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Abstract

The objective of proteomics is to get an overview of the proteins expressed at a given point in time in a given tissue and to identify

the connection to the biochemical status of that tissue. Therefore sample throughput and analysis time are important issues in

proteomics. The concept of proteomics is to encircle the identity of proteins of interest. However, the overall relation between

proteins must also be explained. Classical proteomics consist of separation and characterization, based on two-dimensional elec-

trophoresis, trypsin digestion, mass spectrometry and database searching. Characterization includes labor intensive work in order to

manage, handle and analyze data. The field of classical proteomics should therefore be extended to also include handling of large

datasets in an objective way. The separation obtained by two-dimensional electrophoresis and mass spectrometry gives rise to huge

amount of data. We present a multivariate approach to the handling of data in proteomics with the advantage that protein patterns

can be spotted at an early stage and consequently the proteins selected for sequencing can be selected intelligently. These methods

can also be applied to other data generating protein analysis methods like mass spectrometry and near infrared spectroscopy and

examples of application to these techniques are also presented. Multivariate data analysis can unravel complicated data structures

and may thereby relieve the characterization phase in classical proteomics. Traditionally statistical methods are not suitable for

analysis of the huge amounts of data, where the number of variables exceed the number of objects. Multivariate data analysis, on the

other hand, may uncover the hidden structures present in these data. This study takes its starting point in the field of classical

proteomics and shows how multivariate data analysis can lead to faster ways of finding interesting proteins. Multivariate analysis

has shown interesting results as a supplement to classical proteomics and added a new dimension to the field of proteomics.

� 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

Two-dimensional gel electrophoresis (2DGE) and

mass spectrometry (MS) used in combination constitute
a strong analytical tool used in ‘‘classical’’ proteomics

(Fig. 1), in which MS is used for identification of pro-

teins. By using the two analytical techniques indepen-

dently of each other, but coupled with multivariate

analysis, we have added a new dimension to the field of

proteomics. Multivariate analysis improves the data

handling in proteomics, and thereby narrowing down
action of a barley variety separated by 2DGE. T

ded both whenmany gels are to be compared and
proteins of interest much faster (Fig. 2). Our method

should therefore be considered as a strong supplement

to the ‘‘classical’’ proteomics.

1.1. Multivariate data analysis

One of the troublesome issues in proteomics is the

handling of data with respect to characterization. The

field of chemometrics mainly concerns multivariate

analysis applied to data from chemistry (Martens and

Martens, 2001). Chemometric studies deal with the
he proteins are identified after trypsin digestion by mass spectrometry.

when all the protein spots on one gel have to be sequenced and identified.



Fig. 2. Multivariate data analysis in plant science.
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overall managing, handling and analysis of data col-

lected from, e.g., 2DGE, MS or near infrared (NIR)

spectroscopy.

Multivariate analysis builds on the application of

statistical and mathematical methods, and includes the
analysis of data with many observed variables, as well as

the study of systems with many important types of

variation (Martens and Martens, 2001).

The performance of multivariate analysis builds on

two fundamental principles: (1) formulation of an ex-

periment before data analysis (planning) and (2) prob-

lem reduction during and after data analysis (modeling).

However, it must be emphasized that prior conventions,
theories and expectations may have a restrictive influ-

ence on analysis, if used blindly. Multivariate analysis is

therefore a balance between prior knowledge and new

input gained during analysis.

The explorative data analysis is an important aspect

during multivariate analysis. Before any hypotheses are

arranged, explorative data analysis can give an insight in

the multivariate chaos by means of scores (latent vari-
ables) and loading weights. An essential aspect in ex-

plorative data analysis is the outlier control. It can

always be expected that data include errors as a conse-

quence of typing errors, instrument errors, sampling

errors etc. Hypothesis-generating analysis is a natural

consequence of the entire concept behind multivariate

analysis. In traditional statistical terms, a hypothesis is

set up first and then experiments are carried out in order
to demonstrate this hypothesis. This is known as de-

ductive analysis. In contrast to traditional statistical

methods, multivariate analysis is an inductive analysis,

where hypotheses can be set up after having carried out

the computational experiments.

Principal Component Analysis (PCA) is an unsu-

pervised multivariate analysis technique used for

transforming a set of observed variables into a new set
of variables, which then are uncorrelated to one an-

other (Everitt and Dunn, 1991). The basic idea is to

find hidden structures in a dataset in order to describe

these structures. The strength of PCA is the provision

of low-dimensional plots of the data, e.g., to project
many dimensions onto a few dimensions. On this basis

it is possible to identify outlying observations, clusters

of similar observations and other data structures. As

the name indicates, the technique is based on principal

components, a mathematical technique for an or-
thogonal orientation to principal axes. A principal

component is also referred to as a latent variable. This

variable cannot be measured directly but must be

expressed as a linear combination of a set of input

variables (Martens and Martens, 2001). The PCs form

a rearranged multidimensional space based on a bi-

linear model of the data matrix X, meaning that X is

decomposed into a structural part and an error part.
The structural part consists of a scorematrix, T, and a

transposed loadingmatrix, PT, while the error part is

termed E (Esbensen et al., 2000). Equation (1) is the

mathematical skeleton of principal component

model

X ¼ T � PT þ E: ð1Þ
PCA is capable of transforming a large number of

possible correlated variables to a smaller number of

uncorrelated variables, PCs. The original axes are being

replaced by PC-axes, where each PC-axis is a linear

combination of the original variables.

The relationship of the PCs to the samples (the data
rows, ti) is called scores, and to the variables (data col-

umns, pi) called loadings. The new uncorrelated vari-

ables are represented in decreasing order of importance,

which means that the first PC covers as much as possible

of the variation in the dataset, and each subsequent

component covers as much as possible of the remaining

variation. The second PC is calculated orthogonal to the

first PC, in that way to ensure complete non-correlation
between the first and second PC-axis. The third PC-axis

goes through the maximal variation described in the

remaining dataset, i.e., not described in the first and

second PC. This decomposition continues until all sys-

tematic variation is explained. When all variation is

explained, the original data matrix has been reduced. It

is thus possible to concentrate on only two or three

dimensions at a time.
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Although most variation is described in the first PC,

it does not necessarily make the first PC the most in-

teresting PC.

The Y-data structure is used to guide the decompo-

sition of the X-matrix in order to reduce the original X-
data to a small number of latent variables, termed

Partial Least Squares (PLS) components (Esbensen

et al., 2000). Calibration involves relating the two sets of

data by regression modeling:

Y ¼ X � B; ð2Þ
where B is a matrix containing b-regression vectors ex-

pressing the link between variation in the predictors and

variation in the response. X and Y are defined in equa-

tions (3) and (4), respectively:

X ¼ T � PT þ E; ð3Þ

Y ¼ T �QT þ F; ð4Þ

where T are the scores, P and Q are the loadings and E

and F are the residuals. Y-variables are predicted on the

basis of a well-chosen set of relevant X-variables with

explanatory or predictive purpose (Esbensen et al.,

2000). The Y-matrix is therefore usually the property to

be calibrated for (the response data), while the X-matrix
(the descriptor data) is defined as the output of the in-

strument (Martens and Martens, 2001).

In PCA-calibration one set of loadings from the

X-matrix (P-loadings, cf. equation (3)) is obtained,

whereas PLS-calibration also includes the usage of

loading weights (termed W-loadings). The P-loadings

express the relationship between the raw data matrix

X and its scores (T), whereas the W-loadings represent
the effective loadings between X and Y. The differences

between P- and W-loadings describe the influence of the

Y-guidance on the decomposition of X. The loadings

from the Y-matrix (Q-loadings, cf. equation (4)) are the

regression coefficients from the Y-variables onto the

scores (U). Together with the Q-loadings, the W-load-

ings are used to interpret the relationships between

X- and Y-variables as well as interpreting the scores
related to these loadings (Esbensen et al., 2000).

As an extension to PLS, Nørgaard et al. (2000) have

developed iPLS. The purpose of iPLS is to divide the

variables into subintervals of equal width in order to

carry out local PLS on the subintervals, and thereby

detect specific variables of interest. In this way one can

get as large score vectors as possible in order to obtain

more stable predictions (H€oskuldsson, 2001). PLS is then
carried out on each of the subintervals (local models) and

the full-spectrum (global model). The procedure is a

stepwise calculation with the aim of zooming into local

models of interest, based on modeling performance be-

tween local models and the global model. The selection of

intervals by iPLS is furthermore of importance in PCA in

order to remove noise from the X data matrix.
1.2. Proteomics: how can data handling be improved?

The purpose of proteomics is to find ways of focusing

on those proteins that are involved in a particular bio-

logical function of interest (Godovac-Zimmermann and
Brown, 2001). The field of proteomics mainly consists of

the following two stages (Rabilloud and Humphery-

Smith, 2000): (1) separation of the proteins to be ana-

lyzed and (2) characterization of the separated proteins.

Examinations of proteomic maps have revealed more

additional proteins than was expected when compared

with the corresponding genomic maps (Corthals et al.,

2000). It has therefore been suggested that the additional
proteins found via proteome analysis are modified pro-

teins, which could not be accounted for by genome

analysis.

For every gene expressed in a cell at a given time,

three times as many cellular proteins must be expected

as a result of mRNA splicing and posttranslational

modifications (Naaby-Hansen et al., 2001). Posttrans-

lational modifications, which include simple proteolytic
cleavage as well as covalent modification of specific

amino acid residues, like, e.g., glycosylation, phos-

phorylation and acylation, are not detectable by analysis

of RNA (Hille et al., 2001).

Although time-consuming, 2DGE is the favored sep-

aration technique in proteomics by virtue of the ex-

tremely high resolution obtained (K€uster et al., 2001).

While separation constitutes the first half of proteomics,
characterization constitutes the other half. Proteins of

interest, separated by 2DGE and electroblotted, may be

submitted to N-terminal sequencing and succeeding da-

tabase cataloguing in order to determine their identity.

The advantage of N-terminal sequencing is the ability to

directly sequence the N-terminus of electroblotted pro-

teins without any need of specific preparation procedures

(Kinter and Sherman, 2000). Characterization of pro-
teins may also be carried out by application of MS.

Matrix assisted laser desorption/ionisation time of flight

(MALDI-TOF) MS is the most common type of MS

combined with 2DGE (Hille et al., 2001). After 2DGE

proteins are concentrated in individual spots as SDS–

protein complexes within the polyacrylamide gel matrix.

The protein spot must be pre-treated prior to analysis by

mass spectrometry (Eckerskorn and Strupat, 2000). If the
protein spot is excised from a dry gel, it must first be

washed out and then cleaved by site-specific proteolysis

with, e.g., trypsin (Naaby-Hansen et al., 2001). The re-

sulting peptide fragments of a given protein spot can

thereby be viewed as the third dimension separation,

being independent of the two separation modes from

2DGE (Hanash, 2000). The peptide masses obtained

from the mass spectrum are subjected to database cata-
loguing, where theoretically digestions of proteins are

available, either in protein databases or in translated

genomic databases (Naaby-Hansen et al., 2001).
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A general problem in proteomics when starting with

2DGE is the characterization procedure. Approximately

one day per gel is needed for analysis. When also in-

cluding complete structural analysis by MS, about one

month is required per gel (Hille et al., 2001). Identifi-
cation of proteins by combination of MALDI TOF-MS

and 2DGE, including the processes of image analysis,

spot detection and enzymatic digestion prior to MS, is

not possible to carry out automatically (Hille et al.,

2001). A compromise between sample throughput and

analysis time is therefore an important issue in proteo-

mics of today. Since complete automation is not possi-

ble, the field of proteomics must be extended to include
methods that can ease the evaluation of results obtained

from 2DGE. Focus is turned to optimization of 2DGE

and MS, and particularly on how to optimize the com-

bination between these techniques.

Although the concept of proteomics is to encircle the

identity of certain proteins of interest, the overall rela-

tion between proteins must also be explained. Since

large amounts of data are collected, the overview may
easily be lost. If the overview is lost, how can the con-

ditions for proteomics then be fully obtained? The field

of proteomics should therefore be extended to also in-

clude proper handling of large datasets. Image analysis

of 2D gels is the basis for characterization of proteins. If

the steps in image analysis could be speeded up, and at

the same time be improved, it would ease the proteomic

procedure essentially. Chemometrics may be the answer
to a faster and more reliable analysis in 2DGE.

1.2.1. 2DGE

2DGE separates proteins according to two indepen-

dent physical and chemical properties. Thousands of

different proteins can thus be separated, and informa-

tion such as the protein pI, the apparent molecular

weight, and the amount of each protein is obtained. As
the need for high throughput methods in proteomics

increases, focus has shifted towards automation (Lopez,

2000; Patterson, 2000), by this new focus the bottleneck

has moved from the protocol itself to the gel analysis

(Lopez, 2000; Smilansky, 2001). The 2D protocol is still

time consuming, however, it is important to notice that

the subsequent gel analysis is just as time consuming. To

automate gel analysis, several software programs have
been developed (Appel et al., 1997; Lopez, 2000; Mahon

and Dupree, 2001; Raman et al., 2002; Smilansky,

2001). Gel analysis involves three steps: (1) spot detec-

tion, (2) spot/gel alignment and (3) identification of in-

teresting spots (Lopez, 2000). Development of efficient

and reliable algorithms to perform the two first steps has

been subject to much work (Gustafsson et al., 2002;

Kaczmarek et al., 2002; Kriegel et al., 2000; Pleissner
et al., 1999; Veeser et al., 2001), which can be seen in the

new generation of 2DGE software (Raman et al., 2002).

With the continued progress in development of 2DGE
analytical software, the full potential of the 2DGE is

anticipated in the near future.

The use of multivariate methods in the analysis of

2DGE is an emerging application (Appel et al., 1988;

Jessen et al., 2002; Pun et al., 1988; Rabilloud et al.,
1985; Tarroux, 1983; Tarroux et al., 1987; Vohradsky,

1997). By mathematical modeling of the data contained

in 2D gels, it is possible to make fast extraction of data

from gels. Traditionally the use of spot volume data has

been applied as this makes direct use of the spot lists

generated by most 2D analysis software packages. Al-

ternatively it is possible to use the presence of a spot as

indicator, so that the dataset is a binary matrix, where 1
shows that a spot is present in a gel and 0 that it is not

(Radzikowski et al., 2002). This makes the classification

of gel images based on expression patterns for protein

spots possible. Moreover it is possible to deduce bio-

logical information from the loading plots, i.e., which

spots contribute to the differentiation of the gels. Using

an image-analytical approach, it is possible to do

much of the same work in an automated and fast pro-
cess that does not involve the subjective assessments of

an operator.

However, although the developments in the 2DGE

protocol and instrumentation have greatly improved the

reliability and reproducibility of 2DGE, much focus is

still on whether the method will turn into what every-

body hopes; a fast, reliable method for high throughput

proteomic research.

1.2.2. Speed/Automation

The speed and degree of automation are two areas

where the 2DGE protocol can be improved. It has been

estimated that it can take as much as one month to fully

analyze one gel (Hille et al., 2001) with the current de-

gree of automation. Improvements in the degree of au-

tomation, however it is estimated, can bring this down
to 3–7 days (Hille et al., 2001). In addition, the gel

analysis involves subjective assessments by the analyzer,

which can make the analysis operator dependent.

Automated units to perform the first and second di-

mension runs as well as visualization combined with the

development of IPG have brought down the number of

process steps and operator dependent variables (G€org
et al., 2000). Prototypes of fully automated robots for
spot identification, excision and analysis with MALDI

TOF-MS have likewise been described (Harry et al.,

2000; Nordhoff et al., 2001). It is therefore in the gel

analysis that we find the bottleneck in large-scale pro-

teomics today.

1.2.3. Problematic proteins

Generally, two groups of proteins have been a
problem in 2DGE separations – very basic and/or in-

soluble membrane proteins. The problem with the basic

proteins has been the lack of commercial products to



1536 D.M. Gottlieb et al. / Phytochemistry 65 (2004) 1531–1548
create a pH gradient above 10 and that basic proteins

have been difficult to focus in the first dimension because

of reverse electro-endosmotic flow. With IPG it is pos-

sible to make pH gradients up to 12 and at the same

time use a standard protocol (G€org et al., 2000). Narrow
pH gradients up to pH 12 require changes to the pro-

tocol to minimize the transportation of water from the

cathode to the anode. Gradients with pH 10–12 and pH

9–12 have successfully been applied (G€org et al., 2000).

Hydrophobic membrane proteins are very challeng-

ing to handle and it is estimated that only about 1% of

the membrane proteins are separated in 2DGE with a

standard protocol (Fey and Larsen, 2001). The devel-
opment of sample solubilization has improved the pos-

sibility of solubilizing these proteins by use of

zwitterionic- and organic-detergents. But it is still an

area that needs to be developed (Anderson et al., 2000).

1.2.4. Visualization of proteins

Traditionally proteins are stained with Coomassie

brilliant blue (CBB) or silver. CBB staining has a rela-
tively low sensitivity but is compatible with Western

blotting and subsequent protein sequencing. Using CBB

the spot intensities correlate linearly with protein

amount. Silver staining can detect as little as 0.1 ng

protein and is thereby much more sensitive than CBB

staining but has disadvantages: (1) Silver staining does

have a lower reproducibility between replicates; (2) It

does only stain quantitatively in a narrow range, which
means that silver staining is not useful to study differ-

ences in protein expression between different stages; (3)

Some proteins are only stained weakly or not at all

(G€org et al., 2000).

As an alternative to silver staining, fluorescence

staining can be used. Fluorescence staining is less labour

intensive and has a detection limit of 1–4 ng protein

(Steinberg et al., 2000), which is better than CBB and at
the same level as some silver staining procedures. The

staining is linearly in a wide interval. The protocol is

simple and can therefore more easily be used in an au-

tomated system.

Several alternatives to the classic methods of visual-

izing have been reported. In (Bienvenut et al., 1999; Binz

et al., 1999) a molecular scanner is described. In this

system all proteins in the gel are digested followed by
transfer to a polyvinylidene difluoride (PVDF) mem-

brane with a matrix solution compatible with MALDI

TOF-MS. The PVDF membrane is then scanned di-

rectly with the MALDI TOF-MS instrument with a

resolution of 0.4 mm. The spectrum obtained in each

point is automatically submitted to a protein sequence

database for identification. In this way a complete map

of identified proteins is created. However, the method is
not quantitative and the scanning of the gels with the

spectrometer is very time consuming. Thus it takes

about 36 days to scan one gel measuring 16� 16 cm2,
generating approximately 40 GB of data. However, the

authors estimate that it will be possible to bring this

down to a matter of hours.

The method eliminates some of the classic flaws in

2DGE such as matching of protein spots, sensitivity,
identification and to some extent co-migration. As all

proteins in principle are identified, the need for match-

ing of protein spots is eliminated. The method is there-

fore an interesting alternative to the classic 2DGE

analysis, in that several steps are combined to one au-

tomated process.

In (Walker et al., 2001) a method is described where

the second dimension is replaced by MALDI TOF-MS,
thus creating a so-called virtual gel. The first dimension

is run in the traditional manner, but the IPG strip is

prepared for MALDI TOF-MS. By scanning the IPG

with the MALDI TOF-MS spectrometer the virtual gel

is created where the second dimension is constructed by

MS spectra. Thus the method also eliminates some of

the classic 2DGE problems.

1.3. Near infrared spectroscopy

Near infrared (NIR) spectroscopy provides a method

for rapid, non-destructive and accurate analysis of the

composition of a sample. It allows discrimination of

various organic compounds and can be used both to

acquire qualitative and quantitative information. It not

only supplies chemical information, but also informa-
tion of whether the physical properties of a sample can

be obtained.

NIR has been widely used in the field of agriculture,

and one of its first applications was the determination of

moisture in agricultural products (Pasquini, 2003). Now

it is also used in various other fields such as food and

medicine, and it is an increasingly accepted tool for

academic research and industrial quality control in
many areas ranging from chemistry to agriculture and

from life science to environmental analysis (Foley et al.,

1998; Siesler, 2002). A merit of NIR is the simultaneous

determination of multiple constituents in a sample,

which also allows for estimation of complex attributes

such as the susceptibility of plants to insect attack. NIR

is not used for very sensitive analysis since the detection

limit in general is only about 0.1% (w/w) for most con-
stituents (Iwamoto and Kawano, 1992).

Infrared (IR) is the part of the electromagnetic

spectrum that covers the wavelength region from 0.7 to

200 lm. The region of IR, which is nearest to the region

of visible light, is called the near infrared (NIR) region,

and it includes the wavelength range from about 780 to

2500 nm. The mid infrared (MIR) spans the higher

wavelength range from 2500 to 15,000 nm (Davies,
1993).

The electromagnetic radiation can interact with

matter to give rise to an absorption spectrum. In
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vibrational spectroscopy, which employs the MIR and

NIR regions, the absorption bands originate predomi-

nantly from radiation energy transferred to mechanical

energy associated with the vibration of atoms.

In a molecule, atoms or groups of atoms participating
in chemical bonds are displacing one in relation to the

other in a frequency that is defined by the type of bond

of vibration (Davies, 1993). Absorption of infrared ra-

diation induces the transition between vibrational en-

ergy levels, and the frequency and amount of the

absorbed radiation gives information about the types

and number of bonds between atoms or functional

groups in the molecules. Consequently, the absorption
spectrum reflects the chemical composition of the ma-

terial being analyzed, and gives information on the

amount of protein, fat, starch or any other organic

molecule in a sample. However, NIR is a secondary

method requiring calibration against a reference method

for the constituent, because of influence also from

physical properties (Osborne et al., 1993).

While the MIR-region possesses the energy that is
necessary to promote molecules from their lowest ex-

cited vibrational states, the NIR region is of higher en-

ergy, and the absorptions originate from overtones or

combinations of the fundamental absorptions seen in

the MIR region.

IR spectroscopy that uses the MIR-region has been a

well-established tool for elucidation of structure, be-

cause the peaks are relatively distinct and can be at-
tributed to the presence of certain functional groups

(Siesler, 2002). In the NIR region, however, direct in-

terpretation of the spectral absorbances is very difficult

for complex mixtures because of broad overlapping

absorption bands. NIR thus relies on multivariate

methods to quantify the properties or constituents of

interest.

One of the advantages of NIR over IR is that NIR
requires a minimum of sample preparation and provides

the possibility for analysis on, e.g., intact fruit and also

opaque samples. When a beam of IR radiation con-

taining different frequencies is directed on to a molecule,

an absorption spectrum (plot of energy versus wave-

length) is produced, because only the radiation of fre-

quencies capable of supplying exactly the energies

between allowed transitions is absorbed. Each kind of
molecule has a characteristic spectrum depending on the

number and types of bonds, since the transition energies

are defined by the vibrational frequencies of the different

bonds.

Spectra of polyatomic molecules show absorptions

from the distinct chemical groups, which vibrate at their

characteristic group vibrations. The characteristic vi-

brations are relatively constant in their frequencies from
molecule to molecule, but some adjustment takes place

due to influence from different molecular environments

and molecular interactions (e.g., degree of hydration)
which influence the force constant (Bokobza, 2002). It is

therefore possible for example to differentiate C–H

stretching stemming from, e.g., alkanes, methanol and

ethanoic acid (Osborne et al., 1993).

For polyatomic molecules interbond coupling can
occur between stretching and bending vibrations of the

same functional group, meaning that their vibrational

energies are dependent on each other. This complicates

the spectrum, but also causes some distinct vibrations

for complex molecules. Proteins, for example, show

characteristic absorption bands in the IR and NIR due

to the vibrational modes: C@O stretching coupled to

N–H bending and C–N stretching (amide I), and N–H
bending coupled to C–N stretching (amide II) (Osborne

et al., 1993). In the NIR some combination bands in-

volving these modes (and, e.g., N–H stretching) appear,

and such a band has been found very useful for esti-

mation of protein concentration. Many bands in the

NIR spectrum of protein are sensitive to changes in

secondary structure and degree of hydration, and

therefore can be used, e.g., for monitoring the dena-
turation of a protein (Wu et al., 2000). This is the con-

sequence of NH-bands being displaced by hydrogen

bonding like any other X–H-band. Hydrogen bonding

changes the force constant of the covalent X–H bond

thus causing a small shift in the wavelength at which the

absorption band appears. This sensitivity of NIR to

hydrogen bonding is the reason why NIR also can be

used for studying the state of water in foods. The O–H
absorption band, however, becomes very broad due to

the hydrogen bonding.
2. Results and discussion

2.1. Proteomics ‘classic’

The traditional way of doing proteomics is outlined in

Fig. 1. Gels are evaluated using image-processing soft-

ware; interesting spots are pointed out and identified. The

visual image of protein spots is invaluable in proteome

analysis as far as characterization of single proteins is

concerned, which is why 2DGE is the favoured separa-

tion technique in proteomics. However, the character-

ization of proteins from 2D gels often requires many 2D
images being compared to each other. However, when

adding just a few more gels to the analysis it is almost

impossible to maintain an overall view of the data. Image

Master� and other software programmes like, e.g.,

CAROL (Kriegel et al., 2000), Z3 (Smilansky, 2001),

PDQuest, Melanie and Progenesis have been developed,

making attempts on easing the 2D image analysis.

However, the real breakthrough will only appear when a
full-automated analysis of 2D images is possible. An

unquestionable obstacle towards the full-automated

analysis of 2D gels is the problem of gel alignment.
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2.2. Explorative data analysis

In order to increase the effectiveness of proper spot

selection, the data from 2DGE can be subjected to

multivariate analysis in order to point out which com-
bination of spots could be valuable to sequence. This

way a lot of time and effort can be saved when only the

proper spots are identified. Although the images from

2DGE are obvious subjects to multivariate data analysis

by virtue of the many variables they create, there still are

some obstacles to pass before it is practically possible.

The 2D gel patterns are exposed to geometrical distor-

tions, locally as well as globally, with decisive impact on
the grade of reproducibility. In order to analyze 2D

images properly by multivariate analysis, they must first

of all be aligned.

There are two ways to go. Multivariate data analysis

can be used on either the spot list produced by the image

processing software after alignment or directly on the

aligned images. The first procedure has been used in

some studies (Jessen et al., 2002, Radzikowski et al.,
2002). In the latter study concerning rye proteins it was

shown that the results from the different analysis could

then be combined and analyzed by PCA to give an im-

proved characterization of the varieties. The PCA of the

2D spot data was able to group the spots according to

the varieties in which they were present and this im-

proved the evaluation of the 2D gels. The resulting data

from PCA can also be used to create a dendrogram of
the investigated varieties. The PCA of the 2D spot data

in combination with the functional properties data

showed a similar grouping of the varieties and that there

was one spot that was close to the properties, bread

volume and bread height. The PCA of the 2D spot data

can be useful in any 2D electrophoretic analysis where

the aim is to find protein spots that are characteristic for

a given sample or find protein spots that are present in a
selected group of the investigated samples. The PCA of

2D spot data reduces the time spent on analysis of the

results obtained from image analysis of 2D gels, and it

also makes it easier to analyze a large number of gels.

Another advantage is that it is possible to combine re-

sults from many different experiments and analyze them

together.

2.3. Spot detection of 2DGE gels

Here, we present an analysis of 2DGE patterns of the

storage proteins from ten different wheat varieties by

PCA and PLSR. An analysis of the volume spot lists

showed that the selected wheat varieties were repre-

sented in two groups. To avoid the generation of spot

volume lists, i.e., to avoid spot detection, we used a
method in which the gels were analyzed as images to test

if the gels could be differentiated. The latter approach

gave the same classification of the ten varieties as the use
of spot volume lists, although without the prior work of

spot detection and spot matching which is both time

consuming and subjective. For further screening pur-

poses the use of this approach in the initial screening of

a large number of gels is therefore a promising alter-
native to the usual spot detection and matching.

Multivariate analysis is implemented in recent ver-

sions of popular 2DGE analysis software packages. The

implementation, however, is solely based on the sub-

sequent analysis of spot list data. The present method is

based on sampling of real-spot data as basis for the

detection.

The algorithm: Based on a data matrix of unfolded
spot images we have used a singular value decomposi-

tion (SVD) to build a PC Model and used this model to

create virtual gels of probability to indicate where the

spots are located. This approach is described in Fig. 3. A

more detailed description of the algorithm is found in

Appendix A.

The algorithm has been used to identify spots on

2DGE gels of wheat storage proteins (Schultz et al.,
2004) for 2DGE procedure. In Fig. 4, the spots used to

construct the Peak matrix are marked.

Spot identification was done on three different gels of

the wheat varieties: Pentium, Hussar and Trintella. All

gels were sub-images extracted from whole gels and the

background has been subtracted and the intensities

adjusted (Fig. 5).

The results from the identifications are shown in Fig.
6. It is clear that almost all spots have been identified.

However, there is a tendency towards missing identifi-

cation of the weakest spots as well as some symmetric

noise around each spots. Moreover, it is seen that the

algorithm identifies the gravity point in the spot. This is

in accordance with what is expected as the spots were

sampled from the centre of gravity. Moreover, it should

be noted that the intensities of the identified spots reflect
the degree to which a specified pixel fits the reference

model and not the original spot intensity. On the gel of

the variety Hussar an area is seen where the number of

spots are difficult to identify on the original gel. In this

area three spots have been identified, which are in ac-

cordance with the actual gel. The algorithm has also

been tested with other spots as reference data, which

differ in size and form (data not shown). These tests
show that the shape of the spot has less influence on the

performance of the algorithm than the size (Fig. 7).

We have here demonstrated an alternative approach

to 2DGE spot detection as well as shown how a

multivariate approach can be used for other purposes

than analysis of spectroscopic spectres. We believe

that the algorithm as presented here can contribute to

further development of powerful 2DGE analytic
software packages, further fuelling the widespread use

of the 2DGE technology in modern proteomics

research.



Fig. 3. Diagram of the FindPeak algorithm. (1) The spots are sampled, and the Peak matrix is constructed of the unfolded spot images. Spots are

sampled from K different gels. One or more spots from each gel can be sampled. (2) The initial PC model is calculated, consisting of the scores matrix

(T), the loadings matrix (P) and the residual matrix (E). (3) The optimal number of principal components is determined (AOpt) and the reference PC

model is constructed based on this number of principal components. From the residual matrix the reference variance (s2Ref) can be calculated. (4) In

each pixel in the gel image to be analyzed, a sub-image with centre in the pixel is extracted and is unfolded to x. (5) The new score matrix, t, for the

pixel is calculated from x and P. (6) The new residual matrix, e, for the pixel is calculated from the new score matrix t and P. (7) From the new

residual matrix, the pixel variance, s2 is calculated. The numeric value of this describes how well the pixel sub-image fits the model and forms the

ModelFit matrix. (8) The relationship between s2 and s2Ref makes up the PeakProbability matrix.

Fig. 4. DGE gel marked with the spots used to construct the Peak

matrix. Spots 1 and 2 were sampled from 39 different gels of different

wheat varieties.
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2.4. Mass spectrometry and multivariate data analysis

MS of whole protein extracts together with chemo-

metrics can be used to classify complex mixtures of

proteins. We have used this chemometric approach as a
supplement to the proteome analysis of the alcohol-

soluble proteins (gliadins) from the wheat gluten com-

plex (Gottlieb et al., 2002). Based on classic proteome

analysis with 2DGE, a specific gliadin was found to only

be present in wheat varieties unqualified for bread-

making. By means of N-terminal sequencing, the iden-

tity of the protein was then encircled. Gliadin-data
obtained from MALDI-TOF MS ranging 31 kDa were

subject to multivariate analysis. By means of multivar-

iate analysis on the MS data narrow molecular weight

intervals of interest, with sizes of only few hundreds of

Da, were repeatedly detected (Fig. 7). The study re-

vealed that application of multivariate analysis could

detect the molecular weight area in which the gliadin of

interest was found by the classic labour-intensive pro-
teome analysis. From the study it was concluded that

the use of multivariate analysis on data output from

separation of gliadins is a strong tool that can contribute

substantially to the field of proteomics.
2.5. NIR spectroscopy and multivariate analysis

Quantitative information of a specific analyte is re-
flected in the intensity at the wavelength at which it

absorbs according to Beers law, stating that absorbance

presents a linear behavior with the concentration of the

analyte for a fixed path length (Heise and Winzen,

2002). The NIR spectra are however often rather fea-

tureless, which prevents identification of bands for the

analyte of interest. Use of a single wavelength will sel-

dom provide a good model because of the occurrence of
overlapping absorption bands and deviations from

Beers law. Deviations from Beers law occur, e.g., at high



Fig. 6. Left column shows the PeakProbability matrix. Right column shows a

Pentium; (b) Hussar; (c) Trintella.

Fig. 5. Gels on which spots have been identified. (a) Pentium; (b)

Hussar and (c) Trintella.
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analyte concentrations, because of light scattering phe-

nomena in solid samples, and when there are changes in

the hydrogen bonding pattern such as temperature or

relative concentration changes (Pasquini, 2003). In

particulate samples light scattering phenomena further
introduce nonlinearities (Martens et al., 2003).

Extraction of quantitative information therefore relies

onmultivariatemodels.Multiple linear regression (MLR)

that uses only a few wavelengths is a usual method for

regression of the reference data on the spectral data.

However, PCR and PLSR that can separate out the rel-

evant and reliable covariation patterns from the back-

ground noise in the full wavelength range are increasingly
being used (Heise and Winzen, 2002). PCA provides a

quick overview of the spectral data and reveals clusters

and trends which could otherwise be hard to see (Fig. 8).
2.5.1. Barley mutants

NIR spectroscopy has shown promising results for

application in plant biotechnology for gaining insight

into the phenotypes that result from perturbation of the
gene expression by genetic and environmental changes

(Jacobsen et al., 2004; Munck et al., 2001). Processing of

the NIR spectra by classification techniques yields a

metabolic fingerprint of the organisms without differ-

entiation of the individual metabolites. In this way NIR

has potential as a fast screening method revealing or-

ganisms with altered phenome, but it is also possible to

obtain quantitative information of specific metabolites
composite image of the PeakProbability matrix and the original gel. (a)



Fig. 8. NIR as an exploratory tool. NIR spectra contain ‘hidden’ information about the sample compositions, but groupings and trends in samples

can easily be surveyed in a PCA based on the spectral data. The basis for the groupings is examined by use of various analytical methods, and gene

sequencing reveals the underlying genome.

Fig. 7. Multivariate workflow combined with proteomics. (a) Mass spectra are collected, in this case of the alcohol-soluble fraction from wheat

varieties. (b) By using PCA to analyse the collected spectra it is possible to compare the objects to each other in a score-plot (each spectrum is

represented by a spot). (c) Variables of interest can be detected by iPLS. (d) The high-resolution obtained by 2DGE is then used to isolate the few

proteins in the detected interval of interest. Further analysis is done by enzymatic digestion of the selected proteins and final identification by da-

tabase searching.
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for use in metabolomics. Accurate and reproducible

quantitative methods are necessary to differentiate

samples where the result of the changed gene expressions

is only quantitative changes in the metabolite concen-

trations (Sumner et al., 2003).

It has been shown by Munck et al., 2001 that NIR of

barley flour provides a spectral fingerprint of the barley
endosperm phenome, which can be used for discrimina-

tion of normal barley and high-lysine mutants. In the

near isogenic background of the advanced barley lines,

the effects of the high-lysine genes and also different
growth environments were easily detected by NIR. A

clear discrimination was seen in a PCA using the wave-

length region 400–2500 nm. Also the ability of NIR to

discriminate different high-lysine mutant genotypes has

been demonstrated. In a work by Jacobsen et al., 2004,

even the phenotypic effects of different alleles in the same

locus were differentiated in a PCA, where a more extreme
mutant was shown to form a distinct cluster.

Comparison of the mean spectra from the PCA

clusters lead to identification of the spectroscopic

signatures that discriminated the mutant genotypes. A
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small region (2280–2360 nm) in the spectra was identi-

fied as basis for visual discrimination of mutants and

also their differentiation from normal barley. Observed

absorption bands in this range were in the literature

assigned to protein side chains (amino acid-determi-
nant), cellulose and unsaturated fat. The effect of the

different high-lysine mutant genotypes on the amino

acid composition were thus reflected in the spectral

shape, but also the effects of the altered proteome on

other constituents such as starch, fat and fibre were

evident in the spectra. These pleiotropic effects, which

are often forgotten in analysis, are revealed by NIR, and

the perspective is that mutants and transformants can be
identified from their pleiotropic effects.

The ability of NIR to measure on the intact plant

thus provides a holistic fingerprint of the metabolic

status in contrast to other chemical methods applying to

plant extracts and thus being biased towards specific

chemicals. The advantage of using spectral information

about the total endosperm composition for classification

of unknown barley lines was demonstrated. A barley
line that was formerly considered a waxy line due to its

low amylose content was recognized as another mutant,

since its spectra grouped together with lys5 mutants in

the PCA model. The lys5 mutants were low in starch but

compensated for that by high b-glucan content and thus

differed from the classical waxy lines.

The use of the combination of NIR and PCA is a

totally exploratory approach. After identification of
clusters or outliers in a PCA, the proteome and me-

tabolome can be further investigated by more selective

methods like 2DGE, MS, amino acid analysis and other

chemical analyses. In this respect, knowledge of the

wavelengths at which the different constituents absorb

can be of great help for targeting the chemical analysis.

Genome analysis reveals the functional relationship

between the genomes and the metabolomes. The fin-
gerprinting approach allows for generating new hy-

potheses about the gene functions and is more objective

than the traditional procedure in functional genomics,

where only test of the logical response to a perturbation

is made (Gidman et al., 2003).

2.5.2. Wheat quality

NIR has long been a recognized method for accurate
prediction of the protein content of wheat for assessment

of its breadmaking potential (Morris and Rose, 1996).

The baking quality of flour, however, relates to both the

amount and quality of the gluten proteins and is also

determined by the complex interactions of all the bio-

chemical constituents in flour (Veraverbeke and Delcour,

2002). Providing a measure of all the primary constitu-

ents simultaneously, NIR should have potential for de-
termination of this quality. Various biochemical and

physical properties of dough, relating to the baking

quality, have been reasonably estimated by NIR, but a
strong correlation between the measured property and

the total protein content can lead to wrong conclusions.

NIR is, however, sensitive not only to protein content but

also to protein quality to some degree (Wesley et al.,

2001). The quality of gluten protein is partially deter-
mined by the glutenin to gliadin ratio and the weight

distribution of glutenins (Wesley et al., 2001). NIR is

generally not very sensitive to individual levels of different

proteins, but is has been found anyway that the individual

contents of gliadin and glutenin can be estimated to some

degree from NIR spectra not only because of their cor-

relation to total protein content (Wesley et al., 2001).

2.5.3. Characterization of gluten

Dried gluten is used in the baking industry for im-

proving the bread-making performance of wheat flour.

To assure satisfactory performance of the gluten, ass-

esment of both composition and functional end-use

properties is required (Czuchajowska and Pomeranz,

1991). An important quality parameter of gluten is the

moisture content, since high moisture content (above
10%) promotes deterioration of gluten quality. Other

quality parameters include protein, free lipid and ash

content as well as particle size and various rheological

properties (Czuchajowska and Pomeranz, 1991). NIR

has been found useful for determination of all these

parameters, though composition was much better pre-

dicted than the physical and rheological properties

(Czuchajowska and Pomeranz, 1991).
It is more desirable to know how well gluten performs

in bread-making than just knowing its individual quality

parameters. An accepted test for gluten functionality is

measurement of the increase in volume of bread baked

from flour fortified by gluten, and NIR has been tested

for its ability to predict this end-use property. In the

work by Czuchajowska and Pomeranz, 1991, it was

found that a calibration model based on three wave-
lengths had limited power for predicting increase in loaf

volume, but it was, however, found that some rheolog-

ical properties of hydrated gluten (which correlates to its

end use properties) could be well predicted by three-

wavelengths MLR models.

2.5.4. Experiment: moisture in gluten

In an experiment FT-NIR reflectance spectra were
measured on samples of freeze-dried gluten powder,

which contained different amounts of moisture. In the

beginning of the experiment spectra were measured on

the dried gluten powders, and then samples were left to

absorb moisture in a moist chamber at room tempera-

ture (26 �C). Spectra were again recorded after 2, 4 and

24 h on the same samples (Fig. 9). The final water

content after 24 h was around 18% on a wet basis.
Broad water bands appear at around 1450 and 1930

nm for the moist samles and the intensity of the bands

increases as the water content becomes higher. At the



Fig. 9. NIR spectra measured on samples of gluten powder with dif-

ferent water contents.

Fig. 10. Scoreplot from a PCA on the NIR spectra seen in Fig. 9.

D, dry gluten samples. W, moist gluten samples. Last number refers to

hours of hydration.

Fig. 11. Second derivative spectra. Original NIR spectra are seen in Fig. 9

contents.
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same time protein bands decrease in intensity. The

spectra have been pretreated by multiple scatter cor-

rection (MSC) in order to remove undesired spectral

variation caused by light scattering. Light scattering

results from physical phenomena in the samples like
particle shape, size, size distribution and sample packing

and it introduces both multiplicative and additive effects

in the spectra (Martens et al., 2003). To demonstrate

how PCA can provide an overview of the variance and

groupings in data a score plot from PCA on the MSC

corrected full spectrum is shown in Fig. 10.

PC1 which describes 99% of the spectral variance

reflects the increase in water content. PC2 shows an-
other smaller phenomenon taking place.

To get more insight into the spectral changes that

take place when water increases and interacts with the

gluten proteins, the second derivative was taken. Second

derivative spectra are shown in Fig. 11. Taking the

second derivative of the spectra facilitates the visual

inspection of the spectra since peaks in the original

spectrum appear as more clearly separated downward
peaks in the second derivative spectrum and at the same

time multiplicative and additive effects are removed. The

signal to noise ratio is, however, decreased.

The spectral changes upon hydration can originate

from the changed concentrations, the changed hydration

of the protein, changes in protein secondary structure

upon hydration or from changes in protein side chains.

Also changes in other minor components cannot be
excluded.

A zoom picture of a small wavelength region with

interesting spectral changes is seen in Fig. 12. It seems

that two peaks that are close to each other change shape
and are measured on samples of gluten powder with different water



Fig. 12. Zoom picture of second derivative spectra in Fig. 11. Dry and moist gluten samples show distinct spectral features.
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and shift wavelength positions to lower wavelengths

when the samples become moist.

Changes in protein secondary structure are possibly
reflected in the amid combination bands, which are

sensitive to the degree of hydration, but also protein side

chain vibrations can change upon secondary structure

changes (Sefara et al., 1997). The interesting region en-

closes the wavelength range 2255–2290 nm, and in this

area combinations of CH2 stretch and H–C–H bending

vibrations from protein side chains and carbohydrates

are found (starch content is low). It has been found that
increased hydration of some gluten proteins leads to

increased b-sheet content and decreased unordered

structure, and at a certain point the b-turn content is

increased (Belton et al., 1995). The analysis methods

that have been used for elucidation of the changes in

secondary structure that arise upon hydration, are yet

needed for relating these structural events to the changes

seen in the NIR spectra.

2.5.5. Applications to fruits and vegetables

The lower absorption intensities of water in the NIR

compared to the MIR means that NIR is useful for

measurements on high moisture samples such as fruit. A

mode for measurements that is especially useful for

measurements on intact fruits is called interaction, and it

uses a fiber-optic probe, where the probability of the
incident beam to interact with the sample is increased

(Pasquini, 2003).

NIR is thus used for the assessment of the quality of

fruits and vegetables. It has been successfully applied for

determination of some of the most important quality

aspects of fruits such as soluble solid, sugar and acidity

content. Soluble solid content (SSC) or total solid con-

tent (TSC) (or dry matter content) has been determined
for various fruits such as apples, melons, peaches, to-

matoes, kiwis and dates and for vegetables such as on-

ions, potatoes and corn by use of NIR (Kawano, 2000;

Lammertyn et al., 2000; Schmilovitch et al., 1999;

Slaughter et al., 2003).

NIR spectra have been found useful for determina-

tion of sucrose, glucose, fructose, citric acid, malic acid

and ascorbic acid content in strawberries (Jin and Cui,
1994). In an experiment using reflectance measurements
on potatoe slices, a calibration of sugar content, how-

ever, did not perform well, and NIR was also found

insensitive to the fructose content (Scanlon et al., 1999).
On the other hand, much better calibrations of sugar

content have been reported when using transmission

measurements on thin potato slices (Mehrubeoglu and

Cote, 1997). NIR is in addition able to detect secondary

metabolites in plants since, e.g., phenols, alkaloids,

tannins and glucosinolate have distinct absorptions in

the spectrum (Foley et al., 1998).

Also textural properties of fruits and vegetables can
correlate to NIR spectra. Calibration models of NIR

spectra of pears could predict fruit hardness, juiciness and

mealiness. NIR can also predict the firmness, waxiness

and mealiness of boiled potatoes as well as hardness and

crispiness of boiled carrots (De Belie et al., 2003).
3. Conclusions

The field of classical proteomics should be extended

to also include handling of large datasets by appropriate

data analysis. The analysis performed by 2DGE, MS

and NIR give rise to many data and multivariate data

analysis can unravel the complicated data structures,

which can relieve the characterization phase in classical

proteomics. Based on analysis of proteins from the
wheat gluten complex, we have used this technique to

focus on the interesting spots or the interesting part of

spectra before the actual identification phase. Multi-

variate analysis has shown interesting results as a sup-

plement to classical proteomics and added a new

dimension to the field of proteomics.
4. Experimental

For preparation of gluten powder, dough was made

by mixing commercial wheat flour with distilled water

(2:1) by hand. Gluten was washed out manually with

distilled water from the dough and freeze-dried. The

freeze-dried gluten was ground to powder and sieved

through a 500-lm screen.
Moist samples were obtained by placing 2� 700 mg

gluten powder in a sealed container with water in the
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bottom, and FT-NIR spectra were collected at 2, 4, and

24 h after leaving the samples for moisture absorption.

FT-NIR spectra were also obtained from two gluten

samples, which were kept dry.

For the FT-NIR measurements, powders were com-
pressed in a sample cup and spectra were recorded using

a Spectrum One NTS, Perkin–Elmer spectrometer in

reflectance mode. Spectral data were recorded from 793

to 2495 nm at 1.67 nm intervals with co-addition of 50

scans and use of a spectral resolution of 8 cm�1. A

Spectralon� diffuse reflectance standard was used as

reference. NIR spectra were analyzed by using The

Unscrambler Software version 8.0. Spectral prepro-
cessing included MSC.
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Appendix A

Here we describe the spot detection algorithm. No-

tation and syntax are that of Matlab.

The initial model is calculated using Singular Value

Decomposition (SVD) as:

½U;S;V� ¼ svdðXÞ:
From this we get T and P as:

T ¼ VS;

P ¼ U:

The optimal number of principal components to use in

the model is obtained by studying the S matrix, which is

a diagonal matrix of the eigenvalues. The eigenvalues
describe how much of the variance is described by each
– Make reference PCA model and calculate reference scores

– Study the S matrix and determine the optimal number of

variance (s2Ref) with this number of principal component

– for h ¼ 1 : nh (number of horisontal pixels in the gel-im

– for v ¼ 1:nv (number of vertical pixels in the gel-ima

– Extraxt a sub-image with centre in the pixel (v� d
– Reshape to a row vector, x
– Estimate the score matrix for the new x data from

– Estimate the residual for the new x data: e ¼ x� t

– Calculate the variance: s2 ¼ meanðeð:ÞÞ:^2)
– Calculate the probability factor for the pixel (v; h)

– end

– end
principal component, and is commonly expressed in

percents as:

diagðSÞ � 100
sumðdiagðSÞÞ :

From this the optimal number of principal components

(AOpt) is determined and the T, P and E matrixes are

constructed and the reference variance is calculated

(Fig. 3, step 2):

T ¼ Tð:; 1 : AOptÞ;

P ¼ Pð:; 1 : AOptÞ;

E ¼ Peak0 � T � P0;

s2Ref ¼ meanðEð:Þ:^2Þ:
In every pixel of the gel image to be analyzed is a sub-

image the same size as the spot sampling sub-image is

extracted and unfolded to row vector x, which is used as

data in a new model that is calculated from the loadings

matrix from the reference model. Hereby it is possible to

estimate a new score matrix, by projecting x on P and

hence the residual matrix and variance for the sub-image:

x ¼ t � P0 þ e;

t ¼ x � P � ðPP0Þ�1
;

t ¼ x � P;

e ¼ x� t � P0;

s2 ¼ meanðeð:Þ:^2Þ:
The variance, s2 is used to calculate a peak-probability

from the s2Ref (Fig. 3, step 7):

s2Ratio ¼ s2=s2Ref ;

Prob ¼ ScalingFactor � 1=s2Ratio;

Prob ¼ maxðProb; 0Þ;

Prob ¼ minðProb; 1Þ;

PeakProbability ¼ Probþ f ðleverageÞ:
This is shown below:
and loadings.

principal components (AOpt) and estimate the reference

s.

age to be analyzed)

ge to be analyzed)

v : vþ dv; h� dh : hþ dh)

the reference loadings.

� P0
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Before the reference model is made the data is nor-

malised. This is done by Multiplicative Scatter Correc-

tion (MSC) (Martens et al., 2003).
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