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Further Comments on Reliability
and Power of Significance Tests
Lloyd G. Humphreys
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The controversy about the relationship between
reliability and the power of significance tests exists
because statisticians obtain numerical solutions by
varying independently the parameters of the power
of statistical tests. In contrast, researchers have

empirical limitations placed on them in varying the
same parameters. Reliability and power can legiti-
mately be decoupled by selection of the population
from which to sample (Zimmerman & Williams,
1986), but this is an undependable way to increase
power (Humphreys, 1991). Reducing population var-
iance by selection of the sample can be considered
a special case of (and a crude approximation to)
the analysis of covariance, which is also a more
effective way of controlling individual differences in
true scores than the use of difference scores. Both
the regressed differences and the raw differences are
less reliable within treatments than their components,
but can have more power in statistical tests. As the

reliability of derived scores increases, however, power
increases. Index terms: difference scores, error of
measurement, planning experiments, power, reliability,
significance tests, t tests, true scores.

The controversy over the reliability and power
issue is not a matter of principle. Instead, it

represents different points of view toward

statistics-as a branch of mathematics or as a

research tool having empirical referents. Consider
the following quotation from Zimmerman,
Williams, & Zumbo (1993): &dquo;... a significance test
’sees’ only the variability of measures, however
it arises&dquo; (p. 5). The statement is true, but

researchers cannot afford to be blind to the

determinants of their numbers.
Zimmerman et al. (1993) illustrated the effects

of varying a particular parameter of a formula
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without reference to the empirical implications
of that variation. This approach may convey a
mathematical understanding of a parameter’s
function, but it is confusing to persons design-
ing, conducting, or interpreting an experiment.

Zimmerman et al. asked &dquo;Everything else be-
ing equal, how does power change as reliability
changes?&dquo; (p. 1). &dquo;Everything else&dquo; did not
include the choice of dependent variable mea-
sure, which was selected by the experimenter from
possibilities that included derived scores such as
the raw score difference between pre- and post-
measures. When the specific dependent measure
is included along with the parameters fixed by
Zimmerman et al.-sample size, significance
level, directionality, and the alternative hypoth-
esis-reliability cannot change. If reliability
changes, the variance of the observed scores will
necessarily change. Zimmerman et al. implicitly
assumed that the dependent measure is not held
constant. In this way reliability and observed var-
iance can be decoupled.

Observed Variance and Reliability

Zimmerman et al. posited that &dquo;... power al-
ways increases when population variance

decreases, independently of reliability&dquo; (p. 1).
The last three words can be deleted from the
above statement as it applies to classical (inter-
val) scales of measurement merely by fixing the
measure of the dependent variable. To apply it
to psychometric tests, however, requires more
than deleting three words. Reducing measurement
error in a test, perhaps by rewriting a subset of
inadequate multiple-choice alternatives, increases
observed variance. True score variance increases
more rapidly than the observed variance, so that

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



12

reliability and power both increase. The conven-
tion that assumes interval scales of classical mea-
surement theory is widely used, so the authors
can be forgiven for their avoidance of test the-
ory. However, researchers must be aware of
fundamental differences.

Some stipulations. The observed score vari-
ance of any measure is required for the estimate
of the population variance, which is required in
turn for the standard error of a mean. From this,
t tests, effect sizes, and estimates of power can
be calculated. In this sense, the observed variance

is primary, but in this sense only. Also, neither
reliability nor observed variance is the primary
basis for the selection of the measure of the de-

pendent variable. The primary consideration is
the relevance to or validity for the assessment of
the treatment effect. An interpretation of Hum-
phreys & Drasgow (1989) that, of two different
measures of the dependent variable such as reac-
tion time and errors, the more reliable one will

always have more power is clearly fallacious.
It hardly seems necessary to stipulate that the

Humphreys & Drasgow (1989) conception of the
reliability of the marginal distribution of the de-
pendent measure does not estimate the within-
group reliabilities, nor do the latter estimate the
former. If there is a sufficient range of item

difficulties in a test of mechanical comprehen-
sion so that both genders can be measured ade-
quately, reliabilities within-gender will be smaller
than the reliability in the total sample. The gender
difference in means is not measurement error var-

iance, and it affects the size of correlations with
other measures in the same population.

There is no difference in principle when two
or more groups are defined by experimental treat-
ment differences. The only issue is whether the
Humphreys & Drasgow (1989) conception is use-
ful in planning or interpreting an experiment. It
allows experimenters to estimate the true score
correlation between the experimental treatment
and its effect on a particular dependent measure.
It also allows the same estimates for covariates.

Reliability theory becomes consistent. Paradox-
es are not needed, but it is unconventional.

The misleading Table 1. The decoupling of
reliability and observed variance just described
occurs in Table 1 in Zimmerman et al. There are

no possible operations that can produce the num-
bers in that table-if it is assumed that there is

only one dependent measure represented. The
authors held r,, constant at .60, and the differ-
ence between means to 1.0. Assuming that

Columns 1 and 2 represent the same measure with
different levels of error variance, r,, becomes .80
in Column 2, and power in that column is un-
derestimated. With respect to Column 3, the
number of parallel measures of a dependent vari-
able can be increased and the variance of true

scores in the sum will be increased. To retain the
metric in which the variance of true scores in

Column 2 was measured, the mean of the n
parallel measures is required. In the latter met-
ric, the variance of true scores remains constant
for a particular dependent measure and error var-
iance decreases. Without obtaining the mean
score, the difference in means of one unit can-

not hold.
Zimmerman et al.’s Table 1 illustrates that

freedom to put numbers that have no empirical
reference to a specific dependent measure in a
formula allows the demonstration of the indepen-
dence of reliability and power. Their table does
not, however, provide assistance to investigators
who are concerned about power in a particular
experiment.

Table 2. Zimmerman et al.’s Table 2 displays
useful ranges of values comparing the power of
a difference score with the power of the post-
measure as a function of the pre-post correlation.

Humphreys & Drasgow (1989) called attention to
the same principle, but did not discuss it in de-
tail. A difference score controls individual differ-

ences in true scores more effectively than the sole
use of the post-measure does down to an rXY of

approximately .50. When raw score variances of
pre- and post-measures differ, the value of .50
can be larger or smaller, depending on the rela-
tive sizes of the two variances.

That a difference score can be more powerful
than the post-measure alone under appropriate
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circumstances is widely accepted, including the
reduction in reliability of the difference score
within groups. To reduce measurement error
in pre- and post-measures, it is useful to remem-
ber that the headings of the columns in Table 2
are not fixed. When a difference score in its

present form cannot provide adequate control of
differences in true scores, it may be feasible to
increase r,, by reducing measurement error in
both X and Y.

The use of sample statistics in the preceding
paragraphs is justified because the principles
hold in every sample. If estimation of the popu-
lation value for a given statistic is not required,
it would be better to write formulas in sample
notation. It is easy to forget that there are as
many estimates of a population parameter for a
given measure as there are reliabilities of that
measure.

Table 3. Zimmerman et al.’s Table 3 is in-

teresting with respect to the importance of fix-
ing the measure of the dependent variable. The
columns headed r Xy do not fix the dependent
measure, but the columns headed r(Tx,Ty) do.
Within the last four columns [headed r(Tx,T,))],
the reliability of the raw difference increases as
error variance in X and Y decreases. For the first
three columns of true score correlations between
X and Y, the difference score is not more power-
ful than the post-measure score until the reliabil-
ities of X and Y reach .90 in the third column.
That is, a true score correlation of .60 is attenu-
ated by measurement error to levels that contrain-
dicate the use of the difference score to control

individual differences. In turn, this indicates the

importance to an investigator of knowing the
reliability of the score selected for possible use
as a dependent measure.

Table 4. I was unable to reproduce the values
in the body of Zimmerman et al.’s Table 4 from
the discussion and formulas presented in the text,
but the direction of change is correct. Power in-
creases as reliability increases. Researchers are
always well advised to look beneath the numbers
for their determinants. Table 4 includes system-

atically arranged examples of the operation of

the principle emphasized by Humphreys &

Drasgow (1989).

Control of Individual Differences

Raw difference scores. When people are

assigned at random to treatment groups, a differ-
ence between pre- and post-measures should not
be used to increase power. Such use can, under

appropriate circumstances, increase power, but a
more effective derived score-a regressed dif-
ference score-is available. In the absence of ran-
dom assignment, the decision is more complex
(Wainer, 1991).

Furthermore, no derived score will allow com-
plete control over individual differences in true
scores when a treatment intervenes between the

pre- and post-measures. Humans are dynamic
organisms. Some change in true scores is inevita-
ble between a measure obtained before the treat-
ment and one obtained later.

Samples with low variability. Zimmerman et

al. correctly pointed out that sampling from a
population having a restricted range of talent
with respect to the dependent measure can
increase power and will decrease reliability. As
mentioned earlier, this is the only way in which
true score variance can be increased or decreased
once the dependent measure has been fixed. The
statement about range of talent and power in

Humphreys & Drasgow (1989) was corrected and
amplified (see Humphreys, 1991). Power is indeed
increased when the treatment is under experi-
mental control and when the treatment does not
interact with individual differences on the depen-
dent measure. That is, the difference between
means is constant at every level of score on the

dependent measure.
Differences between obtained and estimated

scores. These difference scores might also be
called regressed difference scores and are the basic
elements in the analysis of covariance. Individ-
ual differences are controlled in experiments by
subtracting the post-measure estimated from the
pre-measure from the observed post-measure.
Covariance analysis also adjusts differences be-
tween treatment groups, to the extent permitted
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by the reliability and validity of the pre-measure,
which inevitably arise from random assignment.

Searching for a homogeneous population
from which to sample can be considered a special
case of, and a crude approximation to, the

analysis of covariance. For the control of in-
dividual differences in a true experiment, which
by definition requires random assignment to
treatments, the analysis of covariance is the

method of choice. Compared to raw differences,
the regressed difference is scale free and con-

sistently more reliable in the same set of data.
Some degree of control is exercised down to a
small positive correlation between pre- and post-
measures. The correlation need be only large
enough to compensate for the loss of one degree
of freedom for each covariate.

The obvious advantage of covariance analy-
sis over searching for a population with a re-
stricted range of talent is that it can be applied
to samples from any population. Researchers
claiming generality for a principle derived from
research using a wide range of talent are on
firmer ground. Covariance analysis allows a test
of the hypothesis that effect size does not vary
with level of talent, and its potential effective con-
trol of individual differences does indeed increase

power. Researchers, however, should pay as much
attention to the reliabilities of the covariate and
the dependent measure in covariance analysis as
Humphreys & Drasgow (1989) described for the
raw difference. The reliability of a regressed

difference in the marginal distribution of these
scores in an experiment involving two or more
groups can also be conceptualized in the manner
they suggested for the raw difference.
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