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Abstract: Pedestrian safety is becoming a global concern and an understanding of the contributing
factors to severe pedestrian crashes is crucial. This study analyzed crash data for San Antonio, TX,
over a six-year period to understand the effects of pedestrian–vehicle crash-related variables on
pedestrian injury severity based on the party at fault and to identify high-risk locations. Bivariate
analysis and logistic regression were used to identify the most significant predictors of severe
pedestrian crashes. High-risk locations were identified through heat maps and hotspot analysis.
A failure to yield the right of way and driver inattention were the primary contributing factors to
pedestrian–vehicle crashes. Fatal and incapacitating injury risk increased substantially when the
pedestrian was at fault. The strongest predictors of severe pedestrian injury include the lighting
condition, the road class, the speed limit, traffic control, collision type, the age of the pedestrian,
and the gender of the pedestrian. The downtown area had the highest crash density, but crash
severity hotspots were identified outside of the downtown area. Resource allocation to high-risk
locations, a reduction in the speed limit, an upgrade of the lighting facilities in high pedestrian
activity areas, educational campaigns for targeted audiences, the implementation of more crosswalks,
pedestrian refuge islands, raised medians, and the use of leading pedestrian interval and hybrid
beacons are recommended.

Keywords: pedestrian; motor vehicle; crashes; fatalities; logistic regression; bivariate analysis

1. Introduction

Pedestrian–motor vehicle crashes are a common global occurrence [1] and every year
millions of people get injured or killed from these crashes [2]. Pedestrians are fragile and
usually travel at a much slower speed compared to motor vehicles, putting themselves at a
disadvantage when a crash occurs compared to drivers or vehicle occupants, and therefore,
they are much more susceptible to severe injuries and fatalities from crashes [3]. With the
increase in automobile usage and the current trends in accommodating pedestrians and
bicyclists on city streets, vulnerable road users (bicyclists, pedestrians, and motorcyclists)
are expected to become more susceptible to traffic crashes, especially in places where traffic
laws are poorly enforced [1].

Ensuring pedestrian safety on roadways to develop a safe, sustainable, and dynamic
transportation system with minimal fatalities has become a major concern for transporta-
tion planners, engineers, and stakeholders because of the unprotected nature of pedes-
trians. The significant contribution of walking to the reduction in chronic disease rates
and health care costs and improving public health has resulted in an increasing trend in
the practice of walking [4]. Although roads are usually shared by both pedestrians and
vehicles, often less consideration is given to pedestrian safety compared to the ease of
movement of vehicles and driver safety, making it difficult for drivers and pedestrians
to share the roadway. Hence, an understanding of the effects of crash-related variables
(human/temporal/roadway/environmental) on pedestrian injury severity is of great im-
portance in the process of robust countermeasure planning. In 2016, nearly 6000 pedestrians
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were killed in traffic crashes in the United States accounting for about 16% of all fatal traffic
crashes [5]. Pedestrian crashes are often unreported, especially minor and non-injury
crashes and crashes that did not occur on public roadways. Some states require several
criteria to be fulfilled for a crash to be reported, which leaves many crashes unreported [6].
A review of 18 previous studies made at different times and localities that compared police,
hospital, and insurance reported injury data found that 20% of severe injuries, 50% of
minor injuries, and up to 60% of non-injury crashes were not reported [7].

1.1. Literature Review

Pedestrian crashes are influenced by several factors such as the age and gender of
the pedestrians, lighting conditions, vehicle type, driver/pedestrian distraction, time of
day, day of the week, road type, vehicle speed, traffic control, environment characteristics,
road geometry, traffic volume, intersection presence, drug and alcohol influence, spatial
location, and problematic driving behaviors [5,8,9]. Pedestrian mobility directly influences
the odds of a pedestrian being involved in a crash or getting injured. Children and older
pedestrians usually require more time to cross the road and have greater odds of getting
involved in crashes. Pedestrians and drivers face difficulties in following traffic rules when
they are distracted and become more susceptible to crashes [10]. In 2015, 16% and 21% of
all fatalities involved older pedestrians (>65 years) and children (<15 years), respectively in
the United States [11]. The influence of alcohol on drivers and/or pedestrians significantly
increases the odds of pedestrian crashes. In 2016, the influence of alcohol on the pedestrian
and/or driver was reported in about 50% of all fatal pedestrian crashes. More than
34% of fatal pedestrian crashes involved pedestrians with a blood alcohol concentration
of at least 0.08 g/dL, and 15% involved drivers with a blood alcohol concentration of
at least 0.08 g/dL [11]. Insufficient lighting on roadways affects the vision of drivers
and pedestrians alike, which often leads to more frequent crashes and severe injuries.
Pedestrians are much more susceptible to fatal crashes under dark conditions than any
other light conditions based on the crash data for the 1997–2006 period in the U.S. [12].
Bad lighting conditions coupled with other crash contributing factors such as alcohol
influence on pedestrians and high-speed limits on limited access roadways were found to
greatly exacerbate the risk of pedestrian injuries and fatalities [13]. The effect of lighting
conditions on fatal crash incidents is evident from the reduced crash frequency resulting
from the implementation of daylight-saving time. Using data for 5 years (1987–1991),
the analysis found that a one-hour daylight shift towards the evening hours prevented
an estimated 727 pedestrian fatalities [13]. Both the severity of pedestrian injury and the
rate of mortality appear to be related to gender. Male pedestrians were found to be more
susceptible to severe injuries and fatalities compared to their female counterparts based on
2000–2004 data in Baltimore, MD [14]. Two-year data (2008–2009) from the U.S. Fatality
Analysis Reporting System, General Estimates System, National Household Travel Survey,
and population estimates were analyzed for the age group greater than 5 years old and
it was found that the pedestrian fatality rate for males was more than twice than that
for females. The ratio of male to female in terms of walking exposure was 0.995 and the
collision risk and case fatality rate were 1.191 and 1.976, respectively [15].

The speed of motor vehicles is considered to be one of the most influential factors
which determines injury severity. A detailed investigation of 176 fatal pedestrian crashes
from 1983 to 1991 in Adelaide, Australia found that the reduction in the speed limit from
60 km/h to 50 km/h resulted in a 13–48% reduction in fatal pedestrian collisions [16].
Higher average traffic volumes at intersections were responsible for a relatively increased
number of pedestrian crashes, while the rate of increase in pedestrian crashes was steeper
at lower values of average traffic volume [17]. Hostile weather conditions (e.g., heavy rain,
snow, fog, hail) can reduce visibility and decrease the friction between tires and the road
surface, making the vehicle-maneuvering more difficult. In the U.S. and Great Britain,
about 12% of all crashes happen during rain, and around 16% in Canada [18]. These
proportions are much higher than the proportions during dry weather. Every year in the
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U.S., around 22% of vehicle crashes, 16% of fatal crashes, and 19% of crash injuries occur
during adverse weather conditions [19]. A crash-based matched-pairs analysis approach
with high resolution precipitation products (hourly, 4 × 4 km) found that rainfall increases
the crash risk across the state by about 57% [20].

1.2. Economic Impact and Focus on San Antonio

The total cost of pedestrian and bicyclist injuries in 2000 was estimated to reach
a total of $40.4 billion over the lifetimes of the injured [21]. This value represents the
lifetime economic impact and losses for fatalities, non-fatal injuries, and damaged vehicles.
There are also several indirect costs associated with pedestrian–vehicle collisions such
as the loss of bodily and mental functions, productivity, etc. A study was carried out to
determine the lifetime economic costs for 41,821 fatalities, 5.3 million non-fatal injuries,
and 28 million damaged vehicles which occurred in 2000 in terms of the monetary value
in 2002, which equated to $230.6 billion [22]. A more recent report from 2010 indicates
the total cost is about $242.0 billion [23]. About 38,000 deaths from traffic crashes in 2018
resulted in $55.0 billion in medical and work loss costs [24]. Pedestrian crashes are one
of the major contributors to this cost. The costs of these types of crashes continue to
increase [25]. San Antonio (located in Bexar County) is one of the fastest-growing cities in
the United States and the seventh most populous city in the country with a 2019 population
of 1.533 million [26]. The population of San Antonio increased by 15.5% from 2010 to 2018
and the current proportion of females in the total population is slightly greater (50.6%)
than males [27]. The population of San Antonio grew by 24,408 from 2016 to 2017, which is
more than any other city in the United States [28]. This population growth is expected to
increase the number of pedestrians and vehicles occupying the roads, leading to increased
interactions unless proper countermeasures are adopted. The “Walk Score” measures the
walkability of any address/location by analyzing the walking routes to nearby amenities,
and points are awarded to the address/location based on their distance from amenities.
The “Walk Score” of San Antonio is only 38 out of 100 [29], and San Antonio is ranked as
the 18th most dangerous city for pedestrians out of 51 of the largest metro areas [30] in
the United States. The number of people walking on the road is one of the best measures
of exposure for pedestrians [31–33]; however, obtaining continuous pedestrian volume is
very difficult.

1.3. Statistical Approaches and Scope of Study

Researchers have adopted several techniques in traffic safety analyses in previous
studies: the simultaneous equations model [34], the negative binomial model [35–37], the
random effect ordered logit model [38], the ordinal probit model [39], the random effect
negative binomial model [40], and the Bayesian hierarchical binomial logistic model [41].
More recent approaches that have analyzed the injury severity from accidents include
the generalized ordered approach [42], the zero inflated model [43], the fractional split
approach [44], the copula approach [45], and the panel mixed approach [46]. Logistic
regression can measure associations, can control for confounding variable effects [47], and
has been widely used in previous pedestrian crash analysis studies to determine the associ-
ations between the injury severity and the contributory factors [48], to identify the fatal
crash-related risk factors [49,50], and to analyze the vulnerability of older pedestrians [51].

The severity of a crash can be influenced by the party at fault in a crash and a few
studies have explored how the party at fault influences the severity of the crash [52–54].
The failure to provide the right of way to motor vehicles is the primary fault of pedestrians.
Fault from the pedestrians’ end gives motor vehicle drivers comparatively less reaction
time and increases the injury severity risk [53]. This paper aims to contribute to the city of
San Antonio’s plan to reduce severe pedestrian crashes on roadways by identifying severe
pedestrian crash hotspots, determining the variables significantly associated with severe
pedestrian crashes, analyzing how these predictors affect the crash severity to ensure the
proper allocation of resources, and suggesting relevant countermeasures. The results are
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expected to aid the city of San Antonio, the Texas Department of Transportation, and other
stakeholders to make informed decisions regarding future designs and to run campaigns
for a targeted audience. This study contributes to the literature by identifying the strongest
predictors for different levels of pedestrian injuries and by estimating how these predictors
affect the different levels of injuries as stand-alone variables and in conjunction with other
variables based on the party at fault.

2. Materials and Methods

The crash data for the period of January 2013 to December 2018 were acquired from the
Texas Department of Transportation’s (TxDOT) Crash Records Information System (CRIS).
The crash data are a collection of all the crashes that occurred on the roads throughout the
State of Texas as reported by law enforcement officers. The CRIS database covers crash
records starting from 2003. The law enforcement officer is required to forward a report on
a crash that resulted in the injury or the death of any person, to the Texas Department of
Transportation (TxDOT) no later than the 10th day after the date of the crash. Any crash
that resulted in property damage to any one person’s property of $1000 or more must be
reported to the TxDOT after investigation. The CRIS data for each year are categorized
in the following files: crash, charge, person, primary person, unit, damage, restriction,
and endorsement. CRIS provides the location (geographical coordinates) and the time of
the crash along with the relevant information pertaining to the crash (e.g., environmental,
driver, and vehicle characteristics).

Pedestrian-at-fault crashes were selected based on the contributing factors of the
crashes. For each crash, up to three contributing factors are reported, the first one being
the most relevant. Pedestrian-at-fault crashes were classified as crashes where at least
one of the contributing factors for a pedestrian crash was the failure of the pedestrian to
yield the right of way to vehicles. The injuries suffered by the pedestrians were divided
into two categories: KA (fatal or incapacitating) injury and KAB (fatal, incapacitating, or
non-incapacitating) injury. In other words, a KA injury indicates only severe injuries while
a KAB injury indicates any type of confirmed injury. Three datasets were prepared for
analyses: all pedestrian-related crashes, pedestrian-not-at-fault crashes, and pedestrian-at-
fault crashes.

A heat map was constructed using pedestrian crash coordinates to represent the
density of pedestrian crashes over the study area, using a color scheme incorporating a
set of smoothly varying colors representing lower to higher density of crashes [55]. In
the density calculation, the kernel density method was used which is suitable for the
visualization of crash data as a continuous surface [56] and counts the number of crashes
at each location as a density estimation. The density value is at the maximum at the
center and gradually declines away from the center [57,58]. The KDE tool uses the 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 [57].

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 is the population field value of
point i; and distancei is the distance between point i and the (x, y) location.



Sustainability 2021, 13, 6610 5 of 23

Statistically significant spatial clusters of high values (hot spots) and low values (cold
spots) were identified using the hot spot analysis (Getis-Ord Gi*). The mechanism creates an
output feature with a z-score, p-value, and a confidence level bin for each input feature. In
this analysis, a Complete Spatial Randomness (CSR) of the features or the values associated
with those features was the underlying null hypothesis. To reject the null hypothesis, a
statistically significant clustering or a dispersion of the features or the values associated
with features based on the z-score and p-value was required. The p-value represents the
probability of randomness in clustering and z-scores are standard deviations. When the
p-value is very small along with a very high/low z-score, it suggests that the probability
of a cluster being produced by random distribution is very small. False Discovery Rate
correction was applied to account for multiple testing and the spatial dependence of the
data. If the search bandwidth is too large, the produced pattern would be too smooth,
making the process of differentiation harder between local hotspot locations. On the other
hand, a narrow search bandwidth results in a spiky density pattern highlighting individual
hotspot locations. As false conclusions can occur from such results, the “trial and error”
method was adopted to resolve the problem as recommended by previous studies [59–61].

Severe pedestrian crash-prone locations are not revealed from the heat maps produced
using crash density. A weight needs to be provided to each pedestrian crash based on the
severity of the crash to identify hot/cold spots. The compromise approach where greater
weight is provided to more severe crashes has been popular, but there is no standard
optimum weighting system [62]. The Roads and Traffic Authority of New South Wales
used a severity index of 3.0, 1.8, 1.3, and 1.0 for fatal, serious injury, other injury, and
property damage only crashes, respectively [63]. Another study used a severity index of
5.0, 3.0, and 1.0 for fatal, serious, and light injury crashes [64]. Relatively greater weights
were provided to pedestrian crashes resulting in fatal/serious injuries in this study to
identify significantly high-risk locations for pedestrians and the severity (SI) of a location
was computed 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 incapacitat-
ing/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/property
damage only crashes.

The crash associated variables used in this study (Table 1) were selected from a
literature review to analyze their effect on the severity of pedestrian crashes as stand-alone
variables and in conjunction with other variables. The numbers and percentages of each
class within each variable gives an initial impression of the effect of a variable on the
severity of pedestrian crashes. This study explored the relationship between the severity of
pedestrian crashes and pedestrian crash-associated variables as standalone variables using
a bivariate analysis. Bivariate analysis identifies the relationship between two variables
and can be used as an exploratory tool in testing the hypothesis of the association between
a dependent variable and an independent variable. The chi-squared test was used in
the bivariate analysis to determine statistically significant differences in two or more
groups in the distribution of a categorical variable. Although the chi-squared test can
determine whether two variables are related to one another, possible confounding factors
are not controlled in the process and hence it cannot establish a definite causal relationship.
Logistic regression models were developed to test the relationship of the severity of the
pedestrian crash to the crash-associated variables (weather condition, lighting condition,
surface condition, speed limit, road class, collision type, time, period of week, month,
intersection presence, road alignment, traffic control, vehicle type) and the variables related
to pedestrian characteristics (age, gender, ethnicity) using the severity of the pedestrian
crash as the response variable. The logistic regression model is advantageous over the
bivariate analysis as it can determine how a predictor affects the severity of the pedestrian
crash while controlling for other predictors. The logistic regression analysis was performed
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using RStudio [65] and the values of the null deviance and the residual deviance along
with their respective degrees of freedom obtained from the analysis were used to evaluate
the overall performance of each model, where the null deviance suggests how well the
model can predict the response with only an intercept, and the residual deviance shows the
effectiveness of the response prediction by the model when predictors are included in the
model. In other words, the difference between the null and the residual deviance represents
the reduction in the deviance as a result of the inclusion of the predictor variables in the
null model. An odds ratio was used to check the strength of the association of a significant
variable class in the logit model. 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. Figure 1 represents the step-by-step
procedures of this study:

Table 1. Description of the study variables.

Num. Description Values Num. Description Values

1 Day of Week Weekend 9 Surface Cond. Wet
Weekday Dry

2 Season Winter 10 Collision Type Going Straight
Spring Turning Right

Summer Turning Left
Fall Backing

3 Time of Day 8 p.m.–6 a.m. 11 Speed limit ≤25 mph
6 a.m.–8 p.m. >25 mph

4 Lighting Cond. Daylight 12 Intersection Presence Yes
Dark No

5 Weather Cond. Rain 13 Road Class Highway/FM Road
Clear/Cloudy Other Roads

6 Road
Alignment Straight/Curve (Level) 14 Gender Male

Straight/Curve (Grade/Hilcrest) Female
7 Traffic Control Divider/Marked Lane 15 Age ≤18

Crosswalk/Stop/Signal/None 19–64
8 Vehicle Type Car/SUV ≥65

Truck/EV 16 Ethnicity Non-Hispanic
Bus/Yellow School Bus/Van Hispanic

17 Alcohol Influence Yes

This study had a few limitations. The injury severity was determined by the officer
on duty and the officers’ judgement could be subject to error. The party at fault was
determined based on the contributing factors reported by the officer and could be subject
to judgement error. There is also the possibility of bias in the sample selection, which
is often associated with crash data analyses as people involved in crashes might not be
representative of the general road user population. The coordinates were unavailable for
28.1% of the crashes, so the heat maps and hotspots were prepared using only 71.9% of
all crashes. The crash severity was reported as unknown when the severity could not be
determined (e.g., hit and run, fled scene).
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Figure 1. Flow chart of study process.

3. Results and Discussion
3.1. Spatial Analysis

A heat map and hotspot visualization were used to describe the spatial distribution of
crashes and the areas with higher densities of severe crash occurrences (Figures 2–5). The
World Geodetic System (WGS 1984, EPSG:4326) was used as the geographic coordinate
system for Figures 2–5 with the World Street Map as the base map. Pedestrian crash
density was highest in the downtown area, especially at intersections. This was expected
since pedestrians constitute an essential element of downtown traffic for all cities. The
intersections on E Houston St, E Travis St, E Commerce St, E Market St, S Zarzamora St,
Fredericksburg Rd, and Wurzbach Rd were associated with frequent pedestrian crashes
(Figure 2).

The spatial distribution of the locations with a high/low risk of severe crashes obtained
from the hotspot analysis (Figure 4) was very different from the crash density distribution
(Figure 2). Cold spots (locations with statistically significant clusters of non-severe crashes)
were observed surrounding the intersections of major roads at the heart of the city (the
same area with the highest pedestrian crash density). The statistical analysis concluded
that the presence of intersections reduces the crash risk, justifying the distribution of these
cold spots. Previous studies also found pedestrian crashes at intersections to be less severe
compared to mid-block pedestrian crashes [62,66]. However, pedestrian crashes at the
intersections in San Antonio still resulted in a substantial proportion of severe pedestrian
injuries [67]. Hot spots were observed at locations with a relatively lower crash frequency:
on loop 1604 near La Cantera, near the junction of I-10 and I-37, on Seguin Rd near Rittiman
Creek, around the junction of Austin highway and 410 loop, and on Nacogdoches Rd on
the NE part of the city (Figure 5).
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Pedestrian crashes accounted for a total of 5316 crashes (5694 pedestrians involved)
from 2013 to 2018, or 1.77% of the total crashes in San Antonio. However, pedestrian crashes
represented 33.2% of all fatal crashes (305), 15.7% of all incapacitating injury crashes (713),
and 8.9% of all non-incapacitating injury crashes (1969) in San Antonio. Figure 6 shows the
variation in injury severity of pedestrians by the party at fault. Pedestrians were at fault
for 1228 crashes (23.1%), and these crashes resulted in substantially higher KA injuries
compared to crashes where pedestrians were not at fault (36.4% vs. 14.7%). This is because
pedestrians encounter vehicles driving at relatively high speeds when the vehicle has the
right of way. Figure 7 quantifies the extreme vulnerability of pedestrians to severe crashes
by showing the annual proportions of pedestrian crashes and KA and KAB injuries over
the study period. Although the proportion of pedestrian crashes slightly decreased over
time, the proportion of pedestrian KA injuries followed an increasing trend.

3.2. Bivariate Analysis

Tables 2–4 provide the frequencies and the proportions of the pedestrian crashes and
the crash severity levels against the selected variables that are potential crash contributing
factors. This gives a preliminary idea of how these variables are related to the different
levels of crash severity along with their frequencies. When the severe injuries of all the
pedestrians are considered, the following crash variables are associated with a greater
injury risk as observed from their respective injury percentages: dark lighting (both lighted
and not lighted) conditions, interstate roads, a higher speed limit, the weekend period, not
being at an intersection, nighttime, a collision while the vehicle is moving straight, curve
(grade/hillcrest) alignment, motorcycle and emergency vehicles (police car, ambulance),
and a divider/marked lane as a traffic control. For almost all cases, the severe injury risk of
pedestrians was substantially higher when the pedestrians were at fault. The differences
of proportions among the classes of individual variables were less striking when all the
crashes that resulted in any type of confirmed pedestrian injury were considered. The
differences among the classes were more prominent for lighting conditions, speed limit,
road class, time of day, road alignment, alcohol influence, and traffic control. The influence
of alcohol on drivers was an infrequent contributing factor for crashes when pedestrians
failed to yield the right of way.
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Table 2. Proportions of pedestrian severe injury (KA) and any injury (KAB) crashes in San Antonio from 2013to 2018 for
environmental -, temporal -, and vehicle-related variables.

All Pedestrians Pedestrian-at-Fault Pedestrian-not-at-Fault

Variable N = 5316 KA% KAB% N = 1228 KA% KAB% N = 4088 KA% KAB%

Lighting Condition: Daylight 3026 11.8 52.0 488 18.4 63.5 2538 10.6 49.7
Dark, not lighted 600 29.0 66.3 223 43.9 79.8 377 20.2 58.4
Dark, lighted 1534 29.9 66.3 483 51.1 79.9 1051 20.1 60.0
Weather Condition: Clear 3892 19.5 58.3 908 36.2 73.1 2984 14.4 54.1
Rain/Hail/Snow 354 18.9 54.2 86 38.8 71.8 269 12.6 48.7
Cloudy 1035 18.4 57.8 230 37.8 75.6 805 12.8 52.7
Day of Week: Saturday 720 22.5 58.8 168 42.3 75.0 552 16.5 53.8
Sunday 529 24.8 63.3 136 41.9 77.9 393 18.8 58.3
Monday 755 19.5 58.7 192 39.1 75.5 563 12.8 52.9
Tuesday 794 16.2 55.7 174 32.8 68.4 620 11.6 52.1
Wednesday 816 16.7 56.4 173 29.5 74.0 643 13.2 51.6
Thursday 798 17.3 55.8 175 29.7 66.9 623 13.8 52.6
Friday 904 19.4 59.6 210 41.0 76.7 694 12.8 54.5
Time: 8 p.m. to 6 a.m. 1489 32.1 68.8 481 52.2 82.3 1008 22.5 62.4
All other hours 3827 14.1 53.9 747 26.5 67.7 3080 11.1 50.5
Season: Winter 1360 17.6 56.2 335 37.0 71.0 1025 11.2 51.3
Spring 1337 17.6 56.7 303 32.7 72.3 1034 13.2 52.1
Summer 1102 20.1 59.3 238 37.4 73.1 864 15.4 55.4
Fall 1517 21.2 60.1 352 38.9 77.0 1165 15.9 55.0
Vehicle Type: 2/4 door car 2380 18.3 57.4 567 33.3 70.2 1813 13.6 53.3
SUV 1003 18.1 58.4 254 34.6 76.4 749 12.6 52.3
truck tractor/truck 242 22.3 54.5 47 55.3 80.9 195 14.4 48.2
Bus 56 14.3 57.1 15 13.3 60.0 41 14.6 56.1
Motorcycle 17 52.9 88.2 8 50.0 87.5 9 55.6 88.9
Emergency Vehicles 16 43.8 75.0 3 100.0 100.0 13 30.8 69.2
Van 212 18.9 62.7 51 35.3 78.4 161 13.7 57.8
Pickup 858 22.3 60.6 208 40.9 75.0 650 16.3 56.0
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Table 3. Proportions of pedestrian KA and KAB crashes in the city of San Antonio from 2013to 2018 for different road
characteristics variables.

All Pedestrians Pedestrian-at-Fault Pedestrian-not-at-Fault

Variable N = 5316 KA% KAB% N = 1228 KA% KAB% N = 4088 KA% KAB%

Road Class: Interstate 322 41.6 72.4 114 54.8 86.8 208 32.2 64.4
US/State Highway 576 30.9 69.8 230 42.2 74.8 346 23.4 66.5
FM Roads 217 27.7 64.5 79 45.6 77.2 138 17.4 57.2
City streets 2765 19.2 60.1 755 31.5 71.7 2010 14.6 55.7
Non trafficway 1436 8.0 45.3 50 22.0 58.0 1386 7.5 44.9
Surface Condition: Dry 4718 19.4 58.6 1094 36.9 74.1 3624 14.2 53.9
Wet 523 18.6 55.8 128 35.2 70.3 395 13.2 51.1
Road Alignment: Straight, level 4579 18.4 57.3 1051 35.5 72.4 3528 13.3 52.7
Straight, Grade/Hillcrest 449 28.3 68.6 123 47.2 80.5 326 21.2 64.1
Curve, Level 89 24.7 69.7 25 28.0 84.0 64 23.4 64.1
Curve, Grade/Hillcrest 54 35.2 75.9 20 50.0 80.0 34 26.5 73.5
Traffic Control: None 2154 16.6 55.9 425 34.4 73.9 1729 12.2 51.5
Signal light 1133 15.6 57.5 232 28.0 68.1 901 12.4 54.8
Stop Sign 423 11.1 56.7 49 16.3 69.4 374 10.4 55.1
Divider 182 35.2 67.0 73 46.6 74.0 109 27.5 62.4
Crosswalk 225 11.6 50.2 27 18.5 55.6 198 10.6 49.5
Marked Lanes 911 34.5 68.1 393 46.8 78.6 518 25.1 60.0
Speed Limit: 25 mph or less 1122 8.5 45.1 76 18.4 63.2 1046 7.7 43.8
over 25 mph 3700 23.1 62.5 1088 37.8 74.4 2612 17.0 57.5
At Intersection: Yes 1634 14.5 56.4 283 27.9 68.6 1351 11.7 53.8
No 3682 21.2 58.8 945 39.2 74.9 2737 15.0 53.3
Collision Type: Going Straight 3270 24.5 62.8 1032 39.9 76.0 2238 17.4 56.8
Turning Right 382 7.3 48.2 38 13.2 68.4 344 6.7 45.9
Turning Left 939 11.2 58.8 132 20.5 62.1 807 9.7 58.2
Backing 551 7.8 38.1 8 0.0 25.0 543 7.9 38.3

Table 4. Proportions of pedestrian KA and KAB crashes in the city of San Antonio from 2013to 2018 for human-related
variables.

All Pedestrians Pedestrian-at-Fault Pedestrian-not-at-Fault

N = 5694 KA% KAB% N = 1283 KA% KAB% N = 4411 KA% KAB%

Gender: Male 3307 20.4 58.1 868 37.7 73.8 2439 14.2 52.4
Female 2371 15.3 54.0 414 30.9 68.1 1957 12.0 51.0
Age: 18 or less 1021 11.4 56.1 271 20.7 67.2 750 8.0 52.1
19 to 64 3883 19.4 56.4 862 39.4 74.0 3021 13.6 51.3
65 or older 657 23.1 62.1 122 44.3 77.0 535 18.3 58.7
Ethnicity: White 1809 19.5 57.5 376 40.2 76.3 1433 14.0 52.5
Hispanic 3058 17.4 56.6 699 33.5 71.4 2359 12.6 52.2
Black 611 19.5 54.5 169 34.9 66.9 442 13.6 49.8
Asian 52 19.2 65.4 11 18.2 81.8 41 19.5 61.0
Other 67 14.9 49.3 14 35.7 71.4 53 9.4 43.4
Driver Alc.: Yes 61 42.6 72.1 4 75.0 100.0 57 40.4 70.2
No 5237 18.9 58.1 1223 36.5 73.4 4014 13.6 53.4

Details of the chi-squared test results and the respective OR values for the classes
within each variable for all pedestrians, pedestrians-at-fault, and pedestrians-not-at-fault
crashes are provided in Tables 5–7, respectively. In these tables, the classes within some of
the variables were modified (compared to Tables 2–4) to better understand their effects on
the crash severity. “Dark, lighted” and “Dark, not lighted” were combined and labeled as
“Dark”. All inclement weather conditions (rain, snow, fog, hail) were labeled as “Rain”.
Interstate roads, US highway, and FM roads were combined in one group (Highway/FM
Road) while the rest were labeled as “Other Roads”. Classes within the road alignment
variable were clustered in two new classes: Straight/Curve (Level) and Straight/Curve
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(Grade/Hillcrest). The ethnicity of the pedestrians was divided into two classes: Hispanic
and non-Hispanic.

Table 5. Chi-squared test results and OR for KA and KAB injury risks (all pedestrians).

KA KAB

Factor df Chi-Square Statistic p-Value OR Chi-Square Statistic p-Value OR

Lighting condition: Daylight 1 253.1 2.2 × 10–16 0.32 103.9 2.2 × 10–16 0.55
Dark 1.00 1.00
Weather Condition: Rain 1 0.0 1.00 0.99 1.7 1.9 × 10–1 0.85
Clear/Cloudy 1.00 1.00
Road Class: Highway/FM Road 1 166.8 2.2 × 10–16 1.00 68.3 2.2 × 10–16 1.00
Other Roads 0.36 0.52
Speed limit: ≤25 mph 1 114.9 2.2 × 10–16 1.00 103.4 2.2 × 10–16 1.00
>25 mph 3.24 2.01
Day of Week: Weekend 1 18.9 1.4 × 10–5 1.41 4.1 4.2 × 10–2 1.15
Weekday 1.00 1.00
Intersection Presence: Yes 1 32.4 1.3 × 10–8 0.63 2.7 1.0 × 10–1 0.91
No 1.00 1.00
Season: Winter 3 9.2 2.7 × 10–2 0.79 6.2 1.0 × 10–1 0.74
Spring 0.79 0.75
Summer 0.94 0.97
Fall 1.00 1.00
Time of Day: 8 p.m.–6 a.m. 1 222.6 2.2 × 10–16 1.00 97.6 2.2 × 10–16 1.00
All other hours 0.35 0.53
Collision Type: Going Straight 2 124.4 2.2 × 10–16 2.59 33.1 2.2 × 10–16 1.20
Turning Right 0.63 0.66
Turning Left 1.00 1.00
Alignment: Straight/Curve (Level) 1 31.4 2.1 × 10–8 0.56 26.3 3.7 × 10–7 0.59
Straight/Curve (Grade/Hillcrest) 1.00 1.00
Vehicle Type: Car/SUV 2 13.2 1.0 × 10–3 1.02 3.1 2.1 × 10–1 0.85
Truck or EV 1.38 0.94
Bus/Van 1.00 1.00
Surface Condition: Wet 1 0.2 6.4 × 10–1 0.94 1.6 2.1 × 10–1 0.89
Dry 1.00 1.00
Traffic Control: Divider/Marked Lane 1 198.1 2.2 × 10–16 1.00 48.1 4.1 × 10–12 1.00
Crosswalk/Stop/Signal/None 0.35 0.61
Gender: Male 1 24.9 6.1 × 10–7 1.43 11.0 1.0 × 10–3 1.20
Female 1.00 1.00
Age: ≤18 2 44.3 2.4 × 10–10 1.00 6.6 3.7 × 10–2 1.00
19–64 1.86 0.99
≥65 2.31 1.24
Ethnicity: Non-Hispanic 1 3.2 7.2 × 10–2 1.14 0.0 1.00 1.00
Hispanic 1.00 1.00

3.2.1. Environmental and Temporal Characteristics

The increased severe injury risk associated with some of the factors is intuitively
apparent. Dark lighting conditions are understandably more dangerous for pedestrians,
especially when the pedestrians are at fault, as the combined effect of the unexpectedness
of the crash and the reduced visibility would most likely increase the reaction time of
the drivers. Under dark lighting conditions, the likelihood of severe injury and any type
of injury were quadrupled and doubled, respectively, compared to daylight conditions
when pedestrians were at fault. Dark lighting conditions had a similar effect on severe
pedestrian injury in previous studies [12,66]. The majority of pedestrian crashes occurred
under clear/cloudy weather conditions on dry road surfaces. Rainy weather had no effect
when only severe pedestrian injuries are considered. However, contrary to a previous
study [20], rainy weather slightly reduced the injury risk when the crashes resulting in any
type of pedestrian injury are considered. Non-severe injury is largely associated with a
lower vehicle speed, and the rainy weather/wet surface might force drivers to drive with
more caution, resulting in fewer non-severe injuries under these conditions.
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Table 6. Chi-squared test results and OR for KA and KAB injury risks (pedestrians at fault).

KA KAB

Factor df Chi-Square Statistic p-Value OR Chi-Square Statistic p-Value OR

Lighting condition: Daylight 1 113.6 2.2 × 10–16 0.24 37.9 7.3 × 10–10 0.44
Dark 1.00 1.00
Weather Condition: Rain 1 0.0 1.00 1.02 0.3 6.0 × 10–1 0.85
Clear/Cloudy 1.00 1.00
Road Class: Highway/FM Road 1 24.6 6.9 × 10–7 1.00 6.4 1.1 × 10–2 1.00
Other Roads 0.52 0.68
Speed limit: ≤25 mph 1 10.2 1.0 × 10–3 1.00 3.4 6.4 × 10–2 1.00
>25 mph 2.64 1.64
Day of Week: Weekend 1 5.0 2.6 × 10–2 1.36 1.5 2.3 × 10–1 1.22
Weekday 1.00 1.00
Intersection Presence: Yes 1 11.1 1.0 × 10–3 0.61 3.9 4.9 × 10–2 0.74
No 1.00 1.00
Season: Winter 3 2.9 4.0 × 10–1 0.92 3.5 3.3 × 10–1 0.73
Spring 0.76 0.78
Summer 0.94 0.83
Fall 1.00 1.00
Time of Day: 8 p.m.–6 a.m. 1 81.8 2.2 × 10–16 1.00 30.8 2.8 × 10–8 1.00
All other hours 0.33 0.45
Collision Type: Going Straight 2 28.7 2.6 × 10–7 2.59 12.6 2.0 × 10–3 1.94
Turning Right 0.59 1.32
Turning Left 1.00 1.00
Alignment: Straight/Curve (Level) 1 7.6 6.0 × 10–3 0.60 3.4 6.3 × 10–2 0.65
Straight/Curve (Grade/Hillcrest) 1.00 1.00
Vehicle Type: Car/SUV 2 10.8 5.0 × 10–3 1.17 2.1 3.5 × 10–1 0.90
Truck or EV 1.80 1.14
Bus/Van 1.00 1.00
Surface Condition: Wet 1 0.1 7.6 × 10–1 0.93 0.7 4.0 × 10–1 0.82
Dry 1.00 1.00
Traffic Control: Divider/Marked Lane 1 31.9 1.7 × 10–8 1.00 6.8 9.0 × 10–3 1.00
Crosswalk/Stop/Signal/None 0.50 0.69
Gender: Male 1 5.8 1.6 × 10–2 1.37 5.4 2.1 × 10–2 1.37
Female 1.00 1.00
Age: ≤18 2 34.0 4.2 × 10–8 1.00 4.3 1.1 × 10–1 1.00
19–64 2.45 1.33
≥65 2.96 1.53
Ethnicity: Non-Hispanic 1 2.6 1.1 × 10–1 1.22 0.5 4.7 × 10–1 1.11
Hispanic 1.00 1.00

The increased likelihood of severe injury during nighttime (8 p.m.–6 a.m.) could also
be related to reduced visibility. Compared to daytime injury severity risk, severe pedestrian
injury risk during the nighttime was almost three times higher. About 41.4% of pedestrian
crashes occurred under dark lighting conditions. However, these crashes accounted for
63.8% of severe crashes. The weekend period is generally associated with a greater number
of drunk drivers/pedestrians [68,69], which might have contributed to the increased severe
injury risk (overall OR of 1.41) during this period. The risk of pedestrian injury was
high during the weekend, irrespective of the party at fault and the severity of injury.
Fall (September–November) and summer (June–August) seasons had a greater severe
injury risk when the pedestrians were not at fault (statistically significant) and a greater
non-severe injury risk when the pedestrians were at fault (statistically not significant).

3.2.2. Road and Vehicle Characteristics

The proportion of severe injury crashes was substantially higher on interstate roads
(41.6%) compared to city streets (19.2%) and increased with the speed limit of the road
(23.1% on roads with a speed limit >25 mph vs. 8.5% when ≤25 mph) for all pedestrian
crashes as the injury would be more severe when the collision occurred at a higher speed.
This observation is consistent with previous studies [16,70]. Moving-straight vehicles
generally have a greater speed compared to turning or backing vehicles, which explains
the greater severe injury risk in collisions when vehicles were moving straight. Pedestrian
crashes on non-traffic ways are substantially less severe and mostly include crashes where
the pedestrians were not the party at fault. However, when the pedestrians were at fault, the
severe injury risk was almost three times the overall injury risk on these roads. Left-turning
crashes have a much lower severe injury risk than straight moving crashes.
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Table 7. Chi-squared test results and OR for KA and KAB injury risks (pedestrians not at fault).

KA KAB

Variable df Chi-Square Statistic p-Value OR Chi-Square Statistic p-Value OR

Lighting condition: Daylight 1 68.0 2.2 × 10–16 0.47 34.9 3.5 × 10–9 0.67
Dark 1.00 1.00
Weather Condition: Rain 1 0.1 8.0 × 10–1 0.94 1.7 2.0 × 10–1 0.84
Clear/Cloudy 1.00 1.00
Road Class: Highway/FM Road 1 85.3 2.2 × 10–16 1.00 36.8 1.3 × 10–9 1.00
Other Roads 0.37 0.56
Speed limit: ≤25 mph 1 51.0 9.2 × 10–13 1.00 54.5 1.6 × 10–13 1.00
> 25 mph 2.44 1.73
Day of Week: Weekend 1 12.3 4.6 × 10–4 1.43 2.1 1.5 × 10–1 1.12
Weekday 1.00 1.00
Intersection Presence: Yes 1 8.1 4.0 × 10–3 0.75 0.1 7.9 × 10–1 1.02
No 1.00 1.00
Season: Winter 3 11.9 8.0 × 10–3 0.67 5.1 1.7 × 10–1 0.87
Spring 0.80 0.89
Summer 0.97 1.02
Fall 1.00 1.00
Time of Day: 8 p.m.–6 a.m. 1 81.7 2.2 × 10–16 1.00 42.7 6.3 × 10–11 1.00
All other hours 0.43 0.61
Collision Type: Going Straight 2 48.1 3.7 × 10–11 1.98 16.0 3.4 × 10–4 0.95
Turning Right 0.67 0.62
Turning Left 1.00 1.00
Alignment: Straight/Curve (Level) 1 17.5 2.9 × 10–5 0.56 19.0 1.3 × 10–5 0.60
Straight/Curve (Grade/Hillcrest) 1.00 1.00
Vehicle Type: Car/SUV 2 5.8 5.6 × 10–2 0.95 2.1 3.5 × 10–1 0.84
Truck or EV 1.24 0.91
Bus/Van 1.00 1.00
Surface Condition: Wet 1 0.3 6.2 × 10–1 0.92 1.1 2.9 × 10–1 0.89
Dry 1.00 1.00
Traffic Control: Divider/Marked Lane 1 78.0 2.2 × 10–16 1.00 12.2 4.9 × 10–4 1.00
Crosswalk/Stop/Signal/None 0.40 0.73
Gender: Male 1 4.9 2.6 × 10–2 1.23 1.3 2.5 × 10–1 1.08
Female 1.00 1.00
Age: ≤18 2 29.5 4.0 × 10–7 1.00 8.8 1.2 × 10–2 1.00
19–64 1.81 0.96
≥65 2.54 1.27
Ethnicity: Non-Hispanic 1 1.4 2.3 × 10–1 1.12 0.1 7.8 × 10–1 0.98
Hispanic 1.00 1.00

Intersections are usually well equipped with pedestrian signage and the vehicle speed
is relatively lower at intersections, which might be the reasons behind the lower proportion
of severe crashes at intersections (OR of 0.63). When pedestrians were not at fault, the
presence of the intersection reduced the proportion of severe injuries more compared
to non-severe injuries. The severity of both fatal/incapacitating and non-incapacitating
injury was lower at intersections when the pedestrians were at fault. The curve alignment
(grade/hillcrest) of roads affects visibility and makes maneuvering relatively more difficult,
making pedestrian crashes more severe. The grade/hillcrest alignment almost doubled the
proportions of both types of injury severity. Crosswalks and stop signs were associated
with notably low proportions of severe crashes, especially when pedestrians were not at
fault. Severe injury proportions at the divider and the marked lanes were approximately
three times higher compared to the crosswalk/stop sign. The crosswalk also substantially
reduced the pedestrian crash proportions resulting in injuries. Emergency vehicles (e.g.,
police cars, ambulances, fire trucks) represented a greater proportion of severe pedestrian
injury crashes compared to other types of vehicles as they generally travel at higher
speeds. Motorcycle crashes resulted in severe pedestrian injury approximately half of the
time regardless of the party at fault. Approximately 9 out of 10 pedestrian crashes with
motorcycles resulted in some sort of injury of the pedestrians irrespective of the party at
fault. Collision with a bus had the lowest severe pedestrian injury risk; this is another
reason to promote the use of public transportation services.
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3.2.3. Pedestrian Characteristics

The age and gender of pedestrians are strongly related to the risk of severe injury
as observed from their respective proportions. An increase in the age of the pedestrian
increased the severe injury risk, probably due to a decreased mobility and an increased
reaction time. Pedestrians aged 65 or above were at the highest severe injury risk while
the risk for young pedestrians (age < 19) was the lowest. Overall, male pedestrians were
more common victims (58.2%), and had higher severe injury proportions, consistent with
previous studies [14,15]. However, in pedestrian-at-fault crashes, 67.7% were male, which
implies that the male population might be more reluctant to comply with the regulations
and/or are more associated with risky behavior [71,72]. When the total population of San
Antonio were considered, 25.3% were aged less than 18 years and 11.8% were aged 65 or
over [22]. The proportions of the age groups in the total population of San Antonio were in
concert with the proportions of pedestrian crash incidents. The increased odds of severe
injuries for older and male pedestrians are consistent with previous studies [14,73].

The proportions of severe injury among pedestrians, however, were more uniform
among different ethnicities. Hispanic pedestrians were dominant in the crash data, con-
sistent with the demographics of San Antonio. When pedestrians were divided into two
groups (Hispanic and non-Hispanic), the non-Hispanic group had a slightly greater severe
injury risk (OR 1.14). The age distribution among those of Hispanic ethnicity shows a
greater proportion of young pedestrians (age ≤ 18 years) which might explain the associ-
ated lower severe injury risk as young pedestrians are less prone to severe injury. When
pedestrians were at fault, the KAB injury severity was slightly greater for those of non-
Hispanic ethnicity. The association between the KAB injury severity and the pedestrian
characteristic-related variables was relatively weaker compared to the KA injury severity.
Lastly, the influence of alcohol on drivers also significantly influenced the severe injury risk,
especially when pedestrians were not the party at fault. This calls for the implementation
of stricter policies to discourage driving when intoxicated.

3.3. Logistic Regression Results

The association between the severity of the pedestrian crash and key human-, environ-
ment, and vehicle-related factors was further analyzed using logistic regression analysis.
For each combination of datasets and the level of the injury severity, two logit models were
constructed (one included human-related factors and the other one included the rest of the
factors). Tables 8 and 9 include the coefficient estimates in log-odds terms for each category
in a variable along with the respective reference category, significance, and odds ratio. The
differences among the coefficient estimates of the categorical variables are indicative of
their effects on the crash severity. When the estimate coefficient associated with a variable
is negative, it indicates a decrease in the odds of a severe injury. On the other hand, a
positive estimate coefficient suggests an increase in the odds of severe pedestrian injury. For
example, the negative coefficient estimate associated with the daylight lighting condition
(−0.63) for all pedestrians in Table 8 implies that a change from dark lighting conditions
to daylight conditions decreases the log odds of a severe pedestrian injury by 0.63, and
the significance of the variable expressed in the form of asterisks indicates that daylight
lighting conditions significantly reduce severe pedestrian injury crashes. Similarly, the
positive coefficient (0.86) and significance (***) associated with the male gender class when
all pedestrians are considered (Table 8) suggests that male pedestrians have significantly
higher odds of being involved in a severe pedestrian crash. The odds ratio is determined
from the regression coefficient estimate and represents the strength of the association of a
predictor variable with severe pedestrian crashes. The odds ratio is essentially the ratio
of the odds of the occurrence of an event given the presence of the independent variable
compared to the odds of the occurrence of that event in the absence of that independent
variable. For example, the odds of a severe pedestrian crash under daylight lighting condi-
tions were almost half (OR 0.53) compared to dark lighting conditions, while the odds of a
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male pedestrian being involved in a severe crash (OR 1.45) were greater compared to the
odds for a female pedestrian when all pedestrian crashes were considered.

Table 8. Logistic Regression Model Results for Severe Pedestrian Injury (KA).

All Pedestrian Pedestrian-at-Fault Pedestrian-not-at-Fault

Variable Reference Estimates Std Error OR Estimates Std Error OR Estimates Std Error OR

intercept 1 −0.92 ** 0.34 −0.15 0.63 −1.11 * 0.43
Stop/Signal/Crosswalk/None Divider/Marked Lane −0.50 *** 0.10 0.61 −0.38 * 0.15 0.68 −0.50 *** 0.14 0.61

Daylight Dark −0.63 *** 0.13 0.53 −1.10 *** 0.20 0.33 −0.22 0.18 0.80
Rain No−Rain 0.22 0.31 1.24 0.17 0.47 1.19 0.31 0.43 1.36

Other Roads Highway −0.49 *** 0.10 0.62 −0.41 ** 0.16 0.67 −0.48 *** 0.14 0.62
Weekend Weekday 0.15 0.10 1.16 0.04 0.17 1.04 0.24. 0.14 1.27

Speed Limit > 25 Speed Limit ≤ 25 0.86 *** 0.16 2.35 0.51 0.39 1.66 0.72 *** 0.18 2.06
Right Turning Left Turning −0.42. 0.25 0.66 −1.01 0.67 0.37 −0.30 0.27 0.74

Straight Left Turning 0.59 *** 0.13 1.81 0.47. 0.27 1.59 0.48 *** 0.16 1.62
Level Grade/Hillcrest −0.28 * 0.14 0.75 −0.37 * 0.22 0.69 −0.22 0.19 0.81
Wet Dry −0.43. 0.26 0.65 −0.29 0.39 0.75 −0.57 0.37 0.57
Car Bus/Van 0.10 0.20 1.10 0.08 0.32 1.08 0.10 0.26 1.10

EV/Truck Bus/Van 0.38. 0.21 1.46 0.49. 0.34 1.63 0.35 0.27 1.43
6 a.m.−8 p.m. 8 p.m.−6 a.m. −0.28 * 0.13 0.76 −0.34. 0.18 0.71 −0.30 0.19 0.74

Spring Fall −0.27 * 0.12 0.77 0.06 0.20 1.06 −0.47 ** 0.16 0.63
Summer Fall −0.14 0.13 0.87 −0.01 0.21 0.99 −0.27 0.17 0.76
Winter Fall −0.28 * 0.12 0.75 −0.07 0.19 0.94 −0.48 ** 0.16 0.62

Intersection_Yes Intersection_No −0.22 * 0.11 0.80 −0.09 0.19 0.91 −0.21 0.14 0.81
intercept 2 −2.31 *** 0.11 −1.59 *** 0.18 −2.59 *** 0.15

Male Female 0.37 *** 0.07 1.45 0.32 * 0.13 1.38 0.22 * 0.09 1.24
Age 19–64 Age ≤ 18 0.61 *** 0.11 1.84 0.86 *** 0.17 2.36 0.60 *** 0.15 1.81
Age ≥ 65 Age ≤ 18 0.84 *** 0.14 2.32 1.07 *** 0.24 2.92 0.94 *** 0.18 2.56

Non−Hispanic Hispanic 0.11 0.07 1.11 0.18 0.12 1.19 0.09 0.09 1.09

Note: Significance code: *** means p < 0.001; ** means p < 0.01; * means p < 0.05; “.” means p < 0.1.

Table 9. Logistic Regression Model Results for Any Type of Pedestrian Injury (KAB).

All Pedestrian Pedestrian-at-Fault Pedestrian-not-at-Fault

Variable Reference Estimates Std Error OR Estimates Std Error OR Estimates Std Error OR

intercept 1 1.55 *** 0.27 1.55 ** 0.59 1.55 *** 0.32
Stop/Signal/Crosswalk/None Divider/Marked Lane −0.18. 0.09 0.84 −0.04 0.16 0.96 −0.15 0.12 0.86

Daylight Dark −0.22 * 0.10 0.80 −0.51 * 0.20 0.60 −0.04 0.13 0.96
Rain No−Rain −0.13 0.23 0.88 −0.13 0.46 0.88 −0.10 0.27 0.91

Other Roads Highway −0.36 *** 0.10 0.70 −0.20 0.17 0.82 −0.36 ** 0.12 0.69
Weekend Weekday 0.15. 0.09 1.16 0.08 0.18 1.08 0.17 0.11 1.18

Speed Limit > 25 Speed Limit ≤ 25 0.41 *** 0.10 1.51 0.28 0.29 1.32 0.28 ** 0.11 1.33
Right Turning Left Turning −0.56 *** 0.14 0.57 0.07 0.43 1.07 −0.63 *** 0.15 0.53

Straight Left Turning −0.03 0.09 0.97 0.37. 0.22 1.45 −0.21 * 0.11 0.81
Level Grade/Hillcrest −0.27 * 0.13 0.76 −0.17 0.25 0.84 −0.32 * 0.16 0.72
Wet Dry −0.18 0.19 0.83 −0.27 0.38 0.77 −0.17 0.23 0.85
Car Bus/Van −0.10 0.16 0.91 −0.08 0.32 0.93 −0.11 0.18 0.90

EV/Truck Bus/Van −0.09 0.17 0.92 0.14 0.35 1.15 −0.14 0.19 0.87
6 a.m.−8 p.m. 8 p.m.−6 a.m. −0.32 ** 0.12 0.73 −0.39. 0.21 0.68 −0.33 * 0.14 0.72

Spring Fall −0.18. 0.10 0.84 −0.03 0.21 0.97 −0.22. 0.11 0.80
Summer Fall −0.04 0.11 0.97 −0.28 0.23 0.76 0.03 0.13 1.03
Winter Fall −0.29 ** 0.10 0.75 −0.39. 0.20 0.68 −0.27 * 0.11 0.76

Intersection_Yes Intersection_No −0.22 * 0.09 0.68 −0.19 0.18 0.83 −0.18. 0.10 0.83
intercept 2 0.17 * 0.07 0.56 *** 0.17 0.07 0.08

Male Female 0.20 *** 0.06 1.22 0.34 * 0.14 1.41 0.09 0.06 1.09
Age 19–64 Age ≤ 18 −0.01 0.07 0.99 0.24 0.16 1.28 −0.04 0.08 0.96
Age ≥ 65 Age ≤ 18 0.22 * 0.10 1.25 0.39 0.25 1.48 0.25 * 0.12 1.29

Non−Hispanic Hispanic 0.003 0.06 1.00 0.10 0.13 1.10 −0.02 0.06 0.98

Note: Significance code: *** means p < 0.001; ** means p < 0.01; * means p < 0.05; “.” means p < 0.1.

Overall, the results from the logistic regression model were consistent with the bivari-
ate analysis. The statistical significance of the variables and their strength of association
with the severity of pedestrian crashes varied between the bivariate analysis and the logistic
regression model, but the relationship direction (positive/negative) between the crash
severity and a variable was similar regardless of the crash severity and the party at fault
in a crash. The gender of the pedestrian, the road type, and the speed limit of the road
were strong predictors of pedestrian injury irrespective of severity. Traffic controls, lighting
conditions, and the age of the pedestrian have a greater association with severe pedestrian
injury while the collision type and the crash occurrence time have a stronger association
with non-severe injury. Except for the road speed limit, the factors affecting driver reaction
time (e.g., lighting condition, traffic control device, vehicle type) were generally strong
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predictors of severe injury-related pedestrian-at-fault crashes. On the other hand, the fac-
tors related to the characteristics of the road environment (e.g., road type, road speed limit,
road alignment, lighting condition) were better predictors of severe pedestrian crashes
where pedestrians were not at fault. The day of the week was a significant predictor in
determining both types of injury severity in the bivariate analysis as a stand-alone variable.
However, when analyzed in conjunction with other variables in the logistic regression
model, the day of the week was not significant in determining severe pedestrian crashes.

In the case of KAB injuries, the crash occurrence time and a collision while driving
straight were common significant predictors regardless of the party at fault. Other than
these two predictors, lighting conditions, the gender of the pedestrian, and the age of the
pedestrian were significant predictors of any type of pedestrian injury when pedestrians
were the party at fault. Pedestrian crashes where pedestrians were not the party at fault
and which resulted in any type of pedestrian injury had several strong predictors (collision
type, road type, speed limit, road alignment, crash occurrence time, season, age of the
pedestrian), but the collision type was the most significant among them. When severe
pedestrian injury is considered, collisions while driving straight have the highest odds of
severe pedestrian injury irrespective of the party at fault and left-turn crashes have a higher
pedestrian injury risk compared to right-turn crashes, especially when the pedestrians were
at fault. However, when any type of pedestrian injury is considered, left-turn crashes had
the highest odds of injury when the pedestrians were not at fault whereas right-turn crashes
had higher odds of pedestrian injury compared to left-turn crashes when pedestrians were
at fault. Right turns are often preceded by a stop of the vehicle, and the available space
for a vehicle to make a right turn is generally shorter compared to the space available
for a left turn, resulting in a reduced vehicle speed while taking a right turn. Moreover,
drivers and pedestrians are less aware of a collision when a vehicle is taking a left turn
compared to a right turn, as at least one party often remains outside of the line of sight of
the other party, especially when the pedestrian is moving from the near end/mid-section
of the road to the far end. This might contribute to the greater severe pedestrian injury
risk associated with left-turning vehicles compared to right-turning vehicles. In general,
the most significant predictors of severe pedestrian injury crashes were related to the
vehicle speed (higher road speed limit, highway roads, straight moving vehicle), lighting
conditions (dark lighting condition, 8 p.m.–6 a.m. period), and the age of the pedestrian.
The odds of older pedestrians (age ≥ 65 years) being involved in a severe pedestrian
crash are more than double compared to young pedestrians (age ≤ 18), irrespective of
the party at fault (Table 8). However, when any type of confirmed pedestrian injury is
considered, the increased odds of injury for older pedestrians were only significant when
the pedestrians were not at fault and the odds of KAB injury were lower compared to the
odds of severe injury. Hispanic pedestrians have slightly higher odds of severe injury in
a crash, but the association is not significant. Curved road alignment (grade/hillcrest)
increased the odds of severe pedestrian injury more when the pedestrians were at fault
compared to when the pedestrians were not at fault, probably due to the reduced available
reaction time for drivers performing relatively difficult maneuvering tasks. The presence
of intersections reduced the odds of pedestrian injury, especially severe pedestrian injury.
The traffic at intersections is often controlled by stop signs, signals, and crosswalks. These
traffic controls significantly reduce the odds of pedestrian injury and might be one of the
reasons that explain the reduced odds of pedestrian injury at intersections. Although rainy
weather conditions did not affect severe pedestrian injuries as a stand-alone variable in
the bivariate analysis, the odds of severe injury of pedestrians increased (not statistically
significant) in rainy weather conditions when its effect was analyzed in conjunction with
other variables in the logistic regression model. However, when any type of confirmed
pedestrian injury is considered, the effect of rainy weather on pedestrian injury was similar
in both the bivariate analysis and the logistic regression model.
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4. Conclusions

Pedestrians are the most vulnerable road users and there is a rising trend of pedestrian
crashes in the US in recent years. This study tried to understand the complex relationships
between the severity of the pedestrian injury and the crash-associated factors using six-
year crash data for the city of San Antonio, Texas. The crash data included the location
(geographical coordinates) and the time of the crash along with the relevant information
pertaining to the crash (e.g., environmental, driver, pedestrian, road, and vehicle character-
istics). Pedestrian crashes were divided into two sub-groups based on the party at fault in
the crash. For each sub-group, the relationship between different human-, environment-,
and vehicle-related factors and the proportions of pedestrian crashes with two different
injury severity levels (KA and KAB) was examined using a bivariate analysis and logistic
regression modeling.

While some variables (the gender of the pedestrian, road type, road speed limit) are
strong predictors of pedestrian injury irrespective of the severity of injury, lighting condi-
tions, traffic controls, and the age of the pedestrian are significantly strong predictors of
severe pedestrian injury only. Road dividers as traffic controls and dark lighting conditions
increase the required reaction time of the driver by reducing the visibility and creating
unexpected encounters with pedestrians, leading to more deadly collisions and severe
injuries. Pedestrian-at-fault crashes resulted in a substantially higher proportion of severe
pedestrian injuries compared to crashes where pedestrians were not at fault. The lighting
conditions, the age of the pedestrian, and the vehicle type were strong predictors of severe
pedestrian injury irrespective of the party at fault. The variables affecting driver reaction
time such as lighting conditions, traffic controls, and vehicle types were generally strong
predictors of severe pedestrian injury in crashes where pedestrians were the party at fault.
On the other hand, the variables related to the characteristics of the road environment
such as road type, road speed limit, and road alignment along with the type of collision
were better predictors of crashes where pedestrians were not at fault. The influence of
alcohol on drivers and nighttime conditions (8 p.m.–6 a.m.) substantially increased the
risk of severe pedestrian injury irrespective of the party at fault. The day of the week
was a significant predictor only for pedestrian-not-at-fault crashes and the odds of severe
pedestrian injury increased during the weekend, which might imply increased faulty driver
behavior during the weekend. The implementation of anti-drunk driving technologies
such as a breathalyzer or a touch sensor that prevents a drunk driver from starting a vehicle
based on his blood alcohol concentration should be encouraged.

In addition to emergency vehicles, which expectedly travel at high speeds, pick-
up trucks had relatively higher odds of severe injury, probably due to their rigid body
structures, which calls for the promotion of vehicles designed for improved pedestrian
safety. Crosswalks as traffic controls have significantly lower severe injury risks compared
to other traffic control situations. Crosswalks, raised medians, and pedestrian refuge
islands should be introduced at locations with high frequencies of severe pedestrian injury.
Hybrid detection approach techniques could be helpful in determining large pedestrian
flows in urban areas to determine suitable locations to implement pedestrian facilities [74].
Leading pedestrian intervals at intersections and pedestrian hybrid beacons at midblock
crossings and uncontrolled intersections are proven techniques to minimize pedestrian–
vehicle crashes [75] and should be introduced more on roadways. A higher road speed limit
reduces driver and pedestrian reaction times and increases the severe injury risk, especially
under dark lighting conditions and on curved (grade/hillcrest) road segments where the
visibility of road users is affected. The identification of such road segments, a reduction
in the permissible speed limit of vehicles on those segments, and the implementation of
reflective signs for drivers in advance along with the provision of sufficient lighting and
pedestrian facilities may help to reduce severe pedestrian injuries.
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The primary contributing factor for pedestrians was a failure to yield the right of
way to vehicles, while driver inattention was the primary contributing factor related to
vehicle drivers followed by the failure to yield the right of way to pedestrians. Following
the Texas roadway design manual, many districts in Texas have restricted legal access of
pedestrians on highways, bridges, and busy roads in high-traffic areas. Even on roads with
pedestrian access, pedestrians are expected to abide by certain rules and regulations, such
as the mandatory use of sidewalks when provided and available. Many pedestrians are
unaware of these rules and restrictions, resulting in their failure to safely share the roadway
with vehicles. Severe pedestrian crashes resulting from driver inattention could be reduced
by implementing the mandatory installation of pedestrian automatic emergency braking
systems (PAEB) and encouraging the use of autonomous vehicles [76,77]. Pedestrian crash
frequency is higher in the city center and the introduction of pedestrian overcrossings at
high-risk locations might help to minimize pedestrian–vehicle collisions. Further studies
using spatiotemporal regression and simulation models could be helpful in determining
the high-risk locations to implement pedestrian overcrossings [78,79].

The city of San Antonio adopted the Vision Zero safety approach in 2015 with the
guiding principle being the elimination of loss of life on roadways [80], and this study
could assist the city of San Antonio in achieving this goal. The identification of the
high-risk locations and the primary contributing factors of severe pedestrian crashes are
expected to aid the city of San Antonio in making informed and effective decisions in
prioritizing resource allocation. Understanding the effects of crash-associated variables
on the different levels of the severity of pedestrian crashes based on the party at fault
could help the policymakers run effective campaigns for targeted audiences, to make
practical modifications to existing facilities and policies, and to implement future pedestrian
facilities. This study did not include traffic volume data in the spatial analysis due to the
unavailability of city-wide traffic volume data and the temporal correlation in the data over
the years was not taken into consideration, which could adversely affect the precision of
parameter estimates [81]. Additionally, only the basic demographic information was used
as pedestrian-related human factors due to the limited availability of other information.
Moreover, the human factors related to motor vehicle drivers could be further explored
to determine the crashes where the pedestrians were not at fault. The injury severity
information of pedestrians was not linked to hospital data or cross-checked with external
sources and solely relied on the judgment of law enforcement officers, which is another
limitation of this study. Future studies could adopt a more parsimonious approach in terms
of losing samples by using the full data with the party at fault as a variable to address the
reduction in the sample size from data segmentation [46]. The city of San Antonio, the
Texas Department of Transportation, and other stakeholders should assign policies based
on the suggested recommendations in the previous sections to reduce severe pedestrian
crash incidents in San Antonio.
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