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Table 9-1: Examples of Relationships

Independent Variable Dependent Variable

Units produced by a plant in 1 month Monthly cost of operating a plant

Dollars spent on advertising in 1 month Monthly sales

Number of employees Annual travel expenses

Daily sales of cereal Daily sales of bananas

Shelf space devoted to chocolate Sales of chocolate

Price of bananas sold Pounds of bananas sold

The fi rst step to determine how two variables are related is to graph the data 

points so that the independent variable is on the x-axis and the dependent variable 

is on the y-axis. You can do this by using the Scatter Chart option in Microsoft Excel 

and performing the following steps:

 1. With the Scatter Chart option selected, click a data point (displayed in blue) 

and click Trendline in the Analysis group on the Chart Tools Layout tab.

 2. Next click More Trendline Options..., or right-click and select Add Trendline... 

You’ll see the Format Trendline dialog box, which is shown in Figure 9-1.

 3. If your graph indicates that a straight line can be drawn that provides a rea-

sonable fi t (a reasonable fi t will be discussed in the “Defi ning R2” section of 

this chapter) to the points, choose the Linear option. Nonlinear relationships 

are discussed in the “Modeling Nonlinearities and Interactions” section of 

Chapter 10, “Using Multiple Regression to Forecast Sales.”

Analyzing Sales at Mao’s Palace Restaurant
To illustrate how to model a linear relationship between two variables, take a 

look at the daily sales of products at Mao’s Palace, a local Chinese restaurant (see 

Figure 9-2). Mao’s main product is bowls fi lled with rice, vegetables, and meat 

made to the customer’s order. The fi le Maospalace.xlsx gives daily unit sales of 

bowl price, bowls, soda, and beer.
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Figure 9-1: Trendline dialog box

Now suppose you want to determine how the price of the bowls aff ects daily 

sales. To do this you create an XY chart (or a scatter plot) that displays the inde-

pendent variable (price) on the x-axis and the dependent variable (bowl sales) 

on the y-axis. The column of data that you want to display on the x-axis must 

be located to the left of the column of data you want to display on the y-axis. 

To create the graph, you perform two steps:

 1. Select the data in the range E4:F190 (including the labels in cells E4 and F4).

 2. Click Scatter in the Charts group on the Insert tab of the Ribbon, and select 

the fi rst option (Scatter with only Markers) as the chart type. Figure 9-3 shows 

the graph.
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Figure 9-2: Sales at Mao’s Palace

Figure 9-3: Scatterplot of Bowl demand versus Price
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If you want to modify this chart, you can click anywhere inside the chart to 

display the Chart Tools contextual tab. Using the commands on the Chart Tools 

Design tab, you can do the following:

 ■ Change the chart type.

 ■ Change the source data.

 ■ Change the style of the chart.

 ■ Move the chart.

Using the commands on the Chart Tools Layout tab, you can do the following:

 ■ Add a chart title.

 ■ Add axis labels.

 ■ Add labels to each point that gives the x and y coordinate of each point.

 ■ Add gridlines to the chart.

Looking at the scatter plot, it seems reasonable that there is a straight line (or 

linear relationship) between the price and bowl sales. You can see the straight line 

that “best fi ts” the points by adding a trend line to the chart. To do so, perform the 

following steps:

 1. Click within the chart to select it, and then click a data point. All the data 

points display in blue with an X covering each point.

 2. Right-click and then click Add Trendline...

 3. In the Format Trendline dialog box, select the Linear option, and then check 

the Display Equation on chart and the Display R-squared value on chart boxes, 

as shown in Figure 9-4. The R-Squared Value on the chart is defi ned in the 

“Defi ning R2” section of this chapter.

 4. Click Close to see the results shown in Figure 9-5. To add a title to the chart 

and labels for the x-and y-axes, select Chart Tools, click Chart Title, and then 

click Axis Titles in the Labels group on the Layout tab.

 5. To add more decimal points to the equation, select the trend-line equation; 

after selecting Layout from Chart Tools, choose Format Selection.

 6. Select Number and choose the number of decimal places to display.
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Figure 9-4: Trendline settings for Bowl demand

Figure 9-5: Trendline for Bowl demand 
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How Excel Determines the Best-Fitting Line
When you create a scatter chart and plot a trend line using the Trendline fea-

ture, it chooses the line that minimizes (over all lines that could be drawn) 

the sum of the squared vertical distance from each point to the line. The ver-

tical distance from each point to the line is an error, or residual. The line cre-

ated by Excel is called the least-squares line. You minimize the sum of squared 

errors rather than the sum of the errors because in simply summing the errors, 

positive and negative errors can cancel each other out. For example, a point 

100 units above the line and a point 100 units below the line cancel each other if 

you add errors. If you square errors, however, the fact that your predictions for each 

point are wrong will be used by Excel to fi nd the best-fi tting line. Another way to 

see that minimizing the sum of squared errors is reasonable is to look at a situation 

in which all points lie on one line. Then minimizing the least squares line would 

yield this line and a sum of squared errors equal to 0.

Thus, Excel calculates that the best-fi tting straight line for predicting daily bowl 

sales from the price by using the equation Daily Bowl Sales=-29.595*Price + 

695.87. The -29.595 slope of this line indicates that the best guess is that a $1 

increase in the price of a bowl reduces demand by 29.595 bowls.

WARNING You should not use a least-squares line to predict values of an 

independent variable that lies outside the range for which you have data. Your 

line should be used only to predict daily bowl sales for days in which the bowl 

price is between $8 and $10.

Computing Errors or Residuals
Referring back to the Mao’s Palace example, you can compute predicted bowl sales 

for each day by copying the formula =-29.595*E5+695.87 from C5 to C6:C190. 

Then copy the formula =F5-C5 from D5 to D6:D190. This computes the errors (or 

residuals). These errors are shown in Figure 9-6. For each data point, you can defi ne 

the error by the amount by which the point varies from the least-squares line. For 

each day, the error equals the observed demand minus the predicted demand. A 

positive error indicates a point is above the least-squares line, and a negative error 

indicates that the point is below the least-squares line. In cell D2, the sum of the 

errors is computed, which obtained 1.54. In reality, for any least-squares line, the 

sum of the errors should equal 0. 1.54 is obtained because the equation is rounded 
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to three decimal points.) The fact that errors sum to 0 implies that the least-squares 

line has the intuitively satisfying property of splitting the points in half.

Figure 9-6: Errors in predicting Bowl demand

Defi ning R2

As you can see in the Mao’s Palace example, each day both the bowl price and bowl 

sales vary. Therefore it is reasonable to ask what percentage of the monthly variation 

in sales is explained by the daily variation in price. In general the percentage of the 

variation in the dependent variable explained by the least squares line is known as 

R2. For this regression the R2 value is 0.51, which is shown in Figure 9-5. You can 

state that the linear relationship explains 51 percent of the variation in monthly 

operating costs.

Once you determine the R2 value, your next question might be what causes 

the other 49 percent of the variation in daily bowl sales costs. This value is 

explained by various other factors. For example, the day of the week and month 

of the year might affect bowl sales. Chapter 10, “Using Multiple Regression to 

Forecast Sales” explains how to use multiple regression to determine other fac-

tors that infl uence operating costs. In most cases, fi nding factors that increase R2 

increases prediction accuracy. If a factor only results in a slight increase in R2, how-

ever, using that factor to predict the dependent variable can actually decrease forecast 

accuracy. (See Chapter 10 for further discussion of this idea.)

Another question that comes up a lot in reference to R2 values is what is a 

good R2 value? There is no definitive answer to this question. As shown in 

Exercise 5 toward the end of the chapter, a high R2 can occur even when 
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a trend line is not a good predictor of y. With one independent variable, of 

course, a larger R2 value indicates a better fi t of the data than a smaller R2 value. 

A better measure of the accuracy of your predictions is the standard error of the 

regression, described in the next section.

Accuracy of Predictions from a Trend Line
When you fi t a line to points, you obtain a standard error of the regression that mea-

sures the spread of the points around the least-squares line. You can compute the 

standard error associated with a least-squares line with the STEYX function. The syn-

tax of this function is STEYX(known_y's, known_x's), where yrange contains the 

values of the dependent variable, and xrange contains the values of the independent 

variable. To use this function, select the range E4:F190 and use FORMULAS CREATE 

FROM SELECTION to name your price data Bowl_Price and your sales data Bowls. Then 

in cell K1, compute the standard error of your cost estimate line with the formula 

=STEYX(Bowls,Bowl_Price). Figure 9-7 shows the result.

Figure 9-7: Computing standard error of the regression

Approximately 68 percent of your points should be within one standard 

error of regression (SER) of the least-squares line, and approximately 95 percent 

of your points should be within two SER of the least-squares line. These measures 

are reminiscent of the descriptive statistics rule of thumb described in Chapter 2, 

“Using Excel Charts to Summarize Marketing Data.” In your example, the absolute 

value of approximately 68 percent of the errors should be 17.42 or smaller, and the 

absolute value of approximately 95 percent of the errors should be 34.84, or 2 * 

17.42, or smaller. You can fi nd that 57 percent of your points are within one SER of 

the least-squares line, and all (100 percent) of the points are within two standard 

SER of the least-squares line. Any point that is more than two SER from the least-

squares line is called an outlier. 

Looking for causes of outliers can often help you to improve the operation of 

your business. For example, a day in which actual demand was 34.84 higher than 

anticipated would be a demand outlier on the high side. If you ascertain the cause 

of this high sales outlier and make it recur, you would clearly improve profi tability. 
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x is smaller than average, y is almost always smaller than average. For example, for 

the data shown in Figure 9-8, (x = units produced and y = monthly production cost), x 

and y have a correlation of +0.95. You can see that in Figure 9-8 the least squares line 

fi ts the points very well and has a positive slope which is consistent with large values 

of x usually occurring with large values of y.

Figure 9-8: Correlation = +0.95

If x and y have a correlation near –1, this means that there is a strong negative 

linear association between x and y. That is, when x is larger than average, y is 

usually be smaller than average, and when x is smaller than average, y is usually 

larger than average. For example, for the data shown in Figure 9-9, x and y have a 

correlation of –0.90. You can see that in Figure 9-9 the least squares line fi ts the 

points very well and has a negative slope which is consistent with large values of x 

usually occurring with small values of y.

A correlation near 0 means that x and y have a weak linear association. That is, 

knowing whether x is larger or smaller than its mean tells you little about whether y 

will be larger or smaller than its mean. Figure 9-10 shows a graph of the dependence 

of unit sales (y) on years of sales experience (x). Years of experience and unit sales have 

a correlation of 0.003. In the data set, the average experience is 10 years. You can see 

that when a person has more than 10 years of sales experience, sales can be either low 

or high. You also see that when a person has fewer than 10 years of sales experience, 

sales can be low or high. Although experience and sales have little or no linear rela-

tionship, there is a strong nonlinear relationship (see the fi tted curve in Figure 9-10) 

between years of experience and sales. Correlation does not measure the strength of 

nonlinear associations.
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Figure 9-9: Correlation = -0.90

Figure 9-10: Correlation near 0

Finding a Correlation with the Data Analysis Add-In
You will now learn how Excel’s Data Analysis Add-in and the Excel Correlation 

function can be used to compute correlations. The Data Analysis Add-In makes 

it easy to fi nd correlations between many variables. To install the Data Analysis 

Add-in, perform the following steps: 

 1. Click the File tab and select Options.

 2. In the Manage box click Excel Add-Ins, and choose Go.

 3. In the Add-Ins dialog box, select Analysis ToolPak and then click OK.
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Now you can access the Analysis ToolPak functions by clicking Data Analysis in 

the Analysis group on the Data tab. 

You can use this functionality to fi nd the correlations between each pair of vari-

ables in the Mao’s Palace data set. To begin select the Data Analysis Add-In, and 

choose Correlation. Then fi ll in the dialog box, as shown in Figure 9-11.

Figure 9-11: Correlation dialog box

To compute correlations with the Data Analysis Add-in proceed as follows:

 1. Select the range which contains the relevant data and data labels. The easiest 

way to accomplish this is to select the upper-left cell of the data range (E5) 

and then press Ctrl+Shift+Right Arrow, followed by Ctrl+Shift+Down Arrow.

 2. Check the Labels In First Row option because the fi rst row of the input range 

contains labels. Enter cell M9 as the upper-left cell of the output range.

 3. After clicking OK, you see the results, as shown in Figure 9-12.

Figure 9-12: Correlation matrix

From Figure 9-12, you fi nd there is a –0.71 correlation between Bowl Price and 

Bowl Sales, indicating a strong negative linear association The .0.83 correlation 
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 4. The fi le Electiondata.xlsx (available on the companion website) contains, 

for several elections, the percentage of votes Republicans gained from voting 

machines (counted on election day) and the percentage Republicans gained 

from absentee ballots (counted after election day). Suppose that during an 

election, Republicans obtained 49 percent of the votes on election day and 62 

percent of the absentee ballot votes. The Democratic candidate cried “Fraud.” 

What do you think?

 5. The fi le GNP.xls (available on the companion website) contains quarterly 

GNP data for the United States in the years 1970–2012. Try to predict next 

quarter’s GNP from last quarter’s GNP. What is the R2? Does this mean you 

are good at predicting next quarter’s GNP?

 6. Find the trend line to predict soda sales from daily bowl sales.

 7. The fi le Parking.xl sx contains the number of cars parked each day both in 

the outdoor lot and in the parking garage near the Indiana University Kelley 

School of Business. Find and interpret the correlation between the number 

of cars parked in the outdoor lot and in the parking garage.

 8. The fi le Printers.xlsx contains daily sales volume (in dollars) of laser print-

ers, printer cartridges, and school supplies. Find and interpret the correlations 

between these quantities.

 9. NFL teams play 16 games during the regular season. Suppose the standard 

deviation of the number of games won by all teams is 2, and the correlation 

between the number of games a team wins in two consecutive seasons is 0.5. 

If a team goes 12 and 4 during a season, what is your best prediction for how 

many games they will win next season?
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A common need in marketing analytics is forecasting the sales of a product. 

This chapter continues the discussion of causal forecasting as it pertains to 

this need. In causal forecasting, you try and predict a dependent variable (usually 

called Y) from one or more independent variables (usually referred to as X
1
, X

2
, …, 

X
n
). In this chapter the dependent variable Y usually equals the sales of a product 

during a given time period.

Due to its simplicity, univariate regression (as discussed in Chapter 9, “Simple 

Linear Regression and Correlation”) may not explain all or even most of the variance 

in Y. Therefore, to gain better and more accurate insights about the often complex 

relationships between a variable of interest and its predictors, as well as to better 

forecast, one needs to move towards multiple regression in which more than one 

independent variable is used to forecast Y. Utilizing multiple regression may lead 

to improved forecasting accuracy along with a better understanding of the variables 

that actually cause Y.

For example, a multiple regression model can tell you how a price cut increases 

sales or how a reduction in advertising decreases sales. This chapter uses multiple 

regression in the following situations:

 ■ Setting sales quotas for computer sales in Europe

 ■ Predicting quarterly U.S. auto sales

 ■ Understanding how predicting sales from price and advertising requires 

knowledge of nonlinearities and interaction

 ■ Understanding how to test whether the assumptions needed for multiple 

regression are satisfi ed

 ■ How multicollinearity and/or autocorrelation can disturb a regression model

Using Multiple 
Regression to 
Forecast Sales
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To run a regression, select Data Analysis in the Analysis Group on the Data tab, 

and then select Regression. When the Regression dialog box appears, fi ll it in, as 

shown in Figure 10-2.

Figure 10-2: Regression dialog box

 ■ The Y Range (I4:I25) includes the data you want to predict (computer per 

capita sales), including the column label.

 ■ The X Range (J4:L25) includes those values of the independent variables for 

each country, including the column label.

 ■ Check the Labels box because your X range and Y range include labels. If you 

do not include labels in the X and Y range, then Excel will use generic labels 

like Y, X
1
, X

2
,…,X

n
 which are hard to interpret.

 ■ The worksheet name Regression1 is the location where the output is placed.

 ■ By checking the Residuals box, you can ensure Excel will generate the error 

(for each observation error = actual value of Y – predicted value for Y).

After selecting OK, Excel generates the output shown in Figures 10-3 and 10-4. For 

Figure 10-4, the highlighted text indicates data that is thrown out later in the chapter.
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Figure 10-3: First multiple regression output

Figure 10-4: Residuals from fi rst regression
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Accuracy and Goodness of Fit of Regression Forecasts
After you conclude that the independent variables together are signifi cant, a natural 

question is, how well does your regression equation fi t the data? The R2 value in B5 

and Standard Error in B7 (see Figure 10-3) answer this question.

 ■ The R2 value of .53 indicates that 53 percent of the variation in Y is explained 

by Equation 1. Therefore, 47 percent of the variation in Y is unexplained by 

the multiple linear regression model.

 ■ The Standard Error of 58.43 indicates that approximately 68 percent of the 

predictions for Y made from Equation 2 are accurate within one standard 

error ($58.43) and 95 percent of your predictions for Y made from Equation 

2 are accurate within two standard errors ($116.86.)

Determining the Signifi cant Independent Variables
Because you concluded that together your independent variables are useful in pre-

dicting Y, you now must determine which independent variables are useful. To 

do this look at the p-values in E17:E20. A p-value of .05 or less for an independent 

variable indicates that the independent variable is (after including the eff ects of all 

other independent variables in the equation) a signifi cant predictor for Y. It appears 

that only GNP per head (p-value .027) is a signifi cant predictor. At this point you 

want to see if there are any outliers or unusual data points. Outliers in regression are 

data points where the absolute value of the error (actual value of y – predicted value 

of y) exceeds two standard errors. Outliers can have a drastic eff ect on regression 

coeffi  cients, and the analyst must decide whether to rerun the regression without 

the outliers.

The Residual Output and Outliers
For each data point or observation, the Residual portion of the regression output, 

as shown in Figure 10-4, gives you two pieces of information.

 ■ The Predicted Value of Y from Equation 2. For example, Austria predicted 

per capita expenditures are given by the following:

($116.86) + (0.00229) * (49,600) + (4.22) * (4.2) + 21.52 (5.8) 

= $141.10

 ■ The Residuals section of the output gives for each observation the error 

= Actual value of Y – Predicted Value of Y. For Austria you fi nd the residual is 

$112.05 – $141.10 = $–29.05. The regression equation found by least squares 
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has the intuitively pleasing property that the sum of the residuals equals 0. 

This implies that overestimates and underestimates of Y cancel each other out.

Dealing with Insignifi cant Independent Variables
In the last section you learned that GNP per head was the only signifi cant indepen-

dent variable and the other two independent variables were insignifi cant. When 

an independent variable is insignifi cant (has a p-value greater than .05) you can 

usually drop it and run the regression again. Before doing this though, you must 

decide what to do with your outlier(s). Because the standard error or the regression 

is 58.4, any error exceeding 116.8 in absolute value is an outlier. Refer to Figure 

10-4 and you can see that Finland (which is highlighted) is a huge outlier. Finland’s 

spending on computers is more than three standard errors greater than expected. 

When you delete Finland as an outlier, and then rerun the analysis, the result is in 

the worksheet Regression2 of fi le Europe.xlsx, as shown in Figure 10-5.

Checking the residuals you fi nd that Switzerland is an outlier. (You under predict 

expenditures by slightly more than two standard errors.) Because Switzerland is 

not an outrageous outlier, you can choose to leave it in the data set in this instance. 

Unemployment Rate is insignifi cant (p-value of .84 > .05) so you can delete it from 

the model and run the regression again. The resulting regression is in worksheet 

Regression 3, of fi le Europe.xlsx as shown in Figure 10-6.

Figure 10-5: Regression results: Finland outlier removed
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Figure 10-6: Regression output: unemployment rate removed

Both independent variables are signifi cant, so use the following equation to pre-

dict Per Capita Computer Spending:

(3) -38.48 + 0.001723 * (GNP Per Capita) + 15.30974 * (Percentage GNP Spent 

on Education)

Because R2 = 0.74, the equation explains 74 percent of the variation in Computer 

Spending. Because the Standard error is 29.13, you can expect 95 percent of your 

forecasts to be accurate within $58.26. From the Residuals portion of the output, you 

can see that Switzerland (error of $62.32) is the only outlier. 

Interpreting Regression Coeffi cients
The regression coeffi  cient of a variable estimates the eff ect (after adjusting for all 

other independent variables used to estimate the regression equation) of a unit 

increase in the independent variable. Therefore Equation 3 may be interpreted as 

follows:

 ■ After adjusting for a fraction of GNP spent on education, a $1,000 increase 

in Per Capita GNP yields a $1.72 increase in Per Capital Computer spending.

 ■ After adjusting for Per Capita GNP, a 1 percent increase in the fraction of GNP 

spent on education yields a $15.31 increase in Per Capita Computer spending.
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would force the fourth quarter to have four times the eff ect of the fi rst quarter, 

which might not be true. The quarter of the year is a qualitative independent vari-

able. To model a qualitative independent variable, create an independent variable 

(called a dummy variable) for all but one of the qualitative variable’s possible val-

ues. (It is arbitrary which value you leave out. This example omits Quarter 4.) The 

dummy variables tell you which value of the qualitative variable occurs. Thus, you 

have a dummy variable for Quarter 1, Quarter 2, and Quarter 3 with the following 

properties:

 ■ Quarter 1 dummy variable equals 1 if the quarter is Quarter 1 and 0 

if otherwise.

 ■ Quarter 2 dummy variable equals 1 if the quarter is Quarter 2 and 0 

if otherwise.

 ■ Quarter 3 dummy variable equals 1 if the quarter is Quarter 3 and 0 

if otherwise.

Figure 10-7: Auto sales data
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A Quarter 4 observation can be identifi ed because the dummy variables for 

Quarter 1 through Quarter 3 equal 0. It turns out you don’t need a dummy variable 

for Quarter 4. In fact, if you include a dummy variable for Quarter 4 as an indepen-

dent variable in your regression, Microsoft Offi  ce Excel returns an error message. 

The reason you get an error is because if an exact linear relationship exists between 

any set of independent variables, Excel must perform the mathematical equivalent 

of dividing by 0 (an impossibility) when running a multiple regression. In this 

situation, if you include a Quarter 4 dummy variable, every data point satisfi es the 

following exact linear relationship:

(Quarter 1 Dummy)+(Quarter 2 Dummy)+(Quarter 3 Dummy)
+(Quarter 4 Dummy)=1

NOTE An exact linear relationship occurs if there exists constants c
0
, c

1
, … c

N
, 

such that for each data point c
0
 + c

1
x

1
 + c

2
x

2
 + … c

N
x

N
 = 0. Here x

1
, … x

N
 are the 

values of the independent variables.

You can interpret the “omitted” dummy variable as a “baseline” scenario; this is 

refl ected in the “regular” intercept. Therefore, you can think of dummies as changes 

in the intercept.

To create your dummy variable for Quarter 1, copy the formula IF(B12=1,1,0) 

from G12 to G13:G42. This formula places a 1 in column G whenever a quar-

ter is the fi rst quarter, and places a 0 in column G whenever the quarter is not 

the fi rst quarter. In a similar fashion, you can create dummy variables for Quarter 2 

(in H12:H42) and Quarter 3 (in I12:I42). Figure 10-8 shows the results of the formulas.

 In addition to seasonality, you’d like to use macroeconomic variables such as 

gross national product (GNP, in billions of 1986 dollars), interest rates, and unem-

ployment rates to predict car sales. Suppose, for example, that you want to estimate 

sales for the second quarter of 1979. Because values for GNP, interest rate, and 

unemployment rate aren’t known at the beginning of the second quarter 1979, you 

can’t use the second quarter 1979 GNP, interest rate, and unemployment rate to 

predict Quarter 2 1979 auto sales. Instead, you use the values for the GNP, interest 

rate, and unemployment rate lagged one quarter to forecast auto sales. By copying 

the formula =D11 from J12 to J12:L42, you can create the lagged value for GNP, the 

fi rst of your macroeconomic-independent variables. For example, the range J12:L12 

contains GNP, unemployment rate, and interest rate for the fi rst quarter of 1979.

You can now run your multiple regression by clicking Data Analysis on the Data 

tab and then selecting Regression in the Data Analysis dialog box. Use C11:C42 as 

the Input Y Range and G11:L42 as the Input X Range; check the Labels box (row 

11 contains labels), and also check the Residuals box. After clicking OK, you can 
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obtain the output, which you can see in the Regression worksheet of the fi le Autos.

xlsx and in Figure 10-9.

Figure 10-8: Dummy and lagged variables

Figure 10-9: Summary regression output for auto example



Part III: Forecasting190

   

In Figure 10-9, you can see that Equation 1 is used to predict quarterly auto 

sales as follows:

Predicted quarterly sales=3154.7+156.833Q1+379.784Q2+203.03 
6Q3+.174(LAGGNP in billions)–93.83(LAGUNEMP)–73.91(LAGINT)

Also in Figure 10-9, you see that each independent variable except Q1 has a 

p-value less than or equal to 0.05. The previous discussion would indicate that 

you should drop the Q1 variable and rerun the regression. Because Q2 and Q3 are 

signifi cant, you know there is signifi cant seasonality, so leave Q1 as an independent 

variable because this treats the seasonality indicator variables as a “package deal.” 

You can therefore conclude that all independent variables have a signifi cant eff ect 

on quarterly auto sales. You interpret all coeffi  cients in your regression equation 

ceteris paribus (which means that each coeffi  cient gives the eff ect of the indepen-

dent variable after adjusting for the eff ects of all other variables in the regression).

Each regression coeffi  cient is interpreted as follows:

 ■ A $1 billion increase in last quarter’s GNP increases quarterly car sales by 174.

 ■ An increase of 1 percent in last quarter’s unemployment rate decreases quar-

terly car sales by 93,832.

 ■ An increase of 1 percent in last quarter’s interest rate decreases quarterly car 

sales by 73,917.

To interpret the coeffi  cients of the dummy variables, you must realize that they 

tell you the eff ect of seasonality relative to the value left out of the qualitative vari-

ables. Therefore

 ■ In Quarter 1, car sales exceed Quarter 4 car sales by 156,833.

 ■ In Quarter 2, car sales exceed Quarter 4 car sales by 379,784.

 ■ In Quarter 3, car sales exceed Quarter 4 car sales by 203,036.

Car sales are highest during the second quarter (April through June; tax refunds 

and summer are coming) and lowest during the third quarter. (October through 

December; why buy a new car when winter salting will ruin it?)

You should note that each regression coeffi  cient is computed after adjusting for 

all other independent variables in the equation (this is often referred to as ceteris 

paribus, or all other things held equal).

From the Summary output shown in Figure 10-9, you can learn the following:

 ■ The variation in your independent variables (macroeconomic factors and 

seasonality) explains 78 percent of the variation in your dependent variable 

(quarterly car sales).
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 ■ The standard error of your regression is 190,524 cars. You can expect approxi-

mately 68 percent of your forecasts to be accurate within 190,524 cars and 

about 95 percent of your forecasts to be accurate within 381,048 cars (2 * 

190,524).

 ■ There are 31 observations used to fi t the regression.

The only quantity of interest in the ANOVA portion of Figure 10-9 is the sig-

nifi cance (0.00000068). This measure implies that there are only 6.8 chances in 

10,000,000, that when taken together, all your independent variables are useless in 

forecasting car sales. Thus, you can be quite sure that your independent variables 

are useful in predicting quarterly auto sales.

Figure 10-10 shows for each observation the predicted sales and residual. For 

example, for the second quarter of 1979 (observation 1), predicted sales from 

Equation 1 are 2728.6 thousand, and your residual is 181,400 cars (2910 – 2728.6). 

Note that no residual exceeds 381,000 in absolute value, so you have no outliers.

Figure 10-10: Residual output for Auto example
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Interaction
If the eff ect of one independent variable on a dependent variable depends on the 

value of another independent variable, you can say that the two independent variables 

exhibit interaction. For example, suppose you try to predict sales using the price and 

the amount spent on advertising. If the eff ect to change the level of advertising dollars 

is large when the price is low and small when the price is high, price and advertising 

exhibit interaction. If the eff ect to change the level of advertising dollars is the same 

for any price level, sales and price do not exhibit any interaction. You will encounter 

interactions again in Chapter 41, “Analysis of Variance: Two-way ANOVA.”

Testing for Nonlinearities and Interactions
To see whether an independent variable has a nonlinear eff ect on a dependent vari-

able, simply add an independent variable to the regression that equals the square 

of the independent variable. If the squared term has a low p-value (less than 0.05), 

you have evidence of a nonlinear relationship.

To check whether two independent variables exhibit interaction, simply add a 

term to the regression that equals the product of the independent variables. If the 

term has a low p-value (less than 0.05), you have evidence of interaction. The fi le 

Priceandads.xlsx illustrates this procedure. In worksheet data from this fi le (see 

Figure 10-12), you have the weekly unit sales of a product, weekly price, and weekly 

ad expenditures (in thousands of dollars).

With this example, you’ll want to predict weekly sales from the price and advertis-

ing. To determine whether the relationship is nonlinear or exhibits any interactions, 

perform the following steps: 

 1. Add in Column H Advertising*Price, in Column I Price2, and in Column 

J Ad2. 

 2. Next, run a regression with Y Range E4:E169 and X Range F4:J169. You can 

obtain the regression output, as shown in the worksheet nonlinear and Figure 

10-13.

 3. All independent variables except for Price2 have signifi cant p-values (less 

than .05). Therefore, drop Price2 as an independent variable and rerun the 

regression. The result is in Figure 10-14 and the worksheet final.
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Figure 10-12: Nonlinearity and interaction data

Figure 10-13: First regression output for Nonlinearity and Interaction example
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 ■ For time series data, successive values of the error term must be independent. 

This means, for example, that if for one observation the error term is a large 

positive number, then this tells you nothing about the value of successive 

error terms.

This section further discusses how to determine if these assumptions are satis-

fi ed, the consequences of violating the assumptions, and how to resolve violation 

of these assumptions.

Normally Distributed Error Term
You can infer the nature of an unknown error term through examination of the 

residuals. If the residuals come from a normal random variable, the normal random 

variable should have a symmetric density. Then the skewness (as measured by Excel 

SKEW function described in Chapter 2) should be near 0. 

Kurtosis, which may sound like a disease but isn’t, can also help you identify if 

the residuals are likely to have come from a normal random variable. Kurtosis near 0 

means a data set exhibits “peakedness” close to the normal. Positive kurtosis means 

that a data set is more peaked than a normal random variable, whereas negative 

kurtosis means that data is less peaked than a normal random variable. The kurtosis 

of a data set may be computed with the Excel KURT function.

For diff erent size data sets, Figure 10-15 gives 95 percent confi dence intervals for 

the skewness and kurtosis of data drawn from a normal random variable.

Figure 10-15: 95 percent confi dence interval for skewness and kurtosis for sample from 
a normal distribution

For example, it is 95 percent certain that in a sample of size 50 from a normal 

random variable, kurtosis is between –0.91 and 1.62. It is also 95 percent certain that 
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in a sample of size 50 from a normal random variable, skewness is between –0.66 

and 0.67. If your residuals yield a skewness or kurtosis outside the range shown in 

Figure 10-15, then you have reason to doubt the normality assumption.

In the computer spending example for European countries, you obtained a skew-

ness of 0.83 and a kurtosis of 0.18. Both these numbers are inside the ranges speci-

fi ed in Figure 10-15, so you have no reason to doubt the normality of the residuals.

Non-normality of the residuals invalidates the p-values that you used to deter-

mine signifi cance of independent variables or the entire regression. The most 

common solution to the problem of non-normal random variables is to transform 

the dependent variable. Often replacing y by Ln y, √ y , or 1
y

 can resolve the non-

normality of the errors.

Heteroscedasticity: A Nonconstant Variance 
Error Term
If larger values of an independent variable lead to a larger variance in the errors, 

you have violated the constant variance of the error term assumption, and heterosce-

dasticity is present. Heteroscedasticity, like non-normal residuals, invalidates the 

p-values used earlier in the chapter to test for signifi cance. In most cases you can 

identify heteroscedasticity by graphing the predicted value on the x-axis and the 

absolute value of the residual on the y-axis. To see an illustration of this, look at 

the fi le Heteroscedasticity.xlsx. A sample of the data is shown in Figure 10-16.

In this fi le, you are using the data in Heteroscedasticity.xlsx and trying to 

predict the amount a family spends annually on food from their annual income. 

After running a regression, you can graph the absolute value of the residuals against 

predicted food spending. Figure 10-17 shows the resulting graph.

The upward slope of the line that best fits the graph indicates that 

your forecast accuracy decreases for families with more income, and het-

eroscedasticity is clearly present. Usually heteroscedasticity is resolved by 

replacing the dependent variable Y by Ln Y or √ Y. The reason why these trans-

formations often resolve heteroscedasticity is that these transformations reduce 

the spread in the dependent variable. For example, if three data points have 

Y = 1, Y = 10,000 and Y = 1,000,000 then after using the √ Y transformation the three 

points now have a dependent variable with values 1, 100, and 1000 respectively.
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Figure 10-16: Heteroscedasticity data

Figure 10-17: Example of Heteroscedasticity

Autocorrelation: The Nonindependence of Errors
Suppose your data is times series data. This implies the data is listed in chronologi-

cal order. The auto data is a good example. The p-values used to test the hypothesis 
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of no linear regression and the signifi cance of an independent variable are not valid 

if your error terms appear to be dependent (nonindependent). Also, if your error 

terms are nonindependent, you can say that autocorrelation is present. If autocor-

relation is present, you can no longer be sure that 95 percent of your forecasts will 

be accurate within two standard errors. Probably fewer than 95 percent of your 

forecasts will be accurate within two standard errors. This means that in the pres-

ence of autocorrelation, your forecasts can give a false sense of security. Because the 

residuals mirror the theoretical value of the error terms in Equation 1, the easiest 

way to see if autocorrelation is present is to look at a plot of residuals in chrono-

logical order. Recall the residuals sum to 0, so approximately half are positive and 

half are negative. If your residuals are independent, you would expect sequences 

of the form ++, + –, – +, and – – to be equally likely. Here + is a positive residual 

and – is a negative residual.

Graphical Interpretation of Autocorrelation
You can use a simple time series plot of residuals to determine if the error terms 

exhibit autocorrelation, and if so, the type of autocorrelation that is present.

Figure 10-18 shows an illustration of independent residuals exhibiting no 

autocorrelation.

Figure 10-18: Residuals indicate no autocorrelation

Here you can see 6 changes in sign out of 11 possible changes.

Figure 10-19, however, is indicative of positive autocorrelation. Figure 10-19 shows 

only one sign change out of 11 possible changes. Positive residuals are followed 

by positive residuals, and negative residuals are followed by negative residuals. 

Thus, successive residuals are positively correlated. When residuals exhibit few sign 

changes (relative to half the possible number of sign changes), positive autocorrela-

tion is suspected. Unfortunately, positive autocorrelation is common in business 

and economic data.
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Figure 10-19: Residuals indicate positive autocorrelation

Figure 10-20 is indicative of negative autocorrelation. Figure 10-20 shows 11 sign 

changes out of a possible 11. This indicates that a small residual tends to be followed 

by a large residual, and a large residual tends to be followed a small residual. Thus, 

successive residuals are negatively correlated. This shows that many sign changes 

(relative to half the number of possible sign changes) are indicative of negative 

autocorrelation.

Figure 10-20: Residuals indicate negative autocorrelation

To help clarify these three diff erent types of graphical interpretation, suppose 

you have n observations. If your residuals exhibit no correlation, then the chance 

of seeing either less than n−1

 2
    −  √n−1  or more than n−1

 2
 + √n−1 sign changes is approxi-

mately 5 percent. Thus you can conclude the following:

 ■ If you observe less than or equal to 
n−1

 2
   −   √n−1  sign changes, conclude that 

positive autocorrelation is present.

 ■ If you observe at least 
n−1

 2
 + √n−1 sign changes, conclude that negative autocor-

relation is present.

 ■ Otherwise you can conclude that no autocorrelation is present.
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Detecting and Correcting for Autocorrelation
The simplest method to correct for autocorrelation is presented in the following 

steps. To simplify the presentation, assume there is only one independent variable 

(Call it X):

 1. Determine the correlation between the following two time series: your residu-

als and your residuals lagged one period. Call this correlation p.

 2. Run a regression with the dependent variable for time t being Y
t
 – pY

t-1
 and 

independent variable X
t
 – pX

t-1
.

 3. Check the number of sign changes in the new regression’s residuals. Usually, 

autocorrelation is no longer a problem, and you can rearrange your equation 

to predict Y
t
 from Y

t-1
, X

t
,  and X

t-1
.

To illustrate this procedure, you can try and predict consumer spending (in bil-

lions of $) during a year as a function of the money supply (in billions of $). Twenty 

years of data are given in Figure 10-21 and are available for download from the fi le 

autocorr.xls.

Now complete the following steps:

 1. Run a regression with X Range B1:B21 and Y Range A1:A21, and check the 

Labels and Residuals box. Figure 10-22 shows the residuals.

 2. Observe that a sign change in the residuals occurs if, and only if, the product of two 

successive residuals is <0. Therefore, copying the formula =IF(I27*I26<0,1,0)

from J27 to J28:J45 counts the number of sign changes. Compute the total num-

ber of sign changes (4) in cell J24 with the formula =SUM(J27:J45).

Figure 10-21: Data for Autocorrelation example
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Figure 10-22: Residuals for Autocorrelation example

 3. In cell J22 compute the “cutoff ” for the number of sign changes that indi-

cates the presence of positive autocorrelation. If the number of sign changes 

is <5.41, then you can suspect the positive autocorrelation is present: 

=9.5–SQRT(19).

 4. Because you have only four sign changes, you can conclude that positive 

autocorrelation is present.

 5. To correct for autocorrelation, fi nd the correlation between the residuals 

and lagged residuals. Create the lagged residuals in K27:K45 by copying the 

formula =I26 from K27 to K28:K45.

 6. Find the correlation between the residuals and lagged residuals (0.82) in cell 

L26 using the formula =CORREL(I27:I45, K27:K45).

 7. To correct for autocorrelation run a regression with dependent variable 

Expenditures
t
 – .82 Expenditures

t–1
 and independent variable Money Supply

t
 – 

.82 Money Supply
t–1

. See Figure 10-23.
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Figure 10-23: Transformed data to correct for autocorrelation

 8. In Column C create your transformed dependent variable by copying the 

formula =A3-0.82*A2 from C3 to C4:C21.

 9. Copy this same formula from D3 to D4:D21 to create the transformed inde-

pendent variable Money Supply
t
 − .82Money Supply

t − 1.

 10. Now run a regression with the Y Range as C3:C21 and X Range as D3:D21. 

Figure 10-24 shows the results.

Because the p-value for your independent variable is less than .15, you can con-

clude that your transformed independent variable is useful for predicting your trans-

formed independent variable. You can fi nd the residuals from your new regression 

change sign seven times. This exceeds the positive autocorrelation cutoff  of 4.37 sign 

changes. Therefore you can conclude that you have successfully removed the positive 

autocorrelation. You can predict period t expenditures with the following equation:

Period t expenditures − 0.82Period(t − 1) Expenditures = -41.97 + 2.74(Period(t) 

Money Supply − .82Period(t − 1) Money Supply)
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Figure 10-25: Multicollinearity data

 2. Now run a multiple regression with the Y range being A3:A26 and the X Range 

being B3:D26 to obtain the results shown in Figure 10-26.

 3. Observe that neither POP nor YEAR is significant. (They have p-values 

of .59 and .74, respectively.) Also, the negative coeffi  cient of YEAR indicates 

that there is a downward trend in housing starts. This doesn’t make sense 

though. The problem is that POP and YEAR are highly correlated. To see this, 

use the DATA ANALYSIS TOOLS CORRELATION command to fi nd the correlations 

between the independent variables.

Figure 10-26: First regression output: Multicoillinearity example
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 4. Select Input Range B3:D26.

 5. Check the labels box.

 6. Put the output on the new sheet Correlation.

You should obtain the output in Figure 10-27.

Figure 10-27: Correlation matrix for Multicollinearity example

The .999 correlation between POP and YEAR occurs because both POP and YEAR 

increase linearly over time. Also note that the correlation between Mort Rate and the 

other two independent variables exceeds .9. Due to this, multicollinearity exists. What 

has happened is that the high correlation between the independent variables has con-

fused the computer about which independent variables are important. The solution to 

this problem is to drop one or more of the highly correlated independent variables and 

hope that the independent variables remaining in the regression will be signifi cant. If 

you decide to drop YEAR, change your X Range to B3:C26 to obtain the output shown in 

Figure 10-28. If you have access to a statistical package, such as SAS or SPSS, you can 

identify the presence of multicollinearity by looking at the Variance Infl ation Factor 

(VIF) of each independent variable. A general rule of thumb is that any independent 

variable with a variance infl ation factor exceeding 5 is evidence of multicollinearity.

Figure 10-28: Final regression output for Multicollinearity example

POP is now highly signifi cant (p-value = .001). Also, by dropping YEAR you actually 

decreased s
e
 from 280 to 273. This decrease is because dropping YEAR reduced the 
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the new x’s data. [Constant] is an optional argument. Setting [Constant]=False 

causes Excel to fi t the regression with the constant term set equal to 0. Setting 

[Constant]=True or omitting [Constant] causes Excel to fi t a regression in the 

normal fashion.

The TREND function is an array function (see Chapter 2) so you need to select 

the cell range populated by the TREND function and fi nally press Ctrl+Shift+Enter 

to enable TREND to calculate the desired results. As shown in Figure 10-29 and 

worksheet Data, you will now use the TREND function to compare the accuracy of 

regression predictions for the 1981-1985 validation period to the accuracy of regres-

sion predictions for the fi tted data using the following steps.

Figure 10-29: Use of Trend function to validate regression

 1. To generate forecasts for the years 1963–1985 using the 1963–1980 data, sim-

ply select the range E4:E26 and enter in E4 the array formula =TREND(A4:A21, 

B4:C21,B4:C26) (refer to Figure 10-29). Rows 4-21 contain the data for the 

years 1963-1980 and Rows 4-26 contain the data for the years 1963-1985.

 2. Compute the error for each year’s forecast in Column F. The error for 1963 

is computed in F4 with the formula =A4-F4.

 3. Copy this formula down to row 26 to compute the errors for the years 

1964–1985.

 4. In cell H2 compute the standard deviation (285.70) of the errors for the years 

1963–1980 with the formula =STDEV(F4:F21).
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Use this data to determine how the preceding factors influence sales. 

Predict sales of canned tomatoes during a week in which you use a shopping 

cart notice, a coupon, and reduce price by 1 cent.

 3. The fi le Countryregion.xlsx contains the following data for several under-

developed countries:

 ■ Infant mortality rate

 ■ Adult literacy rate

 ■ Percentage of students finishing primary school

 ■ Per capita GNP

Use this data to develop an equation that can be used to predict infant 

mortality. Are there any outliers in this set of data? Interpret the coefficients 

in your equation. Within what value should 95 percent of your predictions 

for infant mortality be accurate?

 4. The fi le Baseball96.xlsx gives runs scored, singles, doubles, triples, home 

runs, and bases stolen for each major league baseball team during the 1996 

season. Use this data to determine the eff ects of singles, doubles, and other 

activities on run production.

 5. The fi le Cardata.xlsx provides the following information for 392 diff erent 

car models:

 ■ Cylinders

 ■ Displacement

 ■ Horsepower

 ■ Weight

 ■ Acceleration

 ■ Miles per gallon (MPG)

Determine an equation that can predict MPG. Why do you think all the 

independent variables are not significant?

 6. Determine for your regression predicting computer sales whether the residuals 

exhibit non-normality or heteroscedasticity.

 7. The fi le Oreos.xlsx gives daily sales of Oreos at a supermarket and whether 

Oreos were placed 7” from the fl oor, 6” from the fl oor, or 5” from the fl oor. 

How does shelf position infl uence Oreo sales?

 8. The fi le USmacrodata.xlsx contains U.S. quarterly GNP, Infl ation rates, and 

Unemployment rates. Use this fi le to perform the following exercises:
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 a. Develop a regression to predict quarterly GNP growth from the last 

four quarters of growth. Check for non-normality of residuals, het-

eroscedasticity, autocorrelation, and multicollinearity.

 b. Develop a regression to predict quarterly infl ation rate from the last 

four quarters of infl  ation. Check for non-normality of residuals, het-

eroscedasticity, autocorrelation, and multicollinearity.

 c. Develop a regression to predict quarterly unemployment rate from the 

unemployment rates of the last four quarters. Check for non-normality 

of residuals, heteroscedasticity, autocorrelation, and multicollinearity.

 9. Does our regression model for predicting auto sales exhibit autocorrelation, 

non-normality of errors, or heteroscedasticity?
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Figure 12-1: US airline miles

To further illustrate the concept of moving averages, take a look at the graph 

of United States airline miles shown in Figure 12-2. To obtain this graph select 

the data from the Moving average worksheet of the airlinemiles.xlsx file 

in the range E8:F120 and select Insert  ➢ Charts ➢ Scatter and choose the second 

option (Scatter with Smooth Lines and Markers). You obtain the graph shown in 

Figure 12-2.

Due to seasonality (primarily because people travel more in the summer), miles 

traveled usually increase during the summer and then decrease during the winter. 

This makes it diffi  cult to ascertain the trend in airline travel. Graphing the mov-

ing average of airline miles can help to better understand the trend in this data. A 

12-month moving average, for example, graphs the average of the current month’s 

miles and the last 11 months. Because moving averages smooth out noise in the 

data, you can use a 12-month moving average to eliminate the infl uence of season-

ality. This is because a 12-month moving average includes one data point for each 

month. When analyzing a trend in quarterly data, you should plot a four-quarter 

moving average. 
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Figure 12-2: Graph of US airline miles

To overlay a 12-month moving average on the scatterplot, you return to an 

old friend, the Excel Trendline. Right-click the data series and select Add Trendline... 

Choose Moving Average and select 12 periods. Then you can obtain the trendline, as 

shown in Figure 12-3.

Figure 12-3: Moving average trendline

The moving average trendline makes it easy to see how airline travel trended 

between 2003 and 2012. You can now see the following:

 ■ In 2003 and 2004 there was a sharp upward trend in airline travel (perhaps 

a rebound from 9/11). 

 ■ In 2005–2008 airline travel appeared to stagnate. 

 ■ In late 2008 there was a sharp drop in airline travel, likely due to the fi nancial 

crisis.

 ■ In 2010 a slight upward trend in air travel occurred.
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Figure 12-4: Additive trend model

To estimate base, trend, and seasonal indices, you need to create formulas based 

on trial values of the parameters in Column H. Then in Column I, you will deter-

mine the error for each month’s forecast, and in Column J, you compute the squared 

error for each forecast. Finally, you use the Solver to determine the parameter 

values that minimize squared errors. To execute this estimation process, perform 

the following steps:

 1. Enter trial values of the base and trend in cells B2 and B3. Name cell B2 

baseadd and cell B3 trend.

 2. Enter trial seasonal indices in the range B5:B16.

 3. In cell B18, average the seasonal indices with the formula =AVERAGE(B5:B16).

The Solver model can set this average to 0 to ensure the seasonal indices aver-

age to 0.

 4. Copy the formula =baseadd+trend*D9+VLOOKUP(F9,$A$5:$B$16,2) from H9 

to H10:H42 to compute the forecast for each month.

 5. Copy the formula =G9-H9 from I9 to I10:I42 to compute each month’s forecast 

error.

 6. Copy the formula =(I9^2) from J9 to J10:J42 to compute each month’s squared 

error.

 7. In cell K6, compute the Sum of Squared Errors (SSE) using the formula 

=SUM(J9:J42).
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 8. Now set up the Solver model, as shown in Figure 12-5. Change the parameters 

to minimize SSE and constrain the average of the seasonal indices to 0. Do 

not check the non-negative box because some seasonal indices must be nega-

tive. The forecasting model of Equation 1 is a linear forecasting model because 

each unknown parameter is multiplied by a constant. When the forecasts are 

created by adding together terms that multiply changing cells by constants, 

the GRG Solver Engine always fi nds a unique solution to the least square 

minimizing parameter estimates for a forecasting model.

Figure 12-5: Additive trend Solver model

Refer to the data shown in Figure 12-4 and you can make the following estimates: 

 ■ At the beginning of July 2009, the base level of airline miles is 37.38 billion.

 ■ An upward trend in airline miles is 59 billion miles per month.

 ■ The busiest month is July (6.29 billion miles above average) and the slowest 

month is February with 6.62 billion miles below average.
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The forecasting model in Equation 2 is a nonlinear forecasting model because 

you can raise the trend to a power and multiply, rather than add terms involving the 

seasonal indices. For nonlinear forecasting models, the GRG Solver Engine often 

fails to fi nd an optimal solution unless the starting values for the changing cells are 

close to the optimal solution. The remedy to this issue is as follows: 

 1. In Solver select Options, and from the GRG tab, select Multistart. This ensures 

the Solver will try many (between 50 and 200) starting solutions and fi nd 

the optimal solution from each starting solution. Then the Solver reports the 

“best of the best” solutions. 

 2. To use the Multistart option, input lower and upper bounds on the changing 

cells. To speed up solutions, these bounds should approximate sensible values 

for the estimated parameters. For example, a seasonal index will probably be 

between 0 and 3, so an upper bound of 100 would be unreasonable. As shown 

in Figure 12-6, you can choose an upper bound of 3 for each seasonal index 

and an upper bound of 2 for the trend. For this example, choose an upper 

bound of 100 for the base. 

Figure 12-6: Solver window for multiplicative trend model
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 3. Cell B18 averages the seasonal indices, so in the Solver window add the con-

straint $B$18 =1 to ensure that the seasonal indices average to 1.

 4. Select Solve, and the Solver will then fi nd the optimal solution (refer to 

Figure 12-7). 

Figure 12-7: Multiplicative trend model

NOTE If the Solver assigns a changing cell, a value near its lower or upper bound 

should be relaxed. For example, if you set the upper bound for the base to 30, the 

Solver will fi nd a value near 30, thereby indicating the bound should be relaxed.

From the optimal Solver solution you fi nd the following:

 ■ The estimated base level of airline miles is 37.4 billion.

 ■ You can estimate airline miles increase at a rate of 0.15 percent per month or 

1.0014912 – 1 = 1.8 percent per year.

 ■ The busiest month for the airlines is July, when miles traveled are 16 percent 

above average, and the least busy month is February, during which miles 

traveled are 17 percent below average.

A natural question is whether the additive or multiplicative model should be used 

to predict airline miles for future months. Because the additive model has a lower 

standard deviation of residuals, you should use the additive model to forecast future 

airline miles traveled.
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Figure 13-1: Example of Ratio to Moving Average Method

The following sections walk you through each main part of this process.

Calculating Moving Averages and Centered 
Moving Averages
To begin, you compute a four-quarter (four quarters eliminates seasonality) moving 

average for each quarter by averaging the prior quarter, current quarter, and next two 

quarters. To do this you copy the formula =AVERAGE(E5:E8) down from cell F6 to 

F7:F22. For example, for Quarter 2, the moving average is (24 + 44 + 61 + 79) / 4 = 52.

Because the moving average for Quarter 2 averages Quarters 1 through 4 and the 

numbers 1–4 average to 2.5, the moving average for Quarter 2 is centered at Quarter 

2.5. Similarly, the moving average for Quarter 3 is centered at Quarter 3.5. Therefore, 

averaging these two moving averages gives a centered moving average that estimates 

the level of the process at the end of Quarter 3. To estimate the level of the series during 

each series (without seasonality), copy the formula =AVERAGE(F6:F7) down from cell G7.
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Fitting a Trend Line to the Centered Moving Averages
You can use the centered moving averages to fi t a trend line that can be used to 

estimate the future level of the series. To do so, follow these steps: 

 1. In cell F1 use the formula =SLOPE(G7:G22,B7:B22) to fi nd the slope of the 

trend line. 

 2. In cell F2 use the formula =INTERCEPT(G7:G22,B7:B22) to fi nd the intercept 

of the trend line. 

 3. Estimate the level of the series during Quarter t to be 6.94t c + 30.17. 

 4. Copy the formula =intercept + slope*B25 down from cell G25 to G26:G28 

to compute the estimated level (excluding seasonality) of the series from 

Quarter 21 onward.

Compute the Seasonal Indexes
Recall that a seasonal index of 2 for a quarter means sales in that quar-

ter are twice the sales during an average quarter, whereas a seasonal index 

of .5 for a quarter would mean that sales during that quarter were one-half of an aver-

age quarter. Therefore, to determine the seasonal indices, begin by determining for 

each quarter for which you have sales (Actual Sales) / Centered Moving Average. To do 

this, copy the formula =E7/G7 down from cell H7 to H8:H22. You fi nd, for example, 

that during Quarter 1 sales were 77 percent, 71 percent, 90 percent and 89 percent 

of average, so you could estimate the seasonal index for Quarter 1 as the average of 

these four numbers (82 percent). To calculate the initial seasonal index estimates, 

you can copy the formula =AVERAGEIF($D$7:$D$22,J3,$H$7:$H$22) from cell K3 

to K4:K6. This formula averages the four estimates you have for Q1 seasonality. 

Unfortunately, the seasonal indices do not average exactly to 1. To ensure that 

your fi nal seasonal indices average to 1, copy the formula =K3/AVERAGE($K$3:$K$6) 

from cell L3 to L4:L6.

Forecasting Sales during Quarters 21–24
To create your sales forecast for each future quarter, simply multiply the trend 

line estimate for the quarter’s level (from Column G) by the appropriate seasonal 

index. Copy the formula =VLOOKUP(D25,season,3)*G25 from cell G25 to G26:G28 

to compute the fi nal forecast for Quarters 21–24. This forecast includes estimates 

of trend and seasonality.
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discussed in Chapter 12 in the “Multiplicative Model with Trend and Seasonality” 

section. After observing data through the end of month t you can estimate the fol-

lowing quantities of interest:

 ■ L
t
 = Level of series

 ■ T
t
 = Trend of series

 ■ S
t
 = Seasonal index for current month

The key to Winter’s Method is the use of the following three equations, which are 

used to update L
t
, T

t
, and S

t
. In the following equations, alp, bet, and gam are called 

smoothing parameters. The values of these parameters will be chosen to optimize your 

forecasts. In the following equations, c equals the number of periods in a seasonal cycle 

(c = 12 months for example) and x
t
 equals the observed value of the time series at time t.

(1) L
t
 = alp(x

t
) / (s

t–c
) + (1 – alp)(L

t–1 
* T

t–1
 )

(2) T
t
 = bet(L

t
 / L

t–1
) + (1 – bet) T

t–1

(3) S
t
 = gam(x

t
 / L

t
) + (1 – gam)s

(t–c)
 

Equation 1 indicates that the new base estimate is a weighted average 

of the current observation (deseasonalized) and last period’s base is updated by the 

last trend estimate. Equation 2 indicates that the new trend estimate is a weighted 

average of the ratio of the current base to last period’s base (this is a current estimate 

of trend) and last period’s trend. Equation 3 indicates that you update the seasonal 

index estimate as a weighted average of the estimate of the seasonal index based on 

the current period and the previous estimate. In equations 1–3 the fi rst term uses 

an estimate of the desired quantity based on the current observation and the second 

term uses a past estimate of the desired quantity.

NOTE Note that larger values of the smoothing parameters correspond to put-

ting more weight on the current observation.

You can defi ne F
t
,
k
 as your forecast (F) after period t for the period t + k. This 

results in the following equation: 

(4) F
t,k

 = L
t
*(T

t
)ks

t+k–c

Equation 4 fi rst uses the current trend estimate to update the base k periods 

forward. Then the resulting base estimate for period t + k is adjusted by the appro-

priate seasonal index.
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 4. In H26:H113, use Equation 3 to update the seasonal indices. Copy the formula 

=gam*(B26/C26)+(1-gam)*H14 from cell H26 to H27:H113.

 5. In E26:E113, use Equation 4 to compute the forecast for the current month 

by copying the formula =(C25*D25)*H14 from cell E26 to E27:E113.

 6. In F26:F113 compute each month’s error by copying the formula =(B26-E26) 

from cell E26 to E27:E113.

 7. In G26:G113, compute the squared error for each month by copying the 

formula =F26^2 from cell F26 to F27:F113. In cell G21 compute the Sum of 

Squared Errors (SSE) using the formula =SUM(G26:G113).

 8. Now use the Solver to determine smoothing parameter values that minimize 

SSE. The Solver Parameters dialog box is shown in Figure 14-3.

Figure 14-3: Solver Window for optimizing smoothing constants

 9. Choose the smoothing parameters (H11:J11) to minimize SSE (cell G21). 

The Excel Solver ensures you can fi nd the best combination of smoothing 

constants. Smoothing constants must be α. The Solver fi nds that alp = 0.55, 

bet = 0.05, and gamma = 0.59. 








	Cover������������
	Title Page�����������������
	Copyright����������������
	Contents���������������
	Introduction
	Part I Using Excel to Summarize Marketing Data�����������������������������������������������������
	Chapter 1 Slicing and Dicing Marketing Data with PivotTables�������������������������������������������������������������������
	Analyzing Sales at True Colors Hardware����������������������������������������������
	Analyzing Sales at La Petit Bakery�����������������������������������������
	Analyzing How Demographics Affect Sales����������������������������������������������
	Pulling Data from a PivotTable with the GETPIVOTDATA Function��������������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 2 Using Excel Charts to Summarize Marketing Data���������������������������������������������������������������
	Combination Charts�������������������������
	Using a PivotChart to Summarize Market Research Surveys��������������������������������������������������������������
	Ensuring Charts Update Automatically When New Data is Added������������������������������������������������������������������
	Making Chart Labels Dynamic����������������������������������
	Summarizing Monthly Sales-Force Rankings�����������������������������������������������
	Using Check Boxes to Control Data in a Chart���������������������������������������������������
	Using Sparklines to Summarize Multiple Data Series���������������������������������������������������������
	Using GETPIVOTDATA to Create the End-of-Week Sales Report����������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 3 Using Excel Functions to Summarize Marketing Data������������������������������������������������������������������
	Summarizing Data with a Histogram����������������������������������������
	Using Statistical Functions to Summarize Marketing Data��������������������������������������������������������������
	Summary��������������
	Exercises����������������


	Part II Pricing����������������������
	Chapter 4 Estimating Demand Curves and Using Solver to Optimize Price����������������������������������������������������������������������������
	Estimating Linear and Power Demand Curves������������������������������������������������
	Using the Excel Solver to Optimize Price�����������������������������������������������
	Pricing Using Subjectively Estimated Demand Curves���������������������������������������������������������
	Using SolverTable to Price Multiple Products���������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 5 Price Bundling�������������������������������
	Why Bundle?������������������
	Using Evolutionary Solver to Find Optimal Bundle Prices��������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 6 Nonlinear Pricing����������������������������������
	Demand Curves and Willingness to Pay�������������������������������������������
	Profit Maximizing with Nonlinear Pricing Strategies����������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 7 Price Skimming and Sales�����������������������������������������
	Dropping Prices Over Time��������������������������������
	Why Have Sales?����������������������
	Summary��������������
	Exercises����������������

	Chapter 8 Revenue Management�����������������������������������
	Estimating Demand for the Bates Motel and Segmenting Customers���������������������������������������������������������������������
	Handling Uncertainty���������������������������
	Markdown Pricing�����������������������
	Summary��������������
	Exercises����������������


	Part III Forecasting���������������������������
	Chapter 9 Simple Linear Regression and Correlation���������������������������������������������������������
	Simple Linear Regression�������������������������������
	Using Correlations to Summarize Linear Relationships�����������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 10 Using Multiple Regression to Forecast Sales�������������������������������������������������������������
	Introducing Multiple Linear Regression���������������������������������������������
	Running a Regression with the Data Analysis Add-In���������������������������������������������������������
	Interpreting the Regression Output�����������������������������������������
	Using Qualitative Independent Variables in Regression������������������������������������������������������������
	Modeling Interactions and Nonlinearities�����������������������������������������������
	Testing Validity of Regression Assumptions�������������������������������������������������
	Multicollinearity������������������������
	Validation of a Regression���������������������������������
	Summary��������������
	Exercises����������������

	Chapter 11 Forecasting in the Presence of Special Events���������������������������������������������������������������
	Building the Basic Model�������������������������������
	Summary��������������
	Exercises����������������

	Chapter 12 Modeling Trend and Seasonality������������������������������������������������
	Using Moving Averages to Smooth Data and Eliminate Seasonality���������������������������������������������������������������������
	An Additive Model with Trends and Seasonality����������������������������������������������������
	A Multiplicative Model with Trend and Seasonality��������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 13 Ratio to Moving Average Forecasting Method������������������������������������������������������������
	Using the Ratio to Moving Average Method�����������������������������������������������
	Applying the Ratio to Moving Average Method to Monthly Data������������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 14 Winter’s Method���������������������������������
	Parameter Definitions for Winter’s Method������������������������������������������������
	Initializing Winter’s Method�����������������������������������
	Estimating the Smoothing Constants�����������������������������������������
	Forecasting Future Months��������������������������������
	Mean Absolute Percentage Error (MAPE)��������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 15 Using Neural Networks to Forecast Sales���������������������������������������������������������
	Regression and Neural Nets���������������������������������
	Using Neural Networks����������������������������
	Using NeuralTools to Predict Sales�����������������������������������������
	Using NeuralTools to Forecast Airline Miles��������������������������������������������������
	Summary��������������
	Exercises����������������


	Part IV What do Customers Want?��������������������������������������
	Chapter 16 Conjoint Analysis�����������������������������������
	Products, Attributes, and Levels���������������������������������������
	Full Profile Conjoint Analysis�������������������������������������
	Using Evolutionary Solver to Generate Product Profiles�������������������������������������������������������������
	Developing a Conjoint Simulator��������������������������������������
	Examining Other Forms of Conjoint Analysis�������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 17 Logistic Regression�������������������������������������
	Why Logistic Regression Is Necessary�������������������������������������������
	Logistic Regression Model��������������������������������
	Maximum Likelihood Estimate of Logistic Regression Model���������������������������������������������������������������
	Using StatTools to Estimate and Test Logistic Regression Hypotheses��������������������������������������������������������������������������
	Performing a Logistic Regression with Count Data�������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 18 Discrete Choice Analysis������������������������������������������
	Random Utility Theory����������������������������
	Discrete Choice Analysis of Chocolate Preferences��������������������������������������������������������
	Incorporating Price and Brand Equity into Discrete Choice Analysis�������������������������������������������������������������������������
	Dynamic Discrete Choice������������������������������
	Independence of Irrelevant Alternatives (IIA) Assumption���������������������������������������������������������������
	Discrete Choice and Price Elasticity�������������������������������������������
	Summary��������������
	Exercises����������������


	Part V Customer Value
	Chapter 19 Calculating Lifetime Customer Value�����������������������������������������������������
	Basic Customer Value Template������������������������������������
	Measuring Sensitivity Analysis with Two-way Tables���������������������������������������������������������
	An Explicit Formula for the Multiplier���������������������������������������������
	Varying Margins����������������������
	DIRECTV, Customer Value, and Friday Night Lights (FNL)�������������������������������������������������������������
	Estimating the Chance a Customer Is Still Active�������������������������������������������������������
	Going Beyond the Basic Customer Lifetime Value Model�����������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 20 Using Customer Value to Value a Business����������������������������������������������������������
	A Primer on Valuation����������������������������
	Using Customer Value to Value a Business�����������������������������������������������
	Measuring Sensitivity Analysis with a One-way Table����������������������������������������������������������
	Using Customer Value to Estimate a Firm’s Market Value�������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 21 Customer Value, Monte Carlo Simulation, and Marketing Decision Making���������������������������������������������������������������������������������������
	A Markov Chain Model of Customer Value���������������������������������������������
	Using Monte Carlo Simulation to Predict Success of a Marketing Initiative��������������������������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 22 Allocating Marketing Resources between Customer Acquisition and Retention�������������������������������������������������������������������������������������������
	Modeling the Relationship between Spending and Customer Acquisition and Retention����������������������������������������������������������������������������������������
	Basic Model for Optimizing Retention and Acquisition Spending��������������������������������������������������������������������
	An Improvement in the Basic Model����������������������������������������
	Summary��������������
	Exercises����������������


	Part VI Market Segmentation����������������������������������
	Chapter 23 Cluster Analysis����������������������������������
	Clustering U.S. Cities�����������������������������
	Using Conjoint Analysis to Segment a Market��������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 24 Collaborative Filtering�����������������������������������������
	User-Based Collaborative Filtering�����������������������������������������
	Item-Based Filtering���������������������������
	Comparing Item- and User-Based Collaborative Filtering�������������������������������������������������������������
	The Netflix Competition������������������������������
	Summary��������������
	Exercises����������������

	Chapter 25 Using Classification Trees for Segmentation�������������������������������������������������������������
	Introducing Decision Trees���������������������������������
	Constructing a Decision Tree�����������������������������������
	Pruning Trees and CART�����������������������������
	Summary��������������
	Exercises����������������


	Part VII Forecasting New Product Sales���������������������������������������������
	Chapter 26 Using S Curves to Forecast Sales of a New Product�������������������������������������������������������������������
	Examining S Curves�������������������������
	Fitting the Pearl or Logistic Curve������������������������������������������
	Fitting an S Curve with Seasonality������������������������������������������
	Fitting the Gompertz Curve���������������������������������
	Pearl Curve versus Gompertz Curve����������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 27 The Bass Diffusion Model������������������������������������������
	Introducing the Bass Model���������������������������������
	Estimating the Bass Model��������������������������������
	Using the Bass Model to Forecast New Product Sales���������������������������������������������������������
	Deflating Intentions Data��������������������������������
	Using the Bass Model to Simulate Sales of a New Product��������������������������������������������������������������
	Modifications of the Bass Model��������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 28 Using the Copernican Principle to Predict Duration of Future Sales������������������������������������������������������������������������������������
	Using the Copernican Principle�������������������������������������
	Simulating Remaining Life of Product�������������������������������������������
	Summary��������������
	Exercises����������������


	Part VIII Retailing��������������������������
	Chapter 29 Market Basket Analysis and Lift�������������������������������������������������
	Computing Lift for Two Products��������������������������������������
	Computing Three-Way Lifts��������������������������������
	A Data Mining Legend Debunked!�������������������������������������
	Using Lift to Optimize Store Layout������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 30 RFM Analysis and Optimizing Direct Mail Campaigns�������������������������������������������������������������������
	RFM Analysis�������������������
	An RFM Success Story���������������������������
	Using the Evolutionary Solver to Optimize a Direct Mail Campaign�����������������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 31 Using the SCAN*PRO Model and Its Variants�����������������������������������������������������������
	Introducing the SCAN*PRO Model�������������������������������������
	Modeling Sales of Snickers Bars��������������������������������������
	Forecasting Software Sales���������������������������������
	Summary��������������
	Exercises����������������

	Chapter 32 Allocating Retail Space and Sales Resources�������������������������������������������������������������
	Identifying the Sales to Marketing Effort Relationship�������������������������������������������������������������
	Modeling the Marketing Response to Sales Force Effort������������������������������������������������������������
	Optimizing Allocation of Sales Effort��������������������������������������������
	Using the Gompertz Curve to Allocate Supermarket Shelf Space�������������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 33 Forecasting Sales from Few Data Points��������������������������������������������������������
	Predicting Movie Revenues��������������������������������
	Modifying the Model to Improve Forecast Accuracy�������������������������������������������������������
	Using 3 Weeks of Revenue to Forecast Movie Revenues����������������������������������������������������������
	Summary��������������
	Exercises����������������


	Part IX Advertising��������������������������
	Chapter 34 Measuring the Effectiveness of Advertising������������������������������������������������������������
	The Adstock Model������������������������
	Another Model for Estimating Ad Effectiveness����������������������������������������������������
	Optimizing Advertising: Pulsing versus Continuous Spending�����������������������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 35 Media Selection Models����������������������������������������
	A Linear Media Allocation Model��������������������������������������
	Quantity Discounts�������������������������
	A Monte Carlo Media Allocation Simulation������������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 36 Pay per Click (PPC) Online Advertising��������������������������������������������������������
	Defining Pay per Click Advertising�����������������������������������������
	Profitability Model for PPC Advertising����������������������������������������������
	Google AdWords Auction�����������������������������
	Using Bid Simulator to Optimize Your Bid�����������������������������������������������
	Summary��������������
	Exercises����������������


	Part X Marketing Research Tools
	Chapter 37 Principal Components Analysis (PCA)�����������������������������������������������������
	Defining PCA�������������������
	Linear Combinations, Variances, and Covariances������������������������������������������������������
	Diving into Principal Components Analysis������������������������������������������������
	Other Applications of PCA��������������������������������
	Summary��������������
	Exercises����������������

	Chapter 38 Multidimensional Scaling (MDS)������������������������������������������������
	Similarity Data����������������������
	MDS Analysis of U.S. City Distances������������������������������������������
	MDS Analysis of Breakfast Foods��������������������������������������
	Finding a Consumer’s Ideal Point���������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 39 Classification Algorithms: Naive Bayes Classifier and Discriminant Analysis���������������������������������������������������������������������������������������������
	Conditional Probability������������������������������
	Bayes’ Theorem���������������������
	Naive Bayes Classifier�����������������������������
	Linear Discriminant Analysis�����������������������������������
	Model Validation�����������������������
	The Surprising Virtues of Naive Bayes��������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 40 Analysis of Variance: One-way ANOVA�����������������������������������������������������
	Testing Whether Group Means Are Different������������������������������������������������
	Example of One-way ANOVA�������������������������������
	The Role of Variance in ANOVA������������������������������������
	Forecasting with One-way ANOVA�������������������������������������
	Contrasts����������������
	Summary��������������
	Exercises����������������

	Chapter 41 Analysis of Variance: Two-way ANOVA�����������������������������������������������������
	Introducing Two-way ANOVA��������������������������������
	Two-way ANOVA without Replication����������������������������������������
	Two-way ANOVA with Replication�������������������������������������
	Summary��������������
	Exercises����������������


	Part XI Internet and Social Marketing��������������������������������������������
	Chapter 42 Networks��������������������������
	Measuring the Importance of a Node�����������������������������������������
	Measuring the Importance of a Link�����������������������������������������
	Summarizing Network Structure������������������������������������
	Random and Regular Networks����������������������������������
	The Rich Get Richer��������������������������
	Klout Score������������������
	Summary��������������
	Exercises����������������

	Chapter 43 The Mathematics Behind The Tipping Point����������������������������������������������������������
	Network Contagion������������������������
	A Bass Version of the Tipping Point������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 44 Viral Marketing���������������������������������
	Watts’ Model�������������������
	A More Complex Viral Marketing Model�������������������������������������������
	Summary��������������
	Exercises����������������

	Chapter 45 Text Mining�����������������������������
	Text Mining Definitions������������������������������
	Giving Structure to Unstructured Text��������������������������������������������
	Applying Text Mining in Real Life Scenarios��������������������������������������������������
	Summary��������������
	Exercises����������������


	Index������������

