
189

Chapter 7
Pharmacometrics in Cardiovascular Safety

Joanna Parkinson, Anne S.Y. Chain, Piet H. van der Graaf  
and Sandra A.G. Visser

© American Association of Pharmaceutical Scientists 2014
S. Schmidt, H. Derendorf (eds.), Applied Pharmacometrics, AAPS Advances  
in the Pharmaceutical Sciences Series 14, DOI 10.1007/978-1-4939-1304-6_7 

S. A. G. Visser ()
Modeling & Simulation, Early Stage Development, Merck Research Labs,  
Merck & Co., Inc., North Wales, Pennsylvania, USA
e-mail: Sandra.Visser@merck.com

J. Parkinson
Computational Toxicology, Global Safety Assessment, AstraZeneca R&D Innovative Medicines, 
Mölndal, Sweden

A. S. Y. Chain
Modeling and Simulation, Merck Research Laboratories,  
Merck & Co., Inc., Rahway, NJ, USA

P. H. van der Graaf
Leiden Academic Centre for Drug Research (LACDR), Gorlaeus Laboratories, Leiden,  
The Netherlands

7.1  Introduction

Approximately one third of all drug discontinuation from preclinical discovery to 
postapproval stage is caused by drug safety (Kola and Landis 2004; Laverty et al. 
2011). Within this category, cardiovascular (CV) safety is a major cause of attrition 
(Redfern et al. 2010), with drug-induced prolongation of cardiac repolarization and 
proarrhythmic liabilities being the main reasons for labeling restrictions and drug 
withdrawals (Darpö 2007; Gwathmey et al. 2009; Redfern et al. 2010). Table 7.1 
shows an impact of CV adverse effect throughout the pharmaceutical drug devel-
opment life cycle. In the case of late-stage adverse events, it can lead to termina-
tion of the program, labeling restrictions, prescribing restrictions, requirements for 
postmarketing studies and in a worst-case scenario, to drug discontinuation or with-
drawal. It is therefore not surprising that the assessment of CV liabilities, especially 
drug-induced prolongation of cardiac repolarization and QT interval have become 
a primary focus of both pharmaceutical industry and regulatory agencies. These is-
sues were addressed by International Conference on Harmonisation (ICH), which 
released S7B and E14 documents that address methods of preclinical and clinical 
assessment of cardiac repolarization (Anon 2005a, b). Table 7.2 shows a list of these 
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preclinical and clinical models, which are currently used in evaluation of CV safety 
during pharmaceutical drug development.

Since CV liabilities, especially drug-induced delayed repolarization and QT in-
terval prolongation, became a great concern for both pharmaceutical industry and 
regulatory agencies, it also became increasingly important to assess these liabilities 
early in the drug development process. Ideally, these liabilities should be assessed 
before the new chemical entity (NCE) is tested in humans for the first time, how-
ever, it is also beneficial at other stages of clinical drug development, for example, 
before the drug is tested in patients or before it is tested in larger population. The 
main purpose of the assessment in preclinical stages is to select the right compound, 
i.e., the one that can be safely administered to humans. In the clinical stages, it is 
important to have the correct quantitative understanding via the right clinical study 
design to understand the right dose and schedule that are safe to patients. To this 
end, pharmacometric (model-based) tools have become increasingly beneficial in 
achieving this goal; they allow making predictions under new circumstances, for 
example during new dosing regimen or in the alternative patient population, and 
also allow extrapolating across different systems, for example from in vitro or in 
vivo to clinical. This is particularly important along the value chain in pharmaceuti-
cal industry as it helps to select and progress the best compounds. In addition, it is 
also beneficial for the regulatory submissions, where pharmacometric tools can be 
used to describe the observed data and predict risk for a particular compound. Op-
portunities to use pharmacometric models in various stages of drug life cycle are 
provided in Table 7.2.

In this chapter, we will review how pharmacometrics can be used to assess the 
risk of CV liabilities with the main focus on QT interval. We will explain how 
mathematical models can be used to gain understanding of the drug-induced CV 
effects using either descriptive or mechanism-based modeling, where underlying 
mechanisms of action are taken into account, as well as how they can be used for 
extrapolation and prediction of real-life population and to inform clinical trials. 

Table 7.1  Relative contributions and frequency of different toxicities by organ function during 
preclinical and clinical drug development as well as postapproval stage. (Adapted from Redfern 
et al. 2010)
Phase “Nonclinical” Phase I Phase I–III Phase III/

marketing
Postmarketing

Impact Causes of 
attrition

Serious ADRs Causes of 
attrition

ADRs on label Withdrawal 
from sale

Source Car (2006) Sibille et al. 
(1998)

Olson et al. 
(2000)

BioPrint® 
(2006)

Stevens and 
Baker (2009)

Number of 
drugs assessed

88 (stopped) 23 82 (stopped) 1138 47

Cardiovascular 27 % 9 % 21 % 36 % 45 %
Hepatotoxicity 8 % 7 % 21 % 13 % 32 %
Haematology/
BM

7 % 2 % 4 % 16 % 9 %
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Technique Summary Reference Opportunities for 
pharmacometric 
analysis

QSAR Quantitative structure–activity 
relationship (QSAR) models 
relate physicochemical proper-
ties of a compound to its ability 
to block hERG

(Gavaghan et al. 2007; 
Inanobe et al. 2008; 
Clark and Wiseman 
2009)

Predictive models 
of hERG blockage 
based on fragment 
descriptors

hERG assay Measurement of inhibition of 
the potassium current through 
hERG; usually few ascending 
concentrations of NCE and 
major metabolites are tested to 
determine a concentration–effect 
relationship; preparations are 
made using human cells express-
ing hERG channel

(Brown 2004; Pollard 
et al. 2010)

In silico APD models; 
mechanism-based 
modeling of QT pro-
longation, e.g., using 
operational model of 
agonism

Other cardiac 
ion channel 
assays

Measurement of inhibition of ion 
channels other than hERG, such 
as: hNav1.5, hCav1.2, hKv4.3/
hKChIP2.2, hKv7.1/hminK, and 
hKv11.1

For example: Harmer 
et al. (2008)

In silico APD models; 
mechanism-based 
modeling of QT and 
other CVS parameters, 
e.g., blood pressure

Purkinje fibers 
assay

Drug-induced changes in repo-
larization of action potentials are 
measured using isolated Purkinje 
fibers; species used in prepara-
tions include dog, rabbit, and 
guinea pig

(Terrar et al. 2007) Reverse modeling for 
predicting ion channel 
pharmacology

Lagendorff 
heart model

APD, conduction, triangulation, 
reverse-use dependency, and 
instability are measured using 
isolated, perfused animal heart; 
species used in preparations 
include rabbit and guinea pig

(Szilágyi et al. 2004; 
Valentin et al. 2004; 
Wu et al. 2004; Suter 
2006)

Ventricular 
wedge

CVS measurements are taken in 
the arterially perfused isolated 
left ventricular wedge prepara-
tion; species used in preparations 
include rabbit and dog

(Chen et al. 2006; 
Benson et al. 2008)

“Virtual ventricular 
wedge”

Anaesthetized 
animal model

ECG measurements and cardiac 
contractility are measured, while 
animals are kept under anesthe-
sia (usually to prevent unwanted 
events such as seizures); it is 
possible to relate the observed 
CV effects to the drug concen-
tration using PK/PD modeling; 
species used in studies include 
dog and guinea pig

(Ollerstam et al. 
2007b; Heath et al. 
2011)

PK/PD modeling of 
CVS parameters such 
as QT, HR, BP and 
others for: (1) analysis 
of preclinical data, 
(2) optimal preclini-
cal study design, (3) 
predicting clinical 
liabilities, and (4) 
clinical study design

 Table 7.2  Summary of techniques and models used in evaluation as well as opportunities for phar-
macometric modeling in cardiovascular safety during pharmaceutical drug development
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Technique Summary Reference Opportunities for 
pharmacometric 
analysis

Conscious 
animal model

ECG measurement, heart rate, 
and blood pressure are measured 
in conscious animals that are 
free to move; it is possible to 
relate the observed CV effects 
to the drug concentration using 
PK/PD modeling; species used 
in studies include dog, monkey, 
and minipig

(Ando et al. 2005; 
Ollerstam et al. 2006, 
2007a, b; Markert 
et al. 2009; Watson 
et al. 2011)

First time in 
human (FTIH)

ECG measurement, heart rate 
and blood pressure are mea-
sured, usually in healthy males; 
it is a placebo-controlled trial, 
with strict inclusion/exclu-
sion criteria (with exclusion of 
females, elderly and volunteers 
with underlying CV diseases or 
those taking additional medica-
tions that may interact with the 
tested drug), where escalating 
doses of drug are tested

(Patat 2000; Buoen 
et al. 2005)

Nonlinear mixed-
effects PK/PD 
modeling; Bayesian 
modeling for (1) 
analysis of clinical 
data, (2) clinical trial 
simulations, (3) “not-
in-trial” simulation

Thorough QT 
study (TQT)

Clinical trial introduced in 2005 
by ICH to assess QT prolonga-
tion risk; it requires positive 
control treatment arm (using 
moxifloxacin) and manually 
read ECG; QT prolongation 
risk is assessed using “double-
delta” method with a threshold 
of 10 ms

(Anon 2005b)

Pharmacovigi-
lance

Postmarketing safety data moni-
toring, including adverse event 
reporting

FDA Adverse Event 
Reporting System 
(FAERS, http://www.
fda.gov/Drugs/Guid-
anceComplianceRegu-
latoryInformation/
Surveillance/Adverse-
DrugEffects/default.
htm), VigiBase from 
Uppsala Monitoring 
Centre (http://who-
umc2010.phosdev.se/), 
(Dumouchel 1999; 
Clark and Wiseman 
2009)

Bayesian data mining; 
significance analysis 
using relative report-
ing ratio

Table 7.2 (continued) 
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The first section of this chapter provides a summary of CV end points, which are 
collected during preclinical and clinical studies. The following section is dedi-
cated to the modeling of QT interval and contains a description of modeling and 
simulation approaches as well as examples of their application in both preclini-
cal and clinical stages of drug life cycle. This will include (1) early discovery 
phase, where in silico methods are implemented, (2) in vivo studies, where mod-
eling can be beneficial, for example, in optimizing study design as well as (3) in 
clinical trials, and (4) in large patient populations. The remaining sections of this 
chapter are dedicated to CV parameters other than QT interval—namely heart 
rate (HR) and blood pressure (BP), and the application of pharmacometric tools 
in their assessment.

The work presented here is focused on CV safety; however, there are also numer-
ous examples of the use of pharmacometrics in CV diseases. In this case, changes in 
CV parameters are treated as a desired effect, rather than unwanted events that need 
to be avoided, as it is treated here. For more information on the pharmacometrics in 
CV diseases, we refer readers to the book chapter by Mould et al. (2011).

7.2  CV Parameters

There are various undesired CV effects that can be induced by drugs. These include 
signs such as palpitations, hypo and hypertension, arrhythmias, stroke or sudden 
cardiac death, and can range between relatively minor to potentially fatal events. 
To assess the risk of these effects, it is important to monitor biomarkers that can 
provide useful information about changes within the CV system. In this chapter, we 
provide a list of CV biomarkers that are commonly measured during the in vitro, in 
vivo, and clinical tests as listed in Table 7.2.

7.2.1  QT Interval

QT interval is an index of ventricular cell action potential durations (APD; 
Fig. 7.1a) in the heart’s sinus rhythm (Shah 2002). On the electrocardiogram 
(ECG), it is defined as a distance between two distinct waves—Q (onset of ven-
tricular excitation) and T (end of repolarization), as can be seen in Fig. 7.1b, and 
it is usually expressed in milliseconds (ms). Prolongation of QT interval repre-
sents a delay in ventricular repolarization and it can lead to a potentially fatal 
arrhythmia Torsades de Pointes (TdP; Fig. 7.1c; Moss 1999). QT prolongation 
has been used as a surrogate biomarker of TdP and it is currently mandatory to 
assess NCE’s liability to prolong QT interval in preclinical models (Anon 2005a). 
TdP is rare; however, it can degenerate into ventricular fibrillation and can cause 
sudden cardiac death. Risk of drug-induced TdP is one of the major reasons for 
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drug discontinuation and withdrawals and therefore, a primary concern for the 
pharmaceutical industry.

Normal QT interval in healthy humans is defined as ≤ 430 ms for men and 
≤ 450 ms for women. However, it is known that QT interval may be affected by 
many factors other than drug concentrations, for example, changes in HR, circadian 
rhythm, potassium levels, glycemia, food intake, and age (Molnar et al. 1996; Nagy 
et al. 1997; Piotrovsky 2005; Christensen et al. 2010; Chain et al. 2012). It is there-
fore important to take this into account in order to accurately assess the QT prolon-
gation risk. QT interval is routinely corrected for changes in the HR using standard 
methods such as Bazzet’s (1920), Fridericia’s (1920), Van de Water’s et al. (1989) 
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Fig. 7.1  a Schematic representation of action potential ( solid line) and its changes due to hERG 
inhibition ( dotted line). b ECG with distinct waves ( P, Q, R, S, T), with normal ( solid line) and 
prolonged ( dotted line) QT interval. c Electrocardiogram of Torsades de Pointes
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formulae, or individual correction factors (Ollerstam et al. 2007a). Also, circadian 
rhythm effects can be adjusted for, for example, by including oscillatory component 
which describes circadian variation in the modeling of drug-induced QT changes 
(Piotrovsky 2005; Chain et al. 2011).

7.2.2  Heart Rate

HR can be measured from a pulse rate or directly from ECG, as an inverse of a dis-
tance between two consecutive R waves. Normal range for resting HR is between 
60 and 100 beats per min (defined by the American Heart Association, www.heart.
org) and it depends on various factors such as age, body weight, and level of fitness. 
Rapid increases in HR, for example, induced by drugs can lead to ventricular tachy-
cardia and potentially cause sudden cardiac death; therefore, it is an important pa-
rameter measured during safety assessment. Decrease in HR, bradycardia, is also a 
common clinical problem, although its relevance is poorly understood (Ovsyshcher 
and Barold 2004).

7.2.3  Blood Pressure

Along with the HR, BP is the main vital sign measurement taken during clinical 
trials. It is usually measured on the upper arm in humans and expressed as systolic 
over diastolic pressure, with normal range being less than 120 mmHg for systolic 
pressure and less than 80 mmHg for diastolic pressure (defined by the American 
Heart Association, www.heart.org). Increased BP (hypertension) has been associ-
ated with an increased risk of age-specific death from a stroke, ischemic heart dis-
ease, and other vascular diseases (Prospective Studies Collaboration 2002). Low 
BP (hypotension) is less dangerous; a common form of hypotension is orthostatic 
(postural) hypotension, which occurs during sudden changes of position and is of-
ten associated with various medications. Although the symptoms are usually limited 
to dizziness, orthostatic hypotension can lead to falls and injuries, which can be 
especially hazardous in elderly patients (Tonkin and Wing 1992; Verhaeverbeke and 
Mets 1997; Shibao et al. 2007).

7.2.4  QRS Complex

Similar to QT, QRS complex can be measured directly from ECG (see Fig. 7.1b) 
and it includes ventricular activation, depolarization, and contraction (John and 
Fleisher 2006). Normal duration of QRS complex is usually less than 120 ms (John 
and Fleisher 2006). Prolongation of QRS interval has been associated with inhibi-
tion of Na+ channel (hNav1.5), which is responsible for the depolarization of car-
diomyocytes. Inhibition of this cardiac channel results in a decrease in the rate of 



196 J. Parkinson et al.

depolarization and consequently slows the velocity of excitation conduction. Al-
though QRS prolongation is not currently addressed in the ICH guidelines, phar-
maceutical industry is recognizing its importance and there is an increasing need to 
better understand drug-induced effects on Na+ channel (Gintant et al. 2011; Harmer 
et al. 2011; Erdemli et al. 2012). QRS prolongation is thought to be associated with 
proarrhythmic risk, especially in patients with underlying cardiac diseases (Kashani 
and Barold 2005; Adesanya et al. 2008; Sumner et al. 2009). The risk in healthy 
humans however, is still not fully understood (Seger 2006).

7.2.5  PR Interval

PR interval can be measured on the ECG as the interval between the beginning of 
the P wave and the beginning of the QRS complex (see Fig. 7.1b) and it represents 
atrial activity. Normal values range between 120 and 200 ms and prolongation of 
the interval of more than 200 ms is known as first-degree atrioventricular block 
(John and Fleisher 2006). It has been suggested that prolongation of PR interval 
can be linked to an increased risk of atrial fibrillation (Cheng et al. 2009). PR inter-
val prolongation can be caused by inhibition of Na+ or Ca2+ channels (Nav1.5 and 
hCav1.2, respectively).

7.2.6  Beat-to-Beat Variability

Beat-to-beat variability of the QT interval is a measure of repolarization instabil-
ity. It has been shown that beat-to-beat variability predicts the risk of TdP well 
and it was suggested that it can be potentially used as a complementary marker 
of proarrhythmic risk (Hondeghem et al. 2001; Hinterseer et al. 2008; Jacobson 
et al. 2011; Varkevisser et al. 2012). New approaches have been developed to assess 
this temporal variability, for example tangent method (Dota et al. 2002), template 
matching (Berger et al. 1997), and delta T50 method (Abrahamsson et al. 2011).

7.2.7  Cardiac Contractility

Cardiac contractility represents the capacity of the muscular tissue of the heart to 
contract (see for example, Mason et al. 1971). Cardiac contractility modifications 
can lead to clinical signs such as hypo or hypertension, orthostatic deficit or palpita-
tions, which have been reported in 43 % of phase I studies (Moors et al. 2007; Lainee 
2009). Currently, there are no defined guidelines for the assessment of cardiac con-
tractility; however, the importance of screening for the potential contractility issues 
has been recognized by pharmaceutical industry and recently its assessment became 
a standard within preclinical development (Moors et al. 2007; Norton et al. 2009;  
Cooper et al. 2011; Bazan et al. 2012).
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7.3  Modeling of QT Interval

7.3.1  PK/PD models

QT effects in clinical trials can be quantified in relation to the unbound plasma con-
centration of the drug through the use of pharmacokinetic and pharmacodynamic 
(PK/PD) modeling (see for example, Derendorf and Meibohm 1999; Gabrielsson 
and Weiner 2000; van der Graaf and Gabrielsson 2009). In this approach, QT re-
sponse is related to the concentration of the drug by describing concentration–QT 
relationship. Common PD models used to describe QT response include linear 
(Eq. 7.1), log–linear (Eq. 7.2), simple and sigmoid Emax (Eq. 7.3):

 (7.1)

 (7.2)

 
(7.3)

where E is the effect, C is the concentration of drug, SL is a slope of a linear con-
centration–effect relationship, m is the slope of the linear segment of the concentra-
tion–effect curve, Emax is the maximum effect, EC50 is the concentration at which 
the effect is half of Emax, and γ is Hill exponent, which in a simple Emax model is 
equal to 1. It is also possible to use alternative parameterization of the Emax models 
(see for example, Gabrielsson and Weiner 2000; Piotrovsky 2005; Groth 2008).

The QT interval can be affected by factors such as changes in HR, circadian 
rhythm, gender, or age. Therefore, in order to accurately evaluate the effect of the 
drug, these factors need to be taken into account. An example of a comprehensive 
PK/PD model, which implements drug effect as well as changes in HR and circa-
dian rhythm is shown in Eq. (7.4) below (Piotrovsky 2005):

 (7.4)

where E is a drug-induced effect and can be replaced by any PD models shown in 
Eqs. (7.1–7.3), QT0 is a QT baseline parameter, which may differ between males 
and females, RRα is a correction term for RR change, and CIRC represents the 
circadian rhythm, which can be described in terms of multiple cosine functions 
with different periods. An example of circadian rhythm function, which consists of 
three cosine functions with periods of 24, 12, and 6 h is shown in Eq. (7.5) below 
(Piotrovsky 2005):

 

(7.5)
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where Ax correspond to individual amplitudes and xφ  represent phases of the circa-
dian variation component. Similar implementation was also presented recently by 
Chain et al. and is shown in Eq. (7.6; Chain et al. 2011):

 

(7.6)

where QT0 is the intercept of the QT–RR relationship and α is the correction factor 
for HR.

Drug-induced QT response can be instantaneous, i.e., in a situation where a max-
imum QT effect is observed at the time of maximum drug concentration. In such 
cases, QT effect can be directly linked to the drug exposure. However, often a time 
delay between plasma concentration and effect (hysteresis) is observed. It is then 
necessary to account for this time delay, which can be done by applying effect com-
partment or indirect response models (Holford and Sheiner 1981; Dayneka et al. 
1993; Jusko and Ko 1994; Gabrielsson and Weiner 2000).

In recent years, population PK/PD models have become increasingly popular in 
the assessment of concentration–effect relationship in CV safety. The advantage of 
using population models is the ability to estimate the between-subject variability 
(BSV) i.e., in order to understand how PK and PD parameters may vary across sub-
jects. Additionally, it is also possible to characterize “unexplained” variability in the 
population, which is the remaining variability, still observed after all other sources 
have been taken into account. This may include, for example, variability due to the 
measurement error. In addition to the estimation of various sources of variability, 
population models also allow to relate covariates such as gender, body weight, renal 
function, to PK/PD parameters. The approach that is commonly used in population 
modeling is the nonlinear mixed effect method, which is valuable especially if only 
sparse data are available. In this method, the population parameters are estimated 
as well as Bayesian estimates of individual subject parameters. One of the limita-
tions in this method can be lack of identifiability of some parameters, especially if 
complex models are applied with very sparse data that may not always cover suffi-
cient dynamic range. As a result, it may not be possible to estimate parameters with 
confidence or alternatively, the analysis may result in parameters that are physi-
cally implausible. Detailed information about population modeling and nonlinear 
mixed effect methods can be found in Sheiner and Beal (1980, 1982), Karlsson 
et al. (1995), Yano et al. (2001), Tornøe et al. (2004), and Pillai et al. (2005).

Interestingly, the use of Bayesian hierarchical models has been rather limited 
in the field of PK/PD modeling of QT effects. These methods are computationally 
intensive and run times may take much longer when compared to the maximum 
likelihood methods. However, since the introduction of the Markov chain Monte 
Carlo techniques, they have gained popularity thanks to their many advantages. One 
of them is the fact that there is no requirement for linearity or normality in the data 
and so inference is based directly on the desired model. Additionally, the posterior 
distribution, which is obtained in the form of a random sample, fully reflects all ac-
knowledged sources of uncertainty. In the Bayesian approach, the uncertainty about 

  
c 0

2cos ( )
24

QT QT RR A t Eα π = × + × − +  
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a parameter is expressed in terms of probability and it can be interpreted in a natural 
and transparent manner. In the case of QT interval, it can be for example, expressed 
as a probability of 10 ms increase at a given drug concentration. An example of such 
probability curves produced using Bayesian modeling of QT prolongation can be 
found in Fig. 7.2. Another advantage is the ability to incorporate prior information 
into an analysis. For QT modeling, this can be, for example, prior results from an 
earlier clinical trial or information about QT–RR relationship and circadian vari-
ability. In depth review about the Bayesian approach and its use in PK/PD modeling 
can be found in Lunn et al. (2002).

7.3.2  Preclinical Models for Predicting Human QT Liability

Since QT prolongation is an important concern in drug development, it is beneficial 
to detect it as early as possible, ideally before the compound is tested in humans. If 
a compound is associated with QT prolongation and torsadogenic risk, it would be 
advantageous to exclude it from the pipeline early and avoid further costly develop-
ment. Also, most importantly, it would be beneficial from a safety point of view, as 
it would avoid unnecessary exposure of human volunteers to potentially harmful 
drugs.

Pharmaceutical companies have employed a range of preclinical assays and tests 
to eliminate torsadogenic risk and to support the selection of the most appropriate 
candidate for testing in human trials. The main techniques employed during pre-
clinical development are listed in Table 7.2. In the subsequent paragraphs of this 

Fig. 7.2  a Concentration–QT effect relationships for three QT prolongers: sotalol, moxifloxacin, 
and grepafloxacin and b corresponding probability curves for QTc prolongation ≥ 10 ms, obtained 
through Bayesian modeling. (Reprinted with permission from (Chain et al. 2011)
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section, we provide a description of various mathematical methods that utilize data 
provided during these tests and which can be used to predict human QT liability.

7.3.2.1  In Silico Modeling Using In Vitro Data

The mechanism underlying QT prolongation and the occurrence of TdP is complex 
at cellular tissue and organ level. QT interval is determined by a balance between 
inward and outward ion currents, and its prolongation is primarily caused by a 
blockage of the delayed rectifier potassium current (IKr), encoded by human ether-
a-go-go-related gene (hERG; Curran et al. 1995). When hERG is blocked, it causes 
a reduction in repolarizing currents and hence an increase in the time during which 
membrane voltage remains at elevated levels. This can be seen as an increase in 
cell’s APD, as it is schematically represented in Fig. 7.1a. Subsequently, an increase 
in APD gives rise to QT prolongation (Fig. 7.1b). However, the occurrence of TdP 
cannot be explained purely by an inhibition of a single ion channel. Some drugs 
can block other channels, in addition to hERG, which may affect QT response (Bril 
et al. 1996; Martin et al. 2004). For example, if drug inhibits both hERG and other 
channel that carry currents which oppose repolarization (such as fast sodium chan-
nel, INa), it may result in a situation, where a drug is a hERG blocker; however, it 
does not cause QT prolongation (Schmitt et al. 2008). For this reason, most pharma-
ceutical companies include other ion channels, in addition to hERG, in their in vitro 
high-throughput screens (Harmer et al. 2011; Wible et al. 2008; Chen et al. 2009).

Various mathematical models have been developed to gain an understanding of 
the underlying processes in ion channel kinetics and action potential (AP) proper-
ties. These include models developed by: Winslow et al. (1999), Fox et al. (2002), 
Hund and Rudy (2004), Mahajan et al. (2008), and Grandi et al. (2010). Figure 7.3 
shows a schematic representation of one of the models, a mathematical canine ven-
tricular cell model developed by Hund and Rudy (2004). These mathematical mod-
els have been adapted by the pharmaceutical industry to simulate drug-induced ef-
fect on AP using experimental in vitro data from various ion channels. For example, 
Bottino et al. demonstrated how IC50 values from five ion channels (hERG, INa, sus,  
ICaL, IKs, Ito1, INaCa) can be used to simulate canine transmural ECG, which was 
used as an analog for the human ECG (Bottino et al. 2006). More recently, Davies 
et al. presented an in silico AP (isAP) model, which was able to predict changes in 
canine myocyte APD using concentration–effect curve data from five ion channels 
(hNav1.5, hCav1.2, hKv4.3/hKChIP2.2, hKv7.1/hminK, and hKv11.1). Authors 
showed that they were able to account for physiological inter-dog variability within 
the model; they also considerably reduced variation within the dataset by using only 
one source to generate all ion channel data, IonWorks (Schroeder et al. 2003). The 
developed isAP model was validated using 53 compounds, which included both 
ion channel inhibitors and simulators, as well as both single and multi-ion channel 
blockers. Predictions made by isAP were compared to the experimental measure-
ments of APD performed using canine left ventricular midmyocardial myocytes and 
the model was found to be 81 % predictive (Davies et al. 2012). A similar approach 
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has been also adapted by Mirams et al. (2011). These authors used IC50 data from 
three ion channels: hERG, INa, and ICaL from 31 drugs to perform in silico modeling 
of ventricular cells and predict changes in APD. Simulations were performed for 
rabbit, dog, and human ventricular myocytes using various pacing protocols. The 
predictive power was then quantified by comparing predictions from the in silico 
models to the risk of TdP, using risk classification introduced by Redfern et al. 
(2003). These authors showed that they were able to accurately predict TdP risk 
for both pure hERG and multi-ion channel blockers, and demonstrated that APD 
prolongation correlated best with the torsadogenic risk out of all evaluated in silico 
markers (Mirams et al. 2011).

The examples presented above show that in silico models can be successfully 
used for compound selection through the assessment of the putative QT liability in 
early stages of drug discovery, namely during lead identification and optimization, 
along with the generation of the high-throughput screening of ion channel activity. 
Mathematical calculations can be performed in a short time, e.g., by using a distrib-
uted computing server, and thus such in silico models can be treated as an additional 
virtual high-throughput screen. It is clear that the use of in silico models can be 
highly beneficial during drug development: From an ethical point of view, it enables 
replacement and reduction of animals (thus addressing the 3R concept: replacement, 
refinement, and reduction, see for example, Fink et al. 2009 or www.nc3rs.org.uk); 
additionally, it can result in cost and time reduction. They can provide additional 

Fig. 7.3  Schematic representation of mathematical canine ventricular cell model developed by 
Hund and Rudy (2004). Symbols: CaMKII Ca2+/calmodulin-dependent protein kinase, JSR junc-
tional sarcoplasmic reticulum, NSR network sarcoplasmic reticulum, PLB phospholamban, CTNaCl 
Na+–Cl− cotransporter, CTKCl K

+–Cl− cotransporter, Iup Ca2+ uptake from myoplasm to NSR, Ileak 
Ca2+ leak from NSR to myoplasm, Irel Ca2+ release from JSR to myoplasm, Ix specific ion currents. 
(Reprinted with permission from Hund and Rudy 2004)
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information about cardiac liability and can therefore help select the most appropri-
ate compounds to be taken forward to the preclinical testing. However, when using 
in silico methods, one should be aware of their underlying assumptions and limita-
tions. For example, predictions are made using in vitro data from cell lines express-
ing cardiac ion channels, which may not always accurately reflect the native state 
of ion channels in vivo. Additionally, the accuracy of the in silico models to predict 
QT risk depends on the complexity of the mathematical model—for example on the 
number of ion channels used, inclusion of G-protein-coupled receptors (GPCRs), 
or kinases, all of which may be affected by a compound and as a consequence have 
an effect on the QT interval. There are also many other “in vivo modulators,” i.e., 
factors that are present in the whole organism but are not accounted for in the in 
silico model. This may include, for example, hormonal regulation, signals from the 
nervous system, or underlying CV diseases.

7.3.2.2  Mechanism-Based Modeling Using In Vitro Data

The discovery of a link between QT prolongation and the inhibition of hERG potas-
sium channel resulted in an establishment of an in vitro hERG assay (see Table 7.2). 
Currently, this screening method is widely used to detect a delayed repolarization 
risk (Brown 2004; Anon 2005a) and usually few ascending concentrations of NCE 
are tested to determine a concentration–effect relationship. Safety margins are gen-
erally calculated as a 30–40-fold difference between hERG IC50 and maximum free 
plasma concentration reached in in vivo or clinical studies (Redfern et al. 2003; 
Gintant 2011). Although these calculations are useful, they do not allow to quanti-
tatively assess the extent of QT prolongation. Such assessment, i.e., a quantifica-
tion of the relationship between in vitro channel inhibition and in vivo/clinical QT 
outcome is possible using mechanism-based PK/PD approach. In this approach, it 
is possible to characterize specific processes that take place between the adminis-
tration of the drug and observed response, such as (1) PKs of a drug, (2) potential 
delays in target site distribution (hysteresis), (3) receptor binding, and (4) activation 
as well as (5) transduction.

With mechanism-based models, it is possible to distinguish between drug-specif-
ic (such as receptor binding) and system-specific parameters (signal transduction) 
and consequently to extrapolate from in vitro to in vivo as well as between species 
(for a review, see Danhof et al. 2005; Ploeger et al. 2009). Even though these mod-
els do not include all complexity of the actual physiological and pharmacological 
processes, they incorporate receptor theory concepts and thus allow predicting ef-
fects in vivo based on the parameters derived from in vitro assays.

The mechanism-based approach was used by Jonker et al., where operational 
model of pharmacologic agonism (Black and Leff 1983) was applied to relate the 
magnitude of hERG inhibition to the clinical QT response for a selective hERG 
blocker, dofetilide (Jonker et al. 2005). The authors linked in vitro properties of the 
drug, i.e., affinity and activity and the unbound plasma concentration to the QT ef-
fect by using the following operational model of agonism:
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(7.7)

where QT0 corresponds to the average QT baseline, QTm is the maximum QT pro-
longation, τ is the transducer ratio, KI is the dofetilide concentration resulting in 
50 % hERG current inhibition, and n represents a slope factor (Jonker et al. 2005). 
The dimensionless parameter τ corresponds to the half-maximum response in the 
hERG assay and it is defined as a ratio of the maximum current inhibition ( Imax) 
to the fraction of inhibited hERG channels. The final model included additional 
parameters, such as system specific development of tolerance with long-term ad-
ministration and the implementation of an effect compartment to account for hyster-
esis. The authors applied a population PK/PD approach to perform calculations and 
therefore were able to estimate the inter- and intraindividual variability. As a result, 
they were able to describe the relationship between the in vitro inhibition of hERG 
and the extent of the QT prolongation in human. This relationship can be seen in 
Fig. 7.4. According to the model, 10 % inhibition of hERG corresponds to 20 ms 
change in QT interval. Similar relationships were reported in a presentation at the 
Modeling and Simulation (M&S) workshop between European Medicines Agency 
(EMA) regulators and European Federation of Pharmaceutical Industries and As-
sociations industry (EFPIA; Visser et al. 2013).

Such model is an important step forward in predicting in vivo and clinical QT 
liabilities using parameters derived from in vitro screens. It provides a potential to 
quantitatively assess proarrhythmic risk in humans at relevant drug concentrations. 
However, since the model was developed using a pure hERG blocker, it is important 
to note that one should be cautious when extrapolating this model to other drugs, 
specifically ones that may potentially affect multiple ion channels. As it was men-
tioned in the previous section, and also highlighted by the authors themselves, in-
hibition or simulation of many channels may affect QT response. Therefore, future 
models need to be developed, that can relate inhibition of multiple ion channels to 
the clinical QT response.
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7.3.2.3  Descriptive and Semi-mechanistic PK/PD Modeling  
Using In Vivo Data

QT interval, along with other ECG parameters and vital signs is often measured 
during in vivo studies using anesthetized and/or conscious animal models (see 
Table 7.2). Since plasma samples are also taken during the studies, it is possible 
to apply PK/PD modeling to describe the concentration–effect relationship. This 
type of analysis in preclinical studies has become increasingly popular in recent 
years and has been used, for example, to describe drug-induced QT changes in rats, 
marmosets, dogs, and monkeys (Ohtani et al. 2000; Ollerstam et al. 2006, 2007a, 
b; Komatsu et al. 2010; Dubois et al. 2011; van der Graaf et al. 2011; Watson et al. 
2011; Chain 2012; Parkinson et al. 2013). This section will provide examples of 
how the application of PK/PD modeling has led to improvements in preclinical 
study design (Sect. 2.2.3.1) as well as development of methods to predict clinical 
QT outcomes based on preclinical data (Sect. 2.2.3.2).

Application to Optimal Study Design

As mentioned in Sect. 2.1, many drugs exhibit a temporal difference between plasma 
concentration and QT response (Le Coz et al. 1995; Hanada et al. 1999; Ohtani et al. 
2000; Ollerstam et al. 2006). This situation can occur, for example, when (1) target 
space is in a separate compartment than plasma, (2) the response is driven by turn-
over, or (3) there is slow on/off target binding (Danhof et al. 2008; Gabrielsson et al. 
2010). The presence of hysteresis can significantly affect the interpretation of study 
results. For example, if it is ignored, it may lead to incorrect calculations of safety 
margins and consequently incorrect predictions of safe clinical doses as illustrated 
by Gabrielsson et al. (2011). It is therefore necessary to account for hysteresis, for 
example by applying an effect compartment model or indirect response models (see 
Sect. 2.1). However, these models can be used only when meaningful data are avail-
able, i.e., when QT measurements are taken at informative time points after drug 
administration. Such meaningful data can be obtained using “time series approach,” 
where measurements are taken during both upswing and downswing of the concen-
tration and response time curves. It can then be used to fit a PK/PD model and fully 
characterize onset, intensity, and duration of response. This type of experimental 
design is thought to have more statistical power in terms of calculating variability 
and confidence intervals (Gabrielsson et al. 2010). It also allows for discrimination 
of system specific properties, such as turnover parameters and drug-specific prop-
erties (for example, Emax, EC50). An example of optimizing experimental design to 
obtain informative data was presented by Ollerstam et al., where authors recom-
mended the use of slow, continuous intravenous (IV) infusions followed by a wash 
out, instead of a rapid, stepwise infusion or a single oral dose (Ollerstam et al. 2006, 
2007a). The authors showed that the concentration range produced by such slow 
infusions was similar to the range obtained after rapid infusions or multiple bolus 
injections regimen; however, in the former approach the increase in concentration 
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was more gradual and therefore less likely to exhibit transient fluctuations, which 
may result in higher variability. As a consequence, the estimation of concentration–
QT effect relationship can be more precise. The authors also highlighted the need 
to collect measurements not only during the infusions but also during the wash-out 
period as these data may provide useful information in case of a delayed QT effect 
(Ollerstam et al. 2007a). Another advantage of using slow infusions is a reduction 
in the unwanted hemodynamic effects. It has been previously shown that the risk 
of TdP and the presence of hemodynamic effects, such as rapid increase in HR 
and tachycardia are related to the rate of infusion (Kleinbloesem et al. 1987; van 
Harten et al. 1988; Carlsson et al. 1993; Detre et al. 2005). These effects have been 
observed in relation to rapid-rise regiments; therefore, the use of slow infusions that 
produce gradual concentration increase is more favorable. Additionally, such slow 
and gradual rise in concentration can also be quickly terminated in cases when seri-
ous adverse effects occur.

Once the preclinical study is optimally designed and the meaningful data are 
collected, the next step is to perform PK/PD analysis in the most appropriate way. 
In another work published by Ollerstam and colleagues, the authors investigated 
various approaches in data processing in order to develop the most optimal method. 
As a result, it was recommended that QT interval should be corrected individually 
for HR and vehicle effects, and the linear correction was found to be most appropri-
ate for this purpose (Ollerstam et al. 2007a). Additionally, the authors highlighted 
the need to exclude from the analysis the QT measurements which follow rapid 
increases in HR. This recommendation is associated with the fact that there is of-
ten a time delay between sudden HR changes and changes in QT interval. It was 
shown that it may take up to few minutes for the QT interval to adapt (Lau et al. 
1988; Batchvarov et al. 2002; Malik 2004; Pueyo et al. 2004). Although the QT/RR 
hysteresis is a known phenomenon, it is often ignored in the analysis of QT data. 
This can potentially lead to an under- or overestimation of the QT response after 
drug administration, therefore it is important to take the abrupt HR changes into 
consideration. This is especially important in preclinical studies where conscious 
animals are used. During these studies, animals are free to move while the CV mea-
surements are taken which can often lead to sudden changes in HR.

Application to In Vivo: Clinical Predictions

An accurate PK/PD description of drug-induced QT effect in preclinical species is 
a first step in translational research. It is a basis for extrapolation of preclinical PK/
PD models into humans and predicting clinical effects at the intended drug expo-
sures. The next step is to understand and quantify the translational link between two 
species. The rationale behind this type of translational analysis is to describe and 
quantify PK/PD relationship in preclinical animal and in human and then compare 
drug-specific PK/PD parameters between two species. For example, if both animal 
and human concentration–QT response relationships are described using a linear 
PD model (see Eq. 7.1), the resulting slope parameters can be directly compared 
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between two species. Similarly, if the Emax model is used (see Eq. 7.3), it is then pos-
sible to compare the respective EC50 values. Consequently, if the drug-specific pa-
rameters are consistent across two species, this knowledge can be then used to make 
clinical predictions for future compounds using preclinical PK/PD parameters.

An example of such translational analysis between conscious dog and human 
was recently presented by Parkinson et al. using four drugs—two proprietary com-
pounds along with moxifloxacin and dofetilide (Parkinson et al. 2013). The authors 
used PK/PD modeling to (1) establish a relationship between QT response in dog 
and man at matching free concentrations of the drug and to (2) investigate whether 
such a relationship is consistent across all compounds or if it depends on the under-
lying mechanism(s) of action. The results showed that although there was high vari-
ability in the data, the translational relationship was similar for both pure hERG and 
multi-ion channel blockers at low delta-QTc intervals. The developed translational 
relationship between dog and human can be found in Fig. 7.5 and according to this 
analysis, a QTc change of 2.5–8 ms in dog corresponds to a 10-ms change in man 
(Parkinson et al. 2013). Although this analysis was limited to four compounds and 
more examples are needed in order to fully understand the translational relationship 
between two species, it is nevertheless an important step forward in development of 
quantitative predictive method for the assessment of clinical QT liabilities.

Fig. 7.5  Translational relationship between absolute QT change in dog ( x-axis) and human 
( y-axis). Data from four compounds are plotted, and each compound is represented by a different 
symbol. Lines correspond to 95 % confidence interval. The insert represents a zoomed in initial 
section of the plot. (Reprinted from Parkinson et al. 2013, with permission from Elsevier)
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The translation between dogs and humans was also assessed recently by Dubois 
et al. using moxifloxacin (Dubois et al. 2011) and by Chain et al. using moxifloxa-
cin, sotalol, and cisapride (Chain 2012). In this work, a Bayesian PK/PD approach 
was used to predict clinical QT effects. Preclinical and clinical outcomes were ex-
pressed as a probability of QT prolongation greater than or equal to 10 ms at a 
given exposure level. Using this method, the authors showed that it was possible to 
distinguish between drug- and system-specific properties, which can allow direct 
comparison of drug-specific properties across two species. The results showed that 
dogs were less sensitive to the QT prolongation than humans, as judged by the 
slopes of their concentration–effect relationship and the concentration range of QT 
prolongation probability (Dubois et al. 2011).

Similar translational analyses were performed for other preclinical species. For 
example, Watson et al. applied PK/PD modeling to describe QT response induced 
by moxifloxacin in monkeys. The authors used a direct linear relationship between 
plasma concentration and QT response, described earlier in this chapter in Eq. (7.1), 
and then compared the slope of developed relationship to the slope values reported 
for humans in literature. The comparison revealed that although the slope of the 
concentration–QT response relationship in monkeys was lower than in humans, 
the parameters from both species were within threefold of mean estimate. There-
fore, it was concluded that there is a good agreement between two species. In ad-
dition, this work confirmed the conclusion drawn earlier by Jonker et al. (2005) 
that 10 ms increase in QTc can be induced by systemic exposures which give rise 
to less than 10 % blockage of the hERG channel in vitro (van der Graaf et al. 2011;  
Watson et al. 2011).

When performing such translational analyses, it is important to remember that the 
translational relationship between preclinical animal and human may be different 
depending on the preclinical species used. For example, monkeys were found to 
be more sensitive than dogs to QT prolongation caused by moxifloxacin (Dubois 
et al. 2011). On the other hand, their sensitivity to QT prolongation was very similar 
to that of marmosets (Komatsu et al. 2010; Watson et al. 2011). Furthermore, the 
translational relationship between a given preclinical animal and human may also 
be influenced by a measurement method or other factors such as anesthesia. For 
example, Ollerstam et al. demonstrated that QT response in dogs may be signifi-
cantly different depending on the type of dog model used. Specifically, the authors 
compared concentration–QT responses from three types of dog models, namely 
conscious, paced, and anesthetized, using four known QT prolongers (dofetilide, 
moxifloxacin, cisapride, and terfenadine). The analysis demonstrated that anesthe-
tized dogs had much lower sensitivity to QT prolongation than either conscious or 
paced dogs. The authors suggested that these differences can be attributed to the 
influence of anesthesia on the metabolic processes in animals and/or a direct effect 
of anesthetics on the QT interval (Ollerstam et al. 2007b).

The overview presented in this section shows that there is a growing body of 
evidence that thorough preclinical QT (TpQT) evaluation could provide an effec-
tive and efficient quantitative decision framework for derisking of QT liability in 
man (van der Graaf et al. 2011). A combination of in vitro assays and in vivo studies 
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together with sophisticated mathematical approaches such as in silico models and 
PK/PD offer a comprehensive package to assess cardiac liabilities. These meth-
ods can help not only in detection and early discontinuation of potentially harmful 
substances before they are tested in humans but alsocan provide information about 
more subtle CV effects, which could potentially cause issues later in clinical devel-
opment.

7.3.3  Clinical QT Modeling

7.3.3.1  QT Modeling in Clinical Studies

Given the potentially fatal consequences of QTc prolongation, a concentration-de-
pendent adverse drug reaction, regulatory authorities have reacted to this relatively 
recent “pharmacoepidemic” by denying or delaying the approval of a number of 
new drugs and placing severe restrictions on the use of many old and some new 
drugs because of concerns arising from their potential to prolong the QT/QTc in-
terval. For the implications for public health, scientific efforts have faced a parallel 
movement driven by health authorities, which have imposed the introduction of 
supposedly effective measures for the approval of novel compounds (Chain 2012). 
In 2005, the guidance introduced and mandated the performance of thorough QT 
(TQT) studies as the basis to systematically evaluate and demonstrate a compound’s 
liability to cause QTc prolongation (ICH E14 guideline). In addition to outlining 
the assessment procedures for evaluating prolonged ventricular repolarization, the 
ICH E14 document requires the use of a positive control and supratherapeutic doses 
of the investigational drug to ensure accuracy and sensitivity of the experimental 
protocol (Anon 2005b). Suggestions are also given regarding the timing of the stud-
ies as well as the methodologies and interpretations used in the evaluation of QT 
measurements.

The primary analysis of a TQT study is not a pharmacometric analysis, but an 
analysis based on the “double-delta” method, where the time-matched mean QTc 
interval difference between active and placebo treatments, both adjusted for base-
line, is taken. The result of the assessment must exclude 10 ms to be deemed safe, 
i.e., a negative study (Anon 2005b). Requiring that the largest time-matched mean 
difference between the drug and placebo QTc interval to be around 5 ms or less 
implies that the one-sided 95 % confidence interval (95 %-CI) should exclude an ef-
fect of > 10 ms for every single measurement. This analysis has some issues, which 
is reviewed in more detail by Boos et al. (2007), Tsong et al. (2008), and Chain 
(2012). For example, the drug exposure and hence the underlying concentration–ef-
fect relationship, which determines the clinical relevance of drug-induced effects 
are not taken into an account (Rohatagi et al. 2009; Chain et al. 2011). Many au-
thors have previously highlighted the importance of establishing the relationship 
between drug concentrations and changes in QTc interval and provided examples 
that illustrate how this type of assessment has been useful during regulatory review 
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(Gobburu 2007; Garnett et al. 2008; Zaręba 2007; Bloomfield and Krishna 2008). 
Such assessment can therefore be a powerful alternative method to the double delta 
or any time point-based analysis. In particular, nonlinear mixed effects modeling of 
the concentration–QT relationship, mentioned in the previous section, allows the 
integration of data across all time points as well as all available treatment groups. 
Moreover, it relies on individual responses, instead of averaging the QT response at 
each time point, which enables better understanding of the uncertainty in response 
as well as the impact of outliers (Bloomfield and Krishna 2008).

Along with modeling and simulation techniques, one additional proposal is to 
consider the integration of ECG measurements in other mandatory clinical trials 
to generate additional evidence in support of establishing the CV safety profile of 
the compound. Given the statistical and scientific issues, the ethical burden and fi-
nancial consequences of a TQT study, which is currently mandatory, the feasibility 
of using first time in human (FTIH) studies as the basis for evidence synthesis to 
investigate the propensity for proarrhythmic effects is a valuable alternative. FTIH 
studies (see Table 7.2) are a mandatory step in the drug development process. As 
it was reviewed by Chain (2012), in principle, the doses or dose range evaluated 
during escalation could enable the evaluation of the concentration–effect curve, 
providing evidence for drug effects not only at therapeutic level but also at suprath-
erapeutic levels. From a safety and tolerability perspective, PD measures are moni-
tored frequently or continuously throughout the dosing interval in parallel to PK 
sampling. In addition, the possibility of including a benchmark or positive control 
arm in a typical FTIH trial is not entirely excluded. The many historical studies with 
moxifloxacin (Florian et al. 2011) can be used in an integrated manner as bench-
mark or as priors during data analysis. Finally, in the instance where a TQT study is 
not feasible due to ethical considerations (see for example, Rock et al. (2009), regu-
latory authorities often rely heavily on FTIH studies as well as preclinical studies 
where QT prolongation was assessed. Thus, the limited information available can 
be enhanced by the incorporation of modeling and simulations results.

7.3.3.2  PK/PD Simulations in Clinical Studies

In Sect. 2.2, we have provided examples of the use of pharmacometric tools in pre-
clinical development, where they can be applied to describe, explain, and predict 
clinical QT liabilities, improve decisions on compound selection during drug de-
velopment, and to help design of clinical trials. Model based methods, which have 
increased in popularity in recent years, have also led to generation of new tools that 
can be used in clinical drug development. Here, modeling can be used to analyze 
study results, as it was mentioned in the previous section, but more importantly, it 
can also be applied to perform extrapolations to new situations. This can be benefi-
cial for regulatory reviews and approvals after late phase clinical studies.

These extrapolations are possible through the computer simulations of clinical 
trials (CTS). In this approach, the existing knowledge of PK and PD properties 
of the drug is gathered and then used to simulate various hypothetical scenarios 
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of clinical trials (for a review, see Aarons et al. 2001; Girard 2005; Holford et al. 
2010). This approach provides an opportunity to explore various study designs 
prior to actual experiments—for example, to investigate scenarios such as vari-
ous population size with different sets of demographic features (e.g., only females, 
only patients at a certain age, or with a certain average HR value), various dose 
range and regimen, sampling scheme, etc. Additionally, it is possible to evaluate 
the consequences of protocol deviations, e.g., by simulating dropout and treatment 
compliance. In the case of QT prolongation, CTS can be valuable for a design of the 
most appropriate dosing regimen that may reduce drug-induced QT prolongation or 
to select the maximal dose at which the QT prolongation is absent. However, it is 
important to remember that CTS must be based on an accurate PK/PD model, sup-
ported by existing data. If the underlying model is not informative, e.g., in a case 
when appropriate data were not collected (for example, if there are no data available 
from females or elderly patients), extrapolating to many hypothetical scenarios will 
not be possible. The requirement for high-quality data that support CTS is empha-
sized by a common expression “garbage in, garbage out” and should always be 
remembered when performing extrapolations.

An example of application of PK/PD simulation in management of QT prolonga-
tion was presented by Isbister et al. The authors performed computer simulations 
using a previously developed PK/PD model, in order to establish guidelines for the 
management of citalopram overdose, a drug that is known to cause QT prolongation 
at high exposures (Isbister et al. 2006). As a result, they were able to (1) establish 
a minimum dose after which decontamination with single-dose activated charcoal 
was recommended, (2) establish a minimum dose, after which additional cardiac 
monitoring was needed, as well as (3) determine minimum monitoring time for 
patients who overdosed the drug. In addition, simulations provided information to 
develop guidelines for dose adjusting in elderly patients, women, and patients with 
underlying cardiac diseases. This study illustrated how mathematical simulations 
can be utilized to help clinicians to decide which patients require treatment after 
drug overdose, e.g., in the form of decontamination and/or additional cardiac moni-
toring. Similar approach was also used to establish guidelines for reducing risk of 
QT prolongation and TdP in methadone users (Florian et al. 2012). Simulations 
were proven successful in finding maximal dose below which QT interval was not 
prolonged above a certain threshold. It was also possible to identify factors that may 
contribute to the methadone-induced QT prolongation, such as gender or use of 
concomitant medications or substances that can additionally affect hERG channel, 
such as cocaine (Florian et al. 2012).

Clinical trial simulations can also be valuable in choosing the most optimal 
method of QT data analysis. This approach has been presented by Bonate et al., 
where the authors explored the power of various metrics that can be used to analyze 
QT data, such as maximal QT change from baseline, maximal QT interval or inclu-
sion of QT baseline as a covariate. Simulations using different metrics revealed that 
area under the QT interval time curve with baseline QT interval as a covariate was 
the most powerful test to detect drug-induced QT changes (Bonate 2000).
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7.3.3.3  Prediction of CV Risk in Patient Population

Despite numerous efforts aimed at improving signal detection of CV events for 
new medicines (Haverkamp et al. 2000; Netzer et al. 2001; Shah and Hondeghem 
2005), none of them have focused on what actually happens after the drug has been 
approved and released into the general population. Although many postmarket-
ing surveillance trials and spontaneous adverse events reporting have been used 
to monitor the incidence of supraventricular arrhythmias, TdP, and other safety 
events (Dekker et al. 1994; de Bruyne et al. 1999; Montanez et al. 2004), there is 
still an important advantage in knowing what can be expected so that mitigation 
plans can be made in advance. Furthermore, inclusion and exclusion criteria are 
imposed on clinical trial protocols to mitigate risk and prevent the most vulnerable 
patients from exposure to an experimental agent for which the risk to benefit ratio 
is unknown at the time of the investigation. Subsequently, however, drug prescrip-
tion is not restricted or contraindicated for those patients who were excluded dur-
ing the clinical development phase. Implicitly, the current practice imposes the 
assumption that such inclusion/exclusion criteria do not alter treatment outcome. 
Inferential methods offer an opportunity to address this issue in a more quantitative 
and systematic manner.

Many other causal factors are often present, which significantly affect the ob-
served QTc values in the real-life patient population. In fact, previous publications 
showed that heart failure, hypertension, diabetes and myocardial infarction all 
increase the risk of QTc prolongation (Makkar et al. 1993; Choy et al. 1999; Now-
inski et al. 2002; Torp-Pedersen et al. 1999). In addition to comorbidities, concomi-
tant medications can also be a major contributor in prolonging the QTc intervals. 
The crucial question from the regulatory perspective is “How efficient and reliable 
are the pre-approval clinical trials in identifying the clinical risk of TdP, given the 
patient population enrolled, background noise arising from spontaneous intraindi-
vidual variability in QTc interval and the relatively low frequency of the clinically 
significant drug-induced effect?” (Bonate and Russell 1999).

Primarily, safety trial designs are highly efficacy oriented. The number of sub-
jects exposed to the NCE is powered to show benefit rather than to pick up signals 
from rare but potentially fatal adverse events and no formal procedures exist to 
mitigate the impact of such differences or support the management of CV risk in 
the target population. Many subgroups of patients, especially those most at risk of 
TdP during the uncontrolled clinical use, exposed to the drug in question are usually 
excluded from these trials. These include: (1) females, (2) the elderly, (3) those with 
predisposing cardiac or noncardiac diseases associated with diminished repolariza-
tion reserve and therefore greater susceptibility to prolongation of the QT interval, 
(4) those with pharmacogenetic defects of drug metabolizing enzymes or pharma-
cological targets such as the potassium channels, (5) those susceptible to bradycar-
dia or electrolyte imbalance, or (6) those receiving drugs with a potential for PK or 
PD interactions (Shah 2004, 2005). Therefore, the scope for detecting drug–drug or 
drug–disease interactions in clinical trials is very limited.
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Given the patient population enrolled, the background noise (arising from spon-
taneous intraindividual variability in QTc interval) and the relatively low frequency 
of clinically significant drug-induced effects, clinical trials may or may not accu-
rately detect the frequency and intensity of QTc interval prolongation. In fact, it is 
known that the proarrhythmic threshold can vary across compounds with frequency 
of such events ranging from approximately 1 in 100 (for halofantrine) to 1 in 50,000 
(for terfenadine; Shah 2004). The evolving concepts in risk management will inevi-
tably lead sponsors, regulatory agencies, and other stakeholders to consider how 
to best evaluate causality and identify the contribution of other factors determin-
ing increases in QTc interval and consequently in CV risk in the target population. 
Thus, there is a need to widen the views on risk management beyond the evolving 
perspective from clinical pharmacology experts and regulators, i.e., that the liability 
for QTc interval prolongation cannot be assessed accurately without an assessment 
of the concentration–effect relationships (Garnett et al. 2008). The concept of “not-
in-trial simulation,” in theory, enables quantitative evaluation of the implication of 
all factors contributing to QTc interval prolongation in the real-life population, in 
addition to the observed drug effects investigated during clinical trials.

Model-based drug development (MBDD) principles offer advantages in the de-
velopment and the application of pharmacostatistical models of drug efficacy and 
safety from preclinical and clinical data, to improve drug development knowledge 
management and decision making (Kola and Landis 2004; Food and Drug Ad-
ministration 2004). It is also possible to utilize the techniques to make inferences 
about drug exposure in patients and evaluate in an integrated manner, how different 
covariates and sources of variability affect the observed QTc values in real-life pa-
tients. In contrast to typical clinical trial simulations (Chan and Holford 2001; Gob-
buru and Marroum 2001), “not-in-trial” simulations allow the integration of PK/PD 
relationships. It can be applied to characterize the role of design factors, which have 
been omitted or excluded from a randomized trial. Thus, this novel approach will 
represent a natural extension of ongoing efforts within the pharmaceutical industry 
to improve safety signal detection where pharmacological basis is established for 
the assessment of causality, discriminating drug-induced from other (drug-unrelat-
ed) effects (Pater 2005; Lalonde et al. 2007; Pollard et al. 2008; DiMasi et al. 2010; 
Laverty et al. 2011). Specifically, safety data can be derived from epidemiological 
or pharmacoepidemiological studies, which are planned and performed after drug 
approval. It is feasible to consider integrating clinical trial and epidemiological data 
for the purpose of signal detection and improve risk management. As Black ex-
plained, “the false conflict between those who advocate randomized trials in all 
situations and those who believe observational data provide sufficient evidence 
needs to be replaced with mutual recognition of the complementary roles of the two 
approaches” (Black 1996). Others have also advocated the synergistic potential for 
using both kinds of data to aid decision making (Atkins 2007; Landewe and van der 
Heijde 2007; Hannan 2008; Yang et al. 2010).

In summary, simulation techniques can play an important role in the integration 
of clinical trial and epidemiological data for the prediction and interpretation of 
safety findings. The assessment of estimating the overall increase in QTc intervals 
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must take into account different sources and contributors. Information of nondrug 
induced causal factors can be quantified using epidemiological techniques and in-
corporated with the drug-induced evaluation for the assessment of the overall effect.

7.4  Pharmacometrics in the Assessment of HR

7.4.1  Preclinical Models for Predicting Human HR 
Liability

Previous sections of this chapter provided multiple examples of the use of modeling 
and simulation in the assessment of QT prolongation in both preclinical and clini-
cal drug development. Such extensive work resulted in great improvements in the 
understanding of the underlying mechanisms of QT prolongation and development 
of new methods in its assessment as well as in predicting the clinical outcome. Un-
fortunately, a lot less work has been done on other CV parameters, such as BP or HR 
(Howgate 2013). As a consequence, we have a limited knowledge on the mecha-
nisms that underlie changes in these parameters and hence limited tools to assess 
their liability in humans. For example, it was recently highlighted that dog is a poor 
preclinical model for predicting changes in HR and BP in human, even though it is 
very valuable in predicting QT prolongation (Ewart et al. 2013).

In fact, only very recently researchers started to apply PK/PD modeling tech-
niques to understand the concordance between preclinical species and man for HR. 
An example of such work was presented by Langdon et al., where authors used 
PK/PD modeling to describe drug-induced HR changes in dogs and humans and 
performed an analysis of the predictive value of the preclinical model (Langdon 
et al. 2010). The approach used was similar to the semi-mechanistic method de-
scribed in Sect. 3.3.2—i.e., a direct linear model (Eq. 7.1) was applied along with 
the implementation of circadian rhythm to account for daily variation in HR. The 
resulting concentration–HR response profiles were then compared between two 
species. The analysis revealed that both dogs and humans were equally sensitive 
to HR changes; additionally, the authors were able to successfully predict human 
HR response using slope (i.e., drug-specific parameter) of the concentration–effect 
relationship from the dog (Langdon et al. 2010). Although this work was limited to 
only one compound, with unknown mechanism that underlie CV changes, it is an 
important step toward integrating the use of PK/PD modeling in the assessment of 
HR changes in preclinical species and building a translational model to predict the 
clinical outcome.

Other examples of the application of PK/PD modeling in the assessment of HR 
include the development of preclinical turnover model of biorhythms in rats pub-
lished by Sällström et al. (2005). The complex model described baseline values for 
HR, BP, and temperature and their characteristic changes during the 24-h period, 
taking into account the asymmetric patterns and differences between day and night. 
The final model also included hypothermic response, tolerance development, and 
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the effects due to animal handling. Such model is of great value as it can help to 
separate the actual drug effect from biorhythms. This is especially important in 
preclinical studies, where animal handling (for example, during drug administration 
or while changing water bottles) can introduce disturbances in CV measurements. 
An understanding of asymmetric patterns and differences between day and night in 
biorhythms is also valuable for optimal study design, for example, when planning 
a dosing regimen or laboratory settings, such as 12:12 light–dark cycle (Sällström 
et al. 2005).

7.4.2  Application in Clinical Studies

In recent years, some effort has been made in the development of a global model 
that could describe basic control mechanisms and systems in the CV system, such as 
baroreceptor loop or systemic and pulmonary circulation. Such model could be used 
to simulate CV parameters—HR and BP. Complex mathematical models have been 
developed which includes, for example, work by Kappel and Peer (1993), Franche-
teau et al. (1993), Hentschel (2008), Choi and Sun (2005), and van de Vooren et al. 
April (2007). However, a common problem with complex models such as global 
models of circulatory system described above is structural identifiability of param-
eters. If the parameters are unidentifiable globally or locally, the model cannot be 
used to estimate unique parameters in the case when experimental data are available 
(see for example, Bellman and Åström 1970; Cobelli and DiStefano 1980). In or-
der to apply such complex physiological models in the analysis of real data, mod-
els need to be simplified, for example, by using reparameterization techniques. An 
example was provided by Cheung et al., who reparameterized circulatory system 
model (Cheung et al. 2012). In this approach, the authors proved that it is pos-
sible to reduce number of parameters in the model and uniquely estimate them, 
without compromising mechanistic interpretation of the model. The parameters in 
their final, reparameterized model included: (1) PK parameters of the drug, such as 
clearance and volume of distribution, (2) PD parameters, such as Emax and EC50, 
(3) physiological parameters, such as steady-state values of HR, mean arterial pres-
sure, and total peripheral resistance, (4) parameters representing controls acting on 
HR, mean arterial pressure, and total peripheral resistance, and (5) time constant 
parameters. A schematic representation of this model can be found in Fig. 7.6. This 
example shows that it is possible to use even complex mechanistic models and 
implement them in practice.

Also, much simpler, semi-mechanistic models can be used in the clinical assess-
ment of HR. A practical example was shown by Chaubaud et al., who used clinical 
trial simulation approach to assess the best design for phase III trial in patients with 
angina pectoris (Chabaud et al. 2002). The authors used experimental data to de-
velop a complex PK/PD model, which included the presence of active metabolites, 
partial competitive agonists, and hysteresis. The final model was then used to simu-
late a large number of hypothetical trials. HR changes were used as simulated end 



2157 Pharmacometrics in Cardiovascular Safety

point, and were then used to derive a binary clinical outcome—chest pain/attack of 
angina. The rationale behind this approach was an assumption that reduction in HR 
in patients with coronary artery disease will result in a decrease of angina pectoris 
risk. In addition, the model also included simulation of bradycardia as an unwanted 
adverse effect in the case when HR was below a certain threshold. The results from 
the simulations provided information about a minimum dose, below which no effi-
cacy would be observed, as well as a maximum dose, above which large number of 
adverse effects would be present. In addition, it was also possible to recommend the 
most optimal dosing regimen, i.e., a single dose taken in the morning was found to 
be more effective when compared to twice-daily treatment. The authors suggested 
that this could be explained by variations of HR between day and night.

7.5  Pharmacometrics in the Assessment of BP

7.5.1  Preclinical Models for Predicting Human BP 
Liability

Modeling and simulation of BP is often closely connected with HR. As it was 
mentioned in the previous section, complex physiological models of circulatory 
system include BP as one of the simulated parameters. There are, however, ex-
amples where BP is the primary focus of the analysis; this is the case when changes 

Fig. 7.6  A schematic representation of a circulatory system model. Aa, A1, A2, HR, SV, CO, TPR 
correspond to the depot, central, peripheral, HR, stroke volume, cardiac output, and total periph-
eral resistance, respectively. MAP, HR, SV, and CO represent mean aerial pressure, HR, stroke 
volume, and cardiac output, respectively. (Reprinted from Cheung et al. (2012), with permission 
from Elsevier)
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in BP can be linked to the underlying pharmacological mechanism. For example, 
it is known that the inhibition of calcium channels can produce a reduction of 
BP, therefore calcium agonists are used in the treatment of hypertension (Goa and 
Sorkin 1987; Liau 2005; Yasunari et al. 2005). In order to link this known mecha-
nism of action to the clinical response, Shimada and coworkers performed PK/
PD analysis of eight calcium channel blockers (CCB; Shimada et al. 1996). The 
authors successfully applied an effect compartment model to explain long lasting 
and slow response of several agents; they were also able to relate in vitro findings 
from calcium channel binding studies to the clinical effect observed in hyperten-
sive patients. They found a significant correlation between in vitro dissociation 
constant and estimated in vivo EC50 values, which can be beneficial for future 
predictions (Shimada et al. 1996). Another translational study was presented by 
Snelder et al. (2011)—in this work, a mechanism-based PK/PD approach was used 
to establish a translational link between preclinical data and clinical response. It 
was demonstrated that changes in BP, which are regulated by the CV system can be 
effectively described by a mathematical model. The model included feedback be-
tween BP, cardiac output, and total peripheral resistance and was evaluated using 
marketed drugs with different mechanisms of action. The authors showed that their 
approach can be successfully used in predicting clinical response and simulation of 
new conditions (Snelder et al. 2011).

7.5.2  Application in Clinical Studies

In clinical studies, PK/PD modeling methods can be used to assess changes in BP, 
for example, in order to select the most optimal dosing regimen. Kleinbloesem et al. 
applied modeling techniques to demonstrate the effects of slow and rapid IV infu-
sions of nifedipine (Kleinbloesem et al. 1987). It was shown that the rate of increase 
of the drug is related to the observed changes in BP; this phenomenon was also 
reported by others (for example, Nakaya et al. 1983; van Harten et al. 1988).

The importance of mathematical models for the assessment of BP during clinical 
development and regulatory submissions was also recently highlighted in a com-
munication published by FDA which presented the impact of pharmacometrics on 
regulatory decisions (Lee et al. 2011). One example presented in this work included 
a calcium channel antagonist, which was developed for the management of BP. It 
was shown that the original clinical trial submitted to the FDA employed an aggres-
sive dosing regimen which resulted in unwanted BP overshoot and its oscillations. 
After a regulatory enquiry into these undesired effects, a clinical trial simulation 
was performed, where a PK/PD model developed using experimental data from the 
actual clinical trial was used to explore alternative, less aggressive dosing regimens. 
As a result, it was possible to simulate an alternative dosing regimen, where the tar-
get BP reduction was achieved without the presence of unwanted side effects (Lee 
et al. 2011). Thanks to the computer simulation, it was therefore possible to address 
regulatory concerns without having to perform costly clinical trials.
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Another example was provided by Bhattaram et al. in a similar publication from 
FDA (Bhattaram et al. 2005). In this case, the evaluated drug was reported to cause 
hypotension as a side effect. Initially the submission was not approved, partly due 
to the unwanted side effects on BP. Similar to the previous example, clinical trial 
simulations were performed in order to address the regulatory concerns. An alterna-
tive dosing regimen was explored and proved to minimize the risk of hypotension. 
In this case, the clinical trial simulation was followed by the actual study; however, 
the results from simulation were directly used to design the clinical study. The re-
sults from the study were in close agreement with the simulation and consequently, 
the drug was approved (Bhattaram et al. 2005).

7.6  Conclusions

This chapter provided multiple examples of the use of pharmacometric methods in 
the assessment of QT prolongation as well as other CV parameters, namely HR and 
BP. It is clear that modeling and simulation can be valuable in the assessment of CV 
safety during preclinical and clinical drug development as they can aid decision mak-
ing (e.g., selection of compounds, go/no-go decisions), the design of clinical trials 
and ensure the safety of human volunteers. Additionally, they can also be benefi-
cial in regulatory submissions—for example, the application of clinical trial simula-
tions can result in approval of doses or dosing regimens that have not been directly 
assessed during the actual clinical trials. PK/PD modeling can also be valuable in 
providing confirmatory evidence of effectiveness or safety of tested drugs. In fact, 
FDA has reported recent increase in submissions where pharmacometric tools have 
been used and has highlighted their significance by noting that such methods were of-
ten crucial in the regulatory decision making (Bhattaram et al. 2005; Lee et al. 2011).

7.7  Summary

• CV safety is a major cause of drug attrition, with drug-induced prolongation of 
cardiac repolarization and proarrhythmic liabilities being the main reasons for 
labeling restrictions and drug withdrawals.

• The assessment of cardiac liabilities is crucial in the drug development process. 
It is important to detect potential liabilities early, ideally before drug is tested in 
humans for the first time to protect safety of human volunteers and to stop unsuc-
cessful compounds early.

• Pharmacometric (model-based) tools can be beneficial in preclinical assessment, 
for example, through the use of (1) in silico APD models, (2) descriptive and 
semi-mechanistic PK/PD models of CV parameters (e.g., QT interval, HR, BP), 
or (3) mechanism-based models of QT prolongation (e.g., operational model of 
agonism).
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• Preclinical models can be used to aid clinical trial design as well as extrapolating 
across different systems (e.g., from in vitro or in vivo to clinical) and hence pre-
dicting clinical outcomes. For example, it has been established that 10 ms change 
in QTc in human is associated with drug exposures that give rise to:

− ~ 5 % blockage of hERG in vitro assay
− ~ 5 ms QTc change in monkeys
− ~ 2.5–8 ms QTc change in dogs

• Pharmacometric tools can be used in clinical drug development, where they al-
low making predictions under new circumstances, for example, during new dos-
ing regimen or in the alternative patient population (clinical trial simulations), as 
well as aid the design of clinical studies, or even predicting QT effects in real-life 
population (not-in-trial simulation).
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