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PD
art II examines forecasting
methods. An overview is given

in Chapter 5. Chapters 6 through
9 discuss judgmental, extrapola-
tion, segmentation, and econo-
metric methods. Bootstrapping and
other combined methods are ex-
amined in Chapter 10.

The primary purpose of Part II
is to describe how the various fore-
casting methods can be used most
effectively. Evidence is provided
to indicate which specific tech-
niques are most effective and which
are least effective. These compar-
isons of techniques are carried out
within each chapter (e.g., which
techniques are most effective in
judgmental forecasting) rather
than across chapters (e.g., given a
situation, are judgmental meth-
ods superior to econometric meth-
ods?). The latter comparisons are
discussed in Part IV.
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I know of no way of judging the future but by the past.

Patrick Henry
Speech at Second Virginia Convention

March 23, 1775

A long and complex case was presented to a group of executives. Each
was then asked to identify the most important problem in the case. Of
the six sales executives in the group, five saw the situation as a sales
problem. All four production executives saw the problem as relating
to organizational difficulties in the production area. In other words,
there was a strong tendency for the executive to see the problem in
terms of his own specialty (Dearborn and Simon, 1958).

Although I have not replicated this study with researchers, I predict
similar findings. Those trained in judgmental forecasting methods would
find that these are best for a given problem; those trained in extrap-
olation methods would solve the same problem using extrapolation;
the econometricians would see regression analysis as the appropriate
solution.

The world is easier and more comfortable when we can solve new
problems with solutions that we have used previously. This happens
with executives. It happens with generals (they are typically fighting
the last war). And, it happens with us researchers!

Researchers often find problems because they have solutions that
they can use. This has been referred to as the "law of the hammer."
Give a child a hammer, and he will find a lot of things that need
pounding.

How can one avoid this selective perception? One way is to use the
systems approach. Within this framework, it makes sense to have a
checklist of methods. The researcher can, after defining the objectives,
go through the checklist to identify the most appropriate methods.

The use of eclectic research is another way to avoid selective per-
ception. Specifically, the researcher can operate under the assumption
that more than one method should be used in forecasting. To aid in
the search for alternative methods, a checklist is provided in this chap-
ter. It is called the forecasting methodology tree.

A number of schemes exist for classifying forecasting methods (e.g.,
see Chisholm and Whitaker, 1971; Chambers, Mullick, and Smith,
1974; Seo, 1984). These schemes are based upon the type of data used,
the type of people doing the forecasting, or the degree of sophistication
of the methods used to analyze data. The "forecasting methodology
tree" is based upon the methods used to analyze the data.
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Research on methods for analyzing data has historically been or-
ganized along three continuums:

Subjective vs. objective methods
NaiveG vs. causal methods
Linear vs. classification methods

The discussion in this chapter uses the fictitious end points of each
continuum.

SUBJECTIVE VS. OBJECTIVE METHODS

Subjective methods are those in which the processes used to analyze
the data have not been well specified. These methods are also called
implicit, informal, clinical, experienced-based, intuitive methods,
guesstimates, WAGs (wild-assed guesses), or gut feelings. They may
be based on simple or complex processes; they may use objective data
or subjective data as inputs; they may be supported by formal analysis;
but the critical thing is that the inputs are translated into forecasts
in the researcher's head.

Objective methods are those that use well-specified processes to ana-
lyze the data. Ideally, they have been specified so well that other re-
searchers can replicate them and obtain the same forecasts. These have
also been called explicit, statistical, or formal methods. They may be
simple or complex; they may use objective data or subjective data; they
may be supported by formal analysis or they may not; but the critical
thing is that the inputs are translated into forecasts using a process
that can be exactly replicated by other researchers. Furthermore, the
process could be done by computer.

Most forecasts are made with subjective methods (CERULLO and
AVILA [19751 ROTHE [1978], DALRYMPLE 119851, MENTZER and
COX [19841, and SPARKES and McHUGH [19841). It also seems that
the more important the forecast, the more likely it is that subjective
methods will be used. Yet in many of these situations, objective meth-
ods would be more appropriate. In my opinion, the choice between
subjective and objective methods is the most important decision to be
made in the methodology tree.

NAIVE VS. CAUSAL METHODS

Joe had an accident. It seems that one night he was late and wanted
to make up time, so he was going faster than usual. A slight mist was
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falling. Joe did not slow down for the curve! As he started to take the
curve, he felt the car lean sharply and begin to slide. He stepped on
the brake, but the car slid off the pavement, ran off the shoulder, and
lunged into a shallow ditch. Although the car was not damaged, Joe
scratched his left arm on the broken window handle. He thought little
of the injury and managed to stop the bleeding with his handkerchief.
Some days later Joe's arm swelled, and he developed a fever. When he
saw a doctor, it was too late; infection had set in. Joe died. (This example
is from Baker, 1955.)

What was the cause of Joe's death? Actually, there were many causes,
and the causal" description depends to a great extent upon one's ob-
jectives. For example, Ralph Nader would describe the accident dif-
ferently than the automobile manufacturer or the aspiring local poli-
tician. Ralph would find the car at fault, the automobile manufacturer
would tie the accident to the driver, and the politician would raise a
cry about the dangerous roads.

A continuum of causality exists in forecasting models. At the naive
end, no statements are made about causality (e.g., we can forecast how
many people will die on the highways this Labor Day by using the
number who died last Labor Day); in the middle, some models take
account of some of the causality (e.g., we can predict Labor Day deaths
on the basis of the number who died the previous Labor Day and also
the weather forecast); finally, as in Joe's accident, the model may in-
clude many causal factors (e.g., Labor Day deaths can be forecast using
information on weather, speed limits, the price of gasoline, the use of
safety belts, the proportion of young drivers, and the number of miles
in the interstate highway system). The selection of a model from along
this continuum will depend upon the situation.

The end points of the naivecausal continuum are illustrated in
Exhibit 5-1. The naive methods use data only on the variable of in-
terest; historical patterns are projected into the future. Causal methods
go beyond the variable of interest to ask "why?" Estimates of causal
relationships are obtained (b). The problem then becomes one of fore-
casting the causal variables (the X's). Next, the estimates of the causal
relationships are adjusted so that they are relevant for the period of
the forecast (b h). Finally, the forecast ( Ye h) is calculated from the
forecasts of the causal variables and the forecasted relationships.

The word "causal" has been used in a commonsense way here. A
causal variable, X, is one that is necessary or sufficient for the occur-
rence of an event, Y. X must also precede Y in time. This interpretation
seems useful despite the arguments to which it inevitably leads. The
word "causal" appears to be so controversial that some researchers
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Exhibit 5-1 NAIVE VS. CAUSAL METHODS

Naive
methods

Causal
methods

Yt-d, Yt - 2, Y1- I, Y1

where Y = the variable to be forecast
X = causal variables
d = the number of periods of historical data
h = the number of periods in the forecast horizon G
t = the year
b = the causal relationships in the historical data

bh = the causal relationships over the forecast horizon

prefer to use other terms such as "functionally related," "structural
estimate," "stimulus-response," "dependent upon," or "determinant of."
If you are interested in more on causality, DuncanJones (1970) pro-
vides a readable discussion. Wold and Jureen (1953, Chapters 1 and
2) relate causality to the use of regression models, and Blalock (1964)
relates it to the use of nonexperimental data. HOGARTH [1980] and
EINHORN and HOGARTH [1982] relate causality to judgmental fore-
casting.

The decision between naive and causal models is an important one
in forecasting. It is especially important for long-range forecasting.

LINEAR VS. CLASSIFICATION METHODS

Methods that are objective and rely upon causality can be categorized
according to whether they use linear or classification methods. This
decision is the least important in the selection of a forecasting method
and is best made after the earlier decisions have been completed.

The linear method is based upon the way we usually think about
causality: "If X goes up, this will cause Y to go up by so much." An
attempt is made to find linear relationships between X and Y. Linear
methods are used because it is easier to work with models where the

+

-d Yl-2,
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terms can be combined by using simple arithmetical operations. In
particular, models such as the following are preferred:

Y = a + b1X1 + b2X2 +

where Y is the variable to be forecast, the X's are the causal variables,
a is a constant, and the b's represent the relationships. This approach
is "linear in the parameters." One might consider more complex forms
(sometimes called "nonlinear in the parameters"). Such methods will
not be discussed in this book because they would add unnecessary
complexity to both your life and mine. They are harder to understand;
they have not been shown to improve our ability to forecast; they are
more expensive; and, although not hopeless, they offer little promise
for the future.

The classification method attempts to find behavioral units that
respond in the same way to the causal variables and to group these
units. The objective is to obtain small differences within the groups,
but large differences among the groups. To make a prediction, then,
one merely needs to determine the category into which the unit falls
and then to forecast the population and behavior within that category.

The preceding paragraph is too general; let me try to explain clas-
sification with an example. Assume that the task is to predict who will
win the popular vote in the U.S. Presidential election in 1988. Assume
that the leading candidates are Black for the Democrats, and White
for the Republicans. The voters can be grouped into homogeneous cat-
egories. Forecasts are needed for the number of voters in each category.
Then the voting behavior must be forecast (using prior voting records,
subjective estimates, or surveys). Here is a fictitious example:

Forecasts of

Voters Probability of
Group Description x 1000 Voting for Black

Urban, college educated, live in 918 .82
northeast, age 35-50

Rural, grade school, live in South, 810 .25
age 65 and up

The classification approach was used in the 1960 NixonKennedy
election. Burdick, 1964, provides a fictionalized account of this effort.
Pool and Abelson, 1961, give a nonfictional description.
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Judgmental
Objective

Naive Causal

Bootstrapping

Subjective Objective

Start with feet on ground
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METHODOLOGY TREE

The three continuums, along with statements about which decisions
should be made first and last, allow for the construction of the meth-
odology tree of Exhibit 5-2. The subjective method has been labeled as
"judgmental." Interestingly enough, judgmental methods can be con-
verted to an objective method called bootstrapping' method. The
objectivenaive method is called "extrapolation"; the objective-causal-
linear method is called "econometric" in deference to the field that
contributed most to the development of this method; and the objective-
causal-classification method is called "segmentation." These names were
selected because they are commonly used. However, the terms do vary
by field; that is, different researchers use different names for these
methods.

The thicker branches of the methodology tree indicate which deci-
sions are more important for most forecasting problems. The leaves of
the tree (boxes) can be used .as a checklist for selecting a method. Of
course, there will be thin branches in the tree, which represent the
selection of specific forecasting techniques.

Good advice to forecasters: Don't go out on a limb. Play it safe and
use more than one branch. Then combine the forecasts from these
different methods.

The methodology tree can also be used to structure books on fore-
casting. Thus, the next five chapters in LRF will cover each of the five

Econometric Segmentation

Linear Classification

Extrapolation
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blocks. Chapter 10 also discusses methods that are based on combi-
nations of the basic methods.

DESCRIBING FORECASTING METHODS

The early phases of scientific endeavor in a field involve descriptive
studies. Descriptive studies on forecasting methods have developed
over the past quarter century. Some of the landmark works are Brown's
(1959b) Statistical Forecasting for Inventory Control and Box and Jen-
kins (1970) Time Series Analysis: Forecasting and Control. These works
covered specific topics. Comprehensive descriptions of forecasting
methods began in the 1970s; the quality of these works has improved
substantially in recent years:

Many books describe forecasting methods. These include BAILS
and PEPPERS [1982], BOLT [19821, GRANGER [1980], GROSS
and PETERSON [1982], HANKE and REITSCH [1981], LEV-
ENBACH and CLEARY [1984], MAKRIDAKIS, WHEEL-
WRIGHT, and McGEE [1983], and MAKRIDAKIS and WHEEL-
WRIGHT [1984]. The first handbook in the field was published
in 1982; it provides descriptions of various aspects of forecasting
[MAKRIDAKIS and WHEELWRIGHT, 19821.

LRF provides only brief descriptions of methods because the existing
sources are adequate. The primary focus in LRF is to develop gener-
alizations as to which aspects of the methods are most useful for fore-
casting.

SUMMARY

Three key decisions were suggested to help in selecting forecasting
methods. First, and most importantly, a choice must be made between
subjective and objective methods. If objective methods are to be used,
a choice must be made between naive and causal approaches. If objec-
tive and causal methods are used, it is of some value to consider whether
to use linear or classification approaches. A methodology tree was used
to illustrate the relationships among these methods. The tree also
serves as a checklist for the selection of a forecasting method. Finally,
a listing was provided of the books that describe forecasting methods.
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