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Abstract
The white-paper regression model is the standard method for assessing QT liability of drugs. The quantity of interest, placebo-
corrected QTc change from baseline (ΔΔQTc) with corresponding confidence interval (CI), is derived from the difference in 
model-estimated ΔQTc for active compound and placebo in a linear model. Model assumptions include linearity and no time 
delay between change in concentration and change in ΔQTc. Alternative models are commonly not considered unless there 
is a clear indication of inappropriateness of the assumptions. This work introduces several extensions for concentration-QT 
modeling in a pharmacometric context. The model is formulated as linear drug-effect model with treatment, nominal time, 
and centered baseline as covariates on the intercept. This approach enables straightforward use of other concentration-ΔQTc 
relationships, including loglinear, Emax, and indirect-effects models. In addition, the setup allows for the use of pharmaco-
metric model assessments for ΔQTc and ΔΔQTc, including visual predictive checks and quantitative model comparison 
based on the Bayesian information criterion. The proposed approach is applied to several compounds from a previously 
published QTc study. The results suggest that a nonlinear mixed-effects model for ΔΔQTc and comparing a set of candidate 
models quantitatively can be a more powerful approach than fitting only the white-paper regression model. A semi-automated 
approach that compares nonlinear and hysteresis models to the linear model enables a reliable choice of the best model and 
determination of the degree of prolongation at the concentration of interest. Standard pharmacometric tools can assess the 
appropriateness of the models and the potential extent of hysteresis.
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Introduction

The white-paper regression model [1] is the de facto stand-
ard modeling method for assessment of the QT liability of 
a drug. One of the aims of the suggested model is to enable 
QT effect characterization from entry-into-man studies and 
not necessarily from more complex thorough QT (TQT) 
studies. While TQT studies typically follow a cross-over 
design with placebo administration, single- and multiple-
ascending dose studies common in entry-into-man studies 
are usually not cross-over studies and frequently do not have 
placebo administration, e.g., in oncology.

Modeling change from baseline in QTc (ΔQTc) can be 
applied to data with and without placebo data, and if placebo 

data are available, the white-paper model allows for the deri-
vation of the placebo-corrected change from baseline in QTc 
(ΔΔQTc). A mixed-effects linear regression model is sug-
gested to relate ΔQTc to drug concentration. The quantity 
of interest, ΔΔQTc, is derived from the difference of the 
ΔQTc regression model fits for active drug and placebo with 
corresponding confidence interval (CI). Key assumptions, 
suggested to be verified, include linearity of the concentra-
tion-effect relationship and a direct effect (change in concen-
tration immediately results in change in effect, i.e.., ΔQTc, 
without any delay). Unless visual diagnostics suggest that 
these assumptions might not hold, the linear direct-effect 
model is employed for all further inferences. Nonlinear con-
centration-QT relationships [2–5] and delayed effects (hys-
teresis) [5–7] occur in practice, suggesting that a systematic 
evaluation of alternative models can improve the model fit. 
Population pharmacokinetic/pharmacodynamic (PK/PD) 
models provide an alternative to the statistical regression 
model [2, 8].
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This work derives a pharmacometric modeling approach 
to investigate all candidate models in an integrated fash-
ion. The model is reformulated as a pharmacometric model. 
On one hand, the structural model (i.e.. drug-effect model) 
describes ΔQTc by an intercept and a slope on concentra-
tion. On the other hand, the statistical model defines the 
inter-individual variability including random effects and 
covariate effects (nominal time, treatment, and centered 
baseline on the intercept). This model reformulation allows 
for straightforward implementation of a wide class of mod-
els in a pharmacometric context, including linear, loglinear, 
maximum pharmacologic effect (Emax), and indirect-effect 
models. The models differ only in the structural model. This 
approach facilitates quantitative model comparison between, 
eg, a linear and an Emax model or a direct-effect and an indi-
rect-effect model, using pharmacometric tools such as the 
visual predictive check (VPC) [9] and the Bayesian informa-
tion criterion (BIC) [10]. Based on this model formulation, 
different models are fitted for ΔQTc and for ΔΔQTc directly 
and compared with respect to parameter estimates and upper 
limits of the 2-sided 90% CIs (equivalent to one-sided 95% 
CIs).

A general workflow is suggested, consisting of: (1) fit-
ting of a set of candidate models, (2) determination of the 
best-fitting model based on the corrected Bayesian infor-
mation criterion (BICc), (3) hysteresis assessment, and (4) 
goodness-of-fit assessment based on VPCs for ΔQTc versus 
time as well as ΔQTc versus drug concentration. The meth-
ods are developed and illustrated with applications to four 
datasets with different characteristics. An R package to apply 
these steps in an automated fashion and generate a report is 
provided as supplementary material.

Methods

The following section defines the model as a structural model 
and a statistical model with covariates to subsequently intro-
duce other structural models with direct and indirect effect.

Pharmacometric modeling

Standard model for ΔQTc

The white-paper model is defined as:

ΔQTci,j,k =
(

Θ0 + �0,i

)

+ Θ1 ∗ TRTj +
(

Θ2 + �2,i

)

∗ Ci,j,k + Θ3,k ∗ TIMEk + Θ4 ∗
(

QTci,j,k=0−mean
(

QTci,j,k=0
))

with i denoting the subject, j the treatment (j = 1 for active 
or j = 0 for placebo), k the nominal time, ϴ0 the popula-
tion mean intercept at concentrations of 0, ϴ1 the treatment 
effect (TRT​j = 0 indicates placebo and TRT​j = 1 active drug), 
ϴ2 the population average slope of the linear association 
between concentration and ΔQTc, Ci,j,k the concentration 
for subject i in treatment j at time k, ϴ3,k the fixed effects 
associated with each nominal time (as categorical variables), 
ϴ4 the fixed effect associated with the centered baseline, 
QTci,j,k=0 – mean(QTci,j,k=0) the baseline centered by the 
mean over all individuals i and treatments j, and η0,i and η2,i 
the inter-individual variabilities (random effects) associated 
with intercept (ϴ0) and slope (ϴ2), respectively [1].

The baseline-corrected QTc (ΔQTc) interval duration 
can be derived in many ways from the QTc observations 
depending on the study design. The baseline may be a single 
measurement of QTc prior to start of treatment. However, 
because of known circadian variation in electrocardiogram 
(ECG) parameters, a common approach is to collect a full 
24-h cycle of QTc measurements prior to treatment start 
and subsequently derive time-matched changes from base-
line within each study participant. If 24-h profiles were not 
collected and a placebo group exists, time matching with 
24-h average placebo QTc may be considered.

Pharmacometric formulation of the standard model 
for ΔQTc

The white-paper model can be rewritten to have two compo-
nents, the structural model (i.e.. the drug effect model) and 
the statistical model (i.e.. inter-interindividual variability 
with random effects and covariate effects). The structural 
linear model defines the ΔQTc prediction from the individ-
ual parameters that comprise the intercept ϴ0,i (ie, the effect 
at drug concentrations of 0) and the slope ϴ2,i (ie, the change 
in ΔQTc with a change of 1 concentration unit).

Intercept ϴ0,i and slope ϴ2,i vary between individuals and 
are assumed to follow a normal distribution within the popu-
lation. In addition, treatment (TRT​j), time (TIMEk), and cen-
tered baseline (BLcent,i,j = (QTci,j,k=0–mean(QTci,j,k=0))) are 
formulated as covariates on the intercept. The covariates are 

(1)Structural model ∶ ΔQTci,j,k = Θ0,i + Θ2,i ∗ Ci,j,k
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contained in the dataset. TRT​j is an indicator variable with 
values 0 for placebo and 1 for active treatment (any dose). 
TIMEk is a categorical covariate (i.e.. factor) for each nomi-
nal time. The BLcent,i,j is derived from the baseline measure-
ments per subject and treatment.

Statistical model:

ϴ0,pop and ϴ2,pop denote the typical values of intercept and 
slope in the population of individuals, η0,i and η2,i denote 
the random effects, ie, the inter-individual variability (IIV). 
ϴ1 denotes the treatment effect, ϴ4 the baseline effect, and 
ϴ3,k the effect of each nominal time (the first nominal time, 
T0, is excluded, representing the reference factor level). The 
function I(.) denotes the indicator function that is 1 if the 
condition (.) is true and 0 otherwise.

Substituting Eqs. (2) and (3) into (1), the full model is 
given as:

Confidence interval derivation

The quantity of interest is the estimated mean ΔΔQTc (calcu-
lated as ΔΔQTc = ΔQTci,j=1,k—ΔQTci,j=0,k = ϴ1 + ϴ2,pop*C) 
at concentrations of interest, such as the maximum concen-
tration (Cmax) at steady state with the anticipated therapeu-
tic dose. Confidence intervals for the linear model can be 
derived in closed form using the standard errors of the esti-
mated ϴ1 and ϴ2,pop parameters [1]. For nonlinear structural 
models, confidence intervals for ΔΔQTc can be derived by 
sampling population parameters (eg, ϴ1 and ϴ2,pop) from 
their uncertainty distribution given by the standard errors 
and the correlation matrix of the estimates (or equivalently 
the variance–covariance matrix). For each set of sampled 
values and concentration of interest, the corresponding 
ΔΔQTc is calculated. The confidence interval limits are 
estimated using the 5th and 95th percentiles of the model-
predicted ΔΔQTc for each concentration, i.e., pointwise.

Modeling ΔΔQTc

Instead of modeling ΔQTc and deriving ΔΔQTc from 
ΔQTc for active and ΔQTc for placebo, ΔΔQTc can be 
modeled directly if placebo data are available. ΔΔQTc is 
defined as ΔΔQTc = ΔQTci,j=1,k—ΔQTci,j=0,k. With the 

(2)Θ0,i = Θ0,pop + �0,i + Θ1 ∗ TRTj + Θ4 ∗ BLcent,i,j + Θ3,T1 ∗ I(TIME = T1) + Θ3,T2 ∗ I(TIME = T2) + …

(3)Θ2,i = Θ2,pop + �2,i

ΔQTci,j,k =
(

Θ0,pop + �0,i

)

+
(

Θ2,pop + �2,i

)

∗ Ci,j,k

+ Θ1 ∗ TRTj + Θ3,T1 ∗ I(TIME = T1)

+ Θ3,T2 ∗ I(TIME = T2)... + … + Θ4 ∗ BLcent,i,j

intercept (ϴ0,pop + η0,i) and nominal time terms, ϴ3,T1*I(T
IME = T1) + ϴ3,T2*I(TIME = T2) + …, being identical for 
active and placebo treatment, these terms cancel out. With 
TRT = 1 for active and TRT = 0 for placebo, the param-
eter ϴ1 denoting the treatment effect for ΔQTc becomes 
the intercept for ΔΔQTc (without random effects). For 

the centered baseline covariate, the difference between 
centered baselines of the treatment and the placebo group 
can be regrouped into a single term with a new covariate: 
BLcent,AdjPl,i = BLcent,i,j=1—BLcent,i,j=0.

The full model is:

The full model can be decomposed into:
Structural model:

Statistical model:

It can be noted that the structural model formulation is the 
same for ΔQTc and ΔΔQTc, while the statistical model and 
the interpretation of the parameters are different.

Alternative structural models for (Δ)ΔQTc

Considering that the structural model is expressed as a sim-
ple function of the concentration, other models are specified 
by defining the transformation of the concentration, f(Ci,j,k):

The formula applies to both ΔQTc and ΔΔQTc. The other 
model components remain unchanged: for ΔQTc, covari-
ates TRT, TIME, and BLcent are added on the intercept. For 
ΔΔQTc, the covariate BLcent,AdjPl is added on the intercept.

A selection of structural models and their definitions is 
given in Table 1. All model parameters can be associated 
with IIV. Higher model complexity, ie, more individual 
parameters, generally leads to better individual fits. Other 
structural models may be explored, too, and the BICc com-
parison may help in the determination of the best model.

τ0 characteristic time of appearance of effect, γ steepness 
parameter (Hill coefficient), Cc drug concentration in the 
central compartment, Ce hypothesized concentration in the 

ΔΔQTci,k = Θ1,pop +
(

Θ2,pop + �2,i

)

∗ Ci,k

+ Θ4 ∗ BLcent,AdjP1,i

ΔΔQTci,k = Θ1,i + Θ2,i, ∗ Ci,k

Θ1,i = Θ1,pop + Θ4 ∗ BLcent,AdjP1,i

Θ2,i = Θ2,pop + �2,i

General structural model ∶ (Δ)ΔQTci,j,k = Θ0,i + f
(

Ci,j,k

)
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effect compartment, EC50 concentration at which half the 
maximum drug effect is achieved, Emax maximum drug effect 
for large concentrations, p1, p2 scale and shape parameters.

Hysteresis modeling

Presence of hysteresis, ie, a delay in change in ΔQTc versus 
change in concentration, is commonly assessed by visual 
inspection of ΔQTc versus concentration. Observations are 
interconnected by directional arrows indicating the time 
sequence [6, 7]. If the effect is direct, i.e.., immediate, ΔQTc 
increases with increasing concentrations and decreases with 
lower concentrations on the same path. This implies that 
a given concentration has a similar effect independent of 
whether the concentration occurs in the absorption or the 
elimination phase.

With hysteresis, effect on QTc increases more slowly 
than the concentration and remains after the drug concentra-
tion decreases. Hysteresis patterns may have very different 
shapes (Fig. 1). The directional pattern shows a counter-
clockwise relationship [11]. Identical concentrations have 
larger effects in the late phase compared to the early phase 
after drug administration.

Models such as the linear model assume a direct and 
immediate effect of the concentration on QTc interval dura-
tion and can, therefore, not be used if hysteresis is present 
because it violates the model assumptions. Of particular 
importance is the possibility that the time of maximum 
concentration may be substantially different from the time 
of maximum effect. Diagnosis of hysteresis can be based on 
population averages or individual ΔQTc versus concentra-
tion plots, as depicted in Fig. 1.

With circadian variation in QTc, ΔQTc based on a single 
baseline measurement may lead to false conclusions about 
hysteresis, ie, ΔQTc varying with the time of day [13]. 
Such limitations can be overcome with time-matched base-
line data, i.e., 24-h QTc measurements at the same nominal 
times prior to treatment start. In such cases, ΔQTc is defined 
as the time-matched change from baseline, the difference 
between QTc after treatment start and QTc at baseline at the 
same time of day. Obviously, hysteresis can only be present 
in subjects on active treatment. Alternatively, presence of 
hysteresis can be assessed by comparing the goodness of fit 
for a direct-effect model to a model with effect compartment.

If hysteresis is present, it might be caused by an active 
metabolite that exerts an effect on QTc such that the time 

Table 1   Structural model 
alternatives

a (Placebo-corrected) change from baseline is modeled as (Δ)ΔQTci,j,k = ϴ0,i + f(Ci,j,k)

Model Structural modela Parameters

No effect f(Cc) = 0
Linear f(Cc) = slope*Cc slope
Loglinear f(Cc) = p1*log(1 + Cc/p2) p1, p2

Emax f(Cc) = Emax*Cc/(Cc + EC50) Emax, EC50

Emax with sigmoidicity f(Cc) = Emax*Ccγ/(Ccγ + EC50
γ) Emax, EC50, γ

Effect compartment (hysteresis) d/dt(Ce) = (1/τ0)*(Cc-Ce)
f(Ce) = slope*Ce

τ0, slope

Fig. 1   Two different shapes 
indicating hysteresis. Left: no 
difference between time of 
maximum concentration and 
time of maximum effect; right: 
substantial difference. Lines: 
concentration-effect in timely 
sequence (arrows indicate direc-
tion); orange bullets: times of 
maximum concentration and/or 
maximum effect; conc: concen-
tration; tmax (conc/effect): time 
of maximum drug concentra-
tion/effect
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delay between parent concentration and effect change actu-
ally describes the metabolism from parent drug to metabolite 
with the effect originating from the metabolite. With metab-
olite concentration data, a metabolite-QT model with direct 
effect can be fitted and compared to a hysteresis model built 
on only parent concentration. Alternatively, a model where 
both compounds exert a direct effect on the QT interval can 
be fitted and the contributions of both compounds to the 
effect be assessed [2, 4]

In absence of such knowledge or data, hysteresis can be 
described by an effect-compartment model for the parent 
compound concentration. The effect compartment serves as 
the delay descriptor and the time delay is driven by the rate 
parameter that builds up the effect (Table 1).

The effect-compartment model is implemented as:

with τ0 denoting the time with which the (virtual) concen-
tration in the effect compartment, Ce, follows drug con-
centration in the central compartment, Cc [14, 15]; τ0 has 
time units whereby larger values of τ0 yield larger delays 
between concentration and effect change. The effect, ΔQTc, 
is described by an intercept, Θ0, and a slope for the relation 

d∕dt(Ce) = (1∕�0) ∗ (Cc − Ce)

ΔQTc = Θ0 + slope ∗ Ce

between effect and concentration in the effect compartment, 
Ce. The statistical model for Θ0 and slope remains the same.

An example illustrates the role of the parameter τ0. In a 
1-compartment linear PK model with ka = 0.7/h, kel = 0.05/h, 
V = 1L, and once-daily doses of 100 mg, the delay between 
change in concentration and change in effect, ΔQTc, 
increases with larger τ0. The time of maximum concentra-
tion after the first dose is 4.1 h. The times of maximum effect 
range from 5.5 h for τ0 = 1 to 23.8 h for τ0 = 25 over the first 
dosing interval to 29.1 h and 41.8 h (5.1 h and 17.8 h after 
dosing) for the second dosing interval (Fig. 2). The visu-
alization of repeated doses shows that times of maximum 
effect after last dosing decrease with repeated doses (for all 
values of τ0).

The shapes of the hysteresis plots differ visibly, depend-
ing on the values of τ0. Furthermore, shapes and locations 
differ between first and subsequent doses (Fig. 3).

Model comparison

Common practice is to fit the linear regression model and 
inspect data and modeling results for violations of the model 
assumptions. Linearity is largely assessed visually, e.g, by 
inspecting a visualization of ΔQTc versus concentration or, 
post-hoc, residuals versus concentration supported by, e.g, 

Fig. 2   Hysteresis visualization: delayed ΔQTc (colors) and concen-
tration (black) versus time for different values of τ0. The pharmacoki-
netic model was a 1-compartment model with ka = 0.7/h, kel = 0.05/h, 

V = 1L, and once-daily doses of 100 mg. Bullets indicate 4 different 
nominal times with identical concentrations, corresponding to the 
bullets in Fig. 3
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a polynomial fit or a locally weighted scatterplot smoother 
[16, 17].

While a linear model frequently describes the concen-
tration-QT data reasonably well, alternatives are generally 
not considered unless there is sufficient evidence that an 
assumption does not hold. On the opposite, pharmacometric 
analyses commonly compare model alternatives by visual 
assessments of predicted versus observed data and VPCs 
[9, 18] as well as by numerical measures of goodness of fit. 
Numerical assessments are based on likelihood compari-
sons. The likelihood expresses numerically the proximity 
of the model predictions to the observed data and generally 
increases with higher model complexity (number of param-
eters). To gauge if higher model complexity is warranted, 
the likelihood is counterbalanced by a penalty term for the 
number of parameters, leading to information criteria such 
as Akaike’s information criterion (AIC) [19], the BIC [20], 
and the BICc [10]. If the increase in likelihood is marginal 
compared to the higher model complexity, the simpler model 
is preferred, ie, the model with lower information criteria.

Decisions for model selection tend to be similar between 
AIC, BIC, and BICc. In the following, BICc is employed 
for model comparison because of its specificity for mixed-
effects models with different penalty terms for fixed and 
random effects.

Dataset characteristics

The QT interval is known to exhibit diurnal variation, i.e., 
repeating patterns over the course of a day [21, 22]. Base-
line-corrected QTc, i.e., ΔQTc, can be derived in several 
ways. Ideally, the analyses are based on time-matched ΔQTc 
with baseline data available as 24-h QTc profiles prior to 
drug administration. Change from baseline in QTc is derived 
by subtracting the time-matched baseline measurement from 
the QTc measurement after drug administration. This, on 
average, eliminates the circadian variation in ΔQTc.

If only a single baseline measurement is available, circa-
dian variation can be modeled, e.g, as a cosine curve with 
parameters time shift and amplitude. Alternatively, a time 
component with time as a categorical covariate may be 
included into the model (as done in the white paper model), 
adjusting for each nominal time individually instead of 
employing a continuous curve. With circadian variation in 
ΔQTc, it can be expected that some corresponding nominal 
time parameters are different from 0. The placebo correction 
in ΔΔQTc removes the time component again.

In a study setup where placebo and active drug are admin-
istered to different subjects, e.g, in entry-into-man or par-
allel-group studies, baseline correction may be conducted 
based on the average placebo response per nominal time.

Overall, the definition of the change from baseline (sin-
gle baseline value or time-matched change from baseline on 
the individual level or on the aggregate level using average 
placebo values) as well as the centered baseline affects the 

Fig. 3   Hysteresis plots for different values of τ0. Bullets indicate different nominal times with identical concentrations, corresponding to the bul-
lets in Fig. 2
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data set preparation from the raw data but not the modeling 
process as such.

Implementation

Mixed-effects regression models (linear and nonlinear) were 
employed for all analyses. Model parameters were estimated 
using the stochastic approximation expectation–maximiza-
tion (SAEM) algorithm. All models were implemented in 
Monolix 2024R1 [23]. Calculations of CIs were performed 
using Simulx 2024R1 [24]. Monolix and Simulx were used 
through the lixoftConnectors package [25], which provides 
an application programming interface (API) from R for 
the MonolixSuite. R version 4.4.2 [26] was used, and an R 
quarto script [27] (quarto version 1.5.57) served as a wrap-
per to create the output as Word files. The Monolix models 
can be fitted from the GUI version, too, by opening the cor-
responding mlxtran files.

The R functions allowing to (1) format an input dataset 
for analysis, (2) generate Monolix projects to run a conc-
QTC analysis using the standard linear model as well as 
alternative non-linear models and (3) generate a report as 
Word document can be downloaded from https://​monol​
ixsui​te.​slp-​softw​are.​com/r-​funct​ions/?​conte​xtKey=​packa​ge-​
conc-​qtc. Example of usage and results for the 4 compounds 
in Johannesen et al. [28] are also provided on the webpage.

Applications

The proposed workflow is applied to the data in Johannesen 
et al. [28], comprising the 4 compounds dofetilide, quini-
dine, ranolazine, and verapamil. The clinical 5-way crosso-
ver study administered single doses of 500 µg (dofetilide), 
400 mg (quinidine sulfate), 1500 mg (ranolazine), 120 mg 
(verapamil hydrochloride), or placebo to 22 healthy sub-
jects. PK and QT data were collected at 16 matching nomi-
nal times over 24 h after dose administration. The data are 
available for download [29]. The data used for the analyses 
shown here are slightly reformatted and available for down-
load from the appendix. There is one dataset per compound, 
including the compound itself and the placebo period. They 
contain columns for ΔQTc or ΔΔQTc, the drug concen-
tration Cc, and the covariates TRT, TIME, and BLcent,AdjP1 
or BLcent. The drugs and the study design are described in 
Johannesen et al. [28].

In this cross-over study, each study participant received 
each of the active drugs as well as placebo. In this specific 
setup, ΔΔQTc can be calculated as the difference in change 
from baseline on active drug and change from baseline on 
placebo for each subject individually.

In the following, these compounds serve as illustration of 
the methods discussed, the aim is not to provide complete 

analyses. The nomenclature QTc is used to indicate that the 
application is not restricted to QTcF, however, the heart 
rate correct is the Fridericia correction, ie, QTcF, in all 
applications.

The R scripts provided include an automated procedure 
to fit many different model alternatives to a dataset. A report 
containing all figures suggested in Garnet et al. [1] is gener-
ated, including a comparison of the different models. The 
functions provided are generic and can be reused on other 
datasets.

Results

The methods discussed in the previous section were applied 
to all 4 datasets in Johannesen et al. [28]. All results are 
available  from https://​monol​ixsui​te.​slp-​softw​are.​com/r-​
funct​ions/?​conte​xtKey=​packa​ge-​conc-​qtc. The focus is on 
the methods, not on the data, such that only selected results 
relevant to the methods under consideration are shown in 
the following.

The extensions of the linear model comprise:

•	 modeling of ΔQTc and ΔΔQTc, investigating if they lead 
to similar results and conclusions;

•	 modeling of nonlinear concentration-QT relationships 
with related goodness-of-fit assessments and comparison 
of the results versus the linear model; and

•	 hysteresis modeling, i.e., capturing time-delayed effects 
and therefore different times of maximum concentration 
and maximum effect.

Modeling ΔQTc versus ΔΔQTc

While modeling of ΔQTc is the standard approach proposed 
by the white paper, modeling of ΔΔQTc has the advantage 
of being much simpler with fewer parameters to estimate and 
fewer covariates (if placebo data are available).

For each of the 4 datasets, 2 approaches were employed 
to characterize the data:

•	 Fitting a model for ΔQTc for active drug and placebo 
and deriving ΔΔQTc as the difference between ΔQTc 
(active drug) and ΔQTc (placebo), i.e., the white-paper 
approach; and

•	 Fitting a model for ΔΔQTc directly.

The key parameters affecting model-predicted ΔΔQTc, 
the treatment effect (ϴ1) and the effect of concentration, the 
slope (ϴ2), are summarized in Table 2. Full results are pro-
vided in the supplementary material.

The ΔQTc model includes much more factors (in par-
ticular one factor per time point) than the ΔΔQTc model. 

https://monolixsuite.slp-software.com/r-functions/?contextKey=package-conc-qtc
https://monolixsuite.slp-software.com/r-functions/?contextKey=package-conc-qtc
https://monolixsuite.slp-software.com/r-functions/?contextKey=package-conc-qtc
https://monolixsuite.slp-software.com/r-functions/?contextKey=package-conc-qtc
https://monolixsuite.slp-software.com/r-functions/?contextKey=package-conc-qtc
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Consequently, the parameter estimates are more uncertain 
in the ΔQTc model. Overall, slope parameter estimates were 
numerically similar while intercept parameters (based on the 
intercept parameter in the ΔΔQTc model and the treatment 
parameter in the ΔQTc model) differed, in particular, for 
dofetilide and quinidine. These were, however, associated 
with large uncertainties as expressed by relative standard 
errors (RSEs). Slope parameter estimates were generally 
associated with lower RSEs than intercept parameter esti-
mates with the exception of verapamil (where both CIs con-
tained 0).

A visualization of the concentration-ΔΔQTc linear 
regression model fits showed that the model-predicted 
ΔΔQTc were similar for all compounds in the range of 
observed drug concentrations (Fig. 4).

The key results, the estimated upper limits of the 2-sided 
90% CIs at geometric mean maximum concentrations and 
the  estimated concentrations at which the upper limits 
exceed 10 ms, show limited differences (Table 3). Further 
comparisons of ΔQTc and ΔΔQTc models are provided in 
the supplementary material (Figs. S1, S2, S3 and S4).

Nonlinear models

A visual analysis of the quinidine concentration-QT rela-
tionship might suggest an increase in ΔQTc up to con-
centrations of 750 ng/L and a slower increase at higher 
concentrations (Fig. 5). An Emax model with a maximum 

(saturable) effect might, therefore, be an alternative to 
describe the relationship.

Fitting all candidate models (no-effect, linear, loglinear, 
Emax, and Emax with sigmoidicity) to the quinidine data, the 
Emax model and the loglinear model were better fits than 
the linear model based on the BICc (Table 4, Table S1). 
The Emax model was the best-fitting model, supported by 
visual assessment (Fig. 6). The estimated effect at the geo-
metric mean maximum concentration was similar between 
the models (86.6 ms with the linear and 80.3 ms with the 
Emax model). The concentrations at which the upper limit 
of the 90% CI reaches 10 ms showed a larger difference 
(105.5 vs 152.4 ng/mL, Table 5). The difference arises 
from the fact that these concentrations are in the low range 
of the concentration range (Fig. 6).

The VPCs of the Emax model assessing the goodness 
of fit of ΔΔQTc vs time and vs concentration suggest an 
adequate description of the ΔΔQTc time course and the 
relationship between ΔΔQTc and quinidine concentration 
(Fig. 7).

Hysteresis modeling

Hysteresis can be assessed using ΔQTc or ΔΔQTc. ΔΔQTc 
includes the placebo correction, such that circadian varia-
tions are accounted for and do not bias the visual hysteresis 
assessment. For ΔQTc, if the baseline data are time-matched 
with on-treatment data, circadian variation is corrected for 

Table 2   Parameter estimates for ΔQTc and ΔΔQTc regression models

ϴ1 denotes the parameter treatment in the ΔQTc model and the parameter intercept in the ΔΔQTc model. ϴ2 denotes the slope parameter in 
both models. The linear model was not the best-fitting model in all cases
ΔΔQTc placebo-corrected change from baseline in QTc interval duration, ΔQTc change from baseline in QTc interval duration, CI confidence 
interval, RSE relative standard error

Compound Population parameter ΔQTc model ΔΔQTc model

Estimate RSE (%) 95% CI Estimate RSE (%) 95% CI

Dofetilide Treatment/
Intercept
(ϴ1)

0.002 80,761% (− 2.575, 2.579) − 3.326 38% (− 5.784, − 0.869)

Concentration (ϴ2) 0.026 6% (0.023, 0.029) 0.028 5% (0.025, 0.031)
Quinidine Treatment/

Intercept
(ϴ1)

4.607 33% (1.65, 7.563) 3.128 47% (0.243, 6.012)

Concentration (ϴ2) 0.042 7% (0.036, 0.047) 0.043 7% (0.038, 0.049)
Ranolazine Treatment/

Intercept
(ϴ1)

2.108 41% (0.43, 3.785) 2.441 33% (0.874, 4.008)

Concentration (ϴ2) 0.005 17% (0.003, 0.006) 0.004 22% (0.002, 0.006)
Verapamil Treatment/ Intercept

(ϴ1)
1.997 32% (0.752, 3.242) 2.236 25% (1.151, 3.321)

Verapamil Treatment/ Intercept
(ϴ1)

1.997 32% (0.752, 3.242) 2.236 25% (1.151, 3.321)

Concentration (ϴ2) 0.021 80% (− 0.012, 0.055) 0.017 102% (− 0.017, 0.052)
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too. If, however, the baseline consists of a single measure-
ment, ΔQTc includes circadian variation in QT. In that case, 
ΔΔQTc might be preferable to assess hysteresis, if available. 
In the data set used here, the baseline measurement consists 
of a single measurement at the nominal time -0.5 h.

Practically, the differences between ΔQTc and ΔΔQTc 
hysteresis visualizations show only limited differences 
(Fig. 8). The display suggests that hysteresis might be pre-
sent for dofetilide. The quinidine data shows a partial coun-
terclockwise hysteresis or proteresis. Ranolazine does not 
show strong indications of hysteresis as the standard error 
bars mostly overlap, and verapamil assessment for hyster-
esis is prevented by having almost no data in the phase with 

increasing concentrations, reaching the maximum concentra-
tion rapidly (Fig. 8).

In absence of clear insight from the data visualization, 
both the linear and the hysteresis model (i.e. with effect com-
partment) were fitted to the dofetilide data. The hysteresis 
model captured the observed data better than the direct-
effect model for both, ΔQTc and ΔΔQTc, with substantially 
lower BICc (Table 6). Accordingly, the τ0 rate constants sig-
nificantly differ from 0.

With hysteresis, the ΔΔQTc CI cannot be derived as 
before. Indeed, the effect will not solely depend on the cur-
rent concentration anymore but on the entire past profile 
of the drug concentration. This can only be captured by a 

Fig. 4   Concentration-ΔΔQTc predictions for dofetilide, quinidine, ranolazine, and verapamil. Axis ranges correspond to data ranges

Table 3   Upper limits of the 90% confidence intervals for ΔQTc and ΔΔQTc with linear models

The linear model was not the best-fitting model in all cases.
ΔΔQTc placebo-corrected change from baseline in QTc interval duration, ΔQTc change from baseline in QTc interval duration, CI confidence 
interval, Cmax maximum concentration

Compound Geometric mean Cmax Upper limit of the 
2-sided 90% CI (ΔQTc) 
(ms)

Upper limit of the 
2-sided 90% CI 
(ΔΔQTc) (ms)

Concentration at which 
the upper limit of the 90% 
CI reaches 10 ms
(ΔQTc model)

Concentration at which the 
upper limit of the 90% CI 
reaches 10 ms (ΔΔQTc 
model)

Dofetilide 2709.9 pg/mL 76.2 77.6 310.9 pg/mL 414.1 pg/mL
Quinidine 1754 ng/mL 85.0 86.6 74.9 ng/mL 105.5 ng/mL
Ranolazine 2043.2 ng/mL 13.9 13.8 1360.4 ng/mL 1379.7 ng/mL
Verapamil 113.6 ng/mL 7.0 7.0 180.4 ng/mL 184.4 ng/mL
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population PK/PD model that models not only the effect of 
concentration on QTc, but also the shape of the concentra-
tion over time. Examples of such approaches are available 
in the literature [6]. With a population PK/PD model, the CI 
can be derived from a large number of simulations, estimat-
ing the CI from the empirical quantiles of the model fits.

Discussion

The analyses in this manuscript highlighted that there are alter-
natives to applying the white-paper linear model to fit ΔQTc 
vs drug concentration and deriving the relationship between 
ΔΔQTc and drug concentration from the model-based differ-
ence between active-drug and placebo treatment [1].

Baseline definition

The baseline QTc interval duration can be characterized in 
different ways. In its simplest form, there is only a single 
value, QTc just prior to first dose administration. In cross-
over studies, a baseline measurement can be taken at the 
start of each period. It has become common to collect a full 
baseline day with the same nominal times points as on other 
profile days. This enables the derivation of time-matched 
change from baseline within each subject. The advantages 
are obvious: circadian variation in QT is corrected for by 
correcting with a measurement at the same time of day, and 
subject-specific components such as known sex or age dif-
ferences are adjusted for, too. In such cases, it may be con-
sidered to drop the time components from the model for 
more robust estimation of the remaining model parameters.

Fig. 5   Quinidine ΔΔQTc versus concentration. The solid black line 
indicates the linear regression fit. The dashed line indicates a non-
linear smoothing and the shaded area is the corresponding 90% con-
fidence interval

Table 4   Goodness of fit for different models for quinidine ΔΔQTc

ΔBICc difference in BICc to the best model (lowest BICc), BICc cor-
rected Bayesian information criterion, Emax maximum pharmacologic 
effect

Model BICc ΔBICc

No-drug-effect model 3230.6 484.4
Linear model 2750.4 4.2
Emax model 2746.2 0.0
Emax model with sigmoidicity 2750.4 4.2
Log-linear model 2749.5 3.3

Fig. 6   Model fit and 90% 
confidence intervals overlaid 
with binned observed ΔΔQTc 
data for the linear model (A) 
and the Emax model (B) for the 
quinidine data
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If time-matched changes from baseline cannot be derived 
but multiple samples are available (eg, at different nominal 
times), the baseline can be defined as the average across 
all available baseline times. While this would correct for 
individual characteristics, it would not correct for circadian 
variation. This, however, is taken care of by the model for-
mulation that includes time components.

Model reformulation

The mixed-effects regression model is commonly analyzed 
using statistical methodology such as analysis of residuals. 
The model formulation developed here (intercept and slope 
as structural model and treatment, nominal time, and centered 
baseline as covariates on the intercept) provides access to 
pharmacometric tools, i.e., fitting tools such as Monolix or 
NONMEM as well as model diagnostics, in particular VPCs.

In a subsequent step, creating simulations from the phar-
macometric model allows for straightforward derivation of 
derived quantities such as estimation of the percentage of 
subjects expected to experience QT prolongations of more 
than 5 or 10 ms with different concentrations. Assessing at 
which concentration the upper limit of the 2-sided 90% CI 
exceeds 10 ms allows for derivation of a safety margin, ie, 
the difference between the concentration predicted to exceed 
10 ms and the therapeutic concentration.

ΔQTc or ΔΔQTc as dependent variable

Overall, the case studies analyzed here showed that differ-
ences between modeling of ΔQTc or ΔΔQTc are limited. 
Using the linear regression model, the estimated upper limits 
of the two-sided 90% CIs at geometric mean Cmax differed 
by less than 2% for all 4 compounds. The estimated concen-
trations at which the CIs reach 10 ms differed by 33, 41, 2 
and 1% for dofetilide, quinidine, ranolazine, and verapamil, 
respectively. The conclusions however did not change. When 
exploring alternative concentration-(Δ)ΔQTc relationships, 
the structural model chosen are generally the same between 
ΔQTc and ΔΔQTc.

The ΔΔQTc model is simpler in structure because of 
some terms canceling out when deriving ΔΔQTc from 
ΔQTc. The intercepts as parameterized in the ΔQTc model 
and all nominal times cancel out. The treatment effect of the 
ΔQTc model becomes the intercept in the ΔΔQTc model 
and the centered baseline becomes the centered baseline on 
active treatment corrected by the centered baseline on pla-
cebo. In addition to a simpler model definition, this reduces 
the runtime and the risk of convergence failure.

Another advantage of using ΔΔQTc is that there is no 
necessity to model the circadian rhythm in QT interval dura-
tion, neither by using nominal time as covariate or by means 
of a trigonometric function, i.e., a cosine function, as the 
placebo-correction is assumed to correct for it.

There are situations though in which ΔΔQTc cannot be 
derived, e.g, if placebo data are not available (consider oncol-
ogy studies where it might be unethical to administer toxic 
compounds to healthy subjects or placebo to patients with 
a life-threatening disease). If the data do not originate from a 
cross-over study but the participants on active treatment and 
placebo are different, the placebo correction in ΔΔQTc can only 
be derived based on the average placebo response.

Another alternative would be to model QTc and derive 
ΔQTc and ΔΔQTc and their respective confidence intervals 
from simulations. Modeling QTc, however, could necessitate 
modeling individual characteristics. For example, there are 
known sex differences in QT interval duration. The deriva-
tion of individual changes from baseline corrects for indi-
vidual differences, eg, sex as covariate because the corre-
sponding terms cancel out.

Alternative structural models

The pharmacometric formulation of the models allows to 
easily explore non-linear relationships between drug con-
centration and (Δ)ΔQTc. With relatively short runtimes for 
fitting the models, fitting all candidate models (no-effect, 
linear, loglinear, and Emax) provides a basis to choose from 
a set of standard models, and the BICc can serve as model 
selection criterion. More complex user-defined models can 
be implemented too, requiring changing a few lines of model 
code only.

The quinidine example shows that the exploratory data 
analysis displaying ΔQTc vs concentration does not reveal an 
obvious non-linearity, but that the Emax model provides a sig-
nificantly better fit of the relationship compared to the stand-
ard linear model. Using an Emax rather than the linear model 
changes the concentration at which the 10 ms threshold is 
reached from 105.5 to 152.4 ng/mL (an increase of 40%).

Similarly, Garnett et al. [1] discuss a scenario with a sim-
ulated data set from an Emax concentration-ΔQTc model, 
concluding that identification of the misfit with a linear 
model can be difficult and must be based on careful review 

Table 5   Upper limits of the 90% confidence intervals for quinidine 
ΔΔQTc, linear and Emax model

ΔΔQTc placebo-corrected change from baseline in QTc interval dura-
tion, CI confidence interval, Emax maximum pharmacologic effect

Upper limit of the 2-sided 90% CI 
at the geometric mean Cmax of 
1754 ng/mL

Concentration at which the 
upper limit of the 90% CI 
reaches 10 ms

Linear model Emax model Linear model Emax model

86.6 ms 81.3 ms 105.5 ng/mL 152.4 ng/mL
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of model selection criteria (Garnett et al. supplementary 
material S3). Testing systematically several models has the 
advantage of avoiding the bias towards the linear model.

Diagnosis of hysteresis

Alternative structural models can facilitate the assessment 
of a potential effect delay. An effect-compartment model 
provides a flexible function form to capture hysteresis in 
the same modeling framework. Whether or not hysteresis 
is present in a dataset can be decided based on visual meth-
ods (visual detection of counterclockwise patterns in the 
concentration-ΔQTc relationship), but visual inspection is 
subjective. A quantitative approach such as comparison of 
BICc for alternative models provides an objective and repro-
ducible measure. Alternative approaches to detect the pres-
ence of hysteresis have been proposed, such as the exposure-
normalized Glomb-Ring Index (enGRI). This index has been 
rarely used in practice and experience on its effectiveness is 
limited [31]. Fitting an effect-compartment model, dofetilide 
exhibited a significant but small delay of around 0.28 h. If a 
pronounced delay is present and captured via an effect com-
partment, it is not possible to calculate a confidence interval 
for ΔΔQTc as a function of drug concentration because the 
ΔΔQTc effect depends not only on the current drug concen-
tration but requires the knowledge of the entire past concen-
tration profile. To circumvent this limitation, it is possible to 
use a population PK/PD approach to model the drug kinetics 
and link it to ΔQTc using an effect compartment.

Hysteresis modeling

If hysteresis is observed and metabolite data not available, an 
effect-compartment model provides a reasonable approach 
to model the time delay for the effect. If metabolite data 
are available, a direct-effect model with two effects, one for 
parent and one for metabolite concentration, can be fitted, 
ie, ΔQTc = ΔQTc0 + slope1*Cc + slope2*Cm, where Cm 
denotes the metabolite concentration.

If two metabolites are hypothesized and no metabolite 
data are available, the model could include a direct effect for 
the parent compound and two effect compartments for the 
two metabolites, ie, ΔQTc = ΔQTc0 + slope1*Cc + slope2*
Ce + slope3*Ce2 with Ce2 and τ0,2 defined in analogy to Ce 
and τ0. The model can subsequently be simplified if some 
of the effects appear negligible or if the data do not support 
the identification of all parameters.

Extensions to PK/PD modeling

One limitation of conc-QTc analysis is that the key findings are 
threshold concentrations (i.e., the concentration at which the 
10-ms threshold is reached) while the clinician must decide 
about a dose. Doses can be linked to concentrations via a joint 
population PK-QTc model. Joint PK/PD models are common in 
pharmacometric modeling. They allow to simulate several doses 
and assess the resulting concentrations and PD effects, taking 
into account the interindividual variability in PK and PD. When 
applied to conc-QTc, this enables to characterize doses directly 
instead of concentrations.

Simulations from a population PK/QTc model would enable 
further quantitative assessments. Based on a large, simulated 

Fig. 7   Visual predictive checks 
for the quinidine Emax model: 
ΔΔQTc versus time (A) and 
versus concentration (B). 
Shaded areas = 90% confidence 
intervals for 5th and 95th 
percentiles (blue) and medians 
(pink); lines = corresponding 
medians and quantiles from 
data;
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Fig. 8   Hysteresis assessment: 
ΔQTc (left) and ΔΔQTc (right) 
versus drug concentration for 
dofetilide, quinidine, ranolazine, 
and verapamil (rows, top to bot-
tom). Lines: Arithmetic means 
per nominal time interconnected 
in temporal order. Black bullets: 
baseline observations and start 
of time series. Vertical inter-
vals: standard errors in ΔQTc 
and ΔΔQTc per nominal time
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population the percentage of subjects experiencing ΔΔQTc 
above thresholds such as 5 or 10 ms [32, 33] can be estimated for 
each dose, and the lowest dose exceeding 10 ms with its upper 
bound of the 2-sided 90% CI can be derived. This in turn can 
be used to assess a “safety margin,” i.e., the ratio of the lowest 
safe dose and the therapeutic dose. Such assessments focus on 
dose again, complementing concentration-based assessments.

Conclusion

The standard linear mixed-effects model to fit ΔQTc has 
alternatives. Using a pharmacometric model formulation 
with a structural model and covariates on the intercept, non-
linear models (eg, loglinear, Emax, or effect-compartment 
models) can be fit and compared in a straightforward way.

The best-fitting structural model can be selected based 
on the Bayesian information criterion, BICc, and common 
pharmacometric diagnostic plots. Fitting several candidate 
models were shown to being able to detect hysteresis of low 
magnitude better than visual methods. Simulations provide 
accurate confidence intervals as well as estimates of drug 
concentrations at which the upper limit of the two-sided 90% 
confidence interval reaches 10 ms.

The results suggest that fitting ΔΔQTc with a simplified 
model is a viable alternative to fitting ΔQTc and deriving 
ΔΔQTc with associated confidence intervals. The general-
ized approach improves adequate capturing of the relation-
ship between drug concentration and ΔΔQTc, even in situ-
ations where exploratory data visualization does not show 
evident violations of assumptions required to apply the 
standard linear model.

An automated solution can support fitting of a set of 
alternative candidate models and identification of the best 
model based on numerical criteria such as the BICc, includ-
ing generation of the relevant goodness-of-fit assessments, 
numerical, and graphical results.
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