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This study investigates the factors influencing injury severity in rear-end collisions in
California using data from the Highway Safety Information System (HSIS). A total of
569,386 rear-end crashes recorded between 2015 and 2017 are analyzed. The dataset is
divided into 24 subgroups based on driver sex (male, female), driver age (under 25, 25-65,
over 65), area type (urban, rural), and lighting conditions (daylight, dark). For each
subgroup, a binary logistic regression model is developed to examine the likelihood of injury
(injury vs. no injury). Results indicate that crash severity is influenced by the number of
vehicles, AADT, access control, surface type, terrain, lighting, time of crash, vehicle year,
and season. Among all predictors, crashes involving three or more vehicles are consistently
linked to lower injury odds, while high traffic volume and full freeway access control
increase severity. Model performance is assessed using goodness-of-fit and discrimination
measures, including deviance, AIC, pseudo R2, and AUC. Of the 24 models, the best
performance is observed for older female drivers in rural dark conditions, while the poorest
is for young male drivers in rural dark conditions. These findings underscore the value of
disaggregated modeling and suggest that traffic safety interventions can be tailored to
specific demographic and environmental contexts.

1. Introduction

According to the World Health Organization’s Global
Report on Road Safety 2023, despite a 5% decrease in traffic
deaths in 2021 compared to 2010, deaths and injuries caused
by road traffic remain a major global health issue. Up to
2019, road crashes were considered the leading cause of
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death for children and young people aged 5 to 29 years, and
the 12th leading cause of death among all age groups [1].

In the United States, motor vehicle crashes remain a
significant public health concern. The National Highway
Traffic Safety Administration (NHTSA) reported that an
estimated 42,939 people lost their lives in traffic crashes in
2021, marking a 10% increase from the previous year and
the highest number of fatalities since 2005. Additionally,
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around 2.5 million individuals sustained injuries in motor
vehicle crashes during the same year, representing a 9.4%
rise compared to 2020 [2]. According to a Centers for
Disease Control and Prevention (CDC) report, the U.S. had
the highest population-based motor vehicle crash death rate
(11.1 per 100,000 population) among 29 high-income
countries in 2019, and it was 2.3 times the average rate of the
other countries examined [3].

California is the most populous state in the United States,
with a population of over 39 million according to the 2023
census data [4]. It also has one of the highest volumes of
traffic in the nation, with approximately 24 million licensed
drivers and over 32 million registered vehicles annually [5].
It is home to major metropolitan areas like Los Angeles, San
Francisco, and San Diego, which contribute to some of the
busiest and most congested road networks in the nation [6].
This high vehicle density, along with extensive urban traffic,
increases the likelihood and impact of road traffic crashes.
California’s vehicle density, urban traffic patterns, and
extensive availability of high-quality crash data provide a
valuable setting for targeted traffic safety research.

Among all the various types of crashes, rear-end crashes
are the most frequent and predominant. This crash type
accounts for nearly 29% of all automobile crashes in the
United States and contributes to 7.2% of fatal crashes [7].
The severity of a rear-end collision can range from minor
property damage, often resulting in inconvenient delays and
insurance claims, to more severe outcomes such as serious
injuries, permanent disabilities, or fatalities. This wide range
of severity is influenced by a complex interplay of factors,
including vehicle characteristics, road design, driver
behavior, and environmental conditions. While prior
research has explored crash frequency and overall crash
severity, few studies have specifically examined the severity
of rear-end collisions using disaggregated models that
consider driver sex, age, area type, and lighting conditions.
By identifying how these factors shape crash outcomes, we
can better target interventions toward high-risk groups.

Although extensive research has addressed various
aspects of traffic safety, a nuanced understanding of how
specific driver demographics, namely sex and age, interact
with environmental variables such as area type (urban vs.
rural) and lighting conditions (daylight, dusk/dawn, and
darkness) to influence rear-end collision severity remains
limited.

To address this gap, this study analyzes 569,386 rear-end
crashes in California between 2015 and 2017 using data from
the Highway Safety Information System (HSIS). The dataset
is divided into 24 distinct groups based on combinations of
driver sex, age group (under 25, 25-65, and over 65), area
type, and lighting conditions. A separate logistic regression
model is developed for each group to evaluate the statistical
significance and impact of variables influencing crash
severity. Severity is categorized as either property damage
only (PDO) or injury/fatality (NotPDO), where NotPDO
refers to any crash in which at least one person is injured or
killed. The findings aim to support traffic authorities and
policymakers by identifying key factors associated with rear-
end collision severity and suggesting targeted strategies to
reduce injuries and fatalities.

To provide context, the next section reviews empirical
findings on how demographic and environmental factors
affect rear-end crash severity.

2. Literature Review

Rear-end collisions are among the most common crash
types globally and significantly contribute to traffic injuries
[8, 9]. For instance, one analysis revealed that rear-end
collisions accounted for approximately 30% of all injury
crashes and about 7% of crash fatalities [10]. Given that
nearly 1.19 million lives are lost globally each year due to
road traffic crashes [11, 12], understanding the factors that
exacerbate or reduce injury severity in rear-end crashes
remains a crucial goal of road safety research. Recent studies
have increasingly focused on how driver characteristics and
environmental conditions impact the outcomes of rear-end
crashes. In particular, driver sex and driver age, as well as
area type (e.g., urban vs. rural settings) and lighting
conditions (e.g., daylight vs. darkness), have been examined
as potential determinants of crash injury outcomes. This
literature review synthesizes findings from recent research
across different regions, highlighting the current state of
knowledge for each factor.

2.1. Driver Sex and Collision Severity

Multiple studies in recent years have confirmed that
driver sex is a significant factor in the injury severity of rear-
end crashes. While traditional traffic statistics suggest that
male drivers are more frequently involved in severe crashes
due to greater exposure and riskier behaviors [13],
contemporary studies have revealed that female drivers are
more likely to sustain serious injuries when crashes occur
[14]. For instance, Dabbour et al. (2020) analyzed over a
decade of rear-end collision data and found that although
female drivers were not associated with greater injury
severity for the other driver involved, they were significantly
more likely to suffer severe injuries, regardless of being the
striking or struck driver [15].

Further support for this trend came from Ryan and
Knodler (2022), who found that female drivers involved in
rear-end crashes faced higher risks of neck, chest, and lower
extremity injuries compared to males. The study highlighted
that even when controlling for vehicle type and crash
conditions, the probability of certain injuries remained
elevated for women [16]. Sharafeldin et al. (2022) reinforced
this point using data from signalized intersections in
Wyoming. Their logistic regression model found that female
drivers had a statistically significantly higher likelihood of
experiencing injuries in rear-end crashes compared to male
drivers, all else being equal [17].

2.2. Driver Age and Collision Severity

Driver age has long been recognized as a significant
factor that influences both the likelihood and severity of
motor vehicle crashes, including rear-end collisions.
Numerous studies have shown that both the youngest and
oldest drivers tend to be at higher risk, but for different
reasons. Young drivers, particularly those under 25, are more
prone to engage in risky driving behaviors such as speeding,
distracted driving, and aggressive maneuvers, often due to
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inexperience and immature judgment [18]. Conversely, older
drivers (generally over 65) are more likely to sustain serious
or fatal injuries in crashes due to age-related physiological
frailty, slower reaction times, and declines in visual and
cognitive abilities [19, 20].

For rear-end collisions specifically, research has shown
that older drivers are more vulnerable. Sharafeldin et al.
(2022) found that age was a significant predictor of injury
severity in rear-end crashes at signalized intersections, with
older drivers experiencing more severe outcomes [17]. A
study by Zou et al. (2023) using a latent class approach,
similarly concluded that drivers aged 65 and older had
significantly higher probabilities of sustaining incapacitating
or fatal injuries in rear-end collisions [20]. This was echoed
in the findings of Santolino et al. (2022), who observed that
older drivers tended to face the highest severity risk in
crashes involving rear-end impacts. The physiological frailty
of older adults means that even moderate crashes can lead to
disproportionately severe injuries. This finding reinforces
the need for tailored interventions targeting this demographic
[21].

On the other hand, while young drivers are often
involved in more crashes overall, the injury outcomes are
typically less severe. This is attributed to a combination of
better physical resilience and the fact that many youth-
involved rear-end crashes occur in lower-speed, urban
environments. However, when factors such as high speed or
alcohol are involved, the severity escalates rapidly [15, 22-
25]. Xi et al. (2019) [26] and Luo et al. (2020) [27] found
that younger drivers were overrepresented in rear-end
collisions, but these were often property-damage-only or
minor-injury crashes unless compounded by additional risk
factors.

Naseralavi et al. (2023) advanced this area of research by
modeling crash severity across varying driver age groups
using HSIS data and a multinomial logit framework. Their
findings confirmed that rear-end crashes increased injury
risk across all age categories, with older drivers showing
greater sensitivity to environmental and roadway factors.
This highlights the importance of age-specific modeling to
reveal nuanced patterns of risk [28].

Therefore, while both young and older drivers contribute
significantly to rear-end crash statistics, the nature and
outcomes of these crashes differ, underscoring the need for
age-targeted safety strategies and driver-assistance
technologies that address these distinct risk profiles.

2.3. Area Type and Collision Severity

The geographical context of a collision, whether it occurs
in an urban or rural area, significantly influences its
characteristics and severity. Rural areas tend to experience
more severe outcomes due to higher travel speeds, limited
roadway lighting, and longer emergency response times. In
contrast, urban crashes, although more frequent due to
congestion, generally occur at lower speeds and result in
lower injury severity [29, 30].

Champahom et al. (2020) applied hierarchical logistic
models to analyze rear-end crash severity. They found that
the rural model contained more significant predictors than
the urban model, highlighting the need for geographically

tailored crash models [31]. Their findings emphasized the
importance of understanding geographical context when
designing effective safety interventions.

Wei et al. (2021) used Bayesian binary logit models to
highlight further disparities between rural and urban settings.
The study found that drunk driving increased the likelihood
of fatal crashes by 10.8% in urban areas and 16.4% in rural
areas. Truck involvement raised fatality risk by 4.6% in
urban areas and 9.8% in rural ones [32]. These differences
demonstrate how identical crash factors can have varying
impacts depending on area type. Furthermore, nighttime
driving and limited visibility continue to be significant
contributors to injury severity, particularly on rural roads
where the infrastructure is less forgiving [30-33].

Urban expressways create distinct conditions that
influence rear-end crash risks, particularly because of
variations in traffic speed and volume. Zhang et al. (2020)
showed that rear-end crash frequency on urban expressways
increases under two conditions: low-speed, high-volume
environments and high-speed, congested traffic. Their model
highlighted how roadway function and flow characteristics
intersect to affect crash risk [33]. Complementing this, Wang
et al. (2022) used naturalistic driving data to show that car-
following behaviors, such as reduced time gaps and speed
variability, strongly predicted rear-end crashes and near-
crashes in urban environments [34]. Together, these studies
affirm the need for context-sensitive safety models and
targeted countermeasures for both urban and rural roads.

2.4. Lighting Conditions and Collision Severity

Lighting conditions, particularly during nighttime or
under low light, have consistently been identified as key
factors affecting crash severity. Poor visibility impairs
drivers’ ability to detect hazards and respond promptly,
increasing the likelihood of fatal or severe injuries in rear-
end crashes. Liu et al. (2019) demonstrated that the
probability of fatal nighttime crashes on unlit road segments
was significantly higher than at intersections. Roads without
street lamps accounted for the majority (93.5%) of nighttime
crashes in their dataset [35]. Similarly, Chen et al. (2019)
confirmed that inferior lighting conditions significantly
increased injury severity in rear-end crashes, especially
when compounded by factors such as high speed or poor
weather [19].

In addition to reducing visibility, insufficient lighting can
create visual illusions such as glare or tunnel vision, which
impair a driver’s ability to judge distance and relative speed.
Liu et al. (2019) noted that the glare from oncoming
headlights could cause momentary blindness, contributing to
rear-end crashes on rural or poorly lit roads [35]. Despite
these risks, many drivers fail to reduce their speed in low-
light conditions, thereby increasing crash severity risks.

Swain and Larue (2024) provided more detailed and
regional insights by analyzing rear-end crashes in
Queensland, Australia. They found that lighting conditions
were among the most significant environmental predictors
for rear-end crash severity, particularly at intersections and
in higher-speed zones [36]. Their machine learning model
showed that nighttime crashes without adequate lighting
were strongly associated with higher injury rates for not-at-
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fault (struck) drivers. This pattern of elevated nighttime
crash severity, driven by increased vulnerability in dark,
unlit environments, underscores the importance of
improving roadway lighting as a preventive safety measure.

Similarly, Rahmaninezhad Asil et al. (2022) analyzed
urban traffic crashes in Iran using a classification and
regression tree model. They found that nighttime conditions,
especially when combined with motorcycle involvement or
driver inattention, substantially increased the risk of severe
injuries. Their study reinforces the importance of
disaggregating crash data by lighting condition to capture the
complex ways in which the environment and behavior
interact to influence injury outcomes [37].

Collectively, these studies highlight the urgent need for
improved roadway lighting, especially on rural highways, at
intersections, and in urban environments, to decrease injury
severity in rear-end crashes under dark or low-light

conditions.

2.5. Roadway and Environmental Factors

Beyond driver characteristics and contextual settings,
numerous studies have emphasized the role of roadway and
environmental variables in shaping crash severity. Variables
such as average annual daily traffic (AADT), number of
lanes, and access control influence both the occurrence and
severity of crashes. Higher AADT is associated with
increased crash frequency but not necessarily greater
severity, while properly designed and positioned medians
reduce severity by improving vehicle separation [38, 39].
Road surface conditions, particularly wet or icy roads, have
also been linked to increased injury risk in rear-end crashes,
especially when combined with poor lighting or high-speed
environments [40]. Incorporating these variables into
severity models enhances the ability to capture complex
interactions between driver behavior and the built
environment.

2.6. Modeling Crash Severity Using Binary Logit Models

Understanding and modeling crash severity are crucial in
road safety research, as they allow analysts to identify factors
that influence injury outcomes and to develop targeted safety
interventions. Various statistical and machine learning
models are used for this purpose, including binary and
multinomial logit models, ordered probit/logit, latent class
models, and, more recently, artificial neural networks and
decision trees [17, 19, 31, 41-44]. Among these, the binary
logit model is especially common in studies where the
severity outcome is categorized, for instance, distinguishing
between PDO and injury crashes.

The binary logit model is a type of generalized linear
model that estimates the probability of a crash resulting in a
severe outcome, based on a set of explanatory variables. It
models the log-odds of a binary outcome using a logistic
function, expressed as a linear combination of predictors.
This approach is particularly useful in traffic safety research,
where outcomes like injury or no injury are inherently
binary. The coefficients of the model can be interpreted in
terms of odds ratios, making them easier for policymakers
and practitioners to understand [19, 43].

Binary logit models are particularly well-suited for crash
severity studies for several reasons. First, crash datasets
often support binary classification, particularly when
severity is simplified into PDO versus injury/fatality.
Second, the model accommodates both continuous and
categorical predictors, such as driver age, driver sex, lighting
condition, and road type, which are commonly recorded in
crash databases. Third, it provides interpretable results and
is computationally efficient, making it ideal for use with
large-scale datasets such as those available from the HSIS
[31].

Despite its strengths, the binary logit model has certain
limitations. One major concern is its assumption of
homogeneity; it does not account for unobserved
heterogeneity among crash cases. If important variables are
omitted or inaccurately measured, the model may yield
biased estimates. Additionally, it assumes that the
relationship between predictors and the log-odds of the
outcome remains constant across all observations. To
address these limitations, researchers use more advanced
methods such as mixed logit, random parameters models,
and latent class approaches, which allow variation in effects
across individuals or subgroups [17, 19, 31, 41-44].

This study employs the binary logit model due to its
suitability for binary outcomes (PDO vs. injury/fatality) and
its ability to handle large crash datasets. This objective,
investigating how demographic and environmental factors
influence rear-end crash severity across disaggregated
groups, aligns well with the strengths of this model. By
applying it to 24 distinct subgroups, this approach offers
interpretable and policy-relevant insights that can inform
targeted safety interventions for specific populations and
roadway contexts. This approach aligns with the work of
Naseralavi et al. (2023), who applied binary logistic
regression to HSIS motorcycle crash data, segmented by
combinations of time of day and season. Their study
demonstrated that the significance of variables varied across
temporal subgroups, reinforcing the value of disaggregated
modeling in revealing nuanced patterns in crash severity
[45].

3. Methodology

3.1. Data Source

This study uses crash data from the HSIS, a nationally
recognized database created and maintained by the U.S.
Federal Highway Administration (FHWA). HSIS compiles
comprehensive crash, roadway, and traffic volume data from
selected states that maintain high-quality records, facilitating
links between crash reports, roadway inventory, and traffic
characteristics. Its consistent format and long-standing
application in highway safety research make it a reliable
foundation for empirical research on traffic injury [46, 47].

HSIS data are obtained from police-reported crash
records and roadway inventories maintained by state
transportation agencies. Researchers and transportation
analysts frequently use the HSIS dataset to evaluate safety
interventions and study factors associated with crash
occurrence and severity. The database is publicly
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documented and available through the FHWA’s official
HSIS portal [46, 47].

This study uses rear-end crash data from California, one
of the core HSIS states, covering the years 2015 to 2017. The
extracted dataset comprises 569,386 rear-end crashes, with
detailed information on crash severity, driver demographics,
lighting conditions, vehicle characteristics, roadway
features, and traffic volumes. The richness and volume of the
dataset enable disaggregated analyses of crash severity
across multiple dimensions, including driver sex, driver age,
lighting condition, and area type.

3.2. Variable Definitions and Dataset Overview

To support disaggregated modeling of rear-end crash
severity, this study employs a diverse range of demographic,
environmental, vehicle, and roadway-related variables
derived from the HSIS California dataset. The primary
outcome variable is crash severity (dependent variable),
classified as a binary outcome:

* Property Damage Only (PDO), recorded as 0
* Injury or Fatality (NotPDO), recorded as 1

All other variables are selected based on their theoretical
relevance and availability in the HSIS. The predictor
variables include:

* Driver Sex: Gender of the driver (Male or Female)

* Vehicle Year: Model year of the vehicle, organized into
five-year intervals

» Hour Class: Time of crash occurrence, categorized into
five classes:

Class 1: 12:01 AM - 6:00 AM
Class 2: 6:01 AM —10:00 AM
Class 3: 10:01 AM — 4:00 PM
Class 4: 4:01 PM - 8:00 PM

Class 5: 8:01 PM — 12:00 AM

» Road Surface: Road surface condition (e.g., Dry,
Snowy/lcy/Wet)

+ Lighting condition: Daylight or Dark

* No. Vehicles: Number of vehicles involved in the crash
(2, 3, or 3+)

* No. Lanes: Number of lanes on the roadway, categorized
into three groups: fewer than five lanes, 6 to 7 lanes, and
more than 7 lanes

« Surface Type: Surface type (Asphalt Concrete or Portland
Cement Concrete)

» Median Type: Median type (Divided or Undivided)
* Access: Access control type (Full, Partial, or None)
* Terrain: Terrain type (Flat, Rolling, or Mountainous)

* AADT: Annual average daily traffic volume, categorized
into four groups

« Rural/Urban: Area type where the crash occurred (Urban
or Rural)

* Season: The season during which the crash took place

* Age Group: Driver’s age group (under 25, 25-65, over
65)

Table 1 presents twenty randomly selected records from
the cleaned dataset, showcasing the structure and value
ranges of the chosen variables.

To better understand the distribution of each variable,
Table 2 summarizes the frequency of categories observed in
the dataset. Several notable patterns emerge. For example,
male drivers are involved in approximately 61.6% of the
crashes, and the 25-65 age group accounts for nearly 74% of
cases, consistent with exposure trends. Most crashes occur in
urban areas (91.7%) and under daylight conditions (75.3%),
yet a significant portion of injury crashes (NotPDO) happen
in darkness, highlighting lighting as an important risk factor.

Additionally, the vast majority of crashes occur on dry
surfaces (95%) and on divided roads (96%), indicating that
even in seemingly safer conditions, rear-end crashes remain
common. AADT values are highest in the 175k-250k group,
and eight-lane roadways are the most prevalent cross-
section. Although Full Access Control roadways dominate
the dataset, crashes on Conventional Roads (No Access
Control) still represent a significant portion, highlighting the
importance of access design in crash severity outcomes.

These patterns provide important context for the
disaggregated models presented in the following sections,
helping to explain variation in crash outcomes across
different roadways and driver profiles.

3.3. Binary Logistic Regression

Binary logistic regression is a widely used statistical
technique for modeling binary outcomes in public health,
transportation safety, and social sciences. It is particularly
effective when the dependent variable reflects a binary
outcome, such as injury/fatality versus property damage
only, as found in crash severity studies. This modeling
technique provides a flexible and interpretable framework
for quantifying the effects of explanatory variables on the
likelihood of an event occurring [48, 49]. For instance,
Saheli (2021) applied binary logistic regression to assess
how driver route familiarity and contextual factors
influenced injury severity in urban vehicle-to-vehicle
crashes, demonstrating the method’s applicability in
disaggregated traffic safety analysis [50]

Unlike linear regression, which models a continuous
outcome and relies on assumptions such as normality and
homoscedasticity, logistic regression models the log odds of
a binary response and imposes fewer distributional
assumptions. It employs the logistic (sigmoid) function to
convert any real-valued linear combination of inputs into a
probability that is bounded between 0 and 1. The logistic
function is expressed as shown in Eq. (1)

P(Y =1|X)
_ 1 @)
1+ exp(=(Bo + BuXy + foXy + -+ + BiXi))
Where, B, is the intercept and 8, ..., B) are the coefficients
of the explanatory variables X, ..., Xy, and P(Y = 1|X)
represents the probability of the outcome occurring (e.g., an
injury or fatal crash).

The logit transformation yields Eq. (2)
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P
log (m) = Bo+ B1X1+ B Xy + o+ BiX )

Parameters in this model are estimated using Maximum
Likelihood Estimation (MLE), which estimates the
coefficient values that maximize the likelihood of the
observed outcomes. MLE is preferred in logistic regression
for its robustness and favorable asymptotic properties,
including consistency and efficiency [51].

Another strength of logistic regression is its interpretability.

The exponentiated coefficient efi corresponds to the odds
ratio (OR) for the variable X;. An OR greater than 1 indicates

that the variable increases the odds of the outcome, while an
OR less than 1 implies a protective or reducing effect. This
property makes logistic regression particularly useful in
applied domains such as traffic safety, where policy
implications often hinge on understanding relative risks [48,
49, 51, 52].

An additional advantage of the binary logistic regression
model is its ability to accommodate both continuous and
categorical variables without requiring them to follow a
normal distribution. It also manages non-linear relationships
by including interaction terms or transforming variables.

Table 1. Twenty randomly selected records from the HSIS dataset

Pa e Gl SEVERY G it Vehicles Lanes Tone. Type Access Temain AADT (ST Season 9%
F 2000 2 PDO Dy Dayligh 2  +8 PCC Divided Ul F 4250k U spring 27
M 22% 5 PDO Dy Dayligh 2  +8 PCC Divided Ul F 1 U summer 2
Fo22% 5 ppO Dy Dayligh 3 +8 PCC Divided Ul M I U summer 2
M 22%%%' 5 PDO Dry Dark 2 -5 PCC Divided CoFrl:tIrlol F 4250k U  Winter 2655
Mo 2% 4 PO Sr:g;vy ' Dayligt 2  +8 AC Divided "W F 4250k U winter -25
005 Wet Control
F +2015 5 NotPDO Dry Dayligt 3  +8 AC Divided CoFrllthrlol F 112755"k U Summer %55
M 42015 2 NotPDO Dry Daylight +3 +8  PCC Divided CoFrllthrlol F 1275%'7( U Fall 2655
M 22%11%' 2 NotPDO Dry Daylight 3 +8  PCC Divided CoFrllthrlol F -125K U  Summer 2655
M +2015 2 NotPDO Dry Dayligt 3  +8 PCC Divided CoFrl:tIrlol F 1127%'|‘( U Rl 2
M 229 2 PDO Dy Dayligh 2 67 PCC Divided U0 R Ky winer 2
Mo 2% 2 PDO Dy Dayligh +3 67 AC Divided U0 F 2Ky Ea 2
F 22%11% 2  PDO Dry Dayligtt 3 67 PCC Divided CoFrlIJtIrlol F 112755"k U Summer 2655
M +2015 2 NotPDO Dry Daylight 3 +8 PCC Divided CoFrllthrIoI F +250k U Winter %55
M 2% 5 NotPDO Dry Daylight 2 48 PCC Divided CoFrLlthrlol F 1275%"k U summer 2>
F 2% 5 PDO Dy Dak 3 48 PCC Divided CoFrLlthrlol F 1275%"k U winer 2>
M +2015 2 PDO  Dry Dayligtt 2  +8 PCC Divided CoFrl:tIrIoI F 4250k U Fall 2655
F +2015 5 PDO Dy Dak 2 +8 AC Divided U0 R Ky winer 25
F 22%%% 2 NotPDO Dry Dayligtt 2  +8 PCC Divided CoFrl:tIrlol F 122%"'( U Fall 2655
M 2% 2 NotPDO Dry Daylight 2 48 PCC Divided Cgr‘:t'r'ol Foo+250k U Rl 2
F 22%11%' 4  NotPDO Dry Dark 2 +8  PCC Divided Cg;’t'r'ol F 1275%'f< U  Winter 2655
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Table 2. Frequency distribution of variables in the dataset

Variable Category Frequency (Percentage)
Driver Female 218739 (38.4%)
Sex Male 350647 (61.6%)
-2000 63591 (11.2%)
Vehicle 2000-2005 104893 (18.4%)
Year 2005-2010 133005 (23.4%)
2010-2015 165912 (29.1%)
+2015 101985 (17.9%)
1 31396 (5.5%)
Hour 2 193598 (34.0%)
Class 3 39856 (7.0%)
4 126301 (22.2%)
5 178235 (31.3%)
Severity NotPDO 219378 (38.5%)
PDO 350008 (61.5%)
Road Dry 541728 (95.1%)
Surface Snowy, lcy, Wet 27658 (4.9%)
Light Dark 140648 (24.7%)
Daylight 428738 (75.3%)
No 2 337758 E59.3%g
e 3 158846 (27.9%
Vehicles +3 72782 (12.8%)
-5 97964 (17.2%)
No. Lanes 6-7 98618 (17.3%)
+8 372804 (65.5%)
Surface AC 179603 (31.5%)
Type PCC 389783 (68.5%)
Median Divided 548544 (96.3%)
Type Undivided 20842 (3.7%)
No Control 45258 (7.9%)
Access Partial Control 11796 (2.1%)
Full Control 512332 (90.0%)
Flat 428564 (75.3%)
Terrain Mountainous 20613 (3.6%)
Rolling 120,209 (21.1%)
-125K 147,356 (25.9%)
125k-175k 94,798 (16.6%)
AADT 175k-250k 196,557 (34.5%)
+250k 130,675 (23.0%)
Rural/Urb Rural 47,236 (8.3%)
an Urban 522,150 (91.7%)
Fall 155,624 (27.3%)
Season Spring 137,047 (24.1%)
Summer 144,304 (25.3%)
Winter 132,411 (23.3%)
Age -25 113,732 (20.0%)
Group 25-65 420,065 (73.8%)
+65 35,589 (6.3%)

Common variables used in transportation safety literature
include vehicle type, speed limit, lighting conditions, road
driver demographics (e.g.,

geometry,

environmental characteristics [49, 51-53].

age, sex), and

In this study, binary logistic regression was applied to
569,386 rear-end crashes that occurred in California between
2015 and 2017. The binary outcome variable was defined as
NotPDO (coded as 1) versus PDO (coded as 0). The dataset
was divided into 24 disaggregated groups based on four key
variables: driver age group (under 25, 25-65, and over 65),
sex (male or female), area type (urban or rural), and lighting
condition (daylight or dark). Each subgroup was modeled
separately using a logistic regression model to evaluate how
specific predictors influence crash severity in different
contexts.

This stratified modeling framework not only offers a
nuanced perspective on crash severity risks but also enables
researchers and policymakers to tailor interventions for
specific populations or environmental conditions. Analyzing
crash severity separately for each of the 24 subgroups
boosted interpretability and captured subgroup-specific
effects that may be concealed in aggregated models. This
approach aligned with the goal of identifying context-
sensitive risk factors and supports the creation of more
equitable and targeted traffic safety policies.

3.4. Model Evaluation and Goodness-of-Fit

To evaluate the performance and adequacy of the binary
logistic regression models developed in this study, several
goodness-of-fit and predictive accuracy metrics were
considered. These included deviance, Akaike Information
Criterion (AIC), McFadden’s R?, McKelvey and Zavoina’s
R?, Cragg and Uhler’s R?, and the Area Under the Receiver
Operating Characteristic Curve (AUC). Each metric
provides a unique perspective on model performance, and
together, they offer a robust assessment of validity.

Deviance is a general measure of model misfit and is
based on the log-likelihood function. A lower deviance value
indicates that the model fits the data more closely. It is
analogous to the residual sum of squares in linear regression,
but adapted for maximum likelihood estimation in logistic
regression [48].

AIC further refines model comparison by penalizing
complexity. AIC favors models with better fit while
penalizing overfitting due to excessive parameters.

Among competing models, the one with the lowest AIC
is preferred. It is calculated using Eq. (3)

AIC = —2log(L) + 2K (3)
where L is the maximum likelihood and K is the number of
estimated parameters [48].

McFadden’s R? is one of the most widely used pseudo R?
measures for logistic regression. It is defined as Eq. (4)

logL
null

where log L, is the log-likelihood of the fitted model and
log L, 1S the log-likelihood of the model with only an
intercept. While its values are often lower than the R2 from
linear regression (with values of 0.2 to 0.4 considered
excellent), it still offers a valuable index of relative
improvement over a baseline model [51].

Cox and Snell’s R? (R2ML) attempts to replicate the
interpretation of variance explained from linear regression
but is constrained by a theoretical maximum below 1. To
overcome this limitation, Cragg and Uhler’s R? (R2CU)
adjusts Cox and Snell’s measure to range from 0 to 1,
improving interpretability across datasets and models of
varying sizes [51]. These two measures are especially useful
for understanding the proportion of outcome variability
explained by the predictors in a likelihood-based framework.
They provide broader context when McFadden’s R? alone
may seem too conservative.

AUC is a widely accepted measure of model
discrimination, meaning the model’s ability to distinguish
between injury and property-damage-only outcomes. An

2 —
RMcFadden -
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AUC of 0.5 indicates random classification, while 1.0
represents perfect separation [54]. In applied crash modeling,
AUC values between 0.6 and 0.7 are considered acceptable,
particularly when using observational data that includes
natural noise and imbalances in class frequencies.

Together, these indicators suggest that the logistic
regression models developed in this study provide a
reasonable balance of fit, interpretability, and predictive
capacity. Although the pseudo R2 values were modest in
magnitude, this was consistent with other transportation
safety research relying on binary outcomes and large
observational datasets. The AUC values further supported
the model’s utility in distinguishing crash severity outcomes.

4, Results

This section presents the results of binary logistic
regression models developed to examine injury severity in
rear-end collisions across stratified demographic and
environmental subgroups. The dataset is divided into 24
distinct subgroup-specific models. These models are based
on combinations of four key characteristics: driver sex (male
or female), age group (<25, 25-65, 65+), lighting condition
(daylight or dark), and the road environment (urban or rural).
This disaggregated modeling approach is selected to reveal
subtle patterns in crash severity that might be obscured in
aggregated analyses.

Table 3 presents the performance metrics for all 24
stratified logistic regression models. These models are
evaluated using several measures of fit and predictive ability,
including model deviance, AIC, McFadden’s pseudo R?,
McKelvey and Zavoina’s R? (R2ML), Cragg and Uhler’s R?
(R?CU), and the area under the receiver operating
characteristic curve (AUC).

4.1. Overview of Model Performance

The evaluation metrics presented in Table 3 reveal
significant differences in both data distribution and model
quality across the 24 stratified subgroups. The number of
observations in each model refers to the total number of rear-
end crashes used to estimate the injury severity model for
that specific subgroup. These counts range from 178,069
crashes for male drivers aged 25-65 in urban daylight
conditions (Model 1) to 165 crashes for female drivers aged
65 and over in rural areas during dark conditions (Model 24).
While larger sample sizes provide greater statistical stability,
they do not always guarantee improved model performance.
For instance, despite the substantial volume of data in Model
1, it has an AUC of 0.622 and a McFadden’s R? of only
0.033, moderate values compared to the smaller-sample
Model 24, which attains the highest AUC (0.671) and
McFadden R2 (0.077) among all models. This contrast
highlights how homogeneity and behavioral consistency

within a subgroup may influence model performance more
strongly than data volume alone.

To visually highlight model discrimination performance
across all stratified subgroups, Figure 1 presents a heatmap
of AUC values. The rows represent different lighting and
area conditions, while the columns represent combinations
of driver sex and age group. Darker shades indicate higher
AUC scores, corresponding to better model performance.

To further evaluate model capability, we examine the
discrimination power and explanatory strength of each
model.

4.2 Model Discrimination and Explanatory Power

In terms of discrimination power, as measured by AUC,
most models fell within the range of 0.60 to 0.62, which is
generally accepted in the context of transportation safety
modeling. These AUC values are common in transportation
safety research, particularly due to the presence of
unobserved behavioral heterogeneity in crash data. This
heterogeneity, which arises from factors such as driver
distraction, emotional state, or in-vehicle behavior, none of
which are captured in typical datasets, often limits the
predictive power of injury severity models. Nevertheless,
certain  subgroups  demonstrated  stronger  model
performance. Female drivers aged 65 and older consistently
had higher AUC values across all lighting and environmental
conditions (Models 11, 21, and 24), suggesting that crash
injury outcomes in these groups are more systematically
associated with measurable predictors. In contrast, younger
drivers under 25, particularly males in rural dark
environments (Model 20), exhibited notably lower model
performance, with an AUC of just 0.552 and a McFadden R2
of 0.007. This stark contrast underscores the difficulty in
modeling injury severity among high-risk groups, where
behavioral factors are likely more variable and less
observable.

4.3. Evaluation of Goodness-of-Fit Metrics

The model deviance and AIC exhibited expected patterns
that corresponded with the size of each subgroup. Larger
models, such as Model 1 and Model 2, showed higher
deviance and AIC values, primarily due to the greater
volume of data. However, interpreting these metrics
alongside R2 and AUC clarifies that a lower deviance does
not necessarily indicate stronger predictive power,
particularly in behaviorally heterogeneous subgroups. The
R2ML and R2CU values added further context. For example,
the R2CU exceeded 0.06 in only a few instances, primarily
for elderly female drivers in rural areas, again emphasizing
the predictability within this group. Notably, these subgroups
had R2ML values nearing 0.10, the highest in the dataset.
This suggests that approximately 10% of the variation in

Table 3. Model Performance Metrics for Stratified Logistic Regression Models

Model Dsrg(er Age Group  Observations Deviance AlC McFadden R? R2ML R2CU AUC
Daylight and Urban:
1 M -25 42,860 53,455 53,491 0.028 0.035 0.048 0.609
2 F -25 33,948 43,166 43,182 0.027 0.035 0.048 0.608
3 M 25-65 178,069 226,084 226,132 0.033 0.043 0.059 0.622
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Driver

Model Sex Age Group  Observations Deviance AIC McFadden R? R2ML R2CU AUC
4 F 25-65 114,092 148,602 148,644 0.029 0.039 0.052 0.613
5 M +65 16,853 22,148 22,168 0.032 0.043 0.058 0.618
6 F +65 8,811 11,644 11,676 0.034 0.045 0.060 0.622
Daylight and Urban:
7 M -25 4,005 5,184 5,212 0.026 0.034 0.047 0.604
8 F -25 2,828 3,698 3,706 0.030 0.039 0.053 0.604
9 M 25-65 16,034 21,015 21,037 0.029 0.039 0.053 0.606
10 F 25-65 8,207 10,940 10,978 0.028 0.038 0.051 0.609
11 M +65 2,080 2,760 2,776 0.033 0.044 0.059 0.621
12 F +65 951 1,251 1,259 0.041 0.054 0.073 0.625
Dark and Urban:
13 M -25 16,388 21,155 21,183 0.026 0.034 0.046 0.608
14 F -25 11,151 14,475 14,505 0.031 0.040 0.054 0.618
15 M 25-65 60,548 79,494 79,542 0.025 0.034 0.046 0.605
16 F 25-65 33,254 44,049 44,091 0.026 0.035 0.048 0.608
17 M +65 4,264 5,732 5,750 0.024 0.032 0.043 0.594
18 F +65 1,912 2,552 2,580 0.037 0.049 0.066 0.624
Dark and Rural:
19 M -25 1,696 2,298 2,308 0.007 0.010 0.013 0.552
20 F -25 856 1,111 1,130 0.035 0.046 0.062 0.615
21 M 25-65 7,297 9,778 9,804 0.022 0.029 0.039 0.599
22 F 25-65 2,564 3,435 3,455 0.025 0.034 0.045 0.598
23 M +65 553 746 756 0.025 0.035 0.046 0.602
24 F +65 165 201 213 0.077 0.097 0.132 0.671
Model Performance (AUC) Across Subgroups
Female +65 _
z B ”‘V‘M “:7 ‘--
3 |
o AUC Score
E, Female -25 I -
B 0.625
©
S Male +65 e
'{_’ 0.575
2
a
Male 25-65
Male -25

Lighting Condition and Area Type

Figure 1. Heatmap of AUC Scores Across 24 Logistic Regression Models

crash severity within those groups was explained by the
model, which is substantial for crash-level data.

4.4. Environmental and Demographic Patterns

An intriguing pattern emerged when comparing the urban
and rural subgroups in terms of model quality. While the
urban models had more observations and often reflected
typical roadway characteristics (e.g., divided highways,
signalized intersections), the rural models exhibited greater
variation in terrain, lighting conditions, and access control.
This environmental diversity likely contributed to improved

> NG

model performance for elderly drivers in rural areas, where
specific roadway features, such as slope, lighting, and
access, interact directly with age-related driver
vulnerabilities. For example, Model 21 (female, rural,
daylight, +65) and Model 18 (male, rural, daylight, +65)
achieved relatively high R2 and AUC values, despite having
sample sizes below 2,100. These results suggest that injuries
in these groups are not only more likely but also more
explainable based on measurable factors.

Another compelling observation is the effect of lighting
conditions on different age groups. While dark lighting
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conditions generally reduced model performance for
younger and middle-aged drivers, they seemed to enhance
the predictability of crashes involving older adults. For
instance, Model 24 (female, rural, dark, +65), Model 19
(female, urban, dark, +65), and Model 14 (male, urban, dark,
+65) all exhibited relatively strong AUC and R2? metrics
compared to their respective counterparts. This may be
attributed to increased caution, limited exposure, or the
tendency to avoid night driving among older adults, leading
to fewer but more structured crash events that are easier to
model. In contrast, dark conditions likely introduce
randomness for young drivers due to behavioral factors not
captured in the dataset, such as fatigue, alcohol use, and risk-
taking behaviors. To enhance the interpretation, we now
analyze performance trends across specific demographic and
environmental subgroups.

4.5. Subgroup-Specific Interpretations

Performance trends varied significantly across
subgroups. Models for older female drivers, particularly in
rural dark conditions, achieved the highest AUC and R2
values, indicating more consistent and predictable injury

conditions generally associated with either clearer or more
variable risk patterns, depending on the subgroup.

4.6. Predictor Effects Across Subgroup Models

To identify which variables most consistently influence
injury severity in rear-end crashes, we analyze the results
across various driver and environmental subgroups. Table 4
presents the descriptive statistics for all predictors that were
statistically significant in at least one of the 24 estimated
models. When interpreting the regression coefficients, a
positive sign indicates that the variable is associated with a
higher likelihood of injury, while a negative sign suggests a
lower probability of injury in rear-end crashes. This
directional insight helps identify factors that either increase
or decrease crash severity across different subgroups. The
variables are organized by thematic categories (e.g., crash
characteristics, traffic volume and access control) to enhance
interpretability. Within each group, the frequency of
significance, average coefficient, and variability across
models are provided to illustrate the strength and consistency
of each predictor. For example, “No. Vehicles: +3” is
statistically significant in 23 models, indicating a robust and

outcomes. Conversely, younger male drivers, especially in
rural dark settings, showed the weakest model performance,
likely due to greater behavioral variability. Lighting and area
type also influenced predictability, with rural and dark

Table 4. Coefficient statistics for significant variables in crash severity regression modeling

Variable POy Coptfien  Doviation Costicent Coeticient
Crash Characteristics:
No. Vehicles: +3 23 -1.001 0.131 -1.244 -0.625
No. Vehicles: 3 22 -0.567 0.092 -0.874 -0.445
(Intercept) 16 0.275 0.445 -0.692 0.900
Traffic Volume and Access Control:
AADT: 175k-250k 13 0.319 0.185 0.143 0.699
AADT: +250k 11 0.330 0.090 0.234 0.492
AADT: 125k-175k 8 0.196 0.289 -0.322 0.687
Access: Freeway Full Control 12 0.470 0.117 0.292 0.697
Access: Expressway Partial Control 3 -0.264 0.387 -0.556 0.175
Temporal Factors:
Hour Class: 4 10 0.494 0.307 -0.208 0.897
Hour Class: 5 9 0.284 0.412 -0.282 1.054
Hour Class: 2 6 0.156 0.938 -1.063 1.515
Hour Class: 3 6 0.172 0.253 -0.305 0.389
Season: Summer 5 -0.064 0.221 -0.372 0.176
Season: Winter 3 0.360 0.529 0.055 0.971
Roadway Features:
Terrain: R 11 0.015 0.297 -0.156 0.816
Terrain: M 9 0.350 0.392 0.117 1.365
No. Lanes: +8 7 -0.282 0.225 -0.716 -0.054
No. Lanes: 6-7 2 -0.403 0.314 -0.626 -0.181
Median Type: Undivided 6 -0.206 0.211 -0.459 0.170
Surface Type: PCC 1 0.031 N/A 0.031 0.031
Road Surface: Snowy, Icy, Wet 3 0.194 0.103 0.079 0.277
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Variable Frequency Mgar_1 Star]da}rd 'V””".“%’m Maxi_m_um
Coefficient Deviation Coefficient Coefficient
Vehicle Characteristics:

Vehicle Year: +2015 9 0.184 0.163 -0.136 0.371
Vehicle Year: 2010-2015 7 0.138 0.106 -0.070 0.219
Vehicle Year: 2005-2010 5 0.055 0.113 -0.087 0.164
Vehicle Year: 2000-2005 1 0.119 N/A 0.119 0.119

recurring association with lower injury severity. This
consistency suggests that it is among the most influential
factors in determining injury severity across various
combinations of driver sex, age group, and lighting
conditions. The minimum and maximum coefficients for
each variable illustrate the range of influence this variable
has across contexts.

Some variables in Table 4 exhibit a change in coefficient
sign across different models, showing both positive and
negative effects depending on the subgroup. These cases are
highlighted in red to indicate directional inconsistency. Such
variations may stem from subgroup-specific differences in
behavior, driving environments, or interactions with
unobserved factors. For example, a variable may be
associated with increased injury severity in one context but
reduced severity in another, depending on the characteristics
of the drivers or roadway conditions. This underscores the
importance of stratified modeling and reflects the complex,
context-dependent nature of crash severity outcomes.

Notably, for “No. Vehicles: +3”, the coefficients range
from -1.244 to -0.625, always negative, indicating a strong
and consistently significant association with reduced injury
severity. This finding aligns with theoretical expectations
that multi-vehicle rear-end crashes, while common, often
distribute collision forces in a way that lessens individual
injury risk.

In contrast, variables such as “Hour Class: 2” and
“Season: Winter” exhibit wide ranges of effects, with
minimum and maximum coefficients even switching signs.
This suggests that their impact on injury severity is more
context-dependent, sometimes increasing severity (e.g.,
winter night crashes with low visibility), and at other times
showing no consistent pattern. Such inconsistencies may
reflect interactions with unmeasured factors such as driver
behavior, roadway treatment, or vehicle maneuverability in
specific subgroups, and they warrant further targeted
modeling.

Variables representing AADT levels, particularly
“AADT: 175k-250k” and “AADT: +250k”, show positive
mean coefficients of 0.319 and 0.330, respectively, across 13
and 11 models. These values indicate that high traffic
volumes are associated with an increased risk of injury
severity in rear-end crashes. The consistency and magnitude
of these effects suggest a possible link to higher speeds and
more complex driving environments. These factors may, in
turn, amplify the impact of crashes.

Different access control types also reveal notable
patterns. Full access control on freeways (Access: Freeway
Full Control) is associated with a positive mean coefficient of
0.470 across 12 models. This finding supports the hypothesis

that while limited access is generally intended to reduce
crash frequency, it may also correspond to higher-speed
environments, leading to more severe outcomes when
crashes occur. Conversely, partial access control (Access:
Expressway Partial Control) appeared in only three models,
with a negative mean coefficient, suggesting it may function
as a transitional design with mixed safety impacts.

Terrain classification (Terrain: M and Terrain: R) shows
less consistency but still notable trends. “Terrain: M has a
relatively high mean coefficient of 0.350, while “Terrain: R”
remains close to zero (0.015), indicating mixed or limited
effects on injury severity. These effects may be influenced
by region-specific factors such as road curvature, slope, or
visibility, which are not directly captured in the model.

The time of the crash also plays a significant role in injury
severity. “Hour Class: 4” (evening rush hours) has the
highest positive mean coefficient among all time-based
variables (0.494), suggesting that this period presents a
heightened risk for severe injuries, likely due to congestion,
reduced visibility, and driver fatigue. However, the large
standard deviation (0.307) also suggests variability across
subgroups, pointing to potential behavioral or environmental
moderators.

The vehicle model year shows an interesting and
somewhat counterintuitive pattern. While newer vehicles
(Vehicle Year: +2015) are generally expected to reduce injury
severity due to advanced safety features, they exhibit slightly
positive mean coefficients in this dataset. These small but
consistent coefficients (e.g., 0.184 for Vehicle Year: +2015)
may suggest that newer vehicles are more frequently
involved in higher-speed environments, or that certain safety
features cannot fully mitigate the dynamics of severe rear-
end collisions in such contexts.

Cross-section geometry, as indicated by lane count, has
mixed results. Roads with eight or more lanes (No. Lanes:
+8) show a negative coefficient (-0.282), while those with 6—
7 lanes (No. Lanes: 6-7) have an even more negative mean
(-0.403), although based on fewer observations. These
findings may reflect the relationship between roadway
width, speed expectations, and conflict points, although the
specific mechanisms likely vary by roadway design and
driver familiarity.

Environmental variables, such as season (Winter,
Summer) and road surface (Snowy, Icy, Wet), show
relatively inconsistent effects, as expected from their broad
and regionalized nature. For instance, “Season: Winter” has
a wide coefficient range, indicating that winter conditions
can significantly elevate injury severity, but only in
particular subgroups or contexts (e.g., rural locations,
nighttime). Meanwhile, “Season: Summer” shows a slight
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negative mean, consistent with the idea that minor crashes
occur more frequently during summer travel periods,
possibly due to congestion and lower average speeds.

Finally, variables such as “Median Type: Undivided” and
“Surface Type: PCC” appeared less frequently but
demonstrated directionally consistent effects. “Median Type:
Undivided” has a negative mean coefficient (-0.206),
implying reduced injury severity in simpler road
configurations. In contrast, “Surface Type: PCC” was included
in only one model and is not generalizable.

In Table 4, some variables have “N/A” in the standard
deviation (SD) column. These entries refer to variables that
were statistically significant in only one model. Since
standard deviation reflects variability across multiple
estimates, it is undefined for variables that appear in only one
model. Thus, the absence of variation results in a non-
applicable (N/A) SD value.

Overall, the disaggregated modeling approach reveals
significant differences in the predictability of injury severity
in rear-end collisions across demographic and environmental
subgroups. While most models demonstrate modest
discrimination and explanatory power, partly limited by
unobserved behavioral factors, certain populations, such as
elderly female drivers, consistently show higher
predictability. The observed trends underscore the value of
stratified modeling in uncovering nuanced relationships and
highlight the need for tailoring safety interventions to
subgroup-specific risk profiles. These results provide a solid
foundation for the following discussion and its associated
policy implications.

5. Discussion

This study presents a comprehensive analysis of the
factors influencing injury severity in rear-end collisions,
using 24 logistic regression models adjusted for
combinations of driver sex, driver age, lighting conditions,
and area type. The results confirm that the diverse dynamics
of rear-end crashes, particularly in relation to driver
demographics and environmental contexts, require
subgroup-specific modeling rather than a one-size-fits-all
approach. The discussion below summarizes the key
findings and places them in context with previous studies and
real-world implications.

5.1. Variation in Model Explanatory Power

As reported in the results, model explanatory power
varied widely across demographic and environmental
subgroups. Notably, older female drivers in rural daylight
conditions exhibited the highest predictability, while young
male drivers in rural dark settings had the lowest. This
disparity is not only statistical but also conceptually
significant. The high predictability observed for older female
drivers may reflect consistent, cautious driving behavior,
limited exposure to complex conditions (e.g., avoiding
nighttime or urban driving), and a closer alignment between
recorded variables and real-world risk. In contrast, the low
explanatory power for young male drivers likely reflects
unobserved behavioral variability, including speeding,
distraction, substance use, and aggression, factors not
directly captured in crash records but known to influence

injury outcomes. This finding highlights a critical
methodological challenge: traditional data sources may fail
to capture behavior-based risks among high-variability
groups, emphasizing the need to integrate behavioral or
telematics data in future research.

5.2. Key Predictors: Consistent and Counterintuitive
Effects

Across the 24 stratified models, several predictors
consistently influence injury severity in rear-end crashes.
These variables appear frequently with stable coefficient
signs, indicating their broad relevance. A few predictors also
demonstrate counterintuitive trends that warrant further
discussion.

Number of Involved Vehicles: Multi-vehicle crashes are
consistently associated with lower injury severity. This
aligns with previous findings that in chain-reaction crashes,
impact forces are distributed across multiple vehicles,
reducing injury risk for individual occupants [19, 55]. These
crashes often occur in urban or congested conditions with
lower speeds, which may also contribute to less severe
outcomes.

Traffic Volume: Higher traffic volumes, especially on
roads with AADT above 175,000, are linked to increased
injury severity. Contributing factors include dense traffic,
short headways, and increased speed variance, which reduce
driver reaction time and raise crash impact levels [17, 56].
These findings emphasize the importance of traffic calming
and speed management strategies on high-volume corridors.

Access-Controlled Freeways: Notably, crashes on fully
access-controlled freeways are associated with higher injury
severity in several models. While such roads generally
reduce crash frequency through controlled access and steady
flow, the crashes that occur may involve higher speeds and
reduced attentiveness [57]. This highlights a paradox in
freeway safety: fewer but more severe crashes.

Vehicle Model Year: Newer vehicles (+2015) show a
slight but unexpected increase in injury odds. Despite
advanced safety features, this pattern may reflect behavioral
adaptation, known as risk compensation, where drivers take
more risks due to a perceived increase in vehicle protection
[58, 59]. It is also possible that newer vehicles are
overrepresented on high-speed roads, which can diminish the
effectiveness of safety technologies.

Roadway Geometry: Wider roads (six or more lanes)
occasionally exhibit a protective effect, with lower injury
severity. These roads offer greater maneuverability, multiple
lanes to distribute traffic, and often better-designed
infrastructure, which collectively enhance safety [17, 60].
Additionally, recurring congestion may reduce crash impact
by limiting vehicle speeds.

Environmental Factors: Mountainous terrain increases
crash severity, likely due to difficult geometry, reduced
visibility, and limited safety infrastructure [61]. Other
factors, such as rolling terrain or seasonal conditions, show
inconsistent patterns across subgroups. This variability
suggests complex interactions between environment, driver
behavior, and road design.
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5.3. Subgroup-Specific Patterns: Age, Sex, Lighting
Conditions, and Area Type

Age emerges as one of the most influential factors in
crash severity outcomes. Elderly drivers (+65) consistently
exhibit higher injury severity across models, even in
moderate crashes. This is attributed to physiological frailty
and slower reaction times, which make recovery more
difficult and injuries more likely [62].

In contrast, young drivers (<25) are involved in more
frequent but less predictable crashes. The variability in
model performance reflects inconsistent driving patterns,
often influenced by overconfidence, distraction, or
impairment [61]. Their involvement in nighttime and high-
speed rural crashes further increases injury risk.

Middle-aged drivers (25-64) show moderate injury
outcomes, with relatively balanced behavior and
predictability. While not as high-risk as younger drivers or
as physically vulnerable as older ones, they still benefit from
subgroup-based analysis to account for varying roadway and
temporal conditions.

Sex-based differences in crash severity are apparent in
both the statistical models and behavioral patterns. Female
drivers aged 65 and above produce models with the highest
predictive accuracy, suggesting more consistent driving
behaviors. This demographic tends to avoid high-risk
settings, such as rural nighttime driving, and adheres more
closely to traffic rules [62].

Male drivers under 25, on the other hand, have the most
unpredictable crash outcomes. Their models consistently
show weaker performance, indicating high variability in
behavior and risk exposure. Risk-taking tendencies, such as
mobile phone use and peer-influenced driving, are key
contributors to this inconsistency [63].

Additionally, female drivers across all age groups are
more likely to be injured, possibly due to physical
vulnerability rather than behavioral factors. This aligns with
broader crash literature and highlights the need to consider
sex-based physiological differences when evaluating injury
risk.

Lighting conditions significantly influence injury
severity across all age and sex groups. Crashes occurring in
darkness, both with and without street lighting, are
associated with higher injury severity compared to crashes
during daylight. This finding is consistent with prior studies
and reflects the inherent risks posed by reduced visibility,
such as limited reaction time and lower situational awareness
[64].

Notably, the effect of lighting is more pronounced for
young male drivers, whose nighttime crashes often occur
under recreational or low-supervision circumstances.
Behavioral factors like speeding, distracted driving, and
alcohol wuse are especially prevalent in this group,
compounding the risks of low-light environments [63].

Older drivers, in contrast, are less frequently involved in
nighttime crashes, possibly due to self-regulation. However,
when such crashes occur, their injury severity is elevated,
likely due to age-related frailty and decreased nighttime
vision [62].

The urban-rural divide has a significant impact on injury
severity. Rural crashes are associated with higher severity
due to longer emergency response times, higher travel

speeds, limited lighting, and fewer roadway safety features
[65]. These contextual disadvantages make rural areas a key
target for infrastructure improvement and emergency
response enhancements.

Urban crashes, although more frequent, typically result
in lower injury severity due to traffic calming, shorter travel
distances, and faster access to medical care. The frequent
presence of traffic control devices and denser road networks
also contributes to safer outcomes.

Importantly, the interplay between area type and
demographic characteristics, such as the presence of young
drivers in rural areas or older drivers in urban settings, proves
critical in understanding injury severity patterns. These
findings support the need for spatially targeted safety
strategies that address both environmental and behavioral
risk factors.

5.4. Infrastructure-Related Factors

Roadway infrastructure plays a crucial role in
determining injury outcomes in rear-end collisions. Two key
elements, pavement type and geographic terrain, consistently
emerge as significant across models and warrant deeper
discussion from a design perspective.

Pavement Type: Crashes on PCC surfaces are associated
with higher injury severity. This may stem from PCC’s
rigidity and reduced shock absorption compared to asphalt.
In adverse weather conditions, PCC's lower skid resistance
can further increase crash risk, particularly in high-speed
corridors [17]. These findings suggest that materials chosen
for roadway surfaces should be evaluated not only for
durability but also for their role in impact energy absorption
and crash recovery.

Terrain: Mountainous and hilly terrain substantially
increases crash severity due to sharp curves, steep grades,
and limited sight distances. These conditions challenge
driver control and often lack compensatory infrastructure
like shoulders, signage, or lighting. Previous studies
recommend measures such as high-friction surface
treatments, improved delineation, and slope stabilization to
mitigate risks in these areas [65]. Integrating such solutions
into roadway planning may be especially important in rural
or isolated regions where emergency response times are
longer.

These results support the integration of context-sensitive
design strategies in transportation safety planning.
Engineering improvements tailored to environmental and
surface conditions can significantly reduce injury risk in
high-severity zones.

5.5. Policy Implications

The findings of this study offer valuable insights for
transportation policymakers, planners, and safety engineers
seeking to mitigate injury severity in rear-end collisions.
First, the consistent influence of variables such as traffic
volume, number of vehicles involved, and access-controlled
roadways indicates that high-risk roadway types can be
proactively targeted for injury mitigation. Interventions such
as dynamic speed management, improved road surface
treatments, and enhanced pavement markings or lane
delineation may help reduce crash impact severity,
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particularly in high-volume corridors and areas with
challenging terrain.

Second, the subgroup-specific modeling approach
highlights the need for tailored strategies that address the
distinct risk profiles of demographic groups. For example,
behavioral programs or in-vehicle technologies targeting
young male drivers, especially in rural nighttime settings,
could improve safety in ways that infrastructure changes
alone may not achieve. Likewise, enhancing lighting and
signage in rural and mountainous regions could substantially
benefit older drivers, who remain physically vulnerable even
in moderate-speed crashes.

For instance, the Washington State Department of
Transportation implements Active Traffic Management
strategies, including variable speed limits and lane control
signage, on multiple freeways in Seattle and Vancouver,
such as I-5, 1-90, and SR-520. A case study on southbound
I-5 in Vancouver reports a 24% reduction in rear-end crashes
following the deployment of ATM systems [66]. Similarly,
the Texas Department of Transportation’s “Talk. Text.
Crash.” public education campaign, aimed at youth and
young adults, addresses over 91,000 distracted-driving
crashes in 2024, including 373 fatalities and 2,587 serious
injuries [67]. These examples demonstrate how targeted
infrastructure and behavioral interventions can effectively
reduce subgroup-specific risks highlighted in this study.

Although the dataset used in this study originates from
California, the implications extend beyond state boundaries.
The behavioral and environmental patterns identified, such
as the influence of lighting, area type, and driver age, likely
apply to comparable urban, suburban, and rural contexts
across the United States and potentially in other countries.
Therefore, the evidence-based strategies derived from this
research can be adapted and implemented across diverse
settings to improve traffic safety outcomes.

Finally, the insights gained underscore the importance of
integrating infrastructure design, enforcement, education,
and vehicle technology into a comprehensive approach for
reducing rear-end crash injury severity. Tailoring
interventions to match context and demographic
characteristics enhances effectiveness and supports more
equitable, data-driven transportation safety policies.

6. Conclusion

This study applied 24 disaggregated binary logistic
regression models to analyze rear-end crash injury severity
using 569,386 crash records from California (2015-2017),
stratified by driver sex, age, lighting condition, and area type.
The results demonstrate that injury severity in rear-end
collisions was influenced by a complex interaction of
environmental, roadway, temporal, and driver-related
factors, with distinct effects across subgroups.

Multi-vehicle crashes involving three or more vehicles
were consistently linked to lower injury odds, likely due to
distributed impact forces in chain-reaction scenarios. In
contrast, high AADT levels and fully access-controlled
freeway segments significantly increased injury severity,
underscoring the role of speed and exposure in crash
outcomes. Roadway conditions, especially those involving
snowy, icy, or wet surfaces, and PCC pavement types were
also associated with an increased risk of injury, highlighting

the importance of surface friction and energy absorption.
Terrain also played a major role, with rolling and
mountainous areas increasing severity due to visibility
limitations and challenging roadway geometry.

Lighting conditions and the timing of crashes emerge as
key contributors, with nighttime and late-afternoon crashes,
particularly in rural areas, consistently linked to higher injury
severity. Seasonal effects, especially during winter, further
amplified risks. The role of vehicle model year was complex;
newer vehicles displayed an increased risk of injury in some
subgroups,  suggesting  potential  behavioral  risk
compensation despite safety advancements. Median type and
access control also influenced outcomes, with undivided
medians and partial-access roads associated with higher
severity. In contrast, wider roads (eight lanes or more) were
generally associated with lower severity, likely due to better
traffic dispersion and roadway infrastructure.

Model performance, measured by AIC, deviance, pseudo
Rz, and AUC, varied significantly across subgroups. The
most robust model was associated with older female drivers
in rural dark conditions, indicating more consistent behavior
and predictable outcomes. In contrast, the weakest model
was linked to young male drivers in the same environment,
suggesting the presence of unmeasured behavioral factors
such as speeding, distraction, or substance use. These
findings highlight the limitations of aggregated models and
emphasize the importance of disaggregated approaches in
revealing context-specific risk dynamics.

By identifying both consistent and context-dependent
predictors of injury severity, this study provides actionable
insights for traffic safety policy, road design, and behavioral
interventions. Tailored countermeasures, such as improved
rural lighting, season-specific infrastructure treatments, and
targeted behavioral programs for high-risk drivers, could be
more effectively implemented using disaggregated model
outputs. Overall, this research underscores the importance of
subgroup-specific modeling in developing equitable, data-
driven strategies to reduce the severity of rear-end collisions.

Limitation: This study provides valuable insights into
rear-end collision severity using disaggregated logistic
regression models; however, several limitations should be
acknowledged. First, the analysis was based solely on crash
data from California, which may limit generalizability to
other regions with different traffic laws or driving behaviors.
Second, key behavioral factors, such as distraction, seatbelt
use, and impairment, were missing or only indirectly
represented. This limitation likely decreased model
accuracy, especially for high-risk groups like young drivers.
For instance, a crash involving a young male driver late at
night might have been caused by texting or alcohol use, but
without this information, the model attributed the injury
outcome solely to observed factors like lighting or road type.
As a result, the actual impact of risky behaviors on driving
injury severity might be underestimated or misrepresented.
Third, the exclusive focus on rear-end collisions may not
capture dynamics relevant to other crash types. Lastly, while
the categorical binning of continuous variables was useful
for interpretation, it might reduce granularity and obscure
subtle nuanced trends.

Future works: To address these gaps, future research
could incorporate behavioral data from telematics or
naturalistic driving studies to better capture risk-related
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behaviors. Expanding the model to include other crash types
(e.g., angle or sideswipe) would enable a broader application
of the findings. Methodologically, using advanced
techniques such as machine learning could uncover
nonlinear patterns and complex interactions among
predictors. Additionally, adopting continuous modeling
approaches or refining binning strategies could enhance
detail and precision. Longitudinal studies could also help
assess how crash severity evolves over time in response to
changing policies, technologies, or driver demographics.
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