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Chapter 1
Introduction

1.1 Dose-response Studies and Microarray Dose-

response Experiments

Drug development is defined as the entire process of bringing a new drug or device
to the market, and is designed to ensure that only those pharmaceutical products
that are both safe and effective are brought to market. In general there are three
processes in drug development: (1) Drug Discovery, (2) Non-clinical Development,
and (3) Clinical Development. The aim of this long process of drug development is
to find good drugs which have strong effects on a specific biological pathways and on
the other hand have minimal effects on all other unwanted pathways (Marton et al.,
1998).

Sams-Dodd (2005) defined two drug discovery paradigms: Physiology-based and
Target-based drug discovery. The conventional paradigm is the physiology-based
drug discovery where the organism is seen as a black box and drugs are characterized
on the basis of their physiological effects in complex disease-relevant models. This
paradigm lacks of a clear relationship between the drug mechanism of action and
biological effect and low-throughput screening. In the past decade, a target-based
drug discovery paradigm has been introduced because it allows an increased screening
capacity and the definition of rational drug discovery programs. In this paradigm, the
organism is considered as a series of genes and pathways. The goal is to develop a drug
that selectively modulates the effects of the disease associated gene or gene product
without affecting other genes or mechanisms in the organism. The target-based drug
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2 Chapter 1. Introduction

discovery is high screening capacity (Sams-Dodd, 2005).
Finding safe and efficacious dose or dose range and establishing a dose-response

relationship are two of the most important objectives in drug-discovery studies in the
pharmaceutical industry. Bretz (2006) defined two major goals when performing a
dose-response study. The first goal is to demonstrate a relationship between the dose
and response. Here, an overall dose related trend is assessed by ensuring that with
increasing dose, the effect to increase (or decrease) as well. This can be achieved
by testing the global dose-response relationship under a monotonicity assumption.
Although there are other possible dose-response relationship curves, such as umbrella
pattern, among potential shapes, the monotone curve is the most commonly discussed
and used in the literature. This shape assumes that as the dose increases, so does
the effect or conversely as dose decreases, so does its impact. This assumption is
founded on the fact that in general, increasing the dose of a harmful agent will result
in a proportional increase in both the incidence of an adverse effect as well as the
severity of the effect (Ting, 2006). Once the first goal is established, the second goal
is to estimate a target dose of interest such as the dose of an experimental compound
required to achieve 50% of the maximum effect (ED50), or the Minimum Effective
Dose (MED).

In recent years, as the emerging of biomedical technologies, dose-response studies
have been integrated with microarray studies. In the dose-response study within a
microarray setting, the response is the gene expression measured at a certain dose
level. In such type of study, the aim is usually to identify a subset of genes with
overall dose related trend. The dose-response microarray experiments are usually
performed in order to get insight in the biological target and the mechanism of the new
medicine used to treat the target disease. Moreover, at same time this type of research
may generate data on the pathways involved in potential unwanted side effects. The
research also can be used to search for biomarkers that could be used as signatures
for response. These signatures could then be used to find the target population in
which the drug has the best therapeutic effect (Göhlmann and Talloen, 2009). The
dose-response study in the microarray setting can be used to identify biomarkers that
eventually could be used in phase-II or phase-III clinical trials as biomarkers endpoints
to replace the classical endpoints (Bijnens et al., 2011). The study design and data
structure of the dose-response microarray studies will be presented in Section 1.2.

In this dissertation, we mainly focus on (1) estimating target doses of inter-
est by using parametric modeling and model averaging methods, (2) implementing
resampling-based inference, including permutation and SAM, to the multiple contrast
test of the Williams (Williams, 1971 and 1972), Marcus (Marcus, 1976), the M statis-
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tic (Hu et al., 2005) and the modified M statistic (Lin et al., 2007), (3) analyzing
dose-response microarray studies using Hierarchical Bayesian model, and (4) devel-
oping two new user friendly software for performing dose-response microarray studies
and biclustering analysis. The applications and illustrations are using various data
sets briefly described in the Section 1.3. The subsequent paragraphs are presenting
the outline of this dissertation.

The first part of this dissertation will focus on parametric modeling in dose-
response microarray studies. Chapter 2 focuses on estimating a target dose of in-
terest, in this case is the ED50. To reach this aim a three steps approach is proposed.
The first step is to select gene with a monotonic trend. To perform this step, one of
testing procedures for a monotonic trend used in dose-response studies of microarray
experiments discussed by Lin et al. (2007) is implemented. These testing procedures
take into account the order restriction of the means with respect to the increasing
doses. After the genes with a monotonic trend are identified, then a model-based ap-
proach is carried out to estimate the ED50. However the validity of the model-based
approach depends on the choice of the dose-response model. In order to incorporate
for model uncertainty, several models are fitted and then in the third step the model
averaging methods are carried out to estimate the model-averaged ED50.

In dose-response studies, the target dose is not only the ED50. Usually it is of
interest to find the smallest dose with a discernible useful effect or a maximum dose
beyond which no further beneficial effects is seen (ICH-E4, 1994). It is common in
dose-response studies to use the mean efficacy of the control dose (usually zero dose)
as a benchmark for comparison purposes to decide if a particular dose is clinically
effective (Tamhane and Logan, 2006). The target dose for this purpose is known as the
Minimum Effective Dose (MED). Chapter 3 will discuss the estimation of the MED
in the dose-response microarray studies. The definition and estimation of the MED
for a single model, i.e., the Emax model will be given. Then after several candidate
models are fitted, the model averaging techniques are implemented to obtain the
model averaged MED. An application to a case study will be provided in the last
section of Chapter 3.

In part II, we investigate the application of resampling-based multiple contrast
test procedure to detect for a monotonic trend. Bretz (1999, 2006) implemented the
multiple contrast test (MCT) procedure to extend the Williams’ and Marcus’ tests for
testing monotonicity of dose-response relationship which can improve the power. The
idea is that the order restricted alternative hypotheses can be decomposed into several
elementary alternatives with particular patterns of equalities and inequalities. These
contrasts then are tested and then the contrast test which has the maximum value is
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used. Bretz (2006) showed that relying on the normality assumption, the Williams’
MCT and Marcus’ MCT follow the multivariate t distribution. Since in practice it
might not be valid to assume a particular distribution of a statistic, especially in case
of small sample sizes commonly found in microarray data (McLachlan et al., 2004),
in Chapter 4 we propose to approximate the null distribution of Williams’ MCT
and Marcus’ MCT (Bretz, 2006) using a permutation-based approach. In addition,
we propose to apply the MCT to the M (Hu et al., 2005) and the modified M (M ′,
Lin et al., 2007) test statistics.

A common problem in microarray experiments is that some of the genes have small
variance which can make their (absolute) test statistic very large although their fold
change are small (McLachlan et al., 2004). In order to overcome the problem of small
variance genes, in Chapter 5 we implement the Significance Analysis of Microarray
(SAM) procedure proposed by Tusher et al. (2001) for the MCT in dose-response
microarray studies discussed in Chapter 4.

Chapter 6 provides the settings and the results of simulation studies aimed to
investigate the performance of the resampling-based MCTs proposed in Chapter 4

and Chapter 5 in terms of the FDR control and power.
The third part of this dissertation an approach from Bayesian perspective is pro-

posed in analyzing dose-response microarray experiments. In Chapter 7, we pro-
pose a hierarchical Bayesian modeling approach to identify genes with a monotonic
trend. The Bayesian approach seeks evidence in the data under both the null and
order-restricted alternative hypotheses. The Bayesian Variable Selection (BVS) is
implemented to estimate the posterior probability of all the possible monotone mod-
els. Then the posterior probability of the null model is used to identify the genes
with strong evidence of a monotonic trend. Several simulations to investigate the
performance of this approach are carried out and will be discussed. From the ob-
tained posterior probabilities, we can construct posterior level of probabilities from
the Bayesian perspective which will be discussed in the last section of the chapter.

In the last part of this dissertation, we discuss the issue of software developments
for dose-response microarray studies and biclustering analysis. The developed soft-
ware are R packages intended to provide easy to use packages with more user friendly
interfaces. The software are developed using GUI provided within R. Chapter 8

reviews the development of Graphical User Interface (GUI) for R.
Lin et al. (2008) developed an R package IsoGene for testing for a monotonic

relationship between gene expressions and doses in a microarray experiment (Pramana
et al., 2010). The IsoGene package is a command-based package and requires users
to have basic knowledge of R. This can be difficult for those who are not familiar with
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R or unfrequent R users to use the package. To disentangle this limitation, a user
friendly package called IsoGeneGUI was developed (Pramana et al., 2010b, 2011a).
Chapter 9 presents the capabilities of the IsoGeneGUI package/software along with
illustrative examples of analysis of a dose-response microarray study.

Biclustering is a technique to cluster rows and columns of a matrix simultaneously.
The goal to find subgroups of rows and columns (called biclusters) which are as similar
as possible to each other and as different as possible to the rest (Kaiser and Leisch,
2008). Note that in the microarray studies, rows and columns are genes and samples,
respectively. Therefore bicluster methods in gene expression are aimed to discover
a group of genes that have similar regulatory mechanism within a group of samples
(Madeira and Oliveira, 2004).

Several R packages are available for biclustering analysis. The biclust package
(Kaiser and Leisch, 2008) consists of biclustering algorithms such as Plaid (Turner
et al., 2005), Bimax (Prelić et al., 2006), δ-biclustering (Cheng and Church, 2000),
Spectral (Kluger et al., 2003), Xmotif, and Quest (Murali and Kasif, 2003). In addi-
tion, fabia package for the Factor Analysis for Bicluster Acquisition (FABIA) algo-
rithm proposed by Hochreiter et al. (2010), and isa2 package (Csrdi et al., 2010) for
the Iterative Signature Algorithm (ISA, Ihmels et al., 2002 and 2004, and Bergmann
et al., 2003).

In Chapter 10 we present a new R package, the RcmdrPlugin.BiclustGUI pack-
age (shortened as the BiclustGUI) which is an interface for several biclustering pack-
ages that are available: biclust (Kaiser and Leisch, 2008), fabia (Hochreiter et al.,
2010), and isa2 package (Csrdi et al., 2010). The BiclustGUI is an extension for R

Commander package (Rcmdr Plug-in, Fox, 2005) and intended to beginners or unfre-
quent R users to perform biclustering analysis.

1.2 Design Experiment and Data Structure for

Dose-response Microarray Studies

Within the microarray setting, a dose-response experiment for one gene has the same
structure as a dose-response study usually performed in the drug development. In-
stead of efficacy or toxicity, the response of interest is gene expression at a certain
dose level. The dose-response curve is assumed to be monotone, i.e., the gene activity
increases or decreases as the dose level increases. In this dissertation, we focus on
dose-response microarray studies in the pre-clinical experiments.

For a single experiment, the following study design is usually performed. The study
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includes several compounds. For each compound several dose levels are administered
to a group of rat (replicates are usually around 5-6 rats). For each rat, a tissue is
extracted and then the expressions of thousands of genes are measured using a single
microarray chip. This setting can be seen in Figure 1.1.

Compound

Dose 0/Control Dose 1 Dose 2    … Dose K 

Figure 1.1: The experiment setting in a dose-response microarray study.

The gene expression level resulted from the study can be formed into a matrix
shown in Figure 1.2. Let Y be an expression matrix contains information about gene
expression of m genes and n samples (arrays) measured at K + 1 dose levels. Figure
1.2 shows an illustration of the data structure. Here, Yijk is the expression level of
the jth sample (array) of the kth gene measured at dose level i with Y0jk is the gene
expression measured at dose zero. Note that at each dose levels there are ni replicates
available for each gene. Hence, each row in the expression matrix represents a specific
gene.

1.3 Motivational Case Studies

The following case studies are used to elaborate the different methodology in this
dissertation.

1.3.1 The Antipsychotic Compound Study

The first case study data come from a pre-clinical evaluation study of several antipsy-
chotic compounds (CompA, CompB, CompC, JnJa, JnJb, JnJc). In this study, the
alterations downstream of the dopamine D2 receptor was investigated. The pharmaco-
logical activity of antipsychotics is often based on blocking this receptor. However, it is



1.3. Motivational Case Studies 7

mKnmKmnmmnm

KnKnn

KnKnn

K

K

K

YYYYYY

YYYYYY

YYYYYY

Y

...........

.

.

.

.....

.....

.....

.

.

.

.

.

.

...........

...........

1111001

2122111220012

1111111110011

10

10

10Gene 1 

Gene 2 

.

.

.

Gene m 

d0                                    d1                            …..              dK

Dose levels 

Figure 1.2: Data structure of dose-response microarray experiments.

also this blocking that can cause side effects such as extrapyramidal symptoms (EPS)
and hyper-prolactinemia (elevated-prolactin level in serum) in humans. Two measures
that can be used to estimate compound activity are antagonism of apomorphine-
induced behavior and receptor occupancy in the brain. An animal model that can be
used to study human EPS is the sensitivity to catalepsy in rats. The compounds had
6 dose levels (0 mg/kg, 0.16 mg/kg, 0.63 mg/kg, 2.5 mg/kg, 10 mg/kg, 40 mg/kg)
and each dose was given to 5 independent rats. These dose levels were based on the
ED50 value as determined in an independent apomorphine test. Apomorphine is a
direct dopamine receptor stimulant which mimics the agonistic action of dopamine
on the D2 receptor. The resulting behavioral effects can be antagonized by blockade
of central D2 receptors. The efficiency of this antagonism can be a measure for the
potency of a compound (Göhlmann and Talloen, 2009).

After an acute treatment of 1 hour, a specific, relevant brain region (the striatum)
was isolated. Then gene expression profiling on all samples was performed. After a
quality control checking, the data set consists of 4-5 samples at each dose level. Each
array consists of 11,565 probe sets. For simplicity we refer to probe sets as genes.
The biological question of this experiment is to know which genes are affected by
downstream of the dopamine D2 receptor.



8 Chapter 1. Introduction

1.3.2 The EGF Treatment Data on a Carcinoma Cell Line

The second dataset used as a case study come from a microarray experiment, in
which human epidermal squamous carcinoma cell line A431 was grown in Dulbecco’s
modified Eagle’s medium, supplemented with L-glutamine (20 mM), Gentamycin (5
mg/ml) and 10% fetal bovine serum. The cells were pre-treated with a compound,
which were stimulated with epidermal growth factor (EGF) (R&D Systems, 236-
EG) at different concentrations (0 ng/ml, 1 ng/ml, 10 ng/ml and 100 ng/ml) for
24 hour. RNA was harvested using RLT buffer (Qiagen). All microarray related
steps, including the amplification of total RNAs, labeling, hybridization and scan-
ning were carried out as described in the GeneChip Expression Analysis Technical
Manual, Rev.4 (Affymetrix, 2004). Biotin-labeled target samples were hybridized to
human genome arrays U133 A 2.0 containing probe sets interrogation approximately
22,000 transcripts from the UniGene database (Build 133). Hybridization was per-
formed using 15 µg of complementary RNA for 16 hour at 450C under continuous
rotation at 60 rpm. Arrays were stained in Affymetrix Fluidics stations using strep-
tavidin/phycoerythrin staining. Thereafter, arrays were scanned with the Affymetrix
scanner 3000, and images were analyzed using the GeneChip Operating System v1.1
(GCOS, Affymetrix). The collected data were quantile normalized in two steps: first
within each sample group, and then across all sample groups obtained (Bolstad et al.,
2002). After removing the probe sets with absent calls, the resulting data set consists
of 12 samples, for four dose levels and three microarray at each dose level, with 16,998
probe sets.

Figure 1.3 shows an example gene for each case study data set. The y-axis is the
gene expression and the x -axis is dose in ordinal scale. Each circle corresponds to
gene expression for one sample (a rat or a cell line).

1.3.3 A Case Study for Biclustering Analysis: The Screening

Oncology Study

The dataset used for biclustering analysis comes from an oncology study screening.
The experiment was aimed to investigate the activity of several active compounds
for treatment of colon cancer lines. The phenotypic screen that forms the basis for
the selection of compounds that are used for the pilot studies and the first large data
set is a screen from oncology. The phenotypic readout was how cell proliferation was
affected by the different compounds that were tested. The actual measurement was
an ATP assay. In simple terms, the more cells viable cells were left after treatment the
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Figure 1.3: Example data of one gene in each case study.

more ATP could be measured. In other words, a drop in ATP (the cells energy source)
indicated an active compound. The compounds selected for this cell based screening
were chemical structures that should resemble similarity to kinase inhibitors. From
the experiment data, 241 compounds in 2289 cell lines are extracted and used in this
dissertation.
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Chapter 2
Dose-response Modeling and Model

Averaging in Microarray

Experiments

2.1 Introduction

Finding the efficacious dose or dose range without having unacceptable side effects
nowadays is more challenging due to complexity of diseases increase as well as their
molecular pathways. Therefore, knowledge of the dose-response characteristics of a
compound is crucial to successfully develop a new medicine (Straetemans, 2011). As
mentioned in Chapter 1, gene expression experiments now play important roles in the
target-based drug discovery. It is of interest to find a drug which only affect the target
genes, and does not affect other genes. This is aimed to produce a compound/drug
which highly effective to the target disease, and does not have (or small) side effects.

In the dose-response studies, the first aim is to test whether there is any evidence of
the drug effect, the so called proof-of-activity (PoA) or proof-of-concept (PoC) (Bretz
et al., 2005). This can be addressed by investigating the overall dose related trend.
After this objective is achieved, the next step focuses on estimating a target dose of
interest such as the dose at which the mean response is half way to the maximum
effect or known as the ED50. Usually the main interest is not to test a single gene
but to compare between several genes. This can be done by ranking the genes based
on their response to the drug/compound using the ED50 values.

13
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The ED50 parameter which is often estimated through parametric modeling, is
dependent on the model fitted to the data. It is often that multiple dose-response
models describe the data equally good and the ED50 values derived from comparably-
fitting models may be different (Bretz et al., 2005). Since the true model is unknown,
model uncertainty exists in many studies where dose-response modeling is involved,
such as risk assessment or dose finding process. To address this issue usually several
models are fitted and compared using an information criterion. The model with the
best information criterion is chosen, and the inference is made based on the chosen
model (Claeskens and Hjort, 2008). In that way we ignore all other ED50 estimates.
The model uncertainty which accounts for an important portion of the uncertainty
in dose finding study should be taken into account. One method that can be used to
account for this uncertainty is model averaging (Buckland et al., 1997, Burnham and
Anderson, 2002, and Claeskens and Hjort, 2008). Within this approach, information
obtained from all fitted models is used in order to calculate the uncertainty related
to the parameter of primary interest.

For the modeling approach in dose-response study, we proposed a framework dis-
played in Figure 2.1. First, the genes without monotone dose effect are filtered out.
Then for the differentially expressed genes, several dose-response models are fitted.
The target dose of interest is then estimated from each model. In the last step, to
account for the dose-response model uncertainty, model averaging approach is carried
out.

In this chapter, we discuss a model averaging approach for the estimation of the
ED50 parameter. Section 2.2 briefly reviews existing methods to filter out genes with-
out monotonic trend. Parametric dose-response modeling technique will be presented
in Section 2.3. The definition of the ED50 is given in Section 2.4. Section 2.5 presents
parametric dose-response modeling and model averaging in microarrays studies. In
Section 2.6 we discuss dose-response modeling where the main interest is to investi-
gate the activity of different compounds on a single gene. The proposed method is
applied to the antipsychotic data in Section 2.7.

2.2 Feature Selection: Testing for Monotonic

Trends

Monotonicity is a common assumption in dose-response studies. This assumption is
established since in general increasing the dose will proportionally increase in both
the effectiveness and the side effects (Ting, 2006). Based on that assumption, in dose-
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Step 1 

Feature Selection 
Genes with a monotonic trend 

Step 2 

Parametric Modeling
Estimation of   = ED50

Step 3 

Model Averaging 

MA = i I

Figure 2.1: Dose-response microarray studies modeling framework.

response studies in microarray settings, the scientists are interested in the genes that
showing a monotonic trend. In the first stage of the analysis, a gene-by-gene analysis
to test for a monotonic trend was carried out to filter out the genes that do not show
a monotonic trend. This testing procedure takes into account the order restriction
of the means with respect to the increasing doses and does not need prior knowledge
of a functional dose-response relationship. Lin et al. (2007) discussed several test-
ing procedures to test the null hypothesis of no dose effect against order-restricted
alternative hypotheses. The test statistics proposed by Lin et al. (2007, 2011a) for
detecting genes with a significant monotonic trend are the Williams (Williams, 1971
and 1972), Marcus (Marcus, 1976), the likelihood ratio test Ē2

01 (Bartholomew, 1959),
the M statistic (Hu et al., 2005), and the modified M statistic (Lin et al., 2007).

In this chapter the main focus is dose-response modeling. For more details about
testing for monotonic trends we refer to Chapter 4 of this dissertation. In what follows
we implemented the global likelihood ratio test statistics Ē2

01 which was shown by
Lin et al. (2007) to have a slightly higher power than other tests in detecting for
a monotonic trend. The p-values were obtained from permutations and adjusted
for multiplicity using the Benjamini Hochberg (BH-FDR) procedure (Benjamini and
Hochberg, 1995).
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2.3 Parametric Dose-response Modeling

After obtaining genes with a significant monotone increasing/decreasing trend, a
model-based approach is carried out in order to estimate the ED50 parameter. A
modeling approach is commonly used in order to study the functional relationship
between doses and response. This approach is based on a pre-specified paramet-
ric model. This section will discuss the main concepts of parametric dose-response
modeling framework.

We consider a microarray experiment, for each gene, the following dose-response
relationship is assumed:

Yij = f(di, θ) + εij , i = 0, 1, . . . , K, j = 1, 2, . . . , ni. (2.1)

Here d is the dose and the dose-response function f(di,θ) could be linear or non linear
function of the parameters θ. Bretz et al. (2005, 2008), Ritz and Streibig (2005),
and Pinheiro et al. (2006) discussed several models that are commonly used in dose-
response studies. Most of the models proposed by the authors are non-linear models.
Other non-linear models can be found in Seber and Wild (1989) and Ratkowsky (1990)
which discussed extensively the background of non-linear regression modeling and also
provided many non-linear regression models along with their parameterizations.

Since the modeling approach treat the dose as a continuous variable, this approach
is able to investigate the effect of doses which is not used in the study. However the
validity of the result will depend on the correct choice of the dose-response model.
Moreover, the true underlying dose-response relationship under investigation is typi-
cally unknown. Hence to counter for these drawbacks, instead of proceeding with a
single model, several possible candidate dose-response models are fitted.

2.3.1 Commonly Used Dose-response Models

Several commonly used models in dose-response studies are presented in Table 2.1.
Graphical displays of the models are presented in Figure 2.2. Note that for all models,
the same parametrization is used. The parameter E0 is the expression level when the
dose of the drug is zero, the parameter Emax is the maximum effect of a dose on
response, i.e., gene expression, and the parameter ED50 is the inflection point of the
function, and the dose which produces half of Emax.

The simplest models considered are linear models in their respective parameters
(e.g., linear and linear log-dose). In the linear model the parameter δ is a linear effect
of dose. For the linear log-dose model the parameter β is linear effect of log(dose+c).
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Table 2.1: Dose-response models, x = dose

Model Name Function

Linear f(x) = E0 + δx

Linear Log-dose f(x) = E0 + βlog(x + c)
Exponential f(x) = E0 + E1(ex/ϑ − 1)
Logistic f(x) = E0 + Emax

1+exp[(ED50−x)/φ]

Hyperbolic Emax f(x) = E0 + x×(EMax)
x+ED50

Sigmoidal Emax f(x) = E0 + xN×(EMax)

xN+EDN
50

In this model, the offset value of c > 0 is added to avoid problem for dose=0. The
exponential model can capture a possible sub-linear or a convex dose-response rela-
tionship (Bretz et al., 2008 and Bornkamp et al., 2009). In this model, the parameter
E1 is the rate of increase (decrease) in the effect of dose, and the parameter ϑ deter-
mines the convexity of the model.
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Figure 2.2: Dose-response profiles for each of the model.

One of the most frequently used non-linear models in dose-response analysis is the
Emax model. The Emax model has four parameters: (a) the maximum effect of a dose
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on response, i.e., gene expression (Emax), (b) the baseline effect corresponding to the
expression level when the dose of the drug is zero (E0), (c) inflection point of the
function or the dose which produces half of Emax ( ED50), and (d) the slope factor
or Hill factor (N) which measures sensitivity of the response to the dose range of the
drug, determining the steepness of the dose-response curve. These parameterizations
are presented in Figure 2.3. MacDougall (2006) discussed this model extensively
and divided this model into a hyperbolic Emax and a sigmoidal Emax model. The
model where the slope factor (N) is not included in the Emax model is referred as
the hyperbolic Emax, while the model with the slope factor (N) is referred as the
sigmoidal Emax model (see Table 2.1).

Figure 2.3: The Hyperbolic Emax model curve shape.

The Emax model dose-response curve assumes that the dose-response relationship
is monotone. The curve can be either increasing or decreasing relative to an increase
in dose. If the response is decreasing, the value of the Emax parameter will be negative
and the definition of the inflection point is now the Inhibitory Dose/Concentration
(ID50 or IC50) instead of the ED50.

Another model is the logistic model which is one of the most versatile and useful
models for fitting sigmoidal responses shape (Seber and Wild, 1989). The logistic
model as displayed in Figure 2.2 can have different number of parameters (from which
they are usually called). One of the most commonly used, and what mostly people are
referring to as the logistic model is the four parameter logistic model (Pinheiro and
Bates, 2000). Note that besides the parametrization of logistic model presented in
Table 2.1, there are several slightly different parameterizations of the logistic model
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exist such as four parameter logistic models discussed by MacDougall (2006) and
Straetemans (2011).

2.3.2 Estimation of Non-linear Models

The model-based approach requires the estimation of the parameters under the as-
sumed dose-response model. For linear models, ordinary least squares (OLS) esti-
mates that minimize the residual sum of squared are typically used. In the case of
non-linear dose-response models, non-linear least squares algorithms are needed to es-
timate parameters. The most popular of these is the Gauss-Newton algorithm (Bates
and Watts 1988 and Seber and Wild 1989), which is an iterative procedure consisting
of solving, until convergence, a sequence of linear least squares problems based on a
local approximation of the non-linear model. Such an iterative algorithms typically
requires a starting point, the so-called initial values, for the parameters. This is the
important difference between linear and non-linear modeling. Bates and Watts (1988)
discussed methods for deriving initial estimates for non-linear models.

Statistical software packages have implemented the Gauss-Newton algorithm for
non-linear least squares, i.e., nls (Bates and Chambers, 1992) and gnls (Pinheiro
and Bates, 2000) in R and S-PLUS. Pinheiro and Bates (2000) proposed several
self-starting non-linear model functions in nlme package which contain an auxiliary
function to calculate the initial parameter estimates. Ritz and Streibig (2005) dis-
cussed procedures for obtaining the starting values for several non-linear models in
the drc package.

The latest R package which provides functions for fitting non-linear dose-response
models and model averaging is DoseFinding package (Bornkamp et al., 2009). The
package implements the non-linear optimization only for the non-linear parameters
and solving linear least squares problems in each iteration proposed by Golub and
Pereyra (2003). The package also uses the non-linear least squares algorithm with
simple box constraints on the (non-linear) parameters (the algorithm works by eval-
uating the objective function first on a grid and then start optimizing from the best
function value found). The advantage of imposing bounds is that it guarantees the
existence of an optimum of the objective function (Bornkamp et al., 2009).
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2.4 The ED50 Parameter

2.4.1 Drug Potency Measurement

One of the objectives of model-based dose-response is to obtain a parameter which
reflects the potency of the tested drug or compound. The parameter that is com-
monly used for this purpose is the ED50 (also sometimes mentioned as the ID50, IC50

or EC50). From the Emax model and the four parameter logistic model presented
previously, we can obtain the ED50 directly from the parameter in the function.

The ED50 quantifies the dose that is needed to reach the maximal effect. It
can be used to compare two or more compounds/drugs. This can be illustrated in
the example displayed in Figure 2.4 where two compounds with the same therapeutic
window (Emax value) but have different ED50 values. Compound 1 (blue line) reaches
half way from the minimum response 1 to the maximum effect 5 at dose 1 mg/ml.
Meanwhile the second compound (red line) provides a slower effect to response since
it needs more dose to reach the same level (2 mg/ml). In this case we can say that
compound 1 is more potent and preferable.
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Figure 2.4: Two dose-response curves with the same therapeutic window but different ED50.

2.4.2 The Estimation of the ED50 Within the Dose Range

In the definition of the ED50 previously mentioned, the maximum and minimum
response (right and left asymptote, respectively for increasing trend) can be anywhere
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in the dose range including the dose outside the investigated dose range. This implies
that if the maximum effect, the minimum effect or both are reached outside the
range of the data, the ED50 can be estimated outside the range of the dose used in
the experiment as well. Figure 2.5a illustrates a case in which the maximum gene
expression level (E0 + Emax) reaches at a dose level that higher than the maximum
dose administered in the experiment. We can observe from Figure 2.5a that the ED50

obtained directly from the parameter of the Emax model (ED50,2) is higher than the
ED50 obtained within the dose range (ED50,1). Another gene profile shown in Figure
2.5b illustrates a gene which the dose for the left asymptote (E0) is outside the dose
range. The parameter estimate for the ED50 resulted from the parameter of the Emax

model (ED50,1) is outside the dose range and the value is negative.

In order to avoid problems arising from extrapolating beyond the dose range under
investigation the ED50 is restricted to lie within the interval (d0, dK) (Pinheiro et al.,
2006). We estimate the ED50 as the half way from the estimated mean response at
the lowest dose to the estimated mean response at the highest dose. This can be
done by a grid search, in which the dose corresponds to the half way between the
estimated mean response at the minimum and maximum doses is found. In that
way the ED50 represents the half way to the maximum effect within the range of the
data. In the context of dose-response microarray experiment, this approach has a
major advantage. The difference between the (model-based) mean gene expression
at the lowest dose and the highest dose is the fold change. Hence, the ED50 can be
interpreted as the dose corresponds to the half fold change (Pramana et al., 2011b).

It is important to assess the precision of the obtained ED50 estimate. To evaluate
the precision of the ED50, nonparametric bootstrap methods can be used to obtain the
standard error of the ED50. Nonparametric bootstrap methods, for which responses
are sampled with replacement within each dose level (preserving the sample sizes per
dose), can provide reliable results (Bretz et al., 2008).

2.5 Model Averaging in Dose-response Microarray

Studies

In Section 2.3, several candidate dose-response models were fitted. Usually scientists
try to select the best model from the candidate models. Several model selection cri-
teria such as the AIC (Akaike, 1973, 1974), the Kullback information criteria (KIC
e.g, Cavanaugh, 1999), and Order Restricted Information Criterion (ORIC, Anraku,
1999) have been used to select the “best” model among several candidate models.
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(a)

ED50, 1 ED50, 2 

(b)

Figure 2.5: Plot of data of two genes and the fitted values of the logistic model.

Model selection criteria select a suitable model that characterizes the underlying data
selection criterion and assesses whether a fitted model offers an optimal balance be-
tween goodness-of-fit and parsimony (Moon et al., 2005). There are some limitations
of model selection criteria. For example the AIC, the widespread used criterion, is
justified only based on its conventional asymptotic properties of maximum likelihood
estimators. Hence it is applicable in a broad array of modeling frameworks (Moon
et al., 2005). Moreover, the AIC tends to favor inappropriately high-dimensional
candidate models, where the sample size is small (Hurvich and Tsai, 1989).

Furthermore, if we use the naive approach by only choosing the best model based
on the information criteria, its result validity is questionable since the true dose-
response relationship under investigation is usually unknown. Although we have prior
information about the relationship, the possibility of model misspecification still can
arise. Another possible situation where multiple models describe the data equivalently
can also occur. Pinheiro et al. (2006b) discussed this issue and the pitfalls of using the
information criteria, and they proposed to use the weighted average across models.

In this study, to account for model uncertainty, the model averaging technique
which combines estimates from different dose-response models is carried out. This is
accomplished through a weighted average of the dose-response functions considered
in the analysis. Raftery (1995) suggested the use of the posterior model probabilities
which were derived from a Bayesian analysis of all models considered as weights. This
is the key element of Bayesian Model Averaging (BMA). Let us assume that R models
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can be fitted to the data, the posterior probability of the rth model p(gr|y) is given
by

p(gr|y) =
p(y|gr)p(gr)∑R

r=1 p(y|gr)p(gr)
, r = 1, 2, ..., R, (2.2)

where

p(y|gr) =
∫

p(y|θr, gr)p(θr|gr)dθr (2.3)

is the integrated likelihood of model gr, θr is a vector of model parameters of model
gr, p(y|θr, gr) is the likelihood of θr under model gr, p(gr) is the prior probability of
the rth model, and p(θr|gr) is the prior density function of θr under model gr.

Given a model selection problem in which we have to choose between two models,
the plausibility of the two different models g1 and g2, assessed by the Bayes factor
which is the ratio of their posterior probabilities.

Since a full Bayesian analysis is often difficult, Raftery (1995) proposed the BIC
(Schwarz, 1978) as an approximation for Bayes factor. Buckland et al. (1997) and
Claeskens and Hjort (2008) discussed the utilization of the BIC in approximation
of Bayesian model averaging. Buckland et al. (1997) proposed simpler methods,
where weights are based upon the penalized likelihood functions formed from the
AIC (Akaike, 1973).

The posterior model probabilities in (2.2) do not take the complexity of the model
into account. The model selection theory discussed by Burnham and Anderson (2002,
2004) and Claeskens and Hjort (2008) allows one to incorporate the need to balance
between goodness-of-fit and model complexity within the model selection procedure.

The starting point for Burnham and Anderson’s model selection theory is the
Kullback-Leibler information (KL) given by Burnham and Anderson (2002) and
Claeskens and Hjort (2008):

I(f |g) =
∫

f(x)log
f(x)

g(x|θ)
dx, (2.4)

where f represents the density function of the true and unknown model, g represents
the density function of the model that is used to approximate f , and θ is a vector of
the unknown parameters to be estimated. The KL information (or the KL distance)
is interpreted as the loss of information when the true model f is approximated by
the model g(x|θ̂), where θ̂ is a vector of the parameter estimates for the unknown
parameters θ. For a given set of candidate models g1, g2, ..., gR, one can compare the
KL information for each model and select the model that minimizes the information
loss across the considered set of models (Burnham and Anderson, 2002, 2004, Poeter
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and Anderson, 2005). However, in practice I(f, g) cannot be computed since the
true model f is unknown. Akaike (1973, 1974) and Burnham and Anderson (2002)
made the link between the KL information and likelihood theory and showed that the
expected Kullback- Leibler information can be expressed as

E(KL) = −logL(θ|data) + M, (2.5)

where L(θ|data) is the likelihood and M is the number of parameters in the model.
The well-known Akaike’s Information Criterion (AIC) is given by

AIC = −2logL(θ|data) + 2M. (2.6)

Akaike’s approach allows for model selection that takes into account both goodness
of fit and model complexity. Since the individual AIC values are not interpretable,
as they contain arbitrary constants and are much affected by sample size, for a given
set of R models, Burnham and Anderson (2002) proposed to rescale the AIC to

∆AICr = AICr −AICmin, (2.7)

with AICmin being the smallest AIC value across the set of R models. The ∆AICr

can be interpreted as the information loss when model gr, rather than the best model
gAICmin , is used to approximate the true and unknown model f. Some simple rules of
thumb are used in assessing the relative merits of the models in the set (Burnham and
Anderson, 2002): models with ∆AICr ≤ 2 have substantial support (evidence); those
with 4 ≤ ∆AICr ≤ 7 have considerably less support; and models with ∆AICr > 10,
have essentially no support.

Akaike (1981) and Burnham and Anderson (2002) proposed the relative likelihood
of the model given the data, defined by

L(gr|y) ∝ e
1
2∆AICr . (2.8)

In contrast with the posterior probability P (gr|y) defined in (2.2) which only takes
into account goodness of fit, the model likelihood L(gr|y) in (2.8) takes into account
both goodness of fit and model complexity. To better interpret the relative likelihood,
Akaike (1981) and Burnham and Anderson (2002) advocated to normalize the L(gr|y)
to be a set of Akaike’s weights defined as

wr(AIC) =
exp(− 1

2∆AICr)∑R
r=1 exp(− 1

2∆AICr)
, (2.9)

where
∑

wr(AIC) = 1.
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The Akaike’s weights can be interpreted as the weight of evidence that model gr

is the best model given a set of R models and given that one of the models in the
set must be the best model. The model (i.e., the dose-relationship model) with the
highest Akaike’s weights wr(AIC) will be considered as the best model for a particular
gene.

This likelihood of the model given the data can be also implemented to other
information criteria. Hence we can define general form of model averaging weights as
follows:

wr =
exp(− 1

2∆Ir)∑R
r=1 exp(− 1

2∆Ir)
, (2.10)

where Ir is the information criterion of model r (e.g., AIC BIC), and ∆Ir is defined
as

∆Ir = Ir − Imin, (2.11)

with Imin being the smallest information criterion value across the set of R models.
The information criteria we use in this study is the AIC defined in (2.6) and the

BIC which is defined as follows:

BIC = −2logL(θ|data) + Mlog(n), (2.12)

where n is the total number of samples (arrays in this case) in the data. We observe
that the BIC penalizes more on the number of observation than the AIC which pe-
nalizes on the number of parameters in the model. The weight based on the BIC is
defined as

wr(BIC) =
exp(− 1

2∆BICr)∑R
r=1 exp(− 1

2∆BICr)
, (2.13)

where ∆BICr = BICr − BICmin. The wr(BIC) can be interpreted as the poste-
rior probabilities or the probability that the model is the true model given the data
(Whitney and Ryan, 2009, and Lin et al., 2011).

Other approaches to obtain model average weights also exist. Such as Buckland
et al. (1997) who proposed the use of bootstrap method to obtain the model average
weights. Moon et al. (2005) used the model selection criterion based on Kullback’s
symmetric divergence (KIC) as model average weights.

The model averaging techniques, either Bayesian or frequentist approaches, have
been implemented in a wide range area as well. Kang et al. (2000) implemented it
in estimating risk across different microbiological dose-response models. Faes et al.
(2006) and Namata et al. (2008) implemented model averaging technique using frac-
tional polynomials in quantitative risk assessment involving the determination of a
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safe level of exposure, and estimation of food-borne diseases infection risk, respec-
tively. In statistical genetics, Wu et al. (2010) proposed the application of BMA
to estimate candidate gene effects using linear models. BMA was also implemented
in functional genomics by Yeung et al. (2005) and Sebastiani et al. (2006) who, re-
spectively, discussed BMA method for gene selection, and classification of microarray
data for the analysis of comparative experiments of oligonucleotide microarrays. In
the socioeconomic area, recently, Moral-Benito (2010) discussed broad applications of
model averaging methods in economics, specifically in instrumental variables models
and panel data settings.

In microarray experiment where thousands of genes are measured, the following
model averaging technique is carried out for each gene. In this study, the main
parameter of interest is the ED50 value. The model-averaged ED50 is defined as
follows:

ÊD50,MA =
R∑

r=1

wrÊD50,r, (2.14)

where ÊD50,r is the ED50 of model gr and wr is either the AIC weights or BIC weights
defined previously in (2.9) and (2.13), respectively.

The model-averaged dose-response curve can be estimated by

f̂MA(d) =
R∑
r

ωrf̂r(θ̂, d), (2.15)

where f̂r(θ̂, d) is the estimated dose-response curve obtained from the rth model.
After obtaining a model-averaged estimate, it is important to correctly estimate

the variance of this estimate. From Buckland et al. (1997) the estimator for variance
of the model-averaged estimator of θ is defined as:

v̂ar(θ̂MA) =

[
R∑

r=1

ωr

√
v̂ar(θ̂r|gr) + (θ̂r − θ̂MA)2

]2

, (2.16)

where v̂ar(θ̂r|gr) is the variance of θ̂r in model gr, θ̂MA is the model-averaged estimate
of θ. The variance estimator is clearly the sum of two components: the conditional
sampling variance of a given model gr, and a term of the variation in the estimates
across the R models. Buckland et al. (1997) and Faes et al. (2006) showed that the
estimator given in (2.16) is based on the assumption that the correlation between the
estimates from different models equal to 1. Since this assumption is to conservative
and not always held, Faes et al. (2006) proposed the bootstrap method to estimate
the variance. In this study, we obtain variance of model-averaged estimate by using
bootstrap methods.
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The model averaging technique discussed above allows us to compare between:
(1) the expression levels of all significant genes for a specific compound and (2) the
expression levels of several genes obtained for different compounds.

2.6 Testing for Compounds Effects

In this section, the main interest is to investigate the activity of different compounds
on the expression level of a single gene and based on a specific dose-response model.
For the antipsychotic data described in Section 1.3, there are six compounds that
are tested: CompA, CompB, CompC, JnJa, JnJb, and JnJc. In the section, the
comparison is made based on the Emax model. In order to compare the six compounds,
we formulate the parameters in the model as a linear function of the compounds, that
is 


E0k

ED50k

Emaxk


 =




θ1 + γk

θ2 + δk

θ2 + ηk


 , k = 2, ..., K, (2.17)

where K is the number of compounds. Here, θ1 + γk, θ2 + δk and θ2 + ηk are com-
pound specific E0, ED50, and Emax, and θ1, θ2, and θ3 are the E0, ED50, and Emax

parameters for the reference compound, respectively. Formally, for each one of the
parameters, we wish to test the null hypothesis of no compound effect. For example,
for the ED50 parameter we formulate the following hypotheses:

H0 : δk = 0,

H1 : δk 6= 0.
(2.18)

This modeling approach allows us to flexibly model the data and test for the compound
effects on the parameter estimates.

2.7 Application to the Antipsychotic data

2.7.1 Initial Filtering: Testing for a Monotonic Trend in a

Single Compound

In this section, we present the result for the antipsychotic compound CompA. The
analysis for filtering out the genes without a monotonic trend was carried out using
the likelihood ratio test (Ē2

01). We refer to Chapter 4 for an elaborate discussion about
the likelihood ratio test. For each gene, the Ē2

01 was calculated and the p-values were
obtained based on the permutation matrix, in which the null distribution of the test
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statistics were approximated using 1000 permutations. The inference was made based
on the two-sided p-values.
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Figure 2.6: Distribution of raw and adjusted p-values.
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Figure 2.7: Plot of raw and adjusted p-values.

Figure 2.6 shows the distribution of the raw and BH-adjusted p-values (Benjamini
Hochberg procedure) for the Ē2

01 test statistic. The left panel of the figure shows the
distribution of the raw p-values before a multiplicity adjustment. After adjusting for
multiplicity (see right panel of Figure 2.6), most of the genes have high raw p-values
and then after the BH-FDR adjustment most genes have p-values close to 1. We can
see from Figure 2.7 that the distribution of raw p-values is smaller than that of BH-
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adjusted p-values. Based on the BH-adjusted p-values only 72 genes were declared
to have a significant monotonic trend. It can be seen that this initial testing step
already filtered out the around 99.4% of the genes that do not show any monotonic
trend.

Figure 2.8 displays an example of four genes found to be significant. We observe
that all these genes have a monotonic trend (increasing or decreasing) but different
dose-response relationship curves.
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Figure 2.8: Data and isotonic trend of four genes with a significant monotonic trend.

2.7.2 Parametric Modeling and Model Averaging

The genes (i.e., 72 genes) with a significant monotonic trend discovered previously by
the Ē2

01 test statistic were fitted by the models described in Table 2.1. First let us
focus on a single gene called Fos. Figure 2.9 displays the data, fitted values, and the
95% confidence intervals (obtained from bootstrap) for each candidate model.

Table 2.2 shows the estimates value of the ED50, the 95% bootstrap confidence
intervals, the AIC and BIC weights for each of the fitted models for the gene Fos.
The data, fitted values the model-averaged (based on AIC and BIC weights, black
and red lines, respectively) are shown in Figure 2.10. We can observe that the linear
model (yellow line) and exponential model (green dot line) fit the data poorly, and
therefore the corresponding weights are close to zero. The hyperbolic Emax model
(dashed blue line) fits the data better and the fit is close to the fit of averaged model
(red line). Therefore the Emax model has the largest weight. As we have seen from
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Table 2.2 that the weight based on the AIC and BIC in this case is similar. It reflects
the model-averaged fits as shown in Figure 2.10.

Note that for the linear and the linear log-dose model the parameter estimates for
the ED50 are not the parameters in the models. For the linear model, the ED50 is the
median of the dose equals to 20, (note that the dose range is from 0 to 40). For the
linear log-dose, the ED50 is using grid search from the predicted value of the model.
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Table 2.2: Parameter estimates for the ED50 and the 95%CI for all models for the gene

Fos.

Model lower ED50 upper Weight (AIC) Weight (BIC)

Linear 20.020 20.020 20.020 0.000 0.000

Linear Log-dose 5.405 5.405 5.405 0.029 0.067

Exponential 22.502 22.502 22.502 0.000 0.000

Emax 0.521 1.241 3.283 0.640 0.743

SigEmax 0.359 1.241 3.123 0.254 0.146

Logistic 0.480 2.0420 4.525 0.077 0.044

MA (AIC) 0.557 1.422 4.075

MA (BIC) 0.557 1.556 4.462
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Figure 2.11: Parameter estimates for the ED50 and the 95% confidence intervals for each

model for the gene Fos.
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Since the ED50 values of these two models depend on the dose at which the response
is minimum and maximum which are fixed, the 95% CIs for the ED50 obtained are
always the same (see Table 2.2). For more detail, the illustration to obtain the ED50

parameter for the linear and linear log dose are presented in Appendix A.

The model-averaged (MA) estimate for the ED50 calculated according to (2.14)
based on the AIC and BIC weights are equal to 1.424 and 1.556, respectively. Figure
2.11 presents parameter estimates for the ED50 for each model, the MA ED50 and the
corresponding 95% CIs. We see that the 95% CIs of MA ED50, based on both AIC
and BIC, covers the 95% CIs of ED50 from most of the models. The linear, log linear,
and exponential ED50 estimates are far outside the range of the 95% CI MA ED50.
Note that due to the poor fit of these models, their influence on the model-averaged
estimate is limited.

The histogram and density estimate for the bootstrap replicates for the model-
averaged estimates for ED50 is presented in Figure 2.12. In this figure, the solid
vertical line is the observed MA ED50 and the dashed vertical lines are the 2.5% and
97.5% quantiles.
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2.7.3 Ranking Genes For a Single Compound Based on the

ED50

In this section, we focus on the model-averaged ED50 for all 72 significant genes. The
model averaging methodology allows us to rank the response of genes to the increasing
(decreasing) doses of a specific compound (CompA) based on model-averaged estimate
of the ED50.

As discussed in Section 2.4, the ED50 reflects the drug potency of the experimented
compounds. In this case, researchers are interested in a compound which can increase
response with low doses. Finding a subset of genes that reacts faster (only need a low
dose) to the drug is of interest.

Figure 2.13 shows the distribution of model-averaged estimates for the ED50 for
all significant genes in CompA. We can observe that the MA ED50 of all significant
genes varies from close to zero to around 30 mg/kg. This shows that genes have
different reactions to the compound. In addition, most of the genes have estimates of
the ED50 less than 5 mg/kg.
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Figure 2.13: Model-averaged estimates for the MA ED50 for all 72 significant genes for the

compound CompA. Panel a: estimates for genes with an upward trend. Panel b: estimates

for the genes with a downward trend.

Figure 2.14 shows the sorted values of the model-averaged ED50 estimates with
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the corresponding 95% bootstrap confidence intervals. The most interesting genes
in this study are the genes with a smaller ED50 i.e. react faster to the compound.
Note that the term “react faster” in this case refers to the condition where the gene
needs smaller dose to be expressed. Genes with high ED50 are of less interest in this
experiment.
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Figure 2.14: Model-averaged estimates for the ED50 with 95% bootstrap confidence inter-

vals for the compound CompA. Panel a: estimates for genes with upward trend. Panel b:

estimates for the genes with downward trend.

Scientists may be also not only interested in the genes with small ED50, but also
the genes with large fold change. We can investigate it from Figure 2.15 which shows
a plot of fold change vs. the ED50 estimates for upward genes. The figure shows that
there are two genes which have fold change larger than 2.5. One of these two genes
which has small ED50 is gene 6792 shown in Figure 2.16a.

Figure 2.16 presents the data and model-averaged estimates for the dose-response
curve for two genes, gene 6792 and gene 83, with their ED50 equal to 1.143 and 4.96,
respectively. Two main patterns can be observed in Figure 2.16. First, the dose-
response curve for gene 6792 indeed increases sharply as compared to gene 83 and as
a result the parameter estimate for the ED50 for gene 6792 (ED50=1.14) is smaller as
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Figure 2.15: Plot of fold change vs the ED50 for upward genes.

compared to gene 83 (ED50=4.96). Second, the fold change of gene 6792 (fold change
= 2.56) is larger than the fold change of gene 83 (fold change = 0.44). This implies
that gene 6792 responds to the increasing doses of CompA quicker (smaller ED50)
and with a larger increment of gene expression (a larger fold change).

2.7.4 Comparison Between Several Compounds Based on the

Model-averaged ED50 Ranking

In the previous section, we compared between the response of genes for a single
compound dose-response experiment. In some cases, a multi-compound dose-response
microarray experiment is conducted in order to evaluate a new compound against a
known compound. In this setting the comparison of primary interest is the change in
gene expression across compounds for several genes.

In this section, we illustrate the use of model averaging technique in order to
compare the change in gene expression between two compounds: CompA and JnJa.
For each gene which was found to have a significant monotonic trend in the two
compounds (29 genes), we can calculate the model-averaged estimate for the ED50.

Figure 2.17 shows the model-averaged estimates of 29 genes found significant in
both compounds: CompA and JnJa. We notice that the majority of the genes for
the two compounds respond faster to CompA as compared to JnJa, i.e, their model-
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Figure 2.16: Data and model-averaged of the dose-response curves for two genes for the

CompA. Note that the genes are presented in different scales.
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Figure 2.17: Model-averaged estimate for the ED50 for the genes found significant in two

compounds: CompA and JnJa.

averaged estimate for ED50 are larger under JnJa as compared to the corresponding
model-averaged estimates for the ED50 under CompA. Figure 2.18 shows an example
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of two genes. The first gene (6792) responds quicker under CompA as compared to
the new compound (model-averaged estimates for ED50 are equal to 1.143 and 4.25
under CompA and JnJa, respectively). The same pattern can be observed for the
second gene (gene 83) with model-averaged estimate for the ED50 equal to 4.96 and
16.92 under CompA and JnJa, respectively.
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Figure 2.18: Data and model-averaged curves for the dose-response curves for two genes

for CompA (solid line) and JnJa (dashed line). Note that the genes are presented in different

scales.

2.7.5 Average the ED50 or Average Model?

In the previous section, we implemented the most commonly used model averaging
technique by giving weights to the ED50 estimates obtained from each model. This is
by formula defined in (2.14). Wheeler and Bailer (2007) term this approach “Averag-
ing Dose”. Note that we can estimate the target dose (ED50) from the model-averaged
fitted values defined in (2.14) as well. Here, the weights are given to the fitted val-
ues of the models and from this averaged fitted value, the parameter of interest is
then estimated. The main reason why this approach is not popular is because it
is difficult to obtain the closed form of the ED50 (Wheeler and Bailer, 2007, 2009).
As we discussed in Section 2.4, the ED50 parameter can be estimated using a grid
search. Figure 2.19 presents a plot of ED50 resulted from the two approaches. We
observe that the model-averaged estimates of ED50 by using “average-model” (ED50
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MA fitted) and “average-dose” (MA ED50) in the antipsychotic study are similar.
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Figure 2.19: The parameter estimates for the ED50 of model-averaged curves against the

parameter estimates for the model-averaged ED50.

2.7.6 Testing for Compound Effects

In this section, the main interest is the comparison between the expression levels of
the same gene for different compounds. This allows us to evaluate the compound
activity based on gene expression data. For the analysis presented in this section,
6 compounds are used: CompA, CompB, CompC, JnJa, JnJb, and JnJc, and the
comparison is based on the gene Fos using the Emax model.

The first model we can fit is the model which does not include compound effects
but assumes that there is a single dose-response relationship for all compounds (Model
1). The fitted value of this model (Model 1) is presented in Figure 2.20.

Next we fit the second model which assumes that the compounds are different in
the Emax and the ED50 but the same baseline parameter E0 for all compounds (Model
2). Note that since the first dose is equal to zero, the E0 can be used to estimate the
baseline gene expression using data from all compounds. Figure 2.21 displays fitted
values of Model 2 in two plots within and outside the experimented dose range.

The next model we can fit is a model which assumes common Emax and E0 for all
compounds (Model 3). This model assumes that the compounds have different ED50

but the same Emax and E0.
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Figure 2.20: Model 1. Data and the predicted value from a single model for all compound.
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Figure 2.21: Model 2. Data and predicted values for the 6 compounds. Panel a: models

are fitted outside the range of the dose. Panel b: the models are constrained inside the range

of the dose used in the experiment.

The fitted values of this model are shown in Figure 2.22. We observe clearly
that the model with common Emax dose not imply that at the highest dose level the
predicted values of all compounds are equal since the Emax is the asymptote outside
the dose range.

The fourth model we fitted is a model which assumes compound specifics in E0
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Figure 2.22: Model 3. Data and predicted values for the 6 compounds. Panel a: models

are fitted outside the range of the dose. Panel b: the models are constrained inside the range

of the dose used in the experiment.
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Figure 2.23: Model 4. Data and predicted values for the 6 compounds. Panel a: models

are fitted outside the range of the dose. Panel b: the models are constrained inside the range

of the dose used in the experiment.

(Model 4). In this model, all compounds have the same dose-response shape (ED50
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and Emax are the same for all compounds), but they start from different baseline
values. The fitted values of this model are presented in Figure 2.23.

The last model is a model which assumes different parameters for each compound
(Model 5). This is the full model where different compounds can have different param-
eters. The plots of fitted values of Model 5 are presented in Figure 2.24. This model
reveals that the CompA react faster and have larger Emax values. The compound
JnJa produces the largest ED50 for the gene Fos.
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Figure 2.24: Model 5. Data and predicted values for the 6 compounds. Panel a: models

are fitted outside the range of the dose. Panel b: the models are constrained inside the range

of the dose used in the experiment.

From the five models fitted above, we can select the model which fits the data best.
We can use the information criteria or likelihood ratio test to compare the models
(Table 2.3). According to the AIC criterion and the likelihood ratio tests, the model
with the best goodness-of-fit is the model with compound specific parameters (Model
5) whereas the BIC criterion advocates the model with the common E0 (Model 2). For
the gene expression experiment, we prefer the later model since, as we argue above,
the E0 is the baseline gene expression at dose zero and difference between compounds
at this dose is only due to chance.

Parameter estimates for the ED50 and the 95% CIs of the model with common
E0 (Model 2), and the model with compound specific in all parameters (Model 5) for
all compounds are presented in Table 2.4. We observe that Model 2 results in larger
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Table 2.3: Information criteria, log likelihood, and the likelihood ratio test for all fitted

models

Model df AIC BIC logLik Test L.Ratio p-value

Model 1 4.00 384.76 397.35 -188.38

Model 2 14.00 236.59 280.66 -104.30 1 vs 2 168.16 0.00

Model 3 9.00 261.17 289.49 -121.58 2 vs 3 34.57 0.00

Model 4 9.00 285.92 314.24 -133.96

Model 5 19.00 232.49 292.29 -97.25 4 vs 5 73.43 0.00

ED50 estimates than that of Model 5 which can be observed clearly from Figure 2.25.

Table 2.4: Parameter estimates for the ED50 and the 95%CIs for the Emax model with

compound specific E0 (Model 2), and the Emax model with compound specific in all parameters

(Model 5).

Compound
Model 2 Model 5

lower ED50 upper lower ED50 upper

CompA 0.83 1.71 3.56 0.51 1.21 3.31

JnJa 4.17 5.45 7.79 3.31 4.47 6.70

CompB 0.29 0.45 0.69 0.46 0.74 1.20

CompC 0.10 0.14 0.19 0.12 0.17 0.24

JnJb 0.15 0.21 0.30 0.13 0.19 0.31

JnJc 0.19 0.33 0.51 0.19 0.38 0.69

Let us focus on two compounds: JnJc and JnJa. Figure 2.21 shows that the dose-
response curve of JnJc is above the dose-response curve of JnJa. This implies that
the gene Fos responds faster (need a smaller dose to response) to JnJc as compared
to JnJa and as a result the ED50 of JnJc for the gene Fos is smaller than the ED50

of the compound JnJa as seen in Figure 2.25. The gene Fos needs smaller dose of
CompC, JnJb, and JnJc as compared to the other compounds.
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Figure 2.25: Parameter estimates for the ED50 and the 95% confidence intervals for each

compound. Solid lines: compound specific models (Model 5). Dashed line: a model with

common E0 (Model 2).

2.8 Discussion

Identifying the right dose is a key goal in drug development. If we choose a too
high dose, it can result in unacceptable toxicity, and on the other hand too low dose
decreases the chance of showing efficacy. The aim of the analysis presented in this
chapter was not to detect differentially expressed genes with respect to an increasing
or decreasing dose, but to investigate in more detail the response of genes which were
found to have significant response to the dose. In this chapter we use parametric
models in order to estimate the dose response curve.

In the first part of this chapter, we proposed a three steps gene-by-gene analysis
for the dose-response microarray studies. First the likelihood ratio test (Ē2

01) was
implemented to identify any evidence of dose effect. This step selects genes with a
monotonic trend and filters out the genes with no dose effect and non-monotonic trend.
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The advantage of this approach is that it does not assume a specific dose-response
relationship shape but monotone.

After several genes showing dose effect were identified, parametric modeling was
carried out to estimate the target dose, in this case is the ED50. The aim of this step is
to investigate in more detail the response of genes which were found to have significant
response to the dose. The advantages of this approach are its flexibility investigating
the effect of doses which is not used in the study, and it provides confidence intervals
on estimated doses. This approach allows us to estimate the ED50 parameter for each
gene and to compare the response of several genes for a single compound or several
compounds. Such comparisons are of primary interests when researchers would like
to investigate the response of the target gene(s) to a certain compound or to compare
the response of a gene list between compounds.

In this type of study, there is no prior information about the dose-response shape.
One can try to fit several candidate models to all genes (which can be thousands),
however it is time consuming and may lead to non convergence of non-linear model
due to genes with constant expression with respect to dose. Moreover, since different
genes may have different dose-response shapes, there is no single model fits all genes.
The uncertainty of the dose-response model was taken into account by using model
averaging technique in estimating the ED50. This is considered to be an adequate
way to combine all estimates.

In this chapter, we only considered six candidate models. However, more possible
models can be included in the analysis. Note that the models should be chosen based
on biological relevance, such as monotone curves in our case.



Chapter 3
Estimating the Target Dose: The

Minimum Effective Dose (MED)

3.1 Introduction

In the previous chapter, the drug potency was measured using a parameter called the
ED50. There is also a case or situation where the investigators are interested in the
dose which is effective based on a pre-defined clinical difference or risk level.

The ICH-E4 guideline (ICH-E4, 1994) indicated that it happens that often the
drugs that have been marketed are recognized to have excessive doses. This situation
can be improved by attempts to find the smallest dose with a discernible useful effect
or a maximum dose beyond which no further beneficial effects is seen. It is common in
dose-response studies to use the mean efficacy of the control dose (usually zero dose)
as a benchmark for comparison purposes to decide if a particular dose is clinically
effective (Tamhane and Logan, 2006). The target dose for this purpose is known as
Minimum Effective Dose (MED).

This chapter discusses the estimation of the MED on the dose-response studies in
the microarray setting. In Section 3.2 we will discuss the definition and estimation of
the MED for a single model, i.e., the Emax model. In Section 3.3 we discuss a setting in
which several candidate models were fitted to the data and model averaging techniques
were implemented to obtain the model-averaged MED estimates. Section 3.4 presents
the implementation of the procedures to the antipsychotic data. The discussion is
given in Section 3.5.

45
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3.2 Minimum Effective Dose: Definition

According to Ruberg (1995), the Minimum Effective Dose (MED) is defined as the
lowest dose producing a clinically important response that can be declared statistically
significantly different from the placebo response. The clinically relevant difference,
denoted by ∆, is the smallest relevant difference by which we expect a dose to be
better than the placebo. The ∆ value only depends on the objectives of the drug
development program and not on the considered dose response model (Pinheiro et al.,
2006).

In the risk assessment field, the MED is also known as the Benchmark Dose (BMD)
where the clinically relevant difference ∆ is called the Benchmark Response (BMR)
(Whitney and Ryan, 2009 and Wheeler and Bailer, 2007).

The MED can be selected out of a discrete dose set D = d0, d1, . . . , dK or from
the entire studied dose range (d0, dK ], where K+1 is number of dose levels and dose 0
is the placebo group. For the MED selected from a set discrete doses, Tamhane et al.
(1996) applied multiple testing procedures, whereas for the MED obtained from the
entire studied dose range, which is the main interest of this chapter, a model based
analysis is performed. Model based approach allows to identify the MED in the range
(d0, dK ]. Given a dose response model f(d, θ) and clinically relevant difference ∆, the
MED is defined as follows

MED = argmini∈(d0,dK ](f̂(d, θ) > f̂(d0,θ) + ∆). (3.1)

Bretz et al. (2005) proposed and compared three different estimates for estimating
the true MED:

M̂ED1 = argmind∈(d0,dK ](Ud > f̂(d0, θ̂) + ∆, Ld > f̂(d0, θ̂)),
M̂ED2 = argmind∈(d0,dK ](f̂(d, θ̂) > f̂(d0, θ̂) + ∆, Ld > f̂(d0, θ̂)),
M̂ED3 = argmind∈(d0,dK ](Ld > f̂(d0, θ̂) + ∆),

(3.2)

where, Ld (Ud) denotes the lower (upper) 1 − 2δ confidence limits of the predicted
value f̂(d, θ̂) at dose di based on the model f(d, θ), and f̂(d0, θ̂) is the predicted mean
value at dose zero. Note that the value of δ need to be specified before and should be
reasonably small to avoid the obtained MED is lower than a dose in the study which
had no significant effect.

Following Bretz et al. (2005) who showed that the MED2 estimate tends to be
less biased than the other estimates, in this chapter we use the MED2 defined in (3.2).
In the subsequent analysis we refer to the MED2 as the MED. A graphical display
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of the MED is presented in Figure 3.1. Note that in order to avoid problems arising
from extrapolation beyond the dose range under investigation, the MED is restricted
to lie within the interval (d0, dK ].

Placebo effect

Clinical relevant effect 

MED

Figure 3.1: Graphical representation of the MED

Let µ0 be the mean response at dose zero (d0), µi be the mean response at dose
di, 1 ≤ i ≤ K, (µ∞) be the limiting (i.e., maximum) mean response as dose becomes
large, and τ be a predefined value. Several definitions of the clinically relevance ∆
or also known as Benchmark Response (BMR) were proposed in the Guidance for
Benchmark Dose Approach (DPR-MT-2, 2004):

1. Relative Change in Mean: µi − µ0 = τµ0.

2. Absolute Change in Mean: µi − µ0 = τ .

3. Change in Mean Relative to Standard Deviation of Control: µi − µ0 = τσ.

4. Specified Value or Point: µi = τ .

5. Change Beyond Background Standardized by Total Range of Response: (µi −
µ0)/(µ∞ − µ0) = τ .

Tamhane and Logan (2006) and Bretz et al. (2010) discussed the second measure
(Absolute Change in Mean) and another measure, the ratio measure µi/µ0 = τ . Bretz
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et al. (2010) implemented multiple testing procedures to obtain the MED based on
the ratio measure.

In the second measure, dose di is regarded as effective if τ is larger than a threshold
(∆) and the MED can be obtained directly from (3.1). In this chapter, we estimate
the MED using a model based approach where the clinically relevant difference ∆
is based on the Relative Change in Mean. Bretz et al. (2005) used the model-based
predicted mean value at dose zero (f̂(d0, θ̂)) as the baseline value in (3.1), whereas the
Guidance for Benchmark Dose Approach (DPR-MT-2, 2004), Tamhane and Logan
(2006) and Bretz et al. (2010) used the sample mean response at dose zero (µ̂0) as
the baseline value. In our setting, we use the isotonic mean µ̂∗0 as the baseline. The
isotonic means are the means under order restricted hypothesis (monotonicity). More
details about the definition of isotonic means µ̂∗i and the algorithm to obtain isotonic
means will be presented in Chapter 4. Hence, for the relative change in mean, the
MED definition in (3.2) can be expressed as

M̂ED = argmind∈(d0,dk](µ̂i > µ̂∗0 + τ × µ̂∗0, Ld > µ̂0), (3.3)

where τ is the percentage change from the isotonic mean response in the placebo.
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Figure 3.2: Isotonic mean at dose zero (µ̂∗0) vs. predicted value at dose zero (f̂(d0, θ̂))

Figure 3.2 and 3.3 respectively show that the values of µ̂∗0 and µ̂0 are similar to
the f̂(d0, θ̂) values based on several models. Note that although the linear model is
the model with the worst fit to the data, its predicted value at dose zero f̂(d0, θ̂) is
still close to the isotonic mean and the mean response at dose zero.
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Figure 3.3: Sample mean at dose zero (µ̂0) vs. predicted value at dose zero (f̂(d0, θ̂))

Note that the MED definition in (3.3) assumes an increasing trend. However, the
MED can also be obtained for the decreasing trend as well and it is presented in
Appendix B. For both directions, the MED confidence intervals are derived by using
the non-parametric bootstrap method.

3.3 Model-based and Model Averaging Approach

Our starting point is a single gene model-based approach using the Emax model
defined in Chapter 2. Here, the aim is to compare the MED of a specific gene between
the six antipsychotic compounds discussed in Chapter 2.

In order to estimate the MED taking into account for model uncertainty, for each
gene the model averaging technique discussed in Chapter 2 was carried out. Six
models listed in Table 2.1 were considered. Given a set of R candidate models, the
MED obtained from the fitted models can be used to calculated the model-averaged
MED estimate:

M̂ED =
R∑

r=1

wrM̂EDr (3.4)

where the weights wr are either the AIC weights or BIC weights, and the M̂EDr is
the parameter estimate for the MED of model gr.
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3.4 Application to the Antipsychotic Study

3.4.1 The MED for a Single Gene and a Single Compound

In this section, we fit the Emax model for the gene Fos for a single compound CompA.
We focus on the MED where the clinically relevant difference ∆ is specified as the
percentage change (τ) from the baseline, i.e., isotonic mean response of the control
dose (dose zero). For example, for the gene Fos the isotonic mean at dose zero is
9.203 and we are interested in the clinical threshold of 5% from the baseline, i.e.,
τ × µ̂∗0 = 0.05 × 9.203 this leads to a clinical threshold of 0.46. The parameter
estimate for the MED for this particular clinically difference (denoted as MED5%) is
equal to 0.28. Figure 3.4 displays the estimated MED and its 95% bootstrap CI.
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(b) Data without the last two doses.

Figure 3.4: Expression level of the gene Fos, the predicted MED5%, and the 95% CI.

Table 3.1 shows the estimated MED and the 95% CIs for different values of τ .
The table indicates that the 95% bootstrap CIs of the MED with larger τ tend to be
wider. This situation is due a large variability at the dose of 2.5 mg/ml. It can be
seen clearly from Figure 3.5 which presents the fitted line of the Emax model (black
solid line) and the bootstraps curves (purple lines) resulting from the non-parametric
bootstrap procedure.
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Table 3.1: Parameter estimates for the MED for the gene Fos and the 95%CI for different

values of τ using the Emax model for a single compound (CompA).

τ lower MED upper

1% 0.0801 0.1602 0.4414

5% 0.1201 0.2803 0.8809

10% 0.2803 0.6807 2.2422

15% 0.4805 1.3613 4.6857

20% 0.8409 2.7628 10.4925

Figure 3.5: Data and Bootstrap curves (B=1000) for the gene Fos using the Emax model.

3.4.2 Comparing the MED Between Compounds for a Single

Gene Using the Emax Model

In the previous section, we focussed on a specific gene and one compound. For the
analysis presented in this section, the aim is to compare between several compounds.
For illustration, we focus on the MED when the change from baseline equals 10%
(τ = 10%), denoted as MED10%. The results for the MED10% and 95%CIs obtained
from bootstraps for all compounds are presented in Table 3.2. The graphical display
for these values is presented in Figure 3.6a. It can be seen that compound JnJc has
the smallest MED10%, and the largest MED10% is obtained by compound JnJa. The
compound JnJc and the compound CompB seem to give similar reaction for the gene
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Fos.

Table 3.2: Parameter estimates for the MED10% for the gene Fos and the 95%CIs using

the Emax model for all compounds.

Compound lower MED10% upper

CompA 0.2803 0.6807 2.2422
JnJa 1.5606 2.4424 4.1251
JnJb 0.4004 0.6807 1.2813
JnJc 0.0801 0.1201 0.1602
CompB 0.0801 0.1602 0.2412
CompC 0.1201 0.3203 0.8809
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Figure 3.6: Gene Fos. Panel a: Parameter estimates for the MED for τ=10% (MED10%)

with the 95% bootstrap confidence intervals for all the compounds. Panel b: Plots of param-

eter estimates for the MED against different values of τ for all compounds.

We can also compare the compounds based on the MED obtained by using different
values of τ (shown in Figure 3.6b). The compound JnJa have the highest MED. This
means that the compound JnJa for the gene Fos needs a larger dose level to provide
a clinically relevance effect.
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3.4.3 Model Averaging for a Single Gene

All six models presented in Table 2.1 were fitted to data set from the compound
CompA. The estimated MED10% and the model-averaged MED10% based on the AIC
and BIC weights are presented in Table 3.3. Figure 3.7 shows the MED10% estimates
for each model with the 95%CIs. We observed that both the linear and exponential
model fit the data poorly and yield large MED10% values.

In contrast with the ED50 resulted from the linear and linear log-dose model
presented in Chapter 2 which always have the same value, the MED values as defined
in 3.3 for these two models vary. It is because the MED value depends on the baseline
gene expression (µ̂∗0), whereas the ED50 depends on the doses at which the response
are minimum and maximum which are constant in the linear and log linear models.

Table 3.4 shows the model-averaged estimates for the MED obtained from different
values of τ based on the AIC and the BIC weights for the gene Fos. In this case, the
AIC and BIC weights provide similar MED values.

Table 3.3: Gene Fos. Model-averaged parameter estimates for the MED10% and the 95%CIs.

Model lower MA MED10% upper Weights (AIC) Weights (BIC)

Linear 15.816 18.258 21.582 0.000 0.000
Linear Log-dose 2.082 2.683 3.685 0.029 0.007
Exponential 19.297 21.542 25.185 0.000 0.000
Emax 0.280 0.681 2.242 0.640 0.743
Sigmoid Emax 0.222 0.601 9.009 0.254 0.146
Logistic 0.320 1.522 4.404 0.077 0.044

MA (AIC) 0.253 0.783 4.993
MA (BIC) 0.267 0.841 4.553

3.4.4 Comparison Between the MED of Several Genes

In this section we present results of model averaging the MED for all the significant
genes which were identified in Section 2.7.1. The analysis is performed for each
direction. For the compound CompA, there are 72 genes found to have a significant
trend, in which 42 and 30 genes are having upward and downward trends respectively.
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Figure 3.7: Gene Fos. Model specific estimates for the MED10% and model-averaged

MED10%.

Table 3.4: Gene Fos. Model-averaged parameter estimates (based on the AIC and the BIC

weights) for the MED and the 95%CI for the different τ values.

τ
AIC BIC

lower MA MED upper lower MA MED upper

1% 0.0809 0.2382 4.4309 0.0813 0.2213 3.0667

5% 0.1147 0.3379 4.5715 0.1206 0.3459 3.3466

10% 0.2553 0.7827 5.3113 0.2726 0.8408 4.4947

15% 0.5095 1.5734 6.9699 0.5128 1.7225 6.8801

20% 0.9038 3.1369 10.8373 0.9093 3.4722 12.8227

3.4.4.1 Genes with an Upward Trend

For the genes with an upward trend, Figure 3.8 displays the sorted estimates of
model-averaged MED for τ = 1% and 5%. For τ = 10%, 15%, and 20% the plots are
presented in appendix B. We observe that for τ = 1%, the MA MED can be obtained
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in all significant genes with an upward trend. However, it is not the case for a larger
value of τ . There are only 8 out of 42 genes which have large increment (MED20%).
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Figure 3.8: The sorted MEDMA for τ = 1%, 5% for upward trend genes.

Note that the clinically relevant difference ∆ values to obtain the MED in this
chapter depends on the isotonic means at dose zero (µ̂∗0). Hence for genes with large
µ̂∗0, the larger τ values the larger ∆ values. Thus for these type of genes it is difficult
to reach the MED inside the dose range of the experiment with large τ since the ∆
values are large. Figure 3.9 displays plots of the MED estimates for different τ values
against the µ̂∗0. From the upper left plot of Figure 3.9, there is one gene with µ̂∗0 ¿
12 which has the MED5%, but when we increase the τ , we could not get the MED
for this gene since the clinically relevant difference ∆ is large. The bottom right plot
presented in Figure 3.9 indicates that there is a gene with relatively large µ̂∗0 which
has a small value of MED20%. The profile of this gene is displayed in Figure 3.10a.

The expression level, predicted values, and the predicted MED20% for the genes
with smallest MA MED20% (1.92) and largest MA MED20% (27.20) are drawn in Fig-
ure 3.10. We observe that the gene displayed in Figure 3.10a responded immediately
to the compound as compared to the gene shown in Figure 3.10b. The gene in Figure
3.10a (gene Fos) has large expression level, whereas the gene in Figure 3.10b has low
expression level.

3.4.4.2 Genes with a Downward Trend

From 30 genes showing significantly decreasing trends, only 25 of genes have the
MED1% estimates. Note that since it is a decreasing trend, the MED can now be
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Figure 3.9: Parameter estimates for the MED vs the µ̂∗0, for different τ values

restated as Minimum Inhibitory Dose (MID). The sorted MID 1% and the 95%CIs for
these genes are presented in Figure 3.11a. For τ = 5%, the MID can be obtained only
for three genes. The data and fitted values for the two genes which have the lowest
and largest values of MID1% are presented in Figure 3.11b.

3.4.5 Comparison of Two Compounds

In this section, we compare the MA MED10% of two compounds: CompA and JnJa.
Figure 3.12a displays the plot of MA MED10% of the compound JnJa against MA
MED10% of compound CompA. We observe that the compound JnJa provided “direct
effect” to the genes. Figure 3.12b presents the data, fitted values and the MA MED10%

estimates of one gene for both compounds. This plot indicates that the gene need a
lower dose of the compound JnJa to be expressed.
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Figure 3.10: Data and predicted values for the gene with the smallest MED20% (1.92, panel

a) and for the gene with the largest MED20% (27.20, panel b).
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Figure 3.11: Panel a: The sorted MA MID1% estimates for genes with downward trends.

Panel b: Expression levels and predicted values for the genes with the largest and the lowest

MID1%.

3.5 Discussion

In dose-response studies, after the overall trend are tested and found to be significant,
the next focus is to find the intended target dose. This chapter discuss the estimation
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Figure 3.12: Panel a: MA MED10% estimates of the compound JnJa against compound

CompA. Panel b: Expression levels, model-averaged fitted values, and MA ED10% of one

gene for the compound JnJa and compound CompA.

of another target dose where the scientists want to find the smallest dose with a
discernible useful effect or a maximum dose beyond which no further beneficial effects
is observed. For this purpose the estimation of the MED is performed. Several
options defining the clinically relevant difference ∆, which is the main value to obtain
the MED, exist as well. In this chapter the clinically relevant difference ∆ is obtained
by using relative change in the isotonic mean at dose zero.

As already mentioned in Chapter 2, the target dose estimates are highly dependent
on the dose-response model used. The traditional approach is to fit several plausible
models and use the MED estimates from the best model. This approach ignores other
plausible MED estimates. To account for model uncertainty, the model averaging
technique was implemented to provide the MED value that reflects uncertainty in the
effect of dose on the response, i.e. gene expression.

The obtained model-averaged MED can be then used to compare genes within the
same compound and/or compare different compounds in a study. When comparing
the genes, it should be noted that since the baseline of the genes (µ̂∗0) are different,
although using the same τ values, the clinically relevant difference ∆ may differ. With
the same τ , the larger the µ̂∗0 the larger the ∆ values.
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Chapter 4
Multiple Contrast Test (MCT) for

Dose-Response Microarray Data:

A Resampling-based Approach

4.1 Introduction

In the first part of this dissertation, the parametric modeling approach was carried
out to investigate the dose-response relationship between gene expression and doses.
The analysis was focussed on the estimation of the target doses of interest (i.e., ED50

and MED) which could be used for ranking genes and comparison of compounds. In
the second part of this dissertation, we focus on testing for a monotonic trend using
the resampling-based inference.

Several test statistics were proposed in order to test for dose-response relation-
ship with a monotonic trend. The likelihood ratio test (Ē2

01) was first introduced
by Bartholomew (1959, 1961) and then later discussed by Barlow et al. (1972) and
Robertson et al. (1988). The t-type test statistics were proposed by Williams (1971,
1972) and (Marcus, 1976). In the context of the analysis of dose-response microarray
data, Hu et al. (2005) and Lin et al. (2007) proposed modifications of the Marcus test
statistic.

The Ē2
01 has a reasonable power performance and provides the highest power

among the other trend tests (Bretz 2006, Hothorn 2006, Lin et al. 2007). However,
the Ē2

01 has some drawbacks. Bretz (1999) and Hothorn (2006) argued that the Ē2
01
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is less robust against departure from normality and variance homogeneity. Moreover,
the Ē2

01 is rarely used in the analysis of dose-response study because it is difficult
to evaluate its null distribution especially for unbalance cases (Hothorn, 2006). An
alternative test whose power is nearly the same as the Ē2

01 is the multiple contrast
test (MCT) proposed by Mukerjee et al. (1986).

Although Williams (1972) and Marcus (1976) have discussed the approximation of
the distribution of Williams and Marcus statistics, the distribution of these two test
statistics are difficult to compute especially for unequal replications (Bretz, 1999).
Another pitfall of these tests described by Bretz (1999) is that the sample size over
the dose levels is not sufficiently taken into account. It is due to their variance
estimator which makes the statistics sensitive against different sample size over the
dose levels. In order to overcome these limitations, Bretz (1999, 2006) extended the
single contrast test of Williams and Marcus tests by applying the concept of multiple
contrast tests. He argued that the extended Williams and Marcus tests (the Williams’
MCT and Marcus’ MCT, respectively) can improve the power of the regular Williams
and Marcus tests. Bretz (2006) showed that relying on normality assumption, the
asymptotic distribution of Williams’ MCT and Marcus’ MCT is the multivariate t

distribution.

Lin et al. (2007, 2011a) argued that in the context of dose-response microarray
data analysis, using the asymptotic distribution of the test statistics under the null
hypothesis could be problematic due to small sample size in microarray setting.

In this chapter, we propose to approximate the null distribution of Williams’
MCT and Marcus’ MCT statistics by a permutation-based approach. In addition, we
propose to apply the multiple contrast test to the M and the modified M (M ′) test
statistics.

The contents of this chapter are outlined as follows. In Section 4.2, the order
restricted inference followed by several tests for monotonic trends are reviewed and
discussed. Section 4.3 discusses the approximation of null hypothesis of the tests using
resampling-based approach. The implementation of MCT for the Williams, Marcus,
M and modified M test statistics are discussed in Section 4.4. The inference and
multiplicity adjustment for the four MCT statistics are presented in Sections 4.5 and
4.6, respectively. The application to the antipsychotic data is given in section 4.7.
Finally, the discussion is presented in Section 4.8.
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4.2 Testing for Monotonic Trends

4.2.1 Formulation of the Problem

According to Breslow and Day (1987), one of the objectives of a dose-response analysis
is to demonstrate a continuously increasing response to increasing doses. Moreover,
Ting (2006) pointed out that in general, in the context of drug discovery, increasing
dose will lead to an increase in the efficacy and also in the toxicity. Under this
consideration, establishing a dose relationship implies the proof of monotonicity. The
monotonicity shape assumes that as the dose increases, so does the effect or conversely
as dose decreases, so does its impact.

We consider a dose response microarray experiment. For each gene, the following
ANOVA model is considered:

Yij = µi + εij , i = 0, 1, . . . , K, j = 1, 2, . . . , ni, (4.1)

where Yij is the jth gene expression at the ith dose level, µi is the mean gene ex-
pression at each dose level, µ0 indicates the mean response of the control group,
εij ∼ N(0, σ2) and σ2 is a gene specific variance.

The null hypothesis of homogeneity of means (no dose effect) is given by

H0 : µ0 = µ1 = · · · = µK . (4.2)

The alternative hypotheses under the assumption of monotone increasing and de-
creasing trend of means are specified by, respectively

HUp
1 : µ0 ≤ µ1 ≤ · · · ≤ µK , (4.3)

HDown
1 : µ0 ≥ µ1 ≥ · · · ≥ µK , (4.4)

with at least one inequality.

4.2.2 Isotonic Regression

The isotonic regression is the statistical theory that deals with problems in which con-
ditional expectations are subject to order restrictions (Barlow et al., 1972). Note that
under the term of monotonic regression (isotonic) an increasing and decreasing (anti-
tonic) trend are included. Let X = x1, x2, . . . , xn denote the finite set of n observed
independent variable values where x1 < x2 < ... < xn. Let y1(x1), y2(x2), ..., yn(xn)
be the observation of a distribution of a dependent variable. Let µ(x) denote the
mean of the conditional distribution, µ(x) = E(Y|x).
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As discussed by Shkedy et al. (2011) within the framework of linear regression,
estimating µ(x) is typically done by minimizing the least squares criterion in the
class of arbitrary functions f on X. However, it might be assumed or known that
µ(x) is non-decreasing in x; that is, isotonic with respect to the simple order on X.
In that situation isotonic regression refers to minimizing the least squares criterion in
the class of isotonic functions f on X, i.e. f is isotonic, if xi ≤ xj , i 6= j implies that
f(xi) ≤ f(xj), i, j = 1, . . . , n. Barlow (1972) proposed to use the “Pool Adjacent
Violator Algorithm” (PAVA), where successive approximation is used to isotonize
the minimizer of the least squares criterion. Robertson et al. (1998) defined isotonic
regression as follows.

Let u be a given function of X. A function u? on X is an isotonic regression of u

with weight w if and only if u? is isotonic and it minimizes

Σx∈X [u(x)− f(x)]2 w(x), (4.5)

in the class of all isotonic function f on X (Shkedy et al., 2011). Note that w(x) is the
weight for the sum of squared error. The PAVA was proposed by Barlow (1972) and
Robertson et al. (1988) in order to minimize subject to the constraint f(xi′) ≤ f(xi)
for xi′ ≤ xi.

4.2.3 Pool Adjacent Violators Algorithm

The idea of the PAVA is based in the idea that if sample means for neighboring doses
are not in a monotonic restricted order, the method non-parametrically amalgamates
the means, until the amalgamated means are completely ordered. The Pool Adjacent
Violators Algorithm (PAVA) can be expressed in the following analytical expression
by using max-min formulas. Given n0, n1, ..., nK observations and sample means
µ̂0, µ̂1, ..., µ̂K , at doses 0, 1, . . . , K, respectively, and assuming normally distributed
data, the maximum likelihood estimates µ̂?

i , subject to the simple order restriction
µ0 ≤ µ1 ≤ · · · ≤ µK , are given by

µ̂?
i = max0≤u≤imini≤v≤K

∑v
i=u niY i∑v

i=u ni
, (4.6)

where Y i =
∑

j Yij/ni is the sample means for dose i = 0, 1, . . . , K, and j =
1, 2, . . . , ni indicates the groups (arrays in the microarray context).

An illustrative example of the PAVA for the case of 4 dose levels with 5 replicates
per dose is presented in Figure 4.1. The observed unconstrained mean are equal to
µ̂0=1.09, µ̂1=2.98, µ̂2=2.15, and µ̂3=5.06.
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For an increasing trend, the means should be ordered as µ̂0 ≤ µ̂1 ≤ µ̂2 ≤ µ̂3. The
algorithm starts with the first dose and checks if the adjacent mean (µ̂1) is larger than
the first dose mean (µ̂0), see Figure 4.1 step 1 and 2. In this case (µ̂1 > µ̂0), hence
the algorithm continue to the next dose. In the next step, the order is violated since
µ̂1 > µ̂2 therefore these two means are amalgamated resulting the mean of two group
µ̂up∗

1,2 = n1µ̂1+n2µ̂2
n1+n2

=2.56 (see Figure 4.1 step 3 and 4). The algorithm then checks
if this amalgamated mean is larger than the previous dose (see Figure 4.1 step 5).
If the monotonic restricted order is met, then it continues to the next doses. Since
the µ̂3 > µ̂up∗

1,2 (Figure 4.1 step 6), the monotonic restricted order is met. For this
example the obtained isotonic means µ̂up∗

i are 1.09, 2.56, 2.56, and 5.06. Note that
if we calculate the means for a monotone decreasing trend (antitonic regression), we
will obtain a flat profile µdown∗

i = 2.87 for all dose levels.
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Figure 4.1: Steps in obtaining isotonic means. Plots of data, isotonic means (connected by

red solid line) and sample means (connected by black dashed line).
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4.2.4 Test for a Monotonic Trend

In this section, we review several test statistics for testing for a monotonic trend. The
first test is the likelihood ratio test which uses the ratio between the variance under
the null hypothesis (σ̂2

H0
) and the variance under order restricted alternatives (σ̂2

H1
):

Λ
2
N
01 =

σ̂2
H1

σ̂2
H0

=

∑
ij(Yij − µ̂?

i )
2

∑
ij(Yij − µ̂)2

. (4.7)

Here, µ̂ =
∑

ij Yij/
∑

i ni is the overall mean and µ̂?
i is the isotonic mean of the ith

dose level. The null hypothesis is rejected for a “small” value of Λ
2
N
01 . Hence, H0 is

rejected for a large value of Ē2
01 = 1− Λ

2
N
01 .

The null hypothesis distribution of Ē2
01 test statistic as shown in Robertson et al.

(1988) is given by

P [Ē2
01(v) ≥ c] =

κ∑

l=1

P (l, κ;w)P [B(l−1)/2,(v+κ−l)/2 ≥ c], (4.8)

where l = 1, 2, ..., κ, v = N − κ, κ is number of dose levels (K+1), Ba,b is a beta
distribution with parameters a and b, w is the weight vector through the level prob-
abilities P (l, κ;w) which are defined as the probability that the isotonic regression
function µ̂∗i takes exactly l distinct values (Barlow et al., 1972 and Robertson et al.,
1988).

Table 4.1: Test statistics for the testing of a monotonic trend, where µ̂?
K is the iso-

tonic mean at dose K, µ̂0 and µ̂?
0 are the observed unconstrained mean, and the iso-

tonic mean at dose zero, respectively, S2 =
∑K

i=0

∑ni
j=1(Yij − µ̂i)

2/N − κ, S′ =√∑K
i=0

∑ni
j=1(Yij − µ̂?

i )
2/(N − κ), S̃ =

√∑K
i=0

∑ni
j=1(Yij − µ̂?

i )
2/(N − I), κ is number of

dose levels (K+1), N =
∑

i ni and I is the unique number of isotonic means.

Test statistic Formula

Likelihood Ratio Test (LRT) (Bartholomew, Ē2
01 =

∑
ij(Yij−µ̂)2−∑

ij(Yij−µ̂?
i )2∑

ij(Yij−µ̂)2

1959, 1961)

Williams (Williams, 1971, 1972) tK = (µ̂?
K − µ̂0)/S

√
1

nK
+ 1

n0

Marcus (Marcus, 1976) t′K = (µ̂?
K − µ̂?

0)/S
√

1
nK

+ 1
n0

M (Hu et al., 2005) M = (µ̂?
K − µ̂?

0)/S′

Modified M (Lin et al., 2007) M ′ = (µ̂?
K − µ̂?

0)/S̃
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Williams (1971, 1972) proposed a step-down procedure to test for the dose effect.
The tests are performed sequentially from the comparison between the isotonic mean
of the highest dose and the sample mean of the control, to the comparison between
the isotonic mean of the lowest dose and the sample mean of the control. The pro-
cedure stops at the dose level where the null hypothesis (of no dose effect) is not
rejected. Marcus (1976) proposed a modification to Williams’ procedure by replacing
the sample mean of the control dose (µ̂0) with the isotonic mean of the control dose
(µ̂?

0).

In the context of the analysis of dose-response microarray data, Hu et al. (2005)
proposed a test statistic (denoted by the M) that was similar to Marcus’ test statistic,
but with the standard error estimator calculated under the ordered alternatives (see
Table 4.1). Since the unique number of isotonic means is not fixed, but changes across
genes, Lin et al. (2007) proposed a modification to the standard error estimator used
in the M statistic by replacing N −K with (N − I) as the degrees of freedom, where
I is the unique number of isotonic means for a given gene.

Estimation of isotonic regression requires the knowledge of the direction of the
trend (increasing/decreasing). In practice, the direction is not known in advance.
Following Barlow et al. (1972), we calculate the likelihood of the isotonic trend for
both directions and choose the direction for which the likelihood is maximized.

4.3 The Distribution of Test Statistics Under the

Null Hypothesis: A Resampling-based

Approach

The common practice in statistical inference is usually relying on a particular distri-
bution of the response from which the properties of theoretical distribution on which
the inference will be based. Asymptotic distributions of a test statistic usually rely
on the assumption of large sample sizes which is difficult to fulfil in the microarray
setting. Moreover, the gene expression may not follow the normal distribution.

In case of test for a monotonic trend, the null distribution of some test statistics
presented in Table 4.1 are available. For example the null distribution of the Ē2

01

can be obtained from a mixture of beta distributions as described in (4.8). Williams
(1972) derived an empirical aproximation of the null distribution of the Williams test.
Marcus (1976) derived an exact null distribution of Marcus test in case of balance
design (Bretz, 1999).
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However, in practice it might not be valid to assume the asymptotic distribution
of the test statistics under the null hypothesis, especially when sample sizes are small
which are very common with microarray data (McLachlan et al., 2004 and Lin et al.,
2007, 2011a). To overcome this limitation, it is common in microarray studies to
approximate the null distribution of the test statistics using the resampling-based
inference approach. This approach requires fewer assumptions, such as normal data
or large sample sizes. Moreover the resampling-based inference is robust and can
be implemented for any test statistic (Lin et al., 2007). The latter advantage can
accommodate the inference for a new statistic of which the distribution is unknown
(in our case of the M and M’ tests).

One of the resampling-based inference approaches is the permutations where the
null distribution is obtained by calculating all possible values of the statistic under
rearrangement of the labels on the observed data (Good, 2005).

Consider a microarray with m genes, and let t1, ..., tk, ..., tm be the test statistics
of primary interest. By permuting the labels of arrays randomly, the permutation
test statistics of m genes are re-calculated. Let T be the permutation matrix, i.e.,

T =




t11 t11 . . . t1B

t21 c22 . . . t2B

...
...

tm1 tm2 . . . tmB




, (4.9)

where B is the number of permutations and each element tkb of matrix T is the test
statistic for the kth gene in the bth permutation. The raw p-values (Ge et al., 2003)
are calculated as

Pk =
#(b : |tkb| ≥ |tk|)

B
, (4.10)

where tk is the observed test statistic for gene k.
The permutation method has a strength that if the null distribution is true, then

we are able to calculate the null distribution exactly (Storey and Tibshirani, 2003, and
McLachlan et al., 2004). If the p-value of the test statistic is calculated according to
(4.10), then it suffers from a granularity problem, i.e., if we perform B permutations,
then the p-values will be estimated with a resolution of 1/B.

As an alternative, the p-values can be also obtained from the joint distribution of
the permutation test statistics for all the tests given by

Pk =
∑B

b=1

∑m
k=1(|tkb| ≥ |tk|)
B ×m

(4.11)

(Storey and Tibshirani, 2003). This is under the assumption that each test statistic
has the same null distribution. This approach will be affected by the problem of
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granularity to a smaller extent since the resolution will be 1/(m × B) for the joint
distribution distribution. Storey and Tibshirani (2003) recommended to use the joint
distribution based p-values across the genes to make for more accurate and more
powerful procedures, as well as reducing the computation time.

4.3.1 Adjustment for Multiplicity

As in other microarrays experiments, the test for trend is performed gene-by-gene
resulting in a very large number of tests. Testing the same null hypothesis large
number of times (as many as number of genes) leads to the increase of the number
of false positive results i.e., genes that are found to be statistically different between
conditions, but are not in reality. This problem is known as multiple testing problem
(Göhlmann and Talloen, 2009). The multiplicity adjusment is needed to control the
type I error rate.

Several multiple testing corrections are available to adjust the p-values and there-
fore corrects for the occurrence of false positives due to multiple testing. The family-
wise error rate (FWER, Hochberg and Tamhane, 1987) is defined as the probability
that at least one false positive error will be committed. The Bonferroni procedure
controls for FWER by adjusting the p-values as follows P̃k = min(mPk, 1) where
m is number of tests, and the null hypothesis is rejected if P̃k ≤ α. However, the
Bonferroni procedure is known to be conservative and too stringent. In addition, it
is only appropriate in situations where the intent is to identify only a small number
of genes that are truly differentially expressed between conditions.

A less stringent multiplicity adjustment is the Holm procedure (Holm, 1979). This
procedure is similar as the Bonferroni. If in Bonferroni the adjustment is the same for
all tests, in the Holm procedure the adjustment is performed in a step-down sequential
testing where smaller p-values being adjusted more than larger p-values (Amaratunga
and Cabrera, 2003).

The Bonferroni and Holm procedures are conservative and assume that the test
statistics are independent. Since in many situations the test statistics are correlated,
Westfall and Young (1993) proposed the maxT procedure to adjust p-values which less
conservatives and take into account the dependence structure between test statistics.

The maxT procedure in the context of microarray analysis was discussed by Ge
et al. (2003). The starting point is the observed statistics and the permutation matrix
T. The maxT procedure described by Ge et al. (2003) starts with ordering the
observed statistics such that t(1) ≥ t(2) ≥ · · · ≥ t(m). The permutation matrix T is
then ordered for each row such that the first column is the largest statistic t(1). For



70
Chapter 4. Multiple Contrast Test (MCT) for Dose-Response

Microarray Data: A Resampling-based Approach

each column of the permutation matrix T, the adjusted test statistics are calculated
in the following way:

um,b = |tm,b| for k = m,

uk,b = max(uk+1,b, |tk,b|) for k = m− 1, ..., 1.

Once the adjusted matrix of the test statistics is obtained, the adjusted p-values are
calculated (over the rows of the matrix):

Pk =
#(b : |ukb| ≥ |t(k)|)

B

Because controlling the FWER is a stringent criterion that inherently forces large
adjustments, the adjusted p-values from the previous procedure are very large. In the
microarray setting where the numbers of tests are large, controlling for FWER will
be likely to be too strong resulting many false negatives (Amaratunga and Cabrera,
2003). The widely used error rate in microarrays analysis is the false discovery rate
(FDR) of Benjamini and Hochberg (1995). The FDR is commonly used since in
microarray studies where the aim is to explore the data an investigator may be willing
to accept some false positives in order to discover important genes/biomarkers. The
FDR is defined as the expected proportion of false positives among the identified
differentially expressed genes: FDR = E[Q] where Q = V/R when R > 0 and Q = 0
otherwise, V is the number of false positives, and R is the number of rejected null
hypothesis.

Let P1 ≤ P2 ≤ ... ≤ Pm be the ordered p-values of H1,H2, ..., Hm which are the
corresponding null hypotheses. The BH-FDR adjusted p-values are given by

P̃k = mink=i,...,m[min(
m

i
Pi, 1)].

The null hypothesis Hk is rejected if P̃k ≤ α.

4.4 The Multiple Contrast Test for Williams’ and

Marcus’ Tests

The Multiple Contrast Tests (MCTs), first described by Mukerjee et al. (1986) seeks
to locate several contrast vectors for single contrast test (SCT) as good as possible,
in the set of all possible combinations of contrast coefficients (Bretz, 1999). The main
reason of implementing MCT is to obtain a test with a similar power behavior as the
Ē2

01 but easy to use in the balance and unbalance design.
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The main idea of MCTs in testing for a monotonic trend is that the alternative
hypotheses stated in (4.3) and (4.4) can be decomposed into several elementary al-
ternatives with particular patterns of equalities and inequalities (Bretz, 1999 and Lin
et al. 2011a). These contrasts then are tested and then the contrast test which has
the maximum value is used. For a single contrast, a contrast test can be derived by
studentized standardization

TSC =
K∑

i=0

ciyi/S

√√√√
K∑

i=0

c2
i /ni, (4.12)

where ci is contrast coefficients under the sub condition
∑

ci = 0, and S2 =∑K
i=0

∑ni

j=1(Yij − µ̂i)2/
∑

i(ni − κ) denotes the pooled variance estimator (Hothorn,
2006). The TSC is univariately t-distributed.

A single contrast test (TSC) defined in (4.12) depends in terms of power on the
underlying dose-response curve. When we use a single contrast test, we actually test
for a particular dose-response shape. Since it is not reasonable to assume only a
single dose-response curve and the curve is a priori unknown, it is better to perform
several single contrast tests TSC

1 , TSC
2 . . . TSC

r which test for a set of dose-response
curves. Since only one selected alternative can be valid (due to there is only a single
true dose-response curve), the TMC is defined to be the maximum over r of consisted
single contrast tests:

TMC = max{TSC
1 , TSC

2 , . . . , TSC
r }, (4.13)

where r is the total number of contrasts, and l = 1, . . . , r. The contrast matrix for
TMC can be written as follows,

CMC =




c1

c2

...
cr




=




c10 c11 . . . c1K

c20 c21 . . . c2K

...
...

cr0 cr1 . . . crK




. (4.14)

Each row of the contrast matrix CMC corresponds to a contrast vector c of a single
contrast test TSC .

Multiple contrasts can be defined for many different test statistics. Somerville
(1997, 1999) provided a list of several multiple comparison procedures (not neces-
sarily designed for order restricted testing), which can be formulated as the MCTs,
such as Dunnett’s (1964 and 1955) many-to-one approach, or Tukey’s (1953) all-pair
comparisons. According to Robertson et al. (1988), the global LRT statistic can be
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expressed as the maximum of an infinite number of contrast statistics as well. Bretz
(1999) and Hothorn (2006) listed several proposed contrasts choises that are available.
In that follows, we discuss the MCT representation of Williams’, Marcus’, the M , and
the M ′ test.

4.4.1 Williams’ MCT

Recall the Williams’ test statistic for dose level K is defined as

tK = (µ̂?
K − Y 0)/S

√
1

nK
+

1
n0

. (4.15)

Williams’ MCT can be derived by using the expression for the isotonic means. Bretz
(2006) and Lin et al. (2009) showed that the numerator of the Williams’ test can be
represented by

µ̂?
K − Y 0 = maxCWilY i,

where Y i is the sample mean of gene expression at dose di, i = 0, . . . ,K, and CWil

is the Williams-type multiple contrast matrix which can be expressed as

CWil =




−1 0 . . . 0 1
−1 0 . . . nK−1

nK−1+nK

nK

nK−1+nK

...
... . . .

...
...

−1 n1
n1+...+nK

. . . nK−1
n1+...+nK

nK

n1+...+nK




. (4.16)

The maximum contrast matrix in (4.16) consists of comparisons of the control
with the weighted average over the last i treatments (i = 0, ..., K). In total we will
have K single contrasts. Therefore, for the experiment with three dose levels and a
control, the multiple contrast matrix for Williams’ MCTs with equal sample size is
given by

CWil
K=3 =



−1 0 0 1
−1 0 1/2 1/2
−1 1/3 1/3 1/3


 . (4.17)

Hence

CWil
K=3Y i =





Y 3 − Y 0

Y 2,3 − Y 0

Y 1,2,3 − Y 0.

(4.18)

Figure 4.2 shows the null model (flat line) and seven possible dose-response shapes
(model g1 − g7) for four dose levels. Note that there are 7 possible trends (hence 7
single contrast tests) and only 3 contrasts in CWil

k=3. Here each row does not correspond
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to a unique single contrast test. For example the first row of CWil
k=3 corresponds to the

model g1, g2, g4, g5 and g7 in Figure 4.2. The other two rows correspond to trend of
model g3 and g6. Bretz (1999) argued that the Williams contrast are suitable to test
for concave dose-response curves, such as model g3 and g6, as the higher dose groups
are being pooled and compared to the control.
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Figure 4.2: A flat dose-response curve (null model g0) and seven possible upward monotonic

dose-response curves for an experiment with four dose levels.

The Williams’ multiple contrast tests (Williams’ MCT) can be defined as follows

TMC
Wil = max(TSC

Wil,1, T
SC
Wil,2, . . . , T

SC
Wil,r), (4.19)

where TSC
Will is a single contrast test formulated as

TSC
Wil,l =

K∑

i=0

cliY i/S

√√√√
K∑

i=0

c2
li/ni, (4.20)
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where cli is the element of Williams’ contrast matrix (CWil ) defined in (4.16), l =
1 . . . r, and r is the total number of contrasts.

Williams’ multiple contrast tests takes the order restriction of the means into
account through the contrast definition by following the construction of the isotonic
estimates (4.6). However, note that Williams’ t-type test statistic is not identical to
Williams’ MCT because of different variance estimators. The variance in Williams’
MCT adopts the completely studentized statistic whereas the Williams (1971, 1972)
used the denominator of the regular two-sample t-test (Bretz, 2006).

4.4.2 Marcus’ MCT

The Marcus test statistic for dose level K is formulated as follows

t′ = (µ̂?
K − µ̂?

0)/S

√
1

nK
+

1
n0

. (4.21)

Bretz (1999, 2006) showed that the differences between the amalgamated mean
for the highest dose µ?

K and the control dose µ?
0 can be expressed as follows

µ̂?
K − µ̂?

0 = max
{

0,max0≤i,j≤K

{
njY j + ... + nKY K

nj + ... + nK
− n0Y 0 + ... + niY i

n0 + ... + ni

}}
.

(4.22)
A natural way of applying the MCT principle to Marcus’ approach is to identify each
element of (4.22) as a contrast. However, a closed form expression for the resulting
contrast matrix CMarc for Marcus’ test depends on the number of dose levels.

For an experiment with three dose levels and a control dose (i.e., K + 1 = 4),
Bretz (1999) showed the Marcus-type multiple contrast matrix for the equal sample
size case is given by

CMarc
K=3 =




−1 0 0 1
−1 0 1/2 1/2
−1 1/3 1/3 1/3
−1/2 −1/2 0 1
−1/3 −1/3 −1/3 1
−1 −1 1 1




. (4.23)

It is easy to observe that the Williams contrasts CWil
K=3, given in (4.17), are all

contained in Marcus contrasts CMarc
K=3 (from the first to the third row), given in (4.23).

Note that the first row in CMarc
K=3 corresponds to the model g4 and g7, while the

other rows correspond to a unique trend. For example, the 6th contrast CMarc
K=3 Y =∑K

i=0 c6iY i = (Y 0 + Y 1) − (Y 2 + Y 3) corresponds to the model g2 presented in
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Figure 4.2. Two of Marcus’ contrasts (given by the fourth and fifth row of the CMarc
K=3 )

seem to be suitable to detect convex shapes such as presented in model g1 and g5 in
Figure 4.2, as they take the average over the lower doses.

The Marcus’ multiple contrast test (Marcus’ MCT) can be defined as follows

TMC
Marc = max(TSC

Marc,1, T
SC
Marc,2, . . . , T

SC
Marc,r) (4.24)

and the Marcus’ type single contrast test is defined as

TSC
Marc,l =

K∑

i=0

cliY i/S

√√√√
K∑

i=0

c2
li/ni, (4.25)

where cli in this case is the element of Marcus’ contrast matrix (CMarc) and l =
1, . . . , r.

The Marcus-type contrast matrix is also applicable for the M and M ′ test since
the numerator of the M and M ′ are equal to Marcus’. The MCT for M and M ′ will
be presented in the next section.

4.4.3 The MCT for the M and M ′

The following M test statistic proposed by Hu et al. (2005) has a similar form as
Marcus test statistic defined in (4.21):

MK = (µ̂?
K − µ̂?

0)/S̃, (4.26)

where now the variance estimator are under an ordered alternative S̃ =√∑K
i=0

∑ni

j=1(Yij − µ̂?
i )2/(N − κ), and κ = K + 1. For the M test statistic, sin-

gle and multiples contrast test can respectively be formulated as

TSC
M =

K∑

i=0

cliY i/S̃

√√√√
K∑

i=0

c2
li/ni, (4.27)

TMC
M = max(TSC

M,1, T
SC
M,2, . . . , T

SC
M,r), (4.28)

where cli is the element of Marcus’ contrast matrix (CMarc ) and l = 1 . . . r.
A modification of M test statistics proposed by Lin et al. (2007) is defined as

M ′
K = (µ̂?

K − µ̂?
0)/S̃′, (4.29)

where S̃′ =
√∑K

i=0

∑ni

j=1(Yij − µ̂?
i )2/(N − I), and I is the unique number of isotonic

means. Therefore, the MCT for M ′ is the same as the MCT for the M with adjusted
for the variance.
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4.5 Inference for Williams’, Marcus’, the M and the

Modified M MCTs

For the MCTs discussed above, the multiplicity adjustment should be done in two
dimensions: (1) multiplicity adjustment within genes, and (2) multiplicity adjustment
across genes.

Let TSC
1 , TSC

2 , . . . , TSC
r be a single contrast and P1, P2, . . . , Pr be the correspond-

ing p-values. In the first step we need to adjust for multiplicity within a gene. We
discuss several approaches to control FWER within a gene in the next section.

Let PMC
k be the FWER adjusted p-values for the maximum contrast on the kth

gene. Let PMC
1 , PMC

2 , . . . , PMC
m are all the FWER adjusted p-values obtained for all

genes. In the next step, we use the BH-FDR procedure (Benjamini and Hochberg,
1995) to adjust for multiplicity across genes.

4.6 Multiplicity Adjustment Within Gene

4.6.1 Adjustment for Multiplicity by Using the Multivariate t

Distribution (Williams’ and Marcus’ MCT)

Relying on the normality assumption, Bretz (2006) shows that under the null hy-
pothesis the single contrast test (TSC

1 , TSC
2 , . . . , TSC

r ) for Williams and Marcus are
jointly multivariate t-distributed with ν degrees of freedom and the correlation matrix
R = (ρij) (Bretz et al., 2010), where

ρij =
Σm

l=0
cilcjl

nl√(
Σm

l=0
c2

il

nl

)(
Σm

l=0

c2
jl

nl

) , 0 ≤ i, j ≤ r. (4.30)

More details about the multivariate t distribution and its calculation can be found in
Kotz and Nadarajah (2004), and Genz and Bretz (2002, 2009), respectively.

Note that the multivariate t distribution is applicable only for the Williams’ and
Marcus’ MCT. For the M and M ′ MCT, due to the modification of the variance, the
joint distribution of multiple contrast tests is unknown but can be approximated by
using resampling-based methods.

For the FWER adjustment, (Bretz et al., 2010) argued that the p-values obtained
from the multivariate t distribution can be directly compared with the significant level
α. It is based on the fact that the joint distribution of the test statistics does not
depend on the truth or falsehood of any hypothesis (Westfall and Young, 1993). The
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multivariate t distribution multiplicity adjustment procedure belongs to the single
step procedures and is an extend of the Bonferroni method (Bretz et al., 2010).

4.6.2 Adjustment for Multiplicity by Using Resampling-based

Methods

In the previous section, the distribution of Williams and Marcus MCT under the null
hypothesis was assumed to be a multivariate t distribution. In this section, we discuss
a resampling-based approach (Ge et al., 2003) to approximate the distribution of the
MCTs for the Williams, Marcus, the M , and the Modified M (M ′).

The p-values for each MCT for each gene are calculated using the following pro-
cedures:

• Consider a microarray with m genes, and let TSC
1 , TSC

2 , . . . , TSC
r be the test

statistics of primary interest of each gene. By permuting the labels of arrays
randomly, the permutation test statistics of r contrasts are re-calculated. Let
T be the within gene permutation matrix, i.e.,

T =




TSC
11 TSC

12 . . . TSC
1B

TSC
21 TSC

22 . . . TSC
2B

...
...

TSC
r1 TSC

r2 . . . TSC
rB




(4.31)

where B is the number of permutations and each element TSC
rb of matrix T is a

single contrast test statistic for the rth contrast in the bth permutation. The raw
p-values (Ge et al., 2003) are obtained from joint distribution of permutation
statistics (Storey and Tibshirani, 2003) for all genes defined by

P` =
∑B

b=1

∑r
`=1(|T`b| ≥ |T`|)
B ×m

,

where ` = 1, 2, ..., r, and r is the total number of contrasts.

• In contrast with the p-values obtained from the multivariate t distribution, the
p-values of the single contrast test within a gene obtained from permutations
need to be adjusted to control for the FWER. Here, the Bonferroni, the step-
down Holm procedure and the maxT procedure discussed in Section 4.3.1 are
carried out to control for the FWER within the genes.
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4.7 Application to the Antipsychotic Study

In this section, we discuss the results obtained for the antipsychotic data discussed
in Section 1.3. Table 4.2 presents the number of rejected null hypothesis for different
multiplicity adjustment. Note that for the resampling-based approach we use 1000
and 10,000 permutations under the null hypothesis. As mentioned above, we control
for the FWER within a gene and for the FDR across genes.

We notice that, using 1000 permutations, after multiplicity adjustment across
genes, the different adjustment methods for the FWER yield the same number of
significant genes (129 and 161 for the Williams’ and Marcus’ MCT, respectively).
When the number of permutations is increased, the number of discoveries reduces
and the Holm and Bonferroni adjustment result to smaller number of discoveries as
compared to the maxT procedure. For the M and M ′ MCT, adjustment with the
maxT procedure result in higher number of rejected null hypotheses as compared to
the Bonferroni and Holm procedures.

From Table 4.2 after BH-FDR adjustment, in Williams and Marcus MCT, in the
resampling-based approach different FWER adjustment result to the same number of
rejected null hypotheses. Furthermore, although the p-values from the multivariate
t distribution and MaxT procedure are similar for the Williams’ and Marcus’ MCTs
(see Figures 4.4 and 4.5b), the number of significant genes after the FDR adjustment
are relatively different. This is due to the resolution of the p-value from the MaxT
(permutation based) is estimated with a resolution of 1/B. Note that for 129 genes
found significant by William’s MCT, the raw p-values are equal to zero. As we increase
the number of permutations (B=10,000), some of these genes (80 genes) with zero
p-values obtained using 1000 permutations, the p-values are greater than zero. After
the BH-FDR adjustment some of these genes have the BH-FDR adjusted p-values
larger than 0.05 as seen in Figure 4.3a. It leads to a smaller number of discoveries for
10,000 permutations. This is also the case for Marcus’ MCT shown in Figure 4.3b.
Out of 161 significant genes found by Marcus’ MCT (all genes have p-values equal to
zero with 1000 permutations), 64 genes have p-values larger than zero by using 10,000
permutations.

Figure 4.5 indicates that, for multiplicity within a gene, the FWER adjustment
maxT procedure give similar p-values as the p-values based on the multivariate t dis-
tribution. On the other hand the Holm procedure results larger p-values as compared
to the p-values based on the multivariate t distribution.

We observed that the Marcus-type MCT (Marcus, the M and M ′) give larger
number of significant genes than the Williams’ MCT. We also discover that almost all
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Table 4.2: Number of rejected null hypotheses for various testing procedures at the signifi-

cance level of 0.05.

Method FWER FDR Williams Marcus M M ′

Asymptot Distr Multivariate t
Unadjusted 1407 1463 NA NA

BH 91 131 NA NA

Permutations

Bonferonni
Unadjusted 864 776 797 788

BH 129 161 170 163

B= 1000
Holm

Unadjusted 864 776 797 788

BH 129 161 170 163

MaxT
Unadjusted 1451 1539 1580 1559

BH 129 161 247 239

Permutations

Bonferonni
Unadjusted 876 731 765 747

BH 70 85 108 103

B= 10,000
Holm

Unadjusted 876 731 765 747

BH 70 85 108 103

MaxT
Unadjusted 1427 1515 1550 1529

BH 100 128 154 148

of the genes that are found significant by the Williams’ MCT using maxT/BH-FDR
(i.e., 87 genes for 10,000 permutations) are also in Marcus’ MCT significant gene list.
It might due to the fact explained in the previous section that the Williams’ MCT
is more powerful to detect for concave shapes, whereas the Marcus’ MCT covers the
test for concave and convex dose-response shapes. In addition, for the M and the
modified M MCTs which also use the same contrast test as Marcus, the number of
discoveries are larger as compared to the Williams’ and Marcus’ MCT.

Figure 4.6 presents the volcano plot for p-values obtained from permutations
FWER-adjusted by the maxT procedure and p-values based on the multivariate t

distribution. The most interesting genes are the genes in the upper right and left
parts of both volcano plots. These genes show strong effect (large fold-changes) as
well as high statistical significance (small p-values). An example of such genes is pre-
sented in Figure 4.7a. We notice that for some of the significant genes, the fold change
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Figure 4.3: The BH-FDR p-values of top 250 genes for different number of permutations

for Williams’ and Marcus’ MCT.
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Figure 4.4: The raw and BH-FDR p-values for all approaches of Williams’ and Marcus’

MCT.

is relatively small. An example of such a gene pattern is illustrated in Figure 4.7b.
Note that due to small variability, the gene in Figure 4.7b is found to be significant.
This is not a unique problem for dose-response experiments, but a general problem
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Figure 4.5: Scatter plot of the unadjusted p-values of Williams’ MCT.

in the microarray analysis (McLachlan et al., 2004). We will address this problem
in the next chapter where we discuss the Significance Analysis of Microarray (SAM)
procedure.
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Figure 4.6: Volcano plot for Marcus’ MCT.
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Figure 4.7: Data and isotonic mean of two genes with high significance.

4.8 Discussion

This chapter proposed the implementation of resampling-based inference for the
Williams’ and Marcus’ MCT proposed by Bretz (1999, 2006) so that the assump-
tion (e.g., normality) can be relaxed. The implementation of MCT for the M and
Modified M (M ′) test statistics is also proposed and discussed. In the MCT setting,
we have two dimensions of multiplicity adjustments: within a gene and across genes.
Several single contrast tests were calculated and inferred within a single gene, there-
fore the multiplicity procedures to control for the FWER within genes were carried
out. To adjust for multiplicity across genes, the BH-FDR procedure was carried out.

In terms of multiplicity within genes, when the Bonferroni and Holm were used,
as expected, the number of significant genes is smaller than when the maxT and mul-
tivariate t distribution were used. This is due to the Bonferroni and Holm procedures
are more stringent. From the case study, the result of maxT adjustment is comparable
with the result provided by the multivariate t distribution (for Williams’ and Marcus’
MCT).



Chapter 5
Significance Analysis of Microarrays

Method for Multiple Contrast

Test (SAM-MCT)

5.1 Introduction

In the previous chapter we discussed the resampling-based approach for the four MCT
statistics. As illustrated in Figure 4.7b, a typical problem in microarray experiments
is that some of the genes have small variance so that their (absolute) test statistic will
be very large although their fold change are small (McLachlan et al., 2004). In order
to overcome the problem of small variance genes, Tusher et al. (2001) proposed the
Significance Analysis of Microarray (SAM) procedure as a resampling-based inference
to control the FDR. In this chapter, we implement the SAM procedure for the MCTs
discussed in the previous Chapter.

In Section 5.2 we review the SAM procedure and its application on the MCT.
Section 5.3 presents the application of the SAM-MCT on the two data case studies
discussed in Chapter 1. Finally a discussion will be given in Section 5.4.

5.2 The SAM Procedure for MCT (SAM-MCT)

The SAM is a testing procedure, which estimates the FDR by using permutations
under the assumption that all null hypotheses are true. Within the SAM procedure,
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the test statistic is adjusted by adding a constant, called a fudge factor, to the de-
nominator of the test statistic (Tusher et al., 2001). For the two samples t-test, the
SAM regularized t-test is defined as follows

tSAM =
Ȳ1 − Ȳ2

s0 + S
√

1
n1

+ 1
n2

, (5.1)

where S2 denotes the pooled within-class sample variance and s0 is the fudge factor
(Chu et al., 2001).

The fudge factor s0 is chosen to ensure that the coefficient of variation of the
test statistic, will be approximately constant as a function of S. The inclusion of a
fudge factor to the test statistic deflates the large value of test statistic due to small
standard error of gene expression. On the other hand, the fudge factor effect will
diminish as the variance increases. This modification is considered in order to solve
the problem of the dependence of the value of the test statistic on the variance of
expression levels for a particular gene.

For implementation of the SAM for the MCT, the fudge factor is added to the
maximum contrast test TMC . Consider the maximum contrast for Williams,

TMC
Wil =

∑K
i=0 cw

max,iY i

S
√∑K

i=0(c
w
max,i)2/ni

, (5.2)

where cw
max,i is the element of contrast matrix CWil defined before in Chapter 4 which

leads to the maximum contrast. A SAM modification for the maximum contrast is
given by

TMC′SAM
Wil =

∑K
i=0 cw

max,iY i

s0 + S
√∑K

i=0(c
w
max,i)2/ni

. (5.3)

Similarly, the SAM modified MCT for the other test statistics can be defined as follows

TMC′SAM
Marc =

∑K
i=0 cm

max,iY i

s0 + S
√∑K

i=0(c
m
max,i)2/ni

, (5.4)

TMC′SAM
M =

∑K
i=0 cm

max,iY i

s0 + S̃
√∑K

i=0(c
m
max,i)2/ni

, (5.5)

TMC′SAM
M ′ =

∑K
i=0 cm

max,iY i

s0 + S̃′
√∑K

i=0(c
m
max,i)2/ni

, (5.6)

where cm
max,i is the element of contrast matrix CMarc which leads to the maximum

contrast.
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5.2.1 Selection of the Fudge Factor

In order to obtain the fudge factor, several methods have been proposed. Efron et al.
(2001), proposed to use the 90th percentile of the distribution of the sample standard
deviations of all genes to estimate the fudge factor. Baldi and Long (2001) and
Broberg (2003) proposed to select the fudge factor by minimizing a combination of
estimated false positives and false negatives rates which can be judged by a receiver
operating characteristics curve (ROC). Lin (2008a) compared different methods for
the selection of the fudge factor and concluded that based on the simulation study,
the procedure for choosing the fudge factor proposed by Chu et al. (2001) is regarded
as the best method, although none of the considered methods control the FDR at the
desired level.

According to the SAM manual (Chu et al., 2001), the fudge factor is obtained
from the percentile of the gene-wise standard error distribution that minimizes the
coefficient of variation (CV) of MAD of |TMC′SAM |. This modification is used to
overcome bias for genes with expressions close to zero, which have a large value of the
test statistic due to a small sample variance. The calculation of s0 is as follows:

1. Let sα be the α · 100% percentile of sk where sk is standard error estimate of
Tk. In our case, Tk is a maximum contrast test statistic of kth gene, and sk is
the denominator of Tk such as defined in (5.3)-(5.6).

2. Compute the 100centiles of the sk values, denoted by q1 < q2 < . . . < q100.

3. For α ∈ (0, 0.05, 0.10, . . . , 1.0)

• Compute νj = MAD(Tα
k |sk ∈ [qj , qj+1)), j = 1, 2, . . . , m, where MAD is

the median absolute deviation from the median, divided by 0.64;

• Compute CV (α) = coefficient of variation of the νj values.

4. Choose α̂ = argmin[CV (α)]. Hence α̂ is the quantile of the standard error that
minimizes the coefficient of variation of the SAM test statistics.

5. Compute the fudge factor s0 = sα̂.

5.2.2 Inference for the SAM-MCT

The distribution of the SAM-MCT under null hypothesis is unknown. Tusher et al.
(2001) proposed a permutation procedure to approximate the distribution of the SAM
test statistic under the null hypothesis.



86
Chapter 5. Significance Analysis of Microarrays Method for Multiple

Contrast Test (SAM-MCT)

Let TMC′SAM
(1) ≤ TMC′SAM

(2) ≤ ... ≤ TMC′SAM
(m) be the ordered observed SAM-MCT

statistics. The permutation procedure is performed by permuting the columns of the
data matrix. Suppose B permutations are performed, for each bth permutation, the
SAM maximum contrast test TMC′SAM are calculated and sorted for all the genes,
such that the first row of the sorted matrix is the minimum test statistic across
permutations, and the last row is the maximum, i.e.,

TMC′SAM∗ =




TMC′SAM∗
(1)1 TMC′SAM∗

(1)2 . . . TMC′SAM∗
(1)B

TMC′SAM∗
(2)1 TMC′SAM∗

(2)2 . . . TMC′SAM∗
(2)B

...
...

...
...

TMC′SAM∗
(m)1 TMC′SAM∗

(m)2 . . . TMC′SAM∗
(m)B




. (5.7)

In the TMC′SAM∗, each element TMC′SAM∗
(k)b is the sorted test statistic for gene k

in permutation b. The expected values of the observed ordered statistics are approx-
imated by the means of the rows of TMC′SAM∗ by the following way




1
B

∑B
b=1 TMC′SAM∗

(1)b
1
B

∑B
b=1 TMC′SAM∗

(2)b

...
1
B

∑B
b=1 TMC′SAM∗

(m)b



⇒




T̄MC′SAM
(1)

T̄MC′SAM
(2)

...
T̄MC′SAM

(m)




.

A gene is declared as significant for TMC′SAM
k − T̄MC′SAM

k > ∆, for a pre-specified
value of ∆.

The previous step then is performed for a series of ∆ values. For each value of ∆,
compute the total number of significant genes and the median and the 90th percentile
of falsely identified as differentially expressed genes, i.e., the number of values among
each of the B sets of TMC′SAM

kb , k = 1, 2, ...,m that fall above the upper cut-point
Cup(∆) and below the lower cut-point Clow(∆).

Next the proportion of truly non-differentially expressed genes in the data set (π0)
is calculated as follows:

• Compute the first and third quantiles, denote respectively as q25 and q75, of the
permuted TMC′SAM

k values.

• Compute π̂0 = #TMC′SAM
k ∈ (q25, q75)/(0.5m).

• Let π̂0 = min(π̂0, 1)

The median and 90th percentile of the number of falsely identified genes previously
obtained are then multiplied by π̂0. The FDR is estimated by the median or the
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90th percentile of the number of falsely identified genes divided by the number of
significance genes. To decide which gene are significantly differentially expressed, we
can evaluate the estimated FDR for several ∆ values.

5.3 Application to the Data

5.3.1 Analysis of the Antipsychotic Study Using the SAM-

MCT

Figure 5.1 presents the quantiles of the standard errors versus the coefficient of vari-
ation for the four test statistics. We notice that the value of s0 which minimize the
CV of MAD of the test statistics is the minimum value of s0. The values of the fudge
factors for Williams, Marcus, the M and the M ′ SAM-MCT are equal to 0.0066,
0.00551, 0.00554 and 0.00528, respectively. Therefore we expect that the fudge factor
here will not provide large impact to the result.

The results for the four test statistics are presented in Table 5.1. We notice that
the largest number of discoveries are obtained for SAM-MCT without a fudge factor.
As expected, the number of discoveries for SAM-MCT with a fudge factor is slightly
smaller compared to the SAM-MCT without a fudge factor.

Table 5.1: Number of rejected null hypotheses for the SAM-MCT procedures for the FDR

of 0.05 for antipsychotic study data.

Method Williams Marcus M M ′

SAM 160 199 293 269
SAM+fudge 155 176 235 234
MaxT BH-FDR 100 128 154 148

Figure 5.2 shows plots of the observed and expected modified M SAM-MCT for
the antipsychotic data. It can be seen clearly that, in this case, as expected, adding
fudge factor only have small changes on the test statistic values. The SAM-MCT
gives a larger number of discoveries than the MCT with permutations adjusted by
the maxT and BH-FDR procedures.



88
Chapter 5. Significance Analysis of Microarrays Method for Multiple

Contrast Test (SAM-MCT)

percentile

C
V

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

0.
5

0.
6

0.
7

0.
8

(a) Williams

percentile

C
V

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

0.
5

0.
6

0.
7

0.
8

0.
9

(b) Marcus

percentile

C
V

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

0.
5

0.
6

0.
7

0.
8

0.
9

(c) M

percentile

C
V

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

0.
5

0.
6

0.
7

0.
8

0.
9

(d) M ′

Figure 5.1: The antipsychotic study. Quantiles of standard errors vs coefficient of variation

of Williams, Marcus, the M and M ′ SAM-MCT.

5.3.2 Analysis of the EGF Treatment Data Using the SAM-

MCT

The same setting was implemented in the EGF treatment data as well. Figure 5.3
shows the value of the CV versus the quantiles of the four test statistics. The fudge
factors obtained for the Williams, Marcus, M and M ′ tests are equal to 0.1852, 0.1481,
0.1574 and 0.1345 respectively.

Table 5.2 presents the number of findings for the SAM-MCT and the MCT based
on permutations with combination of maxT/FDR analysis. We notice that the SAM-
MCT approach leads to larger number of discoveries compared to the permutations
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Figure 5.2: The antipsychotic study. Plots of the observed and expected M ′ SAM-MCT

statistic.

with maxT/FDR analysis. Furthermore, as expected, due to the large value of the
fudge factor, the SAM-MCT with the fudge factor lead to a smaller number of dis-
coveries compared to the SAM-MCT without a fudge factor.

Table 5.2: Number of rejected null hypotheses for the SAM-MCT procedures for the FDR

of 0.05 for the EGF treatment data.

Method Williams Marcus M M ′

SAM 4129 4390 4613 4724
SAM+fudge 1816 2282 2451 2485
MaxT BH-FDR 1685 2191 2167 2168

Figure 5.4 displays plots of the observed and expected (with and without fudge
factor) of the M ′ SAM-MCT for the EGF treatment data. These plots show that
adding the fudge factor lowers the magnitude of the test statistic.

5.4 Discussion

In this chapter we discussed the implementation of the SAM procedure within the
MCT framework for dose-response microarray data to overcome small variant genes.
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Figure 5.3: The EGF treatment data . Quantiles of standard errors vs coefficient of vari-

ation of Williams, Marcus, the M , and M ′ SAM-MCT.

Figure 5.5 shows the test statistics of the corresponding standard error for the M ′

SAM-MCT. The grey points are the non differentially expressed genes. The red points
are genes declared significant by the M ′ SAM-MCT with and without the fudge factor.
The green points are the genes declared significant by the M ′ SAM-MCT only without
fudge factor.

In the antipsychotic data, the fudge factor values of all SAM-MCT statistics are
relatively small due to a small number of small variance genes. Therefore it leads to
similar results for the SAM-MCT with and without the fudge factor. On the other
hand for the EGF treatment data, there are large number of genes declared significant
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Figure 5.4: The EGF treatment data. Plots of the observed and expected M ′ SAM-MCT.

by using MCT without a fudge factor (see red points in Figure 5.5b). When the SAM-
MCT with the fudge factor was carried out, the number of significant genes reduced
as expected. This is because in the EGF treatment data, there are large number of
genes with small fold change discovered significant due to their small variance. The
inclusion of the fudge factor, as expected, deflated the test statistics of the small
variance genes.

We observed from the results that the number of discoveries for the SAM-MCT in
both case studies are larger compared to the MCT with permutation maxT/BH-FDR.
It is due to in the maxT/BH-FDR, two adjustments for multiplicity were performed,
whereas on the SAM-MCT we only control for the FDR.

The aim of adding the fudge factor into the denominator of the test statistics is
to remove false positive discoveries due to small standard error. This could be seen
from the result for the EGF treatment data where the SAM-MCT with s0 reduced
relatively a large number of significant genes. However, it was not the case for the
antipsychotic study where adding s0 only reduced small number of significant genes.
Moreover, when we analyzed the antipsychotic study data several times with different
random seed numbers, we found some cases where the SAM-MCT with s0 yielded
more findings than the SAM-MCT without s0. This situation can be explained as fol-
lows. The fudge factor for the antipsychotic study was relatively small (for Williams,
Marcus, the M and the M ′ SAM-MCT are equal to 0.0066, 0.00551, 0.00554 and
0.00528, respectively). This indicates that there was no problem with small variance
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Figure 5.5: Plots of the SAM-MCT M ′ test statistics vs. their standard error. The grey

points are the non differentially expressed genes, green points are genes declared significant

by the SAM-MCT only without fudge factor, the red points are genes declared significant by

the SAM-MCT with and without fudge factor.

genes in the antipsychotic study and as the result, the fudge factor did not influence
on the number of discoveries of the SAM-MCT with and without the fudge factor.



Chapter 6
Performance of Multiple Contrast

Test (MCT) for Detecting Monotonic

Trends: A Simulation Study

6.1 Introduction

In Chapters 4 and 5 we discussed the implementation of resampling-based inference
for the Williams, Marcus, the M and the modified M MCTs. In this chapter, we
investigate the performance of the proposed methods in terms of the FDR control
and power using simulation studies.

The structure of this chapter is organized as follows. Section 6.2 discuss the
simulation settings and result for the resampling-based MCT. Section 6.3 presents
the setting and result for the SAM-MCT.

6.2 Resampling-based MCT: A Simulation Study

In this section, we investigate the performance of the resampling-based approach to
the four t-type MCTs discussed in Chapter 4 by means of a simulation study. Two
settings are considered: a single gene and multiple genes settings.
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6.2.1 Power Study for a Single Gene Setting

The first simulation study was conducted in order to evaluate the power of the
resampling-based MCT in a single gene setting. The data sets were generated un-
der the seven order-restricted models and the null model (see Table 6.1). For each
alternative model, 500 data sets were generated with an increasing and a decreasing
trend. For the null model, 1000 data sets were simulated for the estimation of the
type I error rates.

The simulation setting above was repeated for different number of dose levels (K
= 3, 5 and 7) and different number of sample size (n= 3, 4, 5 and 6). The means of
the seven models under alternatives for K=3, K=5 and K=7 are specified in Table
6.1, 6.2 and 6.3, respectively. Note that these alternatives are based on the setting
specified by Marcus (1976). The scale parameter ψ controls the magnitude of the
isotonic means. The larger ψ, the larger distance between the means. In this set of
simulations, ψ is chosen to be equal to 1 and 3 based on the settings considered by
Marcus (1976).

Table 6.1: Simulation settings: µi is the mean response of dose levels i, i = 0, 1, 2, 3, dose

0 is a control dose, and ψ = 1 or 3, K = 3.

Model Mean Structure µ0 µ1 µ2 µ3

g1 µ0 = µ1 = µ2 < µ3 (1 1 1 2) ×2ψ/
√

3
g2 µ0 = µ1 < µ2 = µ3 (1 1 2 2) ×ψ

g3 µ0 < µ1 = µ2 = µ3 (1 2 2 2) ×2ψ/
√

3
g4 µ0 < µ1 = µ2 < µ3 (1 2 2 3) ×ψ/

√
2

g5 µ0 = µ1 < µ2 < µ3 (1 1 2 3) ×2ψ/
√

11
g6 µ0 < µ1 < µ2 = µ3 (1 2 3 3) ×2ψ/

√
11

g7 µ0 < µ1 < µ2 < µ3 (1 2 3 4) ×ψ/
√

5
Null µ0 = µ1 = µ2 = µ3 (0 0 0 0) ×ψ

6.2.2 Simulation Result: a Single Gene Setting

The results of the simulation studies for a single gene setting, for four dose levels
(K=3) and three replicates for two different inference methods are presented in Ta-
ble 6.4. We notice that the estimated Type I error of all statistics are well controlled
at around 5% for all the statistics using the maxT procedure. It is not the case
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Table 6.2: Simulation settings: µi is the mean response of dose levels i, i = 0, 1, ..., 5, dose

0 is a control dose, and ψ = 1 or 3, K = 5.

Model Mean Structure µ0 µ1 µ2 µ3 µ4 µ5

g1 µ0 = µ1 = µ2 = µ3 = µ4 < µ5 (1 1 1 1 1 2) ×ψ
√

6/5
g2 µ0 = µ1 = µ2 < µ3 = µ4 = µ5 (1 1 1 2 2 2) ×ψ/

√
3/2

g3 µ0 < µ1 = µ2 = µ3 = µ4 = µ5 (1 2 2 2 2 2) ×ψ/
√

6/5
g4 µ0 < µ1 < µ2 = µ3 < µ4 < µ5 (1 2 3 3 4 5) ×ψ/

√
10

g5 µ0 < µ1 = µ2 = µ3 = µ4 < µ5 (1 2 2 2 2 3) ×ψ/
√

2
g6 µ0 < µ1 < µ2 = µ3 = µ4 = µ5 (1 2 3 3 3 3) ×ψ/

√
7/2

g7 µ0 < µ1 < µ2 < µ3 < µ4 < µ5 (1 2 3 4 5 6) ×ψ/
√

35/2
Null µ0 = µ1 = µ2 = µ3 = µ4 = µ5 (0 0 0 0 0 0) ×ψ

Table 6.3: Simulation settings: µi is the mean response of dose levels i, i = 0, 1, ..., 7, dose

0 is a control dose, and ψ = 1 or 3, K = 7.

Model Mean Structure µ0 µ1 µ2 µ3 µ4 µ5 µ6 µ7

g1 µ0 = µ1 = µ2 = µ3 = µ4 = µ5 = µ6 < µ7 (1 1 1 1 1 1 1 2) ×ψ
√

8/7

g2 µ0 = µ1 = µ2 = µ3 < µ4 = µ5 = µ6 = µ7 (1 1 1 1 2 2 2 2) ×ψ
√

2

g3 µ0 < µ1 = µ2 = µ3 = µ4 = µ5 = µ6 = µ7 (1 2 2 2 2 2 2 2) ×ψ/
√

8/7

g4 µ0 < µ1 < µ2 = µ3 = µ4 = µ5 < µ6 < µ7 (1 2 3 3 3 3 4 5) ×ψ/
√

10

g5 µ0 < µ1 = µ2 = µ3 = µ4 = µ5 = µ6 < µ7 (1 2 2 2 2 2 2 3) ×ψ/
√

2

g6 µ0 < µ1 < µ2 = µ3 = µ4 = µ5 = µ6 = µ7 (1 2 3 3 3 3 3 3) ×ψ/
√

8/31

g7 µ0 < µ1 < µ2 < µ3 < µ4 < µ5 < µ6 < µ7 (1 2 3 4 5 6 7 8) ×ψ/
√

42

Null µ0 = µ1 = µ2 = µ3 = µ4 = µ5 = µ6 = µ7 (0 0 0 0 0 0 0 0) ×ψ

for the the Holm procedure. The type I error obtained for the Holm procedure are
smaller due to the fact that the Holm procedure is more stringent which results in
large value of adjusted p-values leading small number of differentially expressed genes.
It can be observed that the power of all tests after the p-values are adjusted with the
Holm procedure are lower as compared to the results where the maxT procedure was
implemented.

As expected, when the signal to noise is relatively small (ψ = 1), the power of all
alternatives are small. On the other hand, when the signal to noise is high (ψ = 3)
the power of the test statistics are greatly improved.
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Table 6.4: Type I error and power of the four MCT statistics for a single gene K=3, n=3,

using resampling-based approach with the Holm and maxT multiplicity adjustment to control

for FWER.

Multiplicity
Model

ψ = 1 ψ = 3
adjustments Williams Marcus M M ′ Williams Marcus M M ′

H
ol

m

g1 0.150 0.164 0.160 0.164 0.848 0.932 0.924 0.940
g2 0.152 0.156 0.160 0.170 0.848 0.902 0.922 0.926
g3 0.248 0.164 0.170 0.166 0.954 0.904 0.922 0.926
g4 0.242 0.192 0.218 0.218 0.966 0.914 0.936 0.928
g5 0.174 0.174 0.188 0.188 0.872 0.908 0.938 0.934
g6 0.234 0.180 0.208 0.200 0.938 0.886 0.918 0.906
g7 0.230 0.194 0.226 0.218 0.940 0.902 0.928 0.910
NULL 0.032 0.024 0.026 0.022

m
ax

T

g1 0.206 0.254 0.272 0.270 0.908 0.980 0.986 0.986
g2 0.230 0.276 0.300 0.294 0.894 0.964 0.970 0.968
g3 0.322 0.270 0.288 0.286 0.982 0.960 0.976 0.976
g4 0.306 0.290 0.320 0.302 0.988 0.968 0.986 0.984
g5 0.236 0.286 0.320 0.310 0.936 0.980 0.990 0.986
g6 0.302 0.292 0.324 0.310 0.976 0.958 0.974 0.966
g7 0.302 0.304 0.348 0.330 0.980 0.970 0.984 0.978
NULL 0.050 0.052 0.050 0.048

In addition, the power of the Williams’ MCT for model g1, g2 and g5 are lower
as compared to the rest of alternative models. This expected since these models are
convex dose-response shapes. As discussed by Bretz (1999), the Williams test is more
powerful to detect the concave shapes as compared to the convex shapes (g1, g2 and
g5). In general, the Williams MCT yields the smallest power compared to the other
three tests. Marcus, the M and the modified M MCT provide similar power.

Figures 6.1 presents plots of power of Williams’ and Marcus’ MCT using permu-
tations with the MaxT adjustment for different monotone models of for K= 3, ψ = 3
and different number of sample sizes. We observe that increasing the number sample
size will increase the power under all alternative models as expected. The complete
tables and figures for the results of simulation with different number of sample size
(n= 4, 5, 6) are presented in Appendix C.
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Figure 6.1: Power of Williams’ and Marcus’ MCT using permutations with the MaxT

adjustment for different monotone models of for K= 3, ψ = 3 and different number of

sample sizes.

6.2.3 Power Study for Multiple Genes Setting

A second simulation study was conducted in order to investigate the performance of
the proposed methods in terms of power and the FDR control in a multiple genes
setting. In this setting, 100 datasets were generated and each simulated dataset
consists of 1000 genes. The same simulation setting as presented in Section 6.2.1 was
considered. In addition, different proportions of differentially expressed (DE) genes
were generated (see Table 6.5).

Note that the multiple genes setting introduces a multiplicity problem with two
dimensions: within and across genes multiplicity adjustments. As discussed in Chap-
ter 5, we use the FWER for the multiplicity adjustment within a gene, and the FDR
for the multiplicity adjustment across genes.

6.2.4 Simulation Results: Multiple Genes Setting

Table 6.6 and 6.7 present the power and FDR with their simulation-based standard
error estimates for permutation approach, with the Holm and maxT FWER within
genes multiplicity adjustment, respectively. The results shown here are for the simu-
lation setting with 10% proportion of DE genes, K= 3 and n=3. From both tables,
we observe that for ψ = 1 the power of all the tests are very low. Moreover, the
FDR are not well controlled at the desired level of 5%. With ψ = 3 the power of the
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Table 6.5: Setting of different percentage of truly differentially expressed genes.

DE Percentage # DE # genes under H0 # DE genes in each H1 model

10% 56 444 4

15% 84 416 6

20% 112 318 8

25% 140 360 10

test statistics for all inference approaches are greatly improved and the FDR are well
controlled as well.

Table 6.6: Power and FDR for simulation setting: resampling-based approach with the

Holm multiplicity adjustment, K = 3 # sig genes= 10%.

n=3
ψ = 1 ψ = 3

Williams Marcus M M ′ Williams Marcus M M ′

Power 0.0088 0.0097 0.0099 0.0096 0.3738 0.3512 0.4203 0.4125
Se(Power) 0.0163 0.0176 0.0183 0.0172 0.1361 0.1201 0.1200 0.1204
FDR 0.6363 0.5900 0.6452 0.6296 0.0381 0.0344 0.0326 0.0310
Se (FDR) 0.4338 0.4361 0.4304 0.4372 0.0275 0.0322 0.0280 0.0269

n=4
ψ = 1 ψ = 3

Williams Marcus M M ′ Williams Marcus M M ′

Power 0.0263 0.0263 0.0307 0.0286 0.8286 0.8444 0.8582 0.8651
Se(Power) 0.0319 0.0308 0.0336 0.0338 0.0953 0.0935 0.0955 0.0896
FDR 0.3569 0.3903 0.3135 0.3131 0.0315 0.0288 0.0269 0.0278
Se (FDR) 0.4156 0.3988 0.3914 0.3969 0.0169 0.0164 0.0178 0.0188

Figure 6.2 shows the power obtained for the different test statistics as a function
of number of sample size (n) and proportion of DE genes. As expected, the power
for all test statistics increases as the sample size per dose level increase. Figure 6.3
indicates that multiplicity adjustment within a gene with the maxT procedure leads
to higher power, for n = 3, as compared to the Holm procedure. The effect of the
proportion of DE genes is present only for small sample sizes. Whereas for higher
sample sizes, there is no influence of the proportion of DE on the power.
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Table 6.7: Power and FDR for simulation setting: resampling-based approach with the

maxT multiplicity adjustment, K = 3 # sig genes= 10%.

n=3
ψ = 1 ψ = 3

Williams Marcus M M ′ Williams Marcus M M ′

Power 0.0088 0.0097 0.0099 0.0096 0.4912 0.4897 0.6115 0.5711
Se(Power) 0.0163 0.0176 0.0183 0.0172 0.1505 0.1537 0.1342 0.1344
FDR 0.6363 0.5900 0.6452 0.6296 0.0488 0.0507 0.0476 0.0456
Se (FDR) 0.4338 0.4361 0.4304 0.4372 0.0287 0.0293 0.0256 0.0256

n=4
ψ = 1 ψ = 3

Williams Marcus M M ′ Williams Marcus M M ′

Power 0.0280 0.0276 0.0333 0.0322 0.8953 0.9249 0.9432 0.9418
Se(Power) 0.0375 0.0357 0.0414 0.0433 0.0763 0.0697 0.0563 0.0552
FDR 0.3575 0.3909 0.3151 0.3148 0.0457 0.0480 0.0455 0.0473
Se (FDR) 0.4151 0.3983 0.3902 0.3956 0.0187 0.0203 0.0205 0.0210

6.3 The Performance of the SAM-MCT

The same simulation setting discussed in Section 6.2.3 was considered. Table 6.8
presents the result for the SAM-MCT (K = 3, n = 3, 4 ) and the proportion of DE
genes is 10%. The complete results are shown in appendix C.

The result presented in Table 6.8 indicates that SAM-MCT with a fudge fac-
tor leads to higher power. This unexpected results cannot be explained and more
simulation studies are needed to investigate this point further.

Similar to the previous section, the FDR is not controlled for ψ = 1. The effect
of sample size is shown in Figure 6.4. We notice that for all test statistics, the power
increase with the increase of sample size as expected (for ψ = 3). Figure 6.5 presents
that for relatively small sample sizes, the SAM-MCT with a fudge factor leads to
higher power as compared to the SAM-MCT without a fudge factor.

We also investigate the effect of sample sizes and the number of truly DE genes on
the test and the result can be seen in Figures 6.4 and 6.5. The full result can be found
in appendix C. These figures indicate that when the sample sizes and the number
of truly significance genes increase, the SAM-MCT power to detect significant genes
will increase as well.
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Figure 6.2: Power of MCTs using the Holm FWER adjustment, simulation setting: K= 3,

n = 3, 4, 5, 6, ψ= 1, 3.

6.4 Simulation Study for Williams’ and Marcus’

MCT Using the Multivariate t Distribution

Bretz (2006) and Hothorn (2006) showed that the asymptotic joint distribution of the
single contrast tests TSC

1 , TSC
2 , . . . , TSC

r for Williams and Marcus follow the multi-
variate t-distribution. Hence the p-values of the maximum contrast can be calculated
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Figure 6.3: Power of MCTs using the MaxT FWER adjustment, simulation setting: K=

3, n = 3, 4, 5, 6, ψ= 1, 3.

by using the multivariate t distribution. In this section, the same simulation settings
discussed in Section 6.2.1 and 6.2.3 were performed for single gene and multiple gene
settings, respectively. Each of the simulated data was analyzed using the Williams’
and Marcus’ MCT and the inference was based on the multivariate t distribution.

For the single gene setting, Table 6.9 presents the type I error and power of the
Williams’ and Marcus’ MCT for K=3 and n=3 using the multivariate-t distribution.
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Table 6.8: Power and the FDR for simulation setting: SAM-MCT with and without a fudge

factor (s0) for proportion of DE genes : 10%, K = 3, n= 3,4.

ψ = 1 ψ = 3

Fudge estimate n Williams Marcus M M ′ Williams Marcus M M ′

- S0

Power

3

0.0023 0.0037 0.0020 0.0012 0.6692 0.6972 0.7788 0.7615

se(Power) 0.0115 0.0150 0.0101 0.0071 0.1587 0.1528 0.1321 0.1373

FDR 0.5920 0.3682 0.4868 0.5738 0.0502 0.0631 0.0555 0.0559

se(FDR) 0.4373 0.3050 0.4082 0.3902 0.0260 0.0329 0.0283 0.0283

+ S0

Power

3

0.0175 0.0181 0.0187 0.0166 0.8920 0.9298 0.9399 0.9239

se(Power) 0.0505 0.0476 0.0498 0.0461 0.0762 0.0665 0.0557 0.0654

FDR 0.0427 0.0755 0.1158 0.1630 0.0397 0.0414 0.0413 0.0446

se(FDR) 0.0573 0.1213 0.1317 0.2384 0.0202 0.0233 0.0231 0.0241

- S0

Power

4

0.0184 0.0225 0.0235 0.0204 0.9262 0.9537 0.9696 0.9669

se(Power) 0.0441 0.0461 0.0506 0.0413 0.0632 0.0622 0.0414 0.0420

FDR 0.1619 0.1629 0.1401 0.1545 0.0592 0.0637 0.0628 0.0633

se(FDR) 0.2239 0.2185 0.1346 0.1406 0.0206 0.0234 0.0234 0.0217

+ S0

Power

4

0.0455 0.0419 0.0404 0.0339 0.9778 0.9913 0.9921 0.9912

se(Power) 0.0731 0.0677 0.0698 0.0645 0.0290 0.0166 0.0162 0.0166

FDR 0.0868 0.1125 0.0875 0.0755 0.0471 0.0455 0.0499 0.0508

se(FDR) 0.0876 0.1385 0.0931 0.0769 0.0183 0.0200 0.0212 0.0227

The ψ values affect the power, as it increases, the power increases as well. The type
I error here are well controlled for both Williams’ and Marcus’ MCT.

In the multiple genes setting the single gene setting, Table 6.10 presents the average
power and the average FDR for inference based on the multivariate t distribution with
K =3, n= 3, 4 and proportion of DE genes = 10%. We noticed here that, the same
as in the resampling-based inference MCT discussed in the previous section, here the
signal to noise ψ values affect the performance of the Williams’ and Marcus’ MCT
using the multivariate t distribution. Increasing the sample sizes will increase the
power.

Figure 6.6 shows that increasing sample size and the proportion of differentially
expressed genes increase the power of the MCT where the inference is based on using
the multivariate t distribution.
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Figure 6.4: Power of SAM-MCT without a fudge factor, simulation setting: K = 3, n =

3, 4, 5, 6, ψ= 1, 3.

6.5 Discussion

The aim of this chapter is to investigate the performance of resampling-based four
MCTs and the four SAM-MCTs with respect to the power, type I error control, and
the FDR control with means simulation studies. For the SAM-MCT, the effect of the
fudge factor is also investigated.



104
Chapter 6. Performance of Multiple Contrast Test (MCT) for Detecting

Monotonic Trends: A Simulation Study

Williams, SAM + s0

n

P
ow

er

3 4 5 6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

% DE genes

10
15
20
25

ψ=3

ψ=1

(a) Williams

Marcus, SAM + s0

n

P
ow

er
3 4 5 6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

% DE genes

10
15
20
25

ψ=3

ψ=1

(b) Marcus

M, SAM + s0

n

P
ow

er

3 4 5 6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

% DE genes

10
15
20
25

ψ=3

ψ=1

(c) M

M’, SAM + s0

n

P
ow

er

3 4 5 6

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

% DE genes

10
15
20
25

ψ=3

ψ=1

(d) M ′

Figure 6.5: Power of SAM-MCT with a fudge factor, simulation setting: K = 3, n = 3, 4,

5, 6, ψ= 1, 3.

In a single setting simulation, the result showed that the resampling-based with
the maxT multiplicity adjustment performed as good as the analysis using the
multivariate-t distribution. It is in contrast with the permutations using the Holm
multiplicity adjustment which gave the smallest power.

In addition, the simulation showed that, as argued by Bretz (1999), the Marcus’
MCT is more powerful to detect convex models, whereas the Williams’ MCT provides
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Table 6.9: Type I error and power of the Williams’ and Marcus’ MCT statistics for a single

gene, K=3, n=3 using the multivariate t distribution.

Model
ψ = 1 ψ = 3

Williams Marcus Williams Marcus

g1 0.202 0.238 0.902 0.978
g2 0.236 0.286 0.912 0.964
g3 0.318 0.258 0.982 0.962
g4 0.306 0.288 0.992 0.976
g5 0.236 0.282 0.928 0.974
g6 0.304 0.284 0.978 0.964
g7 0.294 0.294 0.988 0.972

NULL 0.048 0.052 0.048 0.052

Table 6.10: Power and FDR of the Williams’ and Marcus’ MCT statistics for simulation

setting: inference based on the multivariate t distribution, K=3, # sig genes= 10%.

n=3
ψ = 1 ψ = 3

Williams Marcus Williams Marcus

Power 0.0021 0.0029 0.6096 0.6265
Se(Power) 0.0108 0.0126 0.1685 0.1727
FDR 0.5528 0.6917 0.0390 0.0413
Se (FDR) 0.4847 0.4553 0.0252 0.0273

n=4
ψ = 1 ψ = 3

Williams Marcus Williams Marcus

Power 0.0141 0.0087 0.9064 0.9371
Se(Power) 0.0320 0.0286 0.0709 0.0638
FDR 0.2047 0.2535 0.0446 0.0459
Se (FDR) 0.3772 0.4105 0.0182 0.0215

larger power for detecting concave models.
In the multiple genes simulation settings, in general the average power of Williams’

and Marcus’ MCT when using the multivariate t distribution were slightly higher than
the resampling-based with the maxT multiplicity adjustment. However, as the sample
sizes and proportion of DE genes increased, the differences became more subtle. Both
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Figure 6.6: Power of MCTs based on the multivariate t distribution, simulation setting:

K= 3, n = 3, 4, 5, 6, ψ= 1, 3.

the M and Modified M MCT gave higher power compared to the others.
In the multiple genes setting for the SAM-MCT, for ψ =1 the method (with and

without a fudge factor) did not control for the FDR and led to relatively small power.
For ψ =3, the FDR were well controlled and as we mentioned in Section 6.3, the
results for the power were unexpected. The analysis with fudge factor led to higher
power than the analysis without a fudge factor. We expect both analyses to yield
similar power since there is no problem of small variance genes in the simulated data.

In general, as expected, the signal to noise of the genes, the number sample sizes
(ψ), and the number of truly DE genes played important roles on the power and FDR
control. Overall, the SAM-MCT, especially the M and Modified M MCTs provided
the highest power and control for the FDR. Furthermore, several advantages of the
SAM-MCT proposed in Chapter 5 are: (1) no specific distribution assumption is
needed, (2) less computer intensive as compared to the resampling-based analysis,
usually the SAM procedures only need a small number of permutations (around 100-
200).
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Chapter 7
Hierarchical Bayesian Dose-response

Models and Bayesian Variable

Selection

7.1 Introduction

In this chapter, we formulate hierarchical Bayesian models for an order restricted
estimation problem. Our aim is to estimate a model for which the means of gene
expression across the dose levels are in order, i.e., µ0 ≤ µ1 ≤ µ2 ≤ · · · ≤ µK . The
structure of this chapter is as follows. In Section 7.2 we formulate an order restricted
hierarchical Bayesian model, in Section 7.3 we discuss the Bayesian Variable Selec-
tion method (BVS) in order to calculate the posterior distribution of the null model
while in Section 7.4 we discuss the issue of multiplicity adjustment. The proposed
method is applied to a case study in Section 7.5 and a simulation study is presented
in Section 7.7. Discussion is given in Section 7.8.

7.2 Formulation of Hierarchical Bayesian Model for

Dose-response Microarray Data

The major challenge in the Bayesian analysis of dose-response microarray experiments
is the estimation of the model parameters under order restrictions. Similar to the

109
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previous chapters, we formulate a gene-specific linear model as

Yij = µi + εij , εij ∼ N(0, σ2), i = 0, · · · ,K, j = 1, 2, · · · , ni, (7.1)

where Yij is the gene expression at the ith dose level for array j, and µi is the mean
gene expression level at dose level i. Note that since we assume that the dose-response
relationship is monotone, we wish to estimate a model in which µ0 ≤ µ1 ≤ µ2 ≤ · · · ≤
µK for a monotone upward gene and µ0 ≥ µ1 ≥ µ2 ≥ · · · ≥ µK for a monotone
downward gene, where µ0 is the mean gene expression for the control dose. The
monotone constraints are achieved by constraining the parameter space of µ, whereby
the order restrictions are imposed on the priors. For a monotone upward gene, we
assume that µ is a right-continuous non-decreasing function defined on [0,K]. Note
that we do not assume any deterministic relationship between µi and the dose levels,
but instead, we specify a probabilistic model for µi at each distinct dose level. The
hierarchical model we consider is given by

Yij ∼ N(µi, σ
−2
1 ) likelihood,

µi ∼ N(ηµi , σ
−2
µi

)I(µi−1, µi+1) prior,
(7.2)

where I(µi−1, µi+1) is an indicator variable, which takes the value of 1 if µi−1 ≤ µi ≤
µi+1 and zero elsewhere. In order to complete the specification of the hierarchical
model in (7.2) we need to specify hyper prior distributions for ηµi , σ−2

µi
, and σ−2

1 .
We assume K + 1 hyperprior distributions at the third level of the model, ηµi ∼
N(0, 10000) and σ−2

µi
, σ−2

1 ∼ gamma(1, 1).

Alternatively, the order constraints can be incorporated into the model using the
following parameterizations for the mean structure:

µi =
i∑

`=1

X`δ` = XDβ, i = 1, ..., K. (7.3)

Here, β = (µ0, δ1, . . . , δK) and XD is a direction dependent known design matrix,
i.e., for an upward and downward trend for four dose levels (K=3) and number of
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replicates of each dose is three (ni = 3) the design matrix is given, respectively by

Xup =




1 0 0 0
1 0 0 0
1 0 0 0
1 1 0 0
1 1 0 0
1 1 0 0
1 1 1 0
1 1 1 0
1 1 1 0
1 1 1 1
1 1 1 1
1 1 1 1




and Xdn =




1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 0
1 1 1 0
1 1 1 0
1 1 0 0
1 1 0 0
1 1 0 0
1 0 0 0
1 0 0 0
1 0 0 0




.

The constraints on the parameter space can be incorporated in the hierarchical
model by assuming truncated normal distributions for the components of δ =
(δ1, δ2, . . . , δK).

δ` ∼ truncated N(ηδ`
, σδ`) , ` = 1, 2, . . . , K. (7.4)

Here, the normal distribution for the priors of δ` is left truncated at 0 to ensure
that δ` ≥ 0. To complete the formulation of the model we assume vague hyper
prior distributions at the third level of the model, i.e., ηδ`

∼ N(0, 10000) and σ−2
δ`

∼
gamma(1, 1).

7.3 Dose-response Modeling Using Bayesian

Variable Selection (BVS) Methods

The Bayesian variable selection approach (George and McCulloch, 1993) is related to
the problem of the choice of an optimal model from a priori set of R known plausible
models. As pointed out by O’Hara and Sillanpaa (2009), the choice of an optimal
model reduces to the choice of a subset of variables which will be included in the model
(i.e., model selection) or the choice of which parameters in the parameter vector are
different from zero (i.e., inference). In our setting, our aim is to calculate the posterior
probability of each model, P (gr|data) and in particular the posterior probability of
the null model P (g0|data).
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Let zi ,i = 1, . . . , R be an indicator variable such that

zi =

{
1 δi is included in the model,
0 δi is not included in the model,

and let θi = zi × δi. Hence,

θi =

{
δi zi = 1,

0 zi = 0.

Hence, we can reformulate the mean structure in (7.3) (Dellaportas et al., 2002,
Kasim et al., 2011) in terms of θi and zi as

µi = µ0 +
i∑

`=1

θ` = µ0 +
i∑

`=1

z`δ`, δ` ≥ 0, i = 1, 2, ...,K.

In order to complete the specification of the hierarchical model defined in (7.2)-(7.4),
we need to specify prior and hyperprior distributions for the indicator variables,

zi ∼ Bernoulli(πi) and πi ∼ U(0, 1).

Kasim et al. (2011) showed that different combination of the variable indicator
(zi) of each variable can result to different models (in this case are different monotone
shapes), hence the posterior probability of the rth model, is defined as

P (gr|z,data),

where z = (z1, z2, ..., zK), and P (g0|z,data) is the posterior probability of the null
model.

7.4 Inference and Adjustment for Multiplicity

Newton et al. (2007) discussed a setting of a microarray experiment with m genes
and defined an equally expressed gene (EEk, k = 1, . . . ,m) as a gene which is not
differentially expressed and P (EEk|data) as the posterior probability of the kth gene
of being EE. In the previous section we defined the posterior probability of the rth
model. In Newton’s (2007) notation

P (EEk|data) = Pk(g0|z, data),

where z = (z1, z2, ..., zK). In this section we use the posterior probabilities of the null
model for multiplicity adjustment. A gene for which there is strong evidence for a
monotone dose-response relationship will have a small value of P (g0|z,data) and vice
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versa, a gene with weak evidence of a monotone dose-response relationship will have
a large value of P (g0|z, data). The direct posterior probability approach, proposed by
Newton et al. (2004, 2007), used the dual characteristic of Pk(g0|z, data) in order to
adjust for multiplicity. Let α be a threshold value and let D be a discovery list in
which all genes satisfying Pk(g0|z,data) ≤ α are included. Hence the discovery list
contains all genes with posterior probability smaller than α and at the same time
Pk(g0|z, data) is the probability that we make a mistake when we assign the kth
gene to the discovery list. Newton et al. (2007) termed this the dual characteristic of
P (g0|z, data).
Let Ik be an indicator variable such that

Ik =

{
1 Pk(g0|z, data) ≤ α, Pk(g0|z, data),
0 Pk(g0|z, data) > α, 1− Pk(g0|z,data).

The expected number of false discoveries (FD) is

E(FD) = Σm
k=1Pk(g0|z,data)Ik = cFD(α).

The conditional (on the data) false discovery rate is given by

cFDR(α) =
1
|D|cFD(α) =

Expected number of false discoveries
Number of discoveries

,

where |D| is the number of genes declared EE for a given threshold α. Newton et
al (2004) termed this approach the direct posterior probability approach for multiplic-
ity adjustment. Note that cFDR(α) is interpreted as the average error that we make
when we assign a gene to the discovery list (Kasim et al., 2011).

7.5 Application to the EGF Treatment Data

The Bayesian variable selection model was applied to the EGF Treatment data pre-
sented in Section 1.3. For each gene, we apply MCMC simulation with 10000 iterations
from which the first 1000 iterations were discarded and considered as the burn in pe-
riod. Figure 7.1 displays a histogram and a volcano plot for the obtained posterior
probabilities of the null model P (g0|z, data).

The FDR control based on the posterior probability under the null model is pre-
sented in Figure 7.2a. It can be observed that the FDR estimates increase with
an increase in cut-off values α for the posterior probability from the null model
P (g0|z, data).

Figure 7.2a shows that for the cut-off values of α = 0.1 and α = 0.17 the estimated
FDR are equal to 5% and 10%, respectively. Figure 7.2b shows that as expected the
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Figure 7.1: Histogram and the volcano plot of P (g0|z, data).

number of genes with monotonic trends increases with an increase in the cut-off
values. In total, 3348 and 7766 genes are declared as genes with monotonic dose-
response relationships with the FDR values of 5% and 10%, respectively, (see Figure
7.2c).

Figure 7.3 shows an example of two genes for which the null hypothesis cannot
be rejected. Although these two genes (gene 8 at and gene 31 at) seem to show
increasing trends, which can be seen from the posterior means presented in Table 7.1,
the posterior probability of null model for the two genes are higher than the cut-off
point, since P (g0|z, data) are equal to 0.4770 and 0.4112, respectively.

Figure 7.4 displays four genes for which the null hypothesis was rejected. The
posterior means for the parameters and the model probabilities are presented in Ta-
ble 7.1. We notice that P (g0|z,data) of these genes are zero. These genes have lack
evidence of the null model. On the other hand, we have large evidence that these
genes have monotone trends which can be observed from the posterior probability of
a specific model P (gr|z,data) that is the largest. For example, the gene 7760 at, the
posterior probability P (g7|z,data) = 0.5349.

Note that the hierarchical Bayesian model was performed for genes with downward
trend as well. The plots and parameter estimates obtained from these genes with
downward trend are presented in Appendix D.

Further we can use the posterior probability P (gr|z, data) to classify genes in the
discovery list into seven possible dose-response models. From 3348 significant genes,
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Figure 7.2: Plot of cut-off, the FDR estimates, and number of significant genes.

the number of genes that are classified under each model are presented in Table 7.2.

7.5.1 Comparison with the Marcus’ MCT

In this section, we compare the results obtained from the Bayesian variable selection
model with the Marcus’ MCT (based on multivariate t distribution) discussed in
Chapter 4. Figure 7.5a displays the rank plot of raw and the BH adjusted p-values
of the Marcus’ MCT, and the P (g0|z, data), and in panel b the plot of BH adjusted
p-values of the Marcus’ MCT against P (g0|z, data) is presented. We observe that for
the first top 5000 genes, the P (g0|z, data) values are higher than the raw p-values of
the Marcus’ MCT and the other way around for the rest of the genes.

There are 3300 genes declared significant by the Marcus’ MCT using the BH-FDR
adjustment. In the previous section 3348 genes were found to be significant after
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Figure 7.3: Data, isotonic means and the posterior mean estimates obtained from Bayesian

approach for two genes with a flat profile.

Table 7.1: Parameter estimates obtained from Bayesian hierarchical model.

Parameter gene 8 at gene 31 at gene 7760 at gene 10 at gene 7931 at gene 4162 at

µ1 3.5213 3.1762 5.6872 6.6654 1.1624 5.1722
µ2 3.5753 3.2613 6.7402 6.7041 2.7122 5.1805
µ3 3.6849 3.3844 7.3267 6.8417 2.7676 6.7087
µ4 3.7630 3.5524 10.0920 8.9604 5.7869 10.1413
P (g0|z, data) 0.4770 0.4112 0.0000 0.0000 0.0010 0.0000
P (g1|z, data) 0.1437 0.1906 0.0090 0.5828 0.0669 0.0080
P (g2|z, data) 0.1876 0.1587 0.0000 0.0000 0.0000 0.0000
P (g3|z, data) 0.0998 0.1138 0.0000 0.0000 0.0010 0.0000
P (g4|z, data) 0.0190 0.0389 0.3383 0.1028 0.8204 0.0020
P (g5|z, data) 0.0359 0.0489 0.1178 0.2764 0.0210 0.9541

P (g6|z, data) 0.0289 0.0269 0.0000 0.0000 0.0010 0.0000
P (g7|z, data) 0.0080 0.0110 0.5349 0.0379 0.0888 0.0359

model g0 g0 g7 g1 g4 g5

multiplicity adjustment. Figure 7.6 shows that around 73% (=2383/4263) significant
genes yielded from the Marcus’ MCT are in common with that of the hierarchical
Bayesian approach.
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Figure 7.4: Data, isotonic means, and the posterior mean estimates obtained from the

Bayesian approach for four genes with an upward trend.

Table 7.2: Classification of dose-response curve based on P (gr|z, data) for the significant

genes.

Model g1 g2 g3 g4 g5 g6 g7

# genes 975 631 1128 187 179 241 7

7.6 Number of Levels in Isotonic Regression: A

Simulation Study

Section 4.2 presented the distribution of the likelihood ratio test Ē2
01 under the null

hypothesis. The Ē2
01 distribution is a mixture of beta distributions weighted by so-
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Figure 7.6: Venn diagram showing overlap between the result from Marcus’ MCT and the

Bayesian model.

called level probabilities. The level probability P (l, κ) is the probability that the
isotonic regression function µ̂∗i takes exactly l distinct values, where κ = K + 1.
Barlow et al. (1972) pointed out that it is not possible in all cases to determine
expression for P (l, κ) in a simple closed form. Barlow et al. (1972) showed that for
the case of simple tree order as in testing for monotone trend test, the P (l, κ) is
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defined as

P (1, κ) = 1
κ

P (κ, κ) = 1
κ!

P (l, κ) = 1
κP (l − 1, κ− 1) + κ−1

κ P (l, κ− 1), l = 2, 3, ..., κ− 1.

(7.5)

Let us consider a dose-response experiment with four dose levels. In this case (κ = 4)
we obtain P (1, κ = 4) = 0.25, P (2, κ = 4) = 0.45833, P (3, κ = 4) = 0.25 and
P (4, κ = 4) = 0.04167. In this section we use the Bayesian variable selection model
to estimate the posterior means for level probability P (l, κ). For four dose levels,
there are four possible numbers of final levels. Model g0 has one level, and models
g1, g2, g3 have two levels. Models g4, g5, g6 have three levels, and model g7 has four
levels (see Figure 4.2). We can define the posterior level probabilities in terms of
P (gr|z,data) as follows

P (l = 1|κ = 4, data) = P (g0|z, data),
P (l = 2|κ = 4, data) = P (g1|z, data) + P (g2|z,data) + P (g3|z, data),
P (l = 3|κ = 4, data) = P (g4|z, data) + P (g5|z,data) + P (g6|z, data),
P (l = 4|κ = 4, data) = P (g7|z, data).

(7.6)

The same technique can be applied for other number of dose levels. A simulation
study, in a single gene setting, was conducted in order to compare between the fre-
quentists level probabilities (i.e., the number of final levels based on isotonic regres-
sion) and the posterior level probabilities defined in (7.6). We consider a setting with
different number of dose levels (κ = 4, 5, 6) and sample size (n= 3, 4). For each
setting 1000 data sets were generated under the null model. For each data set, num-
bers of unique levels obtained from isotonic regression (l) were obtained to calculate
the classical level of probabilities P (l, κ) = #l

B , where B is the number of data sets
simulated (B=1000). For each dataset, we calculated the posterior level probability
P (l, κ) obtained from the Bayesian variable selection model.

Table 7.3 shows the P (l, κ = 4) obtained from (7.5) and from the simulations based
on both isotonic regression and the Bayesian variable selection model. We notice that,
as expected, there is a difference between the level probabilities calculated based
on isotonic regression (i.e., using the maximum likelihood under order restrictions
to estimate the mean gene expression) and the posterior level probabilities obtained
from the Bayesian variable selection model. Note that the posterior level probabilities
for 1 and 2 levels are much higher than the levels probabilities for these numbers of
final levels. For example, for l = 1 and n = 3, P (l = 1, κ = 4) = 0.264 while
P (l = 1|κ = 4, data) = 0.515.
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Table 7.3: Level probability estimates for four dose levels (κ = 4), based on theoretical

values obtained from (7.5), the isotonic regressions, and the Bayesian approach obtained

from simulations with 1000 data sets generated under the null hypothesis.

# of levels (l) P (l, k = 4)
Isotonic Bayesian

n=3 n=4 n=3 n=4

1 0.250 0.264 0.248 0.515 0.708
2 0.458 0.453 0.476 0.398 0.264
3 0.250 0.246 0.240 0.082 0.027
4 0.042 0.037 0.036 0.002 0.001

Figure 7.7 presents the bar plot of the level probability P (l, κ) based on (7.6),
and the result of the level probabilities obtained from the isotonic regression and the
Bayesian variable selection model. The same procedures were implemented to five
and six dose levels. The results for P (l, κ = 5) and P (l, κ = 6) are presented in
Appendix D.

7.7 Performance of the Hierarchical Bayesian Dose-

response Model: A Simulations Study

In order to evaluate the performance of the Bayesian variable selection model in terms
of power and type I error as compared to the Marcus’ MCT, a small simulation study
was conducted. Datasets with four dose levels and different number of sample size (n
= 3, 4, and 5) were generated under the seven order-restricted models and the null
model (see Table 6.1). For each model, 50 data sets were generated with an increasing
and a decreasing trend, respectively. For the null model, 100 datasets in total were
simulated for the comparison of the type I error rates.

The isotonic means of the seven alternatives are specified in Table 6.1 with ψ = 1,
2, and 3, and variance σ2 = 1. For each data set, the inference was based on: Marcus’
MCT using p-values from the multivariate t distribution, and P (gr|z, data) obtained
from the Bayesian variable selection model. For the Bayesian model, we use MCMC
simulations with 10,000 iterations from which the first 5000 are considered to be the
burn-in period. The power for the Marcus’ MCT was obtained from the proportion
of significant tests (with p-values < 0.05). For the Bayesian variable selection model,
the results were summarized by the proportion of genes with P (g0|z, data) < 0.05.



7.7. Performance of the Hierarchical Bayesian Dose-response Model:
A Simulations Study 121

P1 P2 P3 P4

Isotonic
Bayes

K = 4, n = 3

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

0.
7

0.264

0.453

0.246

0.037

0.5151

0.398

0.0823

0.0047

P1 P2 P3 P4

Isotonic
Bayes

K = 4, n = 4

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

0.
7

0.248

0.476

0.24

0.036

0.7078

0.264

0.0274
8e−04

P1 P2 P3 P4 P5

Isotonic
Bayes

K = 5, n = 3

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

0.
7

0.201

0.434

0.276

0.087

0.002

0.6097

0.3315

0.0416
0.0172

1e−04

P1 P2 P3 P4 P5

Isotonic
Bayes

K = 5, n = 4

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

0.
7

0.189

0.446

0.295

0.064

0.006

0.6614

0.2958

0.0307
0.0121 0

P1 P2 P3 P4 P5 P6

Isotonic
Bayes

K = 6, n = 3

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

0.
7

0.176

0.384

0.303

0.116

0.021
0.176

0.5855

0.3442

0.0547

0.0056 0.01 0

P1 P2 P3 P4 P5 P6

Isotonic
Bayes

K = 6, n = 4

0.
0

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

0.
7

0.176

0.384

0.303

0.116

0.021
0.176

0.6366

0.311

0.0414
0.0034 0.0075 0

Figure 7.7: Bar plots of probability of number of unique levels in the model from isotonic

regression.

Table 7.4 presents the results of the simulations (power and type I error) for the
Marcus’ MCT and hierarchical Bayesian model for n=3. The result for n = 4, and
5 are presented in Appendix D. Interestingly, Table 7.4 shows that for ψ = 2, the
Bayesian variable selection model performs better than the Marcus’ MCT in terms of
both power and type I error. However, it is not the case in terms of power when the
number of sample sizes increase. For n = 4 and 5, the power of the Marcus’ MCT
are slightly higher than that of the Bayesian variable selection model. For ψ = 3 the
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results obtained for the two methods are similar.

Table 7.4: Power of Marcus MCT and BVS with different ψ values, κ = 4, n=3.

ψ = 1 ψ = 2 ψ = 3
Model BVS Marcus’ MCT BVS Marcus’ MCT BVS Marcus’ MCT

g1 0.30 0.27 0.74 0.74 0.99 0.99
g2 0.32 0.35 0.81 0.73 0.97 0.99
g3 0.29 0.31 0.77 0.74 0.97 0.95
g4 0.31 0.31 0.78 0.72 0.99 0.98
g5 0.33 0.33 0.80 0.74 1.00 0.99
g6 0.32 0.37 0.81 0.75 0.99 0.99
g7 0.33 0.36 0.85 0.74 0.99 0.99

Null 0.03 0.05 0.03 0.05 0.03 0.05

7.8 Discussion

In this chapter, a hierarchical Bayesian model approach was proposed to identify
genes with monotonic trends. Based on the monotonic assumptions, there are several
alternative hypotheses. Instead of fitting the null and alternative models separately
and comparing them using information criteria, we combined the models into a single
model and implemented the Bayesian Variable Selection (BVS) to reduce the frame-
work to one fixed dimensionality. The aim is to estimate the posterior probability of
each model P (gr|data) which can identify the most probable model.

The posterior probability of the null model P (g0|z, data) was used to identify
genes with strong evidence of a monotonic trend. For the case study, the number of
discoveries using P (g0|z, data) is larger than that of the Marcus’ MCT. Nevertheless,
most of the significant genes found by both approaches were in common. Moreover,
the simulation study showed that when the psi is small, the hierarchical Bayesian
model approach provided larger power to detect monotone trends as compared to
that of the Marcus’ MCT.

For the significant genes, based on the highest posterior probability, we can classify
them into one of the possible monotone trends. However, this approach needs to be
treated with caution. When the difference of dose-response patterns is subtle, it leads
to nearly the same posterior probability of different models.
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In this chapter, we also showed an interesting approach to obtain posterior level
probabilities from the Bayesian perspective by utilization of the obtained posterior
probabilities. The result of the simulation study showed that, as compared to the
level probabilities based on isotonic regression, the posterior level probability gave
larger probability to the null model (l=1). This is because the posterior level proba-
bilities were obtained not only from the data under null distribution and but also by
incorporating the prior information.
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Chapter 8
Introduction to R Graphical User

Interface

8.1 Introduction

R is a free, open-source implementation of the S statistical computing language and
programming environment (Ihaka and Gentleman, 1996 and R-Core-Development-
Team, 2004). Nowadays, R is widely used for statistical software development, data
analysis, and machine learning. Since R is free and open source, now there are more
than 2000 user-contributed packages available. This means that anyone can fix bugs
and/or add features. R can be integrated with other languages (C/C++, Java, and
Python). R can also interact with many data sources: ODBC-compliant databases
(Excel and Access) and other statistical packages (SAS, Stata, SPSS, and Minitab).
For the High Performance Computing Task, several R packages provide the advantage
of multiple cores, either on a single machine or across a network.

Despite the aforementioned capabilities, R is a command line interface (CLI) where
users type commands to perform a statistical analysis. The CLI is the preferred user
interface for power users because it allows the direct control on calculations and it
is flexible. However, this command-driven system requires good knowledge of the
language and makes it difficult for beginners or less frequent users. Although R is the
implementation of the S language, the user interface remains the biggest difference
between S-PLUS and R. S-PLUS implements a very sophisticated Graphical User
Interface (GUI). To incorporate this limitation, several R projects were develop to
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produce user interfaces. This chapter will provide the review of GUI and R GUI
projects.

8.2 The Graphical User Interface

The GUI is in general a tool to provide an event-driven user interface managed with
the most classical graphical interfacing device such as the mouse. A GUI is an extra
layer between the user and an underlying computer program and aimed to make
complex programs available for users without an explicit knowledge of programming
languages (Haldermans, 2010). A GUI is usually based on menus, dialog boxes, icons
and controls. The key elements of a GUI implementation is referred as the WIMP
paradigm, which stands for “window, icon, menu, and pointing device”.

Grosjean (2010) discussed the following typology of the different GUIs that have
been used so far in data analysis:

• MDB (menus/dialog boxes). Examples of this type of GUI are statistical pack-
ages such as Minitab, SPSS, Systat and Splus.

• Spreadsheet. The main part of this type of GUI is a table constituted of cells
such as Excel.

• Notebook. It is considered as an extension of the command line interface, where
not only text results are displayed under the command, but also graphs, and
where rich-formatted text can be included in between. Examples of this GUI
type are Mathematica and statPaper (http://StatPaper.sourceforge.net/).

• Web-based. This GUI presents active web pages with forms to be filled and
trigger analyses on a server. Its main advantage is it has a Client/Server ar-
chitecture, but it can work locally as well. An example of this GUI type is the
Rweb (Banfield, 1999) which can be accessed from http://www.math.montana.

edu/Rweb/.

The choice between those four types of GUI depends on the context the GUI that
will be used and implemented. It is related to the environment, analysis, and users.

8.3 R Graphical User Interface (GUI)

In contrast with S-PLUS, R does not include a statistical GUI, However R provides
tools for building GUIs. Several R GUI projects have been developed and are still in
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developing process. They can be seen at http://sciviews.org/_rgui/. The first R
GUIs available are the IDE/Script Editors aimed to provide feature-rich environments
to edit R which can be used to develop menus and dialog boxes. These type of Script
Editors are Tcl/Tk, RGtk, and wxPython. Many of existing R GUI are developed
by using tcl/tk or RGtk such as LimmaGUI (Wettenhall and Smyth, 2004), LMMNorm
(Haldermans, 2010), IsoGeneGUI (Pramana et al., 2010b, 2011b) and the Poor man’s
GUI (Pmg) available from http://wiener.math.csi.cuny.edu/pmg/. A brief de-
scription of Tcl/Tk which is used to develop several packages in this dissertation will
be presented in the next section.

Another way to build R GUIs is to use the web based application. Examples
of the R GUIs in this type are the R.Net (http://www.u.arizona.edu/~ryckman/
Net.php), and the Rweb (Banfield, 1999). A notebook GUI type for R is currently
in developing progress for a free wysiwyw (what you see is what you want) edit-
ing platform called GNU TeXmacs. It is available from http://www.texmacs.org/.
Several projects to provide an easy-to-use GUI are available, starts from the
most well known R Commander (http://socserv.mcmaster.ca/jfox/Misc/Rcmdr/),
SciViews-R (http://sciviews.org/_rgui/), JGR (Java GUI for R, http://rforge.
net/JGR/index.html), and the latest R GUI Deducer (http://www.deducer.org/).

As the demand for GUI for R is getting higher, the development of R GUI is now
increasing. More detail about the basic of R GUI and several ways how to develop R
GUI can be found in Grosjean (2010).

8.3.1 The tcltk Package

Two R GUIs which will be presented in the next chapters were developed by using
the R-Tcl/Tk interface from the tcltk package (Dalgaard, 2001 and Welch, 2000).
The tcltk package allows the use of the Tk (toolkit) graphical user interface elements
within R by embedding Tk commands into the R language.

Tcl/Tk is a combination of a scripting language Tcl and a toolkit for graphical
user interfaces. Tcl discussed by Welch (2000) stands for Tool Command Language,
and is a scripting language, and an interpreter for that language which is designed to
be easy to embed into the application. Tcl has many applications ranging from web
applications to network systems due to the fact that it is open source, cross platform,
easy to use or extend. Tcl and its associated graphical user-interface toolkit, Tk, were
designed and crafted by Professor John Ousterhout of the University of California,
Berkeley.





Chapter 9
The IsoGeneGUI: A User Friendly

Interface for Analyzing

Dose-response Studies in Microarray

Experiments

9.1 Introduction

Chapter 4 reviewed the procedures to test the null hypothesis of no dose effect against
under order restricted alternatives in microarray experiments. These testing proce-
dures which aim to identify a subset of genes where a monotone relationship between
gene expression and dose can be detected are Williams (Williams, 1971 and 1972),
Marcus (Marcus, 1976), the likelihood ratio test (Bartholomew, 1959, Barlow et al.,
1972, and Robertson et al., 1988), the M statistic (Hu et al., 2005), and the modified
M statistic (Lin et al., 2007).

To carry out analysis of dose-response microarray experiments discussed in Chap-
ter 4, an R package called IsoGene was developed. The IsoGene package implements
the testing procedures described by Lin et al. (2007). In the IsoGene package, the in-
ference is based on resampling methods, both permutations (Ge et al., 2003) and the
Significance Analysis of Microarrays (SAM, Tusher et al., 2001). Since we are testing
for many hypothesis at once, adjustment for multiplicity needs to be performed. To
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control the False Discovery Rate (FDR), several multiplicity adjustment procedures
such as the Benjamini Hochberg (BH) procedure (Benjamini and Hochberg, 1995) and
the Benjamini-Yekutieli (BY-FDR, Benjamini and Yekutieli, 2001) are implemented
in the package. Pramana et al. (2010) introduced the IsoGene package with back-
ground information about the methodology used for analysis and its main functions,
and provided illustrative examples of analysis using the IsoGene package.

The IsoGene package is a command line-based R software which is usually in-
tended for users with adequate R programming skills. This limits the scientists with
less programming skill or less frequent R users to use the package. To overcome this
limitation, the IsoGeneGUI which is a user friendly interface of the IsoGene package
was developed (Pramana et al., 2011a). It is designed for users or scientist with no or
limited knowledge about R programming to perform the analysis of dose-response in
the microarray settings easily. This chapter will introduce the IsoGeneGUI, present
the capability of the package, and provide illustrative examples. For illustration, the
case study used is the antipsychotic compound data described in Section 1.3.

This chapter is organized as follows. Section 9.2 discuss the submission of the
IsoGeneGUI package to the Bioconductor project. Section 9.3 reviews the package
including its installation, menus and loading. Section 9.4 and 9.5 illustrate the data
format for the package, and the exploratory data analysis, respectively. The testing for
monotone analyses using different methods are illustrated in Sections 9.6-9.8. Plots
menu, and the help system of the package are presented in Sections 9.9 and 9.10,
respectively. Discussion will be given in Section 9.11.

9.2 Submission to the Bioconductor

Recently microarrays have become a standard technology in many molecular labs in
universities or companies. It leads to more demands on more comprehensive high
throughput data analysis. Therefore there are plenty of softwares for genomics analy-
sis developed by different scientists from diverse fields in the whole world. In order to
have high quality standard software in the bioinformatics field, Bioconductor project
was initiated. Bioconductor (Gentleman et al., 2004) is an open source, open devel-
opment software project to design and provide high quality software for the analysis
and comprehension of high-throughput genomic data. Bioconductor uses the R sta-
tistical programming language, and is open source and open development. Within
the Bioconductor project, an increasing number of researchers are trying to establish
solutions for the analysis of genomic data, combine knowledge from diverse disciplines
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as statistics, computer science, bioinformatics, and molecular biology.
The focus of Bioconductor is on microarrays and gene (transcript) annotation.

The developments are in the form of R packages. Since it is open source, anyone
can contribute to this project. The contributed packages must have highly quality of
programming. Moreover, since many people from different fields will use the Biocon-
ductor package, all contributed packages must provide well explained documentation
and manuals. After the requirements are met, the submitted packages will be “peer-
reviewed” to see if the package is suitable with the aim of Bioconductor. Currently,
Bioconductor has around 460 packages available. The IsoGeneGUI is accepted and
available as one of the Bioconductor standard packages.

9.3 The IsoGeneGUI Package

The IsoGeneGUI was developed by using the R-Tcl/Tk (Welch, 2000) interface imple-
mented in the tcltk package (Dalgaard, 2001). The IsoGeneGUI requires: IsoGene,
tcltk, relimp, multtest, geneplotter, xlsReadWrite, and Biobase. For the first
step of the analysis, the package provides exploratory data analysis (EDA) tool for
visualization. The inference is based on both exact distribution of test statistics (only
for the Ē2

01) and resampling-based methods. Multiplicity adjustment are performed
by using the Significance Analysis of dose-response Microarrays data (SAM, Tusher
et al., 2001) and other methods including the Bonferroni, Holm (1979), Hochberg
(1988), and Sidak procedures for controlling the family-wise error rate (FWER), and
the Benjamini-Hochberg (BH-FDR, Benjamini and Hochberg, 1995) and Benjamini-
Yekutieli (BY-FDR, Benjamini and Yekutieli, 2001) procedures.

Analysis using the IsoGeneGUI is controlled by using a main window with four
main menus: (1) File, (2) Analysis, (3) Plots, and (4) Help. The steps to perform the
analysis are the following: (1) loading the data, (2) if desired, data exploration, (3)
performing testing for a monotonic trend analysis, and (4) displaying and saving the
output (i.e., tables or figures).

9.3.1 Package Installation

To obtain the package, users can download the windows binary (.zip) from the fol-
lowing Bioconductor site: http://bioconductor.org/packages/2.7/bioc/html/

IsoGeneGUI.html/. Users can also install the package directly within R by typing:

> source("http://bioconductor.org/biocLite.R")

> biocLite("IsoGeneGUI")



134
Chapter 9. The IsoGeneGUI: A User Friendly Interface for Analyzing

Dose-response Studies in Microarray Experiments

The IsoGeneGUI package along with all other packages that are needed by the
package will be automatically downloaded and installed.

9.3.2 Loading the IsoGeneGUI

After the package and all supporting packages have been installed, the IsoGeneGUI

can be loaded by using the following code:

> library (IsoGeneGUI)

> IsoGeneGUI()

Figure 9.1: The main window of the IsoGeneGUI.

The main window of the IsoGeneGUI is presented in Figure 9.1. It has four main
menus on top of the window (File, Analysis, Plots, and Help) and in the middle of the
window there is an info box which provides information about the data (availability
and summary) and the summary of the results of the last performed analyses.

The following is a short description of the IsoGeneGUI menus:

1. File. It is used for loading and showing the data. The sub menus are:
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(a) Open Data

i. R workspace (*.RData files)

ii. Excel or text file (*.xls or *.txt files)

(b) Show Data

(c) Exit

2. Analysis. This is the main menu where the analyses are performed. The sub
menus are:

(a) Set seed

(b) Likelihood Ratio Test E2 Analysis

(c) Permutation Analysis

(d) Significant Analysis of Microarrays (SAM)

i. SAM Permutation

ii. SAM Analysis

3. Plots. Provide the following graphical displays:

(a) IsoPlot

(b) Permutation Plot

(c) SAM Plot

i. Plot of FDR vs. Delta

ii. Plot of number of significant genes vs. Delta

iii. Plot of number of False Positive vs. Delta

(d) User defined scatter plot

4. Help. The help system that are provided:

(a) IsoGene Help

(b) IsoGeneGUI Manual and Examples

(c) About
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9.4 Data Input and Data Format

The input for the IsoGeneGUI are information of dose and gene expression matrix
which can be excel files, text files, or from objects in an R workspace file (*.RData).

The format of the gene expression data should be a matrix or table where the
columns are the arrays and the rows are the gene names or IDs. The dose information
should be a vector or table contain the dose which corresponds to the arrays in the
expression matrix/table. The following is the data structure of the antipsychotic
compound data, where 201 at, 202 at, ..., 205 at are the gene IDs and X1, ..., X5 are
the array names.

> dose

[1] 0.00 0.00 0.01 0.01 0.04 0.04 0.16 0.16 0.63 0.63

[11] 2.50 2.50 0.00 0.00 0.00 0.01 0.01 0.01 0.04 0.04

[21] 0.16 0.16 0.63 0.63 2.50 2.50

>

> dopamine[1:5, 1:6]

X1 X2 X3 X4 X5

201_at 2.579138 2.318749 2.496895 2.456772 2.479480

202_at 2.140561 2.061804 2.131749 2.107638 2.086722

203_at 6.988566 6.620562 5.764725 6.326178 7.020716

204_at 11.081855 9.974999 10.790689 10.702516 10.544664

205_at 12.104545 12.076975 11.989770 12.151120 12.118520

9.5 Exploratory Data Analysis

To explore the dose-response relationship, one can perform: Plots > IsoPlot to load
the dialog box displayed in Figure 9.2. The IsoGeneGUI provides three input options
to draw the isotonic regression plot, using gene name(s), row number(s), or a range
of row numbers. There are also three check boxes:

1. Dose as ordinal. This option will draw the plot and treat dose as ordinal scale.
The default will plot dose as a continuous variable.

2. Show isotonic regression curve for both directions. The default plot displays
the isotonic trend which is more likely fit the data. By checking this option, the
isotonic trend for both directions will be displayed.
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3. Show summary of the data. This option is to provide a short summary statistics
of each selected gene.

Figure 9.2: The IsoPlot dialog box.

The isotonic regression plots for two genes, with dose in an ordinal scale are
presented in Figure 9.3. We can see that both genes have a flat decreasing monotone
trend (red line). Gene 240 at only has a slightly increasing monotonic trend (blue
line). On the contrary, gene 256 at has a high increasing monotonic trend. The
summary statistic, such as number of samples per array, observed and isotonic means
of each gene will be provided in another window (not shown here).

Figure 9.3: The plots of data points, sample means at each dose and isotonic regression

lines (upward trend in blue line and downward trend in red line) for gene 240 at and 256 at.

Note that in the IsoGeneGUI, each plot produced can be copied into clipboard
and then can be easily pasted into Ms.Office documents, such as Ms.Word. It can be
done by clicking the Copy to Clipboard button located in the bottom of the graph
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(see Figure 9.3) and then paste it directly to the document (or Ctrl-V). Furthermore,
the plots can also be saved into several image formats (*.ps, *,png, *.jpeg, *.bmp,
*tiff).

9.6 The Likelihood Ratio Test (Ē2
01) Analysis

To perform the LRT analysis based on the exact distribution, i.e., a mixture of Beta
distribution, users can choose Analysis > Likelihood Ratio Test (E2). Then the
main dialog box for the Ē2

01 analysis will appear (see Figure 9.4).

Figure 9.4: The main dialog box of the likelihood ratio test (Ē2
01) analysis.

The steps to perform the likelihood ratio test (Ē2
01) analysis are the following:

1. Calculate the Ē2
01 p-values. In the first frame of the Likelihood Ratio Test

(E2) Analysis window, we can specify the genes for the analysis. We select
All Genes and then click Calculate button (see Figure 9.4).

2. P -value Adjustment. In this part of the window, several p-values adjust-
ment methods are provided: BH-FDR (Benjamini and Hochberg, 1995), BY-
FDR (Benjamini and Yekutieli, 2001), Holm (Holm, 1979), SidakSS, Sidak SD,
Hochberg (Hochberg, 1988) and Bonferroni. One needs to select the adjustment
method(s) and the overall significance level.
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Figure 9.5: The window for showing number of significant genes for the likelihood ratio test

(Ē2
01) analysis with various multiplicity adjustments.

The output window (see Figure 9.5) will be presented. This window provides
a table of the numbers of significant genes for each selected multiplicity ad-
justment method. For illustration of the antipsychotic data, all of the genes
(11,565 genes) were analyzed and the raw p-values were then adjusted using all
the methods available in the package. The output window in Figure 9.5 shows
the number of significant genes for each selected adjustment method. In this
study, 298 genes were found to be significant using the BH-FDR adjustment.
Smaller numbers of significant genes were obtained when the other multiplicity
adjustments were used.

If the Display the significant genes check button was selected, the list of
significant genes along with the difference between the isotonic means of the
highest dose and the lowest/control dose (Mu.Diff), the test statistic value,
the raw p-values, and the adjusted p-values based on the selected methods are
presented as shown in Figure 9.6. Note that the list of significant genes and the
result of all genes can be saved in an R workspace and Excel files.

3. Graphical Displays.

In the Plots frame, we can produce several default plots: (1) the Ē2
01 values

against the raw p-values (in -log10 transformed) plot, (2) fold change against
the Ē2

01 values plot, and (3) the adjusted p-values plot. The resulting plots are
presented in Figure 9.7.

Figure 9.7a shows that the higher the Ē2
01 values, the higher -log10(p-values)

(i.e., the smaller the p-values). In Figure 9.7b, the volcano plot shows that
most of the genes have small fold change and Ē2

01. The volcano plot is useful to
discover the most interesting genes which are the genes located at top left and
right of the plot. These genes have large fold change and are highly significant
(small p-values). Figure 9.7c plots the raw p-values and the adjusted p-values
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Figure 9.6: The list of significant genes for the Ē2
01 using its exact distribution.

by various multiplicity adjustments. This plot shows that the BH-FDR is more
liberal than the other adjustment methods.
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(a) Ē2
01 vs. -log10(raw p-values) (b) Fold change vs. Ē2

01

(c) Raw and adjusted p-values

Figure 9.7: The plots obtained from the Ē2
01 analysis; (a) The Ē2

01 values vs. -log10(raw

p-values) plot, (b) The fold change vs. the Ē2
01 values plot, and (c) raw and adjusted p-values

plot
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9.7 The Resampling-based Multiple Testing

Analysis

In this section, we present how to perform the monotonic trend test using the five test
statistics based on resampling-based multiple testing procedure. Since in this analysis
(also in the SAM analysis discussed later) the permutations are generated randomly,
one can use the submenu Set Random Seed from the Analysis menu to obtain the
same random seed number. The default random seed number is 1234.

To start the analysis one can perform: Analysis > Permutation Analysis. The
main dialog box of resampling-based monotonic trend test will appear (see Figure 9.8).
The dialog box has three parts: calculating raw p-values from permutations, adjusting
the raw p-values, and plots.

Figure 9.8: The main dialog box for resampling-based monotonic trend test.
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9.7.1 Calculate the Raw p-values Based on Permutations

In the first frame of the window, the IsoGeneGUI provides two options to get the
raw p-values: From new permutations or from the raw p-values file (stored in an R
workspace).

For the first option, one needs to specify number of permutations. After the
permutations are finished, the results can be saved into an R workspace, it then can
be used later for another analysis without performing the permutations again (for the
second option).

9.7.2 Adjust the Raw p-values

Figure 9.9: The window contains a table of number of significant genes for each statistic

and p-values adjustment method.

After obtaining the raw p-values, we can adjust the p-values by using several
provided adjustment methods. One needs to specify the statistic(s), the intended
p-values adjustment method(s), and the overall significance level. The window in
Figure 9.9 provides a table of numbers of significant genes for each statistic and p-
values adjustment method. For the antipsychotic study, by using 100 permutations
and the BH-FDR for multiplicity adjustment, 421 and 452 genes were found to be
significant using the Ē2

01 and the M ′ test statistics, respectively.

9.7.3 Graphical Displays

The last frame of the permutation window is the plots section. Three default plots
can be drawn for each statistic:

1. Plot of raw p-values vs. the specified statistic.

2. Plot of the specified statistic vs. fold change.

3. P-values plot of the specified statistic.
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9.8 The Significance Analysis of Microarrays

(SAM)

The IsoGeneGUI also provides testing for the dose-response relationship under order
restricted alternatives using the Significance Analysis of Microarrays procedure (SAM,
Tusher et al., 2001). To perform this analysis there are two main steps: calculating the
SAM regularized test statistic using permutations, and performing the SAM analysis.

9.8.1 Calculating the SAM Regularized Test Statistic Using

Permutations.

To do this step, one can choose Analysis > Significance Analysis of Microarrays

> SAM permutation. Then the dialog box presented in Figure 9.10 will be shown.
Here, there are two options to get the test statistics: from new permutations or obtain
from the previous result. In the first frame of the dialog box, we can specify whether
we want to use all genes or only a subset of genes for the analysis.

Figure 9.10: The SAM permutation dialog box.

Then in the second frame, several options of the use of fudge factor are provided.
One can specify no Fudge Factor, Automatic Fudge factor (fudge factor will be
calculated using the methods described in the SAM manual, Chu et al., 2001), or the
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fudge factor based on a user defined percentile. In the same frame, the user
can also draw a plot of standard error of the test statistic and also the Coefficient
Variance (CV) plot.

9.8.2 The SAM Analysis

After the SAM regularized test statistics are computed or loaded from a file, one
can now perform the SAM analysis. To perform the analysis, the user can choose
Analysis > Significance Analysis of Microarrays > SAM Analysis, then the
dialog box to specify the test statistic will appear.

For illustration, the default test statistic which is the M ′ test statistic is chosen.
After the statistics is specified, the main dialog box of SAM analysis will be shown
(see Figure 9.11).

Figure 9.11: The SAM analysis dialog box.

This main dialog box of the SAM analysis has three main frames (parts): The
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frame of the plot of observed and expected statistics, the control frame (slider,
FDR/Delta input, and other buttons), and the last frame for saving the resulting
graph. In the plot of observed and expected statistics, the blue dashed line is pre-
senting the delta value, the black circles and the red circles are presenting the non
significant and significant genes, respectively. In this plot, the delta value, estimated
FDR, and number of significant genes called are shown as well.

One can easily specify the delta value by using the Delta slider in the control
frame or input the value of delta and FDR manually as well. The list of delta value
can be obtained by clicking the Display delta table button.

9.9 The Plots Menu

The third menu in the IsoGeneGUI is the Plots menu which provides graphical dis-
plays to support the analysis.

9.9.1 Permutation p-values Plot

This option provides plots of the null distribution of a test statistic and the observed
test statistic under increasing and decreasing ordered alternatives. The user can
choose Plots > Permutation p-values Plot. In this dialog box, we need to indicate
the gene(s) by using either the gene name(s), or the row number(s). Moreover, the
number of permutations and the statistic also need to be specified.

The resulting plots for the distribution of the Ē2
01 test statistic for gene 256 at,

with 10000 permutations are displayed in Figure 9.12. The dashed line is the observed
test statistic value, and the values of the test statistics obtained from permutations
are spread over the x-axis. In the upper panel of Figure 9.12, the dashed line (at
the right) is much larger than most of the test statistics from permutations, which
results in a small p-valueup. In the lower panel, the dashed line (close to zero) is
smaller than most of the test statistics from permutations, which results in a large
p-valuedown. For this gene, the p-valueup is smaller as compared to the p-valuedown

since Tup > T down, which implies a possible increasing trend in the data.

9.9.2 The SAM Plots

Three plots can be drawn in this option:

1. Plot of FDR vs. Delta (see Figure 9.13a).

2. The Plot of number of significant genes vs. Delta (see Figure 9.13b).
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Figure 9.12: Permutation p-values plot.

3. The Plot of number of False Positive vs. Delta (see Figure 9.14).

Figure 9.13a shows the FDR (either 50% or 90%) vs. ∆, from which, user can
choose the ∆ value with the corresponding desired FDR. Panel b shows the number of
significant genes vs. ∆. We see that the higher the delta value, the more genes called
significant. Finally in Figure 9.14 the number of false positives (either 50% or 90%)
vs. ∆ is presented. The higher the delta value the smaller number of false positive.
Note that these plots can be produced if the SAM statistics are already performed.

9.9.3 User Defined Scatter Plot

The IsoGeneGUI also provides this feature for users to specify what s/he wants to
plot. It should be noted that it can be only used if at least one of the analysis has
already performed (Exact Ē2

01, Permutations, or the SAM).

After choosing Plots > User Defined Scatter Plot, the dialog box as presented
in Figure 9.15 will pop up. In this dialog box, one needs to specify the input for x and
y axis from the list of available objects provided at the right side of the dialog box.
For each axis, the check box for -log 10 transform is also provided for transforming
the object values. Note that the list of the available objects depends on the analysis



148
Chapter 9. The IsoGeneGUI: A User Friendly Interface for Analyzing

Dose-response Studies in Microarray Experiments

(a) The Plot of FDR vs. Delta (b) The Plot of number of signifi-

cant genes vs. Delta.

Figure 9.13: The plots which are produced in SAM Plots sub menu.

Figure 9.14: Plot of number of False Positive vs. Delta.

that have been performed before.

Examples a scatter plot of fold change (x-axis) versus the asymptotic Ē2
01 p-values

(y-axis) is displayed in Figure 9.16a, and examples of Fold change (x-axis) versus -
log10 of asymptotic Ē2

01 p-values (y-axis, and the -log10 option is checked) is presented
in Figure 9.16b.
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Figure 9.15: Dialog box for the user defined scatter plot: Fold change (x-axis) versus the

asymptotic Ē2
01 p-values (y-axis).

9.10 The IsoGeneGUI Help System

In the last menu of IsoGeneGUI, help system for IsoGene and IsoGeneGUI are pro-
vided. The package provides html help system when user choose the following options:
Help > IsoGeneGUI Help. The html help system provides a step-by-step proce-
dure for the analysis furnished with illustrative screen shots. A package vignette is
available as well inside the package.

A complete users’ manual for the package is available. Users can access the
IsoGeneGUI documentation online or by installing the IsoGeneGUI package locally.
Then the following code can be typed at R prompt:

> if (interactive()) {

+ browseURL("http://www.ibiostat.be/software/IsoGeneGUI/index.html")

+ }

or alternatively:

> if (interactive()) {

+ library(IsoGeneGUI)

+ IsoGeneGUIHelp()

+ }

Users can download the example data set and a complete Users’ Manual
from the IsoGeneGUI website (http://www.ibiostat.be/software/IsoGeneGUI/
IsoGeneGUI.html).
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(a) The fold change vs. asymptotic Ē2
01 p-values

plot

(b) The fold change vs. -log10(asymptotic Ē2
01

p-values plot)

Figure 9.16: (a) The plot of fold change (x-axis) versus asymptotic Ē2
01 p-values (y-axis),

(b) The plot of fold change (x-axis) versus -log10 (asymptotic Ē2
01 p-values (y-axis)).

9.11 Discussion

In this chapter we have demonstrated the capabilities of the IsoGeneGUI package
for conducting a dose-response analysis of microarray studies. The package provided
inference of the test statistics based on exact distribution of test statistics specifically
for Ē2

01 and resampling-based methods for all tests. To adjust for multiplicity, several
methods are provided in the package such as the Benjamini-Hochberg False Discovery
Rate (BH-FDR). The implementation of the Significance Analysis of dose-response
Microarray data (SAM) is also provided in the package. Graphical displays, tables,
and summary of the analysis can be obtained and stored easily.

Now the question that might rise is which test should be performed. There is
no specific answer regarding this issue. Analysis using the exact Ē2

01 might be fast,
however this relies on the normality assumption. An alternative is the permutation-
based inference. However, the calculation of the raw p-values based on permutations is
computationally intensive. For example, when we used 100 permutations for analyzing
10,000 genes, it takes around 30 minutes. When we use 1000 permutations, the elapsed
time increases around 10 times. Usually to approximate the null distribution of the
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test statistics, a large number of permutations is needed, which leads to the increase
of computation time. Therefore we also provide the p-values obtained from joint
distribution of permutation test statistics for all gene. This approach is sufficient to
obtain small p-values using a small number of permutations.

Alternatively, one can also use the SAM procedure which does not require a large
number of permutations and takes less computation time. However caution should be
drawn to the comparison of the SAM procedure with and without a fudge factor. For
the analysis using the SAM procedure, it should be noted that the fudge factor in the
Ē2

01 is obtained based on the approach for F-type test statistic discussed by Chu et al.
(2001) and should be used with caution. The performance of such an adjustment as
compared to the t-type test statistics has not yet been investigated in terms of power
and control of the FDR. Therefore, it is advisable to use a fudge factor in the t-type
test statistics, such as the M and modified M (M ′) test statistics (Pramana et al.,
2010).





Chapter 10
RcmdrPlugin.BiclustGUI: A User

Friendly Interface for Biclustering

Analysis

10.1 Introduction

In microarray studies, besides identifying differentially expressed genes, it is also of
interest to explore the structure a dataset. One way to address this aim is clustering
which has become one of fundamental approaches to analyze gene expression data.
The aim of clustering is to find clusters consisting a number of genes whose homo-
geneous expression patterns within the same cluster and heterogeneous outside the
clusters. The procedure to cluster the genes and condition simultaneously is called
Biclustering.

Many biclustering algorithms are developed along with their implementation in
statistical software such as R. There are many biclustering R packages available today,
for example biclust (Kaiser and Leisch, 2008), fabia (Hochreiter et al., 2010) and
isa2 package (Csrdi et al., 2010). However, none of existing biclustering packages
provide GUI for their users. Therefore, an R package RcmdrPlugin.BiclustGUI is
developed to provide a user friendly software to perform biclustering analysis. This
chapter will discuss the RcmdrPlugin.BiclustGUI package.

The outline of this chapter is as follows. The biclustering concepts will be reviewed
in Section 10.2 followed by an overview of the R Commander package to which the
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BiclustGUI is embedded in Section 10.3. Afterwards, Sections 10.4-10.13 provide
illustrations of the capabilities of the RcmdrPlugin.BiclustGUI along with reviews
of several biclustering algorithm implemented in the package.

10.2 The Biclustering Concept

A biclustering method is an unsupervised learning method which looks for sub-
matrices in a data matrix with a high similarity of elements. The submatrix is called
a bicluster. Let Y be a matrix, which consists of M rows and N columns.

Y =




Y11 Y12 . . . Y1N

Y21 Y22 . . . Y2N

...
... . . .

...
YM1 YM2 . . . YMN




(10.1)

The goal of biclustering is to find subgroups of rows and columns which are as
similar as possible to each other and as different as possible to the rest (Kaiser and
Leisch, 2008). The biclustering analysis became increasingly popular originally in the
analysis of genetic data, where rows correspond to genes and columns to conditions,
and Ymn is the expression level of the mth gene under the nth condition. The aim is
to find sub-matrices, for which a subset of genes are co-expressed across a subset of
conditions.

However, the application of biclustering, is not limited in the gene expression data
only. In marketing biclusters can be used to group consumers into market segments
which have several preferences in common (Goveart and Nadif, 2003). In another
application, Mechelen et al. (2005) discussed the application of biclustering in behav-
ior science where the patient can be grouped based on their avoidance behavior class
and some psychological assessments. Another interesting application of biclustering
approaches is in text mining. Here biclustering of text data allows not only to cluster
documents and words simultaneously, but also discovers important relations between
document and word classes (Busygina et al., 2008).

Let Ybc be such a sub-matrix. There are four bicluster types: (1) bicluster with
constant value, (2) constant values by rows, (3) constant values by columns, and (4)
coherent values/evolution of expression levels across the conditions.

Currently, there are many biclustering algorithms available. Several authors such
as Madeira and Oliveira (2004), Tanay et al. (2004), Prelić et al. (2006), and Busygina
et al. (2008) have provided extensive reviews, discussion, and comparisons of existing
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biclustering algorithms. In terms of different types of the underlying structure of
the set can be considered, Madeira and Oliveira (2004) listed eight major types of
structures that have been identified:

1. Exclusive row and column biclusters (rectangular diagonal blocks after row and
column reorder)

2. Non-overlapping biclusters with checkerboard structure.

3. Exclusive-rows biclusters.

4. Exclusive-columns biclusters.

5. Non-overlapping biclusters with tree structure.

6. Non-overlapping non-exclusive biclusters.

7. Overlapping biclusters with hierarchical structure.

8. Arbitrarily positioned overlapping biclusters.

10.3 The R Commander Package (Rcmdr)

Chapter 8 discussed the limitation of R CLI, and listed several projects to provide
GUIs for R. Chapter 9 presented the new R GUI package aiming for dose-response mi-
croarray analysis. Another R GUI package which is not only providing GUIs but also
rendering users to R commands is the R Commander (Rcmdr, Fox, 2005) developed by
John Fox from McMaster University, Canada. The R Commander is now increasingly
popular because of the following advantages listed by Fox (2005):

• Ease of use. Beginners will have less problem to start to use the R Commander

package.

• Coverage. The R Commander offers a wide range of basic statistics analysis and
data management.

• Cross-platform functionality. The R Commander package is primarily under Win-
dows, however, it is available also under other operating system such as Linux
and Macintosh OS/X.

• Extensibility. To enhance the usefulness of the R Commander, one can develop
“plug-in” packages which are standard R packages that are developed, main-
tained, distributed, and installed independently of the R Commander package.
Fox (2007) showed how to develop an R Commander “plug-in” package.
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• Protecting the beginner from errors. Available dialog boxes with limited options
related to the current context will minimize the errors made by users.

• To expose users to R commands. This is the main advantage of R Commander

package over available RGUI packages. Users not only can analyze and manage
the data with R easily, but also can learn how to do it in the R commands.

10.3.1 Installation

The R Commander is available for download from CRAN at http://cran.r-project.
org/web/packages/Rcmdr/index.html. The standard R Commander requires the fol-
lowing packages which are available for download from CRAN: abind, aplpack, car,
colorspace, effects, Hmisc, leaps, lmtest, multcomp, relimp, rgl, and RODBC. If
they are not installed, the R Commander will offer to install these packages from the
internet or from local files. The installation instructions and manual are available at
http://socserv.socsci.mcmaster.ca/jfox/Misc/Rcmdr/.

10.3.2 The R Commander Main Window

After the package is installed, to load the R Commander package, one can type the
following command:

> library(Rcmdr)

Then the main window as displayed in Figure 10.1 will appear. There are several
menus available at the top of the main window. Note that additional menus will be
added when plug-in packages are loaded. The description of available menu and the
complete menu “tree” of the standard R Commander package were discussed by Fox
(2005). Just below the menus, there is a toolbar which is used to show and change
the active data set and the active statistical model.

There are three sub windows: the Script window, Output window, and the Mes-
sages window. The R commands generated by the R Commander will appear in the
Script window. Note that in the Script window, users are able to edit, enter, and re-
execute commands by clicking the submit button. Printed output appears by default
in the Output window. The Messages window displays error messages, warnings, and
some other information. Graphs produced by the R Commander appear in a separate
Graphics Device window.
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Figure 10.1: The R Commander window.

10.3.3 Data Input

There are several ways to input the data set into the Rcmdr package:

• Enter data directly by choosing this option Data > New data set.....

• Load a data set from an R workspace : Data > Load data set....

• Import data from a plain-text (ASCII) file or from another statistical package,
such as Minitab, SPSS, or Stata.

• Read a dataset that is included in an R package.

Users can load more than one dataset in the memory, however to perform the
analysis, users need to specify a single active dataset.
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10.4 The RcmdrPlugin.BiclustGUI Package

RcmdrPlugin.BiclustGUI, shortened as BiclustGUI, is an extension for the R

Commander package (Rcmdr Plug-in) for biclustering analysis. The BiclustGUI was
developed using the R-Tcl/Tk interface implemented in the tcltk package (Dalgaard,
2001). The BiclustGUI package is the interface of several R packages for bicluster-
ing analysis: biclust (Kaiser and Leisch, 2008), fabia (Hochreiter et al., 2010),
and isa2 (Csrdi et al., 2010). In this current version, the BiclustGUI package has
implemented the following biclustering algorithms: the Plaid, Bimax, δ biclustering
(Cheng and Church), Spectral, Xmotif and Quest from the biclust package, the
Factor Analysis for Bicluster Acquisition (FABIA) algorithm from the fabia package
and the Iterative Signature Algorithm (ISA) from the isa2 package.

10.4.1 Installation

Users need to install the R Commander package first before installing the BiclustGUI

package. To obtain the BiclustGUI package, users can download the win-
dows binary (.zip) from R-forge site (https://r-forge.r-project.org/projects/
biclustgui/) or just simply implement the following code:

> install.packages("RcmdrPlugin.BiclustGUI",

+ repos="http://R-Forge.R-project.org")

Note that the biclustGUI needs the following packages to be installed: biclust,
fabia, isa2. The source code of the package and the users’ manual can be found in
the BiclustGUI website: http://www.ibiostat.be/software/BiclustGUI/index.
html.

10.4.2 Loading the Package

First, the R Commander window must be loaded. After the BiclustGUI is installed,
we need to load it into the R commander by choosing Tools > Load Rcmdr plug-

in(s)...

Alternatively, users can type the following R command to load the BiclustGUI

package:

> library(RcmdrPlugin.BiclustGUI)

After the BiclustGUI is loaded, the R Commander will be restarted and then the
BiclustGUI menu will be added into the R commander menu as shown in Figure 10.2.
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Figure 10.2: BiclustGUI menu.

Next chapters will review the biclustering algorithms, and illustrate the bicluster-
ing analysis using the Screening Oncology Study data discussed in Section 1.3.3.

10.5 Plaid Biclustering

Turner et al. (2005) proposed the plaid algorithm as an improvement of the plaid
model discussed by Lazzeroni and Owen (2000). The plaid model defines the data
structure (e.g,. expression level) as a sum of layers. These layers are then constructed
as biclusters. Let Ymn be the expression level of gene m in condition n, m = 1, . . . , M ,
n = 1, . . . , N . The gene expression level is expressed as the following linear model

Ymn = θmn0 +
P∑

p=1

θmnpγmpηnp + εmn (10.2)

where, εmn is a random error with mean zero and γmp and ηnp are indicator variables,
which represent the membership of the gene/condition in bicluster p in the following
way:

γmp =

{
1 m ∈ p

0 otherwise
, and ηnp =

{
1 n ∈ p

0 otherwise.
(10.3)

For a given bicluster, the mean gene expression θmnp can take one of four possible
forms

θmnp =





µp,

µp + αmp,

µp + βnp,

µp + αmp + βnp

(10.4)

When θmnp = µp it implies a constant bicluster, whereas θmnp = µp+αmp and θmnp =
µp + βnp imply biclusters with constant rows and constant columns, respectively.
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Finally, θmnp = µp + αmp + βnp implies a bicluster with coherent values across the
genes and condition in the bicluster. Plaid algorithm estimates the parameter using
binary least squares (Turner et al., 2005) iteratively (the number of iteration need to
be specified). The sum of squares of the layers (LSS) are calculated using the resulting
parameter and then compared with the result of LSS with random permutation. These
procedures are repeated until no layer is found (Kaiser and Leisch, 2008).

Figure 10.3: Plaid Biclustering Dialog Box.

The dialog box for the Plaid biclustering is presented in Figure 10.3. Here, we
need to specify the following options:

• To cluster: Option whether we want to cluster only rows, only columns or both:
rows and columns.

• Model: Specifies the plaid model in (10.4) that we want to use.

• Background: Specifies if the background layer (constant for all rows and
columns) is present in the data matrix.

• Shuffle: Before a layer is added, its statistical significance is compared against
a number of layers obtained by random defined by this parameter.

• Back Fit: Specifies additional iterations that will be done to refine the fitting
of the layer.

• Iteration startup: Defines number of iterations to find starting values.

• Iteration layer: Defines number of iterations to find each layer.
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• Max layers: Defines the maximum number of layer to include in the model.

In the bottom of the dialog box, there are four buttons, Show Result, Plots, Exit,
and Help buttons. After we specify all the parameters as seen in Figure 10.3, we
click the Show Result. The R commands and the results will appear in the script
and output windows of the R Commander, see Figure 10.4. The R code/commands
presented in the script window are editable. Hence, users can customize the code
and obtain the result by clicking the submit button in the R Commander. For the
case study, the Plaid algorithm found 11 biclusters. Number of rows and number of
columns of each bicluster are presented in the Output Window (Figure 10.4). The
plot button will load a dialog box where several plots are available which will be
discussed in the last section of this chapter.

10.6 Bimax Biclustering

The second biclustering algorithm available is the Bimax biclustering (binary
inclusion-maximal biclustering algorithm) based on the framework developed by Prelić
et al. (2006). They advocated its use as a preprocessing step to identify potentially
relevant biclusters that can be used as input for other methods. The main benefit
of Bimax, according to Prelić et al. (2006), is the relatively small computation time,
while still providing biologically relevant biclusters using a simple data model. The
Bimax algorithm iterates the following steps:

• Rearrange the rows and columns to concentrate ones in the upper right of the
matrix.

• Divide the matrix into two submatrices.

Note that Kaiser and Leisch (2008) suggested that in order to get satisfying results
the method has to be restarted several times with different starting points. The dialog
box for Bimax biclustering is presented in Figure 10.5. Here, the following options
need to be specified:

• Minimum row size of resulting bicluster.

• Minimum column size of resulting bicluster.

• Maximum number of bicluster to be found.

• Whether we want to find biclusters with maximal size.
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Figure 10.4: Result from the Plaid biclustering.

For illustration, we specify minimum and maximum row size both equal to 10.
The maximum number of bicluster is 100. The R code and output are displayed in
the R Commander script and output window (see Figure 10.6). The Bimax algorithm
found 100 biclusters and the number of rows and columns of the first five bicluster
are displayed in the output window as shown in Figure 10.6.

10.7 δ (CC) Biclustering

The next biclustering algorithm is the δ biclustering based on the framework by Cheng
and Church (2000). The δ algorithm, which is also known as CC algorithm, considers
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Figure 10.5: Bimax biclustering algorithm dialog box.

Figure 10.6: R Commander window after the Bimax analysis .

a bicluster as a subset of rows and conditions that show coherent values. Let Ymn be
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the expression level of gene m in condition n, m = 1, · · · ,M, n = 1, · · · , N . The gene
expression level is expressed as a model

Ymn = YMn + YmN − YMN + rmn. (10.5)

Cheng and Church (2000) then defined a mean squared residual score as follows

HMN =
1

|M ||N |
∑

m∈M,n∈N

r2
mn, (10.6)

where rmn = amn − amN − aMn + aMN ,m ∈ M,n ∈ N .
A bicluster is a subset of the expression matrix with small mean squared residual

score. Hence subgroup is called as a bicluster if the score is less than a pre-defined
threshold δ.

The dialog box of CC biclustering is shown in Figure 10.7. In this dialog box, we
need to specify:

• delta: Maximum of accepted score (this will be compared with the mean squared
residual score defined in (10.6).

• alpha: Scaling factor. It is a parameter for multiple node deletion which is
specific for the δ biclustering algorithm.

• Maximal numbers: Maximum number of biclusters to be found

Figure 10.7: CC biclustering algorithm dialog box.

The code and output are presented in Figure 10.8. For the screening oncology
study we discovered 10 biclusters.

10.8 XMotifs Biclustering

The XMotifs Biclustering algorithm was proposed by Murali and Kasif (2003). This
algorithm searches for rows with constant values over a set of columns, and aims to
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Figure 10.8: CC biclustering algorithm output.

find conserved gene expression motifs (xMOTIFs) which defined as a subset of genes
(rows) that is simultaneously conserved across a subset of the conditions (columns).
Murali and Kasif (2003) assumed that data may contain several xMOTIFs (biclusters)
and then find the largest xMOTIF which is the bicluster that contains the maximum
number of conserved rows. A way to define if a gene is conserved or not is to discretize
the data. After the data set is discretized, the algorithm works by choosing a random
number of columns n times and performs the following steps (Kaiser and Leisch,
2008):

• Choose a subset from these columns and collect all rows with equal state in this
subset.

• Collect all columns where these rows have the same state.

• Return the bicluster if it has the most rows from all found and is also larger
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than the specified scaling factor.

The dialog box for the XMotifs biclustering is presented in Figure 10.9. Note that
the algorithm requires the data to be discretized. It will be performed automatically
by the BiclustGUI package. In this dialog box, the following options need to be
specified:

• Number of rows choosen.

• Number of repetitions.

• Sample size in repetitions.

• Scaling factor for column result.

• Number of biclusters to be found.

Figure 10.9: Xmotifs biclustering algorithm dialog box.

The code and output are presented in Figure 10.12. By using the XMotifs biclus-
tering there are 50 biclusters found for the case study.

10.9 Spectral Biclustering

The BiclustGUI package provides also the spectral Biclustering as described in Kluger
et al. (2003). Spectral biclustering assumes that the matrices of gene expression
data contain a checkerboard structure after normalization. The method clusters the
rows (genes) and columns (conditions) simultaneously by identifying the checkerboard
structure using eigenvector computations. The spectral biclustering produces non
overlap biclusters with coherent values.

The spectral biclustering assumes a multiplicative model where the expression
level of a specific gene m under a experimental condition n can be expressed as a
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Figure 10.10: R Commander window after the Xmotifs biclustering analysis.

product of three independent factors: the hidden base expression level (Emn), the
tendency of gene m to be expressed in all conditions (ρm) and the tendency of all
genes to be expressed in condition n (χn). A normalized data set should contain a
checkerboard structure. Within each block, the values of E are constant and all row
and column tendencies are equal.

Kaiser and Leisch (2008) specified the following steps for the spectral biclustering:

• Re-order the data matrix and choose a normalization method (independent
scaling, bistochastization or log-interactions).

• Obtaining eigenvalues and eigenvectors using singular value decomposition.

• Depending on the chosen normalization methods, construct biclusters beginning
from the largest or second largest eigenvalue.
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In this algorithm, the data need to be normalized first. Then a checkerboard
structure can be discovered by the use of Single Value Decomposition (SVD) decom-
position in eigenvectors, applied to genes (rows) and conditions (columns). The dialog
box presented in Figure 10.11 shows that the following options need to be specified:

• Normalization:

– log: Logarithmic normalization.

– irrc : Independent Rescaling of Rows and Columns.

– bistochastization.

• The number of eigenValues considered to find biclusters.

• Minimum number of rows that biclusters must have.

• Minimum number of columns that biclusters must have.

• Maximum within variation allowed.

Figure 10.11: Spectral biclustering algorithm dialog box.

The code and output are presented in Figure 10.12. For the case study, 15 biclus-
ters were found by using the spectral biclustering algorithm.

10.10 Quest Biclustering

The BiclustGUI package performs the Questmotif Biclustering algorithm based on
the framework by Murali and Kasif (2003). The algorithm search for biclusters of
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Figure 10.12: R Commander window after the spectral biclustering analysis .

questioners which have similar answer to the questions. The dialog box presented in
Figure 10.13 shows that the following options need to be specified:

• Number of rows chosen.

• Number of repetitions.

• Sample size in repetitions.

• Scaling factor for column result.

• Number of biclusters to be found.

• Interval for ordinal data.

• Which quantile to use on metric data.

• Which variance to use for metric data
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Figure 10.13: Quest biclustering algorithm dialog box.

10.11 FABIA Biclustering

The next biclustering algorithm available in this version of the BiclustGUI package
is the Factor Analysis for Bicluster Acquisition with Laplace Prior (FABIA) proposed
by Hochreiter et al. (2010). This algorithm is based on factor analysis where the
homogeneity is based on the latent relationship between the variables in the data
In contrast to other approaches, FABIA is a multiplicative model that assumes non-
Gaussian signal distributions with heavy tails. Biclusters are found by sparse factor
analysis where both the factors and the loadings are sparse. The assumption of
sparseness comes from the gene expression data, where normally only a small fraction
of genes is active under a small subset of conditions (Khamiakova, 2009).

Let Y be the matrix of observations, a factor model with P factors can be described
as follows

Y =
P∑

p=1

λpZp + ε = ΛpZ + ε, (10.7)

where Zp represents pth factor, λp is the vector of the factor loadings for Zp and
ε ∼ N(0,Ψ) additive random noise. The factor model used for biclustering assumes
sparseness of factors and factor loadings. This assumption can be reflected by the
choice of the corresponding prior on loadings and factors, i.e. following a Laplace
distribution. Additive noise is assumed to follow a normal distribution. The method
works on the normalized data, so that the mean is equal to 0 and variance 1. Then,
FABIA estimates parameters through maximizing the posterior of λ and Ψ. It also
estimates factors through posterior on Z. Using the estimates for Λ and Z, denoized
data is obtained and biclusters are derived from the product ΛpZp (Hochreiter et al.,
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2010). The R package fabia implemented this algorithm.

Figure 10.14: FABIA biclustering algorithm dialog box.

The dialog box of FABIA biclustering in the BiclustGUI package is presented in
Figure 10.14. The following options need to be specified:

• Number of biclusters.

• Number of iterations.

• Sparseness loadings.

• Number of iterations

• Sparseness prior loadings.

• Sparseness factors.

• Random initialization of loadings. If the values is ¡=0, the SVD will be per-
formed.

• Data normalization (none, 0.75-0.25 quantile, var=1).

• Data centering (none, mean, median, mode).

The result of the FABIA biclustering of the case study is presented in Figure 10.15.
In contrast with other algorithms from the biclust package, the number of rows and
column are not presented, instead the information contents of each cluster is provided.
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Figure 10.15: R Commander window after the FABIA Biclustering analysis.

10.12 ISA Biclustering

The last biclustering algorithm available in the BiclustGUI package is the Iterative
Signature Algorithm (ISA) (Ihmels et al., 2002 and 2004, and Bergmann et al., 2003)
which is implemented in the isa2 package (Csrdi et al., 2010). The ISA is a bi-
clustering algorithm was designed to decompose a large set of data into so-called
“modules”. These modules consist of subsets of genes that exhibit a coherent ex-
pression profile only over a subset of microarray experiments. Rows (genes) and
columns (conditions) may belong to multiple modules which mean the biclusters can
be overlapping. The ISA is developed to find biclusters (or modules) that have cor-
related rows and columns, and identifies modules by an iterative procedure. It starts
from an input seed (corresponding to some set of genes or samples), which is refined
at each iteration by adding and/or removing genes and/or samples until the pro-
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cess converges to a stable set, which is referred to as a transcription module (Csrdi
et al., 2010). More details about the ISA and the implementations are available from
http://www2.unil.ch/cbg/index.php?title=Software.

The dialog box for the ISA in the BiclustGUI package is presented in Figure 10.16.
The options required in this biclustering are:

• The row and column threshold parameters for which the ISA will be run. All
possible combinations of these threshold will be used. The default values are
seq(1,3,by=0.5).

• Seed number.

• Direction: specifies whether we are interested in rows/columns that are higher
(“up”) than average, lower than average (“down”), or both (“updown”).

Figure 10.16: ISA biclustering dialog box.

To visualize the results of the ISA modules, the BiclustGUI package converts the
ISA modules into a biclust object. The plots are obtained from biclust package
and they will be discussed in the next section.

10.13 Graphical Displays

In the previous section, the biclustering analysis have been performed. The
BiclustGUI provide a plot dialog box to display the results. There is a plot but-
ton in each algorithm dialog box. For the Plaid, Bimax, δ (CC), Spectral, Xmotif,
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Quest, and ISA algorithm, clicking the plot button will provide a plot dialog box as
displayed in Figure 10.17. In the Plots dialog box, several plots from the biclust

package are available:

• Parallel Coordinate Plot.

• Heatmap Plot.

• Biclustmember Plot.

Figure 10.17: Plotting dialog box.

For each plot, users need to specify the cluster number. For illustration, we use
the second bicluster obtained before. Note that the resulting graphs will appear in a
separate Graphics Device window.

10.13.1 Parallel Coordinate Plot

The first plot we can produce is the Parallel Coordinate Plot shown in Figure 10.18.
Here several options are available:

• Plot Columns: If this option is checked, the columns profiles will be drawn.
Each line represents one of the columns in the specified bicluster.

• Plot Rows: To draw the row profiles. Each line represents one of the row in the
specified bicluster. If both plot column and row options are selected, parallel



10.13. Graphical Displays 175

coordinate plots of rows (genes) and columns (conditions) will be drawn one
below the other as presented in Figure 10.18a.

• Compare: Values of the complete data matrix will be considered and drawn as
shaded lines (see Figure 10.18a).

• Type 2: The Parallel Coordinates of rows (genes) will be drawn. The red lines
are the specified bicluster and the black lines are the same genes but the columns
are outside the specified bicluster (see Figure 10.18b).

(a) Default plot. (b) Type 2 plot.

Figure 10.18: Parallel coordinate plots.

10.13.2 Heatmap

The second plot available in this package is the heatmap plot. In this plot, the rows
and columns reordered so the rows and columns of the input bicluster will be at top-
left of the matrix. The heatmap also can be plotted only for the given bicluster as
displayed in Figure 10.19a.

10.13.3 Biclustmember Plot

The last plot available is the Biclustmember Plot. Here a membership graph of the
specified bicluster is drawn as shown in Figure 10.19b. The cluster member plot can
be used to compare the bicluster to each other or to a normal cluster result. Each
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(a) Heatmap plot of the second bicluster. (b) Cluster member plot of the second biclus-

ter.

Figure 10.19: The heatmap and cluster member plot.

bicluster is represented as a bar of stacked rectangles and each rectangle represents
a column in the data set (Kaiser, 2011). If a bicluster contains a variable, the corre-
sponding rectangle is coloured, which represents the mean value of this variable for
all the objects within the bicluster. Depending on the variable mid, the rectangle
contains the global mean value for this variable in the middle (mid option checked)
or on the right half (mid option is not checked).

10.13.4 FABIA Plots

After the FABIA algorithm is performed, we can obtain several plots available from
the fabia package. Figure 10.20 presents the dialog box of the FABIA plots.

The first plot can be obtained is a biplot of a Matrix Factorization result. In this
plot presented Figure 10.21, principal factors that are plotted along the horizontal
and vertical axis need to be specified.

In the second part of the FABIA dialog box, the following summary graphs can
be obtained:

• Information content of biclusters (Figure 10.22a).

• Information content of samples (Figure 10.22b).

• Loadings per bicluster (Figure 10.22c).
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Figure 10.20: FABIA Plot dialog box.

• Factors per bicluster (Figure 10.22d).

In the third part of the Fabia Plot dialog box shown in Figure 10.20, several graphs
can be extracted from the Fabia output:

• All (will plot all the following graphs)

• Noise free data (if available)

• Data

• Reconstructed data
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Figure 10.21: Biplot from FABIA biclustering.

• Error

• Absolute factors

• Absolute loadings

• Reconstructed matrix sorted

• Original matrix sorted

The threshold for samples belonging to bicluster and threshold for genes belonging
to bicluster need to be provided. For the threshold for genes belonging to biclusters
if it is not specified, the package will estimate it.

In the last part of Fabia Plots dialog box, some bicluster plots similar to heatmap
plot can be obtained. From the following options, one bicluster can be visualized by
two plots:

• Data matrix: The data matrix is sorted such that the bicluster appear at the
upper left corner. The bicluster is marked by a rectangle.

• Bicluster only: Only the given bicluster is plotted.

If both options are checked, the two plots will appear sequentially. If the “oppo-
site” option is checked, the opposite bicluster will be plotted. Note that here we need
to specify the cluster we want to draw and also the threshold for sample belonging to
bicluster and threshold for loading belonging to bicluster.
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(a) Information content of biclusters. (b) Information content of samples.

(c) Loadings per bicluster. (d) Factors per bicluster.

Figure 10.22: Summary plots for Fabia biclustering.

10.13.5 Summary

This chapter presented a new software to perform biclustering analysis which not only
provides user friendly interface but also exposes the users with the R commands to
perform the analysis. Several biclustering algorithms are implemented in the package.
However, note that the results of biclustering methods depend on the parameter
specified into the algorithm. For example, the CC bicluster depends on the threshold
δ. The spectral biclustering method critically depends on the normalization method
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used and the number and values of eigenvalues. Different model specifications and the
starting points in the Plaid algorithm can lead to different results. Both the Bimax
and Xmotif algorithms are highly dependent on the discretization. Furthermore, the
FABIA depends on initialization and number of iterations.

The BiclustGUI package combines available R packages in biclustering analysis in
a unified framework. It provides an easy-to-use tool for biclustering analysis without
loosing the flexibility of modeling by the R commands. In addition, providing several
biclustering algorithms available in BiclustGUI, the application of this package would
be dependent on the data at hand.



Chapter 11
Conclusion

11.1 Part I: Modeling Dose-response Microarray

Experiments

The first part of this dissertation covers the topic of parametric modeling in dose-
response microarray studies aimed to investigate in more detail the response of genes
to the dose. Chapter 2 was on the estimation of a target dose, the ED50, with
a three steps approach: (1) filtering out non monotone genes using the likelihood
ratio test, (2) parametric modeling to obtain the ED50, and (3) model averaging to
account for model uncertainty. This strategy is expected to overcome the weakness
of model selection approach, and to provide a realistic target dose. Note that in this
chapter the target dose, the ED50, is restricted to lie within the investigated dose
range. We used a bootstrap simulation to obtain accurate variance estimates of the
ED50 of each candidate model. In order to get the accurate the variance of the model-
averaged ED50 without assumption such as perfect correlation among the estimates
from different models (Faes et al., 2006), a bootstrap simulation was performed.

The estimated model-averaged ED50 was then used to compare the response of
several genes for a single compound or several compounds. Such comparisons are of
primary interest when researchers wish to investigate the response of target gene(s)
to a certain compound or to compare the response of a gene list between compounds.

In addition, if the main interest is to investigate the activity of different compounds
on the expression level of a single gene and based on a specific dose-response model,
Chapter 2 discussed that the parameters of the model can be formulated as a linear
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function of the compounds. It can be used then to test for compound effect on a
specific parameter.

The ED50 discussed in Chapter 2 is usually used to measure the potency of a
drug. In a study where the major concern is the safety, it is of interest to identify the
lowest dose level producing a desirable effect over that of the control dose. This is
commonly referred as the minimum effective dose (MED, Ruberg, 1989) or Benchmark
Dose (BMR). Chapter 3 discussed methods for the estimation of the Minimum
Effective Dose (MED) for the genes with a significant monotonic trend. In order to
estimate the MED, a predefined clinical relevant difference ∆ is required. Several
metric for measuring the threshold ∆ exist and the choice depends on the purpose
for the MED analysis. In Chapter 3 the clinical relevant difference ∆ was defined
as the percentage change (τ) from the baseline (the isotonic mean at dose zero).

The comparison of genes within a compound or between compounds using the
defined MED should be done in caution. Since the baseline expression levels of the
genes are different, using the same percentage change (τ) value yields different clinical
relevant difference.

As mentioned before the definition of MED and the clinical relevant difference
are diverse and depend on the objective of the study. The methodology discussed in
Chapter 3 can be implemented to other MED definitions.

11.2 Part II: Multiple Contrast Tests (MCT) for

Detecting Monotonic Trends

In the second part of this dissertation, the implementation of resampling-based in-
ference for the multiple contrast test (MCT) of Williams and Marcus proposed by
Bretz (2006) was discussed. This procedure relaxes the assumption of the tests such
as normality. In addition, the MCT of the M and the modified M (M ′) test statis-
tics were proposed and implemented. As discussed in Chapter 4, resampling-based
MCT consists of two dimensions of multiplicity adjustment within and across genes.
For the adjustment within a gene, a FWER adjustment with the maxT procedure is
preferable over the Bonferroni procedure.

To reduce false positive findings due to small fold changes and small variance
genes which are commonly found in microarray studies, Chapter 5 focussed on
the implementation of the Significance Analysis of Microarray (SAM, Tusher et al.,
2001) for MCT. The data sets from two case studies were analyzed. The first study
illustrated the case where only a few small variance genes make small difference in
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the number of significant findings with and without a fudge factor. Whereas, is the
second study, where many small variance genes were present, the SAM-MCT with a
fudge factor reduces many false positive findings.

The performance (in terms of the FDR control and power) of the resampling-based
MCTs were investigated in Chapter 6. The permutation-based inference combined
with the maxT multiplicity adjustment yielded a comparable power as that of the
multivariate t distribution. In addition, we noticed that the Marcus’ MCT seems to
be more powerful to detect convex models, while the Williams’ MCT yields a larger
power for detecting concave models.

The simulation studies also reveal that the SAM-MCT outperforms the other
approaches (permutation-based and the multivariate t distribution) with respect to
the power to detect for a monotonic trend and the FDR control. The modification of
the MCT by the inclusion of a fudge factor seems not only reduces false positives due
to small variance genes, but also unexpectedly increase the power. This issue needs
to be investigated further.

The M MCT and the Modified M MCT perform better (with higher power) than
Williams’ and Marcus’s MCT. Therefore based on the simulation results, we argue
that either the M or Modified M SAM-MCT is preferable to test for a monotonic
trend.

The simulation studies performed in Chapter 6 use constant variances across
genes. For further research, we would investigate the performance of the SAM-MCT
to control the FDR for truly non-differentially expressed genes with small variances.

11.3 Part III: Hierarchical Bayesian Dose-response

Analysis

The third part of this dissertation an approach from Bayesian perspective is proposed
in analyzing dose-response microarray experiments. In Chapter 7 we proposed a
hierarchical Bayesian modeling approach for dose-response microarray experiments.
The hierarchical Bayesian model approach seeks evidence in the data under both
the null and order-restricted alternative hypotheses. This is made possible by fitting
all possible competing models under both the null and alternative hypotheses and
calculate the posterior probability of each model using the Bayesian variable selec-
tion method. In order to find genes with significant a monotonic trend, the posterior
probability under the null model was used. The Bayesian multiplicity adjustment was
implemented in order to control for the FDR. From the implementation of the ap-
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proach to the EGF treatment data, hierarchical Bayesian model give larger number of
significant genes as compared to the frequestist approach, although most of the genes
discovered were in common. A simulation study to investigate the performance of this
approach were carried out and showed that the Bayesian approach provided compara-
ble results as compared to the frequestist approach. Further, one can use the largest
posterior probability to define the dose-response curve of the genes. However, in the
cases where the posterior probabilities of the models are similar, the classification
based on the largest posterior probability might mislead.

The posterior probabilities of the models were used to calculated the posterior
level probabilities. The result from a simulation study where the datasets were gen-
erated under the null hypothesis showed that, as expected, the levels probabilities
calculated based on isotonic regression were different with the posterior levels prob-
abilities obtained from the Bayesian variable selection model especially for the null
model where the posterior level probabilities of the null were much larger.

11.4 Part IV: Software Development

The fourth part of this dissertation focussed on developing user friendly software
dedicated to the dose-response microarray studies and biclustering analysis. The
first software is the Bioconductor R package IsoGeneGUI. Chapter 9 illustrated the
capabilities of the package. This package provides an easy-to-use interface which
implements several test procedures to test for a monotonic trend in a microarray
discussed by Lin et al. (2007). For the users, a convenient html help system is provided
inside the package and in the software website as well.

This package would be really useful for the users who have limited R programming
knowledge to perform the test for a monotonic trend specifically in dose-response
microarray studies. However the use of this software is not only limited in that focus
but also in case studies where a monotonic trend is investigated .

The second software developed is the RcmdrPlugin.BiclustGUI package aimed to
perform biclustering analysis. Chapter 10 reviewed several biclustering algorithm
implemented in the RcmdrPlugin.BiclustGUI package followed by illustrative exam-
ples to perform the biclustering algorithms. The RcmdrPlugin.BiclustGUI package
not only serves as an easy-to-use software but also renders the users to the R com-
mands. For scientists who are not familiar with R, the package provides default
biclustering analysis which will be very easy to be used to perform the analysis.
Moreover, for statisticians or programmers who want to customize the analysis, they
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will also be able to modify the R commands flexibly.
The RcmdrPlugin.BiclustGUI package provides several biclustering algorithms

which have their own advantages and drawbacks. The result will be also depends
on the parameter specified. The methodologies used depend on the data at hand.
For further development, the RcmdrPlugin.BiclustGUI package will include more
biclustering algorithms and some diagnostics tools for the obtained biclusters.
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Appendix A
The ED50 Estimation for the Linear

and Linear Log-dose Models

In this appendix, the illustration of obtaining the ED50 within the dose range for the
linear and linear log-dose are given. Figure A.1 shows the fitted linear model for two
genes. Although the genes have different linear profiles, the ED50 within the dose
range from both genes are the same. It is due to the fact that although the minimum
and maximum responses are different, the dose when the minimum and maximum
response are always the same (dose 0 and 40, respectively).

ED50

Figure A.1: Example of two genes fitted with the linear model. Although the slopes are

different, the ED50 within the dose range based on linear model are the same.
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Figure A.2a shows the fitted linear log-dose model for two genes, where the x-axis
is log(dose). Since it is linear the ED50 within dose range will be also the same in
this case. However, the ED50 values are not obtained from the log scale. Instead, the
ED50 within the dose range is obtained using grid search from the original scale as
presented in the graph displayed in Figure A.2b. In this case the ED50 for all genes
will be the same as well.

(a) Logarithm scale

ED50

(b) Original scale

Figure A.2: Example of two genes fitted with the linear log-dose model.



Appendix B
The MED for Downward Trend

In this appendix, we discussed the Minimum Effective Dose for downward trend pre-
sented in Chapter 3.

For the downward trend the main MED definition in (3.1) can be formulated as

MED = argmini∈(0,K](f(i, θ) < f(i = 0,θ)−∆) (B.1)

which now the ∆ is the smallest clinically relevant difference, by which we expect a
dose to be worse than the placebo. This leads to the following MED downtrend

M̂ED = argmini∈(0,K](µ̂i < µ̂∗0 − τ × µ̂∗0, Ld < µ̂0). (B.2)

Figure B.1 displays the sorted MEDMA for τ = 10%, 15%, 20% for upward trend
genes.
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Figure B.1: The sorted MEDMA estimates for τ = 10%, 15%, 20% for upward trend genes.



Appendix C
MCT Simulation Results

In this appendix, we present figures and tables for the simulation studies discussed in
Chapter 6. In Section C.1, the result for a single setting will be presented. The result
for the multiple genes setting will be given in Section C.2.

C.1 Single Gene Setting

C.1.1 Graphical Displays for Simulation Results for K=3
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Figure C.1: Power of Williams’ MCT using permutations with Holm adjustment for dif-

ferent monotone models for K= 3 ψ = 1 and ψ = 3 in the single gene setting.
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(c) Multivariate t ψ = 1

Williams, multivariate, ψ= 3
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(d) Multivariate t ψ = 3

Figure C.2: Power of Williams’ MCT for different monotone models for K= 3 in the single

gene setting.
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Marcus, Resampling−based Holm, ψ=1
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(a) Holm ψ = 1
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(b) Holm ψ = 3
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(d) MaxT ψ = 3

Marcus, multivariate, ψ= 1
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(e) Multivariate t ψ = 1
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(f) Multivariate t ψ = 3

Figure C.3: Power of Marcus’ MCT for different monotone models for K= 3 in the single

gene setting.
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M, Resampling−based Holm, ψ= 1
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Figure C.4: Power of the M MCT for different monotone models for K= 3 in the single

gene setting.
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M’, Resampling−based Holm, ψ= 1

n

P
ow

er

3 4 5 6

0.
20

0.
25

0.
30

0.
35

0.
40

0.
45

g1
g2
g3
g4
g5
g6
g7

(a) MaxT ψ = 1

M, Resampling−based Holm, ψ= 3

n

P
ow

er

3 4 5 6

0.
92

0.
94

0.
96

0.
98

1.
00

g1
g2
g3
g4
g5
g6
g7

(b) MaxT ψ = 3

M’, Resampling−based MaxT, ψ=1

n

P
ow

er

3 4 5 6

0.
30

0.
35

0.
40

0.
45

0.
50

0.
55

0.
60

g1
g2
g3
g4
g5
g6
g7

(c) Multivariate t ψ = 1

M’, Resampling−based MaxT, ψ=3

n

P
ow

er

3 4 5 6

0.
96

5
0.

97
0

0.
97

5
0.

98
0

0.
98

5
0.

99
0

0.
99

5
1.

00
0

g1
g2
g3
g4
g5
g6
g7
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Figure C.5: Power of the Modified M MCT for different monotone models for K= 3 in the

single gene setting.
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C.1.2 Graphical Displays for Simulation Results for K=5

Williams, Resampling−based Holm, K=5 ψ=1
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(c) Multivariate t ψ = 1

Williams, multivariate t, K=5 ψ=3

n

P
ow

er

3 4 5 6

0.
80

0.
85

0.
90

0.
95

1.
00

g1
g2
g3
g4
g5
g6
g7

(d) Multivariate t ψ = 3

Figure C.6: Power of Williams’ MCT for different monotone models for K= 5 in the single

gene setting.
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Marcus, Resampling−based Holm, K=5 ψ=1
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Figure C.7: Power of Marcus’ MCT for different monotone models for K= 5 in the single

gene setting.
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M, Resampling−based Holm, K=5 ψ=1
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Figure C.8: Power of the M MCT for different monotone models for K= 5 in the single

gene setting.
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Figure C.9: Power of the Modified M MCT for different monotone models for K= 5 in the

single gene setting.
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Table C.1: Power of the four MCTs for the single gene setting, for resampling-based ap-

proach (permutations) with the Holm multiplicity adjustment.

ψ = 1 ψ = 3

K n Model Williams Marcus M M ′ Williams Marcus M M ′

K
=

3

3

g1 0.1500 0.1640 0.1600 0.1640 0.8480 0.9320 0.9240 0.9400

g2 0.1520 0.1560 0.1600 0.1700 0.8480 0.9020 0.9220 0.9260

g3 0.2480 0.1640 0.1700 0.1660 0.9540 0.9040 0.9220 0.9260

g4 0.2420 0.1920 0.2180 0.2180 0.9660 0.9140 0.9360 0.9280

g5 0.1740 0.1740 0.1880 0.1880 0.8720 0.9080 0.9380 0.9340

g6 0.2340 0.1800 0.2080 0.2000 0.9380 0.8860 0.9180 0.9060

g7 0.2300 0.1940 0.2260 0.2180 0.9400 0.9020 0.9280 0.9100

Null 0.0320 0.0240 0.0260 0.0220 0.0320 0.0240 0.0260 0.0220

4

g1 0.2180 0.2460 0.2600 0.2580 0.9760 0.9960 0.9960 0.9960

g2 0.2400 0.2680 0.2660 0.2620 0.9720 0.9880 0.9920 0.9900

g3 0.3540 0.2720 0.2740 0.2800 1.0000 0.9960 0.9960 0.9940

g4 0.3620 0.2820 0.2960 0.2880 1.0000 1.0000 0.9980 0.9980

g5 0.2580 0.2620 0.3040 0.2940 0.9900 1.0000 1.0000 1.0000

g6 0.3460 0.2900 0.3000 0.2940 0.9960 0.9960 0.9960 0.9960

g7 0.3320 0.2900 0.3120 0.3120 1.0000 0.9980 1.0000 0.9980

Null 0.0280 0.0320 0.0300 0.0300 0.0280 0.0320 0.0300 0.0300

5

g1 0.2740 0.3300 0.3280 0.3340 0.9920 0.9980 0.9980 0.9980

g2 0.2960 0.3300 0.3320 0.3440 0.9980 1.0000 1.0000 1.0000

g3 0.4520 0.3560 0.3560 0.3580 1.0000 1.0000 1.0000 1.0000

g4 0.4460 0.3700 0.3920 0.3840 1.0000 1.0000 1.0000 1.0000

g5 0.3320 0.3620 0.3780 0.3760 0.9940 1.0000 1.0000 1.0000

g6 0.4500 0.3660 0.3700 0.3680 1.0000 1.0000 1.0000 1.0000

g7 0.4360 0.3700 0.3980 0.3780 1.0000 1.0000 1.0000 1.0000

Null 0.0400 0.0280 0.0280 0.0280 0.0400 0.0280 0.0280 0.0280

6

g1 0.3420 0.4320 0.4200 0.4260 1.0000 1.0000 1.0000 1.0000

g2 0.3540 0.4320 0.4380 0.4360 1.0000 1.0000 1.0000 1.0000

g3 0.5340 0.4280 0.4100 0.4100 1.0000 1.0000 1.0000 1.0000

g4 0.5380 0.4480 0.4640 0.4620 1.0000 1.0000 1.0000 1.0000

g5 0.3840 0.4540 0.4740 0.4720 1.0000 1.0000 1.0000 1.0000

g6 0.5060 0.4360 0.4560 0.4400 1.0000 1.0000 1.0000 1.0000

g7 0.5080 0.4680 0.4740 0.4660 1.0000 1.0000 1.0000 1.0000

Null 0.0400 0.0280 0.0260 0.0280 0.0400 0.0280 0.0260 0.0280

K
=

5

3

g1 0.0940 0.0840 0.0820 0.0880 0.6580 0.7900 0.7980 0.8120

g2 0.1120 0.1320 0.1280 0.1380 0.7600 0.9140 0.9240 0.9220

g3 0.1480 0.0900 0.0840 0.0860 0.8780 0.7920 0.7880 0.7980

g4 0.1780 0.1540 0.1640 0.1560 0.9480 0.9240 0.9560 0.9520

g5 0.1900 0.1460 0.1440 0.1480 0.9660 0.9240 0.9280 0.9280

g6 0.1880 0.1320 0.1380 0.1360 0.9600 0.8960 0.9340 0.9280

g7 0.1680 0.1520 0.1720 0.1660 0.9300 0.9180 0.9620 0.9540

Null 0.0240 0.0280 0.0220 0.0260 0.0240 0.0280 0.0220 0.0260

4

g1 0.1180 0.1340 0.1420 0.1440 0.8480 0.9440 0.9440 0.9420

g2 0.1720 0.2120 0.2200 0.2240 0.9120 0.9900 0.9920 0.9920

g3 0.2300 0.1360 0.1440 0.1480 0.9880 0.9480 0.9440 0.9560

g4 0.2700 0.2540 0.2800 0.2620 0.9980 0.9920 0.9960 0.9940

g5 0.3120 0.2320 0.2400 0.2460 1.0000 0.9940 0.9940 0.9940

g6 0.2920 0.2300 0.2300 0.2320 1.0000 0.9880 0.9900 0.9900

g7 0.2660 0.2600 0.2800 0.2660 0.9960 0.9920 0.9960 0.9940

Null 0.0220 0.0260 0.0240 0.0220 0.0220 0.0260 0.0240 0.0220
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Table C.2: Power of the four MCTs for the single gene setting, for resampling-based ap-

proach (permutations) with the Holm multiplicity adjustment, cont’d.

ψ = 1 ψ = 3

K n Model Williams Marcus M M ′ Williams Marcus M M ′

5

g1 0.1480 0.1840 0.1780 0.1820 0.9260 0.9820 0.9840 0.9840

g2 0.2080 0.2920 0.3040 0.3060 0.9780 1.0000 1.0000 1.0000

g3 0.2820 0.1760 0.1680 0.1720 0.9980 0.9920 0.9900 0.9940

g4 0.3580 0.3340 0.3520 0.3480 1.0000 1.0000 1.0000 1.0000

g5 0.4080 0.3060 0.3140 0.3140 1.0000 1.0000 1.0000 1.0000

g6 0.3640 0.2920 0.3040 0.3000 1.0000 1.0000 1.0000 1.0000

g7 0.3400 0.3420 0.3580 0.3480 1.0000 1.0000 1.0000 1.0000

Null 0.0200 0.0220 0.0160 0.0160 0.0200 0.0220 0.0160 0.0160

K
=

5

6

g1 0.1660 0.2000 0.2740 0.2740 0.9720 0.9980 1.0000 1.0000

g2 0.2460 0.3400 0.2540 0.2540 0.9960 1.0000 0.9920 0.9920

g3 0.3500 0.2420 0.2880 0.2880 1.0000 1.0000 1.0000 1.0000

g4 0.4280 0.4080 0.5000 0.5000 1.0000 1.0000 1.0000 1.0000

g5 0.4560 0.3660 0.5800 0.5800 1.0000 1.0000 1.0000 1.0000

g6 0.4440 0.3820 0.3960 0.3960 1.0000 1.0000 1.0000 1.0000

g7 0.3980 0.4200 0.4500 0.4500 1.0000 1.0000 1.0000 1.0000

Null 0.0400 0.0260 0.0580 0.0580 0.0400 0.0260 0.0580 0.0580

K
=

7

3

g1 0.0960 0.1040 0.1040 0.1180 0.7980 0.9080 0.9200 0.9260

g2 0.0840 0.1100 0.1100 0.1100 0.6720 0.9240 0.9320 0.9360

g3 0.2220 0.1100 0.1260 0.1280 0.9820 0.9200 0.9320 0.9480

g4 0.1920 0.1360 0.1580 0.1440 0.9540 0.9280 0.9640 0.9640

g5 0.2060 0.1320 0.1500 0.1320 0.9760 0.9280 0.9420 0.9400

g6 0.1960 0.1180 0.1280 0.1340 0.9620 0.9100 0.9160 0.9220

g7 0.1580 0.1400 0.1660 0.1580 0.8940 0.9380 0.9780 0.9780

Null 0.0120 0.0180 0.0200 0.0200 0.0120 0.0180 0.0200 0.0200

4

g1 0.1320 0.1800 0.1700 0.1800 0.9400 0.9960 0.9940 0.9940

g2 0.1160 0.1720 0.1760 0.1800 0.8140 0.9900 0.9920 0.9920

g3 0.3080 0.1860 0.1760 0.1800 1.0000 0.9980 0.9960 0.9960

g4 0.2500 0.2340 0.2400 0.2400 1.0000 0.9980 0.9980 0.9980

g5 0.3040 0.1980 0.2000 0.1980 1.0000 0.9980 0.9980 0.9980

g6 0.2640 0.2100 0.2020 0.2080 0.9980 0.9940 0.9980 0.9960

g7 0.2040 0.2320 0.2580 0.2580 0.9880 0.9960 0.9980 0.9960

Null 0.0260 0.0240 0.0160 0.0180 0.0260 0.0240 0.0160 0.0180

5

g1 0.1740 0.2120 0.1900 0.1960 0.9880 1.0000 1.0000 1.0000

g2 0.1380 0.2160 0.2280 0.2200 0.9280 1.0000 1.0000 1.0000

g3 0.3800 0.2300 0.2220 0.2360 1.0000 1.0000 1.0000 1.0000

g4 0.3100 0.2880 0.2940 0.2920 1.0000 0.9980 1.0000 1.0000

g5 0.3500 0.2660 0.2480 0.2560 1.0000 1.0000 1.0000 1.0000

g6 0.3420 0.2460 0.2560 0.2540 1.0000 1.0000 1.0000 1.0000

g7 0.2660 0.2900 0.3140 0.3040 1.0000 1.0000 1.0000 1.0000

Null 0.0140 0.0160 0.0180 0.0180 0.0140 0.0160 0.0180 0.0180

6

g1 0.2120 0.2740 0.2640 0.2720 0.9980 1.0000 1.0000 1.0000

g2 0.1600 0.2640 0.2660 0.2660 0.9780 1.0000 1.0000 1.0000

g3 0.4440 0.2840 0.2780 0.2780 1.0000 1.0000 1.0000 1.0000

g4 0.3800 0.3500 0.3480 0.3480 1.0000 1.0000 1.0000 1.0000

g5 0.4100 0.3100 0.3180 0.3120 1.0000 1.0000 1.0000 1.0000

g6 0.3900 0.3100 0.3140 0.3100 1.0000 1.0000 1.0000 1.0000

g7 0.3160 0.3420 0.3600 0.3600 1.0000 1.0000 1.0000 1.0000

Null 0.0200 0.0200 0.0200 0.0220 0.0200 0.0200 0.0200 0.0220
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Table C.3: Power of the four MCTs for the single gene setting, for resampling-based ap-

proach (permutations) with the maxT multiplicity adjustment.

ψ = 1 ψ = 3

K n Model Williams Marcus M M ′ Williams Marcus M M ′

K
=

3

3

g1 0.2060 0.2540 0.2720 0.2700 0.9080 0.9800 0.9860 0.9860

g2 0.2300 0.2760 0.3000 0.2940 0.8940 0.9640 0.9700 0.9680

g3 0.3220 0.2700 0.2880 0.2860 0.9820 0.9600 0.9760 0.9760

g4 0.3060 0.2900 0.3200 0.3020 0.9880 0.9680 0.9860 0.9840

g5 0.2360 0.2860 0.3200 0.3100 0.9360 0.9800 0.9900 0.9860

g6 0.3020 0.2920 0.3240 0.3100 0.9760 0.9580 0.9740 0.9660

g7 0.3020 0.3040 0.3480 0.3300 0.9800 0.9700 0.9840 0.9780

Null 0.0500 0.0520 0.0500 0.0480 0.0500 0.0520 0.0500 0.0480

4

g1 0.2880 0.3480 0.3600 0.3520 0.9920 0.9980 1.0000 1.0000

g2 0.3240 0.3680 0.3880 0.3920 0.9900 0.9980 0.9980 0.9980

g3 0.4440 0.3700 0.3880 0.3800 1.0000 1.0000 0.9980 0.9980

g4 0.4380 0.3840 0.4380 0.4120 1.0000 1.0000 1.0000 1.0000

g5 0.3400 0.3920 0.4240 0.4060 1.0000 1.0000 1.0000 1.0000

g6 0.4200 0.4020 0.4200 0.4120 1.0000 0.9980 1.0000 1.0000

g7 0.4180 0.4220 0.4620 0.4420 1.0000 1.0000 1.0000 1.0000

Null 0.0560 0.0620 0.0600 0.0640 0.0560 0.0620 0.0600 0.0640

5

g1 0.3780 0.4620 0.4780 0.4700 0.9980 1.0000 1.0000 1.0000

g2 0.4060 0.4520 0.4640 0.4560 0.9980 1.0000 1.0000 1.0000

g3 0.5440 0.4680 0.4680 0.4680 1.0000 1.0000 1.0000 1.0000

g4 0.5400 0.4960 0.5240 0.5200 1.0000 1.0000 1.0000 1.0000

g5 0.4200 0.4860 0.5060 0.4980 1.0000 1.0000 1.0000 1.0000

g6 0.5180 0.4960 0.5160 0.5140 1.0000 1.0000 1.0000 1.0000

g7 0.5200 0.5080 0.5380 0.5320 1.0000 1.0000 1.0000 1.0000

Null 0.0660 0.0680 0.0620 0.0620 0.0660 0.0680 0.0620 0.0620

6

g1 0.4220 0.5400 0.5340 0.5420 1.0000 1.0000 1.0000 1.0000

g2 0.4340 0.5560 0.5720 0.5600 1.0000 1.0000 1.0000 1.0000

g3 0.6400 0.5420 0.5560 0.5480 1.0000 1.0000 1.0000 1.0000

g4 0.6280 0.5880 0.5880 0.5760 1.0000 1.0000 1.0000 1.0000

g5 0.4840 0.5800 0.5900 0.5800 1.0000 1.0000 1.0000 1.0000

g6 0.6320 0.5760 0.6020 0.5880 1.0000 1.0000 1.0000 1.0000

g7 0.6140 0.6020 0.6200 0.6180 1.0000 1.0000 1.0000 1.0000

Null 0.0580 0.0660 0.0620 0.0620 0.0580 0.0660 0.0620 0.0620

K
=

5

3

g1 0.1400 0.2020 0.1980 0.1920 0.8020 0.9040 0.9120 0.9220

g2 0.1840 0.2620 0.2940 0.2780 0.8580 0.9820 0.9840 0.9860

g3 0.2500 0.1860 0.1780 0.1760 0.9600 0.9020 0.9180 0.9220

g4 0.3080 0.3080 0.3520 0.3300 0.9800 0.9860 0.9920 0.9900

g5 0.3440 0.2620 0.3180 0.2960 0.9940 0.9780 0.9900 0.9860

g6 0.3220 0.2820 0.3000 0.2820 0.9900 0.9780 0.9880 0.9900

g7 0.2740 0.3160 0.3580 0.3460 0.9720 0.9820 0.9960 0.9920

Null 0.0560 0.0700 0.0700 0.0680 0.0560 0.0700 0.0700 0.0680

4

g1 0.2040 0.2620 0.2740 0.2720 0.9200 0.9880 0.9900 0.9900

g2 0.2580 0.3700 0.3820 0.3760 0.9620 0.9940 0.9980 0.9960

g3 0.3520 0.2520 0.2640 0.2640 0.9960 0.9880 0.9900 0.9900

g4 0.4020 0.4100 0.4420 0.4340 1.0000 1.0000 1.0000 1.0000

g5 0.4480 0.3940 0.4080 0.4080 1.0000 1.0000 1.0000 1.0000

g6 0.4280 0.3800 0.3960 0.3840 1.0000 1.0000 1.0000 1.0000

g7 0.3720 0.4160 0.4480 0.4360 0.9980 0.9980 1.0000 1.0000

Null 0.0560 0.0600 0.0580 0.0720 0.0560 0.0600 0.0580 0.0720
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Table C.4: Power study of the four MCTs for the single gene setting, for resampling-based

approach (permutations) with the maxT multiplicity adjustment, cont’d.

ψ = 1 ψ = 3

K n Model Williams Marcus M M ′ Williams Marcus M M ′

5

g1 0.2260 0.3120 0.3340 0.3220 0.9680 0.9980 0.9980 0.9960

g2 0.3160 0.4560 0.4700 0.4660 0.9960 1.0000 1.0000 1.0000

g3 0.4280 0.3380 0.3400 0.3280 1.0000 1.0000 0.9980 0.9980

g4 0.5200 0.5080 0.5360 0.5200 1.0000 1.0000 1.0000 1.0000

g5 0.5400 0.4820 0.4940 0.4900 1.0000 1.0000 1.0000 1.0000

g6 0.5100 0.4660 0.4920 0.4840 1.0000 1.0000 1.0000 1.0000

g7 0.4940 0.5140 0.5360 0.5300 1.0000 1.0000 1.0000 1.0000

Null 0.0560 0.0600 0.0620 0.0600 0.0560 0.0600 0.0620 0.0600

K
=

5

6

g1 0.2580 0.3320 0.3460 0.3320 0.9900 1.0000 1.0000 1.0000

g2 0.3540 0.5040 0.5140 0.5160 1.0000 1.0000 1.0000 1.0000

g3 0.4720 0.3800 0.3620 0.3640 1.0000 1.0000 1.0000 1.0000

g4 0.5500 0.5640 0.5840 0.5800 1.0000 1.0000 1.0000 1.0000

g5 0.5920 0.5180 0.5320 0.5200 1.0000 1.0000 1.0000 1.0000

g6 0.5640 0.5280 0.5280 0.5260 1.0000 1.0000 1.0000 1.0000

g7 0.5100 0.5800 0.5900 0.5880 1.0000 1.0000 1.0000 1.0000

Null 0.0720 0.0640 0.0660 0.0660 0.0720 0.0640 0.0660 0.0660

K
=

7

3

g1 0.1960 0.2380 0.2500 0.2560 0.9260 0.9840 0.9860 0.9860

g2 0.1860 0.2740 0.2940 0.2900 0.8220 0.9840 0.9940 0.9920

g3 0.3740 0.2640 0.2580 0.2600 1.0000 0.9840 0.9880 0.9960

g4 0.3360 0.3160 0.3560 0.3380 0.9900 0.9880 0.9920 0.9860

g5 0.3560 0.2840 0.3160 0.3060 0.9960 0.9840 0.9920 0.9880

g6 0.3320 0.2900 0.2060 0.2980 0.9960 0.9920 0.9940 0.9920

g7 0.2900 0.3400 0.3620 0.3440 0.9680 0.9920 0.9960 0.9920

Null 0.0440 0.0440 0.0520 0.0480 0.0440 0.0440 0.0520 0.0480

4

g1 0.2360 0.3220 0.3340 0.3300 0.9860 1.0000 1.0000 1.0000

g2 0.2380 0.3760 0.3780 0.3800 0.9340 1.0000 1.0000 1.0000

g3 0.4820 0.3500 0.3580 0.3600 1.0000 1.0000 1.0000 1.0000

g4 0.4280 0.4020 0.4520 0.4360 1.0000 1.0000 1.0000 1.0000

g5 0.4700 0.3740 0.4060 0.4020 1.0000 1.0000 1.0000 1.0000

g6 0.4280 0.3820 0.4040 0.3980 1.0000 1.0000 1.0000 1.0000

g7 0.3760 0.4320 0.4720 0.4560 1.0000 1.0000 1.0000 1.0000

Null 0.0560 0.0500 0.0520 0.0500 0.0560 0.0500 0.0520 0.0500

5

g1 0.2860 0.4020 0.3960 0.3960 0.9980 1.0000 1.0000 1.0000

g2 0.2620 0.4160 0.4180 0.4220 0.9760 1.0000 1.0000 1.0000

g3 0.5220 0.4160 0.4080 0.4060 1.0000 1.0000 1.0000 1.0000

g4 0.4740 0.4560 0.4860 0.4720 1.0000 1.0000 1.0000 1.0000

g5 0.5200 0.4300 0.4460 0.4340 1.0000 1.0000 1.0000 1.0000

g6 0.4860 0.4480 0.4380 0.4400 1.0000 1.0000 1.0000 1.0000

g7 0.3960 0.4720 0.4920 0.4920 1.0000 1.0000 1.0000 1.0000

Null 0.0380 0.0460 0.0500 0.0440 0.0380 0.0460 0.0500 0.0440

6

g1 0.3180 0.4320 0.4280 0.4340 1.0000 1.0000 1.0000 1.0000

g2 0.2920 0.4680 0.4740 0.4720 0.9920 1.0000 1.0000 1.0000

g3 0.6280 0.4760 0.4640 0.4660 1.0000 1.0000 1.0000 1.0000

g4 0.5380 0.5280 0.5460 0.5480 1.0000 1.0000 1.0000 1.0000

g5 0.5840 0.4900 0.4940 0.4960 1.0000 1.0000 1.0000 1.0000

g6 0.5540 0.4920 0.5020 0.5040 1.0000 1.0000 1.0000 1.0000

g7 0.4660 0.5420 0.5700 0.5720 1.0000 1.0000 1.0000 1.0000

Null 0.0580 0.0700 0.0660 0.0700 0.0580 0.0700 0.0660 0.0700
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Table C.5: Power of the Williams’ and Marcus’ MCT for the single gene setting, based on

the multivariate t distribution.

ψ = 1 ψ = 3

K n Model Williams Marcus Williams Marcus

K
=

3

3

g1 0.2020 0.2380 0.9020 0.9780

g2 0.2360 0.2860 0.9120 0.9640

g3 0.3180 0.2580 0.9820 0.9620

g4 0.3060 0.2880 0.9920 0.9760

g5 0.2360 0.2820 0.9280 0.9740

g6 0.3040 0.2840 0.9780 0.9640

g7 0.2940 0.2940 0.9880 0.9720

Null 0.0480 0.0520 0.0480 0.0520

4

g1 0.2840 0.3400 0.9960 1.0000

g2 0.3220 0.3660 0.9900 0.9960

g3 0.4360 0.3640 1.0000 1.0000

g4 0.4320 0.4000 1.0000 1.0000

g5 0.3380 0.3900 1.0000 1.0000

g6 0.4260 0.3920 1.0000 0.9980

g7 0.4180 0.4060 1.0000 1.0000

Null 0.0540 0.0640 0.0540 0.0640

5

g1 0.3700 0.4560 0.9940 1.0000

g2 0.4060 0.4500 0.9980 1.0000

g3 0.5360 0.4680 1.0000 1.0000

g4 0.5460 0.4960 1.0000 1.0000

g5 0.4160 0.4760 1.0000 1.0000

g6 0.5240 0.4980 1.0000 1.0000

g7 0.5240 0.5120 1.0000 1.0000

Null 0.0640 0.0660 0.0640 0.0660

6

g1 0.4140 0.5380 1.0000 1.0000

g2 0.4300 0.5440 1.0000 1.0000

g3 0.6340 0.5400 1.0000 1.0000

g4 0.6200 0.5740 1.0000 1.0000

g5 0.4860 0.5800 1.0000 1.0000

g6 0.6240 0.5820 1.0000 1.0000

g7 0.6020 0.5920 1.0000 1.0000

Null 0.0500 0.0600 0.0500 0.0600

K
=

5

3

g1 0.1380 0.1920 0.8020 0.9040

g2 0.1840 0.2660 0.8740 0.9860

g3 0.2620 0.1800 0.9580 0.9060

g4 0.2960 0.3060 0.9840 0.9860

g5 0.3440 0.2720 0.9940 0.9700

g6 0.3260 0.2760 0.9880 0.9840

g7 0.2780 0.3140 0.9740 0.9840

Null 0.0580 0.0640 0.0580 0.0640

4

g1 0.2040 0.2640 0.9220 0.9880

g2 0.2640 0.3700 0.9680 0.9940

g3 0.3480 0.2480 0.9960 0.9880

g4 0.4100 0.4080 1.0000 1.0000

g5 0.4320 0.3820 1.0000 1.0000

g6 0.4280 0.3860 1.0000 1.0000

g7 0.3760 0.4180 1.0000 1.0000

Null 0.0480 0.0600 0.0480 0.0600
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Table C.6: Power of the Williams’ and Marcus’ MCT for the single gene setting, based on

the multivariate t distribution, cont’d.

ψ = 1 ψ = 3

K n Model Williams Marcus Williams Marcus

5

g1 0.2300 0.3160 0.9640 0.9980

g2 0.3080 0.4420 0.9960 1.0000

g3 0.4280 0.3440 1.0000 1.0000

g4 0.5220 0.5100 1.0000 1.0000

g5 0.5460 0.4820 1.0000 1.0000

g6 0.5140 0.4720 1.0000 1.0000

g7 0.4920 0.5180 1.0000 1.0000

Null 0.0540 0.0540 0.0540 0.0540

K
=

5

6

g1 0.2540 0.3300 0.9900 1.0000

g2 0.3520 0.5000 1.0000 1.0000

g3 0.4740 0.3900 1.0000 1.0000

g4 0.5440 0.5620 1.0000 1.0000

g5 0.5920 0.5220 1.0000 1.0000

g6 0.5680 0.5240 1.0000 1.0000

g7 0.5040 0.5740 1.0000 1.0000

Null 0.0720 0.0660 0.0720 0.0660

K
=

7

3

g1 0.1880 0.2360 0.9140 0.9780

g2 0.1760 0.2620 0.8200 0.9820

g3 0.3660 0.2580 0.9980 0.9840

g4 0.3340 0.3080 0.9900 0.9860

g5 0.3540 0.2800 0.9960 0.9860

g6 0.3300 0.2920 0.9940 0.9980

g7 0.2920 0.3280 0.9680 0.9920

Null 0.0460 0.0440 0.0460 0.0440

4

g1 0.2460 0.3180 0.9800 1.0000

g2 0.2260 0.3600 0.9300 1.0000

g3 0.4700 0.3520 1.0000 1.0000

g4 0.4240 0.4060 1.0000 1.0000

g5 0.4600 0.3740 1.0000 1.0000

g6 0.4340 0.3720 1.0000 1.0000

g7 0.3660 0.4360 1.0000 1.0000

Null 0.0480 0.0520 0.0480 0.0520

5

g1 0.2780 0.3900 0.9960 1.0000

g2 0.2520 0.3960 0.9760 1.0000

g3 0.5140 0.4180 1.0000 1.0000

g4 0.4560 0.4520 1.0000 1.0000

g5 0.5000 0.4320 1.0000 1.0000

g6 0.4840 0.4460 1.0000 1.0000

g7 0.3820 0.4740 1.0000 1.0000

Null 0.0400 0.0420 0.0400 0.0420

6

g1 0.3160 0.4280 1.0000 1.0000

g2 0.2980 0.4680 0.9900 1.0000

g3 0.6240 0.4560 1.0000 1.0000

g4 0.5360 0.5300 1.0000 1.0000

g5 0.5800 0.4840 1.0000 1.0000

g6 0.5640 0.4920 1.0000 1.0000

g7 0.4660 0.5460 1.0000 1.0000

Null 0.0580 0.0680 0.0580 0.0680
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C.2 Multiple Genes Setting

The simulation setting in this section consist of 1000 genes per array. In addition,
as discussed in Chapter 6, we include different number of dose levels and different
number of replicates per dose level (n).
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Table C.7: Simulation result for four MCTs for the multiple gene setting using the

resampling-based approach (permutations) and the maxT multiplicity adjustment.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

1
0
%

Power

3

0.0088 0.0097 0.0099 0.0096 0.4912 0.4897 0.6115 0.5711
Se(Power) 0.0163 0.0176 0.0183 0.0172 0.1505 0.1537 0.1342 0.1344
FDR 0.6363 0.5900 0.6452 0.6296 0.0488 0.0507 0.0476 0.0456
Se (FDR) 0.4338 0.4361 0.4304 0.4372 0.0287 0.0293 0.0256 0.0256
Power

4

0.0280 0.0276 0.0333 0.0322 0.8953 0.9249 0.9432 0.9418
Se(Power) 0.0375 0.0357 0.0414 0.0433 0.0763 0.0697 0.0563 0.0552
FDR 0.3575 0.3909 0.3151 0.3148 0.0457 0.0480 0.0455 0.0473
Se (FDR) 0.4151 0.3983 0.3902 0.3956 0.0187 0.0203 0.0205 0.0210
Power

5

0.0571 0.0525 0.0611 0.0579 0.9736 0.9879 0.9890 0.9881
Se(Power) 0.0620 0.0549 0.0597 0.0580 0.0290 0.0192 0.0203 0.0211
FDR 0.2451 0.1748 0.1738 0.1835 0.0468 0.0470 0.0493 0.0503
Se (FDR) 0.3324 0.2788 0.2873 0.2787 0.0199 0.0239 0.0236 0.0259
Power

6

0.0932 0.1007 0.1080 0.1085 0.9941 0.9982 0.9988 0.9986
Se(Power) 0.0826 0.0862 0.0903 0.0913 0.0152 0.0051 0.0045 0.0047
FDR 0.1825 0.1935 0.1934 0.1896 0.0548 0.0523 0.0506 0.0496
Se (FDR) 0.2603 0.2752 0.2894 0.2726 0.0231 0.0229 0.0213 0.0213

1
5
%

Power

3

0.0073 0.0086 0.0070 0.0069 0.5788 0.5989 0.6585 0.6397
Se(Power) 0.0139 0.0143 0.0137 0.0134 0.1414 0.1459 0.1238 0.1372
FDR 0.6099 0.5144 0.6304 0.6142 0.0414 0.0436 0.0411 0.0395
Se (FDR) 0.4565 0.4315 0.4301 0.4474 0.0211 0.0217 0.0195 0.0200
Power

4

0.0279 0.0292 0.0338 0.0272 0.9281 0.9558 0.9661 0.9658
Se(Power) 0.0332 0.0344 0.0381 0.0319 0.0439 0.0374 0.0328 0.0313
FDR 0.2430 0.2857 0.2490 0.2329 0.0454 0.0467 0.0441 0.0449
Se (FDR) 0.3429 0.3564 0.3537 0.3406 0.0170 0.0165 0.0189 0.0186
Power

5

0.0575 0.0568 0.0628 0.0601 0.9836 0.9938 0.9935 0.9938
Se(Power) 0.0554 0.0492 0.0509 0.0506 0.0194 0.0115 0.0127 0.0118
FDR 0.1758 0.1016 0.1091 0.1142 0.0455 0.0477 0.0482 0.0482
Se (FDR) 0.2744 0.1852 0.2118 0.2036 0.0159 0.0183 0.0184 0.0187
Power

6

0.1024 0.1086 0.1171 0.1146 0.9965 0.9995 0.9999 0.9997
Se(Power) 0.0806 0.0860 0.0927 0.0887 0.0083 0.0026 0.0009 0.0020
FDR 0.1105 0.1214 0.1299 0.1154 0.0505 0.0494 0.0486 0.0478
Se (FDR) 0.1808 0.1764 0.1942 0.1438 0.0175 0.0165 0.0165 0.0165

2
0
%

Power

3

0.0088 0.0097 0.0095 0.0097 0.6937 0.7308 0.7930 0.7792
Se(Power) 0.0156 0.0156 0.0172 0.0166 0.1072 0.0978 0.0840 0.0897
FDR 0.5030 0.4038 0.5057 0.4538 0.0368 0.0397 0.0354 0.0345
Se (FDR) 0.4522 0.4048 0.4468 0.4362 0.0150 0.0174 0.0143 0.0148
Power

4

0.0319 0.0349 0.0413 0.0361 0.9491 0.9722 0.9808 0.9789
Se(Power) 0.0326 0.0318 0.0402 0.0343 0.0320 0.0233 0.0197 0.0196
FDR 0.1607 0.1675 0.1601 0.1240 0.0424 0.0425 0.0408 0.0415
Se (FDR) 0.2523 0.2702 0.2837 0.2213 0.0133 0.0129 0.0153 0.0148
Power

5

0.0658 0.0652 0.0780 0.0754 0.9888 0.9965 0.9975 0.9971
Se(Power) 0.0604 0.0600 0.0639 0.0630 0.0131 0.0072 0.0065 0.0069
FDR 0.1164 0.0719 0.0723 0.0799 0.0414 0.0428 0.0415 0.0420
Se (FDR) 0.2276 0.1383 0.1618 0.1698 0.0143 0.0156 0.0145 0.0157
Power

6

0.1180 0.1221 0.1426 0.1345 0.9975 0.9998 1 1
Se(Power) 0.0795 0.0811 0.0888 0.0843 0.0058 0.0012 0 0.0005
FDR 0.0943 0.0875 0.0867 0.0825 0.0457 0.0438 0.0448 0.0439
Se (FDR) 0.1433 0.0974 0.1242 0.0928 0.0160 0.0146 0.0160 0.0154
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Table C.8: Simulation result for four MCTs for the multiple gene setting using the

resampling-based approach (permutations) and the maxT multiplicity adjustment, cont’d.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

2
5
%

Power

3

0.0087 0.0099 0.0108 0.0102 0.7515 0.7862 0.8365 0.8299
Se(Power) 0.0120 0.0139 0.0164 0.0148 0.0843 0.0768 0.0691 0.0657
FDR 0.5030 0.4038 0.5057 0.4538 0.0348 0.0374 0.0333 0.0334
Se (FDR) 0.4522 0.4048 0.4468 0.4362 0.0122 0.0143 0.0125 0.0141
Power

4

0.0216 0.0244 0.0278 0.0254 0.9598 0.9805 0.9860 0.9848
Se(Power) 0.0291 0.0305 0.0341 0.0321 0.0257 0.0190 0.0168 0.0159
FDR 0.1607 0.1675 0.1601 0.1240 0.0397 0.0400 0.0405 0.0395
Se (FDR) 0.2523 0.2702 0.2837 0.2213 0.0126 0.0122 0.0127 0.0130
Power

5

0.0723 0.0711 0.0885 0.0815 0.9916 0.9978 0.9985 0.9984
Se(Power) 0.0573 0.0542 0.0610 0.0593 0.0103 0.0045 0.0045 0.0041
FDR 0.1164 0.0719 0.0723 0.0799 0.0399 0.0402 0.0391 0.0398
Se (FDR) 0.2276 0.1383 0.1618 0.1698 0.0119 0.0127 0.0121 0.0119
Power

6

0.1256 0.1369 0.1552 0.1457 0.9979 1 1 1
Se(Power) 0.0807 0.0847 0.0916 0.0879 0.0053 0.0004 0 0
FDR 0.0943 0.0875 0.0867 0.0825 0.0430 0.0398 0.0414 0.0409
Se (FDR) 0.1433 0.0974 0.1242 0.0928 0.0138 0.0124 0.0135 0.0130
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Table C.9: Simulation result for four MCTs for the multiple gene setting using the

resampling-based approach (permutations) and the Holm multiplicity adjustment.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

1
0
%

Power

3

0.0088 0.0097 0.0099 0.0096 0.3738 0.3512 0.4203 0.4125
Se(Power) 0.0163 0.0176 0.0183 0.0172 0.1361 0.1201 0.1200 0.1204
FDR 0.6363 0.5900 0.6452 0.6296 0.0381 0.0344 0.0326 0.0310
Se (FDR) 0.4338 0.4361 0.4304 0.4372 0.0275 0.0322 0.0280 0.0269
Power

4

0.0263 0.0263 0.0307 0.0286 0.8286 0.8444 0.8582 0.8651
Se(Power) 0.0319 0.0308 0.0336 0.0338 0.0953 0.0935 0.0955 0.0896
FDR 0.3569 0.3903 0.3135 0.3131 0.0315 0.0288 0.0269 0.0278
Se (FDR) 0.4156 0.3988 0.3914 0.3969 0.0169 0.0164 0.0178 0.0188
Power

5

0.0526 0.0493 0.0559 0.0535 0.9571 0.9741 0.9745 0.9740
Se(Power) 0.0541 0.0484 0.0507 0.0501 0.0376 0.0285 0.0307 0.0300
FDR 0.2429 0.1708 0.1719 0.1805 0.0316 0.0258 0.0251 0.0255
Se (FDR) 0.3339 0.2804 0.2885 0.2799 0.0171 0.0154 0.0161 0.0160
Power

6

0.0853 0.0823 0.0895 0.0888 0.9905 0.9951 0.9956 0.9956
Se(Power) 0.0715 0.0680 0.0709 0.0712 0.0187 0.0105 0.0105 0.0097
FDR 0.1801 0.1921 0.1867 0.1842 0.0363 0.0323 0.0301 0.0293
Se (FDR) 0.2615 0.2781 0.2928 0.2765 0.0180 0.0165 0.0169 0.0160

1
5
%

Power

3

0.0073 0.0086 0.0081 0.0080 0.4330 0.4152 0.4709 0.4706
Se(Power) 0.0139 0.0143 0.0150 0.0148 0.1335 0.1251 0.1202 0.1235
FDR 0.6099 0.5144 0.6304 0.6142 0.6099 0.5144 0.6304 0.6142
Se (FDR) 0 0.4565 0.4315 0.4301 0.4474 0.4565 0.4315 0.4301 0.4474
Power

4

0.0247 0.0258 0.0301 0.0280 0.8782 0.8968 0.9108 0.9119
Se(Power) 0.0259 0.0265 0.0288 0.0293 0.0661 0.0669 0.0644 0.0623
FDR 0.2422 0.2855 0.2481 0.2326 0.2422 0.2855 0.2481 0.2326
Se (FDR) 0.3435 0.3570 0.3549 0.3411 0.3435 0.3570 0.3549 0.3411
Power

5

0.0494 0.0479 0.0564 0.0530 0.9714 0.9842 0.9847 0.9849
Se(Power) 0.0430 0.0372 0.0423 0.0401 0.0257 0.0177 0.0196 0.0194
FDR 0.1750 0.0983 0.1075 0.1110 0.1750 0.0983 0.1075 0.1110
Se (FDR) 0.2754 0.1858 0.2131 0.2044 0.2754 0.1858 0.2131 0.2044
Power

6

0.0846 0.0860 0.0923 0.0918 0.9938 0.9981 0.9983 0.9984
Se(Power) 0.0640 0.0656 0.0674 0.0661 0.0125 0.0059 0.0060 0.0055
FDR 0.1101 0.1177 0.1211 0.1078 0.1101 0.1177 0.1211 0.1078
Se (FDR) 0.1824 0.1789 0.1986 0.1470 0.1824 0.1789 0.1986 0.1470

2
0
%

Power

3

0.0087 0.0096 0.0094 0.0096 0.5201 0.4997 0.5646 0.5694
Se(Power) 0.0154 0.0153 0.0163 0.0160 0.1147 0.1112 0.1032 0.1086
FDR 0.5024 0.4038 0.5048 0.4539 0.5024 0.4038 0.5048 0.4539
Se (FDR) 0.4528 0.4047 0.4477 0.4361 0.4528 0.4047 0.4477 0.4361
Power

4

0.0292 0.0300 0.0340 0.0320 0.9122 0.9300 0.9417 0.9420
Se(Power) 0.0278 0.0252 0.0292 0.0277 0.0479 0.0443 0.0404 0.0386
FDR 0.1591 0.1712 0.1583 0.1252 0.1591 0.1712 0.1583 0.1252
Se (FDR) 0.2535 0.2708 0.2851 0.2215 0.2535 0.2708 0.2851 0.2215
Power

5

0.0523 0.0512 0.0607 0.0582 0.9809 0.9908 0.9911 0.9915
Se(Power) 0.0447 0.0392 0.0438 0.0431 0.0167 0.0124 0.0125 0.0115
FDR 0.1140 0.0679 0.0680 0.0752 0.1140 0.0679 0.0680 0.0752
Se (FDR) 0.2289 0.1391 0.1629 0.1711 0.2289 0.1391 0.1629 0.1711
Power

6

0.0925 0.0886 0.0980 0.0954 0.9963 0.9990 0.9992 0.9991
Se(Power) 0.0595 0.0591 0.0608 0.0607 0.0078 0.0031 0.0028 0.0028
FDR 0.0888 0.0781 0.0804 0.0768 0.0888 0.0781 0.0804 0.0768
Se (FDR) 0.1457 0.1025 0.1310 0.1010 0.1457 0.1025 0.1310 0.1010
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Table C.10: Simulation result for four MCTs for the multiple gene setting using the

resampling-based approach (permutations) and the Holm multiplicity adjustment, cont’d.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

2
5
%

Power

3

0.0087 0.0098 0.0102 0.0100 0.5677 0.5467 0.6163 0.6235
Se(Power) 0.0120 0.0133 0.0146 0.0139 0.1088 0.1095 0.1016 0.1070
FDR 0.4361 0.3520 0.4143 0.3832 0.4361 0.3520 0.4143 0.3832
Se (FDR) 0.4297 0.3900 0.4265 0.4133 0.4297 0.3900 0.4265 0.4133
Power

4

0.0195 0.0209 0.0226 0.0217 0.9282 0.9453 0.9544 0.9542
Se(Power) 0.0240 0.0238 0.0257 0.0250 0.0388 0.0344 0.0327 0.0324
FDR 0.2779 0.2369 0.2647 0.2321 0.2779 0.2369 0.2647 0.2321
Se (FDR) 0.3723 0.3367 0.3793 0.3445 0.3723 0.3367 0.3793 0.3445
Power

5

0.0563 0.0544 0.0635 0.0611 0.9854 0.9931 0.9936 0.9938
Se(Power) 0.0442 0.0390 0.0411 0.0408 0.0131 0.0087 0.0096 0.0086
FDR 0.0991 0.0562 0.0506 0.0545 0.0991 0.0562 0.0506 0.0545
Se (FDR) 0.2130 0.1274 0.1252 0.1238 0.2130 0.1274 0.1252 0.1238
Power

6

0.0967 0.0963 0.1057 0.1033 0.9968 0.9993 0.9995 0.9994
Se(Power) 0.0610 0.0576 0.0646 0.0644 0.0067 0.0024 0.0019 0.0020
FDR 0.0674 0.0536 0.0496 0.0517 0.0674 0.0536 0.0496 0.0517
Se (FDR) 0.1165 0.0559 0.0519 0.0505 0.1165 0.0559 0.0519 0.0505



222 C. MCT Simulation Results

Table C.11: Simulation result for the Williams’ and Marcus’ MCT for the multiple gene

setting based on the multivariate t distribution.

ψ = 1 ψ = 3
pct estimate n Williams Marcus Williams Marcus

1
0
%

Power

3

0.0021 0.0029 0.6096 0.6265
Se(Power) 0.0108 0.0126 0.1685 0.1727
FDR 0.5528 0.6917 0.0390 0.0413
Se (FDR) 0.4847 0.4553 0.0252 0.0273
Power

4

0.0141 0.0087 0.9064 0.9371
Se(Power) 0.0320 0.0286 0.0709 0.0638
FDR 0.2047 0.2535 0.0446 0.0459
Se (FDR) 0.3772 0.4105 0.0182 0.0215
Power

5

0.0328 0.0240 0.9779 0.9901
Se(Power) 0.0603 0.0441 0.0264 0.0174
FDR 0.0620 0.0410 0.0439 0.0429
Se (FDR) 0.1750 0.0768 0.0191 0.0187
Power

6

0.0541 0.0512 0.9954 0.9985
Se(Power) 0.0733 0.0700 0.0121 0.0051
FDR 0.0784 0.0812 0.0510 0.0494
Se (FDR) 0.2284 0.1982 0.0197 0.0209

1
5
%

Power

3

0.0013 0.0025 0.6895 0.7121
Se(Power) 0.0074 0.0101 0.1289 0.1243
FDR 0.6528 0.6484 0.6528 0.6484
Se (FDR) 00.4841 0.4726 0.4841 0.4726
Power

4

0.0111 0.0094 0.9335 0.9606
Se(Power) 0.0242 0.0256 0.0444 0.0374
FDR 0.1491 0.1921 0.1491 0.1921
Se (FDR) 0.3315 0.3144 0.3315 0.3144
Power

5

0.0313 0.0240 0.9849 0.9948
Se(Power) 0.0474 0.0378 0.0194 0.0100
FDR 0.0580 0.0325 0.0580 0.0325
Se (FDR) 0.1611 0.0563 0.1611 0.0563
Power

6

0.0679 0.0691 0.9969 0.9995
Se(Power) 0.0763 0.0812 0.0079 0.0032
FDR 0.0726 0.0664 0.0726 0.0664
Se (FDR) 0.2075 0.1342 0.2075 0.1342

2
0
%

Power

3

0.0018 0.0032 0.7602 0.7923
Se(Power) 0.0072 0.0096 0.0870 0.0809
FDR 0.4250 0.5174 0.4250 0.5174
Se (FDR) 0.5007 0.4980 0.5007 0.4980
Power

4

0.0159 0.0132 0.9547 0.9770
Se(Power) 0.0270 0.0241 0.0301 0.0217
FDR 0.0855 0.1177 0.0855 0.1177
Se (FDR) 0.2304 0.2454 0.2304 0.2454
Power

5

0.0383 0.0352 0.9900 0.9965
Se(Power) 0.0561 0.0505 0.0125 0.0065
FDR 0.0448 0.0235 0.0448 0.0235
Se (FDR) 0.1456 0.0414 0.1456 0.0414
Power

6

0.0854 0.0918 0.9977 0.9999
Se(Power) 0.0791 0.0850 0.0056 0.0007
FDR 0.0560 0.0469 0.0560 0.0469
Se (FDR) 0.1604 0.0470 0.1604 0.0470



C. MCT Simulation Results 223

Table C.12: Simulation result for the Williams’ and Marcus’ MCT for the multiple gene

setting based on the multivariate t distribution, cont’d.

ψ = 1 ψ = 3
pct estimate n Williams Marcus Williams Marcus

2
5
%

Power

3

0.0020 0.0042 0.7953 0.8322
Se(Power) 0.0070 0.0103 0.0693 0.0638
FDR 0.3542 0.4225 0.3542 0.4225
Se (FDR) 0.4822 0.4839 0.4822 0.4839
Power

4

0.0104 0.0097 0.9644 0.9834
Se(Power) 0.0230 0.0208 0.0251 0.0185
FDR 0.1270 0.2267 0.1270 0.2267
Se (FDR) 0.3087 0.3865 0.3087 0.3865
Power

5

0.0442 0.0374 0.9919 0.9977
Se(Power) 0.0528 0.0494 0.0106 0.0050
FDR 0.0342 0.0200 0.0342 0.0200
Se (FDR) 0.1330 0.0340 0.1330 0.0340
Power

6

0.0920 0.1005 0.9981 1.0000
Se(Power) 0.0801 0.0862 0.0054 0.0000
FDR 0.0549 0.0412 0.0549 0.0412
Se (FDR) 0.1544 0.0390 0.1544 0.0390
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Table C.13: Simulation result for the SAM-MCT without a fudge factor.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

1
0
%

Power

3

0.0023 0.0037 0.0020 0.0012 0.6692 0.6972 0.7788 0.7615
se(Power) 0.0115 0.0150 0.0101 0.0071 0.1587 0.1528 0.1321 0.1373
FDR 0.5920 0.3682 0.4868 0.5738 0.0502 0.0631 0.0555 0.0559
se(FDR) 0.4373 0.3050 0.4082 0.3902 0.0260 0.0329 0.0283 0.0283
Power

4

0.0184 0.0225 0.0235 0.0204 0.9262 0.9537 0.9696 0.9669
se(Power) 0.0441 0.0461 0.0506 0.0413 0.0632 0.0622 0.0414 0.0420
FDR 0.1619 0.1629 0.1401 0.1545 0.0592 0.0637 0.0628 0.0633
se(FDR) 0.2239 0.2185 0.1346 0.1406 0.0206 0.0234 0.0234 0.0217
Power

5

0.0443 0.0399 0.0518 0.0489 0.9821 0.9929 0.9935 0.9931
se(Power) 0.0825 0.0723 0.0847 0.0827 0.0241 0.0147 0.0146 0.0150
FDR 0.1281 0.0554 0.0998 0.0784 0.0615 0.0603 0.0630 0.0647
se(FDR) 0.2363 0.0770 0.1720 0.1657 0.0229 0.0226 0.0236 0.0247
Power

6

0.0879 0.0896 0.1034 0.0999 0.9961 0.9993 0.9994 0.9993
se(Power) 0.0915 0.0976 0.1069 0.1012 0.0109 0.0045 0.0041 0.0045
FDR 0.0729 0.0874 0.0860 0.0917 0.0677 0.0663 0.0653 0.0648
se(FDR) 0.0823 0.0711 0.0642 0.0668 0.0233 0.0221 0.0238 0.0208

1
5
%

Power

3

0.0021 0.0032 0.0027 0.0027 0.7519 0.7869 0.8465 0.8344
se(Power) 0.0095 0.0117 0.0097 0.0097 0.1111 0.1078 0.0923 0.0915
FDR 0.5298 0.3848 0.3607 0.1347 0.0490 0.0596 0.0548 0.0553
se(FDR) 0.4472 0.3662 0.4223 0.1224 0.0215 0.0243 0.0224 0.0226
Power

4

0.0188 0.0191 0.0258 0.0231 0.9529 0.9778 0.9833 0.9814
se(Power) 0.0377 0.0362 0.0409 0.0407 0.0370 0.0274 0.0235 0.0241
FDR 0.1601 0.1850 0.1481 0.1907 0.0593 0.0651 0.0616 0.0622
se(FDR) 0.2467 0.2581 0.1904 0.2399 0.0193 0.0187 0.0205 0.0209
Power

5

0.0531 0.0514 0.0695 0.0567 0.9890 0.9960 0.9976 0.9969
se(Power) 0.0720 0.0723 0.0796 0.0740 0.0161 0.0083 0.0071 0.0074
FDR 0.0763 0.0576 0.0833 0.0625 0.0624 0.0634 0.0634 0.0642
se(FDR) 0.1078 0.0593 0.1354 0.0675 0.0185 0.0205 0.0184 0.0189
Power

6

0.1010 0.1197 0.1304 0.1225 0.9975 0.9999 1.0000 1.0000
se(Power) 0.0983 0.0997 0.1075 0.1066 0.0066 0.0006 0.0000 0.0000
FDR 0.0730 0.0765 0.0736 0.0778 0.0649 0.0628 0.0648 0.0639
se(FDR) 0.0737 0.0594 0.0534 0.0549 0.0195 0.0188 0.0188 0.0208

2
0
%

Power

3

0.0012 0.0048 0.0050 0.0045 0.8255 0.8651 0.9035 0.8974
se(Power) 0.0057 0.0136 0.0168 0.0158 0.0711 0.0660 0.0539 0.0516
FDR 0.5642 0.1808 0.2571 0.2387 0.0499 0.0566 0.0553 0.0569
se(FDR) 0.4286 0.1359 0.3245 0.2602 0.0163 0.0179 0.0175 0.0184
Power

4

0.0299 0.0332 0.0469 0.0405 0.9728 0.9880 0.9910 0.9904
se(Power) 0.0435 0.0466 0.0553 0.0479 0.0220 0.0144 0.0134 0.0129
FDR 0.1021 0.1085 0.0882 0.1059 0.0624 0.0620 0.0658 0.0629
se(FDR) 0.0898 0.1154 0.0953 0.1608 0.0175 0.0164 0.0192 0.0186
Power

5

0.0720 0.0806 0.0937 0.0927 0.9934 0.9989 0.9990 0.9991
se(Power) 0.0791 0.0844 0.0902 0.0862 0.0100 0.0038 0.0047 0.0042
FDR 0.0814 0.0620 0.0620 0.0673 0.0600 0.0620 0.0645 0.0650
se(FDR) 0.1373 0.0753 0.0481 0.0555 0.0171 0.0185 0.0155 0.0165
Power

6

0.1437 0.1568 0.1788 0.1708 0.9985 1.0000 1.0000 1.0000
se(Power) 0.0989 0.1007 0.1029 0.1036 0.0040 0.0000 0.0000 0.0000
FDR 0.0738 0.0751 0.0674 0.0717 0.0646 0.0613 0.0608 0.0598
se(FDR) 0.0496 0.0632 0.0417 0.0438 0.0186 0.0170 0.0172 0.0172
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Table C.14: Simulation result for the SAM-MCT without a fudge factor, cont’d.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

2
5
%

Power

3

0.0039 0.0073 0.0088 0.0081 0.8695 0.9017 0.9290 0.9244
se(Power) 0.0170 0.0190 0.0256 0.0233 0.0538 0.0496 0.0436 0.0429
FDR 0.4059 0.1617 0.1053 0.1631 0.0541 0.0580 0.0582 0.0598
se(FDR) 0.4417 0.1144 0.1197 0.1891 0.0160 0.0162 0.0184 0.0173
Power

4

0.0384 0.0425 0.0534 0.0504 0.9805 0.9920 0.9945 0.9940
se(Power) 0.0478 0.0514 0.0562 0.0544 0.0181 0.0117 0.0095 0.0094
FDR 0.0809 0.0748 0.0724 0.0716 0.0616 0.0631 0.0629 0.0635
se(FDR) 0.0752 0.0764 0.0660 0.0683 0.0146 0.0160 0.0162 0.0165
Power

5

0.0931 0.1000 0.1229 0.1146 0.9952 0.9993 0.9994 0.9993
se(Power) 0.0783 0.0787 0.0872 0.0823 0.0078 0.0030 0.0034 0.0034
FDR 0.0784 0.0601 0.0654 0.0729 0.0627 0.0664 0.0629 0.0645
se(FDR) 0.1239 0.0448 0.0440 0.0466 0.0160 0.0155 0.0153 0.0142
Power

6

0.1649 0.1839 0.2073 0.1981 0.9989 1.0000 1.0000 1.0000
se(Power) 0.0960 0.1046 0.1040 0.1061 0.0033 0.0000 0.0000 0.0000
FDR 0.0749 0.0702 0.0656 0.0661 0.0650 0.0591 0.0606 0.0614
se(FDR) 0.0450 0.0422 0.0364 0.0372 0.0161 0.0168 0.0153 0.0162
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Table C.15: Simulation result for the SAM-MCT with a fudge factor.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

1
0
%

Power

3

0.0175 0.0181 0.0187 0.0166 0.8920 0.9298 0.9399 0.9239
se(Power) 0.0505 0.0476 0.0498 0.0461 0.0762 0.0665 0.0557 0.0654
FDR 0.0427 0.0755 0.1158 0.1630 0.0397 0.0414 0.0413 0.0446
se(FDR) 0.0573 0.1213 0.1317 0.2384 0.0202 0.0233 0.0231 0.0241
Power

4

0.0455 0.0419 0.0404 0.0339 0.9778 0.9913 0.9921 0.9912
se(Power) 0.0731 0.0677 0.0698 0.0645 0.0290 0.0166 0.0162 0.0166
FDR 0.0868 0.1125 0.0875 0.0755 0.0471 0.0455 0.0499 0.0508
se(FDR) 0.0876 0.1385 0.0931 0.0769 0.0183 0.0200 0.0212 0.0227
Power

5

0.0872 0.0816 0.0831 0.0807 0.9930 0.9985 0.9989 0.9984
se(Power) 0.1032 0.1029 0.1018 0.1013 0.0156 0.0060 0.0050 0.0072
FDR 0.0508 0.0529 0.0586 0.0794 0.0490 0.0455 0.0450 0.0472
se(FDR) 0.0634 0.0566 0.0738 0.1135 0.0209 0.0195 0.0192 0.0191
Power

6

0.1454 0.1502 0.1492 0.1422 0.9976 1.0000 1.0000 1.0000
se(Power) 0.1243 0.1245 0.1285 0.1284 0.0074 0.0000 0.0000 0.0000
FDR 0.0694 0.0795 0.0775 0.0784 0.0553 0.0511 0.0506 0.0516
se(FDR) 0.0573 0.0596 0.0588 0.0615 0.0202 0.0185 0.0201 0.0207

1
5
%

Power

3

0.0159 0.0197 0.0192 0.0142 0.9156 0.9494 0.9540 0.9475
se(Power) 0.0408 0.0433 0.0433 0.0333 0.0595 0.0408 0.0420 0.0473
FDR 0.0557 0.0871 0.0957 0.0785 0.0397 0.0373 0.0401 0.0421
se(FDR) 0.0694 0.1060 0.1173 0.0803 0.0178 0.0183 0.0202 0.0202
Power

4

0.0494 0.0503 0.0518 0.0488 0.9829 0.9942 0.9940 0.9935
se(Power) 0.0642 0.0640 0.0643 0.0614 0.0193 0.0109 0.0118 0.0117
FDR 0.0873 0.0820 0.0795 0.0719 0.0441 0.0418 0.0457 0.0481
se(FDR) 0.0867 0.0741 0.0724 0.0697 0.0178 0.0176 0.0198 0.0192
Power

5

0.1024 0.1007 0.1019 0.1028 0.9950 0.9988 0.9992 0.9992
se(Power) 0.0881 0.0866 0.0904 0.0899 0.0113 0.0043 0.0032 0.0031
FDR 0.0504 0.0506 0.0481 0.0552 0.0466 0.0441 0.0444 0.0489
se(FDR) 0.0590 0.0527 0.0546 0.0581 0.0182 0.0174 0.0162 0.0171
Power

6

0.1715 0.1840 0.1891 0.1874 0.9991 1.0000 1.0000 1.0000
se(Power) 0.1148 0.1160 0.1176 0.1170 0.0037 0.0000 0.0000 0.0000
FDR 0.0609 0.0567 0.0592 0.0594 0.0524 0.0444 0.0474 0.0491
se(FDR) 0.0453 0.0448 0.0426 0.0463 0.0191 0.0163 0.0153 0.0163

2
0
%

Power

3

0.0253 0.0264 0.0302 0.0267 0.9398 0.9676 0.9692 0.9640
se(Power) 0.0436 0.0398 0.0457 0.0398 0.0376 0.0255 0.0266 0.0299
FDR 0.0775 0.0596 0.0509 0.0630 0.0368 0.0333 0.0355 0.0391
se(FDR) 0.1737 0.0650 0.0591 0.0645 0.0138 0.0155 0.0166 0.0173
Power

4

0.0654 0.0657 0.0708 0.0678 0.9881 0.9966 0.9968 0.9969
se(Power) 0.0645 0.0633 0.0659 0.0667 0.0129 0.0059 0.0062 0.0058
FDR 0.0715 0.0609 0.0662 0.0687 0.0391 0.0385 0.0405 0.0456
se(FDR) 0.0818 0.0576 0.0630 0.0511 0.0152 0.0179 0.0157 0.0167
Power

5

0.1222 0.1295 0.1373 0.1271 0.9965 0.9994 0.9998 0.9996
se(Power) 0.0850 0.0882 0.0892 0.0859 0.0068 0.0026 0.0014 0.0019
FDR 0.0536 0.0492 0.0522 0.0440 0.0447 0.0404 0.0416 0.0456
se(FDR) 0.0429 0.0456 0.0429 0.0421 0.0165 0.0153 0.0173 0.0171
Power

6

0.2152 0.2240 0.2301 0.2290 0.9995 1.0000 1.0000 1.0000
se(Power) 0.1022 0.0998 0.0976 0.0978 0.0026 0.0000 0.0000 0.0000
FDR 0.0606 0.0615 0.0605 0.0605 0.0487 0.0443 0.0456 0.0466
se(FDR) 0.0339 0.0356 0.0337 0.0337 0.0154 0.0169 0.0169 0.0163
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Table C.16: Simulation result for the SAM-MCT with a fudge factor.

ψ = 1 ψ = 3
pct estimate n Williams Marcus M M ′ Williams Marcus M M ′

2
5
%

Power

3

0.0319 0.0364 0.0378 0.0331 0.9484 0.9712 0.9749 0.9721
se(Power) 0.0438 0.0464 0.0481 0.0450 0.0309 0.0221 0.0209 0.0237
FDR 0.0420 0.0513 0.0611 0.0605 0.0358 0.0328 0.0329 0.0392
se(FDR) 0.0555 0.0572 0.0697 0.0637 0.0135 0.0166 0.0167 0.0174
Power

4

0.0826 0.0869 0.0873 0.0845 0.9909 0.9974 0.9977 0.9978
se(Power) 0.0671 0.0706 0.0707 0.0687 0.0098 0.0051 0.0047 0.0047
FDR 0.0542 0.0547 0.0571 0.0613 0.0372 0.0376 0.0390 0.0435
se(FDR) 0.0518 0.0525 0.0486 0.0514 0.0135 0.0147 0.0156 0.0156
Power

5

0.1460 0.1473 0.1529 0.1464 0.9972 0.9998 0.9998 0.9998
se(Power) 0.0797 0.0865 0.0886 0.0860 0.0062 0.0012 0.0012 0.0011
FDR 0.0476 0.0492 0.0506 0.0494 0.0442 0.0386 0.0387 0.0460
se(FDR) 0.0388 0.0424 0.0403 0.0389 0.0158 0.0164 0.0145 0.0156
Power

6

0.2399 0.2515 0.2535 0.2498 0.9996 1.0000 1.0000 1.0000
se(Power) 0.0953 0.0941 0.1010 0.0965 0.0020 0.0000 0.0000 0.0000
FDR 0.0572 0.0572 0.0557 0.0532 0.0444 0.0407 0.0426 0.0454
se(FDR) 0.0271 0.0263 0.0283 0.0273 0.0142 0.0151 0.0154 0.0152





Appendix D
Hierarchical Bayesian Dose-response

In this appendix, the results of the hierarchical Bayesian analysis for downward trend
genes are given in Section D.1. The result for the posterior level probabilities for
five and six dose levels are presented in Section D.2. Simulation results (type I error
and power) for the hierarchical Bayesian dose-response studies and Marcus’ MCT are
presented in Section D.3.

D.1 Result for Downward Trend Genes

Table D.1: Result for genes with different downward trend profile (Figure D.1).

gene 5131 at gene 6290 at gene 5093 at gene 7893 at
µ1 7.9301 7.6861 4.1740 5.4009
µ2 7.1557 7.5537 4.0391 5.3674
µ3 6.0030 6.9662 1.3984 5.3178
µ4 3.1155 3.0249 1.3510 1.6256

P (g0|z, data) 0.0000 0.0000 0.0000 0.0000
P (g1|z, data) 0.0110 0.3180 0.0000 0.7840
P (g2|z, data) 0.0000 0.0000 0.6860 0.0000
P (g3|z, data) 0.0000 0.0000 0.0000 0.0000
P (g4|z, data) 0.1530 0.1320 0.0010 0.0930
P (g5|z, data) 0.3280 0.4870 0.0860 0.1140
P (g6|z, data) 0.0000 0.0000 0.1920 0.0000
P (g7|z, data) 0.5080 0.0630 0.0350 0.0090

model g7 g5 g2 g1
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Figure D.1: Data, isotonic means and posterior mean estimates obtained from the hierar-

chical Bayesian model for genes with a downward trend.



D. Bayesian Dose-response 231

D.2 Level Probability Estimates

Table D.2: Level probability estimates for five dose levels, based on the isotonic regression

and the hierarchical Bayesian model approach obtained from simulations with 1000 data sets

generated under null hypothesis.

l P (l, κ = 5)
Isotonic Bayesian

n=3 n=4 n=3 n=4

1 0.2000 0.201 0.189 0.6097 0.6614
2 0.4167 0.434 0.446 0.3315 0.2958
3 0.2917 0.276 0.295 0.0416 0.0307
4 0.0833 0.087 0.004 0.0172 0.0121
5 0.0008 0.002 0.006 0.0001 0.0000

Table D.3: Level probability estimates for six dose levels, based on the isotonic regression

and the hierarchical Bayesian model approach obtained from simulations with 1000 data sets

generated under null hypothesis.

l P (l, κ = 6)
Isotonic Bayesian

n=3 n=4 n=3 n=4

1 0.1667 0.176 0.176 0.586 0.637
2 0.3806 0.384 0.361 0.344 0.311
3 0.3125 0.303 0.349 0.055 0.042
4 0.1181 0.116 0.098 0.006 0.003
5 0.0208 0.021 0.016 0.010 0.008
6 0.0014 0.000 0.000 0.000 0.000



D.3 Simulation Results

Table D.4: Power of the hierarchical Bayesian model (BVS) and the Marcus’ MCT with

different ψ values, κ = 4, n=4.

ψ = 1 ψ = 2 ψ = 3
Model BVS Marcus’ MCT BVS Marcus’ MCT BVS Marcus’ MCT

g1 0.34 0.37 0.89 0.90 1.00 1.00
g2 0.39 0.41 0.89 0.89 1.00 1.00
g3 0.31 0.38 0.83 0.88 1.00 1.00
g4 0.37 0.38 0.90 0.94 1.00 1.00
g5 0.35 0.41 0.92 0.93 1.00 1.00
g6 0.37 0.43 0.90 0.92 1.00 1.00
g7 0.38 0.43 0.92 0.92 1.00 1.00

Null 0.03 0.05 0.03 0.05 0.03 0.05

Table D.5: Power of the hierarchical Bayesian model (BVS) and the Marcus’ MCT with

different ψ values, κ = 4, n=5.

ψ = 1 ψ = 2 ψ = 3
Model BVS Marcus’ MCT BVS Marcus’ MCT BVS Marcus’ MCT

g1 0.36 0.49 0.94 0.96 1.00 1.00
g2 0.34 0.50 0.94 0.98 1.00 1.00
g3 0.36 0.48 0.95 0.97 1.00 1.00
g4 0.39 0.51 0.97 0.97 1.00 1.00
g5 0.40 0.53 0.95 0.98 1.00 1.00
g6 0.39 0.52 0.96 0.96 1.00 1.00
g7 0.41 0.56 0.98 0.97 1.00 1.00

Null 0.02 0.05 0.02 0.05 0.02 0.05



Samenvatting

Het ontwikkelen van medicijnen omvat het hele proces om een nieuw geneesmiddel
of toestel op de markt te brengen, en is zo opgesteld om te garanderen dat alleen
die farmaceutische producten die n veilig n doeltreffend zijn op de markt worden
gebracht. Het doel van dit lange proces is om geneesmiddelen te vinden die een grote
impact hebben op de ziekte met een minimum aan bijwerkingen (Marton et al., 1998).

Het vinden van een veilige en doeltreffende dosis of interval van doses en het
bepalen van een relatie tussen dosis en respons zijn twee van de belangrijkste doe-
len in farmaceutische studies om nieuwe geneesmiddelen te vinden. Bretz (2006)
specificeerde twee hoofddoelstellingen bij het uitvoeren van een dosis-respons studie.
Het eerst doel is om aan de relatie tussen dosis en respons aan te tonen. Hierbij
wordt een algemene dosisgerelateerde trend geschat, waarbij gelet wordt dat als de
dosis toeneemt het effect ook toeneemt (of afneemt). Dit kan bereikt worden door de
monotoniciteit na te gaan van de algemene dosis-respons relatie waarbij de aanname
geldt dat wanneer de dosis toeneemt, het effect ook toeneemt of andersom als de dosis
verminderd wordt, het effect ook verminderd. Deze veronderstelling wordt gefundeerd
door het feit dat, in het algemeen, een vermeerdering in dosis van een schadelijke stof
zal leiden tot een proportionele toename in zowel het aantal als de zwaarte van de
bijwerkingen (Ting, 2006). Wanneer dit eerste doel is bereikt dan is het tweede doel
om in te schatten welke dosis van de experimentele compound nodig is om 50% van
het maximum effect te bereiken (ED50), of soms de minimale effectieve dosis (MED).

Gedurende de laatste jaren, met de opkomst van biomedische technologien, zijn
dosis-responsstudies gentegreerd met microarray studies waarbij nu de respons de
genexpressie is bij een zekere dosis. Het doel is meestal om vast te stellen welke groep
genen gerelateerd kunnen worden met de algemene trend. Dosis-respons microarray

233
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studies worden gewoonlijk uitgevoerd om (1) inzicht te krijgen waar het medicijn
inwerkt en hoe het mechanisme van het medicijn werkt om de ziekte te behandelen, (2)
data te genereren in verband met paden die betrokken zijn bij ongewilde bijwerkingen,
(3) te zoeken naar biomarkers die gebruikt kunnen worden als tekenen van respons en
(4) biomarkers te identificeren die gebruikt zouden kunnen worden in fase II of fase
III klinische studies om de traditionele eindpunten te vervangen.

In deze dissertatie focussen we vooral op (1) het schatten van de ideale dosis
met behulp van parametrische modellen en methodes om modellen uit te middelen,
(2) het implementeren van methodes voor gevolgtrekking gebaseerd op herhaaldelijke
steekproeven, onder andere permutaties en SAM, voor de meerdere contrasten test
van de Williams statistiek (Williams, 1971 and 1972), de Marcus statistiek (Marcus,
1976), de M statistiek (Hu et al., 2005) en de aangepaste M statistiek (Lin et al.,
2007), (3) het analyseren van dosis-respons microarray studies met behulp van het
hirarchisch Bayesiaans model en (4) het ontwikkelen van twee gebruiksvriendelijke
softwarepakketten om dosis-respons studies uit te voeren en voor bicluster analyse.

Deel I. Het Modelleren van Dosis-respons Microarray

Studies: Een Model Gebaseerde Aanpak

Het eerste deel van de dissertatie zal zich focussen op parametrisch modellen en schat-
ten van de ideale dosis, namelijk de ED50 in dosis-respons microarray studies. Om dit
doel te bereiken wordt een driestappenplan voorgesteld. De eerste stap is om genen te
selecteren die een monotone trend hebben. Om deze stap uit te voeren, wordt een van
de testprocedures voor monotone trends bij dosis-respons studies, zoals beschreven
door Lin et al. (2007), gebruikt. Deze testprocedures houden rekening met volgo-
rde beperkingen van de gemiddelden in functie van de toenemende doses. Nadat de
genen met een monotone trend zijn gedentificeerd wordt een modelgebaseerde aanpak
uitgevoerd om de ED50 te schatten. Echter, de validiteit van de modelgebaseerde
aanpak hangt af van de keuze van het dosis-respons model. Om de onzekerheid ivm
het model in rekening te brengen werden verschillende modellen gefit, waarna, in een
derde stap, de methodes om modellen te middelen uitgevoerd werden om de model-
gemiddelde ED50 te schatten.

In dosis-responsstudies, de ideale dosis is niet enkel de ED50. Gewoonlijk is het
interessant om de kleinste dosis te vinden met een merkbaar gunstig effect of een
maximale dosis waarboven geen toegevoegde waarde meer gevonden kan worden (ICH-
E4, 1994). Het is gebruikelijk in dosis-responsstudies om de gemiddelde efficintie van
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de controle dosis (normaal de nuldosis) als standaard te gebruiken om te vergelijken
of een zekere dosis klinisch effectief is (Tamhane and Logan, 2006). De ideale dosis
voor dit doel is bekend als de minimum effectieve dosis (MED). In dit deel bespreken
we ook het schatten van de MED in dosis-respons microarray studies. De definitie
en schatting van de MED voor een specifiek model, namelijk het Emax model, wordt
gegeven. Vervolgens, nadat verschillende kandidaat-modellen worden gefit, worden
de uitmiddeltechnieken voor modellen gemplementeerd om de model uitgemiddelde
MED te verkrijgen.

Deel II: Meerdere Contrasten Test (MCT) om Mono-

tone Trends op te Sporen

In deel II, onderzoeken we het toepassen van een herhaalde steekproevengebaseerde
meerdere contrasten testprocedure om monotone trends op te sporen. Bretz (1999,
2006) implementeerde de meerdere contrasten test (MCT) als uitbreiding van de
Williams en Marcus testen om de monotoniciteit van een dosis-respons relatie na
te gaan waarbij de kracht van de test vergroot is. Het idee is dat de volgordebe-
grensde alternatieve hypothese ontmanteld kan worden in verschillende elementaire
alternatieven met specifieke patronen van gelijkheden en ongelijkheden. Deze con-
trasten worden dan getest waarna de contrast test met de grootste waarde wordt
gebruikt. Bretz (2006) toont aan dat als we normaliteit aannemen, de MCT’s van
Williams en Marcus een multivariate t-verdeling volgen. Vermits we in de praktijk
niet altijd kunnen aannemen dat een statistiek een bepaalde verdeling volgt, wat
vooral het geval is bij een kleine steekproef zoals vaak het geval is bij microarray
data (McLachlan et al., 2004), stellen we voor om de nulverdeling van de Williams en
Marcus MCT’s (Bretz, 2006) te schatten met behulp van een permutatiegebaseerde
aanpak. Bijkomend stellen we voor om de MCT toe te passen op de M statistiek (Hu
et al., 2005) en de aangepaste M statistiek (M’, Lin et al., 2007).

Een veelvoorkomend probleem bij microarray experimenten is dat sommige genen
een kleine variantie hebben waardoor de test statistiek zeer groot kan worden hoewel
hun effect klein is (McLachlan et al., 2004). Om het probleem van genen met kleine
variantie te vermijden implementeren we de significantie analyse voor microarrays
(SAM) procedure zoals voorgesteld door Tusher et al. (2001) voor de MCT. We
hebben ook simulatiestudies uitgevoerd om de prestatie na te gaan van de voorgestelde
herhaalde-steekproeven gebaseerde MCT’s in termen van de FDR controle en power.
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Deel III: Hirarchische Bayesiaanse Dosis-respons

Analyse

In het derde gedeelte stellen we een hirarchische Bayesiaanse modelleeraanpak voor
om genen te identificeren met een monotone trend. De Bayesiaanse aanpak zoekt
bewijs in de data onder zowel de nul als volgordebegrensde alternatieve hypotheses.
De Bayesiaanse Variabele Selectie (BVS) is gemplementeerd om de posterieure kans
te schatten voor alle mogelijke monotone modellen. Vervolgens word de posterieure
kans van het nulmodel gebruikt om genen te identificeren met sterk bewijs van een
monotone trend. Verschillende simulaties werden uitgevoerd om de prestatie van deze
aanpak na te gaan. Vanuit de verkregen posterieure kansen kunnen we de posterieure
kansniveaus opstellen vanuit een Bayesiaans perspectief.

Deel IV: Ontwikkelen van Software

In het laatste deel van deze dissertatie zullen we het ontwikkelen van software voor
dosis-respons microarray studies en bicluster analyse bespreken. De ontwikkelde R
softwarepakketten bedoeld om gebruiksvriendelijke pakketten aan te bieden met ge-
bruiksvriendelijke interfaces. De software is geschreven met behulp van R-Gui’s.

Het eerste softwarepakket is bedoeld om dosis-respons microarray experimenten
te analyseren. Lin et al. (2008) ontwikkelde een R pakket genaamd IsoGene om de
monotone relatie tussen genexpressie en doses na te gaan in een microarray experi-
ment (Pramana et al., 2010). Het IsoGene pakket is een commandogebaseerd pakket
en vereist van gebruikers een basiskennis R. Dit zou moeilijk kunnen zijn voor perso-
nen die niet bekend zijn met R of R niet vaak gebruiken. Om deze beperking op te
heffen, werd een gebruiksvriendelijk pakket genaamd IsoGeneGUI ontwikkeld (Pra-
mana et al., 2010b, 2011a). We presenteren de mogelijkheden van het IsoGeneGUI

pakket/software met behulp van illustratieve voorbeelden van de analyse van een
dosis-respons microarray studie.

Het tweede softwarepakket dient om een bicluster analyse uit te voeren. Bicluster
analyse is een techniek waarbij rijen en kolommen tegelijkertijd worden gegroepeerd.
Het doel is om subgroepen van rijen en kolommen (biclusters genaamd) te vinden
die zo onderling vergelijkbaar mogelijk zijn en zo verschillend als mogelijk van de rest
(Kaiser and Leisch, 2008). Merk op dat in microarray studies, rijen en kolommen voor
genen en monsters staan, respectievelijk. Daarom zijn bicluster methodes voor gen-
expressies erop gericht om groepen genen te ontdekken die vergelijkbare regulerende
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mechanismes vertonen binnen in een groep van monsters (Madeira and Oliveira, 2004).
We hebben een nieuw R pakket ontwikkeld, het RcmdrPlugin.BiclustGUI pakket

(afgekort als BiclustGUI), wat een interface biedt voor verschillende beschikbare
biclusterpakketten: biclust (Kaiser and Leisch, 2008), fabia (Hochreiter et al.,
2010), en isa2 (Csardiet et al., 2010). Het BiclustGUI is een uitbreiding van het
R Commander pakket (Rcmdr Plug-in, Fox, 2005) en is bedoeld voor beginnende of
occasionele R gebruikers om bicluster analyses uit te voeren.
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