120 PART 1

Quantitative forecasts

Forecasts that employ mathemati-

cal modeling to forscast demand

Qualitative forecasts
Forecasts that incorporate such
factors as the declsion maker's
Intuition; emations, personal expe
flences, and value system

Jury of executive opinion

A forecasting technigue that Lses
the opinion of & small group of
high-level managars to form &
group estimate of demand.

Delphi method

A forscasting technigue using a
group process that allows experts
to imake forecasts

LO 4.2 Expiain when
to use gach of the four
gualitative models

Sales force composite

A forecasting lechnigue based
on-salespersong’ estimates of
expecied siles.

Market survey

Aforecasting method 1hal solicils
input from custamers or polential
pustomers regarding futura
prchasing plans.

INTRODUCTION TO OPERATIONS MANAGEMENT

Forecasting Approaches

There are two general approaches to f‘(?z-cce1sli|1 g jugl as there_are [woi -w.a}:.s 1o tackj, g
decision modeling. One i§ a quantitative unalylsw; the other fs a qulzr. |t.11|‘ve APProgg
Quantitative forecasts use a variety of mathematical m?de.ls that rely on historicy 4
ariables to forecast demand. Subjecti ve or qualitative forecasts incy.
as the decision maker’s intuition, emotions, personal CXPerien e,
1st. Some firms use one approach and some yg, thLi
16 two is usually most effective.

and/or associative v
porate such lactors
and value system in reaching a forec:
other. In practice, a combination of tl

Overview of Qualitative Methods

In this section, we consider four different qualitative forecasting techniques:

i. Jury of executive opinion: Under this method, the opinipqs of a group of high-leyy
experts or managers, often in combination with stahstlcfa] models, are pooled 1,
arrive at a group estimate of demand. Bristol-Myers Sq}nbh Cgmpapy, for exam.
ple. uses 220 well-known research scientists as its jury of executive opinion to gery
grasp on future trends in the world of medical research.

2. Delphi method; There are three different types of participants in the Delphi method:
decision makers, staff personnel, and respondents. Decision makers usually consist
of & group of 5 to 10 experts who will be making the actual forecast. Staff person-
nel assist decision makers by preparing, distributing. collecting, and summariz-
ing a series of questionnaires and survey results, The respondents are a group of
people. often located in different places, whose judgments are valued. This group
provides inputs to the decision makers before the forecast is made.

The state of Alaska, for example, has used the Delphi method to develop its
long-range economic forecast. A large part of the state’s budget is derived from the
million-plus barrels of oil pumped daily through a pipeline at Prudhoe Bay. The
large Delphi panel of experts had to represent all groups and opinions in the state
and all geographic areas.

3. Sales force composite: In this approach, cach salesperson estimates what sales will b2
in his or her region. These forecasts are then reviewed to ensure that they are
realistic, Then they are combined at the district and national levels to reach a1
overall forecast. A variation of this approach occurs at Lexus, where every quartt
Lexus dealers have a “make meeting.” At this meeting, they talk about what Is
selling, in what colors, and with what options, so the factory knows what to build.

4. Market survey: This method solicits input from customers or potential customes
regarding future purchasing plans. It can help not only in preparing a forecast bv!
also in improving product design and planning for new products. The ccmsuma“fl
market survey and sales [orce composite methods can, however, suffer [rom over?
optimistic forecasts that arise from customer input.

Qverview of Quantitative Methods’

Five quantitative forecasting methods, all of which use historical data, are described I
this chapter. They fall into two categories:

1. Naive approach
2. Moving averages
3. Exponential smoothing
4, Trend projection
5. Linear regression

Time-series models

I Associative model
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-Series Models Time-serie cadic . " : ;
F”}B ion of the past. In other w }deETU}EiElS predict on the assumption that the future  Time series
isa unc d : Qerie\‘ 'F i ords, they I_ook at what has happened over a period A forecasting lechnigue that Uses
of time and use a series © _ past ¢ ata to make a forecast. If we are predicting sales of lawn @ series cf past data points 1o
mowers, we use the past sales for lawn mowers (o make the forecasts make a forecast.

Associative Models  Associative models, such as linear regression, incorporate
the variables or factors that might influence the quantity being forecast. For example
an associative model for lawn mower sales might use factors such as new housing slarts-
advertising budget, and competitors’ prices. '

Time-Series Forecasting pom—

Here is the meat of this
chapier. We now show you a
wide variety of models that use
time-series data.

A time serles 13 based on a sequence of evenly spaced (weekly, monthly, quarterly, and
so on) data points. Examples include weekly sales of Nike Air Jordans, quarterly earn-
ings reports of Microsoft stock, daily shipments of Coors beer. and annual consumer
price indices. Forecasting time-series data implies that future values are predicted only
from past values and that other variables, no matter how potentially valuable, may be
ignored.

Decomposition of a Time Series

Analyzing time series means breaking down past data into components and then
projecting them forward. A time series has four components:

1. Trend is the gradual upward or downward movement of the data over time.
Changes in income, population, age distribution, or cultural views may account
for movement in trend.
1. Seasonaliry is a data pattern that repeats itself after a period of days, weeks, € STUDENT TIP

months, or quarters. There are six common seasonality patterns: The peak “seasons” for sales
of Frito-Lay chips are the Super

PERIOD LENGTH “SEASON" LENGTH NUMBER OF “SEASONS™ IN PATTERN Bowl, Mernarial Day, Labor
Day, and the Fourth of July,

Week Dav 7

Month Week 4.,41!,

E;ﬂonm Day 28-31

Year_ - Quarter N - 4.- o '
_Y@a-r_ S e : . = = 22N
-YEB_?- . . Week . . 52

Restaurants and barber shops. for example, experience weekly seasons, with
Saturday being the peak of business. Beer distributors forecast yearly patterns,
with monthly seasons. Three “seasons™—May, July, and September—each con-
tain a big beer-drinking holiday.

3. Creles are patterns in the data that occur every several years. They are usually tied
into the business cycle and are of major importance in short-term business analysis
and planning. Predicting business cycles is difficult because they may be affected
by political events or by international turmoil.

4. Random variations are “blips” in the data caused by chance and unusual situations.
They follow no discernible pattern, so they cannot be predicted.
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When a detectable trend or pattern is present, u-‘e:‘ghlf.-; can be usen? to ?Eace More gy
phasis on recent values. This practice makes o recastlllg_ Iecl?rlnqut*: In?le.r_"\"‘l-“?”-‘ii‘r'e )
changes beciause more recent pcrind:‘i may be more heavily m?ght;:cl. Fhmu: of ‘“'Eighls
is somewhat arbitrary because there 1s no set fnrx'nulzl to determine t 1em. Therefore &
ciding which weights to use requires some experience. For example, 1{ Llhc latesy Moy,
or period is weighted too heavily, the forecast may reflect a large unusual change i the

demand or sales pattern too quickly. '
A weighted moving average may be expressed mathematically as:

S ((Weight for period n)(Demand in period n))
Weighted moving average = - E"ﬁv’cights - — (42

Example 2 shows how to calculate a weighted moving average.

- e i e e e —
— e  ——— T - = -

| DETERMINING THE WEIGHTED MOVING AVERAGE

Donna's Garden Supply (see Example 1) wants to forecast storage shed sales by weighting the
past 3 months, with more weight given to recent data to make them more significant,

APPROACH P Assign more weight to recent data, as follows:

3 Last manth

: Twio months ago
‘ Three months ago
~3um of weights

&
&
: Fotecast for this m
' 3 X Sales last mo. + 2 X Sales 2 mos. ago + 1 X Sales 3 mos. ago
! Sum of the weights

SOLUTION P The results of this weighted-average forecast are as tollows:

m ACTUAL SHED SALES 3-MONTH WEIGHTED MOVING AVERAGE

lanuary 10

February i 14 :

-I:\ﬂan:h 13 — - XA \

Apri o 16 L B X134 2 x 17) + (106 = 12}
May I [3 % 16) + 2 x 13) + (126 = 14}
e 1 TTmTTTTYT C U3X 19+ @ X 16) + (136 = 17
July : 26 [(3x23+(2 x19) + [1.6}14’6 = 203
August I 1B x26)+ (2 x 23) + (19))6 = 233
September Eo 28 ! [(3 % 30) + (2 x 26) + (23))6 = 27}
October s [3 % 28) + (2 % 30) + (26))/6 = 28
Novermber T ' 1
iy 4 o - _ [Bx 18+ @ x 28) + (30016 = 235

: [(3 % 16) + (2 x 18) + (28))/6 = 185

The forecast f is 155 |
orecast for January is 153. Do you see how this number is computed?
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INSIGHT B In this particular forecasting situation, you can see that more heavily weighting the
latest month provides a more accurate projection. _

LEARNING EXERCISE P 1f the assigned weights were 0.50, 0.33, and 0.17 (instead of 3, 2,
and 1), what is the forecast for January's weighted moving average? Why? [Answer: There is no
change. Thesc are the same relarive weights, Note that 3 weights = | now, so there is no need for
a denominator. When the weights sum to |, calculations tend to be simpler ]

RELATED PROBLEMS » 4. 1b, 4.2¢. 4.5¢, 4.6, 4.7. 4.10b

Both simple and weighted moving averages are effective in smoothing out sudden fluc-
tuations in the demand pattern to provide stable estimates. Moving averages do. how-
ever, present three problems:

1. Increasing the size of n (the number of periods averaged) does smooth out fluctua-
tions better, but it makes the method less sensitive to changes in the data.

2. Moving averages cannot pick up trends very well. Because they are averages, they
will always stay within past levels and will not predict changes to either higher or
lower levels, That is, they /ag the actual values.

3. Moving averages require extensive records of past data.

Figure 4.2, a plot of the data in Examples 1 and 2, illustrates the lag efTect of the mov-
ing-average models. Note that both the moving-average and weighted-moving-average
lines lag the actual demand. The weighted moving average, however, usually reacts
more quickly to demand changes. Even in periods of downturn (see November and
December), it more closely tracks the demand.

Sales demand

30

25 |

15

10

Actual sales

Weighted moving average (from Example 2) I—|gur942

Actual Demand vs. Moving-
Average and Weighted-
Moving-Average Methods for
Donna's Garden Supply

1‘"
_,Zf“"'f Moving average (from Example 1)
=

€ STUDENT TIP
Maoving-average methods
always lag behind when there
is & trend present, as shown by

| I ! L the blue line (actual sales) for

Jan.

Feb. Mar. Apr. May June July Aug. Sept. Oct

Nov. Dec. Jenuary through August,

Month
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Exponential smoothing

A weighted-moving-average
forecasting technigue in which
data points are weighted by an
exponentizl function,

Smoothing constant

The weighting factor used in an
exponential smoothing forecast, a
number greater than or equal to 0
and less than or equal to 1.

Example 3

Wh-a—-———-—* E—
-]

Thus, the March demand forecast for Ford Mustangs is rounded to 144,

Exponential Smoothing
shted-moving-average forecasting method, [t iy Oy

Exponential smoothing 1s anot her wel ing-: (
data and is fairly easy to use. The basic eXponengy

very little record keeping of past
smoothing formula can be shown as follows:

New forecast = Last period’s forecast
+ a (Last period's actual demand — Last period’s forecast) (43

where @ is a weight, or smoothing constant, chosen by the forecaster, that has a value
greater than or equal to 0 and less than or equal to 1. Equation (4-3) can also be write,

mathematically as:

F=F,+ald, — Fy) (44
where F, = new forecast
F, , = previous period’s forecast
a = smoothing (or weighting) constant (0 = a = 1)
A, ; = previous period’s actual demand

The concept is not complex. The latest estimate of demand is equal to the old forecast
adjusted by a fraction of the difference between the last period’s actual demand and
last period’s forecast. Example 3 shows how to use exponential smoothing to derivea
forecast.

The smoothing constant, e, is generally in the range from .05 to .50 for business
applications. It can be changed to give more weight to recent data (when « is high)or
more weight to past data (when « is low). When « reaches the extreme of 1.0, thenn
Equation (4-4), F, = 1.04,_,. All the older values drop out, and the forecast becomes
identical to the naive model mentioned earlier in this chapter. That is, the forecast for
the next period is just the same as this period’s demand.

T Tl | Y

T

DETERMINING A FORECAST VIA EXPONENTIAL SMOOTHING

In January, a car dealer predicted February demand for 142 Ford Mustangs. Actual Februatt |
demand was 153 autos. Using a smoothing constant chosen by management of & = ), the
dealer wants to forecast March demand using the exponential smoothing model.

APPROACH P The exponential smoothing model in Equations (4-3) and (4-4) can be applied
SOLUTION P Substituting the sample data into the formula, we obtain:

New forecast (for March demand) = 142 + .2(153 — 142) = 142 + 2.2
= 1442

INSIGHT B Using just two pieces of data, the forecast and the actual demand, plus 2 smoo”
ing constant, we developed a forecast of 144 Ford Mustangs for March.

LEARNING EXERCISE » [f the smoothin i : W
g constant is ch : t is the
forecast? [Answer: 145.3) anged to .30, wha ,

?EﬂT;D PROBLEMS B 4.1c, 4.3, 44, 454, 4.6, 4.9d, 4.1, 4.12, 4.13a, 4.17, 4.18.+3"
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The following table helps illustrate this concept. For example, when &« = .5, we can
sec that the new forecast is based almost entirely on demand in the last threc:ur four

periods. ‘:;Vhe” a =1, the &.’rec'd'St places little weight on recent demand and takes
many periods (about 19) of historical values into account.

25 063 031

Selecting the Smoothing Constant Exponential smoothing has been suc-
cessfully applied in virtually every type of business. However, the appropriate value of
the smoothing constant, e, can make the difference between an accurate forecast and
an inaccurate forecast. High values of @ are chosen when the underlying average is
likely to change. Low values of a are used when the underlying average is [airly stable.
In picking a value for the smoothing constant, the objective is to obtain the most
accurate forecast.

Measuring Forecast Error

The overall accuracy of any farecasting model-—moving average, exponential smooth-
ing, or other—can be determined by comparing the forecasted values with the actual
or observed values. If F, denotes the forecast in period r, and 4, denotes the actual
demand in period ¢, the forecast error (or deviation) is defined as:

Forecast error = Actual demand — Forecast value
= A; - .I.G;

Several measures are used in practice to calculate the overall forecast error. These

measures can be used ta compare different forecasting models, as well as to monitor
forecasts to ensure they are performing well. Three of the most popular measures are

mean absolute deviation (MAD), mean squared error (MSE), and mean absolute per-
cent error (MAPE). We now describe and give an example of each.

Mean Absolute Deviation The first measure of the overall forecast error fora
model is the mean absolute deviation (MAD). This value is computed by taking the sum of
the absolute values of the individual forecast errors (deviations) and dividing by the

number of periods of data (#):

S | Actual — Forecast |
i

(4-5)

MAD =

Example 4 applies MAD, as a measure of overall forecast error, by testing two values

of e
Most computerized forecasting software includes a feature that automatically finds

the smoothing constant with the lowest forecast error. Some software modifies the a
value if errors become larger than acceptable.

€ STUDENT TIP

Forecasts tend to be mors
accurate as they become
shorter. Theratora, forecast
error also tends to drop with
sharter forecasts.

LO 4.4 Compute three
measures of forecast
accuracy

Mean absolute

deviation (MAD)

A measure of the overall forecast
arror for a model.
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B T SN - =

Example 4

\____4

DETERMINING THE MEAN ABSOLUTE DEVIATION (MAD)

During the puast B quarters, the Port of Baltimore has unloaded lLarge quantities «
ships. The pori's operations manager wanis Lo test the use of exponential smoothin,
well the technique works in predicting tonnage unloaded, He guesses that the fore.
unloaded in the first quarter was 175 tons, Two values of @ are to be examined o
a = K],

APPROACH » Compare the actual data with the data we {orecass (using each of the 1,
values) and then find the absolute deviation and MADs

< -

SOLUTION »  The following table shows the detuiled caleulations for « 1% only

ACTUAL TONNAGE FORECA

QUARTER UNLOADED FORECAST WITH & = 10

ST Wi
50

o %

1 186 175 175

2 168 175:50 = 175.00 + 10{180 —~ 175) 177.50 {
3 159 174.75 = 175,50 + .10(168 ~ 175.50) 172,75 ’
4 175 173,18 = 174,75 + 10{159 - 174.75} 16583

5 150 173.36 = 173.18 + 10(175 - 173.18) 17644

7 205 175,02 = 172.36 + .1{(190 ~ 173 .38) 180.22

7 180 17802 = 175.02 + 10(205 - 175 0Z) 1926

8 182 17822 = 178,02 + ,10(180 — 178.02) 186.30

9 7 178.59 = 178,22 + ,10(182 - 178.22) 184.15

To evaluate the accuracy of cach sinoothing constant, we
absolute deviations and MADs:

<an compute forecast errors in terms of

._ ABSOLUTE FORECAST ABSOLUTE
: ACTUAL TONNAGE FORECAST WITH DEVIATION WITH DEVIATION
QUARTER UNLOADED a=.10 FOR & = .10 o= .50 FOR = .50

180 175 5.00 175 5.00

[ 2 168 175.50 7.50 17750 9,50
3 159 174,75 15.75 172.75 13.75
ey | 175 | 173.18 1.82 165 .88 9.12

5 190 173.36 1664 | 170.44 19.56

6 205 175.02 29.98 ' 18022 24.78
T ) 1 178,02 1.98 192,61 1261

B L 182 178.22 378 186.30 430
m@iﬁiﬁ:m i e

s EFD'EW:I:UDHSL o5 17 33

INS{IGH‘I_' »  On the basis of this comparison of the two MADs,
A0is preferred 1o o = 50 because its MAD is smaller.

LEARNING EXERCISE B If the smoothin ¢ i . 20
= Ona b = = Ly
Whatis the new MADY (Answer: 1021) — — o Caoed from g = .10 t0 a

RELATED PROBLEMS p 4,

a smoothing constant of & =

5b, 4.8¢, 4.9¢, 4. 14, 4.23 4.47h
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mom gth;em Squared error (MSE) is a second way of measuring
S ¢ of the squared differences between the fore-

MSE = 2 (Forecast errors)®

(4-6)

e U S D R "
MSE for the Port of Baltimore problem introduced in Exam ple 4.
| e large deviations (:;:: to the squared term. For

The average of the squased &ifer-
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rror (MAPE). This is computeq ., .,
this problem, we can use the mean absolute percent error (MAPE) Puted a4

:'rf:?{mélm o average of the absolute difference lfu:l'-‘v’ﬂ':',‘t H.m forcF ﬂH[F' ; dnd :le 'Liild‘uad:tuisi- UPI“(’U
The averape of the absolite as a p;r(:cntagc of the actual values, Thatis, if we have forecasted 2 4 values fo,
"'5:{'*"'*’1"‘*? betwesn the forecast n periods, the MAPE is calculated as:
and actual values, exprassed as & i
P RGNS >, 100| Actual; — Forecast,| /Actual,

MAPE = =1 A (47

n |
Example 6 illustrates the calculations using the data from Examples 4 and 3.

The MAPE is perhaps the easiest measure (o interpret. Fm example, a result tha the
MAPE is 6% is a clear statement that is not dependent on issues such as the Magnityg,

of the input data. ‘
Table 4.1 summanzes how MAD, MSE, and MAPE differ.

Exponential Smoothing with Trend Adjustment

Simple exponential smoothing, the technigue we just illustrated in Examples 3 1, f
is like any other moving-average technique: It fails to respond to trends, Other fore-
casting techniques that can deal with trends are certainly available. However. becauss
exponential smoothing is such a popular modeling approach in business, let us look 2
it in more detail.

DETERMINING THE MEAN ABSOLUTE PERCENT ERROR (MAPE)

- The Port of Baltimore wants to now calculate the MAPE when o = .10,
APPROACH & Equation (4-7) is applied to the forecast data computed in Example 4.
SOLUTION »

ACTUAL TONNAGE FORECAST FOR ABSOLUTE PERCENT ERROR
QUARTER UNLOADED @ =.10 100 (JERROR[/ACTUAL)

1 " 180 175.00 ; 100(5/180) = 2.78%

T T R | 10007.5168) = 4.46%
U= = o N (S R 19061 3.75/159) = 9 90%
| & | 175 17318 ___100(1.82/175) = 1.05%

- |:'
e o 199 7336 | 10001664190 = 876%
il | 205 17502 | 100(29.98/205) = 14.62%
r — 5 | 1702 | " joo(omnso)= 1.10%
8 | 182 178,22 100(3.78/182) = 2.08%
| Sum of % errors = 44.75%
2 absolut 5
MAPE = € percent error = 44.75% o
n 8
INSIGHT B MAPE expresses the error as a percent of the actual values, undistorted by a single

large value.

LEARNING EXERCISE > What is MAPE when a s .507 [Answer: MAPE = 6.75%. As was the
case with MAD and MSE, the o = .| was preferable for this series of data,]

4 RELATED PROBLEMS b 4.8¢, 4.29¢
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