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Crime patterns associated with 
sporting events?

Time difference for fans: 

Local fans vs global fans vs fluid fans 

(new term in the sports industry)
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Agenda

ǒ Stadia (or stadiums) in relationship with crime

ǒ Crime ɬsporting events ɬsocial media

ƺ Understanding patterns

ƺ Prediction and biases

ǒ New technologies, modern applications ɬadapting theory?
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Context

ǒ Case studies for specific locations (Country/State specific)

ǒ Built environment

ǒ Type of fans

ǒ Transportation mode - infrastructure

ǒ Cultural differences

ǒ Event characteristics: rival teams, friendly game, championship, timeline
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Spatiotemporal

Space-time cube
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Two baseball stadia in Chicago

10* Not published yet

ǒ Crime data: 2017 ɬ2019

ǒ Methodology : game vs comparison days

ǒ Spatial Unit: Census Block

ǒ Temporal Unit: 2h before the game and 2h after the game 

(considering a game of 3h)



Two baseball stadia in Chicago

11* Not published yet
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Context
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Burglary, Robbery, Vehicle Theft, Assault, 
Theft ɬWrigley Field

Game Comparison
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Burglary, Robbery, Vehicle Theft, 
Assault, Theft ɬGuaranteed Field

Game Comparison
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Crime ɬSporting Events ɬSocial Media

Botta , Moat and Preis (2015)
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Social Media related features

Plutchik
(2001)

Sentiment 
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emotions 
(feelings).

Topic 
modeling 
extraction

sporting 
events;

violent 
topics.

Crime-related 
tweets

lexicon 
based;

mixed 
approaches.

Population at 
crime risk

ambient 
population;

complement 
residential 
population.
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Density maps Aston Villa stadium (a) amalgamated crimes, (b) geotagged tweets, (c) 

violent tweets, and (d) football-related tweets

Game days

Control days
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Notes
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ǒ geometry of crime changesduring sporting (home) game days

ǒ place composition is highly connected with criminal behavior

ǒ positive correlation between crimes and tweets on game days

ǒ various sporting events at a venue -> various crime types increase

ǒ similar temporal patterns

ǒ shifted vs stable crime and social media hot spotsɬstadium proximity

ǒ correlation crime-related tweets and attitudes on disorder .

Prediction



Prediction: base + dynamic features in space -time

Gerber (2014)
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Prediction crime types
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Ristea et al (2020)



Prediction game days vs control days
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Ristea et al (2020)
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Mischief Adj. R² Game days

Comparison

days

GWR GWR

Tweets 0,83 0,78

Anticip. 0,85 0,79

Surprise 0,82 0,78

Trust 0,85 0,78

Positive 0,84 0,79

3km area around Rogers Arena, Canucks team (hockey), 

Vancouver, Canada

Ristea et al (2018)



Prediction bias
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ǒ It usually starts from the data input : missingness, not

representative, too skewed

ǒ If the training data includes inequalities , the algorithm can

keep propagating those inequalities

ǒ Location -based algorithms and individual targeting

algorithms are different, but they can both be biased basedon

historical data

ǒ A diverse team is recommended to review the work .

ǒ data quality : social media bias (age, gender, semantics, study

areaetc) and geo-location information ;

ǒ crime data quality and geo-privacy aggregation;

ǒ data aggregation in space and time: Modifiable Areal Unit

Problem (MAUP) and temporal unit selection;

ǒ data sparsity: negative-positive ratio in prediction ;

ǒ transferability of the results beyond the selectedstudy areas;

ǒ different crime types in different countries.

Data quality



Notes
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ǒ proxy for crime occurrences-> potential value subset depending on analysis purpose; models tailored to the characteristic of a

crime type

ǒ social media subsets - greater impact in prediction models

ǒ statistically significant social media subsets (mostly crime-related tweets)

ǒ tweets can be highly correlated with crimes, but the estimated influence varies acrosscrime categories

ǒ an increasein social media when crime is stable can deviate the prediction

ǒ strong spatial and temporal patterns -> historical data may be enough to predict immediate future



New technologies, modern applications ɬadapting 
theory?
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ǒ Environmental criminology, criminology of place

ǒ Integration of new data: location data availability, social media

ǒ Fansbehavior

ǒ Stadia restructuring basedon needsɬnew crimes emerging?

ǒ More collaboration between fields of study and between researchersand practitioners

Times are 
changing. 

Everywhere. In 
every field. 
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