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Bootstrapping of Data and Decisions

JOEL HUBER*

Bootstrapping is a way of improving human decisions by replacing raw
judgments with a simple model of those judgments. Past work in the boot-
strapping of decisions is reviewed and it is shown that the same technique
can be used to upgrade the quality of data used by behavioral scientists.

Bootstrapping involves the substitution of a simple
linear model of judgments in place of the judgments
themselves. It has been found that in many decision
making contexts the bootstrapped decisions are better
than the judgments from which they were derived. It
appears that the linear model is quite successful at
capturing the policy of the judge and then making
decisions without human inconsistency. Most of the
work done on bootstrapping has been done in a con-
text—such as forecasts—where the criterion or accu-
racy is clearly defined. This paper reviews past work
done in bootstrapping and shows that it can be used
to upgrade the quality of subjective judgments (data).
These judgments have no ultimate criterion of accu-
racy but are evaluated in terms of their usefulness as
input to a predictive model. Implications are explored
as to the use of bootstrapping of both data and deci-
sions in consumer behavior.

Bootstrapping of decisions has generally taken the
following paradigm. Subjects are given sets of cues by
which to make decisions. These might be test scores
and evaluations used to determine college admissions.
A simple additive or linear model is formed predicting
judgments as a function of the cues. When a suitable
criterion for accuracy exists, such as eventual rank in
class, the simple model has generally been found to be
more accurate than the raw judgments. That is, the
correlation of the ultimate criterion with the model is
generally greater than its correlation with the raw judg-
ments used to derive the model. The replacement of
raw judgments with this linear combination of cues has
come to be called “bootstrapping,” a term coined by
R. M. Dawes. In effect, the raw judgments “lift them-
selves up by their bootstraps.” Two examples illustrate
this technique.

One of the first studies to suggest that simple models
of decisions might produce good decisions was Yntema
and Torgerson (1961). Subjects were provided with

* Joel Huber is Assistant Professor of Industrial Administra-
tion, Krannert School of Industrial Administration, Purdue
University.

ellipses of different size, shape and color. Worth was
defined so as to increase nonlinearly with increases in
size, thinness and brownness. After a ten day training
period consisting of giving subjects feedback on their
predictions of worth, subjects were required to make
a battery of 180 judgments without feedback. The av-
erage product moment correlation between these judg-
ments and the true worths was 0.84. A simple addi-
tive bootstrapping model derived from predicting these
judgments as functions of size, shape and color yielded
an average correlation with the true values of 0.89.
Thus, the additive bootstrapping models were more
accurate than the judges in spite of the fact that these
models could not take into account interactions, while
the human judges presumably could.

Goldberg (1970) used judgments of clinical psy-
chologists to build a model to discriminate neurotics
from psychotics. The predictor variables were scores
on the Minnesota Multiphasic Personality Inventory,
a test which provides a profile of patients along 11
dimensions. The bootstrapping model provided supe-
rior predictions of later diagnosis for 26 out of the 29
judges. Similarly, Dawes (1971) found that admis-
sions evaluations have a higher correlation with actual
achievement if derived from a bootstrapping model of
judgments rather than the judgments themselves. Bow-
man (1963) and Kunreuther (1969) were able to
demonstrate improved decisions in the field of produc-
tion management; while in marketing, Heeler et al.
(1973) and Montgomery (1972) have modeled the
decisions of buyers for supermarket chains with similar
results.

WHY BOOTSTRAPPING WORKS

Bootstrapping works because the linear model is
able to make extremely good approximations of most
decision processes. The model then makes these judg-
ments without random error. Thus by bootstrapping
one replaces the random error of the judge with the
nonrandom error of the model. This nonrandom error
can be broken into two components: (1) a calibration
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error due to insufficient sample size to estimate reli-
ably the parameters or (2) a specification error due to
the inability of the linear model to capture the com-
plexities of what the judge is doing. These two sources
of error will be discussed in an attempt to explain why
their sum has generally been less than the error of raw
judgments.

Calibration error reflects a fairly minor component
of the error in a bootstrapping model. Dudycha and
Naylor (1966) provided subjects with cues and worths
that were related by a linear model with different levels
of error. After a learning period, the bootstrapped
models of judgments on 50 stimuli had average corre-
lations with the optimal model of better than 0.90.
Even when the beta coefficients appear to be unstable
themselves due to multicollinearity, the predictions
from such a model tend to be quite stable.

Specification error reflects the inability of the linear
model to account for nonlinearities or interactions in
the judgment process. The early researchers of para-
morphic representation (concentrated mainly at Ore-
gon Research Institute) saw the linear model as a first
approximation to the decision process which would be
modified later by nonlinear and interactive compo-
nents. Then a funny thing happened. Adjustments to
the linear model provided very little improvement to
predictive accuracy. This result was anticipated by
Yntema and Torgerson (1961) who found that a main
effects model Y = a; + b; + ¢ accounts for over 90
percent of the variance of data generated by the multi-
plicative model Y = ij 4 ik + jk (where i, j, and k
are integers between one and seven). In general, one
loses very little by approximating such a decision pro-
cess with only the main effects.

In a large simulation study Rorer (1971) tested
the ability of the linear model to approximate data
generated by interactive and configural models. These
included interactive and configural terms as well as
disjunctive and conjunctive step functions and elab-
orate lexicographic models. The linear model was gen-
erally able to account for over 70 percent of the vari-
ance. Furthermore, given the level of error typically
found in human judgment, the interaction term would
not be significant. With such data the analysis of vari-
ance generally lacks the power to measure interactions,
even where they, in fact, exist. This result appears to
be quite general as long as the criterion variable is
conditionally monotone with respect to the cues. That
is, if the direction of the effect of a cue is the same
regardless of the levels of the other cues. Cues which
are conditionally monotone appear quite often in
judgmental situations. For example, economy, perfor-
mance, styling and closeness to mid-sized are all at-
tributes which in a rational man might be conditionally
monotone with his judgments of overall worth of auto-
mobiles. Research has shown that if this is the case then
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a linear model will do a good job of approximating
the judgments.

While the bootstrapping of decisions generally pro-
duces better results than the decisions from which it
was derived, it generally does not produce the best
linear decision scheme available. Simply regressing the
cues directly on the criterion produces better results
than going through judgments (Meehl, 1954). In fact,
Dawes and Corrigan (1974) show that linear models
with random coefficients (but the correct sign) do as
well as the bootstrapping models. Thus bootstrapping
models are not to be seen as magical or in any sense
optimal linear models, but merely a method for pick-
ing the appropriate variables and weighing them in the
right direction. Furthermore, if an unambiguous crite-
rion exists, a better model can be derived by regressing
the cues directly on it.

It could be argued that there are many situations
where the “optimal” linear model derived from a re-
gression of cues on the criterion is less valid than the
bootstrapping model derived from a regression of cues
on decisions. Consider the admissions problem. Boot-
strapping does not do as well as an optimal linear
model in predicting rank in class. However, it is feasi-
ble that the admissions committee is taking into con-
sideration other goals, such as racial balance or being
well-rounded. These considerations would be reflected
in the coefficients of the bootstrapping model but not
in a mode] calibrated to class rank. Thus if the objec-
tive is to provide a model that satisfies the judge’s
implicit goals, bootstrapping provides at least a first
step in this direction. It is this quality that makes boot-
strapping particularly appropriate to many problems
in consumer behavior.

DATA BOOTSTRAPPING

The typical validations of bootstrapping have used
judgments, such as forecasts, for which the ultimate
criterion for accuracy is easily specified. Further, the
cues that go into the judgments have been clearly
specified and known to the subject. This study con-
siders the applicability of bootstrapping to data that
serve as input to behavioral models and generally lack
the above qualities. A response of a subject to a stimu-
lus or question cannot have ultimate validity but only
be considered better or worse to the extent that it can
be related to other responses or behavior on the part
of the subject. For example, the superiority of a mea-
sure of intention to purchase can be ascertained on the
basis of its correlation with actual purchases. In the
same way bootstrapping will be evaluated on the basis
of its effectiveness in improving input to a behavioral
model.

The present study represents an attempt to evaluate
bootstrapping on preference judgments of particular
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samples of iced tea. All analysis is done on the basis
of the individual subject. The test between boot-
strapped and raw judgments is made by comparing
which provides better predictions of preference.

Input and Predictive Models

The preference judgments from a convenience sam-
ple of 22 people were used for this study. Each was
required to make judgments on samples of Lipton iced
tea that differed in the amount of sugar and tea accord-
ing to a balanced design. As is illustrated in Figure 1,
they were required to make independent judgments on
7 validation stimuli and 16 calibration stimuli.

For each subject the analysis revolved about the
following data.

P, = Preference scale for stimulus i, i-1,16 for the
calibration stimuli and i-17,23 for the valida-
tion stimuli. This scale was formed for each
set from preference differences using Scheffé’s
(1951) method of analysis modified for analy-
sis of individual data.

8y = Judgment as to the degree to which stimulus i
has too much, or too little, sugar (k = 1) or
tea (k = 2). These were coded on an integer
scale from —3 to -3, negative numbers in-
dicating too little, zero indicating optimum,
and positive numbers indicating too much of
the ingredient.

xg = Objective level of sugar (k=1) and tea
(k = 2) for stimuli i.

RELATIONSHIP OF 7 VALIDATION STIMULI (@)
EMBEDDED IN 16 CALIBRATION STIMULI (+)

Level + + + +
[ ()
of + + + +
Tea [ ] 0 ]
+ + + +
(log L 0
+ +
scale) + +

Level of Sugar
(log scale)

Preference for iced tea of 16 stimuli (+) are
used to calibrate models to predict individual
preference ‘on 7 valication stimuli (0).

FIGURE 1
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Using data on the calibration stimuli, preference for
each subject

P, = f(8x) = bo + b1 |81| + bs| 8y 1)

is estimated by multiple regression. This is a version
of the familiar weighted-additive model. The absolute
value of the §;’s can be interpreted as the distance
from stimulus i from the ideal along dimension k.
Thus preference is assumed to be a function of the
sum of weighted distances along these psychological
dimensions.

The bootstrapping model relates the 8;’s to the real
levels of sugar and tea. This is for dimension &

O = 8(Xik) = bor + brwxin + Darxso. (2)

The bootstrapping model given in this equation assumes
the amount of change desired in tea and sugar in a
linear function of the actual values of these variables.
If, for a given individual, preferences are single-peaked
or monotone within the physical space, then the physi-
cal levels will be monotone with the §;’s. Further-
more, since linear functions have been shown (Rorer,
1971, Dawes and Corrigan, 1974) to produce close
approximation to most monotone functions, the linear
model appears reasonable in this case. This is further
supported by the fit of the calibration stimuli to Equa-
tion 2. The average product moment correlation across
subjects was .84 for sweetness and .62 for tea.

A Test of Data Bootstrapping

The data to be bootstrapped are the subjective esti-
mates of sugar and tea (8;’s). These are related to
actual levels of sugar and tea in Equation 2 (8 =
g(xs) ). Bootstrapping is tested by comparing the ef-
fectiveness of the predicted data against the raw data
as input to the preference equation (P; = f(8i)).
This comparison is made at two junctures of the pre-
diction process: (1) to parameterize the preference
equation and (2) as input to the parameterized model.
In both cases the predicted §;’s are simply substituted
for the raw §;’s to test bootstrapping. The criterion is
which input provides better predictions of the valida-
tion stimuli.

As is shown in Figure 2, using bootstrapping to
parameterize has relatively little effect. However, its
use on models that have been parameterized produces
large and significant gains in prediction.

If one considers the bootstrapping equations to be
the first stage in a two-stage model, then using boot-
strapping to parameterize the preference model is
equivalent to two-stage least squares. This procedure
has some theoretical advantages in that errors of the
bootstrapped values are not correlated with the error
terms of the preference scores. In this case, however,
the two-stage model did not produce significant gains
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NO YES
Significance
of 70
NO .70 Difference* :
€ NS ——P~
I p < .05
p < .10 p < .05
1 p < .10 l
YES .77 € NS> .80
FIGURE 2

Effect on Prediction of Using Bootstrapping Measures
of Subjective Sugar and Tea for Parameterizing
and as Input to Predictive Model

Root-mean-square of product moment correlation of pre-
dicted to actual preference scale.

Bootstrapping Used to Parameterize

Bootstrapping
Used in Model
for Prediction

* The significance of the difference in the predictive fit of a
air of models is done by taking the difference between the
Fisher (1922) z-transform of the correlations for each subject.
A t-test is then used to test the null hypothesis that this differ-
ence is uniformly zero across the 22 subjects in the study.

probably because the errors in the &y’s are relatively
random and because of the well-known robustness of
linear regression to random error in the independent
variables.

By contrast, using bootstrapping to produce vari-
ables as input to the parameterized models produced
large gains in predicting the preferences on the valida-
tion stimuli. This result could only have occurred if
the bootstrapped values were, in fact, more accurate
estimates of subjective sugar and tea than the original
data.

DISCUSSION

Bootstrapping could be used to upgrade the quality
of data in a variety of behavioral science contexts.
For example, judgments of sportiness in automobiles
could be modeled as linear functions of speed, accel-
eration, width-to-height ratio, and cornering ability. As
input to a second model involving product choice these
bootstrapping models would provide not only greater
reliability but also assistance to designers interested in
translating “sportiness” into product specifications.

In another context subjects could be asked to pro-
vide preferences on houses built to various specifica-
tions. If the specifications form a balanced design over
the different houses, then it is possible to derive an
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additive model that decomposes total preference into
a utility value for various levels of each attribute. It is
hypothesized that the predicted preferences would be a
better predictor of later choice between stimuli than
the raw preferences.

The use of a model to impart reliability to raw
data is hardly novel in behavioral research. The tech-
nique perhaps most closely related to the above use
of data bootstrapping is spatial or temporal smoothing.
Instead of assuming a global linear relationship, these
techniques assume local linearity so that each point can
be approximated by a simple function of several con-
tingent points. MacKay (1973) used spatial smooth-
ing to impart greater reliability to store-usage data and
found that this resulted in better fits and more inter-
pretable solutions to the quadratic regressions which
were used to produce market penetration maps. Even
in cases where there is not an objective physical or
temporal dimensionality, the assumption of linearity is
used to improve data quality. Factor analysis assumes
a linear relationship between variables and uses this to
impart redundancy in the factors. In the same way the
bootstrapping equations used in this study employ a
particular linearity assumption to increase the reliabil-
ity of any particular judgment by forcing it to be
consistent with the other judgments in the set.

There is a simple preliminary test to determine
whether a bootstrapping model will upgrade the qual-
ity of data. It requires one replication of the original
judgments. A bootstrapping model calibrated on each
half is validated against the other half. The average
correlation is called the “double cross-validated corre-
lation.” This is compared to the reliability of the judg-
ments which is simply the correlation between the two
halves. If the model is exact, the cross-validated corre-
lation should approach the square-root of the reliabil-
ity. It will not be exactly so unless the sample of
judgments is infinite. For practical purposes, however,
if the cross-validated correlation is greater than the
reliability of the judgments, then the bootstrapping
model is better at predicting the raw data itself. There
are some risks attached to this procedure. One is that
the two replications may not be independent draws
from the same judgment process but may reflect a
change of viewpoint or merely a repetition of the first
judgments. The second problem is that the boot-
strapped relationship, however optimal it might be with
respect to the judgments, may not be at all optimal
with respect to the criterion or use to which it is being
put. In Einhorn’s (1970) study, the optimal combina-
tion of cues to predict the criterion was disjunctive
while the optimal bootstrapping model was conjunctive.

To avoid just these kinds of problems Kunreuther
(1969) advocates the use of bootstrapping only when
(1) the decision rules are constant over time, (2) the
model and resultant coefficients make theoretical sense
and, (3) are statistically significant. While these rules
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apply more in a production programming context than
the present one, certainly the call for a priori consid-
eration of the bootstrapping model is valid.

IMPLICATIONS FOR CONSUMER
BEHAVIOR

The decompositional models that have been consid-
ered here as bootstrapping models are likely to be as
good at “capturing” consumer decisions as they have
been of capturing the decisions of admissions commit-
tees, psychologists and production planners. It is also
likely that the same frustrating search for interactions
and mediator variables that has occurred in these areas
will be paralleled in research on consumer behavior.

Some of these potential difficulties in uncovering in-
teractions and nonlinearities can be illustrated in the
problem of discriminating between judgments produced
by conjunctive and disjunctive decision rules. Consider
the conjunctive decision rule. Here a judge finds a
stimulus more acceptable if it is high with respect to all
attributes. The isopreference (or isoacceptance) con-
tours are convex to the origin. By contrast, the disjunc-
tive decision rule accepts a stimulus if it is high on at
least one attribute, and thus produces concave isopref-
erence contours. These are illustrated in Figure 3.

The problem of discriminating between the two rules
occurs when the cues are themselves positively corre-
lated. This commonly happens in real situations and
means that most of the data points are in Regions 2
and 4. Unfortunately these regions result in identical
decisions under both rules. The answer to this problem
is, as advocated by Einhorn (1970) and Anderson
(1970), to provide cues in a balanced design so that
Regions 1 and 3 have enough data points to discrim-
inate between the models. There are two problems as-
sociated with this strategy, however. Since, due to their
positive correlation, cues in these critical regions are
rare, decisions on such unfamiliar combinations may
be difficult. Furthermore, the conjunction of certain
cues might be considered simply unbelievable. In either
case the judge’s strategy might change and thus not
reflect decision rules in other regions of the space. The

NV 0. 00
QLK HX XKD
\\1 RS
F\'\\ A "2’:“ A’? <— Conjunctive

Cue Z—r

Disjunctive

Cue 1

FIGURE 3
Isoacceptance Curves Under Different Decision Rules

Region 2 accepts under conjunctive rule, while region 1, 2
or 3 accept under the disjunctive rule.
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second problem occurs whenever a judge is required
to do a series of judgments according to a pattern of
cues. At least one conceivable response is for the sub-
ject to determine a simple decision rule that enables
quick completion of the experimental task. This deci-
sion rule might or might not reflect the judge’s deci-
sions in the field. Thus the researcher of decision
processes is in a familiar dilemma. The researcher must
introduce artificial or unfamiliar stimuli in order to
discriminate between models, but this artificiality leads
to uncertainty as to whether the results reflect authen-
tic decision behavior or merely taskmanship on the
part of the subject. It is likely that future researchers
in consumer behavior will not be able to get between
the horns of this dilemma but will continue to be
impaled on one tip or the other.

CONCLUSION

The user of bootstrapping, to the extent that he is
more concerned with approximating than understand-
ing decision processes, is content to use the robust
linear models and rest secure in the knowledge that
rare combinations of cues and nonlinearities have little
effect on explained variance. Such predictive, decom-
positional models can, however, be quite useful in the
study of consumer behavior. They could be used as a
preliminary normative step to enable the consumer to
understand the implications of his own decision pro-
cesses. Alternatively, they could be used by regulatory
agencies as a first approximation of what the consumer
decision process is. Values then might be inferred from
decisions rather than imposed from above.

In contrast to bootstrapping of decisions, bootstrap-
ping of data is likely to have more limited use in con-
sumer behavior. It can be seen as one of a number of
methods to provide reliability in data through the
structure of a model. However, just as such models
should be consistent with existing theory, they can add
to it by explaining, at least in a preliminary way, the
sources of the raw judgments. Thus, data bootstrap-
ping can provide more than just reliable data, it can
provide a basis for an understanding of its own validity.
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