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Scaling social science variables by multimodality matching.

Willem E. Saris
Peter Neijens
Ieo van Doorn

Abstract

A large number of studies have shown that direct scaling orocedures
can be used for scaling social science variables.

Parallel with the development in psychophysics of the matching various
sets of stimuli to each other (cross-modality matching), matching of
various sets of stimuli to social science stimuli (multimodality
matching) has been explored. This development makes possible the
evaluation of the validity and reliability of the measurement
instruments.

A model for these scaling experiments is developed and shown to be a
specific case of the congeneric test model. Further the evaluation of
the validity reliability , the estimation of the scale values agnd

the testing on consensus are discussed and an example is given.,
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In a standard experiment to establish a scale for a social science
variable, for example occupational prestige, a respondent is presented
with several descriptions of occupations in random order. He/she is
asked to assign nunmbers to the stimuli in the following way: if he/she
thinks that an occupation has a prestige which is twice as high as the
status of the first stimulus it should be given a number which is

twice as high. If the first occupation has a status which is three

times as high as another occupation the latter should be given a number
1/3 of the number of the first occupation etc.

This can be done with nunbers but it can also be done with lengths of
lines or loudness of sounds or time durations or any other kind of
modality. In each case the respondent matches the ratio of the sensations
obtained from the physical stimuli with the ratio of his/her judgements
of occupational prestiges. In case more than one modality is matched
with one set of social stimili this experiment is called a multimodality
matching experiment. For more details concerning these proocedures we refer
to Hamblin (1973), Lodge e.a. (1975, 1976) and Saris e.a. (1977, 197%).
The models formulated to analyze the multimodality data (Dawson and
Brinker, 1971 and Cross, 1974) are too restrictive and lead in general to
biased estimates of the parameters (see appendix). Therefore we will
formulate a more general model and then indicate how this model can help
to test the validity of the measures and how the reliability of the measures
can be estimated and the scales derived.

In the multimodality matching experiments there are two kinds of stimuali.
The first ones are the social stimuli presented on cards, for example

the descriptions of the occupations. The second kind of stimuli are the
physical stimuli which the respondent presents to himself by drawing a line
or turning the button to increase the loudness of sounds etc.

Both kinds of stimuli lead to subjective evaluations resp. judgements and
sensations which are matched by the respondent.

We start with the relationship between the physical stimuli and the
sensations.

From psychophysical research much is known about the relationships between
physical stimuli and sensations. It has been found that the relationship
can be approximated by a power function (Stevens, 1975; Marks, 1974 and
Gescheider, 1975). Denoting the stimuli of the i kind of modality by
N and the sensation produced by the ith kind of stimuli by v the
following law approximately holds true:
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where a;_ and 8; are constants specific to the kind of stimuli and

g5 is a random component.
If we take the logarithm of this form a linear relationship is obtained:

I

(2) n ByXy +.og + Lo

xi

where
gy = 1B %
X =1n¢§
oy =lr1c¢‘_.L
i.;xi=lns::.L

Further, it has been found empirically that the random component

in (2) has an approximately normal distribution with zero mean

(J.C. Stevens, 1957) and it seems realistic to assume that this variable
is independent of the stimulus values themselves. In that case the
following statements can be made:

E(;xi) =0 and Ccv(xi;xi) =0

The relationship between social science stimuli and the subjective judgements
of them have been shown to be a power function in many cases (Hamblin,

1973).

However, in many instances, like in case of occupation, the scale values

of the stimuli will be unknown and consequently the relationship between

the values of the stimuli and the judgements can not be studied.

Therefore we will not rely on any kind of relationship but only assume

that the ith judgement (yi) of the same set of social stimuli will
distribute randamly around a true score 1 by a random conponent (ui)
according to the form:



(3) yi = 'r*ui

After taking the logarithm we have

(4) ny =S e+
w1thni=]_nyi, £=ln-rand;i=lnui,
while we assume again as before that

cov(eg;) = 0 and E(z;) =0 N

The advantage of equation (3) is that this form can be used in case
the scale values of the stimuli are known or not.

Having discussed what we can say about the sensations obtained from

the physical stimuli and the judgements determined by the social stimuli
the matching process will be described.

In the matching experiment the respondent is asked to match the ratio
of two sensations with the ratio of two judgements.

This matching can be done between a variable stimulus and a standard

or between a variable stimulus and its predecessor which is a variable
stimilus. As in general a standard is used in social science procedures
we will restrict the discussion to this situation. For the other
procedure we' can refer to models developed by Cross (1973), Warxd (1979).
In case of a comparison between one variable stimulus and a standard
stimulus (s) we can write:

(5) h.l = y_ll eij
Yig Yig

where i indicates the it‘h modality which is used for the judgements of the i

judgement of the same set of social stimuli while j indicates the jth
sti.mululus and eij is the error in the matching of the jth stimulus of

the i~ modality.

In this matching process the units in which the sensations and judgements
are expressed are arbitrary as they do not play a role in the ratios.
Therefore we ignore these units.

Taking the logarithm of (5) we find using the notation of equation (2)
and (4):

th




(6) "wij T Mxis T M43 T Mis & €34 where €44 = ln(eij)

From (2) and (4) it follows that

- = - + § o T
L Mis Nis Bixis"-o‘i Es Cxis is

Therefore we can write for each stimulus usina the ith modality:
(8) Aoyl =ing =k =iy
where

A< P Y N is a constant
k.L Bl SRt €s

A O T Gt B is a random component

and again making the assumption that
E(Zi) =0 and cov(nizi) = 0.
Substitution of (2) and (4) in (8) gives
Bixi+ui+ B & g+ki+r,i+zi
and rewriting gives

(9) X

AE+ v, + &,
1 1 1

where

From the assumptions concerning Ly Zi and Ti and the
assumtion that the error terms are independent of each other it

follows that

E(('i) =0 for all i
cov(tﬁi) =0 for all i
cov(oit‘ij) =0 for all i, j
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While X, represented the values of stimuli of the :'Lth modality which

the respondent presents to himself, we have derived in (9) that in the
multimodality experiment the values of ¥; can also be used as responses
which are a function of the judgements of the social stimuli. This fact
makes it possible to use these values as measures for these judgements.

For a multirmodality matching experiment with k modalities the following
general model can be formulated: 3

(10) x= A+ Vv + 8§

with
E(éi) =0 for all i
cov(gd.l) =0 for all i
cov(diﬁj) =0 for .all i, 3
where
Xy [ X f;‘ v 8;
" 1 = | oA
\ * \ "k / Vie 8

According to this formulation the model is identical to the congeneric
test model discussed by Joreskog (1971, 1974). Therefore the estimation
and testing procedure developed by Joreskog for this model can be used.
The disturbance term di is a linear cambination of different measurement
error variables. If they all are normally distributed, this error
variable is also normally distributed. This does not seem unlikely

but further study should be made of this aspect.
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validity, reliability and consensus
For reaséns explained in Appendix I we suggest another test of the
validation of the measurement procedures than suggested by Dawson and
Brinker (1971) and Cross (1974). This test is based on the model given
above. If the derivation of the model is correct, each response variable
(x ) is a function of the same true score for the judgement of the
soc1al stimulus and a random component. This formulation excludes the
possibility that the responses measure some different variables in
which case the "one factor model" would not hold. Further it excludes
the possibility that the different responses have systematic errors in
common which would lead to correlated error terms (cov(disj) # 0) and
the model specified would not hold.
Thus the validity can be tested by the test of model (10) .
In the next section we will show how this can be done by the use of
procedures developed by Jbreskog (1971) for congeneric tests. An advantage
of this test is that it can be applied to individual data as well.
One of the most important advantages of multimodality matching above the

old psychophysical scaling procedures is that it is possible to determine
the reliability of the different measures.

In the derived model (10) the measurerent error term (6i) is a linear
function of the various kinds of errors. If a complex experiment were
set up, it might be possible to estimate the contribution of the
diffeient error sources to the total error variance. But here we shall
concentrate on the total error variance which will be denoted by 6 51t

If this variance can be estimated as well as the variance of the true
score for the judgement ("? the reliability (p?i) of the i™ measure

is defined as (Lord and Wovick, 1968):

o2
(11) o? = ;rf—edi

By comparing the reliability oefficients for the different modalities
one can make a comparison of the quality of the different response
variables. As these coefficients can be computed for each individual
person it is also possible to determine if a person has difficulties
with some of the modalities. How the different variances can be
estimated will be discussed in the next section.
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We have stressed the analysis of individual data as we think that too
often in the past data have been aggregated where it was not appropriate
as there was no consensus among the population (Saris e.a., 1977).

In order to test for consensus cne can analyze the data of each individual

|
separately and consequently estimate the individual scales. Next, one
can test whether the respondents have the same scales. This can be done

by calculation of the correlation between the different individual scales.

If the correlations differ greatly from unity one should split the sample

into several groups with similar scales by some kind of cluster procedure.

How the individual scales can be estimated will be discussed in the

next section.



Estimation and testing

Joreskog (1971) has developed an estimation procedure for congeneric
test models which can also be applied here as model (10 is structurally
identical to the congeneric test model.
In order to formulate this estimation procedure and to indicate the test
procedure the variance covariance matrix (y) for the observable response
variables has to be derived from model (10):

il 250
CENIT oA
If S is the unbiased estimate of the variance covariance matrix

the estimates of the parameters A, cz, <] 8 can be obtained according to
Joreskog's method by minimizing a function F which is:

(13) F=% [lnlzjl + t,r(§§_l) - In(s) - k]

where k is the number of response variables.

If the observable variables (x) have a multinormal distribution, the
estimates are the maximum likelihood estimators which are known to be
the best unbiased estimators in case of large samples (Silvey, 1970),
while they also seem to be unbiased in small samples according to
Monte Carlo experiments (Boomsma, 1979).

For these reasons and others mentioned in the appendix we think that
this estimation procedure is to be preferred to the procedures used in
the past for the kind of data obtained by multimodality matching
experiments (Dawson and Brinker, 1971 and Cross, 1974). The program
LISREL can be used for this purpose (Jdreskog and Sorbom, 1978).

A problem with this kind of model is that the scale unit of the unmeasured
judgement variable is not determined. This means that the variance of
this variable and the coefficients in the matrix are not uniquely
identifiable without further restrictions. For a discussion of this
identification nproblem we refer to Saris (1979a) and De Pijmer and
Saris (1979).

This problem is not only a technical matter. It also has a substantial
comnterpart. It means in practice that the coefficients can only be found
after restricting one of the coefficients to a certain value. In doing

so the other coefficientswill be relative to the one which is fixed.
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The solution chosen by Stevens (see the discussion in Stevens, 1975)
is that the g~coefficient for the nunber responses in equation (1)

is fixed to unity.This would mean that the sensations people get from
number stimuli are proportional to the numbers themselves. Given this
restriction, the A-coefficient in model (10), being 1/8, is also 1 for
the nutber responses and the other coefficients will be relative to
this coefficient. For a more elaborate discussion of this point we can
refer to Cross (1978) and Wegener (1978).

The result derived in equation (12) can also be used for the testing

of model (10). If the model is correct the estimates of the parameters
substituted in equation (12) should reproduce the observed covariance
matrix except for sampling fluctuations. If the model is incorrect the
fit of this model to the data should be significantly worse than might
be expected by chance. The test statistic commonly used for this purpose
is (N—l)Fo where N is equal to the size of the sample and Fo is the value
of the function in (13) at the minimm given the specified model.

For large samples this test statistic is distributed as Xéf where the
degrees of freedom (df) are identical to the nurber of distinct elements
in I minus the number of parameters to be estimated (Joreskog, 1971,

1974 and Saris, 1979a). For small samples, as will be the case in the
example discussed here, the use of the yx? distribution as an approximation
will too often lead to rejection of the models which are correct
(Boomsma, 1979). Given this fact the test should be used with care but
can at least give an indication of the goodness of fit of the model to
the data. Therefore we suggest using this statistic to test the validity
of the measures as discussed in the last section. This test can be used
to test the model for each respondent separately.

For the estimation of the individual scales for the latent judgement
variable several procedures are available. But, as we can cbtain many
estimates for the same scale a procedure should be preferred which gives

an unbiased estimate of the scale by taking the average of the scales

of those people with the same scale (Saris, 1978). A procedure which has
this property and minimizes the sum of the squared errors has been developed
by Barttlet (1958). According to this procedure the estimate is obtained

from the observed responses, given the estimates of A, og and 6 5 as follows:
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(Lawley 'and Maxwell, 1971)

0 2 ol
GORC R TR S
The procedure suggested by Cross (1974) for estimation is unbiased
but does not minimize the differences between the estimated and true
scale.

An example
Having indicated the procedures to be used for the analysis of multi~-

modality matching data, we will now illustrate them with the exanple

we have mentioned at the beginning of the article. Twenty five occupations
were presented in random order to eleven respandents eight times. For each
occupation given in random order the prestige was expressed twice in four
modalities: numbers, line lengths, volumes of sounds and time durations.
The repeated responses have been averaged out (after logarithmic
transformation) in order to obtain more reliable estimates. These activities
have led to a variance covarianoe matrix of the responses of four by

four for each respondent. For more detailed information on this study

we refer to Saris e.a. (1979b).

From the covariance matrices the parameters have been estimated according
to the procedure indicated in the last section. The results of the

goodness of fit test of the model to the eleven data sets is presented

in table 1.

This table shows that for all respondents except the first one model (10)
holds, indicating that the resnonses represent the same true score for
prestige of occupation and that there are no other sources of systematic
variation in the responses. The first respondent indicated that.she

had changed her opinion after doing the first two evaluations. This

means that the first two evaluations should have something in common

which is not in the true score. This brought us to the idea that a
correlated error between the first two modalities would be plausible in this case.
Changing the model in this direction the result was indeed sufficient to obtain
a good fit of the model (x2 = .04, Pr. = .85), but the correlated error
turmed out to be very small Asthe x? test is very sensitive in this

case and the error minimal,

Table 1 also presents the estimates of the parameters of the model.

The results indicate that the differences in parameters from respondent

to respondent are quite large.
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Table 2 gives the reliability coefficients for each respondent and

each modality. This table shows that the reliability coefficients

are very hich (medians resp.: .95, .955, .86%9, .871), but the sound
responses and the duration responses are somewhat less reliable than the
line and nurber responses.

Table 2

The Reliability Coefficients for the Different Modalities for
Each Respondent

reliability coefficient for the
respondent line nunber sound duration
number response respanse response response
1 1967 .958 .921 .824
2 .9B1 .978 .873 .847
3 .930 .967 .927 .898
4 .958 .962 .958 k .951
5 .930 1.000 .881 .870
6 .978 . 760 .729 .615
% .703 .839 .910 929
8 .950 .955 .871 .97
9 1.000 .901 .782 T
10 .992 .961 .822 .916
11 <523 .928 .869 .871

Further it is also clear that the respondents did not do equally well

on each modality. Respondent 6 had problems with all modalities except
lines. A similar observation can be made for respondent 9 while respondent
11 had problems with the line responses. But in each case the problems
did not introduce systematic errors otherwise the model would have been
rejected. Thus the errors seem to be purely random and only reducing

the reliability of one response.

Having established estimates for A, aé and 6 s for each respondent we

estimated their scales for the prestige of the occupations using
equation (14). The correlations between the scales cbtained are presented
in table 3.
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Tt can be seen that all correlations are very high; only respondent
7 seems’ to have a different scale in mind. What can be seen here
directly from the correlation matrix can also be reproduced by the
use of a cluster program. The use of such a procedure is necessary
with large numbers of respondents. This group was homogeneous; the
respondents were all from the same social class, with similar jobs at
the same university. Such a consensus cannot be expected in national
surveys. Therefore in such cases one should develop several scales
for groups with different opinions.

Conclusions

In this paper a model has been formulated for the measurement procedure
used in multimodality matching experiments. This model turned out to
be a specific case of the congeneric test model discussed by Joreskog
(1971) . Therefore the estimation and testing procedures suggested by
Jdreskog could also be used in this case. They are nore efficient than
the procedures previously used to analyze this kind of data.

It has been indicated that the test of the model is also a nartial test of
the validity of the different measures and that the multimodality
approach gives us the opoortunity to evaluate the reliability of the
different measures. The model was tested for 11 respondents and turned
out to fit the data rather well while the reliability of the measures
was quite high.

Next an efficient procedure for estimation of the scale was discussed
and illustrated. The analysis.of the data for each separate individual
respondent is stressed because there is no reason why different
respondents should necessarily use the same scale for judgerment of social
phenamena. Different scales should therefore be developed for groups
with different opinions.

Given that the model fitted the data and the many opportunities offered
to test the quality of its measuring instruments the multimodality
matching approach seems to be very attractive for use in the social
sciences. This is even more so because the risk of memory effects
going from one modality to another is very minimal (non existent in
the example). This is so because the different modalities require
different response modes; this is not true in case of repeated observation
with category scaling or any other scaling procedure more comonly
used.

Finally, the fact that these procedures are based on a fair amount of
psychophysical research is also an attractive characteristic according
to the authors.
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Appendix

From equation (9) it follows for modalities i and j after some
rewriting that

B
Al TR 5 e et
(a1) Xy CH %5 + Cyq t+ Gy

where

cij =v, = B.V.. which is a constant

Cij = (éi = :éj j) which is a random component
Given this result it is attractive to suggest that the procedure is

valid if the regression coefficient regressing X, on xj is approximately
identical to the ratio of the constants Bi and Bj as they have been
found in psychophysical research (Dawson and Brinker, 1971).

However this idea is incorrect as it can be shown that 5ij is correlated
with %y because Ly and z; are correlated with X (see (9)).

Consequently the estimate of the regression coefficient will be biased.
Therefore Cross (1974) suggested an alternative estimation procedure under
the assumption that :

2 2 2

@2) % T
Z Py 1

OX] J Bl

But according to our model this is not necessarily true as

2 2 2 2 2
. L TR G e

9Z. = AT (0% ¥ 0% ¥+0Z

xj SRR

and consequently the result used by Cross only holds under the very .,
special condition that

Ad) o2 + o2 2 = g2, 2, 2 .
(n4) 9% 0ok Bas %5 + %y + %]

which is very unlikely.



_19_

As an unbiased estimate of >‘i can directly be obtained from the data
(see above) and B 1/)‘1 the estimates of 8; obtained by the Joreskog
procedure can be compared directly with expected values given in psycho-
physical textbocks (see for example Stevens 1975) .

Although this comparison is possible we do not recommend this kind of
validation test as Poulton (1968) and Teghtsoonian (1973) have shown,
that the values of the coefficients depend on the range of the stimuli.
Therefore only under the condition that the range of the stimuli or
perhaps better that the variances of the sensations and the variances
of the judgements are identical (Stevens, 1975) the coefficients can be
expected to be approximately the same.

But this condition is very unlikely. For this reason we have suggested
an alternative which is probably more general.
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