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Definition of Terminologies

The following terminologies are defined as used in this thesis (in order of appearance
in the thesis).

• Bivariate Expression: gene profiling of two tissues from the same subject.

• Gene Signatures: a set of genes that can be used to discriminate between pa-
tients and healthy controls.

• Disease Level Surrogacy: a measure of association between disease-effects of two
tissues using a group of selected genes.

• Gene Level Surrogacy: a gene-specific measure of associations between gene
expression levels of two tissues after adjusting for some known effects.

• Monotone Gene: a gene whose intensities show a non-decreasing/-increasing
trends over the range of doses of a therapeutic compound.

• Prior Probability: the probability of selecting a monotone model given that the
dose-specific means are equal.

• Probe: a 25-base long oligonucleotides sequence whose composition is compli-
mentary to the sequence of its target transcript.

• Probeset: a group of probes that are expected to quantify the expression levels
of the same gene.

• Informative Probeset: a probeset that has tendency to show more variability
between the samples as compared to the measurement errors.

• Non-informative Probeset: a probeset that has tendency to show lower variabil-
ity between the samples as compared to the measurement errors.



xvi Contents

• Splice Variants: a situation that probes within a probeset correspond to different
exons of a chromosome.



1
Introduction

The functionality of all living organisms relies on delicate, but careful coordination
of essential activities by the smallest unit of life called a cell. At the core of every
living cell is the deoxyribonucleic acid (DNA), which contains hereditary information
necessary for regulating cell functions and for transmitting information to the next
generation of cells. Understanding the functionality of genetic information coded on
the DNA is essential for biomedical research and personalised medicine.

Now that the genomes of man and other species have been completely sequenced,
we enter the so-called postgenomic era that concentrates on harvesting the fruits hid-
den in the genomic text (Lengauer, 2001). The advent of biotechnologies such as mi-
croarrays allow us to do so, by effectively measuring the activity of the entire genome
at once. This wealth of biological information presents immense new opportunities
for developing effective therapies. History has taught us that 30-40% of experimental
drugs fail because an inappropriate biological target was pursued (Butcher, 2003).
The major impact of genomic information may therefore be to reduce this biologi-
cal failure rate by an earlier and better definition of drug targets related to disease
susceptibility or progression. The exciting opportunity presented by the advent of
microarray for transcriptomics (i.e., gene expression profiling) comes with a price.
The high dimensional data that are often generated by this technology defile direct
application of most of the existing statistical methodologies. Even when there is a
statistical method that can directly be used, the application of such a method is lim-
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2 Chapter 1. Introduction

ited by the existence of different microarray platforms with peculiar characteristics.
Among such platforms are Agilent (Wang et al., 2007), Illumina (Kuhn et al., 2004)
and Affymetrix (Lockhart et al., 1996), which are the most widely used.

We focus on Affymetrix GeneChips, which quantify the expression level of a target
transcript by multiple 25-base long oligonucleotides (“probes”) that vary in their
sequence composition (Göhlmann and Talloen, 2009). The set of probes that are
designed to quantify the expression level of the same target is grouped together as a
probeset. Due to the peculiarity of Affymetrix GeneChips, the Affymetrix microarray
data are often pre-processed prior to inferential statistics about the research questions
or objectives of an experiment. The pre-processing steps include normalization and
summarization of the probe level data. In this dissertation, we mainly focus on
inferential statistics for, (1) gene signatures for bivariate expression for translation of
disease related gene signature across tissues and for evaluation of tissue surrogacy; (2)
modeling of dose-response microarray experiments to identify genes that can serve as
biomarkers for a therapeutic compound, and (3) probe level analysis of microarray
experiments to identify and filter genes with irrelevant variations. We present in the
subsequent paragraphs an overview of the different chapters of the dissertation.

The first part of the dissertation examines gene signatures in the presence of
bivariate expression for Irritable Bowel Syndrome (IBS). In Chapter 2, we investigate
the translation of gene signatures across tissues with the main focus on identification of
differentially expressed genes by IBS in colon and rectum tissues. The Colon tissue is
considered as a target tissue since it is the most biologically relevant tissue for the IBS.
Its neighbouring tissue, rectum is considered as a surrogate tissue. In this chapter, we
also present the description of the case study and investigate the classification power
of the bivariate expression in discriminating between IBS patients and the healthy
controls. In Chapter 3, we present statistical methods for the evaluation of tissue
surrogacy. The tissue surrogacy is evaluated at two levels, namely; (1) gene level
surrogacy, which investigates whether expression level for a gene from the rectum
tissue can predict its expression level from the colon tissue after adjusting for all
known factors, and (2) disease level surrogacy, which examines whether the estimates
of disease effects from the surrogate tissue for a group of interesting genes can predict
the estimated disease effects from the colon tissue.

The second part of the dissertation investigates statistical methods for the analysis
of dose-response microarray experiments. The importance of dose-response microar-
ray experiments in drug discoveries is described in Chapter 4. The chapter also
presents the case study and provides background knowledge on previous work on the
analysis of dose-response microarray experiments. We also introduce our contribu-
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tion to the analysis of dose-response microarray experiments based on order restricted
clustering and Bayesian inequality models. In Chapter 5, we present order restricted
clustering for dose-response microarray experiments to find clusters of co-expressed
genes with a similar dose-response curve. Our proposed method relies on the con-
cept of local structures for biclustering algorithm and it is a variant of δ-biclustering
from Cheng and Church (2000). In Chapter 6, we present the hierarchical Bayesian
approach for dose-response microarray experiments to address the questions of iden-
tification of genes with significant dose-response relationship and the determination
of the nature of dose-response curves. Based on the approach of Gelfand and Kuo
(1991) for estimating parameters under inequality constraints, the Bayesian approach
investigates evidence under both the null and alternative hypotheses and considers a
gene to be significant if there is overwhelming evidence against the null model. This
is achieved by fitting for each gene all the possible monotone models. By condition-
ing on other monotone models, the posterior probability for the null model is used
as an alternative to p-value for the identification of significant genes. This approach
also simultaneously determines the nature of dose-response relationships (or dose-
response curves) for the significant genes. A drawback for the hierarchical Bayesian
approach is that it is computationally intensive since all the possible monotone mod-
els are fitted per gene. Also, the posterior probability under the null is not in the real
sense the full bayesian posterior probabilities, since it is a function of the deviance
information criterion. Hence, the hierarchical Bayesian mixture model approach is
presented in Chapter 7. The best model for each gene is chosen based on the pos-
terior probabilities for the gene to belong to one of the monotone models. Similar
to the hierarchical Bayesian model, the mixture model approach also simultaneously
determines the nature of dose-response curves for the significant genes. In Chapter
Chapter 8, we present a Bayesian isotonic transformation approach for modelling
dose-response microarray experiments purposely to identify significant genes. This
approach does not require one to pre-determine the possible monotone models. It
also does not rely on the Gelfand and Kuo (1991) estimation approach, which assigns
zero probability to models with at least one strict equality constraint. The Bayesian
isotonic transformation fits an unconstrained model per gene, but obtains ordered
constrained parameter estimates by projecting the posterior samples from the uncon-
strained parameters to a constrained parameter space through a Bayesian isotonic
transformation. We conclude this part of the dissertation with a simulation study in
Chapter 9 to investigate the performance of the Bayesian inequality models.

The last part of the dissertation focuses on the probe level analysis of Affymetrix
gene expression data to reduce the dimension of microarray data by filtering out genes
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with irrelevant variations. In Chapter 10, we introduce the concept of informative
or non-informative calls for gene expression based on the trade-off between array-
to-array variability and measurement error. The chapter also gives an overview of
the existing gene filtering methods. The case studies based on Affymetrix HGU-
133A spiked-in experiment and Sialin experiment are also presented. We further
show the application of the recently proposed gene filtering methods, namely, the
FLUSH and the I/NI Calls on the spiked-in experiment. In Chapter 11, we propose
informative or non-informative calls as a linear mixed effects model, where the arrays
are treated as random effects and the probe-specific binding affinity as fixed effects.
Based on this approach, the array-to-array variability is captured by the variance
of the random effects under the assumption that all probes in a probeset quantify
the expression level of the same target transcript. In Chapter 12, we propose a new
family of models for gene filtering and establish that all the latent variable approaches
are equivalent. A simulation study to investigate the performance of the methods is
presented in Chapter 13. We present in Chapter 14 an R package gFIlter that
can be used to fit all the discussed methods for informative or non-informative calls.
The chapter also contains SAS codes to fit factor analysis models that serve as a
basis for generalisation between I/NI Calls and the linear mixed effects model for
informative or non-informative calls. We conclude this part of the dissertation by
relaxing the assumption that all probes in a probeset quantify the expression levels of
the same target, and present in Chapter 15, a conditional informative calls for gene
expression, which calls a probeset informative if at least three of its probes consistently
quantify similar expression levels across all the arrays in a microarray experiment. The
conditional informative calls relies on latent class linear mixed effects models.

Finally, the concluding remarks for the different statistical methods discussed in
the dissertation are presented in Chapter 16.
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Gene Signatures for Bivariate
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Irritable Bowel Syndrome
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2
Translation of Gene

Signatures Across Tissues

The impacts of microarrays in pharmaceutical and biomedical research can be under-
scored by gains in revealing functions of genes (Aerssens et al., 2008), tumor classifica-
tion (Golub et al., 1999), drug target identification (Debouck and Goodfellow, 1999)
and prediction of the response to therapy (Tusher et al., 2001). Molecular biomarkers
for a disease are often investigated by profiling the disease-affected tissue (Alon et al.,
1999, Ross et al., 2008 and Dudoit et al., 2002). When disease-affected tissue is not
readily available, gene expression measurements can only or more conveniently be ex-
tracted from an alternative or surrogate tissue. For example, in the case of multiple
sclerosis (MS), a chronic inflammatory demyelinating autoimmune disease affecting
the central nervous system, it is practically challenging to obtain gene expression
profiling of human brain tissue. As an alternative, Achiron and Gurevich (2006) per-
formed a microarray experiment on peripheral blood mononuclear cells (PBMC) to
investigate gene signatures for multiple sclerosis. Similarly, Le-Niculescu et al. (2008)
identified biomarkers for mood disorders using gene expression from the blood. They
concluded that blood biomarkers may offer an unexpectedly informative window into
brain functioning and disease state. For Hepatitis C, Asselah et al. (2008) investigated
gene signatures to predict response to pegylated interferon plus ribavirin combination

7
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therapy in patients with chronic hepatitis C, based on liver gene expression. While
their study reported a potentially useful signature, the liver biopsy is difficult to ob-
tain and it is thus hard to transfer such a test into clinical use. Therefore, other
investigative searches of gene signatures associated with the response to interferon
plus ribavirin combination therapy in patients with chronic hepatitis C used periph-
eral blood mononuclear cells and also provided reasonable predictability of treatment
response (Huang et al., 2008a, 2008b). Note that profiling only an alternative tissue
does not necessarily result in gene signatures that could have been discovered based
on a disease affected tissue.

In this chapter, we investigate gene signatures for Irritable Bowel Syndrome (IBS)
using both the disease-affected tissue (Colon) and an alternative tissue (Rectum)
based on the previous study from Aerssens et al. (2008). The colon tissue is here
considered the “target tissue”, given that abnormalities in bowel function (diarrhea,
and/or constipation) are a clinically important characteristic for IBS, whereas the
neighboring rectum tissue is considered as the “surrogate tissue”.

This chapter is organized as follows. Section 2.1 describes the case study based
on Irritable Bowel Syndrome. A joint ANOVA model of the two tissues for detecting
differentially expressed gene is formulated in Section 2.2. Section 2.2.1 presents the
application of the joint ANOVA model on the case study. The methodology for
classification and class prediction is discussed in Section 2.3. Sections 2.3.1 and 2.3.2
present an application of classification and class prediction based on tissue-specific
gene expression and bivariate expression, respectively. The chapter is concluded with
a discussion in Section 2.4.

2.1 The Case Study: Irritable Bowel Syndrome

The data are derived from 58 subjects, including 34 IBS patients and 24 healthy
controls. For a more detailed description of the clinical characteristics of the co-
hort study, we refer to Aerssens et al. (2008). For each subject, three biopsies were
taken for gene expression profiling: two samples from colon tissue at 10 cm apart,
and a third sample from rectum tissue. A detailed description of the procedures of
biopsy collection and further sample processing (RNA extraction, biotin labeling, hy-
bridization on Affymetrix Human Genome U133-Plus2.0 GeneChips) are provided in
Aerssens et al. (2008).

Sample processing was performed in four batches, each of which comprised sam-
ples from both IBS and healthy subjects. Gene expression summary values for raw
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GeneChip data were computed using the gcRMA algorithm (Wu et al., 2004), which
performed background adjustment, quantile normalization and summarization, tak-
ing guanosine-cytidine affinities into account. Presence-Absence calls (PANP, Warren
et al., 2007) is used for calling the detection of genes absent or present. In total, ex-
pression profiles of 21,212 genes were measured for each sample.

2.2 A Joint ANOVA Model for the Two Tissues.

The gene expression data consists of two expression matrices, XA and XB for the
target and surrogate tissues, respectively. Note that there are two replicates per
subject for the target tissue and one for the surrogate tissue. Let Zi (i = 1, . . . , n) be
an indicator variable representing the disease status of the ith subject given by

Zi =





1 diseased,

0 healthy.

We assume that the mean gene expression depends on the disease status for each
tissue, , i.e.,

E(XA
ijk|Zi) = µAj + αjZi, k = 1, 2 ; j = 1, . . . , m ; i = 1, . . . , n,

E(XB
ij |Zi) = µBj + βjZi,

(2.1)

where XA
ijk represents the kth replicate of the expression level of gene j of subject

i for the target tissue and XB
ij represents the expression level of the jth gene and

subject i in the surrogate tissue. We denote the gene-specific disease effects by αj

and βj for the target and surrogate tissues, respectively. Note that the mean structure
in (2.1) implies that the mean expression for each gene from the target tissue is equal
for the two samples taken from the same subject. Since gene expression profiling
of the subjects were done in five batches, there is a need to account for possible
batch effects that may result from change in temperature, incubation time and other
unknown factors associated with a specific batch. The batch Bi was added as a
covariate to the model and the mean structure in (2.1) was modified as follows:

E(XA
ijk|Zi) = µAj + αjZi + γAj Bi,

E(XB
ij |Zi) = µBj + βjZi + γBj Bi.

(2.2)

where γAj and γBj are vectors of batch effects on the target and surrogate tissues,
respectively. To take possible correlation between the three measurements of the same



10 Chapter 2. Translation of Gene Signatures Across Tissues

gene into account, we formulate a gene-specific joint model in the following way:



XA
ij1

XA
ij2

XA
ij


 ∼ N







µAj + αjZi + γAj Bi

µAj + αjZi + γAj Bi

µBj
+ βjZi + γBj

Bi


 ,Σj


 . (2.3)

Here, Σj is a gene-specific covariance matrix. The following covariance structures are
assumed.

Model 1: The first model we considered is the independent samples model. The
model assumes that the three measures are independent. Hence, the covariance matrix
is given by

Σj =




σA1A1j
0 0

0 σ
A2A2j

0

0 0 σ
BBj


 . (2.4)

Model 2: The model allows for correlations between sample from the target
tissue. The covariance matrix is given by

Σj =




σA1A1j
σA1A2j

0

σ
A2A1j

σ
A2A2j

0

0 0 σ
BBj


 . (2.5)

Model 3: The third model takes into account all possible correlations, i.e, between
and within tissues correlation of the samples. For this model, the covariance matrix
is given by

Σj =




σ
A1A1j

σ
A1A2j

σ
A1Bj

σA2A1j
σA2A2j

σA2Bj

σA1Bj
σA2Bj

σBBj


 . (2.6)

In the first step, we test which genes are differentially expressed. Hence, for each
gene, we wish to test two hypotheses:

H0j : αj = 0,

H1j : αj 6= 0.
and

H0j : βj = 0,

H1j : βj 6= 0.
(2.7)

For each tissue, for a microarray with m genes, there are m null hypotheses to be
tested, which implies that an adjustment for multiple testing should be applied.
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Throughout this chapter, we apply the false discovery rate (BH-FDR) approach pro-
posed by Benjamini and Hochberg (1995) . Alternatively, the Akaike information
criterion (AIC, Akaike, 1973) can be used to select the best model for each gene. The
AIC takes into account both the goodness of fit, as well as the complexity of each
model. The model with the minimum AIC value is to be preferred.

2.2.1 Detection of Differentially Expressed Genes

Akaike information criterion is used to explore the dependencies between samples
from the same subject. The formal hypothesis testing for the covariance structures
will be discussed in chapter 3 where we present the evaluation of tissue surrogacy.
Figure 2.1 shows the relationship between AIC values obtained from models 1, 2, and
3. For 17,583 out of 21,212 genes, model 2 has smaller AIC values than model 1, and
for 18,392 genes, model 3 has smaller AIC values than model 2. This implies that it
may be beneficial for the joint model to account for both between and within tissue
dependencies. Note that there is a group of genes that have similar AIC values across
all the three models, this group may correspond to the house-keeping genes. Table 2.1
presents the number of significant genes in both tissues at the FDR of 5% and 10%,
respectively. In the surrogate tissue, no genes are found to be differentially expressed;
while in the target tissue, 30 up to 365 genes are declared differentially expressed
depending on the types of model used. The significant genes obtained for model 3 are
a subset of the significant genes obtained for model 2, whereas the significant genes for
model 2 are a subset of the significant genes obtained for model 1. Indeed, accounting
for both between and within tissue correlations in the model corrects for the obvious
dependency between samples that are collected in the same subjects and/or tissue,
resulting in fewer differentially expressed genes. Based on these results, it is not
surprising that Aerssens et al. (2008) discarded gene expression from the surrogate
tissue as irrelevant to irritable bowel syndrome.
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Table 2.1: Number of differential expressed genes for each model for FDR=0.05 and
0.1.

Model Tissue FDR-0.05 FDR-0.1

1 Colon 365 741

Rectum 0 0

2 Colon 176 443

Rectum 0 0

3 Colon 30 72

Rectum 0 0
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Figure 2.1: AIC values from models 1, 2 and 3. Panel (a): the AIC obtained from
model 1 versus the AIC of model 2. Panel (b): the AIC obtained from model 2 versus
the AIC obtained from model 3.

2.3 Classification and Class Prediction

In this section, we develop gene signatures for IBS based on gene expression levels
from both the target and surrogate tissues. We propose three approaches to predict
the disease status using gene expression levels from both the target and surrogate
tissues. The approaches are as follows: (1) gene selection and classification based on
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target tissue, (2) gene selection and classification based on the surrogate tissue (3)
gene selection based on the target tissue and classification based on the surrogate tis-
sue. We consider 1000 re-sampled datasets, in which at each re-sampling, the dataset
was divided into a learning and testing set. The learning set consists of 2/3 of the pa-
tients randomly selected from the data, taking into account their disease status. The
remaining 1/3 serves as the testing set. Four different classification algorithms with
four different feature selection methods are used. The feature selection methods used
are: Wilcoxon rank sum test, significant analysis of microarray (SAM, Tusher et al.,
2001), the between-within ratio (BW, Dudoit et al., 2002), and the prediction strength
(PS, Xiong et al., 2001). The gene selection methods are used in combination with
the following classification methods: Diagonal linear discriminant analysis (DLDA),
Bagging (Breiman, 1996), Random forests (RF; Breiman, 2001) and Support vector
machines (SVM; Cortes and Vapnik, 1995, Furey et al., 2000). Note that for each
combination of the classification algorithms and feature selection methods, different
subsets of genes are used. Specifically, the top k genes are selected for classification
with k = 10, 20, 30, 40, 50, 60, 70, 80, 90, 100. Note that the number of samples per
subject from the colon tissue is reduced to one based on the average of the previous
two samples after correcting for the batch effects.

2.3.1 Tissue-specific Classification and Class Prediction

A traditional approach of tissue specific gene signatures is considered by using ex-
pression level from either the colon or the rectum tissue for both feature selection and
classification.

Classification Based on the Target Tissue

The investigation of gene signatures using expression levels from only the target tissue
for both gene selection and classification should indicate how good is the prediction
of the disease status based on the colon tissue. The estimates of the misclassification
error are presented in Table 2.2. It can be observed that the misclassification errors
vary between the classification methods and also differ between the gene selection
methods. The smallest misclassification error is about 31%, which corresponds to the
DLDA and BW when the top 20 genes are used. A similar misclassification error rate
is observed for the combination of the RF and SAM. For some of the methods, the
misclassification errors seem to decrease with an increase in the number of genes used
up to the top 100 genes.
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Classification Based on the Surrogate Tissue

Ordinarily, the investigation of gene signatures for the disease using gene expression
levels from the surrogate tissue would not be explored since the rectum tissue is not
the diseased tissue. And more so, no genes are declared to be differentially expressed
based on their expression levels from the surrogate tissue. The misclassification er-
rors, when gene selection and classification are applied based on the rectum tissue,
are presented in Table 2.3. The minimum misclassification error is 42% for the com-
bination of the SVML and SAM. Gene selection and classification based on gene
expression measurements from the surrogate tissue give the highest misclassification
errors compared to the other approaches considered.

2.3.2 Classification Based on Bivariate Expression

In contrast to the previous section where both feature selection and classification
are based on either the target or surrogate tissues, in this section we investigate
whether the results from the surrogate tissue can be improved by using features
selected based on the target tissue. The misclassification errors are presented in Table
2.4. The minimum classification error is 38% as compared to 42% obtained when
both feature selection and classification are based on the surrogate tissue. This seems
to suggests that the prediction using the surrogate tissue can be improved when the
right genes are used. To verify this hypothesis, a set of 25 genes with known biological
functions reported by Aerssens et al. (2008) are used for classification by using the
expression profiles of the genes from the surrogate tissue. Note that these signatures
are obtained by applying the predictive analysis of microarray (PAM) and SAM on the
expression profile of the target tissue. The misclassification error identified together
with their standard error are 0.34(0.10), 0.38(0.08), 0.34(0.09), 0.30(0.1), 0.36(0.09)
and 0.39(0.08) for bagging, Random Forest, Diagonal linear discriminant analysis and
support vector machines with linear and radial kernel, respectively.

Tables 2.2, 2.3 and 2.4 present results from different feature selection and clas-
sification methods. However, Ruschhaupt et al. (2004) proposed that classification
algorithms should be disentangled from the biology in order to establish what amount
of the observed discrimination can be attributed to biological differences. A summa-
rized overview of the results obtained from different models is shown in Figure 2.2.
The box plot shows the overall misclassification errors averaged over all the feature
selections methods, classification algorithms, and the different size of genes. This
finding suggests that an overall significant improvement in the predictive power of
gene expression from a surrogate tissue can be obtained if a more relevant set of
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genes, such as genes identified based on the target tissue are used for classification.
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Figure 2.2: Overview of the of the classification results in terms of misclassification
error. T/T denotes feature selection and classification based on the target tissue, S/S
denotes feature selection and classification based on the surrogate tissue, T/S denotes
feature selection based on the target tissue and classification based on the surrogate
tissue, and A/S denotes the biologically relevant genes from Aerssens et al. (2008)
with classification for expression from the surrogate tissue.

2.4 Discussion

The discovery of molecular biomarkers has greatly advanced through the emergence of
microarray technology that simultaneously measures expression levels of thousands of
genes. Such molecular biomarkers are generally investigated in one particular tissue,
thereby missing potential insights into the disease effects in other tissues. As a case
study, this chapter used data from gene signature work for irritable bowel syndrome
in the colon tissue (target tissue) and rectum tissue (surrogate tissue).

First, a gene-specific joint model was formulated to identify differentially expressed
genes between patients and healthy controls, while accounting for both the within-
and between-tissue correlation of each gene. The disease effects were more pronounced
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in the colon compared to the rectum tissue. Analysis of the target tissue resulted in
thirty genes being differentially expressed between the patients and the control group,
whereas a similar analysis on the surrogate tissue failed to produce differentially
expressed genes at the FDR of 5%. A possible conclusion would therefore be that the
IBS does not affect gene expression in the surrogate tissue.

In addition, prediction of disease status using expression measurements from both
target and surrogate tissues was evaluated. As observed by Van Sanden et al. (2007,
2008 ) the misclassification errors depend on the gene selection methods, classifica-
tion methods, and the number of genes used. Prediction using the surrogate tissue
was inaccurate when the signatures were derived from the surrogate tissue. The gene
signatures derived from the target tissue however worked remarkably better in the sur-
rogate tissue. Even more improved results were obtained when known disease-related
genes were used for classification based on the expression profiles of the surrogate
tissue. It has therefore become increasingly clear that the challenge of analyzing mi-
croarray data is to discover subtle signals in a highly dimensional and noisy dataset.

The contents of this chapter were published in Kasim et al. (2010d).
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Table 2.2: Gene selection and classification based on the target tissue; misclassification
error (standard error)

Number of selected features p

10 20 30 40 50 60 70 80 90 100

B
a
g
g
in

g

BW 0.35 0.35 0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.36 0.35 0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.35 0.34 0.34 0.34 0.34 0.33 0.33 0.33 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.35 0.34 0.34 0.34 0.34 0.33 0.34 0.34 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

R
F

BW 0.34 0.32 0.32 0.32 0.32 0.32 0.32 0.33 0.33 0.33

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.34 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.33 0.33

(0.10) (0.09) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.33 0.32 0.31 0.31 0.32 0.32 0.32 0.32 0.32 0.32

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.33 0.32 0.32 0.32 0.32 0.32 0.32 0.33 0.33 0.33

(0.10) (0.09) (0.10) (0.10) (0.10) (0.10) (0.09) (0.10) (0.10) (0.10)

D
L
D

A

BW 0.32 0.31 0.31 0.31 0.31 0.32 0.32 0.32 0.32 0.33

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.33 0.31 0.31 0.31 0.31 0.32 0.32 0.32 0.32 0.32

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.31 0.30 0.30 0.30 0.31 0.31 0.31 0.31 0.32 0.32

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.31 0.30 0.30 0.31 0.31 0.31 0.31 0.32 0.32 0.32

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

S
V

M
L

BW 0.36 0.36 0.36 0.35 0.35 0.34 0.34 0.34 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

PS 0.35 0.36 0.36 0.35 0.35 0.34 0.34 0.34 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

SAM 0.34 0.34 0.34 0.34 0.34 0.33 0.33 0.33 0.33 0.33

(0.10) (0.10) (0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09)

Wil 0.34 0.35 0.34 0.35 0.35 0.34 0.34 0.34 0.34 0.34

(0.10) (0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

S
V

M
R

BW 0.34 0.33 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32

(0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

PS 0.34 0.33 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32

(0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

SAM 0.33 0.32 0.31 0.31 0.31 0.31 0.31 0.31 0.31 0.32

(0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

Wil 0.33 0.31 0.31 0.31 0.31 0.31 0.32 0.32 0.32 0.32

(0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
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Table 2.3: Gene selection and classification based on the surrogate tissue; misclassifi-
cation error (standard error)

Number of selected features p

10 20 30 40 50 60 70 80 90 100

B
a
g
g
in

g

BW 0.47 0.47 0.47 0.47 0.46 0.47 0.47 0.47 0.47 0.47

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.48 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.46 0.46 0.46 0.46 0.46 0.46 0.46 0.46 0.46 0.46

(0.11) (0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.48 0.48 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

R
F

BW 0.48 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.48 0.47 0.47 0.47 0.46 0.46 0.47 0.46 0.46 0.47

(0.1 (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.46 0.46 0.46 0.46 0.46 0.46 0.46 0.46 0.46 0.46

(0.11) (0.11) (0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.48 0.48 0.48 0.47 0.47 0.48 0.47 0.47 0.47 0.47

(0.10) (0.10) (0.09) (0.09) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09)

D
L
D

A

BW 0.49 0.49 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48

(0.11) (0.10) (0.10) (0.10) (0.10) (0.11) (0.11) (0.11) (0.11) (0.10)

PS 0.49 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48

(0.11) (0.11) (0.10) (0.10) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11)

SAM 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47 0.47

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11)

Wil 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49

(0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

S
V

M
L

BW 0.46 0.45 0.44 0.44 0.43 0.43 0.43 0.43 0.43 0.42

(0.11) (0.11) (0.10) (0.10) (0.11) (0.10) (0.10) (0.11) (0.10) (0.10)

PS 0.47 0.45 0.44 0.44 0.43 0.43 0.43 0.43 0.42 0.42

(0.10) (0.10) (0.10) (0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.45 0.44 0.43 0.43 0.42 0.42 0.42 0.41 0.42 0.42

(0.10) (0.11) (0.11) (0.11) (0.11) (0.11) (0.10) (0.10) (0.10) (0.10)

Wil 0.47 0.45 0.44 0.44 0.43 0.43 0.43 0.43 0.43 0.43

(0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

S
V

M
R

BW 0.47 0.46 0.46 0.46 0.46 0.45 0.46 0.45 0.46 0.46

(0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.47 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.46 0.45 0.45 0.45 0.45 0.45 0.44 0.44 0.45 0.44

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11)

Wil 0.47 0.46 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.45

(0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)
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Table 2.4: Gene selection based on the target tissue and classification based on the
surrogate tissue; misclassification error (standard error)

Number of selected features p

10 20 30 40 50 60 70 80 90 100

B
a
g
g
in

g

BW 0.43 0.42 0.43 0.42 0.43 0.43 0.43 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.43 0.42 0.43 0.43 0.43 0.43 0.42 0.43 0.42 0.42

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.43 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

R
F

BW 0.43 0.42 0.41 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.43 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.09) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.42 0.41 0.41 0.41 0.41 0.41 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.09) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.09) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

D
L
D

A

BW 0.40 0.39 0.39 0.39 0.39 0.39 0.40 0.40 0.40 0.40

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

PS 0.41 0.39 0.39 0.39 0.39 0.39 0.40 0.40 0.40 0.40

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

SAM 0.40 0.38 0.38 0.38 0.39 0.39 0.39 0.40 0.40 0.40

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Wil 0.40 0.39 0.39 0.39 0.39 0.39 0.39 0.40 0.40 0.40

(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

S
V

M
L

BW 0.41 0.41 0.41 0.41 0.40 0.40 0.39 0.40 0.40 0.39

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.10) (0.10) (0.10) (0.10)

PS 0.41 0.41 0.41 0.40 0.40 0.40 0.39 0.40 0.39 0.39

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.10) (0.10) (0.11) (0.10)

SAM 0.40 0.40 0.40 0.40 0.40 0.39 0.39 0.39 0.39 0.38

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.11) (0.10) (0.10) (0.10)

Wil 0.40 0.41 0.40 0.40 0.39 0.39 0.39 0.39 0.39 0.39

(0.11) (0.11) (0.11) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

S
V

M
R

BW 0.43 0.42 0.41 0.41 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

PS 0.43 0.42 0.41 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)

SAM 0.42 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41 0.41

(0.10) (0.10) (0.10) (0.09) (0.10) (0.09) (0.09) (0.10) (0.09) (0.09)

Wil 0.42 0.42 0.41 0.42 0.42 0.42 0.42 0.42 0.42 0.42

(0.10) (0.10) (0.10) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)





3
Evaluation of Tissue

Surrogacy

In randomized clinical trials, the main interest is to assess the effect of treatments
on a clinical (“true”) endpoint. The clinical endpoint is expected to be sensitive to
detect treatment effects and relevant to goals of the study (Flemming, 1996). In
some cases, the use of the true endpoint may be very costly and delay the availability
of new potent drugs to the intended patients due to long follow-up-time required to
establish the efficacy and safety of the new drugs. In these cases, the use of a surrogate
endpoint is of interest if it can be measured earlier, easier and/or more precisely than
the true endpoint (Burzykowski et al., 2005). The evaluation of surrogate endpoint is
an active and growing research area, we refer to Buyse et al. (2000), and Alonso and
Molenberghs (2007) for details of methods for the evaluation of surrogate endpoint.

In the previous chapter, we have shown that gene expression from the rectum
tissue may be used to discriminate between disease status from the colon tissue if the
disease-associated gene signatures are known. In this chapter, we want to evaluate
surrogacy between gene expression levels from the colon and rectum tissues.

This chapter is organized as follows. Section 3.1 describes the evaluation of gene
level surrogacy using gene-specific joint modeling of expression levels from the two
tissues. The methodologies for the evaluation of linear and non-linear associations at
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the disease level surrogacy are discussed in Section 3.2. Section 3.3 presents the results
of the evaluation of tissue surrogacy for Irritable Bowel Syndrome. The chapter is
concluded with a discussion in Section 3.4.

3.1 Evaluation of Gene Level Surrogacy

Gene level surrogacy is investigated by examining the association between gene ex-
pression levels obtained from the target and surrogate tissues. This should give insight
into whether the expression level of a gene from the surrogate tissue can predict the
expression level from the target tissue after adjusting for known effects. The gene
level surrogacy is similar to the individual level surrogacy in the context of surrogate
endpoints if each gene is assumed to be a single clinical trial (Buyse and Molenberghs,
1998 and Burzykowski et al., 2005). A similar approach was used by Tilahun et al.
(2010) to evaluate association between gene expression and a clinical outcome in a
depression study. In order to evaluate the association at gene level, we formulate a
joint model for the gene expression obtained from the two tissues given by


 XA

ij

XB
ij


 ∼ N





 µXAj

+ αjZi

µXBj
+ βjZi


 , Σj =


 σAAj σABj

σABj σBBj





 (3.1)

Thus, the gene specific association between colon and rectum tissues can be ob-
tained using the adjusted association (Buyse and Molenberghs, 1998), a coefficient
that is derived from the covariance matrix Σj .

ρj =
σXYj√

σXXj σY Yj

(3.2)

Note that ρj = 1 indicates a special case of perfect relationship between the
expression level of gene j from the surrogate and target tissues adjusting for the
disease effects. However, we do not expect to detect genes with ρj = 1, but our aim
is to find genes with the highest values of ρ. Note that XA

ij is the average of XA
ij1 and

XA
ij2 discussed in Chapter 1, which has been corrected for the batch effects.

In order to make inference about ρj , there is a need to test whether the expres-
sion level of a gene from the surrogate and target tissues are correlated, specifically,
whether the expression level of a gene from the rectum tissue can predict its expres-
sion level from the colon tissue. Based on the adjusted association, one needs to test
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the null hypotheses

H0j : ρj = 0,

H1j
: ρj 6= 0,

or
H0j : σXYj = 0,

H1j
: σXYj

6= 0.

Under the null hypotheses, the joint model in (3.1) is reduced to

 XA

ij

XB
ij


 ∼ N





 µXAj

+ αjZi

µXBj
+ βjZi


 , Σj =


 σAAj

0

0 σBBj





 . (3.3)

Consequently, the inference for the adjusted association can be based on a likeli-
hood ratio test by comparing models in (3.1) and (3.3). Asymptotically, the likelihood
ratio statistic follows a χ2 distribution with one degree of freedom. Benjamini and
Hochberg (1995) procedure is used to adjust for false discovery rate when testing for
the null hypotheses of H0 : ρj = 0 for all the genes simultaneously. A gene is declared
as a surrogate gene whenever the null hypothesis is rejected.

3.2 Evaluation of Disease Level Surrogacy

The disease levels surrogacy between tissues is of more biological significance than the
gene level surrogacy since it is expected that gene expression of some genes will be
similar across tissues. This is particularly the case for the house keeping genes. Note
that disease level surrogacy is traditionally imposed on tissues when gene signatures
are sought from an alternative tissue without the prior evaluation using both the
surrogate and target tissues (Achiron and Gurevich, 2006, Le-Niculescu et al., 2008
and Huang et al., 2008a). In the context of the evaluation of surrogate endpoints in
clinical trials, disease level surrogacy is similar to the trial level surrogacy. However,
the goal in functional genomic is to further understand the pathology of a disease
or complexity of a biological process as compared to an outright replacement of an
endpoint with its surrogate.

Let α̂j and β̂j be the parameter estimates of the gene-specific disease effects from
the colon and rectum tissues, respectively. The disease level surrogacy seeks to inves-
tigate whether the estimate of disease effects from the rectum tissue can predict the
disease effects on the colon tissue. A linear relationship between disease effects from
both tissues can be modelled as

α̂j = τ0 + τ1β̂j + εj , (3.4)

where τ0 is the intercept, τ1 is the slope between the disease effects from both tissues
and quantifies the corresponding increase in disease effects on the colon tissue for



24 Chapter 3. Evaluation of Tissue Surrogacy

a unit increase in the disease effects from the rectum tissue. We assume that the
measurement error for gene j, εj follows a normal distribution N(0, σ2

ε). In order to
incorporate different intercepts for the up and down-regulated genes, the linear model
(3.4) can be extended as

α̂j = τ0 + τ1β̂j + τ2Ij + εj . (3.5)

Here Ij is an indication variable which takes the value one for an up-regulated gene
and zero for a down regulated gene. The association between disease effects from
the target and surrogate tissues can be quantified by the R2, i.e., the coefficient of
determination from the linear model.

3.2.1 Non-linear Relationship Between Disease Effects

The nature of the relationship between disease effects from the tissues is not well
established and may not necessarily be linear. It may be more discrete between the
up-regulated, down-regulated and house keeping genes. In order to account for an
inherent unknown relationship between the disease effects, methods that can capture
non-linear associations are considered.

Regression Tree Approach

Regression tree approach is a widely used technique to model the relationship between
a response and predictor without prior knowledge of the relationship between them.
It is primarily used to construct a set of decision rules on the predictor variables by
recursively partitioning the data into successively smaller groups with binary splits
based on a single predictor variable. The optimum split is often chosen based on a
split that maximises the heterogeneity of the two resulting groups with respect to
the response variable. The regression tree approach starts by building a maxima tree
and, based on cross-validation, the tree is pruned to an optimum size to avoid over
fitting. We consider a special implementation of aggregated trees, i.e., random forest
(Breiman, 2001). It is an ensemble of many independent and identically distributed
trees generated from bootstrap samples of the original data. Note that each tree is
grown without pruning. Random forest has been demonstrated to have an excellent
performance in comparison to other machine learning algorithms and it is known to
avoid over fitting due to the Law of Large Numbers.

Let Tt be the t-th independent and identical tree generated by the random forest,
and let βt and αt be vectors of the tth bootstrap samples of the disease effects, the
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measure of association based on the tth tree is defines as:

R2
Dt

=
D(αt)−D(αt|βt)

D(αt),
(3.6)

where R2
Dt

is a relative reduction in deviance of tree Tt, D(αt) =
N∑

l=1

(αtl
− ᾱt)2 is

the deviance of the tth bootstrap samples of the disease effects from the target tissue.
D(αt|βt) denotes the deviance of the tree Tt when the information of disease effects
on the surrogate tissue are accounted for. Assuming Tt has M nodes,

D(αt|βt) =
M∑

h=1


 ∑

αth
ε Mh

(αth
− ᾱtMh

)2


 ,

where ᾱtMh
is the mean of the tth bootstrap samples of disease effects from the

target tissue in terminal node Mh. The final measure of the association between
disease effects from the target and surrogate tissues using all the independent and
identically distributed trees is based on the median of their individual relative reduc-
tion in deviance. Note that 1000 bootstrap samples are used to train the regression
trees.

Support Vector Machines

Support vector machines (SVM) is a family of efficient and excellent learning algo-
rithms that have been used throughout a variety of applications, such as in regression
and time-series prediction applications (Drucker et al., 1997, Mäuller et al., 1997, Stit-
son et al., 1999 and Mattera and Haykin, 1999). The pivot of the SVM algorithm is a
non-linear generalization of the so-called generalized portrait algorithm developed in
the sixties by Vapnik and Lerner (1963) and Vapnik and Chervonenkis (1964). SVM
can also be applied to regression problems by the introduction of an alternative loss
function, which includes a distance measure. The support vector regression is the
most common application of the support vector machines.

Let {(β1, α1), (β2, α2), . . . , (βM , αM )} ⊂ ℵ × < be the training data, where ℵ de-
notes the space of the input patterns and < denotes the space of the real numbers.
The goal of the support vector regression (ε) is to find a function f(β) that has the
most ε deviation from the actually response value αj for all the training data and at
the same time as flat as possible. For a linear function, the form has been defined as

f(β) = 〈ω, β〉+ b with ω ∈ ℵ, b ∈ <. (3.7)
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Where 〈., .〉 denotes the dot product in ℵ. In order to ensure the flatness of 3.7, the
Euclidean norm i.e. ‖ω‖2 is minimized. The convex optimization problem for 3.7 can
therefore be stated as

minimize
‖ω‖2

2
with respect to ωand b,

subject to the constraints





αj − 〈ω, βj〉 − b ≤ ε,

〈ω, βj〉+ b− αj ≤ ε.

Note that b is a free variable which only occurs in the constraints. The convex
optimization problem stated above is only feasible where f actually exists and approx-
imates all pairs (βj , αj) with ε precision (Basak et al., 2007). It is therefore common
to introduce slack variables (ξj , ξ∗j ) to cope with otherwise infeasible constraints of
the optimization problem. he optimization problem now becomes:

minimize
‖ω‖2

2
+ C

M∑

j

(ξj + ξ∗j ) with respect to ωand b,

subject to the constraints





αj − 〈ω, βj〉 − b ≤ ε + ξj ,

〈ω, βj〉+ b− αj ≤ ε + ξ∗j ,

ξj , ξ
∗
j ≥ 0.

Here, C > 0 determines the trade-off between the flatness of f and the amount up
to which deviations larger than ε are tolerated. The constrained optimization problem
in most cases can be solved more easily in its dual formulation, which is essential for
extending SVM to non-linear high dimensional feature space. We employ a standard
dualisation method using Lagrange multipliers, as described in Fletcher (1989) for this
problem. Several kernels can be used, but in this chapter, as Hsu et al. (2001) pointed
out, our choice is for the radial kernel, which can handle the non-linear mapping and
has few parameters to be controlled.

Similar to the case of regression trees, the association measure can be computed
using the ratio between the proportion of the variability not explained by the model
and the total variability of the residuals from the response:

R2
SV M =

D(α)−D(α|β)
D(α).

D(α) =
∑

j

(αj − ᾱ)2 is the total variability of the disease effects on the target tissue.

D(α|β) is the sum of the squares of the differences between the actual value (αj) and
their estimated value obtained when the SVM regression model is used.
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3.2.2 Cross-validation and Bootstrap Confidence Interval

To make inference about the variability of the estimated association of disease effects
from the surrogate and target tissues, we apply the bootstrap approach discussed in
Cortinas et al. (2008). We generate 1000 bootstrap samples with replacement and
calculate for each the estimated value of the association between the disease effects.
The confidence interval is constructed using the 2.5 and 97.5 percentile from the 1000
bootstrap samples.

The bootstrap samples are generated based on two approaches: (1) bootstrap
of genes and (2) bootstrap of samples. The bootstrap of genes implies that disease
effects are calculated using all the subjects and 1000 bootstraps of the disease effects
are considered for the estimation of the association. The bootstrap of samples means
that 1000 bootstrap data are generated by randomly sampling the subjects with
replacements. Note that the random sampling takes into account the disease status
of the subjects and each bootstrap data has the same dimension as the original data
with the same number of subjects in each group. For each bootstrap sample, the
disease effects on the surrogate and target tissues are estimated.

In addition, a ten-fold cross-validation was considered for each bootstrap data to
further introduce heterogeneity in the estimation of the association between disease
effects and to ensure that the final estimates are not specific to the case study. The
cross-validation is carried out through division of the data into ten subsets, each
time one subset is left out and the predicted value of the disease effect on the target
tissue is obtained for this particular subset. This process is repeated until all subsets
are left out and a complete vector with the prediction of the disease effect on the
target tissue is obtained. Subsequently, the association between disease effects on
the surrogate and target tissue is evaluated for each bootstrap data and finally, the
2.5% and 97.5% quantiles from all bootstrap samples are used to construct the cross-
validated bootstrap confidence interval.

3.3 Application to the Data

The methods described above are applied to the case study to investigate surrogacy
between the colon and rectum tissues.

3.3.1 Gene Level Surrogacy

The evaluation of gene level surrogacy can be used to identify co-expressed genes
between tissues. This set of genes may be house-keeping genes or genes with unknown
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effects other than the disease under investigation. In order to estimate the gene-
specific associations, the estimate of ρj from the joint model in (3.1) is used. The top
25 genes based on the ranking with ρj are presented in Table 3.1. It is noted for our
case study that about 17,000 out of 21,212 genes show significant associations between
the two tissues. Table 3.2 contains the estimated ρj for genes that were previously
identified by Aerssens et al. (2008) as biomakers for irritable bowel syndrome. All
these genes are also significantly co-expressed between the tissues.

To further explore the nature of association between gene expression levels from
the tissues, the relationships between expression levels from the tissues are presented
in Figure 3.1 based on the residuals from the models. Panels a and b show the rela-
tionship between the intensities for the top ranked genes based on ρj . It is striking
that the residuals from these genes show two groups of subjects, with each group con-
taining both the IBS patients and the controls. This suggests that the associations
between intensities of these genes across tissues may be driving by an unknown group-
ing factor, which is not accounted for in the model. This unknown grouping factor
may be explained by the inclusion criteria for the subjects. Panels c and d show the
relationship between the expression levels from the tissues for the top most ranked
genes using p-values obtained from the target tissue when testing the null hypothesis
of no difference in gene expression between the IBS patients and healthy controls.
The intensities of these genes show linear associations between the two tissues.

3.3.2 Disease Level Surrogacy

The relationship between the estimated disease effects from the colon and rectum
tissues are presented in Panel (a) of Figure 3.2. The plot suggests that even though
no genes are statistically significant from the rectum tissues, there is an association
between the disease effects from the two tissues. A gene with a high disease effect in
the colon tissue also has high a disease effect in the rectum tissue. Most importantly,
Panel (b) indicates that among the top 100 genes, those that are up-regulated in the
colon tissue are also up-regulated in the rectum tissue. The same goes for the down-
regulated genes. Furthermore, it appears that the up-regulated and down-regulated
genes have different intercepts.

A preliminary evaluation of the associations using linear model give R2 values of
0.4019 and 0.6017 for models (3.4) and (3.5), respectively using all the genes. This im-
plies that a larger proportion of the variabilities in the estimates of disease effects from
the target tissue can be explained by the estimated disease effects from the rectum
tissue when the up and down regulated genes are assumed to have different intercepts.
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Table 3.1: Results of top 25 genes with
highest adjusted associations.

Gene ID ρ Adj-p

2442 0.9996 < 0.0001

5553 0.9994 < 0.0001

4508 0.9988 < 0.0001

4870 0.9980 < 0.0001

19481 0.9977 < 0.0001

4871 0.9976 < 0.0001

7001 0.9964 < 0.0001

18554 0.9960 < 0.0001

14380 0.9954 < 0.0001

9393 0.9951 < 0.0001

4507 0.9944 < 0.0001

16824 0.9931 < 0.0001

4078 0.9930 < 0.0001

9585 0.9922 < 0.0001

12829 0.9909 < 0.0001

14382 0.9891 < 0.0001

6824 0.9869 < 0.0001

14092 0.9859 < 0.0001

3660 0.9850 < 0.0001

17259 0.9817 < 0.0001

4899 0.9800 < 0.0001

14903 0.9785 < 0.0001

14091 0.9759 < 0.0001

5682 0.9751 < 0.0001

16194 0.9738 < 0.0001

Table 3.2: Results of 25 biomarkers from
Aerssens et al. (2008).

Gene ID ρ Adj-p

12182 0.9663 < 0.0001

448 0.9204 < 0.0001

15475 0.8373 < 0.0001

5327 0.8124 < 0.0001

7667 0.7259 < 0.0001

16114 0.7057 < 0.0001

18337 0.7055 < 0.0001

80 0.6940 < 0.0001

3884 0.6880 < 0.0001

7665 0.6815 < 0.0001

15613 0.6814 < 0.0001

1486 0.6641 < 0.0001

7666 0.6627 < 0.0001

12109 0.6588 < 0.0001

4690 0.6200 < 0.0001

2314 0.5955 < 0.0001

5344 0.5719 < 0.0001

11396 0.5694 < 0.0001

14096 0.5426 < 0.0001

4231 0.5330 < 0.0001

4747 0.5318 < 0.0001

17627 0.4462 < 0.0001

4954 0.4252 0.0015

12304 0.4077 0.0023

10262 0.3278 0.0158
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Figure 3.1: Plot of disease effects. Panels a and b: examples of genes with residuals
showing two groups of samples apart from the disease status, and Panels c and d:
examples of genes with linear associations.
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Figure 3.2: Relationship between estimated disease effects from the target (α̂j) and
surrogate tissues (β̂j). Panel (a): Whole genome and Panel (b): Top 100 genes.

Since a small proportion of genes in a genome are expected to be biologically relevant
to an experiment, we seek to evaluate disease level surrogacy by looking at the top K
genes based on p-values from the target tissue. Model (3.4) results in 0.9094, 0.8993,
0.8668, 0.8411, 0.8187 and 0.8151 for the top 50, 100, 200, 300, 400 and 500 genes,
respectively; while Model (3.5) results in 0.9401, 0.9402, 0.9322, 0.9246, 0.9138 and
0.9061 for the top 50, 100, 200, 300, 400 and 500 genes, respectively. The R2 values
from the linear models decrease with an increase in number of genes, which is ex-
pected given that the more noisy genes are included, the lower the predictive power
of the disease effects from the rectum tissue becomes. In what follows, we consider
bootstrap confidence intervals and cross-validations to obtain robust estimates of the
association between disease effects from the target and surrogate tissues.

3.3.3 Bootstrap of Genes

The bootstrap approach of Cortiñas et al. (2008) is considered to evaluate the asso-
ciation between disease effects from the two tissues. Within the top K genes, 1000
bootstrap datasets are generated and R2 are calculated for each bootstrap data. The
percentile values of 0.025 and 0.975 form the lower and upper bounds of the confi-
dence interval and the median associations between disease effects from the bootstrap
data is taken as the point estimate. The median is particularly suitable in this setting
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because the distribution of the bootstrap R2 is not symmetric. Note that in addition
to the bootstrap samples, we also consider 10-fold cross validation for the estimates of
the association. The summary statistics for this approach are presented in Table 3.2.
Without the cross-validation, the linear association between disease effects decreases
with an increase in number of genes as expected. The association between the tissues
based on the linear model is 0.91 for the top 50 genes and decreases to 0.82 for the top
500 genes. Also, the width of confidence interval seems to decrease with an increase
in number of genes. Note that when all the genes (21,212) are used without cross
validation, the estimates for the association is 0.450 with lower and upper bounds of
0.429 and 0.4736, respectively. Without cross validation, the estimates of association
from the random forest is about 0.98 for the top 50 genes and 0.97 for the top 500
genes. It becomes practically impossible to evaluate the association with random
forest using all the genes. But, it is insightful that the estimated association based
on the random forest also decreases with an increase in the number of genes. For
the support vector machine, the estimates for the association is 0.90 for the top 50
genes and 0.84 for the top 500 genes. As expected, the associations decrease with
the increase in the number of genes. Though different numbers of genes might yield
similar values for the point estimates, they do differ in their confidence intervals. The
estimates from the cross-validation are smaller and more variable than those without
cross-validation. The cross-validated estimates from the random forest is more stable
as compared to that of the linear model and support vector machines.

Table 3.3: Evaluation disease level surrogacy with bootstrap of genes
Top K LM RF SVM LM RF SVM

without cv with cv

50 0.91 [0.81; 0.96] 0.98 [0.95; 0.99] 0.90 [0.71; 0.96] 0.90 [0.80; 0.95] 0.90 [0.76; 0.97] 0.75 [0.35; 0.94]

100 0.90 [0.84; 0.94] 0.98 [0.97; 0.99] 0.90 [0.81; 0.95] 0.90 [0.83; 0.94] 0.93 [0.87; 0.97] 0.83 [0.62; 0.93]

200 0.87 [0.82; 0.91] 0.98 [0.97; 0.99] 0.89 [0.83; 0.94] 0.86 [0.81; 0.90] 0.92 [0.88; 0.96] 0.84 [0.72; 0.92]

300 0.84 [0.80; 0.88] 0.98 [0.97; 0.99] 0.87 [0.82; 0.91] 0.84 [0.80; 0.88] 0.91 [0.88; 0.94] 0.83 [0.73; 0.90]

400 0.82 [0.78; 0.86] 0.97 [0.96; 0.98] 0.84 [0.78; 0.88] 0.82 [0.77; 0.86] 0.88 [0.84; 0.92] 0.81 [0.72; 0.87]

500 0.82 [0.77; 0.85] 0.97 [0.97; 0.98] 0.84 [0.79; 0.88] 0.81 [0.77; 0.85] 0.88 [0.85; 0.91] 0.81 [0.73; 0.86]

3.3.4 Bootstrap of Samples

The evaluation of the association of disease effects between tissues based on bootstrap
of genes can be considered as an optimistic approach, since all the subjects are used
to estimate the disease effects and the bootstrap samples are taken based on the best
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genes. One extension of the previous approach is to obtain disease effects based on the
bootstrap samples of the subjects. This will among other things introduce variability
in the estimated disease effects. The rank of genes may also vary across the bootstrap
data, which may introduce variability in the top ranked genes. The bootstraps also
give an indication of the distribution of the association between disease effects in the
population of interest. Point estimates with their confidence intervals based on this
approach are presented in Table 3.4. Without the cross-validation, the estimated
linear association between disease effects on the tissues is 0.81 for the top 50 genes
and 0.76 for the top 500 genes. The linear associations based on all the genes is
0.377 with lower and upper bounds of 0.142 and 0.573, respectively. Note that the
confidence intervals are much wider than those of the previous section. Similar results
are obtained from using the support vector machine regression model. But, the point
estimates and confidence intervals based on the random forest are comparable to the
ones of the previous section. This may be attributed to the internal feature selection
used by the random forest.

Table 3.4: Evaluation of disease level surrogacy with bootstrap of samples
Top K LM RF SVM LM RF SVM

without cv with cv

50 0.81 [0.47; 0.95] 0.96 [0.88; 0.99] 0.82 [0.43; 0.96] 0.79 [0.38; 0.94] 0.85 [0.48; 0.97] 0.72 [0.17; 0.94]

100 0.79 [0.44; 0.93] 0.97 [0.90; 0.99] 0.80 [0.47; 0.94] 0.78 [0.41; 0.93] 0.85 [0.54; 0.96] 0.73 [0.33; 0.92]

200 0.78 [0.47; 0.90] 0.97 [0.90; 0.99] 0.80 [0.46; 0.92] 0.77 [0.46; 0.90] 0.85 [0.59; 0.95] 0.74 [0.39; 0.91]

300 0.77 [0.48; 0.90] 0.97 [0.91; 0.99] 0.78 [0.47; 0.92] 0.76 [0.47; 0.89] 0.85 [0.62; 0.94] 0.74 [0.40; 0.90]

400 0.76 [0.46; 0.89] 0.96 [0.91; 0.99] 0.78 [0.45; 0.91] 0.76 [0.46; 0.89] 0.84 [0.61; 0.94] 0.74 [0.40; 0.90]

500 0.76 [0.44; 0.88] 0.96 [0.91; 0.99] 0.77 [0.45; 0.90] 0.76 [0.43; 0.88] 0.84 [0.61; 0.94] 0.74 [0.40; 0.89]

3.4 Discussion

In this chapter, we have shown the evaluation of tissue surrogacy for Irritable Bowel
Syndrome between the colon and rectum tissues. Gene expression profiling was ob-
tained from the two tissues with the colon tissue designated as the target tissue and
the rectum tissue as its surrogate. Two levels of tissue surrogacy, namely, the gene and
disease levels, were investigated. At the gene level surrogacy, we investigated whether
gene expression from the rectum tissue can be used to predict that of the colon tissue.
This approach provides statistical support to the biological concepts of house keeping
genes and co-expression of genes across tissues. Based on a joint modeling approach
and formal inference using likelihood ratio test, more than 50% of genes showed sig-
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nificant associations between the colon and rectum tissues. For most of the genes, the
significant associations between the intensities across the tissues were induced by an
unknown grouping factor that was not accounted for in the model. However, genes
associated with the disease and the gene signatures from Aerssens et al. (2008) seem
not affected by the unknown grouping factor. Their intensities from the colon tissue
are linearly associated with those of the rectum tissue.

At the disease level surrogacy, we evaluated the associations between the estimates
of disease effects from the colon and rectum tissues. The main question of interest
is whether the disease effects from the surrogate tissue can be used to predict the
disease effects on the target tissue. So that in a case of a target tissue whose biop-
sies are clinically difficult to obtain, the surrogate tissue may be considered as an
alternative tissue for gene profiling and for clinical diagnostics using gene signatures.
Our particular proposition is that before imposing disease level surrogacy between
tissues, there is a need for a comparative study to evaluate the performance of the
target tissue along with its surrogate. In contrary to the formal testing that suggests
that expression data from the rectum tissue contain no relevant information about
Irritable Bowel Syndrome, the evaluation of tissue surrogacy between the disease ef-
fects showed significant relationship between the estimates of disease effects from both
tissues. Specifically, a gene that is down-regulated by the disease in the colon tissue
is also down-regulated in the rectum tissue. Similarly, a gene with a high value of
disease effect in the colon tissue also has a high value of disease effect on the rectum
tissue.
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4
Introduction to Dose-response

Microarray Experiments

The development of new and innovative treatments for unmet medical needs is prob-
ably the major challenge in biomedical research. Unfortunately, for the past decade,
there has been a steady decline in the number of new therapies that reach the market,
even in spite of the increased investments in pharmaceutical research and develop-
ment (FDA, 2004). One of the most critical steps in a drug discovery program is
target identification and validation (Sams-Dodd, 2005). Good drugs are potent and
specific; that is, they must have strong effects on a specific biological pathway and
minimal effects on all other pathways (Marton et al., 1998). Confirmation that a com-
pound inhibits the intended target (drug target validation) and the identification of
undesirable secondary effects are among the main challenges in developing new drugs.
This is why dose-response experiments are pivotal in drug discovery programs. Dose-
response experiments help to understand how the drug works and to explore whether
it has the desired properties of a potential novel therapy.

Within the dose-response setting, the compound of interest is administered at sev-
eral doses to a biological sample (a cell line, an animal model, or a human volunteer
or patient) and the response is measured. In addition to the classical dose-response
study, there is a growing interest in pharmaceutical research and development for

37
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dose-response microarray experiments in order to understand the mechanism of ac-
tion of potential drugs and to study the relationship between the doses of a drug
and the activity of an entire genome at once. It combines the information wealth
of microarrays with the benefits of dose-response studies. Their combined use yields
two additional advantages. First, the proportion of false positive findings will be sub-
stantially reduced as more information on the entire dose-response profile is collected.
False positive genes identified by a one dose treatment study are easier unmasked in
multiple dose studies when gene has an unrealistic dose-response relationship. Sec-
ond, genes within the same biological sample may respond differently to a particular
drug dose. These different patterns can all be observed using high-throughput mea-
surement devices such as microarray.

4.0.1 Case Studies: Human Epidermal Squamous Carcinoma

Cell Line A431 Experiment (HESCA431)

The data come from an oncology experiment designed to better understand the biolog-
ical effects of growth factors in human tumor. Human epidermal squamous carcinoma
cell line A431 was grown in Dulbecco’s modified Eagle’s medium, supplemented with
Lglutamine (20 mM), Gentamycin (5 mg/ml) and 10% fetal bovine serum. The cells
were stimulated with growth factor EGF (R&D Systems, 236-EG) at different con-
centrations (0 ng/ml, 1 ng/ml, 10 ng/ml and 100 ng/ml) for 24h. RNA was harvested
using RLT buffer (Qiagen). All microarray related steps including the amplification of
total RNAs, labeling, hybridization and scanning 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 interrogating approximately 22,000 transcripts from the UniGene database
(Build 133). Hybridization was performed using 15 µg of cRNA for 16 h at 450C under
continuous rotation at 60 rpm. Arrays were stained in Affymetrix Fluidics stations
using streptavidin/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). The resulting data set consists of 12 samples, administered at
4 dose levels (i.e, 3 microarrays at each dose level) and each array with 16,998 probe
sets.
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4.1 Isotonic Regression

One of the fundamental assumption for dose-response microarray experiment is that
the dose-response relationship between gene expression and the doses of a therapeutic
compound is monotone. This implies that the gene expression is either continuously
decreasing or increasing over the different dose levels. The monotone constraint is
imposed by using the isotonic regression for the order restricted inference in dose-
response experiments. According to Barlow et al. (1972), isotonic regression is the
statistical method that deals with problems, in which conditional expectations are
subject to order restrictions.

Let X = {x1, x2, . . . , xn}, where x1 ≤ x2 ≤ . . . ≤ xn denote the finite set of n

observed values for the independent variable and let Y = y1, y2, . . . , yn denote the
corresponding observed values for the dependent variable. Let µ(x) denote the mean
of the conditional distribution, µ(x) = E(Y |X). 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 nondecreasing 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 ≤ x′i, i 6= i′ implies
that f(xi) ≤ f(xi′i), (i, i′ = 1, . . . , n). Robertson et al. (1988) proposed to use the
“Pool Adjacent Violator Algorithm” (PAVA), where successive approximation is used
to isotonise the minimizer of the least squares criterion. 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), (4.1)

in the class of all isotonic function f on X. Note that w(x) is the weight for the sum
of squared error. The Pool Adjacent Violator Algorithm was proposed by Robertson
et al. (1988) in order to minimize (4.1) subject to the constraint f(xi′) ≤ f(xi) for
xi′ ≤ xi.

4.1.1 The Pool Adjacent Violator Algorithm (PAVA)

Let us focus on a dose-response experiment in which the design variable X has K

dose levels and the response has nj replicates at each dose level. Hence, at each
design point the observed data consist of the pairs {(xi, yij)}, i = 1, . . . , nj j =
0, 1, . . . ,K − 1. Without loss of generality, we assume x0 ≤ . . . ≤ xK−1. Denote
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the maximum likelihood estimate of µ(xj) by µ̂(xj). Suppose j∗ is the first index
for which µ̂(xj) ≥ µ̂(xj+1) , i.e., the first index for which a “violation” of monotone
behavior is observed. The PAVA states that these values need to be “pooled”. In
other words µ̂(xj) and µ̂(xj+1) are both replaced by the weighted mean

µ̂(xj , xj+1) =
nj µ̂(xj) + nj+1µ̂(xj+1)

nj + nj+1
.

The algorithm proceeds by recursively checking monotone behavior and by pooling if
necessary and finally stops if monotonicity of means is achieved.

4.1.2 Directional Inference for Order Restricted Constraints

It is essential for the pool adjacent violator algorithm that the direction of the mono-
tone constraint is specified before applying the algorithm. A gene that is monotonised
in a wrong direction will end up with a flat dose-response relation and may therefore
be considered to have no dose effects. Since the monotone directions for each gene in
a microarray experiments is experiment dependent and unknown, Lin et al. (2007,
2008) discussed a directional inference by monotonising the gene expression for each
gene under both upward and downward monotone directions. Based on a two-sided
p-values for the directional inference, a monotone direction is chosen for each gene.
Alternatively, Hu et al. (2005) suggested to choose for each gene, a monotone direction
with the highest likelihood under monotone constraints.

4.2 Testing No Dose Effect Against Ordered Alter-

natives

The primary goal of a dose-response microarray experiment is to identify genes with
significant dose-response relationship under the monotone constraints. Lin et al.
(2007) investigated the performance of different test statistics for order restricted
inference. Likelihood ratio test statistic (Barlow et al., 1972 and Robertson et al.,
1988), Williams’ (Williams, 1971 and Williams, 1972) and Marcus’ tests (Marcus,
1976), the M -statistic (Hu et al., 2005) and the modified M ′- statistic (Lin et al.,
2007) were discussed. For a single gene, let yij be the gene expression of the jth

dose for array i. A linear model between gene-expression and doses of a compound is
formulated as

yij = µj + εij , εij ∼ N(0, σ2), i = 1, . . . , n; j = 0, 1, 2, . . . ,K − 1. (4.2)
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Here, µj is the mean gene expression at dose level j. It is assumed that gene expression
increases or decreases with doses, although not necessarily in a linear fashion. The
null hypothesis of no dose effect is given by

H0 : µ0 = µ1 = µ2 = . . . = µK−1, (4.3)

and the alternative, under the assumption of a monotonic increasing trend, is

Hup
1 : µ0 ≤ µ1 ≤ µ2 ≤ . . . ≤ µK−1, (4.4)

with at least one strict inequality. Note that the direction of the trend is unknown in
advance. Hence, for a monotonic decreasing trend the alternative is

Hdn
1 : µ0 ≥ µ1 ≥ µ2 ≥ . . . ≥ µK−1, (4.5)

with at least one strict inequality.

4.2.1 Likelihood Ratio Test ( Ē2
01)

Both Barlow et al. (1972) and Robertson et al. (1988) discussed the likelihood ratio
test procedure to test the equality of the ordered means. Let µ̂? = (µ̂?

0, µ̂
?
1, µ̂

?
2, . . . , µ̂

?
K−1)

be the maximum likelihood estimates for the means under the ordered alternatives.
Barlow et al. (1972) and Robertson et al. (1988) showed that µ̂? can be estimated by
isotonic regression. The likelihood ratio test statistic is given by:

Λ
2
N
01 =

σ̂2
H1

σ̂2
H0

, (4.6)

where

σ̂2
H0

=
1
N

∑

ij

(yij − µ̂)2 and σ̂2
H1

=
1
N

∑

ij

(yij − µ̂?
j )

2.

Here, µ̂ is the overall mean, N is the total number of arrays, σ̂H0 and σ̂H1 are the
parameter estimates for the variances under the null and alternative hypotheses, re-
spectively. The null hypothesis is rejected for a “small” value of Λ

2
N
01 . Or, equivalently,

H0 is rejected for a large value of Ē2
01, where

Ē2
01 = 1− Λ

2
N
01 =

∑

ij

(yij − µ̂)2 −
∑

ij

(yij − µ̂?
j )

2

∑

ij

(yij − µ̂)2
. (4.7)
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4.2.2 Williams’ and Marcus’ Test Statistics

A sequential texting procedure in which the control dose is compared with all other
dose levels is proposed by Williams (1971, 1972). Suppose there are nj observations
at each dose level, the Williams’ test statistics for dose level j is defined as

tj =
µ̂∗j − ȳ0√
2S2/r′

. (4.8)

Here, ȳ0 is the sample mean for the control dose, µ̂∗j is the estimate for the isotonic
mean at the jth dose level under the monotone constraints, r′ is the number of
replicates at each dose level, and S2 is an estimate of the variance. In the first step,
µ̂∗K−1 is compared to ȳ0. If the null hypothesis is rejected, µ̂∗K−1 is compared to ȳ0

and the sequence is continued until the null hypothesis is not rejected or the minimum
dose is reached.

A modification of Williams’ test statistics was proposed by Marcus (1976). The ȳ0

in the numerator of Williams’ test statistics is replaced with µ̂∗0, the estimate of the
isotonic mean for the control dose. Note that, when the number of dose levels is two,
including the control dose, both Williams’ and Marcus’ test statistics are reduced to
two-sample t-test.

4.2.3 The M Test Statistics and the M’ Test Statistics

Instead of the sequential testing procedure by Williams (1971, 1972) and Marcus
(1976), a test-statistic based on the comparison between the highest dose level and
the control under the monotone constraints was proposed by Hu et al. (2005). The
test statistic referred to as the M test statistic for a single gene is defined as

M =
µ̂∗K − µ̂∗0√√√√

K∑

j=0

ni∑

i=1

(yij − µ̂∗j )/(n−K)

, (4.9)

where n is the total number of arrays. The degree of freedom in the denominator of
the M test statistic (n − K) is replaced with (n − I) by Lin et al. (2007), where I

is the unique number of isotonic means for a given gene. The test statistic with the
modification is referred to as the modified M test statistic (M ′).

4.3 Classification of Dose-response Trends

The second objective of a dose-response microarray experiment is to determine the
nature of the dose-response relationship or the shape of the dose-response profiles of
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the gene expression across the dose levels. For an experiment with K dose levels,
there is a finite number of monotonic (ANOVA type) models that can be fitted. For
instance, in a dose-response experiment with four dose levels, upon the establishment
of a monotonic relationship between gene-expression and doses, there is a set of seven
(g1 - g7) monotonic models under each direction, shown in Table 4.3 and Figure 4.1,
that can be fitted to the data.

Table 4.1: The set of seven possible monotonic dose-response models for an exper-
iment with four dose levels. µi is the mean response of dose level. The model g0

represents the null model of no dose effect.

Model Up: Mean Structure Down: Mean Structure

g0 µ0 = µ1 = µ2 = µ3 µ0 = µ1 = µ2 = µ3

g1 µ0 = µ1 = µ2 < µ3 µ0 = µ1 = µ2 > µ3

g2 µ0 = µ1 < µ2 = µ3 µ0 = µ1 > µ2 = µ3

g3 µ0 < µ1 = µ2 = µ3 µ0 > µ1 = µ2 = µ3

g4 µ0 < µ1 = µ2 < µ3 µ0 > µ1 = µ2 > µ3

g5 µ0 = µ1 < µ2 < µ3 µ0 = µ1 > µ2 > µ3

g6 µ0 < µ1 < µ2 = µ3 µ0 > µ1 > µ2 = µ3

g7 µ0 < µ1 < µ2 < µ3 µ0 > µ1 > µ2 > µ3

Each model uniquely defines the dose-response curve or shape of the dose-response
relationship for each of the genes in a dose-response microarray experiment. Lin et al.
(2008) proposed to classify genes into each of the monotonic models (g1-g7) based on
several information criteria (the AIC, Akaike (1973); the BIC, Schwarz (1978); and
the ORIC Anraku (1999)). The approach first determines the direction of monotone
constraint for each gene. Thereafter, the trade-off between the goodness-of-fit and
complexity of each model were calculated based on the information criteria. Each
gene was assigned to the model where it has the smallest value for a given information
criterion.
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Figure 4.1: The set of the seven possible monotonic dose response curves for an
experiment with four dose levels.

4.3.1 Akaike Information Criterion

The Akaike Information Criterion (AIC; Akaike, 1973), is defined as

AIC = −2log(θ|Data) + αZ,

where −2log(θ|Data) is a function of the likelihood of the parameters (θ) given the
observed data and it is a measure of goodness-of-fit of the model. The penalty for
the model complexity is captured by αZ, where Z is the number of parameters in the
model and α is an arbitrary constant that is usually specified as two (i.e., α = 2).

4.3.2 Bayesian Information Criterion

The Bayesian Information Criterion, proposed by Schwarz (1978), is given by

BIC = −2log(θ|Data) + Zlog(n),

where n is the number of arrays in the data. Note that the BIC uses higher penalty
(depending on the number of observations) than the AIC. Consequently, the BIC

leads to the selection of less complicated models.
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4.3.3 Order Restriction Information Criterion

It has been argued that both the AIC and BIC are not suitable for model selection
under order restricted constraints since they both ignored the order constraints in
their estimation of the trade-off between the goodness-of-fit and the complexity of
a model. Specifically, the order restricted constraints, in addition to the number
of parameters or the number of the arrays, adds another layer of complexity to the
model and should therefore be considered in the estimation of the model complexity.
Anraku (1999) proposed the Order Restriction Information Criterion (ORIC), which
is given by

ORIC = −2log(θ|Data) +
K∑

j=1

jP (j, K,wj),

with P (j, K,wj) denoting the level probability that given K doses under the null
model, the isotonic regression will result in j unique means (Anraku, 1999). The
weights wj are equal to nj/σj where nj and σj are the sample size and variance at

each level, respectively. Note that
K∑

j=1

jP (j, K, wj) = 1.

4.4 Order Restricted Clustering for Dose-response

Microarray Experiments

In order to determine the nature of the dose-response curve or the shape of a dose-
response profile for gene expression, we propose an order restricted clustering algo-
rithm for dose-response microarray experiments. Our motivation for the clustering
method is due to the fact that a group of genes with similar dose-response curve does
not directly imply similarity in intensities. A group of genes with similar profiles may
have intensities with varying degree of magnitude. Also, the variability across the
arrays may as well differ between the genes. In addition, the classification approach
has a tendency of producing groups with a large number of genes, which may be
difficult to explore for further research.

Although the traditional clustering methods, such as K-means (Hartigan and
Wong, 1979), hierarchical methods (Johnson and Wichern, 2008) and self-organizing
map (Kohonen, 2001) have been used extensively in microarray experiments to find
clusters of co-regulated genes, biclustering approach that find subsets of genes and
subsets of conditions with similar expression levels have been favoured as a more
relevant method to find clusters of co-regulated genes (Madeira and Oliviera, 2004).
The strength of the biclustering method is that it evaluates the local structures in
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microarray experiments instead of the global pictures that are often presented by
the traditional clustering methods. Utilising the concept of local structure from the
biclustering methods, we propose order restricted clustering for dose-response mi-
croarray experiments based on δ-biclustering method from Cheng and Church (2000).
The order restricted clustering approach for dose-response microarray experiments is
discussed in Chapter 5 of this dissertation.

4.5 Bayesian Inequality Constrained Models for

Dose-response Microarray Experiments

The first objective of finding genes with a significant dose-response relationship, and
the second objective of the nature of the dose-response curves may be answered by a
single modeling approach instead of the two-stage approach by Lin et al. (2007, 2008).
Given the monotonic models in Table 4.3, the null hypothesis of no dose-response
relationship between gene expression and the doses of a therapeutic compound corre-
sponds to model g0 and the ordered alternative hypotheses correspond to monotonic
models g1-g7. Based on Bayesian inequality models, we propose to quantify the evi-
dence under both the null and alternative hypotheses and to declare a gene significant
if there is overwhelming evidence against the null hypothesis. In order to quantify
the evidence under both the null and alternative hypotheses, one needs to model the
gene expression under the null model (g0) and other possible monotonic models (g1

- g7). The fitted models are also used to determine the nature of the dose-response
curve.

The Bayesian inequality models consist of three different approaches, namely, (1)
the hierarchical Bayesian approach, (2) the hierarchical mixture model approach, and
(3) the Bayesian Isotonic transformation. These models are discussed in Chapters 6,
7, and 8. The results are compared with the frequentist methods of Lin et al. (2007,
2008).



5
δ-clustering for Dose-response

Microarray Experiments

After an initial filtering step in which the genes with monotone dose-response curves
are detected, the second question of primary interest in the dose-response study is
the nature (or the curve shape) of the dose-response relationship. This was answered
by Lin et al. (2008) based on the classification of genes with significant dose-response
relationship into one of the monotonic models under the order alternative hypothesis
for a given direction. In this chapter, we discuss an order restricted clustering method
to find clusters of co-expressed genes with a similar dose-response curve.

This chapter is organized as follows. Order restricted curve clustering is discussed
in Section 5.1. In Section 5.1.1 we give a brief description of the δ- biclustering as
proposed by Cheng and Church (2000). The method is adapted for dose-response
microarray experiments in Section 5.1.2. The application of the method to the case
study is presented in Section 5.2. Given the difficulty associated with the specification
of clustering parameters, Section 5.3 describes the criteria for exploring the possible
choice of the clustering parameter (λ). This chapter is concluded with a discussion in
Section 5.4.

47



48 Chapter 5. δ-clustering for Dose-response Microarray Experiments

5.1 Order Restricted Curve Clustering

Traditional clustering methods such as K-means (Hartigan and Wong, 1979), hier-
archical methods (Johnson and Wichern, 2008), and self-organizing map (Kohonen,
2001) have been used extensively in microarray experiments to find clusters of co-
regulated genes. The co-regulation is defined in terms of similarity in gene expression
under different nominal experimental conditions. However, under certain conditions
such as time, temperature, and doses, it is important not to only cluster genes based
on similarity in expression levels, but also based on trends. This section describes
the clustering method for dose-response microarray experiments to find clusters of
co-expressed genes with a similar dose-response curve.

5.1.1 The δ-biclustering Method

The δ-biclustering method is a node deletion based algorithm introduced by Cheng
and Church (2000) to find a subset of genes and conditions with a high similarity score.
The similarity between members of a bicluster is defined in terms of the mean squared
residue score. The lower the mean squared residue score, the more homogeneous is
the cluster. The δ-biclustering method relies on the assumption that every entry in a
gene expression matrix can be expressed in terms of its row mean, column mean, the
overall mean of the expression matrix and random error. In other words, for a gene
expression matrix Y with entries ypq, the residue of expression value of gene p under
condition q can be expressed as :

rpq = ypq − yPq − ypQ + yPQ, (5.1)

and the mean squared residue score of matrix Y is defined as:

HPQ =
1

|P ||Q|
∑

pεP,qεQ

r2
pq. (5.2)

Here, yPQ is the overall mean of the expression matrix Y; yPq is the mean expres-
sion of gene p and ypQ is the mean expression of condition Q. The number of genes
and conditions are denoted with |P | and |Q|, respectively. Note that the residual in
(5.1) can be expressed in the form of a two-way ANOVA model without interaction:

ypq = µ + αp + βq + rpq, (5.3)

with µ = yPQ, αp = yPq−yPQ and βq = ypQ−yPQ. For illustration, we present an
example of two expression matrices. A is an example of a perfect cluster with coherent
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values and B is an example of cluster that the genes have coherent values except for
the genes in the last two rows of the matrix. Based on (5.1), the mean squared residue
score for A is zero since the total variability of the cluster can be explained by the
row means, column means, and overall mean of the matrix. However, for B the mean
squared residue score is 8.11. This means that genes in A are more similar than
those in B. Suppose the last two rows of B are excluded, then the mean squared
score becomes zero. Note that the genes are denoted with rows, while the columns
represent the conditions.

A =




1 2 3 4 5

2 3 4 5 6

30 31 32 33 34

32 33 34 35 36

81 82 83 84 85

91 92 93 94 95




B =




1 2 3 4 5

2 3 4 5 6

30 31 32 33 34

32 33 34 35 36

42 43 30 30 31

37 30 36 35 34




(5.4)

In microarray experiments, perfect cluster/biclsuter such as A is less likely given
the noisy level of the technology. It may therefore be sufficient to find clusters/biclusters
of genes whose mean squared residue scores are less than a pre-specified threshold δ.
Cheng and Church (2000) proposed the δ-biclustering method for gene expression
based on a suit of node deletion algorithms that evolve in cycles starting from a gene
expression matrix until a bicluster that satisfies the δ-criterion is found. Several cy-
cles of the algorithm are then applied to the data by replacing the initially found
biclusters with random data.

5.1.2 Order Restricted Clustering for Dose-response Microar-

ray Data

Within the dose-response setting, the column effect β in (5.3) has an inherent ordering,
which may be time, temperature, or in our example, increasing doses of a therapeutic
compound. The aim is therefore to find clusters of genes that are similar in intensities
and trends. For this purpose, we propose the δ-clustering, a variant of δ-biclustering
of Cheng and Church (2000).

δ-clustering

Applying the δ-biclustering algorithm in only one dimension offers a clustering method
where the number of clusters is not required to be specified, but implicitly controlled
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by the degree of homogeneity assumed for a cluster. However, the choice of a δ

value to achieve a desired degree of homogeneity is not readily available (Prelic et al.,
2006). We propose a relative δ criterion, where a cluster is a subset of genes with
mean squared residue score smaller than certain proportion (0 ≤ λ ≤ 1) of the
heterogeneity in the observed data. Additionally, our aim is to find non-overlapping
clusters of genes. To achieve this, we propose that members of initially found clusters
should be deleted from the observed data before another cycle of the node deletion
algorithms is applied. To overcome the problem of local minima (Prelic et al., 2006),
we introduce an additional parameter φ that indicates the minimum number of genes
in a cluster. Note that for λ = 0, the algorithm searches for clusters of genes with
mean squared residue score of 0, which may result in as many clusters as the number of
genes in the data set. On the other hand, specifying λ to be 1 considered all the genes
as one cluster. Any values of λ between 0 and 1 reflect the degree of homogeneity
expected for a cluster. We define the algorithm to carry out this task as algorithm 1,
which can also be applied to cluster time-course microarray experiments.

δ-Clustering for Dose-response Microarray Experiments

In order to find clusters of genes with a similar monotone dose-response relationship, it
is required that gene-expression measurements under increasing doses are constrained
to be monotone using isotonic regression. Suppose Y ∗ is a matrix of isotonic means,
the gene effects (αp), isotonic dose effects (β∗q ) and overall mean (µ) can be defined
as shown below:

µ =
∑

pε|P |,qε|Q|

y∗pq

|P ||Q|

αp =
∑

qε|Q|

y∗pq

|Q| − µ

β∗q =
∑

pε|P |

y∗pq

|P | − µ

overall mean,

effect of the pth row,

effect of the qth column.

(5.5)
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Algorithm 1: δ-clustering

Input: Y , a matrix of real numbers; φ, the minimum number of genes in a cluster;
and λ: 0 ≤ λ ≤ 1

Output: YPQ, a cluster that is a sub-matrix Y with a row set P with all the
columns, with a score no larger than δ or |P | ≤ φ

Initialization: δ = λ ∗HP , where HP is the mean squared residue score of the
observed data.

Iteration:

1. apply the node deletion algorithm proposed by Cheng and Church
(2000) only in gene direction while the dose levels are kept fixed

2. If mean squared residue of the reduced matrix satisfies the δ criterion
or the number of genes in the reduced matrix is at most φ, then output
the reduced matrix as a cluster.

3. Delete members of cluster found in step 2.

4. Repeat steps 1 to 3 on the non-clustered genes until every gene belongs
to a cluster.

To account for the monotone direction of the dose-response relationship in the
clustering process, a likelihood ratio statistic (Barlow et al., 1972 and Robertson et al.,
1988) is used to assign each gene to a direction, where its likelihood is maximised (Hu
et al., 2005). The clustering algorithm is applied specific to each direction in order
to find cluster of genes with monotone increasing or decreasing trends. The linear
model for δ - clustering algorithm using a reduced gene expression matrix based only
on the isotonic means is given by the model in (5.6) and described by algorithm 2.

y∗pq = µ + αp + β∗q + rpq (5.6)
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Algorithm 2 : Order restricted clustering based only on the isotonic

means

Input: Y ∗, a matrix of isotonic means; φ, minimum number of genes in a cluster;
and λ: 0 ≤ λ ≤ 1

Output: Y ∗
PQ, a cluster that is a submatrix Y ∗ with row set |P | with all the

columns, and a score no larger than δ or |P | ≤ φ

Initialization: δ = λ ∗HP , where HP is the mean squared residue score of Y ∗

using (5.6).

Iteration:

1. Using the global likelihood ratio statistic, assign each gene to a direc-
tion

2. Apply Algorithm 1 using the linear model in equation (5.6) specifically
to each direction.

5.2 Application to the Data

5.2.1 Initial Gene Filtering

The initial gene filtering for the dose-response microarray data is performed by ap-
plying the likelihood ratio test statistic (Lin et al., 2007) to establish a dose-response
relationship under the order restricted constraints. Raw p-values for the genes are
calculated based on permutations under the null hypothesis. In order to adjust for
the false discovery rates, the Benjamini and Hochberg (1995) procedure is applied to
the raw p-values and genes for which the adjusted p-values are smaller than 0.05 are
declared with a significant monotone dose-response relationship Ge et al., 2003 and
Lin et al., 2007). In total, the null hypothesis was rejected for 3,499 out of the 16,998
genes that were tested. We present in Figure 5.1 examples of genes with a significant
dose-response relationship based on the likelihood ratio test. The solid lines are the
isotonic means, while the points are the observed data at each dose level.
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Figure 5.1: Examples of significant genes under monotone constraints (a) upward
trend and (b) downward trend

5.2.2 Clustering of Dose-response Microarray Data

Based on the penalised within cluster sum of squares (which will be discussed in
Section 5.3), λ = 0.15 is chosen as the optimum choice of λ for clustering the monotone
upward genes. The δ-clustering method with this value of λ results in 26 clusters for
the 1600 monotone upward genes. The first cluster contains 1278 genes and the last
cluster contains 2 genes. The large size of the first cluster is an inherent feature
of the δ-clustering method. Genes in the first cluster have the least intensities in
terms of the magnitude of gene expression levels. Figure 5.2 presents examples of
clusters monotone of genes with increasing trends. The upper panels show the isotonic
means for the gene expression values and the lower panel show gene expression values
centered around gene specific means (hence, αp is removed from the data). The
genes within each of the clusters show coherence in terms of similarities between their
expression values and trends.

The penalised within cluster sum of squares also suggests λ = 0.3 as the optimum
choice of λ for the monotone downward genes. The application of δ-clustering method
results in 19 clusters for the 1899 monotone downward genes. The first cluster contains
1700 genes and the last cluster contains 2 genes. Figure 5.3 presents examples of
clusters from the monotone downward genes. Similar to the clustering of the monotone
upward genes, the clusters contain genes with coherent values. However, there are
situations where few members of a cluster show different dose-response trends, but in
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Figure 5.2: Examples of clusters of gene with monotone upward trends. Panels a-
c: show the original scale of the gene expression levels. Panels d-f: show the gene
expression levels after subtracting gene specific means.
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most cases the deviation occurs in only one of the four dose levels.
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Figure 5.3: Examples of clusters of genes with monotone downward trends. Panels
a-c: show the original scale of the gene expression levels. Panels d-f: show the gene
expression levels after subtracting gene specific means.

5.3 Choice of the Clustering Parameter ( λ)

A major challenge in cluster analysis is the estimation of the optimal number of
clusters, which in most cases determines the quality of the resulting clusters. While
the number of cluster is not required for the δ-clustering method, the optimum choice
for λ and φ is unknown and may be data dependent. We suggest that φ (the minimum
number of members in a cluster) be kept fixed. The possible choice for λ can be
explored based on the within cluster sum of squares, which can be computed for λ

in the range of zero to one. Let R(λ) denote the within cluster sum of squares for a
specified value of λ, then
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R(λ) =
C∑
c

∑
pq

(ypq − µc − αp − β?
qC)2. (5.7)

We further assume n(λ) to be the number of resulting clusters and N , the number
of genes to be clustered. The range for n(λ) lies between one and the number of genes
i.e., 1 ≤ nc ≤ N . When λ = 1, then, n(λ) = 1 and for λ = 0, n(λ) ≤ N . Since R(λ) is
a decreasing function of n(λ) and an increasing function of λ, R(λ) will be minimum
when n(λ) = N and maximum when n(λ) = 1. Note that when n(λ) = 1, the within
cluster sum of squares equals the total sum of squares for the gene expression matrix.
Our aim is to find the value of λ taking into account the trade-off between the within
cluster sum of squares and the number of resulting clusters. This criterion is referred
to as penalised within cluster sum of squares (pWSS) and it is defined as

pWSS(λ) = R(λ) + 2n(λ). (5.8)

Other criteria for clustering (Tibshirani et al., 2001) can be considered as well . We
modify the Calinski and Harabasz (1974) index as

CH(λ) =
B(λ)/n(λ)

W (λ)/(N − n(λ))
, (5.9)

where B(λ) and W (λ) are the between cluster sum of squares and within clusters
sum of squares, respectively. While the within cluster of sum of squares is expected
to increase with an increase in λ, the between cluster sum of squares is expected to
decrease with an increase in λ. Another criterion considered is Hartigan and Wong
(1979) index, which is also modified as

H(λ) =
{

w(λv)
w(λv+1)

− 1
}

/N − n (λv+1) , (5.10)

where v is an index for the unique value of λ. The original definition for the H index
is based on the sequential increase in the number of clusters. For our proposal, this is
not the case since more than one value of λ may result in the same number of clusters.
However, the criterion can still be used to investigate the gain in within cluster sum
of squares when moving from lower value of λ to an adjacent higher value.

5.3.1 Application to the Data

The Trade-off Between λ and the Number of Clusters

The relative proportion (λ) of mean squared residue score of the monotonised gene
expression matrix is proposed as a clustering parameter for the δ-clustering method.
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Though λ is bounded between zero and one, the choice of the optimal value of λ is
unknown. Similar to the re-sampling approach for random forest (Breiman, 1996)
and machine learning with ABC learning (Amaratunga et al., 2008), we propose to
generate 100 re-sampled datasets, with each dataset containing 100 genes randomly
sampled with replacement from the original gene expression data. For each of the
re-sampled datasets, the δ-clustering method is applied based on a set of values of λ

ranging from 0.05 to 0.95. Note that the minimum number of genes in a cluster is fixed
at two. Figure 5.4 shows the relationship between the within cluster sum of square,
the number of resulting clusters and λ. Panels a and b show the relationship between
the within cluster sum of square and λ for the monotone upward and downward genes,
respectively. Panels c and d show the relationship between the number of resulting
clusters and λ for the monotone upward and downward genes, respectively. The
within cluster sum of squares increases with an increase in λ, while the number of
clusters decreases with an increase in λ. It shows that a trade-off between the within
cluster sum of squares and number of clusters may be a criterion for an optimal choice
of λ.

The Choice of λ

The trade-off between the within cluster sum of squares and number of clusters based
on a penalised within cluster sum of squares (pWSS) is presented in Panels a and
d of Figure 5.5 for monotone upward and downward genes, respectively. The pWSS

for the monotone upward genes reaches minimum at λ = 0.15 and at λ = 0.3 for
the monotone downward genes. Panels b and e of Figure 5.5 show the relationship
between the CH values and λ for monotone upward and downward genes, respectively.
The maximum value of CH is reached at λ = 0.05 for both the monotone upward
and downward genes. It appears that for our case study the variant of Hartigan and
Wong (1979) index implemented for this study is not a good criterion. It favours
the λ value that results in the highest number of clusters. Panels c and f present
the relationship between the H value and λ for the monotone upward and downward
genes, respectively. The H values do not show a smooth patten as observed from the
pWSS. However, it reaches its minimum value at λ = 0.35 for the monotone upward
genes and at λ = 0.3 for the monotone downward genes. The empirical evaluation
of the three criteria: pWSS, CH Index, and H Index suggests that the pWSS is a
good criterion for choosing an optimal value of λ for our case study. Note that this
conclusion may not be generalisable for every dose-response microarray experiment
since the optimal choice of clustering parameter remains an open problem in cluster
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Figure 5.4: The comparison between clustering parameter λ and : Panels a and b, the
within cluster sum of squares for genes with monotone increasing trends and λ, and
Panels c and d, the number of clusters for genes with monotone decreasing trends.
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Figure 5.5: Trade-off between the within cluster sum of squares and number of clusters
(a) pWSS for monotone upward genes; (b) CH index for monotone upward genes; (c)
H index for monotone upward genes; (d) pWSS for monotone downward genes; (e)
CH index for monotone downward genes and (f) H index for monotone downward
genes.

5.4 Discussion

One of the interests in dose-response microarray experiments is to find clusters of
genes with a similar dose-response relationship under increasing doses of a therapeu-
tic compound. In this chapter, a δ-clustering method is proposed for dose-response
microarray data. The method is motivated by the δ-biclustering method proposed
by Cheng and Church (2000), who defined a bicluster as a subset of genes and a
subset of conditions with a “high similarity score”, using the mean squared residue
score. For the δ-clustering method, the δ value is data dependent. It is expressed as
a relative proportion (λ) of mean squared residue score from the direction dependent
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monotonised expression matrix. The method shares some features of the standard
clustering methods, while it partitions genes in a dose-response microarray data into
non-overlapping groups, but also benefit from the local structures of the biclustering
methods.

In order to cluster dose-response microarray data, an initial filtering step based
on formal inference is recommended. In addition, we proposed that the δ-clustering
method be applied specifically to each direction of the monotone constraints for the
significant genes. The optimum choice of λ for the clustering method was explored
with a penalised within cluster sum of squares, which is a variant of the trade-off
between goodness-of-fit and complexity of the resulting clusters for different values of
λ ranging from zero to one. The goodness-of-fit is captured with the within cluster
sum of squares and the complexity is captured with number of clusters. Note that
the within cluster sum of squares increases with an increase in λ and the number of
clusters decreases with an increase in λ. Based on the values of λ that correspond to
the minimum values of the penalised within cluster sum of squares for the monotone
upward and downward genes, twenty-six and nineteen clusters are obtained for the
monotone upward and downward genes, respectively.

The contents of this chapter were published in Kasim et al. (2010b).



6
Estimation and Inference

Under Order Restriction: the

Hierarchical Bayesian

Approach

Microarray experiments are usually analysed based on modified t-tests (SAM; Tusher
et al., 2001 and LIMMA: Smyth, 2004) in order to identify genes that are differentially
expressed between any two experimental conditions. In the recent times, a growing
number of literature have favoured the Bayesian approach for identifying differentially
expressed genes (Lewin et al., 2007, Gottardo et al., 2006, Broët et al., 2002 and Do
et al., 2005). The Bayesian approach explicitly models both the null and alterna-
tive hypotheses and provides a clear interpretation of results. It can also incorporate
expert opinion as priors for model parameters. In this chapter, we propose an hier-
archical Bayesian approach for analysing dose-response microarray experiments. Our
goal is to identify genes with a dose-response relationship and to classify dose-response
trends of relevant genes into one of the monotone models.

In Section 6.1, we formulate hierarchical Bayesian model for dose-response mi-
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croarray data and present several examples to illustrate the estimation procedures.
In Section 6.2, we discuss deviance information criterion (DIC; Spiegelhalter et al.,
2002 ) as a model selection criterion and present an approach for adjusting for the
false discovery rate. Description of dose effect-size is presented in Section 6.3. The
method is applied to a case study in Section 6.4. The chapter is concluded with a
discussion in Section 6.5.

6.1 Hierarchical Bayesian Model for Dose-Response

Microarray Data

A major challenge in the Bayesian analysis of dose-response microarray experiments
is the estimation of the model parameters under an order restricted constraints. In
contrast with the classical Bayesain inequality models (Klugkist et al., 2005a, 2005b
and Kato and Hoijtink, 2006), both the null and alternative models for dose-response
microarray experiments require estimation of some of the parameters under equal-
ity constraints. This implies that the proposition of Gelfand and Kuo (1991) to
incorporate the constraints in the priors of the dose-specific means can not be di-
rectly applied since it is less likely that two posterior estimates from a continu-
ous distribution will be exactly the same. An approach to circumvent this prob-
lem is to decompose the null and alternative hypotheses into their basic models as
shown in Table 4.3 of Chapter 4 for a dose-response microarray experiment with four
dose levels. In addition, any two or more parameters with an equality constraint
can be replaced with a single unknown parameter. For example, the null model
g0 : µ0 = µ1 = · · · = µK−2 = µK−1 can be modeled as a model with one param-
eter µtotal, i.e, g0 : µ0 = µ1 = · · · = µK−2 = µK−1 = µtotal. Note that µtotal

in this case denote the average gene expression levels across all dose levels. Simi-
larly, a monotone model g1 : µ0 = µ1 = · · · = µK−2 < µK−1 can be modeled as
g1 : µ1, µ2, . . . , µK−1 < µK−1. This approach requires that all the possible monotone
models are considered per gene as independent Bayesian models.

Our proposed Bayesian approach fits a gene-specific linear model formulated as

yij = µj + εij , εij ∼ N(0, σ2), i = 1, · · · , n, j = 0, 1, 2, · · · , K − 1, (6.1)

where yij is the gene expression at the jth dose level for array i and µj is the mean
gene expression level at dose level j. We further assume that gene expression increases
or decreases with doses, although not necessarily in a linear fashion. Note that since
we assume that the dose-response relationship is monotone, we wish to estimate a
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model in which µ0 ≤ µ1 ≤ µ2 ≤ · · · ≤ µK−1 for a monotone upward gene and
µ0 ≥ µ1 ≥ µ2 ≥ · · · ≥ µK−1 for a monotone downward gene, where µ0 is 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 − 1] where K − 1 is the highest dose level.
We do not assume any deterministic relationship between µj and the dose levels, but
instead, we specify a probabilistic model for µj at each distinct dose level.

The problem is to estimate µ under the order restrictions, µ0 ≤ µ1 ≤ · · · ≤ µK−1.
Thus, the K dimensional parameter vector is constrained to lie in a subset SK of RK .
The constrained set SK is determined by the order among the components of µ. In
this case, it is natural to incorporate the constraints into the specification of the prior
distribution. Gelfand and Kuo (1991) showed that (for a binary case) the posterior
distribution of µ, given the constraints, is the unconstrained posterior distribution
normalised such that

P (µ|y) ∝ P (y|µ)P (µ|η, τ )∫
Sk P (y|µ)P (µ|η, τ )dµ

, µ ∈ SK . (6.2)

Where P (µ|η, τ ) are the prior distributions for µ with means η and precisions
τ . Let SK

l (µl, l 6= j) be a cross section of SK defined by the constraints for the
component µj at a specified set of µj , l 6= j, and l = 0, 1, 2, · · · ,K−1. In our setting,
SK

l (µl, l 6= j) is in the interval [µj−1, µj+1]. It follows from (6.2) that the posterior
distribution for µj is given by





P (µj |y, η, τ ,µ−j) ∝ P (y|µ)P (µ|η, τ ) µj ∈ SK
l (µl, l 6= j),

0, µj /∈ SK
l (πl, l 6= j).

(6.3)

Here, µ−j = (µ1, . . . , µj−1, µj+1, . . . , µK). Hence, when the likelihood and the prior
distribution are combined, the posterior conditional distribution of µj |y, η, τ ,µ−j is
the standard posterior distribution restricted to SK

l (µl, l 6= j), i.e., restricted to the
interval [µj−1, µj+1] (Gelfand and Kuo, 1991). This means that during the MCMC
simulations the sampling from the full conditional distribution can be reduced to
interval restricted sampling from the standard posterior distribution.
The hierarchical model we consider is given by

yij ∼ N(µj , τ
−2
1 ) likelihood

µj ∼ N(ηµj , τ
−2
µj

)I(µj−1, µj+1) prior,
(6.4)
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where I(µj−1, µj+1) (j = 0, 1, · · · ,K − 1)is an indicator variable, which takes the
value of 1 if µj−1 ≤ µj ≤ µj+1 and zero elsewhere. In order to complete the specifi-
cation of the hierarchical model in (6.4) we need to specify hyper prior distributions
for ηµj , τ−2

µj
and τ−2

1 . We assume K hyper prior distributions at the third level of the
model, ηµj

∼ N(0, 10000) and τ−2
µj

, τ−2
1 ∼ gamma(1000, 1000).

Alternatively, the order constraints can be incorporated in the model using the fol-
lowing parametrisation for the mean structure:

µk = µ0 +
k∑

ii=1

δii, δii ≥ 0; k = 1, 2, · · · ,K − 1.

or

µk = µ3 +
k∑

ii=1

δii, δii ≥ 0; k = K − 1, 2, · · · , 1.

(6.5)

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−1).

δk ∼ truncated N(ηδk
, τδk) k = 1, 2, . . . , K − 1.

Here, the Normal distribution for the priors of δk is left truncated at 0 to ensure
that δk ≥ 0. To complete the Bayesian formulation of the model we assume vague
hyper prior distributions at the third level of the model, i.e., ηδk ∼ N(0, 10000) and
τ−2
δk

∼ gamma(1000, 1000).
Note that for this parametrisation the model in (6.1) can be rewritten as

Yij = µ0X
up
i1 + δ1X

up
i2 + δ2X

up
i2 + · · ·+ δK−1X

up
iK + εij

or

Yij = µ4X
dn
i1 + δ1X

dn
i2 + δ2X

dn
i2 + · · ·+ δK−1X

dn
iK + εij

(6.6)
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The design matrices for the models in (6.1) and (6.6) are described as:

X =




1 0 0 0

1 0 0 0

1 0 0 0

0 1 0 0

0 1 0 0

0 1 0 0

0 0 1 0

0 0 1 0

0 0 1 0

0 0 0 1

0 0 0 1

0 0 0 1




; 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




; 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 matrix X shows the general design matrix for the model when the order
restrictions are incorporated in the priors of the model parameters in (6.4). This
approach is particular suitable for small dataset, because violations of the constraints
on the prior ditsributions during the MCMC simulations can easily be corrected.
However, for high dimensional data like dose-response microarray data, it is practically
impossible to correct errors in MCMC simulations for every gene. It is therefore more
convenient to formulate the design matrices as shown in Xup and Xdn for an upward
and downward order restrictions, respectively. Note that the parametrisation in (6.5)
requires only non-negative constraints on the priors of δ instead of interval sampling
as required by (6.4) .

6.1.1 Example 1: Unrestricted and Order Constrained Models

As discussed above, within the Bayesian framework, the order constraints on the dose-
specific means are incorporated in the model using truncated prior distributions for
the increment at each dose level. The expression level of gene g7013 is presented as an
example to illustrate the difference between the posterior estimates of the constrained
and unconstrained models. In the first instance, we focus on a constrained model with
strict inequalities, i.e., model g7 in Table 4.3. The likelihood and the parametrisation
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of the mean structure for the two models are identical and given as

yij ∼ N(µj , τ
−2
1 ) likelihood,

µj = µ0 +
j∑

k=1

δk mean response at the jth dose level.
(6.7)

For the unconstrained model, δk is not restricted to be non-negative.
Panel (a) of Figure 6.1 shows the observed data, isotonic means, and the posterior

estimates from the Bayesian models. Similar to the isotonic regression, the posterior
estimates of dose-specific means for the constrained model are monotone. But the
Bayesian model does not pool the means of the first two doses as in the case of
the isotonic regression. This is further illustrated in Panel (c), where the posterior
distribution of µ0 is shifted and located to the left of the posterior distribution of µ1

for the constrained model, while µ0 is located to the right of the posterior distribution
of µ1 for the unconstrained model in Panel (b).
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Figure 6.1: Posterior means and posterior distributions of dose-specific means for
gene 7013; Panel (a): observed data, isotonic means, posterior means from the uncon-
strained Bayesian models (un), posterior means from a constrained Bayesian models
(g7) Panel (b): posterior distribution from an unconstrained model and Panel (c):
posterior distribution from a constrained model with strict inequalities (g7).

6.1.2 Example 2: Isotonic Regression and the Order Con-

strained Bayesian Model

Isotonic regression reproduces the means of the observed data when the unrestricted
means are monotone. The same is applicable to the unconstrained Bayesian model
as it reproduces the maximum likelihood estimates of the means from the data. But
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this is not necessarily the case for the order restricted Bayesian models depending on
which of the monotone models is used. Panel (a) of Figure 6.2 shows the expression
levels of gene 7761 with isotonic regression, the unconstrained, and order constrained
models. Note that for this specific example, the isotonic regression and the posterior
estimates from the Bayesian models are very similar. It is peculiar that the ordering
in the data and the exact Bayesian model are equivalent. This can be seen also in
Panels (b) and (c), where density estimates for the posterior distributions for the
means for the unconstrained and constrained models are similar.
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Figure 6.2: Posterior means and posterior distributions of dose-specific means for
gene 7761; Panel (a): observed data, isotonic means, and posterior means for order
constrained model, Panel (b): density estimate for the posterior distribution of the
means for the unconstrained model and Panel (c): density estimate for the posterior
distribution of the means for the constrained model (g7).

Figure 6.3 shows the expression levels of gene 7931 for which the isotonic regression
pools together the means of the second and third dose levels and hence, the isotonic
means as the final sets. We consider two different constrained Bayesian models with
a mean structure given respectively by

Model 1

µ0 = µ0 control,

µ1 = µ0 + δ1 dose level 1,

µ2 = µ0 + δ1 + δ2 dose level 2,

µ3 = µ0 + δ1 + δ2 + δ3 dose level 3.

Model 2

µ0 = µ0 control,

µ1 = µ0 + δ1 dose level 1,

µ2 = µ0 + δ1 dose level 2,

µ3 = µ0 + δ1 + δ3 dose level 3.

Note that the first model consists of 4 parameters, while the later consists of three
parameters. The means on dose levels 1 and 2 are constrained to be equal (similar to
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the pooling by the PAVA ). As expected, the posterior means of model 2 reveals the
same pattern as the isotonic regression. In Panel (b), the posterior distributions of
average gene expression for dose 1 (µ1) and dose 2(µ2) are exactly the same for model
2, but that is not the case for model 1 as shown in Panel (c) of Figure 6.3. However,
the posterior distrbutions of µ1 and µ2 are located between posterior distribution of
mean gene expression for dose 1 (µ0) and dose 4 (µ3) from both models.
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Figure 6.3: Posterior means and posterior distributions of dose-specific means for
gene 7931. Panel (a): observed data, isotonic means and posterior means for order
constrained model, Panel (b): density estimate for the posterior distribution of the
means for the constrained model g4, and Panel (c): density estimate for the posterior
distribution of the means for the constrained model g7.

6.2 Model Selection

To establish a dose-response relationship between doses of a compound and gene ex-
pressions, all possible monotone models under both the null and alternative hypothe-
ses are fitted and estimated as described in (6.6). The goodness-of-fit and complexity
for the gene-specific models are assessed using the deviance information criterion
(DIC) proposed by Speigelhalter et al. (1998, 2002), and used by Erkanli et al.
(1999), Rahman et al. (1999) and Gelfand et al. (2000) for model selection within
the Bayesian framework. Other application of DIC for model selection can be found
in Berg et al. (2004) who applied the DIC as a model selection criterion for stochas-
tic volatile model. Zhu et al. (2000) applied DIC as a model selection criterion for
hierarchical models in medical applications, Green and Richardson (2002) used the
DIC as a model selection tool in an application involving hierarchical modeling of the
spatial heterogeneity of the rare count data arising in disease mapping. And McGrory
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and Titterington (2007) used the DIC for model selection for the analysis of missing
data. Speigelhalter et al. (1998, 2002) suggested to measure the effective number
of parameters (the complexity) in the model by the difference between the posterior
expectation of the deviance and the deviance evaluated at the posterior expectation
of µ, that is

PD = Eµ|y(D)−D(Eµ|y(µ)) = D̄ −D(µ̄), (6.8)

with the deviance given by D(µ) = −2 log P (y|µ) + 2 log(f(y)), where log P (y|µ) is
a log-likelihood and f(y) is a normalising constant, which does not depend on µ. The
deviance for (6.1)is given by

D(µ) = Nlog(2πσ2) +

nj∑

i=1

K∑

j=1

(yij − µj)2

σ2
. (6.9)

In practice, D(µ) and µ can be monitored during the MCMC simulations, D̄ is the
sample mean of D(µ) while D(µ̄) is the deviance evaluated at the posterior mean.
For model selection, Speigelhalter et al. (1998, 2002) suggested to use the Deviance
Information Criterion (DIC):

DIC = D̄ + PD = D(µ̄) + 2PD. (6.10)

6.2.1 False Discovery Rate

One of the major problems within the microarray setting is the adjustment for mul-
tiplicity. The problem arises since a large number of genes are tested and therfore
the multiplicity adjusment is needed to control the type I error rate. Benjamini and
Hochberg (1995) proposed the false discovery rate (FDR) to control the type I error
rate. The method controls the false discoveries (i.e., true null hypotheses which are
rejected) among the total number of discoveries (i.e., the total number of rejected null
hypotheses). In practice, one needs to calculate the p-value for each test statistic and
to adjust the ordered p-values for multiplicity testing.

The DIC method discussed in the previous section allows us to select the model
with the best goodness-of-fit among a set of R possible models. For example, one can
fit model g0, g1, · · · , gR−1 for a specific gene and select the model which minimises
the DIC.

However, this method can not control the type I error rate, since it is based on
model selection and not on hypothesis testing. But recently, a large amount of liter-
ature addressed the issue of multiplicity adjustment within the Bayesian framework.
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Efron et al. (2001) proposed a variant of the FDR (Benjamini and Hochberg, 1995)
based on empirical Bayes estimates. Storey (2002) proposed a direct approach to false
discovery rate based on a posterior probability under a null model. This was further
illustrated in Storey (2003), where the positive false discovery rate and its Bayesain
interpretation were discussed. Note that the positive false discovery rate relies on
the assumption of at least one true discovery. The FDR control within the Bayesian
domain relies on the dual purpose of posterior probability of the null model given
the data. In the first instance, it is evidence in favour of the null model against the
alternative model. At the same time, it is a measure of probability of making mistake
if a gene is declared as differentially expressed (Do et al., 2006).

For a single gene, let Pr = p(gr|data) be the posterior probability of model gr.
r = 0, 1, · · · , R − 1 given the data. In particular, P0 = p(g0|data) is the posterior
probability of the null model, i.e., the probability that the expression levels for a
given gene are not differentially expressed. Suppose that α is a cut-off point, a
gene is declared differentially expressed when P0 < α, i.e., whenever the posterior
probability of the null model is smaller than the cut-off point. Let S be the list of
genes considered to be differential expressed. Newton (2004), Broët et al. (2004), and
Lewin et al. (2007) proposed to estimate the FDR based on the posterior probability
under a null model as

̂FDR(α) =
1
|S|

∑

s∈S

P0s .

Here, |S| is the size of the list S, i.e., the number of genes declared differentially
expressed. Note that ̂FDR(α) is the estimated average probability of making mistake
in the list S (Do et al., 2006).

We turn now to discuss the problem of the calculation of Pr = p(gr|data) and in
paritcular P0 = p(g0|data). Let g0, g1, · · · , gR−1 be the set of all possible monotone
models for an experiment with K dose levels. Note that g0 is the null model, while
g1, · · · , gR−1 represent a set of R− 1 monotone models with at least one inequality.

Burnham and Anderson (2002) proposed to use information criterion in order to
calculate the posterior probability. For a single gene, the posterior probabilities for
the monotone models can be calculated as

Pr =
exp(−0.5(DICr −DICmin))p(gr)

R−1∑
r=0

exp(−0.5(DICr −DICmin))p(gr)

, r = 0, 1, · · · , R− 1. (6.11)
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In particular, for the null model we obtain

P0 =
exp(−0.5(DIC0 −DICmin))p(g0)∑

r

exp(−0.5(DIC0 −DICmin))p(gr)
. (6.12)

where, DICr −DICmin is the difference between the DIC value of model gr and the
minimum DIC of all the models. As argued by Burnham and Anderson (2002), P0 can
be interpreted as the posterior probability of g0 given the data. The last argument
was also used by Pinheiro et al. (2006) and Whitney and Ryan (2009) in their work
about model averaging and model uncertainty within the dose-response framework.
The posterior probability in (6.11) and (6.12), though originally proposed for model
averaging, can be argued to share the same characteristics of the direct posterior
probability mentioned above. First, it weighs the evidence in favour of the null. At
the same time, it estimates the probability of making mistakes in choosing the null
model for differentially expressed genes. In order to identify significant genes, we use
a cut-off value of 0.05 as proposed by Do et al. (2006).

6.3 Dose Effect-size

In the previous section, we discussed how to select genes with a monotone dose-
response relationship based on the posterior probabilities for the null model. A further
investigation of biologically relevant genes can be based on dose effect-size. Genes with
a higher dose effect-size may be more biologically relevant as compared to those with
small a dose effect-size. The dose effect-size for a gene is defined as a relative difference
(RD) between the average expression levels at the maximum and the minimum doses
under monotone constraints. For example a monotone upward gene with a relative
difference greater than one can be considered interesting, because the effect of the
maximum dose is on average two fold times that of the minimum dose. Here, we
focus on the probability p(µK−1 − µ0 > ϕ|data), where the expected dose effect-size
(ϕ) needs to be specified.

6.4 Application to the Data

The Gelfand and Kuo (1991) approach for estimating parameters under order con-
straints assigns zero probability to models with at least one equality constraints.
To avoid the problem, we consider two approaches for identifing genes with a dose-
response relationship. The first approach is based on the comparison between the
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null model (g0) and the strictly ordered model (g7). This approach (g0 VS g7) is
motivated by the common practice of replacing equality between the parameters by
a small non-negative constant (Kato and Hoijtink, 2006). Except in our application,
the value is unspecified and data dependent. The second approach is based on the
comparison between the null and other the monotone models (g0 VS ALL). Similar
to Lin et al. (2007), we first assume non-informative priors for the models in com-
puting the posterior probabilities. However, for an experiment with K dose levels,
the monotone models do not have the same probability to appear. For example, for
K = 4 (an experiment with four dose levels including dose zero) the probability of the
null model (i.e., g0) is 0.25, the probability of a constrained model with two param-
eters (i.e. g1, g2 and g3) is 0.45833. For a constrained model with three parameters
(i.e., g4, g5 and g6 ), the probability is 0.25 and 0.042 for a constrained model with
four parameters (i.e, g7). These probabilities are known as level probabilities, i.e., the
probability that the final number of sets of the isotonic regression is j in an experi-
ment with K possible levels. Note that in our case j is the number of parameters in
the model and K is the number of dose levels (including dose zero). As a result, we
consider informative priors for the second approach by using the level probabilities as
priors for the models. Note that since the level probabilities depend on the number
of unique means under monotone constraints, models g1, g2,and g3 with one unique
parameter under monotone constraints have the same level probability as priors. Sim-
ilarly, models g4, g5, and g6 with two unique parameters under monotone constraints
have the same prior probabilities. We shall refer to the second approach (g0 VS ALL)
with non-informative priors for posterior probabilities as non-informative and those
with informative priors as informative, respectively.

6.4.1 Null Model Versus Strictly Ordered Alternative

(g0 VS g7)

The FDR control based on the posterior probability under the null model from com-
paring between the null and the strictly ordered monotone models, is presented in
Panel (a) of Figure 6.4. The estimated FDR increases with an increase in cut-off
values for the the posterior probabilty from the null model. The estimated FDR val-
ues are also less than the specified cut-off values. For instance, the cut-off values of
α = 5% and α = 10% result in the estimated FDR of 1.2% and 2.7%. This implies
that to achieve FDR of 5%, a higher cut-off than 5% may be chosen. Panel (b) in-
dicates that the number of genes with monotone trends increases with an increase in
the cut-off values as expected. There are 894 and 1167 genes declared as genes with
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dose-response relationships under monotone constraints for the cut-off values of 5%
and 10%, respectively.
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Figure 6.4: Adjustment for false discovery rate for comparison between the null model
and the strictly ordered model (g0 VS g7). Panel (a): relationship between the es-
timated false discovery rate (FDR) and the cut-off values. Panel (b): relationship
between number of significant genes and the cut-off values.

6.4.2 Null Model Versus Other Monotone Models

(g0 VS ALL)

The previous approach based on the comparison between the null model (g0) and the
strictly ordered alterative model (g7) assumes that all genes have equal complexity.
Hence, the posterior probability for g0 can be calculated as:

P0 =
exp(−0.5(DICg0 −DICmin)p(g0)

exp(−0.5(DICg0 −DICmin))p(g0) + exp(−0.5(DICg7 −DICmin))p(g7)
.

(6.13)
As a result, such an approach may be too conservative as some of the genes will

have a higher posterior probability in favour of the null model due to the fact that the
alternative model is fitted with four parameters. A more liberal approach is based on
the comparison between the null model, i.e., g0 and other possible monotone models,
i.e., g1, g2, g3, g4, g5, g6, g7 under the alternative hypothesis . Within this approach
all possible monotone models are fitted and P0 is calculated for each gene according
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to (6.13). Panel (a) of Figure 6.5 shows the estimated FDR when informative and
non-informative priors are used. Similar to our earlier observation, the estimated
FDR increases with an increase in the cut-off values until the posterior probabilities
for the non-informative and informative priors reach their maximum values. The
estimated FDR for both the informative and non-informative priors are also less than
the specified cut-off values, which implies that to reach the same level of the FDR,
a higher cut-off value may be used. It is interesting to note that the estimated FDR
values for the informative priors are less than those of the non-informative priors until
the cut-off reaches 0.5. Also, note that since the informative priors put more weights
in favour of the null model as compared to the non-informative priors, it is expected
that the use of informative prior should reduce the chance of false decision. Panel
(b) shows that informative priors lead to a smaller number of genes with monotone
trends as compared to the non-informative priors. The non-informative priors yield
2329 and 3709 monotone genes for the cut-off values of 5% and 10%, respectively,
while the informative priors leads to 1521 and 2251 monotone genes for the same
cut-off values. Note that using informative priors may be problematic depending on
the accuracy of the information used as priors.

0.0 0.2 0.4 0.6 0.8 1.0

0.
00

0.
05

0.
10

0.
15

0.
20

0.
25

0.
30

0.
35

Cut−off

F
D

R

Non−informative
Informative

(a)

0.0 0.2 0.4 0.6 0.8 1.0

50
00

10
00

0
15

00
0

Cut−off

N
o.

 o
f G

en
es

Non−informative
Informative

(b)

Figure 6.5: Adjustment for false discovery rate for comparison between the null model
and other monotone models (g0 VS ALL). Panel (a): relationship between the es-
timated false discovery rate (FDR) and the cut-off values. Panel (b): relationship
between number of significant genes and the cut-off values.

The upper panels of Figure 6.6 show the number of common genes between when
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genes are selected based on the comparison between the null model and the strictly
ordered model (g0 VS g7), and when genes are selected based on the comparison
between the null model and the other monotone models (g0 VS ALL). Independently
of which cut-off value is used, genes selected based on the comparison between the
null model and the strictly order model form a subset of the genes selected based
on the comparison between the null model and other possible motone models. Panel
(b) shows overlap in monotone genes between non-informative and informative priors.
It can be concluded that, independent of the cut-off point, monotone genes from the
informative priors are subsets of genes from the non-informative priors. This seems to
suggest that the information from the informative priors puts more weights in favour
of the null model.

6.4.3 Comparison With Frequentist Methods

In this section, we compare the results obtained for the Bayesian approach with
the results from the frequentist approach reported in Lin et al. (2007). For the
Bayesian approach, we use a cut-off point of 5% similar to the FDR of 5% used by
Lin et al. (2007). Panel (a) of Figure 6.7 shows overlaps between genes selected by the
Bayesian approach and the likelihood ratio test statistics (Ē2

01). The likelihood ratio
test has 90% and 72% genes in common with the hierarchical Bayesian approach
with informative and non-informative priors, respectively. In Panel (b), Williams’
test statistics yield 85% and 77% genes in common with the hierarchical Bayesian
approach with the informative and non-informative priors, respectively. In Panel
(c), the overlap between genes selected by the Marcus test and hierarchical Bayesian
approach is 88% and 71% for the informative and non-informative priors, respectively.
In Panel (d), the modified M ′ Statistics also shows an overlap of 88% and 72%
with the hierarchical Bayesian approach with informative and non-informative priors,
respectively. Note that the highest number of overlap between the two methods
is between the likelihood ratio test and the Bayesian approach using informative
priors. In computational terms, the Bayesian models require more computational time
than the frequentist methods when the p-values from the frequentistis methods are
obtained from assymptotic distributions. However, if the p-values from the frequentist
methods are based on permutations, then, the frequentist methods require as much
computational time as the Bayesain models.
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Figure 6.6: Investigation of model selection based on the comparison between the
null model and strictly ordered model (g0 VS g7), and the comparison between the
null model and other possible monotone models (g0 VS ALL). Panels a-b: com-
parison between g0 VS g7 and g0 VS ALL when non-informative priors are used for
g0 VS ALL. Panels c-d: comparison between g0 VS g7 and g0 VS ALL when infor-
mative priors are used for g0 VS ALL.

6.4.4 Dose Effect-size

In microarray experiments, clinicians are often interested in genes whose intensities
are above the machine noise level with a pre-specified cut-off. This implies that even
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Figure 6.7: Comparison of the hierarchical Bayesian approach and the frequentist
methods based on a cut-off of 0.05. Note that for the Bayesian approach, the signif-
icant genes are selected based on the comparison between the null model and other
possible monotone models with informative and non-informative priors. Panel (a):
comparison of the Bayesian method with the likelihood ratio test (E-Square), Panel
(b): comparison of the Bayesian method with the Williams’ test statistic (Williams),
Panel (c): comparison of the Bayesian method with the Marcus’ test (Marcus), and
Panel (d): comparison of the Bayesian method with the modified M statistic (M ′)

though a gene may be selected as a statistically relevant gene based on the p-value or
posterior probability, it may not be considered biologically relevant if the dose effect-
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size is very small. This is one of the motivations for the use of ad hoc fold change. The
dose effect-size as used in our application, is more elegant than just a fold change since
it accommodates the variability in the data. The relationship between the proportion
of times that gene-specific dose effect-size is greater than a pre-specified threshold is
presented in Figure 6.8. Panel (a) shows the proportion of times that the gene-specific
dose effect-sizes are greater than 1. Here, we illustrate the potential of dose effect-
size using an hierarchical Bayesian approach with non-informative prior and we select
genes based on a cut-off value of 0.16 where the 5% FDR is achieved. As expected, as
the dose effect-size increases, the number of relevant genes decreases. Out of the 4368
selected genes, the average gene expressions at the maximum dose is two folds larger
than the average gene expression at the minimum dose for 1552 monotone genes. In
Panel (b), the number of genes whose dose effect sizes are greater than 1.5 is 604. In
Panel (c), the number of genes whose dose effect-sizes are greater than two, is 254 .
Lastly, from Panel d, the number of genes whose dose effect-sizes greater than 2.5 is
124.

Table 6.1 shows the posterior point estimates and credible intervals for the top 10
genes based on dose effect-size. Note that among the top genes, there are genes with
intensities below the machine noise level at some dose levels. For example, gene 2396
has an average gene expressions at the control dose and dose one below 5, which is the
expected microarray machine noise level on log2 scale. The posterior estimates for
the relative difference indicate that these top genes should have considerably higher
probabilities for a required dose effect-size up to 3.5. Although, the choice of cut-off
for the dose effect-size is subjective, this approach has the potential to zoom in on
more biologically important genes from a list of monotone genes.

6.4.5 Classification of Dose-response Trends

The classification of dose-response trends is a by-product of the hierarchical Bayesian
approach for dose-response microarray experiments. The selected genes are classi-
fied into a monotone model where they have the highest posterior probabilities (or
equivalently, the lowest DIC). Table 6.2 compares the classification of trends based
on the hierarchical Bayesian approach with informative and non-informative priors.
Though the informative and non-informative priors assign different numbers of genes
to the monotone models, the patterns are the same. Most of the genes are assigned
to g3 and the least number of genes are assigned to g7. In general, all the genes that
are classified into a trend by the non-informative priors are also assigned to the same
trend by the informative priors. However, this is not the case for some of the genes
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Figure 6.8: The relationship between dose effect-size and the expected relative differ-
ence between the maximum and minimum doses. Panel (a): expected relative dif-
ference equals 1 (two fold-change), Panel (b): expected relative difference equals 1.5,
Panel (c): expected relative difference equals 2 and Panel d: expected relative differ-
ence equals 2.5.

that are assigned to the monotone models by the informative priors. It is particularly
important that some of the genes that are assigned to more complex models by the
non-informative priors are assigned to less complex models by the informative priors.
This can be seen as a consequence of the level probabilities used as priors for the
hierarchical Bayesian approach with the informative prior.



80
Chapter 6. Estimation and Inference Under Order Restriction: the

Hierarchical Bayesian Approach

Table 6.1: The posterior estimates of dose effect-size and its corresponding 95% cred-
ible intervals

µ0 µ1 µ2 µ3 RD

g2396 2.24 [1.62; 2.86] 2.24 [1.62; 2.86] 4.59 [3.71; 5.47] 10.08 [9.21; 10.96] 7.84 [6.77; 8.94]

g647 3.10 [2.38; 3.79] 3.10 [2.38; 3.79] 4.32 [3.41; 5.35] 9.41 [8.35; 10.44] 6.31 [5.04; 7.56]

g1854 2.01 [1.34; 2.66] 2.01 [1.34; 2.66] 3.44 [2.56; 4.36] 7.96 [7.05; 8.87] 5.95 [4.83; 7.11]

g2532 3.52 [2.80; 4.27] 4.60[3.89; 5.27] 5.34 [4.69; 6.09] 9.36 [8.57; 10.14] 5.79 [4.74; 6.90]

g937 4.40 [3.96; 4.85] 4.40 [3.96; 4.85] 6.28 [5.64; 6.92] 10.09 [9.47; 10.73] 5.69 [4.93; 6.47]

g14 3.47 [3.07; 3.86] 3.46 [3.06; 3.86] 4.30 [3.76; 4.87] 9.09 [8.52; 9.66] 5.62 [4.92; 6.33]

g3546 3.24 [2.67; 3.77] 3.23 [2.67; 3.77] 4.02 [3.33; 4.82] 8.29 [7.45;9.11] 5.05 [4.09; 6.05]

g815 5.16 [4.71; 5.62] 5.16 [4.71; 5.62] 6.72 [6.08; 7.37] 10.14 [9.49; 10.79] 4.98 [4.20; 5.77]

g5056 8.11 [7.46; 8.80] 7.10 [6.44; 7.75] 5.91 [5.19; 6.58] 3.13 [2.45; 3.84] 4.98 [4.02; 5.97]

g1805 1.13 [0.50; 1.75] 1.13 [0.50; 1.75] 2.40 [1.56; 3.29] 6.01 [5.09; 6.91] 4.82 [3.77; 6.00]

Table 6.2: Classification of dose-response trends

Non Non-informative

Model Informative Informative g1 g2 g3 g4 g5 g6 g7

g1 908 684

In
fo

rm
at

iv
e

522 0 0 46 109 7 0

g2 595 421 0 242 0 3 108 52 16

g3 1108 770 0 0 586 45 119 20 0

g4 233 82 0 0 0 65 0 0 17

g5 627 245 0 0 0 0 218 0 27

g6 165 40 0 0 0 0 0 36 4

g7 73 9 0 0 0 0 0 0 9

We further compare the classification of trends between the Bayesian approach
and the information criteria (the AIC, BIC and ORIC), as used by Lin et al. (2008).
Table 6.3 compares the Bayesian and the information criteria approach based on the
common monotone genes found by the frequentist methods and Bayesian approach.
The information criteria, the AIC, BIC, and ORIC assign most of the genes to g1,
whereas, the hierarchical Bayesian approach with non-informative priors assigns most
of the genes to g3. However, the hierarchical Bayesian approach with informative pri-
ors also assigns most of the genes to g1. Note that the information criteria assign more
genes to strictly increasing or decreasing trends (g7) than either of the hierarchical
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Table 6.3: Nature of dose-response relationship

Non ORIC

Model informative Informative AIC BIC ORIC g1 g2 g3 g4 g5 g6 g7

g1 426 562 798 866 706

In
fo

rm
at

iv
e

371 0 8 32 78 1 72

g2 135 272 89 108 62 0 62 0 0 61 16 133

g3 443 591 37 46 33 324 0 25 42 104 5 91

g4 117 69 169 153 107 1 0 0 33 0 0 35

g5 509 241 488 441 364 10 0 0 0 121 0 110

g6 82 38 68 63 41 0 0 0 0 0 19 19

g7 70 9 133 105 469 0 0 0 0 0 0 9

Bayesian approach. Next we compare the classification based on the ORIC and the
Bayesian approach with the informative priors. Note that the informative priors used
for the hierarchical Bayesian model are level prorbabilities for the ORIC. Most of the
genes that are assigned to g7 by the ORIC are assigned to less complex models by
the hierarchical Bayesian approach with the informative priors.

6.5 Discussion

The Bayesian approach for inequality constrained models has been considered to be
relatively straight forward, since the inequality constraints can be incorporated as
priors in the Bayesian formulation of the model. However, this approach assigns zero
probabilities to models with equality constraints, which is the case for dose-response
microarray experiments. Consequently for the Bayesian modeling of dose-response
microarray experiments, we decomposed the null and alternative hypotheses under
the order restriction into all possible monotone models. In addition, parameters with
equality constraints were replaced with a common unknown parameter. By doing so,
the null model became a model with a single parameter which corresponds to the
overall mean of gene expression across all dose levels.

In the first instance, an hierarchial Bayesian approach based on the null model and
the strictly ordered alternative was considered. This was followed by an hierarchial
Bayesian approach with non-informative and informative priors based on the compar-
ison between the null model and other monotone models. The informative priors were
based on the level probabilities from the isotonic regression. The hierarchical Bayesian
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approach based on the comparison between the null model and the strictly ordered
alternative model seems to be too conservative. This can be explained by the fact
that monotone genes with at least one equality constraint may receive more penalty
for complexity as compared to its gain in the likelihood from the strictly ordered al-
ternative model. The Hierarchical Bayesian approach with informative priors resulted
in smaller estimated false discovery rates and a smaller number of monotone genes as
compared to hierarchical Bayesian approach with non-informative priors. However,
all genes that were selected by the informative priors formed a subset of genes selected
by the non-informative priors. Furthermore, most of the genes selected based on the
informative priors were also declared significant by the frequentist methods.

Moreover, the dose-response trends of the significant genes were classified into one
of the monotone models where it had the highest posterior probability. Note that this
approach may be too stringent since differences between dose-response patterns may
be subtle depending on the variability in the data. The results were compared with
the classification approach of Lin et al. (2008) based on the information criteria. There
is more agreement between the hierarchical Bayesian approach with informative and
non-informative priors as compared to the comparison between the Bayesian methods
and the information criteria.

The contents of this chapter were published in Kasim et al. (2010c).
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Estimation and Inference

Under Order Restriction: the

Hierarchical Mixture Model

Approach

In chapter 6, we discussed the hierarchical Bayesian approach for dose-response mi-
croarray experiments with monotone constraints. This approach is computationally
intensive and may become impractical for a large number of dose levels, since every
possible monotone model has to be fitted for each gene. In addition, the approach
does not produce direct posterior probabilities for the models, which are essential to
calibrate the list of genes with a significant dose-response relationships and to classify
the dose-response trends of the selected genes. In this chapter, we consider a variant
of the finite component mixture model for modeling dose-response microarray exper-
iment. A major advantage of the Bayesian mixture approach over the former method
is the gain in computational time, since only one model is fitted per gene and direct
posterior probabilities for the null model can be obtained as part of the output.

This chapter is organised as follows. In Section 7.1, we review several applications

83
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of mixture models for the identification of differentially expressed genes for a simple
microarray experiment with two conditions. We formulate the hierarchical Bayesian
mixture model for dose-response setting in Section 7.2. The proposed model is applied
to the data in Section 7.3. The chapter is concluded with a discussion in Section 7.4.

7.1 Overview of the Finite Component Mixture

Model for the Identification of Differentially Ex-

pressed Genes

In a microarray experiment with two conditions, the goal is often to identify genes
that are differentially expressed between the conditions. The formal testing is usually
based on the null hypothesis, which assumes no difference in average gene expressions
between the two conditions and the alternative that assumes a difference, which may
be in a positive or negative direction. Typically, there are three possible groups of
genes, namely up-regulated, down-regulated, and non-differentially expressed genes.
Lewin et al. (2007) proposed a fully hierarchical Bayesian approach based on finite
component mixture models to identify differentially expressed genes, where they as-
sumed a Gaussian distribution for the likelihood and mixture of a point mass zero and
a Gamma distribution as the priors for parameters that model the difference between
the conditions. Other works in this direction include Lönnstedt and Speed (2003) and
Smyth (2004) who used a Gaussian distribution for the likelihood, a point mass at zero
for the null model, and a Normal distribution for the differentially expressed genes.
Gottardo et al. (2006) used a t-distribution for the likelihood and mixtures of Normal
distributions as the priors for the mean differences between the conditions. Newton
(2004) used a gamma distribution for the likelihood and mixture of non-parametric
distributions as prior for the differences between the conditions. In a similar setting,
Broët et al. (2004) used a Gaussian distribution for both the likelihood and a mixture
priors for the difference between the conditions, but also assumed that the number
of components is unknown. A full non-parametric mixture approach was considered
by Efron et al. (2001) and Do et al. (2005). In all of these methods, the fundamental
assumption is that the observed data is a realisation from a mixture of populations.
In what follows, we consider a parametric mixture model approach for dose-response
microarray experiments. In contrary to the previous mixture methods for gene ex-
pression, we are not mainly interested in the difference in gene expression between
two conditions, but also in the difference in the overall trends of a gene across all the
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doses of a compound. Consequently, we propose to use the pre-determined monotone
models as components for the mixture models.

7.2 Mixture Model Approach for Dose-response Mi-

croarray Experiments

Our proposed mixture model for dose-response microarray experiments is based on the
approach of Gelfand and Kuo (1991) for the estimation of dose-specific means under
monotone constraints. The mixture model approach fits all the possible monotone
models as a single Bayesian model instead of K-independent Bayesian models fitted
per gene by the hierarchical bayesian approach discussed in chapter 6.

Instead of R gene-specific independent models, the mixture model assumes a gene-
specific mixture model given by

f(yij) =
R−1∑
r=0

πrN(gr, σ
2). (7.1)

Here, πr are the mixture probabilities or the mixing proportions, 0 ≤ πr ≤ 1 and
R−1∑
r=0

πr = 1. Note that for a dose-response experiment with K dose-levels, there are a

finite number of R possible monotone models. The means of each component (gr) in
(7.1) correspond to a monotone model for which µ0 ≤ µ1 ≤ · · · ≤ µK−1. Note that
g0 corresponds to the null model with µ0 = µ1 = · · · = µK−1. For the mixture prob-
ability, we specify a Dirichlet prior, (π0, π1, · · · , πR−1) ∼ Dirichlet(θ0, θ1, · · · , θR−1),
where θ0, θ1, · · · , θR−1 are the prior mixture probability. For non-informative priors,
equal prior probabilities are used for the monotone models and for informative priors
we use the level probabilities discussed in chapter 6.

As done usually for the mixture model, we formulate model (7.1) in terms of a
latent variable (wr) model for which we assume

(w0, w1, · · · , wR−1) ∼ Multinomial(π0, π1, · · · , πR−1).

Here, the latent vector w0, w1, · · · , wR−1 contains only one element equal to 1, while
the rest of the elements are equal to zero. Thus,

∑
r

wr = 1. Using the latent variables,

the mixture model in (7.1) can be formulated as
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(7.2)
Here, Xup

ij is the design matrix in (6.1) of chapter 6 for the monotone upward genes.
Similar to Section 6.2.1 we can adjust for multiplicity using a cut-off point α such
that

̂FDR(α) =
1
|S|

∑

s∈S

P0s =
1
|S|

∑

s∈S

π̄0s .

For the mixture model, π̄0p is the posterior probability for the null model, i.e, the
posterior mean for the mixture probability at the first component with mean equal to
g0. We further specify σ2 ∼ Γ(1000, 1000), µ0 ∼ N(0, σ2

µ) and δ1 ∼ N(0, σ2
δr

)|(0, a).
Note that |(0, a) constrains δ to be between 0 and a in order to minimize label switch-
ing and facilitate the convergence of the posterior samples. We define a as the differ-
ence between the minimum and maximum values of the gene-expression data. Fur-
thermore, the hyper priors are specified as σ2

δr
∼ Γ(1000, 1000) , σ2

µ ∼ Γ(1000, 1000).
Note that π̄0q can be estimated using the posterior mean of w0, i.e., the number of
times that w0 = 1 divided by the length of the MCMC simulation runs.

7.3 Application to the Data

The mixture model approach is applied to the case study with informative and non-
informative priors. For the non-informative priors, the prior probabilities are assumed
to be equal and they are specified as 0.125. For a model with informative priors, the
priors for the monotone models are based on the level probabilities obtained from
Robertson et al. (1988). Note that the informative and non-informative priors are
directly incorporated in the mixture models. Unlike in the hierarchical Bayesian
approach, where they were only considered in the estimates of posterior probabilities
based on the deviance information criteria.

Panel (a) of Figure 7.1 shows the relationship between the estimated FDR and the
cut-off values. The estimated FDR for the informative and non-informative priors are
similar until a cut-off value of 0.25, after which the estimated FDR for the informative
priors are much larger than that of the non-informative priors. This pattern has been
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observed when the FDR are estimated based on the hierarchical Bayesian approach in
the previous chapter. Similarly, Panel (b) shows that models with informative priors
have a tendency to select fewer genes than the models with non-informative priors.
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Figure 7.1: Adjustment for false discovery rate for the hierarchical mixture model
approach with non-informative priors. Panel (a): relationship between the estimated
false discovery rate (FDR) and the cut-off values. Panel (b): the relationship between
number of significant genes and the cut-off values.

Based on the cut-off value of 5%, there are 942 and 1622 genes that are selected
with significant dose-response relationship by the models with informative and non-
informative priors, respectively. When the cut-off value increases to 10%, the numbers
of genes selected using the informative and non-informative priors are 1600 and 3302
genes, respectively. Figure 7.2 shows the comparisons of genes selected based on
the different priors. Panel (a) shows that 939 genes out of those selected using the
informative priors are also selected by the non-informative priors. Similarly, 1597
genes are also common between the informative and non-informative priors when
the cut-off value is 10%. However, there are 3 genes selected using the informative
priors, but not using the non-informative priors for a cut-off value of 5%. There are
1705 genes selected using the non-informative priors, but not using the models with
informative priors for a cut-off value of 10%.
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Figure 7.2: Comparisons between the hierarchical Bayesian mixture model approach
with informative and non-informative priors.

7.3.1 Comparison with the Hierarchical Bayesian Approach

Figure 7.3 shows the overlap in the number of genes selected by the mixture model
and the hierarchical Bayesian model discussed in chapter 6 when the informative and
non-informative priors are used. The upper panels show the comparison based on non-
informative priors and the lower panels show the comparison based on the informative
priors. Most of the genes that are selected by the mixture model approach are also
selected by the hierarchical Bayesian approach.

7.3.2 Comparison with the Frequentist Methods

Similar to the hierarchical Bayesian approach, we also compare the mixture model
approach to the frequentist methods. Figure 7.4 shows the comparison between the
mixture model approach based on a cut-off value of 5% and the frequentist methods.
About 99% of the 942 genes selected by the mixture model with informative priors
are also declared significant by the frequentist methods. However, note that the fre-
quentist methods select almost three times the number of genes that are selected by
the mixture model with informative priors. This gives rise to the concern whether
the mixture model with the informative priors has enough power to detect genes with
a dose-response relationship. On the other hand, about 85% of the genes selected
by the mixture model with non-informative priors are also declared significant by the
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Figure 7.3: Comparison between hierarchical Bayesian and mixture model approaches.
Panels a-b: when non-informative priors are used for both the hierarchical Bayesian
approach and the mixture model approach, and Panels c-d: when informative priors
are used for both the hierarchical Bayesian approach and the mixture model approach.

frequentist methods. Note that the least number of common genes between the meth-
ods is from the comparison between the mixture model and Williams’ test. Whereas,
the comparison between the mixture model and likelihood ratio test statistics has the
highest number of the common genes.
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Figure 7.4: comparison of the hierarchical mixture model approach and the frequentist
methods based on a cut-off of 0.05. Panel (a): comparison of the mixture model ap-
proach with the likelihood ratio test (E-Square), Panel (b): comparison of the mixture
model approach with the Williams’ test statistic (Williams), Panel (c): comparison
of the mixture model approach with the Marcus’ test (Marcus), and Panel (d): com-
parison of the mixture model approach with the modified M statistic (M’)

7.3.3 Classification of Trends

Table 7.1 shows the number of genes assigned to each model when the informative and
non-informative priors are used. When non-informative priors are used, 1754 genes
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Table 7.1: Classification of dose-response trends by the mixture model

Model Non- Informative Non-informative

Informative g1 g2 g3 g4 g5 g6 g7

g1 1754 1015

In
fo

rm
at

iv
e

818 0 0 57 135 0 2

g2 555 287 0 165 0 8 78 27 9

g3 230 100 0 0 67 15 0 16 2

g4 208 35 0 0 0 29 0 0 6

g5 371 124 0 0 0 0 110 0 14

g6 133 32 0 0 0 0 0 26 6

g7 51 7 0 0 0 0 0 0 7

and 51 genes are classified as monotone models g1 and g7, respectively, whereas for the
informative priors, 1015 and 7 genes are classified as g1 and g7, respectively. Though
most of the genes are assigned to g1, the non-informative priors assign more gene
to g1 as compared to the informative priors. Note that most of the genes classified
into a model using the informative priors are classified into the same model by the
non-informative priors. For example, out of 1015 genes classified as g1 using the
informative priors, 818 genes are also classified as g1 using the non-informative priors,
and 57, 135 and 2 out of the genes are classified as g4, g5 and g7, respectively using
the non-informative priors.

We also compare the classification of the dose-response trends between the mixture
model approach and hierarchical Bayesian approach. The comparisons are presented
in Table 7.2. Most of the genes are classified as g3 by the hierarchical Bayesian ap-
proach, whereas they are mostly classify as g1 by the mixture model. The hierarchical
Bayesian approach also classified more genes into g7 than the mixture model approach.
Specifically, the hierarchical bayesian approach assigns 73 and 9 genes to g7 for non-
informative and informative priors, respectively. The mixture model assigns 51 and 7
genes to the same model by the non-informative and informative priors, respectively.
The comparison between the hierarchical Bayesian approach and mixture model with
informative priors shows that most of the genes classified into a model by the mixture
model are also classified into the same model by the hierarchical Bayesian approach.

Table 7.4 shows the comparisons between the mixture model approach and the
information criteria (AIC, BIC, and ORIC) as used by Lin et al. (2008). Both the
mixture model and the information criteria show similar patterns in the number of
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Table 7.2: Comparison of classification of dose-response trends between mixture and
hierarchical Bayesian approaches

DIC Mixture DIC-Informative

Model Non-infor. Infor. Non-infor. Infor. g1 g2 g3 g4 g5 g6 g7

g1 752 504 1637 1011

M
ix

tu
re

-I
nf

or
m

at
iv

e

493 3 398 25 92 0 0

g2 440 250 483 287 0 237 4 1 38 6 1

g3 842 475 218 100 11 2 65 11 0 11 0

g4 210 73 189 35 0 0 0 34 0 0 1

g5 607 245 368 124 0 0 8 0 112 0 4

g6 153 40 131 32 0 8 0 1 0 23 0

g7 73 9 51 7 0 0 0 1 3 0 3

genes assigned to each model. They both assign most genes to g1 and least genes
to g7. Note that 129, 96, and 393 genes are assigned to g7 by the AIC, BIC, and
ORIC, respectively. But the mixture model assigns 38 and 7 genes to the same model
when the informative and non-informative priors are used. The comparison between
the mixture model with informative priors and the ORIC shows that for most genes
classified as g6 and g7 by the ORIC, they are classified as g1 and g2 by the mixture
models. Since the priors used for the mixture model are level probabilities used also
for the ORIC, one would expect that the results are equivalents. However, it should
be noted that, in the ORIC ,the level probabilities are used as penalty for complexity
and have direct contribution to the final value of the ORIC. For the mixture models,
the level probabilities are used as priors. Hence, the amount of contribution to the
posterior probability depends on how much information is contained in the likelihood.

7.4 Discussion

A Bayesian mixture model approach is proposed for dose-response microarray exper-
iments in order to identify genes with significant dose-response relationships and to
classify the dose-response trends of the selected genes. Although the approach utilises
the flexibility of finite component mixtures models, it is not strictly the same as the
classical mixture models. It does not assume that the observed data are a realisation
from a mixture of different populations. Rather, the model assumes that the arrays
are from the same, but unknown population, which depends on the monotone con-
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Table 7.3: Comparison of classification of dose-response trends between mixture ap-
proach and frequentist methods

Non ORIC

Model informative Informative AIC BIC ORIC g1 g2 g3 g4 g5 g6 g7

g1 751 932 610 663 540

In
fo

rm
at

iv
e

533 0 0 47 192 0 160

g2 120 225 57 70 41 0 39 0 0 48 13 125

g3 40 63 27 36 24 0 0 24 14 0 8 17

g4 94 33 123 115 73 1 0 0 12 0 0 20

g5 312 121 414 377 303 6 0 0 0 63 0 52

g6 53 27 57 51 34 0 2 0 0 0 13 12

g7 38 7 120 96 393 0 0 0 0 0 0 7

straints. To overcome the fundamental issue of label switching associated with the
mixture model, we constrained the parameters of the increment for the dose-specific
means to be non-negative, but also to be bounded by the difference between the min-
imum and maximum values of the genes expression. This type of constraint can be
justified by the fact that the increments between a subsequent set of ordered means
are upper bounded by the range of the observed data.

The mixture model approach with informative prior has the tendency to yield a
smaller estimated false discovery rates than those with non-informative priors. In
addition, the model with informative priors selected fewer genes than the model with
non-informative priors. The information from the informative priors is expected to
reduce the proportion of the false discoveries as observed from the results. It is
therefore beneficial to use informative priors instead of the non-informative priors for
the mixture model. However, there is a need for further investigation of the suitability
of the level probabilities as informative priors for the order constraints.

The comparison of the mixture model to our previous approach based on an hier-
archical Bayesian approach showed that the mixture model selected a smaller number
of genes than the hierarchical Bayesian approach. Apart from the results, there are
clear advantages of the mixture model over the hierarchical bayesian approach. First,
the mixture model requires one model per gene, whereas the Hierarchical Bayesian
approach requires all the possible monotone models and results in more computational
time. This implies that, for a considerably large number of doses, it may become im-
practical since the number of the required monotone models is an increasing function



94
Chapter 7. Estimation and Inference Under Order Restriction: the

Hierarchical Mixture Model Approach

of dose levels. Another advantage of the mixture model approach is the availability
of direct posterior probability for each of the monotone models.

The mixture model approach was further compared with the frequentist methods,
i.e., the likelihood ratio test, the Williams’ test, the Marcus test, and the modified
M-statistics. Most of the genes that were selected by the mixture model were also
declared significant by the frequentist methods. However, the frequentist methods
declared more genes to be significant than the mixture model. In addition to the
testing, the dose-response trends of the selected genes were classified into one of the
monotone models based on the posterior probabilities. Most of the genes that were
classified into a specific monotone model, when informative priors were used, were also
classified into the same monotone model when the non-informative priors were used.
In general, the mixture model approach with informative priors is more stringent
than the classification of trends based on the hierarchical Bayesian approach and the
information criteria.

The contents of this chapter were published in Kasim et al. (2010c).



8
Bayesian Isotonic Regression

The Bayesian models discussed in the previous chapters depends on the all the possi-
ble monotone models under an order restricted constraints due to the implementation
of the ordered constraints in the priors of the dose-specific means. A major draw back
for this approach is that the estimated dose-response profiles depend on which of the
monotone models is assigned to each gene. In this chapter, we model the data using
a Bayesian Isotonic transformation (Dunson and Neelon, 2003). The method relies
on the flexibility of isotonic regression in capturing any of the monotone profiles.
This modeling approach requires a gene-specific unconstrained model whose poste-
rior samples are projected to the constrained parameter space through an isotonic
transformation (Dunson and Neelon, 2003).

The model formulation for the Bayesian isotonic transformation is presented in
Section 8.1. The Gibbs sampler for generating posterior samples from the uncon-
strained model is discussed in Section 8.1.1. The Bayesian isotonic transformation
used to project the unconstrained posterior samples to the constrained parameter
space is discussed in Section 8.1.2. The Bayes factor for weighting evidence in favour
of the alternative hypothesis is presented as model selection in Section 8.2. In Section
8.2.1, we present the comparison between the prior probabilities from the Bayesian
isotonic transformation and the level probabilities from the isotonic regression. The
method is applied to the case study in Section 8.3 and the chapter is concluded with
a discussion in Section 8.4.

95
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8.1 Model Formulation

Bayesian modeling of inequality models are often based on the proposition of Gelfand
and Kuo (1991), which imposes the inequality constraints on the priors of the con-
cerned parameters. This procedure discards posterior samples of the parameters that
do not satisfy the constraints. Consequently, it assigns zero probability to models
with strict equality constraints since it is not likely to obtain two equal samples from
a continuous distribution. For dose-response study, Dunson and Neelon (2003) pro-
posed to fit the unconstrained model and project posterior samples to a constrained
parameter space by using a Bayesian isotonic transformation. For a specific gene, the
unconstrained model is formulated as follows:

yij = µj + εij , εij ∼ N(0, σ2), i = 1, 2, . . . , n; j = 0, 1, 2, · · · , K − 1. (8.1)

Where yij is the logarithm (base 2) of gene expression for the ith sample at dose level j

. In order to complete the Bayesian specification for the model, we specify the follow-
ing priors for the model parameters: µj ∼ N(β, τ2) and σ2 ∼ Scaled-Invese χ2(λ, S2).

8.1.1 Gibbs Sampling

Gibbs sampling is a Markov chain Monte Carlo (MCMC) algorithm which involves
successive sampling from the complete conditional densities of the model parameters
by conditioning on both the likelihood and other parameters in the model (Congdon,
2003). The joint posterior densities for the parameters in (8.1) can be formulated as

p(µ0, µ1, µ2, µ3, σ
2|Y ) ∝ p(y|µ0, µ1, µ2, µ3, σ

2)× π(µ0, µ1, µ2, µ3, σ
2)

Posterior: ∝ Likelihood× Prior

Note that for dose-response experiments with K dose levels including the control
dose (dose zero), there are K+1 parameters in the model, with K dose-specific means
and one parameter for the variance. The priors for the model parameters are assumed
to be independent, that is

π(µ0, µ1, µ2, µ3, σ
2) = π(µ0)π(µ1)π(µ2)π(µ3)π(σ2)

Conjugate priors are specified for the model parameters: Normal distributions for
the dose-specific means (µ0, µ1, µ2, µ3) and scaled-inverse Chi-square for the variance
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(σ2)

π(µ0) ∼ N(β, τ2),

π(µ1) ∼ N(β, τ2),

π(µ2) ∼ N(β, τ2),

π(µ3) ∼ N(β, τ2),

π(σ2) ∼ Scaled-Invese χ2(λ, κ).

The conditional distributions of the parameters are given by

P (µj |µj , σ
2,X, Y ) ∼ N




A1 +
N∑

i=1

yiDij

A2
,

1
A2




, (8.2)

with A1 = β/τ2, A2 = (1/τ2)+

(
N∑

i=1

Dj

)
/σ2 for the dose-specific means µj , and

for the variance σ2

P (σ2|µ,X, Y ) ∼ Scaled− Invχ2




λ + N,

λκ +
N∑

i=1

e2
i

λ + N




, (8.3)

where X is the design matrix described in (6.1) of chapter 6. Here, Dij is one
if sample i is from dose j and zero otherwise and e2

i = yi −Diµ. Note that D is a
N×K matrix of binary values. In order to generate sample (∆) from a scaled-inverse
Chi-square distribution with degree of freedom of ν and scale ς, one needs to first
draw a random variable W from a Chi-square distribution with ν degree of freedom
and then calculate ∆ as ∆ = νς/W .

Given that the full conditional distribution for µ and σ2 are well defined, Gibbs
sampler (Congdon, 2003) is used to generate gene-specific MCMC chains. The Gibbs
sampler involves parameter-by-parameter updating, when completed, which forms
the transition from µ(d) and σ2(d) to µ(d+1) and σ2(d+1) for the d-th and (d + 1)-th
iterated values. The MCMC algorithm has the property that after some iterations the
chains are expected to converge to the joint posterior distribution of the parameters
p(µ0, µ1, · · · , µK−1, σ

2|Y ). Since the MCMC chains are initialised with starting values
(µ(0)

0 , µ
(0)
1 , · · · , µ

(0)
K−1, σ

2(0)), the iterations are repeated several times and the first set
of iterations before convergence is usually discarded as the burn-in part. A complete
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cycle of Gibbs sampler for a single iteration is

1. µ
(d+1)
0 ∼ p1(µ1|µ(d)

1 , · · · , µ
(d)
K−1, σ

2(t),Y ),

2. µ
(d+1)
1 ∼ p2(µ1|µ(d+1)

0 , · · · , µ
(d)
K−1, σ

2(t), Y ),
...

K + 1. σ2(d+1) ∼ pK+1(µ1|µ(d+1)
0 , µ

(d+1)
1 , · · · , µ

(d+1)
K−1 , Y ).

Specifically for our implementation, we considered 20,000 cycles of this algorithm and
discard the first 5,000 as the burn-in part. This implies that the summary statistics
for the model parameters are based on 15,000 iterations from the full conditional
distributions of the parameters.

8.1.2 Bayesian Isotonic Transformation

The main interest for the dose-response model is to estimate the model parameters
under simple order restricted constraints or the null model, which can not directly be
obtained by sampling from an unconstrained model as in (8.1). In order to estimate
constrained parameters, the posterior samples from the unconstrained densities are
projected to the constrained parameter space using a minimal distance mapping.
Let ψ be the posterior samples for µ at a particular iteration and let V denote its
covariance matrix for the same iteration. The corresponding constrained posterior
samples (ψ∗) is obtained by the max-min formula of Hwang and Peddada (1994):

ψ∗j = gj(ψ) = mint∈Uj maxs∈Lj

(
1′t−s+1V

−1
|s:t|µ|s:t|

1′t−s+1V
−1
|s:t|1t−s+1

)
for j = 1, · · · , k,

where g(.) is the Bayesian isotonic transformation with Lj and Uj denoting subsets
of index 1, 2, . . . , K such that the ordering ψ∗j′ ≤ ψ∗j is known for all j′ ∈ Lj and
the ordering ψ∗j′ ≥ ψ∗j is known for all j′ ∈ Uj . The [s : t] subscript indicates the
submatrices and subvectors corresponding to elements s, s + 1, . . . , t. The procedure
to obtain constrained posterior samples can be summarised as follows:

1. Draw samples from the posterior density of (µ, σ2) using Gibbs sampler, which
alternately samples from the conditional densities in (8.2) and (8.3)

2. Draw samples from the prior density of µ by sampling independently from the
prior distribution

3. Apply the Bayesian isotonic transformation to the samples from steps 1 and 2
to obtain constrained posterior samples for µ∗
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The procedure described above produces two matrices of the unconstrained and
constrained posterior samples. Let U and U∗ denotes the matrices of the uncon-
strained and constrained posterior samples, respectively. The point estimate of µ∗

under simple order restriction is determined as the mean of the dose-specific MCMC
chains, which corresponds to the columns of U∗. The 95% credible intervals for µ∗

are calculated as the 2.5% and 97.5% quantiles of the MCMC chains. A similar ap-
proach can be applied on U to obtain point estimates and credible intervals for the
unconstrained µ. Note that the burn-in part of the MCMC chains are not used in
calculating the point estimate and the credible interval of µ∗ and µ.

8.1.3 Example: Unconstrained Model versus Order Con-

strained Models

In chapter 6, the dose-response relationships were estimated under order restricted
constraints based on the approach of Gelfand and Kuo (1991). It was shown that the
estimated dose-response profiles depend on which of the monotone models used. As
such, the correct estimation of the model parameters depends on the model selection.
On the contrary, the Bayesian isotonic transformation approach is flexible and can
capture whatever is the dose-response profile of the observed data. Most importantly,
it does not rely on model selection procedure for the correct estimation of the dose-
response profiles. But, there is a need for model selection (to select either H0 or
H1) to identify significant genes. In Figure 8.1, the Bayesian isotonic transformation
approach is applied to the same set of genes used in chapter 6. The three genes
used for illustration have different profiles, but the different profiles are captured
by the Bayesian isotonic transformation. The estimates from the Bayesian isotonic
transformation and that of isotonic regression are very similar, which is due to the
fact that vague priors are used for the model parameters and as a result the likelihood
becomes the dominant part of the posterior distribution.

8.2 Model Selection

Kass and Raftery (1995) proposed the Bayes factor as a model selection criterion to
weigh evidence in favour of the alternative hypothesis and as a Bayesian alternative
to the frequentist p-value. Similar to other model selection criteria, the Bayes factor
seeks trade-off between goodness-of-fit and complexity by penalising the posterior
odds with the prior odds. However, the relationship between the goodness-of-fit
and complexity is multiplicative for the Bayes factor as compared to the additive
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Figure 8.1: Estimation of constrained parameters based on Bayesian Isotonic trans-
formation.

relationship used in other model selection procedures, such as the AIC, BIC, and
ORIC. In addition, the Bayes factor is considered to be more suitable for model
selection for the constrained models, because the complexity of an inequality model
may not be fully captured by the number of parameters in the model as used by
the information criteria. Klugkist et al. (2005a) argued that the complexity of an
inequality model may only be determined by the size of the constrained parameter
space, which is expressed as prior odds for the Bayes factor. In order to choose between
a null hypothesis (H0) and an ordered alternative hypothesis (H1), the Bayes factor
(Dunson and Neelon, 2003) is defined as

BF10 =
P (H1|Data)
P (H0|Data)

/
P (H1)
P (H0)

, (8.4)

where P (H1|Data) and P (H0|Data) are the posterior probabilities of H1 and H0,
respectively, and P (H1) and P (H0) are the prior probabilities of H0 and H1, respec-
tively. P (H1|Data) and P (H0|Data) are estimated as the proportion of the mono-
tonised posterior samples that satisfy H1 and H0, respectively. Similarly, P (H1) and
P (H0) are the proportion of the monotonised prior samples that satisfy H1 and H0

(Dunson and Neelon, 2003, Klugkist et al., 2005a, Kato and Hoijtink, 2006). Since
P (H1) and P (H0) do not depend on the data, they can be estimated once for all
genes in a dose-response microarray experiment. This point is explained further in
the next section.
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8.2.1 Prior Probability versus Level Probability

The prior probabilities used for the Bayes factor are calculated as the proportion of
times that monotised samples from the priors distributions for µ are consistent with
the constraints from each of the monotone models. The relationship between the
prior probabilities and level probabilities are explored in Figure 8.2, which shows that
the prior probabilities and level probabilities are similar for the null model (H0) for
a varying number of doses. The level probabilities and prior probabilities for all the
possible monotone models from a microarray experiment with four doses are com-
pared. Since the level probabilities are calculated for a unique number of isotonic
means, models with the same number of isotonic means have equal level probabilities.
The level probabilities are 0.25, 0.45833, 0.25 and 0.04167 for 1, 2, 3 and 4 unique
isotonic means, respectively. Recall that model g0 has one unique isotonic means,
models g1 − g3 have two unique isotonic means, models g4 − g6 have three unique
isotonic means and model g7 has 4 unique isotonic means. For model with the same
number of levels, model specific level probability is the ratio between the level proba-
bilities for their unique number of isotonic means and the number of the models. For
example, the model specific level probabilities for g1 − g3 are 0.45833/3 and 0.25/3
for each of g4 − g6. On the other hand, the estimated prior probabilities are 0.24892,
0.16634, 0.12569, 0.16891, 0.09699, 0.07584, 0.07654 and 0.04077 for g0 − g7, respec-
tively. Note that the prior probabilities of models with the same number of unique
means do not necessarily have the same level of complexity. Model g2 has a smaller
prior probability than models g1 and g3 with the same number of unique isotonic
means. Similarly, model g4 has a higher prior probability than models g5 and g6 with
the same number of unique isotonic means. However, the sum of prior probabilities
for g1 − g3 is 0.46094, which is similar to the level probability for models with two
unique isotonic means (0.45833), and the sum of g4 − g6 is 0.2497 is similar to the
level probabilities for models with three unique isotonic means (0.25).

8.2.2 False Discovery Rate

In order to weigh the evidence in favour of the alternative hypothesis (H1), Dunson
and Neelon (2003) proposed a cut-off of 19, i.e, BF10 > 19, based on the expression
(1−α)/α. It is argued that if the Bayes factor is treated as a Bayesian p-value, then
a cut-off of 19 is equivalent to an α = 5% significance level from the frequenstist
hypothesis testing. However, for the multiple model selection for thousands of genes
as in the case of microarray experiments, the cut-off of 19 does not preserve a pre-
specified level of the false discovery rate of 5% as in the case of the frequentist p-
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Figure 8.2: Relationship between prior probability from the Bayes factor and level
probability for the null model (H0).

values. Since the Bayes factor in itself is not a probability and has values on the real
positive line, the approach of Newton (2004) and Broët et al. (2004) for estimating the
false discovery rate can not be used. The first simulation study in the next chapter
investigates whether the type-I error for a single gene is controlled based on the Bayes
factor and also explores the false discovery rate based on different cut-off values.

8.3 Application to the Data

The relationship between the number of selected genes and cut-off values are presented
in Figure 8.3. As expected, the number of selected genes increases with an increase
in the cut-off values. Specifically for a cut-off value of 5%, i.e., BF10 > 19, there are
3947 genes selected as genes with significant dose-response relationship. Note that
this list of genes is not adjusted for multiplicity.

The Bayesian isotonic transformation approach is compared with the other Bayesian
approaches in Figure 8.4. All the 2329 genes selected based on the hierarchical
Bayesian approach with non-informative priors form a subset of the genes selected by
the Bayesian isotonic transformation method. Similarly, all the 1521 selected genes
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Figure 8.3: Relationship between the number of selected genes and level of significance

with informative priors are also contained among the genes selected by the Bayesian
isotonic transformation approach. Among the 1622 and 942 genes selected by the
mixture model approach with the non-informative and informative priors, respec-
tively, there are 1621 and 938 genes contained in the list of genes from the Bayesian
Isotonic transformation. However, among the 3949 genes selected by the Bayesian
isotonic transformation approach, there are 1618 and 2426 genes that are not selected
by either the hierarchical Bayesian approach or the mixture model approach with
non-informative and informative priors. This result was expected since the Bayesian
Isotonic transformation approach does not control for multiplicity and we expect it
to discover more significant genes.

8.4 Discussion

The Bayesian isotonic transformation relies on the flexibility of the isotonic regres-
sion to capture different monotone trends. It has advantage over the hierarchical
Bayesian approach and the mixture model approach because it requires fitting only
the unconstrained model, but generates constrained posterior samples by project-
ing the unconstrained samples to a constrained parameter space through an isotonic
transformation. It also captures the complexity of the constrained models as prior
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Figure 8.4: Comparison of overlapping significant genes between the Bayesian isotonic
transformation, the hierarchical Bayesian approach and the and the mixture model
approach using a cut-off value of 0.05. Panel (a): Non-informative priors are used
for the hierarchical Bayesian approach and the mixture model approach. Panel (b):
Informative priors are used for the hierarchical Bayesian approach and the mixture
model approach

odds instead of the effective number of parameters used by the Deviance information
criterion. We established that prior probabilities for the monotone models are similar
to the level probabilities from the isotonic regression.

The Bayesian isotonic transformation approach contained almost 100% of the
genes selected by either the hierarchical Bayesian approach or the mixture model
approach. Since the gene list from the Bayesian isotonic transformation approach
was not adjusted for the false discovery rate, it is not surprising that it selected more
genes than the hierarchical Bayesian and mixture model approaches.



9
Bayesian Inequality Models:

A Simulation Study

In this chapter, we conduct two simulation studies in order to investigate the per-
formance of the Bayesian Inequality constrained models discussed in chapters 6, 7
and 8. The first simulation study discussed in Section 9.1 examines the frequentist
characteristics of the Bayesian isotonic transformation discussed in chapter 8 in con-
trolling the Type I error for a single gene. The second simulation study discussed in
Section 9.2 investigates the false discovery rate and the power of the methods based
on the Bayesian inequality models. The simulation settings consist of a dose-response
microarray experiment with four dose levels (the first dose level denoting the control
dose) and three arrays per dose.

9.1 The Type I Error

Dunson and Neelon (2003) established that the Bayes factor controls the Type I error
for a single hypothesis testing. Since we use a different set of priors for the variance
of the Bayesian model, i.e., the scaled-inverse χ2 instead of a gamma distribution,
we carry out a simulation study to investigate the Type I error for a single gene
based on the Bayesian isotonic transformation. For different values of the variance
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(σ2 = 0.01, 0.1, 0.5, 1), we generate 1000 independent, but identically distributed dose-
response datasets under the null hypothesis, i.e., µ0 = µ1 = µ2 = µ3 = 0. Since
the data are generated under the null model, the Type I error is calculated as the
proportion of times that the true null hypotheses are rejected.

The estimated Type I errors are presented in Figure 9.1. For a single gene, they
depend on the variability in the data. The higher the variability, the more likely it
is to falsely reject a true null hypothesis. It also depends on the level of significance
or the cut-off values. Higher cut-off values result in higher estimated Type I errors
as compared to lower cut-off values. Based on this simulation study, the Type I error
is controlled for data generated with σ2 = 0.01 and σ2 = 0.1, but not for those
generated with σ2 = 0.5 and σ2 = 1, since the estimated Type I error is greater than
the pre-specified level of significance or the cut-off values.
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Figure 9.1: Estimated Type I error versus the cut-off point. The cut-off point is the
significance level (α) for the Bayes factor, i.e., BF10 = (1− α)/α.

9.2 False Discovery Rate (FDR)

The second simulation study is conducted to investigate the false discovery rate and
the power of the Bayesian methods discussed in Chapters 6, 7, and 8. For each
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simulation, 100 datasets are generated. Each dataset contains 360 genes under the
null hypothesis and 140 genes under the ordered restricted alternatives. The 140
monotone genes consist of 20 genes per each of the seven monotone models (g1-g7).
The data are generated from a Normal distribution with the means described in Table
9.1 and σ2 = 1. The means of the simulated data are identical to the means used for
the simulation study presented by Marcus (1976) and Lin et al. (2007, 2008). Table
9.1 shows the mean for the simulated data.

Table 9.1: Simulation settings: µj is the mean response for dose level j, j=0, 1, 2, 3,
and ψ = 3.

Model Mean Structure µ0 µ1 µ2 µ3

g0 µ0 = µ1 = µ2 = µ3 0 0 0 0 ×2ψ/
√

3

g1 µ0 = µ1 = µ2 < µ3 1 1 1 2 ×ψ

g2 µ0 = µ1 < µ2 = µ3 1 1 2 2 ×2ψ/
√

3

g3 µ0 < µ1 = µ2 = µ3 1 2 2 2 ×ψ/
√

2

g4 µ0 < µ1 = µ2 < µ3 1 2 2 3 ×2ψ/
√

11

g5 µ0 = µ1 < µ2 < µ3 1 1 2 3 ×2ψ/
√

11

g6 µ0 < µ1 < µ2 = µ3 1 2 3 3 ×ψ/
√

5

g7 µ0 < µ1 < µ2 < µ3 1 2 3.5 4 ×ψ

Since the hierarchical Bayesian approach and the mixture model have a dual pur-
pose, i.e., each of them can simultaneously be used for detecting genes with a sig-
nificant dose-response relationship and for classification of dose-response trends, we
investigate the misclassification error and correct classification proportion for the two
methods. The misclassification error is computed as the proportion of genes classified
with the wrong trend among the total number of genes generated under each mono-
tone model. The correct classification proportion is computed as the proportion of
genes classified with true trends. For example, if ngr is the number of genes assigned
to model gr and mgr is the number of genes classified with correct trends among
ngr , then the misclassification error is calculated as (ngr − mgr )/ngr . The correct
classification proportion is calculated as mgr/20, since 20 genes are generated from
each of the monotone models.

The comparison between the estimated false discovery rate (FDR) and the true
false discovery rate are presented in Panels (a) and (b) of Figure 9.2. The most striking
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observation is that the estimated FDR are much smaller than the true FDR for both
the informative and non-informative priors. Both approaches under estimates the
FDR for higher cut-off values. However, the difference between the estimated FDR
and true FDR using the informative priors is smaller than those of the non-informative
priors. In addition, the hierarchical Bayesian model with informative priors results
in less false discoveries and, consequently, smaller power than the non-informative
priors for the lower cut-off values. Panels (c) and (d) show the FDR and the power
for the mixture model approach. Similar to the hierarchical Bayesian approach, the
estimated FDR are smaller than the true FDR. Note that, the difference between
the estimated FDR and the true FDR is smaller for the mixture model approach as
compared to the hierarchical Bayesian approach. The mixture model approach with
informative priors results in smaller false discoveries and smaller power compared to
those of the non-informative priors.

Figure 9.3 shows the estimated FDR and power for the hierarchical Bayesian
approach with the lower cut-off values. Panels (a) and (b) show that the false discovery
rates are much lower than the specified cut-off values, especially for the hierarchical
Bayesian approach with the informative priors. Similarly, Panels (c) and (d) show that
the power of the hierarchical Bayesian approach increases with an increase in the cut-
off values. The informative priors results in lower power than the non-informative
priors. Note that the power for a cut-off value of 5% is above 95% for both the
informative and non-informative priors.

Figures 9.4 shows the results for the mixture model. For both the non-informative
(Panels (a) and (b)) and informative priors (Panels (c) and (d)), the power is higher
than 0.95 for cut-off values greater than 0.03. We notice that the estimated FDR is
much smaller for the mixture model compared to the hierarchical Bayesian model.
Findings in Figure 9.5 shows that the isotonic transformation model fails to control
the FDR.

Classification of Dose-response Trends

The misclassification error and the correct classification proportion from the hierar-
chical Bayesian approach and the mixture model approach are presented in Table
9.2. For the hierarchical Bayesian approach, the non-informative priors results in a
lower misclassification error and correct classification proportion than those of the
informative priors. The simple order constrained models g1-g3 have smaller misclas-
sification errors than those of the more complex models g4-g7. Note that the highest
misclassification error and smallest correct classification proportion is from the most
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Figure 9.2: Panel (a): the estimated FDR (E) and the true FDR (R), Panel (b): power
of informative and non-informative priors from the hierarchical Bayesian approach,
Panel (c): the estimated FDR and the true FDR, and Panel (d): power of informative
and non-informative priors from the mixture model approach.
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Figure 9.3: False discovery rate and power from the hierarchical Bayesian approach
with the lower cut-off values.
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Figure 9.4: False discovery rate and power from the mixture model approach with the
lower cut-off values.
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Figure 9.5: The FDR (Panel (a)) and the power (Panel (b)) from the Bayesian iso-
tonic transformation.

complex model g7. Similar observation can be made about the misclassification error
and the correct classification proportion from the mixture model approach.

9.3 Discussion

We have investigated the Type I error for Bayesian isotonic transformation for a single
gene. Similar to Dunson and Neelon (2003), the Bayesian isotonic transformation
controls the Type I error for a single gene for an experiment with a considerably
low variance. However, the adjustment for the false discovery rates for the Bayesian
isotonic transformation approach remains an open question.

From the investigation of the false discovery rate and power for the hierarchical
Bayesian approach and the mixture model approach, we have shown that Newton
(2004) and Broët et al. (2004) approach underestimates the true FDR. The difference
between the true FDR and the estimated FDR based on the mixture model approach
is smaller than that of the hierarchical Bayesian approach. This may be attributed to
the fact that the mixture model approach is closer to the standard finite component
mixture model, from which the estimator for the FDR by Newton (2004) and Broët
et al. (2004) was derived. However, both the Bayesian hierarchical approach and the
mixture model approach control the false discovery rates when a lower cut-off value
(less than 10% ) was used. Also, the use of informative priors reduces the amount
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Table 9.2: Classification of Trends

Non-informative Informative

Model Error Correct Error Correct

Hierarchical Bayesian Approach

g1 0.126 (0.007) 0.789 (0.008) 0.224 (0.008) 0.900 (0.007)

g2 0.334 (0.007) 0.738 (0.009) 0.480 (0.006) 0.859 (0.009)

g3 0.152 (0.008) 0.783 (0.009) 0.295 (0.008) 0.878 (0.009)

g4 0.350 (0.007) 0.654 (0.010) 0.378 (0.012) 0.540 (0.012)

g5 0.359 (0.008) 0.641 (0.010) 0.288 (0.011) 0.537 (0.012)

g6 0.518 (0.006) 0.657 (0.009) 0.524 (0.008) 0.521 (0.012)

g7 0.575 (0.014) 0.265 (0.010) 0.431 (0.032) 0.108 (0.014)

Mixture Approach

g1 0.099 (0.007) 0.824 (0.005) 0.121 (0.011) 0.838 (0.006)

g2 0.482 (0.003) 0.922 (0.006) 0.505 (0.003) 0.942 (0.003)

g3 0.208 (0.004) 0.853 (0.004) 0.233 (0.008) 0.867 (0.004)

g4 0.356 (0.005) 0.822 (0.014) 0.355 (0.006) 0.787 (0.020)

g5 0.309 (0.004) 0.483 (0.007) 0.299 (0.006) 0.439 (0.005)

g6 0.486 (0.003) 0.549 (0.004) 0.481 (0.005) 0.504 (0.009)

g7 0.861 (0.029) 0.018 (0.004) 0.785 (0.040) 0.002 (0.000)
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of false discoveries without a substantial loss in power. For the classification of dose-
response trends, both methods correctly classified the simple order constrained models
(g1-g3), but resulted in a high misclassification errors for the more complex models
(g4-g7).
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10
Review of the Existing

Methods for Informative or

Non-informative Calls

The strength and weakness of microarray technology can be attributed to the enor-
mous amount of information which it is generating. First, many genes are not ex-
pressed at biologically meaningful or detectable levels. Most tissues express only 30
- 40% of their genes (Su et al., 2002). Second, even among the expressed genes, only
a very small fraction is expected to be differentially expressed under different experi-
mental conditions (Calza et al., 2007). The noisy genes with irrelevant variation often
lead to false positives in the identification of the differentially expressed genes (Dudoit
et al., 2002). In order to reduce the number of noisy genes in microarray experiments,
several methods have previously been used to filter gene prior to statistical analysis.
In this chapter, we introduce the concept of informative or non-informative calls for
filtering genes from Affymetrix gene expression data.

The chapter is structured as follows. The case studies for the probe level analysis of
Affymetrix microarray experiments are presented in Section 10.1. In Section 10.2, we
give an overview of the existing gene filtering methods. Filtering likely uninformative
sets of hybridization (FLUSH; Calza et al., 2007) and the I/NI Calls for the exclusion
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of non-informative genes using the FARMS (Talloen et al., 2007) are presented in
Sections 10.3 and 10.4, respectively. In section 10.5, we present the application of the
FLUSH and the I/NI Calls to the HGU-133A spiked-in experiments. The chapter is
concluded with a discussion in Section 10.6.

10.1 The Case Studies

In this section, we present the case studies used for the probe level analysis of gene
expressions data. The informative or non-informative calls for gene expressions dis-
cussed in Chapters 10, 11, and 12 are applied on HGU-133A spiked-in experiment,
which is described in Section 10.1.1. On the other hand, the conditional informative
calls for Affymetrix microarray data discussed in Chapter 15 is applied on Sialin ex-
periment, which is described in Section 10.1.2. Note that the spiked-in experiment is
based on Affymetrix annotation files and the Sialin experiment is annotated with an
alternative Chip Description File (CDF).

10.1.1 HGU-133A Spiked-in Experiment

The Affymetrix HGU-133A Spiked-in dataset is publicly available for the purpose of
determining the sensitivity and specificity of various methods for the analysis of mi-
croarray data. The dataset has an advantage over real-life datasets because the true
number of differentially expressed genes are known. It contains known genes that are
spiked-in at 14 different concentrations ranging from 0pM to 512pM, arranged in a
Latin squared design. There are 42 arrays and 42 spiked-in probesets equally dis-
tributed over the 14 concentrations. In addition to the original spiked-in transcripts,
McGee and Chen (2006) discovered 22 additional probesets that have similar charac-
teristics as the spiked-in probesets. Thus, the HGU-133A spiked-in dataset contains
64 spiked-in probesets out of the 22,300 probesets. To clarify, we refer to probe-
sets other than the spiked-in as background mixtures. The distribution of number
of probes within probesets is presented in Table 10.1. The majority of the probesets
have 11 probes. The 64 spiked-in probesets consist of 52 probesets with 11 probes
and 12 probesets with 20 probes. For simplicity, we refer to probesets as genes.

10.1.2 Sialin Experiment

Defects in the metabolism of sialic acid are known to be responsible for the so-called
sialic acid storage disease. These are autosomal recessive neurodegenerative disorders
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Table 10.1: Number of probes per probesets in the HGU-133A spiked-in dataset.

# probes Background Spiked-in Total

8 1 0 1

10 1 0 1

11 21713 52 21765

13 4 0 4

14 4 0 4

15 2 0 2

16 482 0 482

20 28 12 40

69 1 0 1

Total 22236 64 22300

that may be present as a severe infantile form, i.e., infantile sialic acid storage disease
(ISSD) or a slowly progressive adult form, i.e., Salla disease. Both forms of sialic
acid storage disease are caused by mutation in Slc17A5, which encodes the protein
sialin, named as such because of its relation to sialic acid storage disease. Mutant
proteins have been shown to be impaired in the natural function of sialin, which acts
as a transporter to export sialic acid out of the lysosome. Genetic deletion of sialin
function in a mouse was reported before to be similar to the ISSD, with excretion of
large amounts of free sialic acid in the urine, an accumulation of sialic acid in lyso-
some, hypo-myelination, growth and neuromotor retardation, coarse facial features,
fast deterioration and early death. To gain insight into the pathogenic mechanism
resulting in the severe phenotype, newborn mice were studied by using their gene ex-
pression from the brain at a post-natal time point of day 18. In order to perform the
experiment, RNA samples from brain were derived from the 18-day-old mice out of
two groups: Slc17A5 knockout and wild type. There are six biological samples within
each group. The microarray experiment was performed using Affymetrix Mouse430 2
GeneChips. The resulting dataset contains 16,395 genes and 12 arrays, which are
equally divided into two groups, namely, knockout and wild type.
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10.2 Overview of Gene Filtering Methods

All the different gene filtering methods have a common goal to exclude irrelevant
genes in the microarray experiments. But, the definition of irrelevant genes varies
from method to method and depends on which criterion used to exclude the genes.
In what follows, we give a brief overview of commonly used criteria for gene filtering.

10.2.1 Intensity of the Signal

The filtering method based on the intensity of signal relies on the assumption that
genes with low intensity values close to background have not been expressed in the
biological sample. It boils down to the exclusion of genes whose expression levels are
below the detection limit (Göhlmann and Talloen, 2009). However, there is no single
generally acceptable value for the detection limit, it varies from chip to chip and can
therefore be seen as just an arbitrary value. Even assuming a detection limit is known,
it is also not straight forward to decide when to exclude a gene. For example, should
a gene be excluded if its expression levels are below the detection limit for all the
arrays or should it be excluded if the expression levels are below the detection limits
for at least 50% of the arrays?

10.2.2 Variance Between Samples

Filtering based on variance between samples removes genes whose expression levels
across arrays show very small variation. It relies on the assumption that most inter-
esting genes should be variable across the different conditions in an experiment. For
example, in order to find a gene signature for a disease, expression levels of the genes
should differ between the diseased and healthy groups. However, the question is how
much variability is expected of a gene to show that its expression levels are variable
enough to contain relevant biological signal or which threshold should be used to dis-
criminate between the relevant or irrelevant genes based on the variability between
samples? Since the variability between samples is known to vary from experiment to
experiment and largely depends on other factors, such as the quality of the biologi-
cal samples, it is difficult to define a threshold for the variance between samples. In
addition, it can be argued that genes with higher variability are not necessarily more
relevant than those with low variability, if most of the variabilities can be attributed
to the measurement error. One therefore stands the risk of excluding relevant genes
and keeping the irrelevant ones, which clearly contradicts the intuition behind gene
filtering.
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10.2.3 Absent/present Calls

Absent/present calls is a measure that identifies whether a target transcript was
detected or not by its designated probeset. A gene is called present in a certain
sample if the intensities of the perfect matches (PM) are statistically higher than
that of the mismatch probes (MM). Contrary to the earlier beliefs that the MM
probes measure the backgrounds noise, some of the MM probes can cross-hybridize
with target transcripts. In such a case, the difference between the intensities of the
PM probes and MM probes does not necessarily reflect whether the target transcript
is detected or not. An extreme example is when the PM probes and MM probes
hybridized with the same target transcripts for some unknown reasons. Though the
target transcript is detected the difference between the intensities of the PM probes
and MM probes may be very small and consequently, the gene will be called absent.
This clearly shows that since the fundamental definition of the MM probes does no
longer hold, using intensities of MM probes as a measure of background noise may
often result in spurious conclusion.

10.2.4 Informative or Non-informative Calls

The concept of informative or non-informative calls is hinged on the background
knowledge of the Affymetrix platform. The Affymetrix platform quantifies the ex-
pression level of a target transcript with multiple probes. For human chips, there are
about 11 probes per probeset and 20 probes for the mouse chips. The set of probes
that are designated to quantify the expression levels of the same target transcript are
grouped together as a probeset. It is assumed that if the target transcript is differen-
tially expressed in a biological sample, the probes designated to the target transcript
should show a consistent measure across the arrays. The information at the probe
level can therefore be used as a criterion for gene filtering based on the the trade-
off between the measurement error and the array-to-array variability. Unfortunately,
this information is lost in the summarisation steps, which are eminent in the current
practice for the analysis of Affymetrix gene expression data.

We present examples of informative and non-informative probesets in Figure 10.1.
Panel (a) shows that the informative probeset has strong pair-wise correlations among
its probes, while Panel (b) shows that the non-informative probeset lack such corre-
lations among its probes. Since the probes of an informative probeset consistently
measure the expression level of their designated target transcript, they are expected
to have higher array-to-array variability than the measurement error. On the other
hand, a non-informative probeset is expected to have higher measurement error than
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(a) (b)

Figure 10.1: Probe level intensities for informative and non-informative probesets.
Panel (a): an informative probeset, and Panel (b): a non-informative probeset

the array-to-array variability. Though, there is no generally acceptable criteria for the
informative or non-informative calls, there are such criteria as conditional variance
(Hochreiter et al., 2006), intra-cluster correlation, likelihood ratio test and informa-
tion criteria that can be used to make an informed decision about the informative
genes. In what follows, we discuss two recently published methods based on the
concept of informative or non-informative calls. The methods are Filtering Likely
Uninformative Sets of Hybridizations (FLUSH; Calza et al., 2007) and I/NI Calls
(Talloen et al., 2007). Note that the concept of informative or non-informative calls
was introduced by Talloen et al. (2007). In order to distinguish between his proposed
method and the concept, we shall refer to the method as I/NI Calls and the concept
as informative or non-informative calls.

10.3 Filtering Likely Uninformative Sets of Hy-

bridization (FLUSH)

The FLUSH method, proposed by Calza et al. (2007), use probe level data to filter
genes based on the trade-off between array-to-array variability and variability due
to the measurement error. It modelled the perfect match (PM) data (on the log2
scale) after background correction using the so-called ideal mismatch (IMM) to ensure
positive values for a specific gene (Calza et al., 2007). Let PMij and IMMij (i =
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1, 2, ..., n; j = 1, 2, ...,K) be the perfect match and ideal mismatch for the j-th probe
on the i-th array, respectively. Calza et al. (2007) proposed the following linear model:

log2(PMij − IMMij) = µj + αi + εij , (10.1)

where µj and αi are probe- and array-specific effects. The non-informative genes
are those with small array-to-array variability, which is captured by the χ2 statistic
defined as

χ2 = α̂′V̂ −1α̂, (10.2)

where α̂ is the vector of estimated array-specific effects and V̂ is its estimated co-
variance matrix. A non-parametric quantile regression smoothing with a user-specified
quantile is fitted to the χ2 statistic (on the squared root scale) as a function of the log-
arithm of residual standard deviation. Likely non-informative probesets are probesets
whose χ2 statistics are below the fitted quantile regression line. It is worth noting that
the linear model conceptually assumes that the probes in a probeset are independent,
which is contradictory to the domain knowledge of the Affymetrix platform.

10.4 The I/NI Calls for the Exclusion of Non-

informative Genes Using Factor Analysis for

Robust Microarray Summarization (FARMS)

The I/NI Calls depend on the domain knowledge that all the probes in a probeset are
expected to measure the true expression levels of their designated target transcript.
Since the true expression levels are unknown, the probes in a probeset are assumed
to share a common latent factor. The factor loadings are determined under the
assumption that the latent factor is normally distributed with mean zero and variance
one. The underlying factor analysis model is given by

log2(PM j) = µj + λjz + εj . (10.3)

Here, PMj is the gene expression levels for probe j, µj is the probe-specific effect,
and λj is the factor loading on probe j (Hochreiter et al., 2006). The common latent
factor is denoted as z ∼ N(0, 1), ε ∼ N(0,Ψ) is the measurement error, and Ψ is a
diagonal covariance matrix. ε and z are considered to be independent. Assuming that
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the intensities are centered around zero, that is, xj = log2(PMj)− µj , the marginal
distribution of xj is given by:

xj ∼ N(0, λλ′ + Ψ), (10.4)

where x is a matrix of probe level intensities (on log2 scale) after correcting for
the probe-specific binding affinity and λ is a vector of factor loadings on the probes
within a probeset. The term λλ′+Ψ is the model based covariance matrix, measuring
the total variability in the data. As shown by Talloen et al. (2007), the conditional
variance of the latent factor given the data is defined as v(z|x) = (1 + λ′Ψ−1λ)−1,
which is bounded between 0 and 1. Based on a threshold, a gene is called informative
if its conditional variance is less than the specified threshold. The model was imple-
mented for the I/NI Calls using a Bayesian approach, where they specified N(0, σ2

λ)
as a prior for λ. The consequence of this prior is that the conditional variance of the
latent factor given the data shrinks towards zero for the informative probesets. Con-
sequently, a threshold of 0.5 for the conditional variance was proposed to discriminate
between informative and non-informative probesets.

10.5 Application to the Spiked-in Experiment

The FLUSH and I/NI Calls are applied to the HGU-133A spiked-in experiments to
filter out irrelevant genes. Note that for this experiments, there are 64 and 22,236
truly informative and non-informative probesets, respectively. Panel (a) of Figure 10.2
shows the gene filtering procedure based on the FLUSH method. The array-to-array
variability is captured with a χ2-statistic, which is a function of the array-specific
effects and its covariance matrix. Calza et al. (2007) suggest to filter genes whose
predicted array-to-array variability is less than the estimated values. From the plot,
it is obvious that the application of the FLUSH method on the HGU-133A spiked-in
experiment results in both false negatives and false positives. The FLUSH method
results in 34% false negatives rates and 40% false positives rates, where false negatives
rates is defined as the number of the spiked-in probesets called non-informative divided
by the total number of the spiked-in probesets, and false positives rates is defined as
the number of the non-spiked-in probesets called informative divided by the total
number of the non-spiked-in probesets.

Panel (b) shows the distribution of the estimated conditional variances from the
I/NI Calls using the FARMS. The effect of the informative priors is clearly seen as
the conditional variances shrunk towards zero for informative probesets and towards
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Figure 10.2: Results from the gene filtering methods. Panel (a): the FLUSH method,
and Panel (b): the I/NI Calls using the FARMS.

ones for the non-informative probesets. The non-informative probeset contains little
or no information to overcome the prior that drives the conditional variance towards
one. In other words, the posterior estimates of the factor loadings for these probesets
are driven by the priors. However, there are few probesets that escape the prior in-
formation of no array-to-array variability and consequently have conditional variance
close to zero. These are the informative probesets. The I/NI Calls results in 0% and
0.2% false negatives rates and false positives rates, respectively.

10.6 Discussion

We introduced the concept of informative or non-informative calls for Affymetrix gene
expression data and we have shown the application of two recently published methods
namely; Filtering Likely Uninformative Sets of Hybridizations (FLUSH; Calza et al.,
2007) and I/NI Calls (Talloen et al., 2007) to HGU-133A spiked-in experiment. Since
the FLUSH method formulated the informative or non-informative calls as a fixed
effects linear model, it violates the domain knowledge of the Affymetrix platform that
all probes in a probeset quantify the expression level of the same target transcript.
Note that though the FLUSH method re-calculated the array-to-array variability
as a function of the array-specific effects and its covariance matrix, it does not in
any way account for the correlations between probes in a probeset. The FLUSH
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method resulted in large proportions of both false positives and false negatives. On the
other hand, the I/NI Calls utilises the domain knowledge of the Affymetrix platform
by assuming that probes within a probeset share a common latent factor, which
may be interpreted as the unknown true expression level of their designated target
transcript. The I/NI Calls correctly identified all the spiked-in probesets when applied
on the spiked-in experiment. Note that though the spiked-in experiment was produced
specifically to evaluate statistical methods for Affymetrix gene expression data, it
seems too nice such that a method that yields good results may be less promising
when applied to real life data.



11
I/NI Calls Using Mixed

Models

In the previous chapter, we introduced the informative or non-informative calls for
gene expression and showed the application of the FLUSH method and the I/NI
Calls on the HGU-133A spiked-in experiment. In this chapter, we present a linear
mixed model approach for informative or non-informative calls for Affymetrix gene
expression data. The method also relies on the domain knowledge of the Affymetrix
platform and seeks a trade-off between the array-to-array variability and the mea-
surement error. In contrary to the FLUSH method, it captures the array-to-array
variability with random effects. Instead of the conditional variance used by the I/NI
Calls, we propose intra-cluster correlation, likelihood ratio testing and information
criteria for informative calls based on the linear mixed model.

This chapter is organized as follows. The mixed model approach is discussed in
Section 11.1. The application of the method to the HGU-133A spiked-in experiment
is presented in Section 11.2. The chapter is concluded with a discussion in Section
11.3.

127
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11.1 A Mixed Model Approach

Let PMij be the j-th probe intensity of the perfect match measured on array i in a
given probeset. Similar to the approaches of Talloen et al. (2007), Hochreiter et al.
(2006), and Calza et al. (2007), we assume that the log2(PMij) consists of two sources
of variability. The first is the variability due to measurement error and the second is
an array-to-array variability. Therefore, the following linear mixed model (Verbeke
and Molenberghs, 2000) is assumed:

log2(PMij) = µj + bi + εij ,

i = 1, . . . , n, j = 1, . . . , k,

(11.1)

where bi is an array-specific random effect, bi ∼ N(0, σ2
b ), µj is a probe-specific

binding affinity, treated as fixed effect, and εij ∼ N(0, σ2
ε) is the measurement error.

The linear mixed model specified in (11.1) is a random intercept model, which can be
re-written in the matrix notation as

log2(PMi) = Xiµ + Zibi + εi, (11.2)

where PMi is a vector of probe level data. Xi and Zi are the design matrices for
the fixed effects and the random effects with known covariates, respectively, µ is a
vector of fixed effects of the probes, b = (b1, b2, · · · , bn) is a vector of the array-specific
effects, and ε is a vector of the measurement error. For our specific setting, the design
matrices Xi and Zi are given by

Xi =




1 0 · · · 0 0

0 1 · · · 0 0
...

...
. . .

...
...

0 0 · · · 1 0

0 0 · · · 0 1




and Zi =




1

1
...

1

1




.

The marginal distribution of PMi, i.e., taking into account the two sources of
variability, is a multivariate normal distribution with the covariance matrix given by

σ2
bZZ ′ + σ2

εI (Verbeke and Molenberghs, 2000). For a probeset with k probes, it
is a k × k matrix, for which the qp-th entry is given by

[
σ2

bZZ ′ + σ2
εI

]
qp

=





σ2
b + σ2

ε q = p,

σ2
b q 6= p.
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Within the mixed model framework, the probe intensities measured on the same
array form a cluster, and it is expected that observations within a cluster are correlated
if they all measure the same true expression levels of the probeset. The probeset-
specific intra-cluster correlation (Verbeke and Molenberghs, 2000) is given by

ρ =
σ2

b

σ2
b + σ2

ε

. (11.3)

Note that for the case, in which σ2
b is relatively larger than σ2

ε , i.e., the array-to-
array variability is larger than the measurement error, ρ will be close to one; while ρ

will be close to zero when σ2
b is relatively smaller than σ2

ε . For the latter, the probes
intensities are independent and hence there is no coherence between probes within
the probeset.

A user-defined threshold is required to call a gene informative or non-informative
for the intra-cluster correlation. Similar to the FLUSH and the I/NI Calls, such a
threshold may not be readily available. A less subjective measure for calling a gene
informative or non-informative can be based on a likelihood ratio test. Suppose there
are two competing models:

M0 : log2(PMij) = µj + εij ,

M1 : log2(PMij) = µj + bi + εij .
(11.4)

The first model (M0) assumes that probes within in a probeset are independent;
while the later (M1) assumes that the probes within a probeset are correlated. Note
that M0 is nested within M1, i.e., for the case that σ2

b = 0 , M1 reduces to M0. Hence,
one can use the likelihood ratio test to test the corresponding hypotheses

H0 : σ2
b = 0,

H1 : σ2
b > 0.

(11.5)

Note that testing the hypotheses in (11.5) is equivalent to testing the null hypoth-
esis H0 : ρ = 0 versus the alterative H1 : ρ > 0. As argued by Talloen et al. (2007)
and Calza et al. (2007), probesets with low array-to-array variability are not likely
to carry an important biological signal and should be excluded from further analysis.
Hence, the likelihood ratio test for the hypotheses formulated in (11.5) can be used
to filter out the non-informative probesets. A probeset is declared as an informative
probeset whenever the null hypothesis in (11.5) is rejected. Alternatively, we can use
information criteria, such as the Akaike information criterion (AIC; Akaike, 1973)
and Bayesian information criterion (BIC; Schwarz, 1978) to select one of the models
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(either M0 or M1) that has the best fit to the data. The likelihood ratio test, the AIC
and BIC do not rely on a somewhat ad hoc selection of a threshold. To gain a better
understanding of the informative or non-informative calls using the AIC and BIC,
we propose to calculate the posterior probability (P (M1|Data) ) for a probeset to be
called informative using the information criteria. Following Burnham and Anderson
(2002), the posterior probability based on the AIC for models M1 in (11.4) is defined
as

P (M1|Data)AIC =
exp(− 1

2∆AICM1)P (M1)
exp(− 1

2∆AICM0)P (M0) + exp(− 1
2∆AICM1)P (M1)

. (11.6)

Let AICM1 and AICM0 be the AIC values from models M1 and M0, respec-
tively. Suppose we defined the minimum AIC from the two models as AICmin =
min(AICM1 , AICM0). The idea is to calculate the probability for a probeset to be
called informative given the observed data. This probability depends on the rela-
tive loss of information when using model M1 instead of the more plausible model.
The lower the loss, the higher the probability. The relative loss of information for
using model M1 instead of the most plausible model out of models M1 and M0 is
defined as ∆AICM1 = AICM1 − AICmin. Suppose the minimum of the AIC val-
ues from AICM1 and AICM0 is AICM1 , i.e., AICmin = AICM1 . In this case,
∆AICM1 = 0 and there is no loss of information for using model M1. Note that
AICM1 < AICM0 =⇒ ∆AICM1 = 0 and consequently, exp(− 1

2∆AICM1) = 1. In
this case, the expression in (11.6) becomes

P (M1|Data)AIC =
1

exp(− 1
2∆AICM0) + 1

.

Similarly, AICM0 < AICM1 =⇒ ∆AICM0 = 0 and consequently, exp(− 1
2∆AICM0) =

1. In this case, the expression in (11.6) becomes

P (M1|Data)AIC =
exp(− 1

2∆AICM1)
exp(− 1

2∆AICM1) + 1)
.

Note that P (M1) is the prior probability for a probeset to be called informative.
We assume a priori that a probeset is equally likely to be called informative or non-
informative, which implies that P (M1) = P (M0) = 0.5. It is expected that an
informative probeset will have a high posterior probability and otherwise for a non-
informative probeset. The posterior probability of the models using the BIC can
similarly be obtained.
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11.2 Application to HGU-133A Spiked-in Experi-

ment

In the previous chapter, we noted that the FLUSH method resulted in both false
negatives and false positives when applied to the spiked-in experiment. But, the I/NI
Calls identified all the 64 spiked-in probesets and very few additional probesets as
false positives. In this section, we compare the linear mixed model approach with the
FLUSH method and the I/NI Calls.

11.2.1 The FLUSH and the Linear Mixed Model

The linear mixed model approach is put in the same framework as the FLUSH method
and the quantile regression is used as a criterion to filter out the non-informative
probesets. Note that instead of the χ2-statistic used as a measure of array-to-array
variability by the FLUSH, the linear mixed model captures the array-to-array vari-
ability by using the variance of the random intercept. The 60% quantile regression
is therefore applied by regressing the variance of the random intercept against the
variance of the measurement error. Panel (a) of Figure 11.1 shows the results for
the linear mixed model, which yields 8% false negatives rates rates and 40% false
positives rates, respectively. Though, the proportion of the false positives from both
the FLUSH method and the linear mixed model are similar, the proportion of the
false negatives from the linear mixed model is smaller than the proportion of the false
negatives from the FLUSH method. This implies that there is a gain in modeling the
array-specific effects as random effects as compared to when they are assumed to be
known and therefore modeled as fixed effects in the FLUSH. Panel (b) shows that the
FLUSH method underestimates the variance of the measurement as compared to the
linear mixed model approach.

Figure 11.2 gives further insights into the proportion of false negatives from differ-
ent quantile values for both the FLUSH method and the linear mixed model approach.
The proportion of false negatives for both the FLUSH method and the linear mixed
model increases with an increase in quantile values. A higher filtering stringency re-
sults in more false negatives, i.e., spiked-in probesets are filtered out. Moreover, the
FLUSH method and the linear mixed model recover all the spiked-in probesets and
consequently result in 0% false negatives rates rates for quantile values between 0-
20%. But, for the quantile values greater than 20%, the linear mixed model approach
results in fewer false negatives than the FLUSH method.
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Figure 11.1: Array-to-array variability and measurement error from the FLUSH and
the linear mixed model. Panel (a): array-to-array variability versus measurement er-
ror obtained from the linear mixed model , and Panel (b): comparison of the estimated
measurement error from the FLUSH and the linear mixed model.

11.2.2 Informative or Non-informative probesets Based on the

I/NI Calls and Linear Mixed Model

The relationship between the conditional variance from the I/NI Calls and the intra-
cluster correlation from the linear mixed model is presented in Panel (a) of Figure
11.3. The spiked-in probesets have low conditional variance and high intra-cluster
correlation. The inverse relationship between the conditional variance and the intra-
cluster correlation can be explained by the fact that the conditional variance is a
ratio between the measurement error and total variability for a probeset, but, the
intra-cluster correlation is a ratio between the array-to-array variability and the to-
tal variability. Note that the conditional variance for the non-informative probesets
shrink towards one because of the assumed informative priors that forces the factor
loading towards zero in the implementation of the I/NI Calls. Panels (b) and (c) of
Figure 11.3 show the conditional variance and intra-cluster correlation for the probe-
sets called informative by the I/NI Calls and the linear mixed model, respectively.
Although, all the spiked-in probeset are called informative by both methods, there
are other probesets that are called informative by either of the methods. Note that
for a cut-off value of 0.5, there are 112 and 78 probesets called informative by the
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Figure 11.2: False negatives based on the FLUSH method and linear mixed model with
quantile regression.

I/NI Calls and the linear mixed model, respectively.

(a) (b) (c)

Figure 11.3: Comparison between the I/NI Calls and the linear mixed model. Panel
(a): Conditional variance from the I/NI Calls and intra-cluster correlation from the
linear mixed model. Panel (b): Conditional variance and intra-cluster correlation for
probesets called informative only by the I/NI Calls. Panel (c): Conditional variance
and intra-cluster correlation for probesets called informative only by the linear mixed
model.
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Examples of an informative probeset by either the I/NI Calls or the linear mixed
model are presented in Figure 11.4. Panel (a) shows that majority of the probes in
a probeset called informative by the I/NI Calls have little or no coherence between
the arrays. But, Panel (b) shows that this is not the case for the probesets that are
called informative by linear mixed model, but non-informative by the I/NI Calls. It
shows that informative or non-informative calls by the linear mixed model depend on
the average coherence within a probeset.

(a) (b)

Figure 11.4: Probesets called informative or non-informative by the I/NI Calls and
the linear mixed model. Panel (a): example of a probeset called informative by the
I/NI Calls, but not by the mixed model; and Panel (b): example of probesets called
informative by the linear mixed model, but not by the I/NI Calls

11.2.3 Likelihood Ratio Test and Information Criteria

The plots of the proportion of false positives and false negatives in the previous
sections indicated that the choice of threshold for the quantile regression, conditional
variance, R2, and intra-cluster correlation may depend on the data at hand, and is
therefore highly subjective. In this section, we consider other criteria, such as using a
likelihood ratio test or the AIC and BIC to call genes informative or non-informative.
To use any of these criteria, two models (M0 and M1 in (11.4)) are required. The
likelihood ratio test is the difference between the -2loglikelihood obtained from the
models M0 and M1. The likelihood ratio test for testing whether the variance of the
random intercept is zero requires the correction for a boundary problem (Verbeke
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and Molenberghs, 2000), since the null hypothesis is tested on the boundary of the
parameter space. As a result, a mixture of χ2

0,1 is used to obtain the p-value. It is
observed that majority of the probesets have p-values close to 1. At the 5% level of
significance, the number of genes called informative is 549, with the Benjamini and
Horchberg procedure (Benjamini and Hochberg, 1995) for multiple testing adjustment.
A gene may also be called informative if the model with the random array effect has
the minimum AIC or BIC among the models in (11.4). Both criteria account for the
goodness of fit and the complexity of each model. Out of the 22,300 probesets, 742
and 663 are called informative by using the AIC and BIC, respectively. Probesets
called informative by either the likelihood ratio test or the AIC or the BIC include all
the spiked-in probesets, which means zero false negative. It is observed that spiked-
in probesets have small p-values, small conditional variances, and high intra-cluster
correlation. Additionally, Figure 11.5 shows the posterior probability for a probeset
to be called informative, P (M1|Data), by using the AIC and BIC. The spiked-in
probesets have posterior probability of 1. When the posterior probability is compared
with the intra-cluster correlation, it is noted that using intra-cluster correlation of 0.5
as a threshold may be too stringent for real life data where the intra-cluster correlation
of truly informative genes are unknown. There are genes with intra-cluster correlation
between 0.2 and 0.4, which have a posterior probability of 1. This means for these
probesets, there is a strong evidence from the data to call them informative. Note
that in the case of the HGU-133A dataset, considering these genes as informative will
increase the number of false positive.

11.3 Discussion

A linear mixed model approach is proposed for informative or non-informative calls for
Affymetrix gene expression data. The array-specific effects were specified as random
effects in the linear mixed model with the probe-specific binding affinity specified as
fixed effects. For an informative probeset, the array-to-array variability is expected
to be larger than the measurement error, and the opposite is expected for a non-
informative probeset. The linear mixed model approach also relies on the strong
assumption that each probe in a probeset quantifies the unknown true expression
levels of their designated target transcripts.

The linear mixed model approach performed better than the FLUSH method in
discriminating between the informative and non-informative probesets. Although,
both methods resulted in false negative and false positive when quantile regression
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Figure 11.5: Relationship between the posterior probability based on informa-
tion criteria and the intra-cluster correlation: Panel (a) P (M1|Data)AIC and (b)
P (M1|Data)BIC

was used as a criterion for the informative calls. There were fewer false negatives
when the quantile regression was applied on the estimated array-to-array variability
and measurement error from the linear mixed model. In comparison with the I/NI
Calls, the linear mixed model approach gave an equally good discrimination between
the informative and non-informative probesets. Both methods correctly identified
the spiked-in probesets with negligible amount of false positives. However, note that
when the assumption that all probes in a probeset consistently quantify the unknown
true expression level of their designated target transcript is violated, the I/NI Calls
and the linear mixed model approach may result in different informative calls for such
a probeset depending on the average coherence within the probeset and the number
of probes that actually quantify the signals.

The contents of this chapter were published in Kasim et al. (2010a).



12
A New Family of Filtering

Models

The gene filtering methods, namely, the FLUSH, the I/NI Calls and the linear mixed
model approach rely on a trade-off between the array-to-array variability and the
measurement error to discriminate between informative and non-informative probe-
sets. Interestingly, both the I/NI Calls and linear mixed model approach treat the
true expression levels of the target transcripts as unknown, but use different modeling
approaches to capture array-to-array variability due to the unknown latent factor or
array-specific effects. In this chapter, we establish the connection between the factor
analysis models and linear mixed effects model for gene filtering. We also discuss the
modification of the fixed effects linear model implemented in the FLUSH method to
account for correlations between probes in a probeset.

This chapter is structured as follows. The factor analysis model for gene filtering is
discussed in Section 12.1 with a specific focus on unconstrained factor analysis model
in Section 12.1.1 and constrained factor analysis model in Section 12.1.2. The fixed
effects linear model used by the FLUSH is adjusted to account for correlation between
probes in a probeset in Section 12.2. Section 12.3 gives an overview of filtering scores
for informative or non-informative calls. We apply the factor analysis model to the
HGU-133A spiked-in experiment in Section 12.4. The chapter is concluded with a
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discussion in Section 12.5.

12.1 A Factor Analysis Approach

The I/NI Calls proposed by Talloen et al. (2007) is based on a factor analysis model
using the Bayesian approach with informative priors. In order to establish the connec-
tion between the I/NI Calls and linear mixed model for gene filtering, we consider the
maximum likelihood estimation of factor analysis model using the procedure TCALIS
in SAS. We consider two types of factor analysis models: (1) a factor analysis model
without constraints on factor loadings (FA-Free) and (2) a factor analysis model with
the factor loadings constrained to be equal or factor analysis model in which the
factor loadings are treated as an offset and the variance of the latent factor is not
constrained to equal to one (FA-Restricted).

12.1.1 Unconstrained Factor Analysis Models

The factor analysis model approach for gene filtering assumes that all probes in a
probeset measure the expression level of a common latent factor, which may be in-
terpreted as their designated target transcript. Figure 12.1 shows the flowchart of a
factor analysis model, where X1, X2, · · · , Xk denote the vectors of intensity values
for the probes in a probeset and Z represent the latent factor. The loadings of the
probes on the latent factor is denoted by λ1, λ2, · · · , λk.

If Σ(θ) denotes the model based covariance matrix for the factor analysis model,
then

Σ(θ) =
[
σ2

zλ′λ + σ2
εI

]

=





σ2
zλ1λ1 + σ2

ε σ2
zλ1λ2 · · · σ2

zλ1λk

σ2
zλ2λ1 σ2

zλ2λ2 + σ2
ε · · · σ2

zλ2λk

...
...

. . .
...

σ2
zλkλ1 σ2

zλkλ2 · · · σ2
zλkλk + σ2

ε





.

In order for the parameters of the factor analysis model to be estimable, the
variance of the latent factor is constrained to be one, i.e., σ2

z = 1. It is easy to show
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Figure 12.1: The Factor analysis model without constraints on the factor loadings.

that under this assumption,

[Σ(θ)]qp =
[
λ′λ + σ2

εI
]
qp

=





λ2
i + σ2

ε q = p,

λiλj q 6= p.

12.1.2 Constrained Factor Analysis Models

A major drawback for the factor analysis model without constraints on factor loading
is that the variability of the latent factor may be dominated by one or a few probes.
To overcome this problem, we consider an alternative model with constant factor
loading for all the probes in a probeset. This model is termed “FA-Restricted”, that
is, λq = λp = λ. Under this assumption, it follows that

[Σ(θ)]qp =
[
λ2J + σ2

εI
]
qp

=





λ2 + σ2
ε q = p,

λ2 q 6= p.

An alternative model with constraints on the factor loadings is a model that relaxes
the assumption that σ2

z = 1 and assumes z ∼ N(0, σ2
z). This model treats the factor

loadings as an offset variable, that is, λq = λp = 1. Under this assumption, the array-
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to-array variability is captured by the variance of the latent factor and the model
based covariance matrix is given by

[Σ(θ)]qp =
[
σ2

zJ + σ2
εI

]
qp

=





σ2
z + σ2

ε q = p,

σ2
z q 6= p.

Note that both models imply that the variability of all probes in the probeset is the
same.

12.2 Latent Variable Models Versus Fixed Effects

Models

Interestingly, as pointed out by Verbeke and Molenberghs (2000), the mixed model
in (11.1) implies a marginal model for PMi, in which

log2(PM i) ∼ N(Xiµ,Σ(Θ)) where [Σ(θ)]pq =





τ2 + σ2
ε q = p,

τ2 q 6= p,

Here, τ2 is the array-specific effect that captures the array-to-array variability and
Xiµ = (µ1, µ2, ..., µk) is a vector of probe-specific fixed effects. The decomposition of
the total variability of the mixed effect model and the marginal model is identical (i.e.,
τ2 = σ2

b ). Note that the marginal model is different from the model of the FLUSH,
which treated the arrays as fixed effects in the linear model. The fixed effects model
in the FLUSH assumes that probes in a probe set are independent. This is implied
by the structure of the model-based covariance matrix. The covariance matrix for
the FLUSH is a diagonal matrix, while that of the marginal model has a compound
symmetry structure with off-diagonal elements corresponding to the array-to-array
variability. Consequently, the inference based on the marginal model for the array-to-
array variability can be performed by comparing the compound symmetry covariance
matrix and a diagonal covariance matrix. It should be noted that for the FLUSH, the
χ2 statistic does not in any way account for the correlation between probes in a probe
set. However, the formal inference for the FLUSH approach can be based on the
general linear hypothesis testing. The main goal is therefore to test the importance
of array-to-array variability in the model. Suppose one starts with the full model as
specified in (10.1) of chapter 10. The idea is to investigate how much information is
lost by reducing the model to:

log2(PMij − IMMij) = µj + εij . (12.1)
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The null and alternative hypotheses can be stated as:

H0 : Lα = 0, versus H1 : Lα 6= 0, (12.2)

where L is a known matrix and α is a vector of array-specific effects. The test
statistic α̂′L′V −1Lα̂ asymptotically follows a χ2 distribution with rank(L) as the
degrees of freedom. In order to account for extra variability due to the estimation
of the covariance parameters, the test is often approximated with an F-test with
rank(L) as the numerator degrees of freedom and the denominator degrees of free-
dom is estimated from the data. The estimation can be based on Satterthwaite-type
approximation (Verbeke and Molenberghs, 2000). Note that this test statistic is usu-
ally reported as a “Type III test” in the standard software for mixed models, such as
SAS procedure mixed and lme() in R/S+ package nlme.

12.3 Filtering Scores

The latent variable models decompose the total variability into the array-to array
variability and measurement error. This decomposition allows us, similar to the I/NI
Calls, to calculate a probe set-specific filtering score based on the ratio between the
array-to-array variability and measurement error, denoted as R2. In our setting,
once the model-based covariance matrix Σ(θ) is estimated, the filtering scores can be
calculated using the parameter estimates from the covariance matrix. The filtering
scores for the respective models are presented in Table 12.1. Note that unlike the
conditional variance, the R2 does not depend on the probe set size (k).

12.4 Application to HGU-133A Spiked-in Experi-

ment

The results presented in this chapter are based on the log2 transformation of the
probes intensity values after quantile normalization. The analysis is carried out us-
ing only the perfect match (PM) with a Gaussian distribution. Table 12.2 gives an
overview of results from the gene filtering methods based on the HGU-133A spiked-in
experiment. The linear mixed model approach out-performs the FLUSH and performs
equally well as the I/NI Calls. Moreover, the importance of the Bayesian implemen-
tation of the factor analysis model in the I/NI Calls is evidenced when compared
with the “FA-Free” model. The “FA-Free” model calls all probe sets informative,
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Table 12.1: Criteria for gene filtering based on different models. The filtering scores
are: conditional variance (v(z|x)), intra-cluster correlation (ρ), R2, and χ2 statistic
(α̂′V̂ −1α̂).vspace0.4cm

Filtering Scores

Type Model Assumptions v(z|x) R2/ρ

la
te

n
t

I/NI Calls/FA-Free
λi 6= λj

σ2
ε

/


k∑

j=1

λ
2
j + σ

2
ε




k∑

j=1

λ
2
j

/


k∑

j=1

λ
2
j + kσ

2
ε




z ∼ N(0, 1)

FA-Restricted

λi = λj = λ
σ2

ε/
(
kλ2 + σ2

ε

)
λ2 /(

λ2 + σ2
ε

)

z ∼ N(0, 1)

λi = λj = 1
σ2

ε

/(
kσ2

z + σ2
ε

)
σ2

z

/(
σ2

z + σ2
ε

)

z ∼ N(0, σ2
z)

LMM bi ∼ N(0, σ2
b ) - σ2

b

/(
σ2

b + σ2
ε

)

Type Model Assumptions χ2 ρ

fi
x
e
d Marginal Model ε ∼ N(0, Σ(θ)) σ2

b

/(
σ2

b + σ2
ε

)

FLUSH ε ∼ N(0, σ2
ε) α̂′V̂ −1α̂ -

thereby resulting in 100% false positive rates; while the I/NI Calls results in 0.2%
false positives rates .

Conditional Variance

In Figure 12.2, we present the conditional variance for factor analysis models and
show their relationship with intra-cluster correlation from the linear mixed model.
In contrary to the I/NI Calls, the distribution of conditional variance from the “FA-
Free” (Panel (a)) and “FA-Restricted” (Panel (b)) are not bimodal and the choice of
cut-off value to discriminate between informative and non-informative probesets may
be less straight forward and more data dependent. Panels (c) and (d) show inverse
relationships between the conditional variance from the factor analysis models and the
intra-cluster correlation of the linear mixed model. The conditional variance from the
“FA-Restricted” have one-to-one relationship with the intra-cluster correlation. Note
there are situations, where a value of intra-cluster correlation corresponds to multiple
values of conditional variance due to the dependence of the latter on probeset size.
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Table 12.2: The summary of the performance of the different methods. The cut-off
for conditional variance (v(z|x)) and intra-cluster correlation (ρ) is 0.5.

Criteria Method False Negatives False Positives

quantile reg FLUSH 0.3400 0.4000

LMM 0.0800 0.4000

I/NI 0.0000 0.0020

v(z|x) FA-Free 0.0000 1.0000

FA-Restricted 0.0000 0.2400

FA-Free 0.0000 0.0600

ρ FA-Restricted 0.0000 0.0004

LMM 0.0000 0.0004

Proportion of Variability Explained by the Latent Factor

As an alternative criterion to the conditional variance for the factor analysis models,
we propose to use the proportion of variability in the observed data explained by the
latent factor (denoted by R2). This is equivalent to the intra-cluster correlation from
the linear mixed model. Panels (a) and (b) of Figure 12.3 show that the distributions
of R2 for both the “FA-Free” and “FA-Restricted” models are not the same. Panel (c)
shows that R2 values from the “FA-Free” model are not strongly correlated with intra-
cluster correlation, which explains why “FA-Free” model results in 100% informative
calls for all probesets. Panel (d), on the other hand, shows strong correlations between
the R2 from the “FA-Restricted” model and the intra-cluster correlation. This is
expected since the model-based covariance matrices from the “FA-Restricted” model
and the linear mixed model are equivalent. Also, note that the R2 does not depend
on probeset size.

Proportion of False Negatives and False Positives Based on Conditional

Variance and Intra-cluster Correlation

The percentage of false positive and false negative rates for the latent factor models
using conditional variance are presented in Panels (a) and (b) of Figures 12.4. The
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Figure 12.2: Distributions of the conditional variance based on the factor analysis
models: distribution of conditional variance from Pane a: the ”FA-Free” model, Panel
(b): the ”FA-Restricted model”; Relationship between Panel (c): conditional variance
from ”FA-Free” model and intra-cluster correlation from the mixed model, and Panel
(d): conditional variance from the ”FA-Restricted” model and intra-cluster correlation
from the linear mixed model.

false positives are most pronounced for the “FA-Free” model. All the models have
almost 0% false negatives rates , but different values for the false positives. The
false positives are more pronounced for the “FA-Free” model than those of the “FA-
Restricted” and the I/NI calls. The percentages of false positives and false negatives
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Figure 12.3: Relationship between R2 from the factor analysis models and the intra-
cluster correlation from the linear mixed model. Panel (a): distribution of R2 from
the ”FA-Free” model, Panel (b): distribution of R2 from the ”FA-Restricted” model,
Panel (c): intra-cluster correlation versus R2 from the ”FA-Free” model, Panel (d):
intra-cluster correlation versus R2 from the ”FA-Restricted” model.

based on R2 or intra-cluster correlation are presented in Panels (c) and (d). The
percentages of false positives are the same for the “FA-Restricted” and the linear
mixed model. All the methods also show 0% false negatives rates when a threshold
is between 0 and 0.6.



146 Chapter 12. A New Family of Filtering Models

0.0 0.2 0.4 0.6 0.8 1.0

0
20

40
60

80
10

0

 

 %
 fa

ls
e 

ne
ga

tiv
e

FA Restricted
FA Free
I/NI Calls

v(z|x)

(a)

0.0 0.2 0.4 0.6 0.8 1.0

0
20

40
60

80
10

0

 
 %

 fa
ls

e 
po

si
tiv

e
v(z|x)

(b)

0.0 0.2 0.4 0.6 0.8 1.0

0
20

40
60

80
10

0

 

%
 fa

ls
e 

ne
ga

tiv
e

FA Restricted
FA Free
LMM

R2

(c)

0.0 0.2 0.4 0.6 0.8 1.0

0
20

40
60

80
10

0

 

%
 fa

ls
e 

po
si

tiv
e

FA Restricted
FA Free
LMM

R2

(d)

Figure 12.4: Proportion of false positives and false negatives based on the factor
analysis models and the linear mixed model. Panel (a): false negatives using condi-
tional variance, Panel (b): false positives using conditional variance, Panel (c): false
negatives using R2 or intra-cluster correlation, Panel (d): false positives using R2 or
intra-cluster correlation.

Informative or Non-informative Probe Sets Based on the I/NI Calls and

Linear Mixed Model

In Chapter 11, we have shown that the linear mixed model approach for gene filtering
and the I/NI calls do not always agree on informative probesets for those that vio-
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lates the assumption that its probes quantify the expression level of the same target
transcripts. In order to further understand the difference between the I/NI Calls and
linear mixed model approach, we present in Table 12.3 the factor loadings and R2

from the “FA-Free” and “FA-Restricted” models for probesets called informative or
non-informative by both methods. For the informative probe set, the latent factor
explains about 99% of the variability per probe based on the “FA-Free” model. It
is important to note that the probes within the probeset contribute equally to the
latent factor and assuming that factor loadings for the probes in the “FA-Restricted”
model are not very different from that of the “FA-Free” model. However, for a non-
informative probeset, the probes do not contribute similarly to the latent factor when
the “FA-Free” model is used. The proportion of variability explained by the latent
factor differ from probe to probe. For example, in column 6 of Table 12.3 the latent
factor explains about 43% of the variability in probe 11, but 6% of the variability in
probe 1. On the contrary, the “FA-Restricted model” indicates that the probes do not
have a common latent factor since the proportion of variability explained by the latent
factor is zero. Consequently, the total variability in the concerned non-informative
probeset is due to the measurement error.

Table 12.3: Factor loadings (λ) and R2 from “FA - Free” and “FA-Restricted” models
for probe sets called informative (I) or non-informative (NI) by both the I/NI Calls
and the linear mixed model.

λ R2

Model Probes I NI I NI

1 2.458 0.022 0.992 0.063

2 2.419 -0. 074 0.992 0.436

3 2.536 -0.064 0.993 0.367

4 2.333 0.025 0.992 0.084

“FA-Free” 5 2.492 -0.061 0.992 0.343

6 2.504 0.031 0.992 0.117

7 2.455 -0.068 0.992 0.394

8 2.417 -0.028 0.991 0.097

9 2.407 0.010 0.991 0.013

10 2.381 0.054 0.992 0.294

11 2.347 0.073 0.991 0.429

“FA-Restricted” 2.416 0 0.991 0
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In Table 12.4, the the factor loadings (λ) and R2 based on the “FA-Free” and “FA-
Restricted” models for a probeset called informative by either the I/NI calls or the
linear mixed model are presented. For the probe sets called informative by the I/NI
Calls, the proportion of the variability explained by the latent factor is dominated
by one of the probes within the probe set. For example, in column 6 of Table 12.4
the latent factor explains about 96% of the variability of probe 4 , but less than 10%
of the variability from other probes. For the probe set called informative only by
the linear mixed model, the latent factors explain more than 50% of the variabilities
in the majority of the probes. By looking at the “FA-Restricted” model, it can be
observed that the proportion explained by the latent factor for the probe set called
informative by only the I/NI Calls is less than 10%, and more than 50% for the probe
sets called informative only by the linear mixed model (column 6).

Table 12.4: Factor loadings (λ) and R2 from the “FA - Free” and “FA-Restricted”
models for probe sets called informative by either the I/NI Calls or the Linear mixed
model.

λ R2

Model Probes I/NI Calls Mixed Model I/NI Calls Mixed Model

1 0.047 0.033 0.108 0.079

2 0.015 -0.048 0.012 0.148

3 0.022 -0.084 0.019 0.349

4 0.068 -0.180 0.963 0.713

“FA-Free” 5 0.040 -0.284 0.081 0.860

6 0.015 -0.268 0.013 0.845

7 0.007 -0.251 0.003 0.827

8 0.011 -0.115 0.006 0.502

9 0.017 -0.279 0.016 0.856

10 0.025 -0.317 0.033 0.884

11 0.022 -0.169 0.027 0.686

“FA-Restricted” 0.072 -0.174 0.084 0.537

12.5 Discussion

In order to understand the difference between informative calls by the I/NI Calls and
the linear mixed model approach, we investigated the performance of factor analysis
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models without prior information on the latent factor. In the first place, we considered
a classical factor analysis model without constraints on the factor loadings. This
model referred to as “FA-Free” model, corresponds to the model used in the I/NI Calls.
We further considered a simpler model that constrained the factor loadings to be
constant and variance of the latent factor to be one. This model is referred to as “FA-
Restricted” model. The “FA-Free” model may not be suitable for informative or non-
informative calls since it results in 100% false positives rates . A possible explanation
is that there is always a possibility for one of the probes to show more consistent
intensities across the arrays than other probes. As a result, the probe with the
consistent measurements usually dominates the latent factor and consequently drives
the model-based covariance matrix. On the other hand, the “FA-Restricted” model
is equivalent to the linear mixed model because the model-based covariance matrices
from the two models are the same. We have shown that the R2 may be more suitable
for informative or non-informative calls by the factor analysis models including the
I/NI Calls because it does not depend on the probeset size. The conditional variance
may make an informative call for a probeset with a large number of probes, even if it
contains little or no signal.

The contents of this chapter were published in Kasim et al. (2010a).





13
Informative or

Non-informative Calls:

Simulation Studies

In the previous chapters, we proposed gene filtering method based on the linear mixed
model and compared its performance with the FLUSH and I/NI Calls using the
Affymetrix HGU-133A spiked-in experiment. Though the spiked-in experiment was
produced purposely for evaluation of statistical methods, it often resulted in too
optimistic results. Signals of the spiked-in probesets are very distinct from the back-
ground probesets, which may not necessarily be the case in real life dataset. In this
chapter, we present two simulation studies conducted in order to compare the gene
filtering methods discussed in chapters 10 - 12. The first simulation study was carried
out in order to investigate and to compare the performance of the filtering methods.
The second simulation study was conducted in order to investigate the influence of
cross-hybridization on gene filtering.

This chapter is structured as follows: Section 13.1 describes the simulation set-
ting to investigate the performance of gene filtering methods. In Section 13.2, we
investigate the effects of the violation of the assumption that all probes in a probeset
quantify the expression levels of the same target transcript. The chapter is concluded
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with a discussion in Section 13.3.

13.1 Simulation Study 1: Investigation of the Per-

formance of Gene Filtering Methods

This simulation study assesses the performance of the FLUSH, I/NI Calls, and gene
filtering based on the linear mixed model under the assumption that all probes in a
probeset quantify the expression levels of the same target transcript. Each dataset
contains 100 informative and 1900 non-informative probesets. For each simulation
setting 100 datasets were generated in the following way: The probe level data were
generated from a multivariate normal distribution, i.e,.

Yl ∼ N(µl,Σ(Θl)),

where Yl, µl, and Σ(Θl) are the probe level data, the probe specific effects, and
model-based covariance matrix for probeset l, respectively. The parameter vector
Θl = (σ2

bl
, σ2

εl
). To obtain values for µl and σ2

εl
, 100 informative probesets and 1900

non-informative probesets were randomly sampled from the spiked-in dataset. The
variance associated with the array-to-array variability (σ2

bl
) is calculated as:

σ2
bl

=
ρlσ

2
εl

1−ρl
, where ρl =





ρI for informative probeset,

ρNI for non-informative probeset.

The following combinations of ρI and ρNI are considered.

• ρNI = 0.1, ρI = 0.3

• ρNI = 0.1, ρI = 0.5

• ρNI = 0.1, ρI = 0.9

• ρNI ∼ U(0, 0.5), ρI ∼ U(0.5, 1)

Note that for the first three combinations (ρNI = 0.1), we specify very weak coher-
ence between arrays for the non-informative probesets. For an informative probeset,
ρ= (0.3, 0.5, 0.9) corresponds to noisy, weak, and strong coherence. The fourth com-
bination is a more realistic scenario since it assumes that neither all the informative
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nor non-informative probesets have constant intra-cluster correlation. It only assumes
that informative probesets have a higher array-to-array variability than the measure-
ment error. While non-informative probesets have higher measurement error than
array-to-array variability. In order to investigate the effects of the sample size and
probeset size, two settings are considered.

13.1.1 Simulation Setting 1.1: Effect of Sample Size (n)

In this setting, the probeset size is fixed at 20. The performance of the methods under
increasing sample size (number of arrays) n = (3, 6, 9, 18, 21, 27, 30, 42, 50, 100) is
investigated. In total, 4× 10 different combination of (ρNI , ρI) and n are considered,
and for each combination 100 datasets are generated.

13.1.2 Simulation Setting 1.2: Effect of probeset Size (k)

In this setting, the number of arrays is fixed at 42 (similar to the spiked-in dataset).
The performance of the gene filtering methods under different probeset size k= (8,
11, 13, 15, 20, 30, 40, 50, 69) is investigated. In total, 4× 9 different combinations of
(ρNI , ρI) and k are considered, and for each combination 100 datasets are generated.

13.1.3 Simulation Results

The Effect of Sample Size (n)

The simulation results are presented in Table 13.1. For ρ=(0.10, 0.30), the FLUSH
results in both false negatives and false positives. The proportion of false negatives
decreases with an increase in sample size. However, the proportion of false positives is
approximately the same for all values of n. The I/NI Calls results in about 30% false
negatives rates when n = 3. But, the proportion of false negatives for other values of n

are approximately 100%. The proportion of false positives based on the I/NI Calls is
approximately 40% for n = 3 and 0% for other values of n. The gene filtering method
based on the linear mixed model with intra-cluster correlation results in 100% and
0% false negatives rates and false positives, respectively, for n > 3. The linear mixed
model with the use of the AIC and BIC for gene filtering results in 0% false negatives
rates for n ≥ 42. When the array-to-array variability for informative probeset is
slightly higher than the measurement error, i.e, ρ=(0.10, 0.55), improved result is
obtained for all the methods. When the array-to-array variability for informative
probesets is much larger than the measurement error, i.e., ρ=(0.10, 0.90), the I/NI
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Calls and the linear mixed model result in almost 0% false negatives rates and 0%
false positives rates .

For a more realistic scenario that the intra-cluster correlation for an informative
or a non-informative probeset is not constant, the FLUSH method results in about
48% false negatives rates for n=3 and 46% false negatives rates for n=100. But
the proportion of the false positives is approximately about 39% for all values of n.
The I/NI Calls results in about 7% false negatives rates for n=3 and about 10% false
negatives rates for n=100. The false positive proportion for this method is about 60%
for n=3 and 10% for n=100. Note that the proportion of false positives decreases
with an increase in sample size. For the gene filtering method based on the linear
mixed model with intra-cluster correlation as the filtering score, the proportion of
false negatives is about 33% for n=3 and 4% for n=100. The proportion of false
positives is about 11% for n=3 and 3% for n=100. The results from the linear mixed
model with the AIC or the BIC as filtering scores results in fewer false negatives, but
more false positives.

The Effect of Probeset Size (k)

The simulation results are presented in Table 13.1. For ρ=(0.10, 0.30), the FLUSH
results in both false negatives and false positives. The proportions of false negatives
and false positives are approximately the same for all values of k. The I/NI Calls
and the linear mixed model with intra-cluster correlation as a filtering score result in
100% false negatives rates . But, the linear mixed model with the AIC or the BIC as
filtering score results in almost 0% false negatives rates when probeset size is 20 or
more.

When the intra-cluster correlation for an informative probeset increases to 0.55,
the proportion of false negatives and false positives based on the FLUSH are approx-
imately 40% and 39%, respectively, for all values of k. Based on the I/NI Calls, the
proportion of false negative is 61% for k=8 and 22% for k=69. For the mixed model
with intra-cluster correlation as the filtering score, the proportion of false negative
is 25% for k=8 and 21% for k=69. However, when the filtering score for the mixed
model is either the AIC or the BIC, the proportion of false negatives and false pos-
itives is almost 0%. Note that the proportion of false negatives for the I/NI Calls
decreases with an increase in probeset size, but, decreases for the mixed model when
the probeset size is between 8 and 20. However, it is almost constant for other values
of k. When the total variability of a probeset is dominated by the array-to-array
variability, the proportions of false negatives and false positives based on the FLUSH
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are both 39% for all values of k. However, for the I/NI Calls and the mixed model, the
proportion of false negatives and false positives are approximately 0% for all values
of k.

Finally, we consider a more realistic situation where the intra-cluster correlation
within an informative or non-informative probesets is not constant. The FLUSH
method results in about 47% false negatives rates and 39% false positives rates for
all values of k. The I/NI Calls results in about 19% false negatives rates for k=8 and
about 4% false negatives rates for k=69. The false positive for this method is about
1% for k=8 and 3% for k=69. Note that the proportion of false positives increases
with an increase in probeset size. This implies that by increasing the probeset size,
more genes becomes informative. Consequently, the method favours probesets with
a large size. For the gene filtering method based on the linear mixed model with
intra-cluster correlation as a filtering score, the proportion of false negatives is about
9% for k=8 and 4% for k=69. The proportion of false negatives decreases with an
increase in sample size. The proportion of false positives is about 5% for k=8 and 4%
for k=69.

13.2 Simulation Study 2: Investigation of the As-

sumption That All Probes in a Probeset Quan-

tify the Expression Levels of the Same Target

The first simulation study relies on the assumption that genes are correctly annotated
and all probes in a probeset quantify the expression level of their designated genes.
Although, this is the domain knowledge of the Affymetrix platform, it may be interest-
ing to investigate the performance of the gene filtering methods when this assumption
is violated. For simplicity, we consider a setting where the informative probesets con-
tain two groups of probes. The first group of probes quantifies the expression level
of the same target, while the second group of probes quantifies the background noise.
The probeset size and the sample size are fixed at 20 and 42, respectively. However,
the proportion of probes in each group depends on p, where p= (0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, 0.9). The cases for p = 0 or p = 1 are not considered because p = 0
implies that all probes in a probes set quantify background noise and p = 1 implies
that all probes in a probeset quantify the expression level of the same target. These
scenarios have been investigated in Setting 2. The 1900 non-informative probesets
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are generated with ρNI as in Setting 2. However, for the informative probesets, p of
the probes in a probeset are generated with ρI and the remaining 1− p of the probes
of the same probeset were generated with ρNI . To clarify, we generate 4 × 9 × 100
datasets, where 4 denotes the different combinations of ρNI and ρI , 9 for different
values of p, and 100 for the number of datasets generated.

13.2.1 Simulation Results

The results for the second simulation study are presented in Table 13.3. For ρ=(0.10,
0.30) and p=0.5, all the methods result in a high proportion of false negatives. How-
ever, when 60% or more of the probes quantify the expression level of the designated
gene, the FLUSH results in a much smaller proportion of false negatives. For exam-
ple, the I/NI Calls and the mixed model yield 100% false negatives rates independent
of p. But the FLUSH yields less than 1% false negatives rates for p ≥ 0.8. When the
intra-cluster correlation for an informative probeset is 0.55, the FLUSH method and
the linear mixed model with the AIC or the BIC as the filtering score yield a smaller
proportion of false negatives. When ρ=(0.10, 0.90) and p ≥ 0.7, the proportions of
false negatives from the three methods are comparable. Lastly, when ρ=(U(0,0.5),
U(0.5,1)), the I/NI Calls and the mixed model with intra-cluster correlation result
in a smaller proportion of false negatives than the FLUSH method for p ≥ 0.7. On
average, the linear mixed model with either the AIC or the BIC results in fewer false
negatives, but more false positives.

13.3 Discussion

The first simulation study investigated the effect of sample size and probeset size
on the performance of the FLUSH, I/NI Calls, and the linear mixed model. The
I/NI Calls and linear mixed model with intra-cluster correlation as the filtering score
resulted in 100% false negatives rates when the array-to-array variability is larger
than the measurement error. However, when the array-to-array variability is larger
than the measurement error, the I/NI Calls and linear mixed model out-performed the
FLUSH method. The second simulation study investigated the effect of the violation
of the assumption that all probes in a probeset quantify the expression level of the
same target. It is noted that the FLUSH method is more robust against the violation
of the assumption when the proportion of probes that quantify the expression level
of the same target is less than 50% and when the total variability of the probesets
is dominated by the measurement error. An overview of the simulation results is
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presented in Figure 13.1. Panels (a) and (b) show that both sample size and probeset
size affect the gene filtering methods. They also show that the I/NI Calls and linear
mixed model give better results than the FLUSH method in terms of false positives
and false negatives. Panel (c) shows that for the dataset with strong signals, all
the methods correctly identify the informative probeset for p ≥ 0.8. However, Panel
(d) shows that when there is an overlap between informative and non-informative
probesets, the FLUSH method results in a smaller proportion of false negatives than
the I/NI Calls and linear mixed model for p < 0.5.

The contents of this chapter were published in Kasim et al. (2010a).
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Table 13.1: Effect of sample size on the performance of the gene filtering methods.
False Negatives False Positives

I/NI LMM I/NI LMM

ρ n FLUSH Calls ρ AIC BIC FLUSH Calls ρ AIC BIC

ρ
=

(0
.1

0
,
0
.3

0
)

3 0.507 0.291 0.873 0.715 0.611 0.394 0.395 0.004 0.002 0.002

6 0.488 0.763 0.938 0.638 0.620 0.393 0.003 0.000 0.000 0.000

9 0.477 0.916 0.972 0.534 0.544 0.392 0.000 0.000 0.000 0.000

18 0.452 0.994 0.995 0.210 0.232 0.391 0.000 0.000 0.000 0.000

21 0.448 0.998 0.998 0.147 0.165 0.391 0.000 0.000 0.000 0.000

27 0.437 1.000 1.000 0.057 0.068 0.390 0.000 0.000 0.000 0.000

30 0.436 1.000 1.000 0.037 0.045 0.390 0.000 0.000 0.000 0.000

42 0.425 1.000 1.000 0.003 0.004 0.390 0.000 0.000 0.001 0.000

50 0.421 1.000 1.000 0.001 0.001 0.389 0.000 0.000 0.002 0.001

100 0.406 1.000 1.000 0.000 0.000 0.389 0.000 0.000 0.081 0.060

ρ
=

(0
.1

0
,
0
.5

5
)

3 0.462 0.129 0.547 0.421 0.329 0.392 0.395 0.004 0.002 0.002

6 0.442 0.249 0.457 0.188 0.179 0.391 0.003 0.000 0.000 0.000

9 0.435 0.303 0.426 0.075 0.077 0.391 0.000 0.000 0.000 0.000

18 0.417 0.342 0.337 0.002 0.002 0.389 0.000 0.000 0.000 0.000

21 0.416 0.352 0.321 0.001 0.001 0.389 0.000 0.000 0.000 0.000

27 0.409 0.348 0.277 0.000 0.000 0.389 0.000 0.000 0.000 0.000

30 0.410 0.365 0.278 0.000 0.000 0.389 0.000 0.000 0.000 0.000

42 0.405 0.358 0.221 0.000 0.000 0.389 0.000 0.000 0.001 0.000

50 0.399 0.358 0.200 0.000 0.000 0.388 0.000 0.000 0.002 0.001

100 0.393 0.345 0.104 0.000 0.000 0.388 0.000 0.000 0.081 0.060

ρ
=

(0
.1

0
,
0
.9

0
)

3 0.427 0.018 0.108 0.077 0.058 0.390 0.394 0.004 0.002 0.002

6 0.418 0.004 0.011 0.003 0.003 0.390 0.003 0.000 0.000 0.000

9 0.412 0.001 0.002 0.000 0.000 0.389 0.000 0.000 0.000 0.000

18 0.399 0.000 0.000 0.000 0.000 0.389 0.000 0.000 0.000 0.000

21 0.399 0.000 0.000 0.000 0.000 0.389 0.000 0.000 0.000 0.000

27 0.397 0.000 0.000 0.000 0.000 0.389 0.000 0.000 0.000 0.000

30 0.395 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.000 0.000

42 0.392 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.001 0.000

50 0.391 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.002 0.001

100 0.388 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.080 0.059

ρ
∼

(U
(0

,0
.5

),
U

(0
.5

,1
.0

))

3 0.477 0.073 0.329 0.245 0.188 0.393 0.595 0.119 0.015 0.023

6 0.475 0.107 0.212 0.081 0.077 0.393 0.214 0.093 0.050 0.052

9 0.471 0.117 0.168 0.027 0.028 0.392 0.129 0.079 0.109 0.107

18 0.468 0.112 0.111 0.001 0.001 0.393 0.059 0.059 0.309 0.298

21 0.468 0.114 0.104 0.000 0.000 0.392 0.051 0.057 0.362 0.351

27 0.467 0.103 0.083 0.000 0.000 0.392 0.038 0.051 0.448 0.437

30 0.467 0.109 0.084 0.000 0.000 0.392 0.033 0.047 0.481 0.469

42 0.465 0.109 0.069 0.000 0.000 0.392 0.022 0.041 0.574 0.564

50 0.464 0.109 0.064 0.000 0.000 0.392 0.019 0.039 0.616 0.607

100 0.463 0.101 0.042 0.000 0.000 0.392 0.006 0.028 0.749 0.742
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Table 13.2: Effect of probeset set size on the performance of the gene filtering methods.
False Negatives False Positives

I/NI LMM I/NI LMM

ρ k FLUSH Calls ρ AIC BIC FLUSH Calls ρ AIC BIC

ρ
=

(0
.1

0
,
0
.3

0
)

8 0.438 1.000 1.000 0.082 0.122 0.390 0.000 0.000 0.000 0.000

11 0.431 1.000 1.000 0.029 0.040 0.390 0.000 0.000 0.000 0.000

13 0.429 1.000 1.000 0.016 0.023 0.390 0.000 0.000 0.000 0.000

15 0.428 1.000 1.000 0.009 0.014 0.390 0.000 0.000 0.001 0.000

20 0.426 1.000 1.000 0.004 0.006 0.390 0.000 0.000 0.001 0.000

30 0.422 1.000 1.000 0.000 0.000 0.390 0.000 0.000 0.002 0.001

40 0.420 1.000 1.000 0.000 0.000 0.390 0.000 0.000 0.003 0.002

50 0.420 1.000 1.000 0.000 0.000 0.389 0.000 0.000 0.004 0.003

69 0.419 1.000 1.000 0.000 0.000 0.389 0.000 0.000 0.007 0.006

ρ
=

(0
.1

0
,
0
.5

5
)

8 0.406 0.612 0.253 0.000 0.000 0.389 0.000 0.000 0.000 0.000

11 0.404 0.510 0.242 0.000 0.000 0.389 0.000 0.000 0.000 0.000

13 0.404 0.453 0.235 0.000 0.000 0.389 0.000 0.000 0.000 0.000

15 0.404 0.419 0.230 0.000 0.000 0.389 0.000 0.000 0.001 0.000

20 0.405 0.356 0.221 0.000 0.000 0.389 0.000 0.000 0.001 0.000

30 0.402 0.293 0.218 0.000 0.000 0.389 0.000 0.000 0.002 0.001

40 0.401 0.260 0.214 0.000 0.000 0.388 0.000 0.000 0.003 0.002

50 0.400 0.239 0.209 0.000 0.000 0.388 0.000 0.000 0.004 0.003

69 0.402 0.222 0.214 0.000 0.000 0.389 0.000 0.000 0.007 0.006

ρ
=

(0
.1

0
,
0
.9

0
)

8 0.393 0.000 0.000 0.000 0.000 0.389 0.000 0.000 0.000 0.000

11 0.392 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.000 0.000

13 0.394 0.000 0.000 0.000 0.000 0.389 0.000 0.000 0.000 0.000

15 0.391 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.001 0.000

20 0.394 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.001 0.000

30 0.392 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.002 0.001

40 0.392 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.003 0.002

50 0.394 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.004 0.003

69 0.394 0.000 0.000 0.000 0.000 0.388 0.000 0.000 0.007 0.006

ρ
∼

(U
(0

,0
.5

),
U

(0
.5

,1
.0

))

8 0.468 0.197 0.082 0.000 0.000 0.392 0.010 0.049 0.459 0.436

11 0.466 0.160 0.078 0.000 0.000 0.392 0.015 0.047 0.512 0.495

13 0.468 0.141 0.076 0.000 0.000 0.392 0.017 0.046 0.535 0.520

15 0.467 0.133 0.076 0.000 0.000 0.392 0.019 0.044 0.554 0.541

20 0.467 0.112 0.072 0.000 0.000 0.392 0.023 0.043 0.585 0.576

30 0.468 0.096 0.073 0.000 0.000 0.392 0.030 0.043 0.621 0.615

40 0.470 0.083 0.070 0.000 0.000 0.392 0.033 0.041 0.640 0.635

50 0.464 0.053 0.046 0.000 0.000 0.392 0.037 0.042 0.634 0.631

69 0.477 0.041 0.039 0.000 0.000 0.393 0.038 0.040 0.666 0.663
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Table 13.3: Effect of cross-hybridization on the performance of the gene filtering meth-
ods.

False Negatives False Positives

I/NI LMM I/NI LMM

ρ p FLUSH Calls ρ AIC BIC FLUSH Calls ρ AIC BIC

ρ
=

(0
.1

0
,
0
.3

0
)

0.1 0.803 1.000 1.000 1.000 1.000 0.410 0.000 0.000 0.001 0.000

0.2 0.886 1.000 1.000 1.000 1.000 0.414 0.000 0.000 0.001 0.000

0.3 0.888 1.000 1.000 1.000 1.000 0.414 0.000 0.000 0.001 0.000

0.4 0.816 1.000 1.000 1.000 1.000 0.410 0.000 0.000 0.001 0.001

0.5 0.589 1.000 1.000 0.999 1.000 0.399 0.000 0.000 0.001 0.000

0.6 0.281 1.000 1.000 0.988 0.992 0.383 0.000 0.000 0.001 0.001

0.7 0.072 1.000 1.000 0.885 0.911 0.371 0.000 0.000 0.001 0.000

0.8 0.009 1.000 1.000 0.563 0.606 0.368 0.000 0.000 0.001 0.001

0.9 0.001 1.000 1.000 0.212 0.244 0.367 0.000 0.000 0.001 0.000

ρ
=

(0
.1

0
,
0
.5

5
)

0.1 0.808 1.000 1.000 1.000 1.000 0.410 0.000 0.000 0.001 0.000

0.2 0.818 1.000 1.000 1.000 1.000 0.410 0.000 0.000 0.001 0.000

0.3 0.638 1.000 1.000 0.999 0.999 0.401 0.000 0.000 0.001 0.001

0.4 0.248 1.000 1.000 0.966 0.975 0.381 0.000 0.000 0.001 0.000

0.5 0.022 1.000 1.000 0.636 0.685 0.369 0.000 0.000 0.001 0.000

0.6 0.000 1.000 1.000 0.150 0.179 0.368 0.000 0.000 0.001 0.000

0.7 0.000 0.988 1.000 0.012 0.017 0.367 0.000 0.000 0.001 0.000

0.8 0.000 0.861 0.994 0.000 0.001 0.367 0.000 0.000 0.001 0.001

0.9 0.000 0.621 0.764 0.000 0.000 0.367 0.000 0.000 0.001 0.000

ρ
=

(0
.1

0
,
0
.9

0
)

0.1 0.902 1.000 1.000 1.000 1.000 0.415 0.000 0.000 0.001 0.000

0.2 0.814 1.000 1.000 0.990 0.994 0.410 0.000 0.000 0.001 0.001

0.3 0.407 1.000 1.000 0.236 0.295 0.389 0.000 0.000 0.001 0.001

0.4 0.236 1.000 1.000 0.000 0.001 0.380 0.000 0.000 0.001 0.000

0.5 0.252 0.035 1.000 0.000 0.000 0.381 0.000 0.000 0.001 0.001

0.6 0.202 0.000 0.715 0.000 0.000 0.378 0.000 0.000 0.001 0.000

0.7 0.077 0.000 0.002 0.000 0.000 0.372 0.000 0.000 0.001 0.001

0.8 0.000 0.000 0.000 0.000 0.000 0.368 0.000 0.000 0.001 0.001

0.9 0.000 0.000 0.000 0.000 0.000 0.367 0.000 0.000 0.001 0.000

ρ
∼

(U
(0

,0
.5

),
U

(0
.5

,1
.0

))

0.1 0.623 0.992 0.999 0.416 0.434 0.400 0.023 0.042 0.570 0.559

0.2 0.634 0.998 1.000 0.287 0.317 0.401 0.023 0.041 0.570 0.559

0.3 0.642 1.000 1.000 0.142 0.162 0.401 0.022 0.041 0.569 0.559

0.4 0.643 0.994 1.000 0.062 0.073 0.402 0.022 0.041 0.570 0.560

0.5 0.634 0.646 1.000 0.016 0.019 0.401 0.022 0.042 0.570 0.559

0.6 0.618 0.426 0.769 0.003 0.003 0.400 0.023 0.041 0.570 0.559

0.7 0.587 0.277 0.545 0.000 0.000 0.399 0.022 0.041 0.569 0.559

0.8 0.549 0.173 0.330 0.000 0.000 0.396 0.023 0.041 0.569 0.559

0.9 0.509 0.103 0.148 0.000 0.000 0.394 0.022 0.042 0.570 0.559
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(c) Simulation study 2
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(d) Simulation study 2

Figure 13.1: The proportion of false negatives from simulation study 1 using the
setting ρI = U(0.5, 1) and ρNI = U(0, 0.5). Panel (a): effect of sample size, Panel
(b): effect of probeset size; the proportion of false negatives from simulation study 2
using the setting Panel (c): ρNI = 0.1 and ρI = 0.9, and Panel (d): ρI = U(0.5, 1)
and ρNI = U(0, 0.5).





14
I/NI Calls in R

This chapter presents a new R package gFilter for informative or non-informative
calls for gene expression based on the FLUSH method, the I/NI Calls, and the linear
mixed model approach. It also gives an overview of the codes for the factor analysis
models in SAS. The R package gFilter is discussed in Section 14.1 and the SAS
codes for the factor analysis model are presented in Section 14.2.

14.1 gFilter: A New R Package for Gene Filtering

The R package gFilter combines the gene filtering methods based on the FLUSH,
I/NI Calls, and linear mixed model. gFilter depends on the R packges: FLUSH.LVS.bundle,
farms, affy, nlme, multtest, and other packages that are required by the these
packages. The basic functions in gFiler and their descriptions are presented in Table
14.1.
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Table 14.1: Summary of relevant functions for gene filtering from the R package
gFilter

Function Description

gFilter() apply the method specified in the gMethod

option on the probe level data. Its default setting

is to fit all the three methods; FLUSH, I/NI Calls

and LMM

effectPlot() plots the array-to-array variability

against the measurement error based on either FLUSH

or LMM. It shows the informative or non-informative

probesets based on a quantile regression

fmPlot() compare the array-to-array variability or

measure error from the FLUSH and LMM

gHist() shows the distribution of the different filtering

scores used by I/NI Calls or LMM. The score is required

to be specified in the score option

gmPlot() compare two filtering scores. The scores are required to be

specified in the options score1 and score2

gsPlot() produce scatter matrix plot for any specified probeset name

informativeProbesets produces a list with informative and non-informative

probeset IDs depending on the method and filtering scores
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14.1.1 Gene Filtering Based on the FLUSH Method

The code below illustrates how gFilter can be used to perform gene filtering using
the FLUSH method.

> FLUSHgeneFilterOutput <- gFilter(abatch=rawData,gMethod="FLUSH")

> str(FLUSHgeneFilterOutput)

List of 1

$ FLUSH:’data.frame’: 22300 obs. of 2 variables:

..$ varRes: num [1:22300] 0.116 0.12 0.11 0.112 0.127 ...

..$ Arrays: num [1:22300] 45.3 114.1 63.2 134.6 51.3 ...

Note that the “FLUSH” is specified in the gMethod option. The object geneFilterOutput
contains the array and residual effects from the FLUSH method. In order to visu-
alise the relationship between the array and residuals effects, Figure 14.1 shows the
relationship between the two estimates, the following R codes can be used for this
purpose.
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Figure 14.1: Array effects (y-axis) and residual (x-axis) from the FLUSH

## figure 14.1

> effectPlot(gFilterObject=FLUSHgeneFilterOutput ,

gMethod="FLUSH",qFitted=TRUE,qtau=0.6)
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The option qFitted=TRUE specifies that fitted values from the quantile regression
should be plotted along with the estimated array and residuals effects. The option
qtau specifies the quantile value to be used. In order to obtain the probeset IDs for
the informative and non-informative probesets, the following codes are used

> flushProbesets <- informativeProbesets(gFilterObject=

FLUSHgeneFilterOutput , gMethod="FLUSH",qtau=0.6)

> str(flushProbesets )

List of 2

$ Informative : chr [1:8916] "1053_at" "121_at" ...

$ non-informative: chr [1:13384] "1007_s_at" "117_at"...

The object flushProbesets is a list of two vectors, the informative and non-informative
for the IDs of the informative and non-informative probesets, respectively. It can be
observed that based on the FLUSH method, 8916 and 13,384 probesets are called
informative and non-informative, respectively.

14.1.2 Gene Filtering Based on the I/NI Calls

The code below illustrates how gFilter can be used to perform gene filtering using
the I/NI Calls.

> INIgeneFilterOutput <- gFilter(abatch=rawData,gMethod="INI")

List of 1

$ INI: Named num [1:22300] 1 1 1 1 1 ...

..- attr(*, "names")= chr [1:22300] "1007_s_at" "1053_at" ...

By specifying “INI” in gMethod, the output object INIgeneFilterOutput is a list
with one vector containing the conditional variance for the probesets. Figure 14.2
shows the bimodal distribution of conditional variance Figure 14.2 is produced using
the following code by specifying “v(z|x)” as the filtering score in the gHist function.

##figure 14.2

> gHist(gFilterObject=INIgeneFilterOutput ,score="v(z|x)")

The IDs of the informative and non-informative probesets can be obtained by using
the codes below.
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Figure 14.2: Histogram of conditional variance from the I/NI Calls

> iniProbesets <- informativeProbesets(gFilterObject=

INIgeneFilterOutput , gMethod="INI",cut_off=0.5)

> str(iniProbesets )

List of 2

$ Informative : chr [1:81] "200608_s_at" "200665_s_at" ...

$ non-informative: chr [1:22219] "1007_s_at" "1053_at" ...

The object iniProbesets contains two vectors of IDs for informative and non-informative
probesets, respectively. The I/NI Calls calls 81 and 22, 219 probesets as informative
and non-informative, respectively.

14.1.3 Gene Filtering Based on the Linear Mixed Model

The code below illustrates how gFilter can be used to perform gene filtering using
the linear mixed model.
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> LMMgeneFilterOutput <- gFilter(abatch=rawData,gMethod="LMM")

> str(LMMgeneFilterOutput )

List of 1

$ LMM:’data.frame’: 22300 obs. of 5 variables:

..$ sigma.sq.b: num [1:22300] 5.13e-05 2.35e-03 ...

..$ sigma.sq.e: num [1:22300] 0.0198 0.021 0.022 ...

..$ pvalues : num [1:22300] 0.5 0.5 0.5 0.5 0.5 ...

..$ aic : num [1:22300] 2.02e-21 6.83e-15 ...

..$ bic : num [1:22300] 2.63e-22 8.89e-16 ...

The object LMMgeneFilterOutput contains a matrix of relevant output from the
mixed model. The object sigma.sq.b denotes the array-to-array variability cap-
tured with the variance of the random intercept. The object sigma.sq.e denotes the
variance of the measurement error. pvalues corresponds to the p-values from the
likelihood ratio for testing the importance of array-to-array variability in the model.
aic and bic denote the posterior probabilities for a probe to be informative given
its AIC or BIC values. Figure 14.3 shows the relationship between the sigma.sq.b

and sigma.sq.e and the probesets called informative using a quantile regression ap-
proach. The following code is used to produce the plot in Figure 14.3 by specifying
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Figure 14.3: Array effects (y-axis) and residual (x-axis) from the linear mixed model

the gMethod as “LMM”.



Chapter 14. I/NI Calls in R 169

## Figure 14.3

> effectPlot(gFilterObject=LMMgeneFilterOutput ,

gMethod="LMM",qFitted=TRUE,qtau=0.6)
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Figure 14.4: The distributions filtering scores from the linear mixed model. Panel
(a); Intra-cluster correlation, Panel (b); p-values, Panel (c); AIC, and Panel (d); BIC

The distributions for other filtering scores are shown in Figure 14.5. The plots are
generated with the following codes:
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## Figure 14.4 a

> gHist(gFilterObject=LMMgeneFilterOutput ,score="rho")

## Figure 14.4 b

> gHist(gFilterObject=LMMgeneFilterOutput ,score="pval")

## Figure 14.4 c

> gHist(gFilterObject=LMMgeneFilterOutput ,score="aic")

## Figure 14.4 d

> gHist(gFilterObject=LMMgeneFilterOutput ,score="bic")

Figure 14.5 shows the relationship between the values of intra-cluster correlation (ρ)
and the posterior probabilities for a probeset to be called informative using the AIC.
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Figure 14.5: effects from the flush

Note that the same function gmPlot can be used to compare any pair of the
filtering scores from the linear mixed model by specifying the score1 and score2 as
the x and y axes.

## Figure 14.5

> gmPlot(gFilterObject=LMMgeneFilterOutput ,score1="rho",score2=

"aic")

Based on the different filtering scores for the linear mixed model, the IDs of infor-
mative and non-informative probesets can be obtained using the code below. Each
of the outputs from the different filtering scores contain two vectors: the IDs of the
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informative and non-informative probes sets. It can be observed from the dimensions
of each vector that intra-cluster correlation “rho” calls 72 and 22,228 probesets as
informative and non-informative, respectively. The likelihood ratio tests calls 378
and 21,922 probesets as informative and non-informative, respectively. The AIC calls
361 and 21, 939 probesets as informative and non-informative, respectively. The BIC
calls 323 and 21,977 probesets as informative and non-informative respectively.

> rhoProbesets <- informativeProbesets(gFilterObject=

LMMgeneFilterOutput , gMethod="LMM",score="rho",

cut_off=0.5,alpha=0.05)

> str(rhoProbesets )

List of 2

$ Informative : chr [1:72] "200665_s_at" "201163_s_at" ...

$ non-informative: chr [1:22228] "1007_s_at" "1053_at" ...

> pvalProbesets <- informativeProbesets(gFilterObject=

LMMgeneFilterOutput , gMethod="LMM",score="pval",

alpha=0.05)

> str(pvalProbesets )

List of 2

$ Informative : chr [1:378] "179_at" "200019_s_at" ...

$ non-informative: chr [1:21922] "1007_s_at" "1053_at" ...

> aicProbesets <- informativeProbesets(gFilterObject=

LMMgeneFilterOutput ,gMethod="LMM",score="aic",

cut_off=0.5)

> str(aicProbesets )

List of 2

$ Informative : chr [1:361] "179_at" "200019_s_at" ...

$ non-informative: chr [1:21939] "1007_s_at" "1053_at" ...

> bicProbesets <- informativeProbesets(gFilterObject=

LMMgeneFilterOutput ,gMethod="LMM",score="bic",

cut_off=0.5)

> str(bicProbesets)

List of 2

$ Informative : chr [1:323] "179_at" "200019_s_at" ...

$ non-informative: chr [1:21977] "1007_s_at" "1053_at" ...
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14.1.4 Gene Filtering Based on the Three Methods

It may be interesting to compare results of gene filtering from the different methods.
As such, the default setting of the gFilter can be used to fit all the three methods
and store their outputs as a list.

> defaultgeneFilterOutput <- gFilter(abatch=rawData)

> str(defaultgeneFilterOutput )

List of 3

$ FLUSH:’data.frame’: 22300 obs. of 2 variables:

..$ varRes: num [1:22300] 0.116 0.12 0.11 ...

..$ Arrays: num [1:22300] 45.3 114.1 63.2 ...

$ INI :’data.frame’: 22300 obs. of 1 variable:

..$ cvar: num [1:22300] 1 1 1 1 1 ...

$ LMM :’data.frame’: 22300 obs. of 5 variables:

..$ sigma.sq.b: num [1:22300] 5.13e-05 2.35e-03 ...

..$ sigma.sq.e: num [1:22300] 0.0198 0.021 0.022 ...

..$ pvalues : num [1:22300] 0.5 0.5 0.5 0.5 0.5 ...

..$ aic : num [1:22300] 2.02e-21 6.83e-15 ...

..$ bic : num [1:22300] 2.63e-22 8.89e-16 ...

The R object defaultgeneFilterOutput contains a list of three items, with each
item corresponding to the output from each of the three methods, namely, “FLUSH”,
“I/NI Calls”, and the linear mixed model. To compare the results of the estimates
from the FLUSH and linear mixed model, the following code can be used.

# array effects: Figure 14.5 a

> fmPlot(gFilterObject=defaultgeneFilterOutput,effect="array")

## measurement error"": Figure 14.5 b

> fmPlot(gFilterObject=defaultgeneFilterOutput)

To compare the array-to-array variability of the two methods, one can specify effect
as “array” in the fmPlot function. On the other hand, the comparison of measure-
ment error for the two method is a default setting in the gmPlot function. In order
to compare the estimated conditional variance from the I/NI Calls with any of the
filtering score, say “rho” from the linear mixed model, the following code can be used
to produce Figure 14.7.

> gmPlott(gFilterObject=defaultgeneFilterOutput,score1="rho",

score2="v(z|x)")
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Figure 14.6: Comparison of array-to-array variability and measurement error from
the FLUSH and the linear mixed model.

14.2 Factor Analysis Model in SAS

In this Section, we discuss the implementation of the factor analysis models for gene
filtering in SAS.

14.2.1 Factor Analysis Model with Unconstrained Parameters

The unconstrained factor analysis model belong to the family of confirmatory factor
analysis model and can be implemented using procedure TCALIS. A one factor analysis
model can be fitted using the following code.

proc tcalis data=modelDataSort pdeterm pestim;

lineqs

p1 = alf1 Intercept + lambda1 F + E1,

.

.

.

p11 = alf11 Intercept + lambda11 F + E11;

std

E1-E11 = eps1,

F = 1;

run;
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Figure 14.7: effects from the flush

p1 - p11 corresponds to the 11 probes for the probeset used. alf1-alf11 are the
probe specific effects. lambda1 - lambda11 are the factor loadings after correcting
for the probe specific effects, and E1-E11 are the probe specific measurement errors.
The std signifies the standard deviation.A constant variance for all the probes is
enforced by E1-E11 = eps1 and F=1 implies that the variance of the latent factor is
one. The execution of these codes produces a lot of outputs. We shall only focus on
the relevant output for the purpose of gene filtering. The output in the box below
shows the estimated values for the model parameters. The interesting values are
estimates of lambda1-lambda11. For example, lambda1 = 2.4579 and lambda11 =

2.3474.
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The TCALIS Procedure

Mean and Covariance Structures: Maximum

Likelihood Estimation Linear Equations

p1 = 9.0664*Intercept + 2.4579*F + 1.0000 E1

Std Err 0.3854 alf1 0.2736 lambda1

t Value 23.5256 8.9839

.

.

.

p11 = 9.3385*Intercept + 2.3474*F + 1.0000 E11

Std Err 0.3682 alf11 0.2615 lambda11

t Value 25.3622 8.9771

The estimate of the variance of the measurement error is contained in the output
below. Note that E1-E11 = 0.0481. This is because we specify a constant variance
for the probes.

Estimates for Variances of Exogenous Variables

Variable Standard

Type Variable Parameter Estimate Error t Value

Error E1 eps1 0.04821 0.00337 14.31782

. . . . .

. . . . .

. . . . .

E11 eps1 0.04821 0.00337 14.31782

Latent F 1.00000

The next output shows the proportion of probe specific array-to-array variability
as compared to its measurement error. R2

j = λ2
j/(λ2

j + σ2
ε). For example, R2

1 =
2.45792/(2.45792 + 0.04821) = 0.9921. Note that while R2

j may be interesting, for
the purpose of gene filtering we need only a single score per probeset. As such, a
global measure for a probeset is defined as R2 = λ′λ/(λ′λ + σ2

ε). For this probeset,
the R2 = 0.9993.
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Squared Multiple Correlations

Error Total

Variable Variance Variance R-Square

p1 0.04821 6.08935 0.9921

. . . .

. . . .

. . . .

p11 0.04821 5.55855 0.9913

14.2.2 Factor Analysis Model With Constant Factor Loadings

Note that this model assumes that the variance of all the probes in a probeset is equal,
and the array-to-array variability is captured by the factor loadings since, σ2

z = 1. In
order to fit the restricted factor analysis model in SAS, we need to specify the same
factor loading for all the probes as

p1 = alf1 Intercept + lambda F + E1,

and to constrain the variance of the latent factor to be equal to 1one, i.e.,F=1.

proc tcalis data=modelDataSort pdeterm pestim;

lineqs

p1 = alf1 Intercept + lambda F + E1,

.

.

.

p11 = alf11 Intercept + lambda F + E11;

std

E1-E11 = eps1,

F = 1;

run;

Note that similar set of output as in the previous section is obtained with this code.
However, there is a change in the estimated values for the model parameters; for
example, lambda1 = 2.4168, σ2

ε = 0.0557, and R2
j = R2 = 0.9906.
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The TCALIS Procedure

Mean and Covariance Structures: Maximum

Likelihood Estimation

Linear Equations

p1 = 9.0664*Intercept + 2.4165*F + 1.0000 E1

Std Err 0.3792 alf1 0.2671 lambda

t Value 23.9099 9.0475

.

.

.

p11 = 9.3385*Intercept + 2.4165*F+ 1.0000 E11

Std Err 0.3792 alf11 0.2671 lambda

t Value 24.6275 9.0475

Estimates for Variances of Exogenous Variables

Variable Standard

Type Variable Parameter Estimate Error t Value

Error E1 eps1 0.05567 0.00389 14.31782

.

.

.

E11 eps1 0.05567 0.00389 14.31782

Latent F 1.00000

Squared Multiple Correlations

Error Total

Variable Variance Variance R-Square

p1 0.05567 5.89515 0.9906

.

.

.

p11 0.05567 5.89515 0.9906
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14.2.3 Factor Analysis Model With Non-negative Variance for

the Latent Factor

Note that the estimates for the variance of the latent factor are constrained to be
non-negative using the bound option in the procedure TCALIS. The code is given
below

proc tcalis data=modelDataSort pdeterm pestim;

lineqs

p1 = alf1 Intercept + F + E1,

.

.

.

p11 = alf11 Intercept + F + E11;

std

E1-E11 = eps1,

F = ef;

bounds 0. <= ef,

0. <= eps1;

run;

Similar output as the previous factor analysis models is obtained. The estimated
parameters are: σ2

z = 5.8395, σ2
ε = 0.05567, and R2

j = R2 = 0.9906.
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The TCALIS Procedure

Mean and Covariance Structures: Maximum Likelihood Estimation

Linear Equations

p1 = 9.0664*Intercept + 1.0000 F + 1.0000 E1

Std Err 0.3792 alf1

t Value 23.9099

.

.

.

p11 = 9.3385*Intercept + 1.0000 F + 1.0000 E11

Std Err 0.3792 alf11

t Value 24.6275

Estimates for Variances of Exogenous Variables

Variable Standard

Type Variable Parameter Estimate Error t Value

Error E1 eps1 0.05567 0.00389 14.31782

.

.

.

E11 eps1 0.05567 0.00389 14.31782

Latent F ef 5.83947 1.29084 4.52377

Squared Multiple Correlations

Error Total

Variable Variance Variance R-Square

p1 0.05567 5.89515 0.9906

.

.

.

p11 0.05567 5.89515 0.9906





15
Conditional Informative Calls

for Gene Expression

The informative or non-informative calls for gene expression relies on the domain
knowledge for the Affymetrix platform that all probes in a probeset quantify expres-
sion level of the same target. In practice, probes in a probeset may not uniquely
match their intended targets and consequently lead to internal grouping within the
probeset. With this extra grouping within probesets, the I/NI Calls and the linear
mixed model have been shown to result in false negatives depending on proportion
of the probes within a probeset that quantifies the expected signal. In this chapter,
we propose conditional informative calls for genes expression based on a latent class
linear mixed effects model. This approach relaxes the assumption that all probes
within a probeset quantify the intensities of a common target and more importantly,
it leaves more room for clinician’s preference in the definition of the informative calls.

An overview of alternative Cell Description Files (CDF) is presented in Sec-
tion 15.1. Section 15.2 presents a latent class linear mixed effects model and the
method is applied to the Sialin experiment in Section 15.3. Section 15.3.1 contains
the description of biological relevance of the method. This chapter is concluded with
a discussion in Section 15.4.

181
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15.1 Annotation List and the Alternative Cell De-

scription Files (CDFs)

The Affymetrix GeneChip is one of the most widely used microarray platforms. It
uses multiple probes per target to quantify the expression level of a target transcript,
which often leads to robust estimates of the unknown expression level of the target
transcript and at the same time removes artificial artifacts. However, the definition of
a probeset or which groups of probes mapped to the same target has been a source of
concern, because it is essential for interpretation of results of a microarray experiment.
Based on Affymetrix probeset definition, it has been established that some probesets
cross-hybridize with two or more target transcripts due to the non-specificity of their
probes (Gautier et al., 2004, Hwang et al., 2004 and Mecham et al., 2004). In order to
solve this problem, Dai et al. (2005) proposed an alternative CDFs in which probesets
are redefined to ensure that each probe hits only one genomic location and each
probeset contains probes that mapped to the same target transcript. Figure 15.1
shows an example of probeset 67790 at from MOUSE 430 2 based on alternative
CDFs generated from Entrez Gene. The small rectangular box on chromosome X
indicates that all probes in this probeset mapped to the same genomic location.

Figure 15.1: The mapping of probes in probeset 67790 at to the mouse genome.

However, it still remains a question whether the corrective measure based on the
alternative CDFs completely avoids the violation of the assumption that all probes
in a probeset quantify the expression level of the same targets. In order to illustrate



Chapter 15. Conditional Informative Calls for Gene Expression 183

this point, scatter matrix of the expression level of a specific probeset is presented
in Figure 15.2. For this specific probeset, there are 22 probes. Note that the scatter
matrix shows the probes level intensities for 13 out of 22 probes in the probeset. It
is obvious from this plot that not all the probes quantified the signal. Specifically,
the probes 6-12 seem to quantify the background noise and the probes 12-18 quantify
a common signal. The fact that a probeset contains probes that mapped to the
same target does not necessarily imply they all measure the signal of their designated
target transcript. In fact, due to single-nucleotide polymorphism, alternative splicing,
demethylation and other unknown biological variation, we believe that the assumption
that all probes measure the expression level of a common target can only be evaluated
based on data.
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Figure 15.2: Scatter matrix of probe level intensities for probeset 67790 at.

15.2 A Latent Class Linear Mixed Effects Model

Figure 15.3 shows two illustrative examples of probesets whose all probes quantify the
expression of the same target (Panel (a)) and those that only few of its probes quantify
the expression level of the same target (Panel (b)). Panel (a) shows that the arrays
have similar intensities across all the probes, which implies that the probes quantify
similar level of expression for their supposed target transcript. This is the motivation
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for proposing a random intercept linear mixed effect models for the informative or
non-informative calls since the array-to-array variability is consistent across all the
probes. However, this is no longer the case for the example in Panel (b) where the
differences between the arrays are captured by probes 1-6, but not probes 7- 12.
The example in Panel (b) is just one of the scenarios that can cause a probeset to
have internal grouping and consequently violate the underlying assumption for the
informative or non-informative calls. It is clear from the example presented in Panel
(b) that a simple random intercept linear mixed model may no longer be suitable to
capture the array-to-array variability from the two groups of probes.
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Figure 15.3: Illustrative examples of probeset with and without internal grouping,
Panel (a): Without group, and Panel (b): with group

In order to overcome the problem discussed above, we propose to condition in-
formative calls for a probeset on internal grouping within the probeset and since the
subset of probes that quantify the signals for a probeset is usually unknown and its
composition may differ for different microarray experiments, we define a latent class
linear mixed effects model of the form:

log2(PMij) =
G∑

g=1

πgN(µj + big, σ
2
ε). (15.1)

Here, πg is the mixing probability for component g and big are array-specific effects
for component g (the mixture probability). Note that other parameters µj and σ2

ε

are defined in the same way for the informative calls in Chapter 11. For convenience,
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we estimate the parameter of the model using the Bayesian approach and re-define
the model as

log2(PMij) = µj + Zjgbig + εij , (15.2)

where Zjg is an indicator variable, which is one if Z∗jg = g and zero if otherwise, and
Z∗jg ∼ Multinomial(π1, · · · , πG). We further assume equal priors for the mixing prob-
abilities, i.e., (π1, · · · , πG) ∼ Dirichlet(1/G, · · · , 1/G). This implies that we assume a
priori that the proportion of probes in each component is equal. We specify indepen-
dent Normal priors for big as big ∼ N(0, σ2

bg) and εij ∼ N(0, σ2
ε). The priors for the

probe-specific binding affinity is specified as µj ∼ N(0, σ2
µ). The Bayesian formulation

is completed with the following hyper priors distribution. σ2
ε ∼ Gamma(1000, 1000),

σ2
bg ∼ Gamma(1000, 1000), and σ2

µ ∼ Gamma(1000, 1000).

15.2.1 Conditional Informative Calls

Since each component has its own array-to-array variability (σ2
bg

), we propose a
component-specific intra-cluster correlation as a filtering score for the conditional
informative calls. The component-specific intra-cluster correlation is given by

ρg = σ2
bg/

(
σ2

bg + σ2
ε

)
. (15.3)

For a give cut-off, say φ, a probeset is called informative if:

1. all the component-specific intra-cluster correlations are greater than φ or

2. one of the component-specific intra-cluster correlation is greater than φ and the
number of probes in the corresponding component is at least three.

15.3 Application to Sialin Experiment

One major issue with latent class model is the problem of label switching between
the component, which implies that none of the components is uniquely identified by
an indicator variable and often results in convergence problems for the component-
specific parameters such as σ2

bg. In finite component mixture model, this problem is
minimized by imposing inequality constrains on the components. Usually, the mean
of the component are often constrained in monotone order. However, imposing in-
equality constraints on the component-specific variances of the random effects for the
latent class mixed effect model results in lack of convergency for the model parame-
ters. An alternative approach that has also been used to minimize the problem is the
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label-relabeling approach, which is computationally intensive and impractical for high
dimensional microarray experiments. We therefore consider an approach based on two
stage model by relying on the findings by Wakefield et al. (2003) that the grouping or
clustering indicator for the Bayesian mixture model is actually robust against label
switching. This can be explained by the fact that when there is label switching all
members of a component keep the same class at each iteration of the MCMC chains.
This implies that in the first stage the latent class mixed effect model is applied to
the data to find groupings within each probeset and in the second stage of the appli-
cation, conditioned on the known groupings from the first stage components-specific
parameters are estimated.

Table 15.1: Comparison between informative or non-informative calls (I/NI) and the
conditional informative calls (cI/NI).

Method No. Groups Informative Non-informative

I/NI 1341 15051

c
I/

N
I

1 491 6858

2 1045 4802

3 1354 2333

Total 2890 13993

For Sialin experiment, we first fit a random intercept linear mixed effects model for
informative calls. In order to investigate the gains of conditional informative calls, we
fit a three-component latent class mixed effects model. Table 15.1 shows the numbers
of informative and non-informative genes based on the two models. For the classical
informative or non-informative call approach, there are 1341 informative and 15,051
non-informative genes. However, as we mentioned before, this approach assumes that
all probe in a probeset quantify the expression of a common target. By relaxing this
assumption and conditioning on the posterior estimates of the component-specific
variances of the random effects, the three-component latent class mixed effects model
produces three groups of probesets, namely (1) probesets that all their probes show
similar expression across the arrays, (2) probesets with two groups of probes, and
(3) those with three groups of probes. For the probeset without internal grouping of
probes, there are 491 informative and 6858 non-informative probesets. For probeset
with two groups, 210 probesets have their component-specific intra-cluster correlations
for the two groups of probes greater than 0.5 and 835 probesets have the intra-
cluster correlation for either of the component to be greater than 0.5. This results
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in 1045 informative probesets and 4802 non-informative probesets. For the probesets
with three groups, there are 1354 informative and 2333 non-informative probesets.
The informative probesets consist of 61 probesets whose component-specific intra-
cluster correlations are greater than 0.5 and 1293 probesets with at least one of the
component-specific intra-cluster correlations greater than 0.5. In total, the conditional
informative calls results in 2890 informative, which is more than the informative
probesets based on the classical informative or non-informative calls.

15.3.1 Biological Relevance

In order to investigate the biological relevance of the internal groupings of probesets
from the latent class mixed model, the probesets are mapped back to the Mouse
genome using sequence alignment algorithm (Blat/Blasting). Figure 15.4 presents
the genomic locations for probeset 67790 at. The probes are denoted with small red
blocks. The first eleven probes of the probeset are located to the left and the last
eleven probes are on the right. These two groups of probes correspond to different
exons of their designated genes. This phenomenon is called splice variants and it
enables a gene to code for more than one protein. It may be the case for the Sialin
experiment that only one of the exons of the target gene for probeset 67709 at is
expressed and only the probes in this exon measure its signal. This gives strength
to the latent class mixed effects model not just an elegant statistical tool but also a
biologically relevant tool that can be used to gain insight into the biological charac-
teristics of probesets. Further investigation of the biological relevance of the different
groupings within the probesets is still on going and will be reported in the near future.
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15.4 Discussion

We relaxed the assumption for informative or non-informative calls for gene expres-
sion and introduced the conditional informative calls, which declares a probeset in-
formative if at least three of its probes quantify the expression level of a common
target. The conditional informative calls is based on a latent class linear mixed ef-
fects model that assumes different random intercepts for the different groups in a
probeset. Since the number of groups within every probeset and the members of
each groups were unknown, we assumed a three component latent class mixed effects
model based on expert’s opinion. The conditional informative calls resulted in more
informative probesets as compared to the original proposal based on the standard
random intercept linear mixed effects model. Based on our preliminary investigation,
the latent class linear mixed effects model can be used in the future as an effective
tool in identifying unknown probesets with known biological characteristics, such as
splice variants or demethylation. It can also be useful in identifying set of probes with
wrong sequence or deformation on Affymetrix GeneChips.





16
Concluding Remarks

Part I: Gene Signatures for Bivariate Expression: Application to Irritable

Bowel Syndrome

Gene expression data have previously been used to define gene signatures for different
diseases such as cancer, multiple sclerosis, mood disorders, depression and irritable
bowel syndrome. However, the gene signatures are traditionally obtained from the
disease affected tissues. When the disease affected tissue is not available, there are
recent researches that defined gene signatures based on gene expression profiling of a
surrogate tissues without recourse to the target tissue. Though this new dimension for
gene signatures is suggested to be effective, it could not be established whether gene
signatures that result from the surrogate tissues are related to the disease affected
tissues. This is particularly important for diseases such as irritable bowel syndrome,
that lack specificity with respect to symptoms.

In Chapter 2, we considered translation of gene signatures across tissues based on
the identification of differentially expressed genes, for which we found no differentially
expressed genes from the rectum tissue. In the colon tissue, about thirty genes were
found to be differentially expressed. This seems to suggest that gene expressions from
the rectum tissue are not associated with irritable bowel syndrome. However, since
lack of statistical significance does not imply absents of biological significance, we
further investigated the predictive power of the top ranked genes from the two tissues

191
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in order to discriminate between the IBS patients and healthy controls. The results
showed that genes selected and evaluated based on the gene expression data from the
colon tissue have about seventy percent accuracy to discriminate between the IBS
patients and the healthy controls. Gene selected and evaluated based on the gene
expression data from the rectum tissue showed a lower predictive accuracy of about
fifty-six percent. The most interesting finding is that when known genes (genes that
are biologically relevant to irritable bowel syndrome) were evaluated based on gene
expression data from the rectum tissue, the predictive power is about seventy-percent,
which is as good as when the colon tissue is used. The conclusion from this chapter is
that for irritable bowel syndrome, the gene expression from the rectum tissue may be
used as a surrogate for the colon tissue provided that the colon tissue has previously
been used to identify biologically relevant genes to the disease.

As a future research, we would like to investigate further how to disentangled
classification algorithms from the biology in order to establish what amount of the
observed discrimination between the patients and healthy controls can be attributed
to biological differences. In this dissertation, we achieved this by averaging over
all the possible combinations of the top ranked genes, feature selection method and
the classification methods. This approach assumed equal weights for the different
combinations, but since it is well known that the classification results are different
across the combinations, it may be interesting to study further a weighted average
approach to ensure that the contribution of the different combinations to the overall
summary value is proportional to how good they could discriminate between the
patients and the healthy controls.

In Chapter 3, we evaluated tissue surrogacy between the colon (target tissue) and
the rectum (surrogate tissue) tissues using gene expression data. We investigated two
levels of surrogacy, namely; (1) gene level surrogacy, and (2) disease level surrogacy.
At gene level, we have shown that for some genes, the expression level from the
rectum tissues may be used to predict their expression levels from the colon tissues
after adjusting for known effects. The gene level surrogacy should identify house
keeping genes, which are genes that are similarly expressed in both tissues independent
of the disease effects on the tissues. However, the results at the gene level should
be interpreted with caution since the associations for some of the genes are driven
by unknown grouping variable. At the disease level, we showed that genes with
high estimated disease effects from the rectum tissue also have high estimated effects
on the colon tissue. Although, there are no differentially expressed genes from the
rectum tissue, there is significant association between disease effects from the colon
and rectum tissues.
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As a further research, we would like to consider re-sampling based method in the
evaluation of the gene level surrogacy. We hope that such an alternative approach
may reduce the effects of the unknown grouping factor since the affected samples may
not be included in most of the re-sampling datasets.

Part II: Dose-response Microarray Experiments

The second part of the dissertation focused on the analysis of dose-response microarray
experiments. In Chapter 5, we proposed order restricted clustering for dose-response
microarray experiments in order to find clusters of co-expressed genes with a similar
dose-response curve. Our approach is based on the concept of local structures from
biclustering algorithms. The results showed that such an approach may be more ben-
eficial for clustering dose-response curves in stead of the standard clustering approach
that seeks for global patterns in microarray data. In addition, our clustering approach
resulted in several clusters with some of the clusters showing similar dose-response
curves, but with varying degree of gene expression levels across the clusters. This im-
plies that genes with similar dose-response curve may not necessarily be co-expressed
since some gene may have higher intensity than others.

Giving the promising results based on this initial investigation of the clustering
approach to dose-response microarray experiments, we hope in the near future to
investigate other biclustering methods such as the Plaid Model (Lazzeroni and Owen,
2002) that explicitly determines the clustering parameters from the data and has also
been shown to perform better than the δ-biclustering, on which the present order
restricted curve clustering is based.

The rest of the chapters on dose-response microarray experiments focused on
Bayesian inequality models for the identification of significant genes with dose-response
relationships and the determination of the nature of the dose-response curves. In
Chapters 6, we proposed an hierarchical Bayesian approach for the analysis of dose-
response microarray experiments. Given that there is a finite number of monotone
models for a specific number of dose levels, we proposed to fit a Bayesian model for
every monotone model and incorporated the order restriction on dose-specific means
in the priors of the parameters. Based on the deviance information criterion, we
calculated the posterior probabilities for each of the monotone models per gene. In
order to determine genes with significant dose-response relations, we used the poste-
rior probabilities under the null model (model with equal means) as an alternative to
p-values. The cut-off for the posterior probability under the null model is fixed at 5%
and we showed, based on the local FDR, that the false discovery rate is controlled.



194 Chapter 16. Concluding Remarks

The results, based on the posterior probability when non-informative priors (equal
weights) are used, generally gave more significant genes than when informative priors
are used. The false discovery rate is also better controlled with the informative priors
as compared to the non-informative priors. We also touched on statistical inference
for dose effect-size where the differences in average gene expression levels between the
minimum and maximum doses are of interest. Furthermore, to determine the nature
of dose-response curves for the significant genes, we assigned each gene to a monotone
model, where it has the highest posterior probabilities. The results showed that this
approach favours monotone models with less constrains on the dose-specific means.

In Chapter 7, we proposed a finite mixture approach for analysing dose-response
microarray experiments. This approach is similar to the hierarchical Bayesian ap-
proach, except that all the monotone models are fitted as a single model per gene.
Based on the data, the posterior probability for a gene to belong to any of the model
can directly be obtained from the model. We found that this approach performed
better than the hierarchical Bayesian approach, as it resulted in less number of false
positives. Similar to the hierarchical Bayesian approach, we identified significant genes
based on the posterior probability under the null model with and without informative
priors. Note that, unlike in the Bayesian approach, the informative priors or non-
informative priors are specified at the model levels and have direct influence on the
posterior probabilities for the monotone models. The posterior probabilities based on
the informative priors resulted in a fewer number of genes as compared to the non-
informative priors. Most genes identified by the mixture model approach are nested in
the gene list resulting from the Bayesian approach. The mixture model approach also
controlled the false discovery rate better than the hierarchical Bayesian approach. We
therefore prefer the mixture model approach over the hierarchical Bayesian approach.

In Chapter 8, we discussed the Bayesian isotonic transformation for the analysis
of dose-response microarray experiments primarily to identify genes with significant
dose-response relationships. This approach is different from the previous ones because
it does not incorporate the order restricted constraints in the priors of the dose-specific
means and consequently does not require that all the monotone models be fitted per
gene. Instead, it obtained posterior samples for the dose-specific means from an
unconstrained models and projected the samples to the constrained parameter space
through isotonic transformation.

We showed that the prior probabilities from the Bayesian isotonic transformation
are equivalent to the level probabilities from the isotonic regression. This approach is
more appealing than the hierarchical Bayesian approach because the inference about
the order restriction is directly incorporated as prior odds in the Bayes factor. How-
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ever, it does not control for the local FDR. It resulted in more significant genes than
the hierarchical Bayesian approach and the mixture model approach.

In Chapter 9, we conducted simulation studies to investigate the performance
of the Bayesian inequality models. The simulation results showed that both the
hierarchical Bayesian approach and the mixture model approach underestimated the
true false discovery rate for cut-off values greater than 20%. An important conclusion
from the simulation study is that the difference between the local FDR and the true
FDR from the simulation study is much wider for the hierarchical Bayesian models as
compared to the mixture model approach. It will therefore be interesting for a future
research to further investigate the false discovery rate for the mixture model approach
by formulating a single model for all the possible monotone models and for all genes in
a microarray experiments. Furthermore, the simulation study showed that both the
hierarchical Bayesian approach and the mixture model approach falsely classified the
dose-response curves for genes whose monotone models have more than one inequality
constraint. The conclusion may therefore be that the Bayesian inequality models are
not suitable for the classification of the dose-response curves.

Lastly, we showed through the simulation study that the Bayesian isotonic ap-
proach controls Type I errors for testing a single genes when the variability is consid-
erably lower than the signal, but fails to control the FDR for testing multiple genes.
However, given the flexibility of the Bayesian isotonic transformation, it is worth to
further investigate how to control for the FDR. Specifically, we would in the future
consider a mixture approach within the framework of the Bayesian isotonic transfor-
mation to calculate the posterior probabilities of genes to belong to non-differential
expressed group. The mixture component in this case may be specified as priors for
the dose effect-size between the minimum and maximum dose under the monotone
constraints. In addition, we hope to further improve the convergence of the Bayesian
isotonic transformation models by conditioning on the successive constrained poste-
rior samples in the MCMC simulations.

Part III: Probe Level Analysis of Affymetrix Gene Expression Data.

The third part of the dissertation focused on the probe level analysis of Affymetrix
gene expression data to filter out genes with irrelevant variations. This filtering step
is essential for microarray experiments since only a few of the genes are expected
to be expressed at biological meaningful and detectable limit. In Chapter 10, we
introduced the concept of informative or non-informative calls for Affymetrix gene ex-
pression data and illustrated the application of the FLUSH method and I/NI Calls on
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the HGU-133A spiked-in experiment. We concluded in this chapter that the FLUSH
methods resulted in both false positives and false negatives. In Chapter 11, we
discussed the linear mixed approach for informative or non-informative calls. The
approach captures the array-to-array variability by the variance of the random inter-
cepts. The mixed model approach with intra-cluster correlation as a filtering score
out-performed the FLUSH method and performed equally good as the I/NI Calls
when applied on the spiked-in experiment. Other filtering criteria, such as the likeli-
hood ratio test, AIC and BIC based on the linear mixed models resulted in more false
positives than the intra-cluster correlation. To understand the relationship between
the I/NI Calls and the linear mixed model for gene filtering, we introduced a new
family of models for gene filtering in Chapter 12. The first model is based on an
unconstrained factor analysis model without constraints on the factor loadings, but
the variance of the latent factor set to one. This model is similar to the model used
by the I/NI Calls except for the informative priors on the factor loadings. The second
model is based on a constrained factor analysis model with a constant factor loading
for the probes within a probeset. The model is motivated by the assumption that
all probes in a probeset quantify the expression of their designated target transcript.
This model is similar to a factor analysis model whose factor loadings are set to one,
but the variance of the latent factor constrained to be nonnegative.

The model based covariance matrix from the constrained factor analysis model is
equivalent to the model based covariance matrix from the linear mixed model. The
results of the application of the new models on the spiked-in experiments showed
that the unconstrained factor analysis model is not suitable for gene filtering since
it resulted in 100% false positives. Note that, though the same model is used by
the I/NI Calls, the informative priors on the factor loadings indirectly constrained
the factor loadings. The results from the constrained factor analysis models are
equivalent to that of the linear mixed model. In this chapter, we also proposed R2 as
a filtering score for the factor analysis models since the conditional variance used by
the I/NI Calls is sensitive to probeset size. A probeset with large number of probes
may be called informative even when it has little or no biological signal. In chapter
Chapter 13, we conducted a simulation study to investigate the performance of the
gene filtering methods. The results showed that both the probeset size and number
of arrays may affect the performance of all the methods. Also, the performance of the
methods in terms of false negatives and false positives may depend on the amount of
biological signal in the data. In most of the simulation settings, the I/NI Calls and the
linear mixed model resulted in fewer false negatives and false positives as compared
to the FLUSH method. Based on the simulation studies, we also observed that the
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violation of the assumption that all probes in a probeset quantify the expression level
of their designated target transcripts influence the performance of the I/NI Calls and
the linear mixed model. In particular, if less than half of the probes in a probeset
quantify the expected biological signal, both methods resulted in high proportion of
false negatives. The software to implement the gene filtering methods are presented
in Chapter 14 with illustration on the spiked-in experiment.

In Chapter 15, we relaxed the assumption that all probes in a probeset quantify
the expression level of their designated target transcript and introduced conditional
informative calls for Affymetrix gene expression data based on a latent class mixed
model. A probeset is called informative if at least three of its probes show consistent
measures across the arrays. We have shown in this chapter that the conditional in-
formative calls filtered out less genes as compared to the traditional informative or
non-informative calls for gene expression data. We have also shown that the issue of
internal grouping within probeset also exists in microarray experiments with alter-
native CDF. This implies that even though a probeset may contain probes from the
same genomic location and target the same transcripts, they may not necessary show
consistent measure across the arrays due to splice variant, demethylation and other
unknown biological activities.

The concept of informative or non-informative calls for gene expression data opens
up an opportunity for a new research field for microarray experiments. As a future
research, we would like to investigate informative or non-informative calls for other
microarray platform such as the illumina platform. It will also be interesting to com-
pare probe level analysis for differentially expressed genes with the present practice of
statistical inference after a summarization step. It is well known for microarray that
post-summarization analysis often suffer from small variance genes, which results in
the proposition of statistical methods such as SAM and LIMMA. Since a lot of informa-
tion at the probe levels are lost during the summarization step, it is my believe that
statistical tests for differentially expressed genes based on the probe level data may
not suffer from the problem of the small variance genes and may have more power
than the post-summarization approach. Whenever it is obligatory to carry out sum-
marization of the probe levels data prior to statistical analysis, such as in the case
of clustering, biclustering, and classification and class prediction, we would also like
to investigate how summarization based on a linear mixed model compares to other
summarization methods such as RMA, gcRMA and FARMS. We hope in the near future to
develop method to correct for label switching for the latent class mixed model because
the present implementation based on a two stage approach is expensive in terms of
computational resources.
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Lin, D., Shkedy, Z., Burzykowki, T., Göhlmann, H., Bondt, A. D., Perera, T., Geerts,
T. and Bijnens, L. (2008) Classification of trends in dose response microarray ex-
periments us- ing information theory selection methods. In: Proceedings of Joint
Statistical Meeting, Special Issue.

Lin, D., Shkedy, Z., Yekutieli, D., Burzykowki, T., Göhlmann, H., Bondt, A. D.,
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Samenvatting

Elk levend organisme kan slechts functioneren dankzij de delicate d cordinatie van
essentile activiteiten door de kleinste eenheid van leven, de cel. In de kern van elke
levende cel bevindt zich het DNA (deoxyribonucleic zuur) dat de erfelijke informatie
bevat nodig om de celfuncties te reguleren en dat doorgegeven wordt aan de vol-
gende generatie van cellen. Voor biomedisch onderzoek en voor gendividualiseerde
geneeskunde is het essentieel om een goed inzicht te hebben in de functionaliteit
van de genetische informatie die in het DNA gecodeerd is. Nu het genoom van de
mens en ook van andere diersoorten en planten volledig gekend is, zitten we in het
‘postgenomische’ tijdperk, waarbij men allerlei voordelen tracht te halen uit de ken-
nis van de genomische tekst (Lengauer, 2001). De komst van biotechnologien zoals
microarrays stellen ons in staat om de activiteit van het volledige genoom in n keer te
meten. Deze rijkdom aan biologische informatie zorgt voor nieuwe mogelijkheden wat
betreft het ontwikkelen van efficinte medicijnen en therapien. De geschiedenis leert
ons dat 30 tot 40% van de experimentele medicijnen falen omdat ze niet het juiste biol-
ogische doelwit beogen (Butcher, 2003). De belangrijkste bijdrage van de genomische
informatie is daarom waarschijnlijk de mogelijke verhoging in het slaagpercentage van
medicijnen in ontwikkeling dankzij een betere definitie van het biologisch doelwit van
dat medicijn, een doelwit dat verband houdt met de ziekte en de progressie ervan.

Er is echter ook een nadeel verbonden aan het gebruik van microarrays. De data
die door deze technologie gegenereerd wordt, heeft een hoge dimensionaliteit, waar-
door de bestaande statistische methodologie vaak niet rechtstreeks toepasbaar is.
Daarboven is er een grote diversiteit aan microarray platformen met elk hun eigen
kenmerken. De meest gebruikte platvormen zijn Agilent (Wang et al., 2007), Illumina
Kuhn et al. (2004) en Affymetrix (Lockhart et al., 1996). In deze thesis ligt de nadruk
op Affymetrix GeneChips. Deze kwantificeren de expressie van een gen via meerdere
oligonucleotides (“probes”) van 25 basisparen lang die samen een “probeset”vormen
(Göhlmann and Talloen, 2009).
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De dataset die afkomstig is van een Affymetrix GeneChips moet eerst bewerkt
worden vooraleer er een analyse op uitgevoerd kan worden. Deze voorbereidende
stappen omvatten ondermeer normalisatie en het samenvatten van de data op probe
niveau tot probeset niveau. In deze thesis ligt de nadruk vooral op de statistische
analyse van microarray data met betrekking tot (1) “gene signatures”voor bivari-
ate gen expressie, meer bepaald voor metingen van verschillende weefsels, (2) het
modelleren van dosis-respons microarray experimenten om genen te identificeren die
als biomarker kunnen dienen voor een medicijn en (3) analyse van microarray data
op probe niveau om genen met irrelevante variaties te identificeren en eruit te filteren.

Deel I: “Gene Signatures”voor bivariate gen expressie: toepassing op het

Prikkelbare darm syndroom.

Het onderzoek naar moleculaire biomerkers voor een bepaalde ziekte gebeurt vaak
aan de hand van het weefsel dat door de ziekte is aangetast. Wanneer men echter niet
zomaar over dit weefsel kan beschikken, is het vaak eenvoudiger om de gen expressie
van een surrogaat weefsel te meten. In het eerste deel van de thesis wordt bekeken hoe
we, via de identificatie van significante genen, een “gene signature”tussen verschillende
weefsels kunnen vertalen. Er werken 30 genen gevonden die voor het darm weefsel
(doelweefsel) significant verschillen tussen patinten en gezonde personen. Er werden
echter geen significante genen gevonden voor het rectale weefsel (surrogaatweefsel).
Dit geeft de impressie dat de gen expressie van het rectale weefsel niet geassocieerd
kan worden met het prikkelbare darm syndroom. Maar het gebrek aan statistische
significantie wil niet zeggen dat er geen biologische relevantie kan zijn. Daarom on-
derzoeken we de voorspellende kracht van de genen die bovenaan gerangschikt zijn
bij een vergelijking tussen de twee weefsels, om zo te kunnen discrimineren tussen
patinten en gezonde personen. Het resultaat toont aan dat genen die geselecteerd en
gevalueerd zijn op basis van de gen expressie van het darm weefsel voor ongeveer 70%
accuraat zijn bij het discrimineren tussen patinten en gezonde personen. Genen die
geselecteerd en gevalueerd zijn op basis van de gen expressie van het rectale weefsel
zijn minder accuraat (56%). De belangrijkste conclusie is dat wanneer gekende genen
(genen die biologische relevant zijn voor het prikkelbare darm syndroom) gevalueerd
worden op basis van de gen expressie data van het rectale weefsel, de voorspellende
kracht ongeveer 70% is, wat even goed is als bij het gebruik van het darmweefsel.

De “plaatsvervanging”tussen darm en rectaal weefsel wordt verder onderzocht
gebruik makend van gen expressie. Er worden twee niveaus van “plaatsvervang-
ing”beschouwd, namelijk (1) “plaatsvervangingöp gen niveau en (2) “plaatsvervang-



SAMENVATTING 213

ingöp het niveau van de ziekte. Op het niveau van het gen hebben we aangetoond dat,
voor een aantal genen, het expressie niveau van rectaal weefsel gebruikt kan worden
om dat van darm weefsel te voorspellen, na een correctie voor gekende effecten. De
“plaatsvervangingöp gen niveau zou “house keeping”genen moeten identificeren. Dit
zijn genen die een gelijkaardige expressie vertonen in beiden weefsels, onafhankelijk
van de effecten van de ziekte op die weefsels. De resultaten op gen niveau moeten
echter voorzichtig genterpreteerd worden aangezien de associatie voor sommige genen
gedreven wordt door ongekende groeperingvariabelen. Op het niveau van de ziekte
hebben we aangetoond dat genen met sterke ziekte-effecten in het rectaal weefsel ook
sterke ziekte-effecten hebben voor darm weefsel. Alhoewel er geen significante genen
zijn voor het rectaal weefsel is er toch een significante associatie tussen de ziekte-
effecten van het darm en rectaal weefsel.

Deel II: Dosis-respons microarray experimenten.

De ontwikkeling van nieuwe en innovatieve behandelingen is n van de belangrijkste
uitdagingen in biomedische onderzoek. Spijtig genoeg is er in het laatste decennium
een daling in het aantal nieuwe therapien die op de markt komen, ondanks de toen-
emende investeringen in farmaceutisch onderzoek en ontwikkeling (FDA, 2004). En
van de moeilijkste stappen in het ontwikkelingsproces van medicijnen is het identifi-
ceren van het doelwit en de validatie ervan (Sams-Dodd, 2005). Een goed medicijn
moet een sterk effect hebben op een specifiek biologische “pathwayën een minimaal
effect op alle andere “pathways”(Marton et al., 1998). Nagaan of een medicijn het
juiste doelwit benvloed en de identificatie van ongewenst secundaire effecten vormen
n van de vele uitdagingen in de ontwikkeling van medicijnen.

In het tweede deel van deze thesis worden statistische methoden besproken voor de
analyse van dosis-respons microarray experimenten. We beginnen met het voorstellen
van de “order restricted clustering”methode voor dosis-respons microarray experi-
menten om zo clusters van co-gereguleerde genen te vinden met een gelijkaardige
dosis-respons curve. De resultaten tonen aan dat deze methode meer voordelen kan
hebben voor het clusteren van dosis-respons curves in vergelijking met de standaard
clustering methodes die globale patronen zoeken in microarray data. Bovendien re-
sulteert onze clustering methode in meerdere clusters waarvan er enkele gelijkaardige
dosis-respons curves vertonen, maar met wisselende niveaus van gene expressie tussen
de clusters. Verder onderzoeken we de Bayesiaanse aanpak om dosis-respons mi-
croarray data te analyseren om zo genen te vinden met significante dosis-respons
relaties. We beschouwen drie verschillende methodes met betrekking tot de Baysi-
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aanse ongelijkheidsmodellen, namelijk een hirarchische methode, een “finite mixture
model”methode en de Bayesiaanse isotonic transformatie methode. De resultaten
tonen aan dat de ”latent mixture”methode beter is dan de hirarchische en dat die
minder significante genen geeft dan de Bayesiaanse isotonic tranformatie methode.

Deel III: Analyse van Affymetrix gen expressie data op probe niveau.

De sterke en zwakke punten van microarray technologie kunnen toegeschreven worden
aan de enorme hoeveelheid informatie die gegenereerd wordt. Eerst en vooral komen
vele genen niet tot expressie op een biologisch zinvol of meetbaar niveau. Bij de meeste
weefsels komen slechts 30 - 40% genen tot expressie (Su et al., 2002). Daarboven
verwacht men dat slechts een klein deel van de genen die tot expressie komen ook een
significant verschil geven voor de verschillende experimentele condities (Calza et al.,
2007). De genen met veel ruis en irrelevante variatie leiden dikwijls tot vals positieve
resultaten bij de identificatie van significante genen (Dudoit et al., 2002).

In het derde en laatste deel van deze thesis worden “linear mixed effects”modellen
voorgesteld voor de “I/NI calls”, informatieve/niet informatieve gen expressie waar-
den, om zo genen te verwijderen met irrelevante expressie waarden. De “mixed ef-
fects”methode geeft geen vals negatieve genen en een te verwaarlozen percentage vals
positieve genen bij de toepassing op spiked-in experimenten. Deze methode lijdt
tot betere resultaten dan de FLUSH methode (Calza et al., 2007) en heeft een geli-
jkaardig resultaat vergeleken met de “I/NI calls”(Talloen et al., 2007). We stellen
ook een nieuwe familie modellen voor gen filtering voor, gebaseerd op factor analyse
modellen. Uit ons onderzoek blijkt dat de linear mixed methode equivalent is aan de
“constrained factor analysis”modellen waarbij de factor loadings constant zijn voor
alle probes in een probeset. Om de assumptie dat alle probes in een probeset het
expressie niveau van eenzelfde doelwit kwantificeren te vermijden, hebben we ook
conditionele informatieve calls gentroduceerd, gebaseerd op “latent class linear mixed
models”. De conditionele informative calls zijn minder drastisch voor gen filtering dan
de klassieke “I/NI calls”. Daarboven is het latent class mixed model een potentieel
middel om splice varianten van de probes in een probeset te ontdekken.


