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A REPEATED-MEASURES PERMUTATION PROCEDURE FOR

*

ANALYZING SEMANTIC DIFFERENTIAL DATA

Summary. —Data from the semantic differential
are often analyzed with a repeated-measures
analysis of variance. The problem of an
appropriate distance function is addressed and a
permutation multivariate repeated-measures
analysis of variance is introduced which preserves
the Euclidean data space mandated by the semantic

differential.



A REPEATED-MEASURES PERMUTATION PROCEDURE FOR

ANALYZING SEMANTIC DIFFERENTIAL DATA

Since its introduction in 1952 (Osgood, 1952; Osgood &
Suci, 1952) and extensive elaboration in 1957 (Osgood, Suci,
& Tannenbaum, 1957), the semantic differential technique for
investigating connotative and metaphorical meanings has
played an important role in psychological research (Heise,
1969; Finstuen, 1977). Over the past four decades the
semantic differential has been applied in many other areas
of research including education, marketing, communication
research, and cross-cultural studies. It is rarely
mentioned in recent discussions of the semantic differential
that the method radically departs from the original
formulation as proposed by Osgood, et al. (1957). The
purpose of this report is to propose an alternative method
of analysis for the semantic differential which conforms to
the procedure initially advanced by Osgood, et al. (1957).

The semantic differential is based on subjects' ratings
of a number of concepts (e.g., Mother, Fate, Success) on a
set of bipolar adjective scales (e.g., severe-lenient,
active-passive, rational-intuitive). Osgood, et al. (1957)
factor analyzed the scales into the three well-known
dimensions of Evaluation, Potency, and Activity. These
three dimensions are the ones usually employed in semantic

differential research and have been replicated and



corroborated in many different studies and populations. The
ratidnale underlying the application of the semantic
differential to an affective domain requires that the
semantic space be conceived of as a Euclidean region of
unknown dimensionality as defined by the set of bipolar
adjective scales (Osgood, et al., 1957, p. 25). Because it
is possible to ascertain subject differences only with
respect to specified dimensions (Cronbach & Gleser, 1953),
the degree of difference among subjects' score sets is
calculated by the generalized distance formula in an

'~ r-dimensional geometry where each score set is represented
by a point in the r-dimensional sémantic space. The
differences between subjeﬁt score sets i and j in the

r-dimensional space are indexed by

X [™

Dij = [1]

D (Kt = X )2]
k=1

(Osgood, et al., 1957, p. 91). Thus, the difference between
a pair of subjects is proportional to the Euclidean distance

between them, with high scores indicating large differences.
Although Iﬂ% can be used as the measure of difference, it is
preferable to utilize the stipulated Euclidean distance
measure, i.e., Dy;, because (a) Dy reflects the natural

Euclidean space of the data, i.e., the data space; (b)



larger differences between subject score sets are greatly
exaggerated with DI;; (c) the property of additivity of

distances, a necessary condition of a ratio scale, is
destroyed (Cliff, 1959); (d) the triangle inequality (Bock,
1975, pP. 29) is not satisfied; and (e) the data space is
converted to a nonmetric analysis space (Mielke, 1986).

Because D;; is not normally distributed (Cronbach &

Gleser, 1953, p. 459; Osgood, et al., 1957, p. 101)\and
because a Euclidean distance measure is mandated (Osgood &
Suci, 1952; Osgood, et al., 1957; Brown, 1958; Carroll,
1959), a test which does not assume normality and which is
capable of mapping a Euclidean semantic space with an
r-dimensional Euclidean distance measure is ideally suited

to analyzing results of semantic differential studies.

: METHOD

The semantic differentialltechnique leads naturally to
analysis of variance with repeated-measures (Bynner &
Coxhead, 1979) and repeated-measures experimental designs
aré frequently employed in semantic differential research
(e.g., DeBurger & Donahoe, 1965; Johnson, Thomson, & Frinke,
1960; Osgood & Luria, 1954). The immediate impact of
analyzing semantic differential scores with any analysis of
variance is to replace the requisite Euclidean distances

(D;;) with squared distances (ij); This introduces an



analysis space based on squared distances which is totally
different from the previously defined and desired Euclidean
data space. It is absolutely essential that the analysis
space and the data space correspond exactly and that the
congruence principle be satisfied (Mielke & Berry, 1983).
The required r-dimensional semantic-differential data space
can be preserved and aﬁalyzed with a permutation test based
on Euclidean distances between semantic differential scores.
Consider a one-factor repeated-measures experimental
design with n subjects, g treatments, and r observations on

each subject. Let Xx,;; denote the semantic differential

score of the k*® response (kK = 1,...,r) on the i*® treatment
(i =1,...,9) for the j* subject (j = 1,...,n). An
inherent component of the variability in all
repeated-measures experimental designs is that due to
between-subject differences. In any analysis, this
between-subject variability must be controlled so that the
treatment effects may be accurately assessed. Alignment of
the individual semantic differential variables for each
subject is a technique which controls for the
between-subject variability (Mielke & Iyer, 1982).

Alignment is accomplished by replacing Kpij With X, = Xy,
where X,; is the median of the g treatment responses
(Xgyjree-rXgg;) for k =1,...,rand j =1,...,n. The

adjusted semantic differential measurements are thus aligned



to zero for all subjects. Let.xg = (ziﬁ,...,z&ﬁ) denote a .

»

vector of r aligned observations associated with the i®™

treatment and the j*™ subject. For v >0, let

vl

Alx,y) =

ji(xk—y%f] [2]

designate a measure of difference, i.e., distance, between

the r-dimensional points x/ = (x,,...,x,) and
v/ = (¥y,---,¥,;)- Note that when v = 1, A(x,y) of Equation

2 is the ordinary Euclidean distance, D;;, of Osgood, et al.

(1957) given in Equation 1. The statistic of interest is

then given by

Bl e

i=1 j<k

where X, . is the sum over all j and k such that 1< j<k<n.

Since the n subjects are specified, the randomization
associated with a repeated-measures experiment is confined
to all permutations of the g treatments on each of the n
subjects. The null hypothesis (H,) states that the
distribution of & assigns an equal probability to each of

th
- M= (g!)° : [4]



possible allocations of the g r-dimensional response
measurements'tovthe g treatment positions for each of the n
subjects. A permutation test determines the exact
probability of a realized test statistic by computing the
proportion of all possible test statistic values equal to or
greater than the realized value (Fisher, 1935; Hoeffding,
1952; Hubert & Levin, 1977; Pitman, 1937, 1938; Wald &
Wolfowitz, 1944; Welch, 1937). Thus, the probability (P)

associated with an observed value of & (6,) is the
probability under H, of observing a value of § equal to or
less than §,. The exact probability of an observed & is

given by

_ number of 8’s <3,

(5]
M

P (8 <&, |H,)

Although a permutatioh test provides an exact
probability value, each application of the test requires the
complete enumeration of all possible permutations of the
realized data set. Consequently, notwithstanding the use of
modern high-speed computers, imaginative conceptualization,
and inventive programming (Chung & Fraser, 1958; Edgington,
1980; Green, 1977), computation is impractical except for
very small samples, e.g., a one-factor repeated-measures
design with g = 3 treatments on n = 15 subjects generates
M = 4.7018x10" permutations. It is for this reason that

approximate randomization tests, based on a random sample of



all possible permutations, have become popular. There are
two disadvanfages to these approximate randomization tests.
First, there will necessarily be an increase in the amount
of type I error, due to the additional sampling. Second,
and most important, is the issue of replication. Two
researchers using the same data set and identical protocols
will necessarily arrive at different results, due to the
different samples drawn for analysis. Indeed, there is
nothing to prohibit the unscrupulous investigator from
drawing repeated randomizations until one is found that will
support the research hypothesis. An alternative method
which avoids the excessive computational demands of an exact
test and the additional type I error of an approximate
randomization test, is a moment aproximation procedure which
approximates the discrete probability distribution of an
exact test with a continuous distribution that fits the
lower exact moments of the discrete probability
distribution.

If &; denotes the Fe value'among the M possible values

of &, then the mean, variance, and skewness of &, under H,,

are given by

1
p'b Mj_l e [ ]



M
of = = (85 ma)? -7

and

u |
Yo = |5 X (45~ )| /03, (8]
M &

respectively. Efficient computational techniques for
obtaining u,, 6:, and Ys are described in detail by Mielke

and Iyer (1982). The standardized test statistic for an

observed &, &,, is given by

T, = Jo_Fs ' [9]

and is approximated, under H,, by the Pearson type III

distribution with a density function given by

_ (2/y) V%

£(y)
I'(4/v3)

(~(2+Y75) /¥s} W-v) /Mig-2(2+yva) /1 [10]

where -~ <y< -2/y,. The probability value for &, is given

by T

P(8<8,|H,) = [£(y)dy. [11)
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EXAMPLE

Consider a study which employs the semantic
differential as an operational index of change in the
representational mediation process during therapy (cf,
Endler, 1961). Specifically, the research seeks to analyze
changes in the meaning of the clients' “me” concept during
therapy and concentfates on the Evaluative, Potency, and
Activitylfactors of meaning. Fifteen adult subjects who
were in psychotherapy for personal or emotional problems
were administered the Osgood Semantic Differential before
beginning therapy, after six months of therapy, and
immediately upon completion of therapy. To test the H, of
no change in the “me” concept‘during therapy, i.e., the
therapy had no effect on the subjecfs, the data is analyzed

‘with a Euclidean analysis. The raw data are presented in

Table 1.

Insert Table 1 about here

Analysis of the representative data set in Table 1 with

v =1 yields & = 0.5237, p, = 0.6038, 0i = 1.2467x10™,

Yy = -0.9658, T, = -7.1659, and P = 1.1070x10°. The

analysis indicates that the meaning of “me” (as measured by
the evaluative, Potency, and Activity factors of the
semantic differential) is significantly modified during

therapy.



Iyer, Berry, and Mielke (1983) provide a FORTRAN
program to cbmpute all the results obtained in this paper.
Copies of the program are available from K. J. Berry,
Department of Sociology, Colorado State University, Fort
Collins, CO 80523-1784, from P. W. Mielke, Jr., Department
of Statistics, Colorado State University, Fort Collins, CO
80523-1877, or by e-mail from Internet addresses:

berry@lamar.colostate.edu or mielke@lamar.colostate.edu.
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TABLE 1

SEMANTIC DIFFERENTIAL SCORES ON THE EVALUATIVE (E),

PoTENCY (P), AND ACTIVITY (A) DIMENSIONS

Treatment 3

Subject Treatment 1 Treatment 2

E P A E P A E P A .

1 4;3 5.5 3.9 4.6 5.4 4.1 4.1 5.6 4.2
2 5.9 4.5 2.7 6.0 4.3 2.8 5.6 4.6 3.0
3 3.0 6.1 6.2 3.1 6.0 6.3 2.9 6.3 6.4
4 5.4 6.7 4.7 5.6 6.6 4.8 5.3 6.9 4.9
5 4.1 2.8 5.3 3.5 4.2 4.0 3.9 2.9 5.6
6 2.9 4.3 6.1 3.2 4.1 6.4 2.7 4.4 6.5
7 3.6 5.6 4.8 3.8 5.5 4.9 4.1 4.4 2.7.
8 3.3 4.0 5.1 3.4 3.9 5.3 3.2 4.2 5.4
9 2.7 6.1 3.5 2.8 5.8 3.6 2.6 6.2 3.8
10 4.3 2.9 5.0 4.5 2.7 5.1 4.1 3.2 5.2
11 4.4 5.3 4.4 4.5 5.2 4.6 4.3 5.4 4.8
12 3.9 4.8 5.1 2.4 5.5 4.5 3.8 4.9 5.4
13 5.0 3.1 6.2 5.1 3.0 6.4 6.5 2.4 4.5
14 6.2 4.8 6.1 6.3 4.5 6.2 6.0 4.9 6.3
15 5.3 4.9 3.7 5.5 4.7 3.8 5.2 5.1 4.1
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