 

trials. For example, romidepsin, which was approved for clinical use in 2009, 

has been suggested to produce a broad spectrum of cardiac adverse effects, 

including sudden cardiac death [114]. The cardiac adverse events potentially 

caused by romidepsin include QT prolongation and Torsade de Pointes 

arrhythmias, which are primarily linked to its effects on cellular trafficking of 

the hERG channel rather than a direct channel blockage [45,115]. To date, 17 

HDACs exist, classically divided into 4 classes. However, cardiotoxicity is not 

a class specific characteristic. HDAC inhibitors of classes I, II, and IV are 

generally used as antineoplastics, while those suppressing class III (also 

known as sirtuins) could potentially be used to protect cardiac health by 

mainly reducing risk of thrombosis, atherosclerosis, and endothelial 

dysfunction [116,117]. 

 

2.2.1.5 Other antineoplastic agents 
 

Bortezomib is a proteasome inhibitor approved for myeloma treatment that 

inhibits the ability of malignant cells to escape apoptosis. Potential side effects 

include neutropenia, thrombocytopenia and cardiotoxicity. Cardiac adverse 

events are considered reversible, however bortezomib has been reported to 

cause arrhythmias and to even lead to heart failure [118,119]. The 
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mechanism of cardiotoxicity is linked to its primary target, the ubiquitin-

proteasome system, essential for cardiomyocyte and mitochondria function, 

and which also controls hERG channel trafficking [120]. 

 

In addition, recent reports have highlighted concerns over the cardiac safety 

of immune checkpoint inhibitors, newer and highly effective anticancer 

therapies [121,122]. Given their target toxicity, checkpoint inhibitors have 

been generally associated with immune-related complications, such in the 

case of vitiligo [123]. However, lethal myocarditis has also been reported 

during checkpoint inhibitor treatment, although the underlying mechanism of 

cardiotoxicity still remains unknown. 

Used in leukemia treatment, arsenic trioxide is another example of a cancer 

drug that can produce undesired cardiac complications, such as ventricular 

and supraventricular tachycardias [124–126]. Inhibition of hERG trafficking 

induced by the drug results in IKr channel deficiency and action potential 

prolongation, in both animal and human ventricular cells [127]. 

 

2.2.2 Central nervous system agents 

 

The electrophysiological function of both myocardial and nervous tissues 

require the propagation of action potentials, a process triggered by external 

and intracellular mechanisms, which involves the depolarisation and 

repolarisation of cellular membranes. Given the similarities in 

electrophysiology between both systems, central nervous system (CNS) 

agents that target neuronal electrophysiology can also affect cardiac tissue. 

Consequently, drugs that cause neurotoxicity may also result in cardiotoxicity 

[128]. However, neural tissue has a lower tolerance threshold compared to 

cardiac tissue, leading to the manifestation of neurotoxicity at lower doses. In 

addition, some CNS agents have alternative mechanisms of cardiotoxicity that 

do not involve alterations of the electrophysiology. 
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2.2.2.1 Local anesthetics 
 

Both heart and nervous tissues depend on properly functioning sodium 

channels for the triggering of the action potential. Local anaesthetics 

frequently block sodium channels, therefore directly affecting both cardiac and 

nervous tissues. The most cardiotoxic and neurotoxic local anaesthetic is 

cocaine, first used in 1884 [129,130]. The next generation of local 

anaesthetics, such a bupivacaine and lidocaine, was intentionally developed 

to overcome these toxicity issues. However, clinical evaluations demonstrated 

that bupivacaine (markedly more cardiotoxic than other local anaesthetics) 

causes hemodynamic and electrophysiological disturbance, which may result 

in hypoxia, arrhythmia, and even cardiac arrest. Lidocaine and ropivacaine 

have also been shown to cause dose-dependent adverse cardiac reactions 

[131–133]. Together with sodium channel block, an additional hypothesised 

mechanism of toxicity involves the interaction between local anaesthetics and 

mitochondrial membranes by increasing the permeability of cardiolipin, 

therefore interrupting function and potentially inducing apoptosis [68,69]. 

 

2.2.2.2 Antidepressants 
 

A preponderance of the available evidence emphasises antidepressants as 

another class of CNS agents with significant cardiovascular side effects. 

Indeed, several antidepressants were withdrawn from the market or restricted 

for use due to cardiac adverse reactions. Tricyclic antidepressants and 

neuroleptics directly interact with sodium, calcium and potassium channels, 

and in case of overdose can cause fatal arrhythmias and hypotension [134]. 

The next generation of antidepressants has been reported to have fewer 

cardiac adverse effects and are considered to be lower risk, but they too 

inhibit cardiac sodium, calcium and potassium channels [135,136]. For 

example, the selective serotonin inhibitor fluoxetine inhibits both the inward 

slow calcium current (ICaL) and IKr currents in addition to its primary targets. 

At the same time, fluoxetine has been also shown to disrupt hERG trafficking 

[48]. As a result, long-term administration of fluoxetine may result in mild 
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bradycardia. Venlafaxine, another selective serotonin inhibitor, is potentially 

more arrhythmogenic and has been shown capable of blocking the inward 

sodium current (INa) in both humans and animal model organisms [137–139]. 

 

2.2.2.3 Antipsychotic 
 

Psychiatric disorders are known to be accompanied by an increased risk of 

cardiovascular disease [140–142]. In addition, many antipsychotics have been 

found to cause QT prolongation and cardiotoxicity [143]. For example, 

clozapine, one of the most effective psychiatric treatments for schizophrenia, 

has been linked to serious cardiovascular complications such as myocarditis, 

an inflammatory cardiac muscle disease [144,145]. As a result, clozapine is 

generally considered to be a last resort for patients in which other 

antipsychotics are ineffective. However, the mechanism underlying clozapine-

induced myocarditis is unknown. Another example is sertindole, which was 

removed from the market in 1998 [146] due to the increased risk of QT-

prolongation and cardiac sudden death, primary linked to its high-affinity block 

of IKr [147]. It was however re-launched on the European Market in 2005 as a 

medication that requires cardiac monitoring [148]. Other antipsychotics used 

to treat schizophrenia and bipolar disorder, such as thioridazine, ziprasidone, 

and haloperidol, can prolong QT intervals, lead to Torsade de Pointes, or 

even cause sudden cardiac death [149]. Ziprasidone has been shown to block 

IKr, thioridazine blocks both late sodium current (INaL) and IKr, and 

haloperidol blocks IKr, INa, and the inward L-type calcium current (ICaL), but 

shows no effect on INaL [135,150]. Interestingly, ziprasidone and clozapine 

have also been found to block alpha-adrenergic receptors [151], which are 

involved in the regulation of calcium-cycling in cardiomyocytes [152].  

 

2.2.2.4 Neurodegenerative disease agents 
 

At present, neurodegenerative diseases such as Alzheimer’s and Parkinson’s 

disease are incurable, attracting immense interest in the development of new 

prospective therapies. Among them is pergolide, a dopamine receptor 
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antagonist with potential application in the treatment of Parkinson’s disease. 

However, administration of pergolide has been associated with the 

emergence of fibrosis in multiple tissues, including the heart [153,154]. It is 

believed that this side effect results from pergolide activating serotonin 

HTR2B receptors and subsequently inducing the transforming growth factor 

beta (TGF-beta) pathway [155,156]. As a result, pergolide use was restricted 

due to increased risk of fibrotic valvular heart disease.  

 

2.2.2.5 Other central nervous system agents 
 

Methysergide and ergotamine, serotonin 5-HT receptor inhibitors that are 

used to treat migraines, are known to share cardiac adverse effects with 

pergolide and to cause cardiac fibrosis [157]. In addition, a number of appetite 

suppressants including dexfenfluramine, fenfluramine and phentermine, in a 

combination known as fen-phen [158], chlorphentermine [159], and benfluorex 

[160] were lifted from the market due to their associated cardiac fibrosis. The 

primary mechanism by which fibrosis induction occurs is believed to involve 

the activation of the TGF-beta pathway through 5-HT2B receptors. Another 

discontinued appetite suppressant drug, sibutramine [161], was however 

linked to myocardial infarction. The underlying mechanism of this side effect 

has not been fully described, but in vitro experiments demonstrated that 

sibutramine blocks the IKr channel [162,163]. 

 

Opioid analgesics have also been shown to cause significant changes in 

cardiac electrophysiology [164]. This led to the withdrawal of levomethadyl 

acetate in 2001 from the European market [165] and propoxyphene in 2010 

[166]. Although, FDA reported that levomethadyl acetate has no safety 

concerns [167], it was also lifted from the US market in 2003 [168].  

 

2.2.3 Genitourinary system agents 

 

Muscarinic receptor antagonists, an anticholinergic agent, are a class of drugs 

that has been approved for treatment of incontinence. However, muscarinic 
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receptor antagonists have a well-known potential to affect cardiac function. 

Although generally considered to be safe, they may increase heart rate, 

prolong QT, and increase cardiovascular risk when used in combination with 

other medications [169]. Moreover, terodiline, a muscarinic receptor 

antagonist, was withdrawn from the market due to serious cardiac side 

effects, such as Torsades de Pointes and even cardiac arrest among older 

patients [170]. The toxicity of terodiline is linked to the inhibition of the hERG 

encoded channel and disruption of calcium cycling, with its cardiotoxic effects 

depending on concentration and genetic background [16]. The withdrawal of 

terodiline has since then raised concerns about potential cardiac adverse 

reactions by the whole group of muscarinic receptor antagonists.  

 

2.2.4 Gastrointestinal agents 

 

Cisapride, a drug that increases motility in the upper gastrointestinal tract, 

was designed to block serotonin 5-HT4, but it also inhibits the hERG encoded 

channel, in addition to 5-HT3A and 5-HT2A serotonin receptors [171]. Its 

marked hERG inhibition produced cardiac arrhythmias and Torsade de 

Pointes, leading to the withdrawal of cisapride from the market in most 

countries [172]. Tegaserod, a non-selective 5HT4 inhibitor, was also 

withdrawn by the FDA in 2007 despite absence of reports showing it is able to 

inhibit the hERG channel [173]. New versions of selective 5-HT4 blockers, 

such as clebopride and mosapride, are considered cardiac safe [174]. 

 

Loperamide, an opioid antagonist approved for the treatment of diarrhoea 

symptoms, primarily works by blocking the mu-opioid receptor. In addition to 

its primary target, loperamide has been shown to inhibit voltage-gated calcium 

channels and may produce cardiotoxic effects in humans and model 

organisms [170,175–177]. In 2016, the FDA issued an announcement 

indicating that high doses of loperamide, or its misuse thereof, could cause 

serious cardiac adverse events, including lethal heart attacks [178].  
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Another group of gastrointestinal agents labelled as cardiotoxic are proton 

pump inhibitors, such as omeprazole. While the direct connection between 

omeprazole and cardiotoxicity has never been fully established and the 

mechanism of action remains unknown [179], it is possible it arises due to the 

production of ADMA, which interferes with NO synthesis and accelerates 

endothelial cellular senescence [56,180,181].  

 

2.2.5 Antihistamines 

 

H1-Antihistamines are systematically associated with cardiac adverse events. 

They work to reduce the severity of allergic responses by blocking histamine 

H1-receptors on the cell surface. The biological role of histamines includes 

participation in the immune response to pathogens and allergens by 

increasing the permeability of capillaries. Within the cardiovascular system, 

the stimulation of H1 receptors results in the constriction of coronary blood 

vessels, inducing a positive chronotropic effect. However, two second-

generation antihistamines, terfenadine and astemizole, were withdrawn from 

the market due to QT prolongation and Torsades de Pointes [182], linked to 

their direct block of IKr in addition to their main targets [183]. 

Diphenhydramine, the first antihistamine introduced to the market, also 

demonstrates a QT prolongation signature but only upon overdose.  

 

2.2.6 Anti-inflammatory agents 

 

Non-steroidal anti-inflammatory drugs (NSAIDs) are a broad class of agents 

that target one or both prostaglandin synthases (COX-1 and COX-2), and 

hence display anti-inflammatory properties. NSAIDs side toxicities, such as 

gastrointestinal toxicity, are primarily due to COX-1 inhibition. To circumvent 

these adverse side effects, new generations of NSAIDs selectively target the 

COX-2 enzyme. However, both selective COX-2 inhibitors and high doses of 

nonselective COX inhibitors display cardiotoxic side effects. To this end, in 

2004 the FDA withdrew the COX-2 inhibitor rofecoxib – one of the most widely 

used drugs ever withdrawn from the market. While the significant 
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cardiotoxicity of rofecoxib seems to be linked to its unique metabolism [184], 

in 2007 the FDA issued a non-approval letter for the selective COX-2 inhibitor 

etoricoxib due to cardiotoxic concerns. In response to these concerns, the 

FDA strengthened the safety warning on NSAIDs labels in 2015 [185]. Long-

term administration of both selective COX-2 inhibitors, such as diclofenac, 

and non-selective COX-1/COX-2 inhibitors, such as ibuprofen, naproxen, and 

indomethacin, has been shown to increase the risk of cardiac arrest [186]. 

The mechanism by which selective COX-2 inhibitors induce cardiotoxicity is 

primarily linked to blocking prostacyclin synthase with no effect on TXA2 

synthesis, leading to an increased risk of thrombosis [187]. In contrast to 

antimetabolites that induce TXA2 formation, increasing the risk of ischemia, 

evidence suggests that COX-2 inhibitors decrease the risk of ischemia due to 

their ability to reduce inflammation [188,189]. 

 

2.2.7 Anti-infective agents 

 

Anti-infective agents are compounds with “selective toxicity” against 

pathogens, such as bacteria, viruses or other microorganisms. Anti-infective 

agents vary by the mechanism of action and side effects. 

 

2.2.7.1 Antibiotics 
 

Antibiotics are among the most prescribed drugs in the world and work 

primarily by disrupting bioactive processes of pathogens, such as cell wall 

construction, protein and nucleic acid metabolism and repair. Since human 

cells share some functions with prokaryotic pathogens, some antibiotics (such 

as anthracyclines) are used as antineoplastic agents. The cardiotoxicity of 

cytostatic antibiotic agents has been discussed above. Macrolides, antibiotics 

whose primary mechanism of action is the inhibition of bacterial protein 

synthesis via inhibition of prokaryotic ribosomal subunits, and widely used to 

treat respiratory infections, have also been shown to block hERG channels 

[190]. Macrolides such as erythromycin, azithromycin and clarithromycin are 

considered arrhythmogenic [191]. It also has been shown that macrolides 



41 

cause mitochondrial toxicity by inhibiting protein synthesis in mitochondria 

[192]. Fluoroquinolones is another group of antibiotics that affects hERG 

channel and could cause Torsades de Pointes [193]. Due to this effect, 

fluoroquinolones such as grepafloxacin and sparfloxacin were discontinued in 

use. 

 

2.2.7.2 Antivirals 
 

Alongside with antibiotics, which are sometimes referred to as antibacterial 

agents, antiviral agents are a class of drugs used to target pathogens, but 

may cause adverse reactions in human tissues. Viruses vary widely by their 

mechanism of host tissue infection and transfection (transfer of nucleic acids 

with genetic information into host cells), and antiviral compounds are usually 

only effective against one family of viruses. The process of designing safe 

antiviral drugs is complicated by the fact that viruses use host cell structures 

to replicate. One of the major concerns associated with the administration of 

antiviral drugs is mitochondrial toxicity in liver, skeletal muscle, and heart 

tissue [66]. Azidothymidine, an antiretroviral HIV treatment, has been shown 

to induce mitochondrial dysfunction, leading to mitochondrial fragmentation 

and impaired fusion-fission cycle [67]. Azidothymidine also inhibits 

mitochondrial DNA polymerase alongside its main target, reverse 

transcriptase [66]. Another antiviral agent recently reported as cardiotoxic is 

sofosbuvir, an inhibitor of RNA polymerase nonstructural protein 5B, used to 

treat hepatitis C. Although the drug exhibited a cardiac-safe profile during 

clinical trials, several cases of severe bradycardia were reported post-

marketing [194]. However, the mechanism by which sofosbuvir induces 

cardiac adverse effects is still unclear.  

 

2.2.7.3 Other anti-infective 
 

Pentamidine, used to treat leishmaniasis, trypanosomiasis and pneumonia, 

has been associated with QT-prolongation and ventricular arrhythmias in case 

of intravenous treatment [195]. In vitro experiments showed that while being a 
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poor direct blocker of IKr at therapeutic concentrations [196], pentamidine 

inhibits trafficking of the channel causing action potential prolongation in both 

animal and human cells [38,197]. 

 

2.2.8 Cardiovascular agents 

 

Worsening of arrhythmic risk is one of most serious side effects of some 

antiarrhythmic agents. A number of highly potent drugs were lifted from the 

market or restricted in use due to their proarrhythmic effects, including 

dofetilide and encainide. Some non-selective calcium blockers, such as 

lidoflazine and prenylamine, were also suspended from the market due to 

their life-threatening QT prolongation. This side effect is primarily linked to the 

high-affinity block of the IKr channel by these drugs [198,199]. Buflomedil, an 

alpha-adrenoceptor antagonist, was withdrawn from the European market due 

to its unfavorable cardiac safety profile [200]. The selective beta-adrenoceptor 

blocker orciprenaline was removed from the market due to life-threatening 

cardiac side effects, linked to its primary target [201]. 

 

Landmark clinical trials were designed to investigate the efficacy and safety of 

cardiovascular agents, such as the Cardiac Arrhythmia Suppression Trial 

(CAST), which was focused on the class I antiarrhythmic agents encainide 

and flecainide [202]. Results of this study revealed that structural disease is 

the major risk factor for developing adverse reactions to flecainide. Later, the 

Survival With Oral d-Sotalol (SWORD) study raised concerns regarding the 

use of class III antiarrhythmic agents, and also demonstrated that patients 

after myocardial infarction are at a higher risk of developing drug-induced 

arrhythmias (Waldo, 1996). The same was shown for dronedarone, another 

class III antiarrhythmic compound, as reported in the Antiarrhythmic Trial with 

Dronedarone in Moderate to Severe CHF Evaluating Morbidity Decrease 

(ANDROMEDA) [203], and in the Permanent Atrial Fibrillation Outcome Study 

Using Dronedarone on Top of Standard Therapy (PALLAS) studies [204].  
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Although a cholesterol-lowering agent probucol has been associated with QT-

prolongation and arrhythmias [195], it was discontinued from the US market in 

2009 due to lack of efficacy against coronary artery disease [205]. Probucol 

affects hERG trafficking, and it has been consequently shown to cause 

electrophysiological abnormalities in neonatal rat ventricular cardiomyocytes 

[43]. 

 

2.2.9 Other agents 

 

One of the negative effects of anti-diabetic drugs is their increased risk of 

heart failure, which has been demonstrated by a number of studies [206], 

including the famous Framingham Study [207]. In light of such a risk, in 2010 

EMA and FDA issued prescribing and dispensing restrictions for different 

drugs containing rosiglitazone, a thiazolidinedione class anti-diabetic drug 

[208]. However, after a thorough examination of large clinical trials, the FDA 

removed those restrictions and eliminated the risk evaluation and mitigation 

strategy for rosiglitazone, confirming its cardiac safety [209]. In addition to the 

debatable safety of rosiglitazone, concerns regarding the safety of saxagliptin 

and alogliptin were raised [210].  

 

In 2007, the cough suppressant clobutinol was lifted from the market by its 

manufacturer due to risk of QT prolongation [211]. Animal experiments 

suggested that clobutinol inhibits the IKr channel and induces Torsades de 

Pointes [212]. 

 

2.3 Conclusions 
 

In this chapter, I have presented a comprehensive discussion on drug-protein 

mechanisms underlying drug-induced cardiotoxicity in humans. This 

significantly broadens other studies by covering side effects and cardiotoxic 

mechanisms of cardiovascular, anticancer, central nervous system, 

genitourinary, gastrointestinal, antihistamines, anti-inflammatory, and anti-

infective agents, beyond their direct interactions with cardiac 
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electrophysiology. As a result, I demonstrate that many of these drug classes 

share common modes of action on cardiac function and on adverse cardiac 

events, with cardiotoxicity frequently resulting from the simultaneous 

interruption of key myocardial functions and viabilities (mitochondrial 

dysfunction, inhibition of major signalling pathways responsible for 

cardiomyocyte survival and maintenance, fibrosis, NO synthesis, calcium 

cycling and cellular trafficking). 

 

The understanding of the mechanisms of drug-induced toxicity and 

differences in cardiac safety profiles of therapies is a subject of great 

importance for the development of new compounds, and of safety assays for 

preclinical testing. In the same fashion, a refined understanding of the 

multifaceted components of cardiotoxicity can lead to the development of 

cardioprotective agents, with the potential of reducing the manifestation and 

damage of otherwise effective but risky drugs. As an exemplar, statins have 

been proposed to lower anthracycline-induced harm via a reduction of ROS 

initiated signalling and regulation of TOP2B [213]. Equivalently, the activation 

of the AMPK pathway by lapatinib may underlie its lower cardiotoxicity 

compared to other tyrosine kinase inhibitors. In fact, other AMPK activators, 

such as metformin, have been shown to be protective for several heart 

conditions [214]. 

 

As stated above, this chapter focuses on mechanisms of drug-induced 

cardiac side reactions, concentrating its scope on drug-protein interactions. 

Drug-drug and drug-food interactions are also known to promote adverse 

cardiovascular effects, usually linked to competition between enzymes 

participating in drug metabolism, or alterations in drug metabolism [215,216]. 

In addition to these, recent advances in the annotation of RNA-RNA 

interactions suggest they might be of even higher importance in cardiac 

disease, such as heart failure and hypertrophy [217,218]. It has also been 

proposed that RNA-RNA interactions are involved in the regulation of channel 

trafficking, and dysregulation of these interactions could cause arrhythmia 

[219]. Among those discussed in this review, the anti-cancer drugs 5-FU and 
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cisplatin are also known to interact with micro-RNA and perturb RNA-RNA 

intercommunication [220].  

 

All these mechanisms of drug-induced cardiotoxicity therefore constitute 

important and promising prospects for future investigations into drug 

discovery, safety pharmacology, and continuous pharmacovigilance studies. 

As a result, their integration as a priority into multi- and inter-disciplinary 

approaches across academia, industry, and healthcare settings, for the 

complex characterisation of human heart physiology [221], is therefore 

expected to yield major advances for the analysis and prediction of adverse 

drug reactions and cardiotoxicity in human, both in health and disease.  
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Table 2-1 List of compounds with their targets and cardiac side effects. 

Drug 

Introduced - 

Withdrawn 

(Years) 

Mechanism of 

action with targets 

Side effects on 

cardiac function 
Mechanism of cardiac toxicity Ref. 

Antineoplastic agents 

Doxorubicin 1978 - NA DNA intercalation, 

inhibition of TOP2B 

Arrhythmias, 

heart failure 

Mitochondrial toxicity, oxidative 

stress leading to apoptosis 

[87,222] 

Daunorubicin 1980 - NA Inhibition of TOP2B Arrhythmias, 

heart failure 

Mitochondrial toxicity, oxidative 

stress learning to apoptosis 

[222,223] 

Idarubicin 1989 - NA Inhibition of TOB2B Arrhythmias, 

heart failure 

Mitochondrial toxicity, oxidative 

stress learning to apoptosis 

[222] 

5-fluorouracil 2000 - NA DNA cross-linking Arrhythmias, 

myocardial 

ischemia, heart 

failure 

TXA2 activation leading to cardiac 

remodelling, electrolyte imbalances 

[91,224] 
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Cisplatin 1978 - NA DNA cross-linking Arrhythmias, 

myocardial 

ischemia, heart 

failure 

TXA2 activation leading to cardiac 

remodelling, electrolyte imbalances 

[91,225] 

Paclitaxel 1995 - NA Inhibition of beta 

subunit of tubulin, 

Bcl-2  

Bradycardia, 

myocardial 

ischemia, heart 

failure 

Apoptosis of cardiac endothelial 

cells 

[226,227] 

Docetaxel 1991 - NA Inhibition of beta 

subunit of tubulin, 

Bcl-2  

Bradycardia, 

myocardial 

ischemia, heart 

failure 

Apoptosis of cardiac endothelial 

cells 

[100,228] 

 

Vinblastine 1960s - NA Inhibition of alpha 

beta and delta 

subunits of tubulin 

Myocardial 

ischemia, heart 

failure 

Apoptosis of cardiac endothelial 

cells 

[99] 

Cytarabine 1966 - NA DNA intercalation, 

Inhibition of DNA 

Bradycardia, 

heart failure, 

Unknown [97,98] 
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polymerase beta ischemia 

Imatinib 2016 - NA Brc-Abl kinase, KIT, 

RET  

Systolic heart 

failure, heart 

failure, left 

ventricular 

dysfunction 

Release of Bcl-2 proteins leading 

to mitochondrial toxicity, oxidative 

stress leading to apoptosis, 

disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition 

[109] 

Dasatinib 2016 - NA Brc-Abl kinase, 

EPHA2, LCK, YES1  

Heart failure Disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition 

[109] 

Sorafenib  2006 - NA Inhibition of BRAF 

kinase, FLT3, 

RAF1, VEGFR3, 

VEGFR2, PDGFRB, 

KIT, FGFR1, RET, 

FLT1 

Heart failure, 

myocardial 

ischemia, QT 

prolongation 

Disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition 

[229] 

Lapatinib 2004 - NA Blocking of EGFR, Left ventricular Disruption of cardiomyocytes [230] 
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HER2 ejection fraction, 

congestive heart 

failure 

survival via EGF signalling 

inhibition 

Nilotinib 2005 - NA Inhibition of ABL1, 

blocking of KIT  

Myocardial 

ischemia 

Disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition 

[109] 

Sunitinib 2006 - NA Inhibition of 

PDGFRB, FLT1, 

KIT, KDR, FLT4, 

FLT3, CSF1R, 

PDGFRA 

Long QT, left 

ejection fraction, 

myocardial 

infarction 

Disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition, disruption of stress 

response via PDGF signalling 

inhibition, disruption of energy 

homeostasis and mitochondrial 

fusion-fission system via inhibition 

of AMPK signalling 

[107] 

Vandetanib 2011 - NA Inhibition of VEGFA, 

EGFR, PTK6, TEK 

Long QT Disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition, disruption of 

[230,231] 
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cardiomyocytes survival via EGF-

signalling inhibition  

Trastuzumab 2016 - NA Blocker of HER2 Heart failure, 

tachycardia 

Disruption of cardiomyocytes 

survival via EGF signalling 

inhibition 

[80,112] 

Bevacizumab 2016 - NA Blocker of VEGFA Heart failure Disruption of cardiomyocytes 

survival via VEGF signalling 

inhibition 

[113] 

Bortezomib 2003 - NA Inhibition of PSMB5, 

PSMB1 

Heart failure, 

arrhythmia 

channel trafficking inhibition  [118,119] 

Romidepsin 2009 - NA Inhibition of HDAC1, 

HDAC2, HDAC4, 

HDAC6, ABCC1 

QT-prolongation, 

myocardial 

infarction 

channel trafficking inhibition [232] 

Ipilimumab 2011 - NA Inhibition of CTLA-4 Lethal 

myocarditis 

Unknown [121,122] 

Nivolumab 2017 - NA Inhibition of PD-1 Lethal Unknown [121,122] 
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myocarditis 

Arsenic 

trioxide 

2000 - NA Inhibition of 

TXNRD1, activation 

of IKBKB, JUN, 
MAPK3, MAPK1 

 

QT-prolongation, 

tachicardia 

channel trafficking inhibition [124–126] 

Anti-inflammatory agents 

Rofecoxib 1999 - 2004 Inhibition  of COX2 Myocardial 

infarction 

Blocking prostacyclin synthase [233] 

Diclofenac 1986 - NA Inhibition of COX1, 

COX2, SCN4A, 

ASIC1 and 

potentiation of 

ALOX5 

Myocardial 

infarction 

Blocking prostacyclin synthase [186,234] 

Naproxen 1978 - NA Inhibition of COX1, 

COX2 

Myocardial 

infarction 

Blocking prostacyclin synthase [186] 



52 

Ibuprofen 1978 - NA Inhibition of COX1, 

COX2  

Myocardial 

infarction, 

hypertension 

Blocking prostacyclin synthase [186,234] 

Indomethacin 1966 - NA Inhibition of COX1, 

COX2, PLA2G2A, 

GLO1 and activation 

of  PPARG 

Myocardial 

infarction 

Blocking prostacyclin synthase [186,234] 

Etoricoxib 2002 - 2007 Inhibition of COX2 Thrombotic 

events 

Blocking prostacyclin synthase [186,234] 

Central nervous system agents 

Lidocaine 1944 - NA 

Inhibition of 

SCN10A, SCN9A, 

SCN5A, blocking of 

EGFR 

Bradycardia, 

cardiac arrest,  

Inhibition of voltage gated sodium 

channel, mitochondrial toxicity 
[133,235] 

Cocaine 1884 - NA  
Inhibition of 

SLC6A3, SLC6A2, 

Left ventricular 

hypertrophy, 

Inhibition of voltage gated sodium 

channel, mitochondrial toxicity 
[130] 
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SLC6A4, SCN5A arrhythmias 

Bupivacaine 1965 - NA 
Inhibition of 

SCN10A 

Ventricular 

arrhythmias, 

myocardial 

depression 

Inhibition of voltage gated sodium 

channel, mitochondrial toxicity 
[132] 

Fluoxetine 1990 - NA Inhibition of SLC6A4 Bradycardia 
Inhibition of ICa-L and IKr, channel 

trafficking inhibition 
[236] 

Venlafaxine 1986 - NA 
Inhibition of SLC6A4, 

SLC6A2  

QT prolongation, 

arrhythmias 
Inhibition of INa [237,238] 

Ziprasidone 2001 - NA 

Inhibition of DRD2, 

HTR2A, DRD1, 

DRD5, DRD3, 

DRD4, HTR1B, 

HTR1D, HTR1E, 

HTR2C, HTR3A, 

HTR6, HTR7, 

HRH1, ADRA1A, 

QT prolongation, 

TdP, Sudden 

cardiac death 

Inhibition of IKr [149] 
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ADRA1B, ADRA2A, 

ADRA2B, ADRA2C, 

CHRM1, CHRM2, 

CHRM3, CHRM4, 

CHRM5 and 

activation of 

HTR1A,  

Haloperidol 1967 - NA 

Blocking of DRD2, 

GRIN2B, DRD1 and 

inverse activation of 

DRD3 

QT prolongation, 

TdP, sudden 

cardiac death 

 

Inhibition of IKr, INa, ICa-L [149] 

Thioridazine 1978 - NA 

Blocking of DRD2, 

DRD1, ADRA1A, 

ADRA1B, HTR2A, 

inhibition of KCNH2 

QT prolongation, 

TdP, sudden 

cardiac death 

Inhibition of INa-L, IKr [149] 

Clozapine 1991 - NA 
Blocking of DRD2, 

HTR2A, DRD1, 

Myocarditis, 

cardiomyopathy 
Unknown [144,145] 
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DRD3, DRD4, 

HTR1A, HTR1B, 

HTR1D, HTR1E, 

HTR2C, HTR3A, 

HTR6, HTR7, 

HRH1, HRH4, 

ADRA1A, ADRA1B, 

ADRA2A, ADRA2B, 

ADRA2C, CHRM1, 

CHRM2, CHRM3, 

CHRM4, CHRM5 

Sertindole 1998(1) - 2014 

Blocking of DRD2, 

HTR2A, HTR2C, 

HTR6 

QT prolongation, 

TdP, sudden 

cardiac death 

Inhibition of IKr [143] 

Pergolide 1987 - NA 

Blocking of DRD2, 

DRD3, DRD4, 

HTR1A, HTR2B, 

HTR1D, ADRA2B, 

Valvular heart 

disease 

Induction of fibrosis via HTR2B-

induced activation of TGF-beta 

signalling 

[154,155] 



56 

ADRA2A, ADRA2C, 

DRD5, DRD1, 

HTR2C, ADRA1B 

Methysergide 1965 - NA 

Blocking of HTR2B, 

HTR2C, HTR2A, 

HTR7, activation of 

HTR1A and binding 

HTR1B, HTR1F, 

HTR1E 

Valvular heart 

disease 

Induction of fibrosis via HTR2B-

induced activation of TGF-beta 

signalling 

[154] 

Ergotamine 1925 - NA 

Activation of 

HTR1D, HTR1B, 

HTR2A, DRD2, 

ADRA1A 

Valvular heart 

disease 

Induction of fibrosis via HTR2B-

induced activation of TGF-beta 

signalling 

[157] 

Dexfenflurami

ne 
1996 - 1997 Inhibition of SLC6A4 

Valvular heart 

disease 

HTR2B-induced activation of TGF-

beta signalling 
[239,240] 

Fenfluramine 1973 - 1997 
Inhibition of SLC6A4 

and blocking of 

Valvular heart 

disease 

HTR2B-induced activation of TGF-

beta signalling 
[240,241] 
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HTR2B 

Phentermine 1959 - 1997 

Inhibition of  

SLC6A2, SLC6A4,  

SLC6A3, blocking of 

MAOB, MAOA 

Valvular heart 

disease 

HTR2B-induced activation of TGF-

beta signalling 
[240] 

Chlorphenterm

ine 
1966 - 1969 Blocking of of 5-HTs 

Pulmonary heart 

disease 

HTR2B-induced activation of TGF-

beta signalling 
[242] 

Benfluorex 1972 - 2009 Blocking of 5-HT2B 
Valvular heart 

disease 

HTR2B-induced activation of TGF-

beta signalling 
[243] 

Sibutramine 2001 - 2002 

Inhibition of 

SLC6A4,  

SLC6A2,  

SLC6A3 

Myocardial 

infarction 
Inhibition of IKr [244–246] 

Propoxyphene 1957 - 2010 
Activation of OP1, 

OP2, and OP3 

QT prolongation, 

TdP 
Inhibition of IKr [164] 

Levomethadyl 1991 - 2003 Activation of QT prolongation, Inhibition of IKr [247] 
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acetate OPRM1 TdP 

Gastrointestinal agents 

Loperamide 1976 - NA Blocking of  

OPRM1, OPROD1, 

OPRK, inhibition of 

POMC and 

modulation of 

CALM1  

Cardiac arrest, 

QT prolongation, 

ventricular 

tachycardia, TdP 

Inhibition of voltage gated calcium 

channels 

[248,249] 

Omeprazole 1987 - NA 
Inhibition of the 

ATP4A 

Acute 

myocardial 

infarction, heart 

failure 

Disruption of NO synthesis via 

ADMA production 
[179] 

Cisapride 1980 - 2000 

Blocking  of HTR4, 

HTR3A, HTR2A and 

inhibition of KCNH2 

Ventricular 

arrhythmia, QT 

prolongation, 

TdP, cardiac 

arrest 

Inhibition of IKr [250] 
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Tegaserod 1997 – 2007(2) 

Blocking of HTR4, 

HTR2B, HTR2C, 

HTR2A 

Ischemia Inhibition of IKr [173] 

Genitourinary system agent 

Terodiline  1975 - 1991 Blocking mAChRs 

Ventricular 

tachycardia, 

cardiac death 

Inhibition of IKr, block of calcium-

cycling 
[170,251] 

Anti-Allergic agents 

Astemizole 

 
1992 - 1999 

Blocking of HRH1 

and inhibition of 

KCNH2 

long QT 

syndrome, TdP 
Inhibition of IKr [182,252] 

Diphenhydram

ine  
1946 - NA 

Blocking of HRH1 

and CHRM2 
QT prolongation Inhibition of IKr [138,253] 

Terfenadine 1985 - 1997 Blocking of HRH1 
QT prolongation, 

TdP 
Inhibition of IKr [254] 
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Anti-infective 

Clarithromycin 1993 - NA 

Inhibition of rpIJ, 

SLCO1B1, 

SLCO1B3 

QT prolongation, 

myocardial 

infarction, 

arrhythmias, 

cardiac death 

Mitochondrial toxicity [255,256] 

Azithromycin 1988 - NA 

Inhibition of 23s 

rRNA, rpID, rpIV, 

PADI4 

QT prolongation, 

TdP, cardiac 

death 

Mitochondrial toxicity [257] 

Erythromycin 1955 - NA 

Inhibition of 23s 

rRNA, MLNR, 

KCNH2, ALB 

QT prolongation, 

ventricular 

tachycardia, 

TdP, ventricular 

fibrillation 

Mitochondrial toxicity [191] 

Grepafloxacin 1999 - 1998 

Inhibition of  

gyrA,  

parC 

QT prolongation Inhibition of IKr [193] 



61 

Sparfloxacin 1997 - 2001 

Inhibition of  

parC, gyrA,  

TOP2A 

QT prolongation Inhibition of IKr [193] 

Azidothymidin

e 
1989 - NA 

Inhibition of Pol, 

TERT 

Dilated 

cardiomyopathy 
Mitochondrial toxicity [258] 

Sofosbuvir 2013 - NA Inhibition of NS5b Bradycardia Unknown [194] 

Pentamidine 1975 - NA 
Inhibition of RNA 

transfer 

QT prolongation, 

arrhythmias 
Inhibition of IKr trafficking [195] 

Cardiovascular agents 

Dofetilide 2000 - 2004 

Inhibition of  

KCNH2, KCNK2,  

KCNJ12 

QT prolongation, 

TdP 
Inhibition of IKr [259] 

Encainide 

HCL 
1987 - 1991 

Inhibition of  

SCN5A 

QT prolongation, 

TdP 
Inhibition of IKr [202] 

Prenylamine 1960s - 1988 Blocking of MYLK2, QT prolongation, Inhibition of IKr [260] 
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CALM 

 

TdP, cardiac sudden 

death, ventricular 

tachycardia 

Lidoflazine 1973 - 1989 
Blocking of calcium 

channels  
QT prolongation Inhibition of IKr [261] 

Buflomedil 1970s(3) - 2011 
Blocking of 

ADRA1A, ADRA2A 

QT prolongation, 

cardiac arrest 
Unknown [260,262] 

Orciprenaline 1965 - 2011 Activation of ADRB2 
Tachycardia, 

palpitations 
Activation of ADRB2 [201] 

Probucol 1995 – 2009(4) 
Inductor of LDL 

catabolism 

QT prolongation, 

arrhythmias 
Inhibition of IKr trafficking [195] 

Other agents 

Rosiglitazone 1994 - NA 
Activation of  

PPARG 
Heart failure(5) Unknown [263] 

Saxagliptin 2009 - NA Inhibition of  Heart failure Unknown [264] 
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DPP4 

Alogliptin 2013 - NA 
Inhibition of  

DPP4 
Heart failure Unknown [265] 

Clobutinol 1963 - 2007 Inhibition of GABA receptors QT prolongation Inhibition of IKr [211] 

Drug targets with a known pharmacological action of drugs were extracted from DrugBank database (www.drugbank.ca). Information on the year a drug was 
launched on market and withdrawn from the market was collected from MeSH database (https://www.ncbi.nlm.nih.gov/mesh) and from literature.  

(1) Australia approved 

(2) Available only under a restricted distribution program 

(3) EMA approved only 

(4) Removed from the US market 

(5) FDA lifted restrictions for rosiglitazone and confirmed its safety  
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3 Computational approaches for prediction and 
investigation of drug-induced cardiac side effects  

 

3.1 Introduction 
 

In this chapter, I begin with a review of existing studies on transcriptional 

markers of drug-induced cardiac damage. Following this, I provide an 

introduction to gene expression analysis. I then introduce and review the 

methods of predicting adverse reactions caused by drugs using machine 

learning methods. I provide a summary of recent case studies describing 

machine-learning-based approaches to predicting drug-induced cardiotoxicity. 

This is followed by a review of the known limitations and challenges of 

machine learning analysis. After, I consider current literature on cardiac 

electrophysiological modelling and simulation, introducing populations of 

models and the set of biomarkers I will use to evaluate those model outputs. 

Finally, I provide an overview of the available databases for the modelling of 

drug-induced cardiotoxicity.  

 

3.2 Gene expression signatures of drug-induced cardiac damages 
 

The accumulated body of evidence suggests that gene expression signatures 

could be used as biomarkers of cell response to drugs [266–268]. One of the 

studies demonstrated that 35 out of 84 genes involved in cardiac function and 

stress response were associated with single and repeated incubations of 

iPCS-derived cardiomyocytes with three anthracyclines: doxorubicin, 

daunorubicin and mitoxantrone [269]. Anthracyclines are known for their 

dose-related and cumulative cardiotoxicity, and this finding suggests that 

severe cardiotoxicity could be predicted at the preclinical level.  

 

Multiple studies have explored transcriptome perturbations in cells exposed to 

doxorubicin at different doses and incubation times [270–272]. In 2015, 

Holmgren and colleagues [272] reported results for 48 hours of incubation and 
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post-exposure (12 days after doxorubicin washout) for cardiomyocytes 

derived from human embryonic stem cells (hESC), demonstrating the 

activation of cellular response to stress, including apoptosis and p53 

signalling pathways, master regulators of apoptosis and cell cycle arrest 

proteins. Notably, levels of lactate dehydrogenase and cardiac-specific 

troponin T, markers that are usually measured in the clinic to evaluate cardiac 

damage, were only predictive alone of an acute response. In addition, gene 

expression changes were more specific with respect to the p53 signalling 

network, and the growth differentiation factor 15 (GDF15) showed constant 

upregulation and a dose-specific response after exposure and in post-

treatment. Gene expression and pathways analyses performed using data 

from iPSC-derived cardiomyocytes, incubated chronically (48 hours) with 

doxorubicin and in post-exposure cells (5 days incubation after doxorubicin 

washout), showed similar results [271]. After 48 hours of incubation, cells 

showed downregulation of cell cycle progression and cell division pathways 

and upregulation of apoptotic pathways. Interestingly, expression values of 

some genes of post-exposure cells demonstrate a return to the baseline 

values. 

 

iPSC-derived cardiomyocytes were also used to explore the transcriptional 

response to HDAC inhibitors [273]. To analyse the time evolution of the 

response, the authors compared 2 and 4 hours and 12 and 24 hours of 

incubation of a severe cardiotoxic group (0.5 µM dacinostat, 0.1 µM 

panobinostat, and 5 µM vorinostat), an intermediate group (0.01 µM 

panobinostat and 0.3 µM vorinostat) and a “relative” noncardiotoxic group (0.3 

µM entinostat, 1 µM tubastatin-a, and 0.1 µM vorinostat). Both the severe and 

intermediate groups demonstrated similar time-dependent dynamics 

suggesting a common mechanism of action. Adrenergic receptor activity 

microtubule and cytoskeleton-based transport, cardiac muscle cell 

contraction, and Z-disc and unfolded protein binding were among the top 

most-perturbed expression pathways, which is in agreement with the 

observed contractile dysfunction of cells caused by drugs. 
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Tyrosine kinase inhibitors are yet another pharmacological group used to 

determine the value of gene expression signatures in predicting drug-induced 

cardiac disorders. In this way, Wang et al. [274] profiled various doses and 

incubation times of sunitinib, sorafenib, lapatinib and erlotinib in iPSC-derived 

cardiomyocytes, and showed that their transcriptional signatures are diverse 

and different from those of doxorubicin. Nonetheless, the authors found that 

the response of iPSC-derived cardiomyocytes to tyrosine kinase inhibitors is 

more complex and that cells showed little or no cell death, which had been 

previously suggested as a potential mechanism of toxicity. They also reported 

that gene sets related to metabolism, lipid biosynthesis and extracellular 

remodelling were perturbed by all four tyrosine kinases.  

 

Earlier, Matsa and colleagues proposed to use iPSC-derived cardiomyocytes 

to evaluate potential patient-specific responses to drugs [275]. They first 

analysed individual signatures of untreated cells derived from seven patients 

and then explored how those cells responded to the treatment of tacrolimus 

and rosiglitazone, which are known to cause cardiac complications in patients. 

 

3.3 Gene expression analysis 
 

Gene expression analysis is routinely used in biomedical research. Gene 

expression profiling has evolved from the detection of expression levels of 

single genes to genome-wide analysis using microarray systems or RNA 

sequencing. Moreover, the challenge no longer lies in obtaining mRNA levels 

but in interpreting the results. Typically, gene expression levels are profiled for 

samples of interest and matching controls, which are then presented in 

tabular format, i.e. as a matrix i × j, where i is the number of genes and j is the 

number of samples. The number of profiled samples is usually small, while 

the number of profiled genes or transcripts is large, so gene expression 

suffers from the curse of dimensionality. As a result, several approaches for 

gene expression analysis exist: differential gene analysis and gene sets 

analysis. Differential gene analysis operates with individual genes in order to 

obtain the list of the most perturbed genes, and then link them to their 
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potential biological functions. On the other hand, gene sets (also called 

pathway analysis) works with lists of genes united by their function, location in 

the cell, etc.  

 

3.3.1 Gene list annotation 

 

Historically, the difference between the control sample and the examined 

samples is calculated as fold change (FC), so the differential expression of a 

gene is a relative value: 

(3.1) !"! = !(!!)
!(!!)

,  

where ! !!  is mean of the expression level of gene A in the control samples 

and !(!!) in the sample of interest (treated or diseased), respectively. For 

ease of manipulation, fold changes are usually log2 transformed. For example, 

if the log2FC for a particular gene equals 3, it means that the sample of 

interest demonstrates an eight-fold increased expression of this gene. In 

contrast, if the log2FC equals -3, it means that the expression of a gene is 

eight-fold decreased. The threshold of significance of log2FC is somehow 

arbitrary, and usually a |log2FC|≥1.5 is considered to be meaningful. However, 

this choice can increase false results, especially when the number of samples 

is relatively small. As a result, several more robust metrics have been 

proposed to measure changes in gene expression, such as Pearson 

correlation, logistic prediction, or Gaussian separation scores [276,277]. Yet, 

these metrics are complicated in implementation, so FC is still dominant in 

gene expression analysis.  

 

The main statistical approach to detect differential expression is the t-test. 

However, t-tests have high false-positive rates, especially on small sample 

sizes [278]. To address these problems, several pipelines have been 

introduced, which incorporate different normalisation steps in order to reduce 

bias and increase statistical power [279–281]. As an example, DESeq, a 

popular package for RNAseq analysis, performs normalisation on the 

expression of the strength parameter, calculated for each sample as:  
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(3.2) !! = !"#!
!!"
!!"!!!!

! !
,  

(3.3) !!" = !
!!

!!"
!!!:! ! !(!) ,  

where !!" is the expression level of gene i for sample j, !!" is the expression 

level of gene i for sample z, m is the number of samples, med is for median, 

and !!  is the estimated size factor for sample j. 

3.3.2 Gene list functional annotation 

 

One of the possible methods of biological interpretation of gene lists is 

functional annotation. The Gene Ontology (GO) consortium, launched in 

1998, is one of the largest bioinformatics initiatives [282]. GO data have been 

automatically collected based on over 100,000 peer-reviewed scientific 

papers. GO contains gene functional descriptions and terms that are 

organised into three categories: cellular components, molecular functions, and 

biological processes. For example, the terms for the human TOPMT1 gene, 

which encodes the mitochondrial topoisomerase I, are the following: cellular 

components are nucleus, chromosome, nucleolus, mitochondrion, replication 

fork protection complex, mitochondrial nucleoid; molecular functions are DNA 

binding, DNA topoisomerase type I activity; biological processes are DNA 

replication, DNA topological change, chromatin remodelling and chromosome 

segregation.  

 

However, single-gene analysis always complicates the biological 

interpretation of the results and reproducibility. For example, two studies of 

the same biological system may show no overlap between their list of 

statistically significant differentially expressed genes [283]. In order to 

increase the robustness of gene expression signatures and to overcome the 

statistical challenges of gene expression analysis, a number of integrative 

approaches that manipulate gene sets and could be presented as pathways 

or gene networks have been proposed. These approaches could be roughly 

divided into three groups: gene enrichment analysis, gene network analysis, 

and methods that combine characteristics from both a gene enrichment  

analysis and a gene network analysis.  
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Gene enrichment analysis treats genes as part of a gene list that constructs a 

pathway and calculates the enrichment score for a particular pathway. One of 

the most popular gene enrichment approaches is the Gene Set Enrichment 

Analysis (GSEA) [34], which calculates an enrichment score to show the 

representation of highly perturbed genes in a particular gene set. The 

statistical significance of the enrichment score is calculated using a 

permutation test procedure:  

(3.4) !! = !
! !!×!!"!

!!! ,  

where !!" is an incidence matrix showing presence of a gene m in a pathway 

k, while !! is a per-gene test statistics for a pathway k. 

 

GSEA also allows computing robust z-scores for gene sets, which are 

normalized on the statistics from (3.4). Z-scores are usually calculated for 

pathways with more than 10 genes in them. In contrast, the limitations of 

GSEA include the use of Kolmogorov-Smirnov statistics, which are known for 

lack of sensitivity [35]. In addition, this entire class of methods that analyses 

gene sets neglects information on pathway topology and the hierarchy of 

signal transduction, which means that changes in the expression of core 

regulators from the top of the pathway hierarchy should biologically impact the 

whole pathway more than changes in the expression level of elements at the 

bottom of the pathway.  

 

As an alternative, gene network analysis represents a gene list as a directed 

or undirected graph of interactions. One of the most popular approaches for 

gene network analysis is the signalling pathway impact analysis (SPIA) [36]. 

SPIA calculates two scores: the perturbation factor (PF) for each gene, and a 

total net perturbation (t A) for each pathway:  

(3.5) !" =  !"#!!" !! + !!"!
!!! ∙ !"(!!)

!"# !! ,
,  

(3.6) !""! = !" !! −  !"#!!"(!!),  
(3.7) !! = !""(!!)!

!!! ,  
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where !"#!!" !!  is a log-transformed fold change value of a gene i, !!" is a 

weight coefficient, !" !!  is a perturbation factor for an upstream gene, 

!"# !!  is the number of downstream genes, m is the number of genes in the 

pathway, and !""(!!) represents the accumulation value for gene i. Weight 

coefficients quantify the strength of the interaction between elements and are 

usually set so that !!"!
!!! = 1. 

 

The third group of pathway analysis tools are based on pathway topology, and 

are used to assign activation or repression roles to nodes and genes in the 

pathway. The overall activation or suppression of the pathway is then 

calculated. Recently published, the in-silico Pathway Decomposition Network 

Analysis (iPANDA) [284] is an algorithm that calculates the pathway activation 

scores (PASs) for each pathway based on log2FC as a metric of differential 

changes in expression. iPANDA also operates with nodes as a means of 

combining genes. These scores are given by: 

(3.8) !!" = !!! ∙ !!"! ∙ !!"!"#!!" !! ,  

(3.9) !!" = max (!!!)  ∙ !! (!!"! ∙!
! !!"!"#!!" !! ),  

(3.10) !"#$%#! = !!" + !!"!! ,  

where !"#!!" !!  is a log-transformed fold change value of a gene i, !!! is 

the activation sign (which equals to 1 or -1 based on the gene i contribution of 

the pathway p), !!! is the statistical weight coefficient, !!"!  is the topological 

weight coefficient for gene i in pathway p, and N is a number of genes in a 

module. !!" represents the contribution of individual genes and !!"  is the 

contribution of gene modules.  

 

However, gene enrichment and gene network analyses are supervised and 

heavily dependent on the pathway annotations. In addition, gene-network-

based approaches also require information on the pathway topology. Pathway 

annotations could be obtained from pathway databases.  

 

3.4 Applications of machine learning in cardiotoxicity prediction 
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Above, I have discussed the conventional methods for transcriptomic data 

analysis used to identify the transcriptional changes in response to incubation 

with cardiotoxic drugs. At the same time, machine learning is gaining 

popularity in biological data analysis [285–288]. By providing methods for data 

analysis without a prior assumption of data dependencies, algorithms can 

learn without “being explicitly programmed”. Thus, a variety of machine 

learning algorithms could be applied to the supervised task of cardiotoxicity 

prediction.  

3.4.1 Case studies 

 

One interesting approach to assessing the cardiotoxicity prediction was 

proposed by Huang and colleagues in 2011 [289], who analysed the protein-

protein interaction networks for drugs that were associated with adverse 

cardiac reactions in the SIDER database. The model was built using 

information on general cardiotoxicity for 578 drugs. However, while being 

reasonably accurate (their best model was support vector machines (SVM), 

with an area under the curve (AUC) of 0.771), their method was limited by the 

list of known drug targets and protein-protein interactions (so it could only be 

applied to well-described and characterised drugs), and it was only evaluated 

with ten-fold cross-validation. 

 

A different machine learning study in combination with biophysically-detailed 

modelling and simulation of ventricular cells achieved a binary stratification of 

pro-arrhythmic drugs with a performance of 96.3% AUC on leave-one-out 

cross-validation [290]. The authors applied principal component analysis 

(PCA) to the action potential and the calcium transient measurements 

produced by simulations and then used the first four components, explaining 

most of the data variability as input features for SVM algorithms. However, the 

algorithm does not account for how the drugs could affect channel trafficking, 

which plays a role in the triggering of arrhythmias by some drugs.  

 

Using transcriptional profiles and fingerprints of 251 drugs, Wang et al 

focused on the prediction of gastrointestinal, liver and kidney toxicities, and 
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myocardial infarction, a single form of cardiotoxicity, using an extra trees 

algorithm for multi-label classification [291]. The proposed algorithm used 

166-bit Molecular ACCess System chemical fingerprints (MACCS) and Gene 

Ontology enrichment vectors as an input vector. It returned 1053 adverse 

reactions, including myocardial infarction. Interestingly, the algorithm 

demonstrated variable predictive accuracy across adverse reactions. The 

authors trained the model with three-fold cross-validation and achieved an 

AUC of 80%, yet no further testing was reported. 

 

Messinis et al. [292] developed a transcriptomic-based predictor of drug-

induced cardiomyopathy with 31 drugs. They first transformed gene 

expression drug responses into a set of signalling pathways using integer 

linear programming. Afterwards, they applied elastic net logistic regression to 

binary stratify drugs as toxic or not. While the reported accuracy of the 

approach is an AUC of 100%, the model was only tested with leave-one-out 

cross-validation. 

 

The above described approaches for drug safety on the cardiovascular 

system represent the current state-of-the-art methods. It should be noted that 

most of these are limited by the type of cardiotoxicity they are able to detect, 

and the classes of drugs they are able to work with. The most comprehensive 

database of 578 drugs with various side effects extracted from the SIDER 

database was used to predict cardiotoxicity based on protein-protein 

interaction networks (Table 3-1). However, the SIDER database provides 

information on compounds that were reported by healthcare professionals, so 

the approach inherits all the limitations of the database. Importantly, although 

all these studies reported relatively good accuracies under different cross-

validation strategies (random split of samples or leave-one-drug out), none of 

them conducted an independent testing on drugs previously unseen by the 

trained model. This is crucial to ensure the translatability of proposed 

approaches to real-world applications, thus representing an important 

limitation of previous work. In addition, none of the previous algorithms were 

developed to predict all major forms of drug cardiotoxicity. 
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Table 3-1 Summary of machine learning approaches to predicting cardiac disorders. AUC: 

area under the curve; SVM: support vector machines; PCA: principal component analysis; N: 

number; Ref: reference; 
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SVM 77.1 

Protein-

protein 

interactions 

578 [289] 

Arrhythmias SVM 96.3 

First 4 PCA 

components 

over action 

potential 

and calcium 

transient 

biomarkers 

86 [290] 

Myocardial 

infarction 

Extra 

trees 
80 

Gene 

expression 

+ structural 

information 

251 [291] 

Cardiomyopathy 

ElasticNet 

logistic 

regression 

100 
Gene 

expression 
31 [292] 

 

3.4.2 Challenges of applications of machine learning in biomedicine 

 

One of the major challenges of machine learning algorithms is to build a 

model that would robustly perform on the unseen data. Addressing class 

imbalance is crucial as available datasets are usually heavily unbalanced (i.e., 
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unequal distribution between drug types and/or cardiotoxic classes) [293], 

especially in large datasets that are automatically curated. This limits the 

generalisation ability of data-driven methods, and in particular of unsupervised 

ones. Therefore, robust metrics to evaluate the performance of the model are 

crucial to ensure its predictive power and the translational potential of the 

model. Generally, data is randomly split into the training set and testing sets, 

but good practice is also to train and test algorithms with cross-validation and 

therefore to divide the training set between the actual training set and 

validation set. Then, the best-performing model is selected based on the 

metrics calculated for the validation set. The accuracy of the model reflects 

the number of correct predictions to a total number of predictions. However, 

accuracy is not a robust metric for a problem with unbalanced classes, which 

is usually the case with real-world data in predictions of drug cardiotoxicity. 

Therefore different metrics should be used to account for the specificity and 

sensitivity of classification models, such as AUC, for example. 

 

Robust cross-validation strategy is yet another challenge. As the aim of cross-

validation is to evaluate the ability of the predictive algorithm to extrapolate on 

a new previously unseen data, the selection of the validation sets is a key 

step. Random cross-validation, where samples are assigned to actual training 

and validation sets, are among the common strategies for drug-classification 

models [289,294]. Yet, if the purpose of a study to build a general approach 

that would generalise on unseen drugs, models should be validated on the 

unseen set of drugs and an appropriate cross-validation strategy should be 

selected. Differences in predictive accuracies between random cross-

validation and stratified by subjects were explored in detail by Saeb et al. in a 

clinical record classification task [295]. The authors clearly demonstrated that 

algorithms trained on randomly split sets inflate the predictive power of the 

algorithm and exhibit a significant drop in the accuracy of predicting features 

of clinical records of unseen subjects from an independent testing set. 

 

3.5 Cardiac human cellular electrophysiological models 
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Since the first publication of the cardiac model proposed in 1962 by Professor 

Denis Noble [296], significant progress has been made in the field of cardiac 

electrophysiology modelling, with new detailed models developed from single 

ion channel up to whole organ models [297]. As an example, in the last 10 

years, a number of human ventricular cell models have been proposed. The 

general approach is to model protein functions through a series of ordinary 

differential equations to quantitatively characterise cellular electrophysiology. 

Among them, the O’Hara-Virag-Varro-Rudy (ORd) human ventricular cellular 

model [298], published in 2011, was constructed using substantial human 

ventricular experimental data. A new human ventricular model, ToR-ORd has 

recently been presented, keeping the strengths and overcoming some of the 

limitations of the ORd model[299].  

 

At the same time, human iPSCs are gaining increased popularity and have 

been proved to be a powerful instrument in cardiovascular research, including 

drug safety testing and disease modelling [300,301]. Following this progress, 

the first computer model of human iPSC cardiomyocytes, Paci2013, was 

developed and published by Paci et al. in 2013 [302]. This model has been 

used since then to predict drug action [303,304] and to model disease 

phenotypes [305].  

 

Recently the Paci2013 model was updated [306] with a new formulation of 

Ca2+ release in the sarcoplasmic reticulum, replacing the inherited formulation 

from the TenTusscher2004 model of human adult ventricular cardiomyocytes 

[307] with a formulation inspired by the Koivumäki2011 model of human adult 

atrial cardiomyocytes [308]. The resulting model, Paci2018, was calibrated 

with Ca2+ transients and action potential in vitro data and extensively validated 

with in vitro data on drug action and on pathological conditions such as 

hyperkalemia and hypocalcemia. This is the main computational model of 

cellular electrophysiology that I will use in this thesis in my investigations of 

hERG trafficking impairment, for correspondence with in vitro data collected 

on human iPSC systems. 
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3.6 Cardiac cellular electrophysiological models of drug-induced 

effects 
 

In silico models have shown the ability to account for and predict the clinical 

risk of drug-induced arrhythmias. This is now a mature field that is being spun 

out into regulatory guidelines as one of the parts of the CiPA initiative 

(http://cipaproject.org/). Acute drug effects can be simulated at the cellular 

level by combining single-cell models of cardiac electrophysiology with simple 

pore-block models based on measures of the potency of drug-channel 

interactions [290,309,310], or more complex dynamic interactions with some 

channels [311,312].  

 

Acute drug effects at the cellular level can be simulated by a combination of 

single-cell models of cardiac electrophysiology and simple pore-block drug 

models, the latter informed by measures indicating the potency of drug-

channel interactions, as described by the Hill equation [290,309,310,313]. For 

example, this is given for the hERG current as:  

(3.11) !!" = !!" 1+ !!
!"!"

! !!
,  

where !!! is the baseline channel conductance, h is the Hill coefficient, and 

!!  and !"!"  are the tested drug concentration and its concentration for 

50% channel inhibition, respectively. 
 

Another approach is to simulate such drug-cell interactions using more 

complex dynamic models, which has also been explored for hERG [311,312], 

and is illustrated in Figure 3-1 for the Markov model of hERG proposed as 

part of the CiPA initiative. 
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Figure 3-1 Markov model of the hERG channel for acute drug-channel interactions (Li et al., 

2018). Model parameters are obtained from in vitro experiments at physiological temperature. 

Ku: drug unbinding rate; Kmax: maximum drug effect; n: Hill coefficient of drug binding; 

halfmax: power of the half-maximal drug concentration; Vhalf: drug trapping potential. 

Adapted from https://github.com/FDA/CiPA/tree/master/hERG_fitting. 

The aforementioned approaches reproduce experimental data and have 

proved useful in simulating disease conditions or variability of acute drug 

responses within healthy or diseased populations. They also allow modelling 

of multi-channel pharmacology by introducing the drug-induced changes in 

separate currents properties.  

 

3.6.1 Biomarkers for quantifying cardiac electrophysiological model 

output  

 
Figure 3-2 Action potential biomarkers calculated in this thesis. Peak: peak membrane 

potential; APA: action potential amplitude; VMax: maximum upstroke velocity; MDP: minimum 

diastolic potential; APD: action potential duration. 
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Biomarkers are characteristics that describe the output of electrophysiological 

models, including action potential features. In Figure 3-2, I have described the 

biomarkers used in this thesis, standard in previous studies. These include 

the rate of spontaneous action potentials (Rate), minimum diastolic potential 

(MDP), peak membrane potential (Peak), action potential amplitude (APA), 

maximum upstroke velocity (VMax), action potential duration (APD. More 

specifically, MDP is the most negative membrane potential attained during the 

cardiac cycle, Peak is the peak value of action potential, and APA is 

measured as a difference between Peak and MDP. From these values, APD 

can be measured at different percentages of repolarisation. VMax is the 

maximum value of the change in membrane potential with respect to time 

during the upstroke of an action potential.  

 

3.7 Databases for drug discovery 
 

A decade of rapid data accumulation in the public domain has resulted in 

multiple data repositories, providing scientists with thousands of high-quality 

samples. The growth of such databases has stimulated drug discovery. In the 

following section, I will briefly review pathway databases, gene expression 

databases and side effect databases.  

3.7.1 Pathway databases 

 

There are two pathway databases freely available online: Kyoto Encyclopedia 

of Genes and Genomes (KEGG) [314] and Reactome [315]. The KEGG 

pathway database contains information on 512 pathways, with topology and 

cell localisation for each pathway element. At present, Reactome is the most 

comprehensive pathway database and contains information on over 10,000 

genes assigned to over 2000 pathways structured as gene sets, but it 

provides no information on the pathway topology. Importantly, according to 

the latest estimations, the human genome contains around 19,000 to 20,000 

protein-coding genes [316], so even the most comprehensive Reactome 

annotation covers only half of the protein-coding transcriptome. In addition, 

pathway databases such as KEGG include limited disease states and mostly 
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describe cancer-related pathways. Therefore, pathway analysis tools, such as 

GSEA, SPIA and iPANDA, should be used with caution considering their 

limitations as supervised methods.  

3.7.2 Gene expression databases 

 

Launched in 2014, the NIH-supported Library of Integrated Network-Based 

Cellular Signatures (LINCS) project is the largest catalogue of cellular 

responses (cellular signatures) on small molecules. LINCS contains gene 

expression profiles, fluorescent imaging profiles, etc. LINCS data were 

generated by several data centres. The LINCS Center for Transcriptomics 

and the Drug Toxicity Signature (DToxS) Generation Center were responsible 

for the generation of gene expression profiles of small molecules incubated 

with human cell lines. The efforts of the LINCS Center for Transcriptomics 

resulted in the Connectivity Map database [317], which consists of over 1.6 

million samples profiled for over 8000 small molecules. Such a scale became 

possible thanks to the development of the L1000 microarray assay, which 

captures expression levels for about 1000 of the most representative 

landmark genes. The database also includes different concentrations of small 

molecules incubated for 6, 12, 24 or 48 hours with cancer cell lines that have 

already demonstrated clinical relevance [318], and mRNA measured from 

samples incubated with small molecules and for matching control samples 

(vehicle without a small molecule). The DToxS Center database contains 

information on 53 drugs incubated with up to four induced cardiomyocyte 

lines. mRNA levels were measured using RNAseq technology, which is able 

to capture the whole transcriptome (more than 20,000 genes). Although still 

growing, the DToxS database is limited by the number of drugs compared to 

the comprehensive Connectivity Map database.  

3.7.3 Side effect databases 

 

The pathway and gene expression databases mentioned above could be 

linked to various drug identifiers, such as Broad ID or PubChem CID, as well 

as metadata, such as drug targets and, in particular, drug side effects.  
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Two of the largest databases of recorded, marketed adverse drug reactions 

that are publicly available are the FDA Adverse Event Report System 

(FAERS) and the Side Effect Resource (SIDER) [319], which contains 

processed FAERS data. Observed side effects are reported by healthcare 

professionals, so the terminology is not unified. For example, according to the 

Medical Subject Headings (MeSH) classification “cardiotoxicity is damage to 

the heart or its function secondary to exposure to toxic substances such as 

drugs used in CHEMOTHERAPY; IMMUNOTHERAPY; or RADIATION”, while 

the National Cancer Institute (NCI) defines cardiotoxicity more generally as 

“toxicity that affects the heart”. At the same time, the current International 

Classification of Diseases system, now in its 10th revision (ICD-10), has no 

medical code for cardiotoxicity. It should be clearly emphasised that FAERS 

side effect records do not indicate the causal relationship between a drug and 

its reported side effects, but the potential safety issue. SIDER contains 

machine-processed FAERS information on adverse reactions, which is filtered 

by semantic type with manually selected side effect terms. Therefore, SIDER 

is better structured and includes refined data; however, it is not protected from 

ambiguous terminology. These peculiar properties should be taken into 

account in data collection along with the bias in the information, that is based 

on the reports from American studies and practice, as they were collected 

using the FDA reporting system.  

 

3.8 Conclusions 
 

In this chapter, I began by outlining the previous literature on transcription-

based biomarkers of drug-induced cardiotoxicity and machine-learning 

methods for predicting cardiac side effects. I also highlighted the key 

challenges of machine-learning models in drug classification: unbalanced data 

and the need for robust performance measures and adequate cross-validation 

strategies. The aims of this chapter are to motivate a transcriptional analysis 

coupled with machine learning to predict the mode of drug actions and 

adverse cardiac reactions, and to introduce the modelling of drug actions on 

electrophysiology along with the biomarkers used to describe those models. 
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While the approaches described in this chapter have proved to be extremely 

useful, the chronic effects of drugs are less explored. The complexity of drug 

interaction with cells and tissues described in Chapter 2 suggests that suitable 

models for capturing these interactions are required in order to augment the 

predictive value of current in silico approaches.  

 

The focus of the next chapter, Chapter 4, is to present the analysis of the 

comprehensive drug dataset collected and the first results of this thesis. I start 

by describing the underlying structure of the data, including the distribution of 

safe drugs known to cause pharmacological complications. At the same time, 

I observed dependencies between different drug-induced cardiac disorders. 

The results of this analysis motivated me to use the chain of classifiers 

approach described in Chapter 5. Finally, in Chapter 6 I propose a 

mechanistic model of hERG channel trafficking, and in Chapter 7 I describe 

the results of drug-induced channel inhibition modelling. 

  



82 

4 Prevalence of cardiotoxicity forms: data analysis 
 

This chapter presents the work derived from the publication: “Dual 

transcriptomic and molecular machine learning predicts all major clinical forms 

of drug cardiotoxicity” 

 

4.1 Introduction 
 

At the end of Chapter 3, I described how gene expression signatures could be 

used as a biomarker of cell response to cardiac dysfunction and drug action. 

This led to my interest in collecting a large database of drugs that are known 

to cause cardiotoxicity in clinic, and drugs that have no reports of cardiac 

toxicity. From this point I explored large publically available knowledge and 

data repositories. 

 

In this chapter, I describe the data collection and analysis of existing 

association between drug-induced cardiac disorders and their prevalence 

within different pharmacological classes of drugs.  

 

4.2 Methods and Materials 

4.2.1 Data collection 

 

I used the following databases and knowledge repositories to collect the 

dataset: 

• DrugBank ([320]; www.drugbank.com): a database of drug information, 

including drug targets; 

• Connectivity map Project ([317]; https://clue.io/cmap): a catalog of 

cellular responses (cellular signatures) on chemical (drugs) and genetic 

perturbations; 

• SIDER ([319]; http://sideeffects.embl.de/): a database of observed side 

effects of drugs reported by healthcare professionals; 
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• MedDRA (https://bioportal.bioontology.org/ontologies/MEDDRA): a 

medical terminology dictionary that is also used by regulatory agencies 

to describe drug safety information; 

• MESH (https://www.ncbi.nlm.nih.gov/mesh): a control medical 

vocabulary that provides clinical information about drugs including their 

therapeutic classes. 

 
Figure 4-1 MedDRA classification for cardiac disorders in the SIDER database. Each High 

Level Term is linked to only one High Level Group Term. For example, ‘Cardiac disorders’ 

belongs to System Organ Class and unites 8 High Level Group Terms. Dis: disorders; S&S: 

sign and symptoms; NEC: not elsewhere classified; R&R: rate and rhythm; SV: 

supraventricular arrhythmia; V: ventricular; LV: left ventricular; RV: right ventricular. 

Names and IDs were retrieved from the MedDRA dictionary for all cardiac 

(MedDRA ID 10007541; Figure 4-1) and vascular (MedDRA ID 10047065) 

disorders. Interactions of chemicals in the form of STITCH compound 

identifiers and their MedDRA terms of side effects were downloaded from the 

publicly available the SIDER database.  

 

I used PubChem Compound Identifiers (CIDs) to match this list to the 

information on drug targets, drug status (‘approved’, ‘investigational’, etc.), 
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and drug SMILES notations obtained from the Drugbank database. Only 

experimentally verified interactions between drugs and proteins that are 

targeted by those drugs (as provided by Drugbank) were considered for this 

work. Compounds linked to the MedDRA term ‘cardiac disorders’ were 

labelled as drugs with cardiotoxicity reports. Compounds with same targets 

and no record of cardiac disorders in the database were considered as safe. 

Safe compounds were additionally filtered by their status, and only approved 

compounds currently on the market were used for analysis, resulting in 26 

(out of 759) drugs being removed from the analysis. This was performed to 

prevent possible unreported toxicities in drugs considered safe but withdrawn 

from the market. The unsafe group includes both marketed and withdrawn 

drugs, including drugs withdrawn due to cardiac side effects. 

 
In this work, I used the Connectivity map project as a source of gene 

expression cell responses to drugs, or drug transcriptional profiles. These 

were measured using an L1000 high-throughput profiling method. The L1000 

fluorescent assay allows the detection and quantification of the expression of 

up to 978 landmark and 80 control transcripts simultaneously in each well of 

384-well plates, where each well can contain a separate drug profile. This 

massive scale expression data is available in multiple levels starting from raw 

fluorescent intensity values from each well to replicate collapsed scores for 

drugs. In this work, I explored the provided transcriptional profiles (normalised 

across each scan plate) of the 977 ‘landmark genes’ (Level 3a – NORM, as 

described in detail in https://clue.io/connectopedia/data_levels). I used 

transcriptional profiles of six cell lines (A549 and MCF7, both with well-

established culture and treatment protocols, and with most of the data 

profiled, and PHH, SKB, SKM1, A673 used for sensitivity testing), two 

incubation times (6 and 12 hours), and multiple drug concentrations. To link 

the drug transcriptional profiles provided by the Connectivity map project to 

the information about their side effects, targets and status, I utilised the 

Chemical Translation Service (http://cts.fiehnlab.ucdavis.edu/) to match 

PubChem CIDs to their corresponding Broad IDs. I used MESH vocabulary to 

extract information about therapeutic classes of drugs. The following drug 

classes were analysed: Anti-allergic (7 drugs), Anti-inflammatory (83 drugs), 
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Antimetabolites (53 drugs), Antineoplastic (93 drugs), Antiviral (47 drugs), 

Central Nervous System (538 drugs), Cardiovascular (160 drugs), 

Dermatological (6 drugs), Gastro (8 drugs), Hormonal (85 drugs), Immune (5 

drugs), Metabolic (1 drug), Metabolites (23 drugs), Respiratory (1 drug), 

Skeletal (9 drugs), Vitamins (13) and Other (1 drug). 

 
In total, I collected a database of 1,131 drugs (fully analysed for relationships 

across cardiotoxicity types), 357 of which had transcriptional profiles (used for 

prediction), with a total of 9,933 samples. Samples refer to independent 

transcriptional profiles of a drug at a given cell line, incubation time or 

concentration.  

 

4.2.2 Calculation of molecular descriptors and fingerprints 

 

I used the ‘rcdk’ package [321] to calculate seven molecular descriptors 

widely used in drug property prediction [322]: molecular weight (MW), partition 

coefficient (XLogP), atomic polarisabilities (apol), topological polar surface 

area (TopoPSA), polar surface area expressed as a ratio to molecular size 

(tpsaEfficiency), Ghose-Crippen LogKow (ALogP) and molar refractivity 

(AMR). I also calculated the commonly used 79 bit ‘estate’ fingerprint. 

 

4.2.3 Training testing set design 

 

I randomly split the entire drug dataset by protein targets into unique training 

(291 drugs, 8,237 samples) and testing (66 drugs, 1,696 samples) sets. By 

such design, both datasets only overlap by a set of protein targets, but drugs 

on the testing phase are completely unseen during training, therefore 

facilitating preclinical translation to novel chemicals. These training and test 

datasets will be used in the development of the machine learning algorithms 

for the prediction of drug cardiotoxicity presented in next chapter, and 

explored here to visualise their data structure. I collapsed samples, so each 

drug profile referred to gene expression values for one cell line, incubation 
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time and concentration. I used this selected trained matrix to first select the 

relevant transcriptional features size of 340×1154 and tested on 340×746.  

 

4.2.4 Feature selection methods 

 

I applied two selection methods (correlation-based, wrapped-based) to 

identify the relevant to cardiotoxicity genes. I applied feature selection to the 

training set to ensure that the testing set was independent.  

 

Correlation-based feature selection allows identification of features that highly 

correlated with the target label, or cardiotoxicity type in this case, and 

uncorrelated to each other to reduce redundancy. As a correlation-based 

method, the ‘select.cfs’ function from the Biocomb R package [323] was used 

to select the list of genes by their individual predictive ability for each label.  

 

Wrapper-based methods evaluate subsets of features in an iterative manner 

to find the features that are mostly predictive of a target label (cardiotoxicity 

form). Unlike correlation feature selection, it allows to detect possible 

interactions between features. As a wrapper method, the Boruta algorithm 

implemented in the Boruta R package [324] was used to select the list of 

relevant features through their importance in predicting each label. 

 

After I selected the subset of genes for each cardiotoxicity type using those 

two methods, I compared them using the measures described below. 

 

4.2.5 Measure of association 

 

To analyse the agreement between different cardiotoxicity forms I calculated 

Cohen’s Kappa scores [325], using the ‘Kappa.test’ function from the fmsb R 

package:  

(4.1) !"##" = 1−  !!!!!!!!
 , 
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where po is the relative observed agreement between two binary vectors, and 

pe is the expected agreement between predicted and actual values. Values 

smaller than 0 demonstrate poor agreement and values from 0.81 to 1 

correspond to almost perfect agreement. These scores are used in this 

chapter to evaluate similarities, first between the binary vectors of 

cardiotoxicity types, and second between vectors of transcriptional features 

selected for those disorders. They are also used in next chapter to estimate 

the accuracy of classifiers. 

 

4.2.6 Visualisation of hidden patterns in the data 

 

I used t-distributed stochastic neighbour embeddings (tSNE) to visualise the 

structure of the dataset and features selected. The tSNE algorithm calculates 

non-linear representations of the data. First, the algorithm computes 

conditional probabilities between drugs samples proportional to the similarity 

of those samples in a high-dimensional space. After, it defines the Student t-

distribution to recreate this probability distribution on a low-dimensional space. 

 

I used the ‘cude.tsne’ R package to calculate tSNE representations in 2-D 

space. I explored three values for the number of drug samples that were 

considered as neighbours and so set to be similar (perplexity values): 10, 30 

and 50. 
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4.3 Results 

4.3.1 Frequency analysis of cardiotoxicity forms  

 
Figure 4-2 Proportion of drugs labelled as unsafe for given cardiotoxicity forms of High Group 

Level and High Level Terms, out of all unsafe drugs (numbers in black) and all drugs 

(numbers in white). Dis: disorders; S&S: sign and symptoms; NEC: not elsewhere classified; 

R&R: rate and rhythm; SV: supraventricular arrhythmia; V: ventricular; LV: left ventricular; RV: 

right ventricular; 

 

To explore the relation between transcriptional profiles and structure of drugs 

with their clinical cardiac safety, I first collected a large dataset of medications 

linked to their information about presence or absence of reports on cardiotoxic 

adverse events, their protein targets and enzymes, their structure, and their 

gene expression signatures from treatment on a variety cells. 

 

In total, I collected information about 1,131 drugs, 35% of which with reported 

cardiotoxicities (Figure 4-2). ‘Cardiac disorders signs and symptoms’ is the 
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most common cardiotoxicity form reported, with 371 out of 1,131 drugs 

labelled as unsafe, followed by ‘cardiac arrhythmias’ (237 drugs), ‘coronary 

artery disorders’ (206 drugs), ‘heart failures’ (104 drugs), ‘myocardial 

disorders’ (26 drugs) and ‘pericardial disorders’ (21 drugs). An uneven 

distribution of drugs with and without cardiotoxicity reports was also observed 

for all term levels (Figure 4-2). 

 

4.3.2 Analysis of drug-induced cardiac disorders’ association 

 
Figure 4-3 Levels of association between cardiotoxicity forms, measured in terms of Cohen’s 

Kappa. Symbols represent statistical significance level by Z-test (*p<0.05, **p<0.01). ‘Cardiac 

dis S&S’: MedDRA term for cardiac disorder signs and symptoms; ‘dis’: for disorders. 

 

Figure 4-3 illustrates the association between cardiotoxicity forms in terms of 

Cohen’s Kappa. I found that ‘Cardiac arrhythmias’ demonstrate a substantial 

association with both ‘сardiac disorder signs and symptoms’ and ‘coronary 

artery disorders’, with Cohen’s Kappa values of 0.61 and 0.60, respectively. 

Interestingly, ‘heart failure’ demonstrates a lower agreement with ‘myocardial 

disorders’ (0.25) and ‘cardiac disorder signs and symptoms’ (0.32), compared 

to ‘cardiac arrhythmias’ (0.43) and ‘coronary artery disorders’ (0.46).  

 

To obtain the list of transcriptional features that are the most predictive of the 

six major forms of cardiotoxicity, I applied two feature selection methods: 
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correlation-based and a wrapper-based method. The first one identified 125 

genes as important for all six cardiotoxicity forms, while 159 genes were 

identified by the second. Interestingly, only 31 of those genes were common. I 

then mapped those genes to Reactome pathways, resulting in improved 

agreement between both methods. For example, the two algorithms did not 

identify common genes for heart failure or coronary artery disorders, whereas 

they shared common Reactome pathways terms such as ‘G-alpha (i) 

signalling events’ for heart failure, and ‘Ub-specific processing proteases’ and 

‘Regulation of TP53 Degradation’ for coronary artery disorders. Interestingly, 

G protein-coupled receptor transduction was selected as important by both 

methods for the prediction of cardiac disorder signs and symptoms (‘G alpha 

(q) signalling events’ and ‘G alpha (s) signalling events’) and heart failure (‘G-

alpha (i) signalling events’). IGF1R and IGF1R-related signalling were also 

among the genes and Reactome terms selected by both methods for cardiac 

disorder signs and symptoms and for pericardial disorders. MAMLD1 gene, 

included in the Notch signalling pathways, was the only one ranked as 

important for predicting cardiac arrhythmias by both selection procedures. 

 
Figure 4-4 Similarities in the list of selected genes identified by (A) the correlation feature 

selection, and (B) the Boruta wrapper-based algorithm. Similarities in the list of pathways 

associated with genes identified by correlation-based feature selection (C), and the wrapper-
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based algorithm (D). Levels of association between cardiotoxicity forms are measured in 

terms of Cohen’s Kappa. Symbols represent statistical significance level by Z-test (*p<0.05, 

**p<0.01). ‘Cardiac dis S&S’: MedDRA term for cardiac disorder signs and symptoms; ‘dis’: 

for disorders. 

Figure 4-4 shows the association between cardiotoxicity forms for a selected 

set of transcriptional features. I hypothesized that transcriptional data would 

reveal underlying information on cardiotoxicity types when genetic pathways, 

rather than individual genes, are considered in the analysis. Figure 4-4 A and 

B show the comparison of the gene vectors ranked as important by two 

feature selection methods for the different cardiotoxicity forms. Similarly, 

Figure 4-4 C and D show this comparison in terms of the Reactome pathways 

to which those genes are related. It can be seen that ‘coronary artery 

disorders’ also shows a high level of association with ‘cardiac arrhythmias’ on 

gene and pathway level for correlation-based selected by the correlation-

based method. I also found that there is a low agreement between feature 

sets selected by the Boruta method.  

 

4.3.3 Visualisation of the dataset structure 
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Figure 4-5 Changes in similarity (cost) between a cluster of drug samples for varying 

perplexity (number of neighbouring samples considered to be close to each other) by tSNE.  

After selecting the feature set predictive of all major cardiotoxicity types, I 

decided to explore the underlying structure in data related to cardiotoxicity 

types or possible biases. I first explored how a different number of 

neighbouring samples considered similar would affect the measurement of the 

similarity between clusters on the data (KL-divergence), by varying the 

perplexity parameter of the tSNE algorithm.  

 

Figure 4-5 shows that there is no prominent difference between costs, and 

that the algorithm needs 300 iterations to converge and reach values close to 

0 for each value of perplexity. 

 

I then explored how perplexity values would affect the visually observed 

clustering of drug samples. As shown in Figure 4-6, for larger perplexities 

(values of 30 and 50), samples are rather clustered by cell lines, incubation 

times and dose (with smaller doses forming small clusters), but not by 

pharmacological classes. For the perplexity value of 10, clusters cannot be 

fully explained by cell lines, incubation times and dose or pharmacological 

classes. Therefore, I selected the perplexity value of 10 to explore if those 

clusters can be partially explained by the cardiac safety of drugs. 
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Figure 4-6 Learnt 2D representations of the data show clustering by cell type, dose and 

incubation time. tSNE mapping of 340 selected transcriptional features and molecular 

descriptors and fingerprints of 1154 drug samples in the training set to 2D space, for varying 

perplexity values, and coloured by cell types (A549 and MCF7), incubation times (6 and 24 

hours), dose and pharmacological classes (14 classes).  
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Figure 4-7 Learnt 2D representations of the data show no clustering by cardiotoxicity forms. 

2D tSNE mappings of 340 selected transcriptional features, and molecular descriptors and 

fingerprints, of 1154 drug samples in the training set and 265 samples in the testing set 

(perplexity 10). Samples are coloured by the presence (w/ reports) or absence (w/o reports) 

of the adverse reports for six cardiotoxicity forms: Cardiac disorders signs and symptoms, 

cardiac arrhythmias, heart failures, coronary artery disorders, pericardial disorders and 

myocardial disorders. ‘Cardiac dis S&S’: MedDRA term for cardiac disorder signs and 

symptoms; ‘dis’: disorders. 
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Figure 4-7 shows the learnt t-SNE representation in low-dimensional space 

(2-D) for each six forms of cardiotoxicity. Drug samples show no clustering 

according to cardiotoxicity types either in testing or training sets, suggesting 

complex non-linear dependencies between transcriptional features, molecular 

descriptors and fingerprints, and cardiac safety. A similar absence of 

clustering by drug safety was observed for vascular disorders (Figure 4-8). 

 
Figure 4-8 Learnt 2D representations of the data 

show no clustering for vascular disorders. 2D tSNE 

mapping of 340 selected transcriptional features, 

and molecular descriptors and fingerprints, of 1154 

drug samples in the training set and 265 samples in 

the testing set. Samples are coloured by presence 

(w/ reports) or absence (w/o reports) of adverse 

reports for vascular disorders. ‘dis’: disorders. 
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4.3.4 Prevalence of specific forms of cardiotoxicity associated with 

drug pharmacological classes 

 
Table 4-1 Number of drugs with and without reported six forms of cardiotoxicities for four 

major pharmacological classes. CNS: central nervous system; CV: cardiovascular; S&S: 

signs and symptoms; dis: disorders. 
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CNS 
yes 164 129 102 49 16 9 

no 374 409 436 489 522 529 

CV 
yes 61 34 36 24 2 1 

no 99 126 124 136 158 159 

Anti-inflammatory 
yes 24 11 10 4 2 1 

no 59 72 73 79 81 82 

Antineoplastic 
yes 46 25 23 13 3 7 

no 47 68 70 80 90 86 

 

I finally analysed the prevalence of specific cardiotoxicity forms across drug 

classes. Table 4-1 shows the number of drugs with and without reports of 

‘cardiac disorders signs and symptoms’, ‘cardiac arrhythmias’, ‘coronary 

artery disorders’, ‘heart failures’, ‘myocardial disorders’, ‘pericardial disorders’, 

for four major pharmacological classes. For example, I found that 49% (46 out 

of 93) of antineoplastic drugs are reported to cause ‘cardiac disorders and 

signs and symptoms’, indicating a high prevalence across cardiotoxicity forms 

and drug classes. Equivalently, 24% of CNS, 21% of CV, and 27% of 

antineoplastic agents produced cardiac arrhythmias, and 23% of CV and 25% 

of antineoplastic agents induced coronary artery disease. On the other hand, 

the prevalence of heart failure, myocardial disorders and pericardial disorders 

was lower for all drug classes, although still significant in same cases (for 

example, 14% of antineoplastic agents producing heart failure). 
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4.4 Discussion 
 

In this study, I collected a large database of drugs and I linked them to their 

cardiac and vascular safety information. The collected database contains 

information of 1,131 drugs, 35% of which are known to induce at least one out 

of six types of cardiotoxicity: ‘Cardiac disorder signs and symptoms’, ‘Cardiac 

arrhythmias’, ‘Heart failure’, ‘Coronary artery diseases’, ‘Pericardial disorders’ 

and ‘Myocardial disorders’.  

 

The collected dataset shows an imbalance in terms of the number of drugs 

with and without cardiac adverse reaction reports, which is in line with known 

challenges in biomedical data analysis [326]. At the same time, the observed 

prevalence in cardiotoxicity among pharmacological classes is in agreement 

with the literature (see Chapter 2), with antineoplastic and central nervous 

system agents as groups causing most of the known adverse events.  

 

Previous studies have established connections between cardiovascular 

disease and other chronic conditions, which is considered important because 

it poses a greater risk for patients [327]. Similarly, further research on 

associations between drug-side effects can provide additional insights in 

cardiac safety, and can help to inform hypotheses of drug action [328]. In the 

curated dataset I collected, I also observed associations between forms of 

drug-induced adverse effects. Clinical reports have evidenced a significant 

association between heart failure and other cardiovascular comorbidities, 

such as atrial fibrillation, ischemic heart disease and arrhythmias [327,329]. 

Patients with a history of coronary heart disorders have been also shown to 

have a higher incidence of atrial fibrillation, one of the most common forms of 

cardiac arrhythmias [330]. In this study, coronary artery disorders, which 

include ischemia and myocardial infarction, demonstrated a significant 

similarity to cardiac arrhythmias in terms of the drugs they are related to. I 

showed the same for heart failure and cardiac disorders, which displayed a 

moderate and substantial agreement to cardiac arrhythmias. 
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Notably, the list of genes identified as most important features (obtained by 

using two completely distinct feature selection methods while counting distinct 

genes for each label) demonstrates a significant amount of intersection at the 

level of associated pathways. For example, both methods ranked pathways 

related to Notch signalling as important for cardiac arrhythmia prediction. 

Previous evidence has shown the importance of Notch signalling in heart 

development and cardiac disease, including malignant congenital arrhythmias 

[331]. IGF signalling and IGF1R were also selected consentaneously by both 

algorithms for cardiac disorder signs and symptoms and pericardial disorders, 

evidencing their key role in heart tissue functioning [332]. In spite of being 

profiled in cancer cell lines, the selected features seem biologically relevant to 

cardiotoxicity, given their human origin. This emphasises the potential benefits 

of using the proposed combined approach for feature selection.  

 

4.5 Conclusions 
 

In this chapter, I have collected and curated a large comprehensive dataset of 

1,131 drugs from publicly available resources. I have explored the frequency 

and distribution of cardiotoxicity forms, and showed that this distribution is 

unbalanced between safe drugs and drugs with reported cardiotoxicity. This 

can represent additional difficulties for machine learning approaches, where 

balancing of the dataset should be considered, as well as the selection of 

suitable measures of model performance. Equivalently, cardiotoxicity forms 

show associations in terms of co-occurrence and the transcriptional features 

selected as predictive. Therefore, models capable to retain relations between 

labels should be explored. The visualisation of the underlying data structure 

showed that drugs with and without reported cardiotoxicity are neither linearly 

separable nor easily predicted by manifold methods, and therefore non-linear 

machine learning models should be considered for this task. However, drug 

samples were clustered by cell types, incubation times and dose, and hence 

the performance of these approaches should be explored in detail for those 

characteristics. My resulting study on these topics, which introduces machine 

learning prediction of six cardiotoxicity forms, is described in the next chapter.  
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5 Dual machine learning prediction of drug-induced 
cardiotoxicity 

 

This chapter presents the work derived from the publication: “Dual 

transcriptomic and molecular machine learning predicts all major clinical forms 

of drug cardiotoxicity” 

 

5.1 Introduction 
 

In Chapter 4, I described the dataset of 1,131 drugs that I curated and 

collected from publicly available resources, showing that it is imbalanced and 

has an uneven distribution of compounds known to cause cardiac adverse 

effects in human. I also identified associations between cardiotoxicity forms, 

showing that safe and compounds with reports are not linearly separable. 

 

In this chapter, I address these challenges posed by data in drug 

cardiotoxicity and present a machine learning approach for the prediction of 

six drug-induced cardiotoxicity forms. I first will formulate the classification 

problem, after which I will introduce study design, balancing approach and 

cross-validation strategies. I will then use the data collected and described in 

the previous chapter to build different predictors of cardiotoxicity and explore 

their predictive power across cardiac disorders, drug classes, cell lines and 

types of features (transcriptomic and molecular descriptors, investigated both 

independently and in a dual approach, to discriminate the separate and joint 

predictive power of these data sources). 

  



100 

5.2 Methods 

5.2.1 Study design 

 

 
Figure 5-1 Two proposed approaches for classification. In this study, binary relevance 

classification (a set of independent classifiers – BC) is compared to chain of classifiers (CC). 

As described in Chapter 5, the collected dataset contains several forms of 

cardiotoxicity. For the classification problem, I consider six cardiotoxic forms, 

where each form categorises drug samples into two classes: with and without 

known cardiotoxicity. Here, I will explore two approaches for multi-label 

classification: a set of individual binary classifiers (BC) and a chain of 

classifiers (CC), as shown in Figure 5-1. 

 

Figure 5-2 describes the computational and data framework proposed in this 

study. After data collection and isolation of a testing set (completely unseen 

during training, see “Training testing set design”, Chapter 4, page 85), I 

selected the set of most descriptive features using the training set. 

Transcriptional and molecular descriptors for the drugs were used as inputs to 

the machine learning algorithms.  
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Figure 5-2 The design of the proposed machine learning model builds on a comprehensive 

database of drugs linked to their transcriptional profiles, molecular descriptors, fingerprints 

and safety information. After collation, the whole dataset was split into training and testing 

sets, of unique sets of drugs in each. Using training data, the set of the most predictive 

features was selected. Those features were later used to train multi-label models (chain of 

classifiers with nested stacking vs sets of individual classifier). Training was performed with 

two cross-validation strategies: random vs leave-drug-out. 
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5.2.2 Training, validation and testing set design 

 
Figure 5-3 Considered cross-validation approaches. Random cross-validation results in 

validation and testing sets having profiles of drugs from training sets, which leads to inflated 

performance on validation and low generalisation abilities on unseen test data compared to 

leave-drug-out cross-validation. 

Models were trained on the expression values of relevant genes, seven 

molecular descriptors values and 79 fingerprint values (340 features in total), 

calculated as detailed in Section 4.2.2. As specified in the section ‘Training 

testing set design’ of Chapter 4 (page 85), models were trained on matrix size 

of 340×1154, and tested on 340×746.  

 

Figure 5-3 shows the two cross-validation strategies compared in this study. 

An optimal cross-validation strategy is crucial in order to accurately assess 

the performance of the model on unseen drugs, and therefore to evaluate its 

translational potential into real-world practice. For each cardiotoxicity label, its 

respective training and validation sets were preserved completely non-

overlapping by drugs, with a leave-drug-out cross-validation strategy. To 

determine the generalisation ability of the proposed methods for novel drugs, I 

assessed the best-performing models on the selected testing set of 66 unique 

drugs. This strategy was compared with random cross-validation, frequently 

used in machine learning studies, including for drug safety. 
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5.2.3 Multi-label balancing 

 
Figure 5-4 Multi-label balancing strategy illustrated with the fold 1 of ‘cardiac arrhythmia’. For 

each cardiotoxicity form, an original training set was selected and subsequently split into 

validation and training sets for each fold. The training set for a fold was balanced, and used 

together with the original intact validation set, to optimise the model and find the best set of 

hyperparameters. Afterwards, the final model was trained on the balanced training set with 

the best set of selected hyperparameters. 

I performed the synthetic minority over-sampling technique (SMOTE; [333]), 

implemented in the DMwR R package, to balance datasets. Figure 5-4 shows 

the balancing strategy for one cardiotoxicity type. The same strategy was 

applied for each fold and cardiotoxicity form. Balancing was only performed in 

the training set in cross-validation, in order to avoid over fitting at any stage. 
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5.2.4 Chain of classifiers with nested stacking 

 
Figure 5-5 Used chain of classifiers with nested stacking model for multi-label prediction of 

drug cardiac safety. Each classifier L in the chain is trained on a set of F features and the L-1 

labels predicted by the previous L-1 classifiers 

 

Figure 5-5 outlines the employed model of chain of classifiers with nested 

stacking [334], which takes into account label dependencies. A chain of 

classifiers with nested stacking is a model that receives a feature vector and 

maps it to a set of labels. Each classifier in the chain is trained on a set of 

features together with the set of labels predicted by the previous classifiers. 

Nested stacking means that predictions for subsequent labels are made only 

for validation sets in each fold. This ensures that the classifiers do not predict 

values for samples that were included in the training for that model, therefore 

improving the generalisation abilities of such a classifier on unseen data.  

 

I used cardiotoxicity types as labels, and gene expression values along with 

molecular descriptors and fingerprints as features. I used the following order 

of cardiotoxicity types obtained from MedDRA (see Chapter 5.2.1 Data 

collection page 82): ‘Vascular disorders’, ‘Cardiac disorder signs and 
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symptoms’, ‘Cardiac arrhythmias’, ‘Heart failure’, ‘Coronary artery diseases’, 

‘Pericardial disorders’ and ‘Myocardial disorders’. Labels were ordered by 

increasing number of drugs related to those side effects. Because the model 

for the first label will not receive information from any other cardiotoxicity 

types, I introduced ‘Vascular Disorders’ (which is also related to cardiac 

disorders) as the first disorder for prediction, in order to minimise the effect of 

the first position for ‘Cardiac disorder sign and symptoms’. However, the 

accuracy of ‘Vascular disorder’ prediction was not used in the evaluation of 

the model performance and in selection of the best model.  

 
To determine which algorithm accounts best for the observed data, I adapted 

several supervised classification algorithms widely used in bioinformatics:  

• elastic net logistic regression (glmnet R library by Friedman et al. 

[335]). This model uses a logistic function to model the presence or 

absence of cardiac adverse reaction reports as a binary dependent 

label. The elastic net regularisation method linearly combines lasso 

[336] and ridge [337] penalty methods (which penalise the sum of 

absolute or squared values of coefficients, respectively) to select 

transcriptional, molecular descriptors and fingerprint features. 

• random forest (ranger R library by Marvin et al. [338]). Random forest 

classifiers [339] combine a series of decision tree classifiers trained on 

different subsets of transcriptional, molecular descriptors and 

fingerprint features.  

• gradient boosting logistic regression (gbm R library by Ridgeway et al. 

[340]). Gradient boosting methods [341] combine a series of logistic 

regression classifiers trained on different subsets of transcriptional, 

molecular descriptors and fingerprint features.  

• categorical boosting (catboost R library by Prokhorenkova et al. [342]). 

Categorical boosting is a modification of the gradient boosting method, 

introduced in 2017. This method is also a combination of decision tree 

classifiers, but it allows handling categorical values and also uses new 

schema for selection of trees. As a result, it has been shown to 

outperform other gradient boosting models [342]. 
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5.2.5 A set of individual classifiers 

 

I used a set of individual classifiers as a binary relevance method. As in case 

of the chain of classifiers, each classifier is trained on a set of features, but in 

contrast to the chain of classifiers, it does not receive any previously predicted 

labels.  

 

5.2.6 Optimisation schema 

 

All models were optimised with Latin hypercube sampling of parameters (clhs 

R library by Roudier [343]) towards maximum Matthews correlation coefficient:  

(5.1) !"" = !"× !"! !"× !"
( !"! !")( !"! !")( !"! !")( !"! !"),  

where tp (true positives) and tn (true negatives) are the number of compounds 

with cardiotoxicity reports and the number of compounds without cardiotoxicity 

reports predicted correctly, respectively, and fp (false positives) and fn (false 

negatives) are the number of compounds without cardiotoxicity reports and 

the number of compounds with cardiotoxicity reports predicted incorrectly, 

respectively. An MCC=0 indicates that the prediction is not better than a 

random prediction, an MCC=1 indicates perfect prediction or total agreement, 

and an MCC=-1 indicates total disagreement. 

 

I first trained models with five-fold cross-validation selected to leave drugs out 

to compensate for overfitting, and to receive more robust performance 

metrics. Once trained, to predict the cardiac safety of any unseen chemicals, 

the model only receives as inputs their transcriptional features, molecular 

descriptors, and fingerprints.  

 

5.2.7 Model evaluation 

In addition to MCC, the following metrics were used to evaluate model 

performance: 

(5.2) !""#$!"% =  !"! !"
!"! !"! !"! !", 
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(5.3) !1 = 2× !"#$%&%'( × !"#$%%
!"#$%&%'(! !"#$%% , 

where !"#$%&%'( =  !"
!"! !" and !"#$%% =  !"

!"! !", with tp (true positives), tn 

(true negatives), fp (false positives) and fn (false negatives) defined as before. 

Accuracy represents the ratio of correctly predicted drugs to a total number of 

drugs. Precision equals the fraction of correctly predicted unsafe compounds 

in all compounds predicted as unsafe, whereas recall shows the sensitivity of 

a model and equals the fraction of correctly predicted unsafe compounds out 

of all real unsafe compounds. An F1 score of 1 implies perfect precision and 

recall, while F1=0 denotes the worst accuracy performance. 

 

Model performance was also evaluated against the area under the receiver 

operating characteristic (ROC) curve (AUC):  

(5.4) !"# =  !"# ! −!"!! ! !"!
!! , 

where TPR is the true positive rate (identical to recall) and FPR is the false 

positive rate. AUC measures the diagnostic ability of a predictor, where an 

AUC=0.5 indicates that the prediction is not better than a random prediction, 

and an AUC=1 indicates perfect prediction. The pROC R library by Robin et 

al. [344] was used to calculate AUC values for the classifiers. 
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Table 5-1 Performance of multi-label classification models, trained on transcriptional profiles and molecular descriptors and fingerprints of drugs, on validation 

and testing sets. Reported metrics are area under the receiver operating characteristic curve (AUC; upper value) and Mattew correlation (MCC; lower value). 

Validation and testing set performances are shown in the upper and the lower cells of each row, respectively. The best performance is shown in bold. RF: 

random forest; ELNET: elastic net logistic regression; GBM: gradient boosting machines; CATBOOST: categorical boosting; Cardiac dis S&S: MedDRA term 

for cardiac disorders signs and symptoms; dis: disorders.  

Cardiotoxicity 
form Set Cardiac 

dis S&S 
Cardiac 

arrhythmias 
Heart 

failures 
Coronary 
artery dis 

Pericardial 
dis 

Myocardial 
dis 

Mean ± 
0.5 SD 

Leave drug out cross-validation strategy 
Chain of classifiers with nested stacking 

Dual feature set 

RF 
Validation AUC 63 88 79 91 64 88 79±6 

MCC 0.21 0.50 0.29 0.68 0.13 0.46 0.38±0.10 

Testing AUC 70 64 58 54 83 87 66±9 
MCC 0.33 0.37 0.04 0.10 0.14 -0.08 0.15±0.9 

ELNET 
Validation AUC 62 67 65 55 71 65 64±3 

MCC 0.20 0.23 0.19 -0.03 0.6 0.37 0.17±0.07 

Testing AUC 67 65 63 49 66 70 63±4 
MCC 0.28 0.28 -0.08 -0.08 -0.03 0.01 0.06±0.09 

GBM 
Validation AUC 67 87 74 90 60 86 77±6 

MCC 0.29 0.55 0.35 0.66 0.16 0.54 0.42±0.09 

Testing AUC 66 62 51 55 60 64 60±3 
MCC 0.22 0.26 -0.08 0.03 0.12 -0.04 0.08±0.07 

CATBOOST 
Validation AUC 64 84 64 88 65 53 70±7 

MCC 0.30 0.68 0.32 0.65 0.24 0.02 0.37±0.13 

Testing AUC 67 63 59 57 67 49 60±3 
MCC 0.27 0.18 -0.07 0.09 0.35 0.0 0.14±0.08 
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Transcriptional features only 

RF 
Validation AUC 63 83 82 90 61 89 78±6 

MCC 0.24 0.47 0.4 0.66 -0.02 0.62 0.4±0.13 

Testing AUC 69 65 58 64 71 67 66±2 
MCC 0.22 0.19 0 0.21 0.11 0.11 0.14±0.04 

Descriptors and molecular fingerprints only 

RF 
Validation AUC 66 83 82 86 48 81 74±7 

MCC 0.24 0.55 0.37 0.51 -0.08 0.19 0.3±0.12 

Testing AUC 63 72 42 56 62 58 59±5 
MCC 0.21 0.22 0.01 0.16 -0.08 -0.07 0.08±0.07 

Set of independent binary classifiers 

RF 
Validation AUC 57 62 61 61 57 53 58±2 

MCC 0.14 0.12 0.06 -0.03 0.0 0.17 0.08±0.04 

Testing AUC 64 63 59 59 45 58 58±3 
MCC 0.21 0.18 -0.02 0.12 -0.01 -0.01 0.08±0.05 

ELNET 
Validation AUC 60 58 61 55 72 64 62±3 

MCC 0.12 0.15 0.10 -0.08 0.06 0.17 0.09±0.05 

Testing AUC 65 67 61 52 64 65 62±3 
MCC 0.19 0.25 -0.03 -0.08 -0.04 -0.05 0.04±0.07 

GBM 
Validation AUC 59 61 50 49 58 66 57±3 

MCC 0.11 0.22 -0.02 -0.03 -0.14 0.37 0.08±0.09 

Testing AUC 67 61 54 57 50 63 59±3 
MCC 0.21 0.20 -0.02 0.04 -0.03 0.05 0.08±0.05 

CATBOOST 
Validation AUC 62 60 61 56 54 70 60±3 

MCC 0.23 0.26 0.20 0.28 0.07 0.37 0.24±0.05 

Testing AUC 72 66 66 60 55 61 63±3 
MCC 0.37 0.22 0.0 0.11 0.0 0.06 0.13±0.07 
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Random cross-validation strategy 
Chain of classifiers with nested stacking 

RF 
Validation AUC 92 96 93 95 94 92 94±1 

MCC 0.70 0.77 0.53 0.72 0.44 0.26 0.57±0.10 

Testing AUC 68 62 52 50 73 79 64±6 
MCC 0.21 0.28 -0.09 -0.04 0.27 -0.07 0.09±0.09 

Set of independent binary classifiers 

RF 
Validation AUC 90 88 74 83 86 77 83±3 

MCC 0.67 0.61 0.25 0.57 0.56 0.16 0.47±0.11 

Testing AUC 66 63 59 56 45 58 58±4 
MCC 0.20 0.20 0.03 -0.09 -0.01 -0.01 0.05±0.06 
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5.3 Results 

Table 5-1 summarises the performance of the different algorithms explored as 

a chain of classifiers (where each classifier passes predicted values to the 

next classifier in a chain), and as a set of individual classifiers, under both 

leave-drug-out cross-validation and for random cross-validation. A detailed 

description of these results is presented in the sections below. 

 

5.3.1 Chain of classifiers versus a set of individual predictors 

 
Figure 5-6 Prediction of multiple forms of cardiotoxicity using the chain of classifiers with 

nested stacking (CC) versus a set of binary classifiers (BC). (A) AUC of best performing CC 

and BC in safety drug prediction on validation (val) and testing (test) sets under leave-drug-

out cross-validation, for each independent cardiotoxicity label. 

Figure 5-6 shows the comparison of the best chain of classifier (random 

forest) and the best set of individual classifiers (categorical boosting) under 

leave-drug-out cross-validation. In general, the chain of classifiers 

outperforms the best set of individual classifiers, with the best results obtained 

for the chain of random forest classifiers, with an average AUC of 79% and an 

average MCC of 0.38 across all cardiotoxicity forms on validation, and 66% 

and 0.15 on testing (Table 5-1 and Figure 5-6). The second best result was 
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obtained with a chain of gradient boosting classifiers, with average AUC of 

77% and average MCC of 0.42 on validation, and 60% and 0.08 on test set. 

The chain of categorical boosting classifiers showed average AUC of 70% 

and average MCC of 0.37 on validation, with average AUC of 60% and 

average MCC of 0.14 for testing. Finally, elastic net demonstrated the most 

modest performance among the trained set of chain classifiers, achieving an 

average AUC of 64% and average MCC of 0.17 on validation, with average 

AUC of 63% and average MCC of 0.06 for testing.  

 

 
Figure 5-7 Levels of association measured between cardiotoxicity forms in the testing set in 

terms of Cohen’s Kappa (left). Levels of association between predicted cardiotoxicity forms 

are measured in terms of Cohen’s Kappa (right). Symbols represent statistical significance 

level by Z-test (*p<0.05, **p<0.01). ‘Cardiac dis S&S’: MedDRA term for cardiac disorder 

signs and symptoms; ‘dis’: disorders. 

Figure 5-7 shows the level of association for predicted cardiotoxicity forms 

with the best performing chain of classifiers model, which demonstrate 

similarity to the ones shown in the original data. This was particularly clear for 

the predominant associations between cardiac disease signs and symptoms, 

cardiac arrhythmias and coronary artery disease. 

 

At the same time, for a set of individual classifiers, the best set of categorical 

boosting classifiers only obtained an average AUC of 60% and an average 

MCC of 0.24 across all cardiotoxicity types on validation, with an average 

AUC of 63% and average MCC of 0.13 on testing (Table 5-1 and Figure 5-6). 

The second best was logistic regression with elastic net regularisation (AUC 

of 62% and MCC of 0.09 on validation and AUC of 62% and MCC of 0.04 on 
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testing). Interestingly, a set of independent gradient boosting classifiers was 

almost as accurate as a chain, with AUC of 59% and MCC of 0.08 vs AUC of 

60% and MCC of 0.07. A set of individual random forest classifiers only 

achieved 58% AUC and 0.08 MCC on testing. 

 

Therefore, while cardiotoxicity types were predicted with different accuracies, 

the inclusion of information between cardiotoxicities improved prediction 

accuracy for all cardiotoxicity types.  

 

5.3.2 Random vs leave-drug-out cross-validation 

 

 
 
 

Figure 5-8 shows the AUC values for the chain of random forest classifiers (CC) 

and a set of individual random forest classifiers (BC), both trained with either 

leave-drug-out or random cross-validation strategies. When validated and 

optimised with random cross-validation, both models demonstrate almost 

perfect accuracy on validation (averages for all cardiotoxicity types: 

AUC=94%, MCC=0.57 for chain of classifiers; AUC=83%, MCC=0.47 for 

independent predictors; Figure 5-8 and Table 5-1). Although apparently 

outperforming the models trained with leave-drug-out cross-validation, models 

Figure 5-8 Comparison between 
leave-drug-out vs random cross-
validation strategies. Average 
performance across all labes is 
shown for the best performing chain 
of classifiers (CC) model, trained 
with leave-drug-out vs random 
cross-validation strategies, and for 
a set of independent binary 
classifiers (BC). Random cross-
validation significantly inflates the 
accuracy of the trained models 
compared to leave-drug-out 
validation. 
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trained with random cross-validation were however less accurate when 

predicting cardiotoxicity types of previously unseen drugs (test datasets in 

Figure 5-8 and Table 5-1). Quantitatively, the chain of classifiers trained and 

optimised with a random cross-validation strategy exhibited an AUC of 64% 

and MCC of 0.09, compared to an AUC of 66% and MCC of 0.15 for leave-

drug-out cross-validation (average values for all cardiotoxicity types). 

Similarly, a set of individual classifiers with random cross-validation showed 

an AUC of 58% and MCC of 0.09, compared to an AUC of 58% and MCC of 

0.05 in the case of leave-drug-out cross-validation. 

 

5.3.3 Dual vs individual feature sets 

 
Figure 5-9 Sensitivity of predictive accuracy to feature types, cell lines and incubation times. 
(A) Merging of molecular descriptors and fingerprints and transcriptional features results in 
increased average performance across all drug classes. (B) The best performing model 
demonstrates similar predictive accuracy across different cell lines (A549, MFC7) and 
incubation times (6 and 24 hours). For new cell lines (PHH, SKB, SKM1, A673), the model 
discriminates more accurately seen drugs with unseen cell lines (‘new cells seen drugs’) than 
unseen drugs (‘new cells new drugs’). 
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To further explore the predictive value of individual feature sets, I compared 

for the entire dataset the proposed chain of random forest classifiers with 

nested stacking separately trained on each feature set (transcriptional versus 

molecular descriptors). 

  

Figure 5-9A summarises the performance of models trained only on one 

feature type and on the dual set. The dual set shows on validation an AUC of 

79% and MCC of 0.38 versus an AUC of 74% and MCC of 0.30 for molecular 

descriptors and fingerprints, or an AUC of 78% and MCC of 0.40 for 

transcriptional features only (Figure 5-9, Table 5-1). Similarly, the dual 

transcriptomic and molecular classifier is more accurate on testing. The model 

trained only on molecular descriptors and fingerprints achieves 66% AUC and 

0.14 MCC, being 59% AUC and 0.08 MCC when trained only for 

transcriptional features. 

 

Following the observation of the clustering of samples according to cell types 

and incubation times (Figure 4-6), I decided to explore the sensitivity of the 

best performing model to those sample characteristics. Figure 5-9B illustrates 

that the best model tends to classify slightly more accurately drugs profiled 

with A549 compared to MCF7 cell lines, and drugs incubated for 6 compared 

to 24 hours (Supplementary Table 5-1). To further investigate robustness to 

unseen cell lines, I used the best performing model to predict cardiac safety 

for transcriptional profiles on four additional cell lines: PHH, SKB, SKM1, 

A673 (Supplementary Table 5-1). For already seen drugs, the model 

discriminates with high accuracy (average AUC=81%, MCC=0.32), indicating 

that it is learning the information on cardiotoxicity regardless of the cell line 

used. For unseen drugs profiled with totally new cell lines, the model exhibits 

a moderate decrease in performance (average AUC=0.67 and MCC=0.04 vs 

0.66 and MCC=0.14), suggesting good generalisation properties of the 

proposed model. 

 



116 

5.3.4 Predictive accuracy across drug classes and cardiotoxicity forms 

 
Figure 5-10 Predictive accuracy across drug classes, cardiotoxicity forms and feature types. 

The best performing model trained on either molecular descriptors and fingerprints, 

transcriptional features or both demonstrates different performance in predicting different 

types of agents. For each drug class, the top bar plot shows the AUC of the best predictor, 
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and the respective bottom bar plot the aggregated number of safe and unsafe drugs in the 

training and test sets. CV: cardiovascular agents; CNS: central nervous system agents. 

 
Figure 5-10 shows the performance of the best model (chain of random forest 

classifiers with nested stacking) across cardiotoxicity forms and drug classes 

(Supplementary Table 5-1). For example, for antineoplastic drugs, the best 

model predicted ‘pericardial disorders’ more accurately (Supplementary Table 

5-1; AUC=75% and MCC=0.47) than the average across all drugs, also 

achieving high accuracy in the prediction of ‘heart failure’ (AUC=76% and 

MCC=0,13). ‘Cardiac disorder signs and symptoms’ were also more 

accurately predicted in the case of anti-inflammatory drugs compared to other 

cardiotoxicity types (Supplementary Table 5-1; AUC of 86% and MCC of 

0,43).  

 

On the contrary, predictions for ‘pericardial disorders’ were close to random 

guessing for central nervous system agents (AUC of 53% and MCC of -0.03) 

and for ‘cardiac disorders signs and symptoms’ for cardiovascular agents 

(AUC of 52% and MCC of -0.16). Some of these cases of limited performance 

may be partially explained by a small frequency of side effects for specific 

drug types. For example, only 16 out of 56 total cardiovascular agents in the 

collected dataset are known to cause cardiac arrhythmias and coronary artery 

diseases (Figure 5-10). However, for antineoplastic drugs the frequency of 

coronary artery disease (7/33) is the same than for cardiac arrhythmias (7/33) 

and bigger than for heart failure (3/33), but the predictor performs better in 

predicting the latter two than coronary artery disease, indicating a possible 

dependency on feature types. 

  

Interestingly, the model trained individually on molecular descriptors and 

fingerprints demonstrated higher accuracy than the transcriptomic or dual 

predictors in safety predictions of ‘cardiac arrhythmias’ for cardiovascular, 

antineoplastic and central nervous system agents, but not for anti-

inflammatory agents (Figure 5-10). For central nervous system agents, in 

general, the molecular descriptor-based predictor is more accurate. Notably, 
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for ‘coronary artery disorders’, a combination of the two feature types leads to 

a decrease in accuracy compared to individual feature set predictors.  
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Figure 5-11 Values of SNCA, HSPA8, nAtomBond, tpsaEfficiency, TopoPSA and ALogp2 

features, for drugs assigned to seven prediction groups according to prediction accuracy. ‘All 

correct’ and ‘all false’ indicate samples predicted correctly and incorrectly by all three 

predictors, respectively. Equivalently, the rest of groups represent samples incorrectly 

predicted by the dual predictor (‘Dual’), by the predictor trained only on transcriptional 

features (‘Gene’) and by the predictor trained on molecular descriptors only (‘Desc’). 

Figure 5-11 shows an example of transcriptional features and molecular 

descriptors associated with prediction accuracy. For instance, drug samples 
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with higher expression values of Alpha-Synuclein (SNCA) or Heat Shock 

Protein 8 (HSPA8) genes were more often predicted incorrectly by all three 

predictors. Drugs with a higher number of atomic bonds (nAtomBond) were 

classified less correctly when trained on the combined features set or only on 

molecular descriptors. The same was observed for drugs with higher values of 

polar surface area to molecular size ratio (tpsaEffiency) or topological polar 

surface area based on fragment contributions (TopoPSA). 

 

5.4 Discussion 

 

The proposed method for multi-label prediction of drug-induced cardiotoxicity 

(chain of random forest classifiers with nested stacking) achieves a 79% 

average AUC across the six main types of cardiotoxicity on a leave-drug-out 

cross-validation strategy on 291 drugs (8,237 samples). Further validation of 

the method on new and completely unseen 66 drugs (1,696 samples), with 

multiple mechanisms of action, demonstrates that the proposed model holds 

high generalisation abilities compared to sets of individual classifiers. Models 

trained with leave-drug-out cross-validation were able to discriminate between 

safe and unsafe drugs with a 66% average AUC and MCC of 0.15 across all 

cardiotoxicity types. The model demonstrates higher accuracy for specific 

adverse drug effects and type of agents, and in particular for pericardial 

disease, cardiac disease and symptoms, heart failure and myocardial disease 

for antineoplastic, anti-inflammatory, cardiovascular and central nervous 

system agents, respectively. These results suggest the translational potential 

of the proposed approach towards applications in a pre-clinical context.  

 

The proposed method takes advantage of the chain of classifiers approach. 

This approach significantly outperformed binary classification approaches that 

treat each label independently, with an improvement of 5% in terms of AUC 

(from AUC 63% to 66%) and 15,38% MCC (0.13 to 0.15). This highlights the 

importance of incorporating information about related adverse reactions in 

predicting drug safety. While demonstrating good generalisation abilities on 

unseen data, the model showed different performance across cardiotoxicity 
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types depending on the type of agents. Cardiac arrhythmia-related safety was 

predicted more accurately for cancer and anti-inflammatory agents than for 

cardiovascular and central nervous system agents. This might be improved by 

the introduction of information more relevant to specific mechanisms of 

arrhythmogenesis.  

 

The accumulated body of evidence suggests that gene expression signatures 

alone could also be used as a biomarker of cell response to drugs [345,346]. 

Those results, in line with previous studies [291], demonstrate that coupling of 

transcriptional profiles and molecular descriptors improves the predictive 

power of algorithms. Thus, the combination of both feature types indeed 

increases the mean accuracy of a chain of classifiers. 

 

Previous research [291,292] reported good accuracy in the prediction of 

multiple adverse reactions, including liver disorders, gastrointestinal disorders, 

myocardial infarction and cardiomyopathy. However, such approaches were 

tested using drugs included in the training, rather than in an independent 

dataset as performed in this study. They also neglected existing 

dependencies between various forms of cardiotoxicity, as I have 

demonstrated in this chapter, where I also show that retaining information 

about cardiotoxicity dependencies results in greater prediction accuracy. At 

the same time, I show that models trained with random cross-validation may 

display a significantly inflated performance on validation, nevertheless 

becoming less accurate when predicting previously unseen drugs. In general, 

the leave-drug-out cross-validation strategy demonstrated a more robust 

performance compared to random cross-validation, the latter evidencing 

inflated accuracy metrics, which in turn may complicate model optimisation 

and overstate their expected generalisation ability. The proposed chain of 

classifiers model with nested stacking has indeed better generalisation for 

multi-label predictions than previous models, such as that by Wang and 

colleagues [291], and demonstrates a superior performance compared to 

models based on sets of individual classifiers.  
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The proposed model can predict both acute (cardiac arrhythmias) and chronic 

(coronary artery disorders and heart failures) effects of drugs, based on 

clinical human responses collected via SIDER. Chronic drug-induced cardiac 

changes are often irreversible and their effects are delayed. Therefore, their 

prediction poses a great challenge, as they would require long-term animal 

experimentation, together with translational challenges from animal to human 

[347]. Another key advantage of the approach is the use of perturbation 

databases such as LINCS and Connectivity map. They constitute great 

resources for preclinical applications [348], and they have even been used 

extensively to identify novel drug candidates that confirmed their effectiveness 

experimentally [349]. Providing a cheaper alternative to animal models, 

computational methods that integrate transcriptional responses of drugs and 

their molecular characteristics, such as the one I propose here, could be used 

prior to animal experiments to identify drug cardiotoxicity early in the pre-

clinical phase of drug discovery. 

 

Using transcriptional signatures, molecular descriptors and fingerprints, the 

general methodology proposed in this study could be further applied to other 

tissue-specific side effects and organs. I presume that this approach can be 

also extended to other areas including drug target prediction, where 

information about the multi-label properties of drugs or multi-target properties 

plays a vital role [350].  

 

5.5 Conclusions 

 

In this chapter, I have presented a machine-learning approach for 

simultaneous prediction of six forms of cardiotoxicity. The achieved overall 

good performance suggests that gene expression changes can be used as 

biomarkers of drug-induced cardiotoxic response. However, while the 

proposed model shows relatively good accuracy in discriminating between 

safe and drugs that can cause cardiac adverse reactions, many aspects of the 

underlying mechanisms of cardiotoxicity are yet to be well understood. In the 

next chapters, I will present a mechanistic model that incorporates information 
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about expression changes to investigate the effects of hERG trafficking 

disruption by drugs on cardiac electrophysiology. 
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6 Computational modelling and simulation of hERG 
protein dynamics in human cardiomyocytes 

 

6.1 Introduction 

 

At the end of Chapter 5, I described how machine learning can be used to 

predict the cardiotoxicity of drugs using transcriptional and structural 

information. While being reasonably accurate in the prediction of outcomes, 

machine learning approaches have a limited ability to identify the underlying 

mechanisms of a drug’s off-target actions. An alternative for the latter is the 

use of mechanistic-based models, which, for example, have demonstrated 

high accuracy in the prediction and explanation of clinical pro-arrhythmia due 

to acute ion channel inhibition [290,311,351]. However, the extension of 

mechanistic-based models to other types of more complex drug off-target 

interactions, such as drug-induced trafficking disruption, is not straightforward. 

It requires the development of suitable models to capture these interactions in 

order to augment the predictive value of in silico approaches.  

 

In this chapter, I describe the development of a new mechanistic model of 

hERG channel trafficking and its application in investigating the effect of 

abnormalities on trafficking on cellular cardiac electrophysiology. I start with a 

brief summary of the key stages of hERG trafficking, which were discussed in 

detail in Chapter 2, in light of cell-drug interactions (“hERG trafficking 

inhibition” section, Page 23). Afterwards, I formulate the model and describe 

its calibration based on experimental data. Finally, I present the effect of 

changes in hERG trafficking on action potential models of human iPSC 

derived cardiomyocytes. 

 

6.2 Materials and Methods 

6.2.1 Characterisation of hERG trafficking stages and key regulatory 

proteins 
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The hERG channel is encoded by the KCNH2 gene, also known as hERG, 

located on chromosome 7. The biogenesis, trafficking and degradation of 

hERG can be subdivided into the following steps (Figure 2-4): 

1) Synthesis of non-mature hERG, which includes the synthesis of pre-

mRNA in the nucleus (transcription), followed by splicing, capping, 

cleavage and polyadenylation, and its transport to the endoplasmic 

reticulum, where it will be translated to the polypeptide.  

2) A fraction of non-mature hERG protein undergoes maturation, and the 

remainder are degraded.  

3) Maturation of hERG, which includes the transport of the non-mature 

hERG (polypeptide) in the COPII-mediated vesicle to the Golgi 

apparatus with Hsp70 and Hsp90 chaperones attached, where the 

protein will be glycosylated.  

4) A fraction of the mature hERG protein is transported to the membrane, 

and the rest is degraded. 

5) Exocytosis of mature hERG (glycosylated form) to membrane.  

6) Endocytosis of mature hERG, where it can be recycled or degraded. 

 

It should be noted that some of the processes listed above have been shown 

to be integrated with each other and occur almost simultaneously, such as the 

pre-processing and transcription of mRNA [352].  

 

6.2.2 Formulation of the hERG trafficking model 

The mathematical formulation of hERG dynamics described above can be 

represented as the following model: 

 
where variables !! , ! , [!!"#] respectively represent protein densities of 

non-mature, mature and membrane hERG forms. Parameter !! is the non-

mature protein synthesis rate, ! is the maturation rate or transformation of 

non-mature to mature form, ! is the rate of transport to the cell membrane, !" 
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is the rate of endocytosis or stability on the membrane, and !!" and !! are 

the non-mature and mature protein degradation rates, respectively (all 

parameters positive). The model above can be described as a set of ordinary 

differential equations (ODEs). The equations read: 

 (6.1) ![!"]!" = !! − ! ∙ !" −!!" ∙ [!"], 

 (6.2) ![!]!" = ! ∙ !! − ! ∙ ! + !" ∙ [!!"#]− !![!], 

 (6.3) ![!!"#]
!" = ! ∙ ! − !" ∙ [!!"#], 

with equations (6.1)-(6.3) respectively describing the time evolution of hERG 

non-mature, mature and mature on the cellular membrane forms. 

6.2.3 Implementation of the model 

 

For parameter optimisation, I implemented the model in Matlab (R2017a 

version; [353]) and solved it with the ‘ode15s’ function [354]. The rest of 

simulations were performed in R (3.4 version [355]) and solved with the ‘ode’ 

function with the default integrator ‘Lsoda’ from the deSolve package [356]. 

The ggplot2 R library was used to visualise the results [357]. 

 

6.2.4 Calibration of the model 

6.2.4.1 Characterisation of in vitro hERG trafficking experiments  

 
Table 6-1 Experimental non-mature ([!"]) and total mature ( ! + [!!"#]) hERG protein 

levels with maturation (!), trafficking (!) and endocytosis (!") active, but synthesis blocked 

(!!=0). Protein levels were measured using radioactive labelling in HEK293 cells at 37°C. 

Data adapted from [358]. SD: standard deviation; n: number of independent experiments; 

a.u.: arbitrary units. 

Times, h 
[NM] (mean±SD, n=3), 

a.u. 

 [M]+[MMem] (mean±SD, n=3), 

a.u. 

0 1.00±0.00 0.00±0.00 

2 0.47±0.02 0.32±0.30 

4 0.31±0.18 0.43±0.06 

8 0.15±0.06 0.26±0.08 
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22 0.00±0.02 0.01±0.00 

 
Ficker and colleagues [358] performed the analysis and quantification of the 

rate of non-mature hERG protein decay and mature protein synthesis for 24 

hours using pulse-chase protocols (Table 6-1). They performed monitoring of 

hERG maturation in HEK293 cells incubated at 37°C using radioactive 

labelling. Cells were incubated in a [35S]-methionine/cysteine medium for 30 

minutes. This radioactive label is incorporated into newly synthesised hERG 

protein during incubation, and can be detected using phosphorimaging. Cells 

were lysated after 0, 2, 4, 8 and 22 hours to measure changes in the labelled 

proteins (disappearance of the non-mature hERG and appearance and 

disappearance of mature hERG). 

 
Table 6-2 Experimental total mature ( ! + [!!"#]) hERG protein with trafficking (!) and 

endocytosis (!") active, but maturation and protein synthesis blocked (!!=0 and ! = 0). 

Protein levels were measured in HEK293 cells incubated at 37°C with Western blotting using 

immunodetection. Data adapted from [359]. n: number of independent experiments. a.u.: 

arbitrary units. Standard deviation values not available. 

Times, h 
[M]+[MMem] (mean, n=3), 

a.u. 

0 1.00 

2 0.82 

4 0.72 

6 0.54 

8 0.57 

11 0.30 

24 0.08 

 
Table 6-2 shows the data for a second experiment by Ke and colleagues 

[359]. For the quantification of degradation of the mature wild type and three 

trafficking hERG mutant channels, the authors used pulse-chase protocols 

and monitored HEK293 cells for 24 hours. Firstly, the cells were incubated at 

27°C, then returned to 37°C and exposed to Brefeldin A, an agent that 

prevents the transport of proteins from the endoplasmic reticulum to the Golgi 
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apparatus, where they mature. Cells were lysated after 0, 2, 4, 6, 8, 11 and 24 

hours to measure the expression of the fully glycated (mature) hERG by 

hybridisation with an anti-haemagglutinin antibody, followed by hybridisation 

with an antibody conjugated to a fluorescent dye and detection by an infrared 

imaging system. Protein levels were normalised to anti-β-actin antibody.  
 

Table 6-3 Experimental non-mature ([!"]) and total mature ( ! + [!!"#]) hERG protein 

levels with maturation (!), trafficking (!) and endocytosis (!") active, but synthesis blocked 

(!!=0). Protein levels were measured in HEK293 cells incubated at 37°C using a radioactive 

detection system. Data adapted from [360]. SD: standard deviation; n: number of independent 

experiments; a.u.: arbitrary units. 

Times, h 
[NM] (mean±SD, n=5), 

a.u. 

[M]+[MMem] (mean±SD, n=5), 

a.u. 

0 1.00±0.00 0.00±0.00 

1 0.80±0.34 0.15±0.06 

2 0.56±0.00 0.29±0.02 

4 0.51±0.16 0.47±0.14 

 

Table 6-3 provides quantified hERG levels in a third experiment [360]. The 

authors used a pulse-chase protocol to measure non-mature and total mature 

hERG levels in HEK293 cells incubated at 37°C. The cells were transfected 

with SNAP-hERG plasmids, which react with a fluorescent label, thus allowing 

their detection. To initiate the experiment, non-fluorescent labels were added 

to block any already expressed hERG proteins with SNAP-tags, and further 

protein expression was blocked with cycloheximide. The cells were then 

washed out and incubated at 37°C for 20 minutes to resume protein 

synthesis. Afterwards, the cells were lysated after 0, 1, 2 and 4 hours. Protein 

levels were detected using a Luminescent Image Analyzer. 

 

6.2.4.2 Estimation of model parameters 

 

To identify representative values of model parameters for trafficking (! ), 

endocytosis (!"), maturation (!) and degradation rates (!!";  !!), I simulated 
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the aforedescribed experiments by Ficker et al [358], Ke et al. [359] and Li et 

al. [360], mimicking their experimental conditions. 

 

Optimal model parameters were computed by minimising the difference 

between experimental and simulated levels of non-mature and total mature 

hERG, by minimising the Root Mean Square Error (RMSE). This is given by  

(6.4) !"#$ =  !
! !! − !! !!

!!!
!  ,  

where !! is a predicted value, !! is a measured quantity, and N is the number 

of points. The total RMSE, calculated through the addition of the independent 

RMSEs for each of the hERG levels and experiments described above, was 

used as objective function. A total RMSE=0 indicates a perfect fit.  

 

To lessen the dependence of estimated model parameters on their initial input 

values, I generated a random set of 1000 initial instances for the parameters 

with the ‘lhsdesign’ function from the Mathworks toolkit, which produces a 

Latin hypercube sample matrix of given size [354]. These were used as 

starting points along with the objective function for the ‘fmincon’ function from 

the Mathworks toolkit [354], which searches for the minimum of the specified 

objective function given constraints, using a steepest descent method. This 

function was used to find the distributions of optimal model parameters. 

 

Once optimal values for trafficking (!), endocytosis (!"), maturation (!) and 

degradation rates (!!";  !!) were obtained, the non-mature protein synthesis 

rate (!!) was derived from the steady-state solution of the model, given by:  

 

 (6.4) [!"]!! = !!
!!"!!

, 

 (6.5) [!]!! = !
!!
∙ !!
!!"!!

, 

 (6.6) [!!"#]!! = !∙!
!!∙!"

∙ !!
!!"!!

. 

 

For control hERG trafficking conditions, a relative value of [!!"#]!! = 1 is 

assumed, which yields !! = ! + !!" !!∙!"
!∙! . This assumption also allows the 
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direct use of [!!"#] as a scaling factor of the hERG current in biophysically 

detailed action potential models, enabling investigations into the role of 

altered trafficking or its variability in action potential biomarkers, as discussed 

below. 

 

6.2.5 Sensitivity analysis of hERG trafficking model 

 

To explore the sensitivity of the model to the variability of the parameters, I 

simulated a population of models by: i) scaling each parameter from 0.5 to 2; 

ii) applying Latin hypercube sampling of 100 combinations of parameters; iii) 

using model simulation for 24 hours to reproduce the conditions of in vitro 

experiments.  

 

For further quantification of the results and model dynamical behaviour, the 

following sets of markers were calculated for each simulated trace: i) half-life 

of protein levels, !! ! =
!"

!"#! !(!!!!")
, where !!!!" is a given hERG level at time 

24 hours; ii) time to maximum level (!!"#); and iii) maximum level (!!"#). 

 

6.2.6 Partial correlation analysis 

 

Partial correlation analysis, which allows calculating correlation between two 

variables while accounting for the effects of the remaining variables, was used 

to determine the relationship between the calculated set of action potential 

biomarkers and the parameters of the trafficking model [361]. 

 

Partial correlation was used to determine the relationship between the 

calculated set of biomarkers (!! ! , !!"# , !!"# ) and parameters of the 

trafficking model [361]. 
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6.2.7 Simulation protocol of action potential models of human iPSC-

derived cardiomyocytes coupled to hERG trafficking  

 

I further explored how the time-dependent changes in the mature hERG on 

the membrane [!!"#](!) would affect cellular electrophysiology. To do this, I 

used the Paci2018 model of human iPSC-derived cardiomyocytes, kindly 

provided by Dr Michelangelo Paci [306]. I coupled the hERG trafficking model 

with membrane electrophysiology by using the value of [!!"#](!) as the 

dynamic scaling factor of the hERG current (IKr).  

 

The different dynamic behaviour of both models (action potential changes 

occurring in milliseconds; effective hERG membrane levels changing in a time 

course of hours) also allows for the following coupling strategy for separation 

of time scales. Firstly, the action potential model is run for 800 s (>12 min) to 

ensure it reaches steady-state conditions, representing the time point ! = 0 in 

the simulations. The hERG trafficking model is then solved up to a given time 

point, and the value of [!!"#](!) is communicated to the action potential 

model as a scaling factor of its maximum IKr conductance. The action potential 

model is then simulated keeping [!!"#](!) constant for 400 s (>6 min; once 

again, explored effective changes in hERG membrane levels occurring in a 

time span of hours) to accommodate to the changes in the hERG current with 

respect to the previous time point considered. This choice of simulation times 

provided stable action potential biomarkers in all the hERG trafficking 

conditions considered. The proposed strategy may only exhibit limitations 

during fast transients in hERG membrane levels (e.g. right after acute 

pathway inhibition), for which a strong coupling strategy (updating hERG 

trafficking inside the action potential model) could be considered. 

 

6.2.8 Action potential biomarkers 

 

I used the following ten biomarkers to quantify changes in action potential 

under arsenic trioxide action: maximum diastolic potential (MDP), Peak, action 

potential amplitude (APA), maximum upstroke velocity (VMax), action 
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potential duration at 10, 20, 30, 50, 70 and 90 % of repolarisation (APD10, 

APD20, APD30, APD50, APD70, APD90) (see Chapter 3 p. 77 for details on their 

calculation). 

 

Biomarkers were calculated using R (3.4 version [355]). Firstly I detected 

beating cycles and after calculated the described set of biomarkers for each 

individual action potential.  

 

6.3 Results 

6.3.1 Estimated parameters of the hERG trafficking model 

 
Table 6-4 Identified set of median model parameters obtained by minimising the difference 

between simulated and experimental in vitro values of hERG levels. !: maturation rate; !!": 

non-mature degradation rate; !!: mature degradation rate; !: trafficking; !" : endocytosis. 

Parameter Value 

!! 0.226 

!!" 0.058 

!! 0.207 

! 0.216 

! 2.690 

!" 2.317 
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Figure 6-1 Distribution of parameters reached by the optimisation algorithm initialised with 

1000 different starting points. For the median of the parameter distributions, histogram plots 

are overlaid with kernel density curves. !: maturation rate; !!": non-mature degradation rate; 

!!: mature degradation rate; !: trafficking; !" : endocytosis. 

 

Table 6-4 and Figure 6-1 show selected parameter values and the distribution 

of parameters identified by running the optimisation algorithms with the 1000 

different starting conditions. 
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6.3.2 Sensitivity of the hERG trafficking model 

 
Figure 6-2 Time changes of non-mature and mature hERG. (A) Simulated non-mature and 

total mature hERG levels (peach and light green, respectively) of a population of hERG 

trafficking models, and experimental values (dark red and dark green, respectively) reported 

by Ficker et al [358]. (B) Simulated levels of total mature hERG (light green) of a population of 

models and experimental values (dark green) reported by Ke et al [359]. (C) Simulated non-

mature and total mature hERG levels (peach and light green, respectively) of a population of 

hERG trafficking models, and experimental levels (dark red and dark green, respectively) 

reported by Li et al [360]. Avg: average; Q1: 1st quantile (25% of the distribution); Q3: 3rd 

quantile (75% of the distribution). a.u.: arbitrary units. 

Figure 6-2 A-C show average and first/third quantiles of simulated values of 

non-mature hERG disappearance and mature and mature on the membrane 

hERG appearance and disappearance, together with experimental data. 

Values were simulated reproducing experimental conditions ( !! = 0 ), 

following the sensitivity analysis described in section 6.2.5. It can be seen that 

simulated values are in agreement with actual experimental in vitro data, 
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showing the same rates of non-mature and mature hERG decay and mature 

hERG appearance.  

 
Figure 6-3 (A-D) Box plots illustrating the distribution of the half-life (T1/2) of the non-mature 

(peach) and total mature (light blue) simulated hERG values, time to maximum (Tmax) and 

maximum reached levels (Lmax) for total mature simulated hERG levels (light green). In each 

box, the central line represents the median, the box limits correspond to the 25th and 75th 

percentiles, the whiskers extend to the most extreme data points not considered outliers, and 

the outliers are depicted individually as points. Partial Pearson correlation coefficients 

between model parameters and hERG biomarkers for (E) non-mature hERG decay (!! !) and 

total mature hERG production (!!"# and !!"#) for the protocol with synthesis blocked (!! =
0), and (F) total mature hERG decay (!! !) for the protocol with synthesis and maturation 

blocked (!! = 0;  ! = 0). [NM]: non-mature hERG; [M]: mature hERG; [MMem]: mature on the 
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membrane hERG; a.u.: arbitrary units. !: maturation rate; !!": non-mature degradation rate; 

!!: mature degradation rate; !: trafficking; !" : endocytosis. 

For further quantification of the results, I calculated half-life values of the 

simulated non-mature and total mature proteins, along with time to maximum 

and maximum reached levels (Figure 6-3 A-D). Figure 6-3 E-F shows the 

partial correlation coefficients between model parameters and the calculated 

set of biomarkers. For each calculated marker multiple parameters showed 

significant partial correlation. Maturation rate (!) has the highest impact on 

both the simulated non-mature and total mature hERG levels, compared to 

degradation rates (!!";  !!), trafficking (!) and endocytosis (!"). The higher !, 

the faster mature and mature on the membrane hERG reach the maximum 

level (lower !!"#) and the higher this maximum level (higher !!"#). The lower 

!!" values, the faster the disappearance of the non-mature hERG (higher 

!! !). Notably, in case of maturation block (Figure 6-2 B and Figure 6-3 D, F), 

the parameter ! has the highest impact on the levels of mature and mature on 

the membrane hERG (Cor of -0.23). At the same time, the degradation rate of 

mature hERG shows a high negative correlation with the simulated total 

mature hERG levels for the two protocols considered. 

6.3.3 Simulations of impaired hERG trafficking 

 

As previously discussed, a wide range of pharmacological compounds and 

mutations can cause hERG deficiency by affecting different components of 

cellular hERG trafficking. Here, I explore how changes in the individual model 

parameters affect simulated values of hERG levels. 
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Figure 6-4 Simulations of the time evolution of hERG levels under perturbation of the 

degradation, maturation and trafficking of the channel. Firstly, the model was initialised with 

steady-state conditions, and perturbations were introduced at t=0 by a 50% increase (left 

column) and a 50% decrease (right column) in parameters. Levels of non-mature, mature and 

mature on membrane hERG are displayed in blue, pink and green colours respectively. !: 

maturation rate; !!": non-mature degradation rate; !!: mature degradation rate; !: trafficking; 

!": endocytosis. 
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Table 6-5 Simulated levels of mature hERG on the membrane (!!"#) at t = 48 hours upon 

decreased hERG maturation and increased hERG endocytosis. 

Scaling !!"# !"#ℎ ↓ ! !!"# !"#ℎ ↑ !" 

Control 1 1 

25% 0.933 0.833 

50% 0.825 0.666 

75% 0.611 0.571 

 

Figure 6-4 and Table 6-5 presents changes to the simulated levels of the non-

mature, mature and mature on the membrane hERG upon independent 

increase/decrease of !, !!", !!, ! and !" model parameters right after the 

start of the experiment (t=0). A decreased trafficking has the highest impact 

on hERG levels on the membrane, showing a 50% reduction of the mature on 

the membrane hERG after 48 hours (Figure 6-4 H). At the same time, both 

decreased mature degradation and increased endocytosis lead to a 33% 

decrease (Figure 6-4 I, E). Alternatively, a two-fold decrease in maturation 

only results in an 18% decrease of the hERG membrane levels (Figure 6-4 

D), while increased non-mature degradation caused a 9% decrease in the 

hERG levels on the membrane (Figure 6-4 A). 

 

Following these results, I explored how the time-dependent changes in 

mature hERG density on the membrane would affect cellular 

electrophysiology. To do this, and as described in section 6.2.6, I used the 

Paci2018 model of human iPSC-derived cardiomyocytes [306]. I concentrated 

on two cases of particular relevance: decreased maturation (by 25%, 50% 

and 75%) and increased endocytosis (by 25%, 50% and 75%), which both 

resulted in significant reductions of mature hERG on the membrane at long 

time scales (values after 48 hours listed in Table 6-5). 
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Figure 6-5 Changes in action potentials at t = 48 hours upon (A) decreased maturation (↓ !)  

and (B) decreased membrane stability (↑ !") of hERG. The plots show the last two action 

potentials of the simulated series, aligned at t = 0 for improved visualisation of the action 

potential prolongation changes. 

Table 6-6 Quantification of effects on action potential biomarkers at t = 48 hours upon 

simulated inhibition of maturation (↓ !) and decreased membrane stability (↑ !") of the hERG 

channel. Biomarkers were calculated for the last action potential of the simulated series. 

VMax: maximum upstroke velocity; Peak: peak membrane potential; MDP: minimum diastolic 

potential; APA: action potential amplitude; APD: action potential duration. 
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Control 32 34 -76 110 392 350 319 255 191 96 

25 % ↓ ! 33 34 -76 110 412 370 337 269 203 103 

50 % ↓ ! 33 35 -76 111 446 403 368 293 223 116 

75 % ↓ ! 32 37 -75 113 528 486 444 352 271 150 

25% ↑ !" 32 35 -76 111 443 401 366 292 222 115 

50% ↑ !" 32 37 -75 112 505 463 422 336 257 141 

75% ↑ !" 32 38 -75 113 547 505 461 365 281 158 
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Action potential changes resulting from inhibition of hERG maturation and 

decreased hERG membrane stability (simulated as an increased endocytosis) 

are presented in Figure 6-5, whereas the associated set of action potential 

biomarkers to quantify these changes is provided in Table 6-6. Both simulated 

conditions of increasingly impaired hERG trafficking resulted in significant 

prolongations of action potential durations and increase of the Peak value 

(Table 6-6 and Figure 6-5). Specifically, a 75% increase in endocytosis results 

in a 40% increase in APD90, while a 75% decrease in maturation results in a 

35% increase in APD90.  

 

6.4 Discussion 

 

As discussed throughout this thesis, a number of agents are known to interact 

with the hERG channel in a non-acute way, mainly by inhibiting its biogenesis 

and trafficking, resulting in a rather long-term hERG deficiency (see p. 23 

“hERG trafficking inhibition”). Therefore, novel approaches that allow the 

quantitative characterisation of membrane hERG density changes based on 

chronic drug exposure are needed. In this chapter, I have presented a new 

model of hERG trafficking and a framework for understanding how changes in 

hERG trafficking affect cardiac cellular electrophysiology. 

 

Only a limited number of previous studies have addressed the modelling of 

specific components of hERG trafficking, degradation and endocytosis using 

ODEs and experimental in vitro data. However, these were restricted to 

certain receptors and molecules, including the epidermal growth factor 

receptor [362], the erythropoietin receptor [363], or low-density lipoproteins 

[364]. Those models helped to quantify differences in hERG forward 

trafficking and the stability on the membrane of free and ligand-bounded 

receptors, and to characterise their physiological function. In contrast, in this 

thesis, I propose the first model for the complete biogenesis, trafficking and 

degradation of hERG at the whole cellular function level, which has different 

dynamic parameters than the previously modelled processes, and a 

completely different physiological function. 
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Calibrated with consistent in vitro data from different groups and experiments, 

the model can reproduce dynamic changes in the levels of non-mature and 

mature hERG, as observed in the experimental datasets. Interestingly, non-

mature and mature hERG levels were most sensitive to variations in 

maturation rates. Notably, with introduced variability in parameters, the 

proposed model predicts that the half-life of the non-mature hERG can vary 

from 1.25 to 5 hours, and the half-life of the total mature hERG from 2.5 to 10 

hours. In vitro experiments also confirm a high variability in reported hERG 

half-life values, with some studies reporting a half-life of the total hERG 

(mature and non-mature) of up to 17-18 hours [358]. 

 

Simulation of pathological conditions in hERG trafficking, by either reducing 

the maturation rates or increasing endocytosis, showed prolongation of action 

potential in human iPSC models. Genetic mutations are one of the most 

significant factors that can cause deficiency of cardiac ion channels. 

Importantly, hERG mutations are one of the major monogenic causes of life-

threatening conditions, such as type-2 Long QT syndrome (LQTS2). This is 

characterised by profound delayed repolarisation of cardiomyocytes and an 

increased risk of fatal arrhythmic events. The vast majority of LQTS2 

mutations cause the inhibition of hERG protein synthesis, where a defective 

copy of the transcript has either a stop codon, which terminates the protein 

synthesis, or a splice site mutation, causing missplicing and generation of 

incomplete proteins or RNA decay [365]. Other trafficking mutations include 

the reduction of folding efficiency or increased degradation [365–367]. 

Accordingly, Mehta and colleagues [368] demonstrated that hiPSCs with a 

mutation in the transmembrane segment of hERG have lower levels of total 

mature hERG. Such cells were also characterised by a prolonged action 

potential (APD90 of 1130 ms), compared to the control (APD90 of 600 ms). 

 

While decreased maturation or increased endocytosis results in the reduction 

of the mature hERG on the membrane and the subsequent prolongation of 

action potential duration and cycle length, previous studies suggest that 

pharmacological agents can affect multiple stages of trafficking, as in the case 
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of HDAC inhibitors, which affect both the transcription and acetylation levels 

of proteins involved in trafficking [45]. 

 

6.5 Conclusions 

 

In this chapter, I have described an experimentally calibrated trafficking model 

of hERG. I have explored how basic changes in model parameters would 

affect the cellular electrophysiology in hiPSC-CMs, yet the complexity of drug-

channel interactions requires a more detailed understanding of their specific 

modes of action.  

 

In the next chapter, I will explore how the proposed trafficking model, informed 

by gene and protein expression data and coupled to the action potential 

model proposed by Paci et al. [306], will be able to reproduce the observed 

action potential prolongation in hiPSC-CMs caused by chronic inhibition (>20 

hours) of hERG trafficking by arsenic trioxide, as an exemplar of application.  
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7 Simulations of the effects of drug-induced trafficking 
inhibition on cell electrophysiology 

 

7.1 Introduction 

 

In the previous chapter, I described the proposed trafficking model of hERG 

and explored how hypothetical inhibition of trafficking processes would affect 

electrophysiology. In this chapter, I extend its application to investigate hERG 

trafficking impairment by drug action and its long-term effects in cardiac 

repolarisation. As mentioned before, a number of agents are known to 

additionally interact with the hERG channel in a non-acute way, mainly by 

inhibiting its biogenesis and trafficking [31,32], resulting in rather long-term 

hERG deficiency. Remarkably, most in vitro studies that investigate drug-

induced hERG trafficking inhibition are based on differential total mature 

protein expression of hERG. However, changes in protein expression may not 

necessarily translate to changes in channel density on the membrane [369]. 

Therefore, approaches that allow a quantitative characterisation of membrane 

hERG density changes upon chronic drug exposure are still needed.  
 

As a proof of concept, I concentrate my investigations in arsenic trioxide. This 

pharmacological agent is well known to produce negligible acute inhibition of 

IKr at therapeutic concentrations [196], but can cause Torsades de Pointes 

after long-term exposure, and is therefore listed in the ‘known risk of TdP’ 

category of CredibleMeds (https://crediblemeds.org/). Inhibition of hERG 

maturation has been indicated as a key mechanism of arsenic trioxide, as 

showed in HEK293 cells stably expressing hERG when chronically incubated 

with clinically relevant doses [33,127]. A significant increase in action potential 

duration has also been reported in human iPSC-derived cardiomyocytes 

chronically exposed to arsenic trioxide [127]. In order to simulate the effects of 

arsenic trioxide, I first use the gene expression profiles of this drug to identify 

its mode of action, and hERG protein levels to identify the magnitude of 

changes in the hERG trafficking model parameters, in order to inform the 

mechanistic simulation study on its pro-arrhythmic effects presented in this 

chapter.  
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7.2 Materials and Methods 

7.2.1.1 Characterisation of gene expression profiling experiments 

 

Table 7-1 provides a summary of gene expression datasets analysed in this 

study. In total four datasets were used to evaluate the response of cells to 

incubation with arsenic trioxide. Gene expression profiles were collected from 

the publicly available repositories of the Gene Expression Omnibus 

(https://www.ncbi.nlm.nih.gov/geo/).  

 
Table 7-1 Summaries of gene expression datasets for arsenic trioxide. Expression profiles 

were measured in cells incubated at 37°C. h: hours; N: number. 
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7.2.1.2 Characterisation of in vitro hERG trafficking experiments of drug 

incubation 
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Table 7-2 Experimental changes of non-mature hERG ( !" ) and total mature hERG 

( ! + [!!"#]), with degradation rates (!!"  and !! ), maturation (! ), trafficking (!) and 

endocytosis (!") active, but protein synthesis blocked (!!=0) upon incubation with arsenic 

trioxide. Protein levels were measured in HEK293 cells incubated at 37 °C with Western 

blotting using a radiolabelling system. Data adapted from [33]. SD: standard deviation; n: 

number of independent experiments; a.u.: arbitrary units; h: hours. 

 Control (mean±SD, n=3) As2O3, 3 µM (mean±SD, n=3) 

Times, h [NM], a.u. 
[M]+[MMem], 

a.u. 
 [NM], a.u. 

[M]+[MMem], 

a.u. 

0 1.00±0.00 0.00±0.00 1.00±0.00 0.00±0.00 

2 0.44±0.16 0.48±0.18 0.49±0.30 0.20±0.04 

6 0.22±0.16 0.50±0.08 0.09±0.04 0.27±0.04 

 

Ficker and colleagues [33] reported the changes of non-mature hERG protein 

disappearance and mature protein synthesis at time points of 0 to 6 hours 

using pulse-chase protocols (Table 7-2). They performed monitoring of hERG 

maturation rate in HEK293 cells incubated at 37°C (3 independent 

experiments) with arsenic trioxide and without using radioactive labelling. 

Cells were incubated with [35S]-methionine/cysteine medium for 60 minutes. 

During the incubation, this radioactive label is incorporated into newly 

synthesised protein at the 60-minute time point, and can be detected through 

phosphorimaging. Cells were lysated after 0, 2 and 6 hours to measure 

changes in the concentration of the labelled proteins, and to detect the 

disappearance of non-mature hERG and appearance and disappearance of 

mature hERG upon incubation with arsenic trioxide and under control 

conditions. 

 

7.2.2 Gene expression and pathway analysis 

 

I performed a differential analysis by comparing control and treated cells for 

each concentration, incubation type and cell line individually. In total, I 

performed the differential expression analysis, as described in Section 3.3 (p 

66), of 15 such cases using 4 datasets for arsenic trioxide (Table 7-1). The 
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‘limma’ package [370] was used to perform differential gene expression 

analysis for microarray data (GSE94521, GSE46909, GSE14519). The 

‘Deseq2’ package [371] was used to perform gene expression analysis for 

RNAseq (GSE97460). 

 

Based on the stages of hERG trafficking described in Section 6.2.1 (p 124), I 

selected the following set of KEGG human pathways related to genetic 

information processing, and specifically to folding, sorting and degradation 

(https://www.genome.jp/kegg/pathway.html#genetic): 

1) Unfolded protein response (Hsa04141); 

2) Folding glycosylation (Hsa04141); 

3) Endoplasmic reticulum (Hsa04141); 

4) Vesicular transport (Hsa04130); 

5) Ubiquitin mediated proteolysis (Hsa04120). 

 

I pre-processed them into a set of eight nodes and edges and used to 

evaluate the cell response to drug incubation: 

1) Endoplasmic reticulum (ER) degradation;  

2) Glycosylation and folding;  

3) Unfolded protein response;  

4) Ub-mediated proteolysis;  

5) Vesicular transport from ER to Golgi apparatus (GA);  

6) Vesicular transport from GA to membrane;  

7) Endocytosis. 

 

I used the in silico Pathway Decomposition Network Analysis (iPANDA) [284] 

algorithm to calculate the pathway activation scores (PAS) for each pathway 

based on log2FC as a metric of differential changes in expression, as 

described in Section 3.3.2 (p. 68) of this thesis. For these results, I set the 

term !!!! = 0, in order to analyse only infections of genes included in the 

pathways. Following [284], the statistical weight coefficients !!!  were 

calculated as: 
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 (7.1) !!! =
0,  !"#$! > !!"#

!"# ! !"#  !"#$!!!"# !!"#
!"# !!"# !!"# !!"#

!!

! ,
1,  !"#$! ≤ !!"# 

   !!"# <  !"#$! ≤ !!"#,  

where  !"#$! is the p-value of gene i, and !!"# and !!"# are the low- and high-

threshold values considered for statistical significance, equal to 0.01 and 0.05, 

respectively.  

 

For the calculation of the topological weight coefficients !!"! , I used the 

‘all_simple_paths’ function from the igraph R package [372] to create the 

graphs from pathway node and edges files, !!"!  values for each pathway p  

were then calculated by identifying the number of walks that include gene i in 

this pathway. 
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Figure 7-1 Pathway graph showing signalling events in cells in response to the accumulation 

of misfolded hERG. Each node is a combination of individual genes. Green/red arrows 

indicate activation/inhibition interactions, respectively. Nodes with positive activation sign 

(!!" = 1 ) are highlighted in green. Nodes with negative activation sign (!!" = −1 ) are 

highlighted in red. Acc: accumulation; ER: Endoplasmic reticulum; ERSE: ER chaperons and 

protein-folding enzymes; AARE: amino acid metabolism Redox/detoxification. 

Figure 7-1 depicts interactions and signalling events of the unfolded protein 

response pathway, which was visualised with Cytoscape software platform 

[373]. Accumulation of misfolded proteins activates endoplasmic reticulum 

stress, which could lead to increased production of chaperons and protein-

folding enzymes, detoxification and apoptosis.  

In order to compare pathways with each other, I normalised each pathway 

score to its size, which was calculated as !!" = !!"! !!". The calculated scores 

are provided in Table 7-3.  

 
Table 7-3 Normalisation scores for each pathway. 

Pathway Normalisation score 

ER degradation 9.5 

Vesicular transport from ER to GA 8.5 

Unfolded protein response 1.5 
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Glycosylation and folding 11 

Ub-mediated proteolysis 43 

Vesicular transport from GA to Membrane 12.5 

Endocytosis 4 

 

7.2.3 Calibration of the trafficking model 

 
Figure 7-2 Calibration of the trafficking model performed in two steps: 1) identification of 

parameters perturbed by the drug, and 2) quantification of the magnitude of this perturbation. 

Calibration of the trafficking model parameters was performed following a two 

steps strategy (Figure 7-2). First, gene expression profiles were used to 

identify signalling pathways perturbed by the drug and their associated model 

parameters. After, in vitro hERG protein levels were used to quantify the 

magnitude of these perturbations. 

 

7.2.3.1 Estimation of trafficking model parameters 

 

To identify which parameters of the hERG trafficking model are perturbed by 

drugs, I used pathway analysis. To quantify their values, I performed a similar 

optimisation to the one described in the Calibration of the model in Chapter 6 

(p 126). I calculated the values of perturbed parameters by simulating the 

previously described experiments by Ficker et al [33] in Section 7.2.1.2, 

reproducing their experimental conditions.  
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The optimal values for perturbed model parameters were computed as in 

Chapter 6 by minimising the difference between experimental and simulated 

levels of non-mature and total mature hERG, using the Root Mean Square 

Error (RMSE). This is given by:  

(7.2) !"#$ =  !
! !! − !! !!

!!!
!  ,  

where !! =  !!(!")!!(С)
 is a ratio of predicted treated over control value, !! = !!(!")

!!(!)
 is 

a measured ratio and N is the number of points. The total RMSE, calculated 

through the addition of the independent RMSEs for each of the hERG levels 

and experiments as reported by Ficker et al [33]. A total RMSE=0 indicates a 

perfect fit. To lessen the dependence of estimated model parameters on their 

initial input values, I generated a random set of 1000 initial instances for the 

parameters with the ‘lhsdesign’ function from the Mathworks toolkit, which 

produces a Latin hypercube sample matrix of given size [354]. These were 

used as starting points along with the objective function for ‘fmincon’ function 

from the Mathworks toolkit [354], which is searching for the minimum of the 

specified objective function given constraints. I use it to find the distributions 

of optimal model parameters. 

 

After I obtained the values of perturbed model parameters for arsenic trioxide, 

I calculated the inhibition rate as: 

(7.3) ! = !"#(!"#$)
!"#(!"#$) ,  

where !"#(!"#$) is a specific model parameter after drug application, and 

!"#(!"#$) represents its value under control conditions.  

 

7.2.4 Validation of the trafficking model 

7.2.4.1 Characterisation of action potential recordings of drug 

incubation experiments 

 
Table 7-4 Parameters of APD recorded in hiPS-CMs as reported by Yan et al [127]. Cells 

were incubated at 37 °C and exposed to 3 µM arsenic trioxide for 24 hours. Afterwards, the 
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action potential was recorded using the whole-cell patch-clamp technique under current-

clamp mode. SD: standard deviation; n: number of independent experiments. 

Biomarkers (ms) 
Mean±SD  

Control (n = 9) 

Mean±SD  

Arsenic trioxide, 3 µM (n = 9) 

APD50 588.89±21.26 959.77±42.16 

APD90 706.98±23.71 1164.71±40.25 

 

Yan and colleagues [127] recorded changes in the action potential of hiPSC-

CMs incubated with 3 µM arsenic trioxide for 24 hours. The whole-cell patch-

clamp technique at current-clamp mode was used to measure cells incubated 

at 37 °C with and without arsenic trioxide. The extracellular solution was a 

Ca2+-containing Tyrode’s solution, and the pipette contained 120 mM KCl, 

1 mM MgCl2·6H2O, 10 mM HEPES, 3 mM Mg-ATP and 10 mM EGTA (pH 7.3 

with KOH). 

 

7.2.4.2 Simulation protocol of action potential models of hiPSC-derived 

cardiomyocytes and coupling with hERG trafficking model 

 

I explored how the time-dependent changes in the mature hERG on the 

membrane (!!"#) would affect the action potential biomarkers. As described 

in Chapter 6, I used the Paci2018 model [306] to simulate electrophysiology. I 

ran it for 800 s (>12 min) to ensure it reaches steady-state conditions, 

representing the time point ! = 0 in the simulations. Ionic concentrations were 

set to the ones used in the in vitro recordings. I specifically set the 

extracellular concentration of sodium to 136 mM, potassium to 5.4 mM and 

calcium to 1.8 mM, and intracellular concentration of potassium to 120 mM. 
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7.2.4.3 Control population of hERG trafficking models 

 
Figure 7-3 Populations of human iPSC models with variability in hERG trafficking properties, 

under control and arsenic trioxide conditions. Each model set had the same equations, but 

different hERG trafficking parameters. Firstly, I generated a population of 200 trafficking 

models. 33 trafficking models were excluded after calibration against physiological values of 

hERG on the membrane ([MMem]). I then used those 177 hERG values on the membrane 

values to scale maximum conductance of IKr and produce 177 human iPSC models. 
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To construct the population of models used in this study, I explored and 

compared three different approaches (see Figure 7-3 and Figure 7-4). I first 

generated 200 trafficking model parameter sets with Latin hypercube 

sampling (LHS), and simulated values of hERG on the membrane ([MMem]). 

Each parameter were sampled in the [75-125]% range of baseline trafficking 

model values of !!, !!", !!, !, ! and !". This parameter set was used to 

simulate 200 candidate models sharing the same equations but with different 

trafficking parameters. Afterwards, I filtered the models using IKr maximum 

conductance values in the [0-200]% range of the original baseline value, 

which was reported by Paci et al. [305]. This step was done to determine 

which ones reproduced a behaviour consistent with the experimental data in 

this previously published study. This first approach is illustrated in detail in 

Figure 7-3, resulting after calibration in a population of 177 hiPSC models 

consistent with the experimental data.  
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7.2.4.4 Control population of human iPSC-derived cardiomyocytes 

models and coupling with hERG trafficking models 

 
Figure 7-4 Populations of human iPSC models with variability in hERG trafficking and 

electrophysiology, under control and arsenic trioxide conditions. Each model set has the 

same equations, but different parameters. Firstly, I generated a population of 200 trafficking 

models, 33 of which were excluded after calibration with physiological values of hERG on the 

membrane. I used those 177 hERG membrane values to scale maximum conductance of IKr, 

and LHS sampling of conductance and permeability values of the other channels, to produce 

300 candidate iPSC models. 101 of the iPSC models and respectively 101 conductance and 

permeability values were selected after calibration as reproducing control experimental data. 

The effect of arsenic trioxide on trafficking (panel 3), and on both trafficking and the L-type 

calcium channel (panel 4), was simulated by scaling the maximum conductance of the IKr 

channel according to simulated hERG membrane values, and scaling both IKr and ICaL, 

respectively.  
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I also explored how variation in other currents would impact the results 

(Figure 7-4). As in Chapter 6, I used the Paci2018 model [306] as a baseline 

for cellular electrophysiology, and the methodology described by Britton et al. 

[361] to account for variability. To do this, I generated 300 parameter sets 

using LHS. Each parameter set contained 12 ionic conductances and 

permeabilities, as described by Paci et al. [305]. I varied the following 

currents: fast sodium current (INa), late sodium current (INaL), the L-type 

calcium current (ICaL), the hyperpolarisation-activated cyclic nucleotide-gated 

funny current (If), the inward rectifying potassium current (IK1), slow delayed 

rectifying potassium currents (IKs), the transient outward potassium current 

(Ito), the sodium-calcium exchanger (INCX), the sodium-potassium pump 

(INaK) and the calcium sarcolemmal pump (IpCa). Each parameter set was 

sampled in the [0-200]% range of the baseline values of the conductance and 

permeability values of those currents. As a result, I simulated 300 models with 

the same equations for electrophysiology but different ionic conductances and 

permeabilities. 

 

This candidate population of 300 models was calibrated to select the models 

in the range with the reported experimental data used by Paci et al. [305]. As 

per Paci et al. [305], I used Rate, MDP, Peak, APA, VMax, APD10, APD20, 

APD30, APD50, APD70, and APD90 biomarker values to filter the 300 models, 

calculated as described in Section 3.6.1 (p. 77). The ranges used for 

calibration of biomarkers are summarised in Table 7-5, resulting in a 

population of 101 accepted hiPSC models (101 accepted sets of 

conductances and permeabilities). This population of 101 hiPSC-derived 

cardiomyocyte models was considered as exhibiting a phenotype in 

agreement with human experimental data, as measured by the considered set 

of 10 action potential biomarkers. 

 
Table 7-5 Ranges of biomarkers used to calibrate the candidate population of Paci2018 

hiPSC cardiomyocyte models. Values are obtained from Paci et al. [305]. 

Biomarker (units) Lower bound Upper bound 

MDP (mV) -89 -44 
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Peak (mV) 17 58 

APA (mV) 76 139 

Vmax (V/s) -27 82 

APD10 (ms) 20 128 

APD20 (ms) 0 290 

APD30 (ms) 59 301 

APD50 (ms) 0 601 

APD70 (ms) 146 631 

APD90 (ms) 1 705 

 

 

7.2.4.5 Action potential biomarkers of drug action 

 

To determine if the control models reproduced electrophysiological behaviour 

consistent with the experimental data, I used the following ten biomarkers to 

quantify changes in action potential under arsenic trioxide action: MDP, Peak, 

APA, VMax, APD10, APD20, APD30, APD50, APD70, APD90 (See Chapter 3 p. 

77). These were calculated at different time points of up to 72 hours, in order 

to quantify time-dependent changes in action potential upon simulated arsenic 

trioxide action.  

 

7.2.5 Detection of repolarisation abnormalities 

 

Early afterdepolarisations are abnormal depolarisations that interrupt action 

potential during the plateau or repolarisation phases of the action potential 

and are associated with drug action. To detect early afterdepolarisations, I 

first identified the time of the upstroke in a cycle and then calculated the MDP 

biomarker for this cycle. Models displaying a Peak higher 0 mV and an MDP 

greater -44 mV were classified as showing early afterdepolarisations. Models 

displaying a Peak less than 0 mV were classified as depolarisation failure. 
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7.2.6 Partial correlation analysis 

 

Partial correlation analysis, which allows calculating correlation between two 

variables while accounting for the effects of the remaining variables, was used 

to determine the relationship between the calculated set of action potential 

biomarkers and the parameters of the trafficking model [361]. 

 

7.2.7 L-type calcium current activation by arsenic trioxide 

 

In addition to the effects of arsenic trioxide identified by gene and protein 

expression in hERG trafficking, previous experimental evidence indicates a 

role of this drug in upregulating the L-type calcium current [127]. In order to 

account for these effects, I scaled the maximum conductance of the L-type 

calcium current according to the reported 95% increase observed in neonatal 

rat ventricular myocytes [127]. This was modelled on top of the effects of 

arsenic trioxide on hERG trafficking, to mechanistically investigate the pro-

arrhythmic consequences of these two concurrent components of drug action.  
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7.3 Results 

7.3.1 Gene expression and pathway analysis of cell responses to 

incubation with arsenic trioxide  

 

Figure 7-5 Gene expression analysis results of incubation of HEK293 cells with arsenic 

trioxide. (A) Log2-transformed fold changes (Log2FC) of the values of the top 50 differentially 

expressed genes in cells incubated with arsenic trioxide compared to control groups. Red and 

green colours denote downregulation and upregulation, respectively. (B) Pathway activation 

score (PAS) values were calculated for cells incubated with arsenic trioxide compared to 

control groups. Blue and orange colours denote downregulation and upregulation, 
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respectively. In both panels, Euclidean distance was used to cluster samples and pathways, 

and the saturation of the colour represents perturbation amplitude.Cl: cluster; h: hours; 

Table 7-6 Pathway Activation Scores (PAS) were calculated for transcriptional profiles of cells 

incubated with different concentrations of arsenic trioxide. Values are described as median ± 

standard deviation. Ub: ubiquitin; ER: endoplasmic reticulum; GA: Golgi apparatus. h: hours; 

a.u. arbitrary units. 

 

Pathway name PAS, a.u. 

Time, h 6 24 48 

ER degradation 0,55 ± 0,77 0,00 ± 0,22 0,05 ± 0,33 

Vesicular transport from 

ER to GA  
0,00 ± 0,03 0,00 ± 0,02 0,00 ± 0,20 

Unfolded protein response 0,00 ± 1,52 -0,00 ± 1,21 -0,00 ± 1,17 

Ub-mediated proteolysis 0,01 ± 0,04 -0,00 ± 0,03 -0,00 ± 0,12 

Glycosylation and folding 0,00 ± 0,06 0,00 ± 0,20 0,00 ± 0,10 

Vesicular transport from 

GA to Membrane 
0,00 ± 0,04 0,00 ± 0,01 0,00 ± 0,05 

Endocytosis 0,00 ± 0,01 0,00 ± 0,04 -0,01 ± 0,23 

Figure 7-6 Pathway activation scores (PAS) for ER degradation caused by arsenic trioxide. 

Solid lines represent normalised median values and error bars shows standard deviation 

values. a.u.: arbitrary units; h: hours. 
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Figure 7-5 A displays the top 50 genes that change their expression in response to the 

incubation with arsenic trioxide. An Euclidean distance clustering shows that differential gene 

expression profiles of cells treated with arsenic trioxide are rather grouped by cell types, 

forming two large clusters, where Cluster 2 was represented by two cell lines – u266 and 

mm1s. The calculated PAS for different concentrations and incubation times of arsenic 

trioxide are summarised and visualised in Figure 7-5 B. In contrast with differential gene 

expression profiles, Euclidean distance clustering groups PAS values by incubation times 

instead, forming four clusters, where Cluster 3 was mainly represented by 6 hours incubation 

and Cluster 2 by 24 and 48 hours. Arsenic-trioxide-treated cells show dysregulation of 

pathways involved in protein trafficking and, in particular, in the maturation of the hERG 

protein. More specifically, arsenic trioxide causes the upregulation of gene-encoding proteins 

that regulate the protein degradation in the endoplasmic reticulum (“ER degradation” 

pathway;  

Table 7-6). Interestingly, and as further visualised in Figure 7-6, there exists 

an upregulation of the ER degradation pathway during the initial response to 

drug incubation (time point of 6 hours), remaining stable (zero PAS values) 

after longer exposure times. 

 

7.3.2 Simulation of arsenic trioxide action on hERG protein expression 

 

Using gene expression data, I therefore inferred that arsenic trioxide results in 

an upregulation of the ER degradation pathway, which is encapsulated by the 

parameter describing the degradation of non-mature hERG protein, !!", in 

the proposed hERG trafficking model.  

In order to quantify the change in model parameters, I performed model 

optimisation using the in vitro data reported by Ficker et al. [33] for arsenic 

trioxide (Table 7-2), by running the optimisation algorithms with the 1000 

different starting conditions as described in Section 7.2.3 (p.149). Following 

the results presented in Figure 7-6 for the analysis of the ER degradation 

pathway, arsenic trioxide action was modelled by assuming a constant 

perturbed value of !!". Additional time points of gene expression data would 

have helped to identify whereas the resulting changes in degradation are 

time-dependent (only information at 6 hours is available).  
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Table 7-7 Identified set of model parameters obtained by minimising the difference between 

simulated and actual in vitro values of hERG levels due to drug incubation. Control values 

were calculated as specified in section 6.3.1 (p. 132), and are provided for comparison. 

Parameter Value 

!!" (!"#$%&' !"#$%#&') 0.203 

!!" (!"#$%"&) 0.058 

 

Table 7-7 shows the identified set of parameter values for arsenic trioxide 

action. These were identified by running the optimisation algorithm with 1000 

different starting conditions, to lessen dependence on initial parameter values. 

Arsenic trioxide exposure results in a 3.5-fold increase in the estimated !!" 

parameter value, which was in line with an increase in the corresponding 

pathway (“ER degradation”,Figure 7-6). 

 

 
Figure 7-7 Effect of arsenic trioxide on time changes of non-mature and mature hERG. 

Changes in simulated levels of a population of models of (A) non-mature (peach and light teal 

for control and arsenic trioxide, respectively) and (B) total mature hERG levels (light green 
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and light purple for control and arsenic trioxide, respectively) and experimental values of (A) 

non-mature levels of hERG (dark red and teal for control and arsenic trioxide, respectively) 

(B) total mature levels of hERG (dark green and dark purple for control and arsenic trioxide, 

respectively) reported by Ficker et al. [33]. (C) Simulated values (grey) and experimental fold 

change values of cells treated with arsenic to control levels of non-mature hERG reported by 

Ficker et al. [33] (black). (D) Simulated values (grey) and experimental fold change values of 

cells treated with arsenic to control levels of total mature hERG reported by Ficker et al. [33] 

(black). Avg: average; Q1: 1st quantile (25% of the distribution); Q3: 3rd quantile (75% of the 

distribution). [NM]: non-mature hERG; [M]: mature hERG; [MMem]: mature on the membrane 

hERG; h: hours; a.u.: arbitrary units; FC: fold change treated vs control;  
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Using the parameter values identified above, I first explored how variability in 

hERG trafficking properties modulate the simulated effect of arsenic trioxide 

on hERG protein levels compared to the in vitro data reported by Ficker et al. 

[33]. Figure 7-7 A and B show in vitro data for disappearance of non-mature 

hERG and appearance of total mature hERG, respectively, together with 

average and first/third quantiles of simulated values. Figure 7-7 C and D show 

the ratios of hERG levels treated with arsenic compared to control. These are 

in good agreement with the reported changes in non-mature and total mature 

hERG levels after incubation with arsenic trioxide for 6 hours, although may 

underestimate changes in protein levels during the intermediate phase (time 

point of 2 hours). Additional time points of gene expression data would help to 

identify if these differences are due to time-dependent changes in non-mature 

hERG degradation, or transient activation of other signalling pathway. 

  

Figure 7-8 Time evolution of hERG levels in the population of models. (A) Average (avg), 1st 

quantile (Q1, 25% of the distribution) and 3rd quantile (Q3, 75% of the distribution) of changes 

in hERG non-mature, mature and mature on membrane protein levels upon arsenic trioxide 

action. (B) Box plot representation of the simulated population of mature on membrane hERG 

for control and 6, 12, 24 and 72 hours of arsenic trioxide action. In each box, the central line 

represents the median, the box limits correspond to the 25th and 75th percentiles, the 

whiskers extend to the most extreme data points not considered as outliers, while the outliers 

are depicted individually as points. P-values are shown for pairwise comparison with control 

using the Wilcoxon test (non-parametric). P-val: p-values; ES: effective size of change. 
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Finally, I extended the above-presented results to simulate arsenic trioxide 

action on the population of hERG trafficking models described in Figure 7-8, 

under the presence of active synthesis (!! ≠ 0 ). Figure 7-8 A presents 

changes in the population to the simulated levels of the non-mature, mature 

and mature on the membrane hERG upon the increase of the non-mature 

protein degradation associated to arsenic trioxide, right after the start of the 

experiment (t=0). Figure 7-8 B shows the distribution of hERG levels on the 

membrane for the population of models under control and arsenic trioxide 

conditions, simulating its hERG trafficking effect after 6, 12, 24 and 72 hours 

of incubation. On average, 72 hours of incubation with arsenic is estimated to 

result in a 34% decrease of hERG on the membrane (effective size of 1.03). 
Table 7-8 Simulated effect of arsenic trioxide on the mature on the membrane hERG values 

compared to control conditions in steady state. 

hERG 

Control 

(Steady 

state) 

Arsenic trioxide 

Time, h 2 6 12 24 72 

[NM] 0.825 0.663 0.562 0.541 0.539 0.539 

[M] 0.857 0.839 0.770 0.684 0.602 0.567 

[MMem] 0.995 0.981 0.902 0.8 0.701 0.658 
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The simulation results underpinning Figure 7-8 are further quantified in Table 

7-8. Increased non-mature degradation of hERG by arsenic trioxide results in 

a rapid decrease of the simulated non-mature fraction of the hERG, with a 

20%, 32%, 34% and 35% decrease compared to the control values after 2, 6, 

12 and 24 hours, respectively. Mature and mature on the membrane hERG 

values decreased at a slower rate: only a 2% and 1% decrease after 2 hours, 

a 10% and 9% decrease after 6 hours, a 20% decrease after 12 hours and a 

30% decrease after 24 hours. After 72 hours, non-mature hERG levels are 

decreased by a total of 35%, and mature and membrane-mature hERG levels 

decreased by 34%.  
 

7.3.3 Simulation of arsenic trioxide action on cellular electrophysiology 

 

To explore how the above described time-dependent changes of arsenic 

trioxide in membrane hERG levels would translate into changes in cellular 

electrophysiology, and to validate model with in vitro data reporting action 

prolongation in hiPSC-CM caused by chronic inhibition (>20h) of trafficking by 

arsenic trioxide [127], I used the Paci2018 model of hiPSC-derived 

cardiomyocytes [306].  

 
Figure 7-9 Changes in simulated action potential traces of control and the effect of 6, 12, 24 

and 72 hours of arsenic trioxide on hERG protein levels for the baseline electrophysiological 

model. The plots show the last two action potentials of the simulated series of hERG 
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trafficking inhibition, aligned at t = 0 for improved visualisation of the action potential 

prolongation changes. 

 

Figure 7-9 shows simulated action potential traces in the baseline hiPSC-CM 

model for control conditions, and the effects of arsenic trioxide after 6, 12, 24 

and 72 hours of incubation. In particular, increased degradation of the non-

mature hERG caused by arsenic trioxide results in a decrease of VMax and 

minor increase of APA and peak potential, together with a progressive and 

marked increase of action potential duration (Figure 7-9 and Table 7-9). 

Compared to the in vitro results by Yan et al [127] on relative APD 

prolongation in hiPSC-CM after 24 hours of arsenic trioxide exposure (Table 

7-9), both simulated and in vitro APD values display significant prolongation, 

with a 24% versus 65% increase in APD90, and a 29% versus 63% increase in 

APD50, respectively. 

 

 
Table 7-9 Quantitative effects of simulated upregulation of non-mature protein degradation of 

hERG by arsenic trioxide (baseline model). Biomarkers were calculated for the last action 

potential of the simulated series. VMax: maximum upstroke velocity; Peak: peak membrane 

potential; MDP: minimum diastolic potential; APA: action potential amplitude; APD: action 

potential duration. 
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Control 99 32 -71 103 400 355 329 273 214 123 

As2O3 (6 h) 93 33 -71 104 433 390 363 300 237 140 

As2O3 (12 h) 90 34 -71 105 462 420 391 323 256 155 

As2O3 (24 h) 86 35 -71 106 497 453 423 349 277 170 

As2O3 (72 h) 84 35 -71 106 514 471 440 362 287 178 
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To extend these results on arsenic trioxide on cellular electrophysiology to the 

level of a population of hiPSC-CM models and to capture high variability in 

hiSCP-CM phenotypes, I considered the following three scenarios: (i) arsenic 

trioxide effects on hERG trafficking, under variability in hERG trafficking 

properties only; (ii) arsenic trioxide effects on hERG trafficking, under 

variability in both hERG trafficking properties and rest of ionic currents; (iii) 

arsenic trioxide effects on hERG trafficking and upregulation of ICaL current, 

under variability in both hERG trafficking properties and rest of ionic currents. 

A quantitative comparison of these three scenarios on simulated action 

potential biomarkers is summarised in Table 7-10, and results presented 

below. 



168 

Table 7-10 Quantitative effects of simulated upregulation of non-mature protein degradation of hERG by arsenic trioxide in populations of models. Biomarkers 

were calculated for the last action potential of the simulated series. Values represented as mean and standard deviation. VMax: maximum upstroke velocity; 

Peak: peak membrane potential; MDP: minimum diastolic potential; APA: action potential amplitude; APD: action potential durationl N of EADs: number of 

models showing early afterdepolarisation; N of DFs: Number of models showing depolarisation failures. 
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hERG trafficking variability only 

Control 27±1 32±2 -76±0 108±2 381±80 331±80 300±74 237±60 176±50 87±29 0 0 

As2O3 (6 h) 26±2 33±2 -76±0 109±2 411±89 363±91 329±85 260±68 196±57 100±35 0 0 

As2O3 (12 h) 26±2 34±3 -76±0 110±2 441±93 393±96 357±89 282±71 214±59 112±39 0 0 

As2O3 (24 h) 25±2 35±3 -75±0 110±2 473±94 426±97 387±90 306±70 233±58 125±40 0 0 

As2O3 (72 h) 25±2 35±3 -75±0 111±2 492±90 445±93 404±86 319±67 244±55 132±39 0 0 

Electrophysiological and hERG trafficking variability 

Control 23±16 33±7 -73±3 105±9 325±83 273±68 250±65 199±55 145±46 76±28 0 6 

As2O3 (6 h) 22±19 36±10 -71±5 107±12 439±184 380±188 346±177 273±144 205±116 121±79 1 6 
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As2O3 (12 h) 22±19 37±10 -71±5 107±12 465±195 406±200 370±187 290±150 219±122 131±84 1 6 

As2O3 (24 h) 22±19 37±11 -71±6 108±12 495±205 436±211 397±197 310±156 234±127 141±88 1 5 

As2O3 (72 h) 21±19 38±11 -70±6 108±13 510±212 451±218 411±202 320±159 241±129 147±91 1 6 

Electrophysiological and hERG trafficking variability + CaL upregulation 

Control 23±16 33±7 -73±3 105±9 325±83 273±68 250±65 199±55 145±46 76±28 0 6 

As2O3 (6 h) 23±16 33±7 -73±4 105±9 327±84 276±71 253±66 202±56 147±47 78±28 3 8 

As2O3 (12 h) 23±14 47±11 -70±8 117±14 581±172 528±179 483±165 369±122 267±96 146±68 3 6 

As2O3 (24 h) 22±14 48±11 -69±8 118±15 608±177 555±185 507±169 386±122 280±95 154±68 3 6 

As2O3 (72 h) 21±14 49±11 -69±9 117±16 633±184 580±190 528±171 401±121 292±95 163±69 5 6 
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7.3.3.1 Arsenic trioxide effects on hERG trafficking under variability in 

hERG trafficking properties 

 
Figure 7-10 Effects of hERG trafficking inhibition by arsenic trioxide on action potential, under 

variability in hERG trafficking properties only. Simulated action potential traces of (A) 6, (B) 

12, (C) 24 and (D) 72 hours of incubation with arsenic trioxide. (E) Statistics of APD50 and 

APD90, prolonged by arsenic trioxide. The effective sizes of change are shown above their 

corresponding asterisks, which represent a statistically significant p-value<0,05 vs control. 

APD: action potential duration. 

Action potential traces for the populations of cells under control conditions and 

incubated with arsenic trioxide are shown in Figure 7-10 A-D, under 

considered variability of hERG trafficking properties only. Under this scenario, 

simulated 72 hours of incubation with arsenic trioxide leads to progressive 

and significantly prolonged action potential duration, together with a moderate 



171 

increase in peak membrane potential (Figure 7-10 and Table 7-10). Results 

show significant prolongation of action potential duration already after 6 hours 

of arsenic trioxide exposure, with a mean APD90 of the population of cells of 

411 ms vs 381 ms in control. Similarly, the 24-hour effect of arsenic trioxide 

leads to a mean 24% increase of APD90, and a 36% increase of ADP50 

(Figure 7-10). 
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Figure 7-11 Partial correlation analysis in population of hiPSC models with variability in 

trafficking parameters. (A) Partial Pearson correlation coefficients between action potential 

biomarkers and trafficking model parameters for the control condition. (B) Violin plots showing 

the distribution of each biomarker across the population of models. Peak: peak membrane 

potential; APA: action potential amplitude; VMax: maximum upstroke velocity; MDP: minimum 

diastolic potential; APD: action potential duration. 

In order to determine how the trafficking model parameters contributed to 

changes in action potential, Figure 7-11 A shows the results of the partial 

correlation analysis between action potential biomarkers and trafficking model 

parameters in control conditions. In line with the results at the protein level, 

the maturation rate (!) has the highest impact on action potential biomarkers, 

and in particular the highest negative correlation with APD90. At the same 

time, the mature degradation rate (!!) shows a weak negative correlation 

with MDP, as well as the synthesis rate (!!) with APD90. Distribution of action 
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potential biomarkers are shown in Figure 7-11 B. Most of the biomarkers 

show little variation, with the exception of APD90, APD70, APD50, APD30, and 

APD20. 

 

7.3.3.2 Arsenic trioxide effects on hERG trafficking under variability in 

hERG trafficking and cellular electrophysiology properties 

 
Figure 7-12 (A-AE) Scatter plots showing biomarker values for action potential models 

accepted in the calibration population (dots in the green rectangles). Green rectangles 
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represent the lower and upper boundaries for biomarkers obtained from the experimental 

data [305]. Each plot shows results for a pair of biomarkers. Peak: peak membrane potential; 

APA: action potential amplitude; VMax: maximum upstroke velocity; MDP: minimum diastolic 

potential; APD: action potential duration. 

Figure 7-12 displays the variability of action potential biomarkers across the 

initial population of 300 models when variability is also considered in cellular 

electrophysiological properties, i.e. ionic conductances and permeabilities. 

Green rectangles illustrate the upper and lower boundaries for each pair of 

biomarkers considered. In general, the generated population shows both good 

coverage of the experimental range of markers and overlap with experimental 

values. After calibration, 101 out of 300 models were accepted. Most of the 

models were rejected based on the ranges for APD10 and APD20 biomarkers.  
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Figure 7-13 Effects of hERG trafficking inhibition by arsenic trioxide on action potential, under 

variability in both hERG trafficking and cellular electrophysiology properties. Simulated action 

potential traces of (A) 6, (B) 12, (C) 24 and (D) 72 hours of incubation with arsenic trioxide. 

(E) Statistics of APD50 and APD90, prolonged by arsenic trioxide. The effective sizes of 

change are shown above their corresponding asterisks, which represent a statistically 

significant p-value<0,05 vs control. APD: action potential duration. 

 

Using this calibrated population of control models representing healthy cells, I 

first simulated the effect of arsenic trioxide on hERG trafficking. Figure 7-13 

shows action potential traces for the simulated control population and arsenic-

trioxide-treated models. Results show even more profound prolongation of 

action potential duration, where the 24-hour effect of arsenic trioxide leads to 

a mean 52% increase of APD90, and a 59% increase of ADP50 (Table 7-10), in 

good agreement with the experimental results reported by Yan et al [127] 
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(Table 7-4). In particular, the time course of action potential prolongation is 

also markedly less linear than when only variability in hERG trafficking 

properties is considered. Notably, some of the models failed to produce any 

action potentials. Those models were excluded from the calculation of 

biomarkers. In total, 6 out of 101 models showed no action potential. At the 

same time, one model produced early afterdepolarisations for each simulated 

incubation time.  

 

7.3.3.3 Arsenic trioxide effects on hERG trafficking and ICaL current 

under variability in hERG trafficking and cellular 

electrophysiology properties 

 
Figure 7-14 Effects of hERG trafficking inhibition and ICaL upregulation by arsenic trioxide on 

action potential, under variability in both hERG trafficking and cellular electrophysiology 
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properties. Simulated action potential traces of (A) 6, (B) 12, (C) 24 and (D) 72 hours of 

incubation with arsenic trioxide. (E) Statistics of APD50 and APD90, prolonged by arsenic 

trioxide. The effective sizes of change are shown above their corresponding asterisks, which 

represent a statistically significant p-value<0,05 vs control. APD: action potential duration. 

Finally, I investigated the effect of arsenic trioxide on hERG trafficking and 

ICaL upregulation, using the calibrated population of models representing 

variability in both hERG trafficking and cellular electrophysiology properties. 

Figure 7-14 shows action potential traces for the simulated control population 

and arsenic-trioxide-treated models under these conditions. L-type calcium 

increase by arsenic trioxide resulted in 5% of the models exhibiting 

afterdepolarisations for the simulated incubation of up to 72 hours. At the 

same time, 8 out of 101 models failed to produce action potentials for a 

simulated 6 hours incubation with arsenic trioxide, and 6 for all other 

incubation times. However, prolongation of action potential duration after 

incubation for 24-hours resulted in a mean 87% increase of APD90, and a 

103% increase of ADP50 (Table 7-10), significantly larger than the mean 65% 

and 63% increase experimentally reported by Yan et al [127], respectively 

(Table 7-4). 
  

7.4 Discussion 

 

In this chapter, I have presented the modelling and simulation of drug action 

on hERG trafficking and its impact on cellular electrophysiology of hiPSC 

cells. Using arsenic trioxide as an exemplar of application, I first identified the 

set of hERG pathways and trafficking parameters affected by the drug, using 

gene pathway analysis and calibration with in vitro protein expression data. In 

addition, I simulated the effect of this drug on the cardiac action potential, both 

on a single-cell level and on a population of cells. I also compared the 

inhibition of hERG trafficking induced by arsenic trioxide, secluded and 

concurrently with the upregulation of L-type calcium current known to be 

caused by this agent. 
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Previous studies have extensively investigated whether acute drug effects at 

the cellular level can be simulated by a combination of single-cell models of 

cardiac electrophysiology and simple pore-block drug models, the latter 

informed by measures indicating the potency of drug-channel interactions as 

described by the Hill equation [290,309,310,313]. Such approaches reproduce 

experimental data and have proved really useful in simulating disease 

conditions or variability of acute drug responses within healthy or diseased 

populations. However, chronic drug effects and trafficking mutations are less 

explored. 

 

I constructed and validated a mechanistic model of hERG channel trafficking. 

This model allows the simulation of the amount of mature functional hERG on 

the cellular membrane as a function of time in order to compare normal 

versus altered trafficking by drugs, based on their mechanisms of action 

derived from cellular gene and protein expression profiles. Using this model, I 

explored the effect of arsenic trioxide, which is known to inhibit trafficking of 

hERG. This was performed at the protein level, at single-cell level and at the 

population of cells level. 

 

Folding inhibition by interaction with chaperones has been proposed as a 

potential mechanism of arsenic trioxide trafficking inhibition [34]. The gene 

expression analysis conducted in this chapter confirms this mechanism, 

showing the upregulation of the genes of the endoplasmic reticulum protein 

degradation pathway, which targets misfolded proteins. Interestingly, the 

IGFBP1 gene shows upregulation in cells treated with arsenic, suggesting 

potential ongoing endoplasmic reticulum stress [374].  

 

Increased degradation of non-mature protein results in a 35% decrease of 

hERG on the membrane in simulations and a subsequent increase of APD, 

which is also seen in in vitro experiments [127]. Notably, the trafficking model 

suggests that at 24 hours of incubation with arsenic trioxide, both mature and 

mature on the membrane hERG levels are still decreasing (Table 7-8). 

 



179 

All four approaches for translating hERG trafficking inhibition by arsenic 

trioxide considered in this chapter showed significant prolongation of APD. 

Remarkably, only populations of in silico human iPSC models calibrated using 

experimental data showed that, under hERG trafficking inhibition caused by 

arsenic trioxide, physiologically relevant variability in cardiac electrophysiology 

properties is more prone to produce repolarisation abnormalities, with some 

models showing early afterdepolarisations, and some even failing to elicit 

action potentials. Notably, while the effect of longer incubation times was 

more pronounced on the action potential biomarkers, models already showed 

repolarisation abnormalities after 6 hours of arsenic trioxide action. 

 

At the same time, concomitant L-type calcium channel upregulation caused by 

arsenic trioxide resulted in greater prolongation of action potential duration 

and more repolarisation abnormalities compared to a single 24-hour inhibition 

of hERG trafficking (93% vs 52% increase in APD90, and 108% vs 58% 

increase in APD50). Yet, in the in vitro results by Yan et al. in hiPSC-CMs, the 

action potential biomarkers exhibited a mean 65% increase in APD90 and 63% 

in APD50 [127]. This suggest that while it is known that arsenic trioxide 

activates calcium channels [127], this activation may not be easily translated 

to human from animal experiments.  

 

7.5 Conclusions 

 

In this chapter and in Chapter 6, I described a new mechanistic model of 

hERG trafficking and explored the effects of trafficking inhibition on 

pathological conditions and as caused by a pharmacological agent.  

 

In the next and final chapter, I will present an overview of the work presented 

in this thesis and summarise the major findings. I will then conclude the thesis 

with a discussion of the possible future directions of this work. 
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8 Conclusions 
 

8.1 Summary of the thesis 

 

Adverse cardiovascular effects are one of the most common complications of 

medications. Such effects vary in severity, ranging from hypertension to 

sudden cardiac death. In terms of their time course of manifestation, some 

can develop with an sudden onset, while others develop chronically. The 

diversity of the underlying mechanisms of drug-induced cardiotoxicity 

complicates the prediction of cardiac safety. 

 

Due to the variability of the mode of action of drugs on heart tissue and the 

high heterogeneity of the biological data, the prediction of drug-induced 

cardiotoxicity is difficult. Computational modelling and simulation has mostly 

been focused on predicting cardiac events, such as Torsade de Pointes, or on 

predicting a single type of cardiac complications. 

 

In this thesis, I aim to develop an in silico method for prediction of drug-

induced cardiotoxicity. To achieve this goal, I have employed two 

complementary computational methods. I first developed a machine learning 

approach for predicting a broad range of drug-induced cardiac adverse 

effects, which goes beyond acute effects of drug action. I then proposed a 

new mechanistic model of hERG trafficking, which I used to analyse the 

effects of arsenic trioxide, an antineoplastic agent known to cause Torsade de 

Pointes without acute block of hERG but through its trafficking inhibition.  

 

In Chapter 2, I began with a review of the known mechanisms of drug-induced 

cardiotoxicity and of 77 pharmacological agents from different therapeutic 

areas, including anti-cancer therapies and antivirals. I demonstrated that 

many of these diverse drug classes share common modes of action on 

adverse cardiac events, with cardiotoxicity frequently resulting from the 

simultaneous interruption of key myocardial functions and viabilities.  
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In Chapter 3, I reviewed the methods of computational analysis of drug-

induced cardiac dysfunction. I summarised the current literature on gene 

expression analysis of cardiotoxic drugs and biomarkers of cardiotoxicity. I 

then introduced methods of gene expression and signalling pathway analysis. 

I then provided an overview of machine learning approaches in cardiac safety 

modelling and described the key challenges of those types of methods. 

Following this, I described simulations and modelling approaches for cardiac 

safety and biomarkers used to characterise the outputs of those approaches. 

Finally, I outlined key databases with potential applications in drug discovery 

and safety pharmacology, including databases of transcriptional drug profiles 

and databases of reports of drug cardiac safety in humans. 

 

In Chapter 4, I described my data collection process from the public domain. 

The collected dataset contains cellular responses to incubation with drugs 

(transcriptional profiles) and comprehensive information on reported cardiac-

adverse reactions induced by those drugs, together with their structural 

information. I explored the co-occurrence of multiple types of cardiac side 

effects and their prevalence in specific drug classes. The initial analysis of this 

dataset showed an association between different cardiac side effects. At the 

same time, it also revealed an imbalance of the number of safe and drugs 

with reported cardiac adverse reactions. I also found that the dependencies 

between cardiac drug safety in the database and their transcriptional profiles 

and structural information are non-linear.  

 

The data collected in Chapter 4 was used to build a machine learning 

predictor of drug-induced cardiotoxicity in Chapter 5. I presented a multi-label 

machine learning classification of the six major forms of drug-induced cardiac 

side effects, including cardiac disorder signs and symptoms, cardiac 

arrhythmias, heart failure, coronary artery diseases, pericardial disorders and 

myocardial disorders. I introduced the chain of classifiers with nested stacking 

as prediction model for this task, which takes into account target label 

dependencies. This model demonstrated superior performance in 

discriminating safe and unsafe drugs compared to models that treat target 

labels independently. The chapter additionally highlights the importance of a 
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robust cross-validation strategy and testing set design by comparing leave-

drug-out and random cross-validation strategies, and evaluating results in an 

independent testing set. I also compared the accuracy of cardiotoxicity 

prediction across different classes of drugs, showing that cardiac arrhythmia-

related safety is predicted more accurately for cancer and anti-inflammatory 

agents than for cardiovascular and central nervous system agents. 

 

In Chapter 6, I have presented a new modelling approach to account for 

biogenesis, trafficking and degradation of hERG in cellular models of cardiac 

electrophysiology. I began with the characterisation of the key stages and 

regulatory proteins of hERG trafficking, which encodes the IKr channel. I 

formulated the dynamic model of hERG trafficking in a cell based on protein 

dynamics, characterising the processes known to mediate the biogenesis and 

trafficking of hERG and which can be modulated by pharmacological agents. 

Among other factors, the model considers a non-mature hERG synthesis rate, 

the maturation rate of hERG, membrane trafficking, mature and non-mature 

protein degradation rates and surface stability. Model parameters were 

inferred from in vitro trafficking experiments. Using this model, the amount of 

mature, functional hERG on the cellular membrane was simulated as a 

function of time for comparing normal and altered trafficking by different 

trafficking mechanisms. Afterwards, I analysed how changes in trafficking, like 

a decreased maturation rate, affect cardiac electrophysiology in hiPSC-CMs 

action potential models. 

 

Chapter 7 presented the simulation results of drug-induced hERG trafficking 

impairment. I investigated the effects of arsenic trioxide, known to produce 

negligible acute inhibition of IKr at therapeutic concentrations, but to cause 

Torsade de Pointes through trafficking inhibition. By introducing the amount of 

mature functional IKr as a function of time into a population of hiPSC-CMs 

action potential models, I addressed the exploration of drug effects at different 

time scales and modelled different scenarios of drug-ion channel interaction. I 

simulated the effects of arsenic trioxide as a trafficking inhibitor, comparing 

simulation outputs against hiPSC-CMs incubated with arsenic trioxide for 24 

hours. I also explored the contribution of arsenic trioxide in upregulating the L-
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type calcium current to prolongation of the action potential duration, showing 

that hERG trafficking inhibition alone by this drug might be sufficient to 

recapitulate experimental findings. 

8.1.1 Key contributions and main findings 

 

The first major contribution of this thesis is the development of approaches for 

the modelling, simulation and prediction of drug-induced cardiac reactions that 

go beyond acute effects. These were described in Chapters 5 and 6, using 

the data collected and presented in Chapter 4. I proposed different but 

complementary approaches for modelling with machine learning methods 

capable of capturing complex dependencies between drug structure and 

transcriptional profiles, cardiotoxicity and simulations, thus providing insights 

into the mechanisms of cardiotoxicity. I proposed and implemented a chain of 

classifiers with a nested stacking approach that classifies drugs by their risk 

level, has the ability to handle large heterogeneous data, and attains relatively 

accurate predictions for up to six forms of drug-induced cardiotoxicity.  

 

The second major contribution of this thesis is the presentation of the first-in-

its-kind model of hERG trafficking, described in Chapter 6. While existing 

modelling approaches reproduce experimental data and have proved really 

useful in simulating disease conditions or variability of acute drug responses 

within healthy or diseased populations, chronic drug effects and trafficking 

mutations are less explored. Therefore, the complexity of trafficking disruption 

requires suitable models to capture these interactions in order to augment the 

predictive value of in silico approaches. This new mechanistic model of hERG 

trafficking was shown to be easily coupled with existing action potential 

models of cellular electrophysiology, and was able to reproduce the effects of 

hERG trafficking impairment under different conditions. The results of this 

work suggest its potential to complement existing computational methods in 

general and drug discovery tools in particular.  

 

The final major contribution of this thesis is the study presented in Chapter 7. 

This work highlights the benefits of using the different computational methods 
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developed in this thesis for the prediction of drug action, and represents a 

step forward towards more rational drug discovery. First, the gene expression 

data collected in Chapter 4 is exploited here to elucidate the mechanisms of 

arsenic trioxide in hERG trafficking impairment. The hERG trafficking model 

developed in Chapter 6 was then shown to reproduce the electrophysiological 

effects of arsenic trioxide in hiPSC-CM action potential models, including 

action potential prolongation and development of repolarisation abnormalities, 

as observed in in vitro experiments. In particular, the results of this chapter 

indicate that inhibition of hERG trafficking alone by arsenic trioxide is sufficient 

to recapitulate the action potential prolongation caused by this drug in hiPSC-

CMs. An upregulation of the L-type calcium current has also been proposed 

as an additional mechanism of action potential prolongation by arsenic 

trioxide [33,127]. However, the inclusion of this mechanism (as estimated 

from animal experiments) led to a significant overestimation by almost two 

folds of the observed action potential prolongation in hiPSC-CM recordings, 

which may indicate inter-species differences in this mechanism of arsenic 

trioxide action in human versus experimental animal models. 

 

8.2 Future directions  

8.2.1 Incorporating information about related cardiac side effects 

 

The results of Chapters 4 and 5 have shown associations between different 

cardiotoxicity types, and that it is important to preserve such associations in 

the modelling of drug cardiac safety. Kidney diseases [375] or metabolic 

disorders [376] are also well-known complications that are usually associated 

with heart disease. The current approach and the proposed model can be 

further extended to incorporate information about other potential side effects 

known to be caused by the analysed drugs, in order to increase discriminative 

power and improve its prediction accuracy. 

 

8.2.2 Further experimental validation of the dual machine learning 

predictor of six cardiotoxicity forms 
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The dual transcriptomic and structural predictor of cardiotoxicity described in 

Chapter 5 was built and validated using expression data profiled with 

microarray technology. However, alternative gene expression platforms, such 

as bulk or single-cell RNA-seq, are gaining increasing popularity in toxicity 

studies [377,378]. One of the major advances of the RNA-seq expression 

profiling is that it offers opportunities for analysis of any transcript, while 

microarray platforms rely on a predefined set of transcripts, as the L1000 

platforms used in this study that measured 971 landmark genes. A next step 

would be to investigate how a broader range of profiled transcripts, including 

mRNA and miRNA (which can be measured, for example, with RNA-seq 

technology) would affect the predictive power of the proposed algorithms.  

 

It should also be noted that the types of chemistry of the explored molecules 

are somehow limited. Medicinal chemistry, following the increased diversity of 

biological targets, has also increased the diversity of scaffolds, and of 

substructures of molecules with known properties, that are now used to 

design new medications [379]. Therefore, any computational model should be 

constantly updated with the new types of chemistry of drugs.  

 

8.2.3 Simulation of hERG trafficking inhibition and acute hERG block 

 

In this thesis, in Chapter 2, I have provided a comprehensive review of the 

pharmacological agents that have been reported to cause various cardiac 

complications in humans. A number of drugs are known to cause hERG 

channel deficiency not only by acute channel block, but also by the inhibition 

of its trafficking. At the same time, for some drugs, the effect on trafficking 

was shown to be more potent than the acute channel block.  

 

In Chapter 7, I introduced the modelling of arsenic trioxide, a drug used in 

leukaemia treatment and with known common QT prolongation [380]. 

However, other agents can be explored in the current setting in future studies. 

With the coupling of acute hERG block (simple pore-block or more complex 
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dynamic simulations) with hERG trafficking modelling, those two modes of 

drug action can be explored in more detail and compared.  

 

8.2.4 Simulation of trafficking-deficient mutations of hERG 

 

Genetic mutations are among the factors that can cause a deficiency of 

cardiac ion channels. Importantly, hERG mutations are one of the major 

monogenic causes of life-threatening conditions, such as type-2 Long QT 

syndrome (LQTS2). This is characterised by profoundly delayed repolarisation 

of cardiomyocytes, therefore posing an increased risk of fatal arrhythmic 

events. Remarkably, most of such mutations are known to interfere with the 

trafficking of the channel [365]. The vast majority of LQTS2 mutations cause 

the inhibition of hERG protein synthesis, where a defective copy of the 

transcript has a stop codon, which terminates the protein synthesis, or a 

splice site mutation causing missplicing and the generation of incomplete 

proteins or RNA decay [365]. Other trafficking mutations include a reduction in 

folding efficiency or increased degradation [365–367].  

 

Notably, it has been shown through in vitro experiments that multiple 

trafficking mutations can be reversed, either with temperature or with 

pharmacological agents [381]. A large-scale study of 291 LQTS2 KCNH2 

mutations showed that incubation of HEK cells expressing mutated channels 

at 27°C or/and with the hERG blocker and pharmacological chaperone E4031 

could lead to an improvement in the levels of mature hERG [382]. However, 

those improvements are dependent on the location of the mutation, with some 

mutations being completely uncorrectable and some mutations being only 

partially correctable. Therefore, hERG trafficking mutations can be separated 

into five classes: 1) wild-type-like, 2) correctable by incubation at 27°C, 3) 

correctable by E4031 alone, 4) correctable by both 27°C and E4031, and 5) 

not correctable by 27°C or E4031. Later, Kanner and colleagues showed that 

the increased levels of mature hERG caused by incubation at low-

temperature do not always result in an increase in hERG surface expression 

[367]. Interestingly, Mehta and colleagues showed that incubation of hiPSCs 
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with a hERG trafficking mutation via the protease inhibitor (N-[N-(N-acetyl-L-

leucyl)-L-leucyl]-L-norleucine) for 48 hours can increase the levels of mature 

hERG by 9 times, although it will still remain 2.5 times lower compared to the 

wild type. This resulted in a shortening of the action potential duration at 90% 

repolarisation from 1130 to 700 ms, compared to 600 ms for control [368]. 

 

The proposed hERG trafficking model, coupled with action potential models of 

cardiac electrophysiology, holds great potential to investigate the underlying 

mechanisms of the above described electrophysiological abnormalities of 

trafficking LQTS2 mutations. This includes investigations on whether a single 

mechanism or the combination of an inhibited maturation, accelerated 

degradation and reduced surface stability of the mutant channels, result in the 

prolonged action potential of these mutant cells.  

 

8.2.5 Trafficking modelling of other channels 

 

As listed in Chapter 2, hERG trafficking inhibition is not the only reported off-

target effect of drugs, which is the case of celastrol, which is reported to inhibit 

trafficking of Kir2.1 and hERG [52].  

 

In addition to drug-induced channel trafficking inhibition and mutations that 

cause a deficiency of channels on the membrane, the regulation of ion 

channel densities on the myocyte membranes has been proposed as a 

specific mechanism of tissue electrical remodelling in conditions such as heart 

failure and atrial fibrillation [383], or obesity [384]. One example is the 

decreased protein expression of Kv1.5, Kv4.3 and Kir3.1 channels in cardiac 

tissue in patients with atrial fibrillation [385]. Regulation of ion channel 

trafficking has also begun to gain attention as a new potential therapeutic 

target for antiarrhythmic treatment [386,387].  

 

The proposed model of hERG trafficking described in Chapters 6 and 7 could 

be extended and adapted to account for trafficking of other channels for future 

studies.  
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8.2.6 Tissue and organ effect of trafficking inhibition 

 

The studies in this thesis were focused on single-cell and populations of cells 

modelling. At the same time, pro-arrhythmic electrophysiological abnormalities 

can manifest differently on a tissue and organ level. In addition, the heart is a 

complex organ, and observed abnormalities are only markers of arrhythmias 

as real arrhythmic events occur on the organ level. An extension of this thesis 

could explore the effects of hERG trafficking inhibition by coupling the outputs 

of trafficking models with mechanistic tissue and organ simulations. Similarly 

to the work conducted in Chapter 7, at the individual cell level, multi-scale 

simulations can be performed to study the effects of hERG trafficking 

inhibitors in an in silico clinical trial setting at the whole-organ and body levels, 

to reconstruct ECG recordings and calculate more clinically relevant 

arrhythmic-risk biomarkers. 

 

8.3 Conclusions 

 

Cardiotoxicity is one of the most common and life-threatening drug-induced 

adverse effects. Given its importance in precipitating potentially lethal 

arrhythmias, current preclinical testing is largely focused on the detection of 

unforeseen electrophysiological drug effects. However, a substantial number 

of drugs also affect cardiac function at many other levels. In order to address 

such challenge, I have developed a computational machine learning model 

that goes beyond the prediction of single drug-induced adverse effects. To do 

this, I firstly collected a large dataset of 1131 drugs with their transcriptional 

profiles, structure and safety information. Using these data, I proposed a 

multi-label model that takes the structure and cellular gene expression profiles 

of drugs and predicts up to six cardiotoxicities simultaneously. I extensively 

validated this approach on drugs and cell lines previously unseen by the 

algorithm. I then moved to mechanistic modelling and focused on a specific 

and highly relevant mechanism of drug-induced cardiotoxicity: inhibition of 

hERG trafficking. I formulated a first-in-kind model of hERG trafficking and 
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used it to explore the effects of hERG trafficking inhibition on action potential 

properties. Employing a population of models approach, I identified and 

quantified the action of arsenic trioxide, a pharmacological agent known to 

inhibit trafficking, both at protein and electrophysiological levels. In conclusion, 

this thesis presents two novel and complementary approaches for drug safety 

analysis, and shows that computational methods have the potential to 

complement existing drug discovery methods. 
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