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DESIGNING EXPERIMENTS TO MAXIMIZE THE POWER OF DETECTING CORRELATIONS
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Abstract.—Studies investigating correlations among traits are increasingly common in evolutionary biology. By pro-
viding power calculations, minimum sample sizes, and standard errors of correlation coefficients in a variety of contexts,
this note provides guidelines to insure that nonzero correlations will not be erroneously dismissed as nonsignificant
in properly designed experiements. Forty individuals is often sufficient for reasonable estimation of correlation co-
efficients, although 100 or more individuals may be nexessary if a large number of traits are involved or comparisons

are to be made among the coefficients.
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The measurement and interpretation of phenotypic and ge-
netic correlations and covariances has been gaining an in-
creasingly central role in the study of evolutionary processes.
The study of developmental and functional integration among
traits (Cheverud 1982), the association between fitness and
phenotype (Lande and Arnold 1983), the functional analysis
of behavior and performance (Arnold 1983), and the dis-
crimination and systematic relationships between populations
(Garland et al. 1993; Martins and Garland 1991) all rely to
some extent on the analysis of patterns of correlations among
traits. These correlations can be very large (> 0.9), for ex-
ample when functionally related morphological traits are
studied, but typically would be expected to be much smaller
than this, encompassing the entire spectrum of possible as-
sociations between traits. The purpose of this note is to de-
termine how large experiments need to be so that these cor-
relations can be determined accurately and so that potentially
meaningful correlations will not be overlooked because of a
lack of statistical power.

Rice (1989) has emphasized that when large numbers of
correlations are tested simultaneously, there is a likelihood
that a number of the correlations will be classified as sig-
nificant by chance, even if the correlations do not in fact
differ from zero. To protect against this possibility, the ac-
ceptance criterion or critical P-value for each test can be
lowered so that the overall experimentwise error is controlled
at a defined level (usually 0.05). The dilemma caused by this
approach is that setting stringent significance levels makes
it more difficult to detect smaller, but nonzero correlations.
Thus, while protecting against falsely proclaiming a corre-
lation to be significant (a Type I error), one may be over-
looking many real and meaningful correlations (a Type II
error). The way around this dilemma is to design experiments
that are large enough so that they have sufficient power to
detect significant correlations even in the face of the multiple
comparisons problem.

Power Calculations

Power is the probability of not making a Type II error;
that is, the probability that an experiment will detect a cor-
relation as significant when the correlation does in fact exist.

Power depends on three factors: the size of the effect to be
detected, the size of the experiment conducted, and the Type
I error rate, or a-level (Cohen 1992). The a-level is usually
initially set at 0.05, but must be adjusted downward when
many comparisons are made. This downward adjustment of
o will always reduce power, and, for any given level of cor-
relation, this reduction can only be countered by increasing
the size of the experiment.

The z-transformation, usually used as an approximation
for the standard errors on correlation coefficients, is not very
useful for power calculations because this transformation is
not very accurate for small sample sizes and often does not
adequately reflect the asymmetrical shape of the correlation
coefficient distribution. A method of calculating power us-
ing the exact distribution (Fisher 1915; Hotelling 1953) is
presented in the Appendix. Briefly, the critical value for the
correlation coefficient for a given sample size and a-level
is calculated. Then the probability of obtaining a correlation
coefficient greater than this in a sample of size n and a
“true’” underlying correlation coefficient of p is calculated
by integrating the correlation coefficient distribution from
the critical value to a value of one. In what follows, only
the absolute value of the coefficient will be presented, as
the power is the same whether the actual coefficient is pos-
itive or negative.

A number of studies have presented tables of significance
levels and confidence regions on correlation coefficients
(Odeh 1982; Paul 1988; Subrahmaniam and Subrahmaniam
1983; Jeyaratnam 1992), but it is difficult to design experi-
ments based on the results of these tables (but see Cohen
1988). A common approach is to look at a table of critical
values of the correlation coefficient (e.g., Rohlf and Sokal
1981), and then find the sample size that would give a sig-
nificant result for a given correlation coefficient. In practice,
however, if this were the actual parametric value of the cor-
relation coefficient, then we would expect roughly half of the
estimates at this sample size to be nonsignificant, thereby
yield a power of approximately 0.5. A more robust approach
is to actually calculate the power curves and then design the
experiment based upon this information.
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Fic. 1. Effect of the magnitude of the correlation coefficient and

sample size on power. Each line gives the power of detecting a
given correlation coefficient for an experiment with sample size, n.
Lines represent successive doublings of sample size. The x-axis is
the “‘true’’ correlation in the population, and the y-axis is the prob-
ability of detecting this correlation with a given sample. Curves for
positive and negative correlations of the same magnitude are iden-
tical. See the Appendix for details on the calculations.

RESULTS AND DisSCUSSION

Power for Single Correlations—Both sample size and the
magnitude of the correlation coefficient to be detected have a
large influence on power (Fig. 1). Experiments involving 10 or
fewer individuals are unlikely to detect any significant corre-
lations. Experiments intended to detect moderate to large cor-
relations should probably involve at least 40 individuals, where-
as accurate detection of smaller coefficients will require samples
of perhaps several hundred individuals. Much like the setting
of an a-level, an acceptable level of power is something of a
subjective decision. Certainly, one would not like to conduct
an experiment that has little hope of producing interpretable
results. The standard used here is to take a power value of 0.9
as a design cutoff, although others (Cohen 1992) have rec-
ommended 0.8. Because of the shape of the power curves (Fig.
1), choice of the cutoff actually has a small effect on sample
size in this region of power. Choosing a smaller value for power
will result in smaller experiments, but also increases the prob-
ability of a Type II error. A power of 0.9 means that if one
were to conduct the same experiment 10 times, then one would
expect to obtain a significant result for a given correlation co-
efficient nine of those times.

Power for Multiple Correlations.—When large sets of traits
are analyzed simultaneously then the a-level must be adjusted
for multiple comparisons. Using the traditional Bonferroni
method, all of the significant correlations must have P-values
that exceed 2a/k(k — 1), where k is the number of traits.
However, in the sequential Bonferroni method at least one
of the correlation P-values must exceed this value, with sub-
sequent coefficients being tested against sequentially larger
a-levels (Holm, 1979; Rice, 1989). It may appear at first that
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Fic. 2. Sample sizes required to detect correlations of a given
size. Lines are isoclines of equal power = 0.9 for experiments
involving multiple traits (k), with significance levels adjusted by
the Bonferroni method (initial & = 0.05). Increasingly larger sam-
ples are necessary to detect smaller correlations and/or correlations

from experiments involving large numbers of traits. Note the log-
arithmic scale.

the Bonferroni adjustment is too harsh in the case of cor-
relations, since the errors associated with correlations are
likely to be correlated if the traits themselves are correlated.
However, the experimentwise error that the Bonferroni meth-
od controls is based on the null hypothesis of no correlation
among any of the traits (i.e., the probability that any one of
the correlations that we observe would be significant by
chance alone). The Bonferroni method therefore actually pro-
vides the exact correction necessary in this case (simulation
results not shown). It may be that if some subset of corre-
lations is initially found to be significant, then even the se-
quential Bonferroni method will be excessively conservative
for subsequent tests. This depends on the actual (parametric)
values of the underlying correlations, however. Since mea-
suring these correlations is the point of the experiment in the
first place, biologists are unlikely to want to build these as-
sumptions into their tests, and instead are more apt to test
against the assumption of no correlation structure. More work
on this is necessary, but for now it appears that the sequential
Bonferroni method is the best multiple comparison correction
available for tables of correlations (Rice 1989). From the
standpoint of power, the implication of the multiple com-
parison problem is, then, that experiments involving large
numbers of traits will have lower power than a simple two-
trait correlation because of the more stringent significance test.

As shown in Figure 2, testing many traits simultaneously
means that many more individuals will need to be sampled
to achieve the same level of power. For example, it takes 61
individuals to estimate a correlation of 0.4 with 90% power
if only two traits are tested, but 111 individuals if eight traits
are tested and 152 individuals if 32 traits are tested. Although
the required sample size can increase dramatically, the effect
becomes somewhat attenuated as more and more traits are
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added. The sample size required beyond the two-trait case
increases roughly as the quartic root of the number of traits.
It should be noted that Figure 2 shows only the minimum
correlation to be detected. Using the simple Bonferroni meth-
od, the given sample sizes will give the correct power for all
correlations in a matrix, but this size will be correct for only
the largest correlation if the sequential Bonferroni method is
used. In the latter method, subsequent correlations would be
tested at slightly higher powers. In practice, the gain will
probably not be very large as the function 2a/k(k — 1) is
fairly flat when k is larger than five or six. Nevertheless,
experiments involving 100 individuals should be of sufficient
size to detect moderate to large correlations even if the num-
ber of traits being studied is large (Fig. 2). Several hundred
or a thousand individuals are needed to adequately test small
correlations on the order of 0.25 or less.

Comparisons of Correlations.—Comparisons of correlation
coefficients from two or more populations require even more
individuals, because in this case two random variables are
being compared (the coefficients) rather than a single random
variable being tested against a fixed value (zero). In this case,
it may be easier to examine the expected confidence intervals
on the range of correlation coefficients to be compared. Fig-
ure 3 presents confidence intervals for correlation coefficients
calculated from the distribution given in the Appendix. These
graphs can be read in two ways. Given a parametric coeffi-
cient, the expected range of observed coefficients can be
found by moving across the graph horizontally to the point
at which the parametric value intersects the curves for the
sample size of interest. After the experiment is conducted,
however, the confidence interval of the observed coefficient
can be found by moving up and down on the graph vertically
in an analogous fashion. It is impossible to make a general
statement about the size of an experiment necessary to com-
pare two corfelations because, unlike something like a #-test,
the comparison depends on the actual values being compared
rather than just difference between the values. (For example,
a case of no difference because the correlations were both
0.9 has different sampling characteristics than a case of no
difference because the correlations were both 0.2.) As the
sample size becomes larger, however, this discrepancy be-
come less prominent. In general, a small sample on the order
of 40 individuals will only be able to distinguish between
correlations that differ by about 0.7, while 100 or more in-
dividuals will be necessary to detect differences between cor-
relations on the order of 0.3 (Fig. 3). An easy way to figure
this is to find the upper confidence interval for the smallest
correlation that you are interested in (or zero if you want to
be the most conservative), and then move directly up from
there to find the lower confidence interval for the difference
that you would like to be able to detect.

Nonzero Correlations.—When a large number of traits is
being studied, it is likely that no single correlation is of
particular interest, but instead it is the overall pattern of cor-
relation that is important. For example, Cheverud et al. (1989)
have detailed an approach in which correlations among traits
are compared against functional hypotheses represented by
pattern matrices. A similar approach was used by Kingsolver
and Wiernasz (1987) to compare correlations among butterfly
wing characters and a functional map relating melanin pattern
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Fig. 3. Confidence intervals on correlation coefficients. The
graphs give the 95% and 99% confidence intervals for correlation
coefficients drawn from normally distributed populations of dif-
ferent sample sizes. Each curve corresponds to either the upper or
lower confidence interval for a given sample size, which increase
following the doubling pattern n = 5, 10, 20, 40, 80, 160, 320, 640
(labels for the higher numbers are not shown for the sake of clarity).
The graph can be read in two ways. First, for a given parametric
correlation coefficient, p, the graph can be followed horizontally
from that point on the y-axis across to where a horizontal line would
intersect the lower and upper confidence intervals for that value
and sample size. This provides the region in which 95% or 99% of
the actual observations would be expected to fall. Second, for a
given observed correlation coefficient, r, the graph can be read
vertically from that point on the x-axis to where a vertical line
would intersect the lower and upper confidence intervals for that
value and sample size. This provides the interval in which the
parametric value would be expected to fall 95% or 99% of the time.

to body temperature (Kingsolver 1987). In these cases, get-
ting the sign of the correlation right might be as important
as its absolute magnitude. The probability of correctly esti-
mating the sign of a correlation is given in Figure 4 (see the
Appendix for the methodology). These results support the
notion that it is indeed easier to get the sign of the correlation
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FiG. 4. Probability that the sample correlation coefficient (r) has
the correct size given a particular parametric correlation coefficient.
Lines give this probability for samples of size n.

correct than to tell whether the correlation is significant.
However, a number of individuals must still be sampled (say,
> 40) for reasonable performance on most correlations. In
addition, if the pattern of a large correlation matrix is to be
tested, then the fact that each individual correlation could
have the wrong sign becomes important. In the worst case,
if v is the probability of obtaining a correct sign on the
correlation, and there are m entries in the correlation matrix,
then (1 — y™) is the probability of making an error somewhere
in the matrix if all entries are treated as independent. This
number approaches one rapidly as m increases unless 7y is
also close to one. Therefore, as was the case for the influence
of multiple comparisons on significance, more individuals
will need to be sampled for the pattern of correlation signs
to be correct in large matrices.

In the end, the analysis and comparison of patterns of
correlation are probably best studied by composite methods
that extract patterning information directly from the corre-
lation matrix (e.g., Zelditch 1987; Flurry 1988; Phillips and
Arnold, unpubl.). The power of these composite methods
remains to be seen, and may be higher or lower depending
on the underlying pattern of the correlations. However, any
method of correlational analysis depends on accurate cor-
relation estimates, and the results presented here should help
serve as a general guide.

Types of Correlations.—The results presented above are
applicable to any dataset in which the observations to be
correlated are taken on every individual. These would include
phenotypic correlations and some forms of genetic correla-
tions, such as those based on family means. These results
cannot be used for more general quantitative genetic ap-
proaches, as correlations in this context are based on esti-
mating covariance components derived from the relationships
among relatives (Falconer and Mackay 1996). Sample sizes
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required for equivalent power in quantitative genetic exper-
iments are likely to be substantially larger, and here power
relies on a balance between the number of families and the
total number of individuals (Klein 1974).

CONCLUSIONS

If only large correlations are of concern, then a few tens
of individuals should provide sufficient power, whereas 100
or so individuals will be adequate for most uses in evolu-
tionary studies (Fig. 2). Studies concentrating on small cor-
relations, however, will require several hundred individuals
to have sufficient power to make conducting the experiment
worthwhile. This is especially problematic if large numbers
of traits are studied simultaneously (Fig. 2). If it is important
that only the sign of the correlation be correct then far smaller
samples are necessary, with a few dozen individuals being
sufficient in many cases (Fig. 4). Accurate comparisons be-
tween correlations are very difficult to achieve, and certainly
several hundred individuals will be required if reasonable
comparisons are to be made (Fig. 3). In general, then, con-
ducting studies looking at patterns of correlation are not triv-
ial undertakings if performed correctly. The consequence of
not designing experiments with sufficient power, however, is
that one can be left at the end of a project not really knowing
its outcome, one way or another.
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APPENDIX

The density function of the correlation coefficient used in this
analysis is based on the hypergeometric function expression of Ho-
telling (1953), and is given by

_ (n — 2)dr
C(n— DV2BA/2, n — 112)

2y12(n-1)

de PT-p

11
o3+
2t apdten
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X (1 — r)2e=9(q — pr)3/2’"F
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where ¢ is the density function, » is the sample size, p is the
parametric value of the correlation coefficient, r is the estimate of
the correlation coefficient, B() is the beta function, and F() is the
hypergeometric function (Stuart and Ord 1987, eq. 16.66). Power
was calculated as the integral of this density with limits of inte-
gration from the value of r yielding the appropriate a/2 (two-tailed
test) on the distribution with p = 0 to positive infinity. Numerical
solutions to the hypergeometric function tended to become unstable
as n became large, so F() was assumed to be 1.0 when n > 40, as
is the asymptotic result.

The test of coefficient sign (Fig. 4) was performed using the

relationship,
( 1) 2 172
PUEWZPP”E_F__%l}
1-p

where t,_, is a t-value for the given o (Stuart and Ord 1987, eq.
16.68). All calculations were performed using Mathematica (Wolf-
ram 1996).
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THE GENETIC STRUCTURE OF A GYNODIOECIOUS PLANT: NUCLEAR AND CYTOPLASMIC
GENES
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Abstract.—Sex expression in gynodioecious plants is often determined by an interaction between biparentally and
maternally inherited genes. Their relative rates of gene flow should be considered when modeling the evolution of
the sex ratio in structured populations. In order to understand patterns of gene flow in Silene vulgaris, a gynodioecious
plant, genetic structure was estimated from biparentally inherited genetic markers (allozymes) and a maternally
inherited marker (chloroplast DNA) using Wright’s F,. Based on data from 16 local populations, chloroplast DNA
showed considerably more genetic structure than did allozymes (Fy, values of 0.62 and 0.22, respectively). This
suggests that the rate of gene flow is about three times greater for nuclear genes.

Key words.—cpDNA, gene flow, gynodioecy, population structure, Silene.
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Gynodioecious species are those in which individuals can
be classified as being either hermaphroditic or functionally
female. In gynodioecious plants, sex expression is usually a
cytonuclear phenomenon (Saumitou-Laprade et al. 1994).
That is, factors in the cytoplasm are capable of conferring
cytoplasmic male sterility (CMS) unless the phenotypic ef-
fects of these factors are masked by restorer alleles, which
are associated with one or more nuclear loci. Thus, sex ex-

pression could be considered a multilocus phenomenon with
strong epistatic interactions between loci. If the sex ratio of
a gynodioecious population is defined by the relative pro-
portions of female and hermaphroditic individuals, then it
should be a function of the allele frequencies at the loci that
determine sex expression.

Studies of natural populations of gynodioecious species
have revealed that both CMS and restorer loci often display





