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Abstract

Attendance at Major League Baseball games can fluctuate greatly from game to game. Service organiza-
tions in the surrounding area rely upon an accurate forecast of fan attendance at baseball games in order
to appropriately staff their services. Over-staffing leads to excess labor costs while under-staffing leads to
lost sales and unhappy fans. This paper uses 30 years of attendance data in fitting an econometric model to
forecast fan attendance, noting that certain model covariates become known to schedule planners at different
times. While the away team and the time of the game are known well in advance, the weather and the recent
performance of the home team are not known until just before the game. By examining the relative effects
of different covariates, we make suggestions for when planners should forecast attendance and schedule

workers and when planners should augment or decrease staffing based on unforseen events.

1 Introduction

Baseball attendance has the potential to fluctuate greatly from game-to-game. Total attendance at Major
League Baseball (MLB) games exceeded 74 million in 2013, an average of over 30,000 a game (Baseball-
Reference.com 2013). All MLB stadiums had a capacity of at least 37,000 in 2013 (ballparksofbaseball.com
2014), and most games did not sell enough tickets to reach the stadium’s capacity. Baseball attendance tends
to be more variable than other professional sports in the United States. Attendance can be a function of the
day of the week, the time of the game, the quality of the opponent, the current record of the home team, the
weather, and many other variables.

An example of attendance fluctuation is given in Figure 1, where the home attendance of the author’s
favorite team, the Cincinnati Reds, is graphed for 2013. Home game attendance ranged from 14,916 to
43,168 for the Reds, exhibiting significant game-to-game variation.

Around each MLB stadium, dozens of service organizations rely upon the patronage of baseball fans.
The more fans that attend a game, the more customers these businesses will receive on game day. Such
businesses include restaurants, bars, hotels, and other attractions. As more customers request service, more
staff members need to be scheduled to work to provide adequate service capacity. If not enough workers

are scheduled, the business may miss out on service opportunities due to inadequate capacity. However, if



Figure 1: Attendance at Cincinnati Reds home games in 2013.
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too many workers are scheduled, the business will have idle workers and excessive labor costs. Thus, an
accurate forecast of attendance is the first step in accurately staffing the businesses surrounding a baseball
stadium.

This paper will seek to develop a forecasting model for baseball attendance and establish staffing rec-
ommendations for these businesses that cater to baseball fans.

Staffing service organizations in light of uncertain demand is a common theme in operations literature.
What makes staffing to serve baseball fans more challenging is the multitude and variety of possible factors
affecting attendance. Factors related to the date and time of the game, the weather, the attractiveness of
the matchup, the home team’s performance, the away team’s performance, and the pitching matchup can
all be relevant to a fan’s decision of whether to attend the game or not. These factors become known at
different times. The date, time, and opponent are available well in advance of the game, but the weather
and the pitching matchup may not be known until a few days before the game. Additionally, the overall
performance and playoff chances of the home team are constantly changing. In late August, a restaurant
might forecast higher attendance for a team in September that is in the midst of a chase for a playoff spot.
But if the team starts losing and falls out of the race in early September, the attendance forecast will turn out
to be overly optimistic as ticket sales drop off.

In this paper, the author assumes that there is no information sharing between the baseball team and
the surrounding businesses. Specifically, it is assumed that the surrounding businesses are not made aware
of current ticket sales data. Such data would simplify the task of forecasting total attendance to simply
forecasting additional tickets sales between the time the data was made available and the start of the game.
There would be less uncertainty in such a simpler forecast. The operations staff of the baseball team will rely
on such ticket sales information when staffing ushers, concession vendors, parking attendants, security, and
merchandise sales people at the stadium. The surrounding businesses, not being privy to such information,
will need to rely upon an econometric forecast of attendance. Thus, the task of developing a schedule for
staffing at a huge baseball stadium may actually be simpler than scheduling staff at the smaller surrounding
businesses.

The forecasting model presented in this paper is built upon 30 years of attendance data. The model

suggests that the effect of the covariates which are known well in advance of game day, including the timing



of the game, the opponent, and performance in previous years, are more significant in the attendance forecast
than the covariates which are unknown until the week of the game, including the recent performance of the
home team and the weather. The best-fitting model for the data is provided, showing the effect on attendance
for each covariate. Businesses in the ecosystem surrounding baseball stadiums are encouraged to schedule
their staff as far in advance as desired, typically 2-4 weeks, using their best guess as to the value of the
weather and performance covariates. As the day of the game nears and the exact values of these covariates
are revealed, the business can update its staffing if the initial forecast was too far off. This “forecast early
and update” plan of action seems to be more appropriate than a “wait and see” approach that waits until all
covariates are fully revealed to create a schedule.

The rest of the paper is organized as follows: Section 2 discusses relevant literature related to forecasting
baseball attendance and staffing in the face of uncertain demand. Section 3 introduces the data used in fitting
the model of Section 4. Section 5 gives the results of fitting the model to the available data. Section 6

discusses future work and concludes.

2 Literature Review

Relevant literature falls into two groups: past efforts to forecast sporting attendance and staff scheduling

literature.

2.1 Sports Attendance Forecasting Literature

Many papers have attempted to build forecasting models to predict game-day attendance. In baseball, Hill
et al. (1982) and Lemke et al. (2010) use a single year of data to build a forecasting model to predict game-
to-game fluctuations in attendance, while Beckman et al. (2011) uses multiple years. Donihue et al. (2007)
looks at spring training baseball games. Other papers have examined attendance forecasting in other sports,
including soccer (Forrest and Simmons (2002), Garcia and Rodriguez (2002), Madalozzo and Villar (2009)),
Australian rules football (Borland and Lye (1992)), U.S. football (Welki and Zlatoper (1994) and Welki and
Zlatoper (1999)), and basketball (Zhang et al. (1995)).

Additionally, many papers have looked at the effect of specific factors in predicting baseball attendance.
Kahane and Shmanske (1997) examines the effect of roster turnover on fan attendance. McDonald and
Rascher (2000) finds that promotions increase attendance, but that having too many promotions lessens
each promotion’s effect. Player strikes lessen attendance in the year after the strike, according to Schmidt
and Berri (2004), but do not have a long-term impact. Whitney (1988) looks at how fans respond to the prob-
ability that their team will win the World Series. Butler (2002) looks at the effect of interleague matchups
on attendance. Papers such as Knowles et al. (1992) and Meehan et al. (2007) have examined how fan

attendance varies with the probability the home team will win.



2.2 Staff Scheduling Literature

The operations literature has focused in depth upon staffing decisions when facing demand uncertainty.
Once a schedule has been created and staffing forecasted, staffing adjustments can be costly. Thompson
(1999) gives a method for altering workforce schedules in real time. Hur et al. (2004) and Mehrotra et al.
(2010) look at the tradeoff between schedule stability and profitability. Van Mieghem (2003) provides an
overview of capacity adjustments under uncertain demand.

Much of the literature also focuses upon the potential benefits of using cross-trained workers when
demand is uncertain. Cross-trained workers tend to be more flexible, filling any gaps in staffing, while
also costing more in salary and sacrificing a bit in efficiency. Pinker and Shumsky (2000) examines the
tradeoff between service quality and service efficiency and Easton (2014) examines the benefit of cross-

trained workers in the case of demand uncertainty and uncertain worker attendance.

3 Data

The data for this project comes from Baseball-Reference.com. Details about every Major League Baseball
game from 1980-2013 were extracted. In order to use three years of lagged performance covariates, only the
data from 1983-2013 were used in the analysis. This data includes 69,497 games with an average attendance
of 28,487 per game. There were 26 teams in MLB in 1983, with 2 expansion teams being added in 1993
and 2 more expansion teams in 1998. Each team is scheduled to play 162 games per season, but the full 162
games are not always played if a game is cancelled due to weather and the game’s result would not change

playoff determinations.

3.1 Covariates Used in Model

The covariates used in analysis can be split in two ways. First, certain covariates are constant for a given
team in a given year. These covariates are marked “constant”. An example would be whether or not the
team made the playoffs last year. Other covariates have the ability to change throughout the season. These
are marked “changing” and an example would be the current place in division for the home team.

Another way to split data is based on when the value for the covariate is known. Covariates known
well in advance of the game, such as the date and time of the game, are marked “advance”. Covariates that
become known the week of the game, including the current games back of the division leader, are marked
“last minute”. These two groupings of covariates will be useful in determining what is important to focus
upon for staffing considerations, as a business would like to know when it is reasonable to put out a work
schedule for its employees.

Covariates derived from the Baseball-Reference.com data include:

e stad_und_2: Indicator that the home stadium was built within the last 2 years. Constant, advance.
e stad_und_5: Indicator that the home stadium was built within the last 5 years. Constant, advance.
e stad_und_10: Indicator that the home stadium was built within the last 10 years. Constant, advance.

e playoffs_yr3: Indictor that the home team made the playoffs 3 years ago. Constant, advance.



playoffs_yr2: Indictor that the home team made the playoffs 2 years ago. Constant, advance.
playoffs_yrl: Indictor that the home team made the playoffs last year. Constant, advance.
ws_yr3: Indicator that the home team made the World Series 3 years ago. Constant, advance.
ws_yr2: Indicator that the home team made the World Series 2 years ago. Constant, advance.
ws_yrl: Indicator that the home team made the World Series last year. Constant, advance.

april: Indicator that the game was played in April. Changing, advance.

may: Indicator that the game was played in May. Changing, advance.

june: Indicator that the game was played in June. Changing, advance.

july: Indicator that the game was played in July. Changing, advance.

august: Indicator that the game was played in August. Changing, advance.

september: Indicator that the game was played in September. Changing, advance.

october: Indicator that the game was played in October. Changing, advance.

mon _day: Indicator that the game was played on Monday during the day. Changing, advance.
mon_night: Indicator that the game was played on Monday at night. Changing, advance.
tues_day: Indicator that the game was played on Tuesday during the day. Changing, advance.
tues_night: Indicator that the game was played on Tuesday at night. Changing, advance.
wed_day: Indicator that the game was played on Wednesday during the day. Changing, advance.
wed_night: Indicator that the game was played on Wednesday at night. Changing, advance.
thur_day: Indicator that the game was played on Thursday during the day. Changing, advance.
thur_night: Indicator that the game was played on Thursday at night. Changing, advance.
fri_day: Indicator that the game was played on Friday during the day. Changing, advance.
fri_night: Indicator that the game was played on Friday at night. Changing, advance.

sat_day: Indicator that the game was played on Saturday during the day. Changing, advance.
sat_night: Indicator that the game was played on Saturday at night. Changing, advance.

sun_day: Indicator that the game was played on Sunday during the day. Changing, advance.
sun_night: Indicator that the game was played on Sunday at night. Changing, advance.
in_division: Indicator that the home and away teams are in the same division. Changing, advance.
interleague: Indicator that the home and away teams are in different leagues. Changing, advance.
nyy_away: Indicator that the New York Yankees are the away team. Changing, advance.
bos_away: Indicator that the Boston Red Sox are the away team. Changing, advance.

chc_away: Indicator that the Chicago Cubs are the away team. Changing, advance.

opening_day: Indicator that the game is the first home game of the season for the home team. Chang-
ing, Advance.

doubleheader: Indicator that two games are to be played on the same day. Changing, last minute.
rain: Indicator that rain is known to have fallen during the game. Changing, last minute.

no_rain: Indicator that no known rain fell during the game. Changing, last minute.

win_perc_3yr: The percentage of games won by the home team 3 years ago. Constant, advance.



e win_perc_2yr: The percentage of games won by the home team 2 years ago. Constant, advance.

e win_perc_lyr: The percentage of games won by the home team last year. Constant, advance.

e place_div_3: The season-ending place in the division for the home team 3 years ago. If the team won
its division, the value is 1. If it finished in 2nd, the value is 2. Etc. Constant, advance.

e place_div_2: The season-ending place in the division for the home team 2 years ago. Constant, ad-
vance.

e place_div_1: The season-ending place in the division for the home team last year. Constant, advance.

e place_in_div: The current place in the division for the home team. Changing, last minute.

e games_back: The current number of games behind the division leader for the home team. If in first
place, the value is 0. Changing, last minute.

e games_up: The current number of games ahead of the 2nd place team in division for the home team.
If not in first place, the value is 0. Changing, last minute.

e climinated: The minimum of 1 and games_back divided by the number of games remaining. Repre-
sents a proxy for playoff probability. When eliminated is 1, the home team cannot win its division.
Changing, last minute.

e wins_last_10: The number of wins in the last 10 games for the home team. Changing, last minute.

e runs_last_10: The number of runs in the last 10 games for the home team. Changing, last minute.

e temperature: The temperature at the start of the game. Changing, last minute.

e streak: If the home team won its last game, this is the number of games won in a row. Otherwise, it is
the negative of the number of games lost in a row (i.e. 3 losses in a row would be -3). Changing, last

minute.

Some covariates merit further discussion about their construction or significance:

The variables “rain” and “no_rain” are derived from the weather description in the data as follows: If
“rain”, “snow”, “drizzle”, or “showers” is present in the weather description, rain is set to 1 and no_rain is
0. If a weather description is not present or is “Unknown”, both rain and no_rain are set to 0. In all other
cases, no_rain is set to 1 while rain is 0. Upon examination of all possible weather descriptions, this seems
to adequately describe the data available. Approximately 80% of the data have either rain or no_rain set to
1.

Doubleheaders are typically scheduled in order to make up a game that was rained out. Sometimes the
doubleheader is scheduled for the next day and sometimes it is scheduled for months in the future. Thus,
the value of “doubleheader” becomes known at different points depending on the doubleheader. Here it is
marked as “last minute” for simplicity.

Over the years, the division structure and the playoff structure of MLB have changed. Despite expanded
playoffs and smaller divisions in recent years, the definitions pertaining to a playoff appearance and to the
place in division will not be changed over time in the data. If a team played any extra games beyond the
initial 162 scheduled games, then it is assumed to have made the playoffs. Whether there were 4 teams or 7
teams in the division of the home team, the place in division is always taken to be the ranking of the team

relative to its division mates.



There are two leagues in MLB: the National League and the American League. The winner of each
league meets to play in the World Series. Prior to 1997, teams from different leagues never met during
the season. Interleague play began that year and continues to this day. A portion of the schedule is now
dedicated to playing teams from the opposite league.

The New York Yankees, Boston Red Sox, and Chicago Cubs tend to draw more fans when they are
the visiting team than other visiting teams. Thus the indicators on the Yankees, Red Sox, and Cubs as the
visiting team are included.

Figure 2 shows summary statistics for each covariate over the 69,497 games included in the data set.
The statistics have been divided into the dependent variable (attendance), explanatory variables that are
indicators, and explanatory variables that are quantitative.

One issue with the data is that the recorded attendance represents the number of tickets sold, not the
number of people who actually attended the game. While nearby businesses would be more interested in the
number of people physically present at the game, this information is usually unavailable. Number of tickets
sold is the best proxy available and is typically a good approximation of the actual attendance. This number

will be the dependent variable in the forecast.

3.2 Missing Covariates

For a multi-year analysis such as this, data on certain attendance covariates, used in previous one-year
analyses such as Hill et al. (1982) and Lemke et al. (2010), are difficult to compile and will therefore be
excluded from analysis. Data on promotions and post-game fireworks is unavailable. Details about star
players, current injuries, and national or local TV broadcasts are similarly unavailable in useable form.
Details specific to a particular team’s city in a particular year, such as population, unemployment, and
per capita income, are not analyzed. The expected win probability, available for calculation via published
betting odds, is not used because historic betting data is unavailable. Certain other small variables used
in other analyses, such as the minority status of the starting pitchers or an indicator for the public school
districts in the home city being on vacation, are unavailable and not used.

The starting pitchers of the home and away team are available in the data, but time constraints have
forced their exclusion from analysis for the time being. They will be included in the analysis in the future
to determine the effect on attendance from successful star pitchers.

Ticket pricing information will not be used in analysis for two reasons. The first is practical: it is difficult
to get accurate historic pricing information. The second reason is that Fort (2004) found that teams tend to
price tickets in the inelastic portion of the demand curve, minimizing any possible effect of small price

changes.

4 Model

We wish to use all available covariates that were as described in Section 3 to fit a model of attendance.
It is expected that new stadiums (stad_under_2, stad_under_5, stad_under_10), recent playoff success (play-

offs_yr3, playoffs_yr2, playoffs_yrl, ws_yr3, ws_yr2, ws_yr1), summer months (june, july, august), weekend



Figure 2: Summary Statistics for covariates included in the model.

Variable | ]

stad und 2 | 83437
stad und 5 | &5457
gtad und 10 | &5457
playoffs yr3 | ©59497
playoffs yrZ | &9497
playoffs yrl | w9497
wa_vyr3d | ©9437
wWa_yri | 89437
ws_yrl | &59457
april | ©9497

may | &5457

June | &59497

July | ©59497

sugust | &59497
septenber | w9497
october | ©59457
mon_day | 83437
mon_night | 9497
tues_day | 83437
tues night | &5457
wed day | &5457

wed night | &59457
thur day | &5457
thur night | &39437
£fri day | ©59457

fri night | &9457
sat_day | 9497
sat_night | 83437
sun_day | &5457
sun_night | 89457

in diwvision | &59457
interleague | 9497
nyy away | w9497
boa away | ©94597
cho away | 83437
opening day | &3457
doubleheader | &9457
rain | &5457

no_rain | 83437

QUANTITATIVE VARIRELES
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Figure 3: The attendance is censored at stadium capacity. This histogram shows that a significant number
of games are censored, rendering the Ordinary Least Squares estimate of the model coefficients most likely
biased.
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games (fri_night, sat_day, sat_night, sun_day, sun_night), in_division games, interleague games, popular op-
ponents (nyy_away, bos_away, chc_away), opening_day, doubleheader, no_rain, strong past performance
(win_perc_3yr, win_perc_2yr, win_perc_lyr), games_up, wins_last_10, runs_last_10, temperature, and streak
will all be positively related to attendance. Non-summer months (april, may, september, october), weekday
games (mon_day, mon_night, tues_day, tues_night, wed_day, wed_night, thur_day, thur_night, fri_day), rain,
place in division (place_div_3, place_div_2, place_div_1, place_in_div), games_back, and eliminated are all
expected to be negatively related to attendance.

Initially, attendance will be forecasted via an Ordinary Least Squares (OLS) regression. All covariates
will be used. Additionally, a fixed effect will be included for each year used in the regression (1983-2013)
and for each of the 30 baseball teams. Each team will keep the same fixed effect for all years, even if it
changed its home city or team name.

Because the model relies upon collinear indicator variables, a reference point will be set in the regression,
thereby dropping certain indicator covariates from the regression. The signs of the remaining covariates will
be relative to that reference point. The reference point in this model will be a home game of the Cincinnati
Reds played on a Sunday night in March in 1983 with both rain and no_rain set to 0.

Results of the OLS regression are shown in Section 5.

OLS returns biased coefficients if the dependent variable is censored. Here, attendance is censored if
the stadium sells all tickets and reaches its capacity. Even if more people were interested in buying tickets,
they would not be allowed to and the attendance would remain at the level of the stadium capacity. Figure 3
shows a histogram of attendance as a percentage of the stadium capacity. As can be seen, quite a few games
sell out of tickets and reach capacity, censoring the attendance. Thus, the OLS coefficients may be biased in
this regression.

To eliminate the bias of OLS, the model will also be run with a Tobit Regression. Tobit Regression
has a similar interpretation to OLS while estimating coefficients with Maximum Likelihood Estimation and

allowing for the dependent variable to be censored. In Stata, a single censoring point must be given for all



data points. In reality, each data point is potentially censored at the stadium capacity. The stadium capacity
varies from game to game. So a single censoring point cannot be given for the attendance dependent variable.
As a work-around, we will instead use the dependent variable “perc_full”, which is defined as the attendance
divided by the stadium capacity. If the game sold out of tickets, perc_full is 1.0. Thus, perc_full can be
uniformly censored at 1.0 across all games. The result of the Tobit Regression of perc_full on the covariates

of Section 3 is given in Section 5.

5 Results

5.1 OLS Model

The results of the OLS regression are given in Table 1. The reference fixed effects are the year 1983 and
the team Cincinnati Reds. The monthly effects are compared to a game in March and the daily effects are
compared to a game on a Sunday night. The dip in attendance in 1995 is due to a player strike, as discussed
in Schmidt and Berri (2004).

The coefficients of all covariates except streak, which has a small magnitude, are in the direction pre-
dicted in Section 4. All covariates are significant except win_perc_3yr, may, fri_night, and rain. Thus, Friday
night and Sunday night attract a similar number of fans, while March and May games attract a similar
number of fans.

At first glance, it is surprising that the rain covariate is not significant. Fans do not like to get wet, so
it was suspected that this covariate would be much more meaningful. However, it may be that there is a
selection bias in the games that are played. If it rains too heavily, the game will be cancelled and removed
from the data set. So those games in which it rained do not represent all days in which a game was scheduled
and it rained. After removing rained-out games, only 2% of games listed rain in their weather description.
Fans may also respond to rain forecasts more than actual, experienced rain. So if a weather forecast calls for
rain and no rain occurs, fans may stay away from the ballpark despite the weather description of the game
not listing any rain during the game. For this reason, it may be more meaningful in the future to include a
24 hour advance weather forecast as the covariate instead of the actual rainfall during the game.

The OLS regression had an R? of .626, suggesting 62.6% of the variation in attendance from game to
game can be explained by the regression covariates. A variance inflation test was run on the covariates to
determine if any were unduly influencing the standard errors of the covariates. None of the covariates had
VIF higher than 10 except for the month indicators. It was later realized that the reference month, March,
only had 54 games out of the possible 69,497. By making March the reference month, the other monthly
indicators summed to one for over 99.9% of all games, making the other months collinear. By switching the
reference month to April in a later regression (not shown), the problem was solved. The VIF of the monthly
indicators dropped to a reasonable level while the coefficients of the regression remained almost entirely

unchanged.
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Table 1: Ordinary Least Squares Model Fit and Regression Output

6.1293e+12 111
3.6697e+12 69385

Model |

5.5219e+10
52889596.9

Number of obs =

F(111,
Prob > F
R-squared

Adj R-squared =

Root MSE

69385)

-2054.791
6958.748
1585.725
11044.13

-448.3953
3899.266

-3762.164

-6273.586
6104.773
11176.79
1156.643
2710.654
14182.38
1006.368

4649.44
5807.957
7988.743
4355.115

-7485.049

-382.4557

-2231.561
541.7912
957.9108

-2124.736

212.4924
211.0073
211.1063
222.9626
214.9156
210.4134
209.7688
237.2663
210.5813
234.6264
209.4312
211.5373
211.7541
253.5696

216.24
219.7917
211.5754
210.9328
258.3017
214.1907
210.5073
211.0492
213.5113
211.6854

-9.67
32.98
7.51
49.53
-2.09
18.53
-17.93
-26.44
28.99
47.64
5.52
12.81
66.98
3.97
21.50
26.42
37.76
20.65
-28.98
-1.79
-10.60
2.57
4.49
-10.04

69497
= 1044.03
= 0.0000
= 0.6255
= 0.0249
= 7272.5
P>t [95% Conf
0.000 -2471.275
0.000 6545.174
0.000 1171.957
0.000 10607.13
0.037 -869.6295
0.000 3486.856
0.000 -4173.311
0.000 -6738.628
0.000 5692.034
0.000 10716.92
0.000 746.1582
0.000 2296.041
0.000 13767.34
0.000 509.372
0.000 4225.01
0.000 5377.165
0.000 7574 .056
0.000 3941.687
0.000 -7991.32
0.074 -802.2692
0.000 -2644.155
0.010 128.1351
0.000 539.429
0.000 -2539.639

-1638.306

7372.322
1999.493
11481.14

-27.16103

4311.676

-3351.018
-5808.545

6517.512
11636.66
1567.128
3125.267
14597.41
1503.364

5073.27
6238.748
8403.431
4768.543

-6978.778

37.35777

-1818.967

955.4473
1376.393

-1709.833



TEX
HOU
SEA
OAK
LAA

year
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

2355.339
37.08223
1830.739
-3413.574
6691.766

191.0754
1063.611
1400.729
3747.612

4401.38
5032.665

4940.01
4841.784
4589.557
8903.122
7788.522
1192.364

3554.27
4029.057
5353.251
4895.371
5000.653
4582.986
3445.484
3476.859
5201.955
6311.153
6829.857
8187.088
8264.668

5625.39
5589.308
6609.724
6707.283
6696.168

212.7035
209.4004
212.9238
214.9356
211.5336

231.7753
230.7823
230.9661
230.3233
246.0763
230.9318
237.5684
255.5456
255.9006
238.5688
262.2912
254.9638
256.7516
256.21
258.3782
255.8962
254.5072
254.61091
254.8174
254.4193
254.3373
253.175
253.7986
253.4155
253.173
252.9245
252.6404
252.7617
252.8101
253.1471

11.07
0.18
8.60

-15.88

31.63

0.82

4.61

6.06
16.27
17.89
21.79
20.79
18.95
17.93
37.32
29.69

4.68
13.84
15.73
20.72
19.13
19.65
18.00
13.52
13.67
20.45
24.93
26.91
32.31
32.64
22.24
22.12
26.15
26.53
26.45

0.000
0.859
0.000
0.000
0.000

0.410
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

1938.441
-373.3421
1413.408
-3834.847
6277.161

-263.2038
611.2782
948.0354
3296.179
3919.071
4580.039
4474.376
4340.915
4087.992
8435.528
7274.432
692.6354
3051.037
3526.885

4846.83
4393.815
4501.819
4083.933
2946.042
2978.197
4703.454
5814.931
6332.412
7690.394
7768.449
5129.658
5094.133
6114.312
6211.776

6200

2772.237
447.5066
2248.069
-2992.301
7106.371

645.3546
1515.944
1853.422
4199.046
4883.689
5485.291
5405.643
5342.652
5091.122
9370.717
8302.612
1692.093
4057.503
4531.228
5859.672
5396.927
5499.486
5082.039
3944.926

3975.52
5700.455
6807.376
7327.301
8683.782
8760.886
6121.121
6084.483
7105.137
7202.791
7192.336



stadium under 2
stadium under 5
stadium under 10
win perc 3yr
win perc 2yr
win perc lyr
place in div_yr3
place in div_yr2
place in div_yrl
playoffs yr3
playoffs yr2
playoffs yrl
ws_yr3

WS_yr2

ws_yrl

april

may

june

july

august

september
october

mon_day

mon night

tues day

tues night

wed day

wed night

thur day

thur night

fri day

fri night

sat day

sat night
sun_day
sun_night

4324.459
2107.186
4050.881
463.7853
6237.931
24402.13
-233.7358
-135.2875
-131.5508
899.4774
1359.813
760.2291
683.9985
1868.407
2483.441
-2122.668
143.1666
2466.884
4287.759
4112.536
2109.794
2679.814
-2299.725
-4794.173
-5717.718
-4950.591
-4048.581
-4627.869
-3743.483
-4582.527
-2495.678
285.2907
2377.364
4766.645
1572.169
0

151.1323
124.2264
90.91813
881.5899
901.5542
892.1901
36.50622
36.77499
37.12358
104.2902
103.4365
104.6362
131.5767
130.4501
129.4949
1021.709
1026.994
1028.444
1028.547
1028.925
1032.745
1065.38
323.1807
252.1225
373.5535
246.1958
280.8372
248.2437
274.6635
256.2983
396.5427
245.498
259.3271
251.5689
246.1202
(omitted)

28.61
16.96
44.56
0.53
6.92
27.35
-6.40
-3.68
-3.54
8.62
13.15
7.27
5.20
14.32
19.18
-2.08
0.14
2.40
4.17
4.00
2.04
2.52
-7.12
-19.02
-15.31
-20.11
-14.42
-18.64
-13.63
-17.88
-6.29
1.16
9.17
18.95
6.39

0.000
0.000
0.000
0.599
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.038
0.889
0.016
0.000
0.000
0.041
0.012
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.245
0.000
0.000
0.000

4028.24
1863.702
3872.681

-1264.129
4470.887
22653.44

-305.2879

-207.3665

-204.3129
695.0688
1157.077
555.1423
426.1083
1612.725
2229.631

-4125.215
-1869.74
451.1367
2271.809
2095.845

85.6157

591.6706
-2933.158
-5288.332
-6449.882
-5433.134
-4599.022
-5114.427
-4281.823
-5084.871
-3272.901
-195.8849

1869.084

4273.571

1089.774

4620.678
2350.669

4229.08

2191.7
8004.976
26150.83
-162.1837
-63.20863
-58.78865
1103.886
1562.548
965.3159
941.8887
2124.088

2737.25
-120.1197
2156.073
4482.632
6303.708
6129.226
4133.972
4767.958
-1666.291
-4300.013
-4985.554
-4468.047
-3498.141
-4141.312
-3205.143
-4080.183
-1718.455
766.4662
2885.645

5259.72
2054 .564



in division | 926.4062 60.39497 15.34 0.000 808.0322 1044.78
interleague | 1925.989 132.2361 14.56 0.000 1666.806 2185.171

nyy away | 6361.96 152.7024 41.66 0.000 6062.663 6661.256

bos away | 3644.306 153.1539 23.80 0.000 3344.124 3944.487

chc away | 2970.2 152.5846 19.47 0.000 2671.134 3269.265

opening day | 19855.88 282.7519 70.22 0.000 19301.69 20410.08
place in div | -716.3618 27.73117 -25.83 0.000 =770.7148 -662.0087
games_back | -118.8356 8.560986 -13.88 0.000 -135.6151 -102.0561

games up | 177.1362 14.91008 11.88 0.000 147.9125 206.3599

games back over games remaining | -2954.416 237.7291 -12.43 0.000 -3420.364 -2488.467
doubleheader | 2168.751 254.9911 8.51 0.000 1668.969 2668.533

wins last 10 | 126.465 22.55776 5.61 0.000 82.2518 170.6781

runs_ scored last 10 | 6.371788 3.159729 2.02 0.044 .1787244 12.56485
rain | -390.8676 225.0656 -1.74 0.082 -831.9957 50.26053

no rain | 507.2379 140.7373 3.60 0.000 231.3931 783.0828

temperature | 55.18673 3.607298 15.30 0.000 48.11643 62.25703

streak | -27.13349 11.54463 -2.35 0.019 -49.76095 -4.506032

_cons | 1167.492 1374.479 0.85 0.396 -1526.484 3861.468



5.2 Tobit Model

The results of the Tobit regression are shown in Table 2. The reference fixed effects are still 1983 and
the Cincinnati Reds. The monthly effects are still compared to a game in March and the daily effects are
compared to a game on a Sunday night.

The Tobit model seems to fit the data slightly better than the OLS model. 64.2% of the variation in
perc_full from game to game is explained by the regression covariates, slightly higher than the 62.6% of
the OLS model. The conclusions of the effects of each covariate are largely the same. In the Tobit model,
win_perc_3yr, may, june, september, october, fri_night, runs_scored_last_10, rain, and streak are not statisti-

cally significant at the .05 level. All other covariates are significant and in the direction expected.
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Table 2: Tobit Model Fit and Regression Output

note: sun night omitted because of collinearity

Tobit regression Number of obs = 69497
LR chi2 (111) = 70928.13
Prob > chi?2 = 0.0000
Log likelihood = 26776.405 Pseudo R2 = 4.0821
perc_ full | Coef. Std. Err. t P>t [95% Conf. Interval]
|||||||||||||||||||||||||||||||| |_|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||
team index |
PIT | .0184338 .0045632 4.04 0.000 .0094898 .0273777
STL | .1356865 .0045366 29.91 0.000 .1267947 .1445782
MIL | .0593472 .00455 13.04 0.000 .0504292 .0682651
CHC | .3813795 .0048091 79.30 0.000 .3719537 .3908053
ATL | -.0374751 .0046185 -8.11 0.000 -.0465274 -.0284228
PHI | .0440345 .004585 9.60 0.000 .035048 .053021
WSN | -.0446686 .0045046 -9.92 0.000 -.0534976 -.0358396
MIA | -.0206606 .0051099 -4.04 0.000 -.030676 -.0106451
NYM | .0653906 .0045198 14.47 0.000 .0565317 .0742494
COL | .142935 .0050356 28.38 0.000 .1330652 .1528048
SDP | .0071048 .0045024 1.58 0.115 -.0017199 .0159295
SFG | .0901868 .0045857 19.67 0.000 .0811988 .0991747
LAD | .2029625 .0045481 44.63 0.000 .1940483 .2118767
ARTI | -.0265869 .0054437 -4.88 0.000 -.0372566 -.0159173
BOS | .257932 .0040423 55.56 0.000 .248833 .267031
NYY | .021493 .0047209 4.55 0.000 .01224 .0307459
BAL | .1554404 .0045457 34.20 0.000 .1465309 .1643499
TOR | .0745242 .0045387 16.42 0.000 .0656283 .0834201
TBR | -.1505038 .0055448 -27.14 0.000 -.1613716 -.1396361
CLE | .0035332 .004598 0.77 0.442 -.005479 .0125453
CHW | .0235325 .0045279 5.20 0.000 .0146579 .0324071
DET | .0552325 .0045548 12.13 0.000 .046305 .0641599
KCR | .1323109 .0045842 28.86 0.000 .1233258 .1412959
MIN | -.0905392 .004544 -19.93 0.000 -.0994454 -.081633



TEX
HOU
SEA
OAK
LAA

year
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

.06449
.0269838
.0002066
.1296224

.209495

.0052804
.0212817
.027438
.0835845
.09711
.1037814
.1044493
.1053962
.1024521
.173125
.1501717
.0292437
.0744001
.0821474
.1133402
.104178
.1212417
.1204032
.0919719
.1004063
.1538102
.1771314
.1892251
.2239141
.2286738
.1756958
.1855227
.2153945
.2146234
.2126103

.0045689
.0045096

.004571
.0046505
.0045443

.0049723

.004952
.0049558
.0049427
.0052845
.0049592
.0051055
.0054954
.0054978
.0051369
.0056406
.0054733
.0055132

.005502
.0055499
.0054957
.0054685
.0054752
.0054755
.0054725
.0054764
.0054459
.0054593
.0054636
.0054594
.0054463
.0054412
.0054507
.0054459
.0054466

14.12
5.98
0.05

27.87

46.10

1.06

4.30

5.54
16.91
18.38
20.93
20.46
19.18
18.64
33.70
26.62

5.34
13.50
14.93
20.42
18.96
22.17
21.99
16.80
18.35
28.09
32.53
34.66
40.98
41.89
32.26
34.10
39.52
39.41
39.04

0.000
0.000
0.964
0.000
0.000

0.288
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

.055535
.0181451
-.0087525
.1205074
.2005881

-.0044654
.0115759
.0177248
.0738967
.0867524
.0940612
.0944424
.0946254
.0916764
.1630568
.1391161
.0185161
.0635944
.0713634
.1024624
.0934065
.1105235
.1096718

.08124
.0896801
.1430763
.1664575
.1785249
.2132054
.2179733

.165021
.174858
.2047111
.2039494
.201935

.073445
.0358226
.0091657
.1387374
.2184019

.0150262
.0309876
.0371513
.0932722
.1074676
.1135015
.1144561
1161671
.1132278
.1831933
.1612273
.0399713
.0852059
.0929313

.124218
.1149495
.1319598
.1311346
.1027039
.1111325

.164544
.1878053
.1999253
.2346228
.2393742
.1863706
.1961874
.2260778
.2252974
.2232855



stadium under 2
stadium under 5
stadium under 10
win perc 3yr
win perc 2yr
win perc lyr
place in div_yr3
place in div_yr2
place in div_yrl
playoffs yr3
playoffs yr2
playoffs yrl
ws_yr3

WS_yr2

ws_yrl

april

may

june

july

august

september
october

mon_day

mon night

tues day

tues night

wed day

wed night

thur day

thur night

fri day

fri night

sat day

sat night
sun_day
sun_night

.0904881
.0561515
.1473481
.0080525
.1504581
.5418237
.0060209
-.003456
.0037739
.0103314
.0176813
.0077128
.0238841
.0536032
.0680803
.0687517
.0177103
.0321177
.0724819
.0700545
.0280197
.0417151
.0466262
.0999316
.1335672
.1051125
.0889905
.0968395
.0815411
.0954594
.0500828
.004871
.0496951
.1024357
.0305242
0

.00327
.0026932
.0019677
.0189894
.0194081
.0192111
.0007857

.000792
.0007992
.0022503
.0022317
.0022573
.0028459
.0028367
.0028239
.0244016
.0245036
.0245321
.0245342

.024542
.0246172

.0252506

.007002
.005445¢6

.008064
.0053187
.0060615
.0053623
.0059319
.0055343
.0086351
.0053053
.0056087
.0054387
.00531093

(omitted)

27.67
20.85
74 .88
0.42
7.75
28.20
-7.66
-4.36
-4.72
4.59
7.92
3.42
8.39
18.90
24.11
-2.82
-0.72
1.31
2.95
2.85
1.14
1.65
-6.66
-18.35
-16.56
-19.76
-14.68
-18.06
-13.75
-17.25
-5.80
0.92
8.86
18.83
5.74

0.000
0.000
0.000
0.672
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.001
0.000
0.000
0.000
0.005
0.470
0.190
0.003
0.004
0.255
0.099
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.359
0.000
0.000
0.000

.0840788
.0508728
.1434915
.0291668
.1124183
.50417
.0075608
.0050082
.0053402
.0059209
.0133071
.0032885
.0183061
.0480433
.0625455
.1165787
.0657373
.0159651
.0243948
.0219523
-.02023
.0077867
-.06035
-.110605
.1493726
.1155371
-.100871
.1073497
.0931676
.1063066
.0670076
.0055274
.038702
.0917758
.0200984

.0968973
.0614303
.1512048
.0452717
.1884978
.5794774
-.004481
.0019037
.0022076
.0147419
.0220555
.0121371
.0294621
.0591631
.0736152
.0209247
.0303167
.0802005
.1205689
.1181567
.0762694
.0912169
.0329023
.0892582
1177618
.0946879
.0771101
.0863293
.0699146
.0846122
.0331581
.0152693
.0606882
.1130956

.04095



in division | .0191362 .0013014 14.70 0.000 .0165855 .0216869

interleague | .0449128 .0028617 15.69 0.000 .0393039 .0505217

nyy away | .136244 .0033072 41.20 0.000 .1297618 .1427262

bos away | .0784663 .0033138 23.68 0.000 .0719713 .0849612

chc away | .0640756 .0032988 19.42 0.000 .0576099 .0705412

opening day | .4264648 .0063228 67.45 0.000 .4140721 .4388575

place in div | -.0138547 .0005969 -23.21 0.000 -.0150246 -.0126848

games back | -.0030465 .0001841 -16.55 0.000 -.0034073 -.0026856

games up | .0029536 .0003217 9.18 0.000 .002323 .0035842

games back over games remaining | -.0578722 .0051214 -11.30 0.000 -.0679101 -.0478344

doubleheader | .0360508 .0054742 6.59 0.000 .0253214 .0467802

wins last 10 | .0030334 .000486 6.24 0.000 .0020809 .0039859

runs_ scored last 10 | .0000314 .0000681 0.46 0.644 -.000102 .0001649

rain | -.0074325 .0048437 -1.53 0.125 -.0169261 .0020612

no rain | .0114145 .0030288 3.77 0.000 .0054781 .0173509

temperature | .0010372 .0000777 13.34 0.000 .0008849 .0011896

streak | -.0004069 .0002487 -1.64 0.102 -.0008944 .0000807

_cons | -.0101009 .0314001 -0.32 0.748 -.071645 .0514432

|||||||||||||||||||||||||||||||| +||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||

/sigma | .1559423 .0004291 .1551013 .1567833
Obs. summary: 0 left-censored observations
66886 uncensored observations

2611 right-censored observations at perc full>=l



5.3 Implications for Scheduling

Upon examination of the covariate coefficients in the Tobit regression, it is clear that the “advance” covari-
ates dominate the regression. Suppose a business is scheduling staff for the night of a game two weeks in
the future. The business guesses at the values of the significant “last minute” covariates in the Tobit regres-
sion: place_in_div, games_back, games_up, games_back_over_games_remaining, doubleheader, wins_last_10,
no_rain, and temperature. Suppose the guesses for those covariates are off by 2, 7, 0, .2, 1, 4, 1, and 30,
respectively. Suppose that all the errors are in the same direction, either all increasing the forecast of atten-
dance or decreasing it. In that extreme case, the 2 week ahead forecast of attendance will only differ from
the day-of-game forecast for attendance by 15% of stadium capacity. And recall that this is a very extreme
case; it is extremely unlikely that the magnitude of the guesses will all be so large and will all be in the same
direction. A 15% change in forecast amounts to 7500 fans in a 50,000 seat stadium. A business surrounding
a stadium will not capture the business of every fan. If 1% of fans are captured for the business, this means
a change in service load of 75 on the night on the game. This may be enough of a change to warrant an
alteration of the initial staffing schedule. However, most nights, the change in forecast between 2 weeks
ahead of the game and the day-of the game will only differ by 0-10 customers in the case of a business that
attracts 1% of fans. Such a small change is unlikely to warrant a staffing alteration, as staffing schedule
changes tend to decrease employee morale and lead to job burn-out.

With the “advance” covariates dominating the attendance forecast, businesses are encouraged to sched-
ule staff weeks in advance. Alterations to the initial schedule may be made nearer to the game if the “last

minute” covariates have changed drastically.

6 Conclusion

This paper has built and analyzed an econometric model of attendance at MLB games. The causes of
game-to-game variation have been examined and quantified. Over 30 years of data were used to confirm
that marquee matchups, winning home teams, weekend games during the summer, and special occasions
(opening day, doubleheaders) help to bring more fans to the ballpark.

The model suggests that attendance predictors known long before the games starts (the date and time
of the game, the opponent, past year performance of the home team) have a larger effect on attendance
than predictors that only become clear near the day of the game (weather, recent performance of the home
team). This conclusion is similar to that drawn by Beckman et al. (2011), which finds that such “last minute”
covariates have been decreasing in importance over time.

Given the small effect of the weather and the recent team performance on attendance, businesses relying
upon fan patronage are encouraged to schedule their staff in advance of game day as they normally would,
using this prediction model as a guide for fan attendance. Best guesses as to the values of the weather and
the recent team performance should be used in this advance forecast. As gameday nears, if the best guesses
for the covariates turns out to be significantly wrong, it may be in the interest of the business to revisit its

staffing plan and update based on recent events.
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6.1 Future Work

This model was built for a course project in Fall 2014. It is missing a number of covariates that may improve
performance. Future work to include these covariates may help the performance of the model or change the
conclusions about the “advance” and “last minute” covariates: home and away starting pitchers, weather
forecasts (in addition to realized weather), stadium closings (in addition to openings), rivalry matchups,
holiday and holiday weekend indicators, and distance to the away team’s stadium.

Additionally, a more developed staffing model needs to be created to examine the tradeoffs between
setting the schedule early and waiting for more accurate covariate information. The anecdotal example
given in Section 5.3 is a starting point, but needs to be formalized.

It would also be interesting to examine the effect of the covariates in this model both over time and
across teams. The model could be fit on 5 year chunks of data at a time to examine the evolution of what is
important to a generic baseball fan. Alternatively, all 30 years of home game data for a single team can be
used to see how each city’s fans differ in the importance they place on each regression covariate. Significant

differences across fan bases would be important to note for businesses surrounding those teams.
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