
Classification and Computational

Methods in Gene Expression Data

Analysis

Cecilia Ritz

Department of Theoretical Physics
Lund University, Sweden

Thesis for the degree of Doctor of Philosophy

Advisor: Patrik Edén

Faculty Opponent: Carlos Caldas
Cambridge University, UK

To be presented, with the permission of the Faculty of Natural Sciences of
Lund University, for public criticism in Lecture Hall F of the Department of
Physics on Friday, the 11th of May 2007, at 10.15 a.m.

socjal
Avståndsmått
Avstånd:
54,68 mm





iii

Summary in Swedish

Microarray-tekniken som har utvecklats under cirka ett decennium, har gett
oss nya möjligheter att studera aktiviteten av tusentals gener samtidigt. Det
är aktiviteten hos generna, eller uttrycket av generna, som karakteriserar en
cell. Celler som tillhör olika organ, eller som befinner sig i olika omgivningar
har karakteristiska genuttrycksmönster. Det som gör microarray-tekniken s̊a
användbar i cancer-forskning är att cancer-celler uppvisar ett karakteristiskt
genuttryck beroende p̊a vilken typ av cancer det är, hur aggressiv tumören är,
eller vilken typ av behandling som kan vara till nytta. Detta kan hjälpa oss
att först̊a de biologiska mekanismerna bakom cancern. Den stora mängden
av data ger ocks̊a möjlighet att bygga datamodeller för kliniskt relevanta
fr̊ageställningar s̊asom prognos och diagnos.

Ett viktigt syfte med denna avhandling, förutom att bidra till utvecklingen
av metoder för analys av microarray-data, var att bygga datamodeller för
att förutsäga prognos eller diagnos av cancer. Tv̊a av artiklarna handlar om
bröstcancer och en om leukemi.

Bröstcancer är den vanligaste formen av cancer hos kvinnor i västvärlden.
Ungefär en av tio kommer att insjukna under sin livstid. Efter att den primära
tumören är bortopererad är det viktigt att kunna uppskatta risken för att
tumörceller kan ha spridit sig till närliggande omr̊aden eller andra delar av
kroppen. För att förhindra uppkomsten av nya tumörer, s̊a kallade metas-
taser, sätts olika former av behandlingar in. Idag sker en överbehandling av
patienter beroende p̊a att de prognostiska metoderna inte är tillräckligt säkra.
Ibland händer ocks̊a att tumörer utvecklar resistens mot en behandling. Det
skulle därför ocks̊a vara av värde om man kunde förutsäga vilka tumörer som
svarar p̊a behandlingen (prediktion), och vilka som skulle behöva en annan
behandling.

För att bygga modellerna för prognos eller prediktion har vi använt en metod
som bygger p̊a maskin-inlärning, s̊a kallade artificiella neurala nätverk (ANN).
V̊ara resultat visar att de konventionella kliniska variablerna ger lika bra eller
bättre resultat jämfört med en genuttrycks-profil. Flera efterföljande studier
visar liknande resultat. För att kunna visa att de genprofiler vi undersökte
skulle kunna förbättra prognos eller prediktion s̊a måste man allts̊a göra fler
studier som inkluderar ett större antal patienter. För att motivera en dyr
kliniska prövning måste man ha ett större förtroende för att den nya metoden
man vill testa faktiskt kommer ge en förbättring utöver redan existerande
metoder.
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I leukemi-studien fokuserar vi bland annat p̊a genetiska subtyper av leukemi
och svar p̊a behandling. Många olika typer av leukemi karakteriseras av speci-
fika fusions-gener. Det är gener fr̊an olika kromosomer som har slagits sam-
man till en s̊a kallad fusions-gen. Idag kan man detektera fusions-gener vid
diagnos och tillsammans med andra kliniska metoder ställs en prognos. Vi
har sett att man även med hjälp av genuttryck kan klassificera leukemier med
olika fusions-gener. Utöver detta har vi lyckats identifiera en genprofil för
svar p̊a behandling i en subgrupp av patienterna. För att göra dessa klassifi-
ceringar tar vi hjälp av en metod som fungerar bra när man ska dela in prov
i fler än tv̊a kategorier.

Utmaningen när man bygger klassificerare med hjälp av microarray-data är
att det finns s̊a många gener att välja p̊a. Oftast är den stora majoriteten
av gener inte relevanta för det man vill studera. P̊a en microarray finns tio-
tusentals gener representerade. Utifr̊an dessa ska man allts̊a hitta de relevanta
generna för att kalibrera sin modell.

I den sista artikeln beskriver vi en metod för att förbättra uppskattningen
av saknade värden som oundvikligen uppst̊ar i microarray-data. Vi delar in
saknade värden i olika kategorier och visar att de saknade värderna i vissa
kategorier är över- eller underskattade om man jämför med duplikaten av
mätningarna. Därför utvecklar vi en modell som kan förbättra redan exis-
terande metoder för att kompensera för detta.
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Gene expression profilers and conventional clinical markers

to predict distant recurrences for premenopausal breast

cancer patients after adjuvant chemotherapy (CMF)

European Journal of Cancer 42, 2729-2737 (2006)

iii A. Andersson, C. Ritz, D. Lindgren, P. Edén, C. Lassen, J. Heldrup,

T. Olofsson, Johan R̊ade, M. Fontes, A. Porwit-McDonald,
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Introduction

Breast cancer is the most common form of cancer among women. Approxi-
mately 10% of all women in the Western world will develop this type of cancer
in their lifetime. An important task of cancer management today is to ac-
curately diagnose the risk of recurrence (metastasis) after surgery, in order
to optimize the treatment. Today many patients are overtreated because of
the uncertainty in the prognosis. Another problem is that some tumour cells
develop resistance against drugs. It would therefore be valuable to be able to
predict the response to a certain type of drug. If the tumour cells can cor-
rectly be predicted to be resistant, another therapy can be chosen that better
would benefit the patient. Currently these treatment decisions are based on
clinical observables (markers) such as tumour size and age of the patient.

The technology of cDNA microarrays has made it possible to monitor the state
of cells by measuring the activity of thousands of genes simultaneously. This
high-throughput technique has come to be extensively used in a wide area
of biological research. In cancer research it has given a unique possibility to
study the molecular mechanisms of metastasis, or response to clinical therapy.
Hopefully this increased knowledge can result in improved prognostic tools
and new therapies.

The question at the heart of this thesis is: is it possible to construct a ’molec-
ular fingerprint’ of prognostic and diagnostic categories of cancer, with im-
provement over conventional methods? One molecular approach utilizes gene
expression data obtained using the experimental technique of microarrays.
The work in this thesis concentrates on the computational methods for anal-
ysis and classification using gene expression data.

In paper I and II we evaluate the prognostic and predictive value of gene
expression data and compare with that of clinical markers for breast cancer
prognosis.
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New prognostic tools have to be properly validated before used in the clinic.
It is expensive to invest in a large-scale clinical trial so the confidence in the
proposed trial must be high to justify the investment. A new test is only
justified if it improves the accuracy of prognosis over conventional clinical
markers. Our results show that clinical markers are as good as gene expression
profilers in breast cancer prognosis.

A second objective was to classify leukemias into clinically relevant subgroups.
(Paper III.) We have built a model for classification (classifier) based on gene
expression data that is able to distinguish between leukemic lineages, genetic
subtypes and response to therapy in a subgroup of samples.

Another important objective was to develop new methods for gene expression
analysis and classification. We have continously applied and evaluated differ-
ent computational methods in the data analysis. In the last paper (paper IV)
we propose a method for improvement of missing value imputation. Microar-
ray data inevitably contains missing values and many analysis tools require
complete data. Therefore methods to estimate missing values are needed.
These missing values sometimes come from the inability of the microarray
technique to detect very weak signals. We identify these missing values and
develop a linear model that can correct for a biased missing value estimate.

The ambition of the following sections is to view the work in this thesis in a
larger perspective, in the context of past and present research, giving both an
overview of the concepts relevant for this thesis, and an introduction to the
research in this field.
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1 Biological Background

This section describes the molecular biology needed to understand the ex-
perimental technology of microarrays. The potential clinical applications to
cancer prognosis and diagnosis are also discussed.

1.1 Basic Concepts of Molecular Biology

All life that exists on our planet share one common principle. The genetic
code is stored in every cell, it is duplicated when cells divide and is thus
transferred to the next generation of life.

Even before the structure of the genetic code was fully understood, the con-
cept of a gene as a unit that stored hereditary information was theorized by
Gregor Mendel (1822-1884). Today we know that the genetic code is stored
in deoxyribonucleic acid (DNA) molecules [1], see Figure 1. The most recent
estimate of the number of genes in the human genome is between 20 and
25 thousands genes [2]. Each gene is stored in a short stretch of the DNA
molecule [3].

The main function of the genes is to store the code for the production of
proteins that are needed by the organism. Proteins are essential for most
cellular processes. The genetic code of the DNA is read in a process called
transcription in which a temporary copy of the gene is created. This copy
is a ribonucleic acid (RNA) molecule and is referred to as messenger RNA
(mRNA). The mRNA is transported out of the nucleus to the ribosomes,
which are the protein production units of the cell. Here the proteins are built
according to the specified sequence in the mRNA.

The DNA molecule as seen in Figure 2 is composed of two inter-winded side-
chains. Each strand of the DNA double helix is built from nucleotides (the
bar-shaped elements of the DNA molecule in Figure 2) stacked on top of each
other and joined by strong covalent bonds. The two single strands are joined
to each other by much weaker hydrogen bonds between nucleotides. Due to
the difference in strength between the bonds in the single helix and the bond
between the helices, the two DNA strands can be un-zipped for transcription
or replication. This un-zipping of the DNA double helix at transcription is
carried out by a protein called RNA polymerase, which at the same time
constructs the mRNA copy.

There are four types of nucleotides in DNA, adenine (A), guanine (G), cytosine
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Figure 1: A chromosome. The structure of DNA is a double helix which is wound up
and stored in chromosomes. The complete human genome is stored in approximately
2 meters of DNA which is tightly packed into 46 chromosomes. The chromosomes
of eukaryotic cells are stored in the cell nucleus and is in their compact state visible
under a light microscope. Adapted from the Talking Glossary of Genetic Terms, The
National Human Genome Research Institute (NHGRI).

(C), and thymine (T), see Figure 2. Hydrogen bonds can only form between
specific pairs of nucleotides, A-T or C-G. This is known as base-pairing. Thus,
given the nucleotide sequence in one strand of DNA the other strand in the
double helix is in principle known. As an example, a DNA nucleotide sequence
of ATTGC will have the sequence TAACG in the complementary DNA.

Proteins are built from a selection of 20 amino acids. It takes a combination
of three nucleotides to make a unique code for every amino acid. Each triplet
is called a codon, see Figure 2. This gives 43 possible codons, and many of
them codes for the same amino acid. Importantly, there are also start and
stop codons indicating where to start and stop synthesizing the protein.

All cells of a single multicellular organism essentially contain the same genetic
code. The different cell types are characterized by the interplay between the



Basic Concepts of Molecular Biology 5

Figure 2: DNA and mRNA. To the left we see the building blocks of the DNA
double helix. To the right is a representation of the messenger RNA molecule and
the codons coding for different amino acids. The nucleotide thymine (T) in the DNA
corresponds to the nucleotide Uracil (U) in the RNA. From the Talking Glossary of
Genetic Terms, The National Human Genome Research Institute.

genes. The protein products of some genes boost or inhibit the expression
of other genes, that in turn might affect the expression of other genes, and
so on. This network determines the protein composition of the cell and thus
the appearance and behaviour of the cell. The network grows in complexity
as the number of genes in the genome increases. For the relatively small
and well annotated genome of Saccharomyces cerevisiae or budding yeast,
roughly 6000 genes, this transcriptional network has to a large extent been
revealed [4].

For further knowledge of molecular biology, the reader is referred to Molecular
biology of the cell [5].
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1.2 Cancer Biology

Cancer is a multi-step process, where several genetic changes are needed to
disturb the cells normal regulation of proliferation, differentiation and apop-
tosis (programmed cell death) [6]. A cancer cell is characterized by its ability
to self-renew, proliferate uncontrollably, escape apoptosis and invade other
tissues. Apoptosis is the normal cells reaction to any unexpected behaviour
of the cell.

If the rogue cells are not invasive i.e., they do not invade other tissues and
stay clustered together in the tumour, the tumour is said to be benign and
can usually be cured by surgical operation. If the tumour cells have acquired
the ability to invade the surrounding tissue they are considered cancerous,
and the tumour is said to be malignant. Then there is a clear risk that they
can break loose and travel through the bloodstream or the lymphatic vessels
to form secondary tumours, so called metastases, at other sites in the body.

Leukemia is a cancer of the blood or bone marrow. A common genetic al-
teration in leukemia is the fusion of genes, normally localized on separate
chromosomes, resulting in the creation of a so called fusion gene. Today, the
specific fusion gene detected at diagnosis serves as an important clinical tool
that together with different clinical parameters is used for classification of
individual patients into different risk groups. Typically, the genes involved in
fusion genes have important functions in normal development of blood cells
and their dysregulation disturbs genetic networks/signaling pathways which
can be mirrored by an altered gene expression pattern [7].

1.3 Gene Expression Profiling

The state of the cell is determined by its protein composition. The amount of
protein in the cell is reflected in the amount of mRNA in the cell. Measure-
ment of the cell’s protein composition is relatively complicated compared to
the measurement of the RNA abundance. The technology of cDNA microar-
rays is a high-throughput gene expression analysis tool that has given us the
possibility to monitor the state of the cells by measuring its RNA abundance.

The cDNA Microarray Technology

There are two major kinds of arrays, oligonucleotide arrays and spotted cDNA
arrays. Here I will describe the cDNA array technology which is used for
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all microarray datasets analysed in this thesis. Most of the computational
methods described in Section 2 could equally be applied to microarray data
generated using an oligonucleotide array.

The experimental method of two-dye cDNA microarrays printed on glass
slides was introduced by Schena et al. [8]. From the beginning a single slide
could only hold a few thousand genes. Now the spot density has increased
dramatically allowing all the genes in the human genome to be represented
on one slide.

The principle of base-pairing between nucleotides is essential to the microarray
technology. One spot on the array holds nucleotide sequences immobilized on
the glass, so called reporters. The nucleotide sequence of the reporter is a
copy of a part of the gene whose activity will be measured.

The RNA of the sample of interest is copied into DNA in a process called
reverse transcription. Reverse transcription is a process where a DNA copy
(cDNA) is produced from an RNA template. This cDNA can then bind to
the reporters on the array through base-pairing. This process of combining
complementary DNA sequences is called hybridization.

The RNA to be analysed is first extracted from the cells of interest. Dur-
ing reverse transcription cDNA is constructed using flourecently labeled nu-
cleotides. There are two fluorescent dyes, Cy3 and Cy5 allowing two samples
to be hybridized to the same array. All cDNA molecules representing one gene
will hybridize to the spot on the array with the complementary sequence to
that gene. The array is then scanned to measure the fluorescent intensities
of both dyes in each spot. The intensities of the fluorescent dyes are nor-
mally visualized as red and green after scanning. A spot with equal amount
of sample and reference cDNA will turn out yellow. Figure 3 schematically
illustrates the principles of this experimental technique.

The ratio of the red and green intensities, I1 and I2, is transformed into an log
ratio, the M-value, which is a measure of the gene expression in the sample.

M = log2

I1
I2

The reason for using a logarithmic scale is that the same amount of up-
regulation and down-regulation will have equal magnitude but opposite sign.
If there is twice as much RNA in the sample as compared to the reference,
then I1/I2 = 2 and M = 1. For half as much RNA in the sample as compared
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Figure 3: Illustration of the cDNA microarray technology. The RNA extracted from
the samples is labelled red, and the reference RNA is labelled green during reverse
transcription, where the RNA is copied into cDNA. The cDNA is then poured over
the array spotted with DNA sequences representing different genes. The cDNA will
hybridize to the with the corresponding gene through base-pairing between the nu-
cleotides. After washing away the un-hybridized cDNA, the red and green intensities
of the spots are scanned. Typically the ratio of the red and green intensities is stored
in a data matrix where each row represents one gene and each column one sample.
Reproduced with permission. From Hedenfalk [9], adapted in part by Breslin [10].

to the reference, I1/I2 = 1/2 and the M-value would be -1. For yellow spots
I1/I2 = 1 and then M = 0.

A useful experimental design is to use a cDNA reference common for all
arrays. It allows for the ratio of red and green intensities to be compared
between arrays. This calibrating reference can also be used to obtain a ratio of
intensities that eliminates systematic errors such as dye bias due to difference
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in affinity between the labelled probes and the target.

The sample cDNA has to be able to hybridize to all the spots on the array. The
amount of RNA that is needed for one hybridization is larger than that which
can be obtained from a single cell. Therefore RNA has to be extracted from a
large number of cells. Thus, a microarray measurement always measures the
average gene expression over many cells. If the cells come from tissues, care
must be taken to find a good sample with a high concentration of the cell type
one wishes to study. A strategy to allow for small starting amount of RNA is
to use RNA amplification where the RNA is replicated into multiple copies.
For small starting amounts there is however a risk that the amplification will
introduce noise.

Clinical Applications

A high through-put experimental technique such as microarrays is very well
suited for exploratory studies of gene expression. The technique can moni-
tor tens of thousands of different genes simultaneously. This gives a unique
possibility to study the oncogenic pathways that are involved in mechanisms
such as metastasis, or response to therapy. Some microarray studies indicate
that the ability of the primary tumour to spread to distant locations in the
body can be observed in the gene expression of the tumour [11,12]. This has
encouraged the effort to use gene expression analysis for prognosis. Breast
cancer is one of the most studied cancers, and many microarray studies aim
to find better prognostic tools for treatment decisions [11,13–18].

There are expectations that microarray technology could make a difference
for cancer diagnosis and prognosis in the clinic. There is now at least one
commercial laboratory test (Mammaprint) which is based on the microarray
technology. The test is based on the gene expression profile of 70 genes that
was derived from a cohort of 97 node-negative breast cancer patients in the
study by van ’t Veer et al. [11]. The result from this study is re-analysed and
evaluated in paper I. This gene expression profile is currently evaluated in
a prospective and randomized trial called MINDACT [19]. Microarrays are
however, not yet routinely used in most hospitals. The main obstacle is that
the test needs a fresh frozen tumour sample for the RNA extraction since
RNA degrades at room temperature.

The process of establishing a new prognostic test is slow. The new test has to
be validated in a large cohort in order to evaluate its usefulness over existing
prognostic markers. It is expensive to invest in a large scale clinical trial so
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the confidence in the proposed trial must be high to justify the investment.

1.4 Prognostic Markers of Breast Cancer

Breast cancer is one of the most common cancers among women. One out
of ten women in the Western world will develop breast cancer during their
life-time. An important task of cancer treatment today is to accurately di-
agnose the risk of recurrence (metastasis) after surgery, in order to optimize
the treatment. Many different observables, such as age, tumour size, and
histological grade [20], are used to achieve this goal. In this way, the clinical
outcome can be estimated but not completely predicted. Some low-risk pa-
tients unexpectedly develop metastases, and some high-risk patients that for
other reasons are untreated, unexpectedly remain metastasis-free for a long
time.

There are several prognostic indices developed for guidance of treatment de-
cisions; the St Gallen consensus criteria [21], the NIH criteria [22] and the
Nottingham prognostic index (NPI) [23]. The St Gallen and NIH criteria
divides patients in two risk groups, high and low risk. They are conservative
in the sense that many patients are assigned to the high risk group. The
NPI index divides the patients in three risk groups, with one intermediate
risk-group.

Each index uses a different combination of clinical observables for prognosis.
The most common are; age, tumour size, estrogen (ER) and progesterone
(PgR) receptor status, histologic or nuclear grade and lymph node involve-
ment. The St Gallen consensus was updated 2005 to include over-expression
of the gene HER2/neu that indicates higher risk of recurrence [24,25].

There is also an initiative to collect all the patient information together with
information of outcome and response to therapy in a continuously updated
database. This information is then available to clinicians and patients to
guide the treatment decisions [26].
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Figure 4: Ratio-intensity plot for one of the samples in paper II. The y-axis shows
the M-values and the x-axis the intensities as log

2
(I1I2).

2 Gene Expression Data Analysis

Here I will describe the main principles of computational analysis of microar-
ray data, and in more detail the specific methods that are used in this thesis.

There is no standard way of analysing microarray data. The appropriate
quality filters, imputation methods and statistical tests have to be tailored to
the questions asked, the material at hand and the methods employed in the
subsequent analysis.

Normalization

Comparison of gene expression log ratios, or M-values, between experiments
requires the reference to have the same RNA abundance relative to the sample
in all experiments. In practice this can differ slightly between arrays and
gives a shift of the M-values. If more sample cDNA than reference cDNA
were hybridized to the array we would see a shift toward higher M-values. In
absence of such bias the average intensity ratio would be 1, assuming that the
number of genes in the sample up-regulated compared to the reference equals
the number of genes that are down-regulated. The simplest normalization
methods simply rescale the average ratio of intensities to 1.

There is often also an intensity dependent dye-bias, resulting in an oddly
shaped ratio-intensity (RI) plot see Figure 4. A local regression normalization
method such as LOWESS detects systematic deviations in the RI-plot and
corrects for this [27]. The difference to a rescaling of the ratios can be seen
by comparing the two plots in Figure 5.
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Figure 5: The plot to the right shows the same sample as in Figure 4 but after
rescaling all M-values with the global median. The plot to the left shows a ratio-
intensity plot after LOWESS normalization. The scales on the axes are the same as
in Figure 4

There is also an intensity dependence of the variation of the M-values. For
small intensities, the log ratio is fluctuating more than for high intensities.
This can also be corrected for in a normalization procedure as suggested by
Yang et al. [28].

Spatial variations in the hybridization conditions across the arrays can also
result in a dye bias. To correct for this one can apply a local normalization
to a subset of spots, or blocks within the array, often the spots printed by the
same spotting pen, requiring that the same underlying assumptions are true
also for this subset.

Reporter Filtering

Genes with uniform gene expression across all experiments (assays) in a study
are uninteresting for most microarray studies. Keeping many reporters with
variations in the level of technical variations across assays (noise) can dete-
riorate the computational analysis. It is therefore very important to remove
these reporters in a variation filter. The earliest microarray studies used a
fold-change filter, requiring reporters to have at least a two-fold change of the
log ratio across all experiments. Nowadays the most common filter is based
on the variance of log ratios across experiments. Only the reporters with large
enough variation are considered for further analysis.

Another reporter filter that is commonly used together with the variation
filter is a presence filter. Here, reporters with too many missing values are
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removed from subsequent analysis.

The thresholds of these variation and presence filters have to be adjusted to
keep the desired number of reporters. The analysis results should not be
too dependent on the exact values of these thresholds, but one should keep
in mind that a too strict filtering can remove weak signals that might be of
interest.

Replicates

A good strategy to increase the quality of the microarray data is to use re-
peated measurements. Either by using arrays with spots printed in replicate,
or hybridizing many identical arrays with the same sample. The quality of the
measurement increases when merging several measurements from the same re-
porter. Furthermore, the number of missing values are reduced, since there
is another measurement that can be used in place of the missing replicate.

The merging of several replicates can be done by simply averaging the log ra-
tios. The theory of error propagation will then allow us to estimate the error
for the merged log ratio [29]. This merging will however treat all measure-
ments as equally important. In the work presented in this thesis we employed
a weighted approach that gives larger weights to spots with high quality,
whereas spots with low quality will have less impact on the merged log ratio.
The merged value is calculated as

m =

∑
i wi ∗ xi∑

i wi
,

where xi are the replicate measurement. The quality weight wi is dependent
on the uncertainty of the measurement u = 1/SNR2

1
+ 1/SNR2

2
, where SNR1

and SNR2 are estimates of signal to background noise for the two channels in
the spot. The weight is then calculated as

wi = e−k
√

u/|xi−m|.

Here k is a numerical parameter, and m is the merged log ratio calculated
iteratively by solving the equations determining m. An estimated uncertainty
U is also calculated for the merged log ratio:
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U =
1∑

i 1/ui
+

∑
i(xi − m)2 ∗ w2

i

(
∑

i wi)2
,

which can be used for calculating a new weight to the merged log ratio if that
is required in the subsequent analysis.

Error Model

In the variation filter discussed above, the quality of the measurements are
not taken into account when accepting or rejecting reporters for further anal-
ysis. This means that some reporters may pass the variation filter due to a
few uncertain measurements, so called outliers. These might deteriorate the
results of the following analysis. To reduce this risk we employ an error model
first described in [30].

This model (used in paper II and paper III) moves uncertain measurements
towards the mean across assays. This reduces the risk that uncertain mea-
surements will contribute to the variation of a reporter.

The new expression value of a spot with log ratio x is calculated as

xnew = m + (x − m) ∗ w,

where m is the mean of the new modified log ratios xnew over all experiments,
and w is the spot quality weight calculated as in the previous section. These
equations are solved numerically by iteration until m converges.

2.1 Replacing Missing Values

The enormous amount of data generated by the microarray technology in-
evitably contains missing values. Some of the computer analysis tools that
are employed in microarray data analysis require complete data, for example
principal component analysis (PCA). It is therefore important to give good
estimates of the missing values so that they can be used in the subsequent
analysis without introducing too much noise. The simplest solution to this
problem is to replace all the log ratios with zeros to indicate that the gene is
neither up- or down-regulated. The second simplest solution is to replace the
missing value with the ’row average’. The row in the data matrix corresponds
to the expression values of one gene across several assays. In this approach
the missing value will be replaced by the average expression of this gene over
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all experiments. Methods that “guess” the best estimate of missing values
are called imputation methods. The row average imputation method is com-
monly used. Many more advanced imputation methods have however been
developed that use all the available information in the data matrix to make a
good imputation, for example k-nearest neighbour imputation [31], Bayesian
PCA [32] and LLSimpute [33].

In the kNN imputation method the missing value is replaced by an estimate
based upon the k most similar genes. In gene space these are the k nearest
neighbours according to a Euclidian distance metric. When the k nearest
neighbours have been found, the new log ratio is formed by the average ex-
pression of these genes for this particular experiment. If the measurement for
gene i and experiment j is missing, we first find the k nearest neighbours to i,
and the replacing value is the average over the k measurements of the neigh-
bouring genes for experiment j. The imputation method that is evaluated in
paper IV is based on this method.

There are several sources of missing values. First, missing values can occur
due to spotting problems, dust or scratches on the slide. The spotting prob-
lems may result in either too small spots or too large spots that leak over into
other spots. Spots of questionable quality are flagged as missing during the
image analysis. These are usually removed in a quality filter and are treated
as missing values in subsequent analysis. Secondly, since there is some back-
ground noise due to unspecific hybridization, it is customary to subtract the
background intensity from the spot intensity. The spot-specific background
intensity is estimated from the immediate surroundings of the spot. Assum-
ing that we have the same level of background hybridization in the spot, the
background intensity is subtracted from the signal intensity. This results in a
negative background-corrected intensity if the spot intensity is lower than the
background intensity. Log-ratios cannot be formed from negative intensities.
These measurements are therefore treated as missing.

2.2 Identification of Differential Expression

The purpose of many microarray studies is to find the genes that have sig-
nificantly different gene expression in samples of various tissues, cellular re-
sponses, phenotypes, conditions, etc. The genes that are found to have the
largest difference in expression between the studied groups are reported as
the differentially expressed genes. These differentially expressed genes that
seem to be relevant for the study, can either be further explored in terms of
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pathways or functional groups of genes, or be used for supervised classifica-
tion.

There are many tests for differential expression of a gene between two groups
of samples. Common tests are Pearson correlation coefficient, Golub score [34],
t-test and Wilcoxon rank sum test. These tests provide a score for each gene
as a measure of differential expression. Irrespective of the test used, the sig-
nificance of the test result has to be estimated. The statistical significance
is an estimate of the probability that the result of the test could not have
occurred by chance and a measure of this is the p-value. A small p-value in-
dicates high significance. For statistical tests like t-test or Pearson score, the
p-value can be analytically calculated assuming that the data follows a normal
distribution. However, microarray data is often noisy and are not normally
distributed [35]. Methods for calculation of significance that do not make
assumptions about distributions of observed data, for example permutation
tests, are therefore more attractive.

It is very important when dealing with microarray data to realize that since
there is a large number of genes, it is very likely that one of them will get a
high score by chance. There are methods to correct for this multiple testing
such as the Bonferroni correction that divides the p-value with the number
of tests. This multiple-testing correction however assumes independent tests.
Since many genes have a similar gene expression because they are involved in
the same pathway, this assumption might not be correct and the Bonferroni
correction will be misleading [36]. The permutation test, which is employed
in papers II and III, is a more time-consuming but straight-forward way of
calculating the significance of multiple tests. The permutation test is appli-
cable to any test, and groups of genes that are correlated do not bias the
result. A permutation test estimates a “null distribution” of the test scores.
This is the distribution of scores expected if there is no signal for different
gene expression between the two groups. This null distribution can be used to
measure the significance of a test result. By repeatedly scrambling the sample
labels, with new calculation of gene scores every time, the null distribution
for a given score and partition of samples can be estimated.

Another useful measure of significance of gene lists is the false discovery rate
(FDR) [37,38]. It directly answers the question: how many of the top ranked
genes can be expected to be false positives? False positives are reporters
that are accepted as differentially expressed but only got a high score by
chance. The FDR is defined as the expectation value of the number of false
positives among the differentially expressed genes. Of course there is no way
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of determining for each gene if it is a false or true differentially expressed gene,
but the FDR of the top ranked genes can give an indication of how much you
can trust one of these genes to be true or only a false positive.

2.3 Unsupervised Methods

Unsupervised methods are used for discovering patterns in the gene expression
data, finding new interesting groups of genes or similarities between exper-
iments. The most widely used algorithms are hierarchical clustering [39],
k-means clustering, and self-organizing maps [40]. For an extensive descrip-
tion of these and other clustering methods applied to microarray data see
the review by Belacel et al. [41]. Clustering methods have successfully been
used for discovering risk groups associated with prognosis of breast cancer
patients [16]; new subtypes of breast cancer [13] and of lymphoma [42].

Normally an unsupervised clustering algorithm finds the groups of samples
that have the largest number of differentially expressed genes. This can un-
fortunately result in revealing only the uninteresting groups such as print
batches of the array slides, or the different labs where the hybridizations were
carried out. To avoid discovering only the most obvious partitions and to
overlook the weaker but more interesting signals, one can take care to remove
unimportant signals before applying the algorithm by rescaling the log ratios
in each group separately.

2.4 Supervised Methods

The supervised approach is useful for evaluating the potential to develop a
molecular classifier for a certain type of problem, for example the prognosis
and diagnosis of cancer. As many as 63% of the 90 microarray studies of
cancer outcome published between 2000 and 2004 used supervised prediction
of death, relapse or treatment response [43].

Using samples with a known class label (for example good or poor prognosis)
a computational rule is constructed from their gene expression data. If one
can build a classifier that successfully predicts the class label of a sample
that has not been involved in the construction of the classifier, then it could
in principle be applied to unknown samples in the clinic. For such practical
applications however it would be better to use as few genes as possible, to
allow for experimental methods that are easier to use and less expensive. The
supervised classification could identify the genes that are important for the
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classification. These genes could then be used for construction of for instance
specialized microarray chips or real-time qPCR assays. If a small number of
genes are discovered to be predictive of the class, the protein product of these
genes could perhaps be used as markers. Antibody-based methods such as
ELISA and western blot analysis, that are in routine use at most hospitals,
could then be employed.
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3 Classification

In short, a supervised classifier is an algorithm that maps input to desired
output. There are many methods for supervised classification. As I have
used artificial neural networks (ANN) and k-nearest neighbours (kNN) in my
studies, I will describe them here in more detail. Moreover, I will address
issues that concern classification using microarray data: feature selection,
how to avoid over-training and how to obtain unbiased test results.

3.1 Feature Selection

The features are the properties that can be used for correct categorization,
for instance of cancer. In this thesis the features used for classification are
gene expression data and clinical observables. These are used as input to the
classifiers. Feature selection is often required to filter out features irrelevant
for the classification. When using clinical observables, there is no need for
feature selection since they are so few, 6-7 in the material used in paper I

and II. However, microarray data contains many irrelevant genes and ma-
chine learning algorithms may perform worse if there are a lot of redundant
information in the input [44].

The selection of relevant genes from microarray data is often done by select-
ing the top ranked genes according to some score. This is known as a filter
method. There is however a risk that many of these top ranked genes are
highly correlated. Other methods for feature selection are wrappers. These
involve the classification algorithm in the feature selection by repeatedly con-
structing a new classifier for a given gene selection and then choosing the gene
selection that gives the best performance [44]. This iteration is however very
computationally demanding. Comparison of some filter and wrapper meth-
ods showed that filter methods performed as good as wrapper methods for
microarray data in most cases [45]. Recently developed algorithms such as
I-RELIEF try to combine the two approaches [46].

Another approach for feature selection is to look for the expression of groups
of genes instead of individual genes. Efforts in this direction have been made,
for example to use the expression of pathways [47] or “meta-genes” [48]. For
the construction of artificial neural networks in paper I and II we follow the
approach of Gruvberger et al. [49] and Khan et al. [50] that use principal
component analysis for dimensional reduction, see next Section 3.1.

If the purpose of the classifier is to construct a gene expression profiler that can
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be used in practice, then it is desirable to reduce the number of genes needed
for the test. For that reason it is also preferable to select individual genes
that are complementary and that provide new information to the classifier.

Dimensional Reduction

One of the challenges when classifying microarray data is the “curse of dimen-
sionality”. The number of genes after filtering is typically several thousands,
and the number of samples in each class is between ten and one hundred. If
the number of features used for training is close to the number of samples,
ANN will have a risk for over-fitting its parameters. Therefore, we have to use
a dimensionality reduction algorithm to select the features used for training
our networks.

There are several methods for dimensionality reduction: principal component
analysis (PCA), multi-dimensional scaling and Isomap [51], among others.
PCA is used for visualization of classification results in paper III, and for
training of ANNs in paper II.

Each sample in a microarray experiment can be described by coordinates in a
high-dimensional gene space. PCA finds the linear combination of genes that
give the direction in gene space where the variance of the samples is largest.
This is the first principal component. The second principal component is the
linear combination that contains the largest variance under the condition that
it is orthogonal to the first component. This is repeated until the number
of components equals the number of samples. The result of the PCA is a
rotation of the original coordinate system such that all sample variation lies
in the principal components, as seen in Figure 6.

The first principal component has the largest variance over the samples but it
is not necessarily the most important variable for the classification. We have
however found that training the ANN using the top principal components does
give the best result, but one can also try to use those with smaller variation.
When the variation in the components is less than the uncertainties in the
measurements they can however not contribute to the training of the network
and are not used as inputs.

After building the classifier using principal components, the genes important
for the classification can be recovered from the eigenvectors of the principal
components used for training.
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Figure 6: Illustration of principal component analysis in two dimensions. Each sam-
ple is represented by two coordinates in this two-dimensional gene space. The first
principal component (pc1) is the linear combination of genes where the samples has
largest variance. The second principal component (pc2) is orthogonal to the first.

3.2 Artificial Neural Networks

Artificial neural networks (ANNs) is a supervised learning algorithm. The
model is trained on a training set with known classes. The parameters of the
model are set in a training procedure where the parameters are calibrated to
give the desired output, for example good or poor prognosis. In this thesis
either clinical observables such as age, tumour size etc., or gene expression
data in the form of principal components are used as inputs.

In paper II we use ANNs to predict the clinical outcome of breast cancer
patients. Other studies have used ANNs with microarray data: for classifica-
tion of estrogen receptor status in breast cancer in Gruvberger et al. [49], and
for classification of small round blue-cell tumours (SRBCTs) into diagnostic
categories Khan et al. [50]. In paper II we use ANNs to predict the clinical
outcome of breast cancer patients.

ANNs are inspired from the biological neural networks of the brain. A neuron,
as a node in the network, receives signals from surrounding neurons, the input
signals are then processed and transmitted through the axon to the recipient
cells.

Mathematically, an ANN is a directed graph where each edge is assigned a
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Figure 7: To the left, a linear perceptron. To the right, a multi-layer perceptron.
Reproduced with kind permission of Springer Science and Business Media [52].

weight. In a feed-forward network which is used in this thesis, a subset of the
nodes are input nodes and another subset are output nodes. The remainder
are called hidden nodes. If there are no hidden nodes the model is a so called
perceptron and can only be trained to produce a linear classification rule.
If the ANN is trained using an extra layer of nodes between the input and
output layers, the resulting model will be non-linear, see Figure 7. In the case
of a classification problem with two classes one output is sufficient.

The value of a node is a weighted sum over the N input nodes x̄ = (x0, x1, ..., xN )
(with one input x0 = 1 used as a threshold) and the output from the node is
a function of this sum. The output o from a network with no hidden nodes
and one output node (the perceptron) is given by

o = ϕ(

N∑

i=0

wixi), (1)

and from a network with M nodes in the hidden layer:

o = ϕ̃(
∑M

j=0
w̃jϕ(

∑N
i=0

wixi)). (2)

The weights wi and w̃j are determined by minimizing the error-function E
between the network output o and target t, a sum over K measurements.

E =

K∑

i=1

(oi − ti)
2 (3)

This procedure, which in this thesis is performed in a back-propagation algo-
rithm with gradient descent, is called training the network.
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The output activation function is sigmoidal and varies typically between 0
and 1. Then a threshold value of o defines a decision surface in input space
that hopefully can separate the samples of the two classes. In the case of the
perceptron:

o = 0 ⇔

N∑

i=0

wixi = 0,

where the rightmost equation defines a hyperplane. Therefore the perceptron
is a linear classifier and can only solve linearly separable problems. All prob-
lems are not linearly separable and for these an ANN with hidden nodes will
do better. Every node in the hidden layer defines a decision plane that can
be combined to a non-linear decision surface.

The best network architecture and training parameters for a given problem
is determined in a cross-validation procedure, see Section 3.4.

3.3 Other Classifiers

Many other types of classifiers than ANNs have successfully been applied
to gene expression data. An extensive comparison of classification tools is
presented in Lee et al. [53]. They compared more sophisticated machine-
learning methods such as ANN and support vector machines (SVMs) with
classical methods like k-nearest neighbour (kNN) or methods based on linear
discriminant analysis. Among the classical methods, kNN performed well
in many datasets, but when the number of classes (sample groups) in the
dataset became large many other classifiers performed better. Among the
machine-learning methods SVMs usually had the best performance.

SVM has become a popular machine-learning algorithm for classification us-
ing microarray data. Many implementations of SVM for this purpose are
available [54–57]. SVMs construct a linear hyperplane separating the samples
into two groups. The method is less sensitive to noise than ANNs, thus re-
ducing the need for feature selection. A limitation is that it can only perform
binary classification, but methods for multi-category classification using SVM
have been developed and found to perform well [58].

In contrast to the study by Lee et al. [53], it is often found that simple classi-
fiers perform in comparison with, or better than, more complex methods [59].
Tibshirani et al. [60] applied a modified nearest centroid classifier to the SR-
BCT dataset which had previously been classified by Khan et al. [50] using
ANNs, and obtained the same performance. Moreover, Tibshirani et al. [60]
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were able to use fewer genes, and a simpler method which is easier to in-
terpret. According to the principle of Occam’s razor, it is better to use the
simple approach if it gives the same result. Obviously, it can never be known
beforehand which approach will give the best result. Using a more complex
method as ANN usually increases the risk of over-fitting, but if this can be
controlled using strategies like cross-validation, the use of a more complex
method has the potential to reveal more complex patterns in the data, possi-
bly resulting in better performing classifiers. On the other hand, by choosing
a simple classifier one avoids the problem of over-fitting but looses the flexi-
bility that might be needed for better classification. Thus, one can argue that
if the complexity of the problem is not known, then it is better to use a more
flexible approach controlling the over-fitting. However, it can be difficult to
fully avoid over-training, as experienced in paper III. In these cases a simpler
approach would be advantageous.

In the following sections I will describe the two conceptually simple methods
kNN and nearest centroid classifier.

k-Nearest Neighbour Classifier

The k-nearest neighbour classifier (kNN) is a very intuitive and simple al-
gorithm. It also has the advantage that it is easily applicable to multi-class
problems.

The sample with an unknown class label is classified by looking at the k
samples that are nearest as defined by an euclidian metric in gene space.
The class label of the majority of the k samples determines which group the
unknown sample belongs to. Figure 8 shows the principle in two dimensions.

Since typically more than three genes from a microarray experiment are used
for this classification, PCA (see Section 3.1) can be used for visualization as
in paper III.

Nearest Centroid Classification

Nearest centroid classification is based on linear discriminant analysis and can
be applied to gene expression data as demonstrated by Dudoit et al. [61] and
Lee et al. [53].

Briefly, the method computes a centroid for each class. This is the average
gene expression for each gene in each class divided by the standard deviation
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Figure 8: Classification of a sample with unknown class label using the class labels
(red or grey) of the seven nearest neighbours. Here the unknown sample is designated
to the red group.

for that gene within that class.

Nearest centroid classification computes the gene expression profile of a new
sample and compares it to the centroid of every class. The new sample is
assigned to the class whose centroid that it is closest to.

The gene expression profiler in the study by van ’t Veer et al. [11] is similar to
a nearest centroid classifier with the difference that a test sample is compared
only to the poor prognosis centroid by calculating a correlation coefficient
between the centroid and the test sample. If the correlation is high enough,
the patient is assigned to the poor prognosis group, otherwise to the good
prognosis group.

3.4 Cross-validation

When a classifier has been constructed from a number of samples (the train-
ing set), then the performance of that classifier needs to be validated using
a dataset not involved in the construction of the classifier. The classifier has
been designed to as accurately as possible give the correct class of the sam-
ples in the training set. If any of this data would be used for validation, the
reported performance would be severely biased. This could seem obvious,
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but is overlooked in many microarray studies to date. A critical review by
Dupuy and Simon [43], reports that among the 28 microarray studies that
use supervised prediction of cancer outcome published in 2004, as many as 12
contained information leaks resulting in biased estimates of the prediction ac-
curacy. The most common mistake was to involve the test set in the selection
of genes used to build the classifier.

Cross-validation is very useful when evaluating classifiers, especially for small
datasets. It economically uses the training set by iteratively leaving out one
subset at a time for validation and build the classifier on the rest. In building
the ANNs in paper I and II we used K-fold cross-validation. The validation
results were then used for selecting the best architecture. An unbiased test
result was obtained in a leave-one out cross-testing procedure. Leaving out
one sample at a time, a new ANN classifier was constructed through cross-
validation and applied to the left out test sample.

Over-fitting

This is a general problem for all supervised learning methods. From samples
with known class labels the parameters of the model are determined. However,
if the parameters are tuned so that the training data is perfectly classified this
is not a guarantee for successful classification of an unknown sample. If the
model were too adjusted to the data to have a good performance on data
not used for building the classifier, the model is said to be over-fitted and
have a poor generalization performance. If there are many parameters or few
training samples the risk of over-fitting increases.

The over-fitting of ANNs during training is known as over-training. The
flexibility of the ANNs that makes them so useful in many applications is
what also causes problems during training. While the net learns the features
of the classification problem there is a risk that it will learn how to classify
the training samples at the expense of decreased performance on a blind-test,
especially if the training samples are not completely representative for the
problem or if there is noise in the measurements.

To some extent, over-training can be limited by pruning the network. Pruning
means that unnecessary edges are removed from the network during training.
This can be done by adding a penalty term to the error function that will
reduce the value of weights that have little influence on the training result.

In the absence of pruning, the number of parameters in the ANN to be de-
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termined by the training has to be less than the number of training samples.
If the number of parameters of any model is comparable to the number of
samples used for tuning the parameters, then the model is too flexible and
generalizes poorly.

Cross-validation can be used to avoid over-training. It can also be used for
selection of the best network architecture, as was done in paper I and II.

Committees

Creating a committee of networks trained on different subsets of input space
is a way to avoid over-training and to make training faster. The members
of the committee are trained on different subsets of the training samples.
Accordingly they become specialized on different aspects of the problem. The
test result will depend on how well the individual nets can classify the test
set but also on the spread of the committee output. If the committee is too
homogenous the blind-test result will most likely improve if instead one net
is trained on all training samples. The individual nets of a good performing
committee has both a good performance on a test set and large variance of
the output.

The committee of a linear classification model could combine the individual
models in such a way that the resulting model becomes non-linear.

In paper I and II we construct committees from the networks built in a 3-fold
cross-validation. The cross-validation is repeated 20 times, each with a new
partition of the dataset. This gives a committee of 60 ANNs. This committee
is then applied to the test set.

3.5 Evaluation

The performance of a classifier can be measured by how many samples are
incorrectly classified in a blind-test. A misclassification where an event is
assigned to the event-free class is a false negative result. An event in a breast
cancer study could for instance be recurrence. A false positive result is then
obtained when a recurrence-free sample is assigned to the poor prognosis
group. A true positive result is obtained for a recurrence correctly classified
to the poor prognosis group, and similarly a true negative result is obtained
for a correct assignment of a sample to the recurrence-free good prognosis
group. For treatment decisions it is advisable to be conservative with good



28 Introduction

prognosis, since receiving unnecessary treatment for a good prognosis patient
is probably still better than not receiving any treatment if you have a poor
prognosis.

The sensitivity of a test is the probability for a true positive result. For a
given cut-off this can be calculated as the number of true positive results
divided by the total number of true positives. In the case of breast cancer
prognosis a high sensitivity is required. The specificity is the ability of the
classifier to distinguish the non-events (true negatives) from the true events.
In the breast cancer example, the specificity is the ability to assign the good
prognosis patients to the low risk group while avoiding to incorrectly assign
poor prognosis patient to the low-risk group. It can be calculated as the
number of true negative results divided by the total number of true negatives.

The dichotomizing approach of calculating the number of misclassifications at
a given threshold can be evaluated using odds ratios or Kaplan-Meier curves.

The odds ratio is a way of comparing whether the probability of a certain
event is the same for two groups, for example the probability for recurrence
in the two risk groups of breast cancer. The odds ratio is the ratio between
the odds in favour of a correctly classified good prognosis sample, to the odds
in favour of a misclassified poor prognosis sample. This ratio is dependent on
the chosen cutoff.

Kaplan-Meier survival curves, as presented in paper I, estimate the probabil-
ity of an event in a population as a function of time [62]. This is commonly
used in medicine for example to evaluate treatments, by measuring the frac-
tion of patients still alive after a certain amount of time. In paper I we use
the survival analysis to illustrate the difference in probability of remaining
metastasis-free between the good and poor prognosis groups that were iden-
tified with the different classifiers.

An alternative approach for classifiers that produce a numerical value, rather
than a binary output, is to calculate the area under the receiver operating
curve (ROC) which is independent of thresholds.

The ROC curve shows the sensitivity and specificity of the prediction at every
possible cutoff. The area under this curve represents a value of the quality of
the prediction that is independent of the chosen cutoff [63]. The ROC area
is therefore more suited for evaluation of the predictive abilities of different
models. For a classifier based on random guessing the ROC area would be
close to 0.5 and for a perfect classification the ROC area is equal to 1.
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Figure 9: ROC curve for the leave-one-out test result of the gene expression profiler
described in van ’t Veer et al. [11].

An example of an ROC curve is shown in figure 9. It shows the leave-one-out
test result of the gene expression profiler described in van ’t Veer et al. [11]
applied to 78 tumour samples.
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Summary of the Papers

Here I will present a summary of the papers contributing to this thesis.

Paper I

In paper I, we reconstruct and evaluate the 70-gene prognostic profile sug-
gested in van ’t Veer et al. [11]. We compare the performance of the 70-gene
expression profiler with that of the Nottingham prognostic index (NPI) and
an artificial neural network (ANN) trained on conventional clinical markers.
We use leave-one-out cross-testing for evaluation, to guarantee that the test
result is not biased.

The result from the cross-testing shows that the clinical markers and the NPI
performs in parity with the gene expression profiler. The area under the
receiver operating characteristic (ROC) curve for the gene expression profiler
was 0.76, for the conventional markers 0.78, and for the NPI 0.77. By focusing
on the estrogen receptor (ER) positive tumours the result changed in favour
of the conventional prognostic markers. The ROC area then changed for the
gene expression profiler to 0.79, while the ROC area for the conventional
markers increased to 0.85, and for NPI to 0.81.

My contribution: To this paper I have contributed with all of the compu-
tational analysis.

Conclusion: ’good old’ clinical markers have similar power in breast cancer
prognosis as microarray gene expression profilers.

Discussion: A recent study by Teschendorff et al. [64] evaluates the pre-
dictive power of both a molecular prognostic index and classical prognostic
indices. All large publicly available ER positive breast cancer datasets are
used comprising of 877 samples in total. Their results confirms that the NPI
and conventional clinical observables have similar prognostic power to a gene



32 Summary of the Papers

expression profiler.

One may speculate whether the molecular profiling can provide complemen-
tary prognostic value to conventional markers. In Teschendorff et al. [64],
a hybrid classifier was shown to improve prognostic separation when com-
pared to molecular and single classical prognostic indices alone. Another
study created a hybrid classifier by combining a feature selection algorithm
(I-RELIEF) [46] with linear discriminant analysis. Interestingly, the hybrid
included only three genes and two clinical variables and was shown to out-
perform both microarray data and clinical markers alone in the van ’t Veer
dataset [11].

All these studies suggest that gene expression profiles has potential to im-
prove the breast cancer prognostic markers when combined with conventional
markers, but does not alone outperform classical prognostic factors.

Paper II

Paper II is aimed at increasing knowledge of mechanisms for drug resistance,
and to evaluate the potential for deriving a molecular prognostic index from
gene expression. For this purpose we identified a gene expression profile for
response to adjuvant CMF treatment of 85 pre-menopausal, lymph node pos-
itive breast cancer patients. We tried several gene selection strategies and
built classifiers for prediction of clinical outcome: distant recurrence within
40 months or no recurrence for over 40 months.

As in the previous study we use ANN for prediction of recurrence, trained on
both gene expression and clinical observables. The results are compared with
conventional prognostic factors. To obtain unbiased test results, the same
leave-one-out cross-testing algorithm as in the previous study was employed.

We constructed classifiers based on three gene sets. From our microarray
measurements, we selected one gene set from genes differentially expressed
between the two groups of clinical outcome. The second gene set was selected
from genes that were identified as associated with metastasis in an untreated
cohort [11]. The third gene set was selected from a literature search for genes
associated with response to chemotherapy.

The test results showed that clinical observables (ROC=0.78) and Notting-
ham prognostic index (NPI) (ROC=0.79) perform in comparison with the
gene expression profiles (ROC ranging from 0.69 to 0.78) as a predictor of
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clinical outcome.

To assess the difference in performance of a prognostic index based on a
cohort of 85 patients compared to an index such as NPI which is based on
several thousands samples [23], we built an ANN classifier based on the three
clinical observables used in the NPI. The performance of the ANN trained
on the three NPI variables (ROC=0.74) was worse than for the NPI itself
(ROC=0.79). This illustrates the importance of large sample cohorts when
constructing prognostic indices.

We also tried to build a hybrid classifier using ANNs. Unfortunately this was
not successful, probably due to overtraining. Larger cohorts would be needed
to determine if the prognostic value of clinical observables could be improved
in combination with gene expression.

My contribution: I have contributed with all data analysis.

Conclusion: Conventional clinical variables give a similar prediction of clin-
ical outcome to that of gene expression based markers.

Discussion: The experimental design made it possible to study which pa-
tients who were recurring in spite of adjuvant CMF. However, the recurrence-
free group might be heterogeneous since we cannot distinguish between the
patients with an inherited good prognosis and the patients with both an in-
herited bad prognosis and CMF-sensitivity. The classification problem may
thus be more complex than that of prognosis.

Paper III

In paper III we perform genetic and clinical classification of 121 consecutive
childhood leukemias, based on cDNA microarray data. The goal is to improve
the risk-assessment, in order to find the optimal treatment for each patient.
Moreover, increased understanding of the underlying biology of the various
subtypes of leukemia will guide the development of novel therapies. The
dataset comprised 87 B-lineage acute lymphoblastic leukemias (ALL), 11 T-
lineage ALL, 23 acute myeloid leukemia (AML) and 6 normal bone marrow
samples.

Since there are many multi-class problems in this dataset we chose to employ
the k-nearest neighbour algorithm (kNN). For evaluation of the classification
accuracy we employed the same cross-testing procedure as in the two previous
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studies. For the reporter selection we used Pearson correlation to one class
versus the rest, repeating this for every class, and combining the top genes to
a reporter list used for constructing the classifier.

We classified with high accuracy the different lineages. We also successfully
classified the genetic subtypes of B-ALL. Importantly, the performance of
our classifier could be verified in an external dataset. However, a previously
published predictor of genetic subtypes of B-ALL was not successful in our
dataset. The AML lineage separated clearly into groups with and without
MLL rearrangements, and was classified with high accuracy.

Relapse could not be classified, but the related observable minimal residual
disease (MRD) at day 29 after treatment, which measures the amount of
tumour cells still present in the bone marrow, could be perfectly classified
in the T-ALL subgroup. Previously published predictors of MRD status in
B-ALLs and ALLs were applied to our dataset without success.

Unsupervised hierarchical clustering identified two subgroups of the B-ALLs
that were characterized by differential gene expression signature of cell-cycle
related genes.

The reason for the problem of applying previously published predictors to our
dataset could be that the sample sizes both in our dataset and in the previous
studies is rather small, and the samples heterogenous.

My contribution: In this paper, I have contributed with the data analysis
and implementation of kNN.

Conclusion: Microarray analysis is a promising tool for classification of
patients into current risk groups based on lineage and genetic abnormality
present at diagnosis.

Paper IV

In paper IV we propose a categorization of missing values to improve impu-
tation of so called one-channel depleted spots.

In case of very low gene expression in several experiments some reporters may
be excluded in the filtering due to the inability of the microarray technique
to detect very weak signals.

Missing values due to low gene expression in the sample should be charac-
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terized as having a well measured reference intensity and an intensity in the
sample channel which is below the noise level. We call these spots sample
depleted. These putatively down-regulated gene expressions should probably
be replaced with a small imputed value. We would therefore like to take this
information into account when imputing these missing values. If a measure-
ment is missing due to an undetectable reference intensity, but there is a good
measurement of the intensity in the sample channel, this is interpreted as an
indication of poor spot quality. Since the sample intensity was distinctly mea-
surable in spite of the poor spot quality, this indicates a high gene expression
and we would like to take this information into account in the imputation of
this spot. We call these spots reference depleted.

In five different datasets with duplicates, we evaluate a linear model for mod-
ification of the spots we identify as one-channel depleted. We evaluate the
accuracy of imputation of one-channel depleted spots using the imputation
algorithm WeNNI, finding that the expression values of the spots we identify
as sample depleted spots were overestimated by WeNNI and that the expres-
sion value of the reference depleted spots were underestimated, as compared
to the duplicates. The mean square deviation (msd) between the imputed
value and its duplicate in a validation set decreased when applying the linear
correction.

We find that Pearson scores for differentially expressed genes did not change
noticeably when applying the linear model. However, the standard deviation
of expression values for one reporter over many experiments increased, imply-
ing that more reporters would pass a variation filter which is an integral part
of every microarray data analysis.

My contribution: In this paper I have developed, implemented and evalu-
ated the linear model. The manuscript was mainly written by me.

Conclusion: We can improve imputation in 2-dye cDNA microarray data
by missing value categorization.
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Abstract

We compared the power of gene expression measurements with that of conventional prognostic markers, i.e., clinical, histo-

pathological, and cell biological parameters, for predicting distant metastases in breast cancer patients using both established

prognostic indices (e.g., the Nottingham Prognostic Index (NPI)) and novel combinations of conventional markers. We used

publicly available data on 97 patients, and the performance of metastasis prediction was represented by receiver operating char-

acteristic (ROC) areas and Kaplan–Meier plots. The gene expression profiler did not perform noticeably better than indices con-

structed from the clinical variables, e.g., the well established NPI. When analysing separately subgroups, according to the oestrogen

receptor (ER) status both approaches could predict clinical outcome more easily for the ER-positive than for the ER-negative

cohort. Given the time it may take before microarray processing is used worldwide, particularly due to the costs and the lack of

standards, it is important to pursue research using conventional markers. Our analysis suggests that it might be possible to improve

the combination of different conventional prognostic markers into one prognostic index.

� 2004 Elsevier Ltd. All rights reserved.

Keywords: Breast cancer; Prognosis; Metastases; cDNA microarray; Gene expression; Histopathology; Cell biology; Oestrogen receptor; Artificial

neural network

1. Introduction

Breast cancer patients can be cured either by local

regional therapy alone or by the addition of systemical

medical therapy with increased side effects and costs.

Strong prognostic factors are needed to divide patients
into different risk group in order to help in making

treatment decisions. The choice of postoperative treat-

ment of primary breast cancer is based on clinical (age),

histopathological (lymph node status, tumour size, his-

tological grade), and cell biological oestrogen receptor

(ER) and progesterone receptor (PgR) parameters [1].

These classical factors are generally considered not to be

sufficient for this purpose. New and more powerful

markers are therefore called for. In recent exploratory

studies, markers from microarray gene expression

analyses have shown some promise as breast cancer

prognostic tools [2,3]. These gene expression results have
been compared with data obtained from using conven-

tional prognostic markers: i.e., age, tumour size, histo-

logical grade, angioinvasion, lymphocytic infiltration,

ER and PgR status [2,3], both separately, and by using

the National Institute of Health (NIH) and St. Gallen

prognostic indices [1,4]. Although these comparisons

favoured the gene expression markers, this was usually

in comparison against single factors and the new tech-
nology has not been tested against a combined index,

such as the Nottingham Prognostic Index (NPI).

Whether a novel factor gives information about

clinical outcome and treatment sensitivity, in addition to

that obtained by classical factors, is very important,
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since approximately half of all new breast cancers are

diagnosed in the third world, where the analyses of

prognostic factors need to be inexpensive, easy to per-

form, and have a good reproducibility. The conven-

tional clinical and histopathological factors fulfill these
criteria.

Here, we re-address the question of how the gene

expression markers identified in the study by van ’t Veer

and colleagues [2] compare with conventional markers.

This was done by using the high quality, publicly

available data-set of 97 breast cancer tumours of node-

negative patients, for which both gene expression data

and conventional markers have been reported [2]. We
specifically compared well established criteria based

upon conventional markers, such as the NPI [5], to the

gene expression markers suggested by van ’t Veer and

colleagues [2]. In addition, we investigated if artificial

neural networks (ANNs) can be used to find new com-

binations of conventional markers, with improved

prognostic power.

2. Patients and methods

The data-set in the study by van ’t Veer and col-

leagues consists of 97 patients, younger than 55 years of

age, with primary sporadic breast cancer, less than 5 cm

in size and with no axillary metastasis. In this study, a

poor prognosis group (46 patients developing distant
metastasis within 5 years) and a good prognosis group

(51 patients being distant metastasis-free for a follow-up

period of at least 5 years) were selected [2]. Five patients

received adjuvant systemic therapy, all in the poor

prognosis group. The gene expression measurements

were based upon 25,000 human genes. In the study of

van ’t Veer and colleagues [2], a set of approximately 200

genes correlating to prognotic status was selected for
constructing a classifier based on gene expression. The

predictor thus obtained was further used on 234 addi-

tional patients, with very encouraging results [3]. For the

234 additional patients, survival properties of the gene

expression profiler were compared with those of the

NIH [1] and St. Gallen [4] criteria in terms of Kaplan–

Meier curves, which showed a very clear advantage for

the gene expression profiler. Unfortunately, the data for
the 234 patient cohort are not publicly available.

The publicly available gene expression data in the

study of van ’t Veer and colleagues [2] was pre-processed

according to a private communication with the authors,

which enabled us to reproduce their classifier. van ’t

Veer and colleagues also reported the more conventional

markers age, tumour size, histological grade, ER, PgR,

status of angioinvasion, and status of lymphocytic in-
filtration for the public data-set [2]. We compared the

gene expression classifier with the NPI [5] (based on

Coxian multivariate analysis), the NIH criterion [4], and

the St. Gallen criterion [1], which are based upon dif-

ferent subsets of these conventional markers.

We also constructed a classifier based upon all seven

reported conventional factors. To account for potential

non-linear dependences in the data, we employed an
ANN algorithm [6]. Given the relatively few data points,

care must be exercised to avoid overfitting. This was

done by sequentially leaving one patient out for a blind

test. For each of these blind tests, the remaining patients

were used for training using a cross-validation proce-

dure for determining the learning parameters for a

committee of ANNs as in [6]. Thus, based on all tumour

samples, but one, a committee of 60 ANNs was con-
structed by repeating a 3-fold cross-validation 20 times.

Several of such committees, with different ANN archi-

tectures and learning parameters, were constructed, and

the committee with the best validation performance was

applied to the omitted blind test sample. The whole

procedure was repeated with a new test sample selected

every time, so that every sample acted as blind test once.

Hence, the results for each patient are not plagued with
overfitting. This leave-one-out testing procedure is the

same as that used for the microarray profiler, making

performance comparisons valid.

The pool of ANN designs was constructed by varying

the number of hidden nodes (0, 2 or 3), the weight decay

parameter (0 or 0.01) and the number of training epochs

(50 or 100). This gave a pool of 12 different designs.

During training, a cross-entropy error was minimised
using back propagation with a learning rate of 0.5,

momentum coefficient of 0.1, and a decrease in the

learning rate by a factor of 0.98 for each iteration.

3. Results

For classifiers, the balance between sensitivity and
specificity depends upon a decision threshold. Following

the study of van ’t Veer and colleagues [2], we set

thresholds corresponding to 10% misclassified in the

metastasis group. For the NPI, this gave a threshold of

3.3, remarkably close to the standard threshold 3.4 be-

tween good prognosis and moderately good prognosis

[7]. The St. Gallen criteria depends on several indepen-

dent thresholds, and since the choice of those giving 10%
false-positives would be rather arbitrary, the standard

set of thresholds was used. This gave no false-positives

for the St. Gallen criteria.

The odds ratios (OR) for the different approaches are

presented in Table 1. As can be seen, the St. Gallen and

NIH criteria did not perform very well. This is consis-

tent with the data reported by van de Vijver and col-

leagues [3], using a larger cohort. It is interesting that
among the commonly used indices, the NPI outper-

formed the other two. It is illustrative to present

the comparisons in Kaplan–Meier curves even though
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the sample selection hinders a too detailed analysis of

the curves. In Fig. 1, Kaplan–Meier survival curves are

shown for the gene expression profiler, ANN-based

conventional markers and the NPI. The NIH and St.

Gallen criteria are not shown here since so few patients

remain in the good prognosis group. As can be seen, the

three profilers performed in parity within the error bars.

In a study with a limited number of samples, per-

formance measures such as OR can depend strongly on

the choice of decision threshold. The results from

varying such a threshold can be visualised in a receiver

operating characteristic (ROC) curve, and the area un-
der the ROC curve represents a performance average [8].

We therefore investigated the ROC areas for the differ-

ent classifiers. In Table 2, it is clear that the ANN-based

conventional marker classifier and the NPI performed as

well as the gene expression method, whereas the NIH

criteria was not so impressive. Results from the St.

Gallen criteria are absent since a ROC curve cannot be

uniquely defined for a classifier that depends on several
independent thresholds.

Tables 1 and 2, and Fig. 1 show that the ANN-based

conventional marker classifier performed well, slightly

better than the NPI and in parity with the gene ex-

pression classifier. The dominating architecture of the

ANNs had no hidden nodes and this corresponds to

simple logistic regression. To illustrate how these net-

works could be transformed into something more useful
in a clinic, we chose the most often selected ANN design

and constructed a new network with no cross-valida-

tion. The resulting logistic expression had the form:

F¼ 1.0*(histological grade) + 0.51*(size in cm)-0.14*

(age in years) + 1.2*(angioinvasion status)) 0.011*

(ERp)) 0.00026*(PgRp)) 0.34*(lymphocytic infiltrate)+

3.0, where F > 0 implies a poor prognosis. Here, ERp

and PgRp refer to percentage stained cell nuclei with
immunohistochemical staining for ER and PgR, re-

spectively. The final term 3.0 is set to give 10% false-

positives with the threshold F ¼ 0.

It should be emphasised that this formula is not

presented as a final candidate for a better prognostic

index. In particular, the function F is independent of

axillary node status, which is a natural consequence of

the fact that all samples in the study are node-negative.
Rather, the presented formula exemplifies how ‘‘black

box’’ machine-learning algorithms – such as ANNs –

can often be disentangled to a more transparent form.

In the public data-set, 68 patients were ER positive

(+) and 29 were ER negative ()). In contrast to the

ER+cohort, there was a substantial overlap within the

Table 1

Size of good prognosis group and odds ratios (maximum likelihood

estimates) with 10% misclassified of the metastasis group

Method Good prognosis

M+/M)
OR 95% CI

(Fisher’s exact)

All 97

Gene expressiona 4/31 15.7 4.7–70

Conventional

Markersb
4/25 9.8 2.9–43

NPI 4/21 7.2 2.1–32

NIH criteria 4/6 1.4 0.3–7.2

St. Gallen criteria 0/7 Infinity 1.4–infinity

ER+

Gene expressiona 3/27 14.7 3.6–90

Conventional

Markersb
3/26 13.3 3.2–80

NPI 3/22 9.0 2.2–54

NIH criteria 3/4 0.9 0.13–6.4

St. Gallen criteria 0/7 Infinity 1.0–infinity

The good prognosis group is presented for M+ (false-positives) and

M) (true-positives) separately. The St. Gallen criteria depends on

several independent thresholds, and since the choice of those giving 10%

false-positives would be rather arbitrary, the standard set of thresholds

was used. This gave no false-positives for the St. Gallen criteria.

OR: odds ratio; CI: confidence interval; ER: oestrogen receptor;

NPI: Nottingham prognostic index; ANN: artificial neural network;

NIH: National institute of health.
a Leave-one-out cross-validation results, using the correlation clas-

sifier.
b Leave-one-out cross-testing results, using ANN committees con-

structed with cross-validation.

Fig. 1. Kaplan–Meier survival curves for the good and poor prognosis

groups of the 97 tumour patients using gene expression measurements

(blue curves), ANN-based conventional marker classifier (red curves)

and the NPI (green curve), respectively. The classification output

thresholds were set so that 10% of the patients with metastasis were

misclassified. P < 0:0001 (log-rank test) for both blue and red curves

and P ¼ 0:0016 for the green curves.

Table 2

Metastasis prediction performances (ROC areas)

Method All 97 samples ER+ samples ER) samples

Gene expressiona 0.76 0.79 0.19

Conventional

Markersb
0.78 0.85 0.42

NPI 0.77 0.81 0.57

NIH criteria 0.67 0.66 0.61

ROC: receiver operating characteristic curve.
a Leave-one-out cross-validation results, using the correlation

classifier.
b Leave-one-out cross-testing results, using ANN committees con-

structed with cross-validation.
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ER� cohort where the two methods failed. This obser-

vation, together with recent findings that ER+ and ER)
tumours represent two distinct disease phenotypes [9],

strongly suggests that prognostic predictors should be

constructed separately for the two groups. In doing so

for the 68 ER+ patients, using the same classifiers and
validation procedures as above, the performance in-

creased in terms of ROC areas for all methods (see

Table 2). In Fig. 2, the Kaplan–Meier survival curves

are shown for the three methods using data from pa-

tients with ER+ tumour samples. The exclusion of ER)
patients resulted in minor threshold changes. The NPI

threshold became 3.4, identical to the conventional one.

As can be seen, the methods performed in parity.
Attempts were also made to build a classifier based

upon the 29 ER) samples (19 with metastasis and 10

without) with no success for either of the approaches

(see Table 2). To investigate if the poor result was an

indication that the ER) category represents a more

heterogeneous disease, or was merely a consequence of

limited statistics, we processed 20 subgroups of 29 ER+

samples with the same proportion of cases with metas-
tasis as in the ER) cohort, using the same procedure as

for the other cohorts. In this case, the average ROC

performances for the microarray- and the ANN-based

conventional marker classifier were rather high, 0.69 and

0.81, indicating that metastasis is indeed more difficult

to predict in ER) breast cancer than in a ER+ one.

4. Discussion

In general, proper evaluation of putative new

prognostic factors such as gene expression profilers is

of utmost importance from a clinical perspective. It

may also have an economical impact on the health

care system. Such an evaluation should fulfill certain

criteria [10]: e.g., confirmative studies by other

groups, well-designed, high-powered prospective clini-
cal trial designed specifically to address the question,

well-performed meta-analyses, and quality control

studies of the assay. Furthermore, one of the most

important issues concerns whether the new factor

gives information, about clinical outcome and treat-

ment sensitivity, in addition to that obtained by

classical factors.

In our study of the public data-set presented by van ’t
Veer and colleagues, the classifications based on gene

expression and on more conventional markers per-

formed in parity. This is in sharp contrast to the claims

of van de Vijver and colleagues [3],where the NIH and

St. Gallen indices are used for comparison, rather than

the widely used NPI or an optimised use of the indi-

vidual markers. To some extent the two methods fail for

different samples, and they may therefore complement
each other in a unified predictor. With the present

statistics this cannot be demonstrated convincingly,

but opens up the possibility of future studies with

larger cohorts. The good results of the ANN classifier

(Tables 1 and 2 and Fig. 1) suggest that a similar search

for a new prognostic index, in a larger and more diverse

cohort, could be worthwhile.

We conclude that despite the emergence of micro-
array data, the conventional markers are by no means

outperformed as prognostic factors in breast cancer.

Hence, care should be exercised before drawing too

strong conclusions when it comes to the power of mi-

croarray gene expression data as prediction tools.

However, it should be stressed that microarray tumour

expression data brings additional knowledge to the ta-

ble; i.e., insights into the important genes and pathways
that underlie the disease outcome. In addition, one

should keep in mind that microarray technology is still

relatively new as compared with the use of conventional

markers.
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A B S T R A C T

A large proportion of breast cancer patients are treated with adjuvant chemotherapy after

the primary operation, but some will recur in spite of this treatment. In order to achieve an

improved and more individualised therapy, our knowledge in mechanisms for drug resis-

tance needs to be increased. We have investigated to what extent cDNA microarray mea-

surements could distinguish the likelihood of recurrences after adjuvant CMF

(cyclophosphamide, methotrexate and 5-fluorouracil) treatment of premenopausal, lymph

node positive breast cancer patients, and have also compared this with the corresponding

performance when using conventional clinical variables.

We tried several gene selection strategies, and built classifiers using the resulting

gene lists. The best performing classifier with odds ratio (OR) = 6.5 (95% confidence inter-

val (CI) = 1.4–62) did not outperform corresponding classifiers based on clinical variables.

For the clinical variables, calibrated on the samples, either using all the clinical param-

eters or the Nottingham Prognostic Index (NPI) parameters, the areas under the receiver

operating characteristics (ROC) curve were 0.78 and 0.79, respectively. The ORs at 90%

sensitivity were 15 (95% CI = 3.1–140) and 10 (95% CI = 2.1–97), respectively. Our data have

provided evidence for a comparable prediction of clinical outcome in CMF-treated breast

cancer patients using conventional clinical variables and gene expression based

markers.

� 2006 Elsevier Ltd. All rights reserved.

1. Introduction

Breast cancer is a heterogeneous disease with a large variabil-

ity in clinical outcome. Adjuvant polychemotherapy (e.g. with

cyclophosphamide, methotrexate and 5-fluorouracil (CMF)) or

anthracycline-containing regimes, produce substantial reduc-

tion in recurrence and mortality. In the metaanalysis, per-

formed by the Early Breast Cancer Trialist’s Collabration

Group, the absolute improvement in 15-year breast cancer

survival after adjuvant polychemotherapy was 10% (from

58% to 68%) for patients under the age of 50.1 Besides an

improvement in clinical outcome, these figures indicate that

a large proportion of the patients will never recur after the

primary operation and do not, consequently, need any further

0959-8049/$ - see front matter � 2006 Elsevier Ltd. All rights reserved.
doi:10.1016/j.ejca.2006.06.031
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treatment with unnecessary side effects. Also, a considerable

proportion of the patients will recur despite treatment with

adjuvant polychemotherapy. Substantial efforts have been

made to identify the group that does not need adjuvant sys-

temic therapy, and to explain mechanisms why some patients

recur in spite of chemotherapy. Possible mechanisms for

recurrence after treatment are low initial drug sensitivity or

an acquired drug resistance. In order to achieve a more effec-

tive and individualised chemotherapeutic treatment of breast

cancer patients in the future, it is essential to increase our

knowledge in mechanisms responsible for drug resistance,

and to define reliable indicators for response to therapy. Com-

monly accepted prognostic factors are lymph node status, tu-

mour size, histological grade, and patient age. Predictors for

the effect of endocrine treatment, currently used in clinical

routine, are oestrogen (ER) and progesterone receptor (PgR)

status, and for the effect of monoclonal antibodies (trast-

uzumab) c-erbB-2 is used. Useful markers for resistance

and/or sensitivity of chemotherapy (CMF and/or antracyclin

based regimes) have not, so far, been identified. Some mark-

ers have shown promising results in a limited number of

studies, e.g. thymidylate synthase and thymidine kinase,2–4

c-erbB-2,5–7 p53,8–11 topoisomerase IIa, and multidrug resis-

tance-associated protein.8,12–14

The development of techniques for gene expression anal-

yses enables an extensive characterisation of malignant tu-

mours. Studies using these techniques in breast cancer have

shown distinct differences in gene expression profile be-

tween hereditary and sporadic breast cancer,15 and between

ER positive and ER negative cancer.16,17 Promising results

have also been obtained for predicting clinical outcome,17–21

both in patients not treated with adjuvant therapy19–21

and in patients treated with adjuvant therapy, endocrine,

chemotherapy, or both.17–19 Furthermore, gene expression

analysis have identified genes involved in mediating the re-

sponse to cytotoxic drugs, e.g. 5-fluoruracil in breast and

colorectal cancer cell-lines, and oesophageal cancer,11,22 cis-

platin in oesophageal cancer,22 anthracyclines in breast can-

cer cell-lines,23 and neoadjuvant taxane treatment in breast

cancer.24 However, before the above mentioned results can

be applied in clinical routine, the data needs to be confirmed,

using other array platforms and other patient materials. Fur-

thermore, one important issue concerns whether the gene

expression analysis provides information about clinical out-

come and treatment sensitivity, in addition to the informa-

tion obtained by conventional clinical factors, already in

routine use. A recent publication from our group25 has

stressed this issue, by showing that clinical markers have

similar power in predicting breast cancer prognosis as cDNA

microarray gene expression profilers, using publicly available

data.20

In this study, we have used cDNA microarray analysis to

predict recurrences after adjuvant treatment of CMF in a

well-defined cohort of patients (premenopausal and lymph

node positive). The ability to predict recurrences after CMF

was also evaluated using clinical markers, publicly available

cDNA expression data used for predicting clinical outcome,20

and a gene expression profile associated with response to

chemotherapy, based on prior knowledge, obtained after liter-

ature search.

2. Patients and methods

2.1. Patient selection

According to treatment guidelines in the regional care pro-

gram for breast cancer in southern Sweden issued 1991, pre-

menopausal lymph node positive (N+) breast cancer patients

were recommended postoperative radiation and adjuvant

chemotherapy. Radiotherapy was delivered to ipsilateral axil-

lary and supraclavicular lymph nodes and the remaining

breast parenchyma after breast conservation surgery or tho-

racic wall after mastectomy. The absorbed target dose was

50 Gy in 25 fractions in one series during 5 weeks. The stan-

dard chemotherapy at that time period was nine cycles of

CMF. Patients for the present study were stringently selected

in a stepwise manner to fulfil the following criteria: premeno-

pausal women with primary breast carcinoma, stage T1-3N1-

2M0, diagnosed 1992–97, frozen primary tumour samples

were still available, referred to the Department of Oncology

in Lund or Malmö for adjuvant radiotherapy, treatment with

nine cycles of CMF, either distant recurrence within 40

months after completion of CMF or remained free from dis-

tant recurrence for 40 months or longer, good quality of ex-

tracted RNA, and successful hybridisation. After this

selection process (Fig. 1) we ended up with 29 recurrences

and 56 recurrence-free patients that were included in the

analysis (Table 1). The study was approved by the ethics com-

mittee at Lund University.

2.2. Chemotherapy

Patients were treated with an intravenous CMF schedule;

cyclophosphamide 600 mg/m2, methotrexate 40 mg/m2 and

5-fluorouracil 600 mg/m2, on day 1, every 3 weeks, for nine cy-

cles. According to the regional guidelines, chemotherapy

should be started within 1 month after surgery. Radiotherapy

was started within 1 month after initiation of CMF. During the

5 weeks of radiotherapy, cyclophosphamide was given at a

dose of 850 mg/m2 every 3 weeks, while methotrexate and

5-fluorouracil were omitted. The delivered chemotherapy

doses were calculated and could be retrieved in 83 of the 85

patients records. The actual dose intensities mg/m2/week

were calculated and showed to be almost identical in the

two groups; 93% of the planned doses for recurrence-free pa-

tients compared to 92% of the patients with recurrences. The

main toxicity of CMF treatment was leucopenia. Dose reduc-

tion due to leucopenia (white blood cells <3.0 · 109/L) was per-

formed in 65% of the recurrence-free patients and in 60% of

the patients that later developed distant recurrence (p = 0.63,

chi-square-test).

2.3. Methods

2.3.1. Conventional prognostic and treatment predictive
factors
Histological grade was re-evaluated for all the samples by the

same observer according to Elston and Ellis.26 The grading

procedure consisted of judgment of tubule formation, nuclear

plemorphism, and mitotic count. Each of these morphological

features was given a score of 1–3 points. The overall histolog-
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ical grade was obtained by adding these points, and was cat-

egorized as follows: grade 1, 3–5 points, grade 2, 6–7 points,

and grade 3, 8–9 points. The Nottingham Prognostic Index

(NPI) is a linear combination of lymph node status, tumour

size, and histological grade, according to the formula:27

NPI = 0.2 · tumour size (in cm) + lymph node status + histo-

logical grade, where lymph node status is 1 for node negative,

2 for 1–3 tumour-involved nodes and 3 when 4 or more nodes

are tumour-involved.

ER and PgR were analysed routinely, at the time of the pri-

mary operation, with enzyme immunoassay according to kit

instructions (Abbott Laboratories, Diagnostic Division, Chi-

cago, IL, USA), and expressed as fmol per mg cytosol protein.

Receptor values above or equal to 25 fmol/mg protein were

considered positive.

The analysis of S-phase fraction (SPF) was also performed

as part of clinical routine in an Ortho Cytoron Absolute flow

cytometer (Ortho Diagnostic Systems, Raritan, NJ, USA). Sam-

ples with an SPF P 12% were classified as high SPF, and those

samples with values below these levels as low SPF.28

2.3.2. RNA isolation and cDNA microarray
Total RNA was isolated from fresh frozen tumours using Trizol

(Invitrogen, Carlsbad, CA) and purified with the RNeasy� Mid-

ikit (Qiagen Inc, Valencia, CA). RNA quality was assessed with

an Agilent 2100 Bioanalyzer RNA 6000 Lab.Chip kit (Agilent

Technologies, Palo Alto, CA) and six samples were excluded

due to poor RNA quality. The protocol for cDNA microarray

has been reported previously.29 Briefly, the arrays were spot-

ted with 27,648 sequence-verified cDNA clones (Unigene). La-

beled cDNA was produced using 25 lg of tumour RNA and

10 lg Stratagene Reference RNA (Stratagene, La Jolla, CA) by

anchored primed reverse transcriptase using CyscriptRT from

the Cyscribe post labelling kit and Cy5-dUTP or Cy3-dUTP

(Amersham Biosciences, Piscataway, NJ). Agilent software

(Agilent technologies, Palo Alto, CA) was used for fluorescence

scanning at 5 lm resolution and Gene pix Pro software (Axon

Instruments, Inc., Union City, CA) for image analysis.

2.3.3. Data mining methods
2.3.3.1. Gene expression analysis. Gene expression analysis

proceeded in three steps: (i) preprocessing, (ii) selection of sig-

nificant genes, and (iii) construction of classifier.

(i) Preprocessing. The data was stored in BASE 30 (BioArray

Software Environment) after the initial image processing step.

Pearson correlations of log reference intensities were calcu-

lated for all pairs of assays. The mean Pearson correlation

for an assay ranged from 0.88–0.93, except for two assays,

which had average Pearson correlation 0.73 and 0.13, respec-

tively. These two assays were excluded from the following

analysis. In BASE, a LOWESS normalisation was applied to

the log ratios.31 Replicate measurements xi of the same repor-

ter on an assay were merged as in 32 and represented by a

weighted mean m = Riwixi/Riwi, where the weight wi is

569 pts registered at regional Tumor Registry 293 pts without frozen tumors
in Lund as breast cancer, premenopausal status,
lymph node positive, and diagnosed 1992-97

276 pts with frozen samples in the tumor bank 51 pts with no radiotherapy at Dept
of Oncology in Lund or Malmö, or
not available patients records

225 pts received adjuvant radiotherapy at dept. 95 pts assigned to other adjuvant treatment
Oncology in Lund or Malmö and patient records regimes than CMF
available

130 pts assigned to adjuvant CMF 37 pts with unconfirmed T1-3N1-2M0 at
patient record review, or <40 months
follow up for patients still recurrence free

93 pts received CMF x 9 as planned, confirmed
T-3N1-2M0 at patient record review, and
>40 months follow-up from end of chemotherapy
for those still recurrence free

30 pts with 63 pts with no 8 pts with poor RNA quality and two
distant recurrences distant recurrence, outliers (see text)

> 40 months

29 pts with 56 pts with no
distant recurrences distant recurrence, > 40 months

Fig. 1 – The selection of patients included in the study.
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expð�3u1=2
i =jxi � mjÞ, the estimated uncertainty of a spot u is

SNR�2
1 þ SNR�2

2 , and SNRi is the signal to background noise ratio

for channel i. The set of equations for m was solved numeri-

cally by simple iteration. The error of the merged value was

defined as U ¼ 1=Rið1=uiÞ þ Riw2
i ðxi � mÞ2=ðRiwiÞ2. We then mod-

ified expression values according to an error model 29 where

expression values xi, now representing the value merged on

reporter, with large uncertainties ui were moved towards the

weighted mean m across assays for that reporter. The modi-

fied expression value was given by x0i ¼ wiðxi � mÞ. After reduc-

ing the importance of low-quality measurements in this way,

the quality weights were not used in the following analysis.

Reporters were excluded if missing in more than 10% of the

samples or if the standard deviation of the modified log ratios

was less or equal to 0.3. After these steps, 4484 reporters re-

mained for further processing.

(ii) Selection of significant genes. Reporters were ranked

according to the Pearson correlation between (modified) gene

expression log ratios and the clinical outcome M (M = 1 for

recurrence and M = 0 for no recurrence). The false-discovery

rate (FDR), defined as the fraction of reporters having a Pear-

son correlation higher than a chosen cut-off value by

chance,33 was estimated from the Pearson correlation density

of 1000 sample label permutations.

(iii) Construction of classifier. This step was done following

closely what was done earlier.16,34,35 The top ten or top 100

genes with the highest Pearson correlation to clinical out-

come were subject to principal component analyses (PCA),

and the principal components with largest eigenvalues were

used for construction of a committee of artificial neural net-

work (ANN) classifiers. The performance was tested by apply-

ing the committee of networks to blind tests. In Khan et al. 35

and Gruvberger et al. 16 single test sets were used. Our goal

was to compare different classifier performances, and multi-

ple test set divisions then provide more reliable estimates.36

The need to retain sufficiently large training sets motivated

small test sets. However, this leads to large variation between

test set results,36 and many random test sets must be consid-

ered. Already facing substantial computational costs when

ranking genes and selecting ANN designs, we therefore

adopted a slightly different approach, where the ANN output

values for all test samples were compiled and finally used to

produce a single test result, as an estimate of the average re-

sult. With this approach, the test set size no longer poses a

major problem, and we adopted a leave-one-out procedure.

In the cross-testing scheme, every member of a pre-

defined pool of different ANN designs (and a new set of genes)

was considered for each new blind test selection. The pool

contained all combinations of the following parameters:

number of inputs = 2, 4, 6, 8, 10; number of hidden nodes = 0,

2; and weight decay parameter = 0, 0.01, 0.03, 0.1. Back propa-

gation (with learning rate = 0.75 and momentum parame-

ter = 0.1) was used to minimise the error function during 50

training epochs, and for each iteration the learning rate was

decreased by a factor of 0.98.

The performance of the classifiers from the different gene

sets was measured by the area under the receiver operating

characteristics curve (ROC area).37 We also calculated the

odds ratios (ORs) after setting the thresholds corresponding

to 10% misclassified in the distant recurrence group. The

interpretation of ORs is known to be delicate 38 but they are

included here for easier comparison to other studies.20,25 All

ORs in this paper are calculated at 90% sensitivity, making

the comparison between them more straightforward than in

the most general case. Compared to the ROC area, the OR is

closer to a clinical reality, where a decision threshold must

be implemented, but sensitive to noise in the studied data

set. The ROC area represents a performance average over a

wide range of thresholds, and is therefore less sensitive to

noise and may better indicate which classifying approach

that has the highest potential.

2.3.3.2. Clinical variables analysis. Five samples missing his-

tological grade were excluded from the clinical variables anal-

ysis. Missing values for SPF were replaced with the mean over

all samples. All tumors were annotated as T1 (6 20 mm), T2

(> 20 mm–50 mm), or T3 (> 50 mm). In two cases, T stage

was the only available information of tumour size. In order

to get a numerical value of size for all samples, these two

missing values were replaced by the mean size over the sam-

ples with the same T stage annotation (T1 and T3,

respectively).

ER, PgR, SPF, and tumour size were in the statistical analy-

sis used as continuous variables.

Two approaches were taken using conventional variables

only. In the first one, the NPI 27 was computed for all patients

without any learning steps. In the other approach, ANN mod-

Table 1 – Clinical and biological characteristics of 85
premenopausal patients, with lymph node positive
breast cancer, treated with adjuvant CMF, subdivided
with respect to if they have developed distant
recurrences or not

Clinical parameter Distant rec No rec

Age at diagnosis

< 40 years 6 9

40–50 years 16 44

> 50 years 5 5

Tumour size

T1, 6 20 mm 3 24

T2, > 20–50 mm 21 33

T3, > 50 mm 0 1

missing value 3 0

Lymph nodes

1–3 pos lymph nodes 16 45

P 4 pos lymph nodes 11 13

Histological grade

1 1 12

2 2 15

3 23 27

Missing value 1 4

ER

< 25 fmol/mg protein 19 20

P 25 fmol/mg protein 8 38

PgR

< 25 fmol/mg protein 18 22

P 25 fmol/mg protein 9 36

SPF

< 12% 7 29

P 12% 16 24

Missing value 4 5
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els were constructed according to the cross-testing and cross

validation scheme above, with the exception that the PCA

step was not performed, since there were only seven variables

(number of tumour-involved lymph nodes, tumour size, his-

tological grade, age, ER, PgR, and SPF). The second approach

was employed using all seven clinical variables, and also

using only the three parameters included in the NPI (number

of tumour-involved lymph nodes, tumour size, and histologi-

cal grade).

Hybrid classifiers were constructed in the same way as for

the gene expression data, but with the clinical variables

added as input nodes. The pool of ANN designs was identical

except for the number of inputs. The hybrid classifier with se-

ven clinical variables had 9, 11, 13, 15, or 17 numbers of in-

puts, and the hybrid classifier with the NPI variables had 5,

7, 9, 11 or 13.

2.3.4. Search strategy and selection criteria for drug
associated genes
Data for the list of known drug associated genes (drug-genes)

was identified during December 2003 – February 2004 (see

Supplement) in two ways. First, already available articles

within this subject were selected. Secondly, published arti-

cles, since 1997, were obtained by two separate searches of

PubMed (http://www.ncbi.nlm.nih.gov/entrez/query.fcgi).

The first one included the search terms ‘drug resistance’,

‘cancer’, ‘cyclophosphamide’, ‘methotrexate’, and ‘5-FU’.

The second search included ‘drug resistance’ and ‘cancer’,

in order to find genes involved in sensitivity or resistance to

other regimes than CMF (see Supplement).

The selection of genes was performed prior to the data

analyses. To find the reporters on our array corresponding

to the genes on our pre-defined gene lists, we used the official

gene symbol. The gene symbols for the van ’t Veer gene list 20

were obtained through ACID 39 using UniGene build 176, and

the official gene symbols for the drug-genes were found man-

ually using Gene and Locus Link. All reporters on our array

that according to UniGene build 180 had a gene symbol repre-

sented on the resulting list were selected. Among the 14,717

reporters that had less than 10% missing values, 245 matched

the 253 initially pre-selected drug genes and 184 matched the

231 van ’t Veer genes. We confirmed that the 184 van ’t Veer-

genes available in our study had similar predictive power in

the data set of van ’t Veer and co-workers, as had the full

set of 231 genes.

3. Results

3.1. False-discovery rates in the different gene sets

The FDR was 6% for the top-100 reporters in the full repor-

ter list containing 4484 reporters (Table 2), but noticeably

higher in the two pre-selected reporter sets. Restricting

the analysis (both gene ranking and permutations test) to

the drug-genes gave a 42% FDR, and correspondingly a

31% FDR for the van ’t Veer genes. The top-100 reporters

from the different reporter lists can be found in the supple-

mentary information.

When using the top-10 reporters, the FDR:s were lower

(Table 2). The unrestricted top 10-list is listed in Table 3a,

and this list includes genes involved in functions such as

signalling, gamma-aminobutyric acid metabolism, RNA pro-

cessing, N-linked glycosylation via asparagines, electron

transport, nucleotide binding, activation of T and natural

killer cells, ATP binding, and metalloendopeptidase inhibitor

activity. The top drug-genes were according to earlier studies

important for resistance mechanisms to doxo- and epirubicin

treatment,10,23 methotrexate 10,40 and docetaxel, 24 cisplatin,41

5-FU, 11 vincristine,10 vindesin,10 mitomycin C 10 and thio-

tepa,10 and they are involved in cell proliferation, RNA pro-

cessing, DNA-damage response, nucleotide biosynthesis,

N-linked glycosylation via asparagines, estrogen receptor

signaling pathway, and anti-apoptosis (Table 3b).

3.2. Predictive power of the different gene sets

Using PCA and ANN, the different lists of top-10 and top-

100 reporters were used to classify the two groups of pa-

tients, with and without distant recurrences after adjuvant

CMF, after proper division of data into training and valida-

tion tests (see Materials and methods). For each blind test

sample, a new ranking of reporters was performed, based

on the remaining samples. This was done to avoid informa-

tion leaks in the analysis. Thus, the resulting predictions

were not a test of a specific top reporter list, but rather a

test of the full reporter set from which top lists were gener-

ated. The result in terms of ROC area (see Materials and

methods) was higher for the drug-genes top-10 reporters

than for the other two top-10 gene selections, which both

had similar results. The ORs were significantly above 1

(> 95% CI, Fisher’s exact test) for the drug-genes top-10

reporters and for the unrestricted top-10 reporters. Select-

ing the top-100 reporters gave worse prediction perfor-

mance for all three reporter sets, both in terms of ROC

area and OR.

3.3. Predictive power of the clinical variables

When using the same ANN procedure to build a classifier,

including leave-one-out, NPI parameters and clinical markers

yielded ROC areas comparable to the drug-genes top-10 repor-

ter result, and higher ORs than all tested classifiers based on

gene expression (Table 4). The classifier using all seven clini-

cal markers performs better than the one using only the three

NPI parameters. Using NPI directly, without calibrating any

Table 2 – Pearson correlation coefficient and number of
false positive among 100-top genes for unrestricted,
drug, and van ’t Veer genes

Reporter set Pearson correlation False discovery rate (%)

Unrestricted

top 10 0.42 2.0

top 100 0.34 6.2

Drug-genes

top 10 0.30 9.3

top 100 0.15 42

van’t Veer

top 10 0.34 1.8

top 100 0.15 31
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classifier on the data set, improved the results in terms of

ROC area further. Using both clinical and gene expression

data in hybrid classifiers did, however, not improve the

results.

3.4. Gene ontology

The three top 100 gene lists (unrestricted, drug, and van ’t

Veer) were functionally classified by annotating the genes with

gene ontology followed by clustering into biological processes.

Out of the most frequent biological processes, three processes

were found on all three gene lists, mitosis, cytokinesis, and

regulation of cell cycle, which are all processes related to cell

proliferation. Data also indicates that the drug and van ’t Veer

lists are more similar since several processes such as cell cycle

and cell growth maintenance were uniquely common in these

two gene lists. Some processes were represented in only one of

the gene lists. In the unrestricted gene list several biological

processes involving signaling were more common, whereas

in the drug gene list, biological processes involving protein

modifications and regulation of cell proliferation were found.

In the van ’t Veer gene list no clear trend could be found due

to too few processes present only for this list.

4. Discussion

The present study was focused on trying to explain why cer-

tain patients recur in spite of adjuvant chemotherapy (CMF).

Currently available conventional factors are not considered

sensitive enough for this selection. We constructed classifiers

based on conventional markers and gene expression as mea-

sured by cDNA microarrays. We found that gene expression

data could not improve the predictions. The strength of the

conventional markers in relation to the gene expression pro-

file is thus a confirmation of the results from a previous paper

from our group,25 using publicly available data of van ’t Veer

and coworkers.20

Table 4 – The effectiveness of variables for separating in
recurrence versus recurrence-free patient groups is
measured using the ROC area and odds ratios (OR), using
the top ranked reporters of the unrestricted (unrestr.),
drug and van ’t Veer reporter sets, respectively

Reporter set ROC OR 95% CI (Fischer’s
exact test)

Unrestricted

Top 10 0.70 6.5 1.4–62

Top 100 0.60 2.0 0.36–21

Drug-genes

Top 10 0.78 6.0 1.3–57

Top 100 0.57 2.3 0.42–23

van ’t Veer

top 10 0.69 3.9 0.80–38

top 100 0.65 1.9 0.36–21

Clinical variables and combinations

All seven 0.78 15 3.1–140

Incl.top 10 unrestr. 0.71 1.2 0.18–14

Incl.top 100 unrestr. 0.66 1.5 0.24–16

Three NPI parameters 0.74 10 2.1–97

Incl.top 10 unrestr. 0.72 5.0 1.0–48

Incl.top 100 unrestr. 0.76 2.1 0.37–140

NPI 0.79 10 2.1–97

As a comparison, the corresponding values for NPI and the seven

clinical variables, as well as the combinations of clinical variables

and the unrestricted reporter set, are shown.

Table 3 – A list of the top-10 unrestricted genes (a) and drug genes (b) were ranked using Pearson correlation and classified
with ANN. +/� indicates if the gene is up or down-regulated in the group with no distant recurrences

Gene name Gene symbol Acc number Up/down

(a)

4-aminobutyrate aminotransferase ABAT BC008990 +

Serum/glucocorticoid regulated kinase-like SGKL H98714 +

Thyroid hormone receptor interactor 13 TRIP13 AA630784 �
Interleukin 12A (natural killer cell stimulatory factor 1) IL12A AI304577 �
Hypothetical protein FLJ40629 FLJ40629 AA417744 �
Dolichyl-diphosphooligosaccharide-protein glycosyltransferase DDOST H96437 �
Arginine-rich, mutated in early stage tumours ARMET R91550 �
RNA binding protein with multiple splicing RBPMS W67323 +

Chromosome 20 open reading frame 129 C20orf129 R96998 �
ERO1-like (S. cerevisiae) ERO1L AA186804 �

(b)

Dolichyl-diphosphooligosaccharide-protein glycosyltransferase DDOST H96437 �
RNA binding protein with multiple splicing RBPMS W67323 +

Cell division cycle 27 CDC27 T81764 +

Baculoviral IAP repeat-containing 5 (survivin) BIRC5 AA460859 �
Oestrogen receptor 1 ESR1 AA291702 +

V-abl Abelson murine leukemia viral oncogene homolog 1 ABL1 H91096 �
Fusion (involved in t(12;16) in malignant liposarcoma) FUS W67581 +

X-ray repair complementing defective repair in Chinese hamster cells 1 XRCC1 AA425139 +

V-raf murine sarcoma viral oncogene homolog B1 BRAF W88566 �
Dihydrofolate reductase DHFR N52980 �

+/� indicates if the gene is up or down-regulated in the group with no distant recurrences.
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The incapacity of gene expression analysis to improve pre-

dictive power may simply be due to a too small cohort in the

study; one could hypothesise that a marker based on multidi-

mensional gene expression data would benefit more from a

larger study than would already established clinical markers.

Our studied cohort was large enough to identify genes rele-

vant for development of distant recurrences after adjuvant

CMF (6% FDR among top 100 ranked genes), but may still be

too small to fully avoid overtraining when building the classi-

fiers. The fact that a combination of clinical parameters and

gene expression data failed to improve the results, and some-

times reduced them, points in this direction. The relatively

poor performances of the hybrid classifiers should therefore

not be seen as any evidence of complete overlap between

information from clinical and gene expression based mark-

ers. Among the classifiers investigated here, the NPI is the

only one that has been calibrated using a large cohort of sev-

eral thousand samples,27 while all other classifiers were cali-

brated on the data set of this paper, consisting of 85 samples.

The rather big difference in performance of the NPI (ROC

area = 0.79) and the classifier based on the three NPI parame-

ters, but calibrated using ANNs on the current data set (ROC

area = 0.74), illustrates the importance of large sample

cohorts.

The apparent need for large sample cohorts when using

gene expression analysis may be explained by the heteroge-

neity of breast cancer, with many subpopulations. Among

clinical variables, some markers (e.g. ER status) mainly distin-

guish disease subtypes which correlate to outcome, while

other markers (e.g. tumour size) may correlate more directly

to the progression of the disease. The huge amount of infor-

mation embedded in genome-wide studies should, in princi-

ple, allow for extraction of both kind of markers in gene

expression data, but it is not inconceivable that genome-wide

profiling is more related to disease subtypes 16,42 than to pro-

gression. If so, gene expression analysis may be better suited

for studies aiming at an improved biological insight into the

mechanisms behind the studied disease and its subtypes,

potentially leading to the discovery of new drug targets and

development of new therapeutic protocols. A possible way

to improve gene expression analysis (both for direct marker

design and for gain of biological insight) is to interpret micro-

array data not in terms of individual genes, but in a way closer

related to the underlying biology, e.g. pathways.43

As an initial step in exploiting prior knowledge, we used

literature genes and a gene list from a differently selected co-

hort of breast cancers (van ’t Veer). Also, we interpreted the

results in terms of gene ontology categories and found some

categories in common for the different gene lists. When

studying the gene ontology of the three different top 100 lists

(unrestricted, drug, and van ’t Veer), mitosis, cytokinesis, and

regulation of cell cycle existed on all lists. Since all lists are

created for use of predicting recurrences/drug resistance this

indicates that these well-known tumour genesis processes

are also important for recurring tumours. Worth mentioning

is that the top 100 drug genes and van ’t Veer genes have more

processes in common, in comparison to the unrestricted

genes.

The design of our study, involving only homogeneously

treated premenopausal lymph node positive patients, helps

focus on a well-defined medical question, but also implies

that the recurrence-free group consists of two subgroups,

one with an inherited good prognosis (already being cured

by the primary operation and postoperative radiotherapy)

and one subgroup with inherited bad prognosis, but also

CMF-sensitivity (which without adjuvant CMF would have

developed recurrence). The group having developed recur-

rences may be more homogeneous (inherited bad prognosis

and CMF-resistant), but heterogeneity may still be a prob-

lem, since drug resistance in many cases is acquired, i.e.

changes in gene expression are developed after the adminis-

tration of the drug. Our study has thus only tried to identify

those patients recurring in spite of adjuvant CMF, and for

which alternative treatments should be recommended. The

design of our study makes it impossible to answer which pa-

tients do not need adjuvant systemic therapy and which pa-

tients benefit from adjuvant CMF. CMF has nowadays, to a

large extent, been replaced by other and more effective cyto-

static treatments, e.g. anthracycline or taxane based re-

gimes, but two out of the three drugs included in CMF,

cyclophosphamide and 5-fluorouracil, are also included in

many anthracycline based regimes. The reasons for includ-

ing patients treated with CMF in the present study were to

obtain a long follow up time and enough cases with frozen

tumour tissue available. We furthermore hypothesise that

the concept to test gene expression profile as a prognostic

marker after adjuvant CMF could be generalised to other

cytostatic regimes.

It should be emphasised that we have not pursued a sur-

vival analysis, since as discussed above, the objective was to

construct a classifier for somewhat extreme cases. In part this

choice of procedure was dictated by the limited data set at our

disposal for this question of CMF resistance. Our comparisons

of different classifiers are not very sensitive to excluding the

patients that lacked follow-up to the time threshold.

In conclusion, we have confirmed the strength of conven-

tional markers compared to gene expression profilers for

prognostic considerations, shown by similar performance in

predicting clinical outcome after adjuvant cytostatic (CMF)

therapy. We have also stressed important issues when inter-

preting gene expression data, including gene selection, over-

training, and study design.
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ABSTRACT
Gene expression analyses, were performed on 121 consecutive

childhood leukemias (87 B-lineage acute lymphoblastic leukemias
(ALLs), 11 T-cell ALLs, and 23 acute myeloid leukemias; AMLs),
investigated during an 8-year period at a single center. The supervi-
sed learning algorithm k-nearest neighbor (k-NN) was utilized to build
gene expression predictors that could classify the ALLs/AMLs accor-
ding to clinically important subtypes with high accuracy. Validation
experiments in an independent data set verified the high prediction
accuracies of our classifiers. B-lineage ALLs with uncharacteristic
cytogenetic aberrations or with a normal karyotype displayed hete-
rogeneous gene expression profiles, resulting in low prediction accu-
racies. Minimal residual disease status (MRD) in T-cell ALLs with a
high (>0.1%) MRD at day 29 could be classified with 100% accuracy
already at the time of diagnosis. In pediatric leukemias with uncharac-
teristic cytogenetic aberrations or a normal karyotype, unsupervised
analysis identified two novel subgroups: one consisting mainly of
cases remaining in complete remission (CR) and one containing a few
patients in CR and all but one of the patients who relapsed. This study
of a consecutive series of childhood leukemias confirms and further
extends previous reports demonstrating that global gene expression
profiling provides a valuable tool for genetic and clinical classification
of childhood leukemias.

1 INTRODUCTION
Pediatric acute leukemias constitute a heterogeneous disease entity,
comprised of different genetic, morphologic, and immunophenoty-
pic subgroups with variable clinical features (Hallet al., 2001; Puiet
al., 2000). The most common subtype is acute lymphoblastic leuke-
mia (ALL) with an incidence of 4 cases per 100 000 and year; acute
myeloid leukemia (AML) is less frequent with only 0.7 cases per
100 000 and year (Gustafssonet al., 2000; Forestieret al., 2003).

∗to whom correspondence should be addressed

The prognosis has improved significantly over the last few years,
with the 7-year event free survival for ALL and AML now approa-
ching 80% and 50%, respectively (Gustafssonet al., 2000; Lieet al.,
2003). This improved outcome has mainly been achieved through
stratifying individual patients to different risk and treatment groups
based on, e.g., age, immunophenotype, white blood cell (WBC)
count, central nervous system (CNS) involvement, responseto the-
rapy, and genetic findings (Grimwadeet al., 2001; Johanssonet al.,
2004).

Despite the quite dramatic progress in treatment, risk-
stratification, and biological understanding of childhoodleukemias
over recent decades (Ravindranathet al., 2003), further improve-
ments are still needed. Refined risk-assessment will hopefully result
in the identification of individual patients that may benefitfrom eit-
her more or less intensive treatment regimens. Moreover, increased
understanding of the underlying biology of the various ALL and
AML subtypes will hopefully result in the development of novel
therapies. In this context, cDNA and oligonucleotide microarrays
have emerged as a promising tool for identifying both clinically and
biologically important features. So far, only few large scale (>100
cases) gene expression studies of childhood leukemias havebeen
reported (Anderssonet al., 2005; Yeohet al., 2002; Rosset al.,
2003, 2004; van Delftet al., 2005). In a previous study, we perfor-
med global gene expression profiling of a consecutive seriesof 121
pediatric acute leukemias of different lineages (B-lineage ALLs, T-
cell ALLs, and AMLs) and six normal healthy bone marrows, and
compared genetic subtype-specific gene signatures with an exten-
sive set of fractionated normal hematopoietic cell subpopulations
(Anderssonet al., 2005). Herein, we used supervised learning
algorithms to build predictors capable of classifying the leukemias
according to lineages and genetic changes with high accuracy. For
the T-cell ALLs, we could classify samples with high tumor load
at day 29, already at diagnosis. Among cases with uncharacteristic
cytogenetic changes or with a normal karyotype, unsupervised hier-
archical clustering analysis (HCA) identified two novel subgroups,

1



Andersson et al

one containing mainly patients in complete remission (CR) and one
mainly patients that eventually relapsed. Validation experiments of
prediction of genetic subtypes in an external data set verified the
high accuracy of our classifier.

2 MATERIALS AND METHODS

2.1 Patient material
Bone marrow (BM; n=108) or peripheral blood (PB; n=13) samples from
121 children with ALL (87 B-lineage and 11 T-cell) or AML (n=23) were
obtained at the time of diagnosis. In addition, six normal BMs (NBMs) were
obtained from healthy donors. Details of the studied cohorthave been des-
cribed elsewhere (Anderssonet al., 2005). The leukemias were diagnosed
and treated at either Lund University Hospital (n=89) or Linköping Uni-
versity Hospital (n=32), representing approximately 70% of all childhood
ALLs and AMLs diagnosed at these two hospitals during the study period
(1997-2004). Two different treatment protocols - NOPHO (Nordic Society
of Paediatric Haematology and Oncology) ALL-92 (Gustafsson et al., 2000)
and NOPHO ALL-2000 - were used during the study period. Protocols were
changed on 1 January 2001, time periods (1992-2001 and from 2001 and
onwards). Risk classification during both treatment periods was based on
age, WBC count, immunophenotypic, and karyotypic features, dividing the
ALLs into standard risk/standard intensive [SR/SI; age 2-10 years, WBC
< 10

10 /l and no high risk (HR/I) features], intermediate risk/intermediate
intensive (IR/II; 1-2 years or>10 years, WBC 10-50×10

9 /l and no HR/I
features), high risk/intensive [HR/I; WBC>50 ×10

9/l, CNS or testicular
leukemia, t(9;22), t(4;11), T-cell immunophenotype], very high risk/extra
intensive (VHR/EI; lymphomatous leukemia, together with other HR/I crite-
ria). The AMLs were treated according to the NOPHO-AML93 protocol (Lie
et al., 2003). The treatment protocols and the risk stratification for NOPHO
ALL-92 have been reported previously (Gustafssonet al., 2000). The study
was reviewed and approved by the Research Ethics Committeesof Lund and
Linköping Universities, Sweden.

All cases were analyzed cytogenetically. In addition, the ALLs were
screened for MLL rearrangements using Southern Blot or fluorescence in
situ hybridization analyses (FISH) and for the presence of the fusion genes
BCR/ABL1 [t(9;22)], TCF3/PBX1 [t(1;19)], and ETV6/RUNX1 [t(12;21)]
by the use of RT-PCR. In addition, FISH investigations, using probe cock-
tails for the chromosomes commonly gained in high hyperdiploid ALLs,
(Paulssonet al., 2003) were performed on cases with either normal karyoty-
pes (NKs) or without analyzable metaphases. All analyses were performed
at the Department of Clinical Genetics, Lund, Sweden. The genetic features
are summarized in Supplemental Table 1.

2.2 Monitoring of minimal residual disease (MRD)
status

The ALLs from Lund (n=61) were monitored for MRD status by quantitative
PCR as described in van Dongen et al., 1998. (15) The ALLs fromLinköping
(n=16) were monitored using flow cytometry as described previously (Malec
et al., 2004; Björklundet al., 2003). MRD was available in 77 ALLs, for the
remaining ten ALLs, no MRD data was available due to the lack of a patient
specific primer or no available MRD measurement. As determined by dilu-
tion experiments, the sensitivity of the PCR and the flow cytometric MRD
detection was 1 cell/105 BM cells and 1 cell/104 BM cells, respectively. It
has been shown that MRD measured by flow cytometry or PCR yieldcon-
cordant results (Malecet al., 2004; Nealeet al., 2004). The MRD status was
translated to a scale from 1-6, where a MRD of 1 corresponds to<0.001%;
2 to 0.001-0.01%; 3 to 0.01-0.1%; 4 to 0.1-1%; 5 to 1-10%; and 6to 10-
100% leukemic cells. For classification, cases were dividedinto two groups;
“Low” (MRD of 1-2) or “High” (MRD of 3-6).

2.3 Gene expresison profiling
RNA extraction, labeling, hybridization, scanning, and post hybridization
washing were performed as previously described (Anderssonet al., 2005).
Samples were hybridized to 27K microarrays (Swegene DNA Microarray
Resource Center, Lund University, Sweden) containing 25 648 clones repre-
senting 13 616 Unigene clusters and 11 645 Entrez gene entries, according
to Unigene build 186. The primary data are deposited in Gene Expression
Omnibus (GSE7186).

2.4 Microarray data analyses
The data were analyzed using the GenePix4.0 software (Axon Instruments,
Foster city, CA), and the obtained data matrix was uploaded to the Bio-
Array Software Environment (BASE) (Saalet al., 2002) and analyzed as
previously described (Anderssonet al., 2005). A detailed description of the
analysis is given in the supplemental data in the expanded Materials and
Methods section. HCA was performed in TMEV (Saeedet al., 2003) and
principal component analysis (PCA) was applied using software developed
at the Department of Mathematics, Lund, Sweden. Significance analysis of
microarrays (SAM) (Saeedet al., 2003) was used to find genes associated
with the putative novel groups in cases with no specific genetic change.

2.5 Supervised classification
The k-nearest neighbors (k-NN) algorithm (Dudoit and Fridlyand, 2002) was
used for supervised classification, where the class of a testsample is deci-
ded by the majority class among its k nearest neighbors. A cross-validation
procedure was used to select the number of neighbors and genes used for
classification. From each ranked list the classifier was evaluated in a leave-
one-out cross-testing procedure (for details, see the expanded method section
in the supplemental data).

2.6 Validation experiments in an external data set
To validate the k-NN method to build predictors, the largestchildhood ALL
data set reported to date was used (Rosset al., 2003). In this analysis, our
B-lineage ALL data set was used as a training set and the B-lineage ALLs
from the Ross data set were used as a validation data set. To validate the
T-cell ALL classifier for prediction of MRD, the only data setpublished
reporting both MRD status and gene expression data on pediatric T-cell
ALLs was used (Willenbrocket al., 2004). The training and validation data
sets were generated using different array platforms (cDNA and Affymetrix,
respectively), therefore, data were matched using the Entrez gene numbers,
mean-centered individually with respect to array platform, and analyzed as
previously described (Anderssonet al., 2005). In addition, gene lists from
three additional data sets were used (Yeohet al., 2002; Carioet al., 2005;
Flothoet al., 2006).

3 RESULTS
In a previous investigation, using unsupervised methods, we sho-
wed that pediatric leukemias, to a large extent, segregate according
to lineage (91%) and primary genetic change (85%) (Andersson et
al., 2005). In the present study, we focused on the use of a super-
vised learning algorithm, i.e., k-NN, to construct gene expression
predictors that could stratify the patients into clinically important
subgroups (Supplemental Expanded Methods).

First, we constructed a classifier that made it possible to deter-
mine to which leukemia subtype (B-lineage ALL, T-cell ALL, and
AML) a sample belonged. In this predictor, we also included aset
of NBMs. The overall classification rate was 97%, with only four
cases being misclassified (Fig. 1A, Table 1, Supplemental Table
2), verifying that microarray analysis in combination withsuper-
vised learning algorithms can predict the type of leukemia for an
individual sample with a very high accuracy.
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Table 1. Classification accuracies for the supervised analyses.

Class No. of samples No. of misclassified samples Apparent accuracy (%) Sensitivity (%) Specificity (%)

Prediction of leukemic subtypes
Normal bone marrow 6 0 100 100 100
B-lineage ALL 87 1 99 99 98
T-cell ALL 11 1 91 91 99
AML 23 2 91 91 98
TCF3/PBX1 6 0 100 100 100
High hyperdiploidy 29 0 100 100 100
ETV6/RUNX1 20 1 95 95 97
Prediction of genetic subtypes among the AMLs
MLL 10 1 90 91 100
other 13 0 100 100 92.4
Prediction of MRD-status in T-cell ALLs
T-cell ALL High MRD 5 0 100 100 100
T-cell ALL Low MRD 4 0 100 100 100

Apparent accuracy was determined by leave-one-out cross validation.
Sensitivity is the number of positive samples correctly predicted divided by the number of true positives.
Specificity is the number of negative samples correctly predicted divided by the number of true negatives.

Second, we constructed and evaluated the performance of a
classifier capable of predicting the presence of certain genetic chan-
ges within each lineage. Among the B-lineage ALLs, a sufficient
number of samples for classification of molecular genetic change
was obtained for t(1;19) 6 cases, t(12;21) 20 cases, high hyperdi-
ploidy (>50 chromosomes; 29 cases), NK 7 cases, and a group
of 20 cases with uncharacteristic cytogenetic changes, designated
“others”. Because the group ”others” was expected to be heteroge-
neous, no gene lists for ”others” versus the rest were used inany
of the classifiers. The overall accuracy, which was 75%, was affec-
ted by the fact that samples in the subgroup “others” and NK were
misclassified in 69% and 57% of the cases, respectively (Supple-
mental Table 3). When the group ”others” was removed and the
remaining samples reclassified, the accuracy reached 94%, with
only four cases misclassified (Supplemental Table 4). When only
cases with TCF3/PBX1, ETV6/RUNX1, and high hyperdiploidy
were considered, the classification accuracy reached 98%, as pre-
viously demonstrated by us (Anderssonet al., 2005). (Fig. 1B, Table
1, Supplemental Table 5). Following the approach taken by Rosset
al., 2003 we also built a classifier in which cases designated “others”
were combined with those with an NK, obtaining an accuracy of
83%.

Only two classes could be considered among the AMLs - those
with MLL rearrangements (10 cases) and those without (13 cases).
The overall classification accuracy reached 96%, with only one case
being misclassified (Table 1, Supplemental Table 6).

Attempts to build classifiers were also performed for several clini-
cal variables, such as sex, age, and WBC, but apart from prediction
of sex, which resulted in 100% classification accuracy, all other
parameters resulted in low prediction accuracies.

3.1 Prediction of relapse and MRD status
In a next step, we aimed at identifying a gene expression pattern that
at the time of diagnosis could predict which patients would deve-
lop a relapse. Among the B-lineage ALLs, 70 patients in CR and

seven patients who later relapsed (R) were available and 11 repor-
ters (false discovery rate (FDR) = 0) associated with relapse were
identified using SAM (Supplemental Table 7). In agreement with a
previous report (Rosset al., 2003), we could not, however, construct
a predictor that could predict relapse in ALLs across the genetic sub-
types already at diagnosis. In the AMLs, 10 cases were in CR and
7 developed a relapse during the study period; no signature across
the genetic subtypes was identified for relapse. The leukemias were
therefore subdivided according to genetic subtype and reclassified.
In this analysis, only ALLs diagnosed before 2001 (n=23) were
considered to allow for detection of relapses up to 5 years from
diagnosis. For the MLL positive AMLs, all cases irrespective of
date of diagnosis were included. Classifications were performed for
cases with high hyperdiploidy (CR=13; R=3), 11q23/MLL rearran-
gements (AMLs) (CR=4; R=3), and T-cell ALL (CR=4; R=3). No
signatures at the time of diagnosis were identified that could predict
patients that later relapsed.

In ALL, it has previously been reported that a high tumor load
(>0.1%) at day 29 of treatment increases the risk of having a relapse
(Björklund et al., 2003). We hypothesized that such patients would
have a unique gene expression profile already at the time of dia-
gnosis, but could not identify a single set of genes that identified
samples with a high day 29 MRD across the various subtypes.
Instead, we investigated if the MRD status could be predicted in
T-cell ALLs and among the genetic subtypes in B-lineage ALL.
Among the B-lineage ALLs, no gene expression profile was iden-
tified that could predict a high MRD at day 29. In the T-cell ALLs
however, we could, already at the time of diagnosis, identify samp-
les with a high or a low MRD at day 29, with an overall accuracy
of 100% (Fig. 1C, Table 1, Supplemental Table 8). Cases with a
high MRD showed enrichment for genes involved in the JAK/STAT-
cascade (e.g., JAK3, STAT2, and STAT5A) or with catalytic activity
(e.g., DNMT3B, CYP2S1, CYP2C8, PTGIS, and CYP4F12) among
the upregulated genes. For the downregulated genes, an enrichment
of genes with ubiquitin-specific protease activity was found. No spe-
cific genetic abnormalities were found to be characteristicfor cases
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Fig. 1. Principal component analysis (PCA) showing classifiers generated using k-NN.A. PCA of B-lineage ALL (blue), AML (red), T-cell ALL (pink), and
NBM (grey), using the combined gene lists used for classification. The samples misclassified are colored in white; two cases (one T-ALL and one B-lineage
ALL) were classified as AMLs, one AML was classified as an NBM, and one B-lineage ALL was classified as an AML.B. PCA of the different genetic
subtypes in B-lineage ALLs (TCF3/PBX1, pink; ETV6/RUNX1, blue; high hyperdiploidy, green) using the combined gene lists. As above, misclassified
samples are colored in white. C. PCA of the genes used for classification of T-cell ALLs with high or low MRD status.

having a high MRD; in fact, this group was cytogenetically quite
heterogeneous.

3.2 Unsupervised analysis of leukemias without a
specific chromosomal change

In ALLs and AMLs without specific aberrations, including those
with an NK, treatment decisions rely solely on clinical and immuno-
phenotypic variables. In an attempt to find subgroups of suchALLs
with a poor or a favorable prognosis, HCA was used to group samp-
les based on their similarity, resulting in segregation of the patients
into two major clusters (groups I (n=11) and II (n=9)) (Fig. 2A; For
patient details, see Supplemental Table 9). Interestingly, in group II,
the diagnostic samples from two of the three cases that eventually
relapsed co-segregated, together with one case in relapse.We hypo-
thesized that HCA identified two groups of patients that might differ
with respect to prognosis. SAM (Saeedet al., 2003) identified 72
genes (FDR = 0) associated with the groups, (Fig. 2B, Supplemen-
tal Table 10). GO and pathway analyses revealed a highly significant
enrichment of cell cycle-related genes among the low expressed
genes in group II, indicating a biological difference with regard to
cell proliferation among the two groups (Supplemental Table 11).

3.3 Validation experiments in external data sets
To validate the predictive strength of the classifier, our data set
and the data set from Rosset al., 2003 were used as training and

validation sets, respectively. Only genetic subtypes present in both
data sets were considered (for details, see Supplemental Table 12).
The overall classification accuracy reached 89%, with 9 cases being
misclassified, of which 8 belonged to the group “others”. If samples
designated “others” were removed, the overall classification accu-
racy increased to 96% with only two TCF3/PBX1-positive cases
being misclassified, both as being hyperdiploid. Using a novel
method for normalization of cross-platform differences, we have
previously obtained similar results using this data set as avalidation
set and the Ross data as a training set (Nilssonet al., 2006).

To validate the MRD predictor in T-cell ALL, the only data set
available today with MRD data on pediatric T-cell ALLs was used
(Willenbrock et al., 2004). This data set consisted of three cases
with low and nine cases with high MRD. The predictor classified
correctly 2/3 cases with low MRD (67%), but only 4/9 cases with
high MRD (44%). Furthermore, a previously published MRD pre-
dictor in B-lineage ALLs was applied on our B-lineages ALLs,but
could not predict MRD status in our data set (Carioet al., 2005).
Finally, genes found to be associated with MRD in ALLs in a
recently published paper were also investigated in our dataset, but
as above, they could not separate out our leukemias based on MRD
(Flothoet al., 2006).
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Fig. 2. HCA identifies a novel subgroup among leukemias with uncharac-
teristic genetic changes.A. Unsupervised HCA using 4451 reporters reveals
segregation of samples into two groups using Pearson correlation and ave-
rage linkage.B. Supervised HCA of the genes identified using significance
analysis of microarray analysis (SAM). GO analysis of thesegenes showed a
highly significant enrichment of cell cycle genes; highly expressed in group
I.

4 DISCUSSION
Using gene expression profiling and supervised learning algorithms,
we have classified a consecutive series of 121 pediatric acute leuke-
mias based on lineage and genetic subtype with high classification
accuracies (97% and 98%, respectively). The high accuracy of the
predictor was independently validated on the largest data set on B-
lineage ALL available to date (Rosset al., 2003). These results,
together with other recent investigations also including>100 child-
hood leukemias (Anderssonet al., 2005; Yeohet al., 2002; Ross
et al., 2003, 2004; van Delftet al., 2005) clearly demonstrate that
gene expression profiling can be used to classify diagnosticsamples
of childhood leukemia into well-known genetic subgroups. When
including cases with an NK or cases with uncharacteristic cytoge-
netic changes (“others”), the overall prediction accuracy, however,
dropped markedly to 75%. The reasons for the difficulties in the lat-
ter prediction are most likely manifold, including that ALLs with
an NK or with uncharacteristic genetic changes are heterogeneous,
making it difficult to detect a significant gene expression pattern.
In an attempt to identify novel subgroups in B-lineage ALLs,we
used unsupervised HCA to investigate the 20 cases with either an
NK or lacking specific genetics changes. Interestingly, twopatient
subgroups were identified and GO analyses revealed a significant
enrichment of cell cycle-related genes being upregulated in group
I. This group mainly contained cases remaining in CR (10 out of
11), whereas group II consisted of six diagnostic cases which remai-
ned in CR, one relapse sample, and two samples from diagnostic
cases that later developed a relapse. No distinct cytogenetic pat-
tern was found to be characteristic for the two groups. Notably,
however, three cases in group I harbored a dic(9;20), a rearrange-
ment suggested to be correlated with a good prognosis (Clarket
al., 2000). Compared to group I, samples in group II showed a low
expression of cell-cycle related genes, possibly indicating impaired
cell proliferation among these samples, that could be coupled to a
decreased sensitivity towards drugs that are effective on prolifera-
ting cells. However, this analysis was carried out on a smallgroup
of patients and further studies are clearly needed to validate these
findings. We also applied the 72-gene signature on the samples desi-
gnated “others” on the data set from Ross et al., but were not able to
separate the novel subgroup described by Rosset al., 2003.

Among the AMLs, classification was carried out for patients with
or without MLL rearrangements. The predictor showed an overall
classification accuracy of 96%, with only one case, a t(6;11), being
misclassified, in line with a previous study (Rosset al., 2004).

A major problem in clinical practice is to identify patientswith an
increased risk of relapse. To detect such patients already at the time
of diagnosis would most likely be beneficial, making it possible to
use a different treatment strategy already up-front. To address this
problem, we first aimed at identifying a gene expression signature
that could predict cases with high risk of relapse across allleuke-
mic subtypes. This approach however failed, which is in agreement
with a previous report (Yeohet al., 2002). Instead, the data set was
divided based on genetic subtype and classified according torelapse
status. We could not predict relapses in high hyperdiploid ALLs, in
MLL-positive AMLs, or in T-cell ALLs. The reasons for this are
most likely manifold, including small patient groups, few relapses,
and/or heterogeneous expression patterns associated withrelapse.
Yeohet al., 2002 obtained significant classifiers for relapse in ALLs
with high hyperdiploidy and T-cell ALLs. The predictors contained
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few reporters (20 and 7, respectively) and when matched against
our microarray platform, very few remained that could be used for
classification.

Another parameter that recently has been shown to be associated
with risk of relapse is high MRD status at day 29 after treatment
(Björklund et al., 2003). We therefore tried to build a classifier that
could classify such patients already at the time of diagnosis, howe-
ver, no single set of genes were identified that could predicta high
MRD at day 29 across the genetic subtypes. For the genetic subtypes
in B-lineage ALLs, prediction of MRD was not successful, resulting
in low prediction accuracies. Only three previous expression studies
have tried to predict MRD status among childhood ALLs (Willenb-
rocket al., 2004; Carioet al., 2005; Flothoet al., 2006). Carioet al.,
2005 reported a classifier of 52 genes in B-lineage ALL showing an
accuracy of 92%. Thirty-two of these genes were representedon our
microarray, but they could not predict MRD status in our dataset.
We also applied the gene signature associated with MRD in ALLs
identified by Flothoet al., 2006 on our ALLs, but again their genes
could not separate our leukemias based on MRD status. Among
the T-cell ALLs, we could, despite the small number of patients,
build a classifier that could predict with an accuracy of 100%pati-
ents with a high MRD at day 29. To the best of our knowledge, no
other studies are available reporting classifiers capable of predicting
MRD status in T-ALL. Although our classifier was specificallydesi-
gned to avoid over-fitting, using a combined cross-validation and
cross-testing procedure, it needs to be validated before future clini-
cal implementation. Because of the low incidence of T-cell ALL,
with only few newly diagnosed case available in our laboratory,
we searched for external data that could serve as independent vali-
dation sets. We were able to identify only one data set reporting
MRD data on T-cell ALL (Willenbrocket al., 2004). Applying our
predictor to this relatively small data set resulted in poorclassifica-
tion accuracy and hence future validation studies are clearly needed.
Looking at the gene list discriminating high from low MRD intere-
stingly identified, JAK3, a gene known to have an important role
in T-cell development (Eynonet al., 2000), as highly expressed in
cases with a high MRD. Several genes known to become activated
by JAK3 were also upregulated, e.g., STAT5A and STAT2 (Ward
et al., 2000). In addition, genes belonging to the cytochrome P450
superfamily, involved in drug metabolism, were highly expressed.
It is tempting to speculate that these genes are responsiblefor the
slow treatment response in T-cell ALL, although this remains to be
elucidated. In contrast to MRD status, relapse could not be predic-
ted among the T-cell ALLs. The reason for this is presently unclear,
but could be a reflection of genetic heterogeneity, the smallsample
size or different biological mechanisms underlying slow treatment
response and relapse.

To validate the k-NN algorithm used for classifying geneticsub-
type among the B-lineage ALLs in the present study, the ALL data
set from Rosset al., 2003 was retrieved and used as a validation
data set, resulting in maintained prediction strength. This strongly
indicates that although different platforms were used to generate the
microarray data, genes having a high predictive strength inour data
set were also differentially expressed in the external dataset (Ross
et al., 2003). Thus, these genes seem to be excellent predictors of
genetic subtypes of B-lineage ALLs.

In conclusion, we have analyzed the gene expression signatures
of a consecutive series of 121 childhood leukemias. Using k-NN,
predictors were constructed that with high accuracy could predict

leukemic and genetic subtypes. This suggests that microarray ana-
lysis is a promising tool for classification of individual patients into
current risk groups based on lineage and genetic abnormality present
at diagnosis. It is however, important to bear in mind that leuke-
mias with a NK or with uncharacterized genetic changes are more
difficult to classify, necessitating the continuous need for detailed
cytogenetic and molecular analyses. We also found two putatively
novel subgroups in B-lineage ALLs with variable genetic chan-
ges, characterized by a differential gene expression signature of cell
cycle-related genes, and identified genes predicting a highMRD at
day 29 in T-cell ALLs at the time of diagnosis. Hopefully, additional
genome-wide studies together with larger validation studies, should
bring forth novel and clinically valuable tools towards thegoal to
further improve current treatment stratification of childhood ALL.
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ABSTRACT
Motivation: For 2-dye microarray platforms, some missing values
may arise from an unmeasurably low RNA expression in one channel
only, which we call one-channel depletion. Information of one-channel
depletion can improve imputation of missing values.
Results: Calculating the mean deviation between imputed values and
duplicate controls in five datasets, we show that KNN-based impu-
tation gives a systematic bias of the imputed expression values of
one-channel depleted spots. From a linear model we estimate a cor-
rection to the imputed values that removes this bias in mean deviation
between duplicates. Evaluating the correction by cross-validation sho-
wed that the mean square deviation between imputed values and
duplicates were reduced up to 52%, depending on dataset. Thus, by
including more information in the imputation step, we more accurately
estimate missing expression values.
Contact: cecilia@thep.lu.se, patrik@thep.lu.se

1 INTRODUCTION
Gene expression profiling using microarrays plays an important role
in many areas of biology. Microarray data however often contains
many missing values. Among the most commonly used computer
analysis tools that require imputation of missing values are data
dimensionality reducing algorithms such as principal component
analysis (PCA) and singular value decomposition, and machine
learning algorithms such as support vector machines. Advanced
imputation methods have therefore been developed such as KNN-
impute (Troyanskayaet al., 2001), Bayesian PCA (Obaet al., 2003)
and LLSimpute (Kimet al., 2005). Missing values and the choice
of imputation method has also been shown to affect the significance
analysis of differentially expressed genes (Jörnstenet al., 2005).

Missing values can occur due to dust or scratches on the slide,
spotting problems or hybridization problems. Obviously proble-
matic spots are manually flagged as missing and are removed
from further analysis. Since there is background hybridization, it
is also customary to subtract the background intensity fromthe
spot intensity, and this also produces missing values. Negative
background-corrected intensities arise if the spot intensity is com-
parable to the background intensity, either due to contamination of
the spot, leakage from neighbouring spots, or from low abundance
of dyed cDNA in the reference or sample.

Currently used imputation models are based on correlationsbet-
ween available measurements in the data matrix (samples× repor-
ters). In KNNimpute a weighted average of theK most similar
genes is used to derive an estimate of a missing value in the gene
of interest. TheK genes are selected using an Euclidian distance

∗to whom correspondence should be addressed

measure. In algorithms like this, no information as to why a measu-
rement is missing is included. We divided missing values into three
categories; those that are missing due to a missing sample inten-
sity only (sample depleted spots), a missing reference intensity only
(reference depleted spots), or other reasons.

We examine if this categorization can be used to improve imputa-
tion, and we choose to work with with the weighted kNN impu-
tation method (WeNNI) since this has been shown to have the
best accuracy among several other imputation methods and data
sets (Johanssonet al., 2006).

2 MATERIALS AND METHODS

2.1 data
We use five datasets for evaluation of our method. Two of them have already
been used for evaluation of imputation methods in Johanssonet al., 2006:
the melanoma and the breast cancer datasets.

The melanoma dataset (Paveyet al., 2004) contains 61 samples obtained
from cell lines. Spots representing 19,200 unique reporters were printed in
duplicate across two slides.

The breast cancer dataset is a subset of a larger ongoing study, and it
contains 55 tumour samples. The number of spots on each arraywas 55,488,
and except for a small number of control spots, all reporterswere printed
in duplicates on the same slide, which results in approximately 27k unique
reporters.

The lymphoma data is also a subset of a larger ongoing study. We selected
the 43 experiments that represented extreme clinical outcomes (complete
cure or primary failure). The dataset uses the same array platform as the
breast cancer dataset.

The mycoepidermoid carcinoma (MEC) dataset consists of 11 tumour
samples and 6 differently transfected cell-line experiments, which are part
of an ongoing study of the disease. Each array contained 36,288 spots and,
except for a few control spots, each spot represented a unique reporter. Every
tumour and cell-line sample was hybridized on duplicate arrays. The primary
tumour and transfected cell-line material address slightly different biological
questions and are here treated as two different datasets.

In the melanoma dataset, the reference common to all assays were derived
from one cell line. In all other studies described here, the reference used is
the Universal Human Reference RNA (Stratagene, La Jolla, CA).

Measurements where the background subtracted intensity iszero or nega-
tive are treated as missing. If the spot is flagged during image analysis as a
bad measurement, the intensity values in both channels in that spot is also
considered missing. In the MEC and lymphoma datasets there are spots mis-
sing due to flagged spots, but in the breast cancer and melanoma datasets
there are no flagged missing values.

The performance of an imputation method is usually evaluated with the
mean squared deviation (msd) between imputed values and controls, the
controls being either artificially removed measurements (Troyanskayaet al.,
2001) or duplicates (Johanssonet al., 2006). We worked with duplicates
since artificial removal of well-measured spots prevents missing value cate-
gorization. Duplicates were either printed on the same array (breast cancer
and lymphoma) or on separate arrays (melanoma, MEC), and were divided
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into two datasets A and B following the approach in Johanssonet al., 2006.
The data was filtered before the analysis to contain at most 50% missing
values in any of the duplicates. We then defined one-channel depleted spots
to be the spots where the intensity in one of the channels was missing or
non-positive after background subtraction.

The difference in experimental setup: cell lines or tumours; duplicates
printed on the same slide or different slides; and various sizes give more
reliable evaluation of the method, and might help identify the type of dataset
for which the method is most useful.

2.2 evaluation - md
Bias in the imputation can be detected by the mean deviation (md)

md =
1

N

X

i

(ximp − xcontrol)i,

wherei runs over allN imputed spots. Without bias, the expected magnitude
of the md between imputed values and duplicate controls is

p

msd/N . For
three types of missing values (sample depleted, reference depleted and other)
we compared md to

p

msd/N .
Sample depleted (sd) spots are those for which the sample channel is mis-

sing, while a measurable reference channel indicates a goodquality spot.
Reference depleted (rd) spots are those for which the samplechannel is mea-
surable, in spite of the poor spot quality indicated by a missing reference. If
information about one-channel depletion is neglected in the imputation, we
expect the imputation to systematically overestimate expression of sample
depleted spots, and systematically underestimate reference depleted spots.
As discussed in the results, this is indeed the case.

2.3 method correction
We developed a method to correct for over- or under-estimation of impu-
ted gene expression values for spots with only one intensitymissing. The
imputed value for these spots are corrected by a linear model.

To smooth threshold effects coming from the distinction between mea-
surable and missing intensities, we compare the reference intensity, Iref ,
(normalized with the average reference intensity of the array) to the mean,
mref , and variance,σ2

ref
, of the intensitiesIref for the corresponding spot

on all arrays. A non-negative variableδref ≡ (Iref − mref )/σref means
that the measured reference intensity of the spot is at leastas good as for the
corresponding spots on the other arrays, which suggests that the reference
channel is missing due to down-regulation. A large negativeδref is instead
an indication of technical problems, with a transition region for small nega-
tive δref . As a variable to the linear correction model we therefore chose a
sample depleted ”quality weight”Qsd = min{1, exp(δref )}.

For reference depleted spots, the variableδref is not available, since the
spot has no reference measurement. As a smoothing measure ofspot quality,
we use the non-negative variablemref/σref . A large mref/σref suggests
that the spot with missing intensity is of much poorer quality than on other
arrays, while a smallmref/σref means that missing intensities could easily
occur irrespective of spot quality. For the linear correction model, we prefer
a variable that reaches an asymptotic value for largemref/σref , and chose
Qrd = 1 − exp(−mref/σref ).

In order to include information about the measured sample intensity, whe-
ther it was barely or distinctly measurable in spite of the poor spot quality,
we also include the variableδsam for reference depleted spots.δsam is the
sample channel correspondence toδref .

The evaluation using md established that imputation based on the full
data matrix on average over(under)-estimates sample (reference) depleted
spots, but the effect may vary from one spot to another. If theimputed
expression of a sample depleted spot is significantly lower than for the cor-
responding spot on the other assays of the experiment, one may suspect that
the down-regulation indicated by sample depletion has beencaptured in the
data matrix. If instead the imputed value of a sample depleted spot is compa-
rable or higher than for other assays, the information aboutdown-regulation
is more likely to have been missed. We therefore let the correction depend

on the variableδrep, which is the imputed expression value correspondence
to δref .

Some reporters vary much more across assays than others. Theeffects of
the correction for sample or reference depleted spots depend on its magni-
tude compared toσrep, which we include as a variable in our correction
model.

The imputed valueximp is modified to a corrected valuexcorr. For
sample depleted spots, the correction is

xcorr = ximp + a0 + aσσrep + aδδrep + aW Qsd,

and for reference depleted spots, it is

xcorr = ximp + b0 + bσσrep + bδδrep + bW Qrd + bsδsam.

2.4 validation - msd
We validate the result of the linear model using three-fold cross-validation,
where the samples are split into three groups and one group isleft out one at
a time. The parametersai andbi of the model are tuned by minimizing the
msd between corrected values and duplicate controls in the remaining two
thirds of the samples. The tuned model is then applied to the validation set.
This was repeated ten times, each time with a new random partition of the
three groups.

2.5 replicate merging
Separating duplicates into setsA and B is useful for evaluating imputa-
tion methods, but in general, merging of replicates is preferable. Typically,
for reporters with at least one measured replicate, other missing replicates
are simply ignored. Having found the information about sample and refe-
rence depletion useful, we wanted to include it in the analysis also after
mergings, even if some replicates are non-missing. For thispurpose, the
weighted merging scheme WeNNI (Johanssonet al., 2006) is highly useful.

The weight of a spot is calculated asw = 1/(1 + β2u) whereu is the
uncertainty defined asu = 1/SNR

2
1 + 1/SNR

2
2 with SNR1 andSNR2 as

the ratio of signal to background noise in the two channels.β is a parameter
set to 0.3 which is the value used in Johanssonet al., 2006.

The merged result is the weighted meanm =
P

i
xiwi/

P

i
wi, where

xi are the expression value of the replicates andwi are the corresponding
weights, wherei runs over replicates. The merged weightW is given by
W = 1/(1 + β2U) with the uncertaintyU updated as in Fernebroet al.,
2006,

U =
1

P

i
1/ui

+

P

i
(xi − m)

2 ∗ w2
i

(
P

i
wi)

2
.

The weightQsd is a heuristic measure of reference quality in sample
depleted spots. Similarly,Qrd is the measure of the reference quality in
other assays, for the reporter of a reference depleted spot.Even if a set of
replicates all have a reference quality weight close to0, the fact that they are
many suggests that the merged weight should be larger. We therefore merge
the weightsQsd andQrd as1 − Q = Πi(1 − Qi).

All other correction variables,δrep, σrep andδsam, are simply averaged
in the merge.

2.6 imputation after merging
The first step of WeNNI is a weighted version of KNNimpute. Using the
(possibly incomplete) data matrix of expression valuesx, and the full data
matrix of quality weightsw (with w = 0 for missing values), a full data
matrix of imputed valuesximp is created.

In the second step of WeNNI, thex, w andximp of each spot are com-
bined into the final valuex′

= wx + (1 − w)ximp. Thus, perfect spots
(w = 1) will havex′

= x while missing spots will havex′
= ximp.

The correction for sample or reference depletion enters between the two
steps, and turns each imputation valueximp into a corrected valuexcorr.
We used 10 neighbours andβ = 0.3 as parameters to the WeNNI algorithm.

In general, a reporter can be represented by well-measured replicates
and/or sample depleted replicates and/or reference depleted replicates. After
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Table 1. Types of data after replicate merging. Each row shows
the different types of reporter information available after merge,
and how the corresponding reporters are treated in the imputa-
tion. Replicate contributions within parentheses are ignored in the
imputation.

replicate contributions treatment of impute value
measured sd rd calibration corrected un-corrected

x (x) (x) x
x x x x
x x x x
x x

(x) (x) x
x x

x x
x

Table 2. Over- and underestimation of missing values. The md
column shows mean deviation (md) of the sd and rd spots after
WeNNI (md), and

p

msd/N is the md expected by random.
Other missing values include all missing values that are not
due to sd or rd, andN is the number of spots. The last column
shows the md of a validation set after linear modification (val.
md).

un-corrected corrected
dataset N md

p

msd/N val. md

MEC tumours
sd 12899 0.53 0.0098 -0.0475
rd 3376 -0.55 0.0234 -0.0237
other missing 21616 0.04 0.0049 -

breast cancer
sd 11733 0.22 0.0079 0.0027
rd 48523 -0.47 0.0046 0.0007
other missing 6865 -0.08 0.0096 -

a merge, this leads to 8 different possible types of reporterdata, as illustrated
in Table 1. The sample depletion correction is calibrated using reporters for
which replicates have contributed with both a measured value x and sam-
ple depleted variables. The correction model is calibratedto minimize the
sum of(x − xcorr)

2. The calibrated model is then applied also to repor-
ters for which sample depletion information, but no measured value, is
available. The correction for reference depletion is calibrated and applied
correspondingly.

For reporters without sample or reference depletion information, or for
which both conflicting types of information is available, nocorrection is
performed. In other words, we set theirxcorr = ximp.

After this, xcorr is used in the second step of WeNNI. The final value
becomesx′

= wx + (1 − w)xcorr.

3 RESULTS AND DISCUSSION

3.1 evaluation - md
Table 2 shows that the sample depleted spots are on average over-
estimated by WeNNI, and that the reference depleted spots are

Table 3. Linear model validation results. The result for the linear model
is shown for all five datasets: the mean square deviation (msd) for sd and
rd spots after WeNNI (msd WeNNI), the validation msd after modifica-
tion (val. msd), and the msd decrease from the msd after WeNNIto the
validation msd after modification.

un-corrected corrected
dataset N msd val. msd msd decrease

lymphoma
sd 1707 1.52 0.73 52%
rd 5441 1.23 0.70 43%

melanoma
sd 10498 1.93 1.87 2.7%
rd 68503 1.99 1.69 15%

MEC cell lines
sd 4284 0.98 0.72 27%
rd 942 1.33 0.86 35%

MEC tumours
sd 12899 1.24 0.90* 27%
rd 3376 1.87 1.31* 30%

breast cancer
sd 11733 0.74 0.67* 9.2%
rd 48523 0.97 0.81* 16%s

*Optimized validation result, see Table 4

underestimated. For these one-channel depleted spots, theimputed
value has a much larger deviation from the duplicate than forthe
other missing values.

The bias for one-channel depleted spots is much larger than
expected by random (

p

msd/N ), while the bias for other spots
is more comparable to random expectation. After modification of
the imputed values for one-channel depleted spots using thelinear
model, the md in the validation set is also comparable to random
expectation.

3.2 validation - msd
The validation result in Table 3 shows that the linear model,minimi-
zing the msd on a subset of samples (the training set) can reduce the
msd on another subset of samples (the validation set). The validation
of the linear model shows an msd decrease in all datasets compared
to the msd after WeNNI.

In addition to the linear model we also considered both a constant
shift (only a0 andb0) and a model including all quadratic terms of
the formσ

2
rep, δrep · Qsd, etc. We used the msd validation result of

the MEC tumour and breast cancer datasets to evaluate these three
different models.

A large improvement in validation msd comes from the constant
shift, as seen in Table 4. The linear model improves the validation
msd for both datasets. Including more terms does not give a note-
worthy decrease in validation msd, except for rd spots in thesmaller
dataset.

We took this as a sign that correction models more elaborate than
the linear model would be prone to over-fitting, at least in datasets
of sizes studied here. Only the linear model was applied to the other
three datasets in this study, to avoid any bias from selection of opti-
mal validation result. To avoid over-training, we did not introduce
any tunable parameters in the weight functionsQsd andQrd.
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Table 4. Model selection. This table shows the
training and validation mean square deviation
(msd) for sd and rd spots in the two datasets used
for model selection.

model MEC tumours breast cancer
sd rd sd rd

un-corrected 1.24 1.87 0.74 1.02
constant

training 0.94 1.54 0.69 0.80
validation 1.01 1.58 0.69 0.80

linear
training 0.84 1.18 0.67 0.79
validation 0.90 1.31 0.67 0.80

quadratic
training 0.82 1.04 0.67 0.78
validation 0.89 1.25 0.67 0.80

Even in a small dataset as the MEC cell lines, containing onlysix
samples, we can calibrate the linear model to improve the imputa-
tion, see Table 3. This suggests that a few duplicates are sufficient
for calibration, which is advantageous especially for large datasets,
where it is expensive to make a duplicate of every experiment.

Even if the correction leads to a lower validation msd and an md
closer to zero, there are individual spots that are corrected in the
wrong direction as an unwanted side effect from the linear model.
The fraction of such spots ranged from 0.007% for the breast can-
cer rd spots to 21% for the MEC tumour rd spots. To check how
much this influences the validation result, we performed thesame
linear regression, but in the correction step we refused to increase
the imputed expression value of sample depleted spots that we know
on average are overestimated. Similarly, we refused to decrease
the imputed value of the reference depleted spots which we know
on average are underestimated. The validation msd changed only a
little. The largest improvements of the msd decrease (see Table 3)
were for the breast cancer rd spots where it changed from 16% to
22%, but for the melanoma rd spots the improvement was reduced
from 15% to 12%. The correction procedure has thus little to gain
by a more elaborate calibration including the constraint that sam-
ple depleted spots should be modified only by a negative valueand
reference depleted spots only by a positive value.

To assess the impact of imputation with missing value categoriza-
tion for finding differentially expressed reporters, we constructed
reporter lists for the 5000 reporters with largest variation after
WeNNI, with and without the linear modification. The reporters
were ranked on Pearson correlation to clinical outcome in the lym-
phoma dataset. The number of sd and rd spots correlated with the
groups of clinical outcome in this dataset with an odds ratioof 13.3,
which manifested itself with a shift towards more positive Pearson
correlations with modified imputation, see Figure 1. However, the
distribution of score magnitudes did not change much, and the false
discovery rate (fdr) curves (Benjaminiet al., 1995), estimated from
random sample label permutations, gave also very similar results for
the two approaches (data not shown). We also studied how the repor-
ter standard deviation changed when applying the linear correction,
and found that the variation increased for the vast majorityof the
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Fig. 1. Pearson scores for clinical outcome in the lymphoma dataset. The
Pearson scores calculated with and without linear correction is shown on the
x- andy-axis, respectively. The diagonal line is inserted to guidethe eye.
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Fig. 2. Reporter standard deviation in the lymphoma dataset. The reporter
standard deviation calculated with and without linear correction is shown on
thex- andy-axis, respectively. The diagonal line is inserted to guidethe eye.

modified reporters, see Figure 2. This implies that more reporters
would survive a variation filter after linear correction, and would be
kept for further analysis, thus allowing for a better sensitivity. The
same analysis was also performed in the MEC tumour dataset, with
very similar results.

We speculate that the missing value categorization is more use-
ful in smaller datasets where the KNN-based method is less likely
to find the correlations needed for a successful imputation.This is
supported by Table 3 where the three smallest datasets lymphoma,
MEC cell lines and MEC tumours show the greatest improvement.
Furthermore, datasets with homogeneous classes, such as exten-
sively FACS-sorted cell populations, or replicates of transfected
cell-lines, are probably more likely to contain those consistently
strong down-regulated genes that will be correctly characterized as
sample depleted. In fact, we can see that in the MEC tumour and
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cell line datasets where the samples represent distinct gene expres-
sion phenotypes, the sd spots outnumber the rd spots in contrast to
the other datasets, where rd spots are more common than sd spots.

In these cases, the imputation method proposed here may not
only help create complete data matrices for algorithmic purposes,
but may also identify strongly down-regulated genes that would not
be found to be differentially expressed by conventional imputation
models.

4 CONCLUSION
Including information about why measurements are missing,we
can reduce the bias in the imputed values to give a more correct
estimation of the expression values.

This correction can be done in any analysis of cDNA microarray
data with at least some duplicates, to allow for calibrationof the
correction based on missing value categorization.
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