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Abstract

The support vector machine (SVM) is a pattern recognition algorithm that has
been used to analyze an increasing variety of complex biological data sets, including
microarray expressionpro�les, DNA and protein sequences,protein-protein interaction
networks, tandem massspectra, etc. This tutorial describes the algorithm in a non-
technical fashion, using as an example a leukemia microarray expressiondata set.
Four components of the SVM are described in turn: the separating hyperplane, the
maximum margin hyperplane, the soft margin and the kernel function. The aim of
the tutorial is to allow the non-specialist to determine whether an SVM would be
appropriate for a given analysis task and to provide them with su�cien t intuitions to
apply existing SVM software to the task.

In tro duction

The support vector machine, or SVM, is a computeralgorithm that, despiteits odd-sounding
name, is enjoying increasingpopularity for many biological applications. Pubmed includes
171paperspublishedwithin the last 12 months whoseabstractscontain the phrase\support
vector machine," and 475 such papers in the last �v e years. This tutorial aims to provide
an intuitiv e understanding of how the SVM works and to enablea biologist to determine
whether an SVM might be appropriate for a given analysisproblem. In addition, I brie
y
describe how the SVM comparesto other, similar algorithms, and I provide pointers to the
technical literature and to existing software implementations.

The SVM algorithm learnsby exampleto assignlabelsto objects. For instance,an SVM
can learn to recognizefraudulent credit card activit y by examing hundreds or thousands
of fraudulent and non-fraudulent credit card activit y reports. Alternativ ely, an SVM can
learn to recognizehandwritten digits by examining a large collection of scannedimagesof
handwritten zeroes, ones,etc. For credit card companiesand for the United States Postal
Service,the abilit y to automatically assignlabelsto objects|credit card transactionhistories
or handrwritten ZIP codes|is of obvious value.
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Table 1: Selected examples of SVM applications.
Protein homologydetection [Jaakkola et al., 1999]
Microarray geneexpressionclassi�cation [Brown et al., 2000]
Splicesite detection [Degroeve et al., 2002]
Secondarystructure prediction [Hua and Sun, 2001]
Peptide identi�cation from tandem massspectrometry [Andersonet al., 2003]

SVMs have beensuccessfullyapplied to an increasinglywide variety of biological appli-
cations. For example,a commonbiomedical application of support vector machines is the
automatic classi�cation of microarray geneexpressionpro�les. Theoretically, an SVM can
examine the geneexpressionpro�le derived from a tumor sampleor from peripheral 
uid
and arrive at a diagnosisor prognosis. Throughout this tutorial, I will useas a motivating
examplea seminalstudy of acute leukemia expressionpro�les [Golub et al., 1999]. Table 1
provides a small sampling of biological applications, which involve classifyingobjects as di-
verseas protein and DNA sequences,microarray expressionpro�les and massspectra. At
least two reviewsof SVM applications in biology exist [Byvatov and Schneider,2003,Noble,
2004],though neither is exhaustive.

In essence,an SVM is a mathematical entit y, an algorithm (or recipe) for maximizing
a particular mathematical function with respect to a given collection of data. However, I
aim to make this article as accessibleas possibleto non-mathematicians. Consequently, I
will avoid using any mathematical notation, and I will attempt to frame the exposition as
concretelyas possible. You should be able to understand the basic ideasbehind the SVM
algorithm without ever reading an equation.

Indeed, I claim that, in order to understand the essenceof SVM classi�cation, you only
needto grasp four basic concepts: (1) the separating hyperplane, (2) the maximum margin
hyperplane, (3) the soft margin and (4) the kernel function. I will explain each of these
conceptsin the order listed above, giving geometricinterpretations for each. I have taught
this topic to many undergraduateand graduate students in biology and computer science.
In my experience,the fourth concept|the kernel function|is the most abstract and hence
the most di�cult to understand.

Before describing the SVM, though, let's return to the problem of classifying cancer
geneexpressionpro�les. The A�ymetrix microarrays employed by Golub et al. contained
probesfor 6817human genes.For a givenbonemarrow sample,the microarray assay returns
6817values,each of which represents the quantita ve mRNA expressionlevel of a given gene.
Golub et al. performedthis assay on 38bonemarrow samples,from 27individuals with acute
lymphoblastic leukemia (ALL) and 11 individuals with acute myeloid leukemia (AML). The
subsequent SVM learning task, depictedin Figure 1, is to learn to tell the di�erence between
ALL and AML expressionpro�les. If the learning is successful,then the SVM will be able to
successfullydiagnosea newpatient asAML or ALL basedupon their bonemarrow expression
pro�le.

In order to allow an easy, geometricinterpretation of the data, I am going to drastically
simplify this problem by pretending, temporarily, that the microarray contained probesfor
only two genes.Hence,our geneexpressionpro�les now consistof two numbers, which can
be easily plotted in a two-dimensionalCartesian grid, as shown in Figure 2. Basedupon
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Figure 1: Learning to discriminate between acute lymphoblastic leuk emia (ALL)
and acute myeloid leuk emia (AML) gene expression pro�les. The SVM learning
algorithm producesan SVM classi�er that can be usedsubsequently to predict whether a
given geneexpressionpro�le is derived from an ALL or AML bonemarrow sample.
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Figure 2: Tw o-dimensional ALL and AML expression pro�les. Each dimension
corresponds to the measuredmRNA expressionlevel of a given gene.The SVM's task is to
assigna label to the geneexpressionpro�le labeled\Unknown."
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Figure 3: A separating hyp erplane. Basedupon this hyperplane,the inferred labeledof
the \Unknown" expressionpro�le is \ALL."

results from a previous study [Guyon et al., 2002], I have selectedthe genesZyxin and
MARCKSL1. Zyxin encodes an adhesionplaque protein that includes three zinc-binding
LIM domains. The Zyxin protein is localizedat focal contacts in adherent erythroleukemia
cells [Macalma et al., 1996]. MARCKS genetranscription is stimulated by tumor necrosis
factor-alpha proteins in human promyelocytic leukemia cells [Harlan et al., 1991]. In the
�gure, values are proportional to the intensity of the 
uorescenceon the microarray, so
on either axis, a large value indicates that the gene is highly expressedand vice versa.
In mathematical terms, I have simpli�ed the SVM's task from classifying6817-dimensional
vectorsto classifyingtwo-dimensionalvectors. In a two-dimensionalplot, each dot represents
a two-dimensionalvector. Thus, in Figure 2, each expressionpro�le is indicated by a red or
greendot, dependingupon whetherthe sampleis from a patient with ALL or AML. The SVM
must learn to tell the di�erence betweenthe two groupsand, given an unlabeledexpression
vector such as the onelabeled\Unknown" in the �gure, predict whether it correspondsto a
patient with ALL or AML.

Concept 1: Separating hyp erplane

The human eye is very good at pattern recognition. Even a quick glanceat Figure 2 shows
that the AML pro�les form a cluster in the upper left regionof the plot, and the ALL pro�les
cluster in the lower right. A simplerule might state that a patient hasAML if the expression
level of MARCKSL1 is twiceashigh asthe expressionlevel of Zyxin, and vice versafor ALL.
Geometrically, this rule corresponds to drawing a line between the two clusters, as shown
in Figure 3. Subsequently, predicting the label of an unknown expressionpro�le is easy:we
simply askwhether the new pro�le falls on the ALL or the AML sideof this separatingline.

Now, to de�ne the notion of separating hyperplane, considera situation in which the
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Figure 4: Hyp erplanes in one and in three dimensions. In panel (A), the hyperplane
is shown as a singleblack point. In panel (B), the hyperplaneis a blue plane.
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Figure 5: Man y possible separating hyp erplanes

microarray does not contain just two genes. For example, if the microarray contains a
singlegene,then the \space" in which the corresponding one-dimensionalexpressionpro�les
reside is a one-dimensionalline. We can divide this line in half by using a single point
(seeFigure 4A). In two dimensions,as shown in Figure 3, a straight line divides the space
in half, and in three dimensions,we needa plane to divide the space(Figure 4B). What
happens when we move to more than three dimensions? Even though a four-dimensional
spaceis di�cult to conceptualize,we can still characterizethat spacemathematically. For
example,we can refer to points in this spaceby using four-dimensionalvectorsof expression
log ratios, and we can de�ne the separating boundary between ALL and AML pro�les in
that space. If we de�ne a straight boundary, then that boundary is analagousto the point
in onedimension,the line in two dimensionsand the plane in three dimensions.The general
term for a straight line in a high-dimensionalspaceis a hyperplane, and so the separating
hyperplaneis just, essentially , the line that separatesthe ALL and AML samples.

Now you can seewhy I choseto simplify the problem to two dimensions.It is extremely
di�cult to imagine points in a 6817-dimensionalspace,such as the expressionpro�les pro-
ducedby the Golub et al. microarrays. Hopefully, the separatingline in Figure 3 is intuitiv e,
and you will trust me when I say that we can �nd a similar type of separator in the 6817-
dimensionalgeneexpressionspace.

This idea|of treating the objects to be classi�ed as points in a high-dimensionalspace
and �nding a line that separatesthem|is not uniqueto the SVM. The SVM is distinguished
from other hyperplane-basedclassi�ers by the particular hyperplanethat it selects.This is
the topic of the next section.
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Figure 6: The maxim um margin hyp erplane

Concept 2: Maxim um margin hyp erplane

Consideragain the classi�cation problem portrayed in Figure 2. We have now established
that the goalof the SVM is to identify a line that separatesthe ALL from the AML expression
pro�les in this two-dimensionalspace.However, asshown in Figure 5, many such lines exist.
Which oneshould we choose?

With somethought, and if pressed,you might comeup with the simple idea of selecting
the line that is, more or less,in the middle. In other words, you could imagineselectingthe
line that separatesthe two classesbut is maximally far away from any of the givenexpression
pro�les. This line is shown in Figure 6.

It turns out that a theoremfrom the �eld of statistical learning theory supports exactly
this choice [Vapnik and Lerner, 1963, Vapnik, 1998]. If we de�ne the distance from the
separating hyperplane to the nearest expressionvector as the margin of the hyperplane,
then the SVM selectsthe maximum margin separating hyperplane. Selectingthis particular
hyperplane maximizesthe SVM's abilit y to predict the correct classi�cation of previously
unseenexamples.

This theorem is, in many ways, the key to the SVM's success. Let's take a minute,
therefore, to consider somecaveats that come with it. First, the theorem assumesthat
the data on which the SVM is trained are drawn from the samedistribution as the data
on which it is tested. This is reasonable,sincewe cannot expect, e.g, an SVM trained on
microarray data to be able to classify massspectometry data. More relevantly, we cannot
expect the SVM to perform well if the bonemarrow samplesfor the training data set were
prepared using a di�erent protocol than the samplesfor the test data set. On the other
hand, the theorem does not assumethat the two data sets were drawn from a particular
classof distributions. In particular, the SVM doesnot assume,e.g., that the training data
valuesare normally distributed.
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Figure 7: Tw o data sets with errors. In each panel, the circled point corresponds to a
geneexpressionpro�le that is either incorrectly measuredor incorrectly labeled.
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Concept 3: Soft margin

Sofar, I have assumedthat the data can be separatedusinga straight line. Of course,many
real data sets are not separable;instead, they look like the one in Figure 7A. In order to
handlecaseslike this, we needto modify the SVM algorithm by adding a soft margin. Given
the de�nition of \margin," and given the inseparability problem, you can probably imagine
what a soft margin is. But to motivate the issuea bit further, considerthe two panels in
Figure 7. In panel A, as already mentioned, there is no separatinghyperplane. In panel B,
we can de�ne the maximum margin hyperplane,but it is somewhatunsatisfactory, because
it is so closeto the AML examples. By eye, it seemslikely that the two geneexpression
pro�les that are circled in panelsA and B are mislabeled. It looks like either the microarray
measurement is incorrect or somebody misdiagnoseda patient or mislabeleda bonemarrow
sample. Intuitiv ely, we would like the SVM to be able to allow for this type of error in
the data by allowing a few anomalousexpressionpro�les to fall on the wrong side of the
separatinghyperplane.

The soft margin allows this to happen. The soft margin is \soft" in the sensethat some
data points can push their way through it. Figure 8 shows soft margin solutions to the two
problemsin Figure 7. In both cases,the one outlier examplenow resideson the sameside
of the line with members of the opposite class.

Of course, we don't want the SVM to allow too many misclassi�cations. Hence, in-
troducing the soft margin necessitatesintroducing a user-speci�ed parameter that controls,
roughly, how many examplesare allowed to violate the separatinghyperplaneand how far
acrossthe line they are allowed to go. Setting this parameter is complicated by the fact
that, as in Figure 8A, we still want to try to achieve a large margin with respect to the
correctly classi�ed examples.Hence,the soft margin parameterspeci�es a trade-o� between
hyperplaneviolations and the sizeof the margin.

With the machinery that I havedescribed thusfar, it is possibleto achievestate-of-the-art
classi�cation performancein many real application domains. The remaining concept|the
kernel function|is not always necessaryand is considerablymore abstract than the �rst
three concepts. The kernel function's primary bene�t is to allow the SVM to �nd a non-
linear separatingboundary betweentwo classes.In addition, the kernel function expandsthe
SVM's abilit y to incorporate prior knowledgeand to handlenon-numeric and heterogeneous
data sets.

Concept 4: The kernel function

To explain the kernel function, I am goingto simplify my exampleeven further. Rather than
a microarray containing two genes,let's assumethat we now have only a singlegeneexpres-
sion measurement, as shown in Figure 9A. In this case,the maximum margin separating
\h yperplane" is a singlepoint, at position 375on the line, halfway betweenthe lowest AML
valueand the highestALL value. Figure 9B showsan analogous,but non-separableexample.
Here, the AML valuesare grouped near zero, and the ALL exampleshave large absolute
values. The problem is that no singlepoint can separatethe two classes,and introducing a
soft margin doesnot help.
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Figure 8: A separating hyp erplane with a soft margin
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Figure 9: Tw o one-dimensional data sets. The data in (A) is separable;the data in (B)
is not.
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Figure 10: Separating previously non-separable data.

The kernel function provides a solution to this problem, as shown in Figure 10. The
�gure shows the samedata, but with an additional dimension. To get the new dimension,
we simply squarethe original expressionvalues. For example, in this simulated data set,
one AML patient had an expressionlevel of 123 for the selectedgene. The corresponding
two-dimensionalvector is (123, 15129),because123� 123= 15129. Fortuitously, as shown
in the �gure, we can separatethe ALL and AML exampleswith a straight line in the two-
dimensionalspace,even though the two groups were not separablein the one-dimensional
space.

The particular mapping from Figure 9B to Figure 10 is one example of the type of

exibilit y a�orded by the use of a kernel function. In essence,the kernel function is a
mathematical trick that allows the SVM to perform classi�cation in the two-dimensional
spaceeven when the data is one-dimensional. In general,we say that the kernel function
projects the data from a low-dimensionalspaceto a spaceof higher dimension. If we are
lucky (or smart) and we choosea good kernel function, then the data will be separablein
the resulting higher dimensionalspace,even if it wasn't separablein the lower dimensional
space.

To understandkernelsa bit better, now considerthe two-dimensionaldata set shown in
Figure 11A. This data cannot be separatedusing a straight line; however, it turns out that
a relatively simple kernel function that projects from two dimensionsup to four dimensions
will allow the data to be linearly separated. I cannot draw the data in a four-dimensional
space,but I can project the SVM hyperplane in that spaceback down to the original two-
dimensionalspace.The result is shown asa curved line in Figure 11B.

It is possibleto prove that, for any given data set with consistent labels(whereconsistent
simply meansthat the data set doesnot contain two identical objects with opposite labels)
there exists a kernel function that will allow the data to be linearly separated.

This observation begsthe question,why not always project into a very high-dimensional
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Figure 11: A linearly non-separable two-dimensional data set, whic h is linearly
separable in four dimensions.

13



0 200 400 600 800 1000
0

200

400

600

800

1000

Figure 12: An SVM that has over�t a two-dimensional data set.

space,in order to be sureof �nding a separatinghyperplane? If we did that, then it might
seemthat we would not needthe soft margin, and the original theorem, mentioned above,
would still apply. This is a reasonablesuggestion,and in fact, the �rst description of the
SVM algorithm did not usethe soft margin formulation at all [Boseret al., 1992].

However, projecting into very high-dimensionalspacescan be problematic, due to the
so-calledcurse of dimensionality [Bellman, 1961]. The curse is, essentially , that as you
increasethe number of variablesunder consideration,you generatean exponentially larger
number of possiblesolutions. Consequently, it becomesharder for any algorithm to select
the correct solution from this largeset. The SVM is remarkably good at combating the curse
of dimensionality. For example,the algorithm can handle classi�cation problemsinvolving
relatively few geneexpressionpro�les, each of which contains many, many genes.However,
although the curse of dimensionality can be reduced, it can never be fully eliminated. If
we take a 6817-dimensionalvector and usethe samekernel that I usedin Figure 11B, then
we project our data into a 46 million-dimensional space. Many of the dimensionsin this
spaceare irrelevant, corresponding to pairs of geneswhoseexpressionbearsno relation to
the ALL/AML distinction. Any learning algorithm, including the SVM, is unlikely to be
able to operate well in such a high-dimensionalspace.

Figure 12 shows what happenswhen we project into a spacewith too many dimensions.
The �gure contains the samedata as Figure 11, but the projected hyperplane comesfrom
an SVM that usesa very high-dimensionalkernel function. The result is that the boundary
betweenthe classesis very speci�c to the examplesin the training data set. In this case,the
SVM is said to over�t the data. Clearly, this SVM will not generalizewell when presented
with new geneexpressionpro�les.

This observation brings us to the largestpractical di�cult y in applying an SVM classi�er
to a new data set. We would like to usea kernel function that is likely to allow our data
to be separatedbut that does not introduce too many irrelevant dimensions. How do we
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choosethis function? Unfortunately, in most cases,the only realistic answer is trial and
error. In somecases,the choiceof kernel function is obvious. For the Golub et al. data, for
example,using a kernel function at all is probably not a good idea, becausewe only have 38
examples,and wealreadyhave6817geneexpressionvaluesper example. In this situation, we
are more likely to want to reducethe number of dimensionsby eliminating somegenesfrom
consideration.1 In a moretypical setting, wherethe number of dimensionsis smallerthan the
number of training set examples,investigatorstypically begin with a simple SVM, and then
experiment with a variety of \standard" kernel functions. An optimal kernel function can
be selectedfrom a �xed set of kernelsin a statistically rigorousfashionby using a technique
known as cross-validation [Hastie et al., 2001]. However, this approach is time-consuming
and cannot guarantee that somekernel function that we did not considerwould not perform
better.

In addition to allowing SVMs to handle non-linearly separabledata setsand to incorpo-
rate prior knowledge,the kernelfunction yieldsat leasttwo additional bene�ts. First, kernels
can be de�ned on inputs that are not vectors. Geneexpressiondata is a convenient type
of data for the SVM, becauseeach expressionpro�le is a vector; i.e., each pro�le contains
the samenumber of real-valued entries. It is lessclear, for example,how to classifyprotein
sequences,which are variable-length and are not even numeric. Conveniently, it turns out
that we can de�ne a variety of kernels that operate on protein sequences[Jaakkola et al.,
1999,Liao and Noble, 2002,Kuang et al., 2005]. Thesekernel functions implicitly map the
proteins into a high-dimensionalspace.The mapping is implicit in the sensethat we never
actually compute the vector representations. Instead, the SVM algorithm works only with
protein sequences,applying the kernel function directly to those sequences.This abilit y to
handle non-vector data is critical in biological applications, allowing the SVM to classify
DNA and protein sequences,nodesin metabolic, regulatory and protein-protein interaction
networks, microscopy images,etc.

The �nal bene�t of the kernel function is that kernelsfrom di�erent typesof data can be
combined. Imagine, for example,that we are doing biomarker discovery for the ALL/AML
distinction, and we have the Golub et al. data plus a corresponding collection of mass
spectrometry pro�les from the sameset of patients. It turns out that we can use simple
algebra to combine a kernel on microarray data with a kernel on massspectrometry data.
The resulting joint kernel would allow us to train a single SVM to perform classi�cation
on both typesof data simultaneously. This type of approach has beenusedsuccessfullyto
predict genefunction [Pavlidis et al., 2001,Lanckriet et al., 2004]and to predict protein-
protien interactions [Ben-Hur and Noble, 2005]from a variety of genome-widedata sets in
yeast.

Extensions of the SVM algorithm

The most obvious drawback to the SVM algorithm, as described thus far, is that it appar-
ently only handlesbinary classi�cation problems. We can discriminate between ALL and
AML, but how do we discriminate amonga large variety of cancerclasses?Generalizingto
multiclass classi�cation is straightforward and canbe accomplishedby usingany of a variety

1This approach is called feature selection and is independent of SVM classi�cation.
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of methods. Perhaps the simplest approach is to train multiple, one-versus-all classi�ers.
Essentially , to recognizethree classes,A, B and C, you train three separateSVMs to answer
the binary questions,\Is it A?" \Is it B?" and \Is it C?" The predicted classis then the
examplewith the strongest\y es" response(or, in somecases,the weakest \no"). This simple
approach actually works quite well for cancerclassi�cation [Ramaswamy et al., 2001]. More
sophisticatedapproachesalsoexist, which generalizethe SVM optimization algorithm to ac-
count for multiple classes[Lee et al., 2001,Westonand Watkins, 1998,Aiolli and Sperduti,
2005,Crammer and Singer,2001].

The allusion, in the previous paragraph, to a strong \y es" and a weak \no," raises
another important issue. A useful classi�cation algorithm should return, for each example
that it receivesas input, not only a predicted label but alsosomeestimateof the classi�er's
con�dencein its prediction. In the SVM framework, this con�dencecanbe quanti�ed by the
distance from the example to the separating hyperplane. Unfortunately, distancesin this
spacehaveno units associatedwith them. Platt [1999]suggestsa simplemethod for mapping
the distanceto the separatinghyperplaneonto a probability, basedupon an empirical curve
�tting procedure.This method works fairly well in practice.

Scaling up to large data sets

For data setsof thousandsof examples,solving the SVM optimization problem is quite fast.
Empirically, running times of state-of-the-art SVM learning algorithms scaleapproximately
quadratically, which meansthat whenyou give the SVM twiceasmuch data, it requiresfour
times as long to run. This is obviously not asgood asscalinglinearly, in which the running
time doubles when the data set size doubles, but quadratic running time is competitiv e
with most similar algorithms. SVMs have beensuccessfullytrained on data setscontaining
approximately one million examples,and fast approximation algorithms exist that scale
almost linearly and perform nearly as well as the SVM [Bordeset al., 2005].

Comparison to other classi�cation metho ds

The SVM algorithm is one member in a very large classof methods known as supervised
classi�cation algorithms. It is \supervised" in the sensethat the SVM requires,during an
initial training phase,a collection of objects with known labels, such as geneexpression
pro�les labeled \ALL" and \AML." Only after training can the SVM predict the labels
of subsequent, unlabeled objects. This property makes the SVM distinct from clustering
methods, which are inherently unsupervised. Examplesof clustering methods include hier-
archical clustering, the k-meansalgorithm, self-organizingmaps,spectral clustering, etc. A
clustering algorithm attempts to identify previously undiscernedclustersin a given data set.
A supervisedclassi�cation algorithm, by contrast, learnsto identify members of a given set
of clusters.

Among supervisedclassi�cation methods, SVMs are quite similar to arti�cial neural net-
works [Haykin, 1994]. Both methods project a given data set into a high-dimensionalspace
and �nd a separatinghyperplanethere. In a neural network, the role of the kernel function
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Figure 13: Supp ort vectors. The SVM solution assignsweights to each examplein the data
set. Only thoseexamplesthat lie near the separatinghyperplanereceive non-zeroweights.
Theseexamplesare called \support vectors." In the �gure, the three support vectors are
circled.

is played by the network topology. One drawback to the neural network approach is that it
generallydoesnot involve maximizing the margin (although maximum margin formulations
now exist). Another drawback is that the backpropagation algorithm for training neural
networks only �nds a local maximum. As such, the results of the training vary from run
to run, depending upon a random initialization of the model parameters. The SVM learn-
ing algorithm, by contrast, solves a convex optimization problem, which meansthat it is
guaranteed always to convergeto a unique solution.

The primary principle that guided the development of the SVM algorithm is known as
Occam's Razor, which states, roughly, that between two hypothesesof equal explanatory
power, one should select the simpler of the two. A corollary is, \Do not solve a problem
that is harder than the onebeforeyou." A supervisedclassi�cation task involvespredicting,
for each given test example,a single label. The SVM solvespreciselythis problem, without
attempting, for example, to model the complete distribution from which the example is
derived.

This minimalist approach contrasts with, for example,Fisher's linear discriminant (FLD)
or logistic regression[Duda and Hart, 1973]. In thesemethods, members of the two given
classesare assumedto come from separate, normal distributions. Each method usesa
di�erent strategy to �nd a hyperplanethat optimally separatesthe two distributions.

In most applications, the SVM performs better than a method such as FLD or logistic
regressionbecausethe SVM focusesonly on the examplesthat lie near the separatinghyper-
plane. Theseare,arguably, the examplesthat matter most to the classi�cation task. Indeed,
the SVM solution amounts to assigninga real-valued weight to each training example,and
examplesthat are far from the separatinghyperplanereceive weights of zero. In Figure 13
the examplesthat receive non-zeroweights are circled. Theseexamplesare called support
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vectors becausethey support the separatinghyperplane. This is the sourceof the SVM's
name.

In terpreting the SVM's output

A consequenceof the Occam's Razor approach to classi�cation is that the SVM solves
only the task at hand. That is, SVMs are very good at predicting the labels of previously
unseenexamplesthat are drawn from the sameunderlying distribution asthe training data.
Conversely, SVMs arenot very good at providing an explanationfor thesepredictions. As we
have seenabove, it is possibleto extract from the SVM a con�dencemetric in the form of a
probability, but even this extraction is fairly ad hoc. If you want a moredetailed explanation
for the prediction, then you will be hard-pressedto get it out of the SVM, especially if you
are using a kernel function that mapsthe data into an implicit, high-dimensionalspace.

This inabilit y of the SVM to provide explanations, though frustrating, is profoundly
important. As the comparisonwith FLD and logistic regressionsuggests,the SVM's power
derivesin part from its abilit y to focusonly on the portion of the data that is most relevant.
In e�ect, the SVM doesnot waste any e�ort attempting to construct a completepicture of
the distribution from which the data wasdrawn. There is an intrinsic trade-o� here,between
getting the best possiblepredictions and getting predictions that you can explain. In some
settings, prediction accuracymay be paramount, in which casethe SVM is a good choice;
in other settings, the Occam'sRazor approach may be inappropriate.

Further reading and soft ware

The authoritativ e sourcefor the theory behind SVMs are the books of Vladimir Vapnik
[Vapnik, 1995, 1998]. Readersof this tutorial, however, will probably not want to jump
directly into those works. Instead, I recommendstarting with the introductory chapter in
[Schoelkopf et al., 2004].Alternativ ely, the book, \In troduction to Support VectorMachines"
[Cristianini and Shawe-Taylor, 2000]is reasonablyaccessible,and is quite comprehensive.

The internet is awash in freely available SVM implementations of varying quality. A
good listing is available at www.kernel- machines.org/ soft ware.html . A nice place to
start is a simple JAVA applet at AT&T that allows you to interactively place data points
in a two-dimensionalplaneand �nd hyperplanesusing variouskernels(svm.dcs.rhbnc.ac.
uk). For small classi�cation tasks, my research group has produceda simple web interface
(svm.sdsc.edu) that will train an SVM on tab-delimited data that you provide.

For real SVM experimentation, the two most commonly used packagesare SVMLight
(svmlight.joachims.org ) and LIBSVM (www.csie.ntu.edu.tw/ � cjlin/libsvm ). Some
commonlyusedmachine learningtoolkits that includeSVMsarePyML (pyml.sourceforge.
net ) and Spider (www.kyb.tuebingen.mpg.de/bs /people/ spid er ).
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Conclusion

The SVM is a pattern recognition algorithm that learns by exampleto distinguish among
variousclassesof objects. In order to apply the SVM, membersof each classto be identi�ed
must be available for training. For a given pair of classes,the SVM treats the data as
points in a high-dimensionalspaceand attempts to �nd a separatinghyperplanethere. The
particular hyperplanethat it selectsis motivated by considerationsfrom statistical learning
theory, and makesa trade-o� betweenthe desireto �nd a good separationbetweenthe classes
and the desireto allow for somenoisein the data or the classlabels. Using a kernel function
givesthe SVM additional 
exibilit y to �nd a good separator,represent heterogeneoustypes
of data, and incorporate prior knowledge. Subsequently, the SVM can predict the classof
an unlabeledexampleby askingwhich sideof the learnedhyperplaneit lies on.

Using all 6817geneexpressionmeasurements, an SVM can achieve near-perfect classi�-
cation accuracyon the ALL/AML data set [Furey et al., 2001]. Furthermore, in subsequent
work, Ramaswamy et al. [2001]useda much larger data set to demonstratethat SVMs per-
form better than a variety of competing methods for cancerclassi�cation from microarray
expressionpro�les. SVM-related methods have also beenusedwith the Golub et al. data
set to identify genesrelated to the ALL/AML distinction [Guyon et al., 2002].

Although this tutorial has focusedon cancerclassi�cation from geneexpressionpro�les,
SVM analysiscan be applied to a wide variety of biological data. As we have seen,the SVM
boastsa strong theoretical underpinning, coupledwith impressive empirical results acrossa
growing spectrum of applications. Thus, SVMs will likely continue to yield valuable insights
into the growing quantit y and variety of molecularbiology data.
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