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The ultimate goal of cancer proteomics is to adapt proteomic technologies for routine use in clinicalAbstract
laboratories for the purpose of diagnostic and prognostic classification of disease states, as well as in evaluating
drug toxicity and efficacy. Analysis of tumor-specific proteomic profiles may also allow better understanding of
tumor development and the identification of novel targets for cancer therapy. The biological variability among
patient samples as well as the huge dynamic range of biomarker concentrations are currently the main challenges
facing efforts to deduce diagnostic patterns that are unique to specific disease states. While several strategies
exist to address this problem, we focus here on cancer classification using mass spectrometry (MS) for proteomic
profiling and biomarker identification. Recent advances in MS technology are starting to enable high-throughput
profiling of the protein content of complex samples. For cancer classification, the protein samples from cancer
patients and noncancer patients or from different cancer stages are analyzed through MS instruments and the MS
patterns are used to build a diagnostic classifier. To illustrate the importance of feature selection in cancer
classification, we present a method based on support vector machine-recursive feature elimination (SVM-RFE),
demonstrated on two cancer datasets from ovarian and lung cancer.
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The proteome is a highly dynamic entity whose variation value to the physician, and the clinical laboratory has to process
reflects changes in physiological states in response to various the raw data to facilitate its interpretation. Clearly, the underlying
stimuli. As such, the comparison of the appropriate proteomes has presumption is that the methods used by the clinical chemist are
been increasingly useful in identifying diagnostic, prognostic, and accurate, consistent, and validated. The biological variability
therapeutic markers of disease and infection,[1,2] as well as in among patient samples as well as the huge dynamic range of
evaluating drug toxicity and efficacy,[3] leading to more effective biomarker concentrations are currently the main challenges facing
and better tailored treatments.[4,5] Proteomics also enables the efforts to deduce diagnostic patterns that are unique to specific
characterization of various subtypes of disease, uncovering a disease states.[20]

number of novel potential drug targets.[6] Cancer proteomics[7,8] is Many strategies are available for the identification of cancer
an important subset of proteomics, involving the identification and biomarkers, including:
quantitative analysis of differentially expressed proteins relative to 1. differential display of proteins, whereby normal and tumor
healthy tissue counterparts at different stages of disease, from lysates are compared and up- or downregulated proteins are identi-
pre-neoplasia to neoplasia.[9] Tumor-specific proteomic profiles fied[21]

are generated to better understand tumor development and pro- 2. comparative analysis of secreted proteins and membrane frac-
gression while novel targets for therapy and novel markers for tions of different tumor cell lines to yield potential biomarkers[6]

early diagnosis can be identified.[10] 3. generation of unique protein profiles pertaining to specific
Generally, the earlier cancer is detected, the more favorable the tumors by using mass spectrometry (MS)[22-28] (see figure 1).

prognosis for the patient.[11,12] Unfortunately, in many cases, can- Our focus in this review is on the classification of cancer by
cer is not diagnosed until cancer cells have metastasized and using MS data.
curative treatment is limited. This is especially applicable for

1. Mass Spectrometers: Fundamentalscancers that present vague or no symptoms, or those that are
relatively inaccessible to physical examination including breast,

MS[29] involves the measurement of the mass-to-charge (m/z)
ovarian, liver, and lung cancer.[5,11,13,14] Biomarkers that are specif-

ratio of ions and is increasingly being applied to sift through
ic and sensitive for a particular cancer type and detectable in

complex protein mixtures to find biomarker patterns that can be
high-risk patients or patients with early-stage cancer will be inval-

used for diagnosis, prognosis, or monitoring of disease.[20] Two
uable for detecting, staging, monitoring, and controlling the dis-

different types of instruments are mostly used for the majority of
ease. With respect to cancer, protein biomarkers refer to sub-

proteomics work: the matrix-assisted laser desorption ionization
stances or proteomic patterns that highlight the presence of cancer

(MALDI)-time of flight (TOF) instruments and the electro-spray
in the body; they can be compounds secreted by the tumor itself or

ionization (ESI)-tandem MS instruments.
as a result of a specific response of the body to the presence of

Mass spectrometers contain at least three major parts: an ioncancer. Generally, biomarkers are measurable in tissues, cells or
source, a mass analyzer, and an ion collection/detection system. Afluids, but to minimize the trauma and cost of screening, while
sample is introduced into the mass spectrometer by using a directmaximizing utility, biomarkers that are measurable in serum,[15]

insertion probe, direct infusion, or chromatographic separationurine,[16] or saliva[17,18] are preferred.
interfaced with the MS instrument, which converts the compo-

Although the current state of cancer proteomics application is
nents of a sample mixture to ions and then analyzes them on the

still largely limited to research, the ultimate goal is to adapt these
basis of their m/z ratio.

applications for routine use in clinical laboratories. Apart from
being used for the early detection of asymptomatic patients and 1.1 Ion Source
diagnosis of symptomatic patients, biomarkers may potentially be
used for the surveillance of individuals who have an increased The analysis of substances by mass spectrometers requires the
chance of developing cancer. Also, biomarkers may be used to formation of either positive or negative gas phase ions by a device
monitor patients with a previous medical history of cancer for referred to as the ‘ion source’ which produces ions by protonation
recurrence.[19] The clinical chemist provides patient-derived labo- (M+H+ → MH+), cationization (M+Cat+ → MCat+), electron
ratory data to the physician who then incorporates information ejection (M → M+•+e–), electron capture (M+e– →M–),
from various other assessments to make a diagnosis of the pa- deprotonation (MH → M–+H+), or the transfer of a charged
tient’s condition. However, the raw laboratory data are of limited molecule from the condensed to the gas phase. The ESI and

 2005 Adis Data Information BV. All rights reserved. Am J Pharmacogenomics 2005; 5 (5)
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In MALDI, samples are co-crystallized on the target plate after
mixing with a matrix solution (an ultra-violet-absorbing com-
pound). The co-crystal is irradiated by a pulsed laser beam, caus-
ing high-density energy to accumulate within it. The accumulated
energy induces the samples and matrix molecules to vaporize. This
results in proton transfer between the sample and matrix. This
ionization process produces both positive and negative ions, de-
pending on the nature of the sample. For peptides and proteins, the
positive ions are formed by accepting protons as they are ejected
from the matrix. Most of the peptide ions from MALDI are singly-
charged because each peptide molecule tends to pick up a single
proton.

Surface-enhanced laser desorption ionization (SELDI)-TOF is
a technology involved in quantitative analysis of protein mixtures,
which uses chemical or biological trapping surfaces that allow
differential capture of proteins based on the intrinsic properties of
the proteins themselves. Sample fluids are directly applied to the
trapping surfaces, and any proteins in the sample fluids which
have an affinity for the trapping surface will bind to it. The
unbound proteins are removed with a series of washes. The bound
proteins are laser desorbed and ionized for mass spectral analysis.

The role of SELDI-TOF in biomarker discovery primarily
involves comparing the protein profiles from control and test
samples and, thereafter, focusing on statistically significant differ-
ences.[30] Although SELDI-TOF is able to rapidly deduce prote-
omic patterns from complex samples via differential comparison,
this technology is still at an early stage of development. Therefore,
SELDI-TOF also faces a number of limitations. One of the main
limitations is the reproducibility of SELDI-TOF protein profiling
experiments.[31-34] Secondly, SELDI-TOF is limited in terms of
sample resolution. Although it is particularly suited to proteins
with a molecular mass below 30 kDa,[35] SELDI-TOF poorly

Sample collection and preparation

Mass spectrometry analysis

Mass spectra

Peak extraction

Baseline subtraction

Intensity normalization

Peak alignment

Training and test set partition

Peak selection on training set

Classification and validation

Disease classifier

Clinical test Sequence analysis

Biomarker candidates 

Disease biology

Fig. 1. An overview of basic steps involved in cancer classification and
biomarker discovery with mass spectrometry.

resolves higher molecular mass proteins. Thirdly, SELDI-TOF
selects proteins based on chemical or biochemical properties of theMALDI methods make the ionization of large biomolecules possi-
chip array used. But the choice of chip array requires priorble and transform them to the gaseous phase. A high electric field
knowledge of the differences between the control and test samplesis used in an ESI source to nebulize (spray out in a fine mist of
so as to capture proteins with matching chemical or biochemical

droplets) the solution as it emerges from a needle; the small liquid
properties. Fourthly, there may be a bias of SELDI-TOF technolo-

droplets emerging from the needle contains both the volatile
gy towards high-abundance proteins in the biological samples.

solvent and dissolved sample. While each droplet traverses a This is particularly true for serum samples, which contain a huge
desolvation chamber, the solvent evaporates and causes its charge variety of extremely high-abundance proteins resulting in the low-
density to increase substantially. At a critical point, the charge abundance proteins being out-competed for immobilization on the
density of the droplet exceeds the Rayleigh limit. This causes the chip array.[36] Lastly, the identification of proteins contributing to
ions to be ejected and then drawn into the mass analyzer. ESI the SELDI-TOF proteomic patterns can be time-consuming[35]

commonly yields many peaks that correspond to the same species since it is primarily designed to detect patterns rather than identify
due to multiple charging. specific peaks in the spectra.

 2005 Adis Data Information BV. All rights reserved. Am J Pharmacogenomics 2005; 5 (5)
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1.2 Mass Analyzer cascading action much like an electron multiplier. In addition, the
photomultiplier tube is sealed in a vacuum, thus shielding it

Mass analyzers select ions over a particular m/z range. After the against contamination from the internal environment of the MS
sample has been ionized at the ion source, the beam of ions is instrument.
directed into a mass analyzer. The most common mass analyzers
are the quadrupole ion trap, Fourier transform ion cyclotron 1.4 Tandem Mass Spectrometry (MS)
resonance analyzer, and TOF mass analyzer.

Tandem MS (MS-MS) has been developed to induce furtherQuadrupoles are four parallel rods with a direct current voltage
fragmentation of fragment ions. Such further fragmentation isand a radio frequency potential. The field on the quadrupoles
accomplished by collisionally-generating fragments from a select-determines which ions are allowed to reach the detector and, thus,
ed (parent) fragment ion by a process known as collision-inducedquadrupoles function as a mass filter. As the field is imposed, ions
dissociation (CID).[37] This process selects an ion of interest withmoving into this field will oscillate depending on their m/z ratio
the mass analyzer and directs that ion into a collision cell. In theand, depending on the radio frequency field, only ions of a
collision cell, the selected ion collides with an inert collision gasparticular m/z value can pass through the filter without hitting the
(typically argon). This results in the fragmentation of the ion. Arods. The m/z of an ion is therefore determined by correlating the
daughter ion spectrum is obtained from the analysis of these newfield applied to the quadrupoles with the ion reaching the detector.
fragments. Tandem mass spectra generated as such is often abbre-A mass spectrum is obtained by scanning the radio frequency
viated MSn, where n refers to the number of generations offield.
fragment ions being analyzed. For example, particular daughterThe TOF mass analyzer measures the time it takes for the ions
ions (MS2) can be selected to undergo another round of fragmenta-to fly from one end of the analyzer to the other and strike the
tion which results in granddaughter ions (MS3).detector. The speed at which the ion flies down the analyzer tube is

The selection of fragment ions to undergo MS-MS has beeninversely proportional to it m/z value. The smaller the m/z, the
automated in some instrument control software. Such software isfaster the ion flies. Apart from mass and charge, the arrival time of
able to switch the mass analyzer between the usual full-scan andan ion at the detector is also dependent on the kinetic energy of the
MS-MS modes to acquire tandem mass spectra. During the full-ion.
scan mode, the MS instrument is able to select the most intense ion

1.3 Ion Detectors and subject it to CID by automatically switching to MS-MS mode.
Thereafter, the instrument automatically switches back to full-scan

There are two ways in which the ion detector can generate a
mode and proceeds to select the next most intense ion and subjects

signal (current) from incident ion. The ion detector can either
it to CID before switching back to full-scan mode. This approach

generate secondary electrons or induce a current generated by a
is referred to as data-dependent MS-MS.[38]

moving charge. Among the detectors, the electron multiplier and
scintillation counter are probably the most commonly used. 2. Analysis of MS Data

An electron multiplier detects ions with high sensitivity by
extending the principle used with a Faraday cup. When an ion The output of the mass spectrometer is a mass spectrum, or
strikes the dynode surface of a Faraday cup, it causes several chart, with a series of spike peaks each representing the ion(s) of a
secondary electrons to be emitted. This change in charge creates a specific m/z value present in the sample. The heights of the peaks
current in the cup and leads to a slight increase in the signal. An are related to the abundances of the ions in the sample. The height
electron multiplier differs from a Faraday cup in that the former of the peaks and the m/z values provide a fingerprint of the sample.
consists of a series of dynodes maintained at increasing potentials. For protein samples, MS measures the m/z ratio of the ionized
The different dynodes attract secondary electrons which lead to a proteins (or protein fragments) and their abundances in the sample.
cascade of electrons. Recent advances in MS technology are starting to enable high-

The scintillation counter (photomultiplier conversion dynode) throughput profiling of the protein content of complex samples.
is similar to an electron multiplier; however, the scintillation For cancer classification, the protein samples from cancer patients
counter consists of a phosphorus screen instead. When electrons and noncancer patients or from different cancer stages are ana-
strike the phosphorus screen, it releases photons. There is a lyzed through MS instruments and the MS patterns are used to
photomultiplier which detects these photons. It operates with a build a diagnostic classifier. However, the raw mass spectra must

 2005 Adis Data Information BV. All rights reserved. Am J Pharmacogenomics 2005; 5 (5)
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go through some basic preprocessing steps like baseline identifica- biomarkers. Yasui et al.[54] designed a peak finding algorithm
tion and subtraction, peak identification and extraction, intensity which reduces the number of datapoints significantly. This was
normalization, and peak selection, before they are used to build a accomplished by first assessing, at each m/z point, whether or not
cancer classifier. Figure 1 illustrates some basic steps involved in the intensity of that point is the highest among its nearest ±N-point
cancer classification and biomarker discovery with MS. neighborhood set (with respect to the m/z axis); the optimal value

of N was heuristically chosen.
2.1 Baseline Correction and Noise Reduction

2.5 Peak SelectionEvery spectrum will have a base intensity level, known as
baseline, which varies from spectrum to spectrum. When the

For MS data, the heights of thousands of peaks at different m/z
spectrum (or a part of it) seems to be ‘lifted’ above the horizontal

values are the variables (features) that determine the dimensions of
axis, baseline correction procedures must be implemented to bring

the instance space. The number of samples required for generaliza-
the hanging baseline down. Wagner et al.[39] used local linear

tion increases exponentially with the number of variables. Howev-
regression to correct the baseline, and discrete wavelet transform

er, the number of variables far outnumbers the number of samples.
(DWT) has been used in MS data for de-noising and data compres-

When the number of dimensions reaches the hundreds, or even
sion.[40] Sauve and Speed[41] used dynamic programming to im-

thousands, the computational time required for the classification
prove calibration across multiple spectra and morphologic filters

algorithms can become prohibitive. Moreover, some of the vari-
for baseline correction.

ables are not discriminatory; in addition to the computational cost,
irrelevant features may also cause a reduction in the accuracy of2.2 Normalization
some classification algorithms.

It is necessary to normalize each m/z value in a spectrum so that Since it is often impossible to generate more sample data, the
it allows each value to be compared with others in a meaningful only viable option is to be very selective in the number of variables
way. The most common method is to divide each data point in the used for classification by identifying the most significant features
spectrum by the total ion current (the summed intensities over all and, at the same time, retain as much as possible of their class
timepoints). Normalization is performed after the baseline correc- discriminatory information. Peak selection is exactly the feature/
tion. variable selection problem commonly addressed in machine learn-

ing.[55,56] Some statistical and machine learning methods have been
2.3 Spectra Alignment used for peak selection purposes, for example genetic al-

gorithm,[57] signal-to-noise ratio,[58] and ROC curve criterion.[59]

One of the most common problems related to data from MS is
that there is often a ‘shift’ in the x-axis (m/z ratio) resulting in

2.6 Peptide Identificationmisalignment of profiles. The proper alignment of profiles is
crucial for accurate data processing since multivariate analysis is

When selected peptide ions undergo further fragmentation in
sensitive to minor variations.[42] While this problem has been

the collision cell, there are several bonds in peptides that could
mainly addressed with regards to chromatographic profiles,[43-50]

break to form new fragments. However, the most significant
users of other spectral analytical techniques have also shown

cleavages are along the peptide backbone. It is the amide bond
increasing interest.[51-53] Various techniques have been used to

between amino acid residues that most frequently breaks. To
address the problem of profile misalignment; of these the warping

describe such peptide ion fragmentation during MS-MS, a widely
of spectra is one of the commonly used techniques. Warping

accepted nomenclature is often used: when the bond between the
compresses and stretches local segments of one spectrum so that

carbonyl oxygen and the amide nitrogen is cleaved, the two ions
the peaks are in horizontal alignment with a reference spec-

thus formed are named ‘y-ion’ and ‘b-ion’. When doubly charged
trum.[46-49,52]

peptide ions are fragmented, both a b-ion and corresponding y-ion

are formed since doubly charged ions are most likely to have2.4 Peak Finding and Deconvolution
charges at opposite ends of the molecule. A y-ion is a fragment in

Due to the presence of spurious peaks, it is not desirable to rely which the positive charge is retained on the intact C-terminus of
on all the datapoints in the spectrum for establishing potential the original peptide ion; a b-ion is a fragment in which the charge

 2005 Adis Data Information BV. All rights reserved. Am J Pharmacogenomics 2005; 5 (5)
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is retained on the intact N-terminal portion of the original peptide based MOWSE algorithm,[70] precursor m/z information, and MS-
ion. MS fragment ion data to identify proteins from databases.

MOWSE uses average properties of the proteins in the database toThere are two main ways to use MS-MS spectra for protein
improve the sensitivity and selectivity of the identification.identification; first, one can try to interpret the spectra directly to
ProFound[71] is an expert system for protein identification usinginfer a peptide amino acid sequence using the so-called ‘de novo
Bayesian theory to rank the protein sequences in the database bysequencing process’ which derives the peptide sequences from
their probability of occurrence.given tandem mass spectral data of k ion peaks without searching

against protein databases. Such methods will be useful if the
sequence of interest contains molecular modifications that are not 3. Support Vector Machine (SVM)-Recursive Feature
recorded in the databases or if it is a novel protein that has no Elimination (RFE) Feature Selection
matches in the databases. A number of de novo sequencing and Classification
software programs are based on a graph theory approach[60-63] in
which a NC-spectrum graph is created (‘NC’ is an abbreviation for Support vector machine-recursive feature elimination (SVM-
‘N-terminal and C-terminal’, since the graph is built on the N- RFE) was originally proposed for gene selection,[72] where a linear
terminal b-ions and the C-terminal y-ions). A NC-spectrum graph version of the popular SVM[73,74] is used as the learning algorithm
consists of nodes and edges. Each peak in the MS-MS may be in a recursive procedure to select a subset of genes for cancer
generated by several different types of ions. The nodes in the NC- classification. In this section, we will present the usefulness of
spectrum graph attempts to represent the different types of ions for SVM-RFE for peak selection for cancer classification with MS
each peak in the MS-MS spectrum. Nodes are connected to one data.[75] For comparison, we also include the T-statistics feature
another with edges. Each edge actually represents the mass differ- selection method, which chooses a set of features that are most
ence between two connected nodes. Therefore, the edge can often relevant to the concept under study. In this study the ‘goodness’ of
be labeled with the name of an amino acid if the mass difference the selected peak subsets is evaluated by the classification per-
matches the mass of that particular amino acid. Often, methods formance of a linear SVM classifier with only the selected peaks
based on NC-spectrum graphs attempt to solve the peptide identi- as input variables.
fication problem by finding the longest path in the NC-spectrum
graph. 3.1 SVM

Recently, Frank and Pevzner proposed the PepNovo al-
gorithm[64] which is the most up-to-date improvement to the NC- SVMs have been very popular for solving classification
spectrum graph approach. PepNovo is based on a scoring method problems.[73,74] SVMs construct an optimal hyperplane decision
which uses a probabilistic network and finds the highest-scoring function in a so-called ‘feature space’ that is mapped from the
path using a dynamic programming algorithm. PEAKS[65] is one of original input space. The mapping ϕ is usually nonlinear and the
the most popular de novo sequencing software packages, which feature space is usually a much higher dimensional space than the
finds a subset of best sequences of all possible combinations of original input space. Let us use xi to denote the ith example vector
amino acids for a specific precursor ion mass and then derives a in the original input space and zi to denote the corresponding
consensus among the globally top-scoring sequences. vector in the feature space, zi = ϕ(xi).
Lutefisk[66,67] uses the NC-spectrum graph approach and incorpo- Kernel is one of the core concepts in SVMs and plays a very
rates a FASTA-modified search algorithm (CIDentify) to queries important role. Kernel function k(xi,xj) computes the inner product
sequence databases. of two vectors in the feature space and, thus, implicitly defines the

The second way of using MS-MS spectra for protein identifica- mapping function (equation 1):
tion relies on a direct comparison of spectra with virtual theoretical

k(xi,xj) = ϕ(xi) · ϕ(xj) = zi · zjspectra calculated from a sequence database. SEQUEST, an al-
(Eq. 1)gorithm for identifying proteins by matching tandem MS data to

In what follows, we use a linear kernel, k(xi,xj) = xi • xj.database sequences, was introduced in 1994.[68] Thereafter, several
similar programs have been introduced to provide a relatively For a typical classification problem with l training samples, (x1,
rapid assignment of MS-MS spectra to specific peptide sequences y1), …, (xl, yl), where yi denotes the class label of xi and yi ε{1,
in databases. The MASCOT[69] program uses the probability- –1}, finding the discriminant function f(x) = w • ϕ(x) + b is

 2005 Adis Data Information BV. All rights reserved. Am J Pharmacogenomics 2005; 5 (5)
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formulated by SVMs into the following optimization problem incorporated by the mapping function and ultimately the kernel
(equation 2): function, while problem formulation is kept in the same and neat

form.

3.2 SVM-RFE

min

subject to

w,b,ξi

1
2

2w  + C∑
l

i=1

ξi

yi(w · zi + b) ≥1 − ξi, ξi  ≥ 0

(Eq. 2) The SVM-RFE method was originally proposed to perform
where C > 0 is another predefined higher-level parameter, besides gene selection for cancer classification.[72] Nested subsets of fea-
the kernel function parameters. This optimization problem is usu- tures are selected in a sequential backward elimination manner,
ally solved in its dual form[74] (equation 3): which starts with all the features and removes one feature each

time. At each step, the squares of the coefficients of the weight
vector w of a linear SVM are used as the feature ranking criterion.

Using wi2 as ranking score corresponds to removing the feature
whose removal changes the objective function least. This objective

min

subject to

αi

1
2 ∑

l

i=1
∑

l

j=1
∑

l

i−1

αi αj yi yj (zi · zj) − αi

0 ≤ αi ≤ C, ∑
l

i=1

αi yi = 0

function is chosen to be J = 1/2| |w| |2 in SVM-RFE. This is(Eq. 3)
explained by the optimal brain damage (OBD) algorithm,[76] which

The weight vector w and the hyperplane decision function can
approximates the change in objective function caused by removing

be expressed by using the dual variables αi′s (equations 4 and 5):
the ith feature by expanding the objective function in Taylor series
to second order (equation 7):∑

l

i=1

αi yi ziw =

(Eq. 4) ∇ ∇ ∇

J(i) =
∂J

∂wi

wi wi)2+
∂2J

∂wi
2

(

(Eq. 7)∑
l

i=1

αi yi (z · zi) + bf (x) =

At the optimum of J, the first-order term can be neglected and(Eq. 5)
with J = 1/2| |w| |2, equation 6 becomes equation 8:In the dual problem of SVMs, all the computation involving the

input vectors is in the form of inner products of vectors in feature

∇ ∇

J(i) = wi)2(

space. The discriminant function also can be expressed in inner (Eq. 8)
products of feature space vectors. These inner products (zi • zj) can where (∆wi)2 = wi2 corresponds to removing the ith feature.
be replaced by corresponding kernel computations k(xi • xj), which The recursive elimination procedure of SVM-RFE is as fol-
can be executed easily in the original input space. Thus, usually we lows:[72]

do not need to know the explicit mapping function of ϕ, because it 1. Start: ranked feature R = [ ]; selected subset S = [1, …, d];
is implicitly defined by the kernel function that computes the inner 2. Repeat until all features are ranked:
product in the feature space. Similarly, we do not need to explicitly (a) train a linear SVM with all the training data and variables in
compute the weight vector w. However, if a linear kernel is used, S
the decision function f(x) is simply a linear function of x and the (b) compute the weight vector using equation 6
weight vector of the linear function also can be explicitly comput- (c) compute the ranking scores for features in S: ci = (wi)2

ed as (equation 6): (d) find the feature with the smallest ranking score: e = arg
mini ci∑

l

i=1

αi yi xiw =

(e) update R: R = [e, R]
(Eq. 6) (f) update S: S = S –[e];

SVMs with linear kernels are often referred to as linear SVMs. 3. Output: Ranked feature list R.

If a nonlinear kernel is used, because of the nonlinear mapping By eliminating one variable at each recursive step, eventually
relation between the input space and the feature space, the linear all the feature variables are ranked and a ranked feature variable
discriminant function constructed by an SVM in the feature space list R is produced. The earlier one feature variable is eliminated,
corresponds to a nonlinear function in the original input space. The the lower it is ranked by SVM-RFE. For speed reasons, the
function family richness and discriminant power of SVMs are thus algorithm can be generalized to remove more than one feature per
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step. However, this speed-up strategy may degrade performance of
SVM-RFE, especially if several feature variables are eliminated
each time during the later stage of the recursive procedure.

Note that, in SVM-RFE, the following SVM formulation is
used (equation 9):

Table I. Number of peaks and sizes of training and test sets in the lung and
ovarian cancer datasets

Dataset Peaks Training samples Test samples

Lung cancer 229 29 12

Ovarian cancer 15 154 177 76

More detailed information about the two datasets can be found in
the original reports.[39,77]

min

subject to

w,b,ξt

1
2

2w  + C∑
l

i=1
ξi

2

yi(w · zi + b) ≥ 1− ξi, ξi  ≥ 0
In our study, we performed peak selection solely on the training(Eq. 9)

set of each dataset. The goodness of a selected peak subset wasThis formulation of SVM is usually solved by the following
evaluated by the performance of a classifier built on the training

dual problem with a slightly modified kernel function  ( • , • ) set, with only the selected set of peaks as input variables. We chose
[equation 10]: linear SVM as the classification algorithm, as linear methods are

commonly used in cancer classification with MS data (for more
information see Wagner et al.[78]).

Classification error on test set (test error) is usually used to
assess the performance of a classifier. However, the total number

min

subject to

1
2 ∑

l

i−1
∑

l

j−1
∑

l

i−1

αi

αi ≥ 0, ∑
l

i=1

αi yi = 0

αi
αi αj yi yj k (xi, xj) − 

~

of available samples in our MS datasets is small. In such a case, the(Eq. 10)
test error may be biased due to an ‘unfortunate’ partition of

where  (xi, xj) = k(xi, xj) + 1/C δi,j ; δ i,j = 1 if i = j and δ i,j = 0 training and test sets. Thus, instead of reporting such an test error
otherwise. Equation 9 uses a loss function different from equation from one division of training and test sets, we merged the training

set and test set and then partitioned the total samples again into a
training and test set randomly by stratified sampling. We repeated

1 and the second term of the objective function in equation 1, 
the partition process 100 times. For each partition, we trained a
linear SVM classifier on the training set (hyperparameter C is to be
selected by 10-fold cross-validation on the training set) and thenis replaced by  in equation 9.
tested it on the corresponding test set. From these 100 trials we
could compute the averages of performance measures.3.3 Numerical Experiments

To speed up the feature selection procedure of the SVM-RFE,
We evaluate the SVM-RFE peak selection method together when the number of features m is larger than the feature subset S

with the T-statistics method on two cancer classification MS selected at a time, we eliminated r(r ≥ 1) features each time in our
datasets, lung cancer and ovarian cancer. The lung cancer dataset numerical experiments. We chose r = 100 if m > 10 000, r = 10 if
originally was provided for the First Annual Proteomics Datamin- 1000 < m ≤10 000 and r = 1 if m ≤1000.
ing Conference, organized by the Department of Radiology and

To compare our results, we used T-statistics for input feature
Biostatistics at Duke University in September 2002. Wagner et

selection, which selects the feature variables that individually are
al.[39] conducted some basic preprocessing steps on this dataset and

most relevant to the concept under study. A ranking score was
reduced the number of peaks from 603 to 229. We used the

computed for each feature, using the following feature ranking
preprocessed dataset (with 229 peaks) obtained from Wagner. We

criterion (equation 11):
obtained the ovarian cancer dataset from Kent Ridge Bio-medical
Data Set Repository.[77] Neither dataset originally had a test set.

For performance validation, we retained some samples for
testing purposes. Thus, we randomly split the original datasets into

ci =
µ+ − µ−

i

i

i

(σ+)2

n+
i(σ−)2

n−+
training and test sets and maintained the same percentages of the

(Eq. 11)positive and negative samples in the training and test sets. In table
I we summarize some basic information about the datasets, includ- where µi+ and µi– are the mean values of the ith feature respective-
ing the number of peaks, and the size of the training and test sets. ly over positive and negative samples; σ i+ and σ i– are the
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corresponding standard deviations; n+ and n– denote the number of
positive and negative training samples. Equation 11 fundamentally
measures the normalized feature value difference between two
sample groups.

For each feature subset selected by either the T-statistics
method or SVM-RFE in our study, we computed the mean and
standard deviation of the test error, sensitivity, and specificity,
from 100 repetitions of training and testing. As we were mostly
interested in small peak subsets, we evaluated the two methods
only on peak subsets with the number of peaks ranging from 1 to
50. We plotted the average test error versus the size of feature
subsets selected by two methods on the two datasets respectively
in figures 2 and 3.

SVMs are capable of dealing with large numbers of input
variables with little increase in computation complexity. To deter-
mine if feature selection improves the performance of SVMs, we
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Fig. 3. Average test error rates at different sizes of peak subsets, selected
by T-statistics and support vector machine-recursive feature elimination
(SVM-RFE), on the ovarian cancer dataset.

also trained and tested SVMs with a full number of features on the
ers[79,80] believe that the development of protein profiling methodssame 100 partitions of training and test sets. The means and
as diagnostic tools is still only in its early stages and consequentlystandard deviations of the test performance of SVMs with full
not ready for clinical use.[34,81] In this review, we highlightedfeatures are reported in table II, together with those of the best
major processes and technologies involved in cancer classificationfeature subsets selected by T-statistics and SVM-RFE, with the
by using MS data. For instance, we presented the importance ofnumber of selected peaks confined to less than 20.
feature selection by demonstrating SVM-RFE method on lung and
ovarian cancer data.4. Discussions and Conclusion

As illustrated, it is clear that SVM-RFE selects better peak
subsets than the T-statistics feature selection method on the bench-Ever since Petricoin et al.[57] published their report on the
mark datasets. Higher classification accuracy was achieved withdiagnosis of ovarian cancer by using proteomic approaches, sever-
only a small number of peaks as input variables. Looking at theal groups have embarked on similar studies while re-analyzing and
performance of SVMs without peak selection and SVMs withdisputing their analysis results.[31-33] However, some research-
peak selection, we can see that the classification performance of
SVMs with peak selection is much better than that of SVMs with
all peaks as input variables. This observation tells us that selecting
a subset of peaks not only improves the efficiency of classification
algorithms but also improves the prediction accuracy, even for
classification algorithm like SVMs, which can handle large num-
bers of input variables with little increase in computation com-
plexity. Selecting a small number of peaks also avoids spurious
results with MS data, for which the number of training samples is
usually small compared with the number of peaks in the mass
spectra. The high prediction accuracy also further strengthens our
belief in the promising application prospects of MS patterns in the
future cancer classification.

While it is known that T-statistics selects the peaks whose
intensities differs most between the cancer and noncancer groups,
the way that SVM-RFE selects the peak subset is not well under-
stood. Checking the T-statistic scores of the peaks selected with
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Fig. 2. Average test error rates at different sizes of peak subsets, selected
by T-statistics and support vector machine-recursive feature elimination
(SVM-RFE), on the lung cancer dataset.
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Table II. Performance of support vector machine (SVM) without peak selection and the performance of SVM with peak selection by T-statistics or SVM-
recursive feature elimination (RFE), on the two datasets

Number of peaks Test error (%) Sensitivity (%) Specificity (%)

Lung cancer

SVM Full (229) 21.58 ± 9.63 90.29 ± 11.28 61.80 ± 21.29

T-statistics 7 10.75 ± 8.89 95.43 ± 7.56 80.60 ± 22.28

SVM-RFE 8 8.41 ± 5.98 94.57 ± 7.54 87.40 ± 13.23

Ovarian cancer

SVM Full (15,154) 0.50 ± 1.04 99.85 ± 0.52 98.85 ± 2.72

T-statistics 6 1.61 ± 1.39 99.31 ± 1.86 96.74 ± 2.70

SVM-RFE 11 0.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00

7. Bichsel VE, Liotta LA, Petricoin EF. Cancer proteomics: from biomarker discov-SVM-RFE may provide some insight into the way SVM-RFE
ery to signal pathway profiling. Cancer J 2001; 7 (1): 69-78

works. With the lung cancer dataset, we found the T-statistic ranks 8. Rai AJ, Chan DW. Cancer proteomics: serum diagnostics for tumor marker
discovery. New York: New York Academy of Sciences, 2004: 286-94of the eight peaks in the best subset selected by SVM-RFE were

9. Srinivas PR, Srivastava S, Hanash S, et al. Proteomics in early detection of cancer.36, 29, 17, 7, 4, 3, 2, and 1 (peak with rank 1 has the largest T-
Clin Chem 2001; 47 (10): 1901-11

statistic score). On the ovarian cancer dataset, the T-statistic ranks 10. Stevens EV, Liotta LA, Kohn EC. Proteomic analysis for early detection of ovarian
cancer: a realistic approach? Int J Gynecol Cancer 2003; 13: 133-9of the 11 peaks in the best subset selected by SVM-RFE were 37,

11. Plesch FN, Kubicka S, Manns MP. Prevention of hepatocellular carcinoma in
50, 45, 14, 7, 6, 5, 4, 3, 2, and 1. For both datasets, the best peak chronic liver disease: molecular markers and clinical implications. Dig Dis

2001; 19 (4): 338-44subsets selected by SVM-RFE always contained peaks that were
12. Etzioni R, Urban N, Ramsey S, et al. The case for early detection. Nat Rev Cancertop ranked by T-statistics, while they also included some peaks not

2003; 3 (4): 243-52
top ranked by T-statistics. However, the peaks selected by SVM- 13. Shin BK, Wang H, Hanash S. Proteomics approaches to uncover the repertoire of

circulating biomarkers for breast cancer. J Mammary Gland Biol NeoplasiaRFE together achieve much smaller test error than the same
2002; 7 (4): 407-13

number of most top ranked peaks selected by T-statistics. Further
14. Wulfkuhle JD, Liotta LA, Petricoin EF. Proteomic applications for the early

investigation to identify the proteins underlying these selected detection of cancer. Nat Rev Cancer 2003; 3 (4): 267-75
15. Petricoin EF, Ornstein DK, Paweletz CP, et al. Serum proteomic patterns forpeaks is needed in order to better understand the way SVM-RFE

detection of prostate cancer. J Natl Cancer Inst 2002; 94 (20): 1576-8
works and to gain insight into the disease pathway. 16. Vlahou A, Giannopoulos A, Gregory BW, et al. Protein profiling in urine for the
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