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Current policy-capturing models scale the levels of
the predictor cues on the basis of normative data col-
lected on a group of subjects. Two studies were con-
ducted to determine whether the performance of these
models would be improved by scaling cue values indi-
vidually for each decision maker. The results of these
studies confirmed the hypothesis that the scaling of
stimulus cues for each decision maker results in a

judgment model that is much more successful in re-
producing the decision maker’s responses than models
employing the same cue scales for all decision mak-
ers. Additionally, it was found that the relative perfor-
mances of models based on regression weights and
those models that employ weights generated by the
subject are heavily dependent on methodological vari-
ables. It is concluded that if there is to be an under-

standing of the way people utilize information, not
only must there be concern about variable weighting,
but there must also be consideration of the subjective
experience the individual decision maker has with re-
spect to the levels of each variable.

Whether selecting an automobile or evaluating
the relative merits of applicants to graduate school,
people make decisions mediated by processes that
cannot be directly observed. A series of research
investigations have attempted to generate predic-
tive models of these decision processes across in-

dividuals at the group level (Slovic, Fischhoff, &

Lichtenstein, 1977). A second group of studies has
tried to capture the policy of individual decision
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makers (Wiggins, 1973). Almost all of these stud-
ies have been conducted in controlled environments
in which the decision maker is provided with sev-
eral pieces of information, or cues, which must be
integrated and a resultant decision produced. Al-
though this paper will evaluate the methodology
employed in most policy-capturing studies, the

findings are relevant to the more general situation
in which behavior is to be explained in terms of a
variety of situational cues.
The end goal of any policy-capturing investi-

gation is to achieve a descriptive model of the way
in which information is used to produce a judgment
about a set of environmental stimuli. Much of this
research has tested the adequacy of linear models
of decision processes that assume a judgment, or
criterion, results from an additive sum of the series
of cues multiplied by their respective weights. Thus,
according to this model, a given judgment Y,’ can
be represented as shown in Equation 1.

In this model the X,’s represent the magnitude of
the predictor cues, and the B,’s the weight asso-
ciated with each cue.
Two procedures are typically employed to obtain

estimates of the B,’s. Perhaps the most obvious way
to determine the judgment strategy is simply to ask
the decision maker to numerically estimate the rel-
ative importance of the stimulus cues. Hoffman
(1960) required subjects to distribute 100 points
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among the various stimulus cues in a manner that

reflected the relative importance of the cue. Next,
the number of points assigned to each cue became
the B, parameters in Equation 1. These values are

often referred to as subjective weights. A second
estimate of the weight of the predictor cues can be
obtained by a least-squares regression analysis of
the decision outcomes as a function of the predictor
cues. The procedure produces statistical estimates
of the B, parameters and these values can also be
used as weights in Equation 1.

The adequacy of the model based on the sub-
jective weighting strategy can be contrasted with
that of the model based on the weighting strategy
determined by regression analysis. This compari-
son can be evaluated in terms of the squared zero-
order correlations between the actual judgment pro-
duced and those predicted by the regression and
subjective weight models.

Several studies have compared the percentage of
decision variance accounted for by the subjective
and regression weight models when both models
are constructed and tested on a single sample of
judgments (i.e., Hoffman, 1960; Slovic, 1969;
Slovic, Fleissner, & Bauman, 1972; Summers,
Taliaferro, & Fletcher, 1970). Based on the results
of these studies that have shown different weight-
ing profiles between subjectively and statistically
based estimates and greater predictability for the
statistical model, many researchers have accepted
the notion that people perform poorly in describing
their judgment strategies (Permut, 1973; Slovic,
1969; Slovic et al., 1972; Slovic & Lichtenstein,
1971; Summers et al., 1970; Zedeck, 1977). For
example, Summers et al. (1970) concluded that
&dquo;Ss’ subjective weights failed to reflect the dif-
ferential cue weighting indicated by an objective
analysis of Ss’ responses ... [and] neither S’s
quantitative estimates of his cue weighting nor his
verbal description is likely to convey an accurate
account of his policy&dquo; (p. 250).
However, the interpretation of these results is

questionable when it is considered that the least-

squares regression analysis maximizes the fit be-
tween the predictors and criterion, including a cap-
italization on chance. Thus, it is to be expected
that the magnitude of the multiple correlation coef-

ficient will be spuriously inflated as a function of
the number of parameters statistically estimated
(which, of course, favors the regression model that
estimates a parameter for each predictor cue in
contrast to the subjective weight model, for which
no parameters are statistically estimated). Thus, a
proper comparison between the two models must
use multiple correlation coefficients corrected for
shrinkage (Darlington, 1968) or derived from cross-
validated data (Kerlinger & Pedhazur, 1973). The
results of several recent studies employing one or
the other of these techniques to obtain an unbiased
estimate of degree of linear fit have reported much
smaller differences between the subjective and
regression weight models in terms of decision var-
iance explained (Cook & Stewart, 1975; Jacobs &

Cotton, 1979; Nysted & Magnusson, 1975; Schmitt,
1978).

If the emphasis of research into the discrepancies
between subjective and statistical models of deci-
sion making are considered along two dimensions,
predictability (or product) and understanding (or
process), as has been suggested by Anderson and
Shanteau (1977), then the above description of re-
search results can be summarized rather succinctly.
Studies involving non-cross-validated statistical
models and subjective models show a difference
in predictability or product (contrasting R 2) , as well
as in the expiication of the decision strategy em-
ployed by the subject or process (comparing the
profile of weights). When the statistical model is
corrected for sample specificity, the superiority in
product is reduced. However, even when cross val-
idated, the scheme of variable weighting or process
by which the decision is arrived at still varies within
persons from the statistical model to the subjective
model. That is, for the statistical model it is gen-
erally true that a small subset of the variables ac-
counts for most of the predictable decision variance
(Jacobs & Cotton, 1979; Slovic & Lichtenstein,
1971; Zedeck, 1977). This is in sharp contrast to
the weighting schema decision makers claim to be
using when directly questioned about decision pro-
cesses. Decision makers’ self-reports reflect a

comparatively larger subset of the predictor cues
entering into the decision process (Slovic & Lich-

tenstein, 1971; Zedeck, 1977).
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Of particular interest is why these separate de-
scriptions of decision-making process differ. This
would seem to be one of the crucial issues to be
addressed by policy-capturing researchers. Schmitt
and Levine (1977) have suggested that rather than
continuing to develop models that better reproduce
the decision maker’s judgments, an emphasis should
be placed on understanding the differences between
the two descriptions of decision policy, since &dquo;re-

search directed to the perceived importance of in-
formation and the conformance between that per-
ceived importance and statistical weights may be
far more rewarding in terms of understanding the
judgmental process&dquo; (p. 28). Clearly, the validity
of any conclusions drawn about either the product
or process dimensions must depend on the ade-
quacy of the methodology employed to model the
judgment strategy.

Conceptually, policy-capturing research has been
narrowly defined. Its primary focus has been on
determining the weighting strategies that an indi-
vidual attaches to given cues without consideration
for a more basic issue. Specifically, the research
has failed to take into account the preceding sub-
jective experience associated with that cue. Meth-
odologically, an emphasis has been placed on a
quantitative specification of the stimulus cues in
terms of a physical rather than a psychological con-
tinuum. For instance, an experiment may attempt
to model how an individual weights cues of yearly
salary X, and work group size X2 in terms of judg-
ments of attractiveness of a hypothetical employ-
ment position. The unstated assumption of such a
study is that rated attractiveness of the job is lin-
early related to larger salaries (scaled in number
of dollars) and larger (or smaller) work groups (scaled
in terms of number of people). Consider an indi-
vidual who requires a minimum of $14,500 to
maintain his/her current lifestyle and prefers a

medium-sized work group. In a study where yearly
salary ranges from $12,000 to $18,000, and group
size ranges from working with two people to work-
ing with ten others, the use of the a priori quan-
titative rather than the individual’s interpretation
of the values of the predictor cues will more than
likely result in an inappropriate model of an indi-
vidual’s decision process owing to the nonlinear

relationship between the scale values of salary and
work group size and the individual’s response to

these factors.

Certainly, regression analysis can accommodate
such nonlinear transformations between explicit and
subjective stimulus values. For instance, additional
terms can be included in the model and it will be

reasonably predictive of the decision maker’s judg-
ments. However, such a model is inadequate in
two respects. First, the linear trend associated with

salary only approximates the decision maker’s sub-
jective experience of the salary cue. Second, since
the ratio between the number of observations and

predictors is usually less than optimal in policy-
capturing research, the addition of relevant higher
order terms (e.g., B X2 2 into the linear model for

a given sample size will result in an increase in the
instability of the beta weights (Nunnally, 1967).
Even if such methodological problems can be over-
come, the question still remains whether a model
that includes such higher order terms really de-
scribes the decision processes.

Alternatively, rather than representing the trans-
formation between the a priori and subjective stim-
ulus values by additional terms in the decision model,
a determination of the subjective stimulus values
can be generated prior to empirical analysis. For
instance Zedeck (1977) used a simple ordinal pro-
cedure to scale the five levels for six predictor
variables. These scaled stimulus values were then

employed as predictors in a policy-capturing study.
Although such a procedure is preferable to one that
employs arbitrary stimulus values, it is deficient to
the extent that the stimulus values experienced by
an individual decision maker deviate from the group
or normatively scaled values provided by the ex-
perimenter. Since policy-capturing research at-

tempts description at the level of the individual, it
is imperative that the individual decision maker’s
subjective experience of the stimulus cues is taken
into account.

To summarize, if the goal is to develop a de-
cision model that simulates the judgments of a de-
cision maker, then the cue scale upon which the
model is based must be determined individually for
each decision maker. Anderson (1972) has em-

phasized the same point in stating that &dquo;an under-
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standing of the decision process clearly must be in
terms of the subjective values of the judge&dquo; (p.
98). Without the specification of the subjective na-
ture of the stimulus cues, the relative importance,
or weights, of the stimulus cues cannot be accu-
rately determined. The problem, of course, is to

determine these subjective scale values. The stud-
ies presented in this paper will compare two dif-
ferent methods of estimating these subjective stim-
ulus scale values and will contrast the efficiency
of decision models employing these values with
that of models employing traditional normative

scaling procedures.

Experiment 1

An experiment was designed to determine whether
a first-order approximation of individual subjective
stimulus values would result in a more predictive
model of the decision strategy than models em-

ploying group or normative scaling. The manner
by which these subjective stimulus estimates might
be obtained was suggested by Anderson’s theory
of functional measurement (1970, 1971, 1974). The
logic for the scaling procedure is as follows. It is
assumed that the individual is producing judgments
according to the additive model specified in Equa-
tion 1 but that no a priori information is available
about the subjective experience associated with the
various levels of a given predictor cue. However,
all other things being equal, the more positive the
experience associated with a level of a predictor
cue, the more favorable the resultant judgment should
be. Thus, one way estimates of subjective scale
value can be obtained is by taking each predictor
dimension, one by one, and calculating the mean
judgment obtained for each level of that cue di-
mension. These scaled subjective stimulus values
for each predictor can be used as the predictor cues
in the modeling of the judgmental process. Inherent
in this conceptualization of the problem is the pos-
sibility that the differences in the performance of
the subjective versus statistical weighting scheme
may result from a difference between the individ-
ual’s perceived stimulus values and the values at-
tached to the stimuli by the experimenter. If this
is the case, the performance of the statistically de-

termined weighting model may differ from the sub-
jective weighting model only as a result of the
former model’s failure to adequately specify the
appropriate relationship between the predictor cues
and the criterion.
To test this possibility, two research hypotheses

were entertained. First, decision models using in-
dividually determined subjective predictor cue scales
will more reliably predict the decision maker’s
judgments than models employing normative cue
scaling. Next, the difference in the description of
the decision process (as represented by a profile of
weights) between the subjective and regression
models will be reduced when the regression model
employs individually scaled rather than norma-

tively scaled predictor cues. An experiment was
conducted to determine whether these scaled stim-
ulus values would produce a more appropriate model
of the individual’s decision-making process than
the often used normative values (e.g., Zedeck, 1977).

Method

Subjects. Subjects for this study were recruited
from psychology courses requiring research partic-
ipation. In all, 47 students participated in both test
and retest portions of the experiment. Each subject
was given 2 hours credit for research participation.

Procedure. Subjects were run in groups. Each
subject received a booklet containing a set of in-
structions and stimulus materials. An experimenter
was present if the nature of the experimental task
required further elaboration. Stimuli consisted of
paragraphs developed by Zedeck ( 1977). Each sub-
ject rated 100 paragraphs describing hypothetical
employment positions on a 1 to 7 desirability di-
mension. Each paragraph contained one of five lev-
els for each of the six factors or predictors. The
six predictors were (1) opportunity for personal
growth and development, (2) opportunity for ad-
vancement, (3) size of work group, (4) salary, (5)
flexibility in working requirements, and (6) dura-
tion of assigned projects. The distribution of values
for each stimulus dimension was approximately
normal, and the intercorrelations among predictor
pairs were approximately zero (Zedeck, 1977). After
rating the stimulus paragraphs, each subject was
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required to allocate a total of 100 points to the six
predictors according to the relative importance of
each predictor in reaching the rating of desirability.
These values are later referred to as subjective
weights. Seven days after the initial testing phase,
the subjects were required to return and once again
rate the booklet of 100 paragraphs.

Data Analysis

Stimulus scaling. Two different methods were
used to assign numerical scale values to the de-
scriptive labels corresponding to the five magnitude
levels of each predictor dimension. In the first method
scale values were derived individually for each sub-
ject by taking each subject’s 100 criterion ratings
and by calculating the average rating for each level
of each predictor. Each predictor dimension was ’ I

scaled by averaging over all values of the other
five predictor variables for each level of the di-
mension being scaled. The second set of stimulus
values used were those of Zedeck’s (1977) nor-
mative scale. These are called normative scale val-
ues because they are average values obtained from
a group of subjects by Zedeck (1977); the same
group values were used for all subjects in the pres-
ent experiment.

Variable weighting. The next step in the ex-

periment was to calculate a least squares multiple
regression analysis for each subject using the nor-
mative cue values as predictors (this model is re-
ferred to as the Normative Regression Model) and
again with the individually scaled cue dimensions
as predictors (Functional Regression Model). These
calculations were carried out on the data from the

first testing, and the resulting sets of beta weights
were used to predict retest responses and to esti-
mate the relative importance of the predictors.
Two other models were generated by employing

the subjective weights with the normative cue scales
(Normative Subjective Model) and the scaled pre-
dictor cues (Functional Subjective Model). The four
models were then used to predict the ratings as-
sociated with each paragraph in the retest portion
of the experiment. For each subject the correlations
between four sets of models based on predicted
values and the actual retest ratings were calculated

and the zero-order correlations noted. Note that

using Zedeck’s stimulus paragraphs required em-
ploying a test-retest rather than a cross-validation
procedure. Although cross-validation would have
allowed the results of the experiment to be gen-
eralized beyond a particular set of stimulus para-
graphs, both procedures provide a satisfactory es-
timate of the actual fit of a model after correction
for shrinkage.

Results and Discussion

Figure 1 shows the mean proportion of decision
variance accounted for by each of the four models.
For the tests of significance reported below, these
correlations were converted to Z’ scores following
Fisher’s r to Z’ transformation. Such a transfor-
mation is necessary when the population value of
the correlation coefficient is expected to be other
than zero (Hays, 1963). These distributions of Z’
scores were then compared with a dependent t test.
With respect to the first research hypothesis, two
nonorthogonal comparisons are relevant. Of par-
ticular interest is the comparison between the Nor-
mative Regression model and the Functional Sub-
jective model. This statistically significant difference
(t(46) = 3.88, p < .01) shows that the appropri-
ate scaling of the stimulus dimensions result in a
subjective weight model that better reproduces the

Figure 1
Percentage of Decision Variance Accounted for
as a Function of the Two Scaling Procedures and

the Two Weighting Strategies Employed in
Experiment 1
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decision maker’s judgments than does a regression
model employing normative cue scaling. Once the
psychological experience in evaluating the stimuli
is considered, the utility of the subjective weights
becomes apparent and exceeds the Normative

Regression model.
The second important comparison involves the

two models utilizing functionally scaled predictor
values. The difference between the Functional Sub-

jective and the Functional Regression models is not
significant (via t test). This finding suggests that
although regression models utilizing unscaled pre-
dictor cues may be superior to subjective weight
models employing unscaled predictor cues, the dif-
ference is minimized when each individual’s per-
sonal scaling of the stimuli is taken into account.
Since both models perform similarly in reproducing
the decision maker’s judgments, there does not seem
to be any basis for preferring one over the other in
terms of generating inferences about the decision
strategy.

Also of interest in the present experiment was
whether the use of individually scaled predictor
cues would reduce the often reported differences
in description of decision strategy as inferred from
a consideration of subjective and statistical weights.
To facilitate the comparison of subjective weights
with regression weights, all betas were transformed
to a metric referred to as relative weights, as rec-
ommended by Hoffman (1960). For each decision
maker the relative weight of each predictor cue was
computed according to the formula

where RW is the relative weight for a predictor cue
and is a function of the beta weight of that cue (B),
as well as the zero-order correlation between the
cue and the criterion (r), and the squared multiple
correlation coefficient associated with the set of

predictor cues and criterion (R 2) . The relative weight
associated with each cue indicates the percentage
of explained variance accounted for by that cue.
Since the relative weights sum to 100, they may
be compared directly with the subjective weights
obtained from the subject which also sum to 100,
and may be tested statistically via Hotelling’s T2.

Examination of Figure 2 shows that although the
difference between subjective weights and relative
weights is reduced when relative weights are de-
fined via functionally scaled stimuli (T 2 = 120.6,
F = 17.9, p < .001 ) rather than normatively scaled
stimuli (T 2 = 128.6, F = 19.1, p < .001), the

change is minimal. Even for the case in which the
predictor dimensions are scaled for each decision
maker, major differences in the profiles of subjec-
tive and regression weights are obtained.

Experiment 2

In contrast to the methodology employed by
policy-capturing researchers, the results of the first
experiment has shown that the use of predictor cues
scaled for each decision maker results in a decision

model that performs much better in terms of re-
producing the decision maker’s judgments. In Ex-
periment 1, the subjective scale values were ob-
tained indirectly from the decision maker using a
mathematical procedure.

Figure 2
A Comparison of the Subjective Weighting
Strategy with the Two Statistical Weighting

Strategies Obtained Using Scaled and Unscaled
Predictor Cue Levels (SAL = Salary,

SCH = Schedule, DUR = Project Duration,
SIZ = Size of Work Group,

ADV = Opportunity for Advancement,
DEV = Potential for Professional Development)
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In Experiment 2, two different models were em-
ployed to estimate the subjective stimulus scales
for each decision maker. One of the scales was

computed from a mathematical analysis of the de-
cision maker’s judgments, while the second was
based on the ratings of the levels of each cue di-
mension obtained from the decision maker. If both

cue scales result in a similar description of judg-
ment strategy, it can be argued that both the rating
data and mathematically derived scales provide a
reasonably equivalent estimate of the subjective
value of the stimulus cues.

Method

Subjects. Forty-six subjects enrolled in an in-
troductory psychology class at the University of
California, Riverside, participated in the test and
retest phases of the experiment. The two sessions
required about 1 hour each and were separated by
1 week. Subjects were tested in groups and re-
ceived course credit for their participation in the
experiment.

Decision task. Subjects rated hypothetical dat-
ing partners on the basis of five predictor cue di-
mensions. These consisted of intelligence, physical
attractiveness, social status, religiosity, and dating
activity. Within these five dimensions five levels
were selected such that they represented degrees
of the attribute that might be encountered in a po-
tential dating partner. Figure 3 provides a sample
description and a response scale.

Procedure. The experiment consisted of two

sessions, the second being an exact replication of
the first. In each session subjects were provided
with a booklet of stimulus materials similar to that

employed by Zedeck (1977) and were given a brief
description of the decision task by the experimen-
ter. A more complete set of instructions was con-
tained in the test booklet.

Prior to the judgment task, subjects rank ordered
the five levels of each cue dimension according to
their willingness to date a person with that attribute
(with a &dquo; 1 &dquo; indicating a person he or she would
not like to date and with a &dquo;5&dquo; indicating a person
that he or she would like to date very much). The
levels for each cue dimension were presented on a
single page, one above the other, and ordered ran-
domly.

After completing the rating task described above,
100 experimental trials were presented. For each
of these trials, subjects read a paragraph consisting
of one level of each of the five predictor cues and
indicated how willing he or she would be to date
the person described on a 1 to 5 scale (where a
&dquo; 1 &dquo; indicated someone he or she would not like
to date, and a &dquo;5&dquo; indicated someone they would
like to date very much). The distribution of stim-
ulus cues was rectangular, and the intercorrelations
among the predictor pairs was exactly zero.

After completing the judgment task, the five pre-
dictor cue dimensions were listed on a single page
and subjects were instructed to allocate a total of
100 points according to the relative importance, or
weight, of that cue dimension in their evaluation
of a hypothetical dating partner.

Figure 3
An Example of One of the 100 Stimulus
Paragraphs Presented in Experiment 2

This person is physically attractive. She comes from an upper middle
class background and enjoys going out one weekend a month. Based on

various measures, she exhibits a slightly below average intelligence.
She is very religious.

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



166

Stimulus scaling. Four different procedures were
employed to scale the predictor cues. The four pre-
dictor cue scales developed were
1. A Priori scale: Each of the five levels of the

five predictor cue dimensions generated by the
experimenter were assigned values 1 to 5 on
the basis of the cue attribute’s relative location

along the cue dimension (i.e., for the intelli-
gence cue dimension a &dquo; 1 &dquo; was assigned to
the level of &dquo;below average,&dquo; while a &dquo;5&dquo;
was assigned to the level of &dquo;genius&dquo;).

2. Rating scale: The individual ratings, or rank
ordering, of the levels of each cue dimension
presented prior to the presentation of the stim-
ulus paragraphs were employed as scale values
for each of the five predictor cue dimensions.

3. Normative cue scale: A Normative cue scale
for the 46 subjects in the experiment was gen-
erated by computing the mean ratings asso-
ciated with each of the cue levels for a given
cue dimension. Within each cue dimension these
mean values were then rank ordered and as-

signed the values 1 to 5, where a value of &dquo; 1 &dquo;

Figure 4
Normative Predictor Cue Scales Plotted as a

Function of the A Priori Cue Scale Values for

the Five Cue Dimensions Employed in
Experiment 2

was associated with a relatively unfavorable
attribute and a &dquo;5&dquo; corresponded to an attri-
bute that the group found very desirable in a

dating partner. Comparisons of the A Priori
scale and Normative cue scale values are shown
in Figure 4.

4. Functional cue scale: A Functional cue scale
for each subject in the experiment was com-
puted by calculating the mean value of the
decision maker’s judgments across the 100

paragraphs for each level of the five predictor
cues. Within each cue dimension these mean
values were then rank ordered and were as-

signed the values 1 to 5, where a value of &dquo; 1 &dquo;

was associated with a relatively unfavorable
attribute and a &dquo;5&dquo; corresponded to an attri-
bute that the decision maker found very de-
sirable in a dating partner.

Weighting strategy. As in the previous exper-
iment, two different weighting models were com-
pared. In one the points allocated to the five pre-
dictor cues were used as estimates of relative

importance, or weight, in the linear model. Esti-
mates of relative importance were also calculated
by a least squares regression analysis of the pre-
dictor cues and resultant judgments.

Results and Discussion

Eight different decision models were developed
for each subject (four types of stimulus scales crossed
with two weighting strategies). Each model was
employed to predict the ratings obtained for the
100 stimulus paragraphs in the retest phase of the
experiment, and the zero-order correlation between
these predicted values and the subjects’ judgments
were calculated. The mean proportion of variance
accounted for by each of these models is shown in
Figure 5. These correlations were converted to Z’
scores following Fisher’s r to Z’ transformation,
and a repeated measures ANOVA (predictor cue
scale by weighting strategy) was performed. The
results of this analysis showed a significant main
effect for cue scale (F(3,135) = 25.3, p < .001)
as well as a significant main effect for weighting
strategy (F(1,45) = 34.7, p < .001) and a sig-
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Figure 5
Mean Percentage of Decision Variance

Accounted for as a Function of the Four Scaling
Procedures and Two Weighting Strategies

Employed in Experiment 2

nificant interaction between these two variables

(F(3,135) = 19.1 p < .001).
An analysis of these same data allows for the

consideration of five different decision strategies
for each decision maker. Four of these models em-

ploy relative weights (Hoffman, 1960) derived from
a consideration of the beta weights and multiple
correlations associated with each of the regression
weight models, while the fifth model of decision
strategy was determined directly from the points
allocated by each decision maker to the five pre-
dictor cue dimensions. The mean weightings as-
sociated with each of these descriptions of the de-
cision strategies are shown in Figure 6.

Again, it was of interest to determine whether

the use of subjectively scaled predictor cues would
eliminate the discrepancy generally reported in the
literature between the descriptions of decision strat-
egy obtained directly from the decision maker and
those inferred from a regression analysis of the
predictor cues and criterion judgments. This hy-
pothesis was tested with Hotelling’s T2 test com-
paring the subjective weight model with the Nor-
mative model ( TZ = 57.26, F(5,41) = 10.43,
p < .001), the Rating model (T 2 63.27,
F(5,41) = 11.53, p < .001), as well as the Func-
tional model (T 2 = 47.58, F(5,41) = 8.67,
p < .001). The hypothesis that the differences be-
tween the subjective and regression weight models

could be explained wholly in terms of stimulus

scaling was not supported by the data of the present
experiment.
One other comparison between the descriptions

of weighting strategy is of particular interest. It

was hypothesized that the Functional and Rating
scaling procedures would yield equivalent esti-

mates of the subjective scale values and, accord-
ingly, identical descriptions of the decision strat-
egy. However, a comparison of these two models
revealed that they differed significantly (T2 = 41.95,
F(5,41) = 7.65, p < .001) in their descriptions
of the decision strategy. Although such a finding
seems inconsistent with the experimental hypoth-
esis, a consideration of the procedure used to gen-
erate the scales allows for a more guided conclu-
sion. The Functional scale values were assigned
on the basis of the mean judgments produced by
the decision maker for the five levels of each pre-
dictor cue. For predictor cues contributing very
little to the ultimate judgment, it is to be expected
that the scaling of cue value would tend to be un-
reliable. For the extreme case in which a cue di-

mension contributed nothing to the judgment, the
procedure by which numbers are assigned to the
cue levels must, of course, be irrelevant. Similarly,
it may be that decision makers do poorly in ranking
cues that they consider unimportant in evaluating
a hypothetical dating partner. Such an analysis sug-
gests that a high level of agreement would be ex-
pected for relatively important cues, but the weight
inferred about cues of lesser importance may differ
as a function of the procedure employed to derive
the subjective stimulus scales. The differences in
relative weights for the models based on the Rating
and Functional scaling was tested by performing a
dependent t test for each predictor cue dimension.
It appears that the overall significant difference
between the two descriptions of weighting strategy
was produced almost entirely as a result of differ-
ences in the specification of the weight of the social
status cue (t(45) = - 5.69, p < .001). Although
the two scaling procedures generated relative weights
whose means differed by only 1.76 units, the Func-
tional scale very reliably overestimated the weight
of the social status cue compared to the weight
assigned by the Rating scale procedure. The dif-
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Figure 6
A Comparison of the Subjective Weighting Strategy with

the Four Weighting Strategies Computed from a Regression Analysis
of the Predictor Cue Scale Values and Criterion Judgments

ferences in relative weights determined by the two
scaling procedures was found to be marginally sig-
nificant for one other predictor cue. For this case
it was found that the Rating scaling procedure tended
to overestimate the weight of the religiosity cue
(t(45) = 2.07, p < .05). Once again, the mean
difference in weight assigned to this cue was ex-
tremely small (1.11 units).

In this experiment two different methods were
employed to scale the stimulus cues for each de-
cision maker. For the Rating scale the scale value
of each predictor cue was assigned on the basis of
information obtained directly from the subject, while
for the Functional scale the scale values for each
cue were inferred from a consideration of the re-

sponses produced in the judgment task. Models
based on either of these two scales better repro-
duced the decision makers’ judgments than did those
models using the Normative scale (see Figure 5).
Obviously not all (and possibly none) of the de-
cision makers experienced the stimulus cues ex-
actly as specified by the Normative scale, and when
these inappropriate cue scales were employed to
model the judgments obtained for the decision task,
the resultant decision model performed poorly. This
certainly suggests that in modeling decision mak-

ing, the researcher must not assign stimulus values
on the basis of personal beliefs about norms, or by
the location of a particular stimulus along a phys-
ical continuum. More importantly, the studies pre-
sented in this paper show that even a Normative

cue scale is inappropriate.
Aside from the question of how well the different

scaling procedures can reproduce the product of
the decision processes, what do the models tell

about the nature of the processes themselves? Each

of the models seem to show that the cue attributes
of intelligence and physical attractiveness play an
important role in rating the perceived desirability
of a hypothetical dating partner, whereas the social
status cue and dating activity cues do not. While
the religiosity cue appears to be of intermediate
importance in evaluating hypothetical dating part-
ners, the weight associated with this cue varies

from moderate to high, as a function of the decision
model under consideration.

In the absence of any external criterion, it is

impossible to specify which, if any, of the descrip-
tions of judgment strategy adequately represent the
underlying decision processes. However, an in-

spection of Figure 6 reveals a remarkable corre-
spondence between the weighting strategies deter-
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mined by the Rating and Functional scaling
procedures. Such a similarity in description of

judgment strategy is possible only if both proce-
dures yield corresponding estimates of the subjec-
tive experience associated with the levels of each
predictor cue dimension. Of course, it might be
argued that simply because the two procedures pro-
duce similar estimates, it does not automatically
follow that either are appropriate estimates of the
subjective experience associated with the stimulus
cues. This argument does not seem tenable, how-

ever, when the dissimilar nature of the tasks em-

ployed to produce the scales are considered. Since
a similar subjective scale resulted from two con-
vergent operations, and the use of this type of scale
resulted in a decision model that performed much
better in reproducing the decision makers judg-
ments, it seems reasonable to conclude that the use

of either procedure yield an appropriate specifi-
cation of the subjective experience associated with
the stimulus cues. It is only through the use of

procedures such as these for specifying predictor
information that sense can be made out of the spe-
cific weights decision makers place on the cues in
forming their composite judgments.

Discussion

The two studies presented in this paper confirm
the hypothesis that the scaling of stimulus cues for
each decision maker results in a judgment model
that is much more successful in reproducing the
decision maker’s responses than models employing
the same cue scales for all decision makers. The

pattern of results obtained from these experiments
was extremely consistent, even though quite dis-
similar procedures were employed to obtain the
scales.

One procedure required the subjects to rank or-
der the levels of each cue dimension, and then these

ratings were employed as the scale values of the
stimulus cues. Another procedure required the

stimulus cues to be scaled on the basis of average

judgments produced in the actual decision task.

Despite the dissimilar nature of the scaling pro-
cedures, the use of both procedures resulted in a
more predictive judgment model than did models

employing the Normative cue scale values for all
decision makers. The finding is even more striking,
since the Normative cue scales were developed from
responses obtained from the same sample of de-
cision makers to which they would be applied.
Clearly, if optimizing the product of the decision
processes is desired, then for each decision maker
the subjective experience associated with the stim-
ulus cues must be considered. The use of Nor-

mative cue scales in decision modeling will always
be deficient to the extent that any decision maker’s s

experience differs from the normative values.
The results of the present experiments also help

explain the disparate reports about the performance
of the subjective vs. regression weight models in
reproducing the decision maker’s judgments. Sev-
eral researchers have compared the performance of
the two models and have concluded that the regres-
sion model is the more adequate decision model
(e.g., Permut, 1973; Slovic et al., 1972; Slovic
& Lichtenstein, 1971; Summers et al., 1970; Ze-
deck, 1977). This conclusion is evidently based on
some early empirical data indicating a clear su-
periority for the regression weight model with re-
spect to a prediction criterion. On the other hand,
several other investigators have recently reported
that the performance of the subjective weight model
is more comparable to that of the regression weight
model (e.g., Cook & Stewart, 1975; Jacobs & Cot-

ton, 1979; Schmitt, 1978). Even though most of
these studies have reported that the regression weight
model performs better than the subjective weight
model, the difference is not large. Although the
latter studies employed procedures designed to

minimize a statistical artifact favoring the regres-
sion model, a comparison of the relative perfor-
mance of the various weighting models of Exper-
iment 2 suggests an additional explanation for these
conflicting reports.
When the scaling of the stimulus cues is clearly

not representative of the decision maker’s subjec-
tive experience (as in the case of the A Priori stim-
ulus scales for many decision makers), the subjec-
tive weight model will almost certainly be quite
inferior to the regression weight model. This dif-
ferential performance is obtained because the sub-
jective weights are specified without regard to the
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decision maker’s judgments and are thus fixed re-
gardless of whether an appropriate or inappropriate
stimulus scale is to be employed. On the other
hand, the regression weight model can compensate
for even poor stimulus scaling by generating the
least squares best fit between the stimulus scale and

the obtained judgments. As such, it is hardly sur-
prising that when inappropriate stimulus scales are
employed in the modeling procedure, it is found

that the regression model performs much better
than the subjective weight model, even when both
models are cross validated.
A somewhat different finding is obtained when

more adequate procedures for stimulus scaling are
employed (i.e., the Normative scale to some extent
and, certainly, the various stimulus scales devel-
oped for each decision maker). For these cases the
subjective weight models perform more compara-
bly with the regression weight model. With regard
to the results of the present investigation, it is sug-
gested that the magnitude of the differential per-
formance between the subjective and regression
weighting models may be more indicative of the
adequacy of the researcher’s scaling procedures than
an indicator of which model best describes the un-

derlying decision processes.
The differences in interpretations that result from

the use of normatively vs. individually scaled pre-
dictors may have important consequences in the

manner such information is used. For instance,
Zedeck (1977) has advocated an information-

processing analysis of motivation in which orga-
nizations offer benefits based on employee pref-
erences for organizational rewards. He suggests
that the &dquo;cafeteria style reward plans ... in which
employees can choose their own benefit packages,
could more easily be implemented if organizations
understood the real preferences and priorities of
their employees&dquo; (p. 75). Presumably, these real
preferences would be based on a regression anal-
ysis rather than those offered by the employee. In
light of previous studies, such an interpretation might
be defended. However, the results of the present
studies suggest that there is no compelling statis-
tical basis for the adoption of the regression model
over the subjective model. As such, the subjective
model may in fact be the more attractive of the

two, since it allows the individual the greatest op-
portunity to exercise control over his or her own
rewards.

Although it was the original intent of this in-

vestigation to better understand the discrepancy be-
tween the profiles of weights obtained via different
methods of analysis, this study still leaves many

questions unanswered. Why are different descrip-
tions for decision processes still obtained depen-
dent on the procedures for obtaining these weights?
What are the practical consequences of the differ-
ing profiles? Which, if any, of the explanations of
process are ultimately related to the decision ren-
dered and subsequent real world behavior? Clearly,
further research is needed to help understand the
nature of the difference in variable weighting. It is
hoped that this investigation has pointed out the
need to look not only at the problems associated
with variable weighting but also at problems that
may precede the combination of information such
as the perception of stimulus values.

In summary, it is suggested that stimulus scaling
at the level of the individual subject will result in
policy-capturing models with more predictive power.
Further, this study has shown that the relative per-
formances of models based on regression weights
and models which employ weights generated by
the subject are heavily dependent on methodolog-
ical variables. As such, it cannot reasonably be
concluded at this time that people are unaware of
the manner in which they use information and that,
if there is to be an understanding of the way people
utilize information, there must not only be concern
about variable weighting but also consideration of
the subjective experience the individual decision
maker has with respect to the levels of each vari-
able.
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