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Abstract: An understanding of the contributing factors to severe intersection crashes is crucial for
developing countermeasures to reduce crash numbers and severity at high-risk crash locations. This
study examined the variables affecting crash incidence and crash severity at intersections in San
Antonio over a five-year period (2013–2017) and identified high-risk locations based on crash fre-
quency and injury severity using data from the Texas Crash Record and Information System database.
Bivariate analysis and binary logistic regression, along with respective odds ratios, were used to
identify the most significant variables contributing to severe intersection crashes by quantifying their
association with crash severity. Intersection crashes were predominantly clustered in the downtown
area with relatively less severe crashes. Males and older drivers, weekend driving, nighttime driving,
dark lighting conditions, grade and hillcrest road alignment, and crosswalk, divider and marked
lanes used as traffic control significantly increased crash severity risk at intersections. Prioritizing
resource allocation to high-risk intersections, separating bicycle lanes and sidewalks from the road-
way, improving lighting facilities, increasing law enforcement activity during the late night hours of
weekend, and introducing roundabouts at intersections with stops and signals as traffic controls are
recommended countermeasures.

Keywords: intersection crashes; fatalities; CRIS; logistic regression; bivariate analysis

1. Introduction

Intersections are where vehicles and road users in a roadway network converge,
representing planned points of traffic conflict. They often impose a major responsibility
on road users to make an informed decision on when to cross the road to forestall unsafe
situations. This part of the road has one of the most complicated traffic situations that
road users will come across. Negligent, high-speed drivers who often disregard traffic
signals further compound these situations [1]. In the United States, about one-quarter
of road fatalities and about half of all traffic injuries over the last several years occurred
at intersections [2]. A study that examined the characteristics of 787,236 motor vehicle
intersection crashes from 2005 through 2007, as listed in the dataset from the National Motor
Vehicle Crash Causation Survey, showed that 96% of intersection crashes had contributing
factors attributed to drivers and less than 3% had contributing factors related to vehicles or
the environment [3]. Ensuring the safety of intersections is a complicated issue and cannot
always be achieved by only changing or adding signals and signs. A more sustainable
solution can be achieved by a national comprehensive program of improved road user’s
safety and vehicle intersection management [3]. Proper identification of intersections
associated with high crash rates and high severe injury risks is a vital first step to ensuring
safer roadways. Texas experienced the highest number of fatal crashes in the United
States in 2016 (3406 fatal crashes resulting in 3776 deaths), a 5% increase over 2015 figures.
The total vehicle miles traveled in Texas also increased by 5.09% in 2016 (271.263 billion)
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compared to 2015 (258.122 billion). Over 800 of these deaths occurred at intersections or
were related to intersections. In 2016, Bexar County, where the city of San Antonio is located,
had the 3rd highest number of incidents in Texas with 52,633 crashes and 220 fatalities [4].

Several factors contribute to intersection crashes including driver-, vehicle-, environment-,
and road-related factors. Driver errors are mostly human behavior-related factors, in-
cluding driving while under the influence of alcohol or drugs, violation of traffic rules
and regulations, and being distracted while driving. Road-related factors include traffic
volume, geometric design of the intersections, traffic control measures, the state of line
markings and signage, and surface and light conditions [5]. Environment-related factors,
such as weather conditions and natural lighting conditions, are mostly considered external
factors as they are beyond human control. Human factors are the main cause of over 90% of
crashes [6]. In general, studies found age and gender of drivers [7,8], the time of day [9,10],
drug and alcohol influence [11], road alignment [11], traffic control type [12], speed limit [8],
and day of the week [13] to be influential factors in intersection crash severity.

The discipline of transportation safety has evolved to focus on data and analysis, rather
than depending solely on standards as stated in FHWA’s Highway Safety Improvement
Program Manual. For crash data analysis and safety consideration, three to five years
of crash data is generally considered to be sufficient representation. Smaller sample
sizes often fail to adequately represent the general trends and might require statistical
adjustment [14]. Several techniques are typically used in the analysis of intersection
crashes, such as the ordinal probit model [9], the random effect ordered logit model [15],
the negative binomial model [16], the random effect negative binomial model [17], and the
Bayesian hierarchical binomial logistic model [10]. Negative binomial and random effect
negative binomial models account for over-dispersion, but these models are adversely
influenced by the low sample mean and cannot handle under-dispersion [18]. While
the ordinal probit model accounts for the ordinal nature of the data, they might result in
biased or inconsistent parameter estimates and restrict the way variables influence outcome
probabilities [19]. Bayesian hierarchical logit models account for within-crash correlations
but the correlation results can be difficult to interpret [19]. Logistic regression has been
widely used to examine the relationship between response and explanatory variables in
traffic crashes [20–27] and crash rates and severity [28]. This study employed logistic
regression and the chi-square test to understand the relationship between crash factors
and the severity of intersection crashes in San Antonio, Texas, employing a five-year crash
data set. Logistic regression can measure associations, predict outcomes, and control for
confounding variable effects, while the chi-square test provides robustness and flexibility
in data handling and offers ease of computation and detailed information [29,30]. The
findings of this study will assist the City of San Antonio in prioritizing the allocation of
its resources for high-risk intersections. Understanding the effects of temporal and road
characteristic related variables on crash severity will help to identify relatively riskier road
segments, efficiently allocate law enforcement resources, and aid the City of San Antonio,
the Texas Department of Transportation, and other stakeholders in adopting informed
decisions regarding future designs and running campaigns to targeted audiences.

2. Materials and Methods

The crash data for the period of January 2013 to December 2017 was acquired from the
Texas Department of Transportation’s (TxDOT) Crash Records Information System (CRIS)
database. The database is a collection of all crashes that occurred on Texas roads as reported
by law enforcement officers. The crash data documentation is enforced by law, and the
data are generally documented in the Texas Peace Officer’s Crash Report (form CR-3).
Crash data can be submitted to TxDOT using one of the approved formats: C.R.A.S.H. (an
internet-based application), submission services, or paper forms. The CRIS database covers
crash records starting from 2003. The law enforcement officer investigating a motor vehicle
crash is required to forward a report on crashes which resulted in injury, death or property
damage to TxDOT no later than the tenth day after the date of the crash. The CRIS data
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for each year is categorized into the following files: crash, charge, person, primary person,
unit, damage, restriction, and endorsement. CRIS provides the location (geographical
coordinates) and time of accidents along with relevant information pertaining to the crash
(environmental, driver, and vehicle characteristics). The categories for crash severity in
CRIS data are fatal (K), incapacitating or serious injury (A), non-serious injury (B), possible
injury (C), and not injured or property damage only (PDO). The injury severity information
was not linked to hospital data or any other outside sources and identification of injury
severity was based on the judgement of investigating officer, which might result in the
misclassification of severity. Crash severity was reported as unknown when severity could
not be determined (e.g., hit and run or fled the scene). Crash incidents with missing
geographic coordinate information also limited the accuracy of the spatial analysis.

Bivariate analysis (via chi-squared test) was performed for several crash and driver
associated variables to check the statistical significance of association between a variable
and the severity of intersection crashes. The odds ratios (ORs) for each class within a
variable was calculated to determine the strength of association with crash severity.

A heat map of intersection crashes was created to better represent the crash density
over the study area using a color scheme with a set of smoothly varying colors representing
lower to higher density of crashes [31]. The density calculation included the dynamic raster
visualization using the kernel density method which is suitable for visualizing crash data
as a continuous surface [32]. The kernel density estimation tool uses the following quartic
kernel function:

K2(x) =

{
3π−1(1 − xTx

)2 i f xTx < 1
0 otherwise

(1)

where K2(x) = is the kernel function for 2-dimensional x. Generally, K is the radially
symmetric unimodal probability density function [33].

The predicted density at a (x, y) location is determined by the following formula:

Density =
1

(radius)2

n

∑
i=1

 3
π
·popi

(
1 −

(
distancei

radius

)2
)2
For distancei < radius (2)

where i = 1, . . . , n are input points or point crashes; popi = the population field value of
point i; and distancei is the distance between point i and the (x, y) location.

The Hot Spot Analysis (Getis-Ord Gi*) was used to identify statistically significant
spatial clusters of high values (hot spots) and low values (cold spots). For each input
feature, the method created an output feature with a z-score, p-value, and confidence level
bin. The underlying null hypothesis of this analysis is complete spatial randomness (CSR)
of the features or the values associated with those features. Rejection of the null hypoth-
esis is based on the z-score and the p-value indicating statistically significant clustering
or dispersion of features or values associated with features. The p-value indicates the
probability of randomness in clustering and the z-scores are standard deviations. A very
small p-value along with a very high or low z-score indicates a small probability of a cluster
being a product of random distribution. The confidence levels used in the analysis were
90, 95, and 99 percent. To account for multiple tests and the spatial dependence of data, a
false discovery rate correction was applied to reduce the critical p-value thresholds that
determine the confidence levels. An excessively large search bandwidth produces too
smooth a pattern and makes the process of differentiation between local hotspot locations
harder, whereas a narrow search bandwidth results in a spiky density pattern highlighting
individual hotspot locations. Such results might lead to false conclusions and so a trial and
error method was adopted as recommended by previous studies [34–36]. A fixed distance
band is suitable for point data in conceptualization of spatial relationships and thus the
threshold distance was selected as 250 m.

Heat maps from crash density do not necessarily reveal severe crash-prone locations
and to identify hot and cold spots based on crash severity, a weight must be provided to
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each crash based on its severity. Although the compromise approach has been popular,
where more severe crashes are provided with greater weight, there is no standard optimum
weighting system [37]. Fatal, serious injury, other injury, and property damage only crashes
were provided with a severity index of 3.0, 1.8, 1.3, and 1.0, respectively, by the Roads and
Traffic Authority of New South Wales [38]. Another study used severity indices of 5.0, 3.0,
and 1.0 for fatal, serious, and light injury crashes, respectively [39]. This study attempted
to contribute to a safer roadway system by identifying high-risk locations. The severity
(SI) of a location was computed by providing greater weight on fatal and serious injury
crashes using the following equation:

SI = 5.0 × X1 + 3 × X2 + 1.8 × X3 + 1.3 × X4 + X5 (3)

where X1 is the total number of fatal crashes, X2 is the total number of incapacitating or
serious injury crashes, X3 is the total number of non-serious injury crashes, X4 is the total
number of possible injury crashes, and X5 is the total number of no injury or property
damage only crashes.

A logistic regression model was developed using nine variables which were selected
based on literature review and bivariate analysis. The logistic model used crash severity
as the response variable and the age of the driver, gender of the driver, time of day, day
of the week, season, lighting condition, weather condition, traffic control type, and road
alignment as predictor variables. The predictor variables were selected based on their
availability in the dataset, effect on crash severity, and use in previous studies [7,10,11,21].
Older and male primary persons, dark lighting conditions, the weekend, nighttime hours,
and clear weather were expected to increase the crash severity risk based on the literature
described in the introduction. The logit model was used to identify statistically significant
classes within the selected variables and the odds ratio was calculated for each significant
class to quantify the strength of association in the logit model. For crash severity, death
and incapacitating injury associated crashes were classified as severe and the rest were
classified as non-severe in the bivariate analysis and logistic regression. In this paper, the
logit was the natural logarithm of the odds that the response variable Y was severe (Y = 1)
versus non-severe (Y = 0), as shown by Equation (4):

Logit (Q) = In (Q/1-Q) = β0 + β1 × Z1 + . . . + βi × Zi (4)

where Q is the probability of severe crashes, Zi is the independent variable, and βi is
the model coefficient directly determining the odds ratio. Based on the results from
the bivariate analysis, logit model, odds ratio values, and literature review, the selected
variables were further analyzed, and the results were represented visually for easy and
effective interpretation.

3. Results and Discussion
3.1. Spatial Analysis

A total of 73,755 intersection crashes occurred in San Antonio during the five-year
study period. These crashes involved 145,263 primary persons (141,627 motor vehicle
drivers, 980 motorcyclists, 813 bicyclists, 1471 pedestrians, and 372 persons with an un-
known or unreported status). The crash data was classified by crash location and crash
severity to evaluate the spatial distribution of crashes and highlight intersections and areas
with higher severe crash incidents (Figure 1a,c). The figures show that intersection crashes
were highly concentrated around the downtown area and its surroundings (within City
Council Districts 8 and 9) as well as the northwestern part of the city (along Loop 410,
Loop 1604, Interstate-10, and Interstate-87). Fifty-two (52) intersections had 100 or more
crashes each. Some of the intersections with high crash frequencies are shown in Figure 1b.
The intersection at Loop 1604 and Bandera Rd is one of the most critical in terms of crash
frequency, accounting for almost 400 crashes during the study period (Figure 1b).
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The spatial distribution of statistically significant clusters of severe intersection crashes
and intersections with higher crash incidents are quite different (Figure 1a,c). Significant
severe hotspot locations mostly excluded major intersections with high crash frequencies.
City road intersections seemed to have a relatively higher proportion of severe crashes and
intersections just outside the city center tended to be riskier in terms of crash severity. Cold
spots, in terms of crash severity, were observed at intersections with relatively high crash
densities (Figure 1d).
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Southcross Blvd (bottom left), Pleasanton Rd and W Hutchins Pl (bottom right).

3.2. Bivariate Analysis

The total number of crashes and intersection crashes in San Antonio trended up from
2013 through 2016, but decreased in 2017 (Figure 2a). The year 2016 had an exceptionally
high number of crashes and fatality rates across the United States, both in terms of fatalities
per 100 million vehicle miles travelled and fatalities per 100,000 population [40]. The
average percentage of intersection crashes to total crashes over the study period was
around 29% (Figure 2a).

The average percentage of fatal and serious injury crashes in all intersection crashes
over the 5 year period was about 2.2%, while 23% of the crashes resulted in possible injury.
Driver inattention, failure to yield during left turns, and disregard of stop signs were the
primary reasons behind intersection crashes. Intersection related crashes in San Antonio
included 155 fatal crashes (20.2% of all fatal crashes) and 1447 serious injury crashes (36.2%
of serious injury crashes) during the study period. From 2015, fatal crashes decreased over
the years while serious injury crashes increased (Figure 2b). Fatal and serious injury crash
counts for each category were determined in addition to chi-squared test results of crash
related variables (Tables 1–3).
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Table 1. Chi-squared test results for environment and road related factors.

Crash Counts

Variable df p-Value X2 Statistic Fatal Serious OR OR Range

Traffic Control 6 3.4 × 10−12 65.5
Yield 3 18 1.0 Reference

Crosswalk 0 12 12.8 6.0–26.3
Divider 2 39 3.0 1.8–5.1

Marked Lanes 33 180 3.4 2.2–5.4
None 17 144 2.8 1.8–4.6

Signal Light 71 730 3.1 2.0–4.9
Stop 26 295 2.6 1.7–4.2

Lighting Condition 2 2.0 × 10−7 30.8
Daylight 64 967 1.0 Reference

Dark 86 456 1.3 1.2–1.5
Other 5 24 0.9 0.6–1.3

Weather Condition 4 0.076 8.5
Clear 126 1061 1.0 Reference

Cloudy 20 288 1.0 0.9–1.1
Other 0 3 0.4 0.1–1.1
Rain 9 92 0.8 0.7–1.0

Unknown 0 3 0.4 0.1–1.1
Road Alignment 6 7.1 × 10−6 33.9

Curve, Grade 7 24 1.0 Reference
Curve, Hillcrest 0 10 1.1 0.5–2.3

Curve, Level 8 37 0.7 0.5–1.2
Other 1 6 0.6 0.2–1.2

Straight, Grade 14 141 1.2 0.9–1.9
Straight, Hillcrest 2 48 1.4 0.9–2.2

Straight, Level 123 1181 0.8 0.6–1.2

Table 2. Chi-squared test results for time of crash occurrence.

Crash Counts

Variable df p-Value X2 Statistic Fatal Serious OR OR Range

Day of Week 1 0.001 10.5
Weekday 99 1043 1.0 Reference
Weekend 56 404 1.2 1.1–1.3

Season 3 0.003 13.9
Fall 39 413 1.0 Reference

Spring 37 391 1.0 0.8–1.1
Summer 46 351 0.9 0.8–1.1
Winter 33 292 0.8 0.7–0.9

Time of Day 7 2.7 × 10−10 48.7
12:00–3:00 a.m. 30 101 1.0 Reference
3:00–6:00 a.m. 8 45 0.9 0.6–1.2
6:00–9:00 a.m. 18 186 0.8 0.6–1.0

9:00 a.m–12:00 p.m. 13 199 0.7 0.6–0.9
12:00–3:00 p.m. 17 277 0.7 0.6–0.9
3:00–6:00 p.m. 22 268 0.5 0.4–0.7
6:00–9:00 p.m. 25 216 0.7 0.5–0.8

9:00 p.m–12:00 a.m. 22 155 0.8 0.7–1.1

Table 3. Chi-squared test results for driver related factors.

Crash Counts

Variable df p-Value X2 Statistic Fatal Serious OR OR Range

Age 3 2.2 × 10−16 201.3
18 or less 5 156 1.1 0.9–1.2

19–64 256 2350 1.0 Reference
65 or older 46 292 1.3 1.2–1.5
Unknown 8 139 0.4 0.3–0.4

Gender 2 2.2 × 10−16 186.0
Male 224 1653 1.2 1.1–1.3

Female 86 1207 1.0 Reference
Unknown 5 77 0.3 0.2–0.4
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The proportion of severe injury was higher for pedestrians (14.7%), bicyclists (7.3%),
and motorcyclists (18.2%) compared to motor vehicle drivers (2.0%) at intersections and the
difference was statistically significant, X2 (3, N = 144,981) = 2314.5, p = 2.2 × 10−16. Pedes-
trians, bicyclists, and motorcyclists are generally more exposed in a crash and have fewer
protective measures, which results in a higher susceptibility to severe crashes. The analysis
suggested that the pattern of intersection crash frequency in San Antonio generally coin-
cided with its overall crash frequency pattern over the hours of the day. Crash frequency
was relatively high during 12:00–3:00 p.m. and 3:00–6:00 p.m., while 5:00–6:00 p.m. expe-
rienced the peak. Intersection crash frequency gradually decreased during 6:00–9:00 p.m.
and 9:00 p.m.–12:00 a.m., but the proportion of intersection crashes in total crashes was
relatively high during this period. Both intersection crash frequency and their proportion in
total crashes were considerably low during the 12:00–3:00 a.m. and 3:00–6:00 a.m. periods.

This study also attempted to explore the hourly variation of intersection crashes based
on seasons and the day of week (weekend and weekday). The day is divided into eight
3 h intervals starting at midnight. The year is divided into four seasons: winter (January,
February, and the following December), spring (March to May), summer (June to August),
and fall (September to November). For all seasons, the 3:00–6:00 p.m. period had the
highest proportion of intersection crashes, possibly due to relatively higher traffic volumes
during that period. The summer months had relatively higher proportions of intersection
crashes in the afternoon (12:00–3:00 p.m.) and lower intersection crash proportions from
6:00–9:00 a.m. (possibly due to summer not being a school season).

The susceptibility to crashes was influenced by the age and gender of drivers [7]. An
analysis of variance (ANOVA) test was performed to check the variation of age of the
primary persons (drivers, bicyclists, motorcyclists or pedestrians) involved in intersection
crashes with the season of crash occurrence. The descriptive statistics of age of involved
primary persons are presented in Table 4. The mean age was higher in the winter season
for drivers and bicyclists, in summer for motorcyclists, and in summer and spring for
pedestrians (Table 5). When individual months were considered, a higher mean age of
vehicle drivers involved in intersection crashes was observed in December and January
from the ANOVA test (F(11, 124,295) = 2.64, p = 0.002), probably because older drivers
may have difficulty controlling the vehicle during freezing conditions [41]. The mean age
was significantly higher in January and February for bicyclists (F(11, 769) = 2.01, p = 0.021)
and slightly higher in February and June for motorcyclists (F(11, 930) = 1.19, p = 0.290)
involved in intersection crashes. In the case of intersection crashes involving pedestrians,
March, June, and July were associated with a higher mean age (F(11, 1427) = 1.91, p = 0.033),
probably because older people prefer to limit their activities during cold weather.

Crash severity risk was highest during the first segment (12:00–3:00 a.m.) of the day
(131 observed vs. 92 expected severe intersection crashes). Higher volumes of traffic during
the 3:00–6:00 p.m. period led to congestion and reduced the overall traffic speed, which
might be the reason behind the lower crash severity risk during this period. All 3 h time
segments had more intersection crashes on weekdays compared to weekends, except for
the 12:00–3:00 a.m. segment. A greater proportion of drunk drivers unable to safely share
the road and the relatively high number of vehicles during weekend late night hours might
be contributing to this anomaly. The 6:00–9:00 a.m. period during weekends had a much
lower frequency of intersection crashes, which might be related to lower traffic volumes.

Table 4. Descriptive statistics of age of primary persons.

Primary Person Sample Size (N) Mean Age SD

Vehicle Driver 124,307 39.09 16.49
Bicyclist 781 30.31 16.1

Pedestrian 1439 39.35 20.1
Motorcyclist 942 38.22 13.19
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Table 5. ANOVA test results for age of primary persons by season.

Mean Age by Season

df p-Value F-Value Fall Winter Spring Summer

Vehicle
Driver 3 7.3 ×

10−5 7.25 39.2 39.4 38.8 39.0

Bicyclist 3 0.032 2.98 30.3 33.8 29.7 28.6
Pedestrian 3 0.216 1.49 38.3 38.6 40.3 41.0
Motorcyclist 3 0.551 0.70 37.9 38.4 37.4 39.1

The number of female licensed drivers is slightly greater than male licensed drivers
in Texas [2]. The miles traveled by female drivers might not be directly proportional to
their numbers. All the drivers associated with intersection crashes with known age and
gender were classified into eight age groups: less than 14, 15–24, 25–34, 35–44, 45–54,
55–64, 65–74, and over 75. The proportion of male drivers to female drivers involved in
intersection crashes increased over the age 44 and approximately 48% of all intersection
crashes occurred with drivers in the age range of 15–34 years. Licensing laws in Texas
require the age of the learner license applicant be at least 15 [42]. However, the intersection
crash data included 38 incidents where the driver was aged 14 or less, with 26 (68%) of
those incidents committed by male drivers. An ANOVA test was performed to look for a
possible significant association of age of primary persons involved in intersection crashes
with the day of the week of the crash occurrence. Mean age was greater during the weekend
for bicyclists, especially on Sundays (Table 6). This might reflect increased cycling activity
of comparatively older bicyclists during the weekend period, possibly for recreational
purposes. For motor vehicle drivers, the mean age was significantly lower during the
weekend, implying more young drivers were on the road during the weekend. When the
age of all drivers was categorized into three classes (18 or less, 19–64, and 65 or older),
drivers in the 65 or older group had higher odds of being involved in severe crashes.

Table 6. ANOVA test results for age of primary persons by day of week.

Mean Age by Day of Week

df p-Value F-Value Sat Sun Mon Tue Wed Thu Fri

Vehicle Driver 6 2.2 × 10−16 45.12 38.1 37.3 39.4 39.5 39.7 39.6 39.1
Bicyclist 6 0.346 1.13 29.8 33.8 31.3 30.3 28.7 30.3 28.9

Pedestrian 6 0.889 0.38 39.6 39.0 39.7 38.8 38.0 39.5 40.7
Motorcyclist 6 0.250 1.32 37.4 38.5 38.9 40.2 36.1 37.5 39.2

For all days of the week, the number of intersection crashes was about 30% of all
crashes. The highest intersection crash proportion occurred on Friday. The weekend
period (especially Sunday) had a lower intersection crash frequency but higher severe
crash proportions and higher proportions of intersection crashes (Figure 2c). Wednesday
had the highest number of incapacitating injury crashes, while weekends had substantially
higher fatal crash incidents (Figure 2c). The odds of intersection crash severity was higher
during the weekend (OR 1.2).

The frequency and proportions of K&A crashes in intersection crashes were relatively
lower during the winter and higher during the fall (Figure 3a). The season of crash
occurrence (especially fall and winter) significantly influenced intersection crash severity.
The winter season had the lowest severe crash risk while the fall had the highest. When
individual months were considered, April, May, June, September, October, and November
had greater observed severe intersection crashes than expected, X2 (11, N = 73,755) = 20.1,
p = 0.044.

Dark lighting conditions lead to a greater risk of severe crashes (OR 1.2). Dark lighting
conditions had a higher proportion of fatal crashes (almost 4 times) and serious injury
crashes compared to daylight lighting conditions (Figure 3b). Reduced visibility, drunk and
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distracted drivers at night, and higher traffic speeds due to lower traffic volumes during
the night hours might be responsible for this increased crash severity. From Figure 3c, dark
lighting conditions (lighted and not lighted) had relatively higher proportions of intersec-
tion crashes (approximately 31% and 36%, respectively) during the weekend compared
to daylight conditions (approximately 21%). Under dark lighting conditions, intersection
crash frequencies were significantly higher during the weekend compared to weekdays,
X2 (2, N = 73,755) = 1441.4, p = 2.2 × 10−16.

The proportion of K&A crashes was lower during rainy weather conditions (Figure 3d).
In the chi-squared test, any crash that had not occurred in either clear, rainy, or cloudy con-
ditions was included in the other category (including hail, sleet, snow, fog, and crosswind).
Although statistically not significant (p-value = 0.076), the chi-squared test indicated that
inclement weather reduced severe crash risk (Table 1).

The association of six types of road alignments (straight-level, straight-grade, straight-
hillcrest, curve-level, curve-grade, and curve-hillcrest) with intersection crash severity
was also examined. Straight-grade (OR 1.2) and straight-hillcrest (OR 1.4) significantly
increased severe crashes at intersections, which might be attributed to greater vehicle
speeds associated with these road geometries. Signal light, crosswalk, divider, marked
lanes, and stop sign traffic controls had significantly higher odds of being associated with
severe crashes. The abnormally high OR for crosswalks was due to the higher injury
severity risk of pedestrians. About nine out of ten intersection crashes included at least
one straight moving vehicle and approximately 32% of all intersection crashes included at
least one left turning vehicle, while less than 8% included at least one right turning vehicle.
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3.3. Logistic Regression Results

Logistic regression analysis was conducted to further study the association between
intersection crash severity and key crash factors. The results of the analysis are represented
in Table 7. The coefficient estimates were represented in log-odds terms and differences
among coefficient estimates of the categorical variables were used to compare their effects
on crash severity. The positive coefficient estimate of dark lighting conditions (0.326)
implied that a change from daylight conditions to dark lighting conditions increased the log-
odds of a severe injury by 0.326 and the associated p-value (0.001) indicated dark lighting
conditions are significant in determining severe injury crashes. Odds ratios represent the
ratio of the odds of occurrence of an event given the presence of the predictor variable
compared to the odds of the occurrence of that event in the absence of that predictor variable.
Odds ratios were used to measure the strength of association between an independent
variable and the outcome variable from the regression coefficient estimate. For example,
the odds of an intersection crash under dark lighting conditions resulting in a severe injury
was 1.39 times compared to daylight conditions.

Overall, the results from the logistic regression were consistent with the bivariate
analysis and the observed effects of the independent variables on intersection crash severity
were consistent with our prediction. While the strength of association of the independent
variables with the predictor variable were different between bivariate analysis and logistic
regression, the direction of their relationship (positive or negative) was similar. The logistic
regression found the age of the driver (65 or older and unknown), gender of driver (male
and unknown), road traffic control, day of the week, weather conditions (rain), lighting
conditions (dark), and season (winter) to be significantly associated with crash severity
at intersections. The p-values for 3:00–6:00 p.m. and 6:00–9:00 p.m. was just above
the significance level. While the effect of road alignment on intersection crash severity
was significant as a stand-alone variable in bivariate analysis, none of the categories
within this variable were significant when used in conjunction with other variables in
logistic regression analysis. On the contrary, rainy weather conditions were significant
in conjunction with other categories in logistic regression, but weather condition was not
significant as a stand-alone variable in bivariate analysis. Older drivers (age ≥ 65) and male
drivers had greater odds of suffering a severe injury (OR 1.30 and OR 1.2, respectively).
Less severe crashes were observed when age and gender were not reported (OR 0.55 when
age unknown and OR 0.54 when gender unknown).

The intersection crash severity risk was relatively low during the 3:00–6:00 p.m. and
6:00–9:00 p.m. periods, probably due to congestion and slower traffic. Rainy weather
reduced the odds of severe injury at intersections (OR 0.73). Severe injury was correlated
with vehicle speed, and rainy weather and other inclement weather conditions might
compel drivers to approach the intersection with more caution, resulting in less severe
injuries. Limited pedestrian and bicyclist activity and wearing more protective clothing in
cold temperatures might be the reason behind the relatively lower odds of severe injury at
intersections during the winter season. Higher odds of severe injury at intersections during
the weekend might be attributed to the relatively higher proportion of distracted and
drunk drivers during this period, along with increased recreational activities of vulnerable
road users (pedestrians and bicyclists). The risk of severe injury significantly increased at
intersections when the traffic was controlled by crosswalk (OR 13.77), divider (OR 2.90),
marked lanes (OR 3.21), signal light (OR 3.03), and stop sign (OR 2.66).
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Table 7. Logistic regression modeling results.

Variable Categories Reference Estimates Std. Error z Value p-Value OR

Intercept 1 −4.521 0.312 −14.50 2.0 × 10−16

Traffic Control Crosswalk Yield 2.622 0.377 6.96 3.4 × 10−12 13.77
Stop 0.977 0.229 4.27 2.0 × 10−5 2.66

Signal 1.109 0.225 4.93 8.2 × 10−7 3.03
Divider 1.066 0.272 3.92 8.7 × 10−5 2.90

Marked Lane 1.165 0.231 5.04 4.7 × 10−7 3.21
None 0.934 0.235 3.98 7.0 × 10−5 2.54

Road Alignment Curve, Hillcrest Curve, Grade 0.150 0.370 0.41 0.684 1.16
Curve, Level −0.306 0.238 −1.29 0.198 0.74

Other −0.402 0.456 −0.88 0.378 0.67
Straight, Grade 0.089 0.202 0.44 0.661 1.09

Straight, Hillcrest 0.207 0.235 0.88 0.379 1.23
Straight, Level −0.290 0.188 −1.55 0.122 0.75

Day of Week Weekend Weekday 0.139 0.058 2.38 0.017 1.15
Crash Season Spring Fall −0.051 0.069 −0.74 0.461 0.95

Summer −0.066 0.071 −0.93 0.355 0.94
Winter −0.283 0.074 −3.80 1.4 × 10−4 0.75

Time of Day 3:00–6:00 a.m. 12:00–3:00
a.m. −0.137 0.167 −0.82 0.413 0.87

6:00–9:00 a.m. 0.094 0.143 0.66 0.509 1.10
9:00 a.m–12:00 p.m. 0.049 0.152 0.32 0.748 1.05

12:00–3:00 p.m. −0.018 0.148 −0.12 0.901 0.98
3:00–6:00 p.m. −0.276 0.145 −1.90 0.058 0.76
6:00–9:00 p.m. −0.234 0.121 −1.94 0.052 0.79

9:00 p.m–12:00 a.m. −0.172 0.119 −1.45 0.147 0.84
Weather

Condition Cloudy Clear −0.041 0.066 −0.62 0.535 0.96

Rain −0.314 0.109 −2.89 0.004 0.73
Other −0.958 0.583 −1.64 0.101 0.38

Unknown −0.732 0.597 −1.22 0.221 0.41
Lighting

Condition Dark Daylight 0.329 0.101 3.25 0.001 1.39

Other 0.060 0.199 0.30 0.765 1.06
Intercept 2 −3.823 0.029 −130.9 2.0 × 10−16

Age 18 or less 19–64 0.045 0.082 0.55 0.585 1.05
65 or older 0.265 0.059 4.51 6.5 × 10−6 1.30
Unknown −0.596 0.124 −4.80 1.6 × 10−6 0.55

Gender Male Female 0.182 0.037 4.96 6.9 × 10−7 1.20
Unknown −0.622 0.166 −3.75 1.7 × 10−4 0.54

Null deviance 15,131 on 71,955 df and residual deviance 14,950 on 71,926 df for model 1, AIC: 15010. Null deviance 31,141 on 145,262 df
and residual deviance 30,850 on 145,257 df for model 2, AIC: 30862.

4. Conclusions

Bivariate analysis and logistic regression were applied to traffic crash data obtained
from the CRIS database to identify the factors that influenced the occurrence and severity
of intersection crashes in San Antonio, Texas. The results suggested that traffic control,
age and gender of the driver, and lighting conditions were strong predictors of severe
intersection crashes. The severity of intersection crashes increased significantly during
the weekend, the fall and spring seasons, nighttime (especially from 12:00 a.m.–3:00 a.m.),
under dark lighting conditions (especially during weekend), on straight-grade and straight-
hillcrest road alignment, and at signal light, crosswalk, or no passing zones.

The injury severity risk was low for crashes where age or gender of injured persons
were not reported, implying that crash reports related to less severe crashes are more
likely to contain incomplete primary person information. A higher proportion of fatal and
serious injury intersection crashes were associated with dark lighting conditions during the
weekend, which could be attributed to the tendency to disregard signals and over-speed
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during late hours with lower traffic volumes, reduced visibility, and a greater number of
drunk drivers and pedestrians. Intersections with insufficient lighting, high crash frequency
and severe crashes should be identified to ensure proper lighting.

In addition to intersection crashes, driver distraction was one of the primary reasons
behind pedestrian and bicyclist crashes [43]. This may be reduced in the near future by the
anticipated proliferation of autonomous vehicles that can handle simple, monotonous tasks
more proficiently and effectively than human beings. Additionally, introducing devices
and techniques that block unsafe functions (e.g., making calls, texting, entering destination
details into a navigation device or browsing music) while driving, and adopting driver-
centric approaches (educating drivers about what constitutes a distraction while driving
and the greater risk associated with distraction crashes) might be helpful. Pedestrians,
bicyclists, and motorcyclists are generally less protected on roadways and were at greater
risk of being involved in severe intersection crashes. Several automobile companies are
adopting motor vehicle designs and implementing technologies which take account of the
safety of these vulnerable road users, along with the vehicle driver, in a collision and these
initiatives should be encouraged.

Almost 32% of intersection crashes occurred while at least one vehicle was taking a
left turn. The introduction of left turning lanes was helpful in reducing crash rates [44–46]
and the authors recommend the use of left-turn lanes for all major intersections with high
crash rates. We also recommend implementation of reduced left-turn conflict intersections
such as the restricted crossing U-turn and the median U-turn which are proven to reduce
left-turn associated intersection crashes [47]. Disregarding stop signs was responsible for
almost 15% of all intersection crashes and was associated with high severity risk (OR 2.6).
The addition of flashing lights to stop signs, either through beacons or embedded light-
emitting diodes, to draw attention and convey a message to drivers, especially during dark
lighting condition, and the implementation of automated red-light cameras at intersections
might help to reduce crashes where the traffic is controlled by stop sign. Use of leading
pedestrian interval, yellow change interval, and restricted right turn on red reduce crashes
at signalized intersections and should be implemented at intersections with higher vehicle
and pedestrian activities [48]. Roundabouts reduce 75 percent of injury crashes compared
to traditional stop sign or signal-controlled intersections and are recommended for high-
risk intersections with severe injury risk and relatively low traffic volume [49]. When
the traffic control was a crosswalk, the crash almost always involved a pedestrian which
might explain the substantially high severe crash risk associated with crosswalks. Vehicle
speed was directly related to pedestrian and bicyclist injury severity and severe injuries
are unavoidable when pedestrians are hit at high speed. Implementing stop signs at all
intersections that include crosswalks and providing pedestrian overcrossings at high-risk
locations might reduce fatal collisions between pedestrians and vehicles at intersections.

Intersection crashes were more frequent in and around the city center and in the
northwest part of the city. The spatial pattern of locations experiencing frequent intersection
crashes and locations with relatively severe intersection crash clusters were different. Crash
incidents occurring at city road intersections experiencing relatively fewer frequent crashes
were more likely to result in severe crashes. All-way stop signs might be introduced to
these severity-prone intersections as the reduced speed of vehicles at all-way intersections
should result in less severe crashes.

Understanding the effects of different variables on intersection crash severity is ex-
pected to aid the City of San Antonio in making informed decisions that prioritize crash
reduction treatments at high-risk intersections identified by spatial analysis. City-wide
traffic volume data at intersections were unavailable and this study did not include traffic
volume data in spatial analysis. Further studies on intersections with available traffic vol-
ume data by creating a typology of intersections based on frequency-severity combination
might better represent crash patterns in San Antonio. While understanding the effect of
human factors on intersection crash severity is crucial, only basic demographic information
was used due to the unavailability of data about other human factors. The reported injury



Sustainability 2021, 13, 5296 17 of 18

severities were heavily reliant on the judgement of law enforcement officers and could not
be cross-checked with external sources, which is another limitation of this study.
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