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Abstract 

Society’s increasing participation in social media provides access to new sources of near 

real-time data that reflect our activities in space and in time. The ability for users to 

capture and express their geolocation through their phones’ global positioning system 

(GPS) or through a particular location’s hashtag or Facebook Page provides an 

opportunity for modeling spatiotemporal population dynamics. One illustrative 

application is the modeling of dynamic populations associated with special events such as 

sporting events. To demonstrate, Twitter posts and Facebook check-ins were collected 

across a 24-hour period for several football game days at the University of Tennessee, 

Knoxville, during the 2013 season. Population distributions for game-hours and non-

game-hours of a typical game day were modeled at a high spatial resolution using the 

spatiotemporal distributions of the social media data. 
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1. Introduction 

Modeling population distributions at high spatial and temporal resolution requires 

accounting for the dynamic nature of human populations. Models and representations of 

population that rely on census counts necessarily miss these dynamics. However, there 

have been recent efforts to incorporate daytime or diurnal distributions (Kobayashi et al. 

2011; Bhaduri et al. 2007), and episodic or tourist populations (Jochem et al. 2012) in 

order to better capture population dynamics. To continue these efforts, publicly available 

data feeds from social media offer an additional opportunity to improve population 

models (Bukhari et al. 2012).  

The world’s two leading social media platforms are Twitter, with 230 million monthly 

active users, and Facebook, with 874 million monthly active users.  Recognizing the 

value of social media activity to geographic analysis, Goodchild (2007) has referred to 

those posting on these platforms as “Citizen Sensors.” Only a portion of social media 

data has associated location information, however. For example, although an estimated 

500 million tweets were sent per day as of October 2013 (Twitter, Inc.), estimates of the 

portion of tweets that are geo-located have ranged from 0.47% (Cheng 2010) to 3.17% 

(Morstatter et al. 2013). 

A natural application of the geo-located subset of social media data is the modeling of 

episodic populations associated with special events with high attendance and a significant 

presence on social media; in particular, this study focuses on game day college football 

fans at The University of Tennessee (UT), Knoxville. Using tweets (from Twitter) and 
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check-ins (from Facebook), this research integrates this new form of data in a high-

resolution dasymetric population distribution model. 

2. Methods & Results 

The area within a 1.5 mile radius around The University of Tennessee football stadium 

was chosen for this study, and the population associated with football game days was 

modeled. Geo-located tweets and check-ins were collected for the 24-hour period 

surrounding the scheduled kickoff for each home game in 2013. Seven terms associated 

with the university were used to filter tweets from Twitter’s streaming API (table 1). A 

cumulative count of Facebook check-ins was captured every 30 minutes for 95 

establishments associated with game day activities (e.g., restaurants and tailgating 

locations). 

 

UT Term/Phrase Number of Geocoded Tweets 

"Tennessee" 11,582 

"Vols" 7,837 

"GBO" 2,495 

"VFL" 1,612 

"Neyland" 1,144 

"Football Time In Tennessee" 1,135 

"Big Orange" 418 

 

Table 1. The total seasonal count of game-day geocoded tweets associated with The 

University of Tennessee, 2013. 

 

Two scenarios were modeled: 1) a “non-game-hours” scenario and 2) a “game-hours” 

scenario. Each model outputs a population estimate for each cell in a raster grid with 3 

arc-second resolution (~90 m). The 2012 version of the LandScan USA (Bhaduri et al. 

2007) gridded nighttime dataset was used as a baseline population distribution to which 

the new modeled distributions could be added to create the final output grids. The 

LandScan USA nighttime distribution better represents the study area on a Saturday (all 

game-days were Saturdays) than the daytime dataset, since the daytime dataset assumes a 

weekday distribution of workers and students very different from what would be 

expected in the area on a weekend. 

A consistent measure of social media activity was required for each raster cell. First, 

the tweets and check-ins (collectively referred to as “posts” from here on) were divided 

into two sets based on their timestamps. Posts were considered for the “game-hours” 

scenario if they occurred less than two hours prior to kickoff or less than 3 hours after 

kickoff. All posts outside of those hours were considered for the “non-game-hours” 

scenario. A count of tweets and a count of check-ins were computed for each raster cell 

for each of the two scenarios, resulting in four raw count rasters. 

Because of the limited amount of geo-located posts and the spatial errors in the 

associated location information, it is possible that some locations that attract event 

populations might have no representation in the social media data. To overcome this 

limitation, kernel density estimation with a radius of two grid cells was performed on 
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each of the four raw count rasters to estimate tweet densities and check-in densities 

across the grid. The densities were then scaled so that each value represented posts per 

cell and could be interpreted as interpolated counts.  

For each scenario, a linear relationship between social media activity and event 

population is assumed. For each raster cell 𝑖, the special event population (𝑦) is modeled 

as: 

 

𝑦𝑖 = 𝛽𝑇𝑤𝑖                                                           (1) 

 

where 𝛽𝑇 is a linear coefficient specific to the scenario 𝑇 and 𝑤𝑖 is the number of posts 

at cell 𝑖. The 𝛽 coefficient is the number of fans represented by each geo-located post. If 

available, an observed value or estimate of the total population in the study area 

associated with a scenario can be used to estimate 𝛽𝑇: 

 

𝛽𝑇 = 𝐸𝑇 ∑ 𝑤𝑖
𝑛
𝑖=1⁄                                                     (2) 

 

where 𝐸𝑇 is the estimated total special event population for scenario 𝑇. The study area 

total for the game-hours and non-game-hours scenarios can be estimated by summing two 

separate components of the special event population: 𝐴 , the ticketed fans, which is 

estimated by averaging the recorded attendance for each game, and 𝛼, all the other (non-

ticketed) people in the area specifically for the event: 

 

𝐸𝑇 = 𝜆𝑇(𝐴 + 𝛼)                                                     (3) 

 

where 𝜆  is a parameter representing the estimated portion of the peak game day 

population. Ultimately, the final population estimate for each cell 𝑖 is the sum of the 

baseline (LandScan USA nighttime) population (𝐿𝑖) and the special event population (𝑦𝑖):  
 

𝑃𝑖 = 𝐿𝑖 + 𝑦𝑖                                                         (4) 

 

In most special event situations, there is unlikely to be data to support precise 

estimates of the parameters, 𝛼 and 𝜆, from equation 3. But event officials will often have 

expert knowledge and be privy to information that allows reasonable estimates of these 

parameters. Ultimately, a software solution aimed at event officials would allow such 

knowledge to be incorporated in the parameterization. Fig. 1 and fig. 2 show example 

representations of the non-game-hours and game-hours scenarios using rough estimates 

of the parameters. The estimate for 𝛼 was 30,000. For the game-hours scenario, 𝜆 was set 

at 1, assuming the population peaks during the game. The non-game-hours scenario is 

meant to represent a moment approximately 3 hours before kickoff, for which 𝜆 was set 

at two-thirds.  

High populations can be seen in and near the stadium in both fig. 1 and fig. 2, but with 

much greater concentration in fig. 2. Fig. 1 shows greater concentrations in areas on and 

near campus that are popular for tailgaters as well as along Cumberland Avenue and in 

the downtown area, where restaurants, bars, and shops are concentrated. Different 

parameterizations (for 𝛼 and 𝜆) would lead to different absolute population values, but 
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the overall pattern and the ratios among the values would remain the same (since the 

spatial distribution is based only on the social media data). 

 

Figure 1. Example game day population distribution around the University of Tennessee, 

Knoxville, during non-game-hours. 
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Figure 2. Example game day population distribution around the University of Tennessee, 

Knoxville, during game-hours. 
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