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" Chapter Twelve

A Forecast/Analytics
R Implementation

In this chapter, we discuss the forecasting/analytics process and

-~ provide a framework that will help you get the most out of any pre-
—~ diction effort. While every prediction problem has unique features,
- there is enough commonality in forecasting/analytics that guide-
- lines can be helpful in several ways. First, the guidelines we pro-
. - vide will help you come to grips with some of the nuts-and-bols

issues related to data problems. Second, these guidelines will help

you in making certain that the effort that goes into forecasting and
a DRI G i analytics has the desired result in terms of the decision process.
= Finally, the guidelines discussed in this chapter will help you make
-~ logical choices regarding the technique(s) you should use for any
T - - -
- particular situation.
- LEARNING OBJECTIVES
& After studying this chapter, you should be able to:
h 1. Discuss how forecasting has evolyed from being purely judgmental to using

o highly complex methods and how predictive analytics can be considered an
extension of forecast methods.

[S)

Explain the flow of the prediction process from raw data to action.

~ 3. Discuss the two groups that must communicate well concerning forecasts and
explain why this communication is important,

o
4. Explain the nine-step forecast/analytics process.
& 5. Explain the two major areas to consider when selecting a prediction method.
W oae)
~~
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FORECASTING INVOLVES A DEFINITE FLOW

Both quantitative and
qualitative informa-
tion should be valued
and. when possible.
combined in preparing
forecasl.

The forecast should be
one picce of objective
information that plays
a part in the develop-
ment of plans and/or
goals, but it should not
be confused with the
planning or goal-setting
functions.

You have now learned numerous guantitative forecast methods. You have spent
considerable time and effort developing a working knowledge of many quanti-
tative techniques and how they can be implemented using a software puckage.
Our own personal experiences. as well as the cxperiences ol others, provide con-
vincing evidence that quantitative forecasting and analytics methods outperform
qualitative predictions. However, the best soltware cannol automatically take into
account the specific industry. marketing, and economic knowledge that a business
professional may have. To obtain the best forecast outcomes, both quantitative
and qualitative information should be valued and, when possible. combined in
preparing a forecast.

It is important for everyone involved with forecasting and analytics (o be clear
about the distinction between forecasts, plans. and goals. In a recent discussion,
a veteran forecaster in the automobile industry commented: **1 prepared what I
thought was a logical and well-thought-out forecast, but when it was presented to
management. the response was that the forecast was wrong and that T should go
back and redo it In this individual’s case, what management wanted was a plan
(what the company intends to do) or a goal (the company target) rather than an ob-
jective projection of what is likely, given the current business environment. This
scenario is not uncommon. What it points out is a serious confusion on the part
of many between a prediction {or projection), a plan, and a goal. The prediction
should be one picee of objective information that plays a part in the development
of plans and/or goals. but it should not be confused with the planning or goal-
setting functions.

The emergence of widely available and sophisticated forecasting soltware
(such as the ForecastX Wizard™ you have been using) and predictive analyt-
ics software (such as XLMiner ) has made it possible for people to implement
complex forecasting and analytics methods quickly and easily. However, there is
danger in implementing a technique about which one docs not have a reasonable
level of understanding. For example. suppose that you arc a brand manager who
has some forecasting responsibility for certain brands but that this [unction is only
about 10 percent ol your overall workload. In this situation, you might be inclined
to make relatively simple judgmental forecasis. or if you have come to realize that
quantitative methods can improve forecast accuracy, you might be tempted to use
an automated forecast “black box™ to develop your forecasts. In either case. you
are likely to have difficulty explaining and/or justifying the forecast to those o
whom you report. However, if you have a basic understanding of forccast methods
(which you have now developed), you can articulate the reasoning behind your
forecast and how the quantitative methods employed are well suited 0 the type
of data that represent sales of your products. You will be able to make qualita-
tive judgments and adjustments to the forecasts and be able to explain why such
adjustments may be necessary. You may nol be able to derive the formulas for the
Winters' exponential smoothing model or for developing an ARIMA forecast that

¢



)

)

There may be substan-
tial savings if inventory
levels can be reduced.
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does not overfit, but you know enough about how these methods work to know
when they arc appropriate.

Communication, cooperation, and collaboration are important if the forecast-
ing effort is to be successful. Many times, the people who develop a prediction
do so in a vacuum of sorts. They look at the data and prepare a forecast, which
is then sent to users who have had little or no input into the forecast process.
The forecast may not be in a form that js useful to the end user. or the units
forecast may be inappropriate for their use. or the wrong serics may have been
forecast, or they may simply not have enough understanding of the forecast 1o
use it properly.

Two particular groups that need to communicate ell are the analysts (or data
scientists) and the end users of a forecast (pcople in sales, marketing, finance, pro-
duction and others). Each of these groups may have quite different perspectives
on the forecasting process and the desired resuylts. Collaboration among inter-
ested parties is essential for the forecasting process to truly meet an organizations’
needs.

For collaborative forecastin £ 10 be successful, all parties need 10 work together
by treating the perspectives and biases of others as valuable inputs rather than as
obstacles to overcome,! These days, the need for communication, cooperation.
and collaboration goes beyond company boundaries. To maximize the benefits 1o
be derived from the forecast process or analytics effort, communication. cooper-
tion. and collaboration should involve the entire supply chain.

Everyone is well aware that inventory is expensive and there may be substantial
savings if inventory levels can be reduced. Such reduction was the premise upon
which “just-in-time™ processes were developed.

THE FORECAST PROCESS

Data are the foundation, or base. for all predictions. There was a lime when only
numeric data were considered useful. Now useful data come in many forms. Much
of the data used is still numeric, and the volume of available numeric data seems
1o grow almost without bounds. The “Internet of things™ (IoT) drives a good part
of this increased flow of numeric data. Cars talk to computers. refrigerators talk
lo tablets and phones, phones talk to thermostats. and on it goes. Sensors in one
business can talk 1o sensors in another business, facilitating real time knowledge
about inventorics, production schedules, delays. and any other events that may
affect forecass, Adjustments can be made on the fly, saving time and mongey all
along a supply chain.

An important way 1o look at the forccasting process is shown in Figure 12,1,
Data are the starting point for all forecasts, Having rcliable, clean, accurate data

! Sean Reese, "The Human Aspects of Collaborative Forecasting,” Journat of Business
Forecosting, Winter 2000-2001, pp. 3-9
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FIGURE 121
Data to Action in
Forecasting
Forecasting begins
with data that
eventually drives
actions.

From Data to Action

Forceasts are implemented,
monitored, and revised.

Action
Cnmmunicalion Resubts must be clearly
communicated to end users.
Information from The analyses you have leaned help
Data to get information from the data,
Data [ We start with data: numeric or lext.

forms the bedrock of a successful forecasting process. Often people confuse data
with information. Data are not information. Data are simply the raw materials that
allow us to build forecasts. The raw data contain information. but the information
is hidden in a forest of detail. The various tools you have learncd allow you o
glean information from the clutter of the details in the data.

Think about the thousands of SKUs that companies such as Walmart and Ama-
zon must order, track, and sell. The sheer volume of the related data is so large
that no human can make sense of what meaning is hidden in the vastness of the
detail. This is where data analysis comes into play. Using various tools, one can
dig into the data to [ind the information that is nccessary o make sound business
decisions.

A key role for analysts is to be able o communicate succinetly and with
clarity the information derived from the data. This vsually means no complex
cquations, limited quantitative jargon. and relatively few numbers {certainly not
all the statistics your software can compute). Visualization using various graph-
ics is the key to helping others understand the results of complex analyses. All
predictions should be communicated in a manner that is casily understood by the
end user. Long, complex tables will numb the mind. Try to boil the important
results down to the essentials and present (hat information with clarity in terms
the end user understands. Almost always. graphics are a greal help in this com-
munication process.

Fnd users of forccasts will take action based on the forecast only il they trust
and understand the forecast, Too often, analysts do a wonderful job of teasing
information from the data, only fail when it comes o communicaling action-
able results.
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FIGURE 12.2
A Nine-Step
Forecasting Process

L. Specify objectives

— T

2. Determine what to Torecast }

i .
! 3. Model selectian

6. Model evaluation

— |

‘ 7. Forecus! preparation

8. Forecast presentation

[ 9. Tracking results

A Nine-Step Forecasting Process

Communication, In Chapter 2, we suggested a nine-step forecasting process. This is shown again
IC(LOPCT?"OI" and S“l'l " in Figure 12.2. These steps begin and end with communication, cooperation. and
I'I: rir;:;:?r? air:;; ;::SL ['h collaboration between (he Mmanagers who use the forecasts and the technicians
desired pnzitiw: effect who prepare them. This communication and cooperation are critical if forecasting
on decisions, 15 to have the desired positive effect on decisions.

Step 1. Specify Objectives

The objectives related to the decisions for which a prediction is important should
be stated clearly, Management should articulate the role that the forecast wil]
have in the decision process. If the decision will be the same regardless of the
forecast, then any effort devoted to preparing the forecast is wasted, This may
sound too obvious to deserve mention. However, it is not uncommon for a man-
48Cr 1o request a forecast only 1o ignore it in the end. One reason that this hap-
pens is that the manager does not understand or have faith in (he forecast. This
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issuc will be addressed more fully in steps 7, 5, and 9. but a grounding of faith
and understanding should begin here in step 1. Il the manager who needs the
information from a forecast and the data scientist who prepares the forecast take
the opportunity o discuss the objectives and how the forecast will be used, there
is increased likelihood that the ultimate forecast will be one that the manager

understands and has faith in using.

Step 2. Determine What to Forecast

Once your overall objectives are clear. you must decide exactly what to forecast.
For example, it is not sufficient to say that rou want a sales forecast. Do you
want a forecast of sales revenue Or unit sales? Do you want an annual forecast or
a quarierly, monthly, or weekly forecast? [s t1e prediction about which specific
customets will “churn™? Is the forecast needed on a global hasis. by global regions
(such as Asia and North America), on a national level, on a sales territory level?
What level of product aggregation s desired? All of these issues must be made
clear at the start. It is generally betier 10 basc sales forecasts on units rather than
dollars so that price changes do not cloud act 1a! variations in unit salcs. The unit
sales forecast can then be converled to a dollir figure easily enough. IF the effect
of price on sales is important, you may want 1o use a regression-based technique
that incorporates causality. Good communication between the forecast user and
the analysis who prepare the forecast is impartant in making certain that the ap-
propriate variables are being forecast.

Step 3. Identify Time Dimensions

There are two types of time dimensions to ¢ nsider. First, one must establish the
length of the forecast horizon. For annual for 2casts, this might be from one to five
years or more, although forecasts beyond a ew years dre likely to be influenced
by unforeseen events that are not incorpor ted into the model used. Quarterly
forecasts are probably best used for one or Wwo years (four to eight quarters), as
are monthly forecasts (perhaps as long as 12 to 18 months). The objectives dictate
the time interval (year, quarter, and so forth) that is appropriate in preparing the
forecast. For inventory control, short time pe¢ riods are often necessary, whereas an
annual forecast may be sufficicnt for the pieparation of an estimated profit-and-
Joss statement for the coming year.

Second, the manager and the forccaster inust agree on the urgency of the fore-
cast. s it needed tomorrow? Is there amplc time to explore alternative methods?
Proper planning is appropriate here. If a forecasting process is integrated into on-
going operations, then the forecasting persennel can plan an appropriate schedule.
which will contribute to better forecasts.

Step 4. Data Considerations

The data necessary in preparing a forecast may come from within or may be ex-
ternal. Let us [irst consider internal data. some people may believe that internal
data are readily available and casy to ‘ncororate into the forecasting process. lLis
surprising how often this turns out to be far from correct. Data may be available in
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atechnical sense yet not readily available 1o the person who needs them to prepare
the forecast. Or the data may be available but not expressed in the right unit of
measurement (e.g., in sales dollars rather than units sold).

Data are often aggregated across both variables and time, but it is best Lo have
disaggregated data. For example, data may be kept for refrigerator sales in total
but not by type of refrigerator, type of customer, or region. [n addition, what data
are maintained may be kept in quarterly or monthly form for only a few years
and annually thereafter. Such aggregation of data limits what can be forecast and
may limit the appropriate pool of forecasting techniques. Data storage has become
relatively inexpensive, so all data should be kept for as long as possible. Commu-
nication and cooperation among the personnel involved in database maintenance.
forecast preparation, and forecast use can help alleviate many unnecessary prob-
lems in this regard.

External data are available from a wide variety of sources, many of which
have been discussed in Chapter 1 and some of which arc discussed in Chapter 5
(Prevedere, for example), Data from national. state, and local government agen-
cies are generally available at low cost. The more local the level of government
unit, the more likely it is that the data will not be available as quickly as you might
like or in the desired detail. Other sources of secondary data include industry or
trade associations and private companies. such as some of the major banks. Most
secondary data are available on the Internet.

Step 5. Model Selection

There are many methods to select from when you sct out to make any forecast,
There are subjective or judgmental methods, some of which were reviewed in
Chapter 1, and a growing set of quantitative methods is becoming available, The
most widely used of these quantitative methods have been discussed in the previ-
ous chapters. The emergence of data and text mining in a forccasting environment
is an exciting new horizon. Some of the things that should be included in making
the sclection are:

1. The type and quantity of data available
2. The pattern that the data have exhibited in the past
3. The urgency of the forecast
4. The length of the forecast horizon
5. The technical background of the people preparing and using the forecast
This issue of selecting the appropriate methods to use is of sulficient impor-

tance that we will come back to it in the next section. There, we provide specific
guidelines for each of the methods discussed in the (ext.

Step 6. Model Evaluation

Once the methods that we want to use have been selected, we need to do some
initial evaluation of how well they work. For quantitative methods, we should
apply the techniques to historical series and evaluate how well they work in a
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Once you are satisficd
with a model based on
historical and holdout
period evaluations,

you should respecify

the model using all the
available data (historical
and holdout) and then
use it for your actual
forecast.

retrospective sense. We have referred to this as an evaluation of the “Tit” of the
model. If they do not work well in (he historici/l context, there is little reason (o
believe that they will perform any better in the unknown domain of the future.

If we have sufficient historical data. a good approach to model testing 18 10 usc
a “holdout™ period for evaluation. For example, juppose we have quarterly data on
sales for 10 years. We might use only the carlicst ninc years (36 data points) and
make a forecast for the tenth year. If the mode! performs well when the forecast
values are compared with the known values fo- the four quarters of year 10, we
have reason to believe that the technique may also work well when the forecast pe-
riod is indeed unknown. Out-of-sample evaluations such as this provide a prelimi-
nary measure of potential forecast “accuracy.” Recall that in predictive analytics,
the concept of a “holdout™ is built into the basic process as you always partition
the data into “training” and “validation™ partitibns. [tis the lift and misclassifica-
tion results for the validation partition that are most useful for model evaluation.

Once you are salisfied with a model based on historical and holdout period
(or validation partition) evaluations. you should respecify the model using all the
available data (historical and holdout) and thert use it for your actual forecast.

Suppose a technique turns out not to perform well when tested. The purpose of
testing is. at least in part, to help us avoid applying a method that daes not work
well in our unique situation. Therefore, we should go back to step 5 and select
another method that is appropriate to the problem at hand. It is not always pos-
sible to tell ahead of time how well a particular method will actually performin a
specilic forecasting environment. We can apply reasoned judgment Lo our initial
selection, but ultimately. the proof is in the puclding. We must apply the method to
see whether it performs adequately for the purpose at hand.

Step 7. Forecast Preparation

At this point. some method or set of methods has been selected for use in de-
veloping the forecast. and from testing. you| have reasonable expectalions that
the methods will perform well, We recommend using more than one forecasting
method when possible, and it is desirable for these to be of different types (c.g..a
regression model and HolU's exponential smcothing, rather than two different re-
gression models). The methods chosen shoulll be used to prepare i range of fore-
casts. You might, for example, prepare a wor {-case forecast. a best-case forecast,
and a most-likely forecast. The latter may be ‘based on 4 combination of forecasts
(ensembles) developed by following the proczdures suggested in the Appendix to
Chapter 5. In predictive analytics. the concept of ensemble models is again built
into the process and most of the commercial software; consider boosting and bag-
ging as well as alternative algorithms. And always remember that more data (and
better data) will almost always make better predictions.

Step 8. Forecast Presentation

For a forecast to be used as intended. it must be presented to management clearly.
in a way that provides an understanding of how the forccast was obtained and that
clicits confidence in the forecast. It does not matier how much work is put into
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developing the forecas; It does not matter how confident the preparer is in the
results. It does not matter how sophisticated the methodology may be. What mat-
lers is whether or not the manager understands and has confidence in the forecast.
All 1o often, quantitative analyses are put on a shelf and do not play the role in
decision making that they should, because the resuils are not effectively presented
to management. Decades 4go Mark J. Lawless, who has been involved with fore-
casting within a number of corporations. including Chrysler, NCR. Ponderosa.
and Hanson Industries Housewares Group. commented tha:

In communicating the forecast results to management, the lorecaster must be ¢a-
pable of communicatin g the findings in language which the f; unctional managers
can understand and which is compatible with the corporate culture,?

The forecast should be communicated to management both in written form and
in an oral presentation. Visuals should dominaze. The written document should
be at a level that js appropriate to the reader. In most cases, (he managers who
read the forecast document will have little interest in technical matters, They need
the information necessary so that they use the forecast appropriately. They do
not necd the amount of background and detai] to be able 1o prepare the forecast
themselves,

Tables should be kept relatively short. Rarely would it be desirable to include
an entire history of the dats used and historical forecasts, The most recent obser-
vations and forccasts are usually sufficient. The long series should. however, be
shown graphically and should include both actual and forecast values. In such
graphie displays, colors and/or patterns can be used effectively o distinguish ac-
tual and forecast values,

The oral presentation should follow the same form and be made at about the
same level as the written document. Generous use should be made of flip charts,
slides, overheads, or projections of computer displays to heighten interest and
involvement in the presentation. This oral presentation provides an cxcellent op-
portunity for discussion and clarification, which helps the manager gain a more
complete understanding of the forecast and confidence in jts uscfulness,

Step 9. Tracking Results

Neither the preparer nor the user is done with the forecast after the presentation
and incorporation of results into the relevant decisions. The process continues,
Deviations from the forecast and the aciual cvents should be discussed in an open,
objective, and positive manner. The objectives of such discussions should be (o
understand why errors oceurred, 1o determine whether the magnitude of the errors
was sufficient (o have made 3 difference in the decisions that were based on the
forecast, and to reevaluate the entire process with the intent of improving perfor-
mance in the next roung of forecasts. Input from both managers and techniciany js
important for the continual refinement of (he forecasting process.

? Lawless, Mark J. “Effective Sales Forecasting: A Management Tool,” Journal of Business
Forecasting 9, no 4 (Spring 1980), 10.
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[t is important 1o SLICss Once MOre the critical role that communication and
cooperation between Managers and technicians play in building and maintain-
ing a successful forecasting process. This is trie whether forecasts arc prepared
in house or by outside suppliers. Without a commitment to communication and
cooperation. it is not likely that any organizati(n can get a maximum return from
the forecasting effort.

CHOOSING A FORECASTING TECHNIQUE

There a greal many (echniques that can be used 10 make forecasts. In this text, you
have learned about many of the most commonly used methods. These methods are
not only commonly used. but they are also the sasis upon which many other meth-
ods have been developed. You started learning; about some subjective (qualitative
or judgmental) methods that were once the -ore of forecasting. More recently,
quantitative methods have come (o dominate The forecasting landscape.

Quantitative methods have evolved from simplistic methods, stch as mov-
ing averages, 10 highly complex tools. such 25 data and text mining. Figure 12.3
illustrates the increasing complexity of forecasting methods. With the increasing
complexity, we also gain richer information.

Now that you have an underst anding of a variety of forecasting techniques, you
necd a general framework that will help you Jetermine when Lo use€ each method.

EIGURE 12.32 Complexity of and Information from Forecast Methoc's

S —

| Improving Forecasts |

| Data Mining

| Numeric und/or text

| Causal Models

| Multiple regressiorn

| ‘ARI;\":AI Box Icnkin.f.i
| ‘Timu‘!:r:?ics Dccmm:\nsilinnl

Regression Trends
With or without scasonalily

Higher Level Exponential Smoothing
Holt's and winters’

Basic Quantitative Methods
Moving averages and simple cxponential smoothing

| ‘ Purely Judgmentul Methods l
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There arc few hard-and-fast rules in this regard, but there are guidelines (o assist
in making the determination. If you understand how to use the methods discussed
in this text, you have a good start toward determinin g when each method is likely
to be useful. For example, if you are preparing a quarterly forecast of sales for a
product that exhibits considerable seasonality, you would want to use one of the
methods that is designed to handle such seasonal (Muctuations.

In this section. we evaluate the forecasting methods presented carlier in the text
relative to the underlying conditions for which they are most likely to be useful.
Therc are many characteristics of a forecasting situation that mi ght be considered
m selecting an appropriate method. We will focus attention on (wo major arcas:
data and time. For data, we consider (he type and quantity of data that are avail-
able as well as any pattern that may exist in the data (e.g., trend, cycle, and/or
seasonality). Time includes the amount of historical data and the forecast hori-
zon. We begin with the methods discussed in Chapter 1 and progress sequentially
through the text, ending with data and text mining techniques. Table 12.1 provides
a quick reference summary of the data and time issues.

Sales Force Composite (SFC)

[n using the sales force composite method. Tittle or no historical data are nec-
essary. The data required are the current estimates of salespeople regarding ex-
pected sales for the forecast horizon. Historical data may be considered by the
sales force, but not necessarily. Thus, this method may not reflect patterns in the
data unless they are obvious to the sales force {e.g., holiday season sales of jew-
clry). The method may, however, provide early warning signals of pending change
(positive or negative) because of the closeness of the sales force to the customer.
The SFC method is probably best used for short- to medium-term forecasts,” The
preparation time is relatively short once a system for gathering data from the sales
force is in place.

Customer Surveys (CS)

Forecasts that are based on surveys of buyers” intentions require no historical data,
and thus, the past plays no explicit role in forecasting the future. Customer surveys
are most appropriate for medium- to long-term forecasting. For example. a natural
gas utility has used this method to help in long-term planning by gathering survey
data on customers’ plans for future energy use, including long-term capital expan-
sion plans. The time necessary to develop, conduct, and analyze a survey rescarch
project can be relatively extensive. Rarely can such a project be completed in less
than two to three months, If the same survey is used year after year, however, this
time can be shoriened considerably. CS is not a method to consider if there is a
sense of urgency in getting the forecast.

? Short-term, medium-term, and long-term forecasts will be mentioned throughout this section.
Short-term forecasts include up to three months, medium-term forecasts cover four months to
about two years, and long-Lerm forecasts are for periods longer than two years
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TABLE 121 Guide to Sclecting an Appropriate Forecasting Method

Forecasting Method

Subjective Methods

Sales force composite

Customer surveys

Jury of executive
opinion

Delphi

Quantitative Methods

Naive
Moving averages

Exponential Smoothing

Simple

Adaptive response
Holl's

Winters'

Bass model
Regression-Based
Trend

Causal

Data Pattern

Any
Not applicable
Any

Any

Stationary”
Stationary”

Stationary™"
Stationary™®
Linear lrend”
Trend and seasonality

S-curve

Linear and nonlinear

Trend with or withoul
seasonality

Can handle nearly all data
patterns

Time-Series Decomposition

ARIMA

Data Mining

Text Mining

Can handle trend, seasonal,

and cyclical patterns

Stationary”

Any

Any

Quantity of Historical
Data No. of
Ohservations

Little
None
Little

Little

1 {or number of srasons)

Number equal to the
number of perods in
the moving avarage

510 10

10to 15

1010 15

Al least 4 or 5 per
sgason

Small. 3to 10

Minimum of 10 viith

4 or 5 per season If data
are seasonal

We desire 10 par
independent variable.

Enough to see z peaks
and troughs

Minimum of 50

Used with large
catabases

Used with large
databases

Forecast Horizon

Short to medium
Medium lo long
Any

Long

Very short
Very short

Short
Short
Short to medium
Short to medium

Short, medium, and long

Short to medium

Short, medium, and long

Short, medium, and long

Short, medium, and long

Prediction usually for
near-term use

Prediction usually for
near-term use

O data that have been Irunsformed o astativnary senes
 May be used Lo seasanal da it the data are [iest deseasoalizedl.
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Jury of Executive Opinion (JEO)

The executives included do not need a formal data set. They need only the body
of experience that they have developed to make Judgments concerning the most
likely value of the forecast variable during the period of interest. Historical data
patterns may or may not be reflected in the opinions expressed. although regular
patterns such as scasonality are very likely to receive atlention, albeit implicit at-
tention. A JEO may be used for any forecast horizon and s gencrally a relatively
quick procedure. This method requires a substantial base of expertise on the part
of the participants,

Delphi Method

The Delphi method doeg not require a historical data series, other than what is
in the knowledge base of the panel members, and therefore does not necessarily
reflect patlerns that may have existed in the past, It is most often applicable for
long-range forecasting but can be applied to medium-term projects as well. In
these respects, it is much like JEO. However, the time to develop the Delphi fore-
cast can be considerable unless the responses of panel members stabilize quickly.
Use of the Internet speeds the flow of information and thus shortens the time
considerably, The Delphi approach, as well as a jury of executive opinion and
Customer surveys. are sometimes uscful in forecasting the sales of new products.

Naive
The basic naive model requires only one historical value as a basis for the forecast.
An extended naive model that takes the most recent trend into account requires

Just two past values. This method is best suited to situations in which the data are

stationary, Seasonality can sometimes be accounted for in reasonably stationary
series using a seasonal time lag. The naive approach is suited onl y for very short-
term forecasts,

Moving Averages

Moving averages are most appropriate when the data are stationary and do not ex-
hibit seasonality, Relatively few historical data are nceessary. The number of past
observations must be at Teast equal to the number of periods in the moving average.
For example, if a four-period moving average is used, you need at least four histori-
cal data points, Moving averages are normally used to forecast just one period ahead.

Simple Exponential Smoothing (SES)

Historical data are necessary (o establish the best weighting factor in simple ex-
ponential smoothing, but thereafter, only the most recent observed and forecasted
‘alues are required. Five to ten past values are sulTicient to determine the weight-
ing factor. The data series should be stationary (i.c.. have no trend and no season-
ality) when SES is used. This method is appropriate for short-term lorecasting.
While the arithmetic work can be done by hand, a computer can be helpful in de-
termining the best weighting factor. Once the weighting factor is known. forecasts
can be developed very quickly,
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Adaptive-—Response-Rate Single Ex ponential Smoothing
(ADRES)

The adaptive-response-rate single exponential s110¢ ihing model may be used when
the data are stationary and exhibit no seasonali'y but have a shift in level. Ten o
15 historical observations should be available wnen ADRES is used, and forecasts
should be for only a short forecast horizon, typically one or two periods ahcad.

Holt’s Exponential Smoothing (HES)

As with SES. HolUs exponential smoothing m ydel requires historical data to de-
termine weighting valucs. but only the very recent past is required to apply the
model. It is desirable Lo have at feast 10 to 15 Fistorical observations in determin-
ing the (wo weights, HES can be used effectivcly with data series that exhibit a
positive or negative trend: thus, this method has a much wider scope of applica-
tion than SES. However, it should not be used when the data contain a seasonal
pattern unless the data have been descasonalized. HES is appropriate for short-
and medium-term forecasts and. like SES. ca1 be implemented rapidly once the
weights have been selected.

Winters’ Exponential Smoothing (WES)

Sufficient historical data to determine the weights are necessary in using Win-
ters’ exponential smoothing model. A minimum of four or five observations per
season should be used (i.c.. for quarterly daia, 16 or 20 observations should be
used). Because this method incorporates bot’1 trend and seasonal components, it
is applicable to a wide spectrum of data patterns. Like HES. this method is most
appropriate for short- 10 medium-term foreci sts. Once the weights have been de-
termined. the process of making a forecast moves quickly. The use of professional
forecasting software (such as ForecastX™) is recommended for the process of
selecting the best values for the weights in the WES model.

Regression-Based Trend Models

The data requirement for using a regressior -based trend depends (o a consider-
able extent on the consisiency in the trend and whether or not the trend is lincar.
We look for enough data that the t-statistic for the slope term (i.c., the trend) is
signiflicant (a t-value of 2 or more in absolute value is a handy rule of thumb).
For a simple lincar trend, 10 observations may be quite sufficient. A simple trend
model can be effective when the series being forecast has no patiern other than the
wrend. Such a model is appropriate for short- 1o medium-term forecasts and can be
developed and implemented relatively quicl.ly.

Regression-Based Trend Models with Seasonality

To include seasonality in a regression-baseil trend model, it is desirable to have at
least four or five observations per season. Thus, for quarterly data, a minimum of
16 observations would be appropriate. For nonthly data, 48 or more observations
should be used. Regular seasonal patterns in the series are often modeled quite

e
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well by using dummy variables. As with simple trend models, linear or nonlinear
forms can be used: the models are best for short- (o medium-term forecasts, and
the time necessary for preparation is short. A compuler regression program is a
virtual necessity, however.

Regression Models with Ca usality

The quantity of data required for the development of a causal regression model
depends on the number of independent variables in the model and on how much
contribution each of those variables makes in explaining variation in the depen-
dent variable. One rule of thumb js that you should expect o have a minimum of
10 observations per independent variable. Thus, for a model with three indepen-
dent variables, you should have at least 30 obscrvations. However. in practical
applications, the length of the data set may be less. No matter how many observa-
tions are used, a statistical evaluation should be the guide for model acceptability.
Developing and maintaining a database for multiple-regression models can be
a significant undertaking, The effort may be worthwhile, however. since multi-
ple-regression models are often effective in dealing with complex data patterns
and may even help identify turning points. Seasonality can be handled by using
dummy variables. Causal regression models can be useful for short-, medium-, or
long-term forecasts. Because the causal variables must usually be forecast as well,
regression models may take more effort o develop.

Time-Series Decomposition (TSD)

The quantity of data needed for time-series decomposition should be enough for
you to sec al least two peaks and two troughs in the cycle factor, if the cycle factor
is important. If the eycle factor does ot appear important (i.e., has not been far
above or below 1.0 during the historical period), then the quantity of data nceded
should be determined by whal is necessary to adequately identify the seasonal pat-
tern. A rule of thumb would be at least four or five observations per season (c.g.,
for quarterly data, you should have at least 16 10 20 observations). TSD is quite
good at picking up patterns in the data, The challenge is for the analyst to success-
fully project the patterns through the forecast horizon., This is generally fairly easy
for the wrend and seasonal pattern but more difficult for the cyclical pattern. TSD
is especially appropriate for short-term and medium-term forecasting. If the cycle
pattern is not important or if it can be projected with confidence, the method can
also be used effectively for long-term forecasts, This method may be one of the
best in terms of being able (o identify and incorporate lurning points. Doing so is
dependent on the analyst’s ability 1o correctly interpret when the ¢ ycle factor may
turn up or down.

ARIMA

A long data serics (at least 30 data points—more if data are seusonal) is neces-
sary to make use of the ARIMA models. These models can handle variability in
the data as long as the series is stationary or can be transformed to a stationary
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series. This method can be applied 10 short-. mdium-, or long-term forecast ho-
rizons. Because of the complexity of model icentification, forecast preparation
can take an extended period of time. This comp exity also means that the preparer
needs a highly sophisticated technical background. Users of ARIMA [orecasts
must also be quite sophisticated. because even Achieving a basic understanding of
the method is not easy. 1L is rare (0 find a manager who has a good feel for how an
ARIMA forecast is developed and rarer still to ind a manager capable of explain-
ing the forecast derivation to others who must use the results. This may be part of
the reason that ARIMA models have often had relatively low ratings in terms of
importance. accuracy. and use by business managers.

Data Mining

The data used in predictive analytics is usually not time series data like that used
:n most of the forecasting modcls. The size of the data set may also differ in that
analytics depends mare upon very Jarge data sets; in oSt situations, the morc
data. the better the prediction. Two very different types of data mining algorithms
were cxamined; classification algorithms and clustering algorithms. Classifica-
tion is the most used type of analytics algorithn: it is used extensively in business
and many different forms of classification werz examined. Ensembles of different
classification algorithms or modifications that created ensembles such as boosting
and bagging arc often used to improve accurzcy. The clustering type models are
less used but also have their place in busincss usefulness.

Text Mining

The types of data used in text mining were a stark departure from the data previ-
ously examined. Text was unstructured, not arranged in neat columns and rows
with only numbers populating {he various loations. Texl, since it is o available
for analysis, offered a new and larger frontier for prediction. The bag of words
analysis that we examined is useful and will often yield uscful results but that is
only the frontier of examining unstructured data. Video, photo, and audio data
will also offer possibilities for building predictive models. Text is just the tip of
the data that data scientists will find useful and predictive in the future.

SPECIAL FORECASTING CONSIDERATIONS

In the text. 2 number of situations have been discussed for which special forecast-
ing techniques are appropriate. Four of these are: (1) situations in which we must
make forecasts il sevents” of some type influence the forecast; (2) situations in
which we have multiple forecasts, each of which may contain valuable informa-
tion that we do not want to ignore: (3) situations in which we need to forecast a
new product for which we have little historical information: and (4) situations in
which we need to predict some outcome and we have very large, often somewhat
unrelated. databases that hold hidden keys 1 the likely outcome. Here, we review
some important aspects of cach of these [our.
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Event Modeling

When forecasting sales or demand in a highly promoted markel, using event mod-
cling can often significantly improve forecast accuracy. Event modeling is a feature
within many forecasting programs, such as ForecastX™. This feature allows the
user to specify the time of one or more special events, such as irregular promotions
and natural disasters, in the calibration data. For each Lype of special event, the
effect is estimated and the data adjusted so that (he events do not distort the trend
and seasonal patterns of the lime serics,

The method of cvent modeling follows in the same pattern as the other
smoothing models except that the event model adds a smoothing equation for
each of the events being considered. Event models are analogous 10 seasonal
models: just as each month js assigned its own index for scasonality, so, too,
each event type is assigned its own index. Event adjustments are created through
the use of an indicator variable that assigns an inleger for each event type to the
period during which it recurs. An example of integer value assignment would
be that 0 indicates a period in which no event has occurred. ] indicates a period
in which a free-standing advertising insert was used, 2 indicates a period in
which instantly redeemub]e coupons were used, and so on. The event indica-
tor variable must be defined for each historical period and future period in the
forecast horizon.

Combining Forecasts (Ensembles)

Instead of choosing the best model from among two or more alternatives, a
more reasoned approach, according to the empirical evidence, is to combine
the forccasts in order to obtain a forecast that is more accurate than any of the
Separate predictions. Any time a particular forecast is ignored because it is not
the “best™ forecast produced, it is likely that valuable independent information
contained in the discarded forecast has been lost. The information lost may be
of two types:

I Some variables included in the discarded forecast may not be included in the

“best™ forecast.

2. The discarded forecast may make use of a type of relationship ignored by the

“best” lorecast.

In the first of these cases, il is quite possible for individual forecasts to
be based on different information; thus, ignoring any one of these forecasts
would necessarily exclude the explanatory power unique to the information
included in the discarded model. In the second situation, it is often the case
that different assumptions are made in different models about the form of the
relationship between the variables. Each of the different forms of relationship
tested, however, may have some explanatory value, Choosing only the “best™
of the relationships could exclude functional information. To prevent this logs
of useful information requires some method for combining the two forecasts
into a single betrer forecast. We should expect that combinations of forecasts
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that use very different models are likely to te cffective in reducing forecast
erTor.

Combining forecasts 1s not guaranteed 1o reduce error, but onc does not know
until forecasts are combined and the combination results compared with results
for individual forecasts. When combining forecasts. it is important that one check

to be sure that doing 50 will not create a forecust bias.

New-Product Forecasting (NPF)

Most products for which we arc likely to have (o preparc i sales forecast are prod-
ucts with a substantial amount of sales history for which the methods you have
learned in carlier chapters will work guite well. However. often we are faced with
new. or substantially altered, products with little sales history. These new products
pose particularly difficult issues for a forecasier. Understanding the concept of a
product life cycle (PLC) can be helpful in devcloping a forecast for a new product.
During the introductory stage of the product Jife cycle, only consumers who are
innovators are likely to buy the product. Sales| start low and increase slowly. Near
the end of this stage, sales start to increase & an increasing rate. As the product
enters the growth stage of the PLC. sales are still increasing at an increasing raie
as early adopiers enter the market. In this stag:. the rate of growth in sales starts 10
decline. Near the end of the growth stage. salies growth starts 1o level of!t substan-
tially as the product enters the maturity stage| Businesses may employ marketing
strategies to extend this stage: however. all products eventually reach the stage of
decline in sales and are, at some point. removed from the market.

Product life cycles are not uniform in exact shape or duration and vary from
industry to industry. Think, for example. about products that are fashion items
or fads in comparison with products that have real staying power in the market-
place. Fashion items and products that would be considered fads typically have
a steep introductory stage followed by short growth and maturity stages and a
decline that is also very steep. High-tech products, such as cell phones, often
have life cycles that are relatively short in comparison with low-technology
products. For high-tech electronic products. life cycles may be as short as $ix
to nine months.

Methods such as analog [orecasts, test marketing, and product clinics are often
useful for new-product forecasting. The Bass model for sales of new products is
probably the most notable model for new-product forecasting. The Bass model
was originally developed for application only 10 durable goods. However. it has
been adapted for usc in forecasting a wide ‘ariety of products with short product
life cycles and new products with limited hstorical data.

Data Mining

Sometimes people think of forecasting only in the context of time-series data. In
some manner. past data are used to help predict the likely outcomes in the future.
These include univariate time-series methods. such as exponential gmoothing, as
well as causal models, such as multiple regression. We have scen that at times
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regression models may be useful with cross-sectional data to predict some out-
come. such as sales volume. Data mining is another technique that has been de-
veloped to help one predict outcomes when there is a great deal of data available
that might contain hidden information.

Data mining techniques work often with very large and somewhat unrelated
databases. There was 4 time when decision makers had 0o little data upon which
1o base decisions. Now tha has changed dramatically, and decision makers have
$0 much data that it is difficult 1o find the information content from the data. Thig
is where data mining becomes a useful tool.

Data mining has become a new application for some types of forecasting in
which we have huge amounts of data but we know little about the structural re-
lationships contained therein, Data mining is a tool that helps us uncover rela-
tionships that are often quite unexpected yet useful in making predictions. For
example. a California retailer found through data mining that shoppers who buy
diapers are also likely to buy beer.* Such knowledge would not be likely to be un-
covered using more simplistic data analysis but can be usefu] in predicting sales
of both items and in developing new Ways to structure marketing communications
involving both products.

charged for coverage, which in turn would be influenced by the number of claims
filed by sports car owners, Conventional wisdom might suggest that Sports car own-
crs would have more claims for accidents and/or thefts. However. through data min-
ing, Farmers Group found that Sports cars owned by people who alse owned another
vehicle have fewer insurance claims. As a result, they restructured their premiums
in these situations with a resulting increase in premium revenue of over $4 million
in two years without having a substantial increase in claims. It way only possible to
make the prediction about the potential new market by using data mining.

Text Mining

Text mining is truly the frontier of prediction. The suggestions you receive
from Amazon and the ability of firms to react almost immediately to customer
complaints (or compliments) are likely due to some text mining algorithm. The
uses of digital assistants such as Siri and Alexa are examples of text mining
(in which the audio has been converted to text and then analyzed) that have
become commonplace. As we obtain access to more data from the Internet of
Things, sensors, and the mining of social media, the uses of text mining will
grow. And with more data (o work with, the usefulness of the predictions will
likely become better.

5 Carl McDanjel and Roger Gates, Marketing Resoarch Essentiafs, 6th ed New York: John
Wiley & Sons, 2008, pp. 79-80.
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SSING PROCAST™ IN FORECASTX™ TO
MAKE FORECASTS

We generally recommend that you think carefully atout your forecast objectives and about
the nature of your data Lo selecta forecast method. [However. there are situations in which
you might allow ForecastX ™ to select the method for you. Suppose you have hundreds or
thousands of SKUs to forecast. Rather than analy ng cach individually. you might want
Lo Tet the software take on that task. There is a way to do this within ForecastX ™ by using
2 feature called ProCast™. ;

ProCast™ will scarch through a subset of methods to determine the method that will
work best for your data. You can select the criteria to use in selecting the best method. In
the example shown below. we selected to minimize the absolute error. There is a downside
to using ProCast IM iy that you may not be familiar with the method selected and so would
have trouble explaining it to an end user. Also, ciusal models would not be included in
the decision set because ForecastX™ would not have access 10 the desired independent
variables. '

To use Procast' M, begin by opening your data [ije in Excel. Place your cursor inany cell
with the data to be forecast. Inthe example below. we selected cell B3.
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Then start ForecastX™. In the Data Capture di
to use. as shown below,

e

]

TSt = Forecastx - DetaultScenario ? X
Dzt Capture ~ F. crecast Metliad Grouping  Statistics Reporis
Dat2 15 Organized in Forecast Fenoss Seascrality
TiPows ' Calumns g 4 "

Dstata Ba Forecast

[Gap Sales Datz for Tih edition ®lsx|Quarterly Gap Ssles Datalsasy SEs22

Data Sat

v Contzins Dates
Penadicity Last historical date Labels

Quarlerly ~ (none) L.

Source: John Gale Solutions

ilog box, identify the data you want

Catz Clespsirg

Parameters

Then click the Forecast Method tab. In the Method Selection dialog box, click the down

arrow in the Forecasting Technique box and select Pr

0Cast™. Click the down arrow in the

Error Term hox and select Mean Absolute Error (or another error term you want to use),

———ats

Dats Caplure Ferecast Methog Grouping Statistics Reports
Ferezast Technioue
Frecast *  + EditParameters
Parameaters ~cliors
Error Term Trarsfory
A Agjust
New Product Curve Aralyze
7%)Do Not Include Previes

iincluds \tthen Data Points <

Souree; Tohn Galy Solutions

= HEE @ s Forecastx - DefaultScenario
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Then click the Statistics tab. In this dialog box. sclect the statistics that you desire. Re-
member that there are more statistics choices if you slick the More Statistics button near
the bottom right of the dialog box.

NSRBI B |
-k ForecastX - DefaultScenasio ? % )

Data Caplure  Forecast Methed  Grouping {Statialics] Reports

Arccuraty Measures Analysis
Alc Adjusted R-Square Durb n \Watsen
BIC Sum Square Error | Enabled Leg
_Souz )

f-Squars v MAPE o

Safety Stock | hedmn

| Enabled Change Seturgs Standard Deviation
| \anance

Confidence Limit Ilean Scuare Deviation

Enzbled | | orrelation Coefficient

Select Al Clezsr All Morg Stzhstics

e o m|

== T

Sourve: Johu Gull Solutions

After selecting the statistics you want to see. lick the Reports tab.
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In the Reports box. selecy those yoy want. Typjea] selectiong Ntight be those shown
here. Whep You click the Standarg tab. selecq the Show Chayy and Classie, I the Audit
Trail tap ( the active ryp shown here), click the Fitteq Values Table,

Then elick the Finisp button, In the Audit Trail OBIDUL. you wif ind the method thy;
ProCyg ™ used 1o make the Tequested forepyg,

Using an Automageqd threc:mting method such g ProCag(™ all right i You understang
the selecieq method wel) Cnough 1o evaluge Whether it o truly logicy) choice. 1y i Wise
Lo exercise S0me caution when uIJuwing any software ¢ select 3 methad aummatically. By
using y software Package, gycp, is Fureca_s-lXT‘“, Over a peripd of time, you may develop
contidence i the selections j; makes, Then using an Qutomated Process may provide ¢op.
siderabje time Savings—gyeqy 451 situatiopg where there are hundregjg or thousungs of
items thay must he forecag r'requcnﬂy.
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1. Discuss how forecasiing has moved from porely judgmemai methods 0 highly com-

plex methods.

Explain the process of going from raw dita to acetions hased on @ forecast.

[P

(ive? Explain why.

Describe the nine-step forecast process Lresented in the chapter.

[T =

. What ar¢ (he two main things © consider when selecting @ forecast method? Why?

o

7. The availability and |

in the forccasting process (step H)-

8. Suppose that you have heen asked 1€ recommend 2 forccasting \echnique that would

be appropriate to prepare & forecast, Hven the following sirnational characteristics:
a. You have 10 years of quaﬂcrly dana.

p. There is an upward trend to the dita.

. Thereis @ significant increase in sales prior 10 Christmas each year

(. A one-yeul forgeast 18 needed.

¢. Youneed t0 have the forecast dyne and the pre.scnmliun ready in justa fow days.
f. What method(s) would you con sider using and why?

9, Write an outline of what you wo ld like to see in a forecust prcscmaﬂon from the

pcrapcclive of a manager who necls o use the forecast-

10. Explain how the predictions mad: using analytics arc somewbat differcnt than those
from wraditional [orccasting modzls. Ave {he data used differently? Are the types of

prcdic\i(}m‘. different?

_ What two group> must communicate we'l in order for the forecast process o be effce-

The forecust process begins with a negd to make one or more decisions that depend
on the future value of some variable. T hHink about this as it relates 1o the daily weather
forecast you hear. and write alist of fivt decisions that might depend on such a forecast.
orm of data to b used 10 prcpm"mg a forccast are often seen 25
especially critical arcis. Summarize, 0 your own words. the database considerations



