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Background

This chapter contains a lot of formulas and forecasting techniques. Depending upon preferences, instructors would typically either cover the whole thing or just cover the “basics.” The basics would likely consist of the qualitative techniques; the time series techniques of simple moving average, weighted moving average, and simple exponential smoothing; and the forecast error measurements of MAD, MSE, and possibly MAPE. Keep in mind that it is possible to present linear regression without worrying about the formulas. Excel not only can easily perform a regression analysis, but the Excel commands “SLOPE”, “INTERCEPT’, and “FORECAST” can be used to immediately calculate a single linear regression without even invoking the data analysis tool. Whichever set of techniques are presented, it is important to emphasize to the students the crucial need for accurate forecasts and how so many company decisions are driven by forecasted numbers. 


Presentation Slides
INTRODUCTION (4-1 through 4-9)
Slides 6-9:	The Global Company Profile for this chapter is Disney World, a place that many students will have visited or have wanted to visit. Disney has one of the more intricate forecasting systems in the world. The firm looks not only at historical data, but also a slew of inputs including vacation schedules of public schools, exchange rates, GDP data, and airline specials. The one-year forecasts are amazingly accurate. Such accuracy is crucial, as the forecasts drive many different management decisions, including park hours, number of characters to distribute, amount of food to buy, number of shows to put on, etc.

	4-1	4-2	4-3

	4-4	4-5	4-6

	4-7	4-8	4-9

WHAT IS FORECASTING? (4-10 through 4-16)
Slide 10:	Whether for gambling, deciding how thick of a coat to wear, or determining which career would be most interesting and lucrative, we all make or use forecasts regularly. All business decisions are ultimately driven by forecasts of the future. Thus, a poor forecast will likely lead to a poor decision, even if the decision methodology is sound (like “garbage-in, garbage-out” (GIGO) in computer programming).
Slides 11-12:	These slides describe and differentiate the three categories of forecasting horizons. Clearly, forecasts from different horizons have different applications.
Slides 13-15:	Students should be familiar with the product life cycle from Chapter 2. In fact, Slides 18 and 19 replicate Figure 2.5 from that chapter. Accurate forecasting for each stage is crucial for making quality decisions about the inevitable changes that must be made as a product moves through its life cycle.
Slide 16:	Organizations use the three major types of forecasts identified in this slide for planning future operations. The operations manager typically focuses on demand forecasts.

	4-10	4-11	4-12

	4-13	4-14	4-15

	4-16

THE STRATEGIC IMPORTANCE OF FORECASTING (4-17)
Slide 17:	Demand forecasts drive decisions in many areas, including the three described in this slide. For example, firms typically do not hire more workers when demand is falling, and vice-versa. 

	4-17

SEVEN STEPS IN THE FORECASTING SYSTEM (4-18 through 4-19)
Slide 18:	The seven steps in forecasting are presented in this slide. The text uses Disney World to illustrate each step. Instructors could use that firm or choose one of their own. They could even pick an organization (possibly on campus) and have students try to describe how the organization might implement each step.
Slide 19:	Every company must contend with several realities about forecasting, including those described on this slide. Forecasts need to be closely monitored to identify, for example, unusual circumstances or major shifts from historical trends. Also, when decisions can be based on aggregated rather than individual product forecasts, the aggregated forecasts should be used.

	4-18	4-19

FORECASTING APPROACHES (4-20 through 4-28)
Slides 20-21:	These slides compare when to use qualitative methods vs. quantitative methods. Sometimes a combination of both would be appropriate, particularly to incorporate new phenomena that were not part of the historical data. 
Slides 22-27:	Slides 22 and 23 identify the four primary qualitative forecasting methods, which are described further in the following four slides. Slide 25: An analogy that might help students understand the Delphi method is the college football coaches’ poll. At the beginning of the season, each voting coach submits his rankings of the top 25 football teams in the nation (essentially a forecast for which teams will do the best). Most likely, however, he will be familiar with only a subset of teams: schools from his region and perhaps some nationally ranked schools from the previous season that did not graduate many seniors. After the first poll comes out, other schools may be ranked of which he was not aware. After studying those teams, the coach may be convinced during the following week’s poll to vote for some of them. Over the season, the poll is dynamic as teams win and lose; nevertheless, information provided from other experts (other voting coaches) does add information that may alter a coach’s forecast the next time around.
Slide 28:	This slide identifies the quantitative forecasting methods described in this chapter. 

	4-20	4-21	4-22


	4-23	4-24	4-25

	4-26	4-27	4-28

TIME-SERIES FORECASTING (4-29 through 4-95)
Introductory Paragraph (4-29)
Slide 29:	This slide describes the basic assumptions of time series forecasting.

	4-29

Decomposition of a Time Series (4-30 through 4-35)
Slides 30-35:	Slide 30 identifies the four components of time series forecasting. Slide 31 (Figure 4.1) illustrates trend, seasonality, and random variation as compared to the average demand over that four-year time period. Slides 32-35 describe each of the four components in more detail.


	4-30	4-31	4-32		
	4-33	4-34	4-35

Naive Approach (4-36)
Slide 36:	The naive approach is so simple that it could be considered to be a qualitative forecasting method. Numerous forecasts in the real world are made this way, especially for infrequent events. For example, with no additional information available, it would make sense to forecast attendance at this year’s sorority spring dance to be the same as last year’s.

	4-36

Moving Averages (4-37 through 4-43)
Slides 37-38:	Slide 37 provides information about, and the formula for, the simple moving average forecast. It is applicable if we can assume that market demands will stay fairly steady over time. It can help to smooth out random fluctuations. Slide 38 provides a snapshot from Example 1 in the text. Each month, demand from the oldest month is discarded and replaced with the newest actual demand. 
Slides 39-41:	Slide 39 provides information about, and the formula for, the weighted moving average forecast. While this method still lags behind trends, it does a better job of catching them sooner than the simple moving average method does. The weights often sum to 100%, effectively eliminating the denominator in the formula. In fact, even when the weights sum to something else, students often forget to divide by that number. If significant seasonality exists, the weighted moving average could be a crude way to incorporate it by applying the largest weight to demand from that season’s last appearance. Slides 40 and 41 provide snapshots from Example 2 in the text. Like the simple moving average case, the oldest piece of data is replaced with the newest each month. In addition, all of the old data are moved back a month and have potentially different weights applied to them (often becoming smaller as in this example).
Slide 42:	This slide identifies some potential downsides of using moving average forecasts. 
Slide 43:	This slide (Figure 4.2) illustrates how, if there are changes in demand, moving average forecasts will lag behind actual demand. Similar to a simple moving average, a weighted moving average forecast also lags behind actual sales when a trend exists, but it reacts slightly quicker. 

	4-37	4-38	4-39

	4-40	4-41	4-42

	4-43

Exponential Smoothing (4-44 through 4-52)
Slides 44-45:	Slide 44 describes the characteristics of the exponential smoothing forecasting method. Even though it is a form of weighted moving average, the special recursive formula means that less record keeping is necessary than for a regular weighted moving average forecast. If the weights are plotted on a graph, the curve drawn over them will be exponential in shape (hence the name). All old data remain part of the forecast, but the weights applied to very old data are extremely small. Slide 45 provides the formula. The only data needed are last period’s actual and forecasted demands. The method adjusts the forecast each period by a certain percentage (α) of the error in the previous period’s forecast. If the previous forecast was 40 units too high and α = 20%, then the new forecast will be 8 units (.20 × 40) lower.
Slides 46-48:	These slides present Example 3 from the text. Here the new forecast was slightly higher because the previous forecast underestimated the true demand.
Slides 49-52:	These slides examine the effect of the smoothing constant α. Note that there is no “optimal” value of α, and it should possibly be altered over time. Slide 49 shows that a high value of α places much more weight on the very recent periods, so the forecast can react much quicker to trends (displayed in Slide 50). In fact, when α = 1, exponential smoothing becomes the naive approach (this can be a good test question). In other words, the forecast is adjusted by the full error in the previous period’s forecast. When α = 0, the forecast never changes (note that this is not the naive approach). A good way to choose α is to test different values on old data (Slide 52). Whichever value yields the smallest errors might be a good choice for the future. Nevertheless, future conditions might change; therefore, forecast accuracy should continue to be monitored, and alpha values should be adjusted as needed over time.

	4-44	4-45	4-46

	4-47	4-48	4-49

	4-50	4-51	4-52

Measuring Forecast Error (4-53 through 4-64)
Slides 53-55:	Slide 53 presents the formula for the mean absolute deviation (MAD). Note that “mean error” (without taking the absolute values) would not be proper because positive errors would cancel out negative errors, suggesting better performance than actually occurred. Slides 54 and 55 display the calculations from Example 4.
Slides 56-57:	Mean squared error (MSE) is appropriate for protecting against particularly poor forecasts in any period, if that is of concern. Slide 56 presents the formula for MSE. Slide 57 displays the calculations from Example 5.
Slides 58-59:	Mean absolute percent error (MAPE) has the advantage of defining errors in percentage terms, which can be easier to grasp than the large numbers produced by MAD and MSE. Slide 58 presents the formula for MAPE. Slide 59 displays the calculations from Example 6.
Slides 60-64:	These slides (extending Examples 4, 5, and 6) compare forecasts using two different values of α by calculating MAD, MSE, and MAPE. For this example, the lower value of α (.10) performed best under all three measures. Note that the three measures of error do not always identify the same method as being the best.

	4-53	4-54	4-55

	4-56	4-57	4-58

	4-59	4-60	4-61

	4-62	4-63	4-64

Exponential Smoothing with Trend Adjustment (4-65 through 4-73)
Slides 65-67:	Exponential smoothing with trend adjustment is also called “double exponential smoothing” or “Holt’s method.” If it is known that a trend exists (for example, demand is rising or falling), this method can react more quickly than single exponential smoothing can. Slide 65 demonstrates how poorly standard (single) exponential smoothing can perform because it significantly lags behind a steep trend. Slide 66 shows that the overall forecast in double exponential smoothing is based on two pieces, a level (underlying) forecast and a forecast of the trend. Note that the forecast for n periods in the future would be Ft + nTt. Slide 66 also presents the formulas for the two pieces of the overall forecast, where β (a fraction) is applicable to the trend component of the model and is a separate smoothing constant from α. Slide 67 details the three steps in forecasting with double exponential smoothing, which are illustrated in slides 69-71, respectively.
Slides 68-73:	These slides present Example 7 from the text. The graph in Slide 73 (Figure 4.3) shows that this method can pick up the trend in actual demand very quickly.

	4-65	4-66	4-67

	4-68	4-69	4-70

	4-71	4-72	4-73

Trend Projections (4-74 through 4-81)
Slide 74:	This slide presents the concept of a trend projection. The assumption is that the general trend seen in the past will continue into the future in a linear fashion. Least squares regression can be used to calculate the values for the equation. 
Slides 75-76:	Slide 75 (Figure 4.4) illustrates the concept behind the least squares method. Slide 76 provides the formulas for the slope and intercept terms. 
Slides 77-80:	These slides present Example 8 from the text. Alternatively, these calculations can be performed in Excel using the SLOPE and INTERCEPT functions. For example, put the numbers 1 through 7 in cells A1 through A7 respectively. Then insert the associated demands for those time periods in cells B1 through B7. The Excel formula =SLOPE(B1:B7,A1:A7) will compute the value of b, and the formula =INTERCEPT(B1:B7,A1:A7) will compute the value of a.
Slide 81:	This slide identifies important requirements that must be met in order to effectively utilize the least squares trend projection method. In particular, the observations themselves should be rising or falling approximately linearly, and the deviations from the line should be approximately normally distributed, with most observations close to the line and only a small number farther out. And at some point in the future this linear growth will change slope or shape, so forecasts should not be made too far ahead. 

	4-74	4-75	4-76
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	4-80	4-81

Seasonal Variations in Data (4-82 through 4-95)
Slides 82-83:	Seasonal demand is common in many industries, so the associated forecasts should be adjusted to account for this major impact. Slide 83 identifies the steps for the multiplicative seasonal model. (The steps are not so obvious at first glance, so the follow-up example should definitely be presented to students.) Instructors might note that an alternative method for incorporating seasonality is to include it within an exponential smoothing framework. This is called “triple exponential smoothing,” or “Winter’s method,” and it introduces a third smoothing constant γ.
Slides 84-89:	These slides present Example 9 from the text. In Slide 84, the fifth column calculates an average demand for each season (month) over the previous three years. In Slide 85, the average monthly demand in the sixth column equals the total average annual demand (the sum of column 5) divided by 12 months. Slides 86 and 87 show how to calculate the seasonal index for each month. In Slide 88, we start with a forecast (of 1200) for Year 4. This annual forecast is divided among the months by converting it into an average monthly forecast and multiplying that by the applicable seasonal index for each month. Slide 89 graphs the three years of actual demands as well as the demand forecasts for Year 4. 
Slides 90-94:	These slides present Example 10 from the text, which shows a way to incorporate both trend and seasonality into the same forecast. A trend line (least squares) is first created (Slide 90). Then seasonal indices are computed based on the same data (Slides 91-92). Finally, the trend-adjusted forecasts are multiplied by the associated monthly seasonal indices to produce the combined forecasts (Slides 93-94).
Slide 95:	This slide provides calculations from Example 11—another case of making seasonal adjustments to forecasts, this time for quarterly data.
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	4-94	4-95

ASSOCIATIVE FORECASTING METHODS: REGRESSION AND CORRELATION ANALYSIS    (4-96 through 4-114)
Slides 96-97:	As opposed to basing forecasts on patterns of historical data, associative forecasting estimates the impact of certain predictors (independent variables) on the outcome (dependent variable). Predictors could include items such as the gross domestic product of the country, the level of advertising applied to a certain product, the weather for an outdoor event, etc. Simple linear regression assumes one independent variable and is the exact same technique as that used for time series trend projections. Slide 97 presents the formula.
Slides 98-103:		These slides present Example 12 from the text, which assumes that sales volume is highly dependent upon payroll levels in the area. Slide 98 presents the raw data, and Slides 99 and 100 present the calculations. Slides 101-103 plot the regression line and show how to make a forecast based on a particular independent variable value ($6 billion). 
Slides 104-106:		The standard error of the estimate is a measure of variability around the regression line—its standard deviation. The formula in Slide 106 is the easier of the two to use.


Slide 107:		This slide (Example 13) computes the standard error of the estimate for the regression line of Slide 103 (Example 12). The interpretation of the standard error of the estimate is similar to the standard deviation; namely, 1 standard deviation = .6827. So, in this example, there is a 68.27% chance of sales being within $306,000 from the point estimate of $3,250,000.
Slides 108-111:	Slide 108 describes the concept of correlation, and Slide 109 presents the formula for the correlation coefficient. Slide 110 (Figure 4.10) presents a nice graphical demonstration of the concept of correlation. Slide 111 present the correlation coefficient calculations from Example 14.
Slide 112:	This slide describes the concept of coefficient of determination (r2). It is the common measure that most of us think of when describing results from regressions. For Example 14, we see that 81% of changes in sales (the dependent variable) are predicted by changes in payroll (the independent variable). 
Slides 113-114:	Slide 113 introduces the notion of multiple regression analysis (more than one independent variable). Slide 114 presents the results from Example 15 in the text (solved via computer). The explanatory power of the model improved by adding a second independent variable.
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MONITORING AND CONTROLLING FORECASTS (4-115 through 4-120)
Slides 115-117:		Slide 115 introduces the notion of a tracking signal, which is an effective way to make sure that the forecasting system is doing a good job. Slide 116 presents the formula. Slide 117 (Figure 4.11) illustrates the concept. If the tracking signal falls outside of the predetermined upper and lower control limits, the forecasting method should be examined for possible adjustment.

Slide 118:	This slide presents Example 16 from the text. Management is using control limits of 4 MADs, so the variation is deemed acceptable. 
Slides 119-120:	These slides introduce the concepts of adaptive smoothing (Slide 119) and focus forecasting (Slide 120), both of which include an artificial intelligence component. 
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FORECASTING IN THE SERVICE SECTOR (4-121 through 4-123)
Slide 121:	This slide identifies some of the unusual challenges faced when attempting to forecast in the service sector. 
Slides 122-123:	These slides (Figure 4.12) show the tremendous hourly variation in demand present at many typical services. 

	4-121	4-122	4-123

Additional Case Studies
Internet Case Study (www.pearsonhighered.com/heizer)

· Digital Cell Phone, Inc.: Uses regression analysis and seasonality to forecast demand at a cell phone manufacturer.
· North-South Airline: Reflects the merger of two airlines and addresses their maintenance costs.

Harvard Case Studies (http://harvardbusinessonline.hbsp.harvard.edu)

· Henkel Iberica (A) (#105023, © 2005)
· Leitax (A) (#606002, © 2007)
· Paper and More (A) (#606023, © 2009)

Ivey Case Studies (https://www.iveycases.com)

· Ontario Machinery Ring (C) – Data Analysis and Interpretation (#9B04A023, © 2009)
· Progistix-Solutions, Inc. – The Critical Parts Network (#9B05D002, © 2009)
· Wilkins, A Zurn Company: Demand Forecasting (#9B06D006, © 2009)

Internet Resources
	American Statistical Association
	www.amstat.org

	Institute for Business Forecasters
	http://www.ibf.org

	Journal of Time Series Analysis
	www.blackwellpublishers.co.uk

	Royal Statistical Society
	www.rss.org.uk



Other Supplementary Material

Steven S. Harrod provides a nice “Gas Data” forecasting exercise below in which students can examine a large data set in a spreadsheet or similar application. 
“Gas Data” Forecast Exercise
Copyright 2013, Steven S. Harrod

This is a large data set forecasting exercise, suitable for an in class or computer lab activity. It typically requires about 40-50 minutes to present and supervise. The purpose of this exercise is to give students experience with larger data sets and applications in spreadsheets (or other tools). This exercise presumes that students have completed prior lectures and exercises on relevant forecasting methods.

Instructions
Provide the data to the students without explaining its origin. Ask the students to open the data in a new spreadsheet file. Direct the students to begin constructing a forecast for the data. You may ask the students to experiment with different forecast models, or you may create a more structured lesson and direct the students to implement specific models in sequence.

Give the students time to work independently (or at least in groups without you lecturing). One method would be to allow five minutes to work, and then pause to present your solution so far. In a typical lecture period, you should be able to progress through two or three forecast models, and then pick one of those for error statistics. Try to finish the lecture with a tracking signal chart for the data.

At the end of the class, ask the students to guess what the data is, and then reveal the data. This data is the recorded miles per gallon of a minivan at each fuel tank filling for a period of about two years.

These data provides an excellent opportunity to visual the significance of error statistics in more detail. In particular, this data provides a dramatic example of the tracking signal. The tracking signal fundamentally measures whether the underlying process of the series data is stable. When the tracking signal spikes, it is an indication that some fundamental change has occurred in the underlying process that the data is drawn from. Since a forecast is simply the generation of a trend from a series of data points, the methodology is dependent on the underlying process to be stable. If the underlying process is not stable, or experiencing a fundamental change in behavior, the forecast cannot accurately predict the trend.


The tracking signal graphed above is derived from an exponential trend model of this data, alpha=0.25 and beta=0.05. The peaks in the tracking signal correspond with vacation trips (all highway mileage).

Data:
	15.234198
15.282051
12.686447
18.695399
13.954545
19.231279
17.799736
13.591310
14.135649
19.202614
16.014406
14.235033
14.042553
17.370370
14.931946
18.944530
21.090248
23.291005
24.412429
18.026316
16.019608
19.819355
21.162651
24.569684
23.855634
23.426737
26.155689
22.651470
22.863933
23.152709
27.373936
14.441309
	17.843575
17.931034
19.342641
20.459976
13.284175
16.012121
16.652174
20.418182
14.400000
15.131948
16.296080
15.273381
15.437382
18.800705
14.895259
17.348993
20.162805
11.452750
19.186296
14.144427
13.308824
15.594463
23.872367
26.097122
20.791855
24.127907
21.901999
16.138329
15.274262
14.397590
13.806888
14.915353

	15.773259
15.662021
16.267725
18.551724
16.087209
20.626521
16.931818
16.573781
15.326152
18.526119
0.000000
17.922454
14.632063
19.676994
16.211632
15.231672
16.545894
18.125683
16.308915
17.402453
16.530963
16.978022
15.565928
23.812089
8.702398
23.951890
17.459494
15.894331
20.147453
18.852127
15.681159
15.594306

	13.285199
15.876448
19.771198
16.241314
15.944233
20.194731
16.892193
19.659027
18.555490
21.658477
16.805556
20.036765
17.654742
16.533181
21.060695
16.672454
22.526920
17.066895
19.316290
20.611836
22.475904
18.825152
17.754386
22.829162
18.694158
19.205387
23.405535
21.848825
23.131774
19.709061
19.871279
22.000000
18.293255
19.797248



Note: This game has been developed by Steven S. Harrod for educational purposes. It may be used, disseminated, and modified for educational purposes, but it may not be sold. In all uses of the game, the original developer must be acknowledged (as has been done above).



63
Copyright ©2013 Pearson Education, Inc.
Copyright ©2013 Pearson Education, Inc.
Copyright ©2013 Pearson Education, Inc.
image3.png
Outline - Continued

Time-Series Forecasting

Associative Forecasting Methods:
Regression and Correlation Analysis

Monitoring and Controlling Forecasts
Forecasting in the Service Sector




image93.png
San Diego Hospital

@ | w | & | 0 | 7
G e | e | A ey

Forsomstuith | sen | sz | si | s s

W W w | w7

Forscastuith | st 00 | san | s s





image94.png
10.200)
10,000
9,800
9600
9.400)
9200

92,0001

Inpatient Days

San Diego Hospital

Combined Trend and Seasonal Forecast Figure £5

10068

LR

o572

9520 9542
0am

Jan Feb Mar Apr May June July Aug Sept Ot Nov Dec
67 68 69 70 71 72 73 74 75 76 17 78

Honth




image95.png
Adjusting Trend Data

Fecasorat =INACX X Fyongorecas
Quarter I:  ,=(1.30)(8100,000) =$130,000
Quarter II:  , =(.90)($120,000) =$108,000
Quarter 11l (70)(8140,000) = $98,000

Quarter IV: 3, =(1.10)($160,000) =$176,000




image96.wmf
±


oleObject1.bin

oleObject2.bin

image97.png
Associative Forecasting

Used when changes in one or more independent
variables can be used to predictthe changes in
the dependentvariable

Most commontechnique is linear
regression analysis

We apply this technique justas we did
in the time-series example




image98.png
Associative Forecasting

Forecasting an outcome based on predictor
variables using the least squares technique

F=a+bx

where} = value ofthe dependentvariable (in our example,
Sales)
-aiis infercept

Slope ofthe regressionline

x = the independentvariable





image99.png
Associative Forecasting
Example

DEL'S SALES
IN§ MILLIONS). 5





image100.png
Associative Forecasting
Example

515-(O29) _ s
-0

a=y-ir=25-(25)=175




image4.png
Learning Objectives

When you complete this chapter you
should be able to :

1. Understandthe three time horizons and
which models apply for each use

2. Explainwhen to use each of the four
qualitative models

3. Apply the naive, moving average,
exponential smoothing, and trend
methods




image101.png
Associative Forecasting
Example

SALES, »
20
20
25
20
20
5
=150

PAY;

$=175+.25x
Sales=1.75+.25(payroll)

ES

T _515-0R)25)_ 5

B0-(60)

a=y-ir=25-(25)=175





image102.png
Associative Forecasting
Example
s/ >_|

T Tz % ¢ 5 6 7
‘Area payrol(in S bilons)

_515-00025)_ 5
-6

a=y-ir=25-(25)=175




image103.png
Associative Forecasting
Example

If payroll next year is estimated to be $6 bilion,
then:

Sales (in § millions) = 1.75 + 25(6)
=175+15=325

Sales = $3,250,000




image104.png
Associative Forecasting

Example
If a0
thy o 325 _
E L et
)
ie

Tz % ¢ 5 6 7
‘Area payrol (n S bilons)





image105.png
Standard Error of the Estimate

» Aforecastis just a point estimate of a

future value
» This pointis
actually the
mean ofa
probability
distribution

Figure £9

[
Avea payroln 3 bilons)





image106.png
Standard Error of the Estimate

where yvalue of each data point

‘computed value of the dependent variable,
from the regression equation

= number of data points





image107.png
Standard Error of the Estimate

Computationally, this equation is
considerably easier to use

[Zy-ayy-b3

n-2

We use the standard error to set up
predictionintervals around the point
estimate




image108.png
Standard Error of the Estimate

2o [39.5-175050)~25(51.5)

N

6-2

=306 (in $ millions)

The standard error
of the estimate is.
$306,000 in sales

ot

T 3 4 5 & 7T
Avea payrol n 3 biions)





image109.png
Correlation

» How strong is the linear relationship
between the variables?

» Correlation does not necessarily imply
causality!

» Coefficient of correlation, », measures
degree of association

» Values range from-1to +1




image110.png
Correlation Coefficient

Yy ay-y .y
J[anz - (Zx)zinZ)'z - (ZJ)ZJ

r=




image5.png
Learning Objectives

When you complete this chapter you
should be able to :

4.

5.
6.

Compute three measures of forecast
accuracy

Develop seasonalindices

Conducta regressionand correlation
analysis

Use a tracking signal




image111.png
Correlation Coefficient

B, 1





image112.png
Correlation Coefficient

I T N R
20 1 1 20 40
20 f) s 50 50
22 ) 0 100 oz
20 2 ‘. 0 0
20 i 1 20 0
a2 7 “ 25 w2

H= B0 | m= 8 | = ® | o= 515 | 3pe w5

(©)61.9)-(18)15.0)
V[(S)(S(l) 87 (16)395)-(15.0)"]





image113.png
Correlation

» Coefficient of Determination, 72,
measures the percent of change in y
predicted by the change in x

» Valuesrange fromOto 1
» Easy tointerpret

For the Nodel Construction example:
r=.901
2= 81




image114.png
Multiple-Regression Analysis

If more than one independent variable is to be
used in the model, linear regression can be
extended to multiple regression to accommodate
several independentvariables

ja+by by,
Computationally, this is quite

complexand generally done on the
computer




image115.png
Multiple-Regression Analysis

In the Nodel example, including interest rates in the
model gives the new equation:

$=1.80+.30x, - 5.0x,

An improved correlation coefficient of = .96 suggests
this model does a better job of predicting the change
in construction sales

Sales = 1.80 + .30(6) - 5.0(12) = 3.00
Sales = $3,000,000
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Monitoring and Controlling
Forecasts

Tracking Signal

» Measures how well the forecastis predicting
actual values

» Ratio of cumulative forecasterrors to mean
absolute deviation (MAD)

» Good tracking signal has low values

> If forecasts are continually high or low, the
forecast has a bias error
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Monitoring and Controlling

Forecasts
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Tracking Signal Example

|Forecasterrors| g5

Atthe end of quarter 6, MAL S-142

n
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MAD 14z

Tracking signal= 25 MADs
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Forecasting Provides a

Competitive Advantage for Disney

» Global portfolioincludes parks in Hong Kong;
Paris, Tokyo, Orlando, and Anahéim

»Revenles are derived from people — how:
many.visiters-and-how they"spend their
money

» Daily management report contains only the
forecastand actual attendance at each park
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Adaptive Smoothing

» It's possible to use the computer to
continually monitor forecast error and
adjust the values ofthe ¢ and g
coefficients used in exponential
smoothing to continually minimize
forecast error

» This technique is called adaptive
smoothing
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Focus Forecasting

» Developed at American Hardware Supply,
based on two principles:
1. Sophisticated forecasting models are not
always better than simple ones

2. There is no single technique that should be
used for all products or services

» Uses historical data to test multiple
forecasting models forindividual items

» Forecasting modelwith the lowest error used
to forecastthe next demand
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Forecasting in the Service

Sector

» Presents unusual challenges

>

>

Special need for short term records

Needs differ greatly as function of
industry and product

Holidays and other calendar events
Unusual events
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Fast Food Restaurant Forecast
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FedEx Call Center Forecast
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Forecasting Provides a

Competitive Advantage for Disney

» Disney generates daily, weekly, monthly,
annual, and 5-year forecasts:

»Forecastused by labor management,
maintenancepoperations; finance, and park
scheduling

» Forecastused to adjust openingtimes, rides,
shows, staffinglevels, and guests admitted
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Forecasting Provides a

Competitive Advantage for Disney

» 20% of customers come from outside the
USA

»~Econoic modelincludes gross domestic
product;cross=exchangerates, arrivals into
the USA

» A staff of 35 analysts and 70 field people
survey 1 million park guests, employees,and
travel professionals each year.
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Forecasting Provides a

Competitive Advantage for Disney

» Inputs to the forecasting modelinclude airline.
specials, Federal Reserve policies, Wall
Street trends) Vacation/holiday schedules for
3,000 school districts.aroundsthe:world

» Average forecasterror for the 5-year forecast
is 5%

» Average forecast error for annual forecasts is
between 0% and 3%
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What is Forecasting?

» Process of predicting a
future event

» Underlying basis
of all business
decisions

» Production
» Inventory
» Personnel
» Facilities
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Forecasting Time Horizons

1. Short-range forecast
» Upto 1year, generally less than 3 months

> Purchasing, job scheduling, workforce levels,
job assignments, production levels

2. Medium-range forecast

» 3 months to 3 years

» Sales and production planning, budgeting
3. Long-range forecast

» 3 years

> New product planning, facilty location,
research and development
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Distinguishing Differences

1. Medium/long range forecasts deal with more
comprehensive issues and support
management decisions regarding planning
and products, plants and processes

2. Short-term forecasting usually employs
different methodologiesthan longer-term
forecasting

3. Short-term forecasts tend to be more
accurate than longer-term forecasts
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Influence of Product Life
Cycle

— Growth — Maturi Decline

» Introduction and growth require longer
forecasts than maturity and decline

» As product passes through life cycle,
forecasts are useful in projecting

> Staffing levels
> Inventory levels
» Factory capacity
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Types of Forecasts

1. Economic forecasts

» Address business cycle  inflation rate, money
supply, housing starts, etc.

2. Technological forecasts
» Predict rate of technological progress
» Impacts development of new products
3. Demand forecasts
» Predict sales of existing products and services
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Strategic Importance of
Forecasting

» Supply Chain Management — Good
supplier relations, advantages in product
innovation, costand speed to market

» Human Resources— Hiring, training,
laying off workers

» Capacity — Capacity shortages can result
in undependable delivery, loss of
customers, loss of market share
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Seven Steps in Forecasting

. Determine the use of the forecast
2. Select the items to be forecasted

3. Determine the time horizon of the
forecast

4. Select the forecasting model(s)

5. Gather the data needed to make the
forecast

6. Make the forecast
7. Validate and implement results
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The Realities!

» Forecasts are seldom perfect,
unpredictable outside factors may
impact the forecast

» Most techniques assume an
underlying stability in the system

» Product family and aggregated
forecasts are more accurate than
individual product forecasts
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Forecasting Approaches

Qualitative Methods
» Used when situation is vague and
little data exist
» New products
» New technology
» Involves intuition, experience
» e.g., forecasting sales on Internet
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Forecasting Approaches

Quantitative Methods

» Used when situation is ‘stable’ and
historical data exist

» Existing products
» Current technology
» Involves mathematical techniques

» e.g., forecasting sales of color
televisions
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Overview of Qualitative Methods

1. Jury of executive opinion

» Pool opinions of high-level experts,
sometimes augment by statistical
models

2. Delphi method
» Panel of experts, queried iteratively
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Overview of Qualitative Methods

3. Sales force composite

» Estimates from individual salespersons
are reviewed for reasonableness, then
aggregated

4. Market Survey
» Askthe customer
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Jury of Executive Opinion

Involves small group of high-level experts
and managers

Group estimates demand by working
together

Combines managerial experience with
statistical models

Relatively quick

‘Group-think’
disadvantage




image25.png
Delphi Method

» Iterative group

process, continues Dec;\gnvenls\ak:ysses
until consensus is Gediions)
reached
Staff
>3type_sof e etenng
participants survey)

» Decision makers
> Staff
» Respondents

valuable judgments)
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Sales Force Composite

Each salesperson projects his or her
sales

Combined at district and national
levels

Sales reps know customers’ wants
May be overly optimistic
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Market Survey

Ask customers about purchasing
plans

Useful for demand and product
design and planning

What consumers say, and what they
actually do may be different

May be overly optimistic
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Overview of Quantitative
Approaches

. Naive approach
. Moving averages

. Exponential Time-series
smoothing models

. Trend projection

. Linear regression Associative

model
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Time-Series Forecasting

» Set of evenly spaced numerical data
» Obtained by observing response
variable at regular time periods
» Forecast based only on past values, no
other variables important
» Assumes that factors influencing past

and present will continue influence in
future
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Time-Series Components
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Demand for product or service

Components of Demand

Trend
component

Seasonalpesks T, ’\J

Actualdemand
ine.

L
!

Average demand
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Random variation
L L L |

T T T T
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Trend Component

» Persistent, overall upward or
downward pattern

» Changes due to population,
technology, age, culture, etc.

» Typically several years duration

T~
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Seasonal Component

» Regular pattern of up and down
fluctuations

» Due to weather, customs, etc.
» Occurs within a single year

PERIODLENGTH | ~SEASON" LENGTH | NUMBER OF "SEASONS" IN PATERI

Vieak Day 7
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Cyclical Component

Repeating up and down movements

Affected by business cycle, political,
and economic factors

Multiple years duration

Often causal or

associative

relationships
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Random Component

» Erratic, unsystematic, ‘residual’
fluctuations

» Due to random variation or unforeseen
events

» Short duration
and nonrepeating




image36.png
Naive Approach

» Assumes demand in next
period is the same as
demand in most recent period

» e.g., IfJanuary sales were 68, then
February sales will be 68

» Sometimes cost effective and
efficient

» Can be good starting point
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Moving Average Method

» MA is a series of arithmetic means
» Used iflittle or no trend

» Used often for smoothing

» Provides overall impression of data
over time

>.demand in previous = periods

Moving average=
B
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Moving Average Example
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Weighted Moving Average

» Used when some trend might be
present

» Older data usually lessimportant
» Weights based on experience and
intuition

Weighted 3" (Weight for period ) (Demand in period )}
moving =
average 2 Weights
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Weighted Moving Average
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Weighted Moving Average
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Potential Problems With
Moving Average

» Increasing n smooths the forecastbut
makes it less sensitive to changes

» Does not forecast trends well
» Requires extensive historical data
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Graph of Moving Averages
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Exponential Smoothing

» Form of weighted moving average
» Weights decline exponentially
» Most recent data weighted most
» Requires smoothing constant ()
» RangesfromOto 1
» Subjectively chosen

» Involves little record keeping of past
data
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Exponential Smoothing

New forecast= Last period’s forecast
+ o (Last period's actual demand
— Last period’s forecast)

Fi=Fii+alAi-Fi)

where = newforecast
previous period's forecast
‘smoothing (orweighting) constant (0= &= 1)

previous period's actual demand
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Exponential Smoothing
Example
Predicted demand = 142 Ford Mustangs

Actual demand = 153
Smoothing constant &= .20
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Exponential Smoothing
Example

Predicted demand = 142 Eord Mustangs

Actual demand 153
Smoothing cons! nta

New forecast = 142+ .2(153-142)
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Exponential Smoothing
Example

Predicted demand = 142 Ford Mustangs
Actual demand = 153
Smoothing constant &= .20

New forecast =142+ .2(153-142)
=142+22
=144.2= 144 cars
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Effect of
Smoothing Constants

» Smoothing constant generally .05 < o< .50

» As aincreases, older values become less
significant





image50.png
Demand

175

Impact of Different a
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Impact of Different a

225

» Chose highvalues of «
when underlying average
is likely to change

» Chooselowvalues of «
when underlying average
is stable

Quarter
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Choosing a

The objective is to obtain the most
accurate forecast no matter the
technique

We generally dothis by selecting the

modelthat gives us the lowestforecast

error

Forecast error = Actual demand — Forecast value
=A-F




image53.png
Common Measures of Error

Mean Absolute Deviation (MAD)

X|Actual - Forecast|

n

MAD=
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Determining the MAD
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Determining the MAD
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Common Measures of Error

Mean Squared Error (MSE)

X (Forecast errors)®

n

MSE =
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Determining the MSE

i
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Common Measures of Error

Mean Absolute Percent Error (MAPE)
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Determining the MAPE
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Comparison of Forecast Error

Rounded  Absolute | Rounded  Absolute

Actual | Forecast Dewiation | Forecast —Dewiation
Tonnage with for with for

Quarter _Unloaded | 2=10  2=10 | a=50  a=50

1 180 175 5.00 175 5.00
2 168 1755 750 17750 950
3 159 17475 1575 17275 1375
4 175 17318 182 16588 9.12
5 190 17336 16.64 17044 1956
5 208 17502 29.98 18022 2478
7 180 17802 198 19261 1261
8 182 17822 3718 18630 _4.30

5245 9662
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—Camnarican nf Earacast Error
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—Camnarican nf Earacgst Error

Y (forecasterrors)? Rounded  Absolute
MSE= ——————  [Forecast  Deviation
n with or
az80  azs0
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n
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MAPE =
7
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Comparison of Forecast Error

Rounded  Absolute | Rounded  Absolute

Actual | Forecast Dewiation | Forecast —Dewiation
Tonnage with for with for

Quarter _Unloaded | @=10  a=.10 | a=50  a=50
1 180 175 5.00 175 5.00
2 168 1755 750 17750 950
3 159 17475 1575 17275 1375
4 175 17318 16588 9.12
5 190 17336 17044 1956
5 205 175.02 18022 2478
7 180 178.02 19261 1261
8 182 178.22 18630 _4.30
98.62
MAD 12.33
MSE 195.24
MAPE 6.76%
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Exponential Smoothing with
Trend Adjustment

When a trend is present, exponential
smoothing must be modified

WONTH | ACTUAL DEMAND FORECAST (F) FOR MONTHS 1-5
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Exponential Smoothing with
Trend Adjustment

Forecast Exponentially Exponentially
including (FIT) = smoothed ~ (F) + smootned (T
trend forecast trend

Fi=aA)+ (1-@(Feq+ Teq)
Ti=AFe- Fra) + (1- A)Teq

where  Fy= exponentially smoothed forecast average
= exponentially smoothed trend

A= actual demand

= smoothing constant for average (0% a<1)
5=smoothing constant for trend (0 < £ 1)





image67.png
Exponential Smoothing with
Trend Adjustment

Step 1: Compute F;
Step 2: Compute T;
Step 3: Calculate the forecast FIT,= F,+ T,
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Exponential Smoothing with
Trend Adjustment Example
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Exponential Smoothing with
Trend Adjustment Example
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Exponential Smoothing with
Trend Adjustment Example
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Exponential Smoothing with
Trend Adjustment Example
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Exponential Smoothing with
Trend Adjustment Example
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Exponential Smoothing with
Trend Adjustment Example
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Trend Projections

Fitting a trend line to historical data points to
projectinto the medium to long-range

Linear trends can be found using the least
squares technique

F=a+bx

whered) = computedvalueof e variableto b precicted
(dependentvariable)
2t inrcept
Slope ofthe regressioniine
= the ndepencentvanadle

Kon
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Values of DependentVariable -values)

Least Squares Method

(alue)

Deviton,
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sum ofthe squared errors (deviations)

*

R

Time period Figure .4
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Least Squares Method
Equations to calculate the regression variables

F=a+bx

Zt) -ny
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Least Squares Example
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Least Squares Example
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Least Squares Example

140-(7)(#)
a=y-57=9886-1054(4)=56.70

Thus, §=56.70+10.54x

1

Demand in year 8 =56.70 + 10.54(8)
=141.02, or 141 megawatts
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Least Squares Example

Trend line,
$=56.70 +10.54x
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Least Squares Requirements

1. We always plot the data to insure a
linear relationship

2. We do not predict time periods far
beyond the database

3. Deviations around the least squares
line are assumed to be random
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Seasonal Variations In Data

The multiplicative
seasonal model can
adjust trend data for
seasonal variations
in demand
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Outline

Global Company Profile:
Walt Disney Parks & Resorts
What Is Forecasting?

The Strategic Importance of
Forecasting

Seven Steps in the Forecasting
System

Forecasting Approaches
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Seasonal Variations In Data

Stepsin the process formonthly seasons:

S STININ

Find average historical demand for each month
Compute the average demand over all months
Compute a seasonal index for each month
Estimate next year’s total demand

Divide this estimate of total demand by the
number of months, then mutiply it by the
seasonal index for that month
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Seasonal Index Example
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Seasonal Index Example
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Seasonal Index Example
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Seasonal Index Example
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Seasonal Index Example

Seasonal forecast for Year 4
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