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Abstract

Clinical proteomics is an emerging field that involves the analysis of protein expression profiles of clinical samples for de novo discovery

of disease-associated biomarkers and for gaining insight into the biology of disease processes. Mass spectrometry represents an important set

of technologies for protein expression measurement. Among them, surface-enhanced laser desorption/ionization time-of-flight mass

spectrometry (SELDI TOF-MS), because of its high throughput and on-chip sample processing capability, has become a popular tool for

clinical proteomics. Bioinformatics plays a critical role in the analysis of SELDI data, and therefore, it is important to understand the issues

associated with the analysis of clinical proteomic data. In this review, we discuss such issues and the bioinformatics strategies used for

proteomic profiling.
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Introduction

Recently, advances in technologies for high-throughput

genomic and proteomic expression analysis have introduced

a new era of research. The simultaneous measurement of a

large number of expressed proteins, known as proteomic

profiling, has become an important screening tool for the

discovery of new biomarkers. In addition to the direct

clinical applications, such as early detection and diagnosis

of disease, results of proteomic profiling research also

facilitate the generation of hypotheses that may lead to

new discoveries which may aid in the understanding of

the disease process itself. Novel disease-associated biomark-

er patterns, identified through proteomic profiling, have

recently been reported [1–11]. Yet, few of the published

profiles have been verified by a second, independent study,

an important requirement in validating the information for

clinical use. Verification has lagged because validation

studies take time to complete and because validation

requirements are still being defined. This review examines

the strategies available to validate proteomic profiling data.
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Proteomic profiling is a high-throughput technology with

a novel set of computational challenges. Some of these

relate to identifying the major sources of variability that

arise from the protein profiling techniques and experimental

design. Non-disease-related sources of variation can be

minimized through the selection of an optimal experimental

design. By controlling non-disease-related sources of vari-

ability, the researcher can focus on evaluating disease-

related variability.

This review also focuses on the bioinformatics approa-

ches used to foster biomarker discovery by effectively

mining the complex proteomic data streams, in particular,

those produced by surface-enhanced laser desorption/ioniza-

tion time-of-flight mass spectrometry (SELDI TOF-MS)

profiling data.
Proteomic profiling methods

A variety of analytic methods have been used for the

screening, identification, and characterization of proteins.

While each technology has its strengths, they also have their

limitations. For instance, 2D gel electrophoresis [12] is very

good at resolving proteins but is poor at equivalently visual-

izing all species over the broad concentration ranges span-

ning many orders of magnitude at which they may be present,

especially those in low abundance [13]. Gel-to-gel reproduc-
ists. All rights reserved.
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ibility is another limiting factor. While the 2D gel technology

has been available for over two decades and has been widely

used, it is being replaced by new technologies optimized for

proteomic profiling. Protein/antibody arrays hold consider-

able promise for functional proteomics and expression pro-

filing, but problems limit their utility as well. Limitations

include the lack of high-throughput technologies to express

and purify proteins and to generate large sets of well-

characterized antibodies [14]. Further research and develop-

ment are required before the promise of this technique can be

fully realized.

Mass spectrometry (MS) successfully addresses the

throughput limitation of 2D gels and eliminates the need to

purify, identify, and develop antibodies to proteins before

proteomic profiling experimentation. 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 [15]. By combining different

ProteinChipR array surfaces and wash conditions, SELDI

allows on-chip protein capture andmicropurification, thereby

permitting high-throughput protein expression analysis of a

large number of clinical samples [15]. After preprocessing

steps involving mass calibration, baseline subtraction, and

peak detection, the mass spectra from n individual samples

are converted into peak intensity data typically organized as

an m (peaks) � n (samples) matrix, where the intensity of a

peak corresponds to the relative abundance of proteins at a

molecular mass expressed as mass to charge ratio, or m/z. A

proteomic profile constructed using the SELDI platform is

typically a subset of these m peaks and is constructed using

the intensity data of the peaks. SELDI has been used to

evaluate specimens from nipple aspirates [16], serum [1–5],

urine [7,9], and lysed tissue extracts [17] with little require-

ment for sample-specific preparation.

While SELDI has several strengths, including the types of

biological fluids that may be evaluated, ease of sample

preparation, and high-throughput capabilities, the technique

also has weaknesses. Issues include the reproducibility of

mass spectrometry, in general, and SELDI, in particular,

[3,18,19] and the fact that peak amplitudes are measurements

of relative protein abundance rather than absolute quantita-

tive measures. Quality control (QC) measures that monitor

peak amplitude can identify unacceptable deviations and are

discussed later. Another limitation of the SELDI PBS-II mass

reader is that protein identities are not returned as the protein

profile is collected [18]. The proteins included in a biomarker

pattern should be identified to further the understanding of

the biology of disease. However, the SELDI profile per se

may be useful in the clinical setting when the pattern itself has

diagnostic or prognostic significance.
Data variability

Among the issues associated with expression profiling

using clinical samples, systematic biases arising from pre-
analytical variables can be among the most damaging.

While careful statistical examination of results and their

correlation with possible non-disease-related variables may

reveal the existence of biases, no amount of statistical or

computational processing can correct such problems within

a single set of samples collected under the same conditions.

Therefore, errors from systematic differences among sam-

ples should be minimized or eliminated whenever possible

through good experimental design, careful analysis proce-

dures, and quality control protocols.

Examples of non-disease-associated factors include (1)

within-class biological variability which may include un-

known subphenotypes among study populations; (2) pre-

analytical variables such as systematic differences in study

populations and/or in sample collection, handling, and

preprocessing procedures; (3) analytical variables such as

inconsistence in instrument conditions that result in poor

reproducibility; and (4) measurement imprecision.

Biological variability

When a protein profiling experiment is used for de novo

discovery, an adequate sample size is of utmost importance.

Defining ‘‘adequate’’ can be tenuous though, when no prior

knowledge exists about the proteins the researcher is study-

ing. While several different methods are available for

defining sample size [20,21], none works particularly well

in the context of proteomic profiling because so little is

known about the complexity of the final model before an

experiment is completed, or about the protein peaks includ-

ed in that model. Because SELDI is a high-throughput

platform, sample size is often limited by the availability of

samples rather than the resources available to examine those

samples.

Regardless of the number of tested samples, the consis-

tency of protein peak amplitudes should be evaluated within

the disease groups. One method to evaluate the consistency

of a peak or peaks within a single data set is through

bootstrap analysis. Bootstrap analysis involves resampling,

with replacement, from the experimental data [22]. This can

reveal, for instance, if a small percent of the cancer samples

make the full cancer group appear statistically different from

the noncancer group. This technique can be used in con-

junction with almost any analysis/modeling technique.

Site or center variability

Collection practices, sample handling, or storage condi-

tions may be different from institution to institution, and such

differences may influence the proteins present in biological

fluids [9,18]. Since these biases are often specific to institu-

tions (sites), the use of specimens from multiple institutions

combined with sound study design is the preferred approach

to discover biomarkers that are truly associated with the

disease process. Generally, samples from multiple sites are

randomly divided into a discovery, or training, data set and a
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validation, or testing, data set. The advantage of such an

approach is that the discovery set will be a better represen-

tative of the validation set. Statistically, the discovery set and

the validation set are guaranteed, albeit artificially, to satisfy

the independent and identically distributed (IID) condition, a

prerequisite for most statistical inference and learning algo-

rithms. Results are most meaningful when the number of sites

is sufficiently large and diverse to form a truly representative

sample of the target population. However, by pooling the

sites’ data, it is possible for a complex multivariate model to

pick up the different types of systematic biases existing in the

original data sets. An inherent weakness of such an approach,

then, is that the artificially created IID condition ensures that

the constructed model will perform well in the validation set,

although the model’s performance may rely on information

unrelated to the disease. An alternative approach, which is

more conservative, is to complete biomarker discovery and

validation by using the sites’ data sets separately. The top-

ranking candidate biomarkers from the discovery phase are

then cross-compared and validated using the other sites’ data.

This type of discovery model mimics the multicenter valida-

tion process that any clinical biomarker will eventually have

to pass before clinical use. Considering the effort and cost

required for postdiscovery validation, it is important to

incorporate a sound and sometimes conservative study design

into the discovery phase of biomarker research.

Processing error

Error is also introduced when processing specimens

during preanalytical and analytical phases of the experiment.

Before analysis, processing of specimens may include pipet-

ting, diluting, and other manipulations to the sample. While

each of these steps is, theoretically, applied to all the samples

uniformly, differences can occur. One set of chips used in

one bioprocessor (96 samples), for instance, may be pro-

cessed differently than those in the second or third biopro-

cessor. Different batches of buffer may be used throughout

an experiment. Samples spotted with an air bubble result in

poor spectra results. Chip variability may be controlled (to

some degree) by using chips from the same lot, and

chemicals used during a single experiment should be from

the same batch. Furthermore, an automated robot can re-

move variability during sample transfer and processing.

Because an error introduced during processing can be

difficult or impossible to trace once the experiment is

completed, it is best to rigorously control the experimental

procedure to minimize the introduction of variation in the

first place.

Analyzing replicates of spotted samples is highly recom-

mended. It is usually not feasible to run enough replicates to

have the statistical power to remove any replicates that are

‘‘unusual.’’ Instead, samples should be spotted in triplicate

and the mean of the three observations used in lieu of a single

observation. In this way, the effect of spotting errors is

reduced.
Instrument variability

Use of a similar chip-reading protocol for all experiments

reduces variation between experiments [9]. The standard

operating procedures should specify procedures used to

select the instrument parameter settings, the number of laser

shots to be averaged, and reading frame from which to

collect the spectra. None of these items should vary from

run to run throughout the experiment.

Unfortunately, the same machine parameters will not

continue to produce identical spectra over time. In SELDI,

several pieces of the instrument, such as the laser and

detector, have a limited life span. Consequently, the spectra

from the same machine will look slightly different with

ensuing use. Variation also arises from differences among

batches or lots of chips; ideally, chips from the same batch

should be used throughout the experiment. Spot-to-spot

variation, although small, also occurs. Given these instru-

ment and chip-related sources of variability, specimens

should be spotted in random order on the chips. Random-

ization can limit the confounding effects of these variation

sources. Published SELDI experiments do not uniformly

report using randomization protocols. Ciphergen’s new

software system, Ciphergen Express Data Manager Version

2.1, includes a built-in randomization tool. This package

may make it easier for research groups without statistical or

bioinformatics support to carry out randomization protocols.

Quality control (QC)

Relatively little has been published on how to incorpo-

rate quality control procedures into the proteomic experi-

mental protocol. Petricoin and Liotta [19] have discussed

the need to evaluate between and within experimental

changes. Coombes et al. [16] developed a protocol that

assessed the reproducibility of SELDI spectra and, by

including QC material, were able to identify and exclude

chips that generated spectra significantly different than the

norm. Sorace and Zhan [23] demonstrated that bias was

evident within one SELDI experiment, leading them to

conclude that further analysis should be completed within

any SELDI experiment to discover if bias is present.

However, in other publications, coefficient of variation

(CV) of peak height within an experiment is the primary,

if not the only, measure of reproducibility evaluated

[2,3,5,8–10,17]. Any new technology, particularly one

being presented as a potential clinically used diagnostic

tool, requires stringent QC to evaluate analytical perfor-

mance over time.

The variability arising from measurement processing

error and instrument drift can be evaluated using QC

procedures. To detect processing errors, pooled human

serum, for instance, can be randomly spotted with the

experimental serum. These samples are processed with the

study samples and are compared to determine if any changes

occurred during the course of the experiment. Instrument
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performance, however, must be compared not only during

one experiment, but also over the course of time. One large

specimen pool with volume to last at least several months

should be aliquot and frozen. An aliquot should be tested in

each experimental run. By sampling from one uniform

specimen and assuring that all samples go through the same

number of freeze/thaw cycles, the (theoretically) same

spectra may be compared for changes over time. QC

procedures and rules well-established in clinical laboratory

testing can also be applied in the research setting [24].

Adverse effects caused by excessive variation and poor

experimental design

(1) Bias can be introduced at any experimental step. It could

include changes to medication or lifestyle in response to

cancer diagnosis [23] or differing sample collection

procedures for samples and controls. Systematic errors

can artificially worsen or improve a profile’s discrimi-

natory accuracy. It is impossible to evaluate if the

profile’s accuracy is based on disease pathology or bias

if systematic differences between samples are introduced

before sample processing. However, QC procedures may

differentiate between the two if they are introduced at or

following SELDI chip preparation.

(2) Excessive variability in spectral peak amplitude will

substantially degrade the utility of experimental results.

A case in point is the 50–60% imprecision reported by

Yasui et al [8]. Such poor CVs forced the authors to

forgo quantitative analysis and revert to the much less

discriminating presence or absence of the peak as the

outcome measure.

(3) Mass shifts caused by machine variability and process-

ing error lead to poor mass accuracy. Several groups

report mass accuracy around 0.1% [2,8,17], but mass

shifts can be greater, particularly in large experiments

where chips are read over the course of a week rather

than a day. With increased mass shifting, the researcher

cannot rely on peak detection via available software

packages. Ciphergen’s automated peak detection soft-

ware assumes each peak m/z varies less than 0.3%.

When poor mass accuracy is observed, the researcher

must select peaks manually. Manual peak selection can

be more accurate than the software but is tedious and

time consuming.
Strategies for analysis

One of the common characteristics of expression profile

data is high dimensionality in comparison to a relatively

small sample size. This characteristic was uncommon before

the development of microarrays and necessitated the recent

development of novel methods to analyze profiling data.

Several of these methods are described below including

those used to evaluate the stability of identified candidate
biomarkers through bootstrap analysis and/or validation data

sets. While other analysis techniques exist, the methods

selected here are some of the most popular and well-

published methods available.

The most rudimentary statistical analysis involves uni-

variate tests. Besides traditional statistics like the t test and

its nonparametric equivalent, the Wilcoxon test, univariate

methods have been developed specifically for the analysis

of expression profiles. These determine the significance of

observed changes while accounting for the large number of

variables [6,25]. For example, the univariate methods de-

veloped for microarray analysis but applicable to proteomics

assess the significance of discriminatory profiles by evalu-

ating permutations of repeated measurements to estimate the

percent of changes that would be identified by chance,

known as the false discovery rate [25]. While this approach

improves a researcher’s ability to identify statistically sig-

nificant changes in expression, it cannot account for the

interdependence of the variables.

It is plausible to assume on biological grounds that the

proteins present in the proteomic profile are not fully

independent of each other in vivo. For this reason, a

multivariate approach to analysis is preferred because it

can address the correlations among variables. Unfortunately,

one of the strengths of proteomic analysis, namely, the large

number of variables that can be measured simultaneously,

becomes a limitation for this type of analysis. The large

number of variables compared with the (usually) small

number of observations results in an unstable estimate of

the covariance matrix. Simultaneous multivariate analysis

requires a stable estimate of the covariance matrix.

To use a multivariate approach and circumvent the issue

of covariance matrix estimation, a dimension reduction step

is employed. Dimension reduction methods project a large

number of genes or proteins onto a smaller and more

manageable number of clusters [26,27], or some type of

supervariable [28]. The conditional density function can be

used to construct a decision rule. This decision rule com-

bines peak intensities to cluster the samples into diseased or

nondiseased clusters. In real world experiments, it is rare

that all samples can be classified correctly, so the probability

of incorrectly classified samples is calculated as the prob-

ability of error [29].

Some of the most commonly used dimension-reduction

techniques employ clustering methods such as principle

component analysis (PCA) [2,6,16,30]. PCA is an unsuper-

vised analysis tool: samples are classified without including

disease status in the training algorithm. In PCA, the training

samples, regardless of their relative location to the underly-

ing class boundaries in the variable space, contribute equally

to the estimation of the data distributions and the classifi-

cation function. On the other hand, in some supervised

approaches to dimension reduction, the samples that are

close to the boundaries are weighted much more heavily

than the interior samples. As an extreme example, the

support vector machine (SVM) [31,32] model solutions
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are solely determined by the support vectors that consist

only the boundary data points. The removal of interior

samples does not affect the solution at all. Because each

clinical sample represents a considerable amount of effort

and cost, limiting analysis to the support vectors is not the

most efficient use of information. In addition, analysis that

relies solely on the support vectors could be very sensitive

to labeling errors in the training samples of small sample

studies. However, for the purpose of data classification

rather than representation, inaccuracies may be introduced

by treating all samples equally.

With the above shortcomings in mind, the unified max-

imum separability analysis (UMSA) algorithm was devel-

oped for genomic and proteomic expression data [1,5,33].

The conceptual framework of UMSA is very straightfor-

ward. In the original SVM learning algorithm [31], a

constant, C, limits the maximum influence of any sample

point on the final SVM model solution. In UMSA, this

constant becomes an individualized parameter for each data

point to incorporate additional statistical information about

the data point’s position relative to the distribution of all the

classes of samples. The rationale behind UMSA is that

information about the overall data distribution (although the

estimation itself might not be perfect) can be used to

prequalify the trustworthiness of any training sample to be

a support vector. The final solution, therefore, will rely on

the weighted contributions of the support vectors and be less

sensitive to labeling errors of a small percentage of samples.

The construction of a linear UMSA classifier provides a

supervised multivariate method to rank a large number of

variables. Similar to unsupervised component analysis

methods such as PCA, the UMSA-based procedure is also

a linear projection of data. However, in PCA, the axes in the

new space represent directions along which the data dem-

onstrate maximum variations. In UMSA component analy-

sis, the new axes represent directions along which the two

classes of data are best separated by linear classification.

When it is used for dimension reduction, the smaller number

of axes may be viewed as composite features that retain

most of the information relevant to the separation of data

classes. The UMSA-based software system has been used

for genomic expression data analysis [33] and more recently

for biomarker discovery using clinical proteomic profiling

[1,5,10,11] generated by SELDI.

After selecting a limited number of protein peaks as

candidate biomarkers, more traditional linear modeling

techniques may be used. Methods such as logistic regression

[34,35] allow the user to define an equation describing the

relationship between protein peaks as well as explicitly

evaluating the significance of each peak’s contribution

toward the multivariate relationship.

Regardless of the modeling and/or analysis technique

used, it is advisable to complete an additional step and

evaluate the robustness of the final model. Procedures

available to complete this step are determined by the sample

size of the study. Many groups split their full data set using a
stratified random sampling procedure [2,4,6,11]. Two data

sets are constructed from the original data set, and the

decision rule derived using one data set is tested in the

second data set. Testing the decision rule is necessary

because of sample or biological variability.

If the number of samples collected for the study is too

small for a stratified random sampling procedure, bootstrap

analysis [5,23] may be performed. These procedures pro-

vide the advantage of using the entire data set during

discovery and validation. However, because the two data

sets are not independent, the results may be overly optimis-

tic and difficult to verify in a second, independent, study.

Overfitting can be a serious problem for complex multivar-

iate models and may result in an amplification of non-

disease-associated data variability on the analysis results.

Additionally, bootstrap analysis may be used during the

discovery phase alone to evaluate peak consistency before

validation is completed [11] or may be used to identify

several different, but equally performing, sets of candidate

biomarkers [6]. Regardless of what technique is employed,

verification of analysis results should be completed before

proteomic profiling analysis is published.
Summary

Advances in high-throughput technologies, such as

SELDI, have made it possible to obtain expression profiles

of a large number of proteins using clinical samples. Recent

reports have raised the expectation for the application of

proteomic profiling to clinical diagnostics. In this paper, we

have reviewed and discussed several critical and often

overlooked issues in translating results from proteomic

profiling to biomarker discovery and to eventual clinical

applications.

The clinical evaluation of a diagnostic test relies mostly

on its efficacy in terms of positive and negative predictive

values in a targeted population. It has been proposed that if a

particular protein expression pattern can be associated with

a disease condition, the pattern itself could be used as a

diagnostic test. However, the identification of the compos-

ing molecular entities, as part of the process of biomarker

discovery, will not only facilitate assay development for

large-scale validation and clinical use, but also help the

understanding of the biology of the disease itself and lead to

additional discoveries.

Improvement in profiling technologies, better quality

control procedures, and the proper use of sophisticated

bioinformatics and statistical tools are all important factors

to ensure true discoveries in clinical proteomics. However,

the single most significant factor that affects the discovery

and verification of candidate protein expression patterns or

biomarkers is the selection of clinical samples. False results

can be obtained from studies using a sample set from a single

institution that exhibits significant and systematic biases due

to sample inclusion/exclusion criteria and/or specimen han-
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dling, processing, and storage conditions. Recent reports

have demonstrated the necessity and benefits of multicen-

tered studies.

Proteomic profiling is a new approach to clinical diagno-

sis, and many computational challenges still exist. Not only

are the platforms themselves still improving, but the methods

used to interpret the high dimensional data are developing as

well.
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