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Abstract

Bayesian Nonlinear Models for the Bactericidal Activity of
Tuberculosis Drugs

Divan Aristo Burger

(2004014359)

Trials of the early bactericidal activity (EBA) of tuberculosis (TB) treatments as-
sess the decline, during the first few days to weeks of treatment, in colony forming
unit (CFU) count of Mycobacterium tuberculosis in the sputum of patients with
smear-microscopy-positive pulmonary TB. Profiles over time of CFU data have
conventionally been modeled using linear, bilinear or bi-exponential regression.
This thesis proposes a new biphasic nonlinear regression model for CFU data that
comprises linear and bilinear regression models as special cases, and is more flex-
ible than bi-exponential regression models. A Bayesian nonlinear mixed effects
(NLME) regression model is fitted jointly to the data of all patients from clinical
trials, and statistical inference about the mean EBA of TB treatments is based
on the Bayesian NLME regression model. The posterior predictive distribution
of relevant slope parameters of the Bayesian NLME regression model provides
insight into the nature of the EBA of TB treatments; specifically, the posterior
predictive distribution allows one to judge whether treatments are associated with
mono-linear or bilinear decline of log(CFU) count, and whether CFU count ini-
tially decreases fast, followed by a slower rate of decrease, or vice versa. The fit
of alternative specifications of residuals, random effects and prior distributions is
explored. In particular, the conventional normal regression models for log(CFU)
count versus time profiles are extended to provide a robust approach which accom-
modates outliers and potential skewness in the data. The deviance information
criterion and compound Laplace-Metropolis Bayes factors are calculated to dis-
criminate between models. The biphasic model is fitted to time to positivity data

in the same way as for CFU data.


divan.burger@quintiles.com

Acknowledgments

I am deeply indebted to the following persons and institutions who in various ways

have made the completion of this PhD thesis possible:
e Prof. Robert Schall, leading promoter, for closely supervising my study, stipu-
lating the expected standard of work, review and for financial support.

e Prof. Abrie J. van der Merwe, co-promoter, for his expertise on Bayesian statis-

tics.

e TB Alliance, in particular Dr. Carl M. Mendel, for posing the research problem,

and for giving access to their clinical data and study reports.

e Quintiles for granting me the necessary time and support in order to complete

this thesis, and for financial support.

e All research associates for reviewing proposed modeling techniques associated

with this thesis.

e Family, friends and colleagues for constant interest, support and continual mo-

tivation.






Contents

Declaration of Authorship iii
Abstract iv
Acknowledgments v
Abbreviations xiii
Notation XV
Preface xxi
1 Introduction 1
1.1 Burden and Treatment of Tuberculosis . . . . .. .. .. ... ... 1
1.2 Early Bactericidal Activity and Sterilization . . . . . .. ... ... 3
1.2.1  Colony Forming Unit Count . . . . . . ... ... ... ... 3

1.2.2  Time to Positivity . . . . . ... ... .. oL 7

1.3 Need for Nonlinear Regression Models . . . . . .. ... ... ... 8
1.4 Serial Sputum Colony Count . . . . . . . .. ... ... ... .... 9
1.5 Literature on Statistical Analysis of Early Bactericidal Activity Trials 11
1.5.1 Colony Forming Unit Count . . . . . . ... ... ... ... 11

1.5.1.1  Linear Regression Models . . . . . .. .. .. ... 12

1.5.1.2  Bilinear Regression Models . . . . ... ... ... 17

1.5.1.3 Repeated Measures Linear Regression Models . . . 21

1.5.1.4 Nonlinear Regression Models . . . . . .. .. ... 22

1.5.1.5  Nonlinear Mixed Effects Regression Models . . . . 26

1.5.2  Time to Positivity . . . . . .. ... ... oL 30



Contents viii
1.5.3 Summary and Discussion . . . . . . .. ... ... 30
1.6 Key Problem Statement and Contributions . . . . . . . .. .. ... 32
1.7 List of Associated Research Outputs . . . . . ... ... ... ... 33
2 Mixed Effects Regression Models for Colony Forming Unit Count 35
2.1 Introduction . . . . . . ... 35
2.2 General Mixed Effects Regression Model . . . . . . ... ... ... 36
2.2.1 Mean-Variance Relationship . . . . . . ... ... ... ... 36
2.2.2  Model Specification . . . . . ... 37
2.2.2.1 General Model . . ... ... ... ... ... .. 37
2.2.2.2  Model Incorporating Censoring . . . . . .. .. .. 40
2.2.3 Bayesian Estimation and Inference . . . . . ... ... ... 41
2.2.3.1 General Considerations . . . . . . .. ... ... .. 41
2.2.3.2 Model Selection . . . ... ... ... L. 45
2.2.3.3 Model Checking . . .. ... ... ... .. .... 48
2.3 Regression Functions . . . . . . .. .. ... L. 49
2.3.1 Linear Regression Function . . . .. ... . ... ... ... 50
2.3.2 Bilinear and Nonlinear Regression Functions . . . . . . . .. 53
2.3.2.1 Conventional Bilinear Regression Function . . . . . 53
2.3.2.2 Nonlinear Regression Functions . . . . . .. .. .. 58
Differential Hyperbolic Tangent Regression Function 59
Bi-Exponential Regression Function. . . . . . . .. 64

Other “Bi-Linear” Regression Functions as Limit-
ingCase . . . . . .. . ... 67
2.3.3  Summary . ... e 68
3 Statistical Methods: Colony Forming Unit Count 71
3.1 Introduction . . . . . . . . ... . 71
3.2 General Considerations . . . . . . . . . ... ... ... 71
3.3 By-Patient Fit of Regression Models . . . . . ... ... ... ... 73
3.4 Bayesian Mixed Effects Regression Models . . . . . ... .. .. .. 75
3.4.1 Differential Hyperbolic Tangent Regression Model . . . . . . 7
3.4.1.1 Model Specification . . . . . ... ... ... .... 7
3.4.1.2 Random Effects . . . . . ... ... ... ... ... 78
3.4.1.3  Prior Distributions . . . . . ... ... ... ... 80
3.4.1.4 Conditional and Joint Posterior Distributions . . . 84
3.4.1.5 Posterior Predictive Distributions . . . . . . . . .. 87
3.4.1.6 SAS® Procedure NLMIXED . ... ........ 89
3.4.1.7 Sensitivity Analyses . . . . ... ... 90
3.4.2  Other Regression Models . . . . . . ... .. ... ... ... 102
3.4.2.1 Linear Regression Model . . . . . . . ... .. ... 103



5.4 Regression Models . . . . . .. .. .o Lo 191

Contents ix

3.4.2.2  Conventional Bilinear Regression Model . . . . . . 104

3.4.2.3 Bi-Exponential Regression Model . . . . . . . . .. 106

3.5 Model Selection and Model Checking . . . . . ... ... ... ... 107
3.5.1 Deviance Information Criterion . . . . . .. ... ... ... 107
3.5.2 Bayes Factors . . . .. ... ... ... ... 107
3.5.3 Conditional Posterior Ordinate . . . ... .. ... ... .. 110
Application: Colony Forming Unit Count 111
4.1 Introduction . . . . . . . ... 111
4.2 Empirical Study . . . . . ... 111
4.2.1 Purpose . . . . . ... 112
4.2.2 Datasets Analyzed . . . . . ... ... 112
4.2.3 Results and Findings . . . . . . ... .. ..., 116

4.3 NCO001 Trial . . . . . .. oo 125
4.3.1 Differential Hyperbolic Tangent Regression Model . . . . . . 127
4.3.1.1 Markov Chain Monte Carlo Iteration Diagnostics . 127

4.3.1.2 Problematic Data Profiles . . . . . ... ... ... 130

4.3.1.3 Early Bactericidal Activity . . . . ... ... ... 131

4.3.1.4 Regression Model Parameters . . . . .. ... ... 141

4.3.1.5 Conditional Posterior Ordinates . . . . . . . . . .. 150

4.3.2 Other Regression Models . . . . . ... ... ... .. .... 157
4.3.2.1 Linear Regression Model . . . . . . ... ... ... 158

4.3.2.2  Conventional Bilinear Regression Model . . . . . . 159

4.3.3 Model Selection and Model Checking . . . . . .. ... ... 159

4.4 NCO002 (“SSCC”) Trial . . . . . . ... ... 164
4.4.1 Differential Hyperbolic Tangent Regression Model . . . . . . 165
4.4.2 Model Selection and Model Checking . . . . . . . ... ... 170

4.5 NCO003 Trial . . . . .. .. 170
4.5.1 Differential Hyperbolic Tangent Regression Model . . . . . . 172
4.5.2 Other Regression Models . . . . . .. ... ... ... .... 180
4.5.2.1 Linear Regression Model . . . . . . ... ... ... 180

4.5.2.2  Conventional Bilinear Regression Model . . . . . . 181

4.5.3 Robust Regression Modeling . . . . . . ... ... ... ... 181
4.5.4  Model Selection and Model Checking . . . . . ... ... .. 183

4.6 Other Datasets . . . . . . . .. ... ... 187
Statistical Methods and Application: Time to Positivity 189
5.1 Introduction . . . . . . . ... 189
5.2  General Considerations . . . . . . . .. .. ... L. 189
5.3 Mean-Variance Relationship . . . . . ... .. ... ... ... ... 191



Contents X
5.5 Empirical Study . . . . ... o 192
5.6 NCOO1 Trial . . . . . . .o 204
5.7 NC002 (“SSCC”) Trial . . . . . . .. .. . 211
5.8 NCO03 Trial . . . . . . . .o o 213

6 Discussion and Conclusions 221
6.1 Discussion . . . . . . ... 221
6.2 Possible Shortcomings . . . . . . . ... ... 0L 225
6.3 Topics for Possible Future Research . . . . . .. .. ... ... ... 226
6.4 Conclusions and Recommendations . . . . . . ... ... ... ... 227

Bibliography 229

A Differential Hyperbolic Tangent Regression Model: Posterior
Distributions 241

B Programming Code 253
B.1 SAS® Procedure NLMIXED (By-Patient Analysis) . . . ... ... 253
B.2 SAS® Example Code: Prior for Covariance Matrix . . . . ... .. 255

B.2.1 “Default” Wishart . . . .. .. ... .. ... ... ..... 255
B.2.2 “Frequentist” Wishart . . . . ... .. ... ... .. ..., 259

B.3 Bayesian Mixed Effects Regression Models . . . . . .. ... .. .. 262
B.3.1 Differential Hyperbolic Tangent Regression Model . . . . . . 262
B.3.2 Other Regression Models . . . . . . . ... ... ... .... 313
B.3.2.1 Linear Regression Model . . . . . . ... ... ... 313

B.3.2.2 Conventional Bilinear Regression Model . . . . . . 320

C Empirical Study 329
C.1 Colony Forming Unit Count . . . . . . ... ... ... ....... 329
C.2 Time to Positivity . . . . . . . . . ... 364

D Profile Plots 401
D.1 Colony Forming Unit Count . . . . . .. ... ... ... .. .... 401

D.1.1 NCOOT Trial . . . . . . . . 401
D.1.2 NCO03 Trial . . . . . .. ... . o 404
D.2 Time to Positivity . . . . . . .. .o 408
D.2.1 NCOO1 Trial . . . .. .. oo oo 408
D.2.2 NCO03 Trial . . . . . .. ... o 411



Contents xi
E Additional Results: Colony Forming Unit Count 415
E.1 NCOO1 Trial . . . . . . . .o 415
E.1.1 Differential Hyperbolic Tangent Regression Model . . . . . . 415
E.1.2 Other Regression Models . . . . . . ... .. ... ... ... 432
E.1.2.1 Linear Regression Model . . . . . . . ... .. ... 432
E.1.2.2 Conventional Bilinear Regression Model . . . . . . 436
E.2 NC002 (“SSCC”) Trial . . . . . . ... ... 441
E.3 NCO03 Trial . . . . . . . . . 443
E.3.1 Differential Hyperbolic Tangent Regression Model . . . . . . 443
E.3.2 Other Regression Models . . . . . ... ... ... ... ... 449
E.3.2.1 Linear Regression Model . . . . . .. .. ... ... 449
E.3.2.2 Conventional Bilinear Regression Model . . . . . . 453
E.4 Other Datasets . . . . . . . .. . ... 459
E.4.1 CLOO1 Trial . . . .. .. .. o o 459
E.4.2 CLOO7 Trial . . . .. .. .o o 466
E.4.3 CLO10 Trial . . . . . .. .. oo 472

E44 NCO002 (EBA) Trial . . . . . .. .. 479






Abbreviations

Abbreviation Definition

AFB Acid-fast bacilli

AmB Amphotericin

ANCOVA Analysis of covariance

ANOVA Analysis of variance

BCI Bayesian credibility interval
CFU Colony forming unit

CI Confidence interval

CPO Conditional posterior ordinate
CV Coeflicient of variation

DIC Deviance information criterion
EBA Early bactericidal activity

HIV Human immunodeficiency virus
HRZE Isoniazid, rifampicin, pyrazinamide and ethambutol
ICPO Reciprocal of CPO

LLOQ Lower limit of quantification
log(CFU) logarithm of CFU

MCMC Markov Chain Monte Carlo
MDG Millennium Development Goal
MDR Multi-drug resistant

xiil



Abbreviations

X1v

Abbreviation Definition

MDR-TB Multi-drug resistant TB

MGIT Mycobacteria Growth Indicator Tube
ML Maximum likelihood

NE Not estimable

NLME Non-linear mixed effects

NR Not reported

PA-824 Pretomanid

PK Pharmacokinetics

REML Restricted maximum likelihood

SD Standard deviation

SE Standard error

SSCC Serial sputum colony count

B Tuberculosis

TB Alliance The Global Alliance for TB Drug Development
TMC207 Bedaquiline

TTP Time to positivity

ULOQ Upper limit of quantification
XDR-TB Extensively drug resistant TB




Notation

Mathematical

Abbreviation Definition

EBA(t; — t) EBA from Day t; to Day t,
CFU count: Daily rate of change in log(CFU) count
from Day t; to Day ts
TTP: Daily percentage change in TTP from Day t; to
Day t

BA(t; — to) Bactericidal activity from Day ¢; to Day t,

Vs Time at which percentage change from baseline in CFU
count reaches 50%

P(X)x P(Y) P(Y) is proportional to P(X)

[(x) Gamma function (z > 0)

I'y(z) Multivariate gamma function (p-variate) (z > 0)

Iy,
e or exp (1)
etr (A)

Boldface signifies a vector or matrix
Matrix with diagonal entries hq, ho, ..., h,, for which
the remainder entries are set to 0

Identity matrix of order h x h

Napier’s constant (e & 2.72)

exp(trace of the matrix A)

XV



Notation

xXvi

Abbreviation Definition

T Ratio of a circle’s perimeter to its diameter (7 ~ 3.14)
log(x) Natural logarithm of = or log, ()

log,, () Logarithm of x to the base of a

I(z) Indicator function taking the value 1 if z is true, and 0

step ()

otherwise

Function taking the value 0 if x < 0, and 1 otherwise




Notation

XVil

Probabilistic

Abbreviation Definition

1.1.d. Independent and identically distributed

P(0) Generic prior density of 6

P(0|x) Generic posterior density of @ given the data x

P(X10) Density function of variable X, conditional on pa-
rameter 6

Y ~ P(Y|0) Variable Y is distributed with density P(Y|0)

fn Density function of the standard normal distribu-
tion

In, Density function of the standard p-variate normal
distribution

Fy Cumulative distribution function of the standard
normal distribution

E(X) Expected value of variable X

Var(X) Variance of variable X

Cov(X,Y) Covariance between variable X and Y

CV(X) Coefficient of variation for variable X

PXY

Correlation coefficient between variable X and Y







Notation

XixX

TN(0,0%)1(.)

SN(8,02,9)

T(0,0% v)

ST(8,02,6,v)

TN,(0, 2)I(.)

SN,(8,%,6)

Distributions
Abbreviation  Definition
N(6,0?) Normal distribution with mean 6 and variance o2

Truncated normal distribution with mean # and scale param-
eter o2, truncated over the parameter space as per I(.)
Skew normal distribution with mean 6, scale parameter o2
and skewness parameter ¢§

Student t distribution with mean 6, scale parameter o and v
degrees of freedom

Skew Student t distribution with mean 6, scale parameter o2,
skewness parameter § and v degrees of freedom
Multivariate normal distribution (p-variate) with mean vec-
tor @ and covariance matrix X

Multivariate truncated normal distribution (p-variate) with
mean vector @ and scale matrix X, truncated over the pa-
rameter space as per I(.)

Skew multivariate normal distribution (p-variate) with mean
vector 6, scale matrix ¥ and skewness vector &
Multivariate Student t distribution (p-variate) with mean
vector @, scale matrix > and v degrees of freedom

Uniform distribution with bounded range a to b

Gamma distribution with shape and scale parameters a
and b, respectively

Wishart distribution (p-variate) with a degrees of freedom

and inverse scale matrix A







Preface

In accordance with the regulations for the degree of Doctor of Philosophy from
the University of the Free State, the author of this thesis presents a summary
of contents of the thesis indicating how this work constitutes a contribution to

knowledge.

Chapter 1 provides an overview of the burden and treatment of tuberculosis (TB),
and a brief description of the assessment of early bactericidal activity (EBA) and
sterilization of TB drugs, characterized by the rate of change in colony forming unit
(CFU) count and time to positivity (TTP). Decline in log(CFU) count during a
particular treatment period (e.g. 14 days) typically is bilinear or biphasic over time.
The argument is made that some form of nonlinear regression modeling is required
to reflect this biphasic nature of log(CFU) versus time profiles. A literature review
suggests that CFU count conventionally has been regressed on a by-patient basis,
and that nonlinear mixed effects (NLME) regression modeling for CFU count was
introduced only recently. NLME regression modeling of CFU count has been based
on the bi-exponential regression model. However, the bi-exponential regression
model is not appropriate for log(CFU) versus time profiles that are decreasing
slowly during the early phase of treatment, followed by a faster decline. Other
important aspects (applicable to both the regression modeling of CFU count and
TTP against time) which require further research are discussed. In conclusion this
chapter argues that nonlinear regression methods for log(CFU) versus time data

published in literature require some modification and generalization.

Chapter 2 formulates a generalized mixed effects regression model for CFU data

and discusses various regression functions which might appropriately describe

xxi



Preface xxii

log(CFU) count over time. These underlying regression functions are derived
based on the principle that the rate of change in CFU count at a given time
is proportional to the corresponding CFU count, but importantly, the propor-
tionality factor is allowed to change over time. The linear, conventional bilinear
and the bi-exponential regression functions are introduced, and a new biphasic
nonlinear regression model (called the “differential hyperbolic tangent regression
model”) that comprises linear and bilinear regression models as special cases is
proposed. The new nonlinear regression model is argued to be more flexible than
bi-exponential regression models. Furthermore, estimation of and inference on

model parameters from a Bayesian perspective are suggested.

Chapter 3 presents statistical methods for the assessment of CFU data based on
the regression models defined in Chapter 2. The proposed statistical methods
include the modeling of CFU data on a by-patient basis using the new proposed
biphasic regression model, and the implementation of the models as Bayesian
NLME regression models fitted jointly to data of all patients from a given trial.
Unlike methods described in previous literature, model parameters are estimated
from the data, rather than determined through visual inspection. The Bayesian
implementation of these mixed effects regression models includes the following

contributions:

e The specification of priors for small variance components is challenging. The use
of a so-called “default” Wishart prior for the covariance matrix of the random

intercept and slope parameters is proposed.

e The posterior predictive distribution of relevant slope parameters is suggested
to provide insight into the nature of the EBA of TB treatments.

e Distributions other than the normal distribution are introduced for both the
residuals and random coefficients of the proposed model. In this way, the con-
ventional normal regression models for log(CFU) count versus time profiles are
extended to provide a robust approach which accommodates outliers caused by
laboratory error. In particular, the Student t distribution for residuals and ran-

dom coefficients allows for heavier tails than the normal distribution. These
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models are further adapted to allow for the modeling of potential skewness

through the skew Student t distribution.

e DIC statistics and compound Laplace-Metropolis Bayes factors are introduced
to discriminate between different mixed effects regression models. The calcula-
tion of Bayes factors, especially with regard to the associated multidimensional
integrals, is known to be challenging and cumbersome. A workaround is in-
troduced through which marginal likelihoods can be calculated relatively easily
using an adapted approach in SAS® and the R project. This approach (in par-
ticular, the programming code available in the appendices of this thesis) can be
generalized and used by practitioners for other applications of Bayesian mixed

effects regression models.

In Chapter 4, results of an extensive empirical investigation of the suitability of
the proposed model based on a large number of CFU versus time profiles are
presented, including applications of the methodology in Chapter 3 to CFU data

of recently published clinical trials.

In Chapter 5, the methodology for modeling of CFU data is extended to the anal-
ysis of TTP data. Results of an extensive empirical investigation of the suitability
of the proposed model based on a large number of TTP versus time profiles are
presented, including applications of the methodology in Chapter 3 to TTP data

of recently published clinical trials.

Chapter 6 provides a discussion of the results of this study, lists some possible
shortcomings of the proposed methods (including suggestions), and highlights
some topics for future research. The final conclusion section provides an outline

of analysis methods for practitioners.






Chapter 1

Introduction

1.1 Burden and Treatment of Tuberculosis

Tuberculosis (TB), or more specifically Mycobacterium tuberculosis, is an infec-
tious disease which primarily manifests in the lungs of infected individuals (Lawn
and Zumla, 2011). Symptoms of TB infected patients include chest pain, pro-
longed cough and coughing up of blood. TB can cause meningitis (Kim and Kim,
2009) and damage to the kidneys and bones when the patient’s immune system is

compromised (Herrmann and Lagrange, 2005).

TB is the second leading cause of human mortality worldwide within its class of
infectious diseases, after infection with the human immunodeficiency virus (HIV)
(WHO, 2013). In 2012, an estimated 8.6 million incidences of TB were reported
globally, and Asia and Africa were the continents with the highest reported inci-
dence (WHO, 2013).

Mitchison and Davies (2008) stated that for “the first time in thirty years, the
anti-TB drug development pipeline may be on the verge of delivering significant
advances in therapy”. In the recent past, however, many anti-TB drugs in the
form of monotherapy have proven to be ineffective against drug resistant TB (Yang
et al., 2011). Drug resistance against TB is mainly caused by non-adherence to

the administration of prescribed TB medication (Amuha et al., 2009). Moreover,

1



Chapter 1. Introduction 2

drug resistant TB strains are contagious, and therefore have the ability to spread
from one person to another (Van Rie et al., 2000). Combinations of anti-TB drugs
have therefore been introduced for more effective eradication of drug resistant TB
(Diacon et al., 2012a). Although many successful treatments for TB have been
developed over the years, multi-drug resistant TB (MDR-TB) and extensively
drug resistant TB (XDR-TB) pose a worldwide challenge, and research needs to
be done on the successful treatment and containment of these particular forms of
TB (Jassal and Bishai, 2010).

Among other problems associated with TB infection, some anti-TB drugs do not
have the ability to eliminate TB, due to their lack of bactericidal activity against
persistent microorganisms (Koul et al., 2011). Furthermore, TB is more likely to
reoccur in HIV patients, due to those patients’ increased susceptibility to infections
in general (Lawn and Zumla, 2011). An extensive range of therapeutics is generally
required for the treatment of MDR-TB and XDR-TB, usually involving a longer
duration of treatment (WHO, 2012).

The World Health Organization recognized the global need to fight TB infection
during 1993 (WHO, 2012). Consequently, the WHO formed the Stop TB Strategy
in 2006 whose goals, in line with the Millennium Development Goals (MDGs),
include the reduction of TB prevalence by 2015 (WHO, 2012). The document
published by WHO (2012) provides a status report on the numerous MDG targets,
showing that substantial progress towards the reduction of TB infections and
deaths due to TB has been made. This report, however, recognizes that “the global
burden of TB remains enormous”, and that the number of MDR-TB infections is

still increasing.

First line anti-TB drugs, namely those drugs which are initially provided to TB
patients, include isoniazid, rifampicin, pyrazinamide and ethambutol (Laurenzi
et al., 2007). More expensive second line anti-TB drugs, provided to patients
when they show resistance to the first-line drugs, include streptomycin, capre-
omycin, kanamycin, amikacin, ethionamide, para-aminosalicylic acid, cycloserine,
ciprofloxacin, ofloxacin, levofloxacin, moxifloxacin, gatifloxacin and clofazimine
(Laurenzi et al., 2007). A patient is considered suffering from MDR-TB when

resistant to both isoniazid and rifampicin, whereas XDR-TB is defined as drug
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resistance to isoniazid, rifampicin, fluoroquinolone and at least one of three in-
jectable second line anti-TB drugs, e.g. capreomycin, kanamycin and amikacin
(WHO, 2012).

Among new anti-TB drugs currently under development are delamanid, bedaquiline
(or TMC207) and pretomanid (or PA-824) (Matteelli et al., 2014; Diacon et al.,
2015). Migliori and Sotgiu (2012) stated that the results of an early phase clini-
cal trial (Diacon et al., 2012a) suggest that combination therapy of moxifloxacin,
PA-824 and pyrazinamide might provide a potential breakthrough in the fight
against TB and MDR-TB. PA-824 has been developed by The Global Alliance
for TB Drug Development (TB Alliance), which is a nonprofit organization es-
tablished for the development of new anti-TB drugs. Migliori and Sotgiu (2012)
pointed out that, among other advantages, the new combination therapy of moxi-
floxacin, PA-824 and pyrazinamide, still under development, could have less drug
interaction potential with HIV antiretroviral treatments than combination treat-

ments which include rifampicin.

As Diacon et al. (2012a) state, “ideally [new treatment| regimens would contain
new drugs able to combat tuberculosis resistant to currently available drugs, es-
pecially multidrug-resistant (MDR) tuberculosis ...”. Thus one of the challenges
in early development of new TB treatments is to identify promising combinations
of drugs for subsequent testing in pivotal clinical trials. Since the treatment regi-
mens may involve combinations of three or four drugs, including one or more novel
molecules, potentially large numbers of regimens need to be screened. One way
to do so efficiently and cost effectively is to assess the early bactericidal activity
(EBA) of those regimens.

1.2 Early Bactericidal Activity and Sterilization

1.2.1 Colony Forming Unit Count

The EBA of TB drugs is conventionally characterized by the daily rate of change

(decline), during the first few days to weeks of treatment, in count of colony
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forming units (CFUs) in the sputum of patients with smear-microscopy-positive
pulmonary TB (Diacon et al., 2012a). An early definition of EBA was the “fall in
counts/mL sputum/day [of CFUs| during the first two days of treatment” (Mitchi-
son and Sturm (1997) as cited in Donald and Diacon (2008)). In vitro studies have
suggested that anti-TB drugs eradicate a fixed proportion of TB bacteria per unit
time (Gillespie et al., 2002), at least over suitably short time intervals, which would
imply an exponential decay in CFU count. Conventionally, therefore, EBA has
been characterized by the daily rate of decline in the logarithm of CFU count, i.e.
log(CFU) count (Jindani et al., 1980) (note that an exponential decay in CFU
count on the original scale translates to a constant rate of decline in log(CFU)
count). Thus, EBA characterizes the potency of anti-TB drugs (against TB bac-
teria) during the first few days of treatment. Most anti-TB drugs, such as isoniazid
(Jindani et al., 1980; Mitchison and Sturm, 1997), cause a relatively fast decline in
log(CFU) count during the initial phase of treatment, therefore eradicating most

of the TB bacteria during the first few days of treatment.

In contrast to the concept of EBA, the sterilization property of TB drugs refers to
the rate of decline in log(CFU) count after the initial phase of treatment (i.e. the
rate of decline once the majority of TB bacteria have been eradicated) (Brindle
et al., 2001). More specifically, the sterilization phase of anti-TB drugs refers to
the sterilizing activity against persistent TB microorganisms surviving the first
few days of treatment (Brindle et al., 2001).

As mentioned above, the potency of most anti-TB drugs has been characterized in
the past by the EBA during the first 2 days of treatment (also known as “standard
EBA”). Jindani et al. (2003) argued that, despite being cost effective and of short
duration, “standard EBA” trials might fail to measure the sterilizing activity of
TB drugs: For example, monotherapy of pyrazinamide has been shown to be less
bactericidal than that of isoniazid and streptomycin during the first few days of
treatment (EBA), but proves to eradicate TB bacteria at about the same rate
afterwards (sterilization). Thus, even though pyrazinamide has weak EBA, its
sterilizing activity proves to be better than that of isoniazid and streptomycin
(Brindle et al., 2001; O’Brien, 2002). Based on these findings, Jindani et al.
(2003) suggested the extension of “standard EBA” trials to a treatment period of
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at least 5 to 7 days, in order to evaluate the sterilization activity of anti-TB drugs.
Currently, in fact, the treatment and profile period for EBA trials typically is 14
days, with collection of one or two pre-treatment and, often daily, post-treatment
overnight sputum samples (Diacon et al., 2012a). EBA trials are conducted for
the evaluation of new anti-TB drugs during early stages of development, such as

in “early Phase II” trials (Diacon et al., 2012a).

Conventionally (see for example Botha et al. (1996)), the EBA in a given patient
over a given time interval, say from Day ¢; to Day ty, i.e. EBA(t; — t3), was

expressed as follows:

_ log(CFUy,) —log(CFUy, )
to — 11

EBA(t; — t) = (1.1)

Here log(CFUy, ) and log(CFU,,) are the observed log(CFU) counts at Day ¢; and
Day t,, respectively, where 0 < t; < t5 < T, and T is the length of the profile

period over which sputum samples are collected.

Values that are routinely reported for such EBA TB trials include EBA(0-14),
EBA(0-2), EBA(0-7), EBA(2-14) and EBA(7-14).

Alternatively (see for example Jindani et al. (2003)), EBA(t; — t2) was expressed

as follows:

~ ~

f(tz) = f(t)

27— U

(1.2)
where f(t) is a suitable regression function for log(CFU) count against time, and

f(t1) and f(t,) are the associated fitted values at Day ¢; and Day t,, respectively.

Thus, the method for the calculation of EBA given in Equation (1.1) is model-free,
i.e. EBA(t; — to) is characterized by the rate of decrease between two observed
data points collected on Day t; and Day t5. As opposed to Equation (1.1), the
method for calculation of EBA by Equation (1.2) is model-based.

The model-based estimate of EBA(t; — ) in Equation (1.2) has two potential ad-

vantages over the model-free estimate in Equation (1.1): Firstly, the EBA estimate
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in Equation (1.1) uses information from only two CFU counts, namely those ob-
served at Day t; and Day t5; in contrast, the whole series of observed CFU counts
may be used to estimate f(¢;) and f(¢5), with potential gains in precision for the
model-based EBA estimate in Equation (1.2). Secondly, the model-free EBA es-
timate for a given time interval (¢; — ¢3) can only be calculated if CFU counts are
in fact available for these particular times; in contrast, the model-based estimate
can be calculated (e.g. by extrapolating the curve over time interval [t; —t5]) even
if CFU counts have not been observed at Day t; and Day t,, either because the
study design did not specify data collection at those times, or because of missing
data. The fitting of regression models (as in Equation (1.2)) allows for by-patient
EBA to be estimated from a single model, thus avoiding fits of piecewise regression

lines to successive data points (as is implied by Equation (1.1)).

From Equation (1.1) and Equation (1.2) it can be seen that the potency of a given

drug against TB bacteria becomes larger as EBA(¢; — t¢5) increases.

When a linear relationship (by-patient) between log(CFU) count and time is as-
sumed, with intercept o and rate of decrease A (assuming A > 0), respectively,

then f(t;) and f(t;) in Equation (1.2) can be expressed as follows:

A ~

fy=a— At (1.3)

where & and ) are the linear regression estimates of the intercept and slope param-
eters @ and A, respectively. Given Equation (1.3), EBA(t; — t2) in Equation (1.2)

can be simplified as follows:

EBA(t; — t5) = A (1.4)

Thus, if the decay of CFU count over the whole interval [0,7T] is exponential
(equivalently, log-linear), the EBA estimate in Equation (1.2) over all sub-intervals
(t1 — t9) of [0, T is constant, and equal to minus one times the slope of the linear

regression line of log(CFU) versus time.
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Equation (1.1) can be viewed as special case of Equation (1.4) when setting A to
be the rate of decrease between two observed data points collected on Day ¢; and

Day to, i.e.:
log(CFU,,) — log(CFUy,)

to — 11

A= (1.5)

1.2.2 Time to Positivity

Alternatively to CFU count, the potency of TB drugs can be evaluated using the
time to sputum culture, i.e. the time it takes for a given sputum sample to yield
a positive Mycobacteria Growth Indicator Tube (MGIT) culture after start of
incubation. This time is referred to as time to positivity (TTP) (e.g. expressed in
hours). If no positive MGIT culture is reported by a certain number of hours, the
sputum sample status is assigned a “negative” value for the collection day at which
the given sputum sample has been collected (Bark et al., 2013). Liquid culture
results can thus be reported quantitatively, and TTP in liquid culture is considered
more sensitive than solid culture being used to derive CFU count (Diacon et al.,
2012b). In liquid culture, the opportunity to count colonies of bacteria is not
available, but the time it takes for growth in liquid culture to register as a positive
readout (TTP) is inversely related to the bacterial load of such cultures (Diacon
et al., 2012b; Bark et al., 2013). Thus, alternatively to the EBA from solid media
(CFU count), EBA can also be characterized by liquid media (TTP) (Diacon et al.,
2010).

Similar to CFU count, a preliminary investigation of TTP data collected over time
has suggested that both TTP and log(TTP) data increase linearly or bilinearly
over time (Diacon et al., 2012a). Given the inverse relationship between log(CFU)
count and log(TTP), the (model-fitted) EBA over a certain time interval, based on
log(TTP), can be calculated similarly to that based on log(CFU) count, namely:

A ~

EBAL(t; —ty) = w (1.6)
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where f(t) is a suitable regression function for log(TTP) against time, and f(¢;)
and f (t3) are the associated fitted values at Day t; and Day to, respectively.

The EBA with respect to TTP can also be expressed as a daily percentage change
in log(TTP) from Day ¢; to Day ¢, i.e.:

EBA(t; — t5) = 100 - (ePBAE(=t2) 1) (1.7)

Similarly, expressing Equation (1.7) on a model-free basis (Equation (1.1)), one

TTP,, 1" ™"
EBA(t; — t,) = 100 - ([m} - 1) (1.8)

obtains:

Here TTP;, and TTP,, are the observed TTP values at Day ¢; and Day to, re-

spectively.

1.3 Need for Nonlinear Regression Models

As mentioned above, over a suitably short time interval a TB drug typically erad-
icates a fixed proportion of TB bacteria per unit time, implying exponential de-
cline of CFU count over the time interval in question. Empirically, an exponential
decline of CFU count (or a linear decline in log(CFU) count) has indeed been ob-
served for most TB regimens, at least during the first few days of treatment, and
certainly during the first two days. Thus, EBA(0-2) can be estimated from a sim-
ple linear regression of log(CFU) versus time (see Equation (1.2)) (Brindle et al.,
2001; Jindani et al., 2003; Dietze et al., 2008). However, when the profile period
of EBA trials, and associated EBA calculations, covers time intervals significantly
longer than 2 days, say 14 days, then the assumption of a constant rate of decay
over the whole time interval generally is no longer valid. In fact, for many TB
drugs, a significant difference between the rate of decline over the first two days
of treatment compared to the subsequent days has been observed (Donald and
Diacon, 2008): Usually, during the first few days of treatment, log(CFU) count

declines with a fast rate, followed by a slower rate of decline during the second
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phase. The decline in log(CFU) count can therefore be biphasic (Mitchison and
Davies, 2008) over a 14-day treatment period. Thus, for EBA trials with longer
profile periods, estimation of EBA generally requires some form of nonlinear mod-
eling that appropriately reflects the biphasic nature of the regression of log(CFU)

count against time.

Given that CFU counts over time are closely (or in fact, inversely) related to TTP,
the argument made above in essence also applies to the modeling of log(TTP) over

time.

1.4 Serial Sputum Colony Count

In pivotal Phase III TB trials for application of drug registration, the proportion
of patients with positive sputum culture after 6 months of treatment, and the pro-
portion of patients experiencing relapse within a two-year follow-up period (after
trial completion) are the standard efficacy endpoints (Mitchison, 2006; Mitchison
and Davies, 2008). These clinical endpoints, therefore, can only be assessed in
clinical programs comprising relatively lengthy and expensive trials (Mitchison,
2006; Phillips and Fielding, 2008; Wallis et al., 2009).

Any surrogate markers (or biomarkers) for the aforementioned efficacy endpoints
should, among other requirements, closely relate to the disease being treated (Weir
and Walley, 2006). Furthermore, those biomarkers must have the ability to predict
the outcome of a given disease in the long run, such as relapses (recurrence). Thus,
an appropriate surrogate marker for measuring the effectiveness of TB treatments
may shorten the duration of anti-TB drug development, and may predict efficacy

or inefficacy early during a given TB drug’s development phase (Katz, 2004).

Sputum culture status (“positive” or “negative”) after two months of treatment
has been shown to be the best validated surrogate marker for the aforementioned
primary efficacy TB endpoints (Mitchison, 1993, 1996). Limitations of this sur-
rogate marker, however, are that large sample sizes are required for hypotheses

testing, and its lack of association with relapse within individual patients (Weiner
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et al., 2010). Two alternative surrogate markers, namely TTP and rate of decline
in CFU count per milliliter (mL) (or also referred to as serial sputum colony count
(SSCC)), both being assessed over 2 months of weekly or bi-weekly intervals, over-
come problems associated with the two-month sputum culture status as surrogate
marker (Weiner et al., 2010; Burman et al., 2008; O’Brien, 2002). The disadvan-
tage of measuring TTP and CFU count is that they require assays of multiple
sputum plates per sputum sample, dilution of samples, long waiting periods for
culture growth, a labor intensive counting process of CFUs (Berthet et al., 1998),

and the proneness of sputum samples to contamination (Sloan et al., 2012).

“SSCC” trials can therefore be viewed as extended EBA trials (in terms of treat-
ment duration), and similarly to EBA trials, “SSCC” trials are expected to show
a rapid rate of decline in log(CFU) count during the initial phase of treatment, as
opposed to the terminal phase of treatment. Such “SSCC” trials are conducted
for the evaluation of new anti-TB drugs during later stages of development, such
as in “late Phase I1” trials, specifically designed to assess the sterilizing activity of
anti-TB drugs, before entering the pivotal stage of the development program (i.e.
Phase I1I).

Figure 1.1, adapted from Mitchison and Davies (2008), provides a summary of the
relationship between the following standard efficacy endpoints of 8-week extended

bactericidal activity trials:

e Regression analyses of log(CFU) count over time.
e Survival analysis of TTP.

e Proportion of patients with negative (or positive) sputum culture (after two

months of treatment).

In Figure 1.1, the solid blue lines represent the decline in log(CFU) count in
individual patients. The dashed black line represents the mean decline in log(CFU)
count of all patients. The dotted black line represents the applicable lower limit of
quantification (LLOQ) used for log(CFU) count. The efficacy endpoints indicated
in this figure are are all shown to be surrogate markers of the efficacy endpoints
of pivotal Phase III TB trials.
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Figure 1.1: Relationship Between Efficacy Endpoints in Extended Bactericidal
Activity Trials
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1.5 Literature on Statistical Analysis of Early
Bactericidal Activity Trials

1.5.1 Colony Forming Unit Count

This section reviews literature on the different types of regression models that have
been fitted to CFU and log(CFU) count. The review includes a short description
of the techniques applied for estimation of the relevant model parameters, where

indicated.
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1.5.1.1 Linear Regression Models

Botha et al. (1996)

Objectives

Botha et al. (1996) investigated the EBA of the monotherapy of 1200 mg etham-
butol and 2000 mg pyrazinamide, and of combination therapy of one tablet per
10 kg body weight of 80 mg isoniazid, 120 mg rifampicin and 250 mg pyrazinamide
in 28 previously untreated TB patients.

Study Design

Patients assigned to monotherapy of ethambutol or combination therapy of isoni-
azid, rifampicin and pyrazinamide received daily doses for two consecutive days;
16-hour sputum samples were collected pre-treatment (i.e. Day 0) and on Day 1
and Day 2, relative to the first dose of treatment. Patients assigned to monother-
apy of pyrazinamide received daily doses for three consecutive days; 16-hour spu-
tum samples were collected pre-treatment (i.e. Day 0) and on Day 1, Day 2 and

Day 3 relative to the first dose of treatment.

Methodology

For each treatment group, the mean log;o(CFU) count was reported for each treat-
ment day (i.e. Day 0, Day 1, Day 2 and Day 3). For each patient, the rate of
decline in log1o(CFU) count over 2 days after treatment, i.e. EBA(0-2), was cal-
culated according to Equation (1.1), hence using the model-free approach. The
mean EBA and corresponding 95% confidence intervals (Cls) were reported by
treatment group, based on an one-way analysis of variance (ANOVA) of the EBA
data.
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Dietze et al. (2001)

Objectives

Dietze et al. (2001) conducted a 6-month open-label, randomized, active controlled
Phase II clinical trial whose objective was to assess the safety, pharmacokinetics

(PK) and bactericidal activity of rifalazil in 65 patients with newly diagnosed TB.

Study Design

Patients were randomized to either daily 300 mg isoniazid as monotherapy (16
patients); daily 300 mg isoniazid and 450 mg or 600 mg rifampicin, depending on
the patients’ weight, as combination therapy (16 patients); daily 300 mg isoniazid
and once-weekly 10 mg rifalazil as combination therapy (17 patients); and daily
300 mg isoniazid and once-weekly 25 mg rifalazil as combination therapy (16 pa-
tients). Patients received treatment for 14 days as per randomization schedule:
Isoniazid and rifampicin administered daily; Rifalazil administered once-weekly on
Day 1 and Day 8.

Two 12-hour pooled sputum samples were collected pre-treatment which consti-
tuted the baseline measurement collected on Day 1. Post-treatment 12-hour pooled
sputum samples were collected on Day 3, Day 4, Day 8, Day 11, Day 14, Day 15,
Day 28, relative to the first dose of treatment.

Methodology

The change from baseline in log(CFU) count was calculated for Day 15 (i.e.
log;o(CFUy5) — log,o(CFU;)) for each patient. Pooled sputum samples collected
on Day 14 were used when Day 15 samples were missing. Summary statistics
were reported for the change from baseline in log(CFU) count at Day 15, and an
ANOVA was used to compare change from baseline in log(CFU) count between

treatment groups.



Chapter 1. Introduction 14

Brindle et al. (2001)

Objectives

Brindle et al. (2001) performed a 28-day retrospective analysis in 122 newly diag-
nosed TB patients in order to show that the sterilizing activity of anti-TB drugs
is more appropriately assessed through observation periods longer than 2 days of

treatment (i.e. extended “standard” EBA trials; see Section 1.4).

Study Design

Patients either received combination therapy of streptomycin, thiacetazone and
isoniazid (67 patients) or combination therapy of streptomycin, isoniazid, rifampicin

and pyrazinamide (55 patients). Both regimens were administered daily for 28 days.

Twelve-hour sputum samples were collected before dosing on Day 0 as the pre-
treatment sample, and post-treatment samples were collected on Day 2, Day 7,
Day 14 and Day 28.

Methodology

Values for EBA(0-2), EBA(2-7), EBA(7-14), EBA(14-28) and EBA(2-28) were
calculated model-free as in Equation (1.1). In addition, by-patient linear regression
analysis, to characterize EBA for the overall treatment period, was performed pro-
viding patients had at least 2 post-treatment samples. The sign of the individual
linear regression coefficients was reversed in order to obtain EBA values. Summary
statistics by treatment group were reported both for the respective EBA values
and the estimated individual linear regression coefficients. The EBA values and
estimates of regression coefficients were compared by means of ANOVA (2-way;
unbalanced), fitting treatment group and HIV status (either positive or negative).
Prior to the ANOVA, the EBA values and estimated individual linear regression

coefficients were normalized by transformation (in cases where the Shapiro-Wilk
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test showed departure from the normality assumption). More specifically, the es-
timated individual linear regression coefficients were normalized “using the mean

symmetry version of the Box-Cox transformation”.

Jindani et al. (2003)
Objectives

Jindani et al. (2003) investigated the bactericidal and sterilizing activities of 22
different dose combinations of isoniazid, rifampicin, pyrazinamide, ethambutol and
streptomycin, either administered as monotherapy or as combination therapy, in

previously untreated TB patients over a study period of 14 days.

Study Design

Patients received either monotherapy of 150 mg isoniazid, 300 mg isoniazid, 600 mg
isoniazid, 5 mg/kg (body weight) rifampicin, 10 mg/kg rifampicin, 20 mg/kg ri-
fampicin, 2000 mg pyrazinamide or 1000 mg streptomycin, or combination therapy
of 300 mg isoniazid, 10 mg/kg rifampicin, 2000 mg pyrazinamide, 25 mg/kg etham-
bulol or 1000 mg streptomycin in various different combinations. Patients were

dosed daily for 14 consecutive days.

Two pre-treatment overnight sputum samples were collected and used for the
calculation of CFU count at Day 0. In addition, overnight sputum samples were
collected on Day 2, Day 4, Day 6, Day 8, Day 10, Day 12 and Day 14, relative to

the first dose of treatment.

Methodology

Model-free EBA values (Equation (1.1)) and model-based regression slopes (Equa-
tion (1.2)) were calculated over the available data points. The by-patient EBA
values and regression slopes were summarized per treatment group by descriptive

statistics and analyzed using ANOVA and multiple regression.
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Dietze et al. (2008)

Objectives

Dietze et al. (2008) report results of a 7-day clinical trial which assessed the early
and extended bactericidal activity of linezolid, compared to isoniazid, in 30 newly

diagnosed TB patients.

Study Design

Patients were randomized to receive either 300 mg isoniazid once daily (10 pa-
tients), 600 mg linezolid once daily (10 patients) or 600 mg linezolid twice daily
(10 patients) for 7 days.

Two pre-treatment overnight sputum samples were collected, which constituted
the CFU count at Day 0. In addition, overnight sputum samples were collected
on Day 1, Day 2, Day 3, Day 4, Day 5, Day 6 and Day 7, relative to the first dose

of treatment.

Methodology

The mean change from baseline in log;o(CFU) count (relative to Day 0) was sum-
marized for each treatment day. Values for EBA(0-2) and EBA(2-7) were cal-
culated in analogy to Jindani et al. (2003), and between-treatment comparisons
made use of multiplicity-adjusted parametric and nonparametric ANOVA. Within-
treatment correlation between the respective EBA and PK endpoints was explored

by linear regression.
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1.5.1.2 Bilinear Regression Models

Diacon et al. (2010)

Objectives

Diacon et al. (2010) report a 14-day clinical trial whose objectives included the
evaluation of the safety, tolerability, PK and EBA of various doses of PA-824 in 69
previously untreated TB patients. EBA was characterized by the evaluation of
CFU count and TTP.

Study Design

Patients were randomized to receive either daily double-blind monotherapy of
200 mg PA-824 (15 patients), 600 mg PA-824 (15 patients), 1000 mg PA-824
(16 patients), 1200 mg PA-824 (15 patients) or open-label combination therapy of
standard treatment (isoniazid, rifampicin, pyrazinamide and ethambutol (HRZE))
(8 patients) for 14 days. The latter treatment regimen served as the control group

for this study.

Two 16-hour overnight sputum samples were collected pre-treatment and were
used for the calculation of CFU count at Day 0. In addition, overnight sputum
samples were collected daily from Day 1 up to Day 4, and every second day from
Day 6 up to Day 14. From each sample, four CFU counts were made available.
The four CFU counts (per patient and sample) were averaged and used for the

calculation of the log;o(CFU) count of a given study day.

Methodology

The mean change from baseline in log;o(CFU) count (relative to Day 0), and
corresponding 95% Cls, were calculated for each treatment day (i.e. Day 1 up to
Day 14). The method for calculation of the 95% ClIs is not specified in this article.
Model-based (Equation (1.2)) values for EBA(0-14), EBA(0-2) and EBA(2-14)



Chapter 1. Introduction 18

were calculated for each patient. In contrast to earlier work where simple linear
regression was used, a bilinear regression model was fitted to the daily log;o(CFU)
counts of each patient in this study. The method of estimation of the regression
parameters (intercept, slopes and change point (or node)) is not specified in this
article. Mean EBA values were reported for each treatment group. In addition,
the change from baseline in mean log;o(CFU) count (per sample day) was modeled

through bilinear regression (over time) by treatment group.

Diacon et al. (2012a)
Objectives

Diacon et al. (2012a) report a Phase II, partially double-blind, randomized clinical
trial to assess the 14-day EBA, safety, tolerability and PK of various combinations
of TMC207, pyrazinamide and moxifloxacin, compared to Rifafour e-275®, in a
total of 85 previously untreated drug susceptible TB patients. EBA was charac-
terized by the evaluation of CFU count and TTP.

Study Design

Patients were randomized to receive either monotherapy of TMC207 (15 patients),
combination therapy of TMC207 and pyrazinamide (15 patients), combination
therapy of TMC207 and PA-824 (15 patients), combination therapy of PA-824
and pyrazinamide (15 patients), combination therapy of PA-824, moxifloxacin and
pyrazinamide (15 patients) or Rifafour e-275® (10 patients). The control group
consisted of patients receiving standard TB treatment with combination therapy

of isoniazid, rifampicin, pyrazinamide and ethambutol (Rifafour e-275®).

Treatment was administered for 14 consecutive days, for which the dosing regimen

is detailed in “Panel 1: Treatment Groups” of the article.

Two 16-hour overnight sputum samples collected pre-treatment were used for the

calculation of the baseline (Day 0) CFU count. Post-treatment 16-hour overnight
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sputum samples were collected daily from Day 1 up to Day 14, relative to the first

dose of treatment.

Methodology

Values for EBA(0-14), EBA(0-2), EBA(0-7), EBA(2-14) and EBA(7-14) were
calculated as weighted slopes from individual bilinear regression fits (Equation (1.2)
(model-based)). The node (or change point) was identified visually, and assumed
to be the same for all patients in a given treatment group. The EBA was com-
pared between treatment groups by Holm’s method. In addition, the change from
baseline in mean log;o(CFU) count was modeled through bilinear regression (over

time) by treatment group.

Diacon et al. (2012c)
Objectives

Diacon et al. (2012¢) report a 14-day dose finding clinical trial whose objectives
included the evaluation of the safety, tolerability, PK and EBA of various doses
of PA-824 in 69 previously untreated TB patients. EBA was characterized by the
evaluation of CFU count and TTP.

Study Design

Patients were randomized to receive either daily doses of 50 mg PA-824 (15 pa-
tients), 100 mg PA-824 (15 patients), 150 mg PA-824 (15 patients), 200 mg PA-824
(16 patients) or Rifafour e-275® (8 patients) (control group) for 14 days.

Sputum samples were collected daily from Day 0 up to Day 4, and every second
day from Day 6 up to Day 14. From each sample, four CFU counts were made
available, and were averaged (per patient) for the calculation of the log;o(CFU)

count of a given study day.
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Methodology

Model-based (Equation (1.2)) values for EBA(0-14), EBA(0-2) and EBA(2-14)
were calculated for each patient. A bilinear regression model was fitted to the
daily log;o(CFU) counts of each patient in this study. The method of estimation
of the regression parameters (intercept, slopes and change point (or node)) is not
specified in this article. Mean EBA values were reported for each treatment group.
In addition, the change from baseline in mean logo(CFU) count was modeled

through bilinear regression (over time) by treatment group.

Diacon et al. (2013)
Objectives

Diacon et al. (2013) report a 14-day dose finding clinical trial whose objectives
included the evaluation of the safety, tolerability, PK and EBA of various doses of
TMC207 in 68 previously untreated TB patients. EBA was characterized by the
evaluation of CFU count and T'TP.

Study Design

Patients were randomized to receive either daily doses of 100 mg TMC207 (15 pa-
tients), 200 mg TMC207 (15 patients), 300 mg TMC207 (15 patients), 400 mg
TMC207 (15 patients) or Rifafour e-275® (8 patients) (control group) for 14 days.
Loading doses for each of the treatment regimens containing TMC207 were pro-

vided during the first two days of treatment.

Two 16-hour overnight sputum samples were collected pre-treatment and were
used for the calculation of CFU count at Day 0. In addition, overnight sputum
samples were collected daily from Day 1 up to Day 8, and every second day from
Day 10 up to Day 14.
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Methodology

Values for EBA(0-14), EBA(0-2), EBA(2-14) and EBA(7-14) were calculated as
weighted slopes from individual bilinear regression fits (Equation (1.2) (model-
based)). The node (or change point) was identified visually, and assumed to be
the same for all patients in a given treatment group. The EBA was compared
between treatment groups by Holm’s method. In addition, the mean log;o(CFU)
count (per sample day) was modeled through bilinear regression (over time) for

each treatment group.

1.5.1.3 Repeated Measures Linear Regression Models

Hafner et al. (1997)

Objectives

Hafner et al. (1997) investigated the optimization of the methodology for ob-
taining accurate EBA estimates. This trial’s primary objective was to compare
EBA, over 2 and 5 days of treatment, between results quantified by both acid-fast
bacilli (AFB) smears and CFU-cultured agar plates, obtained from either 10-hour

overnight, 2-hour early morning and 12-hour combined sputum samples.

Study Design

The clinical trial was carried out in 16 evaluable TB patients. All patients were
treated daily with combination therapy of 300 mg isoniazid and 50 mg pyridoxine
for 5 days. The first two days of the trial constituted the baseline period.

The 10-hour overnight and 2-hour early morning sputum samples were collected
on each study day. The two mycobacterial loads were quantified as the CFU count
on agar plates (CFU/mL) and AFB in smears (AFB/mL) for each sputum sample.

The weighted average of the 10-hour overnight and 2-hour early morning sputum
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sample was used for the calculation of the 12-hour combined mycobacterial load

(CFU/mL and AFB/mL).

Methodology

The EBA was characterized by the change from baseline in log;o(CFU) count on
Day 2 and Day 5, in both CFU and AFB. The analysis included the characteriza-
tion of EBA as the slope from a repeated measures linear regression model fitted
to data from the 5-day treatment period. The repeated measures linear regression
model accounted for between-patient and within-patient variation of log;o(CFU)
count. The effect of collection volume, collection duration and presence of cavita-
tion on the logyo(CFU) count were also explored. The adjusted mean log;o(CFU)

count and corresponding 95% Cls were presented for each sample type.

1.5.1.4 Nonlinear Regression Models

Gillespie et al. (2002)

Objectives

Gillespie et al. (2002) suggested the use of exponential decay models for the as-
sessment of EBA in TB patients. They fitted the models to data from a previously
published clinical trial, and to data acquired from additional patients recruited in
accordance with the previously published clinical trial’s inclusion and exclusion

criteria.

Study Design

In total, 16 patients received either rifampicin (2 patients), isoniazid (9 patients)
or ciprofloxacin (5 patients). Details of the dosing and sputum sampling schedule
were not provided in this article (a reference to the article discussing the conduct

of the previously published clinical trial was provided).
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Methodology

Two exponential decay models were investigated, namely a single-exponential de-
cay model and bi-exponential decay model. In the notation of Gillespie et al.

(2002), the single-exponential decay model was defined as follows:

V,i=M-e "4+ 8 (1.9)

where V; is the viable CFU count at time ¢, M the CFU population susceptible to
the test drug, S the persistent CFU population prone to solely the sterilizing anti-
TB drugs, and £ the daily rate of decline in CFU count for the CFU population
susceptible to the test drug.

The bi-exponential decay model was defined as an extension of the single-exponential

decay model in the following format:

Vi=M-e ™ 4 §S.e 01 (1.10)

where f is the daily rate of decline in CFU count for the persistent CFU population
prone to solely the sterilizing anti-TB drugs.

The goodness of fit for each of the exponential decay models was assessed by 72,

and the two models were compared by means of an F test.

The time at which the percentage change from baseline in CFU count reaches 50%

(vs0) was calculated for each patient.

The paper of Gillespie et al. (2002) addresses the problem of outliers and unreli-
able CFU counts, and provides an iterative method, based on the goodness of fit
measure 72, for excluding such problematic data points for appropriate modeling
(as described by the exponential decay curves) of the true clinical variability of a

given anti-TB drug.

The paper does not provide detail on the estimation of the model parameters.
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The EBA(0-2) from both the iterative single-exponential decay model and model-
free approach (Equation (1.1)) was calculated. The mean EBA(0-2) and corre-
sponding 95% CI were reported for each of the methods by treatment group.

Gosling et al. (2003a)

Objectives

Gosling et al. (2003a) applied the iterative single-exponential decay model, pro-
posed by Gillespie et al. (2002) (Equation (1.9)), to assess the decline in CFU
count from three previously published clinical trials over a treatment period of
either 5, 7 or 14 days.

Study Design

In total, 85 patients were evaluated who received either 300 mg isoniazid (31 pa-
tients), 600 mg isoniazid (4 patients), 10 mg/kg rifampicin (8 patients), 20 mg/kg
rifampicin (8 patients), 2000 mg pyrazinamide (9 patients), 1000 mg streptomycin
(4 patients), 25 mg/kg ethambutol (4 patients), 2000 mg para-aminosalicylic acid
(4 patients), 150 mg thiacetazone (8 patients), 750 mg ciprofloxacin (5 patients).
Detail on the sputum sampling schedule was not provided (references to the articles

discussing the conduct of the previously published clinical trials were provided).

Methodology

The quantity vsy was calculated for each patient and compared between treatment
groups by means of the Kruskal-Wallis nonparametric ANOVA. Mean v, and

corresponding standard errors (SEs) were reported for each treatment group.
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Gosling et al. (2003b)

Objectives

Gosling et al. (2003b) report a clinical trial of the 5-day bactericidal activity of

moxifloxacin, isoniazid and rifampicin in 43 TB patients.

Study Design

Patients were randomized to receive either daily treatment with 300 mg isoniazid
(16 patients), 600 mg rifampicin (13 patients) or 400 mg moxifloxacin (14 patients)

for 5 consecutive days.

The mean CFU count from two pre-treatment overnight 16-hour sputum samples
was taken as the baseline (Day 0) CFU count. Post-treatment overnight 16-hour

sputum samples were collected daily for 5 days.

Methodology

The iterative single-exponential decay model discussed by Gillespie et al. (2002)
and Gosling et al. (2003a) was used for the calculation of vsg. Similar to Gosling
et al. (2003a), the Kruskal-Wallis nonparametric ANOVA was used to compare vy
between treatment groups. Mean vsq and corresponding 95% Cls were reported
for each treatment group. The model-free EBA(0-2) was calculated for each pa-
tient, and compared between treatment groups by means of the Kruskal-Wallis
nonparametric ANOVA. The mean EBA(0-2) and corresponding 95% Cls were

presented for each treatment group.

Jindani et al. (2003)

Jindani et al. (2003) recognized the fact that the switch of one rate of decline

in CFU count to another (i.e. EBA versus sterilization) is likely to be smooth.
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Those authors thus motivate the fitting of a bi-exponential regression model to

CFU count when the decline is biphasic. The regression function is defined as:

Y, =Cy-eMt 4 Cy-e Rt 48 (1.11)

where Y, is the CFU count at Day ¢, C; and k; are the parameters describing the
initial decline of CFU count, and C, and ks the parameters describing the terminal
decline in CFU count (k; > ks). S represents the remainder CFU count after the

sterilization phase (which cannot be eradicated by the drug administered).

1.5.1.5 Nonlinear Mixed Effects Regression Models
Davies et al. (2006a)

The use of nonlinear mixed effects (NLME) regression models for log(CFU) count
from TB trials was first proposed by Davies et al. (2006a). In contrast to conven-
tional fixed effects models, mixed effects models can be associated with improved
precision of estimates of random effects relative to their fixed effects counterparts,
with more appropriate fixed effects estimates and SEs, and may reduce the bias
caused by missing data. Davies et al. (2006a) reanalyzed the data from Brindle
et al. (2001) by fitting NLME exponential regression models (both mono- and bi-
exponential models) to log(CFU) count over time. The proposed bi-exponential
model took the following form, and was fitted using the “nlme” library of the R
project (Pinheiro et al., 2014; R Core Team, 2014):

10g10(ye) = logyg (e - et 4 efs . emte™) (1.12)

where g, is the CFU count at time ¢, 01, 05, 63 and 6, are the model parameters
similarly to those of Equation (1.10). A distribution was assigned to each of
the model parameters (i.e. random effects) for imposing correlation between the
multiple observations (i.e. log(CFU) counts) observed within the same patient over
time. To compare EBA between treatment groups, the model parameters were

re-expressed as ag = 61 logyy(e) and ay = 63logy,(e) as the respective intercept
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terms, and \; = ¢2log,,(e) and Ay = €% log,,(e) as the respective slope terms.
The model also included covariates, in a linear format, for the intercept terms.
Wald tests were used for statistical inference on the model parameters. Models
were compared using the Akaike Information Criterion, likelihood ratio test and
residual plots. In addition, the effects of HIV status and cavitation score were

tested for the fixed intercept terms aq and «s.

Davies et al. (2006b)

Davies et al. (2006b) performed a simulation study to assess the effect of the
optimization of SSCC sampling schemes on sample size requirements, relating to
the analysis of sterilization of anti-TB drugs. The simulation study was based
on the bi-exponential NLME regression model published by Davies et al. (2006a).
The specific aim of this study was to identify sampling schemes which provide the
highest precision for estimating the parameter pertaining to sterilization activity,
ie. 04 A total of 29 different sampling schemes was investigated which ranged

from 6 up to 11 sampling days.

Rustomjee et al. (2008)

Objectives

In an analysis of a 6-month Phase II randomized clinical trial, Rustomjee et al.
(2008) fitted exponential NLME regression models for the assessment of the ster-

ilization activity of three anti-TB drugs, i.e. ofloxacin, gatifloxacin and moxi-

floxacin, in TB patients.

Study Design

The clinical trial involved 217 patients treated for 8 weeks with either one of the

following drug combinations: Ethambutol, isoniazid, rifampicin and pyrazinamide
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as the control arm (54 patients); gatifloxacin, isoniazid, rifampicin and pyrazi-
namide as the first test arm (55 patients); moxifloxacin, isoniazid, rifampicin and
pyrazinamide as the second test arm (53 patients); ofloxacin, isoniazid, rifampicin
and pyrazinamide as the last test arm (55 patients). Following the 8-week treat-
ment period, the patients were treated with a combination therapy of isoniazid
and rifampicin for an additional 4 months. Detail on the dosing schedule of this

clinical trial is available in the article.

Methodology

For the assessment of the sterilization activities of each of the treatment com-
binations, 10 overnight sputum samples were collected, relative to the start of
treatment, on Day 0, Day 2, Day 7, Day 14, Day 21, Day 28, Day 35, Day 42,
Day 49 and Day 56.

The following NLME regression models (mono-exponential, bi-exponential and

tri-exponential) were investigated (see Davies et al. (2006a)):

IOglo(yt) = 10g10(691 ) e_t'e%) (1'13)
10%10(%) = 10%10(60l : e_t'e% +e% e_t’eeél) (1'14)
log1(y1) = logo(e™ - et el gt el B_t'ees) (1.15)

Here y; represents the CFU count at Day ¢, 61, 03 and 05 the respective intercept
terms (at Day 0) and 65, 6, and 0 the respective slope parameters. A power
function was used to model the potential heteroscedasticity of residuals (error
terms). The bi-exponential regression model was selected as the most appropri-
ate regression model (Equation (1.14)). A multivariate normal distribution was
assumed for the model’s random effects, therefore modeling correlation between
the multiple observations within the same patient. The parameters of the bi-
exponential regression model were estimated through maximum likelihood (ML)

and restricted maximum likelihood (REML) methods. The effects of censoring of
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log(CFU) count reported below the LLOQ), as well as the inclusion of covariates

(such as HIV status), were investigated.

Sloan et al. (2012)

Objectives

Sloan et al. (2012) conducted a longitudinal cohort study for the optimization
of SSCC counting for TB studies in patients located in resource-poor settings.
Specifically, the pattern of CFU count and rate of sample contamination were
compared between 4 different media plate settings. The media plate settings were

as follows:

e Plates treated with Middlebrook 7H10 in combination with 10 mg/mL ampho-
tericin (AmB).

e Plates treated with Middlebrook 7H10 in combination with 30 mg/mL AmB.

e Plates treated with Middlebrook 7H11 in combination with 30 mg/mL AmB.

e Plates treated with Middlebrook 7H11 in combination with 10 mg/mL AmB

and carbendazim.

Study Design

Overnight sputum samples were collected on Day 0, Day 2, Day 4, Day 7, Day 14,
Day 28, Day 49 and Day 56.

Methodology

The mean log;o(CFU) count per timepoint were compared between media plate
settings by means of a t-test, whereas the contamination rates were compared by
use of risk ratios. Multivariate analysis assessing the contribution of patient factors

towards contamination rates were assessed by random effects logistic regression.
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The NLME regression models described by Davies et al. (2006a) were employed

for the assessment of the pattern of log(CFU) count over time.

1.5.2 Time to Positivity

The majority of research papers on the analysis of time to sputum culture con-
version in liquid culture includes survival analysis methods such as Kaplan-Meier
survival rates and Cox proportional hazards regression models (e.g. Rustomjee
et al. (2008)). However, not much literature is available on the regression analy-
sis of TTP data over time. Examples of relevant papers are Diacon et al. (2010,
2012a,c, 2013). In all cases, the analysis of TTP data is similar to the CFU
count data. Hence, the aforementioned literature material on TTP data consists

of regression analysis on a by-patient basis, similar to the case of CFU data.

1.5.3 Summary and Discussion

The above literature review shows that various articles on the application of lin-
ear, bilinear and nonlinear regression models for log(CFU) count have been pub-
lished. Most literature on the EBA and sterilization activity of anti-TB drugs
involved by-patient regression analyses, based on the assumption that log(CFU)
count and time are linearly related. Most authors employed basic statistical tech-
niques such as parametric and nonparametric ANOVA for the analysis of log(CFU)
count. Often the model-free approach (Equation (1.1)) was used for calculation of
EBA(t; — t3).

In order to account for the biphasic nature of log(CFU) versus time curves, two
types of nonlinear regression models have been described in the literature, namely

bilinear and bi-exponential regression.

Diacon et al. (2010, 2012a,c, 2013) performed bilinear regression of log(CFU) count
and TTP against time on a by-patient basis, with visual identification of the node
parameter, and assuming that the node was the same for all patients in a given

treatment group (Diacon et al., 2012a, 2013). Thus, the approach of Diacon et al.
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(2012a, 2013) did not accommodate between-patient variation in the node. EBA
was compared between treatment groups using ANOVA of the resulting by-patient
EBA estimates. Clearly it would seem preferable to estimate the node parameter
from the data, rather than determine it through visual inspection. In addition, it
would seem preferable to fit the model as a bilinear mixed effects regression model

to the data of all patients jointly in a given EBA trial.

Jindani et al. (2003) suggested that the switch of one rate of decline in log(CFU)
count to another might be smooth (rather than abrupt, as would be implied with
a bilinear regression model). Modeling such a smooth transition, Gillespie et al.
(2002) and Jindani et al. (2003) used bi-exponential regression of CFU count
against time. However, in bi-exponential regression models, the initial rate of
decline in CFU count necessarily is greater than the terminal rate. Thus, bi-
exponential regression models do not seem adequate for treatments (and individ-
ual profiles) which are associated with terminal rates of decline that are faster
than initial rates of decline. Such treatments have in fact been described recently
(Diacon et al., 2012a). Furthermore, Gillespie et al. (2002) introduced an iterative
approach for exclusion of outliers in CFU count. It would seem preferable to model
such outliers using robust regression techniques as an alternative to excluding these

outliers from the analysis.

As an alternative to (linear and nonlinear) modeling of log(CFU) count against
time on a by-patient basis, Hafner et al. (1997), Davies et al. (2006a), Davies
et al. (2006b), Rustomjee et al. (2008) and Sloan et al. (2012) used mixed ef-
fects regression models in the form of repeated measures linear and mixed effects
bi-exponential or multi-exponential regression models, assuming normal random
effects. In particular, Davies et al. (2006a), Davies et al. (2006b) and Rustom-
jee et al. (2008) regressed log(CFU) count, observed over 56 days of treatment,
against the logarithm of a bi-exponential function as a mixed effects regression
model. The bi-exponential mixed effects regression model can fit data beyond 14
days of treatment, e.g. for 56-day “SSCC” trials (Rustomjee et al., 2008). The
trial discussed by Rustomjee et al. (2008) shows a clear distinction between the
EBA and longer term sterilizing activity for each of the treatment regimens: More

specifically, per treatment group, the mean log(CFU) count over time suggests
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that the initial slope is substantially larger than the terminal slope. However, an
attempt to fit such a model to data beyond the scope of 14-day EBA trials results
in convergence issues when the terminal slopes are greater than the initial slopes.
Furthermore, with mixed effects regression models, it would seem preferable to
assume distributions for random effects other than the normal distribution for
purpose of sensitivity testing. Regarding statistical inference for model param-
eters, it would seem preferable to calculate exact 95% ClIs as an alternative to
approximate 95% Cls (calculated by the “nlme” library of the R project (Pinheiro
et al., 2014; R Core Team, 2014)).

Existing literature on the regression of TTP data over time is limited to (bilinear)
by-patient analyses (Diacon et al., 2010, 2012a,c, 2013), and thus suggests a more

thorough investigation is required.

1.6 Key Problem Statement and Contributions

The observations stated in the above sections indicate that nonlinear regression
models for log(CFU) versus time data published in the literature might require
some modification and generalization. In particular, this thesis proposes a new
class of biphasic nonlinear regression models for log(CFU) count that comprises
linear and bilinear regression models as special cases. The new regression models
are biphasic, but allow for a smooth transition between the two rates of decline
in log(CFU) count. The regression models approximate bi-exponential regression
models, but are more flexible in the sense that they allow for terminal rates of
decline to be greater than initial rates of decline. The models are implemented as
Bayesian NLME regression models, fitted jointly to the data of all patients from
various trials. Statistical inference about the mean EBA of TB treatments is based

on the Bayesian NLME regression model.

Further contributions made by the research contained in this thesis are summarized

in the “preface” chapter (see Page xxi).
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1.7 List of Associated Research Outputs

A list of research outputs resulting from this thesis, authored or coauthored by
the author of this thesis, is provided below. The statistical contents of the below-

mentioned research outputs are discussed in this thesis in detail.

Paper in Statistical Journal (Peer Reviewed)

Burger, D. A. and Schall, R. (2014a). A Bayesian non-linear mixed effects re-
gression model for the characterisation of early bactericidal activity of tubercu-
losis drugs. Journal of Biopharmaceutical Statistics, in press, published online.
URL: http:// www.tandfonline.com/doi/abs/10.1080/10543406.2014.97117
O#.VGOTH_mUe VM.

Papers in Medical Journals (Peer Reviewed)

Dawson, R., Diacon, A. H., Everitt, D., Van Niekerk, C., Donald, P. R., Burger,
D. A., Schall, R., Spigelman, M., Conradie, A., Eisenach, K., Venter, A., Ive,
P., Page-Shipp, L., Variava, E., Reither, K., Elias, N., Pym, A Von Groote-
Bidlingmaier, F., and Mendel, C. M. (2015). Efficiency and safety of the combi-
nation of moxifloxacin, pretomanid (PA-824), and pyrazinamide during the first
8 weeks of antituberculosis treatment: a phase 2b, open-label, partly randomised
trial in patients with drug-susceptible or drug-resistant pulmonary tuberculosis.

The Lancet, in press, published online.

Diacon, A. H., Dawson, R., Von Groote-Bidlingmaier, F., Symons, G., Venter,
A., Donald, P. R., Van Niekerk, C., Everitt, D., Hutchings, J., Burger, D. A.,
Schall, R., and Mendel, C. M. (2015). Bactericidal activity of pyrazinamide and
clofazimine alone and in combinations with pretomanid and bedaquiline. Ameri-

can Journal of Respiratory and Critical Care Medicine, in press, published online.
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Statistical Technical Report

Burger, D. A. and Schall, R. (2014b). A Bayesian non-linear mixed effects regres-
sion model for the characterisation of early bactericidal activity of tuberculosis
drugs. Technical Report 433, Department of Mathematical Statistics and Actu-
arial Science, Faculty of Natural and Agricultural Sciences, University of the Free
State. URL: http://natagri.ufs.ac.za/dl/Userfiles/Documents/00003/38
02_eng.pdf.



Chapter 2

Mixed Effects Regression Models
for Colony Forming Unit Count

2.1 Introduction

Mixed effects regression models are regression models that contain both fixed and
random effects, and are flexible in modeling repeated measures data, repeated ei-
ther in time or space. In clinical research, the term “repeated measures” usually
refers to measurements made repeatedly over time on the same patient. Typi-
cally, the random effects represent patient-specific effects, whereas the fixed ef-
fects represent the population-level effects of the model. In most situations it is
inappropriate to treat repeated measures data coming from the same patient as
uncorrelated. Mixed effects regression models allow the modeling of correlation
among measurements made on the same patient, either by incorporating random
effects, random coefficients or specification of covariance patterns into the regres-
sion model. Mixed effects models are also appealing in the sense that they allow
one to fit the repeated measures data of all patients in a clinical trial in a single
model, such that the model parameters can vary between patients (hence, the ap-
plicable regression can be tailored for each patient) (Lindstrom and Bates, 1990).

Furthermore, mixed effects regression models appropriately accommodate missing

35
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(when missing at random) and unbalanced data which are regularly encountered

in repeated measures modeling.

Most mixed effects regression models used in practice are linear and assume that
the residual terms are normally distributed (Brown and Prescott, 2006). However,
as mentioned in Chapter 1, CFU counts typically follow a bilinear or nonlinear
pattern over time. Thus, CFU data in general require the use of NLME regression

modeling.

2.2 General Mixed Effects Regression Model

One way of modeling repeated measures data, and specifically log(CFU) count
over time, is to design a regression model that explains the relationship between
the outcome measurement (i.e. log(CFU) count) and time. That is, a quantitative
“time” effect is included as a covariate in the regression model, resulting in a so-

called random coefficients model.

The following sections describe a generalized mixed effects regression model for
modeling log(CFU) counts in a general format, and describe estimation of and

inference on model parameters from a Bayesian perspective.

2.2.1 Mean-Variance Relationship

After log-transformation of CFU data from previous trials (e.g. Diacon et al.
(2012a)), the variance of CFU data over time appears stable, so that one promising
approach to modeling CFU count over time is to regress log(CFU) data against
time. The observation of constant variance on the log-scale suggests that the
mean-variance relationship of the distribution of CFU count on the original scale
is characterized by a constant coefficient of variation (CV). Constant variance of
CFU data on the logarithmic scale is confirmed by the extensive empirical study

reported in Section 4.2.
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2.2.2 Model Specification

This section provides an overview of the general mixed effects regression model
for cases when censoring of CFU count is disregarded. An extension which incor-

porates censored CFU counts into the likelihood is also provided.

2.2.2.1 General Model

In the application of TB trials, the following general mixed effects regression model,
also known as the general random coefficients model, can be assumed for the
log(CFU) counts over time (the model being fitted jointly to the data of all patients

from a given trial):
log(yiji) = f(tijk, dij) + €ij (2.1)

where log(y;;x) represents the log(CFU) count for patient i = 1,..., N; in treat-
ment group j = 1,...,J at timepoint k = 1,..., K;;, and ¢;; > 0 is the corre-
sponding measurement time. Here, N; denotes the number of patients assigned
to treatment group j, and 7; the total number of timepoints across all patients
assigned to treatment group j. Let ijl N; = N represent the total number of
patients in a given trial. Furthermore, the function f describes the relationship be-
tween ¢;;;, and the r x 1 vector of model parameters, ¢;;. The random error terms
for modeling the within-patient variation of log(CFU) counts, €;;;, are assumed
to be independent and identically distributed (i.i.d.) with mean 0 and constant

variance across all measurements within each treatment group.

The vector of parameters is assumed to vary between patients as follows:

@ij = ¢j + pij (2.2)

where the ¢;; (or ¢;;) represent r x 1 vectors of random effects, and ¢; represent
the associated vectors of fixed effects. The fixed effects represent the average
effect for each treatment group. Eventually, the fixed effects allow one to make

inferences on the average EBA or sterilization activities for each of the treatment
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groups. Moreover, since the fixed effects are specified in such a way as to allow
for differences between treatment groups, the extent to which treatments differ
in respect to the average parameters of interest can be assessed. The random
effects, in the other hand, allow for separate regression curves to be fitted for each
patient (since the model parameters are allowed to vary between patients). The
specification of a random coefficients model generally shrinks the estimates of the
random effects (hence, regression estimates per patient) towards the “average”
estimates (or estimates of the fixed effects), thus avoiding outlier estimates of

the random effects which might arise from incomplete data (Brown and Prescott,
2006).

The distributions of €;;;, are assumed independent of the distributions of ¢;;.

In Equation (2.2), the distributions specified for the random effects, ¢;;, should
preferably be symmetrical around 0, such as the normal distribution. For ran-
dom coefficients models, the multivariate normal distribution is commonly used
to model the dependency (or correlation) among all or a subset of the various ran-
dom effects in ¢;;. The truncated normal distribution can also be used to describe
certain elements of ¢;;, should the parameter space of the applicable elements of
¢;; be bounded. Another way to account for random variation around the fixed

effects ¢; is to assume a distribution directly on the ¢;; such that E(¢;;) = E(¢;).

Without loss of generality, assume that vectors ¢;; in Equation (2.2) can be par-

¢(1) ¢§1)
P~ Lb(”] Lbf’

where sets ((bz(.;.), ¢(.1)7 SOS)) and (¢ZJ , ¢(2), gof j)) represent the first and second

subset of vectors, with size m; x 1 and mq x 1, from ¢;;, ¢; and ¢;;, respectively

titioned as follows:

‘P(l)
+ 7% (2.3)
ij

(also provided that my + mgy = r).

Assume qbg) follow multivariate distributions g with mean q’>§-1) and unstructured

my X m; covariance matrices W¥;, so that:

o) ~ g, 0)) (2.4)
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The diagonal entries of covariance matrices ¥; in Equation (2.4) reflect the mag-
)
ij
whereas the remainder entries refer to the covariance between the random coeffi-

nitude of the between-patient variation among the random coefficients of ¢

cients.

Further assume gbwz, ¢(2) and 1/1]Z are the 2z element of qi)z(f), ¢(2) and 1p;, re-

spectively, where z = 1, .. . Accordingly, assume that gbm follow univariate

distributions h, with mean ¢jz and variance or scale parameters v;,, so that:
(2 2

Without loss of generality, the residuals ¢;;, are assumed to follow normal i.7.d.
distributions with mean 0 and variance ¢2; as follows:

eiinlo2 ~ N(0, o2 2.6
J €J

) 5]

Accordingly, the likelihood of qb(l-) ¢§-1), v, ¢(g) ¢(2) 1; and a . for patient ¢

1] 1]
assigned to treatment group j can be written as follows:

L<¢§;>, oD, 05, 02 o ;.02 |yij) (2.7)

m2
1 2 1 1
HP yﬁ] |¢'Ej)7 ’l(/])’ €j> ) ( ()|¢() ])H‘Ph 2]z|¢jz7wjz>
z=1

where P(yill}, ¢, 0%), Py(ei) |5, ;) and th<¢<2>|¢wwgz> denote the

1 1,_7 ' Yeg ijz

probability density function of log(y;;x), d)z and gb respectively, and y;; denote

ijz)

K;; x 1 vectors containing (log[ym], log[yija], - - - ,log[yinij])/.

Let ©® = (01,0,,...,0,)" denote the complete set of p parameters of the model
in Equation (2.1) forall 4 = 1,...,N, j =1,...,J and k = 1,..., K;;. Using
Equation (2.7), the likelihood of ©® can be calculated accordingly. One should
note that patients are only assigned to a single treatment group for all ¢;;;. The
notation ¢ € {j} is used to assign only the treatment group indices (j) for which

the treatment group is applicable to a given patient (i), and therefore, forbid
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irrelevant /non-existing data from the likelihood:

=

J

1 1 2 2
L(®ly) :H H L( 'EJ)’¢.§ )’\Pja¢§j)a¢§ )>¢j>U§j\yij) (2.8)
=1 j:
{5}

J N Kij
= (2 m) 72 T D K (H (afj)_'ZTj) - exp —% Z Z > Ay

J=1

J ma
1111 ( (3|00, w j>~Hth<¢§§i|¢§-?,¢jz>>
’ = z=1

i=1 j=1

ic{j}

where y denotes the ZZ 12 1,i€{j
1,...,N and j(i € {j}) = 1,...,J. The quantities A,j, corresponding to the
contribution which the log (y;;) provide to the likelihood (i.e. the log(CFU) count

}Kij x 1 vector containing y;; for all i =

observed for patient 7 in treatment group j at timepoint k) are defined as follows:

Ay = (10g(yz‘jk) — J ik, Pij) ) i (2.9)

Usj

2.2.2.2 Model Incorporating Censoring

A subset of CFU counts might be reported as zero or “no count” values. Genuine
zero counts will typically occur when, for a given patient profile, CFU counts are
observed over time to decline to near zero values, just prior to observing one or
more zero counts. Thus, genuine zero counts will typically occur towards the end
of a CFU versus time profile. When regressing log(CFU) count against time using
nonlinear regression models, the log(CFU) counts corresponding to either zero
count, or counts reported below the LLOQ, can be specified as a left censored
value of d (formally, log(CFU) < d) (Rustomjee et al., 2008).

Often when mixed effects regression models are fitted, zero counts are imputed
with the LLOQ), i.e. d. However, such imputation can lead to biased parame-

ter estimates, even with modest values of d (Vock et al., 2011). The regression
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model in Equation (2.1) should preferably incorporate the modeling of left cen-
sored log(CFU) counts.

For simplicity, the notation will now be slightly modified: The indices 7, 7 and
k of the model in Section 2.2.2.1 will be ignored, thus focusing only on defin-
ing regression functions per patient, writing f(¢;jx, ¢ij) = f(t,¢). The regres-
sion functions obtained can easily be extended to those of the full model in Sec-
tion 2.2.2.1. Let log (y[t]) denote the log(CFU) count at time ¢, so that a model
can be devised as follows: log (y[t]) = f(t, @) +<(t) where £(t) is some additive er-
ror term at time ¢. Similarly, let log (1[t]) and ¢ denote the mean and variance of
log(CFU) count at time ¢, respectively, so that E(log (y[t])) = log (u[t]) = f(t, @)
and Var(log (y[t])) = Var(e[t]) = o2.

Let Fx denote the cumulative distribution function of the standard normal distri-
bution. When &(t) ~ N(0,02), the density function of log (y[t]) can be extended

as follows:

P(log (y[t))) = (FN {%})p | (ﬂ_;mj | 6(<u><u>)> i

(2.10)
where p = 1 if log (y[t]) = d and p = 0 otherwise.

The contribution of log (y[t]) to the likelihood of Equation (2.8), whether log (y(t))

is censored at d or uncensored, can be altered according to Equation (2.10).

The right censoring of CFU counts reported above the upper limit of quantification
(ULOQ), i.e. log(CFU) > d, is analogous to left censoring.

2.2.3 Bayesian Estimation and Inference

2.2.3.1 General Considerations

The regression parameters of the model in Equation (2.1) can in principle be es-

timated by maximizing the likelihood function of Equation (2.8). A wide variety
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of classical techniques for maximizing this likelihood function is available, and
literature on this topic can be found in Brown and Prescott (2006) and Vonesh
(2012). The Bayesian approach is an alternative to the classical methods. The
Bayesian method involves the derivation of the posterior distribution of model
parameters based on specified prior distributions on the corresponding model pa-
rameters. Subsequently, conditional on the observed data of a given analysis, the

posterior distribution of the model parameters is computed.

Specifically, according the Bayes’s theorem, the joint posterior distribution of the

model parameters in Equation (2.1) can be expressed as follows:

_ L©y) P©)
POW) = Tl Pe)ie

(2.11)

P(®) represents the prior distribution on @, L(®|y) the likelihood as in Equa-
tion (2.8), and [ L(®|y)- P(©)d® is the proportionality constant of the posterior
distribution. The posterior distribution can be utilized for estimation and inference
on the model parameters ®. More specifically, the marginal posterior distribution

of each of the model parameters is used for Bayesian estimation and inference
on ©.

The marginal posterior distribution of a parameter in question is calculated by
integrating the joint posterior distribution over the remainder parameters. Let O,
denote the I parameter of ©, and Oy the set of parameters in © with the "
parameter removed, i.e. Op = (01,0,,...,0;_1,0;1,..., ©,)". The marginal

posterior distribution of ©; is then obtained as follows:

P(O]y) = /P(@Iy)d@)u]

_ J L(®ly) - P(©)dey
J L(®ly)- P(©)d©

(2.12)

Should ©; represent a location parameter (i.e. fixed and random effects), the mean
of the marginal posterior distribution of ©; can accordingly be used to serve as an
estimator of O, (i.e. the estimator which minimizes the associated squared error

loss function). For variance components (i.e. if ©; represents a variance parameter,
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e.g. V;), the median of the marginal posterior distribution of ©; might be a more
appropriate choice of an estimator of ©; than the mean (i.e. the estimator which
minimizes the associated absolute error loss function) (Box and Tiao, 1973). Given
a significance level ay, the 100 - (1 — ;)% Bayesian credibility interval (BCI) of
©;, which is analogous to the 100 - (1 — a)% CI of ©; in classical inference, can
be calculated from the cumulative probability density of the marginal posterior
distribution of ©;.

As depicted in Equation (2.12), the calculation of the marginal posterior distri-
bution of ©;|y generally requires high dimensional integration, which may seem
intractable. The Markov Chain Monte Carlo (MCMC) Gibbs sampling algorithm
(Gelfand and Smith, 1990; Gilks et al., 1996) can, however, be employed to draw
samples from the joint posterior distribution of @y (Equation (2.11)), and as
a consequence, samples from the marginal posterior distribution of ©;|y (Equa-
tion (2.12)) can be obtained. This sampling technique is based on drawing from
the full conditional posterior distribution of each model parameter, conditional on
the latest values of the remaining parameters in the model. The algorithm for the

Gibbs sampler can be summarized as follows (Ntzoufras, 2009):

1. Set initial values for ©, i.e. O,
2. Repeat the following steps for t = 1,...,T iterations:

(a) Set ©® = @D,

(b) Sample ©, from P (6,|®p,y) (i.e. the conditional distribution of ©,
given O and y) for I =1,...,p.

(c) Set O = @©.

Provided that convergence has been reached at the r* iteration, O represents a
valid sample from the joint posterior distribution of ®|y for all r <t < T. Sam-
ples drawn from the full conditional posterior distributions have been shown to
approximate samples from each model parameter’s unconditional joint posterior
distribution once convergence has been reached. The full conditional posterior dis-

tribution of each of the parameters in Equation (2.11) should therefore be derived
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to enable the implementation of the Gibbs sampler. The conditional posterior
distributions of the model parameters are derived from the joint posterior distri-
bution by ignoring terms in Equation (2.11) that do not include the relevant model
parameter. Random sampling from conditional posterior distributions which are
conjugate to their respective prior distributions is convenient. Conversely, calcu-
lations are more difficult in the absence of conjugacy (as such conditional poste-
rior densities are usually of unfamiliar form). Sampling from unfamiliar densities
requires more advanced sampling techniques, e.g. the slice sampler which is con-
venient for densities based on a restricted parameter range (e.g. in the application
of the truncated normal distribution) (Neal, 2003). In practice, software such as
WinBUGS and OpenBUGS, which is efficient in implementing MCMC procedures,
can be employed to carry out the Gibbs sampling procedure (Lunn et al., 2009).

The main difference between Bayesian and classical ML estimation is that the pos-
terior density in a Bayesian setup is fully evaluated, whereas with ML estimation,
parameter values (and their corresponding SEs) which maximize the likelihood are
reported (Farrel and Ludwig, 2008). In Bayesian inference, the SEs are calculated
directly from the posterior distribution, and therefore, the problem of bias does
not arise in a Bayesian framework (Brown and Prescott, 2006). In cases when
the sample sizes are large and the prior distributions are “objective”, Bayesian
inference usually yields results similar to those by classical methods such as ML
estimation (SAS Institute Inc., 2008).

One important advantage of Bayesian inference is that it does not rely on asymp-
totic approximations, as classical inference methods do for complex models (SAS
Institute Inc., 2008). Bayesian methods are therefore attractive for inference in
complex models such as NLME regression modeling. Furthermore, classical infer-
ential methods applied to mixed effects regression models might yield estimates
of variance components that are negative. When performing Bayesian analyses
instead, such undesirable estimates can be avoided by the specification of prior
distributions for the variance components covering only parameter spaces lying
above 0 (Brown and Prescott, 2006). Furthermore, Bayesian inference adheres
to the likelihood principle, as opposed to some classical inference methods which

violate the likelihood principle (Press, 1989). The main criticism of the Bayesian
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framework concerns the selection of prior distributions, and care should be taken
in this regard to avoid misleading results (Robert, 2007). The prior distributions
should preferably be specified to assure vagueness with regard to prior belief on the
model parameters (i.e. the specification of objective prior distributions). However,
Robert (2007) has highlighted that Bayesian hierarchical models (such as Bayesian
mixed effects regression models) are less sensitive to the choice of prior distribu-
tions (unlike models with no hierarchical structure), and thus may lift the burden

of the misspecification of prior distributions to some extent.

2.2.3.2 Model Selection

Alternative NLME regression models can be explored via various Bayesian model

selection tools, and may be fitted to assess:

e Alternative shapes of the log(CFU) versus time profiles, e.g. assuming a linear,
bilinear or biphasic relationship between log(CFU) count and time.

e The sensitivity of results to the choice of prior distributions.

e Alternative distributions for random effects and residuals (error terms).

Two methods for discriminating between various regression models can be con-

sidered: The deviance information criterion (DIC) (Spiegelhalter et al., 2002) and

Bayes factors (Kass and Raftery, 1995), both of which can take model uncertainty
into account (Ward, 2008).

Deviance Information Criterion

The DIC is a model adequacy and goodness of fit measure, and is defined for
Model M as follows:

DIC(M) = 2D(Opm, M) — D(B,y, M) = D(Bpn, M) + 2pyn (2.13)
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where 60,, is a d,, X 1 vector of model parameters, y is an n x 1 vector of observed
data, D(0p,, M) = —21og(f(y|@m, M)) is the conventional deviance measure (i.e.
minus twice the log-likelihood), @,,, and W are the mean of the posterior
distribution of @,,, and D(6,,,, M), respectively, and p,, = D(0pm, M) — D(0,,, M)

is the number of “effective” parameters.

The quantity DIC(M) is therefore a measure which takes both goodness of fit
and complexity of Model M into account, and is appropriate for assessment of
the predictability of random effects in Model M (Spiegelhalter et al., 2003). The
model with the smallest DIC is considered to fit the data best. However, the DIC
measure may be unreliable in cases where 6,, is an unreliable estimator of 6,y,
(Ntzoufras, 2009).

Bayes Factors

When comparing two models, say Model M, and Model M, based on the posterior
probability of each of the models given the data, the Bayes factor in favor of M,
is defined as follows:

By = HylMo) (2.14)

f(y|My)
where y is an n x 1 vector of observed data, and f(y|M,) and f(y|M;) are the
marginal likelihoods of y under Model My and Model M;, respectively.

Equivalently:
log(Bo1) = log(f[y|Mo]) — log(f[y[Mi]) (2.15)

Unlike the DIC, Bayes factors do not explicitly include a term that penalizes
model complexity, but rather incorporate the latter in the marginal likelihood of a
given model automatically (Ward, 2008). Furthermore, the DIC compares models
conditional on their model parameters, whereas the Bayes factors compare models

on a marginal basis.

In the case of NLME regression modeling, the marginal likelihoods in Equa-

tion (2.14) need to be approximated. Approximation techniques for marginal
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likelihoods include the Laplace-Metropolis approximation (Raftery, 1996; Lewis
and Raftery, 1997), and the harmonic mean (Newton and Raftery, 1994), impor-
tance (Newton and Raftery, 1994), bridge (Meng and Wong, 1996) and Chib’s
(Chib, 1995) sampling estimators. It should be noted that in some cases the har-
monic mean sampling estimator has infinite variance (which does not adhere to
the central limit theorem) (Wolpert and Schmidler, 2012) and preferably should

be avoided.

The Laplace-Metropolis approximation, in its general form, for log(f(y|M)) is
given by the following expression (Ntzoufras, 2009):

dm

log(f(y|M)) :%dm log(27) + %log |Re,,| + Zlog(sj) (2.16)

7j=1

+ > 1og(f[YilOm, M] +Zlog (O M])
=1

where 0,,; and s; are the mean and standard deviation (SD), respectively, of
the posterior distribution of 6,,;, and |Re,,| is the determinant of the d,, x d,
correlation matrix of the posterior distribution of 8,,,, f(1i|@m, M) is the likelihood
of the ' observation, conditional on 8,,, and f(6,,;|M) is the prior probability

density of 6,,; (7 model parameter) evaluated at 0,,;.

The model with the largest log-marginal likelihood, i.c. log(f(y|M)), is considered
to fit the data more appropriately. The Laplace-Metropolis approximation in
Equation (2.16) is based on asymptotic theory of the normal distribution, and

works well for symmetric posterior distributions of 8,, (Ntzoufras, 2009).

In mixed effects models, the calculation of the Laplace-Metropolis marginal like-
lihood requires that the random effects included in each patient’s likelihood func-
tion, i.e. f(yi|@m, M), are integrated out. This marginal likelihood (after inte-
grating out the random effects) is referred to as the compound Laplace-Metropolis
marginal likelihood (Lewis and Raftery, 1997). Here, |Ry,,| and s; are associated

with fixed effects and none of the variance hyperparameters of random effects,
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whereas both fixed effects and variance hyperparameters of random effects are

taken into consideration for f(6,,;|M).

2.2.3.3 Model Checking

Model checking can include the assessment of the predictive performance of the
regression model using the posterior predictive distribution of replicated data yg.
The goodness of fit between replicated and observed data can be assessed accord-
ingly (Ntzoufras, 2009). The posterior predictive distribution of yy is given by the

following expression:

Flysly) = / f(ys, 6y)do = / F(ys10)1(6ly)d6 (2.17)

where y¢, y and 0 represent a f x 1, n x 1 and d x 1 vector of replicated and

observed data, and model parameters, respectively.

The aforementioned approach has been criticized because of its double use of the
data, and as a result, Geisser and Eddy (1979) proposed the use of the leave-one-

out cross-validation predictive distribution instead, namely:

Flily) = / F(5:10) £ (816 (2.18)

where yp;) represents the vector y with the ith observation (i.e. ;) omitted.

The quantity f(y;|yp)) in Equation (2.18) is also known as the conditional posterior
ordinate (CPO), and can be estimated by the following;:

o 1 & 1 B
CPO, = (Z > W) (2.19)

=1

where 8® represents the vector of posterior MCMC samples from @ at iteration

[. The (%Z estimate can be interpreted as the harmonic mean of the probability
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distribution of y; for each 8, where [ = 1,2, ..., L following the simulation burn-

in period.

A large number of small C/PT)Z estimates would indicate a poor fit of the candidate
model. Such (TPY)Z estimates can be used to identify possible outliers in the data.
Conversely, the reciprocal of @i, or ﬁ??)i, can be used to assess model fit.
Estimates of ﬁ)l > 40 and @Z > 70 highlight possible or extreme outliers
in the data, respectively (Ntzoufras, 2009).

2.3 Regression Functions

Now that a formulation of the general mixed effects regression model for model-
ing log(CFU) counts has been given (see Section 2.2.2.1), the underlying regres-
sion functions (having a common structure across all patients), f(¢;jx, ¢4;), which
appropriately describe log(CFU) count over time, should be selected. The sim-

plified notation used in Section 2.2.2.2 will be used from here onwards, such as

f(tijr, i) = f(t, D).

If it is assumed that the rate of change (decrease) in expected CFU count at time
t is proportional to the expected value at time ¢, u(t), the following well-known

differential equation is obtained:

S — @) - ult) (2.20)

Here A(t) > 0 is the proportionality function and characterizes the rate of decrease.

From Equation (2.20) it follows that:

S pydt (2.21)

Integrating both sides of Equation (2.21) results in:

/ L) =c - / ()t (2.22)

u(t)
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with solution:

log(u[t]) = C — /)\(t)dt (2.23)

where C is some constant, obtained after integration.

To include a parameter describing the intercept of the regression function in Equa-
tion (2.23) by a single parameter «, assume the condition log(u[0]) = « and solve
for C:

C=a+ /A(O)dt (2.24)

Replacing C in Equation (2.23) with Equation (2.24) results in the following re-

gression function:

log(ult]) = a + / A(0)dt — / A(#)dt (2.25)

In the following sections various functions are discussed which might appropriately
describe A(t) in the application of regression modeling of CFU count over time.
The regression model with constant rate of change (mono-exponential or log-linear
regression model) is described first, and then generalized to various other regression
models incorporating two rates of change (initial and late), and to a regression

model that allows for a smooth transition from the first to the second phase.

2.3.1 Linear Regression Function

In Equation (2.25), assuming A(t) is constant for all ¢:

A(t) = X (2.26)

the following is obtained:
log(plt])) =a—A-t (2.27)

Equivalently to Equation (2.26), one can write:

p(t) =e® - e (2.28)
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where o and A can be interpreted as the intercept and slope (or rather, parameter

characterizing the rate of decline), respectively, of the regression function.

Figure 2.1 shows an example of the expected log(CFU) count and its correspond-
ing rate of decline from a linear regression function over time, i.e. plot of Equa-
tion (2.26) and Equation (2.27), of a patient from a typical 14-day EBA study.
For Figure 2.1, the expected log(CFU) count in Equation (2.26) is assumed to
be declining constantly over time, i.e. A > 0. For this example, the regression

parameters are set at a =7 and A = 0.1.

Based on Equation (2.28), one can postulate the following multiplicative mono-

exponential regression model for y(¢), namely:

y(t) = e e M. 5 (2.29)

where e® is a multiplicative error term at time ¢t. However, conventionally the
CFU counts y(t) are transformed logarithmically, which leads to the log-linear
regression model:

log(y[t]) =a—X-t+&(t) (2.30)

In summary, the assumption of a constant rate of change in CFU count over
time leads to the mono-exponential regression model in Equation (2.29), and after
logarithmic transformation, the simple log-linear regression model (single slope)
of log(CFU) count against time in Equation (2.30). The linear regression model
implies that f (¢, ¢) in Section 2.3 can be written as

f(taqb):a_)"t

where ¢ = (a, A)’. This regression model is referred to as the linear mixed effects

regression model when fitted to CFU data of all patients jointly.
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Figure 2.1: Example Plot of Expected log(CFU) Count (log[{t}]) and Corre-
sponding Rate of Change (A[t]) Over Time from Linear Regression
Function
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2.3.2 Bilinear and Nonlinear Regression Functions

As mentioned earlier, previous analyses of CFU count have suggested that profiles
of log(CFU) count over time follow bilinear or nonlinear patterns over time. In
this case, the rate of change in CFU count itself changes over time. The regression

model in Equation (2.25) is therefore assumed in this regard.

2.3.2.1 Conventional Bilinear Regression Function

Bilinear regression modeling of log(CFU) count against time, with slopes A; and
A2, 18 equivalent to the assumption that, from time 0 up to some time k, the rate
of change is A1, and after time x, the rate of change is Ay (therefore implying
an “instant” change in the rate of decline of log(CFU) count at time ). Under
the bilinear regression model, the rate of change as a function of time is a step

function, with change point at time k.

When A(t) (see Equation (2.25)) is a step function, the following is obtained:

A t <
A(t) = { boor=n (2.31)
)\2 t>kK

Figure 2.2 and Figure 2.3 show examples of the rate of decline in expected log(CFU)
count over time, as described by a step function, i.e. plot of Equation (2.31), of
a patient from a typical 14-day EBA study. Figure 2.2 depicts a situation where
the rate of decline from time 0 up to time x is smaller than the rate of decline
after time &, i.e. A\; < Ay. For this example, the regression parameters are set at
A = 0.1 < Ay =0.45, and kK = 7. Figure 2.3 depicts a situation where the rate
of decline from time 0 up to time & is larger than the rate of decline after time &,
i.e. Ay > Ag. For this example, the values of the slopes in Figure 2.3 are reversed

(as opposed to Figure 2.2), i.e. A\; = 0.45 > Ay = 0.1.
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Figure 2.2: Example Plot of Rate of Change in Expected log(CFU) Count (A[t])
Over Time Modeled by Step Function: A\; < A,
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Figure 2.3: Example Plot of Rate of Change in Expected log(CFU) Count (\[t])
Over Time Modeled by Step Function: A\; > A,
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Substituting Equation (2.31) in Equation (2.25):

a—fg)\ldt t<k

. ; (2.32)
a— [y dt— [ hodt t>k

log(u[t]) = {

Completing the integration leads to the following conventional bilinear regression

model:
o — A -t t<k

log (1)) = { (2.33)

Oé‘i‘()\g—)\l)'/i—)\z't t>kK

Here, a and k are the intercept and node (or inflection point) parameter, respec-
tively, and the slope A; characterizes the linear decline on or before the node

(t < k), while the slope Ay characterizes the linear decline after the node (¢ > k).

The bilinear regression function reduces to the conventional linear regression func-

tion (see Equation (2.27)) when A\ = Xs.

Figure 2.4 and Figure 2.5 show examples of bi-linear regression functions of log(CFU)
count over time, i.e. plot of Equation (2.31) and Equation (2.33), in analogy to

information contained in Figure 2.2 and Figure 2.3, also provided that o = 7.

Finally, it is noted that the regression model in Equation (2.33) can be parame-

terized as follows:

A+ A
g =M : 2
A2 — A
gr=22
so that Equation (2.33) becomes:
a— (B — Ba) -t t<kK

log(u[t]) = { (2.34)

a+2-By-k—=(Br+Ba) 1t t>K

The parameters $; and (5 are the average of and half the difference between the

two rate constants A; and Ao, respectively.
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Figure 2.4: Example Plot of Expected log(CFU) Count (log[{t}]) and Corre-
sponding Rate of Change (A[t]) Over Time from Bilinear Regression
Function: A\; < Ag
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Figure 2.5: Example Plot of Expected log(CFU) Count (log[{t}]) and Corre-
sponding Rate of Change (A[t]) Over Time from Bilinear Regression
Function: A\; > Ag
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Based on Equation (2.34), a bilinear regression model for y(¢) is obtained, namely:

a— (B — o) t+e(t) t<r

(2.35)
a+2- Py k— (B + P2) t+e(t) t>kK

log(yl[t]) = {

where £(¢) is an additive error term at time t.

In summary, the bilinear regression model in Equation (2.35) implies that f(¢, ¢)

in Section 2.3 can be written as

a—(Br— )t 1<k
a+2-Po-k—(f1+Pa) 1 t>k

where ¢ = (a, f1, B2, k). This regression model is referred to as the conventional
bilinear mixed effects regression model when fitted to CFU data of all patients

jointly.

2.3.2.2 Nonlinear Regression Functions

As has been pointed out by Jindani et al. (2003), the switch from one rate of
decline in log(CFU) count to another might be smooth, rather than abrupt as
is implied with by the bilinear regression model in Equation (2.35). In order to
model a smooth transition, one can use a monotonic function that interpolates
between the early rate of decline, A\;, and the late rate of decline, Ay. A class
of such functions is formed by linear transformations of cumulative distribution
functions (Seber and Wild, 1989). Various other regression functions derived from
functions which provide smooth modeling of the step function in Equation (2.31)
are described in the next few sections. It will be noted that the bi-exponential
regression function, as used for modeling of log(CFU) count as by Davies et al.
(2006a), Davies et al. (2006b), Rustomjee et al. (2008) and Sloan et al. (2012), is

based on a smooth version of the aforementioned step function.
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Differential Hyperbolic Tangent Regression Function

When A(t) (see Equation (2.25)) follows a hyperbolic tangent function, one has:

t—

AM+A A=A e —e
= + ' t—kK t—kK
2 2 e +e ~

x
o~
|
=

Alt)

(2.36)

where kK > 0 and v > 0.

The hyperbolic tangent function in Equation (2.36) is essentially a smooth version
of the step function in Equation (2.31). For small ¢, the function A(¢) tends to
A1, ie., limy_o A(t) = A, and similarly, for large ¢, the function A(t) tends to Ay,
i.e., limy .o A(f) = Ag. Thus, when assuming A\; < Ao, the parameters \; and A,
are the minimum and maximum values of A(t), respectively. Vice versa, when
assuming A\; > Ao, the parameters \; and Ay are the maximum and minimum
values of A(t), respectively. Furthermore, A(k) = (A1 + A2)/2, so that k can be
viewed the node at which transition within A(¢) occurs. Lastly, the parameter v
governs the “smoothness” or the “speed” of the transition from rate A\; to rate As.
As v — 0, the switch from \; to Ay is rapid, whereas the switch slows down as

moves further away from 0.

With A(¢) as in Equation (2.36), the following regression model for log(u[t]) is
obtained by calculating the integral in Equation (2.25):

log(p[t]) = a — At e t— A2 — A1 -y -log (67“—{_—6:> (2.37)

2 2 &5 +e s

For the regression function in Equation (2.37), « is the intercept, s the node
parameter, v the “smoothness” parameter, whereas A\; and Ay are the respective

slope parameters.
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—K

Note that, for small ¢ (and small 7 relative to ), the term ¢S tends to Z€ro,

while the term e 7 becomes large. Thus, for small ¢, log(u[t]) becomes:

log(ult]) m o — 2EA2 Az AL (—)

2 2 er +e v
AL+ A Ay — A t— . P
Noo— Lt 24 2 Ly R+log<e?+67?>
2 2 0%

A2 — A P 5
~ (a— 22 1~</€—’y-log[ew+ev]))—)\1-t

Therefore, for small ¢ (¢ < k), log(u[t]) declines linearly with slope —\;.

Vice versa, for large t, the term e becomes large, while the term ¢~ tends

to 0. Thus, for large ¢, log(u[t]) becomes:

DYDY Ay — A =
log(u[t]) = a — Lt 22 1'7'10g<ﬁe—>

2 2 e?—ke_%
A A Ao — A t— r .
~ o — Lt 22 1-7- K—log(ﬁ—i—e_?)
2 2 y

~ (a—k)\Z;)\l-(/{—l—v-log [e:+e:}>) — A -t

Therefore, for large t (¢t > k), log(p[t]) declines linearly with slope —A,.

From hereafter, the regression function in Equation (2.37) will be referred to as

the differential hyperbolic tangent regression function.

Similar to the bilinear regression function, the differential hyperbolic tangent
regression function reduces to the conventional linear regression function when
A1 = Ay. Furthermore, the differential hyperbolic tangent regression function
(see Equation (2.37)) is a “smooth” version of the bilinear regression model (see
Equation (2.33)). In fact, the regression function in Equation (2.33) is a spe-
cial case of the regression function in Equation (2.37) when 7 — 0. Impor-
tantly, for small ¢ (when Ay > Ay > 0), the variable u(t) (i.e. CFU count

on the original scale) is approximated by an exponential function C; - e~
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where C] = exp (a — % . |:/£ — v -log {e% + e_%}D, and for large ¢, the vari-

— Aot

able p(t) is approximated by an exponential function Cs - e , where Cy =

exp (a + )‘2?1 . [/{ + v - log {es + 6_%}]). In that sense, both Equation (2.33)

and Equation (2.37) approximate bi-exponential regression functions.

Figure 2.6 and Figure 2.7 show examples of the expected log(CFU) count and
its corresponding rate of decline from a differential hyperbolic tangent regression
function over time, i.e. plot of Equation (2.36) and Equation (2.37), of a patient
from a typical 14-day EBA study. Figure 2.6 depicts a situation where the rate of
decline from time 0 up to time & is smaller than the rate of decline after time &, i.e.
A1 < Ag. For this example, the regression parameters a = 7, Ay = 0.1 < Ay = 0.45,
and k = 7 are kept fixed, but showed for different values of 7, i.e. 7€ {0.1,1,2,4}.
This figure shows how the rate of change changes faster for values of v closer to 0.
In Figure 2.7, the rate of decline from time 0 up to time & is larger than the rate
of decline after time k, i.e. A\; > Ay. For this example, the values of the slopes in

Figure 2.7 are reversed (as opposed to Figure 2.6), i.e. A\; = 0.45 > Ay = 0.1.

When (; and 3, are the average of and half the difference between the two rate con-
stants A; and Ao, respectively (analogous to Equation (2.34)), then Equation (2.37)

becomes:

log(plt]) =a— -t — B -log (%) (2.38)

Thus one has the following nonlinear regression model for log(y(t]):

t—k

6% +e v

a2 _k
ev+e v

) +e(t) (2.39)

where £(t) is an additive error term at time t.

In summary, the differential hyperbolic tangent regression model in Equation (2.39)

implies that f(¢, ¢) in Section 2.3 can be written as

f(t,¢»):a—ﬁl~t—52-fy-log<%>

ev+e v
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Figure 2.6: Example Plot of Expected log(CFU) Count (log[{t}]) and Corre-
sponding Rate of Change (A[t]) Over Time from Differential Hyper-
bolic Tangent Regression Function: A\; < Ay
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Figure 2.7: Example Plot of Expected log(CFU) Count (log[{t}]) and Corre-
sponding Rate of Change (A[t]) Over Time from Differential Hyper-

bolic Tangent Regression Function: A\; > A
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where ¢ = (a, 81, B2, k,7). This regression model is referred to as an NLME
regression model when fitted to CFU data of all patients jointly.

Bi-Exponential Regression Function

A model that has been used in literature for CFU data is the bi-exponential
regression function (Davies et al., 2006a,b; Rustomjee et al., 2008; Sloan et al.,

2012) for u(t), or, after logarithmic transformation:

log(u[t]) = log (€™ - et + % . e ) (2.40)

where it is assumed that \; = e and \y = €.

The parameters 6; and 6,
control the intercept term of the regression function, whereas A\; and A\, are pa-
rameters governing the rate of decline during the initial and terminal phase of the
observation period, respectively. The first and second slope are expressed as the
exponents of #3 and 64, respectively, to ensure numerical stability when estimated
from CFU data over time (Rustomjee et al., 2008). Such parameterization of the
bi-exponential regression function does not allow for increasing CFU versus time

profiles.

Differentiating Equation (2.40) with respect to ¢, one can write the corresponding
A(t) (Equation (2.25)) as follows:
Ap-elt ety el et

)\(t) - 691 . e*)\l't + 692 . e*/\Q't (241)

The regression function in Equation (2.40) can be written as:

log(u[t]) = log ([691 : 6_)‘1'75} [1 4 ef2—0n, 6—(/\2—A1)-tD
= (0 — A\ - t) + log (1 + 201, 6_(>‘2_)‘1)'t)
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Without loss of generality, assume that A\; > A\o. In that case, for large ¢, the term

O2—01 ., ,—(X2—

e e At hecomes much larger than 1 so that:

log(p[t]) ~ (61 — A1 - t) + log (e - emRemA) = 9, — N, -t (2.42)

Equation (2.42) implies that, with the conventional bi-exponential regression func-
tion, the terminal slope (i.e. Ay) is always smaller than the initial slope (i.e. A;).
The bi-exponential regression function, therefore, is suitable only for situations
when CFU count initially decreases fast, followed by a slower rate of decrease.
The conventional bi-exponential regression function cannot accommodate an ini-
tially slow rate of decrease, followed by a faster rate of decrease in the terminal

phase.

Similar to the previously discussed regression functions, the bi-exponential re-

gression function also reduces to the conventional linear regression function when

91 = 92 and )\1 = )\2.

Figure 2.8 shows an example of the expected log(CFU) count and its corresponding
rate of decline from a bi-exponential regression function over time, i.e. plot of
Equation (2.40) and Equation (2.41), of a patient from a 56-day “SSCC” study.
For this example, the regression parameters ¢; =7, A\; = 0.4, and 6, = 5 are kept
fixed, but showed for different values of Ay, i.e. Ag € {0.07,0.06,0.05,0.03}.

Thus one has the following nonlinear regression model for log(y[t]):

log(y[t]) = log (" - e M € - e72") 4+ £(¢) (2.43)

where £(t) is an additive error term at time t.

In summary, the bi-exponential regression model in Equation (2.43) implies that
f(t,¢) in Section 2.3 can be written as

f(t, ¢) = log (691 . 6—)\1~t + 692 . 6_)\2.15)
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Figure 2.8: Example Plot of Expected log(CFU) Count (log[{t}]) and Corre-

sponding Rate of Change (A[t]) Over Time from Bi-Exponential Re-
gression Function
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where ¢ = (91,)\1,02,/\2)/. This regression model is referred to as an NLME
regression model when fitted to CFU data of all patients jointly.

Other “Bi-Linear” Regression Functions as Limiting Case

Regression functions made up of two intersecting line segments as a limiting case
have been proposed by various authors. Among others, the following “bilinear”

regression functions have been proposed:

A regression function adapted from that proposed by Ratkowsky (1983), which
is a reparameterized version of the regression function suggested by Griffiths and
Miller (1973):

log(u[t]) =601 — 02 - (t — 04) + O34/ (t — 04)> + 62 (2.44)

where 01 + 0y - 04 + 03 - \/m is the intercept and 0y — 2 - #5 and 0y + 2 - 03
the respective regression slopes (or parameters characterizing the rate of decline)
of the regression function, and 6, is the node at which the slope transitions from
one rate of decline to another. The parameter 05 governs the “speed” at which

transition from one slope to another occurs.

The following regression function proposed by Bacon and Watts (1971) uses the
hyperbolic tangent function as the transition function between line segments, and

also results in a smooth “bilinear” regression function as a limiting case:

t—6y =0y
e% —e %
log(u[t]) = 61 — 92 . (t - 94) + (93 : (t - 94) C e, 64 (245)

e’% +e %

where
L2 _ b
e% —e %
O+ 0y 05— 0304 ———
e’ +e %

is the intercept and 6y — 03 and 65 + 05 the respective regression slopes (or pa-

rameters characterizing the rate of decline) of the regression function, and 6y is
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the node at witch the slope transitions from one rate of decline to another. The
parameter 05 governs the “speed” at which transition from one slope to another

occurs.

The regression function proposed by Grossman et al. (1999) was used to model

the persistency in milk lactation, and is written as follows:

t 04
€% +ef%

10g(u[t]) = 01 — 92 -t — 95 : (93 — 62) . log <—04) (246)
1+4+e%

where 6; is the intercept and 6y and 63 the respective regression slopes (or pa-
rameters characterizing the rate of decline) of the regression function, and 6, is
the node at witch the slope transitions from one rate of decline to another. The
parameter 05 governs the “speed” at which transition from one slope to another

occurs.

One can therefore note that the regression functions in Equation (2.44), Equa-
tion (2.45) and Equation (2.46) are similar to the differential hyperbolic tangent

regression function in Equation (2.38).

2.3.3 Summary

From the previous sections, the following regression functions have been suggested
for f(t, ) in Section 2.3:

Linear regression function (Equation (2.27)).

Conventional bilinear regression function (Equation (2.34)).

Differential hyperbolic tangent regression function (Equation (2.38)).

e Bi-exponential regression function (Equation (2.40)).

Among the various suggested regression functions, the differential hyperbolic tan-

gent regression function seems to be most flexible since this function:
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e Reduces to the linear regression function when A; = As.
e Contains the smooth bilinear regression function as a special case (y — 0).

e Is more flexible than the conventional bi-exponential regression as the latter
cannot produce regression curves where the initial rate of decrease is slower

than the terminal rate.






Chapter 3

Statistical Methods: Colony

Forming Unit Count

3.1 Introduction

This chapter presents statistical methods for the assessment of CFU data. Re-
gression models presented in Section 2.3 can be fitted to CFU data either on
a by-patient basis, or fitted to the data of all patients jointly as mixed effects

regression models (see Section 2.2).

3.2 General Considerations

When fitting regression models to CFU data, the following three important as-
pects, namely the identification of censored data, handling of sparse data profiles
of individual patients, and outliers in the data should be considered (Burger and
Schall, 2014b):

71
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e Data or “analysis variable”: Provided that two CFU plate counts, denoted
by CFU; and CFUs,, are associated with a given sputum sample from two dif-

ferent plates, the CFU count is calculated as follows:
1 R
CFU = 3 (CFU; + CFUy) x 20 x 10diution (3.1)

In the above formula, the factor “20 x 1091t°n” compensates for the dilution
of the specimens during the culture process, converting the result back to the
actual CFU count per mL. Then log (CFU) is given by:

log (CFU) = log,, (CFU) (3.2)

e Censored data: CFU counts of zero must be identified and confirmed to be
“genuine”, i.e. genuine zero counts must be distinguished from missing CFU
values, or from contaminated or otherwise invalid data. Genuine zero counts
are valid data and should preferably be included in the analysis as censored
observations (see Section 2.2.2.2) (Rustomjee et al., 2008). Here, zero CFU
counts will be specified as a left censored value of 1, i.e. log,,(CFU) < 1.
Rationale: The smallest possible CFU count above zero is 1 for the count from
one of the two plates and zero for the count from the other plate, with zero

dilution, leading to a calculated log(CFU) count of:
log(CFU) = log,,([{0 4 1} /2] x 20 x 10°) = log,,(10) = 1

CFUs which are too numerous to count should be right censored at the corre-
sponding ULOQ), e.g. log,,(CFU) > d.

e Sparse data: When the data for a given patient is sparse, several problems

might occur when fitting the regression model to the data of individual patients.

— Over-fit of the regression model: It might be inappropriate to fit two slope

parameters when there are only 4 or 5 data points.

— Slope parameters cannot be identified: When data are available only either
in the early part or in late part of the study period, it might not be possible

to identify and estimate both slope parameters.
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— The node cannot be identified: If the data in the middle of the study period
are missing, the node parameter cannot be identified (which can imply that

the slope parameters cannot be identified).

— Convergence problems when trying to fit the regression model.

e Outliers: Outliers in CFU count might be present in the data due to erroneous
sampling or reporting of the data, or such values might be true observations,
but of extreme nature. As suggested by Gillespie et al. (2002), when individual
fitting of the regression function to log(CFU) count is of concern, it is important
to exclude implausible data points, i.e. data points causing irregularities in the
pattern of an individual patient’s CFU count over time (i.e. those not adhering
to an expected longitudinal biologic pattern). Such outliers may produce unre-
liable parameter estimates, which may subsequently jeopardize the validity of

the statistical inference of EBA.

Statistical inferences based on regression modeling of CFU count over time need

be robust to the aspects listed above.

3.3 By-Patient Fit of Regression Models

The analysis strategy for CFU count should preferably be pragmatic and robust.
As is done in most TB trials (see Section 1.5), by-patient regression modeling is
the relatively simple fit of appropriate regression models to the data of individual

patients.

The regression models discussed in Section 2.3 can be fitted to CFU data on an

individual (or “by-patient”) basis:

log(y[t]) = f(t, @) +(t) (3.3)

where f(t, @) is the appropriate base function, and () ~ N(0,0?) is an additive

error term at time ¢. (For a summary of various base functions, see Section 2.3.3.)
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As previously noted in the literature review of Chapter 1, log(CFU) count is usually
calculated using the logarithm to the base of 10 (see Section 1.5). The regression
models in Section 2.3 could therefore be adjusted so that log;,(y) = log(y)/log(10).

This leads to the re-specification of the regression models as follows:

[t @) +e(t)

log (10) (3.4)

logyo(y[t]) =

Such adjustment as in Equation (3.4) is not taken into account since the “log(10)”
counterpart is absorbed into the model parameters and error terms (in effect, the

regression model is merely multiplied by a constant term).

From the individual regression fits, the relevant model parameters, per patient, can
be estimated, together with their SEs. Similarly, relevant patient-specific EBA val-
ues from these regression fits to the data of each patient can be calculated. Both
the patient-specific model parameters, and the patient-specific EBA values can
then be compared between treatment groups using standard techniques such as
ANOVA or analysis of covariance (ANCOVA). The ANOVA or ANCOVA should
preferably allow for different variances across treatment groups. In this way, treat-
ments can be compared and the significance of between-treatment differences in

EBA values can be assessed.

The nonlinear regression models can be fitted, for each patient separately, to the
log(CFU) versus time data using the SAS® procedure NLMIXED (SAS Institute
Inc., 2008) via ML estimation. Basic SAS® code for fitting the differential hyper-
bolic tangent regression model (Equation (2.39)) to the data of individual patients
of a typical 14-day EBA study is presented in Section B.1 (Appendix B). When the
data contain censored values, the database should include an indicator variable,
called “censor” (say), which take on a value 0 for non-censored data and a value
of 1 for censored data. The dependent variable, log(CFU) count contains the cal-
culated log(CFU) count value for non-censored data, and the value log(CFU) = 1
for left censored data. When fitting the nonlinear regression model above, the
node parameter s needs to be restricted to a suitable time range, in order to avoid
over-fit of the first few and last few observations. The appropriate time range

to which the node parameter is restricted depends on the length and intensity of
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sputum sampling, and might be informed by a-priori knowledge on when the node
is expected to occur for a particular drug. For a 14-day data profile with daily
sputum samples, the node might be restricted to the range L, = 2 to U, = 11
days. Another rationale behind the choice for L, = 2 is that isoniazid (contained
in Rifafour) is expected to eradicate most of the TB bacteria within the first two
or three days of treatment (Gumbo et al., 2007) (hence the node of transition
between the respective rates of decline is restricted to be on or after Day 2). The
“smoothness” parameter v is restricted to the range L, = 0.1 to U, = 2, in order to
allow for smooth transition between a few successive data points. The SAS® code
includes example statements for the calculation of ML estimates of EBA(t; — t2),

and in accordance with Equation (1.2), are calculated by to the following formula:

to—R to—h (ta—t1)
~ A e v +e #
EBA(t; —t3) = By + B2 -7 - log ( =R t1k>

e 7 +e 7

(3.5)

where ﬁAl. BAQ, k and 4 represent the ML estimates of 51, B2, k and 7, respectively.

Patients with sparse data, or outliers in log(CFU) count (see Section 3.2), might
have to be excluded in the case when regression models are fitted to data on a

by-patient basis.

3.4 Bayesian Mixed Effects Regression Models

This section proposes (hierarchical) Bayesian mixed effects regression models for
log(CFU) versus time, fitted jointly to the data of all patients from a given trial.
The Bayesian implementation of the general mixed effects regression model in
Section 2.2, based on each of the regression functions outlined in Section 2.3, is
discussed here in detail. Table 3.1 provides a summary of the mixed effects regres-
sion models for log(CFU) count that are discussed in the subsections below. The
models with normally distributed residuals and random coefficients are considered

primary, whereas the remainder models are regarded as sensitivity analyses.
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3.4.1 Differential Hyperbolic Tangent Regression Model

The subsections below provide full specifications, including random effects and
prior distributions, of the primary Bayesian differential hyperbolic tangent NLME
regression model: That is, the mixed effects regression model for which the under-
lying regression function is the differential hyperbolic tangent regression function
(Equation (2.38)).

Section 3.4.1.7 provides detail on alternative Bayesian specifications of the primary
model (Model 1.1) with the aim of assessing the sensitivity of results to alternative

specifications.

3.4.1.1 Model Specification

Model 1.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Based on Equation (2.38), one can postulate the following NLME regression model:

tijk —Kij gk —Rij
e ij +e Yij
log(yiji) = aij — Buij - tiji — Baij - Vij - log T T + ek (3.6)
e'Yij + e Yij

where log(y;;x) represents the log(CFU) count for patient ¢ = 1,..., N; in treat-
ment group j = 1,...,J at timepoint k = 1,..., K;;, and ¢;; > 0 is the corre-
sponding measurement time. Here, N; denotes the number of patients in treatment
group j, and 7} the total number of timepoints across all patients in treatment
group j. Let Z}]=1 N; = N represent the total number of patients in a given trial
(see Section 2.2.2.1).

The parameters of the regression model in Equation (3.6) are analogous to those

of the “by-patient” regression model in Equation (2.39).
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3.4.1.2 Random Effects

The residuals ¢;j, are assumed to follow 4.4.d. normal distributions (see Sec-

tion 2.2.2.1), independent of «;;, B1ij, Baij, Ki; and 7,5, as follows:

eijrloZ, ~ N(0,02) (3.7)

2

where o are the corresponding residual variances.

Censoring of log(CFU) count with the Bayesian NLME regression model is anal-
ogous to that of “by-patient” regression modeling (see Equation (2.10)).

The terms «;j, Biij, B2, Kij and 7;; in the regression model presented in Equa-

tion (3.6) are the sums of the fixed effects and associated random coefficients,

namely:
Q5 & Uoig
Bij = | Buj| = |Bij| + |wj
621’3‘ sz U244
and

Iiij _ I{j I U,gij

Vij i Udij
where p;; = (aijaﬁlijyﬁ%j)/ (or [uOijaulijau%j],) and p; = (Oéjaﬁlj,ﬂzj), are re-
spectively the vectors of random and mean intercepts and slopes, and respectively,

(Kij,vis) (Or [uzij, uas]’) and (kj, ;)" are the vectors of random and mean nodes

and smoothness parameters.

For the uncensored case, the likelihood for p;j, K;j, vi; and ofj is written as:

Kij 1 Kij
-3 1
2
L (Hij,fﬁij,%jﬂfj,k = 17-~~7Kij|yij) 8 I I (027) - €Xp 5 Agji
k=1 k=1

(3.8)
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where y;; denote Kj; x 1 vectors containing (log[y;1],log[yija], . .- ,log[yini].])/.

The quantities A;;;, are defined as follows:

tijk—Rij  tijk—kij 2
e i +te vij
log(yijr) — | @uij — Buij - tiji. — Baij - vij - log LT AT
e’ +e W

Aiji =

O¢;

(3.9)

In Equation (3.6), the random vectors p;; are assumed independent across patients

(i.e. independent across indices ¢ and j), with tri-variate normal distributions as:

Pigl g, Qg ~ Ns(pag, Q2p5) (3.10)

2, are the associated covariance matrices, namely:

2
Oq, Oajpij  Oa;Byy
o 2
Quj = Oajf; 98y,  OBipe;

2
Oa;Ba;  OBiiBa; 0Py
where O'ij = Varj (Ozij), U?BU = Varj(ﬁlij), 0'22], = Varj(ﬂgij), Ua]ﬂlj = COV]' (Olij, 511']'),
OajBa; — COVj (Oéij, ﬁQU) and 081825 = COVj (Bliﬁ ﬁQij)'
The density function of p;;|pe;, Q,; is written as:

_1 1 / _
P (priglpg, Q) o< [p5]72 - exp (—5 (tij — 15)" - Qs - (pij — Mj)) (3.11)

Furthermore, the parameters x;; and «;; are assumed to follow 4.i.d. truncated

normal distributions, independent of p;;, as:
Rijlwj, o, ~ TN (kj,00) - I(Lye < ki < Uy) (3.12)

%ijlvg, 05, ~ TN(v;,0% ) - I(Ly < 75 < U,) (3.13)
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In Equation (3.12) and Equation (3.13), I(x) denotes an indicator function taking
the value 1 if x is true, and 0 otherwise, and L., U,, L, and U, are pre-specified

lower bound and upper bound for the parameters x;; and -;;, respectively.

The density functions of x|k, o2

1
* L I(L < ki < Uy) 1 Thoi — .12
_ LT exp (—— {M] ) (3.14)

2 Ok,

2 - :
and v;;|y;, 0, are written as:

P (%jhj,@zﬁ) X

3.4.1.3 Prior Distributions

In order to complete the Bayesian specification of the model in Equation (3.6),
proper prior distributions are assigned to all unknown parameters. The values of
the hyper parameters are chosen in such a way to assure vagueness with regard to

prior belief on the parameters.

Prior Distributions for p; and ,;

Firstly, tri-variate normal and Wishart prior distributions are specified, respec-

-1
nj>

tively, for pu; and €2, namely:
p; ~ N3(0,10* x I3) (3.16)

where 0 = (0,0,0)" and I3 denotes a 3 x 3 identity matrix. The R; represent 3 x 3

inverse scale matrices from the corresponding Wishart distribution.
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The density functions of p; and Q;]l are written as:

1 1
P (p;) o< exp (—§le 101 Mj) (3.18)
P (1) oc |17 -etr e (3.19)
7% [2%] 2 J [2%]

Choice of R;

The choice of an appropriate prior distribution for the covariance matrix of the
vectors of random intercepts and slopes p;5, i.e. €2, is challenging. In the applica-
tion of mixed effects regression models for CFU data, the true variability between
(random) slopes can be quite small (close to zero). It is known that inferences
for close-to-zero variance components can be sensitive to the specification of “too”
vague prior distributions (Gelman, 2006). That is, inferences may be sensitive
to large values of R;. Such prior misspecification can produce variance compo-
nent estimates that are biased upwards, and as a result, cause the coverage of the
95% BClIs of the corresponding fixed effects to be too high (> 95%) (Lambert
et al., 2005).

The methodology by Kass and Natarajan (2006), here referred to as the “default”
Wishart prior, for choosing ;, is adapted for the primary model. This method-
ology relates to the choice of R; in the application of generalized linear mixed
effects regression, and is derived from the data directly (hence, the resulting pos-
terior distribution does make double use of the data). The inverse scale matrix R;
is derived by selecting the weight which the mean of the “shrinkage” prior, i.e. O,
should contribute towards its posterior (where “shrinkage” represents pt;; — ft;).
Under the assumption that the node and smoothness parameters are fixed at
kp = (Uy+Ly)/2 and v, = (U, + L) /2, respectively (which are the prior mean for

r; and 7;, respectively (see below)), the regression model (Equation (3.6)) reduces
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to a linear mixed effects regression model, for which R; are derived as follows:

-1

N;
1 S

R =c- E ARV 3.20

J & N] ] 6_5] p 1] J ( )

where 2; are the ML estimates of 052], when assuming the regression model is
homogeneous across all patients, i.e. disregarding random effects such that «;; =
a; (or up;; = 0), fri; = B1j (or uy;; = 0) and PBa;; = Pa; (or ug; = 0). The matrices

Z;; are defined as follows:

tiji—=kp  _ lij1—kp
e Tp +e Tp
I —tij —Yp - In T—T
e’ +e P
tijk—*kp _tz‘yk*'ﬁp
_ e Tp +e Tp
e’ +e P
tijK;; " tijK;; —rp
e P +e T
1 —tijr,; —v-In [T
e e P

For the “default” Wishart prior, ¢ = 2.5 is used which causes the mean of the
‘shrinkage” prior, i.e. 0, to have little contribution towards its posterior. The
choice of ¢ = 2.5 is equivalent to setting the interval between the lowest and high-
est possible values for the relative contribution matrix of the mean of the “shrink-
age” prior (to its posterior) to 28.6%. The methodology of Kass and Natarajan
(2006) relates to conventional linear mixed effects regression modeling, and does
not take censoring of log(CFU) count into account. With the calculation of “de-
fault” Wishart priors throughout this thesis, “zero” CFU counts were imputed
with 0.01, or equivalently, log;,(CFU) = —2 (hence assuming near complete erad-

ication of TB mycobacteria).

Section B.2.1 (Appendix B) provides SAS® example code for determining R;.
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. . . . . . 2 2
Prior Distributions for ;, v;, oo and o

The parameters r;, v, 02

»; and o2, are assumed to follow uniform prior distribu-

tions, namely:

kj~ U(L,,Uy,) (3.21)
v~ ULy, Uy) (3.22)
on~ U(Loz  Usz ) (3.23)
02~ ULy ,Uy2 ), (3.24)

where Ly2, Usz, Lag, Ugg are the pre-specified lower bound and upper bound for

parameters o; and o2, respectively.

30

The density functions of «;, v, o2 and 03]_ are written as:

P(kj) x I(L, < k; < Uy) (3.25)

P(y;) o< I(Ly <75 < U,) (3.26)

P(02) x I(Lyy <02 <Uy) (3.27)
2 2

P (%) x (L2 <02, < Uy) (3.28)

Prior Distributions for O'fj

2

Finally, the variances o_° are assumed to follow gamma distributions:

o2 ~G(107%107%) (3.29)

€5

The gamma distribution in Equation (3.29) provides an approximately uniform
distribution over the applicable parameter space, but with higher density mass for

values closer to zero (Lambert et al., 2005).
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The density function of cr;j2 is written as:
P (022) o< (022) 17 oxp (=107 - 02) (3.30)

€j €j &j

Hyper Parameters

For a typical 14-day EBA study, the hyper parameters of the distributions can

be chosen as follows: L, = 2, U, = 11 (to avoid over-fit of the first few and last

few observations over time), L, = 0.1, U, = 2 (allowing for smooth transition

between a few successive data points), L,2 = 0.01, U,z = 30, Lag = 0.01 and

Us2 =5 (providing weakly informative prior distributions for the scale parameters
2

2
oy, and o7 ).

For a typical 8-week “SSCC” study, the regression model should preferably be fit-
ted with the times ¢;;;, expressed in weeks for the prevention of numerical overflow.

Accordingly, Ly, Uy, L2 and U,2 should also be expressed in weeks.

3.4.1.4 Conditional and Joint Posterior Distributions
Software

The OpenBUGS software can be used to implement the MCMC Gibbs sampling al-
gorithm to draw samples from the joint posterior distribution of the model param-
eters (Gelfand and Smith, 1990; Gilks et al., 1996; Lunn et al., 2009). OpenBUGS
can be downloaded for free from URL http://www.openbugs.net/w/Downloads.

The OpenBUGS software can be called remotely from SAS®, and accordingly,
posterior MCMC samples can be exported back to SAS® for further computation.

Page 262 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the primary model (Model 1.1) for a typical 14-day EBA
study.
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Posterior Distributions

The resulting joint posterior distribution of all quantities of the preceding re-
gression model is obtained by forming the product of all likelihoods and prior
distributions, and is provided in Appendix A for cases where all log(CFU) counts
are treated as uncensored. The MCMC Gibbs sampling algorithm discussed in
Section 2.2.3 can be used to draw samples from the joint posterior distribution of
the model parameters. The conditional posterior distributions of the model pa-
rameters are derived from the joint posterior distribution by ignoring terms that
do not include the relevant model parameter. The derivations for the latter are

provided in Appendix A.

Due to the high dimensional nature of NLME regression models, by-patient pa-
rameter estimates, obtained from regression fits (see Section 3.3) for each patient
individually (using SAS® procedure NLMIXED), should ideally be used as start-
ing values for the random effects. The posterior samples could be thinned to
reduce the autocorrelation among posterior samples (Ntzoufras, 2009). Graphical
convergence diagnostics, such as iteration and autocorrelation plots (Ntzoufras,
2009), and the Brooks-Gelman-Rubin statistic (Brooks and Gelman, 1998) for
two parallel MCMC chains, could be used to monitor convergence of posterior
samples. Dispersed starting values for the second MCMC chain should preferably
be provided to ensure convergence of the two respective MCMC chains (Ntzoufras,
2009).

Bactericidal Activity

Posterior distributions for quantities A\i; = Bi; — B2, Aoy = Bij + Boj, ailj =

Uélj + ngj — 208,85 o2 = oglj + crg% +2-0p,,8,; can be obtained using the

2j

posterior MCMC output of the Gibbs sampling algorithm of the joint posterior

distribution of the regression model parameters.
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Similarly, the mean EBA(¢; — t9) for treatment group j, i.e. EBA;(t; — t3), can
be obtained as:
tQ—KZ]' _tz—nj ta—t1
e 4+e
EBAJ (tl - t2) = ﬁlj + 52_7' S5 lOg = T (331)
e i +e i

The between-treatment differences in EBA values can similarly be calculated:
That is, EBA;(t1 —t2) —EBA (t; —t3). Here, the EBA values come from different
treatment groups (i.e. j #j).

Posterior distributions for EBA;;(t; — t2), i.e. EBA quantities for patient 7 in

treatment group 7, can be obtained similarly.

Mean Profiles Over Time

The posterior distribution for the mean log(CFU) count for treatment group j at

timepoint k£ and corresponding measurement time t; can similarly be obtained as:

tk—nj _tk_"‘j
e +e W
o — Pij -ty — Paj - ;- log = % (3.32)
el +e i

Mean Percentage Reduction

The time at which the percentage change from baseline in mean log(CFU) count
for treatment group j reaches 50% can be calculated as the quantity vsp; which

satisfies the following equation:

U505 Fj _ Y505 "F5
1 e v +e U
—_— 51]' . ’U50j + sz . ’Yj . log 23 i =0.5 (333)
@ e’i +e i

In Equation (3.33), vsp; can be sampled directly from the posterior MCMC sam-
ples, provided that the regression function for treatment group j is decreasing

monotonically over time. That is, in order for the posterior distribution of vs; to
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exist, the posterior distribution of A;; and Ay; should completely lie above zero (i.e.
in order for vsp; to exist, a treatment regimen should be associated with strong
bactericidal activity and the study should provide the statistical power to detect

such significant slopes).

Correlation Coefficients

It might be of scientific interest to establish whether patients with higher bacterial
load at Day 0 (i.e. «;;) are associated with higher initial and terminal rates
of decline in log(CFU) count (i.e. Ay;; and Ag;j, respectively) and similarly, to
establish whether higher rates of decline during the initial phase (i.e. Ay;;) are
associated with higher terminal rates of decline (i.e. Ag;), or wvice versa. That
is, posterior samples of correlation coefficients between random effects, i.e. pa;a,;,

Pa;ro; And Py ia,;, can be obtained, e.g.:

Cov; (e, Aij Toifry — Toybs
Pajx; :\/Var Ozojz(()l ]Vaij)()\ ) — L L (3.34)
j \Qij 3\ \/agj . <0§1j + 0%2], -2 Uﬁuﬂm’)
Cov; (avij, Aaij) Tosb1s T Ty
paj)\zj :\/var (; ) JvarJ(A ) — (335>
. /L . . 21
o o \/Ug‘j ' <O%lj T 0/232;' +2 UB”BQJ)
Cov;j (A1ij, Aaij
Prijha; = 5 Mg Aoig) (3.36)
\/Varj (A1i5) - Var; (Aai5)
0-/%13' ~ 0%21

\/(0%1]' + 0-,%2]' -2 051j52j> ’ <0-,§1j + Ug’gj +2- Uﬁljﬁzj)

3.4.1.5 Posterior Predictive Distributions

A basic question of interest about the nature of the regression of log(CFU) count
against time associated with a certain treatment is whether or not the decline in

log(CFU) count is simply linear, or bilinear (more generally, biphasic).

In terms of Equation (2.38) the question about the biphasic nature of the regression

can be answered by statistical inference on the parameter 35. Specifically, if 3 = 0,
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then Equation (2.38) reduces to a simple linear model; if 5, > 0, then the regression
model is biphasic where the terminal rate of decline is larger than the initial rate;
if By < 0, then the regression model is biphasic where the terminal rate of decline is
smaller than the initial rate. In the most simple approach, a statistically significant
slope (2 could be interpreted as evidence for the fact that the decline of log(CFU)
count is “bilinear” or “biphasic”. However, estimates of the parameter [, may
exhibit substantial individual variation across patients, even for patients receiving
the same treatment. Thus, for a certain treatment, the nature of the regression
of log(CFU) count against time is characterized not only by the mean slope s
for the treatment, but also by its variability across different patients within the
treatment group. More generally, the nature of the regression of log(CFU) count
against time is characterized by the distribution of the slope [ among patients
receiving a certain treatment. It seems, therefore, that mixed effects regression
models are best suited to investigate the question about the nature of the decline

in log(CFU) count (mono- versus biphasic).

In particular, the posterior predictive distribution of relevant intercepts and slopes
of the Bayesian NLME regression model can provide insight into the nature of the
EBA of TB treatments; specifically, the posterior predictive distributions of (s,
allow one to judge whether treatments are associated with mono-linear or biphasic
decline of log(CFU) count (depending on whether a future f3; is likely to be close
to or substantially different from zero), and whether log(CFU) count initially
decreases fast, followed by a slower rate of decrease (if a future f,; is likely to be
negative, i.e. fy; < 0), or vice versa (if a future fy; is likely to be positive, i.e.
Baj > 0).

The quantity pg;, where the subscript f stands for “future patient”, is defined as:

Qg 2% oty Uogtj
Bypi = |Bigi| = |[Bu| + |wyg| = M+ |urg
Bayi B2; Usf; Usf;

By specification of the regression model, the distribution of ¢, conditional on p;

and €, is tri-variate normal pg;|pe;, Qu; ~ N3(pj,Q,;) with probability density
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function ¢ (pg; | pj,Qu;). Thus the probability density function of the posterior
predictive distribution of ps;|y is given by:

F(pygily) =do (pgs | pg, Qi) p (g, Qujly) d (g, ;)

where p (p;,Q,|y) is the joint posterior distribution of p; and €,,;. Therefore,

the posterior predictive distribution of ps; can be simulated as follows:

1. Draw a random copy (u;‘f, Q) of (pj,Qy;) from the joint posterior distri-

bution of (p;, ;).

2. Draw a random copy p%; of py; from the tri-variate normal Ny (u;f, QZJ>

distribution.

The simulation of the posterior predictive distribution of the future regression slope
Ba2f; can be implemented in a straightforward manner using the posterior MCMC
samples of the Gibbs sampling algorithm of the joint posterior distribution of the

regression model parameters.

3.4.1.6 SAS® Procedure NLMIXED

Fits of the mixed model, when the fitting algorithm of the SAS® procedure
NLMIXED converges, are generally good and, consistent with this observation,
the resulting estimates of the random coefficients seem appropriate. Nevertheless,
it is preferred to fit the model as a Bayesian NLME regression model (compared
to “frequentist” methods using the SAS® procedure NLMIXED) for the following

reasons:

e The fitting algorithm for the mixed model, as implemented through the SAS®
procedure NLMIXED, only works with the FIRO method, which implies that
censored data cannot be handled (a property of the SAS® procedure).

e Random effects associated with the parameters «y; cannot be fitted since other-

wise the problem becomes too large.
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e The mixed model can be fitted to the data of one treatment at a time. However,
for between-treatment comparisons the mixed model has to be fitted to the data
of at least two treatments jointly, specifying different covariance structures €2,
for the random coefficients of the different treatments. This makes the problem

very large.

e Although the estimates of the random coefficients are usually plausible, the ML
estimates of their variances, as obtained from the SAS® procedure NLMIXED,

do not always seem reliable.

e Statistical inference based on the mixed model, such as between-treatment com-
parisons of mean EBA parameters, is approximate (i.e. relies on asymptotic
arguments). The quality of the approximation for relatively small sample sizes
such as those found with EBA studies is doubtful.

3.4.1.7 Sensitivity Analyses

In order to check the primary model (Model 1.1), and to assess the aspects listed
in Section 2.2.3.2, the primary model (Model 1.1) with alternative Bayesian spec-

ifications can be fitted.

Model 1.2: Residuals: Normal
Random Coefficients: Normal, Fixed Smoothness

Prior for Covariance Matrix: “Default” Wishart

The specification of the primary model (Model 1.1) with (random) “smoothness”
parameters 7;; may result in an over-complex model, and a model which treats v;;
as fixed effects instead (per treatment group) may fit the data adequately (hence a
trade-off between model complexity and model adequacy). That is, when uy;; = 0
(or equivalently, 7;; = 7;), the model in Equation (3.6) becomes:
tijk—Rij _ tijk—rij
e i t+e

log(yijk> = ayj — PBuij - tijk — Baij - v - log R i + Eijk (3.37)
e’ +e i
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The remainder model assumptions are equivalent to those of the primary model

(Model 1.1).

Page 282 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the sensitivity model (Model 1.2) for a typical 14-day EBA
study.

Model 1.3: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

To assess the sensitivity of results to the choice of R; (see Equation (3.17)), one
can fit the primary model (Model 1.1) as a linear mixed effects regression model
under the assumption that the node and smoothness parameters (i.e. k;;, Kj,
vi; and ;) are fixed at (U, + L,)/2 and (U, + L,)/2, respectively. Accordingly,

one can calculate the “frequentist” estimates for Q,,;, using the SAS® procedure

o
NLMIXED via ML estimation, to serve as I2;. Here, the censoring of “zero” CFU
count should preferably be incorporated to avoid underestimation of the variances
in random slopes. Fitting such a full model using the SAS® procedure NLMIXED
may result in convergence issues. One could attempt to simplify the model by
disregarding the random intercepts (therefore assuming that all patients have the
same bacterial load at baseline (Day 0)), and accordingly, use the variance and
covariance estimates of random slopes for determining R;. Similarly, one can
fit the model allowing for both random intercepts and slopes, but for simplicity
purposes, pooling together the data of all treatment groups (thus removing the
“treatment” effect for the fixed effects). The resulting estimate for the variance of

random intercepts can accordingly be used for determining R;.

Basic SAS® example code for calculating R; is presented in Section B.2.2 (Ap-
pendix B).
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Model 1.4: Residuals: Skew Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

The primary model (Model 1.1) can incorporate the assumption that the resid-
uals follow i.i.d. skew normal distributions (i.e. instead of conventional normal
distributions), i.e.:

where 052]- and ¢; are scale and skewness parameters, respectively, from the corre-

sponding skew normal distribution.

The density function of 5ijk|0§j, d;, using a slightly different parameterization de-
fined by Sahu et al. (2003), is written as:

_% Eijk t ;'(5‘ ) 511@"‘\/%'5
P (einlo? ;) = 2:(02 +82) "opy | — = |-Fw | 2 — :
o + 5J2- e, o2 + (5J2-
(3.39)

where fy and Fy respectively denote the density and cumulative distribution

function of the standard normal distribution.

Say X |0, 02, follows a skew normal distribution with mean 6, scale parameter o2

and skewness parameter ¢, i.e. X ~ SN(6,02,6). Figure 3.1 shows examples of the
distribution of X |0, 02,4, i.e. f(x) versus z, where the mean and scale parameters
are kept fixed at § = 0 and 0% = 4, respectively, but shown for different values of
skewness, i.e. § € {—10,0,10}. The conventional normal distribution is a special
case of the skew normal distribution when 6 = 0, i.e. X ~ N(6,0?). The skew

normal distribution is negatively skewed for 4 < 0, and positively skewed for § > 0.

The scale parameters follow gamma prior distributions, namely o_ 2~ G(1071,107)
(see Equation (3.29)), and the skewness parameters follow normal prior distribu-
tions, namely:

§; ~ N(0,10%) (3.40)
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Figure 3.1: Example Plot of Skew Normal Distribution
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The density function of ¢; is written as:

1 67
P (0;) o< exp (—5 : 1—64) (3.41)

Visual CFU counting processes may lead to compromised data for a variety of rea-
sons (see Van Zyl-Smit et al. (2011)) (see Section 3.2). Therefore, some log(CFU)
versus time profiles may be erratic (Gillespie et al., 2002). Figure 3.2 shows an
example of a log(CFU) versus time profile with potentially compromised data.
Such data may accordingly yield skewness in the distribution of the residuals of
model fits. In this particular example, no logical product of a sequential pattern

of zero counts over time is visible (see Day 6 and Day 7). The specification of
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the skew normal distribution can accommodate such skewed residuals (depend-
ing on its skewness parameter J;) which, in this regard, is more flexible than the

conventional normal distribution.

Figure 3.2: log(CFU) Versus Time Profile Containing Potentially Compromised
Data
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The skew normal distribution can be specified as a mixture of the following random

variables (Sahu et al., 2003):

X|0,0%6,6 ~ N (9 — [\/g — g] - 4, 02) (3.42)

¢ ~ TN (0,1) I(0, 00) (3.43)

Accordingly, the nuisance parameter £ of the specified mixture distribution (Equa-

tion (3.42) and Equation (3.43)) integrated out results in the skew normal distri-

bution:

P (X]0,0%5) = /P (X16.0%,6.€) - P(¢)de (3.44)
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In that sense, the Gibbs sampling algorithm with skew normally distributed resid-
uals can be implemented in a straight forward manner as its conjugacy of model
parameters (conditional posterior distributions versus prior distributions) is simi-

lar to the model with normally distributed residuals.

The remainder model assumptions are equivalent to those of the primary model
(Model 1.1).

Page 287 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the sensitivity model (Model 1.4) for a typical 14-day EBA
study.

Model 1.5: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

The primary model (Model 1.1) can incorporate the assumption that the residuals

follow i.i.d. Student t distributions (i.e. instead of normal distributions), i.e.:
eijklo, v ~ T(0,07,,v5) (3.45)

where ij and v; are scale parameters and degrees of freedom, respectively, from

the corresponding Student t distribution.

The density function of &;;;|02 , v, is written as:
J €5 7]

vj 1 _Uj+1
2 a (T+> glzjk ’
P <5ijk|05javj> X . —_— (346)

where I' (.) denotes the gamma function. The scale parameters follow gamma prior
distributions, namely o_* ~ G(107,107") (see Equation (3.29)), and the degrees

of freedom follow uniform prior distributions, namely:

v; ~ U(2,100) (3.47)
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The density function of v; is written as:

P (vj) o< I(2 < w; < 100) (3.48)

The specification of the Student t distribution can accommodate heavily tailed
residuals (depending on its degrees of freedom v;) in CFU count (see Gillespie

et al. (2002)) which, in this regard, is more flexible than the normal distribution.

The Student t distribution can be specified as a mixture of a normal distribu-
tion with mean zero and unknown variance, and an inverse gamma distribution
assumed for the unknown variance which parameters are a function of o*gj and
v;. Accordingly, the unknown variance of the specified mixture distribution inte-
grated out results in the Student t distribution (Prince, 2012) in Equation (3.45).
In that sense, the Gibbs sampling algorithm with Student t distributed residuals
can be implemented in a straight forward manner as its conjugacy of model pa-
rameters (conditional posterior distributions versus prior distributions) is similar
to the model with normally distributed residuals. The specification of the Stu-
dent t distribution as a mixture of random variables is implemented automatically

in OpenBUGS.

The remainder model assumptions are equivalent to those of the primary model
(Model 1.1).

Page 292 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the sensitivity model (Model 1.5) for a typical 14-day EBA
study.

Model 1.6: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

The sensitivity of results to the choice of ; in Model 1.5 can be assessed using

the “frequentist” approach specified for Model 1.3.
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Model 1.7: Residuals: Student t
Random Coefficients: Student t
Prior for Covariance Matrix: “Default” Wishart

The primary model (Model 1.5) can incorporate the assumption that the vectors
of random intercepts and slopes follow ¢.i.d. tri-variate Student t distributions

(i.e. instead of tri-variate normal distributions), i.e.:

gl g, Quj, wy ~ Ts(pg, Qpg, w;) (3.49)

where p; are the vectors of mean intercepts and slopes, and €,,; and w; are scale
matrices and degrees of freedom, respectively, from the corresponding tri-variate
Student t distribution.

The density function of p;j|pe;, Qu;, w; is written as:

wyo
Pz g, Qpg, wy) (3.50)
’u}j+3 wges
Ls ( 2 ) 1 1 ;o x
mﬁ'lﬂuﬂ : 1+_.(“ij_”j)'9pj'(lllij—ll/j)
T3 (7]) 'wj2 Wi

where I'; (.) denotes the tri-variate gamma function.

The scale matrices follow tri-variate Wishart prior distributions, namely Q;jl ~
W5(3,3 x R;) (see Equation (3.17)), and the degrees of freedom follow uniform
prior distributions, namely:

w; ~ U(2,100) (3.51)

The density function of w; is written as:

P (w;) o< I(2 < w; < 100) (3.52)

The tri-variate Student t distribution can accommodate heavily tailed intercepts

and slopes (depending on its degrees of freedom w;) which, in this regard, is more
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flexible than the tri-variate normal distribution. In general, the specification of
the Student t distribution for both random effects (intercepts and slopes) and
residuals may provide a more robust modeling approach for outliers in any of the

latter components of the given model.

Similar to the univariate Student t distribution, the tri-variate Student t distribu-
tion can be specified as a mixture of a tri-variate normal distribution with mean
p; and unknown covariance matrix, and an inverse Wishart distribution assumed
for the unknown covariance matrix which parameters are a function of €2,; and
w;. Accordingly, the unknown covariance matrix of the specified mixture distri-
bution integrated out results in the tri-variate Student t distribution (Zhu et al.,
2008) in Equation (3.49). In that sense, the Gibbs sampling algorithm with tri-
variate Student t distributed (random) intercepts and slopes can be implemented
in a straight forward manner as its conjugacy of model parameters (conditional
posterior distributions versus prior distributions) is similar to the model which
random intercepts and slopes are assumed to follow tri-variate normal distribu-
tions. The specification of the tri-variate Student t distribution as a mixture of

random variables is implemented automatically in OpenBUGS.
The remainder model assumptions are equivalent to those of Model 1.5.

Page 296 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the sensitivity model (Model 1.7) for a typical 14-day EBA
study.

Model 1.8: Residuals: Student t
Random Coefficients: Skew Normal

Prior for Covariance Matrix: “Default” Wishart

The primary model (Model 1.5) can incorporate the assumption that the vectors
of random intercepts and slopes follow ¢.i.d. skew tri-variate normal distributions

(i.e. instead of conventional tri-variate normal distributions), i.e.:

pig |1, g, 85 ~ SN (g, 5, 65) (3.53)
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where p; are the vectors of mean intercepts and slopes, and €,; and d; =
!/ . .
(5aj,551j,552j) are scale matrices and skewness vectors, respectively, from the

corresponding skew tri-variate normal distribution.

The density function of p;;|pe;,Q,;, 65, using a slightly different parameterization
defined by Sahu et al. (2003), is written as:

P (pijlpg, Qpuy, 65) (3.54)

i)

where fy, denotes the density function of the standard tri-variate normal distribu-

1
2

:23|Quj + A?|_%fN3 ((Qﬂj + A?)

P(Qi; <0)

tion, P (Q;; < 0) the cumulative distribution function, evaluated at 0, of the tri-
variate normal distribution with mean and covariance matrix of A;- (Qm + A?) -
<l—1'ij — [Hj — \/g(sj]) and I3 — A, - (QM + A?)fl - Aj, respectively. Here, A; =
diag ((5%., 08y, (5[32],) are matrices with diagonal entries d,;,d3,;,0s,;, for which the

remainder entries are set to 0.

The scale matrices follow tri-variate Wishart prior distributions, namely Q;jl ~
W3(3,3 x R;) (see Equation (3.17)), and the skewness vectors tri-variate normal

prior distributions, namely:

d; ~ N3(0,10* x I3) (3.55)

The density function of §; is written as:

1., 1
P (53) X exp (—5(53‘ : 1—04 : (5_7) (356)

Some treatment regimens occasionally exhibit remarkable decline in log(CFU)
count over time in a subset of patients, and as a result, may cause skewness in
the distribution of random slopes. The specification of the skew tri-variate normal

distribution can accommodate skewed random intercepts and slopes (depending on
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its skewness vector d;) which, in this regard, is more flexible than the conventional

tri-variate normal distribution.

Say X |60,%,90 follows a skew tri-variate normal distribution with mean 6, scale
matrix ¥ and skewness vector 9, i.e. X ~ SN(6,%,d). The skew tri-variate
normal distribution can be specified as a mixture of the following random variables
(Sahu et al., 2003):

X|0,E,6,£~N(0— [\/gé—A-g

& ~ TN (0, 13)1(0, 00) (3.58)

, 2> (3.57)

where A = diag (41, d2, d3), and T'N3(0, I3)1(0,00) denotes a tri-variate standard
normal distribution truncated over the parameter space 0 to oo. Accordingly,
the nuisance vector € of the specified mixture distribution (Equation (3.57) and

Equation (3.58)) integrated out results in the skew tri-variate normal distribution:

P(X|0,5,6) /P(Xyo,z,a,g) . P(e)de (3.59)

In that sense, the Gibbs sampling algorithm with skew tri-variate normal (random)
intercepts and slopes can be implemented in a straight forward manner as its
conjugacy of model parameters (conditional posterior distributions versus prior
distributions) is similar to the model which random intercepts and slopes are

assumed to follow tri-variate normal distributions.
The remainder model assumptions are equivalent to those of Model 1.5.

Page 300 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the sensitivity model (Model 1.8) for a typical 14-day EBA
study.
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Model 1.9: Residuals: Skew Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

The primary model (Model 1.1) can incorporate the assumption that the residuals

follow 4.i.d. skew Student t distributions (i.e. instead of normal distributions),

ie.:
2 2
€ijkl 0%, 65,05 ~ ST(0, 07,65, v5) (3.60)
where afj, 0; and v; are scale and skewness parameters, and degrees of freedom,

respectively, from the corresponding skew Student t distribution.

The density function of 5ijk|a§j,5j, vj, using a slightly different parameterization
defined by Sahu et al. (2003), is written as:

P(Eijk|0'§j,5j,vj> (361)
vi—1 2\ 72
o2 (%
{%‘k +(2) E(vj)) 54
1+ -

SWVOr : 2
) VUi v; (agj + 5j)

_1
=2 (Ufj + 5J2> ’

oy 3 (e
5j v; + 1 |:52'jk —+ (?J) £(3)>5j:|
L v;—1 2 _1
oo+ s (1 ] (49

where P (Q;jr < ) denotes the cumulative distribution function, evaluated at x,

P Qyr <

of the Student t distribution with mean, scale parameter and degrees of freedom

of 0, 1 and v; + 1, respectively.

The scale and skewness parameters, and degrees of freedom, follow gamma, nor-
mal and uniform prior distributions, namely o_ 2 ~ G(1074,107") (see Equa-
tion (3.29)), §; ~ N(0,10%) (see Equation (3.40)) and v; ~ U(2,100) (see Equa-
tion (3.47)).
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Say X |0, 02,6, v follows a skew Student t distribution with mean 6, scale parameter
o2, skewness parameter § and degrees of freedom v, i.e. X ~ ST(0,02, §,v). The
skew Student t distribution can be specified as a mixture of the following random
variables (Sahu et al., 2003):

%F v—1 2
X|‘9?0—2a572}7€1752 ~ N (9— [(%) F((i)) —51] '(5, Z—2> (362)
2
&6 ~ TN <0, 512) 1(0, 00) (3.63)
&'~ G (g %) (3.64)

Accordingly, the nuisance parameters & and & of the specified mixture distribu-
tion (Equation (3.62), Equation (3.63) and Equation (3.64)) integrated out results
in the skew Student t distribution:

P(X|0702757U) :/P(X|970-2757U7€17€2) P(§1|€2)P<£2_1>d(€17€2) (365)

In that sense, the Gibbs sampling algorithm with skew Student t distributed resid-
uals can be implemented in a straight forward manner as its conjugacy of model
parameters (conditional posterior distributions versus prior distributions) is simi-

lar to the model with normally distributed residuals.

The remainder model assumptions are equivalent to those of the primary model
(Model 1.1).

Page 307 of Section B.3.1 (Appendix B) provides OpenBUGS example code for
the implementation of the sensitivity model (Model 1.9) for a typical 14-day EBA
study.

3.4.2 Other Regression Models

The subsections below provide detail of the primary and sensitivity Bayesian lin-

ear, conventional bilinear and bi-exponential mixed effects regression models: That
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is, the mixed effects regression models for which the underlying regression func-
tions are the linear, conventional bilinear and bi-exponential regression functions,

respectively (Equation (2.27), Equation (2.34) and Equation (2.40), respectively).

3.4.2.1 Linear Regression Model

Model 2.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Based on Equation (2.27), one can postulate the following linear mixed effects

regression model:

log(vije) = auj — Nij - tiji + €ijk (3.66)

Here, the notation is similar to that used for Model 1.1.

The parameters of the regression model in Equation (3.66) are analogous to those
of the “by-patient” regression function in Equation (2.27), and the specification of
its random effects and prior distributions are similar to those of Model 1.1. Here,
the main difference is that bivariate (instead of tri-variate) normal and Wishart

distributions are specified for the random and fixed effects.

The matrices Z;; associated with the vectors of random intercepts and slopes (see
Equation (3.20)) are required for appropriate specification of priors for covariance

matrices §2,; (“default” Wishart). These matrices are defined as follows:

L —tij

Zijg = |1 —ti

1 —tijx,,
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Page 313 of Section B.3.2 (Appendix B) provides OpenBUGS example code for
the implementation of the primary model (Model 2.1) for a typical 14-day EBA
study.

Model 2.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Similar to Model 1.5, the primary model (Model 2.1) can incorporate the assump-
tion that the residuals follow i.i.d. Student t distributions (i.e. instead of normal

distributions).

Page 317 of Section B.3.2 (Appendix B) provides OpenBUGS example code for
the implementation of the primary model (Model 2.2) for a typical 14-day EBA
study.

3.4.2.2 Conventional Bilinear Regression Model

Model 3.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Based on Equation (2.34), one can postulate the following bilinear mixed effects

regression model:

where J;;;, = 1+step (t;x — Ki;), and step () denotes a function taking the value 0

if £ <0, and 1 otherwise. Here, the notation is similar to that used for Model 1.1.

The parameters of the regression model in Equation (3.67) are analogous to those
of the “by-patient” regression function in Equation (2.34), and the specification

of its random effects and prior distributions are similar to those of Model 1.1.
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The matrices Z;; associated with the vectors of random intercepts and slopes (see
Equation (3.20)) are required for appropriate specification of priors for covariance

matrices €2,; (“default” Wishart). These matrices are defined as follows:

1 —tij (=Dt 2 (T — 1) - 5y

Zig = |1 —ti (=)t + 2 (Jgk — 1) - Ky

_1 _tinij (_1)Jinij+1 : tinij +2 (Jinij - 1) " Kp |
Page 320 of Section B.3.2 (Appendix B) provides OpenBUGS example code for
the implementation of the primary model (Model 3.1) for a typical 14-day EBA
study.

Model 3.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Similar to Model 1.5, the primary model (Model 3.1) can incorporate the assump-
tion that the residuals follow i.i.d. Student t distributions (i.e. instead of normal

distributions).

Page 326 of Section B.3.2 (Appendix B) provides OpenBUGS example code for
the implementation of the primary model (Model 3.2) for a typical 14-day EBA
study.
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3.4.2.3 Bi-Exponential Regression Model

Model 4.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

Based on Equation (2.40), one can postulate the following NLME regression model:

10g<yz'jk;) _ log (601” . 6—>\1ij~tl‘jk + 692ij . 6—>\2ij.tijk) + Eijk (3.68)

Here, the notation is similar to that used for Model 1.1.

The parameters of the regression model in Equation (3.68) are analogous to those
of the “by-patient” regression function in Equation (2.40), and the specification of
its random effects and prior distributions are similar to those of Model 1.1. Here,
the main difference is that 4-variate (instead of tri-variate) normal and Wishart

distributions are specified for the random and fixed effects (e.g. 61,5, Aiij, G2
and )\zz‘j).

Since Equation (3.68) is completely nonlinear, the methodology by Kass and
Natarajan (2006) can no longer be applied to calculate R;. Alternatively, one
can fit Equation (3.68) using the SAS® procedure NLMIXED via ML estimation
(similar to Model 1.3).

The attempt to fit the bi-exponential mixed effects regression model to 14-day
EBA data fails since the MCMC samples do not converge for profiles over time
with a slow rate of decline early, followed by a faster rate of decline. Moreover,
the model lacks identifiability of its parameters when the intercept and slope of

the two respective bi-exponential terms are not distinctly different.
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Model 4.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

Similar to Model 1.5, the primary model (Model 4.1) can incorporate the assump-
tion that the residuals follow i.i.d. Student t distributions (i.e. instead of normal

distributions).

3.5 Model Selection and Model Checking

From the various mixed effects regression models defined in Section 3.4, one would
be interested in selecting the “best” model for inferences of EBA. For this purpose,
model selection tools described in Section 2.2.3.2 can be utilized to discriminate
between models. Model fit can be checked using CPOs defined in Section 2.2.3.3.

3.5.1 Deviance Information Criterion

The associated DIC statistic (see Section 2.2.3.2) can be obtained directly from
OpenBUGS.

For Model 1.4, Model 1.8 and Model 1.9, the likelihood densities for the calculation
of DIC statistics in OpenBUGS are conditional also on the nuisance parameters,

and should therefore not be reported.

3.5.2 Bayes Factors

For calculation of compound Laplace-Metropolis Bayes factors (see Section 2.2.3.2),
the methodology proposed by Lewis and Raftery (1997) suggests the use of the
Laplace method to approximate the required integrals: That is, the marginal-
ization of random effects for each patient in Model 1.1. However, the use of
Laplace’s method for multidimensional integrals can be challenging and cumber-

some to implement. In order for asymptotic Laplace approximations to be reliable
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for Model 1.1, an adequate amount of observations associated with each patient’s
likelihood should be available (Shun and McCullagh, 1995). The latter condition

can thus be problematic for profiles with a significant amount of missing data.

A workaround for the aforementioned concerns associated with Laplace approxi-
mated integrals for Model 1.1 is described here in detail. The workaround provides
a generalized approach for NLME regression modeling and is reasonably easy to
implement with SAS® and the R project (R Core Team, 2014).

For Model 1.1 (see Page 77), the associated compound Laplace-Metropolis Bayes
factor can be calculated by marginalizing the random effects for each patient us-
ing the multidimensional numerical integration library “R2Cuba” of the R project
(Hahn et al., 2013). This integration package uses sophisticated numerical tech-
niques which do not rely on asymptotic theory, and are particularly appropriate
for integration calculations of high dimensions. Similar to OpenBUGS, the R
project can be called remotely from SAS®. The marginal likelihood of patient i

in treatment group j is expressed as follows:

A

P (yisltys iy 3, iy, 02,62, 6% (3.69)

. A A ~ A ~2 A2 A2
_/P(yi_’ill"l’ija’iija’Yij7y'j7’ija’yjagujvo-njag'yjaagj>d(Mij7/{ij77ij)

~ ~ ~ A ~9 ~9 ~92 . . . .
Here, p;, ~j, V5, Qujs Oy, 05, and ¢Z; are the mean of the posterior distribution
2

2 2 :
of pj, ki, Viy Ly Ty, 0, and o7}, respectively, and

A ~2 A2 2

P(yij|uij7/§ij77ijulj’j7/%jvﬂ/quuﬁanjanija—sj) (3.70)
=L (tig, ij» Yig: 025 k = 1, ., Kijlyaz) - P Mz’j|ﬁj7Quj> - P (mﬂ@ﬁi) :

p (%’ 95, fﬁj)

Let . and s . respectively denote the determi-
|R(“]:”]77j70—?]’]:1’7‘])| (I“'jﬂijy'yj:o'gj:.]:l:“'%]) p y

nant of the correlation matrix and the sum of the logarithm of the SDs of the
posterior distributions of p;, ;, 7; and agj. These quantities can respectively be

calculated using the SAS® procedures CORR and IML.
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Finally, the Laplace-Metropolis marginal likelihood for Model 1.1 can be written

as:

A |
lo5(flu]) = 7+ 108(2m) - T + S108 Ry s 0 It (3.71)
N J
g mys it mtat) + D0 20 P (Wialbys 5,55 s, 2,62 62 ) +
=1 j=1
i)
S (Pa]+P 0| + Pla)+ Pl + P |62 + P62 | + Po?])

Jj=1

The following libraries of the R project are used for the specification of the relevant

density and cumulative distribution functions in Equation (3.71):

e The normal distribution included in library “sn” (more specifically, using its

skew normal distribution with skewness parameter equal to 0) (Azzalini, 2014).

e The multivariate normal distribution included in library “mnormt” (Genz and
Azzalini, 2013).

e The truncated normal distribution included in library “truncnorm” (Trautmann
et al., 2014).

e The Wishart distribution included in library “mixAK” (Komérek, 2009).

The remainder density and cumulative distribution functions are calculated from

the default packages (or “functionalities”) included in the R project.

The SAS® and R example code for the calculation of the Laplace-Metropolis
marginal likelihood of Model 1.1, Model 1.2, Model 1.4, Model 1.5, Model 1.7,
Model 1.8, Model 1.9, Model 2.1 and Model 3.1 are presented in Appendix B.
Here, the Student t density and corresponding cumulative distribution function
can be specified using the “sn” library of the R project (more specifically, using
its skew Student t distribution with skewness parameter equal to 0). The skew
densities and corresponding cumulative distribution functions can also be specified

using the “sn” library of the R project. However, their parameterizations differ to
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that defined by Sahu et al. (2003). The skew densities and cumulative distribution

functions therefore has to be specified manually in the R project.

3.5.3 Conditional Posterior Ordinate

The likelihood densities, conditional on each set of posterior MCMC samples, can
be obtained directly from OpenBUGS. Straightforward data manipulation of these
likelihood densities (on a post-hoc basis) can accordingly be applied to calculate
each ICPO; (see Section 2.2.3.3).

For Model 1.4, Model 1.8 and Model 1.9, the likelihood densities for the calculation
of IﬁP\OZ in OpenBUGS are conditional also on the nuisance parameters, and

should therefore not be reported.



Chapter 4

Application: Colony Forming
Unit Count

4.1 Introduction

This chapter presents applications of the methodology described in the preceding
chapters to the assessment of CFU data. Section 4.2 summarizes the results of
an extensive empirical investigation of the suitability of the proposed model for
CFU data (see Equation (2.39)), and Section 4.3 through Section 4.6 are devoted
to applications of the methodology presented in Chapter 3 to the CFU data of

recently published clinical trials.

4.2 Empirical Study

The purpose of the empirical study, and associated results and findings from the

datasets analyzed, are discussed here in detail.

111
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4.2.1 Purpose

While theoretical considerations may assist in the derivation of a suitable regres-
sion model for a certain type of data, the most important requirement for a good
model is that it should fit the data well. In deriving a regression model for CFU
data, an empirical study of a large number of log(CFU) versus time profiles from

six EBA trials and one “SSCC” trial was carried out.

The typical shapes of such profiles, identified in the empirical study, confirm obser-
vations made previously by other authors, and motivate the theoretical derivation
of the differential hyperbolic tangent regression model in Chapter 3 (see Equa-
tion (2.39)).

4.2.2 Datasets Analyzed

For the purpose of this empirical study, data from six EBA trials and one “SSCC”
trial, comprising the CFU versus time profiles of a total of 661 patients, were
available. In each of the EBA trials, CFU data were collected over 14 days of
treatment, while in the “SSCC” trial CFU data were collected over 8 weeks of

treatment.

Relevant clinical trial characteristics of clinical trial protocols CL0O01 (Diacon et al.,
2013), CL007 (Diacon et al., 2010), CL010 (Diacon et al., 2012¢), NC001 (Diacon
et al., 2012a), NC002 (both “SSCC” main study and EBA sub-study) (Dawson
et al., 2015) and NC003 (Diacon et al., 2015) are summarized in Table 4.1, includ-
ing the total number of valid patients, and the number of patients with complete
profiles (data up to Day 14 (EBA trials) and Day 34 (“SSCC” trial)).
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Table 4.1: Characteristics of Trials Included in Empirical Study
Treatment
Clinical Trial Scheduled Sample Days Group N n
CLO001 Daily from Day -2 to Day 8; TMC207 100 mg 15 12
Day 10, Day 12, Day 14 TMC207 200 mg 15 13
TMC207 200 mg 15 13
TMC207 400 mg 15 14
Rifafour 8 6
Total 68 58
CLO007 Daily from Day -2 to Day 4; PA-824 200 mg 15 10
Day 6, Day 8, Day 10, Day 12, PA-824 600 mg 15 10
Day 14 PA-824 1000 mg 16 9
PA-824 1200 mg 15 11
Rifafour 8 5
Total 69 45
CLO010 Daily from Day -2 to Day 4; PA-824 50 mg 15 12
Day 6, Day 8, Day 10, Day 12, PA-824 100 mg 15 15
Day 14 PA-824 150 mg 15 14
PA-824 200 mg 16 14
Rifafour 8 8
Total 69 63
NCo001 Daily from Day -2 to Day 14 J 15 14
J-Z 15 12
J-Pa 15 12
Pa-Z 15 13
Pa-Z-M 15 10
Rifafour 10 8
Total 85 69
NCo002 (EBA) Daily from Day -2 to Day 3, Day 5, M-PA100-Z 16 6
Day 7, Day 9, Day 11, Day 14 M-PA200-Z 13 7
M-PA200-Z-MDR 18 4
Rifafour 15 9
Total 62 26
NCO002 (“SSCC”) Day -2, Day -1, Day 3, Day 7, M-PA100-Z 60 3
Day 14, Day 21, Day 28, Day 35, M-PA200-Z 61 1
Day 42, Day 49, Day 56 M-PA200-Z-MDR 26
Rifafour 59 5
Total 206 10

Note: Treatment group: J = TMC207, J-Z = TMC207 + Pyrazinamide, J-Pa = TMC207 + PA-824, Pa-Z =
PA-824 + Pyrazinamide, Pa-Z-M or M-PA-Z = PA-824 + Pyrazinamide + Moxifloxacin, J-Pa-Z-C = TMC207
+ PA-824 + Pyrazinamide 4 Clofazimine, J-Pa-Z = TMC207 + PA-824 4 Pyrazinamide, J-Pa-C = TMC207 +
PA-824 + Clofazimine, J-Z-C = TMC207 + Pyrazinamide + Clofazimine, Z = Pyrazinamide, C = Clofazimine,
Rifafour = Rifafour e-275®. CFU: Colony forming unit; MDR: Multi-drug resistant. N = Total number of pa-

tients. n = Number of patients with complete profiles and no censored log(CFU) counts.
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Table 4.1: Characteristics of Trials Included in Empirical Study

Treatment

Clinical Trial Scheduled Sample Days Group N n

NCo003 Daily from Day -2 to Day 14 J-Pa-Z-C 14 12
J-Pa-Z 14 8
J-Pa-C 15 13
J-Z-C 14 9
Z 15 14
C 15 13
Rifafour 15 8
Total 102 77

Total Grand Total 661 348

Note: Treatment group: J = TMC207, J-Z = TMC207 + Pyrazinamide, J-Pa = TMC207 + PA-824, Pa-Z =
PA-824 + Pyrazinamide, Pa-Z-M or M-PA-Z = PA-824 + Pyrazinamide + Moxifloxacin, J-Pa-Z-C = TMC207
+ PA-824 + Pyrazinamide + Clofazimine, J-Pa-Z = TMC207 + PA-824 + Pyrazinamide, J-Pa-C = TMC207 +
PA-824 + Clofazimine, J-Z-C = TMC207 + Pyrazinamide + Clofazimine, Z = Pyrazinamide, C = Clofazimine,
Rifafour = Rifafour e-275®. CFU: Colony forming unit; MDR: Multi-drug resistant. N = Total number of pa-

tients. n = Number of patients with complete profiles and no censored log(CFU) counts.

Detailed summaries of the objectives and study design of clinical trial protocols
CL001, CL007, CL010 and NCO001 are provided in the literature review of Chap-
ter 1; the corresponding information for protocols NC002 and NC003 is provided

below:

NCO002 Trial (Dawson et al., 2015)

Objectives

Dawson et al. (2015) investigated the safety and bactericidal activity of 8-week
combination therapy of moxifloxacin, PA-824 and pyrazinamide in 207 patients

with either drug-sensitive TB or MDR-TB . Bactericidal activity was characterized
by the evaluation of CFU count and TTP.

Study Design

Drug-sensitive TB patients were randomized to receive either 8-week combina-

tion therapy of moxifloxacin, PA-824 (100 mg) and pyrazinamide (60 patients),
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moxifloxacin, PA-824 (200 mg) and pyrazinamide (62 patients), or Rifafour e-275
(59 patients), whereas MDR-TB patients were assigned to receive 8-week combi-

nation therapy of moxifloxacin, PA-824 (200 mg) and pyrazinamide (26 patients).

A subset of patients from each treatment group was included in a 14-day EBA

sub-study where sputum sampling was performed more frequently.

Two 16-hour overnight sputum samples were collected pre-treatment and were
used for the calculation of CFU count at Day 0. In addition, overnight sputum
samples were collected on Day 3, Day 7 and Day 14, Day 21, Day 28, Day 35,
Day 42, Day 49 and Day 56. Overnight sputum samples for patients in the EBA
sub-study were in addition collected daily from Day 0 up to Day 3, and every
second day from Day 5 up to Day 14.

NCO003 Trial (Diacon et al., 2015)
Objectives

Diacon et al. (2015) report a TB trial whose objectives included the evaluation
of the safety, tolerability, PK and EBA of 14-day combination therapy of pyraz-
inamide, clofazimine, PA-824 and TMC207 in 105 previously untreated TB pa-
tients. EBA was characterized by the evaluation of CFU count and TTP.

Study Design

Patients were randomized to receive either daily doses of combination therapy of
TMC207, PA-824, pyrazinamide and clofazimine (15 patients), TMC207, PA-824
and pyrazinamide (15 patients), TMC207, pyrazinamide and clofazimine (15 pa-
tients), TMC207, pyrazinamide and clofazimine (15 patients), monotherapy of
clofazimine (15 patients), and pyrazinamide (15 patients), or Rifafour e-275®
(15 patients) (control group) for 14 days.



Chapter 4. Application: Colony Forming Unit Count 116

Two 16-hour overnight sputum samples were collected pre-treatment and were
used for the calculation of CFU count at Day 0. In addition, overnight sputum

samples were collected daily from Day 1 up to Day 14.

4.2.3 Results and Findings

The model in Equation (2.39) was fitted to the log(CFU) versus time profiles of all
patients with complete profiles, separately by patient, using the SAS® procedure
NLMIXED (Version 9.2), assuming i.i.d. normal residuals. Note that only patients
with complete data profiles were used since the primary purpose of the empirical
study was to judge the adequacy of the proposed differential hyperbolic tangent
regression model specifically when fitted to 14-day CFU versus time profiles of
EBA trials, and 8-week data of “SSCC” trials; naturally, when data profiles are
(substantially) shorter than 14 days (EBA trials) or 8 weeks (“SSCC” trials) (e.g.
due to a patient dropping out of a trial early) a simple (mono-) linear model will

often be adequate.

Plots of the data, together with by-patient fits of the hyperbolic tangent regression
model, are included in Figure C.1 through Figure C.36 of Appendix C. For the
EBA trials, the lower and upper bounds of k were set to L, = 2 and U, = 11,
and for the “SSCC” trial, the lower and upper bounds of xk were set to L, = 0.42
(Day 3) and U, = 1.57 (Day 11). The lower and upper bounds of y were set to
L., = 0.1 and U, = 2 for each of the trials.

Figure 4.1 and Figure 4.2 provide plots and box and whisker plots of the 35 esti-

mates by study and treatment group.

Studying the data profiles, the following can be noted (see Table 4.2):

e Over the profile period of 14 days (EBA trials) and 8 weeks (“SSCC” trials), the
log(CFU) versus time profiles seem either linear (for the minority of patients:
69 out of 348), or biphasic (for the majority of patients: 279 out of 348). For an
example of a (near) linear profile, see Figure 4.3a; examples of clearly biphasic

profiles are given in Figures 4.3b through Figure 4.3d.
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e The rate of decline in log(CFU) count during the initial phase is greater than
during the terminal phase for the majority of biphasic profiles (e.g. Figure 4.3b)
(170 out of 279 patients); however, the rate of decline in log(CFU) count during
the initial phase is smaller than during the terminal phase for a substantial

minority of biphasic profiles (e.g. Figure 4.3¢) (109 out of 279 patients).

e The transition from the first to the second phase is smooth for a minority of
biphasic profiles (e.g. Figure 4.3d) (34 out of 279 patients); a bilinear regression
model seems adequate for the majority of biphasic profiles (e.g. Figure 4.3b and
Figure 4.3c) (245 out of 279 patients).

e For some treatment regimens, the average rate of decline in log(CFU) count dur-
ing the initial phase is greater than during the terminal phase (see Figure 4.2).
However, for one of the newer compounds under investigation, TMC207, and for
some treatment regimens containing TMC207 in combination with other drugs,
the average rate of decline in log(CFU) count during the initial phase is smaller

than during the terminal phase.

e Whatever the respective average rates of decline in log(CFU) count for a given
treatment regimen, rates of decline both during the initial and late phase ex-
hibit appreciable inter-individual variability; for individual patients, the rate of
decline in log(CFU) count during the initial phase might be smaller than dur-
ing the late phase, even though the respective average rates for the treatment

regimen in question might exhibit the reverse relationship.

e The timepoint (node) at which the initial rate of decline changes to the terminal
rate of decline exhibits appreciable individual variability (possibly as a result of

little information for the estimation of the node parameter).

Observations from the empirical study suggest the following:

e Bilinear regression models seem adequate for the log(CFU) versus time profiles
of many patients, but certainly not for all, since a substantial minority of profiles
exhibit a smooth transition between phases. Whatever the case may be, it is

preferable to fit a regression model that allows for a smooth transition between
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phases, thereby allowing one to judge the adequacy of the bilinear regression

model.

e Bilinear regression models need to accommodate individual variation in the
node, and should estimate the node parameter from the data, rather than de-

termining it through visual inspection.

e Bi-exponential regression models are not adequate for treatments (and individ-
ual profiles) which are associated with terminal rates of decline that are faster

than initial rates of decline.

e The log(CFU) versus time profiles suggest that the residual variance is con-
stant over the range of fitted values, i.e. the logarithm is effective as variance

stabilizing transformation.

On the whole, a visual inspection of the model fits suggests that the proposed re-

gression model, i.e. the differential hyperbolic tangent regression model, generally
fits the CFU data well.
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Figure 4.1: By-Patient Estimates of 85 for Empirical Study
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Figure 4.2: Summary of By-Patient Estimates of gy for Empirical Study
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Figure 4.3: Fitted log(CFU) Count for Empirical Study

log(CFU) Count

4.3 NCO001 Trial

(b)

(d)

This section provides the results of a reanalysis of CFU data of the NC001 trial
(Diacon et al., 2012a) (see Table 4.1) using the models discussed in the previous

chapter (Chapter 3).

Results from the fit of the following mixed effects regression models are presented:
Model 1.1 (Page 127), Model 1.2 (Page 151), Model 1.3 (Page 151), Model 1.4
(Page 152), Model 1.5 (Page 153), Model 1.6 (Page 154), Model 1.7 (Page 154),
Model 1.8 (Page 155), Model 1.9 (Page 156), Model 2.1 (Page 158), Model 2.2

(Page 158), Model 3.1 (Page 159) and Model 3.2 (Page 159).

Figure 4.4 shows nested plots of the observed log(CFU) counts by treatment group.
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Figure 4.4: Observed log(CFU) Counts Over Time
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4.3.1 Differential Hyperbolic Tangent Regression Model

Results from the by-patient and joint Bayesian NLME fit of the differential hy-
perbolic tangent regression model (see Section 3.3 and Section 3.4.1, respectively)

are provided in the subsections below.

Model 1.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Results from the primary model (Model 1.1) (see Page 77) and the by-patient

analysis (see Equation (2.39) and Section 3.3) are discussed here in detail.

4.3.1.1 Markov Chain Monte Carlo Iteration Diagnostics

For the joint Bayesian NLME analysis, a total of 25 000 samples via two inde-
pendent MCMC chains (12 500 each), with a ‘thinning” factor of 200 iterations,
were drawn from the posterior distribution of the model parameters. A simu-
lation “burn-in” period of 400 000 iterations was used (constituting a complete
total of 5 400 000 simulations). Posterior samples were checked for convergence in

accordance with the diagnostics outlined in Section 3.4.1.4.

Figure 4.5 represents an iteration plot of posterior samples for o2 (=2} from two
parallel MCMC chains prior to “burn-in”. Here, dispersed starting values were
provided for the second MCMC chain. The plot constitutes an example of two
MCMC chains reaching convergence after a certain number of iterations. One can
note that the efficiency of the Gibbs sampler is relatively “bad” for this particular
parameter (as some degree of convergence started only after 500 iterations). The
rate of convergence was relatively quick for parameters such as a;;, B1;; and Baj,

2 2
and slower for parameters such as x;;, i, o5, and o3;.

As an example of two MCMC chains converging, Figure 4.6 shows an iteration,

autocorrelation and density plot from posterior samples for aygi—iyj=1; from two
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parallel MCMC chains. Figure 4.7 shows iteration plots of posterior samples of

randomly selected parameters from two parallel MCMC chains.

Figure 4.5:

Figure 4.6:
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Figure 4.7: Iteration Plots of Posterior Samples of Randomly Selected Parame-
ters from Two Parallel MCMC Chains
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4.3.1.2 Problematic Data Profiles

Plots of the observed log(CFU) counts together with by-patient and joint Bayesian
NLME fits of the regression model are included in Figure D.1 through Figure D.6
of Appendix D for each patient. From these plots, one can note that the fit of the

by-patient regression model is problematic for the following patients:

e Patient 002060058 (Figure D.1): This patient withdrew early from the study
with CFU data available only up to Day 2. Ounly the EBA(0-2) estimate (i.e.
disregarding EBA(0-14), EBA(0-7), EBA(2-14) and EBA(7-14) estimates) is

considered for the by-patient analysis.

e Patient 002055050 (Figure D.2): The log(CFU) counts at Day 9 and Day 11

are regarded as outliers and therefore excluded from the by-patient analysis.

e Patient 002085113 (Figure D.3): This patient’s data profile is sparse, and
therefore, none of the EBA estimates (i.e. EBA(0-14), EBA(0-2), EBA(0-7),
EBA(2-14), EBA(7-14)) are considered for the by-patient analysis.

e Patient 002043044 (Figure D.4): This patient withdrew early from the study
with CFU data available only up to Day 3. Ounly the EBA(0-2) estimate (i.e.
disregarding EBA(0-14), EBA(0-7), EBA(2-14) and EBA(7-14) estimates) are

considered for the by-patient analysis.

e Patient 001007003 (Figure D.5): This patient withdrew early from the study
with CFU data available only up to Day 8, where log(CFU) counts at Day 7
and Day 8 are regarded as outliers (and are therefore excluded from the by-
patient analysis). Valid data are thus available only up to Day 6, and only the
EBA(0-2) and EBA(0-7) estimates (i.e. disregarding EBA(0-14), EBA(2-14)
and EBA(7-14) estimates) are considered for the by-patient analysis.

e Patient 001015008 (Figure D.5): This patient withdrew early from the study
with CFU data available only up to Day 5. Only the EBA(0-2) estimate (i.e.
disregarding EBA(0-14), EBA(0-7), EBA(2-14) and EBA(7-14) estimates) is

considered for the by-patient analysis.
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e Patient 002090117 (Figure D.6): The log(CFU) counts at Day 9 and Day 14

are regarded as outliers and therefore excluded from the by-patient analysis.

Note that none of the outliers listed above were excluded from the joint Bayesian
NLME analysis.

4.3.1.3 Early Bactericidal Activity
By-Patient Analysis

Descriptive statistics of EBA(t; — t3) calculated from the by-patient analysis (see
Equation (3.5)), including p-Values from the Shapiro-Wilk normality test, are
presented in Table 4.3 by treatment group. At a significance level at 5%, the
Shapiro-Wilk p-Values indicate non-normality of the EBA(¢; — t5) estimates for
some of the EBA categories so that, provided that the sample sizes are small,
care should be taken with the interpretation of results from the ANOVA of the
EBA(t; — t3) estimates (by-patient analysis).

Estimates and corresponding 95% Cls for EBA;(¢; — t5), as calculated from the
by-patient analysis (ANOVA), including pairwise comparisons versus Rifafour, are

presented in Table 4.4.

Joint Bayesian Mixed Effects Analysis

Posterior estimates and corresponding 95% BClIs for EBA;(t; — ¢5), including

pairwise comparisons versus Rifafour, are presented in Table 4.5.

Comparison Between Analyses

Estimates and corresponding 95% Cls for EBA,(t; —t5), as calculated from the by-
patient analysis (ANOVA), and posterior estimates and corresponding 95% BClIs for
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EBA;(t,—t3), as calculated from the joint Bayesian NLME analysis, are shown in Fig-
ure 4.9 (EBA;(0—14)), Figure 4.11 (EBA;(0—2)) and Figure 4.13 (EBA;(2—14))

by treatment group.

Scatter plots of estimates for EBA(¢; —t5), as calculated from the by-patient anal-
ysis, versus the corresponding posterior estimates for EBA;;(t; —t3), as calculated
from the joint Bayesian NLME analysis, are shown in Figure 4.10 (EBA;(0—14)),
Figure 4.12 (EBA;(0 — 2)) and Figure 4.14 (EBA;(2 — 14)) by treatment group.

The by-patient estimates of EBA(t; — t5), as calculated from the joint Bayesian
NLME regression model, relative to the estimates calculated from the by-patient
regression model, are in most cases shrunken towards their corresponding mean
estimates (see data points in Figure 4.10, Figure 4.12 and Figure 4.14 which are,

in particular, farthest away from the respective identity lines).

For both the by-patient and joint Bayesian NLME analysis, EBA;(0 — 14) was
significantly different from 0 for each treatment regimen. Treatment with Pa-Z-M
had the highest bactericidal activity both over the whole 14-day treatment period,
and over the time intervals Day 0 to Day 2 and Day 2 to Day 14. These results
can be compared to those published by Diacon et al. (2012a).

Differences between the results obtained from the by-patient and joint Bayesian

NLME regression model may be due to the following reasons:

e Different model assumptions that are applied for each of the regression models.
The by patient analysis assumes a normal distribution (directly) for the by-
patient EBA;;(¢; — t2) estimates, whereas the joint Bayesian NLME regression
model assumes normal distributions for the residual fits and random effects,
including non-informative prior distributions for each of the fixed effects (hence
the joint Bayesian NLME regression model does not assume a distribution di-
rectly on EBA;;(t1 —t2)).

e As opposed to the joint Bayesian NLME regression model, the by-patient anal-

ysis disregards the variability in residual fits.

e Data for patients with sparse profiles are excluded from the by-patient analysis,

but not from the joint Bayesian NLME analysis.
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e The joint Bayesian NLME regression model generally provides shrunken by-
patient estimates (random effects) towards the overall mean estimates (fixed

effects), thus minimizing the occurrence of outliers in by-patient estimates.

As a case in point, the Pa-Z-M regimen includes two patients with zero CFU counts
observed towards the end of the data profiles (see Figure D.5 of Appendix D). As
a result, the by-patient EBA estimates for these patients are substantially larger
than those calculated from the joint Bayesian NLME analysis (see Table 4.3).
Figure 4.8 provides an illustration of the shrinkage effect associated with the joint
Bayesian NLME analysis (Patient 002053049; Pa-Z-M). Moreover, the posterior
estimate for EBA;(0 — 14) of treatment Pa-Z-M (see Table 4.5) is closer to the
median of the corresponding by-patient estimates (see Table 4.3). Clearly, the
joint Bayesian NLME analysis provides more realistic EBA estimates than those

calculated from the by-patient analysis.

Figure 4.8: Observed and Fitted log(CFU) Count With Shrinkage Effect: By-
Patient Versus Joint Bayesian NLME Analysis
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Table 4.3: Descriptive Statistics of EBA(t; — t2) Calculated from By-Patient

Analysis
Treatment Group
J J-Z J-Pa Pa-Z Pa-Z-M Rifafour
Parameter Statistic (N=15) (N=15) (N=15) (N=15) (N=15) (N=10)
EBA(0 — 14) n 14 15 14 14 13 10
Mean 0.073 0.134 0.104 0.153 0.507 0.152
SD 0.063 0.111 0.045 0.052 0.802 0.092
Minimum 0.002 0.004 0.054 0.099 0.069 0.033
Median 0.054 0.111 0.093 0.139 0.200 0.133
Maximum 0.201 0.433 0.211 0.293 2.783 0.325
p-Value 0.0671 0.0135 0.1182 0.0172 <0.0001 0.7557
EBA(0 — 2) n 15 15 14 15 15 10
Mean -0.034  0.067 0.067 0.203 0.378 0.201
SD 0.173 0.168 0.141 0.303 0.177 0.169
Minimum -0.433  -0.227  -0.151  -0.395  0.077 0.044
Median -0.010  0.108 0.033 0.193 0.393 0.165
Maximum 0.188 0.314 0.321 1.105 0.721 0.622
p-Value 0.2816 0.4162 0.6074 0.0018 0.9166  0.0180
EBA(0 —7) n 14 15 14 14 14 10
Mean 0.016 0.115 0.112 0.187 0.337 0.149
SD 0.097 0.108 0.097 0.110 0.183 0.082
Minimum -0.183  -0.064 -0.018 -0.001  0.080 0.044
Median 0.017 0.108 0.111 0.190 0.301 0.148
Maximum 0.168 0.287 0.320 0.431 0.830 0.311
p-Value 0.9858 0.6840 0.3412 0.9698 0.0345 0.7581
EBA(2 — 14) n 14 15 14 14 13 10
Mean 0.088 0.145 0.110 0.143 0.525 0.144
SD 0.065 0.118 0.047 0.044 0.928 0.107
Minimum -0.008  -0.007  0.054 0.091 0.045 0.018
Median 0.074 0.110 0.103 0.127 0.176 0.114
Maximum 0.215 0.486 0.241 0.231 3.165 0.360
p-Value 0.4228 0.0036 0.0206 0.0685 <0.0001 0.3842

Note: CFU: Colony forming unit; EBA(¢; — t2): Daily rate of change in log(CFU) count from
Day ¢; to Day to; SD: Standard deviation. N = Total number of patients. n = Number of
patients in each category. p-Value: Shapiro-Wilk normality test for hypothesis that values are
normally distributed.
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Table 4.3: Descriptive Statistics of EBA(t; — t2) Calculated from By-Patient

Analysis
Treatment Group
J J-Z J-Pa Pa-Z Pa-Z-M Rifafour
Parameter Statistic (N=15) (N=15) (N=15) (N=15) (N=15) (N=10)
EBA(7 — 14) n 14 15 14 14 13 10
Mean 0.131 0.153 0.095 0.120 0.676 0.156
SD 0.103 0.152 0.077 0.085 1.432 0.142
Minimum -0.099  -0.065 -0.027 -0.028 -0.071 0.010
Median 0.162 0.129 0.098 0.128 0.157 0.103
Maximum 0.281 0.581 0.280 0.285 4.735 0.428
p-Value 0.3912 0.0232 0.6226 0.6585 <0.0001 0.1728

Note: CFU: Colony forming unit; EBA(t; — ¢2): Daily rate of change in log(CFU) count from
Day t; to Day t9; SD: Standard deviation. N = Total number of patients. n = Number of

patients in each category. p-Value: Shapiro-Wilk normality test for hypothesis that values are

normally distributed.

Table 4.4: Estimates and Corresponding 95% Cls for EBA;(t; — t5) Calculated
from By-Patient Analysis

Treatment Difference Versus Rifafour

Parameter Group n Estimate 95% CI Estimate 95% CI

EBA;(0 — 14) J (N=15) 14 0.073 [0.037; 0.110]  —0.079 [-0.150; -0.007]
J-Z (N=15) 15 0.134 [0.073; 0.195]  —0.018 [-0.103; 0.067]
J-Pa (N=15) 14 0.104 [0.078; 0.130]  —0.048 [-0.117; 0.020]
Pa-Z (N=15) 14 0.153 [0.123; 0.183] 0.001 [-0.069; 0.071]
Pa-Z-M (N=15) 13 0.507 [0.022; 0.991] 0.355 [-0.133; 0.842]
Rifafour (N=10) 10  0.152 [0.086; 0.218]

Note: ANOVA: Analysis of variance; CFU: Colony forming unit; CI: Confidence interval;

EBA(t; — t2): Daily rate of change in log(CFU) count from Day t; to Day t5. N = Total num-
ber of patients. n = Number of patients in each category. Inferential statistics: Calculated from
ANOVA of individual EBA estimates from by-patient regression model fits (ANOVA allowed for

different variances across treatment groups).
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Table 4.4: Estimates and Corresponding 95% Cls for EBA;(#; — t5) Calculated
from By-Patient Analysis

Treatment Difference Versus Rifafour
Parameter Group n Estimate 95% CI Estimate 95% CI
EBA;(0—2) J(N=15) 15 —0.034 [-0.129; 0.062] —0.234 [-0.379; -0.089]
J-Z (N=15) 15 0.067 [-0.026; 0.160] —0.134 [-0.278; 0.010]
J-Pa (N=15) 14 0.067 [-0.014; 0.148] —0.133 [-0.271; 0.004]
Pa-Z (N=15) 15 0.203 [0.035; 0.371] 0.003 [-0.193; 0.199]

Pa-Z-M (N=15) 15  0.378 [0.281;0.476]  0.178  [0.031; 0.324]
Rifafour (N=10) 10  0.201 [0.080; 0.321]

EBA;(0—7) J (N=15) 14 0.016 [-0.040;0.072] —0.133  [-0.209; -0.057]
J-7Z (N=15) 15 0115 [0.055 0.175] —0.034  [-0.113; 0.045]
J-Pa (N=15) 14  0.112 [0.056; 0.168] —0.037  [-0.113; 0.040]
Pa-Z (N=15) 14  0.187 [0.124; 0.250 0.038  [-0.043; 0.120]
Pa-Z-M (N=15) 14  0.337 [0.232; 0.443 0.189  [0.073; 0.304]

[ }
[ }
[ ]
[ ]
Rifafour (N=10) 10  0.149 [0.090; 0.208]
[ }
[ ]
[ }
[ }

EBA,(2 — 14) J (N=15) 14 0.088 [0.050; 0.126] —0.056  [-0.138; 0.026]
J-Z (N=15) 15 0.145 [0.080; 0.211 0.001  [-0.094; 0.096]
J-Pa (N=15) 14  0.110 [0.083; 0.137] —0.034  [-0.113; 0.045]
Pa-Z (N=15) 14  0.143 [0.117; 0.168] —0.002  [-0.080; 0.077]
Pa-Z-M (N=15) 13 0525 [-0.035;1.086]  0.381  [-0.182; 0.945]
Rifafour (N=10) 10  0.144 [0.067; 0.221]

EBA,(7 — 14) J (N=15) 14 0131 [0.072;0.191] —0.024  [-0.137; 0.088]
J-7 (N=15) 15 0.153 [0.069; 0.237] —0.002  [-0.127; 0.122]
J-Pa (N=15) 14  0.095 [0.051;0.140] —0.060  [-0.167; 0.047]
Pa-Z (N=15) 14  0.120 [0.071;0.169] —0.036  [-0.144; 0.072]
Pa-Z-M (N=15) 13  0.676 [-0.189; 1.542]  0.521  [-0.347; 1.389]

Rifafour (N=10) 10  0.156 [0.054; 0.257]

Note: ANOVA: Analysis of variance; CFU: Colony forming unit; CI: Confidence interval;
EBA(t; — t2): Daily rate of change in log(CFU) count from Day ¢; to Day ¢. N = Total num-
ber of patients. n = Number of patients in each category. Inferential statistics: Calculated from
ANOVA of individual EBA estimates from by-patient regression model fits (ANOVA allowed for

different variances across treatment groups).
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Table 4.5: Posterior Estimates and Corresponding 95% BClIs for EBA;(t; — t2)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) J (N=15) 15 0.076  [0.016; 0.143] —0.066 [-0.179; 0.047]
J-Z (N=15) 15 0.135  [0.067; 0.206] —0.007 :0.125; 0.110]
J-Pa (N=15) 15 0.101 [0.057; 0.146] —0.041 [-0.147; 0.064]
PaZ (N=15) 15 0.152  [0.098; 0.204] 0.009 [:0.100; 0.116]
Pa-Z-M (N=15) 15 0.248 [0.085; 0.428] 0.106 [-0.082; 0.304]
Rifafour (N=10) 10 0.142 [0.047; 0.238]

EBA;(0—2) J (N=15) 15 0.004  [-0.082; 0.089] —0.157 [:0.332; 0.011]
J-Z (N=15) 15 0.084  [-0.030; 0.193] —0.076 10.268; 0.105]
J-Pa (N=15) 15 0105  [0.022; 0.187] —0.055 [-0.229; 0.111]
Pa-Z (N=15) 15 0.180  [0.084; 0.276] 0.019 [-0.161; 0.193)]
Pa-Z-M (N=15) 15 0.313 [0.167; 0.459] 0.153 [-0.058; 0.359]
Rifafour (N=10) 10 0.160 [0.015; 0.314]

EBA;(0—7) J(N=15) 15 0.018  [-0.068; 0.103] —0.129 [-0.258; 0.001]
J-Z (N=15) 15 0114  [0.028; 0.186] —0.034 [-0.160; 0.090]
J-Pa (N=15) 15 0.105 [0.033; 0.179] —0.042 [-0.164; 0.081]
Pa-Z (N=15) 15 0172 [0.091;0.259] 0.025 [-0.102; 0.157]
Pa-Z-M (N=15) 15 0.281  [0.149; 0.420] 0.134 [-0.030; 0.306]
Rifafour (N=10) 10 0.147 [0.046; 0.246]

EBA;(2 — 14) J (N=15) 15 0.088  [0.026; 0.167] —0.051 :0.179; 0.081]
J-Z (N=15) 15 0.144  [0.065; 0.229] 0.005 [-0.131; 0.142]
J-Pa (N=15) 15 0.101 [0.054; 0.147] —0.038 [-0.159; 0.082]
PaZ (N=15) 15 0.147  [0.089; 0.201] 0.008 [0.118; 0.131]
Pa-Z-M (N=15) 15 0.237  [0.045; 0.450] 0.098 [:0.123; 0.331]
Rifafour (N=10) 10 0.139 [0.027; 0.251]

EBA,(7 — 14) J (N=15) 15 0.134  [0.058; 0.236] —0.003 [-0.165; 0.165]
J-Z (N=15) 15 0.157  [0.058; 0.258] 0.020 [-0.151; 0.190]
J-Pa (N=15) 15 0.098 [0.031; 0.166] —0.039 [-0.195; 0.116]
PaZ (N=15) 15 0.131  [0.049; 0.203] —0.006 [:0.166; 0.151]
Pa-Z-M (N=15) 15 0214  [0.025; 0.484] 0.077 [:0.202; 0.373]
Rifafour (N=10) 10 0.137  [-0.002; 0.278]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(t; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t2. N = Total number of patients. n = Number

of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure 4.9: Estimates and Corresponding 95% Cls for EBA;(0 — 14) Calculated
from By-Patient and Joint Bayesian NLME Analysis
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Figure 4.10: Estimates for EBA;;(0 — 14) Calculated from By-Patient and Joint
Bayesian NLME Analysis
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Figure 4.11: Estimates and Corresponding 95% Cls for EBA;(0 — 2) Calculated
from By-Patient and Joint Bayesian NLME Analysis
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Figure 4.12: Estimates for EBA;;(0 — 2) Calculated from By-Patient and Joint
Bayesian NLME Analysis
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Figure 4.13: Estimates and Corresponding 95% Cls for EBA ;(2—14) Calculated
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Figure 4.14: Estimates for EBA;;(2 — 14) Calculated from By-Patient and Joint
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4.3.1.4 Regression Model Parameters

Posterior estimates and corresponding 95% BCIs for the mean regression model
parameters are included in Table 4.6 by treatment group. The kernel posterior
distributions of the mean regression model parameters are shown in Figure 4.15 by
treatment group. Contour plots of the joint posterior distributions of Aj; and Ay;

are shown in Figure 4.16 by treatment group.

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus

time profiles are presented in Figure 4.17a by study day and treatment group.

The posterior predictive distributions of fs; (i.e. [af;) are presented in Fig-
ure 4.17b by treatment group. The estimates for 3y; and [(a¢; suggest that the
initial rate of decrease in CFU count for some treatments containing TMC207 (i.e.
J and J-Z) is slow, followed by a faster rate, and vice versa for the treatments
not containing TMC207 (Pa-Z and Pa-Z-M and Rifafour). The decrease in mean
log(CFU) count of J-Pa is effectively linear over time. The estimates for 7; sug-
gest that the mean log(CFU) count switches from one rate of decrease to another
smoothly, although their posterior distributions are fairly uniform over the defined

parameter space.

Table 4.6: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

aj J (N=15) 15 5.980 [5.367; 6.589)
J-Z (N=15) 15 5.939 [5.447; 6.427]
J-Pa (N=15) 15 6.539 [6.917; 7.157]
Pa-Z (N=15) 15 5.914 [5.354; 6.473]
Pa-Z-M (N=15) 15 5.843 [5.123; 6.562]
Rifafour (N=10) 10 5.493 [4.895; 6.106]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.
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Table 4.6: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
B1j J (N=15) 15 0.087 [0.039; 0.137]
J-Z (N=15) 15 0.120 [0.061; 0.179]
J-Pa (N=15) 15 0.100 [0.060; 0.141]
Pa-Z (N=15) 15 0.149 [0.100; 0.199]
Pa-Z-M (N=15) 15 0.261 [0.134; 0.394]
Rifafour (N=10) 10 0.150 [0.069; 0.234]
A1j J (N=15) 15 0.003 [-0.084; 0.089]
J-Z (N=15) 15 0.080 [-0.041; 0.196]
J-Pa (N=15) 15 0.105 [0.021; 0.187]
Pa-Z (N=15) 15 0.180 [0.083; 0.279]
Pa-Z-M (N=15) 15 0.316 [0.161; 0.467]
Rifafour (N=10) 10 0.162 [0.011; 0.329]
B2; J (N=15) 15 0.084 [0.002; 0.167]
J-Z (N=15) 15 0.040 [-0.057; 0.136]
J-Pa (N=15) 15 —0.005 [-0.079; 0.071]
Pa-Z (N=15) 15 —0.031 [-0.117; 0.054]
Pa-Z-M (N=15) 15 —0.055 [-0.227; 0.131]
Rifafour (N=10) 10 —0.012 [-0.142; 0.115]
B21; J (N=15) 15 0.085 [-0.215; 0.384]
J-Z (N=15) 15 0.041 [-0.300; 0.384]
J-Pa (N=15) 15 —0.005 [-0.266; 0.261]
Pa-Z (N=15) 15 —0.032 [-0.334; 0.264]
Pa-Z-M (N=15) 15 —0.057 [-0.660; 0.558]
Rifafour (N=10) 10  —0.011 [-0.407; 0.379]
Az;j J (N=15) 15 0.171 [0.071; 0.278]
J-Z (N=15) 15 0.160 [0.053; 0.266]
J-Pa (N=15) 15 0.095 [0.009; 0.183]
Pa-Z (N=15) 15 0.118 [0.015; 0.213]
Pa-Z-M (N=15) 15 0.206 [-0.054; 0.489]
Rifafour (N=10) 10 0.138 [-0.009; 0.288]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.
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Table 4.6: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

Kj J (N=15) 15 7.883 [3.008; 10.870]
J-Z (N=15) 15 4.628 [2.066; 10.210]
J-Pa (N=15) 15 7.574 [2.687; 10.840]
Pa-Z (N=15) 15 7.462 [2.445; 10.850]
Pa-Z-M (N=15) 15 4.720 [2.085; 10.050]
Rifafour (N=10) 10 4.564 [2.068; 10.180]

Yj J (N=15) 15 1.048 [0.148; 1.953]
J-Z (N=15) 15 1.098 [0.152; 1.957]
J-Pa (N=15) 15 1.066 [0.149; 1.956]
Pa-Z (N=15) 15 1.072 0.152; 1.957]
Pa-Z-M (N=15) 15 1.029 [0.144; 1.948]
Rifafour (N=10) 10 1.066 [0.148; 1.955]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.

Posterior estimates for the variances of random effects are included in Table 4.7,
and their corresponding posterior distributions are shown in Figure 4.18 (Jilj)
and Figure 4.19 (0/2\2],) by treatment. The posterior estimates for random slope
variances of Pa-Z-M (o3~ and 0%, ) are substantially larger than those compared

to other treatment regimens.

Posterior estimates for the correlation coefficients between random effects are in-
cluded in Table 4.8, and their corresponding kernel posterior distributions are

shown in Figure 4.20 by treatment.

The estimates for pa,x,;; Pa;ry; and paj;n,, suggest that random intercepts and

slopes are correlated to some extent.
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Figure 4.15: Posterior Distributions of Mean Regression Model Parameters
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Figure 4.16: Joint Posterior Distributions of A;; and Ay;
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Figure 4.17: Mean log(CFU) Count and Posterior Predictive Distributions
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Table 4.7: Posterior Estimates for Variances of Random Effects

Treatment

Group n o'ij aglj a‘ilj a‘%h Uizj 0"2% o;zhj
J (N=15) 15 1.264 0.005 0.020 0.019 0.027 17.570 2.508
J-Z (N=15) 15 0.777 0.008 0.033 0.024 0.032 14.460 2.515
J-Pa (N=15) 15 1.274 0.003 0.019 0.014 0.017 14.170 2.521
Pa-Z (N=15) 15 1.005 0.004 0.024 0.019 0.022 14.775 2.497
Pa-Z-M (N=15) 15 1.731 0.035 0.061 0.071 0.151 17.650 2.522
Rifafour (N=10) 10 0.725 0.011 0.037 0.029 0.040 12.560 2.497

Note: N = Total number of patients. n = Number of patients in each category. Posterior esti-

mate: Represents the median of the associated posterior distribution.

Table 4.8: Posterior Estimates for Correlations of Random Effects

Treatment

Group n Pajri;  Pajrz;  PAijiz;
J (N=15) 15 0.602 -0.422 -0.603
J-Z (N=15) 15 0.702 -0.268 -0.471
J-Pa (N=15) 15 0.493 -0.255 -0.607
Pa-Z (N=15) 15 0375  -0.044  -0.610
Pa-Z-M (N=15) 15 0543 -0.244  -0.370
Rifafour (N=10) 10 0.544 -0.181 -0.443

Note: N = Total number of patients. n = Number of patients in each category. Posterior esti-

mate: Represents the mean of the associated posterior distribution.



Chapter 4. Application: Colony Forming Unit Count 148

Figure 4.18: Posterior Distributions of of
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Figure 4.19: Posterior Distributions of o _
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Figure 4.20: Posterior Distributions of Correlation Coefficients Between Ran-

dom Effects
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4.3.1.5 Conditional Posterior Ordinates

Figure 4.21 depicts the ICPO for each observed data point. The ICPOs suggest
the model fits the data reasonably well.
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Figure 4.21: ICPO Plot
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Model 1.2: Residuals: Normal
Random Coefficients: Normal, Fixed Smoothness

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including
pairwise comparisons versus Rifafour, are presented in Table E.1 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the mean log(CFU) versus
time profiles are shown in Figure E.1 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Model 1.3: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

Posterior estimates and corresponding 95% BCls for EBA;(t; — t3), including
pairwise comparisons versus Rifafour, are presented in Table E.2 (Appendix E).

These results are similar to those of Model 1.1.
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Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.2 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Model 1.4: Residuals: Skew Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCIs for EBA;(t; — t5), including
pairwise comparisons versus Rifafour, are presented in Table E.3 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the skewness parameters (of
residuals) are included in Table 4.9 by treatment group. The estimates for §;
do not provide sufficient evidence that the residuals in log(CFU) count are skew
distributed. Even though relatively small, the J and J-Z regimen show statisti-
cally significant negative skewness in the data (see Figure D.1 and Figure D.2,

respectively).

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.3 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Table 4.9: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

0 J (N=15) 15 —0.543 [-0.745; -0.014]
J-Z (N=15) 15 —0.738 [-0.877; -0.582]
J-Pa (N=15) 15 0.435 [-0.411; 0.742]
Pa-Z (N=15) 15 —0.454 [-0.888; 0.484]
Pa-Z-M (N=15) 15 —0.560 [-0.802; 0.261]
Rifafour (N=10) 10 —0.355 [-0.705; 0.348]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.
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Model 1.5: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including
pairwise comparisons versus Rifafour, are presented in Table E.4 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the degrees of freedom (of
residuals) are included in Table 4.10 by treatment group. The estimates for v;
provide some indication that the distribution of residuals in log(CFU) count are

heavy tailed (degrees of freedom below 30).

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.4 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Table 4.10: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

v; J (N=15) 15 4.599 [2.115; 12.170]
J-Z (N=15) 15 3.607 [2.157; 6.437]
J-Pa (N=15) 15 44.480 [4.053; 96.890]
Pa-Z (N=15) 15 18.060 [3.133; 86.110]
Pa-Z-M (N=15) 15 47.630 [5.766; 97.180]
Rifafour (N=10) 10 10.210 [2.238; 61.090]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.
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Model 1.6: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including
pairwise comparisons versus Rifafour, are presented in Table E.5 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the mean log(CFU) versus
time profiles are shown in Figure E.5 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Model 1.7: Residuals: Student t
Random Coefficients: Student t
Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCls for EBA;(t; — t3), including
pairwise comparisons versus Rifafour, are presented in Table E.6 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCIs for the degrees of freedom (of
random effects) are included in Table 4.11 by treatment group. The estimates for
w; do not provide strong indication that the distributions of random intercepts
and slopes are heavy tailed (degrees of freedom above 30). However, the estimate
for EBA;(0 — 14) of the Pa-Z-M regimen is slightly lower than that calculated by
Model 1.1. Hence that the Student t distribution is robust to the outliers related
to the two data profiles which exhibit steep slopes in log(CFU) count over time
(see Figure D.5).

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.6 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.
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Table 4.11: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

wj J (N=15) 15 44.580 [3.549; 97.040]
J-Z (N=15) 15 55.460 [8.939; 97.920]
J-Pa (N=15) 15 50.280 [5.067; 97.530]
Pa-Z (N=15) 15 57.200 [10.220; 98.090]
Pa-Z-M (N=15) 15 39.670 [2.539; 96.850]
Rifafour (N=10) 10 55.130 [7.926; 97.900]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.

Model 1.8: Residuals: Student t
Random Coefficients: Skew Normal
Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCIs for EBA;(¢; — ¢5), including
pairwise comparisons versus Rifafour, are presented in Table E.7 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the skewness parameters (of
random effects) are included in Table 4.12 by treatment group. The estimates for
0; = (5aj, 08y, 652].)/ provide some evidence that the random slopes in log(CFU)
count are skew distributed (see dg,, of the Pa-Z-M regimen, taking into account

the small scale on which values for 3;; are based (see Figure D.5)).

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.7 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.
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Table 4.12: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
O, J (N=15) 15 —1.280 [-2.446; 0.912]
J-Z (N=15) 15 —0.105 [-1.451; 1.325]
J-Pa (N=15) 15 —1.184 [-2.677; 1.546]
Pa-Z (N=15) 15  —0.719 [-2.361; 1.994]
Pa-Z-M (N=15) 15 —0.704 [-2.608; 1.567]
Rifafour (N=10) 10 —0.069 [-1.720; 1.638]
08, J (N=15) 15 0.001 [-0.145; 0.139]
J-Z (N=15) 15 0.029 [-0.170; 0.215]
J-Pa (N=15) 15 0.002 [-0.098; 0.102]
Pa-Z (N=15) 15 0.002 [-0.110; 0.116]
Pa-Z-M (N=15) 15 0.098 [-0.263; 0.438]
Rifafour (N=10) 10 0.010 [-0.261; 0.282]
03, J (N=15) 15 —0.001 [-0.207; 0.206]
J-Z (N=15) 15 —0.001 [-0.202; 0.202]
J-Pa (N=15) 15 —0.001 [-0.183; 0.183]
Pa-Z (N=15) 15 0.003 [-0.223; 0.230]
Pa-Z-M (N=15) 15 —0.001 [-0.339; 0.339]
Rifafour (N=10) 10 —0.006 [-0.318; 0.306]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.

Model 1.9: Residuals: Skew Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCls for EBA;(t; — t3), including
pairwise comparisons versus Rifafour, are presented in Table E.8 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the skewness parameters (of

residuals) are included in Table 4.13 by treatment group. The estimates for §;
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do not provide sufficient evidence that the residuals in log(CFU) count are skew
distributed. Even though relatively small, the J-Z regimen shows statistically

significant negative skewness in the data (see Figure D.2).

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.8 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Table 4.13: Posterior Estimates and Corresponding 95% BClIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

0; J (N=15) 15 —0.233 [-0.640; 0.193]
J-Z (N=15) 15 —0.286 [-0.566; -0.001]
J-Pa (N=15) 15 0.386 [-0.373; 0.716]
Pa-Z (N=15) 15 —0.307 [-0.791; 0.369]
Pa-Z-M (N=15) 15  —0.513 [-0.778; 0.243]
Rifafour (N=10) 10 —0.153 [-0.583; 0.300]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of patients
in each category. Posterior estimate: Represents the mean of the associated posterior distribu-

tion.

4.3.2 Other Regression Models

Results from the other joint Bayesian mixed effects regression models (see Sec-

tion 3.4.2) are provided in the subsections below.
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4.3.2.1 Linear Regression Model

Model 2.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for the mean regression model
parameters are included in Table E.9 (Appendix E) by treatment group. The
95% BCIs of A\y; (i.e. EBA;(t; — t3)) are narrower than those of Model 1.1 since
the slopes over time are described only by a single parameter. (For this type of
data, the linear regression model cannot take into account the variability between

two distinct slopes over time.)

Posterior estimates and corresponding 95% BCls for the mean log(CFU) versus

time profiles are shown in Figure E.9 (Appendix E) by study day and treatment
group.

Model 2.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCIs for the mean regression model
parameters are included in Table E.10 (Appendix E) by treatment group. These
results (EBA;(t; — t2) included) are similar to those of Model 2.1.

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.10 (Appendix E) by study day and treatment

group. These results are similar to those of Model 2.1.
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4.3.2.2 Conventional Bilinear Regression Model

Model 3.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(¢; — t5), including
pairwise comparisons versus Rifafour, are presented in Table E.11 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the mean regression model
parameters are included in Table E.12 (Appendix E) by treatment group. These

results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the mean log(CFU) versus
time profiles are shown in Figure E.11 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Model 3.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCls for EBA;(t; — t3), including
pairwise comparisons versus Rifafour, are presented in Table E.13 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.12 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

4.3.3 Model Selection and Model Checking

Posterior estimates and corresponding 95% BCls for EBA (¢, —t5) are shown in Fig-
ure 4.22 (EBA;(0—14)), Figure 4.23 (EBA;(0—2)) and Figure 4.24 (EBA;(2—14))
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by treatment group and model. The results for each treatment group compare well
across models, except for the linear models (Model 2.1 and Model 2.2) which, for
some EBA characteristics and treatments, yield posterior estimates substantially
different to those from other models. The linear models yield 95% BClIs substan-

tially narrower compared to other models.

Model comparison statistics for the various Bayesian NLME regression models
fitted are provided in Table 4.14.

The model comparison statistics appear to be sensitive to the choice of the hyper
parameters of the Wishart prior distributions (“default” versus “frequentist”):
The sensitivity of Bayes factors to the choice of priors, however, is a well known
drawback of Bayes factors (Lindley, 1993).

The DIC favors conventional bilinear regression models slightly over differential
hyperbolic tangent regression models, followed by linear regression models. Bayes
factors (marginal likelihoods) favor linear regression models, followed by differen-

tial hyperbolic tangent and conventional bilinear regression models.

The model with “smoothness” treated as fixed effects per treatment group is fa-
vored by Bayes factors over those models which incorporate “smoothness” as ran-
dom effects. The opposite applies to the DIC criterion: The DIC favors random

“smoothness” over fixed “smoothness”.

Both the DIC and Bayes factors favor models with Student t distributed residuals
over those with normally distributed residuals, and all the more the model with

both Student t distributed residuals and random coefficients.

The Bayes factors indicate that building skewness into the distributions of residuals

and random coefficients does not improve model fitting.

The ICPOs suggest the models fit the data reasonably well.
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Posterior Estimates and Corresponding 95% BCls for EBA;(0—14)

by Treatment Group and Model

Figure 4.22
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Table 4.14: Comparison of Bayesian NLME Regression Models

DIC % ICPO <z

Regression  Model D(0m, M) D(0m, M) pnn  DIC(M) In(f(y|M)) & =40 = 70 = 100
Function

Differential Model 1.1 1454.00 1273.00 180.70 1635.007 -1382.12°%  97.98 98.62 98.95
hyperbolic Model 1.2 1454.00 1271.00 182.80 1637.008 -1364.04%  97.89 98.62  99.03
tangent Model 1.3 1476.00 1282.00 194.40 1671.00°% -1367.237  97.73  98.70  99.03
Model 1.4 NR NR NR NR -1413.81'2 NR NR NR
Model 1.5  1335.00 1144.00 191.00 1526.00% -1365.66%  97.57 98.87  99.11
Model 1.6  1360.00 1158.00 202.70 1563.00° -1336.71%  97.73  98.95 99.19
Model 1.7 1334.00 1139.00 195.20 1529.00% -1350.93*  97.65 98.87  99.19

Model 1.8 NR NR NR NR -1494.721%3  NR NR NR
Model 1.9 NR NR NR NR -1396.8910  NR NR NR
Linear Model 2.1  1644.00 1481.00 162.50 1806.0011 -1262.322 98.54 9895 99.11

Model 2.2 1565.00 1398.00 167.50 1733.0010 -1236.991 98.54 99.11  99.19
Conventional ~Model 3.1  1445.00 1257.00 187.40 1632.00% -1408.1011 97.89 98.54 98.95
bilinear Model 3.2 1324.00 1127.00 197.20 1521.001 -1376.758  97.57 98.87  99.19

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO; DIC: Deviance information criterion;
NLME: Nonlinear mixed effects; NR: Not reported. See Table 3.1 for the specifications of each Bayesian mixed
effects regression model. Superscripts indicate the ranking of model comparison statistics from least favored to

most favored.

4.4 NC002 (“SSCC”) Trial

This section provides results from the reanalysis of the CFU data of the NC002
(“SSCC”) trial (see Table 4.1).

Results from the fit of the following mixed effects regression models are presented:
Model 1.3 (Page 165) and Model 1.6 (Page 169). None of the outliers were excluded
from the joint Bayesian NLME analyses.

The bi-exponential mixed effects regression models (Model 4.1 and Model 4.2)
failed to converge since some profiles over time decrease slow early (followed by a

faster rate of decline), and some others increase over time.

Figure 4.25 shows nested plots of the observed log(CFU) counts by treatment
group.
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Figure 4.25: Observed log(CFU) Counts Over Time
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Results from the joint Bayesian NLME fit of the differential hyperbolic tangent

regression model (see Section 3.4) are provided in the subsections below.

4.4.1 Differential Hyperbolic Tangent Regression Model

Model 1.3: Residuals: Normal

Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

Posterior estimates and corresponding 95% BCls for BA;(t; —t3) and vs;, includ-

ing pairwise comparisons versus Rifafour, are presented respectively in Table 4.15
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and Table 4.16. The difference between M-PA200-Z versus Rifafour with respect
to BA;(0 —56) and BA (7 — 56) is statistically significantly different from 0. The
time at which the percentage change from baseline in CFU count reaches 50%
is statistically significantly shorter for M-PA100-Z and M-PA200-Z compared to
Rifafour.

Posterior estimates and corresponding 95% BClIs for the mean regression model
parameters are included in Table 4.17 by treatment group. As indicated by the
estimates of fy; (which are statistically significantly different from 0), the mean
log(CFU) count for M-PA100-Z, M-PA200-Z and Rifafour initially decreases fast,

followed by a slower rate of decrease.

Posterior estimates and corresponding 95% BCls for the mean log(CFU) versus

time profiles are shown in Figure 4.26 by study day and treatment group.

Table 4.15: Posterior Estimates and Corresponding 95% BCls for BA;(t; — t2)

Difference vs Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

BA,(0 — 56) M-PA100-Z (N=60) 56 0.135  [0.112; 0.157]  0.022 [-0.009; 0.051]
M-PA200-Z (N=61) 540162 [0.138; 0.190]  0.050 [0.018; 0.083]
M-PA200-Z-MDR, (N=26) 9 0.106 [0.036; 0.193] —0.007 [-0.079; 0.082]
Rifafour (N=59) 54 0.113  [0.092; 0.135]

BA,(7 — 56) M-PA100-Z (N=60) 56 0.116  [0.091; 0.142]  0.010 [-0.025; 0.044]
M-PA200-Z (N=61) 54 0.154  [0.126; 0.186]  0.048 [0.011; 0.088]
M-PA200-Z-MDR, (N=26) 9 0.095 [0.019; 0.190] —0.011 [-0.091; 0.084]
Rifafour (N=59) 54 0.106  [0.082; 0.132]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; BA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t2. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated poste-

rior distribution.
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Table 4.16: Posterior Estimates and Corresponding 95% BCIs for vs;

Difference Versus Rifafour

Treatment Posterior Posterior

Group n Estimate 95% BCI Estimate 95% BCI
M-PA100-Z (N=60) 56  12.760 [8.686; 18.030] -7.721 [-13.800; -1.049]
M-PA200-Z (N=61) 54 14.110 [11.420; 16.690]-6.371 [-11.570; -1.429]
M-PA200-Z-MDR, (N=26) 9 NE NE NE NE

Rifafour (N=59) 54 20.480 [16.280; 24.910]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; NE: Not estimable;
vs0;: Time at which the percentage change from baseline in CFU count reaches 50%. N = Total
number of patients. n = Number of patients in each category. Posterior estimate: Represents

the mean of the associated posterior distribution.

Table 4.17: Posterior Estimates and Corresponding 95% BCls for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
o M-PA100-Z (N=60) 56 5.583 [5.263; 5.904]
M-PA200-Z (N=61) 54 5.570 [5.278; 5.870]
M-PA200-Z-MDR (N=26) 9 5.489 [4.277; 6.713]
Rifafour (N=59) 54 5.279 [4.953; 5.606]
B1j M-PA100-Z (N=60) 56 1.531 [1.315; 1.774]
M-PA200-Z (N=61) 54 1.417 [1.226; 1.636]
M-PA200-Z-MDR (N=26) 9 1.127 [0.478; 1.856]
Rifafour (N=59) 54 1.025 [0.835; 1.256]
A1j M-PA100-Z (N=60) 56 2.334 [1.856; 2.863]
M-PA200-Z (N=61) 54 1.794 [1.336; 2.301]
M-PA200-Z-MDR (N=26) 9 1.642 [0.344; 3.079]
Rifafour (N=59) 54 1.330 [0.888; 1.845]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-
tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Table 4.17: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
Ba; M-PA100-Z (N=60) 56 —0.803  [-1.110; -0.511]
M-PA200-Z (N=61) 54 —0.377 [-0.692; -0.066]
M-PA200-Z-MDR, (N=26) 9 —0.515 [-1.349; 0.296]
Rifafour (N=59) 54 —0.305 [-0.610; -0.025]
Ba2fj M-PA100-Z (N=60) 56  —0.804 [-2.114; 0.525]
M-PA200-Z (N=61) 54  —0.374 [-1.409; 0.663]
M-PA200-Z-MDR, (N=26) 9 —0.516 [-1.783; 0.765]
Rifafour (N=59) 54 —0.305 [-1.355; 0.732]
A2; M-PA100-Z (N=60) 56 0.728 [0.564; 0.909]
M-PA200-Z (N=61) 54 1.040  [0.834; 1.280]
M-PA200-Z-MDR, (N=26) 9 0.613 [0.057; 1.315]
Rifafour (N=59) 54 0.720 [0.550; 0.910]
Kj M-PA100-Z (N=60) 56 0.975 [0.451; 1.533]
M-PA200-Z (N=61) 54 0.930 [0.440; 1.533]
M-PA200-Z-MDR, (N=26) 9 0.929 [0.441; 1.533]
Rifafour (N=59) 54 0.857 [0.437; 1.513]
v M-PA100-Z (N=60) 56 1.028 [0.143; 1.947]
M-PA200-Z (N=61) 54 1.052  [0.147; 1.951]
M-PA200-Z-MDR, (N=26) 9 1.037 [0.147; 1.954]
Rifafour (N=59) 54 0.883 [0.128; 1.926]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-
tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure 4.26: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.6: Residuals: Student t

Random Coefficients: Normal

Prior for Covariance Matrix: “Frequentist” Wishart

Posterior estimates and corresponding 95% BCls for BA,(t; — t2), including pair-
wise comparisons versus Rifafour, are presented in Table E.14 (Appendix E). These

results are similar to those of Model 1.3.

Posterior estimates and corresponding 95% BClIs for the mean regression model
parameters are included in Table 4.18 by treatment group. The estimates for v;
provide very strong indication that the distribution of residuals in log(CFU) count

are heavy tailed (degrees of freedom below 30).
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Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.13 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.3.

Table 4.18: Posterior Estimates and Corresponding 95% BClIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

v;j M-PA100-Z (N=60) 56 2.153 [2.004; 2.563]
M-PA200-Z (N=61) 54 2.455 [2.017; 3.420]
M-PA200-Z-MDR (N=26) 9 31.400 [2.086; 95.240]
Rifafour (N=59) 54 2.132 [2.004; 2.479]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-
tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.

4.4.2 Model Selection and Model Checking

The DIC, marginal likelihood and ICPO < 40 for the model with normally dis-
tributed residuals are respectively 3368.00, -1996.60 and 96.76%, and for the model
with Student t distributed residuals are respectively 2985.00, -1933.43 and 96.37%.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.

The ICPOs suggest the models fit the data reasonably well.

4.5 NCO003 Trial

This section provides results from the reanalysis of the CFU data of the NC003
trial (see Table 4.1).

Results from the fit of the following mixed effects regression models are presented:
Model 1.1 (Page 172), Model 1.5 (Page 177), Model 1.7 (Page 178), Model 1.9
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(Page 179), Model 2.1 (Page 180), Model 2.2 (Page 180), Model 3.1 (Page 181)
and Model 3.2 (Page 181). None of the outliers were excluded from the joint
Bayesian NLME analyses.

Figure 4.27 shows nested plots of the observed log(CFU) counts by treatment

group. The log(CFU) versus time profiles seem erratic for some patients.

Figure 4.27: Observed log(CFU) Counts Over Time
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4.5.1 Differential Hyperbolic Tangent Regression Model

Results from the joint Bayesian NLME fit of the differential hyperbolic tangent

regression model (see Section 3.4) are provided in the subsections below.

Model 1.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Plots of the observed log(CFU) counts together with by-patient and joint Bayesian
NLME fits of the regression model are included in Figure D.7 through Figure D.13
of Appendix D for each patient.

Posterior estimates and corresponding 95% BCIs for EBA(t; —t3), including pair-
wise comparisons versus Rifafour, are presented in Table 4.19. The monotherapy

regimens (Z and C) show little to no bactericidal activity over 14 days of treatment.

Posterior estimates and corresponding 95% BClIs for the mean regression model

parameters are included in Table 4.20 by treatment group.

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus

time profiles are shown in Figure 4.28 by study day and treatment group.
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Table 4.19: Posterior Estimates and Corresponding 95% BCIs for EBA;(¢; — t2)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) J-Pa-Z-C (N=14) 14 0.116  [0.050; 0.183]—0.036 10.148; 0.072]
J-Pa-Z (N=14) 12 0.172  [0.075; 0.272] 0.020 [:0.110; 0.150]
J-Pa-C (N=15) 15 0.083 [0.018; 0.149]—0.069 [-0.180; 0.038]
J-Z-C (N=14) 14 0.101  [0.022; 0.183]—0.050 [-0.169; 0.066]
Z (N=15) 15 0.036 [-0.019; 0.088}-0.116 [-0.218; -0.017]
C (N=15) 14-0.022  [-0.077; 0.034}-0.174 :0.277; -0.073]
Rifafour (N=15) 15 0.152  [0.067; 0.241]

EBA;(0 —2) J-PaZC (N=14) 14 0.168  [0.049; 0.289] 0.043 [10.138; 0.226]
J-Pa-Z (N=14) 12 0.206  [0.020; 0.387] 0.081 [-0.145; 0.310]
J-Pa-C (N=15) 15 0.069  [-0.044; 0.179}-0.056 [:0.232; 0.118]
J-Z-C (N=14) 14 0.123  [-0.014; 0.261}-0.003 [-0.197; 0.193]
Z (N=15) 15 0.082  [-0.026; 0.2071-0.044 [:0.218; 0.138]
C (N=15) 14 0.012  [-0.090; 0.114}-0.114 [-0.284; 0.057]
Rifafour (N=15) 15 0.126 [-0.013; 0.262]

EBA,(2 — 14) J-PaZ-C (N=14) 14 0107  [0.029; 0.175]—0.049 [0.179; 0.072]
J-PaZ (N=14) 12 0.167  [0.057; 0.271] 0.010 [:0.139; 0.152]
J-Pa-C (N=15) 15 0.085  [0.020; 0.155]—0.072 [-0.196; 0.049]
J-Z-C (N=14) 14 0.098  [0.006; 0.187]—0.058 [-0.197; 0.074]
Z (N=15) 15 0.028 [-0.038; 0.089]-0.128 [-0.251; -0.012]
C (N=15) 14-0.027 [-0.088; 0.029}-0.184 [-0.303; -0.071]
Rifafour (N=15) 15 0.156 [0.058; 0.262]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t3): Daily rate

of change in log(CFU) count from Day t; to Day to. N = Total number of patients. n = Num-

ber of patients in each category. Posterior estimate: Represents the mean of the associated

posterior distribution.
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Table 4.20: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
aj J-Pa-Z-C (N=14) 14 5.665 [5.161; 6.173]
J-Pa-Z (N=14) 12 5.545 [4.823; 6.263]
J-Pa-C (N=15) 15 5.763 [5.147; 6.379]
J-Z-C (N=14) 14 4.929 [4.399; 5.451]
Z (N=15) 15 5.722 [5.128; 6.315]
C (N=15) 14 5.524 [5.086; 5.955]
Rifafour (N=15) 15 5.316 [4.732; 5.901]
B1j J-Pa-Z-C (N=14) 14 0.117 [0.064; 0.173]
J-Pa-Z (N=14) 12 0.174 [0.089; 0.260]
J-Pa-C (N=15) 15 0.084 [0.022; 0.147]
J-Z-C (N=14) 14 0.103 [0.031; 0.178]
Z (N=15) 15 0.052 [-0.001; 0.115]
C (N=15) 14 —0.024 [-0.072; 0.025]
Rifafour (N=15) 15 0.146 [0.073; 0.220]
A1j J-Pa-Z-C (N=14) 14 0.169 [0.049; 0.292]
J-Pa-Z (N=14) 12 0.207 [0.017; 0.391]
J-Pa-C (N=15) 15 0.069 [-0.045; 0.179]
J-Z-C (N=14) 14 0.123 [-0.015; 0.264]
Z (N=15) 15 0.086 [-0.029; 0.224]
C (N=15) 14 0.012 [-0.091; 0.116]
Rifafour (N=15) 15 0.124 [-0.022; 0.269]
B2; J-Pa-Z-C (N=14) 14  —0.052 [-0.152; 0.049]
J-Pa-Z (N=14) 12 —0.033 [-0.183; 0.119]
J-Pa-C (N=15) 15 0.014 [-0.095; 0.121]
J-Z-C (N=14) 14 —0.020 [-0.156; 0.116]
Z (N=15) 15 —0.034 [-0.127; 0.054]
C (N=15) 14 —0.036 [-0.124; 0.052]
Rifafour (N=15) 15 0.022 [-0.097; 0.140]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Table 4.20: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
Ba2yj J-Pa-Z-C (N=14) 14 —0.052 [-0.415; 0.305]
J-Pa-Z (N=14) 12 —0.034 [-0.540; 0.475]
J-Pa-C (N=15) 15 0.016 [-0.361; 0.386]
J-Z-C (N=14) 14 —0.020 [-0.510; 0.477)
Z (N=15) 15 —0.035 [-0.324; 0.256]
C (N=15) 14 —0.037 [-0.326; 0.252]
Rifafour (N=15) 15 0.022 [-0.403; 0.442)
Az;j J-Pa-Z-C (N=14) 14 0.065 [-0.042; 0.169]
J-Pa-Z (N=14) 12 0.140 [-0.019; 0.302]
J-Pa-C (N=15) 15 0.098 [-0.042; 0.232]
J-Z-C (N=14) 14 0.082 [-0.080; 0.256]
Z (N=15) 15 0.018 [-0.066; 0.101]
C (N=15) 14 —0.060 [-0.160; 0.035]
Rifafour (N=15) 15 0.167 [0.036; 0.303]
K J-Pa-Z-C (N=14) 14 6.888 [2.333; 10.800]
J-Pa-Z (N=14) 12 6.610 [2.261; 10.750]
J-Pa-C (N=15) 15 8.621 [3.202; 10.930]
J-Z-C (N=14) 14 7.132 [2.651; 10.740]
Z (N=15) 15 4.381 [2.048; 10.350]
C (N=15) 14 7.156 [2.376; 10.830]
Rifafour (N=15) 15 4.409 [2.066; 9.896]
¥; J-Pa-Z-C (N=14) 14 1.064 [0.148; 1.954]
J-Pa-Z (N=14) 12 1.042 [0.146; 1.953]
J-Pa-C (N=15) 15 1.017 [0.140; 1.949]
J-Z-C (N=14) 14 1.041 [0.150; 1.956]
Z (N=15) 15 1.036 [0.146; 1.950]
C (N=15) 14 1.033 [0.145; 1.951]
Rifafour (N=15) 15 1.067 [0.148; 1.952]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure 4.28: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time

J-Pa-Z J-Pa-C

J-Pa-7Z-C

J-7-C

log(CFU) Count

T T 1T T T T T T T 1
10 12 140 2 4 6 8 10 12 14

oo -

- | R R —
Rifafour 0 2 4 6

! ! ! ! ! ! ! !
0 2 4 6 8 10 12 14
Day

Posterior Estimate — — — - 95% Bayesian Credibility Interval



Chapter 4. Application: Colony Forming Unit Count 177

Model 1.5: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including
pairwise comparisons versus Rifafour, are presented in Table E.15 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the degrees of freedom (of
residuals) are included in Table 4.21 by treatment group. The estimates for v;
provide very strong indication that the distribution of residuals in log(CFU) count

are heavy tailed (degrees of freedom below 30).

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.14 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Table 4.21: Posterior Estimates and Corresponding 95% BClIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

v; J-Pa-Z-C (N=14) 14 6123  [2.188; 22.220]
J-Pa-Z (N=14) 12 2.540 [2.019; 3.759]
J-Pa-C (N=15) 15 3.051 [2.064; 4.980]
J-Z-C (N=14) 14 2.408 [2.012; 3.414]
Z (N=15) 15 2.570 [2.023; 3.762]
C (N=15) 14 2.955 [2.063; 4.688]
Rifafour (N=15) 15 2.237 [2.007; 2.831]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-
tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Model 1.7: Residuals: Student t
Random Coefficients: Student t
Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including
pairwise comparisons versus Rifafour, are presented in Table E.16 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the degrees of freedom (of
random effects) are included in Table 4.22 by treatment group. The estimates for
w; do not provide strong indication that the distributions of random intercepts

and slopes are heavy tailed (degrees of freedom above 30).

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.15 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Table 4.22: Posterior Estimates and Corresponding 95% BClIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

wj J-Pa-Z-C (N=14) 14 53.460 [6.768; 97.530]
J-Pa-Z (N=14) 12 55.660 [8.838; 97.700]
J-Pa-C (N=15) 15 55.840 [8.891; 97.900]
J-Z-C (N=14) 14 55.260 [8.378; 97.850]
Z (N=15) 15 55.860 [8.922; 97.850]
C (N=15) 14 56.640 [9.904; 98.120]
Rifafour (N=15) 15 51.760 [5.367; 97.680]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-
tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Model 1.9: Residuals: Skew Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including
pairwise comparisons versus Rifafour, are presented in Table E.17 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCIs for the skewness parameters (of
residuals) are included in Table 4.23 by treatment group. The estimates for §; do
provide evidence that the residuals in log(CFU) count are skew distributed. The
J-Pa-C and J-Z-C regimens, and Rifafour, show statistically significant negative

skewness in the data (see Figure D.9, Figure D.10 and Figure D.13).

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.16 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Table 4.23: Posterior Estimates and Corresponding 95% BCls for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

0; J-Pa-Z-C (N=14) 14 0.096 [-0.374; 0.585]
J-Pa-Z (N=14) 12 0.092 [-0.182; 0.338]
J-Pa-C (N=15) 15 —0.500 [-0.817; -0.178]
J-Z-C (N=14) 14 —0.407 [-0.705; -0.127]
Z (N=15) 15 —-0.143 [-0.327; 0.036]
C (N=15) 14 —0.284 [-0.624; 0.013]
Rifafour (N=15) 15 —0.272 [-0.448; -0.093]

Note: BCI: Bayesian credibility interval. N = Total number of patients. n = Number of pa-
tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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4.5.2 Other Regression Models

Results from the other joint Bayesian mixed effects regression models (see Sec-

tion 3.4.2) are provided in the subsections below.

4.5.2.1 Linear Regression Model

Model 2.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for the mean regression model

parameters are included in Table E.18 (Appendix E) by treatment group.

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus

time profiles are shown in Figure E.17 (Appendix E) by study day and treatment
group.

Model 2.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCIs for the mean regression model
parameters are included in Table E.19 (Appendix E) by treatment group. These
results (EBA;(¢; — t2) included) are similar to those of Model 2.1.

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.18 (Appendix E) by study day and treatment

group. These results are similar to those of Model 2.1.
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4.5.2.2 Conventional Bilinear Regression Model

Model 3.1: Residuals: Normal
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BClIs for EBA;(¢; — t5), including
pairwise comparisons versus Rifafour, are presented in Table E.20 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the mean regression model
parameters are included in Table E.21 (Appendix E) by treatment group. These

results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BCls for the mean log(CFU) versus
time profiles are shown in Figure E.19 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

Model 3.2: Residuals: Student t
Random Coefficients: Normal

Prior for Covariance Matrix: “Default” Wishart

Posterior estimates and corresponding 95% BCls for EBA;(t; — t3), including
pairwise comparisons versus Rifafour, are presented in Table E.22 (Appendix E).

These results are similar to those of Model 1.1.

Posterior estimates and corresponding 95% BClIs for the mean log(CFU) versus
time profiles are shown in Figure E.20 (Appendix E) by study day and treatment

group. These results are similar to those of Model 1.1.

4.5.3 Robust Regression Modeling

As indicated previously, EBA estimates calculated from the joint Bayesian NLME

analysis are generally shrunken towards their corresponding mean estimates. It is
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therefore preferred to analyze CFU count using mixed effects regression modeling
instead of regressing CFU count on a by-patient basis. However, despite this char-
acteristic (of shrinkage effect), extreme outliers in log(CFU) count have previously
been shown to have a significant impact on the estimation of and inferences on
EBA. The estimates for the degrees of freedom associated with the specification of
heavy tailed distributions (in particular, the Student t distribution) for residuals
provide strong evidence that outliers in log(CFU) count are present in the data.
For this type of data, the specification of heavy tailed distributions clearly pro-
vides an even greater shrinkage effect compared to normal mixed effects regression
modeling. To illustrate how the Student t distribution (for residuals) is associ-
ated with more robust fits (relative to the normal distribution), a plot of observed
log(CFU) counts for Patient 002040083 together with joint Bayesian NLME fits
calculated from Model 1.1 and Model 1.5 is presented in Figure 4.29.

Clearly, Model 1.5 provides a robust fit of the regression curve, with little weight

given to the two clinically implausible zero counts observed on Day 6 and Day 7.

Figure 4.29: log(CFU) Versus Time Profile: Model 1.1 Versus Model 1.5

log(CFU) Count
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4.5.4 Model Selection and Model Checking

Posterior estimates and corresponding 95% BCls for EBA (¢, —t2) are shown in Fig-
ure 4.30 (EBA;(0—14)), Figure 4.31 (EBA;(0—2)) and Figure 4.32 (EBA;(2—14))
by treatment group and model. Similar to the NCO001 trial, the linear models
(Model 2.1 and Model 2.2) occasionally yield results substantially different to
those of other models. The posterior estimates for EBA;(¢; — t2) of the models
with normally distributed residuals are in general higher than those of the Stu-
dent t distributed residuals. This is due to the presence of extreme outliers in the
data which heavily influence the posterior estimates for the mean log(CFU) versus
time profiles. The Student t distribution allows for heavier tails than the normal

distribution and thus better accommodates occasional outliers seen in the data.

Model comparison statistics for the various Bayesian NLME regression models
fitted are provided in Table 4.24.

As a result of extreme outliers present in the data, DIC statistics cannot be cal-
culated by OpenBUGS for models with normally distributed residuals (as some
densities associated with the calculation of DIC statistics are close to zero). The
DIC favors conventional bilinear regression models over differential hyperbolic tan-

gent regression models, followed by linear regression models.

Bayes factors (marginal likelihoods) favor linear regression models, followed by

differential hyperbolic tangent and conventional bilinear regression models.

Both the DIC and Bayes factors favor models with Student t distributed residuals
over those with normally distributed residuals, and all the more the model with

both Student t distributed residuals and random coefficients.

The Bayes factors indicate that building skewness into the distributions of residuals

does not improve model fitting.

The ICPOs suggest the models fit the data reasonably well.
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Posterior Estimates and Corresponding 95% BCls for EBA;(0—14)

by Treatment Group and Model

Figure 4.30
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Posterior Estimates and Corresponding 95% BCls for EBA;(0 —2)

by Treatment Group and Model

Figure 4.31
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Posterior Estimates and Corresponding 95% BCls for EBA ;(2—14)

by Treatment Group and Model

Figure 4.32
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Table 4.24: Comparison of Bayesian NLME Regression Models

DIC % ICPO <z

Regression  Model D(0m, M) D(0rn, M) pr,  DIC(M) In(f(y|M)) & = 40 & = 70 = 100
Function
Differential Model 1.1 NE NE NE NE -2087.087 97.56  98.15 98.28
hyperbolic Model 1.5 2073.00 1827.00 245.00 2318.00% -1855.223 97.16  97.76  98.02
tangent Model 1.7 2071.00 1828.00 243.40 2315.002 -1834.362 97.16 97.76  98.02

Model 1.9 NR NR NR NR -1880.694 NR NR NR
Linear Model 2.1 NE NE NE NE -1937.726 97.62 97.89 98.02

Model 2.2 2296.00 2092.00 203.80 2500.00% -1693.351 97.29 97.89 98.15
Conventional Model 3.1 NE NE NE NE -2139.698 97.56  98.02  98.28
bilinear Model 3.2 2063.00 1822.00 241.10 2305.001 -1898.90° 97.10 97.76  98.02

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO; DIC: Deviance information criterion;
NLME: Nonlinear mixed effects; NE: Not estimable; NR: Not reported. See Table 3.1 for the specifications of

each Bayesian mixed effects regression model. Superscripts indicate the ranking of model comparison statistics

from least favored to most favored.

4.6 Other Datasets

Section E.4 (Appendix E) provides the results of a reanalysis of CFU data of the
CLO001 (Diacon et al., 2013), CL0O07 (Diacon et al., 2010), CL010 (Diacon et al.,
2012¢) and NC002 (EBA) (Dawson et al., 2015) trials (see Table 4.1) using the
models discussed in the previous chapter (Chapter 3).

Results from the fit of the following mixed effects regression models are presented:
Model 1.1, Model 1.5, Model 1.7, Model 1.9, Model 2.1, Model 2.2, Model 3.1 and
Model 3.2. None of the outliers were excluded from the joint Bayesian NLME

analyses.

The ranking of model comparison statistics for these datasets is similar to that of

the NC001 and NCO003 trials.






Chapter 5

Statistical Methods and
Application: Time to Positivity

5.1 Introduction

This chapter presents statistical methods for the assessment of TTP data and their
application. Regression models can be fitted to TTP data either on a by-patient
basis (see Section 2.3), or fitted to the data of all patients jointly as mixed effects
regression models (see Section 2.2). This chapter, in addition, summarizes the
results of an extensive empirical investigation of the suitability of the proposed
model for TTP data (see Equation 2.39). Applications of the methodology in
Chapter 3 to the TTP data of recently published clinical trials are presented.

5.2 General Considerations

When fitting regression models to T'TP data, the following important aspects, in
addition to those applicable to CFU data (see Section 3.2), should be considered
(Burger and Schall, 2014b):

189
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e Data or “analysis variable”: Provided that two TTP values, denoted by
TTP; and TTP,, are associated with a given sputum sample from two different

sets, T'TP is calculated as follows:
1
TTP = 3 (TTPy + TTPy) (5.1)
Then log (TTP) is given by:

log (TTP) = log,, (TTP) (5.2)

e Censored data: TTP values might be reported as “negative” (i.e., no my-
cobacterial growth). The manufacturer’s recommended incubation time before
reporting a result as “negative” is 42 days (equivalently, 1008 hours). Thus the
largest possible numeric TTP value that can be observed is 1008 hours, for an
incubation time of 1008 hours. When regressing log(TTP) against time, the
log(TTP) values reported as “negative” are specified as right censored values.
In the REMoxTB Phase 3 study (Gillespie et al., 2014), where sputa from ap-
proximately 2000 patients were collected serially over 18 months of treatment
and follow-up, only 6.8% of the reported positive liquid cultures had TTP values
exceeding 600 hours. The censoring time could be chosen to be equal to the
incubation time (1008 hours); however, because experience suggests that TTP
values reported above 600 hours are rare, the following censoring rule is used:
TTP values reported as “negative” should be right-censored at 600 hours, or

the maximum T'TP value observed in the study, whichever is greater.
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5.3 Mean-Variance Relationship

TTP data are continuous measurements where, as inspection of TTP data from
previous trials (e.g. Diacon et al. (2012a)) shows, the variance increases with the

mean. If one assumes that the variance of the data Y is of the form:

Var (V) = 0? [E(Y)]* = o2p? (5.3)

for some constant o2, then Equation 5.3 implies that:

CV (V) = —\/Var(Y) aH (5.4)

= — =0

E(Y) [

Thus, under the assumption provided in Equation 5.4, the CV of Y is constant

over all p.

One option for handling data with constant CV is the logarithmic transformation
of data. The log-transformation is variance stabilizing (as shown in Section 5.5).
After logarithmic transformation, the data can be analyzed using normal linear

(or nonlinear) regression.

5.4 Regression Models

In this chapter, let y(t) be the TTP at time t. Similarly, let p(t) denote the
expected TTP at time ¢. Similarly to Equation (2.21), if it is assumed that the
rate of change (increase) in expected TTP is proportional to p(t), the following

differential equation is obtained:

S \(t)dt (5.5)

Here A(t) > 0 is the proportionality function and characterizes the rate of increase.
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As with the CFU data, one can fit the regression models outlined in Chapter 2
to log(y), the log-transformed TTP data, e.g. the differential hyperbolic tangent

regression model, namely:

et_Tn + e_t_TK
log(y[t]) =a+ p1-t+ B2+ -log (ﬁ) +e(t) (5.6)
ev +e

The parameters of the regression model in Equation (5.6) are analogous to those
discussed for CFU data, however, incorporating a slight modification in the sign
of the slope parameters, i.e. ‘+ (1" and ‘+ 35’ instead of - 8" and - B5’. As a
result, the joint Bayesian NLME regression models discussed in Chapter 3 can be
fitted to the log(TTP) versus time data.

Similar to CFU count, EBA values can be sampled from the posterior output
of the MCMC samples (see Equation (1.7)). However, it should be noted that
Equation (1.7) uses the base of e for the logarithm of TTP.

EBA values can be compared between treatment groups using the ratio of EBA
in one treatment group versus the other, expressed as percentages. Given Equa-

tion (1.6) and Equation (1.7), the quantity is expressed as follows:

100 - (exp [EBALj(tl — ) ~EBA, /(1 — tz)} - 1) (5.7)

Here, the EBA values come from different treatment groups (i.e. j # j).

In Equation (5.2), the base of 10 is applicable to the analysis of log(TTP). Equa-
tion (1.7) and Equation (5.7) should therefore be adjusted accordingly.

5.5 Empirical Study

For the purpose of this empirical study, TTP data from the seven trials described
in Section 4.2 were available. Relevant clinical trial characteristics of clinical trial
protocols (see Chapter 4) are summarized in Table 5.1, including the total number

of valid patients, and the number of patients with complete profiles.
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Table 5.1: Characteristics of Trials Included in Empirical Study

Treatment
Clinical Trial Scheduled Sample Days Group N n
CLO001 Daily from Day -2 to Day 8; TMC207 100 mg 15 13
Day 10, Day 12, Day 14 TMC207 200 mg 15 11
TMC207 200 mg 15 12
TMC207 400 mg 15 10
Rifafour 8 8
Total 68 54
CLO007 Daily from Day -2 to Day 4; PA-824 200 mg 15 12
Day 6, Day 8, Day 10, Day 12, PA-824 600 mg 15 15
Day 14 PA-824 1000 mg 16 15
PA-824 1200 mg 15 12
Rifafour 8 8
Total 69 62
CLO010 Daily from Day -2 to Day 4; PA-824 50 mg 15 13
Day 6, Day 8, Day 10, Day 12, PA-824 100 mg 15 14
Day 14 PA-824 150 mg 15 15
PA-824 200 mg 16 16
Rifafour 8 8
Total 69 66
NCo001 Daily from Day -2 to Day 14 J 15 14
J-Z 15 14
J-Pa 15 13
Pa-Z 15 14
Pa-Z-M 15 11
Rifafour 10 10
Total 85 76
NCo002 (EBA) Daily from Day -2 to Day 3, Day 5, M-PA100-Z 16 11
Day 7, Day 9, Day 11, Day 14 M-PA200-Z 13 10
M-PA200-Z-MDR 18 6
Rifafour 15 9
Total 62 36
NCO002 (“SSCC”) Day -2, Day -1, Day 3, Day 7, M-PA100-Z 60 15
Day 14, Day 21, Day 28, Day 35, M-PA200-Z 61 13
Day 42, Day 49, Day 56 M-PA200-Z-MDR 26 3
Rifafour 59 21
Total 206 52

Note: Treatment group: J = TMC207, J-Z = TMC207 + Pyrazinamide, J-Pa = TMC207 + PA-824, Pa-Z =
PA-824 + Pyrazinamide, Pa-Z-M or M-PA-Z = PA-824 + Pyrazinamide + Moxifloxacin, J-Pa-Z-C = TMC207
+ PA-824 + Pyrazinamide 4 Clofazimine, J-Pa-Z = TMC207 + PA-824 4 Pyrazinamide, J-Pa-C = TMC207 +
PA-824 + Clofazimine, J-Z-C = TMC207 + Pyrazinamide + Clofazimine, Z = Pyrazinamide, C = Clofazimine,
Rifafour = Rifafour e-275®. MDR: Multi-drug resistant; TTP: Time to positivity. N = Total number of patients.

n = Number of patients with complete profiles and no censored log(TTP) values.
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Table 5.1: Characteristics of Trials Included in Empirical Study

Treatment

Clinical Trial Scheduled Sample Days Group N n

NCo003 Daily from Day -2 to Day 14 J-Pa-Z-C 14 13
J-Pa-Z 14 12
J-Pa-C 15 12
J-Z-C 14 14
Z 15 14
C 15 13
Rifafour 15 13
Total 102 91

Total Grand Total 661 437

Note: Treatment group: J = TMC207, J-Z = TMC207 + Pyrazinamide, J-Pa = TMC207 + PA-824, Pa-Z =
PA-824 + Pyrazinamide, Pa-Z-M or M-PA-Z = PA-824 + Pyrazinamide + Moxifloxacin, J-Pa-Z-C = TMC207
+ PA-824 + Pyrazinamide + Clofazimine, J-Pa-Z = TMC207 + PA-824 + Pyrazinamide, J-Pa-C = TMC207 +
PA-824 + Clofazimine, J-Z-C = TMC207 + Pyrazinamide + Clofazimine, Z = Pyrazinamide, C = Clofazimine,
Rifafour = Rifafour e-275®. MDR: Multi-drug resistant; TTP: Time to positivity. N = Total number of patients.

n = Number of patients with complete profiles and no censored log(TTP) values.

The empirical study was carried out similarly to that done for CFU data (see
Section 4.2 and Equation (5.6)).

Plots of the data together with by-patient fits of the hyperbolic tangent regression
model are included in Figure C.37 through Figure C.74 of Appendix C.

Figure 5.1 and Figure 5.2 provide plots of residuals for fitted TTP and log(TTP),
respectively (i.e. fitted to data on both the original and log-scale) by study. These
graphs show that the log-transformation of TTP data stabilizes the variance of the
associated residuals (i.e. near constant mean-variance relationship). The normal-

ity assumption for TTP data on the logarithmic scale therefore seems reasonable.

Figure 5.3 and Figure 5.4 provide plots and box and whisker plots of the (5 esti-

mates by study and treatment group.

A summary of the by-patient regression model parameter estimates are presented
in Table 5.2.

Conclusions drawn from the empirical study are similar to those of the empirical
analysis of CFU data (see Section 4.2). The majority of the log(TTP) versus time
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profiles are linear over time, and the majority of the biphasic log(TTP) versus

time profiles are increasing fastest during the early phase of treatment.

Even though the evidence of bilinearity in log(TTP) versus time profiles on the
whole is not strong, a visual inspection of the model fits suggests that the pro-
posed regression model, i.e. the differential hyperbolic tangent regression model,
generally fits the TTP data well.
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Figure 5.1: Residuals of Fitted TTP for Empirical Study
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Figure 5.2: Residuals of Fitted log(TTP) for Empirical Study
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Figure 5.4: Summary of By-Patient Estimates of gy for Empirical Study
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5.6 NCO001 Trial

This section provides results from the reanalysis of the TTP data of the NC001
trial (see Table 5.1).

Results from the fit of the following mixed effects regression models are presented:
Model 1.1, Model 1.5 and Model 2.2. None of the outliers were excluded from the
joint Bayesian NLME analyses.

Figure 5.5 shows nested plots of the observed log(TTP) by treatment group.

Plots of the observed log(TTP) together with by-patient and joint Bayesian NLME
fits of the regression model are included in Figure D.14 through Figure D.19 of
Appendix D for each patient for Model 1.1.

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including

pairwise comparisons versus Rifafour, are presented in Table 5.3 for Model 1.1.

Posterior estimates and corresponding 95% BCIs for the mean log(TTP) ver-
sus time profiles are shown in Figure 5.6 by study day and treatment group for
Model 1.1.

Posterior estimates and corresponding 95% BCls for EBA (¢, —t,) are shown in Fig-
ure 5.7, Figure 5.8 and Figure 5.9 by treatment group and model. The linear model
(Model 2.2) yields results substantially different to those of other models.

Model comparison statistics for the various Bayesian NLME regression models
fitted are provided in Table 5.4.

The DIC favors differential hyperbolic tangent regression models, followed by the

linear regression model.

Bayes factors (marginal likelihoods) favor the linear regression model, followed by

differential hyperbolic tangent regression models.
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Figure 5.5: Observed log(TTP) Over Time
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Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.

The ICPOs suggest the models fit the data reasonably well.

Table 5.3: Posterior Estimates and Corresponding 95% BCIs for EBA;(t; — t2)

Percentage Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14)J (N=15) 15 1.497 [0.740; 2.239] —1.238 [-2.281; -0.199]
J-Z (N=15) 15 2.387 [1.454; 3.291] —0.372 [-1.531; 0.795]
J-Pa (N=15) 15 1.705 [1.015; 2.374] —1.035 [-2.031; -0.034]
Pa-Z (N=15) 15 2.434 [1.651; 3.197] —0.327 [-1.391; 0.739]
Pa-Z-M (N=15) 15 3.096 [0.930; 5.121] 0.317 [-1.909; 2.432]
Rifafour (N=10) 10 2.771 [1.996; 3.549]

EBA;(0 —2) J (N=15) 15 1.058 [-0.212; 2.301] —6.896 [-9.758; -4.236)
J-Z (N=15) 15 3.592 [2.314; 4.983] —4.561 [-7.449; -1.786)
J-Pa (N=15) 15 2.041 [0.636; 3.444] —5.989 [-8.908; -3.244]
Pa-Z (N=15) 15 3.264 [2.087; 4.451] —4.863 [-7.743; -2.163]
Pa-Z-M (N=15) 15 6.643 [4.446; 9.051] —1.750 [-5.160; 1.614]
Rifafour (N=10) 10 8.563 [5.813; 11.720]

EBA;(2 — 14)J (N=15) 15 1.571 [0.828; 2.352] —0.261 [-1.416; 0.937]
J-Z (N=15) 15 2.189 [1.101; 3.117] 0.346 [-1.050; 1.660]
J-Pa (N=15) 15 1.650 [0.832; 2.420] —0.182 [-1.368; 1.019]
Pa-Z (N=15) 15 2.296 [1.423; 3.057] 0.452 [-0.768; 1.660]
Pa-Z-M (N=15) 15 2.518 [-0.022; 4.814] 0.670 [-1.964; 3.120]
Rifafour (N=10) 10 1.838 [0.902; 2.775]

Note: BCI: Bayesian credibility interval; EBA(t; — t2): Daily percentage change in TTP from
Day t; to Day to; TTP: Time to positivity. N = Total number of patients. n = Number of patients

in each category. Posterior estimate: Represents the mean of the associated posterior distribution.
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Figure 5.6: Posterior Estimates and Corresponding 95% BCIs for Mean
log(TTP) Over Time
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Table 5.4: Comparison of Bayesian NLME Regression Models

DIC % ICPO <z

Regression FunctionModel D(0y,, M)D(0ym, M) py;, DIC(M)In(f(y|M))x = 40 = 70z = 100

Differential hyperbolic Model 1.1 -3487.00 -3670.00 183.60 -3303.00 874.11 98.91 98.99 98.99
tangent Model 1.5 -3985.00 -4202.00 217.30 -3768.00  1022.18 99.22  99.46 99.46
Linear Model 2.2 -3350.00 -3517.00 167.10 -3183.00  1084.56 99.15 99.46 99.61

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO; DIC: Deviance information criterion;

NLME: Nonlinear mixed effects. See Table 3.1 for the specifications of each Bayesian mixed effects regression

model.
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Posterior Estimates and Corresponding 95% BCls for EBA;(0 — 14)

by Treatment Group and Model

Figure 5.7
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Figure 5.8: Posterior Estimates and Corresponding 95% BCls for EBA;(0 — 2)
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Posterior Estimates and Corresponding 95% BCIs for EBA;(2 — 14)

by Treatment Group and Model

Figure 5.9
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5.7 NCO002 (“SSCC”) Trial

This section provides results from the reanalysis of the TTP data of the NC002
(“SSCC”) trial (see Table 5.1).

Results from the fit of the following mixed effects regression models are presented:

Model 1.3 and Model 1.6. None of the outliers were excluded from the joint
Bayesian NLME analyses.

Figure 5.10 shows nested plots of the observed log(TTP) by treatment group.

Figure 5.10: Observed log(TTP) Over Time
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Posterior estimates and corresponding 95% BCls for BA,(t; — t5), including pair-

wise comparisons versus Rifafour, are presented in Table 5.5 for Model 1.3.

Posterior estimates and corresponding 95% BCIs for the mean log(TTP) versus
time profiles are shown in Figure 5.11 by study day and treatment group for
Model 1.3.

Table 5.5: Posterior Estimates and Corresponding 95% BClIs for BA;(t; — )

Percentage Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

BA;(0 — 56) M-PA100-Z (N=60) 55 1.852 [1.528; 2.184] 0.269 [-0.135; 0.673]
M-PA200-Z (N=61) 57 1.915 [1.668; 2.161] 0.331 [-0.010; 0.676]
M-PA200-Z-MDR (N=26) 9 1.567 [0.792; 2.297] —0.012 [-0.819; 0.742]
Rifafour (N=59) 58 1.579 [1.335; 1.827]

BA;(7 — 56) M-PA100-Z (N=60) 55 1.453 [1.116; 1.819] 0.200 [-0.224; 0.631]
M-PA200-Z (N=61) 57 1.605 [1.345; 1.886] 0.350 [-0.009; 0.717]
M-PA200-Z-MDR (N=26) 9 1.155 [0.249; 1.981] —0.095 [-1.015; 0.743]
Rifafour (N=59) 58 1.251 [1.005; 1.515]

Note: BCI: Bayesian credibility interval; BA(t1 — ¢2): Daily percentage change in TTP from Day ¢1 to Day to;
TTP: Time to positivity. N = Total number of patients. n = Number of patients in each category. Posterior

estimate: Represents the mean of the associated posterior distribution.

The DIC, marginal likelihood and ICPO < 40 for the model with normally dis-
tributed residuals are respectively -863.60, -27.48 and 97.87%, and for the model
with Student t distributed residuals are respectively -1899.00, 267.03 and 97.19%.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.

The ICPOs suggest the models fit the data reasonably well.
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Figure 5.11: Posterior Estimates and Corresponding 95% BCIs for Mean

log(TTP) Over Time
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This section provides results from the reanalysis of the TTP data of the NC003

trial (see Table 5.1).

Results from the fit of the following mixed effects regression models are presented:
Model 1.1, Model 1.5 and Model 2.2. None of the outliers were excluded from the

joint Bayesian NLME analyses.

Figure 5.12 shows nested plots of the observed log(TTP) by treatment group.

Plots of the observed log(TTP) together with by-patient and joint Bayesian NLME
fits of the regression model are included in Figure D.20 through Figure D.26 of

Appendix D for each patient for Model 1.1.
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Figure 5.12: Observed log(TTP) Over Time
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A plot of observed log(TTP) for Patient 001038067 together with joint Bayesian
NLME fits calculated from Model 1.1 and Model 1.5 are included in Figure 5.13.
This plot is an example of how the Student t distribution (for residuals) is associ-

ated with more robust fits than the normal distribution.

Figure 5.13: log(TTP) Versus Time Profile: Model 1.1 Versus Model 1.5
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Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including

pairwise comparisons versus Rifafour, are presented in Table 5.6 for Model 1.1.

Posterior estimates and corresponding 95% BClIs for the mean log(TTP) versus
time profiles are shown in Figure 5.14 by study day and treatment group for
Model 1.1.

Posterior estimates and corresponding 95% BCls for EBA (¢, —t») are shown in Fig-
ure 5.15, Figure 5.16 and Figure 5.17 by treatment group and model. The linear
model (Model 2.2) yields results substantially different to those of other models.

Model comparison statistics for the various Bayesian NLME regression models
fitted are provided in Table 5.7.
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The DIC favors differential hyperbolic tangent regression models, followed by the

linear regression model.

Table 5.6: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t2)

Percentage Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J-Pa-Z-C (N=14) 14 2.660 [1.613; 3.695] —0.147 [-1.550; 1.246]
J-Pa-Z (N=14) 14 3.085 [1.837; 4.414] 0.267 [-1.274; 1.904]
J-Pa-C (N=15) 15 1.809 [1.156; 2.471] —0.974 [-2.139; 0.220]
J-2-C (N=14) 14 1.949 [1.042; 2.912] —0.838 [-2.146; 0.522]
Z (N=15) 15 0.856 [-0.034; 1.760] —1.901 [-3.200; -0.556]
C (N=15) 14 —0.152 [-1.094; 0.759] —2.882 [-4.188; -1.563]
Rifafour (N=15) 15 2.813 [1.777; 3.820]

EBA;(0 —2) J-Pa-Z-C (N=14) 14 4.442 [2.990; 5.968] —1.925 [-5.042; 1.096]
J-Pa-Z (N=14) 14 6.317 [3.704; 9.226] —0.164 [-3.930; 3.583]
J-Pa-C (N=15) 15 2.266 [1.094; 3.408] —3.969 [-6.917; -1.170]
J-Z-C (N=14) 14 3.717 [2.093; 5.552] —2.606 [-5.774; 0.573]
Z (N=15) 15 1.778 [0.196; 3.469] —4.427 [-7.512; -1.428]
C (N=15) 14 0.730 [-0.999; 2.565] —5.411 [-8.526; -2.350]
Rifafour (N=15) 15 6.513 [3.699; 9.631]

EBA;(2 — 14) J-Pa-Z-C (N=14) 14 2.366 [1.126; 3.482] 0.155 [-1.530; 1.795]
J-Pa-Z (N=14) 14 2.558 [1.103; 4.005] 0.342 [-1.497; 2.221]
J-Pa-C (N=15) 15 1.733 [1.022; 2.406] —0.464 [-1.829; 0.957]
J-Z-C (N=14) 14 1.658 [0.634; 2.699] —0.538 [-2.057; 1.060]
Z (N=15) 15 0.704 [-0.363; 1.653] —1.471 [-3.004; 0.069]
C (N=15) 14 —0.298 [-1.455; 0.704] —2.451 [-4.042; -0.883]
Rifafour (N=15) 15 2.211 [0.948; 3.449]

Note: BCI: Bayesian credibility interval; EBA(t; — t2): Daily percentage change in TTP from Day ¢; to Day to;
TTP: Time to positivity. N = Total number of patients. n = Number of patients in each category. Posterior

estimate: Represents the mean of the associated posterior distribution.

Table 5.7: Comparison of Bayesian NLME Regression Models

DIC % ICPO < z

Regression FunctionModel D(0y,, M)D(8m, M) pm DIC(M)In(f(y|M))x = 40z = 70z = 100

Differential hyperbolic Model 1.1 NE NE NE NE 837.14 98.64 98.77 98.90
tangent Model 1.5 -4909.00 -5166.00 256.40 -4653.00  1239.65 99.03 99.09 99.16
Linear Model 2.2 -4248.00  -4452.00 203.60 -4044.00  1376.72 98.97 99.22 99.29

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO; DIC: Deviance information criterion;
NE: Not estimable; NLME: Nonlinear mixed effects. See Table 3.1 for the specifications of each Bayesian mixed

effects regression model.
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Figure 5.14: Posterior Estimates and Corresponding 95% BCIs for Mean
log(TTP) Over Time
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Bayes factors (marginal likelihoods) favor the linear regression model, followed by

differential hyperbolic tangent regression models.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.

The ICPOs suggest the models fit the data reasonably well.
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Posterior Estimates and Corresponding 95% BCls for EBA;(0—14)

by Treatment Group and Model

Figure 5.15
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Figure 5.16: Posterior Estimates and Corresponding 95% BClIs for EBA;(0 — 2)
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Posterior Estimates and Corresponding 95% BCls for EBA ;(2—14)

by Treatment Group and Model

Figure 5.17
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Chapter 6

Discussion and Conclusions

Section 6.1 and Section 6.4 of this chapter respectively provide a discussion and
conclusions (including recommendations) based on this thesis. Section 6.2 men-
tions possible shortcomings of the research, and Section 6.3 lists topics for possible

future research.

6.1 Discussion

An EBA trial of TB treatments assesses the decline, during the first few days to
weeks of treatment, in CFU count of Mycobacterium tuberculosis in the sputum of
patients with smear-microscopy-positive pulmonary TB. EBA trials are a mainstay
of the early clinical development of TB treatment regimens, and thus are frequently

performed.

The research reported in this thesis was motivated by the need for a general and
flexible regression model for CFU versus time data. Such data have conventionally
been modeled using linear, bilinear or bi-exponential regression. Most researchers
fitted models to such data on a by-patient basis, and implementation of NLME
regression models (in particular, the bi-exponential mixed effects regression model)
using frequentist methods has been introduced only recently. Linear regression,

while potentially appropriate for some individual profiles, is not generally adequate

221
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since many data profiles are clearly biphasic, at least for treatment and observation
periods longer than 2 to 7 days. Both bilinear and bi-exponential models seem
adequate for many individual profiles, but the former do not allow for a smooth
transition between the initial and terminal phase of decline of CFU counts, while
the latter cannot account for drugs and individual profiles which are associated
with terminal rates of decline that are faster than initial rates of decline. Such

terminal rates of decline have in fact been described recently for a new anti-TB
drug, namely TMC207.

In this thesis, a biphasic nonlinear regression model (called the “differential hy-
perbolic tangent regression model”) for CFU data has been proposed; the model
comprises linear and bilinear regression models as special cases, and is more flexi-
ble than bi-exponential regression models. The model consists of an intercept, two
slopes (characterizing the rate of change over time), node (or inflection point) at
which transition from one slope to another occurs, and a “smoothness” parameter
governing the “speed” of transition. An extensive empirical study of a large num-
ber of CFU versus time profiles from a database of six 2-week EBA trials suggests
that the proposed model fits well virtually all individual profiles. The model has
been implemented as a Bayesian NLME regression model, fitted jointly to the data
of all patients from each of the six trial. Zero counts were treated as left censored

values.

One advantage of the mixed effects implementation of the model is that for patients
with incomplete and sparse profiles (due to missing data), model fits generally
remain plausible since “strength is borrowed” from the remainder of the data,
which manifests as random effects estimates shrunken towards the overall mean.
In particular, mixed effects regression modeling provides improved precision of
estimates of random effects relative to their fixed effects counterparts, with more
appropriate fixed effects estimates and SEs, and may reduce the bias caused by
missing data. In addition, one important advantage of Bayesian inference is that it
does not rely on asymptotic approximations, as classical inference methods do for
complex models. The implementation of the model using frequentist methods such
as SAS® procedure NLMIXED causes convergence issues, and therefore, makes

the Bayesian implementation thereof (as an alternative) more attractive.
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Statistical inference about the mean EBA of TB treatments, including the mean
log(CFU) versus time profile, is based on the Bayesian NLME regression model.
The posterior predictive distribution of relevant slope parameters of the Bayesian
NLME regression model provides insight into the nature of the EBA of TB treat-
ments; specifically, the posterior predictive distribution of slope parameters allows
one to judge whether treatments are associated with mono-linear or bilinear de-
cline of log(CFU) count, and whether log(CFU) count initially decreases fast,
followed by a slower rate of decrease, or vice versa. In this regard, the reanal-
ysis of data from previously published trials confirms that TMC207, somewhat
unusually among anti-TB treatments, is a drug associated with a terminal rate of

decline in CFU count that is faster than the initial rate of decline.

The primary Bayesian implementation of the regression model was based on vague
prior distributions, normal distribution, and the so-called “default” Wishart prior
for the covariance matrix of the random intercept and slope parameters. How-
ever, the fit of alternative specifications of residuals, random effects and prior
distributions was also explored. The conventional normal regression models for
log(CFU) versus time profiles were adapted to offer a more robust approach to
accommodate outliers caused by laboratory error, and especially for those isolated
cases where zero CFU counts were reported. These models, in particular, specified
the Student t distribution for random coefficients and residuals which allows for
heavier tails than the normal distribution. These models were further adapted
to allow for the modeling of potential skewness. Compared to the conventional
normal models, the generalized (heavy tailed) models yielded EBA estimates of
smaller magnitude for treatment regimens which appear to contain such outliers.
Furthermore, joint Bayesian NLME fits of data profiles containing outliers, based
on the Student t distribution, seem more plausible than fits based on the normal
distribution. Therefore it seems that the Student t distribution better accommo-
dates occasional outliers seen in the data. Some degree of negative skewness in

the distribution of residuals was observed for some treatment regimens.

The Bayesian NLME regression model fitted to CFU data of 2-week EBA trials
was extended and fitted to those of an 8-week “SSCC” trial.
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DIC statistics and compound Laplace-Metropolis Bayes factors were calculated to
discriminate between the various mixed effects regression models investigated. The
calculation of the former, especially with regards to the associated multidimen-
sional integrals, is known to be challenging and cumbersome. This thesis describes
a workaround whereby marginal likelihoods are calculated relatively easily using

an adapted approach in SAS® and the R project.

The DICs favor bilinear models slightly over biphasic models, followed by linear
models, whereas the Bayes factors favor linear models, followed by biphasic and
bilinear models. Both model comparison statistics prefer the (conventional) Stu-
dent t distributed models over normal models. Given the different verdicts, it
should be noted that the DIC compares models conditional on their model param-
eters (for which their random effects are likely to enhance model fit), whereas the
Bayes factors compare models on a marginal basis. With the analyses, the Bayes
factors prefer the most simple model (i.e. linear) over the more refined models (i.e.
biphasic and bilinear), whereas the DICs prefer the latter. Note, however, that
the linear model cannot establish to which extent the bactericidal activity between
initial and later phases of treatment differs, and investigation of this difference is
a crucial aspect of EBA studies. Thus the linear model might provide an adequate
overall fit to the data in many cases, but does not address one of the important

research questions to be answered by EBA studies.

According to previous literature, TTP data (which is an important substitute for
CFU data) have only been fitted on a by-patient basis. A large empirical study of
TTP data suggests that T'TP versus time profiles increase linearly or bilinearly over
time. The methodology for modeling of CFU data has therefore been extended to
the analysis of TTP data. The conclusions drawn for the modeling of TTP data
are similar to those of CFU data.

In summary, the biphasic model proposed here empirically fits well all individual
data profiles studied and, according to the marginal likelihood (Bayes factor) cri-
terion, is favored over the bilinear model. Furthermore, the biphasic model allows
one to quantify differences in early and late rates of decline of CFU counts, which

is of some importance in characterizing the mode of action of anti-TB treatments.
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6.2 Possible Shortcomings

The following is a list of possible shortcomings of the methods developed in this
PhD thesis:

e The DIC statistics for Bayesian regression models have been obtained directly
from OpenBUGS. The DICs for specialized models which implement heavy
tailed distributions are conditional also on the nuisance parameters, and have
therefore not been reported. Only Bayes factors have been calculated to discrim-
inate between these and remainder models. In future research, the associated
DIC statistics will be calculated outside OpenBUGS.

e Posterior samples of the parameters of the bi-exponential mixed effects regres-
sion model unexpectedly failed to converge for the 8-week “SSCC” study. Alter-
native MCMC sampling techniques and reparameterizations of the model will

be looked into for any possible future research.

e With the proposed model, the random effects describing the inflection points (or
nodes) follow truncated normal distributions. The OpenBUGS software does not
have the functionality to model correlation between parameters with truncated
distributions. In possible future research, multivariate truncated distributions
will be implemented once available with future releases of OpenBUGS. However,
modeling correlation between the node parameter and the intercept and slope
parameters would further add parameters to a model that is already relatively

“parameter-rich”.

e Due to long MCMC sampling periods, simulation studies to assess the coverage
probability of the associated models have not been carried out. In possible future
research, simultaneous MCMC sampling on multiple computers will be used to
speed up the simulation process. In addition, more sophisticated simulation

techniques can be explored once available with future releases of OpenBUGS.
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6.3 Topics for Possible Future Research

The following is a (non-exhaustive) list of possible research extensions to the meth-
ods developed in this PhD thesis:

e Covariate adjustments: The proposed NLME regression model can be ex-
tended to adjust for important factors (interaction terms) and covariates such

as HIV status, CD4 count and other baseline characteristics.

e Nonlinear Poisson regression for CFU data: As an alternative to perform-
ing “normal” nonlinear regression of log(CFU) count against time, treating zero
counts as censored values, one can fit overdispersed NLME Poisson regression

models.

e Nonlinear gamma regression for TTP data: The gamma distribution

might be a useful alternative to the log-normal distribution for TTP data.

¢ Relationship and correlation of EBA characteristics based on CFU
and TTP data, respectively: The research may include the investigation of
the relationship and correlation of EBA characteristics based on CFU and TTP
data, respectively. Furthermore, it seems worthwhile to investigate which of the
two types of data is associated with the highest statistical power to discriminate

between treatment regimens.

e Surrogacy (short term versus long term outcomes): The proposed NLME
regression model can be extended to assess how short term outcomes in Phase I1
trials (e.g. bactericidal activity during the first 8 weeks of treatment) predict
long term (binary) outcomes in Phase II trials, using logistic regression model-

ing.

Further research beyond the scope of EBA TB drug development includes the
following Bayesian methodologies, specific to linear and nonlinear random effects

models:
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e Bayesian model selection: The use of compound Laplace-Metropolis Bayes
factors in mixed models can be compared with alternative techniques for the

estimation of Bayes factors.

¢ Robust Bayesian models: Random effects in mixed models are usually spec-
ified to follow a normal distribution. The investigation of heavy tailed and skew
distributions (i.e. “robust” regression modeling) that are robust to occasional

outliers seen in data can be extended.

6.4 Conclusions and Recommendations

This thesis proposes a new biphasic nonlinear regression model (called the “dif-
ferential hyperbolic tangent regression model”) for CFU data that comprises lin-
ear and bilinear regression models as special cases, and is more flexible than bi-

exponential regression models.

The following conclusions and recommendations are listed below for practitioners
who need to analyze CFU and TTP data of EBA TB trials:

e The biphasic regression model should be implemented as a Bayesian NLME
regression model, fitted jointly to the data of all patients from a given trial, is
more appropriate than by-patient regression modeling. Fits of Bayesian mixed

effects regression models are plausible since they:
— Are associated with shrunken random effects estimates which may accom-
modate incomplete and sparse profiles more appropriately.
— Provide improved precision of model parameter estimates.

— Do not rely on asymptotic approximations (like classical inference meth-
ods).

— Are associated with less convergence issues when fitted using the Open-

BUGS software.
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e The so-called “default” Wishart prior for the covariance matrix of the random
intercept and slope parameters should be specified to accommodate small vari-

ances in the latter.

e The posterior predictive distribution of relevant slope parameters should be

calculated, to provide insight into the nature of the EBA of TB treatments.

e Heavy tailed distributions (in particular, the Student t distribution) better ac-
commodate occasional outliers seen in the data. Thus the Student t model
should routinely be fitted.

e DIC statistics and compound Laplace-Metropolis Bayes factors should be cal-
culated to discriminate between models (with alternative specifications of resid-

uals, random effects and prior distributions).

e The biphasic model should be fitted to TTP data in the same way as for CFU
data.
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£(TT)Ter9UdS | YN4DH0T Topou

£(@D)8oTx (T = ¥OSNID) + (Ad)SoT+(0 = ¥OSNHD) = T1
£(TS ‘NADHOTH ‘VNIODOT ¢ TRWION.)FPO = QD
£(2S ‘NADHOTH ‘VNIODOT ¢ TewIoN.)Fpd = ad

¢ (((VWHVDS/ (Vddyis) -)dxe + (VWWVDS/ (VddV¥s))dxe) / ((VHWYDS/ (VddViS - FAWIL)-)dxe
+ (VWWYDS/ (VddViS - mzHHvvmx®VVMOH*<zz<um*m<Hmmm - HWIL*TVIHLS - VHJIVS = NJDD0TIW
£2°0 = ¢S §°0 = VHWYDS L = VddVIS 0 = gVIdds ¢'0 = TVIHES 9 = VHAIyS sured
‘2 => VWWVDS => T°0 spunoq
1T => YddviS => ¢ spunoq
f1 = pees £0QTO0ON = ®©aep paxturu doxd

(stsdfeuy juenied-Agq) QAXININ 2Inpadoid gSVS I'd

OPpO0 ) SUTUWRISOI]

q xipuaddy
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{NIMIAMO :VEIW NIMIAM aIfdnsn qirdnsn £q
£90ATO0DN = SALVWILSATYNOILIAQy 2andino spo
£G0ATO0ON = SHLVWILSAYALANYHYV] 3ndano spo
£%0ATO0ON = 2310 NADH0TW 20Tpexd

2/ (C(VHHYDS/ (VAdVIS - L)-)dxe + (VWHYDS/(VddViS - .))dxe)30T - ((VWWYDS/(Vddvis - ¥1)-)dxe
+ (VHWYDS/ (VddViS - ¥71))dxe)30T)*VWAYDS*ZY1IES + TVL1HLS

2T/ (C(VWWYDS/ (YddVAIS - T)-)dxe + (VWWYDS/(VddViS - g))dxe)8oT - ((VWAVYDS/(Vddyys - ¥T)-)dxe
+ (VWHVDS/ (VAd¥¥S - ¥T1))dxe)B0T) «YWWYDS*ZVIAdS + TY1IAS

BT/ (((VHWYDS/ (VAAVIS - 0)-)d¥e + (VWHVDS/(VddvyS - 0))dxe)SoT - ((VWWYDS/(VddViS - ¥T)-)dxe
+ (VWWVDS/ (VAdVYS - ¥T))dxe)B0T) «YWWYDS*ZVIAdS + TV13ds

€L/ (((YWWYDS/ (VddViS - 0)-)dxe + (VWWYDS/(VddV)iS - 0))dxe)8oT - ((VWWYDS/(VddViS - L)-)dxe

+ (VWWYDS/ (VddVAIS - L))dxe)B0T) xYWHYDS*ZYIALS + TYIIAS

2/ (((VHHYDS/ (VddVIS - 0)-)dXe + (VHWYDS/(VddViS - 0))dxe)8oT - ((VWHVDS/(Vddvys - g)-)dxe

+ (VYWWYDS/ (VdVIS - T))dxe)BoT) xYWHVDS*ZY1AdS + TYLIAS

VTLVEEN

VTCVEIN ¢

VTOVEHN

«LOOVEHN (

«CO0VEHN «

9j3ewr3ss

®2qRUTLS®

®23RWT}SO

®2qRUTS®

®3ReWTISO

funa
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funx
{pus
/*SINIILVd 40 HIGWAN*/ ¢ ((((1sdd ‘- rdnsnz)aind)ager)wras ‘(((°1sdd ‘T + "I¥IN®)and)ayeT)wrxs || ,rdnsSl,)induls TTeo
‘QIrdnsSN = qIransl ‘/+dAN0 SNId SdN0Y¥H INAWLVIYL 40 ¥AGWAN :AU0DALYD*/ T + “IUINB = NIMIAM
fop ueyl X JT
‘(X = ut) TOMTOOON TOMTOOON 28s
/*(SdN0¥D INAWLVIYL TIV) VIVA QIT00d*/ ‘TOMTOOON ©iep

funx
‘T + @Ir9NSl weys QIf9NSN’ 3SITF FT
¢* = @IrgnsSl uey3 NIMIAY 3SITF IT
{pus
£ (C(VHWYD/ (Vddyd) -)dxe + (VHWYD/ (Vdd¥H) )dxe) / ((YWWYD/ (VAd¥Y - AWIL)-)dxe + (VWWYD/(V¥dd¥) - AWIL))dx®))SoT*+VWWYD- = EHAWIL
CANIL- = CHAWIL
{1 = THHAWIL
/*XTUIVW NDISAQ*/ ‘Op ueya ° au NJIDH0T IT
£2/(1T°0 + T) = VWWYD
‘¢/(T + 11) = Vddvi
£Z- = NADHOT UeY3 T = YOSNAD FT
fQIrdnsSN NIWIAM £q
/#4000 QIXIWIN D0¥d HAS*/ ‘HOATO0ON 28s
£(QF¥d VWWYD Vddvy = doap) TOMTOODN ©3ep

WRYSIM JNeje(l, 1°3'd

XIIJeTA] 9OURLIBAO)) 10} JOLLIJ :9po) ajdurexy SVS 2'd
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f((((182g

funx
‘dl Pt
‘€HAWIL CHAWIL THAWIL Tea
fqIrdnsl aIrdnsnN NI¥IAY £q

((z = THWYN™) = eweusI) GOMTOOON = 2MO LOMTOOON = ©3ep esodsuers ooxd

/*Z ALYINDTYO*/

¢ THYWOISE andy

funa

‘AIyWILsA) and)ageT)wrad ¢ (((-1SEE ‘NI¥IAM)and)ageT)wrid || ,UYWOIS.)anduks TTed

‘€OMTOO0ON 2°S
CTTINT elep

funx
‘ALVWILSE = YVWDIS Uey3 - ou N40907 T
ENIMIAN £q
{€OMTO0DN ZOMTOOON o8iem

{YOMTO0DN ®3ep

funx
SHNIL NIYIAM £q
fTOMIO0DON = ®aep 3I0s doxd

funa

/*IONVIMVA TVNAISHY*/ ‘E€OMTOO0ON = SWHYJAQD andano spo

£ZOMTO0DN = Poxdino WOTINTOS 3UTOU / CHANIL CHAWIL THAWIL = NADH0T Tepouw

{NIYIAY £q
fTOMTOODN = ®3ep paxtu d0xd
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mA:Ah:

((EHAWIL) 3FOT)WTIL |

¢+ TRXTHLVNZAR Fndy

funx

¢ (((XTYLVWZ) 3FoT)WIX3  ((( IS3g ‘qIrdnsli)and)3FeT)Wwras || . XTHIVWZ.)3nduks TTe>
w w11 ((HENIL)AFODWEZY || o “u || ((THEWIL)AFODWIIL || ,}.)1aduod = XTULVHZ
axeyM) LOMTOOON 3°s
£°6666$ XIULVNZ U3suel

(C TR = NIMIAM) =

‘8OMTOODN ®3ep

$(T + "IMINB)TRA®Y 03% T = T oDy

£() lvWy oxdewy

‘Gz = IOVAI 39TY%
funa
‘Z Pt
‘XTYLYWZ Tea
fQIrdnsl arrdansN NIMIAY £q

£JOMTOODN = 310 90MTO0ON = e3ep esodsuexs ooxad

£((C 1838 (D)dIZ) D) IFPDULIL || o w || ((XTULYWZ) 3FOT)WTI3
esTa [ ((( lszd .AﬁvaNvPDmvPHvaEHHP

funx
{pus
XTYLVWZ
XTYLVWZ ueys T = T 3T
£(dlZ)utp 03 T = T Op
£°666$ XIULVWZ Yaduel
£:d1 d1Z Lexre
{GOMTOODN 2°s
{90MTOODN ®1ep
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/*FONVIMYA ZYLEd Y04 A¥INZ ¥/ ¢ (((('1SFE ‘(T)¥)and)ageT)wraa ‘((( 1sFd ‘T)and)ageT)wria || ,IzdM.)anduks
/+FONVI¥YADD ¢VIHd B TYIHE ¥04 AYINZ ¥/ ¢ (((('Is3g ‘(v)w)andyager)wris ¢((('1sag ‘r)and)ager)uras || ,I1zdrgM,)snduks
/*IONVI¥YA TYIZE 404 AYINA ¥/ ¢ (((("Isdd ‘(T)w)and)ager)mwriz ‘(((-1sad ‘T)and)ageT)wria || ,ITaM,)3ndmks
/*FONYIUVAOD CTVIEE B VHATY ¥04 A¥INT ¥/ f(((( ISz ‘(Tyw)and)ageT)wrir ‘(((-1szg ‘T)and)ager)wriy || ,IgdyM.)anduls
/*IONVIMYAOD TVLEE % VHITIV 04 AMINZ ¥/ ¢ (((("183g ‘(T)¥)and)agsT)wras (((-1sag ‘T)and)ager)wras || ,LITdyM,)3nduds
/*EONVIUYA VHATY ¥04 A¥INZ ¥+/ ¢ (((( Is3g ‘(Dyw)and)ager)wray ¢ ((( Is3g ‘T)and)ager)wraiz || ,IyM.)3ndumks

mA._H.f

HA S

funa

{pus
TTe° udYl 6 = "N IT
ITe° udyl 9 = "N~ IT
TTe2 ueys § = N~ 3T
TTe2 Ueys € = N~ 3T
TTe° udyl g = "N IT
TTeo ueys T = "N~ 3T

*1YINR)TeA®Y, 02 T = T Op

‘g g Kexxe

£:60MTO0DN ®S1euw
£(T = doxp) OTMTOOON ®3ep

O Lvnyy,
{puswy,
{pusy,
¢q1nb

RL60MTOODN ®SOT2
‘puadde

‘{ T34} TeA "TRLEOMTOODN 93B3ID

¢-13y qutad

/*W0QEFYd 40 STIUDAA FHL SI JAM+/ *( TRY)AUT* IOVAIR* JAAMB = "TBY
CTRrdnsSing/ (o 0 TRCANSIBBY THIVNZARAS* " * TRCANSIRBYX THIVNZB3BRB* (* * TRUVWDISRB/T) ‘PuUdYy,

+ 5, [RXTULVWZ®B* " (RXTULYWZBB* (" TBUVWOISER/T)

(T - T T3rdnsSia®) TeAey, 01Y T

= [ opy)

TIRY
‘Tut ooxd
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funa
fQIrdnsSN NIYIAM £q
¢qx0s coad
{pus
/*SINIILVd 40 HIGWAN*/ ¢ ((((1sdad ‘- rdnsnNm)and)ager)wras ‘(((°1sdd ‘T + "I¥IN®)and)ayeT)wrxs || ,rgnSl,)anduls TTeo
‘qIrdnsN = qIransl f/+dAN0 SNTd SdNOY¥D INIWLVIYL A0 ¥AGWAN :AYODALYD*/ T + “IYINB = NIUIAM
fop usyl X JT
‘(X = ut) TOMTOOON TOMTOODN 28S
/*(SdN0¥D INAWLVIYL TIV) VIVA QIT00d*/ ‘TOMTOOON ©iep

funx
‘7 + QqICANSL Uey3 QILgnSN’ 3SATE IT
¢* = qIrgnsSl Uyl NIMIAY 3SITF IT
{pus
¢ (CCVRNYD/ (VAdV) -)dxe + (VWRYD/ (Vddvy) ) dxe) / ((VWWYD/ (VddVy - FWIL)-)dxe + (VWWVD/ (VddVY - FWIL))dxo))SoT+yWWyD- = €HAWIL
fANIL- = THAWIL
‘T = THAWIL
/*XTYLYW NDISHAQ*/ fop ueyas ° ou NDH0T FT
£2/(1°0 + T) = VWWYD
‘¢/(T + 11) = Vddvi
fQIrdnsSN NIYIAM £q
‘€0dTO0ON 2°S
£ (VWWYD ¥ddvY = doap) TOMTOOON ©3ep

JeYSIA IsTpuanbaiy,, g'g'd
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funx
{NIMIAY £q
{GOMTOO0ON = SHLVWILSAYALANYYVd 3ndano spo
fPOMTOODN = 3no NJDHOTW oTpead
‘qrransn = 30efqns ([geD ‘0 ‘0 ‘zed ‘0 ‘T1H] ‘[0 ‘0 ‘0])Tewrou _ ggS TdS VS WOpuel
f(TI)Texeusd | 040907 Tepow
£(@0)80T* (T = YOSNED) + (Ad)SOT*(0 = YOSNAD) = T1
£(2S ‘NADHOTH ‘NADH0T ¢ (TRWION,)FPO = @D
£(zS ‘NIDHOTH ‘nd0H0T ¢ TewroN.)Fpd = ad
{EHAWIL*ZYIHAES + CHAWIL*TYIHES + THAWIL*YHAIVS = N4ADD0TH
fzdS + gvlad = gvldds
£1dS + TYIEA = TV1dds
‘YS + VHJTV = VHAIVS
£G0°0 = €€D T°0 = 22D G'°0 = TTH G%°0 = ¢S 0 = TVIAG ¢°0 = TVIAG G°9 = VHJTY suxed
£0 < €€9 TTH 1TH spunoq
/*QdT00d SdNOYD INAWLVAUL TIv*/ DOQTEA = U993 SSAVD = Poyzem T = peds ((T + "I¥IN® = NIMIAY) = ©Ieuys) TOMTOOON = ®aep pextwiu do0xd

funx
{NIMIAN £q
fEOMTOO0DN = SALVWILSHYALANYEYd andino spo
£ZOMTO0ON = 2310 NADH0TH 20Tpexd
farrdnsn = 2o09fqns ([gen ‘0 ‘ggnp] ‘[0 ‘0])Tewiou _ zdS TdS Wopuels
£ (TI)TeI9WSS | N40H0T ToPow

£(aD)8oT*(T = YOSNAD) + (Ad)BoT+(0 = YOSNAD) = TI
£(ZS ‘NA0H0TH ‘NADHOT ¢ (TRWION)FPO = D
£(2S ‘NA0H0TH ‘NA0H0T  (TewroN)Fpd = ad

'EHAWIL*TV1AES + CHAWIL*TVIALS + THAWNIL*#VHAIV = NIADDOTH
‘zds + Tvldad = zvlads
/*S10F44d WOANVY*/ ‘1dS + TV1ZE = TVlaAdS
£G0°0 = €€D T°0 = TTH S¥'0 = ¢S O = ¢V1A4 ¢°0 = TVIEd §'9 = VHATV sured
‘0 < €€9H gTh spunoq
/*dN0¥D LNAWLVAYL Ad*/ H0QTEA = U993 SSAVD = Poyzew [ = pess (('IYIN® => NIYIAY) = oI9Us) TOMTOOON = ®eaep pexturu doxd
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funx

$((((C1sEg ‘FIVWILSH)and)aFeT)wras ‘ (((°I1sId ‘NIMIAN)3Ind)agzer)wraa || ,IzdM.)ainduks TTed weyl ,£€9, = YALANVHVI FT

$((((1sEg ‘FIVWILSH)and)aFeT)wraa © (((°I1STd ‘NI¥IAN)3Ind)agzer)wriad || ,LTgM.)anduks TTed weyl ,zzd. = YALANVHVI FT

‘pue
£(((C1s3g ‘oyand)agem)wras ‘(((-IsFd ‘T)and)ager)wris || ,IzdTdM.)3nduks Treo
£(((C1sdg ‘o)andyaze)wraz ¢ (((-Isdd ‘ty)and)azer)wriz || ,I1zdyM.)3nduks TTed
/*0UAZ SINAWZTI TYNODVIAx/ ¢(((( 1sdd ‘o)ind)azerT)wriz (((-Isdd ‘r)and)agzer)wri || ,ITdyM.)3induks TTed
$((((1s3g ‘FIVWILST)and)3FeT)wras ‘(((°Isdd ‘T)and)iyeT)wraz || ,IvM,)3nduls TTeo uweUs T + "IHINB = NIYIAM PU® ,TTD. = HALAWYYYd 3T

/*IYVHSIM o1I0V4Ed. ¥04 FA0D FAS*/ (T + "IULNB)TRA®Y 03 T = T Op
/*W0QITYd A0 SHIUDHAQ FHL SI AAM*/ " IAMB*IIVWILSHT = HLVWILSH
‘GOMTOODN E€OMTOODN 3°s

£(t = doap) 9OMTOODN e3P
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Cu (CCLLT1aIrdnsN] YWWyos w and

fu/(L[T1aIransnN] vddvis)-)dxe + ([[T1AICdnsSN]VWWYDS/ ([[T]1AIransN] vddvis))dxe) /(([[T]1AIransSN] VRNYDS w and
£u/([[T1aIransN] vddvis - [T]aWIl)-)dxe + ([[T]1AIrgnsSN] VWNYDS/ ([[T1aIrdnsn] vddvys - [T]1awIl))dxe))S8ot w and
Cux [[T1AIrdnsN] VWWYDS*[€ ‘ [T]1aIrdnsNInWS - [TIFWIL+[Z ‘ [T]aIcgnsN]aws - [T ‘[T1aIrdnsN]aws -> [TINVEW w and

W} (CN®B:T uT T) 0% . and

L . and

*u((40D) FAILVIOWAD) QOOHITANIT# ([T1D ‘[TIN4DD0T)®ATIRINUMD -> [T]X w and

fWVIVA qa¥osNED# ([T10 “)D(L[TINIMIAY]IOSHISANI ‘[TINVIW)wIoup _ [T]NADH0T W and

‘W¥1VA QI¥0SNAD } (°N%:°SHONSND® UT T) IOF w and

H . and

£,((4ad) ALISNEQ) QOOHITANIT# ([TIVIVA ‘[T]NdD90T)L3Tsuep -> [T]X w and

SaVIVa# ([[TINIYMIAMIDSHISANI  [TINVAW)wIoup . [T]1040907T w and

*wV1VQ QIYOSNIONN# } (°SHONSNONB:T UT T) IOF w and

£ TI00W FHI# } Tepouw, 3nd
£009 = ©ZTSOUIT , HTIIAR, OTTF
TTINNT eaep

f(4T71d4) SHNEANIJ0 oxoewy,

Surpring [ppoN :2poD o[durexy spnguedo

ITRYSIA FNeJO(],, :XIIJeJ\] 9oUelIeA0)) I0J IOLIJ

[ewLION] :STUSIDJoO)) wopuey
[ewLION] STenpisoy :T1'T [OPOIN

[OPOJA UOISSOI30Y JuoSur], JI[0qIadA enyuatsfIi(q 1°¢'d

S[OPOJN UOISSa139Y S99 POXIJN Uelsakeqg ¢'q
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(C[TIVRWYDS/ ([T]VddYAS

(C[TIVHWYDS/ ([T]VddVIS

(CLTIVIWYDS/ ([TI1VddYiS

w— (CLTIVWWYDS/ ([T]VddViS

w= C(C[TIVWWYDS/ ([T]1VddViS

“ul/ (CCLTIVHWYDS/ ([T]VddvYS

$T)-)dxe + ([TIVWHYDS/ ([TIVddYMS

0T/ (CCLTIVWWYDS/ ([T]VddViS

$1)-)dxe + ([T]VWWYDS/([T]Vddvys

a1/ (CCLTIVHWYDS/ ([T]VddviS

%T)-)dxe + ([T]VWWYDS/([T]VddViS

ful/(CCLTIVWWYDS/ ([T]VddvYS

$u[TIDSHISANI/T —-> [TIDSDIS
£4(1000°0 ‘7000 0)euwedp _ [T]DSDISANI
fu(Z ‘TTO)FTUND | [T]VWHYOH
Sa(TT ‘g)FTunp | [T]VdVIR

fu(lerT ‘erTlyNAaAr ‘e

: " _”Hu CVLIdN +
tul[Tleviaan -

T]@urouwp _ [€:T ‘T]NKW
[T1TVIIEGN -> [T]ZVAIHVTIH
[TITVIEGN -> [T]TVAIWYIH
fule ‘TINWW -> [Tlevidan
fulz ‘TINWW -> [T1TVIFAW
$ulT TIONW -> [T]VHdIV

$4SYOTYd# } ("I¥IN®:T UT T)

2)-)dxe + ([TIVHWYDS/([TIVddyiS - L))dxe)3otT
%1))dxe)B0T) * [T]VWNYDS* [T]1ZYIAES + [T]TVIAES -> [T]HTLVEES
2)-)dxe + ([TIVHWYDS/([T1VddydS - g))dxe)Jot
¥7))dxe)80T)* [T] VWNVOS* [T]Tv1dads + [T]TVIAAS -> [T]¥Tevdds
0)-)dxe + ([TIVWWYDS/([TIVdd¥iS - 0))dxe)3oT
%1))dxe)B0T) * [T]VWNYDS* [T]1ZVIAES + [T]TVIAES -> [T]HTOVEES
0)-)dxe + ([TIVHWYDS/([T1V¥ddydS - 0))dxe)Zot
- 2)-)dxe + ([TIVWAYDS/([TI1VddyyS - .))dxe)80T)[T]VHHYDS*[T]1ZVIAdS + [T]TvidAdS -> [T]L0OVEHS

$u2/ (CC[TIVWRYDS/ ([T1VddyiS - 0)-)dxe + ([TIVWWYDS/([T1VddyiS - 0))dxe)SoT

- ¢)-)dxe + ([TIVWWYDS/([TIVddyyS - ¢))dxe)80T)+ [T]VWHYDS* [T]1ZVLaEdS + [T]Tyldds -> [T]Z00VEES

(@ ‘TTO)LCLL(T - T)*"dIN® + TINLYLAMOJOSANIWYD ‘[[(T - T)* dINB + TINIMIAMO]VAWYOW)WIOUP _ [T]VHWVDS
Sa(TT ‘Z)LCLLICT - T)* dIN® + TINIMLAMOJOSANIAVY ‘[[(T - T)* dILN® + TINIYIAMO]VddyMW)wIoup _ [T]VddV¥S
Sa(lesT ‘T [(T - T)*"dIN® + TINIMIAMOIANIODWOW ‘[€:T ‘[(T - T)* dIN® + TINIYIAMO]AWW)wIowwp _ [€:T ‘T]AWS

‘u[tlzyliads +
‘u[tlzviads -

[T]1TvV13dS -> [T]TVAdWVIS
[T]1Tvidds -> [T]TVA9WYIS
ful€ ‘TINNS -> [T]Tylads
fule ‘TlnWs -> [T]1TYldEdS
[T “TINWS -> [TIVHIVS

fwSLDEAIT WOANVY# } ("LENSNB:T UT T)

f40dD 40 NOILVINOTVD ¥0d adsn# [TIX -> [T]0odd

103

u

IoJ1

m:ﬁ

"

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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¢
u

¢
u

¢
u

i

¢

o [ LYINB] YT LVSIN
o [ LYINB] P TCYEIN
o [T IYINB] P TOVEIN

[T1%TLVEEN  -> [T]¥TLAVEIAR
[T1¥Tevaan -> [T]1¥Tcavddn
[tIvTOVEAW -> [T]HTOAVddAN
w [" 1UIN%] LOOVEAN [t]Lo0ovgaW -> [T]L00QVIAN
w [ LYLN%] 200VEaN [tlzoovaaw -> [T]Z00Avddn
£, I0YINOD SNSYAA HONIYAAAIA# } (" LYINB:T UT T)

M:ﬁ

0 (CCLTTVWWYOR/ ([TIVddYIN) -)dxe + ([T]VIRYOW/ ([T]1VddVyN) )dxe) / (([T]VWWYOW/ ([T]VddViW - [)-)dxe
fu + ([TIVRRYOW/ ([T]VddVW - [))dxe))SoT+ [T]VHWWYOW*[E ‘TINWH - Cx[z ‘TIaWW - [T ‘TIOWW -> [T + [ ‘T]1107dW

CCLTIVAWYDN/ ([T] VddVIN

(CLT] VWVOR/ ([T]VddVIN

CCITIVIWYDW/ ([T] VddVIW

w— (CLTIVWWYDW/ ([T]VddVIW -

w= (CLTIVWWYDW/ ([TIVddVIW -

*u (S3J0TS FTYNINA

Cul/ CCCLTIVRNYDW/ ([T] VYR

$1)-)dxe + ([TIVWWYDW/ ([T]VddVIN

T/ (CCLTIVNWYDW/ ([T] VIR

$T)-)dxe + ([T]VWWYDW/ ([T]VddVIW

b1/ (CCLTIVIWYDW/ ([T] VAdVIN

$1)-)dxe + ([T]1VWWYDW/ ([T]VddVIN

“ul/ CCCLT]VHRYDW/ ([T] VAdVIR

$,INNOD (NAD)HOT NVAW# } (¥T:0 ut [) Iog
2)-)dxe + ([TIVRWYDW/ ([T1VddyyW - 2))dxe)3otr
%1))dx8)30T) % [T]YHNYOW* [T]ZYIZEW + [T]TYIHIW -
z)-)dxe + ([TIVWWYOW/([T]VddVIR - g))dxe)Sot
%1))dxe)B0T) * [T] VWNYDW* [T]1ZVIIAN + [T]TVIEGN -> [T]HTCVEaN
0)-)dxe + ([TIVHWYDW/ ([T1V¥ddyyH - 0))dxe)Jotr
%1))dx2)80T) * [T] VWNYOW [T ZVIddW + [T]TVidW -> [T]1HTOVEAN
0)-)dxe + ([T]VWWYDH/([T]VddVIN - 0))dxe)Sot

\

[T]17TLY9EN

L)-)dxe + ([T]1VRWYOW/([T1VddVMW - L))dxe)B0T)* [T]VHNYOW*[T1ZvIddw + [T]1TVIIEW -> [T]LOOVEHNW
$42/ (CCLTIVHWYOR/ ([T1VAdYIR - 0)-)dxe + ([T]VWWYDW/ ([T]VddYW - 0))dxe)Sor
z)-)dxe + ([T]VWRYDOW/ ([TIVAdVMH - ¢))dxe)SoT)* [T]1VHNYON* [T]1ZViZaW + [TITVIEEW -> [T]Z00Vdan

fule ‘TIVAIILANS -> [T]VATILZYIALS
fule ‘TIVAIILOWS -> [T]VATILTYLIAES
Su[T ‘TIVAIILAWS -> [T]VATILVHATYVS
(@ “TTO)LCLTIOSANINYD ° [T]VWWVOW)wWIoup . [T]VATILVWWVDS
Ca(TT ‘2)I([TIDSANIAYN ‘ [T]VddyiW)wroup _ [T]VQIILVddVIS

Y04) SNOILNEIYISIA FAILDIAHUd# ([€:T ‘€:T ‘TIANIDWOW ‘[€:T ‘TlaWW)wrouwp _ [€:T ‘T]VATILAWS

£, [TIDSDISHYD/T -> [TIDSANINYD
fu(§ ‘10°0)FTunp . [TIDSDISHYD
¢, [T]DSHISAVN/T -> [T]DSANIAYY
£,(0€ ‘T0°0)FTUmp _ [T]DSHISAVA

m:ﬁ

I0F

¢
cuf

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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‘ul€ ‘T ‘TIVDANOW ->

fule ‘T ‘TIVOIAWOW ->

fule ‘T ‘T]VDHEWOW ->

ful€ ‘e ‘TIVDANOW

‘wlz ‘T ‘TIVDINOW

LT ‘T CT1VOEWOW

([T ‘€T ‘TIANIDWOW)®SI®AUT -> [g:T

Appendix B. Programming Code

faCdam® ‘[e:T ‘e:T ‘TINAQI)USTMP . [€:T ¢
‘u} (CLYIN®:T UT T) XoF

£47000°0 -> [€ ‘€]XNAAT

fule ‘2l¥NEAI -> [ “€]XNAAT

ful€ ‘TIXNAAI -> [T ‘€1XNIAI

[T10spIseldTid
[T10sHISTlad Ty
[T1DSHISTIAdTV
-> [T]bspiszid
-> [T]10sHISTId
-> [T]DSHISATY
‘€T ‘T]VDINOW
€:7 ‘T]ANIDWOW

‘w0 -> [€ ‘zlxNEaI

£41000°0 -> [T ‘T]XNIAI
fulc “T1¥NFIAI -> [T ‘T]XNIAT

00 -> [€ ‘TIXNIAI
‘w0 => [T ‘T]XNEAI

‘wT000°0 -> [T ‘T]XNAAI

‘w0 > [€]a
‘w0 > [2la
w0 => [1]a

M:ﬁ

SulT + 0 JMINBIVAIILIOTAW - [T + [ ‘T]VATILIOTdW -> [T + [ ‘T]VAIILALOTdN
SalT + 0 IMIN®]IOTdH - [T + [ ‘T]110TdW -> [T + [ ‘T]1d10TdW

4} (p1:0 utr [) zoF

£, T0YINOD SNSHAA FAONAYAAAIA# } ( IYINR:T UT T) I0F

m:.ﬁ

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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“u [e
“u [e

M__ ﬁN

¢

¢

fuTRITAMBR
‘z ¢ TRINIAI
‘T ¢ T3INIAI
T TRITHTAMBB
fut TRITEMBR
‘T ¢ TRINIAI
u" T IRLCAVMBR
w " TIRLTAVMBR

fw40I¥d IYVHSIM IT0VAAAc WOHd XTYLVW ¥# ° - TRLVMBR

¢

£u (([T1bsoISTIaTIa*T
fu+ [T1bspIscid + [T10SHISTIA)*([T10SHISTIATLIA*C - [T1bSDISTLd + [T1bSDISTLA))abs/([TI1bsHISTld - [TI10SHISTLIA)
fu(([T]1bsoIsSzIgTLIa*T + [T1DSHISTIE + [T1BSHISTLE)*[T]10SDISATV)Iabs/([T]1DSDHISTLIAdTY + [T]DSHISTILJTY)
fu(([T1bSoISTIdTLIg*Z - [T1bSHISTIE + [TIDSHISTIA)*[T1DSHISATY)2abs/ ([T1DSHISTIEdTY - [TIDSHISTIALTY)

(e
[c
[t
(e
[c
[r
(e
[
[t

‘¢ TR]INIAI
¢ T3INIAI
¢ TR]NIAI
¢ TR]NIAI
¢ TR]NIAI
¢ T3INIAI
¢ TR]NIAI
‘¢ TR]NIAI
¢ T3INIAI
¢ LYIN®

~ < + N N N M mnm m

=> [T]OHYZWTINT
-> [T]OHYZWIdTY
-> [T]OHYTWIdTY

« [T10SDISzIaTId*Z + [T]DSHISTId + [TIDSHISTIE -> [TIDSHISTWI
w[T1bspIszIaTIa*e - [T1bsDIscld + [TIDSDISTLIE -> [TIDSHISTWI

M__Aﬁ:

and

{pusy,

M and
" and
" and
" and
M and
" and
" and
" and
" and
03 T =T

T "

opy,
and
and
and
and
and
and
and

{pusuwy,

‘unx
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¢, ‘(u)erqnop = M3op-axbs-Sor, and

fC(MTxu)eTqnop = T'M, and

fcf(u)eTqnop = suepl ,Y¥ IARYUSTMPT,)D' -> sueql, and
¢ (Latsuep-8o1 eandwo) ##, and

fo {({(Mm)1)otasumu-se -> M, and

o (m)moxu —> u, and

fe((un = dos ‘(M quoumB3xe oy3 jo smox wxoy M pordues jo soTSueri] IsMOT) suwmiod , ‘MT ¢, oaey asnu M,)o31sed)doas (MT =i (M)Toou) FT,. and
¢} oste, and

¢ {[(3nYL = Serp ‘M)TI1 IOMOTIM -> M. and

£ -> u, and

$}(UIPA == (M)TOOU B WIPM == (M)moIu) 3T, and

¢} oste, and

¢ {(,XTI2RW ® oq 3snm M,)doas asTo, and

fo(M)UurdueT -> u (T == wipm) 3T, 3nd
CH((MuTp) TTnU sT) 3T, nd

$ [(FNYL = Setp ‘TS)TI3 IOMOT]TIS -> TI3TS, and

¢ (T8)AuTzTOUS -> TS, Ind

fo(8)ToU > 18, and

fc((un =des ‘T - wrpa ¢, < oq asnu jyp,)e3sed)dors (T - wipa => Fp) FT, and
£¢2/((T + wIpM)uwTpM) -> MT, 23nd
¢ {(,XTI2eU 8xENbs ® oq 3snu g,)doas (wrpm = (g)Todou) IT, and

¢ (S)moxu -> wrpm, and

¢ }osto, and

f(T -> wrpa (((S)WIp)TTnust) FT, 3nd

¢ uMyxTw, -> oSeyoedstys, and

£} (FST¥A = 80T ‘S ‘Fp ‘M)uoTlouny -> 3IeysTMp, and
¢ (uxTa9R), ) LTRIqTT, 2nd

¢ (uivxTw, ) Axeaqry, and

¢ (yoordsio102,)LxeIqTT, and

/*(NOILAGTYISIA A0 NOILIVTINOTVO ¥0A) ¥ NI IDVIOVd I¥VHSIM*/ ‘() I¥VHSIMQ oxdewy

s10joeq sedeq :0po)) ojdwexy Y pue mSVS
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{pusy,

fIIXAN 02308Y

f* = QIINNOD 39Ty

¢ (()8swsLs)oungsLsy andy

fopy, ueu3y, 0

arsas ¥ty

£((SI ‘vlvam)uedo)oungyshsy = qIsd 3°e1Y%

‘DY QIINNOD IWLSHM SEONV aISd Te20TYy

/*LASYLVA NIAID V NIHLIM SNOILVA¥ASE0 40 YAGWAN FHL DNIAIAQYHd*/ *(TISVI™ = VIVA) SEOLNDLW oxoeuwy
{puswy,

fe{c and

¢ (suepTgsueqr)urngax, and

¢ (suspTgsueqr)dxe -> susprgsueql (SoTi) IT. and
¢ (eSexoedsTys = AHYNOVd. Ind

¢ ¢ (u)xe8equr-se = saurodu, qnd

¢ f(urpm)Ie8equr-se = wip, and

¢ (TI3Tg)°9Tqnop-se = gaut, 3nd
¢ ‘(Ip)orqnop se = nu, and

¢ ¢(Mm)eTqnopse = M, and

¢ f(0)Ir989quT Se = 119, and

¢ “(1)eTqnop = gautiep-1ibs-Jor, and
¢ “(MT)®Tqnop = T-saut, qnd
‘o (1)oTqnop = asuod 3o, and
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‘SA0LNOIW Puewy,

**@4INNOD® = SEON 39Ty

¢SION Teq0TSY,
£ @IINNOD3 2ndy,

* LIXINY

£((aIsas)esoro)oungshsy = 0¥ 291Y

{pusy,

{pusy,

‘(T + "@ILNNODB)TeA®Y, = QALNNOD 29TV

£(0 = ((arsaw)uoaey)oungshsy) oTTyAYy, ODY

‘0 = QAINNOD 3°TY

¢ruoTqerslT £q pejunod oq 3SNW ,°YIyd®R, UT suoTqearssqQ :Q4NI andy ueyay I = ((ToreT18sm)uoridogel)oungshsy FrY

fopy, esT9Y,

£((S0TIN ‘@Isaz)uiaze)oungssy = QILNNOD 3OTY ULYIY, O = IWLISHM® B T = SAONYR FT%

{pusy,

¢ ((IWLSHM ‘dIsdm)uxsse)oungyshsy = IWISHM 30TY%
¢ ((S90NY ‘QIsam)uxiie)oungyshsy = SIONV 30TY%

H opY, °sT9Y,
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osTe f{pue
fuCe 11 ((CLsEE ‘(bSpIS)aabs)andyageTywraa || o = PSy || o ((C[S1%/[P1%-)dxe + ([G]1%/[¥]1x)dxe)/(([S]%/([¥]X - .
[l (CC1sag ‘anin)andyageryuwraa || ,)-)dxe + ([S1%/([¥1¥ - « || ((( 1SEE ‘EWIL)and)aFor)wril
Il w))dxe))Borx[glxx[€]x - , || ((('1s3d ‘@WIL)3nd)3zeT)wrxa || .*[g]X - [T]x °,
|l (CC 1849 .Dmooodpzmvuwwdaﬁhu || w)wIoup, = YANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnsSN’3SITF FT
‘arrdansn £q
£((r eu D I0 * BU NJDHOT) = oI8YM) ZOJWDTOODN 2os
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥Ad SAOOHITANIT 40 1ONAOMd ¥0A FA0D ¥x/ {ESOJWOTOOON ®3ep

funa

‘arrgansn 4£q
¢qx0s ooad

{NIMIAY £q

£TOdWOTOODN STATOOON o8Iem
£Z0dWOTO0DN ®3ep

funa
ENIYIAY £q
‘GTATO0DN = ®aep 3xos doxd

funx
/*S¥0LOVA SHAAVE 40 NOILYINDTYD ¥0A QISN SNYAW HOIYALSOd*/ ‘NVAW Iea
fYYAT PT
{NIMIAY £q

{TOdHOTOODN = 3nO ((° ®u NIYIAYN) = ©I9UM) 60dT00DN = e3ep osodsuers ooxd

funx
{NIYIAY £q
/*4ALANYEVd TAAOW HOVH Y04 SOILSILVLS AMVWANS ONINIVINOD IASVLIVA*/ ¢60dTO0DN = ®3ep 3xos ooxd
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¢-gnIasy andy
funa
fCuCen |1 SONEINIAOB. || uc)PMIOS, ¢,AM1FS,)3nduls TTed

TTIANT eaep

$TYENITIVIOL® andy

funx
$(((EIMITIVIOL) 3FOT)WIAD ¢ (((" IS ‘@Irdnsn)and)3aFeT)wrad || ,YINITIVIOL.)3Induks TTed
fuCu |1 ((C 1839 ‘ (bSHISWYD)3Ibs)and)3zer)wras
[l w="Ps “u || (1839 ‘VWWYDW)2and)aFeT)wray || , = weew ‘gz = q ‘7°0 = ® ‘[G]X)WIOUDUNIIPx(,
Il ((C1s3d ‘(bsSpIsdvi)aabs)and)ageTywraa || , = Ps ‘|| ((( 1SHE ‘VddyyW)and)ageT)wria
[l w=mwesw ‘77 = q ‘g = ® ‘[p]x)wrouduniapx((e ‘€ ‘(u || (((ISFE ‘BSHISTLE)Ind)aFoT)wrag
Il w “w |1 ((C1ls3g “bspiscidrig)and)ager)wrad || . € || ((( 1sdd ‘DSHISTLIddTY)and)aFeT)wras
Il w “u Il (CClsdd ‘dspIiszigrig)and)agen)wtas || . ‘. || ((CIs3g ‘0sHISTig)nd)3rFeT)wras
Il w “w 11 (CCLsEE ‘bspIsTLIAdTY)and)ageT)uwtas || , ¢, || ((( 1s3d ‘BSHISTIad1y)and)ager)wriy
Il w “w |l ((C1s3g ‘bspistigdTv)and)ager)wrad || . . || ((( 1sdd ‘bspIsd1v)and)ageT)wris
|| wyo)xtazew -> ¥WOIS “(u || ((CIsFA ‘zvidaw)and)azer)wraa || ., ‘. || ((( 1sdd ‘Tvldaw)and)agzer)wria
w “u |1 (CC1sEE ‘yHATVW)And)ageT)wras || ,)° ‘([€]¥ ‘[g]X ‘[T]X)PUTAd)WIoumps, || ((YENITIVIOL)IIOT)WIIL = YANITIVIOL
{QIrdnsN- aser It
CCEENIT 2FOTIWIAY || ok || ((EENITIVIOL)3FOT)WIAL = YANITIVIOL
osTe f((¥ANIT)IFOT)WIIY = YANITIVIOL UeU3 QICENSN' ISITF FT
{pue
Il (CC1s2d ‘ (bspIs)aabs)and)agepdwraa || , = Ps, || W ‘((C([G1%X/[¥]1%x-)dxe + ([q]x/[¥]x)dxe)/(([S1%/([¥]1¥ - u
[l ((C1sag ‘anir)andyageryuwras || ,)-)dxe + ([SI1X/([¥1¥ - u || ((( 1S3E ‘EWILl)and)3For)wria
| w))dxe))BoT*[§]xx[€]x - , || ((('1sdd ‘AWIL)3nd)azeT)wrid || .*x[g]x - [T]X °.
[l ((CLszg ‘D)and)ager)wria || ,)wroud, = YAUIT
fop uey3 T = YOSNHAD IT
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{pus
£((( 1s3g ‘"FonyExg + XyW)andydriys ¢, HIHTIA,)3nduks TTed
£(((° 1839 ‘IONVE*T - NIW)3nd)dtads ¢, ,moTTld.)3nduls TTed
fop weyl ,TVIAAS. = UVAI 3T
‘pue
£((( 1s3g ‘"FonyExZ + XyW)andydriys ¢, HIHATY.)anduks Tred
£(((° 1839 ‘IONVE*Z - NIW)and)dtads ¢, ,M0TdTV.)3nduks TTed
fop uweul ,VHAIVS. = UVAI 3T
(13 = qIrdnsN) = oxeym) G0dTOODN 2es
fTTIONT e3ep

$'raNsSN® 03y T = T opy

/*(M0T39 FDVMOVA FAVAS FHL HIIM 1NO 9W0d OL ¥ SASAVO ALINIJNI) SANNOE NOILVYDILNI FIISVAS DNIISOOHO*/ ‘EMITINIQQ oxdewy

{pusuwy,

‘unx
£(-zelsdd ‘aNITOH0T)andut = THITHO0T
S((w ow “EMITHOOT)XOPUT ‘T ‘EMITOOT)IISANS = HANITHOT
$(((uu “w :TRIBOQUT, ‘TYYA)PIAURIL)IFOT)WIIL = HYITHOT
f(y:Tea8equtr, ‘TYYA)XOPUT oIoYM
{13D0TY 3es
£°00z$ IIITH0T urduet
/*QEDYIANOD ANV SISIXH TYVHDALNI YIHITHM SASSASSY+/ *((° U TIITHOT) = oI8UM) "TIRHOTH ©3Iep

‘unx

ENAT ‘TETSONIAMVA$ TUYA ndut

ENIT = yaBueT ,3X3°  TRJY\ ' ASDANAJ0B. OTTFUT
{TIRH0TY 'IEP

¢nQT oxoemy,
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£wOb, and

£,(0§ = ssoujeTy ‘-"MINNZ® = MouUU ‘9o = TeAd'Xew ‘Gof = Teas-urtw, 3nd

£, (TINN = poes-suussIam ‘() = wopuex-opnasd ‘] = Teury ‘] = @soqisr)lstT = sSery, and
f4°9-9G = To3'sqe ‘g-of = To3°Tex ‘(Z ‘IT °HIHZIE®  HIHTLE® ‘ HIHdTY®)® = Ioddn, 3nd
.°(T°0 ‘T ‘TMOTZld® ¢ CMOTTIER ¢ CMOTdTVR)O = oMol ‘puealejur ‘T = dwoou ‘G = wrpu)eaens, 3nd
¢ {. and

/*INAILVd ¥3d QOOHITAMIT TIVO*/ f.° " TRYANITIVIOL®®, nd

¢} (x)uotrarouny -> pueadsjur, and

¢ (yurououniy,)Lrexqry, and

¢ (wus,)£rexqr1, and

¢ (wATIoqumu,)£Lrexqrr, and

¢ (upsaeas,)Lxexqrr, and

¢ (vaurxoum,)Lreiqr, and

¢ (wBanOgy, ) £reIqrT, 9nd

¢ (4s00100@qa3,)LreaqrT, and

f.amrass, and

£19)TE = 9ZTSOUTT , I ' TRJY/ SOHNINIJOR. OTTF

funx

STTINNT eaep

 (MINN) MANNINI oxdeuwy

‘"HIHZ19% °"MOTCld®
‘'HIHT19% "MOTT1ER
{"HIHdTV® "MOIdTIVR

£((( 1839 ‘IONVE#Z + XvW)and)drias ¢, HIHzld,)anduks TTed
£((( 1839 ‘IONVE*Z - NIW)and)draas ‘,mM0Tzld.)anduls TTeO
fop ueyl ,ZylAdS. = HVA

{pus

I3t

andy,
andy,
qndy,

funa
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¢-SgoN® andy,
S IRH0TY = VIVA) SAOLNOIWY

{pusy,

5071y,
/*SNOILVYALI ¥AMII HIIM A¥L ANODAS*/ ‘(00T = MANN) MANNINIY

mO.—uN .—HQQPN wOu = u SHONRBW %Ha\g
¢ -sdoNg andy,

f(CTIBRO0TY = VIVA) SE0LNOIWY
90Ty,

/%KYl L1SYIdAx/ *(000T = MANN) MANNINIY

{puswy,

f91nb ‘unx
f,3eq yuny/ ITY4HSNAJOR. X
{TTIONT eaep

funx
faLIXd, and
£43%X3°  TRdY/  IYHSNAJO® I°°TRJY/° IMHSNAJOR 3oTnb-- eTTTURA-— HOLVE QWD ©X° 'Y/ LYOHSHR, and
¢, IMHSNAd0Z @O, 3and
f.3eq yuny/ " TYHSNAJOB, °TTF
/*SVS VIA ¥ TIVO*/ ‘" TIAN™ ®e3ep
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[T w “w 1] ((CLsEg ‘bspiszigrig)and)ageiwraa || o ‘u || ((( LsZd ‘BSHISzlEdTv)and)ageT)wriy

[l w “u 11 (CClsag ‘dspIszidrid)ind)azeT)wras || , “u || (((1S3E ‘bSHIsTig)and)aFeT)wria

[l w S |1 (CC1s3g “bspistigdTv)and)ager)wrad || o “u || ((( 1sdd ‘bSDISTIddTy)and)ageT)wras || ,°,
[l (CC1sad ‘bspistiddiv)and)agzen)wrxs ||  ‘u || (((L1SEE ‘DSDISATY)and)1FeT)Wiad || ,)O)XTIIRW)SATOS)IIRYSTIMP, = ANIDWOW
fu(z = xew ‘1°0 = utw ¢, || (((1Sd9 ‘VWNYDW)and)aFeT)wras || ,)FTUND, = VWWYDHd
$u(TT = xew ‘g = utw ¢, || (((°1Sdd ‘VddvyW)3ind)3iFeT)wrad || ,)FTUnp, = Ydd¥MWd

fa((E ‘€ (T ‘0 ‘0 0 ‘T ‘0 ‘0 ‘0 ‘T)O)XTAIRWAL_OT -> VWOIS ‘(0 ‘0 “0)2 ‘(u || ((('1sdd ‘zvizdn)and)ager)wris

[1w “w 11 (CCIsEg ‘tyiaaw)and)agerywras || o “u || ((('1SEE ‘YHITVW)and)ageT)wriy || ,)PUTqd)urouup, = AWWJ
/*W0QEdYd 40 SAAYDAQ HHL SI AQM*/ ‘pusy,

‘pus
$UTRLTAMBR = gdM f 0 TRICATAMB® = 2ATAM CCTRLIAMBR = TAM ¢ TRLTAVMRY = ZAVM fCCTRLTAVMBRR = TAYM ¢ TRLVMBR = VM
/*¥0I¥d I¥VHSIM LINVAAA. Y04 FA0D HAS*/ ‘OP Uyl "TIR = NIYIAN IT
CUIMIN® 03, T = T opy,
‘TOdWDTOOON 3°es
£°6666$ DSOISANIA DSHISWYDd DSDISAVId ANIDWOW VWWYOWd VddVMWd AWWd Y3duet
/*NVAR Y0T¥41S0d 1V QIIVATYAT SHOI¥d ¥04 HA0D ¥x/ ‘SOdWOTOOON BIep

£() XIYIYWOQ oxoeuwy

funx ¢ °rgnSNBO0TY - THOTY 39S ¢ (AMITOOT TUVA = doIp) $OJWOTOODN ©3ep

SAMITLINIOQY
{pusuwy,
{pusy,
{pusy,
5071y,
/*SNOILVYALI ¥AMAA HIIM AMI QUIHI*/ (0T = MANN) MIANNINIY
‘opj, ueuly, wOu = u SEONB FTY,
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{pusy,
{LYVHSIMAY
‘opY, ueuly, wANIDWOWdw = u YILAWVHVdR. FT%
¢ (vauxzouuw,)Lreiqry, and
¢ (4S92TA0Qqa8, ) LxeaqTT, and
furamLEsy. and
£19.T€ = ©ZTSOUTT , X' TRLd/ SONEANAJOR. OTTF
TTIANT eaep

¢ TRYALANYEYRAR andy,

funx
$((CYILINYEVAR) 3FOT)WIAY ¢ ((("ISFE ‘NIMIAY)Ind)aFeT)wtad || , YALAWVHVAR.)nduls TTed
UT® = NIMIAY IT
{SOdWOTO0ON 3°s

CTTINNT eaep

$TIYIN® ©3), T = T opj

/*SVS VIA ¥ DNITIVO#*/ *(YALAWVEVI) INITHOIUd oxoewy,

{XTYLYHOQY,
{puswy,
funx
£4(T000°0 100070 “w || (((-1s3g ‘bspis/t)and)ager)wras || ,)ewuwredp, = DSHISANIA
(G = Xew ‘1070 = utw ¢, || ((( lsdd ‘DSHISWyD)3Ind)aFer)wria || ,)FTUnp, = DSHISWYDI
£,(0€ = xew ‘10°0 = utw ‘, || ((("1s3E ‘bspIsdvy)Ind)azeT)wria || ,)FTunp, = DSHISAVId
S0 ‘e G Il ((C1sFa ‘zamyandyageTywtaa || . ‘w || (((1s3E ‘zaram)and)aze)wrad || . ‘u || ((( 1sdd ‘zgym)and)ager)wras
[ wéa 11 ((ClLsdg ‘zgaram)and)agen)wrxs || o ‘u || ((CLs3d ‘Tam)and)ageT)wrxs || . ‘u || (((Ls3E ‘Tdvm)and)ageT)wria
[T w w1 (CCLsag ‘zaym)and)agerywraa || , “u || ((C LsEd ‘raym)and)agerywria || ,°,
[l ((C1sad ‘ym)and)ageT)wrad || ,)O)XTIJeW)SATOS —> § ‘ JAMB ‘((€ ‘€ ‘(u || ((( 1s3E ‘bspIszid)and)ager)uria



277

Appendix B. Programming Code

fu3X3° " TRLd/ IYHSNIJOR X' TRLd/° LYHSNIJOR

{pusy,
funx
$(-zelsag ‘(¥ ‘TYVA)Iasqus)andur = -YIIANVHVIR
f(u[T]w ‘THVA)XOPUT JIT
$TR = NIMIAM
£ TR YALANYYYdR 2es
£(T9vA = doip) ‘TR YALANVHUYR B3P
funx
ENIT "T6TSOHNIAYVA$ THYA andur
fNAT = qaSueT ,3x3° TR\ ASDANAJOR. STTFUT
$TRCYALAWNYYVIR 'Iep
fqTnb ‘funx
.3eq Yuny/  LYHSNAIOR. X
{TTIONT eaep
funx
$ulIXd, and
3oTnb-- eTTTURA-- HOLVE QWD ©X° Y/’ LYOHSYR, 3nd
¢, " JMHSNAd0® @D, and
£,9eq yuny/  LYHSNAJOR. °TTF
fTTINNT e3ep
funx
£wOb, and

f TRYALANYYYdRRR, 2nd
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funa

ENIYIAY £q
‘DSHISANIA BSHISWYDHd DSDISAVId ANIOWOWd VWWVOW VddVMWd NWWd @SIewm
£G0dWDTOODN B3'p

¢ " NSWHddg® andy,

funx

£((((-1838 “(CTIY” Fo)umsx IYIN®)Ind)aFeT)wril ©,NSWHdAd.)nduks Tred

/*dN0¥D INIWLYAYL SHWIL XIHYIVW HOVA HLIM QILVIDOSSY SYALAWYHYd A0

¢ (DSHISANIA =
¢ (DSHISWYDHd =
¢ (bsHISdYNd =
¢ (ANTOWOWd =
¢ (VHHYDRd =
$(VddVind =
C(WNd =

-~
[ [

DSHISANIA
DSHISHYH
DSHISAVId

‘9 = ANIDWOWd

¢

YALANYHYd)
YALANYHYd)
YALANYHYd)
HALAWYHYd)
HALANYHY)
YALANYHYd)
YALANYHYd)

T = VWWYDWd
T = VddViid
‘g
YAGHAN*/ ¢~

TION™ e3ep

IMNITYOIUdY
INITHOIHdY
INITYOIUdY
IMNITYOIUdY,
INITYOIUdY
IMNITYOIHdY
IMNITYOIUdY

‘puomy,

‘unx

{1 gAIANYYVdR 3es
f YIIANYYVdR B3RP
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funx
$THdALT 4q
¢qx0s coad
/*(4) 130 A0 NOILVINDTVOx/ :~TIV  JIea
¢ ((AWYNYYA = “AWYN) = OweusI) G0dWOTOO0ON = 310 (:DSHIS :VWWYOW :VAdVYW :CVIAEW :TYIAGW :VHAIVH = deeX) ~OTdTO0ON = eiep 1x0o ooxd

funa

fgYdST = wns 80dWOTO0ON = 3no 3ndino goydT1 Ies
‘qutadou ,0JWDTOOON = ®aep suesuw doixd

funx

{(TAITOODIOT = d0¥d1T

C.WEVd. = HdALd ueus £ It

esT® {,VIVQ. = EdALd UeUZ X JT

$((TAITH0T = T10D) = oweusx £ = UT) 9OJHOTOOON (¥ = UT) HOJHOTOODN 3es
£ LOdWDTOODN B2ED

£ AXTISWHANZ 3ndy,

funa
£ 18ag ‘TN and)3FeT)wIad ¢, AXTASWYAN, ) 3nduks TTeo
{90dWDTOO0DN 388

fTTIANT e3ep

funx
(TTIVT Tea
ENIYLIAY £q
$((NIYIAM. ®U “HWYN™) = ©I9UM) 90dWDTOOON = 310 GOdWOTOOON = ®e3ep esodsuers ooxd

funa

*:DSDHISANIA :DSHISHYD :DSHISAVI :ANIDWOWd :VHWVOWA :VAdVIWd :NWWd 939ToP
¢syesejep ooxd
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{pusuwy,

R )

$TTdWDTOODN @SO0TD

‘puadde

f{WIAA} TeA TTIWDTOOON ©3edId

‘u1Aq sutad

f(W)3°P = WIId

S{"XTISWUANBXYLWBR ‘Puey, © - TRYUIWBR ‘(T - "XIJSWUINB)T®A®Y 03% T = T 0Py} = |
¢Twt ooxd

£() 4ldq oxoeuwy,

¢3utasTT Sspo

¢ XIJISWHAN® 2ndy,
¢ IXYYINg andy,

funa

¢ (((XTYLYN@) 3FOT)WTIZ “ (((-1sdd ‘~N7)3nd)azeT)wrid || ,XHIW.)3nduks TTed
{pus

f(CLsEg ‘(MxdIn)and)aFen)wrad ||, u || ((XTYIVWQ@)3IFOT)WTIL = XTUIVHA
osTe ((('1SHE (T)XHIW)2and)3FoT)WIIl = XIUIVWA UeU3 T = T IT
¢ (XYIN)WIP 03 T = T op
£°19.7€$ XIULVNA Uy3duet
£ 1sag ¢ (xuIW)wrp)and)ageT)wrad ¢, YXIASHUAN,)nduks TTeo
CTTIVT X4IN Lexxe
¢ (AWYNYVA ~HdAL™ = doIp) OTJWOTOOON 3os
$TTdWOTOODN ©3ep

funa
$((w¥¥00s = TIdALT) = 9I19YM) G0JWOTOOON 2°0S
‘OTdWOTOOON eaep
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funa

£gYdST + dAIST + (WIAQ)BOT*G°0 + (¥S9TESTHT €%3) 80T+ NSWHAAGR*S 0 = TYNIDUVH
£(darst = desx) HTAWDTOODN TTIWOTOODN (TEdAL” ~bFYA~ = doIp) SOJWDTOOON o8xouw

‘GTAWOTOODN ®3ep

/*ALYWILSA ADVTIdYTx/

funx
$(CTIVT Fo)ums = JALST ‘Pue
£((1)a1sT)8oT = (T)AIST
£(QLST)WIp 03 T = T op
TV QLST fexxe
¢ (ANYNYYA ~HdAL” = doip) €TdWOTOODN 28S
‘PTANDTOODN B3P

funa
C((wQLSw = "AJALT) = °I9YM) G0dWOTOODN 39S
‘€TdWOTOODN ®aep

/*SNOILNGTYISIA HOIYILS0d A0 SNOILVIAIA QUVANYIS*/

‘() 4¥1Iay
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‘uw[Tleviads - [T]TViEES -> [T]TVAWVIS w and
ful€ ‘TINNS -> [T]Tylads w and
fulc ‘TInWS -> [T]1TYL1E4S W and
fu[T ‘TINNS -> [TIVHATYS w and

W} (CransN®:1 Ut T) Iof w and

Y . and

fu[TIX -> [T]odd W and

£u (CCLLTINIYLAY] VHWVOW . and

£u/([[T1aIransN] vddvis) -)dxe + ([[T]NIYLAY] VWAYOW/ ([ [T]aIrdnsN] vddvys))dxe) / ( ([ [T]NIMLAN] VRRYDH . and
£/ ([[T1aICdnSN]1Vddyus - [T]IWIL)-)dxe + ([[T]NIMIAM]VWAVOW/ ([[T]1AICgNSN]VddviS - [T1FIWIL))dxe))Sot w and
Sux [[TINIYLAM] VWWVDW* [€ € [T]1QICENSNIOWS - [F]EWII+[Z ‘[T1AIrdnsNIaWs - [T ‘[T1aIcdnsNIaWs -> [TINVAR w and

0} (CN®B:T Ut T) I0% . and

H . and

“u([T]0 ‘[T1ndoH0T)eATreTnumd -> [T]X w and

£4([T10 )O(LITINIMIAMIDSOISANI ‘ [TINVAW)WIoup . [T]1N4090T « and

‘u} (CN®B: SHONSNO® UT T) IoF w and

H . and

$u([TIVIVa ‘[T]1nd0n0T)Latsuep —> [T]X w and

Sw([[TINIYLAM]OSDISANI ‘ [TINVIW)WIOUup . [T]1Nd4DD07T w and

‘u} ("SHONSNON®:T Ut T) IoF w and

4} Tepoum, 3nd
£43%2°TOPON *TAJAL® TOODN/ SDHNANAIOB. OTTF
fTTIONT ®aep

‘() sondaNadQ oxoewsy,

Surpimg [PPOIA :2popD ddurexy gHnNguadQ

ITRYSIA FNeJO(,, :XILIJeJN] 0oUBIIBAO)) 0] IOLIJ

SSOUYJ00WIS PIXI] ‘[eWLION :SPUSIOIJoo)) wopuey
[ewrIoN STenpisoy :Z'T [OPOIN
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m...ﬁ
$u<T°T TIAOW FIS> -> [T + [ T1107TdW
4} (F1:0 ut [) z03

€ e
u

Cu<T°T TIAOW FAS> -> [T]1200VHENW

fule ‘TIVATILOWNS -> [T]VQIILZYLAES

‘wle ‘TIVAIILAWS -> [T]VATILTVLIALS

Cu[T “TIVAIILANS -> [T]VATILVHAIVS

W([E:T ‘€T ‘TIANIDWOW ‘[€:T ‘TlaWW)wroump _ [€:T ‘T]VATILANS
£. [TI1DSHISAVN/T -> [TIOSANIAYY

£u(0€ ‘T0T0)FTUMP . [T]DSHISIVA

fu[TIDSHISANI/T -> [TIDSDIS

£4(T000°0 ‘1000 0)ewuwre3p _ [T]DSHISANI

fu( ‘TTO)FTUND | [T]VWHVOH

u(TT ‘g)Frunp | [TIVAAVIH

fu([efT ‘€rTIXNAAI C[erT]@uroump | [€:T ‘TIAWW
Sultlevidan + [TI1TVLIIEW -> [T1ZVaawyIn
fulTlevidaw - [TITVIIEW -> [T]TVAaWyIH

fule ‘TINWW -> [Tlgviddn

fulz ‘TINWW -> [T]TVIEEN

T “TINWW -> [T]VHATVW

0} (CLYINB:T UT T)

$u<T°T TIAOW FIS> -> [T]200VddsS

Sw(IT @L(LI(T - T)*"dIN® + TINIMIAMOIOSANIAVY ‘[[(T - T)*'dIN® + TINIMIAMO]VddVYW)wIoup . [T]VddViS
Sw(lefT ‘€T ‘[(F - T)*"dIN® + TINIMIAYOIANIDWOW ‘[€:T ‘[(T - T)*"dIN® + TINIYIAYO]OWW)wIouwp _ [€:T ‘T]AWS
‘w[Tleviads + [T]1TvV1EEs -> [T]ZVAEWvIsS

¢
cu{

Iog

m:.ﬁ

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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fu{n and
{pusy,

£u<T"T TIAOW FAS>, 3nd
$TIMIN® 03% T = T opy,
H . and
fule ‘T ‘T1VOIWOW -> [TI1bSpIszldrld w and
ful€ ‘T ‘TIVDEWOW -> [T]1bSHISTIAdTY w and
ful ‘T ‘TIVDIWOW -> [T1DSHISTIAdTY w and
fule ‘e ‘T]VDIAWOW -> [T]DSHISTIA w and
fulc ‘T ‘T]VDAWOW -> [T]DSHISTIA . and
T ‘T ‘TIVDANOW -> [TIDSHISATY w and
fw([E:T ‘€T ‘TIANIDWOW)®SISAUT -> [€:T ‘€:T ‘T]VDANOW w and
fh(damy ‘et ‘€T ‘TINIQDIUSTMP . [€:T ‘€T ‘T]ANIDWOW w and
fu} (CLYIN®:T UT T) IoF + and
£4T000°0 -> [€ ‘€]XNIAI « and
fule ‘TI¥NAAI -> [2 ‘€1XNAAI w and
fule ‘TIXNIAI -> [T “€]1XNIAT w and
w0 -> [€ ‘zl¥NEaI w and
£4T000°0 -> [T ‘Z]XNIAI w and
fulz ‘TI¥NEAI -> [T ‘T]XNdAI w and
00 => [€ ‘TIXNIAT w and
‘w0 —> [T ‘T]¥NEAI w and
£4T000°0 -> [T ‘TIXNIAI « and
40 -> [€]a w and
40 -> [2la w and
.0 => [T]a w and
H . and
m " “ e " Pﬂ@
$u<T'T THQOH FIS> -> [T]1200aVEaW . and
‘w} (CLYLN®:T UT T) IoF w and

{pusuwy,

‘unx
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{pus
Suo 11 (CC1sdd ‘ (bspIs)arabsyand)ager)wras || o = PSy || w ‘(((u || ((C1SIT ‘VWWYOW)3nd)3FoT)WIT3
[l w/[P1%-)dxe + (o || ((C'1sFE ‘VWWyDW)and)ageT)wrad || ./[p]1x)dxe)/((w || ((('1s38 ‘yuWydW)and)ageT)wraa || ./([¥1% -
((C1sdg ‘anrryandyagep)wraa || ,)-)dxe + (, || ((C1sdd ‘VWWyOW)nd)azeT)wrad || ,/([¥1¥X - u || ((( LS3E ‘AWIL)and)ageT)wraa
|1 w))dxe))8otTx, || ((( 139 ‘VWAYOW)3Ind)3FoT)Wras || .x[€]X - . || (((1sdd ‘IWIl)and)aFor)wras || .*[2]X - [T]X ‘.
Il ((C1s3g ‘D)and)ager)wras || ,)uroud, = YIIIT
fop ueyl T = YOSNAD FT
osTe {pus
Sao 11 (CCLsdd ‘ (bspIs)rabsyand)agzer)wras || o = PSy || o “(((u || ((C1SI9 VWWYOW)3nd)3FoT)WIT3
[l w/[P]1x-)dxe + (. || (((' 1834 ‘yuWydow)and)azeT)wraa || ./[P1x)dxe)/((u || ((( 1834 ‘vuWydw)and)aze)wraad || ./([¥]X - .
((C1sag ‘anrr)andyagep)wraa || ,)-)dxe + (, || (((Is3d ‘VWWyOW)nd)ageT)wrad || ,/([¥1¥ - || (((1S3E ‘AWIL)and)ageT)wria
Il w))dxe))8oT+, || ((( LSFd ‘VWHYOW)and)age)wraad || wx[€]X - o || ((CIsdE ‘EWIl)and)ageTywrad || ,x[g]x - [1]x ‘.
[l (CC1s39 ‘napo0T)and)3FeT)wixd || ,)WIOUp, = YIANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOOD..C = wHWQBV COdWDOTO0DN 3es
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥Ad SAOOHITANIT A0 IONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘T°T TIAOW 01 YVIIWIS HA0D*/

s10joeq sedeq :0po)) ojdwexy Y pue mSVS
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$((CEIIITIVIOL) 3FOT)WIIF € (((°1sdd ‘aIrdnsn)and)ageT)wrad || ,¥INITIVLIOL.)ndufs TTed

o 11 (CC1sdd ¢ (bSHIsSdyy)3xbs)andyageT)wraa || , = PS ‘|| (((1SFd ‘VddViW)and)aiFeT)wriia

|| w=1wesw ‘IT = q ‘g = ® ‘[p]x)wrowouniapx((¢ ‘€ ‘(. || ((( 1sdd ‘bSHIszid)and)aFeT)wris

Il w “w |1 (CC1sEE ‘bspiszigrig)and)ags)wrad || , . || ((( 1sFE ‘DSDISTIEdTY)and)aFeT)wrag

Il w “w |1 ((C1s3g ‘bspiszidrig)and)ager)wrad || . . || (((1sdd ‘bspIstid)ind)ageT)wris

[T w “w |1 (CCLsda ‘bspIstigdiv)and)ageywraa || , “u || ((( LsFd ‘DSHISzlEdTv)and)ageT)uriy

Il w “u |l (CCLs3g ‘bSHISTIEAdTY)Ind)ageT)wrad || , “u || (((1sdd ‘BSHISATV)3nd)aFeT)wixs

W)O)XTIYReW -> YWOIS ‘(u || ((( 1834 ‘gyrddaw)and)ayeT)wrxs || , ‘. || ((( 1sdd ‘TyiadW)and)3aFor)uwris
(((1s3g ‘VHATYW)and)ageTywraa || )2 ‘([e]x ‘[g]x °[T]X)PUTQd)urouups, || ((YENITIVIOL)IFOT)WIIL = YANITIVLIOL
fQICgNSN- 3seT IT

ST AFOTIWEIY || 4ok || ((EEIMNITIVIOL)3FOT)WIII = YANITIVIOL

osTe ¢ ((WANIT)IFOT)WIIL

YAMNITIVLIOL usyl qIfdNSN"3ISITF JFT

funx
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fulz ‘TIOWS -> [T]TVIEES . and

$u[T ‘TINNS -> [T]VHJTYVS w and

fwSIDAAIT WOANVH# } ("fENSNB:T UT T) I0F w and

fu{ . and

SWHILANYYYd HONVSIAN# ( ‘0)1(T ‘o)wroup _ [T]n w and

Cu[T1N* [[TINIMIAM]A + [[TINIYLIAM]Q*NVANLAY - [TINVAW -> [T]NVANN w and

$w (C(CLLTIQICansN] vWRYDS/ ([[T]1AIrdansn] vddys)-)dxe W and

fu + ([[T1aIransN] vWRyDS/ ([[T1aIransN] vddvis))dxe) w and
£u/((L[T1aIransn] VWWyos/ ([ [T]aIransN] vddvys - [T]1EWIL)-)dxe + ([[T]AIrdnsN] VHHYDS w and
£/ ([[T]1aIransnNlvddyys - [T1aWIl))dxe))SoT«[[T]1aIransSN] VWWYDS*[€ ‘ [T]AICdASN]IARS w and
fu- [T]EWILx[Z [T]aIrdnsNlaWs - [T ‘[T1AICdNSNIOWS -> [TINVEW w and

0} (CN®B:T Ut T) I0% . and

H . and

fWVLVa @¥0sSNED# ([T1D “)O([LTINIYIAM]IOSHISANI ‘ [TINVAWN)wIoup _ [T]NADH0T w and

‘w} (°N®B:°SHONSNO® UT T) IoF w and

fu{ . and

CaVIVa# ([[TINIMIAM]DSHISANI ‘ [TINVAWN)wWIoup . [T]NID9H0T w and

CLHUNLXTW# } (CSEONSNONB:T UT T) IoF W and

£4(5°0 ‘Id/g)mod > NYAWCAY .« and

{16L68G€S9T6STHT E -> Id w and

$,T400W FHI# } Tepow, 3nd
‘009 = ®ZTS9UTT , "TTIIAR. OTTF
{TTIONT eaep

£(ITI4) SHNANAJQ oxoewy,

Surpimg [PPOIA :opopD ddurexy gHnNguedQ

ITRYSIA FNeJO(,, :XIIJeJN] 0oURIIBAO)) 0] IO0LIJ

[eUWLION] :STUSIDJOO,) wopuey
[eWLION MoYS ISfenpisoy :¥'T [OPOIN
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a(@ ‘TO)L(LI(T - T)*"dIN® + TINIYIAYO]DSANIWYD ‘[[(T
Ca(TT ‘Q)ICLOCT - T)* dIN® + TINIMIAMOIDSANIAYY ‘[[(T
Ca([E:T ‘€T [(T - T)* dIN® + TINIYIAMOIANIDWOW ‘[€:T ‘[(T

m:ﬁ

$u<T°T TIAOW FIS> -> [T + [ “T110TdN

m.—v Aﬂﬂn

0 utr [) oz

fu<T°T THAOW FIS> -> [T]ZOOVIAW

£u[T10SOHISHYD/T —>

‘(g ‘10°0)FTURDP
Su[TI1DSHISAVI/T —>

£4(0€ ‘TOTO)FTUMD _
¢W[TIDSHISANI/T

£4(T000°0 ‘T000°0)eumesp _
‘(T “1°0)FTUNP

$u(TT ‘g)FTump

fu([€:T ‘€:T]¥NAAI ‘[g£:T]I)wmrouuwp _

Su[Tlevidan + [T1TVIIaW ->
fulTleylaanw - [TITVIIAN ->

[TIDSANIWYD
[T]DSHISHYD
[T10SANIdYH
[T10SHISAVY
-> [T]0SDIS
[T10SDHISANI
~ [TIVRRYOW
~ [T1Vddyiu
[e:T ‘TINWW
[T1ZVadny I
[T TVAgny I

Cul€ ‘TINWW -> [T]leVldadW
ulC ‘TIAWN -> [T]TYLIEW

ST CTINWK -

> [T]VHdTVN

‘(100070 ‘o)wroup _ [T]Q
‘uSHOTYd# } ("IMIN®:T UT T)

Cu<T°T TIAOW FIS> -> [T]z0o0vdads

T)* dIN® + T]NIYIAMO]VWWYDN)WIoup
T)* dIN® + T]NIYIAMO]VddV)N)wuIoup
T)* dIN® + T]NIYLANO]WW)wIouwp _
fu[Tlzylags + [T]1Tvladgs ->
‘w[Tlevladgs - [T]TviEds ->

~ [T1VHWYDS
~ [T1vddvis
[e:T ‘TIaWS
[T]zvadany1s
[T]1TVagany1s

‘ule ‘TIOWS -> [Tlzviads

u

Iog

u

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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fu{n and
{pusy,

fu<T"T TIAOW FIS>, 3nd
$TIMIN® 03% T = T opy,
H . and
fule ‘T ‘TI1VOIWOW -> [TI1bSpIszldrld w and
ful€ ‘T ‘TIVDEWOW -> [T]1bSHISTIAdTY w and
ful ‘T ‘TIVDIWOW -> [T1DSHISTIAdTY w and
ful€ ‘e ‘T]VDIAWOW -> [T]1DSHISTIA w and
fulg ‘T ‘T]VDAWOW -> [T]DSHISTIA .+ and
ST ‘T ‘TIVDANOW -> [TIDSHISATY w and
fw([E:T ‘€T ‘TIANIDWOW)OSISAUT -> [€:T ‘€:T ‘T]VDANOW w and
fa(damy ‘[eT ‘€T ‘TINIQIIUSTMP . [€:T ‘€T ‘T]ANIDWOW w and
fu} (CIYIN®:T UT T) IoF W and
£4T000°0 -> [€ ‘€]XNIAI « and
fule ‘TI¥NAAI -> [2 ‘€1XNAAI w and
fule ‘TIXNIAI -> [T “€]1XNIAT w and
w0 -> [€ ‘zl¥NEaI w and
£4T000°0 -> [T ‘Z]XNIAI « and
fulz ‘TI¥NEAI -> [T ‘T]XNAAI w and
00 —> [€ ‘TIXNIAT w and
w0 -> [T ‘T]¥NEAI w and
£4T000°0 -> [T ‘TIXNIAI w and
00 => [€]1 w and
40 —> [2]I w and
00 => [T]I w and
S . and
m: “ e " Pﬂ@
$u<T'T THQOH FIS> -> [T]1200aVEaNW . and
‘w} (CLYLN®:T UT T) IoF w and

{pusuwy,

‘unx
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osTe f{pue

a(T 0 “(8T0-)(u |1 ((CIsEE ‘gxxa)and)aFaT)wrag
[T w + w |1 (CCIs3g ‘bsors)and)agerywraa || o )*(((w || ((C 1838 ‘@and)agen)WrId || (S 0.(¥S926STHT €/T))) - u
1 w(CCIS1%/[F]1x-)dxe + ([S]1%/[%]1x)dxe)/(([S1%/([¥]1¥ - u || ((C ISEE ‘HWIL)and)ageT)wraa || ,)-)dxe + ([S]1X/([¥I¥ - .
[l (CC1s3g9 ‘anil)and)ager)wras || ,))dxe))SoT+[§]x*x[€]X - , || ((( Is3g ‘IWIL)3nd)aFeT)wria
|1 wk[2]x - [T1X) - o || (1839 ‘ndopoDand)age)wraa || ,)x(w || ((CIsFE °(DSHIS)2abs)and)ager)wraa
Il w/u |1 (CC1s3g ‘@)and)ager)wraa || ,))wroudx(T ‘0 ‘(G 0-).(u || ((( 1S3 ‘T*xq)Ind)aFoT)WIII || 4 +
[l (CCisag ‘bspis)and)azer)wraa || )*(((w || ((C1sdad ‘@and)azeT)wrad || .*(S 0.(¥S9Z6STHT €/T))) - u
[l w(CCI8]1%/ [F]1x-)dxe + ([G]1x/[¥]x)dxe)/(([S1%/([¥]¥ - W || ((( Is3E ‘HWIL)Ind)ageT)wria
[l wy-)dxe + ([9]1x/([¥]1x - . || (((1sdd ‘@Wir)and)ager)wrxa || ,))dxe))SoT*[g]x*[€]xX - .
Il ((CLsgd ‘gwrr)and)agerywraa || wx[g]x - [T1Xu || ) - w || (((C 1S3 ‘nd050T)and)ageT)wraa
[ w))WIoOupx (S 0-) o (u || ((('ISIT ‘T+*@)3nd)3FOTI)WIIF || o + o || (((ISTE ‘DSHIS)and)3FoT)WIIY || 4)*Tw = HANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’ 3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOOD..C = QHWQBV COdWOTO0DN 3es
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥dd SAOOHITANIT 40 1ONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘T°T TIAOW 01 ¥VIIWIS HA0D*/

s10j0eq sedeq :0po)) o[dwexy Y pue mSVS
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$(((EEIITIVIOL) 3FOT)WIIF  (((°1sdd ‘arrdnsn)and)azeT)wrad || ,YANITIVLIOL.)3nduks TTed

I

= YIMITIVLIOL

‘qICANSN 3SeT IT

C(EENIT)FOT)WIIT || wku || ((YANITIVIOL)3FOT)WIIY = ¥YINITIVIOL
osTe ¢ ((INIT)3HFOT)WII

fuenteag(y || (((1s3g ‘pyandyazer)wrad || , = Joddn ‘Ful- = J8MOT ‘{(T ‘0 ‘(S°0-).(u || ((C IS ‘T*x@)Ind)3aFeT)WIIF || o, + 4
Il ((C1sag ‘bsoIs)and)azen)wrad || W)*(((u || (1839 ‘@)Ind)3FeT)WIId || .*(S°0.(¥S9Z6STHT €/T))) - u
[l w(CCI8]1%/[F]1x-)dxe + ([g]x/[¥]x)dxa)/(([S1%/([¥]% - W || ((( IS3E ‘AWIL)Ind)ager)mria

[l w-)dxe + ([S1%/([¥1% - W || ((C1sdd ‘FWIl)and)azeT)wraz || ,))dxe))SoTx[g]x*[€]x - .

[l ((C1s2d ‘anir)and)ager)wraa || wx[g]x - [T1X) - £)x(u || ((("1s3d ‘ (bSHIS)2ibs)and)azeT)uwray

[T w/u 11 (CCLIsEE ‘@and)ageTywrad || ,))wroudx(T ‘0 (G°0-).(u || (((ISHE ‘Tx+@)and)3FSTUTIY || W + u
[l ((C1sag ‘bsprs)and)azer)wrad || )*(((w || ((C-1sdad ‘@) 3nd)azeT)wrad || ,*(S 0.(¥S9Z6STVT €/T))) - u
1w ((C[81x/ [P1%-)dxe + ([q]1%/[¥]1x)dxe)/(([S]1%/([¥]X - « || ((( 1S3 ‘EWIL)and)aFeT)wria

[l wy-)dxe + ([q]x/([¥]x - o || (((1sdg ‘aWIr)and)agerT)wrxa || ,))dxe))SoT*[g]x*[€]X - .

[l ((C1s3d ‘anIr)and)agen)wraa || wx[g]x - [T]X) - £))wroupx (G- 0-).(u || ((( LSHE ‘T**q@)and)ager)wray

[l w+ w |l ((CIs38 ‘bspIs)and)agzeT)mraa || ,)*g} (£)uorioungy)eieidequr,

fop uayl T

YIMNITIVLIOL usy3 QIfdASN"3ISITF FT

{pus

YINI'T
YOSNID IT

funa
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fulz ‘TlnWs -> [T]1Tvidds w and

fu[T ‘TINNS -> [T]VHJTYS w and

‘w} ('ransSN®:T uT T) IoF W and

H . and

fu[TIX -> [T]odd w and

£u ((CLLT1AIr9nsSN] YHRYDS .+ and

fu/(L[T1aIransnN] vddvis)-)dxe + ([[T1AICAnSN]VWWYDS/ ([[T]1AIrdnSN]vddvis))dxe) /(([[T]1AIransSN] VRNYDS W and
£u/(L[T1aIransN] vddvis - [T]aWIl)-)dxe + ([[T]1AIr9nsSN] VWNYDS/ ([[T1AIrdnsn] vddvys - [T]1aWIL))dxe))Sot .+ and
Cux[[T1AICNSN] VHWYDS*[€ “ [T]1QIrdnSNIONS - [TJIWILx[Z ‘[T]1AICASNIAWS - [T “[T]1QIrgnsN]OWs -> [TINVER W and

W} (CN®B:T uT T) 0% . and

H . and

u([T]0 ‘[T]onADD0T)eATaRTIUMD -> [T]X w and

Sw([T1D )D(CLITINIMIAYIA ‘[[TINIMIAMIDSHISANI ‘[TINVEW)2P .. [T]004095071 W and

‘u} (CN®B: SHONSNDZ UT T) IOF w and

L . and

$u([T]VIVa ‘ [T]nd090T)L3tsuep -> [T]X . and

fu(T ‘o)FTump _ [T]100A40907T . and

$u([LTINIYIAYIA ‘ [[TINIYIAYIDSOISANI ‘[TINVAW)2P . [T10n40907T w and

4} (°SHONSNONZ:T UT T) I0F .« and

«} Tepow, 3nd

‘009 = ®ZTSOUTT , "TTIIAR. OTTF
{TTIONT eaep

£(ITI4) SHNANAJO oxoewy

Surpimg [PPOIA :2popD ddurexy gHnNguadQ

ITRYSIA FNeJO(,, :XILIJeJN] 0oUBIIBAO)) 0] IOLIJ

[eUWLION] :STUSIDJOO,) wopuey
1 yuspmyg :S[enpisey :G°1 [PPOIN
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m:ﬁ
$.<T°T THAOW FAS> -> [T + [ ‘TI1107TdH
‘u} (F1:0 ut [) zo03

£u<T°T TIAOW FIS> -> [T1ZOOVEAN
¢W[T1DSHISWYD/T —-> [TIDSANINYD

£u(S ‘T0°0)FTUNP . [T]DSHISHYD
£u[TI1DSHISAYN/T -> [TIOSANIAYY

£u(0€ ‘TOT0)FTUMP . [T]DSHISIVA
$W[TIDSHISANI/T -> [TIbSDIS

£4(T000°0 ‘1000 0)ewuwre3p . [T]DSHISANI
fu( ‘T o)FTunp | [T]VHHYOR

u(IT ‘g)Frunp . [TIVAAVIH

fu(le:T ‘€:71XNEAI ‘[e:T]@urouwp | [€:T ‘T]AWW
fu[Tleyldan + [T]1TVIFEW -> [T]ZVAdWy I
fu[Tleyldan - [T]1TVidaw -> [T]TVAaWyIH
fule ‘TINWW -> [Tleviddn

fule “TIOWH -> [T]TVIAAH

T “TINWW -> [T]VHATVW

£4(00T ‘g)FTump _ [T]A

0} (CLYINB:T UT T)

fu<T°T TIAOW FIS> -> [T]200VddS

fu(@ ‘“TTO)LCLIC(T - T)* dIN® + TINLYLAMOIDSANIWYD ‘[[(T - T)* dLN® + TINLYLAYO]VAWVOW)WIOUP _ [T]VWWYDS
Sa(TT ‘2)LCLICT - T)* dIN® + TINIMIAMOIDSANIAVY ‘[[(T - T)* dIN® + T]NIYIAYO]VddyMW)wrIoup _ [T]VddVYS
Sa(E:T ‘€T ‘[(T - T)*"dIN® + TINIMIAMOIANIDWOW ‘[€:T ‘[(T - T)*"dIN® + TINIYIAMO]AWW)wIouwp _ [€:T ‘T]AWS
fu[Tleviads + [T1Tvidds -> [T1ZVAdwyTs

fu[TleylEgs - [T]Tvidds -> [T]TVaany1s

fule ‘TlnWs -> [T]evizds

u

Iog

u

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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fu{n and
{pusy,

£u<T"T TIAOW FAS>, 3nd
$TIMIN® 03% T = T opy,
H . and
fule ‘T ‘T1VOIWOW -> [TI1bSpIszldrld w and
ful€ ‘T ‘TIVDEWOW -> [T]1bSHISTIAdTY w and
ful ‘T ‘TIVDIWOW -> [T1DSHISTIAdTY w and
fule ‘e ‘T]VDIAWOW -> [T]DSHISTIA w and
fulc ‘T ‘T]VDAWOW -> [T]DSHISTIA . and
T ‘T ‘TIVDANOW -> [TIDSHISATY w and
fw([E:T ‘€T ‘TIANIDWOW)®SISAUT -> [€:T ‘€:T ‘T]VDANOW w and
fh(damy ‘et ‘€T ‘TINIQDIUSTMP . [€:T ‘€T ‘T]ANIDWOW w and
fu} (CLYIN®:T UT T) IoF + and
£4T000°0 -> [€ ‘€]XNIAI « and
fule ‘TI¥NAAI -> [2 ‘€1XNAAI w and
fule ‘TIXNIAI -> [T “€]1XNIAT w and
w0 -> [€ ‘zl¥NEaI w and
£4T000°0 -> [T ‘Z]XNIAI w and
fulz ‘TI¥NEAI -> [T ‘T]XNdAI w and
00 => [€ ‘TIXNIAT w and
‘w0 —> [T ‘T]¥NEAI w and
£4T000°0 -> [T ‘TIXNIAI « and
40 -> [€]a w and
40 -> [2la w and
.0 => [T]a w and
H . and
m " “ e " Pﬂ@
$u<T'T THQOH FIS> -> [T]1200aVEaW . and
‘w} (CLYLN®:T UT T) IoF w and

{pusuwy,

‘unx
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funx
§o = YMIITIVIOL
fQIC9NSN- 3seT IT
ST AFOTIWTIY || ok || ((EEINITIVIOL)3FOT)WIII = YANITIVIOL
osTe {((YAMIT)AFOT)WIAL = YANITIVIOL UeYI QILENSN ISITI IT
{pus
Sao 11 (CCLsdg ‘p)yandyageT)wras || o, ‘0 “u || ((CIsFg ¢ (BSHIS)3xbs)and)ager)wris
1w “CCCISIx/ p]x-)dxe + ([S]1%/[¥]1x)dxe)/(([S1%/([¥]1% -
((Crsd ‘anin)andyageryuwraa || ,)-)dxe + ([§1%/([¥1¥ - « || ((('1S3E ‘EWILl)and)aFor)wria
| w))dxe))BoT*[g]xx[€]x - , || ((('1sdd ‘dAWIL)and)azeT)wrad || .*x[g]x - [T]X °,
Il (CCLszd ‘d)and)azerywraa || ,)asd, = ANIT
fop ueyl T = YOSNAD FT
osTe {pus
Saa 1 (CCLsdg ‘pyandyazam)wras || o, ‘0 “u || ((CIs3g ¢ (BSHIS)3xbs)and)ager)wris
1w “(CCI81%/[B1x-)dxe + ([S]1%/[¥]1x)dxe)/(([S1%/([¥]X -
((Crsg ‘anir)andyagerywraa || ,)-)dxe + ([S1%/([¥1¥ - « || ((( 183G ‘EWILl)and)aFer)wril
[| w))dxe))BoT*[g]xx[€]x - , || ((('1sdd ‘dAWIL)and)ageT)wrad || ,*x[g]x - [1]X ©,
Il ((C1sag ‘na090T)Ind)3FeT)WIXY || ,)3SP, = ¥ANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOOD..C = wHWQBV COdWDOTO0DN 3es
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥Ad SAOOHITANIT A0 IONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘T°T TIAOW 01 YVIIWIS HA0D*/

s10joeq sedeq :0po)) ojdwexy Y pue mSVS
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fule ‘TINWS -> [T]zvidds w and

fulz ‘TINNS -> [T]TVIAES w and

[T “TINWS -> [TIVHAIVS W and

‘u} ('ranSN®:T uT T) IoF w and

H . and

CW[TIX -> [t]odd w and

$u ((CLLT1AIrgnsN] VHRYDS w and

£u/(L[T1aIransnN] vddvis)-ydxe + ([[T]AIrdnsn] vWWyoS/ ([[T]1AIransN]vddvis))dxe) /(([[T]1dIrgansSN] VRNYDS . and
£u/([[T1aIransN] vddvis - [T]awIl)-)dxe + ([[T]1AIrgnsSN]VWWYDS/ ([[T]aIrdnsn]vddvis - [T]awIl))dxe))S8ot w and
Cux [[T1AIrdnSN] VWRYDS*[€ ‘ [T]1aIrdnsNInWS - [TIIWIL*[2 ‘ [T]aIrgansN]aws - [T ‘ [T1aIrdnsN]aWs -> [TINVEW W and

‘u} (CNB:T UT T) oF w and

H . and

“w([T]0 ‘[T]0NndDH0T)eATIRTIUMD -> [T]X w and

Ca([T1D )OCLITINIMIAYIA [[TINIYIAMIDSOISANI ©[TINVAW)2P . [T]0040907T « and

‘u} (°N®:°SHONSNO® UT T) IoF w and

H . and

fu([TIVIva ‘[T]ndon0T)L3tsuep -> [T]X . and

$u(T ‘0)FTump . [T]0040907T w and

$u(LLTINIYIAYIA ° [[TINIYIAY]DSOISANI [TINVAW)3P . [T]1N40907T .« and

‘u} ("SHONSNON®:T Ut T) IoF w and

4} Tepoum, 3nd
£43%2°TOPON *TAJAL® TOODN/ SDHNANAIOB. OTTF
fTTIONT ®aep

‘() sondaNadQ oxoewsy,

Surpimg [PPOIA :2popD ddurexy gHnNguadQ

ITRYSIA FNeJO(,, :XILIJeJN] 0oUBIIBAO)) 0] IOLIJ
1 JUAPN)S :SIUSIOIJOO0)) wopuey
1 yuspmyg :S[fenpisey :L°1 [PPOIN
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¢

m:._H
m:ﬁ
$u<T°T TIAOW FIS> -> [T + [ ‘T110TdN
4} (p1:0 ut [) zoF
REE
Cu<T'T TIAOW FIS> -> [T]1200VHENW
£u[TIDSHISWYD/T -> [TIOSANINYD
fu(§ ‘10°0)FTunp . [TIDSDISHYD
£, [T]10SDISAYN/T —> [TIOSANIAYY
£u(0€ ‘T0'0)FTUND _ [T]OSHISAVA
$u [TJDSHISANI/T -> [T]BSHIS
£.(T000°0 ‘7000°0)euweSp . [T]HSHISANI
(2 ‘T 0)FTunp | [T]VHHYDW
Sa(TT ‘g)FTunp | [T]VddVIR
fu([€:T ‘€:TIXNAAI ‘[€:T]Quroumwp | [€:T ‘T]AWW
fu[Tleyidan + [T]TVIEEW -> [T]ZVAdWyIH
fu[Tleyldan - [T]1TVIEEW -> [T]TVAdWyIH
fule “TINWW -> [Tleviddan
fulz ‘TINWW -> [T1TVIFEW
a7 ‘TIOWH -> [T]VHAIVH
fu (00T ‘g)FTUMpP | [T]SAY
£4(00T ‘g)FTump _ [T]A
4} ("IMINB:T UT T) IoF
m:.ﬁ

fu<T°T TIAOW FIS> -> [T]Z00VddS

fu(@ ‘“TTO)LCLIC(T - T)* dIN® + TINLYLAMOIDSANIWYD ‘[[(T - T)* dLN® + TINLYLAYO]VAWVOW)WIOUP _ [T]VWWYDS

Sa(TT ‘2)LCLICT - T)* dIN® + TINIMIAMOIDSANIAVY ‘[[(T - T)* dIN® + T]NIYIAYO]VddyMW)wrIoup _ [T]VddVYS
SW(LL(T - T)*"dIN® + TINIYIAYO]SAY

w [T ‘€T “[(T - T)*"dIN® + TINIYIAMOIANIDWOW ‘[€:T ‘[(T - T)* dIN® + TINIMIAYOIAWW)IWP . [€:T ‘TIAWS

$u[T]eylEds + [T]TVIEES -> [T]ZVAaWyIs

fw[tlevrEgs - [T]Tvidds -> [T]TVaawy1s

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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fu{n and
{pusy,

£u<T"T TIAOW FAS>, 3nd
$TIMIN® 03% T = T opy,
H . and
fule ‘T ‘T1VOIWOW -> [TI1bSpIszldrld w and
ful€ ‘T ‘TIVDEWOW -> [T]1bSHISTIAdTY w and
ful ‘T ‘TIVDIWOW -> [T1DSHISTIAdTY w and
fule ‘e ‘T]VDIAWOW -> [T]DSHISTIA w and
fulc ‘T ‘T]VDAWOW -> [T]DSHISTIA . and
T ‘T ‘TIVDANOW -> [TIDSHISATY w and
fw([E:T ‘€T ‘TIANIDWOW)®SISAUT -> [€:T ‘€:T ‘T]VDANOW w and
fh(damy ‘et ‘€T ‘TINIQDIUSTMP . [€:T ‘€T ‘T]ANIDWOW w and
fu} (CLYIN®:T UT T) IoF + and
£4T000°0 -> [€ ‘€]XNIAI « and
fule ‘TI¥NAAI -> [2 ‘€1XNAAI w and
fule ‘TIXNIAI -> [T “€]1XNIAT w and
w0 -> [€ ‘zl¥NEaI w and
£4T000°0 -> [T ‘Z]XNIAI w and
fulz ‘TI¥NEAI -> [T ‘T]XNdAI w and
00 => [€ ‘TIXNIAT w and
‘w0 —> [T ‘T]¥NEAI w and
£4T000°0 -> [T ‘TIXNIAI « and
40 -> [€]a w and
40 -> [2la w and
.0 => [T]a w and
H . and
m " “ e " Pﬂ@
$u<T'T THQOH FIS> -> [T]1200aVEaW . and
‘w} (CLYLN®:T UT T) IoF w and

{pusuwy,

‘unx
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$((CEIIITIVIOL) 3FOT)WIIF € (((°1sdd ‘aIrdnsn)and)ageT)wrad || ,YINITIVLIOL.)ndufs TTed
o 11 (183 ¢ (BSHISWYD)3abs)and)azer)wras || , = Ps ¢, || ((( 1SID ‘VWWYOW)3nd)3iFeT)wras
[| w=uesw ‘z =q ‘7°0 = ® ‘[g]x)wrouduntapx(, || ((( LsAd ‘(DSHISAVH)31bs)and)azer)wras
Il w=ps “u || ((C1SHE ‘YddyyW)and)agsT)wrad || , = wesw ‘[] = q ‘g = © °[§]X)UIOUDUNIIP*(,
[l ((CIsgg ‘sagyand)ager)wraa || , (0 ‘0 ‘0)2 ‘(€ ‘€ ‘(u || ((( 1s3g ‘bspIszid)and)ager)wraa
[T w “w |1 (CCLsda ‘bsoprszigrid)and)age)wraa || . ‘u || ((( IsFd ‘DSHISzlddTv)and)ageT)uray
Il w “u Il ((Cls3g ‘bspiszigrlig)and)ageTiuwrad || , “u || (((1sdd ‘BSHISTIF)3Ind)aFeT)wixs
Il w “w 11 (CC1sEE “bspIstiadTv)and)agen)wrad || . . || ((( 1sFd ‘DSDHISTIEdTY)and)aFeT)wras
Il w “w |1 ((C1s3g ‘bspIistliadTv)and)ager)wrad || . . || ((( 1sdd ‘bSpIsdTv)3nd)azeT)wras
Il wyo)xtasew ‘(, || ((( 1sdad ‘gvidgn)and)azerT)wtras || , ‘. || ((( 1sdd ‘Tvidan)3nd)iyer)wras
w “w Il (CC1sEd ‘VHATYW)and)ageT)wraa || )2 ‘([e]¥ ‘[g]¥ °[T]X)PUTqo)aswpx, || ((YIVNITIVIOL)IFOT)WIIL = YANITIVIOL

(EMIIT)3FOT)WIIL || wxu || ((MINITIVIOL)3FST)WTI
osTe ¢ ((INIT)3HFOT)WII

fpus ¢ ‘= YANIT ‘Op USUL T = YOSNAD FT oSTe ‘pue

‘T + ASEON °sT®

fqIrdnsSN’ 3ser 3T

YINITIVIOL
YANTTIVIOL uey3 qIrgnsn’ 3sItF 3T
= YAMIT ‘Op USU3 O = YOSNAD FT
‘YANITIVIOL uTelel
{7 = AS9ON ueU3 QICgNSN’3SITF IT
farrdansn £q

f((r eu D x0 * AU NJIDHOT) = ©IBYM) ZOJWOTOOON 2°S

£°6666$ YANITIVIOL ¥ANIT uasuet

funx

/*INAILVd ¥dd SAOOHITANIT 40 100A0¥d ¥04 3A0D ¥x/ ‘€0JWDOTOODN ©aep

/*M0T39 QIINISHYd SIAJJINS ‘S°T TIAOW 01 ¥VIIWIS HA0D*/

s10joeq sedeq :0po)) ojdwexy Y pue mSVS
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Appendix B. Programming Code

‘w[Tleviads - [T]TViEES -> [T]TVADWYIS w and
ful€ ‘TINNS -> [T]gylads w and
fulc ‘TInWS -> [T]1TY1EdS w and
fu[T ‘TINNS -> [TIVHATVS w and

W} ('ransN®:T uT T) I0f w and

Y . and

$u ((CLLT1AIrgnsSN] VHRYDS w and

£u/(L[T1aIransnN] vddvis)-ydxe + ([[T]AIrdnsn] vWWyosS/ ([[T]1dAIrdansN]vddvis))dxe) /(([[T]1dIransSN] VRNYDS . and
£u/([[T1aIransN] vddvis - [T]awIil)-)dxe + ([[T]1AIrgnsSN]VWWYDS/ ([[T]aIrdnsn]vddyys - [T]aWIlL))dxe))S8ot w and
Cux [[T1AIrdnSN] VWRYDS* [€ ‘ [T]1aIrdnsNInWS - [TIIWIL+[2 ‘ [T]aIrgansN]aws - [T ‘ [T1aIrdnsNlaWs -> [TINVEW W and

‘u} (CNB:T UT T) oF w and

H . and

Sw([T1D )D(CLITINIMIAMIA ‘[[TINIMIAMIDSHISANI ‘[TINVEW)2IP . [T]004095071 W and

fu} (CN®B: SHONSNDZ UT T) IOF W and

H . and

fu(T ‘o)FTump . [T]10NA0907T w and

Su (LLTINIYMIAMIA ‘ [[TINIMIAMIDSOHISANI ‘[TINVAW)2P . [T]1N4090T w and

‘u} ("SHONSNON®B:T UT T) IoF w and

£u(9°0 ‘Id/g)ymod-> AWCay .« and

{16L.68G€59C6STHT € -> Id w and

4} Tepom, 3nd
£,3%2°TOPON " TAJALR TOODN/ SDNENII0B. OTTI
fTTIONT ®aep

‘() sondaNadQ oxoewsy,

Surpimg [PPOIA :2popD ddurexy gHnNguadQ

ITRYSIA FNeJO(,, :XILIJeJN] 0oUBIIBAO)) 0] IOLIJ

[EULION] MOYS :SJUSIDJoO,) wopuey
1 yuspmy§ :S[enpisey :8°1 [PPOIN
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£u(0€ ‘T0T0)FTUMP . [T]DSHISIVA
fu[TIDSHISANI/T -> [TIDSDIS

£4(T000°0 ‘1000 0)ewuwre3p _ [T]DSHISANI

fu(Z ‘TTO)FTUND | [T]VWHVOH

u(IT ‘g)Frunp | [T]VAVIH

fu([€:T €:TIXNFAI ‘[e:T]l@urouuwp | [€:T ‘T]AWW
fule ‘TIna -> [Tleviddd

fule ‘TINa -> [T]1TViddd

fulT ‘TING -> [TIVHAIVA

fu[Tleyidan + [T]TVIEEW -> [T]ZVAdWyIH
fu[Tleyldan - [T]1TVIFEW -> [T]TVAaWy I

fule ‘TINWW -> [Tlgviddn

fulz ‘TINWW -> [T1TVIFEAW

Su[T ‘TINWW -> [T]VHJTVR

‘(00T ‘Z)FTUNP _ [T]A

fu([e:T ‘€:T7]XNAAI ‘[g:T]@uroump . [€:T ‘TIWQ
fu} (CLYIN®:T UT T)

fu<T°T THAOW FIS> -> [T]Z00OVEdS

(@ ‘TTO)LCLL(T - T)*"dIN® + TINIYLAMOJOSANIWYD ‘[[(T - T)* dILN® + T]NIMIAYO]VAWYOW)wWIOUP _ [T]VHWVDS

Sw(IT “C)L(LI(F - T)* dIN® + TINIMIAMOIOSANIAVY ‘[[(T - T)*'dIN® + TINIMIAMO]VddVYW)wroup _ [T]VddViS

CLTMALXIW# ([€:T ‘€:T ‘[(T - T)* dIN® + TINIMIAMOJANIOWOW ‘[€:T ‘T]AWWN)wIouwp _ [€:T ‘T]AWS

CWHALANYEYd HONVSION# ( 0)1(T ‘o)wroup . [g ‘T]n

$WELANYEVd JONVSIAN# ( ‘0)L(T ‘o)wrxoup _ [Z ‘T]n

$LHILANYYYd JONVSION# ( ‘0)I(T ‘o)wroup _ [T ‘T]n
‘wle ‘Tlnx[e ‘[(T - T)* dIN® + TINIYIAMOIWA

fu o+ [€ [(T - T)* dIN® + TINIMLAMOIWA+OWLAY - [€ ‘[(T - T)* dIN® + TINIMIAMOINWW -> [€ ‘TIAWWN
“ulz ‘Tlnx[T ‘[(T - T)*"dIN® + TINIYIAMOIWA

o+ [T (T - T)*"dIN® + TINIYIAMOIWA*OQWCAY - [2 [(T - T)* dIN® + TINIMIAYOIOWW -> [T ‘TIAWWN
SWlT ‘TIn*[T “[(F - T)* dIN® + T]NIYIAMOIWA

o+ [T (T - T)* dIN® + TINIMLAMOIWA+OQWLAY - [T [(T - T)* dIN® + TINIMIAMOINWW -> [T ‘TIOWWN

fu[tlevrads + [T]Tvidds -> [T1eVaawy1s

IoF

u

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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Appendix B. Programming Code

£47000°0 -> [€ ‘€]XNAAT

fule ‘TIXNIAI -> [ “€]1XNIAT
fule ‘TIXNEAI -> [T “€]XNAAT
£40 -> [€ ‘zlxNddl

£47000°0 -> [Z ‘T]XNAAI

fulz ‘TIXNIAI -> [T “Z]XNIAT
w0 —> [€ ‘T]YNEAI

£40 -> [T ‘1]1XNFAI

£47000°0 -> [T ‘T]XNAAI

40 -> [€]a

w0 -> [2la

‘w0 => [1]a

m..ﬁ

CulT + 0 IYIN®B]IOTAW - [T + € ‘T110TdW -> [T + [ ‘T]Al0Tdn

0} (¥1:0 ut [) zo3
¢ IOYINOD SAS¥AA FONAWAIAIA# } ("IMINB:T UT T)

‘u<TT TAAON FIS> -> [T]Z00avdan
‘u} (CIYIN®:T UT T)

Suf
$u<T°T THAOW FIS> -> [T + [ T]107dW
4} (p1:0 utr [) xoF

£4<T°T TIAOW FIS> -> [T1ZOOVIAN
$W[T1DSHISWYD/T -> [TIDSANINYD
£u(9 ‘T0°0)FTUNP . [T]DSHISHYD
£, [T1DSDISAV/T -> [TIDSANIAVH

¢
cu{

Iog

m:ﬁ

Iog

u

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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‘ule ‘T ‘T]VOIWOW ->

‘ul€ ‘T ‘TIVDANOW ->

fule ‘T ‘TIVOIAWON >

fule ‘e ‘T1VOIWOW

‘ult ‘T ‘TIVDANOW

SalT ‘T CTIVDINOW

fu([€:T ‘€:T ‘T]ANIDWOW)®SIeAUT -> [g:7

ShCIam® ‘[e:T ‘€:7 ‘TINAQI)USTMP . [€:T ¢

[T10spIseldTid
[T10sDISTlad Ty
[T]10SHISTIAdTV
-> [T]bspiszid
-> [T]0sHIsTid
-> [T10SHISITY
‘€T ‘TIVDIAWOW
€7 ‘T]ANIDWOW

¢
cuf

‘u} ("IYINB:T UT T) IO%

¢
Sufn

and

{pusy,
$u<T°T TIAOW FIS>, 2nd
fIMIN® 03 T =T

"

"

opY,
and
and
and
and
and
and
and
and
and
and

{puswy,

‘unx



304

Appendix B. Programming Code

[T w “w |1 (1839 ‘bSHIsdIv)and)agzer)wraa || ,)2)XTIrew))oaTos)usl19)11bs)Setpy*%s10250a¢(((((u
[l ((CLsg ‘gyiag@and)ager)wraa || , . || ((('1s38 ‘TylEdq)and)ager)uriy
[T “w 1] (CCLsEg ‘yHATY@)and)ageT)wras || ,)2)8etp)%+%(((u || ((( Isdd ‘gylddqa)and)ager)wraa
[ w “w 11 (CC1s3g ‘tyrzga)and)ageT)wrad || o “w || ((( 1834 ‘VHATIV@)and)ageT)wraa
[l w)2)8etP) + ((€ ‘€ “(u |l ((C1s3g ‘bsoiszid)and)azeT)wrxd || o ‘u || (((1sdd ‘bspiszldrld)and)ayeT)wras
Il w “u 11 (CCLsEE ‘bspIisziddTy)and)ager)urad || , ¢, || ((( 1s3d ‘bspIszidrid)and)ager)wriy
[ w “w 11 (CCls3g ‘dspistig)and)agerdwraa ||  ‘u || ((( 1SEE ‘0SHISTIAATY)Ind)ageT)wray
[T w “w |1 (CCLsda ‘bsopIsziadTv)and)age)wraa || , ‘u || ((( LsFd ‘DSHISTLIEATY)Ind)ageT)uray
Il w “w |1 ((C1s39 “bsoisd1v)and)ageT)wras || ,)2)XTajew))oatos)uslre))mroummps ((Z/T-) . ((((a
Il ((CIsgd ‘egyrag@)and)agem)wrad || , ‘. || ((( IsFd ‘TY¥lEEq@)Ind)ager)wras
[T “w 1] (CCLIsEg ‘yHATY@)and)ager)wras || ,)9)8eTP)%*%(((w || ((( Isdd ‘zylddq)and)ager)wraa
[1w “w 11 (CCLsEg ‘tyiag@and)ageryuwraa || o “u || ((('1SFd ‘VHIIVQ)and)ageT)wria
[l w)2)3eTP) + ((€ ‘€ “(u |l ((C1s3g ‘bsoiszid)and)azeT)wrxd || o ‘u || ((( I1sdd ‘bspIszldrld)and)aFeT)wras
Il w “w |1 ((Cls3E “bspisziadTy)and)age)wrad || , . || ((( 1sFd ‘bspISzidrid)and)ager)wray
[l w “w 11 (CCls3g “dspistig)and)agerdwraa || . “u || ((( 1SEE ‘0SHISTIAATY)Ind)ageT)wray
[T w “w |1 (CCLsda ‘bspIseiadiv)and)ageywraa || , ‘u || ((( LsFd ‘DSHISTLIEATV)Ind)ageT)uriy
[l w ‘w11 ((CLs3d ‘bSHISATY)and)3FeT)Wrad || ,)°)XTIIBW))3IOP)*E.T*y || ((MANITIVIOL)IFOT)WIII = YANITIVIOL
fQIrdnsSN’ 3ser 3T
CCCEENIT) 2FOTIWIAY || wku || ((EENITIVIOL)2FOT)WIAL = YAMITIVIOL
osTe f((¥ENIT)IFOT)WIIY = YANITIVIOL USU3 QICdNSN' 3SITF FT
fpue ¢ = yANIT 0P USU3I T = YOSNAD FT OsTe fpue ¢ °°* = YANIT ‘Op UeU3 O = YOSNAD FT

‘YIMITIVIOL uTeisx

T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’ 3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOOD..C = QHWQBV COdWOTO0DN 3es
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥dd SAOOHITANIT 40 1ONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘S T TIAOW 01 YVIIWIS HA0D*/

s10j0eq sedeq :0po)) o[dwexy Y pue mSVS
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Appendix B. Programming Code

Il w “w |1 ((C1sdg “dspisciadTv)and)azer)wrad || . €. || ((( 1sdd ‘bSoISzldrid)and)ayer)wris

I w “w 11 (CC1sEg ‘dspisti@)and)agepdwraa ||  “u || ((("L1SEE ‘BSHISTIEdTY)Ind)ageT)wray

Il w “w |1 ((C1ls3E ‘bspisziadTv)and)ager)wrad || , . || ((( 1sFd ‘DSDHISTIEAATY)and)aFeT)wray

[l w “u 1] ((CLlSEg ‘DSHISATV)and)3FeT)wras || ,)°)XTadew))daTos)%*%(((u || ((('183g ‘zvlada)and)aFoT)wixs
[ w “w 11 ((C1s38 ‘tvrzga)and)ageT)wraad || o “u || ((('1S39 ‘VHATV@)and)aFeT)wraa

[l w)2)8etp) - (£)8etp “(((uw || (((-1838 ‘viagw)ind)aFaT)wrxa || . ‘u || ((C 1S3 ‘Tyiddw)and)ageT)wraa || ,°,
Il ((CLsgd ‘VHdTYW)and)agem)wraad || )2 - ([€]X ‘[g]x ‘[T1X)2)%*%(((((uw || ((( 1s3g ‘Tylada)ind)agsT)uwriy
[l w “u |1 ((ClsFg ‘Tvidgda)and)azeT)wras || o “u || (((1SIE ‘VHATVQ)2nd)3iFeT)wris

[l w)2)8etP)%*%(((w |1 ((C1sdd ‘zgvigda)and)aFeT)wrxd || , ‘u || (((LS3E ‘Tviddq)and)3iFeT)wrii

[l w “w Il ((CLS3E ‘YHATV@)and)ageT)wraa || ,)2)8etp) + ((€ ‘€ ‘(u || ((('1S3E ‘bSDISTLE)nd)ageT)uriy

Il w “w |1 ((Cls3g ‘bspiszidrid)and)ager)wrad || , . || ((( 1sdd ‘DSHISTIEdTY)and)ayeT)wras

Il w “u Il (CClsdd ‘bspIiszidrig)and)ageT)wtas || o, ‘. || ((CLs3g ‘0sHIsTig)and)3rFeT)wras

Il w S |1 ((CIs3g “bspistigadTv)and)azen)wrad || , €. || ((( 1sdd ‘DSDISTIAdTY)3nd)31FeT)wris

Il w “w |1 ((C1s3g ‘bspistigdTv)and)agzer)wrad || , . || (((1sdd ‘bspIsd1v)and)ageT)wris

[l wyo)xtagew))eatos)%*%(((uw || ((( 1838 ‘gylaga)and)ageTywrad || , u || ((('1s3E ‘TvlEd@)and)ager)wria
[T w “u |1 ((Clsdad ‘vHdATV@)3nd)ageT)wrxs || ,)2)8etp))3 ‘(0 ‘0 ‘0)o)mroumdx((g)Setp ‘(0 ‘0 ‘0)2 ‘(((a

Il (CCIsgd ‘egyragw)and)agem)wrad || , ‘. || (((ISFd ‘TylEan)nd)ager)wrag

ITw “w 11 (CCLsag ‘YHATYW)3nd)age)wras || ,)° - ([e]¥ ‘[g]x °[T]1X)2)%xY% (510232944 (((((u

Il ((CLsgd ‘gyigg@yand)ager)wraad || , “u || ((( 1s3g ‘TY¥lEEQ)Ind)ageT)uwray

Il w S |l ((C1s3g ‘vEdTV@)3nd)3FeT)wrad || ,)2)8etp) %% (((u || ((( 1838 ‘zylada)arnd)ageT)wras || ,°,

Il ((CIsag ‘Tviga@)and)ager)wrxa || , ‘u || (((Is3d ‘vHATv@)Ind)ageT)wris || ,)2)8etp) + ((€ ‘€ ‘(a

Il (CClLsEg ‘bspIiscig)and)agerywraa || , “u || ((( 1S3 ‘DSHIszidrid)and)ager)wras

[T w “w |1 (CCLsEa ‘bspiseiadiv)and)age)wraa || , ‘u || ((( LsFd ‘bsHIszidrid)and)ager)uwriy

[T w “w |1 (CCLsag ‘bspistig)and)agerduwrad || , . || ((( 1S4 ‘DSHISTLELTY)Ind)ageT)wria

Il w “w |1 (CC1sEE “bspiszigdTv)and)age)wrad || , . || ((( 1sFE ‘DSHISTIEAdTY)nd)aFeT)wras

[ w “w 11 (CC1s3g ‘bsHIsdTy)and)ageT)wran || ,)D)XTIGeW))OATOS)UeSTE)OATOSY*% ((SenTeA$(((((u

Il ((CLsFd ‘gyigg@and)ager)wraad || ., “u || ((('1s3E ‘TylEEq)and)ageT)uriy

[ w w11 ((ClsEg ‘VHATIV@)3nd)ageT)wraa || ,)2)8etp)¥%*%(((w || ((( 1S3E ‘zviddq)and)izeT)wria

[1w “w 11 (CClsEg ‘tyrzda)and)ageTywraa || o ‘u || ((('1SEE ‘VHATY@)and)ageT)wrig

[l w)2)8etP) + ((€ ‘€ ‘(u |l ((CIs3g ‘bspIszig)and)azeT)wrad || , ‘. || ((( 1sdd ‘bSOISTIATLE)3Ind)3FeT)wris
[T w “w ] (CCLsFa ‘bspIsziadiv)and)ageywraa || , ‘u || ((( LsFd ‘bsHIszidrid)and)ager)uwriy

[T w “w |1 ((CLsag ‘bspistig)and)agerdwrad || o ‘. || ((( 1S4 ‘DSHISTLELTY)Ind)ageT)wris

Il w “w |1 ((Cls3E ‘bspisziadTv)and)ager)wrad || . “u || ((( 1sFd ‘DSDHISTIEAATY)and)aFeT)wrag
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C((EIIMITIVIOL) 3FoT)WTIY “ (((1S3d .lomszvpsmvaw.CEHHp | __.mmxHq.H«HoH:vude%m TT®>
SuCu |1 (1839 ° (DSHISHYD)3abs)and)zeT)wras
[l w="ps ‘4 || ((CLsF ‘VWRYOW)3Ind)ageT)wrad || , = wesw ‘g = q ‘7°0 = ® ‘[G]X)WIOUDUNIID*(,
|1 (CC1sad amonn:Evphwmvuzmvaoﬁvsﬁhp Il w="ps ‘4 || ((CLsad .<mm<xzvpsmvpmmcsﬁhp
[l w=weew 17 = q ‘g = e ‘[p]x)wrouduniapx((((u || ((('1SZd ‘zylzdq)and)ageT)wria
[ w “w 11 ((Clsdg ‘tvrzga)and)ageT)wrad || o “u || (((°1s39 ‘VHATVQ)3and)aFeT)wria
I w)2)8eTP) %% ((((Cu |1 (((1sdg ‘zviaga)and)ageT)wrad || , *u || ((( IsFd ‘Tv1dgq@)and)iFeT)wiis
[T w “u 11 (CClsag ‘vHATVa)Ind)3FoT)wras || ,)2)8etp)%*%(((u || ((( 1sdd ‘zvyiadq)and)aFer)wras
[l “u 11 (CCIs3g ‘tvidda)snd)azeT)wrad || . ‘u || (1839 ‘VHATIV@)and)3FeT)wias
[l w)2)8etp) + ((€ ‘€ ‘(u || (((Isad ‘bspIszig)and)azeT)wrad || , . || ((( 1sdd ‘bSDISzIATLE)3nd)31FeT)wris

funa
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fulz ‘TIOWS -> [T]TVIEES . and

$u[T ‘TINNS -> [T]VHJTYVS w and

fwSIDAAIT WOANVH# } ("fENSNB:T UT T) I0F w and

fu{ . and

$VHALAWYEY HONVSION# ([[TINIYIAMIAD ° [[TINIYIAM]AD)euwureSp _ [TIM w and

$WILANYEVd FONVSIAN# ( ‘0)L([TIM ‘o)wroup _ [T]n w and

$u [[TINIYLIAM]OSDIS/[TIM -> [TIDSDSANIN W and

Su[T1n*[[TINIMIAMIQ + [[TINIYIAM]Q*[[TINIMIAMINVIWCQY - [TINVAW -> [T]NVIRN w and

£u ((CLLT1AIr9nsSN] VHHYDS . and

$u/(LIT1aIransnN]vddvis)-)dxe + ([[T1AICANSN]VWWYDS/ ([[T]1AILansSN]vddvis))dxe) /(([[T]1AIransSN] VHNYDS W and
£u/(LIT1aIransN]vddvis - [T1aWIl)-)dxe + ([[T]1AICdnSN]VWWYDS/ ([[T1aIrdnsn]vddyys - [T]1EWIL))dxe))S8ot w and
$ux [[T1AICINSN] VWRYOS*[€ ¢ [T1AIrdNSNINWS - [TIAWIL*[Z ¢ [T]1AICdnsNInWS - [T ‘[T]AIrdnsNIOWS -> [TINVAW .+ and
CWHUNIXIW# } (CN®B:T UT T) IOF w and

Y . and

$u¥IVA qF¥0SNAD# ([T]1D €)O([TIUSHSANIN ‘ [TINVHWN)wIoup . [T]1N40D0T w and

‘u} (CN®B: SHONSNO® UT T) IoF w and

H . and

fuVIVa# ([TIDSOHSANIN ‘ [TINVAWN)wrIoup . [T]N40D0T W and

fu} ("SAONSNON®B:T UT T) IOF w and

{16L68G€S9T6STHT E -> Id w and

$,T400W FHI# } Tepow, 3nd
‘009 = ®ZTS9UTT , "TTIIAR. OTTF
{TTIONT eaep

£(ITI4) SHNANAJQ oxoewy,

Surpimg [PPOIA :opopD ddurexy gHnNguedQ

ITRYSIA FNeJO(,, :XIIJeJN] 0oURIIBAO)) 0] IO0LIJ

[eUWLION] :STUSIDJOO,) wopuey
} yuSpm}S MINS S[eNPISOY :6°1 [PPOIN
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£u<T'T TIAOW FAS> -> [T]Z00VIIN

£, [T10SDISHYD/T -> [TIDSANINYD

£u(§ ‘T10°0)FTUND _ [T]OSHISHYD

£, [T1DSDISAVI/T -> [TIDSANIAVH

£.(0€ ‘TOT0)FTUMP . [T]DSHISIVA

fu[TIDSHISANI/T -> [TIDSDHIS

£4(T000°0 ‘1000 0)ewuwre3p _ [T]DSDISANI

fu( ‘TTO)FTUND | [T]VWHVOW

u(TT ‘g)FTunp | [T]VAAVIK

C([€:T ‘€ITIXNAQI ‘[g:T]I)wroump . [£:T ‘T]AWW
fu[Tlevldan + [T]1TVidaW -> [T]ZVaaWyIi
fu[Tlevidan - [T]1Tvidaw -> [T]TVAaWyIn

fule ‘TINWW -> [Tlgviddn

ful “TINWW -> [T]TYIAIN

[T CTINWW -> [T]VHATYR

£ (1d/ [TIA) 4abs* (([T]1A%G 0)weS80T - ((T - [T]A)*G 0)weSor)dxe -> [TINVANCQY
£4 (700070 ‘O)wroup _ [T]Q

‘wg/[FIA -> [T1AD

£4(00T ‘g)FTump _ [T]A

£,S¥0TYd# } ("ILYINB:T UT T)

fu<T°T TIAOW FIS> -> [T]Z00VddS

fu(@ ‘TTO)LCLIC(T - T)* dIN® + TINIYLAMOJOSANIWYD ‘[[(T - T)* dLN® + TINLYLAYO]VAWVOW)WIOUP _ [T]VWWYDS
Sa(TT ‘T)LCLLCT - T)* dIN® + TINIMIAMOIDSANIAVY ‘[[(T - T)* dIN® + T]NIYIAYO]VddyMW)wrIoup _ [T]VddVYS
(LT ‘€T ‘[(T - T)*"dIN® + TINIMIAMOIANIDWOW ‘[€:T ‘[(T - T)* dIN® + T]NIMIAYO]AWW)wIouwp _ [€:T ‘TIANS
fu[Tlevrads + [T1Tvidds -> [T1ZVadwyTs

fu[TleylEgs - [T]Tvidds -> [T]TVaany1s

fule ‘TlnWs -> [T]evizds

Iog

u

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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£4T000°0 -> [€ ‘€]XNIAI
fule ‘TIXNIAI -> [ ‘€]1XNIAT
fule “T1XNFAI -> [T ‘€]XNIAT
40 -> [€ ‘TlXNFaI
£4T000°0 -> [C ‘Z]XNIAI
fulz ‘TIXNIAI -> [T “Z]XNIAT
‘w0 -> [€ ‘TlXNFAI
40 -> [T ‘1]¥N"AI
£4T000°0 -> [T ‘TIXNIAI
.0 > [€]1
w0 > [2]1
.0 > [11I
m:._”
T
m:ﬁ
SalT + 0 IMIN®]IOTAH - [T + [ ‘T]110TdW -> [T + [ ‘T]1dL0TdW
4} (p1:0 utr [) xo7
+I0YINOD SNSYAA AONAYAAAIA# ; ("IYINB:T UT T) IoF

fu
‘-

$4<T°T TIAOW FIS> -> [T]200aVEIR

4} (CIMINB:T UT T) IOF

fu
m__\ﬁ
$u<T°T THQOW FIS> -> [T + [ ‘T110TdH

4} (p1:0 utr [) zog

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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‘ule ‘T ‘TIVOIWOW ->

‘ul€ ‘T ‘TIVDANOW ->

fule ‘T ‘TIVOIAWOW ->

fule ‘e ‘T1VOIWOW

‘ult ‘T ‘TIVDANOW

SulT ‘T CTIVDINOW

fu([€:T ‘€:T ‘T]ANIDWOW)®SIeAUT -> [g:7

Sh(Cdam® ‘[e:T ‘€:7 ‘TINAQI)USTMP . [€:T ¢

fTIMIN® 03, T =

[T10spIseldTid
[T10s9ISTlad Ty
[T]1DSHISTLIAdTV
-> [T]bspiszid
-> [T]bsHIsTid
-> [T10SHISITY
‘€T ‘TIVDIAWOW
€7 ‘T]ANIDWOW

¢
cuf

‘u} ("IYIN®:T UT T) IO%

fu{u and

{pusy,
$u<TT THAOW FdS>, 3nd

T

"

"

opY,
and
and
and
and
and
and
and
and
and
and

{puswy,

‘unx
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[l ((C1s39 ‘anrl)and)azer)wras || ,))dxe))SoT«[§]x*x[€]X - . || ((( 1s3g ‘IWIL)3nd)3FeT)wris
Il wx[2]x - [T1%) - u || ((C1s3g ‘naopoT)and)azeT)wraa || ,))*((uw || (((1sad ‘bspIs)and)azer)uwria
[l waabs/y || ((C1s3g ‘@and)agen)Wwrad || . )*((G°0-).(((T + u || ((CLszd ‘p)znd)ager)wray
[T )Y/ =)o |1 (CC1sad ‘g#x@)and)ageT)wrad || . + o || ((("1sdd ‘bsoIs)and)ager)wraa
[T w*(@e(CCu |1 ((CLsag ‘@and)ageTywraa || w*x((2/u || ((C 1Sz ‘A)and)azer)mrin
[l wemreS/(z/(T - w || ((CIsag ‘A)and)ageT)wiad || ,))euwed)((5°0).(FS9T6STHT €/ u
Il (CCrsEg ‘pyand)agenduwraa || ))) - ((([S1¥/[¥1%-)dxe + ([G]1x/[¥]1x)dxe)/(([G]1%/([¥]X - .
] (CC1s3g ‘awrl)and)azer)wrxs || ,)-)dxe + ([SIX/([¥]1X - .
[l (CC1s3g9 ‘anil)and)ager)wras || ,))dxe))SoT+[§]x*x[€]X - . || ((( Is3g ‘IWIL)3nd)3FeT)wria
[l wk[2]x - [T1%) - W || ((C1s3g ‘nddvonyand)agen)wrad || 4)) + o || ((C'I1SFE ‘A)and)ager)uraa
[T w))))asdx((2/ (T + w |1 ((C1s3d ‘pyand)azen)wraa || W)-)o(((u || ((CIsE ‘Tx*xq)Ind)aFaT)wraa
[l w+ w |l ((Clsdd ‘dspis)and)azer)wras || )*. || (((1S3E ‘A)and)3FeT)wras
[T w)/2.(CCu |1 (- LsEd ‘@and)ageryuraa || wx((2/u || ((("1s3d ‘A)and)azer)mrin
[l wyewre8/(z/(T - u || ((CLsad ‘p)and)azer)wraz || ,))ewmmed)*((S°0). (¥S9T6STHT €/u
Il (CCIsag ‘pyand)agepiuwraa || ,))) - ((([S1%/[¥1x-)dxe + ([G]1x/[¥]1x)dxe)/(([S]%/([¥]X - .
[l (CC1s3g ‘aMIl)and)agsm)wrra || ,)-)dxe + ([G1¥/([¥]¥ - u || ((("1SE ‘FWIL)3and)3aFoT)wrid
[l w))dxe))BoT*[S]xx[€]x - , || ((('I1sdd ‘EWIL)3nd)azeT)wrid || ,*[g]x - [T]X) - .
[l (CC1sgd ‘na090T)and)ageT)Wrad || ) + T)*((SG°0).(¥S9Z6STHT €+ || ((( 1SEE ‘A)and)age)uran
[T w*(@/u |1 ((CLsgg ‘pyand)agepiuwrad || ,)ewwred)/(z/(T + o« || ((CLsdd ‘pA)and)ageT)uwria
Il w))ewwreSx (5 0-).(u || ((CLsAE ‘T+*xa)rnd)3FaT)wrad || o + o || ((("1SEE ‘0SHIS)and)2FoT)WIIF || 4)*T)w = HANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOOD..C = wHWQBV COdWDOTO0DN 3es
£°19.2€$ WANITIVIOL ¥ANIT yaduel
/*INAILVd ¥Ad SAOOHITANIT A0 IONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘T°T TIAOW 01 YVIIWIS HA0D*/

s10joeq sedeq :0po)) ojdwexy Y pue mSVS
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funx

cpenteag(, || ((Clsag ‘p)and)ager)wrar || , = xoddn ‘yul- = xemoT, || . ‘{(T + . || ((C 1839 ‘A)and)aFeT)wraa
[T w ‘0 ‘T ‘0 “(Cuw |1 (1838 ‘Trx@)and)ageT)wrad || . + o || ((("1s3d ‘bspIs)and)ager)wmris

[l waabs/ (G 11 ((CIsEg ‘@and)agen)urad || w*((g/u || ((CIsdd ‘A)and)agep)uwras || ,)euwwed/(z/(T -
[l ((C1sad ‘p)and)azeT)wraz || ,))ewmmed)x((S°0).(¥S9T6STHI €/ || ((( 1sad ‘A)and)rgeT)wral

Il w))) - (C(([8]x/[¥]x-)dxe + ([§1%/[PIx)dxe)/(([S1¥/([¥]1%X - u || ((( 1SEE ‘EWILl)and)ageT)wrii

[ wy=)dxe + ([SI1%X/([¥]1%x - u || ((CIsdd ‘aWIl)and)azeT)wrad || ,))dxe))BoTx[g]xx[g]x - ,

[l ((CIsgg ‘Ewir)and)agemywraa || wx[g]x - [T1%) - £))*((w || (((1s3d ‘bspIs)and)ager)wran

1 w)aabs/, || ((C1sEd ‘@and)ageD)WrId || W) *((§°0-).(((T + u || ((CIsEd ‘A)and)ageT)wraa

[T )/ =)o Cu |1 ((CLSEE ‘gxx@)and)ageT)wrad || , + o || ((('1S3E ‘DsHIs)and)ager)wria

[T w)*@o (G |1 (C1sag ‘@and)azeT)wrad || wx((2/u || ((C1s3g ‘A)and)ageT)wras

[l wyewreS/(z/(T - w || ((CLsFE ‘p)and)ager)wray || ,))euwwed)x((S°0).(FS9C6STHT €/

Il (CCLsEg ‘pyand)agerywraa || 4))) - ((([G]1%/[¥1x-)dxe + ([g1x/[¥]1x)dxe)/(([S1X/([¥]¥ -

|l ((C1sag ‘awir)and)ager)wraa || ,)-)dxe + ([S1X/([¥]1X - « || (((C1Sdg ‘IWIL)and)ayoT)wria

[l w))dxe))BoTx[glxx[€]x - , || ((( 1839 ‘FWIL)3nd)rzeT)wrad || .x[2]X - [T1X) - £)) + .

[1 ((C1s3g ‘p)and)azer)wrad || ,))))3sdx((2/(T + u || ((Clsag ‘A)and)agzeT)wraa || 4)-).(((u

[l ((C1s3g ‘z++@)and)3FoTIWII || o + o || ((("IST ‘DSHIS)Ind)3FoTI)WIIF || W)*u || (((ISEA ‘A)Ind)azeT)wras
I w)/2o(CC 1] (1838 ‘@and)ageT)wraa || wx((Z/u || ((C'IsF ‘pA)and)ager)wray || ,)ewwed/(Z/(T -

[l ((C1sad ‘p)and)ageTywras || ,))emmed)*((5°0).(¥S9T6STHI €/ || ((( 1sdd ‘A)and)ageT)wraa

[T W)Y - ((([81%/[¥]1x-)dxe + ([g]x/[H1x)dxe)/(([S]x/([¥]1x - u || ((( 1s3d ‘EWIL)and)ager)wria

[l w-)dxe + ([S1%/([¥1% - W || ((C1s3d ‘AWIl)and)azeT)wraz || ,))dxe))SoTx[g]x*[g]x - .

[l ((CLsag ‘awii)and)azerywraa || wx[g]x - [T]X) - £) + T)*((5°0).(¥S9T6STHT €xu || ((( Isdd ‘A)and)aFeT)uwria
[T w)*(@/u 1] ((ClLsag ‘p)and)ager)wray || ,)ewwel)/(z/(T + o || ((CIsEE ‘A)and)ageT)wria

1 w))emmreSx (5 0-).(u || ((CISEE ‘Txx@)nd)aFoT)WIIL || o + o || (((1SHE ‘0SDIS)INd)2IFOT)WTIL || 4)*T)u
__ " u\ A%vﬁOHPUQﬂHVWPmHMQPGH:

fop uayl T

u(T + o |1 ((C1sdd ‘p)and)ageT)wris

[T w 0 ‘T ‘0 “(Cu |1 (1838 ‘gsx@and)agen)wraa || , + o || ((( LsFE ‘bsSDHIS)and)ager)uwran

Il w)23xbs/((Cu |1 (((1sdad ‘@and)ageT)wras wx((Z/u |1 ((C1s3g ‘p)and)aFeT)wras

[l wyewreS/(z/(T - w || ((CLsE ‘p)and)ager)wray || ,))euwwed)x((S5°0).(FS9T6STHT €/

[l ((C1sEg ‘myand)agemiuwraar || .))) - ((([S1%/[¥1x-)dxe + ([S]1x/[¥]1x)dxe)/(([S1%X/([¥]X - .

[l ((C1s3g ‘gnrl)and)azeT)wras || ,)-)dxe + ([SIX/([¥IX - .

¢

HINIT

{pus

YOSNED IT

osTo

{pus
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L . and

fu[TIX -> [T]odd w and

Su[T]1ENIL# [T ‘[T]aIcgnsNInWs - [T ‘[T]1aIrdnsNIaWs -> [TINVEW w and
m:u. A.Zénﬁ ut ._uv I0T " n._.ﬂnm

L . and

“w([T1D ‘[T1nddH0T)eATaeTmumd -> [T]X w and

Cu([T1D )D(LITINIMIAYIDSOISANI  [TINVAW)wWIoup . [T]NADH0T w and
fu} (°N®B:°SHONSND® UT T) IOF .+ and

L . and

fu([TIVIva ‘[T]1ndon0T)Latsuep -> [T]X .« and
Sw([[TINIYLAM]OSDISANI ‘ [TINVIW)WIOUup . [T]N40D07T w and

4} ("SHONSNONB:T UT T) IOf . and

fu} Terouw, 3nd
£43%3°TOPOW *TAJALR TOOON/ SONANAJOR. °TTF
{TTIONT e3ep

£() sHnaNado oxoeuwy

Surp[ing [9poIAl :opo) sjdurexy gHnguadQ

MTRYSIA FNeJO((,, :XIIJeJ\] 0oUeIIeAO)) I0J IOLIJ

[ewLION] :STUSIDJoO)) wiopuey
[ewrION] STenpisoy :1°C [PPOIN

[PPOIN UOIssoI3oy JTeaul] T1°2°¢'d

S[OPOJAl UOISSaI89Y /Y10 2°¢'d
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m:._”
m:ﬁ
ul*[2 “TIOWW - [T “TloWW -> [T + [ ‘T]107Tdi
4} (p1:0 utr [) zoF
$W [TIVAGWY TN -> [TI1HTLVEAN
$W [TIVAGWY TN -> [T19TeVadn
$W[TIVAGWY TN -> [T1HTOVEIN
$W [TIVAGWY'IN -> [T]200VEdW
W [TIVAEWYTW -> [T]1200Vddn
fulz ‘TIVAIILOWS -> [T]VATILYAIWyIS
CulT “TIVAIILAWS -> [T]VATILVHATIVS
Cu([TET ‘2ET ‘TIANIDWOW ‘[2:7 ‘TlaWW)wrouwp _ [Z:T ‘T]VQAIILOWS
Cu[TJDSHISANI/T -> [TIDSDHIS
£4(7000°0 ‘7000 0)euweSp _ [TIDSDISANI
fu([2:T ‘TiT]XNAAL ‘[giT]Qurouwp | [Z:T ‘T]AWW
fule “TIOWW -> [T]VA9WyIN
T “TINWW -> [T]VHATVW
4} (CIMIN®:T UT T) I0F
m:._H
$W [T1VaanyIs -> [T]1$TLydds
$u [T1VaanyIs -> [T]1¥Teydds
£u [T1VaanyIs -> [T]1¥TOovads
$w [T1VagnyIs -> [T].oovdds
fu[TIvaanys -> [Tlzoovdds
u(l2:T ‘2T (T - T)* dIN® + TINIYIAMO]JANIDWOW ‘[2:T ‘[(T - T)* dIN® + TINIYIAMO]AWW)WIouwp _ [Z:T ‘TIOWS
fulz ‘TINWS -> [T]1VAdWyIs
fu[T ‘TINNS -> [T]VHJTVS
‘w} ('ransSN®:T uT T) I0%

"

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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{puswy,
funx
fufn and
{pusy,
faT U TRLIMNGR -> [T ‘T O TRINAAI . and
‘wle ‘7T “"TRINAAI -> [T ‘T ©-TRINIAT .+ and
f0 TBLTYMBR -> [2 ‘T ¢ IRINIAL v and
fat U TRLVMBR -> [T ‘T - TRINAAI « and
¢ IYIN® 03% T = T opy
Y . and
‘ule ‘T ‘TIVOIAWOW -> [TIDSHISWIATY w and
fulz ‘c ‘TIVOANOW -> [T]DSHISWI w and
LT ‘T ‘TIVOEWOW -> [TIDSDISITV w and
w(lT:T ‘T:T ‘T]IANIDWOW)®SI®AUT -> [Z:T ‘Z:T ‘T]VDIWOW W and
fa(CAaM® ‘[2ET ‘2ET CTINAQI)USTAP . [T:T ‘2T T]ANIDWOW w and
‘u} (CIYIN®:T UT T) Io0F w and
‘4T000°0 -> [T ‘T]XNEAI w and
fule ‘T1¥NEAI -> [T ‘2]XNIAT W and
40 -> [T ‘TIXNFAI w and
‘wT000°0 -> [T ‘T]1X¥NHAI w and
w0 -> [2la w and
w0 => [1]a w and
H . and
Cu [P IMINBIPTLVEAN - [TI1PTLVEIN -> [T]1PTLQVEEW w and
Su[TIYINB]PTEVEIN - [T]1PTCVEEN -> [T]¥Tcavddn w and
Su[CIYINBITTOVEAW - [TIPTOVEAW -> [T1¥T0Qvddn w and
fu [ IMINB]LOOVEEAN - [T]lOOVEIW -> [T].,00QVEdW w and
fu [ I¥INBIZOOVEAN - [T]lZOOVEIW -> [T]1200QVddW w and
‘w} (CLYLN®:T UT T) IoF w and
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funa

$(((EIIITIVIO0L) 3FOT)WIIF  (((°1sdd ‘arrdnsn)and)azeT)wrad || ,HINITIVIOL.)3nduks TT=d
4@ ‘T o Il ((C1sFg “bspIswT)and)ageT)wraa
[1w S 11 (CC1sag “DSOHISWIATY) and)agen)wras || o “u || ((( LsHd ‘DSHISWIATY)and)ageT)wras
[l w S |1 (CC1sdd “bspisdiv)and)agsT)wras || ,)9)XTIrew -> YWOIS ‘(u || ((( 1sdd ‘VadwyTw)and)ager)wraa
[l w “w |1 (CCLsEE ‘yHATVW) and)ageT)wraa || )2 ‘([g]¥ ‘[T]¥X)PUTd)wIoumpx, || ((YIMITIVIOL)IFOT)WIIL = YANITIVIOL
fQICdNSN’ 3seT 3T
C(EENIT) 2FOTIWIIY || wku || ((YANITIVIOL)3FOT)WIXI = YANITIVIOL
osTe ! ((YANIT)IFOT)WIIZ = YANITIVIOL UdUI QICENSN 3SITF IT
{pue
SuCe |l (CCLsEd ‘ (bSHIS)2abs)and)ageTywraa || o ‘.
[l ((Cisad ‘awir)and)azer)wraa || .*x[g]x - [T]x . || ((C1sad ‘D)and)ageT)wras || ,)umroud, = ¥ANIT
fop weyl T = YOSNHAD IT
osTe {pue
fuCe |1 (CCLsEd ‘ (bSHIS)abs)and)ageTywraa || 4 ‘.
|| ((CLsFg ‘awil)and)azeT)wrad || wx[g]x - [T]X ‘4 || (((LSFE ‘nd090T)and)3FeT)wris || ,)WIoup, = YANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’ 3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOUD..C = wHWQBV COdWOTO0DN 3es
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥dd SAOOHITANIT 40 1ONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘T°T TIAOW 01 ¥VIIWIS HA0D*/

s10j0eq sedeq :0po)) o[dwexy Y pue mSVS
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£u [T1VaanyIs -> [T].loovdds w and

$u [T1VaanyIs -> [T]zoovdds w and

a2t ‘2T [(T - T)* dIN® + TINIYIAYO]JANIDWOW ‘[2:T ‘[(T - T)* dIN® + TINIYIAMO]AWW)WIouwwp _ [Z:T ‘TIAWS « and
fulz “TIONS -> [T]VAWYTS w and

[T ‘TINWS -> [T]VHAIVS . and

f4} ('ransN®:T1 ur T) IoF . and

H . and

. [TIX -> [T]lodd .+ and

‘wl[TlEnIl+ [T ‘[TlaIcgnsN]aws - [T ‘[T1aIrdnsNlaWs -> [TINVEW w and

W} (CN®B:T uT T) 0% . and

H . and

u([T]0 ‘[T]onADD0T)eATaeTUMD -> [T]X w and

Sw([T1D )D(CLITINIMIAMIA ‘[[TINIYIAMIDSHISANI ‘[TINVEW)2P . [T]004095071 W and
fu} (CN®B: SHONSNDZ UT T) IOF W and

H . and

$u([T]VIVa ‘ [T]nd090T)L3tsuep -> [T]X .+ and

fu(T ‘o)FTump _ [T]10NA0907T . and

$u([LTINIYIAYIA ‘ [[TINIYIAYIDSOISANI ‘[TINVAW)2P . [T1Nn40907T « and

4} (°SHONSNONZ:T UT T) I0F .« and

«} Tepouw, 3nd

f03¥3° TOPOW "TAJALR TOOON/ SDNANAJ0R. OTTF
{TTIONT eaep

‘() sondNdadQ oxoewsy,

Surpimg [PPOIA :opopD ddurexy gHnNguedQ

ITRYSIA FNeJO(,, :XIIJeJN] 0oURIIBAO)) 0] IO0LIJ

[eUWLION] :STUSIDJOO,) wopuey
1 yuspmy§ S[eNpIsey :¢'¢ [PPOIN
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fuT000°0 -> [T ‘T]1XNAAI

.0 —> [2la

‘w0 -> [1]a

m:.m
[TIPTLVEAN -> [T]1HTLAVEAN
[T1¥Tevaan -> [T1$T2avddn
u [ LYIN%] 7 TOVEIN [tl¥TOVEaN -> [T]¥TOAVIIN
u [ IYIN%] LOOVEIN [T]L00VgAW -> [T]L00AVIIN
o ["1¥IN®]ZOOVEIN - [TlzoovdaWw -> [T]1Z00avddn

‘u} (CIYIN®:T UT T) IO0F

o [T IYINB]PTLVGIN
o [ LYINB] PTCYIIN

fa
m__Aﬁ
Sl ‘TInNW - [T ‘Tl -> [T + [ ‘T]10TdW
4} (p1:0 utr [) zog
$W [TIVAGWYTIN -> [T1HTLVEEN
$W[TIVAGWY TN -> [T1%Tevddn
$W[TIVAaWY TN -> [T1HTOVEdN
$u [TIVAGWY TN -> [T]L00VEdW
$W [TIVAGWY TN -> [T1200Vddn
fule ‘TIVAIILOWS -> [T]VATILVAIHYTS
o7 TIVAIILOWS -> [T]VATILVHATYS
a2t ‘ZiT CTIANIDWOW ‘[2:T ‘TlaWW)wrouwp _ [Z:T ‘T]YQIILOWS
$u [TJDSHISANI/T -> [T]BSOHIS
£4(1000°0 ‘7000 0)ewwedp _ [T]DSDHISANI
Sw(lT:T ‘ZRTIXNAAI C[giTl@urouwp | [Z:T ‘TIAWW
ul ‘TIAWW -> [T]VAgGWyIH
SlT ‘TINWW -> [TIVHATVH
£.(00T ‘T)Frunp _ [T]A
4} (CIMINB:T UT T) IOF
fu
$u [T1VaanyIs -> [T19TLvads
$u[T1VaanyIs -> [T1¥Tevdds
$u [T1VaanyIs -> [T]1vTovdds

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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$4°TRLIMBE -> [ ‘T ¢ TR]INAAI
fulz ‘T T TRINIAI -> [T ‘g ¢ IRINIATL
0T TIRIIVMBR® -> [T ‘T ¢ TRINAAI
CuCTRLYMB® -> [T T ¢ TR]INAAI

£ IMIN® 039,

m:._H

falC ‘T ‘TIVOIAWOW -> [T1DSHISWIATY
fule ‘T ‘TIVDANOW -> [TIDSHISWI
SulT ‘T ‘TIVDIAWOW -> [T]DSHISATY
$u([2:T ‘2T ‘T]ANIDWOW)®SIeAUT -> [Z:T ‘Z:T ‘T]VDIAWON
faCdam® ‘2T ‘eiT ‘TINAQ)USTMP . [2:T ‘2:T ‘T]ANIDWOW
‘u} (CLYIN®:T UT T) XoF
£47000°0 -> [Z ‘Z]XNAAI
fule ‘T1¥NEAI -> [T “g]XNAAT
£40 -> [T ‘1]1XNFAI

M:._H:

and

{pusy,

and
and
and
and

"

opY,
and
and
and
and
and
and
and
and
and
and

‘puomy,

‘unx
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fulc ‘TlnWs -> [T]1TYlEdS w and

a1 ‘TINNS -> [TIVHATYS w and

W} ('ransN®:T uTr T) I0% w and

S . and

fu[T1X -> [T]odd W and

$u([[T1aIransNlvddvis - [tlanil)deas + 1 -> [TIr w and
fu[[T1AIrgnsN]vddvis+[e  [T]1AICINSNINNS*T* (T - [T1r) w and
fu + [TIEWIIx[€ ‘[T1aIcdnsN]OWS*(T + [T ‘T-)mod + [T]AWILx[Z ‘[T]AICAASNIAWS - [T ‘[T]1AICANSNIOWS -> [TINVAW W and
‘u} (CNB:T UT T) 0% W and

H . and

fu([T]0 ‘[Tlndoo0T)eAtiernumd -> [T]X w and

Ca([T10 )O(LLTINIYIAMIDSOISANI  [TINVAW)wWIoup . [T]10A0D0T w and

‘w} (°N®B:°SHONSNO® UT T) IoF w and

H . and

$u([T]viva ‘ [t1nd000T7)£3tsuep -> [T]X . and

Sw([[TINIYIAM]OSDISANI ‘ [TINVIW)WIOUup _ [T]1Nd40D07T w and

fu} ("SAONSNON®B:T UT T) IOF w and

4} Torow, 3and
$w1¥1°T9POW " THAJALR TOOON/ SHNENAJOB. OTTI
TTIONT eaep

*() SHnaNAdO oxdeury,

Surpying [ppoN :2poD o[durexy sHNguedo

JRYSIA FNeJO((, :XIIJEJ\] 0dURLIBAO)) IO} JOLIJ

[eUwLION] :STUSIDJoO)) wopuey
[ewLION] STenpisoy :1°€ [OPOIA

[OPOJA UOISSaI39Y JIeaul[lg [eUOIULAUO)) '7'¢'d
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£u([TIvddyas - L)deas + T -> [T]gSsr
$u([T]vddvis - $1)deas + T —> [T]TGSC
$u([T]Vddyis - g)deas + T -> [T]gHsr
$u([T]vddvys - ¥T)de3as + T -> [TITPSC
fu([T]1vddyys - o)deas + T -> [T]gesr
$u([T]vddvis - $1)deas + T —> [T]TESC
£u([T]Vddyis - o)deas + T -> [T]zeTsr
£u([TIVddyas - L)deas + T -> [T]T2SC
fu([T]vddyds - o)deas + T -> [T]ZISC
$u([T1Vddyis - z)dess + T -> [T]TISC

Su(L - FT)/(([T1VddyaS* [T1eylads*g*(T - [T]1ZSSr)

fu + Lx[T]EV1EES*(T + [T12GSC ‘T-)mod + Lx[T]TYIHES - [TIVHATVS) - ([T]VddyiSx[T]ZvIdds
fuxZx (T — [T]TSSC) + PT*[T12VIAES*(T + [T1TGSC ‘T-)mod + HT+[T]1TV1ddS - [TIVHJTIVS))- -> [T1¥TLVEdS

fu(T - 1)/ (([T1vddvis* [T1eviads*e* (T - [T1ZySr)

w + T[T1ZVIEES* (T + [T1ehsr ‘T-)mod + g+[T]1TY1dES - [TIVHJATIYS) - ([TI1VddVMS=[T]Zyldds
Cuxgk(T - [T1TPSC) + PI+[T12viads*(T + [T1TPSC ‘T-)Mod + HT*[T]1TVIEAS - [TIVHAIVS))- -> [T1¥T12vads

u(0 - BT)/(([TIVddYNS* [T1eviaasS*g* (T - [T]1ZESI)

+ 0+ [T]ZYIadS* (T + [T]gesr ‘T-)nod + 0x[T]1TVIAAS - [TIVHATYS) - ([T]VddyMS*[T]ZViads
CuxZx (T - [TITESC) + PIx[T1TVLAGS*(T + [T]1TeSr ‘T-)Mod + HT+[T]1TVIAEAS - [TIVHAIVS))- -> [T]1PTOVEdS

£a(0 - L)/ (([TI1VddvisS* [T]eviaas=c* (T - [T]12TSI)

+ 0x[T]gv1aas(T + [Tlzesr ‘T-)mod + 0x[T]TVIAAS - [TIVHAIVS) - ([T]Vddvys*[T]gvidds
Cuxg* (T - [T1T2SC) + Lx[T]1evidds*(T + [T]Tgsr ‘T-)mod + Jx[T]TV1ddS - [TIVHAIVS))- -> [T]L00VddS

fu(0 = T)/(([FIVddViS* [T]1ZV1agS*T* (T - [TITTSI)

fu + Ox[T]2VIFES*(T + [T12TSC ‘T-)Mod + Ox[T]TV1HES - [TIVHATIVS) - ([T]VddViSx[T]gyidds
$u%gx(T - [TITISC) + ¢*[T1evVIdas*(T + [T1TTISC ‘T-)mod + gx[T]1Tvidds - [T]VHATVS))- -> [T1200VEdsS
Sa(TT ‘2)LCLICT - T)* dIN® + TINIMIAMOIDSANIAVY ‘[[(T - T)* dIN® + T]NIYIAYO]VddyMW)wrIoup _ [T]VddVYS
Sa(E:T ‘€T ‘[(T - T)*"dIN® + TINIMIAMOIANIDWOW ‘[€:T ‘[(T - T)*"dIN® + TINIYIAMO]AWW)wIouwp _ [€:T ‘T]AWS
fu[Tleviads + [T1Tvidds -> [T1ZVAdwyTs
fu[TleylEgs - [T]Tvidds -> [T]TVaany1s
fule ‘TlnWs -> [T]evizds

u

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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$u([T]Vddyas - 2)deas + T -> [T]TSHI
$u([T]vddvys - ¥T)deas + T -> [TITGHC
£u([TIVddyas - ¢)deas + T -> [TITHUHC
$a([T]Vddvis - pT)deas + T —> [T]THWC
£u([T]Vddyas - 0)deas + T -> [T]ZEWI
$u([T]vddvys - ¥T)deas + T -> [TITENC
£u([T]1vddyds - o)deas + T -> [T]ZTWC
fu([1]vddvds - 2)deas + T -> [T]TCWC
£u([T]1Vddyis - 0)deas + T -> [TITTHC
£u([TIVddyis - ¢)deas + T -> [TITTHC

0L - BT/ (([T1VAdYR* [T]1ZVIAGN*T* (T - [TIZSWC) + Lx[TIgViddw*(T + [TIZSHC ‘T-)mod + L+ [T]TVIZAW - [T]VHAIVI)
fu = ([T1VddVIN* [T]1ZVIAaW*T* (T - [TITSHC) + PT+[T]1gviddu=(T + [T]TSWC ‘T-)mod + T+ [T]TVIEEN - [TIVHATIVW))- -> [T]1HTLVdaN
$0(2 - PT)/(([TIVAAVIN* [T]ZYIAGN*C* (T - [TIZYWC) + C*[T1CVLIAGW* (T + [TIZYWL ‘T-)Mod + Z+[T]1TVIAAN - [T]VHdTYW)
fu = ([T]VdAVYW* [T]1ZYIAGN*C*(T - [TITYHL) + BT+[T1CVIiddW* (T + [TITPWC ‘T-)Mod + HT+[T]TVIHAN - [TIVHAIVH))- -> [T1¥TCVdan
£4(0 - PT)/(([T]VAAVIN* [T]2VIAGW*T* (T - [TIZEWC) + O [TI1VIdGW*(T + [TITeWr ‘T-)mod + Ox[T]TVIdAAW - [T]VHIIVH)
fu = ([T1VddVIN* [T]1ZVIAaW*T* (T - [TITEWC) + PT+[T]1gviddu=(T + [T]TEWr ‘T-)mod + HT+[T]TVIEEN - [TIVHATIVW))- -> [T]1HTOVEAN
£4(0 - L)/ (CLT1VddVM* [TI1ZVITEW*T* (T - [T1ZTWC) + O+ [TIZVIAAW* (T + [T1Zgur ‘T-)mod + 0*[T]TVIZEW - [T]VHJTIVH)
fu = ([T1VddVYH* [T]1ZVIAGN*C* (T — [TITCHC) + L*[T1ZVIAAW*(T + [T1TCHC ‘T-)#od + Lx[T]TVIAGW - [TIVHTVW))- -> [T]LOOVEAH
£0(0 - )/ (([T1VddViW* [T]ZVIAaN*T* (T - [TIZTWC) + Ox[T1ZViddn* (T + [T]ZTWC ‘T-)Mod + 0*[T]TVIZEW - [T]VHJTIVH)
fu = ([T1VddVMW* [T]1ZVIAGN*C* (T - [TITTWC) + x[T1CVIAAW*(T + [TITTWC ‘T-)#mod + g+ [T]1TYIAAW - [T]VHAIVW))- -> [T]1200VEdW
£, [T]10SHISAYN/T -> [TIOSANIAYY
£u(0€ ‘TO°0)FTUNp | [T]DSHISAVA
£u [T]DSHISANI/T -> [T]B0SOHIS
£4(7000°0 ‘7000 0)ewmedp _ [T]DSDISANI
Sa(TT ‘g)FTump | [T]VddVIR
Cu([E:T ‘€:TIXNFAI C[€:T]Qurouwp | [€:T ‘T]AWW
fu[Tleyidan + [T]TVIEEW -> [T]ZVAdWyIH
SulTlevidan - [T]1TVLIFEW -> [T] TYQaWyIn
ful€ ‘TINWW -> [T]YIAIW
fulz ‘TN -> [T1TVIFEW
SGIT ‘TINWW -> [TIVHATVH

‘u} ("IYIN®:T UT T) IO%

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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fule ‘T ‘TIVOIWON -> [TI1DSHISTIEdTY
fulc ‘T ‘T]VDIAWOW -> [T]DSHISTIALTY
fu[€ ‘e ‘T1VDANOW -> [T]bSDISTIA
‘w2 ‘T ‘TIVDEWOW -> [T]DSDHISTIA
fulT ‘T ‘T]VDAWOW -> [T]DSHISATY

Cw([€:T ‘€:T ‘T]IANIDWOW)9SIoauT ->
Ch(CAaM® ‘[T ‘i1 ‘TINIAI)USTAP

m: Hm
M= _”m

m: HN

o [ LYINB] YT LVIIN
o [ LYINB] P TCYIIN
o [ IYINB] P TOVEIN
w [ LYIN%] LOOY AN
w [ LYINB] 200V N

Ca([T1VddVIN - [)deas + 1
C[TIVAAVIW* [€ ‘TIAHW*Z*(T - [T + [ “T1]dr)
0+ Ox[€ ‘TIMW*(T + [T + € ‘T]dr ‘T-)mod + Cx[z ‘TIOWH - [T ‘TIONH ->

[€:T ‘€:T ‘T]YDAWOW
[€:T ‘€:T ‘T]ANIDWOW
0} (CLYIN®:T UT T) XoF
£uT000°0 —> [€ ‘€]XNAdI
‘TIXNAAI -> [¢ ‘€]1X¥NIAI
‘TIXNIAI -> [T ‘€]XNIaI
‘w0 -> [€ ‘TlxNFal
‘wT000°0 -> [ ‘T]lX¥NdI
‘TIXNAAI -> [T ‘Z]¥XNIAI
‘w0 -> [€ ‘TIXNFAI
‘w0 -> [T ‘1lXNFAI
f4T000°0 -> [T ‘T]1XNEAI
a0 -> [€]d
£.0 -> [2la
40 -> [T]a
m:._”

[T1%TLVEAN  -> [T]¥TLAVEIR
[T1¥Tevaan -> [T]1¥Tcavddn
[tIvTOVEAW -> [T]1HTOavddn
[T]Lo0VEaW -> [T].00QVdan
[tlzoovaaw -> [T]Z00Avddn

fu} (CI¥INB:T UT T) 07
fuf
m._ﬁ
- [1+ [ ‘tldr

[T + [ ‘11107dK
fu} (F1:0 ut [) zo01

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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w[€
w[€

¢
n

w[C

¢

¢

m: Hm

futIRITAMBR
‘T 13INEAI
‘T T3INEAI
T IRLCATANBR
fut  IRLTEMBR
‘T T3INEAI

s T TIRLCAVMBR

cul TTRLTAVMBRR

futTRLVMBR

X5
[z
[T
(e
[c
[T
(e
[c
v

-+ +H N N ANMmMmm

3

3

3

3

3

3

3

3

3

*TRINIAI

*TRINAAT

T TRINIAT

*TRINIAI

*TRINAAI

*TRINAAT

T TRINIAT

*TRINIAI

*TRINAAI

£ LYINB 03
m:.ﬁ

‘Z ‘T]1VDAWOW -> [T]10SHISTILTLL

fu{n and
{pusy,

and

and

and

and

and

and

and

and

and

= T opj,
. and
W and

{puswy,

‘unx
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M:ﬁ:
‘auIl)and)aFeT)wra
‘auIl)and)ageT)wraa

m..ﬁ..
‘aNIl)and)ageT)wrag
‘ANIL)and)ageT)wras

funa

¢ 0t = YEMITIVIOL
fQIrdnSN’ 3ser 3T
CCEIMMIT)AFPTI)WEAL ||y || ((YEMITIVIOL)3FOT)WIIL = YANITIVIOL
osTe ! ((YANIT)IFOT)WIIT = YANITIVIOL USUI QICdNSN 3SITF IT
‘pue
((C-1sdd ‘ (bspIs)aabs)and)ageT)wran || , [P]x*[€]XxTx([F]X => .
W)+ o 1 Isag ‘IWIL)and)3FeT)WTId || W*[€]1X*(T + ([¥1X => .
WD) (T=) + w || (1839 ‘FWIl)and)azeT)wradr || .*[2]X - [T]X ‘.
Il (CCIsEg ‘D)and)ager)wray || ,)uroud, = YANIT
fop ueyl T = YOSNAD FT
osTe {pue
(((-1sdg  (bspIis)3abs)and)azeT)wran || . [F]X*[€]XxTx([¥]X => ,
W) + o | ((CLsFg ‘anrr)and)agem)wras || ux[€1Xx(T + ([¥]X =>
WD) (T=) + w | ((CIs3g ‘awrn)snd)azeT)wrad || .x[g]X - [T]x ¢,
[l ((C1sad ‘ndoo0T)3nd)3ger)wrid || ,)WIOUP, = YANIT

fop wey3 O = YOSNAD FT
‘YANITIVIOL uTelel
T + ASHON °sT® ‘T = ASHON UeU3 QICgnSN’3SITF IT
farrdansn £q
.AA 8u p I0 ° 8u DMOOD..C = wHWQBV COdWDOTO0DN 3es
£°6666$ YAMNITIVIOL YAMIT UadueT
/*INAILVd ¥Ad SAOOHITANIT A0 IONAOMd ¥0A FA0D ¥x/ {E€OJWOTOOON ®3ep

/*M0T39 QIINISHYd SIAJJINS ‘T°T TIAOW 01 YVIIWIS HA0D*/

s10joeq sedeq :0po)) ojdwexy Y pue mSVS
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‘w[Tleviads - [T]TViEES -> [T]TVADWYIS w and
ful€ ‘TINNS -> [T]gylads w and
fule ‘tlnWs -> [T]Tvidds w and
fu[T ‘TINNS -> [TIVHATVS w and

W} ('ransN®:T uT T) I0f w and

Y . and

fu[TIX -> [T]odd w and

$u([[T1aIransNlvddvis - [tlanii)deas + 1 -> [TIr w and
fu[[T1aIransN]vddvis+[e  [T1AICINSNINNS*T* (T - [T1r) w and

fu + [TIEWIIx[€ ‘[T1aIrdnsN]OWS*(T + [T ‘T-)mod + [T]AWILx[Z [T]AICAOSNINWS - [T ‘[T]1AICANSNIOWS -> [TINVAW W and
‘u} (CNB:T UT T) oF w and

H . and

“w([T]0 ‘[T]0NdDH0T)eATIRTIUMD -> [T]X w and

Ca([T1D )OCLITINIMIAYIA [[TINIYIAMIDSOISANI ‘[TINVAW)2P . [T]0040907T W and
‘u} (°N®B:°SHONSNO® UT T) IoF w and

H . and

$u([T]viva ‘ [t1nd000T7)£3tsuep -> [T]X . and

fu(T ‘0)FTump . [T]0040907T w and

S (LLTINIYIAMIA ‘ [[TINIMIAYIDSOISANI ‘ [TINVAW)IP . [T1NAD50T w and

‘u} ("SHONSNON®:T UuT T) IoF w and

4} Tepom, 3nd
£,3%2°TOPON " TAJALR TOODN/ SDNENII0B. OTTI
fTTIONT ®aep

‘() sondaNadQ oxoewsy,

Surpimg [PPOIA :2popD ddurexy gHnNguadQ

ITRYSIA FNeJO(,, :XILIJeJN] 0oUBIIBAO)) 0] IOLIJ

[eUWLION] :STUSIDJOO,) wopuey
1 yuspmy§ :S[eNpIsey :¢'¢ [PPOIN
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‘u<T'€ TAAOW FIS> -> [T]Z00aAVdIN
‘u} (CIYIN®:T UT T)

m...ﬁ
$u<T°€ TIAOW FIS> -> [T + [ “T110TdW
4} (F1:0 ut [) z03

fu<T°€ TIAOW FIS> -> [T1ZOOVIAN

¢, [T]DSHISAVN/T -> [T]DSANIAYY

£ (08 ‘T0°0)FTUnP _ [T]DSHISAVA
$u[TIDSHISANI/T -> [TIbSDIS

£4(7000°0 ‘7000 0)euweSp _ [TIDSDHISANI
u(IT ‘g)Frunp . [T]VAAVIK

Su(le:T ‘€rTIXNAAI C[€rT]@urouwp | [€:T ‘TIAWW
fu[Tlevidan + [T]1TVIdaW -> [T]ZVAaWyIi
fu[Tleyldan - [T]TVIEEW -> [T]TVAIWyIH
fule ‘TIOWKH -> [T]CViddW

ful “TINWW -> [T]TYIADN

[T CTINWW -> [T]VHATYR

£u(00T ‘T)Frunp _ [TIA

0} (CLYIN®:T UT T)

fu<T°€ TIAOW FIS> -> [T]200vdds

Sw(IT @L(LI(T - T)*"dIN® + TINIMIAMOIOSANIAVY ‘[[(T - T)*'dIN® + TINIMIAMO]VddVYW)wIoup . [T]VddViS
Sw(lefT ‘€T ‘[(F - T)*"dIN® + TINIMIAYOIANIDWOW ‘[€:T ‘[(T - T)*"dIN® + TINIYIAYO]OWW)wIouwp _ [€:T ‘T]AWS
‘w[Tleviads + [T]1TvV1EEs -> [T]ZVAEWvIsS

m:ﬁ

I0F

¢
cu{

103

u

"

"

"

"

"

"

and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
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‘ule ‘T ‘TIVDIAWOW —>

fule ‘T ‘T]VOEWOW ->

“ulT ‘T ‘TIVDANOW ->

ful€ ‘€ T]VDAWOW

fule ‘T ‘T1VOIWOW

SalT ‘T CTIVDANOW

fu([€:T ‘€:T ‘T]ANIDWOW)®SIeAUT -> [g:7

fh(CAamy ‘[e:T ‘T ‘TINIQI)USTMP . [€:T ¢

fLYINB 03% T

u:.ﬁ
[T1bsHIsSTiIdTLd
[T10SHISTlIad TV
[T10SHISTLIEdTY
-> [T]bshiszid
-> [T]0sHIsTig
-> [T10SHISITY
‘€T ‘TIVDIAWOW
€:T ‘T]ANIDWOW

4} ("LYIN®:T UT T) I0F
£4T000°0 -> [€ ‘€]XNIAI
ful€ ‘TI¥NAAI -> [2 ‘€1XNdAI
fule ‘TIXNIAI -> [T “€]1XNIAT

w0 —> [€ ‘T]XNIAI

fuT000°0 -> [ ‘T]X¥NAAI
fule ‘Tl¥NFAI -> [T ‘T]XNIaAI

00 => [€ ‘TIXNIAT
fu0 > _“N A.H“_vmz..mﬂu_”

fu1000°0 -> [T ‘TIXNAAI

40 -> [g]a
w0 > [2la
‘40 > [Tla

fu{u and

{pusy,
fu<T € TIAOW FIS>, 3nd

T

"

opy,
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and
and

{pusuwy,

‘unx



Appendix C

Empirical Study

C.1

Colony Forming Unit Count

Figure C.1: Observed and Fitted log(CFU) Count, Trial CL001, Treatment
Group TMC207 100 mg
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Figure C.2: Observed and Fitted log(CFU) Count, Trial CL001, Treatment
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Figure C.3: Observed and Fitted log(CFU) Count, Trial CL001, Treatment
Group TMC207 300 mg
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Figure C.4: Observed and Fitted log(CFU) Count, Trial CL001, Treatment
Group TMC207 400 mg
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Figure C.5: Observed and Fitted log(CFU) Count, Trial CL001, Treatment
Group Rifafour
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Figure C.6: Observed and Fitted log(CFU) Count, Trial CL0O07, Treatment
Group PA-824 200 mg
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Figure C.7: Observed and Fitted log(CFU) Count, Trial CL0O07, Treatment
Group PA-824 600 mg
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Figure C.8: Observed and Fitted log(CFU) Count, Trial CL0O07, Treatment
Group PA-824 1000 mg
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Figure C.9: Observed and Fitted log(CFU) Count, Trial CL0O07, Treatment

log(CFU) Count
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Figure C.10: Observed and Fitted log(CFU) Count, Trial CL007, Treatment
Group Rifafour

104 (B, FS, BI) 130 (B, FS, BI) 230 (B, FS, BI)
7 [o]
| O o °o 9 (2]
5 - o\k o o o O [}
+— ° ° ° o
5 34 °
o
S 1-
) 233 (B, FS, BI 268 (B, FS, BI ! ! ! ! !
6 ( ) ) ) ( ) ) ) 0 3 7 11 14
i
5 Sxa\o\o 8\\\4&\_&\1’_\0
[o] [e]
3_ [e]
1_
[ [ [ [ [ [ [ [ [ [
0o 3 7 11 140 3 7 11 14

Day
O Observed ——— Fitted



Appendix C. Empirical Study

339

Figure C.11: Observed and Fitted log(CFU) Count, Trial CL010, Treatment

log(CFU) Count
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Figure C.12: Observed and Fitted log(CFU) Count, Trial CL010, Treatment

log(CFU) Count
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Figure C.13: Observed and Fitted log(CFU) Count, Trial CL010, Treatment

log(CFU) Count
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Figure C.14: Observed and Fitted log(CFU) Count, Trial CL010, Treatment

log(CFU) Count
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Figure C.15: Observed and Fitted log(CFU) Count, Trial CL010, Treatment
Group Rifafour
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Figure C.16: Observed and Fitted log(CFU) Count, Trial NC001, Treatment
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Figure C.17: Observed and Fitted log(CFU) Count, Trial NC001, Treatment

log(CFU) Count
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Figure C.18: Observed and Fitted log(CFU) Count, Trial NC001, Treatment

log(CFU) Count
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Figure C.19: Observed and Fitted log(CFU) Count, Trial NC001, Treatment

log(CFU) Count
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Figure C.20: Observed and Fitted log(CFU) Count, Trial NC001, Treatment
Group Pa-Z-M
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Figure C.21: Observed and Fitted log(CFU) Count, Trial NC001, Treatment

log(CFU) Count
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Figure C.22: Observed and Fitted log(CFU) Count, Trial NC002 (EBA),
Treatment Group M-PA100-Z
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Figure C.23: Observed and Fitted log(CFU) Count, Trial NC002 (EBA),
Treatment Group M-PA200-Z
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Figure C.24: Observed and Fitted log(CFU) Count, Trial NC002 (EBA),
Treatment Group M-PA200-Z-MDR
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Figure C.25: Observed and Fitted log(CFU) Count, Trial NC002 (EBA),
Treatment Group Rifafour

log(CFU) Count
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Figure C.26: Observed and Fitted log(CFU) Count, Trial NC002 (“SSCC”),
Treatment Group M-PA100-Z
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Figure C.27: Observed and Fitted log(CFU) Count, Trial NC002 (“SSCC”),
Treatment Group M-PA200-Z
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Figure C.28: Observed and Fitted log(CFU) Count, Trial NC002 (“SSCC”),
Treatment Group M-PA200-Z-MDR
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Figure C.29: Observed and Fitted log(CFU) Count, Trial NC002 (“SSCC”),
Treatment Group Rifafour
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Figure C.30: Observed and Fitted log(CFU) Count, Trial NC003, Treatment
Group J-Pa-Z-C
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Figure C.31: Observed and Fitted log(CFU) Count, Trial NC003, Treatment

log(CFU) Count
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Figure C.32: Observed and Fitted log(CFU) Count, Trial NC003, Treatment
Group J-Pa-C
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Figure C.33: Observed and Fitted log(CFU) Count, Trial NC003, Treatment
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Figure C.34: Observed and Fitted log(CFU) Count, Trial NC003, Treatment
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Figure C.35: Observed and Fitted log(CFU) Count, Trial NC003, Treatment
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Figure C.36: Observed and Fitted log(CFU) Count, Trial NC003, Treatment
Group Rifafour
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C.2 Time to Positivity

Figure C.37: Observed and Fitted log(TTP), Trial CL001, Treatment Group
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Figure C.38: Observed and Fitted log(TTP), Trial CL001, Treatment Group
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Figure C.39: Observed and Fitted log(TTP), Trial CL001, Treatment Group
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Figure C.40: Observed and Fitted log(TTP), Trial CL001, Treatment Group
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Figure C.41: Observed and Fitted log(TTP), Trial CL001, Treatment Group
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Figure C.42: Observed and Fitted log(TTP), Trial CL007, Treatment Group
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Figure C.43: Observed and Fitted log(TTP), Trial CL007, Treatment Group
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Figure C.44: Observed and Fitted log(TTP), Trial CL007, Treatment Group
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Figure C.45: Observed and Fitted log(TTP), Trial CL007, Treatment Group
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Figure C.46: Observed and Fitted log(TTP), Trial CL0O07, Treatment Group
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Figure C.47: Observed and Fitted log(TTP), Trial CL010, Treatment Group
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Figure C.48: Observed and Fitted log(TTP), Trial CL010, Treatment Group
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Figure C.49: Observed and Fitted log(TTP), Trial CL010, Treatment Group
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Figure C.50: Observed and Fitted log(TTP), Trial CL010, Treatment Group
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Figure C.51: Observed and Fitted log(TTP), Trial CL010, Treatment Group
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Figure C.52: Observed and Fitted log(TTP), Trial CL010, Treatment Group
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Figure C.53: Observed and Fitted log(TTP), Trial NC001, Treatment Group

log(TTP)

2.6 |
2.0
1.4
0.8
0.2

2.6 |
2.0
1.4
0.8
0.2

2.6 |
2.0
1.4
0.8
0.2

2.6 |
2.0
1.4
0.8
0.2

2.6 |
2.0
1.4
0.8

0.2

J
001005002 (L) 001011006 (L) 001018021 (L)
o
60go00oeoes0o 09°| o so00 o000 o_e_o_e———o—o—ﬂ";‘o_n—f’_t’_o—o
001024026 (B, FS, BI) 001028030 (L) 001038036 (L)
W G-9—'57-c;—9—o—o"a";—0—9_3’0—0J 8__,;_9.9-@.—9—9—9—0—0—9—0"9‘?‘0
001043039 (L) 001044040 (L) 001053053 (L)
W M
W 5
001068068 (L) 002001011 (B, SF, BI) 002008012 (B, SF, BI)
WWQUODOUODnAAGX
I I I I I
002052048 (L 002067061 (L
(L) (L) 0 3 7 11 14
o
G_e_e_e_e—e—c—Q—e—e—o’e'o'g—b
W‘eio—u—e—ﬂ—e—o—mo
I I I I [ I I I I
0 3 7 11 140 3 7 11 14
Day
O Observed Fitted



Appendix C. Empirical Study

381

Figure C.54: Observed and Fitted log(TTP), Trial NC001, Treatment Group
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Figure C.55: Observed and Fitted log(TTP), Trial NC001, Treatment Group
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Figure C.56: Observed and Fitted log(TTP), Trial NC001, Treatment Group
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Figure C.57: Observed and Fitted log(TTP), Trial NC001, Treatment Group
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Figure C.58: Observed and Fitted log(TTP), Trial NC001, Treatment Group

log(TTP)
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Figure C.59: Observed and Fitted log(TTP), Trial NC002 (EBA), Treatment
Group M-PA100-Z

log(TTP)

2S004E (B, FS, BI)

2S009E (L)

2S017E (B, FS, BM)

2.6 |
2.0
1.4
0.8
0.2

w

e

g

2S028E (L)

2S034E (L)

2S037E (B, FS, BM)

2.6 |
2.0
1.4
0.8
0.2

e

M’W

e

2S064E (B, SF, BI)

2S090E (L)

7S015E (B, FS, BM)

2.6 |
2.0
1.4
0.8
0.2

o
[elie]

pone—

7S018E (B, SF, BI)

7S024E (B, SF, BI)

2.6 |
2.0
1.4
0.8
0.2

M

T T T T T
11

0 3 7 11 14
oo-e0—0 7 40/0/0
T T T T T
14 0 3 7 11 14
Day
O Observed Fitted



Appendix C. Empirical Study

387

Figure C.60: Observed and Fitted log(TTP), Trial NC002 (EBA), Treatment
Group M-PA200-Z

log(TTP)
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Figure C.61: Observed and Fitted log(TTP), Trial NC002 (EBA), Treatment
Group M-PA200-Z-MDR

log(TTP)
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Figure C.62: Observed and Fitted log(TTP), Trial NC002 (EBA), Treatment

log(TTP)

Group Rifafour

2S007E (B, FS, BI)

2S014E (B, FS, BI)

2S018E (B, FS, BI)

2.6 |
2.0
1.4
0.8
0.2

P

e

W

2S027E (B, FS, BM)

2S041E (B, FS, BI)

2S050E (B, FS, BM)

2.6 |
2.0
1.4
0.8
0.2

R

e

JUUIDERENE

2S093E (B, FS, BM)

2S094E (B, FS, BI)

7S017E (L)

2.6 |
2.0
1.4
0.8

0.2

O Observed

14 0 3 7

Day

14 0 3

~

11 14

Fitted



Appendix C. Empirical Study

390

Figure C.63: Observed and Fitted log(TTP), Trial NC002 (“SSCC”), Treat-
ment Group M-PA100-Z

log(TTP)
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Figure C.64: Observed and Fitted log(TTP), Trial NC002 (“SSCC”), Treat-
ment Group M-PA200-Z

log(TTP)
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Figure C.65: Observed and Fitted log(TTP), Trial NC002 (“SSCC”), Treat-
ment Group M-PA200-Z-MDR

log(TTP)
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Figure C.66: Observed and Fitted log(TTP), Trial NC002 (“SSCC”), Treat-
ment Group Rifafour

log(TTP)
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Figure C.67: Observed and Fitted log(TTP), Trial NC002 (“SSCC”), Treat-
ment Group Rifafour

log(TTP)
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Figure C.68: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)
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Figure C.69: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)
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Figure C.70: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)
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Figure C.71: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)

J-Z-C

001004034 (L)

001016045 (L)

001026056 (L)

2.6 |
2.0
1.4
0.8
0.2

oo-o-0eo ST eI

e—e—D—D-U—O'e‘U‘Q—O_GTD_TO

001044095 (B, FS, BI)

001056106 (L)

2.6 |
2.0
1.4
0.8
0.2

g2 0o 5o ——ooveoele
o

o____%_,.o_e-e—s’—e—o—o—c—ﬂ—u

[°]

2.6 |
2.0
1.4
0.8
0.2

001063144 (L) 002016017 (L) 002018022 (B, FS, BI)
° o
B_O—W W e © o 979

002030073 (L)

002040083 (B, FS, BM)

002068127 (L)

2.6 |
2.0
1.4
0.8
0.2

M

S

002069131 (L)

002087155 (B, FS, BI)

2.6 |
2.0
1.4
0.8

0.2

W

e SRR

T T T T T
11

O Observed

14 0 3 7

T T T T T
11 14

Day

11 14

Fitted



Appendix C. Empirical Study

398

Figure C.72: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)
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Figure C.73: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)
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Figure C.74: Observed and Fitted log(TTP), Trial NC003, Treatment Group

log(TTP)
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D.1 Colony Forming Unit Count

D.1.1 NCO001 Trial

Figure D.1: Observed and Fitted log(CFU) Count, Treatment Group J
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Figure D.2: Observed and Fitted log(CFU) Count, Treatment Group J-Z
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Figure D.3: Observed and Fitted log(CFU) Count, Treatment Group J-Pa
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Figure D.4: Observed and Fitted log(CFU) Count, Treatment Group Pa-Z
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Figure D.5: Observed and Fitted log(CFU) Count, Treatment Group Pa-Z-M
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Figure D.6: Observed and Fitted log(CFU) Count, Treatment Group Rifafour
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Figure D.7: Observed and Fitted log(CFU) Count, Treatment Group J-Pa-Z-C
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Figure D.8: Observed and Fitted log(CFU) Count, Treatment Group J-Pa-Z
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Figure D.9: Observed and Fitted log(CFU) Count, Treatment Group J-Pa-C
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Figure D.10: Observed and Fitted log(CFU) Count, Treatment Group J-Z-C
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Figure D.11: Observed and Fitted log(CFU) Count, Treatment Group Z
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Figure D.12: Observed and Fitted log(CFU) Count, Treatment Group C
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Figure D.13: Observed and Fitted log(CFU) Count, Treatment Group Rifafour
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D.2 Time to Positivity

D.2.1

NCO001 Trial

Figure D.14: Observed and Fitted log(TTP), Treatment Group J

log(TTP)
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Figure D.15: Observed and Fitted log(TTP), Treatment Group J-Z
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Figure D.16: Observed and Fitted log(TTP), Treatment Group J-Pa
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Figure D.17: Observed and Fitted log(TTP), Treatment Group Pa-Z
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Figure D.18: Observed and Fitted log(TTP), Treatment Group Pa-Z-M
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Figure D.19: Observed and Fitted log(TTP), Treatment Group Rifafour
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Figure D.20: Observed and Fitted log(TTP), Treatment Group J-Pa-Z-C
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Figure D.21: Observed and Fitted log(TTP), Treatment Group J-Pa-Z
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Figure D.22: Observed and Fitted log(TTP), Treatment Group J-Pa-C
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Figure D.23: Observed and Fitted log(TTP), Treatment Group J-Z-C

log(TTP)

log(TTP)

001004034 001016045 001026056 001029061 001044095
2.8
20552 Cveeeley
2.2 -| geonlsgregtoneo W 060,000 | geoeeltuoeeess ©
1.6
1_
001056106 001063144 002016017 002018022 002030073
2.8 - . .
2'2_W M ooegeedeseesen® e ° Boegeeuelue®?®
1.6
1_
T T T 1
002040083 002068127 002069131 002087155 0 3 6 9 12
2.8 o
Q,Q_MM e_gge.eeQ-o-o-s“““% W W
1.6
1_
T T T T T T T T T T T T T T T T T T 1
0 3 6 912 0 3 6 912 0 3 6 9 12 0 3 6 9 12
Day
Observed: O Uncensored + Censored X Outlier/Sparse
Fitted: By-Patient Joint Bayesian NLME
Figure D.24: Observed and Fitted log(TTP), Treatment Group Z
001002033 001013042 001025055 001036066 001042094
2.8 - *
2.2—&539—-“35“39&060 oecaﬂnc-e-c'oe'gec‘o W@D geloosegecoleco 506000008080
1.6
1_
001049102 001059141 002002011 002027027 002032074
2.8
2.2 - S 600 o o | e%° ° 0000000080800 0005e0etleelol
1.6 °
1_
002042085 002054116 002062123 002080137 002082152
2.8 - .
2.2 B-C;GQGDW oQeelegele—0e0 ov2Rene0e050ey0
Boe0e00eteecled | 0 oeeeUT00 OUTTO
1.6
1_

T T T T T T T T T T T T T T T T T T T T T T T 1
0 36 912 0 3 6 912 0 3 6 912 0 3 6 9 12 0 3 6 9 12
Day
Observed: O Uncensored + Censored X Outlier/Sparse

Fitted:

By-Patient

Joint Bayesian NLME




Appendix D. Profile Plots

414

Figure D.25: Observed and Fitted log(TTP), Treatment Group C
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Figure D.26: Observed and Fitted log(TTP), Treatment Group Rifafour
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Appendix E

Additional Results: Colony

Forming Unit Count

E.1 NCO001 Trial

E.1.1 Differential Hyperbolic Tangent Regression Model

Model 1.2: Residuals: Normal
Random Coefficients: Normal, Fixed Smoothness
Covariance Matrix: “Default” Wishart

Table E.1: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t2)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA, (0 — 14) J (N=15) 15 0.076 [0.017; 0.141] —0.065 [-0.176; 0.046]
J-Z (N=15) 15 0.136  [0.067; 0.208] —0.006 [-0.122; 0.110]
J-Pa (N=15) 15 0.101 [0.056; 0.146] —0.040 [-0.143; 0.062]
Pa-Z (N=15) 15 0.152  [0.099; 0.204] 0.011 [-0.098; 0.119]
Pa-Z-M (N=15) 15 0.245  [0.086; 0.418] 0.104 [-0.080; 0.298]
Rifafour (N=10) 10 0.141 [0.048; 0.233]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢1 — t2): Daily rate of change in
log(CFU) count from Day ¢; to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.
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Table E.1: Posterior Estimates and Corresponding 95% BClIs for EBA;(t; — t2)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 2) J (N=15) 15 0.003  [-0.082; 0.086] —0.157 [-0.328; 0.008]
J-Z (N=15) 15 0.084  [-0.028; 0.192] —0.076 [-0.265; 0.104]
J-Pa (N=15) 15 0.105  [0.020; 0.187] —0.056 [-0.227; 0.106]
Pa-Z (N=15) 15 0.179 [0.083; 0.277]  0.019 [-0.160; 0.192]
Pa-Z-M (N=15) 15 0.316 [0.171; 0.461] 0.155 [-0.056; 0.357]
Rifafour (N=10) 10 0.160 [0.017; 0.312]

EBA;(2 — 14) J (N=15) 15 0.088  [0.026; 0.166] —0.050 [-0.177; 0.084]
J-7 (N=15) 15 0.144  [0.065; 0.231] 0.006 [-0.130; 0.146]
J-Pa (N=15) 15 0.101 [0.053; 0.147] —0.037 [-0.158; 0.082]
Pa-Z (N=15) 15 0.147  [0.090; 0.201]  0.009 [-0.114; 0.133]
Pa-Z-M (N=15) 15 0.234 [0.044; 0.439]  0.096 [-0.121; 0.325]
Rifafour (N=10) 10 0.138 [0.027; 0.247]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢1 — t2): Daily rate of change in

log(CFU) count from Day t1 to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.
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Figure E.1: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.3: Residuals: Normal
Random Coefficients: Normal

Covariance Matrix: “Frequentist” Wishart

Table E.2: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.075 [0.018; 0.140] —0.069 [-0.169; 0.033]
J-Z (N=15) 15 0.142 [0.079; 0.206] —0.002 [-0.106; 0.102]
J-Pa (N=15) 15 0.103 [0.065; 0.141] —0.041 [-0.132; 0.049]
Pa-Z (N=15) 15 0.152 [0.108; 0.196] 0.008 [-0.086; 0.101]
Pa-Z-M (N=15) 15 0.235 [0.110; 0.363] 0.092 [-0.055; 0.242]
Rifafour (N=10) 10 0.144 [0.063; 0.227]

EBA;(0—2) J(N=15) 15-0.001 [-0.075; 0.072] —0.154 [-0.289; -0.029]
J-Z (N=15) 15 0.098 [0.011; 0.181] —0.054 [-0.196; 0.077]
J-Pa (N=15) 15 0.108 [0.033; 0.181] —0.045 [-0.181; 0.078]
Pa-Z (N=15) 15 0.179 [0.100; 0.261] 0.027 [-0.112; 0.156]
Pa-Z-M (N=15) 15 0.340 [0.221; 0.461] 0.187 [0.025; 0.344]
Rifafour (N=10) 10 0.153 [0.052; 0.268]

EBA;(2 —14) J (N=15) 15 0.087 [0.028; 0.165] —0.055 [-0.162; 0.060]
J-Z (N=15) 15 0.150 [0.083; 0.219] 0.007 [-0.104; 0.120]
J-Pa (N=15) 15 0.102 [0.063; 0.141] —0.040 [-0.138; 0.057]
Pa-Z (N=15) 15 0.147 [0.099; 0.192] 0.005 [-0.096; 0.105]
Pa-Z-M (N=15) 15 0.218 [0.083; 0.353] 0.076 [-0.082; 0.235]
Rifafour (N=10) 10 0.142 [0.053; 0.233]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.2: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.4: Residuals: Skew Normal
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.3: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.068 [0.012; 0.128] —0.070 [-0.181; 0.042]
J-Z (N=15) 15 0.127 [0.059; 0.199] —0.011 [-0.128; 0.106]
J-Pa (N=15) 15 0.104 [0.059; 0.150] —0.034 [-0.140; 0.072]
Pa-Z (N=15) 15 0.151 0.097; 0.202]  0.012 [-0.096; 0.121]
Pa-Z-M (N=15) 15 0.252 [0.085; 0.438] 0.114 [-0.080; 0.321]
Rifafour (N=10) 10 0.139 [0.042; 0.234]

EBA;(0—2) J(N=15) 15 0.006 [-0.080; 0.091] —0.154 [-0.326; 0.013]
J-Z (N=15) 15 0.071 [-0.045; 0.182] —0.089 [-0.277; 0.094]
J-Pa (N=15) 15 0.110 [0.024; 0.194] —0.051 [-0.220; 0.115]
Pa-Z (N=15) 15 0.175 [0.080; 0.271] 0.015 [-0.162; 0.185]
Pa-Z-M (N=15) 15 0.331 [0.180; 0.482] 0.170 [-0.040; 0.379]
Rifafour (N=10) 10 0.160 [0.017; 0.311]

EBA;(2 —14) J (N=15) 15 0.079 [0.021; 0.148] —0.056 [-0.183; 0.075]
J-Z (N=15) 15 0.137 [0.056; 0.222] 0.002 [-0.135; 0.141]
J-Pa (N=15) 15 0.103 [0.056; 0.150] —0.032 [-0.152; 0.092]
Pa-Z (N=15) 15 0.146 0.090; 0.200]  0.011 [-0.112; 0.137]
Pa-Z-M (N=15) 15 0.239 [0.039; 0.458] 0.104 [-0.122; 0.348]
Rifafour (N=10) 10 0.135 [0.020; 0.245]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.3: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.5: Residuals: Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.4: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.074 [0.010; 0.145] —0.073 [-0.185; 0.042]
J-Z (N=15) 15 0.133 [0.065; 0.204] —0.013 [-0.128; 0.101]
J-Pa (N=15) 15 0.101 [0.056; 0.146] —0.045 [-0.147; 0.055]
Pa-Z (N=15) 15 0.154 [0.100; 0.207] 0.007 [-0.098; 0.113]
Pa-Z-M (N=15) 15 0.248 [0.087; 0.430] 0.102 [-0.082; 0.304]
Rifafour (N=10) 10 0.146 [0.055; 0.238]

EBA;(0—2) J(N=15) 15-0.002 [-0.086; 0.084] —0.156 [-0.316; 0.000]
J-Z (N=15) 15 0.069 [-0.038; 0.170] —0.085 [-0.254; 0.081]
J-Pa (N=15) 15 0.105 [0.019; 0.187] —0.049 [-0.210; 0.105]
Pa-Z (N=15) 15 0.179 [0.079; 0.277] 0.025 [-0.142; 0.187]
Pa-Z-M (N=15) 15 0.313 [0.164; 0.460] 0.159 [-0.040; 0.355]
Rifafour (N=10) 10 0.154 0.021; 0.290]

EBA;(2 —14) J (N=15) 15 0.086 [0.019; 0.170] —0.059 [-0.185; 0.075]
J-Z (N=15) 15 0.144 [0.066; 0.229] —0.001 [-0.132; 0.133]
J-Pa (N=15) 15 0.100 [0.053; 0.148] —0.044 [-0.160; 0.072]
Pa-Z (N=15) 15 0.149 0.093; 0.203]  0.004 [-0.114; 0.124]
Pa-Z-M (N=15) 15 0.238 [0.046; 0.455] 0.093 [-0.124; 0.330]
Rifafour (N=10) 10 0.145 [0.037; 0.251]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.4: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.6: Residuals: Student t
Random Coefficients: Normal

Covariance Matrix: “Frequentist” Wishart

Table E.5: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.072 [0.012; 0.141] —0.077 [-0.180; 0.028]
J-Z (N=15) 15 0.137 [0.073; 0.203] —0.011 [-0.114; 0.092]
J-Pa (N=15) 15 0.102 [0.064; 0.141] —0.046 [-0.138; 0.043]
Pa-Z (N=15) 15 0.153 [0.110; 0.198] 0.005 [-0.089; 0.097]
Pa-Z-M (N=15) 15 0.236 [0.109; 0.364] 0.087 [-0.063; 0.238]
Rifafour (N=10) 10 0.149 [0.067; 0.232]

EBA;(0—2) J(N=15) 15-0.006 [-0.081; 0.069] —0.157 [-0.279; -0.041]
J-Z (N=15) 15 0.079 [0.000; 0.155] —0.072 [-0.196; 0.047]
J-Pa (N=15) 15 0.108 [0.033; 0.183] —0.042 [-0.167; 0.075]
Pa-Z (N=15) 15 0.180 [0.098; 0.261] 0.029 [-0.097; 0.150]
Pa-Z-M (N=15) 15 0.341 [0.221; 0.463] 0.190 [0.037; 0.343]
Rifafour (N=10) 10 0.151 [0.060; 0.248]

EBA;(2 —14) J (N=15) 15 0.085 [0.021; 0.166] —0.063 [-0.176; 0.055]
J-Z (N=15) 15 0.147 [0.079; 0.218] —0.001 [-0.113; 0.111]
J-Pa (N=15) 15 0.101 [0.061; 0.141] —0.047 [-0.146; 0.049]
Pa-Z (N=15) 15 0.149 0.102; 0.194]  0.001 [-0.100; 0.101]
Pa-Z-M (N=15) 15 0.218 [0.083; 0.355] 0.070 [-0.091; 0.232]
Rifafour (N=10) 10 0.148 [0.059; 0.239]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.5: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.7: Residuals: Student t
Random Coefficients: Student t
Covariance Matrix: “Default” Wishart

Table E.6: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.073 [0.011; 0.143] —0.071 [-0.182; 0.043]
J-Z (N=15) 15 0.131 [0.064; 0.204] —0.013 [-0.128; 0.103]
J-Pa (N=15) 15 0.101 [0.057; 0.145] —0.043 [-0.145; 0.058]
Pa-Z (N=15) 15 0.153 [0.101; 0.207] 0.008 [-0.096; 0.113]
Pa-Z-M (N=15) 15 0.230 [0.080; 0.400] 0.085 [-0.091; 0.275]
Rifafour (N=10) 10 0.145 [0.052; 0.237]

EBA;(0—2) J(N=15) 15 0.000 [-0.088; 0.085] —0.154 [-0.315; 0.003]
J-Z (N=15) 15 0.070 [-0.036; 0.174] —0.084 [-0.256; 0.081]
J-Pa (N=15) 15 0.106 [0.020; 0.187] —0.048 [-0.206; 0.107]
Pa-Z (N=15) 15 0.179 [0.081; 0.277] 0.024 [-0.141; 0.189]
Pa-Z-M (N=15) 15 0.314 [0.170; 0.457] 0.160 [-0.036; 0.355]
Rifafour (N=10) 10 0.154 [0.021; 0.290]

EBA;(2 —14) J (N=15) 15 0.086 [0.020; 0.167] —0.058 [-0.182; 0.074]
J-Z (N=15) 15 0.142 [0.065; 0.227] —0.002 [-0.132; 0.134]
J-Pa (N=15) 15 0.101 [0.054; 0.147] —0.043 [-0.158; 0.076]
Pa-Z (N=15) 15 0.149 0.093; 0.202]  0.006 [-0.112; 0.125]
Pa-Z-M (N=15) 15 0.216 [0.040; 0.417] 0.073 [-0.131; 0.293]
Rifafour (N=10) 10 0.143 [0.035; 0.248]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.6: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.8: Residuals: Student t
Random Coefficients: Skew Normal
Covariance Matrix: “Default” Wishart

Table E.7: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.073 [0.002; 0.151] —0.076 [-0.213; 0.059]
J-Z (N=15) 15 0.136 [0.059; 0.219] —0.014 [-0.152; 0.125]
J-Pa (N=15) 15 0.101 [0.051; 0.151] —0.049 [-0.176; 0.077]
Pa-Z (N=15) 15 0.153 [0.094; 0.213] 0.004 [-0.125; 0.135]
Pa-Z-M (N=15) 15 0.254 [0.089; 0.434] 0.105 [-0.097; 0.318]
Rifafour (N=10) 10 0.149 [0.034; 0.267]

EBA;(0—2) J(N=15) 15-0.005 [-0.104; 0.094] —0.165 [-0.358; 0.027]
J-Z (N=15) 15 0.073 [-0.046; 0.189] —0.087 [-0.292; 0.115]
J-Pa (N=15) 15 0.104 [0.013; 0.192] —0.055 [-0.247; 0.134]
Pa-Z (N=15) 15 0.178 [0.071; 0.287] 0.018 [-0.182; 0.216]
Pa-Z-M (N=15) 15 0.332 [0.163; 0.510] 0.172 [-0.068; 0.412]
Rifafour (N=10) 10 0.160 [-0.007; 0.329]

EBA;(2 —14) J (N=15) 15 0.086 [0.012; 0.176] —0.062 [-0.213; 0.092]
J-Z (N=15) 15 0.146 [0.059; 0.244] —0.001 [-0.157; 0.158]
J-Pa (N=15) 15 0.100 [0.047; 0.153] —0.048 [-0.188; 0.093]
Pa-Z (N=15) 15 0.149 [0.086; 0.210]  0.002 [-0.141; 0.146]
Pa-Z-M (N=15) 15 0.241 [0.048; 0.446] 0.093 [-0.139; 0.339]
Rifafour (N=10) 10 0.148 [0.018; 0.278]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.7: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.9: Residuals: Skew Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.8: Posterior Estimates and Corresponding 95% BCls for EBA;(t; — t3)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J (N=15) 15 0.069 [0.010; 0.135] —0.074 [-0.184; 0.041]
J-Z (N=15) 15 0.129 [0.062; 0.199] —0.014 [-0.128; 0.102]
J-Pa (N=15) 15 0.103 [0.058; 0.149] —0.040 [-0.142; 0.064]
Pa-Z (N=15) 15 0.152 [0.099; 0.204] 0.009 [-0.096; 0.117]
Pa-Z-M (N=15) 15 0.252 [0.085; 0.436] 0.109 [-0.082; 0.314]
Rifafour (N=10) 10 0.143 [0.049; 0.236]

EBA;(0—2) J(N=15) 15 0.003 [-0.084; 0.090] —0.154 [-0.316; 0.006]
J-Z (N=15) 15 0.068 [-0.039; 0.174] —0.088 [-0.263; 0.082]
J-Pa (N=15) 15 0.109 [0.023; 0.192] —0.048 [-0.213; 0.110]
Pa-Z (N=15) 15 0.177 [0.081; 0.272] 0.020 [-0.147; 0.186]
Pa-Z-M (N=15) 15 0.330 [0.181; 0.481] 0.173 [-0.028; 0.375]
Rifafour (N=10) 10 0.157 [0.019; 0.298]

EBA;(2 —14) J (N=15) 15 0.080 [0.019; 0.158] —0.060 [-0.185; 0.074]
J-Z (N=15) 15 0.139 [0.062; 0.224] —0.002 [-0.133; 0.137]
J-Pa (N=15) 15 0.102 [0.055; 0.149] —0.038 [-0.154; 0.082]
Pa-Z (N=15) 15 0.148 [0.092; 0.200] 0.007 [-0.112; 0.130]
Pa-Z-M (N=15) 15 0.238 [0.043; 0.456] 0.098 [-0.124; 0.339]
Rifafour (N=10) 10 0.141 [0.030; 0.248]

Note: BCL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.8: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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E.1.2 Other Regression Models

E.1.2.1 Linear Regression Model

Model 2.1: Residuals: Normal
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.9: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

o J (N=15) 15 6.115 [5.550; 6.670]
J-Z (N=15) 15 6.033 [5.639; 6.425]
J-Pa (N=15) 15 6.528 [5.976; 7.080]
Pa-Z (N=15) 15 5.852 [5.333; 6.378]
Pa-Z-M (N=15) 15 5.698 [5.094; 6.301]
Rifafour (N=10) 10 5.463 [4.980; 5.945]

Aj J (N=15) 15 0.062 [0.019; 0.104]
J-Z (N=15) 15 0.141 [0.081; 0.201]
J-Pa (N=15) 15 0.103 [0.071; 0.136]
Pa-Z (N=15) 15 0.158 [0.121; 0.194]
Pa-Z-M (N=15) 15 0.256 [0.166; 0.351]
Rifafour (N=10) 10 0.142 [0.067; 0.216]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.9: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 2.2: Residuals: Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.10: Posterior Estimates and Corresponding 95% BClIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

o J (N=15) 15 6.080 [65.511; 6.650]
J-Z (N=15) 15 6.024 [5.626; 6.415]
J-Pa (N=15) 15 6.532 [5.976; 7.086]
Pa-Z (N=15) 15 5.862 [5.333; 6.385]
Pa-Z-M (N=15) 15 5.697 [5.087; 6.311]
Rifafour (N=10) 10 5.491 [5.010; 5.966]

Aj J (N=15) 15 0.051 [0.007; 0.095]
J-Z (N=15) 15 0.134  [0.074; 0.194]
J-Pa (N=15) 15 0.103 [0.070; 0.136]
Pa-Z (N=15) 15 0.158 [0.121; 0.195]
Pa-Z-M (N=15) 15 0.256 [0.165; 0.351]
Rifafour (N=10) 10 0.145  [0.072; 0.219]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.10: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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E.1.2.2 Conventional Bilinear Regression Model

Model 3.1: Residuals: Normal
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.11: Posterior Estimates and Corresponding 95% BClIs for EBA (t1 —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) J (N=15) 15 0.076  [0.017; 0.143] —0.066 0.177; 0.046]
J-7 (N=15) 15 0134  [0.066; 0.207] —0.008 -0.125; 0.108]
J-Pa (N=15) 15 0.101 [0.057; 0.145] —0.042 [-0.146; 0.062]
PaZ (N=15) 15 0.152  [0.100; 0.202] 0.009 0.097; 0.115]
Pa-Z-M (N=15) 15 0.242  [0.083; 0.409] 0.100 -0.088; 0.288]
Rifafour (N=10) 10 0.143 [0.050; 0.237]

EBA;(0—2) J (N=15) 15 0.006  [-0.077; 0.090] —0.160 [0.342; 0.008]
J-Z (N=15) 15 0.084  [-0.032; 0.195] —0.082 0.279; 0.103]
J-Pa (N=15) 15 0.104 [0.021; 0.184] —0.062 [-0.244; 0.104]
PaZ (N=15) 15 0.177  [0.084; 0.272] 0.011 0.175; 0.185]
Pa-Z-M (N=15) 15 0.322 [0.180; 0.463] 0.155 [-0.058; 0.359]
Rifafour (N=10) 10 0.167 [0.019; 0.330]

EBA;(2 — 14) J (N=15) 15 0.088  [0.027; 0.167] —0.051 -0.176; 0.083]
J-Z (N=15) 15 0.143  [0.065; 0.229] 0.004 0.131; 0.142]
J-Pa (N=15) 15 0.101 [0.055; 0.147] —0.038 [-0.158; 0.083]
PaZ (N=15) 15 0.147  [0.092; 0.199] 0.008 -0.114; 0.132]
Pa-Z-M (N=15) 15 0.229  [0.040; 0.426] 0.090 -0.129; 0.312]
Rifafour (N=10) 10 0.139 [0.026; 0.248]

Note: BCIL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Table E.12: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
aj J (N=15) 15 5.982 [5.368; 6.597]
J-Z (N=15) 15 5.939 [5.442; 6.436]
J-Pa (N=15) 15 6.532 [5.893; 7.152]
Pa-Z (N=15) 15 5.913 [5.359; 6.465]
Pa-Z-M (N=15) 15 5.847 [5.129; 6.565]
Rifafour (N=10) 10 5.497 [4.893; 6.099]
B1j J (N=15) 15 0.087 [0.040; 0.136]
J-Z (N=15) 15 0.121 [0.060; 0.181]
J-Pa (N=15) 15 0.100 [0.059; 0.141]
Pa-Z (N=15) 15 0.148 [0.100; 0.196]
Pa-Z-M (N=15) 15 0.259 [0.135; 0.387]
Rifafour (N=10) 10 0.152 [0.072; 0.236]
A1 J (N=15) 15 0.006 [-0.077; 0.090]
J-Z (N=15) 15 0.084 [-0.032; 0.195]
J-Pa (N=15) 15 0.104 [0.021; 0.184]
Pa-Z (N=15) 15 0.177 [0.084; 0.272]
Pa-Z-M (N=15) 15 0.322 [0.180; 0.463]
Rifafour (N=10) 10 0.167 [0.019; 0.330]
B2 J (N=15) 15 0.080 [0.002; 0.162]
J-Z (N=15) 15 0.037 [-0.054; 0.129]
J-Pa (N=15) 15 —0.004 [-0.076; 0.070]
Pa-Z (N=15) 15 —0.030 [-0.113; 0.053]
Pa-Z-M (N=15) 15 —0.063 [-0.222; 0.102]
Rifafour (N=10) 10  —0.014 [-0.139; 0.107]
Azj J (N=15) 15 0.167 [0.071; 0.272]
J-Z (N=15) 15 0.158 [0.053; 0.261]
J-Pa (N=15) 15 0.096 [0.012; 0.184]
Pa-Z (N=15) 15 0.118 [0.016; 0.213]
Pa-Z-M (N=15) 15 0.196 [-0.054; 0.456]
Rifafour (N=10) 10 0.138 [-0.003; 0.284]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.11: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Table E.12: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

K J (N=15) 15 7.875 [3.037; 10.860]
J-Z (N=15) 15 4.743 [2.079; 10.260]
J-Pa (N=15) 15 7.575 [2.688; 10.820]
Pa-Z (N=15) 15 7.664 [2.530; 10.860]
Pa-Z-M (N=15) 15 4.824 [2.108; 9.905]
Rifafour (N=10) 10 4.557 [2.062; 10.180]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Model 3.2: Residuals: Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.13: Posterior Estimates and Corresponding 95% BClIs for EBA(t1 —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J(N=15) 15 0.074 [0.011; 0.145] —0.073 [-0.183; 0.043]
J-Z (N=15) 15 0.133 [0.066; 0.204] —0.014 [-0.127; 0.101]
J-Pa (N=15) 15 0.101 [0.057; 0.146] —0.046 [-0.147; 0.057]
Pa-Z (N=15) 15 0.153 [0.102; 0.206] 0.006 [-0.099; 0.111]
Pa-Z-M (N=15) 15 0.243 [0.084; 0.410] 0.096 [-0.086; 0.285]
Rifafour (N=10) 10 0.147 [0.054; 0.238]

EBA;(0—2) J(N=15) 15 0.001 [-0.083; 0.086] —0.155 [-0.318; 0.003]
J-Z (N=15) 15 0.071 [-0.036; 0.174] —0.085 [-0.256; 0.083]
J-Pa (N=15) 15 0.105 [0.020; 0.185] —0.051 [-0.215; 0.107]
Pa-Z (N=15) 15 0.178 [0.083; 0.272] 0.022 [-0.146; 0.187]
Pa-Z-M (N=15) 15 0.321 [0.178; 0.468] 0.166 [-0.034; 0.363]
Rifafour (N=10) 10 0.156 [0.023; 0.296]

EBA;(2 —14) J (N=15) 15 0.086 [0.021; 0.170] —0.059 [-0.184; 0.076]
J-Z (N=15) 15 0.144 [0.066; 0.227] —0.002 [-0.134; 0.133]
J-Pa (N=15) 15 0.101 [0.054; 0.147] —0.045 [-0.159; 0.073]
Pa-Z (N=15) 15 0.149 0.095; 0.201]  0.004 [-0.115; 0.121]
Pa-Z-M (N=15) 15 0.229 [0.042; 0.427] 0.084 [-0.128; 0.300]
Rifafour (N=10) 10 0.145 [0.037; 0.251]

Note: BCIL: Bayesian credibility interval; CFU: Colony forming unit; EBA(¢; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.12: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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E.2 NC002 (“SSCC”) Trial

Differential Hyperbolic Tangent Regression Model

Model 1.6: Residuals: Student t
Random Coefficients: Normal

Covariance Matrix: “Frequentist” Wishart

Table E.14: Posterior Estimates and Corresponding 95% BCIs for BA;(t; — t3)

Difference vs Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

BA,(0 — 56) M-PA100-Z (N=60) 56 0.146  [0.123;0.170]  0.028 [-0.003; 0.060]
M-PA200-Z (N=61) 54 0171  [0.147; 0.197]  0.053 [0.022; 0.087]
M-PA200-Z-MDR, (N=26) 9 0.110 [0.036; 0.203] —0.008 [-0.084; 0.085]
Rifafour (N=>59) 54 0.118 [0.096; 0.140]

BA;(7 — 56) M-PA100-Z (N=60) 56 0.132  [0.106; 0.159]  0.018 [-0.017; 0.054]
M-PA200-Z (N=61) 54 0.166  [0.138;0.197]  0.052 [0.016; 0.091]
M-PA200-Z-MDR, (N=26) 9 0.098 [0.019; 0.200] —0.015 [-0.098; 0.088]
Rifafour (N=59) 54 0.113  [0.090; 0.139]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; BA(t; — t3): Daily rate of
change in log(CFU) count from Day t; to Day to. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.13: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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E.3 NCO003 Trial

E.3.1 Differential Hyperbolic Tangent Regression Model

Model 1.5:

Table E.15:

Residuals: Student t
Random Coefficients: Normal

Covariance Matrix: “Default” Wishart

Posterior Estimates and Corresponding 95% BCls for EBA,(t; —t2)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) J-Pa-Z-C (N=14) 14 0.115 [0.053; 0.178] —0.019 [-0.113; 0.073]
J-Pa-Z (N=14) 12 0.164 [0.063; 0.276] 0.029 [-0.095; 0.158]
J-Pa-C (N=15) 15 0.087  [0.024; 0.151] —0.047 [-0.142; 0.046]
J-72-C (N=14) 14 0.073 [0.004; 0.142] —0.062 [-0.160; 0.035]
Z (N=15) 15 0.038 [-0.012; 0.087] —0.096 [-0.183; -0.013]
C (N=15) 14—-0.023 [-0.070; 0.023] —0.157 [-0.243; -0.075]
Rifafour (N=15) 15 0.134  [0.066; 0.206]

EBA, (0 — 2) J-Pa-Z-C (N=14) 14 0.153 [0.050; 0.265]  0.037 [-0.113; 0.190]
J-Pa-Z (N=14) 12 0.161  [-0.016; 0.339] 0.045 [-0.160; 0.252]
J-Pa-C (N=15) 15 0.069 [-0.042; 0.177] —0.047 [-0.201; 0.104]
J-Z-C (N=14) 14 0.099  [-0.024; 0.224] —0.017 [-0.179; 0.150]
Z (N=15) 15 0.079  [-0.006; 0.170] —0.037 [-0.173; 0.105]
C (N=15) 14-0.023  [-0.121; 0.073] —0.140 [-0.284; 0.006]
Rifafour (N=15) 15 0.116 [0.006; 0.223]

EBA;(2 — 14) J-Pa-Z-C (N=14) 14 0.109 [0.041; 0.171] —0.029 [-0.129; 0.066]
J-Pa-Z (N=14) 12 0.164 [0.051; 0.292]  0.027 [-0.110; 0.168)
J-Pa-C (N=15) 15 0.090 [0.025; 0.160] —0.047 [-0.147; 0.051]
J-Z-C (N=14) 14 0.068  [-0.009; 0.143] —0.069 [-0.178; 0.034]
Z (N=15) 15 0.031  [-0.029; 0.089] —0.106 [-0.203; -0.015]
C (N=15) 14—0.023 [-0.076; 0.030] —0.160 [-0.253; -0.072]
Rifafour (N=15) 15 0.137 [0.066; 0.214]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(t1 — t2): Daily rate of change in

log(CFU) count from Day ¢; to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.
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Figure E.14: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.7: Residuals: Student t
Random Coefficients: Student t
Covariance Matrix: “Default” Wishart

Table E.16: Posterior Estimates and Corresponding 95% BClIs for EBA(t1 —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J-Pa-Z-C (N=14) 14 0.114 [0.053; 0.177] —0.018 [-0.113; 0.074]
J-Pa-Z (N=14) 12 0.163 [0.060; 0.280] 0.031 [-0.096; 0.164]
J-Pa-C (N=15) 15 0.086 [0.022; 0.148] —0.047 [-0.142; 0.046]
J-Z-C (N=14) 14 0.072 [0.004; 0.142] —0.060 [-0.159; 0.037]
Z (N=15) 15 0.038 [-0.012; 0.087] —0.094 [-0.180; -0.009]
C (N=15) 14-0.023 [-0.069; 0.023] —0.156 [-0.241; -0.074]
Rifafour (N=15) 15 0.133 [0.064; 0.204]

EBA;(0—2) J-Pa-Z-C (N=14) 14 0.151 [0.048; 0.261] 0.036 [-0.113; 0.187]
J-Pa-Z (N=14) 12 0.157 [-0.022; 0.336] 0.042 [-0.165; 0.250]
J-Pa-C (N=15) 15 0.069 [-0.042; 0.179] —0.046 [-0.198; 0.110]
J-Z-C (N=14) 14 0.099 [-0.022; 0.226] —0.016 [-0.179; 0.150]
Z (N=15) 15 0.079 [-0.007; 0.170] —0.036 [-0.172; 0.102]
C (N=15) 14-0.025 [-0.126; 0.072] —0.140 [-0.284; 0.004]
Rifafour (N=15) 15 0.115 [0.008; 0.221]

EBA;(2 —14) J-Pa-Z-C (N=14) 14 0.108 [0.040; 0.170] —0.027 [-0.128; 0.065]
J-Pa-Z (N=14) 12 0.164 [0.050; 0.295] 0.029 [-0.111; 0.177]
J-Pa-C (N=15) 15 0.088 [0.023; 0.157] —0.047 [-0.147; 0.051]
J-Z-C (N=14) 14 0.068 [-0.011; 0.143] —0.068 [-0.175; 0.037]
Z (N=15) 15 0.031 [-0.029; 0.088] —0.104 [-0.200; -0.012]
C (N=15) 14-0.023 [-0.075; 0.030] —0.158 [-0.251; -0.073]

Rifafour (N=15) 15 0.135 0.065; 0.211]

Note: BCIL: Bayesian credibility interval; CFU: Colony forming unit; EBA(t; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.15: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 1.9: Residuals: Skew Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.17: Posterior Estimates and Corresponding 95% BClIs for EBA;(t1 —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J-Pa-Z-C (N=14) 14 0.114 [0.050; 0.178] —0.022 [-0.116; 0.070]
J-Pa-Z (N=14) 12 0.165 [0.061; 0.280] 0.028 [-0.098; 0.163]
J-Pa-C (N=15) 15 0.087 [0.025; 0.151] —0.050 [-0.141; 0.043]
J-Z-C (N=14) 14 0.067 [0.001; 0.133] —0.069 [-0.165; 0.024]
Z (N=15) 15 0.036 [-0.015; 0.085] —0.100 [-0.186; -0.017]
C (N=15) 14-0.021 [-0.069; 0.026] —0.158 [-0.240; -0.076]
Rifafour (N=15) 15 0.137 [0.069; 0.207]

EBA;(0—2) J-Pa-Z-C (N=14) 14 0.158 [0.051; 0.273]  0.033 [-0.118; 0.188]
J-Pa-Z (N=14) 12 0.161 [-0.023; 0.343] 0.036 [-0.176; 0.245]
J-Pa-C (N=15) 15 0.054 [-0.058; 0.164] —0.071 [-0.221; 0.081]
J-Z-C (N=14) 14 0.096 [-0.030; 0.226] —0.028 [-0.191; 0.138]
Z (N=15) 15 0.076 [-0.011; 0.168] —0.049 [-0.185; 0.090]
C (N=15) 14-0.025 [-0.128; 0.073] —0.150 [-0.298; -0.006]
Rifafour (N=15) 15 0.125 [0.017; 0.231]

EBA;(2 —14) J-Pa-Z-C (N=14) 14 0.107 [0.033; 0.170] —0.031 [-0.132; 0.063]
J-Pa-Z (N=14) 12 0.165 [0.050; 0.296] 0.027 [-0.108; 0.173]
J-Pa-C (N=15) 15 0.092 [0.028; 0.165] —0.046 [-0.141; 0.053]
J-Z-C (N=14) 14 0.062 [-0.015; 0.134] —0.076 [-0.180; 0.022]
Z (N=15) 15 0.030 [-0.032; 0.086] —0.109 [-0.202; -0.020]
C (N=15) 14-0.021 [-0.074; 0.032] —0.159 [-0.246; -0.075]

Rifafour (N=15) 15 0.139 [0.071; 0.210]

Note: BCIL: Bayesian credibility interval; CFU: Colony forming unit; EBA(t; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.16: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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E.3.2 Other Regression Models

E.3.2.1 Linear Regression Model

Model 2.1: Residuals: Normal

Random Coefficients: Normal

Covariance Matrix: “Default” Wishart

Table E.18: Posterior Estimates and Corresponding 95% BClIs for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

o J-Pa-Z-C (N=14) 14 5.558 [5.110; 6.009]
J-Pa-7Z (N=14) 12 5.480 [4.950; 6.025]
J-Pa-C (N=15) 15 5.806 [5.218; 6.399]
J-Z-C (N=14) 14 4.860 [4.345; 5.370]
Z (N=15) 15 5.646 [5.102; 6.175]
C (N=15) 14 5.438 [5.072; 5.805]
Rifafour (N=15) 15 5.351 [4.893; 5.816]

Aj J-Pa-Z-C (N=14) 14 0.124 [0.077; 0.172]
J-Pa-Z (N=14) 12 0.184 [0.103; 0.266]
J-Pa-C (N=15) 15 0.087 [0.033; 0.142]
J-Z-C (N=14) 14 0.092 [0.040; 0.146]
Z (N=15) 15 0.035 [-0.002; 0.073]
C (N=15) 14 —0.022 [-0.061; 0.017]
Rifafour (N=15) 15 0.146 [0.079; 0.213]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.17: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 2.2: Residuals: Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.19: Posterior Estimates and Corresponding 95% BCls for Mean Regres-

sion Model Parameters

Treatment Posterior

Parameter Group n Estimate 95% BCI

o J-Pa-Z-C (N=14) 14 5.538 [5.074; 6.006]
J-Pa-Z (N=14) 12 5.555 [5.019; 6.093]
J-Pa-C (N=15) 15 5.802 [5.219; 6.385]
J-2-C (N=14) 14 4814  [4.299; 5.326]
Z (N=15) 15 5.718 [5.113; 6.316]
C (N=15) 14 5.480 [5.096; 5.866]
Rifafour (N=15) 15 5.401 [4.964; 5.844]

Aj J-Pa-Z-C (N=14) 14 0.118 [0.073; 0.163]
J-Pa-Z (N=14) 12 0.200 [0.099; 0.305]
J-Pa-C (N=15) 15 0.082 [0.034; 0.131]
J-Z-C (N=14) 14 0.071 [0.025; 0.119]
Z (N=15) 15 0.041 [0.004; 0.076]
C (N=15) 14 —0.022 [-0.057; 0.013]
Rifafour (N=15) 15 0.135 [0.080; 0.190]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.18: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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E.3.2.2 Conventional Bilinear Regression Model

Model 3.1: Residuals: Normal

Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.20: Posterior Estimates and Corresponding 95% BClIs for EBA (t; —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) J-PaZ-C (N=14) 14 0116  [0.048; 0.184] —0.037 [0.145; 0.071]
J-PaZ (N=14) 12 0.173  [0.076; 0.272] 0.020 -0.110; 0.151]
J-Pa-C (N=15) 15 0.081 [0.017; 0.147] —0.071 [-0.180; 0.037]
J-Z-C (N=14) 14 0.105  [0.027; 0.187) —0.048 [0.164; 0.068]
7 (N=15) 15 0.037  [-0.016; 0.089] —0.115 0.217; -0.016]
C (N=15) 14-0.022 [-0.077; 0.034] —0.174 [-0.277; -0.073]
Rifafour (N=15) 15 0.153 [0.067; 0.240]

EBA;(0—2) J-PaZC (N=14) 14 0.168  [0.048; 0.291] 0.035 -0.153; 0.224]
JPaZ (N=14) 12 0208  [0.024; 0.388] 0.074 [0.155; 0.304]
J-Pa-C (N=15) 15 0.072 [-0.037; 0.180] —0.061 [-0.240; 0.118]
J-Z-C (N=14) 14 0.125 [-0.012; 0.263] —0.009 [-0.206; 0.187]
7 (N=15) 15 0.104  [-0.018; 0.250] —0.030 0.220; 0.173]
C (N=15) 14 0012  [-0.091; 0.113] —0.122 [:0.298; 0.052]
Rifafour (N=15) 15 0.134 [-0.009; 0.278]

EBA;(2 — 14) J-PaZC (N=14) 14 0.107  [0.028; 0.176] —0.049 0.176; 0.072]
J-PaZ (N=14) 12 0.167  [0.058; 0.270] 0.011 -0.138; 0.156]
J-Pa-C (N=15) 15 0.083  [0.017; 0.151] —0.073 -0.196; 0.051]
J-Z-C (N=14) 14 0.101  [0.011; 0.191] —0.054 0.192; 0.077]
Z (N=15) 15 0.026 [-0.042; 0.090] —0.130 [-0.253; -0.011]
C (N=15) 14-0.027 [-0.090; 0.029] —0.183 [-0.302; -0.067]
Rifafour (N=15) 15 0.156 [0.054; 0.261]

Note: BCIL: Bayesian credibility interval; CFU: Colony forming unit; EBA(t; — t2): Daily rate of

change in log(CFU) count from Day ¢; to Day t. N = Total number of patients. n = Number

of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Table E.21: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
o J-Pa-Z-C (N=14) 14 5.662 [5.154; 6.168]
J-Pa-Z (N=14) 12 5.548 [4.821; 6.266]
J-Pa-C (N=15) 15 5.765 [5.145; 6.383]
J-Z-C (N=14) 14 4.932 [4.398; 5.467]
Z (N=15) 15 5.747 [5.161; 6.340]
C (N=15) 14 5.529 [5.096; 5.963]
Rifafour (N=15) 15 5.323 [4.726; 5.907]
B1j J-Pa-Z-C (N=14) 14 0.118 [0.063; 0.174]
J-Pa-Z (N=14) 12 0.174 [0.088; 0.259]
J-Pa-C (N=15) 15 0.082 [0.019; 0.145]
J-Z-C (N=14) 14 0.106 [0.036; 0.181]
Z (N=15) 15 0.061 [0.005; 0.126]
C (N=15) 14  —0.024 [-0.072; 0.024]
Rifafour (N=15) 15 0.149 [0.076; 0.223]
A1j J-Pa-Z-C (N=14) 14 0.168 [0.048; 0.291]
J-Pa-Z (N=14) 12 0.208 [0.024; 0.388]
J-Pa-C (N=15) 15 0.072 [-0.037; 0.180]
J-Z-C (N=14) 14 0.125 [-0.012; 0.263]
Z (N=15) 15 0.104 [-0.018; 0.250]
C (N=15) 14 0.012 [-0.091; 0.113]
Rifafour (N=15) 15 0.134 [-0.009; 0.278]
Ba; J-Pa-Z-C (N=14) 14 —0.051  [-0.148; 0.048]
J-Pa-Z (N=14) 12 —0.034 [-0.181; 0.112]
J-Pa-C (N=15) 15 0.010 [-0.098; 0.114]
J-Z-C (N=14) 14 —0.019 [-0.149; 0.113]
Z (N=15) 15 —0.043 [-0.139; 0.045]
C (N=15) 14 —0.036 [-0.121; 0.050]
Rifafour (N=15) 15 0.015 [-0.100; 0.130]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Table E.21: Posterior Estimates and Corresponding 95% BCIs for Mean Regres-

sion Model Parameters

Treatment Posterior
Parameter Group n Estimate 95% BCI
Ba2fj J-Pa-Z-C (N=14) 14 —0.051 [-0.406; 0.304]
J-Pa-Z (N=14) 12 —0.034 [-0.531; 0.462]
J-Pa-C (N=15) 15 0.010 [-0.355; 0.378]
J-Z-C (N=14) 14 —0.016 [-0.488; 0.468]
Z (N=15) 15 —0.043 [-0.340; 0.249]
C (N=15) 14 —0.036 [-0.317; 0.245]
Rifafour (N=15) 15 0.014 [-0.401; 0.422)
A2; J-Pa-Z-C (N=14) 14 0.067 [-0.038; 0.169]
J-Pa-Z (N=14) 12 0.140 [-0.017; 0.296]
J-Pa-C (N=15) 15 0.092  [-0.047; 0.224]
J-Z-C (N=14) 14 0.086 [-0.074; 0.255]
Z (N=15) 15 0.017 [-0.062; 0.095]
C (N=15) 14 —0.060 [-0.156; 0.033]
Rifafour (N=15) 15 0.164 [0.036; 0.296]
Kj J-Pa-Z-C (N=14) 14 6.753 [2.291; 10.780]
J-Pa-Z (N=14) 12 6.624 [2.277; 10.750]
J-Pa-C (N=15) 15 8.734 [3.414; 10.930]
J-Z-C (N=14) 14 7.140 [2.709; 10.760]
Z (N=15) 15 3.714 [2.027; 9.694]
C (N=15) 14 7.181 [2.376; 10.830]
Rifafour (N=15) 15 4.289 [2.062; 9.891]

Note: BCI: Bayesian credibility interval. N = Total number of patients. N = Number of pa-

tients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.19: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Model 3.2: Residuals: Student t
Random Coefficients: Normal
Covariance Matrix: “Default” Wishart

Table E.22: Posterior Estimates and Corresponding 95% BClIs for EBA(t1 —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 —14) J-Pa-Z-C (N=14) 14 0.115 [0.054; 0.178] —0.021 [-0.117; 0.071]
J-Pa-Z (N=14) 12 0.168 [0.066; 0.282] 0.032 [-0.093; 0.165]
J-Pa-C (N=15) 15 0.087 [0.024; 0.151] —0.050 [-0.145; 0.043]
J-Z-C (N=14) 14 0.074 [0.006; 0.140] —0.063 [-0.162; 0.035]
Z (N=15) 15 0.038 [-0.012; 0.087] —0.098 [-0.188; -0.014]
C (N=15) 14-0.023 [-0.070; 0.023] —0.160 [-0.247; -0.078]
Rifafour (N=15) 15 0.136 [0.068; 0.211]

EBA;(0—2) J-Pa-Z-C (N=14) 14 0.153 [0.049; 0.263] 0.033 [-0.114; 0.182]
J-Pa-Z (N=14) 12 0.161 [-0.017; 0.335] 0.041 [-0.164; 0.243]
J-Pa-C (N=15) 15 0.068 [-0.043; 0.177] —0.052 [-0.202; 0.099]
J-Z-C (N=14) 14 0.099 [-0.023; 0.224] —0.020 [-0.177; 0.141]
Z (N=15) 15 0.079 [-0.010; 0.174] —0.040 [-0.177; 0.099]
C (N=15) 14-0.025 [-0.126; 0.071] —0.145 [-0.290; -0.002]
Rifafour (N=15) 15 0.119 [0.014; 0.223]

EBA;(2 —14) J-Pa-Z-C (N=14) 14 0.109 [0.042; 0.172] —0.030 [-0.133; 0.064]
J-Pa-Z (N=14) 12 0.169 [0.056; 0.301] 0.030 [-0.108; 0.177]
J-Pa-C (N=15) 15 0.090 [0.025; 0.159] —0.049 [-0.150; 0.050]
J-Z-C (N=14) 14 0.070 [-0.008; 0.143] —0.070 [-0.178; 0.034]
Z (N=15) 15 0.031 [-0.030; 0.089] —0.108 [-0.207; -0.017]
C (N=15) 14-0.023 [-0.077; 0.030] —0.162 [-0.258; -0.075]

Rifafour (N=15) 15 0.139 [0.069; 0.220]

Note: BCIL: Bayesian credibility interval; CFU: Colony forming unit; EBA(t; — t2): Daily rate of
change in log(CFU) count from Day ¢; to Day t3. N = Total number of patients. n = Number
of patients in each category. Posterior estimate: Represents the mean of the associated posterior

distribution.
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Figure E.20: Posterior Estimates and Corresponding 95% BCIs for Mean

log(CFU) Count
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E.4 Other Datasets

E.4.1 CL001 Trial

Figure E.21 shows nested plots of the observed log(CFU) counts by treatment
group.

Posterior estimates and corresponding 95% BClIs for EBA;(t; — ¢5), including

pairwise comparisons versus Rifafour, are presented in Table E.23 for Model 1.1.

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.22 by study day and treatment group for
Model 1.1.

Table E.23: Posterior Estimates and Corresponding 95% BClIs for EBA (¢, —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) TMC207 100 mg (N=15) 15 0.046 [-0.006; 0.100] —0.028 [-0.160; 0.120]
TMC207 200 mg (N=15) 15 0.062 [0.012; 0.115] —0.012 [-0.144; 0.137)
TMC207 300 mg (N=15) 15 0.079 [0.012; 0.150]  0.005 [-0.135; 0.159]
TMC207 400 mg (N=15) 15 0.104 [0.045; 0.164] 0.029 [-0.106; 0.179]
Rifafour (N=8) 8 0.074 [-0.065; 0.196]

EBA;(0 —2) TMC207 100 mg (N=15) 15 0.033 [-0.057; 0.129] —0.218 [-0.447; -0.006]
TMC207 200 mg (N=15) 15 0.006 [-0.094; 0.085] —0.245 [-0.475; -0.039]
TMC207 300 mg (N=15) 15 0.037 [-0.070; 0.143] —0.214 [-0.449; 0.002]
TMC207 400 mg (N=15) 15 0.089 [-0.002; 0.178] —0.161 [-0.391; 0.045)
Rifafour (N=8) 8 0.251 [0.064; 0.463]

EBA;(2 — 14) TMC207 100 mg (N=15) 15 0.049 [-0.012; 0.111] 0.004 [-0.149; 0.180]
TMC207 200 mg (N=15) 15 0.072 [0.018; 0.132] 0.027 [-0.125; 0.204]
TMC207 300 mg (N=15) 15 0.086 [0.012; 0.170]  0.041 [-0.118; 0.227)
TMC207 400 mg (N=15) 15 0.106 [0.043; 0.173]  0.061 [-0.094; 0.239]
Rifafour (N=8) 8 0.045 [-0.124; 0.185]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(t1 — t2): Daily rate of change in
log(CFU) count from Day ¢1 to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.

Posterior estimates and corresponding 95% BCls for EBA (¢, —t») are shown in Fig-
ure E.23, Figure E.24 and Figure E.25 by treatment group and model. Similar to
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Figure E.21: Observed log(CFU) Counts Over Time
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Figure E.22: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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the NCO001 trial, the linear models (Model 2.1 and Model 2.2) occasionally yield

results substantially different to those of other models.

Model comparison statistics for the various Bayesian NLME regression models

fitted are provided in Table E.24.

The DIC favors conventional bilinear regression models over differential hyperbolic

tangent regression models, followed by linear regression models.

Bayes factors (marginal likelihoods) favor linear regression models, followed by

differential hyperbolic tangent and conventional bilinear regression models.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.
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The Bayes factors indicate that building skewness into the distributions of residuals

does not improve model fitting.

The ICPOs suggest the models fit the data reasonably well.

Table E.24: Comparison of Bayesian NLME Regression Models

Regression  Model
Function

DIC

D (6m, M) D(0m, M) pm

% ICPO < z

DIC(M) In(f(y|M)) = 40 = 70 = = 100

Differential Model 1.1
hyperbolic Model 1.5

tangent Model 1.7
Model 1.9
Linear Model 2.1
Model 2.2
Conventional Model 3.1
bilinear Model 3.2

1038.00
932.90
933.10
NR
1106.00
1010.00
1031.00
925.40

899.20
785.50
786.20
NR

979.40
882.70
895.10
780.50

139.30 1178.008
147.50 1080.003
146.90 1080.002
NR NR

127.00 1233.007
127.60 1138.00%
135.60 1166.00%
144.90 1070.001

-1004.948
-979.614
-978.013

-1012.237
-888.002
-863.051

-1028.618

-1001.43%

98.18
98.18
98.30
NR

98.30
98.06
98.30
98.06

98.79
98.91
98.91
NR

98.79
99.03
98.79
98.91

99.15
99.15
99.15
NR

99.15
99.03
99.03
99.15

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO; DIC: Deviance information criterion;

NLME: Nonlinear mixed effects; NR: Not reported. See Table 3.1 for the specifications of each Bayesian mixed

effects regression model. Superscripts indicate the ranking of model comparison statistics from least favored to

most favored.
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Figure E.23: Posterior Estimates and Corresponding 95% BCls for EBA ;(0—14)

by Treatment Group and Model
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Figure E.24: Posterior Estimates and Corresponding 95% BClIs for EBA;(0 —2)

by Treatment Group and Model
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Posterior Estimates and Corresponding 95% BCls for EBA ;(2—14)

by Treatment Group and Model

Figure E.25
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E.4.2 CL007 Trial

Figure E.26 shows nested plots of the observed log(CFU) counts by treatment

group. The log(CFU) versus time profiles seem erratic for some patients.

Figure E.26: Observed log(CFU) Counts Over Time
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Posterior estimates and corresponding 95% BClIs for EBA;(t; — t3), including

pairwise comparisons versus Rifafour, are presented in Table E.25 for Model 1.1.
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Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus
time profiles are shown in Figure E.27 by study day and treatment group for
Model 1.1.

Table E.25: Posterior Estimates and Corresponding 95% BCIs for EBA (¢, —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA,(0 — 14) PA-824 200 mg (N=15) 15 0.157  [0.051;0.272] 0.003 [-0.207; 0.228]
PA-824 600 mg (N=15) 14 0.106  [-0.001; 0.204] —0.048 [-0.253; 0.174]
PA-824 1000 mg (N=16) 13 0113  [-0.054; 0.292] —0.041 [-0.284; 0.217]
PA-824 1200 mg (N=15) 15 0.168 [0.071; 0.274]  0.014 [-0.191; 0.237]
Rifafour (N=8) 8 0.154  [-0.046; 0.335]

EBA;(0—2) PA-824 200 mg (N=15) 15 0.160  [-0.021; 0.363] —0.112 [-0.465; 0.245]
PA-824 600 mg (N=15) 14 0.227 [0.046; 0.418] —0.054 [-0.404; 0.300]
PA-824 1000 mg (N=16) 13 0.277 [-0.030; 0.592] —0.004 [-0.423; 0.426]
PA-824 1200 mg (N=15) 15 0.149  [0.024; 0.276] —0.132 [-0.453; 0.191]
Rifafour (N=8) 8 0.281  [-0.020; 0.580]

EBA;(2 — 14) PA-824 200 mg (N=15) 15 0.155 [0.024; 0.293]  0.022 [-0.215; 0.292]
PA-824 600 mg (N=15) 14 0.085 [-0.045; 0.195] —0.047 [-0.278; 0.219]
PA-824 1000 mg (N=16) 13 0.086  [-0.114; 0.263] —0.047 [-0.328; 0.244]
PA-824 1200 mg (N=15) 15 0.171 [0.067; 0.288]  0.038 [-0.186; 0.304]
Rifafour (N=8) 8 0.133 [-0.107; 0.331]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(t1 — t2): Daily rate of change in
log(CFU) count from Day t; to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.

Posterior estimates and corresponding 95% BCls for EBA (¢, —t,) are shown in Fig-
ure E.28, Figure E.29 and Figure E.30 by treatment group and model. Similar to
the NCO001 trial, the linear models (Model 2.1 and Model 2.2) occasionally yield
results substantially different to those of other models. Similar to the NC003 trial,
the posterior estimates for EBA;(t; — t2) of the models with normally distributed
residuals are higher or lower than those of the Student t distributed residuals due

to the presence of outliers.

Model comparison statistics for the various Bayesian NLME regression models
fitted are provided in Table E.26.

The DIC favors conventional bilinear regression models over differential hyperbolic

tangent regression models, followed by linear regression models.
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Figure E.27: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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Bayes factors (marginal likelihoods) favor linear regression models, followed by

differential hyperbolic tangent and conventional bilinear regression models.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.

The Bayes factors indicate that building skewness into the distributions of residuals

does not improve model fitting.

The ICPOs suggest the models fit the data reasonably well.
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Posterior Estimates and Corresponding 95% BCls for EBA ;(0—14)

by Treatment Group and Model

Figure E.28
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Posterior Estimates and Corresponding 95% BClIs for EBA;(0 —2)

by Treatment Group and Model

Figure E.29
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Figure E.30: Posterior Estimates and Corresponding 95% BCls for EBA ;(2—14)

by Treatment Group and Model
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Table E.26: Comparison of Bayesian NLME Regression Models

Regression  Model
Function

DIC

D(6m9 M) D(e_ms M) Pm

% ICPO <z

DIC(M) In(f(y|M)) = 40 x = 70 = = 100

Differential Model 1.1
hyperbolic Model 1.5

tangent Model 1.7
Model 1.9
Linear Model 2.1
Model 2.2
Conventional Model 3.1
bilinear Model 3.2

1635.00
1189.00
1188.00
NR

1826.00
1346.00
1616.00
1186.00

1464.00
1028.00
1026.00
NR

1710.00
1214.00
1442.00
1028.00

171.30 1807.008
161.10 1351.008
162.00 1350.002%
NR NR

116.80 1943.007
131.50 1477.004
174.40 1791.005
158.10 1345.001

-1223.317
-1102.622
-1110.703
-1119.744
-1167.196
-1016.221
-1311.558
-1147.60%

96.56
95.55
95.55
NR

95.84
94.69
96.41
95.55

96.56
95.98
95.98
NR

96.41
95.55
96.56
95.98

96.99
96.56
96.70
NR

96.99
95.98
96.99
96.56

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO; DIC: Deviance information criterion;

NLME: Nonlinear mixed effects; NR: Not reported. See Table 3.1 for the specifications of each Bayesian mixed

effects regression model. Superscripts indicate the ranking of model comparison statistics from least favored to

most favored.

E.4.3 CL010 Trial

Figure E.31 shows nested plots of the observed log(CFU) counts by treatment

group.

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t,), including

pairwise comparisons versus Rifafour, are presented in Table E.27 for Model 1.1.

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus

time profiles are shown in Figure E.32 by study day and treatment group for

Model 1.1.
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Figure E.31: Observed log(CFU) Counts Over Time
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Table E.27: Posterior Estimates and Corresponding 95% BCIs for EBA (¢, —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA;(0 — 14) PA-824 50 mg (N=15) 14 0.059  [0.003; 0.113] —0.091 [-0.205; 0.026]
PA-824 100 mg (N=15) 15 0.094  [0.037; 0.149] —0.055 [-0.170; 0.061]
PA-824 150 mg (N=15) 15 0.099  [0.040; 0.159] —0.050 [-0.167; 0.069]
PA-824 200 mg (N=16) 15 0.134 [0.044; 0.229] —0.015 [-0.151; 0.122]
Rifafour (N=8) 8 0.149 [0.047; 0.252]

EBA;(0 —2) PA-82450 mg (N=15) 14 0.094  [0.007; 0.182] —0.176 [-0.401; 0.037]
PA-824 100 mg (N=15) 15 0.117  [0.009; 0.224] —0.153 [-0.388; 0.069]
PA-824 150 mg (N=15) 15 0.089  [-0.022; 0.193] —0.180 [-0.411; 0.039]
PA-824 200 mg (N=16) 15 0.124  [-0.018; 0.266] —0.145 [-0.395; 0.097]
Rifafour (N=8) 8 0.270 [0.076; 0.477]

EBA;(2 — 14) PA-824 50 mg (N=15) 14 0.053  [-0.011; 0.111] —0.077 [-0.211; 0.066]
PA-824 100 mg (N=15) 15 0.090 [0.024; 0.153] —0.039 [-0.176; 0.104]
PA-824 150 mg (N=15) 15 0.101 0.031; 0.172] —0.029 [-0.168; 0.118]
PA-824 200 mg (N=16) 15 0.136  [0.024; 0.252] 0.006 [-0.160; 0.176]
Rifafour (N=8) 8 0.129 [0.000; 0.251]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(t; — t2): Daily rate of change in
log(CFU) count from Day t; to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.

Posterior estimates and corresponding 95% BCls for EBA;(¢; —t2) are shown in Fig-
ure E.33, Figure E.34 and Figure E.35 by treatment group and model. Similar to
the NCO001 trial, the linear models (Model 2.1 and Model 2.2) occasionally yield

results substantially different to those of other models.

Model comparison statistics for the various Bayesian NLME regression models
fitted are provided in Table E.28.

The DIC favors conventional bilinear regression models over differential hyperbolic

tangent regression models, followed by linear regression models.

Bayes factors (marginal likelihoods) favor linear regression models, followed by

differential hyperbolic tangent and conventional bilinear regression models.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.
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Figure E.32: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time
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The Bayes factors indicate that building skewness into the distributions of residuals

does not improve model fitting.

The ICPOs suggest the models fit the data reasonably well.
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Figure E.33: Posterior Estimates and Corresponding 95% BCls for EBA ;(0—14)

by Treatment Group and Model
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Figure E.34: Posterior Estimates and Corresponding 95% BCIs for EBA;(0 —2)

by Treatment Group and Model
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Figure E.35: Posterior Estimates and Corresponding 95% BCls for EBA ;(2—14)

by Treatment Group and Model
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Table E.28: Comparison of Bayesian NLME Regression Models

Regression  Model
Function

DIC

% ICPO <z

D(0m, M) D(6m, M) pm DIC(M) In(f(y|M)) @ = 40 = 70 & = 100

Differential Model 1.1
hyperbolic Model 1.5
tangent Model 1.7

Model 1.9
Linear Model 2.1

Model 2.2
Conventional  Model 3.1
bilinear Model 3.2

688.40
630.90
630.50
NR
808.60
761.20
681.90
623.80

555.40
501.90
501.40
NR
677.70
625.00
547.50
495.30

132.90
128.90
129.10
NR
130.90
136.20
134.40
128.40

821.30%
759.803
759.702
NR
939.407
897.408
816.304
752.201

-861.515
-849.034
-843.973
-888.618
-753.892
-741.84
-879.327
-867.886

98.47
98.47
98.33
NR
98.47
98.19
98.47
98.47

98.75
98.75
98.75
NR
98.47
98.75
98.75
98.75

99.03
99.03
99.03
NR
99.03
99.17
98.89
99.03

Note: CPO: Conditional posterior ordinate; ICPO: Reciprocal of CPO;
NLME: Nonlinear mixed effects; NR: Not reported. See Table 3.1 for the

DIC: Deviance information criterion;

specifications of each Bayesian mixed

effects regression model. Superscripts indicate the ranking of model comparison statistics from least favored to

most favored.

E.4.4 NC002 (EBA) Trial

Figure E.36 shows nested plots of the observed log(CFU) counts by treatment

group. The log(CFU) versus time profiles seem erratic for some patients.

Posterior estimates and corresponding 95% BClIs for EBA;(t; — t5), including

pairwise comparisons versus Rifafour, are presented in Table E.29 for Model 1.1.

Posterior estimates and corresponding 95% BCIs for the mean log(CFU) versus

time profiles are shown in Figure E.37 by study day and treatment group for

Model 1.1.
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Figure E.36: Observed log(CFU) Counts Over Time
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Table E.29: Posterior Estimates and Corresponding 95% BCls for EBA;(t; —t5)

Difference Versus Rifafour

Treatment Posterior Posterior

Parameter Group n Estimate 95% BCI Estimate 95% BCI

EBA,(0 — 14) M-PA100-Z (N=16) 14 0.235  [0.116; 0.351] 0.093 [-0.080; 0.267]
M-PA200-Z (N=13) 10 0.152  [0.038; 0.261] 0.010 [-0.161; 0.180]
M-PA200-Z-MDR (N=18) 6 0.192 [-0.168; 0.569]  0.050 [-0.333; 0.445]
Rifafour (N=15) 15 0.142  [0.009; 0.269]

EBA;(0 —2) M-PA100-Z (N=16) 14 0.272 [0.083; 0.469] —0.074 [-0.336; 0.183]
M-PA200-Z (N=13) 10 0275  [0.093; 0.476] —0.071 [-0.327; 0.191]
M-PA200-Z-MDR (N=18) 6 0.315 [-0.331; 0.958] —0.031 [-0.698; 0.638]
Rifafour (N=15) 15 0.346  [0.173; 0.525]

EBA;(2 — 14) M-PA100-Z (N=16) 14 0228  [0.088; 0.362] 0.121 [-0.088; 0.331]
M-PA200-Z (N=13) 10 0131  [-0.007; 0.259] 0.024 [-0.187; 0.230]
M-PA200-Z-MDR (N=18) 6 0.171 [-0.294; 0.653] 0.064 [-0.434; 0.572]
Rifafour (N=15) 15 0.107 [-0.058; 0.266]

Note: BCI: Bayesian credibility interval; CFU: Colony forming unit; EBA(t1 — t2): Daily rate of change in
log(CFU) count from Day ¢; to Day t2. N = Total number of patients. n = Number of patients in each category.

Posterior estimate: Represents the mean of the associated posterior distribution.
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Figure E.37: Posterior Estimates and Corresponding 95% BCIs for Mean
log(CFU) Count Over Time

M-PA100-Z M-PA200-Z

Rifafour

log(CFU) Count
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0o 2 4 6 8 10 12 140 2 4 o6 8 10 12 14
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Posterior Estimate — — — 95% Bayesian Credibility Interval

The DIC, marginal likelihood and ICPO < 40 for the model with normally dis-
tributed residuals are respectively 1002.00, -749.36 and 96.45%, and for the model
with Student t distributed residuals are respectively 764.40, -692.70 and 95.74%.

Both the DIC and Bayes factors favor models with Student t distributed residuals

over those with normally distributed residuals.

The ICPOs suggest the models fit the data reasonably well.
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