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Horticultural researchers often must mea-
sure complex traits, such as vigor, repro-
ductive performance, morphology, or
adaptability, and develop relationships with
treatments or associated variables. Complex
traits, however, are a composite of individ-
ual traits that often vary together in response
to imposed treatments or evolutionary pres-
sures. Identifying a single variable repre-
sentative of the complex trait may not be
possible, so the researcher is faced with the
possibility of separately examining many re-
lated variables. If the researcher uses uni-
variate statistics to quantify differences or
relationships, then the number of separate
analyses required will equal the number of
individual variables measured. With many
types of biological data, however, correla-
tion among variables is common (multicol-
linearity), and information provided by
separate univariate analyses will be redun-
dant.

Multivariate analysis of variance or mul-
tiple regression can be used with multicol-
linear data sets, but one must know the
dependence structure of the variables within
such data sets before analysis (i. e., depen-
dent and independent variables must be des-
ignated to perform the appropriate analysis).
In many cases, there is no a priori pattern
of causality within a data set. It would be
useful to choose a technique that identifies
patterns in a data set so that new hypotheses
of causality could be proposed and tested.

Principal component (PC) analysis is a
method that can be used to identify patterns
in a data set and to eliminate redundancy in
univariate analyses when multicollinear data
are involved. PC analysis essentially restruc-
tures data sets containing many correlated
variables into smaller sets of components of
the original variables. Each set is uncorre-
lated with any other, but components within
sets are related. The resulting combinations
may suggest a biological meaning for the
grouping of variables or their components.
In addition, new values can be assigned to
each orthogonal set, and these can usually
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Fig. 1. (Bottom) Vector representing the best-
fitting line through three-dimensional space for
points contained in the data set. (Top) Values
of X4 plotted against a horizontal axis represent-
ing variables X1-3.
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replace several original correlated variables
in univariate statistical procedures. The in-
tent of this paper is to describe PC analysis,
not in mathematical terms, since this is found
in textbooks (Sneath and Sokal, 1973; Wil-
liams, 1976), but in terms that will allow
plant scientists to determine the relevance of
this method to their own research.

DESCRIPTION OF THE METHOD
Consider a hypothetical data set in which

each of eight objects is scored for four var-
iables.

If these variables are somehow related, then
it is not expedient to use each of them in
separate univariate analyses, because the in-
formation gained will be partially redundant.
However, it is possible to reduce dimen-
sionality by taking advantage of any existing
linear relationships within the data. In this
example, X1 is twice the value of X2, and
both are closely correlated with X3 (r =
0.954). Hence, the information contained in
X1, X2, and X3 is almost entirely redundant
with regard to the variance-covariance struc-
ture. A three-dimensional graph reveals that
points fall along a single line through space
(Fig. 1 bottom).

One could rotate this line in three-dimen-
sional space so that it becomes horizontal.
Because X4 is uncorrelated with any of the
other variables, a vertical axis could be used
to express X4 in relation to this new hori-
zontal axis (Fig. 1 top) with little loss of
information. Most importantly, the dimen-
sionality of the data set has been reduced
from four to two, making patterns of rela-
tionship easy to visualize and interpret.

The logic of PC analysis is similar; data
are transformed to create new variables and
axes that account for more variation in the
original data than any single variable alone.
With PC analysis, many variables are ex-
amined simultaneously and a transformation
equation is extracted that represents a major
axis containing as much variation (or dimen-
sionality) from the original data set as pos-
sible. If several of the variables in a data set
are linearly related (and assuming they are
normally distributed), then the cluster of points
in hyperspace will resemble an n-dimen-
sional ellipsoidal cloud.

A second transformation equation is then
extracted, one that accounts for as much of
the remaining variation as possible, with the
condition that values from this equation are
uncorrelated with values from the first equa-
tion, and the axis from this equation is or-
thogonal with the first. The amount of
variation accounted for by the second trans-
formation is always less than the first. If a
second set of correlated traits exists in a data
set, then the cloud of points in hyperspace
would resemble a flattened football (oval,
American type), with the first axis passing
through the long axis of the football, and the
second axis passing through the flattened
portion, perpendicular to the first.

Orthogonal axes continue to be extracted
until all variation in the data set is accounted
for. At the end of a PC analysis, the number
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of equations that represent axes will equal
the number of original variables, but only
the first few equations normally contain use-
ful information.

In the literature, the major axis or vector
is usually called principal component 1 (PC1),
and subsequent orthogonal axes are num-
bered sequentially (PC2, PC3, . . . . PCn).
Each PC axis is defined in terms of a linear
transformation of original variable scores.
Coefficients of each transformation equation
form a set of eigenvectors, and the total var-
iance accounted for by each equation is called
the eigenvalue. The sum of the eigenvalues
will equal the number of original variables,
with each PC accounting for a progressively
smaller percentage of the remaining vari-
ance.

CONDUCTING THE ANALYSIS

Selecting variables
In a genetic study, a PC analysis is most

representative when the cultivars are numer-
ous and unrelated to each other and when
many characteristics are evaluated. In other
studies, representation from a range of re-
sponses or plant types is essential if the inter-
pretation of the analysis is to be meaningful.
In either case, variables should be chosen
carefully from an array of morphological,
structural, reproductive, and growth char-
acteristics.

The characters selected should be of a
similar dimension. For example, measure-
ments of volume will have a different vari-
ance distribution than measurements of surface
area, even though both are measured on the
same objects. If measured characters have
different dimensionalities, then it is likely
that the data are not multivariate normal, so
extrapolation of results to a larger population
should not be attempted. If the variables will
be measured on different scales with greatly
different variances, then it is generally ad-
visable to transform the data before analysis
by standardizing to zero mean and unit var-
iance. Data sets with both quantitative and
qualitative measurements are also not appro-
priate. Sets of traits that are known to be
highly correlated should be avoided since this
adds redundant information to the analysis.

Initially, there may be a tendency to mea-
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sure many traits; however, after the initial
analysis, it may be possible to identify only
the most important traits, thereby increasing
the efficiency of the method in future appli-
cations. Measurements should be made on
replicated plots or samples to provide a re-
liable mean value; however, one must have
more observations than variables for the
analysis to work. Since it is desirable to have
at least twice the number of observations as
variables, the technique is most appropriate
for survey data.

Input and output
A PC analysis is impractical to conduct

with a hand calculator; therefore, computer
access is essential. The computer must be
instructed to reorganize the data into a var-
iance–covariance matrix or correlation ma-
trix, and use matrix algebra to reduce this
data set into a number of linear combinations
that form orthogonal axes. With most com-
puter software, one must designate if the in-
puts are raw variable scores, standardized
scores, or a correlation matrix. Options may
also exist to assign weights to variables. Ad-
vanced applications may even require axis
rotation.

The output desired for interpretation and
graphing should include 1) the eigenvalue
and percentage of total variation explained
by each PC, 2) the eigenvectors for each PC
(occasionally called “weights”), 3) the PC
scores (transformed values for sets of origi-
nal standardized variables), and 4) the cor-
relations between original standardized
variables and the corresponding PC scores
(occasionally called “loadings”).

INTERPRETING THE ANALYSIS
Interpretation of output from a PC analysis

requires that one determine the importance
of PCs and variables associated with each
PC. There are no rules for making this de-
termination, unlike with univariate statistics,
so good judgment must be used.

Two criteria are used to judge whether a
PC is meaningful. The first requires an ex-
amination of the eigenvalue. If this number
is >1.0, then, theoretically, the correspond-
ing PC has inherently more information than
would any single variable alone. All PCs with
an eigenvahre >1.0 would then be subject
to interpretation. However, even with ran-
dom data, at least one PC will have an ei-
genvalue >1.0. For this reason, the
percentage of total variation explained by the
PC is helpful in making a determination. The
researcher may have reason to believe that
any PC is significant if it explains a certain
percentage of total variation in a data set. If
biological meaning can be assigned to the
PC from an examination of eigenvectors, then
confidence in the importance of the PC is
increased.

The researcher must use good judgment
and knowledge to select the level at which
the PC becomes biologically meaningful. The
first PC can account for 30% or more of the
total variation, even in a completely random
data set, depending on the size of the data
matrix. Several “Monte Carlo” simulations
have been run for the various sized data sets
of random numbers to determine the mag-
nitude of their eigenvalues (Karr and Martin,
1981; Stauffer et al., 1985). In addition,
Gauch (1982) used artificial data sets to study
the relationship among matrix size, inherent
variability, and noise reduction. These can
be consulted for assistance in judging PC
analysis results.

A partial data set by Krahl (1989) can be
used to illustrate interpretation of PC analy-
sis. For this data set, six morphological char-
acters were measured on progeny from 11
families of sour cherry (Table 1). A PC
analysis indicated that the first PC has an
eigenvalue of 4.0 and explains 67.2% of the
total variation in the data set (Table 2). This
is a relatively large eigenvalue and suggests
that PC1 represents the equivalent of four
individual variables; therefore, it should be
considered for further evaluation. PC2 ex-
plains an additional 13.3% of the variation
and has an eigenvalue <1.0. It accounts for
a much smaller percentage of the total var-
iation, so it should only be considered sig-
nificant if some biological meaning can be
assigned to it. Additional PCs account for an
even smaller percentage of the total varia-
tion.

Biological meaning is determined by ex-
amining the eigenvectors (weights) and cor-
relations of original variables with PC scores
(loadings). Generally, variables with large
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weights and loadings, either positive or neg-
ative, are considered to be contributors to the
PC. In many cases, there is a biological rea-
son why these particular variables are re-
lated. In the sour cherry example, petiole
length, leaf length, leaf width, and vein an-
gle all have larger weights and loadings than
serration density and branch angle. There-
fore, the first PC probably represents a latent
variable reflecting plant size. Good judg-
ment is again required, because it is not un-
common to find a variable with a large weight
and small loading, or vice versa. Situations
such as these-are common when several var-
iables are highly correlated.

PC2 has a high weight and loading for
serration density, so PC2 likely represents
this variable alone. The corresponding ei-
genvalue near 1.0 also suggests that PC2 has
the equivalent weight of a single variable.
Branch angle is reflected in a similar fashion
by PC3. At this point, all the original vari-
ables have been strongly associated with a
particular PC. PC4 through PC6 have such
small eigenvalues that any biological inter-
pretation based on a high weight or loading
would have little meaning.

A new “plant size” variable can be de-
rived from the eigenvector of the first PC.
To arrive at values (scores) for the new var-
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iable, one must use the following transfor-
mation equation: PC1 = W1(X 1–     +
W2(X2 –           + , . . Wn(Xn –               where
Wn is the corresponding eignevector (weight)
and Xn is the original variable. If a correla-
tion matrix was used for input, then each
product in the transformation equation must
be divided by the variance of the correspond-
i n g  v a r i a b l e .

Insight can often be obtained by plotting
the PC scores for individual observations in
relation to the important PC axes. Clustering
along PC axes suggests that some relation-
ship exists among individuals within a clus-
ter. With sour cherries, the PC scores were
plotted with respect to PC1 and PC2 to de-
termine if the resultant pattern revealed any-
thing about the genetic relationships among
the 11 families. The family ‘Montmorency’
× R1 had a high positive value along PC1
because of large leaf and petiole lengths, leaf
width, and wide vein angles (Table 2, Fig.
2). The families ‘Wolynska’ × ‘Oblacinska’
and ‘English Morello’ × ‘Oblacinska’ were
most negative along PC1 due to short petiole
and leaf lengths and narrow leaf widths. They
were separated from their other half-sib fam-
ilies with ‘Sumadinka’ due to differing val-
ues of serration density. The self-pollinated
‘Montmorency’ family, and the other five
‘Montmorency’ full-sib families, excluding
‘Montmorency’ × R1, clustered at the center
of the PC. Pollen from R1 was collected in
Romania from a clone that has the following
pedigree: sour cherry × (sour cherry × sweet
cherry). The sweet cherry background ob-
viously contributed the large leaf traits to the
progeny, thus positioning it at one extreme
of PC1. ‘Oblacinska’ is a low-vigor, small-
leafed sour cherry cultivar grown in Yugo-
slavia, and these traits were reflected in its
progeny and in location of progeny along
PC1. In this example, PC analysis clearly
was able to separate the germplasm in a way
that would be expected, knowing the paren-
tal differences.

If clustering does not occur, one cannot
conclude that no relationships exist among
the variables. PC analysis is sensitive only
to linear relationships; higher order relation-
ships may go undetected.

In our example, PC1 accounts for most of
the variation in the data set, so in essence,
the sour cherry genotypes are separated on
the basis of size. If additional variables were
measured, such as yield components or
physiological traits, [hen PC2 would likely
be much stronger and provide further sepa-
ration on the basis of reproductive behavior
or physiological responses that are unrelated
to plant size.

PC analysis has many uses other than
grouping and clustering. It can be used to
quantify variation in different groups of var-
iables. PC scores can also be used in uni-
variate statistics to test for differences in
complex traits among groups of individuals,
or to measure rates of change through regres-
sion analysis. PC analysis can be used to
identify variables that contribute little infor-
mation to underlying relationships; these
variables can be deleted from further anal-
yses, resulting in a more simplified data set.
PCs can be used in multiple regression
analysis to determine the relationship be-
tween correlated groups of predictor varia-
bles and individual outcome variables. PCs
involved in significant relationships can be
transformed back into original variables, re-
sulting in a regression equation with fewer
predictor variables.

Certain multivariate statistical procedures
require an absence of linear dependence
among variables so that the covariance ma-
trix can be inverted as part of the analysis.
If the matrix cannot be inverted because of
multicollinearity, then one could delete in-
HORTSCIENCE , VOL. 26(4), APRIL 1991



dividual variables until the linear depend-
ency is resolved. An alternative, however,
is to perform multivariate procedures on PCs
which are, by definition, orthogonal. If PC
analysis has been conducted on random sam-
ples from a multinormal population whose
covariance matrix has a specified structure,
then hypothesis tests and confidence inter-
vals for the population can be constructed.
These are some of the ways that PC analysis
can be used to further our understanding of
biological systems. Other examples of PC
analysis are illustrated by Broschat (1979).
Applications to horticulture are described
below.

APPLICATIONS

Yield and quality components
Moore (1965) was one of the first authors

to report the use of PC analysis for quanti-
fying yield component interactions in a hor-
ticultural crop. Moore wanted to understand
the relationship of plant vigor to vegetative
growth and to fruit yield in apple. Rather
than using a single variable, such as trunk
girth, as a measurement of vigor, Moore de-
fined vigor as the sum of numerous growth
components, including crop load. He then
compared these growth characteristics using
PC analysis for the two apple cultivars Cox’s
Orange Pippin and Worcester Pearmain and
identified three major vectors. Vector I, which
accounted for 57% and 53% of the variance
of ‘Cox’s Orange Pippin’ and ‘Worcester
Pearmain’, respectively, included both the
length of shoot growth and the difference in
squared girth for the growing season, and
was termed the vegetative factor. The second
vector, which was independent of the veg-
etative vigor vector, accounted for 30% of
the variance for both cultivars. This vector
was identified as the reproductive vector or
fruitfulness vector, including such characters
as crop weight. The third vector, which ac-
counted for 11% and 13% of the variance
for ‘Cox’s Orange Pippin’ and ‘Worcester
Pearmain’, respectively, represented a bal-
ance between fruit buds and crop weight.
With this interpretation of vigor, it was now
possible for the author to apply different
treatments to increase yield and to determine
whether the yield increase was the result of
an increase in vegetative vigor, a change in
the balance of vegetative growth and fruit
production, a reduction in fruit set, or a com-
bination of these factors.

Jennings (1979) measured various yield
components in raspberry to investigate a re-
lationship between cane diameter and the de-
velopment of multiple lateral shoots and fruit
nodes on these canes. PC analysis identified
two vectors of which the largest, termed the
vigor vector, was associated with high
expression of cane diameter and other veg-
etative characters. The second vector, called
the compensation vector, described the tend-
ency of high cane diameter and large number
of multiple laterals to be compensated for by
reduced development of fruiting nodes.

Dale (1988) developed new variables from
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PC scores extracted from red raspberry growth
and reproductive attributes over several years
with genotypes from a half-diallel cross with
four parents. General lateral vigor, repro-
ductive vigor, and unachieved reproductive
potential were his interpretation of the three
major PCs. Dale then performed analysis of
variance on these new variables to extract
specific and general combining abilities, rather
than performing separate statistical analyses
on each of the many attributes. Dale also
found that general lateral vigor was linearly
associated with time of ripening.

Because of the multiplicity of traits used
to measure food quality, multivariate statis-
tical procedures, including PC analysis, have
been used extensively in food science re-
search (Resurrection, 1988). However, one
complex quality trait of importance to hor-
ticulturists is an assessment of fruit ripeness
or maturity. Fils-Lycaon et al. (1988) used
PC analysis to describe the process of fruit
ripening in cherry and identify the most im-
portant traits that characterized specific stages
of ripening. The authors collected data for
21 physiological and chemical characteris-
tics of fruit over a range of harvest dates.
PC analysis was able to separate unripe, ripe,
and overripe fruit, and the ripe fruit was
characterized as having low pH and maximal
weight, titratable acidity, and total phenol
content.

Taxonomic similarity
The degree of relatedness among individ-

uals within or between species, or among
genotypes within a breeding population, can
be approximated with PC analysis. The
analysis can reveal clusters of morpho-
logically similar phenotypes when plotted
against the major PCs. Genotypes within a
cluster are likely related. Adams (1977) used
PC analysis to calculate the Euclidean dis-
tances between cultivars of dry beans along
PC axes, and these distances were highly
correlated with known genetic relationships
based on pedigrees. Such information can
then be used to develop hypotheses concern-
ing speciation, to characterize germplasm
collections, and in breeding decisions to ex-
ploit hybrid vigor or minimize inbreeding
depression (Isleib and Wynne, 1983). In ad-
dition, covariance of characters may be in-
dicative of genetic linkage or pleiotropy.

This approach has been used infrequently
by horticulturists even though it is com-
monly employed by taxonomists to study
species overlap and help explain evolution-
ary questions (Prance et al., 1969). For ex-
ample, Jensen and Eshbaugh (1976) examined
the relationships between individual oak trees
within different populations by means of PC
analysis. The authors were able to identify
specimens of hybrid origin and their putative
parental species.

PC analysis has been used to relate char-
acter variation within a species to area of
origin (Hillig and Iezzoni, 1988; Hussaini et
al., 1977). Recent work by Martin and Ad-
ams (1987) illustrates the usefulness of such
an analysis. The authors wanted to investi-
gate the extent and underlying patterns of
variability in dry beans when maintained as
diverse landraces under the traditional crop-
ping systems of the Malawian farmer.
Twenty-five inbred lines grown from seeds
collected at each of 15 sites in Malawi were
analyzed. Characters evaluated included five
phonological and six morphological traits.
When plotted on two PCs, five of the land-
races from more southerly sites formed a fairly
tight cluster, whereas the other nine land-
races from the more northerly sites formed
a separate, more-dispersed cluster. Seed
characteristics varied in a broad north-south
cline; however, it was not clear whether en-
vironmental factors or traditional consumer
preferences were primarily responsible for
this gradation. There was no distinct cline
for flower color, which may indicate that
there has been little or no human or envi-
ronmental selection for this trait.

Indeterminate (climbing) beans predomi-
nated in the northern sites where the farmers
frequently grow their beans in association
with maize. Phonological characteristics were
highly variable within landraces; this may
serve to spread out risk during the critical
flowering and seed filling periods. The dif-
ferences among the northerly sites and
southernmost sites indicated that some re-
gional adaptation may have occurred among
these populations. However, within these re-
gions, considerable diversity exists, sug-
gesting that genetic variability is being
maintained as a result of low levels of natural
outcrossing between lines of this normally
inbreeding species.

Association between genetic and
environmental attributes

Yet another use of PC analysis has been
to relate ecotypes and species habitats to spe-
cific environmental variables (Nevo et al.,
1979). Jensen and Hancock (1982) evaluated
three species of strawberry from several pop-
ulations collected from a diversity of envi-
ronments to examine relationships among
populations and communities. They found
that combinations of morphological traits have
evolved that are associated with the various
community environments.

Pritts and Hancock (1984) used PC analy-
sis to consolidate environmental and edaphic
variables from sites that supported natural
populations of lowbush blueberries. A sec-
ond PC analysis was also performed to re-
duce the dimensionality of a group of growth
and reproductive attributes that were char-
acteristic of the blueberry populations. The
PCs from the environmental variables were
then correlated with the PCs from the growth
and reproductive variables, resulting in four
significant correlations. These correlations
among 10 PCs were much easier to interpret
than 210 separate correlation coefficients.

Williams et al. (1977) used PC analysis to
define three components of growth and yield
in sorghum and to correlate these characters
with environmental variables. The three
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components were defined as crop density,
total photosynthate, and vegetative exten-
sion. The crop density component was sig-
nificantly correlated with rainfall in three
cultivars, and the total photosynthate com-
ponent was significantly correlated with
maximum temperature. By studying these
patterns, the researchers were able to iden-
tify germplasm having environmental re-
sponses most adapted to their location.

Other
Pritts et al. (1986) tested the hypothesis

that foliar applications of 6-benzyladenine (6-
BA) to leaves restricts movement of dry mat-
ter and mineral elements out of the leaf. Rather
than separately analyze the movement of nine
mineral elements in strawberry after treat-
ment with various concentrations of 6-BA,
they used the first PC as a measure of nu-
trient status. PC1 accounted for 28% of the
variance in nutrient content and eight of the
nine nutrients had high weights on the first
PC. This PC was linearly related to 6-BA
rate, offering support for the hypothesis that
6-BA does restrict movement of mineral ele-
ments out of leaves.

SUMMARY
PC analysis reduces a large data set to a

small number of unrelated groups of varia-
bles or their components, which can be scored
along independent, linear axes. Variables
strongly associated in the same group may
share some underlying biological relation-
ship. These associations are often useful for
generating hypotheses or for understanding
the behavior of complex traits. The response
of groups of variables or complex traits to
imposed treatments or evolutionary pres-
sures can be quantified and tested using a
combination of PC analysis and simple uni-
variate statistics.

The interpretation assigned to PC groups
will depend on 1) the particular set of char-
acteristics to be measured, 2) the diversity
of the entries, 3) the strength of underlying
relationships among variables, and 4) the
judgment of the researcher. Many examples
exist in the literature where PC analysis has
been used successfully to develop novel hy-
potheses, to simplify large data sets, or to
understand the response of complex traits to
imposed treatments or evolutionary pres-
sures.
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