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Introduction
Revenue forecasting is an important, common practice among all businesses. It is the
exercise that allows all members of a firm to align their plans for the upcoming fiscal period with
those of upper management. In addition to uniting a company’s thought process, it acts as the
main driver of a firm’s budget, regulates a manufacturer’s production schedule, largely
influences a retailer’s inventory management, and provides the firm with a better understanding
of its previous sales trends and thus its potential future growth. Underlying these benefits is the
fact that the revenue forecast is the firm’s method of understanding its consumers’ demand.
Without demand, the firm cannot exist and thus understanding demand is of the utmost
importance. By creating an accurate sales forecast, a firm may be able to increase revenue by
taking advantage of the best opportunities, decrease costs by properly aligning its resources at
the right times, increase its customer satisfaction by becoming more reliable through its planning
process, and increase overall efficiency by managing the supply chain in a more effective
manner.
While most businesses recognize this importance, the forecasting methods employed by
the majority of corporations are over-simplified in that future revenue is only a function of past
revenue. While a firm’s past performance reveals what it is capable of, this information does not
demonstrate how it is impacted by macroeconomic variables, factors which can cause revenue
performance to greatly fluctuate from one time period to another. Since a revenue forecast is
created in order to help a company prepare for future demand, it is necessary for the forecasting
process to accurately represent demand, a factor that is well represented by the theoretical
relationships between itself and many macroeconomic variables.
This study will attempt to determine a revenue-forecasting model by utilizing
macroeconomic indicators, specifically for Wal-Mart Stores, Inc. Wal-Mart has been chosen as
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the subject of this study due its major influence on the global economy. It is the largest company
by gross revenue for the past two years (CNN Money), and its influence is incomparable. WalMart’s domestic sales were 1.779% of the United State’s GDP in 2004 (Lichtenstein, p.130) and
its influence can be studied in many other aspects of the economy. As reported by the United
States Labor Department Bureau of Labor Statistics, Wal-Mart’s commitment to “lower,
everyday prices” has decreased consumer prices by 3.1%, as measured by the Consumer Price
Index for all urban consumers (p. 108). While this decrease may translate into a major welfare
gain and large increases in each household’s disposable income, it may also force competitors
out of business and thus increase unemployment. Despite the exact impact of decreasing
consumer prices, Wal-Mart has an influence on the economy.
In order to understand Wal-Mart Stores, Inc., this paper begins with an introduction to the
company itself. While the literature has not specifically addressed how to create a firm-specific
revenue model, it has explored related subjects, such as consumer expectations, macroeconomic
indicators, financial variables, and macroeconomic econometric models. The next section
explores a revenue model, the reasoning for each of the explanatory variables drawn from the
literature, and identifies the major categories of variables that could potentially influence WalMart revenue. The paper continues by detailing both the data and methods employed. The paper
will then explain the final model in detail and provide econometric results. The paper will
conclude with additional findings from this study and suggestions for future studies.
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Wal-Mart Stores, Inc.
Wal-Mart was established in 1969 and became a publically held company in 1970 (Data
Monitor), and has grown to be the largest company in the world. It is comprised of three business
segments, Wal-Mart U.S., International, and Sam’s Club, and has 4,413 domestic and 4,557
international stores as of January 31, 2011. However, the corporation’s success is not only a
result of its size, but from its wide product array, offering both nationally recognized brands and
twenty private label brands (Mergent). Wal-Mart’s dominant position in the U.S. retail market,
11.3% of the $3 trillion industry as of 2009 (Kapner), and its wide array of products allows it to
have a more extensive control over its suppliers than its competitors. Furthermore, this power
allows the company to easily adapt to changes in demand. Its dominant position, twenty private
labels, and internationalization strategy enable the company to offer all products at low prices,
which may promote demand even during difficult economic times. Therefore, demand and
consumption patterns were the focus of the revenue-forecasting model.
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Literature Review
In order to understand how to approach the creation of the revenue model for Wal-Mart
Stores, Inc., literature on a range of topics was examined. Study topics range from the influence
of consumer expectations, macroeconomic indicators and financial variables, and specific
econometric models.

Consumer Expectations
Despite Wal-Mart’s international character, its revenue is the result of consumers’
purchases and thus indicators that influence consumers must be considered. In order to better
understand the consumer segment and its expenditure on consumer durables, J.F. Pickering and
B. C. Isherwood (1975) surveyed 386 households about their expectations as consumers and
their socio-economic status. This data was utilized to determine if household expenditures on
consumer durables could be forecasted. The independent variables of this study were the ability
and willingness to purchase while the dependent variable was the expenditure levels. Pickering
and Isherwood first performed a univariate test to determine the differences of means between
the buyers and the non-buyers. This data revealed that those who were more confident about
their financial position, employment, and had higher confidence in the country’s economy were
more likely to be buyers. The second test, the discriminate analysis, analyzed if the variables
analyzed by the univariate test could be used to determine if individual respondents were buyers
or non-buyers; approximately 80% of respondents were correctly identified. Pickering and
Isherwood’s insight on the importance of consumer expectations provides a basis to select
economic indicators that affect consumers.
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Macroeconomic Indicators and Financial Variables
Gad Levanon (2010) analyzes macroeconomic indicators that may affect sales forecast.
He explores both leading and coincident economic indicators, in relation to forecasting
recessions. This analysis is performed through an altered version of the original Markov
switching method, a model used to forecast volatility by dividing time-series data based on their
probability of being in the low and high regimes. The classic version of this model is flawed in
that low and high regimes are not universal for all macroeconomic indicators. In order to account
for this issue, Levanon alters the classic Markov switching method so the resulting probabilities
are converted into percentiles. Levanon analyzed the recession-forecasting abilities of hundreds
of indicators through this model. Among the forty-eight indicators that are significant to this
study’s model are initial claims for unemployment, the value of durable goods produced,
industrial production of consumer goods, personal consumption expenditures, and Michigan
Consumer Sentiment Expectations. From his research, Levanon found that housing and durable
good variables had the longest leads among all of the indicators.
Catherine Bruneau et al. (2005) demonstrate macroeconomic indicators can also be
utilized to forecast inflation. By utilizing a methodology modeled after Stock and Watson’s
(1999) dynamic factor analysis, a model which analyzes the co-movement of multiple variables
through time, more than two hundred real and financial macroeconomic variables for both short
and medium run inflation forecasts for France are analyzed. These variables include
unemployment rates for different categories of workers, household consumption of manufactured
goods, survey data, import indices, and interest rates. Bruneau et al. found regressions including
the unemployment rate and expected production trend for consumer goods and raw materials’
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prices provided more accurate forecasts. Although this study’s focus is forecasting inflation, the
indicators analyzed can be applied to forecasting a firm’s revenue.
William Veloce (1996) also demonstrates the importance of including leading indicators
in forecasts in his analysis predicting changes in Statistic Canada’s GDP. Veloce analyzed
furniture and appliance sales, new orders for durable goods, ratio of shipments to inventories of
finished goods, average workweek in manufacturing, real money supply, the US leading index,
the Toronto stock exchange index, total employment in business and personal services, the
housing index, and other durable sales that exclude furniture and appliances as determinants of
GDP. He utilized the Box Jenkin’s (1970) modeling approach, a forecasting methodology that
utilizes autoregressive moving averages to determine the best fit for a time series, to analyze the
historical relationship between these indicators and GDP and found that most indicators
demonstrated stable relationships. The final section of Veloce’s study analyzes bivariate models’
forecasting capabilities against univariate models. Veloce found bivariate forecasts, models that
are based on past history of the forecasting subject and the leading indicators, outperformed the
majority of the univariate models, models that are only based on historical data of the forecasting
subject. Thus, Veloce’s findings confirm the importance of including macroeconomic indicators
in the forecasting process.
In addition to real macroeconomic variables, significant financial variables may also be
used as predictors in this study, as suggested by Arturo Estrella and Frederic S. Mishkin (1998).
Such variables may include interest rates and spreads, stock prices, and monetary aggregates.
These variables also add value to this study in that unlike others, these variables provide a check
on econometric predictions. For instance, if the proposed model and the financial explanatory
variable agree, confidence in the model will be proven to be true. However, if the two disagree,
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this will provide the researcher will a signal to review the model. In addition, Estrella and
Mishkin caution other researchers of the overfitting problem, the issue of improving the fit of
forecasting models by including additional variables that may not be necessary to the model. It is
extremely important to be cautious of this bias because when insignificant variables that should
not be included in the model are, the resulting forecast may no longer accurately predict the
dependent variable in the future.

Econometric Models
In order to properly analyze the macroeconomic indicators, a proper model must be
created. Robert Fildes (1985) thoroughly discusses how to develop an econometric model,
providing direction on how to build the model and discussion on modeling strategies. Two
crucial steps discussed by Fildes include evaluating the effects of the exogenous variables and
comparing the ex post and ex ante forecasts with the base-line forecast model. Due to the
complexity involved with developing such a model, Fildes recommends the use of a modeling
strategy. However, prior to Fildes’ study, there have been contradictory opinions on two
modeling strategies: the specific model to general and the general model to specific.
The specific model to general, an extension of the Box-Jenkins univariate modeling
procedure to the multivariate model, is advantageous because of its dynamic structure and its
procedure to only add an additional variable after its effects on the endogenous variable have
been analyzed separately and in combination with the previous variables. However, the specific
model to general gives little attention to the specification of the model and the final model is
difficult to interpret due to the many variable transformations. Unlike the specific model to
general, the general model to specific creates many models, which are analyzed to determine the
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parsimonious model. However, this modeling strategy is flawed due to its potential data
limitations and the inability of knowing the best sequence for simplifying the model from the
general to the specific. By comparing the accuracy of models derived from both strategies from
multiple studies, Fildes determines that the general to specific model is superior. In order to
prepare the revenue-forecasting model for this study, Fildes’ finding will be applied.
W. Steve Albrecht et al. analyzes the times-series properties of firms’ annual earnings in
order to determine if a general or firm-specific forecasting methodology is necessary. Through
the Box Jenkins methodology, forty-nine firms in the food, beverage, tobacco, chemical, and
steel industries are examined on both the individual firm and cross-sectional basis. Albrecht et al.
found that a general firm model has the same level of accuracy as the firm-specific Box-Jenkins
model. However, the caveat to this conclusion is that the general model must still be generated
based on the nature of the data, or the industry, being studied. In addition, there is little
difference between the results of the best random-walk model and the Box-Jenkins models,
which suggests a firm’s annual earnings may truly be random. However, this study did not
consider macroeconomic variables in its forecasts, and thus, its final model and its results may be
improved by doing so.
While C. Kurt Zorn’s (1982) study discusses forecasting in relation to local governments,
both the importance of utilizing forecasting, particularly in relation to ensuring monetary
obligations are met, and the best practices proposed can be applied to a revenue forecast for a
major corporate such as Wal-Mart. Zorn begins his analysis by discussing the growing unease
among local governments about long-term debt obligations. As a solution, Zorn emphasizes the
importance of forecasting to the financial-management process and the proper methods to ensure
the forecast accurately represents the data. These methods and best practices include verifying
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the accuracy of the forecast, the specification of the model, and the potential existence of
multicollinearity and autocorrelation with suggestions for correcting both.
Unlike the previous studies that analyzed the forecasting capabilities of economic
indicators for macroeconomic events, Peter D. Chant (1980) examined the ability of lead
indicators to forecast a firm’s earnings per share (EPS). In order to test this relationship, Chant
employs six alternative EPS forecasting models to examine the variable’s predicting ability.
Three of these models are extrapolatory and include an average-growth model, an exponentialsmoothing model, and a random-walk model. The other three models are leading-indicator
models, which include a money-supply model, a stock-index model, and a bank-loan model. In
order to test errors, Chant utilizes both a simple average absolute percentage forecasting error
and a rank-order of absolute forecast error by model for each firm he examines. Chant’s results
demonstrate that the money supply model has the minimum overall error of all of the examined
models. He cautions that his findings are preliminary in the subject in that it is based on a limited
sample of firms and the predictive information was derived from simple leading-indicator
models.
Chant’s model is later utilized by Simon Hussain (1998) in order to examine a forecasting
model for corporate earnings in relation to macroeconomic data. While technology and
methodology behind forecasting has grown tremendously, the most modern approaches require
large sets of data and specific technology. Hussain suggests that expanding the data set beyond
historical earnings, and specifically to include leading indicators, will help to overcome such
problems by creating a new way to forecast revenue. While Hussain’s model is adapted from the
Chant model previously discussed, Hussain’s model contains a slight modification in order to
account for the possibility of lag. Similar to Chant, Hussain models analyze seasonally adjusted
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money supply, the S&P 425 stock index, and bank loans, and finds the money supply model to
have the minimum overall error of all of the examined models. Both Chant and Hussain’s studies
emphasize the importance of the money supply’s forecasting capabilities for firm revenue and
thus will be included as an indicator in this study.
Since no literature that directly addresses the subject of creating a firm-specific revenueforecasting model could be found, different aspects of each of the discussed literature will be
used throughout this study. For instance, Pickering and Isherwood (1975) demonstrate the
importance of understanding consumer expectations because it is these expectations that directly
influence consumers’ buying habits and thus any firm’s revenue. Furthermore, findings from
Levanon (2010) and Bruneau et al. (2005) will help in developing the list of economic variables
that will be used as explanatory variables in the model. Finally, the multiple papers that
examined econometric models will be used to determine proper methods to create the forecasting
model.
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Introduction to Model and Examination of Explanatory Variables
In order to determine a revenue-forecasting model for Wal-Mart, the relationship between
Wal-Mart revenue and multiple economic variables were examined. These variables are
reflective of Wal-Mart’s strategy of responding to the consumer demand in that they focus they
are consumption-influential variables. Furthermore, quarterly data was used in order to represent
cyclical variation. The following economic indicators were utilized as explanatory variables in
this study. While there are multiple variables representing similar statistics, the majority of these
variables were included in the original model in order to account for all aspects of each general
category. Once each variable’s significance was examined, non-significant variables were
excluded from the model, allowing only the significant variables of each category in the final
model.

Macroeconomic Variables
Real Gross Domestic Product. Real gross domestic product measures an economy’s
outputs over a particular time period and is adjusted for inflation. While Levanon (2010)
suggested the use of GDP of durable goods, this study used Real GDP to predict Wal-Mart
revenue because Wal-Mart’s inventory includes products beyond durable goods. This indicator
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was included in the initial analysis in order to understand the overall health of the economy, the
overall economy’s demand, and Wal-Mart’s resulting revenue.
Core Consumer Price Inflation. The Core Consumer Price Inflation measures the
change in prices from one period to another and is adjusted to exclude the prices in food and oil.
This inflation measure was important to include in the initial model because of the relationship
between inflation and consumers’ buying habits. When consumers have an increased purchasing
power, they are inclined to purchase more. However, the greater the level of inflation, the less
purchasing power consumers have, and thus less consumed.
Unemployment Rate. As discussed by both Levanon (2010) and Bruneau et al. (2005),
unemployment is a major factor that influences consumers’ perceptions of the economy and of
their financial situation. When the resulting actions of these perceptions are aggregated, the
overall economy and all of its components can be greatly affected. However, there are many
goods sold at Wal-Mart stores, such as food, that are necessities and must be consumed despite
the perception of the economy. Thus, it is possible Wal-Mart sales may positively affected by
pessimistic views of the economy because of their everyday low prices. Due to these conflicting
forces, the unemployment rate was included in the initial analysis in order to understand the true
relationship between employment and Wal-Mart sales.
Unemployed Persons Searching for Full Time Work and Unemployed Persons
Searching for Part Time Work. In order to best understand the relationship between Wal-Mart
revenue and unemployment, unemployment was also examined in terms of its parts by analyzing
two additional unemployment variables, one which specifically represents persons seeking full
time work and another that represents persons searching for part time work. These variables were
converted into rates later in the study in order to represent the change in revenue that resulted
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from a change in the rate of unemployed persons seeking full time work or from the rate of
unemployed persons seeking part time work.
Labor Underutilization. As defined by the Bureau of Labor Statistics, an unemployed
person is someone who does not have a job, has been actively searching for one during the past
four weeks, and is available to work (U.S. Bureau of Labor Statistics). This definition does not
include people who are not actively searching for work despite their economic situation and
people who are not satisfied with their current level of employment. If the unemployment rate
included the underutilization of its true labor force, the unemployment rate would more
accurately represent the true employment situation. The Labor Utilization variable represents
exactly that: it is rate of classically defined unemployed persons, discouraged workers, and those
who are employed part time but are seeking additional work. This variable was not included in
the initial model because of limits on available data, but was included later as a test of the final
employment variable included in the model.

Consumer Expenditure
Consumer Confidence Index. The Consumer Confidence Index (CCI) is an index
updated each month by The Conference Board and is based on survey data from 5,000
representative households in order to understand consumers’ perspectives on employment, the
business environment, and their personal income. Unlike other economic indicators, the CCI is a
measure of confidence in the market as opposed to the actual dollar amount of consumption. The
mentality of the consumer is significant to the Wal-Mart revenue-forecasting process because the
corporation’s revenue is the direct result of consumers’ consumption, the focal point of the CCI’s
data. While Levanon (2010) discussed the significance of the Michigan Consumer Sentiments
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Expectations survey, this study used the CCI because its surveys a sample of 5,000 households
while the Michigan survey only interviews 500 (Bloomberg).
Real Personal Consumption Expenditures. As suggested by Levanon (2010), Real
Personal Consumption Expenditures was also included in the original model. Similar to the
Consumer Confidence Index, real consumer spending represents consumers’ consumption habits.
However, unlike the CCI, it is the direct measure of this expenditure. Real consumer spending
was included in the initial analysis because of its natural relationship with the retailer’s revenue:
Wal-Mart’s revenue is 3.95% of the United States Nominal Personal Consumption Expenditures
(BEA). Both the CCI and real consumer spending were included because while both have some
representation of consumer spending, CCI is only partially derived from this data while real
consumer spending is that exact data.
Furthermore, despite the fact that Real GDP is partially derived from Real Consumption,
both Real Consumption and Real GDP were included in the original model because of the
Keynesian Income-Expenditure Model. As stated, aggregate consumption is

where C is autonomous consumption expenditure, Y is real income, and MPC is the marginal
propensity to consumer. As demonstrated by this model, it is the relationship between MPC and
income that drive consumption. If income increases, consumption will also increase. Thus, the
real consumption can be viewed reflecting consumers’ income and propensity to spend.

Consumer Debt
Consumer Credit. Milton Friedman’s Permanent Income Hypothesis (1957) states that
consumers will spend consistent with their expected level of future income. However, credit
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allows consumers to spend beyond their permanent level of income and thus allows them to
increase their current demand. As Estrella and Mishkin (1998) suggested the use of financial
variables in a prediction model, this study utilized financial variables that directly reflect the
consumers’ behavior. Thus, the variable of consumer credit, the total consumer credit
outstanding at a particular point in time, acts as both a consumer financial variable and helps to
measure the relationship between outstanding credit and spending.
Debt Service Ratio. In order to capture the impact of debt on consumption, the Debt
Service Ratio was included in the initial analysis. The Debt Service Ratio is a quarterly figure
released by the Federal Reserve that estimates the ratio of household debt payments to disposable
income:

These debt payments may include housing payments and consumer credit. This ratio indicates
households’ ability to meet their financial obligations and thus the higher the ratio, the higher the
risk of not meeting these obligations (Board of Governors of the Federal Reserve System).
Financial Obligations Ratio. The Financial Obligations Ratio is an extension of the
Debt Service Ratio in that it also examines the impact of automobile lease payments, rental
payments, homeowners’ insurance, and property taxes on the household’s ability to meet their
financial obligations (Board of Governors of the Federal Reserve System).

By including these additional obligations, the impact of debt on consumer spending may be
better represented.
Household and Nonprofit Organizations’ Borrowing. In order to capture the level of
household borrowing from another perspective, the Household and Nonprofit Organizations’
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Borrowing variable was included in the original regression. This variable demonstrates
household and nonprofit organizations’ level of debt in billions of dollars and is seasonally
adjusted (Federal Reserve). This variable may not correctly represent household borrowing due
to the inclusion of nonprofit organizations’ debt. Thus, this variable and its results were analyzed
carefully.

The Initial Model
These twelve explanatory variables were included in the initial regression in order to
begin to understand the relationship between Wal-Mart revenue and the multiple economic
variables. The initial model was as follows:

The null hypothesis of this study was as follows:
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Results
In order to determine the macroeconomic contributions to Wal-Mart revenue, multiple
regressions were performed and analyzed. Each round of regressions led to new ideas on how to
approach the explanatory variables in order to determine their true level of significance and
potential placement in the final equation.
The initial regression was created by seasonally adjusting and deflating Wal-Mart
revenue and personal consumption, and regressing revenue against all twelve explanatory
variables. As the two-tailed p-values (P>|t|) results demonstrate in Table A, the variables Real
GDP (realgdp), Consumer Confidence Index (cci), and Household and Nonprofit Organizations
Borrowing (fof) are significant at a 5% level. In addition, the adjusted R2 of the regression,
.9961, is extremely high, and may be attributed to the number of explanatory variables, not their
true ability to predict the dependent variable. Since autocorrelation, the correlation between data
points over time, often occurs when data is seasonally adjusted, the results of this regression
were accepted as valid prior to testing for the existence of this issue.
By utilizing Durbin Watson statistics, the initial regression was tested for both positive
and negative autocorrelation at the 1% and 5% significance levels. Since there were only 87
observations, a level of degrees of freedom that was not available on the Durbin Watson table,
the regression was tested for autocorrelation for the degrees of freedom of 85, 90, and an average
of 87.5. As demonstrated by Table B, positive autocorrelation existed at both significance levels
and all degrees of freedom. In order to correct for positive correlation, the Prais Winston method
was employed (Table C). The Prais Winston method was utilized for all future regressions in
order to correct for autocorrelation.
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Regressions that tested the relationship between revenue and a single explanatory
variable category were also run in order to determine if a single category had more influence on
revenue than another. As demonstrated by results contained in Tables D, the regression
comparing revenue to the macroeconomic variables had a high adjusted R2, inferring this
category’s significance in forecasting Wal-Mart revenue. However, macroeconomic variables do
not directly reflect the behaviors of consumers, which do drive Wal-Mart revenue. The results of
the regressions containing consumer expenditures and consumer debt could not be further
analyzed because their F statistics were not significantly different from zero (Tables E and F).
In order to mirror how corporations report their forecasts, the next step in the process was
to change the dependent variable from the dollar level of revenue to a growth rate. In addition,
any other variables of magnitude, including Real GDP and Real Personal Consumption
Expenditures, were converted to reflect growth percentages. In order to understand the full
impact of these changes and the new relationships between the explanatory variables and the
converted dependent variable, a full regression containing all variables was run. As demonstrated
by the results in Table G, the adjusted R2 of the equation is lowered to .1807. However, since
many of these variables are seasonally adjusted, the potential presence of autocorrelation was
examined. As demonstrated by Table H, negative autocorrelation existed. This was expected
because negative autocorrelation is characterized by positive observations following negative
observations, and vice versa. This is characteristic of a firm’s revenue in that quarters of positive
growth are occasionally followed by quarters of negative growth.
In order to solve for negative autocorrelation, the Prais Winston command was utilized as
before (Table I). With autocorrelation no longer affecting the model, the adjusted R2 of the
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equation increases to .5653 and the only significant variable at a 5% significance level for a two
tailed p-value (P>|t|) test is Unemployed Persons Searching for Full Time Work (ulevelft).
With the basic understanding of the relationships between the converted dependent
variable and each of the explanatory variables, the significance of each variable within the
individual categories was tested. To begin this process, Real GDP and Real Consumption
Expenditures were compared. As demonstrated by the correlation coefficient of .9909 between
the two variables, the statistics program did not recognize the difference between the two. Thus,
in order to determine which of the two variables should be included in the final model, the
regressions shown in Tables J and K were run. In the regression containing Real GDP and the
remainder of the explanatory variables, the adjusted R2 of the equation was .4732 with three
significant variables, the Financial Obligations Ratio, the Debt Service Ratio, and Household and
Nonprofit Organizations’ Borrowing. However, the variables Financial Obligations Ratio and
Household and Nonprofit Organizations’ Borrowing have the opposite signs as expected. Both of
these variables demonstrated a positive relationship with the percent change in revenue,
indicating that as consumers’ debt levels increase, they are more like to spend (Table J). The
equation with Real Personal Consumption Expenditure in Table K was only slightly more
accurate with an adjusted R2 of .4755 and the same significant variables and the same incorrect
signs.
Since the adjusted R2 of both of these models was relatively low and both had significant
variables with opposite signs, two additional regressions were run with the variables Real GDP
and Real Personal Consumption Expenditures lagged one period. The model containing lagged
Real GDP had an increased adjusted R2 of .4892 with four significant variables, Consumer
Credit, the Financial Obligations Ratio, the Debt Service Ratio, and Household and Nonprofit
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Organizations’ Borrowing. Again, the Financial Obligations Ratio and Household and Nonprofit
Organizations’ Borrowing variables had the opposite sign as demonstrated in the regression from
Table J (Table L). However, lagging the Real Consumption variable only increased the adjusted
R2 to .4784 with the same three significant variables as the models that contained Real GDP and
Real Personal Consumption and the same incorrect signs (Table M). Since the lagged Real GDP
model had both the highest adjusted R2 and the most significant variables, this explanatory
variable, as opposed to the Real GDP, Real Consumption, and lagged Real Consumption
variables, was used in future equations to determine the other variables for the final model.
In order to test which of the unemployment variables should be included in the final
equation, the variables Unemployed Persons Searching for Full Time Work (ulevelft) and
Unemployed Persons Searching for Part Time Work (ulevelpt) were converted to represent
percent change. Although the variables percent change of Unemployed Persons Searching for
Full Time Work (PcUFt), percent change of Unemployed Persons Searching for Part Time Work
(PcUPt), and the Unemployment Rate were not correlated, and thus were recognized as different
variables by the statistics program, these measures represent similar ideals and thus were tested
in separate regressions were run for Urate, PcUFt, and PcUPt.
As demonstrated by the results contained in Table N, the adjusted R2 of the model that
contained URate was .4804, where the URate variable was significantly different from zero, and
also had four other significant variables. The adjusted R2 of the PcUFt equation was very similar
to that of the URate model and was also significantly different from zero, however, only three
other variables contained within the equation were significant (Table O). Lastly, the results
contained in Table P reveal the PcUPt model was the least successful in that the adjusted R2 was
only .4242, the PcUPt variable itself was not significant, and only three variables within the
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equation were significantly different from zero. While the adjusted R2 of the PcUFt was slightly
larger than that of the URate model, the URate variable was used as the unemployment variable
in future versions of the model because the PcUFt variable does not account for the portion of
the work force who is seeking part time work and therefore is not the most comprehensive
variable. Furthermore, the PcUFt coefficient was positive indicating that revenue would increase
as the unemployment rate of persons searching for full time jobs increases.
Next, the most representative debt variable was determined by running regressions for
each of the four consumer debt variables. While the Consumer Credit variable was significant,
no other variables in the model were and the adjusted R2 of the equation was only .3471 (Table
Q). The adjusted R2 of the Financial Obligations Ratio model was even lower than that of the
Consumer Credit at .3246, however, the Financial Obligations Ratio variable was significant as
were the Lagged Real GDP and Unemployment Rate variables (Table R). As demonstrated in
Table S, the Debt Service Ratio model had an adjusted R2 of .3863, is a significant variable, and
the Lagged Real GDP and Unemployment Rate variables were significant as well. The
Household and Nonprofit Organizations’ Borrowing variable was not significant in its individual
model, as shown in Table T. In addition this variable’s model has an adjusted R2 of .0230 and the
Lagged Real GDP’s coefficient is negative, which does not follow theory. Thus, the debt
variable that was utilized in future versions of the revenue model was the Debt Service Ratio.
Although this variable represents less debt factors than the Financial Obligations Ratio, the Debt
Service Ratio variable directly represents the relationship between consumer credit and
disposable income.
As demonstrated by the models previously discussed, the Consumer Confidence Index
was not significant at the 5% significance level in any of the equations. In a final test of its
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significance, a regression was run which included the representative variable from each category
and the CCI variable (Table U). While Lagged Real GDP, the URate, and the Debt Service
Ratio, the CCI variable is not significant. Furthermore, the CCI coefficient is negative,
representing that when consumer confidence increases, Wal-Mart revenue decreases. In addition,
the Lagged Real GDP coefficient is negative, demonstrating that revenue increases as GDP
decreases. These relationships do not make theoretical sense and thus the CCI variable will not
be included in the final model.
Once all variables had been analyzed and a parsimonious equation was created, the
analysis of Real GDP versus Lagged Real GDP was revisited in order to ensure that the correct
variable representing income was chosen. As demonstrated by the results in Tables V and W, the
adjusted R2 of the model containing the Lagged Real GDP variable was higher than that of the
variable Real GDP. In addition, in the Real GDP model, the variable itself was not significant
and had a negative coefficient. The model containing the Lagged Real GDP variable had a
significant GDP variable, however, it was still negatively related to Wal-Mart revenue.
In order to examine if the Labor Utilization variable was superior the Unemployment
rate, a regression containing the Labor Utilization variable was run to compare to the regression
(Table W). As demonstrated by Table X, the adjusted R2 increased to .4897 and all three
variables were significant. However, the Lagged Real GDP continued to demonstrate a negative
relationship with Wal-Mart revenue. Since the model containing the Labor Utilization variable
had a much higher adjusted R2, it was used in the final model.
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The Final Model & Its Examination
Through thorough examination and analysis of multiple versions of the Wal-Mart
revenue-forecasting model, the final model was determined as:

or

As demonstrated by the results in Table Y, all explanatory variables were significant at the 5%
significance level and the adjusted R2 of the final model is .4897.
The coefficient of the Lagged Real GDP variable demonstrated that there is a negative
relationship between GDP and the growth of Wal-Mart revenue. This result does not follow
economic theory. An increase in GDP is the result of an increase in consumption, investment,
government spending, exports, or a combination of any of these variables. Since revenue is the
direct result of consumption, when consumption increases, and thus GDP possibly increases,
revenue would also increase. However, this is not the relationship depicted by this model,
suggesting that Wal-Mart’s revenue increases during economic downturns. This relationship is
especially troubling in that the coefficient demonstrates that a 1% decrease in GDP would lead to
69.59% increase in revenue.
Due to these results, a Partial F test was constructed in order to test the Lagged Real GDP
variable’s significance to the final model. The test performed is detailed below:
Unrestricted Model
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Restricted Model

Hypothesis

Partial F-Test

Since the F statistic was smaller than the critical F-statistic, |.001542816| < 23.07, the null
hypothesis is not rejected and thus the Lagged Real GDP variable is not significantly difference
from zero and thus should not be included in the final model.
According to economic theory, a higher level of unemployment would lead to a decrease
in firms’ revenues due to the decrease in demand. This result occurs because a greater proportion
of the labor force that is unemployed, the greater the number of people who no longer have a
disposable income. However, the extent to which the Labor Underutilization rate would decrease
revenue was not as extensive as expected. The coefficient implies that when the Labor
Underutilization rate increases by 1 percentage point, revenue decreases by only .4%. This small
decrease may be the result of Wal-Mart’s pledge to everyday low prices on all of its products.
While an unemployed person will have to decrease his consumption on all products, there are
certain goods that are necessities and thus demand for them is inelastic. Wal-Mart sells many of
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these products in its supercenter stores. The combination of Wal-Mart’s product line and its low
prices may explain the small impact on revenue.
The Debt Service Ratio’s coefficient revealed a negative relationship between itself and
the growth of Wal-Mart’s revenue. This relationship follows directly from economic theory in
that the higher the ratio, the more difficult it will be for the household to pay off its debts, and
thus the less demand the household will have for goods. This decreased demand translates
directly into decreased revenue, specifically a decrease of 1.1 percentage points for 1 percentage
point decrease in revenue. However, as just previously mentioned, there are certain goods that
are necessities and will need to purchased despite levels of debt. Since larger levels of debt
would require a large proportion of one’s disposable income, less money will be available to
spend on these necessities and thus they will be purchased at the store that offers the lowest
prices. Wal-Mart is this store in many cities and thus its revenue is only slightly impacted by an
increase in the Debt Service Ratio.
It is also important to understand the relative importance of each explanatory variable,
which can be determined by standardizing each of the variables and analyzing their t-statistics.
To begin this process, first the means and standard deviations of each of these variables were
calculated (Table AB). Next, each variable was standardized (Table AC) and a regression was
run with the standardized variables. As demonstrated by the t-statistics in Table AD, the Labor
Underutilization variable had the largest impact on Wal-Mart revenue, followed by the Debt
Service Ratio and the Lagged Real GDP variables, respectively. These results were unexpected
due to the level of impact explained by each of the variables’ coefficients. With the
unstandardized coefficients of each of the explanatory variables in mind, it would be expected
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that the Lagged Real GDP variable would have the largest impact, followed by the Debt Service
Ratio and the Labor Underutilization variables, respectively.
If the coefficients are not considered, what the t-statistics reveal makes perfect sense. The
unemployment variable should have the most impact in that a person’s employment directly
affects his disposable income, which helps determine his demand. The variable with the second
largest impact should be the Debt Service Ratio, as demonstrated by the t-statistic, because the
higher a person’s level of debt, the less disposable income is available for other purchases, and
thus the lower a person’s demand. While the t-statistic of the Lagged Real GDP revealed that it
had the lowest relative importance to Wal-Mart revenue, this finding was expected because GDP
represents investments, government expenditures, and net exports in addition to consumption.
These additional variables, while they may have some impact on Wal-Mart as a whole, they do
not necessarily have a direct impact on the company’s revenue.
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Additional Findings and Motivations for Future Research
As declared in the introduction, the purpose of this study was to determine a revenueforecasting model for Wal-Mart. In the processing of determining this model, two additional
findings were made.
The Consumer Confidence Index reports the majority’s perception of the economy by
polling 5,000 representative households. When consumers have higher levels of confidence in
the economy, they are more motivated to spend. While Wal-Mart is dedicated to lower prices
and sells many necessities, its product line expands to many durable goods, such as furniture,
televisions, and computers. Thus, when economy is booming, it would be expected that revenue
would increase due to increased demand. However, the relationship revealed in the regression in
Table V demonstrates that as Consumer Confidence increases, Wal-Mart revenue decreases.
Thus, more research is needed to determine if this indicator truly represents the majority’s
perception of the economy and if this variable is useful for firms to utilize in order to understand
future demand.
The second unexpected finding was the negative relationship between the growth of WalMart revenue and the Lagged Real GDP. This relationship does not follow economic theory and
thus it is either a flaw in the model or demonstrates that Wal-Mart’s revenue is not affected in the
same manner as other firms. Wal-Mart’s commitment to “everyday low prices” and its wide
array of products may help it to continue to profit even during times of economic downturn. As
demonstrated by its revenue during the most recent recession, or from December 2007 to June
2009 (National Bureau of Economic Research), it continued to grow revenue with only one
period of negative growth and one of flat growth (Table AE). Furthermore, the finding that this
variable was not significantly different from zero was also unexpected in that it suggests Wal-
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Mart’s revenue is not influenced by U.S. Real GDP. Thus, the impact of macroeconomic
variables on Wal-Mart must be further investigated in order to determine which variables can
truly help to forecast its revenue.
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Conclusion
It is important to note that while this study is examining the potential of including
macroeconomic variables in the forecasting process, it is doing so specifically for Wal-Mart
Stores, Inc. It is not this study’s intention to generalize the final model to all firms because while
all firms are affected by macroeconomic variables, they are all affected differently and to
different magnitudes. Instead, it is the study’s motive to find if the concept of including
macroeconomic variables in the revenue-forecasting process is possible, and if so, to emphasize
the practice.
The results of the final model are reflective of Wal-Mart’s focus on demand, which is
extremely influenced by consumers’ perceptions of their income stability and the overall
economic situation. As demonstrated by the final model, both the Labor Underutilization and
Debt Service Ratio variables reveal the impact of consumers’ disposable income on Wal-Mart’s
revenue. While this model demonstrates certain successes, it is important for each of the final
explanatory variables to be further analyzed in order to finalize a revenue-forecasting model. An
accurate model will help Wal-Mart to forecast demand and to plan its inventory in a more
efficient manner.
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Chart of Variables and Abbreviated Names
Full Name
Dependent Variable

Standard Dependent Variable

1) Revenue

Percent Change of Dependent
Variable

1) PerChRevenue
2) PcLnRRev

Real GDP
Percent Change of Real GDP

Macroeconomic Variables

1) RealGDP
1) PerChRealGDP
2) PcRGDP

Lagged Percent Change of Real
GDP

1)LagPcRGDP

US Core CPI Percent Change

1) CPIPercent

Unemployment Rate

1) URate

Unemployment Level in 1000s

1) ULevel

Unemployed Persons Looking
for Full Time Work in 1000s
Percent Change of Unemployed
Persons Looking for Full Time
Jobs
Unemployed Persons Looking
for Part Time Work in 1000s
Percent Change of Unemployed
Persons Looking for Part Time
Jobs

1) ULevelFT
1) PcUFT
1) ULevelPT
1) PcUPT

Labor Underutilization

1) U6

Consumer Confidence Index

1) CCI

US Personal Consumption Real

Consumer Expenditures

Abbreviated Name

Percent Change of Personal
Consumption Real
Lagged Percent Change of
Natural Log of US Personal
Consumption
Consumer Credit
Financial Obligations Ratio

Consumer Debt
Debt Service Ratio
Household and Nonprofit
Organizations’ Borrowing

1) RConsumption
2) RC
1) PerChRConsumption
2) PcLnRC
1) LagPcLnRC
1) ConrCrdRev
2) CCR
1) FOR
2) FinObgRatio
1) DSR
2) DebtSerRatio
1) FOF
2) FlowofFunds
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