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PREFACE

I have been working on forecasting issues for four decades. For many years, I had an ambition
to write a book on principles summarizing knowledge in forecasting. Big ideas are nice, but
how can they be made a reality? Fred Hillier, from Stanford University, was actually a step
ahead of me. He suggested that I write a comprehensive book on forecasting as part of his
“International Series in Operations Research and Management Science.” Gary Folven, my
editor at Kluwer was enthusiastic, so the Forecasting Principles Project was born in the middle
of 1996.

In my previous book, Long-Range Forecasting, 1 summarized empirical research on
forecasting but translated few of the findings into principles. As a result, an update of that book
would not do. I needed a new approach. Because knowledge in forecasting has been growing
rapidly, I also needed help. What an amazing amount of help I received.

First there are the 39 co-authors of this handbook. I chose them based on their prior research.
They summarized principles from their areas of expertise.

To ensure that the principles are correct, I sought peer reviews for each paper. Most of the
authors acted as reviewers and some of them such as Geoff Allen, Chris Chatfield, Fred
Collopy, Robert Fildes, and Nigel Harvey reviewed many papers. I also received help from the
123 outside reviewers listed at the end of this book. They are excellent reviewers who told me
or my co-authors when our thinking was muddled. Sometimes they reviewed the same paper
more than once. Some of the reviewers, such as Steve DeLurgio and Tom Yokum, reviewed
many papers.

Amy Myers prepared mailing lists, sent mailings, handled requests from authors, tracked
down missing persons, and other things that would have been done much less effectively by me.

Can I thank the Internet? I marvel that edited books appeared before the Internet. It does not
seem feasible to conduct such a joint undertaking without it. It allowed us to see each other’s
work and enabled me to send thousands of messages to contributors and reviewers. Many
thousands. Try to do that without the Internet!

The staff at the Lippincott Library of the Wharton School was extremely helpful. Mike
Halperin, head of the Lippincott Library, suggested resources that would be useful to
practitioners and researchers, provided data and sources on various topics, and did citation
studies. Jean Newland and Cynthia Kardon were able to track down data and papers from
sketchy information. The Lippincott Library also has a service that enables easy searches; I
click titles on my computer screen and the papers appear in my mailbox a few days later.
Wonderful!

As part of my contract with Kluwer, I was able to hire Mary Haight, the editor for Interfaces.
She was instrumental in ensuring that we communicated the principles effectively. No matter
how hard we worked on the writing, Mary always found many ways to improve it. Seldom
would there be a paragraph with no suggestions and I agreed with her changes 95% of the time.
She edited the entire book. Raphael Austin then offered to read all of my papers. He did
wonders on improving clarity.

John Carstens helped to design the layout for the chapters and solved word-processing
problems. He also handled the revisions of my papers, making good use of his Ph.D. in English



vi PRINCIPLES OF FORECASTING

by helping me to find better ways to express what I was trying to say and suggesting better ways
to present charts and tables. Meredith Wickman provided excellent and cheerful assistance in
word processing and rescued me in my struggles with Microsoft’s Word. Patrice Smith did a
wonderful job on proofreading.

The Forecasting Principles Website (http://forecastingprinciples.com) was originally estab-
lished to allow for communication among the handbook’s authors. John Carstens, our
webmaster, designed such an effective site that it quickly became apparent that it would be of
general interest. He translated my vague ideas into clearly designed web pages. He continues to
update the site, averaging about two updates per week over the past three years. Able assistance
has also been provided by our computer experts, Simon Doherty and Ron McNamara. The site
serves as a companion to the handbook, containing supporting materials and allowing for
updates and continuing peer review. It also provides decision aids to help in the implementation
of forecasting principles.

J. Scott Armstrong
March, 2001



DEDICATION

I first met Julian Simon in 1981, although I had been aware of his research much earlier. At the
time, I was being considered for a chaired-professor position in marketing at the University of
Illinois. Julian, whom I regarded as one of the outstanding researchers in the field, was on that
faculty but was not being offered a chair. It struck me as unfair. There was no doubt in my mind
that Julian was more deserving of that chair than I was.

Julian and I kept in touch over the years. He would call to discuss new ideas or to suggest
things we might work on. Usually, our ambitious plans remained on the to-do list. One of his
ideas was for me to compare published economic forecasts by Milton Friedman with those by
Paul Samuelson. Our hypothesis was that Friedman would prove more accurate because he
followed theories, whereas Samuelson followed his instincts. (Friedman told me he would
support the project, but I never did hear from Samuelson on this issue.) In any event, their
forecasts turned out to be too vague to code. They also appeared to follow the adage, ‘“Forecast
a number or forecast a date, but never both.”

Julian was a constant source of support for my work. It was with great sadness that I learned
of his death in 1998. For me, he stands as the ideal professor. He knew how to find important
problems, was tireless in his pursuit of answers, and had no ideological blinders. He asked how
the data related to the hypotheses and did so in a simple, direct, and fearless fashion. His writing
was clear and convincing. These traits were, of course, positively infuriating to many people.
His forecasts also proved upsetting. Consider the following: “Conditions (for mankind) have
been getting better. There is no convincing reason why these trends should not continue
indefinitely.”

Julian’s broad-ranging work includes much that is relevant to forecasters. As was true for
other areas in which he worked, his findings in forecasting have held up over time. They live on
in this book.

I dedicate this book to the memory of Julian Simon.

J. Scott Armstrong
March, 2001
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INTRODUCTION

J. Scott Armstrong

The Wharton School, University of Pennsylvania

“If a man gives no thought about what is distant,
he will find sorrow near at hand.”

e e
Formulate L Obtain Select
Problem Information Methods

|
[

The “Introduction” sets the stage for fore-
casting by explaining its uses and how it
relates to planning. It discusses how the
principles cover all aspects of forecasting
from formulating the problem to the use of
the forecasts. It also explains where the
principles come from. In short, they are
based on the work of 40 leading experts
who have reviewed the published research
involving thousands of studies. Their
conclusions have been subjected to exten-
sive peer review by the other authors and
by more than 120 outside reviewers, most

Confucius

Implement
ethods

Evaluate ‘ : Use
Methods | Forecasts
PRSP -

ofthem leading experts in forecasting.
The book is supported by the Fore-
casting Principles website at

http://hops.wharton.upenn.edu/forecast

This site provides details for some of the
papers. It will allow for updates and con-
tinuing discussion. It also includes infor-
mation on applying the principles, such as
guides to software, data, and research
literature.
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Forecasting is important in many aspects of our lives. As individuals, we try to predict
success in our marriages, occupations, and investments. Organizations invest enormous
amounts based on forecasts for new products, factories, retail outlets, and contracts with
executives. Government agencies need forecasts of the economy, environmental impacts,
new sports stadiums, and effects of proposed social programs.

Poor forecasting can lead to disastrous decisions. For example, U.S. cities construct
convention centers based on wishful forecasts of demand. Sanders (1998) describes some
examples, such as consultants’ relying on Say’s Law (build it and they will come) for San
Antonio’s convention center. The consultants ignored important factors.

Forecasting is often frowned upon. According to Drucker (1973, p. 124), . . . forecast-
ing is not a respectable human activity and not worthwhile beyond the shortest of periods.”
Forecasting has also been banned. In Rome in 357 A.D., Emperor Constantino issued an
edict forbidding anyone ““to consult a soothsayer, a mathematician, or a forecaster . . . May
curiosity to foretell the future be silenced forever.” In recent years, however, forecasting
has become more acceptable. Researchers involved in forecasting have gained respect and
some, such as Lawrence R. Klein, Wassily W. Leontief, Franco Modigiliani, and James
Tobin, have received Nobel prizes in economics.

Forecasting practice has improved over time. For example, errors in political polls have
decreased since the 1936 Literary Digest debacle in predicting the outcome of the Roose-
velt-Landon election (Squire 1988) and the 1948 Truman-Dewey election (Perry 1979,
Mitofsky 1988). Ascher (1978, Table 6.6) showed that accuracy improved in many areas,
such as in long-term forecasts of airline travel. Weather forecasting has improved as well,
with great economic benefits (e.g., Craft 1998). Before 1987, forecasters correctly pre-
dicted only about 27% of tornados before they touched the ground. By 1997, that number
had risen to about 59% (Wall Street Journal, May 5, 1998, p. A10).

Knowledge about forecasting has increased rapidly. In Armstrong (1985), I summarized
research from over one thousand books and journal articles. Principles of Forecasting
draws upon that research along with a substantial amount of literature since 1985.

THE SCOPE OF FORECASTING

Decision makers need forecasts only if there is uncertainty about the future. Thus, we have no
need to forecast whether the sun will rise tomorrow. There is also no uncertainty when events
can be controlled; for example, you do not need to predict the temperature in your home. Many
decisions, however, involve uncertainty, and in these cases, formal forecasting procedures (re-
ferred to simply as forecasting hereafter) can be useful.

There are alternatives to forecasting. A decision maker can buy insurance (leaving the
insurers to do the forecasting), hedge (bet on both heads and tails), or use “just-in-time”
systems (which pushes the forecasting problem off to the supplier). Another possibility is
to be flexible about decisions.

Forecasting is often confused with planning. Planning concerns what the world should
look like, while forecasting is about what it will look like. Exhibit 1 summarizes the rela-
tionships. Planners can use forecasting methods to predict the outcomes for alternative
plans. Ifthe forecasted outcomes are not satisfactory, they can revise the plans, then obtain
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Exhibit 1
Framework for forecasting and planning
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new forecasts, repeating the process until the forecasted outcomes are satisfactory. They
can then implement and monitor the actual outcomes to use in planning the next period.
This process might seem obvious. However, in practice, many organizations revise their
forecasts, not their plans. They believe that changing the forecasts will change behavior.

Forecasting serves many needs. It can help people and organizations to plan for the fu-
ture and to make rational decisions. It can help in deliberations about policy variables. For
example, what would happen if the U.S. government eliminated the capital gains tax?
What if it increased the minimum wage? What if it legalized marijuana? Such forecasts
can help policy makers to see what decisions they should make and may affect what deci-
sions they do make.

WHAT DO WE MEAN BY PRINCIPLES?

The purpose of this book is to summarize knowledge of forecasting as a set of principles.
These “principles” represent advice, guidelines, prescriptions, condition-action statements,
and rules.

‘We expect principles to be supported by empirical evidence. For this book, however, 1
asked authors to be ambitious in identifying principles for forecasting by including those
based on expert judgment and even those that might be speculative. The authors describe
the evidence so that you can judge how much confidence can be placed in the principles.

Principles that have not been empirically tested should be viewed with some skepticism.
For example, in reviewing the 15 editions of Paul Samuelson’s Economics published be-
tween 1948 and 1995, Skousen (1997) found many principles rested on opinions, rather
than on empirical evidence. In the first edition, Samuelson stated that private enterprise is
afflicted with periodic acute and chronic cycles in unemployment, output, and prices,
which government had a responsibility to “alleviate.” As late as the 1989 edition, Samuel-
son said “the Soviet economy is proof that, contrary to what many skeptics believed, a
socialist command economy can function and even thrive.”
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To assess whether a principle applies to a situation, you must understand the conditions.
Therefore, the authors report on the conditions for which each principle is applicable. Evi-
dence related to these conditions is also summarized.

THE IMPORTANCE OF PRINCIPLES

One would expect that the social sciences produce many useful principles. However, at-
tempts to summarize principles are rare. Two exceptions stand out. Berelson and Steiner’s
(1964) book, Human Behavior: An Inventory of Scientific Findings, describes the “state of
scientific knowledge about human behavior.” Another example is March and Simon’s
(1958) Organizations, a collection of principles on the behavior of formal organizations.
Despite their ages, these books continue to have influence. Between 1988 and 1999, the
Social Science Citation Index (SSCI) reported 55 citations of Berelson and Steiner’s book
and 353 of March and Simon’s.

Principles affect behavior. As Winston (1993) showed, principles propounded by aca-
demic economists in the late 1800s apparently persuaded the U.S. government to regulate
the economy. In contrast, since 1950, empirical studies have shown that regulation is bad
for the economy, so recommendations were brought into line with free market principles.
Partly because of these findings, the U.S. and other counties deregulated. Between 1977
and 1987, the percent of the U.S. GNP that was regulated fell from 17% to less than 7%.

Winston (1993) also demonstrates the importance of basing principles on empirical
studies. The benefits of deregulation are not obvious, especially to those affected by it.
Winston reports on a Business Week survey in 1988 showing that only 32% of the respon-
dents thought the U.S. airline deregulation of 1987 was a good idea. Many people thought
deregulation to be harmful and their unaided and selective observation then led them to
find evidence to confirm their beliefs. Data on safety, service, and prices since then show
that deregulation has been good for the consumer.

THE NEED FOR PRINCIPLES IN FORECASTING

Forecasting is relevant to many activities. Consider the following. A blood test showed that
my cholesterol was too high; it was 260, with a ratio of 4.3. To determine the best course
of action, my doctor had to forecast the effect that recommended changes would have on
my cholesterol level. Next, he needed for forecast how closely I would follow his advice.
Finally, he had to forecast how reducing my cholesterol level would affect my health and
quality of life. He made these forecasts in his head, all very quickly, and prescribed a low-
fat and low-cholesterol diet.

Because I love empirical research, I experimented by following my doctor’s advice
closely for four months. Was the outcome as my doctor predicted? Not really; the total
cholesterol was better (228), but the ratio was worse (4.5). Also, I would say that my qual-
ity of life went down and I was less fun to be around. So I conducted another experiment
for eight months, eating whatever I wanted, topped off at the end with a visit to Scotland
where the food was wonderful and high in cholesterol. The outcome of this experiment
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was that my cholesterol went down to 214 and the ratio went to 3.6. These were my best
scores in a decade, and they were contrary to my doctor’s forecast.

Assume that the doctor’s prescription lowered my cholesterol. Would my health have
improved? I asked the doctor for the best evidence he could find that would relate choles-
terol control to my health. His evidence was mixed; overall, the reported effects were
small, and it was difficult to determine how conditions affected the results. For example,
does cholesterol control help a 63-year-old male who is not overweight and who jogs 25
miles per week? The issue then becomes whether to follow advice based on the judgmental
forecasts of my doctor, or whether to rely on the more objective evidence from my experi-
ment and on findings in the published literature. I chose the latter.

Many forecasting problems are more complex than my cholesterol problem. Organiza-
tions regularly face complex problems. The more complex they are, the greater the need
for a formal approach. For example, to forecast sales, an organization could apply fore-
casting methods to the various aspects of the problem shown in Exhibit 2. By going
through each component of the forecast, it may be possible to improve overall accuracy. In
addition, it allows one to assess how various factors affect the forecast.

Choosing an appropriate forecasting method depends on the situation. For example, for
long-range forecasting of the environment or of the market, econometric methods are often
appropriate. For short-range forecasting of market share, extrapolation methods are useful.
Forecasts of new-product sales could be made judgmentally by experts. Decisions by par-
ties in conflict, such as companies and their competitors, can be predicted by role-playing.

We formulated the principles in this book to help analysts select and apply forecasting
methods. These tasks are often performed poorly in organizations, sometimes because
managers have too much confidence in their intuition. One example of deficient practice

Exhibit 2
Components of the sales forecast
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involves the use of focus groups to make forecasts. No empirical evidence supports that
practice. In addition, focus groups violate some forecasting principles. One such principle
is that judgmental forecasts should be generated independently. In focus groups, however,
people’s opinions are influenced by what others say. Also, focus groups typically yield
qualitative rather than quantitative responses. People sometimes argue that focus groups
were never intended to produce forecasts, but organizations use them for that purpose.
Managers hear people describing how they might react to a proposed change, such as a
new design for a product, and these opinions seem convincing.

WHO NEEDS PRINCIPLES OF FORECASTING?

The principles in this book are intended for use by many:

1. Forecasting practitioners in businesses, nonprofit organizations, and government
agencies can apply them in selecting, preparing, and using forecasts.

2. Forecasting researchers can learn what has been discovered in other disciplines and
what areas are in need for further research.

3. Educators can use them for instruction, and they can incorporate them into text-
books.

4. Lawyers and expert witnesses can use them to determine whether forecasters in a
case followed best forecasting practices.

5. Journalists and public interest groups can determine whether reasonable practices
were used to support public projects, such as new transportation systems.

6. Software providers can incorporate them into their programs.

7. Auditors can use them to assess whether organizations are using the best practices
in their forecasting.

8. Investors can judge the worth of potential acquisitions or assess the merit of sup-
porting new ventures.

DEVELOPMENT OF FORECASTING PRINCIPLES

To summarize the findings, I invited 39 leading researchers to describe principles in their
areas of expertise. These authors have made previous contributions to forecasting.

Given the importance of having complete and accurate descriptions of principles, we
relied heavily upon peer review. When the authors submitted outlines, I commented on
them. I then reviewed the initial submissions, typically asking for extensive revisions. The
revised papers were sent for outside review by over 120 researchers, and their help was of
great value. Thirty-one of the authors of the Principles of Forecasting also served as re-
viewers, some of them reviewing a number of papers. I posted principles on the Forecast-
ing Principles website in an attempt to solicit suggestions and used e-mail lists to obtain
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comments on the principles. Finally, many researchers responded with suggestions when 1
asked them if their studies had been properly described in this book.

On average, we obtained over eight reviews per paper, more than that obtained for pa-
pers published by the best academic journals. In addition, I reviewed each paper several
times. The authors made good use of the reviewers’ suggestions and revised their papers
many times.

COMMUNICATION OF PRINCIPLES

In forecasting, communication across disciplines has been a problem. Researchers are of-
ten unaware that problems have already been studied in other areas. The International In-
stitute of Forecasters was founded in 1980 in an attempt to improve communication. In
addition, two research journals (International Journal of Forecasting and Journal of Fore-
casting) and an annual International Symposium on Forecasting foster communication.
Still, communication problems are serious.

This handbook organizes knowledge as principles that are relevant to all areas of study.
To emphasize the principles and conditions, we put them in bold with “bullets” and follow
each principle with discussion and evidence. People and subject indexes are included to aid
in locating key topics.

Differences in terminology interfere with inter-disciplinary communication and with
communications between academicians and practitioners. In an effort to bridge this gap,
the principles are described in simple terms. In addition, much effort went into the “Fore-
casting Dictionary.” It defines terms used in forecasting and provides evidence on their use
in forecasting.

The Forecasting Principles website (hops.wharton.upenn.edu/forecast) provides many
details in support of the handbook. It includes descriptions of forecasting methods, soft-
ware, data, summaries of research, and guides to further research. Appendices for some of
the papers are also provided on this site.

EARLY FOUNDATIONS FOR FORECASTING PRINCIPLES

In this book, we focus primarily on research since 1960 even though a foundation had been
established prior to 1960. A small number of researchers had developed enduring princi-
ples, some of which are described here:

® Correct for biases in judgmental forecasts.

Ogburn (1934) and MacGregor (1938) found that judgmental forecasts were strongly in-
fluenced by biases such as favoring a desired outcome (optimism bias).

% Forecasts provided by efficient markets are optimal.

Cowles (1933) concluded that forecasters could not improve the accuracy of forecasts
derived from the actions of a market. Research findings since then have strengthened this
conclusion (Sherden 1998). This applies to financial markets, betting on sporting events,
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and collectibles. Short-term movements in efficient markets follow a random walk (the
best forecast of tomorrow’s price is today’s price). Long-term changes occur, and they are
predictable, but market expectations provide the best forecasts. The only exception is when
the forecaster has inside information.

® Use the longest time series available.

Dorn (1950) concluded that forecasters should use the longest possible time series.
Forecasters often ignored this advice, as they did after the energy crisis in the U.S. in the
early 1970s. The principle of using the longest time series sometimes conflicts with the
principle of using the most relevant data, which typically means the most recent data.

® Econometric forecasting models should be fairly simple.

Dorn (1950) argued for simplicity in forecasting juvenile delinquency. Reiss (1951)
made a similar case in demography.

® Do not use judgment to revise predictions from cross-sectional forecasting models
that contain relevant information.

Based on many studies concerning personnel predictions, Meehl (1954) concluded that
judgmental revisions harm cross-sectional predictions. He advised using available infor-
mation about a job candidate in a quantitative model and avoiding judgmental revisions,
especially ifthe person who is responsible for the selection has met the candidate.

® Theory should precede analysis of data in developing econometric models.

Glasser (1954), after examining 30 years of research on parole predictions, concluded
that theory should precede the development of predictive models. Wold and Jureen (1953)
showed that simple procedures were sufficient for combining prior theory with regression
estimates.

ORGANIZATION AND CONTENT OF THE BOOK

This book is organized around the forecasters’ major tasks to formulate the problem, ob-
tain information, select forecasting methods, implement methods, evaluate methods, and
use forecasts (Exhibit 3).

Exhibit 3
Stages of forecasting
Formulate Obtain Select Implement Evaluate Use
problem [P®] Information ["®] Methods [®]  Methods Methods [P Forecasts
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Most of the book is devoted to descriptions of forecasting methods, discussions of the
conditions under which they are most useful, and summaries of the evidence. The methods
are shown in the methodology tree (Exhibit 4). First, we divide the methods into those
based primarily on judgment and those based on statistical sources. Then, moving down
the exhibit, the methods display an increasing amount of integration between judgmental
and statistical procedures. Judgment pervades all aspects of forecasting. The discussion
below follows Exhibit 4.

Exhibit 4
Methodology Tree: Characteristics of forecasting methods and their relationships
(dotted lines represent possible relationships)

Knowledge
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Judgmental methods are split into those that predict one’s own behavior versus those in
which experts predict how others will behave. Looking at the behavior of oneself, another
split asks whether these forecasts are done with or without the influence of a role. The role
can often have a powerful influence on behavior. Role playing can help one to make fore-
casts by simulating the interactions among key people. I described this in my paper “Role
Playing: A Method to Forecast Decisions.” In intentions methods, people predict their own
behavior in various situations. Morwitz describes these in “Methods for Forecasting from
Intentions Data.”

Conjoint analysis allows one to examine how the features of situations affect intentions.
Each situation is a bundle of features that can be varied according to an experimental de-
sign. For example, a forecaster could show various designs for a computer and ask people
about their intentions to purchase each version. Statistical analyses are then used quantify
intentions’ relationships to features. This can address questions such as “To what extent
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would omitting a disk drive from a computer harm sales?” Wittink and Bergestuen de-
scribe relevant principles in “Forecasting with Conjoint Analysis.”

The branch labeled “others” draws upon experts’ knowledge of how people and or-
ganizations act in various situations. Harvey describes principles for using expert opinions
in “Improving Judgment in Forecasting” and sets the stage for the other papers in this sec-
tion. In “Improving Reliability of Judgmental Forecasts,” Stewart stresses the importance
of obtaining reliable judgmental forecasts. MacGregor, in “Decomposition for Judgmental
Forecasting and Estimation,” describes how to decompose forecasting problems so that
expert knowledge can be used effectively. Rowe and Wright describe procedures for ex-
pert forecasting and integrate them using the Delphi procedure in “Expert Opinions in
Forecasting: Role ofthe Delphi Technique.”

It is possible to infer experts’ rules using regression analysis. This approach, called
Jjudgmental bootstrapping, is a type of expert system. It is based only on the information
experts use to make forecasts. I describe this simple, useful approach to improving the
accuracy and reducing the cost of judgmental forecasts in “Judgmental Bootstrapping:
Inferring Experts’ Rules for Forecasting.”

Extrapolation of results from analogous situations can be used to predict for the situa-
tion that is of interest. Analogies are useful for time series for which you have few obser-
vations. The procedure involves merging statistical and judgmental approaches as dis-
cussed by Duncan, Gorr, and Szyzypula in “Forecasting Analogous Time Series.” Analo-
gies also apply to cross-sectional predictions. Analogies can have a strong impact on expert
forecasts. Consider, for example, the effect that a change in a company’s name can have on
investors’ expectations. A change to an Internet association (.com) more than doubled the
stock prices of companies in the days following the announcements (Hulbert 1999). Ap-
parently, investors were adopting a new analogy for comparison when judging the future
success of the firms.

The statistical side of the methodology tree leads to a univariate branch and to a multi-
variate branch. The univariate branch, which we call extrapolation methods, consists of
methods that use values of a series to predict other values. In “Extrapolation for Time-
Series and Cross-Sectional Data,” I describe principles for using earlier values in a time
series or for using cross-sectional data. Neural networks are also used for extrapolations, as
Remus and O’Connor discuss in “Neural Networks for Time-Series Forecasting.”

Rule-based forecasting integrates domain knowledge with knowledge about forecasting
procedures in a type of expert system that extrapolates time series. Armstrong, Adya, and
Collopy describe this integration in ‘“Rule-based Forecasting: Using Judgment in Time-
Series Extrapolation.”

Expert systems represent the rules that experts use. Studies on experts provide a starting
point for such models. Collopy, Armstrong, and Adya discuss their development and use in
“Expert Systems for Forecasting.”

The multivariate branch is split into models derived primarily from theory and those de-
rived primarily from statistical data. Allen and Fildes briefly discuss the data-based branch
in “Econometric Forecasting.” An immense amount of research effort has so far produced
little evidence that data-mining models can improve forecasting accuracy.

In the theory-based approach, researchers develop models based on domain knowledge
and on findings from prior research. They then use data to estimate parameters of the
model. Econometric models provide an ideal way to integrate judgmental and statistical
sources. Allen and Fildes describe the relevant principles in “Econometric Forecasting.”
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In all, there are eleven types of forecasting methods. The issue then arises as to which
methods are most appropriate. In “Selecting Forecasting Methods,” 1 examined six ap-
proaches to choosing appropriate methods for various situations.

There are a number of ways to integrate judgment and quantitative methods. Webby,
O’Connor, and Lawrence show how quantitative forecasts can be used to revise judgments
in “Judgmental Time-Series Forecasting Using Domain Knowledge.” Sanders and Ritz-
man, in “Judgmental Adjustments of Statistical Forecasts,” show that domain experts can
sometimes make useful revisions to quantitative forecasts. Another approach to integra-
tion is to combine forecasts from different methods, as I describe in “Combining Fore-
casts.”

Forecasters may need to conduct studies to determine the most appropriate methods for
their situation. I describe evaluation principles in “Evaluating Forecasting Methods.” These
can be used by researchers and by organizations that need to make many important fore-
casts.

In addition to forecasting expected outcomes, forecasters should assess uncertainty.
Chatfield addresses this issue with respect to quantitative models in “Prediction Intervals
for Time-Series Forecasting.” Arkes examines judgmental assessments of uncertainty in
“Overconfidence in Judgmental Forecasting.”

It is often difficult to get people to act on forecasts, especially those that require major
changes. Gregory and Duran discuss how to gain action in “Scenarios and Acceptance of
Forecasts.” Fischhoff considers how people and organizations can learn from their fore-
casting efforts in “Learning from Experience: Coping with Hindsight Bias and Ambigu-
ity.”

Four papers describe the application of principles: Ahlburg’s “Population Forecasting,”
Mead and Islam’s “Forecasting the Diffusion of Innovations,” Brodie et al.’s “Econometric
Models for Forecasting Market Share,” and Fader and Hardie’s “Forecasting Trial Sales of
New Consumer Packaged Goods.”

Principles are useless unless they are effectively communicated. Text and trade books
provide detailed explanations for using some of the techniques. In “Diffusion of Forecast-
ing Principles through Books,” Cox and Loomis assess forecasting textbooks from the
1990s. They examine their coverage of the forecasting principles and the extent to which
their recommendations are consistent with the principles. Perhaps the most effective way to
transmit principles, however, is through software. In “Diffusion of Forecasting Principles
Through Software,” Tashman and Hoover examine how software packages help in the use
of forecasting principles. Although software does not exist for some of the methods, soft-
ware providers manage to transmit many principles. Still, there is much room for im-
provement.

The book concludes with a summary of key forecasting principles. This includes a
checklist with suggestions on how to audit forecasting procedures.
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Role playing is a way of predicting the
decisions by people or groups engaged in
conflicts. Roles can greatly influence a
person’s perception of a situation. Thus,
when predicting someone’s decisions, it
may be useful to take his role into ac-
count. This is important when people
interact (Party A’s decisions influence
Party B’s decisions, and Party A may then
react, and so on). Because of these inter-
actions, expert opinions are not accurate
for predicting what the parties will do
when they encounter new situations.

Role playing is especially useful for
important conflicts. For example, how
would a country react to the threat of a
war? How would managers respond to the
threat of a strike? How would a major
industrial customer react to a new pricing
policy?

Role playing is an inexpensive and
practical alternative to experimentation.
Lawyers have used it to forecast jury re-
actions to various arguments. Military
strategists have used it to assess the out-
comes of different strategies.



The procedures for role playing are de-
scribed in J. Scott Armstrong’s “Role
playing: A Method to Forecast Deci-
sions.” For example, one principle is to
instruct role players to improvise. A series

PRINCIPLES OF FORECASTING

of experiments shows that to forecast the
decisions of parties in conflict, role play-
ing is much more accurate than expert
judgment.




ROLE PLAYING:
A METHOD TO FORECAST DECISIONS

J. Scott Armstrong
The Wharton School, University of Pennsylvania

ABSTRACT

Role playing can be used to forecast decisions, such as “how will our
competitors respond if we lower our prices?” In role playing, an adminis-
trator asks people to play roles and uses their “decisions” as forecasts.
Such an exercise can produce a realistic simulation of the interactions
among conflicting groups. The role play should match the actual situation
in key respects, such as that role players should be somewhat similar to
those being represented in the actual situations, and roleplayers should
read instructions for their roles before reading about the situation. Role
playing is most effective for predictions when two conflicting parties re-
spond to large changes. A review of the evidence showed that role play-
ing was effective in matching results for seven of eight experiments. In
five actual situations, role playing was correct for 56 percent of 143 pre-
dictions, while unaided expert opinions were correct for 16 percent of
172 predictions. Role playing has also been used successfully to forecast
outcomes in three studies. Successful uses of role playing have been
claimed in the military, law, and business.

Keywords: Analogies, conflict situations, decision-making, experiments,
expert opinions, game theory, intentions.

Consider the following situations: (1) A union threatens to strike against an organization.
The firm can meet some union demands, and it has a final chance to make an offer before a
contract expires. Which of the feasible offers would be most effective in reducing the like-
lihood of a strike? (2) A special interest group considers a sit-in to convince the govern-
ment to provide subsidies to its members. The government believes the subsidy to be un-
wise and is willing to make only minor concessions. How likely is it that a sit-in would
succeed? (3) A firm selling industrial products to a small number of customers plans major
changes in its product design. The changes are risky but potentially profitable. It wants to
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make the changes without its competitors finding out. Would the firm’s three prime cus-
tomers accept the changes? (4) A law firm is considering strategies for a defendant. Which
defense would be most persuasive to the jury? (5) Two university professors are negotiat-
ing with the publisher of their journal to try to secure a better contract. The two parties are
currently far apart, and failure to agree would be costly to both sides. What should the
professors do to obtain a better contract?

In these situations, the decisions depend upon the interactions of two parties. In such
cases, either party could use role playing to help it to accurately forecast its own decisions
and those of the other party. In fact, role playing has been used successfully in each of the
above situations.

When one party incorrectly forecasts decisions by another party, the consequences can
be damaging. For example, in 1975, a consortium sponsored by the Argentine government
tried to purchase the stock of the British-owned Falkland Islands Company, a monopoly
that owned 43 percent of the land in the Falklands, employed 51 percent of the labor force,
exported all the wool produced, and operated the steamship run to South America. The
stockholders wanted to sell, especially because the Argentine consortium was reportedly
willing to pay “almost any price.” However, the British government stepped in to prevent
the sale. The actual solution in the Falklands (there was a war) left both sides worse off
than before. In contrast, a sale of the Falkland Island Company would have benefited both
countries. Apparently, Britain did not predict the responses by the three Argentine generals
when it blocked the sale, and the Argentine generals did not predict how Britain would
respond to its military occupation of the islands. Accurate forecasting of the other party’s
decisions might have led to a superior solution.

Role playing has been used to forecast the outcomes of many important conflicts. For
example, Halberstam (1973, pp. 558-560) describes the use of role playing by high-
ranking officers in the United States military to test the strategy of bombing North Viet-
nam. They found that a limited bombing strategy would fail to achieve the U.S. military
objectives, that unlimited bombing had some military advantages, but that, overall, bomb-
ing would be inferior to a no-bombing strategy. Despite this, the U.S. president and his
advisers decided that the best strategy was limited bombing. As role playing predicted, the
strategy failed.

WHY ROLE PLAYING CAN IMPROVE ACCURACY

The roles that people play affect their behavior. In an experiment by Cyert, March, and
Starbuck (1961), subjects presented with the same data made substantially different fore-
casts depending on whether they were given the role of “cost analyst” or “market analyst.”
This study was extended by Statman and Tyebjee (1985), with similar findings.

Decisions are difficult to forecast when there are a series of actions and reactions from
the parties involved. For example, given that party A proposes changes in a negotiation,
one must predict party B’s initial reaction, A’s subsequent reaction, B’s subsequent reac-
tion, and so on until they reach a final decision. The uncertainty about each party’s actions
and reactions at each stage makes it difficult to forecast decisions. Role playing should be
advantageous because it simulates the interactions.
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BASIC ELEMENTS OF ROLE PLAYING

To employ role playing, a forecaster asks subjects to put themselves in specified roles and
then to imagine how they would act, act out their responses alone, or interact with others in
the situation. The forecaster should try to match the decision-making situation as closely as
possible, aiming for realism in casting, role instructions, situation description, and session
administration. I discuss each of these topics along with coding of the results and deter-
mining the number of sessions needed.

Realistic Casting

® Those playing roles should be somewhat similar to the people they represent.

Similarity of background, attitudes, and objectives would seem to be important. However,
the little evidence available suggests that casting is not critical. For example, researchers
using students have described their results as realistic (e.g., Zimbardo’s, 1972, role playing
of inmates and jailers). Mandel’s (1977) review of research on political role playing led
him to conclude that researchers obtained similar results whether they used experts or
novices. In related research, Ashton and Krammer (1980) found considerable similarities
between students and non-students in studies on decision-making processes. My advice on
casting, then, is to obtain similar subjects if the cost is low; otherwise, obtain somewhat
similar subjects.

The number of subjects on role-playing teams should correspond to the number in the
actual situation. If this is not known, using more than one person to represent each party
may help to reinforce the roles and encourage improvisation. Most of the research to date
has used two individuals to represent each group.

Role Instructions

® Describe their roles to subjects before they read the situation description.

Roles affect subjects’ perceptions of a situation. Babcock et al. (1995) had 47 pairs of
subjects read their role instructions before reading the description of a law case and 47
pairs that read their roles afterward. The subsequent role-playing outcomes differed be-
tween these two groups.

® Ask the role players to act as they themselves would act given the role and the
situation, or ask them to act as they believe the persons they represent would act.

It is not clear if it is best to ask players to act as they would act or as they think the ac-
tual decision maker would act. As Kipper and Har-Even (1984) show, this orientation of
the role players can lead to substantial differences in outcomes, which could affect predic-
tive accuracy. We need further research. Lacking such research, my advice is to run some
sessions asking subjects to act as they would act in the given situation and some sessions
asking them to act as they think the decision maker would. To the extent that the forecasts
differ, one should have less confidence in the results.
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® Instruct players to improvise but to remain within their roles.

Subjects should play their roles in a realistic manner, and they should interact in a way
that would be representative of the likely types of interactions. The advice to improvise is
provided so that the role players will stay in their role and so that they will explore differ-
ent options. It is based on common sense and experience.

Description of the Situation

® Describe the situation accurately, comprehensively, and briefly.

Role players need comprehensive and accurate information. The descriptions should in-
clude information about each of the participants and their goals, a history of their relation-
ships, current positions, expectations about future relationships, the nature of the interac-
tion, and the particular issue to be decided. However, role players will not be able to retain
much information. Thus, short descriptions of about a page are desirable.

Preparation of the situation description requires a good understanding of the situation
and much care and effort. One should pretest the written description to make sure it is
understandable and comprehensive. How the situation is described may affect the re-
sponses in unintended ways. For example, emotionally charged words may cause a bias.
Thus, it may be worthwhile for collaborating researchers to prepare descriptions of the
situation independently. The subjects could then be divided into groups, each receiving a
different description of the situation. One could then compare the responses for the differ-
ent descriptions.

® Specify possible decisions for the role players when feasible.

Having role players choose among specified possible decisions will make coding results
easier. If the decisions are not obvious, one should leave the choice open to avoid over-
looking a possible decision.

® Provide realistic surroundings.

To provide realism, one might ask participants to dress appropriately, as Janis and
Mann (1965) did for a role-play between doctor and patient. One might use a realistic lo-
cation, as Zimbardo (1972) did for a prison simulation. In each of these studies the subjects
became emotionally involved.

Administration

®  Ask participants to act out their responses.

Merely thinking about what one would do lacks realism. Active role playing (by talking or
writing) is more representative of the behavior to be predicted. Greenwood (1983), after
reviewing studies on role playing in psychology, reached the same conclusion on the need
for active involvement.
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®  Ask subjects to interact in a way that matches the actual decision-making situation.

When several people or groups play roles, the participants within each group should
discuss how they will act out their roles before meeting with the other party. This can help
them to make their role playing realistic.

In some cases, one might ask a subject to read a role and then make decisions in re-
sponse to some stimulus materials. In other cases, two groups of subjects might conduct
face-to-face meetings. In still other cases, groups might exchange information about their
actions via computer.

Some researchers have taken elaborate steps to achieve realism. Moynihan (1987) de-
scribes a role-playing procedure that lasted eight weeks. Mandel (1977) claimed that the
Pentagon spent large sums for a role-playing session. However, inexpensive approaches to
realism seem adequate. Elstein, Shulman, and Sprafka (1978) compared elaborate versus
simple role plays of doctor-patient interactions and found few differences between them.
While elaborate simulations can achieve more realism, we have little evidence that there is
a gain in accuracy that justifies their added cost. The budget is probably better spent by
running more low-cost role plays.

Coding

The decisions from sessions are used as the prediction. For example, if management’s
offer to a union leads to a strike in four out of five role-playing sessions, one would predict
an 80 percent chance of a strike.

® To reduce chances for misinterpretation, ask role players to write their view of the
decision.

Ask all role players to report their final decisions independently. This is done in case the
decision is perceived differently by each party. This can help to identify cases where the
decision is ambiguous. In some cases such as agreeing to a contract, the reporting is sim-
ple. Sometimes, however, the role players will not reach a conclusion. In such cases, ask
participants to write down what they think the decision would have been had the interac-
tions continued.

® If interpretation of the decision is required, have more than one person independ-
ently code the responses.

Using more than one coder increases reliability. The coders should not be aware of the
purposes of the study and should work independently. This principle is based on standard
research methodology. Videotaped role-playing sessions may be useful in such cases and
would also allow for coding of the interactions so that one can better understand how the
decisions were reached.

Number of Sessions

® Base predictions on results from a number of role-playing sessions.

Each role-playing session can provide the forecaster with one sample observation per
group. Thus, a role-playing session with two parties would yield two forecasts. They
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would be highly correlated. They would differ only if their perceptions on the decision
differed or ifthey had to project what the decision would have been had the role play pro-
ceeded to a conclusion. To obtain a reliable prediction, one would want to have a number
of decisions, each based on a different group. To obtain a valid prediction, one would also
want to vary key elements of the role play.

To obtain reliable and valid forecasts, I think that one should run about ten sessions,
five using one description and five using another. If the responses differ greatly across
groups, then run more sessions. If the decisions are sensitive to the description or to other
aspects of the administration, then create additional descriptions and run more sessions
using them.

CONDITIONS FAVORING THE USE OF ROLE PLAYING

® Role playing is more effective for situations in which a few parties interact than
for those in which no parties or many parties interact.

Role playing may be used in predicting decisions by an individual who does not interact
with others directly. However, we can expect active role playing to be most effective (rela-
tive to other methods) for situations in which two parties interact. This is because realistic
active role playing provides a simulation of the situation, and because experts who do not
have benefit of the interaction will have difficulty in thinking through the interactions.

It is easiest to mimic situations in which only two parties interact. Where many parties
represent different viewpoints, matching the role play to the situation is difficult. Starting
in 1908, Washington and Lee University ran mock political conventions to select a presi-
dential candidate for the party that was not in office. In effect, this was a complex role play
with people representing many states, interest groups, and politicians. Washington and
Lee’s convention was usually held two or three months prior to the actual convention.
Through 1984, the convention correctly predicted 13 of 18 candidates. (During this period,
it was common that the candidate was not selected prior to the national convention.) Public
opinion polls had been conducted since 1936, and the candidate who was leading in the
poll conducted at about the same time as the Washington and Lee convention won the
nomination on 8 of 12 occasions. During this period, the convention was also correct on 8
of 12 occasions. Thus, role playing offered no advantage over surveys in this situation
involving many parties.

® Role playing is useful when the interacting parties are in conflict.

In their study of price negotiations over the price of a car and the price for a company,
Carroll et al. (1988) concluded that decisions often deviated from normative logic. Experts
are probably better at identifying what should happen than what will happen. Role playing
should be more accurate as to what will happen.

In many conflicts, the parties have opposing objectives or differing strategies. Differ-
ences in objectives occur, for example, when the seller is trying to get a high price for a
product while the buyer seeks a low price. An example in which groups have similar ob-
jectives but pursue different strategies is to be found among those trying to reduce teen
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pregnancies: some want the state to provide free condoms while others advocate ending
government support for teenage mothers.

® Role playing is useful for predicting in situations involving large changes.

Experts have difficulty predicting decisions when there are large changes or unusual
events, because the changes are outside their experience. Given its greater realism, role
playing’s accuracy should be superior to the expert’s judgment in such cases.

EVIDENCE ON THE VALUE OF ROLE PLAYING

To find published evidence on role playing, I examined the Social Science Citation Index
from 1978 through early 2000. The search used various combinations of the words “role
play” and “role playing” along with “forecast,” “forecasting,” “predict,” “predicting,” and
“prediction.” T also contacted researchers who had done related work. The latter approach
proved to be more fruitful.

Although role playing is widely used in the legal profession, Gerbasi et al. (1977) con-
cluded that its accuracy has not been evaluated. My search led to the same conclusion.
Similarly, despite widespread use of role playing in psychology, little has been done to
assess its predictive validity, as noted in reviews by Kerr et al. (1979) and Greenwood
(1983). Nevertheless, some evidence about its validity exists, as shown below.

L INY3

Face Validity

Some studies attest to the face validity of role playing. Orne et al. (1968) found that ob-
servers could not distinguish between subjects who were hypnotized and those who were
role playing a hypnotic trance. Zimbardo’s (1972) simulation of a prison was so realistic
that it was terminated prematurely for fear one of those playing a “jailer” might harm a
“prisoner.” Janis and Mann’s (1965) role play between “doctors” and ‘“patients who were
smokers” led to emotional responses by the subjects and to long-term reductions in smok-
ing.

Predictive Validity: Procedures

Analysts could compare role playing and alternate methods in contrived or actual situa-
tions. Actual situations provide higher external validity, but the controls are fewer and the
costs higher. Contrived situations, such as laboratory experiments, may have less relevance
to the real world, although Locke (1986) reports a close correspondence between the find-
ings from field studies and those from laboratory studies.

Evidence from prospective studies (i.e., situations whose outcomes are not yet known)
are useful. However, most research has involved “retrospective” studies. Such studies are
problematic because, even when it is possible to disguise past events, researchers may
choose interesting situations that would be surprising to experts. In other words, the selec-
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tion of situations may be biased toward those where expert opinions provide poor fore-
casts.

One key issue is how accurate role playing is in comparison with alternate methods.
Most of the research to date has compared role playing with expert opinion, and some
research has compared it to experimentation. Other procedures, described here, might also
be considered.

Expert opinion: People with experience in similar situations can probably make useful
predictions. For example, Avis executives can probably forecast decisions by Hertz execu-
tives. Expert opinions are especially useful in predicting when the changes are within the
experts’ experience, which implies that it is useful for predicting for small changes. Rowe
and Wright (2001) discuss the use of expert opinions for forecasting.

Experimentation: The key features of a situation might be translated into a laboratory
experiment. Laboratory experiments are common in marketing research; for example, peo-
ple are asked to shop in simulated stores. Economists also use experiments to study prob-
lems. One can use field experiments in analogous situations, such as experimenting with a
plan to charge customers for each trash bag in a few cities before extending the program to
other cities. Field experiments are often used in marketing to predict the likely adoption of
new products by testing them in certain geographical areas. The disadvantages of field
experiments are that there is a loss of secrecy, expenses are high, and people may act dif-
ferently during the experiments than they would in a real situation.

Intentions surveys: One possibility is to ask participants what decisions they will make in
a given situation. Besides having information about the environment, participants may
understand their own motivations. On the negative side, participants may lack insight
about how they (and others) would decide, especially when faced with large changes.
Also, they may be unwilling to reveal their true intentions in socially delicate situations.
Morwitz (2001) discusses intentions as a predictive tool.

Extrapolation by analogies: By examining analogous situations, one may be able to pre-
dict for a new situation. For example, the issue of fluoridation of water supplies has led to
conflict in various communities, so the outcome of a new case could be predicted by ex-
amining similar cases (e.g., “In what percentage of similar cases did the community vote
against fluoridation?”’). Analysts can extrapolate from analogous situations to assess alter-
nate strategies, but they need many similar cases to draw upon. This method is not so use-
ful for large environmental changes, new strategies, or new situations.

Game theory: The analyst would need to translate information about actual situations into
a game theory framework. It could be difficult to obtain enough information to create a
good match between the game and the actual situation. Also, despite much work on game
theory, its predictive validity has not been tested. For example, in their book about game
theory, Brandenburger and Nalebuff (1996) discussed its virtues for understanding busi-
ness situations, but did not report any studies of predictive validity nor were they aware of
any (personal communication with Brandenburger 1997). I have tried to find such studies
but have been unsuccessful.
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Predictive Validity: Contrived Situations

Kerr et al. (1977) compared decisions by real and mock juries in a contrived situation.
They led the “real” jurors to believe that their verdicts would be used to determine an aca-
demic violation at a university. On a predeliberation questionnaire (in their roles as jurors,
but before they deliberated in ajury), about half of the 117 mock jurors (who realized that
their verdict would not be used) reported that the defendant was guilty. For six-person
juries, assuming the initial majority prevails, this means that about half of the juries would
reach a guilty verdict. However, none of the mock juries reached a guilty verdict. This was
similar to the “real” juries where only one in twelve reached a guilty verdict.

In the late 1960s and early 1970s, role playing was proposed as an alternative to psy-
chology experiments, largely in response to a concern about the deception of subjects. |
reviewed the literature and found seven studies that used active role playing in an effort to
replicate subjects’ decision making in classic experiments on blind obedience, conformity,
bargaining, attitude change, and affiliation. Typically, the subjects were placed in settings
similar to those used for the experiments. They were asked to adopt the role of a subject
and to imagine that this was a real experiment as they responded to a script. In six studies,
the results of the role plays were similar to those in the published experiments (Greenberg
1967, Horowitz and Rothschild 1970, Houston and Holmes 1975, Mixon 1972, O’Leary
1970, and Willis and Willis 1970). Holmes and Bennett (1974) was the only study that
produced substantially different results.

Mixon (1972) provided explicit comparisons to alternatives. He used active role playing
(i.e., with interactions played out) to predict obedience in Milgram’s (1974) study in which
subjects were asked to shock a “learner.” In Milgram’s experiment, 65 percent of the ex-
perimental subjects were completely obedient, and the average shock they administered
was 405 volts (maximum was 450 volts). Of Mixon’s 30 role players, 80 percent were
fully obedient and the average shock level was 421 volts. In contrast, when Milgram had
asked 14 psychology students for their expert opinions on the percentage of people who
would be fully obedient, they had estimated only one percent.

Predictive Validity: Actual Situations

I, along with research assistants, have conducted a series of studies on role playing. Typi-
cally, subjects were scheduled in two groups of two people each for 80-minute sessions.
Upon arrival at the testing site, they were randomly paired and told that they would face a
decision-making situation. They handled one situation as experts and another situation as
role players. The order in which the situations were presented was varied across sessions.
The situations were assigned randomly to call for either opinions or role playing. In each
of these two situations, they received a set of closed-ended questions designed to cover the
range of possible decisions.

In the expert-opinion sessions, subjects were told that they had all relevant information
and that they had to reach consensus about the decisions. For each item on the question-
naire, they were to choose the response that most closely matched their prediction of the
decision that would be made.

In the role-playing sessions, subjects in each pair were randomly assigned to the roles of
one of the parties in a conflict (e.g., they could be players in the National Football League).
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The background information they read was intended to make the situation sound realistic
and to get them to think about the problem from the perspective of their role.

After reading and preparing for 20 minutes, two pairs of adversaries met at a conference
table. They were given information about the setting. For example, in the Philco Distribu-
tion situation, the role players were told they were meeting at the supermarket chain’s
headquarters. For the Dutch Artists situation, the meeting was held “in the museum where
the artists were conducting a sit-in.”

The role-plays lasted until the adversaries reached consensus (which is what generally
happened) or the time ran out. At the end of the role play, the two pairs separated and each
individual answered questions based on his or her experience. They were instructed to
state the consensus as they saw it, or if they had reached no consensus, to state what they
thought would have happened if their meeting had been allowed to run to a conclusion.

Role playing without interactions among parties: In Armstrong (1977), I asked subjects
to play the roles of seven members of the board of directors of the Upjohn Corporation.
They were confronted with a recommendation from the U.S. Food and Drug Administra-
tion (FDA) that Upjohn’s drug Panalba be removed from the market. This recommenda-
tion was based on a 20-year study by an unbiased group of medical scientists who made a
unanimous decision. The board met without representatives from the FDA. They had 45
minutes to agree on one of the following five decisions: (1) recall Panalba immediately and
destroy; (2) stop production of Panalba immediately but allow what’s been made to be
sold; (3) stop all advertising and promotion of Panalba but provide it for those doctors who
request it; (4) continue efforts to market Panalba most effectively until sale is actually
banned; and (5) continue efforts to market Panalba most effectively and take legal, politi-
cal, and other necessary actions to prevent the authorities from banning Panalba.

I continued to run such role-playing sessions after 1977. In all, sessions were conducted
in 12 countries over a 17-year period through 1988. Of the 83 groups in the condition de-
signed to match that faced by Upjohn, none decided to remove the drug from the market.
Furthermore, 76 percent decided to take decision 5, which was the decision that Upjohn
actually chose. In contrast, when I asked 64 people (mostly economists) to predict the out-
come, only 34 percent predicted that Upjohn would take that decision.

Clearly the roles affected decisions. When asked what they would do as individuals
(with no assigned role), only two of 71 respondents to a questionnaire said they would
continue efforts to market Panalba (decision 5). When Brief et al. (1991) presented this
case to 44 individuals and asked them to adopt the role of a board member and to submit
their vote for a meeting that they could not attend, 39 percent said they would remove the
drug from the market. However, when his subjects played the roles of board members,
none of the boards opted for removal.

Role playing with interactions: Most evidence on the use of interactive role playing to
predict decisions comes from retrospective studies. The researchers disguised the situa-
tions so that subjects would not be influenced by knowing what actually happened but did
not alter any key elements in the conflict. As a check, subjects were asked if they could
identify the situation, and none could. In this section, I describe studies conducted in Arm-
strong (1987) and Armstrong and Hutcherson (1989).

The “Distribution Plan” describes a 1961 plan by the Philco Corporation to sell major
appliances through a supermarket chain. Customers at participating supermarkets could
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obtain a discount on their monthly installment payment for an appliance equal to five per-
cent of the total of their cash register tapes. The payment of the discount was to be split
between Philco and the supermarket. Philco wanted to predict whether a supermarket
would accept the proposed plan. Subjects faced three decision options: accept the plan,
accept a limited version of the plan, or reject the plan. In the role playing, the supermarket
representatives accepted the plan 75 percent of the time, while only three percent of the
subjects providing expert opinions predicted that the supermarket would accept the offer.
In fact, the supermarket chain had accepted the offer. (It turned out to be an ill-fated rela-
tionship, but that is another story.)

The “Dutch Artists” study is based on a situation the Netherlands government faced.
Artists staged a sit-in at the country’s major art museum in an effort to obtain government
support for artists who were unable to sell their work. Subjects had to chose from among
six possible decisions. In 29 percent of the role-playing sessions the government gave into
the demands (the actual decision), whereas only three percent of the expert opinions pre-
dicted this.

In the “Journal Royalties” case, a new journal was an academic and financial success.
The editors, however, were unable to cover their expenses out of the royalties granted to
them under the initial contract with the publisher. They believed that the publisher was
earning substantial profits. Furthermore, the editors were not satisfied with either the pub-
lisher’s level of service or its marketing efforts for the journal. The initial contract ran out,
and the editors had to negotiate a new contract with the publisher. The publisher’s nego-
tiators said that they could not offer higher royalties because they had to recover the start-
up costs incurred during the first three years of the journal. Subjects were presented with
four possible decisions. Role players were unable to reach agreement (the actual outcome)
in 42 percent of the sessions, whereas only 12 percent of the 25 experts predicted such an
outcome. Although neither approach was correct most of the time, role playing would have
given greater weight to the possibility of not reaching an agreement. In fact, I was one of
the negotiators and, like our “experts,” my confident expert opinion was that we would
reach an agreement. Unfortunately, we did not use role playing prior to the actual negotia-
tion. The failure to reach an agreement was detrimental to both sides.

A prospective study, “NFL Football,” describes the conflict faced by the National Foot-
ball League’s (NFL) Players Association and the owners of the teams. We based our de-
scription of the conflict on reports published on February 1, 1982, when no negotiations
had taken place. The existing contract was scheduled to expire in July 1982. The NFL
Players Association said they would demand 55 percent of the football clubs’ gross reve-
nue to be used for players’ wages, bonuses, pensions, and benefits. Subjects could chose
among three decisions. Role playing led to a strike 60 percent of the time. In contrast, only
27 percent of the expert subjects predicted such an outcome. An insurance company was
issuing policies based on its much lower probability estimate of a strike. As it turned out,
there was a strike. Fortunately, my prediction that there would be a strike had been pub-
lished in the Philadelphia Inquirer on July 8, 1982, well before the strike occurred.

Summary of comparative studies on actual decisions: In each of the five situations, role
playing was more accurate than alternate methods for predicting decisions (Table 1). Role
playing was accurate for 56 percent of the forecasts while opinions were accurate for only
16 percent. Predictions based on opinions did no better than selecting arbitrarily from the
listed options.
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Table 1
Accuracy of role playing vs. expert opinions for actual cases

Percent correct (number of predictions)

Situation Parties in conflict Chance Opinions Role play

No Interaction

Panalba (drug) Manufacturer vs. 20 34 (64) 76 (83)
government regulators

Interaction
Retrospective
Distribution plan ~ Manufacturer & retailer 33 3(37) 75(12)
Dutch artists Artists & government 17 3(31) 29 (14)
Journal royalties  Publisher & editor 25 12 (25) 42 (24)
Prospective
NFL football Players & owners 33 27 (15) 60 (10)

Averages (unweighted) 25 16 (172) 56 (143)

Might the improved accuracy of role playing be due to subjects simply knowing about
the roles? That is, does one need tor ole play the situation? To test this, I gave role de-
scriptions to 48 pairs of subjects in the opinions conditions for the “Distribution Plan” and
“Dutch Artists” situations. I asked subjects to discuss the situations from the perspective of
the decision makers described in the role materials and then to predict what would happen.
Their opinions were almost identical to those of groups that had received no information
about the roles (Armstrong 1987). Thus, the superiority of role playing over expert opin-
ions in these two situations was due to the interactions, not to information about the roles.

Role Playing to Predict Outcomes

I have focused to this point on forecasting decisions. Some studies have examined the use
of role playing to predict outcomes of decisions. Role playing produced more accurate
predictions than did other procedures in three studies.

Tamblyn et al. (1994) used role playing by trainee doctors to predict ability to commu-
nicate with patients. They based their predictions on the trainees’ interviews with five
“standardized patients” who followed a script. Their resulting predictions of patient satis-
faction had validity for a situation in which faculty ratings and self-ratings had proved to
be ineffective.

Borman (1982) recorded 16 experienced recruiters’ assessments of 57 soldiers entering
a U.S. Army recruiting school. Predictions based on first impressions were uncorrelated
with success in training (average r = .02). Scores of tests designed to predict success in
military recruiting were also poorly correlated with success (average r = .09), as were
structured interviews (average r = .11). In contrast, each of five role-playing exercises was
correlated to the three criteria in the expected direction (with one exception) in the 15 tests;
over half of the correlations were significant at .05, and the average correlation coefficient
was .27.
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Randall, Cooke and Smith (1985) used role playing to predict the short-term (six
months) success of people who had been hired recently as life insurance sales agents. The
role plays were evaluated independently by four assessors and by a predictive model based
on actual outcomes for 36 participants. The model, using two key inputs from the role
play, was used to predict success for a holdout sample of 24 newly hired sales agents, of
whom 14 were no longer employed after the six months. The model correctly predicted
outcomes for 79 percent of the not-employed agents and 80 percent of the employed
agents. This was impressive given that the company had previously used extensive
screening and prediction procedures in hiring these 24 salespeople.

IMPLICATIONS FOR PRACTITIONERS

The evidence supports the use of role playing. In comparison with expert opinions, it pro-
vides greater accuracy. While role playing is more expensive than the use of expert opin-
ions, it would typically be much cheaper than experiments. Furthermore, some situations
do not lend themselves to experimentation. Decision makers can use role playing to test
new strategies that they have not previously encountered. Also, if outcomes are not pre-
specified, role players might identify outcomes that experts did not consider.

Besides providing accurate forecasts, role playing can enhance understanding of the
situation. Experts often face difficulties in gaining perspective on each of the parties in a
conflict. In such cases, people often assume that others will respond as they themselves do
(Messe and Sivacek 1979). A lack of perspective would be especially likely when the ex-
pert is a party in a conflict. For example, Nestlé did not seem to understand the perspective
of the protest group, INFACT, when it objected to Nestlé’s marketing practices for an
infant formula in third-world countries (Hartley 1989). Another example was Coca-Cola’s
failure to anticipate the reactions of a substantial group of Coke consumers to its revised
formula (Hartley 1989). Governments are frequently surprised by the reactions of their
citizens for such things as changes in the tax laws. Role playing can provide participants
with information about how they feel about others’ actions and how others react to their
actions. A party in a conflict would have difficulty thinking through these cycles of action
and reaction.

Role playing has been used to make predictions in the military; Goldhamer and Speier
(1959) reported that Germany used it in 1929 to plan war strategy. It has been used com-
mercially forjury trials as described by Cooper (1977). Leeds and Burroughs (1997) report
on its use for personnel selection. Kadden et al. (1992) had subjects respond (on tape) to
tape-recorded descriptions of various social situations in which drinking alcohol was por-
trayed negatively; their responses helped to predict reductions in the urge to drink in fol-
low-up studies over the following two years. Busch (1961) described a role-playing proce-
dure used by the executives of Lockheed Corporation to forecast reactions of their major
customers to proposed changes in the design of its airplanes; this procedure allowed Lock-
heed to experiment with various options before actually making them available to the air-
lines.
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IMPLICATIONS FOR RESEARCHERS

Little research has been done on the various procedures for conducting role-playing ses-
sions. In particular, we do not know whether it is best to ask role players to “act as you
would act in this situation" or to "act as you think the person you represent would act.”

To date, role playing has been more accurate than alternate procedures, in particular
when compared with expert opinions. However, research is needed to test the reliability
and validity of the findings. Under what conditions is role playing most effective? In addi-
tion, it should be compared with intentions studies, the use of analogies, and experiments.

Comparisons of role playing and game theory would be especially useful. No direct
evidence exists to compare their accuracy. I suspect that game theorists will have difficulty
in matching situations, and as a result, game theory would prove to be less accurate than
role playing. It would be interesting to compare the predictive abilities of role playing and
game theory in conflict situations. I have presented this challenge to some game theorists
but have been unable to find any who are willing to participate in a comparative study.

SUMMARY

Role playing is the preferred method for predicting decisions in situations in which parties
interact. It is especially useful when two parties interact, when there are conflicts between
them, the conflicts involve large changes, and little information exists about similar events
in the past.

In trying to forecast the outcome of a decision-making situation, the analyst should en-
sure that the role playing matches the actual situation. This analyst should aim for realism
in: casting, role instructions, descriptions of the situation, administrative procedures, and
interaction among groups. Next to experimentation, role playing can provide the most
realistic representation of interactions among different parties. It can be viewed as a low-
cost and confidential alternative to experimentation. Role playing produced outcomes that
were similar to those from seven out of eight experiments.

Evidence from five actual situations showed that role playing was more accurate than
expert opinions for predicting decision making when there were conflicts between groups
and when large changes were involved. Role playing produced correct predictions for 56
percent of the situations versus about 16 percent for opinions. Finally, role playing pro-
vided better predictions than did traditional methods in studies to predict the success of
doctors, military recruiters, and life insurance sales people.
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Suppose you are considering introducing a
new product to the market but you are not
sure whether there is enough demand for
this product. Many marketers in this
situation ask consumers whether they
intend to purchase the product and use
these responses to forecast demand. Do
the responses provide a useful forecast?
As you might expect, a lot depends on the
product, whom you ask, and how you ask
the question. This section examines the
use of people’s predictions about what
they will do in the future (i.e., their inten-
tions or expectations).

Research has been done on measuring
and using intentions. We now know much
about how to administer intentions stud-
ies. Pollsters use this knowledge to design
accurate political polls.

Marketers use intentions studies as inputs
to forecasts. However, people do not always
do what they say they will do, and they are
subject to biases, such as optimism.

In “Methods for Forecasting from In-
tentions Data,” Vicki Morwitz of the Stern
School of Business at New York Univer-
sity discusses principles for using inten-
tions to predict behavior. One principle is
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to instruct respondents to focus on their
own characteristics when responding to
questions about their intentions. Morwitz
also develops principles concerning the
conditions under which intentions meas-

PRINCIPLES OF FORECASTING

ures would be useful. For example, inten-
tions yield more accurate predictions of
behavior when the respondents have pre-
viously engaged in similar behavior.




METHODS FOR FORECASTING
FROM INTENTIONS DATA

Vicki G. Morwitz
Leonard N. Stern School of Business
New York University

ABSTRACT

Intentions are measures of individuals’ plans, goals, or expectations about
what they will do in the future and are often used to forecast what people
will do in the future. I develop nine principles from past studies of the
predictive accuracy of intentions data that concern how to measure inten-
tions, how to best use intentions to forecast, and reasons why forecasters
should be cautious when using intentions. The principles relating to in-
tentions measurement state that intentions should be measured using
probability scales and that respondents should be instructed to focus on
their own individual characteristics when responding to intentions ques-
tions. The principles relating to using intentions to forecast behavior state
that intentions need to be adjusted to remove biases, that respondents
should be segmented prior to adjusting intentions, and that intentions can
be used to develop best- and worst-case forecasts. Further, one principle
states that more reliance should be placed on predictions from intentions
for behaviors in which respondents have previously participated. Finally,
the principles relating to why researchers should be cautious when using
intentions data state that researchers should be aware that measuring in-
tentions can change behavior and that respondents who recall the time of
their last purchase inaccurately may make biased predictions of their fu-
ture purchases.

Keywords: Adjustments, biases, bounds, forecasting, intentions, pur-
chase intentions, purchase probabilities, segmentation.

Organizations routinely measure individuals’ intentions (i.e., their predictions of what they
will do in the future) to forecast their actual behavior. For example, marketers commonly
measure consumers’ purchase intentions to forecast product sales. Jamieson and Bass
(1989) report that between 70 and 90 percent of clients of market research suppliers regu-
larly use purchase-intentions data. It seems logical that purchase-intention measures should
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be good predictors of behavior because they allow each individual to incorporate whatever
factors are relevant in predicting his or her actual behavior and to allow for changes in
these factors over time. However empirical evidence shows that intentions are biased
measures of behavior, sometimes overstating and other times understating actual behavior
rates. Although forecasters have been studying the forecasting accuracy of intention meas-
ures since the 1950s (Klein and Lansing 1955; Tobin 1959), there is still a great deal of
uncertainty concerning their forecasting accuracy, factors affecting their accuracy, and
how to best use these measures to forecast behavior. My purpose in this chapter is to sum-
marize current knowledge about using intention data to forecast behavior and to present a
set of nine principles and supporting evidence for how and when to forecast using these
data.

NINE PRINCIPLES

Below I list nine principles concerning how to measure intentions, when to use intentions
to forecasts how to develop point estimates and forecast bounds using intentions data, and
why forecasters should be cautious when using intentions. I define principles as guidelines
or prescriptions for how to use intentions to help to make more accurate forecasts and
advice concerning situations where forecasters should be cautious about relying on inten-
tions. In the sections that follow I provide support for each of these principles.

How Should Intentions Be Measured?

¢ Use probability scales, instead of other types of intentions scales, to measure
individuals’ predictions of what they will do in the future.

¢ Instruct respondents to focus on their own individual characteristics when
responding to intentions questions.

How Should Intentions Be Used To Forecast Behavior?

® Do not accept intentions data at face value; rather, adjust intentions to remove
biases.

How Should Intentions Be Adjusted When Using Data About Behavior

¢ Use data about past participation in a behavior to adjust intentions data.
¢ Segment respondents prior to adjusting intentions.

® For best- and worst-case situations, use intentions to determine the bounds of
probability forecasts.

When Should Intentions Be Used To Predict Behavior?

¢ Place more reliance on predictions from intentions for behaviors in which
respondents have previously participated.
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Why Are Intentions Sometimes Biased Measures Of Behavior?

e Be aware that measuring intentions can change behavior.

e Be aware that respondents who recall the time of their last purchase inaccurately
may make biased predictions of their future purchases.

SUPPORT OF PRINCIPLES
How Should Intentions Be Measured?

® Use probability scales, instead of other types of intentions scales, to measure indi-
viduals’ predictions of what they will do in the future.

There are a variety of ways to measure what an individual will do in the future. For exam-
ple, if you want to know whether or not an individual will purchase a new automobile in
the next 12 months, you could ask the following questions:

1. Will you buy a new car in the next 12 months?

Yes
No

2. Will you buy a new car in the next 12 months?

Yes
No
Unsure

3. When will you buy a new car?

In 0-6 months
In 7-12 months
In 13-24 months
In >24 months
Never

4. How likely are you to buy a new car in the next 12 months?

Will definitely buy
Will probably buy
May or may not buy
Will probably not buy
Will definitely not buy

5. During the next 12 months, what do you think the chances are that you will buy a
new car?

Certain, practically certain (99 in 100)
Almost sure (9 in 10)

Very probable (8 in 10)

Probable (7 in 10)
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Good possibility (6 in 10)

Fairly good possibility (5 in 10)

Fair possibility (4 in 10)

Some possibility (3 in 10)

Slight possibility (2 in 10)

Very slight possibility (1 in 10)

No chance, almost no chance (1 in 100)

Note that these scales vary both in whether they ask respondents to report their intention
to buy or not buy (#1 and #2), when they will buy (#3), their perceived likelihood of pur-
chase (#4), or their perceived probability of purchase (#5), as well as in the number of
scale points. While these scales vary considerably, for the purposes of this chapter, I will
refer to all of these types of scales as intentions scales. A limited number of studies have
concerned what types of intentions scales lead to the most accurate forecasts of behavior.
The results from these studies suggest that questions that ask respondents to assess the
probability of purchase, such as #5 above, will be more accurate than other types of inten-
tions measures.

In the early 1960s the U.S. Bureau of the Census conducted research to examine
whether scales that ask respondents for their probability of purchase lead to more accurate
forecasts than scales that ask respondents whether or not they intend to make a purchase
(such as #1 or #2) or how likely they are to make a purchase (such as #4) (Juster 1966).
Juster (1966, p. 663) was concerned that some respondents may report “what they would
like to do rather than what they are likely to do” when they respond to a question asking
about their “expectations,” “plans,” or “intentions.” Juster assumed that, in general, when
respondents are asked their plans or intentions to buy, they estimate whether their prob-
ability of purchasing is high enough so that “some form of ‘yes’ answer is more accurate
than a ‘no’ answer” (Juster 1966, p. 664). He recommended that one measure the respon-
dent’s probability of purchase directly, and he proposed a specific measure (#5) for this
purpose.

Part of the motivation for Juster’s research was a commonly observed dilemma for fore-
casting sales of durable goods from intentions. Forecasters had noticed that when scales
that ask respondents whether or not they intend to make a purchase (such as #1 or #2) were
used, the modal group of respondents indicated they did not intend to purchase. However,
they were usually such a large group that even if only a small percent of them actually did
purchase, their purchases ended up accounting for a substantial portion of the total pur-
chases. In other words, a large number of purchases came from people who stated that they
would not purchase. For example, Theil and Kosobud (1968) report intention and pur-
chasing data from approximately 4,000 households whose intentions to purchase a car
were measured in January 1960 and whose purchases for the past year were measured in
January 1961. Respondents were asked “In the next six months does any member of this
family expect to buy a car?” and could reply “No,” “Don’t Know,” “Maybe-depends on
old car,” “Maybe-other reasons,” “Yes-probably,” and “Yes-definitely.” Although respon-
dents were asked about their expectations to purchase in the next six months, their pur-
chases over the entire year were monitored. Theil and Kosobud classified respondents as
nonintenders if they responded “No” or “Don’t know,” and as intenders otherwise. While
the percent of purchases among intenders (38.6%) was higher than the percent among
nonintenders (7.3%), the nonintenders were such a large portion of the sample (92%) that
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their purchases accounted for 70 percent of all purchases. While some of these purchases
may have come from respondents who did not expect to purchase within six months but
did expect to purchase in 7 to 12 months, it is likely that many of the purchases were made
by households that did not expect to purchase at all during the year. Juster hoped that if
respondents were asked to predict their probability of purchase, the proportion of respon-
dents stating there was no chance they would buy would be smaller than with other scales.

Juster (1966) measured respondents’ intentions to purchase an automobile using both
his new purchase probability scale (#5) and a likelihood-of-purchase scale. The two meas-
ures were taken several days apart. Specifically, 395 households were asked their inten-
tions to purchase (using a likelihood-of-purchase scale with response categories: Definite,
Probable, Maybe, Don’t Know, No) and several days later were asked their probability of
purchase (#5). Although responses to both scales were positively correlated (r = .576), the
distribution of responses differed substantially. Within each of the responses to the likeli-
hood-of-purchase question, there was wide variance in responses to the probability ques-
tion. All respondents who indicated “Don’t know”” using the likelihood-of-purchase scale
were able to provide a probability of purchase using the probability scale. Most interesting,
among the 391 households who stated “No” using the likelihood-of-purchase scale, 16
percent had a response greater then “no chance, almost no chance” with the probability
scale. Follow-up data on actual purchases showed that about 11 percent of these noninten-
der households (as measured by the likelihood-of-purchase scale) actually did purchase
while only eight percent of households indicating “No chance, almost no chance” on the
probability scale, actually purchased. Comparable results were obtained for other products
and time horizons.

To determine which scale more accurately predicted purchasing, Juster estimated sev-
eral different cross-sectional regression models of automobile purchase on likelihood-of-
purchase scales and on probability scales. The results indicated that responses to the likeli-
hood-of-purchase scale were not significantly associated with purchases if responses to the
probability scale were controlled for (i.e., included in the model), but that responses to the
probability scale were still significantly associated with purchases even when responses to
the likelihood-of-purchase scale were controlled for. In short, the probability scale sub-
sumed all the information contained in the likelihood-of-purchase scale; but the converse
was not true.

Despite these well-established findings, purchase intentions are still most commonly
measured using five-point likelihood-of-purchase scales such as #4 (Day et al. 1991). Al-
though I recommend using purchase-probability scales, the research reported above has
several important limitations. First, Juster assessed the relative accuracy of the two scales
using cross-sectional regressions relating prediction measures to behavior measures. For
forecasting applications, it is more important to generate ex ante forecasts of behavior from
each type of prediction measure and then compare their accuracy. Juster (1966) noted this
in his paper but used his method instead because he believed that five to 20 years of time-
series data would be needed to a make a conclusive statement about the relative accuracy
of different scales. Second, the available research has not determined whether the prob-
ability scale is superior because of the specific wording of the question (i.e., “What do you
think the chances are...” versus “Do you expect to...”), or because it has more response
categories or scale points than the other scales. Specifically, the two scales Juster com-
pared differed in the number of response categories (the likelihood-of-purchase scale had
five response categories and the probability scale had 11 response categories). It is possi-
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ble that the number of response categories rather than the different wording of the likeli-
hood-of-purchase and probability scales could have led to the observed differences in re-
sponses.

Kalwani and Silk (1982) discuss the general issue of whether more scale points are bet-
ter. They suggest that more scale points will reduce random measurement error in inten-
tions and will increase the reliability of the scale but will increase systematic error in
measurement by increasing the likelihood of response-style biases. Thus, they conclude
that the issue of whether more scale points are better is unresolved.

One study does shed some light on how the number of response categories in an inten-
tions scale affects its predictive validity. Morwitz and Schmittlein (1992) examined the
accuracy of sales forecasts based on purchase intentions and observed historical patterns in
purchase rates for respondents with different stated levels of intent. A panel of 24,420
households were asked “Do you or does anyone in your household plan to acquire a (an-
other) personal computer in the future for use at home?” with possible responses “Yes, in
the next 6 months,” “Yes, in 7 to 12 months,” “Yes, in 13 to 24 months,” “Yes, sometime,
but not within 24 months,” and “No, will not acquire one.” A different panel of 28,740
households was asked a similar question about their intentions to purchase a new car.
Morwitz and Schmittlein compared the accuracy of forecasts when they computed past
historical purchase rates separately for each category of intender/nonintender (i.e., they
computed five separate purchase rates for the personal computer panel; one for each re-
sponse category) to the accuracy of the forecast when they pooled across all response cate-
gories that indicated a positive intention to purchase (i.e., they computed two separate
purchase rates; one for the first four intender response categories combined and one for
nonintenders). They found that forecasts were more accurate (i.e., had smaller percentage
errors) when they pooled the response categories corresponding to positive intentions.
Specifically, the percent error was between 9 and 16 percent lower when they pooled in-
tentions. These results suggest that forecasts based on intentions or probability scales with
fewer response categories may be more accurate than forecasts based on scales with more
response categories. However, based on Juster’s analysis, the 11-point scale was better
than the five-point scale. More research is needed to determine the optimal number of
scale points. One approach would be to randomly assign people to answer one of two pre-
diction questions, where the question wording was identical for the two groups, but the
number of response categories varied across the groups and to compare the predictive
accuracy of data obtained from the two groups.

In Juster’s study, both questions asked about expectations or probability of purchasing a
car rather than about intentions or plans to purchase. Few studies in the marketing, eco-
nomic, or statistics literature make a distinction between “intentions” measures and ‘“‘ex-
pectations” or other types of measures. These studies tend to use the term “intentions” in a
broad sense to cover many different types of questions about future behavior. On the other
hand, several studies in the psychology literature draw a distinction between “intention”
and “expectation” measures (Sheppard, Hartwick, and Warshaw 1988; Warshaw and
Davis 1985). For example, Warshaw and Davis (1985) measured expectations to perform
certain behaviors in the upcoming weekend using the question, “Please indicate the likeli-
hood that you will actually perform each act listed below sometime this upcoming week-
end.” They measured intentions to perform the same activities with the following: “Please
indicate what your intentions are at this very moment regarding your performing each act
listed below sometime this upcoming weekend. We are not asking about what you think
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your intentions are going to be this weekend; rather, please focus only on your present
intentions.” The activities for which expectations and intentions were measured included
two largely under the respondent’s volitional control, which the authors called “behaviors”
(eating ice cream and going swimming) and two not completely under the respondents’
volitional control, which the authors called “goals” (talking with a good looking stranger
and finishing all my unfinished school work). The results indicated that the correlations
between expectations and subsequent behavior were significant for behaviors (r = .44 and
A2) and goals (r = .31 and .36), but the correlations between intentions and subsequent
behavior were significant only for behaviors (r = .48 and .34) but not for goals (r = .09 and
.17). These results suggest that at least in the case of goals, expectation measures are likely
to provide more accurate forecasts than intentions measures.

Sheppard, Hartwick, and Warshaw (1988) conducted a meta-analysis of 87 separate
studies that report intentions and subsequent behavior. They categorized studies as using
either an “intentions” measure (e.g., “Do you intend to...”) or an ‘“‘expectation” measure
(e.g., “Are you likely to...”). They found that the average correlation between intentions
and subsequent behavior was stronger for studies using an expectation measure (r = .57)
than those using an intentions measure (r = .49). However, these differences accounted for
only 3.5 percent of the variance in correlations across studies. Like Warshaw and Davis
(1985), Sheppard, Hartwick, and Warshaw found that the correlation between intentions
and subsequent behavior was lower for goals (r = .38) than for behaviors (r = .56). For
behaviors, the correlation with intentions (r = .56) and with expectations (r = .59) were
nearly identical.

Overall, based on the extant literature, I posit that when possible, it is best to measure
intentions by asking respondents to estimate their probability of purchase. At a minimum,
past research suggests this is important for behaviors that are not fully under the respon-
dent’s volitional control. However, I urge researchers to consider conducting studies to
examine the ex ante accuracy of (1) probability measures versus other types of intentions
measures holding number of scale points constant, and (2) measures with differing num-
bers of scale points, holding the question type (i.e., intentions versus expectation versus
probability) constant.

The instructions provided with the intentions or probability question can also affect
forecast accuracy:

® Instruct respondents to focus on their own individual characteristics when re-
sponding to intentions questions.

Osberg and Shrauger (1986) examined the accuracy of college students’ predictions of
55 different life events and behaviors over the subsequent two months. These events and
behaviors included starting to play a new sport, going on a diet, attending a concert, skip-
ping aclass, falling in love, getting high on some type of drug other than alcohol, buying a
phonograph record, and becoming intoxicated. They asked 79 undergraduate college stu-
dents to make self-predictions for each behavior using a four-point scale with end points
“definitely will not occur” to “definitely will occur.” They assigned the respondents ran-
domly to one of four different sets of instructions. The personal disposition instructions
were as follows:

Injudging the likelihood of each event occurring in the next two months,
we would like you to keep one question in mind. For each event, when
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you try to judge whether or not it may happen, ask yourself: BASED ON
MY OWN PERSONAL QUALITIES OR ATTRIBUTES, OR THE
KIND OF PERSON I AM, HOW LIKELY IS THIS EVENT TO
HAPPEN TO ME? We want you simply to focus on judging your own
personal qualities, likes and dislikes, and strengths and weaknesses in
judging whether or not it is likely that you will engage in or experience
each event or behavior. Try to assess or bring to mind your knowledge of
your own personal qualities and use this information to decide whether or
not each event is likely to happen.

Other subjects were instructed to focus on personal base-rate information (e.g., think
about how frequently the event has happened to you in the past), or population base rate
information (e.g., think about how frequently the event has happened to people in the gen-
eral population in the past). A control group of respondents did not receive any special
instructions; however, they were asked to read a paragraph of similar length. Two months
later the respondents answered a questionnaire that measured their participation in the
same behaviors over the past two months.

Osberg and Shrauger (1986) determined prediction accuracy by scoring an item as a hit
if the respondents predicted the event definitely or probably would occur and it did, or if
the respondent predicted that the event definitely or probably would not occur and it did
not. Respondents who were instructed to focus on their own personal dispositions pre-
dicted significantly more of the 55 items correctly (74%) than did respondents in the con-
trol condition who did not receive instructions (69%). Respondents whose instructions
were to focus on personal base rates had higher accuracy (72%) and respondents whose
instructions were to focus on population base rates had lower accuracy (66%) than control
respondents, although these differences were not statistically significant. Thus, these re-
sults suggest that prompting respondents to think about their own characteristics when
predicting their future actions can increase accuracy. Since these results are based on a
single study and a fairly small sample, replication would be desirable.

In addition, standard survey research methods for reducing response errors and biases
should be employed when measuring intentions. Specifically, multiple ways of wording
the intentions question should be pretested to ensure that respondents properly compre-
hend the question, and respondents should be assured that their responses are being gath-
ered for research purposes and that their individual responses will remain confidential. For
socially desirable behaviors (e.g., charitable contributions) or undesirable behaviors (e.g.,
consumption of high-fat foods), intentions are likely to be particularly biased measures of
behavior. Methods such as randomized response (Warner 1965) can be used in these cases
to minimize bias.

How Should Intentions Be Used To Forecast Behavior?

® Do not accept intentions data at face value; rather, adjust intentions to remove
biases.

Many methods exist for forecasting behavior from intentions data. Which way is most
direct will depend on how intentions are measured. If intentions are measured on a binary
scale (as in #1), the obvious forecast for the percentage of people who will purchase is the
percent who answered yes. If intentions are measured using a probability scale (as in #5),
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a simple forecast of the percent of people who will purchase is the average probability of
purchase across respondents. For other questions, such as #4, which measures likelihood
of purchase, two obvious estimates of the probability of purchase are (1) the percent of
respondents who said they definitely or probably would buy and (2) the mean response
across people transformed to a number between 0 and 1 and interpreted as the mean prob-
ability of purchase. Considerable research has established that these direct methods lead to
biased forecasts of behavior (Juster 1966; Kalwani and Silk 1982; McNeil 1974; Morrison
1979). For example, using the intentions data from Juster’s (1966) experiment, one would
forecast that 11.7 percent of households would purchase a car within six months; however,
17 percent actually purchased. In general researchers have found that purchase probability
data for durable goods understate actual purchasing (Juster 1966, McNeil 1974, Theil and
Kosobud 1968). In contrast, Bird and Ehrenberg (1966) found that intentions overstate
purchases of nondurable goods. This suggests that forecasters should adjust intentions
measures to improve the accuracy of forecasts.

Morrison (1979) developed a descriptive model of the relationship between purchase
intentions and behavior in order to better understand why intentions are biased measures of
behavior. His modeling approach suggests that intentions are imperfect measures of be-
havior because of random and systematic error in these measures and because people may
change their true intentions after they are measured up until they initiate behavior. Morri-
son’s model basically states that one should shrink an individual’s estimate of his or her
intention towards a relevant benchmark, in this case the mean intention across respondents.
Morrison’s model is descriptive and cannot be used to generate ex ante forecasts from
intentions data alone. In the future, researchers could examine whether the parameters of
Morrison’s model vary systematically across different types of behaviors and different
types of people and use this knowledge to develop a predictive version of Morrison’s
model.

How Should Intentions Be Adjusted Using Data About Behavior?

® Use data about past participation in a behavior to adjust intentions data.

There are several ways to adjust for the bias in intentions measures. If historical data on
the direction and magnitude of the bias in intentions measures are available for the same
type of behavior, then one can use this information to adjust intentions-based forecasts. For
example, if intentions were measured at time t-1, and behavior was measured at time t,
then the bias in intentions can be expressed as:

Behavior(t) = Mean Intentions(t—1) + Bias (t—1,t)
and can be measured by:
Bias (t-1,t) = Behavior(t)}-Mean Intentions(t—1).

Assuming intentions are measured again for the same behavior at time (t), a reasonable
forecast for behavior at time (t+1) might be:

Behavior(t+1) = Mean Intentions(t) + Bias (t—1,t).
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If panel survey data are available, one can compute the percent of respondents in each
intender and nonintender group (i.e., each response category in the intentions scale) who
purchased at time t and use these percentages as the forecast for the percent of purchases in
each intender and nonintender group at t+1. Morwitz and Schmittlein (1992) used this
approach; however they did not compare the accuracy of this method to other methods of
adjusting for bias in intentions, nor to using intentions without adjustment. I used data
reported by Theil and Kosobud (1968) to compare the accuracy of forecasts based on ad-
justed intentions to forecasts where intentions are not adjusted. Approximately 4,000
households were interviewed each quarter to measure their intentions to buy a car in the
next six months. These interviews were conducted each quarter between January 1961 and
July 1965. Respondents were contacted again one year after the initial interview and were
asked whether they had purchased a car during the previous 12 months. Using these data, |
compared the accuracy of the following two forecasts:

Unadjusted:

percent who buy between quarter i and i+4 =  percent who in quarter i stated they intended
to buy

Adjusted:

percent who buy between quarter i and i+4 = [(percent who in quarter i stated they in-
tended to buy) x (percent of intenders in
quarter i—4 who purchased by quarter 1)] +
[(percent who in quarter i stated they did
not intend to buy) x (percent of nonin-
tenders in quarter i-4 who purchased by
quarter 1)].

The average absolute percent error across the quarters was smaller for the adjusted
method (9.7%) than for the unadjusted method (17.2%). Note that the intentions question
asks about expected purchases in the next six months, while purchases are monitored over
12 months. Therefore one potential reason why the unadjusted method had lower accuracy
was because it did not include respondents who intended to purchase in 7 to 12 months. I
therefore tested the following revised method:

Revised unadjusted:

percent who buy between quarter i and i+4 = (percent who in quarter i stated they intended
to buy) + (percent who in quarter i+2 stated
they intended to buy).

The result was a large increase, rather than a decrease in absolute percent error (64.4%).
In addition, the adjusted method was more accurate than the unadjusted method for 73
percent of the quarters. These results provide evidence that adjusting intentions using data
about past participation in the behavior increases forecast accuracy.

When no conversion percents based on the history of the predicted behavior are avail-
able, one can use measures from comparable behaviors. For example, firms, such as Bases,
often use weighted box methods to forecast sales from purchase intentions. Weighted box
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methods involve applying different conversion rates (e.g., weights) for people responding
to each response category (i.e., box) on the intentions scale. These weights can reflect past
observations from other similar products about how intentions translate into sales (Shocker
and Hall 1986). Jamieson and Bass (1989) describe six weighting schemes commonly used
by market research firms, advertising agencies, and marketing consulting-and-modeling
firms to forecast sales from five-point likelihood-of-purchase scales (such as #4 shown
earlier). The schemes varied greatly and would yield vastly different forecasts. The
schemes these firms reported using are:

1. 100% top box, 4. 96% top/36% second,
2. 28% top box, 5. 70%/54%/35%/24%/20% to the five boxes, and
3. 80% top/20% second, 6. 75%/25%/10%/5%/2% to the five boxes.

For example, the first weighting scheme would predict that the percent of people who
will buy equals one times the percent of people who say they “definitely will buy” and zero
times the percent in all other intender and nonintender groups. The sixth weighting scheme
predicts the percent who will buy equals .75 times the percent who “definitely will buy”
plus .25 times the percent who “probably will buy” plus ... plus .02 times the percent who
“definitely will not buy.” Jamieson and Bass (1989) forecast the sales of 10 new products
by applying these different weights to five-point likelihood-of-purchase measures (i.e., #4).
They found that no one weighting scheme dominated the others in terms of forecasting
accuracy for all products. This suggests that the weights vary by product category. In the
future, researchers should develop comprehensive weighting schemes that vary by type of
behavior and that are demonstrated to accurately forecast behavior for similar types of
behavior.

® Segment respondents prior to adjusting intentions.

Morwitz and Schmittlein (1992) investigated whether segmenting respondents prior to
estimating the percent of respondents in each intender and nonintender group who pur-
chased in the previous period can increase forecast accuracy. They analyzed two separate
data sets (one concerned automobile purchase intentions and the other personal-computer-
purchase intentions) as described earlier in this chapter. They used four different methods
to segment intenders and nonintenders: (1) a priori segmentation by income, (2) K-means
cluster analysis based on demographics and product use variables, (3) discriminant analy-
sis predicting purchase given demographic and product use variables and dividing house-
holds into segments based on their discriminant scores, and (4) CART (Classification And
Regression Trees) predicting purchase given demographic and product use variables, and
dividing households into homogeneous segments in terms of their purchase probabilities
and the independent variables. Morwitz and Schmittlein clustered households into five
segments using each method and then forecasted future purchasing based on the past ob-
served percent of respondents who purchased in each intender or nonintender group for
each segment. They found that segmenting households first using methods that distinguish
between dependent and independent variables (CART and discriminant analysis) led to
lower percent errors than comparable aggregate forecasts. Based on their analyses, seg-
menting the data using one of these two methods reduced the forecasting error by more
than 25 percent. Morwitz and Schmittlein repeated their analyses using a smaller randomly
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selected subset from the personal computer data (n = 1,205) and found reductions in fore-
casting error similar to those found in the full sample analyses. Thus, the gain in accuracy
does not seem to require an extremely large sample size. An additional benefit of the seg-
mentation is that it identifies which customer segments actually fulfill their predictions.
Future research should be conducted to determine the conditions under which segmenta-
tion is useful and how forecast accuracy varies with the number of segments.

Using Intention Measures to Bound the Probability of Purchase

= For best and worst case situations, use intentions to determine the bounds of
probability forecasts.

The forecasting approaches described above led to point estimate forecasts of the percent
of people who will engage in a behavior. An alternative approach is to use intentions to
bound the probability of behavior (Bemmaor 1995; Manski 1990). Although this approach
does not provide a point estimate for the percent of people who will engage in a behavior,
it provides a reasonable range for that estimate. This range might provide important insight
into best-case versus worst-case situations. Manski suggests that intentions may provide
biased point estimates because respondents have less information at the time of the inten-
tions survey than they do when they determine their behavior. Manski develops an ap-
proach for bounding the probability of behavior based on data from a binary intentions
question (such as #1). Manski assumes that respondents have rational expectations and that
their stated intentions are their best predictions of their future behavior. He further assumes
that respondents know they may have more information when they determine their behav-
ior than when the researcher measured their intentions, and they know how to predict what
information may be available from what information they already have. Manski builds a
model based on these assumptions and develops the following bounds on the proportion of
people who will participate in the behavior (Prob(behavior)):

weight*(% of intenders in sample) < Prob(behavior) < weight*
(% of nonintenders in sample) + (% of intenders in sample)

Manski assumes the weight is the threshold probability that respondents use to determine
whether they will indicate a yes or no on a binary intentions scale given the information
they have available at the time of the survey. When respondents state that they intend to
engage in a behavior, Manski assumes this means the probability they will (will not) en-
gage in the behavior given the information they have at the time of the intentions question
is greater than or equal to (less than) the weight. Manski assumes this weight is the same
for all respondents and that this weight is known to the forecaster. In his empirical exam-
ples, he assumes the weight is equal to 1/2. In theory, the bound width for Manski’s model
can take on any value between 0 and 1 because the width depends on the magnitude of
both the weight and the proportion of intenders in the sample. However, in practice, the
forecaster needs to know the weight to generate the bounds, and a weight of 1/2 seems
reasonable. In all cases when a weight of 1/2 is used, Manski’s bound width is .5. Thus,
even if Manski’s method does accurately bound the probability of purchase, it typically
does so with a very wide bound. This may reduce the practical value of his approach.
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For example, suppose a market-research firm used a binary (yes/no) scale (#1) to ask re-
spondents whether they intended to purchase a car in the next 12 months. If 15 percent of
the respondents stated they intended to purchase given the information they had at the time
of intentions measurement, and assuming the weight is equal to 1/2, Manski’s model
would predict that between 7.5 and 57.5 percent of respondents will actually purchase a
car:

.5*(.15) < Prob(behavior) < .5*(.85) + .15
.075 < Prob(behavior) < .575

While this bound may be accurate, its usefulness is questionable since the range is so wide.

Manski analyzed data provided by approximately 9,000 male and 9,000 female respon-
dents in the fall of 1973 to the National Longitudinal Study of the High School Class of
1972. Respondents were asked “What do you expect to be doing in October 19747” For
each of the following five activities, respondents indicated whether they either “expect to
be doing” or “do not expect to be doing” the activity: “working for pay at a full-time or
part-time job,” “taking vocational or technical courses at any kind of school or college,”
“taking academic courses at a two-year or four-year college,” “on active duty in the armed
forces (or service academy),” and “homemaker.” In the fall of 1974, the same respondents
were asked “What were you doing the first week of October 19747 They could indicate as
many of the categories in the intentions questions as applied and in addition could indicate
“temporarily layoff from work, looking for work, or waiting to report to work.” Manski
demonstrates empirically that in most cases (7 of 10 bounds across occupation and gender)
the proportion of people who engaged in a behavior fell within the bounds of his model.
Again, though, while this method has proven accurate, the width of the prediction bounds
may limit its usefulness.

Manski limited his analysis to binary intentions questions and suggests that his analysis
can be extended to questions with more response categories. However, he does not derive
these estimates. Bemmaor (1995) developed a different approach for bounding the prob-
ability of behavior from intentions data. His approach is appropriate for binary and for
multiple-response questions and is based on an extension to Morrison’s (1979) earlier
descriptive model of the relationship between intentions and behavior. Bemmaor relaxed
one of the assumptions of Morrison’s model, namely, that all respondents have the same
probability of changing their true intentions between the time a researcher measures them
and the time the respondent determines his or her behavior. Instead, Bemmaor assumes
that respondents indicating positive intentions may have different probabilities of changing
their intentions than do respondents indicating no intentions. Based on this, Bemmaor
assumes that the percent of people who will engage in the behavior will reach the upper
bound if all respondents indicating no intentions increase their intention after the survey
(i.e., their new intention is greater than zero) and all respondents with positive intentions
act on their current intentions. Similarly, Bemmaor assumes that the percent of people who
will engage in the behavior will be at the lower bound if all respondents with positive in-
tentions decrease their intentions after the survey (and become less likely to engage in the
behavior) and all respondents with no intentions of engaging in the behavior act on those
intentions.

Based on Bemmaor’s model, the percent of people who will engage in the behavior is
bounded by:
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mean intention*(1-measure of intention dispersion *
expected % of nonintenders in the sample) < Prob(behavior)
< mean intention*(1+measure of intention
dispersion *expected % of nonintenders in the sample).

For example, the data Bemmaor analyzes includes a case concerning intentions to purchase
a television, where mean intention = .059 (measured on a 10-point scale and transformed
to a number between 0 and 1), the measure of intention dispersion = .924, and the expected
percent of nonintenders = .87. In this case:

059*(1-.924*.87) < Prob(behavior) < .059%(1+.924*.87)
012 < Prob(behavior) < .106

This bound contained the percent of respondents who actually purchased, which was .103.

The measure of intention dispersion ranges from 0 to 1 and is closest to 1 when the dis-
tribution of intentions is polarized (i.e., respondents are all on one or the other end of the
intentions scale). The width of Bemmaor’s bounds increases as the measure of intention
dispersion approaches 1, since if the distribution is polarized, we would expect the largest
shift in intentions if a respondent changes his or her true intention. For similar reasons, the
width of Bemmaor’s bounds also increases with the magnitude of mean intention and the
expected percent of nonintenders. Bemmaor’s bounds can be wider or narrower than Man-
ski’s bounds, but will be narrower when mean intention is less than Manski’s weight. Thus
if weight=1/2, Bemmaor’s bounds will have a width greater than .5 only for behaviors in
which on average most people predict they will engage.

Bemmaor tested his model using intentions and sales data from 93 different purchase-
intentions studies. In 88 percent of the cases, Bemmaor’s bounds contained the percent
who purchased the product. The few cases in which his bounds failed corresponded pri-
marily to either new products or products sold in business markets. In addition, his bounds
were considerably narrower than Manski’s and are therefore likely to be more useful in
practice. In particular, the average width of Bemmaor’s bounds were .12 for multiple re-
sponse probability measures and .23 for binary intentions measures (compared to .5 for
Manski’s bounds). Thus, the results suggest that at least in the case of existing household
products, intentions can successfully be used to bound the percent of people who will pur-
chase.

To use Bemmaor’s model, the forecaster must estimate mean intention, the measure of
intention dispersion, and the expected percent of nonintenders. This is a relatively straight-
forward thing to do. One can estimate using either the method of moments (solving two
nonlinear equations for two unknown variables) or maximum likelihood (finding the val-
ues for two unknown variables that maximize a nonlinear equation). One can compute
mean intention, the measure of intention dispersion, and the expected percent of nonin-
tenders from simple functions of these two unknown variables. How to do the estimation is
described by Bemmaor (1995), Kalwani and Silk (1982) and Morrison (1979).
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When Should Intentions Be Used To Predict Behavior?

Past research has shown that the strength of the intention-behavior relationship varies con-
siderably (Sheppard, Hartwick, and Warshaw 1988). Sheppard, Hartwick, and Warshaw
analyzed past intentions studies and found that the frequency-weighted average correlation
between intentions and behavior (across 87 behaviors) was .53. However, these correla-
tions varied substantially across the studies, and the 95 percent confidence limits of the
correlation were, .15 and .92. This suggests that in certain types of situations, people may
be better able to predict their future behavior than in others. For example, as mentioned
earlier, Sheppard, Hartwick, and Warshaw found that whether “intention” or “expectation”
measures were used explained 3.5 percent of the variance in the correlations across stud-
ies. They further found that whether the behavior was a “behavior” or a “goal” explained
12.3 percent of the variance in correlations. They also found that the correlation was
stronger for activities that involved a choice among alternatives (r = .77) than for activities
involving no choice (r = .47) and that this difference explained 26.8 percent of the variance
in correlations. Their results are based on correlational analyses. In the future, researchers
should examine whether intentions more accurately predict behavior ex ante, across these
conditions.

Armstrong (1985, pp. 81-85) describes the following six conditions that determine
when reported intentions should be predictive of behavior: (1) the predicted behavior is
important; (2) responses can be obtained from the decision maker, (3) the respondent has a
plan (at least the respondent with a positive intention), (4) the respondent reports correctly,
(5) the respondent can fulfill the plan, and (6) new information is unlikely to change the
plan over the forecast horizon.

Theories of reasoned or planned behavior (Fishbein and Ajzen 1975, pp. 368-381), also
suggest that intentions will predict behavior only when they are stable and when carrying
them out is under the person’s control.

Empirical research from marketing studies on the relationship between purchase inten-
tions and purchase behavior is consistent with these guidelines and suggests the following
principle.

® Place more reliance on predictions from intentions for behaviors in which respon-
dents have previously participated.

Consumers with previous experience with a product have been shown to have more ac-
curate intentions than other consumers. Specifically, Morwitz and Schmittlein (1992)
found that among individuals who all stated an intention to purchase a personal computer
in the next six months, 48 percent of those with previous experience with a personal com-
puter at work or school fulfilled their stated intentions, while only 29 percent of those
without such experience fulfilled their intentions. This result is also consistent with the
guidelines above because experienced buyers should be better able to assess the pros and
cons of engaging in the behavior and better able to understand the factors that will influ-
ence their decision than inexperienced buyers are, and therefore be better able to predict
correctly.

In the study described earlier, Bemmaor (1995) found that intentions could be used to
accurately bound the percent of people who would purchase an existing consumer product
but not a new product. Because existing products are already on the market, some respon-
dents will have past experience with purchasing these products. On the other hand, for new
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products, few or no respondents will have had past experience with purchasing these prod-
ucts. Therefore, we should expect intentions to be more accurate predictors of sales for
existing products than for new products. Bemmaor did not formally state which of the
studies he used concerned new versus existing consumer products; however he did provide
product descriptions (in Table 4, pp. 186-187). I categorized all consumer products as
existing except a new telephone service, personal computers, touch lamps, cordless
phones, cordless irons, and shower radios, which I categorized as new. Based on this cate-
gorization, Bemmaor’s bounds included the actual percent of buyers for 92 percent of
existing products (n=79) but only for 36 percent of new products (n=11). For new prod-
ucts, it is also likely that people’s intentions will not be stable over time because informa-
tion about the product may change as the product moves through the new-product-
development cycle and is launched on the market. Although these results suggest that in-
tentions are more accurate predictors for existing products than for new products, many
methods exist for forecasting sales for existing products, and only a few (intentions meth-
ods among them) are available for forecasting new product sales (Fader and Hardie, 2001,
and Wittink and Bergestuen, 2001, describe alternative approaches for new product fore-
casting). Thus, more research is needed in the area of assessing the benefit of using inten-
tions data for forecasting sales of new products versus existing products.

Opverall, the results from two studies suggest that intentions will be more accurate pre-
dictors for behaviors in which the respondent has previously participated. Since this propo-
sition is based on only two studies, replication in other contexts is desirable. In general,
researchers should continue to empirically examine the conditions under which intentions
are predictive of behavior.

Why Are Intentions Sometimes Biased Measures of Behavior?

Even in conditions in which intentions should predict behavior, they may still provide
biased estimates of the percent of people who will engage in the behavior and may there-
fore need adjusting in forecasts. The question remains, why are these measures biased?

One obvious situation in which intentions are likely to provide biased estimates of be-
havior is when the sample whose intentions are measured is not representative of the
population whose behavior will be measured. For example, early political polls often used
nonrepresentative samples and therefore did not accurately predict election outcomes
(Perry 1979). Intentions are also likely to provide biased predictions for products that peo-
ple purchase primarily on impulse. In addition, intentions are likely to provide biased pre-
dictions for behaviors that are socially desirable or undesirable (Sherman 1980).

Some researchers have examined other less obvious factors that lead to biased predic-
tions. One factor that has been identified in several studies is that the mere act of measur-
ing intentions can change respondents’ behavior.

® Be aware that measuring intentions can change behavior.

Several studies in social psychology have demonstrated that people tend to predict
greater likelihood of their performing socially desirable behaviors (e.g., donating time to a
charitable organization) and lesser likelihood of their performing socially undesirable be-
haviors (e.g., writing a counterattitudinal essay) compared to the actual participation rates
in these behaviors among people who were not asked to make a prediction (Sherman
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1980). However, Sherman called these prediction errors self-erasing, because once sub-
jects make a prediction, they tend to subsequently follow through on it.

Research by Morwitz and her colleagues (Fitzsimons and Morwitz 1996; Morwitz,
Johnson and Schmittlein 1993) shows that these effects occur even when the behavior
involves large expenditures. These studies demonstrate that merely asking consumers
questions about their purchase-intentions has a significant impact on both their actual pur-
chase incidence in the product category and their brand choice. Specifically, Morwitz,
Johnson, and Schmittlein (1993) examined data from two quasi-experiments concerning
intentions to purchase and actual purchase of automobiles and personal computers. House-
holds varied in whether or not their purchase-intentions were measured. Purchasing over a
fixed period was measured for households whose intentions were measured and house-
holds whose intentions were not measured at the beginning of the period. During the first
quarter of 1989, a sample of 4,776 households was asked, “When will the next new (not
used) car (not truck or van) be purchased by someone in your household?” and could re-
spond “6 months or less,” “7—12 months,” “13-24 months,” “25-36 months,” “over 36
months,” or “never.” Six months later these same households were asked whether they had
purchased a new automobile during the last six months. A similar (in terms of demo-
graphics) group of 3,518 households was not asked the intentions question in the first
quarter of 1989, but their purchases were monitored six months later. Morwitz, Johnson,
and Schmittlein found that the group whose intentions were measured was more likely to
purchase new cars (3.3 percent purchased) than the group whose intentions were not
measured (2.4 percent purchased). Similar results were found with the personal computer
data and for multiple time periods for both products. The authors used several different
methods to ensure that the difference in purchase rates was due to intentions measurement
rather than to any other difference between the groups.

Morwitz, Johnson, and Schmittlein (1993) further found that the effect of repeatedly
asking intentions questions depends, at the household level, on the household’s initial
intention level. The effect on households with low intentions was a significant decrease in
purchase rates, while the effect on households with high intentions was to increase pur-
chase rates. However the latter effect was not statistically significant. Specifically among
households who during the third quarter of 1988 stated that they intended to buy a new car
in 0-6 months (high intentions), 25.3 percent of those whose intentions were measured
once purchased a new car during the next six months (n=2,629), while 28.7 percent of
those whose intentions were measured more than once did so (n=35,243). Among house-
holds who stated they never intended to buy a new car (low intent), 0.5 percent of those
whose intentions were measured once purchased a new car during the next six months,
while 0.2 percent of those whose intentions were measured more than once did so. Similar
results were found with the personal computer data and for other time periods for both
products. The authors suggest these results may occur for two reasons. First, measuring
intentions may make underlying attitudes more accessible (i.e., that is, they more easily
come to mind), which in turn results in behavior that is more consistent with these atti-
tudes. Second, measuring intentions may lead respondents to think more about why they
either would or would not make the potential purchase, and this process may lead to more
extreme attitudes and behavior consistent with these changed attitudes.

Fitzsimons and Morwitz (1996) extended this work by examining the effect of measur-
ing intentions on which brands respondents purchased. Their results suggest that the effect
of measuring intentions on brand choice was to increase the purchase rates for the most



50 PRINCIPLES OF FORECASTING

accessible brands (the brands that come to mind most easily). Specifically Fitzsimons and
Morwitz analyzed the same automobile data used by Morwitz, Johnson, and Schmittlein
(1993) and focused on the brands purchased by 3,769 households who purchased a new
car during the first six months of 1989, the second six months of 1988, or the first six
months of 1988. They found that for repeat buyers, measuring intentions to buy in the
product category (using the same question as described above) increases repeat purchases
of the currently owned brand. Specifically, pooling across the three time periods, of those
repeat buyers whose predictions were not measured, 39.4 percent replaced their old car
with one of the same brand (n=221), while 51.7 percent of those whose predictions were
measured purchased the same brand (n=3,459). In addition, the results of a multivariate
statistical analysis showed that the purchase behavior of current car owners is more con-
sistent with how favorably or unfavorably they viewed the brand (as measured by each
brand’s aggregate repeat purchase rates) when they were asked intentions questions. For
first-time buyers, measuring predictions increases buyers’ purchases of large-market-share
brands. Specifically, pooling across time periods, first-time buyers were more likely to
purchase a brand with a market share of five percent or higher (i.e., General Motors, Ford,
Chrysler, Honda, or Subaru) if their intentions were measured (71.8 percent, n=103) than
if they were not measured (36.3 percent, n=11). These results are consistent with the ex-
planation that this measurement effect works by increasing the accessibility of cognitions,
which in turn results in behavior that is more consistent with these cognitions than if in-
tentions had not been measured. In particular Fitzsimons and Morwitz suggest that asking
the category-level intention question increases the accessibility of thoughts about the prod-
uct category (i.e., cars) which in turn increases the accessibility of thoughts about the most
accessible brands in the category (i.e., the brand currently owned for repeat purchasers and
large-market-share brands for first-time buyers).

® Be aware that respondents who recall the time of their last purchase inaccurately
may make biased predictions of their future purchases.

Another factor suggested in the literature is that the accuracy of respondents’ recall of
when they last engaged in the behavior may affect their estimates of when they will engage
in the behavior in the future. Kalwani and Silk (1982) discussed people’s tendency to un-
derestimate the time since an event occurred, a phenomenon known as forward-
telescoping. They suggest that when consumers underestimate the length of time since they
last purchased a product, their estimates of when they will make future purchases may be
biased. Specifically Kalwani and Silk suggest that, for packaged goods, consumers who
make forward-telescoping errors and thus underestimate the time since their last purchase
may also overestimate how frequently they purchase the product and therefore overstate
their future purchase intentions. The authors further speculate that, for durable goods,
when consumers make forward-telescoping errors, since they underestimate the age of
their existing product, they might underestimate the probability that the product will
breakdown. In this case, consumers might underestimate their future purchase intentions.
However, Kalwani and Silk do not empirically test these propositions.

Morwitz (1997) tested Kalwani and Silk’s conjecture for the case of purchasing to re-
place durable goods. Respondents all owned a personal computer for home use and were
asked in June 1988 to recall the month and year when they purchased their computer.
Their responses were grouped into six-month periods. The actual purchase periods were
known. Morwitz compared the recalled purchase period to the actual period and found that
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approximately 59 percent of respondents accurately recalled when they had purchased the
computer, 28 percent thought they had bought the product more recently than the actual
time (forward-telescoping), and 13 percent thought they had bought the product earlier
than the actual time (backward-telescoping) (n=97). Similar results were found for 215
respondents who did the recall task in June 1989.

In January 1988, July 1988, and January 1989, respondents were asked, “Do you or
does anyone in your household plan to acquire a (another) personal computer in the future
for use at home?” They could respond “Yes, in the next 6 months,” “Yes, in 7 to 12
months,” “Yes, in 13 to 24 months,” “Yes, sometime, but not within 24 months,” “No, but
have considered acquiring one,” or “No, will not acquire one.” Since past research (Mor-
witz and Schmittlein 1992) has shown that responses to this type of intentions question are
indicators of respondents’ purchase rates for a fixed time period, this scale was treated as
an interval scale and coded with 5 corresponding to “Yes, in the next 6 months” and O
corresponding to “No, will not acquire one.”

Using this transformation, Morwitz (1997) used analysis of covariance with the mean
intention score as the dependent variable, and whether respondents made forward-
telescoping errors or backward-telescoping errors or had accurate recall as the independent
variables. Respondents’ actual previous purchase period was held constant by including it
as a covariate in the model. Morwitz estimated three separate models corresponding to
three different combinations of when intentions and recalled time of purchase were meas-
ured (Model 1, recall measured in June 1988, intentions measured in January 1988; Model
2, recall measured in June 1988, intentions measured in July 1988; and Model 3, recall
measured in June 1989, intentions measured in January 1989).

Based on all three models, respondents who made backward-telescoping errors overes-
timated their purchase intentions compared to consumers who accurately estimated the
length of the interval, holding their actual purchase period constant. For example for model
1, the mean intentions score was 2.4 for respondents who made backward-telescoping
errors and 1.8 for respondents with accurate recall. In other words, respondents who
thought they had purchased their products further back in time than the actual period re-
ported higher intentions to buy in the future than respondents who accurately recalled
when they had purchased their computer. The results from two of the models demonstrated
that respondents who made forward-telescoping errors had lower purchase intentions than
respondents with accurate recall. However, these results were not statistically significant.
For example, in model 1, the mean intentions score was 1.6 for respondents who made
forward-telescoping errors and 1.8 for respondents with accurate recall.

These results provide some support for Kalwani and Silk’s (1982) conjecture that for
durable goods, consumers may underestimate future purchase intentions when they make
forward-telescoping errors. They also show that consumers overestimate future purchase
intentions when they make backward-telescoping errors, compared to consumers who
accurately estimate when they last purchased a product. Since these results are based on a
single study, replication would be desirable. Furthermore, there has been no empirical
investigation of the effect of time perception biases on estimates of future purchasing of
packaged goods. I therefore recommend that researchers conduct studies to formally test
whether, for packaged goods, consumers will overestimate future purchase intentions
when they make forward-telescoping errors and will underestimate future purchase inten-
tions when they make backward-telescoping errors, compared to consumers who accu-
rately estimate when they last purchased a product.
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Researchers should also attempt to develop methods of measuring intentions that will
reduce these biases. In addition, researchers should also focus on developing methods for
adjusting forecasts for known biases in intentions measurement.

CONCLUSIONS

In this chapter I have provided some principles for forecasting behavior using intentions
data. I have also provided empirical support for these principles and noted opportunities
for continuing research in these areas.

The principles I have outlined have important implications for practitioners who use
intentions in forecasting. The principles provide guidance in how to measure intentions,
when to use intentions, and, when the conditions are right for using intentions, what meth-
ods to use in forecasting.

Although research on purchaser intentions has been conducted from the 1950s to the
present, some important questions about the predictive validity of these measures remain
unanswered. For example, all of the research described in this chapter concerns forecasts
based solely on intentions data. Where data about past levels of participation in the be-
havior are available, it seems logical to examine whether intentions contain additional
predictive information beyond the information contained in past participation data. For
example, many new product forecasting models rely on intentions data alone or early sales
data alone or a combination of sales and intentions data (Fader and Hardie 2001). Recent
research by Lee, Elango, and Schnaars (1997) found that for existing products, simple
extrapolations of past sales led to more accurate forecasts than binary intentions. However,
in a similar study, Armstrong, Morwitz, and Kumar (2000) found the opposite. They ex-
amined seven separate data sets and found in all cases that intentions contain predictive
information beyond that derived from past sales. Continued research is clearly needed in
this important area to determine the conditions under which intentions forecasts are more
or less accurate than extrapolations from past participation in the behavior of interest.

Similarly, continued research is needed on how to combine intentions data with other
potential inputs to forecast future behavior. Sewall (1981) examined whether purchase
intentions data provided by consumers made an incremental contribution in forecasting
product sales to predictions made by experienced managers, and vice versa. His results
indicated that combinations of consumers’ and managers’ predictions were significantly
more correlated with sales than either input alone. Many models to forecast sales of new
products, such as Bases (Lin 1986) and News/Planner (Pringle, Wilson, and Brody 1982)
combine intentions data with other information, such as managers’ predictions concerning
advertising expenditures or distribution coverage (Shocker and Hall 1986). Silk and Urban
(1978) describe how Assessor, a new packaged goods pretest model, combines intentions
with other inputs, including actual product purchases consumers make in a simulated store
and managers’ estimates of advertising, price promotion, and distribution. Intentions were
also one of several measures taken in a product test for a new durable in a simulated retail
store (Payne 1966). In the future, researchers should examine how much weight to place
on intentions relative to other inputs in different forecasting contexts.

Intentions are generally measured directly (e.g., “How likely are you to purchase Coca-
Cola this week?”) rather than conditionally (“Assuming you buy soda from a vending
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machine this week, how likely are you to purchase Coca-Cola?’). Warshaw (1980) found
that the correlation between purchase intentions and brand choice was greater for condi-
tional than for direct measures. However, in a replication of this study, Miniard, Obermil-
ler and Page (1982) found little difference between direct and conditional measures. Re-
searchers should continue to examine the relative accuracy of direct versus conditional
measures.

While past research provides some guidance about how to best ask intentions questions,
much remains to be learned about how to best measure intentions. For example, future
research that examines how the precise wording of intentions questions affects their accu-
racy would be beneficial. Some questions ask respondents whether they plan to engage in a
behavior, others ask whether they intend to, others whether they expect to, and others what
is the chance they will. While some research suggests that probability measures are better
than other measures, no researcher has examined exactly what these words mean to re-
spondents and how their perceived meaning affects the accuracy of their answers.

More research is also needed on how to best describe the behavior to respondents when
asking intentions questions. For example, Armstrong and Overton (1971) found that inten-
tions to use a small leased vehicle for urban travel did not vary significantly across respon-
dents who were given a brief product description (i.e., a single-page, textual product de-
scription) and respondents who were given a comprehensive product description (i.e.,
visiting a product clinic, examining charts describing the product, having the opportunity
to view and sit in a full-scale product prototype, viewing a movie describing the product,
and having the opportunity to ask questions about the product). Researchers should con-
tinue to examine how the level of detail used in describing the behavior affects the accu-
racy of intentions.

It would also be useful if future research were to provide further direction on how to
best instruct respondents to answer intentions questions to minimize bias. For example,
while it seems logical that directing respondents to think carefully about reasons why they
would or would not perform the behavior should increase intentions accuracy, the research
conducted to date suggests the opposite. Specifically, Wilson and LaFleur (1995) found
that asking respondents to think of reasons why they would or would not perform the be-
havior (e.g., act in friendly way towards an acquaintance) resulted in greater intentions to
perform the behavior, but lower intention accuracy. The authors suggested that this occurs
because the task of analyzing reasons changes peoples’ predictions but does not change
their subsequent behavior. More research in this important area would be beneficial.

Most of the research reported in this chapter involved questions concerning whether or
not an individual will engage in a behavior in the future (e.g., whether they will buy,
whether they will vote). However, people might also be asked to predict when they will
engage in the behavior, which specific behavior in a set of behaviors they will choose (e.g.,
which brand they will purchase or which candidate they will vote for), and at what level
they will participate in the behavior (e.g., how frequently or how many). Future studies
should examine the accuracy of these different types of predictions.
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EXPERT OPINIONS

“Good judgment comes from experience, and experience ... well that comes from poor

judgment.”
Bernard Baruch
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Forecasting

In many situations, the first step is to ask
the experts. Sometimes this is enough as
experts may make excellent forecasts.
Expert opinion is, however, subject to
biases and shortcomings. Much is known
about the causes of these limitations and
there are solutions to reduce their detri-
mental effects. Some solutions are simple
and inexpensive, such as “there is safety
in numbers” and “structure the collection
and analysis of experts’ opinions.”
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In “Improving Judgment in Forecast-
ing,” Nigel Harvey of the Department of
Psychology, University College London,
discusses procedures for improving ex-
perts’ forecasts. Some of these proce-
dures, such as “retain forecast records,”
have proven effective.

In “Improving Reliability of Judg-
mental Forecasts,” Thomas Stewart of the
Center for Policy Research at the Univer-
sity at Albany explains how the accuracy
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of expert forecasts is reduced when people
use unreliable procedures to collect and
analyze information. For example, despite
the common notion that decision-makers
should “get as much information as they
can,” much research supports the principle
that you should limit the amount of infor-
mation used in judgmental forecasting.

In “Decomposition for Judgmental
Forecasting and Estimation,” Donald
MacGregor at Decision Research in
Eugene, Oregon, describes how to de-
compose problems so that experts can
make better estimates and forecasts. The
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evidence shows that this procedure can be
powerful, although it can harm accuracy
under some conditions.

In “Expert Opinions in Forecasting:
The Role of the Delphi Technique,” Gene
Rowe from the Institute of Food Research
in Colney, England and George Wright
from Strathclyde University in Scotland
provide an overview of forecasting with
expert opinions. They use the Delphi pro-
cedure as a framework to integrate princi-
ples for improving expert forecasts. Com-
pared with traditional procedures, Delphi
provides more accurate forecasts




IMPROVING JUDGMENT IN FORECASTING

Nigel Harvey
Department of Psychology, University College London

ABSTRACT

Principles designed to improve judgment in forecasting aim to minimize
inconsistency and bias at different stages of the forecasting process (for-
mulation of the forecasting problem, choice of method, application of
method, comparison and combination of forecasts, assessment of uncer-
tainty in forecasts, adjustment of forecasts, evaluation of forecasts). The
seven principles discussed concern the value of checklists, the importance
of establishing agreed criteria for selecting forecast methods, retention
and use of forecast records to obtain feedback, use of graphical rather
than tabular data displays, the advantages of fitting lines through graphi-
cal displays when making forecasts, the advisability of using multiple
methods to assess uncertainty in forecasts, and the need to ensure that
people assessing the chances of a plan’s success are different from those
who develop and implement it.

Key words: Cognitive biases, confidence, forecasting, heuristics, judgment.

The forecasting process can be divided into a number of stages (Armstrong 1985) com-
prising formulation of the forecasting problem, choice of method, application of method,
comparison and combination of forecasts, assessment of uncertainty in forecasts, adjust-
ment of forecasts, and evaluation of forecasts. Each of these stages may be carried out
suboptimally, and each involves judgment to some extent. All of them could benefit from
improved judgment.

Forecasts can be suboptimal in two ways: inconsistency and bias. People intent on im-
proving their forecasts should minimize these components of forecast error. Inconsistency
is a random or unsystematic deviation from the optimal forecast, whereas bias is a system-
atic one. Stewart (2001) discusses the nature of these error components in detail, but one
can gain an intuitive appreciation of the difference between them from the following brief
example. Given a time series of 1000 independent data points that have varied randomly
around a mean value of five units, forecasts for the next 100 points should all have the value
of five units. If these forecasts have an average value of five units but are scattered around
that mean, they exhibit inconsistency but not bias; if they all have a value of precisely four
units, they show bias but not inconsistency; if they have an average value of four units but are
scattered around that mean, they contain both inconsistency and bias.
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Inconsistency may arise because of variation in the way the forecasting problem is formu-
lated, because of variation in the choice or application of a forecast method, or because the
forecasting method (e.g., human judgment) itself introduces a random element into the fore-
cast. Biases may arise automatically when certain types of judgmental or statistical methods
of forecasting are applied to particular types of data series. Alternatively, they may be intro-
duced (often unknowingly) at various stages of the forecasting process by forecasters who
have stakes in particular types of outcome.

Most principles of forecasting aim to minimize inconsistency and bias at different stages
of the forecasting process. Certain common strategies for achieving this are evident.

To reduce inconsistency arising from procedural variation, a number of authors argue that
an effort should be made to systematize and structure various aspects of the forecasting proc-
ess (e.g., Sanders and Ritzman’s, 2001, principle of structuring the adjustment process;
Webby, O’Connor, and Lawrence’s, 2001, principle of applying structured strategies such as
task decomposition when many special events have affected a series; MacGregor’s, 2001,
principle that some form of decomposition is generally better than none). Many principles
also exploit the fact that one can reduce inconsistency by combining estimates from different
sources (e.g., MacGregor’s, 2001, principle of using multiple decomposition methods and
multiple estimations for each one; Stewart’s, 2001, principle of combining several forecasts;
Armstrong’s, 2001, principle that role playing should be conducted over many sessions; Wit-
tink and Bergestuen’s, 2001, principle of combining results from different methods of con-
joint analysis). Authors also recognize that judgment is unreliable, and that consistency can
therefore be increased by limiting its use to aspects of the forecasting process that can benefit
from it (e.g., Sanders and Ritzman’s, 2001, principle of mechanical integration of statistical
and judgmental forecasts; Stewart’s, 2001, principle of using mechanical methods to process
information; Webby, O’Connor, and Lawrence’s, 2001, principles of concentrating on only
the most important causal forces affecting a series and of being aware that, as the amount of
domain knowledge increases, one’s ability to incorporate it into the forecasting process de-
creases).

To reduce bias, authors have developed two broad types of principle. The first is designed
to lower the chances of this category of error being introduced into the forecasting process
(e.g., Webby, O’Connor, and Lawrence’s, 2001, principle of selecting experts who have no
stake in the outcome; Sanders and Ritzman’s, 2001, principle of using caution in allowing
individuals to adjust forecasts when absence of bias is important; Wittink and Bergestuen’s,
2001, principle of using a method of conjoint analysis (viz. magnitude estimation) that mini-
mizes biases). The second is designed to eliminate or cancel out biases after they have been
introduced (e.g., Rowe and Wright’s, 2001, principle of using experts with disparate knowl-
edge; Morwitz’s, 2001, principles of adjusting intentions to avoid biases and of making al-
lowance for the fact that errors in recalling when the last purchase was made will bias inten-
tions for the next purchase).

Not all principles are aimed at reducing either inconsistency or bias: some are designed to
tackle both these sources of error by increasing forecasters’ awareness of their existence. One
way of increasing such awareness is by requiring people to justify their forecasts (e.g., Stew-
art’s, 2001, principle of requiring justification of forecasts; Rowe and Wright’s, 2001, princi-
ple that Delphi feedback should include, in addition to the mean or median estimate of the
panel, justification from all panelists for their separate estimates. Another way is to ensure
that people receive feedback and use it to make proper evaluations of their forecasting per-
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formance (e.g. Sanders and Ritzman’s, 2001, principle of documenting all judgmental ad-
justments and continuously measuring forecast accuracy).

DESCRIPTION OF PRINCIPLES

I have extracted from published research seven principles for improving judgment in fore-
casting. These principles could be incorporated into training or advice given to forecasters
or into software that provides them with decision support. For each principle, I specify the
stage of forecasting to which it is relevant, mention the source of error (inconsistency or
bias) that it is primarily intended to reduce, and give an example of its application.

® Use checklists of categories of information relevant to the forecasting task.

Using checklists of relevant information relates to the problem-formulation and forecast-
adjustment stages ofthe forecasting task. Its aim is to increase consistency in forecasts.

Forecasts for a variable may be made solely on the basis of the recent history of that vari-
able. Often, however, the forecaster must take account of recent or expected changes in other
variables. In this case, the forecaster should use a checklist of variables (or, if there are many
of them, categories of variable) that past experience has shown to be relevant to the forecast.

For example, consider an editor responsible for a number of academic journals in a scien-
tific and medical publishing firm. As part of her job, she must forecast sales (and certain
other variables) for each of her journals. She could make her forecasts solely on the basis of
the previous sales figures for each one. However, she would do better by taking into account
a number of other factors as well. These may include agreed sales of a future special issue to
a drug firm, the expected closure of a competing journal, a new campaign to increase indi-
vidual subscriptions, and so on. Other types of information may appear relevant but are not.
For example, a change in the editorship of a journal may have a sudden and marked effect on
the number of papers submitted to it but little, if any, effect on sales.

Checklists would help because people can rarely bring to mind all the information relevant
to a task when they need to do so. Their ability to search their long-term memories for such
information is imperfect, and the amount they can hold in their working memories is limited.
Furthermore, people are frequently influenced by information that is not relevant to their
tasks. (This may be because they selectively remember occasions when some factor did influ-
ence an outcome but forget those when it did not.) Checklists can serve both to remind peo-
ple of factors relevant to their forecasts and to warn them against being influenced by other
categories of information.

How should checklists be compiled? The accumulated wisdom within an organization is
likely to be a good starting point. In the above example, the editor’s publishing manager will
have more experience and be able to suggest additional factors that may affect sales. Exam-
ining past records for such contextual effects should enable the editor to determine whether
the suggested factors should be included in the list. She will be looking for evidence that they
produce abrupt rather than a gradual change in the sales figures.
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® Establish explicit and agreed criteria for adopting a forecast method.

Establishing criteria for adopting a forecasting method relates to the choice-of-method and
the comparison/combination-of-forecasts stages of the forecasting task. The aim is primarily
to ensure procedural consistency, but it may also help to prevent individuals with stakes in
particular outcomes from introducing biases.

Different forecasting methods vary in their performance with the type of data, the forecast
horizon, and the error measure used. With the development of sophisticated and easy-to-use
forecasting software, someone responsible for making forecasts may try out several methods
for a few forecast periods and then select for future use the one that produces the best per-
formance on some error measure. If performance of the chosen method later deteriorates, the
analyst may switch to the method that is now best on that same error measure or to one that
was initially best on some other error measure.

To our publishing editor and to many others who are not statistically knowledgeable but
must make forecasts, this approach may have pragmatic appeal. However, there are problems
with it. First, performance over a few periods is a statistically inadequate basis for selecting a
method: in the presence of variability in the data, it gives no assurance that the chosen
method is the best one. Second, without a costly reanalysis of the data (assuming them to be
still available), there is no way of determining whether changes in the quality of forecasts are
related to changes in the data, changes in the forecast method, or changes in the error meas-
ure used.

To avoid these problems, the forecaster needs to adopt explicit criteria for selecting a fore-
cast method before starting to forecast. The forecaster should select an appropriate error
measure (Armstrong and Collopy 1992) and decide how to choose between or combine dif-
ferent forecasts from the same data on the basis of the broad characteristics of the data and
published research that identifies the best techniques for dealing with data having these char-
acteristics. (Decision-support systems that do this have been incorporated into forecasting
software.)

Accuracy is just one of a number of dimensions that enter into choice of forecast method.
Costs of different methods must also be taken into account. Capital outlay (e.g., for software
packages) is easy to assess, but training costs are more difficult to estimate (given that they
are affected by the poaching of trained staff, the need for skill updating, etc.). Other factors
that may be important include transparency of the forecast method to end-users, ease of pro-
viding end-users with information about the uncertainty associated with forecasts, and the
speed with which the method produces the forecast. In other words, selection of a forecast
method is best regarded as a multidimensional choice problem. Research suggests that people
satisfice rather than optimize when making such choices (Simon 1957). Their choice is so
complex that they simplify their problem. They may do this by screening out options that fail
on certain critical dimensions and then accepting the first solution they find that meets the
minimal criteria they have set for the other dimensions.

In an organizational context, however, the choice problem is more complex still. Different
people use the same forecasts for different purposes. Some may be more willing than others
to sacrifice accuracy for speed. Some may regard overforecasting as more serious than under-
forecasting, whereas others may hold the opposite point of view. For example, the editor
responsible for forecasting her journal sales has many other tasks. She may see the forecasts
as more important for how well other people perform their jobs than for how well she per-
forms her own. In producing her forecasts, she tends to trade off accuracy for speed. How-
ever, people in the production department use the forecasts to order the paper needed to print
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her journals: to them, the accuracy of her forecasts is more important than the speed with
which she produced them, and, furthermore, they would rather she overforecast than under-
forecast. In contrast, the sales people would prefer her to underforecast: if their sales fall
below the forecast, they may be held to account.

Given that different individuals and departments have different criteria for an adequate
forecasting method, what is the best way of proceeding? Organizational coherence is likely to
suffer if analysts produce different forecasts from the same data or if managers fail to accept
forecasts because they disagree with the forecasting method. From an organizational point of
view, it is better for the stakeholders to make compromises before forecasting starts. In other
words, all those holding a stake in the forecasting process need to agree to explicit criteria
before adopting a forecasting method.

® Keep records of forecasts and use them appropriately to obtain feedback.

Keeping records of forecasts and using them to obtain feedback can reduce both inconsis-
tency and bias. This principle relates to four stages of the forecasting process: choice of fore-
cast method, application of the forecast method, combination of forecasts, and evaluation of
forecasts.

People making judgmental forecasts or combining forecasts judgmentally need informa-
tion that will enable them to assess their performance. This information is known as feed-
back. It can improve judgment and can be of various types. Outcome feedback is just infor-
mation about the actual outcome for the period(s) forecast. Cognitive feedback is more highly
processed information. For example, forecasters may be told they have been overforecasting
by some amount over the previous 10 periods.

If forecasters are not given information about their error levels, they must derive it for
themselves from a combination of outcome feedback and their original forecasts. Although
forecasters usually have a record of their most recent forecast and, hence, can compare that
with the corresponding outcome, they do not always keep long-term records of their previous
forecasts. In the absence of this information, they must rely on their memories to estimate
their overall performance over a period of time. However, memory in this situation is affected
by a well-established distortion, the hindsight bias: people tend to recall their forecasts as
closer to the outcome than they actually were (Fischhoff2001).

The hindsight bias is likely to cause forecasters to overestimate the quality of their fore-
casts. Returning to our earlier example, the publishing editor has a record of her forecast for
current sales and can compare it with the outcome. Furthermore, she has records of the previ-
ous sales figures she used, along with other information, to produce that forecast. However,
she has not recorded the earlier forecasts that she made for those sales figures. Because of the
hindsight bias, she will tend to recall these forecasts as closer to those figures than they actu-
ally were. As a result, she will view her overall forecasting performance more favorably than
it deserves. She may then use this distorted interpretation of her performance to discount any
error in her current forecast as an uncharacteristic product of her underlying forecasting abil-
ity. She would have failed to take advantage of the potential of feedback to improve this abil-
ity. She should have kept records of her forecasts and used them to obtain objective feedback
about her performance.

Hindsight bias is not the only factor that may affect the evaluation of forecasts. Even when
records exist, they may be used inappropriately. Evaluation that depends on searching
through records may suffer from confirmation bias: people tend to search for information that
confirms rather than falsifies their hypotheses. For example, in an attempt to increase sales of
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anew journal, the marketing department mailed promotional material to subscribers of one of
the firm’s existing journals. To assess the effectiveness of their campaign, the marketing
personnel examined how many more subscribers of the existing journal now get the new one
as well. They discovered a five percent increase over the year since the mail-shot. This is two
percent more than they had forecast, and so they felt pleased with the effects of their cam-
paign. However, because of the confirmation bias, they had failed to notice that subscribers to
other comparable existing journals (that had not received the mail-shot) had also increased
their subscriptions to the new journal by a similar amount. Their campaign had had no effect.

Although 1 have focused here on the evaluation of judgmental methods, all forecasters
should keep records of their previous forecasts and use them to obtain feedback about the
effectiveness of the methods they are using.

® Study data in graphical rather than tabular form when making judgmental fore-
casts.

Using graphical displays relates to the application-of-method stage of the forecasting proc-
ess. It acts to reduce bias.

When people make judgmental forecasts from time series, they can study the data in
graphical form (as a set of points on a two-dimensional plot of the forecast variable against
time) or in tabular form (as a row or column of numbers). Evidence has been accumulating
that forecasts from most types of series show less overall error when based on data presented
in graphical form.

Judgmental forecasts based on trended series presented graphically are much less biased
(but no more consistent) than forecasts based on the same data presented tabularly. For ex-
ample, our publishing editor makes her forecasts from previous sales that are recorded as lists
of numbers. Sales of one journal have dropped considerably. Her forecasts for the next few
periods are likely to show a fairly consistent continuing decrease but to underestimate its rate.
Had the extent of her underestimation been less, she and her publishing manager might have
realized that they needed to take more drastic action than they did (e.g., cease to publish the
journal rather than try to rescue it). Had the editor forecast from a graphical display of previ-
ous sales, she probably would have forecast sales closer to the true underlying trend in the
series. She and her manager would then have been likely to act more appropriately.

® Draw a best-fitting line through the data series when making judgmental forecasts
from a graphical display.

Drawing a best-fitting line through a data series reduces inconsistency at the application-
of-method stage of the forecasting process.

By using graphical rather than tabular displays, forecasters can reduce but not eliminate er-
ror in judgmental forecasts. Recent research suggests that the advantage of using graphical
displays can be increased by fitting a line by eye through the data points and using this as a
basis for the forecasts. When data are independent and when one does not need to take causal
factors into account, the line itselfis a good source of forecasts. In other cases, people can be
shown how to place their forecasts in relation to the line.

Thus, the publishing editor in my previous example could draw a best-fitting line through
a graph of previous sales, extend the line beyond the most recent data point, and use this
extrapolated portion of the line to obtain her forecasts.
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® Use more than one way of judging the degree of uncertainty in time-series fore-
casts.

By using multiple methods, forecasters can reduce bias and inconsistency at the assess-
ment-of-uncertainty stage of the forecasting process.

The most common way of expressing uncertainty in a forecast from a time series is to
place a confidence interval around it to show the range within which there is, say, a 90 per-
cent probability of the outcome falling. Judgmentally set intervals are typically much too
narrow, indicating that people are overconfident in their forecasts (cf. Arkes 2001).

Another way to express confidence in forecasts is first to set the size of the interval and
then to judge the probability that the outcome will fall within that interval. For example, the
publishing editor could estimate the probability that the actual sales figure will fall within 100
units above or below her forecast. When making this type of judgment, people underestimate
true probability values of greater than 50 percent and, hence, give the impression of being
underconfident in their forecasts.

To get a more accurate estimate of the degree of uncertainty in forecasts, then, one could
use both methods of making the judgment and average the results to reduce inconsistency and
cancel out the opposing biases. Within an organization, this could be done in a number of
ways, but, in general, different people should make the two judgments. The first person (say,
our publishing editor) sets confidence intervals around each forecast. Intervals should corre-
spond to high probabilities (to ensure that the second person makes probability estimates of
greater than 50 percent) that vary across forecasts (so the second person does not always give
the same estimate). The first person informs the second one of the size of the intervals around
each forecast but not the probabilities to which they correspond—those are for the second
person to estimate. The two probabilities corresponding to each interval are then averaged to
produce a final estimate.

For example, the publishing editor has produced sales forecasts for three journals. She
then estimates the boundaries of a 90 percent confidence interval for the first journal, a 95
percent confidence interval for the second one, and an 80 percent confidence interval for the
third one. She passes her three forecasts and the three pairs of interval boundaries on to her
publishing manager. The manager estimates the probabilities that the three forecasts will fall
within their respective boundaries. These estimates turn out to be 70, 85, and 60 percent,
respectively. The manager passes these figures back to the editor who then averages them
with her original ones to produce final probability estimates (viz. 80, 90, and 70 percent) that
the outcomes for the three journals will fall within the intervals that she has set.

Just averaging judgments of the same type made by different people can be expected to
improve accuracy (by reducing error variance). The technique outlined above of averaging
judgments of different types should produce even greater benefits by reducing bias as well.
The only disadvantage is that both the interval sizes and the probabilities attributed to them
will not be standardized across forecasts from different series.

% Someone other than the person(s) responsible for developing and implementing a
plan of action should estimate its probability of success.

Different individuals should perform the planning and forecasting tasks. This reduces bias
at the assessment-of-uncertainty stage of the forecasting process.

People develop and implement plans in attempts to ensure that the future will be different
from what it would have been otherwise. They often need judgmental probability forecasts of
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a plan’s success in order to decide whether to implement it and what level of resources to
devote to developing contingency arrangements to put in place if it fails.

People are overconfident in their plans: they overestimate the probability that their imple-
mentation will succeed. Recently, however, it has been shown that independent assessors
(e.g., consultants), while still overconfident, are not as overconfident as the originators of
plans.

These findings suggest that those who develop a plan or campaign should ask someone
else to make the judgmental probability forecast for its success. For example, to save a jour-
nal with a declining number of individual subscribers from closure, the publishing editor
wants to go ahead with an agreement that will make it the house journal of a small learned
society. If this plan succeeds, it will maintain company profits and further facilitate relations
with the academic community. Ifit fails, the resources that would have been saved by imme-
diate closure will be lost, and relations with the academic community (e.g., the officers of the
learned society) may take a turn for the worse. Who should estimate the probability that the
plan will be effective? Research suggests it should not be the publishing editor.

CONDITIONS UNDER WHICH PRINCIPLES APPLY

Forecasting depends on using information stored in human memory or in external records.
The information used to make a forecast may cover just the history of the variable being fore-
cast (univariate forecasting). Alternatively (or in addition), it may cover values in the history
of one or more variables other than that for which forecasts are to be made (multivariate fore-
casting). The first principle (use checklists of categories of information relevant to the fore-
casting task) applies only to multivariate forecasting.

In applying the third principle (keep records of forecasts and use them appropriately to
obtain feedback), one must bear in mind the problem of self-fulfilling prophecies (Einhorn
and Hogarth 1978). In other words, a forecast may lead to an action that results in the forecast
being met. An often-cited example of this is the restaurant waiter who forecasts that custom-
ers who look rich will leave larger tips than others if service is good. As a result, he provides
them with better service. Not surprisingly, they then give him larger tips than other customers
do. This feedback provides him with no information about the validity of his forecast.

One must take another factor into account when applying this third principle. There is a
debate in the literature about the relative effectiveness of outcome feedback and cognitive
feedback. There is some consensus that cognitive feedback is more useful than outcome
feedback for forecasts based on many variables. The relative effectiveness of outcome feed-
back is greater when fewer variables are involved in producing the forecast.

Support for the fourth principle (study data in graphical rather than tabular form when
making judgmental forecasts) comes primarily from research on univariate forecasting. This
work suggests that the principle should be applied when data show sustained and fairly grad-
ual trends of the sort typical of many financial and business series. When trends are extreme
(e.g., exponential) or absent, the advantage of studying graphs rather than tables of data is not
apparent.

The fifth principle (draw a best-fitting line through the data series when making judg-
mental forecasts from a graphical display) is geared to improving univariate forecasts. Re-
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search suggests that it will be particularly useful in situations of high uncertainty when data
series contain high levels of random noise.

The seventh principle (someone other than the person(s) responsible for developing and
implementing a plan of action should estimate its probability of success) is specific to plans
of action. It does not apply to probability forecasts for the correctness of judgments about
matters of fact. In other words, it concerns the effectiveness of actions rather than the correct-
ness of views.

SUPPORT FOR THE PRINCIPLES

The research findings relevant to the principles I have proposed and the conditions under
which they are assumed to apply provide stronger support for some of the principles than for
others.

® Use checklists of categories of information relevant to the forecasting task.

Why are checklists needed? Research has shown that experts in many fields do not base
their judgments on all the available relevant information and may be influenced by irrelevant
factors. I shall summarize just a few of these studies.

Ebbesen and Koneéni (1975) studied what information judges take into account when set-
ting bail. They asked judges to take part in a survey, giving them eight hypothetical case
records designed to simulate the information actually available in bail hearings and asking
them to set bail for each one. Results showed that the judges based their judgments on the
district attorney’s recommendation and on the accused person’s prior record and strength of
local ties. Studies by the Vera Foundation (Goldfarb 1965) had shown that the most success-
ful bail-setting strategies take strength of local ties into account. Thus, in the survey, judges
indicated that their aim was to follow currently accepted best practice. However, when Ebbe-
sen and Kone¢ni (1975) went on to examine the information that judges actually take into
account when setting bail in real court cases, they found that judges completely ignored the
accused person’s prior record and strength of local ties. Only the views of the district and
defense attorneys and the severity of the crime influenced the level of bail set. Checklists
would have prompted judges to take into account all the information that they intended to
take into account.

Slovic (1969) asked stockbrokers to estimate the importance of 11 factors in their making
judgments about whether to recommend stocks to clients. He also asked them to rate the
strength of their recommendations for the stocks of 128 companies that varied on these fac-
tors. The influence of these factors on the recommendations did not consistently match the
importance that the stockbrokers had estimated for them. Some factors they had estimated as
important had virtually no influence, whereas others they had seen as only marginally impor-
tant had a large effect on their recommendations.

Gaeth and Shanteau (1984) report a study of judgments of soil quality by agricultural ex-
perts. It is recognized that any material in soil other than sand, silt, and clay should be irrele-
vant to these judgments. Despite this, they found the experts were influenced by certain other
factors (coarse fragments and moisture levels).

Evans, et al. (1995) asked doctors to estimate the importance of taking various factors into
account when deciding whether to provide patients with lipid-lowering treatment. In this
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explicit task, the doctors demonstrated that they were aware of many of the acknowledged
risk factors for coronary artery disease (e.g., family history of the disease, evidence of arterio-
sclerosis, diabetes). However, when asked how likely they were to provide lipid-lowering
treatment to various patients, these same doctors were influenced by fewer factors than they
had identified as important and often by factors that they had not included in the set of im-
portant ones. For example, fewer than a quarter of the doctors showed evidence of taking a
family history of coronary artery disease and evidence of arteriosclerosis into account. Har-
ries, et al. (1996) report similar results for other types of medical treatments.

Checklists have been shown to be effective in making relevant information available to
those who need it. Fault trees, for example, are a type of checklist in which categories of
faults are listed. They are used by those responsible for diagnosing faults in complex systems.
The lists appear to be effective because they help people to bring to mind possibilities that
they would otherwise overlook (Dubé-Rioux and Russo 1988; Russo and Kolzow 1994).

Checklists have also been shown to be useful for improving other types of judgment.
Getty, et al. (1988) developed a set of diagnostic features to help radiologists judge abnor-
malities of the breast as either malignant or benign. Their aim was to produce a list that was
small and manageable and that included features that are largely independent of one another.
They interviewed five specialist mammographers to elicit an initial set of several dozen fea-
tures. They used group discussions and statistical analyses to reduce this set first to a smaller
set of 29 features and then to a final set of 13 features. They then ran an experiment to com-
pare the accuracy of diagnoses of six general radiologists with and without this checklist.
Results showed that its use significantly increased the accuracy of their judgments and indeed
brought their performance up to the level of the five specialist mammographers who had
participated in developing the aid.

® Establish explicit and agreed criteria for adopting a forecast method.

I based my arguments in favor of using explicit and agreed criteria mainly on a priori con-
siderations. Continual changing from one forecast method to another in an ad hoc fashion
prevents the proper evaluation of any one method. Here I shall focus on evidence relevant to
obtaining agreement within an organization on the basis of the forecasting process.

Some parts of an organization may suffer more from overforecasting than from underfore-
casting. (For others, the opposite may be true.) Goodwin (1996) has pointed out that when
such asymmetric loss functions are present, forecasts are belter regarded as decisions that
maximize returns for those particular sections of the organization. Problems arise when dif-
ferent parts of the organization have different asymmetric loss functions and when the or-
ganization as a whole has a different loss function from its component parts.

Goodwin (1996) has pointed out that use of regression techniques to debias forecasts ob-
tained from a particular section of an organization is constrained by various factors. First,
enough historical data must be available. Second, it requires the assumption that the relation-
ship between outcomes, forecasts, and forecasters’ use of cues is constant. (This may not be
reasonable: forecasters may learn to improve their performance; forecasting personnel may
change; loss functions may change.) Third, forecasters who know that their estimates are
being corrected may put less effort into their task. Fourth, in politically sensitive environ-
ments, they may distort their judgments in an attempt to negate the corrections.

Given these problems and the desirability of producing forecasts that are acceptable to the
organization as a whole, it seems preferable for forecasters to agree on a basis of forecasting
before starting the process. How should they do this? In some settings, the organization may
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be able to reward forecasters for forecast accuracy in a manner that is not subject to asymmet-
ric loss functions. Even then, however, the social structure of organizations may reduce the
effectiveness of this strategy. For example, even though forecasters in a sales department are
rewarded for their forecast accuracy, their judgments may still be influenced by departmental
solidarity and by pressure from their sales-team colleagues (who are paid according to how
much they exceed targets based on forecasts).

The sociotechnical approach to decision analysis has been developed to tackle situations in
which individual stakeholders within an organization differ in their interpretation of its deci-
sion problems. Phillips (1982) describes a case in which a company used this approach to
obtain agreement on whether to continue to manufacture an old product that might soon be
banned by the government or to introduce an improved product that would beat any ban but
might lose market share. Phillips (1984) describes another case in which a company used the
same approach to come to an agreed decision about whether to break into a market and, if so,
with what product. This approach to decision analysis may be useful for obtaining agreement
about criteria for adequate forecasting. For example, it may help to encourage people to re-
gard the forecasting process from an organizational perspective rather than from a depart-
mental or individual perspective.

® Keep records of forecasts and use them appropriately to obtain feedback.

In this section, I shall first review evidence concerning the beneficial effects of outcome
and cognitive feedback. Next I shall summarize studies of the hindsight bias; this distorts the
recall from memory of forecasts that have not been stored as external records. Finally, I shall
outline some research on the confirmation bias. This indicates that, even when forecasts are
stored in external records, people have a tendency to search those records in an unbalanced
way; this can result in forecasts being judged to have been more effective than they actually
were.

Bolger and Wright (1994) reviewed studies of the abilities of experts in many different ar-
eas. They concluded that experts perform well when their tasks are learnable. The most cru-
cial factor that rendered a task learnable was the immediate availability of outcome feedback.

Laboratory studies also indicate that outcome feedback is effective. Most of these experi-
ments have employed tasks in which participants must forecast the value of a criterion vari-
able from single values (rather than time series) of a number of predictor variables.

Schmitt, Coyle, and Saari (1977) asked people to make 50 predictions of grade point aver-
ages from hypothetical student admission scores on tests of mathematics, verbal skills, and
achievement motivation. A group that received outcome feedback (information about the
actual grade point averages) after each prediction performed better than a group that did not
receive this information.

Fischer and Harvey (1999) asked people to combine forecasts from four different sources.
These sources varied in accuracy. Hence people had to learn to weight their forecasts appro-
priately. A group that received outcome feedback (the actual value of a variable that had been
forecast) performed significantly better than one that did not obtain feedback. The feedback
group showed its advantage rapidly. However, it did not come to outperform the combined
forecast obtained from a simple average of the four individual forecasts.

Outcome feedback appears to be more effective when forecasters have few predictor vari-
ables to take into account (Balzer, Doherty and O’Connor 1989). When forecasters must
consider many different predictors, its effects are slow to appear or absent. This led
Hammond (1971) to devise other more highly processed forms of feedback, now collectively
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known as cognitive feedback. They included performance feedback (e.g., information about
the accuracy of judgments and biases in judgments) and details of how forecasters weighted
different predictor variables relative to how they should have been weighted.

Balzer et al. (1989) reviewed the effects of various types of cognitive feedback on judg-
ment quality. Within the forecasting area, Murphy and Daan’s (1984) study of weather fore-
casters is often cited as demonstrating the usefulness of this type of information. They studied
the quality of subjective probability forecasts of wind speed, visibility, and precipitation made
over a year without feedback. (Forecasts were for five consecutive six-hour periods beginning
zero or two hours after the forecast time.) They analyzed the data and presented results of
their analyses to the forecasters as feedback. They then collected a second year of data. The
weather forecasters’ performance was better in the second year than it had been in the first.
Murphy and Daan (1984) recognized that factors other than the provision of feedback may
have contributed to this improvement; for example, the additional year of experience in prob-
ability forecasting may itself have facilitated performance.

Onkal and Muradoglu (1995) studied probabilistic forecasts of stock prices and found that
performance feedback led to increased accuracy and did so to a greater extent than outcome
feedback. Also, in the forecast combination task described above, Fischer and Harvey (1999)
found that providing people with updated information about the accuracy of the four individ-
ual forecasters improved their judgments to a greater extent than outcome feedback alone. In
fact, it enabled them to outperform the combined forecast obtained from the simple average
of the four separate forecasts.

However, not all studies have found cognitive feedback to be more effective than outcome
feedback. Tape, Kripal, and Wigton (1992) studied probabilistic forecasting of cardiovascular
death based on the presence or absence of five risk factors. Medical students first took a pre-
test based on 40 real cases, then were trained with 173 simulated cases, and finally took a
posttest based on 40 real cases taken from patient records. During the training, they received
no feedback, outcome feedback only (viz. the correct probability of cardiac death), cognitive
feedback only (viz. the correct weightings of the five predictors compared with the weight-
ings that they had used on previous cases), or both types of feedback. In this task, training
with outcome feedback was more effective than training with cognitive feedback. The
authors suggest that this pattern of results is more likely to appear in relatively straightfor-
ward tasks where the relation between the predictors and the variable being forecast is fairly
simple.

This evidence suggests that it is important for forecasters to keep records of forecasts and
use them to obtain feedback. Outcome feedback may be sufficient to produce improvement in
relatively straightforward forecasting tasks, but more highly processed feedback information
is likely to be more useful in more complex ones.

Fischhoff and Beyth (1975) were the first to identify hindsight bias. Before President
Nixon went to Peking or Moscow in 1972, they asked students to make probabilistic fore-
casts that the visit would have various outcomes. After the visits, they asked the students to
recall the probabilities they had given and to say whether they believed that each outcome
had occurred. When the students believed an outcome had occurred, they were significantly
more likely to recall their prediction probabilities as higher than they actually were. This
hindsight bias appears to be pervasive. For example, Arkes, et al. (1981) observed it in hos-
pital interns and medical college faculty who made probabilistic estimates of four possible
diagnoses for a case history that they read. Furthermore, the bias seems resistant to efforts to
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eliminate it (Fischhoff 1977). Hawkins and Hastie (1990) suggested that it implies that people
cannot remember previous knowledge states.

Even when records are kept, people may not use them appropriately. Work on the confir-
mation bias indicates that people tend to search for information that confirms rather than
falsifies their hypotheses. Wason (1968) demonstrated this bias. He presented people with
four cards. Each card contained a single letter or number (e.g., A, B, 2, 3) on the exposed side
and another on the reverse side. He told them to determine the truth of the statement “All
cards with a vowel on one side have an even number on the other” by indicating which (and
only which) cards they would need to turn over to do so. Most people chose the card dis-
playing A alone or cards A and 2 instead of the correct response, cards A and 3. They failed to
search for disconfirming evidence (i.e., card 3).

Einhorn and Hogarth (1978) showed how Wason’s (1968) findings are relevant to the sort
of record-checking task under consideration here. They asked 23 statisticians to check the
claim that “when a particular consultant says the market will rise . . . it always does rise” by
deciding whether to observe outcomes associated with a favorable or unfavorable prediction
or predictions associated with a rise or fall in the market. Specifically, they asked them to
identify the minimum evidence needed to check the consultant’s claim. Fewer than half of the
responses included observing predictions associated with a fall in the market (disconfirming
evidence) whereas almost all responses included observing outcomes associated with a favor-
able report (confirming evidence). Thus people checking records tend to look for evidence
confirming their hypotheses (forecasts) but are inclined to ignore evidence that could go
against them.

In summary, it is important both to keep records and to use them appropriately to obtain
feedback about the effectiveness of forecasts.

8 Study data in graphical rather than tabular form when making judgmental fore-
casts.

Angus-Leppan and Fatseas (1986) presented people with a time series as a column of 48
numbers and asked them to forecast the next 12 values. They then asked them to draw a
graph of the 48 numbers and to use it to make the 12 forecasts again. Mean absolute percent-
age error was two percent less when data were in graphical format.

Dickson, DeSanctis and McBride (1986) asked people to make three forecasts from each
of three time series. Half of the participants in the experiment saw tables of the data whereas
the other half saw graphs. For eight of the nine forecasts, error levels were significantly lower
when data were graphed.

Studies of judgmental forecasts of airline passenger numbers (Lawrence 1983) and eco-
nomic time series (Lawrence, Edmundson and O’Connor 1985) reinforced the view that data
should be presented in graphical form to maximize accuracy. Only the work of Wagenaar and
Sagaria (1975) on forecasting series showing exponential growth has pointed in the opposite
direction, and others have questioned the way they assessed forecasts (Jones 1979).

Harvey and Bolger (1996) investigated reasons for the advantage of graphical presentation
and studied its generality. For linearly trended series, they found that error was indeed higher
with tabular presentation than with graphical presentation. This was because people making
forecasts underestimated the steepness of trends much more with this format than with
graphical presentation. For untrended series, however, there was a slight effect in the opposite
direction; error was marginally greater with graphical presentation because inconsistency
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(viz. scatter of forecasts around their mean or trend line) and a tendency to overforecast were
somewhat higher with this format than with tabular presentation.

In summary, graphical presentation offers a clear advantage with linearly trended series,
tabular presentation offers a marginal advantage with untrended series, and tabular presenta-
tion offers a disputable advantage with exponentially trended series. This suggests that
graphical presentation is to be preferred as a general strategy. Only if forecasters know in
advance that the series from which they will be forecasting are all, or almost all, untrended
(or, perhaps, exponential) would one recommend tabular presentation.

® Draw a best-fitting line through the data series when making judgmental forecasts
from graphical displays.

Using graphical rather than tabular displays reduces but does not eliminate error in judg-
mental forecasts. This error apparently arises for three reasons.

First, people use anchor-and-adjust heuristics to make forecasts. They use the last data
point as a mental anchor and make some adjustment away from it to take account of whatever
pattern they perceive in the series. However, in using this heuristic, people usually make
insufficient adjustment (Tversky and Kahneman 1974). Two sorts of bias in judgmental fore-
casting have been attributed to this underadjustment: people appear to underestimate the
steepness of trends and to overestimate the positivity of the first-order autocorrelation in se-
ries. A number of studies have shown these effects.

Lawrence and Makridakis (1989) asked 350 business-school students to make sales fore-
casts from graphs of seven-point time series of past sales. For upwardly trended series, fore-
casts were 4.5 percent lower than they should have been; for downwardly trended ones, they
were 8.6 percent higher than they should have been. Eggleton (1982) required 100 business-
administration students to make forecasts from upwardly trended and untrended series.
Judgments for the trended but not the untrended series were below what they should have
been, and the size of this error was greater for series with higher variance. These and many
similar results (e.g, Bolger and Harvey 1993; Harvey and Bolger 1996; Sanders 1992) have
been attributed to the underadjustment characteristic of people’s use of anchor-and-adjust
heuristics. On average, the last point in the data series will be on the trend line. People use
this point as a mental anchor and adjust away from it to allow for the trend in the series. The
observed effect occurs because their adjustments are insufficient.

Bolger and Harvey (1993) asked people to make sales forecasts from 45-point time series.
They varied autocorrelation as well as trend in the series. When series were untrended, peo-
ple apparently used the last data point as an anchor and adjusted away from it to take the
mean level of the series into account. However, because they typically made too small an
adjustment, their forecasts were too close to the last data point. As a result of such underad-
justment, people give the impression that they overestimate the positivity of the first-order
autocorrelation in the series.

Another source of error in judgmental forecasts is the inconsistency that people introduce
into their judgments apparently to make their sequence of forecasts look like the data series.
When data are independent, the sequence of forecasts should lie along the trend line in the
data series. However, when Harvey (1995) asked people (who had received training in statis-
tical regression) to make a sequence of six forecasts from graphs of 58-point time series, he
found that their judgments did not lie on a trend line. Instead, they were scattered around a
trend line. Furthermore, there was more random variation in the forecast sequence when there
was more random variation in the data series. People making forecasts tend to be influenced



Improving Judgment in Forecasting 73

by the degree of random fluctuation as well as the pattern in the data series. Of course, when
someone makes a forecast for a single period, one cannot detect statistically the introduction
of this randomness into the judgment. However, because error in a single forecast is as large
as that in each judgment when forecasts are made for a number of periods (Harvey, Ewart
and West 1997), it is reasonable to assume that it still occurs.

A final source of error in judgmental forecasts is level biases. A number of researchers
have found that forecasts from untrended series are too high (e.g., Eggleton 1982; Harvey
and Bolger 1996; Lawrence and Makridakis 1989) and that underestimation of downward
trends exceeds that of upward ones with the same absolute slope (e.g., Harvey and Bolger
1996; Lawrence and Makridakis 1989; O’Connor, Remus, and Griggs 1997). The reason for
this overforecasting is not yet clear: it may relate to people’s assumptions about differences in
the costs of under- and overforecasting, to expectations that external agencies are more likely
to intervene if the series moves in one direction than the other (cf. Armstrong and Collopy
1993), or to wishful thinking effects.

Recent work has shown that forecasters can reduce errors from these sources by making
use of a best-fitting line drawn through the data series. Alexander, O’Connor, and Edmund-
son (1997) have shown that a line drawn through a series of independent data points is in
itself a better source of forecasts for the series than explicit forecasts made either in the pres-
ence or absence of such a line. This technique for producing forecasts implicitly would not
produce good forecasts when data are not independent or when causal factors have to be
taken into account. Harvey (1997) instructed people in how to use their judgment to impose a
best-fitting line on a series and then how to estimate whether the data were independent or
positively autocorrelated. He told them to make their forecasts on the line ifthey judged them
to be independent and between the last point (or last forecast) and the line otherwise. This
procedure reduced the error in the forecasts by half.

It is not yet clear why these techniques are effective. However, an analysis of overall error
in Harvey’s (1997) experiments failed to show that it was selectively reduced in trended or
autocorrelated series. This suggests that the primary effect of the procedure was to decrease
inconsistency rather than to reduce underadjustment. Further improvements may depend on
developing better (but still simple) advice for fitting lines through data by eye.

In summary, research to date supports the recommendation that judgmental forecasters fit
a line by eye through their data to use as a basis for their forecasts.

® Use more than one way of judging the degree of uncertainty in time-series fore-
casts.

Many studies have shown that people using their judgment to set, say, 95-percent confi-
dence intervals around forecasts produce ranges that are too narrow. For example, Lawrence
and Makridakis (1989) found that these intervals were about 10 percent narrower than they
should have been. O’Connor and Lawrence (1989) asked people to use their judgment to set
50- and 75-percent confidence intervals around their forecasts and found that only 37.3 per-
cent of outcomes fell within the former and just 62.3 percent of outcomes fell within the lat-
ter. O’Connor and Lawrence (1992) and Lawrence and O’Connor (1993) have obtained
similar results.

This apparent overconfidence is probably another bias that arises, at least partly, from
people’s use of an anchor-and-adjust heuristic as a basis for their judgment (Pitz 1974;
Seaver, von Winterfeldt and Edwards 1978; Spetzler and Stiel von Holstein 1975). They use
the forecast as a mental anchor and set the boundaries of the interval by adjusting away from
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this point. However, as is usual when people use this heuristic, they make too small an ad-
justment (Tversky and Kahneman 1974). Hence the interval has boundaries that are too close
to the forecast; its range is too narrow.

In contrast, when people estimate the probability that the actual outcome will fall within a
specified range of the forecast, they underestimate probabilities that are greater than 50 per-
cent (Harvey 1988; see also Bolger and Harvey 1995). For this type of task, people appar-
ently use the center of the probability scale (i.e., 50%) as their mental anchor (Poulton 1989,
1994). Hence, for probabilities that are above 50 percent, the usual underadjustment from the
anchor leads to judgments that are underestimates of the probabilities; people appear to be
underconfident in their forecasts.

By combining both these ways of estimating uncertainty in forecasts, forecasters should
able to reduce inconsistency in estimates and to cancel out biases to some extent.

s Someone other than the person(s) responsible for developing and implementing a
plan of action should estimate its probability of success.

Harvey (1994) reviewed experiments showing that people are overconfident in their plans.
A few examples must suffice here. Cohen, Dearnaley, and Hansel (1956) studied drivers’
forecasts that they would be able to drive a heavy vehicle between two wooden posts. The
gap between the posts was varied. For each size of gap, drivers first forecast the number of
times out of five that they would be able to drive through the posts and then attempted to
drive through them five times. Their forecasts exceeded their performance. Even experienced
drivers estimated that they would be able to drive through a gap no wider than their vehicle
on average two times out of five. Alcohol consumption increased levels of overconfidence
(Cohen, Dearnaley and Hansel 1958).

Cohen and Dearnaley (1962) asked soccer players to walk towards the goal and stop when
they reached a position from which they could score one, two, three, or four times out of five.
They then made five attempts to score from each position. Results showed that, on average,
they were about five percent overconfident about their goal-scoring performance. In other
words, the average frequency of scoring from each position was about five percentage points
less than they said it would be: 15 percent instead of 20 percent, 35 percent instead of 40
percent, and so on.

Overconfidence is not restricted to plans for physical actions. Harvey (1990) studied a
simulated medical-treatment task. Participants had to estimate the drug dosages needed to
bring a variable used for diagnosis into a range corresponding to health. After deciding on
treatment, they assessed the probability of its effectiveness. Results showed that these prob-
ability forecasts were too high; people were overconfident. (The level of overconfidence was
greater for more difficult versions of the task.)

More recently, Koehler and Harvey (1997, Experiment 3) and Harvey, Koehler, and Ayton
(1997) used the same task to compare probability forecasts given by people who decided on
the dosages with those provided by other people who had no say in determining dosages.
Overconfidence was much less in those not responsible for the treatment decisions (16%)
than in those who were responsible (26%). Thus, people not responsible for plans are better
at estimating their likelihood of success.
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IMPLICATIONS FOR PRACTITIONERS

It is important to keep records of forecasts and to use them appropriately to obtain feedback.
After all, such records can be used to assess the usefulness of other principles in the chapter
(and, indeed, in the book). I have been surprised at how often organizations fail to retain
sufficient information about past forecasts. Management information systems should be engi-
neered to ensure that records of previous forecasts are kept with outcome data so that people
can easily compare the effectiveness of different types of forecast or forecasts from different
sources. It is important to ensure that these records are well-documented and survive person-
nel changes and company mergers and takeovers. Organizations should regard them as part
of the inheritance on which their activities depend.

Practitioners often act as informal experimenters; they try to study the effectiveness of
doing things in different ways. Unfortunately, it is often difficult to make these informal in-
vestigations systematic because most organizations make many other competing demands.
Undoubtedly, making such investigations more systematic would increase their effectiveness.
However, organizations will provide resources to support them only if they are convinced
that the benefits will outweigh the costs.

Some of the principles I (and others) propose need informal study by the organizations ap-
plying them. It is unlikely that a specific solution to a forecasting problem will work equally
effectively in all organizations. Hence, in formulating some principles, I have sacrificed pre-
cision for generality. Organizations must discover for themselves how to tailor these princi-
ples to their requirements. For example, forecasters should investigate the length and compo-
sition of the checklists they use.

IMPLICATIONS FOR RESEARCHERS

Researchers have established that judgmental methods are ubiquitous in practical situations
(e.g., Dalrymple 1987; Fildes and Hastings 1994; Mentzer and Cox 1984; Mentzer and Kahn
1995; Sparkes and McHugh 1984). It seems likely, however, that the increasing availability,
affordability, and usability of forecasting software packages will lead to some change in this
situation. The problem of combining judgment (e.g., based on knowledge of causal factors)
with the output of a statistical model will then become more important. Researchers are al-
ready starting to investigate this issue. For example, Lim and O’Connor (1995) have shown
that people place too much weight on their own judgmental forecasts when combining them
with the output of a statistical model.

More generally, changes in forecasting requirements result in changes in the technology
that supports forecasting, and these technological developments then provide a new role for
judgment. In other words, technical innovations change but do not eliminate the role of
judgment. Researchers respond and find out something about how well judgment performs its
new role. New principles for improving judgment in forecasting are the result. There is no
finite set of principles to discover; constant change in the technology supporting forecasting
ensures that.

For example, currency dealers now have software support to enable them to forecast and
trade on the basis of high-frequency real-time information. Traders have to use their judgment
to respond quickly to profit from a situation in which many other traders have similar soft-
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ware. More research is needed to clarity how attentional constraints and time pressure influ-
ence this type of judgmental forecasting and decision making. This could lead to the emer-
gence of new principles that would help both software developers and the users of current
software.

CONCLUSION

Forecasts can be improved by reducing bias and inconsistency in human judgment. Principles
that have been formulated for doing this generally derive from research in cognitive psychol-
ogy and allied subjects but have been validated within specific forecasting contexts. How-
ever, changes in the way that practitioners operate mean that we must continually monitor the
usefulness of established principles and maintain our efforts to discover new principles.

Forecasting principles are perhaps best regarded as general recommendations. In applying
them in specific situations, some fine-tuning may be useful. In other words, practitioners may
benefit from carrying out informal studies of their own to discover how they can best apply
the principles identified by researchers within their own organizational milieus.
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ABSTRACT

All judgmental forecasts will be affected by the inherent unreliability, or
inconsistency, of the judgment process. Psychologists have studied this
problem extensively, but forecasters rarely address it. Researchers and
theorists describe two types of unreliability that can reduce the accuracy
of judgmental forecasts: (1) unreliability of information acquisition, and
(2) unreliability of information processing. Studies indicate that judg-
ments are less reliable when the task is more complex; when the envi-
ronment is more uncertain; when the acquisition of information relies on
perception, pattern recognition, or memory; and when people use intui-
tion instead of analysis. Five principles can improve reliability in judg-
mental forecasting:

1. Organize and present information in a form that clearly emphasizes
relevant information.

2. Limit the amount of information used in judgmental forecasting. Use
a small number of really important cues.

Use mechanical methods to process information.
4. Combine several forecasts.
Require justification of forecasts.

Keywords: Accuracy, combining forecasts, error, information acquisi-
tion, information processing, psychometrics, reliability.

People are not consistent. Imperfect reliability (sometimes called “inconsistency”) is ob-
served in nearly all human behavior. Observe a person on separate occasions that are iden-
tical in every important respect, and you will observe different behavior on each occasion.
If a person takes the same test on two different occasions, the two test scores will differ. If
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a person judges the loudness of a sound one day and then judges the same sound the next
day, the judgments will usually differ. If a forecaster made a judgmental forecast and then
could be somehow transported back in time to repeat the same forecast under identical
conditions, she would almost certainly make a different forecast.

In short, unreliability is a source of error in judgmental forecasting. In the long run, it
can only reduce the accuracy of forecasts. Lack of reliability or consistency has nothing to
do with potentially beneficial behavioral changes over time, such as changes due to learn-
ing, obtaining new information, or adapting to new circumstances. Unreliability is simply
error introduced into the forecast by the natural inconsistency of the human judgment pro-
cess.

If human judgment is so important in forecasting, and unreliability is a pervasive and
well known (at least to psychologists) source of error in judgment, then why isn’t improv-
ing reliability a major concern of those who produce and use forecasts? I don’t know. One
possible reason is that reliability is difficult or impossible to measure directly outside the
laboratory. As a result, although we can argue persuasively that a problem exists, it is dif-
ficult to demonstrate its importance in operational settings. Another reason is that few
psychologists have attempted to explain the practical implications of unreliability. A third
is that practitioners may accept inconsistency as an inevitable cost of exercising judgment,
or perhaps even mistakenly view it as a benefit. Finally, for all of the above reasons, it is
difficult to cite compelling anecdotes about major errors that could be traced to unreliabil-
ity. The editor of this book asked me to do just that, and I failed, because there are none.
I’'m confident that errors occur because of unreliability, but they are impossible to detect in
a one-time decision (such as the decision to launch the Challenger space shuttle). Separat-
ing unreliability from other sources of error requires detailed study of a kind that is rarely
done.

Nevertheless, most people do have an intuitive understanding that they are unreliable
(although not of how unreliable they are). One of the most common comments made by
subjects in my research (who are generally experts being asked to make judgments or fore-
casts) is “Oh, you are going to find out how inconsistent I am.” Furthermore, many of the
methods for improving forecasts discussed in this book address reliability, though often
implicitly and indirectly. There are many benefits to be gained, however, from explicitly
addressing reliability.

THE PROBLEM: IMPERFECT RELIABILITY OF JUDGMENT

Before discussing the research on reliability of judgment and the forecasting principles that
can be derived from it, I need to get some formal definitions and theory out of the way. In
the next section, I define reliability as it applies to forecasting and introduce such terms as
true score, error, systematic variance, and unsystematic variance. Then, since reliability is
such an abstract concept, I have to talk about how it is measured or estimated. Then I in-
troduce the lens-model equation, which quantifies the relation between accuracy and reli-
ability, and an expanded lens model, which shows that there are two types of reliability to
worry about. Finally, I will summarize the relevant research on (1) reliability of judgment,
(2) reliability of information acquisition, and (3) the implications of analytic and intuitive
cognitive processes for reliability.
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Formal Definition of Reliability and its Relation to Error

Reliability is an important concept in psychological measurement and is extensively dis-
cussed in standard psychometrics texts, such as Nunnally (1978). Any test score is as-
sumed to be a sum of a “true” score plus error. Reliability is the square of the correlation
between obtained test scores and the underlying true scores. Since the true scores are never
known, reliability is typically estimated by correlating the scores on two equivalent tests.

For our purposes, a forecast is analogous to a test score and the true score is the reliable,
repeatable component of the forecast. The error component is just random error. When
discussing reliability ofjudgment and forecasts, we do not normally talk about true scores.
Instead, we refer to the systematic component of the forecast. The error component is
sometimes called the unsystematic component. This helps distinguish between the error
that contributes to unreliability and forecast error in the usual sense, that is, the difference
between what is forecast and what actually happens.

The systematic component of a forecast is that part of the forecast that is systematically
related to the information that is available at the time of the forecast. Given the same in-
formation, the systematic component will be the same; it is repeatable and therefore reli-
able. But there is an unsystematic component of the forecast that is unrelated in any way to
the information that is available at the time of the forecast. It could be caused by forecaster
inattention, distraction, indigestion, or any of a host of other factors. It is usually treated as
random error and not analyzed. The variance of a set of forecasts is equal to the sum of the
variances of the systematic and the unsystematic components. Whatever forecast accuracy
is achieved is due to the systematic component (except of course, for short-term chance
relations). Accuracy is reduced if there is any unsystematic component in the forecast. This
is not to say that all forecast errors are due to the unsystematic component. The systematic
component can also contribute to forecast error.

In principle, the systematic component could be estimated by averaging many forecasts
made by the same person or group under identical conditions. For practical purposes, reli-
ability is the extent to which the same forecasts are made on different occasions under very
similar conditions. It would be estimated by the correlation (ryy) between two sets of fore-
casts made under conditions that are similar in all important respects. With some assump-
tions, it can be shown that

In other words, reliability is the ratio of systematic (true) variance (O'tz) in the forecasts
to that variance plus unsystematic (error) variance (crez). Reliability can be perfect (1.0)
only if there is no unsystematic variance in the forecast.

Reliability is necessary, but not sufficient, for validity (i.e., accuracy) of forecasts. It is
easy to construct examples of forecasts that are perfectly reliable but are inaccurate and of
no practical value. A forecaster who predicted a temperature equal to the day of the month
every day (one degree on the first, two degrees on the second, and so forth) would produce
very reliable forecasts, but they would have no validity. The lens model equation (see be-
low) describes the relation between reliability and accuracy.
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Measurement of Forecast Reliability

The reliability of a forecast can be estimated using three different approaches: (1) repeated
judgments, (2) regression models, and (3) agreement among forecasters.

Repeated judgments

Reliability is often measured in controlled studies by computing correlations between re-
peated judgments made under very similar conditions (e.g., Lee and Yates 1992). In many
forecasting situations, conditions rarely repeat, so reliability has to be estimated in other
ways.

Regression models

Forecasts are based on a number of variables, which I will call cues. If a representative
sample of forecasts is available, and the cues that each forecast was based on are known,
and the sample is large enough to produce reasonably stable results, then multiple regres-
sion analysis can be used to model the forecasts. This technique, known as judgment
analysis (Cooksey 1996), has been used extensively in judgment research. Assuming that
the regression model captures all of the reliable variance in the forecasts, the multiple cor-
relation between the forecast and the cues (Ryx) would be equal to the square root of the

reliability of the forecasts. Consequently R%{.X (actually, adjusted R%{.x , which is an unbi-

ased estimator of the population value, is preferred) could be considered an indicator of
reliability. In practice, however, Ryx depends on both reliability and the ability of the
regression model to capture the underlying judgment process. If the regression model is a
poor model of judgment, then Ryx could be low even though reliability was high. Fortu-
nately, it appears that regression models provide good models of judgment in a variety of
situations. Many studies have found that simple linear regression models accurately repro-
duce expert judgments (Camerer 1981; Dawes 1979; Dawes and Corrigan 1974; Goldberg
1968; Slovic and Lichtenstein 1971). As a result, multiple regression analysis of judgment
often provides a reasonable indicator of reliability. Balzer, Rohrbaugh, and Murphy (1983)
compared regression and repeated judgment estimates of reliability for a preference judg-
ment (not forecasting) task. They mistakenly concluded that regression estimates were

higher because they reported Ry x instead of adjusted R%{.x . When the adjusted RZY‘X value

is estimated from their results, the value is .79, which is comparable to the average reli-
ability of .72 obtained using repeated judgments. Ramanaiah and Goldberg (1977) report a
correlation of .89 between reliability and the multiple correlation for 83 subjects, thus sug-
gesting that the multiple correlation can be a reasonable indicator of reliability.

Agreement among forecasters

Agreement among forecasters, as measured by the correlation between their forecasts, is an
indirect indicator of reliability. If the random errors in two forecasts are independent, then
the expected value of the correlation between them cannot exceed the product of the
square roots of their reliabilities (Guilford 1954). Sample values of the correlation between
two forecasts will exceed the product of the square roots of their reliabilities only by
chance. Therefore, the correlations among forecasts can be used to estimate a lower bound
on reliability. Of course, differences in cue utilization across individuals will also depress
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the correlations among their forecasts. The extent to which this is a factor in determining
the correlation between forecasters will depend on the nature of the task (Stewart, Roebber
and Bosart 1997).

The Lens Model and the Importance of Judgmental Reliability

A useful framework for understanding the role of reliability in judgmental forecasting is
Brunswik’s lens model, which conveniently comes with a matching equation—the aptly
named “lens model equation.” This equation is handy for quantifying the effect of reliabil-
ity, or unreliability, on forecasting accuracy.

Injudgmental forecasting the forecaster makes a prediction about something that cannot
be known directly (the future event being forecast). That prediction is based on multiple
cues (i.e., the variables representing the information available at the time the forecast is
made) that are (1) imperfectly related to the future event, and (2) correlated with one an-
other. The term cue is used in the psychological literature to denote a variable, factor, or
indicator that the forecaster uses.

This view of judgmental forecasting is represented in the lens model (Exhibit 1). The
right side of the lens model represents the relations between the available cues (X) and the
judgmental forecast (Y). The left side of the lens model represents the relations between
the cues and the event that is being forecast (O). The lines connecting the cues and the
actual event represent the ecological validities of the cues, that is, how the cues are related
to the forecast event in the environment. The term “environment” is used to refer to the
forecasting environment, not necessarily to nature. Finally, the arc connecting the criterion
and the judgment represents the accuracy of the forecast. From the standpoint of the fore-
caster, the environment is fundamentally probabilistic. Forecasts will never be perfectly
accurate.

Exhibit 1
Brunswik’s lens model

Actual Judgment
Event )
0)

A special case of judgmental forecasting is the judgmental extrapolation of time series,
which is discussed elsewhere in this volume (Harvey 2001; Webby, O’Connor, and Law-
rence 2001). Conceptually, such forecasts can be represented in lens-model terms by con-
sidering the cues to be various features of the time series (trend, elevation, cycles, last
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point in the series, etc.). To my knowledge, no one has attempted to analyze judgmental
extrapolation in lens-model terms.

The lens-model equation (LME) is a mathematical expression of fundamental concepts
in Brunswik’s (1952; 1956) probabilistic functionalism and Hammond’s social judgment
theory (Hammond, et al. 1975). With some assumptions, it can be used to draw the fol-
lowing conclusions (see Appendix for details):

Match between
forecast and x(

(Forecast] [Environmentalj
~ X
environment

Forecast
uncertainty

accuracy reliability

For our purposes, the most important thing to know about this equation is that all three
terms on the right can be no greater than 1.0, and their product is a measure of forecast
accuracy. Consequently judgmental unreliability places an upper bound on accuracy, and
accuracy is reduced in proportion to the amount of reliability in judgment. This is impor-
tant: The accuracy of a set of judgmental forecasts (1) can be no greater than its reliability
and (2) is reduced in proportion to the amount of unreliability.

The other terms are important too. Environmental uncertainty is the predictability in the
environment, given the available information. It places a ceiling on forecast accuracy that
can be raised only by obtaining better information. The match between theforecast and the
environment is the degree of similarity between the way the forecaster uses the cues and
the way they should be used to maximize accuracy. In other words, it is a measure of the
decrease in accuracy due to misuse of information. In this chapter I will focus on reliabil-
ity.

The Expanded Lens Model and the Components-of-skill Framework

Stewart and Lusk (1994) derived an extension of the LME (see Appendix) based on an
expanded lens model (Exhibit 2) that shows (1) that the cues available to the judge may be
imperfect indicators of true descriptors, and (2) that the subjective cues that are integrated
into ajudgment may be imperfectly related to the objective cues. The important implica-
tion for us is that the expanded lens model indicates that reliability has two parts. One part
is the reliability of acquiring information and the other is the reliability of processing in-
formation. In effect, the reliability of judgmentalforecasts is the product of two kinds of
reliability:

(1) reliability of information acquisition
(2) reliability of information processing.

Reliability of information acquisition is the relation between the objective cues avail-
able to the forecaster (X) and the subjective cues that are integrated into the forecast (U).
If, for example, a weather forecaster must use a radar display to judge the size of a storm to
forecast severe weather, that judgment will not be perfectly reliable. This is unreliability of
information acquisition, and it degrades the quality of the forecast. Empirical estimates of
unreliability in information acquisition could be obtained by having forecasters make re-
peated cue judgments from the same data or by having different forecasters judge cues
based on the same data.
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Exhibit 2
An expanded version of Brunswik’s lens model

True Cues Subjective
Descriptors Cuejs

Observed Judgment
Event Y)
(©)
T X u

Reliability of information processing is the relation between the information acquired
(subjective cues—U) and the forecast (Y). Reliability of information processing is less
than perfect if, given the same subjective cues on two different occasions, forecasters pro-
duce different forecasts.

Research on Reliability of Judgment

Reliability has long been a concern in judgment research (e.g., Einhorn 1974; Slovic 1972;
Slovic and Lichtenstein 1971), and research on the reliability of judgment has been re-
viewed recently by Stewart and Lusk (1994) and Harvey (1995).

Judgments are rarely perfectly reliable, and expertise does not appear to mitigate the
problem of unreliability of judgment. Physicians (Kirwan et al. 1983; Levi 1989; Ullman
and Doherty 1984), teachers (Brehmer and Brehmer 1988), clinical psychologists (Little
1961; Millimet and Greenberg 1973), neuropsychologists (Garb and Schramke 1996) grain
inspectors (Trumbo et al. 1962) and weather forecasters (Lusk and Hammond 1991; Stew-
art, Moninger, Grassia et al. 1989) have been shown to be less than perfectly reliable
judges.

Little is known about the relation between expertise and reliability. Although Bolger
and Wright (1992) include “reliability” in the title of their chapter on expert judgment,
they write primarily about validity. The only reliability studies they cite are a handful of
multiple cue judgment studies showing a wide range of reliabilities for experts in different
fields. In a recent review article on expert performance, Ericsson and Lehmann (1996) do
not mention reliability at all. In several studies of weather forecasters, my colleagues and 1
have addressed reliability, but only indirectly. Although individual differences in reliability
have been observed (e.g., Balzer, Rohrbaugh, and Murphy 1983) little is known about
reasons for such differences. The LME clearly predicts a relation between reliability and
accuracy, but no one has demonstrated empirically that experts that are more reliable are in
fact more accurate.

Harvey (1995) identified six possible explanations for the lack of reliability of judg-
ment: (1) failure of cognitive control (Hammond and Summers 1972), (2) overloading
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working memory, (3) recursive weight estimation during learning, (4) learning correlations
rather than learning functions, (5) reproducing noise, and (6) deterministic rule switching.
He reported an experiment involving extrapolation of time series in which people appeared
to simulate the noise in the task. That is, if the historical time series was noisy, they made
the forecast noisy, which is a poor strategy.

In laboratory studies, several potential task variables have been found to influence
judgmental reliability. It is well-established that task predictability affects reliability. A
number of researchers have found evidence that the reliability of judgment is lower for less
predictable tasks (Brehmer 1976; 1978; Camerer 1981; Harvey 1995). This point deserves
emphasis: Judges respondto unpredictable tasks by behaving less predictably themselves.

It has been suggested that judgments become less reliable as the amount of information
available increases (Einhorn 1971, Hogarth 1987). Although this seems to be widely ac-
cepted among judgment and decision researchers, it is an effect that rarely occurs to ex-
perts who do not have a background in statistics or psychometrics. Despite the acceptance
of this relation, we have been able to find only one direct empirical test of it (Lee and
Yates 1992). They found that increasing the number of cues from two to three resulted in
no decline in reliability. In a study of forecasting from time series, Lawrence and
O’Conner (1992) found that forecasters performed significantly worse when presented
with larger time series (40 vs. 20 points). Wagenaar and Timmers (1978) reported a similar
finding. Stewart et al. (1992) argued, based on indirect evidence, that decreased reliability
was partially responsible for the lack of improvement in weather forecasts when increased
amounts of information were provided. Although additional information could serve to
improve the forecaster’s understanding of the environmental conditions at the time of the
forecast, it also increases the complexity of the forecasting task and may impose a cogni-
tive burden on the forecaster that exceeds human information processing capacity.

Some indirect evidence regarding the relation between amount of information and reli-
ability of judgment comes from studies showing that greater task complexity is associated
with less reliability in judgments (Brehmer and Brehmer 1988). As more information be-
comes available, the complexity of the task increases (Einhorn 1971, Sen and Boe 1991).
Faust (1986) reviewed several studies suggesting that judges are not able to make proper
use of large numbers of cues. It is not surprising, therefore, that a number of studies have
found that people use only a subset of available information (Brehmer and Brehmer 1988)
and that the accuracy of forecasts does not increase as information increases (Armstrong
1985, Brockhoff 1984, Lusk and Hammond 1991).

A number of factors that might affect reliability have not been studied or have received
almost no attention. For example, surprisingly, the effect of stress on judgmental reliability
has not been studied. One researcher (Rothstein 1986) found that reliability decreased with
increasing time pressure, which is a stressor. Another example is the relation between
reliability and certainty of judgment. Little (1961) found a relation between certainty and
reliability of the judgments of clinical psychologists. When the psychologists indicated that
they were more certain about a judgment, they were also more reliable. Since subjective
certainty (or confidence) is related to task predictability, task complexity, and amount of
information, this result is potentially important, but further investigation of the relation is
needed.
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Research on Reliability of Information Acquisition

Reliability of information acquisition is the extent to which the forecaster can reliably
make use of available information and displays to infer subjective cues from the objective
cues. The evidence suggests that unreliability of information acquisition is pervasive. It is
more likely to be a problem in tasks, such as weather forecasting or medical diagnosis,
which require interpretation of images or recognition of complex patterns in data that are
distributed over time or space. In a review of research on reliability of clinical judgments
in medicine, Koran (1975) found a wide range of intra- and interobserver reliability in
extracting cardiovascular, gastrointestinal and respiratory cues from physical examination.
He further reports a range of reliabilities for interpreting diagnostic procedures (e.g., elec-
trocardiography). Einhorn (1974) studied pathologists viewing biopsy slides of cancer
patients and reports a wide range of mean intrajudge reliabilities for cues. We have com-
piled a bibliography of recent medical studies that measured reliability of information ac-
quisition (Stewart, Bobeck and Shim 2000). Reliabilities range from very low (e.g., deter-
mining whether a patient is wheezing) to quite high (e.g., determining whether a patient
smokes).

Results of an experiment conducted by Brehmer (1970) indicated that unreliability in
judging cues made learning more difficult and had an effect similar to that of unpredict-
ability in the environment. This suggests that unreliability in information acquisition may
affect not only the quality of the forecasts but also forecasters’ ability to learn from experi-
ence.

Lusk and Hammond (1991) distinguish between primary cues that are directly observ-
able from the presented information and secondary cues that must be extracted or inferred
from a combination of the primary-cue values. In studies comparing presentation of pri-
mary and secondary cues, they found more disagreement among weather forecasters’
probability judgments in the primary cue condition than in the secondary cue condition,
which they suggest was due to differential integration of the primary cue information into
secondary cue values. They also found that the degree of disagreement on secondary cue
values varied considerably by cue. They suggest that this may have been related to differ-
ences in the proximity of the secondary cues to the primary cues. That is, the differences
may be due to the varying degrees of subjectivity involved in making the secondary cue
judgments.

A special case of secondary cues are cues that describe future, rather than current, con-
ditions and therefore must themselves be forecast. The evidence reviewed by Armstrong,
Brodie, and MclIntyre (1987) indicates that unreliability introduced by integrating informa-
tion to forecast a cue may not be a serious problem. They reviewed 18 studies comparing
conditional econometric forecasts (actual data on the causal variables) and unconditional
forecasts (causal variables must be forecast) and found that 10 studies showed that condi-
tional forecasts were less accurate than unconditional forecasts, five showed no difference,
and only three studies showed greater accuracy for conditional forecasts.

Despite its importance, we have not found any studies that specifically evaluate meth-
ods for improving reliability of information acquisition in forecasting. There are, however,
several general suggestions that deserve study. Lusk et al. (1990) recommend that clear
operational definitions be developed for each cue. Lusk and Hammond (1991) suggest that
identification of specific cues demonstrating high levels of disagreement among forecast-
ers would make it possible to focus on variables with the greatest potential for improving
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judgment. Reliability might also be improved through forecaster training focused on trou-
blesome cues or by designing improved displays, taking into account factors that affect
reliability.

Intuition and Analysis Produce Different Kinds of Error

Judgments involved in forecasting involve both analytic and intuitive processes, just as all
judgments do. Hammond (1996) provides a compelling discussion of analysis and intui-
tion, and the strengths and limitations of each. He begins:

The meaning of analysis or analytical thought in ordinary language is
clear; it signifies a step-by-step, conscious, logically defensible process.
The ordinary meaning of intuition signifies the opposite—a cognitive
process that somehow produces an answer, solution, or idea without the
use of a conscious, logically defensible, step-by-step process. Analysis
has always had the advantage over intuition with respect to the clarity of
its definition for two reasons: (1) its meaning could be explicated by the
overt reference to a logical and/or mathematical argument, and (2) ana-
lytical thought forms the basis of rationality, because rational argument
calls for an overt, step-by-step defensible process. Thus, analytical
thought and explicit, overt definition are part of the same system of
thought. Not so with intuition; throughout history it has acquired power-
ful claims to efficacy despite its ineffable, undefinable character (p. 60).

Following Brunswik, Hammond argues that judgment is quasi-rational, that is, it in-
volves elements of both analysis and intuition. He further argues that intuition and analysis
define a continuum, rather than a dichotomy, and that cognitive processes involved in a
particular judgment task are located at a point on that continuum determined by properties
of the task and the judge.

For the purposes of this chapter, the important difference between intuition and analysis
is that they produce different kinds of errors, and that leads to different conclusions about
reliability.

Brunswik demonstrated the difference between the errors of analytic and intuitive cog-
nition as follows.

He asked subjects to estimate the height of a bar intuitively (by eye, that
is) and then examined the distribution of errors. The error distribution
followed the normal (bell-shaped) curve, with the mean judgment at ap-
proximately the right answer (Exhibit 3a). He then asked a second group
to calculate the height of the bar by means of trigonometry. Most of the
calculated answers were exactly correct, but those that weren’t were far
off the mark [Exhibit 3b]. Intuitive perception is robust but imprecise;
analytical cognition is precise, but subject to large error—when errors are
made. (See Hammond 1996, p. 160.). Peters et al. (1974) obtained similar
results, as did Hammond, et al. (1987).

This means that both intuitive and analytic processes can be unreliable, but different
kinds of errors will produce that unreliability. If we represent reliability graphically as a
scatterplot of the relation between repeated judgments, an intuitive process would appear
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as the familiar elliptical pattern produced by the bivariate normal distribution (Exhibit 3c).
The plot for an analytic process would look like a straight line with a few extreme outliers
(Exhibit 3d). For both plots, the correlation is approximately .7, but the process that pro-
duces that correlation and the implications for forecast accuracy are quite different.

It is generally assumed that analytic processes are more reliable than intuitive processes.
For example, a computer-forecasting model is an analytic process that will always produce
the same results given the same inputs. The reliability of such models is the primary reason
that statistical models often outperform human judges (Dawes and Corrigan 1974, Grove
and Meehl 1996) and that models of judges often outperform the judges themselves (i.e.,
judgmental bootstrapping. See Armstrong 2001, Camerer 1981, Goldberg 1970).

In practice, however, analytic processes are not perfectly reliable. Small errors in inputs
can produce large output errors. System failure (O’Connor, Doherty, and Tweney 1989)
can also produce large errors. When errors are produced, they can be catastrophic (see
Hammond, 1996, for numerous examples).

Exhibit 3
Schematic comparison of error distribution and reliabilities
of intuitive and analytic forecasting processes

3a. Distribution of errors for intuitive process  3b. Distribution of errors for analytic process

Intuitive forecast

3c. Reliability of intuitive process

Forecast on second occasion

Forecast on first occasion

Analytic forecast

3d. Reliability of analytic process

Forecast on second occasion

Forecast on first occasion
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SUMMARY

Does reliability affect judgmental forecasts? The simple answer is yes. People are not per-
fectly reliable, and that contributes to forecasting errors. Furthermore, there is evidence
that simple techniques for increasing reliability, such as bootstrapping and averaging mul-
tiple forecasts, improve accuracy.

The answer to the important follow-up question is not so simple: How much does reli-
ability affect judgmental forecasts? It depends on the forecasting problem, the forecaster,
and the method used. I make the following generalizations from the research:

Generalization:  Reliability decreases as task predictability decreases.
Implication: Reliability is a greater problem when a highly uncertain event is be-
ing forecast.

Generalization:  Reliability decreases as task complexity (e.g., amount of information)
increases.

Implication: Increasing the amount of information available to the forecaster may
not improve the quality ofthe forecast.

Generalization:  Forecasting processes that are highly intuitive will generally result in
less reliable forecasts than those that are highly analytic (although
analytic processes are rarely perfectly reliable).

Implication: Since all forecasts require a combination of analysis and intuition, the
role of each process should be carefully considered and the forecast-
ing process should be structured to take advantage of the strengths of
both processes while avoiding their limitations.

Generalization:  Reliability of information acquisition will be lower for tasks that in-
volve perception (e.g., pattern recognition) or judgmental interpreta-
tion in the acquisition of information.

Implication: For such tasks, improvements in information displays are likely to
produce gains in accuracy.

PRINCIPLES

Five principles for improving reliability can be put forward with some confidence. Only
one of these directly addresses information acquisition; the other four address information
processing.

Addressing the Problem of Reliability of Information Acquisition

One principle applies to reliability of information acquisition, but it is based more on the-
ory and common sense than on an empirical body of research.

® Organize and present information in a form that clearly emphasizes relevant in-
formation.



Improving Reliability of Judgmental Forecasts 93

Specifically, use unambiguous information displays. Avoid displays that require recog-
nition of complex patterns or mental aggregation of many numbers to obtain a cue. Avoid
reliance on short-term memory. Make it easier to acquire relevant information reliably.
Usually, paying attention to the most relevant information and ignoring irrelevant informa-
tion is more important than how that information is processed. Highlight relevant informa-
tion. Remove irrelevant information.

Purpose: To reduce errors due to unreliability in information acquisition.

Conditions: This principle should be applied whenever the cues are themselves judged or
forecast or must be acquired perceptually. This problem arises in perception- and image-
intensive activities such as weather forecasting, medical diagnosis, personnel selection,
and legal proceedings involving eyewitness and expert testimony. It is not as important in
business and economic forecasting situations where most of the data are numerical, unless
the forecaster attempts to mentally analyze a set of numbers to detect a pattern that serves
as a cue.

Evidence: The lens-model equation shows how errors in information acquisition reduce
forecast accuracy. Perceptual processes, memory, and mental aggregation of data introduce
eITors.

In a metanalysis of 111 studies of judgments based on personnel selection interviews,
Conway, Jako, and Goodman (1995) found clear evidence for the importance of structure
in improving both the reliability and the validity of judgments. Specifically, they found a
strong relation between standardization of questions and reliability of judgments. This
finding is directly relevant to the proposed forecasting principle because question stan-
dardization facilitates the reliable acquisition of relevant information.

Addressing the Problem of Reliability of Information Processing

Research offers a sound basis for several principles that can improve the reliability of in-
formation processing.

® Limit the amount of information used in judgmental forecasting. Use a small
number of very important cues.

When the number of cues cannot be limited, it may be possible to decompose a complex
judgment task into a several simpler tasks (Edmundson 1990, MacGregor 2001). Reliabil-
ity for each ofthe simpler tasks should be greater than for the complex task.

Purpose: To improve reliability of information processing and limit the errors introduced
by overreliance on less relevant cues or distractions due to irrelevant cues.

Conditions: This principle applies any time several cues are processed judgmentally in
forecasting, but it will be more important when large amounts of information are poten-
tially available. The greatest benefit would be expected when environmental uncertainty is
moderate to high and no analytic method for processing information is available.
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Evidence: As the number of cues increases, judgmental reliability decreases.

® Use mechanical methods to process information.

Mechanical method generally refers to a computerized model. The model need not be
complex. Simple linear models will often be useful.

Purpose: To improve reliability of information processing by substituting an analytical
process for an intuitive one. The systematic components of the analytic and intuitive proc-
esses should be closely matched, but the analytic process will have a smaller unsystematic
(error) component.

Conditions: This principle can be used when information can be processed mechanically
without losing important cues. Greater benefit can be expected from applying this principle
when the forecasting environment contains a high degree of uncertainty.

Evidence: This principle is based on the superior reliability of analytic models. The LME
shows why accuracy is increased when a more reliable processing system is used. To
achieve this increased accuracy, however, the analytic model must have access to all of the
important information available for the forecast. It is not necessary to use a complex model
for processing information. A large body of research suggests that when people and ana-
Iytic models have access to the same information simple linear models produce results that
are at least as accurate as the humans and often more accurate (Grove and Meehl 1996).
Research on judgmental bootstrapping (which preceded and is not related to statistical
bootstrapping) looked at what happens when a regression model of judgment is substituted
for the original judgments. Often the perfectly reliable regression model performs better
than the original judgments used to derive it (Armstrong 2001, Camerer 1981, Goldberg
1970). Cooksey, Freebody, and Bennett (1990) and Ramanaiah and Goldberg (1977)
found that the reliability of bootstrapped judgments was higher than the reliability of the
judgments themselves.

Although it cannot be implemented in every forecasting or judgment situation, this prin-
ciple has as much solid support from judgment and decision research and theory as any
recommendation that could be made. At least as early as 1972, researchers suggested that
expert judgment could be improved by having experts judge the cues, where necessary,
and then use models to process the information (Einhorn 1972). Einhorn suggested that
humans are better at information acquisition while machines are better at information
processing. Despite the long history of this idea, it is regularly rediscovered, often with
great fanfare. For example, a recent article on the first page of the business section of the
New York Times touted a “revolutionary new way to approve small business loans” (Han-
sell 1995). The article claimed that the new method would save time and cut the number of
bad loans. The “revolutionary” method was based on use of a simple computerized model
to process loan applications. A similar recommendation, based on empirical evidence, had
been made 20 years earlier by Wilsted, Hendrick and Stewart (1975).

It is important to remember that nearly all of the research demonstrating the superiority
of mechanical information processing assumes that models and humans have access to
exactly the same information. This is unlikely to be true in real forecasting situations.
When humans and models have access to different information, humans can be more accu-
rate than the models, and, more importantly, some combination of models and machines
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might be more accurate than either (Blattberg and Hoch 1990; Murphy and Brown 1984;
Roebber and Bosart 1996).

Based on their metanalysis of 111 personnel selection judgment studies, Conway, Jako
and Goodman (1995) strongly recommend mechanical combination of ratings of charac-
teristics of the person interviewed. Their recommendation carries substantial weight be-
cause it is not based on logical arguments regarding the reliability of models versus hu-
mans, but rather on empirical comparisons of actual results based on subjective and me-
chanical combination.

While use of a model for processing information virtually guarantees increased reliabil-
ity (at the same time, as discussed above, introducing the possibility of an occasional cata-
strophic error), that does not necessarily mean that models should be used in every situa-
tion and certainly does not imply that judgment should be excluded from forecasting, even
if that were possible. For a more complete discussion of the issues involved in the use of
models in forecasting, see Bunn and Wright (1991).

® Combine several forecasts.

Purpose: To improve reliability of information processing.
Conditions: It is possible to obtain more than one independent judgmental forecast.

Evidence: Combining forecasts by mathematically aggregating a number of individual
forecasts increases the reliability of forecasts (Kelley 1925, Stroop 1932) and averages out
unsystematic errors (but not systematic biases) in cue utilization. A common method for
combining individual forecasts is to calculate an equal weighted average of the individual
forecasts.

Research on group judgment has long shown that the mathematical aggregation of
judgments from several individuals (or the aggregation of several judgments from one
individual) tends to be more accurate than would be expected by randomly selecting a
single individual from the population of all prospective group members (Bruce 1935,
Gordon 1924, Stroop 1932). Furthermore, studies of weather forecasting (Bosart 1975,
Sanders 1963), sales forecasting (Ashton and Ashton 1985), and economic forecasting
(McNees 1987) suggest that group average forecasts based upon equal-weighted models
tend to be more accurate than most individual forecasts.

The conditions under which combining forecasts is most likely to increase accuracy
have been thoroughly analyzed (Clemen 1989, Maines 1990, Winkler and Makridakis
1983). The accuracy of a mathematically aggregated forecast is a function of the accuracy
of the individual forecasts and the correlations among their errors (Maines 1990). For best
results, the forecasts to be combined should, to the extent possible, be based on different
assumptions or independent information (Bunn 1987, Winkler 1981), but the information
that goes into each forecast should also be significantly related to the event being predicted
(McNees 1987). It is important that the correlations among forecast errors be as low as
possible (Bunn 1987, Maines 1990). Consequently, aggregation of forecasts is likely to be
most successful when the accuracy of each forecast is maximized while the intercorrela-
tions among them are minimized. Under these conditions, aggregation of forecasts can
enhance accuracy because the unsystematic variance in the individual forecasts will tend to
cancel out and the valid systematic variance will be emphasized.

Because larger sample sizes produce more reliable averages, judgmental accuracy
should increase with the size of the group of judges aggregated. Both theoretical and em-
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pirical work on the aggregation of judgment suggests that much of the gain in forecast
accuracy that can be achieved through aggregation can be realized by combining a small
number of forecasts (Ashton and Ashton 1985, Ashton 1986; Einhorn, Hogarth and
Klempner 1977; Makridakis and Winkler 1983). The number of experts that should be
included in an aggregate forecast is dependent on the amount of systematic bias in the
forecasts (Einhorn, Hogarth and Klempner 1977). However, if there is a great deal of sys-
tematic bias in prediction, the accuracy of aggregated group judgment may be worse than
the accuracy expected by randomly selecting a single individual from the population of all
prospective group members (Preston 1938, Smith 1941). See also Gigone and Hastie
(1997) for an excellent review of research on the accuracy of group judgment.

One should be aware of two important cautions when combining forecasts. First, aggre-
gation will not always increase the accuracy of forecasts. If forecasts with zero accuracy
are combined, the result will have zero accuracy. If forecasts with negative accuracy are
combined, the results will have even greater negative accuracy (which, of course, can be
useful if the user knows enough to reverse the forecast before using it). If forecasts with
negative and positive accuracy are combined, the result may have zero accuracy.

Second, by simply averaging the forecasts of experts who disagree, the practitioner may
overlook an opportunity to improve forecasts by determining why experts disagree and
using that knowledge to develop a better forecast (Stewart 1987). If forecasts disagree
greatly due to systematic differences between experts, rather than just due to unreliability,
it is better to implement a process designed to understand and resolve the source of the
disagreement (e.g., Hammond, Anderson, Sutherland, and Marvin 1984) rather than sim-
ply averaging disparate forecasts, which amounts to sweeping the disagreement under the
rug.

Some forecasters may be systematically optimistic or pessimistic in their forecasts be-
cause they are concerned about different effects of overforecasting and underforecasting.
That is, they have an asymmetric loss function. For example, state revenue forecasters who
work for legislators of one party might overestimate revenues to justify greater spending.
At the same time, revenue forecasters working for a governor of another party might un-
derestimate revenues to trigger spending cuts. Although an ideal forecast would be free of
values and not influenced by any considerations other than accuracy, real forecasts are
frequently biased to serve the interests of the forecasters or their employers.

How do you determine whether disagreement among forecasters is due to systematic or
unsystematic variance? This generally requires a formal study. If the cues can be meas-
ured, then the lens model equation provides a method for analyzing disagreement into
systematic and unsystematic components (for an example, see Stewart, et al. 1989).

® Require justification of forecasts.

Purpose: To improve reliability of information processing.

Conditions: This principle is likely to be most useful for tasks with low predictability
because reliability of information processing is a more significant problem for such tasks.

Evidence: Hagafors and Brehmer (1983) suggest that reliability might increase if the fore-
caster were asked to justify forecasts verbally. They found that having to justify one’s
opinion led to higher consistency when no outcome feedback is provided. The effect of
justification was higher in low predictability conditions than in high predictability condi-
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tions, suggesting an interaction between the benefits of justification and environmental
predictability. They also found that outcome feedback reduced consistency. They suggest
that subjects use feedback to test hypotheses, and the hypotheses keep changing, resulting
in decreased reliability. Without feedback, hypothesis testing cannot occur and reliability
increases. York, Doherty, and Kamouri (1987), however, found that outcome feedback
does not always reduce reliability. It may be that outcome feedback can provide increased
motivation that increases reliability (Annett 1969).

Requiring justification of forecasts will also move the forecasting process away from an
intuitive process and toward an analytic process (Hammond 1996), and this can be ex-
pected to increase reliability.

IMPLICATIONS FOR PRACTITIONERS

In summary, practitioners should be aware that judgment has both positive and negative
effects on forecast accuracy. One of the negative effects is the inevitable introduction of
unreliability into the forecast. Errors due to unreliability can be addressed directly if prac-
titioners are aware of the problem and consider alternative methods for making judgmental
forecasts.

Explicit attention to reliability of judgment carries the potential for improved forecast
accuracy. By instituting changes in procedures for judgmental forecasting along the lines
described above, forecast accuracy can be improved with currently available information
and models. In many settings, this will prove to be an inexpensive modification compared
to the alternatives of obtaining more information and better models. In other settings, it
may be the only option available.

IMPLICATIONS FOR RESEARCHERS

Researchers should address the conditions that produce unreliability. All important busi-
ness, economic, and environmental forecasts involve some elements of uncertainty and
complexity and require human judgment. As a result, their accuracy is reduced by judg-
mental unreliability. Little is known about the causes of unreliability or how much accu-
racy is lost due to unreliability in specific situations. By understanding the nature of unreli-
ability and its impact on accuracy, we can design and evaluate methods for training fore-
casters, organizing information, and structuring the forecasting task to improve accuracy.

SUMMARY
The forecasting principles derived from theory and research on the reliability of judgment
are these:

— Organize and present information in a form that clearly emphasizes relevant informa-
tion.
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— Limit the amount of information used in judgmental forecasting. Use a small number of
very important cues.

— Use mechanical methods to process information.
— Combine several forecasts.
— Require justification of forecasts.

Unreliability is inevitable in judgmental forecasting, and it reduces the accuracy of fore-
casts. We do not know enough about the size of the effect of unreliability on accuracy, or
its causes or about how to improve reliability. We do know that it is rarely addressed ex-
plicitly in judgmental forecasts and that there are methods for addressing it that can be
implemented at relatively low cost.

APPENDIX: LENS MODEL EQUATION FORMULAS
The Lens Model Equation

Hammond, Hursch and Todd (1964) and Hursch, Hammond and Hursch (1964) presented
the original lens model equation, but Tucker (1964) proposed the form most used today.
The LME decomposes the correlation (ryp) between a judgment (Y) and the actual event
(O) and is based on a partitioning of each variable into two components—one that is a
function of the cues (X) used to make the judgment and another that is unrelated to them.
This partitioning can be written as

O =Mox(X1, X3, ... Xn) + Eox
Y= My,x(xl, X2, Xn) + EY.X

where Mgy and My y represent models that describe the relations between the cues and

the criterion and the cues and the judgment, respectively; and the E’s, which represent the
residuals or “errors” of the models, are not related to the M’s. In the original papers, the
models were assumed to have been derived using multiple regression analysis, but that is
not a necessary condition. The lens model equation holds as long as the E’s and the M’s
are uncorrelated.

Note that the two components of Y correspond to the systematic and unsystematic com-
ponents of the forecast.

This partitioning of the judgment and the criterion can be used to derive a partitioning
of the correlation between them (Stewart 1976). Based on such a partitioning, Tucker
(1964) developed the following form of the lens model equation:

Iyo =RoxGRy x +C\/17" R?).x \/1 - Rz{x

where Rg x is the correlation between O and Mgy,
G is the correlation between My  and My x,
Ry x is the correlation between Y and My y, and
C is the correlation between Ey y and Eg .
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If Myx is an adequate model of the judgments, then R% 5 can be considered an esti-

mate of the reliability of judgment. Since the second term of the LME is generally small
enough to be ignored, the equation can be simplified as follows:

ryo = Rox GRy x

Since all three terms on the right can be no greater than 1.0, and their product is a
measure of forecast accuracy (ryo), the square root of judgmental reliability places an up-
per bound on accuracy, and accuracy is reduced in proportion to the amount of unreliabil-
ity in judgment.

There have been a number of important methodological developments since the original
1964 papers. Castellan (1972) generalized the lens model to multiple criteria. Stenson
(1974) showed how G could be estimated from the environmental and subject reliabilities
if the cues were unknown, demonstrating the relation between G and correction for at-
tenuation of a validity coefficient in test theory. Stewart (1976) developed a hierarchical
formulation that made it possible to isolate the contributions of different sets of variables.
Cooksey and Freebody (1985) developed a fully generalized lens model equation that en-
compassed both the Castellan multivariate and the Stewart hierarchical formulations. Cas-
tellan (1992) explored the properties of G under a variety of assumptions. Stewart (1990)
combined the LME with a decomposition of the Brier skill score, incorporating regression
and base-rate bias into the formulation. Based on an expanded version of the lens model,
Stewart and Lusk (1994) decomposed Ro x into environmental predictability and fidelity of
the information system and Ry x into reliability of information acquisition and reliability of
information processing. For a more complete treatment of the lens model and the LME, see
Cooksey (1996).

The Expanded Lens Model Equation

The expanded LME, based on Tucker (1964), Murphy (1988), and Stewart (1990), incor-
porates forecast bias by using a measure of accuracy based on the mean squared error and
decomposes both environmental predictability and forecast reliability into two terms:

SS=(GRo1VrxRyyVux ) - |:rYO - [S_Y ]] - {M]

So So

where SS is the skill score: SS=1- MSE, :
MSE,

MSEy is the mean square error for the judgment, and MSEg is the mean square error for
the base rate.

G measures the match between the environmental model and the judgment model (this is
the traditional G from the Tucker 1964 LME);

R 7 is a measure of the predictability of the environment, given true cues;



100 PRINCIPLES OF FORECASTING

Vr x 18 a measure of the fidelity of the information system, that is, the reduction of skill due
to degradation of the quality of information before it reaches the judge;
R?2 ,, is a measure of the forecaster’s information processing reliability;

VJ x is a measure of the reliability of information acquisition.

2
So

is conditional bias (Murphy 1988), which is similar to regression bias (Dawes 1988, Ho-

garth 1987) in the judgment literature.

=

So

is unconditional bias (Murphy 1988), which is similar to base-rate bias (Bar-Hillel 1990
Lichtenstein, Fischhoff and Phillips 1982) in the judgment literature.

Stewart and Lusk (1994) show how the components of skill framework can be used to
organize the literature on aids to judgment. They argue that, in important fields of profes-
sional judgment, such as medical diagnosis and weather forecasting, extensive effort and
resources are applied to improving the fidelity of the information system (through im-
proved instrumentation) and the predictability of the environment (by studies designed to
gain a better understanding of environmental processes and by providing better informa-
tion about the environment). However, little attention has been paid to the reliability of
judgment.
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ABSTRACT

Forecasters often need to estimate uncertain quantities, but with limited
time and resources. Decomposition is a method for dealing with such
problems by breaking down (decomposing) the estimation task into a set
of components that can be more readily estimated, and then combining
the component estimates to produce a target estimate. Estimators can ef-
fectively apply decomposition to either multiplicative or segmented fore-
casts, though multiplicative decomposition is especially sensitive to cor-
related errors in component values. Decomposition is most used for
highly uncertain estimates, such as ones having a large numerical value
(e.g., millions or more) or quantities in an unfamiliar metric. When possi-
ble, multiple estimators should be used and the results aggregated. In ad-
dition, multiple decompositions can be applied to the same estimation
problem and the results resolved into a single estimate. Decomposition
should be used only when the estimator can make component estimates
more accurately or more confidently than the target estimate.

Keywords: Algorithmic decomposition, judgmental forecasting, numeri-
cal estimation.

Imagine that you are sitting in a little cafe on Leopoldstrasse in Munich, sipping on a cup
of coffee and a bit of schnapps. Your companion mentions an interest in starting a new
publication dedicated to fanciers of exotic animals. Being a person of some financial
means, you often find yourself engaged in discussions in which business propositions are
put before you and your interest is solicited. With guarded enthusiasm, you consider your
companion’s casual proposal. Certainly there are people with strong interest in exotic ani-
mals, but the real question is what is the commercial potential of such an enterprise. To
evaluate this prospect, you need to estimate some numbers: for example, how many people
are interested in exotic animals, and how many of those would subscribe to such a publi-
cation? Your companion poses these questions directly to you, and you reply that you have
no idea what the size of such numbers might be. However, on reflection, you realize that



108 PRINCIPLES OF FORECASTING

you do have some idea, though the range of possibilities seems enormous on first thinking.
For example, if the publication were intended for the U.S. market, then the population of
the U.S. would serve as an upper bound on the potential subscriber base. Further thought
might reduce that number to only those over the age of 18, assuming that younger indi-
viduals would not have the money to own and maintain exotic animals. Clearly, you have
some knowledge, but it is incomplete and not yet well-organized. These situations are
fairly common, particularly when generating numerical forecasts for which historical or
other background information is scarce or unavailable, is not available within the time
frame required, or is available only at greater cost than can be afforded. In these cases,
forecasters are left to divine their best estimate based on what knowledge they have. Ifthis
is the situation, how should you go about generating a numerical estimate?

This chapter contains a set of principles to guide someone making a numerical estimate
from partial or incomplete knowledge. All of the principles concern the use of decomposi-
tion to break the estimation problem down into more manageable or tractable subestimates,
which one can make either more accurately or more confidently than the target quantity.
As Raiffa (1968) pointed out, “... decompose a complex problem into simpler problems,
get one’s thinking straight in these simpler problems, paste these analyses together with a
logical glue, and come out with a program for action for the complex problem” (p. 271).
Though Raiffa’s advice was intended to aid decision making, his wisdom also applies to
numerical estimation.

A further consideration concerns the precision of the estimate. An estimator could re-
quire a point estimate of a quantity. This might be the case when the estimate is to be
quickly combined with other information in a larger problem. Alternatively, an estimator
may want to assess a probability distribution over the quantity in question, if the distribu-
tional properties of the required quantity are what is needed. Both of these issues will be
discussed in the principles.

Given sufficient time and resources, one might approach an estimation problem quite
differently from the way one would approach the problem with minimum resources. For
example, one would not attempt to produce a serious (and applicable) estimate of China’s
nuclear weapons capability by the year 2010 on the back of an envelope at a cafe. How-
ever, with some knowledge about the topic, one might make an estimate for a purpose
having a relatively low cost for errors, such as stimulating conversation. A continuum
exists in the amount of effort that would go into producing an estimate of something. The
more important the “something,” the more effort, cost, and sophistication would go into it.
The principles in this chapter apply when one needs to estimate a quantity, but time and
resources to produce an estimate are restricted and an aid is required to support judgment.

THE DECOMPOSITION DECISION

Practitioners faced with the problem of estimating an uncertain quantity must decide
whether to use some form of decomposition or to rely instead on their unaided (and un-
structured) intuition. The principles outlined below will help make this decision, particu-
larly how to use decomposition given the uncertainties one has about the magnitude of the
target quantity. A second decision concerns the form that decomposition should take. This
decision is somewhat more difficult, in part because decomposition can take alternative
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forms for a particular problem and in part because much less research has been done on the
effectiveness of different forms of decomposition for equivalent estimation problems. The
principles below address this decision by indicating potential gains or losses in efficiency
and estimation accuracy that might result from decompositions that take on certain fea-
tures, such as multiple component estimates. These will be discussed more fully as part of
each of the principles set out below.

Example of a Typical Algorithmic Decomposition

To clarify what is meant in this context by the use of decomposition to aid estimation of an
uncertain quantity, assume that an estimator is interested in the number of pieces of mail
handled by the United States Postal Service last year. Obviously, someone in the U.S.
Postal Service would have this information. For whatever reasons, however, we do not
have it available when it is required. In such a case, the estimator could resort to using
some form of decomposition like the one below taken from MacGregor, Lichtenstein and
Slovic (1988):

How many pieces of mail were handled by the U.S. postal service last year?

What is the average number of post offices per state?

What is the number of states?

Multiply (A) times (B) to get the total number of post offices.

How many pieces of mail per day are handled by the average post office?
Multiply (C) times (D) to get the total pieces of mail per day for all post offices.
How many days are there in a year?

ommuA®»

Multiply (E) times (F) to get the number of pieces of mail handled in a year by the U.S.
postal service.

This is an algorithmic decomposition, in that it identifies specific component estimates
that, when combined according to the arithmetic steps in the algorithm, will yield an esti-
mate of the quantity in question. In this case, there are four component estimates: Step A,
the average number of post offices per state; Step B, the number of states in the United
States; Step D, the number of pieces of mail handled daily by the average post office; and
Step F, the number of days in a year. Clearly, we can make some of these estimates more
easily and confidently than others. The remaining steps of the algorithm are arithmetic
operations performed on the component values. Sometimes these steps produce new inter-
mediate values that are the result of combining component estimates. For example, in the
algorithmic decomposition above, the first two estimates are multiplied to yield an estimate
of the total number of post offices in the United States. We could estimate this quantity
directly rather than using decomposition, in which case the form of the decomposition
would be different.

PRINCIPLES OF DECOMPOSITION

A set of principles can be used to help structure the process of making estimates of uncer-
tain quantities. The principles presented are those that are identified and supported by
empirical research studies that have directly evaluated the use of decomposition for nu-
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merical estimation problems. The principles are presented in the form of advice, with an
indication of the research supporting each principle. The quality of the research evidence is
evaluated and is better for some principles than for others.

® Use some form of decomposition, rather than none.

This is the most general principle that applies in estimation situations, particularly when
it is difficult to assess the level of uncertainty about the value of the quantity in question.
Essentially, estimators will improve their accuracy by decomposing the estimation problem
into subproblems that they can more easily or confidently estimate. They should then com-
bine component estimates according to some algorithm or set of operations (generally,
arithmetic) to obtain an estimate of the desired quantity. To implement the principle, the
estimator should prepare a formal decomposition of the estimation problem in a form
similar to that shown for estimating the number of pieces of mail handled by the U.S.
postal service in a year.

Evidence: The resear