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Correcting "Planning an Experiment in the Com-
pany of Measurement Error"
Joel R. Levin and Michael J. Subkoviak

University of Wisconsin

Comments on our earlier article are acknowl-
edged and appreciated. In addition, potentially mis-
leading notions arising from these comments are
addressed and clarified.

Forsyth’s (1978) comments serve to clarify sev-
eral specifics of our 1977 article concerning the
effect of measurement error on a researcher’s
choice of an analysis-of-variance design strategy.
Among the most important is our hypothetical
example in which an attenuated correlation (be-
tween the blocking variable, X, and the de-
pendent variable, Y) should have been applied
to the randomized block design for Situations 2
to 4 but was not. For this discovery by Forsyth
we are grateful, since the recomputed values in
his Table 1 are clearly different from ours. As
will be shown, however, he appears to have over-
stated his case with respect to conclusions that
may legitimately be drawn from that particular
example.
At the same time, we find that we had over-

stated (even misstated) our case also, and for this
we apologize. It is true that if an investigator
chooses to think of standardized mean dif-
ferences in terms of observed scores and their as-
sociated variability (oY), he/she is certainly en-
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titled to do so. (In such instances, the regular
textbook version of our sample-size/power
formula, Levin, 1975, will be appropriate.’ In
switching from a completely randomized design
to a randomized block design, a researcher need
only include the factor Ý 1 -eh in the denomi-
nator of 4~o and proceed with appropriately
modified degrees of freedom.)

There are those, however, who may prefer to
approach the sample-size determination prob-
lem in terms of true scores and their associated

variability (a’Ty). In this regard, we were some-
what surprised that Forsyth (1978) did not see fit
to track down-or, at least, to cite-the prior
literature on the same topic (e.g., Cleary & Linn,
1969; Cleary, Linn, & Walster, 1970; Sutcliffe,
1958). Had he sought out these references which
were included in our article, he would have dis-
covered that we started with the well-known

relationship between test reliability and statis-
tical power in the completely randomized design
and simply generalized these notions to a block-
ing design.’ Since in the past these authors and
others have viewed the topic as a relevant one,

’We are grateful to Andrew C. Porter for some previous ex-
changes we have had on this issue.
2In defense of our Equations 8 and 9, for which Forsyth pro-
vides algebraic equivalents, it should be noted that these

were intentionally derived to be consistent with previous for-
mulas which include explicit reliability information (e.g.,
Cleary et al., 1970).
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our starting assumption of a researcher wishing
to consider true-score differences would seem to
command at least some modest amount of atten-
tion from behavioral researchers, statisticians,
and psychometricians.
Should a researcher even choose to think in

terms of observed-score differences, however,
Forsyth’s (1978) concluding remarks are apt to
leave the mistaken impression that reliability is
a matter of no consequence in statistical hy-
pothesis testing.3 In fact, because our Equations
8 and 9 do include explicit reliability in-

formation, they serve well to illustrate the point
that reliability does make a difference. Specifi-
cally, a decrease in test reliability must be com-
pensated for by an increase in sample size in
order to maintain equivalent statistical power.
Moreover, and despite what some of Forsyth’s
remarks would have one believe, it is the case
that the advantage of a randomized block design
relative to a completely randomized design must
decrease as reliability decreases. These points
will be illustrated in the following discussion.
A re-analysis of our original example reveals

the consequences of adding measurement error
to initially errorless dependent and blocking
variables. It should be emphasized that the ar-
guments made here follow directly from the as-
sociated mathematical formulas and are not

unique to the particular example we have de-
vised. In the original Situation 1, both the block-
ing variable and the dependent variable were
measured without error, i.e., qxx’ = prr’ = 1.00;
and the correlation between the two in this
idealized situation was given by pTX TY =.50.

If a researcher sets a = .05 and desires power
of 1- (3 = .80 to detect a difference between K=2
means of at least 4~0 = 1.0 true-score standard
deviation unit, then a total of 17 subjects per
treatment group would be required under a

completely randomized design arrangement. On
the other hand, were a randomized block design
adopted instead, the effective standardized true-
score difference increases to

, which requires only 14
subjects per treatment group to maintain

equivalent power. Thus, the advantage of the
randomized block (RB) design over the com-
pletely randomized (CR) design is realized in the
savings of K(CR-RB) = 2(17-14) = 6 subjects in
this situation.
That Forsyth’s (1978) statement, &dquo;... it is not

necessary to consider the reliabilities of the X

and Y measures when comparing the relative
merits of the (two designs),&dquo; is misleading is

demonstrated via the original Situation 4. In this
situation, measurement error has been added to
both X and Y variables such that Qxx, = e~’ =

.80. Accordingly, the correlation between X and
Y is attenuated as follows:

. In the completely
~.A ~ .. - -

randomized design, our Equation 8 indicates
that the measurement error associated with Y
shrinks the standardized mean difference of in-
terest from 4~0 = 1.0 to 4~0 = p,-,.~ = ý:8IT
(1.0) = .894, thereby increasing the required
number of subjects per treatment group from 17
to 21.

Similarly, if the attenuated qxy is inserted into
our Equation 9 (as it should have been in the

original article), the standardized mean dif-

ference of the randomized block design drops
from 4~*0 =1.155 to

The required number of subjects per treatment
group is found to increase from 14 to 19. As a re-

sult, the total subject savings is 4 in Situation 4,
as compared with 6 in Situation 1.
The discussion of Situations 1 and 4 ade-

quately illustrates the two points made earlier:
(1) a decrease in reliability (from 1.00 to .80)
must be compensated for by an increase in sam-
ple size (from 17 to 21 for CR and from 14 to 19
for RB) in order to maintain equivalent statis-

3Throughout this article, as well as throughout our earlier
one, it is implicit that when we speak of changes in reliability
we are focusing on changes in measurement error variance
(&sigma;E) rather than on changes in true score variance (&sigma;T) (for
discussion of this important distinction, see Nicewander &

Price, 1978).
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tical power; and (2) the advantage of a ran-
domized block design, relative to a completely
randomized design, decreases as reliability de-
creases (from 6 to 4 total subject savings). In
short, reliability does make a difference.
Two other points need to be made with regard

to this example. First, it is easily shown that the
subject savings advantage of RB and CR
diminishes even more if lower values of eXX· and

Qyy, are selected. This implies that there do in-
deed exist situations in which test reliabilities
are low enough so that (given other cost con-
siderations) a researcher would be advised to
adopt a completely randomized design, even
though a randomized block design would prove
considerably more efficient in a situation with
no measurement error. This point was made in
our original article. Second, from our previous
Equations 10 and 11 and example, it may be
noted that in a randomized block design unre-
liability of the dependent variable has greater
sample-size compensation consequences than
does unreliability of the blocking variable-as-
suming all else is held constant. In the present
example, 18 vs. 15 subjects per randomized-
block treatment group are required for Situa-
tions 2 (pyy’ = .80) and 3 (eXX’ _ .80), respective-
ly, assuming that the shrunken QXY is used in the
formulas (4~* = 1.0 and 1.118, respectively).

In summary, we attempted to show in our
original article that

1. Errors of measurement affect (specifically,
reduce) the power of the statistical test of
the hypothesis,
Ho: ~1= ~,tZ = ... = JAK-

2. Because of this, if a researcher wishes to
achieve the same statistical power in the

presence of measurement error as would
have been achieved in its absence, he/she
will have to consider some changes.

3. Increasing the measuring instrument’s

reliability (e.g., by taking more measure-
ments per subject) or increasing the number
of independent sampling units (e.g., by tak-

ing more subjects per measurement), or

both, are possible options.
4. Should the researcher decide on the second

option and thereby increase sample size, it

is of some interest to know how many addi-
tional subjects he/she would require in
order to have power comparable to that in
either the error-free situation or in other er-
ror-full situations which rely on alternative,
typically more powerful, experimental de-
signs (e.g., a randomized block rather than
a completely randomized design).

5. Each such situation presents the researcher
with a unique rational decision-making
process, inasmuch as it is possible to deter-
mine the amount of power and/or sample
size associated with a particular design
given a priori specifications of the number
of treatment groups, Type I error probabili-
ty, magnitude of experimental effects ex-

pressed in true score units, instrument relia-
bility, and the correlation between blocking
and dependent variables. Because of the
vast number of ways in which these specifi-
cations can vary, an experimental design
that is found to be optimal in one situation
may not be in another.

Having given the above summary of intent, we
stand behind all of the formulas derived in the

original article. We regret having made &dquo;trans-
lation&dquo; errors in applying the formulas to our
example and appreciate Forsyth’s (1978) point-
ing these out. At the same time, it would indeed
be unfortunate if the general basis of our mes-
sage were to become lost in Forsyth’s specifics.
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