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Traffic accidents remain one of the most preventable sources of injury and death in American
cities, disproportionately affecting neighborhoods that receive the least amount of attention and
resources. This study analyzes the spatial patterns of traffic crashes in Denver, Colorado from
2014 to 2024, examining how socioeconomic, demographic, and environmental characteristics
relate to crash frequency, severity, and pedestrian involvement. Using spatial autocorrelation,
cluster detection, and spatial regression modeling, this study evaluates whether lower-income
and minoritized neighborhoods experience elevated crash risk and identifies the roadway
and environmental conditions most strongly associated with severe outcomes. Results show
that lower-income communities experience significantly higher traffic accidents, including
pedestrian-involved crashes, reflecting a lack of safe road infrastructure in these vulnerable
areas. Additionally, the share of minoritized residents exhibits a positive but marginally
significant association with pedestrian crash risk. Environmental factors such as lighting
conditions and roadway type strongly influence crash severity, with dark conditions and major
roads associated with substantially higher odds of severe crash outcomes. These findings
highlight persistent disparities in transportation safety and emphasize the need for targeted,
equity-focused infrastructure investments. By identifying where risks are concentrated and
which communities are most affected, this study provides evidence to support more equitable

and effective transportation planning in Denver County.

I. Introduction
Traffic accidents remain one of the most preventable sources of fatalities around the world. In 2024 alone, the United
States saw 39,345 traffic-related deaths [1]. The country sees more traffic fatalities per capita and traffic fatalities per
vehicle mile traveled than any other developed country [2]. Given the U.S.’s continued reliance on personal vehicles,
identifying the conditions under which crashes are most likely to occur is a critical step toward reducing this preventable

toll as well as motivating public transit improvements.



A. Crash frequency in lower-income areas

Numerous studies across the world have demonstrated that traffic crash risk is not distributed equally across
socioeconomic groups. Lower-income communities have been found to experience disproportionately higher amounts
of traffic accidents, injuries, and deaths. Additionally, the disparities in pedestrian-related fatalities between different
socioeconomic areas are even greater than that of vehicle-related fatalities, highlighting a need for improvement of
pedestrian-focused infrastructure in these neighborhoods [3]]. The cause of these increases in vehicle- and pedestrian-
related accidents is likely due to these communities being located along major arterial roadways, as well as historical

disinvestment in safe infrastructure [4].

B. Crash risk and the environment

In this study, environmental factors will fall under two categories: built and natural. The built environment
encompasses all human-made infrastructure, such as roads, parks, sidewalks, and more. On the other hand, the natural
environment refers to conditions such as lighting and weather. Additionally, road conditions can fall under a combination
of both a natural and built environment, as this is dependent on the weather conditions, along with the road type.

Numerous studies have shown that accidents tend to concentrate at 4-way intersections [2l]. Beyond intersections,
street designs and laws such as speed limits, lane widths, and the presence of buffers, such as medians, have been shown
to reduce crash severity [S)]. Natural conditions like lighting and road conditions have also been shown to impact severity.
Studies have shown that while crash count tends to be lower at night, the risk of a severe crash is higher [6]. On the other
hand, the influence of road conditions and weather on severity tends to be more mixed, with some findings showing
reduced crash severity, and others seeing an increase in winter months. This suggests that rather than a seasonal pattern,
crash severity in colder climates may depend on local infrastructure, along with driver behavior in adverse weather

conditions [6].

C. Spatial dependency in crash data

Road crashes vary spatially, and to better understand their patterns, their spatial dependency must be taken into
account [7]]. Spatial autocorrelation, the tendency of geographically neighboring areas to exhibit similar crash patterns,
has been documented in many urban crash data [8]. These patterns arise due to neighboring areas sharing road
infrastructure, traffic patterns, zoning laws, and demographic characteristics. Therefore, applying standard regression
models, which assume independent observations, should be done with caution. Instead, spatial regression models,
which model the relationships between neighboring data points, have become increasingly popular in crash analysis as a
means of producing more reliable estimates of crash correlates.

Studies on neighborhood demographics and their potential influence on crash risk have been conducted in many

cities worldwide. However, previous research regarding Denver’s communities have yet to be sufficiently explored. This



study hypothesizes that lower-income communities in Denver County face the same inequalities as similar communities

worldwide in access to safe road systems. By identifying potential correlates of tra ¢ hotspots, city planners will be

better equipped to implement targeted interventions to improve road safety and equity in Denver and similarly structured

cities.

Il. Data

A. Data Overview

Crash data was obtained from the Denver Regional Council of Governments (DRCOG) online data[8htalog [

Annual data for the years 2014 through 2024 were aggregated into a single dataset, totaling 209,527 crashes within

Denver county boundary lines. By the data cleaning process, the number of variables was reduced to 27, with descriptions

of these located in the Data Dictionary. These variables contain a mixture of temporal, environmental, and contributing

factors involved in the crash. Each of these variables was either preserved from DRCOG's original data structure, or

recoded to ensure consistency across all years and t the purposes of this report. While not all variables were utilized in

this analysis, they were retained for further analysis, if necessary. Additionally, due to missing or incorrect coordinates,

the number of observations was reduced to 196,712 due to a lack of spatial information.

Demographic data was sourced from The City and County of Denver's Open Data Catalog. This sample data

contains 5-year average (2017-2021) data for 571 block groups in Denver Cadhtipgmographic variables used in

this analysis can be found in Table 1.

Table 1 Variable Table: Demographics Data

Variable Description Calculation

STFID Block Group ID from original dataset

Sum of all non-White populations
Total Population

prop_minority  Proportion of Minoritized Population

. . Total Population
POP_DENS Population Density ~Area <@
éo if total population < 0
pop_zero Zero Population Indicator
_El if total population = 0
geometry Block Geometry polygons from original shape le

The population zero indicator variable allows for preservation of the ten block groups with zero population, but

non-zero crash counts in the analysis, which will be discussed further in the methods.

Finally, street data from DRCOG's Complete Streets Street Typologies dataset was used to calculate total road length


https://github.com/mialin12/Socioeconomic-and-Environmental-Correlates-of-Traffic-Accident-Hotspots.git

(Variable: total_road_length) per block groul]. This variable only accounts for major roadways such as arterials,
collectors, mixed-use streets, and commercial corridors. Local residential streets, alleys, and minor connectors are not
included. As a result, this variable represents exposure to major transportation infrastructure rather than total roadway
mileage.

All data observations throughout this analysis fall in Denver County boundary lines, indicated by the blue region in

Figure 1.

Fig. 1 Boundary Region of Denver County

B. Data Processing

To combine the crash and demographics data, point geometries (longitude/latitude coordinates) of the individual
crashes were joined to their corresponding polygon block group. Prior to joining, crashes falling outside of Denver
County boundary lines were removed based on their coordinates. Following the spatial join with the demographic
data, an additional 3,329 crashes were omitted due to their coordinates falling outside of any block group boundary,
bringing the nal analytical dataset to 196,712. Additionally, 37 block groups were missing median household income

information, and therefore, the mean value of their neighboring blocks was imputed as their median household income.
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