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BOOTSTRAPPED PRINCIPAL
COMPONENTS ANALYSIS—REPLY TO
MEHLMAN ET AL.

Donald A. Jackson'

Mehlman et al. (1995) identify a condition that may
arise in various multivariate procedures, i.e., the re-
flection or reversal of the axis direction. They suggest
that this condition may have led to an underestimation
of the correct multivariate dimensionality in Jackson’s
(1993a) study of principal components analysis (PCA).
The reversal of a multivariate axis or component pre-
sents no problem in standard analyses and does not
change the interpretation of the data summary. In Jack-
son (1993a) I was using bootstrapped PCA to evaluate
the number of nontrivial or “significant’” components
from the frequency distribution and the confidence lim-
its of bootstrapped eigenvalues and eigenvector coef-
ficients. Mehlman et al. (1995) state that it is important
to recognize that an axis can reverse in the bootstrapped
PCAs. If left in this orientation, there would be a very
real possibility of underestimating the number of com-
ponents based on the criterion of whether the 95% con-
fidence limits encompassed zero or not. It is possible
that bimodal distributions could arise with one mode
on either side of zero due to reversals, even with a
strongly structured data set. One may falsely conclude
the component to be uninformative unless some mea-
sure is taken to recognize and correct this condition.

During the course of the study by Jackson (1993a),
axis reversals occurred frequently. This is a well-doc-
umented feature (e.g., Gauch et al. 1981, Knox 1989,
Knox and Peet 1989, Jackson 19935b) of various mul-
tivariate methods, a point identified by Mehlman et al.
(1995). Because of this documentation, I assumed it to
be implicit in the approach and failed to state explicitly
that one must examine for reversals in the coefficients.
I am grateful to Mehlman et al. for making this clear
to readers.

Mehlman et al. (1995) suggest an approach based on
“fixing” the sign of the largest eigenvector coefficient
on each axis when histograms suggest that reversals
may have occurred. In their approach, a single variable
having the largest eigenvector coefficient in one PCA
is assumed to be representative of the results from each
subsequent bootstrapped PCA. In some cases this may
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be true, but in others it may be incorrect. Depending
on the relative magnitude of the larger coefficients, it
is possible that reversals in the ordering of the coef-
ficients may occur, i.e., the largest and subsequent co-
efficients may reverse their ordering. This reversal is
analogous to the changes in the ordering of the com-
ponents (Oksanen 1988, Jackson 19934, b) that occur
when eigenvalues are similar in magnitude. In such a
case, the approach proposed by Mehlman et al. (1995)
may fail. Their approach depends on the distributions
of the eigenvector coefficients and the degree of struc-
ture inherent in the data set. Specifically, the more sim-
ilar the magnitude of the coefficients and the less struc-
tured the data, the greater the possibility that their
method may not work.

My approach (Jackson 1993a) was to correlate the
eigenvector coefficients for each axis from the original
PCA with those from each bootstrapped PCA. A neg-
ative correlation indicated a reversal or reflection of
the axis orientation. Therefore, the coefficients were
multiplied by —1. During the course of the study, each
component from each data set was checked for such
reversals and corrected, if necessary, prior to deter-
mining whether zero fell within the 95% confidence
limits. In the course of my study, the bootstrapped ei-
genvector approach occasionally underestimated the
number of dimensions simulated, i.e., underestimated
the known dimensionality of the data and number of
nontrivial components. Mehlman et al. (1995) suggest
that failing to correct for the axis reversals might ex-
plain why the bootstrapped eigenvector approach un-
derestimated the number of components. However,
since this problem of axis reversal was recognized and
corrected, clearly this is not the reason for any under-
estimation. However, regarding the underestimation of
the nontrivial components, I originally stated (Jackson
1993a: 2212) “‘the combination of these two approach-
es, i.e., the bootstrapped eigenvalue and eigenvector
coefficients, provides a better measure of the dimen-
sionality than either approach alone.”” Undoubtedly
there are conditions in certain analyses where this cor-
relation-based approach will provide misleading results
also. Although the method of determining axis rever-
sals differs between Jackson (1993a) and Mehlman et
al. (1995), the fundamental result of the correction pro-
cess is identical, i.e., identify those axes having re-
versals and multiply them by —1.

An alternative to either of these approaches is that
of Procrustean rotations (Gower 1971, Cliff 1987, Jack-
son and Somers 1989, Jackson 1993b). Knox (1989)
choose this method in a study of the stability of de-
trended correspondence analysis in which he rotated
several axes to maximize their concordance between
solutions. Using this approach, one may find that re-
sults on a second or third component from a boot-




strapped result may be rotated to fit with the first axis
from the original data set. Clearly a Procrustean ap-
proach differs from the restrictions of both Jackson
(1993a) and Mehlman et al. (1995), in which only a
single axis from two PCA solutions are compared at
one time. If the Procrustean rotation is restricted to
rotating one component at a time, then the approach is
equivalent to that of Jackson (1993a) because it is a
least-squares fit of a bivariate relationship.

If the more generalized approach is used, with sev-
eral components compared simultaneously, the Pro-
crustean method may be compatible with the boot-
strapped eigenvalue method (Jackson 1993a). With the
eigenvalue approach and simulated data, I showed (in
Jackson 1993a) that there could be considerable over-
lap among the first three PCs in several data sets. How-
ever, there was no overlap of these eigenvalues with
the distributions of subsequent eigenvalues. Using the
bootstrapped eigenvalues, one would conclude there
were three nontrivial components. Taking these three
nontrivial components, it would then be possible to use
Procrustean rotations to look at the eigenvector coef-
ficients. I am unaware of any formal development of
methods using such a Procrustean approach as a means
of defining the number of components to rotate, but it
may provide a more accurate measure than that of either
the correlational method I used (Jackson 1993a) or that
proposed by Mehlman et al. (1995).

It should be apparent that there is no single approach
available, nor has there been adequate work to deter-
mine which method of assessing and correcting rever-
sals/reflections is best. However, given the findings of
Jackson (1993a), it is likely that any of these ap-
proaches would be superior to the methods most com-
monly used, i.e., eigenvalues exceeding 1.0, scree plot,
or total amount of variance.

Acknowledgments: 1 am grateful to Drs. D. H. John-
son, D. W. Mehlman, and M. W. Palmer for their com-
ments on this study.

Literature Cited

Cliff, N. 1987. Analyzing multivariate data. Harcourt Brace
Jovanovich, Fort Worth, Texas, USA.

Gauch, Jr., H. G., R. H. Whittaker, and S. B. Singer. 1981.
A comparative study of nonmetric ordinations. Journal of
Ecology 69:135-152.

Gower, J. C. 1971. Statistical methods of comparing different
multivariate analyses of the same data. Pages 138-149 in
E R. Hodson, D. G. Kendall, and P. Tautu, editors. Math-
ematics in the archaeological and historical sciences. Ed-
inburgh University Press, Edinburgh, Scotland.

Jackson, D. A. 1993a. Stopping rules in principal compo-
nents analysis: a comparison of heuristical and statistical
approaches. Ecology 74:2204-2214.

. 1993b. Multivariate analysis of benthic invertebrate
communities: the implication of choosing particular data
standardizations, measures of association, and ordination
methods. Hydrobiologia 268:9-26.

Jackson, D. A., and K. M. Somers. 1989. Putting things in
order: the ups and downs of detrended correspondence anal-
ysis. American Naturalist 137:704-712.

Knox, R. G. 1989. Effects of detrending and rescaling on
correspondence analysis: solution stability and accuracy.
Vegetatio 83:129-136.

Knox R. G., and R. K. Peet. 1989. Bootstrapped ordination:
a method for estimating sampling effects in indirect gra-
dient analysis. Vegetatio 80:153-165.

Mehlman, D. W., U. L. Shepherd, and D. A. Kelt. 1995.
Bootstrapping principal components analysis—a comment.
Ecology 76:640-643.

Oksanen, J. 1988. A note on the occasional instability of
detrending in correspondence analysis. Vegetatio 74:29—
32.

Manuscript received 22 June 1994;
revised 16 September 1994;
accepted 21 September 1994.




	Article Contents
	p. 644
	p. 645

	Issue Table of Contents
	Ecology, Vol. 76, No. 2 (Mar., 1995), pp. 325-675
	Front Matter
	Concepts
	[Introduction] [p. 325]
	Social Barriers to Pathogen Transmission in Wild Animal Populations [pp. 326-335]
	Logistic Theory of Food Web Dynamics [pp. 336-343]
	Can Dormancy Affect the Evolution of Post-Germination Traits? The Case of Lesquerella Fendleri [pp. 344-356]
	Comparing Predator-Prey Models to Luckinbill's Experiment with Didinium and Paramecium [pp. 357-374]

	Sex Investment in a Social Insect: The Proximate Role of Food [pp. 375-382]
	Parasite-Induced Mortality in Mycophagous Drosophila [pp. 383-391]
	Transmission Dynamics of a Virus in a Stage-Structured Insect Population [pp. 392-401]
	Parental Host Plant Affects Offspring Life Histories in a Seed Beetle [pp. 402-411]
	Field Tests of the Size-Fitness Hypothesis in the Egg Parasitoid Trichogramma Pretiosum [pp. 412-425]
	Direct and Indirect Effects of Prior Grazing of Goldenrod upon the Performance of a Leaf Beetle [pp. 426-436]
	Leaf Damage Decreases Pollen Production and Hinders Pollen Performance in Cucurbita Texana [pp. 437-443]
	Vector Preference and Disease Dynamics: A Study of Barley Yellow Dwarf Virus [pp. 444-457]
	Nested Species Subsets and Geographic Isolation: A Case Study [pp. 458-465]
	Canopy Structure and Photon Flux Partitioning Among Species in a Herbaceous Plant Community [pp. 466-474]
	Resource Allocation in Relation to Leaf Retention Time of the Wintergreen Rhododendron Lapponicum [pp. 475-485]
	Experimental Analysis of Intermediate Disturbance and Initial Floristic Composition: Decoupling Cause and Effect [pp. 486-492]
	Patterns of Nutrient Loss from Unpolluted, Old-Growth Temperate Forests: Evaluation of Biogeochemical Theory [pp. 493-509]
	Water Losses in the Patagonian Steppe: A Modelling Approach [pp. 510-520]
	Density-Dependent Processes in Meadow Voles: An Experimental Approach [pp. 521-532]
	Socioecology of a Terrestrial Salamander: Juveniles Enter Adult Territories During Stressful Foraging Periods [pp. 533-543]
	Are Autecologically Similar Species Also Functionally Similar? A Test in Pond Communities [pp. 544-552]
	Life History Variation and the Coexistence of a Daphnia Hybrid With Its Parental Species [pp. 553-564]
	Responses of a Key Intertidal Predator to Varying Recruitment of Its Prey [pp. 565-579]
	Ideal Free Distributions of Stream Fish: A Model and Test with Minnows, Rhinicthys Atratulus [pp. 580-592]
	An Explanation of the High Strain Diversity of a Self-Fertilizing Hermaphroditic Fish [pp. 593-605]
	Functional Organization of Stream Fish Assemblages in Relation to Hydrological Variability [pp. 606-627]
	Analysis of Short Time Series: Correcting for Autocorrelation [pp. 628-639]
	Notes and Comments
	Bootstrapping Principal Components Analysis: A Comment [pp. 640-643]
	Bootstrapping Principal Components Analysis: Reply to Mehlman Et Al. [pp. 644-645]
	Critical Values of a Statistic to Detect Competitive Displacement [pp. 646-647]
	Spotted Owl Ecology: Theory and Methodology: A Reply to Rosenberg Et Al. [pp. 648-652]
	Pollen Limitation and Population Growth in a Herbaceous Perennial Legume [pp. 652-656]
	Use of Average vs. Total Biomass in Self-Thinning Relationships [pp. 656-658]
	Retranslocation of Calcium and Magnesium at the Heartwood-Sapwood Boundary of Atlantic White Cedar [pp. 659-663]
	Fractal Patterns of Insect Movement in Microlandscape Mosaics [pp. 663-666]

	Reviews
	Review: Ice Age Insects [pp. 667-668]
	Review: Frugivory as a Foraging Strategy for Ecologists [pp. 668-669]
	Review: Fractal Geometry for Ecologists [pp. 669-670]
	Review: Interactions in Ecological Communities [p. 670]
	Review: Marine Conservation [pp. 671-672]
	Review: Paleoclimate Data-Model Comparisons [pp. 672-673]
	Books and Monographs Received Through October 1994 [pp. 673-675]

	Back Matter



