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Improving missing value imputation of microarray data by using spot
quality weights
LU TP 05-40

ii

P. Johansson and M. Ringnér
An evaluation of using ensembles of classiﬁers for predictions based
on genomic and proteomic data
LU TP 06-19

iii

S. Pavey, P. Johansson, L. Packer, J. Taylor, M. Stark, P.M. Pollock,
G.J. Walker, G.M. Boyle, U. Harper, S.J. Cozzi, K. Hansen, L. Yudt,
C. Schmidt, P. Hersey, K.A.O. Ellem, M.G.E. O’Rourke, P.G. Parsons,
P. Meltzer, M. Ringnér, and N.K. Hayward
Microarray expression proﬁling in melanoma reveals a BRAF
mutation signature
Oncogene 23, 4060-4067 (2004)

iv

L.H. Saal, P. Johansson, K. Holm, S.K. Gruvberger-Saal, P.O. Bendahl, S. Koujak,
P.O. Malmström, L. Memeo, M. Ringnér, H. Hibshoosh, Å. Borg, and R. Parsons
An in vivo gene expression signature for PTEN/PI3K pathway
activation predicts patient outcome in multiple tumor types
LU TP 06-18

v

R. Alm, P. Johansson, K. Hjernø, C. Emanuelsson, M. Ringnér, and J. Häkkinen
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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
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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). Chemically 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
c
pairs A-T and C-G, respectively. Reproduced with permission (Jane Wang) 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.
c
Reproduced with permission (Jane Wang) 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 measuring 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 accelerate 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 corresponds 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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CORRECT
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TYPE II
ERROR

CORRECT

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 alternative hypothesis and send the criminal to jail. The same strategy is employed
in statistics. Given the evidence, the statistician calculates the probability the
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evidence would appear this strong, if the null hypothesis were true. If this probability, 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 investigation 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 evidence 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 according 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 popular 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 classiﬁer [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 hyperplane separating the two groups of training samples. In the ﬁrst version of

Support vector machines

11

SVM, the maximal margin classiﬁer, the classiﬁcation rule is found by considering two things. First, a condition for the classiﬁcation rule is that the training
samples are correctly classiﬁed, in other words, the found hyperplane does separate 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 situation 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 exactly 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 appropriate. 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 dimensional 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. Otherwise, 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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Input1
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 allows 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 normal. 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,
xTi 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.
|x −x |2
One well-known example is the Gaussian kernel K(xi , xj ) = exp( i σ2 j ) 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 situation 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 ﬁltering.
• 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 systems.

Results and discussion
Paper I
In paper I, we present an algorithm for missing value imputation. Gene expression 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 average 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 regression 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.

Results and discussion
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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
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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 patterns 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 mutation 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 distinguish BRAF mutants from the other two groups, we got test performance
signiﬁcantly better than random classiﬁers. Moreover, when employing multidimensional 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 receptor (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 balanced 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 protein 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 misclassiﬁcations 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 between 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 signature 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. Moreover, spectra can be analyzed within a cluster to see which peaks are overlapping 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.

Furure directions
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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 extended 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 important 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 evaluating 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 naı̈ve 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

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

During the last decade microarray technology has
become an increasingly popular tool for gene expression proﬁling. Microarrays have been used in
numerous biological contexts from studies of diﬀerentially expressed genes in tumours [1–4] to identiﬁcation 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-

However, data is usually not complete. Data values may be missing due to poor printing of the arrays
1

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

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 unnecessarily large loss of data. In particular when
working with large data sets, reporters rarely have
a complete set of values over all experiments. Another 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, KNNimpute, that was shown to reconstruct missing values
well. In KNNimpute, for each reporter the most
similar reporters are found and the weighted average of these reporters is used as the imputation
value. Other imputation methods have been suggested [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 balance act – a too liberal cutoﬀ means noisy spots are
kept in data, which may complicate subsequent analysis. 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, KNNimpute [12] and LSimpute [17], and a naı̈ve reporter
average method. The imputation methods were applied to three data sets containing replicate measure-

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 individual 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 experiments 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 reporter 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 between ECM’s at diﬀerent time points, and R1 between 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 Instruments, 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
1
+
(1)
SNR2t
SNR2c
2
2
σbg,c
σbg,t
2 +
2.
(Ifg,t − Ibg,t )
(I fg,c − Ibg,c )

Subscripts t and c denotes treatment and control, respectively. As expression value, x, we used the logarithm to base 2 of the ratio of the signal in the treat2

Imputation methods

ment sample and the signal in the control sample


Ifg,t − Ibg,t
,
(2)
x = log2
Ifg,c − Ibg,c

We compared ﬁve imputation methods; three nonweight based methods, reporter average, KNNimpute, and LSimpute adaptive; and two weight based,
weighted reporter average and weighted nearest
neighbours imputation (WeNNI).

where spots with non-positive signal in either treatment 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 remaining 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 centralised experiment by experiment such that the average 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 consisted of two replicate data each having 55 experiments and 23,764 reporters, and the mycorrhiza data
consisted of four replicate data sets each having 10
experiments and 2,052 reporters.

Reporter average methods
Reporter average is an imputation method that is
intuitive and easy to implement. Assuming the expression 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 quality 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 linear combination of the extreme cases above. These
three cases are covered in the imputation equation

Quality weight
The basis for weight calculations are two weight formulae inspired by previous work [21–24].
We used a SNR based weight deﬁned as
1
w=
.
(3)
2
2
1+ β 2 + β 2
SNRt
SNRc

xre = wre xre + (1 − wre )x̂re ,

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

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 intensities 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 expression values to be missing when the corresponding 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:
1
.
(4)
w=
β2
β2
1 + (I −I
+ (I −I
)2
)2
fg,t

bg,t

fg,c

(5)

M
x̂re =

i=1

M

wri xri

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

bg,c

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

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.
3

similar reporters when a value is missing for a reporter. Two reporters n and m are considered to be
similar when the Euclidean distance,
d2nm

M
1 
=
(xni − xmi )2 ,
M i=1

where L is deﬁned by
L

i=1

i=1 dri
1
i=1 dri

,

xre = wre xre + (1 − wre )x̂re .

,

(12)

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 principle, 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 experimants.
In the comparisons made in this report, we used
the LSimpute adaptive algorithm implemented in
the publicly available LSimpute program (supplementary 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 =

where M is the number of experiments. A weighted
average of the nearest neighbours is calculated as
L wie xie
dri
wie
i=1 dri

(11)

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.

(8)

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 quality 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 equivalent 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 neighbours.
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 measure than spots with low weights. We calculated the
distance dnm between reporter n and reporter m as
M
wni wmi (xni − xmi )2
,
(9)
d2nm = i=1 M
i=1 wni wmi

i=1

wie .

i=1

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

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 imputation value of missing values.

x̂re = L

L+1


(7)

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

wie ≤ K <

N
1  
(x − yi )2 ,
N i=1 i

(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

(10)
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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.
Mean squared deviation (MSD)

The motivation for this choice of MSD as evaluation 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 uncorrelated. By using replicates we could avoid this problem and mark spots as missing values depending on
their quality. Third, we avoided any bias that could
be introduced by imputing both replicates and comparing 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 evaluation would obviously be ﬂattering.

1.3
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1.1

1

0.001

0.01

0.1

1

β

Figure 2: Weighted methods impute more accurately
than non-weighted methods in the melanoma data Performance 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 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 missing values, which implies imputation breaks down. The
standard error of means are within the line thicknesses.

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 average 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 methods, reporter average, weighted reporter average,
LSimpute, KNNimpute, and WeNNI, with changing 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 reporters. Moreover, the assumption for using reporter
average is in general problematic, since the expression 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 experimental design [20] makes the expression value in
one experiment anti-correlated to the reporter’s average over the other experiments. For the nearest
neighbours imputation methods however, this problem does not arise because imputations are calculated 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 KNNimpute [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 neighbours.
For small β all methods showed approximately
equal performance. This result was expected, because 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 identical to their non-weighted counterparts.

Mean squared deviation (MSD)

2.5

WeNNI
KNNimpute
Weighted average
Average
No impute

2

1.5

1

0.5

0
1
Signal-to-noise ratio (SNR)

10

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 containing 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 performance for a SNR range 0.2–1. This plot was created
using a sliding window containing 1% of all spots.
6

4
Mean squared deviation (MSD)

ods in the mycorrhiza data is very prominent (Figure 6). The melanoma and breast cancer data
showed very similar patterns for the diﬀerent methods 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 cancer data. In KNNimpute, only spots with smaller
SNR than the cutoﬀ β are imputed, and consequently the performance for SNR larger than β follows 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 imputed. 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 Figure 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 nonimputed values in the evaluation makes no sense,
as these values are not modiﬁed and thus independent of the imputation method. This is also the
way imputation methods are compared in the literature [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 imputed 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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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 meth7

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 apparent, 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.
WeNNI melanoma
WeNNI breast cancer
WeNNI time series
KNNimpute melanoma
KNNimpute breast cancer
KNNimpute time series

1.4
Mean squared deviation (MSD)

(data not shown). The fact that the imputed expression 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 normalisation 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 naı̈ve weight used here.
The goal of a weight is to catch the “true” quality 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 important aspect of applying prior knowledge into weight
calculation is that initial pre-screening of array data
should still be done before imputation, or any subsequent analysis. In this screening step bad spots are
removed, and known malfunction in data (arrays)
should be communicated with zero weights.
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Figure 8: WeNNI and KNNimpute are insensitive to
number of neighbours used. Performance of WeNNI
and KNNimpute is plotted against the number of nearest neighbours for all three data sets using β = 1.

Virtually every analysis of microarray data is preceded by a ﬁltering step, in which each spot is required 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 control criteria. We have generalised two widely used
imputation methods to use continuous weights. Our
ﬁnding that the weighted imputation methods outperformed their non-weighted counterparts, suggests
that using continuous weights is superior to using binary weights. Our suggested improvement – to use
continuous weights – is generic in the sense that most
imputation methods can be generalised to use continuous weights.
The weighted nearest neighbours imputation
method presented in this paper, WeNNI, outperformed all other tested methods for the three different data sets used in this study. WeNNI performs accurate imputation of expression values and
is insensitive to the parameter values used, i.e., the
number of nearest neighbours and β. An increas-

Spot quality weights and expression value imputation
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 examined 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
8

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
3.41
3.77
3.64
MSD imputed
Mycorrhiza
MSD
0.2 0.216
0.241
0.244
0.840
0.902
0.954
MSD imputed
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 quality 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 setting and the scientiﬁc investigator cannot evaluate
the impact of diﬀerent parameter values. The results in this study show that the choice of parameters 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/

tralia. The breast cancer data set was kindly provided by Johan Vallon-Christersson at the Swegene
DNA Microarray Resource Center at the BioMedical Center in Lund, Sweden, supported by the Knut
and Alice Wallenberg Foundation through the Swegene consortium. J.H. was in part supported by the
Knut and Alice Wallenberg Foundation through the
Swegene consortium.
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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

and independent validation. Classiﬁer selection includes choosing between diﬀerent types of classiﬁers
such as support vector machines (SVM) or diagonal 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 classiﬁcation based on gene expression proﬁles. The purpose 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 prediction performance. Gene and protein expression data
sets typically contain many more features than samples. The features can, for example, be genes probed

Using microarrays and high-throughput mass spectronomy, gene and protein expression proﬁles of samples from patients have been measured for many
diseases. A common application is to develop approaches for diagnostic predictions based on expression 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 classiﬁer selection, feature selection, classiﬁer training
1

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 validate classiﬁers and evaluate their predictive performance.
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 parameters of the predictor are tuned, or features are selected, 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 dishonest 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 crossvalidation 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 applied to classiﬁcation of gene expression proﬁles [7,8].
When internal cross-validation is used to optimize choices for predictor construction, many classiﬁers are constructed for each test set. There are
many ways to proceed in the construction of a predictor 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 internal 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, including artiﬁcial neural networks and decision trees
have been used for classiﬁcation based on gene expression proﬁles [2, 9–11]
Many comparisons of classiﬁers for gene expression data have been performed [8, 12]. While the results of these comparisons have been somewhat data
set dependent, simple classiﬁers combined with ﬁlter methods for feature selection have generally been
found to perform very well. There are many methods 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 modiﬁed to include the most misclassiﬁed samples more
frequently, and the aggregation of classiﬁers is done
by weighted voting [14]. Ensemble methods generally 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 performance compared to one classiﬁer trained on all samples [16]. Hence, the beneﬁt of ensemble classiﬁers
stems from aggregating widely varying classiﬁers.
For prediction based on gene and protein expression data sets, the situation is diﬀerent. If the number 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 classiﬁer 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 methods 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 individually and aggregated into ensembles.
For NCC, the centroid for each class was the vector 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
2

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 average distance from the decision hyperplane across
classiﬁers was used for class assignments.

used ranking criteria perform very similarly. Therefore the choice of criterion is not crucial and we have
used the signal-to-noise ratio (SNR) [1] to rank features. Second the number of top-ranked features to
use is selected based on classiﬁcation performance.
We used sets of features, where each set contained 1.5 times more top-ranked features than the
previous set. The ﬁrst set contained only the topranked feature and the ﬁnal set contained all features. To select which set of features to use, we employed 3-fold cross-validation internal for the training samples and computed the predictive performance 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 procedures 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, respectively, 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 results in large diﬀerences in which features are selected [21]. To get a potentially more robust ranking of features, we utilized the subsets of training
samples from the internal cross-validation. In this
consensus feature selection, features were ranked according to their median rank for the internal training
samples.

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 speciﬁcity: the average of the number of correctly classiﬁed samples in each class. AUC corresponds to the
probability that in a randomly chosen pair of samples, one from each class, the predictions for each
sample is closest to the correct class. AUC complements BACC in the sense that BACC requires a
decision regarding the class prediction for each sample, whereas AUC indicates the largest possible classiﬁcation accuracy obtainable if an optimal decision
based on the predictions could be found. Both measures are 50% for random predictors. The averages
of BACC and AUC across the 300 test sets are presented.
To compare diﬀerent methods to construct classiﬁers, 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 diﬀerences in classiﬁer construction.

Classiﬁer construction
The only parameter values and other choices to optimize 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 crossvalidation, the optimal number of top-ranked features, ng , to use was found using internal crossvalidation of the training set as described in the previous 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 classiﬁer were used.
Single classiﬁer. Construct a single classiﬁer using
all features and all training data.

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
3

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 samples 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 hepatocellular carcinoma patients and 212 healthy individuals [23]. Each mass spectra in the data set consisted
of ≈ 340, 000 m/z values with corresponding ion
intensities. We used spectra pre-processed according to the low-level analysis described in ref. [23].
This pre-processing reduced the number of features
to 368.

Ensemble of classiﬁers. Use internal cross-validation
of training samples to construct an ensemble of classiﬁers 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 selection. Use internal cross-validation of training samples 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 selection. 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.)

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 classiﬁer for 14 of the 300 test sets, whereas the single
classiﬁer never obtained a larger BACC than the
ensemble classiﬁer. For SVM without feature selection, the corresponding numbers were 27 and 0,
respectively. Hence, while the diﬀerences for these
two construction methods were small and they often 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 observation means that diﬀerent subsets of samples not only

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 proﬁling 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 nervous system [4]. We used the subset of 60 samples for
which outcome information after embryonic treatment of the CNS was available. Of the 60 samples,
21 represent survivors and 39 represent deaths. We
used the quality ﬁlter described in the supplementary 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 expression proﬁles of samples from breast tumors [3]. We
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Table 1: Comparison of methods to construct classiﬁers for the leukemia data.
Predictor

Filter

Ensemble

NCC

None
None
Individual
Individual
Consensus
Consensus

No
Yes
No
Yes
No
Yes

SVM

Validation
BACC(%)
AUC(%)
Mean SD Mean SD
97.3
1.7 99.3
0.7
97.4
1.8 99.5
0.6
97.8
1.7 99.6
0.6

None
No
None
Yes
97.1
Individual No
Individual Yes
97.0
Consensus No
Consensus Yes
97.4
a
NCC and SVM were ranked separately.

2.2
3.0
2.1

99.5
99.3
99.6

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 results 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 obtained using PLS. Our results indicate that to obtain 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 expression data sets that SVM classiﬁers perform best
when all features are used [24, 25].

0.5
3.0
0.4

BACC(%)
Mean SD
97.1
3.0
97.2
2.9
95.8
3.4
95.9
3.5
95.8
3.4
95.9
3.4

Test
AUC(%)
Mean SD
99.4
1.1
99.4
1.1
99.5
1.0
99.5
1.0
99.5
1.0
99.5
1.0

Ranka
Mean
2.94
2.81
3.86
3.75
3.83
3.81

97.0
97.3
96.6
96.5
96.6
96.9

99.5
99.5
99.4
99.1
99.4
99.5

3.47
3.22
3.70
3.44
3.68
3.47

3.1
2.9
3.5
6.8
3.5
3.3

0.9
0.9
1.0
5.7
1.0
0.9

81 test sets when compared with its corresponding
single classiﬁer. For SVM, the best ranked classiﬁer 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 classiﬁer, 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 validation sets. For the CNS embryonic tumors the predictive performances were much worse, making comparisons between test and validation results more
illustrative. We made three observations both for
NCC and SVM.
First, with no feature selection the validation result 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 ensemble of the 10 classiﬁers for which it was not used
in training, whereas the test samples from the external 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 validation results are overly optimistic estimates of the
predictive performance. Here, the only dishonest as-

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 selection, for which a BACC of 60.6% was obtained.
This classiﬁer performed better for 136 and worse for
5
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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 number 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.

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 features, on average 120, and performed worse: 57.6%
BACC. SVM combined with our ﬁltering method selected roughly as many features (on average 1,655)
as recursive feature elimination and performed similarly. 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.

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

Breast cancer data

In the original analysis of this data set [4],
Pomeroy et al. used k-nearest neighbor classiﬁers and evaluated the predictive performance using 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 resulted in an overall classiﬁcation accuracy of 78%,
not likely to be obtainable when using an independent test set.

The results for the breast cancer data set are presented in Table 3. For NCC, the best ranked classiﬁer was an ensemble with consensus feature selection, 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 comparable study for this data set, but our results are in
agreement with previous studies of variants of this
data set [8, 26].

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
6

Table 2: Comparison of methods to construct classiﬁers for the CNS embryonal tumor data.
Predictor

Filter

Ensemble

NCC

None
None
Individual
Individual
Consensus
Consensus

No
Yes
No
Yes
No
Yes

Validation
BACC(%)
AUC(%)
Mean SD Mean SD
58.4
6.3 59.2
8.5
64.3
6.8 66.6
8.8
72.6
7.6 78.4
8.9

SVM

None
No
None
Yes
61.4
Individual No
Individual Yes
64.9
Consensus No
Consensus Yes
73.4
a
NCC and SVM were ranked separately.

8.9
8.6
7.9

68.0
70.0
82.0

9.3
9.0
8.3

BACC(%)
Mean SD
58.6
9.4
59.5
9.8
59.5
10.1
60.6
10.3
58.9
10.2
59.0
10.0

Test
AUC(%)
Mean SD
64.2
10.4
64.2
10.4
63.5
10.8
65.7
11.8
63.2
10.8
63.2
10.8

Ranka
Mean
3.81
3.53
3.44
2.96
3.67
3.57

63.0
62.3
59.8
62.2
60.1
60.7

68.4
69.0
63.6
66.9
63.3
64.8

3.08
3.14
3.97
3.21
3.94
3.66

10.3
9.1
11.0
9.4
10.1
9.8

10.8
10.8
11.9
11.9
11.7
11.5

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

Filter

Ensemble

NCC

None
None
Individual
Individual
Consensus
Consensus

No
Yes
No
Yes
No
Yes

SVM

Validation
BACC(%)
AUC(%)
Mean SD
Mean SD
65.2
4.1
72.8
4.7
68.7
4.4
75.8
4.7
79.1
4.4
86.8
4.1

None
No
None
Yes
64.0
Individual No
Individual Yes
67.7
Consensus No
Consensus Yes
77.8
a
NCC and SVM were ranked separately.

5.0
6.6
7.7.

70.5
72.1
86.0

Liver cancer data

7.4
8.2
8.2

BACC(%)
Mean SD
65.0
7.2
65.0
7.2
66.1
7.0
66.2
7.4
66.3
7.0
66.4
7.0

Test
AUC(%)
Mean SD
74.9
7.2
74.9
7.2
74.5
7.0
76.0
7.1
74.5
7.0
74.5
6.9

Ranka
Mean
3.96
3.95
3.28
3.39
3.22
3.19

65.1
65.3
64.0
66.0
64.4
65.7

70.5
71.2
67.9
70.6
68.3
70.2

3.61
3.61
3.81
3.07
3.70
3.20

6.9
6.8
14.2
8.7
8.4
7.8

7.4
7.5
9.4
9.9
9.5
7.9

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 classiﬁers.

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 classiﬁers with feature selection achieved almost identical BACC. For SVM, the best ranked classiﬁer was
also an ensemble with individual feature selection,
for which a 91.3% BACC was obtained. This classiﬁer performed better for 238 and worse for 48 test

Ressom et al. obtained a BACC of ≈91.5% for
this data set when using SVM combined with particle 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.
Predictor

Filter

Ensemble

NCC

None
None
Individual
Individual
Consensus
Consensus

No
Yes
No
Yes
No
Yes

SVM

Validation
BACC(%)
AUC(%)
Mean SD Mean SD
76.4
1.7 84.6
1.5
78.0
1.4 84.7
1.5
78.0
1.5 84.8
1.4

None
No
None
Yes
85.3
Individual No
Individual Yes
91.1
Consensus No
Consensus Yes
86.0
a
NCC and SVM were ranked separately.

1.8
1.4
1.0

92.5
96.7
93.0

Conclusions

1.2
0.8
1.3

BACC(%)
Mean SD
76.4
3.3
76.4
3.3
77.0
2.9
77.0
2.8
77.0
2.9
77.0
2.9

Test
AUC(%)
Mean SD
84.9
3.0
84.9
2.8
84.8
2.8
84.8
2.8
84.8
2.8
84.8
2.8

Ranka
Mean
3.67
3.63
3.47
3.31
3.48
3.44

75.3
86.7
89.6
91.3
76.1
87.0

83.4
93.7
95.8
96.7
84.4
94.0

5.45
3.40
2.23
1.24
5.45
3.25

6.8
3.0
2.5
2.3
6.0
2.9

7.2
2.1
1.5
1.3
5.8
1.9

can be explored. We have used ensembles of size 30,
and our results indicate that smaller ensembles perform 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.

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 accuracies often were relatively small. For NCC,
an ensemble method performed best for all four
data sets. For SVM, an ensemble method performed best for three data sets.
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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
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(MAPK) pathway is a frequent and early event in
melanoma development (Cohen et al., 2002; Satyamoorthy et al., 2003). Recently, mutation of BRAF (vraf 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 activation 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-expressing 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 activation 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 Supplementary Material at the following URL: http://www.
qimr.edu.au/research/labs/nickh/Pavey-et-al-SupportingInformation.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

4061

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
Oncogene
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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)

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 topranked 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

performance only 29 times out of 10 000 replicates
(P ¼ 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 signiﬁcantly 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 discriminatory 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
Oncogene

To assess the reliability of the array hybridization
results, transcript levels of nine differentially expressed
genes were measured using qRT–PCR analysis. Intraand 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 2.0fold) and downregulated genes (o0.5-fold). When
microarray and qRT–PCR expression ratios were in
the same ‘bin’, the methods were regarded as concordant. The two methods were highly concordant, with
an average of 75% concordance between genes upregulated in association with a BRAF mutation, and 79% for
genes downregulated in BRAF mutant 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 melanoma 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.
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Figure 2 Hierarchical clustering of 61 melanoma cell lines and genes, using the BRAF discriminatory genes (n ¼ 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)

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 combined group of samples having either BRAF or NRAS
mutations. Furthermore, we built SVMs for discriminating 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 development 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
Oncogene
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Figure 3 MDS plot using the BRAF discriminatory genes (n ¼ 83).
Each spot represents an individual sample, with cell lines carrying a
BRAF mutation 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

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 downregulated (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

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 proOncogene

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 phosphatase (PTP) family involved in regulating cell cycle
transition from G2 phase 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 proliferation.
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
Ca2 þ -dependent phospholipid-binding proteins and has
a postulated role in suppressing prostate cancer (Srivastava 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 functions as a Ca2 þ -independent cell adhesion molecule
involved in homotypic and heterotypic adhesion between 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 melanoma cells carrying these mutations.
A number of microarray studies in various types of
cancer have identiﬁed gene expression patterns indicative 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
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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 MelRMU were established by Professor Peter Hersey and coworkers, 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 available 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 40 mg of RNA for
test samples and 50 mg of reference RNA. RNA was reverse
transcribed into ﬂuorescently labeled cDNA by direct dye
incorporation, using Cy5-dUTP in the test samples, and Cy3dUTP 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
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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 carried out at 421C for 16–18 h, and the slides were washed
according to the manufacturer’s protocol. The chips were
scanned by a GMS418 confocal scanner (Affymetrix/GeneticMicrosystems) 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. Hierarchical clustering was performed on data centralized such that
the average expression for each gene was zero using GeneSpring 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 Ustatistic 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 ShaweTaylor, 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.
Oncogene
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As we used linear maximal-margin SVMs that have no usertunable parameters, the risk of overﬁtting in our crossvalidation 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 distribution, the actual ROC area was assigned a P-value corresponding 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 crossvalidation 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 experiments. 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 sequencing was carried out on PCR products for each primer set to
conﬁrm identity.
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$Q,Q9LYR*HQH([SUHVVLRQ6LJQDWXUHIRU
37(13,.3DWKZD\$FWLYDWLRQ3UHGLFWV3DWLHQW
2XWFRPHLQ0XOWLSOH7XPRU7\SHV
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&HQWHU &ROOHJH RI 3K\VLFLDQV DQG 6XUJHRQV &ROXPELD 8QLYHUVLW\ 1HZ <RUN 1HZ <RUN  86$ DQG
'HSDUWPHQWVRI 2QFRORJ\ 7KHRUHWLFDO3K\VLFVDQG /XQG6WUDWHJLF5HVHDUFK&HQWHUIRU6WHP&HOO%LRORJ\DQG
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7KHVHDXWKRUVVKDUHVHQLRUDXWKRUVKLS
&RUUHVSRQGHQFHVKRXOGEHDGGUHVVHGWR53 UHS#FROXPELDHGX 

3DWKZD\VSHFL¿F WDUJHWHG WKHUDS\ LV WKH IXWXUH RI FDQFHU PDQDJHPHQW  7KH RQFRJHQLF
SKRVSKDWLG\OLQRVLWRONLQDVH 3,. SDWKZD\LVRQHRIWKHPRVWIUHTXHQWO\DFWLYDWHGSDWKZD\VDQG
FRQIHUVDQDJJUHVVLYHWXPRUSKHQRW\SH+RZHYHUQRUHOLDEOHPDUNHUIRU3,.SDWKZD\DFWLYDWLRQ
H[LVWVWKDWLVVXLWDEOHIRUFOLQLFDOXVH7DNLQJDGYDQWDJHRIWKHREVHUYDWLRQWKDWORVVRI37(1WKH
QHJDWLYH UHJXODWRU RI 3,. UHVXOWV LQ UREXVW DFWLYDWLRQ RI WKH 3,. SDWKZD\ ZH KDYH GHYHORSHG
DELRORJLFDOO\FRQVLVWHQWJHQHH[SUHVVLRQVLJQDWXUHIRU37(1ORVVIURPLQYLYRFOLQLFDOVSHFLPHQV
7KHVLJQDWXUHVHJUHJDWHVLQGHSHQGHQWGDWDVHWVRIPXOWLSOHWXPRUW\SHVLQWRFODVVHVZLWKVLJQL¿FDQW
GLIIHUHQFHVLQRYHUDOODQGPHWDVWDVLVIUHHVXUYLYDO,QEUHDVWFDQFHUQRWDOO(5%%SRVLWLYHDQGRQO\
3,.&$ NLQDVH GRPDLQ DQG QRW & RU KHOLFDO GRPDLQ  PXWDWLRQV UREXVWO\ DFWLYDWH WKH VLJQDWXUH
2QH VLJQDWXUH JHQH VWDWKPLQ LV D GXUDEOH DQG UHOLDEOH QRYHO PDUNHU RI 3,. SDWKZD\ DFWLYDWLRQ
E\LPPXQRKLVWRFKHPLVWU\LQFOLQLFDOVSHFLPHQVDQGLGHQWL¿HVEUHDVWWXPRUVWKDWPHWDVWDVL]HHDUO\
ZKHWKHURUQRWWKHSDWLHQWKDVO\PSKQRGHPHWDVWDVHV7KHVHGDWDVXJJHVWWKHVLJQDWXUHRUVLJQDWXUH
FRPSRQHQWVPD\EHXVHIXOIRUXQUDYHOLQJELRORJLFDOO\DQGFOLQLFDOO\UHOHYDQW37(13,.VLJQDOLQJ
DQGEHPRUHJHQHUDOO\DSSOLFDEOHIRUFDQFHUSDWLHQWVWUDWL¿FDWLRQIRUWDUJHWHGWKHUDS\
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7KH RQFRJHQLF SKRVSKDWLG\OLQRVLWRO NLQDVH
3,.  SDWKZD\ LV DFWLYDWHG LQ D VLJQL¿FDQW
SURSRUWLRQ RI PXOWLSOH W\SHV RI KXPDQ
QHRSODVPV  ³$GGLFWLYH´ 3,. VLJQDOLQJ
IUHTXHQWO\RFFXUVLQFDQFHUVE\VRPDWLFJHQHWLF
KLWVWKDWIXQFWLRQDOO\DFWLYDWHXSVWUHDPW\URVLQH
NLQDVH UHFHSWRUV VXFK DV (5%% DQG (*)5
GRZQVWUHDP SDWKZD\ PHPEHUV VXFK DV $.7
RU WKH 3,. FDWDO\WLF VXEXQLW SD WKXV
KLJKOLJKWLQJWKH3,.SDWKZD\DVLGHDOO\VXLWHG
IRUPROHFXODUO\WDUJHWHGWKHUDS\37(1SOD\VD
SLYRWDOUROHLQVXSSUHVVLQJWXPRUVE\QHJDWLYHO\
UHJXODWLQJWKHFHQWUDOQRGHRIWKH3,.SDWKZD\
,W DFFRPSOLVKHV WKLV E\ FDWDO\]LQJ WKH RSSRVLWH
UHDFWLRQ WR 3,. WKXV GUDPDWLFDOO\ UHGXFLQJ
WKH DFWLYH SRRO RI WKH 3,. SURGXFW OLSLG
VHFRQG PHVVHQJHU SKRVSKDWLW\OLQRVLWRO
WULSKRVSKDWH  37(1 LV IUHTXHQWO\ LQDFWLYDWHG
E\ VRPDWLF PXWDWLRQ DQG SURWHLQ VLOHQFLQJ
LQ FDQFHU DQG JHUPOLQH 37(1 PXWDWLRQV DUH
DOVR WKH FDXVDWLYH OHVLRQ LQ VHYHUDO FDQFHU
SUHGLVSRVLQJ V\QGURPHV  7KH UHODWLYH GHJUHH
RI 3,. SDWKZD\ DFWLYDWLRQ LQ KXPDQ FDQFHUV
LQ YLYR FRQIHUUHG E\ LQGLYLGXDO OHVLRQV WR WKH
SDWKZD\DQGHYHQE\VSHFL¿FW\SHVRIPXWDWLRQV
ZLWKLQRQHSDWKZD\PHPEHU HJSDKHOLFDO
GRPDLQYVNLQDVHGRPDLQPXWDWLRQV LVQRWFOHDU
KRZHYHUWKHFRQÀXHQFHRIHYLGHQFHVXJJHVWVWKDW
ORVVRI37(1UHVXOWVLQKLJKO\UREXVWDFWLYDWLRQ
DQG GHUHJXODWLRQ RI WKH SDWKZD\  $OWKRXJK
3,. SDWKZD\ DFWLYDWLRQ FOHDUO\ LQGLFDWHV DQ
DJJUHVVLYHWXPRUSKHQRW\SHWKHXVHRIYDULRXV
H[LVWLQJ PDUNHUV RI SDWKZD\ DFWLYDWLRQ KDYH
\LHOGHG PL[HG UHVXOWV IRU SUHGLFWLQJ FOLQLFDO
RXWFRPH IRU VHYHUDO FDQFHU W\SHV SUREDEO\
RZLQJ WR WKH KHWHURJHQHLW\ RI OHVLRQV WR WKH
SDWKZD\DQGWKHFXUUHQWODFNRIUHOLDEOHPDUNHUV
RI SDWKZD\ DFWLYDWLRQ  6WUDWL¿FDWLRQ RI FDQFHU
EDVHGRQDFWLYDWLRQRIRQFRJHQLFSDWKZD\VZLOO
EH LPSRUWDQW IRU GLUHFWLQJ WDUJHWHG WKHUDSLHV
DV ZHOO DV IRU PRQLWRULQJ UHVSRQVH WR VSHFL¿F
WKHUDSLHV  ,QGHHG WKH PHFKDQLVPV DQG GHJUHH
RI 3,. SDWKZD\ DFWLYDWLRQ PD\ EH FOLQLFDOO\
UHOHYDQW DV OHYHOV RI 37(1 DUH SUHGLFWLYH RI
UHVSRQVH WR WKH (5%% LQKLELWRU WUDVWX]XPDE
DQGWKH(*)5LQKLELWRUVHUORWLQLEDQGJH¿WLQLE
LQEUHDVWDQGEUDLQFDQFHUUHVSHFWLYHO\



+HUH WR DGGUHVV WKHVH LVVXHV ZH WHVWHG WKH
K\SRWKHVLV WKDW DQ LQ YLYR JHQH H[SUHVVLRQ
VLJQDWXUH RI 37(1 ORVV UHÀHFWV UREXVW 3,.
SDWKZD\DFWLYDWLRQDQGLVDEOHWRLGHQWLI\WXPRUV
LUUHVSHFWLYH RI WKHLU RQFRJHQLF OHVLRQ ZLWK
SDWKRORJLF SDWKZD\ DFWLYDWLRQ  7KH LGHQWL¿HG
37(13,. VLJQDWXUH ZDV WKHQ DSSOLHG WR
GLVFHUQ ELRORJLFDOO\ DQG FOLQLFDOO\ UHOHYDQW
VXEJURXSV RI PXOWLSOH IRUPV RI KXPDQ FDQFHU
2QHVLJQDWXUHJHQHZDVYDOLGDWHGDWWKHSURWHLQ
OHYHO DV D UREXVW DQG GXUDEOH PDUNHU RI 3,.
SDWKZD\ DFWLYDWLRQ VXLWDEOH IRU FOLQLFDO DVVD\V
E\ LPPXQRKLVWRFKHPLVWU\ DQG LV DQ DWWUDFWLYH
WKHUDSHXWLF WDUJHW LWVHOI LOOXVWUDWLQJ WKDW WKH
37(13,.VLJQDWXUHDQGVLJQDWXUHFRPSRQHQWV
PD\ OHDG WR WKH GLVFRYHU\ RI DGGLWLRQDO QRYHO
ELRORJLF LQVLJKWV LQWR 37(13,.UHODWHG
VLJQDOLQJZLWKUHOHYDQFHWRFOLQLFDOPHGLFLQH
5(68/76$1'',6&866,21
37(16WDWXVRI&OLQLFDO6DPSOHV
:H
KDYH
SUHYLRXVO\
UHSRUWHG
WKH
LPPXQRKLVWRFKHPLFDO ,+&  DQDO\VLV RI 37(1
SURWHLQ OHYHOV GLFKRWRPL]HG LQWR 37(1
HTXLYDOHQWVWDLQLQJRIWXPRUFHOOVDQGLQWHUQDO
FRQWURO QRUPDO PDPPDU\ HSLWKHOLXPVWURPDO
FHOOV DQG37(1í VLJQL¿FDQWO\UHGXFHG37(1
VWDLQLQJ LQ WXPRU FHOOV DV FRPSDUHG WR LQWHUQDO
FRQWURO QRQQHRSODVWLF FHOOV  JURXSV IRU
 VWDJH ,, SULPDU\ EUHDVW FDQFHUV ,Q WKLV
GDWDVHW DV KDV EHHQ UHSRUWHG HOVHZKHUH ORVV
RI 37(1 ZDV VLJQL¿FDQWO\ DVVRFLDWHG WR ODFN
RI HVWURJHQ UHFHSWRU (5  DQG SURJHVWHURQH
UHFHSWRUSURWHLQ7KHUHIRUHGXHWRWKHNQRZQ
LQÀXHQFH RI (5 VWDWXV RQ JHQH H[SUHVVLRQ LQ
EUHDVW FDQFHU ZH VHOHFWHG D VXEVHW RI WKH
WXPRUVIRU37(1PLFURDUUD\DQDO\VLVZLWK
FRQVLGHUDWLRQIRUKRUPRQHUHFHSWRUVWDWXVZKHUH
SRVVLEOH:HDOVRDLPHGWREDODQFHO\PSKQRGH
VWDWXVLQWKHWZR37(1JURXSV7KXVIUR]HQ
EUHDVW FDQFHU ELRSVLHV FRPSULVLQJ  37(1±
DQG  37(1 WXPRUV ZHUH VHOHFWHG IRU JHQH
H[SUHVVLRQSUR¿OLQJXVLQJF'1$PLFURDUUD\V
2YHUDEXQGDQFHRI37(1$VVRFLDWHG*HQHV
$V GHWDLOHG LQ WKH 0HWKRGV ¿OWHULQJ RI VSRWV
UHSRUWHUVUHVXOWHGLQUHSRUWHUVZKLFKZHUH

$
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ORJ 3YDOXH

)LJXUH±7KH37(13,.VLJQDWXUHLGHQWL¿HVFOLQLFDOO\DQGELRORJLFDOO\UHOHYDQWVXEW\SHVRIEUHDVWFDUFLQRPD
$+LHUDUFKLFDOFOXVWHULQJRIWXPRUVDPSOHV FROXPQV ZDVSHUIRUPHGXVLQJWKHWRS37(13,.SDWKZD\VLJQDWXUHJHQHV
URZV ZLWKDQDYHUDJH3YDOXH7KHWZRPDMRUWXPRUFOXVWHUVµ6LJQDWXUH$EVHQW¶DQGµ6LJQDWXUH3UHVHQW¶DUHLQGLFDWHG
E\FRORUODEHOLQJRIWKHGHQGURJUDPEUDQFKHV EOXHDQGUHGUHVSHFWLYHO\ 7KHKHDWPDSUHSUHVHQWVUHODWLYHH[SUHVVLRQUDWLRV
LQORJVSDFHZLWKRYHUH[SUHVVLRQSVHXGRFRORUHGUHGXQGHUH[SUHVVLRQLQJUHHQDQGPLVVLQJYDOXHVLQJUH\6HOHFWHGJHQH
V\PEROVDUHVKRZQWRWKHULJKWRIWKHKHDWPDSZLWKWKHLUFRUUHVSRQGLQJVLJQDWXUHFRQVHQVXVUDQNDQGDYHUDJH3YDOXH $39 
37(1LPPXQRKLVWRFKHPLVWU\ ,+& 3,.&$NLQDVHGRPDLQ NLQDVH DQG&RUKHOLFDOGRPDLQ &KHO PXWDWLRQV(5%%
RYHUH[SUHVVLRQDQGHVWURJHQUHFHSWRU (5 VWDWXVDUHLQGLFDWHGE\WKHER[HVEHORZWKHVDPSOHGHQGURJUDP ¿OOHG SRVLWLYH
RSHQ QHJDWLYHVODVK QRGDWD %*HQHVHWHQULFKPHQWDQDO\VLVLGHQWL¿HVJHQHVHWVZLWKVLJQL¿FDQWHQULFKPHQWLQWKH
WZR37(1,+&VWDWXVJURXSV7KHEODFNEDUJUDSKUHSUHVHQWVWKH*6($QRUPDOL]HGHQULFKPHQWVFRUHZLWKSRVLWLYHVFRUHV
LQGLFDWLQJHQULFKPHQWWRZDUGV37(1íWXPRUVDQGQHJDWLYHVFRUHVWRZDUGV37(1WXPRUV%HORZHDFKEODFNEDUWKHUHG
EDUJUDSKVLQGLFDWHRQD±ORJVFDOHWKHUHVSHFWLYHQRPLQDO3YDOXHFRPSXWHGE\*6($IRUWKHHQULFKPHQW7KHJHQHVHWLV
LQGLFDWHGWRWKHULJKWRIWKHEDUJUDSKVDQGWKHQXPEHURIJHQHVLQWKHVHWLVLQGLFDWHGZLWKLQSDUHQWKHVHVVHHWH[WDQG0HWKRGV
IRUGHVFULSWLRQRIWKHJHQHVHWV*HQHVHWVDUHRUGHUHGE\DVFHQGLQJ3YDOXHDQGWKRVHDERYHWKHUHGGDVKHGOLQHKDYH
D3 FRUUHVSRQGVWRD±ORJRI &7KHWZRFODVVHV6LJQDWXUH3UHVHQWDQG6LJQDWXUH$EVHQWFRUUHVSRQGLQJWRWKH
WXPRUVLGHQWL¿HGLQSDQHO$KDYHDVLJQL¿FDQWGLIIHUHQFHLQWKHUDWHRIGLVWDQWPHWDVWDVLVIRUPDWLRQ



XVHG IRU VXEVHTXHQW DQDO\VHV :H ¿UVW DSSOLHG
WKHQRQSDUDPHWULF0DQQ:KLWQH\8WHVWWRWKH
HQWLUH  WXPRU VHW WR DVFHUWDLQ WKH SUHVHQFH
RI D 37(1DVVRFLDWHG JHQH H[SUHVVLRQ VLJQDO
$ !IROG RYHUDEXQGDQFH RI 37(1 VWDWXV
DVVRFLDWHGJHQHVZDVIRXQGZLWK3 
VLJQL¿FDQWJHQHVZKHQRQO\DUHH[SHFWHGE\
FKDQFH DQG!IROGRYHUDEXQGDQFHDWDFXWRII
RI 3   JHQHV ZKHQ  DUH H[SHFWHG
E\FKDQFH ,QWULJXLQJO\WKH37(1UHSRUWHUZDV
WKHWRSGLVFULPLQDWRUZLWKD3 [
6XSHUYLVHG$QDO\VLVZLWK6XSSRUW9HFWRU
0DFKLQHV
7R JHQHUDWH D PRUH UREXVW UDQNHG 37(1
VLJQDWXUHJHQHOLVWDQGWRWHVWZKHWKHUDWXPRU¶V
JHQH H[SUHVVLRQ SUR¿OH FRXOG EH XVHG WR
SUHGLFW LWV 37(1 VWDWXV ZH DSSOLHG D PDFKLQH
OHDUQLQJ DOJRULWKP VXSSRUW YHFWRU PDFKLQHV
690  WR WKH JHQH H[SUHVVLRQ GDWD $ 
IROG FURVVYDOLGDWLRQ  VFKHPH ZLWK  RYHUDOO
UDQGRPL]DWLRQVZDVHPSOR\HGZKHUHE\LQWRWDO
690VZHUHWUDLQHGDQGHDFKWXPRUKDYLQJ
EHHQ DVVLJQHG  WLPHV WR WKH ZLWKKHOG WHVW
VHW UHFHLYHG D FRQVHQVXV SUHGLFWLRQ EDVHG RQ
 WUDLQHG 690V 7KH DUHD XQGHU WKH UHFHLYHU
RSHUDWLQJ FKDUDFWHULVWLF 52&  FXUYH D FXWRII
LQGHSHQGHQW PHDVXUHPHQW RI WKH WUDGHRII
EHWZHHQVHQVLWLYLW\DQGVSHFL¿FLW\RIDWHVWZDV
XVHGWRPHDVXUHSUHGLFWLRQSHUIRUPDQFH37(1
VWDWXV ZDV SUHGLFWHG ZLWK KLJK DFFXUDF\ ZLWK
D 52& DUHD RI :KHQ ZH SHUIRUPHG WKH
VDPHDQDO\VLVXVLQJUDQGRPO\SHUPXWHGVDPSOH
ODEHOVIRURQO\RXWRIUHSOLFDWHVGLGZH
JHW DQ HTXDO RU KLJKHU 52& DUHD 3  
7R WHVW ZKHWKHU WKH VXFFHVVIXO SUHGLFWLRQ ZDV
KHDYLO\LQÀXHQFHGE\WKHVLJQDOIURPWKH37(1
UHSRUWHU DORQH ZH UHPRYHG WKH 37(1 UHSRUWHU
DQG UHSHDWHG WKH HQWLUH SURFHGXUH \LHOGLQJ DQ
LGHQWLFDO52&DUHDZLWKVLPLODU3YDOXH 52&
DUHD 3  )XUWKHUPRUHWRFRQ¿UP
WKDWWKHVXFFHVVIXO37(1FODVVL¿FDWLRQZDVQRW
GULYHQE\DQXQGHUO\LQJ(5VLJQDOZHUHSHDWHG
WKH 37(1 FODVVL¿FDWLRQ DIWHU UHPRYLQJ WKH WRS
 (5 VWDWXV GLVFULPLQDWRUV VHH EHORZ 
9HULI\LQJ WKH LQGHSHQGHQFH RI DFFXUDWH 37(1
FODVVL¿FDWLRQRQ (5VWDWXVDQHTXLYDOHQW52&
DUHD 3 ZDVREWDLQHG



&RQVHQVXV37(13,.6LJQDWXUH*HQH/LVW
$ FURVVYDOLGDWHG JHQH OLVW LV LQKHUHQWO\ PRUH
UREXVW WR QRLVH WKHUHIRUH ZH JHQHUDWHG D
FRQVHQVXVUDQNHG 37(1 VLJQDWXUH JHQH OLVW E\
VRUWLQJRQWKHDYHUDJH3YDOXH $39 IRUHDFK
JHQHDFURVVWKHVXEVHWVRIVDPSOHVXVHGIRU
WUDLQLQJ 690V$Q DYHUDJH RI 3YDOXHV LV QRW
VWDWLVWLFDOO\ HTXLYDOHQW WR D 3YDOXH DV ZH GR
QRW H[SHFW  RI JHQHV WR KDYH DQ$39
E\SXUHFKDQFH7KHUHZHUHUHSRUWHUVZLWKDQ
$39ZKLFKLVD!IROGRYHUDEXQGDQFH
DV FRPSDUHG WR FKDQFH  JHQHV RQ DYHUDJH
KDG $39 DIWHU  VDPSOH SHUPXWDWLRQ
VLPXODWLRQV   7R LOOXVWUDWH WKH SDWWHUQ RI
H[SUHVVLRQ RI WKH WRS UDQNHG JHQHV DFURVV WKH
WXPRUVWKHWRSUHSRUWHUVZLWKDQ$39
ZHUH XVHG WR SDUWLWLRQ WKH 37(1 DQG 37(1±
WXPRUV E\ KLHUDUFKLFDO FOXVWHULQJ )LJXUH $ 
$VH[SHFWHGWKHSDWWHUQRIH[SUHVVLRQIRUWKHVH
JHQHVZDVELSKDVLFZLWKWKHPDMRULW\RI37(1
WXPRUV FOXVWHUHG WRJHWKHU GHQRWHG µ6LJQDWXUH
$EVHQW¶  ZKHUHDV PRVW RI WKH 37(1± WXPRUV
FOXVWHUHG WRJHWKHU LQ DQRWKHU PDLQ EUDQFK
µ6LJQDWXUH3UHVHQW¶ +RZHYHUVRPHH[FHSWLRQV
ZHUHREVHUYHG
,QÀXHQFHRI3,.&$0XWDWLRQV(5%%
2YHUH[SUHVVLRQDQG(56WDWXV
7RWHVWZKHWKHURWKHUKLWVLQWKH3,.SDWKZD\
PD\UHFDSLWXODWHWRVRPHGHJUHHRXULGHQWL¿HG
JHQH H[SUHVVLRQ SURJUDP RI 37(1 ORVV ZH
DQDO\]HG WKHVH WXPRUV IRU 3,.&$ PXWDWLRQV
DQG IRU (5%% RYHUH[SUHVVLRQ ,QWHUHVWLQJO\
 RI    3,.&$ NLQDVH GRPDLQ .' 
PXWDQWV RI ZKLFK  ZHUH 37(1 FOXVWHUHG
ZLWK WKH 37(1± WXPRUV ZKHUHDV WKH UDWLR RI
KHOLFDO GRPDLQ +'  YV   DQG & GRPDLQ
PXWDQWV &'  YV   LQ WKH 37(1 DQG
37(1±FOXVWHUVUHVSHFWLYHO\ZDVVNHZHGLQWKH
RSSRVLWHGLUHFWLRQ 3)LJXUH$ 7KLVLV
LQWULJXLQJLQOLJKWRIZRUNE\%DGHUHWDOZKR
UHFHQWO\ GHPRQVWUDWHG LQ DQ HQJLQHHUHG LQ YLYR
FKLFNHQ HPEU\R PRGHO WKDW 3,.&$ (.
DQG (. +' PXWDQWV GLVSOD\ D GLVFRUGDQW
SKHQRW\SH DV FRPSDUHG WR WKH +5 .'
PXWDQWXQOLNHWKH.'PXWDWHGWXPRUVWKH+'
PXWDQWV GLG QRW KDYH KHPDQJLRVDUFRPDOLNH
FKDUDFWHULVWLFVDQGJUHZDWWKHUDWHRIWKH

.'PXWDQWWXPRUVDWGD\VSRVWLPSODQWDWLRQ
LQWRQHZO\KDWFKHGFKLFNV$OWKRXJK3,.&$
.'DQG+'PXWDWLRQVDSSHDUWRKDYHHTXLSRWHQW
OLSLG NLQDVH DFWLYLW\ LQ YLWUR DQG FRQIHU VLPLODU
RQFRJHQLFSURSHUWLHVLQFHOOFXOWXUHPRGHOV
RXUGDWDFRPELQHGZLWKWKHZRUNE\%DGHUDQG
FROOHDJXHV VXJJHVW WKHUH PD\ EH GLIIHUHQFHV LQ
SRWHQF\ RI 3,. SDWKZD\ DFWLYDWLRQ EHWZHHQ
WKH GLIIHUHQW GRPDLQ PXWDWLRQV LQ YLYR  2I
QRWHLQRXUGDWDVHWRIWKH+'&'PXWDQWV
ZKLFK FOXVWHUHG ZLWK WKH 37(1± WXPRUV
ZHUH 37(1± E\ ,+& ZKLOHDV RQO\  RI  .'
PXWDQWV ZHUH 37(1± )LJXUH $   :H KDYH
SUHYLRXVO\REVHUYHGWKDW3,.&$PXWDWLRQDQG
ORVVRI37(1DUHQHDUO\PXWXDOO\H[FOXVLYHWKH
UHODWLYHO\LQIUHTXHQWFDVHVWKDWKDUERUOHVLRQVWR
ERWK 3,.&$ DQG 37(1 WHQG WR KDYH QRQ.'
PXWDWLRQV FRQVLVWHQW ZLWK RXU K\SRWKHVLV WKDW
WKHVH PXWDWLRQV DUH QRW DV SRWHQW DFWLYDWRUV RI
WKHSDWKZD\DQGWKXVVHOHFWIRUVXEVHTXHQWORVV
RI37(17RJHWKHUWKHVHUHVXOWVVXJJHVWWKDW
PXWDWLRQV LQ WKH 3,.&$ .' DV FRPSDUHG WR
PXWDWLRQVLQLWVRWKHUGRPDLQVUHVXOWLQJOREDO
JHQHH[SUHVVLRQFKDQJHVWKDWFORVHUUHFDSLWXODWH
WKH WUDQVFULSWRPH RI 37(1± WXPRUV ZKLFK LV
OLNHO\ GXH WR LQFUHDVHG VLJQDOLQJ WKURXJK WKH
3,.SDWKZD\
7KH SUHVHQFH RI (5%% RYHUH[SUHVVLRQ GLG
QRW DSSHDU WR FRUUHODWH ZLWK WKH SUHVHQFH RI
WKH VLJQDWXUH ZLWK  RI  RI (5%% FDVHV
FOXVWHULQJDPRQJWKH37(1±EUDQFK0RUHRYHU
DPRQJWKH(5%%WXPRUVZLWKDQGZLWKRXWWKH
VLJQDWXUH WKHUH ZDV QR DSSUHFLDEOH GLIIHUHQFH
LQWKHGLVWULEXWLRQRIRWKHUPDUNHUVVXFKDV(5
VWDWXV WKHPDMRULW\DUH(5± 7KHVHGDWDLQOLJKW
RIWKHUHSRUWHGIXQFWLRQDOOLQNVEHWZHHQ37(1
DQG(5%%SDWKZD\VPD\LQGLFDWHWKDWLQWKH
VHWWLQJRIUHWDLQHG37(1(5%%RYHUH[SUHVVLRQ
FDQ FRRSHUDWH ZLWK DV \HW XQLGHQWL¿HG ³KLWV´
LPSLQJLQJ RQ WKH 3,.37(1 SDWKZD\ WR
PLPLF WKH JHQH H[SUHVVLRQ SUR¿OH RI 37(1
ORVV  7KH FOLQLFDO UHOHYDQFH RI WKLV GLFKRWRP\
UHPDLQV WR EH H[SORUHG EXW LW LV LQWHUHVWLQJ WR
VSHFXODWH WKDW (5%% WXPRUV ZLWK IXOO 3,.
SDWKZD\DFWLYDWLRQ 6LJQDWXUH3UHVHQW DUHPRUH
³DGGLFWHG´DQGWKXVZRXOGEHPRUHVHQVLWLYHWR
WDUJHWHGLQKLELWLRQWRWKLVSDWKZD\WKDQ(5%%
WXPRUVZLWKLQDGHTXDWH3,.SDWKZD\DFWLYDWLRQ

6LJQDWXUH$EVHQW 
 $OWKRXJK ZH VHOHFWHG RXU  WXPRU FRKRUW
ZLWK FRQVLGHUDWLRQ RI 37(1 DQG (5 VWDWXV DV
VKRZQ LQ )LJXUH $ KLHUDUFKLFDO FOXVWHULQJ
UHVXOWHG LQ  RI WKH (5 WXPRUV FOXVWHULQJ
LQWKH6LJQDWXUH$EVHQWJURXSZKLOHRIWKH
(5± WXPRUV FOXVWHUHG LQ WKH 6LJQDWXUH 3UHVHQW
JURXS7KLVLVQRWVXUSULVLQJDV(5±WXPRUVDUH
PXFKPRUHOLNHO\WRKDUERUWXPRULJHQLFOHVLRQV
HJWR37(13,.&$(5%%RU(*)5 WKDW
DFWLYDWHWKH3,.SDWKZD\WKDQDUH(5WXPRUV
/+6 DQG 53 PDQXVFULSW LQ SUHSDUDWLRQ 
0RUHIUHTXHQWDFWLYDWLRQRI3,.LQ(5±WXPRUV
LV FRQVLVWHQW ZLWK WKH K\SRWKHVLV WKDW (5
WXPRUV DUH ³DGGLFWHG´ WR (5UHODWHG VLJQDOLQJ
WR SURPRWH FHOOXODU JURZWK DQG SUROLIHUDWLRQ
WKHUHIRUH DV D FRUROODU\ (5± WXPRUV ZRXOG
EH PRUH OLNHO\ WR VHOHFW IRU DFWLYDWLRQ RI RWKHU
PLWRJHQLFSDWKZD\VVXFKDVWKH3,.SDWKZD\
)XUWKHUPRUHDVLQGLFDWHGE\WKHSHUIRUPDQFHRI
37(1VWDWXVSUHGLFWLRQE\690VZKHQUHPRYLQJ
(5 VWDWXV JHQHV DQG VWURQJO\ VXSSRUWHG E\
VHYHUDODQDO\VHVWKDWDUHGHVFULEHGEHORZZHGR
QRW¿QGRXUVLJQDWXUHWRPHUHO\UHÀHFWVLJQDOLQJ
GXHWRWKHSUHVHQFHRUDEVHQFHRI(5
37(13URWHLQ/HYHOV$UH'LFWDWHG%\37(1
0HVVDJH/HYHOV
7KH UHJXODWLRQ RI 37(1 LQ FDQFHU LV QRW ZHOO
XQGHUVWRRG 7KUHH W\SHV RI UHJXODWLRQ KDYH
EHHQ SURSRVHG E\ UHFUXLWPHQW WR WKH SURSHU
VXEFHOOXODU ORFDWLRQ V  E\ SRVWWUDQVODWLRQDO
PRGL¿FDWLRQVVXFKDVSKRVSKRU\ODWLRQDQGE\
PRGXODWLRQRISURWHLQOHYHO:HZHUHLQWHUHVWHG
WR VHH ZKHWKHU WKH 37(1 VLJQDWXUH LQ EUHDVW
FDQFHUFRXOGJHQHUDWHQHZK\SRWKHVHVIRU37(1
UHJXODWLRQ5HPDUNDEO\LQWKHFRQVHQVXVUDQNHG
37(1VLJQDWXUHJHQHOLVWWKH37(1UHSRUWHUZDV
DJDLQ WKH WRS GLVFULPLQDWRU $39  [ 
7KLV UHVXOW SURYLGHV LQWHUQDO YDOLGDWLRQ WKDW
RXU37(1,+&VFRULQJZDVKLJKO\ELRORJLFDOO\
UHOHYDQW )XUWKHUPRUH DQG PRUH LPSRUWDQWO\
WKLV SURYLGHV VWURQJ HYLGHQFH WKDW WKH SULPDU\
GHWHUPLQDQWRI37(1SURWHLQOHYHODQGWKXVRILWV
IXQFWLRQLQVSRUDGLFEUHDVWFDQFHULVLWVPHVVDJH
OHYHO 7KHUHIRUH SRVWWUDQVODWLRQDO UHJXODWLRQ
UHVXOWLQJLQDFFHOHUDWHG37(1GHJUDGDWLRQGRHV
QRWDSSHDUWREHDVLJQL¿FDQWIDFWRUFRQWULEXWLQJ



WRORZ37(1OHYHOVLQEUHDVWFDQFHU
6HYHUDO PHFKDQLVPV FRXOG H[SODLQ UHJXODWLRQ
DWWKHWUDQVFULSWOHYHO+\SHUPHWK\ODWLRQRIWKH
37(1 SURPRWHU KDV EHHQ UHSRUWHG LQ VHYHUDO
WXPRU W\SHV LQFOXGLQJ EUHDVW FDQFHU KRZHYHU
ZH KDYH QRW EHHQ DEOH WR UHSURGXFH WKLV LQ
VHYHUDO DQDO\VHV RI EUHDVW WXPRUV XVLQJ ERWK
PHWK\ODWLRQVSHFL¿F3&5DQG3\URVHTXHQFLQJ
LQFOXGLQJ IRU PRVW RI WKH 37(1í WXPRUV LQ
WKLV VWXG\ XQSXEOLVKHG GDWD  ,QWULJXLQJO\
$7$' ZKLFK HQFRGHV D PHPEHU RI WKH$$$
GRPDLQFRQWDLQLQJ$73DVHIDPLO\DQGLVaNE
FHQWURPHULF WR 37(1 DQG HQFRGHG RQ WKH
RSSRVLWHVWUDQGZDVVLJQL¿FDQWO\GRZQUHJXODWHG
LQ37(1±WXPRUV $39 $OWKRXJKORVV
RI KHWHUR]\JRVLW\ /2+  RI D aF0 UHJLRQ
HQFRPSDVVLQJWKH37(1ORFXVDWTRFFXUV
LQaRILQYDVLYHEUHDVWFDQFHUVLWLVUDUHO\
DVVRFLDWHG ZLWK LQWUDJHQLF PXWDWLRQV RI WKH
RWKHU DOOHOH DQG LV JHQHUDOO\ QRW SUHGLFWLYH RI
37(1SURWHLQH[SUHVVLRQ:HREVHUYHGWKDW
WKH DEVROXWH H[SUHVVLRQ OHYHOV RI $7$' ZDV
FORVHO\OLQNHGWR37(1PHVVDJHOHYHOV 3HDUVRQ
U 3 ZKHUHDVWKHQH[WWZRJHQHV
RQ HLWKHU VLGH RI $7$'37(1 DQG ZLWKLQ
WKH UHJLRQ RI IUHTXHQW /2+  GLG QRW FRUUHODWH
ZHOO WR 37(1 OHYHOV U  7KXV
LW LV SRVVLEOH WKDW XQUHFRJQL]HG PXWDWLRQV LQ
SURPRWHUHQKDQFHU HOHPHQWV VKDUHG E\ 37(1
DQG$7$'QHJDWLYHO\DIIHFWWKHLUWUDQVFULSWLRQ
FRRUGLQDWHO\ RU WKDW WKH PRGXODWLRQ RI
XQLGHQWL¿HGWUDQVFULSWLRQIDFWRU V FRIDFWRU V 
RUFKURPDWLQUHPRGHOLQJSURWHLQ V PD\LPSLQJH
RQWKHLUH[SUHVVLRQ7KHVHK\SRWKHVHVZDUUDQW
IXUWKHULQYHVWLJDWLRQ
&HOO&\FOHDQGP7250HWDEROLF3URFHVVHV
DUH8SUHJXODWHGLQ37(1±7XPRUV
7R LQYHVWLJDWH WKH JHQHUDO ELRORJLFDO SURFHVVHV
DQG WKHPHV LGHQWL¿HG DV FKDQJHG E\ WKH
VLJQDWXUH WKH WRS  VLJQDWXUH JHQHV ZLWK DQ
$39 ZHUH LQSXW IRU JHQH RQWRORJ\ *2 
DQDO\VLVXVLQJ*20LQHU2QHKXQGUHGWZHQW\
RQH µELRORJLF SURFHVV¶ *2 FDWHJRULHV ZLWK
3 ZHUH LGHQWL¿HG ZLWK DQ RYHUDEXQGDQFH
RIJHQHVXSUHJXODWHGLQ37(1íWXPRUV2IWKHVH
   RI WKH FDWHJRULHV ZHUH UHODWHG
WR FHOOXODU PHWDEROLVP LQFOXGLQJ FDWHJRULHV



VXFK DV µ'1$ PHWDEROLVP¶  RYHUH[SUHVVHG
JHQHV 3   µRUJDQHOOH RUJDQL]DWLRQ DQG
ELRJHQHVLV¶  JHQHV 3   DQG µ51$
SURFHVVLQJ¶ JHQHV3  )RXUW\VL[RI
 LQFOXGLQJRIWKHWRS FDWHJRULHV
ZHUHUHODWHGWRWKHFHOOF\FOHLQFOXGLQJFDWHJRULHV
VXFK DV µF\WRNLQHVLV¶  JHQHV RYHUH[SUHVVHG
3  µWUDYHUVLQJ VWDUW FRQWURO SRLQW
RI PLWRWLF FHOO F\FOH¶  JHQHV 3  
µFHOO SUROLIHUDWLRQ¶  JHQHV 3   DQG
µUHJXODWLRQ RI FHOO SUROLIHUDWLRQ¶  JHQHV
3  7KHPXOWLWXGHRIFHOOF\FOHUHODWHG
JHQHV EHLQJ XSUHJXODWHG LQ WKH 37(1í WXPRUV
VXSSRUWV WKH QRWLRQ WKDW WKHVH WXPRUV DUH
PRUH KLJKO\ SUROLIHUDWLYH WKDQ WKHLU 37(1
FRXQWHUSDUWV )XUWKHUPRUH XSUHJXODWLRQ RI
JHQHV LQYROYHG LQ PHWDEROLVP FHOO JURZWK
DQG 51$ SURFHVVLQJ LV DOVR LQ DFFRUGDQFH WR
ZKDWZRXOGEHH[SHFWHGLQWXPRUFHOOVZLWKDQ
XQFKHFNHG 3,. SDWKZD\ HJ ZLWK DFWLYDWLRQ
RI P725 S 6 NLQDVH DQG LQDFWLYDWLRQ RI
(%3 ,QWHUHVWLQJO\  FDWHJRULHV ZHUH
UHODWHGWRFHOOXODUUHVSRQVHVWRR[LGDWLYHVWUHVV
FRQVLVWHQWZLWKWKHNQRZQLQFUHDVHGSURGXFWLRQ
RI UHDFWLYH R[\JHQ VSHFLHV GRZQVWUHDP WR
WKH 3,. SDWKZD\ DQG DOVR LQGLFDWLYH RI D
UHODWLYHKLJKHUR[LGDWLYHVWUHVVOHYHOLQWKHPRUH
UDSLGO\SUROLIHUDWLQJ37(1íWXPRUV*20LQHU
LGHQWL¿HG  ELRORJLF SURFHVV FDWHJRULHV ZLWK
3IRUJHQHVXQGHUH[SUHVVHGLQWKH37(1í
JURXS LQFOXGLQJ µ0$3... FDVFDGH¶  JHQHV
XQGHUH[SUHVVHG 3   DQG µLQDFWLYDWLRQ RI
0$3.¶  JHQHV 3   PRUSKRJHQHVLV
JHQHV3  µGHYHORSPHQW¶ JHQHV
3   DQG  JURXSV UHODWLQJ WR PXVFOH
FRQWUDFWLRQ8QGHUH[SUHVVLRQRIPRUSKRJHQHVLV
DQGGHYHORSPHQWDOJHQHVVXJJHVWVWKDW37(1í
WXPRUV DUH PRUH SRRUO\ GLIIHUHQWLDWHG WKDQ
37(1WXPRUVDQGLVLQDJUHHPHQWZLWKVRPH
UHSRUWV LQGLFDWLQJ D FRUUHODWLRQ EHWZHHQ 37(1
ORVVDQGKLJKHUWXPRUJUDGHDQGVWDJH$V
WKH 0$3. SDWKZD\ LV NQRZQ WR EH LQKLELWHG
E\ 37(1 LW LV FRQVLVWHQW IRU 37(1í WXPRUV
WR KDYH D GRZQUHJXODWLRQ RI JHQHV WKDW ZRXOG
LQDFWLYDWHWKH0$3.SDWKZD\&ORVHULQVSHFWLRQ
RI PHPEHUV RI WKH PXVFOH UHODWHG FDWHJRULHV
UHYHDOHG JHQHV LPSOLFDWHG LQ ERWK SRVLWLYH
DQG QHJDWLYH UHJXODWLRQ RI P\RVLQV UHÀHFWLQJ

SHUKDSV D G\QDPLF VWDWH RI RUJDQHOOH WUDQVSRUW
DQGFHOOPRWLOLW\LQWKHVHWXPRUV
*2 FDWHJRULHV VXFK DV µDQWLDSRSWRVLV¶
µQHJDWLYHUHJXODWLRQRIDSRSWRVLV¶DQGµSRVLWLYH
UHJXODWLRQ RI DQWLDSRSWRVLV¶ ZHUH QRW IRXQG WR
EH VLJQL¿FDQWO\ GLIIHUHQW EHWZHHQ 37(1 DQG
37(1í WXPRUV LQGLFDWLQJ WKDW 37(1 WXPRUV
KDYHHYROYHGDFRPSOHPHQWDU\DQGODUJHO\3,.
SDWKZD\LQGHSHQGHQW PHFKDQLVP IRU HYDGLQJ
DSRSWRVLV
$GGLWLRQDOO\ ZH DSSOLHG *HQH 6HW (QULFKPHQW
$QDO\VLV *6($ WRWHVWIRUELRORJLFFRQVLVWHQF\
EHWZHHQ RXU VLJQDO WKH *2 DQDO\VLV DQG WKH
OLWHUDWXUH VHH 0HWKRGV   $V VKRZQ LQ )LJXUH
% D +H/D FHOOWREUHDVW FDQFHU SUROLIHUDWLRQ
DVVRFLDWHGJHQHVHWDQGWZRLQGHSHQGHQWVHWV
RIJHQHVLGHQWL¿HGDVGRZQUHJXODWHGXSRQ37(1
LQGXFWLRQ LQ 37(1GHIHFWLYH JOLREODVWRPD

2YHUDOOVXUYLYDO 

3





3


5HFXUUHQFHIUHHVXUYLYDO 



6RWLULRXEUHDVW5)6




3 





3 







&

%

YDQGH9LMYHUEUHDVW'')6








'

YDQGH9LMYHUEUHDVW26








3





3




%UHDVWFDQFHUVXUYLYDO 

'LVWDQWGLVHDVHIUHHVXUYLYDO 

$

DQG HQGRPHWULDO FDQFHU FHOO OLQH PRGHOV
ZHUH VLJQL¿FDQWO\ HQULFKHG LQ 37(1í WXPRUV
33DQG3UHVSHFWLYHO\ 
)XUWKHUPRUH WKH JHQH VHW GRZQUHJXODWHG E\
5$'DQLQKLELWRURIWKHGRZQVWUHDP3,.
HIIHFWRU P725 LQ D PRXVH PRGHO RI SURVWDWH
LQWUDHSLWKHOLDO QHRSODVLD ZDV DOVR VLJQL¿FDQWO\
HQULFKHGLQ37(1íWXPRUV 3 7KUHHRI
JHQHVHWVUHJXODWHGLQ2UHQDOFDUFLQRPD
FHOOVE\DGHQRYLUDOWUDQVIHFWLRQRIFRQVWLWXWLYHO\
QXFOHDU PXWDQWV RI ).+5 D IRUNKHDG
WUDQVFULSWLRQ IDFWRU ZKRVH QXFOHDUF\WRSODVPLF
ORFDOL]DWLRQ LV UHJXODWHG E\ 3,. VLJQDOLQJ
DOVRWUHQGHGLQWKHH[SHFWHGRULHQWDWLRQ )LJXUH
%   ,QWHUHVWLQJO\ QRQH RI WKH VHWV RI JHQHV
XSUHJXODWHG XSRQ 37(1 RYHUH[SUHVVLRQ LQ FHOO
OLQHVZHUHHQULFKHGLQGLFDWLQJWKDWWKHLQGXFWLRQ
RIJHQHWUDQVFULSWLRQE\37(1LQFHOOOLQHPRGHOV
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6LJQDWXUH3UHVHQW





DQDO\VLVWLPH \HDUV

6LJQDWXUH$EVHQW

1RW&ODVVLILHG

)LJXUH±3UHGLFWLRQRIEUHDVWFDQFHURXWFRPHE\WKH37(13,.VLJQDWXUHLQLQGHSHQGHQWGDWDVHWV
7KHWRS37(13,.VLJQDWXUHJHQHVZHUHPDSSHGWRLQGHSHQGHQWEUHDVWFDQFHUGDWDVHWV1HDUHVWFHQWURLG
FODVVL¿FDWLRQZDVXVHGWRDVVLJQHDFKSUHGLFWHGWXPRUWRHLWKHUWKH6LJQDWXUH3UHVHQW UHGOLQH RU6LJQDWXUH$EVHQW EOXHOLQH 
FODVVE\FRPSXWLQJWKH3HDUVRQFRUUHODWLRQRIWKHPDWFKLQJVLJQDWXUHJHQHSUR¿OHRIWKHWXPRUWRWKHFHQWURLGWUDLQHGIURP
RXUGDWDXVLQJWKHVDPHPDWFKLQJJHQHV&HQVRUHGHYHQWVDUHLQGLFDWHGE\WLFNPDUNV/RJUDQN3YDOXHDWFRPSOHWHIROORZ
XSLVLQGLFDWHGLQWKHWRSULJKWFRUQHURIHDFKJUDSKDQGWKH3YDOXHDW\HDUIROORZXSLVLQGLFDWHGEHORZWKHGRXEOHDUURZ
WLPHEDUV$DQG&.DSODQ0HLHUDQDO\VLVRQWKHFODVVL¿FDWLRQRI'XWFKEUHDVWFDQFHUVZLWKUHVSHFWWRGLVWDQWGLVHDVH
IUHHVXUYLYDODQGRYHUDOOVXUYLYDOUHVSHFWLYHO\%DQG'.DSODQ0HLHUDQDO\VLVRQWKHFODVVL¿FDWLRQRI6ZHGLVKEUHDVW
FDQFHUVZLWKUHVSHFWWRUHFXUUHQFHIUHHVXUYLYDODQGEUHDVWFDQFHUVSHFL¿FVXUYLYDO



LVLQKHUHQWO\PRUHQRLV\DUWLIDFWXDORUPD\EH
FHOO W\SHVSHFL¿F ,Q WRWR JLYHQ WKH LQWULQVLF
GLIIHUHQFHV EHWZHHQ PRXVH PRGHOV FHOO OLQH
V\VWHPVDQGKXPDQEUHDVWFDUFLQRPDELRSVLHV
DQG LQ FRQVLGHUDWLRQ WKDW GDWD IURP VHYHUDO
GLIIHUHQW DUUD\ SODWIRUPV ZHUH FRPSDUHG ZH
FRQFOXGH RXU VLJQDWXUH WR EH KLJKO\ FRQVLVWHQW
DQG UHOHYDQW WR 37(13,. SDWKZD\UHODWHG
ELRORJLFDOSURFHVVHV
7RIXUWKHUUXOHRXWWKDWRXU37(1VWDWXVVLJQDO
ZDV LQÀXHQFHG E\ DQ XQGHUO\LQJ (5 VWDWXV
VLJQDO ZH JHQHUDWHG DQ (5 VWDWXV FRQVHQVXV
JHQH OLVW LQ WKH VDPH IROG FURVVYDOLGDWHG
PDQQHUDVIRU37(1$VH[SHFWHGDQH[WUHPHO\
UREXVW(5DVVRFLDWHGVLJQDOZDVLGHQWL¿HG7KH
WRS(5VWDWXVVLJQDWXUHJHQHVRYHUH[SUHVVHGLQ
(5WXPRUVZLWKDQ$39 1  ZHUH
VHOHFWHG IRU *6($ DQDO\VLV  5HDI¿UPLQJ WKDW
RXU 37(1DVVRFLDWHG VLJQDO LV LQGHSHQGHQW RI
(5RXUJHQHFDVVHWWHRIWRSUDQNHG(5VLJQDWXUH
UHSRUWHUV ZDV QRW VLJQL¿FDQWO\ HQULFKHG LQ
37(1WXPRUV 3 )LJXUH% 
&OLQLFDO,PSOLFDWLRQVRIWKH37(13,.
3DWKZD\6LJQDWXUH
$V DFWLYDWLRQ RI 3,. VLJQDOLQJ LV NQRZQ WR
FRQIHU D PRUH DJJUHVVLYH WXPRU SKHQRW\SH
ZH LQYHVWLJDWHG ZKHWKHU WKH WXPRU VXEJURXSV
LGHQWL¿HGE\WKH37(13,.SDWKZD\H[SUHVVLRQ
VLJQDWXUHKDGGLVFUHWHFOLQLFDOFKDUDFWHULVWLFV$W
D\HDUIROORZXSSHULRGZKLFKFRUUHVSRQGHG
WRWKHOHQJWKRIDGMXYDQWWDPR[LIHQWKHUDS\IRU
DOOSDWLHQWVLQRXUSDWLHQWFRKRUWWKHSDWLHQWV
LGHQWL¿HG XVLQJWKHWRSVLJQDWXUHJHQHVDQG
SDUWLWLRQHGE\KLHUDUFKLFDOFOXVWHULQJ DVKDYLQJ
WXPRUV H[SUHVVLQJ WKH VLJQDWXUH 6LJQDWXUH
3UHVHQW KDGDVLJQL¿FDQWO\ZRUVHUDWHRIGLVWDQW
PHWDVWDVLV IRUPDWLRQ )LJXUH & ORJUDQN
3  6LQFHRXUGDWDVHWZDVQRWGHVLJQHG
IRUVXUYLYDODQDO\VLVDQGPDQ\RIWKH6LJQDWXUH
3UHVHQW WXPRUV ZHUH (5í DQG WKXV ZRXOG
QRW EH H[SHFWHG WR UHVSRQG ZHOO WR DGMXYDQW
WDPR[LIHQ ZH ZDQWHG WR YHULI\ ZKHWKHU WKH
37(13,.VLJQDWXUHFRXOGEHJHQHUDOL]DEOHWR
RWKHULQGHSHQGHQWEUHDVWFDQFHUGDWDVHWV)LUVW
EHIRUHWHVWLQJLQGHSHQGHQWGDWDVHWVDQGWRDYRLG
µLQIRUPDWLRQ OHDN¶ ZH ZDQWHG WR HQVXUH ZH
ZHUHVHOHFWLQJDVL]DEOHQXPEHURIWRSVLJQDWXUH



JHQHVWKDWSUHGLFWVZHOOLQRXUGDWDVHWDQGZRXOG
DOVR EH OLNHO\ WR \LHOG D JRRG RYHUODS ZKHQ
PDSSHGWRRWKHUPLFURDUUD\SODWIRUPV7RWKLV
HQGZHDVVHVVHGZKHWKHUVLJQDWXUHJHQHVHWVRI
GLIIHUHQW VL]HV ZRXOG JLYH WXPRU FOXVWHUV ZLWK
EHWWHUVXUYLYDOVHSDUDWLRQLQRXUGDWDVHW37(1
3,. VLJQDWXUH JHQH VHWV FRQVLVWLQJ RI WKH WRS
 $39   DQG  $39 
JHQHVZHUHHYDOXDWHGDOOUHVXOWLQJKLHUDUFKLFDO
GHQGURJUDPV VSOLW WKH WXPRUV LQWR WZR JURXSV
ZLWK YHU\ VLPLODU VDPSOH GLVWULEXWLRQ WR WKH
UHVXOW ZKHQ XVLQJ  JHQHV GDWD QRW VKRZQ 
$VWKHJHQHEDVHGFOXVWHULQJKDGWKHORZHVW
3YDOXHIRUGLVWDQWGLVHDVHIUHHVXUYLYDO '')6 
ZHSURFHHGHGZLWKWKLVVHWDVRXUVLJQDWXUHJHQH
VHWIRU37(13,.SDWKZD\VWDWXVDQGRXWFRPH
SUHGLFWLRQIRUDOOLQGHSHQGHQWGDWDVHWV
 :HREWDLQHGWZRODUJHSXEOLVKHGPLFURDUUD\
GDWDVHWV RQ EUHDVW FDQFHU OLQNHG WR VXUYLYDO
LQIRUPDWLRQ  7KH VWXG\ E\ YDQ GH 9LMYHU DQG
FROOHDJXHV FRQWDLQHG SULPDU\ WXPRUV IURP
 'XWFK EUHDVW FDQFHU SDWLHQWV RI ZKLFK
 UHFHLYHG KRUPRQDO WKHUDS\  UHFHLYHG
FKHPRWKHUDS\ DQG  UHFHLYHG ERWK WKH
PDMRULW\RISDWLHQWVKDG(5GLVHDVH  DOO
WXPRUVZHUHDQDO\]HGRQLQNMHWSULQWHGROLJR
JODVVPLFURDUUD\VPDQXIDFWXUHGE\5RVHWWD2XU
VLJQDWXUHJHQHVZHUHPDSSHGWRWKH5RVHWWDROLJR
SUREHV XVLQJ 8QL*HQH LGHQWL¿HUV EXLOG  
DQGWKH$&,'GDWDEDVHRXUWRSUHSRUWHUV
PDSSHG WR  XQLTXH 8QL*HQH FOXVWHUV RI
ZKLFKFRXOGEHPDSSHGWR5RVHWWDSUREHV
7RFODVVLI\VDPSOHVZHXVHGDQHDUHVWFHQWURLG
FODVVL¿HU 1&&VHH0HWKRGV DQGERWKWKHORJ
UDQNWHVWDQG&R[SURSRUWLRQDOKD]DUGVPRGHOLQJ
ZHUH XVHG WR WHVW IRU VLJQL¿FDQW GLIIHUHQFHV
LQ SDWLHQW RXWFRPH  $V VKRZQ LQ )LJXUHV $
DQG&WKH1&&WUDLQHGRQRXUGDWDXVLQJWKH
PDWFKLQJVLJQDWXUHJHQHVVHSDUDWHGWKH
WXPRUVLQWRWZRFODVVHV6LJQDWXUH3UHVHQW 
FDVHV   DQG 6LJQDWXUH $EVHQW  FDVHV
  WXPRUV H[SUHVVLQJ WKH VLJQDWXUH KDG D
VLJQL¿FDQWO\ ZRUVH '')6 ORJUDQN 3
KD]DUGUDWLR+5FRQ¿GHQFHLQWHUYDO
&,  3  DQG RYHUDOO VXUYLYDO
26ORJUDQN3+5&,
3VHHDOVR7DEOH 7KHSURSRUWLRQ
RIFDVHVGLVSOD\LQJWKHDFWLYDWHGVLJQDWXUHLVWKH

7DEOH&R[5HJUHVVLRQ$QDO\VLV37(13,.3DWKZD\6LJQDWXUHDQG6WDWKPLQ,PPXQRKLVWRFKHPLVWU\3UHGLFW&DQFHU2XWFRPH
8QLYDULDWH$QDO\VLV
7XPRU FDVHV
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VDPH DV WKH UDWH VHHQ LQ RXU GDWDVHW PRUHRYHU
LW LV FRPSDWLEOH ZLWK WKH H[SHFWHG FRPELQHG
IUHTXHQF\ RI 37(1 ORVV 3,.&$ PXWDWLRQ
(5%%DPSOL¿FDWLRQDQG(*)5RYHUH[SUHVVLRQ
LQ D SRSXODWLRQEDVHG EUHDVW FDQFHU FRKRUW
a /+6 DQG 53 PDQXVFULSW LQ
SUHSDUDWLRQ   $V VXPPDUL]HG LQ 7DEOH 
PXOWLYDULDWH &R[ UHJUHVVLRQ DQDO\VLV UHYHDOHG
WKH 37(13,. FODVVL¿HU WR EH LQGHSHQGHQW
RI DQG PRUH VLJQL¿FDQW WKDQ WZR FRPPRQO\
XVHG SURJQRVWLF IDFWRUV (5 VWDWXV DQG O\PSK
QRGH PHWDVWDVLV VWDWXV IRU ERWK '')6 DQG 26
6LJQDWXUH'')6+5&,
3 (5 '')6 +5   &, 
 3  QRGH '')6 +5   &,
 3  6LJQDWXUH 26 +5 
 &,3(5 26 +5 
&,3 QRGH26+5

 &,  3    7RJHWKHU WKHVH
UHVXOWV VWURQJO\ LQGLFDWH WKDW RXU 37(13,.
SDWKZD\VLJQDWXUHLVDKLJKO\UREXVWSURJQRVWLF
PDUNHUDQGLQGHHGLQGHSHQGHQWRIDQ(5UHODWHG
VLJQDO
6LQFHWKH1&&DQDO\VLVJHQHUDWHVDFRUUHODWLRQ
VFRUHIRUHDFKFODVVL¿HGWXPRUWRRXU6LJQDWXUH
3UHVHQW DQG 6LJQDWXUH $EVHQW WUDLQLQJ GDWDVHW
ZH WHVWHG ZKHWKHU WKH GHJUHH RI FRUUHODWLRQ WR
WKH SUHVHQFH RU DEVHQFH RI WKH VLJQDWXUH ZDV
SUHGLFWLYH RI RXWFRPH RQ D FXWRIILQGHSHQGHQW
FRQWLQXRXVVFDOHXVLQJXQLYDULDWH&R[UHJUHVVLRQ
VHH 0HWKRGV   $V H[SHFWHG WKH GHJUHH RI
FRUUHODWLRQ WR WKH SRRU RXWFRPH 6LJQDWXUH
3UHVHQW SUR¿OH ZDV KLJKO\ SUHGLFWLYH RI '')6
+5   &,  3  [ 
DQG26 +5&,3 
[ 7DEOH   6LQFH *2 DQG *6($ DQDO\VLV



LQGLFDWHG D VLJQL¿FDQW FHOO SUROLIHUDWLRQ VLJQDO
DVVRFLDWHG WR 37(1í WXPRUV ZH UHPRYHG DOO
JHQHV DQQRWDWHG WR WKH FHOO F\FOH IURP WKH 
XQLTXH8QL*HQHFOXVWHUV  LQWKHVLJQDWXUH
JHQH VHW DQG UHSHDWHG WKH PDSSLQJ DQG 1&&
SURFHGXUH2QO\  RIWXPRUVFKDQJHG
FODVVL¿FDWLRQDQGDOOKDGORZRULJLQDO1&&
FRUUHODWLRQ VFRUHV   ZKHQ XVLQJ DOO 
PDSSHG FODVVL¿HU JHQHV GDWD QRW VKRZQ  WKXV
ZHFRQFOXGHWKDWVXFFHVVIXOFODVVL¿FDWLRQRISRRU
SURJQRVLVWXPRUVLVQRWRQO\GXHWRLQIRUPDWLRQ
IURP SUROLIHUDWLRQDVVRFLDWHG JHQH H[SUHVVLRQ
EXWUDWKHULVGXHWRDFRPSOH[ELRORJLFSURJUDP
RI WUDQVFULSWLRQDO FKDQJHV GRZQVWUHDP RI WKH
37(13,.SDWKZD\
 :HREWDLQHGVLPLODUUHVXOWVZKHQFODVVLI\LQJ
WKH GDWDVHW RI EUHDVW WXPRUV SXEOLVKHG E\
6RUWLULRXHWDO1LQHW\WZRRIWKHXQLTXH
VLJQDWXUH 8QL*HQH FOXVWHUV FRXOG EH PDSSHG
WR WKH 6RWLULRX PLFURDUUD\V IRU 1&& DQDO\VLV

%

*OLQVN\SURVWDWH'')6




3 
2YHUDOOVXUYLYDO 

'LVWDQWGLVHDVHIUHHVXUYLYDO 

$

$V LOOXVWUDWHG LQ )LJXUHV % DQG ' DQG7DEOH
 37(13,. SDWKZD\ DFWLYDWHG WXPRUV 
WXPRUV KDGDVLJQL¿FDQWO\ZRUVHUHODSVH
IUHH VXUYLYDO 5)6 ORJUDQN 3  +5
  &,  3   DQG QHDUO\
VLJQL¿FDQWZRUVHEUHDVWFDQFHUVSHFL¿FVXUYLYDO
%&6 ORJUDQN 3  +5   &,
3  RYHUWKHFRPSOHWHIROORZXS
WLPH$WWKHFOLQLFDOO\LPSRUWDQW\HDUIROORZ
XS DQDO\VLV LQWHUYDO KRZHYHU D VLJQL¿FDQW
GLIIHUHQFH LQ %&6 ZDV HYLGHQW ORJUDQN
3  )LJXUH '   0RUHRYHU SHUIRUPLQJ
WKH DQDO\VLV XVLQJ WKH GHJUHH RI FRUUHODWLRQ WR
WKH VLJQDWXUH DV D FRQWLQXRXV YDULDEOH DJDLQ
GHPRQVWUDWHGWKHFODVVL¿HUWRFRQWDLQVLJQL¿FDQW
SURJQRVWLFLQIRUPDWLRQIRUERWK5)6 +5
 &,  3   DQG %&6 +5
  &,  3   DW FRPSOHWH
IROORZXS7KHVHUHVXOWVVXJJHVWWKDWWKHH[WHQW
RI37(13,.SDWKZD\DFWLYDWLRQDVPHDVXUHG
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DQDO\VLVWLPH PRQWKV

6LJQDWXUH3UHVHQW





6LJQDWXUH$EVHQW







DQDO\VLVWLPH \HDUV



1RW&ODVVLILHG

)LJXUH±3UHGLFWLRQRIRXWFRPHE\WKH37(13,.VLJQDWXUHLQLQGHSHQGHQWGDWDVHWVRISURVWDWHEODGGHU
DQGOXQJFDUFLQRPDDQGGLIIXVHODUJH%FHOOO\PSKRPD
$QDO\VLVDQGDQQRWDWLRQRIJUDSKVDUHDVLQ)LJXUH$.DSODQ0HLHUDQDO\VLVRQWKHFODVVL¿FDWLRQRISURVWDWH
FDQFHUVZLWKUHVSHFWWRGLVWDQWGLVHDVHIUHHVXUYLYDO%.DSODQ0HLHUDQDO\VLVRQWKHFODVVL¿FDWLRQRIEODGGHU
FDQFHUVZLWKUHVSHFWWRRYHUDOOVXUYLYDO+HUHDJURXSFODVVL¿FDWLRQZDVXVHGDVGHWDLOHGLQWKHWH[WDQGWKH
ORJUDQN3YDOXHLVJLYHQIRUWKHFRPSDULVRQEHWZHHQWKH6LJQDWXUH3UHVHQWDQG$EVHQWOLQHVRQO\&.DSODQ0HLHU
DQDO\VLVRQWKHFODVVL¿FDWLRQRIOXQJFDQFHUVZLWKUHVSHFWWRRYHUDOOVXUYLYDO'.DSODQ0HLHUDQDO\VLVRQWKH
FODVVL¿FDWLRQRIGLIIXVHODUJH%FHOOO\PSKRPDV '/%&/ ZLWKUHVSHFWWRRYHUDOOVXUYLYDO$VLQSDQHO%KHUH
DJURXSFODVVL¿FDWLRQZDVXVHG
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+U

3UHGLFWLQJ2XWFRPHLQ2WKHU&DQFHU7\SHV
*LYHQ WKH VXFFHVV RI WKH 37(13,. SDWKZD\
VLJQDWXUH WR SUHGLFW RXWFRPH LQ EUHDVW FDQFHU
ZHK\SRWKHVL]HGWKDWWKLVVLJQDWXUHPD\EHPRUH
JHQHUDOO\ DSSOLFDEOH WR RWKHU FDQFHU W\SHV ZLWK
KLJKUDWHVRI3,.SDWKZD\DFWLYDWLRQ7RWHVW
WKLVZHREWDLQHGSXEOLFPLFURDUUD\GDWDVHWVRQ
ODUJH VHULHV RI SURVWDWH EODGGHU DQG OXQJ
FDUFLQRPD DV ZHOO DV GLIIXVH ODUJH %FHOO
O\PSKRPD '/%&/  D FDQFHU W\SH LQ ZKLFK
3,.DVVRFLDWHG VLJQDOLQJ KDV QRW EHHQ KLJKO\
LPSOLFDWHGLQWKHOLWHUDWXUH$VVKRZQLQ)LJXUH
$' WKH 1&& DQDO\VLV XVLQJ WKH PDWFKLQJ
37(13,. SDWKZD\ VLJQDWXUH JHQHV FRXOG
VLJQL¿FDQWO\ VHSDUDWH SURVWDWH  PDWFKLQJ
VLJQDWXUH JHQHV  DQG EODGGHU  JHQHV  EXW
QRWOXQJFDUFLQRPD JHQHVWUHQGHGWRZDUGV
VLJQL¿FDQFH ZLWK \HDU IROORZXS ORJUDQN
3 DQGDWFRPSOHWHIROORZXS3  
VDPSOHVRU'/%&/ JHQHV LQWRJURXSVZLWK
DSSUHFLDEOH GLIIHUHQFHV LQ VXUYLYDO  0RUHRYHU
WKH1&&FRUUHODWLRQVFRUHZDVDOVRSUHGLFWLYHRQ

DFRQWLQXRXVVFDOHIRUWKHVDPHWXPRUW\SHV 7DEOH
   ,QWHUHVWLQJO\ WKH WXPRU W\SHV WKDW GLG QRW
GLVSOD\VHSDUDWLRQE\WKH37(13,.VLJQDWXUH
LQWR JURXSV ZLWK VLJQL¿FDQW GLIIHUHQFHV LQ
RXWFRPHZHUHDOVRWKRVHZLWKWKHORZHVWQXPEHU
RI PDWFKDEOH JHQHV KRZHYHU WR ZKDW GHJUHH
WKLV DIIHFWHG WKH UHVXOWV FDQQRW EH DVFHUWDLQHG
:KHQ XVLQJ D ELQDU\ FODVVL¿FDWLRQ E\ 1&&
DQDO\VLV EODGGHU FDQFHUV DQG '/%&/V KDG D
FRQVLGHUDEOHQXPEHURIFDVHVZLWKLQWHUPHGLDWH
FRUUHODWLRQ VFRUHV   WKXV ZH DSSOLHG D
VLPSOH WKUHVKROG WR JHQHUDWH  FODVVHV WKRVH
WKDW DUH KDYH D PRUH UREXVW 6LJQDWXUH 3UHVHQW
SUR¿OH FRUUHODWLRQ !  WKRVH WKDW H[SUHVV D
UREXVW 6LJQDWXUH $EVHQW SUR¿OH !  DQG DQ
LQWHUPHGLDWHJURXS FRUUHODWLRQWRERWKFHQWURLGV
   7KLV \LHOGHG VLJQL¿FDQW GLIIHUHQFH LQ
VXUYLYDOIRUEODGGHUFDQFHU ORJUDQN3 
)LJXUH %  EXW QRW '/%&/ 3  )LJXUH
'DQG7DEOH ,QWHUHVWLQJO\WKHLQWHUPHGLDWH
EODGGHUFDQFHUJURXSDOVRGLVSOD\HGDUDWKHUSRRU
RXWFRPH LQGLFDWLQJ WKH SUHVHQFH RI SHUKDSV D
QRQ37(13,. SDWKZD\DVVRFLDWHG FODVV RI
EODGGHU FDUFLQRPD ZLWK DFWLYDWLRQ RI DQRWKHU
SRWHQW RQFRJHQLF SDWKZD\ DOVR DVVRFLDWHG WR
SRRUSURJQRVLV )LJXUH% 

+U

E\WKHFRUUHODWLRQRIHDFKWXPRUWRWKH6LJQDWXUH
3UHVHQW FHQWURLG LV GLUHFWO\ UHODWHG WR WKH
PDOLJQDQWQDWXUHRIWKHWXPRU

+%WHVWLV
$FWLQ

)LJXUH±9DOLGDWLRQRI37(13,.SDWKZD\VLJQDWXUHJHQHVDWWKHSURWHLQOHYHO
$:HVWHUQEORWVIRUVLJQDWXUHJHQHVDFURVVDSDQHORIEUHDVWFDQFHUFHOOOLQHV7KH37(1PXWDQWOLQHVDUHLQGLFDWHG7KUHH
OLQHV KDUERU 3,.&$ PXWDWLRQV 0'$0% (.  DQG 0'$0% DQG 8$&& +5  %$GHQRYLUXV
PHGLDWHGRYHUH[SUHVVLRQRI37(1 37(1 EXWQRWODF= ODF= UHJXODWHVVLJQDWXUHJHQHV5HGXFWLRQRISKRVSKR$.7ZDV
XVHGDVDQLQGLFDWRURIIXQFWLRQDO37(1LQGXFWLRQ



6HOHFWLRQRID1RYHO0DUNHUIRU37(13,.
3DWKZD\$FWLYDWLRQ
&XUUHQW PDUNHUV IRU 3,. SDWKZD\ DFWLYDWLRQ
DUHLQDGHTXDWH7KHPRVWRIWHQXVHGPDUNHULV
SKRVSKRU\ODWHG$.7 WKUHRQLQHDQGVHULQH
  KRZHYHU WKH DYDLODEOH UHDJHQWV RQO\
ZRUN VDWLVIDFWRULO\ E\ LPPXQREORW IURP FHOO
FXOWXUHO\VDWHVWKHHSLWRSHVDUHKLJKO\ODELOHLQ
URXWLQHVSHFLPHQVIURPWKHFOLQLF,QRXUKDQGV
IRUPDOLQ¿[HGSDUDI¿QHPEHGGHGPDWHULDOPXVW
EHJHQHUDWHGIURPYHU\IUHVKWLVVXHPDWHULDODQG
VWRUHG PHWLFXORXVO\ RU WKH DVVD\ SHUIRUPHG RQ
IUHVKIUR]HQ PDWHULDO LQ RUGHU IRU DQWLS$.7

$

6WDWKPLQ,+&$OO%UHDVW7XPRUV
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6WDWKPLQ,+&(51HJDWLYHV
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6WDLQLQJ6FRUH

UHDJHQWVWRJLYHJRRGVLJQDOFRQGLWLRQVZKLFKDUH
GLI¿FXOWWRDFKLHYHLQWKHQRUPDOVXUJLFDOFOLQLFDO
VHWWLQJ1RWZLWKVWDQGLQJVLPLODUSUREOHPVZLWK
UHOLDEOH UHDJHQWV DQG DVVD\V RWKHU SDWKZD\
PDUNHUV VXFK DV SKRVSKR6 NLQDVH SKRVSKR
*6.E DQG SKRVSKR).+5 DUH VHYHUDO VWHSV
GRZQVWUHDPLQWKHSDWKZD\DQGDVFRQVLGHUDEOH
FURVVWDON H[LVWV WR DQG IURP RWKHU SDWKZD\V
LPSLQJLQJRQWKHVHHIIHFWRUVWKH\DUHLPSHUIHFW
VXUURJDWHV7UDQVFULSWDEXQGDQFHLVQRWDOZD\V
UHÀHFWHGOLQHDUO\WRSURWHLQDEXQGDQFHWKHUHIRUH
ZHVRXJKWWRLGHQWLI\DWWKHSURWHLQOHYHO37(1
3,.SDWKZD\VLJQDWXUHJHQHVWKDWZRXOGUHÀHFW
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DQDO\VLVWLPH \HDUV

)LJXUH±6WDWKPLQLVDQRYHOPDUNHUIRUDFWLYDWHG3,.VLJQDOLQJ
$6WDWKPLQLPPXQRVWDLQLQJVFRUHVDUHVLJQL¿FDQWO\KLJKHULQ37(1íWXPRUVYV37(1WXPRUVDPRQJDOOEUHDVWFDQFHUV
DQDO\]HGIRUERWKSURWHLQV3YDOXHLVFDOFXODWHGE\WKHQRQSDUDPHWULF0DQQ:KLWQH\ 0: 8WHVW%6WDWKPLQLVVLJQL¿FDQWO\
RYHUH[SUHVVHGLQ37(1íWXPRUVYV37(1WXPRUVDPRQJWKH(5QHJDWLYHWXPRUV3YDOXHLVFDOFXODWHGE\WKHQRQ
SDUDPHWULF0:8WHVW&6WDWKPLQ,+&OHYHOVDUHFRUUHODWHGWRWKHSUHVHQFHRIWKH37(13,.6LJQDWXUH7KHKLHUDFKLFDO
FOXVWHULQJ GHQGURJUDP WXPRU DQQRWDWLRQV DQG VWDWKPLQ DQG 37(1 PHVVDJH OHYHOV DUH WDNHQ IURP )LJXUH $  6WDWKPLQ
SURWHLQOHYHOVDUHFHQWHUHGDWEODFNDURXQGWKHPHGLDQVFRUHZLWKKLJKHUDQGORZHUVFRUHVSVHXGRFRORUHGLQUHGDQGJUHHQ
UHVSHFWLYHO\ NH\SURYLGHGWRWKHULJKW '6WDWKPLQ,+&OHYHOVFORVHO\WUDFNVWDWKPLQPHVVDJHOHYHOV7KHDYHUDJH UDWLR IRU
WKHWZRVWDWKPLQUHSRUWHUVZDVXVHG3HDUVRQFRUUHODWLRQRI6WDWKPLQ,+&YV37(1PHVVDJH3 6WDWKPLQ,+&YV
VWDWKPLQPHVVDJH3(+LJKVWDWKPLQSURWHLQOHYHOVSUHGLFWSRRUGLVWDQWGLVHDVHIUHHVXUYLYDO '')6 LQGHSHQGHQWRI
RWKHUSURJQRVWLFIDFWRUVVXFKDV(5VWDWXVDQGO\PSKQRGHLQYROYHPHQW VHHWH[W /RJUDQN3YDOXHVIRUFRPSOHWHIROORZXS
WRSULJKWFRUQHU DQGWKHDQG\HDULQWHUYDOVDUHVKRZQ



SDWKZD\DFWLYDWLRQ7RWKLVHQGVL[VLJQDWXUH
JHQHV 3,.&$ GLVFXVVHG DERYH VWDWKPLQ
LQYROYHGLQFHOOF\FOHUHJXODWLRQDQGPRWLOLW\
0&0SDUWRIWKH0&0FRPSOH[FRQWUROOLQJ
'1$ UHSOLFDWLRQ 1,0$UHODWHG NLQDVH 
D FHQWURVRPDO NLQDVH IRXQG RYHUH[SUHVVHG
LQ YDULRXV FDQFHUV 0/) LQYROYHG LQ WKH
W  TT  1300/) DFXWH P\HORLG
OHXNHPLD WUDQVORFDWLRQ DQG +,67+%$
D WHVWLVVSHFL¿F KLVWRQH ZHUH VHOHFWHG IRU
LPPXQREORWWLQJH[SHULPHQWV
7KHVHSURWHLQVZHUHDQDO\]HGDFURVVDSDQHORI
EUHDVWFDQFHUOLQHVZLWKZLOGW\SH ZW 37(1
DQG  EUHDVW FDQFHU OLQHV ZLWK GRFXPHQWHG
37(1 PXWDWLRQV )LJXUH $  DQGRU DFURVV D
WLPHVHULHV LQ 37(1PXWDQW 0'$0%
FHOOVIROORZLQJDGHQRYLUDOWUDQVIHFWLRQZLWKZW
37(1RUODF=FRQWURO )LJXUH% 6WULNLQJO\
VWDWKPLQ ZDV YHU\ KLJKO\ RYHUH[SUHVVHG LQ
WKH 37(1 PXWDQW OLQHV ZKLOHDV SD KDG
D UHODWLYHO\ KLJKHU H[SUHVVLRQ LQ WKH 37(1
PXWDQW OLQHV DV FRPSDUHG WR WKH 37(1 ZW
FDQFHUOLQHV )LJXUH$ 7ZRRIWKH37(1
ZW OLQHV ZLWK GHWHFWDEOH VWDWKPLQ KDUERUHG
3,.&$ PXWDWLRQV 0'$0% +5 
DQG 0'$0% (.   8$&&
LV PXWDWHG DW UHVLGXH +5 KRZHYHU ZH
GLG QRW GHWHFW VWDWKPLQ SURWHLQ LQ WKLV OLQH
0&0DQG0/)GLGQRWVKRZDQDSSUHFLDEOH
DVVRFLDWLRQWR37(1VWDWXV'HWHFWLRQRI37(1
ZDV SHUIRUPHG DV DQ LQWHUQDO FRQWURO DQG DV
SLVNQRZQWREHGRZQUHJXODWHGE\WKH3,.
SDWKZD\ DQG KDV EHHQ VKRZQ WR LQWHUDFW ZLWK
VWDWKPLQ ZH SUREHG IRU S OHYHOV DFURVV WKH
WXPRUFHOOOLQHV )LJXUH$ 
)XUWKHUPRUH WR LQYHVWLJDWH ZKHWKHU VRPH
VLJQDWXUHJHQHVZHUHGLUHFWWDUJHWVRIWKH37(1
3,. SDWKZD\ ZH SHUIRUPHG H[SHULPHQWV
LQWURGXFLQJ ZW 37(1 LQWR WKH 0'$0%
EUHDVWFDQFHUOLQHZKLFKLVPXWDQWIRU37(1
,Q SDUWLFXODU 1(. VKRZHG GLPLQLVKHG
H[SUHVVLRQ DW  KRXUV SRVWLQIHFWLRQ ZLWK
37(1 DGHQRYLUXV DQG VWDWKPLQ E\  KRXUV
LQGLFDWLQJ WKDW WKHVH DUH OLNHO\ WR EH GLUHFWO\
UHJXODWHGE\WKHSDWKZD\LQWKLVV\VWHP )LJXUH
%  %\  KRXUV DOO SURWHLQV ZHUH PRGHVWO\
WR FRQVLGHUDEO\ GRZQUHJXODWHG LQ WKH 37(1
H[SUHVVLQJ FHOOV LQGLFDWLQJ WKDW 37(1 PD\

UHJXODWHWKHLUH[SUHVVLRQWRVRPHGHJUHH7KH
GHOD\HG UHVSRQVHV FRXOG DOVR EH GXH WR OHVV
GLUHFWUHJXODWLRQE\WKHSDWKZD\RUGLIIHUHQFHV
LQSURWHLQKDOIOLYHVLWFDQQRWEHUXOHGRXWWKDW
WKHUHDUHRWKHUVHFRQGDU\HIIHFWVGXHWRWR[LFLW\
RI37(1LQWKHVHFHOOV
 ,WLVLQWHUHVWLQJWKDWSDLVRYHUH[SUHVVHG
LQ WXPRUV ZLWK ORZ 37(1 VXJJHVWLQJ D
SRVLWLYH IHHGEDFN ORRS ZKHUHE\ DFWLYDWHG
3,.VLJQDOLQJXSUHJXODWHVLWVPDMRURQFRJHQLF
FDWDO\WLFVXEXQLWDQGFRXOGKHOSWRH[SODLQZK\
37(1 GLVSOD\V KDSORLQVXI¿FLHQF\ DV D WXPRU
VXSSUHVVRU0&0DQG1(.RYHUH[SUHVVLRQ
OLNHO\ FRQWULEXWH WR WKH LQFUHDVHG SUROLIHUDWLRQ
VHHQLQ37(1íFHOOVZKLOHDVRXUUHVXOWVZLWK
0/) SURWHLQ ZHUH PL[HG *LYHQ WKDW ZH
IRXQGWKHUHJXODWLRQRI37(1SURWHLQLQEUHDVW
FDQFHU WR EH DW WKH WUDQVFULSWLRQDO OHYHO WKH
IDFW WKDW VHYHUDO RWKHU KLVWRQHUHODWHG JHQHV
+'$&+)+,67+%-+)$+$)=
+,67+%. +$)9 DQG +,67+&  DUH
DPRQJWKHWRSVLJQDWXUHJHQHVLQDGGLWLRQ
WR WHVWLVVSHFL¿F +% DQG DUH SUHGRPLQDQWO\
RYHUH[SUHVVHGLQWKH37(1±WXPRUVFRXOGEH
LQGLFDWLYH RI D FKURPDWLQPHGLDWHG VLOHQFLQJ
SURFHVV
2WKHU 37(1 VLJQDWXUH JHQHV DUH ZRUWK
KLJKOLJKWLQJ:HKDYHUHFHQWO\VKRZQWKDWORVV
RI 37(1 UHVXOWV LQ F\WRSODVPLF UHORFDOL]DWLRQ
RI WKH FKHFNSRLQW SURWHLQ NLQDVH &+(. ,Q
WKHSUHVHQWVWXG\PLFURDUUD\DQDO\VLVLGHQWL¿HG
&+(. WR EH VLJQL¿FDQWO\ RYHUH[SUHVVHG
LQ 37(1± WXPRUV $39  7KLV UHVXOW
VXJJHVWV WKH SUHVHQFH RI D QXFOHDU &+(.
VHQVRUSHUKDSVE\IHHGEDFNLQKLELWLRQRILWVHOI
ZKHUHE\&+(.PHVVDJHLVXSUHJXODWHGXSRQ
UHGXFWLRQRIQXFOHDU&+(.
6WDWKPLQLVD0DUNHURI3,.3DWKZD\
$FWLYLW\
*LYHQ WKH VWURQJ LQYHUVH FRUUHODWLRQ EHWZHHQ
VWDWKPLQDQG37(1LQRXUFHOOOLQHH[SHULPHQWV
)LJXUHV$DQG% DQGWKHIDFWWKDW6701
PHVVDJHZDVDOVRIRXQGWREHXSUHJXODWHGXSRQ
37(1 LQGXFWLRQ DQG /< WUHDWPHQW LQ
JOLREODVWRPDFHOOVZHHYDOXDWHGVWDWKPLQDQG
37(1OHYHOVE\,+&LQDVHWRIEUHDVWWXPRUV
3URYLGLQJLQYLYRYDOLGDWLRQRIRXUPLFURDUUD\



UHVXOWZHIRXQGVWDWKPLQVWDLQLQJVFRUHVWREH
VLJQL¿FDQWO\ KLJKHU LQ 37(1í WXPRUV WKDQ LQ
37(1WXPRUV 3 0DQQ:KLWQH\WHVW
)LJXUH $  6LQFH 37(1 VWDWXV DQG VWDWKPLQ
H[SUHVVLRQ KDYH EHHQ LQGHSHQGHQWO\ VKRZQ WR
EHDVVRFLDWHGWR(5QHJDWLYLW\ZHFKHFNHG
IRUWKHDVVRFLDWLRQZLWKLQWKH(5íWXPRUVDQG
LWUHPDLQHGVLJQL¿FDQW 3 )LJXUH% 
7KLVSURYLGHVVWURQJHYLGHQFHWKDWVWDWKPLQLV
RYHUH[SUHVVHG LQ YLYR LQ DVVRFLDWLRQ ZLWK ORVV
RI37(10DQ\RIWKHWXPRUVZHUHDPRQJ
WKRVHZHKDGSUR¿OHGRQPLFURDUUD\VVRQH[W
ZH FRUUHODWHG WKH VWDWKPLQ VWDLQLQJ VFRUHV WR
WKH WXPRU JHQH H[SUHVVLRQ GDWD  $V FDQ EH
VHHQ LQ )LJXUHV & DQG ' VWDWKPLQ SURWHLQ
OHYHOV FORVHO\ WUDFN VWDWKPLQ PHVVDJH OHYHOV
3HDUVRQ U  3  DQG UHÀHFWV
ZHOO WKH SUHVHQFH RI WKH 37(13,. SDWKZD\
VLJQDWXUH EHWWHUWKDQPHUHO\UHÀHFWLQJWKHORVV
RI37(1PHVVDJHU  0RUHRYHUYHU\
IHZWXPRUVFOXVWHULQJLQWKH6LJQDWXUH$EVHQW
JURXS KDG PDUNHG XSUHJXODWLRQ RI VWDWKPLQ
)LJXUH& 7KXVEDVHGRQWKHVHUHVXOWVDQG
RXUFHOOOLQHH[SHULPHQWVZHFRQFOXGHVWDWKPLQ
WREHDUREXVWGXUDEOHDQGVSHFL¿FPDUNHURI
3,.SDWKZD\DFWLYDWLRQ
&OLQLFDO,PSOLFDWLRQVRI6WDWKPLQ
2YHUH[SUHVVLRQ
$OWKRXJK VRPH UHSRUWV KDYH LQGLFDWHG WKDW
37(1VWDWXVFDQFDUU\SURJQRVWLFLQIRUPDWLRQ
LQEUHDVWFDQFHURWKHUVKDYHQRW,QRXU
PDWHULDO 37(1 VWDWXV ZDV QRW D VLJQL¿FDQW
PDUNHU IRU GLVWDQW GLVHDVHIUHH VXUYLYDO
'')6  IRU RXU VHW RI  SDWLHQWVQRU LQ RXU
ODUJHU VHW RI  SDWLHQWV GDWD QRW VKRZQ 
SHUKDSV RZLQJ WR WKH UHODWLYH KRPRJHQHLW\ RI
WKLV FRKRUW DOO VWDJH ,, DOO UHFHLYLQJ  \HDUV
DGMXYDQW WDPR[LIHQ DQG QR FKHPRWKHUDS\ 
DQG WKH UHFHQWO\ XQFRYHUHG KLJK IUHTXHQF\ RI
3,.&$ PXWDWLRQ DQG RWKHU 3,. SDWKZD\
DFWLYDWLQJ OHVLRQV LQ EUHDVW FDQFHU  6WDWKPLQ
KDV EHHQ LPSOLFDWHG LQ SURFHVVHV RI FHOOXODU
SUROLIHUDWLRQ PRWLOLW\ DQG PLJUDWLRQ KDV
EHHQ FRUUHODWHG WR KLJK SUROLIHUDWLRQ LQ EUHDVW
WXPRUV DQG KDV EHHQ VKRZQ WR EH D PDUNHU
IRUSRRURXWFRPHLQPHGXOOREODVWRPDZKLFK
DUH DOO ¿QGLQJV ELRORJLFDOO\ FRQVLVWHQW ZLWK



VWDWKPLQEHLQJGRZQVWUHDPRI3,.VLJQDOLQJ
,I VWDWKPLQ LV D PDUNHU RI 3,. SDWKZD\
DFWLYDWLRQDVRXUGDWDVXJJHVWVWKHQRQHZRXOG
H[SHFW LW WR EH D JRRG PDUNHU IRU SURJQRVLV
LQ EUHDVW FDQFHU  7KHUHIRUH ZH LQYHVWLJDWHG
ZKHWKHUVWDWKPLQSURWHLQOHYHOV GLFKRWRPL]HG
LQWR ORZ DQG KLJK JURXSV VHH 0HWKRGV  ZHUH
UHODWHG WR RXWFRPH LQ WKH  SDWLHQW FRKRUW
$V VKRZQ LQ )LJXUH ( DW WKH \HDU IROORZ
XSFXWRIIFRUUHVSRQGLQJWRWKHHQGRIDGMXYDQW
WKHUDS\ WKHUH ZDV D VLJQL¿FDQW GLIIHUHQFH LQ
VXUYLYDOIRUWKHVWDWKPLQRYHUH[SUHVVLQJJURXS
ORJUDQN 3   DV ZHOO DV RYHU D \HDU
IROORZXS ORJUDQN 3    $W FRPSOHWH
IROORZXS WKHUH ZHUH YHU\ IHZ SDWLHQWV LQ WKH
VWDWKPLQ KLJK JURXS GXH WR ORVV WR IROORZXS
QHYHUWKHOHVVWKHGLIIHUHQFHLQ'')6ZDVQHDUO\
VLJQL¿FDQW ORJUDQN3  &R[UHJUHVVLRQ
DQDO\VLV LQGLFDWHG WKDW KLJK VWDWKPLQ KDG D
VLJQL¿FDQWO\KLJKHUULVNIRUGLVWDQWPHWDVWDVLV
ZLWKD+5!IRUWKH\HDULQWHUYDO 3  
+5IRUWKH\HDULQWHUYDO 3   DQG
+5DWFRPSOHWHIROORZXS 3 7DEOH
  DQG WKH HIIHFWV RI VWDWKPLQ ZHUH WLPH
GHSHQGHQW 6FKRHQIHOGV WHVW 3   $V WKH
FKRLFH RI D FXWRII WR \LHOG D ELQDU\ YDULDEOH
FRXOGUHVXOWLQELDVVLPLODUWRWKH37(13,.
1&& FRUUHODWLRQ VFRUH WKH VWDWKPLQ ,+&
VWDLQLQJVFRUHDVDFRQWLQXRXVYDULDEOH IURP
WR   ZDV DOVR KLJKO\ SUHGLFWLYH RI '')6 DW
\HDUV +5&,3 
WKDW LV IRU HYHU\  SRLQW LQFUHDVH LQ VWDWKPLQ
VFRUHWKHKD]DUGLQFUHDVHVE\ DQG\HDUV
RI IROORZXS +5   &, 
3 7DEOH 
 0XOWLYDULDWH &R[ UHJUHVVLRQ DQDO\VHV ZHUH
SHUIRUPHG WR FRPSDUH WKH VWDWKPLQ PDUNHU
WR RWKHU ZHOO NQRZQ PDUNHUV RI SURJQRVLV
6WDWKPLQ DV D ELQDU\ DQG FRQWLQXRXV VFRUH
ZDVLQGHSHQGHQWRI(5VWDWXVDQGO\PSKQRGH
VWDWXVDQGZDVWKHPRVWVLJQL¿FDQWIDFWRUDW
\HDUVIROORZXS +5&,
3  ZDVLQGHSHQGHQWRI(5DQGQRGHDW
\HDUV +5&,3  
DQG ZDV QHDUO\ VLJQL¿FDQWO\ LQGHSHQGHQW DW
FRPSOHWHIROORZXS +5&,
3 7DEOH    /\PSK QRGH LQYROYHPHQW
DWGLDJQRVLVLVWKHPRVWLPSRUWDQWFRQYHQWLRQDO

SURJQRVWLF IDFWRU LQ EUHDVW FDQFHU WKHUHIRUH
LGHQWL¿FDWLRQ RI PDUNHUV WKDW SUHGLFW GLVHDVH
UHFXUUHQFH ZKHQ WKH SDWLHQW KDV QR SRVLWLYH
QRGHV LV FULWLFDO $PRQJ SDWLHQWV ZLWK O\PSK
QRGH QHJDWLYH GLVHDVH KLJK VWDWKPLQ ZDV
H[WUHPHO\ SUHGLFWLYH IRU GLVWDQW PHWDVWDVLV
ZLWKLQ  \HDUV RI LQLWLDO GLDJQRVLV ZLWK D +5
!  &,  3    $PRQJ
SDWLHQWV ZLWK O\PSK QRGH SRVLWLYH GLVHDVH
KLJK VWDWKPLQ ZDV DOVR SUHGLFWLYH IRU GLVWDQW
PHWDVWDVLV ZLWKLQ  \HDUV +5   &,
3  
 2XUUHVXOWVUHJDUGLQJVWDWKPLQDVDSURJQRVWLF
IDFWRUVKRXOGEHYLHZHGDVK\SRWKHVLVJHQHUDWLQJ
DQG ZLOO UHTXLUH LQGHSHQGHQW YDOLGDWLRQ RQ
ODUJH UHWURVSHFWLYH DQGRU SURVSHFWLYH SDWLHQW
PDWHULDO  ,QWHUHVWLQJO\ DOO UHFXUUHQFH HYHQWV
LQWKHVWDWKPLQKLJKJURXSRFFXUUHGZLWKLQWKH
¿UVW\HDUVLQGLFDWLQJWKDWVWDWKPLQPD\EH
D JRRG PDUNHU IRU HDUO\ UHODSVH DQGRU PD\
FRRSHUDWHZLWKDGMXYDQWWDPR[LIHQWKHUDS\LQD
GHWULPHQWDOZD\6WDWKPLQRYHUH[SUHVVLRQPD\
KHOSWRH[SODLQWDPR[LIHQUHVLVWDQFHDVVRFLDWHG
WR37(1ORVVLQEUHDVWFDQFHU
,QVXPPDU\ZHKDYHHOXFLGDWHGDUREXVW37(1
3,. SDWKZD\ JHQH H[SUHVVLRQ VLJQDWXUH LQ
VSRUDGLF KXPDQ EUHDVW FDQFHU  7KH VLJQDWXUH
UHFDSLWXODWHG NQRZQ DQG H[SHFWHG ELRORJLF
RXWSXWV RI 3,. VLJQDOLQJ DQG ZDV DEOH WR
VHJUHJDWH PXOWLSOH LQGHSHQGHQW EUHDVW FDQFHU
GDWDVHWVLQWR3,.SDWKZD\DFWLYDWHGDQGQRQ
DFWLYDWHG JURXSV ZLWK VLJQL¿FDQW GLIIHUHQFHV
LQRXWFRPHDQGLQGHSHQGHQWRIRWKHUFRPPRQ
SURJQRVWLFIDFWRUV0RUHRYHUWKHVLJQDWXUHZDV
JHQHUDOO\DSSOLFDEOHIRURXWFRPHSUHGLFWLRQLQ
RWKHUFDQFHUW\SHVVXFKDVSURVWDWHDQGEODGGHU
FDUFLQRPD&XUUHQWPDUNHUVRI3,.SDWKZD\
DFWLYDWLRQ DUH LQDGHTXDWH :H KDYH LGHQWL¿HG
VWDWKPLQWREHDQRYHOPDUNHUIRUWKHSDWKZD\
DQGGHPRQVWUDWHLWWREHDQH[FHOOHQWSURJQRVWLF
PDUNHUIRUEUHDVWFDQFHURXWFRPHSDUWLFXODUO\
DPRQJ SDWLHQWV ZLWK O\PSK QRGH QHJDWLYH
FDQFHU DW GLDJQRVLV  (YDOXDWLRQ RI VWDWKPLQ
DQGSRWHQWLDOO\RWKHUVLJQDWXUHJHQHVLQFOLQLFDO
VSHFLPHQV LQ D VWDQGDUGL]HG DVVD\ PD\ EH DQ
HIIHFWLYHZD\WRPHDVXUH3,.SDWKZD\DFWLYLW\
LQ WXPRUV  0RUHRYHU VRPH RI WKH VLJQDWXUH

JHQHV HQFRGH FHOO VXUIDFH SURWHLQV ZKLFK
PD\EHKLJKO\XVHIXODVPROHFXODUEHDFRQVRI
SDWKZD\ DFWLYDWLRQWKDW FRXOG EH LPDJHGQRQ
LQYDVLYHO\XVLQJODEHOHGDQWLERGLHVWRPRQLWRU
GLVHDVH SURJUHVVLRQ DQG UHVSRQVH WR WDUJHWHG
WKHUDS\WRWKH3,.SDWKZD\
:H DOVR SURYLGH FRPSHOOLQJ HYLGHQFH WKDW
37(1 SURWHLQ OHYHOV LQ EUHDVW FDQFHU DUH
SULPDULO\ UHJXODWHG E\ WKH PHVVDJH OHYHO DQG
WKDW WKLV UHJXODWLRQ PD\ EH GXH WR XQGHWHFWHG
JHQHWLFPXWDWLRQVLQDQLQWHUYDOEHWZHHQ37(1
DQG $7$'  :KHWKHU WKH RYHUH[SUHVVLRQ RI
PDQ\KLVWRQHJHQHVPD\SOD\DSDUWLQ37(1
VLOHQFLQJ RU ZKHWKHU LW LV D FRQVHTXHQFH RI
LQFUHDVHG SUROLIHUDWLRQ VHHQ LQ 37(1 ORZ
WXPRUV UHPDLQV WR EH H[DPLQHG  6HYHUDO
JHQHVLQWKHVLJQDWXUHDOVRHQFRGHWUDQVFULSWLRQ
IDFWRUV ZKLFK PD\ EH LPSRUWDQW GRZQVWUHDP
HIIHFWVWKDWFRQWULEXWHWRWKHSKHQRW\SHRI3,.
SDWKZD\ DFWLYDWLRQ RU FRQYHUVHO\ PD\ EH
SDUWLDOO\UHVSRQVLEOHIRUDFWLYDWLQJWKHSDWKZD\
LWVHOI HJE\PRGXODWLRQRI37(1H[SUHVVLRQ 
7KXV LQ DGGLWLRQ WR ZKDW ZH KDYH HOXFLGDWHG
KHUHLQWKH37(13,.SDWKZD\VLJQDWXUHZLOO
EH D YDOXDEOH UHVRXUFH IRU XQUDYHOLQJ 3,.
UHJXODWHGELRORJLFSURFHVVHVJHQHUDWLQJPDUNHU
DVVD\VIRU3,.SDWKZD\HYDOXDWLRQDQGFDQEH
XWLOL]HGWRLGHQWLI\SRWHQWLDOPROHFXOHVUHJXODWHG
E\ RU FRRSHUDWLQJ ZLWK WKH 37(13,.
SDWKZD\ LQ EUHDVW WXPRULJHQHVLV DQG WKHUDS\
UHVLVWDQFH)XUWKHUPRUHVRPHVLJQDWXUHJHQHV
PD\ SURYH WR EH YDOXDEOH WKHUDSHXWLF WDUJHWV
6WDWKPLQ ZKLFK LV NQRZQ WR EH LQYROYHG LQ
FHOOPRWLOLW\LQYDVLRQDQGWKHFHOOF\FOHPD\
EHRQHVXFKWDUJHWDVLWLVEHOLHYHGWRUHJXODWH
PLFURWXEXOH G\QDPLFV 7KHUHIRUH LW ZLOO EH
ZRUWKH[SORULQJZKHWKHUWKHUDSLHVZKLFKWDUJHW
PLFURWXEXOHV VXFK DV YLQFD DONDORLGV DQG
WD[DQHV LQ FRPELQDWLRQ ZLWK 3,.WDUJHWHG
WKHUDSLHVZRXOGEHV\QHUJLVWLFDJDLQVWUDSLGO\
SUROLIHUDWLQJ 3,. SDWKZD\DFWLYDWHG WXPRUV
7KH IXWXUH RI FDQFHU PDQDJHPHQW LV TXLFNO\
PRYLQJ WRZDUGV SDWKZD\EDVHG SUR¿OLQJ DQG
GLUHFWHG SKDUPDFRORJLFDOVPDOO PROHFXOH
WKHUDS\$VWKH3,.SDWKZD\LVKLJKO\LQYROYHG
LQ D YDVW DUUD\ RI KXPDQ GLVHDVHV LQ DGGLWLRQ
WR FDQFHU ZH DUH H[FLWHG E\ WKH SURPLVH RI
PROHFXODUPHGLFLQH



0DWHULDOVDQG0HWKRGV
7LVVXH6DPSOHV7KLVVWXG\ZDVDSSURYHGE\WKH
/XQG 8QLYHUVLW\ HWKLFV FRPPLWWHH )RUPDOLQ
¿[HG SDUDI¿QHPEHGGHG WXPRU WLVVXHV ZHUH
UHWULHYHGIRUVWDJH,,SULPDU\EUHDVWFDQFHUV
DVVHPEOHGE\WKH6RXWK6ZHGHQ%UHDVW&DQFHU
*URXS DQG FROOHFWHG DW WKH 'HSDUWPHQW RI
2QFRORJ\ /XQG 8QLYHUVLW\ DQG WKHVH WXPRUV
ZHUH DQDO\]HG IRU 37(1 SURWHLQ E\ ,+& DV
SUHYLRXVO\ GHVFULEHG )URP WKHVH D VXEVHW
RIWXPRUV 37(1±DQG37(1 IRU
DQDO\VLVZLWKF'1$PLFURDUUD\VZHUHVHOHFWHG
DV GHWDLOHG LQ 6XSSOHPHQWDO ,QIRUPDWLRQ
$GGLWLRQDOO\WXPRUVZHUHDOVRDQDO\]HGE\
,+&IRU37(1DQGVWDWKPLQSURWHLQOHYHOV
0LFURDUUD\V F'1$ PLFURUUD\V ZLWK 
VSRWV ZHUH IDEULFDWHG E\ WKH 6:(*(1(
0LFURDUUD\ )DFLOLW\ 'HSDUWPHQW RI 2QFRORJ\
/XQG 8QLYHUVLW\ 7KH SULQWHG F'1$V LQFOXGH
 VHTXHQFHYHUL¿HG ,0$*( FORQHV
5HVHDUFK*HQHWLFV+XQWVYLOOH$/ DQG
LQWHUQDOO\JHQHUDWHG FORQHV WRJHWKHU PDSSLQJ
WR ! 8QL*HQH FOXVWHUV EXLOG  7KH
FORQHVZHUHSUHSDUHGHVVHQWLDOO\DVGHVFULEHG
ZLWK VRPH PRGL¿FDWLRQV  7KH GHWDLOHG
SURFHGXUHV IRU 51$ SUHSDUDWLRQ ÀXRUHVFHQW
ODEHOLQJ DQG PLFURDUUD\ K\EULGL]DWLRQ DUH
GHVFULEHG LQ 6XSSOHPHQWDO ,QIRUPDWLRQ
8QLYHUVDO+XPDQ5HIHUHQFH51$ 6WUDWDJHQH
/D-ROOD&$ ZDVXVHGDVDFRPPRQUHIHUHQFH
IRUDOOK\EULGL]DWLRQV3ULPDU\UDZPLFURDUUD\
GDWD ZLOO EH PDGH DYDLODEOH WKURXJK D SXEOLF
GDWDUHSRVLWRU\XSRQSXEOLFDWLRQ
0LFURDUUD\'DWD$QDO\VLV'DWDSUHSURFHVVLQJ
DQG QRUPDOL]DWLRQ ZHUH SHUIRUPHG ZLWKLQ
%$6( DQG DUH GHWDLOHG LQ 6XSSOHPHQWDO
,QIRUPDWLRQ 7KH 0DQQ:KLWQH\ 8WHVW ZDV
XVHG WR DVVHVV WKH FRUUHODWLRQ RI HDFK JHQH¶V
H[SUHVVLRQ SDWWHUQ WR D ELQDU\ VDPSOH ODEHO
HJ 37(1 SRVLWLYH RU QHJDWLYH (5 SRVLWLYH
RU QHJDWLYH  ZLWK D 3YDOXH FRPSXWHG IRU
HDFKJHQHDQGDVLJQRUDVVLJQHGLIWKH
JHQHLVFRUUHODWHGRUDQWLFRUUHODWHG6LPLODUO\
WR WKH PHWKRG GHVFULEHGSUHYLRXVO\ D IROG
FURVVYDOLGDWLRQ GHVLJQ ZDV XVHG WR WUDLQ D
FRPPLWWHHRI690VWRSUHGLFWWKH37(1VWDWXV



RIWKHWXPRUVDQGJHQHUDWHDFRQVHQVXVOLVWRI
UDQNHG 37(1 VLJQDWXUH JHQHV 7KLUW\ 690V
LQ DOO ZHUH WUDLQHG DQG HDFK WXPRU UHFHLYHG D
SUHGLFWLRQRXWSXWIURP690V7KHDYHUDJH
FODVVL¿FDWLRQ RXWSXW RI WKH FRPPLWWHH RI 
690V ZDV XVHG DV WKH FRQVHQVXV SUHGLFWLRQ
VFRUH IRU HDFK WXPRU  52& FXUYH DUHD ZDV
XVHGDVWKHPHDVXUHRISUHGLFWLRQSHUIRUPDQFH
$ FRQVHQVXV UDQNHG JHQH OLVW ZDV JHQHUDWHG
E\ VRUWLQJ RQ WKH DYHUDJH 3YDOXH $39  RI
HDFK JHQH IURP WKH  UDQNHG OLVWV 7KH VXP
RIVLJQVLVDPHDVXUHRIWKHFRQVLVWHQF\RIWKH
FRUUHODWLRQDQGLVGH¿QHGE\WDNLQJWKHVXPRI
WKHFRUUHODWLRQDQWLFRUUHODWLRQVLJQV HJ
LVFRUUHODWHGLQDOOOLVWVDQGLVDQWLFRUUHODWHG
LQ DOO OLVWV   3HUPXWDWLRQ WHVWV ZHUH XVHG WR
HVWLPDWH ERWK WKH VLJQL¿FDQFH RI WKH 690
SUHGLFWLRQ SHUIRUPDQFH DQG WKH FRQVHQVXV
UDQNHG JHQH OLVW ,Q WKHVH WHVWV VDPSOH ODEHOV
ZHUH UDQGRPO\ SHUPXWHG 690V ZHUH EXLOW
IRUUDQGRPFODVVL¿FDWLRQSUREOHPVDQG
D 3YDOXH FRUUHVSRQGLQJ WR WKH SUREDELOLW\ WR
REWDLQ EHWWHU SHUIRUPDQFH IRU UDQGRP VDPSOH
ODEHOLQJZDVDVVLJQHGWRWKHRULJLQDO52&DUHD
&RQVHQVXVUDQNHGJHQHOLVWVZHUHEXLOWIRU
UDQGRP VDPSOH ODEHOLQJV $ IDOVH GLVFRYHU\
UDWHIRUDQ$39ZDVHVWLPDWHGDVWKHDYHUDJH
QXPEHU RI JHQHV ZLWK VPDOOHU RU HTXDO $39
IURPWKHUDQGRPVDPSOHODEHOLQJV
*20LQHUVRIWZDUHZDVXWLOL]HGIRULGHQWLI\LQJ
RYHUUHSUHVHQWHG *2 µELRORJLF SURFHVV¶
FDWHJRULHVIROORZLQJWKHDXWKRUV¶UHFRPPHQGHG
VWDQGDUGSURFHGXUHV&RPSDULVRQWRSXEOLVKHG
PLFURDUUD\ GDWDVHWV UHODWHG WR NQRZQ
RXWSXWV RI 3,. VLJQDOLQJ ZHUH SHUIRUPHG
E\ ¿UVW XSGDWLQJ DOO REWDLQHG JHQH OLVWV WR
8QL*HQHEXLOGXVLQJ$&,'DQGPDWFKLQJ
RQ XQLTXH JHQH V\PEROV JHQHV WKDW PDSSHG
WR ]HUR RU WR PXOWLSOH 8QL*HQH FOXVWHUV ZHUH
GLVFDUGHG UHVXOWDQW JHQH VHWV DUH SURYLGHG LQ
6XSSOHPHQWDO0DWHULDO 7KHSUROLIHUDWLRQJHQH
VHWZDVNLQGO\SURYLGHGE\0LFKDHO:KLW¿HOG
'DUWPRXWK8QLYHUVLW\FRUUHVSRQGLQJWR)LJXUH
$ RI WKHLU SDSHU  7KH IXOO GDWDVHW IURP
6WRODURYHWDOZDVNLQGO\SURYLGHGE\9LYHN
0LWWDO &ROG 6SULQJ +DUERU /DERUDWRU\ DQG
UHDQDO\]HGZLWKOHVVVWULQJHQWIROGFKDQJHFXW
RIIVWKDQRULJLQDOO\XVHGLQWKHLUDUWLFOHWR\LHOG

PRUHJHQHVIRUFRPSDULVRQWRRXUGDWD JHQHV
WKDW ZHUH UHJXODWHG E\ 37(1 DQG /<
!IROGDQGVLPXOWDQHRXVO\IROGE\WKH
37(1*5PXWDQW *HQH6HW(QULFKPHQW
$QDO\VLV *6($  ZDV SHUIRUPHG E\ ¿UVW
FROODSVLQJ RXU JHQH H[SUHVVLRQ GDWD RQ JHQH
V\PERO XWLOL]LQJ WKH GHIDXOW VHWWLQJV LQ WKH
*6($SURJUDP7KHDQDO\VLVZDVUXQXVLQJWKH
DVVHPEOHG JHQH VHWV ZLWK GHIDXOW SDUDPHWHUV
DQG  UDQGRP SKHQRW\SH SHUPXWDWLRQV $
3ZDVFRQVLGHUHGVLJQL¿FDQWIRUERWK*2
DQG *6($ DQDO\VHV  +LHUDUFKLFDO FOXVWHULQJ
ZDV SHUIRUPHG XVLQJ &OXVWHU  VRIWZDUH
ZKHUHLQ ORJ UDWLRV  ZHUH SROLVKHG E\ PHGLDQ
FHQWHULQJJHQHVDQGDUUD\VDQGFOXVWHUHGXVLQJ
3HDUVRQFRUUHODWLRQDQGFHQWURLGOLQNDJHDQG
WKHUHVXOWYLVXDOL]HGZLWK-DYD7UHHYLHZ
3UHGLFWLRQ RI 6LJQDWXUH $FWLYDWLRQ LQ
,QGHSHQGHQW 'DWDVHWV  7R FODVVLI\ VDPSOHV
ZH XVHG D QHDUHVW FHQWURLG FODVVL¿HU 1&& 
7KH 1&& LV WUDLQHG RQ RXU RZQ GDWD VHW DV
IROORZV)LUVWHDFKJHQHLVFHQWUDOL]HGWRPHDQ
ORJ UDWLR RI]HURDFURVVRXUVDPSOHV6HFRQG
DFHQWURLGLVFDOFXODWHGIRUHDFKFODVVRIVDPSOHV
HJ 6LJQDWXUH 3UHVHQW DQG 6LJQDWXUH $EVHQW
FODVVHV GH¿QHG E\ KLHUDUFKLFDO FOXVWHULQJ
XVLQJWKHWRSVLJQDWXUHJHQHV E\IRUHDFK
JHQH VHSDUDWHO\ WDNLQJ WKH DULWKPHWLF PHDQ
RI WKH H[SUHVVLRQ OHYHOV DFURVV WKH VDPSOHV LQ
WKH FODVV $ FHQWURLG VHUYHV DV D SURWRW\SLFDO
H[SUHVVLRQSDWWHUQDFURVVWKHJHQHVLQWKHSUR¿OH
WR ZKLFK WHVW VDPSOHV FDQ EH FRPSDUHG (DFK
WHVWGDWDVHWZDVFHQWUDOL]HGLQDVLPLODUIDVKLRQ
DVRXUGDWDVHW)RUHDFKWHVWVDPSOHWKH3HDUVRQ
FRUUHODWLRQV EHWZHHQ LWV H[SUHVVLRQ OHYHOV DQG
WKH WZR FODVV FHQWURLGV DUH FDOFXODWHG $ WHVW
VDPSOHLVFODVVL¿HGEDVHGRQWRZKLFKFHQWURLG
LW LV PRVW KLJKO\ FRUUHODWHG  7R HYDOXDWH WKH
FODVVL¿FDWLRQDVDFRQWLQXRXVFRUUHODWLRQVFRUH
WKH FRUUHODWLRQ VFRUH WR WKH 6LJQDWXUH $EVHQW
FODVVZDVVXEWUDFWHGIURPWKH6LJQDWXUH3UHVHQW
FRUUHODWLRQVFRUH IRU HDFK FODVVL¿HG VDPSOH WR
\LHOGDVLQJOHFODVVL¿FDWLRQYDULDEOH
&HOO&XOWXUH$OOEUHDVWFDQFHUFHOOOLQHVZHUH
REWDLQHGIURPWKH$7&&DQGFXOWXUHGDFFRUGLQJ
WRVWDQGDUGUHFRPPHQGDWLRQV7KHFORQLQJDQG

SURGXFWLRQRIZW37(1DGHQRYLUXV DG37(1 
KDVEHHQSUHYLRXVO\UHSRUWHGDQGWKHDGODF=
FRQWUROZDVNLQGO\SURYLGHGE\%HUW9RJHOVWHLQ
-RKQV +RSNLQV 8QLYHUVLW\ )RXUW\HLJKW KRXUV
SUHLQIHFWLRQ 0'$0% FHOOV ZHUH VSOLW
LQWRFPGLVKHV2QGD\DWaFRQÀXHQF\
WKHFHOOVDQGZHUHLQIHFWHGZLWKDG37(1RUDG
ODF=DQGSURWHLQO\VDWHVZHUHWDNHQLQGXSOLFDWH
DW   DQG  KRXUV SRVWLQIHFWLRQ )UHVK
JURZWK PHGLXP ZDV DGGHG IRU WKH  DQG 
KRXUWLPHSRLQWVDWGD\SRVWLQIHFWLRQ
,PPXQRKLVWRFKHPLVWU\DQG0XWDWLRQDO$QDO\VLV
,+&VWDLQLQJDQGVFRULQJIRU37(1DQG(5%%
DQG 3,.&$ PXWDWLRQDO VFUHHQLQJ KDV EHHQ
GHVFULEHG SUHYLRXVO\ $QWLVWDWKPLQ ,+& RQ
EUHDVWFDQFHUVZDVSHUIRUPHGVLPLODUO\DV
IRU37(1ZLWKWKHH[FHSWLRQWKDWWKHSULPDU\
DQWLERG\ &HOO 6LJQDOLQJ 'DQYHUV 0$  ZDV
XVHG DW  GLOXWLRQ 6WDWKPLQ VWDLQLQJ
LQ WXPRU DQG QRUPDO FHOOV ZDV VFRUHG DV D
FRPSRVLWHRISHUFHQWSRVLWLYHFHOOV ELQVIURP
WR]HURFHOOV
DQGSRVLWLYHFHOOV DQGVWDLQLQJ
LQWHQVLW\ ELQVIURPWRZLWKEHLQJQRDQG
EHLQJLQWHQVHVWDLQLQJ 7KHSHUFHQWVFRUHZDV
ZHLJKWHGE\GRXEOLQJWKHYDOXH \LHOGLQJVFRUHV
IURP  WR   DQG WKHQ WKH ZHLJKWHG SHUFHQW
VFRUHDQGLQWHQVLW\VFRUHZHUHVXPPHGJLYLQJ
DSRVVLEOHVFRUHIURPWRIRUWKHWXPRUFHOO
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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 investigation 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 twodimensional electrophoresis (2-DE), or by mass spectrometry
(MS) as detection of modified peptide sequences. There are
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several explanations for protein isoforms: multiple gene copies
(allelic variation), alternative splicing, truncation or degradation
products, or the presence of various post-translational modifications (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 investigation.
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
Journal of Proteome Research XXXX, X, XXXX-XXXX
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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 examined 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 deepoxidase, 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.
B
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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 strawberry 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 originating 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 information 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 hierarchical 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 implemented 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 calculating 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 measurement 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 measurement errors. This assumption gives the peak match score s )
P(∆>|m-m′|) ) 1 - erf (|m-m′|/2σ), which is zero for measurements 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 Arabidopsis 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
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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 accession 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 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. The scale below the dendrogram indicates the distance
used in the clustering (see Materials and Methods).

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.
Journal of Proteome Research
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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).

Our preprocessing of mass spectra that only removes contaminant peaks and recalibrates the mass spectra was imporD
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tant to yield clear clustering of peak lists. Without this
preprocessing, the clear clustering of the nine proteins (Figure
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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.

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. However, 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 suggesting 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 (143-3 isoform e), and H (Chalcone synthase). The final identification confirmed that other clusters were also dominated by
isoforms, including A (O-methyltransferase), B (RAD23 proteins), G (Citrate-synthase), and I (Peroxiredoxin). On the other
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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 identification initially was not successful (e.g., the allergen, Omethyltransferase, RAD23 protein, citrate-synthase, and peroxiredoxin 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
Journal of Proteome Research
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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.

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 clustering 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, depending 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.
F
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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 automated 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 dehydrogenase (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
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Table 1. Clustering Can Identify Shared Peaks Which Do Not
Match the Theoretical Sequence
allergen
spot

totala

matchedb

shared and
matchedc

shared but
not matchedd

898
919
920
1051

32
8
36
21

5
2
6
4

5
2
5
3

8
1
7
3

a The number of peaks in the mass spectrum after filtering (keratins,
trypsins, and contaminants removed). b The number of peaks in the mass
spectrum that matched the theoretical sequence. c The number of peaks in
the spectrum that matched the theoretical sequence and found to be shared
between at least two of the four allergen spots. d The number of peaks in
the spectrum that did not match the theoretical sequence but found to be
shared between at least two of the four allergen spots.

peak lists were created and subjected to Mascot as follows. The
novel peak list shared between spots 478 and 465, corresponding 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 oxidoreductase 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 acquisition. 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 investigate differences between protein isoforms high sequence
coverage is needed. Nevertheless, we have presented a clustering approach that benefits the characterization of isoforms even
for the sequence coverage routinely obtained in MALDI-MS
data acquisition.
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