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ABSTRACT

Analysis of gluten proteins from the wheat grain endosperm has long challenged the analytical chemist. Several hundred unique
polypeptides are present, many in large polymers. This complexity, plus useful relationships of composition to genotype and quality,
encouraged development and application of electrophoresis and chromatography for gluten analysis. We review the methods of
polyacrylamide gel electrophoresis, sodium dodecyl sulfate~polyacrylamide gel electrophoresis, isoelectric focusing and high-perform-
ance liquid chromatography available for study of wheat proteins. Singly and in combination, they provide rapid, reproducible,
high-resolution separations based on size, charge, or surface hydrophobicity. As challenging and important as the analyses themselves,
however, is interpretation of data. Subjective evaluation is sometimes possible, but statistical methods such as similarity scores,
clustering, principal components, multiple linear regression, and partial least squares now are increasingly used for data analysis. We
review the use of these procedures, and precautions necessary to avoid misinterpretation of data. Optimal evaluation of protein
analytical data will enhance the value of such analyses in wheat breeding, marketing, and processing.
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1. INTRODUCTION

Wheat (Triticum aestivum L.) has long been a pri-
mary food source because of its productivity, adap-
tation to diverse environments, and good nutrition-
al value. Wheat’s popularity is also due to the excel-
lent baked goods made from it. We can produce
such products because of wheat’s storage proteins.
To the plant, these proteins are the nitrogen reserve
for the germinating embryo. For us, however, they
are an important part of the diet. These proteins,
known collectively as gluten, also have unique
properties. After wheat is milled and the resulting
flour is hydrated, dough develops as proteins inter-
act with each other and other flour constituents to
form a continuous cohesive matrix. This gluten net-
work is elastic, and retains carbon dioxide generat-
ed during dough fermentation. Upon baking, its ex-
panded structure is set, resulting in porous, fine-
textured products.

Because of the importance of gluten, and since
variation in structure is associated with quality, un-
derstanding gluten’s structure has long been impor-
tant. In 1745, Beccari [1] described milling of wheat
and gluten—starch separation, and attempts to char-
acterize gluten. He concluded that such studies, ...
relevant both to sickness and to health ....”" should
encourage others to investigate food. In a seminal
report Osborne [2] described gluten’s unique prop-

erties, and noted that only wheat has a protein so
easily isolated. He separated gluten into two major
protein classes, gliadin, soluble in aqueous alcohol
solutions, and glutenin, insoluble in alcohol but sol-
uble in dilute acid or alkali.

Osporne [2] and those who followed him have
had a difficult task. Isolation and characterization
of gluten’s many components is one of the most
difficult challenges faced by protein chemists. This
is partly because gluten is so heterogeneous: since
gluten consists of storage proteins, there are few
constraints on its expression. Also, genes which
code gluten were duplicated during evolution. Fi-
nally, bread wheat is hexaploid, having three closely
related genomes. Thus, many polypeptides form
gluten.

Gluten characterization is also difficult because
of its atypical characteristics. Gluten is rich in gluta-
mine, leading to hydrogen bonding. Hydrophobic
amino acids are also abundant, contributing to in-
solubility of these proteins in water and buffers.
Most gluten proteins are either prolamins (gliadin
in wheat), soluble in aqueous solutions of alcohols,
or glutelins (glutenin in wheat), insoluble in alcohol
but soluble in acid, alkali, denaturing agents, de-
tergents, or reducing agents. At least three classes of
monomeric gliadins exist (¢/f, y and w), which vary
in size and composition. In contrast, glutenin is a
polymer of two major [low-molecular-mass (LMW)
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high-molecular-mass (HMW)] plus minor subunit
classes, joined through disulfide bonds into proteins
with relative molecular masses (M,) ranging into
the millions.

It is now possible to better isolate and character-
ize gluten, and to relate its composition to quality
and genotype. This is possible because of improved
electrophoretic and chromatographic methods.
Each new method showed gluten to be more com-
plex than had been indicated by earlier techniques,
and indicated the need for still better methods. As
data became more complex and easier to acquire, it
also became apparent that visual data evaluation is
not sufficient. Computer-assisted statistical proce-
dures are needed to fully reveal information in the
results.

We will here review advances in electrophoresis
and chromatography for gluten fractionation, and
show how these are being used. Other reviews [3—
11] summarize earlier progress, and our knowledge
of wheat protein composition, structure and func-
tionality; a recent Proceedings volume also provides
a useful overview of these topics [12]. We will also
review an important related topic: methods to eval-
uate electrophoresis and chromatography data. Vi-
sual evaluation is sometimes adequate, but much
information is not readily apparent. Computer-as-
sisted statistical methods of data interpretation
promise to enhance the value of chromatography
and electrophoresis for analysis of wheat and its
proteins.

2. ELECTROPHORETIC METHODS

Electrophoresis was the first procedure to reveal
the composition of gluten. Electrophoretic mobility
depends on net charge, resulting from ionizable
amino acids, and on polypeptide size. Gluten pro-
teins have few basic or acidic residues, giving them
low charge/mass ratios, but electrophoresis can sep-
arate them in several modes: (a) both size and
charge influence mobility; (b) charge differences can
be suppressed by a detergent such as sodium dode-
cyl sulfate (SDS) so separations depend only on
size, as in SDS polyacrylamide gel electrophoresis
(PAGE); and (c) size does not influence mobility, as
in isoelectric focusing (IEF), since proteins migrate
in a pH gradient to positions where they are electri-
cally neutral. These applications will be reviewed in
this section.

2.1. Moving-boundary electrophoresis

Early attempts to analyze gluten by electrophore-
sis were by moving-boundary electrophoresis in an
open tube. With gluten, this method was originally
limited by gluten’s solubility. Jones et al. {13] de-
scribed buffers permitting separations of gluten.
One buffer, pH 3.1 aluminum lactate (and varia-
tions involving other lactate salts), became a highly
successful solvent for gliadin electrophoresis. Using
it, gluten was shown to contain at least five gliadins
and one glutenin [13]. Gluten composition varied
qualitatively and quantitatively among and within
wheat species. This method thus gave the first real
evidence that gliadin and glutenin were themselves
heterogeneous.

2.2. Starch gel electrophoresis

Lactate buffer was later combined with zone elec-
trophoresis in starch gels [14-17], which stabilize
electrophoretic separations. Starch gel electropho-
resis (SGE) remains valuable for fractionating glia-
dins, showing them to be more heterogeneous than
originally known. Today, 20-30 bands may resolve
by SGE. Woychik et al. [17] first proposed that glia-
dins be subclassified as w, y, f and a, based on in-
creasing mobility. SGE also readily distinguishes
gliadins from albumins, which have greater mobil-
ities, and from glutenin, which is polymeric and too
large to enter the gel or give distinct bands.

SGE of wheats revealed major differences in glia-
din compositions [18,19)], permitting varietal identi-
fication. Standard methods have been proposed
[20], and varietal identification by gliadin SGE is
still used today [21,22]. Albumins and globulins al-
so separate well by SGE, differentiating genotypes
and classes [18]. SGE uses simple equipment and a
non-toxic support. Nevertheless, resolution is vari-
able, and it is difficult to reproducibly prepare
starch gels, which are not very stable.

2.3. Polyacrylamide gel electrophoresis

Polyacrylamide has generally replaced starch as
the medium for gel electrophoresis of wheat pro-
teins. Separations are analogous, but resolution of
PAGE is generally better. Polyacrylamide gels can
be prepared reproducibly and are stable, and thin
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slabs can be prepared and used, enhancing resolu-
tion because of better heat dissipation. Gel pore size
and concentration can also be varied to separate
proteins of different sizes.

Wheat proteins were first separated by PAGE in
1963 [23]. Since then, techniques have been mod-
ified to improve resolution, especially of gliadins
[21,24-30]. An example (Fig. 1) compares Canadian
spring wheats on a 6% gel (200 x 150 x 3 mm)
[31]. Cultivars are easily differentiated by character-
istic fingerprints. PAGE of albumins and globulins
also can discriminate among genotypes [21,32,33],
but differences are more quantitative than qualita-
tive.

Most PAGE separations of gliadins use pH 3.1

Fig. 1. Polyacrylamide gel electropherograms (6% gel, 200 x
150 x 3 mm) in pH 3.1 aluminum lactate-lactic acid buffer of
gliadins extracted with 70% ethanol from several Canadian com-
mon spring wheat cultivars. Horizontal lines denote migration
distances of reference bands of the standard cultivars Marquis
(outside slots) and Neepawa (center), used to standardize gels
and increase precision of the mobility data. From Sapirstein and
Bushuk [31].
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aluminum lactate-lactic acid buffer and a uniform
gel. Good resolution is also achieved with acetic
acid—glycine buffer [34] or at alkaline pH [32]. Gra-
dient PAGE is also very successful: polyacrylamide
concentration increases with migration distance, re-
ducing mobilities and sharpening bands [21,25].
Precast gels can give especially convenient, repro-
ducible, and rapid results [25].

Resolution, precision, and speed of wheat protein
PAGE have also improved. Lookhart er al. [33]
showed that sodium lactate buffer can be used for
gliadin PAGE, and that resolution is generally best
at 7-10°C. Clements [36] also showed that lactate
buffer without aluminum gives good resolution of
gliadins extracted with ethylene glycol. Variables
such as gel thickness; buffer type, pH, and ionic
strength; temperature; catalyst and apparatus de-
sign can also be adjusted to optimize gliadin PAGE
for varietal identification [37].

Rapid PAGE methods are especially useful in de-
termining wheat varietal purity and for selection
and marketing, where many analyses must be done.
One such method can identify varieties within 1 h
[38,39]. Gliadins are extracted with 6% urea or eth-
ylene glycol, and separated for 9 minin 75 x 35 x
1 mm gradient gels in pH 3.1 sodium lactate buffer.
Discrimination between varieties is as good as on
standard-sized gels. Labor-saving techniques of
protein extraction and application are also useful
for screening samples [40], and standardized PAGE
methods for cultivar identification [41,42] can re-
duce variation between laboratories.

Sapirstein and Bushuk [31,43,44] significantly im-
proved the precision of PAGE for varietal identifi-
cation. Gels (as in Fig. 1) are photographed, and
migration distances of bands are determined and
entered into a computer with a digitizing tablet. Po-
sitions of bands are then normalized based on mo-
bilities of three reference bands in standard culti-
vars. Band intensities are also estimated and en-
tered into the data base. Unknown samples are then
compared to stored data for known varieties. This
process can be automated, and gives precise, accu-
rate PAGE varietal identification.

2.4. Isoelectric focusing

Whereas gel electrophoresis was borrowed from
clinical disciplines, IEF was first used to fractionate



ELECTROPHORESIS AND CHROMATOGRAPHY OF WHEAT PROTEINS 57

wheat albumins and globulins [45,46]. Proteins sep-
arate in a pH gradient according to differences in
isoelectric points, complementing other electropho-
resis procedures. High resolution results, sometimes
superior to that of PAGE [47,48). For gliadins, Wri-
gley [45,46] observed several bands with isoelectric
points of 5-8, and confirmed that IEF patterns dif-
fer among varieties [21,25]. The high cost of ampho-
lytes may limit use of IEF for routine analyses, but
this is less serious with miniature gels. IEF is also
common as the first dimension in two-dimensional
(2D) procedures (see below).

An important recent IEF variation uses Immobi-
lines (i.e., immobilized ampholines) to stabilize the
pH gradient. This technique appears to have been
used only once for wheat proteins, which focused
without cathodic drift in a pH 4-10 gradient as the
first separation in a 2D separation [49]. This elim-
inated the need to use two IEF techniques, includ-
ing non-equilibrium pH gradient electrophoresis
(NEPHGE) to resolve basic proteins.

The other major advance in IEF of wheat pro-
teins is free-flow preparative IEF [50,51). This pro-
cedure uses a Rotofor apparatus (Bio-Rad Labs.,
Richmond, CA, USA) consisting of a cylindrical
chamber with 20 compartments divided by mem-
branes that maintain separations. After IEF using
pH 3-10 ampholytes, fractions are recovered from
each chamber.

Results of such a separation of several hundred
mg extracted gliadin and glutenin are shown in Fig.
2 [51]. SDS-PAGE revealed an excellent separation,
with only slight overlap between fractions. Results
also clearly show native glutenins of different com-
positions.

2.5. Sodium dodecyl sulfate—polyacrylamide gel elec-
trophoresis

While SGE, PAGE and IEF provided excellent
separations of gliadins, albumins, and globulins,
they generally did not separate glutenin (or its sub-
units) well because of its polymeric nature, high M,,
associative tendencies, and poor solubility. The ad-
vent of SDS-PAGE [52] made characterization of
glutenin possible. Proteins are turned to random
coils, and charge differences are eliminated by
bound SDS. Separations occur almost totally on
the basis of size, and M, can be estimated by com-
parison to mobilities of standard proteins.

GLIADINS
+
LMW
GLUTENIN
SUBUNITS

+
NON -
STORAGE
PROTEINS

Fig. 2. SDS-PAGE patterns of reduced (left) and unreduced
(right) proteins extracted (using a pH 8 Tris—HC] buffer contain-
ing urea and SDS) from the wheat variety Neepawa and frac-
tionated by free-flow preparative IEF. Numbers at the top of the
gel are fraction numbers; Np is a total protein extract of Neepa-
wa flour. From Ng et al. [51].

Bietz and Wall [53] first used SDS-PAGE to char-
acterize gluten. Analysis without disulfide bond
cleavage gave a streak from the origin, but adding a
reducing agent revealed discrete zones from M,
10 000 to ca. 140 000. Other studies, however, show
that M, estimates vary considerably with proce-
dure. M, estimates of some HMW glutenin subunits
may be nearly twice actual M,. This anomaly has
not been well explained, and is not well understood.

Using SDS-PAGE, Bietz and Wall [53] resolved
gliadin into components of apparent A, 30 000~
80 000 (Fig. 3). The largest M, 60 0600-80 000 were
w-gliadins, and «-, - and y-gliadins formed over-
lapping zones (M, 30 00040 000) below w-gliadins.
Early studies also showed albumins and globulins
to be very heterogeneous, most with M, < 40 000.
Better separations of albumins and globulins were
later achieved [54].

SDS-PAGE results for glutenin (Fig. 3) [53] were
even more revealing. It contained both HMW (M,
100 000-140 000) and LMW (M, 30 000-50 000)
subunits joined through disulfide bonds. The large
size of HMW subunits and their occurrence only in
glutenin, wheat’s strength protein, indicated a role
in breadmaking. This was confirmed by SDS-
PAGE of wheat aneuploids [55], which showed
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Fig. 3. SDS-PAGE analyses of wheat gliadin (d), glutenin (a and
¢}, and standard protein mixtures (b, e, f). Apparent M, are in-
dicated to the right of the gel. From Bietz and Wall [53].

them coded by genes on chromosomes (1B and 1D)
associated with breadmaking quality.

Initial SDS-PAGE studies showed minimal vari-
ation among bread wheat varieties [55], but higher-
resolution methods later showed considerably
greater differences [56-58]. SDS-PAGE may thus be
useful for cultivar identification [21,59,60]. SDS
complements methods based on charge, and shows
apparent M, rapidly and precisely if suitable refer-
ences are used [61].

Use of higher resolution SDS-PAGE revealed
major differences in HMW glutenin subunit compo-
sitions. Four or five HMW subunits occur in a va-
riety, and 20 or more different HMW subunits are
in all wheats. These subunits indicate alleles related
to breadmaking quality [62—64]. They can also be
analyzed in total protein extracts [58,63], simplify-
ing sample preparation and making SDS-PAGE
useful for selection during breeding.

Glutenin also has LMW subunits with apparent
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M, similar to gliadins (Fig. 3). This M, similarity,
and the difficulty of separating gliadin from glute-
nin, originally made SDS-PAGE characterization
of LMW glutenin subunits difficult. Newer proce-
dures, however, give excellent resolution of LMW
glutenin subunits. In one procedure [66,67], unre-
duced total protein seed extracts are first electro-
phoresed so gliadins migrate from the origin. A
strip of gel next to the origin, containing unreduced
glutenin, is then removed, equilibrated with buffer
containing reducing agent, loaded onto a new gel
slab, and again subjected to SDS-PAGE. From 7 to
16 LMW glutenin subunits resolve, free from over-
lapping gliadins. Varietal differences among these
subunits may relate to pedigree and quality. An al-
ternative two-step one-dimensional method [68]
analyzes gliadins as well as HMW and LMW glute-
nin subunits. Unreduced proteins are first separated
by acid PAGE, giving good separations of gliadins.
A gel strip from below the sample wells is then
equilibrated with SDS and reducing agent, and elec-
trophoresed by SDS-PAGE, separating HMW and
LMW glutenin subunits free of overlapping glia-
dins.

Fig. 4 shows an example of results achievable to-
day by SDS-PAGE in comparing glutenin subunit
compositions from various wheats [69]. Glutenin
was purified by a rapid dimethyl sulfoxide extrac-
tion procedure [70], reduced, pyridylethylated to
stabilize cysteines, and analyzed by gradient SDS-
PAGE with silver staining [71]. Subunits of 37 M,
classes, from 30 000 to 116 000, were revealed. Such
resolution is due both to the improved electropho-
resis procedure (a 0.75 mm thick 11.0-16.5% poly-
acrylamide gradient gel) and to the small amount
of sample applied when silver stain is used. Excel-
lent SDS-PAGE results on similar gradient gels
were also reported by Marchylo and co-workers
[72,73], who resolved 7-11 HMW and 25-32 LMW
polypeptides from gliadin plus glutenin. This proce-
dure could differentiate most varieties.

Rapid SDS-PAGE represents another major ad-
vance. When reduced wheat proteins are separated
on70 x 80 x 1 mm 12% polyacrylamide gels, sep-
aration time decreases from about 20 h (for 160 X
140 x 1.5 mm gels) to 2.5 h, and resolution is nearly
as good [74]. Another rapid procedure uses even
smaller (50 x 43 x (.45 mm) gels with the Pharma-
cia PhastSystem [73]. Typical results are shown in
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Fig. 4. SDS-PAGE separations of glutenin subunits from experimentd
2 =99600;3 = 87900; 4 = 61 300; 5 = 45300; 6 = 37300;7

Fig. 5. Resolution by this method, with a 45 min
separation and 44 min silver staining, is nearly as
good as that on conventional large gradients gels.
PhastGels distinguish most cultivars, and glutenin
HMW subunits are readily identified. This proce-
dure is effective for rapid analysis when samples are
few or in non-standard situations.

SDS-PAGE can also provide valuable quantita-
tive data. Kolster and Van Gelder [75] describe pro-
cedures for extraction, SDS-PAGE, staining, and
densitometric quantitation of wheat proteins.
HMW glutenin subunits can be both identified and
quantified in one step.

wheat lines. Apparent M, of numbered bands are: | = 115 300;

32 000. From Graybosch et al. {69].

Another interesting SDS-PAGE advance is elec-
troendosmotic preparative electrophoresis [76).
Buffer flow between electrodes (electroendosmosis)
moves electrophoresed proteins along a cylindrical
gel, from which they are eluted and collected. Curi-
oni et al. [76] used this method to isolate mg quanti-
ties of five pure HMW glutenin subunits in one step.

2.6. Two-dimensional electrophoresis
Any two electrophoresis procedures, especially

when complementary separation modes are in-
volved, can be combined to enhance protein resolu-
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Fig. 5. Fast horizontal SDS-PAGE of wheat storage proteins
using an 8-25% gradient PhastGel with Pharmacia’s PhastSys-
tem. Samples shown are: ST = standard mixture of known pro-
teins; 1-7 = storage proteins from seven Canada Western Red
Spring wheat cultivars. Proteins were extracted with 50% 1-pro-
panol containing 1% dithiothreitol and 41 mM Tris-HCl, pH
8.0, and alkylated with 4-vinylpyridine before SDS-PAGE.
From Marchylo et al. [73].

tion. The best separations of wheat proteins to date
have been by 2D electrophoresis.

Wrigley and Shepherd [77,78] first separated
wheat albumins and gliadins by 2D electrophoresis
by combining IEF with SGE. Since these methods
are complementary, single bands in one separation
may further resolve in the other. Combined IEF
and SGE also showed chromosomal locations of
genes coding water- and chloroform—methanol-sol-
uble wheat proteins [79]. Other 2D separations of
albumins/globulins combine IEF with PAGE
[47,80].

Other combinations of procedures also give ex-
cellent separations. For example, PAGE first in alu-
minum lactate buffer, pH 3.1-3.2, and then in Tris—
glycine buffer at pH 9.2 separates albumins, globu-
lins and gliadins {26,81,82], and helped locate their
coding genes through aneuploid analysis. Both sep-
arations occur in one gel slab.

IEF combined with SDS-PAGE [83], however,
generally gives highest resolution 2D separations.
For example, Payne ez al. [84] separated «-, f-.and
y-gliadins, LMW and HMW glutenin subunits, and
albumins and globulins by combining two IEF pro-
cedures, including NEPHGE to separate basic pol-
ypeptides, with SDS-PAGE (Fig. 6). Polypeptides
of each class have similar size and charge, and
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Fig. 6. Fractionation of wheat endosperm proteins by NEPHGE
x SDS-PAGE and IEF x SDS-PAGE. The gels are overlapped
to show a continuous pH gradient. The map is divided into areas
according to biochemical and genetic properties of the proteins.
From Payne et al. [84].

group together on the gel. Using similar procedures,
Lei and Reeck [85] resolved nearly 500 wheat pro-
teins; Anderson et al. [86] achieved similar resolu-
tion. Such methods have clarified protein inher-
itance by locating coding genes [84,87].

Such complex data are, however, difficult to in-
terpret: e.g., rows of spots sometimes result, pos-
sibly being charge variants of a protein [88] arising
through mutation. Proving such relationships is dif-
ficult, but proteins can be electroblotted from gels
and sequenced [89,90].

The limit of resolution of 2D procedures has not
yet been reached. Tkachuk and Mellish [91], using
IEF plus SDS-PAGE, detected about thirteen
hundred wheat albumins, globulins, gliadins, and
glutenins. A recent 2D prolamin separation is
shown in Fig. 7. Optimal staining (generally with
silver stains) [92] also enhances resolution: smaller
samples can be used, reducing interactions of pro-
teins and making spots more compact.
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Fig. 7. Composite 2D (IEF + SDS-PAGE) separation of wheat prolamins. The first separation (IEF with pH 3-10 ampholytes

cathode at right) was followed by SDS-PAGE in a 15% gel. Data courtesy of R. Tkachuk
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The ability to achieve such separations is useless,
however, without good data analysis. Image analy-
sis can process 2D gel data [49,93]. Computer pro-
grams can normalize and correct captured gel imag-
es, giving spot files of position and intensity data
which can identify varieties or indicate quality.

2.7. Capillary electrophoresis

Capillary electrophoresis is also a promising frac-
tionation technique for proteins [94-97]. Separa-
tions occur in uncoated or coated glass capillaries
(25-75 um 1.D.). High voltage (10-30 kV) plus effi-
cient cooling permit rapid (10-30 min) high-resolu-
tion separations. Instruments are automated, give
reproducible separations, and have good data capa-
bilities. Fig. 8 shows a capillary electrophoresis sep-
aration of wheat proteins. Approximately 58 com-
ponents result, counting partially resolved shoul-
ders. This equals or exceeds resolution of most oth-
er one-dimensional methods. Capillary electropho-
resis could become valuable for varietal
identification, classification, and determination of
quality.

3. CHROMATOGRAPHIC METHODS
Liquid chromatography is the second major

method used to isolate and characterize wheat pro-
teins [4]. Separations may be based on size or on
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characteristics imparted by specific amino acids. In
size-exclusion chromatography, solutes move
through columns packed with porous matrices at
rates determined by relative sizes of solutes and ma-
trix pores. In ion-exchange chromatography (IEC),
solutes partition between the mobile phase and the
support, to which they bind through ionized amino
acids; mobility depends on strength of ionic interac-
tion. In hydrophobic interaction chromatography
(HIC), separations result from binding through
non-polar amino acids to a lipophilic stationary
phase.

Original chromatographic separations used
large, hand packed columns. Resolution was some-
times good, especially for preparative purposes. As
a rule, however, these methods are slow, labor in-
tensive, and irreproducible, and results are hard to
quantify. There have been few recent developments
in such techniques. There have, however, been ma-
jor improvements in high-performance liquid chro-
matography (HPLC) columns and instruments, and
HPLC has become the method of choice for many
applications. The following sections will first review
the use of both types of chromatographic methods
for wheat protein analysis.

3.1. Size-exclusion chromatography

Size-exclusion chromatography has indicated
molecular sizes of native wheat proteins, shown
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Fig. 8. Fractionation of wheat proteins by capillary electrophoresis. Wheat flour (cv. Centurk) was extracted with 30% ethanol, and the
clear supernatant was separated at 10 kV and 40°C on a 75 ym 1.D. uncoated capillary (40 cm from inlet to detector) in 0.06 M borate
buffer, pH 9.0, containing 20% acetonitrile and 1% SDS. Proteins were detected at 200 nm.
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how they are related, and revealed their subunit
compositions. Gliadin, extracted with 70% ethanol,
was first fractionated on Sephadex columns with
dilute acetic acid as mobile phase into (a) an HMW
(M, 100 000-400 000) oligomeric fraction; (b)
w-gliadins (M, 60 000-80 000); (c) y-gliadins (M, ca.
40 000); (d) «/p-gliadins (M, 30 000-35 000); and (¢)
albumins plus globulins [98,99]. Similarly, using 4
M urea plus 0.03 M acetic acid as solvent, Huebner
and Wall [100] showed that glutenin, after cleavage
of disulfide bonds and alkylation of resulting cys-
teines, has three types of subunits differing in size
and associative tendencies.

In subsequent size-exclusion chromatography
studies [101-107], other solvents and more porous
colums were used. Native glutenin was extracted
with acetic acid plus urea plus cetyltrimethylammo-
nium bromide [101,102], 5.5 M guanidine hydro-
chloride [104] or SDS [106,107], and fractionated by
size on agarose supports. These studies showed size
and compositional heterogeneity of native glutenin.
M, values were estimated at 5-20 million based on
elution at column void volume or calibration with
non-protein standards. Such values are thus ques-
tionable; the true M, of glutenin remains unknown.

3.2. lon-exchange chromatography

IEC has revealed much about gluten’s composi-
tion. Woychik ez al. [108] used carboxymethyl cellu-
lose and a gradient of increasing acid concentration
to fractionate gluten. Simmonds and Winzor [109]
eluted proteins with a sodium chloride gradient in a
1 M dimethylformamide buffer. A useful fraction-
ation was realized, but fractions were still hetero-
geneous.

IEC methods continued to improve by using dis-
sociating agents (such as urea and dimethylforma-
mide), adjusting elution conditions, and changing
pH and ion-exchange media [110-113]. IEC on sul-
foethyl cellulose, with a buffer of 3 M dimethylfor-
mamide, 1 M urea, 0.03 M acetic acid, and 0.005 M
HCI and a guanidine hydrochloride gradient, first
purified many glutenin subunits [100]. Such meth-
ods are still useful for preparative purposes [114-
116], but are otherwise little used.

3.3. Hydrophobic interaction chromatography

HIC has been little used with gluten [117-121],
largely because its resolution is limited. Yet, since
HIC separates proteins on the basis of a unique
complementary characteristic, surface hydropho-
bicity, and since it is the forerunner of reversed-
phase (RP)-HPLC (see below), its use will be briefly
reviewed.

Caldwell [118] showed that gliadins bind strong-
ly, through hydrophobic sites on protein surfaces,
to agarose having phenyl or octyl groups covalently
bound. Gliadins were eluted with a gradient of in-
creasing ethanol concentration. PAGE of fractions
showed distinct differences: gliadins eluted in the
general order w, f,  and y. Results showed the po-
tential of hydrophobic separation methods for glu-
ten fractionation.

Popineau and Pineau [120] used HIC, combined
with IEC, to purify gliadins. A mixture of y-gliadins
was fractionated by HIC on phenyl Sepharose
CL-4B. Purified subfractions were obtained in
quantities sufficient for further characterization.
Popineau [121] also showed that HMW glutenins
could be fractionated by HIC. Glutenin fractions
covered a wide range of hydrophobicity, and differ-
ed in subunit composition. HIC showed that hydro-
phobicity is an intrinsic property of gluten proteins.

3.4. High-performance liquid chromatography

While the above-described modes of chromatog-
raphy can isolate and characterize wheat proteins,
these methods are difficult and have many prob-
lems. They are slow, and labor intensive. Reproduc-
ibility is poor, and columns unstable. Resolution is
often inadequate, and quantitation is difficult.
HPLC columns and equipment overcame many of
these deficiencies. In particular, introduction of uni-
form (e.g., 5-10 um) wide pore (typically > 300 A)
silica packings with silanols derivatized to permit
specific interactions and end-capped to prevent
non-specific adsorption was a milestone [122-124].
Reliable equipment also became available with pre-
cise flow-rates and gradients, high reproducibility,
sensitive detection, automatic operation and excel-
lent data handling. These developments revolution-
ized isolation, characterization, and knowledge of
wheat proteins [3-8,125-129]. The following sec-
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tions review milestones in development and appli-
cation of HPLC to wheat proteins, and describe re-
cent progress.

3.4.1. High-performance size-exclusion liquid chro-
matography

High-performance size-exclusion chromatogra-
phy (HPSEC) of wheat proteins was first described
by Bietz [3,125], who used TSK-type columns with
neutral phosphate-0.1% SDS buffers. Separations
were rapid (about 20 min), sensitive, and reproduc-
ible. Quantitation was achieved at 210 nm, and in-
dicated M, agreed well with those from other tech-
niques. Resolution was as good as or slightly better
than that by open-column size-exclusion chroma-
tography.

Results also showed that HPSEC can differen-
tiate varieties by analyzing native glutenin or total
proteins, and can predict breadmaking quality from
M, distributions of native glutenin or its reduced
subunits [130]. These studies showed, however, that
reproducible protein extraction is a problem, and
that protein M, distributions change with time due
to association.

These problems were dealt with by Dachkevitch
and Autran [131], who extracted unreduced flour
proteins for 2 h at 60°C with 0.1 M sodium phos-
phate, pH 6.9, containing 2% SDS. The centrifuged
extract was analyzed on a TSK 4000SW column.
Proteins were extracted reproducibly though not
quantitatively; extracts were stable for at least two
days. When applied to wheats from different loca-
tions and years, this procedure yielded size distribu-
tion data highly correlated with baking quality. Re-
sults prove the value of HPSEC of unreduced wheat
proteins in breeding.

Singh and co-workers [132,133] described anoth-
er way to extract unreduced wheat proteins for
HPSEC. Flour was briefly sonicated in 0.5 M sodi-
um phosphate, pH 6.9, containing 2% SDS, gently
agitated for 30-120 min, and centrifuged. Extrac-
tion was complete without addition of a disulfide
bond reducing agent. Proteins from strong wheats
were more difficult to extract. This procedure ap-
parently disrupts major non-covalent and covalent
forces joining polypeptides. Shear degradation of
disulfides probably occurs, converting insoluble
HMW glutenin into lower-A/, soluble species.

Proteins extracted by this method from wheats
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varying in breadmaking quality were analyzed by
HPSEC [133). Three peaks resulted, corresponding
to glutenin, gliadin, and albumins/globulins (Fig.
9A). Areas of peaks correlated significantly with
breadmaking quality: percentage of the first peak
(polymeric glutenin) was highly positively correlat-
ed with loaf volume, dough resistance and extensi-
bility, and dough development time. Structural fea-
tures that differentiate strong and weak wheats
must still be retained after sonication. This proce-
dure can be a rapid small-scale (e.g., half-kernel)
test for predicting quality potential during breed-
ing.

The low resolution of most HPSEC separations
of wheat proteins reflects their size heterogeneity.
Batey ef al. [134] also found, using this procedure, a
gradual deterioration in column performance, attri-
buted to SDS in the buffer. The normal buffer was
thus replaced with 50% acetonitrile containing
0.1% trifluoroacetic acid. This solvent stabilized the
column, and significantly enhanced resolution (Fig.
9B), presumably by disrupting hydrophobic forces
which prevent complete dissociation of proteins.
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Fig. 9. HPSEC separations of wheat proteins from the cultivar
Cook on a Waters Protein Pak 300 column. Proteins were ex-
tracted with sonication using 0.05 M phosphate buffer, pH 6.9,
containing 2% SDS, and analyzed (A) using 0.05 M phosphate,
pH 6.9, containing 0.1% SDS as chromatographic buffer and
(B) using a buffer of 50% aqueous acetonitrile containing 0.1%
trifluoroacetic acid. The numbers at the arrows in (B) indicate
M, x 1073 1-1V and a—c represent specific fractions correlated
with quality. From Batey et al. [134].
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Other extraction and solvent conditions may also
be useful. Huebner et al. [135] extracted flour with
70% ethanol to solubilize gliadins, and 6 M
urea-0.05 M sodium phosphate, pH 7.5-0.3% di-
thiothreitol-1% SDS to solubilize glutenin sub-
units. HPSEC on a Pharmacia Superose 12 column
using 0.1 M sodium phosphate, pH 7.1, containing
20% acetonitrile, 0.3% SDS, and 0.1% dithiothrei-
tol revealed amounts of HMW gliadins, w-gliadins,
LMW gliadins, albumins, and HMW and LMW
glutenin subunits. Statistical analyses of data accu-
rately classified hard red spring and winter wheat
cultivars, which has been difficult or impossible by
most methods.

3.4.2. High-performance ion-exchange liquid chro-
matography

As noted above, TEC on traditional columns
gives good separations of gluten. This suggested
that high-performance IEC (HPIEC) should give
especially good separations of these proteins. Sur-
prisingly, however, only two publications report
HPIEC separations of gluten polypeptides.

Batey [136] first fractionated gliadins by anion-
exchange HPLC on Pharmacia Mono-Q. Only un-
der very alkaline conditions (e.g., pH 10.4), where
arginine’s ionization is suppressed, were good sep-
arations possible. Wheat varieties could be identi-
fied, but far fewer gliadins resolved than by PAGE
or open-column cation-exchange chromatography.

Most IEC separations of gliadins have been on
cation-exchange media, where molecules are posi-
tively charged. Larre et al. [137] thus attempted cat-
ion-exchange HPIEC of gliadins on Pharmacia
Mono-S HR. About 20 peaks resolved during 110
min, fewer than by PAGE or RP-HPLC. Each peak
consisted of a well resolved group of proteins. Culti-
vars could be differentiated, showing potential of
cation-exchange fast protein liquid chromatogra-
phy (FPLC) for varietal identification. It remains a
challenge, however, to achieve high-resolution
HPIEC separations of gluten proteins.

3.4.3. Reversed-phase high-performance liquid chro-
matography

Adoption of RP-HPLC as a fractionation tech-
nique for wheat proteins has been a major devel-
opment during the last decade. RP-HPLC separates
proteins based on surface hydrophobicity, as in a
few previous HIC studies.

During the 1970s, RP-HPLC came into wide use
for LMW solutes. Columns contained uniform po-
rous silica microspheres (10-30 um diameter), con-
verted to reversed-phase columns by derivatizing si-
lanols with hydrophobic (e.g., C;s, Cg or phenyl)
ligands. Some free silanol groups remained, how-
ever, which could ionically bind proteins. Packings
typically had 80-100 A pores, too small to allow
ready access of most proteins. Thus, most attempts
to use these materials for proteins failed.

Better HPLC columns overcame these deficien-
cies [122-124]. Wide-pore silicas were derivatized
with hydrophobic ligands, and residual silanols
were end-capped. Superior equipment also became
available.

These developments permitted excellent separa-
tions of proteins, and were first applied to gluten by
Bietz [138]. Several papers have reviewed RP-
HPLC studies of wheat and other cereal proteins
[3-8,125-129]. This section will briefly review RP-
HPLC achievements and applications, and describe
several recent studies.

Methods first described for wheat protein RP-
HPLC [138] are still applicable. Proteins are ex-
tracted with nearly any solvent, and fractionated on
C4, Cg or C;g columns (150-250 cm long x 4-5
mm [.D.) using a gradient of increasing acetonitrile
content (typically between 20% and 60%) with
0.05-0.1% trifluoroacetic acid. Detection is usually
at 210-225 nm. Constant temperature ensures good
reproducibility, and elevated (50-70°C) temper-
ature often enhances resolution by disrupting hy-
drogen bonds [139].

Marchylo and Kruger [140] discovered a precau-
tion for wheat protein RP-HPLC. If too large a vol-
ume of hydrophobic sample is applied, some pro-
teins, particularly those least hydrophobic, may not
bind, and elute with the void volume peak. This can
be prevented by limiting injection volume, using
multiple small injections, or using less hydrophobic
solvents.

3.4.4. Gluten fractionation and characterization by
RP-HPLC

All types of wheat proteins have been analyzed
by RP-HPLC by varying extraction conditions and
gradients. Good separations of gliadins were
achieved first [138]. As columns and our under-
standing of how to use them have improved, so
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Fig. 10. RP-HPLC separation of gliadins extracted with 70%
ethanol from the wheat variety Siouxland. A Vydac C,, column
was used at 60°C, with a 27-45% acetonitrile (+0.1% trifluoro-
acetic acid) gradient during 50 min. From Bietz [5].

have separations (Fig. 10). Fifty or more peaks typ-
ically resolve from whole gliadin. This exceeds reso-
lution of all except the best 2D PAGE methods.

RP-HPLC has other important advantages. Re-
producibility is excellent: retention times typically
vary by no more than a few hundredths of a minute.
Over long periods, excellent reproducibility can be
achieved by normalization based on periodic analy-
sis of standards to compensate for slight changes in
the column with time [141-143]. RP-HPLC is also
fast; most separations take 30-120 min. If maxi-
mum resolution is not needed, smaller columns plus
faster flow-rates and steeper gradients can give fas-
ter separations [139]; certainly narrow-bore col-
umns will give even greater speed. RP-HPLC is also
very sensitive. For example, in breeding a kernel
can be cut in half, and analyses done on proteins
from the brush end. The germ remains available for
propagation if desired.

RP-HPLC’s automated nature is another major
advantage. An automatic sample injector, as part of
a modern system, decreases operator time, increases
number of samples analyzed, and improves repro-
ducibility. HPLC is also more easily controlled than
is gel electrophoresis. RP-HPLC data can also be
accurately quantified. While some amino acid side
chains contribute to protein absorbance at 210-225
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nm, most absorbance is due to the peptide bond,
making absorbance related to mass of protein.
Thus, Sutton [144] related variation in amounts of
HMW glutenin subunits, as measured by RP-
HPLC, to baking performance and quality. The last
major advantage of RP-HPLC is that it comple-
ments other methods. Proteins separate by surface
hydrophobicity, not size or charge. Thus, RP-
HPLC may show single PAGE or IEF bands to
contain several polypeptides varying in hydropho-
bicity, and RP-HPLC peaks often contain several
charge or size variants [145].

RP-HPLC also gives excellent separations of glu-
tenin. These are more complicated than gliadin
analysis since sequential extraction is needed to sep-
arate glutenin from other proteins. Disulfide bonds
must also be cleaved to liberate glutenin subunits;
resulting cysteines are often alkylated to prevent re-
oxidation. Fig. 11 shows a typical separation of re-
duced-alkylated glutenin subunits [146]. HMW
subunits, associated with breadmaking quality,
elute first, and are well resolved; LMW subunits
elute last, and are not as well resolved. Better frac-
tionation of these LMW subunits is possible if they
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Fig. [1. RP-HPLC separation of pyridylethylated glutenin sub-
units from the wheat variety Chinese Spring. Peaks [—4 corre-
spond to the HMW subunits from this cultivar; later eluting
polypeptides are LMW subunits. From Burnouf and Bietz [146).
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are first separated from HMW subunits by solu-
bility in neutral 70% ethanol [147]. LMW glutenin
subunits then resolve into 20 or more components
that differentiate varieties and indicate baking qual-

1ty.

3.4.5. Varietal identification and genetic studies

As with PAGE, varietal identification from glia-
din fingerprints is possible by RP-HPLC [148]. Ex-
pression of these proteins is nearly constant for a
variety, though slight quantitative differences may
occur for a variety grown at different locations
[149-151]. HMW and LMW glutenin subunits can
also differentiate and serve to identify cultivars
[(147].

RP-HPLC can also be useful during breeding to
select germplasm based on specific proteins. For ex-
ample, RP-HPLC can detect the 1BL/1RS wheat-
rye translocation [152], which transfers desirable
rye characteristics to wheat, but may also make
dough sticky or reduce gluten strength. Similarly,
Sutton er al. [153] showed that quantitative RP-
HPLC of HMW glutenin subunits indicates poten-
tial loaf volume and bake scores in breeding lines.

RP-HPLC can also prove varietal purity. For ex-
ample, the land race “Nap Hall”, a source of genes
for high protein and lysine, is very heterogeneous
[148]. Heterogeneity also occurs, as biotypes, in
many modern varieties. RP-HPLC and PAGE are
equally effective in discriminating biotypes [154].

In the USA, wheat is traded by class, not variety.
Some classes, such as hard red spring and winter,
are difficult to differentiate. Endo et al. [155,156]
differentiated these classes from integrated gliadin
RP-HPLC data. The statistical partial least squares
(PLS) procedure also correctly classified many hard
red winter and spring varieties from non-integrated
RP-HPLC gliadin data [157].

Scanion et al. [143] showed that varietal identifi-
cation can be made automatic and objective by glia-
din RP-HPLC analysis. Normalized peak heights
and retention times provide characteristic signa-
tures that, through comparison to data for known
wheats, reliably identify varieties.

Many wheat aneuploids, having absent or dupli-
cated chromosomes or chromosome arms, are
available. RP-HPLC of proteins from such lines
can locate genes that code specific polypeptides.
Gliadins and glutenin subunits were analyzed by

this procedure [146,158]. Results identified wheat’s
HMW glutenin subunits, associated with bread-
making quality, and showed that each gluten poly-
peptide type has unique surface hydrophobicity
characteristics.

3.4.6. Quality prediction by RP-HPLC

RP-HPLC can indicate quality by analyzing pro-
teins which directly affect functionality, such as
HMW glutenin subunits, shown by SDS-PAGE
[63] and RP-HPCL [159] to be markers of alleles
associated with breadmaking quality. Other pro-
teins may be markers of genes linked to other genes
which directly affect quality. For example, Bietz et
al. [148] used RP-HPLC to show that late eluting
y-gliadins were correlated with pasta quality. These
proteins correspond to gliadins “42” and “45”, as-
sociated with durum weakness and strength, respec-
tively [160]. This characteristic could be screened
for by RP-HPLC in as little as 5 min.

Another example of RP-HPLC revealing wheat
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Fig. 12. RP-HPLC of gliadins from the wheat varieties (A) Iua-
nillo, (B) Westbred and (C) Yecora Rojo. The area of peaks
eluting between the two arrows was negatively correlated with
baking quality. From Huebner and Bietz [161].
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quality is in Fig. 12. Comparison of integrated data
with baking characteristics enabled Huebner and
Bietz [161] to identify a late eluting baking quality
gliadin fraction, the area of which correlated nega-
tively with quality measurements. Selection for this
criterion could be useful for breeding, marketing,
and quality control.

Another interesting study relating gluten to
breadmaking quality is by Van Lonkhuijsen ez al.
[162]. HMW glutenin subunits explain only part of
the variation in wheat quality, so wheats with the
same HMW glutenin subunits, but varying in qual-
ity, were studied. Gliadins were fractionated by RP-
HPLC, and data were integrated and analyzed sta-
tistically. Results identified specific gliadins which
strongly influence breadmaking properties.

Others are also using RP-HPLC data to study
quality. Primard et al. [163] showed, by statistical
analysis of RP-HPLC and SDS-PAGE data, that
breadmaking quality depends on many different
proteins. The dimension reduction techniques PLS
and principal component analysis (PCA) can also
objectively identify quality related proteins without
integrating RP-HPLC data [157,164].

3.4.7. Role of computers in wheat protein RP-HPLC

Today, chromatographic software is available
from HPLC suppliers and other sources that per-
mits acquisition and storage of raw, non-integrated
data for later processing. Ten years ago, however,
this was not true. Many of the first HPLC studies of
wheat proteins at the National Center for Agricul-
tural Utilization Research, Peoria, IL, USA, were
possible only because R. Butterfield and colleagues
of the computer staff developed programs that per-
mit unattended acquisition of raw data (i.e., detec-
tor readings at equal intervals) and its storage on a
mainframe computer. Stored data could then be in-
tegrated automatically, or in a manual mode in
which the operator specifies peaks and baselines, or

even by Gaussian deconvolution. Baselines could .

be corrected. Data could be viewed many ways to
compare chromatograms, and plotted to any scale.
Chromatograms could be directly compared, per-
mitting aneuploid analysis, mixture analysis, and
determination of pedigrees. Data could also be
translated to a form used by statistical programs to
relate protein composition to quality.
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4. INTERPRETATION OF ELECTROPHORESIS AND
CHROMATOGRAPHY DATA

The mobility—density plot commonly reported in
electrophoresis is a spectrum of bands with varying
intensities and locations, which characterizes the
solute. Earlier studies focused on interpretation of
these spectra, primarily in terms of presence or ab-
sence of certain bands, but also incorporating ordi-
nal intensity scores to refine characterization of the
solute (see, for instance, ref. 165). More recently,
densitometry provides a continuous trace of density
vs. mobility. The resulting plot has the same charac-
ter as a chromatogram. As a result, similar statisti-
cal methods apply to both electrophoresis and chro-
matography. This discussion treats both methods at
once, because the basic statistical object is the same
in each case: a plot of intensity vs. location (mobil-
ity for electrophoresis; retention time for chroma-
tography). The major choices to be made in treating
the data are (a) whether to normalize the area under
the plot or the location; (b) whether to operate on
peak areas or heights; and (c) whether to interpret
the intensity vs. location plot directly.

4.1. Subjective visual methods

Damidaux et al. [166] found, by inspection of
electropherograms, that durum wheats having glia-
din ““42” (indicating relative mobility) tend to have
weak pasta quality, but those having instead band
“45” tend to have strong pasta quality. Burnouf
and Bietz [160] observed precisely analogous peaks
by RP-HPLC of durum wheats, again based on
subjective visual inspection of data. The dinstinc-
tion is so clear that one hardly needs statistics. Fig.
13 shows the componentwise mean chromatograms
from RP-HPLC of a collection of group 42 and
group 45 durum wheats. The graph also shows
componentwise standard deviations for variation
about the mean in each group.

In more complex examples, however, formal sta-
tistical methods come to the fore. The eye may see
patterns simply because of random fluctuations. In
such instances a test of statistical significance is
needed. On the other hand, strong trends involving
multiple variables may be masked in visual inspec-
tion of the data. In such instances multivariate sta-
tistical methods are often useful.
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Fig. 13. Componentwise means (top) and standard deviations (bottom) for group 42 and group 45 durum wheats.

Statistical methods often have corresponding
plots that can enhance understanding of the data.
For instance, in multiple linear regression the effect
of a variable can be seen from the so-called added
variable plot. This is a scatter plot of projections of
the response and regression variable into the space
orthogonal to the remainder of the regression vari-
ables in the model [167]. The slope of a least squares
line fit to this scatter plot is equal to the least square
estimate of the parameter for this variable for the
multiple linear regression model. Such plots can re-
veal violations of the modeling assumptions such as
non-linearity.

It is worth emphasizing therefore that summary
statistics and computational algorithms do not re-
place visual inspection of data. Graphical methods

may reveal clear patterns in data that render unnec-
essary the need for formal statistical methods. On
the other hand, preliminary plots of data may ex-
pose problems that affect the type of analysis to be
done. Texts on applied statistics such as Weisberg
[167] emphasize the use of graphical diagnostics
such as residual plots, which can reveal unantici-
pated phenomena and point to important refine-
ments of the model.

4.2. Varietal identification via similarity scores

The earliest attempts at quantitative analysis of
electrophoresis data were concerned with identifica-
tion of wheat varieties by comparison with a library
of electrophoregrams of known varieties [43,163].
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An eclectropherogram to be classified would be
scored on the basis of peak matching to each mem-
ber of the library. Usually one or more reference
varieties would be run on the same gel to standard-
ize relative mobilities and peak or band intensities.
Lookhart et al. [165] used a five-point scale for in-
tensity, and matching scores for the agreement be-
tween each pair of peaks. The overall agreement
score was obtained by summing over all the peaks.
The new sample would then be classified according
to the highest match score in the library. Sapirstein
and Bushuk [43] used a related strategy, but with a
nine point scale for intensity and a different set of
scores for matching. In both cases intensities were
determined subjectively. More recent work used
densitometry to automate scoring of intensities. For
instance, Cox et al. [168] scanned electrophore-
grams on a densitometer and discretized the output
to a scale like that of Lookhart ef al. [165].

If a comprehensive library of types is available,
similarity scoring is appealing in its directness.
However, these may be room for improvement in
the methodology. Little guidance is available on
how to decide if a previously unclassified variety
has been encountered. Empirical guidelines might
be developed on the basis of cumulative experience,
but these would be highly context dependent, de-
pending on the current library of types and presum-
ably on the type of grain under study. There is no
mathematical reason to restrict to ordinal scores in
comparing peak patterns. One might just as easily
measure similarity or distance between vectors of
densities or peak heights. The main practical con-
siderations in the use of oridinal scores seem to be
that they are less susceptible to anomalous readings
than raw peak heights, and they may be easier to
scale.

4.3. Hierarchical clustering methods

One method of enhancing the analysis is to use
similarity scores to cluster varieties into more ho-
mogeneous subgroups, and then to characterize the
groups in terms of their physical properties. This
was the approach of Wrigley et al. [169] and Du
Cros [170] who employed the minimum spanning
three (MST) to develop empirical taxonomies of
wheat varieties from similarity scores. The resulting
tree-structured organization of the varieties provid-
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ed the means for grouping them. An added feature
was the graphical representation of degree of simi-
larity in terms of distances along branches of the
tree. Gower and Ross [171] provided a clear exposi-
tion of the method.

Similarities are generally expressed as fractions
or percentages. Assuming they are fractions be-
tween zero and one they may be translated into dis-
tance-like measures in the following way:

distance? = 1 — similarity.

Other schemes are possible, and it is often easier to
start with a distance rather than a similarity mea-
sure. There are mathematical and algorithmic bene-
fits in choosing the distance measure to be a true
distance in the sense of obeying the axioms of Eu-
clidean geometry [171].

It is perhaps easiest to understand the MST in the
two-dimensional case. Fig. 14 shows the MST for
17 wheat varieties based on the heights of two RP-
HPLC peaks, selected only to obtain a somewhat
complex MST for illustration. The MST was com-
puted with the aid of S-Plus (Statistical Sciences,
Seattle, WA, USA). Pairs of peak heights are repre-
sented as points in the plane. They are joined by line
segments to form a trec. The MST shown is the tree
whose branches have minimum total length among
all possible spanning trees. Formally a spanning
tree is a structure in which: (1) there are no closed
loops; (2) each point has at least one line segment
attached to it; and (3) there is a path from any point
to any other point [171]. The two-dimensional case
is easiest to understand because distances between
all points are represented by distances in the plane.
With more than two variables a plot like Fig. 14 will
accurately reflect distances between neighboring
points on the tree, but it will give little information
on distances between nonadjacent points. Friedman
and Rafsky [172] discussed the use of the MST for
plotting multivariate data.

The MST contains the information needed to
construct a single linkage clustering tree as illustrat-
ed in Fig. 15. Single linkage means that two clusters
are joined at level h if at least one pair of points,
with one member of the pair from each cluster, is
within h units. The horizontal scale in Fig. 15 is the
largest distance from any point to its nearest neigh-
bor in the cluster. Thus, if we require each pointin a
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Fig. 14. Minimum spanning tree for 17 wheat samples, based on two minor HPLC peaks.

cluster to be within 200 units of its nearest neighbor
we obtain four clusters: a singlet containing only
variety 11, a doublet containing varieties 6 and 7, a
four-point cluster of varieties 1-4, and a large clus-
ter of all other varieties in the sample.

Wrigley [173] discussed a subtle issue of interpre-
tation in relating clusters to baking quality due to
the observational nature of the data. Varieties in the
same cluster have similar electrophoresis patterns
and may have similar pedigrees as well. Because of
the observational nature of the data, it is possible
that any association between the clustering and
baking properties is due to other properties associ-
ated with the pedigrees of the wheats rather than
features reflected by electrophoresis. With these
kinds of studies one hopes to see a confirmation (or

refutation) of initial results as more data are com-
piled.

The single linkage clustering tree is an empirical
taxonomy of varieties. Different choices of peaks
may produce very different trees, and one would
hope to achieve some stability by including more
peaks. Further work is needed to determine appro-
priate distance measures for the types of data seen
in wheat studies. A promising approach was dis-
cussed by Marshall et al. [174] in analyzing HPLC
chromatograms of urine proteins in which each
chromatogram is treated as a continuous signal. In
defining an L, type distance they incorporated
time-dependent location shift functions, to account
for misalignment of peaks, and time-dependent
weights. Alignment is also an issue in wheat studies.
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Fig. 15. Single linkage clustering tree for 17 wheat samples,
based on two minor HPLC peaks.

Column performance can vary over time, causing
shifts in retention times. Sapirstein et al. [141] dis-
cussed a piecewise linear location shift method us-
ing several reference peaks from a concurrent stan-
dard chromatogram.

Despite these methodological questions, single
linkage clustering can separate known groups such
as durum wheats, and the MST appears to be a
useful tool for plotting multivariate data.

4.4. Principal component methods

PCA has a history dating at least to Pearson’s
1901 article [175] ““On lines and planes of closest fit
to systems of points in space”. The idea is to project
multivariate data onto lower dimensional planes
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that are closest on average to the points in the high-
er dimensional space. At the first step, all points are
projected onto a line selected to be as close as pos-
sible, on average, to points in the multivariate data
set. It turns out to be equivalent to projecting the
points on a line selected to maximize the sample
variance of the projections along the line [176]. One
then selects a second line, constrained to be ortho-
gonal to the first, such that sample variance along
the line is maximized. Then a third line orthogonal
to the first two lines is selected, again maximizing
sample variance. The process may repeat until the
number of axes is equal to the smaller of the num-
ber of objects and the number of variables. In fact,
basis vectors along the PCA axes and the corre-
sponding variances are usually computed all at
once, either by a singular value decomposition of
the data matrix or by a spectral decomposition of
the sample covariance matrix [177].

PCA is sensitive to scaling of different variables,
so it is common to standardize variables first, sub-
tracting the componentwise sample mean and di-
viding by the componentwise standard deviation.
This is equivalent to replacing the sample covar-
iance matrix by the sample correlation matrix in the
analysis.

Often the first few components of the rotated da-
ta contain most of the variation. Scatter plots of
these components can be useful for detecting clus-
ters, patterns and outliers in the data. For instance,
Fig. 16 is a scatter plot of the first two components
from PCA of 112 durum wheats [178]. The raw data
contain nine quality measurements of each sample.
The scatter plot shows how group 42 and group 45
samples separate in the plane defined by the first
two rotated components, indicating substantial dif-
ferences in quality. Interestingly, the best separating
plane is diagonal to the axes, and neither compo-
nent by itself would be effective for separating the
groups.

The basis vectors themselves are of interest be-
cause they indicate which variables account for the
most variation. Fig. 17 shows superimposed RP-
HPLC chromatograms for 12 varieties of hard red
spring wheat. Fig. 18 shows the first two basis vec-
tors determined by PCA of the vectors obtained by
sampling the chromatograms every 5 s [164]. The
first basis vector is primarily a difference across a set
of highly variable peaks with retention times be-
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Fig. 16. First two components from PCA of 112 durum wheat
samples using 9 quality tests: spaghetti yellow index (YI), spa-
ghetti brown index (BI), protein content (PROT), minimum
cooking time + 6 min (T6), minimum cooking time + 11 min
(T11), microdisks cooking index (CI), gluten elastic recovery
(REC), sedimentation volume (SED), and gluten firmness
(FIRM). Open squares are type 42 winter wheats; open circles
are type 42 spring wheats; solid squares are type 45 winter
wheats, solid circles are type 45 spring wheats. From Autran et
al. [178].

tween 27 and 28 min. The second basis vector in-
dicates where the variation orthogonal to the first
basis vector occurs. It weights on various retention
times with no single dominant site. Note that PCA
does not require peak identification; it can be ap-
plied directly to the discretized curves.

Autran et al. [178] made clever use of PCA in
connection with correlation analysis of quality mea-
surements. Autran and Galterio [179] used a similar
method to study correlations among electrophore-
sis bands. Both articles provided correlation matric-
es and pairwise tests for zero correlation among the
variables. Care is needed in interpreting significance
tests, because multiple testing on the same data in-
creases the experimentwise false positive rate, often
drastically. Plotting the first two components from
PCA on the correlation matrices as in Fig. 16 pro-
vided useful insight into clumping and patterns in
the data.

PCA is commonly used with regression analysis
when there are many potential regression variables.
Principal component regression is a composite
methodology in which the response variable is re-
gressed on principal component projections of the
regression variables [176]. The constructed regres-
sion variables are mutually orthogonal, which im-
plies that the corresponding regression parameter
estimates are uncorrelated and simplifies the inter-
pretation. Jolliffe [176]) and Martens and Naes [180]
discussed variable selection in principal component
regression, the point being that components ac-
counting for the most variation among the regres-
sion variables need not be the best predictors of the
response variable.

4.5. Multiple linear regression and peak selection

Various researchers have used linear regression
analysis to model the dependence of wheat quality

Absorbance (thousands)

Time (minutes)

Fig. 17. RP-HPLC chromatograms for 12 varieties of hard red spring wheat. From Simpson ez al. [164).
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Fig. 18. First two basis vectors from PCA of 12 varieties of hard red spring wheat. From Simpson et a/. [164].

on bands or peaks from electrophoresis and chro-
matography. Considerable effort goes into the iden-
tification and standardization of peaks, and differ-
ent methods have been used. Ng and Bushuk [181]
defined binary regression variables indicating pres-
ence or absence of specific glutenin electrophoretic
bands. Then they used stepwise regression to select
variables to include for linear prediction of a baking
strength index. Scanlon et al. [182] defined quantita-
tive regression variables by determining areas under
consecutive regions of RP-HPLC chromatograms.
They used stepwise variable selection to develop a
linear regression model for predicting dough exten-
sibility. Careful treatment of retention times is nec-
essary, and some kind of normalization appears
helpful. They noted that some regions may contain
more than one peak, which might cause some effects
to be masked. Primard ef al. [163] and Van Lonk-
huijsen et al. [162] used related approaches. Auto-
mating peak identification for regression analysis
appears to be a challenging problem.

Parameter estimates from these studies are often
poorly determined despite apparent statistical sig-
nificance. In a thorough investigation Scanlon ef al.
[182] observed sign changes in parameter estimates
and quite different sets of predictor variables be-
tween two replications of stepwise variable selec-
tion. This illustrates one difficulty in interpreting
models found by variable selection procedures: the
statistical significance of ¢-tests after variable selec-
tion can be grossly optimistic and should be given
little credence. There is, for instance, an example
due to Freedman [183] in which independent stan-

dard normal random variables generated by com-
puter were used as responses and potential predic-
tors in stepwise regression. Despite the independ-
ence of all the observations, a model was found that
included several variables having significant #-tests
and a high value of R?, the coefficient of determina-
tion.

Another reason for poorly determined parameter
estimates might be the parametrization. Suppose
that the peak identification problem has been
solved and the chromatogram or electrophoregram
has been subdivided into peaks and normalized so
that total area is 100%. Suppose p peaks are in-
cluded in the model, and their relative areas are X,
X,, ..., X,. The usual way to parameterize the linear
regression model is to write

Y=a+b1X1+b2X2+...+prp+e

where a, b4, ..., b, are regression parameters and e is
random with mean zero and unknown variance.
Here the slope estimates are incremental effects of
specific peaks relative to all other peaks that have
been left out of the model. Thus the interpretation
of all the regression parameters changes if we re-
move or add a peak to the regression model. One
way around this problem is to reparameterize the
model. Since the total area is 100%, we can replace
the constant (intercept) by the constructed variable

X() = 100 — X1 - Xz — ... T Xp
to obtain the equivalent model
Y = boXo + lel + ...+ prp +e
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In the latter expression the parameters reflect the
degree to which the response is due to different
peaks regardless of which other peaks are in the
model. The two forms of the linear model are equiv-
alent in that they yield identical predictions and
sums of squared residuals, but parameters in the
second form may be more stable when the chro-
matogram is normalized. If the stepwise search is
used the change in parametrization should be done
after variable selection, because X, cannot be select-
ed independently of other variables in the model.
Simpson et al. [184] used this parametrization to
improve interpretation of regression parameters in
an example involving attribution of pollution in riv-
ers to different uses of the surrounding land, a scien-
tifically distinct but statistically related problem.

The predictions in multiple linear regression are
usually better determined than the individual pa-
rameter estimates. The main concern in the case of
prediction is to avoid extrapolating outside the
range of regression variables used to develop the
model. Non-linearity and other problems with the
model can easily crop up outside the range of exper-
imentation where little information is available on
the nature of the response [167].

4.6. Partial least squares

PLS is a relatively new method often used in che-
mometric applications when there are many pos-
sible variables and a method for predicting or cali-
brating is desired [185,186]. The method has fea-
tures in common with PCA and regression analysis
and is meant to handle problems with multiple pre-
dictors and responses, as well as simpler problems
with one response and many predictors. The latter
case is easiest to understand.

Suppose we wish to relate the response Y to re-
gression variables X1, X2, ..., Xp. For instance, Y
might be a quality measurement and the X’s might
be peak areas or heights. Alternatively, following
Mosleth and Uhlen [187], the X-variables might
simply be absorbances or densities over a grid of p
retention times. Often p is larger than the sample
size n, so some kind of variable selection or combi-
nation is needed to fit a regression model.

PLS regression first selects a unit vector u such
that the projections of the vectors of X-variables on
u have maximal covariance with the Y-values [188].

The projections of the X-vectors on u are called X-
scores, and they are used as regression variables in
place of the raw X data. One can iterate the process
by using residuals from the regression of Y-values
on the scores and residuals from projections of the
X-vectors on u to select further basis vectors and
scores orthogonal to those previously selected. It is
usually suggested to use a cross-validation method
[189] to determine the number of basis vectors
(< n) to select.

Mosleth and Uhlen [187] reported on the use of
PLS regression to predict Zeleny sedimentation
from the electrophoresis pattern. A novel feature of
this study was the direct use of the discretized densi-
tometry trace in the calibration, made possible by
the way in which PLS handles high dimensional da-
ta. They eliminated the need for peak demarcation
except for identification of three reference peaks for
alignment purposes.

PLS has proven most useful in contexts where
empirical prediction equations are desired, and
there is little interest in isolating the effects of differ-
ent variables in the regression. A typical example is
determination of the concentration of an analyte
based on a spectrum with relatively broad peaks
[190]. The usual confidence intervals from linear re-
gression theory do not apply to PLS regression, be-
cause the constructed regression variables (the X-
scores) depend also on Y. The situation is similar to
that in stepwise regression, where significance levels
of r-tests and the coefficient of determination are
inflated due to selection of variables in the regres-
sion. In certain cases cross-validation or other re-
sampling methods such as the bootstrap [191] pro-
vide a means for computing significance levels and
variance estimates. Martens and Naes [180] provid-
ed an overview of PLS and other multivariate cali-
bration methods and many further references.

Although there have been many reports of suc-
cess using PLS, it is important to be aware of limita-
tions of the method. There is a tendency to treat X-
and Y-scores as surrogate data, plotting them on
scatter plots, reporting coeflicients of determination
or percentages of explained variation from the re-
gression, and so on. However, X- and Y-scores have
very different properties from the usual data in re-
gression due to their dependence on both X and Y.
In particular, the slope of the PLS regression is al-
ways positive, and scatter plots and coefficients of
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determination often overstate the strength of the
regression relationship. An example by Simpson et
al. [164] considered one-factor PLS regression to re-
late quality measurements to RP-HPLC chromato-
grams of 12 hard red spring wheats. Significance
levels were studied for the naive F-test, which is in
one-to-one correspondence with the coefficient of
determination (R-squared). It was found by Monte
Carlo simulation that nominal significance levels of
the F-test were too small by a factor of four. Al-
though correct significance levels are easily comput-
ed by simulation methods, the example demon-
strates that the visual impression created by scatter
plots of PLS scores can be misleading.

Another limitation of the method relates to the
way in which the PLS covariance criterion com-
bines variation with correlation (covariance = vari-
ance X correlation). This makes it difficult to in-
terpret relative weights of different variables in the
PLS basis vectors: weight may be large due to large
variance and modest correlation, or strong correla-
tion and modest variation. Further discussion and
examples were given in ref. 164. If we wish identify
strong quality peaks, simpler procedures such as
stepwise regression or principal component regres-
sion with variable selection may be more effective.

4.7. Confounding and the value of follow-up studies

Wheat varieties are often selected for study based
on availability. Thus conclusions developed from a
particular dataset may not generalize to the pop-
ulation of varieties that could potentially be pro-
duced. Often the best one can hope for is operation-
al success: if certain peaks are flagged as important
in a study, one relies on follow-up studies to deter-
mine whether the effect persists in other varieties. If
the goal is to produce wheat with desired properties,
then one uses the study results to indicate directions
for breeding experiments to improve the quality of
wheat. If results confirm expectations, operational
success has been achieved. If not, that is also valua-
ble information pointing to possible selection bias
or confounded effects in the original study.

The complexity of wheat proteins poses an added
difficulty in the interpretation because the number
of peaks is usually larger than the number of varie-
ties in the study. To illustrate, suppose we have 20
varieties and for each we record heights of 100
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peaks. The 100-dimensional vectors of peak heights
for the different varieties necessarily lie in a 20-di-
mensional space of vectors. From the data at hand
we can identify no more than twenty distinct combi-
nations of peaks to “explain” baking qualities of
the wheats regardless of whether we use multiple
linear regression with variable selection, or a latent
effects approach such as principal component re-
gression or PLS regression. In the simplest case two
peaks may be nearly perfectly correlated in the sam-
ple solely because of varieties selected. There is no
way to isolate effects of these two peaks without
more data to break the correlation. More generally
there will always be linear combinations of peak
heights that are perfectly correlated with each other
if the number of peaks exceeds the number of varie-
ties.

In the statistical design of experiments this kind
of equivalence between variables is known as con-
founding [192]. When confounding is present one is
forced to make modeling assumptions to make fur-
ther progress. A typical assumption is that certain
variables are null, e.g., that higher order interac-
tions are absent or negligible in a factorial experi-
ment. The variable selection approach in multiple
linear regression of wheat quality on peaks assumes
that only few peaks are associated with wheat qual-
ity, whereas the PLS approach assumes a small
number of combinations of peaks bear a relation-
ship with wheat quality. In either case, however,
selection of variables is dependent on the data at
hand, and follow-up studies are necessary to deter-
mine if indicated peaks are indeed important.

5. CONCLUSIONS AND PERSPECTIVES

The last decade has seen the development and
refinement of excellent electrophoresis and chroma-
tography techniques and the use of these methods
to characterize heterogeneous wheat proteins. Sep-
arations are based on size, charge, surface hydro-
phobicity, or combinations of these traits. Depend-
ing on which methods are used, the analyst can bal-
ance analysis time, number of samples analyzed,
and resolution. Undoubtedly further improvements
in speed, sensitivity, reproducibility, and automa-
tion will occur, especially in techniques such as nar-
row-bore HPLC and capillary electrophoresis.

The remarkable separations of gluten proteins
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now possibly indicate that data analysis is as impor-
tant and challenging as the separations themselves.
Data quickly and reliably captured contain a wealth
of qualitative and quantitative information. Until
recently, only obvious relationships were discov-
ered and used. Now, investigators are beginning to
use many innovative statistical and computer pro-
grams to interpret data, with valuable and some-
times surprising consequences. Careful examination
of these methods shows their value, but emphasizes
that caution and proper use is necessary to avoid
anomalous results. We anticipate that further work
will make proper combinations of analytical meth-
ods and data analyses more apparent, enhancing
the use of wheat protein chromatography and elec-
trophoresis for breeding, marketing, processing,
and quality control.
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