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Introduction
Detecting drug-induced effects on cardiac repolarization, measured by the
length of the QT interval on an ECG, is a closely monitored safety element in
drug development. More recently, it is thoroughly scrutinized in regulatory
submissions. Baseline QT intervals can be influenced by a number of factors,
such as, heart rate (HR), administration of placebo, gender, and natural
circadian rhythm. In addition, there might be other unknown factors making
it highly variable across population and the analysis of such data is
complex. Accurate modeling of baseline QT becomes an important first
step in evaluating effects of drugs. Changes to this baseline model after the
administration of the investigational drug wil reflect the effect on the
QI/QTc interval.

Objective

The objective of this work is to model the baseline QT data in healthy
subjects using a hierarchical Bayesian approach and to explore the
influence of gender, RR interval (RR= 60/HR), and circadian rhythm on the
QTinterval. Also, the effect of placebo was tested.

Data

Data was obtained from a double-blind, randomized, placebo- and
positive-controlled, 3-way crossover study in 40 healthy subjects (22 M, 18 F,
age 30 + 8 years, BMI 24 + 2). Only drug-free data (baseline and placebo
data) was used for this analysis. For each subject, 18 pre-specified time
points were obtained from13 hour continuous 12-lead ECG recordings. The
dataset used in this analysis contains 2160 time points for baseline with 6 QT
missing values and 720 time points for placebo. The clock time data was
imputed from the time relative to dosing and dosing window.

Data Exploration

Data pooled by treatment groups and gender showed a slight shortening of
QT interval, by about 3 ms (at RR=1 sec), during placebo treatment as
compared to baseline (Figure 1). Women consistently exhibit a longer QT
interval than men by about 15 ms (at RR=1 sec). As heart rate increases the
mean offset between men and women seems to decrease (Figure 2). The
Fredericia-corrected QT interval (QTcF) for all pooled data shows a
circadian variation of about 5-10 ms, peaking during morning hours (Figure
3). The same pattern is observed at the individual level (Figure 4).

Figure 1. QT Interval versus RR Interval for Different Treatment Groups

Methods

A fully Bayesian approach using Markov chain Monte Carlo method was
employed for mixed-effects model building using WinBUGS®'. GridBUGS
interface (Girgis et al.?) was used for parallel computation and multi-chain
runs. The hierarchical structural model for QT interval is presented as follows:

QT, =(QTc;+Cir; + 6, *Pla, + 0, *Gen, Js Corr, o (1+ ;) Equation 1

The model is comprised of four sub-models: placebo effect, gender effect,
heart rate, and circadian thythm?,

QTj  jth measured observation of the QT interval (ms) for the ith individual
QTci: typical value of the baseline QT for a male subject,

Ciri;  circadian thythm function (see below)

Opi  typical value of the placebo effect

Plai;  indicator for the placebo treatment

6Gi:  typical value of the gender effect

Geni: indicator for gender.

s residual normal error.

In the hierarchical structure model, the conditional probabiity distribution of
QTjj is assumed to be normal, Equation 2.
P(QTij10i,06%) o N(HO;:tPiSi), %) Equation 2

():  Function of the individual parameters 6;

tj;  Clock time (24 hours)
P Individual's placebo dosing record
Si  individual's gender

0% residual error variance

Individual parameters, 6, were assumed to have a multivariate normal
distribution with a variance-covariance matrix, Q, of between subject
random variabilty. -1 is modeled by Wishart distribution. Non-informative
priors were used. structure
model is shown in Figure 5. Model comparison and selection were based on
posterior Brooks-
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Figure 2. Baseline QT Interval versus R Interval by Gender
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Figure 3. Circadian Rhythm Trend Line for Baseline Pooled Data

I Rubin (BGR) diagnostic, and deviance information criterion (DIC)®.
Two Markov chains were run with 35,000 samples each and 5,000 samples
burniin.

Figure 5. Graphical Representation of the Hierarchical Structure Model
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Figure 4. Circadian Rhythm Trend Line for Baseline Individual Data
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As suggested by Hnatkova et af’, the dynamics between QT and RR
intervals are best described by hyper-parabolic functions. Several formulae
were considered for QT heart rate corection (Model | - Model Vi), before
taking into account the circadian rhythm effect, Equation 3.

QT, =(QTc,+Cir, + 6, *Pla, + 65, *Gen, Je Corr, o (1+ ;) Equation 3

Corr, =RR{' Model (1)

Corr, =¢ ™" Model (I

Corr, =In(RR{" ) Model (lll)

Corr, =tan(RR{" ) Model (V)
(rrie) _ o-(Reit)

Corr, =tanh(RR,‘," ):m Model (V)

Corr; =arcsinh(RR" ) = In[RR,;" +4 (RRH“‘ +1] Model (VI)

Modeling of Circadian Rhythm
Number of harmonic regression functions, ranging from a simple cosine
function to two harmonics Fourier series, were integrated to the model,
Equation 4, to describe the circadian thythm (diurnal fluctuations) effect

QT =(QTc+Cir, + 0, *Pla, + 05, *Gen, Je RR:" o(1+4;) Equation 4

where:

Cir=A; sin[%tu}r A, cos[zz—;rtu}r Ay s

ety

Model (Vi)

Model (VIll)

cir= o 2y -0)| A, o 206, )

Model Vil is a two harmonics (24 and o hrs) Fourier series expression. A, A2i,
A3i, Agi and oj are individual parameters; tij is the clock time. Model Vil
includes two cosine functions with phase shifts (acrophase), ¢1i and ¢2i.
Although Model VIl and VIl could result in mathematically equivalent
solutions, they have different parameterizations that provide flexibility to
deal with any parameter correlations.

Results

QT-RR Relationship

Model | & Model VI (the power and the inverse hyperbolic sine models) are
found to be the best regression models with similar DIC values and
performance. However, Model () was chosen due to its mathematical
simplicity.

Circadian Rhythm
Around 20 sub-models were assessed by setting one or more of model (Vil)
or model (VIll) parameters, Alj, A2i, A3i, Adi, $1i and/or §2 to zero and/or oj
to 12 hrs. Due to the nature of the data used in this analysis, (number of
observations, precision, and their spread over the day) the best circadian
thythm model was found to be a two harmonic Fourier series expression,
shown in Equation 5.

Cir=A, sm[—t)+ A, cos[fl}r A, sm[ﬁl)

Higher harmonic models exhibited high autocorrelation and poor mixing of
chains for some of the parameter estimations. The final model is written as

Equation 5

Figure 7. Kernel Density Plots for Fixed Parameters and Deviance
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Figure 8. BGR Diagnostics Plot for the Individual Correction Exponent
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Figure 9. Examples of Model Fit for Individual QT Baseline Data
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Estimate of model parameters are listed in Table 1. The mean difference H ° R 0
between women and men is around 14.7 ms, whmh is with w
other pu 1s° and initial data . While, the mean placebo s - = =
effect is around -4.6 ms. while the individual corrEcllon exponent, i, varies -
from 0.33 to 0.36. - -m - — % 2
50 %ga 88
Table 1. Estimate of Model Parameters %o
. IREEE] IREEE]
Parameters Estimate 0% inter Individual o s ClockTons ) Osows @7 ©
(sD) Credible Interval | Variabilty (IV)* Pop QT Pra k) Concld QT, R *
Qtc (ms) 407.2 (2.55) (403.0, 411.4) 1434
w 0.344 (0.009) (0.330, 0.358) 0.052 Figure 9 shows the time course of the measured QT (open green circles),
651 (ms) -4.55 (1.20) (652, -2.58) 751 corrected QT, (QTc = QT/RR®, filled blue circles), QT individual
0 (ms) 14.67 (4.41) (7.83,22.34) 14.42 predictions (red solid fine), and QTe population predictions for a typical
Au(ms) 1.52 (1.00) (0.13,3.16) 597 male (dashed gray line), for 12 subjects. As shown, QT measurements were
Aa (ms) -3.06 (0.35) (-3.65,-2.48) NE* well by the final model
Aa(ms) -2.43(0.26) (-2.86 ,-2.00) NE™
o (ms) 3.97 (0.05) (3.8, 4.06) - Summar
+  Expressed as standard deviation (ms) The present work proposes a framework for modeling baseline QT data
using a hierarchical Bayesian approach. The model fit was largely

For each parameter, time series history plots showed good mixing of chains
(Figure 6). Similarly, kemel density plots exhibited normal marginal posterior
distribution (Figure 7). Autocorrelation plots showed minimal correlation
within - chains except for few chains of random effect parameters.
that interval within-chains (blue
line) and pDG\ed interval between chains (green line) converge to stable

dependent on the method of individualized heart rate correction and
circadian rthythm. The performance of periodic functions was tested to
appropriately capture diurnal fluctuations in QT and a Fourier series model
was selected. Once a model for baseline and placebo data had been
established, a variety of concentration-effect models could be tested to
characterize the drug effect. The analysis presented here is important in
quantifying drug-induced changes in QT interval in drug development.
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