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Abstract Results Significance

Our goal was to observe and visualize crime trends (o Rearession: R (3 Boroun property Crme | ecteton Tras Regression: NYC Proparty crime Tramde "
. L What we were able to learn:
among the three highly populated counties in New York o R
State: Albany, Suffolk and New York City (five boroughs From our graphs we were able to analyze a correlation - -
combined into one). We wanted to see which county has the b .. - o _ ﬁ
, . etween rising crime rates and the 5 years post 2020. --
highest percentage of robbery and total property crime?

Additionally, how did robbery and total property crime rates
change 1n the five years following 2020 compared to the five
years preceding 20207 We found that crime
patterns appear to change due to societal 1ssues at the time. Based on What we can Visibly see 1S the spikes 1n crime rate both 1n
the data, we infer that the effects of the Covid 19 pandemic on the Property and Robbery.
economy influenced the property and robbery crime fluctuations. In
general, recent crime is on a decline in comparison to the 1990s. Although an outlier to our results 1s Suffolk, as they seem

to not increase as compared to the counties.

This correlation could lead us to infer that post covid
economy could be a link although can’t tully be proven.
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Number of NYC Police Officers, 1974 — 2025

Includes NYC City, Transit, and Housing Police Departments (rate per 100k residents)

This graph shows the decline of police
officers in New York. Which overlaps with
the increase in crime. Our data and models
could be a helpful presentation, as a counter
argument to future proposed police cuts.
Aswell as to visualize the cause and effect
relationship of decreasing officers to crime
rate.
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Crime Rate Trends: 2015-2020 Avg vs. 2021-2025 Avg
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Pay Check Blues
New York City’s employment recovery has been less than
speedy
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Following 2020, robbery trends 5.0M

| . f | - show slight increases or
fluctuations compared to / a5
E Here we can see KNN and Decision Tree previous ycears. This indicates

Algorithms on Both Albany and Suffolk that recent societal or economic
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Original Graphs we used to evaluate our research questions
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