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Limitations of Additive Conjoint Scaling
Procedures: Detecting Nonadditivity When
Additivity Is Known to Be Violated
Thomas E. Nygren
Ohio State University

Two sets of three-outcome gambles were construc-
ted to vary factorially along the factors Amount to
Lose, Amount to Win, Probability of Losing, and
Probability of Winning. Single stimulus ratings of
attractiveness and risk were obtained for each of
the constructed gambles from 19 subjects. In addi-
tion, paired comparison strength of preference and
difference in risk judgments were obtained for a
subset of these gambles. Two additive conjoint scal-
ing procedures, Carroll’s (1972) MDPREF and
Johnson’s (1975) NMRG, were used to generate pre-
dicted paired comparison preference and risk judg-
ments from the single stimulus ratings for each

subject. These predictions were then compared with
the observed paired comparison judgments. Results
indicated that although the goodness-of-fit mea-
sures associated with each of the scaling models in-
dicated that the subject’s data were being fit very
well by the additive models, additivity among the
payoff and probability factors was clearly violated.
A procedure for detecting nonadditivity is outlined
and illustrated with the data. The limitations of

using these additive conjoint scaling procedures as
predictive techniques when additivity is violated are
shown and their implications are discussed.
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In recent years a number of computer-based additive conjoint scaling procedures have been
developed for use in applied psychological, marketing, and consumer research (Carroll, 1969, 1972;
Johnson, 1975; Kruskal, 1965; Srinivasan & Shocker, 1973a, 1973b). Application of these conjoint
scaling methods have generally been restricted to prediction of utilities for multi-factor choice alter-
natives via the decomposition and scaling of &dquo;part-worths,&dquo; or utilities, of the attribute levels of the
factors making up the alternatives (cf. Green & Rao, 1971; Green & Srinivasan, 1978). Although an
additive representation has the distinct advantage of being conceptually and computationally simple,
its validity in many situations seems questionable. Unfortunately, as Green and Srinivasan (1978)
have pointed out, &dquo;users of conjoint analysis have generally emphasized predictive validity and re-
garded explanation as a desirable (but secondary) objective&dquo; (p. 104). Of particular concern in the
present study is the ability (or lack of ability) of these conjoint analysis procedures for detecting small
but consistent deviations for additivity.

The purpose of this paper is twofold: (1) to examine empirically the predictive ability of two addi-
tive conjoint scaling procedures for judgments of preference and risk when additivity is known to be
violated and (2) to illustrate a procedure for detecting nonadditivity. The conjoint analysis procedures
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used here illustrate two general approaches for estimating part-worths for factor attribute levels.
These methods are the vector model that underlies Carroll’s (1972) MDPREF algorithm and mono-
tone regression, as used in Johnson’s (1975) NMRG algorithm.

MDPREF and NMRG

In the MDPREF vector model, the rating of a particular alternative j on a monotonic construct
(not necessarily preference) for individual i, S ii’ is assumed to be a weighted additive function of the
perceived attribute levels of altemativej on some set of relevant dimensions. Formally, the model is

where

iu is the predicted scale value of stimulus j for individual i,
3~ is the importance of dimension t for individual i,
andxj, is the projection of stimulus j on dimension t.

Given the appropriateness of Equation 1, paired comparison difference judgments can then be pre-
dicted from single stimulus ratings by

Hence, if the ijs represent predicted attractiveness or riskiness judgments, then the difk’s would rep-
resent predicted strength of preference or difference in risk judgments between stimuli j and k.

The monotone regression procedure used in NMRG employs a simple but related part-worth
function model that can be written as

wheref,,(xj,) is individual i’s part-worth or psychological scale value for stimulus j on dimension t. The
perceived difference between stimuli j and k is then

Although the two models are effectively conceptually the same, the computational algorithms em-
ployed by MDPREF and NMRG are quite different. MDPREF uses all subjects’ data to estimate a
common spatial representation for the stimulus points and fits each subject by a vector in this space,
whereas NMRG derives estimates of the part-worths directly for one subject at a time. Given an N x n
matrix S of judgments of n stimuli for each of N individuals, MDPREF finds an eigenvalue-eigenvec-
tor solution based on Eckart-Young (1936) decomposition to obtain an N x r matrix Y of coordinates
of unit-length subject vectors and an n x r matrix X of projections of the n stimuli on r dimensions (r <
n,N), such that S = (z X’ is the best least squares approximation to S.
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It is important to note that the derived r stimulus dimensions from MDPREF, even with a suit-
able rotation, may not necessarily represent the underlying perceptual dimensions used by the sub-
jects. The MDPREF algorithm is an internal scaling procedure that can only potentially reveal these
dimensions if they contribute differently to subjects’ response judgments. In the limiting case, if the
subjects’ judgments reflect no individual differences, then a one-dimensional solution would be ob-
tained regardless of the number of perceptual dimensions actually used by the subjects in forming
their judgments. In practice, however, this limitation of MDPREF can be minimized because (1) in
many empirical situations large individual differences are known to exist and (2) appropriate sam-
pling procedures can enhance the extent of individual differences.

Unlike MDPREF, the monotone regression procedure used in Johnson’s NMRG procedure re-
quires the construction of the stimulus set in such a way that the levels of the factors are specified a
priori in a factorial design. One begins with a matrix X of order n xp in which each row consists of
dummy variables coded as &dquo;1’s&dquo; and &dquo;0’s&dquo; indicating the presence or absence of each level of the fac-
tors for a given stimulus. For 48 stimuli constructed from a three-factor 4 x 3 x 4 design, each row of
X would consist of p=11 dummy variables, three 1’s and eight 0’s, which are used to specify the stim-
ulus completely. In matrix form the model is then S = X ~ B, where vector S contains an individual’s
predicted scale values for the n stimuli and B is a vector of length p that contains the part-worth esti-
mates. NMRG begins with arbitrary values in B and attempts, through an iterative procedure, to find
a best set of new values for B such that the predicted ordering for S = X ~ B is as monotonic as pos-
sible with the observed ordering in S.
Although both MDPREF and NMRG assume that the composition rule for the factors is additive,

neither can test this assumption except in an indirect predictive or goodness-of-fit sense. The work of
Shanteau (1975) and Dawes and Corrigan (1974) with linear models suggests, however, that good pre-
dictive ability is not a sufficient condition for assessing the validity of the additive composition rule.
Krantz and Tversky (1971) discussed three necessary conditions for additivity. These are simple in-
dependence among the factors, double or Luce-Tukey cancellation, and joint independence for all
pairs of factors. Holt and Wallsten (1974) later developed a computer program CONJOINT that can
test for violations of these conditions in a given set of data. In practice, however, this program is
somewhat limited in that (1) a complete (or nearly so) factorial design is necessary for adequate tests;
(2) without an explicit error theory it is difficult to assess the significance of the violations of the ax-
ioms ; and (3) for a given individual, the effect of differential weighting of the factors on violations of
the above conditions is not at all clear-particularly when a factor has zero or near zero importance.

A Test of Additivity
for Judgments of Risk and Preference

Assume that a set of stimuli are constructed to vary along r factors with p , , ~2, - , p, respective
levels. Further, assume that the pj levels of any factor j can be meaningfully ordered by an individual
in such a way that the observed rating judgments (e.g., preference or risk) are monotonic over increas-
ing attribute levels of a factor when all other factors are held constant. Two sets of data are collected
from each individual: (1) single stimulus ratings or rankings of thepl XP2 x ... xp, stimuli or a suffi-
cient subset to provide an adequate additive scaling solution and (2) paired comparison difference
judgments for all or a subset of the possible pairs of stimuli. By using Equations 2 and 4, predicted
paired comparison differences can be derived from the scaling solutions and compared with the in-
dependently obtained observed paired eomparison judgments at the individual subject level.
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If the constructed factors are, in fact, those used by the individuals and the levels of these factors
are monotonic with the subjects’ ratings, then the work of Dawes and Corrigan (1974) would suggest
that the fit of the single stimulus data to conjoint scaling models like MDPREF or NMRG would be
very good, even if the underlying additive model is invalid. Moreover, high overall predictive success
for the paired comparison validation procedure would still be expected.

It is argued here that this anomaly can be explained in part by a separation of the paired com-
parison judgments into two classes-&dquo;dominance&dquo; and &dquo;tradeoff&dquo; paired comparisons. The set of
dominance paired comparisons consists of the pairs for which each level of the r factors for stimulus a
is at least as great as the corresponding level for stimulus b. If simple independence holds among the r
factors, then there should be few, if any, errors in prediction from the scaling solutions for the dom-
inance comparisons, regardless of whether additivity holds. Tradeoff comparisons, on the other hand,
are the remaining pairs for which one stimulus does not dominate the other across all factors. These
are, of course, the very comparisons of relevance to the applied researcher in a predictive sense. Er-
rors in prediction for the tradeoff paired comparisons would negate additivity, since they would indi-
cate violations of double cancellation and/or joint independence for pairs of factors.

For a completely crossed factorial design it is easy to compute and to list the number of compari-
sons resulting in dominance or tradeoff tests. The number of dominance tests ND is

and the number of tradeoff tests is NT = N - N,., where N is the total number of comparisons. If ad-
ditivity holds in the data, then under perfect disciminability it would be expected that the proportion
of dominance errors, Po, and tradeoff errors, P,, would both equal zero. If additivity is violated and
independence alone is satisfied, then P, should be significantly larger than P,,.

The Study

Three-outcome gambles were constructed, each of the form (-a#,, Qt,1 b4~ where one loses 4~ ,with
probability PL, wins ~ with probability pw, and neither wins nor loses with probability po. The gam-
bles were constructed to vary along four factors-Amount to Win (sew), Amount to Lose (SL)’ Prob-
ability of Winning (p,,), and Probability of Losing (pj. These gambles are particularly well-suited to a
study of additivity for several reasons. First, each of the four factors above is monotonic with judg-
ments of perceived risk and attractiveness and can be easily varied in a factorial design. Second, there
is evidence in the gambling literature that suggests that individual differences are extensive and that
each of the varied factors can independently contribute to judgments of perceived risk and attractive-
ness of gambles (Nygren, 1977; Payne, 1973, 1975; Shanteau, 1974, 1975; Slovic & Lichtenstein,
1968). Finally, the composition rule for risk or attractiveness judgments should not be additive
(Coombs & Bowen, 1970 ; Shanteau, 1975).

Figure 1 illustrates a hypothetical example of the interaction effects of the two factors $W and pw,
as typically found by Shanteau (1975). On both intuitive and theoretical grounds this interaction be-
tween the two factors seems plausible. As either the $W or the pw approach zero, the level of the other
factor becomes less relevant. The same is true for $L and pl. Note, however, that if the range of the p,,
(or pw) is constrained, as indicated by the dashed lines in Figure 1, the interaction effect is significant-
ly reduced. Hence, although an interaction model might actually reflect the composition rule em-
ployed by an individual in forming judgments of perceived risk or attractiveness, an additive scaling
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Figure 1
Hypothetical Illustration of the Interaction
Effect between Probability of Winning and

Amount to Win for Ratings of the Attractiveness
of Gambles on a 100-Point Rating Scale

model would be expected to yield misleadingly excellent results in a goodness-of-fit sense if the ranges
of pj and pw are appropriately restricted. This implication was tested in the present study for the
MDPREF and NMRG models.

In order to reduce the number of judgments made by each subject, two sets of 48 gambles were
constructed to vary along three of the factors, sew, $~, pw, and pl. The designs were 1 x 4 x 3 x 4 in
which sow was held constant and 4 x 1 x 4 x 3 in which $L was held constant. The levels of pw and pl
were restricted to values of 1/8, 2/8, 3/8, and 4/8 in order to reduce possible interaction effects to the
small but noticeable levels illustrated in Figure 1. It was hypothesized that this restriction on the
probability values would yield MDPREF and NMRG additive scaling solutions with very high fits to
the subjects’ single stimulus ratings of attractiveness and risk.
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Paired comparison judgments of strength of preference and difference in risk were obtained for
all pairs of a subset of 16 gambles from each of the larger sets of 48, in a 1 x 4 x 2 x 2 design and a 4 x
1 x 2 x 2 design, respectively. The 120 preference strength and risk difference judgments for each set
were compared with the predicted orderings generated from Equations 2 and 4 from the scalings of
the single stimulus ratings. It was hypothesized that the restrictions on the pz and pw values would re-
sult in both the MDPREF and NMRG models predicting the observed paired comparison orders sig-
nificantly better than would be expected by chance. However, when the proportions of dominance
(PD) and tradeoff (P,) tests were examined, it was hypothesized that P,,, = P, would be consistently vio-
lated. It was expected that independence would be substantiated in the data, yielding PD values close
to zero across subjects. However, joint independence should be violated, although moderately because
of the restricted ranges of pl and pw. These violations should be reflected in consistently larger values
of PT across subjects.

Method

Subjects
The subjects were 20 undergraduate students who were paid at a rate of $2.00 per hour for par-

ticipating in the experiment. Data from one student was discarded because she failed to follow in-
structions.

Stimuli

The two sets of 48 gambles constructed from the 1 x 4 x 3 x 4 (Set A) and 4 x 1 x 4 x 3 (Set B) de-
signs ($W x $L x pW X PL) each used the same probability levels. When three levels of pw or PL were
used, the values were 2/8, 3/8, and 4/8. When four levels were used, a probability value of 1/8 was
added. In the first set of gambles $L was either -10~, -20~, -304, or -40~ with $w constant at 304. In
the second set $w was either 20¢, 30~, 400, or 500 with $Z constant at -300. In addition, a subset of 16
gambles were chosen from each of the above sets for use in the paired comparison tasks. The subsets
were from a 1 x 4 x 2 x 2 (Set A’) and a 4 x 1 x 2 x 2 (Set B’) design, respectively, with the same $W and
$L levels as above and with p w = 2/8, 4/8 and PL = 2/8, 4/8 in each case.

Procedure

Each student completed four different rating tasks. In each case, instructions and stimuli were
presented to the students on a CRT display housed in individual rooms. In Task 1 students were pre-
sented with all of the Set A and Set B gambles, one at a time in a random order, and were asked to
rate the attractiveness of each on a 100-point scale ranging from &dquo;Very Unattractive&dquo; to &dquo;Very At-
tractive.&dquo; Task 2 consisted of having students rate their strength of preference for all of the possible
pairs of the 16 gambles in each of Sets A’ and B’. For each pair, the students indicated strength of
preference on a 20-point scale ranging from 1 (Strongly Prefer Gamble 1) to 20 (Strongly Prefer
Gamble 2). Tasks 3 and 4 were comparable to Tasks 1 and 2 except that in Task 3 &dquo;riskiness&dquo; was

substituted for &dquo;attractiveness&dquo; and in Task 4 the 20-point scale ranged from &dquo;Gamble 1 Is Much
More Risky&dquo; to &dquo;Gamble 2 Is Much More Risky.&dquo;

Each student attended four separate sessions to complete the tasks, each session being separated
by a period of 1 to 3 days. In all cases, three replications of each single stimulus and paired compari-
son judgment were obtained from the students. For one-half of the students, risk ratings (Tasks 3) were
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completed first, followed by the paired comparison difference in risk (Task 4), attractiveness (Task 1),
and paired comparison strength of preference judgments (Task 2). For the remaining subjects the
order was attractiveness (Task 1), paired comparison strength of preference (Task 2), risk (Task 3),
and paired comparison difference in risk judgments (Task 4).

Results

For each student mean attractiveness and riskiness data matrices were formed from the single
stimulus ratings for both the Set A and Set B gambles by averaging the three replications of each
judgment. These data were then used as input for four separate three-factor within-subjects
ANOVAs. A summary of these ANOVA results is presented in Table 1. As expected, the main effects
of the $w, SL, pw, andpt factors were all highly significant (p < .001 in each case) in the analyses for
both the attractiveness and risk data. In addition, despite the restriction of the levels of the pw and P L
factors in the design of the Set A and Set B gambles, a number of the interactions among the prob-
abilities and payoffs were significant. Although the relative size of these interaction effects was much
smaller than the separate contributions of the payoffs and probabilities in each analysis, these results
indicate that, at least across subjects, attractiveness and risk judgments do not follow a simple addi-
tive model.

Table 1

Summary of Three-Factor Within Subjects ANOVAs from Attractiveness
and Riskiness Data for Set A and Set B Gambles
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MDPREF and NMRG Analyses

Two separate MDPREF analyses were computed on the attractiveness and risk data for the Set A
and Set B gambles. In both cases a three-dimensional solution was clearly evident. For the Set A gam-
bles the three-dimensional solution accounted for 90.7% of the variance in the students’ data. For the
Set B gambles this value was 88.8%. The inclusion of a fourth dimension in each case added little;
the fourth dimension accounted for 1.4% and 1.6% of the variance in the data for the two sets of gam-
bles, respectively. This high degree of fit for the three-dimensional solutions was also reflected by the

Figure 2
Dimension 1 (Amount to Lose) and Dimension 3

(Probability of Losing) from the
Rotated MDPREF Solution of Attractiveness and Risk Ratings for

Set A Gambles, with Numbers in Each of the 16 Three-Stimulus Groupings (2,3,4)
Representing the Probabilities of Winning (2/8, 3/8, 4/8) for the Gambles,

Small Arrows Indicating Directions of Subjects’ Attractiveness
Vectors and Large Arrows Indicating Directions of Subjects’ Risk Vectors.
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Figure 3
Dimension 2 (Probability of Winning) and Dimension 3 (Probability of Losing)
from the Rotated MDPREF Solution of Attractiveness and Risk Ratings for

Set A Gambles, with Numbers in Each of the 12 Four-Stimulus Groupings (1,2,3,4)
Representing the Amounts to Lose (-10t, -20t, -3(k,. -40~) for the Gambles

fit of the individual students’ data. For the Set A gambles, the root-mean-squared correlations be-
tween the students’ data and the projections of the gambles on the students’ fitted vectors were .936
for both the attractiveness and risk data. For the Set B gambles, these root-mean-squared correla-
tions were .936 and .920, respectively.

Using a generalized rotation procedure outlined in Nygren (1977)’, the MDPREF solutions for
the Set A and Set B gambles were rotated to maximum congruence with two normalized target spaces
where the dimensions were $L, Pw, and PL, and $w, pw, and pL. Figures 2 through 5 present the representa-

’Since the MDPREF model can be stated as S = (z X’, a general transformation T, can be applied to X to define a new space
X* = X - T, and a new set of vector locations Y* = (z (I’)-’ - X* and Y* form a valid representation of the data, since Y..
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Figure 4
Dimension 1 (Amount to Win) and Dimension 2 (Probability of Winning) from the

Rotated MDPREF Solution of Attractiveness and Risk Ratings
for Set B Gambles, with Numbers in Each of the

16 Three-Stimulus Groupings (2,3,4) Representing the Probabilities of Losing
(2/8, 3/8, 4/8) for the Gambles

tions of the gambles and the students’ vectors in these rotated spaces. Although there are some devia-
tions from the target locations of the stimuli, the payoff and probability dimensions are clearly identi-
fiable from the figures. It appears from these MDPREF dimensions that students were using the ob-
jective payoff and probability values of the gambles in making their judgments of risk and attractive-
ness.

Two other implications can be made from these figures. First, the amount of individual differ-
ences in the importance of these dimensions in determining risk and attractiveness is extensive. The

small arrows in Figures 2 through 5 represent the locations of the students’ attractiveness vectors in
the spaces; the large arrows indicate the risk vectors. There does not appear to be any obvious pattern
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Figure 5
Dimension 2 (Probability of Winning) and Dimension 3 (Probability of Losing)
from the Rotated MDPREF Solution of Attractiveness and Risk Ratings for

Set B Gambles, with Numbers in Each of the 12 Four-Stimulus Groupings (2,3,4,5)
Representing the Amounts to Win (20t. 3(~, 40~, 504) for the Gambles

as to which dimensions are most important for the students. Rather, each dimension appears to be
most important for at least some students.

In addition, the interaction effects found in the ANOVA results are evident in the figures. In par-
ticular, Figures 1 and 3 indicate that the objective levels of PL and $L, and pw and $W appear to inter-
act in a predictable manner. In Figure 1, for example, it can be seen that as pL decreases, the per-
ceived differences between levels of $L are reduced.

In addition to the MDPREF analyses, a separate NMRG scaling of the 48 gambles in each set was
done for the attractiveness and risk data for each student. Recall that for the NMRG procedure the
stimulus dimensions must be specified a priori. Because of the high degree of interpretability of the
MDPREF dimensions, it was expected that the NMRG solutions across subjects would result in good
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fits to the data when the objective payoff and probability dimensions were used. The results support
this expectation. Since NMRG is a monotone regression procedure, a Kendall’s tau coefficient was
computed between the observed data and the predicted scale values for the stimuli. For the Set A
gambles, the root-mean-squared tau value across subjects was .761 for the attractiveness data and
.743 for the risk data. For the Set B gambles these root-mean-squared tau values were .752 and .710.

Within-Subject Validation

The high degree of fit of the subjects’ data to the MDPREB and NMRG scaling solutions are en-
couraging but offer no direct evidence of the validity of the additive property that is implied by each
model. In order to provide a test of additivity, the predicted strength of preference and difference in
risk values were computed for each student using Equations 2 and 4 and the derived scale values of
the gambles from the MDPREF and NMRG analyses of the Set A and Set B gambles. These predic-
tions were compared with the independently obtained paired comparison judgments from the 16
gambles in Sets A’ and B’.

For each student the proportion of times the predicted paired comparison preference or differ-
ence in risk order did not match the order from the corresponding observed judgment was computed.
Table 2 presents for each student a summary of this error of prediction data for both models. The er-
ror proportions are based on the combined 240 comparisons from the Set A’ and Set B’ gambles (120
comparisons of the 16 gambles in each set). In addition, the average correlation between predicted dif-
ference judgments and observed difference judgments were computed for each subject and are also
shown in the table.

The results of Table 2 indicate that both MDPREF and NMRG scaling solutions predict the or-
der of the paired comparison difference judgments surprisingly well. For the MDPREF predictions
the median proportion of errors across subjects was .100 (24/240) and .104 (25/240) for the preference
and risk data, respectively. For the NMRG predictions these median error proportions were .133
(32/240) and .138 (33/240). Within each model there was no difference in predictive ability for prefer-
ence and risk judgments (p > .10 in each case based on Wilcoxon signed rank tests). There was, how-
ever, evidence that the MDPREF scale values produced significantly fewer errors in prediction for
both the preference data and the risk data than did the NMRG values. A Wilcoxon signed rank test
indicated that the median difference in error proportions between models was significantly different
from zero in each case (Median difference = -.029, z =3.56, p < .001 for preference; Median differ-
ence = -.029, z=2.00, p < .05 for risk).

Although these small overall error proportions in prediction appear to support the MDPREF and
NMRG models, a more detailed test for additivity was desired. The 120 comparisons for each of the
Set A’ and Set B’ gambles were divided into a set of 74 dominance comparisons and 46 tradeoff com-
parisons. For each subject the proportions of errors of prediction were then computed for each of
these latter sets of comparisons. These error proportions are shown in Table 3 for both data types and
models. Again, in each case the data from the Set A’ and Set B’ gambles were combined, yielding a
total of 148 dominance and 92 tradeoff comparisons for each subject.

The results of Table 3 clearly contrast the dominance and tradeoff comparisons. For both the
MDPREF and NMRG predictions, few errors were obtained among dominance comparisons. The
median proportions of errors for these dominance pairs were .020 (3/148) and .034 (5/148) for the
preference and risk data from MDPREF and .034 (5/148) and .061 (9/148) from NMRG. These low
error rates appear to support the hypothesis that the students were, in fact, using the payoff and prob-
ability dimensions in making their judgments and that simple independence between pairs of these
dimensions holds.
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Table 2

Proportion of Errors and Mean Correlations Between Predicted and
Observed Paired Comparison Preference and Risk Differences for

MDPREF and NMRG Models

aEach error proportion is based on 240 comparisons, 120 from
each of the Set A and Set B gambles.

The error proportions for the tradeoff comparisons, however, were much higher for nearly all sub-
jects for both models and both data types. In fact, for several subjects, these tradeoff error propor-
tions were not significantly smaller than the chance level of .50 (critical value of p = .379 for a = .01).
The median error proportions for these tradeoff comparisons are also shown at the bottom of Table 3.
In all four cases Wilcoxon signed rank tests indicated that the median difference between cor-
responding dominance and tradeoff error proportions was significantly smaller than zero across sub-
jects (p < .01 in each case, cf. bottom of Table 3).

This consistent difference between dominance and tradeoff error proportions provides support
for the hypothesis that simple independence holds in the preference and risk data, but double cancel-
lation and/or joint independence between all pairs of factors do not. It is important to recognize,
however, that in practice even if additivity holds in a person’s data, P, and PD might be expected to be
greater than zero because of imperfect discriminability and P, might be expected to be greater than
Pc because tradeoff comparisons may be inherently more difficult to make than are dominance com-
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Table 3

Proportion of Errors for Dominance and Tradeoff Paired
Comparisons Based on MDPREF and NMRG Predictions

aError proportions for dominance tests are based on 148

comparisons, 74 from each of Sets A and B.

bError proportions for tradeoff tests are based on 92
comparisons, 46 from each of Sets A and B.

parisons. This last point suggests a potential confounding in using difference estimates PT PD in a
test of additivity. Admittedly, a completely satisfactory elimination of this potential confounding is
not possible without an explicit error theory for Pc and P,. There are several results, however, that
suggest that the difference between dominance and tradeoff error proportions is a function of non-
additivity rather than merely level of difficulty.

The differences between Po and P, values in Table 3 are, for many subjects, very large. It is diffi-
cult to imagine that a difference in the level of difficulty in making dominance versus tradeoff com-
parisons could be responsible for Pc values for some subjects being virtually zero (error-free dis-
crimination) and the corresponding P, values being at or near the chance level (random discrimina-
tion). In fact, even if one-half of all tradeoff errors were attributed to being due to level of difficulty
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and they were removed from Table 3 (i.e., cut PT by one-half in each case), for the 65 cases in Table 3
where PT was initially greater than P,,, in 52 (or 80.0% of them) one-half of PT is still greater than PD.
Further, there is no evidence to suggest that the differences between dominance and tradeoff error
proportions were due merely to unreliability or to error variance in the subjects’ data. If such were the
case, one would expect a high positive correlation across subjects between the dominance and trade-
off error proportions. This was not found. The bottom row of Table 3 shows the obtained correlations
between these error proportions in each of the four model by data type combinations. None were sig-
nificant (p >.05 in each case).

Discussion and Conclusions

Two sets of 48 three-outcome gambles were constructed from a three-factor design in which the
factors were either $L, pw, and pl or $W, pw, and pl. Previous research (Payne, 1975; Shanteau, 1974,
1975; Slovic & Lichtenstein, 1968) has suggested that individuals use the explicit payoffs and prob-
abilities in making judgments of the attractiveness and riskiness of gambles. The MDPREF solutions
for the Set A and Set B gambles, as illustrated in Figures 2 through 5, support this hypothesis. In each
figure the constructed factors are clearly definable, although some perturbations among the stimuli
exist.

It is argued here, however, that the interpretability of the derived dimensions, in conjunction with
the high degree of fit of the subjects’ data to the model, cannot and should not be interpreted as suffi-
cient criteria to validate the underlying additive model. The stimuli used in this study were chosen
specifically to illustrate this point. It was expected that payoffs and probabilities would be combined
in a nonadditive fashion to produce the subjects’ judgments. The ANOVA results in Table 1 demon-
strated the expected interaction effects among the factors.

The overall error proportions of prediction, as shown in Table 2, however, were small across sub-
jects despite this interaction. This is a particularly interesting result in light of the fact that individual
differences in the importance of the payoff and probability dimensions for both risk and attractive-
ness judgments are extensive. Although the subjects’ vectors in Figures 2 through 5 indicate, as would
be expected, that perceived risk increases and perceived attractiveness decreases zaps Amount to Lose
(SL) and Probability of Losing (PL) increase and as Amount to Win (Sw) and Probability of Winning
(Pw) decrease, it is clear that no single payoff or probability dimension was dominant across subjects
for either type of judgment.

The error proportions shown in Table 3 illustrate that the predictive success of the MDPREF and
NMRG models to the independently obtained paired comparison data is misleading with respect to
additivity. There is a consistently significant discrepancy between predictive success for the domi-
nance pairs and the tradeoff pairs. The preference and risk orders for the dominance pairs were pre-
dicted extremely well-in some cases, without any errors. The predicted orders for the tradeoff pairs
were much worse-in some cases, the error proportions were not significantly better than would be
expected by chance.

These results have several important implications for researchers using MDPREF, NMRG, or
other additive conjoint scaling techniques. If, as appears to be the case in this study, simple indepen-
dence among the factors holds in the data, the goodness of fit of the model to the data may be mis-
leading. A moderate to high degree of fit will be exhibited in the scaling solutions even if additivity is
violated. It appears that these conjoint scaling techniques can adequately reflect some aspects of the
processing model used by the subjects-namely, the dimensional structure of the stimuli and individ-
ual differences estimates. Yet, in a predictive sense these additive models are unacceptable. For near-
ly all of the subjects in this study, the error proportions for tradeoff comparisons were high. These
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tradeoff comparisons are, however, the very comparisons of interest in applied decision-making re-
search. It is important to recall in this connection that the nonadditivity effect was purposefully mini-
mized in this study by restricting the range of theppw andpL values. Had a broader range of values for
these two factors been used, it is likely that the tradeoff predictions would have been even worse.

Why these scaling models do so well in a goodness-of-fit sense, even though additivity is violated,
appears to be a function of the stimulus design. For small full factorial designs, which are typically
used in conjoint scaling research, the ratio of the number of implicit dominance pairs to the number
of tradeoff pairs will usually be greater than 1.0. Hence, within the scaling models, if there is consis-
tently little error in the subjects’ data as it reflects the order of dominance pairs, it seems plausible
that an acceptable additive scaling solution (as inferred from a traditional correlational goodness-of-
fit measure) is almost guaranteed. Even for as large a design as the 4 x 4 x 3 design used in this study,
the ratio of dominance to tradeoff pairs is only slightly less than 1.0 (553/575 = .972).

The value of conjoint scaling models as data reduction techniques has been clearly demonstrated
in a number of research areas. Yet it is argued here that if one is interested in using an additive con-
joint scaling model to predict individual tradeoff comparisons among multifactor choice alternatives,
then an assessment of the additivity assumptions seems imperative. A validation procedure as il-
lustrated here can be used to evaluate the predictive success of the model for the critical tradeoff
pairs. In addition, it would seem worthwhile to reconstruct the traditional goodness-of-fit measures
used in these scaling procedures to reflect predictive success for dominance and tradeoff comparisons
separately. In this way, additivity could be more meaningfully evaluated.
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