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With the great progress of technology in genomics and proteomics
generating an exponentially increasing amount of data, 
computational and statistical methods have become indispensable
for accurate biological conclusions. In this doctoral dissertation,
we present several algorithms designed to delve large amounts of 
data and bolster the understanding of molecular biology. 
MAPK and PI3K, two signaling pathways important in cancer, are 
explored using gene expression profiling and machine learning. 
Machine learning and particularly ensembles of classifiers are 
studied in context of genomic and proteomic data. An approach 
to screen and find relations in protein mass spectrometry data is
described. Also, an algorithm to handle unreliable values in data
with much redundancy is presented.

Med modern mätteknik kan vi mäta cellers egenskaper för alla gener
samtidigt. För att tolka den stora datamängden krävs analysmetoder
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verktyg avsedda att klargöra geners och proteiners inbördes 
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signalvägar, MAPK och PI3K, som är viktiga i cancer.
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Introduction

“It’s like driving a car at night. You never
see further than your headlights, but you can

make the whole trip that way.”
Edgar Lawrence Doctorow

Work is important. When we meet strangers, our first question is “What do
you do?” We are not asking about what they do for leisure as much as we
ask what they do as work. When defining and summarizing a person in a few
words, only one question may be more important: “Is that a miss or a bloke?”
Of course, this latter question is not very often asked verbally. Most people
would probably be offended if you questioned their sex, and in most cases a
quick look is enough to reveal the answer anyway. Telling the profession of a
person from a quick look is trickier though (unless she wears a uniform). And
asking directly may be risky, because what you think is a good ice-breaker may
just be an opening down to an icy-cold hole of water. Either your new friend
starts whining about some kind of luxury problem such as colleagues stealing
her ketchup or colleagues refusing to brew her daily cup of coffee. Or, if she
is not that obsessed with work, she probably categorizes you as shallow, since
she expects a socially skilled person to come up with something slightly more
sophisticated than this cliché question.

When people ask me what I do for a living, I have three standard answers.
Sometimes, I briefly answer: “Well, I’m a PhD student... at the Department
of Theoretical Physics”. Nineteen of twenty people respond with horror in
their eyes and direct the conversation to something completely different. The
twentieth person explains that physics is so amazingly interesting and starts to
ask questions like “If the universe is finite, what is then outside?”, “Is the cat
dead or alive?”, “How come, throwing tepid water on the aggregate, makes the
sauna warmer?”, or “Is one kilogram of ice more than one kilogram of water?”.
The twentieth person is so enthusiastic, it would be heart-breaking to explain

1



2 Introduction

I’m not doing any physics, so I rather try to answer the questions asked.

My second answer is more of an attempt to explain what I do, rather than
describing where my computer and desk happen to be located. However, I find
it difficult to boil down years of work to one sentence and when I try, it often
results in something pseudo-understandable. A sentence containing words like
cancer and statistics. “Cancer and statistics, aha”, they think and take the
opportunity to ask whether sun bathing really is dangerous.

When I feel really enthusiastic about work, I try to be frank and tell them
“Ok, to describe decently what I do, I will need 10 minutes. Have you got 10
minutes?” People must be very stressed because they never have 10 minutes.

Have you got 10 minutes? Anyway, this introduction describes what I have
been up to the last years. The introduction starts with some basic molecular
biology, then follows a discussion on hypothesis testing and machine learning.
The introduction ends with a summary of the five papers this thesis is based
upon.

Molecular biology

“Je n’avais pas besoin de cette hypothèse-là.”
Pierre-Simon Laplace

The atom of life is the cell. All living organisms, from the grass in the garden to
the birds in the sky, are built from cells. Each cell consists of various molecules
including water, nucleic acids, and proteins. Proteins are important because
they catalyze chemical reactions as well as being the building blocks in different
compartments of the cell. Nucleic acids are important because they carry and
mediate the genetic inheritance.

The genetic inheritance is encoded in deoxyribonucleic acids (DNA). Chem-
ically the DNA molecule is a helix composed of two strands that are long
chains of nucleotides with the bases adenine (A), cytosine (C), guanine (G),
and thymine (T). These bases form complementary base pairs between A and
T and between C and G, respectively, with one of the bases in each strand
(Figure 1). Thus, any DNA molecule can be specified by a sequence of letters
from a four-letter alphabet [1].

A key feature of DNA is the ability to replicate. Replication starts with the
two strands being separated. Each of the two single strands works as template
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Figure 1: The DNA molecule consists of two helical strands connected via base
pairs A-T and C-G, respectively. Reproduced with permission (Jane Wang) c©2006
bioteach.ubc.ca.

for the formation of a new DNA molecule. Nucleotides are added sequentially
in such a way that base pairs form and thus the new DNA molecule is a perfect
copy of the original. In this way the genetic information is transfered from
mother cells to daughter cells, and from parents to their children. In higher
organisms, the DNA is found in the nucleus of the cell, wherein it is packed
in units called chromosomes and twisted around positively charged proteins
called histones [2]. The DNA contains thousands of genes, specific sequences
of nucleotides, serving as recipes for how to build a protein. The recipe is
transmitted via an intermediate molecule, messenger ribonucleic acid (mRNA),
very similar to the DNA molecule.

Although each cell in an organism has the same DNA, different types of cells
do not look the same. Different patterns of genes being active lead to different
proteins being produced giving each cell its specific qualities and functions.
For example, the insulin gene is active in the pancreas and insulin is produced,
whereas in all other organs the insulin gene is silenced. When a gene is active,
i.e., it is expressed, it works as a template for creating an mRNA strand in
the same manner as it works as template for a new DNA strand during repli-
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Figure 2: When a gene is expressed, DNA in the nucleus is transcribed into mRNA,
which is transfered to ribosomes in the cytoplasm where it is translated into proteins.
Reproduced with permission (Jane Wang) c©2006 bioteach.ubc.ca

cation [3]. This mRNA strand is moved from the nucleus to the ribosomes
in the cellular cytoplasm where it serves as a template in protein production
(Figure 2).

The ribosome is a neat little complex built from proteins and another kind of
RNA called ribosomal RNA. Yet another kind of RNA, transfer RNA (tRNA),
carry in amino acids. These complexes of tRNA and amino acids bind to
the mRNA, and thereby the amino acids are attached to each other building
a protein chain. As any combination of three tRNA molecules binds to a
specific amino acid, the sequence of the mRNA uniquely defines what protein
is produced.

The proteins are important because they are the doers in the cell. They have
various roles including being building blocks in the cell; receptors in the cell
membrane transmitting signals from outside to the inside of the cell; enzymes
catalyzing chemical reactions in the cell; as well as being regulatory proteins.
Regulatory proteins bind to the DNA and block a gene [4]. Alternatively, the
protein might activate a gene, in other words, it triggers the gene to produce
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mRNA [5–7]. This mRNA in turn serves as template for a protein, which may
be an activator or blocker of another gene and so forth and so on. Activating one
gene may result in a cascade of activated and deactivated genes, respectively,
and one could picture these cascades as genes interacting in a large network.

Cancer

“I don’t give a damn what the people say
I’m gonna do it, gonna do it my way
Gonna let it all out an do my thing

Boom boom boom an a bang bang bang”
Felix Buxton & Simon Ratcliffe

We are all made of cells - billions of cells, and every single cell is programmed
to perform its specific functions. The cells are social in the sense that each cell
knows its role and they work together in a complex network that is regulated
by a sophisticated signaling system.

However, sometimes a cell breaks out from this system and behaves as bad as
a rebellious teenager. A cancer cell is created that ignores the signals from
the regulation system and starts to focus on one thing only, replication. It
multiplies itself frenetically and as its daughter cells inherit the behavior, after
a while there is a significant group of rebellious cells. Just like the teenager,
after some time this group of cells gets the idea that home is sweet but not
sweet enough. They start moving and spreading into other tissues. Their
behavior is now more martial and asocial as they ignore the fact that they
damage the tissue they infiltrate and invade. Eventually, they break into the
transport system of the body and use it to migrate and colonize other parts
of the body. Secondary tumors, metastases, arise, and if these tumors are not
killed or removed, the normal cells will be so seriously damaged that the body
cannot survive.

Taking the perspective of the cancer cells for a few moments, there are a number
of obstacles we have to overcome. The whole idea of being a cancer cell is to
multiply ourselves unimpededly, but the body has various defense mechanisms
to prevent us from doing so [8]. The body sends signals telling us to kick back
and relax a bit [9, 10]. We have no interest in calming down, so we need to
be insensitive to these signals. If things get serious and we are considered a
threat to the system, we will be told to go into apoptosis [11]. Apoptosis is
just a paraphrase for suicide, which of course is unacceptable from our point of
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view. We must avoid apoptosis, and can do that both by silencing those genes
starting apoptosis, as well as activating anti-apoptosis genes. Our behavior is
programmed in our genes, so we change our behavior by mutating important
genes. Normally, cells have a system that checks for mutations and repair the
DNA [12]. These guys are keeping back our purposes so we need to obstruct
their work. Moreover, constant reproduction costs energy, so we need to start
programmes to mobilize cell resources. All together, it is a long list of things
we need to accomplish and will likely need multiple hits on the genome [13].
However, if we are supported by a couple of inherited gene defects, we are more
likely to reach the ultimate goal of freedom and independence.

In breast cancer, for example, it is well-known that carrying a mutation in
BRCA1 [14] is a high risk factor. More than half of women carrying a BRCA1
mutation will get cancer, whereas women without the mutation have a life time
risk of 10% [15].

Genomic and proteomic expression data

“I like thinking big. If you’re going to be thinking
anything, you might as well think big.”

Donald Trump

Until about ten years ago, studies of gene expression were limited to measur-
ing gene expression levels of one or a couple of genes. With the microarray
technology, a new tool was brought to the table allowing studies of thousands
of genes in parallel. The underlying idea is that because mRNA molecules are
instable and decay, the concentration of a specific mRNA reflects the activity of
the corresponding gene. In order to measure the concentrations, the mRNA is
extracted from the sample. By employing an enzyme, reverse transcriptase, the
mRNA is transcribed into complementary DNA (cDNA). The cDNA is labeled
by attaching a fluorescent molecule that absorbs and emits light at a specific
wavelength. The cDNA is applied on the microarray, a small glass slide, on
which thousands of spots have been printed. Each spot contains single stranded
DNA matching a specific gene, and because of the base-pairing mechanism the
applied sample cDNA binds to a specific spot containing the matching DNA.
The microarray is then exposed to a laser beam that excites the fluorescent
molecules, and by detecting and quantifying the emitted intensity from a spot,
the amount of bound cDNA can be measured. Thereby, the gene expression
can be determined for thousands of genes in parallel.
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Peptide mass fingerprinting, first suggested by Yates and collaborators [16], is
a strategy to identify many proteins in parallel. In short, trypsin is applied
to the protein of interest, which results in the protein being cleaved at specific
sites. The resulting mixture of peptides, protein fragments, comprise a unique
identifier of the protein. The masses of the peptides are measured using a
mass spectrometer that relies on the simple fact that heavy molecules accel-
erate slower than light molecules when exposed to an electrical field. In the
spectrometer the peptide mixture of interest is mixed with a chemical called
matrix and applied onto a metal plate. The matrix and peptide crystallize
together on the metal plate and the metal plate is inserted into a vacuum
chamber. The peptides are shot at by laser beams that promote the transition
from solid phase to gas phase, after which the peptides accelerate in the applied
electrical field and are detected in an ion detector, generating a histogram of
time of flights. As heavier molecules accelerate slower, the histogram of time
of flights can be translated into a histogram of masses. This histogram corre-
sponds to a fingerprint of the protein and allows for identification of the protein
by comparing it to theoretical fingerprints [17]. These theoretical fingerprints
have been calculated by cleaving known proteins with trypsin theoretically and
calculating the composition of peptide masses, the mass fingerprint.

Hypothesis testing

“Information is not knowledge. Knowledge is
not wisdom. Wisdom is not truth. Truth is
not beauty. Beauty is not love. Love is not

music and music is the best.”
Frank Zappa

Having measured the expression of all these genes and proteins is good, only
a good start though, because without an interpretation of the data we have
learnt nothing, and learning is what we are striving for, isn’t it?

A standard question in microarray analysis is which genes are differentially
expressed in two groups of biological samples. The groups may, for example,
be samples from one kind of tumor versus samples from another kind, samples
subjected to one kind of treatment versus samples subjected to another kind of
treatment, or samples with a mutation in a specific gene versus samples without
the mutation. This type of question is as old as statistics, and consequently
the statistical literature is full of suggestions on how to measure the difference
between two groups; for a review see [18]. Here, I will not go into details about
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Figure 3: Illustration of the four possible results of a hypothesis test. A type II error
occurs when the data is not strong enough to reject the false null hypothesis. A type
I error occurs when a true null hypothesis is rejected. The significance level sets the
balance between rejected and accepted and thereby the balance between type I and
type II errors.

different methods, but sketch the basic concepts in hypothesis testing such as
null hypothesis, alternative hypothesis, significance level, and power.

To describe these concepts I will use a very well-known example of hypothesis
testing that is illustrated in tv series such as “LA Law”, “Boston Legal”, or
“Perry Mason”. Perry Mason, the hero of my childhood, is a lawyer who in
every episode convinces the jury to “find the defendant not guilty”, and the
hypothesis testing I am talking about is of course the procedure of a trial.
In a trial, the null hypothesis simply is the assumption that the defendant is
innocent. In a scientific investigation, the null hypothesis often indicates that
the treatment did not do anything or that the property of interest does not
make a difference. The alternative hypothesis is the opposite, the hypothesis
the researcher (believe in and) want to evaluate. In a trial the alternative
hypothesis is the reason the defendant was arrested in the first place.

An important observation is that it takes infinite amount of evidence to prove a
hypothesis, whereas it only takes one good piece of evidence to disprove it. For
that reason it is every prosecutor’s strategy to disprove the null hypothesis.
If the null hypothesis is rejected, logically the jury will accept the alterna-
tive hypothesis and send the criminal to jail. The same strategy is employed
in statistics. Given the evidence, the statistician calculates the probability the



Hypothesis testing 9

evidence would appear this strong, if the null hypothesis were true. If this prob-
ability, the p-value, is small, the null hypothesis is rejected and consequently
the alternative hypothesis is accepted. A standard threshold for rejection is a
p-value cutoff of 0.05, which means that on average 5% of true null hypotheses
are rejected. This is not perfect but means, what in statistics is called, type
I errors occur. Alas, the same type of error occurs in the court. Although
the null hypothesis shall only be rejected when evidence is convincing beyond
reasonable doubt, it sometimes happen that innocent people are sent to jail.
Most people find this error upsetting, but very few people would accept the
only possible solution to avoid this travesty on justice. Because the solution
is to re-write the law such that people are only sent to jail when we can be
absolutely sure they are guilty, and being that strict means we cannot judge
anyone, in other words, also criminals are set free. In statistics, accepting a
false null hypothesis is referred to as a type II error. In a scientific investiga-
tion the balance between type I errors and type II errors may be set by the
investigator, by choosing a significance level, i.e., the threshold for the p-value.
A smaller threshold leads by definition to fewer type I errors, and thus more
type II errors. However, there are ways to decrease the number of type II error
without changing the significance level. A trivial way is to collect more evi-
dence in the first place and make the decision easier for the jury. Another way
is to choose a jury that can interpret the data in a more clever and powerful
way. This is applied in some legal systems, in which the jury is replaced by
educated judges who know the law. In statistical testing this corresponds to
choosing the most powerful test. A test is considered more powerful if it has
less expected type II errors.

Another situation in which you apply hypothesis testing is when you play a
good game of poker. Imagine you notice the new fellow around the table gets
good cards a bit too often. Then you would ask yourself what the chances are
he could get those cards by chance. If that chance is too small, it cannot only
be good luck and the night might end with a smoking gun.

Do think twice though, before you shoot your new friend. The chance of getting
the best hand, a royal straight flush, in one round may be small. However, if
the night is getting late and you guys have played many rounds, the chance
that one of your friends would get a royal in one of the rounds is not that
small anymore. The same thing occurs in the microarray analysis. The chance
that a specific gene gets a p-value less than say 0.01 is by definition only 1%.
However, when we have measured 50,000 genes, the chance that at least one
p-value is less than 0.01 is virtually 100%.

More exact, by pure chance we expect 1% of the genes to be discriminatory
and have a p-value less than 0.01. Thus, a natural question is whether there
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are more discriminatory genes than we would expect by pure chance. If there
is a great overabundance of discriminatory genes, then the expression profiles
of the two groups can be claimed to be different.

A more sophisticated way to investigate the difference between two groups is to
employ machine learning methods. In machine learning an optimal decision rule
is found by learning from data. This approach gives a more holistic picture than
looking at a gene at a time. Methods such as nearest centroid classifiers [19],
support vector machines [20], and artificial neural networks [21] have been
found to be useful. When the machine manages to distinguish the groups
this means there is a difference between the groups. If the machine fails, we
can conclude the possible difference is more subtle. Another application for
machine learning in this area is to really use the created predictors in clinical
settings as a diagnostic tool.

Support vector machines

”Endast idioten har ett fritt val. Den
intelligenta väljer det bästa.”

Willy Kyrklund

In machine learning a machine is trained to distinguish training samples ac-
cording to sample labels. A decision rule is found that may be applied on test
samples to evaluate the machine, or the rule may be used to predict a sample
with unknown sample label. The support vector machine (SVM) is a popu-
lar machine learning method. The embryo of what would become SVM was
brought to the world in 1963 in the form of Vapnik’s maximal margin classi-
fier [22]. The method was later on improved by the usage of kernels [23], which
made it applicable also on non-linear problems; and with the introduction of
soft-margins [24] the method became famous under the name support vector
machines.

The SVM method is built on kernel theory [25,26], Kuhn-Tucker optimization
theory [27], and Vapnik Chervonenkis risk minimization theory [28], which may
frighten even the most enthusiastic newbie. However, as with cars, we do not
need to understand the components to motivate the usage. Here, I will describe
the basic properties of the SVM; for a more thorough introduction see [29].

For a linear classification method finding a classification rule is to find a hy-
perplane separating the two groups of training samples. In the first version of
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SVM, the maximal margin classifier, the classification rule is found by consider-
ing two things. First, a condition for the classification rule is that the training
samples are correctly classified, in other words, the found hyperplane does sepa-
rate the two group of training samples perfectly. Second, among all hyperplanes
fulfilling this condition, the hyperplane that maximizes the margin is chosen.
The margin is the distance from the hyperplane to the closest training sample,
and thus maximizing the margin is to maximize the width of the sample free
strait around the decision hyperplane (Figure 4). Mathematically, this situa-
tion is equivalent to my favorite problem in mechanics. Imagine two parallel
boards attached with numerous springs pushing the boards apart. However,
when the boards reach certain points (the data points) forces are triggered in
these points perpendicular to the board such that the boards never cross the
points. For the static situation there are two obvious questions: 1) How are the
boards positioned? 2) How large are the forces? The first question is obviously
equivalent to finding the hyperplane in the maximal margin classifier, because
in the static solution the potential energy from the springs is minimized which
means the distance between the boards is maximized. Interestingly, the second
question is often easier to answer. In fact, a good strategy to find the answer to
question 1 is to first find the forces in question 2, and plug these forces into the
equations of equilibrium (zero net force and zero torque). This strategy is ex-
actly the strategy employed when training a support vector machine. Rather
than maximizing the margin with the constraints described above, an easier
dual problem is solved. The dual problem consists of minimizing a function of
Lagrange multipliers that have been introduced to take care of the constraints.
Lagrange multipliers appearing here having the same role as the forces should
not be a surprise to the reader familiar with analytical mechanics, because in
analytical mechanics forces often appear in shape of Lagrange multipliers [30],
and all this comes together beautifully.

The maximal margin classifier in its simplicity has shown to work very well on
high dimensional data such as genomic [20] and proteomic data [31]. There are
a couple of reasons why it works so well. First, many problems in genomics and
proteomics appear to be virtually linear and thus a linear method is appropri-
ate. Second, a weakness of the maximal margin classifier is that it collapses
if the training samples are not linearly separable. Remember, a condition for
the decision rule is that the decision hyperplane perfectly separates the two
groups of training samples. This weakness is not a problem in high dimen-
sional data, because the high dimensionality makes data most likely linearly
separable. Third, as a general rule in machine learning, when working with
high dimensional data the number of dimensions needs to be reduced. Oth-
erwise, the problem is under-determined and the resulting classifiers tend to
have poor performance on test samples. The maximal margin, as any variant
of SVM, has a built-in dimensional reduction. By construction the number of
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Figure 4: A dataset containing 11 data points with 2 inputs each. The two groups
denoted + and x, respectively, are separated by a decision hyperplane (solid line).
The margin is defined by the two dotted lines parallel to the decision hyperplane.
The SVM is designed to maximize the margin without having data points between
the dotted lines.

degrees of freedom equals the number of samples. More exactly, the normal to
the decision hyperplane is a linear combination of the training points, which
implies that we are working in the sub-space defined by the training points.
In other words, the SVM decision rule can be pictured as projecting the data
point down to the the normal of the decision hyperplane. The fact that this
normal always belong to the sub-space defined by the training data points al-
lows splitting this projection in two parts. First the data point is projected
down to this sub-space, followed by a projection from the sub-space to the nor-
mal. Hence, directions orthogonal to the sub-space are ignored by the decision
rule, which makes sense because the training points have no variation in these
directions and thus contain no information. The maximal margin is very neat
in its simplicity and lack of user parameters. However, SVMs would not have
reach its status of fame and popularity in the machine learning community
unless two tricks were added allowing non-linear classification and mislabeled
data.

In 1992 Boser and colleagues [23] suggested a way to create non-linear SVMs
by applying the kernel trick [32]. A key observation is that the maximal margin
classifier does not depend on the data explicitly but only on the scalar products,
xT

i xj , between data points. Boser and colleagues replaced the linear scalar
product with a non-linear kernel function that corresponds to the scalar product
in a feature space K(xi, xj) = ϕ(xi)T ϕ(xj). Thus the resulting algorithm
finds the optimal hyperplane in feature space ϕ and this hyperplane may then
correspond to a non-linear surface in the original space of data points. The
beautiful thing is that the transformation into feature space is never needed
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explicitely. Especially, as the feature space often is very high dimensional and
thus it would have been computational expensive to do the transformation.
One well-known example is the Gaussian kernel K(xi, xj) = exp( |xi−xj |2

σ2 ) that
corresponds to an infinite dimensional feature space. In general, when choosing
a kernel it is not necessary to know what transformation it corresponds to, but
one should know there exists a transformation, because otherwise the kernel
matrix may become non-definite which implies training problems.

The next ingredient added to the SVM method was the soft-margin, which
was added to avoid over-training. In machine learning over-training means
the machine has adapted too detailed features from the training data leading
to poor predictive power when applied on an unknown sample. The machine
then has large generalization error because the rules it has learnt cannot be
generalized to other samples outside the training set. One reason SVMs may
get over-trained is the constraint in the maximal margin training that the
classification on the training set must be perfect. It is easy to see that this might
cause problems, particularly when working with noisy data and an outlier may
ruin the predictive power completely. As the name suggests, soft-margins solve
this by softening the constraints a bit and allowing violations. During training
these violations are minimized at the same time as the margin is maximized
and the balance between these two competing objectives is defined by the user.

Going back to the comparison to the boards connected with springs, we need
to replace the boards because nothing could pass those boards. The situa-
tion in soft-margin SVMs resembles more of having a thick mattress that we
squeeze in between the training points. We want the mattress to be as thick
as possible, and the fact that it is indeed a soft mattress allows training points
to compress the mattress pointwise. However, this compression costs and the
thicker mattress we use, the more points we need to compress. In the end, the
balance between having a thicker mattress and having less compressed points is
determined by how soft the mattress is. A user defined parameter determines
in the same manner, in an SVM, the balance between misclassifications and
stiffness. A too stiff SVM may lead to poor generalization performance. On
the other hand, making the SVM too soft means misclassifications are ignored
completely during training and the SVM learns nothing. Machine learning has
turned into machine ignorance.
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Aims of the study

With the great progress of technology in genomics and proteomics generating an
exponentially increasing amount of data, computational and statistical methods
have become essential for accurate biological conclusions. As well as biology
obviously benefits from development of computational methods, development
of sensible methods is driven by relevant applications. This study therefore
aimed at both developing algorithms, and applying computational methods to
address biological questions. More specifically, the aims were

• to improve data preprocessing methods such as normalization and filter-
ing.

• to develop and apply methods to explore large amounts of data and find
relations, for example, between genes or between proteins.

• to utilize machine learning approaches for understanding biological sys-
tems.

Results and discussion

Paper I

In paper I, we present an algorithm for missing value imputation. Gene ex-
pression microarrays typically generate data of varying reliability; for instance,
low-intensity data tend to be noise dominated. Therefore, microarray data
analysis is commonly preceded by filtering according to some quality control
criteria chosen by the investigator. Filtering leads to incomplete data that
must be handled carefully because ignoring missing values might lead to a bias
in analysis and inaccurate conclusions.

Many approaches have been suggested in the statistical literature [33]. Roughly
speaking, methods appear in three groups. First, naive methods such as aver-
age imputation, in which each missing value is replaced by the average of the
feature. A close relative is data deletion, in which calculations of statistics are
based on available data, e.g., calculation of correlation is based on available
pairwise data. Second, maximum likelihood methods have been suggested, in
which a model of the data is built followed by estimating the missing values in
a maximum likelihood fashion. Third, regression methods in which a regres-
sion model is established for each feature predicting the missing value from the
available features. In hot deck, a close relative to regression methods, a missing
value in one feature is replaced by the corresponding value in the most similar
feature.
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The main idea in our approach is to, rather than to start from filtered data,
embed the quality control estimate into the imputation method. We do not
dichotomize values into missing or non-missing, but rather assign a continuous
quality weight between zero and unity to each data value.

In other words, we suggest usage of a continuous quality weight instead of
binary weights, and to examine the effects of this change, we extended two
widely used methods to handle continuous weights. The two new methods:
weighted average based on average imputation, and WeNNI based on a popular
hot deck method named KNNimpute [34], were evaluated on replicate datasets.
We found that the weighted approach improved the accuracy of imputation of
data.

Conclusion: Including spot quality weights in estimation of missing values
improves estimations.

Paper II

In paper II, we compare predictive power for ensembles of classifiers and for
single classifiers in context of genomic and proteomic data. When designing
a single classifier the aim and ambition is to select the optimal design and
parameter setting for the classifier. All data is included in the training to
construct the best possible classifier. In an ensemble several classifiers are
constructed, and although none has as good predictive power as the optimal
single classifier, the hope is that the average vote is more accurate than any
single classifier. The underlying idea is that the classifiers in the ensemble
compensate for each other’s errors and agree on the correct decision. Clearly,
to achieve this effect, there must be a diversity on opinion among classifiers.
An ensemble of identical classifiers is effectively a single classifier. However,
diversity should not be exaggerated. Including classifiers with poor predictive
power, in its extreme random classifiers, would make the majority decision less
distinct and deteriorate the predictive power of the ensemble.

In paper II, we evaluate three strategies to construct an ensemble of diverse high
quality classifiers. We perform the evaluation parallel on four different datasets
using two types of classifiers, nearest centroid classifiers and support vector
machines. We use a cross-validation schema, whereby each classifier is trained
on two thirds of training data and an ensemble of 30 classifiers is constructed.
We examine the effect of feature selection, in other words, whether predictive
power can be improved by using only features that individually discriminate
the sample labels. We try feature selection in two ways. Either each classifier
performs its own feature selection or the whole training dataset is utilized to
select one consensus set of features. The former implies larger diversity as each



16 Introduction

classifier selects different sets of features, whereas the latter possibly leads to a
set of features more relevant for the task. We evaluated each strategy on four
separate test datasets.

Conclusion: Ensembles of classifiers generally perform better compared to a
single classifier. Feature selection improves the accuracy of prediction in most
cases.

Paper III

In paper III, we use microarrays and SVMs to investigate gene expression pat-
terns in 61 melanoma cell cultures. In many melanoma tumors, the MAPK
pathway is activated by a mutation in genes BRAF or NRAS. However, these
mutations rarely occur together, suggesting that a NRAS/BRAF double muta-
tion would not yield any advantage for a tumor. For that reason we considered
the possibility that NRAS and BRAF mutation, respectively, result in similar
gene expression patterns. However, when we trained SVMs to discriminate
samples carrying a mutation in either BRAF or NRAS from samples being
wild type for both BRAF and NRAS, we got test performance comparable to
random classifiers. Hence, we could not find a common expression pattern for
the MAPK pathway.

On the other hand, when we took the three groups of samples, BRAF mutants,
NRAS mutants, and double wild type samples, and trained SVMs to distin-
guish BRAF mutants from the other two groups, we got test performance
significantly better than random classifiers. Moreover, when employing multi-
dimensional scaling, we observed a separation between BRAF mutants and the
other two groups. These findings suggest that the expression profiles in BRAF
mutants and NRAS mutants are different, which means either BRAF or NRAS
is signaling in an additional pathway on top of the common MAPK pathway.

Recently, Solit and colleagues [35] found that BRAF mutated melanomas are
sensitive to treatment inhibiting MEK, whereas NRAS mutants showed much
lower sensitivity to this treatment. This finding suggests, in line with our
observations, that the whole BRAF mutation signaling is going through the
direct downstream target MEK, whereas NRAS appears to be signaling through
an additional pathway.

Conclusion: Our findings suggest that gene expression patterns in BRAF
mutant samples are significantly different from gene expression patterns in
NRAS mutant samples.
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Paper IV

Paper IV is primarily concerned with examining the role of PTEN in breast
cancer tumors. We used immunohistochemistry to determine expression levels
of PTEN protein in 343 tumors, dichotomized into PTEN− (low level) and
PTEN+ (high level) groups. Due to the known influence of estrogen recep-
tor (ER) status and lymph node status on gene expression in breast cancer,
we selected 105 tumors such that ER status and lymph node status were bal-
anced in the two groups. The 105 tumors were applied on microarrays for
gene expression profiling. Using the expression profiles, we constructed SVMs
that could predict PTEN status with high accuracy. Moreover, we ranked the
genes according to how well their expression level correlated with PTEN pro-
tein level. We identified a set of 246 discriminatory genes, which is a 15-fold
overabundance compared to random chance.

Using these 246 PTEN associated genes in hierarchical clustering provided as
expected two clusters containing PTEN+ and PTEN−, respectively. However,
some samples appeared in the erroneous cluster, and interestingly these mis-
classifications correlated with mutations in PI3K, a component in the same
signaling pathway as PTEN. More interestingly, these groups, suggested by
clustering, correlated with survival. To further investigate this correlation be-
tween survival and expression of the 246 genes, we constructed nearest centroid
classifiers to classify gene expression profiles according to which group they are
most similar. We applied these classifiers on several publicly available datasets.
For each dataset, we performed survival analysis on the groups suggested by
the classifier and found that the groups correlate significantly with survival.

Conclusion: We have found a PTEN/PI3K associated gene expression signa-
ture that correlates with survival.

Paper V

In paper V, we present an algorithm to cluster protein mass spectra. We use
lists of peptide peak masses extracted from the mass spectra. In order to cluster
these peak lists, we introduced a score measuring the similarity between peak
lists. The similarity score is calculated in two steps. First, a peak match score
is calculated between pair of peaks reflecting the probability the two peaks
originate from the same peptide. Second the two peak lists are aligned to find
which peaks are matched, and individual match score are summed up to a total
similarity score. Because the peak match score depends on mass differences in
a smooth fashion, the similarity score is less sensitive to measurement errors,
in contrast to bin-based approaches where a small change in mass may move a
peak from a bin into the neighboring bin.
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The suggested algorithm, SPECLUST, is available through a web interface
(http://bioinfo.thep.lu.se/speclust.html), where peak lists can be transformed
into dendrograms wherein similar proteins cluster together. The clustering
gives an initial picture on how the different proteins relate to each other. More-
over, spectra can be analyzed within a cluster to see which peaks are overlap-
ping between spectra and to reveal differences between spectra. In paper V,
we point out numerous applications of this tool by using the approach on a
dataset compiled from strawberry proteins.

Conclusion: The proposed algorithm for clustering of protein mass spectra is
a useful tool to highlight peptides of interest for further investigations.
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Future directions

As usual when questions are carefully answered, additional questions have
arised during this study. Among the plethora of questions, some could be
addressed by doing the following:

• Microarrays typically generate data of varying quality. Therefore, it is
important to improve estimation of spot quality and incorporate spot
quality weights into statistical tools. For SVMs kernels could be ex-
tended to utilize quality weights, and this choice should be evaluated and
compared to using a weighted imputation approach (paper I) followed by
a regular kernel.

• Further develop and validate methods to incorporate prior knowledge
into statistical analysis. There are two aspects of this important field.
One aspect is methods in which genes on the microarray are grouped
according to e.g. ontology annotations and correlations between groups
and sample labels are examined. Another aspect, in a sense orthogonal,
is treating multiple sample labels. For instance, systematically analyze
correlations between expression profiles and combinations of mutations.

• With the increasing number of spots printed on microarrays, it is getting
more common to have reporters printed in replicate. Therefore, an im-
portant question is how to handle these replicates. Different strategies
need to be evaluated. Is it preferable to merge replicate reporters to an
average reporter? When merging and also applying imputation methods,
should imputation be performed before merging or after? How is the
reliability of a merged reported optimally estimated?

• Complement gene expression profiling with high-throughput proteomics
to get a more complete picture of cells. Thus, statistical tools need to be
developed to handle these data in a synergetic manner.

• The similarity score between peptide peak lists, suggested in paper V, can
be viewed as a scalar product. Therefore, it might be worthwhile evaluat-
ing usage of the similarity score together with kernel-based methods such
as multidimensional scaling, principal component analysis, and support
vector machines. For SVM usage it is important to examine whether the
similarity score is a valid scalar product in the sense of fulfilling Mercer’s
condition.
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Abstract

Background: Microarray technology has become popular for gene expression profiling, and many analysis tools
have been developed for data interpretation. Most of these tools require complete data, but measurement values
are often missing. A way to overcome the problem of incomplete data is to impute the missing data before
analysis. Many imputation methods have been suggested, some näıve and other more sophisticated taking into
account correlation in data. However, these methods are binary in the sense that each spot is considered either
missing or present. Hence, they are depending on a cutoff separating poor spots from good spots. We suggest
a different approach in which a continuous spot quality weight is built into the imputation methods, allowing for
smooth imputations of all spots to larger or lesser degree.

Results: We assessed severeal imputation methods on three data sets containing replicate measurements, and
found that weighted methods performed better than non-weighted methods. Of the compared methods, best
performance and robustness were achieved with the weighted nearest neighbours method (WeNNI), in which both
spot quality and correlations between genes were included in the imputation.

Conclusions: Including a measure of spot quality greatly improves the accuracy of the missing value imputation
greatly. WeNNI, the proposed method is more accurate and less sensitive to parameters than the widely used
kNNimpute and LSimpute algorithms.

Background

During the last decade microarray technology has
become an increasingly popular tool for gene ex-
pression profiling. Microarrays have been used in
numerous biological contexts from studies of differ-
entially expressed genes in tumours [1–4] to iden-
tification of cell cycle regulated genes in yeast [5].
A theme in microarray investigations is that they
generate large amounts of data, and computer-based
visualization and analysis tools must be used in ex-

periment analysis. Tools such as hierarchical clus-
tering [6], multidimensional scaling [7], and principal
component analysis [8] are frequently used to visual-
ize data. Machine learning methods like support vec-
tor machines [9] and artificial neural networks [10]
have been used successfully to classify tumor sam-
ples. Common for these methods is that they in their
standard versions assume complete data sets.

However, data is usually not complete. Data val-
ues may be missing due to poor printing of the arrays
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and consequently marked as missing during image
analysis, but more common is that values are marked
to be missing in a quality filtering pre-processing
step. Common filter criteria are to mark spots with
small area, spots with noisy background, spots with
low intensity, or combinations of these [11]. One
strategy to keep data complete is to remove reporters
having missing values, but this may lead to an un-
necessarily large loss of data. In particular when
working with large data sets, reporters rarely have
a complete set of values over all experiments. An-
other strategy is to keep reporters with not too many
missing values and modify the subsequent analysis
to handle incomplete data. However, it may not be
feasible to modify the analysis tool, and therefore a
popular approach is to impute the missing data in
an intermediate step before analysis.

A common method to impute missing values is
to replace missing values with the reporter average,
i.e., the average for the particular reporter over all
experiments. Troyanskaya et al. showed that this
method is not sufficient as it neglects correlations in
data [12]. They also suggested a method, KNNim-
pute, that was shown to reconstruct missing values
well. In KNNimpute, for each reporter the most
similar reporters are found and the weighted av-
erage of these reporters is used as the imputation
value. Other imputation methods have been sug-
gested [13–18] using the same basic idea that the
imputation value is taken as an average over the
neighbouring reporters.

As far as we know, all suggested imputation
methods are binary in the sense that each spot is
considered either missing or present. Hence, they
depend on a cutoff, e.g., in intensity, separating poor
spots from good spots. Tuning this cutoff is a bal-
ance act – a too liberal cutoff means noisy spots are
kept in data, which may complicate subsequent anal-
ysis. On the other hand being too strict means spots
containing information are marked as missing values
and information is thrown away.

We suggest a more balanced approach, in which
a spot quality weight is built into the imputation
methods: good quality spots have more impact on
the imputation of other spots, and are themselves
subject to less imputation than spots with poorer
quality. We derived two imputation methods and
compared them to two published methods, KNNim-
pute [12] and LSimpute [17], and a näıve reporter
average method. The imputation methods were ap-
plied to three data sets containing replicate measure-

ments, and we found that weighted methods per-
formed better than non-weighted.

Methods

Data sets and pre-processing

To evaluate the imputation methods, we used three
data sets. i) Melanoma data. The melanoma data
set was obtained from a panel of 61 human cell
lines [19]. For each experiment, 19,200 reporters
were printed in duplicates. Identification of individ-
ual spots on scanned arrays was done with ImaGene
4.0 (BioDiscovery, El Segundo, CA, USA). ii) Breast
cancer data. The breast cancer data set is a subset
of a larger ongoing study. We selected the 55 ex-
periments that had been hybridised at the Swegene
DNA Microarray Resource Centre in Lund, Sweden,
and were from tumours mutated either in BRCA1
or in BRCA2. Each array contained 55,488 spots
and except a small number of control spots each re-
porter was printed in duplicate. Identification of
individual spots on scanned arrays was done with
GenePix Pro 4.0 (Axon Instruments, Union City,
CA, USA). iii) Mycorrhiza data. The mycorrhiza
data set was generated to study ectomycorrhizal root
tissue [20]. In order to avoid any bias from using
dye swap replicates, we used half of the arrays from
the study. We used the 10 arrays denoted R3 be-
tween ECM’s at different time points, and R1 be-
tween ECM and REF (Figure 2 in [20]). Each array
contained 10,368 spots and except a small number of
control spots each reporter was printed four times.
Identification of individual spots on scanned arrays
was done with GenePix Pro 3.0.6.89 (Axon Instru-
ments, Union City, CA, USA).

For each spot, we used the mean spot intensity,
Ifg, the mean background intensity, Ibg, and the
standard deviation of the background intensity, σbg.
For each spot we calculated the signal-to-noise ratio
(SNR) [11] as

1
SNR2 =

1
SNR2

t

+
1

SNR2
c

(1)

=
σ2

bg,t

(Ifg,t − Ibg,t)
2 +

σ2
bg,c

(I fg,c − Ibg,c)
2 .

Subscripts t and c denotes treatment and control, re-
spectively. As expression value, x, we used the loga-
rithm to base 2 of the ratio of the signal in the treat-
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ment sample and the signal in the control sample

x = log2

(
Ifg,t − Ibg,t

Ifg,c − Ibg,c

)
, (2)

where spots with non-positive signal in either treat-
ment or control were marked as invalid.

We applied a liberal filter to the data. In the
melanoma data set we kept reporters having less
than 50% invalid values in both duplicate. The re-
maining data was split into two replicate data sets.
This was also done for the two other data sets, with
the exception that the mycorrhiza data was split into
four replicate data sets. Each data set was then cen-
tralised experiment by experiment such that the av-
erage expression value for an experiment was zero.

After filtering, the melanoma data consisted of
two replicate data sets each having 61 experiments
and 17,549 reporters, the breast cancer data con-
sisted of two replicate data each having 55 experi-
ments and 23,764 reporters, and the mycorrhiza data
consisted of four replicate data sets each having 10
experiments and 2,052 reporters.

Quality weight
The basis for weight calculations are two weight for-
mulae inspired by previous work [21–24].

We used a SNR based weight defined as

w =
1

1 + β2

SNR2
t

+ β2

SNR2
c

. (3)

This weight is defined to be bound within zero and
unity. The free parameter β is used to tune the
distribution of weights. For a small β all weights
are close to unity, except when zero or negative in-
tensities have been measured which implies a zero
weight. For a large β all weights are close to zero.
In non-weighted (binary) methods we marked ex-
pression values to be missing when the correspond-
ing continuous weight was less than 0.5. In this way
β defined a cutoff for when a value is considered to
be missing.

To cross check that the findings in this paper do
not depend on SNR, we also used a simple weight
based on intensity only:

w =
1

1 + β2

(Ifg,t−Ibg,t)
2 + β2

(Ifg,c−Ibg,c)
2

. (4)

This weight is also bound to be within zero and
unity, and β has the same function here as for the
SNR based weight above.

Imputation methods

We compared five imputation methods; three non-
weight based methods, reporter average, KNNim-
pute, and LSimpute adaptive; and two weight based,
weighted reporter average and weighted nearest
neighbours imputation (WeNNI).

Reporter average methods

Reporter average is an imputation method that is
intuitive and easy to implement. Assuming the ex-
pression level of a reporter in one experiment to be
similar to the expression level in other experiments,
the expression value is imputed as the average of the
reporter’s expression value over all experiments.

Similarly to Andersson et al. [21], we extended
the reporter average by using continuous spot qual-
ity weights between zero and unity. A spot with a
weight equal to unity is not imputed, whereas for a
spot with weight equal to zero the expression value is
imputed to be the weighted reporter average. A spot
having an intermediate weight is imputed as a lin-
ear combination of the extreme cases above. These
three cases are covered in the imputation equation

x′
re = wrexre + (1 − wre)x̂re, (5)

in which xre is the expression value in reporter r and
experiment e, wre is the quality weight, and x̂re is
the weighted reporter average

x̂re =
∑M

i=1 wrixri∑M
i=1 wri

, (6)

where M is the number of experiments.
The use of the spot quality weight is twofold.

First, the weight is used in the calculation of the
reporter average. Second, the weight is used in the
calculation of the imputed expression value – poor
quality spots are changed more than good quality
spots.

KNNimpute

KNNimpute has been shown to be a very good
method for imputation of missing values [12]. The
main idea of KNNimpute is to look for the K most
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similar reporters when a value is missing for a re-
porter. Two reporters n and m are considered to be
similar when the Euclidean distance,

d2
nm =

1
M

M∑
i=1

(xni − xmi)2, (7)

between their expression patterns is small. These
K reporters are used to calculate a weighted aver-
age of the values in the experiment of interest. The
weighted average is calculated as

x̂re =

∑K
i=1

xie

dri∑K
i=1

1
dri

, (8)

where xie is the value of the ith nearest reporter,
dri is the distance between reporter r and reporter
i, and K is the number of neighbours to use in the
calculation. This weighted average is used as impu-
tation value of missing values.

Weighted Nearest Neighbours Imputation [WeNNI]

KNNimpute is binary in the sense that each value
is regarded as either missing or present. In WeNNI,
we smooth out this sharp border between missing
and present values by assigning a continuous qual-
ity weight to each value, where a zero weight means
the value is completely missing and a larger weight
means the value is more reliable. In the special case
when all weights are either 0 or 1, WeNNI is equiv-
alent to KNNimpute.

The WeNNI method consists of two steps. First,
we calculate distances between the reporters taking
the weights into account. Second, we calculate a
weighted average of the values of the nearest neigh-
bours.

We expanded the Euclidean distance used in
KNNimpute to include quality weights. The weights
were included in such a way that spots with large
weights are more important for the distance mea-
sure than spots with low weights. We calculated the
distance dnm between reporter n and reporter m as

d2
nm =

∑M
i=1 wniwmi(xni − xmi)2∑M

i=1 wniwmi

, (9)

where M is the number of experiments. A weighted
average of the nearest neighbours is calculated as

x̂re =

∑L
i=1

wiexie

dri∑L
i=1

wie

dri

, (10)

where L is defined by

L∑
i=1

wie ≤ K <

L+1∑
i=1

wie. (11)

In the second step, we take the imputed value as
a linear combination of the original value and the
value suggested by the neighbours

x′
re = wrexre + (1 − wre)x̂re. (12)

As for weighted reporter average above, when the
quality weight is zero, we ignore the original value.
When the weight is unity, we trust the original value
and ignore the value suggested by the neighbours.

LSimpute

Bø et al. showed that LSimpute adaptive is a very
good method for imputation of missing values [17].
The method is based on the least squares princi-
ple, which means the sum of squared errors of a
regression model is minimised and the regression
model is used to impute missing values. The method
utilises correlations both between reporters and ex-
perimants.

In the comparisons made in this report, we used
the LSimpute adaptive algorithm implemented in
the publicly available LSimpute program (supple-
mentary information in [17]).

Evaluation method

In order to validate the imputation methods we did
as follows for each of the three data sets. We split
the data into replicate data sets; two sets for the
melanoma and breast cancer data, and four sets for
the mycorrhiza data. We imputed the data in one
of the replicate data sets and compared the imputed
data, x′, to the other pristine replicate data, y. For
the mycorrhiza data, we compared the imputed data
to the (non-weighted) average of the three pristine
replicate data sets. We measured the quality of the
method using the mean squared deviation

MSD =
1
N

N∑
i=1

(x′
i − yi)2, (13)

where the sum runs over all expression values in
all replicate data sets, except spots in the pristine
data set that were marked as invalid in the data
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pre-processing step described above. The fraction of
spots not used in the summation were: 6% for the
melanoma data, 7% for the breast cancer data, and
8% for the mycorrhiza data.

The motivation for this choice of MSD as eval-
uation metric is threefold. First, in the weighted
methods the imputed value is a linear combination
of the value suggested by the neighbours and the
original value. Hence, comparing with the original
value would introduce an information leak, making
the evaluation unfair. Second, introducing artificial
missing values randomly may not be optimal [15,25],
since it assumes missing values to occur uncorre-
lated. By using replicates we could avoid this prob-
lem and mark spots as missing values depending on
their quality. Third, we avoided any bias that could
be introduced by imputing both replicates and com-
paring the imputed values. By considering the zero
impute method (missing values are set to zero), it is
easy to understand that a bias could be introduced.
If both replicate spots are imputed, i.e., both set to
zero, they would have no deviation and the evalua-
tion would obviously be flattering.
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Figure 1: WeNNI is the most accurate imputation
method in breast cancer data Performance of the five
imputation methods with varying β applied on the
breast cancer data set. As explained in the text, larger
β changes weights to smaller values. In non-weighted
methods β is the SNR cutoff. WeNNI (black line) has
the lowest MSD and the weighted methods perform
better than the non-weighted methods. All methods
have a minimum MSD around β = 0.2. The increase
in MSD for large β is an effect from too many miss-
ing values, which implies imputation breaks down. The
standard error of means are within the line thicknesses.
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Figure 2: Weighted methods impute more accurately
than non-weighted methods in the melanoma data Per-
formance of the five imputation methods with varying
β applied on the melanoma data set. The result agrees
with the breast cancer data. WeNNI (black line) has
the lowest MSD and the weighted methods perform
better than the non-weighted methods. All methods
have a minimum MSD around β = 0.6. The standard
error of means are within the line thicknesses.
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Figure 3: WeNNI is the most accurate method in
mycorrhiza data Performance of the five imputation
methods with varying β applied on the mycorrhiza
data set. The performance result is not completely
in agreement with the other data sets. WeNNI (black
line) retains the lowest MSD, whereas KNNimpute (red
line) performs better that the weighted reporter aver-
age method. This may be explained as an effect of a
different experimental design as discussed in the text.
The minimum MSD is found in a β range 0.3–1 for the
different methods. The standard error of means are
within the line thicknesses.
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Results and Discussion
We examined the performance of the five meth-
ods, reporter average, weighted reporter average,
LSimpute, KNNimpute, and WeNNI, with chang-
ing β (Figures 1–3). The plots show that WeNNI
has the lowest MSD for all three data sets, the
weighted methods outperform their non-weighted
counterparts, and the minimum MSD is within the
β range 0.1–1 for all methods.

An interesting finding was that weighted reporter
average outperformed KNNimpute and LSimpute in
the breast cancer and melanoma data sets. This
result was unexpected since the weighted reporter
average method neglects correlations between re-
porters. Moreover, the assumption for using reporter
average is in general problematic, since the expres-
sion of a reporter in one experimental condition does
not always reflect the expression of the reporter in
another condition. For the mycorrhiza data used
here the situation is even worse, since the cyclic ex-
perimental design [20] makes the expression value in
one experiment anti-correlated to the reporter’s av-
erage over the other experiments. For the nearest
neighbours imputation methods however, this prob-
lem does not arise because imputations are calcu-
lated as an average over the same experiment. These
results imply one should consider the experimental
design and choose imputation method carefully.

The overall MSD is larger for the melanoma data
set compared to the two other data sets, which may
be due to that the melanoma data was generated a
few years earlier than the other data.

In Figure 8, we illustrate how the performance of
WeNNI and KNNimpute depends on the number of
neighbours, K, used in the imputation. We notice
that both methods are insensitive to changing K.
For a small number of neighbours, both methods are
insufficient. Troyanskaya et al. suggested K to be
in the range between 10 and 20 neighbours for KN-
Nimpute [12]. Our results agree with this finding
and also show that the imputation of our data sets
was accurate for a larger number of nearest neigh-
bours.

For small β all methods showed approximately
equal performance. This result was expected, be-
cause for small β most weights are close to unity.
In consequence, only a small fraction of the spots
are imputed and make a minor contribution to the
MSD. Moreover, the weights are effectively binary
for small β, and the weighted methods become iden-
tical to their non-weighted counterparts.
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Figure 4: WeNNI is most accurate over all ranges of
spot quality for breast cancer data The contribution
to MSD for specific SNR for the different imputation
methods applied to the breast cancer data using β =
0.3. Small SNR have the largest impact on MSD and
using a weighted average scheme is clearly essential.
This plot was created using a sliding window contain-
ing 1% of all spots.
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Figure 5: For melanoma data weighted methods are
more accurate than non-weighted. The contribution
to MSD for specific SNR for the different imputation
methods applied to the melanoma data using β =0.3.
The results follow the results for breast cancer data,
where the weighted reporter average show best perfor-
mance for a SNR range 0.2–1. This plot was created
using a sliding window containing 1% of all spots.
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Figure 6: WeNNI is most accurate over all ranges of
spot quality for mycorrhiza data MSD contributions
from specific SNR for mycorrhiza data using β = 0.3.
The plot shows very prominent the breakdown of the
average reporter methods, for the SNR range 0.07–0.4
it is even better to use no impute (green line) than
the average methods. The breakdown of the reporter
average methods are discussed in the text. This plot
was created using a sliding window containing 1% of
all spots.
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Figure 7: Comparison of WeNNI and KNNimpute.
MSD contributions from specific SNR and different β
for the breast cancer data set. This plot was created
using a sliding window containing 1% of all spots.

To examine the difference between the weighted
methods and their non-weighted counterparts, we
plotted MSD as a function of SNR (Figures 4–
6). As expected, spots with small SNR contributed
most to MSD. The discrepancy between mycorrhiza
data and the other two data sets also showed up
here – the breakdown of the reporter average meth-

ods in the mycorrhiza data is very prominent (Fig-
ure 6). The melanoma and breast cancer data
showed very similar patterns for the different meth-
ods and the weighted methods performed better
than their counterparts for all SNR. In some ranges
of SNR, weighted reporter average even surpassed
WeNNI, but overall WeNNI imputed the values most
accurately.

In Figure 7, we demonstrate the effect of varying
β for WeNNI and KNNimpute using the breast can-
cer data. In KNNimpute, only spots with smaller
SNR than the cutoff β are imputed, and conse-
quently the performance for SNR larger than β fol-
lows the no impute curve. For KNNimpute a choice
of β = 0.3 was close to optimal. Using a smaller β
deteriorated the imputation in two ways. Spots with
SNR between the used β and the optimal value 0.3
were not imputed. In the plot we can see that the
quality of these spots is so bad that preferably they
should be imputed. More importantly, since these
spots were not considered missing they were used in
the imputation of values with very small SNR, which
made the imputation less accurate. Moreover, when
we used a too large β, the spots with SNR in the
range 0.3–3 were imputed and their deviation from
the replicate became larger than if they were not im-
puted. Also, the imputation of the spots with very
small SNR became worse, since less information was
used in the imputation. Choosing β corresponds to
setting a cutoff in quality control criteria, and Fig-
ure 7 illustrates how a suboptimal cutoff level will
lead to less reliable data. For WeNNI the cutoff is
smoothened by the usage of continuous weights, and
consequently WeNNI is more robust with respect to
β.

When comparing non-weighted imputation
methods, it is natural to calculate the comparison
measure over imputed values only. Including non-
imputed values in the evaluation makes no sense,
as these values are not modified and thus indepen-
dent of the imputation method. This is also the
way imputation methods are compared in the lit-
erature [12–18]. However, for a weighted method
every expression value is modified, and it is sensible
to include all values in the calculation of MSD.
In Table 1 we compare LSimpute, KNNimpute,
and WeNNI using both MSD and MSD imputed.
MSD imputed is calculated as MSD but over im-
puted values (as defined by binary methods) only.
We note that MSD imputed is larger than MSD for
all methods and data sets, which is expected be-
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cause MSD imputed is calculated over poor spots
only and poor spots are expected to deviate more
from their duplicates. Moreover, for MSD imputed
the difference between the methods is more appar-
ent, which is a consequence from comparing poor
spots only. In MSD all spots are included in the
comparison and as good quality spots are modified
to lesser degree, the difference between the methods
looks smaller. We note that WeNNI is the most
accurate method also using MSD impute, in other
word, WeNNI has the best performance even when
values not imputed by non-weighted methods are
excluded from the comparison.

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 1.4

 0  10  20  30  40  50

M
ea

n
 s

q
u
ar

ed
 d

ev
ia

ti
o
n
 (

M
S

D
)

Number of nearest neighbours (K)

WeNNI melanoma
WeNNI breast cancer
WeNNI time series
KNNimpute melanoma
KNNimpute breast cancer
KNNimpute time series

Figure 8: WeNNI and KNNimpute are insensitive to
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est neighbours for all three data sets using β = 1.

Spot quality weights and expression value imputa-
tion

The starting point for imputing expression values in
this report is that the weight of a spot should depend
on its quality, as best estimated from data. Here, we
used a straight forward SNR based weight as it was
not our aim to study quality of spots. The SNR
based quality weights were introduced in [21], and
many different studies of quality measures have been
described [11, 26–28]. These papers concentrate on
studying how the quality of spots should be defined.

Analyses in microarray projects are commonly
based on spot intensities, and for that reason we ex-
amined if using intensities instead of SNR changes
the findings in this paper. We found that using this
simpler quality weight (Eq. 4), the performance was
almost as good as when using the SNR based weights

(data not shown). The fact that the imputed ex-
pression value on average gets closer to its pristine
replicate value, indicates that the SNR based weight
may be a slightly better estimate of the spot quality.

In imputation of expression values, as in any
transformation of data (e.g., LOWESS normalisa-
tion or centralisation), one must be careful to not
destroy the biological signal in the data. In our three
data sets, we noticed that when WeNNI is used, the
deviation from the pristine replicate is on average
smaller than when not doing the transformation, in
other words, on average an expression value is closer
to its replicate after the transformation. This effect
is measurable even for the näıve weight used here.

The goal of a weight is to catch the “true” qual-
ity of the spot, and as such it is important to define
spot quality weight calculation to suit the data at
hand, prior knowledge, and expertise. One impor-
tant aspect of applying prior knowledge into weight
calculation is that initial pre-screening of array data
should still be done before imputation, or any subse-
quent analysis. In this screening step bad spots are
removed, and known malfunction in data (arrays)
should be communicated with zero weights.

Conclusion
Virtually every analysis of microarray data is pre-
ceded by a filtering step, in which each spot is re-
quired to fulfil certain quality control criteria. If
the spot fails to meet the quality requirements it is
marked as a missing value. This is equivalent to
accompanying each expression value with a binary
weight, and enforces an abrupt cutoff in quality con-
trol criteria. We have generalised two widely used
imputation methods to use continuous weights. Our
finding that the weighted imputation methods out-
performed their non-weighted counterparts, suggests
that using continuous weights is superior to using bi-
nary weights. Our suggested improvement – to use
continuous weights – is generic in the sense that most
imputation methods can be generalised to use con-
tinuous weights.

The weighted nearest neighbours imputation
method presented in this paper, WeNNI, outper-
formed all other tested methods for the three dif-
ferent data sets used in this study. WeNNI per-
forms accurate imputation of expression values and
is insensitive to the parameter values used, i.e., the
number of nearest neighbours and β. An increas-
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Table 1: Comparisons of WeNNI, KNNimpute, and LSimpute adaptive using two different measures. WeNNI
is more accurate than LSimpute and KNNimpute, even though β was tuned to optimise the performance of
LSimpute.

LSimpute
Data set Measure β WeNNI KNNimpute adaptive
Breast cancer MSD 0.2 0.345 0.369 0.368

MSD imputed 1.59 1.81 1.75
Melanoma MSD 0.6 0.995 1.08 1.05

MSD imputed 3.41 3.77 3.64
Mycorrhiza MSD 0.2 0.216 0.241 0.244

MSD imputed 0.840 0.902 0.954
MSD is the mean squared deviation calculated over all spots. MSD imputed is calculated

over spots with SNR smaller than β, i.e., the spots imputed in non-weighted methods.

β was chosen to yield the lowest MSD for LSimpute adaptive.

ing β corresponds to having a more strict spot qual-
ity control criteria. For a non-weighted method it
means that more values are considered missing and
consequently imputed. Our results suggest that the
usage of a continuous weight makes the imputation
less sensitive to the choice of β.

The findings in this manuscript are based on
comparisons of replicate data, however replicate
data may not be available in every experimental set-
ting and the scientific investigator cannot evaluate
the impact of different parameter values. The re-
sults in this study show that the choice of parame-
ters is not crucial, and suggest a value around 10 for
nearest neighbours and a β in the range 0.1–1.

The WeNNI software is available as a stand alone
software package, or as a plug-in to BASE [29],
under the GNU General Public License from
http://base.thep.lu.se/
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Abstract

Background: Classification of expression profiles to predict disease characteristics of for example cancer is a
common application in high-throughput gene and protein expression research. Cross-validation is often used to
optimize design of classifiers, with the aim to construct an optimal single classifier. In this work, we explore if
classification performance can be improved by aggregating classifiers into ensembles that use committee votes for
classification.

Results: We investigated if combining classifiers into ensembles improved classification performance compared to
single classifiers. A couple of commonly used classifiers, nearest centroid classifier and support vector machine,
were evaluated using four publicly available data sets. We found ensemble methods generally performed better
than corresponding single classifiers.

Background

Using microarrays and high-throughput mass spec-
tronomy, gene and protein expression profiles of sam-
ples from patients have been measured for many
diseases. A common application is to develop ap-
proaches for diagnostic predictions based on expres-
sion profiles [1–5]. To build a diagnostic predictor
for different diagnostic classes, one has to find the
characteristic features that either define each class or
discriminate between classes, and build a predictor
that based on these characteristics is able to predict
the class of unknown samples.

The construction of a predictor can be divided
into different parts. A common division is into clas-
sifier selection, feature selection, classifier training

and independent validation. Classifier selection in-
cludes choosing between different types of classifiers
such as support vector machines (SVM) or diago-
nal linear discriminant classifiers, but also choosing
values for the parameters of the classifier. Feature
selection is used to select inputs for the classifier, for
example, selecting a subset of genes to use in classi-
fication based on gene expression profiles. The pur-
pose of feature selection can vary, including selecting
the smallest possible set of features that results in
a required prediction performance, or selecting the
set of features that results in the optimal predic-
tion performance. Gene and protein expression data
sets typically contain many more features than sam-
ples. The features can, for example, be genes probed
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by microarrays or m/z values from discretized mass
spectra. In this situation large independent test data
sets are rare and often cross-validation is used to val-
idate classifiers and evaluate their predictive perfor-
mance.

In v-fold cross-validation, samples are randomly
split into v groups of which one is set aside as a test
set and the remaining groups are a training set used
to train a classifier. The procedure is repeated with
each of the v groups as a test set. These test sets
would provide an honest estimate of the predictive
performance, in the case where there are no choices
in classifier construction. However, suppose param-
eters of the predictor are tuned, or features are se-
lected, to achieve the best prediction results for the
test set, then the test set is no longer independent
of the construction of the predictor. Such dishon-
est use of the test set will lead to overly optimistic
estimates of the predictive performance [6].

To circumvent this dishonest use of the test set,
the training samples from the cross-validation can
be used in a second internal procedure of cross-
validation to optimize the predictive performance of
the classifier. The external cross-validation is used
solely to evaluate the test procedure. Procedures
in which an interior cross-validation loop is used to
construct predictors and an exterior cross-validation
loop for evaluating the test performance have ap-
plied to classification of gene expression profiles [7,8].

When internal cross-validation is used to opti-
mize choices for predictor construction, many clas-
sifiers are constructed for each test set. There are
many ways to proceed in the construction of a pre-
dictor for a test set. For example, one can train a
single classifier using the entire training set and the
optimal choices from the internal cross-validation [8],
or one can use the classifiers optimized in the inter-
nal cross-validation as an ensemble that predicts the
class of samples in the test set by using a committee
vote. Ensembles of different types of classifiers, in-
cluding artificial neural networks and decision trees
have been used for classification based on gene ex-
pression profiles [2, 9–11]

Many comparisons of classifiers for gene expres-
sion data have been performed [8,12]. While the re-
sults of these comparisons have been somewhat data
set dependent, simple classifiers combined with fil-
ter methods for feature selection have generally been
found to perform very well. There are many meth-
ods to aggregate classifiers into ensembles. Common
approaches to aggregate classifiers include bagging

and boosting. In bagging, ensemble members are
trained on individual training sets drawn at random
with replacement from the original training data,
and classifiers are aggregated with equal weights into
an ensemble vote [13]. In boosting, the resampling
of training data for a classifier is adaptively modi-
fied to include the most misclassified samples more
frequently, and the aggregation of classifiers is done
by weighted voting [14]. Ensemble methods gen-
erally perform very well for classification problems
where the number of features is much smaller than
the number of samples [15]. For this case, it has
been proven that having an ensemble of disagreeing
committee members each trained on a subset of the
samples should result in improved predictive perfor-
mance compared to one classifier trained on all sam-
ples [16]. Hence, the benefit of ensemble classifiers
stems from aggregating widely varying classifiers.

For prediction based on gene and protein expres-
sion data sets, the situation is different. If the num-
ber of samples is much smaller than the number
of features, the improved performance expected by
having an ensemble of disagreeing classifiers may be
ruined by each classifier being too poor as a result of
being trained on too few samples. Instead, one clas-
sifier trained using all training samples may provide
better results. In this work, we evaluate if combining
classifiers into ensembles, using an unweighted vote
for predictions, results in improved performance for
gene and protein expression data sets. We used a
filter method for feature selection and two different
classifiers, SVM [17] and nearest centroid classifiers
(NCC) [3], both shown to work well combined with
filter methods for high-dimensional data [8, 18–20].
We compared the performance of six different meth-
ods to construct classifiers, including both individual
classifiers and classifiers aggregated into ensembles,
using four publicly available data sets, three gene
expression data sets and one proteomic data set.

Methods
Classifiers

We used NCC and SVM as classifiers, both individ-
ually and aggregated into ensembles.

For NCC, the centroid for each class was the vec-
tor of means for each feature. Unknown samples
were evaluated by calculating the distance between
its feature profile and and each class centroid using
1 − Pearson correlation as distance. Unknowns were
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assigned the class to which they were nearest. We
did not shrink centroids as this does not seem to be
important for classification of microarray data [20].
In ensembles the average distance to each centroid
across classifiers was used for class assignments.

For SVM, we used the maximal margin classifier,
that is SVM with no soft margin (C parameter set
to infinity) and linear kernel. In ensembles the av-
erage distance from the decision hyperplane across
classifiers was used for class assignments.

Classifier evaluation

External 3-fold cross-validation of all data was used
to evaluate each classifier. The cross-validation was
iterated 100 times so that each sample was a test
sample 100 times and there was a total of 300 test
sets.

For each test set the predictive performance was
evaluated using balanced accuracy (BACC) and area
under the receiver operating characteristic (AUC).
BACC is the average of the sensitivity and speci-
ficity: the average of the number of correctly classi-
fied samples in each class. AUC corresponds to the
probability that in a randomly chosen pair of sam-
ples, one from each class, the predictions for each
sample is closest to the correct class. AUC com-
plements BACC in the sense that BACC requires a
decision regarding the class prediction for each sam-
ple, whereas AUC indicates the largest possible clas-
sification accuracy obtainable if an optimal decision
based on the predictions could be found. Both mea-
sures are 50% for random predictors. The averages
of BACC and AUC across the 300 test sets are pre-
sented.

To compare different methods to construct clas-
sifiers, we also ranked each construction method for
each test set such that the best performing method
got rank one. Methods were evaluated based on the
average rank for the 300 test sets. We ranked NCC
and SVM classifiers separately to high-light differ-
ences in classifier construction.

Feature selection

We used a filter based on a ranking criterion to select
features. This feature selection consists of two parts.
First the features are ranked based on their ability
to individually discriminate between classes. It is
our and others experience [8] that the most widely

used ranking criteria perform very similarly. There-
fore the choice of criterion is not crucial and we have
used the signal-to-noise ratio (SNR) [1] to rank fea-
tures. Second the number of top-ranked features to
use is selected based on classification performance.

We used sets of features, where each set con-
tained 1.5 times more top-ranked features than the
previous set. The first set contained only the top-
ranked feature and the final set contained all fea-
tures. To select which set of features to use, we em-
ployed 3-fold cross-validation internal for the train-
ing samples and computed the predictive perfor-
mance for each feature set. The number of features
resulting in the best average BACC for ten complete
cross-validation rounds (a total of 30 validation sets)
was selected.

Often forward or backward filter selection proce-
dures are used, in which one starts using one feature
and increase the number of features, or starts using
all features and decrease the number of features, re-
spectively, until the performance deteriorates. We
evaluate all feature sets employed. Hence, we use
neither a forward nor a backward method.

For some gene expression data sets, it has been
observed that using different subsets of samples re-
sults in large differences in which features are se-
lected [21]. To get a potentially more robust rank-
ing of features, we utilized the subsets of training
samples from the internal cross-validation. In this
consensus feature selection, features were ranked ac-
cording to their median rank for the internal training
samples.

Classifier construction

The only parameter values and other choices to op-
timize for the SVM and NCC classifiers we use are
the number of features to employ. For each split
into a training and test set from the external cross-
validation, the optimal number of top-ranked fea-
tures, ng, to use was found using internal cross-
validation of the training set as described in the pre-
vious section “Feature selection”. We optimized ng

separately for SVM and NCC. The internal 3-fold
cross-validation of training data iterated 10 times
resulted in 30 classifiers in ensembles.

The following six methods to construct a classi-
fier were used.
Single classifier. Construct a single classifier using
all features and all training data.
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Ensemble of classifiers. Use internal cross-validation
of training samples to construct an ensemble of clas-
sifiers in which each classifier uses its own internal
training data for training but no feature selection
(all features are used).
Single classifier with feature selection. Construct
one classifier using all training data and the top ng

genes for this training data.
Ensemble of classifiers with individual feature selec-
tion. Use internal cross-validation of training sam-
ples to construct an ensemble of classifiers in which
each classifier uses its own internal training data for
training and the top ng genes ranked based also on
its internal training data.
Single classifier with consensus feature selection.
Construct one classifier using all training data and
the top ng genes from a consensus gene list based on
3-fold internal cross-validation of all training data.
Ensemble of classifiers with consensus feature selec-
tion. Use internal cross-validation to construct an
ensemble of classifiers in which each classifier uses
its own internal training data, but the same genes
(the top ng genes from a consensus gene list based
on the internal cross-validation of all training data.)

Data sets

We used four different publicly available data sets
to evaluate different methods to construct classifiers.
Three of the data sets were from gene expression pro-
filing studies and one was from a mass spectrometry
based proteomic study.
Leukemia. This data sets contains gene expression
profiles of 72 samples from leukemia of two variants:
25 samples of acute myeloid leukemia (AML) and 47
samples of acute lymphoblastic leukemia (ALL) [1].
We used the quality filtering described for this data
set by Dudoit et al. [12] to reduce the total of 7,129
features to 3,571 features used in our analysis.
Central nervous system (CNS) embryonal tumors.
This data set contains gene expression profiles of
samples from embryonal tumors of the central ner-
vous system [4]. We used the subset of 60 samples for
which outcome information after embryonic treat-
ment of the CNS was available. Of the 60 samples,
21 represent survivors and 39 represent deaths. We
used the quality filter described in the supplemen-
tary material of ref. [4] to reduce the total of 7,129
features to 4,459 features used in our analysis.
Breast cancer. This data set consists of gene expres-
sion profiles of samples from breast tumors [3]. We

used the subset of 97 samples from sporadic tumors
consisting of 51 samples from patients with a good
outcome and 46 from patients with a poor outcome.
We required each feature to have at least six sam-
ples with a maximal p value, from the Rosetta error
model [22], of 0.01. This quality filter reduced the
total number of features (24,481) to 8,472 features
used in our analysis.
Liver cancer. This data set consists of SELDI-TOF
mass spectrometric profiles of peptides and proteins
in a total of 411 sera samples from 199 hepatocel-
lular carcinoma patients and 212 healthy individu-
als [23]. Each mass spectra in the data set consisted
of ≈ 340, 000 m/z values with corresponding ion
intensities. We used spectra pre-processed accord-
ing to the low-level analysis described in ref. [23].
This pre-processing reduced the number of features
to 368.

Results and Discussion
Leukemia data

The results of predictions for the six different ways
to construct classifiers are presented in Table 1. For
both SVM and NCC, the best ranked method found
was an ensemble classifier with no feature selection.
These two methods obtained similar average BACCs
for the test sets: 97.2% and 97.3%, respectively. For
NCC without feature selection, the BACC was larger
for the ensemble classifier than for the single classi-
fier for 14 of the 300 test sets, whereas the single
classifier never obtained a larger BACC than the
ensemble classifier. For SVM without feature se-
lection, the corresponding numbers were 27 and 0,
respectively. Hence, while the differences for these
two construction methods were small and they of-
ten tied, we note that the single classifiers never
performed better than the corresponding ensemble
classifiers. Similarly, we note that all three NCC and
all three SVM ensemble methods were ranked better
than their respective corresponding single classifier.

To explore, why filter selection did not improve
predictions, we investigated the number of features
selected for each test set (Fig. 1). We made three
observations. First, selecting all features was the
most common choice. Second, a large variation in
the number of selected features across test sets was
observed for both methods. Finally, SVM tended to
select more features than NCC. The second observa-
tion means that different subsets of samples not only

4



Table 1: Comparison of methods to construct classifiers for the leukemia data.
Validation Test

Predictor Filter Ensemble BACC(%) AUC(%) BACC(%) AUC(%) Ranka

Mean SD Mean SD Mean SD Mean SD Mean

NCC None No - - - - 97.1 3.0 99.4 1.1 2.94
None Yes 97.3 1.7 99.3 0.7 97.2 2.9 99.4 1.1 2.81
Individual No - - - - 95.8 3.4 99.5 1.0 3.86
Individual Yes 97.4 1.8 99.5 0.6 95.9 3.5 99.5 1.0 3.75
Consensus No - - - - 95.8 3.4 99.5 1.0 3.83
Consensus Yes 97.8 1.7 99.6 0.6 95.9 3.4 99.5 1.0 3.81

SVM None No - - - - 97.0 3.1 99.5 0.9 3.47
None Yes 97.1 2.2 99.5 0.5 97.3 2.9 99.5 0.9 3.22
Individual No - - - - 96.6 3.5 99.4 1.0 3.70
Individual Yes 97.0 3.0 99.3 3.0 96.5 6.8 99.1 5.7 3.44
Consensus No - - - - 96.6 3.5 99.4 1.0 3.68
Consensus Yes 97.4 2.1 99.6 0.4 96.9 3.3 99.5 0.9 3.47

aNCC and SVM were ranked separately.

results in different and equally performing rankings
of features as found by Ein-Dor et al. [21], but also
results in different numbers of features selected when
optimizing supervised classifiers. This observation
suggests that it is difficult to optimize the number
of features to use based on internal cross-validation
of training data, as it is not likely to perform as
good on an independent test set. In agreement, we
observed systematically better and competitive re-
sults for the validation data sets as compared to the
test data sets: optimizing the number of selected
features resulted in over-fitting (Table 1).

Comparing with other predictions of this data
set, we note that Wessels et al. found that using the
dimensional reduction method partial least squares
(PLS) performed better than feature selection using
forward filtering based on SNR [8]. Our performance
using all features is similar to the performance ob-
tained using PLS. Our results indicate that to ob-
tain a highly competitive performance for this data
set the choice of classifier is not crucial if all features
are used. It has also been observed for other gene ex-
pression data sets that SVM classifiers perform best
when all features are used [24,25].

CNS embryonal tumor data

The results for the CNS embryonal tumor data set
are presented in Table 2. For NCC, the best ranked
classifier was an ensemble with individual feature se-
lection, for which a BACC of 60.6% was obtained.
This classifier performed better for 136 and worse for

81 test sets when compared with its corresponding
single classifier. For SVM, the best ranked classi-
fier was a single classifier with no feature selection,
which performed better than the NCC classifiers and
a BACC of 63.0% was obtained. This classifier was
similarly ranked as its corresponding ensemble clas-
sifier, and performed better for 102 and worse for 99
test sets.

For the leukemia data set performances close to a
100% were obtained, making it difficult to compare
predictive performances for the test sets with the
potentially overly optimistic estimates from the val-
idation sets. For the CNS embryonic tumors the pre-
dictive performances were much worse, making com-
parisons between test and validation results more
illustrative. We made three observations both for
NCC and SVM.

First, with no feature selection the validation re-
sult was worse than the test result. Here, there is no
feature selection and no optimization of classifiers
and the validation result is an honest estimate of
the predictive performance. However, in the internal
cross-validation each sample is classified by an en-
semble of the 10 classifiers for which it was not used
in training, whereas the test samples from the exter-
nal cross-validation are classified by an ensemble of
all 30 classifiers from the internal cross-validation.
Apparently, the larger ensembles perform better for
this data set.

Second, with individual feature selection the val-
idation results are overly optimistic estimates of the
predictive performance. Here, the only dishonest as-
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Figure 1: The optimal number of features selected for each test set for the leukemia data. There was a total
of 300 test sets and 3,571 features. A) NCC. Median number of selected features was 1598 and B) SVM.
median number of selected features was 2397.

pect of the validation performance is that the num-
ber of features selected has been optimized to give
the best performance. Hence, even though features
are ranked individually for each classifier based only
on its training samples, an overly optimistic estimate
was obtained.

Third, with consensus feature selection the vali-
dation results are even more optimistic than for in-
dividual feature selection. Here, there is a dishonest
use of the class of the validation samples in the inter-
nal cross-validation because all internal samples have
been used to rank features. Using validation samples
to rank features may not only result in overly opti-
mistic results but may also inflate performance for
classes which can not be classified, leading to incor-
rect conclusions [6].

In the original analysis of this data set [4],
Pomeroy et al. used k-nearest neighbor classi-
fiers and evaluated the predictive performance us-
ing leave-one-out cross-validation. Both the number
of neighbors, k, and the selected number of features
were optimized in the cross-validation. This use of
the validation samples in classifier optimization re-
sulted in an overall classification accuracy of 78%,
not likely to be obtainable when using an indepen-
dent test set.

As for the leukemia data, we note that for SVM
no feature selection performed best. The BACC of
this classifier (63.0%) was also higher than for all
classifiers evaluated in ref. [8], where the best BACC
obtained was 61.3%. In ref. [8], SVM obtained the

best result when combined with recursive feature
elimination. This combination obtained a BACC of
60.1% with on average 1235 features selected. SVM
combined with forward filtering selected fewer fea-
tures, on average 120, and performed worse: 57.6%
BACC. SVM combined with our filtering method se-
lected roughly as many features (on average 1,655)
as recursive feature elimination and performed sim-
ilarly. Together, these findings show a sensitivity to
minor details in the combination of classifiers and
feature selection methods and that forward filtering
may find local maxima in performance.

Breast cancer data

The results for the breast cancer data set are pre-
sented in Table 3. For NCC, the best ranked clas-
sifier was an ensemble with consensus feature selec-
tion, for which a 66.4% BACC was obtained. All
four NCC classifiers with feature selection achieved
similar results. For SVM, the best ranked classifier
was an ensemble classifier with individual feature
selection, which performed slightly worse than the
NCC classifiers and a BACC of 66.0% was obtained.
This SVM classifier performed better for 174 and
worse for 94 test sets compared to its corresponding
single classifier. To our knowledge, there is no com-
parable study for this data set, but our results are in
agreement with previous studies of variants of this
data set [8, 26].
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Table 2: Comparison of methods to construct classifiers for the CNS embryonal tumor data.
Validation Test

Predictor Filter Ensemble BACC(%) AUC(%) BACC(%) AUC(%) Ranka

Mean SD Mean SD Mean SD Mean SD Mean

NCC None No - - - - 58.6 9.4 64.2 10.4 3.81
None Yes 58.4 6.3 59.2 8.5 59.5 9.8 64.2 10.4 3.53
Individual No - - - - 59.5 10.1 63.5 10.8 3.44
Individual Yes 64.3 6.8 66.6 8.8 60.6 10.3 65.7 11.8 2.96
Consensus No - - - - 58.9 10.2 63.2 10.8 3.67
Consensus Yes 72.6 7.6 78.4 8.9 59.0 10.0 63.2 10.8 3.57

SVM None No - - - - 63.0 10.3 68.4 10.8 3.08
None Yes 61.4 8.9 68.0 9.3 62.3 9.1 69.0 10.8 3.14
Individual No - - - - 59.8 11.0 63.6 11.9 3.97
Individual Yes 64.9 8.6 70.0 9.0 62.2 9.4 66.9 11.9 3.21
Consensus No - - - - 60.1 10.1 63.3 11.7 3.94
Consensus Yes 73.4 7.9 82.0 8.3 60.7 9.8 64.8 11.5 3.66

aNCC and SVM were ranked separately.

Table 3: Comparison of methods to construct classifiers for the breast cancer data.
Validation Test

Predictor Filter Ensemble BACC(%) AUC(%) BACC(%) AUC(%) Ranka

Mean SD Mean SD Mean SD Mean SD Mean

NCC None No - - - - 65.0 7.2 74.9 7.2 3.96
None Yes 65.2 4.1 72.8 4.7 65.0 7.2 74.9 7.2 3.95
Individual No - - - - 66.1 7.0 74.5 7.0 3.28
Individual Yes 68.7 4.4 75.8 4.7 66.2 7.4 76.0 7.1 3.39
Consensus No - - - - 66.3 7.0 74.5 7.0 3.22
Consensus Yes 79.1 4.4 86.8 4.1 66.4 7.0 74.5 6.9 3.19

SVM None No - - - - 65.1 6.9 70.5 7.4 3.61
None Yes 64.0 5.0 70.5 7.4 65.3 6.8 71.2 7.5 3.61
Individual No - - - - 64.0 14.2 67.9 9.4 3.81
Individual Yes 67.7 6.6 72.1 8.2 66.0 8.7 70.6 9.9 3.07
Consensus No - - - - 64.4 8.4 68.3 9.5 3.70
Consensus Yes 77.8 7.7. 86.0 8.2 65.7 7.8 70.2 7.9 3.20

aNCC and SVM were ranked separately.

Liver cancer data

The results for the liver cancer data set are presented
in Table 4. For NCC, the best ranked classifier was
an ensemble with individual feature selection, for
which a 77.0% BACC was obtained. Even though
the best ranked classifier performed better for 61 and
worse for 39 test sets compared to its corresponding
single classifier, the performance for each test set
was typically very similar, and all four NCC clas-
sifiers with feature selection achieved almost identi-
cal BACC. For SVM, the best ranked classifier was
also an ensemble with individual feature selection,
for which a 91.3% BACC was obtained. This clas-
sifier performed better for 238 and worse for 48 test

sets compared to its corresponding single classifier.
Moreover, it was the best classifier for most of the
300 test sets, as seen from its average rank being
close to one. It also outperformed all NCC classi-
fiers.

Ressom et al. obtained a BACC of ≈91.5% for
this data set when using SVM combined with parti-
cle swarm optimization for feature selection [23]. We
obtained a comparable BACC using filtering based
on SNR for feature selection, indicating that the
choice of feature selection method is not crucial.
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Table 4: Comparison of methods to construct classifiers for the liver cancer data.
Validation Test

Predictor Filter Ensemble BACC(%) AUC(%) BACC(%) AUC(%) Ranka

Mean SD Mean SD Mean SD Mean SD Mean

NCC None No - - - - 76.4 3.3 84.9 3.0 3.67
None Yes 76.4 1.7 84.6 1.5 76.4 3.3 84.9 2.8 3.63
Individual No - - - - 77.0 2.9 84.8 2.8 3.47
Individual Yes 78.0 1.4 84.7 1.5 77.0 2.8 84.8 2.8 3.31
Consensus No - - - - 77.0 2.9 84.8 2.8 3.48
Consensus Yes 78.0 1.5 84.8 1.4 77.0 2.9 84.8 2.8 3.44

SVM None No - - - - 75.3 6.8 83.4 7.2 5.45
None Yes 85.3 1.8 92.5 1.2 86.7 3.0 93.7 2.1 3.40
Individual No - - - - 89.6 2.5 95.8 1.5 2.23
Individual Yes 91.1 1.4 96.7 0.8 91.3 2.3 96.7 1.3 1.24
Consensus No - - - - 76.1 6.0 84.4 5.8 5.45
Consensus Yes 86.0 1.0 93.0 1.3 87.0 2.9 94.0 1.9 3.25

aNCC and SVM were ranked separately.

Conclusions
We have investigated if aggregating classifiers into
ensembles improves classification performance for
gene and protein expression data sets, for which the
number of features typically is much larger than the
number of samples. The general conclusions may be
summarized as follows:

• Ensemble methods performed best, even
though differences in terms of predictive ac-
curacies often were relatively small. For NCC,
an ensemble method performed best for all four
data sets. For SVM, an ensemble method per-
formed best for three data sets.

• Even minimal dishonest use of test samples,
such as optimizing only the number of features
to use based on predictive performance of test
samples, may result in overly optimistic esti-
mates of predictive performance.

• If the goal is to obtain good predictive per-
formance regardless if very many features are
used, SVM with no feature selection often per-
forms very well.

• Forward filtering may find classifiers that per-
form well using small feature sets, however,
better performance is often obtained using
larger feature sets.

The performance of classifiers can potentially be
improved in many ways. For example, various ap-
proaches to weight the classifiers in the ensembles

can be explored. We have used ensembles of size 30,
and our results indicate that smaller ensembles per-
form worse. There is a trade-off between ensemble
size and ensemble construction time. Therefore, it
may be worthwhile to investigate the dependence of
performance on ensemble size.
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We have used microarray gene expression profiling and
machine learning to predict the presence of BRAF
mutations in a panel of 61 melanoma cell lines. The
BRAF gene was found to be mutated in 42 samples (69%)
and intragenic mutations of the NRAS gene were detected
in seven samples (11%). No cell line carried mutations of
both genes. Using support vector machines, we have built a
classifier that differentiates between melanoma cell lines
based on BRAF mutation status. As few as 83 genes are
able to discriminate between BRAF mutant and BRAF
wild-type samples with clear separation observed using
hierarchical clustering. Multidimensional scaling was used
to visualize the relationship between a BRAF mutation
signature and that of a generalized mitogen-activated
protein kinase (MAPK) activation (either BRAF or
NRAS mutation) in the context of the discriminating
gene list. We observed that samples carrying NRAS
mutations lie somewhere between those with or without
BRAF mutations. These observations suggest that there
are gene-specific mutation signals in addition to a common
MAPK activation that result from the pleiotropic effects
of either BRAF or NRAS on other signaling pathways,
leading to measurably different transcriptional changes.
Oncogene (2004) 23, 4060–4067. doi:10.1038/sj.onc.1207563
Published online 29 March 2004

Keywords: BRAF; melanoma; microarray; mitogen-
activated protein kinase; mutation

Introduction

Constitutive activation of the receptor tyrosine kinase
(RTK)/Ras/Raf/mitogen-activated protein kinase

(MAPK) pathway is a frequent and early event in
melanoma development (Cohen et al., 2002; Satya-
moorthy et al., 2003). Recently, mutation of BRAF (v-
raf murine sarcoma viral oncogene homolog B1) has
been shown to be the primary mechanism by which this
activation occurs (Davies et al., 2002). BRAF mutation
is arguably the most critical step in the initiation of
melanocytic neoplasia, but is insufficient to confer the
malignant potential since mutations occur as often in
benign melanocytic nevi as in invasive cutaneous
melanomas (Pollock et al., 2003). Somatic BRAF
mutations occur in 41–88% of melanomas and nevi
(Brose et al., 2002; Davies et al., 2002; Dong et al., 2003;
Gorden et al., 2003; Pollock et al., 2003; Satyamoorthy
et al., 2003) and in a variety of other tumor types,
including 36–69% of papillary thyroid cancers (Cohen
et al., 2003; Fukushima et al., 2003; Kimura et al., 2003),
5–18% of colorectal carcinomas (Davies et al., 2002;
Rajagopalan et al., 2002; Yuen et al., 2002) and 2–3% of
lung cancers (Brose et al., 2002; Davies et al., 2002;
Naoki et al., 2002; Cohen et al., 2003). All documented
mutations to date have been found in the kinase domain
of B-Raf, encoded by exons 11 and 15 of the BRAF gene
(Brose et al., 2002; Davies et al., 2002; Naoki et al.,
2002; Yuen et al., 2002). The majority of these
mutations affect one critical amino acid, resulting in a
valine to glutamic acid substitution at residue 599. The
V599E substitution is thought to lead to constitutive
kinase activity of B-Raf, potentially by mimicking the
phosphorylation of the T598 and S601 residues that
occurs during the normal activation of the kinase
(Davies et al., 2002).

In some melanomas without BRAF mutation, the
MAPK pathway is constitutively activated through
mutation of NRAS (neuroblastoma RAS viral (v-ras)
oncogene homolog) (van Elsas et al., 1996). BRAF and
NRAS mutations appear to have the same effect in
melanoma development since their occurrence in the
same tumor is mutually exclusive (Cohen et al., 2002;
Davies et al., 2002; Pollock et al., 2003; Satyamoorthy
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et al., 2003). A similar situation has also been observed
in thyroid (Kimura et al., 2003), lung (Brose et al., 2002;
Davies et al., 2002; Naoki et al., 2002) and colon cancers
(Davies et al., 2002; Rajagopalan et al., 2002; Yuen et al.,
2002), where BRAF and RAS mutations are seldom
found in the same tumor. In the few exceptional colon
(Davies et al., 2002; Yuen et al., 2002) and lung cancers
(Brose et al., 2002; Davies et al., 2002) in which both
BRAF and RAS mutations occur, the mutations in
BRAF never include the V599E change (Davies et al.,
2002; Yuen et al., 2002), indicating that substitutions
elsewhere in B-Raf may not have the same potency in
activating the MAPK pathway.

Recently, microarray gene expression profiling has
been used to develop a number of phenotypic models
that predict the activity of various oncogenic signaling
pathways, including those emanating from the activa-
tion of Ha-ras, c-myc and members of the E2F family of
transcription factors (Huang et al., 2003). The models
were extremely accurate in assigning the activation
status of various oncogenic pathways after the infection
of murine embryonic fibroblasts with oncogene-expres-
sing adenoviruses. Similar discrimination was seen
between mammary tumors that arose in mice carrying
either MYC or HRAS transgenes driven by the MMTV
promoter. These findings indicate that oncogene activa-
tion can lead to highly specific and lasting gene
expression changes.

Supervised analysis methods are very powerful for
classification and prediction of cancer gene expression
profiles into predefined classes (Golub et al., 1999;
Simon et al., 2003). In these methods, expression data
from cancer samples, together with knowledge about
which class each sample belongs to, are used to
construct a classifier (prediction rule). The accuracy of
the classifier is evaluated on independent samples that
were neither used to select genes to include in the
classifier nor to construct the prediction rule. Recently,
supervised machine learning methods such as artificial
neural networks and support vector machines (SVMs)
have been used to classify cancer expression profiles
(Furey et al., 2000; Khan et al., 2001). Here, we have
used expression profiling and SVM learning as a tool to
predict the presence of BRAF activating mutations in a
panel of melanoma cell lines.

Results

Mutation data

Mutation status of BRAF and NRAS was determined
for each cell line (see Supporting Table 2 in Supple-
mentary Material at the following URL: http://www.
qimr.edu.au/research/labs/nickh/Pavey-et-al-Supporting-
Information.pdf). The following mutations were
detected:

BRAF

Four amino-acid substitutions were detected in exon 15
and none were observed in exon 11. At nucleotide

positions 1786 and 1787, a transition of a C4T and a
T4C, respectively, led to a substitution at codon 596
(L596S). At nucleotide position 1786, a transversion of a
C4G led to a substitution at codon 596 (L596V). At
nucleotide positions 1795 and 1796, a transition of a
G4A and transversion of a T4A, respectively, led to a
substitution at codon 599 (V599K). At nucleotide
position 1796, a transversion of T4A led to a
substitution at codon 599 (V599E). In the panel of 61
cell lines, L596S, L596V and V599K each occurred once
(1.6%). The V599E mutation occurred at a frequency of
69% (42/61).

NRAS

Two amino-acid substitutions were detected in exon 1.
At nucleotide position 34, a transition of a G4A led to
a substitution at codon 12 (G12S) and at nucleotide
position 37, a transversion of a G4C led to substitution
at codon 13 (G13R). Both mutations occurred once
(1.6%). In exon 2, three amino-acid substitutions were
detected affecting codon 61. At nucleotide position 181,
a transversion of a C4A led to a Q61K substitution. At
nucleotide position 182, a transversion of an A4T and a
transition of an A4G led to Q61L and Q61R
substitutions, respectively. Q61K, Q61L and Q61R
mutations occurred at frequencies of 1.6% (1/61),
6.5% (4/61) and 3.3% (2/61), respectively. In one cell
line, MM649, NRAS was homozygously deleted.

Supervised gene selection

The first pass of analysis used a supervised approach,
based on a nonparametric method to determine
differential gene expression between samples with BRAF
or NRAS mutations and wild-type samples. We used all
61 cell lines in each analysis. Using the Mann–Whitney
U-test, we expect 50 of the 5041 filtered clones to have a
P-value of less than 0.01 by chance. The BRAF mutant
versus BRAF wild-type supervised analysis yielded 135
clones from the filtered list with Po0.01 (see Supporting
Table 3), and the NRAS mutant versus NRAS wild-type
analysis yielded 48 clones (see Supporting Table 4). The
overlap between these BRAF and NRAS lists was 19
clones (see Supporting Table 4). The combined genotype
of having either BRAF or NRAS activating mutations
versus wild type for both NRAS and BRAF yielded 37
clones at Po0.01.

Supervised classification

We used the receiver operating characteristic (ROC)
curve area to measure the prediction performance on
samples not used to train the classifier. For the SVM
committee that discriminates cell lines according to
BRAF mutation status, we got an area of 82%
(Supporting Figure 1). Regardless of the number of
samples in each class, a random classifier will on average
result in an area of 50% (ideally the area is 100%).
When we performed the same analysis with randomly
permuted sample labels, we got better or equal
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performance only 29 times out of 10 000 replicates
(P¼ 0.0029), which strongly suggests that there was no
overfitting in our classification procedure. Hence, there
is a strong correlation between gene expression profiles
and BRAF status that can be used to predict signifi-
cantly the status of samples not used to train the
classifier.

Next, we ranked the genes (refer to Supporting Table
3) and built a new classifier using only the N top-ranked
genes (see Materials and methods). In addition, we built
a classifier based on N randomly selected genes.
Performing this for different values of N, we got a
significantly better performance using genes from the
ranking than from random selections (Figure 1). The
difference was most significant when we used a small
number of genes. This conclusion is expected since
choosing more random genes increases the number of
selected top-ranked genes. Hence, it is probable that we
had some overlap between the 100 genes selected by
random and the 100 top-ranked genes. Using the top 80
genes, we get a performance of similar quality as when
using all the genes. Thus, to get a list of BRAF
discriminatory genes, we selected genes that were ranked
in the top 80 by at least 25% of the SVMs, which
resulted in a total of 83 genes (Figure 2 and Supporting
Table 5).

Hierarchical clustering using these 83 BRAF discri-
minatory genes was performed in both the sample and
clone dimensions (Figure 2). This provided clear
clustering of the cell lines carrying BRAF activating
mutations. The relationships of the genotype classes are
further illustrated in a multidimensional scaling (MDS)
visualization (Figure 3). This plot again demonstrated
clear discrimination between the samples carrying

BRAF activating mutations to samples wild type for
BRAF, while allowing observation of the samples
carrying the NRAS mutation as lying somewhere
between the BRAF wild-type and the BRAF mutated
samples.

Quantitative RT–PCR (qRT–PCR)

To assess the reliability of the array hybridization
results, transcript levels of nine differentially expressed
genes were measured using qRT–PCR analysis. Intra-
and interassay variation was 2.9 and 6.8%, respectively,
and the qRT–PCR duplicate assays had a coefficient of
variation less than 0.05. The concordance between the
qRT–PCR and the microarray expression levels was
determined (Figure 4) for each of the genes validated
(see Supporting Tables 6a–i for raw data) as follows: for
each gene expression ratios determined by microarray
analysis and qRT–PCR were grouped into three ‘bins’,
defined as upregulated genes (42.0-fold expression
ratio), genes with equal expression (within 0.5- to 2.0-
fold) and downregulated genes (o0.5-fold). When
microarray and qRT–PCR expression ratios were in
the same ‘bin’, the methods were regarded as con-
cordant. The two methods were highly concordant, with
an average of 75% concordance between genes upregu-
lated in association with a BRAF mutation, and 79% for
genes downregulated in BRAFmutant samples. The lack
of concordance between a small proportion of the
samples may be due to a number of possible factors,
including minor divergence between replicate spots on
the microarray, variation in distribution and intensity of
pixels within each spot or lack of dynamic range across
expression levels in microarray data in comparison to
the qRT–PCR expression range. Fold changes in
transcript levels were generally more compressed using
microarrays, in agreement with previous reports
(Rajeevan et al., 2001; Chuaqui et al., 2002).

Discussion

Mutation status of BRAF and NRAS was determined
for 61 melanoma cell lines. BRAF mutations were
detected in 44 samples (72%). All mutations occurred in
exon 15 and all but three resulted in a V599E
substitution. NRAS activating mutations were found
in nine samples and another cell line had a homozygous
deletion of this gene. No cell line with a BRAF mutation
also carried an intragenic mutation of NRAS, in keeping
with previous reports that have found RAS and BRAF
mutations to be almost mutually exclusive in a variety of
cancer types (Brose et al., 2002; Cohen et al., 2002;
Davies et al., 2002; Naoki et al., 2002; Yuen et al., 2002;
Kimura et al., 2003; Pollock et al., 2003; Satyamoorthy
et al., 2003).

Using SVMs, we have built a classifier that based on
gene expression profiles discriminates between melano-
ma cell lines according to whether they carry mutations
in BRAF. As few as 83 genes are able to discriminate
between BRAF mutant and BRAF wild-type cell lines.

Figure 1 Prediction performance from SVM classification of
BRAF mutation status. SVM prediction performance, as measured
by the ROC area, of BRAF status using varying numbers of top-
ranked genes as input to the SVMs. Black curve – ROC area as a
function of the number of top-ranked genes used; gray curve –
results obtained when selecting the same number of genes
randomly from the filtered data set; dotted gray curves – one
standard deviation from the average random result
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Hierarchical clustering using these discriminatory genes
gives good separation of the samples (Figure 2).
Initially, we considered there might be a common
MAPK activation signature (resulting from either
BRAF or NRAS mutation); however, we found no
overabundance of discriminatory genes for the com-
bined group of samples having either BRAF or NRAS
mutations. Furthermore, we built SVMs for discrimi-
nating samples with mutation of either BRAF or NRAS
from samples being wild type for both BRAF and
NRAS, and obtained results comparable to random
predictions. Moreover, using MDS, we found clear
separation of BRAF mutant samples and samples wild
type for both BRAF/NRAS, and observed a tendency
that NRAS mutant samples generally clustered between
these two groups. This observation suggests that there
may be some genes that specifically discriminate
between the three genotypic classes, but more samples
are required to establish a specific NRAS mutation

signature. Nonetheless, our findings suggest that the
transcriptional consequences resulting from mutation of
BRAF or NRAS are different, presumably through their
differential capacity to receive input signals and
transduce them through various effectors. Indeed, since
all cell lines were grown in the presence of serum at the
time of RNA extraction (hence the MAPK pathway
would be expected to be constitutively activated in every
line), the genes that discriminate BRAF or NRAS
mutant cells are independent of this common MAPK
activation. This notion implies that some of the genes on
the BRAF discriminating gene list may not necessarily
be the direct targets of the transcription factors (e.g.
Elk-1) that are ultimately activated by MAPKs. This
hypothesis has important ramifications for the develop-
ment on new melanoma treatments, as it would open up
the possibility of identifying novel therapeutic targets
outside of the MAPK pathway that could be used to
treat melanomas carrying BRAF mutations. In a highly

Figure 2 Hierarchical clustering of 61 melanoma cell lines and genes, using the BRAF discriminatory genes (n¼ 83). Spearman’s
correlation was used to cluster samples and genes based on centralized data. Expression ratios (see color scale bar) used to color the
dendrogram were derived from normalized values. Branches pertaining to individual cell lines carrying a BRAF mutation are colored
blue (BRAF mutant/NRAS wild type), cell lines carrying an NRAS mutation colored green (NRAS mutant/BRAF wild type) and cell
lines that are wild type at both loci colored red. Asterisks in the GenBank accession column refer to probes where no data were
obtained during sequence validation by the array manufacturer (refer to http://www.microarray.ca/support/glists.html)
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analogous situation to that we have described here,
Huang et al. (2003) built expression models to predict
the activation status of E2F1, E2F2 and E2F3, and
showed that the models could readily discriminate
between the activation of these three very closely related
transcription factors.

Of the 83 BRAF discriminatory genes, 42 have known
function and the remainder encode hypothetical pro-

teins or are simply ESTs. Notably, five of the known
genes encode phosphatases, enzymes with key functions
in regulating signal transduction pathways. PTPRA for
example, is a member of the protein tyrosine phospha-
tase (PTP) family involved in regulating cell cycle
transition from G2phase to mitosis and has been shown
to dephosphorylate and activate Src family tyrosine
kinases (Mustelin and Hunter, 2002). PTPRA has also
been implicated in the regulation of integrin signaling,
cell adhesion and proliferation (Zheng et al., 1992;
Harder et al., 1998; Zheng and Shalloway, 2001). The
higher expression levels seen in BRAF mutant samples
supports a role for PTPRA in melanoma cell prolifera-
tion.

While space prohibits the discussion of all named
genes on the discriminating list, brief summaries of few
key genes that have biological relevance to melanoma
follow. ANXA7 is a member of the annexin family of
Ca2þ -dependent phospholipid-binding proteins and has
a postulated role in suppressing prostate cancer (Srivas-
tava et al., 2001). We found reduced ANXA7 mRNA
expression in BRAF mutant samples, supporting a
similar tumor suppressor role for ANXA7 in melanoma.
The related ANX1 and ANX6 have also been assigned
tumor suppressor roles in other cancer models (Bastian,
1997), including a loss of ANX6 expression during
progression from benign to malignant melanoma
(Francia et al., 1996).

The gene encoding melanoma cell adhesion molecule
(MCAM/MUC18/CD146) was found to be expressed at
higher levels in BRAF mutant samples. MCAM func-
tions as a Ca2þ -independent cell adhesion molecule
involved in homotypic and heterotypic adhesion be-
tween melanoma cells and endothelial cells, respectively
(Johnson et al., 1997; Shih et al., 1997). Our data are
consistent with higher expression of MCAM being
associated with increased tumor growth and metastatic
potential of melanoma cells (Luca et al., 1993; Xie et al.,
1997).

The SKI protein has been implicated as a key
regulator of melanoma tumor progression (Medrano,
2003). Ski-interacting protein (SKIP), together with
SKI, interacts with pRb, resulting in the repression of
pRb-induced cell cycle arrest (Prathapam et al., 2002).
We found generally increased SKIP expression in BRAF
mutant samples, suggesting the possibility of abrogated
pRb activity with concomitant cell cycle progression in
BRAF mutant melanomas.

The genes encoding the E2 (DLAT) and E3 (DLD)
components of pyruvate dehydrogenase were in the top
83 ranked discriminating genes. Both genes showed
increased mRNA expression in BRAF mutant samples,
which may reflect altered energy production in mela-
noma cells carrying these mutations.

A number of microarray studies in various types of
cancer have identified gene expression patterns indica-
tive of the mutational activation of oncogenic pathways
or inactivation of tumor suppressor pathways. Typical
examples include signatures underlying germline
BRCA1 or BRCA2 mutations in breast (Hedenfalk
et al., 2001) and ovarian cancer (Jazaeri et al., 2002), as

Figure 3 MDS plot using the BRAF discriminatory genes (n¼ 83).
Each spot represents an individual sample, with cell lines carrying a
BRAFmutation colored blue (BRAFmutant/NRAS wild type), cell
lines carrying an NRAS mutation colored green (NRAS mutant/
BRAF wild type) and cell lines that are wild type at both loci
colored red

Figure 4 Concordance between gene expression levels measured
by microarrays and qRT–PCR. Gene expression levels obtained
using microarrays were confirmed by qRT–PCR for nine different
transcripts. Concordance was deemed to occur if the gene
expression ratios (relative to the reference sample) were assessed
to be within the same ‘bin’, namely, upregulated (42.0-fold
upregulated); roughly equal (within 0.5- to 2.0-fold); or down-
regulated (o0.5-fold), by both methods. Samples for which
expression ratios fell into separate bins for each method were
regarded to be nonconcordant. The percentage of samples
concordant between the two methods are shown for each gene.
Genes with a higher average expression in BRAF mutant samples
compared to wild-type samples are denoted by open bars and genes
that have a lower average expression in BRAF mutant samples
compared to wild-type cell lines are shown as solid bars

BRAF gene expression signature in melanoma
S Pavey et al

4064

Oncogene



well as somatic mutations of TP53 in breast cancer
(Sorlie et al., 2001), and a variety of mutations/
translocations in T-cell acute lymphoblastic (Ferrando
et al., 2002) or acute myeloid leukemia (Schoch et al.,
2002). The work we have presented in this study has led
to the identification of an expression signature that
predicts BRAF mutation status in melanoma. While this
finding points to underlying structure in global gene
expression profiles, it is only through further analysis of
the individual genes that discriminate between mutated
and wild-type samples that we may hope to better
understand the molecular events controlling melanoma
development. Importantly, some of the genes on the
BRAF discriminating gene list may prove to encode
useful new therapeutic targets to treat melanomas
carrying BRAF mutations.

Materials and methods

Cell culture and RNA extraction

A panel of 61 melanoma cell lines derived from cutaneous
melanomas or nodal metastases were used. Of these, 38 cell
lines have been described previously (Castellano et al., 1997).
Of the remaining lines, the series A2–A15 and D4–D25 were
established by Dr Christopher Schmidt, Professor Kay Ellem,
Professor Michael O’Rourke and co-workers; ME1007,
ME1402, ME4405, ME10538, Mel-FH, Mel-RM and Mel-
RMU were established by Professor Peter Hersey and co-
workers, and MM470, MM537 and MM629 were established
by Dr Peter Parsons and co-workers. All cell lines were
cultured in RPMI1640 in the presence of 10% fetal bovine
serum from the same batch. Total RNA was extracted using
Qiagen RNeasy Midi-kits from cells in log phase growth at
70% confluency lysed directly on the plate. Cell lysates were
stored at �701C until extraction, which was carried out as per
the manufacturer’s instructions (further information is avail-
able as Supporting Text 1).

Genotyping of cell lines

Since all BRAF mutations to date have been reported to occur
in exons 11 and 15 (Brose et al., 2002; Davies et al., 2002;
Naoki et al., 2002; Yuen et al., 2002), each line was screened
for variants in these exons by PCR sequencing. NRAS was also
screened for mutations in codons 12, 13 and 61, which have
been found previously to activate the potential of NRAS to
transform cultured cells (Schleger et al., 2000) and have been
found in a variety of human tumors including melanomas (van
Elsas et al., 1996). For further information refer to Supporting
Text 2.

Microarray probe preparation, hybridization and scanning

Each sample was cohybridized on the arrays together with that
of a common reference cell line, MM329, derived from a
primary melanoma and which is wild type for BRAF, NRAS
and CDKN2A. Probes were prepared using 40mg of RNA for
test samples and 50mg of reference RNA. RNA was reverse
transcribed into fluorescently labeled cDNA by direct dye
incorporation, using Cy5-dUTP in the test samples, and Cy3-
dUTP in the reference. Each sample was hybridized to
commercially available cDNA arrays printed on glass slides
by the Microarray Centre, University Health Network, Ontario,
Canada (http://www.microarrays.ca). The slides were Human

19K Arrays (v2.0) containing 19 008 human ESTs, derived by
PCR amplification of inserts, representing 18 107 separate
cDNAs spotted in duplicate across two slides. Details of clone
identity and sequence verification are available at http://
www.microarray.ca/support/glists.html. Hybridization was car-
ried out at 421C for 16–18h, and the slides were washed
according to the manufacturer’s protocol. The chips were
scanned by a GMS418 confocal scanner (Affymetrix/Genet-
icMicrosystems) with SoftMax Pro software to obtain raw
images. Refer to Supporting Text 3 for further information.

Microarray data analysis

Expression profiles from the 61 cell lines were used in each
analysis. Raw images were imported into ImaGene v4.2
(BioDiscovery), and mean pixel intensities were extracted
and spots with poor/absent signal were flagged. For each
clone, the logarithm of the ratio between the intensity in the
sample (red) channel and the reference (green) channel was
averaged over the duplicates and used as the expression value
for the clone. As saturated and low-intensity data tend to be
noise dominated, we used quality control criteria that required
clones to have all four intensities (red and green for both
duplicates) between 50 and 64 000 fluorescence units. Of 19 200
clones in duplicate, 5041 survived this filter across all 61
samples. The data were centralized sample by sample such that
the average expression value for a sample was zero. MDS
analysis was performed as described by Khan et al. (2001) in
three dimensions using Euclidean distance measures. Hier-
archical clustering was performed on data centralized such that
the average expression for each gene was zero using Gene-
Spring v5.0 (Silicon Genetics, Redwood City, CA, USA) with
default settings. Data analysis incorporating mutation status
and expression data from each cell line were undertaken by
supervised analysis methods (outlined below).

Supervised gene selection

The filtered set of clones was investigated for clones that
displayed statistically significant differences between the two
BRAF genotype groups (BRAF wild type and BRAF mutant)
and the two NRAS genotype groups (NRAS wild type and
NRAS mutant). For this purpose, a supervised approach using
the Mann–Whitney U-statistic was used to generate a list of
clones that satisfied statistical significance between genotype
groups to a P-value of less than 0.01. The Mann–Whitney U-
statistic has been demonstrated to be robust and conservative
(low Type I error) in its application to the identification of
discriminatory genes from expression data (Troyanskaya et al.,
2002).

Supervised classification

We used linear maximal-margin SVMs (Cristianini and Shawe-
Taylor, 2000) to classify the samples according to mutational
status. SVMs were trained in a threefold crossvalidation
scheme, in which samples were randomly split into three
groups, and two groups were used for training an SVM and
the remaining group was used for validation. This was
repeated three times such that each group (and consequently
each sample) was used for validation once. A committee of
SVMs was created by repeating this entire procedure 10 times.
Hence, for each sample there were 10 SVMs for which the
sample was not used in the training. The average of the outputs
from these 10 SVMs was used as prediction output for the
sample.
We used the ROC curve area (Hanley and McNeil, 1982) to

measure the prediction performance of the SVM committee.
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As we used linear maximal-margin SVMs that have no user-
tunable parameters, the risk of overfitting in our cross-
validation procedure was small. Nevertheless, in order to rule
out overfitting and to validate the significance of the
performance of the committee, we performed a random
permutation test. We randomly relabeled the samples keeping
the class proportions, and with these new labels performed the
full crossvalidation procedure described above. This was
carried out for 10 000 random sample labelings and an
empirical probability distribution of the ROC curve area with
random labels was generated. Using this probability distribu-
tion, the actual ROC area was assigned a P-value correspond-
ing to the probability to obtain this prediction performance or
better under the null hypothesis of gene expression patterns
randomly associated with the classes.
Next, we ranked the genes using the Mann–Whitney statistic

and investigated how many genes were needed to get good
performance. For each SVM, genes were ranked based on a
Mann–Whitney test applied only to the subset of samples used
when training the SVM. Since we have a total of 30 SVMs, this
results in 30 ranks assigned to each gene, one for each SVM.
To achieve a consensus gene ranking, we used the 25th
percentile of these 30 ranks.
To check the significance of the gene ranking the cross-

validation procedure was redone using only the top N genes
from the rankings. Here, we used the individual gene ranking
for each of the 30 SVMs. Thus, the validation samples were
not used in the selection of genes to use in the training and
there was no information leak. We did this classification for
different numbers of top-ranked genes in steps from using only
one gene to using all 5041 genes. In addition, we checked the
performance of the crossvalidation when we randomly selected
N genes for each SVM committee. For each N we did this
random selection 100 times.

Quantitative RT–PCR

To further confirm the validity of the microarray expression
data, the mRNA levels of nine unique transcripts selected from

the 83 highest ranking genes from the SVM consensus gene list
were assessed by qRT–PCR. Selections were based on the
potential roles of the genes in melanocyte biology, the MAPK
pathway or cell cycle regulation (see Supporting Table 1). To
obtain an appropriate control, we looked for genes that
showed minimal variation across the reference and control
channels, that is, within 0.7- to 1.4-fold of the reference value
in all test samples. Only eight ESTs satisfied this criterion. Of
these, two encoded GAPDH, a common historical control in
RT–PCR experiments. The reference cell line MM329 was
used to establish the qRT–PCR efficiencies of each gene
(Pfaffl, 2001). Briefly, the same RNA samples extracted for the
microarray experiments were used in the qRT–PCR experi-
ments. cDNA was made using Superscript III reverse
transcriptase (Invitrogen). Subsequent PCR reactions were
carried out on a Corbett RotorGene 3000 (Corbett Research,
Australia) using a QuantiTect SYBRs Green PCR kit (Qiagen,
Germany). Test cell lines and the reference cell line were
amplified in parallel reactions using specific primers (for
primer sequences, see Supporting Table 1 and for qRT–PCR
conditions see Supporting Text 4). To confirm the accuracy
and reproducibility of qRT—PCR, the intra-assay precision
was determined in 10 repeats within one run. Interassay
variation was investigated in 10 different experimental runs.
Specificity of PCR products obtained was characterized by
melting curve analysis. Gel electrophoresis and DNA sequen-
cing was carried out on PCR products for each primer set to
confirm identity.
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Analysis of MALDI-MS Mass Spectra
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We describe an approach to screen large sets of MALDI-MS mass spectra for protein isoforms separated
on two-dimensional electrophoresis gels. Mass spectra are matched against each other by utilizing
extracted peak mass lists and hierarchical clustering. The output is presented as dendrograms in which
protein isoforms cluster together. Clustering could be applied to mass spectra from different sample
sets, dates, and instruments, revealed similarities between mass spectra, and was a useful tool to
highlight peptide peaks of interest for further investigation. Shared peak masses in a cluster could be
identified and were used to create novel peak mass lists suitable for protein identification using peptide
mass fingerprinting. Complex mass spectra consisting of more than one protein were deconvoluted
using information from other mass spectra in the same cluster. The number of peptide peaks shared
between mass spectra in a cluster was typically found to be larger than the number of peaks that
matched to calculated peak masses in databases, thus modified peaks are probably among the shared
peptides. Clustering increased the number of peaks associated with a given protein.

Keywords: hierarchical clustering • proteomics • mass spectra • protein identification • isoforms

Introduction

In proteomics, cellular function can be investigated on the
protein level by observations of several hundreds or thousands
of proteins simultaneously.1,2 Mass spectrometry is a central
tool in these experiments and is used to identify proteins and
investigate their actual physical state, presence of covalent
modifications, and their up- or down-regulation in response
to various treatments or cellular states. A proteomic investiga-
tion usually involves sample preparation, protein separation,
and mass spectrometric data acquisition and analysis. The last
step, data analysis, is crucial for the interpretation of data.
Novel ways to analyze acquired data are therefore important
for conclusive results. With time, such analysis methods can
be included into software for automated analysis, and become
an important part of the actual capacity of a proteomics setup.

Protein isoforms can be detected as multiple spots in two-
dimensional electrophoresis (2-DE), or by mass spectrometry
(MS) as detection of modified peptide sequences. There are

several explanations for protein isoforms: multiple gene copies
(allelic variation), alternative splicing, truncation or degradation
products, or the presence of various post-translational modi-
fications (PTMs).3-5 Experimental detection of PTMs and the
assignment of correct isoforms of a protein are expected to be
one of the major experimental challenges in proteomics.6,7

Clearly, there is a need for methods to rapidly screen for
protein isoforms in any proteomics data set using mass
spectrometry (MS) instrumentation. We describe an approach
to facilitate mass spectrometric data analysis by matching the
peptide mass fingerprints within a data set against each other
to obtain clusters of mass spectra. The clusters represent similar
proteins and isoforms that can be subjected to closer investiga-
tion.

Our approach is based on clustering lists of peak masses
extracted from mass spectra and is available through a web
interface named SPECLUST (http://bioinfo.thep.lu.se/
speclust.html; Johansson P et al., work in progress). We
compare peak lists by measuring a distance between each pair
of peak lists. Many distance measures have been suggested (see
e.g., ref 8), and most of them are histogram-based, i.e., binning
data and counting how many bins contain peaks from both
lists. Arbitrary bin boundaries may lead to sensitive to small
measurement errors. To avoid this potential problem, we
defined a measure where we calculate a match score between
each pair of peaks based on their difference in masses. These
scores are then used to align the peak lists and to calculate a
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ment of Theoretical Physics, Lund University, Sölvegatan 14a, SE-223 62
Lund, Sweden. Phone: +46 (0)46-222 9347. Fax: +46 (0)46-222 9686.
E-mail: jari@thep.lu.se.

† Department of Biochemistry, Lund University.
‡ Complex Systems Division, Department of Theoretical Physics, Lund

University.
§ Lund Swegene Bioinformatics Facility, Department of Theoretical Phys-

ics, Lund University.
| Biochemistry and Molecular Biology, University of Southern Denmark.

10.1021/pr050354v CCC: $33.50 © xxxx American Chemical Society Journal of Proteome Research XXXX, X, XXXX-XXXX A
PAGE EST: 7.3 Published on Web 03/1 /200



distance between the lists. Similar methods have been used in
tandemmassspectrometry(MS/MS)databasesearchalgorithms.9-11

Finally, we cluster the peak lists using these distances as a
starting point. The result of the approach is presented as a
dendrogram in which protein isoforms cluster together.

Clustering of mass spectra has been suggested for many
other applications in proteomics. Schmidt et al. also clustered
peak lists extracted from mass spectra of spots on 2-DE gels.12

They used clustering to purify peak lists by removing peaks
stemming from neighboring spots, thereby improving protein
identification. Müller et al. used data from molecular scanners13

to cluster peptide masses according to the similarity of the
spatial distributions of their signal intensities.14 This clustering
improves identification of weakly expressed proteins. Tibshirani
et al. used clustering of peaks across many mass spectra in a
method to classify samples from patients according to disease
status from protein MS data.15 Beer et al. used clustering of
LC-MS/MS spectra to reduce the large amounts of data
generated in this process to a manageable size.16 Monigatti and
Berndt proposed a method to cluster MS spectra to generate
consensus mass spectra from a large mass spectrum database,
with the aim to achieve more unambiguous identification and
decreased numbers of false positives in high throughput
screening.17

We applied our clustering approach to two data sets. First,
we used a data set consisting of 62 mass spectra derived from
nine Arabidopsis thaliana proteins that appeared in multiple
spots on two-dimensional electrophoresis (2-DE) gels. The peak
lists, derived from mass spectra acquired for isoforms and
replicate samples for each of the nine proteins, clustered
together perfectly. Second, we applied the cluster analysis to
another data set with unknown numbers of protein isoforms
present. Several clusters suggested protein isoforms that were
verified by protein identification based on MS/MS. We exam-
ined clusters further by identifying peaks being shared between
mass spectra within a cluster. These shared peaks were
submitted to a peptide mass fingerprint (PMF) search and
yielded improved identification compared to using peaks from
individual mass spectra. The clustering aided identification by
increasing the number of peaks associated with a given protein,
and recognized shared peaks not matched to calculated peak
masses in databases. These peaks represent possible isoforms
and post-translational modifications (PTMs), amenable for
closer investigation.

Material and Methods

Mass Spectra Derived from Nine Arabidopsis thaliana
Proteins. Published data from a study by Schubert et al. of the
proteome of the chloroplast lumen of Arabidopsis thaliana18

was used to compile a data set by selecting proteins represented
by at least three spots on a single 2-DE gel. Mass spectra
derived from in total five replicate gels run at different dates,
and with MS data acquisition performed at different dates and
on different instruments were used. The data set contained
mass spectra from nine different, identified proteins: O22609;
DEGP1_ARATH DegP-like protease, O82660; HC136_ARATH
PSII stability factor HCF136, P82281; TL29_ARATH Ascorbate
peroxidase, Q39249; Q39249_ARATH Violaxanthin deepoxi-
dase, Q41932; PSBQ2_ARATH OEC 16 kDa subunit, Q42029;
PSBP1_ARATH OEC 23 kDa subunit, Q9FYG5; Q9FYG5_ARATH
Glyoxalase-like, Q9S841; PSBO2_ARATH OEC 33 kDa subunit,
and Q9SW33; TL1Y_ARATH Lumenal 17.9 kDa protein, where
the nine proteins were identified in 3 to 12 mass spectra each.

In total, this set consisted of 62 mass spectra, each originating
from a different spot.

Mass Spectra Derived from Fragaria ananassa Proteins.
Data were generated by 2-DE of a protein extract from
strawberry, Fragaria ananassa, in order to display differential
expression of proteins,19 especially the isoforms of the straw-
berry allergen.20 Spots were selected for mass spectrometric
analysis on the basis that they showed differential expression
between two different types of strawberry.19 This selection
yielded a data set consisting of 88 mass spectra, each origi-
nating from a different spot. The MALDI-MS mass spectra
were acquired in data-dependent mode on a Waters Micromass
MALDI micro MX Mass Spectrometer (Waters, Manchester, UK)
followed by automated protein identification by searching the
PMFs against the NCBI nr database, limited to green plant
(Viridiplantae), with either the search engine Mascot,21 or the
software PIUMS.22 Although the MS spectra were of good
quality, this PMF only yielded a 10% success rate in protein
identification due to the lack of strawberry sequence informa-
tion in NCBI nr.

After cluster analysis, a new sample set was prepared for a
final round of mass spectrometric investigation to improve the
protein identification rate. Manual MS and MS/MS data
acquisition was performed using an Applied Biosystems 4700
Proteomics Analyzer with time-of-flight/time-of-flight (TOF/
TOF) optics (Applied Biosystems, Darmstadt, Germany).

Peak Extraction and Preprocessing for Cluster Analysis.
Peaks were extracted from the raw files with the software
PIUMS.22 This software allows automated recalibration of mass
spectra based on recognized trypsin and keratin peaks from
an automatically generated filter, and removal of trypsins,
keratins, and other contaminant peaks.23

We used PIUMS with default parameter setting with the
following exceptions: (i) Bin width 0.8, (ii) peaks with masses
below 750 or above 4000 Da were removed, and (iii) the
manually adjustable minimal number of hits parameter in
PIUMS was set differently for the two data sets. Peaks found
in many spectra are considered contaminants and the minimal
number of hits parameter is used to remove peaks common
to at least the number of spectra set by this parameter. For
the validation set from Arabidopsis thaliana, the minimal
number of hits was set to 19. For the strawberry data set with
an unknown but presumably lower number of similar proteins,
the minimal number of hits was set to 12.

Clustering. For clustering, we used the agglomerative hier-
archical clustering method first suggested by Ward.24 The
method starts by assigning each peak list to its own cluster and
calculating a distance between each pair of peak lists. The
closest pair is found and merged to a new cluster. Distances
between the new cluster and each of the old clusters are
calculated. The search for closest pair, merging the pair, and
calculation of new distances are repeated until there is one
single cluster. We clustered using average linkage as imple-
mented in the clustering package provided by de Hoon et al.25

In average linkage, the distance between two clusters is
calculated as the average of the distances from each peak list
in one cluster to each peak list in the other cluster. The
application of hierarchical clustering to high-dimensional
biological data has been reviewed by Quackenbush.26

We calculated distances between peak lists by first calculat-
ing a similarity score for each pair. The similarity score in turn
was assessed by comparing how well individual peaks in the
first list matched peaks in the second list. Therefore, we also
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defined a peak match score between two peaks taken from
different peak lists.

Having two peaks, from different peak lists, with measured
masses m and m′ and measurement uncertainty σ, we wanted
a peak match score that reflects the probability that the two
peaks originate from the same peptide. We assumed measure-
ment errors to be Gaussian and defined the peak match score
to be the probability to get a mass difference equal to or larger
than |m-m′| given that the difference is only due to measure-
ment errors. This assumption gives the peak match score s )
P(∆>|m-m′|) ) 1 - erf (|m-m′|/2σ), which is zero for measure-
ments infinitely apart and unity for measurements being
identical. In contrast to a binary score, where peak matches
are given a score 1 when the mass difference is within a
predefined window and zero otherwise, this score allows for
smoother inclusion of measurement errors since it gives a
continuous score value between zero and unity. In all analysis
presented in this paper, we used σ equal to 1 Da.

To calculate a similarity score, S, between two peak lists, we
added up all contributions from individual peak matches, Σsij,
where sij is the peak match score between peak i in the first
list and peak j in the second list. Recalling that we study mass
spectra puts some restrictions on the summation. Each peak
can only be matched to one other peak, and peak order (by
mass) cannot be permuted (i.e., if peaks m and M from the
first list are matched to peaks m′ and M′ from the second list,
respectively, the only permissible relationships of their masses
are m < M, m′ < M′, or m > M, m′ > M′). There are many
possible combinations of peak matches (alignments) fulfilling
these two conditions, and we chose the one that maximizes
the sum Σsij. To find this maximum value, we used the
Needleman-Wunsch algorithm,27 commonly used in global
sequence alignment.

The distance measure we used in clustering, d ) 1 - S/min-
(N,N′), is based on the similarity score, S, and the sizes of the
two peak lists, N and N′. Intuitively, this distance measure
corresponds to the fraction of peaks in the smaller peak list
having no match to the larger list. Consequently, the distance
is zero when each peak in the smaller list has a perfect match
to a peak in the larger peak list. Because we use a distance
measure that depends on a fraction of peaks, it is relatively
insensitive to the number of peaks in spectra. This distance
measure is the starting point in clustering the peak lists and
building a dendrogram.

Extraction of Shared Peaks. To further investigate clusters,
we examined pairs of peak lists from a cluster and identified
shared peaks. A peak was considered shared between two
spectra, if it was matched in the alignment of the spectra with
a peak match score larger than 0.7 corresponding to a 0.5 Da
mass difference.

Results and Discussion

Validation of the Clustering Method Using Mass Spectra
from Nine Arabidopsis Proteins. To assess whether protein
isoforms could be detected using hierarchical clustering of mass
spectra, we performed clustering of peak lists from 62 Arabi-
dopsis thaliana mass spectra, each originating from a different
spot. This resulted in a dendrogram in which the nine proteins
formed nine distinct clusters (Figure 1A). It is evident from
Figure 1A, that every isoform and every replicate sample from
all nine proteins cluster together perfectly. This result indicates
that the clustering method is robust and is working although
the mass spectra were obtained from different gels, different

mass spectrometers, and at different dates. We tried different
values for σ (0.1 to 10 Da), and found the clustering to be very
robust. The sequence coverage in these mass spectra was
typically around 25%, which is routinely obtained in automated
MALDI-MS. This sequence coverage was obviously sufficient
to yield clear clustering.

Figure 1. Hierarchical clustering of 62 peak lists from nine
Arabidopsis proteins. Mass spectra were derived by MALDI-MS,
and peak extraction and processing (calibration and filtering)
were performed in PIUMS. For each mass spectrum the acces-
sion number, 2-DE gel identification number, and the size of peak
list (N) used in the clustering are shown. (A) Filtered and
calibrated peak lists. (B) Nonprocessed peak lists. The proteins
listed are O22609; DEGP1_ARATH DegP-like protease, O82660;
HC136_ARATH PSII stability factor HCF136, P82281; TL29_ARATH
Ascorbate peroxidase, Q39249; Q39249_ARATH Violaxanthin
deepoxidase, Q41932; PSBQ2_ARATH OEC 16 kDa sub-
unit, Q42029; PSBP1_ARATH OEC 23 kDa subunit, Q9FYG5;
Q9FYG5_ARATH Glyoxalase-like, Q9S841; PSBO2_ARATH OEC
33 kDa subunit, and Q9SW33; TL1Y_ARATH Lumenal 17.9 kDa
protein. The scale below the dendrogram indicates the distance
used in the clustering (see Materials and Methods).
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Our preprocessing of mass spectra that only removes con-
taminant peaks and recalibrates the mass spectra was impor-

tant to yield clear clustering of peak lists. Without this
preprocessing, the clear clustering of the nine proteins (Figure

Figure 2. Hierarchical clustering of mass spectra from Fragaria ananassa proteins with an unknown number of isoforms. Mass spectra
were derived by MALDI-MS and peak extraction and processing were performed using PIUMS. For each mass spectrum, the spot
number and the number of peaks (N) are stated. In cases where proteins were successfully identified also an accession number and
protein name are shown. Proteins having accession numbers on dark gray backgrounds could be identified initially by automated PMF
and database searching with Mascot and PIUMS. The remaining identified mass spectra were identified in a second round of cluster
affiliation, MS/MS and database searching, in combination with manual interpretation. Nine clusters that were selected for discussion
are labeled by A to I. The scale below the dendrogram indicates the distance used in the clustering (see Materials and Methods).
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1A) cannot be observed (Figure 1B). In contrast, a cluster
appears (Figure 1B, gray shaded) that is comprised of peak lists
from mass spectra derived from six of the nine different
proteins. All mass spectra in this cluster were derived from one
gel, indicating that this gel was heavily contaminated. Removal
of contaminants from the mass spectra is also well-known to
be important prior to PMF searches not to obscure matching
of peak lists to calculated masses in databases.23

Clustering of Mass Spectra from Strawberry Proteins with
An Unknown Number of Isoforms. Hierarchical clustering was
also applied to a data set that was not explicitly compiled to
contain isoforms. This realistic data set contains 88 mass
spectra from spots selected after separation on 2-DE because
they showed differential expression between different types of
strawberry.19 This data set contained an unknown number of
protein isoforms, and many spots for which the protein identity
was not known.

Since only few of the strawberry proteins could be identified
in the first round of automated PMF, only 13 of 88 spots were
assigned identifications (Figure 2). This is typical for proteins
from species with nonsequenced genomes, like strawberry. For
such genomes, protein identification based solely on MS data
is dependent on identification by sequence homology. How-
ever, the clustering analysis was used to decide how to proceed
with manually performed protein identification by combined
MS and MS/MS. Application of clustering to the 88 mass
spectra, acquired from 88 spots, yielded the dendrogram
presented in Figure 2. Several clusters of mass spectra sug-
gesting possible isoforms could be discerned, and nine clusters
that are marked by boxes and labeled by A to I were selected
for further investigation. Identifications were finally obtained
for 51 of 88 spots19 with names and accession numbers as stated
in Figure 2.

The mass spectra from the spots in cluster I, together with
two other spectra, are shown in Figure 3 illustrating the
similarity of spectra clustering together.

On the basis of the first round of PMF, some of the selected
clusters were found to reinforce our conclusion from analyzing
the Arabidopsis data that known isoforms cluster together.
These clusters were E (Cytosolic ascorbate peroxidase), F (14-
3-3 isoform e), and H (Chalcone synthase). The final identifica-
tion confirmed that other clusters were also dominated by
isoforms, including A (O-methyltransferase), B (RAD23 pro-
teins), G (Citrate-synthase), and I (Peroxiredoxin). On the other

hand, two spots (1112 and 297) outside of cluster G were
identified as citrate-synthases, and one spot (324) outside of
cluster H was found to contain chalcone synthase as well as
another protein.

It is well known that isoforms due to phosphorylation can
be seen as a string of pearls on a 2-DE gel. Other modifications
can also be detected visually on a gel as long as the pI-shift or
mass-change is small. This is true for the 14-3-3 isoform e
(cluster F) for which the spots are physically very close to each
other on the gel (Figure 4). On the other hand, cytosolic
ascorbate peroxidases (cluster E) are physically far apart. Hence,
clustering can reveal isoforms that are not so easily suspected
to be isoforms by inspection of the gel.

In Figure 2, most mass spectra cluster together with other
mass spectra. An exception is the unidentified protein derived
from spot number 602 that is an outlier, suggesting that it has
no isoforms in the analyzed data set.

Some mass spectra, which do contain protein isoforms
according to the stated names and accession numbers, do not
cluster together as nicely as those mentioned above. Many of
these less perfect clusters contain spots from the upper region
of the 2-DE gel (Figure 4), where the spot density was higher
and many spots overlap with each other. Mass spectra derived
from spots in this region are likely to contain more than one
protein. One example is chalcone synthase, for which three
mass spectra cluster together (cluster H), but a mass spectrum
from a spot containing both chalcone synthase and alcohol
dehydrogenase clusters with alcohol dehydrogenase. Another
example is cluster D that contains four proteins intertwined
in a complex manner. The fact that clustering is obscured when
the mass spectra contain peaks from more than one protein
resembles the situation for PMF searches, where peak mass
lists from more than one protein usually give poor results in
protein identification.

Improved Protein Identification by Clustering. To improve
PMF-based protein identification, we utilized the cluster
analysis in the following way. By first subjecting the peak lists
to cluster analysis, peak masses shared within a cluster were
identified. These shared peak masses are candidates to belong
to the protein in question. Hence, a novel peak list comprised
of these shared peak masses can then be used in a second PMF
search. If successful, such a PMF-based identification can
potentially be extrapolated to other protein members of the
cluster. Moreover, the shared peak masses, hypothesized to
belong to the protein in question, can also be used for a second
round of data acquisition by MS/MS to improve and/or verify
the protein identification. This approach, outlined in Figure 5,
was utilized in two ways. First, the approach was used to
improve protein identification, either within clusters with only
one protein per mass spectrum in cases where protein iden-
tification initially was not successful (e.g., the allergen, O-
methyltransferase, RAD23 protein, citrate-synthase, and per-
oxiredoxin clusters), or by deconvoluting clusters with more
than one protein per mass spectrum (e.g., cluster D). Second,
the approach was used to identify modified peaks.

Improved Protein Identification within Clusters. As one
example of how clustering can assist in protein identification,
we describe how our approach was applied to the allergen
protein. After the first round of automated MS data acquisition
and PMF protein identification, one spot (898) matched with
an insignificant score to a homologous allergen from apple (Mal
d 1 protein). Subsequently, clustering was used to search for
mass spectra similar to the mass spectrum from spot 898. The

Figure 3. Example of five MALDI mass spectra from Fragaria
ananassa 2-DE spots. The mass range shown is from 800 to 2400
and spot numbers are indicated on the right. Spectra from spots
903, 905, and 899 are similar and cluster together (cluster I in
Figure 2), whereas spectra from spots 812 and 455 are different
and did not end up in cluster I.
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mass spectrum from spot 898 clustered together with spectra
from six other spots in cluster C (Figure 2) and the spots in
this cluster were subjected to a closer investigation as outlined
in Figure 5. By manual protein identification, we found that
spots 920 and 1051 also contained the allergen.19 Thus cluster-
ing can be used to suggest which spots in a large data set should
be investigated more closely for the presence of a particular
protein.

Spectra containing more than one protein may cluster
together with spectra containing any of these proteins, de-
pending on how clusters are merged. An example of this
behavior is cluster D (Figure 2). We prefer the clustering to
perform like this because it helps to disentangle spots that
contain multiple proteins. Our choice of merging clusters
(average linkage) is sensitive to such multiple protein spots
without introducing poor clustering of independent single
protein spots.

A spectrum with more than one protein is in general a
problem in PMF searches, but with our approach it was
possible to deconvolute such a spectrum using other spectra
from the same cluster and improve PMF searches. The auto-
mated identification in Figure 2 was a combination of PIUMS
and Mascot. We reexamined the spectra with Mascot to
measure how much the PMF search could be improved by
using shared peaks. As an example, we used mass spectra from
the following: (i) spot 478 that contained both quinone
oxidoreductase and malate dehydrogenase, (ii) spot 465 that
contained malate dehydrogenase, and (iii) spot 433 that
contained quinone oxidoreductase (see Figure 2).

Mascot gave the following results: spot 478, malate dehy-
drogenase (score 82) and no hit for quinone oxidoreductase,
spot 465, malate dehydrogenase (no significant score), and spot
433, quinone oxidoreductase (score 87). Thereafter, peak
masses shared between mass spectra were identified and novel

Figure 4. Gel image of Fragaria ananassa proteins showing spots selected for mass spectrometric analysis. Spots encircled and annotated
with a spot number were selected for mass spectroscopic analysis. Theoretical mass and isoelectric point (pI) values for some of the
identified proteins are indicated with dotted lines. Note that clustering analysis can identify spots physically close to (e.g., 14-3-3 isoform
e), as well as spots far apart from (e.g., ascorbate peroxidase), each other.

Figure 5. Strategy for improved protein identification by cluster analysis and identification of shared peak masses. (A) After initial MS
data acquisition, data is used for initial PMF and clustering. (B) Peak masses shared by mass spectra in a cluster are identified. (C) The
shared peaks are used for a second round of PMF identification, and still unidentified mass spectra are run through MS/MS for further
investigation, (D) eventually leading to successful identification for mass spectra.
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peak lists were created and subjected to Mascot as follows. The
novel peak list shared between spots 478 and 465, correspond-
ing to malate dehydrogenase, gave a higher score (88) than the
two original peak lists from spots 478 and 465. The novel peak
list shared between spots 433 and 478, corresponding to
quinone oxidoreductase, gave a score of 91. Quinone oxi-
doreductase was not at all detected with the original peak list
from spot 478. Hence, in total two new identifications would
have been found using shared peak lists, based solely on
Mascot. Thus, clustering can assist in identification of spectra
with more than one protein per mass spectrum, and improve
PMF searches. The protein identifications stated in Figures 2
and 4 were confirmed by manually performed MS/MS.19 When
peptide masses are selected for MS/MS from a spectrum
containing several proteins, it is advantageous if selected
peptides belong to the same protein. For such a spectrum, our
approach to find shared peaks can assist in the selection of
peptides from one protein. Each protein in the spectrum can
thereby selectively be subjected to MS/MS.

Using Clustering for Identification of Modified Peaks. To
investigate if clustering can be used not only to detect but also
to benefit the characterization of isoforms, the allergen spectra
were investigated with an additional round of MS data acquisi-
tion. New mass spectra were obtained for the three allergen
spots as well as for a fourth spot (spot 919, not shown in Figure
4) also containing the allergen.19 These four mass spectra were
investigated for shared peaks. Most of the peak masses that
could be assigned to calculated peak masses in databases were
found to be shared by at least two mass spectra (Table 1).
However, only approximately half of the shared peak masses
could be assigned to calculated peak masses. This finding
suggests that several of the peaks shared between the mass
spectra were modified peptide peaks because contaminant
peaks were removed in preprocessing. Thus, clustering can
assist in the selection of tentatively modified peptides for
further characterization by MS/MS analysis. For example, the
peptide with mass 1516.7 Da, shared by spots 898, 919, and
920, was confirmed to be a modified peak. This peptide is a
modified variant of the peptide CAEILEGDGGPGTIK.19

Clustering revealed one modified peptide and focused the
investigation to the four spots containing the allergen. To
further characterize isoforms a protocol was developed in ref
19 with a double-derivatization to obtain a complete y-ion
series in MS/MS, which yielded sequence information and
confirmed that for example the peptide LVSAPHGGTLLK
(1192.7 Da) is present in two more isoforms. These isoforms
were contained within the same spot, 920, and within the same
MS spectrum.

Conclusions
Cluster analysis after MS data acquisition can be used to

screen for possible protein isoforms in large proteomic studies.
Clustering is not dependent on database content and can be
applied to mass spectra from different sample sets, dates, and
instruments provided that mass spectra are calibrated and
filtered. Peaks that are shared within a cluster, likely to
represent the protein in question, can be further characterized
with MS/MS. Also, shared peaks that do not match theoretical
masses may represent modified peaks that can be identified.
This approach is well suited for MALDI-TOF/TOF, where it is
possible to first scan in MS mode and, following the cluster
analysis, to perform MS/MS on shared peaks. To fully inves-
tigate differences between protein isoforms high sequence
coverage is needed. Nevertheless, we have presented a cluster-
ing approach that benefits the characterization of isoforms even
for the sequence coverage routinely obtained in MALDI-MS
data acquisition.
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