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Abstract: We analyzed a data set constructed from functionally unrelated, easily collected observations
(e.g., meat, stock, and liquor prices) around Fort Collins, Colorado, using principal components analysis
(PCA), canonical correlation analysis (CC), and discriminant function analysis (DFA). Each produced seem-
ingly significant results and suggested strong relationships between the variables measured. We suggest that
multivariate techniques can provide invalid inferences when used with data containing no relationships. We

question the use of these techniques in studies of wildlife habitat.
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Studies of wildlife habitat often attempt to
identify biotic and abiotic variables that can be
used to evaluate niche separation among species
or assess habitat suitability for a single species.
A common approach is to compare character-
istics of sites used by a species to random sites
or sites where the species is believed not to occur.
Because biologists often have limited knowledge
of a species’s niche, a priori hypotheses regard-
ing animal relationships to specific habitat vari-
ables are unstated. Instead, variables are mea-
sured in hope of identifying variables that are
meaningful in describing a species’s habitat or
niche.

Because of the multidimensional nature of
habitat and community studies, researchers have
increasingly used multivariate statistical pro-
cedures to identify variables that may be useful
in habitat assessment. Three multivariate pro-
cedures are generally used in analysis of habitat
data. Principal components analysis is used to
identify variables that account for maximum
variation in data and to produce a smaller num-
ber of uncorrelated variables that are linear
combinations of original variables (Bhattacha-
ryya 1981, Seber 1984:176-203). Canonical cor-
relation evaluates correlation between =2 groups
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of variables by means of linear combinations of
those variables (Gittins 1985:4-9). Discriminant
function analysis develops linear models of vari-
ables that maximize the separation of groups
(e.g., use vs. random sites) and classify addi-
tional observations (Williams 1981).

Two problems may arise when multivariate
procedures are used in a posteriori searches for
linear combinations of variables in the hope of
learning about the structure or dynamics of a
system. First, obvious relationships may not be
detected. Armstrong (1967) illustrated this prob-
lem with data from a simple, deterministic ge-
ometry model. He studied 63 metal objects of
varying sizes in a system that was completely
described by 5 variables (length, width, ht, den-
sity, and cost). He used PCA and factor analysis
to select factors that explained the system. A
large proportion of the variance was explained;
however, the methods failed to identify the 5
variables that truly described the system. It seems
surprising that these popular methods of analysis
failed to identify the obvious variables and re-
lationships. A second problem, which is the con-
verse of the first, is that meaningless variables
yield apparently meaningful linear equations.
Spurious relationships among the data may cause
a researcher to incorrectly conclude that certain
variables are useful or important.

Our objective is to illustrate the latter of the
2 problems. To demonstrate that apparently sig-
nificant results can be derived from meaningless
data, we examined a collection of 15 unrelated
variables using analysis techniques employed in
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wildlife research. We evaluated the extent to
which PCA would explain the variance of the
data set and reduce its dimensionality, and tested
the null hypotheses that CC would not show
high correlation between 2 sets of variables, and
classification accuracy using DFA would be no
greater than that expected by chance. We
attempted to illustrate some common errors in
the use and interpretation of multivariate sta-
tistical procedures, and raise general questions
about the use of these methods as valid inference
procedures for habitat and community studies.
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M. Shenk for their assistance with data collection
and their discussion of multivariate statistical
procedures. We also thank D. E. Capen, D. H.
Johnson, and T. E. Martin for reviewing an ear-
lier draft of this manuscript.

METHODS

The median sample size of 28 multivariate
data sets published in The Journal of Wildlife
Management during 1985-87 was 99 observa-
tions and 12 variables. We collected 75 obser-
vations on 5 “biotic” variables: students’ grades,
meat prices, package weights of hamburger,
sagebrush (Artemisia spp.) cover, and produce
prices, and 10 “abiotic” variables: stock prices,
used car prices, book pages, street addresses,
greeting card prices, telephone numbers (last 5
digits), annual mean temperatures, pitching
earned run averages (ERA), diamond ring prices,
and liquor prices. Each variable was collected
by a different individual; therefore, each vari-
able is independent of the others. Because multi-
variate statistics often assume data are contin-
uous and normally distributed, our variables
were selected to represent essentially continuous
data, even though published studies often in-
clude discrete, binary, or rank data. Although
our data were not distributed normally, we be-
lieved that continuous data would have less ef-
fect on the analytical techniques and interpre-
tation of results than discrete or binary data.
The data were analyzed with PCA and CC using
the Statistical Analysis System (SAS) (Joyner
1985), and DFA using the Statistical Package
for the Social Sciences (SPSS) (Norusis 1986).

Discriminant function analysis was per-
formed by randomly assigning 38 observations
to membership in 1 group and 37 to another.
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Important discriminating variables were select-
ed by stepwise procedures (Norusis 1986:B17-
22). No group assignments were associated with
the rows of the data matrix because of the meth-
od of data collection. Fifty replicates of ran-
domly assigned group membership were run to
assess the mean number of variables selected,
mean classification rate, number of times ho-
mogeneity of covariance (Box’s M) was rejected,
and number of times group differences (Wilks’s
A) were significant.

RESULTS

We computed Pearson product-moment cor-
relation coefficients for all possible pairs of vari-
ables. Only 8 of the 105 (7.6%) correlation coef-
ficients were significant (P < 0.05). This is
consistent with the meaningless nature of the
data; i.e., no more relationships were found or
suggested than would be expected from chance
alone.

Principal components analysis was performed
using the correlation matrix and the variance-
covariance matrix. Analysis of the correlation
matrix generally is used when the variables are
of very different units of measure; however, the
distributional properties of this analysis are
poorly understood (Seber 1984:188). The PCA
of the correlation matrix (Table 1) identified 7
components with eigenvalues >1.0, which ex-
plained 69% of the variance present in the data
matrix. Factor loadings on the first principal
component (PC) were highest for street ad-
dresses, pitching ERA, students’ grades, liquor
prices, meat prices, and used car prices. Prin-
cipal components analysis of the variance-
covariance matrix required 2 components to
explain 99.5% of the variance in the data set.
The first component had an eigenvalue of
241,602,064 and was loaded nearly exclusively
on telephone numbers. The second component
had an eigenvalue of 33,561,419 and was loaded
highly on used car prices (Table 1).

Canonical correlation analysis of the 6 “bio-
tic” versus the 10 “abiotic’” variables (Table 2)
had a canonical correlation coefficient of 0.601.
This correlation coefficient was significant at «
=0.10 (Wilks’s A = 0.3777; 50,277 df; P = 0.087).
The CC loadings resulted in a linear combina-
tion for the “biotic” variables that was most
highly weighted by students’ grades and sage-
brush canopy cover, and a linear combination
of “abiotic” variables that was most highly
weighted by street addresses.
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Table 1.
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Performance of principle components (PC) analysis of a Fort Collins, Colorado, data set. Two analyses were conducted:

1 on the correlation matrix and 1 on the variance-covariance matrix.

Correlation matrix

Variance-Covariance matrix

Performance PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC1 PC2
Eigenvalue 227 162 152 133 129 122 1.05 241,602,064 33,561,419
Proportion of variance 015 0.11 0.10 0.09 0.09 0.08 0.07 0.87 0.12
Cumulative proportion of variance 0.15 0.26 0.36 045 0.53 0.62 0.69 0.87 1.00

Thirty-four of the 50 (68%) stepwise DFA
models were significant (Wilks’s A < 0.05). The
mean percent correct classification of these
models was 68.2% (range = 57.3 for a 3-variable
model to 77.3% for a 10-variable model) (Fig.
1). A median of 6 variables entered the DFA
models. The -statistic (Titus et al. 1984), was
significantly different from zero in 49 of the 50
replicates. This statistic measures the improve-
ment of the DFA model over chance group as-
signment and ranges from zero, which indicates
no improvement, to 1, which indicates perfect
assignment. Box’s M-test for equality of vari-
ance—covariance matrices was rejected for 35 of
the 50 (70%) random group assignments. The
pooled Box’s M-statistic showed that the vari-
ance-covariance matrices were not equal (x* =
513.2, 100 df, P < 0.0005).

Four of the 50 models obtained correct
classification rates >77%. Of these, 1 group as-
signment met the assumption of equality of vari-
ance—covariance matrices. This model incor-
porated 8 variables, with Wilks’s A = 0.596 (P
< 0.001) and Box’s M = 47.81 (P = 0.220). The
discriminant function was most highly corre-
lated with book pages, sagebrush cover, stu-
dents’ grades, mean temperatures, and street
addresses (Table 3).

DISCUSSION

Principal components analysis reduced the
dimensionality and explained a high proportion
of the variance and our hypotheses concerning

CC and DFA were rejected. The first CC coef-
ficient between “biotic”” and “abiotic” variables
was 0.601, and group membership was correctly
classified by DFA at a rate greater (68%) than
that explained by chance. These results are dis-
concerting given their similarity to values re-
ported in the literature on wildlife habitat, and
they raise important questions about valid in-
ference from such analyses.

Seven PC’s based on the correlation matrix
explained 69% of the variance in the original
data. This seemingly important result was due
to chance correlation among the variables. How-
ever, the sphericity test (Hope 1969:63), which
tests the equality of all eigenvalues, failed to
reject the hypothesis that all PC’s are of equal
magnitude; i.e., all PC’s explain an equal amount
of variation in the data, characteristic of random
data. Interpretation of factor loading on the first
PC therefore was futile. Based on the variance-
covariance matrix, 2 principal components ex-
plained 99.5% of the total variance. This was
because of the large variance in 2 variables (tele-
phone numbers and used car prices) relative to
other variables. We observed a 53-87% reduc-
tion in the number of variables when we used
totally spurious data. This raises an important
question: what criteria should be used to assess
the number of important factors, or the inter-
pretation of those factors with biological data?

The CC results appeared to suggest a strong
relationship (r = 0.601) between “biotic” and
“abiotic” variables. Rejection of the null hy-

Table 2. Performance of canonical correlation (CC) analysis of a Fort Collins, Colorado, data set. The first 5 variables in the
data set were ‘‘biotic,” and the remaining 10 variables were *‘abiotic.”

Performance CC1? cc2 CC3 CC4 CC5
Eigenvalue 0.567 0.285 0.182 0.059 0.050
Proportion of variance 0.496 0.249 0.159 0.052 0.044
Cumulative proportion of variance 0.496 0.745 0.904 0.956 1.000
Canonical correlation 0.601 0.471 0.392 0.237 0.219
Approximate F® 1.319 0.962 0.745 0.493 0.536
Significance of F* 0.087 0.536 0.800 0.933 0.779

2 Canonical correlates.
b Likelihood ratio test. Hy: canonical correlation is zero.
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Fig. 1. Histogram of correct classification rates for stepwise
discriminant function models from a Fort Collins, Colorado,
data set using 50 random group assignments.

pothesis (Hy: p = 0) at a« = 0.10 may cause
researchers to conclude that there was a rela-
tionship between these sets of unrelated data.

Like PCA and CC analyses, DFA showed
seemingly impressive results. Four models ob-
tained correct classification rates >77%. These
results were greater than expected for a random
data set with 75 observations fitted with a dis-
criminant function. Like PCA, questions arise
concerning the interpretation of discriminant
functions. Interpretation is generally accom-
plished 2 ways: considering the relative size of
standardized coefficients, or determining which
variables are most closely correlated with the
discriminant scores. Because the 2 techniques
often do not identify the same important vari-
ables (Table 3), interpretations may be conflict-
ing.

Researchers should remember the definition
of Type I error in statistical analyses; i.e., the
probability of rejecting a true hypothesis. This
risk is determined by setting the a-level. Our
results demonstrate the dangers of committing
this type of error in multivariate analyses with
data sets of the magnitude often used in studies
of wildlife habitats and communities. Given that
there were no relationships in the data we col-
lected, all 3 hypotheses we posed should have
been accepted, but were not.

The application of multivariate techniques to
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Table 3. Standardized coefficients and correlation coeffi-
cients of stepwise discriminant function analysis of a Fort Col-
lins, Colorado, data set (random group assignment 14 with
Wilks’s A = 0.5964 [P < 0.001] and Box's M = 47.81 [P =
0.2203]).

Standardized

Variables coefficients Correlation
Students” grades —0.31447 —0.28229
Meat prices —0.22746 —0.20696
Meat weights 0.47877 0.15551
Sagebrush cover 0.61193 0.43347
Produce prices 0.33445 0.26423
Book pages —0.49705 —0.44752
Street addresses —0.24607 —0.27265
Mean temperatures 0.53073 0.27612

the Fort Collins data clearly shows that statis-
tical and biological significance are not neces-
sarily related. Selection of variables and choice
of statistical procedures will have a profound
effect on the conclusions reached by a study
(Johnson 1981). Additionally, interpretation of
coefficients from multivariate procedures is often
arbitrary and not well founded in statistical the-
ory. Sophisticated multivariate techniques can-
not be expected to replace careful a priori think-
ing and design.

Multivariate techniques often are applied in
habitat and community studies in an explorato-
ry way to illuminate ecologically meaningful
relationships. This study, along with the work
of Armstrong (1967), represent extremes in the
spectrum of problems that can arise through use
of multivariate methods. Armstrong (1967) used
known, deterministic relationships that multi-
variate techniques were unable to discern. Our
data, containing no inherent relationships, had
relationships manufactured by the statistical
methods. It seems questionable that multivari-
ate techniques, as currently applied, can con-
sistently identify meaningful relationships in
complex, natural systems.
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The second complete sentence in the right column
on page 435 should be “Mallards had the greatest
success in all periods in idle grassland; the habitat
ranked second was planted cover in 1966-74, grass-
land in 1975-79, and wetland in 1980-84 (Table 4).”
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