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Executive Summary
I was tasked with attempting to predict attendance at Major League Baseball games based upon the dataset that I created. Using RStudio, I ran a linear regression that tried to predict what variables would have the strongest ability to directly translate to attendance. 

As shown in the table below, the variables that proved to be most valuable are as follows:
· Total Wins
· Team Payroll
· Population of the surrounding Metropolitan Area
· Top Hitter’s WAR by Baseball Reference

	Variable
	Estimate
	P-Value

	Intercept
	5158.95785467
	0.1221

	Wins
	124.58108001
	0.0175

	Payroll
	0.00006681
	0.000000145

	TopBatterbWAR
	788.93584090
	0.0229

	MetroPopMillions
	267.66904416
	0.0392


	

The information above can be used to make different decisions regarding an organization’s business direction. A further analysis could be done pairing these statistics with revenues and dollar amounts to directly show how much money can be made with each individual variable. 






Description:
	Over the past couple of weeks, I have been working to find a way to predict attendance at Major League Baseball games. Ticket sales and game attendance is a prominent source of revenue for MLB clubs, as well as a good way to gauge the overall feelings of the team’s fans. Additionally, having a strong attendance record could make the club more appealing in other areas. Consistent attendance might make sponsors more likely to advertise within the park or make players who like playing in front of a passionate fanbase more likely to sign with a team. While the last two statements will not be covered and analyzed in this project, they are used to generally show the importance of attendance at the games. 

Data:
	For this project, I created my own dataset from scratch by scraping the internet for the various variables and data that I needed. First, I began with the year 2022 and I collected all thirty Major League franchises and placed them into excel. I wanted to have some variables that related to team performance, so I included Wins, Playoffs, and the Wins-Above-Replacement (WAR) of the top pitcher and top hitter on the team that year. WAR is a statistic calculated to determine the value of a player’s performance on the field compared to a replacement-level player at the player’s position. These variables along with the team names were all grabbed from Baseball Reference. Additionally, I wanted variables that would have a relation to a team’s financial health and the environment around them. I chose to look at the payroll of the team, the valuations of the franchise per Forbes, the average attendance at games, as well as the population of the surrounding metropolitan area. The payroll and attendance numbers also came from Baseball Reference, while the population of the metro areas came from Macrotrends.net which tracks population in these areas over time. After a conversation with Dr. Collins to find a way to make my dataset better, he suggested adding more years to the data. I retraced my steps and found data for every team and every third year, beginning in 2022 and ending in 2010.  After, we had a spirited conversation about his Oakland A’s which led to adding the final variable, the year their stadium was built. Scraping the internet to find data and build a dataset with 150 cases and 1500 data points was extremely taxing, but also rewarding at the same time. I feel like I built a basic but strong dataset for my project. 

Methodology:
	I analyzed the dataset I created above using the RStudio platform using many different methods. To begin, I found the summary statistics for each quantitative variable within the data to gauge the real information of the league. Finding the average for attendance within the league allows me to have an idea of where the general population is. This could be used to examine teams below that threshold and find areas in which they are weak that could bring attendance up which will also increase revenue and club interest. Next, I ran a linear regression using all data points to find a relationship between a certain variable and how that variable will impact attendance. This regression led to interesting findings that I believe could be beneficial to individual clubs. One problem within the regression is the intercept is estimated extremely high, meaning that the base is much too high in comparison to the real attendance numbers. I ran the regression multiple times and was not able to figure out why this number was so high. As an attempt to combat this, I reran the regression using only the data that the first regression found to be significant and reached an intercept that is more reasonable. In the future I would like to figure out why this was the result. I believe that the information garnered is still valuable though. Thankfully, I was able to find all the information needed for the data, so I did not have to work around missing data or NA’s. 

Findings:
	The first thing I did in analyzing the dataset was find the summary statistics for each quantitative variable. I have compiled all of these in Table 1 at the bottom of the document. I believe the most useful statistic in Table 1 is the mean average attendance at 29,068, as well as the standard deviation at 8676.395. I plotted the attendance data in figure 1 below to better show the league’s breakdown. This histogram appears to show a normal curve. Using a basic confidence interval, the mean and standard deviation can tell us that 95% of the data falls between 14,380.13 and 45,856 fans per game. Teams who do not fall into that range or fall into the lower half of that range should look to find ways to increase attendance to bring themselves closer to mean. To find some ways to increase attendance, I ran a linear regression model using all of the data available. The results can be found in Table 2 below. Using a p-value of .05, it was determined that wins, payroll, the top batter’s bWAR, and the population of the surrounding metro area were significant in predicting attendance at games. As I mentioned above, I then ran a second regression using only these variables to obtain better results. This regression shows how many fans in attendance each variable adds. For example, every win a franchise has is estimated to bring in about 124 fans on top of the base intercept of 5,158 fans. For example, a team with 90 wins would bring in 11,160 fans based on their win total alone. This regression also estimated that for every point of bWAR for the top hitter, an estimated 788 more fans will show up to the game, for every million people in the surrounding metro area, an estimated 267 more people will attend. The last statistic, with every million dollars spent on the payroll, almost 67 more people are estimated to attend. This last number was calculated by multiplying the 0.00006681 estimate per one dollar spent by one million. 

Conclusions:
	I want to preface this section with the fact that this analysis is very limited and exploratory. If I could do it over again, I would add in even more data and variables to try to better predict what directly leads to increases in attendance. However, with the information available, the regression model has predicted wins, payroll, metro population and the top hitter’s WAR to be most closely related to a team’s attendance. Looking at a team like the Giants in 2022 these numbers could be relevant. The Giants have above league average attendance at 30,650 fans per night. They also had more wins, and a higher payroll than the league average, however their top batter’s WAR is about 2.5 less than the league average over the years examined. If their top batter had an average WAR relative to the rest of the dataset, they would bring in an extra 1972 fans in average attendance according to the model. If they were to add a top player in the league in WAR such as Aaron Judge, that number would grow even more. While these numbers are just estimates, this information can be used to drive a team’s decisions. If adding a player of Judge’s caliber would bring in more revenue in just attendance alone, perhaps the monstrous contract he garners would be deemed worth it from a business perspective. I wish I could expand this analysis to include revenues and other important monetary figures that drive businesses decisions. Based on my own findings, attendance is partly driven by a team’s success in wins, the location of the team, the amount spent on the team’s payroll, as well as having a star hitter who fans can come see play every night. 
























Tables and Figures

Table 1: Summary Statistics
	Variable
	Min
	Max
	Mean
	Median
	SD

	Payroll
	14,672,300
	270,381,426
	121,070586
	106725268
	55,839,674

	Wins
	47
	111
	80.98
	81
	12.88851

	ValuationsMillions
	289
	6000
	1358.9
	1195
	970.8086

	TopBatterbWAR
	1.4
	10.6
	4.439
	4.250
	1.758

	TopPitcherbWAR
	1.3
	8.6
	4.439
	4.250
	1.533732

	AvgAttendance
	9849
	49066
	29074
	29068
	8676.395

	MetroPopMillions
	0.391
	18.867
	5.405
	3.705
	4.608766

	YearStadium
	1912
	2020
	1991
	1999
	24.53973



Table 2: First Regression
	Variable
	Estimate
	P-Value

	Intercept
	47191.79592536
	0.2924

	Wins
	153.43785716
	0.0228

	Payroll
	0.00008245
	0.000000804

	TopBatterbWAR
	757.73142576
	0.0358

	TopPitcherbWAR
	137.50074182
	0.7188

	ValuationsMillions
	-1.50557964
	0.0725

	MetroPopMillions
	309.96588429
	0.0236

	YearStadium
	-22.30460512
	0.3130

	PlayoffsYes
	-1522.48470951
	0.3409


	R-Squared=0.4915



Table 3: Second Regression
	Variable
	Estimate
	P-Value

	Intercept
	5158.95785467
	0.1221

	Wins
	124.58108001
	0.0175

	Payroll
	0.00006681
	0.000000145

	TopBatterbWAR
	788.93584090
	0.0229

	MetroPopMillions
	267.66904416
	0.0392


	R-Squared=0.484




Figure 1: Attendance
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