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Introduction
The sequencing of the genome of several organisms combined with the development of
microarray technology has, for the first time, allowed investigators large-scale insight into the
processes that are taking place inside cells at the molecular level. This form of analysis is useful
from a bioprocess perspective at two levels. Firstly, the state of a cultured cell can be monitored
in order to determine its reaction to particular conditions under which it is placed be they
externally induced (e.g. subjected to different culture conditions) or internally induced (e.g.
genetic knockouts) (Kao, 1999). Secondly, the potential to understand organisms from a
molecular perspective and, conceivably, to engineer them at this level has raised considerable
interest (Schilling et al., 1999).

This is a review of classical hematopoietic cell culture followed by review of microarray
technology and analysis tools. It is hoped that arrays will provide a high-throughput means of
optimizing cell culture conditions for hematopoietic stem cells.
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1.

Hematopoietic Stem Cell Culture

Mammalian cells are favoured in the industrial production of several recombinant proteins due to
their ability to correctly fold and accurately glycosylate proteins. This technology is successfully
used for the industrial production of many types of proteins particularly monoclonal antibodies
(Kling, 1999). Much research in mammalian cell culture is also being done for the purpose of
expanding stem cell populations ex-vivo for therapeutic use. Hematopoietic stem cells are an
example of such a population. They are found primarily in the bone marrow of adults and have
the ability to self renew and differentiate into all the different mature blood cell types found in
physiologically normal humans. The ability to grow these cells in culture has enormous use in
gene, cellular and blood regeneration therapies (Zandstra and Nagy, 2001).

Several difficulties arise when culturing hematopoietic stem cells. Cells exhibit a complicated
dependence on cytokines for viability and to direct the fate of the cells (to self renew or
differentiate). This dependence is not fully understood and is currently a major area of research
(Audet et al., 1998). Furthermore, due to the intended use of the cells, genetic modification must
be done in such a way that the cells, upon engraftment are able to survive in vivo and do not
cause harm to the recipient.

Many different factors influence the growth of cells in culture. These include the method of
culture (e.g. batch, continuous culture, etc.), oxygen and carbon dioxide levels (Koller et al.,
1992), temperature (Reuveny et al., 1986), the amount and type of nutrients available to the cells
and even the material that the cells are grown on (LaIuppa et al., 1997). Nutrients required by
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the cell include glucose, essential amino acids, growth factors, hormones, vitamins, inorganic
salts and proteins and culture medium provides this as well as maintaining the environment
around the cell within a suitable range for growth. A medium can be classified as either complex
(supplemented with additives, the components of which are unknown) or defined (where all
components of the media are known). The use of additives, most commonly fetal bovine serum,
has been discouraged due to their variability and the possibility of contamination with BSE
(Hesse and Wagner, 2000). Serum free media, in which all components are known, has now
been developed for many different cell types and its use is encouraged in cultures with products
for therapeutic use. Serum free media can contain more than fifty different components
(Sandstrom et al., 1994).

Obtaining reliable medium represents a major operating cost of industrial production. The
concentrations of components of the media have to be balanced in such a way that they are
provided in adequate amounts for growth but without generating excess inhibitory waste. Here
classical methods of optimizing culture media will be described followed by suggestions of a
method to accelerate this process.

1.1

Classical Culture Optimization

Several methods are currently employed in the optimization of yield from culture although all
involve altering media components individually or in groups until a maximum is observed.
These methods are empirical in nature relying on the investigators previous experience to set
experimental direction. The cell is regarded as a black box and different inputs are applied until
an optimum is observed. Ideally a full factorial experiment is done in order to determine
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optimum concentrations of each of the components in the media. However, for media consisting
of n different components, 2n different experiments must be performed for a two level factorial
design making full factorial analysis impractical. Consequently other methods have been
developed which take advantage of the power of factorial design while reducing the number of
required experiments.

A first attempt at optimizing media is to alter the concentration of individual media components
and observe the effects on culture output (Kennedy and Krouse, 1999). Outputs are modeled as
linear functions of input and regression used to estimate parameters. Experimenters, using
previous experience, select a small number of components to test (Sen and Behie, 1999). The
chief criticism of this method is that it ignores interactions (both synergistic and antagonistic)
between different components and is therefore unlikely to find the global maximum in these
cultures.

A more commonly used method involves a multi-step process. This method recognizes
interactions between components by adding higher order terms to the functional modeling of
output. This method can be split up into three stages:
1. Initial screening experiments to determine influential components of media,
2. Determination of a range over which to study the components selected during screening
experiments,
3. Optimization within the determined ranges.
The first stage is similar to the alteration of single components of media except that components
are varied in groups according to a Plackett-Burmann design, reducing the number of
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experiments that need to be done. This method allows important factors in the media to be
identified for further analysis. Output is still modeled as a linear function of component
concentration. During the second stage, ranges tested for the critical components are narrowed.
This is done through a factorial design of experiments and computation of a response function
that includes a two-way interaction between components. The response function is then used to
guide further experiments until there is no further improvement in estimation of parameters. The
final stage involves the determination of a maximum using a full response surface methodology
where the response function has second order terms added. Table 1-1 shows several recent
attempts at optimizing fungal cell culture using parts of this three-step method. While the
number of experiments required is still large, it is less than that required for a full factorial
design.
Reference

Screening

Pujari and
Chandra, 2000
de O. Souza et
al., 1999
Felse and
Panda, 1999
Gawande and
Patkar, 1999

7var./8
experiments

Narrowing

4 var./8
experiments
3 var./8
experiments
5 var./32
experiments

Optimum
Search
4 var./30
experiments
2 var./10
experiments

Result
+35%

Factor 9

Table 1-1: Improvement of culture yield for fungal cultures

A major critique of the above methods is there is no way of verifying that the optimum achieved
is in fact a global maximum. A global search algorithm searches the variable space in the hopes
of identifying the global maximum (Weuster-Botz, 2000). This method, however, requires more
experiments than statistical design and does not show significantly better results, although no
direct comparison between the two methods has taken place.
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Regardless of the method used, optimization of culture media by conventional methods is labour
intensive and time consuming. Furthermore, work is done in batch mode due to the number of
experiments that are required. However once scale-up occurs and different culture methods are
used, cultures by no means remain optimized (Kennedy and Krouse, 1999). Clearly there is need
for a more high throughput method of media optimization that can be done simply and
independent of the scale of culture.

1.2

Gene expression response to nutrient limitation

The alteration of gene expression in response to nutrient limitation is a well-documented
phenomenon in unicellular organisms such as yeast and bacteria (e.g. lac and gal operons).
However the nutrient control of gene expression in multicellular organisms is often ignored
because of the predominance of neuronal and hormonal signals for this function. In cultured
mammalian cells, however, these signals lack the dynamic response that is present in vivo
leading to non-physiological responses of cultured cells. For example hybridoma cells process
more glucose than is strictly required for metabolism (Sanfeliu et al., 1997). Also, controlled
addition of glucose and glutamine can decrease the amount of metabolites formed without
significantly decreasing the specific growth rate of cells (Altamirano et al., 2000). Both findings
indicate the loss of a level of control. The question remains how important nutrient control of
gene expression is in mammalian cells. It is proposed that monitoring of gene expression with
microarrays will lead to a high throughput method of detecting limitations in culture. This
method has advantages in that specific molecular knowledge is used to improve media rather
than the empirical approach described above. Issues related to microarrays will be dealt with in
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Chapters 2 and 3 but briefly microarrays have the ability to survey gene expression of thousands
of genes at once.

It is proposed that when cultured cells undergo nutrient limitation there will be a change in the
gene expression profile of the cell. A generic response of yeast to stress has been recorded
(Gasch et al., 2000). The response is transient and independent of the type of stress experienced
by the cells. Furthermore, the magnitude of the response is proportional to the magnitude of the
stress. It is hypothesized that a similar environmental stress response will be observed in
cultured mammalian cells. While this general stress response will be useful in determining suboptimal performance in culture, unique markers indicating the type of stress that the cells are
undergoing are also sought. A survey of literature was undertaken to determine what gene
expression may be changed during commonly experienced limitations in culture. Those
considered were glucose and amino acid deprivation. When reviewing the literature, it is
important to keep in mind that microarrays are not able to detect a shift in expression of genes
whose regulation is at a level higher than the mRNA level. Messenger RNA undergoes many
points of regulation before it is translated into protein. Initially transcription factors bind to the
proximal region of the gene inducing its transcription into RNA. An example of a gene that is
regulated at this point is the LDL receptor where expression is induced by binding of a
transcription factor designated SREBP-1. This is a transcription factor from the c-myc family
(Towle, 1995). Following transcription, the RNA undergoes splicing and is exported from the
nucleus into the cytoplasm of the cell where it becomes mature mRNA. In the cytoplasm,
mRNA undergoes translation into protein. Two further points of control involve altering the
stability and hence longevity of mRNA in the cytoplasm and the rate of translation of mRNA
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into protein. The α-ketoacid dehydrogenase kinase gene is an example of a gene that is
regulated through altering the rate of translation (Doering and Danner, 2000). PEPCK is
regulated, among other things, by changing the half-life of its mRNA before translation (Gurney
et al., 1994). It is important to realize that control of the expression of an individual gene may
take place at more than one point. Microarrays will not be able to detect changes in the
expression level of a gene whose control is primarily exerted through altering the rate of
translation.

Protein corresponding to
gene
Pyruvate DH E1α
GLUT2
L pyruvate kinase
PEP carboxykinase
Acetyl CoA carboxylase
Glucose-6-phosphatase
S14
Fatty Acid synthase
Glyceraldehyde phosphate DH
Insulin-like growth factor 1
Growth Hormone Receptor

Cell Type

Low Glucose

Reference

Liver
Liver
liver, adipose
liver, kidney
liver, adipose
liver, kidney
liver, adipose
liver, adipose
liver, adipose
Liver
Liver

low
high
low
low
low
low
low
low
low
low
low

Tan et al., 1998
Pessin and Bell, 1992

Rutter et al., 2000

Brameld et al., 1999

Table 1-2: Genes regulated by glucose

A literature review revealed several genes that are controlled by nutrient levels and whose
control is not at the level of translation. Table 1-2 shows genes under the control of glucose. In
this system, it is difficult to distinguish between genes that are under the direct control of glucose
and those controlled by insulin. It appears that glucokinase is under the sole control of insulin,
and that glucose-6-phosphate is involved in the control of enzymes further downstream of this
point (Rutter et al., 2000). Glucose has also been observed to have an effect on genes in the fatty
acid synthesis pathway. Much less is known about those genes that are under the control of
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amino acids (Kilberg et al., 1994). Table 1-3 shows genes that are altered in response to amino
acid limitations. This list includes some genes that are transcription factors for a wide variety of
other genes, hence amino acid deprivation may result in a large alteration in the range of genes
expressed (Lavoinne et al., 1998).

Protein corresponding
to gene
Argininosuccinate
synthetase
PEP carboxykinase
α2 macroglobulin
gadd153
c-jun

Cell Type
Liver
Liver
Liver
epithelial
CHO

asparagines synthetase

Liver

CHOP10

HeLa
liver
Caco-2

Amino
Acid
glutamine

Low amino
acid
Low

glutamine
glutamine
glutamine
single
essential
single
essential
single
essential

high
Low
high
Low
Low
Low

Reference
Lavoinne et al.,
1998
Huang et al., 1999
Pohjanpelto and
Holtta, 1990
Barbosa-Tessmann
et al., 2000
Fafournoux et al.,
2000

Table 1-3: Genes regulated by amino acid concentration

It should be noted that most of these experiments have been done in cells which are known to be
metabolically important. Little is known about the metabolism of hematopoietic cells and some
genes may not be expressed in this system.

It is a well documented fact that the amount of mRNA coding for a particular protein seldom
corresponds to the amount of protein that results (Gygi et al., 1999). In this case, this does not
matter since the gene expression profile is simply used as an assay of limitation rather than a
prediction of translation into protein.

9

Experimental design and modelling considerations for getting good microarray data will be
considered in Chapter 2. From a biological point of view, it is critical to obtain a pure population
for microarray analysis. Due to the large number of cells that are required to perform this
analysis, many cell purification steps prior to analysis are not usually possible. However since
mRNA species are obtained from many cells at once, the homogeneity of the distribution of cells
is critical. It is for this reason that microarray analysis of tumourous tissue has been criticized
(Miyazato et al., 2001).

1.3

Metabolic Engineering

There is a need to confirm the hypothesized limitations seen in culture. Mathematical models of
the metabolic state of cells evolved primarily in the field of metabolic engineering. This subject
deals with the ‘directed improvement of product formation or cellular properties through the
modification of specific biochemical reactions or the introduction of new ones with the use of
recombinant DNA technology’ (Stephanopoulos, 1999). Models are built taking into account
important metabolic networks inside the cell and fluxes through pathways are calculated based
on measurable quantities. As a result of these models, fluxes can be redirected to maximize the
final quantity of interest by altering the culture conditions (Colon et al., 1995). In the case of
amino acid production this may mean redirecting resources away from biomass production
towards synthesis of the desired amino acid. In the case of maximal cell expansion, it may mean
directing all metabolic resources towards biomass production. Metabolic flux analysis has been
used to study the overproduction of lysine by Corynebacterium glutamicum (Vallino and
Stephanopoulos, 2000). In this work, fluxes are calculated based on knowledge of the
stoichiometric relationship between metabolic intermediates inside the cell and measurements of
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the uptake rate of nutrients and secretion rate of metabolites. The set of equations used in this
system is shown below:

xˆ (t) = (AT Ψ−1 A)−1 AT Ψ−1r (t)
where x̂ denotes a vector of unknown fluxes, A is a matrix of stoichiometric coefficients,

€
Ψ accounts for measurement
error and r is a vector of metabolite, nutrient and intermediate
concentrations. Note that the entries in r corresponding to intermediates are set to zero due to
the assumption of a pseudo steady state. Various techniques from linear algebra are then used to

€ estimate fluxes through the intermediate pathways.
solve this system of equations and

The above method has been criticized because it relies on measurements which are functions of
the growth rate and nutrient availability which vary during the course of a culture (Xie and
Wang, 1996). Xie and Wang used a slightly modified approach to modeling cell metabolism in
order to design optimal media for cells grown in fed batch mode (Xie and Wang, 1994; Xie and
Wang, 1994). They measured the composition of the biomass of the cell and mathematically
estimated the requirements of the cell and fed this to the culture. Their modeling was reasonably
successful and resulted in a doubling of cell number when compared to batch culture with a
similar run time although culture conditions were fine tuned following initial experiments.

Since the output of these types of models is fluxes through metabolic pathways, they may be
useful when identifying nutrient limitation. Estimated fluxes from current conditions in culture
can be compared to fluxes computed for metabolically optimized cells. This would provide a
way of verifying results obtained from microarrays.
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The use of stoichiometric relationships bypasses problems associated with kinetic models where
enzyme activities have to be estimated. This process is difficult and is subject to large amounts
of error and variability. Metabolic flux analysis has been shown to give good agreement to
metabolic fluxes determined through standard experimental methods (Zupke and
Stephanopoulos, 1995). Problems associated with this type of model are mainly encountered
when developing the metabolic architecture of the cell in question, although Schilling et al., 2000
have advocated the use of newly obtained genomic information to build metabolic models.

1.4

Conclusions

Clearly there is a need for a fast and accurate method of optimizing culture conditions for cells.
Microarrays, despite questionable accuracy levels, hold great promise in their ability to indicate
limitations in culture media through genetic markers. Certainly several genes are known to be
regulated by nutritional factors such as glucose and amino acids and many others may as yet not
be known due to the difficulty of obtaining such information. However these genes have been
identified in metabolically important tissues and may not be relevant in hematopoietic cells.
Metabolic flux analysis is also a useful technique to apply to this problem to confirm results
obtained through microarrays. However microarrays will probably prove to be more useful due
to the fact that metabolic flux analysis is based on models of metabolism which are not always
accurate. A combination of these techniques will hopefully yield a fast and reliable method of
optimizing hematopoietic cell cultures in the future.
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2.

Microarray Technology

DNA microarrays provide a quick and efficient means of monitoring expression levels of
thousands of genes concurrently. Microarrays with the ability to survey all genes in the genome
of an organism are routinely used for Saccharomyces cerevisiae (Alexandre et al., 2001; Gasch
et al., 2000), Escherichia coli (Oh and Liao, 2000) and the availability of one for the entire
human genome is in the developmental stages (Brown and Botstein, 1999). This technology has
been used for such varied studies as detection of the response of cells to the overexpression of
recombinant proteins (Oh and Liao, 2000) to the classification of cancerous tumours (for review
see (Pinkel, 2000)).

Microarrays consist of multiple spots on a glass surface where each spot can be uniquely
associated with an individual gene or expressed sequence tag (EST). cDNA microarrays are
spotted with strands of DNA between 400 and 1000 base pairs in length, while oligonucleotide
arrays use strands of much shorter length (up to 100 base pairs) and use multiple spots to sample
one gene. Probe preparation for both types of microarrays is similar and involves extracting
mRNA from a control and experimental population and subjecting these samples to reverse
transcription and labelling with fluorescent dyes followed by mixing of the two populations and
hybridization onto the array. The array can then be read using a scanner and the resulting images
analyzed for expression levels in the original cell populations. The resulting data from an array
is two fluorescence intensities per gene, each corresponding to a separate mRNA population. A
ratio of expression levels for each gene is obtained between the two populations used on the
array. Figure 2-1 shows a schematic diagram of the array process.
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Array Construction

Probe Preparation
control
sample

cDNA library, each
cell contains a
unique sequence

test
sample

extract total RNA
microscope
slide

....................
....................
....................
....................
....................
....................

cDNA is printed
onto a microscope
slide

expressed more in
test than control

expressed more in
control than test

reverse transcription
of mRNA and
labelling with
fluorescent dyes

mix probes

hybridisation
not expressed significantly
in either sample

Figure 2-1: A schematic representation of microarray analysis of gene expression

As with any experimental procedure, multiple statistical considerations need to be taken into
account. For example, correct selection of experimental design will increase the power of
resulting data. Due to the exploratory nature of experiments which microarrays are primarily
used for, tools used to manipulate and make sense of the data are also very important. There is a
need for an integrated approach, which takes into account the needs of downstream analyses in
the planning and execution of earlier stages. This is a review of statistical considerations that
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should be taken into account while the experiment is underway. Chapter 3 deals with tools that
have been developed to analyze the resulting data.

2.1

Set-up of microarrays pre-hybridization

The majority of published results obtained using microarrays are from single experiments. The
importance of replication in these sorts of experiments has been noted and recommendations
made for the number of replicates that need to be made in order to obtain statistically significant
data (Lee et al., 2000). Replication can exist at two different levels. It may take place within an
array where spots are repeated so that expression can be checked within an array; or it can take
place between arrays through running multiple arrays testing the same mRNA populations. The
latter level of replication is a question of experimental design and will be discussed in more
detail below. While the printing and location of spots is not under direct control of most
experimentalists, effort should be made where possible to select arrays with duplicated spots.
With an estimate of error, statistical inference can be made from results obtained.

2.2

Experimental Design

The sources of error of microarray experiments are still not fully understood. Several sources
have been identified to date but experimental designs which are able to separate important
changes in gene expression from sources of error are not in common use (Kerr and Churchill,
2000).

Several factors are important to consider when analyzing sources of error in microarrays. When
3 or more samples are compared, multiple arrays must be used. Due to the inconsistency within
spots introduced in the printing process, some means of controlling between arrays are required.
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Conventional microarray experimental design (here referred to as reference design) uses a
reference sample that is labelled distinctly from the experimental samples and then co-hybridized
with each sample onto an array. In this way, the experimental sample is compared to a common
signal. A reference sample has two desirable properties: a wide variety of mRNA so that many
spots will register a reference signal; and detectable levels of these signal. Early studies used a
separate mRNA population to generate the reference sample (DeRisi et al., 1997) but more
recently it is manufactured using equal parts of all of the experimental mRNA mixed together
(Gasch et al., 2000). The latter method guarantees that all genes of experimental interest will be
expressed in the reference sample ensuring that there will be no genes where the ratio obtained is
infinite. Figure 2-2 (a) shows a representation of a reference experimental design.

a)

1

b)

2
R

1
n

2

3
…

3

n
Figure 2-2: Representations of experimental designs for microarrays. (a) Commonly used
reference design; (b) (Kerr and Churchill, 2000) loop design. Lines connecting samples are
directional with opposite ends denoting different fluorescent dyes

Kerr and Churchill, 2000 suggest a simple ANOVA model to describe intensity of gene (G) g
from sample (V) k labelled with dye (D) j on array (A) i:
log( x ijkg ) = µ + Ai + D j + V k + G g + (VG )kg + ( AG ) ig + ( DG ) jg + ε ijkg
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where µ is an average overall signal and ε is an error term which is assumed to have mean 0
and variance σ2. A least squares fit is used to obtain model parameters. If, in addition, genes are
replicated on arrays a spot term can also be added into the model. Each term can be given a
physical interpretation and it can be seen that VG represents differential expression of a
particular gene between samples. Using this model, the authors analysed the reference
experimental design. They note that effects due to the sample used are completely confounded
with dye effects and as a consequence sample-gene interactions (VG) are completely confounded
with dye-gene interactions (DG) thus forcing the DG term to be dropped. They also note that no
degrees of freedom remain after parameter estimation making error estimation impossible.
Furthermore in this experimental design, most information is collected about the reference
sample, which is not the sample of interest. Using this linear model, they propose a novel design
based on the classic incomplete block design and show that this is statistically more efficient
than the conventional design while using the same number of arrays. Figure 2-2 (b) shows a
representation of this design. Briefly each experimental sample is labelled once with cy3 and
once with cy5 fluorescent dye. Cy3 from sample 1 is hybridized with cy5 from sample 2, cy3
from sample 2 is hybridized with cy5 from sample 3 and so on until, with n samples, cy3 from
sample n is hybridized with cy5 from sample 1. This eliminates the need for a reference sample
and collects equal amounts of information about each sample. There is no longer any
confounding between dye and sample and thus sample-gene interactions can be separated from
dye-gene interactions. Furthermore there is one degree of freedom remaining after parameter
estimation to estimate error. This method requires more mRNA from each sample so may not be
feasible when analyzing a rare cell population, however generally this is not the case.
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It should be noted that the type of experimental design used here is very dependent on the form
of down stream processing of data that the experimentalist uses. For example if a Bayesian
model of gene expression is used to identify differential expression (Long et al., 2001), it appears
that the model works better with a reference experimental design.

2.3

Obtaining Data from microarrays

Following hybridization of the samples, the arrays are washed and images obtained using a
scanner. The scanner consists of two lasers with specific wavelengths relevant to the fluorescent
dyes used to label samples. Output is two image files per array used, one for the cy3 labelled
sample and one for the cy5 labelled sample. The image is now analyzed to obtain data used for
further analysis. Software with sophisticated algorithms for spot finding can be used to automate
this process as much as possible. Finding spots accurately is very important, since fluorescence
levels are commonly taken as the mean intensity across the entire spot. If background levels are
accidentally included in the spot, this will affect the mean intensity value. Furthermore if the
background levels are taken from a fixed area around each spot, inclusion of strong intensity
pixels due to a misplaced spot will have a drastic effect on the data obtained. Sophisticated
techniques for normalization between the two different dyes can then be used to correct for
different overall intensities (Dudoit et al., 2000).
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3.

Microarray Data Analysis

Array data can be analyzed at three different levels (Baldi and Long, 2001). First, analysis can
take place at the level of a single gene, ie. has a single gene been up regulated or down regulated
following a particular treatment. Second, genes can be grouped together based on similar
expression. At the highest level, gene expression data can be used to try to uncover genetic
networks. This section will deal primarily with the techniques used in the second level of
analysis with brief reviews of the first area.

3.1

Single Gene Analysis

Data at the level of a single gene is given in the form of a ratio between the control and test
samples. Commonly, genes are said to be differentially expressed if their average expression
levels differ by more than a factor of two. This is an arbitrary level that is used to reduce the size
of the data set. As has been noted however differential expression of a factor of 2 can have very
different meaning depending on the magnitude of gene expression (Baldi and Long, 2001).

A t-test can be used to obtain a more statistically correct of the estimates of levels of differential
expression. Here the test statistic would be

t=

(mc − mt )
sc2 st2
+
nc nt

where m represents the mean, s 2 the variance and n the sample size of the control (subscript c)

€
and test (subscript t) populations. Due to the low number of replicates that are often made on
experiments of this type, estimating population variance from the data is often inaccurate.

19

Bayesian estimation techniques increase the accuracy with which this parameter can be
estimated. Using Bayes’ theorem it is possible to assess a particular model (M) given the data
(D):
P(M D )=

P(D M )P(M )
P(D )

where P(D M ) is the data likelihood and P(M ) is a prior probability that must be estimated. A
draw back of this model is its reliance on the estimation of data and prior distributions. If both
data and prior distributions are assumed to be normal then, it can be shown that the population
variance ( σ 2 ) is given by

νσ 02 + (n − 1)s 2
σ =
ν +n−2
2

where σ 02 is a more global estimate of sample variance and ν is a tuning parameter. Various
choices exist for estimating these two parameters. σ 02 can be estimated from genes with similar
levels of expression to the gene in question. It has been shown that the choice of ν has little
effect on the conclusions that follow from this analysis.

A comparison between different techniques revealed that performing a t-test with Bayesian
estimation of standard deviation was the best method for detecting differential expression when
compared to t-test with simple estimation of standard deviation and classic ratio tests (Long et
al., 2001). The t-test with simple estimation appears to work sufficiently well when the number
of replicates is greater than 5 (Baldi and Long, 2001).
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ANOVA methods as described in section 2.2 can also be used to establish differential
expression. As noted previously in the ANOVA model it is the VG term that describes
differential expression between the control and test samples.

Kerr et al., 2000 used a

bootstrapping technique to estimate critical levels of differential expression. Their techniques
are much less conservative than the Bayesian approach described above which is consistent with
the fact that they use a far more extensive model to describe the data. However as they note,
careful selection of model is critical for this method to work. This method uses all the data to
find a single significant value above which gene expression is shifted. This may not be realistic
due to the heteroscedacity of microarray data (Baldi and Long, 2001)

3.2

Grouping Genes

A variety of methods have been developed to deal with large, multivariate data sets. Two
methods that are commonly used in microarray analysis are clustering and principle component
analysis. Clustering aims to group genes with similar expression across each data set together.
Principle component analysis aims to extract common modes from the data.

3.2.1 Cluster Analysis
The aim of cluster analysis is to partition a given set of data or objects into distinct subsets. Each
subset should have the following properties:
•

Homogeneity within clusters – objects within the same cluster should be as similar as
possible

•

Heterogeneity between clusters – objects in different clusters should be as different
as possible
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3.2.1.1 Model based methods
Figure 3-1 shows a data set with two obvious groups of data. The methods described below
should be able to recognize these two groups of data.

0.5

y

1.0

1.5

2.0

2.5

Sample Data

0.0

Figure 3-1: Data that can be classified into two different groups
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To state the problem more formally:
-1.0

Let x 1… xn be measurements of p variables on each of n subjects which are believed to be
heterogeneous. The aim of clustering is to group these objects in g homogeneous classes where
g is much smaller than n.

-1.0

-0.5

0.0

0.5

1.0

1.5

x

Clustering is the most commonly used technique to organize gene expression data. For a review
of the different methods used see (Sherlock, 2000). Here I will discuss in depth two main
methods of performing cluster analysis: model based and hierarchical clustering. K-means will
also be introduced.
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We assume x1… xn are independent. Each comes from one of g sub-populations each with pdf
f(xi;θk), k= 1…g, and θ is the vector of parameters associated with f. Let γ=(γ1… γn)’ be
identifying labels so that γi = k implies xi comes from the kth subpopulation, i=1,..n; k=1,..,g.
Allocation to subpopulations can be done using maximum likelihood. In the case when f(x; γk) is
Np(µk, Σ k), it can be shown that the maximum likelihood estimate of γk is the grouping that
minimizes
g

∏S

nk
k

k=1

where S k is the covariance matrix of the n k observations is the kth subpopulation. For a more

€
thorough description of this see Mardia et al., 1979, chapter 13.

If we assume that Σ1 = …= Σg = Σ (unknown) then we must minimize
W

where
g
′
W = ∑ ∑ (X i − X )(X i − X )
k =1 C k

is the pooled within groups sums of squares and differences.

A few comments about this method. First, the number of clusters needs to be specified before
the analysis can take place. Apart from the subjectivity introduced, the process may be
impossible if the data cannot be easily visualized, as is the case with most multidimensional data.
Second, the number of members in each group must be chosen before hand. If this is allowed to
vary, it can be shown that the optimum partition is always that which assigns each object to its
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own cluster. Again picking the number of objects per cluster introduces a degree of subjectivity.
Third, the method is very computationally intensive, in that given g subpopulations, one needs to
compute S or W gn-1 times. Thus the method is only practical for small data sets. One advantage
however is that the method is independent of scaling, something which is not the case for many
multivariate techniques.

Example
Gill et al., 2001 describe an experiment where the expression of 6 genes are studied following
induction of recombinant protein overexpression in E. coli at high cell density. Table 1 shows
the standardized expression levels for the six different genes at 6 different time points. Modelbased clustering techniques are used to group together genes with similar responses to external
conditions in the hopes of uncovering common regulatory pathways between genes.

Genes are labelled 1 through 6 according to the order shown in Table 3-1. The data is assumed
to be normally distributed and criteria assuming both equal and unequal variances are computed.
The results are shown in Table 3-2.
Gene

0 min

5 min

degP

-1.25

1.1

ftsH

-1.75

mltB

10 min

15 min

40 min

90 min

-0.4

0.1

-0.7

1.25

0.4

0.3

0.2

-0.4

1.25

-1.5

0.5

-0.7

1.2

-0.1

0.6

recA

0.4

-0.6

-0.1

-1.2

-0.1

1.6

uvrB

0.1

0.1

0.5

0.4

-1.7

0.6

groEL

0.7

-1

-0.2

0.2

-1.1

1.3
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Table 3-1: Standardized gene expression levels for 6 genes following induction of protein
overexpression at time 0. Units of time are minutes. Data taken from Gill et al., 2001

Cluster 1 Cluster 2 10131S1S2 1032 (S1+S2)
123

456

0.0155

0.0341

124

356

0.0234

0.5704

125

346

0.0071

0.4727

126

345

0.0001

0.5799

134

256

0.0067

3.7617

135

246

0.0137

0.302

136

245

3.1572

0.1164

145

236

0.042

1.5789

146

235

0.0029

0.5925

156

234

0.0007

0.4499

Table 3-2: Calculated criteria for assigning 6 genes to two equally sized partitions assuming
unequal variance (3rd column) and equal variance (4th column)

Assuming equal and unequal population variance leads to different cluster designations, although
it can be seen that genes 1 and 2 (degP and ftsH) and 4 and 5 (recA and uvrB) are always
grouped together.

Figure 3-2 and 3-3 show the time series data for the two different clustering

Unequal Variance Cluster 1 - genes 1, 2 and 3

Unequal Variance Cluster 2 - genes 4, 5 and 6
2

1
0.5
0

-0.5 0

20

40

60

-1

100

degP

-1.5
-2

80

ftsH
Time (mins)

mltB

Standardized
Expression Level

Standardized
Expression Level

1.5

1
0

-1

0

20

40

60

-2
-3

80

100
recA
uvrB

Time (mins)

Figure 3-2: Model-based clustering assuming unequal variance

groEL
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designations. Genes in cluster 1 have similar profiles while genes in cluster 2 seem to be slightly
less uniform. This is a result of specifying the number of clusters that the data must be put into.

Equal Variance Cluster 2 - genes 3, 4 and 5

Equal Variance Cluster 1 - genes 1, 2 and 6
2

20

40

60

80

100

degP
ftsH
Time (mins)

groEL

Standardized
Expression Level

Standardized
Expression Level

1.5
1
0.5
0
-0.5 0
-1
-1.5
-2

1
0

-1 0

20

40

60

80

-2

100
mltB
recA

-3
Time(secs)

uvrB

Figure 3-3: Model based clustering assuming equal variance

Various hypothesis tests can be developed to test whether there is in fact more than one cluster in
the data. More details are given in (Mardia et al., 1979).
These methods are largely descriptive algorithms and little statistical work has been done in this

3.2.1.2 Hierarchical Clustering
area. The methods are based on grouping together objects that are most similar according some
defined distance measure. The methods can be either divisive in that all objects start off in the
same cluster and the most distant objects are removed. In contrast agglomerative techniques
begin with each object in its own cluster and then group most similar objects together until all
objects are in one cluster. This section will focus on agglomerative clustering techniques.

This method of clustering has several advantages over model-based clustering methods. First,
the computation time required is greatly reduced. Thus much larger data sets can be handled.
Second, the algorithm used does not rely on any assumption of distribution in the data. Thus
poor fitting of the data to a distribution is not a problem. Third, there is no need to specify the
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number of clusters that the objects must be placed in, decreasing the reliance on the subjectivity
of the analyzer. Several disadvantages also exist. The methods are not scale invariant. This
scale invariance is connected to the choice of distance measure that is used in the process (more
later). The method by which the distance between objects and already formed clusters also adds
to the variability of the algorithm depending of the choices made. Another problem involves the
non-reversibility of the technique. Once objects are linked together in clusters they cannot be
unlinked. Thus a poor linkage early on in the algorithm will never be corrected.

A Basic Algorithm
Figure 3-4 shows a flow diagram describing the basic algorithm used in agglomerative
hierarchical clustering. Asterisks denote places where options exist when using the algorithm.

Compute distance matrix between points*

Place points that are nearest together in a cluster

Compute new distance matrix between all
points and newly formed cluster**
Figure 3-4: A basic algorithm for agglomerative hierarchical clustering. * - options for
computing distance matrix. ** - options for calculating distance between points and clusters

Distance between clusters and points
Several different possibilities exist to compute this distance. Two of the options, complete and
single linkage, are shown in Figure 3-5. In single linkage, the distance between the point and the
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cluster is taken as the minimum of all the distances computed between the outside point and each
point in the cluster. In complete linkage, the exact opposite is true: the distance is taken as the
maximum distance between the two. We will see that each method finds different shaped
clusters within the data. The distance computed can also use the average of all the distances as
well as operating on the variance when adding each point to a cluster.

(a)

(b)

Figure 3-5: Distance between clusters and points. (a) Single linkage; (b) Complete linkage
Comparison between single and complete linkage
In order to compare the different types of clusters found between single and complete linkage
analysis, fake data sets were generated in R as suggested by Everitt, 1974.

R was used to generate 2

dimensional normal data according to the

following distributions:

z1 ~ N 2 (O, I )
z2 ~N 2 ( µ, I )
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-0.5
-1.0
2.5
2.0
1.5
1.0
0.5
0.0
y

where µ=(0.75, 0.75).
Sample
-0.5
-1.0
2.5
2.0
1.5
1.0
0.5
0.0
x Data

Figure 3-6: Raw data generated from R - spherical clusters

The data is shown in Figure 3-6. Single and complete linkage clustering were applied to this

ering - Single Linkage, 9-1.0
-0.5
2.0
1.5
1.0
0.5
0.0
x1different clusters - Still going!

-1.0
-0.5
2.0
1.5
1.0
0.5
0.0
y1

-0.5
-1.0
0.0
2.0
1.5
1.0
0.5
y1

data set in an effort to correctly partition the data. The results are shown in Figure 3-7.

Clustering - Complete
-0.5
-1.0
2.0
1.5
1.0
0.5
0.0
x1 Linkage, 2 clusters

Figure 3-7: Comparison of single and complete linkage methods for detecting spherical
clusters. Complete linkage immediately elucidates correct clusters while single linkage makes
early errors
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As can be seen single linkage cannot pick out spherical clusters correctly even after the
algorithm has computed at least nine different clusters. In contrast, complete linkage is able to
immediately recognize the existence of two distinct clusters of roughly the correct shape.

To show the advantage of single linkage, a different data set was used. Again two normal data
sets were generated but this time the distributions were as follows

z1 ~ N 2 ( O ,Σ )
z 2 ~ N 2( µ ,Σ )
where

µ = (4,4)
 16 1.5 
Σ=

1.5 0.25

€

2

y

4

6

Sample Data

0

Figure 3-8: Linear clusters generated in R

-2

The data generated is shown in Figure 3-8. This data was subjected to both single and complete
linkage clustering (Figure 3-9). As can be seen, single linkage, despite separating the most
-10

-5

0

5

10

x
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distant points, immediately finds the two groups of data. Complete linkage on the other hand
makes an error in clustering early on and fails to find the two clusters.

Clustering - Complete Linkage

2

2

3

3

4

4

5

5

Clustering - Single Linkage

1

1

Figure 3-9: Single and complete linkage hierarchical clustering performed on linear clusters.
0

0

Single linkage is immediately able to detect linear clusters while complete linkage makes early
-1

-1

errors
-10

-5

0

5

-10

10

-5

15

0

5

These two methods detect different shaped clusters. It is recommended that several different
methods be used when analyzing data that is not easily visualized.

Distance Measures
Due to the lack of scale invariance in hierarchical clustering techniques mentioned earlier, the
choice of distance measure used is very important. A commonly used distance measure is the
standard Euclidean distance as shown below:
p

d ij2 = ∑ (x ik − x jk )

2

k =1

This is used when the absolute value of the objects being compared is important. For example if
one is comparing the physiological state of patients who have succumbed to heart attack, one is
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usually interested in absolute changes in factors such as heart rate and blood pressure rather that
simple trends.

When one is interested in trends in the data, it is more useful to use scaled distance measures:
2
ij

p

d =∑
k =1

(x

− x jk )

2

ik

s k2

This measure groups objects that are most closely correlated. Many other distance measures are
also useable. See Mardia et al., 1979.

K means clustering is another algorithm that is commonly used to cluster data. Figure 3-10
shows a schematic representation of this algorithm. This algorithm requires that the number of
clusters be specified before the grouping takes place however it has advantages over the model-

3.2.1.3 K-means Clustering
based clustering in that the computation time is greatly reduced. A derivative of K-means
clustering called self-organizing maps have been used previously to cluster microarray data
(Tamayo et al., 1999).
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Place points in k-clusters (at least one point in each
cluster)

Compute the centre of each
cluster

Compute the distance between each point and the centre of
each cluster

Move each point to the cluster that it is closest to

Figure 3-10: An algorithm for k-means clustering

3.2.1.4 Example – Gene Expression Data

Data was taken from Ferea et al., 1999. In this experiment, yeast were grown on glucose limited
culture and the long term (250-500 generations) changes in gene expression were monitored
using microarrays (evolved strains) relative to yeast grown on standard media (parent strain).
There are four columns of data representing 1) a control experiment of evolved strain 1 vs.
evolved strain 1 2) evolved strain 1 vs. parent strain, 3) evolved strain 2 vs. parent strain, 4)
evolved strain 4 vs. parent strain. For exact conditions under which each strain was grown see
the original paper.

Raw data was downloaded from the Stanford Microarray Database (http://genomewww.stanford.edu/evolution/). All genes with a differential expression of less than 2.1 following
log transformation were removed from further analysis. This resulted in a data set of 19 genes.
The function of all the genes considered is not known. A goal of this study was to group genes
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of similar expression profiles together with the goal of finding common regulatory networks and

YPR020W
YER150W
YOR383C
YGR065C
YPL093W
YDR384C
YHL040C
YLR053C
PHO84
DAL80
ENO1
CYC1
GAP1
YHB1
HXT2
FET3
BIO3
BIO5
ICL1
Height
2.0
1.5
1.0
0.5
0.0

genome with no known function).

Dendrodgram - Single
hclust
dist(genestand)
Linkage,
(*, "single")Standardized data

YPR020W
YER150W
YGR065C
YOR383C
YDR384C
YPL093W
YHL040C
YLR053C
PHO84
DAL80
ENO1
CYC1
GAP1
YHB1
HXT2
FET3
BIO3
BIO5
ICL1
Height
3.0
2.0
1.0
0.0

hypothesizing function for expressed sequence tags or ESTs (those parts of the expressed

Dendrodgram - Complete
hclust
dist(genestand)
(*, "complete")
Linkage, Standardized data

Figure 3-11: Single and complete linkage of standardized data from Ferea et al, 1999.

Figure 3-11 shows dendrograms resulting from hierarchical clustering by single and complete
linkage methods. Table 3-3 shows how single, complete and K-means clustering compare.
Eight basic clusters are uncovered using this method. Not all of them are useful though because
of the different allocations of genes to clusters by different methods. However three basic
NAME
Complete Single
YHL040C
1
FET3
1
YOR383C
1
ICL1
2
YHB1
2
ENO1
3
YDR384C
4
YLR053C
4
HXT2
4
YER150W
5
YPL093W
7
PHO84
6
GAP1
3
DAL80
4
YGR065C
8
CYC1
8
BIO5
8
BIO3
8
YPR020W
8

1
1
1
2
2
3
4
4
4
5
7
6
4
4
8
8
8
8
8

K-means
1
1
1
2
2
3
4
4
4
5
5
6
7
7
8
8
8
8
8

Table 3-3: Clusters uncovered
by three different methods of
clustering
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clusters are uncovered by both methods and these may be useful for our purposes.

FET3, YHL040C, YOR383C
FET3 is known to code for a high affinity iron transporter. YHL040C and YOR383C at the time
of publication of the paper were ORFs of no known function. Since then YHL040C has been
established as a gene coding for a protein involved in iron-siderophore transport and designated
ARN1 (Heymann et al., 2000). The biological function of YOR383C is still unknown.

CYC1, YGR065C, BIO3, BIO5, YPR020W
CYC1 has known function in oxidative phosphorylation.

BIO3 codes for the protein

adenosylmethionine-8-amino-7-oxononanoate aminotransferase which catalyzes a step in the
biotin metabolism pathway. BIO5 is also involved in biotin biosynthesis. The involvement of
biotin in oxidative phosphorylation is a well documented phenomena and one would hypothesize
that the two ORFs that are closely clustered to these three are also involved in oxidative
phosphorylation in some way. YGR065C has been designated VHT1 and is attributed the
general function of transport while YPR020W was designated ATP20 in 1999 and found to also
be involved in oxidative phosphorylation.

ICL1, YHB1
ICL1 and YHB1 are both genes of known function however there coregulation is not something
that would be expected if inference from function alone were used. ICL1 codes for isocitrate
lyase, an enzyme catalyzing a reaction in the TCA cycle while YHB1 is involved in the stress
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response. From these results, it may be possible, upon further investigation to determine
common regulation of these two genes through certain transcription factors.

The other clusters proposed in this analysis are not robust between algorithms used (see Table 33) and indeed none of the other ORFs have been attributed function at this time.

As can be seen when different algorithms are used to cluster data, very different results can be
obtained. There is a need to compare different clusters generated through these difference
algorithms in order to assess consistency of connected genes.

The Rand measure provides an objective means of assessing the similarity of two algorithms
(Rand, 1971). It is based on calculating the number of similar arrangements of genes between
algorithms divided by the total number of possible arrangements. Consider the following
example where objects a,b,c,d,e and f are clustered in two different ways:

3.2.1.5 The Rand Index
Cluster 1: {(a,b,c), (d,e,f)}
Cluster 2: {(a,b), (c,d,e), (f)}
The following table illustrates the calculation required:
Point-pair

Ab ac

Together in
both
Separate in
both
Mixed

*

ad ae

af

bc

bd Be bf

cd

ce

cf

de

df

ef

*
*
*

*

*

*
*

*

*

2

*
*

*

Total

7
*

*

6
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Table 3-4: Rand index comparing clusters {(a, b, c), (d, e, f)} and {(a, b), (c, d, e), (f)}
The Rand measure, R = 9/15 =0.6. It can be seen that 0 ≤ R ≤ 1 where R = 0 denotes completely
different clustering and 1 represents total correspondence. In this way it is possible to decide
which different methods give similar results €
and thus may represent a more natural clustering of
the data.

The results of applying this method to the cluster produced by three different algorithms shown
in Table 3-3, are shown in Table 3-5.

Comparison

R

complete linkage – single linkage

0.9708

complete linkage – k-means

0.9591

single linkage – k-means

0.9591

Table 3-5: Rand index comparing complete and single linkage and K-means clustering shown in
Table 3-3
From these results it appears that K-means gives a slightly different cluster structure compared to
the other two methods, although the difference is not large. If several methods are compared in
this way, then it might be possible to eliminate the results of those algorithms that are very
different. From these results it would be possible to assess the validity of the clusters obtained.
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3.2.2 Principle Component Analysis
A statistical method with relevance in analyzing microarray data is principle component analysis
(PCA). PCA is concerned with explaining the variance-covariance structure of a set of data
through a few linear combinations of the concerned variables. These linear combinations can
then be used either for the purpose of data reduction or for interpretation.

A p-variate data set will generate p principle components. However k (<p) principle components
may contain almost as much information as all p. In this case k principle components can
replace the full data set, reducing dimensionality while retaining as much information as
possible. Principle components may also reveal relationships between variables that may not be
obvious from the raw data.

PCA is also referred to as singular value decomposition in matrix algebra (Golub and Van Loan,
1996) and as the Karhunen-Loève expansion in pattern reduction (Mallat, 1999). PCA, when
used for the purposes of dimension reduction, is usually an intermediate step before further
analysis. For example the output of PCA may be used in linear regression or cluster analysis
(Johnson and Wichern, 1998).

If

is a p dimensional random vector with mean µ and covariance matrix Σ then the principle

component transformation is

x → y = Γ ′(x − µ )
where Γ is orthogonal, Γ ′ΣΓ = Λ is diagonal and λ1 ≥ λ 2 ≥ K ≥ λ p ≥ 0 . The ith principle
component of x , y i , may be defined as the ith element of the vector y . More specifically
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y i = γ (i ) (x − µ )

Here γ (i ) is the ith column of Γ , and may be called the ith vector of principle component
loadings.

When using this technique some things should be noted. It is possible to perform PCA on both
correlation and covariance matrices. Generally it is recommended that the correlation matrix be
used so that effects due to scale are eliminated. Secondly when using this technique for
dimension reduction, there is no statistical method of choosing how many principle components
to use. Some authors recommend including as many components as accounts for more than 90%
of the variance (Mardia et al., 1979). Others suggest drawing a bar chart or scree plot of the
principle components and choosing the number of principle components before a sharp drop is
seen (Cattell, 1966). Judgement on this should be done on a case-by-case basis.

Raychaudhuri et al., 2000 was the first report of the application of PCA to gene expression data.
They used data from yeast undergoing sporulation (Chu et al., 1998) and found that the first two
principle components accounted for more than 90% of the variance in the original data. They
note that previously uncovered clusters tend to group together when the data is plotted in a plain
whose axes are the first two principle components.

Spellman et al., 1998 classified genes into five difference categories according to when they
were expressed during the cell cycle.

Alter et al., 2000 computed the principle components of

this data and interpreted the first principle component as being a constant mode of gene
expression upon which the shifts due to cycling were superimposed. Following normalization by
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subtracting out the first principle component, they showed that the first two principle
components of the normalized data set could be fitted with sinusoidal curves and that when the
correlation levels of the genes were plotted in the space generated by these two components, the
previous classifications grouped together in this plot. Holter et al., 2000 repeated this analysis on
a small subset of this data and found a similar pattern. They also used other data sets and
performed similar analysis. Attempts to reproduce these analyses have not been successful.

Yeung and Ruzzo, 2000 used PCA as a sorting step before applying cluster analysis. They note
that the clustering step can be greatly changed depending on which principle components are
used as the input into the process and used several data sets to search for an optimal set of
principle components. The clustering algorithm was judged on the basis of the adjusted Rand
index (Milligan and Cooper, 1986). No clear patterns emerged as to which was the best set of
principle components to use, however in all cases, it was clear that using classical criteria for
selecting these were not satisfactory.

3.3

Elucidation of genetic networks

A third level that array data may be used is uncovering genetic networks that exist within the
cell. This area is currently an area of much research and several conceptual frameworks have
been laid down as to how to extract network information from array data (for a review of
continuous models see (Wessels et al., 2001)). All models require a time course of data in order
to extract functional relations between genes. Array data combined with other biological
knowledge may then prove a powerful tool for the elucidation of cellular processes at the
molecular level (Hasty et al., 2001).
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