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Abstract

This paper documents the creation of a model to forecast hotel-motel revenues for a small metropolitan area (Erie, Pennsylvania) in the northeastern United States.  It discusses data problems facing an area with a new tax and no historical data series, explores several proxy variables, and focuses on one widely-available data source.  The paper then examines several forecasting models to identify the most appropriate technique, evaluating the forecasts with a rolling simulation approach that examines forecasts at different horizons from different origins.  Since many areas impose a hotel-motel tax, this project clearly has implications for local governments as well as for local accommodation industries.

No Room at the Inn?

Forecasting Hotel-Motel Revenues for a Local Area

1.
INTRODUCTION

Like an increasing number of localities, Erie County, Pennsylvania recently enacted a hotel/motel room tax.  The tax is five percent, and began in May of 2001.  The tax applies to transient guests; it exempts permanent guests (those who have occupied a room for 30 consecutive days) and government employees on official business.  Eighty percent of the tax revenues are used to support the operation and promotion of a convention center (not yet built) while the remaining twenty percent are devoted to general tourism promotion.  Prior to implementation, government officials estimated that the tax will yield between $1.5 million and $1.8 million annually.

County tourism planning and budgeting decisions require defensible revenue projections, projections which are both acceptably accurate and comprehensible to the intelligent layman (the elected or appointed officials who will use the forecasts).  Overall levels of funding for various tourism-related activities as well as cash flow considerations suggest that forecasts be available on both an annual and a monthly basis.  Unfortunately, when a jurisdiction initially implements a room revenue tax it is difficult to forecast room revenues due to absence of the historical data stream necessary for model building.  This is especially true if the tax base is volatile, as has been the case with hotel/motel revenues in the recent past.

The purposes of this paper are threefold: one is to identify a suitable proxy variable useful in forecasting total room revenues (and hence, total tax collections) on a county-wide or Metropolitan Statistical Area (MSA) basis; a second is to determine which forecasting techniques are likely to be appropriate and effective in this environment; and the third is to compare and evaluate the forecasting performance of these techniques.

2. HOTEL AND MOTEL TAXES: SOME BACKGROUND

Hotel and motel taxes are quite popular with state and local taxing agencies, perhaps because they may be seen as a way of exporting the tax burden, dipping into the pockets of non-residents to supplement local tax revenues.
  According to the National Conference of State Legislatures, in 1998 nineteen states imposed a specific accommodations tax of some type, ranging from 0.1% in Oklahoma to 12% in Connecticut.  The average rate across all 50 states was 2.01%.  In some cases these taxes were in addition to the general sales tax, and in other cases they were in lieu of them.  Thus, while 31 states did not levy a specific accommodations tax, most of them applied sales tax to room rentals so that only four states did not impose any tax on accommodations.
   Taking this into account, the effective state tax rate on room rentals averaged 5.45% in 1998, including both sales and accommodations taxes.  Table 1 shows the distribution of tax rates across the 50 states in 1998, both for state specific lodging taxes and for combined sales and lodging taxes.

Table 1

1998 State Lodging Tax Rates in America’s 50 States

	Lodging Tax Rate
	# of States
	
	Total Lodging plus Sales Tax Rate
	# of States

	None
	31
	
	None
	4

	0.1%
	1
	
	3%
	1

	1
	2
	
	3.5
	1

	2
	2
	
	4
	7

	4
	2
	
	4.225
	1

	5
	1
	
	4.6
	1

	5.5
	1
	
	4.75
	1

	5.7
	1
	
	4.9
	1

	6
	2
	
	5
	8

	7
	2
	
	5.5
	1

	7.25
	1
	
	5.7
	1

	8
	2
	
	6
	9

	9
	1
	
	6.2
	1

	12
	1
	
	6.5
	2

	Total
	50
	
	6.625
	1

	Average Rate
	2.01%
	
	7
	4

	
	
	
	8
	2

	
	
	
	9
	1

	
	
	
	11.41
	1

	
	
	
	12
	2

	
	
	
	Total
	50

	
	
	
	Average rate
	5.45%


Source: “State and Local Accommodations Taxes in 1998, “ National Conference of State Legislatures, 

http://www.ncsl.org/programs/fiscal/touraccm.htm

But these are only the state taxes; many localities impose a hefty accommodations tax in addition to the state charge.  In a survey of 50 top travel destinations in the U.S., the Travel Industry Association of America found the total tax rate on lodging (including state and local taxes) to vary from 9 to 17% in 1998, averaging 12.36%.
  Table 2 presents data on total tax rates paid on lodging in these 50 cities.

Table 2

1998 Lodging Tax Rates in America’s Top 50 Travel Destinations*

	City
	 Lodging Tax Rate

(percent)
	State &  Local Sales Tax 

(percent)
	Total Lodging  + Sales Tax Rate

(percent)
	City
	 Lodging Tax Rate

(percent)
	State &  Local Sales Tax 

(percent)
	Total Lodging  + Sales Tax Rate

(percent)

	Anaheim, CA
	15.00
	
	15.00
	Miami, FL
	6.50
	6.00
	12.50

	Atlanta, GA
	9.00
	5.00
	14.00
	Minneapolis, MN
	5.50
	6.50
	12.00

	Atlantic City, NJ
	9.00
	3.00
	12.00
	Nashville, TN
	6.25
	6.00
	12.25

	Austin, TX
	7.00
	6.00
	13.00
	New Orleans, LA
	9.00
	2.00
	11.00

	Baltimore, MD
	7.50
	5.00
	12.50
	New York, NY
	5.00
	8.25
	13.25

	Boston, MA
	12.15
	
	12.15
	Norfolk, VA
	7.00
	4.50
	11.50

	Charlotte, NC
	6.00
	6.00
	12.00
	Oakland, CA
	11.00
	
	11.00

	Chicago, IL
	14.90
	
	14.90
	Orlando, FL
	5.00
	6.00
	11.00

	Cincinnati, OH
	4.50
	6.00
	10.50
	Philadelphia, PA
	6.00
	7.00
	13.00

	Cleveland, OH
	8.50
	6.00
	14.50
	Phoenix, AZ
	4.30
	6.05
	10.35

	Columbus, OH
	10.25
	5.50
	15.75
	Pittsburgh, PA
	14.00
	
	14.00

	Dallas, TX
	7.00
	6.00
	13.00
	Portland, OR
	9.00
	
	9.00

	Daytona, FL
	5.00
	6.00
	11.00
	Raleigh, NC
	6.00
	6.00
	12.00

	Denver, CO
	8.80
	3.00
	11.80
	Reno, NV
	8.00
	1.00
	9.00

	Detroit, MI
	8.00
	6.00
	14.00
	Riverside, CA
	11.00
	
	11.00

	Ft. Lauderdale, FL
	5.00
	6.00
	11.00
	Sacramento, CA
	12.00
	
	12.00

	Honolulu, HI
	6.00
	4.00
	10.00
	San Antonio, TX
	9.00
	6.00
	15.00

	Houston, TX
	11.00
	6.00
	17.00
	San Diego, CA
	10.50
	
	10.50

	Indianapolis, IN
	6.00
	5.00
	11.00
	San Francisco. CA
	14.00
	
	14.00

	Jacksonville, FL
	6.50
	6.00
	12.50
	San Jose, CA
	10.00
	
	10.00

	Kansas City, MO
	5.50
	6.60
	12.10
	Seattle, WA
	7.00
	8.60
	15.60

	Knoxville, TN
	5.00
	8.25
	13.25
	St. Louis, MO
	9.875
	4.225
	14.10

	Las Vegas, NV
	8.00
	1.00
	9.00
	Tampa, FL
	5.25
	6.50
	11.75

	Los Angeles, CA
	14.00
	
	14.00
	Washington DC
	0.00
	13.00
	13.00

	Memphis, TN
	5.00
	8.25
	13.25
	West Palm Beach, FL
	4.00
	6.00
	10.00

	Charlotte, NC
	6.00
	6.00
	12.00
	Miami, FL
	6.50
	6.00
	12.50

	
	
	
	
	Average of 50 Cities
	8.00
	
	12.36


*See previous footnote explaining tax rates.  

Source: Evans, William.  Travel Taxes in America’s Top Destinations, 1998.  Travel Industry Association of America. www.tia.org

3.
ROOM REVENUE FORECASTING: SOME BACKGROUND

Forecasting in the area of tourism and hotels is certainly nothing new.  Any treatise or text on tourism will invariably include a chapter or two on forecasting tourism demand.  See for example, Ritchie and Goeldner (1987), Smith (1989), and Lundberg, Krishnamoorthy and Stavenga (1995).  And of course there are works that deal with more sophisticated aspects of the problem, such as Song and Witt (2000).  Much work has been done at the national level, of course, but there has also been research into sub-national regions and metropolitan markets.  For example, Burger et al (2001) have compared different forecasting techniques for the Durban metro area in South Africa.  They used monthly data for 1992-98 on U.S. visitors to the Durban region, and applied eight methods ranging from naïve to neural networks.  MAPEs for their efforts ranged from 5.1% for a one-month ahead neural network forecast to 20.6% for decomposition and genetic regressions.

Forecasting research frequently takes the form of comparing the accuracy of different forecasting techniques.  For example, Kulendran and King (1997) compare different forecasting techniques in their effort to predict quarterly tourism flows into Australia from four key markets.  Witt and Witt (1995) provide an extensive review of the literature on the topic, and offer good advice to those who would forecast tourism.

Less literature exists specifically on forecasting hotel tax revenues, however.  Given the nature of our forecasting problem, we contacted several organizations in the U.S. that either collect a hotel/motel tax or receive the revenues from it, to ask what they actually do in practice concerning revenue forecasts.  The handful that we talked with indicated that their forecasting approach was very informal, along the lines of “we look at last year’s data and expect about a 3% increase, adjusted if we expect significant positive or negative events this year.”  While we might expect this approach in smaller areas, one major metro area gave a similar response.  An analyst in another metro area, however, applied trend projection, moving average and exponential smoothing techniques, and took the time to estimate the annual performance of the local hotel sector using Economic Census data interpolated with County Business Patterns payroll data.  Even here, however, the forecasting effort was not a regular annual task, but rather a response to the need to deal with a new local bond issue.  Yet another government official was attempting to measure the impact of consumer confidence generally on visits to his area.  Some of our respondents were familiar with the Smith Travel Research data (discussed below), but several others were not.  Those who had access to the data typically did not appear to be performing much or any statistical analysis on the series, however.

This suggests to us that there is a need to demonstrate that a rather simple forecasting technique can help local tourism officials plan better.  A goal of this paper is to help local officials understand that they have options when it comes to forecasting next year’s hotel/motel tax revenues.

4.
THE DATA (OR LACK THEREOF)
What data are available to help forecast hotel/motel tax revenues?

Obviously, an area that has imposed a hotel/motel tax for a long period of time will have historical data on both the tax base (usually hotel room rental revenues) and tax revenues which can serve as the basis for the forecasting effort.  But what about areas that have only recently imposed the tax, such as our home county of Erie?

In that case, proxies must be considered.  The best appears to be the data compiled by Smith Travel Research (STR).  They maintain an extensive database containing monthly estimates of various hotel/motel performance measures and aggregates for local areas in the U.S..  These estimates are available for individual hotel properties as well as for a variety of comparative groups and aggregates, including geographic areas.  For most measures, continuous monthly time-series data are available beginning in January of 1987.  Their STAR reports provide various individual and comparative data useful to hotel/motel management, such as occupancy rate, average room rate (price), revenue per available room, total room revenue, total rooms available, and total rooms sold.  Of course, the variable of immediate interest for our purposes is total room revenue, since that is the typical tax base for a hotel/motel tax.  The STR data were used for our forecasting effort, and will be discussed in more detail below.

But STR charges for their reports; frequent updating of the database or studies of multiple areas could get quite expensive.  Are there free data available to the poor forecaster on a limited budget?  A number of potential proxies suggest themselves.  These would include measures of the level of local hotel activity or output or, less desirably, its inputs.  As for outputs, although there are currently estimates of Gross Metropolitan Product for American Metropolitan Statistical Areas (MSAs)
, the data are not disaggregated by industry so this source does not provide data on the output of the local accommodations industry separately.  If a particular metro area has generated its own estimates of GMP by sector, that may provide a starting place for the forecaster. 

An alternative is provided by the Bureau of Economic Analysis in their Regional Economic Information System (REIS).  This database provides estimates of earnings by industry for residents of counties, MSAs, and states annually for 1969 through 2000.
  Figure 1 shows the data for Erie.  These data suffer from a considerable lag, becoming available approximately 17 months after the close of the year.  They are also a measure of an input into the industry, rather than the output from it.   And they cover the earnings of residents in an area, rather than the firms of the area.  This will lead to inaccuracies in cases where a significant number of workers commute across county or MSA borders, and will be a particular problem if the estimates are being prepared for one county that is part of a multi-county MSA.

Figure 1
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SUMMARY OF ALL FOUR MODELS

 LEADTIME 

 FSTFCST

 LSTFCST

HWM

ARIMA

CF/SD

CF/SD 

AR(1)

 LEAD 1

1998:12

2000:12

3.0

4.0

1.0

2.0

 LEAD 2

1999:01

2001:01

3.0

4.0

1.0

2.0

 LEAD 3

1999:02

2001:02

4.0

3.0

1.0

2.0

 LEAD 4

1999:03

2001:03

3.0

4.0

1.0

2.0

 LEAD 5

1999:04

2001:04

3.0

4.0

1.0

2.0

 LEAD 6

1999:05

2001:05

3.0

4.0

2.0

1.0

 LEAD 7

1999:06

2001:06

3.0

4.0

2.0

1.0

 LEAD 8

1999:07

2001:07

3.0

4.0

1.0

2.0

 LEAD 9

1999:08

2001:08

3.0

4.0

1.0

2.0

 LEAD 10

1999:09

2001:09

3.0

4.0

1.0

2.0

 LEAD 11

1999:10

2001:10

3.0

4.0

2.0

1.0

 LEAD 12

1999:11

2001:11

3.0

4.0

2.0

1.0

 LEAD 1 - 3

3.3

3.7

1.0

2.0

 LEAD 4 - 6

3.0

4.0

1.3

1.7

 LEAD 7 - 9

3.0

4.0

1.3

1.7

 LEAD 10 - 12

3.0

4.0

1.7

1.3

 LEAD 1 - 6

3.2

3.8

1.2

1.8

 LEAD 7 - 12

3.0

4.0

1.5

1.5

 LEAD 1 - 12

3.1

3.9

1.3

1.7

REIS Data on Hotel Earnings for Erie, 1969-2000

The Census Bureau also publishes statistics for the hotel/motel sector for local areas in its County Business Patterns (CBP) program, including first quarter employment and payroll, annual payroll, number of establishments, and size breakdown of establishments.  These data are annual and are published with approximately an 18 month lag, although that varies from year to year.  Currently data for 2000 are available, with annual data available back to 1964 and some data available back as far as 1946.  It should be noted that CBP’s employment data are for the mid-March period, which may cause problems for industries that are highly seasonal, such as the hotel/motel industry.
  Another problem with this database is that in 1998 the CBP program shifted to the North American Industry Classification System (NAICS) from the older Standard Industrial Classification (SIC) system.  While NAICS category 721 “Accommodation” is close to SIC 70 “Hotels and Other Lodging Places,” they are not identical, so there is a series break in the CBP data starting with 1998.
  Of course, three years of annual data do not provide much of a base for forecasting…

The annual data series discussed above are all available for Erie at least for the period from 1987 through 2000, and are shown in Figure 2 along with the STR estimates of local hotel revenues.  Correlation coefficients are reported in Table 3.
  It is apparent that the employment series is not closely related to the other series.  In fact, its downward trend over much of the period gives it a negative correlation with the other series.  Hotel firms in Erie have managed to generate increases in their revenues while reducing employment and keeping payrolls relatively flat since the early 1990s.
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HOLT/WINTERS LINEAR/SEASONAL EXPONENTIAL SMOOTHING

 MEAN ABS PCT ERRORS FOR EACH LEAD

 LEADTIME

FSTFCST

LSTFCST

MEAN

MEDIAN

MAX

MIN

STD

 LEAD 1

1998:12

2000:12

3.51

2.39

8.92

0.06

2.83

 LEAD 2

1999:01

2001:01

3.85

2.62

9.79

0.07

2.69

 LEAD 3

1999:02

2001:02

3.90

3.84

9.63

0.69

2.57

 LEAD 4

1999:03

2001:03

3.85

2.92

9.48

0.35

2.45

 LEAD 5

1999:04

2001:04

3.96

3.43

9.82

0.48

2.76

 LEAD 6

1999:05

2001:05

3.89

2.62

9.49

0.06

2.77

 LEAD 7

1999:06

2001:06

3.68

2.72

9.48

0.05

2.80

 LEAD 8

1999:07

2001:07

3.99

2.93

9.50

0.03

2.82

 LEAD 9

1999:08

2001:08

3.66

2.85

8.11

0.28

2.45

 LEAD 10

1999:09

2001:09

3.82

3.18

7.79

0.90

2.17

 LEAD 11

1999:10

2001:10

3.91

3.54

9.43

0.03

2.62

 LEAD 12

1999:11

2001:11

4.15

3.63

9.01

0.31

2.41

 LEAD 1-3

3.75

2.95

9.45

0.27

2.69

 LEAD 4-6

3.90

2.99

9.60

0.30

2.66

 LEAD 7-9

3.78

2.83

9.03

0.12

2.69

 LEAD 10-12

3.96

3.45

8.75

0.41

2.40

 LEAD 1-6

3.83

2.97

9.52

0.28

2.68

 LEAD 7-12

3.87

3.14

8.89

0.27

2.54

 LEAD 1-12

3.85

3.06

9.21

0.28

2.61

 FSTESTOBS=

1994:01

 FSTESTEND=FSTFCORIG=

1998:11

ORIGINS =

25

 LASTESTEND=LSTFCORIG =

2000:11

LEADS =

12

Figure 2

Proxies for Erie Hotel Revenue

Table 3

Correlation of Erie Proxies

	Variable
	REIS Earnings
	STR Revenues
	CBP Empt
	CBP Payroll

	REIS Earnings
	1.000
	
	
	

	STAR Revenues
	0.920
	1.000
	
	

	CBP Employment
	-0.603
	-0.560
	1.000
	

	CBP Annual Payroll
	 0.641
	 0.527
	0.121
	1.000


The Census Bureau also conducts a quinquennial Economic Census for local areas, which provides information on the number of establishments, sales, annual and first quarter payroll, and first quarter employment for detailed industries.  The most recent Erie data are from the 1997 Census, which were released in December 1999.  Table 4 shows a comparison between CBP and Economic Census data for Erie.  Although employment numbers are quite different between the two databases, establishment numbers are very close and payroll numbers are less than 1/3 of one percent different.  The similarity of the payroll data is an encouraging sign for those who would like to use the CBP data, although the differences in the employment data raise a clear cautionary flag.  Both of these programs report employment for the pay period including March 12.

Table 4

Comparison of County Business Patterns and Economic Census Data

	Variable
	1997 County Business Patterns

SIC 70: Hotels and Other Lodging Places
	1997 Economic Census

NAICS 721: Accommodation

	Establishments
	54
	53

	Payroll
	$10,420,000
	$10,387,000

	Employment
	795
	956


None of these series provide data at the monthly level for analysts who would like to examine the monthly patterns in this very seasonal industry.  Larger metro areas may be able to find timely monthly data in the form of the employment series from the Bureau of Labor Statistics’ “Current Employment Statistics--State and Metro Area” program.
  Monthly employment data for “Hotels and other lodging places,” SIC 70, are available for New York City and the Philadelphia PMSA, for example, for as recent a period as April 2002.  But smaller places such as Erie will typically not have this luxury.  In fact, data for the hotel industry are not available for Pittsburgh, even though it is a sizable area.  Another drawback of such data, even if they are available, is that they measure an input rather than an output.  And as shown above, employment data do not necessarily track hotel revenues or even payroll closely.

As mentioned above, a better alternative to these data is the Smith Travel Research database.  The basis of the STR data is their U.S. Lodging Census, a proprietary database which they claim encompasses 99 percent of all hotel rooms in the U.S. lodging industry.  Individual properties participate in the STR survey, focusing on chain affiliates and independents with 20 or more rooms.  Of course, “small independent hotel participation in the STAR program is considerably lower than chain participation…” (STR Methodology, p. 1) so STR must estimate data for the missing participants.  They do this by dividing the nation into 177 geographical markets composed of MSAs, a group of MSAs, or a county or group of counties, and further into 573 tracts.  They classify properties into three pricing tiers for a total of 1,719 estimating cells (3 tiers x 573 tracts).   

The STR estimates for cells are derived by applying a weighting system to monthly survey responses.  Based on the survey response rate in each tier, the estimates are then “blown up” to encompass all properties in the appropriate tracts and markets in the STR lodging census:  

“Once [survey response] occupancy and average room rate has been computed for each tract tier, the sample occupancies and rates are applied to the total census rooms available in each tier to estimate total room night demand and total room revenue for the tier (rooms available for each tier = the number of rooms in the tier x days in the period).  This results in a projected occupancy, average rate, and revenue per available room for the total hotel census (both sample and non-reporting hotels) in each tier.”

According to STR: “One of the underlying assumptions in the revised methodology is that non-participating properties perform more like other hotels in their local market and price segment than other properties in the same affiliation group (i.e., chain or independent hotels) on a national basis.”

The data for Erie in the 1999-2001 period included 30 properties, of which 20 reported for some part of the period and only 12 reported for every month.  The local phone book includes 63 hotel/motel properties currently, but many of those missing from the STR sample appear to be the smaller properties.  Figure 3 shows the STR data for Erie from 1987.

Figure 3
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12

 (LOG FORM)

 MEAN ABS PCT ERRORS FOR EACH LEAD

 LEADTIME

FSTFCST

LSTFCST

MEAN

MEDIAN

MAX

MIN

STD

 LEAD 1

1998:12

2000:12

3.60

3.00

11.55

0.15

2.93

 LEAD 2

1999:01

2001:01

3.87

3.46

9.70

0.30

2.80

 LEAD 3

1999:02

2001:02

3.72

2.49

11.16

0.21

2.93

 LEAD 4

1999:03

2001:03

4.05

3.12

8.73

0.19

2.90

 LEAD 5

1999:04

2001:04

4.14

4.37

11.72

0.18

2.84

 LEAD 6

1999:05

2001:05

3.93

2.91

10.34

0.06

2.98

 LEAD 7

1999:06

2001:06

3.95

2.87

16.20

0.65

3.64

 LEAD 8

1999:07

2001:07

4.42

2.70

14.70

0.12

4.01

 LEAD 9

1999:08

2001:08

4.43

3.25

13.59

0.22

3.67

 LEAD 10

1999:09

2001:09

4.45

3.57

14.16

0.02

3.72

 LEAD 11

1999:10

2001:10

4.94

3.79

12.05

0.24

3.64

 LEAD 12

1999:11

2001:11

4.99

4.77

13.86

0.24

3.57

 LEAD 1-3

3.73

2.98

10.80

0.22

2.89

 LEAD 4-6

4.04

3.47

10.27

0.14

2.91

 LEAD 7-9

4.27

2.94

14.83

0.33

3.77

 LEAD 10-12

4.79

4.04

13.35

0.17

3.64

 LEAD 1-6

3.88

3.22

10.53

0.18

2.90

 LEAD 7-12

4.53

3.49

14.09

0.25

3.71

 LEAD 1-12

4.21

3.36

12.31

0.21

3.30

 FSTESTOBS=

1994:01

 FSTESTEND=FSTFCORIG=

1998:11

ORIGINS =

25

 LASTESTEND=LSTFCORIG =

2000:11

LEADS =

12

STR Estimates of Total Room Revenues for Erie

Since Erie County hotel/motel tax collection began in May of 2001, we only have seven months of actual room revenue data as reported to the Erie County tax collection authorities.  Figure 4 shows those along with the STR data for the same period.  Despite the rather small share of local properties actually reporting data to STR, their estimates and actual tax data are highly correlated (r = 0.987), with the Erie County measure averaging 84 percent of the STR estimate.  Differences between the two measures could stem in part from compliance problems at the county level and from the STR estimation process, and certainly bear investigation.  

Figure 4
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LINEAR TREND WITH SEASONAL DUMMIES (LOG FORM)

 MEAN ABS PCT ERRORS FOR EACH LEAD

 LEADTIME

FSTFCST

LSTFCST

MEAN

MEDIAN

MAX

MIN

STD

 LEAD 1

1998:12

2000:12

3.38

2.79

9.52

0.15

2.71

 LEAD 2

1999:01

2001:01

3.48

3.02

9.91

0.01

2.67

 LEAD 3

1999:02

2001:02

3.54

2.78

9.84

0.19

2.61

 LEAD 4

1999:03

2001:03

3.50

2.99

9.76

0.06

2.62

 LEAD 5

1999:04

2001:04

3.54

2.67

9.70

0.06

2.69

 LEAD 6

1999:05

2001:05

3.18

2.27

8.18

0.10

2.39

 LEAD 7

1999:06

2001:06

3.15

2.22

8.17

0.19

2.35

 LEAD 8

1999:07

2001:07

3.18

2.42

8.10

0.07

2.31

 LEAD 9

1999:08

2001:08

3.03

2.18

8.05

0.23

2.25

 LEAD 10

1999:09

2001:09

3.11

2.28

8.04

0.42

2.13

 LEAD 11

1999:10

2001:10

3.34

2.40

9.35

0.52

2.47

 LEAD 12

1999:11

2001:11

3.56

2.96

9.28

0.60

2.43

 LEAD 1-3

3.47

2.86

9.76

0.12

2.66

 LEAD 4-6

3.41

2.64

9.21

0.07

2.56

 LEAD 7-9

3.12

2.28

8.11

0.17

2.31

 LEAD 10-12

3.34

2.55

8.89

0.51

2.34

 LEAD 1-6

3.44

2.75

9.49

0.10

2.61

 LEAD 7-12

3.23

2.41

8.50

0.34

2.32

 LEAD 1-12

3.33

2.58

8.99

0.22

2.47

 FSTESTOBS=

1994:01

 FSTESTEND=FSTFCORIG=

1998:11

ORIGINS =

25

 LASTESTEND=LSTFCORIG =

2000:11

LEADS =

12

Actual and STR Estimates of Total Room Revenues for Erie

Given the paucity of actual Erie County room revenue data (only seven data points!) and the comparatively high correlation between actual room revenues and the STR estimates (due in large part to the pronounced seasonal pattern in the data), we decided to do what we could do based on the data constraints which presently exist.  That is, we decided to build our forecasting models based upon the STR data and then scale the resulting forecasts downward.  As additional data become available, we plan to examine more statistically justifiable approaches.

5. 
PRELIMINARY ANALYSIS

Figure 5 presents the STR estimates of total monthly Erie County room revenues, with a superimposed trend/cycle component extracted by the Census X-12 seasonal adjustment program.  An examination of the two series suggests the possibility of a structural change occurring over the 1992-1993 period.  The trend/cycle component, in particular, behaves somewhat strangely, exhibiting what appears to be a dramatic upward level shift followed by a subsequent tapering back downward to levels more consistent with the rest of the series.  An examination of the seasonally adjusted data (not shown) revealed a dramatic jump in the level of the reported series between September and October of 1992 (the TRAMO/SEATS seasonal adjustment program detected a level shift outlier in October of 1992 while Census X-12 did not).  The series remained at this new higher level through May of 1993, then tapered back downward.  The reason for this behavior is unclear.  Like the nation, Erie suffered through a recession in the 1990-91 period, but Erie employment bottomed out near the end of 1991 or early 1992 and was well on its way into recovery by 1993.  Further, there appears to be a downward shift in the data series beginning in January of 1994 (although neither TRAMO/SEATS nor Census X-12 detected one).  Subsequent to this date, the series appears to be “well behaved.” 

Figure 5
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 MEAN ABS PCT ERRORS FOR EACH LEAD

 LEADTIME

FSTFCST

LSTFCST

MEAN

MEDIAN

MAX

MIN

STD

 LEAD 1

1998:12

2000:12

3.47

2.58

8.80

0.06

2.86

 LEAD 2

1999:01

2001:01

3.51

3.32

10.15

0.11

2.72

 LEAD 3

1999:02

2001:02

3.57

2.75

10.03

0.23

2.63

 LEAD 4

1999:03

2001:03

3.52

3.20

9.90

0.04

2.63

 LEAD 5

1999:04

2001:04

3.54

2.57

9.74

0.17

2.70

 LEAD 6

1999:05

2001:05

3.16

2.31

8.23

0.01

2.40

 LEAD 7

1999:06

2001:06

3.15

2.25

8.24

0.16

2.38

 LEAD 8

1999:07

2001:07

3.20

2.57

8.17

0.04

2.34

 LEAD 9

1999:08

2001:08

3.04

2.26

8.10

0.12

2.28

 LEAD 10

1999:09

2001:09

3.11

2.42

8.11

0.29

2.14

 LEAD 11

1999:10

2001:10

3.33

2.36

9.42

0.47

2.52

 LEAD 12

1999:11

2001:11

3.53

3.03

9.33

0.48

2.44

 LEAD 1-3

3.52

2.88

9.66

0.13

2.73

 LEAD 4-6

3.41

2.69

9.29

0.08

2.57

 LEAD 7-9

3.13

2.36

8.17

0.11

2.33

 LEAD 10-12

3.32

2.60

8.95

0.41

2.37

 LEAD 1-6

3.46

2.79

9.47

0.10

2.65

 LEAD 7-12

3.23

2.48

8.56

0.26

2.35

 LEAD 1-12

3.34

2.63

9.02

0.18

2.50

 FSTESTOBS=
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 FSTESTEND=FSTFCORIG=

1998:11

ORIGINS =

25
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2000:11

LEADS =

12

Erie Room Revenue and Trend/Cycle Component

Given the anomalous behavior of the series over the 1992 - 1993 interval and the apparent downward shift in the series beginning in 1994, we decided to use the data subsequent to January of 1994 for analytical purposes.  Ignoring the earlier, less representative, data still leaves a minimum of approximately five years worth of data for model fitting (1994 through 1998) and an additional three years for ex-post (out of sample) forecast testing.

6. 
MODEL SELECTION AND FORECAST EVALUATION METHODOLOGY

A visual inspection of the post-January, 1994 data reveals an approximately linear trend and a multiplicative seasonal pattern.   This immediately suggests the application of three standard forecasting models: Holt/Winters linear/seasonal exponential smoothing (Holt/Winters multiplicative or HWM)
, trend curve fitting with seasonal dummies applied to the logged data (trend-dummy or TD)
, and a seasonal ARIMA model applied to the logged data.

We are all aware that forecasting models must be evaluated based on their ability to forecast, not on their ability to fit a historical data-set.  A model that “fits” well may not forecast well, just as a spectacular date may not necessarily be a good marriage partner.  As with dates, so with data.  Thus, forecast accuracy must be evaluated using data which were not used to identify or fit the model, exactly as would be the case in a “true” forecasting environment.  Further, we are all aware that measured ex-post (or out of sample) forecast accuracy can be affected, sometimes dramatically, by the choice of forecast origin and the characteristics of the forecast interval.  Almost any forecasting model can be made to look good by judicious choice of a particular ex-post interval.  Finally, we are also all aware that forecast accuracy often tends to diminish as the forecast horizon lengthens.  Thus, to properly evaluate forecast accuracy, forecasts must be generated from a number of different origins and evaluated at a number of different time horizons (see Weller 1989 for an example of this approach, and Tashman 2000 for an excellent discussion of these issues and of methods of evaluating forecast accuracy).  

To evaluate forecast accuracy we adopted the rolling simulation approach recommended by Weller,  Tashman and others.  Specifically, we first identified and fit each model using data spanning January of 1994 through November of 1998.  We then forecast the next twelve months (December of 1998 through November of 1999).  Next we added one observation to the fitting interval and re-estimated the models’ coefficients (models were not re-identified and model specifications were not changed).  A new set of one-through-twelve month ahead forecasts were generated.  This iterative process was repeated a total of 25 times, with the last estimation interval spanning January of 1994 to November of 2000 and the last ex-post forecast interval spanning December of 2000 to November of 2001, the last available data point.  This procedure resulted in a set of 25 one-month-ahead ex-post forecasts (and forecast errors), 25 two-month-ahead ex-post forecasts (and forecast errors), ..., 25 twelve-month-ahead ex-post forecasts (and forecast errors).  The resulting errors were converted to the absolute percent error metric and then averaged at each horizon, thus providing a measure of average forecast accuracy (Mean Absolute Percentage Error or MAPE) at each horizon.  Note that the ex-post forecast interval includes September - November of 2001, a period during which the U.S. hospitality and travel industries suffered a severe shock as a result of the September 11 terrorist attacks.

7.
THE FITTED MODELS
All models were estimated using the EViews statistical package, version 4.1.
  Four models were fitted:  Holt/Winters linear/seasonal exponential smoothing (multiplicative variant); an ARIMA (0,1,1)(0,1,1)12 model (the ubiquitous airline model) in log form; a linear trend plus seasonal dummy model (with room revenues log transformed); and a linear trend plus seasonal dummy model including an AR(1) term (with room revenues log transformed).

The initial exponential smoothing model and the initial trend curve model were selected by visually inspecting the plotted room revenue data.  A second trend curve model was selected after examining the estimation diagnostics from the initial model, which suggested residual autocorrelation at lag 1.  Following the approach popularized by Box and Jenkins (1994), the form of the ARIMA model was selected by examining the autocorrelation function (ACF) and partial autocorrelation function (PACF) of the log of the room revenue data in level form, first differenced form, seasonally differenced form, and first and seasonally differenced form. 

Since the models were identified using data spanning 1994:01 - 1998:11, estimation results for that span were used for diagnostic checking.  Given that the exponential smoothing model is non-stochastic, no formal statistical tests for coefficient (smoothing constant) significance were undertaken.  Residuals from this model were (surprisingly) consistent with the hypothesis of white noise.  All estimated coefficients for the initial trend plus seasonal dummy model were statistically significant at the one percent level.  However, both the Durbin-Watson statistic and the residual ACF suggested autocorrelated residuals (at lag 1).  We estimated a second trend plus seasonal dummy model, including an AR(1) term to account for the autocorrelation, with the result that all estimated coefficients were statistically significant and the residuals were consistent with the hypothesis of white noise.  Finally, for the ARIMA model, all coefficients were statistically significant, the moving average and seasonal moving average lag polynomials were invertible, and the residuals were consistent with the hypothesis of white noise.  

Figures 6, 7, 8 and 9 illustrate the actual and fitted values over the first fitting interval (1994:01 - 1998:11), the fitting interval errors, and the first set of ex-post forecasts (1998:12 - 1999:11), along with the ex-post or hold-out sample actual values.  All models tracked the historical (fitting interval) data quite closely and appear to forecast very well (not unexpected since the STR room revenue series appears to be very well behaved since January of 1994.)
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SUMMARY OF ALL FOUR MODELS
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FORECASTS

.80 X ARIMA 

FORECASTS

.84 x TD 

FORECASTS
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HWM 
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ARIMA 

ERRORS
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ERRORS
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2001:05

2842405

2996726

2983826

3037491
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2001:06
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17977
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8.
FORECAST ACCURACY:  ROLLING SIMULATION RESULTS
Since (ex-post or out of sample) forecast accuracy rather than goodness of historical fit is the primary concern, we next report the results of the rolling simulations.  Individual results for each model at each horizon are reported in Tables A-1 through A-4 in the Appendix.  Each table reports the average MAPE at each horizon or lead time.  For example the reported LEAD 1 MAPE is the average of 25 individual one-step-ahead MAPEs.  Likewise for each of the other lead times.  Also reported are the median, maximum, minimum, and standard deviation of the 25 MAPEs at each lead time.  At the bottom of each table

are averages over different combinations of lead times.

Since Tables A-1 through A-4 are rather dense, comparative summaries for all four models focusing only on MAPE are reported in Tables 6 and 7.  Table 6 repeats the average MAPEs as reported in Tables A-1 through A-4, while Table 7  ranks each model on the basis of the average MAPEs.  Again, averages at different combinations of lead times are reported at the bottom of each figure.  Tables 6 and 7 suggest the ex-post forecasting performance of all four models is very good, with average MAPEs over all lead times (leads 1 through 12 inclusive) ranging from a low of 3.33 percent for the curve fitting model with seasonal dummies to a high of 4.21 for the ARIMA model, both models estimated in log form.  The two curve fitting models (one with and one without the AR(1) serial correlation adjustment) consistently outperformed the other two models at all lead times while the ARIMA model was consistently the poorest performer.  Using the median MAPE rather than the average MAPE does not change the results.  These results compare quite favorably with the 5%-20% MAPEs of Burger et al (2001) in-sample for Durban, South Africa, despite our shorter fitting period and longer forecast horizon.

9.
A FORECASTING EXPERIMENT
All four forecasting models do a good job of forecasting the STR estimates of Erie County monthly room revenues, with the edge going to the two curve fitting/seasonal dummy models.  However, as previously shown, actual reported Erie County monthly room revenues differ from the STR estimates.  On average, for the seven months for which data are available for both series, actual room revenues are 84% of the STR estimates, ranging from a low of 78% to a high of 91%.

Since County officials are interested in estimating actual tax collections (which are simply five percent of reported room revenues), forecasts of the STR revenue estimates must be stepped down to levels consistent with actual reported Erie County room revenues.  The simplest  way of achieving such a step-down is to multiply the ex-post forecasts of the STR revenue series by 84 percent (definitely not rocket science).  A test of this admittedly crude approach was performed.  

The experiment was performed as follows.  Each of the four models was fit to the STR data over the interval 1994:01 - 2001:04.  (The actual Erie County revenue data begins in May of 2001.)  Ex-post forecasts of the STR revenue estimates were generated for 2001:05 - 2001:11 and then simply stepped down by multiplying each monthly forecast by 0.84.  The results of this experiment are reported in Figure 10 (plot of actual revenues and scaled forecasts) and Table 8 (table of actual revenues and scaled forecasts, errors, and percentage errors).  Note that, although the forecasts of the STR revenue series are true ex-post forecasts, the stepped down forecasts of actual Erie County room revenues are not.  The reason is that they use information (the ratio of actual room revenues to the STR estimates) which would not have been available at the time the forecasts were made.   Had a longer time series of data been available it would have been possible to include the behavior of this adjustment variable in the model, also—something that can be done in the future.  But at this early stage in the process, that is not yet possible.  (Stay tuned for further developments.)

[image: image8.wmf] 

-

1000000

 

0

 

1000000

 

2000000

 

3000000

 

4000000

 

5000000

 

1994

 

1995

 

1996

 

1997

 

1998

 

1999

 

F

 

I

 

G

 

U

 

R

 

E

 

 

 

6

 

H

 

O

 

L

 

T

 

/

 

W

 

I

 

N

 

T

 

E

 

R

 

S

 

 

 

L

 

I

 

N

 

E

 

A

 

R

 

/

 

S

 

E

 

A

 

S

 

O

 

N

 

A

 

L

 

 

 

E

 

X

 

P

 

O

 

N

 

E

 

N

 

T

 

I

 

A

 

L

 

 

 

S

 

M

 

O

 

O

 

T

 

H

 

I

 

N

 

G

 

A

 

C

 

T

 

U

 

A

 

L

 

,

 

 

 

F

 

I

 

T

 

T

 

E

 

D

 

,

 

 

 

A

 

N

 

D

 

 

 

F

 

O

 

R

 

E

 

C

 

A

 

S

 

T

 

E

 

D

 

 

 

R

 

O

 

O

 

M

 

 

 

R

 

E

 

V

 

E

 

N

 

U

 

E

 

S

 

,

 

 

 

R

 

E

 

S

 

I

 

D

 

U

 

A

 

L

 

S

 

A

 

C

 

T

 

U

 

A

 

L

 

 

 

=

 

 

 

S

 

O

 

L

 

I

 

D

 

F

 

I

 

T

 

T

 

E

 

D

 

 

 

A

 

N

 

D

 

 

 

F

 

O

 

R

 

E

 

C

 

A

 

S

 

T

 

E

 

D

 

 

 

=

 

 

 

D

 

A

 

S

 

H

 

E

 

D

 

F

 

O

 

R

 

E

 

C

 

A

 

S

 

T

 

S

 

R

 

E

 

S

 

I

 

D

 

U

 

A

 

L

 

S

 

-

1000000

 

0

 

1000000

 

2000000

 

3000000

 

4000000

 

50

00000

 

1994

 

1995

 

1996

 

1997

 

1998

 

1999

 

F

 

I

 

G

 

U

 

R

 

E

 

 

 

7

 

A

 

R

 

I

 

M

 

A

 

 

 

(

 

0

 

,

 

1

 

,

 

1

 

)

 

(

 

0

 

,

 

1

 

,

 

1

 

)

 

 

 

(

 

L

 

O

 

G

 

 

 

F

 

O

 

R

 

M

 

)

 

A

 

C

 

T

 

U

 

A

 

L

 

,

 

 

 

F

 

I

 

T

 

T

 

E

 

D

 

,

 

 

 

A

 

N

 

D

 

 

 

F

 

O

 

R

 

E

 

C

 

A

 

S

 

T

 

E

 

D

 

 

 

R

 

O

 

O

 

M

 

 

 

R

 

E

 

V

 

E

 

N

 

U

 

E

 

S

 

,

 

 

 

R

 

E

 

S

 

I

 

D

 

U

 

A

 

L

 

S

 

A

 

C

 

T

 

U

 

A

 

L

 

 

 

=

 

 

 

S

 

O

 

L

 

I

 

D

 

F

 

I

 

T

 

T

 

E

 

D

 

 

 

A

 

N

 

D

 

 

 

F

 

O

 

R

 

E

 

C

 

A

 

S

 

T

 

E

 

D

 

 

 

=

 

 

 

D

 

A

 

S

 

H

 

E

 

D

 

F

 

O

 

R

 

E

 

C

 

A

 

S

 

T

 

S

 

R

 

E

 

S

 

I

 

D

 

U

 

A

 

L

 

S

 

TABLE 6
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TABLE 7

Figure 10 and Table 8 suggest that models developed for the STR data are likely to be a useful starting point for forecasting actual room revenues (and hence actual tax collections).  The scaled forecasts from all four models track actual reported revenues very closely in May, June, and July of 2001.  As shown in the lower right-hand portion of Table 8, individual monthly percentage errors for May through July range from a low of -6.86 percent to a high of +4.44 percent.  All models substantially under-estimate room revenues in August (from 9.97 percent to 12.90 percent).   A possible reason for the gross underestimation in August might be the occurrence of a special event which we have not accounted for.  For example, Erie County periodically hosts various youth tournaments and competitions which bring large numbers of visitors to the area for several days.  Revenues in September, October, and November are overestimated (from 0.59 percent to 11.23 percent).  This might be explained, at least in part, by the events of September 11 and their aftermath. 

FIGURE 10

EX POST FORECASTS OF ERIE ROOM REVENUES, MAY-NOVEMBER 2001
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(using adjustment factor of 0.84)

Although the stepped-down revenue forecasts for individual months are sometimes substantially off the mark, forecasts of cumulative revenues are much more accurate.  Since government budgeting decisions normally focus on annual revenues and expenditures, the accuracy of annual (or cumulative) projections tends to be of paramount importance.  For the seven months for which data are available (see the last two rows, upper portion of Table 8), the HWM model’s cumulative revenue forecasts are only 0.21 percent high while those for the ARIMA model are 1.37 percent low.  Both curve fit (trend/dummy or TD) models are also high, by 2.04 percent (no AR(1) term) and 1.70 percent (including the AR(1) term).  Since these results are based on a very small and incomplete sample (not even one full seasonal cycle), they must be taken with a large grain of salt.  That said, they do suggest the simple step-down approach to forecasting room revenues (and hence tax collections) may be a useful approximation given the current paucity of actual room revenue data.

TABLE 8
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10.
  SUMMARY, CONCLUSION, AND SUGGESTIONS FOR FURTHER RESEARCH
This paper examines the problem of forecasting total room revenues (and hence, room revenue based tax collections) in a small regional economy (Erie County, Pennsylvania).  Lack of sufficiently long historical data on actual room revenues in jurisdictions with recently implemented taxes requires the identification of a suitable proxy.  Several candidates were examined, but Smith Travel Research’s estimate of room revenues was chosen.  These data are available beginning in 1987 and cover many geographic regions in the U.S. (MSAs and counties). The STR estimates were found to be highly correlated with Erie County actual room revenues for the few months for which data are available.

A preliminary examination revealed that three simple forecasting methodologies would be appropriate for the STR data series: Holt/Winters linear/(multiplicative) seasonal exponential smoothing, an ARIMA model in log form, and a curve fit/seasonal dummy variable model, also in log form.  These models were tested for ex-post forecast accuracy and each proved to be capable of generating relatively accurate forecasts of the STR room revenue estimates, with the curve fit/seasonal dummy variable models holding the edge.

To account for differences between the STR revenue estimates and actual reported revenues, a simple step-down forecasting approach was tested.  Although, as expected, accuracy of the individual monthly step-down forecasts generated by each model was poorer than that associated with the direct forecasts of the STR data, the cumulative forecasts from each model over an interval of seven months were highly accurate, with the HWM model exhibiting the highest degree of accuracy.  Since governmental budgeting decisions are generally made on an annual basis, the accuracy of cumulative forecasts suggests that the simple proxy variable/step down approach might be a viable forecasting technique to use, at least until sufficient observations on actual room revenues become available to allow direct estimation and forecasting.

Several avenues of further research are suggested.  One is to splice the actual Erie County room revenue data series to the STR estimated series using a more statistically defensible technique such as incorporating a level shift dummy or intervention variable.  A second is to incorporate known interventions into the models (such as major conventions or other like events).  A third is to search for a leading indicator series which might improve forecasts (such as advance bookings).  A fourth is to examine separately the two primary determinants of room revenues, average room rates (i.e., prices) and actual bookings.  Clearly, we have just scratched the surface of the room revenue forecasting problem.  

REFERENCES

Baum, Tom and Laura Hagen.  “Responses to Seasonality: the Experiences of Peripheral Destinations.”  International Journal of Tourism Research, v. 1 (1999), pp. 299-312.

Box, G. E. P., G.M. Jenkins, and G.C. Reinsel. Time Series Analysis, Forecasting and Control, 3rd Edition.  Englewood Cliffs, N.J.: Prentice-Hall.  1994.

Burger, C.J.S.C., M. Dohnal, M. Kathrada and R. Law.  “A practitioner’s guide to time-series methods for tourism demand forecasting—a case study of Durban, South Africa.”  Tourism Management, v. 22 (2001), pp. 403-409.

Evans, William.  Travel Taxes in America’s Top Destinations, 1998.  Washington DC: Travel Industry Association of America, 1998.   Online at: www.tia.org
Jensen, Thomas C. and Stephen Wanhill.  “Tourism’s taxing times: value added tax in Europe and Denmark.”  Tourism Management, v. 23 (2002), pp. 67-79.

Kulendran, N. and Maxwell L. King.  “Forecasting international quarterly tourist flows using error-correction and time-series models.”  International Journal of Forecasting, v. 13 (1997), pp. 319-327.

Lundberg, Donald E., M. Krishnamoorthy and Mink H. Stavenga.  Tourism Economics.  New York: John Wiley & Sons, Inc., 1995.

Miller, George.  “Hotel tax revenue takes hit.”  Erie Times-News, December 1, 2001.

National Conference of State Legislatures.  “State and Local Accommodations Taxes in 1998.“  Online at: http://www.ncsl.org/programs/fiscal/touraccm.htm
Panepento, Peter.  “Tax on tourists: hotel tax generates more money than expected.”  Erie Times-News, April 7, 2002., p. 1A, 8A.

Quantitative Micro Software.  EViews 4.1, Irvine, CA., 2000.

Ritchie, J.R. Brent and Charles R. Goeldner, editors.  Travel, Tourism, and Hospitality Research.  New York: John Wiley & Sons, 1987.

Smith, Stephen L.J.  Tourism Analysis: A Handbook.  Essex, England: Longman Scientific & Technical, 1989.

Smith Travel Research.  How to Use the STAR Reports, Hendersonville, TN., Rev. 3-99.

Smith Travel Research, Star Methodology.  (No date)  Provided with the STAR data.

Smith Travel Research.  STAR Program. http://www.str-online.com/products/STAR%20Program/star.html  (This web page provides information about STR’s hotel-motel data, including sample reports.)
Song, Haiyan and Stephen F. Witt.  Tourism Demand Modelling and Forecasting: Modern Econometric Approaches. Oxford UK: Elsevier Science Ltd for Pergamon, 2000.

Tashman, L. J.  “Out-of-sample tests of forecasting accuracy: an analysis and review.”  International Journal of Forecasting, v. 16, (2000), pp. 437 - 450.

U.S. Conference of Mayors.  U.S. Metro Economies: The Engines of America’s Growth.  July 2001.  Available on the web at http://usmayors.org/citiesdrivetheeconomy/index3.html.S>

Weller, Barry R.  "National Indicator Series as Quantitative Predictors of Small Region Monthly Employment Levels."  International Journal of Forecasting,  v. 5 (1989) pp. 241 - 247.

Witt, Stephen F and Christine A. Witt.  “Forecasting tourism demand: A review of empirical research.”  International Journal of Forecasting, v. 11 (1995), pp. 447-475.

[image: image12.emf]0

1

2

3

4

5

6

May 2001 Jun Jul Aug Sep Oct Nov

Room Revenue ($ million)

Actual

STR Estimate

78%

78%

87%

86%

91%

88%

80%

Data labels show Actual as % of STR Estimate.  Average = 84%


APPENDIX

ERROR STATISTICS FOR THREE FORECASTING MODELS

TABLE A-1

TABLE A-2
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� Two headlines in the Erie paper make the point: December 1, 2001: “Hotel tax revenue takes hit” and April 7, 2002: “Tax on tourists: hotel tax generates more money than expected.”


� Jensen and Wanhill (2002) deal with tourism taxation from an international competition perspective, and provide an instructive discussion on the effects of the tax on tourism demand and tax revenues generated.


� The four are Alaska, California, Nevada, and Oregon.   In all of these,  all accommodation taxes are local option.


� Note: The top 50 U.S. travel destinations were identified by the Travel Industry Association of America, which compiled the tax data through a mail survey and follow-up phone queries.  While the rate reported as the “Lodging Tax Rate” in this table excludes state and local general sales taxes, it may include other ad valorem taxes that were not specifically identified as “accommodations taxes.”  These taxes would be paid by those renting accommodations, however.  Some of these taxes are related to travel and tourism such as taxes for convention centers, tourism bureaus, even a bowling stadium and the Rock and Roll Hall of Fame, but others are for unrelated purposes such as schools, transportation, or indigent care.


� The GMP data have been published for the last four years by the U.S. Conference of Mayors, in their U.S. Metro Economies reports.   These are prepared by DRI-WEFA.  The latest report, with data for 1997-2001, is available on the web at http://usmayors.org/citiesdrivetheeconomy/index3.html.


� The RIES data are available at: � HYPERLINK "http://www.bea.doc.gov/bea/regional/reis/" ��http://www.bea.doc.gov/bea/regional/reis/�  The data for 2000 were posted in May of 2002.


� See Baum and Hagen (1999) for a review of  seasonality issues and literature.  Seasonal adjustment factors from the STR revenue series for Erie varied from 0.64 to 1.56 in 2001, with March being the fourth lowest  at 0.78. 


� At the national level, SIC 7011 is very close to (within 3% of) NAICS 7211 “Traveler Accommodation”, but the data available for Erie for this industry go to the three-digit level, at most.  Larger areas may have more detailed data.





� The dollar-denominated data are all nominal, since nominal data are what are being forecast.  Since employment is a real variable, though, it may be useful to consider the correlation among real values for the dollar-denominated data.  They are: 


Variable�
REIS Earnings�
STR Revenues�
CBP Empt�
CBP Payroll�
�
REIS Earnings�
1.000�
�
�
�
�
STAR Revenues�
0.650�
1.000�
�
�
�
CBP Employment�
-0.434�
-0.431�
1.000�
�
�
CBP Annual Payroll�
-0.020�
-0.398�
0.740�
1.000�
�



� On the web at http://www.bls.gov/sae/home.htm


� Smith Travel Research, Star Methodology , p. 2.  (No date)  Provided with the STAR data.


� The Holt-Winters model was also tested using additive seasonality, with worse results, as expected.


� The curve fit approach used a linear trend and seasonal dummies applied to the log of room revenue data.  A quadratic trend was also estimated and yielded worse results, as expected in cases with multiplicative seasonality.


�  Detailed estimation results are available from the authors on request.
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4.79

3.34

3.32

 LEAD 1 - 6

3.83

3.88

3.44

3.46

 LEAD 7 - 12

3.87

4.53

3.23

3.23

 LEAD 1 - 12

3.85

4.21

3.33

3.34

[image: image17.wmf]REPORTED REVENUES, SCALED FORECASTS, ERRORS, AND PERCENTAGE ERRORS

SUMMARY OF ALL FOUR MODELS

OBS

REPORTED 

REVENUES

.84 X HWM 

FORECASTS

.80 X ARIMA 

FORECASTS

.84 x TD 

FORECASTS

.84 X TDAR 

FORECASTS

HWM 

ERRORS

ARIMA 

ERRORS

TD 

ERRORS

TDAR 

ERRORS

2001:05

2842405

2996726

2983826

3037491

2991172

-154321

-141421

-195086

-148767

2001:06

3744030

3670376

3577858

3726053

3713970

73654

166172

17977

30060

2001:07

4307586

4344185

4279569

4417163

4413367

-36599

28017

-109577

-105781

2001:08

4972625

4407100

4330960

4488786

4487040

565525

641665

483839

485585

2001:09

2829687

3069361

3027551

3128030

3127103

-239674

-197864

-298343

-297416

2001:10

2968811

3037221

2986258

3102699

3101837

-68410

-17447

-133888

-133026

2001:11

2171898

2363253

2324205

2415763

2415100

-191355

-152307

-243865

-243202

SUM

23837042

23888222

23510227

24315986

24249590

-51180

326815

-478944

-412548

CUMULATIVE PERCENTAGE ERROR (ERROR SUM/REPORTED REVENUE SUM)

-0.21%

1.37%

-2.04%

-1.70%

OBS

REPORTED 

REVENUES

.84 X HWM 

FORECASTS

.80 X ARIMA 

FORECASTS

.84 x TD 

FORECASTS

.84 X TDAR 

FORECASTS

HWM % 

ERROR

ARIMA % 

ERROR

 TD % 

ERROR

TDAR % 

MAPE

2001:05

2842405

2996726

2983826

3037491

2991172

-5.43%

-4.98%

-6.86%

-5.23%

2001:06

3744030

3670376

3577858

3726053

3713970

1.97%

4.44%

0.48%

0.80%

2001:07

4307586

4344185

4279569

4417163

4413367

-0.85%

0.65%

-2.54%

-2.46%

2001:08

4972625

4407100

4330960

4488786

4487040

11.37%

12.90%

9.73%

9.77%

2001:09

2829687

3069361

3027551

3128030

3127103

-8.47%

-6.99%

-10.54%

-10.51%

2001:10

2968811

3037221

2986258

3102699

3101837

-2.30%

-0.59%

-4.51%

-4.48%

2001:11

2171898

2363253

2324205

2415763

2415100

-8.81%

-7.01%

-11.23%

-11.20%

 

[image: image18.emf]2.0

2.5

3.0

3.5

4.0

4.5

5.0

May 2001 Jun Jul Aug Sep Oct Nov

Room Revenue ($ million)

Actual

HWM

Arima

Curve Fit

Curve Fit w/AR

_1085232162.doc


-1000000







0







1000000







2000000







3000000







4000000







5000000







1994







1995







1996







1997







1998







1999







F







I







G







U







R







E







 







8







L







I







N







E







A







R







 







T







R







E







N







D







 







P







L







U







S







 







S







E







A







S







O







N







A







L







 







D







U







M







M







Y







 







M







O







D







E







L







 







(







L







O







G







 







F







O







R







M







)







A







C







T







U







A







L







,







 







F







I







T







T







E







D







,







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







R







O







O







M







 







R







E







V







E







N







U







E







S







,







 







R







E







S







I







D







U







A







L







S







A







C







T







U







A







L







 







=







 







S







O







L







I







D







F







I







T







T







E







D







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







=







 







D







A







S







H







E







D







F







O







R







E







C







A







S







T







S







R







E







S







I







D







U







A







L







S







-1000000







0







1000000







2000000







3000000







4000000







5000000







1994







1995







1996







1997







1998







1999







F







I







G







U







R







E







 







9







L







I







N







E







A







R







 







T







R







E







N







D







 







P







L







U







S







 







S







E







A







S







O







N







A







L







 







D







U







M







M







Y







 







M







O







D







E







L







 







(







L







O







G







 







F







O







R







M







 







+







 







A







R







(







1







)







)







A







C







T







U







A







L







,







 







F







I







T







T







E







D







,







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







R







O







O







M







 







R







E







V







E







N







U







E







S







,







 







R







E







S







I







D







U







A







L







S







A







C







T







U







A







L







 







=







 







S







O







L







I







D







F







I







T







T







E







D







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







=







 







D







A







S







H







E







D







F







O







R







E







C







A







S







T







S







R







E







S







I







D







U







A







L







S












_1085232643.doc


-1000000







0







1000000







2000000







3000000







4000000







5000000







1994







1995







1996







1997







1998







1999







F







I







G







U







R







E







 







6







H







O







L







T







/







W







I







N







T







E







R







S







 







L







I







N







E







A







R







/







S







E







A







S







O







N







A







L







 







E







X







P







O







N







E







N







T







I







A







L







 







S







M







O







O







T







H







I







N







G







A







C







T







U







A







L







,







 







F







I







T







T







E







D







,







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







R







O







O







M







 







R







E







V







E







N







U







E







S







,







 







R







E







S







I







D







U







A







L







S







A







C







T







U







A







L







 







=







 







S







O







L







I







D







F







I







T







T







E







D







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







=







 







D







A







S







H







E







D







F







O







R







E







C







A







S







T







S







R







E







S







I







D







U







A







L







S







-1000000







0







1000000







2000000







3000000







4000000







5000000







1994







1995







1996







1997







1998







1999







F







I







G







U







R







E







 







7







A







R







I







M







A







 







(







0







,







1







,







1







)







(







0







,







1







,







1







)







 







(







L







O







G







 







F







O







R







M







)







A







C







T







U







A







L







,







 







F







I







T







T







E







D







,







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







R







O







O







M







 







R







E







V







E







N







U







E







S







,







 







R







E







S







I







D







U







A







L







S







A







C







T







U







A







L







 







=







 







S







O







L







I







D







F







I







T







T







E







D







 







A







N







D







 







F







O







R







E







C







A







S







T







E







D







 







=







 







D







A







S







H







E







D







F







O







R







E







C







A







S







T







S







R







E







S







I







D







U







A







L







S












_1085217258.doc
[image: image1.wmf]REPORTED REVENUES, SCALED FORECASTS, ERRORS, AND PERCENTAGE ERRORS


SUMMARY OF ALL FOUR MODELS


OBS


REPORTED 


REVENUES


.84 X HWM 


FORECASTS


.80 X ARIMA 


FORECASTS


.84 x TD 


FORECASTS


.84 X TDAR 


FORECASTS


HWM 


ERRORS


ARIMA 


ERRORS


TD 


ERRORS


TDAR 


ERRORS


2001:05


2842405


2996726


2983826


3037491


2991172


-154321


-141421


-195086


-148767


2001:06


3744030


3670376


3577858


3726053


3713970


73654


166172


17977


30060


2001:07


4307586


4344185


4279569


4417163


4413367


-36599


28017


-109577


-105781


2001:08


4972625


4407100


4330960


4488786


4487040


565525


641665


483839


485585


2001:09


2829687


3069361


3027551


3128030


3127103


-239674


-197864


-298343


-297416


2001:10


2968811


3037221


2986258


3102699


3101837


-68410


-17447


-133888


-133026


2001:11


2171898


2363253


2324205


2415763


2415100


-191355


-152307


-243865


-243202


SUM


23837042


23888222


23510227


24315986


24249590


-51180


326815


-478944


-412548


CUMULATIVE PERCENTAGE ERROR (ERROR SUM/REPORTED REVENUE SUM)


-0.21%


1.37%


-2.04%


-1.70%


OBS


REPORTED 


REVENUES


.84 X HWM 


FORECASTS


.80 X ARIMA 


FORECASTS


.84 x TD 


FORECASTS


.84 X TDAR 


FORECASTS


HWM % 


ERROR


ARIMA % 


ERROR


 TD % 


ERROR


TDAR % 


MAPE


2001:05


2842405


2996726


2983826


3037491


2991172


-5.43%


-4.98%


-6.86%


-5.23%


2001:06


3744030


3670376


3577858


3726053


3713970


1.97%


4.44%


0.48%


0.80%


2001:07


4307586


4344185


4279569


4417163


4413367


-0.85%


0.65%


-2.54%


-2.46%


2001:08


4972625


4407100


4330960


4488786


4487040


11.37%


12.90%


9.73%


9.77%


2001:09


2829687


3069361


3027551


3128030


3127103


-8.47%


-6.99%


-10.54%


-10.51%


2001:10


2968811


3037221


2986258


3102699


3101837


-2.30%


-0.59%


-4.51%


-4.48%


2001:11


2171898


2363253


2324205


2415763


2415100


-8.81%


-7.01%


-11.23%


-11.20%





