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Empirical distributions of correlations
as a tool for scale reduction

JEFFREYM. STANTON
Bowling Green State University, Bowling Green, Ohio

A Visual Basic program for generating a distribution of correlations as a tool for scale reduction is
presented; the program is available free from the author and runs on IBM-compatibiepersonal com
puters under the Windows95/98/NToperating systems. The program generates a list of item combina
tions and correlations between the unit weighted sum of the items and a criterion score. The list can
be used to locate item combinations that have high correlations with the original full-length test. An
example application is presented to illustrate the use of the program. The compiled program and its
source code can be downloaded from http://personal.bgsu.edu/-stanton/ccrunch/r_crunch.zip.

Researchers in the social sciences frequently use multi
item, summated rating scales to measure variables used
in research. Such scales have numerous advantages, includ
ing easy construction, administration, and scoring, as well
as improved reliability when compared with single-item
measures (Thomas & Petersen, 1982). Research publica
tions in fields such as organizational psychology indicate
extensive use ofmulti-item scales (e.g., Clark & Watson,
1995; Hinkin, 1995).

Much modern psychological and educational research
involves measuring multiple variables: independent,
moderating, mediating, and dependent. Surveys that in
clude measures ofall these constructs often end up much
longer than respondents will tolerate (Rogelberg, 1998;
Rogelberg & Luong, 1998), The net result is that many
researchers look for shorter scales or shorter versions of
existing measures when they assemble surveys (see, e.g.,
Robinson, Shaver, & Wrightsman, 1991).

Thus, when an existing scale that contains multiple items
has been validated, the scale developers often wish to de
velop a shortened version of the same scale that contains
only the "best" subset of the original items. Often this
task is accomplished when the items are ranked by their
corrected item-total correlations and when the topmost
members of this ranking are chosen. This approach has
intuitive appeal and will tend to heighten the coefficient
alpha of the resulting subtest (for information on alpha,
see Cronbach, 1970). Indeed, over the years, several com
puter programs and algorithms have been developed that
follow related strategies. Morris (1978) described a pro-
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gram designed to maximize alpha reliability and in
tended to maintain the validity of the measure. Mays
(1978) described a more interactive procedure for step-by
step agglomeration ofitems. Thompson (1990) developed
a program that used the reverse approach: the selective
deletion of items to maximize alpha. Flebus (1990) used
an iterative search algorithm to locate the subtest with
the maximum alpha.

Some psychometricians' advice on test reliability, how
ever, indicates that the attempt to maximize alpha relia
bility is misguided (Boyle, 1991; Cattell, 1965; Epstein,
1983). Specifically, because the items with the highest
item-total correlations often share a considerable pro
portion of variance in common, the subtest that contains
these items probably will not explain the most variance in
the original test score. Also, by maximizing reliability,
one might create a "narrower" measure with suppressed
validity coefficients. 1. B. Rotter (personal communica
tion, March 1994), commented that modest reliabilities
(ranging from .65 to .75) are particularly appropriate
when the construct being measured is broad (see also
Rotter, 1990).

A different approach to scale reduction would involve
one's choosing a complete subset of the original items
that, when scored and summated in the prescribed way,
has the highest possible correlation with the original test
score. This differs from the item-total correlation ap
proach because it deals with the items in combination
and, thus, avoids redundancy in covariance with the orig
inal test score. Such a strategy is likely to result in the
closest approximation to the original validity relationships
exhibited by the full-length scale. An example that uses
stepwise regression (see Cohen & Cohen, 1983, p. 123)
illustrates this point. Assume that a validated scale con
tains 20 items and the researcher's goal is to cut this scale
in half. By using the sum or total score ofthe 20-item scale
as the criterion, one could enter all 20 items into a step
wise regression. The procedure empirically locates the
single predictor that causes the largest R2.Next, the pro-
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cedure locates a second item that has the largest squared
semipartial correlation coefficient that causes the largest
increment in R2. This procedure continues until the 10th
predictor has been added to the mix. The resulting re
gression equation with the item data for the 10 selected
items creates a vector of predicted scale values that has
a high degree ofcovariance with the original scale's total
scores. In terms of reproducing the original scale, this
procedure selects 10 items that, when used in conjunc
tion with the empirically derived regression weights,
overlap quite well, though not necessarily optimally, with
the original 20-item scale score.

As Cohen and Cohen (1983, p. 124) suggested in their
discussion of stepwise regression, however, there are
substantial problems with this technique. First, the step
wise procedure capitalizes on chance covariation among
items. Sampling error and other sources ofrandom error
may give an advantage to one predictor over another,
even though the two are largely equivalent. Of special
concern, the stepwise procedure produces only a single
solution, whereas a variety ofother subsets ofitems might
work as well or better. Finally, for purposes of scale re
duction, the stepwise procedure is problematic because
it produces empirically derived regression weights. Since

most multi-item scales used in psychological and educa
tional research utilize a unit-weighted scoring scheme,
the set of items selected by the regression procedure may
not work as well when unit weights, rather than regression
weights,are used to score the shortened scale. Unit weights
are preferable because they tend to work better across
multiple samples (i.e., higher average R2; see Cohen &
Cohen, 1983, pp. 112-113 for a discussion), but, in any
given sample, the least-squares solution in the stepwise
procedure optimizes prediction of the criterion by calcu
lating sample-specific regression weights.

THE PROGRAM

To address some of these shortcomings, I developed
the Visual Basic computer program that iteratively ex
amines every possible unique subset of a set of items
(and uses a constant number of items for each combina
tion). For each combination of items, the program cal
culates a vector of unit-weighted subtest scores from the
original item data that have been provided by the user; it
then correlates these scores with a criterion (usually the
full-scale summated score, but any variable could be used).
The program generates ASCII text output containing the
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Figure 1. Distribution of correlations between the N = 924 6-item subscales and the original 12-item

fairness scale.



SCALE REDUCTION 405

list of correlations and the item subset that has generated
each one. The resulting file can be easily imported into
a spreadsheet or a statistical analysis program for closer
examination. By examining a histogram or frequency
distribution of the correlations, the researcher can ascer
tain the feasibility of reducing the scale to the desired
size. By sorting the correlations in order of magnitude
and by examining a few dozen of the best subtests, the
researcher can gain an understanding of which items the
best subtests have in common. Armed with this informa
tion, the researcher can make better informed decisions
about which items to include in or exclude from the short
ened scale. The user can also choose from among items
on the basis of other criteria, including subjective criteria
such as wording, reading level, and negation. Although
numerous programs have been developed that create, com
pare, or process correlation coefficients (e.g., Barker,
1990; Chambers & Grice, 1992; Williams & LeBlanc,
1995), none has performed the particular function ofthe
compilation of a distribution of correlations.

In order to utilize the program, the user has to create
an input data file that contains item-level responses to the

complete set of items and a criterion score. The data file
can either be a comma-delimited text file or a Microsoft
Access database. The program provides a user interface
that allows the user to specify the file name of the item
data, the variables containing the item data, the variable
containing the criterion score, and the desired length of
the subtest. If the original test contains I items, and the
desired subtest contains i items, then

unique combinations of items exist. For example, if the
original scale contains 12 items, and the desired new
scale is to contain 6 items, then

(1:) = 924

unique item combinations. The program runs a recursive
algorithm to generate each unique item combination, cal
culates a unit-weighted subtest, and outputs the correla
tion between this subtest and the criterion.

.. Correlation Cruncher R
Data Specifications------------------,
IC: \6RAD \soHware\R_Crunch\r_crunch.mdb

Subtest length:E
Starting Column: L
Ending Column: 112

Criterion Column: 113 .

(:. 0 verwriler Append

Output File Specifications---------------,

Ir_dala.lxl

Run completed. Correlations calculaled:
924. Maximum correlation: .974.

IAver age correlalion: .947.

Figure 2. View of main user interface screen of the computer program after the completion of an example
application.
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The following example application illustrates the use
of the program. It begins with N = 372 responses to a 12
item organizational fairness scale developed by Niehoff
and Moorman (1993). The objective was to cut the scale
in half and still retain the best subset of items. In the ex
ample, the complete set of 12 items plus a unit-weighted
scale total for the criterion score were used. The program
generated 924 correlations representing all possible
unique 6-item scales. The histogram in Figure 1 depicts
the distribution of correlations. The screen shot in Fig
ure 2 shows the main interface screen with the setup used
in the example and the summary diagnostics that were
displayed at the end of the run. Out of 924 correlations,
200 were in excess ofr = .96. Inspection of these corre
lations, with the help ofa frequency distribution, led to the
selection of six items that frequently occurred together in
various combinations. The selected combination had a
correlation of r = .972 with the full 12-item scale and
was the fourth best combination of items. The coefficient
alpha for this 6-item subtest was .85, whereas the full 12
item scale had an alpha of .90. The average correlation
between this subtest and eight related scale measures was
r = .462, which was nearly identical to the r = .465 cor
relation for the full scale.

In contrast, if item-total correlations had been used to
select the six items with the highest values, two out of the
six items in the subtest would have differed. The alpha of
this subtest would have been higher (i.e., .89). But the
average correlation with the eight related scale measures
would have been lower (r = .431). These differences are
a function of the degree of variance overlap among the
items: The two items substituted in this version over
lapped with the other items and thus provided poorer
"coverage" of the variance of the original test. Interest
ingly, the subtest's correlation ranked 421 in the empiri
cal distribution of924. The correlation with the original
12-item scale was .953.

Finally, a stepwise regression was run to determine
which items would have been selected by that procedure.
This combination had four items in common with both
of the subtests described previously and was the seventh
best correlation with the full scale (r = .971, which was
only a trivial difference from the fourth best). This find
ing confirms the notion that stepwise regression, although
an improvement on the item-total method, does not nec
essarily arrive at the optimal combination. Perhaps more
importantly, however, the regression procedure produced
only a single solution, whereas the empirical distribution
ofcorrelations generated by the present program showed
200 or more usable combinations of items. Having 200
combinations to choose from provides the scale devel
oper with options concerning the item composition of the
shortened scale. For instance, some consider it important
for a scale to contain a balance ofnegatively worded and
positively worded items. When reviewing the combina
tions of items generated by the present program, the re
searcher can choose a final combination on the basis of
such additional considerations.

In closing, it is important to note that the results pro
duced by this program are as sample bound as those from
any of the other techniques used for scale reduction; there
fore, results and item choices should be cross validated on
additional samples whenever possible. The major advan
tage of the present program, however, is the provision of
multiple options for reducing the length of a scale. When
two or more samples of data are available, the use of item
combinations that overlap across samples will provide the
best opportunity to develop an excellent, shorter measure.
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