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Abstract 

This thesis has two main aims: 

1. To develop new statistical and data mining procedures for modeling stem cell 

genes during the differentiation process, 

2. To present biological interpretations of "sternness" genes based on time-course 

expression patterns and genetic networks. 

Stem cells have been of much interest over the past few years. Up to now, 

scientists have recognized many crucial features that distinguish stem cells from other 

types of cells: first, stem cells are capable of renewing themselves, serving as the 

organism's repair system. Second, they can differentiate into many types of adult 

cells that finally form over 200 kinds of specialized cells in the body. 

Given the vast information in gene expression data, it is possible to develop sim­

ple and reliable methods to investigate the differentiation of stem cells. However, very 

little is known about the mechanisms that characterize the genome-wide dynamic reg­

ulation of gene expression controlling stem cell differentiation. Relatively few research 

efforts have tackled stem cell differentiation problems using statistical procedures on 

time-course expression data. There is no doubt that understanding the time course 

of differentiation is of great significance since it should enable scientists to artificially 

induce stem cells to generate the appropriate intended specialized cells, such as the 

beating cells of the heart muscle or the insulin-producing cells of the pancreas. 

n 
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In this thesis, we approach the time-course differentiation of stem cells, as mea­

sured by expression data, through some new statistical and data mining procedures. 

Our framework can be outlined as following: 

• Develop new detection methods for differential gene expression to identify "stern­

ness" genes that drive and repress stem cell differentiation. 

• Develop time-course expression clustering analysis techniques and apply them 

to stem cells. 

• Explore new efficient analyzes for generalized linear models (GLM) that can be 

potentially applied in gene interaction network. 

Validations of computational performance are based on the experimental data avail­

able from StemBase, a well-cited public collection of DNA microarray data on stem 

cells designed for the purpose of facilitating stem cell research. 

Key words: stem cells, differentiation, embryonic stem cells (ESC), microarray, gene 

expression, clustering, gene regulatory network, time course, differential genes, Gene 

Ontology (GO), similarity measures, quasi-likelihood, mixture model 
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Chapter 1 

Introduction 

1.1 Background 

Stem cells have the potential to develop into many different types of cells in the body. 

An undifferentiated stem cell will go through mitotic cell division and differentiate 

into various kinds of specialized offspring cells such as heart, lung, muscle, skin and 

brain cells. Stem cells can be categorized in terms of differentiation stage: 

• Totipotent cells are capable of forming every type of body cell through repli­

cating and differentiating themselves, 

• Pluripotent stem cells may give rise to any type of cell in the body except those 

needed to develop a fetus, 

• Multipotent stem cells will produce only cells in some family associated cells 

of cells, for instance, the hematopoietic stem cell can only differentiate into a 

blood cell of one type or another, 

• Unipotent stem cells can produce only one cell type in adult organisms, but can 

also self-renew. 

1 
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Pancreatic Hematopoietic Cardiomyocytes Neurons Hepatotytes 
islet tells cells 

Figure 1.1: Embryonic Stem Cells and Derived Cells 

Because of its special biological functions, the stem cell has earned great popular­

ity in many therapies for replacing disordered or damaged cells resulting from various 

types. Recent studies show that ESC (embryonic stem cells) can be induced to differ­

entiate into cells with multiple functions by adding specific growth factors. It has been 

reported recently that successful hematopoietic stem cell transplantation has achieved 

this potential of stem cell treatment. For instance, scientists have infused stem cells 

into the patient's bone marrow to produce new blood cells [Barker JN. et al. 2005]. 

There are two major types of stem cells in terms of development period: embry­

onic and adult stem cells (also namely tissue stem cells). Embryonic stem cells derive 

from three to five days old embryo developing from fertilized eggs. The embryos 

used in these studies were created for infertility purposes through in vitro fertiliza­

tion procedures. The embryos develops into a hollow structure ball of cells called 

the blastocyst, which consists of three layers: trophoblast, blastocoel and inner cell 
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mass, from which Embryonic stem cells are generated. Adult stem cells are undif­

ferentiated cells found in differentiated multi-cellular organisms. They are said to 

show plasticity because they may be reprogrammed by growth factors to change their 

differentiation direction which has important implications for cell therapy and other 

regenerative treatments. Given suitable conditions, scientists are able to manipulate 

adult stem cells to introduce new genes or differentiate into specialized cells. For 

example, in mice, stem cells can be directly generated from adult fibroblast cultures 

[Takahashi K. et al. 2006]. 

Research on human adult stem cells has attracted recently a great deal of excite­

ment. In fact, adult blood stem cells from bone marrow have been utilized in human 

body transplants for many years. Scientists have used adult human neural stem cells 

to successfully regenerate damaged spinal cord tissue and to improve mobility in mice 

[UC Irvine Reeve-Irvine Research Center, 2005 ]. The discovery provided strong evi­

dence to support the plasticity property of human adult stem cells. Unlike embryonic 

stem cells, which originate from the inner cell mass of blastocyst, it is not very clear 

how the adult stem cells in mature tissues are created. 

Another type of mammalian stem cell, called cord blood stem cell can be ex­

tracted from the umbilical cord when it is detached from the newborn baby. Similar 

to hematopoietic stem cells, cord blood stem cells can also be utilized in stem cell 

treatment [Raymer E. 2005]. 

1.2 Time-course Microarray data 

Microarrays are arrays of DNA molecules that permit many hybridization experiments 

to be performed at the same time. They can monitor expression levels of thousands 

of genes simultaneously. 

Genetic information is contained in DNA which is a template for a class of cellular 

ribonucleic acids (RNAs) called messenger ribonucleic acids (mRNAs). By measuring 
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Figure 1.2: Microarray technology and gene expression 

levels of mRNAs we can infer which specific proteins the cell is making. 

The most popularly used technology for evaluating amount of mRNA being syn­

thesized is through hybridization of nucleic acids with an array of many cDNA se­

quences or oligonucleotides, printed as spots onto a solid support. The intensity of 

the label associated with each spot represents the expression level for that particular 

sequence. This intensity is compared to the intensity of the equivalent spot on an 

identical gridded array hybridized with the material prepared using mRNA isolated 

from a different source. This provides a measure of differential mRNA expression 

specific for that spot DNA sequence (e.g. gene marker). By comparing all equivalent 

spot intensities between two grids, the changes in expression of many thousands of 

genes can be evaluated at the same time (see Fig 1.2). 

The oligonucleotide differs from cDNA on different material; cDNA uses PCR 

results created from cDNA clones, while oligonucleotide is produced from synthetic 

gene-specific oligo-deoxynucleotides. 

Microarray chips have attracted much attention recently with the increasing 

availability of large-scale data and the urgent need to understand gene regulatory 

pathways. This requires effective identification of co-expressed genes and other co-
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herent patterns of gene expression. Data mining on microarray data is an important 

path to understand gene regulatory networks [Wahde M. et al. 2001]. 

There are two kinds of microarray data: static and time course expression. Static 

data are the gene expression levels observed on microarray chips at a fixed time point 

or under specific experimental conditions or in specific tissues. For instance, the tran­

scriptional response of human cells to ionizing radiation was measured by compar­

ing expression data under different experimental conditions [Tusher VG. et al. 2001]. 

Time-course gene expression is sequential gene expression recorded over a time course, 

for example, the response of human fibroblasts to serum [Iyer VR. et al. 1999] and 

gene expression of ESC over 11 time points [Perez-Iratxeta C. et al. 2005]. We often 

refer to the time sequential expressions of a gene as a gene profile, for example, 

(1025.67,1349.29,2001.05,1888.53,999.12) 

might be a gene profile across 5 time points. 

Time-course transcriptional profiles of stem cells provide us with a dynamical 

measurement of the transcriptional levels of thousands of genes. Underlying dynam­

ical profile is a biologically continuous process, which can be mathematically repre­

sented by a continuous function, i.e. a continuous curve. Such curves can reflect 

functional forms through expression patterns. For instance, Figure 1.3 shows time 

course gene expression of mouse stem cells in STAT3/JAK signalling Pathway. 

From time-course expression data, we may gain insights into the regulatory net­

work of genomes and understand many fundamental mechanisms of cells at the molec­

ular or cellular mechanism level. For instance, given dynamics of stem cell gene ex­

pression over a time course, it might be possible to infer the regulatory mechanisms 

that drive or repress the differentiation of stem cells. Indeed, by comparing the gene 

expression levels with different time points, investigators can define a group of "stern­

ness" genes [Ramalho-Santos M. et al. 2002], which control stem cell differentiation. 
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Figure 1.3: STAT3/JAK signalling pathway: Gene profiles within the first 36 hours. 
Drawn from the data extracted from StemBase [Perez-Iratxeta C. et al. 2005] 
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Time-course gene expression has the advantage that it includes autocorrelated 

information across time points. By comparison, static expression data only give 

a snapshot of information under a fixed condition. This has drawbacks for gene 

expression research. For example, the existence of coherent trajectory patterns can 

be interpreted as reflecting related biological functions performing genes in the same 

cluster, but static expression data could not provide this information. Using static 

stem cell expression information, [Takahashi K, et al. 2006] summarized a total 

number of 216 genes that are enriched in stem cells. However, it makes more sense to 

investigate "sternness" genes differentiation process based on time course expression. 

1.3 Data source 

In this dissertation, the data for studying stem cell differentiation come from Stem-

Base, a collection of DNA microarray data on stem cells designed for the purpose of 

scientific research on the topic [Perez-Iratxeta C. et al. 2005]. Up to now, the Stem-

Base has stored many samples including ESC (embryonic stem cells) for mouse and 

human hematopoietic stem cells. The database was organized by collecting gene ex­

pression data from various microarray experiments. All gene expression data were 

probe set hybridization values generated by the MASS5.0 (a kind of normalization 

algorithm for gene expression levels) of Affymetrix. The high density of probe sets 

reflects a huge number of genes and ESTs (expressed sequence tags), as well as pre­

dicted exons. For example, E113 is a time course study on V6.5 ESC, where, the 

probe set expression is measured at 11 time points that span 14 days when LIF 

(LEUKAEMIA inhibitory factor) is removed. The experimental data are gene or 

gene product expression levels across the time points: 0 hour, 6 hours, 12 hours, 18 

hours, 24 hours, 36 hours, 48 hours, 4 days, 7 days, 9 days, and 14 days. Based on 

this dynamical information above, we can investigate stem cell properties through 

advanced statistical analysis and data mining techniques. 
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1.4 Statistical analysis on stem cells 

The thesis contributes three quantitative techniques to explore time course gene ex­

pression data: 

1. Statistical detection of differential gene expression, 

2. Dynamical clustering analysis, 

3. Quantitative methods for gene regulatory networks. 

Traditional statistical methods study differences via the t statistic defined as: 

^~~X2 (1.4.1) 

where, Xi, (i = 1,2) are the sample means of two groups (with sample sizes rii and 

n2) and the pooled sample variance 

4 = " < + " < (1.4.2) 
v ni + n 2 - 2 v ' 

The t test is often employed to deal with sample comparison problems in mi-

croarray gene expression data. In these data, the number of genes on a single chip is 

typically very large (e.g., 20,000) compared with the very small number of replicates 

or experimental conditions for each gene (3 or 4). This leads to serious inaccuracies in 

the t test since the t statistic for the gene tends to be higher when its sample variance 

is smaller. 

This effect is especially troubling for the general t or Hotelling T2 test, because 

low standard errors often appear purely by chance. To illustrate this, the two plots 

in Figure 1.4 depict the strong dependence between the t statistic and the pooled 

standard error (3 replicates) (left) and between the mean difference and the standard 

error (right), in the comparison of gene expression values in murine J l Embryonic 
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Figure 1.4: Scatter plot of pooled standard error against t-statistic and mean differ­
ence 
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Stem Cells (ESCs) at time point 0 hour and 18 hours respectively of a differentiation 

experiment [Perez-Iratxeta C. et al. 2005]. 

The microarray data analysis literature contains several proposals for tackling 

this problem [Tusher VG. et al. 2001]. The best-known solution is SAM (Significant 

Analysis of Microarrays) in which the standard error sg is adjusted by adding a 

constant fudge factor c. In this way, the dependence of the test statistic on sample 

variance can be reduced, as long as the fudge factor c is carefully chosen: 

tg{c) = \XJLZM ( 1 .4 . 3 ) 
sg -r c 

Where, xg,yg represent the sample means of gene expression levels under different 

experimental conditions. An advantage of the available implementation of SAM is 

that it avoids the assumption of sample normality, since the distribution quantiles of 

the test statistic are calculated via a permutation procedure. This method is widely 

applied in differential genes investigation. For instance, [Takahashi K. et al. 2006] 

employed the SAM method to study "sternness" signature by comparing gene expres­

sion levels at different experimental conditions. 

The analysis of gene expression data presents us with a potential insight into gene 

function and regulatory mechanisms. A crucial approach is the detection of groups of 

genes that manifest similar expression patterns. Clustering analysis of gene expression 

data is often applied to detect co-regulated genetic functions. The classical cluster­

ing techniques include optimizing within-between variation methods such as K-means 

[Hartigan JA. et al. 1979], linkage agglomerative clustering [Ball GH. et al. 1967] and 

model-based clustering [Chudova D. et al. 2004]. In the K-means method, the num­

ber of clusters K is given, and each gene is assigned to one of K clusters through 

minimizing a measure of dispersion within the clusters. The goal is to divide the sam­

ple into a predetermined number K of non-overlapping clusters so that clusters are as 

homogeneous as possible with respect to the measurements. The K-means algorithm 

file:///xjlzM
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starts with an initial partition of the observations into K clusters. Subsequent steps 

modify the partition to reduce the sum of the distance of each data point from its 

centroid. This leads to a new partition for which the sum of distances is smaller 

than before. The means of the new clusters are computed and the improvement step 

is repeated until all the positions of all the centroids become stable. The K-means 

clustering algorithm: 

(k\) Start with K initial clusters. 

(k2) At every step, each observation is reassigned to the cluster with the "closest" 

centroid. 

(kS) Recompute the centroids of clusters that have lost or gained a record, and repeat 

step (k2). 

(k4) Stop when moving any more records between clusters increases cluster dispersion. 

The idea behind hierarchical linkage clustering is to start with each cluster con­

taining one observation and then progressively agglomerating the two nearest clusters 

until there is just one cluster left in the end. At final stage, the cluster will include 

all observations. The hierarchical linkage algorithm: 

(hi) Start with n clusters. 

(h2) The two closest observations are merged into one cluster. 

(/i3) At each step, the two clusters with the smallest distance are merged. In other 

word, single observations are added to existing clusters or two merged clusters. 

The hierarchical linkages algorithm can be classified into several sub-algorithms 

such as single linkage, complete linkage, weighted or unweighted average linkage, me­

dian linkage, centroid linkage and Ward linkage. The various clustering methods dif­

fer in how the distance between two clusters is computed when merging sub-clusters. 
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[Johnson RA. et al. 2002] 

Both K-means and linkage clustering are pure data-mining methods without 

statistical background. The common shortcoming is the failure to consider variable 

correlations and data density. In general, these methods do work well in promptly 

clustering dynamical gene expressions. 

Model-based clustering is a relatively new technique based on sample distribu­

tion. Rather than defining a similarity measure such as Euclidean distance or Pearson 

correlation, model-based clustering methods assume that observed data are generated 

by an unknown number of probabilistic models. A model with the same parameter 

set creates a cluster. The clustering proceeds by maximizing the likelihood that ob­

served data are generated by the given models. Cluster membership is determined by 

posterior probabilities that a gene expression profile is generated by a specific model. 

Model-based methods handle the gene expression clustering problem based on the 

distribution of data. This method also takes the correlation structure of observations 

into account. Model-based clustering can be described by the following procedure: 

Let the joint probability for a data object x and a cluster y be P(x; y). We maximize 

the following expected log-likelihood: 

L=J2 P& y)log\p(x\Xy)} = £ P(x) ] T P(y\x)log[p(x\Xy)} (1.4.4) 
{x,y) x y 

where, P(y\x) is the posterior probability of y given x, p(x\Xy) is the incomplete data 

likelihood representing the distribution of x given cluster y, Xy) is the membership 

indicator representing whether an observation belongs to cluster y, and P(x) is the 

prior of data x. In practice, one typically uses the sample average to calculate L, 

i.e., P(x) = 1/N. As for model-based clustering approaches, the model type is often 

specified a priori, such as by Gaussian or hidden Markov models (HMMs). The model 

structure (e.g., the number of hidden states in an HMM) can be determined by model 

selection techniques and parameters estimated using maximum likelihood algorithms, 
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such as the EM algorithm. Finally, each gene is assigned into a cluster if its posterior 

probability being in this cluster is the largest. 

These traditional clustering methods are often applied to static data set. Al­

though such procedures are sometimes biologically meaningful and can exhibit gene 

function under some situations, the dynamic evolution of genes is better represented 

by gene profiles over time course. Thus, the similarity in shape between two expres­

sion curves is a key measurement in clustering analysis. The traditional clustering 

techniques generally fail to consider the time sequence effect, since one can always ex­

change the order of observations over a time course without affecting the final cluster­

ing result. Because of this, various dynamical clustering methods have been proposed, 

such as dynamic model-based clustering for time-course data [Wu FX., et al. 2005] 

and clustering analysis with functional mixture models [Chudova D. et al. 2004]. In 

general, these new techniques try to tackle the "dynamics" in the data through defin­

ing appropriate stochastic error models. 

In sum, model clustering techniques treat a data group that satisfies a statistical 

model as a cluster. Therefore, we can develop new clustering methods by adding 

various statistical features (such as correlation or trend) to the model. 

The detection of gene regulatory network has recently received much interest. 

There are many modeling techniques for identifying gene regulatory pathways. The 

major streams include Boolean network [Liang S. et al. 1998], differential equation 

model [Chen T. et al. 1999] and Bayesian network [Friedman N. et al. 2000]. These 

models view the genes in a genome as categorical or continuous longitudinal ran­

dom variables that interact with each other in terms of gene expression levels and 

genetic regulatory relationships. In differential equation models, the gene expressions 

are assumed to be determined by the amount of transcription protein and degra­

dation rates of mRNA. i.e., the model is based on the following equation system 

[D'haeseleer P. et al. 1999] and [Chen T. et al. 1999]: 
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Y(t + At) = W.Y(t) 

where the matrix W = {wij}nxn is regulatory matrix for Yi(t + At), a vector 

representing the expression levels of genes gi,g2,--gn at time t + At. The model 

assumes that gene expression is determined by transcriptional protein and mRNA 

degradation, in other words, the expression level of the current step is determined by 

expression levels of other gene at previous steps. 

The classical Boolean networks were proposed by [Kauffman SA. 1969], as ran­

dom models of genetic regulatory networks. In a Boolean network model, the genes 

are in one of two states, either active or inactive, described as completely on or off. 

The two states are often denoted by the binary values 1 and 0 respectively. Accord­

ing to this model, the gene network is represented as an oriented graph G = (V, F), 

whose nodes V represent elements of the network, and F defines a topology of edges 

between the nodes and a set of boolean functions. A node represents either a gene 

or a biological stimulus, where a stimulus is any relevant physical or chemical factor 

which influences the network and is itself not a gene or gene product. The binary 

state varies with respect to time and depends on the states of other genes in the 

network through a boolean variable equation: 

Yi(t + l) = Fi(Y(t)) (1.4.5) 

where Yi(t), i = 1 . . . ,n are the states of the n genes in the network. The function 

F(.) is a Boolean function of the states of the network at time t, for updating the 

state of element i&tl + t. We also call F(.) the regulator function. We can write the 

above equation in the matrix form: 

Y(t + l) = F(Y(t)) (1.4.6) 
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Figure 1.5: Boolean network 

where Y(t) — (^( t ) , y2(£),- • • ,Yn(t)) is the gene expression vector at time t for n 

genes in the network system, and F{.) = (Fi(.), F2(.), • • • , Fn(.)) is the regulator vec­

tor for Y(t) at time t+1. 

Although Boolean network model only expresses a rough picture of gene reg­

ulatory network, it is the first proposed method that is capable of simulating gene 

interaction relationships. 

Bayesian networks (BNs) are based on Bayes theorem, mathematically, 

Pim)=mw (1,.7) 
where we update our belief in factor F given the additional reason R. The left-

hand term, P(F\R), is known as the posterior probability or the probability of F 

after considering the reason R. The term P(F) is called the prior probability of F. 

The term P(R\F) is called the likelihood and gives the probability of the evidence 
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assuming the hypothesis F. Finally, the last term P(R) is independent of F and can 

be regarded as a normalizing or scaling factor. 

In mathematical form, a Bayesian network for a gene system is represented by a 

joint density of (x\, x2, • • • , xn). This system is composed of a set of local conditional 

densities combined with a set of conditional independence assertions that allow the 

construction of a global density from the local density. The chain rule of probability 

is to be used to ascertain these values: 

P(xux2, • • • , xn\c) - Y[p(xi\xi, • • • , c) (1.4.8) 
i 

where c is the current state information of the system. BNs provide an efficient 

representation for expressing joint probability distributions (JPDs). Actually, it is a 

probabilistic graphical model representing a set of variables and their probabilistic 

independencies. In a graphical model representation, variables are seen as the nodes 

connected together by edges marked as relationship among variables, and directed 

acyclic graph in Bayesian network can be expressed as the joint distribution of the 

node values and be written as the product of the local distributions of each node and 

its parents. BNs can provide a parsimonious representation of conditionality among 

parametric relationships, and the directed edges of the graph are connected to show 

this dependency. 

Bayesian networks have the following advantages over traditional methods of 

inferring interactive relationships: 

• Independent relationships among variables are easy to understand and condi­

tional relationships are identified by directed graph edges, 

• The variables are independent if there is no direct path from one to another. 

By optimizing the graph, we can find that every node has at most k parents. 

The algorithmic routines run in 0(2kn) instead of 0(2") time. In fact, the 
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computational procedure is of linear time (based on the number of edges) instead 

of exponential time (i.e. based on the number of parameters). 

Another kind of gene network inference method is factor analysis, such as path­

way analysis [Wright S. 1934], which learns the traits or patterns of independent 

variables and their correlations with the response variable. The goal of the method 

is to provide plausible explanations of observed correlations based on a path diagram 

and the decomposition of observed correlations into path coefficient terms by multiple 

regression procedure. The method was initially developed to identify causal relations 

in population genetics. It is a kind of structural equation analysis that does not 

consider previous time points or time order. However, given enough gene expression 

samples over a time course, we can model the relations among transcript levels for a 

set of genes and unravel the strength of casual relations from patterns of variation on 

transcript levels. The model is formulated by: 

m 

where y is a random variable that is thought to cause change in other exogenous ran­

dom variables Xj (j — 1,2, • • • , m), which are assumed to be mutually independent. 

e is an unmeasured random variable (residual effect). The path diagram of the model 

can be represented as Figure 1.6(when m = 3): 

(1.4.9) can be standardized such that y and Xj (j = 1,2, • • • , m) have variance 1, i.e. 

V ~ E(y) = y > g(gj) Xj - E(Xj) <r(e) g (14 10) 

°hl) frt °(V) °{XJ) a(y) a(e) 

It is noted that the constant part /3o disappears in (1.4.10), i.e. the model is only 

concerned with the proportion of regulatory strength for each independent gene. 

m 

y(') = E v ? ) + ^ e ( , ) (1An) 
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Figure 1.6: Pathway Diagram 

where, xf',y^ (j — 1 , . . . , m) and e^ are standardized versions of Xj,y (j = 1 . . . , m) 

and e respectively. We can estimate the coefficients in the formula from the following 

procedure: 

m m 

Pyk = Corr(y^, x[s)) = Cov^Pyj^, 4-)) = E ^ * C1-4-12) 
3=1 J = l 

where pjk = Cov(x<f\x{
k
s)). Denoting pyx = [pyi,py2,--- ,Pym]T £ ^ m , Py = 

\PyiiPy2, ••Pym]T £ ^ m and QXX — {pij} e Umxm. From above, we have 

Py = £ * V (1-4-13) 

To determine the residual coefficient ps, we notice that 

1 = Var(y) = l/ar(E^1p2 / i + p£e) = pT
yxQxxpyx + p££ (1.4.14) 

file:///PyiiPy2
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then we have 

Pi = l ~ PyxQzzPyx = 1 ~ PyXPy (1.4.15) 

The pathway analysis has been applied or extended to study covariation among 

a set of genes in gene regulatory network [Coffman CJ. et al. 2005]. 

1.5 Overview of contributions 

This dissertation focuses on developing new efficient statistical methods for dynamical 

gene expression clustering, the detection of differentially expressed a genes over a time 

course and inferring gene regulatory relationships. Given the computational results in 

each case, we search on GO(Gene Ontology) terms and public online software FatiGO 

to interpret specific biological functions of the proposed mESC signatures. The main 

contributions include: 

• The SAM (Significant Analysis of Microarrays) statistic is an effective measure­

ment for comparing small groups of samples of gene expression data. Chapter 

2 extends this technique by incorporating an adaptive component to the "fudge 

factor" used in SAM to achieve a greater shrinkage effect. We also develop 

a multivariate adaptive statistic for comparing time course samples based on 

the Hotelling T2 distribution. Bootstrap methods are applied to determine the 

adaptive parameter, p-values and false discovery rate (FDR). We carry out com­

putational analysis of time-course gene expression data on embryonic stem cell 

differentiation to illustrate the advantages of the adaptive statistic, 

• In Chapter 3 we address the general problem of using cluster analysis to identify 

co-regulated genes over a time course. We argue that rather than the Pearson 

correlation coefficient, similarity measures defined in terms of dynamical cor­

relation are most appropriate for clustering time-course gene expression data. 
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We back up our argument with simulations and then apply this measure to 

clustering embryonic stem cells time-course data, verifying the plausibility of 

the results with gene ontology. These tests show that dynamical correlation is 

far superior to Pearson correlation for time-course data, 

• Based on the trajectories of individual genes, in Chapter 4 we develop a new 

clustering method for time course gene expression data for ESC differentiation. 

We propose a class of functions determined by several parameters but flexible 

enough to model realistic time courses. This serves as a basis for a mixed model 

clustering method. This method takes into account 

1. Genetic function profile induced or controlled by other regulators, 

2. Unobservable random effects producing heterogeneity within gene clusters, 

and 

3. Autoregressive components defining the stochastic and autocorrelation struc­

tures. 

The EM algorithm is employed to fit the mixture model and clustering follows 

monitoring via Bayesian posterior probabilities. This method is applied to a 

mouse ESC line during the first 24 hours of differentiation period. We also assess 

the biological credibility of the results by detecting significantly associated Gene 

Ontology terms for each cluster, 

• Since the Generalized Linear Model has potential significance in the estimation 

of gene regulatory networks, in Chapter 5, a BAQL (Bayesian Adjusted Quasi-

likelihood) approach is developed to fit Generalized Linear Models (GLMs) by 

a Bayesian Adjusted Quasi-Likelihood (BAQL) approach, in which the sam­

ple mean is treated as a random variable. We define two types of adjusted 

quasi-likelihood functions using the Newton-Raphson iterative procedure: (1) 

Adjusted Quasi-Likelihood Function (A-BAQL) and (2) Two-Stage Adjusted 
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Quasi-Likelihood Function (T-BAQL). Computational tests show the BAQL 

approach is more competitive in terms of flexibility, estimate bias and pre­

diction accuracy compared to the conventional quasi-likelihood method. We 

also address related issues such as density estimation, choice of bandwidth and 

asymptotic property of estimates. 



Chapter 2 

Adaptive SAM statistic in 

differential gene expression 

detection 

This chapter is based on the paper submitted to Statistical Applications in Ge­

netics and Molecular Biology. I was responsible for the formulation of all of the 

mathematical problems and their solutions in this work. I also wrote a complete 

draft of this chapter. Professor Miguel Andrade verified and expanded upon my in­

terpretations of the gene ontology search results. Professor David Sankoff suggested 

some of the additional research directions and helped organize and reformulate the 

exposition. 

22 
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2.1 Introduction 

In chapter 1 we have discussed the problem of t test in differential gene expression 

detection. The microarray data analysis literature contains several proposals for tack­

ling this problem. For example, [Tusher VG. et al. 2001] developed SAM (Significant 

Analysis of Microarrays) to study the ionizing radiation response. [Baldi P. et al. 2001] 

applies a Bayesian probabilistic framework to infer a t statistic using a variance pos­

terior. [Efron B. et al. 2001] proposes a non-parametric empirical Bayes approach 

for the analysis of factorial data with high density oligonucleotide microarray data. 

[Lu Y. et al. 2005] considers Hotelling's T2 multivariate profiling for detecting differ­

ential expression in microarrays. 

In classical SAM's approach the standard error is adjusted by adding a constant 

fudge factor. In this way, the dependence of the test statistic on sample variance 

can be reduced, as long as the fudge factor is carefully chosen. An advantage of the 

available implementation of SAM is that it avoids the assumption of sample normality, 

since the distribution quantiles of the test statistic are calculated via a permutation 

procedure. However, SAM has the following disadvantages: 

• The shrinkage performance of the fudge factor may not be ideal, because the 

adjustment of all sample variances is done with a single fudge factor. Shrinkage 

is performed on all gene comparisons in a unified way without taking each gene's 

individual variance into consideration. Where, the shrinkage means the pattern 

change of the test statistic owing to the adjustment of standard deviation. 

• Two sample groups may be dependent. For example, gene expression in a time 

series is highly auto-correlated, and this may introduce additional variation into 

the test statistic, reducing its power. This can be avoided by treating each group 

as a multivariate sample using Hotelling's T2 statistic, which takes correlation 

effects into account. 
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T vs. Smallest Eigenvalue 
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Figure 2.1: Scatter plot of smallest eigenvalue versus Hotelling T statistic 
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Hotelling's T2, however, still faces the same problem, since the T2 statistic 

becomes large when the eigenvalue of the principal components of the sample 

variance matrix are small, as shown in Figure 2.1. 

This chapter develops a novel adaptive SAM technique to overcome the disadvan­

tages of the test statistics in the classical approach. The objective of this procedure 

is to identify genes having different transcriptional profiles either in two states or in 

time course microarray data. The main contributions are: 

• An adaptive SAM statistic is proposed, in which the standard error of a gene's 

expression is adjusted not only by a constant fudge factor, but also according 

to the standard error itself. 

• An algorithm for finding the optimal fudge factor is presented. The first step 

is to locate an initial point by bootstrap method and the second step is a local 

search. The criterion being optimized is the concordance between the standard 

errors of the two sets of replicates being compared. 

• We use the same concepts to extend the SAM statistic to the comparison of 

multivariate samples. This enables us to apply the proposed test statistic to 

gene expression patterns over a time course, e.g., the pattern of change during 

the differentiation of stem cells within the first 18 hours. 

2.1.1 An adaptive SAM statistic 

2.1.2 Univariate sample 

We define an adaptive SAM statistic: 

t9[C) sg + cf(sg)-s9 + cf(s9)
 {2-1A) 

where dg = \xg — yg\ is the mean difference between the average level of expression of 

gene g in two biological states, such as the time of induction of stem cell differentiation 
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and one day into the differentiation process. sg — sxyy/(l/rii) + (1/^2) is the pooled 

standard error of the two groups (under a common variance assumption), f(sg) is a 

function of sg and c is a constant fudge factor. The test statistic tg(c) is affected by 

two factors: the standard error function f(sg) and the fudge factor. The traditional 

SAM statistic is obtained by setting f(sg) = 1. The original introduction of the fudge 

factor was meant to modify the traditional relationship between the distribution of 

standard error and the test statistic. The definition of adaptive SAM statistic in 

(2.1.1) is designed for more effective shrinkage performance. By appropriately select­

ing the function f(sg) and the fudge factor c, the dependence of test statistic tg(c) 

on the standard error sg is optimally reduced. Even without knowing which c and 

f(sg) are optimal, we will later show typical instances where by setting f(sg) = \/sg 

or 1/y/s^, shrinkage performance is improved. Intuitively we see in expression (2.1.1) 

that the adaptive statistic tg(c) penalizes a smaller value of standard error to a lesser 

extent than a larger one. 

Step 1: Locating a feasible initial point. In searching for the optimal fudge 

factor, it is desirable to start from a point that is close to the final solution. This can 

be achieved as follows. Set 

where sm is the median of pooled sample standard errors in gene group Gm whose 

standard errors are less than the P-th percentile of all genes, and dm is the median 

of the mean differences in Gm. SM is the median of pooled sample standard errors in 

gene group GM whose standard errors are between the P-th and P+AP- th percentile. 

d,M is the median of mean difference of GM- P and A P are arbitrarily fixed; 20 % 

and 15 % would be reasonable values. 

To motivate (2.1.2), note that the gene group Gm has smaller average standard 

errors and will thus tend to have higher t values, while GM has intermediate average 
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standard error and t values. In (2.1.2), we are trying to equalize the average of the 

test statistic of the two groups after standard error adjustment. Solving equation 

(2.1.2) suggests how to initialize the search for an optimal fudge factor: 

C0 = . • (2.1.3) 

We estimate rfj^f and dm by tjw^M and £TOsTO respectively, where £M and tm are the 

medians of t statistic in gene group GM and Gm respectively. Then we can replace 

(2.1.3) by: 

Co - —77 JZ~tM„ 7=7- (2-1.4) 

Step 2: Search algorithm. In most cases the initializing value of CQ will not be the 

best possible, even though it may reduce some of the dependence of the test statistic 

on the sample variance. To find a better fudge factor c* > 0, we employ a local 

search algorithm in the neighborhood of c0. The criterion for c* is a balance between 

the number of significantly differential genes with larger sample variance and that of 

significantly differential genes with smaller sample variance. 

Algorithm 3.1 

(a) Set an interval length 2L (0 < L < c0), integer K > 0, initial value c0 > 0 and 

iteration index J = 1. 

(b) Compute the length of the search step: / = 2L/K. Let c*Q — c0 — L , and 

c* = CQ + i • I (i = 0,1,2,... ,K) be the current set of candidate points. 

(c) Set i — 0, and for c*, calculate the following ratio on a bootstrap sample of size 

B: 

Db = Number of genes in group Gx = 

Number of genes in group G2 
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where Gx = {g\s2(g) < p? and tg > t^} and G2 = {g\s2(g) > # and 

tg > t^} are two groups of genes. p[' > 0, ^ > 0 a n d ^ > 0 are values 

sampled from three given sets: a "low variance" set of percentiles Px = {pi}, 

e.g., Pi = {0.5,0.10,0.20,0.25}, a high variance set of percentiles P2 = {P2} 

and i-value set of percentiles T = {t}. For each gene g, tg is the adaptive test 

statistic of g using the candidate value of c\ and s2(g) is the sample variance 

of g. The two groups both have higher values of the adaptive test statistic, but 

the sample variances in group Gi are all below a certain percentile level while 

the variances in group G2 are all over some percentile level. By averaging these 

ratios Dh(i), we obtain: 

B 

D*(i)=J2Db^/B (i = l,...,K). (2.1.6) 
6=1 

Here, it is necessary to make sure the initial D*(0) > 1 + e0. Where, eo is a 

small positive number defined by users. 

(d) If D*(i) > 1 + e0, then i = i + 1, go to (c), otherwise go to (e). 

(e) Let Hj — min(D*(i), i = 1,2,..., K). Set c0 = c*, J = J + 1, and reset interval 

length 2L, integer K if necessary. Go to step (a) unless \Hj - 1| or \Hj — Hj-i\ 

is below a predetermined threshold or J is larger than a predetermined positive 

number. 

2.1.3 Multivariate sample 

We now discuss an adaptive SAM statistic for comparing multivariate samples. We 

wish to differentiate the genes having significant variability over the time course from 

others which do not. Here, a gene profile over a time course can be treated as a sample 

with a multivariate normal distribution. For example, in stem cell differentiation 
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studies, we are interested in the following two testing problems: 

HQ : mean(X) = mean(F) (2.1.7) 

or 
r(«) 

# 0 • P i = /*2 = • • • = Vq (2.1.8) 

where X — [x\,X2 • • • ,xp] and Y = [y\, y% • • • , yP] are two p-dimensional ran­

dom variables representing a gene expression profile over two different time courses. 

/ii, //2, • • • , Hq are the means of gene expression at q time points respectively. The first 

test is a general test for comparing mean vectors from two populations, which checks 

the difference between two functional curves of a gene over two time courses. This is 

generally done with the F test based on the Hotelling T2 [Johnson RA. et al. 2002] (pages 

277-279): 

T2 = [X - Y?[{±- + i j S p o o w ] " 1 ^ - ?] ~ ( W l + W a
 n

2)PFp,ni+n^_u 
Tii ^2 rii + n,2 — p — i-

where n1; n2 are the sample sizes of two groups and 

El&ifo - x)(Xj - xf + £*(!,,. - 2)(Vi - yf 

(2.1.9) 

— ^ J 'pooled — ; ; 7: • (2.1.10) 
rii + n 2 - 2 

if^) is a contrast test that checks the difference among expression levels of a gene at 

different time points over a time course. The test statistic for H is: 

T2 = [X] [CSC } 1[X]~ —————Fq_itni+n_q+i, 
(n — q + l)n 

(2.1.11) 

where 
/ 

C 

- 1 1 0 . . 

0 - 1 1 . . 

0 . . . - 1 

0 . . . 0 

0 0 ^ 

0 0 

0 0 

1 0 

- 1 l y 

(2.1.12) 
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is a contrast matrix, x = ^YTj=ixj a n d S = ^ YTj=i(xj ~ x)(xj ~ X)T a r e t n e 

sample mean vector and covariance matrix respectively. The test statistic in (2.1.9) 

and (2.1.11) can be written as the general form: 

T2 = [D]T[W]-l[D] (2.1.13) 

where W is a p x p matrix and D is a p-dimensional vector in the context of Ho and 

a W is a q x q matrix and D is a g-dimensional vector in the context of HQ. In 

the following lemma, we show that the T2 statistic becomes large as the value of the 

smallest eigenvalue of the sample variance matrix becomes small. 

Lemma 2.1.1 IfW and D are the matrix and the vector defined in (2.1.13), Am is 

the smallest eigenvalue of W and 0 < Am < M, then T2 > ^jp--

Proof: By orthogonal decomposition of the positively defined matrix W, we have: 

T2 = [QL>]T[A]"1[QD] (2.1.14) 

where Q is an orthogonal matrix, D = (D\, D 2 , . . . , Dq)
T and E = QD = (ei, e 2 , . . . , eq)

q 
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. 0 

• \ ) 

(2.1.15) 

V 
since Am = min(Ai, A2 , . . . , A,), then T2 = £ * = 1 j-ejej > ^ £?=i ejej > DTD 

M D 

We now introduce the following adaptive SAM statistic for multivariate sample com­

parison (following the definitions in (2.1.14) and (2.1.15) and letting QD = E): 
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In adjusting the sample covariance based on the values of all the eigenvalues and the 

fudge factor c, this approach is similar to the univariate case. In a similar way we 

have used in univariate case (cf. (2.1.4)) the optimal fudge factor can be determined 

by a search algorithm starting from an initial fudge factor. The latter can be obtained 

by solving the following equation: 

/ 
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EM (2.1.17) 

J 
Similar to equation (2.1.2), but where ATO is the median of the smallest eigenvalue of 

the pooled sample covariance matrix in the gene group Gm, whose standard errors 

are below a certain percentile, and Em is a vector such that E^Em is the median of 

values DTD in gene group Gm. \M is the median of the smallest eigenvalue of the 

pooled sample covariance of group GM, whose standard errors are between two given 

percentiles. EM is a vector such that EMEM is the median of values of DTD for 

group GM- Thus, we can get an initial fudge factor c0 from the solution of (2.1.17): 

^TUEMEM — ^MEmEm 
Co (2.1.18) 

(EmEm)/v^M - {EMEM)/^/)^ 

where Am and AM can be estimated by using the median of the unadjusted statistics 

TM and Tm: i.e., 

A, 
E^Em 

rp2 AM — 
ET

ME 
M 

T2 
(2.1.19) 

The search algorithm for improving the fudge factor is similar to Algorithm 3.1 
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2.1.4 P-value false discovery rate 

Since the test statistics (2.1.1) and (2.1.16) are no longer t- or F-distributed, we will 

undertake a bootstrap procedure similar to the method in the original SAM paper 

[Tusher, et al, 2001]: 

• Suppose the fudge factor c has already been identified. Calculate each gene's 

adaptive statistic tg(c) or Tg(c). 

• For each gene g, with ni samples in one state and and «2 in the other, do B 

random reassignments of all the samples into two groups of sizes n-\_ and n2. For 

the i-th such reassignment (i = 1,2,..., B), calculate 4 (c) o r *g (c). 

. Compute tg(c) = i £f=1 tf{c) or f*{c) = i £f=1 Tf(c). 

• Any gene such that 9g = \tg(c) - ig(c)\ > A or 0 9 = |T9
2(c) - f2(c) | > A is 

defined as differentially expressed. 

Remark: To conduct the contrast test if2 would require a small change in the 

procedure described above. In this case we should shuffle all the samples on each 

dimension, i.e., a total of r x m values (where m is the number of dimensions of the 

sampled variable and r is the number of replicates) are obtained and stored in a vector 

V. We then assign each of m groups with r values that are randomly selected from V 

(without replacement). Finally, these m groups are re-defined as an m-dimensional 

distribution sample group, having r replicates for each dimension of the variable. The 

calculation of p-values is the same as before. The calculation of the false discovery 

rate (FDR) for each A follows the procedure in [Tusher VG. et al. 2001]. 

2.2 Numerical experiments and results 

This section presents some computational results on the adaptive statistic and asso­

ciated algorithms as applied to gene expression data on J l embryonic stem cell (ESC) 
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lines [Perez-Iratxeta C. et al. 2005]. Our experiments consist of the following test 

2.2.1 Experiment I: univariate case 

This data set contains microarray expression data on 4000 genes randomly selected 

from among the 20,000 genes that showed higher-than-median expression levels, out 

of the 40,000 available on the J l ESC line. Each gene was sampled at 0 hour and 18 

hours, with 3 replicates at each time point. 

The purpose is to identify the genes that undergo significant change during this 

early period, as clues to the mechanisms that trigger the differentiation of ESC. 

We applied the univariate adaptive SAM statistic with f(sg) = l/sg to this data 

set. Using expression (2.1.4), we initialized co=10045. In Algorithm 1, we used a 

bootstrap sample of size 100 for the ratio D defined in (2.1.6). After two iterations 

of the algorithm, we obtained c = 6900, while D reached a low value of 111. By 

comparison, before standard error adjustment, D — 473. Figure 2.2 exhibits two 

graphs of the relationship between the fudge factor c and D values during the two 

runs of the search algorithm. 

When f(sg) = 1, the adaptive SAM statistic reduces to the general SAM statistic. 

In this case, c = 105 and D = 121. In order to confirm the superiority of the adaptive 

statistic, we drew 30 bootstrap samples in the neighbourhood of the fudge factor 

obtained with and without the adaptive statistic (c = 6900 and c = 105, respectively). 

After each bootstrap, we compared the two D values produced with and without the 

adaptive statistic. In 90 % of the cases, the D value of the general SAM statistic was 

worse (larger) than that of adaptive SAM statistic. This demonstrates the stronger 

shrinkage effect of the adaptive statistic. 

Figure 2.3 shows the relationship between the pooled standard error and the test 

statistic (before and after adjustment). The right hand graph shows a greater disper­

sion of the standard error values and indeed the negative correlation between the test 
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Figure 2.2: Fudge factor c and corresponding D values in two runs of search algorithm 

statistic and the standard error that exists in the left hand graph almost disappears 

in the right hand one. These facts also reflect the greater shrinkage performance of 

the adaptive statistic. 

Table 2.1 contains an evaluation of the adaptive SAM method in testing for 

differential genes of ESC (0 hour and 18 hours). "Called Number" refers to the 

genes detected by the method. "False Discovery Rate" is estimated with the help 

of bootstrapping permutations, sample size 66. The plot shows at initial levels, the 

increase of cutoff causes larger reduction in Called Number of genes and corresponding 

FDR. The pattern becomes very flat at higher cutoff levels. Therefore, in differential 

gene expression study, this plot can help us determine the "wanted" Called Number 

or FDR. For instance, if we need to capture 250 most differential genes, then cutoff 

should be chosen as 6 according to Table 2.1. 
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Figure 2.3: Scatter plot of pooled standard error versus test statistic before and after 
adjustment 

Value 
of A 
0.5 
0.7 
0.9 
1.1 
1.3 
1.5 
1.7 
3.1 
3.7 
4.3 
6.5 
7.9 
9.9 
10.5 

Called 
Number 

3167 
2863 
2583 
2327 
2076 
1822 
1608 
686 
494 
337 
113 
70 
40 
34 

False Disco­
very Rate 

0.801 
0.663 
0.506 
0.403 
0.366 
0.213 
0.172 
0.074 
0.062 
0.061 
0.061 
0.048 
0.071 
0.061 

Table 2.1: Summary of adaptive SAM method in testing differential genes expression 
in ESC 
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2.2.2 Experiment II: multivariate case 

This test is based on time series gene expression data on 1200 randomly selected 

genes from the J l ESC line. The data were collected at 0, 6,12 and 18 hours, with 

3 replicates each. For each gene, we wish to study if the the earlier span of the gene 

profile, from the initial time point to 12 hours is significantly different from the later 

span, from the 6 hours to 18 hours. Though these curves share two out of three points, 

in comparing them, the second curve is offset so that the comparison at all three points 

involves different values. In this way, we can identify the genes undergoing significant 

changes over time course while retaining the multivariate nature of the time course 

data. 

Compared with the univariate test, the multivariate one is a more subtle evalua­

tion of the cell differentiation process because it distinguishes among the time points, 

and is thus sensitive to covariance and other multivariate properties. For our exper­

iment, we used f(sg) = 1/ys^ as an archetypical way of introducing dependance on 

the standard error. From (2.1.16) and (2.1.17) we determined an initial fudge factor 

Co = 0.5. Employing a search algorithm similar to that in Section 2.2.1, we settled 

on a final fudge factor c = 2.5, with associated D = 114. In contrast, the D value 

for the classical Hotelling T2 is 1673, indicating that it is seriously biased by small 

eigenvalue. Figure 2.4 shows the relationship between the fudge factor c and the D 

values in the final run of the search algorithm. Figure 2.5 describes the connection of 

smallest eigenvalue to the adaptive SAM statistic (before and after adjustment after 

trimming some outliers). 

Table 2.2 displays the results of the adaptive SAM method in testing the pairs of 

offset curves for each gene. As before, the False Discovery Rate (FDR) is computed 

by 66 bootstrapping permutations for the multivariate samples of genes. 
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Figure 2.4: Fudge factor c versus D values in the searching algorithm 
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Figure 2.5: The smallest eigenvalue versus test statistic (before and after adjustment 
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Value of A 
0.8 
1.0 
2.0 
3.0 
5.0 
10 
15 
20 
25 
30 
35 
40 
50 
55 
60 
65 
70 
75 
80 

Called Number 
947 
928 
814 
748 
607 
413 
297 
230 
186 
143 
115 
99 
69 
57 
48 
40 
34 
29 
25 

False Discovery Rate 
0.606 
0.507 
0.121 
0.078 
0.063 
0.121 
0.046 
0.121 
0.181 
0.045 
0.105 
0.030 
0.104 
0.044 
0.133 
0.103 
0.073 
0.102 
0.087 

Table 2.2: Test of differential ESC gene profiles over time course 
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Down-Regulated 

Up-Regulated 

Differentially Expressed Genes 
scd2 Nasp Ppmlg Dstn Klf4 Pou5fl Orc21 Gfpt2 
Ywhab Rbm38 Ctbp Clnsla Tcofl Rest Rrpl 
Nup88 Popl Slcl7a7 Dpp8 Adad2 Nripl Nfrkb 
Jam2 Fbxo46 BC06539 Pigl AU04415 FLJ2071 Mtap6 
Ubr5 Eed Hnrpdl Arhgdia Jmjd4 Eftud2 Rbbp7 Chracl 
Pfkp Glgl Cldn4 Itga6 Mad211 Rpll4 
Chd3 Gfptl Atm Prkaa2 Inpp5f Kras 
Rp2h Ube2n Stxl2 Tmem201 Rabllfi Bri3bp 
Dnpep Smtnl2 Anxa6 Wdr61 Ccngl Ccnb2 
Tpil Igsf3 Spirel Sdf4 Rapgef5 Srpl4 AI42929 

Table 2.3: Differential genes detected by adaptive SAM but not by classical SAM 
using 5% cutoff(0 hour-18 hours) 

2.2.3 Experiment III: Analyzing the set of genes detected by 

the adaptive SAM statistic 

In this experiment we use 19,000 genes preliminarily selected from a total of 40,000 

genes by excluding lowly expressed genes over the time course of J l ESC differentia­

tion [0h,18h]. Specifically, we use the following approach: 

• Apply both adaptive and classical SAM statistics to detect genes with significant 

differential expression over two time points: 0 hour and 18 hours. 

• Use the top 5 percentile cutoff level of statistic 9g values (see sec 2.3) to identify 

the candidate genes 

• Analyze the biological properties of genes that are identified by adaptive SAM 

but not by classical SAM (see Table 2.3) 

• Analyze the biological properties of genes that are identified by classical SAM 

but not by adaptive SAM (see Table 2.4) 

The list of genes exclusively found by adaptive SAM but not by classical SAM 

contains a significant number of genes known to have important functions in the 
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Down-Regulated 

Up-Regulated 

Differentially Expressed Genes 
Mrpl52 Tcfe3 Syncrip Krt8 Ndufa9 Nsdhl Septll 
Cbr3 Xpo6 Mkrnl Atp6v0e Rpl711 Csnklal Paics 
Medl9 Ythdf2 Pgsl Ddx24 Tell Lsgl 
Atad3a Cdc42sel Idil Krtl8 Iwsl 
Ppplrl5b Npepps Ppan Myadm Ap3dl 
Rpsl5 Ppp2r5c Exoc2 MyolO Lrwdl Ube2h 
Nfe212 Rpl37 Tmeml34 Adfp C030005K06Rik 
Tmco6 Ppmlm Plcgl D10Ertd610e 
Mboat2 Chrna7 Dcxr Plcdl ENSMUSG00000051554 

Table 2.4: Differential genes detected by classical SAM but not by adaptive SAM 
using 5% cutoff(0 hour-18 hours) 

regulation of mESC differentiation. In particular, the group of down-regulated genes 

is significantly enriched in genes encoding nuclear proteins (18 genes out of 32 with 

Gene Ontology annotation, P-value 0.0023 using GOstat [Beissbarth T. et al. 2004] 

including transcription factors with known functions in ESC such as Oct4 (Pou5fl), 

Rest, and Klf4. For comparison, the list of down-regulated genes detected by SAM 

but not by adaptive SAM did not include transcription factors, except for Tcfe3. 

We note the well-known stem cell marker POU5F1, a transcription factor also 

known as OCT3/4, which is involved in regulation of pluripotency during ESC dif­

ferentiation, is listed in the down-regulated part of Table 2.3. It is known that 

the expression of OCT3/4 is down-regulated in the early period of ESC develop­

ment and this causes the self-renewing property of OCT3/4 to gradually dimin­

ish. The REl-silencing transcription factor (REST) also appears among the down-

regulated genes. REST plays a dual role in maintaining self-renewal and pluripotency. 

In ESC differentiation it blocks the expression of a microRNA that prevents ESC 

from reproducing themselves and causes them to differentiate into specific cell types 

[Singh SK. et al. 2008]. Other genes with ESC related functions found by adaptive 

SAM but not by classical SAM are Sdf4 (up-regulated) and Clnsla (down-regulated). 

Sdf4 (Stromal cell-derived factor 4) appears in the up-regulated list. This gene is 
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abundantly expressed in hematopoietic stem cells (HSC) and plays an essential role 

in promoting maintenance of self renewal [Park In. et al. 2002]. Clnsla (chloride 

channel) is in the list of 332 cDNAs proposed to be embryonic stem cell-enriched 

[Puente LG. et al. 2006]. In studying the proteins detected in ESC and embryonic 

bodies after phosphoprotein enrichment, Clnsla is found to be over-expressed in both 

studies. TPI1 (Triosephosphate isomerase) plays a function in energy production and 

metabolism and is highly expressed in three kinds of stem cell (embryonic, neural and 

mesenchymal) [Baharvand H. et al. 2007]. 

In sum, when using a 5 % cut-off level, SAM misses a number of crucial stem 

cell markers that adaptive SAM finds. The genes found exclusively by classical SAM 

do not tend to be associated with "sternness". 

2.2.4 Numerical experiment IV: Comparing with classical 

SAM using simulation data 

In this section we compare the Correct Discovery Rate (CDR) among adaptive, 

traditional SAM and ordinary t statistics. The gene expression simulation tool 

[Albers CJ. et al. 2006] is used to generate expression values for 1500 gene genes, 

in which 215 are significantly expressed (100 up-regulated, 115 down-regulated). 

To compare their CDR performance at different cutoff levels, we first rank (as­

cending order) 1500 genes according to 6g (see Section 2.3), t and the traditional 

SAM statistic respectively, and then separate them into 20 groups of 75 genes. The 

20th group represents the most significant genes in terms of the detecting statistic. 

The means of each statistic within all groups (1 — 20) are calculated and used as the 

cutoff levels to determine the differentially expressed genes. The gene lists are then 

compared with genes actually expressed to compute CDR at different cutoff levels. 

The results are shown in Table 2.5. 
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Cutoff 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 

SAM(%) 
14.72 
15.04 
15.90 
16.75 
17.63 
18.58 
19.78 
21.04 
22.91 
24.65 
27.25 
29.95 
33.93 
38.51 
44.53 
53.57 
65.25 
80.21 
95.50 
100.00 

t(%) 
14.74 
15.20 
15.98 
16.75 
17.68 
18.95 
20.12 
21.45 
22.98 
24.81 
27.12 
30.46 
34.11 
38.70 
44.31 
52.98 
64.91 
79.46 
94.44 
100.00 

Adaptive SAM(%) 
14.73 
15.21 
15.97 
16.72 
17.76 
18.88 
19.88 
21.26 
23.02 
24.68 
27.17 
30.49 
33.87 
38.72 
44.90 
53.41 
67.18 
82.98 
98.15 
100.00 

Improvement 1 
0.1% 
1.2% 
0.4% 
-0.2% 
0.7% 
1.6% 
0.5% 
1.0% 
0.5% 
0.1% 
-0.3% 
1.8% 
-0.2% 
0.5% 
0.8% 
-0.3% 
3.0% 
3.4% 
2.8% 
0.0% 

Improvement 2 
-0.1% 
0.1% 
-0.1% 
-0.2% 
0.4% 
-0.4% 
-1.2% 
-0.9% 
0.2% 
-0.5% 
0.2% 
0.1% 
-0.7% 
0.0% 
1.3% 
0.8% 
3.5% 
4.4% 
3.9% 
0.0% 

Table 2.5: Correct Discovery Rates for Three Methods 
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—— improvement on SAM Statistic 

Improvement on t Statistic 

Cutoff Levels(1 -20) 

Figure 2.6: Improvement of Adaptive SAM 

The 2th — 4th columns of Table 2.5 present the CDR for each statistic across 

different cutoff levels (1-20). The column "Improvement 1" is the CDR improvement 

rate of the adaptive SAM statistic over the classical SAM statistic, and "Improvement 

2" gives the CDR improvement rate over the ordinary t statistic. At first glance, these 

CDRs are all seen to show an increasing trend from lower to higher cutoff levels. The 

performance of the three statistics are very similar before 17th groups. For the top 

ranked groups 17th - 20th (i.e., top 15 percentile), the SAM statistic and the adaptive 

SAM statistic perform better than the ordinary t statistic and the adaptive SAM 

statistic reaches the highest CDR. The trend of CDR improvement rates are plotted 

in Figure 2.6. 

In Figure 2.6, we see that if we adopt the proposed adaptive SAM statistic to 

detect over-expressed genes, the CDR can significantly increase at higher percentile 
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levels. This is important since there is only a small fraction of genes that are really 

significantly differential in many cases. 

2.3 Discussion 

In this chapter we have proposed an adaptive SAM test for improving differential 

gene expression detection. We extend the univariate case to the multivariate case, 

which may be used for comparing time-series gene expression data. There are two 

features of the proposed techniques that differ from the classical SAM method: (1) 

The standard error function (SEF) is added to the test statistic as a penalty factor. 

The fudge factor combined with the SEF results in a more effective shrinkage in gene 

expression data, as we have shown by comparing their D values. (2) The fudge factor 

is chosen according to D value, i.e., we try to equalize the number of genes with 

higher values of the test statistic as well as higher standard error, and the number of 

genes with higher values of test statistic but lower values of the standard error. In 

this way, the significant genes are evenly distributed over the lower and upper tails 

of their standard error. The optimal fudge factor can be obtained by initializing a 

search at a point obtained from (2.1.4) and (2.1.18) respectively. 

The proposed adaptive SAM statistic in univariate and multivariate cases can 

be regarded as the shrinkage of the general t and F statistics, respectively. There 

is some work on the SAM F statistic [Amaratunga D. et al. 2003](page:113-123), 

but the correlation between samples is not taken into account in these studies. 

[Guo X. et al. 1995] consider sample correlation by using a 2 x 2 weighted matrix, 

which adopts a matrix adjustment policy similar to the one in our study. By com­

parison, our study employs adjusted Hotelling T2, which can be used to compare 

multivariate data over a time course. 

We next discuss the selection of the SEF. The specific SEF adopted in this chapter 

can be explained in terms of the t-statistic with a Bayesian adjusted denominator as 
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proposed by [Baldi P. et al. 2001]. Aspects of the Bayesian probabilistic framework 

mainly comprises the following approaches: 

• Assuming that the gene observed expression levels are normal and independent, 

the likelihood of the data D is given by: 

n 

P(D\(i, a2) = Y[ Normalize /z, a2) (2.3.1) 
3=1 

• Introducing a prior distribution P(//, a2) using Bayesian theory and a conjugate 

prior P(a2): 

P{fi\a2) = Normal^] n0,a
2/\0) (2.3.2) 

P(a2)=I(a2;v0,a
2) (2.3.3) 

P(n,a2) = P(n\a2)P(a2), (2.3.4) 

where I(a2; v0, a$) is a scaled inverse gamma density, and (2.3.4) is still a scaled 

inverse gamma density with the parameter set a — (//o, Ao, i>o, O"Q) 

The posterior of (n, a2) is given by 

P{H, a2\D, a) = Normal^- fin, a2, a2/Xn)I(a
2; vn, a

2
n) (2.3.5) 

with f^ = j^Vo + j^,m, Xn = Ao + n, vn = v0 + n and vna
2
n = v0a$ + (n -

l)s2 + j£f^(m — (IQ)2 where, vn is degree of freedom of the posterior, n is the 

sample size, and m is the sample mean. The posterior sum of squares vna
2

n is 

the sum of prior sum of squares v§a\, the sample sum of squares (n — l)s2 , and 

the residual created by the prior mean and sample mean. 
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According to (2.3.5), if we use fi0 = m, then the variance of the posterior can be 

estimated by 

vno* ^ „2 _ ô _al + (n^jV ( 2 > 3 - 6 ) 

vn-l
 n vo + n v0 + n 

The sample sum square (n—l)s2 can further be expressed as n(a2 + m2), where 

a2 is the sample variance. Therefore, (2.3.6) can be written as a generic form: 

a2 = -^-a2 + -^-a2 + ^—m2 = Cx + C2a
2 + C3m

2, (2.3.7) 
VQ + 1 u vo + n v0 + n 

where Cj (j = 1, 2, 3) are constants. If we compare the gene expression levels 

between two groups, the pooled variance of the posterior is give by 

o\ = Cx + C2a
2

sp + C3lm
2 + C32m

2 = d + C2a% + C3m%, (2.3.8) 

where r% (j = 1,2) are the sample means of two gene groups, a2
p is the pooled 

sample variance, and C3m
2
sp = C3imf + Cz2m\ is the pooled sample mean square. 

Note, the offset C\ + C3m
2
sp is similar to the constant fudge factor in classical SAM, 

except that the term here is associated with the sample mean. If we treat C3m
2

p 

equally for all genes, then the offset turns to be a constant, the case in classical SAM, 

which means the sample mean has no relationship with sample variance. However, if 

such a relationship (often negative) exists, then we need a stronger shrinkage effect in 

addition to the constant fudge factor. Thus, we can think of the pooled sample mean 

square as having negative relationship (could be nonlinear), with sample variance, for 

instance: 

m% = Co/a2
p (2.3.9) 

or 
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m% = Co/y/o*, (2.3.10) 

This justifies the SEF used in the previous sections. There are certainly many 

other possibilities, and it would be desirable to improve the proposed method using 

more efficient SEFs for describing gene expression levels. One way to do this, for 

example, is to check the relationship between the sample mean and variance in term 

of the data patterns. 

The other issue is the convergence of the fudge factor. Note in 2.1.6, because 

D*(i) is a decreasing sequence with a lower bound 1, it then converges to some point 

larger than 1. 



Chapter 3 

Dynamical correlation for 

clustering expression trajectories 

in differentiating stem cells 

This chapter is based on the paper in Computational Methodologies in Gene 

Regulatory Networks (S. Das, D. Caragea, W. H. Hsu & S.M. Welch, eds.) IGI 

Global, in press. I wrote a complete draft of this chapter. Professor Miguel Andrade 

verified and expanded upon my interpretations of the gene ontology search results. 

Professor David Sankoff suggested some of the additional research directions and 

helped organize and reformulate the exposition. 

48 
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3.1 B ackgr ound 

A quantitative indicator of gene expression is provided by the amount of mRNA 

produced by DNA transcription of genetic information. Taking advantage of this, 

DNA microarrays represent a high throughput source of gene expression data that can 

be applied to analyze gene function and networks of gene regulation. To investigate 

the changing genetic function of cells, we derive a dynamical gene expression profile 

(or curve) over a time course. In this chapter, for example, we study embryonic 

stem cell differentiation, where the expression of different genes may follow different 

trajectories, as measured at a number of sampling times. 

The set of measurements pertaining to a gene at discrete points is often treated 

as an observation of a multivariate probability distribution. These data are generally 

submitted to a cluster analysis, based on the assumption that in clustering time-

course expression data, genes in the same cluster are directly or indirectly involved 

in the same biological functions. Gene expression levels at a certain time point may 

be impacted by other mechanisms such as the expression levels of other regulators at 

previous or current time points, or by experimental errors. Rather than treating a 

gene profile as a static multivariate sample, then, it is more appropriate to treat it as 

a random curve across a time interval. 

Cluster analysis is used to identify groups or clusters of objects on the basis of a 

series of measurements made on these objects. It is crucial to be able to characterize 

the clusters in ways pertinent to the provenance of the data. In regulatory networks, 

for instance,a cluster of genes could be identified as up-regulated or down-regulated 

over time. Many well-known clustering methods have been presented in chapter 1. 

We stress here, however, that gene profiles are derived from the trajectories of gene ex­

pression over a time course and that the similarity in "shape" between two expression 

curves should be the key input to the clustering analysis [Ramoni MF. et al. 2002]. 

For example, the Pearson correlation coefficient partially reflects the similarity and 
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differences of two curves, but it fails to adequately consider the time effect since one 

can always exchange all the observations at one time point with all those at another 

point, without affecting the clustering result. 

In this chapter we address microarray data on embryonic stem cell lines (ESC). 

The data set records the differentiation information in the early period of ESC through 

screening gene expression levels over a 14-day observation period [Perez-Iratxeta C. et al. 2005]. 

As the number of genes is very large (about 26,000), the data is pre-processed by se­

lecting those genes that manifest the most significant differential over the 0 - 2 4 

hour time course, using the statistical procedure SAM [Tusher VG. et al. 2001]. The 

smaller data set thus obtained contains 524 genes, representing the "sternness" sig­

nature in the early period of ESC differentiation. 

First, we define the dynamical correlation coefficient is in terms of random curves, 

to be employed as a similarity measure in the comparison of gene profiles prior to 

cluster analysis. For clustering real time-course expression data, we propose an es­

timation method to handle the discrete-time nature of the observations. We carry 

out computational experiments on simulated data before applying our methods to a 

real ESC data set. We check the performance of this procedure by comparing Gene 

Ontology(GO) terms within and between clusters. 

3.2 Dynamical Correlation 

3.2.1 Definition 

We define a shape similarity measure in terms of dynamical correlation and integrate 

it into a general agglomerative hierarchical clustering scheme. To define dynamical 

correlation, we visualize a time-course gene profile as a random curve: 

f(t) = a + ii(t) + r](t) (3.2.1) 
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where n(t) is the mean function of time t. a is a constant item representing the mean of 

the random curve. rj(t) is the dynamical random variable such that E(rj(t)) = 0. The 

functions fj,(t) and r)(t) are assumed to be smooth (twice continuously differentiable) 

over the time course. 

A key feature of a random curve is that it contains both static and dynamical 

random variables. Thus, it is capable of accurately describing both the deterministic 

and stochastic aspects of the time-course gene expression observations. If two expres­

sion profiles are expressed in the form (3.2.1), then the similarity between the shapes 

of two gene curves will mainly depend on the function. Before defining dynamical 

correlation, we should define the shape of a random curve. For doing so, we first 

approximate (3.2.1) by a Taylor expansion in the neighborhood of f: 

f{t) = a + fi(t*) + fj!(t*)(t - t*) + r](t) (3.2.2) 

then we can use the following derivative to describe the random curve shape around 

t*: 

^| W =/Wk=*) (3-2.3) 

If f(t) and g(t) are two random curves for gene f and g respectively, then under 

the assumption that / (t) and g (t) are jointly measurable over the time interval 

[To,Ti],we define the following dynamical correlation coefficient: 

e =—!— [ * E\f (t) - g (t)\dt (3.2.4) 

Since / (t) and g (t) are related to the expression change rate and direction at 

time t, and have nothing to do with the constant items, \f'(t)—g'(t)\ can be regarded 

as the 'shape difference' between two curves. Thus (3.2.4) reflects the average shape 

difference' between g(t) and f(t). In the next subsection we will estimate the dynam­

ical correlation coefficient Q using observations at discrete time points. Then we will 
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use it as a similarity measure to produce input for the cluster analysis of time-course 

gene expression. 

Remark: The definition (3.2.4) does remove the static random effects of the random 

curves /(£) and g(t) through derivative operation on the curves of gene profiles. 

3.2.2 Discretization 

Assume we observe expression levels at K points over a time course, denoted by 

g(tk) and f(tk)(k = 1,2, ,K). To apply ([?]), we adopt the following approximation 

procedure [Dubin JA. et al. 2005]: 

Q = E \& + Ss+r)E{\f(ts) - g'(t.)\} (3.2.5) 

where Ss = ts — £s_i (s = 1,2, • • • , K). g is an estimate of g on the basis of discretized 

time-course expression data. Here we use the Riemann sum to approximate the 

integral. In a similar way, we can approximate f (ts) and g (ts) with the following 

formulae: 

/ f a ) = k / ( ^ l ) " / f a ) + / ( t ; ) " / ( * ' " l ) } (* = 2 , 3 , - , i r - l ) (3-2.6) 

j'(«.) = ; { g ( ' r ' ) " f , ) + ' ( < : ) " f ( ^ ' ) } (- = 2 , 3 . . . - , A - - l ) (3.2.7) 
" ^s+1 ts ts *s—l 

For t\ and tx we have: 

f{ti) = m^m f(tK) = iM^A (3.2.8) 
12 — t\ tic — tic-l 

,{h) = 9(h)) -»(«,) , f a ) = p(^)-»fa-) ( 3 2 9 ) 
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Substituting the expressions (3.2.6)-(3.2.9) into (3.2.5), we obtain a similarity measure 

that approximates the dynamic correlation between two random gene curves. Note 

that if there are replicate observations over the time course, a bootstrap approach 

can be used in estimating the expectation in (3.2.6); we will discuss this in section 

3.5. 

3.3 Simulation study 

In this section we will compare the performance of dynamic correlation with classical 

Pearson correlation when applied into the cluster analysis of two simulated time-

course gene expression data sets. The simulation study is composed of three parts. 

First, we compare the within/between cluster dispersion effect between the two sim­

ilarity measures using bootstrap method. Second, the performances of the similarity 

measures are compared when input to the K-means clustering method. Finally, we 

will compare them when used in a hierarchical agglomerative approach. 

3.3.1 Within-Between-Cluster dispersion effect 

This example consists of simulated time-course expression data from two groups of 

genes, with trajectories as follows: 

G(t) = Rx\ sin(*)| + Qi\t\ + C + r]{t) + e (3.3.1) 

F(t) = R2\ sin(t)| + Q2\t\ +C + r](t) + e (3.3.2) 

where R\,Qi,R2,Q2,v(t) and e for each gene are sampled from the following probability 

distributions: 

JRI ~ Normal{16,0.1) R2 ~ Normal{l2,0.2) (3.3.3) 
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Qi ~ Normal(l, 0.1) Q2 ~ Normal{2.h, 0.1) (3.3.4) 

n(t) ~ Normal(0,0.05) e ~ Normal^ = 0, a = 0.08) (3.3.5) 

Thirty successive time step sizes were fixed at the outset by randomly selecting 

from the set 1,2,3,4. It is obvious that both clusters are up-regulated over the time 

course [0,142]. To study the within/between cluster dispersion performance of the 

two similarity measures, we use the following bootstrap procedure: 

Calculate the two similarity coefficients as follows: 

• For each group, bootstrap 200 times to compute the within cluster similarity 

between two curves that are randomly selected from that group. Then store 

the 200 similarities in vector VI, 

• Randomly select one curve from each group and compute the between cluster 

similarities between two curves. Bootstrap 200 times and store these similarities 

in vector V2, 

• Do pairwise comparison between the elements of VI and V2, and calculate the 

number of times the between-cluster similarity is less than the "within cluster" 

similarity. That is: 

#(comparisons\within > between) 
R = 40000 ( 3- 3 ' 6 ) 

We find that R = 0.54 for the Pearson correlation coefficient, and R = 0.79 for the 

dynamical correlation coefficient. The latter measure is more effective in clustering 

the simulated time-course gene expression data. 
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Cluster 
Found 

I 
II 
III 
IV 

Dynamical correlation: 
members recovered from 

original clusters (1, 2, 3, 4) 
(36, 0, 0, 0) 
(0, 33, 0,0) 
(0, 1, 52, 0) 
(0, 0, 0, 38) 

Pearson correlation: 
members recovered from 

original clusters (1, 2, 3, 4) 
(13, 0, 0, 14) 
(11, 0, 0,7) 

(0, 34, 52, 0) 
(12, 0, 0, 17) 

Table 3.1: Clustering Result of K-Means Method Using Two Similarity Measures 

3.3.2 Comparison of two similarity measures in K-means clus­

tering approach 

In this subsection we cast two similarity measures into K-means clustering method. 

Four clusters of time-course gene expression data are designed as follows: 

Ai(t) = ri\sin(t)\ + qi\t\ + C + r](t) (i = 1,2,3,4) (3.3.7) 

As in (3.3.1) and (3.3.2), the r̂  and qi are all random variables with different 

normal distributions (different means). The time step sizes and the lengths of the 

time course are also selected in a similar way. It should be noted that clusters 1 

and 4 are basically down-regulated, while clusters 2 and 3 are up-regulated. The 

trajectories also manifest a periodic tendency due to the sine term. The clustering 

results are shown in Table 3.1. 

This analysis shows that the K-means method using dynamical correlation can 

effectively separate four groups. By comparison, Pearson correlation fails to distin­

guish between clusters 2 and 3 or between clusters 1 and 4. This test demonstrates 

that dynamical correlation can, and Pearson correlation cannot, accurately reflect the 

simulated gene expression changes. 
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Cluster 
Found 

I 
II 
III 

Dynamical correlation: 
members recovered from 

original clusters (1, 2, 3, 4) 
(36, 0, 0) 
(0, 38, 0) 
(0, 1, 25) 

Pearson correlation: 
members recovered from 
original clusters (1, 2, 3) 

(35, 0, 11) 
(0, 39, 7) 
(1, 0, 6) 

Table 3.2: Clustering Result of Agglomerative Method Using Two Similarity Measures 

3.3.3 Comparison of the Similarity measures with Agglom­

erative Clustering 

The agglomerative clustering method starts with n clusters (the original n random 

curves) and then groups the two closest curves, according to the similarity measure, 

into one cluster. The new cluster is assigned a similarity to the remaining objects 

equal to the mean of the corresponding scores of the members of the cluster. The 

process continues until all curves merge into one cluster. Here we compare the clus­

tering performance of Pearson's correlation coefficient, often used in gene expression 

clustering analyzes, and the dynamical correlation coefficient. 

The data set is generated as in the preceding subsection. These include 100 

random curves sampled from three different models. Each random curve passes 30 

time points. The first and second groups of profiles consist of down-regulated and 

up-regulated genes respectively over the time course [0, 100]. The gene profiles in the 

third group are periodic curves without upward or downward trend. Table 3.2 lists 

the final clusters resulting from the two similarity measures. 

Clustering quality with Pearson's correlation coefficient is much lower than that 

with dynamical correlation. Pearson's correlation does not separate clusters 1 and 

3 and also fails to distinguish between clusters 2 and 3, even though it is capable 

of distinguishing cluster 1 and 2. By comparison, dynamical correlation correctly 

clusters the first group except for one gene, which is misclassified from the second to 
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third cluster. 

Summarizing, these simulation studies provide a clear insight into the way dy­

namical correlation takes account of the time course and thus improves the perfor­

mance of a variety of cluster analyzes of gene expression profiles. 

3.4 Clustering gene expression profiles in embry­

onic stem cells 

3.4.1 Data 

As mentioned in Chapter 1, the gene expression data for mouse ESC we used is a 

part of data collection in StemBase designed for investigating stem cell differentiation. 

We selected three ESC cell lines: J l , Rl and V6.5. These cell lines were analyzed 

at the following 11 time points: 0 hour, 6 hours, 12 hours, 18 hours, 24 hours, 36 

hours, 2 days, 4 days, 7 days, 9 days and 14 days. To reduce the variability between 

microarray platforms, 3 replicates were analyzed for each time point. 

The goal is to cluster the genes that manifest the most significant differential 

over the time course as apparently driving, repressing or responding to stem cell 

differentiation in the early development period. Using the statistical procedure SAM, 

the first 5 time points (from 0 hours to 24 hours) can be seen to best reflect the 

early period of ESC differentiation. We thus select these time points for cluster 

analysis. A superficial characterization of the transcriptional function of genes is 

quite intuitive: either up-regulation or down-regulation. However, in a time-varying 

system, a typical gene profile often reflects a more complicated pattern. Rather than 

assigning pre-defined patterns to gene profiles, we first cluster them over the time 

course and then describe the pattern shared by the genes in a cluster. 

The number of genes whose expression will register on a microarray is very large, 

but most of them are not expressed over the time course we are interested in. More-
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over, since only a small group of genes participate in early cell differentiation, we 

need to select only those genes that undergo significant changes in expression over 

the pertinent time course. Thus we first normalize the data through a logarithmic 

transformation. Second, we detect genes whose expression is significantly differently 

expressed over the time course. In this chapter, using 524 genes detected in chapter 

2 as the clustering data source. 

3.4.2 Clustering results 

We use the proposed dynamical correlation based distance measures to cluster these 

524 genes. The agglomerative clustering analysis results in final 4 clusters according 

to the pseudo t2 statistics. In order to further validate the clustering performance, 

we check the percentages of molecular functional genes in original and post-clustered 

groups based on Gene Ontology (GO) [Ashburner M. et al. 2000], which gathers com­

prehensive information on classified molecular functions. To do GO term analysis, 

we used the public online software FatiGO, which allows for quick and convenient 

interactive querying. According to clustering theory, an efficient clustering method 

should create well separated gene groups according to a measure. Molecular function 

of gene is one of such measures. Based on this, the percentages of some molecular 

functional genes should be significantly different across different clusters. 

To compare and validate the clusters biologically, we checked the proportion of 

genes with various molecular functions in the original and clustered groups based on 

Gene Ontology (GO), which gathers comprehensive information on various classes of 

molecular function. For this, we consulted the public online software FatiGO, which 

allows for quick and convenient interactive querying. For our clusters to be biolog­

ically interpretable, the percentages of molecular functions should be significantly 

different across different clusters. Obviously, a better clustering method would re­

sult to more distinct groups with more significantly different biological processes or 
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Functions 
Metal ion binding 

DNA binding 
RNA binding 

purine necleotide binding 
cation binding 

transferase activity 
N 

All 
23.98 
23.98 
18.37 
16.84 
14.80 
10.71 
524 

Clusterl 
26.47 
23.53 
8.82 
11.76 
17.65 
14.71 

92 

Cluster2 
18.75 
12.50 
28.12 
18.75 
6.25 
6.25 
93 

Cluster3 
25.77 
24.74 
21.65 
18.56 
13.40 
9.28 
228 

Cluster4 
29.17 
35.42 
16.67 
12.50 
22.92 
10.42 
111 

Table 3.3: Distribution (%) of Genes with Various Molecular Functions in Four Clus­
ters 

Index 
GO biological process: level 5 
GO biological process: level 6 

GO molecular function: level 3 

Term 
Macromolecule biosynthetic process 

Translation 
Structural constituent of ribosome 

p value 
0.023 
0.012 
0.001 

Table 3.4: K-means Method Using Pearson CorrelatiomSignificant GO Item Using 
Fisher's Exact Test to Compare Cluster 2 with Rest of Genes 

molecular functions. We ran FatiGO over four clusters as well as the entire set of 

genes, as the baseline for comparison purpose. The table 3.3 lists the FatiGO output 

we obtain. 

To further investigate significant biological patterns and compare clustering per­

formance, we use Fisher's exact test in FatiGO, to search all significant different 

biological functions between one cluster with the rest genes. Tables 3.4-3.6 list all 

the significant items for Pearson and dynamical correlation distance using k-means 

method. 

The result shows the performance of dynamical correlation is superior to that of 

Pearson Correlation, mainly supported by the following evidences: 

1. The clusters based on Pearson Correlation only show significant different items 

at cluster 2. Relatively, the K-means method using dynamical correlation has 

created more distinct clusters, shown in Tables 3.5 and 3.6, cluster 2 and 1 
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Index 
GO molecular function: level 3 
GO molecular function: level 4 
GO molecular function: level 3 
GO biological process: level 6 

Term 
Nucleic acid binding 

RNA binding 
Structural constituent of ribosome 

Translation 

p value 
0.002 
0.001 
0.001 
0.029 

Table 3.5: K-means Method Using Dynamical CorrelatiomSignificant GO Item Using 
Fisher's Exact Test to Compare Cluster 2 with Rest of Genes 

Index 
GO biological process: level 4 
GO biological process: level 4 

Term 
Alcohol metabolic process 

Lipid metabolic process 

p value 
0.0132 
0.018 

Table 3.6: K-means Method Using Dynamical Correlation:Significant GO Item Using 
Fisher's Exact Test to Compare Cluster 1 with Rest of Genes 

both have significant items. Cluster 2, in particular, consists many genes which 

are significantly distinct from others in many molecular function and biological 

process components. 

2. The two significant items: structural constituent of ribosome and translation in 

cluster 2 showing in table 3.4 have been contained in cluster 2 resulted from dy­

namical correlation based method. By comparison, the important items nucleic 

acid binding and RNA binding are not found in any cluster created by Pearson 

Correlation based method. 

3. Table 3.6 shows that dynamical correlation based method can create cluster 1, 

which is highlighted by alcohol and lipid metabolic process, but we cannot find 

such items from Pearson Correlation based clusters. 

3.4.3 Biological interpretation 

Genes belonging to the same cluster may play parallel or interacting functional roles 

in cells. The distribution patterns in Table 3.3 may suggest the common features 
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within each cluster, even though the percentage of any one functional type does 

not predominate. Cluster 1 has the lowest percentage of RNA binding genes (only 

8.8%). From Figure 3.1, we see that the expression pattern of most of this cluster 

follows a gradual up-regulated trend before the fifth time point (24 hours) and then 

exhibits an intense down-regulated pattern. Since RNA binding is closely related 

to the regulation of translation, it is reasonable to think that the up-regulated gene 

group mainly participates in other genetic activities, such as nucleotide binding and 

transferase activity. 

For example, cluster member Csnkle is a nucleotide binding gene that partic­

ipates typical signaling pathways such as TGF-beta signaling, Wnt Signaling and 

Hedgehog signaling, all known to be associated with stem cell differentiation. 

The feature that most distinguishes cluster 2 is its highest percentage of RNA 

binding and lowest percentage of DNA binding genes. Further exploration of this 

cluster reveals that many of its genes are RNA polymerase II transcription factors. 

Another feature is that the percentage of cation binding is very low compared with 

other clusters. We may conclude that the second gene cluster is largely concerned 

with the initiation of transcription by RNA polymerase II and thus with the synthe­

sis of proteins. For example, Utfl (undifferentiated embryonic cell transcription) is 

classified in cluster 2, and this gene is a stem cell marker with RNA polymerase II 

transcription factor activity [Nishimoto M. et al. 1999]. It plays an important role as 

transcriptional co-activator and is mainly expressed in pluripotent embryonic stem 

cells. 

The third cluster includes the highest number (228) of genes, and its GO terms 

pattern similarly to the random sample in the first column of Table 3.3, indicating a 

higher percentage of nucleic binding capabilities (25% DNA binding and 22% RNA 

binding). Figure 3.1 shows that most group members appear follow a down-regulated 

pattern during early differentiation. Of the genes involved in early stem cell differen­

tiation, this cluster represents the majority trend. 
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Figure 3.1: Clusters of Stem Cell Gene Expression Time-Course Profiles. Time Units 
are Oh, 6h, 12h, 18h, 24h, 36h and 48h, though only the first five (0 - 24h) were used 
for clustering 
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The fourth cluster expresses a pattern opposite to that of cluster two, as shown 

in Figure 3.1. In particular, the steep down-regulated pattern occurs within the first 

six hours. By checking the GO term percentage levels in Table 3.3, we verify that 

the genes with DNA binding capabilities follow a very different pattern from that 

of cluster 2. For example, Klf4 (The zinc finger transcription factor) is classified in 

cluster 4. 

It is known that the differentiation of murine embryonic stem cells is promoted 

by SOCS-3 and inhibited by Klf4 [Li Y. et al. 2005]. Zfp42 (Rexl), which is highly ex­

pressed in embryonic carcinoma cells and embryonic stem cells [Rosfjord E. et al. 1994], 

is also in cluster 4. Upon differentiation with retinoic acid, the expression level of the 

Rex-1 gene down-regulates rapidly. In general, several of the genes, such as Nanog, 

that maintain pluripotency in ES cells, are found in cluster 4. 

3.5 Discussion 

This chapter proposes a dynamical correlation coefficient as the basis for cluster 

analysis, specifically applicable to gene expression profiles expressed as random curves. 

An advantage of this similarity measure is that it is sensitive to the time sequence 

of the observations and step length. Dynamical correlation can serve as input to 

many classical clustering methods such as K-mean and linkage clustering techniques. 

In addition, the presented approach is capable of handling the case of uneven time 

step size in time course clustering analysis and making use of repeated measures to 

minimize random errors at each time point. 

We have mentioned that the method can make use of repeated measures to 

minimize the random errors at each time point. Suppose g^(ts), f^(ts) (j = l,2..r) 

are replicates for gene / and g respectively at the time point ts, the bootstrap approach 

can be described as following: 
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• Bootstrap B times to select / ^ ( ^ s ) and g^qk\t8), where, p^ G {l,2,. .r} and 

git G {1,2, ..r} are the gene expression levels (for gene / and g) at the time 

point ts. (k — 1,2, ..B). 

• For each k = 1,2, . . 5 , compute | /^(is) - g'k{ts) | using formula (3.2.6)-(3.2.9) 

. Estimate E \ f (ts) - g'(ts) | by ± £ f = 1 I /*(*,) - g'M I 
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A customized class of functions for 

modeling and clustering gene 
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stem cells 

This chapter is based on the paper accepted in Brazilian Symposium on Bioin-

formatics BSB 2008, Lecture Notes in Bioinformatics, Springer. I wrote a complete 
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terpretations of the gene ontology search results. Professor David Sankoff suggested 

some of the additional research directions and helped organize and reformulate the 

exposition. 
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4.1 Introduction 

Cluster analysis of gene expression profiles over a time course often treats each sam­

pling time as one of the dimensions of a multivariate variable, reducing the problem of 

clustering gene trajectories to one of clustering multivariate observations. Since the 

object of gene expression clustering is to detect common trajectories, however, this 

"static" multivariate characterization loses power and precision, since the temporal 

order plays no role in the analysis; indeed the times can be permuted in any order 

without changing the results of the cluster analysis. 

Gene expression profiles during cell growth, differentiation, tissue activation 

of various kinds, and during cyclical changes tend to follow well-defined patterns 

and are often highly autocorrelated. These lead to the incorporation of more dy­

namic" considerations into clustering procedures. Model-based clustering techniques 

[Fraley C. et al. 1998] incorporate dynamical features by implementing formal statis­

tical modeling and parametric models in preference to pure data mining. 

Some model-based clustering methods for dynamical data have been proposed 

[Aach J. et al. 2001], [Brumback BA. et al. 1998], [Ramoni MF. et al. 2002]. Here a 

group of genes following the same probability model fall into the same cluster, taking 

into account autoregressive and other random effects. For example, [Wu FX., et al. 2005] 

discussed autoregressive models for clustering time course gene expression data. Spline 

trend based models [Bar-Joseph Z. et al. 2002], [Luan Y. et al. 2003] apply cubic 

spline and B-spline mixture models to analyze gene expression time series data. 

Purely autoregressive models, however, only consider autocorrelative structure 

without explicitly taking account other properties of functional interactions among 

genes. Although a p-order autoregressive model may explain a p-order polynomial 

time trend effect, it fails to match exponential time growth effects such as exp(Xt) 

or periodic effects such as sin(u!t). Spline techniques can represent data trends but 

still remain essentially black boxes [Chudova D. et al. 2004] with respect to genetic 
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functions. [Chudova D. et al. 2004] suggests a novel clustering technique based on 

gene functional curves, making use of plausible biological models for gene expression 

dynamics. 

4.1.1 The proposed model 

Here we treat a gene profile over a time course as composed of the following compo­

nents: 

1. impact of related genes or other regulation mechanisms (modeled as a dynamical 

system of differential equations), 

2. autoregressive factors representing autocorrelation structure and feedback or 

loop effects, 

3. random components allowing for heterogeneity among the individual genes in 

each cluster. 

This method is flexible in assigning both dynamic and mixed functional compo­

nents into an integrated time series model with random mixtures. We note that by 

appropriately incorporating randomness into the model we can avoid the tendency to 

generate clusters based purely on chance properties of the data. 

4.2 The mixture time series model for functional 

curve clustering 

We denote an expression profile (or observation vector over time course) of an individ­

ual gene & as Y{ — (yn, y^-, — , yir)- In this notation T refers to the total number of 

time points sampled over a time course. Our objective is to cluster target genes into 

distinct clusters in terms of the similarities of gene functional behavior. Genes are 
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grouped together on the basis of the form of their expression profiles (curve shapes) 

rather than similarity in Euclidean distance. The model-based clustering analysis 

assumes that the genes in every cluster will perfectly fit an underlying mixture time 

series model, where any gene profile Y{ is considered as an observation of a functional 

curve following the probability model: 

Yu = Gene Network Interactions + Auto Effects 

+ Time—dependent Random Effect + Noise (4.2.1) 

If all target genes gt,i = 1,2,..., TV satisfy the model above, then the Yit, i = 

1,2 . . . , TV are generated by the following model: 

t-i 

Yit = /(c)(*l$(c)) + J2 ai*Y* + 7c + e (t = 1, 2 . . . , T and i = 1,2,..., TV), (4.2.2) 
j=t-p 

where the "within" random effect % ~ normal(0,rc
2) (c = 1,2, ...,C) are indepen­

dent of each other, indicating that genes in the same cluster have a unified correlation 

structure, e is the i.i.d. white noise ~ normal(0,cr2), the trend curve f^(t\^c^) con­

tains the internal function effect of gif combined with the other network interactions 

(or regulatory effect on gi), and $(c) is the parameter set for the fixed mean curve 

in cluster c (c = 1,2, . . . , C ) . We have included autoregressive items in the model 

because we wish to capture feedback or loop effects in genetic pathways. 

The key problem here is to determine the form of the function f^(t\^). We 

will estimate it with the trend deduced from a genetic transcription model. The B-

spline techniques previously employed to deal with this problem [Luan Y. et al. 2003] 

have no direct biological functional interpretation. Instead we are inspired by Chen's 

linear transcription model [Chen T. et al. 1999] to elaborate a function / ( c )( t |$ ( c )) . 

Chen's model is a nonlinear dynamic system with the following form: 

f-Cp-Vr % = Lr-Up (4-2.3) 
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where r is the mRNA concentration, p is the protein concentration, L contains the 

translational constants, V is the degradation rate of mRNA and U is the degradation 

rate of proteins. According to Theorem 1 in [Chen T. et al. 1999], the solution to 

model (4.2.3) has the form: 

x(t) = Q(t)ea (4.2.4) 

where Q(t) — {qij] is a 2n x 2n matrix whose elements are polynomial functions of 

t. In [Chen T. et al. 1999] it is stated that a gene system should be stable system 

and its expression should not have an exponential or a polynomial growth rate, which 

implies that Q(t) is a constant and x(t) is actually an ordinary exponential function. 

However, an exponential function is monotonic and cannot fully reflect the wave-like 

shapes that characterize many gene functional curves. Consequently we do not adopt 

(4.2.4) directly, though we will utilize features of (4.2.3) and (4.2.4) to develop a more 

effective functional curve. 

To do so, we have studied the functional gene curves of mouse embryonic stem 

cells (mESC) in the first 24 hours of differentiation (for experimental details and the 

data bank, see [Sene KH. et al. 2007] and found that gene expression of these genes 

can be well described by the following hyperbolic function: 

/(*) = * , (4.2.5) 
exp[b(t -a) + ^l + (t- a)2} 

To see the connection between (4.2.5) on one hand and (4.2.3) and (4.2.4) on the 

other, we note that the gene's growth rate satisfies: 

where the expression (4.2.6) indicates that this gene system also remains stable, but 

is more flexible than the one in (4.2.3). Here , t~a „ is restricted to the range [-1,1], 

but can model behaviours more varied than a the constant growth rate. 
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Figure 4.1: Simulated curve vs. actual gene curve 
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Figure 4.2: Simulated curve vs. actual gene curve 
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In Figure 4.1, the gene profiles (over the time course 0 to 24 hours) of Cdv3 

(CDV3 homolog (mouse)) and C6orf55 (chromosome 6 open reading frame 55) are 

plotted against the corresponding simulated hyperbolic functional curves. In the same 

way, Figure 4.2 presents the plots for genes Riok2 (RIO kinase 2) and Etnkl(Ethanolamine 

kinase 1). These genes are highly active over the time course in the early period of 

stem cell differentiation. These figures illustrate how parameter settings are available 

to produce functional curve shapes similar to those of actual gene profiles. 

For curve fitting purposes, we can include linear and quadratic parts without 

affecting system stability. Thus, we define gene functional curves as follows: 

f(t\fr) = pM + 0 exp{-/?(3)(t - 0<4>) - y / l + (i-/3(4))2} + ft5k + /3 (6¥ (4.2.7) 

From (4.2.2) and (4.2.7), by setting different curve parameters /3C = ($ x ) , $ 2 ) , $ 3 ) , $ 4 ) , 0), 

random effects 7C and auto regression coefficients ctjC (c = 1,2,..., C) we can deter­

mine different gene clusters. 

To implement cluster recognition, we assume the following mixture-density model: 

c 
P(Y\e,n) = Y,"cPc(Y\9c), (4.2.8) 

c = l 

where the parameter set 0 = (/?i,..., j3c, otji,.. . , ajc, 7i, • • •, 7c) (j = 1,2...,p) and 

f2 = (coi,..., toe) such that X)c=i wc = 1 and pc(Y\9C) is the density function generated 

by the model (4.2.2) defined previously. Given observed samples Y = (Yi, Y2,..., YN), 

the log-likelihood expression for the above mixture density is: 

c N c 
log(P(F|G,Q)) = log(5>cPc(Y-|0c)) = ^ l o g ^ o ^ F ^ ) ) , (4.2.9) 

c = l i—\ c = l 

where Yi = (yn, yi2, , yir) (i = 1,2,..., N) represents the profile of gene <?j over 

the time course t = 1,2, . . . , T . Since it is hard to optimize (4.2.9) by ordinary 

analytical methods, we will apply the well known expectation maximization (EM) 
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algorithm [McLachlan GJ. et. 1997] to estimate these parameters. The details of the 

EM algorithm approach and the corresponding inference technique is given in the 

Appendix. 

4.3 Numerical test 

4.3.1 Clustering Results 

In this section we illustrate the result of clustering gene profiles for V6.5 mouse embry­

onic stem cells over the time course [Oh, 6h, 12h, 18h, 24h],which represents the early 

period of mESC differentiation. At the first stage, we select as target genes 419 with 

high differential expression as detected by the SAM method [Tusher VG. et al. 2001]. 

A standardization procedure is first applied to all gene profiles before running the 

clustering program. We arbitrarily choose a small number of clusters, namely C = 3, 

in order to facilitate the evaluation of the method, and set the initial cluster pro­

portion to be | . Thus, we will optimize (4.2.9) with respect to 6 = (81,82,63) , 

Q — (o^C^jO^) a n d O2. 

Figure 4.3 presents the results of clustering the 419 genes. The three clusters 

clearly have different patterns over the time course. Briefly, cluster one is basically 

up-regulated compared to cluster three which has a distinct down-regulated pattern. 

Cluster two contains the largest number of genes. Note that that these clusters have 

different "compactness" levels. For instance, cluster three is characterized by the 

fact that the gene functional curves are more closely intertwined while cluster two 

is more loosely arranged, indicating a larger intra-cluster variation. This effect is 

captured by the different random gene effect within the three clusters, a feature of 

the mixture model. In visually assessing the clusters, we must recall that the curves 

are not clustered by the overall proximity to each other, but by the similarities of 

their patterns. 
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Figure 4.3: Clustering result for gene profiles of V6.5 embryonic stem cells 
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Biological Functions 
RNA metabolic 

Cellular lipid metabolic 
Cellular protein metabolic 

Nucleoside, nucleic metabolic metabolic 
Regulation of cellular process 

Cellular macromolecule metabolic 
Protein metabolic 

Transcription 
Cellular biosynthetic process 

Biosynthetic process 
N 

Cluster one 
17.14 
13.33 
45.71 
25.64 
23.29 
43.84 
43.84 
18.57 
21.92 
24.66 

94 

Cluster two 
40.57 
2.83 
29.25 
50.91 
43.64 
28.18 
30.02 
33.33 
13.76 
14.16 
153 

Cluster three 
42.65 
1.47 

35.29 
52.94 
27.42 
35.59 
38.24 
20.97 
27.42 
28.97 

85 

Table 4.1: Distribution (%) of genes according to biological process 

We choose the order of autoregressive component to be 1 (i.e. p = 1) to avoid 

the increased noise effect associated with larger order components demonstrated in 

numerical experiments [Wu FX., et al. 2005]. 

To validate the clustering, we characterized the genes in each cluster by compiling 

Gene Ontology (GO) terms. We also searched the FatiGO server to compare the three 

clusters. Table 4.1 displays the distribution of genes featured by different biological 

processes. 

4.3.2 Biological analysis 

Cluster one includes 119 genes, of which 94 had associated GO terms, largely with 

protein metabolism, processing of macromolecules and catalytic functions, such as 

Sc4mol, the Rpl and Rps family (Rpl4 Rpll3 Rpll4 Rpl23 Rpl41 Rps2 Rps6 Rpsl2 

Rpsl7 Rpl22 Rps27 Rps28 Rps271), Uba52, Csnkle, Otx2, Igfbp2 and Gpil . These 

genes follow a generally up-regulated trend during ESC differentiation and participate 

in ESC metabolism or protein synthesis processes. For example, Otx2 is an early stage 

murine ESC marker playing a cental role in gastrulation, essential for the early specifi-
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cation of the neuroectoderm destined to become fore midbrain [Morsli H. et al. 1999]. 

Csnkle, which undergoes a persistent up-regulation pattern over the time course, per­

forms a catalytic function for serine/threonine kinase activity. The Rpl/Rps family is 

involved in ribosomal structure and hence protein biosynthesis. Note that there was 

some evidence, discounted by the authors as well as our results here, that Rpl4 and 

Rps24 are among the genes constituting a unique molecular signature in human ESC 

[Bhattacharya B. et al. 2004]. 

There are 198 genes in cluster two, 153 with GO annotations. These genes are 

involved in RNA metabolism, regulation of cellular process and DNA-dependent tran­

scription. Many key ESC markers such as Nanog, Sox21, Zfp57, Cbx7, Vcl, Dnajb6, 

Msi2h and Cggbpl fall into this cluster. They generally usually down-regulated for 

the first 18 or 24 hours and are up-regulated later. By checking the correlation dis­

tance, we found these gene profiles are remarkably similar to the expression patterns 

of undifferentiated ESC markers such as OCT4, Sox2 and Foxd3. From the point of 

view of stem cell differentiation, these genes are crucial for stem cell self-renewal and 

maintenance of the inner cell mass (ICM) of the blastocyst. With the loss of cell pro­

liferation and pluripotency, they undergo a significant and persistent down-regulation 

pattern [Niwa H. et al. 1998],[Chambers I. et al. 2003]. 

Many members of cluster two are also related to the cell cycle, cell proliferation or 

growth. For example, C20RF29, Cdv3 and Rbbp7 are involved in cell proliferation. 

Socs3 and Ltbp4 function in the regulation of cell growth. Nmycl, Cdk2apl, Nipbl, 

Cdc34, Mcm5, Nipbl, BC068171 and Ccnel are cell-cycle related genes. They mediate 

the progression through the cell cycle, particularly the Gl/S transition of the mitotic 

cell. That these genes are in cluster two agrees with theories [Bilmes JA. 1997], 

whereby the cells initially derived from a population of stem cells undergo rapid 

cell division during early differentiation; throughout this period, expression of genes 

keeping control of the cell cycle or proliferation should be attenuated. 

Another 102 genes are found in cluster three, 85 with GO annotations. Com-
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pared with cluster one, cluster three is enriched for genes in charge of nucleobase, 

nucleoside, nucleotide and nucleic acid metabolic process, such as Ctbp2, Cdk2apl, 

Apexl, Hmgb2, Mybbpla Ran, Gars, H2afz, Sod2, Nola2, Mki67ip, Etv4, Atp51, 

Bzwl, NrObl, Klf5, Rbml4, Polr2f, Ankrdl7, Lsm3, Zfp3611, Ddx5, Sfrsl, Rbm3, 

Cars and Psmc5. This cluster is also associated with microtubule-based movement, 

signal transduction and biosynthetic processes. These include Arpc4, Lefty 1, Ptprf, 

Stmnl, Cfll, Trh and Eif4ebpl. Leftyl is an important "sternness" marker expressed 

in the left half of gastrulating mouse embryos and involved in the TGF-beta signaling 

pathway. Ptprf has an intrinsic protein tyrosine phosphatase activity (PTPase) and 

plays a role in cell adhesion receptor and the insulin signaling pathway. Ptprf has also 

been identified in human ESC studies. Stmnl is involved in signal transducing, partic­

ipates in the regulation of the microtubule (MT) filament and promotes disassembly 

of microtubules. Trh plays a role in cell-cell signaling and neuroactive ligand-receptor 

interaction. Arpc4 is related to cytoskeleton and actin filament polymerization. 

Since clusters two and three have a similar down-regulated pattern, especially in 

the first 12 hour period, it is not surprising that some of their members have similar 

gene functions in signalling, ATP/GTP binding, actin binding and microtubules. 

For example, the genes Pfnl, Wdrl, Efna2, Lefty2, Ak7, Ptchl, Riok2, Arf6 and 

Actgl are classified into cluster two. This is not surprising; maintenance of the 

pluripotent state of ESC requires intrinsic signalling as well as extrinsic environmental 

elements, involving microtubules. It is known that environmental factors such as cell-

surface receptors and cytokines play an important role in the maintenance of stem cell 

functions [Arias AM. et al. 2002]. Transcription profiles of this type generally take 

a persistent down-regulated pattern during differentiation. Examples include the 

actin binding related gene Ptprf and receptor activity-associated gene Tagln, which 

decrease sharply throughout the first 24 hours in ESC differentiation. 

Table 4.2 uses a t-test to evaluate the over-representation of various kinds of GO 

terms in each cluster. The analysis in Table 4.2 confirms and deepens that of Table 
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Cluster 
I 

Total 
II 

Total 
III 

Total 

Biological Functions 
primary metabolic process 
cellular protein metabolic process 
structural constituent of ribosome 

gene expression 
RNA metabolic process 
transcription, DNA-dependent 
ribonucleoprotein complex biogenesis 
translational initiation 
glycolysis 

gene expression 
translation 
amino acid,derivative metabolic process 
ribonucleoprotein complex 

In cluster 
60 
34 
14 
94 
57 
46 
35 
11 
5 
5 

153 
33 
13 
9 
10 
85 

In genome 
5694 
2421 
147 

14456 
2452 
2082 
1704 
174 
40 
42 

14456 
2452 
369 
264 
382 

14456 

P-value 
0.000107 
7.44E-05 
4.41E-10 

4.21E-08 
1.59E-05 
0.00215 
0.000302 
0.00266 
0.00326 

2.02E-05 
2.50E-05 
0.00111 
0.00267 

Table 4.2: Over-represented GO terms for each cluster from GOstat 

4.1. For example, the high value for RNA metabolism in cluster 2 possibly results from 

the selection of genes involved in transcriptional regulation. The higher proportion 

of cellular protein metabolic process in cluster 1, amino acid derivative metabolic 

processes and ribonucleoprotein complex, in cluster 3, are all closely related to protein 

biosynthesis. This similarity possibly originates from genes involved in translation 

process (cluster 3). We also found interesting to see five glycolitic enzymes in cluster 

2, and a number of genes involved in the formation of RNA-protein complexes in 

clusters 2 and 3. In the case of cluster 2, this includes five genes involved in translation 

initiation. 
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4.4 EM algorithm of mixture model 

4 . 4 . 1 I n f e r e n c e o f t h e l o g - l i k e l i h o o d f u n c t i o n for t h e m i x t u r e 

m o d e l 

For convenience,we only consider the first order autoregressive item (i.e. p = 1 in 

model (4.2.2)). According to model (4.2.2), we infer that if the gene ft belongs to 

cluster c then its expression profile Yi — (yn,---,yiT) at time point t satisfies the 

following conditional probability model: 

P(yit\6c, Yiw) = N o r m a l ( ( / ^ | $ ( c ) ) + a ^ ^ ) , JC
2 + e2) (4.4.1) 

Thus, the log-likelihood for Yi over time course t — 1,2,..., T is 

T 

Lc(Yi\9c) = log[P(yn\Oc) n ^ i l ^ ^ O - i ) ) ] (4-4-2) 
i=2 

From expression (4.4.1), (4.4.2) can be finally expressed as 

1 T 

Le(Yi\Oc) = C0-TLog(oi)-— [ ( y « - / ( l | A ) - / i o ) a + X;(«y- / ( j lA)-a( c )y*y- i ) ) 2 ] 
°% 3=2 

(4.4.3) 

where the standard deviation of Yi, Oi = \JH + e2, C0 is a constant and JU0 represents 

the mean at the initial time point. The log-likelihood of the mixture model of total 

observed samples can be expressed as 
N C 

L(Y\e,Q) = £ t o 8(E w i P iWi) ) (4-4-4) 

where Pj(Yi\9j) is identified by exp(Lj(Yi\6j)), and Uj, (j — 1 , . . . , C) are the unknown 

cluster membership parameters such that Yl^i^j = 1-

4.4.2 EM Algorithm Approach 

The optimization of (4.4.3) can be carried out by using an EM algorithm. To see the 

specific computational steps, the reader can refer to [Bilmes JA. 1997]. 
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1. Set initial parameters 6(°) = (d{°\... ,6^) for the given number of clusters C 

and cluster proportion 0 ^ = (UJ\ \ ... ,u}^'). 

2. Define cluster membership (a random variable) I, where I G {1,2, . . . ,C} and 

/ = c if gene gi belongs to cluster c. For k = 0 ,1 ,2 , . . . repeat the following 

iterative steps until a given threshold is reached. 

3. E-step: Calculate the posterior of the cluster membership I given Y{, 6 ^ and 

Q^ at the kth iterative step from the following procedure: 

^ • W ) ) = E 5 W ) (4'45) 
4. M-step: Maximize the expected posterior log-likelihood with respect to clus­

ter membership parameters Q and model parameters 0 given observed Y and 

current parameter estimates: 

u?+l) = ̂ Y.Pm,0{k)Mk)) (4.4.6) 
1=1 

and 
C N 

Maximize F = ] T ^ [ L ^ I ^ + ^ P ^ , ©(fe), ^ W ) ] (4-4.7) 
1=1 i=l 

where (4.4.7) can be maximized by non-linear optimization techniques such as 

BFGS or the conjugate gradients method. Note that solving (4.4.7) is much 

easier than directly optimizing (4.2.9). 

4.5 Discussion 

In this chapter we use cluster analysis to infer gene expression patterns and related 

biological characteristics during stem cell differentiation. 

Since gene expression data of stem cell differentiation are time dependent and 

have different correlation structure, the traditional clustering methods in which dy­

namics of gene expression are not accounted for cannot perform as well for time-course 
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gene expression data. The model based clustering method proposed in the chapter is 

trying to overcome the shortcomings above. 

The most important feature of the presented method is that it take many dynam­

ics factors into consideration: genetic biological function induced by other regulators, 

random effects producing heterogeneity within gene clusters, and autoregressive com­

ponents defining the loop or feedback impact. In addition, the proposed methods are 

flexible in the sense that it can incorporate a priori information into the models as 

they have a solid probabilistic foundation. 

Accordingly, many dynamics factors will make the approach parameter-rich (when 

cluster number is large), and genetic biological function is nonlinear, which might 

cause higher computational cost. Nevertheless, the numerical test shows that EM 

algorithm and BFGS method are capable of handling these problems very well. 

Following some procedures of clustering validation, we can select 'optimal' cluster 

number. Since the proposed model is a type of partition clustering approach, one 

can evaluate the quality of a clustering performance by means of silhouette index 

[Rousseeuw P.J. et al. 1987]. The silhouette index assesses the ratio of inter-cluster 

separation and intra-cluster similarity. For each object i in a data set containing n 

objects, its silhouette width s(i) is defined as: 

m = 6(? :,a(;' (4.5.D 
max{a{i)ib(i)} 

Where a(i) is the average distance of object % to other objects in the same cluster. 

b(i) is the average distance of object i to other objects in its nearest neighbor cluster 

and can be seen as the dissimilarity between object i and the nearest neighbor cluster 

to which it does not belong. Objects with a large s(i) (almost 1) are very well 

clustered, a small s(i) (around 0) means that the object lies between two clusters, 

and objects with a negative s(i) are probably placed in the wrong cluster. The average 

s(i) across all objects: 
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S = 5>(x) (4.5.2) 

is called the silhouette index of the clustering. The value of S reflects the overall 

quality of the clustering and has range [—1,1]. A larger value of S indicates a better 

overall clustering quality. Silhouette index is often used to validate K-means method 

in which the similarity distance can be Pearson correlation or Euclidean distance. For 

model based clustering, it can be defined as l/pij, where pij is the cluster membership 

parameters indicating the probability of gene % belongs to cluster j . One could also 

use External Indices, which define a measure of the agreement between two partitions 

of the same data set. In the clustering literature, measures of agreement between two 

partitions are referred to as external indices. Several such indices have been proposed 

[Dudoit S. et al. 2002]. 

For model based clustering method, various information criterion can be applied 

to deal with parameter-rich and cluster number problem. For instance, Akaike's 

information criterion (AIC) [Burnham K.P. et al. 1998], Hurvich and Tsai (AICC) 

[HURVICH CM. et al. 1989], Schwarz criterion (BIC)[Schwarz G. 2008], and Spiegel-

halter Deviance Information Criterion (DIC)[Spiegelhalter, DJ. et al. 2002]. These 

Criteria work as the different measures in selecting the best subset of predictors: 

AIC(G) = - 2 log(-L(9|jD)) + 2p (4.5.3) 

AICC(&) = -21og(-L(9|D)) + 2{P_+ q_+ ^ " (4.5.4) 
i V j L r ( J s & 

BIC{Q) = -21og(-L(6|D)) + 2plog(n) (4.5.5) 

DIC(S) = 2E@lY{-2\og(-L(e\D))} - 2log[-L(EelY(e)\D] (4.5.6) 
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Where, n is the sample size, p is the number of parameters,q is the number of 

dimension of the observation, L(0|D) is the likelihood function based on observed 

data D, and 0 is the parameter set. Theoretically, a better model has smaller values 

of the index above. Since our clustering approach is based on fitting model, the infor­

mation criterion above could be use to select the best cluster number and parameter 

set. 



Chapter 5 

Bayesian Adjusted Quasi-likelihood 

for generalized linear models 

This chapter is based on the paper submitted to Computational Statistics & 

Data Analysis. I was responsible for the formulation of all of the mathematical 

problems and their solutions in this work. I also wrote a complete draft of this 

chapter. Professor David Sankoff suggested some of the additional research directions 

and helped organize and reformulate the exposition. 
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5.1 Introduction 

The Quasi-Likelihood Function (QLF) [Wedderburn RWM. et al. 1974] for solving 

the generalized linear model (GLM) only requires knowledge of the relationship be­

tween the mean and variance of the observations rather than the specific form of the 

density function. The QLF retains many properties of the log-likelihood function 

(e.g., consistency and asymptotic properties [McCullagh P. 1983], while generating 

workable estimators. In this chapter, we suggest an extensions to QLF to the situ­

ation where the mean is treated as a random variable. The sample mean can then 

provide us with useful information to adjust parameter estimates in the traditional 

QLF approach. 

In this chapter we propose two extensions to QLF analyses of GLMs, through 

what we call the Bayesian Adjusted Quasi-Likelihood (BAQL) function. The innova­

tion here is the borrowing of Bayesian techniques on the sample mean, as follows: 

1. The sample mean is treated as a random variable with a prior distribution. 

2. Based on the original QLF and Newton-Raphson iterative steps, we adjust the 

QLF and the estimated model parameters. Specifically, the posterior function 

(or density) is updated at each iterative step, and conversely QLF is adjusted 

by learning from the prior density. 

3. The parameter estimates are obtained from maximizing BAQL. 

In GLM, the observed samples are assumed to come from an exponential family with 

means ^ = E{yi),(i = 1,2, ••• , n). In the classical quasi-likelihood method, the \X{ 

are considered to be fixed and to satisfy g{^t) = X'tP, where g(-) is a link function, 

X{,(i = 1,2, ••• ,n) is a co-variate vector and /? is an unknown parameter vector 

to be estimated. By comparison, the BAQL approach views //;, (i = 1,2, • • • , n) as 

the observed values of a random variable \i, where /J, follows some prior probability 

distribution. 
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We can illustrate the advantages of this approach through a concrete example. 

Suppose we are studying the relationship between the gender ratio and salary offered 

among the companies in a city. We collect samples from each company and fit the 

sample data (observations of gender and salary) with a GLM (such as the logistic 

model). These samples, however, may not be drawn evenly, for instance, 70% of 

the samples could be drawn from companies with the female:male ratio 3 : 1 , and 

only 30% of the samples collected from companies with the ratio 2 : 5 (or less). 

The traditional quasi-likelihood method would ignore this bias, since it allocates an 

equal weight to each of the samples y,, and thus fails to take information about the 

distribution of fa into account. 

The implementation of the BAQL approach for solving GLMs problem is straight­

forward and is introduced in the following section. 

The organization of the chapter is as follows: in Section 5.2 we present the 

Adjusted Quasi-Likelihood Function (A-BAQL). Under the random variable assump­

tion, the densities of fa, (i = 1,2, • • • , n) are approximated, and are to be utilized in 

turn for the adjustment of original quasi-likelihood function. Therefore, rather than 

treating all observations as equal, we adaptively update the weighted quasi-likelihood 

at each iterative step. The parameters are then estimated by maximizing Adjusted 

Quasi-Likelihood until convergence or until some threshold is reached. In Section 5.3 

we propose a second BAQL approach, namely Two-Stage Adjusted Quasi-Likelihood 

(T-BAQL). Here both the traditional QLF and the prior density fa are maximized 

at the same iterative step, i.e., two estimated outcomes are generated at each step. 

The final shrinkage parameter estimate is obtained from the inverse variance weighted 

average of the two estimates. We study the density estimate required in our meth­

ods through a locally weighted density procedure and bandwidth choice in Section 

5.4. We present a simulation study to illustrate the proposed technique in Section 

5.6, where the BAQL approach is compared to the classical QLF method in terms 

of flexibility, bias of estimates and prediction accuracy. The asymptotic normality 
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properties of parameter estimates and bandwidth selection are discussed in Section 

5.7. Even though the methods presented here are not directly applied to study stem 

cell differentiation, they could be potentially utilized to infer gene regulatory network 

when gene expression data are not normally distributed. For instance, in boolean 

network and differential/difference equation system, the gene expression levels could 

be binary or categorical. The issue in detail will be discussed in section 5.8. 

5.2 Adjusted Iterative Weighted Quasi-likelihood 

Function (A-BAQL) for GLMs 

5.2.1 Rationale of the A-BAQL approach 

A GLM can be formulated [Lindstrom MJ. et al. 1988]: 

g(E(yi)) = X',/3 or gQa) = x'j (5.2.1) 

where fa — E(yi) (i = 1,2.. . , n) and g(.) is the link function. X\ (i = 1,2 . . . , n) are 

the fixed m-dimensional predictor co-variates and yt (i = 1,2 . . . , n) is the i th observa­

tion, and P is the p-dimensional parameter vector to be estimated. To avoid confusion 

in the later discussion, we denote the constant vector X\ft as a (i — 1,2.. . , n). The 

conventional Quasi-Likelihood technique for GLMs problem is to tackle the following 

optimization problem with respect to /3: 

Maximize Qy(y\fi) = £ / h—.dt = J2 ^ W ^ E * * (5-2-2) 

where cr2(.), the variance of observations is a function of mean and qyi = J^' ^wfidt is 

defined as the "Quasi-density"of y^. In order to implement the BAQL approach, we 

make the following assumptions: 

(Si) The yi (i = 1,2... ,n) follow the same probability distribution (a mixture dis­

tribution of exponential family) with the mean [i and variance <j2, i.e., yi are 
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the i.i.d. samples of a random variable y ~ Fy(y\fi, a2). 

(52) The fii (i = 1, 2 . . . , n) are n observations of a random variable yu, i.e., /Uj are 

treated as the i.i.d. samples from the prior distribution /M(//) of /i, where 

E(m) = fj, (i = 1,2...,n). 

(53) There exists a random variable u such that E(yi\u) = //;, where yi is the observed 

value of y given // = /j,t (i = 1, 2 . . . , n). Here, it is obvious that E{E{yi\u)) = 

E{m) = fi. 

(54) The independent random variables V( = g((ii) (i = 1, 2 . . . , n) follow a probabil­

ity distribution fv(v). 

(55) The pairs (yi, Hi) (i = 1,2.. .,n) are independent each other. 

Under the assumptions above, we can use the following 'Quasi' function: 

9v(vl«) = J ^ d t (5.2.3) 

to approximate the log-density of y, given random variable v = g(/J.). If we have 

obtained the prior density of v , i.e., fv(v), then the following: 

*( ^ (f9~1{v)y-t dt fv(v) (5.2.4) 

can be regarded as the weighted log-density approximation of y at v. Thus, the 

weighted likelihood of y = (yx, y2,-.., yn) at v = (vx, v2,..., vn) can be expressed as: 

We further standardize /„(«») by Wi = fv(vi)/ Y%=i fv{vi)- Then /? is estimated from 

Maximize Qi{P) = ^2tWiqyi (5.2.6) 
t = i 
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5.2.2 Statistical interpretation 

We have mentioned that in A-BAQL approach, rather than maximizing classical QLF: 

X)iLi%/»' w e maximize the weighted QLF: Y^=iwi%i a t v ~ (ui>w2) • • • •> vn). Note 

that 5.2.5 can also be treated as the estimate of the expectation of the likelihood of 

V= (l/i,l/2,-..,3/n) over v, i.e. 

n 

L(y,v) = YJfM)%i = Ev(L*(y\v)) (5.2.7) 

where L*(y\v) is the log-likelihood of y at v. Since 5.2.7 contains additional informa­

tion on the density of //, we can expect it to give a better estimate than that of the 

classical QLF method. 

Comparing expressions (5.2.2) and (5.2.6), we find the following differences: (i) 

the conventional QLF method tries to maximize the average qyi with respect to /3 

whereas (5.2.6) optimizes the weighted average of qy.; (ii) the conventional QLF max­

imizes the approximation of log-likelihood of y when Hi~Ci = Xf(3 (i = 1,2 . . . , n) 

is treated as a constant but the A-BAQL approach maximizes the approximation of 

the expectation of log-likelihood of y over v — g(fj,) when ji is regarded as a random 

variable. 

5.2.3 Computational procedure for A-BAQL 

Note that we have no idea of vi (or /i$) before /? is known, so we cannot initiate the A-

BAQL approach by itself. However, if /3 is estimated at each iterative step (such as in 

the Newton-Raphson algorithm [Lindstrom MJ. et al. 1988] [Press, W. et al. 1992] 

for the quasi-likelihood procedure), then v, can be estimated and used to update the 

quasi-likelihood at the same time. The advantage of this approach can be appreciated 

if we consider that in the classical QLF method each iterative step uses an estimate of 

/? (i.e., /3) from the previous step. If one believes ft is subject to further improvement, 
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Figure 5.1: The procedure of A-BAQL method for GLMs 

this is sufficient reason to believe that v ox ft (the estimate of v or //) can provide 

further help at each iterative step since, as we have stressed, A-BAQL considers 

further information on the density of random variable v. The procedure of the A-

BAQL method for GLMs is schematized in Figure 5.1 and detailed as: 

A-BAQL Algorithm 

(Al) Set initial index j = 1, choose some /§(0) and define the initial A-BAQL function 

to be the conventional quasi-likelihood defined in (5.2.2). 

(A2) Apply the Newton-Raphson iterative algorithm to the A-BAQL function and 

obtain /^ + 1 ) from $U\ 

(A3) Calculate Oj = g{jli) (i = 1,2.. . , n) based on (3^+v> and estimate the probability 

density u>j(«j) (i = 1, 2 . . . , n). 

(A4) Adjust the A-BAQL function using Wi (i = 1,2.. . , n) (see expression (5.2.6)). 

(A5) Set j=j + l and go to (A2) until some given threshold is reached. 
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5.3 Two-Stage Adjusted Quasi-Likelihood (T-BAQL) 

Approach 

5.3.1 Inference of T-BAQL approach. 

The main idea of the T-BAQL approach is that /? is iteratively estimated through 

maximizing of the QLF of y« (see (5.2.2)) as well as the QLF of v^ whose observed 

values are c» = X\$ (i = 1,2.. . , n): 

Q»(v1,v2,..vM = ±f'v^dt = ±f' 2 ^ * , (5.3.1) 

where (5.3.1) serves to approximate the log-likelihood of Q (i = 1,2.. . , n), o\ is the 

variance function and 0j is the mean of the random variable V{ (i = 1,2 . . . , n). The 

T-BAQL approach consists of two stages: (i) maximize the classical QLF with respect 

to /3 and set up the QLF of v = g(/u) based on /?; (ii) maximize the QLF of v with 

respect to /? again. 

To understand the T-BAQL method, recall that in the A-BAQL approach the 

weighted quasi-likelihood of y over v = g(p) is maximized with respect to parameter 

(5. T-BAQL, however, the conditional quasi-likelihood of y given v (see the classical 

QLF method discussed in Section 5.2) is maximized. However, rather than using 

the QLF conditional on yu = Xffi = c, mentioned previously, we choose the QLF 

conditional on the improved c,. The so-called "improved" c, means that Q is updated 

at the second stage through adjusting /? estimate. The shrinkage estimate of j3 is 

finally obtained from the inverse-variance weighted average of the /3 estimates of the 

two stages. Therefore, T-BAQL method will estimate j3 in a crisscrossing way during 

iterative procedure. The T-BAQL method is depicted in Figure 5.2; the details follow. 

The T-BAQL Algorithm 

(Bl) Set initial index j = 0 and choose J3(°K 
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Figure 5.2: The procedure of A-BAQL method for GLMs 

(B2) Maximize the classical QLF Q{y\0) of y using the Newton-Raphson iterative 

algorithm and obtain J3[3' from $^\ 

(B3) Calculate fy = g(/3) (i = 1,2.. . , n) based on ^3+l\ and construct the QLF of 

v = (vuh,-vn) = (g(fii),g(ji2),:g(fin))- Qv{vi...vn\/3). 

(B4) Maximize Qv{vi...vn\0) with respect to /3 and get ?(i) 

(B5) Set /KJ'+1) = twi/Si +W2P2 > i-e-> /3^ + 1 ' is the inverse-variance weighted average 

oi(3[j) a n d / ^ } . 

(B6) Set j = j + 1 and go to (B2) until some given threshold is reached. 

5.4 Approximation of Density 

Both A-BAQL and T-BAQL approaches require prior density (or log-density) infor­

mation of the random variable v. In the A-BAQL algorithm it is necessary to estimate 

the density of 0$ (i — 1,2.. . , n) which can be used to update the QLF in the fol­

lowing step. Generally, we can use semi-parametric or non-parametric methods for 
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density estimation since these techniques let the data reflect the distribution or the 

error term or indicate the shape of relationship between observations and probability 

density without imposing too many distributional assumptions. In this chapter we 

considered the following two approaches: 

(1) Kernel Estimation [Boente, G. et al. 2000]: /* = ^ E L i ^ l 2 ^ ) * w h e r e K 

is the kernel function, which is always positive and integrates to 1. h is the 

bandwidth, which can adjust the tradeoff between variance and bias. The most 

popularly used kernels include the Gaussian (normal), Epanechnikov and bi-

weight kernels. 

(2) Locally Weighted Distribution (LWD): If we only estimate the density of a 

specific sample x, then the observations in the local area of x can be thought as 

the samples from a normal distribution. Thus, the density d(x) of x is estimated 

by 

d(x) = N(x\flx,al)(^), (5.4.1) 

where N(.) is the normal density function, JJLX and o\ are the estimated mean and 

variance via local area samples respectively, n, is the number of observations in 

the local area of x and n is the total count of samples. Therefore, ^ represents 

the proportion of the sample in the local area. 

According to Bayesian theory, (5.4.1) can be applied for the purposes of density 

estimation. It is easy to see that (5.4.1) is relatively computationally convenient 

compared with the kernel estimation. 

In the T-BAQL approach we use the QLF of Vi, i.e., (5.3.1), to approximate the 

log-likelihood. However, (5.4.1) can still be simplified through the LWD approach 

introduced above. This result is based on the following lemma: 

Lemma 5.1 Denote F(Vi) = / * ^dt, P(Vi) = ^ ^ f f f , 6t = vt - 6t, then 

\F(vi)-P{vi)\=0[(vi-ei)
3} = 0{$). 
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Proof. See Appendix A. 

Lemma 4.1 reminds us that we may adopt the following procedure to estimate 

P at step (B4) in the T-BAQL algorithm: 

Maximize Y ^ * ' ^ (5.4.2) 

where q = Xf/3. & and a2 are local area sample mean and variance respectively. 

It is noted that we still need to select a suitable bandwidth to define a good LWD 

function. 

5.5 Another potential approach 

Another possible BALQ approach for GLMs is the combination of A-BAQL and T-

BAQL. As stated before, the classical Quasi-likelihood function: 

can be treated as the approximation of conditional likelihood given v = g(/j). Thus, 

the following function: 

afe,«)=E%.+E/.1
M^r* (5-5-2) 

can be regarded as the approximation of joint log likelihood of y and v. Where the 

Quasi-likelihood of v. YH=I folk) i ^ m ' ^ *s g i v e n m expression (5.3.1) in section 5.3. 

We can estimate /3 by maximizing (5.5.2). 

The logic of this method is that maximizing 5.5.2 is equivalent to maximizing the 

posterior of v given y with respect to /3. This method is similar to A-BAQL approach 

since they all optimize updated Quasi-likelihood, but rather than the weighted Quasi-

likelihood in A-BAQL, here we maximize the posterior of v given y. This method 
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is also similar to T-BAQL because it is also involved the Quasi-likelihood function 

of v in (5.3.1), but instead of maximizing two Quasi-likelihood functions separately 

at the same iterative step in T-BAQL procedure, here we maximize the sum of two 

Quasi-likelihood functions. 

5.6 Numerical Study 

In this section we work out the computational test to illustrate the performance of 

the proposed BALQ approach for GLMs. The simulated data represent three gene 

expression profiles over a time course. They are considered random variables and 

denoted as y,x\ and x^. We will model regulatory relations among these genes, where 

y receives a binary recoding as "high" (1) or "low" (0) because the distribution of gene 

expression is often over-dispersed over the time course. The samples were simulated 

using S-Plus. Here, we only study the relation between y (as dependent variable) and 

Xi and x2 (as independent variables) based on the following two logistic regression 

models: 
p 

logit(y) = log(^^Tp) = A) + fax (Example I) 
P 

logit(y) = log(—-p) = Az i + fax* (Example II) 

The underlying data for independent variables x come from a normal distribution 

and response y (1 or 0) are generated from the Bernoulli data with the probability 

determined by the covariates x and the given /3. 

5.6.1 Example 1 

The first model involves a sample taken at 120 points. The simulated regression 

model is 

logit(y) = & + PiXi = 1 - 0.5a;i (5.6.1) 
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Example 1 
Po Estimate 
Discrepancy 

Std Err 
Pi Estimate 
Discrepancy 

Std Err 
SSE 

QLF 
1.114156 
0.114156 
0.183975 

-0.5152006 
0.0152006 
0.101752 
0.054209 

A-BAQL 
1.089796 
0.089796 
0.387115 

-0.5000058 
0.0000058 
0.221032 
0.052471 

T-BAQL 
1.113768 
0.113768 
0.271031 

-0.5149535 
0.0149535 
0.146436 
0.054172 

Table 5.1: Example 1. Simulation results for comparing methods 

We estimate the parameter f3 = (Po,Pi) with classical QLF, A-BAQL and T-BAQL 

respectively. Through adjusting the bandwidth, we can get the A-BAQL and T-

BAQL algorithms to converge to the results in Table 5.1. 

These results indicate that both the A-BAQL and the T-BAQL approaches have 

less bias than the QLF method. Even though the QLF method has the smallest 

standard error, we can always decrease the standard error of A-BAQL or T-BAQL by 

increasing bandwidth. For instance, we can have T-BAQL reach the same standard 

error as QLF by increasing the bandwidth by 30%, but this will increase the bias 

of the P estimate. There will always be a tradeoff between variance and bias when 

applying the BAQL approach. However, the new methods provide us with more 

flexibility compared with QLF, as we have more space to choose the final estimate in 

terms of the balance between variance and bias through adjusting bandwidth. The 

SSE (sum square of error) is calculated by 

n n 

SSE = £ ( / * - A*)2 = E (9(vi) - g(vi))2, (5.6.2) 
i=l i=l 

where //; (i = 1,2,...) are the actual mean of the yi and fii = g(vi(P)) are the 

predicted means from above algorithms. SSE can be considered to be a measurement 

for comparing the prediction accuracy of three methods. Table 5.1 shows that A-
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Example 2 
Pi Estimate 
Discrepancy 

Std Err 
/32 Estimate 
Discrepancy 

Std Err 
SSE 

QLF 
1.0948908 
0.4051092 
0.115139 

-0.8546583 
0.1453417 
0.093953 
0.517844 

A-BAQL 
1.498714 
0.001286 
0.574631 
-1.125661 
0.125661 
0.464593 
0.244715 

T-BAQL 
1.351676 
0.148324 
0.073584 
-1.086034 
0.086034 
0.061722 
0.598713 

Table 5.2: Example 2. Simulation results for comparing methods 

BAQL has the best prediction accuracy while T-BAQL and QLF are quite similar. 

This makes sense since the 0 inferred from A-BAQL has the smallest bias. 

5.6.2 Example 2 

The second example involves another logistic regression model with two parameters 

but without a constant term. 

logit(y) = f3ixi + /32X2 - 1.5xi - x2. (5.6.3) 

We generate a set of 100 pairs (xi, x2) and corresponding responses y{ (i = 1, 2 . . . , n), 

using (5.6.3). The parameter estimates obtained with three approaches are shown in 

Table 5.2. 

We see from Table 5.2 that QLF is the most biased in the estimate of /3, especially 

for the parameter /5i = 1.5 (bias=0.4). It seems appealing that A-BAQL attains 

a fairly close estimate for Pi 0i = 1.499), and that T-BAQL is also less biased 

(bias=0.148) than OLF. On the other hand, T-BAQL enjoys the smallest standard 

error among three, while A-BAQL has the highest one. As for prediction accuracy, 

the smallest SSE is attained by A-BAQL. 

To further compare these methods we also validate the resulting /3 estimates 

according to the response y{ (i — 1,2,..., 100). We justify this procedure by the 

following argument: the higher the probability (or mean) of yi, the more likely is 
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Figure 5.3: Comparison of A-BAQL and Classical QLF Methods 

yi = 1. Conversely y» tends to be 0 with a lower probability (or mean). Therefore, 

for comparing QLF with A-BAQL and T-BAQL, the yt (i = 1,2,..., 100) are first 

separated into two groups: (GO): response=0 and (Gl): response=l. Then, within 

each group for each sampling point we calculate the ratio of predicted means (QLF:A-

BAQL and QLF:T-BAQL respectively). Figure 5.3 and Figure 5.4 provide the plots 

for sample units and resulting ratio. It can be seen in these plots that both A-BAQL 

and T-BAQL perform better than QLF, since for group GO both ratios (the ratio of 

predicted mean for QLF:A-BAQL and QLF:T-BAQL) are higher (generally higher 

than 1), and for group Gl are lower (less than 1). This trend is particularly clear 

for group GO, since the ratio of many samples exceeds 1.5, which indicates that the 

A-BAQL and T-BAQL methods are capable of avoiding large type II error. For group 

Gl, though the ratios are not very low, the pattern is also very clear because the the 

ratios of almost all observations are beneath the base line (ratio=l). 
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Figure 5.4: Comparison of T-BAQL and Classical QLF Methods 

5.7 Other issues 

5.7.1 Asymptotic properties 

At this point, we mention some issues related to the proposed algorithms, namely 

their asymptotic properties and bandwidth selection, though these are not the main 

focus of this chapter. 

Before discussing asymptotic properties of A-BAQL and T-BAQL algorithms, 

we need to check their Newton-Raphson procedures based on the first and second 

derivative of the estimation equation. The details of the iterative step for the A-

BAQL approach is expressed in 

flm+i) = p(m) + [x'RWX]-l[X'RWA(y - £)] = ^ + A~lb, (5.7.1) 

where R = Diagjrj}, A = Diag{^A(/ii)}, n = (<r2(^)4(£i)) * (i = 1, 2 . . . ,n), and 

fi = (/ii, /*2,. . . , An)T- The diagonal matrix W = Diag(iui, , wn) stores the weight 
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Wi (i = 1,2.. . , n) for the QLF of y^i = 1,2.. . , n). The corresponding part of the 

T-BAQL approach consists of the following two steps: 

^(m+i) = ^(m) + [X'JRX]-1[X'JRA(2/ - £)] = /3jm) + A^&i 

^ m + 1 ) = [A"*X]-1[X'*eT = A2-%, 

where the first equation is the same as the iterative step in classical QLF, and the sec­

ond one is inferred from the optimal solution of problem (5.4.2). $ = Diag(af, o\, ...o^) 

is a diagonal matrix which stores the estimated variance of v — (vi,...,vn) and 

£ = (£i> £2, , in) is the estimated v mean vector. It is worth mentioning that both 

of and ii (i = 1,2,..., n) are estimated by /5 |m + ^ obtained in the first iterative step. 

Therefore, the right side of the equation in step two potentially contains f3 information 

obtained from the previous step. 

Similar to the asymptotic property study in the classical QLF approach, the 

following assumption is needed for the asymptotic properties of the A-BAQL approach 

(Ml) There exists a positive definite matrix E, such that, when n —> 00 

-{[X'RWX}-l[X'WRWX][X'RWX}-1} -» S (5.7.2) 
lb 

We then have the following asymptotic theorem for A-BAQL method. 

Theorem 5.1 Under the assumption (Ml), the estimated /3 in A-BAQL algorithm 

is asymptotically normally distributed such that as n -> 00 

y/^0 - £ ) - > • Np(0, E) (5.7.3) 

The proof can be found in Appendix B. 

The case of T-BAQL is more complicated, since the estimated f3 at one stage 

is the base of resulting estimate at another stage. However, if we assume that the 

P estimate has converged at the second stage, then the relationship between two 

neighboring estimates can be checked, from which the asymptotic property for T-

BAQL algorithm can be studied. We do not pursue this further in this chapter. 
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5.7.2 Bandwidth choice 

Both the A-BAQL and T-BAQL procedures require estimation of the density based 

on the estimated /3 from previous iterative step. The smoothing approach is asso­

ciated with bandwidth selection, since this will affect the balance between bias and 

variance, i.e., larger bandwidth can result in higher bias and vice versa. Indeed from 

computational tests we find the estimates produced by A-BAQL and T-BAQL are 

sensitive to bandwidth choice. 

We have traditional schemes such as cross-validation and goodness-fitting statis­

tics in numerical tests but the result are not consistent. We also find that using a 

kernel function, as bandwidth—>oo, the estimate from A-BAQL converges to the one 

from classical QLF method. Too small a bandwidth may lead to the failure of locally 

weighted distribution method. 

Discussion 

This chapter develops two BAQL approaches to cope with GLM problem, during 

which the sample means are treated as random variables. 

Compared with the classical QLF method, the presented techniques can incorpo­

rate the probability distribution of parameter estimate from previous iterative steps. 

This is important, for example, when we study logistic or Log-linear regression model 

in which the response variable is binary or categorical, traditional approaches such 

as QLF or MLE will treat the same responses equal when Quasi-likelihood or Log-

likelihood functions are created (even though these responses have different probability 

densities). The proposed methods will assign different weights to the likelihood func­

tions of these responses in terms of probability densities using bandwidth strategy. 

These features make BAQL approaches more efficient and flexible. The numerical 

study has also confirm our conclusion. 
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BAQL approaches can be applied to describe or compare gene expression levels 

in gene differential studies. For instance, [Newton MA. et al. 2001] has considered 

empirical Bayes models for gene expression levels based on gamma and log-normal 

distributions. 

Consider two-group gene expression data where we have obtained expression 

levels of m genes for ri\ samples from the first group and ri2 samples from another 

group. Denote the measured gene expression data as the following matrix Xij , i = 

1 , . . . , m, j = 1 , . . . , n, n = n\ + n^. In differential gene expression detection, we can 

test whether gene % is differentially expressed by the following GLM 

g{m) = ao + aiVj (j = 1, • • • n), (5.7.4) 

where ^ = E(xij), yj is the group indicator, i.e. yt = 1 if the j — th sample 

comes from the first group, and yj = 0 if the j - th sample belongs to the other 

group. We can formally test the difference between two groups by testing whether 

ax — 0. Because the x^ are not normally distributed, it is not adaptable to apply 

classical linear regression model (using t or F test). Instead, a GLM using reciprocal 

(or inverse) link function (for the gamma distribution) would be a better choice. 

BAQL approaches can also be used to infer gene regulatory networks when gene 

expression data are not normally distributed. For instance, the GLM technique can 

be employed to tackle the boolean network model: 

Yi(t + l) = Fi(Y(t)) (5.7.5) 

where Yi(t), i = 1 . . . , n are the states of the n genes in the network. The function 

F(.) is a boolean function of the states of the network at time t, for updating the 

state of element i at 1 + t. Also, one can choose the following log-linear regression 

(three-way contingency table) to investigate the relationship among three genes: 
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In 7rijfc = A + Aj + Xj•,+ Afc (5.7.6) 

where In ir^k is the log of the expected cell frequency of the cases for cell ijk in 

contingency table. Finally, we have used the logit models in Section 5.6 to express a 

differential equation system (when gene expression levels are defined by binary vari­

ables). All these models assume the response variable to be non-normally distributed 

and the link function to be non-identity, which makes linear regression model inap­

propriate for the gene regulatory network problem. The other concern is the high 

dispersion levels in gene expression data, i.e. the higher means of expression levels 

over the time course often come with the higher variances. Therefore, GLM is more 

suitable to cope with such problems. 

In GLMs the variance is often a function of mean. However, if the specific 

function form is unknown, we have to use estimation methods, such as the non-

parametric variance function approach [Chiou, JM. et al. 1999]. The idea behind this 

is that the variance function at the current iterative step is estimated (or updated) 

through a non-parametric approach using the estimated mean obtained from the 

previous iterative step. 

Appendix A: The proof of lemma 5.1 

[Proof] Using the Taylor expansion at V{ = 9i, since F($i) — 0, we have 

dF d f0i 1 f0i t 

_ f6i dt d f6i dt d f9i t 

* +"4T (5-7.9) 

0 (5.7.10) 
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For the second derivative: 

d2F , 

dvv 

thus we have 

2 m=9i — 
d -Vj Vj f{ dt 1 ^^711^1 

dvMM *?(«<) + JVi of(*) J lvi=6i a*®) lD-riiJ 

= P(vi) + 0{{vi-6if) (5.7.13) 

= P(«<) + 0 $ ) (5.7.14) 

D 

Appendix B: The proof of Theorem 5.1 

[Proof] From (5.7.1) we adjust ^ by 

^(m+i) _ £(m) = [x'RWX]-\x'RWk{y - fi)] (5.7.15) 

Then, following the proof procedure of McCullagh [McCullagh P. 1983] on the asymp­

totic property of the classical QLF approach, we first show: 

(ffl)E(y - /x) = 0 

(#2)Var([X'RWX]- l[X'RWA{y - //)]) = [X' RWX]~l{X'WRWX][X'' RWX]~l = i0 

where — ip is the expected second derivative matrix of quasi-likelihood (or quasi-

information matrix). To do this, notice that here \x = E(y\u) is a random variable 

vector (see assumption (S2) in Section 5.2),we have 

E(y -?)= E(y - E(y|u)) = E(y) - E(E(y|u)) - E(y) - E(y) = 0 (5.7.16) 

so (HI) is true. Also, 

Var(y - /i) = Var(y - E(y|u)) 
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= Var[E((y - E(y\u))\u)} + £[Var((y - E(y\u))\u)} 

= Vai\E{y\u) - E(y)] + E(Var(j/|«)) 

= Var(/z) + Var(y) - Var(E(y|u)) 

= Var(y) = Diag{<r2} 

hence 

Vav([X'RWX}-1^'RWA(y - »)]) = [ X ' i W X ] - 1 ^ ' W A A W i ^ x ' i m ^ - V . 

(5.7.17) 

Since matrix R and W are both diagonal and RAARa2 = R (see Section 5.7), then 

(H2) holds. 

The "observed" quasi-likelihood information matrix of f3 Ip has the following rela­

tionship with ip 

\Ip - ifi\ = Op(ni) (5.7.18) 

and since Ip is evaluated at a point /3* lying on the line segment joining "real" /3 and 

(3, the asymptotic property for A-BAQL follows immediately. • 



Chapter 6 

Conclusion and future work 

6.1 Conclusion 

Microarray data are rich in information that allows us to gain insight into biological 

processes. In this thesis we are especially interested in exploring time-course experi­

ments during which gene expression is monitored dynamically, namely "time-course" 

gene expression. Such information is very useful since the dynamics of the data can 

lead to a deeper understanding of biological processes such as stem cell differentiation. 

Many existing computational and statistical methods can be applied to the study of 

time-course data if each time point is treated as one dimension in the algebraic space, 

such as in traditional linkage clustering analysis and the ANOVA F test. However, 

the time dependency property of time-course data means that much information is 

lost by these classical methods. For instance, failure to consider auto-correlation 

over the time course may create extra and unnecessary clusters. In this thesis we 

have developed several statistical and data mining methods specifically for analyzing 

time-course gene expression data on embryonic stem cells. 

To compare gene expression levels under different conditions, we propose a novel 

adaptive SAM technique to overcome the disadvantages of the classical SAM method. 
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Rather than using a universal fudge factor, our procedure chooses a flexible fudge 

factor strategy to adjust the sample standard error. The optimal fudge factor is 

obtained by using a direct searching approach combined with a bootstrap method. 

Employing the same technique, we extend the SAM statistic to the comparison of 

multivariate samples. Compared with the ANOVA F test and Hotelling T square test, 

the new multivariate SAM statistic is capable of tackling time dependency effect as 

well as the variance-mean dependency problem. The computational analysis of time-

course gene expression data on embryonic stem cell differentiation, combined with 

a gene ontology study confirms that the proposed method is more than competitive 

with the classical method. 

In order to capture common gene regulatory patterns over a time-course, we have 

developed two dynamic clustering methods: dynamical correlation based clustering 

and gene functional trajectories clustering. The first method defines a shape similarity 

measure in terms of the concept of random curves and integrates it into a general 

agglomerative hierarchical clustering scheme and into k-means. The second method 

belongs to model-based clustering, during which several important components are 

taken into account: gene network interactions, autocorrelation effects, time-dependent 

random effects and noise. We use a genetic transcription model to deduce a family 

of functional curves which is capable of fitting many complicated gene profiles. Both 

methods are applied to a mouse ESC line during the first 24 hours of differentiation. 

The biological credibility of the results, verified by FatiGO, shows that these methods 

outperform classical approaches in accurately classifying gene profiles. 

Motivated by the problem of inferring gene regulatory networks from time-course 

gene expression data, we develop two Bayesian Adjusted Quasi-likelihood (BAQL) 

approaches to fit Generalized Linear Models (GLMs): Adjusted Quasi-Likelihood 

Function (A-BAQL) and Two-Stage Adjusted Quasi-Likelihood Function (T-BAQL). 

These methods should have application beyond the context of microarray analysis. 

Computational tests demonstrate that the presented approach is more powerful in 
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adjusting estimate bias and prediction accuracy than the classical quasi-likelihood 

method. Other numerical tests confirm that, by setting suitable bandwidth, both 

A-BAQL and T-BAQL can avoid large type II error. 

6.2 Future work 

Though the genes in the same cluster are believed to reflect related biological pro­

cesses or to be co-regulated, this may only be true in a partial range of the time 

course. For example, some genes (such as Pouf51 and Sox2) are strongly co-regulated 

only in the early period of stem cell differentiation. Therefore, rather than using 

clustering analysis over entire time course, biclustering analysis would be more de­

sirable. There are some biclustering methods that work on multivariate data sets 

[Chen Y. et al. 2000, Madeira SC. et al. 2004], but little work on time-course gene 

expression data. Further improvements in this sense could be made to both proposed 

dynamic clustering methods. 

In the adaptive SAM method, we have improved on the standard error function 

for the SAM test statistic, but there may well be even better ways of constructing 

the fudge factor, a goal for further research. Furthermore, when using the classical 

or adaptive SAM methods, we note that the final results in both cases are highly 

dependent on the initial transformation. For instance, applying these methods to 

raw data, log transformed data and square-root transformed data will generate quite 

different results, such as in the number of significant genes and the FDR. This is 

because the log or square root transformations also have shrinkage effects. How 

to combine SAM techniques with data transformation is an important direction for 

future work related to differential gene expression. 
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