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Chapter Five Appendix

Combining Forecasts

(Ensemble Models)

LEARNING OBJECTIVES

GVLADGRIN/Getty Images

After studying this appendix, you should be able to:

1. Explain why a combination of two forecasts (called ensembles) may be better
than either one alone.

2. Explain the process for checking to see if a combination of forecasts would
create a bias.

3. Explain how to use regression analysis to select the weights for the forecasts
that are being combined.

4. Set up the data table that should be used when combining forecasts.

5. Use ForecastX™ to combine forecasts.

INTRODUCTION

278

The use of combinations of forecasts has been the subject of a great deal of re-
search in forecasting. An indication of the importance of this concept is the fact
that the prestigious International Journal of Forecasting had a special section,
composed of seven articles, entitled “Combining Forecasts” in the year-end issue
of the volume for 1989. In December 1992, an article in the same journal provided
strong evidence on the importance of combining forecasts to improve accuracy. It
was found that 83 percent of expert forecasters believe that combining forecasts
will produce more accurate forecasts than could be obtained from the individual
methods!

The idea of combining business forecasting models was originally proposed by
Bates and Granger. Since the publication of their article, this strategy has received
immense support in almost every empirical test of combined forecasts versus in-
dividual uncombined forecasts.

Throughout this book, we have emphasized the use of the mean absolute per-
centage error (MAPE) as a measure of the effectiveness of one particular fore-
casting model. In this appendix, instead of choosing the best model from among
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two or more alternatives, we are going to combine the forecasts from these differ-
ent models to obtain forecast improvement. It may actually be unwise to simply
determine which of a number of forecasting methods yields the most accurate
predictions. A more reasoned approach, according to the empirical evidence, is to
combine the forecasts already made in order to obtain a combined forecast that is
more accurate than any of the separate predictions.

Any time a particular forecast is ignored because it is not the “best” forecast
produced, it is likely that valuable independent information contained in the dis-
carded forecast has been lost. The information lost is likely to be due to of one or
both of the following:

1. Some variables included in the discarded forecast may not be included in the
“best” forecast.

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

In the first of these cases, it is quite likely that various forecasts are based on dif-
ferent information. Thus, ignoring any one of these forecasts would necessarily

exclude the explanatory power unique to the information included in the discarded
model].

In the second situation, it is often the case that different assumptions are made
in different models about the form of the relationship between the variables. Each
of the different forms of relationship, however, may have some explanatory value.
Choosing only the “best” of the relationships could exclude functional information.
An example would be accounting for seasonality in a multiplicative manner
with Winters’ exponential smoothing and in an additive manner using seasonal
dummy variables in regression.

To be useful, forecasts we wish to combine must be unbiased. To be unbiased,
each of the forecasts cannot consistently overestimate or underestimate the
actual value. If we combined an unbiased forecast with one that consistently
overestimated the true value, we would always wind up with a biased estimate.
Combining forecasts will not a eliminate systematic bias in a forecast.

The idea of bias related to a forecast can be explained in graphical manner.
Consider the graphs in Figure 5A.1. In each of the three graphs, actual values
of the variable to be forecast are on the vertical axis and the forecast values are
on the horizontal axis. In the top graph, the 45-degree line represents a situation
in which there is a perfect forecast. While a perfect forecast is very unlikely, the
purpose of this line is to show that such a forecast would not have a bias. Note two
important observations about the line in the upper graph: 1) The slope of such a
45-degree line is equal to one; and 2) the 45-degree line has an intercept equal to
zero. The importance of these observations will become clear as we discuss bias
in the context of combining forecasts,
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FIGURE 5A.1
One way to look

at the concept of
forecast bias.

In these graphs, the
solid line represents
a forecast with no
bias.The two dotted
lines show forecasts
that have a bias. The
top graph shows a
forecast with no bias.
The middle graph
illustrates a situation
in which a forecast
has an upward bias.
In the lower graph,
a downward bias is
shown.

r A Two Dimensional View

Consider a plot with the actual values on the vertical axis and
the forecast values on the horizontal axis. This example
assumes that the forecast is perfect... an unlikely result.

Actual
Historic
Values

Intercept = 0

If the forecast is perfect all
forecast values will equal all
actual values and will result
in a 45° line.

The slope of a 45° line = 1.0.

Forecast
Values

Upward Bias in Forecasts

forecast values that are bias upward.

Now consider a plot with the actual values on the vertical
axis and the forecast values on the horizontal axis with

Actual
Values

A

1

Intercept = 0

Intercept < 0 This is very important.

F

1

Downward Bias in

If the forecast values are
below the solid line there
would be an upward bias to
the forecast.

F>A

1

Forecast
Values

Forecasts

forecast values that are bias downward.

Now consider a plot with the actual values on the vertical
axis and the forecast values on the horizontal axis with

Actual
Values

Al
This is very
important.

Intercept > 0 |

Intercept = 0 E

If the forecast values are
above the solid line there
would be an downward bias
to the forecast.

F.<A

1 1

Forecast

Values J

.
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Bias can arise from a number of sources, but perhaps the most common source
is the forecaster’s preconceived notions. Predictions of forecasters not only reflect
what they believe to be the truth but also what they would like the truth to be.
This statement is best demonstrated by the results obtained by Hayes in a survey
of voters two weeks before the Roosevelt-Hoover election. Hayes found that of
the people who intended to vote for Hoover, 84 percent thought that he would
win the election. Of the people who intended to vote for Roosevelt, however, only
6 percent thought that Hoover would win. Apparently, those who intended to vote
for a particular candidate are biased in the sense that they also believe that their
favorite will actually win the election. !

Professional forecasters may suffer from the same bias as voters—they may
look for forecasting models that confirm their own preconceived ideas. To elimi-

. nate bias, a forecaster will have to examine models that may contradict his or her
A forecaster should

spend some time current beliefs. What this means is that you must do something that runs counter
examining multiple to your intuition in order to examine models you may feel are incorrect; you must
forecasting models in examine forecasting models that you may believe to be inferior to your “favorite”

the hope of combining  16de]. This prescription is more difficult to implement than it sounds. Much of a
some or all of these. forecaster’s time is spent in confirming existing beliefs of how the world works,
models into a combined ) ; : :

forecast that is superior However, we are suggesting that a forecaster shéu}d spend some time examining
to any of the individual ~ multiple forecasting models in the hope of combining some or all of these models

forecasts. into a combined forecast that is superior to any of the individual forecasts.

WHAT KINDS OF FORECASTS CAN BE COMBINED?

The example of combining forecasts we used in the previous section is one of the
simpler combinations a researcher could try. In actual practice, it would be more
common to find a forecaster using very different types of models in order to con-
struct a combination forecast.

Recall that the premise in constructing combined forecasts is:

1. That the different forecasting models extract different predictive factors from
essentially the same data, or

2. That the different models offer different predictions because they use different
variables.

We should expect We should expect that combinations of forecasts that use very different models are

that combinations of likely to be effective in reducing forecast error.

forecasts that use very . . - . £ :

different models are Consider Figure 5A.2, which conceptually presents a 10-year forecast of air

likely to be effectivein ~ travel in the United States. The judgmental method represents a mail survey of

reducing forecast error,  experts outside the airline industry. The extrapolation method could be a form of
exponential smoothing. The segmentation method surveys airline travelers in dif-
ferent segments of the market and then combines the results to obtain a total pic-

ture of the industry. The econometric method refers to a causal regression model.

's.p. Hayes, Jr., “The Predictive Ability of Voters,” Journal of Social Psychology 7 (1936),
pp. 183-91.
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FIGURE 5A.2
Combining forecasts
from different
methods

Note: The w’s, the relative

weights on various forecasts,
should sum to 1.0.

r Judgmental metho

\
Extrapolation method

Combined forecast =
Segmentation method 3 j
Econometric method

wiF| + waFo + wiF3 + walFy

All four methods could be employed and their predictions weighted by the values
wy to wy in order to calculate the combined forecast. Such a diverse combined
forecast would benefit from both the use of the different techniques and the use of
different sources of data. If each of the methods employed were also constructed
and estimated by a different forecaster, another source of possible bias may also
have been minimized; this provides a safeguard by making it difficult to cheat.

CONSIDERATIONS IN CHOOSING THE WEIGHTS
FOR COMBINED FORECASTS

1t is the diversity of
information included in
the individual models
that allows a combined
forecast model to
assemble the pieces to
form a more powerful
forecasting model than
any one of the parts.

Combined forecasts are used in place of individual forecasts in order to reduce
forecast error, and the results of the combined methods are quite often impressive.
Armstrong has reported results from reanalyzing eight separate studies that provided
sufficient information to test the combined forecasting method against individual
forecast models.2 In each case, Armstrong used equal weights for the individual
forecasts, following his belief that weight should be chosen ex ante. The combina-
tions of two forecasts reduced error (measured as mean absolute percentage error)
by a significant 6.6 percent. In no single case did the accuracy ever suffer.

Even though the use of equal weights for each of the individual forecasts offers
the advantage of simplicity and precludes the forecaster’s own bias in the selec-
tion of weighting factors, there may be a good reason for weighting one individual
forecast more than another. Equal weights do not take into account the relative ac-
curacy of the individual forecasting models that are combined. Bates and Granger
were the first to indicate that, by weighting the more accurate of the methods more
heavily, the overall forecast could be improved.’

In general, a combined forecast will have a smaller error, as measured by
MAPE, unless individual forecasting models are almost equally good and their
forecast errors are highly correlated. If, however, the forecast model with the
lower MAPE is more heavily weighted, the combined forecast should improve
even further.

2 5ee J. Scott Armstrong, Long-Range Forecasting from Crystal Ball to Computer. 2nd ed.
(New York: John Wiley & Sons, 1985).

3 gee J. M. Bates and C. W. J. Granger. “The Combination of Forecasts.” Operational Research
Quarterly 20, no. 4 (1969), p. 452.
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It is the diversity of information included in the individual models that allows a
e combined forecast model to assemble the pieces to form a more powerful forecast-
ing model than any one of the parts.

) = g

ONE TECHNIQUE FOR SELECTING WEIGHTS
e WHEN COMBINING FORECASTS

One technique that is used to combine forecasts in order to improve accuracy uses
regression concepts you have now learned. This technique involves the use of a
—— regression analysis in determining the weights. Charles Nelson suggests that if we
are trying to weight a portfolio of forecasts in order to minimize the forecast error,

~ an optimal linear composite forecast would be:*
F# = b F(1) + byF(2)
where:
g
F* = Optimal combined forecast
i F(1) = First individual forecast

F(2) = Second individual forecast
"’ by = Weight allocated to the first forecast
by = Weight allocated to the second forecast

~—
oS The actual values of b, and b, would be calculated by running a regression with
- the past actual values as the dependent variable and the forecasted values for each
~ individual model as the independent variables. Note that this is not exactly the
J type of regression we have run before in the text; this regression has no intercept
term, and so the equation must be calculated in a manner different from that we
b N0 have used earlier.
- Using this method, if the two (or more) individual forecasts are free of system-
atic bias, the values of b; and b, will sum roughly to 1. The r-ratios for the regres-

sion will essentially answer the question whether individual forecast 1 adds any
-w explanatory power to what is already present in forecast 2 and similarly for forecast
2. If the b; value passes the #-test at some reasonable confidence level, we can be
assured that the first individual model, F(1), did add explanatory power when com-
W bined with the second model, F(2), using the weights calculated by the regression.
To apply this method and to determine the best values for b; and by, a two-step
regression process is used. First, you perform a standard multiple regression of the
Rad actual values (dependent variable) on the values predicted from the individual fore-
casting methods (independent variables in this regression). We can express this as:

N’
A=a+bF(1)+ byF(2)
S
s * Charles R. Nelson, “A Benchmark for the Accuracy of Econometric Forecasts of GNP,”
- Business Economics 19, no. 3 (April 1984), pp. 52-58.
N/
-
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The value of the intercept (@) should be (not statistically different from) zero if
there is no bias in the combined forecast. A standard -test can be used to test
whether the intercept is significantly different from zero.? Note that a two-tailed
test would be appropriate here because you want to know if the intercept is
different from zero in either a positive or negative direction.

Assuming that you conclude that @ = 0, you then redo the regression, forcing
the regression through the origin. Most regression programs provide an option
that allows this to be done quite easily. The result of regressing the actual values
on the two forecast series, without an intercept, yields the desired result to deter-
mine the best weights to be used in combining the forecasts. We have:

F* = b F(1) + boF(2)

Using these values of »; and by, along with the F(1) and F(2) forecast series, the
optimal combined forecast, F*, is easily determined.

As indicated, the values of b; and b, should sum roughly to 1. On occasion, one
of these weights may be negative, in which case interpretation is tenuous. Some
forecasters use such a model even if by or b, is negative, as long as the MAPE for
F* is lower than for F(1) or F(2) alone. However, we advise using this method
only when both weights are positive. It should be noted that this method can be
extended to include more than two forecast series in the combination process.
Remember, however, that each method should have unique information content.

An Application of the Regression Method
for Combining Forecasts

To illustrate the widely used regression method of combining forecasts, we will
apply it to the problem of forecasting the sales of women’s clothing by a retail
chain. Figure 5A.3 shows the data in graphic form.

You have learned in Chapter 3 how to develop a Winters’ model for seasonal
series such as this. In Chapter 5, you learned to build a regression model to make
a forecast. Therefore, here we will only present the results of those two forecasts.
Winters® is an obvious choice since it accounts for both trend and seasonality in
the data. In the causal regression model, dummy variables were used to account
for the seasonality. Thus, in this case, we have one extrapolation model (Win-
ters’) that deals with seasonality in a multiplicative way and a causal model that
accounts for seasonality in an additive manner. The two methods bring different
perspectives to the table in terms of forecasting.

Based on 2010 through 2015 quarterly data, the MAPEs for the Winters’ and
regression models alone are:

Winter’s Regression
2.04% 4.04%

Historical Period MAPEs

5 This is one of the few cases in which we are interested in testing to see whether the inter-
cept is different from zero. Normally, we do this test only for the slope terms.

—~
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FIGURE 5A.3

Six years of quarterly
sales of women’s
clothing by a

retailer. In these
sales data, there is
clear seasonality and

a very slight upward
trend. (c5A3)
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ABC Inc. Women's Clothing Sales: Thousands of dollars
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Based on these historical period MAPES, the Winters’ model clearly appears
to be a better forecasting model than the regression model. Both MAPEs are rela-
tively low.

If we want to combine these two models, the first thing we must do is to check to
see if this combination would create a bias. We first regress the actual sales as a func-
tion of the regression and Winters’ predictions. Doing so yields the following result;

Dependent Variable Is Sales of Women’s Clothing by a Retailer

Coefficients Std Error t Stat P-value
Intercept 145.425 501.486 0.290 0.775
Regression Predictions 0.241 0.140 1.724 0.099
Winters’ Predictions 0.745 0.127 5.858 0.000

Go back and look at Figure 5A.1. You see that if there is no bias, the fit between
actual and predicted values results in a line with a zero intercept and a slope of
1. Here we have a three-dimensional situation (actual sales, Winters’ predictions,
and regression predictions), but the concepts presented in Figure 5A.1 still hold.

The only thing we are interested in at this point is whether the intercept is sig-
nificantly different from zero. To evaluate bias, we look at a t-test for the intercept.
This is a test we have not previously done because in most regression applications,
we do not care about whether the Intercept is positive, negative, or zero. In the
current application, we look for statistical evidence that combining the Winters’
and regression forecasts will not create a bias. The hypothesis test is:

Hy:p=0
Hi: f#0
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We can evaluate this by looking at either how the z-statistic compares with the
table value at [n — (k+1)] degrees of freedom. For the current example, this
is [(24-(14+1)] = 22. Using a 95 percent confidence level, the table value of ¢ is
2 074. We see above that the calculated ¢ is only 0.290, which is less than 2.074.
We could also compare the P-value with the desired significance level or 0.05
(remember, the significance level is 1 minus the confidence level).We see that the
P-value is greater than 0.05. Either way one looks at this the statistical decision is
to fail to reject the null hypothesis (fail to reject Ho: B = 0). Thus, we believe that
the true intercept is essentially zero.

The next step is to do the regression forcing the intercept to be zero. This can be
done in most statistical software. At the end of this appendix, you will see how to do
it in ForecastX™. In Excel when doing regression, the dialog box looks as follows:

In the red oval, you see that “Constant is Zero” is checked.

Regression 7 X
Input ; i
Input ¥ Range: SB51:SBS25 =5 _
i i Cancel
Input X Range: 5C51:$D525 s

Hel
] Labels i

[ confidence Levek:

Output options _
() Qutput Range: L o R

(@) New Worksheet Ply:
) New Workbook
Residuals

[ Residuals [ residual Plots
[ standardized Residuals [] Line Fit Plots

Mormal Probability
[] normat Probability Plots

Source: John Galt Solutions

Regressing sales on the Regression predictions and Winters’ predictions with
a zero constant gives us the following result:

Coefficients  Std Error t Stat P-value

Intercept 0 #N/A #N/A #N/A

Regression Predictions 0.258 0.124 2076 0.0498
Winters’ Predictions 0.743 0.124 5.976 0.000

Sum of Weights 1.001




g

Combining Forecasts (Ensemble Models ) 287

Now we have the optimal weights to assign to the regression and Winters’
models. Recall that the MAPE for the regression model is 4.04 percent and the
MAPE for the Winters’ model is 2.04 percent. Thus, you would expect the Win-
ters” model to get a higher weight in the combined model. The results above tell us
exactly that. The Winters’ model gets a weight of 74.3 percent, and the regression
model gets a weight of 25.8 percent. The sum of these weights is about 1.001,
which is essentially the 1.0 we would have expected.

Summarizing the Steps for Combining Forecasts
First, consider how the data should be set up in Excel. The Excel file, in general,
should be set up as shown to the left in Figure 5A.4. The number of rows of
historical data will almost always greatly exceed the number of data rows for the
forecast values. On the right side of Figure 5A.4, you see the data sheet for our
current example.

Second, regress the actual values of the variable to be forecast on the two (or
more) forecast results for the historic period. In our example, that result is:

Dependent Variable Is Sales of Women’s Clothing by a Retailer

Coefficients Std Error t Stat P-value

Intercept 145.425 501.486 0.290 0.775
Regression Predictions 0.241 0.140 1.724 0.099
Winters’ Predictions 0.745 0.127 5.858 0.000

Since the P-value is greater than 0.05, we conclude that the intercept is essentially
zero and thus combining the methods will not create a bias. If the P-value is less
than 0.05, a bias would be created, so those forecasts should not be combined. In
which case, stop here.

Assuming no bias, proceed to do the same regression but this time force the
constant to be zero. In the current example, the result is:

Coefficients Std Error #Stat P-value

Intercept 0 #N/A #N/A #N/A

Regression Predictions 0.258 0.124 2.076 0.0498
Winters’ Predictions 0.743 0.124 5.976 0.000
Sum of Weights 1.002

This provides the weights to be applied to each of the two (or more) forecast
methods. You will see that this process is easily done within ForecastX™,
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Integrative Case

The Gap

FORECASTING THE GAP SALES DATA WITH
A COMBINATION MODEL

The sales of The Gap stores for the 44 quarters covering 2006Q1 through 2017Q4 are again shown in the graph below.

Recall that The Gap sales data are quite seasonal and are increasing over time. Use the full 2006Q1 through 2017Q4
data to construct your forecast models. (c5Gap)

GapSales ($M)
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Case . Assume you would like to combine a Winters’ model and a multiple-regression model.
Qu estions For Gap sales, a Winters’ forecast result and a regression forecast result are provided in
the c5Gap Excel file. You do not have to do those forecasts. Use regression analyses to
check for bias and to determine the best weights for each individual model.

. Combine the two methods (i.e., the Winters’ and the multiple-regression models) using
the weights found in question 1.

. The MAPE for the Winters’ model in the historical period is 2.60 percent. The com-
parable MAPE for the regression model is 2.87 percent. Calculate the mean absolute
percentage error for the combined model in the historical period, and comment on any
improvement.

Solutions . To see if both models may reasonably be used in a combined forecast, run the regres-
to Case sion that uses The Gap sales as the dependent variable and the two forecasts (one from

4 the Winters’ model and the other from the multiple-regression model) as the explana-
QlleStIOIlS tory variables. The regression with a constant term indicates that the constant term

is not significantly different from zero (at a 95 percent confidence level) because its
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t-statistic of 0.682 is smaller than 1.96. Also, you see that the P-value of 0.499 is greater
than the desired significance level of 0.05. Thus, we may combine the models without
creating a bias.
Regression with a Constant Term (c5Gap)
Coefficients Standard Error ¢ Stat P-value
Intercept 103.086 151.177 0.682 0.499
Multiple Regression 0.418 0.110 3.808 0.000
Winters’ 0.554 0.098 5657 0.000
Note that the constant term is not statistically different from zero.
Regression without a Constant Term (c5Gap)
Coefficients  Standard Error  t Stat P-value
Intercept 0 #N/A #N/A #N/A
Multiple Regression 0.453 0.097 4.677 0.000
Winters’ 0.546 0.097 5.652 0.000
Sum = 0.999
2. The two models are combined by running the same regression through the origin, as
shown in the lower part of the regression results in question 1. Here the dependent
variable is again Gap sales. Note that the weight on the Winters’ forecast (i.e., 0.546)
is larger than the weight on the multiple-regression forecast (i.e., 0.453). This is to be
expected since the Winters’ forecast alone has a MAPE of 2.57 percent compared with
the multiple-regression forecast MAPE of 2.87 percent. In this situation, the MAPEs
are not dramatically different, and we see that the weights assigned to each method in
the combination are also fairly close.
Note the very close association of the forecast with the original data, as shown in
the graph below:
Actual and Combined Forecast Gap Sales
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3. The combined forecast and the two candidate models can be compared by using the
MAPE each model calculated on known historic data. The MAPEs are:

RMSE
Winters’ model 2.57%
Regression model 2.87%
Combination model 2.14%

Since the lowest MAPE calculated belongs to the combination model, it appears that there
may be some support for forecast improvement from the combined model.

USING FORECASTX™ TO COMBINE FORECASTS

The first thing you need to do is to set up a data file with dates in column A, the historical sales
(or other variable you want to forecast) in column B, one of the forecasts to be combined in col-
umn C, and the other forecast to be combined in column D. This was illustrated in Figure 5A.4.

As another example, an abbreviated portion of the Gap sales data and two forecasts
are shown below in the format you need in order to combine the Winters’ and regression
forecasts:

Dates Actual Gap Sales Data (M$)  Winters’ Regression
Apr-2006 3,441.00 3,441.00 3,432.73
Jul-2006 3,714.00 3,646.70 3,627.45
Oct-2006 3,851.00 3,824.94 3.951.77
Jan-2007 4,919.00 4,793.62 4,659.00
Apr-2014 3,774.00 3,650.75 3,600.17
Jul-2014 3,981.00 3.775.77 3,744.44
Oct-2014 3,972.00 4,054.75 3,994.29
Jan-2015 4,708.00 4,751.40 4,769.62
Apr-2015 3,657.00 3,825.59 3,744.35
Jul-2015 3,898.00 3,816.05 3,813.18
Oct-2015 3,857.00 3,899.29 3,940.54
Jan-2016 4,385.00 4,617.29 4,608.63
Apr-2016 3,573.47 3,606.92
Jul-2016 3,762.95 8,773.15
Oct-2016 3,746.51 3,914.18
Jan-2017 4,385.00 4,597.56

As usual, begin by opening your data file in Excel. Place your cursor in one of the sales
data cells such as B5. Then start ForecagtX™. In the Data Capture dialog box, identify the
data you want to use, as shown here. Note that in this example, we have a sheet that has the
date, the actual values for the Gap sales, and then the two forecasts we want to combine. It
is important that in the Data Capture box for the process of combining forecast you have
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the Forecast Periods set to the same numbet of periods as the number of empty cells for
the dependent variable.

S .;') ) )

A &1 ¢ D % F 6
Actual Gap
1 Dates Sales bata = Winters'  Regression
2 Apr-2006 2,441.00 3,441.00
3 ukz008 271500 3848.70 382748
4 | Qct-2008 285100 2,824.94 3,951.77
5 ‘Jan~2ﬂﬂ? 4m 479282 4S
3,548.00 3,842.6 3 A
(_j E45.00 542683 B L~

quecast Methoj ¥3roupipg Stat‘i_ i i R§pods }
11 Jul-é ‘Data Drganized In Ferecast Periods »Seascnaiity f
12 octi  ('Rows (& Columns 43 -

3 Jan Data to Be Forecast :
4 1Apry | '[c54GapCembination xlsx] Gap Sales & Both Forecasts!$881:50845 }
15 Jukz ||
| 16 EDCt" Data Set ]
] 17 Jan- }
18 | Apr iwl Contains Dates Datz Cleansing I

19 |z Periodicity Last historical date  Labels Parameters
20 ot Quartery frone). ‘v 9. o ;B |
21 any |
22 lApr-‘ {

24 oct20it
25 lan-2012
26 Apr-2012

3,683.25'
4,282.89
2,258.74 3,508.38

Source: John Galt Solutions

Then click the Forecast Method tab. In the Method Selection dialog box, click the down
arrow in the Forecasting Technique box and select Multiple Regression. Make sure the
desired variable is selected as the Dependent Series, which is the actual value of Gap
sales in this example.

=

s ForecastX - DefaultScenario

Dtz Capturs Statistics  Reports

Grouping

Farecast Technigue

Multiple Regression
Parameters

Parameters

Dependent Series

Actual Gap Sales Data

i Auto save

-

v Edit Parameters

i

Achons

Advaneed

2

Transform
Adjust

Al
Anzlyze

Preview

Source: John Galt Solutions
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Click on Advanced. The following dialog box will appear.

%

Fegression Advanced

U] Constantis Zera

! Ok ‘] L Cﬁﬂﬂeﬂ

Source: John Galt Solutions

Make sure none of the boxes is checked. Click on Ok to return to the Forecast Method
tab.

Then click the Statistics tab. In this dialog box, select the statistics that you desire. Here
you are not particularly interested in the summary statistics. What you are looking for in
this regression is whether the intercept is significantly different than zZero, so you will want
to get the coefficient table with P-values. That will be the next step.

Datz Capture  Forecasst Mathod Grouping | Statisties | Feports

Accuracy Measurss AEnzlysis
LA I Adjusted R-Square Durbin Watson
[ BIC ' Sum Sguare Error .| Enabled Lag
. R-Sguare  w MAPE T Mean
Safety Stock i Median
" Ensbled Change Settings L| Stzndard Deviation
[ Variance

Confidence Limit [_| Mean Sguare Deviation

|| Enabled | Correlation Coefficient

Select Al Clesr 8l Mors Statistics

vl Auto save L w {L 53 TL Fin.ish:,

Source: John Galt Solutions
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Remember that there are additi

onal choices if you click the More Statistics button near the

)

J

)

bottom right corner. In this dialog box, select Regression and check Coefficient table and
P-value. Click Ok, and you will return to the Statistics tab.

RIEASE 2 o 3 Fhabaskiis

1 Adyanced Statistics

X

| Preouracy  Snslysis

Regression {
| | ANOVAtzble

v Coefficient table
F v P-value (in Coeff table)

F-test {in Coeff table)

| Pairvase Cosfficient of Determination

Covariance

Select All

GG o e e = S

Source: John Galt Solutions

Now you are ready to click the Reports tab. In the Reports dialog box, for this application
select the Audit tab. Then click Finish. The results will allow you to evaluate whether or
not the constant term is significantly different than zero.

f B~ 8%~ (@~ |+ ForecastX - DefaultScenario ? X
o Ststistics Reports

W Audit L1 Pivat 1 Append

Executive | Audit  Pivot Append

Standard = DRP

Options Out OF S

[ Include

Pericds

Advanced

[ = JEE 1[_Finish

il Autosave

Source: John Galt Solutions
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If the P-value for the intercept (or constant term or, in ForecastX™, the name of the
dependent variable) is greater than 0.05, you know that the intercept is essentially zero. In
this example, you see the P-value is 0.47.

Audit Trail — Coefficient Table {Multiple Regression Selected)

Included in
series Description maodel Coefficient Standard error T-test m
Actual Gap Sales Data Dependent 1,156.65 1,584.70 0.73 0.47
Winters' Yes 2.0 1.04 1.54 0.08
Regression Yes -1.40 115 -1.22 0.23

Source: John Galt Solutions

If the P-value is less than 0.05, you would not want to do the combination because it would
create a biased forecast. If the P-value is greater than 0.05, you may continue with the
combining process.

To continue with a combination, redo the regression forcing the equation through the
origin. To do this, in the Method Selection screen, click the Advanced button at the bot-
tom. This time in the Regression Advanced box, check all three boxes. The regression
coefficients in the resulting model are the optimum weights for the combined forecast, and
the results provided by ForecastX™ are the combined forecast values.

snislers

! Constantis Zero

LGS

! Use Existing Yalues

¥ Aub

Source: John Galt Solutions

What happens when each of the above three boxes is checked? First, when the “Constant
is Zero” box is checked, it tells ForecastX™ to do the regression model but to force the in-
tercept (constant) to be zero. Second, when “Use Existing Values” is checked, it tells Fore-
castX™ to use the values of the independent variables that are already in the Excel sheet,
rather than estimating those values with some extrapolation forecast method. Near the start
of this discussion about using ForecastX™ to combine forecasts, you saw an abbreviated
data sheet. Look at the last four rows, and you will see that values are already there for both
the Winters’ and regression forecasts. Third, “Remove Empty Values” tells ForecastX™
not to consider any empty cells, such as the last four cells in column A of this example.
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Tt is a good idea when doing multiple regression forecasts to request both the Audit and
the Standard Report, as shown below:.

@)~ |5 ForecastX - DefaultScenario ? X

il Standard | DRP [l Bxecutive vl fudit 1] Pivat It

Standard  DRP  Exscutive | Audit | Pivet  Append

Dpticns [t f ‘Sample Table

Include

Pericds

e :
SOVENCes

W Auto save 1 r B3 4} l Finish J

Source: John Galt Solutions

Let us now look at some results. Below is the graph and equation from the Audit Report.
You see that the actual values are shown to fall to zero during the four-quarter forecast ho-
rizon. This is because when developing the graph, ForecastX™ does treat the empty cells
as having zeros. That can be fixed in this graph, but it is cumbersome to do.
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Now let us look at the result from the Standard Re

as you will get them from ForecastX™.
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Forecast Summary-Actual Gap Sales Data

— Actual ~~— Forecast (multiple regression)

port. First is the graph and output
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Actual Gap Sales Data = 0 -+ ( (Winters' ) #0.544645 ) + ( (Regression) * 0.454242
TitleQ “1Actual Gap Sales Data " Actual Gap Sales Data "IWinters' " Winters' Regression ™ Regression |~
Type Adjust Forecast (Multiple Regression) Adjust Forecast Adjust Forecast
Apr-2016 0.00] 3,584.69 3,573.47 3,573.47 3,606.92 3,606.92
Jul-2016 0.00 3,763.40| 3,762.95] 3,762.95 3,773.15 3,773,15
Oct-2016 0.00] 3,818.51| 3774651 3,746.51 3.914.18 3,914.18
Jan-2017 0.00] 4,476.68| _4,385.00] 4,385.00 4,597.56] 4,597.56
MAPE 2.17% 2.17% 100.00% 100.00%| 100.00% 100.00%
1.59 1.59 0.00 0.00 0.00 0.00

Source: John Galt Solutions

You see again that the actual values are shown to fall to zero, when in fact,
are missing (not zero). We will fix that problem soon. Before we “
the values for the Winters’ and regression forecasts during the four
zon. They are exactly as shown in the abbreviated data table at the s
see that ForecastX™ did use the values provided because the Use Existin

was checked.

we know they
fix” the graph, look at
-quarter forecast hori-
tart of this section. We
g Values box
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Now, how can we “fix” the graph? It is easy to get rid of the actual line that falls to zero.
In the above output, simply delete the zeros for the forecast variable (Gap sales) during the
forecast horizon. The result will look as follows:

Actual Gap Sales Data and the Combined Forecast (M$)
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TitleQ | Actual Gap Sales Data * Actual Gap Sales Data “[Winters' 7 'Winters' Regression Regression -7
Type Adjust Forecast (Multiple Regression) | Adjust Forecast Adjust Forecast
Apr-2016 0.00! 3,584.69[ 3,573.47| 3,573.47 3,606.92 3,606.92
Jul-2016 0.00! 3,763.40[ 3,762.93| 3,762.95 3,773.15
Oct-2016 0.00 3,818.51[ 3,746.51| 3,746.51 3,914.18
Jan-2017 0.00] 4,476.68 4,385.00| 4,385.00 4,597.56
MAPE 2.17% 2.17% 100.00% 100.00% 100.00% 100.00%
1.59 1:59 0.00 0.00 0.00 0.00

Source: John Galt Solutions

Suggested
Readings

Here you see that the lines have been reformatted also. This can often help make the
lines more clearly different. The graph title was also edited to better reflect what the graph
shows. Since all the ForecastX™ output is in Excel sheets, doing this kind of editing is
not difficult.
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Exercises L.

Explain why a combined model might be better than any of the original contributing
models. Could there be cases in which a combined model would show no gain in fore-
cast accuracy over the original models? Give an example where this situation might be
likely to occur.

2. Outline the process for combining forecast models explained in this appendix.

Develop an example to show how to set up a data file to apply regression analysis to
combine forecasts.

Your company produces a favorite summertime food product, and you have been
placed in charge of forecasting shipments of this product. The historical shipments data
below represent your company’s past experience with the product.

Date Shipments Date Shipments
Apr-2014 13,838 Jun-2015 21,056
May-2014 15,137 Jul-2015 13,509
Jun-2014 23,713 Aug-2015 9,729
Jul-2014 17,141 Sep-2015 13,454
Aug-2014 7,107 Oct-2015 13,426
Sep-2014 9,225 Nov-2015 17792
Oct-2014 10,950 Dec-2015 19,026
Nov-2014 14,752 Jan-2016 9,432
Dec-2014 18,871 Feb-2016 6,356
Jan-2015 11,328 Mar-2016 12,893
Feb-2015 6,555 Apr-2016 19,879
Mar-2015 9,335 May-2016 14,542
Apr-2015 10,845 Jun-2016 18,043
May-2015 15,185 Jul-2016 10,803

a. Since the data appear to have strong seasonality, estimate a Winters’ model using

ForecastX. Request the mean absolute percentage error.

b. You also have access to a survey of purchasers’ intentions for your product. This
information has been collected for some time, and it has proved to be quite accurate

for predicting shipments in the past.
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Purchasers’ Purchasers’
Date Intention Survey Date Intention Survey
Apr-2014 139 Jun-2015 246
May-2014 150 Jul-2015 142
Jun-2014 262 Aug-2015 91
Jul-2014 72 Sep-2015 121
Aug-2014 76 Oct-2015 119
Sep-2014 97 Nov-2015 176
Oct-2014 78 Dec-2015 155
Nov-2014 146 Jan-2016 99
Dec-2014 176 Feb-2016 73
Jan-2015 104 Mar-2016 112
Feb-2015 63 Apr-2016 189
Mar-2015 93 May-2016 140
Apr-2015 117 Jun-2016 206
May-2015 149 Jul-2016 128

Use a regression model with shipments as a function of purchasers’ intentions to

make a second forecast using ForecastX. Ag

error for this model.

¢. After checking for bias, combine the forecasts in parts (a) and (b),

ain request the mean absolute percentage

and determine if a

combined model may forecast better than either single model based on its MAPE.
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The information pro-
vided by time-series
decomposition is con-
sistent with the way
managers tend to look
at data and often helps
them to get a better han-
dle on data movements
by providing concrete
measurements for fac-
tors that are otherwise
not quantified.
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Explanatory
Models 2.
Time-Series
Decomposition

Many business and economic time series contain underlying components that,
when examined individually, can help the forecaster better understand data move-
ments and therefore make better forecasts. As discussed in Chapter 2, these com-
ponents include the long-term trend, seasonal fluctuations, cyclical movements,
and irregular (or random) fluctuations. Time-series decomposition models can be
used to identify such underlying components by breaking the series into its com-
ponent parts and then reassembling the parts to construct a forecast.

These models are among the oldest forecasting techniques available and yet
remain popular today. Their popularity is due primarily to three factors. First, in
many situations, time-series decomposition models provide excellent forecasts.
Second, these models are relatively easy to understand and to explain to forecast
users. This enhances the likelihood that the forecasts will be correctly interpreted
and properly used. Third, the information provided by time-series decomposition
is consistent with the way managers tend to look at data and often helps them to
get a better handle on data movements by providing concrete measurements for
factors that are otherwise not quantified.

There are a number of different methods for decomposing a time series. The
one we will use is usually referred to as classical time-series decomposition and
involves the ratio-to-moving-average technique. The classical time-series de-
composition model uses the concepts of moving averages presented in Chapter 3
and trend projections discussed in Chapter 4. Tt also accounts for seasonality in a
multiplicative way that is similar to what you have seen in Winters’ exponential
smoothing and the way we used seasonal indices in earlier chapters."

"Remember that you have also accounted for seasonality using dummy variables in regres-
sion models. That method uses additive factors rather than multiplicative ones to account for
seasonal patterns.
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