
RICE UNIVERSITY 

CHOOSING AMONG ALTERNATIVES WITH UNCERTAIN 

OUTCOMES: EFFECTS OF PRIOR CUING AND 

ESTIMATION REQUIREMENTS . 

by 

SHANTA P. KERKAR 

A THESIS SUBMITTED 
IN PARTIAL FULFILLMENT OF THE 
REQUIREMENTS FOR THE DEGREE 

MASTER OF ARTS 

APPROVED. THESIS COMMITTEE: 

Associate Professor of Psychology 

David M. Lane, 
Assistant Professor of Psychology 

William C. Howell, 
Professor of Psychology, 
Chairman 

HOUSTON, TEXAS 

APRIL, 1982 



CHOOSING AMONG ALTERNATIVES WITH UNCERTAIN 

OUTCOMES: EFFECTS OF PRIOR CUING AM) 

ESTIMATION REQUIREMENTS 

ABSTRACT 

The present study sought to clarify the influence of frequency 

and probability estimation on subsequent predictive choice perfor¬ 

mance. The experimental design involved a manipulation of quality 

of prior estimations via combinations of instructional set and 

response requirement. The results demonstrated that frequency judg¬ 

ments were consistently superior to probability judgments regardless 

of initial frequency or probability set. However, accuracy of 

predictive choices did not directly reflect the subjects’ estimation- 

performance. All experimental groups made better choices than 

a control group which had no set or estimation requirement; however, 

the experimental groups did not differ among themselves in choice 

performance. The latter finding suggests that estimation enhanced 

choice accuracy by cuing information that was accumulated in a similar 

fashion by all experimental groups: the record of event frequency. 

Some possible determinants of predictive choice for future practical 

and theoretical consideration are discussed. 
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INTRODUCTION 

General Background 

Behavioral decision theory in psychology is represented by two 

distinct orientations: the "normative" and the "descriptive" 

(Slovic & Lichtenstein, 1971). The normative orientation is based 

on axiomatic models of decision making that dictate how decisions 

ought to be made. Descriptive decision theory, on the other hand, 

concerns itself with the actual decision behavior of individuals. 

This distinction between decisions as they ought to be made and as 

they are actually made has been explicated only recently (Slovic 

& Lichtenstein, 1971), and reflects an important facet of current 

thinking about human decision behavior. Decision theory in the 1950' 

and 1960's was guided by the assumption that people's decisions 

were based on the same rules of optimality as the ones its models 

incorporated (Edwards, 1961). Research within this framework was 

aimed at investigating the extent to which actual decision behavior 

conformed to . normative principles (Edwards & Tversky, 1967). 

Such an approach tacitly implied that human beings were perfectly 

"rational" and operated as "intuitive statisticians" (Peterson & 

Beach, 1967), equipped with the normatively appropriate 

rules (e.g., probability axioms). Consequently, any observed devi¬ 

ations from optimality were attributed to the limited information 

processing capacity or memory deficits of decision makers (Edwards, 

1968; Slovic, 1972). This view was commonly accepted until Tversky 

and Kahneman (1971, 1972, 1973, 1974) demonstrated that people 
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often violate normative standards completely and employ "heuristic" 

processing strategies — simplified rules of thumb — in making 

judgments or decisions under uncertainty. These findings contrasted 

sharply with the conception of the decision maker (DM) as an intuitive 

statistician who is guided by optimal rules. The fact that actual 

decision behavior was often oblivious to normative dictates underscored 

the dichotomy between how the DM ought to behave (normative approach) 

and how he behaves in fact (descriptive approach). 

Although the study to be reported in the present paper is based 

on the descriptive approach, it might be well to begin with a brief 

examination of the normative literature so that the reader may 

appreciate the operational differences inherent in the two orientations. 

The following overview is not intended as a comprehensive review, 

but merely as an illustration of the normative approach using two of 

the more typical paradigms. 

Normative Perspective. In recent years, the normative focus 

has centered around decision analysis and decision aiding. It is 

primarily concerned with prescribing normatively appropriate courses 

of action that conform to the DM's beliefs and values (Slovic, 

Fishhoff & Lichtenstein, 1977). However, earlier studies compared 

actual decision behavior to normative models and some of them will 

be reviewed in this section. 

Two of the principal areas of normative research addressed the 

question of (a) how opinions are revised in the face of new evidence, 

and, (b) how choices are made in "risky" situations, i.e., under 

conditions in which the outcomes are attained probabilistically 
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(Lindley, 1971; Raiffa, 1970). 

Bayes* theorem served as the prescriptive rule for opinion revision. 

The theorem, deduced from the basic axioms of probability, postulates 

the amount of revision in one's opinion that is warranted in the 

light of new data. Thus there are three important concepts implied 

by the theorem — the initial belief of the decision maker (DM) , 

measured as "prior" probability; the impact of the datum on this 

prior opinion, or the "likelihood" estimate; and the opinion revision 

resulting from incorporating the likelihood into prior probability, 

or "posterior" probability. Since the focus was primarily on the 

extent to which human beings are Bayesian processors and integrators 

of information, the degree of correspondence between probability 

estimates made by human assessors on the basis of sample data and 

those derived from the application of Bayes' rule to the sample 

characteristics was measured. 

The typical paradigm in these studies was the "bookbag and poker 

chip" paradigm or some variation thereof. To illustrate it in its 

simplest form, the subject was told that there were two bookbags 

containing poker chips of red and blue colors in different proportions 

(e.g., bag A contained 40 blue and 60 red chips and bag B contained 

60 blue and 40 red chips). The experimenter chose either bag A 

or B at random and drew a sample of 10 chips, say, 7 red and 3 

blue ones, from it. Based on this sample information, the subject 

was required to assess the probability that bag A or B had been chosen. 

A number of samples was subsequently presented to the subject to 

determine how prior opinion was modified after reviewing additional 
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evidence. The point of interest was to compare the successive proba¬ 

bility estimates produced by the subjects with the Bayesian predictions 

derived from the sample data. 

This basic task was used in studies by Phillips and Edwards (1966) 

and Peterson, Schneider and Hiller (1969). Other modified it to 

introduce manipulations such as type of response mode (Edwards, 

1968; Phillips & Edwards, 1966), feedback (Martin & Gettys, 1969; 

Peterson, DuCharme & Edwards, 1968), multinomial hypotheses (Schum 

& Martin, 1968) and prior probabilities (Peterson & Miller, 1965). 

The common goal of these experiments was to obtain posterior proba¬ 

bility judgments from subjects under a variety of conditions. 

One general phenomenon that emerged from such studies is labeled 

"conservatism." It denotes that opinion change based on new evidence, 

although proportional to deductions from Bayes' theorem, is still 

insufficient in amount. The reluctance of subjects to extract from 

the data as much certainty as is theoretically implied by Bayes’ rule 

was found to be equivalent to requiring two to five observations for inducing 

one observation's worth of opinion change (Edwards, 1968). The 

issue of why conservatism occurred remained unresolved, and all 

hypotheses that attempted to explain it received some empirical 

support (Edwards, 1968). 

Conservatism, although pervasive, was by no means invariant 

over conditions and was not always present ( Rapoport & Wallsten, 

1972). For example, it failed to generalize to cascaded inference 

tasks, which entail hierarchical inferences or inferences based on 

inference. Typically, these situations yielded more extreme proba- 
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bility estimates than these deduced from the model (Slovic et al., 

1977). 

Besides Bayesian opinion revision, extensive research within 

the normative framework was stimulated by the study of choice 

behavior in risky situations (Edwards, 1961). The most typical 

choice models, commonly referred to as "static" models, are those 

concerned with the determinants of a single choice among alternative 

courses of action, in contrast with "multistage" models that pertain 

to a sequence of choices. 

All static models assume that the DM evaluates the payoffs and 

probabilities of attainment of all the outcomes that are associated 

with any potential action. The product of the payoff-value for an 

outcome (its utility to the DM) and the probability of its attainment 

is summed over all outcomes to determine the overall utility of that 

action. Thus overall utilities are obtained for all available actions 

and the DM chooses the action that yields the maximum utility (Edwards, 1961). 

Despite this common notion underlying the static models, they differ 

with respect to whether they view the DM as combining objective or 

subjective utility and probability values (Edwards, 1961). 

Foremost among these models from an experimental standpoint is 

the one in which both terms are subjective: the subjectively expected 

utility (SEU) model. 

The SEU of an action, based on the model, is represented by 

means of the following formula: 

n 
SEU = Z U P 

i»l 1 1 
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and denote the subjective utility and subjective probability 

functions respectively, for each of the 'n' outcomes of an action. 

Since there is a SEU for every possible action, the DM is assumed to 

choose the action with the maximum SEU. 

Such a formulation of the SEU model (in which both utility and 

probability terms are subjective) is difficult to test rigorously, 

since the freedom to choose both utility and probability functions 

offers a variety of ways to describe the data and "fit" the model (Luce, 

1962). Nevertheless, the model was shown to be valid for simple 

gambles (Edwards, 1961). Critics' of the theory were, however,, not 

convinced and developed counterexamples to the fundamental axioms of the 

model (see Slovic et al., 1977). 

The paradoxes of Allais and Ellsberg are two famous illustrations 

of how the independence axiom of the SEU theory is violated by DMs. 

Rapoport and Wallsten (1972) provided one demonstration of this phenomenon. 

A pair of problems of the following form was presented to the subject: 

A: 500% return with p * .10, and bankruptcy with p » .01 

and 5% return with p » .89. 

B: 5% return for sure. 

A’: 500% return with p a .10 and bankruptcy with p = .90. 

B': 5% return with p * .11 and bankruptcy with p = .89. 

The model requires that a choice of B over A should lead to a choice 

of B' over A'. A significant number of DMs (about 40%) violated the 

SEU theory and chose B over A and A' over B'. 

In a similar vein, Tversky (1969) showed that subjects do not 
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exhibit a uniform tradeoff between utility and probability dimensions. 

Systematic intransitivities occurred in choices made between gambles 

based on amount of payoff and probabilities. Subjects ignored small 

differences in probability and used payoff to evaluate adjacent gambles; 

however for gambles further apart, they chose on the basis of expected 

value. Other violations of the model were also reported (see Edwards, 

1961; Rapoport & Wallsten, 1972; Slovic et al., 1977 for reviews). 

The model was weakened further by studies that showed that maxi¬ 

mizing SEU was not always of primary concern to DMs. In practice, 

"risk" considerations, viz. variance and skewness preferences, inter¬ 

acted with personality variables of the DM, e.g., level of aspiration, 

and influenced the attractiveness of a bet. 

The failure of the SEU model to provide a good global fit to 

the data led to the development of alternative models (Edwards & 

Tversky, 1967), but none of them has received wide spread attention. 

While the above review is by no means exhaustive, it underscores 

the fact that a comparison of human decision behavior to optimal, 

axiomatic models has yielded conflicting results. People exhibit 

optimal behavior in some situations, but not in others. However, 

these contradictions could not be explained within the normative 

framework. It was not until Tversky and Kahneman's (1971, 1972, 1973, 

1974) influential work appeared that such comparisons of decision 

behavior with optimal models became a secondary concern and the study 

of decision making took a new direction. 

Toward a Descriptive Orientation. The descriptive approach 

represents a departure from the view of man as an intuitive statistician 
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that was Implicit in the normative view. This change in perspective 

resulted from Tversky and Kahneman's demonstration that DMs often 

violated normative principles and employed heuristic processing strate¬ 

gies. The DMs use of heuristics or simplification rules was shown 

to lead to severe and systematic errors of judgment. For example, in 

one study, subjects were asked to make predictions about the graduate 

specialty of hypothetical candidates. Despite the subjects* low 

faith in the predictive validity of the personality sketches of these 

candidates, they tended to base judgments on this fallible information 

and to neglect the more predictive base rate information. This bias 

was traced to a reliance on the similarity heuristic (Kahneman & 

Tversky, 1973). The authors construed other situations to show a 

recurrent use of heuristics and an obvious disregard for normatively 

important factors such as "prior" information, base rates and sample 

size. These findings brought into focus the fact that non-normative 

considerations often dictate the DM's behavior and stimulated the 

interest of researchers in the psychological. underpinnings of decision- 

making. This shift from the normative to a descriptive emphasis is 

well-documented (Einhorn & Hogarth, 1981; Slovic et al., 1977). 

Subsequent studies have been aimed at describing decision behavior 

from the standpoint of the underlying cognitive processes and the 

information processing capacities of the DM (Wallsten, 1980). 

The descriptive orientation has produced a rapidly growing body 

of knowledge that is quite diverse both in empirical content and 

methodology. Investigators have attempted to quantify decision making 

by representing it in terms of well-known statistical models. The 
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use of regression, techniques or functional measurement (see Slovic 

& Lichtenstein, 1971) exemplifies such a "policy capturing" approach. 

Other studies have focused on process-tracing techniques, viz. verbal 

protocols of DMs, with a view toward understanding the cognitive 

components of decisions (Payne, 1976). Still other studies describe 

biases or errors in judgments in the context of limited information 

processing capacities of the DM (Hogarth, 1975; Pitz, 1977) or decision 

activity in varied situational paradigms (Ebbesen & Konecni, 1980). 

As a result of this diversity, one is confronted with a bewildering 

set of descriptive data. Although several promising attempts have 

been made to formulate broad, unifying theories (e.g., Hammond, 1980; 

Kahneman & Tversky, 1979; Wallsten, 1975, 1980) all are still in 

the earliest stages of empirical verification. 

Importance of Task Characteristics. In spite of the lack cf 

an accepted theoretical framework, one generalization that seems to 

be emerging from the descriptive .literature is that task character¬ 

istics have an important bearing on decision strategies. 

Some support for this position can be obtained from policy cap¬ 

turing studies that attempt to model the behavior of the individual 

DM. Of several statistical models, linear models have been generally 

found to give the best "fit" to the data (Slovic & Lichtenstein, 1971), 

but the appropriateness of the linear model was shown to be conditional 

on the task (Einhorn, 1970, 1971). Einhorn hypothesized that certain 

decision situations could be structured to induce the use of non¬ 

linear models. Taking two rather specific contexts, job choice and 

graduate student admissions, he argued that the multiattribute utility 
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of extreme combinations of outcomes in these cases would yield con¬ 

junctive or disjunctive decision functions. Thus, for example, a 

person would consider a job only if it met a minimum criterion on all 

relevant dimensions (viz. pay, location etc.) — a conjunctive rule — 

or if it exceeded the maximum on at least one dimension — a disjunctive 

rule; on the other hand, a linear function would compensate for low 

values on one dimension by high values on others. His results indi¬ 

cated that à conjunctive strategy was indeed used more often than a 

linear one to express job preferences; no such differences were found 

for graduate selections. The differences in strategy for job choice 

were even more apparent when the amount of information given to 

the subjects! was high. 

Besides the effect of type of decision task and number of cues 

on decision strategies, variations in cue characteristics such as their 

validities or intercorrelations have also been shown to produce 

deviations from linearity (Mertz, & Doherty, 1974; Slovic, 1966). 

Structural characteristics of the task, viz. order of presentation 

of cues, cue variability or cue format, directly affect cue utiliza¬ 

tion and consequent judgments. For example, judges weight a salient 

cue more heavily than other cues when its variability is increased, or 

give more reliable judgments to percentile scores relative to T- 

scores (Slovic & Lichtenstein, 1971, Slovic & MacPhillamy, 1974). 

♦ 
The studies cited above demonstrate the role of task properties 

in influencing decisions, but they involve tasks in which all cues 

were explicitly presented to the DM. Phelps and Shanteau (1978) 

compared such a situation with decisions based on cues inferred 
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from holistic stimuli. Their results showed yet another aspect of 

the effect of the task on decisions: individual presentation of cues 

produced decisions based on larger number of cues. In contrast, 

judges perceived cues to be intercorrelated for the holistic stimuli 

and based their judgments on only a few salient features. 

A Cognitive Taxonomy for Uncertainty Measurement. It is clear 

from the studies reviewed in the previous section that the task struc¬ 

ture plays a vital role in decision behavior. Thus an obvious first 

step toward understanding the relationship between the task and 

resulting decisions would be the identification and classification 

of relevant task components — the taxonomic approach. However, a 

purely structural taxonomy would have limited usefulness, since it is 

the interaction between the DM and the task, not the task itself, 

that shapes decision behavior (Dawes, 1975). The DM probably has a 

variety of information processing options or strategies in his reper¬ 

toire for dealing with most decision problems, but which one he invokes 

in any particular case may well depend on the task structure. 

Therefore, a more promising approach to classification would seem 

to be the one focused on the cognitive implications of task features. 

Howell and Burnett (1978) followed this logic in proposing a 

taxonomy for at 'least one general aspect of decision problems: un¬ 

certainty. Basically, they attempted to distinguish some key task 

parameters in terms of presumed links with underlying cognitive pro¬ 

cesses. A foremost objective of this taxonomy was to unravel possible 

conceptual differences among what are commonly regarded as equivalent 

measures of uncertainty. This seemed necessary in view of the fact 
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that a diversity of methods ranging from direct numerical judgments 

and categorical rating scales to various choice paradigms have been 

used to measure uncertainty; and such methodological differences 

directly affect judgments of uncertainty. For example, Howell's 

(1972) subjects judged their own performance on a skill task with 

greater overconfidence when a choice measure was used than when probabil¬ 

ity estimates were obtained, in other contexts, Shapiro (1975) 

reported an ogival function relating direct and indirect techniques, 

and Chesley (1977) found greater accuracy with numerical estimation 

than a successive subdivision technique. It will be recognized 

that such method-bound results severely limit the generalizability 

of any conclusions drawn about human uncertainty. 

Human uncertainty or subjective probability (SP) plays a crucial 

role in expectancy models and thus has important behavioral conse¬ 

quences in various theories of decision making, attitude formation, 

personality development and motivation (Howell & Burnett, 1978). 

In fact, its importance and pervasiveness led Pitz (1980) to refer 

to it as "the very guide of life" (p. 1). Obviously, it should be 

vital to determine how the different methods of measurement of SP 

themselves might affect decision behavior. However, as Howell and 

Burnett (1978) argue, studying the empirical relationship between 

various methods yields only surface information; the focus should 

be rather on the processes that underlie the methods. In fact, this 

is an important theme in their taxonomy for uncertainty measurement. 

The authors contend that a variety of cognitive options are 

available to the subject under uncertainty. These include reliance 
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on prior generator knowledge, relevant information about actual event 

occurrences, use of heuristics (simplification rules) and systematic 

biases associated with beliefs in event causality. Which of these 

processing options is invoked is determined by a combination of 

characteristics of the task and stimulus events. Four distinct 

response requirements, viz. frequency estimation, probability esti¬ 

mation, prediction and choice, constitute the basic task demands. 

These together with characteristics of events — frequentistic vs. 

nonfrequentistic, internal vs. external source of control and known 

vs. unknown generators — are used as the primary taxonomic parameters. 

On the basis of assumed relationships between tasks differentiated 

with respect to the above defining features and the possible processing 

options they induce, the resultant uncertainty judgments can be pre¬ 

dicted. 

The following example may serve to illustrate the kind of predic¬ 

tions that the taxonomy makes. If the individual holds strong prior 

beliefs in stochastic properties of events produced by a familiar 

external generator (e.g., dice), his frequency estimates might reflect 

these beliefs almost exclusively and show insensitivity to inconsistent 

observations (e.g., biased outcome frequencies). However, he would 

be more likely to fora and rely upon an intuitive "record" of observed 

frequencies to the extent that he was unfamiliar with the generative 

process. This would obviously result in different levels of veridical 

frequency information, especially if in the former case the actual 

frequencies were discrepant from the individual's beliefs. It must 

be noted that these conclusions are stated in broad terms and that 
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more specific predictions can be derived from the taxonomic parameters. 

Estimation Performance and its Effect on Choice Behavior 

One hypothesis derived from the taxonomy, that the impression of 

uncertainty is directly related to the response required of the subject, 

was tested in a study by Howell and Kerkar (1981). They made the as¬ 

sumption that a frequency estimation response, which pertains to judg¬ 

ments of actual occurrences of repetitive events, is likely to produce 

a better "calibration" of uncertainty than a future-oriented probability 

response. The results confirmed this hypothesis. Thus a group which gave 

frequency judgments was more accurate on estimations than a probability 

judgment group, although both groups had been previously exposed to iden¬ 

tical objective "inputs." The study also tested the effect of the esti¬ 

mation tasks on subsequent predictive choice performance. The predictive 

choice task simply required the subjects to indicate which one of a pair 

of presented events was most likely to happen and such choices were made 

for a series of event pairs. It should be noted that the choice task was 

constructed so that frequency/probability differences constituted the 

basis for making optimal choices. The data clearly indicated that the 

estimation groups (frequency and probability) made more accurate choices 

than a control group (which was similar to the other two groups in all 

respects except that it made neither type of estimation). Moreover, 

there was a suggestion in the results that frequency estimation may enhance 

choice accuracy more than probability estimation does. It should, there¬ 

fore, be evident that estimation has a facilitatory effect on decisions, 

although the exact nature of this facilitation is unclear. 

One possibility is that it represents a context or set effect, 

with estimation cuing the DM to pay particular attention to the fre- 
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quentistic/probabilistic property of events on the choice task. 

Previous literature has shown set to be a powerful factor in a wide 

range of behaviors including perceptual responses (Helson, 1948, 

1964), problem solving (Luchins, 1942; Maier, 1930, 1931, 1940), 

and impression formation (Asch, 1946). This is exemplified in a classic 

study on problem solving by Luchins (1942). Subjects were given a 

series of water jar problems in which a specified amount of water had 

to be measured using any of the three jars of certain volumes. The 

first five problems (designated "set" problems) had a fixed solution — 

the specified amount of water could always be obtained by subtracting 

from the middle jar the volume of water contained in the extreme 

left jar and twice the amount held by the extreme right one. The 

sixth problem or the critical test problem had a simpler solution 

which did not require the use of the middle jar at all. The problem 

required the subject to indicate how he would measure 20 quarts of 

water when given jars with volumes of 23, 49 and 3 quarts. The 

effect of set was evidenced from the failure of 75% of the subjects 

to use the simple solution of removing from the 23-quart jar the 

volume of water held by the 3-quart jar and their reliance on the 

roundabout solution that was applicable to all previous problems. 

Maier (1930, 1931) reported similar effects of set or problem solving 

and interpreted the influence of set as a consequence of having provided 

a "direction" in thinking (Maier, 1940). Thus, it is possible that 

estimations might produce a similar set effect in subsequent choice 

behavior. 

A second possible explanation Is that rather than controlling 

the actual encoding of choice events, estimation produces a convenient 
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"summary code" at the time of retrieval which is then referred to 

during the choice task. Without it, the DM must resort to whatever 

"raw data" he has stored when faced with a decision. If frequency 

estimation yields a more accurate picture of what has transpired than 

does probability estimation, as the data suggest (Howell & Kerkar, 1981), 

then perhaps this bias is carried over to the choice task as well. 

Support for this interpretation follows from the suggestion by Einhorn 

and Hogarth (1981) that judgment may decrease the.uncertainty inherent 

in choice by requiring prior deliberation and an evaluation of evi¬ 

dence. To illustrate with a common example, in clinical situations, 

prior diagnosis and prognosis (judgment) precedes the choice of 

treatment. 

To recapitulate briefly, then, two hypotheses — the cuing and 

the "summary" code hypotheses — seem plausible in explaining 

the effect of estimation on choice. Without some indication of the 

processes involved in estimation, of course, it is impossible to .decide 

between them: both account nicely for the obtained relationship. 

The major objective of the present study, therefore, was to examine 

with greater precision the frequency and probability estimation pro¬ 

cesses, and to explore the implications of process differences for 

predictive choice performance. 

Influence of Cuing and Estimation Differences on Choices. Con¬ 

sidering first the matter of estimation, it is clear that a necessary 

condition for the production of a veridical estimate of either frequency 

or probability is the encoding and storing of past event occurrences. 

Research in the area of memeory has shown that subjects tend to 
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employ encoding strategies consistent with anticipated retrieval 

requirements: that is, they store information in a form designed to 

facilitate later retrieval (Tversky, 1973). Tversky and Teiffer 

(1976) found this to be true for two important memory tasks — recall 

and recognition. For both these responses, being set for a specific 

memory task, say recall, resulted in superior performance on it 

(recall), but not on the other unexpected task (recognition). The 

same logic can be extended to the present context. It suggests that 

the quality of an estimate would depend partly upon whether the subject 

anticipated a frequency or probability response. This approach 

seemed reasonable despite the prevailing notion that frequency 

information is sometimes processed "automatically" (Hasher & Chromiak, 

1977; Hasher & Zacks, 1979). 

Evidence in support of the aûtomaticity notion was based on 

studies that showed no improvement in quality of frequency estimates 

from instructional set (Howell, 1973a), or with age (Hasher & Zacks, 

1979) , and remarkable accuracy despite other ongoing cognitive ac¬ 

tivity (Howell, 1973b). Recently, however, Marques and Howell (1979, 

1980) showed the limited generality of these findings. They argued 

that paradigms used in previous studies may have consistently promoted 

the use of only one of the available processing options. Thus, repeti¬ 

tion of an item in a word list may attract attention to that item, 

induce differential processing, and therefore result in a more veridical 

frequency "record". Such "automatic" processing might not occur 

in settings with "real world" characteristics where repetitions 

are naturally embedded within the task. In such a case the manner 
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in which frequency information is processed may well depend on a 

combination of stimulus, task and individual characteristics. In 

line with this reasoning, these investigators used a realistic task 

scenario which consisted of evaluating hypothetical candidates on 

the basis of dimensional profiles. Frequencies were presented as 

applicants belonging to easily identified categories (e.g., women). 

Within this complex paradigm, they showed that frequency information 

was not acquired as an automatic by-product of event encoding. Since 

the present study had similar real-world complexity, response cuing 

was assumed to be a viable means of inducing differences in the 

encoding of to-be-remembered information. 

Cuing a frequency response should accentuate those features of 

event occurrences that are cognitively most germane to the estimation 

of past frequency; cuing a probability response should do the same 

for those associated with the estimation of future probability. 

If the same processes underlie bot&, then it should not matter which 

cue is associated with which response. If they are different, then 

it should matter a great deal: cuing consistent with the response 

(e.g., probability cue/probability estimate) should produce better 

estimates than Inconsistent fcuing (e.g., probability cue/frequency 

estimate). 

It will be recalled that the Howell and Kerkar (1981) study 

suggested an inherent superiority of frequency over probability esti¬ 

mation performance. A convenient way to extricate this difference 

from the possible cuing effect is simply to cross the two in a 

factorial design with estimation performance as the dependent variable. 
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Thus identified, the major processes involved in estimation could 

be related to subsequent choice performance. That is, cuing consistency 

should control the quality of encoding; response mode should control 

the choice of information used in forming a "summary code" (and 

hence the amount of any bias present in it). Should either or both 

of these factors have a significant effect on estimation performance, 

the correspondence between that effect and predictive choice perfor¬ 

mance would indicate the relative contribution of the two processes, 

and the information would, of course, go a long way toward determining 

which hypothesis of the estimation-decision relationship is more 

tenable. 

The present study, therefore, was similar to the Howell and Kerkar 

(1981) study except that a between-group cuing manipulation was 

incorporated into the design. In addition, the predictive choice 

task was expanded to include both two-alternative and three-alternative 

problems with the aim of providing further insight into the processes 

linking estimation and choice. The rationale for the latter manipula¬ 

tion was that if the DM uses the same stored information in choosing 

that he does in estimating, then it should make no difference whether 

a particular pair of alternatives is presented separately (2-choice 

situation) or embedded within a triad (3-choice situation). On the 

other hand, if the probability estimation mode induced a bias of 

some sort, then its effect should be amplified in the 3-choice situa¬ 

tion. 

METHOD 

Task Scenario (acquisition). The basic task used to expose 
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subjects to a complex array of event frequencies was that of emergency 

vehicle dispatchers for a hypothetical city. The city was divided 

into nine sectors. Each subject was provided with the map of a city 

identifying the location and principal land use (e.g., residential, 

commercial) of each of its nine sectors. This literal format was 

also displayed on the CRT screen of a TRS-80 microcomputer. Two 

types of calls, police and fire calls, could appear in any sector. 

Each call, in turn, could be either a true emergency or a false alarm. 

Thus, the subject was required to deal with two types of calls at 

two levels of veracity in each of the nine sectors, or 36 distinct 

event types. Frequencies of 0, 1, 2, 4, 8 and 10 were assigned ran¬ 

domly to these event categories and a distribution of emergency calls 

was obtained (see Table 1). The resulting 75 calls were assigned 

randomly to positions within a sequence for presentation. A session 

or "shift" was defined by the occurrence of these 75 events in a 

particular order. The sequence, but not the distribution of events, 

was varied randomly over shifts. This made it possible for subjects 

to gain familiarity with the distribution of calls by type, veracity 

and location: the "event generator", as it were, was stationary in 

a stochastic sense, and therefore learnable. Since each call was 

programmed to occur only after the subject had responded to the previous 

one, the presentation of calls for each session was self-paced. 

Subjects performed three shifts that primarily allowed them to gain ex¬ 

perience with the various frequentistic events. However the manner 

in which the calls were actually presented during a shift was aimed 

at authenticating the task and maintaining the subject's attention. 



TABLE 1 

Distribution of emergency calls over 36 event categories 

classified by location, type of emergency and level of 

veracity. 

Location 

1 

2 

3 

4 

5 

6 

. 7 

8 

9 

Type of Emergency 

Police Fire 

Note: AE « actual emergency; FA * false alarm 
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At the start of each shift, the subject was given a fixed number of 

police and fire vehicles. He was required to distribute these total 

resources (vehicles) among the sectors in what he considered to be the 

most advantageous fashion for later allocation to particular emergencies. 

These allocations for each sector were displayed on the screen in the 

appropriate location. Then the emergency calls appeared one at a time. 

On receiving a call, the subject responded either by dispatching a 

vehicle immediately or by verifying the call. Immediate feedback was 

given as to whether the call was a true emergency or a false alarm. 

The entire distribution of calls was presented in this manner. 

The responses were scored according to a cost-payoff scheme which 

had the following general features: (a) a correct response, i.e. 

dispatching a true emergency or verifying a false alarm, was scored 

positively, (b) verification became more desirable as the false alarm 

rate increased, since dispatching a call reduced the number of 

available vehicles, (c) a penalty was assessed for any response to 

calls that occurred in sectors which had no vehicles remaining. The 

cumulative score was displayed continuously as an indication of the 

subject's performance during a session. It must be noted that this 

decision performance was itself of little direct consequence, although 

the subject was not made aware of this fact. Its primary function 

was to make the task intrinsically motivating. 

Estimation Task. At the end of three acquisition sessions, the 

experimental subjects (but not the controls) provided either frequency 

or probability estimates in accordance with their particular group 

assignment. Thus, they were queried about the frequencies with which 
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certain events had appeared (frequency estimation), or the chances 

that the same event would happen in the future (probability estimation). 

Predictive Choice Task. All subjects (experimental and control) 

were required to make decisions on the fourth session. Each subject 

was again presented with a map of the city, but now either two or 

three potential calls appeared simultaneously. For each set of alter¬ 

natives, he had to choose the event that he considered most likely to 

occur next. The selection of events for presentation was directly 

related to the frequency of their occurrence on the acquisition task. 

It will be recalled that six frequencies (0, 1, 2, 4, 8 and 10) were 

assigned to distinct event categories, which were defined by type of 

call, veracity and location (see Table 1). All 20 unique combinations 

of these freuqencies, taken three at a time, were used for simultaneous 

presentation in the 3-choice condition. The decision on which particular 

events with these frequency characteristics to display in each case 

was made randomly. The event pairs for the 2-choice condition were 

obtained directly from these 20 three event combinations. Since each 

combination yields three pairwise comparisons, 20 x 3 * 60 binary 

choice pairs were available from this source. Using the frequency 

combinations so generated, selection of event pairs having these 

properties was again determined randomly. Thus a total of eighty 

frequency combinations was constructed for presentation on the choice 

task. It should be noted that by generating the pairs out of triplet 

alternatives, it was possible to compare specific choices embedded 

within either the two- or three-choice problem form. 

The experimental design involved a 2 x 2 factorial combination 



24 

of response set and estimation task. More specifically, response 

set, defined as expectation of a frequency or probability response 

requirement, was crossed with actual response requirement, either fre¬ 

quency or probability estimation, in a between-groups design. In 

addition to the four resulting experimental groups, there was a fifth 

(control) group which had no estimation responsibilities or set at 

all (see Table 2 for the complete design). The four experimental 

groups made estimates congruent (FF or PP) or incongruent (FP or PF) 

with their initial set after the third session; all five groups (FF, 

PF, PP, FP, and C) made 2-choice and 3-choice predictions during the 

fourth session. The critical comparisons in this design were: (a) 

the quality of the estimations obtained under congruent/incongruent 

conditions, and, (b) the predictive choice performance of all five 

groups under the binary and triple-choice conditions. The accuracy 

of choices made by the control group provided a base level for com¬ 

paring the effect of the experimental manipulations. All of these com¬ 

parisons were between-group comparions except for the two- vs. three- 

choice format used in prediction. 

Subjects. The 45 subjects were recruited from undergraduate 

courses in partial fulfillment of an experimental requirement. In 

addition, they were paid a bonus based on their predictive choice 

performance, which averaged to about $3.50 per subject. Assignment 

of .subjects to the five groups was randomized with the restriction 

that the groups were of equal size (n ■ 9). 

Procedural Details. Each subject served individually on all 

four sessions which were conducted over two consecutive days. The two 
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TABLE 2 

Description of the Conditions Constituting the Five 

Groups as d result of the Manipulation of Response 

Set and Estimation Task. 

Group Response Set Estimation Task Designation 

1 Frequency Frequency FF* 

2 Frequency Probability yp** 

3 Probability Frequency PF** 

4 Probability Probability PP* 

5 Control 

Note: * Represents the- congruent condition 

** Represents the incongruent condition 
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sessions per day lasted for about 30 minutes each and were separated 

by a brief rest period during which subjects were allowed to leave 

the experimental cubicle. All subjects performed the dispatching 

(acquisition) task for the first three sessions, after which the experi¬ 

mental groups made their frequency or probability estimations. The 

fourth session was devoted entirely to the predictive choice task 

for all the groups (experimental and control). The temporal sequence 

of tasks is summarized in Table 3. All subjects were given detailed 

procedural instructions at the start of the first session, with special 

emphasis on the importance of their ability to show a steady improvement 

in their allocation (dispatching) performance. The purpose of this 

emphasis was to encourage their attending to and processing the in¬ 

coming calls. The appropriate response set was induced in the experi- > 

mental subjects by further instructions which forewarned them of a fre¬ 

quency or a probability estimation task. The instructions for the 

estimation tasks were presented at the end of the third session, 

and those for the predictive choice task were presented at the beginning 

of the fourth session. 
* 

The subject was seated in an experimental cubicle in front of 

a TRS-80 microcomputer. The CRT screen provided a continuous display 

of a map of the city zones, an indication of the available resources, 

and a record of the cumulative allocation decision score. Each call 

appeared on the screen in the appropriate location, and the subject 

entered his response via the computer keyboard. Immediate feedback 

regarding the outcome of the response was provided on the display. 
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After the third session, each subject in the four experimental groups 

was given a frequency or probability questionnaire . The items in both 

of the questionnaires pertained to the occurrence of specific event 

types and type-location or type-location-veracity combinations. 

Some illustrations of these items are presented in Table 4. 

The fourth session was carried out by all groups under identical 

instructions. The subjects were paid a bonus of 10 cents for every 

correct prediction, and while they were not given direct feedback on 

their responses, the cumulative amount of the bonus was displayed 

occasionally to maintain motivation. They were also required to rate 

their confidence in each prediction using a 5-category scale which 

ranged from "randomly guessing" to "absolutely certain". The instruc¬ 

tions emphasized that the ratings had no bearing whatsoever on the 

recorded accuracy of the responses, the bonus earned, or subsequent 

choices (the ratings were, in fact, only of peripheral interest in 

the study). After the fourth session, the subjects were paid the 

bonuses earned, and were debriefed in writing regarding the purpose 

of the study. 

RESULTS AND DISCUSSION 

Since the event occurrences were generated by a stable process, 

the subjects' frequency or probability estimates could be compared 

directly to the actual or "objective" values to assess their accuracy. 

Three measures were used to describe different aspects of the quality 

of estimation performance: (a) standardized unsigned error score 

(calibration), obtained by dividing the absolute deviation of estimates 

from actual frequency or probability reference values by the standard 
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TABLE 4 

Illustrations of Items in the Five Categories of Information Probed for 

the Two Estimation Tasks (Frequency and Probability). 

Example 

Probe Category Frequency Estimation 
(FF and PF groups) 

Probability Estimation 
(FP and PP groups) 

1. Type of Event How many total police 
calls did you receive? 

If a call comes in, what 
are the chances (0-100%) 
that it will be a police 
call? 

2. Type of Veracity How many total false 
alarms did you receive? 

If a call comes in, what 
are the chances that it 
will be a false alarm? 

3. Event Type by 
Veracity 

How many false alarms 
were police calls? 

Suppose a call was a 
police call. What are 
the chances of its 
being a false alarm?. 

4. Event type by 
Location 

(Map presented with 
instruction to estimate 
totals for events indi¬ 
cated) » e.g., police calls, 
sector 1. 

(Map presented with 
instructions to estimate 
the chances, 0-100%, for 
events indicated), e.g., 
police call, sector 1. 

5. Event type by 
Location by 
Veracity 

(Map presented). 
Please fill in totals for 
false alarms only for 
events indicated, e.g., 
fire call, sector 2. 

(Map presented). 
Suppose a call was a 
fire call. What are 
the chances it would 
be a false alarm in the 
indicated location, e.g. 
sector 2? 
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deviation of the frequency and probability scales respectively, (b) 

the error index which expresses the unsigned deviations as percentage 

of error relative to the actual frequency or probability values, and, 

(c) the correlation of estimates with objective values (discrimination 

coefficient). It must be noted, however, that only items #4 and #5 

provided a sufficient number of judgments to make the computation 

of the correlation coefficient meaningful. Therefore, the overall 

comparisons of items can be made only with respect to the two error 

scores. It is also important to note that, although related, these 

measures yield somewhat different information. The unsigned deviations 

reflect the accuracy of the absolute value of judgments in a standardized 

form, whereas % error adjusts the unsigned error in proportion to the 

actual base frequency or probability values. Thus, a given magnitude 

of unsigned error at a small base value (frequency or probability) 

appears considerably larger than at a large base value for % error. 

For example, an unsigned error of 1 would be represented as 100% 

error at frequency 1, but only as 10% error at frequency 10. 

Considering the mean error scores across the Items (see Table 5), 

the most noteworthy finding is that performance was obviously controlled 

by the response required and not by the prior set. The FF and PF groups 

performed similarly, as did the PP and FP groups; however, the former 

(frequency response)pair was vastly superior to the latter (probability 

response) pair" on both error measures. This conclusion was supported 

by analyses of variance results. For the unsigned error index, the 

main effect of response requirement was significant at JF(1,32) “49.19, 
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TABLE 5 

Mean Error Scores for the Four Experimental Groups on the 

Deviation Measures across all Probe Categories. 

Group 
Unsigned Error 
(Standardized) % Error 

FF .50 32.77 

FP 1.46 272.40 

PF .49 30.93 

PP 1.18 207.87 
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2_ < .001, while that for the prior set was not, _F(1,32) = 1.49, 

2> * .23. For the % error index, the pattern was the same: the response 

requirement effect was highly significant, _F(1,32) = 121.45, £ = .001; 

the set effect, though closer to significant, failed again at F(1,32) ■ 

3.08, 2. “ *09 • Equally as important as these main effects, the set x 

response requirement interaction was clearly nonsignificant on both 

measures: F(l,32) ■ 1.27, j> = .27 on the unsigned error index; 

F(l,32) = 2.75, £* .11 for % error. 

It would appear, therefore, that "setting" subjects for one response 

mode and then requiring them — unexpectedly — to respond in the other 

(i.e., the PF and FP groups) produced the same quality of estimations as 

did the congruent set-response conditions (i.e., the FF and PP groups). 

This would suggest either that specific response cuing does not induce 

differential encoding of events as they occur, or that if it does so, 

the different "records" are equally useful for either type of estimation 

response. On the other hand, the fact that consistent response mode 

differences occurred once again (virtually identical to those in 

Howell & Kerkar, 1981) implies that frequency and probability estimations 

draw upon different stored information —* information that must be 

encoded under both kinds of sets. The most plausible explanation, 

therefore, is that people maintain similar "frequency records" under 

either set, but that they rely more heavily on this information relative 

to other considerations (such as recent or prominent events, or beliefs 

about event causation) when a frequency response is required. This is 

not to suggest that the encoding of event frequency information is 

necessarily automatic, or totally impervious to set, as some have argued 
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(Hasher and Chromiak, 1977; Hasher and Zacks, 1979). Marques and 

Howell (1979, 1980) have shown that quality of frequency estimation 

is dependent upon attention during the encoding of events. What is 

being proposed here is that both frequency and probability "set" 

induce a similar level of attention during the event encoding process. 

While the superiority of the frequency response mode confirms 

the results of the Howell and Kerkar (1981) study as noted above, it 

still leaves open the question of exactly how the estimation tasks 

differ. The contention of these authors that the probability response 

represents a qualitatively different process is still viable, but the 

exact nature of that process — particularly the information upon which 

it draws — is still not clear. Although not specifically directed 

toward this issue, the present item-probe manipulation does provide 

a partial answer. It will be recalled that estimations were required 

for different kinds of items (see Table 4). Thus, comparing relative 

performance on specific kinds of information provides some insight 

into the underlying processes. 

As would be expected, some kinds of probe items were handled 

better than others by subjects in all groups. The main items effect 

was significant in both analyses: for unsigned error, F(4,128) ■ 

9.56, j> < .001, for % error, jF(4,128) » 54.49, j> < .001. Since the 

interaction of this variable with response requirement was also statis¬ 

tically significant — F(4,128) = 27.08, p < .001 for unsigned error 

and F(4,128) = 51.28, p < .001 for % error — the means for the various 

items must be considered separately for the frequency and probability 

response groups. This is not necessary, however, for the various set 
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conditions since the set x probe item interaction did not even approach 

significance: F(4,128)<1 for both unsigned and % error. A summary of 

the item-related differences is presented in Table 6. Note that the 

error scores of the FF and PF groups are described:'as frequency estimation per¬ 

formance and the FP and PP groups as probability estimation performance. 

The robustness of the superiority of frequency over probability 

judgments is evident from lower error on both indices on all items 

except item #1 . It will be recalled that the items pertained 

to specific event types, event-location and event-location-veracity 

combinations. Since they probed such diverse information, the signifi¬ 

cant item effect is to be expected. What is more interesting is the 

item x estimation task interaction. The pattern of error scores in 

Table 6 clearly shows that the discrepancy between the performance 

of both groups is a function of the nature of the probes. Moreover, 

the individual error indices themselves suggest rather distinct trends 

on estimations, since different aspects of performance are highlighted. 

Considering first the unsigned deviations for frequency judgments, 

the best estimates are obtained on items #4 and 5. However, the ordering 

of mean error is almost reversed on the % error index with performance 

on #4 and 5 being the worst. Given that these items involved frequencies 

of considerably smaller magnitude than #1 through 3, even slight inac¬ 

curacies would be inflated on a relative error index such as % error. 

In contrast, the moderate amount of unsigned error on items that en¬ 

tailed higher frequencies (#1-3) remained unchanged on % error. 

Such an anomaly is not evident in probability judgments. In 

fact, both the error indices show perfect correspondence: the greater 
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TABLE 6 

Frequency and Probability Estimation Performance on the Five Probe Items 

with respect to the Deviation Measures 

Probe Frequency* Probability** Frequency Probability 
Category Estimation Estimation Estimation Estimation 

Unsigned Error 
(Standardized) % Error 

1. Type of 
Event 

.73 .56 13.36 10.20 

2. Type of 
Veracity 

.83 

00 • 29.40 30.04 

3. Event Type 
by Veracity 

.54 1.03 24.27 46.42 

4. Event Type 
by Location 

.25 1.24 60.99 288.57 

5. Event Type .13 2.94 31.23 825.46 
by Location 
by Veracity 

Note: * Frequency Estimation refers to the performance 
of FF and PF groups. 

** Probability Estimation refers to the performance 
of FP and PP groups. 
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unsigned error on #4 and 5 relative to #1-3 is just amplified in the % 

error measure. 

It appears, then, that the superiority of frequency over proba¬ 

bility judgments all but disappears when events are defined very broadly 

and thus absolute frequencies are relatively large (e,g., when the 

subject is asked to estimate total police calls for all locations.) 

The greatest discrepancy occurs on probes related to finer categories 

where frequencies tend to be smaller (#4, 5). This could well reflect 

an overconfidence bias in probability judgments that produces a gross 

overestimation of smaller values (Hogarth, 1975; Lichtenstein, Fischhoff 

& Phillips, 1977). Parenthetically, it might be noted that this fact 

was borne out by a subsequent analysis of the data in terms of signed 

deviation scores. The latter measure is similar to the unsigned devia¬ 

tions except that it measures the signed deviation of estimates from 

the actual frequency or probability values instead of the absolute 

deviations. The results based on the signed index are not reported 

here because they largely paralled those obtained from the unsigned 

deviation scores. 

The probe category distinction takes on even greater meaning in . 

light of the correlation data which, it will be recalled, were neces¬ 

sarily limited to the more narrowly defined items (#4 and 5). In 

Table 7 it is clear that the superiority of the frequency response 

mode appeared only on probe category #5. This difference was corro¬ 

borated by a significant probe X response interaction: F(l,32) =* 

9.32, < .01. The overall probe category difference (#4 vs. #5) 

was also significant, F(l,32) * 62.96, _p < .001, whereas, in contrast 



TABLE 7 

Mean Correlations* for the Frequency and Probability 

Estimation Groups on the Two Spatial Probes (#4,5). 

Group 

Probe Frequency* Probability** 
Category Estimation Estimation 

4. Event Type by 

Location .68 .71 

5. Event Type by 

Location by 

Veracity .48 .25 

1 n - 18 

* Frequency Estimation refers to the performance of 
the FF and PF groups. 

** Probability Estimation refers to the performance of 
the FP and PP groups. 
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to the error analyses, the overall response-requirement effect was not, 

F_(l,32) » 2.52, = .12. Considered together, the deviation and 

correlation results provide additional support for the position that 

it is a constant bias, not just less precision, that makes probability 

judgment inferior to frequency judgment. That is, probability 

estimations can show greater average discrepancies from "reality" 

than do frequency estimates without necessarily producing a less ap¬ 

propriate pattern of estimates (i.e., lower correlations): such was 

the case for probe category #4. When probability estimation is inferior 

on both discrepancy and pattern measures, as it was for probe category 

#5, it is under conditions that produce relatively poor performance 

generally. A specification of these conditions, is, however, beyond 

the scope of this study. 

In summary, the following conclusions seem justified with respect 

to estimation performance: (a) Anticipation of a frequency or proba¬ 

bility judgment task results in the use of similar strategies for 

encoding event occurrences and, therefore, attempts to induce a response 

set specific to either task is ineffective; (b) qualitatively different 

responses are produced as a function of the type of judgment elicited 

— frequency estimates are consistently superior to probability esti¬ 

mates; and, (c) the veridicality of both frequency and probability 

judgments is affected by the way in which events are defined (and the 

consequent range of absolute frequencies represented). 

Predictive Choice. The accuracy of predictive choices was based 

on 80 choice tasks administered during the fourth session. It will 

be recalled (Table 2) that the comparison was among five groups: 
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the four experimental groups, which had previously made frequency 

or probability judgments congruent or incongruent with the response 

set, and a control group, which made neither type of estimation 

(and hence received neither estimation set). The 80 problems con¬ 

sisted of 60 binary choice pairs and 20 three-alternative choices, with 

both sets derived from an identical event domain. Thus it was 

possible to compare the performance of all five groups under these 

two choice conditions. 

The accuracy of choices with a correction for guessing is shown 

in Table 8. This adjustment was necessary for a valid comparison, 

since probability of guessing correctly was different under the two 

choice conditions. It will be noted that by means of the corrections, 

however, performance at the chance level is scored equally (0) for 

both conditions. 

An analysis of variance revealed a significant group effect, 

£(4,40) • 4.77, p < .01, but both the choice condition effect, £(4,40) 

< 1, and group x choice condition interaction, £(4,40) ■ 1.98, p = .12, 

failed to reach statistical significance. Since the binary vs. triple 

choice manipulation was ineffective, the accuracy of choices was 

collapsed across both these conditions. The choice accuracy along 

with the overall estimation performance is presented in Table 9. 

The estimation groups were consistently better than the control 

group (see Table 9) thereby substantiating the conclusion of the 

Howell and Kerkar (1981) study that estimations improve subsequent 

choice performance. Each of the experimental groups — the FF, PF, 

FP, and PP groups — was significantly different from the control 



TABLE 8 

Predictive Choice Accuracy, with a Correction for Guessing,* 

for the Binary and Triple Choice Conditions. 

Group 

Percentage Correct Choices 

Binary Choice Triple Choice 

FF 54.07 55.83 

FP 42.59 47.50 

PF 45.56 42.50 

PP 50.00 61.67 

C 23.33 17.50 

*Note: Corrected percentages of choice accuracies 

for the binary and triple choice conditions 

were computed by using the following formulas 

(number correct - number wrong) 100 

60 
and 

(number correct - ) i00 
2 

20 
respectively. 
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TABLE 9 

Predictive Choice Accuracy, with a Correction for 

Guessing, collapsed across the Two Choice Conditions 

and Overall Estimation Performance for the Five 

Groups. 

Estimation 

Group 
Percentage 

Correct Choices 
Unsigned Error 
(Standardized) % Error Correlation 

FF 54.95 .50 32.77 .61 

FP 45.05 1.46 272.40 .47 

PF 44.03 .49 30.93 .55 

PP 55.83 1.18 207.87 .49 

C 20.42 
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(C) on Dunnett's tests; the t-values and the associated probabilities 

were _t(40) - 3.73 (p < .01), 2.66 (p < .05), 2.55 (p < .05) and 3.83 

(£ < .01) respectively. Since the main thrust of the present study 

was to evaluate how this influence operates, however, a comparison of 

the four experimental conditions was of primary interest. 

The two most obvious ways in which prior estimation could affect 

subsequent choice would be through general cuing (i.e., alerting the 

subject to the importance of probability/frequency information), and 

summary encoding (i.e., providing a specific "memorial record" for use 

in the choice task). Were general cuing the principal mechanism, choice 

performance should be comparable for all four estimation groups; 

were summary encoding the principal mechanism, choice performance 

should reflect observed differences in quality of estimations (i.e., 

FF and PF should be superior to PP and FP). 

Looking at Table 9, it is apparent that frequency estimates (FF 

and PF) do not yield better choices than probability estimates (PP 

and FP), providing little support for the summary encoding hypo¬ 

thesis. A planned comparison to test this effect was non-significant, 

F(1,40) <1, further corroborating the conclusion. Thus it does not 

appear that the actual estimate contained in the frequency or probability 

response is used for choices. It will, however, be recalled that esti¬ 

mation performance of the experimental groups indicated the use of 

similar encoding strategies regardless of frequency or probability 

set. Given that all groups accumulate similar information — probably 

frequencies — a comparison among the four groups does not offer a 

test of how quality of encoding affects decision performance. There¬ 

fore the importance of the quality of encoded information in decisions 
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cannot be dismissed. Nevertheless, in this case the actual quality 

of frequency and probability estimates did not reliably affect the 

accuracy of choices. 

Consider now the general cuing hypothesis. This hypothesis 

seems a viable alternative in accounting for the data, although this 

observation should be tempered by other considerations that will be 

discussed shortly. None of the comparisons among the experimental 

groups reached significance on the Newman-Keuls test. Thus all esti¬ 

mation groups showed comparable levels of choice performance, a finding 

that would be predicted by the general cuing hypothesis. It seems 

reasonable then to assume that the estimation task serves to cue 

frequentistic information that is acquired similarly by all experi¬ 

mental groups. The relationship between judgment (estimation) and 

choice, however, does not seem to be quite as simplistic as this 

explanation would suggest. 

The pattern of means on predictive choice accuracy (see Table 9) 

is highly provocative and deserves further attention. Although this 

observation received little statistical support, the accuracy of 

choices seems to be influenced by the congruity of prior set and esti¬ 

mation requirement (FF and PP vs. FP and PF groups). It was seen 

earlier that this variable had no appreciable influence on quality 

of estimation performance and would be expected to affect choices, if 

at all, via inducing a more veridical memorial record in estimations. 

The totally unexpected result that the congruent condition might 

produce greater accuracy of choices than the incongruent condition 

requires a considerably more involved (and admittedly post-hoc) account 



44 

of the estimation-choice relationship. It would appear that the con¬ 

trolling factor may be something akin to task clarity and the resulting 

level of confidence attached to information used in the decision process. 

To illustrate, in the case of congruent estimation conditions, the 

subject benefits from general cuing, but he also may approach the 

choice task with confidence that the cued information (probability 

or frequency) is indeed relevant. By contrast, the incongruent 

estimation requirement may lead him to doubt the appropriateness 

of the information that he has been accumulating: even though he 

faces the choice situation with similar stored information, he may 

be less confident in it and therefore less inclined to follow its 

dictates. 

This explanation underscores the importance of the subjects’ 

task perception or their "task representation" in handling a decision 

problem (Einhorn and Hogarth, 1981). The idea that decision perfor¬ 

mance may be less than optimal due to a misperception of the task has 

been shown in other contexts (Lichtenstein and Feeney, 1968). The 

implication is that estimations lead to the development of an evalua¬ 

tive strategy for predictive choices. However, the incongruence 

produced in the PF and FP groups influences the task representation 

of the subjects and makes them less confident of using the same 

strategy consistently in attacking the newly encountered prediction 

problem. Moreover, the lack of immediate feedback on the choice 

trials might deter the formulation and direct testing of rules. 

This " 'might not be the case in the congruent condition -- the 

FF and PP groups — and cuing leads to the use of an appropriate 



45 

rule for choices. 

To summarize, estimation serves a general cuing function in 

directing the subjects' mode of approaching the choice task. This 

accounts for the superior performance of all the experimental groups 

relative to the control group. Furthermore, the development of a 

consistent strategy might be subject to disrupting influences from 

changed perceptions of the task and this directly affects the accuracy 

of choices within the experimental conditions. 

The inclusion of the binary vs. the triple choice manipulation 

proved to be ineffective. It will be recalled that choice pairs in 

the binary condition were derived from the other condition. Thus 

it was hypothesized that if the subjects develop a constant strategy, 

both choice conditions should produce equal levels of accuracy. 

Otherwise, the three-alternative condition would compound uncertainty 

and the increased level of perceived complexity would be detrimental 

to performance. The data failed to support this notion. 

Confidence Judgments. As was mentioned earlier, subjects had 

to indicate their confidence in the accuracy of every prediction on 

a scale which ranged from 1 (randomly guessing) to 5 (absolutely 

certain). It was thus possible to obtain the mean confidence attached 

5 5 
to correct responses based on the following formula: Z r.t. / I t. 

i=l 11 i=l 

where t^ is the number of correct responses that were given a confi¬ 

dence rating r^. The mean confidence ratings for the FF, PF, FP, 

PP and C groups were 3.56, 3.75, 3.53, 3.83 and 3.11 respectively. 

These differences were statistically significant, F(4,40) ■ 5.31, 
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£ < .01. The control subjects exhibited far less confidence in the 

accuracy of their choices than did any of the experimental subjects. 

Whether the confidence level is related to the subjects’ awareness 

in their overall level of performance or whether it results from the 

discovery of a rule (which the control group appeared to lack) is 

not clear. 

CONCLUSION 

It is often the case that the DM has to operate in ah uncertain 

environment and use his impressions of uncertainty in making decisions. 

The present study used a task of real-world complexity to determine if 

cuing and estimation requirements would modify uncertainty judgments 

(viz. frequency and probability estimations) and subsequently influence 

decisions (predictive choice behavior). 

Very broadly, the findings corroborated the conclusions reported 

by Howell and Kerkar (1981) that judgment (estimation) enchances 

the accuracy of decisions (choices). This study, however, went a 

step farther to examine the estimation-choice relationship more 

closely. Since an attempt was made to manipulate the quality of 

estimations and observe its effect on choices, any discussion of 

predictive choice behavior is contingent upon conclusions about 

estimation performance. 

In the case of estimations, set proved to be a nonsignificant 

factor, but the type of response elicited produced a reliable dif¬ 

ference among groups. Thus, anticipation of frequency or probability 

judgments did not lead to different kinds of encoding and performance 

was primarily a function of the nature of the elicited response. 
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Frequency estimation produced a more veridical record of event oc¬ 

currences than did probability estimation. This difference could 

result from an inherent bias in the probability response that causes 

reliance on factors other than stored impressions of past event 

occurrences. However, the exact nature of the information that 

both responses draw on still remains an open question. 

It was apparent that estimation performance (frequency and 

probability) is sensitive to event type, but the specific event 

features that influence efficacy of encoding was beyond the scope 

of this study. There was some evidence to suggest that the difference 

between the frequency and probability estimations is more pronounced 

for narrowly defined events, but the design did not permit a rigorous 

test of the dimensions of probe-category that are of greatest im¬ 

portance. 

Turning to predictive accuracy, the congruent condition produced 

the best choices followed by the incongruent condition, and the 

control group performed the worst. The data strongly favored the 

general cuing hypothesis in accounting for the facilitatory effect 

of estimations on choices. However, there was one provocative finding 

in the results that could not be addressed definitively due to the 

small power afforded by the group size (n ■ 9). The difference 

between the accuracies of the congruent and incongruent condition 

was suggestive of the influence of a subtle controlling factor — 

subject's perception of the task. It was hypothesized that since 

the subject's mode of attacking any decision problem occurs in the 

context of how he perceives the task, the incongruity between set 
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and estimation might have distorted this task representation and 

deterred the consistent use of the cued information in choices. 

It would be premature to speculate on exactly what mediating variables 

affect cuing and how they operate ; these remain interesting questions 

for future research. 

The findings of the study are consistent with recent claims that 

although judgment and choice are related, they are not synonymous 

(Einhorn & Hogarth, 1981). Future investigations should be directed 

at the circumstances in which they can be identical, if at all. 

Such findings would have important practical and theoretical implica¬ 

tions. They might help us gain a better understanding of choice 

behavior and its determinants and develop ways to promote better 

decision making. 
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