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The Three Stages of Prediction Evolution
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FIGURE 11. Stages of light bulb and forecasting evolution.
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THE STRUCTURE OF THIS TEXT

‘We have divided the coverage of business forecasting and predictive analytics into three major sections. These are designed to help you progress in your ability to understand and use
tools/methods in a logical way that will help you master the material.

Section 1: Time Series Models

‘We begin with this current chapter (“Introduction to Business Forecasting and Predictive Analyties”)in which you will get acelimated to some forecasting terminology, see examples of
forecasting success, understand the difference betsveen qualitative (subjective) and quantitative (objective) forecasts, understand jadgmental extrapolation and explanatory approaches to
forecasting, as well as learn some ways to deal with new product forecasting for which ve have litle or no historical data. Throughont the remainder of the text, our primary focus will be
on quantittive forecast applications that have come to dominate business forecasting. You will also get your firs ntroduction to the ForecastX™ software. This software s quite
sophisticated. It i software widely used in the business vrorld both in the United States and abroad. For predictive analytics, we will use XLMiner: tis software will allow you to estimate
and experience the algorithms used in analytics (including text mining).

In Chapter 2 2, “The Forecast and Prediction Process: Data Considerations, and Mode! Selection.” you will earn abont the three major components of ime series data, review some
basic statitcal concepts, star o think about hen different methods would be most likely 1o lead to good forecasts, continue with the Gap, Inc. example that vill be seen often through the
text, and see some introductory forecast examples. In addition, your abilit to work with the ForecastX ™ software will be expanded.

In Chapter 3 (Z), “Extrapolation 1: Moving Averages and Exponential Smoothing,” you really get into the meat of forecasting. This chapter focusses on some of the forecasting methods
that analyze historical data, then replicate the patterns observed in the past to make predictions (forecasts) for the future. You will learn when moving averages can be used to forecast, how
to use and interpret a variety of exponential smoothing models (including why they are called exponential smoothing models), what is meant by an “Event” model and when/how such a
‘model can be used, look deeper into new product forecasting, and see application of the material in Chapter 3 (Z) to the Gap example. Your ability to use the ForecastX™ software will be
extended to the appropriate methods from the chapter.

In Chapter 4 (@), “Extrapolation 2: Intoduction to Forecasting with Regression Trend Models,” takes the concepts from Chapter 3(@) in » slightly different direction. In this chapter, you
willlearn how to apply regression analyss to make predictions about the future. Moststadents taking this class will have had some prior exposue to regression analysis, However, we have
structured the discussion 5o that even with no prior background. one can learn the material. You will learn to apply simple trends for prediction and to use a causal regrassion model. You
will also learn ko you can modify a simple trend to take into account seasonal variations in data. An important element of your learning in this chapter will be how o evaluate whether a
regression model i trly useful. Again you will see an application to the Gap data and will learn how to implement regression forecasts using ForecastX™

Section 2: Demand Planning

Chapter 5 (), “Explanatory Models 1: Forecasting with Multiple Regression Causal Models,” builds on the information you learned in Chapter 4(Z) to explicily take into account
cansality. You will see that the evalution of a causal regression model necessitates one additional step o be sure causal varisbles do not have too much overlap in the degree of their
cansality. Examples will help you master the concepts. One of the examples will be an extension of your abiliy to forecast the data in the ongoing Gap example. At the end of the chapter
you will learn how to use ForecastX™ to make a causal regression forecastin different ways. This depends on whether you want to specify values of the causal variables in the forecast
horizon, whather you want ForecastX™ to predict those for you, or whether you prefer a mix of these approaches. There is an sppendis to Chapter 4 (%) that explains bow you can use
regression to combine forecasts from different metkods. You will earn that often one can obtain forecast improvement by doing so.

In Chapter 63, “Explanatory Models 2: Times-Series Decomposition,” you will learn about a classical approach o forecasting. This method explicity breaks a time series of data into
individual components, with the most important in forecasting being trend, seasonality and cyele. The method forecasts each component separately and then puts them together to form a
Sorecast of the original series. Time series decomposition (TSD) is an appealing method in part because the math involved is quite simple. In fact, in days gone by, i was sctually done by
hand. One very useful result from TSD is that it generates an explicit measure of the degree of seasonality. Once more, TSD will be applied to forecasting the Gap data series.
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Chapter 7 (), “Explanatory Models 3: ARIMA (Box-Jenkins) Forecasting Models” introduces you to a method of forecasting that often out performs others. However, performance
comes with a price. That price in the case of ARIMA is overfitting. You will learn to use the power of ARIMA along with details of how 1o avoid its most serious shortcoming. ARIMA.
Sorecasts are often used as baseline forecasts allowing you to compare how other models perform compared to ARIMA.

Section 3: Analytics

In Chapter 8 (Z), “Predictive Analytics: Helping to Make Sense of Big Data Results.” you will learn the language of predictive analytics along with the new diagnostic measures that are.
commonly used by data scientists. This chapter is a deparmure from previous ones since it introduces a new and different form of prediction. The new algorithms will seem strange at first,
but their predictive power is becoming more evident each year.

In Chapter 9 (2, “Classification Models: The Most Used Models in Analytics,” you will learn that all predictive analytics algorithms can be divided into a few categories; classification.
‘models are by far the most often used of these categories. As with all prediction, there is no one model that qualifies as the “best one.” You will learn that each classification model has
fimitations as well as advantages in actual practice. These supervised learning techniques are used in a wide variety of business siniations.

Chapter 10 (. “Ensemble Models and Clustering,” continues the discussion in Chapter 9 (2) by adding new classification models to your toolkit. In that process, you will improve your
understanding of both the new diagnostic statstics and some common methods for enhancing most of the classfication algorithms. You wil also learn about 70 other classes of predictive
analytics models: association rules and cluster analysis. This will e your fist ook at “unsupervised learning.

Chapter 11 (., “Text Mining: The Use of Unstructured Data.” may seem to you to be the strangest of all the techniques you have learned. However, it also the one that allows you to
analyze the largest trove of unstructured data available: text. E-mail, blogs, social media, reviews, warranty clsims, and internet documents are maialy text. Up to this pointin your study
of predicion, that text has remained outside of your abilicy o analyze and go from data to information. In this chapter,textual data of al types becomes available as an input to many of the
algorithms you have already learned. Text mining is not so much a new algorithm s it is 2 method for introducing text aa an input to the models we already have.

In Chapter 12 (@, “Forecast/Anlytics Implementation,” you will learn some of the practical aspects of applying the knowledge learned in the first 11 chapters. In this chapter, you will
learn a nine.step procedure that can be helpful in establishine a forecasting process that works in a wide variety of orsanizations.
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QUANTITATIVE FORECASTING HAS BECOME WIDELY ACCEPTED

‘W think of forecasting as a set of tools that helps decision makers make the best possible predictions about furure events. In today’s rapidly changing business world, such predictions can
‘mean the difference between success and failure. It s not reasonable to rely solely on intuition, or one’s “feel for the situation,” in projecting future sales, inventory needs, personnel
requirements, and other important economic or business varisbles.

‘Quantiative methods have been showa to be helpful in making better predictions about the future course of events than judgments alone 2 Sophisticated computer software packages make
quantitative methods readily accessible to nearly everyone. In a survey done a decade ago, it was found that about 80 percent of forecasting vas done with quantitative methods & The trend
toward more and deeper analytics makes this even more true todsy. Sophisticated software such as ForecastX™ make it relatively easy to implement quantitative methods in a forecasting
process. There is a danger, howiever,in using forecasting software unless you are familiar with the concepts upon which the programs are based. Thus, i this text, you willlearn about a
variety of methods as well as how o implement them

This text and its accompanying computer software (ForecastX™) have been carefully designed to provide you with an

‘understanding of the conceptusl basis for many modern quantitative forecasting models, along with programs that have e
been written specifically for the purpose of allowing you to put these methods o use. You will find both the text and SEIETE DU TELE IR
the software o be extremely user-friendly. Afte studying the text and using the software to replcate the examples we e e

present.you will be sbl to forecast ssonormic and business variables ith greate sccuracy then you might now expect preparation of any forecast.

Buta word of waraing is appropriate. Do not become 5o enamored with quantitative methods and computer results that
you fail o think carefully about the series you wish to forecast.In the evolution of forecasting over the last several

decades, there have been many changes, but the move o more quantitative forecasting has been the most ramatic. This has been due primarily to the availability and quality of data and to
the increased accessibiliy of user-friendly forecasting software 4 Personal judgments based on practical experience and/or thorough reseach should alivays play an important role in the
preparation of any forecast
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FORECASTING IN BUSINESS TODAY

Forecasting in today’s business world is becoming increasingly important as firms focus on increasing customer satisfaction while reducing the cost of providing products and services. Six
‘Sigma initiatives and lean thinking are representative of moves in this direction. The term lean has come to represent an approach to removing waste from business systems while
‘providing the same, or higher, levels of quality and output to customers (business customers as well as end users). Major business costs involve inventory, raw materials, various supplies,
and final products. Through better forecasting, inventory costs can be reduced and wasteful inventory eliminated.

Twvo professional forecasting organizations offer programs specificall aimed at increasing the skill and abilites of business professionals who find forecasting an importaat part of their
job responsibiliies. The International Institute of Forecasters (ITF) offers many events at which professional forecasters share ideas with others and can participate in various tutorials and
workshops designed to enhance thei skills (https://foreeasters.org/ ). With the leadership of Len Tashman, in 2003 the IIF started a practiioner-oriented journal, Foresight: The
International Journal of Applied Forecasting, aimed at forecast analysts, managers, and students of forecasting.

The Institte of Business Forecasting (IBF) offes  variey of programs for business professonls where they can netvork with others and attend seminars and workshops to help enhance
their foresasting sills ses wvwibfLorg). Examples include the “Demand Plansing and Forecasting Best Practces Conference,” “Supply Chain Forecasting Conference.” and “Business
Forecasting Tutorials" The IBF also publishes  joucnal that ocuses o spplid foresasting issuss (T Journal of Busnes: Forecastin).

Both IIF and IBF offer forecast certfication programs. IIF offers three levels of certification as a Certified Professionl Demand Forecaster (CPDF); see sivw.cpdftraining.org. IBF offers
o fevels of certification as a Certified Professional Forecaster (CPE); see wwrw.bf.orgleertjbf.cfm. Both organizations present a variey of workshops and training sessions to prepare
business professionals for certification. After completing this course, you will have a good knowledge base to ge started toward certification from these organizations.

‘Business decisions almost alsays depend on some forecast about the course of events. Virtually every functional area of business makes use of some type of forecast. For example:

1. Accountants rely on forecasts of costs and revenues in tax planning.
2. The personnel department depends o forecasts asit plans recruitment of new employees and other changes in the workforce.
3. Financial experts must forecast cash flows to maintain solvency.

4 Production managers ely o forecasts to determine raw-material needs and the desired inventory of finished products.

5. Marketing managers use a sales forecast to establish promotional budgets

Because forecasting is wsefulin so many functional areas of an organization it is not surprising that this aciviy is found in many different areas. Consider the following survey results
concerning forecasting responsibility within their organizations:S

Functional Area  Percent Contributing  Percent That "Owa” the Forecast

Information to
the Forecast
Sales 84% 43%
Marketing 81% 31%
Finance 48% 18%
Planning 43% 2%
Production 38% %
Logistics 2% %

Purchasing 12% %
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The sales forecastis often the root forecast from which others, such as employment requirements, are derived. As early
asthe mid- 19805,  study of arge American-operatedfirms showed that foughly 94 percent made use of a sales T ————
forecast The ways in which forecastsare prepared and the mannerin which resultsare used vary considerably among i gt -

firms. requirements, sre derived

s a way of illustrating the application of forecasting in the corporate world, we will look at o examples of successes
with business forecasting. In these examples, you may see some terms with which you are not fully familiar at this time. However, you probably have & generl understanding of them, and.
when you have completed the text, you will understand them all quite well.

1.1 Comments from the Field: Post Foods

Due to & manual and high-level forecasting process, Post Foods struggled to plan production timely and accurstely. Forecasts were produced mainly by input from
the sales team, which focused on recent events, driving short-term volatilty of the forecast. Forecasts were produced at the national and monthly level, making it
difficut to plan by location of incorporate the promotional demand that drives Post’s business. To maintain customer service levels, Post was forced to drive up
inventory to compensate.

Post selected John Galt Solutions to drive & new statistical forecasting and planning process. This allowed Post to drive their forecasts by item and location, giving
the production team the detail they needed to produce an accurate plan.

In the first few months of implementstion, Post was able to reduce finished goods inventory 12 percent while maintsining customer service. With the superior
forecast accuracy, Post could plan their material requirements far into the future, ensbling them to use sophisticated hedging strategies to improve their procurement
costs and meet strategic objectives. Post has also been able to reduce the number of changes to the production schedule, making it easier for them to sustain their
plan over time and reducing cost further. In addition, by managing the planning process, Post eliminated the delays in forecast entry, gaining further efficiency and
making effective decision-making possible.

1.2 Comments from the Field: Petsafe

Since 1991, Radio Systems and their Petsafe and Invisible Fence brands have led the industry in pet training, containment, safety, and lifestyle product solutions.
Radio Systems released the world's first do-it-yourself electronic pet fence in 1991 and followed up in 1998 with the world's first wireless electronic pet fence. With
Radio Systems products, pet owners can rest secure in the knowledge that their pets are protected humanely.

During & period of rapid growth, Radio Systems recognized the importance of s one-number consensus forecast With 12 sales managers dispersed throughout the
United States and three in Europe, reconciling the forecast posed a major technical challenge. Forecast accuracy and inventory management were slso crucial, due,
to the interational sourcing of many of Petsafe’s components.

In order to improve supply chain performance, Radio Systems sought to produce a forecast that was both grounded in solid statistics and reflected the numerous.
‘opinions of the sales managers. The solution that they chose had to be sble to centralize those numerous plans from worldwide sources, be easy for the sales
managers to understand and use, and not require major installation at the oversess locations.

Petsafe determined that the Planning Portal from John Galt was uniquely able to meet their global collaboration needs. The Planning Portal's Web-based architecture
‘enables far-flung collaborators to contribute to a one-number plan without implementing a bulky software package on the client side. In addition, they obtained the
world's most advanced statistical baseline to build the consensus.

The sales team was able to pick up on the software in only a few hours, allowing Radio Systems to quickly work on producing their consensus.

Radio Systems’ planners were able to not only build a one-number consensus forecast but also to construct a formal supply and operations planning (SSOP) process.
that includes project managers and SKU directors.
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Comments from the g Issues, Ocean Spray Cranbes

Ocean Spray is one example of a company that faces many global challenges that affect forecasting.

Sean Reese, a demand planner at Ocean Spray Cranberries, Inc, summarized some issues that are particularly important for anyone involved in forecasting in &
globsl environment. First, units of measurement differ between the United States and most other countries. Where the United States uses such measures as ounces,
pounds, quarts, and gallons, most other countries use grams, kilograms, milliters, and liters. Making appropriate conversions and having everyone involved
understand the relationships can be & challengeZ

Second, seasonal patterns reverse between the Northern and Southern Hemispheres, so it makes s difference whether one is forecasting for & Northern or Southern
Hemisphere market. Third, such cultural differences as preference for degree of swestness, shopping habits, and perception of colors can impact sales. The.
necessary lead time for product and ingredient shipments can vary a great deal depending on the geographic regions involved. Further, since labels are different,
one must forecast specifically for each country rather than the system s a whole. Consider, for example, two markets that may at first appear similar: the United
States and Canada. These two markets use different units of measurement, and in Canada labels must have all information equally in both French and English. Thus,
products destined to be sold in one market cannot be sold in the other market, so each forecast must be done separately.
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FORECASTING IN THE PUBLIC AND NOT-FOR-PROFIT SECTORS

The need to make decisions based on judgments about the future course of events extends beyond the profit-oriented sector of the economy. Hospitals, libraries, blood banks, police and.
fire departments, urban transit authorities, credit unions, and a myriad of federal, state, and local governmental units rely on forecasts of one kind or another. Social service agencies such
s the Red Cross and the Easter Seal Society must also base their yearly plans on forecasts of needed services and expected revenues. The following three examples will help you see that
the importance of forecasting goes well beyond for profit businesses

A Police Department

Brooke Saladin, working with the research and planning division of the police department in a cty of bout 630,000 people, was effective in forecasting the demand for police patrol
Services.S This demand is measured by using & call-for-service workload level in units of hours per 24-hour period. After a thorough statistical analysis, five factors were identified as
influential determinants of the call-for-service work load (V)

POP  a population factor
ARR an arrest factor
AFF  an affluence factor
VAC  a vacancy factor
DEN a density factor

You will learn how to develop, evaluate, and apply multiple regression models in Chapter 5. The following multiple regression model was developed on the basis of a sample of 40 cruiser
districts in the city:

w

66 + 1.84POP + 170ARR — 0.93AFF + 0.61VAC + 0.13DEN

Using the remaining 23 croser disrct  tes his model, Salain foundthat “the absolute eorin forecasting workload sanged from 007827 to 149764, with an average of 0746182
This type of model i usfulin planniag the needs for both personnel and equipmen

The Texas Legislative Board

In Texas, the Legislative Budget Board is required to forecast the growth rate for Texas personal income, vwhich then governs the limit for state sppropriations. The state comptoller’s
office also needs forecasts of such variables as the annual growth rates of electricity sales, total nonagriculfural employment, and total tax revenues. Richard Ashley and John Guerard have
‘used techriques like those to be discussed in this text to forecast these variables and have found that the application of time-series analysis yields better one-year-ahead forecasts than nsive
constant-growth-rate models 10

Office

Dr.Jon David Vasche, senior economist for the California Legislative Analysis Office (LAO), needed to prepare economic and financial forecasting for the state. He has noted that these.
forecasts ar essentia, since the sate’s budget must be prepared long before actual economic conditions are known 11 The key features of the LAO's forccasting approach are

1. Forecasts of national sconomic variables. The Wharton econometric model is used with the adaptations tht reflect the LAO’s own assumptions about such policy variables as
‘monetary growth end national fiscal policies.

2. California economic submodel. This mode forecasts varisbles such as trends in state population, personal income, employment, and housing activity.

3. State revenue submodels. These models are used to forecast the variables that affect the state’s revenue. These include such items as taxable personal income, taxable sales, corporate
profis, vehicle registrations, and cash availsble for investment

4. Cash-flow models. These models are used to forecast the flow of revenues over time.
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In developing and using forecasting models, “the LAO has attempted to strike a balance between comprehensiveness and sophistication on the one hand, and flexibility and usability on the
other” 12 LAO's success is determined by how accurataly it forecasts the state’s revenues. In the three most recent years reported, the “average absolute value of the actual error was only
about 1.6 percent"
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FORECASTING AND SUPPLY CHAIN MANAGEMENT

In recent years, there has been increased attention to supply chain menagement issues. In @ competitive environment, businesses are forced to operate with maximum efficiency and with &
vigilant eye toward maintaining firm cost contols, while continuing to meet consumer expectations in a profitable manner. To be successful, businesses must manage relationships along.
the supply chain more fully than ever before. This can be sided by effectively using the company’s own sales organization and making forecasting an integral part of the sales and
operations planning (S&OP) process.

‘We can thik of the supply chain a3 encompassing all of the various flows betveen suppliers, producers, distributors (wholesalers, retilers, etc.), and consumers. Throughout this chain,
ach participant, prior to the final consumer, must manage supplies, inventories, production, and skipping in one form or another. For example, a manufacturer that makes cellular phones
needs a number of different components to assemble the final product and ultimately ship it to a local supplier of cellular phone services or some other retailer. One such component might
be a leather carrying case. The manufacturer of the carrying case may have suppliers of leather, clear plastic for portions of the case, fasteners, dyes, and possibly other components. Each
‘one of these suppliers has its own suppliers back one more step in the supply chain. With all of these businesses trying to reduce inventory costs (for raw materials, goods in process, and
finished products), reliability and cooperation across the supply chain becomes essential.

Forecasting has come to play an important role in managing supply chain relationships. If the supplier of leather phone cases i to be & good supply chain partaer, it must have a reasonbly
‘aceurate forecast of the needs of the cellular phone company. The cellular phone company, in turn, needs a good forecast of sales to be able to provide the leather case company with good
information. It is probably obvious that i the cellular phone company is aware of a significant change in sales for a furure period, that information needs to be communicated to the leather
case company in a timely manner.

To help make the entire supply chain function more smoothly, many companies have started to use collaborative.

forecasting systems in which information about the forecast i shared throughout the relevant portions of the supply To help make the entire supply chain function

chain. Often, in fac, suppliers have at least some input into the forecast of a business further along the supply chain in more smoothly, many companies have

such collaborative forecasting systems. 1 Having good forecasts at every stage is essential for eficient functioning of Sz s RIS R

the supply chain. systems in which information about the
forecast is shared throughout the relevant
portions of the supply chain.

At the beginning of the tex, at the very start of page
supply chain strategies, at Motts North America:

‘you read the following quote from Al Enns, director of

Toelizve tha orecssting o demsnd masagemment ey have the poteail o i more valueto & businessthan sy singl aciviey within the supply chen. 1
ot becse f you Can ge he forcedst rght, 0 hive e potenticl 0 ge versthing 1ot in 1 supply Chcin right. Bt f o an's gt the foxecast
gt then everything o o do sseatially will b sescive, 2 opposed o prosive plaaning 5

Daphney Barr, 2 planning coordinator for Velux-America, a leading mamufacturer of roof windows and skylights, has similarly observed that:

Demand lassing i th ke deiverof e upply chuin, Without ko ledgeof dermand, mansfacuing has vry il on whichto develp prodacion and

imventory lans il logidies it has iated nfrmaion and resceesto develog disirlaton pass for roducts among diffrea Sarehouses and

cusiomers. Simp s1ted, domand forscasting i he wheel hat propels 1 sl i forward ad the demand plnaer i he drvee of e orcasting
i

Py

These are two examples of the importance business professionals give to the role of forecasting.

There is another issue that is partially related to where & business operates along the supply chain that is important to think about when it comes to forecasting. As one gets closer to the
consumer end of the supply chain, the number of items to forecast tends to increase. For example, consider a manufacturer that produces a single product that is ultimately sold through
discount stores. Along the way, it may pass through several intermediaries. That manufacturer only needs to forecast sales of that one product (and, of course, the potendally many.
components that go into the product). But consider Wal-Mart, which sells the product to consumers throughout the Usited States. Just think of the tens of thousands of stockkeeping units
(SKUS) that Wal- Mart sells and must forecast. Clearly the methods tht the manufacturer considers in preparing a forecast can be much more labor intensive than the methods that Wal-
Mart can consider. An organization like Wal-Mart will be limited to applying forecasting methods that can be easily automated and can be quickly spplied. This is something you will want
to think about as you study the various forecast methods discussed in this text.
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COLLABORATIVE FORECASTING

The recognition that improving functions throughout the supply chain can be sided by sppropriate use of forecasting tools has led to increased cooperation mong supply chain partners. In
the simplest form, the process i as follows: A manufacturer that produces a consumer good computes its forecast. That forecast is then shared with the retailers that sell that product to
end-use consumers. Those retailers respond with any specific knowledge that they have regarding their future intentions related to purchases based on known promotions, programs,
shutdowns, or other propristary information about which the manufacturer may not have had any prior knowledge. The manufacturer then updates the forecast including the shared
information. In this way, the forecast becomes a shared collaborative effort between the partes.

All pardicipants in the supply chain stand to benefit. With so much to gain, it's no wonder that there are many companies that have successfully implemented collaborative forecasting
‘partnerships. Companies that have adopted collaborative forecasting programs have generally seen very positive results

The value of information sharing has been documented in many studies. Consider one such study of a smal to midsized reaile with about 1 billon in eemual ssles. This rtailer operates
at more than 20 locations each with multiple retal outlets including department stores, mass merchandisers, and convenience stores. As a result of sharing information in the supply chain,
the retiler achieved supply chain savings at the t70 bigzest locations of about 15 percent and 33 percent 17

To effectively use collaborative planning, forecasting, and replenishment (CPFR), a company must be prepared to share information using electrorie data transfer via the Internet. A
‘umber of software developers offer programs that are designed to create that data link between parties. It i this link to electronic data and the use of the Internet that s the first hurdie
companies must overcome when considering CPFR. A company needs to be committed to an electronic data platform including available hardware, software, and support staff. Depending
on the size of the company and the complexity of the integration, the amount of resources can vary greatly.

One of the most interesting problems to consider when establishing & collaborative relationship is how 1o deal with a nonparticipant. That i, if a manufacturer sells to fwo customers—one
that enters the collaborative relationship and one that doesn't—are they both entitled to the bensfits that result? At the center of the issu s the preferential delivery of goods to the
customer with the collaborative relationship. If that customer is guaranteed first delivery of goods over the nonparticipating customer, then the nonparticipant bears nearly all the risk of
stock-outs,

Information surrounding collaboration, such as new product launches and special promotions, is very sensitive and could be at risk. Securing this information and ensuring that it doesn't
become public knowledge add to the importance of the job of the software administrator. At the very least, the issu of confidentiality must be addressed between the parties, and proper
‘measures should be putin place to ensure all parties are satisfied that their interests are protected.
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COMPUTER USE AND QUANTITATIVE FORECASTING

In today’s business environment, computers are at the heart of business analytics, including forecasting. The widespread availability of computers has contributed to the use of quantitative
Sorecasting techniques, many of which would not be practical to carry out by hand. Most of the methods deseribed in this text all into the realm of quanitative forecasting techriques that
are reasonable to use only when appropriate computer softwae i available. A number of software packages, at costs that range from about $100 to many thousands of dollars, are currently
‘marketed for use in developing forecasts. You will find that the software that accompanies this text will enable you to apply the most commonly used quantitative forecasting techniques to
data of your choosing

The use of personal computers in forecasting has been made possible by rapid technological changes that have made deskiop and laptop computers very fast and capable of storing and
‘processing large emounts of data. User-friendly software makes it easy for people to become proficient in using forecasting and other analytic programs in & short period of time. The
dominance of PC forecasting software s clear at the annual meetings of the major forecasting associations. At these meetings various vendors of PC-based forecasting software packages
display and demonstrate their products.

‘The importance of quantitative methods in forecasting has been siressed by Charles W. Chase, Jr, who was formerly director of forecasting at Johnson & Johnson Consumer Products, Inc.,
and now s at the SAS Institute, Inc. He says, “Forecasting is a blend of science and art. Like most things in business, the rule of 80/20 applies to forecasting. By and large, forecasts are
driven 80 percent mathematically and 20 percent judgmentally. 1%
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QUALITATIVE OR SUBJECTIVE FORECASTING METHODS

‘Quanitative techniques using the power of the computer have come to dominate the forecasting landscape. However, there s a rich history of forecasting based on subjective and.
judgmental methods, some of which remain useful even today. These methods are probably most appropriately used when the forecaster i faced with a severe shortage of The model
developed by Basshistorical data and/or when quantitative expertise is not available. In some situations, a judgmental method may even be preferred to & quantitative one. Very long range
Sorecasting is an example of such & situation. The computer-based models that are the focal point of this text have less applicabiliy to such things as forecasting the type of home
entertainment that will be available 40 years from now than do those methods based on expert judgments. In this section, several subjective o judgmental forecasting methods are
reviewed.

Sales Force Composites

The sales force can be a rich source of information about future trends and changes in buyer behavior. These people have daily contact with buyers and are the closest contact most firms
have with their customers. If the information available from the sales force is organized and collected in an objective manner, considerable insight into future sales volumes can be
obtined.

Mernbers of the sales force are asked to estimate sales for each product they handle. These estimates are usually based on each individual’s subjective “feel” for the level of sales that would
be reasonable in the forecast period. Often a range of forecasts will be requested, including a most optimistic, a most pessimistic, and a most likely forecast. Typicall, these individual
projections are sggregated by the sales mansger for a given product line and/or geographic area. Ultimately, the person responsible for the firm’s total sales forecast combines the product-
line and/or geographic forecasts to arrive at projections that become the basis for a given planning horizon.

‘While this process takes advantage of information from sources very close to actual buyers, a major problem with the resulting forecast may arise if members of the sales force tend to
‘underestimate sales for their product lines and/or terrtories. This behavior is particularly likely when the salespeople are assigned quotas on the basis of their forecasts and when bonuses
are based on performance relative to those quotas. Such a downward bias can be very harmeul to the firm. Scheduled production runs are shorter than they should be, raw-material
inventories are too small, labor requirements are underestimated, and in the end, customer ll willis generated by product shortages. The sales manager with ultimate forecasting
responsibility can offset this downsvard biss, but only by making judgments that could, in tarn, incorporate other biss into the forecast

Surveys of Customers and the General Population

In some situations, it may be practical to survey customers for advanced information about their buying intentions. This practice presumes that buyers plan their purchases and follow
through with their plans. Such an assumption is probably more realisic for industrial sales than for sales to households and individuls. It i also more realistc for big-ticket items such as
ars than for convenience goods such & toothpaste or tennis balls

‘Survey data concerning how people feel about the economy are sometimes used by forecasters to help predict certain buying behaviors. One of the commonly used messures of how people
Seel about the economy comes from 2 monthly survey conducted by the University of Michigan Survey Research Center (SRC). The SRC produces an Index of Consumer Sentiment
(UMICS) based on a survey of individuls, 40 percent of whom are respondents who participated in the survey six months earlier and the remaining 60 percent new respondents selected.
on a random basis. This index has is base period in 1966, when the index was 100. High values of the UMICS indicate more positive feelings about the economy than do lower values.
Thus, if the UMICS goes up, one might expect that people are more likely to make certain types of purchases.

Jury of Executive Opinion

‘The judgments of experts in any area are a valuable resource. Based on years of experience, such judgments can be useful in the forecasting process. Using the method known as the fury of
‘exccuive opinion, a forecast is developed by combining the subjective opinions of the managers and executives who are most likely to have the best insights about the firm’s business. To
provide a breadih of opinions, it is useful to select these people from different functionsl areas. For example, personnel from finance, marketing, and production might be included.

The person responsible for making the forecast may collect opinions in individual interviews or in a meeting where the participants have an opportunity to discuss various points of view
‘The latter has some obvious advantages such as stimulating deeper insights, but it has some important disadvantages s well. For example, if one or more strong personlities dominate the
‘eroup, their opinions will become disproportionately important in the final consensus that is reached.
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The Delphi Method

‘The Delphi method is similar to the jury of executive opinion in taking advantage of the wisdom and insight of people who have considerable expertise about the area to be forecast. It has
the additional advantage, however, of anonymity among the participants. The experts, perhaps five to seven in mumber, never meet to discuss their views: none of them even knows who
else is on the panel

‘The Delphi method can be summarized by the following six steps:

1. Participating panel members are selected.
2. Questionnaires asking for opinions about the variables to be forecast are disributed to panel members

3. Results from panel members are collected, tabulated, and summarized.

4 Summary results are distributed to the panel members for theirrevier and consideration.

5. Panel members revise their individual estimates, taking account of the information received from the other, unknown panel members
6. Steps 3 through 5 are repeated until 10 significant changes result

Through this process, there is usually movement toward centrality, but there is no pressure on pans] members to alter their original projections. Merbers who have strong reason to believe
that their original response is corret, no matter howw widsly it differs from others, may freely stay with it Thus, in the end, there may not be a consensus.

‘The Delphi method may be superior to the jury of exeutive opinion, since strong personalities or peer pressures have no influence on the outcome. The processes of sending out
questionnaires, getting them back, tabulating, and summarizing has been made much more eficient by using Internet-based processes.

Some Advantages and Disadvantages of Subjective Methods

‘Subjective (ie., qualitative or judgmental) forecasting methods are sometimes considered desirable because they do not require any particular mathematical background of the individuals
involved. As future business professionals, like yourself, become beter trained in quantitative forms of analysis, this advantage will become less important, Historically, another advantage
of subjective methods has been their wide acceptance by users. However, our experience suggests that users are increasingly concerned with how the forecast was developed. and with most
subjective methods, it is difficult to be specific in this regard. The underlying models are, by definition, subjective.

This subjectivity is nonetheless the most important advantage of this class of methods. There are often forces at work that cannot be captured by quantitative methods. They can, however,
be sensed by experienced business professionals and can make an important contribution to improved forecasts. Wilson and Allison-Koerber have shown this dramatically in the context of
Sorecasting sales for & large tem of food-service equipment produced by the Delfield Company.? Quantitative methods reduced error to about 60 percent of those that resulted from the
subjective method that had been in use. When the less accurate subjective method was combined with the quantitative methods, errors were further reduced to about 40 percent of the level
when the subjective method was used alone. It s clear from this result, and others, that there is often important information content in subjective methods.
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NEW-PRODUCT FORECASTING

‘Quanitative forecasting methods, which are the primary focus of this text, are not usually well suited for predicting sales of new products, because they rely on a historical data series for
‘products upon which to establish model parameters. Often judgmental methods are better suited to forecasting new-product sales becanse there are many uncertainties and fex known
relationships. However, there are ways to make ressonable forecasts for new products. These typically include both qualitative judgments and quanitative tools of one type or another. One.
way to deal with the lack of known information in the forecasting of new products s to incorporate @ modified version of the Delphi method.

Using Marketing Research to Aid
New-Product Forecasting

Various market research actividies can be helpful in new-product forecasting. Surveys of potential customers can provide useful preliminary information sbout the propensity of buyers to
adopt a new product, Test-market resuls and results from the distribution of free samples can also provide estimates of initial sales. On the basis of predictions about the mumber of initial
innovators who will buy a product, an S-shaped market-penetration curve can be used to forecast diffusion of the new product throughout the market.

‘Whitark, Geurts, and Stwenson have used customer purchase intention survey's as a ool to help prepare forecasts of new products 20 They describe a three-step process that starts with the
identfication of a demographic profie of the target market, then the probability of purchase is estimated from survey data, and finally a forecast is developed by combining tis probability
with information on the size of the target market. A sample of consumers from the target markt i asked to respond to an intent.to-purchase scale such a: definitely will buy: probably will
buy; might or might not buy: probably will not buy: and definitely will ot bu. Probabiliies ae then assigned to each of the intention-to-buy categories, using empirical evidence from a
Longitudinal stady of members of the target market covering & length of time comparable to the length of time for the proposed forecast horizon. An example of these probabilities for 2
three- and a six-month time horizon i shows in Table 1.1 0. Note that the probabilties of purchace increase a the time horizon increases.

TABLE11 Probabilities Assigned to Purchase Intention Categories

Intention-to-Purchase Three-Month Six-Month
Category Time Horizon Time Horizon
Definitely will buy. 64% 5%
Probably will buy 3 55
Might or might not buy. 5 2
Probably will not buy. 2 B
Definitely will not buy 1 4

Source Wil Doy . Geurts,Micho! D, ar Swenion, Michael L e PrsuctForeasing wih s Purshase Iienon ey Journalof Business Forecasting 10 v 3 (a1 1993, g5 16-21.

Applying this method to two products produced good results. For the first product, the three-month forecast purchase rate was 2.9 percent compared with an actual purchase rate of 2.4
‘percent In the six-month time horizon, the forecast and sctul rates were 15.6 percent and 11.1 percent, respectively. Similar results were found for a second product. In the three-month
horizon, the forecast and actual percents were 2.5 percent versus 1.9 percent, while in the six-month forecast horizon, the forecast was 16.7 percent and the actual was 16.3 percent,
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The Product Life Cycle Concept Aids in New-Product Forecasting

The concept of a product i cycle (PLC), such as is shown in Figure 12 (2. can be a useful framework for thinking about new-product forecasting. During the introductory stage of the
‘product life cycle, only consumers who are classified s “innovators” are likely o buy the product. Sales start low and increase slowly at first; then, near the end of ths stage, sales start o
increase at an increasing rate. Typically productsin this introductory stage are associated with negative profit margins s high front-end costs and substantial promotional expenses are
incurred.

“The Product Life Cycle

Growth

Maturity

Sal

Introduction

Time

FIGURE 1.2 A product itecyele curve.

s the product enters the growth stage of the lfe cycle, sales are stil increasing at an increasing rate as “early adopters” enter the market. Eventually, in this stage the rate of growth in
sales starts to decline and profits typically become positive. Near the end of the growth stage, sales growth starts to level off substantilly as the product enters the maturity stage. Here
profits normally reach the maximum level. Businesses often employ marketing strategies to extend this stage as long as possible. However, all products eventually reach the stage of decline
in sales and are, at some point, removed from the market (such as Oldsmobile cars, which had been in the automobile market for a century).

‘This notion of a product ife cycle can be applied to & product class (such as personal passenger vehicles), to & product form (such as sport utilty vehicles), or o a brand (such s the GMC.
Yukon). Product lfe cycles are not uniform in shape or duration and vary from industry to industry. For high-tech electronic products, life cycles may be as short as six to nine months. An
example would be a cell phone.

The forecasting approach that is best will vary depending on where a product or product class i in the life cycle. Once the mid-to-late growth stage is reached, there is probably sufficient
historical data to consider a wide array of quantitative methods. The real forecasting problems oceur in the introductory stage (or in the preintroductory product development stage). Here
the forecaster finds traditional quantitative methods of limited usefulness and must often turn to marketing research techniques and/or qualitative forecasting techniques.
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Test Marketing

Test marketing involves introducing & product to & small part of the total market before doing a full product roll-out. The test market should have characteristics that are similar to those of
the total market along relevant dimensions. For example, usually we would look for a test market that has a distribution similer to the national marketin terms of age, ethnicity, and income,
s well as any other characteristics that would be relevant for the product in question. The test market should be relatively isolated in terms of the product being tested to prevent product
andfor information flow to or from other areas. For example, Kansas City, Missouri, would not usually be & good test market because there would be a good deal of crossover befween
‘Kansas City, Missouri, and Kansas City, Kansas. Indianapolis, Indians, on the other hand, might be & better choice of a test market for many types of products because it has a demographic
mix that is similar 1o the entire country and is relatively isolated in the context discussed here. Suppose we do & test market in one or more test cities and sell an average of 1.7 usits per
10,000 bouseholds. I, in the total market, there are 100 million households, we might project sales to be 17,000 units ([1.7 = 10,000] x 100,000,000 = 17,000). The cost of doing a local
roll-out s far less than & national roll-out and can provide significant new information.

Product Clinics

The use of product clinics is a marketing research technique in which potential customers are invited to a specific location and are shown a product mock-up or prototype, which in some
situations is essentially the final product. These people are asked to “experience the product,” which may mean tasting  breakfast cereal, using a software product, or driving a test vehicle.
Afterward, they are asked to evaluate the product during an in-depth personal interview and/or by filling out 2 product evaluation survey. Part of this evaluation would normally include
some measure of likelihood to purchase the product. From these results, a statistical probability of purchase for the population can be estimated and used to predict product sales. The use
of in-home product evaluations is a similar process. A panel of consumers is asked to try the product at home for an approprite period of time and then is asked to evaluate the product,
including an estimate of ikelirood to purchase.

Type of Product Affects New-Product Forecasting

All products have life cycles and the cycles have similar patterns, but there may be substantial differences from one product to another. Think, for example, about prodcts that are fashion.
items or fads in comparison with products that have real staying power in the marketplace. Fashion items and products that would be considered fads typically have  steep introductory.
stage followed by short growth and maturity stages and a decline that is also very steep.

The Bass Model for New-Product Forecasting

The Bass model for sales of neo procducts, first published in 1969, is probably the most notable model for nerw-product forecasting. Its importance s highlighted by the fact that it was
republished in Management Science in December 200424 This model gives rise o product diffusion curves that look like those ilustrated in Figure 1.3 @ . The Bass model was originally
developed for application only to durable goods. However, it has been adapted for use in forecasting a wide variety of products with short product lfe cycles and new products with limited
historical data.
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The model developed by Bass s
S =pm+(g=p)* ¥~ @m) * v}
Where:

S¢= Sales at time period 1
= Probability of initial purchase at time ¢ = 0. This reflects the importance of innovators and is called the coefficient of innovation.

m = Number of initial purchases of product over the life cycle (excludes replacement purchases).

g = Coefficient of imitation representing the propensity to purchase based on the number of people who have already purchased the product.
¥, = Number of previous buyers at ime .

‘The values for p, g, and » can be estimated using a statisical tool called regression analysis, which is covered in Chapters 4,
‘model s

of this text. The algebrsic form for the regression

5

a+bY +et
From the regression estimates for 2, b, and ¢ the values of p. g, and : can be derived. Note tat:
a=pm

b= q-p
~aqim

Bass shows that

p=alm —meand  m=(-bx (b —dac" e

Getting the estimates of the three parameters in the Bass model s the difficult part.If the product s entirely new and in a prelaunch stage, we might gather data for an analogous product
Sor which  sales history is known, such a5 a previous model of a cell phone. Once the product has been launched, knowing even four or five values of sales we can get preliminary
estimates of the parameters. As a sales history develops, these estimates can be refined.

Forecasting Sales for New Products That Have Short Product Life Cycles

In an age of rapid change there are many products that have short product life cyeles. This is especially true of high-tech products for which technological change andlor marketing
strategies make products obsolete relatively quickly. Cell phones would be a good example. New cell phones with a variety of enhancements seem to appear almost weekly. Such products
‘may have & fife cycle of perhaps 12 to 24 months, which means that there is litle time to gather historical data upon which to base a forecast. It also means that the initial forecasts are
exceptionally important because there is less ime to recover from either over- or underprojecting sales.

‘The life cycle for this type of situation may look something like that shown in Figure 1.4 (7). Upon introduction, sales are typically high then drop quickly, level out to a slower rate of
decline for some period, followed by a more rapid drop to the end of the product’s life eycle (EOL). We illustrate ths in Figure 1.4 for a product with & 20-month PLC. The data shown in
such a graph can frequently be developed by looking at the historic PLC for similar products, such as past generations of cell phones 2
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‘Suppose that we know that there has been & seasonal pattern for similar products in the past. Based on this knowledge, a natural bump to sales can be expected during the back-to-school
‘period in August and September, followed by incressed buying during the holiday season and another bump when people gt tax returns in March. Based on knowledge from past product
introductions, the seasonl indices are estimated to be:

August, 115
September, 110
November, 1.10
December, 1.30
March, 1.05

‘You will see how such seasonal indices are computed later in the text. A complete list of the seasonal indices (SI) for this product is shown in Table 12
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TABLE12 Modifying a Baseline Foreeast for a Product with a Short PLC (<122
The baseline forecast for each month i multptied by the seasonal inder for that month (SI) as well 2 by factorsthat represent the percentage change in sales expected from other factors
such as price cut (P) or various promotional strategies (H and S). The influence of factors such aa SL P, H. and § could be additive f they are expressed in number of units rather than a6 &
percent adjustment. (128445 (@)

Baseline PLC Price Cut  Holiday Promotion  School Promotion ~ After ST AfterSI&P  AfterSLP,.&H  Afler SLPH, &S
Month Sales st ® [ © Adj Adj Adj Adj
Tun 0 050 100 100 100 000 000 000 000
T 1500 050 100 100 100 120000 120000 120000 120000
Aug 1200 L5 100 100 105 138000 138000 138000 144900
sep L170 10 100 100 105 128700 128700 128700 135135
ot 1140 0% 115 100 100 102600 117990 117990 117990
Nov L110 10 110 110 100 122100 134310 147741 147741
Dec 1,080 130 105 110 100 140400 147420 118 Le2162
Jan 1,050 065 100 100 100 68250 66250 68250 66250
Feb 1020 070 100 100 100 71400 71400 71400 71400
Mar %0 105 100 100 100 103950 103950 103950 1,039.50
Apr %60 08 100 100 100 51600 51600 51600 51600
May 930 050 100 100 100 74400 74400 74400 744,00
Tun 200 050 100 100 100 72000 72000 72000 72000
T 795 050 110 100 100 6600 69960 960 699.60
Aug 60 Ls 10 100 104 793.50 83318 83318 56650
sep 585 10 100 100 104 64350 64350 64350 66924
ot 450 0% 100 100 100 43200 43200 43200 4200
Nov 375 10 100 105 100 41250 41250 FEES ECRES
Dec 270 130 100 105 100 35100 35100 36855 36855
Jan 165 065 100 100 100 10725 10725 10725 10725
Feb 0 070 100 100 100 ) ) ) 0

We can also insorporate the masketing plans fo the product into the PLC forecast. Suppose that the markeing mix forthe productcals for  skimming introdctory price folloved by &
price ot thres months afer the product aunch. This price cut is expected toincrease sals by 15 pereent the fist month of the cut (October, i our example),folowed by 10 and 5 percent
increasesin tae folowing tvo months (November and December),afer which time the market has folly acjusted to the price drop. A simila price cut i planed for tae followiag uly to
help prop up sles 5 th lfscycle moves into & more agid s of decline. Typically. a pric cut this ate inthe PLC hs les effct as can be seea in Table 12 (7
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In addition, two promotional campaigns are planned for the product: one designed to promote the product as a holiday gift. and the other to communicate the benefits to students of having
the product as the school year gets under way. The holiday promotion is expectad to have 10 percent lift in both the first November and December and a 5 percent lift the next holiday
season. The backto-school promotion is expected to add 5 percent to sales the first August and September and 4 percent at the beginning of the following school year.

These seasonal and marketing mix constructs are used to adjust the baseline new-product ife cycle, s llustrated in Table 12 (7). The baseline forecast i first multiplied by the seasonal
indices, then by the factors representing the expected effect of each part of the marketing mix. Additional marketing mix relationships, such as distribution and awareness strategies, could.
be included in & similar manner.

‘The sales forecast based on the seasonal adjustment (the column headed “After SI Adj") is found by multiplying the baseline forecast by the seasonal indices (SI). The baseline forecast and
the seasonally adjusted forecast are shown in the top of Figure 1.5 (@) Each subsequent adjustment for marketing mi elements is done in a similar manner until the final adjusted forecast
is developed. This final forecast is shown in the right-hand column of Table 1.2(@) . The baseline and final adjusted forecast are shown in the bottom graph of Figure 15
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A SIMPLE NAIVE FORECASTING MODEL

“The simplestof allforecasting methods is to sssume thatthe next period willbe identical to the present. You may have used this method often in deciding what clothes to wear If you had
ot heerd s professional weather forecast, your decision sbout todays weather might be based on the westher you observed yesterday. If yesterday was clear and the temperatuze was TO°F,
you might assume today to be the same. f yesterday was snowy and cold, you might expect a similer wintry day today. In act, without evidence to suggest therwise, such 8 weather
forecastis quite ressonable. Forecasts based solely on the mos secent observation of the variable of interest are often eferzed to 33 “naive forecasts.

In this sction, we will s the naive metiod to forecast the montly value of the Usiversiy of Michigan Index of Consumer Sentiment (UMICS). For this exaple, we use dats from
Janary 2016 through Deceber 2016, These data are given and shown graphicaly ia Figure 1.6 (. In both forms of presentation, you can see that the UMICS varied considersbly
throughout this period, from a low of 87.2in October 2016 to  high of 98.2in December 2016, The fluctustions in most economic snd business series (variables) are wsually best see
after converting the data into graphic form, as you seein Figure 1.6 . You should develop the habit o observing data in graphic form when forecasting

UMICS
100

98
96 -
94
92
90
88 4
86 1
84 H
82

FIGURE 16 University of Michigan Index of Consumer Sentiment (UMICS). (116 @ c1f7 @ 163 )
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Date unMICs

Jea2016 920
Eeb2016 017
Mar2016 10
Ape2016 20
May-2016 047
Jua2016 95
2016 %00
Aug2016 00
Sep2016 912
02016 572
Nov2016 95
Dec.2016 92
1aa.2007

‘The simplest nive forecasting model, in which the forecast value s equal o the previous observed value, can be described in algebraic form as follows:
Fi=dey

where F, represents the forecast value for time period f and A,_; represents the observed value one period earlier (f — 1). In terms of the UMICS data we wish to forecast, the model may be
writien as:

UMICSF, =

IMICS,

where UMICSF, is the University of Michigan Index of Consumer Sentiment naive forecast at time period £ and UMICS,_ i the observed Usiversity of Michigan Index of Consumer
‘Sentiment oe period eartie (¢ ~1). This naive forecast was done using Excel. The results are shown in Table 13 (2)
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TABLE13 The Actual UMICS and a Naive Forecast of the UMICS (See clf6

17 @ 163 @).

Table 13 (Sec c1t6 @ c107@ c1t3 @)
Date umICcs Naive Forecast
Jan-2016 2

Feb-2016 917 2

Mar2016 91 917

Apr2016 8 91

May-2016 947 8

Jun-2016 95 947

ul-2016 % 95
Aug-2016 8938 %

Sep-2016 912 8938

0ct2016 872 912
Nov-2016 938 872

Dec-2016 982 938

Jan-2017 982
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FIGURE 17. The Universiy Tndes of Consumer Sentiment (CMICS) and a naive forecast, Note hor:the aive foreoat (docied line)Lagsthe asual values (sold ine). (c106(3 167 @) €163 @)

Note that each forecast value simply replicates the actual value for the preceding month. The results are presented in graphic form in Figure 1.7 (3, which clearly shows the one-period
shift betsveen the o series. The forecast for every month i exactly the same as the actual value forthe month before.
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EVALUATING FORECASTS

Yo have now looked at  forecass o the Univesity of Michigan Tndes of Consumer Sensissent. Hovr &0 we evaluate how well tht fvesast o any other,actually works? One can ot el
o sisuple visusl inspection of the actual values and the predicted values in & graph such as Figure 17 ()

We ned some way to evaluate the accuracy of forecasting models over a number of periods 5o that we can idenify the.

model that generaly works the bst. Among & numberof possble cieiathat coud b used, sven common ones are It rare o ind one model that s ahvays best
the mean error (M), the mean absolute error (MAE), the mean percentage ertor (MPE), the mean sbsolute percentage. T T SR D e R T E
error (MAPE), the mean-squared error (MSE), the root-mean-squared error (RMSE), and Theil’s U. We will focus A

‘mainly on MAPE, which is widely used by professional business forecasters

To illustrate how each of these is calculated, et

¢ = Actual value in period ¢

Fr= Forecast value in period ¢

n = Number of periods used in the calculation

1. The mean error i caleulated as:

(- F
Mg = ZAF)
n

2. The mean absolute error i then calculated as:

3. The mean percentage erroris caleulated s:

4. The mean absolute percentage exror s calculated a:
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5. The mean-squared error is calculated as:

@ -FR?
0

MSE =

6. The root-mean-squared error is:

T
RMSE = | 24

7. Theil’s U can be calculated in several ways, two of which are shown here.

VIR sS4 - A

RMSE (model) + RMSE (no-change model)

U

]
[

‘The no-change modsl used in calculating Theil's U is the basic naive forecast model described above, in which Fr = /1.

For criteria one through six, lower values are preferred to higher ones. For Theil's U, a value of zero means that the model forecast perfectly (1o error in the numerator). If U < 1, the
‘model forecasts better than the consecutive-period no-change naive model; if U = 1, the model does only as well as the consecutive-period no-change naive model; and if U > 1, the model
oes not forecast as well as the consecutive-period no-change naive model.

The MAPE forthe forecast of tae University of Michigan Index of Consumer Seatimess i shown in Table 1.4 € From this, w ses thaton average, there was an error of 2.95 pereeat.
Note that by using sbsofute values (values thatignore the algebraie sga), posiive and negative erors do not cancel each other out. Thers could be a very bad forecast with a zero mean,
ector since posiive and negative valuzs could potenialy add to ero. Because the MAPE is calculaced with absolute values, this problem i averted.
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TABLE14 Calculation of the Mean Absolute Percentage Error (MAPE) (c1t4 (Z))

Date uMICS = A Naive Forecast = F Error (A-F) Absolute Error Absolute % Exror (Absolute Error/ A)*100
Jen-2016 9 Na Na Na Na
Feb-2016 017 9 03 03 033
Mar-2016 o1 017 o7 07 077
Apr2016 8 o1 E) 2 225
May-2016 047 8 57 57 602
Tun-2016 935 047 12 12 128
L2016 % 935 35 35 280
Aug2016 R % 02 02 022
Sep-2016 012 R 14 14 154
0ct.2016 872 012 4 4 459
Nov-2016 B 872 66 66 7.04
Dec-2016 982 B 44 44 448
Jan-2017 Na 982 Na Na Na

‘This MAPE of 2.95 percent is neither good nor bad. It is just one commonly used metric that allows us to compare different forecasts. Of course, a lower MAPE is preferred to & higher
MAPE.

Mean error (ME) and mean percentage error (MPE) are not often used as measures of forecast accuracy because large positive errors (4, > 7 can be offsct by large negative errors (4, <
F9. T fact, a very bad model could have an ME or MPE of zero. ME and MPE are, however, very useful as measures of forecast biss. A negative ME or MPE suggests that, overall, the
forecasting model overstates the forecast, while a positive ME or MPE indicates forecasts that are generally too low

The other measures (MAE, MAPE, MSE, RMSE, and Theil's U) are bet used to compare alterntive forecasting models for  given series. Because of ifferent units used for various
Seris. only MAPE and Thei's U should be inecpreted across sries. For example, a sales series ey be in thowsands of unis, while the prime interst rie i peroentage. This, MAE.
MSE, snd RMSE would be lose fo mmodls used to forecastth prime race than fo those used o forecast sl

Throughout this text, we will focus on the mean absolute percentage error (MAPE) to evaluate the relative accuracy of various forecasting methods. The MAPE is easy for most people to
interpret because of its simplicity and it is one of the most commonly used measures of forecast accuracy.

All quantitative forecasting models are developed on the basis of historical data. When measures of accuracy, such as MAPE, are applied to the historical period, they are often considered
‘measres of how well various models fit the data (e, how well they work “in sample”). To determine how aceurate the models are in actual forecasts (“out of sample”), a holdout period
is often used for evaluation. It may be that the best model “in sample” may not hold up as the best “out of sample ” It is common to test modsls for their accuracy by preparing forecasts for
which actual values are known and see how the MAPE (cr other metric) compares when calculated on data that wes not sed in developing the forecast. For example, if one has cight years
of quartery data,they might not use (nold out) the last four quarters and use those values as 2 true test o the forecast model's accuracy. Once they find the model that works best for the
out of semple data, they would redo the forecast using all eight years of quarterly date. This helps us in selecting an appropriate model.
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USING MULTIPLE FORECASTS

‘When forecasting sales or some other business or economic varisble, it is usually a good idea to consider more than one model. We know it is unlikely that one model will always provide
the most accurate forecast for any series. Thus, it makes sense to “hedge one’s bets,” in a sense, by using two or more forecasts. This may involve making a “most optimistic,” a “most
‘pessimistic,” and a “most likely” forecast. Suppose that we have o forecasts. We could tak the forecast with the lowest MAPE as the most optimistic, the forecast with the highest
MAPE s the most pessimistc, and the average value s the most likely. The latter can be calculated s the mean of the to other forecast values in each month. That is

UMICSFI+UMICSF2

Most likely forecast = 3

This s the simplest way to combine forecasts. Actually, it is unlikely that the simple mean will provide the best combination of forecasts. Later we will see one way of determining the
optimal weights for each forecast in the combination.

The purpose of a number of stadies has been to identify the best way to combine forecasts to improve overall
accuracy. After we have covered a wider array of forecasting models, we will come back to this issue of combining
different forecasts (see the sppendi to Chapter 5 (7)), For now, we just want to call attention to the desirability of
using more than one method in developing any forecast. In making a final forecast, we agein stress the importance of
using well-reasoned judgments based on expertise regarding the series under consideration.

In making  finsl forecast, we again stress the
importance of using wellreasoned judgments.
based on expertise regarding the series
under consideration.
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SOURCES OF DATA

‘The quantity and type of data needed in developing forecasts can vary a great deal from one situation to another. Some forecasting techniques require only the data series that s to be
Sorecast. These methods include the naive method discussed above, as vl as more sophisticated time-series techriques such as time-series decomposition, exponential smoothing, and.
ARIMA models, which will be discussed in subsequent chapters of this text. On the other hand, muldiple-regression methods require a data series for each varisble included in the
Sorecasting model. This may mean that a large number of data series must be maintained to support the forecasting process.

‘The most obvious sourees of data are the internal records of the organization itself. Such data include unit product sales histories, employment and production records, otal revenue,
shipments, orders received, inventory records, and so forth. However, it is surprising how often an organization fail to keep historical data in a form that facilitates the development of
Sorecasting models. Another problem with using internal data is getting the cooperation necessary to make them available both in & form that s useful and in a timely manner. As befter
information systems are developed and made available, internal data will become more useful in the preparation of forecasts.

For many types of forecasts, the necessary data come from outside the firm. Various trade associations are a valuable source of such dat, which are usually available to members ata
‘nominal cost and sometimes to nonmembers for a fee. But the richest sources of external data are various governmental and syndicated services (such as Prevedere, discussed in Chapter
5@,

‘You will find a wealth of data available on the Internet 2 Using various search engines, You can uncover souraes for most macrosconomic series that are ofinterest 1o forecasters.




image35.png
FORECASTING TOTAL NEW HOUSES SOLD

In cach chapter of the text where nev forecasting techniques are developed, we will apply at least one of the new methods to preparing a forecast of total new houses sold in the Uited
States (TNHS). As you will see, there is a fair emount of variabiliy in how well ifferent methods work for this very important economi series. The data we will be using are shown

sraphicaly in Figure 1.5(% . A5 you ses from the praph, we have morsly TNHS from Jamusry 2010 throgh Decemmber 2016, The data represeat slesin thousands of units and have ot
been sessonlly adjusted

60 Total New Houses Sold (000)
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FIGURE 18 Total new houses sold (TNHS). This graph shows TNES in thousands of usits pr month from Jasuary 2010 through December 2016, (1582 )
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In Figure 1.9 3. you see ho a naive forecast looks for total nes houses sold in the United States. At fist, you might think it looks pretty good because the actual and forecast ines
appear o be fairy close. The problem is that our eyes can be deceiving. We may only see the horizontal difference betsveen the lines. However,the errors are the vertial distances berween

the lines at each observation. Looking at the graph this way, we se that the errors are quite large. When data are seasonal, such as TNHS, a naive model will ypically make for very poor
forecasts.

60 = TNHS and a Naive Forecast
50

40

104 —— TNHS (000)
=== Naive Forecast (000)
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FIGURE 19 Total new houses sold (TNTES) and  naive forecast. Thi grsph shores TNES i thousaads of saits per month from January 2010 through Deseamber 2015, sloag with 2 aaive foresase. (c109 @)
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STEPS TO BETTER TIME SERIES FORECASTS

Tudgmental or qualitative forecasts rarly are &5 good as forecasts based on quantittive methods. Figure 1.10 (@) shows a hiearchy of time series forecast methods starting at the bottom
it the methods thatare least likely to provide good forecasts. As one moves up and o the right,the methods become more sophisticated and generlly can provide better forecasts when
applisd to data series for which they are appropriate.In Chapter 2@, we provide more guidance sbout slection of sppropriste methods.

STEPS TO IMPROVED TIME SERIES FORECASTS

. Causal Models
Aim to be here. Multiple Regression

Higher Level
Exponential Smoothing

Even better forecasters

are here. .
Holt’s and Winters’

Simple Quantitative
Moving Averages & Simple Better forecasters are here.
Exponential Smoothing

(+)

Judgmental Some forecasters are still here.

FIGURE 110 Stepe to improving forecasts of time eries data.
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INTEGRATIVE CASE: FORECASTING SALES OF THE GAP

Background of the Gap and Gap Sales

‘We will be using The Gap sales in an integrative case at the end of most chapters. In these chapters, concepts from the chapter will be applied to this sales series. In this chapter, we provide
an overview of the company as well as of applying & forecasting concept.

The first Gap store was openad in 1969 by founder Donald Fisher, who decided to open & store after he had a problem exchanging a pair of Levi's jeans that were an inch too short. He flt
that there was a need for a store that would sell jeans in a full array of sizes. He opened his firs store in San Francisco and advertised that it had “four tons” of Levi's. The store was an.
instant success, and The Gap stores were on their way to national prominence. Levi’s were the mainstay of The Gap's business, and due to Levi Strauss & Company’s fixed pricing, Fisher
originally maintained a S0 percent margin on the sales of these jeans. This changed in 1976, however, when the Federal Trade Commission prohibited manufacturers from dictating the
price that retailers could charge for their products. There was suddenly massive discounting on Levi's products, which drastically cut The Gap’s margins. Fisher recognized the need to
expand his product offerings to include higher-margin tems and therefore began to offer private-label apparel.

In 1983, Fisher recruited Millard Drexler as president, with his objective being to revamp The Gap. Drexler did this by liquidating s existing inventories and focusing on simpler, more
classic styles that offered the consumer “good style, good quality, good value.” The Gap started to design its own clothes to fitinto this vision. The Gap already had formed strong.
relationships with manufactorers from its earlier entry into the private-label business. This ensbled it to monitor manufacturing closely, which kept costs low: and quality high. The Gap's
strategy dide't end with high-quality products. Drexler paid equally close attention to the visual presence of the stores. He replaced the old pipe racks and cement floors with hardwood
floors and attractive tables and shelves with merchandise neatly folded, which made it easier for the customers to shop. As new merchandise came in, store managers were given detailed
"plannograms.” swhich told them precisely where the items would go. With this control, Drexler ensured that each Gap store would have the same look and would therefore present the
same image to the customer.

Drexler's retailing prowess also became evident when he turned around the poor performance of the Banana Republic division. In 1983, The Gap bought Bansna Republic, which featured.
the then-popular safari-style clothing. This trend toward khakis had been brought on by the popularity of movies such as Raiders of the Lost Ark and Romancing the Stone. By 1987,
Banana Republic’s sales had reached $191 million. Then the safari craze ended, and this once-popular division lost roughly $10 million in the two years that followed. Banana Republic.
was repositioned as a more upscale Gap, with fancier decor as vell as more updated fashions that offered & balance between sophistication and comfort.

In the early 19905, the market became flooded with “Gap-like” basics. Other retailers were also mimicking their presentation strategy and started folding large-volume commodity items
such as jeans, T-shirts, and fleece, some selling them at substanially lower prices. Drexler and his team recognized that several major changes were taking place in the retailing.
environment and they needed to identify ways to respond to this compeition if they were to continte to grow

One way The Gap responded to increasing competition was to revise its merchandise mix. Customers were shifting away from the basics toward more fashion items in gender-specific
styles. To respond to this trend, The Gap took advantage of aggressive changes already under way in its inventory management programs, which gave it faster replenishment times. This
enabled The Gap to reduce its inventories in basics by as much as 40 percent, giving it more room for hot-selling, high-profit items. In addition to shifting to more fashion, The Gap also
fine-tuned its product mix so that merchandise would be more consistent betwveen stores.

Another way that The Gap responded to increased competition and changing retailing trends vas by entering into strip malls. Many strip malls offer their customers easier access to stores.
and more convenient parking than they could in larger indoor mall locations.

Gap launched the Old Navy Clothing Co. in April 1994 to target consumers in households with lower to middle incomes. Old Navy stores carry a ifferent assortment of apparel than
traditional Gap stores. They differentiated themselves from The Gap stores by offering alternative versions of basic items, with different fabric blends that enable them to charge lower
retail prices. To help keep costs down, it also scaled down the decor of these stores, with serviceable concrete floors and shopping carts instead of the hardwood floors found in The Gap.
014 Navy stores further positioned themselves as one-stop-shopping stores by offering clothing for the whole family in one location.
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‘With ts current mix of stores, The Gap has successfully carved out a position for itself in many retail clothing categories. Table 15 (@ shows the distribution of store types by geographic
regions. Although there have been some hurdles along the way, Gap has proven that it has the abiliy to respond to changes in the retail environment and has, therefore, managed to stay in
the race.

TABLE15 The Gap Store Count

Stores Asot2017
Gap North America o
Gap Asia a1
Gap Europe 166
Old Nvy North America 1043
Old Nvy Adia 13
Banena Republic North America 601
Bansna Republic Asia 5
Bansna Republic Europe 1
Athlta North America 132
Interasix Norts America )
Compny-Opersed Stores 3200
Franchize 459

Total

‘Scurce: e gapin.comicontenlgapincnmfiyeSorSr et 2 (ccon isoricl Sare Gount oy couri.

Gap's quarterly sales are shown in Table 1.6 @ and in Figure 1.11 (@ Table 1.6 3 and Figure 1.11

also have a modified naive forecast for The Gap sales using a four-quarter lag.

TABLEL6 The Gap Sales and a Modified Naive Forecast (Foreeast = Sales [~4]) (c1t6&113

The Gap sales data are in thousands of dollars by quarter.
‘The months indicated in the date columns represent the end month in The Gap's financial quarter.
‘The first quarter of Gap's fiscal year includes February, March, and April

Gap data from ycharts.com.
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Date
Apr06
Tul06
0ct06
Jan07
Ape07
TuL07
0ct07
Jan08
Ape0s
Tul0g
0ct.08
Tan09
Ape09
Tul09
0ct.09
Jan10
Ape10
Tul10
oct.10
Jan11
Apetl
a1t
Ottt
Jan12
Ape12
12
oce12
Jan13
Apet3
13
oce13
Tan14
Apls
k14
Oct-14
Jan1s
Apets
Tt
Oct15
Jan16
Aprl6
Tul16
Oct16
Jan17

‘Gap Sales (SM)
3481
3714
3851
4919
3509
3685
3854
4675
3384
3499
3561
4082
3127
3005
358
4236
3520
3317
3654
4364
3205
3386
3585
4283
3487
3575
3864
475
379
3868
3976
4575
3774
3981
3972
4708
3657
389
3857
4385
3438
3851
3798
4429

‘Gap Sales Modified Naive Forecast (MS)

3481
3714
3851
4919
3509
3685
3854
4675
3384
3499
3561
4082
3127
3005
358
4236
3520
3317
3654
4364
3205
3386
3585
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3575
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3868
3976
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3972
4708
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389
3857
4385
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FIGURE 111 The Gap sale n thousands of dollars and a modified naive forecast. The dats are quarery, 50  four quares lag was used for 3 modified nave forecast. (CUSST11 3

Case Questions

1. Based on the tabular and the graphic presentations of The Gap sales dat, what do you think explains the seasonal pattern in its sales data?

2. Why do you think a modified naive forecasting method, rather than the simple naive method, was used for Gap sales? Using Excel with only Gap data from April 2005 through January
2016, make your own forecast of The Gap sales for the four quarters from April 2016 through January 2017. Based on inspection of your graph, what is your expectation i terms of
forecast accuracy?

3. Calculate the MAPE for your forecast of those four quarters, given the actual sales that are in 2 bold font shown in Table 1.6G).

Solutions to Case Questions
Data are in the elt6&F11 (@ file

1. The seasonal pattern i one in which sales typically have 2 modest increase from the frs t the second quarter, followed by another smilar increase in the third quarter, then a large
increase i the fourth quarter. The increase in the fourth quarter is caused by the holiday shopping season.

2. The model would be: GAPF = GAPSALES(~<). GAPF represents the forecast values, while GAPSALES(~) is the actual value four periods earlier. An inspection of The Gap sales
series would lead us o expect that a nive forecasting model with a lag of four periods would pick up the seasonality as wellas the downvard trend in The Gap sales. This can be seen
in the praph of actual and predicted values in Figure 110 @

3. The actual and predicted values for April 2016 through January 2017 are shown belors. The MAPE for these four quarters is: MAPE = 2.5 percent.

Absolute Absolute &
Date Gap Sales (S ‘Gap Sales Modified Naive Foreeast Exror Error Error

April 2016 3438 3657 2190 219 64

July 2016 3851 3898 7 a 12

October 2016 3798 3857 59 59 16
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AN INTRODUCTION TO FORECASTX"

ForecastX™ s a family of forecasting tools capable of performing the most compler forecast mathods and requires only a brief earning curve that faciltates immediate, simple, and
accurate operation regardless of user experience.

Forecasting with the Forecastx Wizard™

The following provides a brief description of some features of the ForecastX Wizard™ and how to use them while forecasting. A complete manual can be found in the “Wizard Users
Guide pdf” file, which is in the Help subfolder of the ForecastX™ folder within the Programs folder (or wherever you have installed the software). You will get instructions on how to
download the software from your instructer,

Open the “Gap Practice Data” file by clicking on c1 Gap Practice Data (%)

‘When the spreadsheet opens, click in any cell that contains data; for example, B,

Click the ForecasiX Wizard™ icon @ FOre€at 10 or e Wizard

USING THE FIVE MAIN TABS ON THE OPENING FORECASTX" SCREEN
Use The Gap sales data you have opened. and follow the directions inthe following screen shos to get a first ook at how ForecastX ™ works.
THE DATA CAPTURE TAB

This tab appears when you firt start ForecaseX™

oEEra—— T x

[T

o Gl i
s rre—”

The purpose of the Data Captare screen s to tell ForecastX ™ about your data

‘When the ForecastX Wizard™ captures your data, the Inelligent Data Recognizer determines the following:
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‘When the ForecastX Wizard™ captures your data. the Intelligent Data Recognizer determines the following:

. Organization: Tndicates whether the data is in rows or columns

b. Data to Be Forecast: Specifies the range of the data to be forecasted.

. Dates: Specifies whether the data has dates and the periodicity of the dates.

. Labels: Indicates the number of rows of descriptive labels in the data

. Parameters: Indicates the mumber of DRP (Distribution Resource Planning) fields in your data. For the purposes of this text, you will not need to use this functionality.

f Seasonality: You can either select the seasonality of the data or allow ForecastX™ to determine it. Here you see that ForecastX™ correctly identified the data a5 quarterly: Itis almost

always correct. These fields must follow the labels information in your underlying data.
&. Forecast Periods: Set the number of periods to forecast out into the fumure. The defaultis 12.
FORECAST METHOD TAB

The ForecastX Wizard™ allows you to select individual forecasting techniques and their parameters. To select & Forecasting Technique:

From the Forecasting Tecknique drop-down menu, select a particular method from over 20 forecasting techniques. For this example, select "Holt Winters,” as shown above. Later you will
‘understand why you would select this method.

THE GROUP BY TAB

In this text, we only discuss forecasting a single series, 3o you will not need this tab. However, should you want to forecast product groups, see the “Wizard Users Guide.pdf @ " file
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THE STATISTICS TAB

The ForecastX Wizard™ allows you to select statistical analyses to include on the Audit Trail report ForecastX™ supports more than 40 statstics from both descriptive and sccuracy
‘measurement categories. For this example, just select the MAPE, as shown sbove.

The "More Statistics” option offers advanced statistics. The Root Mean Squared Error (RMSE) and many other metrics are available. Statistics for regression models are located in this
dialog bos. To access the Advanced Statistics dialog, click the "More Statisties” button on the Statistics screen.

THE REPORTS TAB

A T x
[T —

St O |t

o [SEpem—
=

‘The ForecastX Wizard ™ offers five report choices with specific options for each. Checking any of the report boses in the upper grouping of check boses automatically includes itin the
output. You may check more than one if desired. Each type of report will produce is own Excel eorkbook: but may contain several series vithin one seorkbook: In this text we will use
only the “udit” and “Standard” reports. Detailed information about al these tabs can be found in the “Wizard Users Guide.pdf” (@ fle.

Standard Report

The Standard Report is built for speed and handling of large volumes of data. It produces a side-by-side report listing the actual values compared to the forecasted values. It also includes
selected metrics and statisics: Mean Absolute Percentage Error (MAPE), R-Squared Value, and Standard Deviation.

Audit Report

‘The Audit Report produces the most detailed analysis of the forecast. Those who need to justify their forecasts with statistics generally use the Audit Trail report. A partial section of the
Audit Trail report that you have generated by following these instructions is shown below: (see c1Gap Gap Practice Data)
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Forecast — Holt-Winters Selected

Forecast

Date Quarterly Annual
Jan-2017 4,396.35
Apr-2017 3,510.72
Jul-2017 3,867.98
Oct-2017 3,798.00 15,573.05
Jan-2018 4,396.35
Apr-2018 3,510.72
Jul-2018 3,867.98
Oct-2018 3,798.00 15,573.05
Jan-2019 4,396.35
Apr-2019 3,510.72
Jul-2019 3,867.98
Oct-2019 3,798.00 15,573.05
Accuracy Measures Value
MAPE 2.52%

Note: Throughout the text you may find some situations in which the standard calculations that e show do not mateh exactly with the ForecastX™ results. This is because they,
at times, invoke proprietary lterations from the standard calculations. The results e always very close but sometimes do not mateh perfectly with “hand” caleulations.




image49.png
SUGGESTED READINGS AND WEB SITES

Adams, . Gerard. The Business Forecasting Revolution. News York: Oxford University Press, 1986.

Armstrong, J. Seott. “Forecasting for Environmental Decision Making.” In Tools fo Aid Environmental Decision Making, eds. V. H. Dale and M. E. English. New York: Springer-Verlsg,
1999, pp. 192-225.

Acmtzong, 1. Seott Kesten C. Green: snd Andreas Graefe. "Golden Rale of Forecasting " Journalof Business Research, 6, 20,8 (August 2015).pp. 1717-1731.
Avmtzong, 1. Seote. Principles of Forecastin: & Handbook for Researchers and Practitioners. Norwell, MA: luwer Acadersic Publishers: The Netherlands, 2001

Blessington, Mark. "Ssles Quota Accuracy and Foreeasting.” Foresigh, 40, (Winter 2016). pp. 44-49.

Byuae, Teresa M. McCarthy."Omusichanmel: How Willt Ispact Retsl Forecating and Planaing Processes?” Journal of Business Forecastng 35, ao. 4 (Wister 2016.2017), pp. &9
Chase, Chrles W. I Demand.Driven Forecasting. 2ud ed. Hoboken, NI:Tohn Wiley & Sons, 2013

Dugusy, Andrev. "Tae Top 10 External Factors That Tmpact Forecast Accuracy.” v prevedere com, (anuary 21, 2016). pp. 1.3

Ellc Joseph H. Ahead ofthe Curve: & Commonsense Guide to Forecasting Busines: and Mariet Cycles. Boston, MA.: Harvard Business School Press, 2005

Goodia, P “Predicting the Demand for New Products” Foresigh, £o. 9 (2008), pp. 8-10.

Kahn, Kenneth B.; and John Mello. “Lean Forecasting Begins with Lean Thinking on the Demand Forecasting Process.” Journal of Business Forecasting 23, no. 4 (Winter 2004-05). pp.
30-40.

Lapide, Larry. “Exccution Needs the S&OP Plans. " Journal of Business Forecasting 35, no. 1 (Spring 2016). pp. 19-22.
Meade, N. “Evidence for the Selection of Forecasting Methods.” Journal of Forecasting 19, no. 6 (2000), pp. 515-35.

Shore, H.; and D. Benson-Karki (2007) “Forecasting S-Shaped Diffusion Processes via Response Modeling Methodology.” Journal of the Operational Research Society. 55, pp. 720-28.
Wagner, Rich. “Why External Data Are Vital to Demand Forecasts.” Journal of Business Forscasting 35, no. 1 (Spring 2016). pp. 30-34

‘Wilson, . Holton: and Deborah Allison-Koerber. “Combining Subjective and Objective Forecasts Improves Results " Journal of Business Forecasting 11, no. 3 (Fall 1992), pp. 12-16.

http://www.economagic.com
http//www forecasters.org ()
http://www.forecastingprinciples.com @

g/ johngalt.com @

forg





image50.png
EXERCISES

Deseribe the three phases of the evolation of forecasting/prediction.
How does the organization of the material in this book relate to the stages of the evolution of prediction?

‘Wite a paragraph in which you compare what you think are the advantages and disadvantages of subjective forecasting methods. How do you think the use of quantitative methods
relates to these advantages and disadvantages?

Explain how forecasting relates to having an efficient supply chain,
The process of forecasting new products is difficult. Why? How can new products be forecast?
In this chapter, you saw an example of a naive forecast. Why do you think it is given that name? Describe how the naive forecast is developed.

In the chapter, you learned sbout many metrics that can be used to evaluate forecast accuracy. The MAPE was one of those that may be the most common in use. Explain what the.
MAPE tells a forecaster.

‘Suppose that you work for a U.S. senstor who is contemplating writing a bill that would put a national sales tax in place. Because the tax would be levied on the sales revenue of retail
stores, the senstor has asked you to prepare a forecast of retail store sales for year 8, based on data from year 1 through year 7. The data are:

(c1p8 @) vear Retail Store Sales
1 s1225
2 1285
3 1359
4 1392
s 1483
s 1474
7 1467

. Use the naive forecasting model presented in this chapter to prepare a forecast of etail store sales for each year from 2 through 8.
b. Prepare a time-series graph of the actual and forecas values of retail store sales for the entire period. (You will not have a forecast for year 1 or an actual value for year 8)
€. Caleulate the MAPE for your forecast series using the values for year 2 through year 7.
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9. Suppose that you work for a major U.S. retail department store that has outlets nationwide. The store offers credit to customers in various forms, including store credit cards, and over
the years has seen a substantial increase in credit purchases. The manager of credit sales is concerned sbout the degree to which consumers are using credit and has started to track the
ratio of consumer instaliment credit to personal income. She calls this ratio the credit percent, or CP, and has asked that you forecast that series for year 8. The available data are:

(€1p9 @) Year cp
1 1296
2 1431
3 1534
4 1549
H 1570
6 1600
7 1562

. Use the firt ngive model presented in this chapter to prepare forecasts of CP for years 2 through .
b. Plotthe actual and forecast values of the series forthe years 1 through . (You will not have an actual value for year § o a forecast value for year 1)
. Caleulate the MAPE for your forecasts for years 2 through 7.
10, Go to the ibrary and look up annual data for population in the Uited States from 2000 through the most recent year available. This series s available at a number of Internet sites,
including http//swww.cconomagic.com @ . Plot the actual data along with the forecast you would get by using the basic naive model discussed in this chapter.
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11. CoastCo Insurance, Inc. s interested in developing a forecast of larceny thefts in the United States. It has found the following data:

(e1p11, Year Larceny Thefts? Year Larceny Thefts?
1 4151 10 7.194
2 4308 1 7.143
H 5263 12 6713
4 5978 3 6592
s 6271 1 6926
6 5.906 15 7257
7 5083 16 7.500
B 6578 17 7.706
9 7157 1 7872

Plot this series in a time-series plot and make a naive forecast for years 2 through 19. Caleulate the MAPE for years 2 through 18. On the basis of these measures and what you sée in
the plot, what do you think of your forecast? Explain.

12. As the world's economy becomes increasingly interdependent, various exchange rates between currencies have become important in making business decisions. For many USS.
businesses, the Japanese exchange rate (in yen per U.S. dollar) is an important decision varisble. This exchange rate (EXRI) is shown in the following table by month for  two-year
period:

(e1p12 Period EXRJ Period EXRJ
Year 1 Year2
Mt 12736 Mt 12498
w 12774 M 14569
M 13055 M3 15331
M 13204 M 158.46
M5 13786 M5 15404
M6 14398 M6 15370
Y 12042 M 14904
M5 14149 Mg 147.46
Mo 14507 Mo 13844
Mi0 14221 M0 12059

Mt 143.53 M1t 12022
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Prepare & time-series plot of this series, and use the naive forecasting model to forecast EXRI for each month from year 1 M2 (February) through year 3 M1 (January). Calculate the
MAPE for the period from year 1 M2 through year 2 M12.
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Chapter One

Introduction to Business
Forecasting and Predictive
Analytics

INTRODUCTION

Tbelieve that forecasting or demand management may have the potential to add more value to a business
than any single activity within the supply chain. T say this because if you can get the forecast right, you
have the potential to get everything else in the supply chain right. But if you can't get the forecast right,
then everything else you do essentially will be reactive. as opposed to proactive planning

If you can get the forecast right, you
have the potential to get everything
else in the supply chain right

Al Enns, Director of Supply Chain Strategics, Motts North America, Stamford, Connecticu

LEARNING OBJECTIVES

After studying this chapter. you should be able to:

1. Explain the three stages of prediction evolution

2. Explain how the organization of this text relates to the stages of prediction.

3. Distinguish betsveen qualitative and quantitative forecastineg.
4. Discuss four types of qualitative forecast methods.
5. Explain how forecasting relates to supply chain efficiency.

6. Discuss forecastin

for new products
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7. Deseribe the naive forecasting method.

5. Explain what the MAPE is and how it is used in forecasting.

FORECASTING IS ESSENTIAL FOR SUCCESS IN BUSINESS

Tf you are reading this text as part of the course requirements for a college degree. consider yourself fortunate. Many college graduates, even those with degrees in
business or economics, do not ever study forecasting. except as a sidelight in a course that has other primary objectives. And yet, we know that forecasting is an
essential element of most business decisions

‘The need for personnel with forecasting expertise is growing. For example, Levi Strauss only started its forecast department in 1995 and within four years had a
full-time forecasting staff of 30 Many people filling these positions have had little formal training in forecasting and are paying thousands of dollars to attend
educational programs. Tn annual surveys conducted by the Institute of Business Forecasting, it has been found that there are substantial increases in the staffing of
forecasters in full-time positions within American companies.

Stages in the Development of Business Forecasting

‘We might think of business forecasting as having developed in three stages. One way of looking at this development is illustrated in Figure 1.1 (3 . Almost anything
‘you think about has gone through some evolution. In lighting, we went from primitive torches to kerosene to the first light bulbs developed by Edison in the late
18705, Incandescent light bulbs like the one at the left in the top panel of Figure 1.1 &) became a worldwide standard for many years. Such light bulbs had a
relatively short lfe, were hot, and were not energy efficient. In the late 20th century. new. more energy-efficient, longer lasting. but stll hot bulbs became common.
‘Then. in the early 215t century. LED bulbs that were cool. energy efficient, and long-lasting became the new norm.

Forecasting has gone through an evolution as well. Very early forecasting was judgmental (or subjective). In your reading, you will see that judgmental forecasting
has only brief coverage. A variety of quantitative tools have been shown to outperform judgmental forecasting in most situations. However, judgments will always
be important in forecasting in selecting the right forecast tools. cleaning data files, and adjusting final forecasts when human judgments are needed to adjust
forecasts to account for factors not included in the data history. We will come back to this later in the chapter.

Quantitative methods have allowed organizations to forecast more accurately. The first stage of the development of quantitative forecasting relied on various time
series models. Time series methods that extrapolate historical data patterns to make predictions about the future are widely used. The most common of these are
included in this text. Examples are shown in the left side of the lower panel in Figure 1.1()

As research moved forward, forecasters began using causal models. These models help an organization "shape” the future rather that accept an extrapolation of
historical patterns. By modelling causality. one can mold the future and better plan for the demand that lies ahead. For example, one can develop causal regression
models that include independent variable that can be adjusted to meet an organizations needs. For example, promotions may be incorporated into a forecast model
Forecast methods that allow for causality are included in the text, as shown in the middle panel at the bottom of Figure 1.1

‘The emergence of "Big Data” has brought with it an increased need for other analytical tools. Today every organization is confronted with a deluge of data.
Organizations have more data than can easily be converted into actionable information using traditional statistical methods. New predictive analytical tools such as
data or text mining have emerged and are being used by organizations globally. This has moved us into "Stage IIT" in the evolution of forecasting and predictive
analytics.




image3.png
The Three Stages of Light Bulb Evolution
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