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EDITORIAL

Proteomics in Health and Disease

George L. Wright Jr∗ and O. John Semmes†

Department of Microbiology and Molecular Cell Biology, Virginia Prostate Center,
Eastern Virginia Medical School, Norfolk, VA 23501, USA

One of the major goals of the postgenomic era is un-
derstanding the structures, interactions, and functions of
all cell proteins. This becomes a daunting task considering
the estimation that there are between 100 000 and 200 000
individual proteins resulting from alternative splicing of
the 30 000 genes encoded by the human genome. Since
the cellular proteome is a dynamic profile, subject to
change in response to various signals through posttrans-
lational modification, translocation, and protein-protein
and protein-nucleic acid interactions, the task becomes
even more complex looming to a million or more mod-
ification events. Proteomics encompasses the study of ex-
pressed proteins, including identification and elucidation
of the structure-function interrelationships which define
healthy and disease conditions. Information at the level
of the proteome is critical to understanding the function
of cellular phenotype and its role in health and disease.
Since posttranslational events and, indeed, an accurate
assessment of protein expression levels cannot always be
predicted by mRNA analysis, proteomics, used in con-
cert with genomics, can provide a holistic understanding
of the biology underlying the disease process. The chal-
lenge in deciphering the proteome is the development and
integration of analytical instrumentation combined with
bioinformatics that provide rapid, high-throughput, sen-
sitive, and reproducible tools.

This issue of the Journal of Biomedicine and Biotech-
nology presents the first of a two-part series consisting
of ten papers that describe both technical and bioinfor-
matic advances to define the cell proteome towards a bet-
ter understanding of health and disease. The current is-
sue consists of the first five articles beginning with pa-
pers by Bensmail and Haoudi, and Pruess and Apweiler
that describe bioinformatics approaches for defining the
cancer cell proteome and for in silico proteomic analy-
ses. Because of the high dimensionality of the data gen-
erated by proteomic methodologies, such as protein mi-
croarrays and mass spectral analyses, more efficient and
accurate bioinformatics tools are required to mine and
analyze the data. Major advances in mass spectrometry
have resulted in rapid, high-throughput technologies for
protein biomarker discovery, protein identification, dis-
ease analyses, and identification of posttranslational mod-

ifications. One advance, SELDI ProteinChip mass spec-
trometry, is the subject of the next two papers that de-
scribe its use for biomarker discovery and its potential as a
platform for development of multimarker clinical assays.
The first paper by Reddy and Dalmasso presents a review
describing the use of SELDI for biomarker discovery, drug
discovery, protein identification, and for development of
multiplex clinical assays, citing examples for cancer, neu-
rological disorders, and infectious diseases. Feng and as-
sociates then describe an automated peak identification
and calibration procedure for more precise mass analyses
when attempting to differentiate disease from nondisease
protein patterns. The last paper of this issue by Qoron-
fleh and associates describes a method for the isolation of
membrane proteins for proteomic analysis.

The next issue (volume 2003, issue 5) presents the re-
maining five papers. This issue begins with a review by Xu
and Lam on protein and chemical microarray approaches
being utilized for proteomic studies. Then Flower and col-
leagues describe bioinformatics approaches for defining
the immunome for discovery of novel vaccines. This is
followed by a paper by Qoronfleh and colleagues who
describe improved methods for detecting protein: pro-
tein interactions. Piccoli’s research team then report a
method for optimizing the rolling circle application tech-
nology for generating a sensitive high-throughput multi-
plex protein microarray for analysis of protein expression
and molecular diagnosis. The final paper in this issue is
by Vlahou and associates who describe the use of SELDI
protein profiling coupled with a commercial decision tree
learning algorithm for biomarker discovery and diagnosis
of ovarian cancer.

The content of this special issue, although broad and
addressing several key issues in proteomics research, still
leaves many issues to be covered, especially functional
and structural proteomics, in this fast evolving field of
research. We anticipate addressing other new discoveries
and applications in the proteomics field in future issues of
the Journal of Biomedicine and Biotechnology.

George L. Wright Jr
O. John Semmes
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REVIEW ARTICLE

Postgenomics: Proteomics and Bioinformatics
in Cancer Research

Halima Bensmail1 and Abdelali Haoudi2∗

1Department of Statistics, University of Tennessee, Knoxville, TN 37996, USA
2Department of Microbiology and Molecular Cell Biology and the Virginia Prostate Center,
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Now that the human genome is completed, the characterization of the proteins encoded by the sequence remains a challenging
task. The study of the complete protein complement of the genome, the “proteome,” referred to as proteomics, will be essential if
new therapeutic drugs and new disease biomarkers for early diagnosis are to be developed. Research efforts are already underway to
develop the technology necessary to compare the specific protein profiles of diseased versus nondiseased states. These technologies
provide a wealth of information and rapidly generate large quantities of data. Processing the large amounts of data will lead to
useful predictive mathematical descriptions of biological systems which will permit rapid identification of novel therapeutic targets
and identification of metabolic disorders. Here, we present an overview of the current status and future research approaches in
defining the cancer cell’s proteome in combination with different bioinformatics and computational biology tools toward a better
understanding of health and disease.

TECHNOLOGIES FOR PROTEOMICS

2D gel electrophoresis

Two-dimensional gel electrophoresis (2DE) is by far
the most widely used tool in proteomics approaches for
more than 25 years [1]. This technique involves the sep-
aration of complex mixtures of proteins first on the basis
of isoelectric point (pI) using isoelectric focusing (IEF)
and then in a second dimension based on molecular mass.
The proteins are separated by migration in a polyacry-
lamide gel. By use of different gel staining techniques
such as silver staining [2], Coomassie blue stain, fluores-
cent dyes [3], or radiolabels, few thousands proteins can
be visualized on a single gel. Fluorescent dyes are being
developed to overcome some of the drawbacks of silver
staining in making the protein samples more amenable
to mass spectrometry [4, 5]. Stained gels can then be
scanned at different resolutions with laser densitometers,
fluorescent imager, or other device. The data can be ana-
lyzed with software such as PDQuest by Bio-Rad Labora-
tories (Hercules, Calif, USA) [6], Melanie 3 by GeneBio
(Geneva, Switzerland), Imagemaster 2D Elite by Amer-
sham Biosciences, and DeCyder 2D Analysis by Amer-
sham Biosciences (Buckinghamshire, UK) [7]. Ratio anal-
ysis is used to detect quantitative changes in proteins be-
tween two samples. 2DE is currently being adapted to
high-throughput platforms [8]. For setting up a high-
throughput environment for proteome analysis, it is es-
sential that the 2D gel image analysis software supports

robust database tools for sorting images, as well as data
from spot analysis, quantification, and identification.

ProteinChips

While proteomics has become almost synonymous
with 2D gel electrophoresis, there is a variety of new meth-
ods for proteome analysis. Unique ionization techniques,
such as electrospray ionization and matrix-assisted laser
desorption-ionization (MALDI), have facilitated the char-
acterization of proteins by mass spectrometry (MS) [9,
10]. These techniques have enabled the transfer of the
proteins into the gas phase, making it conducive for their
analysis in the mass spectrometer. Typically, sequence-
specific proteases are used to break up the proteins into
peptides that are coprecipitated with a light-absorbing
matrix such as dihydroxy benzoic acid. The peptides are
then subjected to short pulses of ultraviolet radiation
under reduced pressure. Some of the peptides are ion-
ized and accelerated in an electric field and subsequently
turned back through an energy correction device [11].
Peptide mass is derived through a time-of-flight (TOF)
measurement of the elapsed time from acceleration-to-
field free drift or through a quadrupole detector. A pep-
tide mass map is generated with the sensitivity to detect
molecules at a few parts per million. Hence a spectrum
is generated with the molecular mass of individual pep-
tides, which are used to search databases to find match-
ing proteins. A minimum of three peptide molecular
weights is necessary to minimize false-positive matches.
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The principle behind peptide mass mapping is the match-
ing of experimentally generated peptides with those de-
termined for each entry in a sequence. The alternative
process of ionization, through the electrospray ioniza-
tion, involves dispersion of the sample through a cap-
illary device at high voltage [11]. The charged peptides
pass through a mass spectrometer under reduced pressure
and are separated according to their mass-to-charge ratios
through electric fields. After separation through 2DE, di-
gested peptide samples can be delivered to the mass spec-
trometer through a “nanoelectrospray” or directly from a
liquid chromatography column (liquid chromatography-
MS), allowing for real-time sequencing and identification
of proteins. Recent developments have led to the MALDI
quadrupole TOF instrument, which combines peptide
mapping with peptide sequencing approach [12, 13, 14].
An important feature of tandem MS (MS-MS) analy-
sis is the ability to accurately identify posttranslational
modifications, such as phosphorylation and glycosylation,
through the measurement of mass shifts.

Another MS-based proteinChip technology, surface-
enhanced laser desorption-ionization time of flight mass
spectrometry (SELDI-TOF-MS), has been successfully
used to detect several disease-associated proteins in com-
plex biological specimens, such as cell lysates, seminal
plasma, and serum [15, 16, 17]. Surface-enhanced laser
desorption-ionization (SELDI) is an affinity-based MS
method in which proteins are selectively adsorbed to a
chemically modified surface, and impurities are removed
by washing with buffer. The use of several different chro-
matographic arrays and wash conditions enables high-
speed, high-resolution chromatographic separations [14].

Other technologies

Arrays of peptides and proteins provide another bio-
chip strategy for parallel protein analysis. Protein assays
using ordered arrays have been explored through the de-
velopment of multipin synthesis [18]. Arrays of clones
from phage-display libraries can be probed with antigen-
coated filters for high-throughput antibody screening
[19]. Proteins covalently attached to glass slides through
aldehyde-containing silane reagents have been used to de-
tect protein-protein interactions, enzymatic targets, and
protein small molecule interactions [20]. Other meth-
ods of generating protein microarrays are by printing the
proteins (ie, purified proteins, recombinant proteins, and
crude mixtures) or antibodies using a robotic arrayer and
a coated microscope slide in an ordered array. Protein so-
lutions to be measured are labeled by covalent linkage of a
fluorescent dye to the amino groups on the proteins [21].
Protein arrays consisting of immobilized proteins from
pure populations of microdissected cells have been used
to identify and track cancer progression. Although pro-
tein arrays hold considerable promise for functional pro-
teomics and expression profiling for monitoring a disease
state, certain limitations need to be overcome. These in-
clude the development of high-throughput technologies

to express and purify proteins and the generation of large
sets of well-characterized antibodies. Generating protein
and antibody arrays is more costly and labor-intensive rel-
ative to DNA arrays. Nevertheless, the availability of large
antibody arrays would enhance the discovery of differen-
tial biomarkers in nondiseased and cancer tissue [22].

Tissue arrays have been developed for high-
throughput molecular profiling of tumor specimens
[23]. Arrays are generated by robotic punching out of
small cylinders (0.6 mm × 3–4 mm high) of tissue from
thousands of individual tumor specimens embedded in
paraffin to array them in a paraffin block. Tissue from
as many as 600 specimens can be represented in a single
“master” paraffin block. By use of serial sections of the
tissue array, tumors can be analyzed in parallel by im-
munohistochemistry, fluorescence in situ hybridization,
and RNA-RNA in situ hybridization. Tissue arrays have
applications in the simultaneous analysis of tumors from
many different patients at different stages of disease.
Disadvantages of this technique are that a single core is
not representative because of tumor heterogeneity and
uncertainty of antigen stability on long-term storage
of the array. Hoos et al [24] demonstrated that using
triplicate cores per tumor led to lower numbers of lost
cases and lower nonconcordance with typical full sections
relative to one or two cores per tumor. Camp et al [25]
found no antigenic loss after storage of an array for 3
months. Validation of tissue microarrays is currently on-
going in breast and prostate cancers and will undoubtedly
help in protein expression profiling [23, 25, 26]. A major
advantage of this technology is that expression profiles
can be correlated with outcomes from large cohorts in a
matter of few days.

PROTEOMICS IN CANCER RESEARCH

Cancer proteomics encompasses the identification
and quantitative analysis of differentially expressed pro-
teins relative to healthy tissue counterparts at different
stages of disease, from preneoplasia to neoplasia. Pro-
teomic technologies can also be used to identify mark-
ers for cancer diagnosis, to monitor disease progression,
and to identify therapeutic targets. Proteomics is valuable
in the discovery of biomarkers because the proteome re-
flects both the intrinsic genetic program of the cell and the
impact of its immediate environment. Protein expression
and function are subject to modulation through tran-
scription as well as through posttranscriptional and post-
translational events. More than one RNA can result from
one gene through a process of differential splicing. Addi-
tionally, there are more than 200 posttranslation modifi-
cations that proteins could undergo, that affect function,
protein-protein and nuclide-protein interaction, stability,
targeting, half-life, and so on [27], all contributing to a
potentially large number of protein products from one
gene. At the protein level, distinct changes occur during
the transformation of a healthy cell into a neoplastic cell,
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ranging from altered expression, differential protein mod-
ification, and changes in specific activity, to aberrant lo-
calization, all of which may affect cellular function. Iden-
tifying and understanding these changes are the underly-
ing themes in cancer proteomics. The deliverables include
identification of biomarkers that have utility both for early
detection and for determining of therapy.

Although proteomics traditionally dealt with quanti-
tative analysis of protein expression, more recently, pro-
teomics has been viewed to encompass the structural
analysis of proteins [28]. Quantitative proteomics strives
to investigate the changes in protein expression in differ-
ent states, such as in healthy and diseased tissue or at dif-
ferent stages of the disease. This enables the identifica-
tion of state- and stage-specific proteins. Structural pro-
teomics attempts to uncover the structure of proteins and
to unravel and map protein-protein interactions.

MS has been helpful in the analysis of proteins from
cancer tissues. Screening for the multiple forms of the
molecular chaperone 14-3-3 protein in healthy breast ep-
ithelial cells and breast carcinomas yielded a potential
marker for the noncancerous cells [29]. The 14-3-3 form
was observed to be strongly down regulated in primary
breast carcinomas and breast cancer cell lines relative to
healthy breast epithelial cells. This finding, in the light of
the evidence that the gene for 14-3-3 was found silenced in
breast cancer cells [30], implicates this protein as a tumor
suppressor. Using a MALDI-MS system, Bergman et al [6]
detected increases in the expressions of nuclear matrix, re-
dox, and cytoskeletal proteins in breast carcinoma relative
to benign tumors. Fibroadenoma exhibited an increase in
the oncogene product DJ-1. Retinoic acid-binding pro-
tein, carbohydrate-binding protein, and certain lipopro-
teins were increased in ovarian carcinoma, whereas
cathepsin D was increased in lung adenocarcinoma.

Imaging MS is a new technology for direct mapping
and imaging of biomolecules present in tissue sections.
For this system, frozen tissue sections or individual cells
are mounted on a metal plate, coated with ultraviolet-
absorbing matrix, and placed in the MS. With the use
of an optical scanning raster over the tissue specimen
and measurement of the peak intensities over thousands
of spots, MS images are generated at specific mass val-
ues [31]. Stoeckli et al [32] used imaging MS to exam-
ine protein expression in sections of human glioblastoma
and found increased expression of several proteins in the
proliferating area compared with healthy tissue. Liquid
chromatography—MS and tandem MS (MS-MS) were
used to identify thymosin ß.4, a 4964-d protein found
only in the outer proliferating zone of the tumor [32].
Imaging MS shows potential for several applications, in-
cluding biomarker discovery, biomarker tissue localiza-
tion, understanding of the molecular complexities of tu-
mor cells, and intraoperative assessment of surgical mar-
gins of tumors.

SELDI, originally described by Hutchens and Yip [33],
overcomes many of the problems associated with sample

preparations inherent with MALDI-MS. The underlying
principle in SELDI is surface-enhanced affinity capture
through the use of specific probe surfaces or chips. This
protein biochip is the counterpart of the array technol-
ogy in the genomic field and also forms the platform for
Ciphergen’s ProteinChip array SELDI MS system [14]. A
2DE analysis separation is not necessary for SELDI anal-
ysis because it can bind protein molecules on the basis of
its defined chip surfaces. Chips with broad binding prop-
erties, including immobilized metal affinity capture, and
with biochemically characterized surfaces, such as anti-
bodies and receptors, form the core of SELDI. This MS
technology enables both biomarker discovery and pro-
tein profiling directly from the sample source without
preprocessing. Sample volumes can be scaled down to
as low as 0.5 µL, an advantage in cases in which sam-
ple volume is limiting. Once captured on the SELDI
protein biochip array, proteins are detected through the
ionization-desorption TOF-MS process. A retentate (pro-
teins retained on the chip) map is generated in which the
individual proteins are displayed as separate peaks on the
basis of their mass and charge (m/z). Wright et al [15]
demonstrated the utility of the ProteinChip SELDI-MS in
identifying known markers of prostate cancer and in dis-
covering potential markers either over- or underexpressed
in prostate cancer cells and body fluids. SELDI analyses
of cell lysates prepared from pure populations from mi-
crodissected surgical tissue specimens revealed differen-
tially expressed proteins in the cancer cell lysate when
compared with healthy cell lysates and with benign pro-
static hyperplasia (BPH) and prostate intraepithelial neo-
plasia cell lysates [15]. SELDI is a method that provides
protein profiles or patterns in a short period of time from
a small starting sample, suggesting that molecular finger-
prints may provide insights into changing protein expres-
sion from healthy to benign to premalignant to malignant
lesions. This appears to be the case because distinct SELDI
protein profiles for each cell and cancer type evaluated,
including prostate, lung, ovarian, and breast cancer, have
been described recently [34, 35]. After prefractionation,
a SELDI profile of 30 dysregulated proteins was observed
in seminal plasma from prostate cancer patients. One of
the seminal plasma proteins detected by comparing the
prostate cancer profiles with a BPH profile was identi-
fied as seminal basic protein, a proteolytic product of se-
menogelin I [14].

BIOINFORMATICS TOOLS

Bioinformatics tools are needed at all levels of pro-
teomic analysis. The main databases serving as the tar-
gets for MS data searches are the expressed sequence
tag and the protein sequence databases, which contain
protein sequence information translated from DNA se-
quence data [11]. It is thought that virtually any pro-
tein that can be detected on a 2D gel can be identi-
fied through the expressed sequence tag database, which
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contains over 2 million cDNA sequences [36]. A modifi-
cation of sequence-tag algorithms has been shown to lo-
cate peptides given the fact that the expressed sequence
tags cover only a partial sequence of the protein [37].

Data mining for proteomics

A number of algorithms have been proposed for
genomes-scale analysis of patterns of gene expression, in-
cluding expressed sequence tags (ESTs) (simple expedi-
ent of counting), UniGene for gene indexes [38]. Going
beyond expression data, efforts in proteomics can be ex-
pressed to fill in a more complete picture of posttranscrip-
tional events and the overall protein content of cells. To
address the large-in-scale data, this review addresses pri-
marily those advances in recent years.

Concurrent to the development of the genome se-
quences for many organisms, MS has become a valuable
technique for the rapid identification of proteins and is
now a standard more sensitive and much faster alternative
to the more traditional approaches to sequencing such as
Edman degradation.

Due to the large array of data that is generated from
a single analysis, it is essential to implement the use
of algorithms that can detect expression patterns from
such large volumes of data correlating to a given biologi-
cal/pathological phenotype from multiple samples. It en-
ables the identification of validated biomarkers correlat-
ing strongly to disease progression. This would not only
classify the cancerous and noncancerous tissues accord-
ing to their molecular profile but could also focus atten-
tion upon a relatively small number of molecules that
might warrant further biochemical/molecular character-
ization to assess their suitability as potential therapeutic
targets. Data screened is usually of large size and has about
100 000–120 000 variables.

Biologists are not prepared to handle the huge data
produced by the proteins or DNA microarray projects
or to use the “eye” to visualize and interpret the output,
therefore to detect pattern, visualize, classify, and store the
data, more sophisticated tools are needed. Bioinformatics
has proved to be a powerful tool in the effective genera-
tion of primarily predictive proteomic data from analysis
of DNA sequences. Proteomics studies applications and
techniques, includes profiling expression patterns in re-
sponse to various variables and conditions and time cor-
relation analysis of protein expression.

Intelligent data mining facilities are essential if we are
to prevent important results from being lost in the mass of
information. The analysis of data can proceed with differ-
ent levels. One level of differential analysis where genes are
analyzed one by one independently of each other to detect
changes in expression across different conditions. This
is challenging due to the amount of noise involved and
low repetition characteristic of microarray experiments.
The next level of analysis involves visualizing and fea-
ture discovery. Basic statistical tools and statistical infer-
ences include cluster analysis, Bayesian modeling, classifi-

cation, and discrimination, neural networks, and graph-
ical models. The basic idea behind those approaches is
to visualize the correlations in the data to allow the data
to be examined for similarity and detection of impor-
tant expression patterns (principal component analysis)
to learn (classification, neural networks, support vector
machine), to predict (prediction, regression, regression
tree), to detect feature discovery, and to test hypotheses re-
garding the number of distinct clusters contained within
the data (hierarchical clustering, Bayesian clustering, k-
means, mixture model with Gibbs sampler or EM algo-
rithm).

These algorithms can quickly analyze gels to identify
how a series of gels are related, for example, confirming
separation of clusters into healthy (control), diseased, and
treatments clusters, or perhaps pointing to the existence
of a cluster which has not previously been considered,
which is a population of cells exhibiting drug resistance
[39, 40].

Principal component analysis

Principal component analysis (PCA) can be an effec-
tive method of identifying the most discriminating fea-
tures in a data set. This technique usually involves find-
ing two or three linear combinations of the original fea-
tures that best summarize the types of variation in the
data. If much of the variation is captured by these two or
three most significant principal components, class mem-
bership of many data points can be observed. One may
use the principal-component solution to the factor model
for extracting factors (components). This is accomplished
by the use of the principal-axis theorem, which says that
for a gene-by-gene (n× n) correlation matrix R, there ex-
ists a rotation matrix D and diagonal matrix Λ such that
DRDt = Λ. The principal form of R is given as

R(n×n) = DΛDt
(n×n)

=




d11 d12 · · · d1m

d21 d22 · · · d2m

...
... · · · ...

dn1 dn2 · · · dnm




×




λ1 0 · · · 0

0 λ2 · · · 0
...

... · · · ...

0 0 · · · λm







d11 d12 · · · d1m

d21 d22 · · · d2m

...
... · · · ...

dn1 dn2 · · · dnm


 ,

(1)

where columns of D and Dt are the eigenvectors and diag-
onal entries of Λ are the eigenvalues. Components whose
eigenvalues exceed unity, λj > 1, are extracted from Λ and
sorted such that λ1 ≥ λ2 ≥ · · · ≥ λm ≥ 1. The “loading”
or correlation between genes and extracted components is
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represented by a matrix in the form

L(n×m) =




√
λ1d11

√
λ2d12 · · · √

λmd1m√
λ1d21

√
λ2d22 · · · √

λmd2m
...

... · · · ...√
λ1dn1

√
λ2dn2 · · · √

λmdnm


 , (2)

where rows represent genes and columns represent com-
ponents, and, for example,

√
λ1d11 is the loading (correla-

tion) between gene 1 and component 1. CLUSFAVOR al-
gorithm proposed by Leif [41] performs PCA along with
hierarchical clustering (see “Hierarchical clustering and
decision tree” section) with DNA microarray expression
data. CLUSFAVOR standardizes expression data and sorts
and performs hierarchical and PCA of arrays and genes.
Applying CLUSFAVOR, principal component method is
used and component extraction and loading calculations
are completed, a varimax orthogonal rotation of com-
ponents is completed so that each gene mostly loads on
a single component [42]. The result reported in [41]
mixing hierarchical clustering and PCS was summarized
through a colored tree, where genes that load strongly
negative (less than −0.45) or strongly positive (greater
than 0.45) on a single component are indicated by the
use of two arbitrary colors in the column for each com-
ponent whereas genes with identical color patterns in one
or more columns were considered as having similar ex-
pression profiles within the selected group of genes.

Unsupervised learning based on normal mixture models

Unsupervised clustering is used to detect pattern, fea-
ture discovery, and also to match the protein sequence
to the database sequences. Unsupervised learning enables
pattern discovery by organizing data into clusters, using
recursive partitioning methods. In the last 25 years it has
been found that basing cluster analysis on a probability
model can be useful both for understanding when exist-
ing methods are likely to be successful and for suggesting
new methods [43, 44, 45, 46, 47, 48, 49]. One such proba-
bility model is that the population of interest consists of K
different subpopulations G1, . . . , GK and that the density
of a p-dimensional observation x from the kth subpopu-
lation is fk(x, θk) for some unknown vector of parameters
θk (k = 1, . . . , K). Given observations x = (x1, . . . , xn), we
let ν = (ν1, . . . , νn)t denote the unknown identifying la-
bels, where νi = k if xi comes from the kth subpopulation.
In the so-called classification maximum likelihood proce-
dure, θ = (θ1, . . . , θK ) and ν = (ν1, . . . , νn)t are chosen to
maximize the classification likelihood:

p
(
θ1, . . . , θK ; ν1, . . . , νn|x

) = n∏
i=1

fνi
(

xi|θνi

)
. (3)

Normal mixture is a traditional statistical tool which
has successfully been applied in gene expression [50]. For

multivariate data of a continuous nature, attention has fo-
cused on the use of multivariate normal components be-
cause of their computational convenience. In this case, the
data x = (x1, . . . , xn) to be classified are viewed as coming
from a mixture of probability distributions, each repre-
senting a different cluster, so the likelihood is expressed
as

p
(
θ1, . . . , θK ;π1, . . . , πK |x

) = n∏
i=1

K∑
k=1

πk fk
(

xi|θk
)
, (4)

where πk is the probability that an observation belongs to
the kth components (πk ≥ 0;

∑K
k=1 πk = 1).

In the theory of finite mixture, recently, methods
based on this theory performed well in many cases and
applications including character recognition [51], tissue
segmentation [52], application to astronomical data [53,
54, 55] and enzymatic activity in the blood [56].

Once the mixture is fitted, a probabilistic clustering of
the data into a certain number of clusters can be obtained
in terms of the fitted posterior probabilities of component
membership for the data. The likelihood ratio statistic,
Bayesian information criteria (BIC), Akaike information
criteria (AIC), information complexity criteria (ICOMP),
and others are used to choose the number of clusters if
there is any. A mixture of t-distribution may also be used
instead of mixture of normals in order to provide some
protection against atypical observations, which are preva-
lent in microarray data.

McLachlan et al [50] proposed a model-based ap-
proach to the clustering of tissue samples on a very large
number of genes. They first select a subset of genes rel-
evant for the clustering of the tissue samples by fitting
mixtures of t distributions to rank the genes in order of
increasing size of the likelihood ratio statistic for the test
of one versus two components in the mixture model. The
use of t component distributions was employed in the
gene selection in order to provide some protection against
atypical observations, which exit in genomics and pro-
teomics data. In this case, the data x to be classified is
viewed as coming from a mixture of probability distribu-
tions (4), where fk(x|θk = (µk,Σk, γk)) is a t density with
location µk, positive definite inner product matrix Σk, and
γk degrees of freedom is given by

Γ((γk + p)/2)
∣∣Σk

∣∣−1/2

(
3.14× γk

)1/2
Γ
(
γk/2)

{
1 + δ(x,µk;Σk

)
/γk
}(1/2)(γk+p) , (5)

where δ(x,µk;Σk) = (x− µk)tΣk(x− µk) denotes the Ma-
halanobis squared distance between x and µk. If γk > 1, µk
is the mean of x and γk > 2, γk(γk−2)−1Σk is its covariance
matrix.

McLachlan approach was demonstrated on two well-
known data sets on colon and leukemia tissues. The algo-
rithm proposed is used to select relevant genes for cluster-
ing the tissue samples into two clusters corresponding to
healthy and unhealthy tissues.
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Weighted voting (WV)

The weighted voting (WV) algorithm directly applies
the signal-to-noise ratio to perform binary classification.
For a chosen feature x of a test sample, it measures its dis-
tance with respect to decision boundary b = (1/2)(µ1 +
µ2), which is located halfway between the average expres-
sion levels of two classes, where µ1 and µ2 are the centers
of the two clusters. If the value of this feature falls on one
side of the boundary, a vote is added to the correspond-
ing class. The vote V(x) = P(g, c)(x − b) is weighted by
the distance between the feature value and the decision
boundary and the signal-to-noise ratio of this feature de-
termined by the training set. The vote for each class is
computed by summing up the weighted votes,V(x), made
by selected features for this class. In this contest, Yeang et
al [57] performed multiclass classification by combining
the outputs of binary classifiers. Three classifiers includ-
ing weighted voting were applied over 190 samples from
14 tumor classes where a combined expression dataset
was generated. Weighted Voting is a classification tool
which, based on the already known clusters, proposes a
rule of classification of the data set and then predicts the
allocation of new samples to one of the established clus-
ters.

k-nearest neighbors (kNN)

The kNN algorithm is a popular instance-based
method of cluster analysis. The algorithm partitions data
into a predetermined number of categories as instances
are examined, according to a distance measure (eg, Eu-
clidean). Category centroids are fixed at random positions
when the model is initialized, which can affect the cluster-
ing outcome.

kNN is popular because of its simplicity. It is widely
used in machine learning and has numerous variations
[58]. Given a test sample of unknown label, it finds the k
nearest neighbors in the training set and assigns the label
of the test sample according to the labels of those neigh-
bors. The vote from each neighbor is weighted by its rank
in terms of the distance to the test sample.

Let Gm = (g1m, g2m, . . . , gqm), where gim is the log ex-
pression ratio of the ith gene in the mth specimen; m =
1, . . . ,M (M = number of samples in the training set). In
the kNN method, one computes the Euclidean distance
between each specimen, represented by its vector Gm, and
each of the other specimens. Each specimen is classified
according to the class membership of its k-nearest neigh-
bors. In a study undertaken by Hamadeh et al [59], the
training set comprised of RNA samples derived from liv-
ers of Sprague-Dawley rats exposed to one of 3 peroxi-
some proliferations. In this study, M = 27, q = 30, and
k = 3. A set of q (q = 30) genes was considered discrim-
inative when at least 25 out of 27 specimens were cor-
rectly classified. A total of 10,000 such subsets of genes
were obtained. Genes were then rank-ordered according
to how many times they were selected into these subsets.

The top 100 genes were subsequently used for prediction
purposes.

kNN can also be used for recovering missing values in
DNA microarray. In fact, hundreds of genes can be ob-
served in one particular experiment. Arrays are printed
with approximately 1 kilobase of DNA, corresponding to
the coding region of a particular gene, per spot. Labelling
of cDNA is done to determine where hybridization oc-
curs. Hybridization is viewed either by fluorescence or ra-
dioactive intensity. One drawback of these techniques is
the scanning of hybridization intensities. A certain thresh-
old value must be met in order for a value to be returned
as a valid measurement. If a value is below this thresh-
old, it is returned as missing data. This missing data dis-
rupts the analysis of the experiment. For instance, if a gene
is printed in a duplicate, over a series of arrays, and one
spot on one array is below the threshold, the gene is dis-
regarded across all arrays. The loss of this gene expression
data is costly because no experimental conclusions can be
made from the loss of expression of this gene over all ar-
rays [60].

Artificial neural network (ANN)

Unsupervised neural networks provide a more robust
and accurate approach to the clustering of large amounts
of noisy data. Neural networks have a series of properties
that make them suitable for the analysis of gene expres-
sion and proteins patterns. They can deal with real-world
data sets containing noisy, ill-defined items with irrele-
vant variables and outliers, and whose statistical distribu-
tion does not need to be parametric. Multilayer percep-
trons [61] provide a nonlinear mapping where the real-
valued input x is transformed and mapped to get a real-
valued output y:

x −→ W× x −→ h −→ y, (6)

where W is the weight matrix, called first layer, h is a non-
linear transformation, y is a finished node. The following
is an example of a two-layer neural network:

x =



x1

x2

x3

x4


 −→ W× x =




4∑
i=1

αixi

4∑
i=1

βixi




=
(
α1

α2

)
−→



h
(
α1
) = 1

1 + e−α1

h
(
α2
) = 1

1 + e−α2


 ,

y =
2∑
i=1

wihi

(7)

if 0 < y < 1, then we have a classification case with two
groups. Technically, classification, for example, is achieved
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128 subjects
(% lymphocytes)

>19.5≤19.5

A. Class 2 (node)
1 class 1

45 class 2

82 subjects
Reactivity to pokeweed mitogen

≤9.9165 >9.9165

15 subjects
Scaled number of T8 Cells

≤0.3705 >0.3705

D. Class 1 (node)
59 class 1
8 class 2

B. Class 1 (node)
3 class 1
2 class 2

C. Class 2 (node)
1 class 1
9 class 2

Figure 1. An example of neural network black box: a four-dimensional data input x is first transformed by W, then by h in order to
give a grouping variable y as an output.

by comparing y = h(x) with a threshold, we suppose here
0 for simplicity, if h(x) > 0, observation x belongs to the
cluster 1, if h(x) < 0, then x belongs to cluster 2. The
weights W are estimated by examining the training points
sequentially.

ANN has been applied to a number of diverse areas for
the identification of “biologically relevant” molecules, in-
cluding pyrolysis mass spectrometry [62] and genomics
microarraying of tumor tissue [63]. Ball et al [64] uti-
lized a multilayer perceptron with a back propagation al-
gorithm for the analysis of SELDI mass spectrometry data.
This type of ANN is a powerful tool for the analysis of
complex data [65]. Wei et al [66] used the same algo-
rithm for data containing a high background noise. ANN
can be used to identify the influence of many interacting
factors [67] that makes it highly suitable for the study of
first-generation SELDI-derived data. It can be used for the
classification of human tumors and rapid identification of
potential biomarkers [64]. ANN can produce generalized
models with a greater accuracy than conventional statis-
tical techniques in medical diagnostics [68, 69] without
relying on predetermined relationships as in other model-
ing techniques. Usually, the data needs to be trained when
using ANN to predict tumor grade; also the choice of the
number of layers has to be proposed. Currently, ANN does
not propose criteria for choosing the number of layers
which should be investigator-proposed. A criteria has to
be developed for the ANN to choose the adequate num-
ber of layers.

For the probabilistic modeling, usually the normality
is assumed, whereas in the ANN the data is distribution-
free, which makes the ANN a powerful tool for data anal-
ysis [70].

Hierarchical clustering and decision tree

The basic idea of the tree is to partition the input space
recursively into two halves and approximate the function

in each half by the average output value of the samples
it contains [71]. Each bifurcation is parallel to one of the
axes and can be expressed as an inequality involving the
input components (eg, xk > a). The input space is divided
into hypertangles organized into a binary tree where each
branch is determined by the dimension (k) and boundary
(a) which together minimize the residual error between
model and data.

Example

In a study undertaken by Robert Dillman at the Uni-
versity of California, San Diego Cancer Center [72], 21
continuous laboratory variables related to immunocom-
petence, age, sex, and smoking habits in an attempt to dis-
tinguish patient with cancer. Prior probabilities are cho-
sen to be equal: π(1) = π(2) = 0.5, and C(1|2), the cost
of misclassification, was calculated. The tree in Figure 1
summarizes the classification of 128 observations into two
classes: supposedly healthy and unhealthy.

Currently, hierarchical clustering is the most popu-
lar technique employed for microarray data analysis and
gene expression [73]. Hierarchical methods are based on
building a distance matrix summarizing all the pairwise
similarities between expression profiles, and then gener-
ating cluster trees (also called dendrograms) from this
matrix. Genes which appear to be coexpressed at various
time points are positioned close to one another in the tree
whose branches lengths represent the degree of similarity
between expression profiles.

Decision trees [74] were used to classify proteins as
either soluble or insoluble, based on features of their
amino acid sequences. Useful rules relating these features
with protein solubility were then determined by tracing
the paths through the decision trees. Protein solubility
strongly influences whether a given protein is a feasible
target for structure determination, so the ability to predict
this property can be a valuable asset in the optimization of
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high-throughput projects. These techniques have already
been applied to the study of gene expression patterns
[73]. Neverthless, classical hierarchical clustering presents
drawbacks when dealing with data containing a nonnegli-
gible amount of noise. Hierarchical clustering suffers from
a lack of robustness and solutions may not be unique and
dependent on the data order. Also, the deterministic na-
ture of hierarchical clustering and the impossibility of re-
evaluating the results in the light of the complete data can
cause some clusters of patterns to be based on local deci-
sions rather than on the global picture.

Self-organizing mapping (SOM)

The self-organizing feature map (SOM) [75] consists
of a neural network whose nodes move in relation to cat-
egory membership. As with k-means, a distance measure
is computed to determine the closest category centroid.
Unlike k-means, this category is represented by a node
with an associated weight vector. The weight vector of the
matching node, along with those of neighboring nodes,
is updated to more closely match the input vector. As
data points are clustered and category centroids are up-
dated, the positions of neighboring nodes move in rela-
tion to them. The number of network nodes which con-
stitute this neighborhood typically decreases over time.
The input space is defined by the experimental input
data, whereas the output space consists of a set of nodes
arranged according to certain topologies, usually two-
dimensional grids. The application of the algorithm maps
the input space onto the smaller output space, produc-
ing a reduction in the complexity of the analyzed data set
[76, 77]. Like PCA, the SOM is capable of reducing high-
dimensional data into a 1- or 2-dimensional representa-
tion. The algorithm produces a topology-preserving map,
conserving the relationships among data points. Thus, al-
though either method may be used to effectively parti-
tion the input space into clusters of similar data points,
the SOM can also indicate relationships between clus-
ters.

SOM is reasonably fast and can be easily scaled to
large data sets. They can also provide a partial structure
of clusters that facilitate the interpretation of the results.
SOM structure, unlike the case of hierarchical cluster, is a
two-dimensional grid usually of hexagonal or rectangular
geometry, having a number of nodes fixed from the be-
ginning. The nodes of the network are initially random
patterns. During the training process, that implies slight
changes in the nodes after repeated comparison with the
data set, the node changes in a way that captures the dis-
tribution of variability of the data set. In this way, similar
gene, peak, protein profile patterns map close together in
the network and, as far as possible from the different pat-
terns.

A combination of SOM and decision tree was pro-
posed by Herrero et al [78]. The description of the algo-
rithm is given as follows: given the patterns of expression
that has to be classified, if two genes are described by their

expression patterns as g1(e11, e12, . . . , e1n) and g2(e21, e22,
. . . , e2n) and their distance d1,2 =

√∑
(e1i − e2i)2, the ini-

tial system of the SOM is composed of two external el-
ements, connected by an internal element. Each cell is a
vector with the same size as the gene profiles. The entries
of the two cells and the node are initialized. The network
is trained only through their terminal neurons or cells.
The algorithm proceeds by expanding the output topol-
ogy starting from the cell having the most heterogeneous
population of associated input gene profiles. Two new de-
scendents are generated from this heterogeneous cell that
changes its state from cell to node. The series of opera-
tions performed until a cell generates two descendents is
called a cycle. During a cycle, cells and nodes are repeat-
edly adapted by the input gene profiles. This process of
successive cycles of generation of descendant cells can last
until each cell has one single input gene profile assigned
(or several, identical profiles), producing a complete clas-
sification of all the gene profiles. Alternatively, the expan-
sion can be stopped at the desired level of heterogeneity in
the cells, producing in this way a classification of profiles
at a higher hierarchical level.

Kanaya et al [79] use SOM to efficiently and compre-
hensively analyze codon usage in approximately 60,000
genes from 29 bacterial species simultaneously. They
showed that SOM is an efficient tool for characteriz-
ing horizontally transferred genes and predicting the
donor/acceptor relationship with respect to the trans-
ferred genes. They examined codon usage heterogeneity
in the E coli O 157 genome, which contains the unique
segments including O-islands [81] that are absent in E coli
K 12.

Support vector machine (SVM)

SVM originally introduced by Vapnik and cowork-
ers [82, 83] is a supervised machine learning technique.
SVMs are a relatively new type of learning algorithms
[84, 85] successively extended by a number of researchers.
Their remarkably robust performance with respect to
sparse and noisy data is making them the system of choice
in a number of applications from text categorization to
protein function prediction. SVM has been shown to per-
form well in multiple area of biological analysis includ-
ing evaluating microarray expression data [86], detect-
ing remote protein homologies, and recognizing transla-
tion initiation sites [87, 88, 89]. When used for classifi-
cation, they separate a given set of binary-labeled train-
ing data with a hyperplane that is maximally distant from
them known as “the maximal margin hyperplane.” For
cases in which no linear separation is possible, they can
work in combination with the technique of “kernels” that
automatically realizes a nonlinear mapping to a feature
space.

The SVM learning algorithm finds a hyperplane (w,b)
such that the margin γ is maximized.The margin γ is de-
fined as a function of distance between the input x, labeled
by the random variable y, to be classified and the decision
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boundary (〈w, φ(x)〉 − b):

γ = min
x

sign
{〈

w, φ(x)
〉− b

}
, (8)

where φ is a mapping function from the input space to the
feature space.

The decision function to classify a new input x is

f (x) = sign

( m∑
i=1

αiyi
〈
φ(xi), φ(x)

〉− b

)
. (9)

When the data is not linearly separable, one can use
more general functions that provide nonlinear decision
boundaries, like polynomial kernels

Kij =
〈
φ(xi), φ(x j)

〉 = (〈xi, x j〉 + 1
)p

(10)

or Gaussian kernels Kij = e−‖xi−x j‖/σ2
, where p and σ are

kernel parameters.
To apply the SVM for gene classification, a set of ex-

amples was assembled containing genes of known func-
tion, along with their corresponding microarray expres-
sion profiles. The SVM was then used to predict the
functions of uncharacterized yeast open reading frames
(ORFs) based on the expression-to-function mapping es-
tablished during training [86]. Supervised learning tech-
niques appear to be ideal for this type of functional classi-
fication of microarray targets, where sets of positive and
negative examples can be compiled from genomic se-
quence annotations.

Boolean network

The basis for the Boolean networks was introduced by
Turing and von Neumann in the form of automata the-
ory [90, 91]. A Boolean network is a system of n inter-
connected binary elements; any element in the system can
be connected to a series I of other k elements, where k
(and hence I) can vary. For each individual element, there
is a logical or Boolean rule B which computes its value
based on the values of elements connected with one. The
state of the system S is defined by the pattern of states
(on/off or 0/1) of all elements. All elements are updated
synchronously, moving the system into its next state, and
each state can have only one resultant state. The total sys-
tem space is defined as all possible N combinations of the
values of the n elements in S.

One of the important types of information underly-
ing the expression profile data is the regulatory networks
among genes, which is called also “genetic network.”
Modeling with the Boolean network [92, 93, 94, 95] has
been investigated for inferences of the genetic networks.
Tavazoie et al [96] proposed an approach that combines
cluster analysis with sequence motif detection to deter-
mine the genetic network architecture. Recently, an ap-
proach to infer the genetic networks with Bayesian net-
works was proposed [97] but still a little has been done in
this area using Boolean network.

Combination of cluster analysis and a graphical
Gaussian modeling (GGM)

GGM is an algorithm that was proposed by Toh and
Horimoto [98] to cluster expression profile data. GGM is
a multivariate analysis to infer or test a statistical model
for the relationship among a plural of variables, where a
partial correlation coefficient, instead of a correlation co-
efficient, is used as a measure to select the first type of
interaction [99, 100]. In GGM, the statistical model for
the relationship among the variables is represented as a
graph, called the “independence graph,” where the nodes
correspond to the variables under consideration and the
edges correspond to the first type of interaction between
variables. More specifically, an edge in the independence
graph indicates a pair of variables that are conditionally
dependent. GGM was applied for the expression profile
data of 2467 Saccharomyces cerevisiae genes measured un-
der 79 different conditions [73]. The 2467 genes were clas-
sified into 34 clusters by a cluster analysis, as a preprocess-
ing for GGM. Then the expression levels of the genes in
each cluster were averaged for each condition. The aver-
aged expression profile data of 34 clusters were subjected
to GGM and a partial correlation coefficient matrix was
obtained as a model of the genetic network of the S cere-
visiae.

Other probabilistic and clustering methods
and applications

To try to make a sense to microarray data distribu-
tions, Hoyle et al [101] proposed a comparison of the en-
tire distribution of spot intensities between experiments
and between organisms. The novelty of this study is by
showing that there is a close agreement with Benford’s law
and Zipf ’s law [102, 103] which is a combination of log-
normal distribution of large majority of the spot intensity
values and the Zipf ’s law for the tail.

In addition to the clustering methods that we have de-
scribed, there exist numerous other methods. Bensmail
and Celeux [104] used model-based cluster analysis to
cluster 242 cases of various grades of neoplasia which were
collected and diagnosed in a subsequently taken biopsy
[105]. There were 50 cases with mild displasia, 50 cases
with moderate displasia, 50 cases with severe displasia, 50
cases with carcinoma in situ, and 42 cases with invasive
carcinoma. Eleven measurements were used in this study,
7 are ordinal and 4 are numerical. Using eigenvalue de-
composition regularized discriminant analysis algorithm
(EDRDA), 14 models were investigated and their perfor-
mance was measured by their error rate of misclassifica-
tion with cross-validation. Each model describes a specific
orientation, shape, and volume of the cluster defined by
the spectral decomposition of the covariance matrix Σk

related to each cluster:

Σk = λkDkAkD
t
k, (11)
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Table 1. Summary of the 14 models presented in Bensmail and Celeux [104].

Model 1 = [λDADt
]

Model 2 = [λkDADt
]

Model 3 = [λDAkDt
]

Model 4 = [λkDAkDt
]

Model 5 = [λDkAD
t
k

]
Model 6 = [λkDkAD

t
k

]
Model 7 = [λDkAkD

t
k

]
Model 8 = [λkDkAkD

t
k

]
Model 9 = [λI] Model 10 = [λkI] Model 11 = [λB] Model 12 = [λkB]

Model 13 = [λBk

]
Model 14 = [λkBk

]

Table 2. Summary of the properties of the most commonly applied algorithms for data analysis.

Time/space Strengths Weaknesses

PCA

(
p(p + 1)/2

)
Dimension reduction Circular shape

p: no. of variables

Unsupervised learning
normal mixture

(
kp2n

)
/ O(kn)

Clustering and prediction Normality assumptionp: no. of variables

k: no. of clusters

Weighted voting
(kp)

Tailored weights
Binary classificationp: no. of variables

Weights flexibility
k: no. of clusters

kNN

(tkn)
Image processing Known meank: no. of clusters
Handling missing data Known number of classesn: no. of observations

t: no. of iterations

ANN
O(n)

Nonlinear/Noisy data Black box behavior
n: no. of observations

Hierarchical/tree
O
(
n2
)

Readability of results
Numerical data only

n: no. of observations No scaling of data

SOM
O(n)

Topology preserving
Trained on normal data
No reliabilityn: no. of observations

Computationally tractable

Handling high dimension

SVM
O
(
n2
)

Easy training
Need to a kernel function

n: no. of observations Handling high-dimensional data

Boolean network

O
(
n(d)

)
Defining relationships

No handling of missing data
Trained on large datan: no. nodes

d: max(indegree)

GGM

O
(
kp2

)
Probabilistic model

Conditional probabilityk: no. of clusters
Graphical model

p: no. of variables

Model-based

O
(
kp2n

)
Geometry of the clusters Normality

k: no. of clusters

n: no. of observations

p: no. of variables

where λk = |Σk|1/p describes the volume of the cluster Gk,
Dk, the eigenvectors matrix, describes the orientation of
the cluster Gk, and Ak, the eigenvalues matrix, describes
the shape of the cluster Gk. Table 1 summarizes the four-
teen models.

This methodology seems very promising since it took
in consideration the characteristics of the clusters (shape,

volume, and orientation) and then proposed a flexible
way of discriminating the data by proposing a panoply
of rules varying from the simple one (linear discrimi-
nant rule) to the complex one (quadratic discriminant
rule). This methodology can easily be applied to discrim-
inate/classify peaks of protein profiles when they are ap-
propriately transformed. Since EDRDA is based on the
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assumption that the data is distributed according to a
mixture of Gaussian distributions, some extent to which
different transformations of gene expression or protein
profiles sets satisfying the normality assumption may
be explored. Three commonly used transformations can
be applied: logarithm, square root, and standardization
(wherein the raw expression levels for each gene [protein
profile] are transformed by substracting their mean and
dividing by their standard deviation) [106]. Other more
interesting transformations may be investigated including
kernel smoother.

The summary of the above-described methods for
clustering, classification, and prediction of gene expres-
sion and protein profiles sets is presented in Table 2. We
present the algorithms, their performance, their strengths,
and weaknesses. Over all, some methods are efficient for
some applications such as imputing data but performs less
in clustering. Probabilistic methods such as model-based
methods and mixture models are interesting to look at af-
ter transforming the data sets because they are a natural
fit to cluster data sets with underlying distribution. Non-
probabilistic methods such as the Neural network and the
Kohonen mapping may be interesting when the data con-
tains an important amount of noise.

CONCLUSION

The postgenomic era holds phenomenal promise for
identifying the mechanistic bases of organismal develop-
ment, metabolic processes, and disease, and we can con-
fidently predict that bioinformatics research will have a
dramatic impact on improving our understanding of such
diverse areas as the regulation of gene expression, protein
structure determination, comparative evolution, and drug
discovery.

Software packages and bioinformatic tools have been
and are being developed to analyze 2D gel protein pat-
terns. These software applications possess user-friendly
interfaces that are incorporated with tools for lineariza-
tion and merging of scanned images. The tools also help
in segmentation and detection of protein spots on the im-
ages, matching, and editing [107]. Additional features in-
clude pattern recognition capabilities and the ability to
perform multivariate statistics. The handling and analy-
sis of the type of data to be collected in proteomic inves-
tigations represent an emerging field [Bensmail H, Hes-
pen J. Semmes OJ, and Haudi A. Fast Fourier trans-
form for Bayesian clustering of Proteomics data (unpub-
lished data).]. New techniques and new collaborations be-
tween computer scientists, biostatisticians, and biologists
are called for. There is a need to develop and integrate
database repositories for the various sources of data being
collected, to develop tools for transforming raw primary
data into forms suitable for public dissemination or for-
mal data analysis, to obtain and develop user interfaces to
store, retrieve, and visualize data from databases and to
develop efficient and valid methods of data analysis.
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In the growing field of proteomics, tools for the in silico analysis of proteins and even of whole proteomes are of crucial importance to
make best use of the accumulating amount of data. To utilise this data for healthcare and drug development, first the characteristics
of proteomes of entire species—mainly the human—have to be understood, before secondly differentiation between individuals can
be surveyed. Specialised databases about nucleic acid sequences, protein sequences, protein tertiary structure, genome analysis, and
proteome analysis represent useful resources for analysis, characterisation, and classification of protein sequences. Different from
most proteomics tools focusing on similarity searches, structure analysis and prediction, detection of specific regions, alignments,
data mining, 2D PAGE analysis, or protein modelling, respectively, comprehensive databases like the proteome analysis database
benefit from the information stored in different databases and make use of different protein analysis tools to provide computational
analysis of whole proteomes.

INTRODUCTION

Continual advancement in proteome research has led
to an influx of protein sequences from a wide range of
species, representing a challenge in the field of Bioin-
formatics. Genome sequencing is also proceeding at an
increasingly rapid rate, and this has led to an equally
rapid increase in predicted protein sequences. All these se-
quences, both experimentally derived and predicted, need
to be stored in comprehensive, nonredundant protein se-
quence databases. Moreover, they need to be assembled
and analysed to represent a solid basis for further compar-
isons and investigations. Especially the human sequences,
but also those of the mouse and other model organisms,
are of interest for the efforts towards a better understand-
ing of health and disease. An important instrument is the
in silico proteome analysis.

The term “proteome” is used to describe the protein
equivalent of the genome. Most of the predicted protein
sequences lack a documented functional characterisation.
The challenge is to provide statistical and comparative
analysis and structural and other information for these se-
quences as an essential step towards the integrated analy-
sis of organisms at the gene, transcript, protein, and func-
tional levels.

Especially whole proteomes represent an important
source for meaningful comparisons between species and
furthermore between individuals of different health states.
To fully exploit the potential of this vast quantity of data,
tools for in silico proteome analysis are necessary. In the

following, some important sources for proteome analy-
sis like sequence databases and analysis tools will be de-
scribed, which represent highly useful proteomics tools
for the discovery of protein function and protein charac-
terisation.

RESOURCES

Important tools for genome and proteome analysis
are databases that store the huge amount of biological
data, which is often no longer published in conventional
publications. These databases, especially in combination
with database search tools and tools for the computational
analysis of the data, are necessary resources for biological
and medical research.

Sequence databases

Sequence databases are of special importance for dif-
ferent fields of research because they are comprehensive
sources of information on nucleotide sequences and pro-
teins. There are basically three types of sequence-related
databases, collecting nucleic acid sequences, protein se-
quences, and protein tertiary structures, respectively.

Nucleotide sequence databases

In nucleotide sequence databases, data on nucleic
acid sequences as it results from the genome sequenc-
ing projects, and also from smaller sequencing efforts,
is stored. The vast majority of the nucleotide sequence
data produced is collected, organized, and distributed
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by the International Nucleotide Sequence Database Col-
laboration [1], which is a joint effort of the nucleotide
sequence databases EMBL-EBI (European Bioinformat-
ics Institute, http://www.ebi.ac.uk), DDBJ (DNA Data
Bank of Japan, http://www.ddbj.nig.ac.jp), and Gen-
Bank (National Center for Biotechnology Information,
http://www.ncbi.nlm.nih.gov). The nucleotide sequence
databases are data repositories, accepting nucleic acid se-
quence data from the community and making it freely
available. The databases strive for completeness, with
the aim of recording and making available every pub-
licly known nucleic acid sequence. EMBL, GenBank, and
DDBJ automatically update each other every 24 hours
with new or updated sequences. Since their conception in
the 1980s, the nucleic acid sequence databases have expe-
rienced constant exponential growth. There is a tremen-
dous increase of sequence data due to technological ad-
vances. At the time of writing, the DDBJ/EMBL/GenBank
Nucleotide Sequence Database has more than 10 billion
nucleotides in more than 10 million individual entries. In
effect, these archives currently experience a doubling of
their size every year. Today, electronic bulk submissions
from the major sequencing centers overshadow all other
input and it is not uncommon to add to the archives more
than 7000 new entries, on average, per day.

Protein sequence databases

In protein sequence databases, information on pro-
teins is stored. Here it has to be distinguished between
universal databases covering proteins from all species
and specialised data collections storing information about
specific families or groups of proteins, or about the pro-
teins of a specific organism. Two categories of univer-
sal protein sequence databases can be discerned: simple
archives of sequence data and annotated databases where
additional information has been added to the sequence
record. Especially the latter are of interest for the needs of
proteome analysis.

PIR, the protein information resource [2] (http://
www-nbrf.georgetown.edu/) has been the first protein se-
quence database which was established in 1984 by the Na-
tional Biomedical Research Foundation (NBRF) as a suc-
cessor of the original NBRF Protein Sequence Database.
Since 1988 it has been maintained by PIR-International,
a collaboration between the NBRF, the Munich Informa-
tion Center for Protein Sequences (MIPS), and the Japan
International Protein Information Database (JIPID). The
PIR release 71.04 (March 1, 2002) contains 283 153 en-
tries. It presents sequences from a wide range of species,
not especially focusing on human.

SWISS-PROT [3] is an annotated protein sequence
database established in 1986 and maintained since
1988 collaboratively by the Swiss Institute of Bioinfor-
matics (SIB) (http://www.expasy.org/) and the EMBL
Outstation-The European Bioinformatics Institute (EBI)
(http://www.ebi.ac.uk/swissprot/). It strives to provide
a high level of annotation such as the description of

the function of a protein, its domain structure, post-
translational modifications, variants, and so forth, and
a minimal level of redundancy. More than 40 cross-
references—about 4 000 000 individual links in total—to
other biomolecular and medical databases, such as the
EMBL/GenBank/DDBJ international nucleotide sequence
database [1], the PDB tertiary structure database [4] or
Medline, are providing a high level of integration. Human
sequence entries are linked to MIM [5], the “Mendelian
Inheritance in Man” database that represents an extensive
catalogue of human genes and genetic disorders. SWISS-
PROT contains data that originates from a wide variety
of biological organisms. Release 40.22 (June 24, 2002)
contains a total of 110 824 annotated sequence entries
from 7459 different species; 8294 of them are human se-
quences. The annotation of the human sequences is part
of the HPI project, the human proteomics initiative [6],
which aims at the annotation of all known human pro-
teins, their mammalian orthologues, polymorphisms at
the protein sequence level, and posttranslational modifi-
cations, and at providing tight links to structural informa-
tion and clustering and classification of all known verte-
brate proteins. Seven hundred sixty-one human protein
sequence entries in SWISS-PROT contain data relevant
to genetic diseases. In these entries, the biochemical and
medical basis of the diseases are outlined, as well as infor-
mation on mutations linked with genetic diseases or poly-
morphisms, and specialised databases concerning specific
genes or diseases are linked [7].

TrEMBL (translation of EMBL nucleotide sequence
database) [3] is a computer-annotated supplement to
SWISS-PROT, created in 1996 with the aim to make new
sequences available as quickly as possible. It consists of en-
tries in SWISS-PROT-like format derived from the trans-
lation of all coding sequences (CDSs) in the EMBL nu-
cleotide sequence database, except the CDSs already in-
cluded in SWISS-PROT. TrEMBL release 21.0 (June 21,
2002) contains 671 580 entries, which should be eventu-
ally incorporated into SWISS-PROT, 32 531 of them hu-
man. Before the manual annotation step, automated an-
notation [8, 9] is applied to TrEMBL entries where sensi-
ble.

SP TR NRDB (or abbreviated SPTR or SWALL) is a
database created to overcome the problem of the lack of
comprehensiveness of single-sequence databases: it com-
prises both the weekly updated SWISS-PROT work re-
lease and the weekly updated TrEMBL work release. So
SPTR provides a very comprehensive collection of human
sequence entries, currently 45 629.

The CluSTr (clusters of SWISS-PROT and TrEMBL
proteins) database [10] (http://www.ebi.ac.uk/clustr) is
a specialised protein sequence database, which offers an
automatic classification of SWISS-PROT and TrEMBL
proteins into groups of related proteins. The cluster-
ing is based on analysis of all pairwise comparisons be-
tween protein sequences. Analysis has been carried out for
different levels of protein similarity, yielding a hierarchical
organisation of clusters.
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Protein tertiary structure databases

The number of known protein structures is increas-
ing very rapidly and these are available through PDB, the
protein data bank [4] (http://www.rcsb.org/pdb/). There
is also a database of structures of “small” molecules of in-
terest to biologists concerned with protein-ligand inter-
actions, available from the Cambridge Crystallographic
Data Centre (http://www.ccdc.cam.ac.uk/).

In addition, there are also a number of derived
databases, which enable comparative studies of 3D struc-
tures as well as to gain insight on the relationships
between sequence, secondary structure elements, and
3D structure. DSSP (dictionary of secondary structure
in proteins, http://www.sander.ebi.ac.uk/dssp/) [11] con-
tains the derived information on the secondary struc-
ture and solvent accessibility for the protein struc-
tures stored in PDB. HSSP (homology-derived secondary
structure of proteins, http://www.sander.ebi.ac.uk/hssp/)
[12] is a database of alignments of the sequences of
proteins with known structure with all their close ho-
mologues. FSSP (families of structurally similar pro-
teins, http://www.ebi.ac.uk/dali/fssp/) [13] is a database
of structural alignments of proteins. It is based on an all-
against-all comparison of the structures stored in PDB.
Each database entry contains structural alignments of sig-
nificantly similar proteins but excludes proteins with high
sequence similarity since these are usually structurally
very similar.

The SCOP (structural classification of proteins)
database [14] (http://scop.mrc-lmb.cam.ac.uk/scop/) has
been created by manual inspection and abetted by a bat-
tery of automated methods. This resource aims to provide
a detailed and comprehensive description of the structural
and evolutionary relationships between all proteins whose
structure is known. As such, it provides a broad survey of
all known protein folds and detailed information about
the close relatives of any particular protein.

Another database, which attempts to classify protein
structures in the PDB, is the CATH database [15] (http://
www.biochem.ucl.ac.uk/bsm/cath new/), a hierarchical
domain classification of protein structures in the PDB.

Proteome analysis databases and tools

Tools and databases for proteome analysis are based
on reliable algorithms and information about protein se-
quences and structures derived from comprehensive pro-
tein databases. It can be difficult to distinguish between
“database” and “tool” since databases providing precom-
puted data and search algorithms can offer a high func-
tionality towards protein analysis.

Proteome analysis databases

The classic proteomics databases are those of 2D gel
electrophoresis data such as the SWISS-2DPAGE database
(two-dimensional polyacrylamide gel electrophoresis

database) [16] (http:// www.expasy.ch/ch2d/). However,
since the genome sequencing is proceeding at an increas-
ingly rapid rate, this leads to an equally rapid increase in
predicted protein sequences entering the protein sequence
databases. Most of these predicted protein sequences are
without a documented functional role. The challenge is
to bridge the gap until functional data has been gath-
ered through experimental research by providing statis-
tical and comparative analysis and structural and other
information for these sequences. This way of computa-
tional analysis can serve as an essential step towards the
integrated analysis of organisms at the gene, transcript,
protein, and functional levels.

Proteome analysis databases have been set up to pro-
vide comprehensive statistical and comparative analyses
of the predicted proteomes of fully sequenced organisms.

The proteome analysis database [17] (http://www.ebi.
ac.uk/proteome) has the more general aim of integrat-
ing information from a variety of sources that will to-
gether facilitate the classification of the proteins in com-
plete proteome sets. The proteome sets are built from the
SWISS-PROT and TrEMBL protein sequence databases
that provide reliable, well-annotated data as the basis for
the analysis. Proteome analysis data is available for all
the completely sequenced organisms present in SWISS-
PROT and TrEMBL, spanning archaea, bacteria, and
eukaryotes. In the proteome analysis effort, the Inter-
Pro [18] (http://www.ebi.ac.uk/interpro/) and CluSTr re-
sources have been used. Links to structural information
databases like the HSSP and PDB are provided for indi-
vidual proteins from each of the proteomes. A functional
classification using gene ontology (GO; [19]) is also avail-
able. The proteome analysis database provides a broad
view of the proteome data classified according to signa-
tures describing particular sequence motifs or sequence
similarities and at the same time affords the option of
examining various specific details like structural or func-
tional classification. It currently (June 2002) contains sta-
tistical and analytical data for the proteins from 77 com-
plete genomes.

The international protein index (IPI) (http://www.ebi.
ac.uk/IPI/IPIhelp.html) provides a top-level guide to the
main databases that describe the human and mouse
proteome, namely SWISS-PROT, TrEMBL, RefSeq [20],
and EnsEMBL [21]. IPI maintains a database of cross-
references between the primary data sources with the aim
of providing a minimally redundant yet maximally com-
plete set of human proteins (one sequence per transcript).

Proteome analysis tools

Traditional proteomics tools like those accessible from
the ExPASy server (http://www.expasy.org) represent a
variety of possibilities to analyse proteins. They help
to identify and characterise proteins, to convert DNA
sequences into amino acid sequences, and to perform
similarity searches, pattern and profile searches, post-
translational modification prediction, primary structure
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Table 1. InterPro comparative analysis of Homo sapiens and Mus musculus proteomes—the first 17 of the top 30 hits are shown.

H sapiens M musculus

InterPro
Proteins matched Rank Proteins matched Rank

Description
(Proteome coverage) (Proteome coverage)

IPR000822 1165 (3.4%) 1 341 (1.4%) 5 Zn-finger, C2H2 type

IPR003006 928 (2.7%) 2 498 (2.1%) 3 Immunoglobulin/major histocompatibility complex

IPR000719 738 (2.2%) 3 387 (1.6%) 4 Eukaryotic protein kinase

IPR000694 713 (2.1%) 4 0 Poline-rich region

IPR000276 681 (2.0%) 5 401 (1.7%) 29 Rhodopsin-like GPCR superfamily

IPR002290 515 (1.5%) 6 275 (1.1%) 7 Serine/threonine protein kinase

IPR000561 417 (1.2%) 7 212 (0.9%) 13 EGF-like domain

IPR001909 405 (1.2%) 8 85 (0.4%) 15 KRAB box

IPR001680 386 (1.1%) 9 168 (0.7%) 17 G-protein beta WD-40 repeat

IPR001245 375 (1.1%) 10 180 (0.7%) 10 Tyrosine protein kinase

IPR001841 358 (1.1%) 11 180 (0.7%) 34 Zn-finger, RING

IPR003599 347 (1.0%) 12 174 (0.7%) 8 Immunoglobulin subtype

IPR000504 346 (1.0%) 13 156 (0.6%) 21 RNA-binding region RNP-1 (RNP recognition motif)

IPR003600 345 (1.0%) 14 170 (0.7%) 6 Immunoglobulin-like

IPR001849 326 (1.0%) 15 128 (0.5%) 33 Pleckstrin-like

IPR002965 299 (0.9%) 16 102 (0.4%) 11 Proline-rich extensin

IPR001452 296 (0.9%) 17 138 (0.6%) 32 SH3 domain

analysis, secondary and tertiary structure prediction, de-
tection of transmembrane regions, alignments, and bio-
logical text analysis. Moreover, there is a software avail-
able for 2D PAGE analysis, automated knowledge-based
protein modelling, and structure display and analysis.

The analysis of whole proteomes represents an even
bigger challenge. Large and comprehensive databases and
knowledge bases are developed and used which pro-
vides large sets of precomputed data. To gather this com-
prehensive data, a vast amount of underlying informa-
tion is necessary. The proteome analysis database, men-
tioned above, uses annotated information about pro-
teins from the SWISS-PROT/TrEMBL database and auto-
mated protein classifications from InterPro, CluSTr, HSSP,
TMHMM [22], and SignalP [23]. The precomputation
permits comparisons of whole proteomes of completely
sequenced organisms with those of others (Table 1). Users
of the database can perform their own interactive pro-
teome comparisons between any combinations of organ-
isms in the database. Moreover, structural features of in-
dividual proteomes like the protein length distribution
(Figure 1), amino acid composition (Figure 2), affiliation
of the different proteins to protein families, and the num-
ber of sequences in total and those displayed by other
databases can be requested. Users are also able to run a
Fasta similarity search (Fasta3) on their own sequence

against a complete proteome in the database with the help
of a specific search form. It is possible to download a pro-
teome set or a list of InterPro matches for a given organ-
ism, to see the current status of all complete proteomes in
SWISS-PROT and TrEMBL, and to download GO anno-
tation for the human proteome.

Other tools important especially for laboratory sci-
entists are image analysis tools, laboratory information
management systems, and software for the characterisa-
tion from mass spectrometric data.

DISCUSSION

In the last years there has been a tremendous in-
crease in the amount of data available concerning the hu-
man genome and more particularly the molecular ba-
sis of genetic diseases. Every week, new discoveries are
made that link one or more genetic diseases to defects in
specific genes. To take into account these developments,
the SWISS-PROT protein sequence database for exam-
ple is gradually enhanced by the addition of a number
of features that are specifically intended for researchers
working on the basis of human genetic diseases as well as
the extent of polymorphisms. The latter are very impor-
tant too, since they may represent the basis for differences
between individuals, which are particularly interesting
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(a) Homo sapiens. Analysis of full-length proteins (fragments
excluded). Average proteins length: 469 ± 567 amino acid
residues.
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(b) Mus musculus (mouse). Analysis of full-length proteins
(fragments excluded). Average proteins length: 416 ± 384
amino acid residues. Size range: 10–7389 amino acid residues.

Figure 1. Protein length distribution of Homo sapiens and Mus
musculus.

for some aspects of medicine and drug research. Such
comprehensive sequence databases are mandatory for the
use of proteome analysis tools like the proteome analysis
database, which combines the different protein sequences
of a given organism to a complete proteome. This pro-
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(b) Mus musculus (mouse)

Figure 2. Amino acid composition of Homo sapiens and Mus
musculus. (The total number of each amino acid in each pro-
teome is given additionally as well as the frequency in (%).)

teome can be regarded as a whole new unit, analysable
according to different points of view (like distribution of
domains and protein families, and secondary and tertiary
structures of proteins), and can be made comparable to
other proteomes. In general, for using the proteomics data
for healthcare and drug development, first the characteris-
tics of proteomes of entire species—mainly the human—
have to be understood before secondly differentiation be-
tween individuals can be surveyed.
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But although the number of proteome analysis tools
and databases is increasing and most of them are provid-
ing a very good quality of computational efforts and/or
annotation of information, the user should not forget
that automated analysis always can hold some mistakes.
Data material in databases is reliable, but only to a cer-
tain point. Automatic tools which use data derived from
databases can thus be error-prone, rules built on their ba-
sis can be wrong, and sequence similarities can occur due
to chance and not due to relationship. Users of bioinfor-
matics tools should in no way feel discouraged in their us-
ing, they only should keep in mind the potential pitfalls of
automated systems and even of humans—and be encour-
aged to check all data as far as possible and not blindly rely
on them.
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Predictive medicine, utilizing the ProteinChip� Array technology, will develop through the implementation of novel biomarkers
and multimarker patterns for detecting disease, determining patient prognosis, monitoring drug effects such as efficacy or toxicity,
and for defining treatment options. These biomarkers may also serve as novel protein drug candidates or protein drug targets. In ad-
dition, the technology can be used for discovering small molecule drugs or for defining their mode of action utilizing protein-based
assays. In this review, we describe the following applications of the ProteinChip Array technology: (1) discovery and identifica-
tion of novel inhibitors of HIV-1 replication, (2) serum and tissue proteome analysis for the discovery and development of novel
multimarker clinical assays for prostate, breast, ovarian, and other cancers, and (3) biomarker and drug discovery applications for
neurological disorders.

INTRODUCTION

The ProteinChip Array technology is used for the
discovery, validation, identification, and characterization
of disease-associated proteins from biological samples.
The versatile nature of this technology is enabling for a
wide variety of applications in both research and clinical
proteomics and will be reviewed in three application
areas. A recent publication presents the use of the flex-
ibility and power of the ProteinChip Array platform to
elucidate the nature of novel protein inhibitors of HIV-1
replication, the molecules previously known as the CD8+

antiviral factors. Numerous cancer-related publications
have demonstrated the discovery and development of
biomarkers and multimarker patterns for protein-based
predictive medicine. Finally, we discuss a variety of drug
discovery applications using Alzheimer’s disease as the
model system.

SELDI PROTEINCHIP� ARRAY TECHNOLOGY

The ProteinChip Array technology is based on surface-
enhanced laser desorption/ionization time-of-flight mass
spectrometry (SELDI-TOF-MS) [1]. The key components
of this technology are the ProteinChip Arrays, the Pro-
teinChip Reader, and the associated software. ProteinChip
Arrays use various chromatography surfaces or biologi-
cal surfaces to capture proteins from complex biological
mixtures according to their physicochemical properties.
Chromatographic surfaces are composed of hydrophobic,
hydrophilic, ion exchange, immobilized metal, or other

chemistries. These surfaces are often used for profiling
proteins from biological mixtures, for biomarker discov-
ery, and for assay implementation. This is considered a de
novo protein discovery approach in that no prior knowl-
edge of the specific proteins is required as would be the
case using antibody-based arrays. The activated surfaces
are used to covalently immobilize specific bait molecules
such as antibodies, receptors, or oligonucleotides often
used for biomolecular interaction studies such as protein-
protein and protein-DNA interactions.

Biological samples such as cell lysates, tissue extracts,
or biological fluids are added to a spot on a ProteinChip
Array and proteins are allowed to bind to the surface
based on the general chromatographic or specifically de-
signed biological affinity properties. The unbound pro-
teins and mass spectrometric interfering compounds are
washed away and the proteins that are retained on the ar-
ray surface are analyzed and detected by SELDI-TOF-MS
using a ProteinChip Reader (Figure 1). The MS profiles
from the various sets of samples are then compared in
a technique described as differential protein expression
mapping, whereby relative expression levels of proteins
at specific molecular weights are compared by a variety
of statistical techniques and bioinformatic software sys-
tems [2].

DISCOVERY AND IDENTIFICATION OF HIV
REPLICATION INHIBITORS

HIV has so far infected 40 million people and 20 mil-
lions have died of the AIDS disease. It is expected that
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The ProteinChip Reader detects as little as 1 femtomole of captured protein
and assigns an accurate molecular weight using time-of-flight mass
spectrometry. Software generates results in various formats, including
a gel view and a protein map that compares protein expression profiles.

Wash buffers rinse away contaminants
and eliminate background noise.

The surface chemistry of the chip selectively isolates
and captures target proteins from the crude sample.
Binding buffers ensure optimal protein binding and
enhance binding selectivity.

Select one of several ProteinChip
Arrays, depending upon application,
and apply only 0.5 µL–500 µL
of biological fluid or tissue extract
to each of the eight spots.

Figure 1. Protein profiling protocol. Procedure for preparing the ProteinChip Arrays with biological samples and for analyzing the
retained proteins by SELDI-TOF-MS using a ProteinChip Reader.

around 3 millions more deaths will occur over the next
12 months, equating to over 9,000 deaths per day. Every
day, 15,000 more people are infected. Certain individuals
infected with HIV-1 virus remain in clinically stable con-
dition for many years after the infection and are classified
as long-term nonprogressors (LTNP). It has been known
for some time that CD8+ T lymphocytes from these in-
dividuals secrete a soluble factor, CD8+ antiviral factor
(CAF), that suppresses HIV-1 replication, irrespective of
viral phenotype [3]. CAF is found in greater abundance
in supernatants from LTNP CD8+ cells and not usually
detected from patients that progress to develop AIDS.

Despite enormous efforts by numerous laboratories
over the past 16 years, the identity of CAF has remained
elusive. Traditional approaches, including protein expres-
sion based on mRNA levels and several proteomic tech-
nologies, had failed to define the molecules responsible
for the full extent of this activity. Several studies have

shown that CAF lacks full identity to known chemokines.
Interleukin 16 (IL-16) was suggested as the identity of
CAF by Kruth and colleagues [4]; however, it is not
present in all CAF-containing fluids and it only reduces
HIV replication in an acute infection assay at high con-
centrations. Hence, it does not account for the CAF ac-
tivity. It was postulated by Gallo and colleagues that beta-
chemokines such as RANTES, MIP-1-alpha, and MIP-1-
beta were responsible for the antiviral activity of CD8+

cells [5]. But later it was shown that beta-chemokines can
competitively block the R5 viruses that use CCR5 as a
coreceptor but not the X4 viruses that use CXCR4 as a
coreceptor. Since CAF can inhibit both types of viruses,
beta-chemokines do not fully account for CAF activity.

Drs David Ho and Linqi Zhang and their col-
leagues from the Aaron Diamond AIDS Research Center
were supported by the Ciphergen Biomarker Discovery
Center� team in their discovery of the identity of CAF.
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Using Ciphergen’s ProteinChip System in their labora-
tory, Ho and colleagues discovered a cluster of low molec-
ular weight proteins (3.3 to 3.5 kd) that were present
in stimulated CD8+ cells from normal individuals and
LTNP, but not from patients progressing to AIDS. These
unique proteins were enriched by ion exchange followed
by reverse-phase chromatography. “This enrichment and
purification process was monitored by SELDI-TOF-MS.”
Following enrichment, these proteins were then defini-
tively identified as human alpha-defensin-1, -2, and -3 us-
ing Ciphergen’s PCI-1000 ProteinChip Interface on a tan-
dem MS system [6].

These findings were confirmed by in vitro inhibi-
tion of viral replication for many HIV-1 isolates. An-
tibodies specific for human alpha-defensins completely
eliminated the CAF activity, while the specific antibody-
based depletion of the molecules was demonstrated by
an on-chip SELDI-TOF-MS assay. Furthermore, the au-
thors demonstrated that commercially synthesized alpha-
defensins also inhibit the in vitro replication of HIV-1.
Taken together, all of these results indicated that alpha-
defensin-1, -2, and -3 collectively account for most of
the anti-HIV activity of CAF. Detailed mechanism and in
vivo studies will define the modes of action and biologi-
cal utility of the alpha-defensins. This discovery will have
a profound impact on the development of novel AIDS
therapeutic and diagnostic approaches. This is a power-
ful example demonstrating that in addition to the de novo
discovery of biomarker and multimarker patterns, SELDI
ProteinChip Array technology can identify novel protein
therapeutic drug candidates and assign novel biological
function to known proteins.

MULTIMARKER CLINICAL ASSAYS FOR CANCER

Cancer is the second leading cause of death in the Un-
tied States, exceeded only by heart disease. In the USA,
one out of every four deaths is from cancer. This year
555,000 Americans are expected to die of cancer, more
than 1500 people a day. Discovery and development of
better diagnostics and therapies are urgently needed to
fight this deadly disease. Most current diagnostic tests de-
tect cancer in advanced stages when treatment is often
difficult and prognosis is poor. Numerous studies have
shown that early detection of cancer increases treatment
options and improves survival rates. Novel biomarkers
can be discovered by comparing the differences in protein
expression profiles between serum or tissue extract sam-
ples from cancer patients and normal individuals. SELDI
ProteinChip Array technology has been used extensively
to profile proteins and discover biomarkers in different
types of cancers [7, 8, 9].

The laboratories of Drs George Wright, Jr, Daniel
Chan, Lance Liotta, Emanuel Petricoin, and many others
are currently using the SELDI ProteinChip Array technol-
ogy for serum proteome analysis. These laboratories are
focused on the discovery of markers and biomarker pat-

terns for the early detection of prostate, breast, ovarian,
and other cancers. The main objectives of these studies
are to find signature proteomic patterns, or multimarker
clinical assays, in serum that differentiate normal individ-
uals from cancer patients and have clinical performance
better than current single markers, thereby enabling more
accurate diagnoses by accounting for the heterogeneity of
cancer. In these studies, protein profiling data is generated
by SELDI ProteinChip Array technology followed by anal-
ysis utilizing numerous types of multivariate software al-
gorithms.

Research from these laboratories utilizing hundreds
of serum samples per study has led to the discovery of
multiple biomarkers or biomarker patterns that, when
used in combination, have higher clinical sensitivity and
specificity relative to the best available single-marker as-
says. For example, Wright and colleagues [7] discovered
that a SELDI multimarker profile combining nine dif-
ferent proteins generates an assay with better sensitivity
(83%) and specificity (97%) for diagnosis of prostate can-
cer than the prostate specific antigen (PSA) test. Chan and
colleagues [8] demonstrated that when three newly dis-
covered biomarkers for breast cancer are used in com-
bination, the SELDI assay has a significantly higher sen-
sitivity (93%) and specificity (91%) relative to CA15.3,
the best available protein marker. For ovarian cancer, Li-
otta and Petricoin et al [9] demonstrated that a SELDI
multimarker profile has sensitivity (100%) and specificity
(95%), compared to the poor performance of the CA125
test.

While studying serum protein profiles is helpful in the
early diagnosis of cancer, the final confirmation and stag-
ing of the disease comes from examining the tumor tissue
itself. Since tumor tissue is heterogeneous in nature, new
molecular techniques are needed to study the biomark-
ers that are present. Laser capture microdissection (LCM)
developed by Liotta and colleagues at the National Insti-
tutes of Health has enabled researchers to selectively pro-
cure pure population of cells from a stained tissue section
under direct microscopic visualization. The comprehen-
sive analysis of several cancer samples using SELDI-TOF-
MS to generate tissue-specific profiles of LCM-procured
samples has been reported [10, 11]. Wright and col-
leagues [11] used ProteinChip Array technology to dis-
cover several protein biomarkers, in cells procured by
LCM, that were specifically distinguished prostate can-
cer cells from surrounding normal prostate cells from the
same patient. Pawaletz et al [10] analyzed protein profiles
from patient-matched normal, premalignant, malignant,
and metastatic microdissected cell populations from hu-
man esophageal, prostate, breast, ovary, colon, and hep-
atic tissue sections by SELDI-TOF-MS. They obtained
reproducible and discriminatory protein biomarker pro-
files that differentiated normal cells from tumor cells and
discriminated different tumor types. Coupling LCM for
specific cell procurement with SELDI ProteinChip Array
technology has a tremendous potential for the discovery
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of specific biomarkers that are associated with each stage
of tumor development.

Both serum and tissue proteome analysis by SELDI
ProteinChip Array technology will have great utility in
protein-based predictive medicine as demonstrated in
these studies. Detailed molecular analysis of tissue has
great potential to assist with improved definition of tumor
aggressiveness and patient prognosis, and to assist with se-
lection of appropriate treatment option. Also, SELDI Pro-
teinChip Array multimarker serum protein patterns ap-
pear to perform significantly better in diagnosing differ-
ent types of cancers than currently used single-marker as-
says. If these multimarker SELDI-TOF-MS protein pro-
files are validated in larger and more clinically diverse
study sets, this approach can have immediate and sub-
stantial benefit for the early detection of many kinds of
cancers. As these studies expand, applications for protein-
based predictive medicine will further develop by estab-
lishing multimarker serum assays that address the more
defined clinical questions described above but with a
more easily acquired biological sample, possibly when the
solid tumor itself cannot be located.

BIOMARKER AND DRUG DISCOVERY APPLICATIONS
IN NEUROLOGICAL DISORDERS

The SELDI ProteinChip technology has been used by
several researchers to discover novel biomarkers and mul-
timarker panels that are relevant to the diagnosis and
patient stratification for Alzheimer’s disease, Parkinson’s
disease, multiple sclerosis, schizophrenia, HIV-induced
dementia, and so forth. In this section, we focus on drug
discovery applications of SELDI ProteinChip technology
in Alzheimer’s disease (AD). As the most prevalent form
of neurodegenerative disorders, AD affects about 4 mil-
lion people in the USA, generally people over the age of
65. Clinical features of AD include beta-amyloid deposits
in brain, neuritic plaques, and degeneration of synapses
[12]. In the familial forms of AD, mutation in the amy-
loid precursor protein (APP) or in a presenilin gene (PS1
or PS2) leads to increased amounts of the 40- and 42-
amino acid beta-amyloid peptides that are primary com-
ponents of plaques. The peptides originate from the pro-
teolysis of APP by two proteases known as beta-secretase
and gamma-secretase [13]. The advantage of using Pro-
teinChip technology for the analysis is that they can be de-
tected directly from a wide range of samples including cell
culture supernatant, CSF, and brain/nerve lysates. More-
over, very low amounts of sample are required.

All of the beta-amyloid peptides share a common
N-terminal sequence, so an antibody that is specifically
raised against this N-terminal sequence can be immobi-
lized on the ProteinChip Array and used to capture beta-
amyloid peptides from complex samples. The SELDI-
TOF-MS analysis of such a capture can be used to mon-
itor the relative amounts of peptides of various lengths,
including many from beta-amyloid 1–15 to 1–42, some

of which correlate more strongly with the development
of AD than others. This assay has been used successfully
to profile peptide variants secreted into the media of cul-
tured human neuronal cells that express the APP [14].
In addition, this assay was used to establish that BACE-
1 is the beta-secretase that is involved in the generation
of beta-amyloid peptides by neurons [15] and to discover
candidate biomarkers for AD from human CSF (unpub-
lished results, 2002). Secretases are thought to be poten-
tial drug targets and this assay has been widely used to dis-
cover novel secretase inhibitors [16], to study the function
of secretase inhibitors [17], and to monitor the changes
of beta-amyloid in serum and brain mediated by beta-
amyloid vaccination [18]. The drug discovery capabilities
of SELDI ProteinChip technology have been best demon-
strated in the various uses of this on-chip assay for mon-
itoring relative changes in various lengths of the beta-
amyloid peptides.

DISCUSSION

In this review, we have described a number of recent
publications that demonstrate the power of the SELDI
ProteinChip Array technology when utilized directly by
the translational medicine clinical researcher. The tech-
nology enables rapid testing of a clinical hypothesis,
which greatly enhances and accelerates discovery potential
and will enable protein-based predictive medicine. In the
first example, demonstration of alpha-defensin-1, -2, and
-3 as novel inhibitors of HIV-1 replication, the technology
was instrumental in discovering and identifying a set of
small proteins that had eluded researchers for 16 years. In
the second set of examples, we summarized results from
several publications presenting serum and tissue pro-
teome analyses. These studies describe the discovery and
development of multimarker clinical assays for prostate,
breast, ovarian, and other cancers. These assays hold great
promise for the early detection of cancer and for develop-
ment of protein-based predictive medicine. Finally, in the
third set of examples, we described publications that show
the utility of the technology as demonstrated by drug dis-
covery applications for AD. In addition to novel applica-
tions for protein-based predictive medicine, the technol-
ogy is powerful in its ability to discover and character-
ize novel protein drug candidates, protein-protein inter-
actions, and signal transduction pathways in the tumor
cells which would in turn be used to customize therapy
specific for each individual.
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Discovery of “signature” protein profiles that distinguish disease states (eg, malignant, benign, and normal) is a key step towards
translating recent advancements in proteomic technologies into clinical utilities. Protein data generated from mass spectrometers
are, however, large in size and have complex features due to complexities in both biological specimens and interfering biochemi-
cal/physical processes of the measurement procedure. Making sense out of such high-dimensional complex data is challenging and
necessitates the use of a systematic data analytic strategy. We propose here a data processing strategy for two major issues in the
analysis of such mass-spectrometry-generated proteomic data: (1) separation of protein “signals” from background “noise” in pro-
tein intensity measurements and (2) calibration of protein mass/charge measurements across samples. We illustrate the two issues
and the utility of the proposed strategy using data from a prostate cancer biomarker discovery project as an example.

INTRODUCTION

With recent advances in mass spectrometry technolo-
gies, it is now possible to study protein profiles over a wide
range of molecular weights in small biological specimens
[1]. A key research step in translating these technological
advancements into clinical utilities is the identification of
“signature” protein profiles that distinguish disease states
(eg, malignant, benign, and normal) or experimental con-
ditions (eg, treated versus untreated by a drug of inter-
est). For example, a discovery of disease-specific protein
profiles could facilitate early detection of the disease and,
consequently, contribute importantly towards improving
patients’ prognosis and survival.

Protein data generated from mass spectrometers have
complex features due to complexities in both biologi-
cal specimens and interfering biochemical/physical pro-
cesses of the measurement procedure. They are also large
in size, generally in the order of tens of thousands of
measurement points per sample. Making sense out of
such high-dimensional complex data is challenging and
necessitates the use of a systematic data analytic strat-
egy. Specifically, there are three major issues in the anal-
ysis of mass-spectrometry-generated protein data that
need to be resolved effectively by the systematic strat-
egy: (1) separation of protein “signals” from background
“noise” in protein intensity measurements; (2) calibration
of protein mass/charge measurements across samples; and

(3) construction of “signature profiles,” as combinations
of multiple mass/charge points, that distinguish disease
states or experimental conditions.

This paper is concerned with the first two of the three
issues in the analysis of mass-spectrometry-generated
protein data. We propose a systematic data processing
method for separating signals (protein intensity peaks)
from noise, and for calibrating mass/charge values of pro-
teins that may fluctuate slightly at random across samples;
for approaches to the third data analytic problem, several
approaches have been proposed [2, 3, 4, 5, 6].

MATERIALS AND METHODS

In this section, we first describe the prostate cancer
biomarker discovery project [4, 5] to illustrate the type of
research settings of interest. The project’s data are used to
explain the signal identification and calibration issues. We
then present our proposed data processing method that
addresses these issues.

The prostate cancer biomarker discovery project

The Department of Microbiology and Molecular Cell
Biology and Virginia Prostate Center of the Eastern
Virginia Medical School (EVMS) have been conduct-
ing a biomarker discovery project on prostate cancer
with a goal of identifying serum protein biomarkers of the
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disease. This project is part of a large research consortium,
the Early Detection Research Network [7, 8], funded by
the National Cancer Institute. The basis for the protein-
based early detection of cancer is the concept that a trans-
formed cancerous cell and its clonal expansion would re-
sult in up- (or down-) regulation of certain proteins; our
aim is to identify such early molecular signals of prostate
cancer by measuring protein profiles in serum.

In this project, serum samples of 386 subjects were re-
trieved from the serum repository of the EVMS Virginia
Prostate Center, approximately equally from four disease
groups: late-stage prostate cancer (N = 98); early-stage
prostate cancer (N = 99); benign prostatic hyperplasia
(BPH) (N = 93); and normal controls (N = 96). The four
disease groups were defined as follows: prostate cancer
cases had a positive biopsy that was staged A or B (early-
stage) or C or D (late-stage) and had a prostate specific
antigen (PSA) concentrations greater than 4 ng/ml; BPH
patients had PSA values between 4 ng/ml and 10 ng/ml,
low PSA velocities, and at least two negative biopsies; and
normal controls were aged 50 or older (ie, the same age
range as cancer and BPH patients), had a PSA level less
than 4 ng/ml, and had a normal digital rectal exam.

Each of the retrieved serum samples was assayed at
the EVMS for protein expression by the surface-enhanced
laser desorption/ionization (SELDI) ProteinChip Array
technology [1, 2, 3, 4, 8, 9, 10, 11, 12, 13] of Cipher-
gen Biosystems, Inc, 6611 Dumbarton Circle, Fremont,
CA 94555. The SELDI technology is a time-of-flight mass
spectrometry with a special ProteinChip� Array whose
surface captures proteins using chemically or biologi-
cally defined protein-docking sites. Proteins are captured
on the chip surface, purified by washing the surface,
and crystallized with small molecules called “matrix” or
“energy-absorbing molecules” whose function is to ab-
sorb laser energy and transfer it to proteins. Energized
protein molecules fly away from the surface into a time-
of-flight tube where the time for the molecules to fly
through the tube is a function of the molecular weight
and charge of the protein. A detector at the end of the
tube measures the “intensity” of proteins at each discrete
time of flight and outputs about 48 000 data points of
time of flight, intensity pairs. Each discrete time of flight
corresponds uniquely to a ratio of the molecular weight
of a protein to the number of charges introduced by
the ionization. SELDI output, therefore, produces about
48 000 data points of mass/charge, intensity pairs. Our
analyses used 16 898 data points per sample covering the
mass/charge range of 2 000–40 000. Figure 1 shows an ex-
ample of SELDI output from the first subject in the nor-
mal control group of the prostate cancer biomarker dis-
covery project.

The two data analytic issues

The first data analytic issue is the mathematical def-
inition of “peaks” in protein intensity, that is, the iden-
tification of “signals” separated from “noise” in protein
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Figure 1. An example of SELDI output: the top panel shows the
protein intensity measures (y-axis) in the range of mass/charge
values below 20, 000 (x-axis) and the bottom panel zooms into
a subregion covering 7 500–10 000 mass/charge values.

intensity measurements. Defining protein intensity peaks
mathematically provides two advantages. First, it reduces
the dimensionality of data from tens of thousands of data
points to a more manageable size (eg, less than a thousand
data points). Second, perhaps more importantly, it clari-
fies the interpretation of “signature” protein profiles, the
end products of the analysis. Specifically, protein intensity
peaks and their heights at certain mass/charge values in-
dicate the presence and the approximate amount of corre-
sponding proteins or peptides in the specimen being an-
alyzed. Without this data reduction step, the “signature”
protein profiles that we obtain may not have a clear inter-
pretation: a signature profile can be any pattern of protein
intensity measurements and may not correspond to any
protein intensity peaks.

To illustrate this first data analytic issue by a con-
crete example, consider the protein intensity measure-
ments shown in the bottom panel of Figure 1. There are
five large peaks (signals) that are visually evident in the
plotted range of 7 500–10 000 mass/charge values. There
are, however, other smaller peaks that are less evident as
to whether or not they represent signals. A good mathe-
matical definition of peaks would capture, at minimum,
the five clear peaks, and possibly, less evident ones, but
would also have a high level of specificity such that the
rest of the data points would not be identified as peaks.

The second data analytic issue is the calibration of
mass/charge measurements across multiple samples. This
issue can be explained clearly by an example. Figure 2
shows the SELDI output from the first four subjects in the
normal control group of the prostate cancer biomarker
discovery project. In the left panel of Figure 2, it appears
that, at least, the five visually apparent peaks, including
the one marked by “×,” and some less-evident peaks are
aligned well in the direction of the mass/charge axis across
the four samples. When we zoom into the small region
near the peak marked by “×” (the right panel of Figure 2),
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Figure 2. A set of SELDI output from four subjects: the left panel shows the protein intensity measures in the range of 7 500–10 000
mass/charge values and the right panel zooms into a small region corresponding to a visually apparent peak. The right panel shows
slight shift in the mass/charge value of an identical peak across the subjects.

however, it becomes apparent that there is slight shift
across the four samples with respect to the mass/charge
values of the peak: there is an approximately 10-dalton
shift between the first subject at the top and the fourth
subject at the bottom. The measurement points in this
small region are indicated by “|” at the bottom of the right
panel of Figure 2: the 10-dalton shift corresponds to a 6-
measurement-point shift in the mass/charge axis.

Although the magnitude of the shift is small, the in-
consistent mass/charge values across samples for an iden-
tical peak present a challenge in data analyses: an identical
peak is labeled by different mass/charge values across sam-
ples. Consider, in the right panel of Figure 2, the protein
intensity at the mass/charge value of the peak from the
first subject, that is, approximately at 9, 294 daltons. At
this mass/charge value, the protein intensity for the sec-
ond subject is nearly equal to the intensity value at the
peak. For the third and fourth subjects, however, the pro-
tein intensities at the mass/charge value are approximately
half and one quarter, respectively, of the intensities at the
peaks. Thus, even though the magnitude of shifting is

small, assessments of protein intensities by the original
mass/charge values of the SELDI output would be greatly
misleading.

The proposed solutions to the two
data analytic issues

Our proposal for the first data analytic issue, the
mathematical definition of “peaks,” is to define peaks
by judging, at each mass/charge point, whether or not
the protein intensity at that point is the highest among
its nearest ±N-point neighborhood set, nearest in the
mass/charge-axis direction; if it is the highest, that point
is defined as a peak. We initially considered various val-
ues of N and chose N = 10 by trial and error in order to
be on the inclusive side in classifying peaks; see also our
previous discussion on the selection of N under a slightly
different setting [6]. If a more conservative definition is
preferred, the value of N can be increased.

Our proposal for the second data analytic issue, the
calibration of mass/charge measurements across samples,
is to replace the original mass/charge values of all peaks
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with a set of calibrated mass/charge values. To describe
our algorithm of the proposed method, we first introduce
some terms/concepts that are helpful. We call a range of
potential mass/charge shifting from a mass/charge point
as the “window of potential shift” for that mass/charge
point; and refer to the set of calibrated mass/charge val-
ues as the “new mass/charge set.” Note that the window
of potential shift for a mass/charge point, say P, con-
tains the mass/charge point P itself. Based on quality-
control experiments by the manufacturer of SELDI ma-
chines, it is known that the window of potential shift for
a mass/charge point is approximately ±0.1–0.2% of the
mass/charge value of that point; we used 0.2% in the cur-
rent analysis.

The algorithm is initiated by calculating, at each
mass/charge point, the total number of peaks, in all sam-
ples, that are within the window of potential shift for the
mass/charge point. The mass/charge point that has the
highest total number of peaks (summing over all sam-
ples) within its window of potential shift is entered into
the new mass/charge set as a calibrated mass/charge value,
and all the mass/charge points that are within the win-
dow of potential shift for this point are removed from
the subsequent steps of the algorithm. Then, the above
procedure is repeated (ie, finding the point, from the
remaining points, that has the highest total number of
peaks within its window of potential shift, entering it into
the new mass/charge set, and removing the mass/charge
points that are within its window of potential shift from
the subsequent steps of the algorithm) until all peaks are
exhausted from every sample.

The end product of this repeated procedure is the new
mass/charge set. The final step of the algorithm is to con-
struct a calibrated dataset that consists of protein intensity
measures of each sample that correspond to the points in
the new mass/charge set. For each sample, i, and for each
point in the new mass/charge set, j, we propose to take
the maximum protein intensity measure of the sample i,
among the protein intensity measures corresponding to
the window of potential shift for the point j, as the protein
intensity measure Yij at the calibrated mass/charge point
j. The final calibrated dataset is {Yij}whose elements rep-
resent protein intensity measures indexed by the sample
number i and the calibrated mass/charge value j.

An application of the calibrated dataset
to biomarker discovery

To illustrate the utility of the calibrated dataset pro-
duced by the proposed method, we applied it to a con-
struction of “signature profiles” of disease states in the
prostate cancer biomarker discovery project. The 386
serum samples of the project were separated by a stratified
random sampling into “test data” (a total of 60, 15 sam-
ples from each of the four disease states: late- and early-
stage prostate cancer; BPH; and normal) and “training
data” (the remaining 326 samples). The training data were
used to construct a calibrated dataset, from which signa-

ture profiles were derived for classifying the three disease
states of interest (ie, cancer, BPH, and normal). To test
the performance of the derived signature profiles inde-
pendently from the training data, the test data was used
as follows. First, a calibrated test dataset {Zij} was con-
structed by setting, for each test sample i and each cal-
ibrated mass/charge value j that appears in the derived
signature profiles, the maximum protein intensity mea-
sure Yij within the window of potential shift for j as Zij .
Second, the signature profiles derived from the training
data were applied to the calibrated test dataset to classify
each test sample into the three disease states. Finally, the
classification errors in the test data were assessed compar-
ing the classified disease states with the true disease states.
The stratified sampling that created the training and test
data was conducted by a statistician (DM) who received
the data from the EVMS laboratory, and the disease states
of the test samples were blinded to all data analysts.

In the analysis of the training data, the protein-
intensity measure, Yij , for sample i at calibrated mass/
charge value j, was transformed because of its heavily
skewed distribution. The transformed protein intensity
measure, Tij , is given by

Tij = ln
(
Yij − cj + 1

)− si, (1)

where cj is the minimum protein intensity measure at the
calibrated mass/charge value j among all training sam-
ples, which makes the logarithmic transformation possi-
ble, and si is the mean value of ln(Yij − cj + 1) of the sam-
ple i across all calibrated mass/charge values. The subtrac-
tion of si aims to remove the sample-specific mean protein
intensity since a number of sample-specific factors could
modify the amounts and measurements of proteins across
samples. The same transformation was also employed in
the analysis of the test data {Zij}.

The signature profiles (classifiers of the disease states)
were constructed using two logistic regression models:
one for classifying cancer/BPH versus normal and the
other classifying cancer versus BPH. The two logistic re-
gression analyses used the respective disease states as out-
come variables and transformed protein intensity mea-
sures {Tij} as potential covariates, selecting only those
with significant associations with the disease states (at
P = .0001 and P = .0005 levels, resp.) by a forward vari-
able selection method.

RESULTS AND DISCUSSION

Results

Figure 3 shows the peaks identified by the proposed
peak identification method. Our simple mathematical
definition of peaks captured both visually apparent and
some less-evident peaks. The number of peaks identified
per sample was similar across the four disease states: the
median (range) of 469 (361–571), 463 (389–596), 467
(367–555), and 444 (390–559) for the groups of late-stage
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Figure 3. Peaks identified by the proposed peak identifica-
tion method, marked by “×,” in the range of 7, 500–10, 000
mass/charge values, corresponding to the bottom panel of
Figure 1. The top panel shows the original protein intensity mea-
sures in the y-axis, while the bottom panel shows transformed
protein intensity measures in the y-axis for ease in examining
the peaks.

cancer, early-stage cancer, BPH, and normal control, re-
spectively.

Figure 4 shows calibration of one of the visually
apparent peaks in Figure 2 by the proposed method.
The first four samples of the normal control group
had peaks that were slightly shifted in the direction of
the mass/charge axis around 9 300 mass/charge value.
The calibrated mass/charge value corresponding to these
peaks was 9 306.2 and, as shown in Figure 4, the four pre-
viously shifted peaks are now lined up at this calibrated
mass/charge value with the original protein-intensity
measures being used as {Yij}. The intensity values at
9, 306.2 mass/charge value changed from 7.87, 9.90, 6.40,
15.18 before the calibration to 8.61, 10.73, 7.04, 15.59 af-
ter the calibration in the four samples.

After the calibration, the number of mass/charge val-
ues in the new mass/charge set was 957. This represents
a considerable reduction of data from 16 898 points per
sample to 957 (5.7% of 16 898) in the range of 2 000–
40 000 mass/charge values. Figure 5 shows the number of
mass/charge values in the new mass/charge set accord-
ing to their values. The number in the new mass/charge
set was highest in the smallest values of mass/charge and
monotonically decreased for larger mass/charge values.

The calibrated dataset was then used in the logistic re-
gression analysis to construct signature profiles of three
disease states (cancer, BPH, and normal). With the 957
log-transformed protein intensity measures as potential
covariates, the forward selection method identified four
calibrated mass/charge values that were significantly asso-
ciated with the classification of cancer/BPH versus normal
at P = .0001 level. Similarly, seven calibrated mass/charge
values were selected into the model for the classification of

Table 1. Test data classification results of the logistic-model-
based classifiers constructed using the calibrated training
dataset.

Predicted by models
True disease state

Cancer BPH Normal

Cancer 27 2 0

BPH 1 13 0

Normal 2 0 15

cancer versus BPH at P = .0005 level. Note that the four
and seven selected mass/charge values were those at which
some samples showed peaks in protein intensity. Based on
fitted probabilities from the two logistic regression mod-
els, the 60 test data samples were classified into the three
disease states. Of the 60 test data samples, 55 (91.6%) were
correctly classified, suggesting the high utility of the cali-
brated dataset, even with this simple classifier construc-
tion method using the standard forward selection logistic
regression analysis.

Discussion

Previously in this project, the peak identification and
mass/charge value calibration were performed manually,
taking a significant amount of human effort and time [4].
The proposed data processing method was motivated to
automate the human processing of the SELDI output by
the use of computers. It mimics the steps of the previous
manual processing and aims to eliminate potential hu-
man errors in dealing with the high-dimensional complex
data. The excellent performance in classification shown in
Table 1 suggests the high utility of the data produced by
the proposed data processing method.

There are important advantages in separating the data
processing stage, as proposed here, from the subsequent
signature profile construction stage. First, the proposed
method can be applied with complete blinding to the dis-
ease states of samples, ensuring an unbiased data process-
ing across samples. Neither the peak identification nor the
mass/charge-axis calibration of our proposed method re-
quires knowledge of the disease state of each sample. Sec-
ond, by separating the two stages that have distinct data
analytic issues, we are able to consider various targeted
approaches for resolving the stage-specific data analytic
issues.

A limitation in our proposed method for the cali-
bration of mass/charge values is that the calibration pro-
cedure depends on the dataset being analyzed, that is,
the sets of calibrated mass/charge values from multiple
datasets may not agree. This is perhaps not a critical is-
sue at the biomarker discovery stage of research, such as
the prostate cancer biomarker discovery project discussed
here, since the data analysis for the biomarker discovery
would use a single dataset. If the data are measured us-
ing multiple SELDI machines, either at one laboratory or
at multiple laboratories, the dataset-dependent nature of
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Figure 4. Calibration of a visually apparent peak in Figure 2 by the proposed method.
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Figure 5. Number of mass/charge points in the new calibrated
mass/charge set according to their mass/charge values.

the proposed method needs to be considered carefully.
If datasets generated by multiple SELDI machines are
combined, additional sources of variations are introduced
(eg, between machine and laboratory variations). The

“window of potential shift” of a mass/charge value in
the combined dataset would, therefore, be expected to be
larger than the±0.1–0.2% considered here, that was based
on the quality-control data of the SELDI manufacturer. It
is necessary to either use a wider window of potential shift
or add an extra step in the method to minimize the ad-
ditional variation when combining datasets generated by
multiple SELDI machines.

A potential improvement of the proposed method is
to make the mathematical definition of peaks such that
it copies closely the thought process of experienced mass
spectrometry experts in identifying peaks. Although our
simple definition appears reasonable and functional, it
would certainly enhance the method if a peak identifi-
cation procedure similar to that of experts could be im-
plemented. For example, a learning algorithm can be ap-
plied to a large dataset that is read and peak-identified by
experts so that details of experts’ procedures may be rec-
ognized for possible implementation in the mathematical
definition.

In summary, we proposed an automatic data pro-
cessing procedure for the peak identification and mass/
charge-axis calibration problems for mass-spectrometer-
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generated protein measures. Our procedure is easy to im-
plement and appears to work effectively as evidenced in
the excellent classification performance by the resulting
calibrated dataset. There are points to improve in the pro-
posed method and additional issues to resolve when it is
applied to multiple datasets generated by more than one
SELDI machine. We hope to resolve these issues in our
future research.
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The human proteome project will demand faster, easier, and more reliable methods to isolate and purify protein targets. Membrane
proteins are the most valuable group of proteins since they are the target for 70–80% of all drugs. Perbio Science has developed a
protocol for the quick, easy, and reproducible isolation of integral membrane proteins from eukaryotic cells. This procedure utilizes
a proprietary formulation to facilitate cell membrane disruption in a mild, nondenaturing environment and efficiently solubilizes
membrane proteins. The technique utilizes a two-phase partitioning system that enables the class separation of hydrophobic and
hydrophilic proteins. A variety of protein markers were used to investigate the partitioning efficiency of the membrane protein ex-
traction reagents (Mem-PER) (Mem-PER is a registered trademark of Pierce Biotechnology, Inc) system. These included membrane
proteins with one or more transmembrane spanning domains as well as peripheral and cytosolic proteins. Based on densitometry
analyses of our Western blots, we obtained excellent solubilization of membrane proteins with less than 10% contamination of the
hydrophobic fraction with hydrophilic proteins. Compared to other methodologies for membrane protein solubilization that use
time-consuming protocols or expensive and cumbersome instrumentation, the Mem-PER reagents system for eukaryotic membrane
protein extraction offers an easy, efficient, and reproducible method to isolate membrane proteins from mammalian and yeast cells.

INTRODUCTION

Based on the sequences from several genomes, trans-
membrane proteins have been predicted to comprise ap-
proximately 30% of eukaryotic proteomes [1]. Membrane
proteins are the most elusive and the most sought after
proteins in drug discovery. They play a key role in sig-
nal transduction, cell adhesion, and ion transport and are
important pharmacological targets. Yet, because of their
hydrophobic and basic nature, and frequently large size,
their isolation is not easy. Traditional methods for mem-
brane isolation are often cumbersome and protein yields
are poor. Techniques used for membrane protein isolation
include gradient separation [2], polymer partitioning [3],
and chemical treatment [4]. These methods typically re-
sult in high purity but low recovery and, with the excep-
tion of polymer partitioning, are time consuming. Deter-
gent extraction combined with ultracentrifugation is by
far the most commonly used method for membrane pro-
tein isolation [5, 6, 7]; however, this method is a multi-
step process involving mechanical disruption of cells fol-
lowed by lengthy centrifugation prior to solubilization of
the proteins in detergent.

Nonionic detergents are widely used for the solubi-
lization and characterization of integral membrane pro-
teins. In particular, members of the Triton X series are
commonly employed in phase separation of these pro-

teins [6, 7]. We have developed a proprietary formula-
tion and a protocol for the preparation of integral mem-
brane proteins that is a nonmechanical alternative to tra-
ditional membrane protein isolation techniques. The pro-
tocol involves the gentle lysis of cells using a mild, pro-
prietary detergent followed by membrane protein extrac-
tion utilizing the nonionic detergent, Triton X-114. Tri-
ton X-114 is a unique detergent in that it not only solu-
bilizes membrane proteins but also separates them from
hydrophilic proteins via phase partitioning at a physio-
logical temperature [8]. Specifically, a solution of Triton
X-114 is homogeneous at 0◦C (forms a clear micellar so-
lution) but separates into an aqueous phase and a deter-
gent phase above 20◦C (the cloud point) as micellar aggre-
gates form and the solution turns turbid. With increased
temperature, phase separation proceeds until two clear
phases are formed where proteins partition according to
their hydrophilic and hydrophobic features. Unlike tra-
ditional protocols involving phase partitioning with Tri-
ton X-114, our protocol does not require preparation of
a membrane fraction as a prerequisite for protein solubi-
lization. Membrane proteins are extracted directly from
crude cell lysates quickly and efficiently with a standard
benchtop microcentrifuge. The entire procedure is com-
pleted in one hour and has been optimized for the iso-
lation of integral membrane proteins from a variety of
mammalian cell lines as well as yeast cells.



250 M. Walid Qoronfleh et al 2003:4 (2003)

Top = hydrophilic fraction
(save for possible
secondary extraction)

Bottom = hydrophobic fraction
(membrane proteins-SAVE!)

spin

2 minutes
at 10.000×g

Phase-

partitioning

10 minutes
at 37◦C

Solubilized
proteins

spin

3 minutes
at 10.000×g

Cell suspension:

Add 720 µL reagent B/C

Incubate 30 minutes on ice

Add 80 µL reagent A and

∼ 150 mg glass beads

Vortex

Begin with 15 mg

of cell paste

Mammalian

Yeast

Begin with 15× 106

pelleted cells
Add 150 µL reagent A
Incubate 10 minutes at RT

Add 450 µL reagent B/C
Incubate 30 minutes on ice

Insoluble debris is pelleted

Figure 1. Schematic of Mem-PER Eukaryotic Membrane Protein Extraction Kit protocol. Each step of the procedure is outlined for a
single extraction of either mammalian or yeast membrane proteins.

Detection and identification of proteins is facilitated
through the enrichment of protein families and proteins
in low abundance. Prefractionation of hydrophobic pro-
teins enhances membrane proteomic analysis; therefore,
it is essential to have reliable sample preparation meth-
ods that give high yields of this desired protein fraction.
In this paper, we describe a fast, effective, and conve-
nient protocol for membrane protein isolation involving
temperature-induced phase separation of a proprietary
formulation containing Triton X-114. We show that hy-
drophilic proteins (peripheral and cytosolic) are recov-
ered in the aqueous phase whereas integral membrane
proteins are enriched in the detergent phase. This pro-
cedure combines nonmechanical cell lysis with detergent
fractionation/enrichment of membrane proteins and is
termed the Mem-PER Eukaryotic Membrane Protein Ex-
traction system.

MATERIALS AND METHODS

Cell culture conditions

Mammalian cell lines, rat brain C6, NIH-3T3, and
HeLa, were obtained from American Type Culture Col-
lection (Rockville, Md). The cells were grown to approxi-
mately 75% confluency in high-glucose Dulbecco’s Mod-
ified Eagle’s Medium (DMEM) supplemented with 10%
FBS, 1% antibiotic/antimycotic agent (Gibco BRL), glu-
tamine, and sodium pyruvate. Cells were incubated at
37◦C in an atmosphere of 5% CO2 and harvested with
0.25% trypsin. All cell culture reagents were obtained
from HyClone, Inc (Logan, Utah) except where otherwise
indicated.

Yeast culture conditions

Saccharomyces cerevisiae strain EGY-194 was grown in
YPD media (MobiTec, Marco Island, Fla) at 30◦C with
agitation. Cells were harvested in the exponential growth
phase at a density of 1–5 × 107 cells/ml with an A600 =
0.3–1.7.

Protein extraction protocol

The Mem-PER system consists of three reagents.
Reagent A is a cell lysis buffer, reagent B is a detergent
dilution buffer, and reagent C is a membrane solubiliza-
tion buffer. A schematic of the protocol to extract and
prepare either mammalian or yeast membrane protein
fractions is shown in Figure 1. For yeast, approximately,
15 mg of wet yeast cell paste was resuspended in Mem-
PER reagent A and vortexed with 150 mg of 405–600 mi-
cron acid-washed glass beads for 10 minutes to disrupt the
yeast cell wall. The beads were collected by pulse centrifu-
gation, and the cell suspension was transferred to a fresh
tube. Subsequent fractionation was performed according
to Figure 1. Cultured NIH-3T3, HeLa, and C6 cell lines
were harvested using trypsin, and were washed and pel-
leted in phosphate-buffered saline (PBS) at 850 ×g for 2
minutes. Each cell pellet, containing 5×106 cells, was lysed
at room temperature using Mem-PER reagent A. Yeast
and mammalian membrane proteins were solubilized on
ice with Mem-PER reagent C diluted 2 : 1 with Mem-
PER reagent B. Reagents A and B/C were supplemented
with Halt protease inhibitors cocktail (Pierce Biotechnol-
ogy, Inc, Rockford, Ill). The solubilized protein mixture
was centrifuged to remove cellular debris. The clarified
supernatant was heated at 37◦C for 10 minutes followed
by centrifugation to produce separate membrane and hy-
drophilic protein fractions. Phase partitioning resulted in
the hydrophilic proteins layering at the top and the hy-
drophobic membrane proteins layering at the bottom. A
micropipette was used to carefully remove the top (hy-
drophilic) phase. The hydrophobic fraction was normal-
ized to the volume of the hydrophilic fraction using Mem-
PER reagent B diluted 4-fold with purified water. The
fractions were further diluted 2-fold with diluted Mem-
PER reagent B, to decrease the detergent concentration,
and boiled in 6x-sample buffer. The isolated membrane
protein fraction was used directly in SDS-PAGE and West-
ern blotting.
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Protein quantification

The Micro BCA Protein Assay Reagent Kit (Pierce)
was used to quantify extracted membrane proteins. Mem-
PER reagent C was initially found to interfere with the
assay because it clouds at the required incubation tem-
perature for the assay of 37◦C; however, this interference
was eliminated through dialysis using Slide-A-Lyzer MINI
Dialysis Units (Pierce). Dialysis was performed overnight
at 4◦C against 25 mM Tris, pH 7.4, containing 0.5%
CHAPS. CHAPS formed mixed micelles with reagent C,
thereby raising the cloud point of the solution above 37◦C.
Approximately 100 µg of total protein was obtained from
5× 106 C6 cells, and approximately 130 µg of total mem-
brane protein was isolated from 15 mg of yeast cell pellet.

SDS-PAGE

Precast Novex brand (Invitrogen, Carlsbad, Calif)
SDS-PAGE gels were utilized in all experiments. Standard
electrophoresis conditions recommended by the gel man-
ufacturer were employed.

Optional detergent removal prior to SDS-PAGE

Mem-PER reagent C was found to interfere with elec-
trophoresis of low molecular weight proteins. Specifically,
the detergent caused lane distortion and masked protein
band visualization. This was remedied by treating Mem-
PER-isolated membrane fractions with the PAGEprep
Protein Cleanup and Enrichment Kit (Pierce). The kit
contains a unique resin of modified diatomaceous earth
that binds protein in an organic phase of dimethyl sul-
foxide (DMSO), and allows contaminating chemicals and
gel-incompatible material to be washed away. Cleanup
was performed according to the manufacturer’s instruc-
tions.

Antibodies

Mouse monoclonal antibodies against flotillin and
acetylcholinesterase (AchE) were obtained from transduc-
tion laboratories (San Diego, Calif). Heat shock protein
90 (Hsp90), a polyclonal antibody raised in goats, and
cytochrome oxidase subunit 4 (Cox4), a mouse mono-
clonal antibody, were obtained from Santa Cruz Biotech-
nology, Inc (Santa Cruz, Calif). For the yeast study, pro-
teins were detected using monoclonal antibodies obtained
from Molecular Probes, Inc (Eugene, Ore). Protein bands
were visualized using antigoat and antimouse secondary
antibodies conjugated with horseradish peroxidase from
Pierce Biotechnology, Inc.

Western blotting and densitometric analysis

Protein fractions were prepared for electrophoresis by
boiling in 6x-sample buffer. Prepared mammalian protein
samples were separated using 4–20% Tris-glycine SDS-
PAGE gradient gels while yeast protein samples were elec-
trophoresed using NuPAGE 4–12% Bis-Tris gels. The pro-
tein fractions were then blotted to nitrocellulose. The

blots were blocked in Superblock blocking buffer (Pierce)
containing 0.05% Tween-20. After probing with primary
and secondary antibodies, detection was performed with
SuperSignal West Femto Maximum Sensitivity Substrate
(Pierce) for 5 minutes followed by exposure to X-ray
film for 15 seconds or to a FluorChem CCD camera
(Alpha Innotech Corp, San Leandro, Calif) for 2 min-
utes. Bands were quantified using densitometry analysis
(AlphaEaseFC software, Alpha Innotech) and expressed
as a percentage of the total protein in the combined
hydrophilic and hydrophobic (membrane protein) frac-
tions.

RESULTS

Protein fractionation protocol

The membrane protein extraction protocol was ac-
complished in two parts (Figure 1). First, cells were lysed
with a proprietary detergent and then a second propri-
etary formulation containing Triton X-114 was added to
solubilize the membrane proteins. A white, flocculent ma-
terial appeared following addition of the cell lysis compo-
nent, Mem-PER reagent A. This debris was likely com-
prised of lipid and cell membrane material but not DNA
since the addition of DNase was not found to dimin-
ish the particulate. Solubilization of the membrane pro-
teins with Mem-PER reagent C diluted with Mem-PER
reagent B was performed on ice with vortexing every 5
minutes. Longer incubation was not found to increase
extraction efficiencies (data not shown). The cellular de-
bris was removed during subsequent centrifugation. The
hydrophobic proteins were then separated from the hy-
drophilic proteins through phase partitioning [8] at 37◦C.
Following careful separation of the two layers with a mi-
cropipette, membrane proteins were ready for subsequent
analysis. Complete separation of the two layers was not
possible due to the transient nature of the interface. No
more than 10 samples were processed at one time since
the interface slowly disappeared as the temperature of the
sample fell below 37◦C. Although a distinct separation
could be seen, a small amount of crossover of each phase
into the other could not be avoided during pipetting.
In order to minimize contamination of the hydrophobic
layer with the hydrophilic layer, some of the hydropho-
bic layer was sacrificed during removal of the top layer.
A second round of extraction of the hydrophilic fraction
obtained was not found to significantly increase mem-
brane protein yields (data not shown). The hydrophilic,
hydrophobic, and insoluble debris fractions were analyzed
by SDS-PAGE and Western blotting.

Membrane protein extraction from
mammalian cells

Mem-PER reagents were found to be highly efficient
in the extraction of integral membrane proteins contain-
ing one or two transmembrane spanning domains. These
results were found to be consistent with three different
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Figure 2. Partitioning of solubilized mammalian membrane proteins using the Mem-PER Kit. Proteins from three cell lines were
solubilized and extracted using the Mem-PER Kit. Each set of hydrophilic and hydrophobic (membrane protein) fractions obtained
was normalized to one another and analyzed by Western blot for four proteins from the cellular locations noted. PAGEprep resin was
used to remove the detergent from the membrane fraction prior to SDS-PAGE/Western analysis of Cox4 due to the interference of
detergent with band migration of low molecular weight proteins. A negligible amount of protein was found in all debris fractions
(data not shown). Abbreviations: Acetylcholinesterase (AchE), cytochrome oxidase subunit 4 (Cox4), heat shock protein 90 (Hsp90),
M = solubilized membrane protein fraction, H = hydrophilic protein fraction.

Table 1. Quantification of mammalian cell lysate proteins fractionated with the Mem-PER reagents in Figure 2.

Cell type Fraction∗ Flotillin (2-spanner) Cox4 (1-spanner) AchE (Peripheral) Hsp90 (Cytosolic)

NIH-3T3
Membrane 45.0 90.8 1.7 6.8
Hydrophilic 55.0 9.2 98.3 93.2

HeLa
Membrane 48.4 89.1 4.1 15.5
Hydrophilic 51.6 10.8 95.9 84.4

C6
Membrane 56.0 94.5 6.4 10.6
Hydrophilic 44.0 5.5 93.6 89.4

∗ Percent recovery of proteins following extraction is expressed as a percentage of the total protein in the combined hydrophilic and hydrophobic

(membrane protein) fractions. The data was obtained from a single experiment but is representative of results obtained in multiple independent

experiments.

mammalian cell lines, C6, NIH-3T3, and HeLa. As shown
in Figure 2 and Table 1, the integral plasma membrane
protein flotillin, containing two transmembrane domains,
was extracted with an efficiency of approximately 50%
from the three cell lines. These reported values were found
to be reproducible in several isolated experiments. Ex-
traction of Cox4, an outer mitochondrial membrane pro-
tein containing one transmembrane domain, was found
to be even more efficient with approximately 90% re-
covery in the hydrophobic fractions obtained from the
three cell lines. The membrane fraction probed for Cox4
(17 kd) in Figure 2 was treated with the PAGEprep resin
prior to electrophoresis. The detergent in Mem-PER
reagent C was found to interfere with electrophoresis
of low molecular weight proteins (Figure 3) but did not
affect electrophoresis of mid to high molecular weight
proteins.

Cross-contamination of cytosolic and peripheral pro-
teins into the prepared hydrophobic fraction was mini-
mal. AchE, a peripheral protein, and Hsp90, a cytosolic
protein, were routinely found to partition into the hy-
drophilic fraction with an efficiency of > 90%. The re-
maining 10% or less found in the hydrophobic fraction
was likely due in part to difficulty in obtaining complete

Cox4

M H M H M H M H

Untreated PAGEprep

Figure 3. Removal of detergent from cell lysis fractions by the
PAGEprep resin. Rat C6 cells were lysed and a membrane pro-
tein fraction isolated using the Mem-PER reagents. Membrane
(M) and hydrophilic (H) cell fractions were separated by SDS-
PAGE (4–20% gradient gel) with or without prior treatment us-
ing PAGEprep resin to remove detergent. Western blot analysis
was performed as described in materials and methods using an
antibody against Cox4. PAGEprep-treated samples show better
band resolution than samples that were untreated and still con-
tained the detergent.

separation at the interface between the two phases, and
the slow disappearance of the interface over time when
the temperature fell below the cloud point of the mixture.
Insoluble debris pellets typically contained < 5% of the
membrane proteins examined in this study.
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Figure 4. Partitioning of solubilized yeast membrane proteins using the Mem-PER Kit. Yeast proteins from S cerevisiae (strain: EGY-
194) were solubilized and partitioned based on hydrophobic phase separation. Several proteins were solubilized and extracted using
the Mem-PER reagents. Partitioning efficiency was determined through Western blot of normalized samples. A negligible amount
of protein was found in all debris fractions (data not shown). Abbreviations: mitochondrial porin (MP), 3-phosphoglycerate kinase
(PGK), alkaline phosphatase (AP), Dol-P-Man synthase (Dpm1p), M = solubilized membrane protein, H = hydrophilic protein frac-
tion.

Table 2. Quantification of yeast proteins fractionated with the Mem-PER reagents in Figure 4.

Fraction∗ Dpm1p MP AP V-ATPase PGK
Membrane 52.4 98.4 57.2 22.1 9.1
Hydrophilic 47.6 1.6 42.3 77.9 90.9

∗ Percent recovery of proteins following extraction is expressed as a percentage of the total protein in the combined hydrophilic and hydrophobic

(membrane protein) fractions. The data was obtained from a single experiment but is representative of results obtained in three independent experi-

ments.

Membrane protein preparation from yeast

Extraction efficiencies seen with the mammalian cell
lines were similar to those obtained with yeast cells. Glass
beads were used to lyse the rigid cell wall, and prepa-
ration of the membrane proteins was then performed
with the Mem-PER reagents according to the same proto-
col used for the mammalian cells. Several protein mark-
ers were used to monitor the efficiency of the Mem-PER
system to solubilize and isolate yeast integral membrane
proteins. Figure 4 and Table 2 show the partitioning effi-
ciency observed for these proteins. Mitochondrial porin
(MP), an integral membrane protein of the outer mito-
chondrial membrane containing one transmembrane do-
main, was extracted into the hydrophobic fraction with
an efficiency of greater than 90% with very negligible
cross-contamination from the hydrophilic fraction. PGK
(3-phosphoglycerate kinase), a cytosolic protein, was ex-
tracted into the hydrophilic fraction with an efficiency of
greater than 85%. Alkaline phosphatase (ALP), an inte-
gral membrane protein of yeast vacuoles, was extracted
into the hydrophobic fraction with an efficiency of >
50% whereas greater than 70% of V-ATPase, a periph-
eral membrane protein of yeast vacuoles, was recovered in
the hydrophilic fraction. Dol-P-Man synthase (Dpm1p),
a membrane protein in the yeast endoplasmic reticulum
containing one transmembrane spanning domain, was
extracted into the hydrophobic fraction with an efficiency

of 50%. Similar results were obtained for all of these pro-
teins in several isolated experiments. Insoluble debris pel-
lets typically contained between 3 and 20% of the yeast
membrane proteins examined in this study.

DISCUSSION

Transmembrane proteins are a valuable family of pro-
teins. Functionally they are central to cell life and are the
target of about 80% of all drugs. Preparation of mem-
brane proteins is time consuming and difficult; therefore,
development of analytical systems that allow the isolation
and identification of this group of proteins would be de-
sirable. Ideally, the isolation process should be mild yet
rapid. Detergents have played significant roles in this ef-
fort [6, 7]. Detergents serve as invaluable tools to iso-
late, solubilize, and manipulate membrane proteins for
subsequent biochemical and biophysical characterization
[9]. Consequently, our understanding of the structure and
function of membrane proteins has advanced significantly
over the past decade. Nonionic detergents have been use-
ful in this regard since they are widely used for the solubi-
lization and characterization of integral membrane pro-
teins. These proteins can be separated from hydrophilic
proteins using the nonionic detergent Triton X-114 that
undergoes separation at physiological temperatures into
detergent-rich and aqueous-rich phases [8].
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Many fractionation protocols exist for the enrichment
of hydrophobic proteins [4, 6]; however, isolation of these
proteins can be a tedious and time-consuming process
requiring gradient methods and expensive ultracentrifu-
gation equipment. A more convenient fractionation of
membrane proteins can be achieved through the use of
detergents. We have developed a proprietary mild deter-
gent formulation and a protocol for the lysis of cells fol-
lowed by enrichment of hydrophobic proteins via phase
separation. Our unique cocktail contains Triton X-114.
The protocol was performed with a benchtop microcen-
trifuge and did not require mechanical lysis such as soni-
cation or Dounce homogenization. Separations were per-
formed on a microscale; however, similar methodology
using phase partitioning has been demonstrated on a large
preparative scale [10]. We obtained membrane protein ex-
tracts quickly and efficiently from mammalian cells. Yeast
membrane proteins were obtained in a similar fashion,
except that the yeast cell wall was first removed. Glass
beads were found to disrupt the cell wall quickly and ef-
ficiently [11] and were effective when used in combina-
tion with the cell lysis reagent, Mem-PER reagent A. Ex-
traction efficiencies of approximately 50% or greater were
typically seen with proteins containing one or two trans-
membrane spanning domains. Lower yields may be ob-
tained with more complex integral membrane proteins,
and variability in extraction efficiency may be observed
depending on factors such as posttranslational modifica-
tions, and the number of transmembrane spanning do-
mains. In addition, anomalous partitioning of some in-
tegral membrane glycoproteins has been observed. For
example, intact acetylcholine receptor, an integral mem-
brane protein containing four transmembrane domains,
has been shown to partition into the aqueous-rich hy-
drophilic phase [12]. The reason for this behavior may
be due to the large hydrophilic moieties on the glyco-
protein and/or the channel-forming property of this pro-
tein. Membrane protein activity may be maintained fol-
lowing separation into the mild detergent environment
of the Mem-PER system. Several integral membrane pro-
teins have been found to retain their biological activity
when solubilized in nonionic detergents [13]; however, re-
tention of activity is dependent on the characteristics of
the protein being analyzed and cannot be assured.

Triton X-114 is an effective reagent for the isolation
of membrane proteins from mammalian systems. This
method of fractionation has been used to isolate 75% of
the integral membrane glycoproteins from prepared ery-
throcyte membranes [8] and nearly 100% of cytochrome
b558 from prepared bovine granulocytes [14]. It has also
been used to solubilize membrane proteins of subcellu-
lar fractions from the bovine adrenal medulla [15] as well
as hepatic Golgi membrane proteins [16]. In all of these
reports, an initial purification was performed prior to
phase partitioning in Triton X-114. Our protocol was de-
signed for crude cell lysates and does not require prior
processing.

Membrane protein extracts obtained using Triton
X-114 have been used in many downstream applica-
tions. Golgi proteins partitioned with the nonionic deter-
gent were analyzed by mass spectrometry following one-
dimensional SDS-PAGE [16]. Hydrophobic proteins iso-
lated using Triton X-114 have also been analyzed by 2D gel
electrophoresis following removal of the detergent using
hydroxyapatite column chromatography [17]. A combi-
nation of 2D electrophoresis and mass spectrometry was
used to identify a hydrophobic receptor protein, very-
low-density lipoprotein, in the detergent-enriched phase
and the cytoplasmic protein Hsp90 in the aqueous phase.
Clearly, phase separation of Triton X-114 is a useful tool
in the prefractionation of membrane proteins, and the
detergent-rich extracts obtained with this method have
been used successfully in proteomics applications.

The Mem-PER system is an excellent tool for the ini-
tial purification and preparation of protein fractions for
downstream analysis. It provides a rapid and convenient
protocol for the reproducible partitioning of mammalian
and yeast proteins into hydrophobic and hydrophilic frac-
tions. Interestingly, the extraction of yeast membrane pro-
teins has never been performed with phase partition-
ing, and to our knowledge this is the first report. Pre-
fractionation of complex protein mixtures is critical for
proteomic studies because it increases the resolving power
of many analytical techniques by allowing for the identi-
fication of low-abundance proteins. Selective separation
of hydrophobic proteins enhances membrane proteomic
examination. Integral membrane proteins cannot be ex-
tracted easily; however, phase partitioning is a proven and
valuable technique for the enrichment of this important
protein family.
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