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Abstract

Rapid urbanization and increasing traffic density have increased the crash risk of vulner-
able road users (VRUs), particularly pedestrians and cyclists. Meanwhile, the conven-
tional statistical models have difficulties in capturing the nonlinear and complex nature
of crash data, limiting their safety analysis effectiveness. This study utilized advanced
Gradient Boosting machine learning and integrated it with SHapley Additive exPlana-
tions (SHAP) using five years of crash data from Michigan, USA, employing a two-tiered
modeling design consisting of a 4-class joint structure and binary subset frameworks. Rig-
orously evaluated using 10-fold stratified cross-validation to predict crash severity for
VRUs, the CatBoost model had better predictive performance (AUC = 0.917) than
LightGBM, Random Forest and the traditional Logistic Regression models. The analysis
further indicated that prior crash actions, particularly risky crossing behaviors, are the
most significant determinants of injury severity for both user groups. However, the pe-
destrian crash severity is strongly associated with lighting conditions and speed limits,
while cyclist crash severity is more heavily influenced by intersection involvement and
roadway geometry. Moreover, SHAP interaction analysis showed that the speed effect on
severity significantly increases when it interacts with hazardous actions or poor visibility.
The findings provide a critical insight into the implementation of effective measures and
infrastructure improvements to increase the safety of VRUs.

Keywords: vulnerable road users (VRUs); crash injury severity; CatBoost; SHAP analysis;
explainable artificial intelligence (XAI); traffic safety; pedestrian crashes; bicycle crashes;
machine learning; crash severity prediction

1. Introduction

Urbanization and rapid population mobility intensely reshaped travel behaviors and
road usage patterns in modern cities. Rapid urban development is changing residential,
employment, and commuting structures while expanding road networks and increasing
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traffic density. As a result, interactions and conflicts among road users have increased,
raising exposure to crashes for non-motorized users. Road crashes involving vulnerable
road users (VRUs), which include pedestrians, cyclist riders, and other unprotected users,
represent significant challenges to global public health and safe transportation [1].

Globally, traffic crashes remain a leading cause of deaths and severe injury. The
World Health Organization (WHO) reports that although there was recently a decline in
fatal crashes, they still present consistent challenges for vulnerable users, particularly in
complex urban circumstances that involve motorized and non-motorized interactions [2].
VRUs are more exposed and vulnerable than vehicle users and are therefore more at risk
of injury. Additionally, according to the WHO, during the years 2010-2021, there were
increases in fatal injuries to both pedestrians and bicyclists, 3% and 20%, respectively.
Similarly in the United States, VRUs represented approximately 21.6% of all crash fatali-
ties during 2023. More specifically, nearly 7000 pedestrians and over 1000 bicycle riders
lost their lives due to road crashes [3]. These figures showed the continued existence of
substantial and growing safety concerns for non-motorized roadway users. As such, the
safety of VRUs represents a significant priority area in terms of traffic safety goals and
objectives as well as being supportive of promoting active transportation and mitigating
congestion. Developing effective countermeasures to reduce the risks faced by VRUs
needs a comprehensive understanding of crash mechanisms and crash contributing fac-
tors. Previous studies on VRU safety have identified a wide range of these factors, includ-
ing human-related factors, geometry factors, vehicle characteristics, traffic composition
and conditions, and the surrounding environment [4]. However, the sophisticated inter-
action and fusion of these factors form a serious challenge for the conventional analytical
approaches. As a result, we need more robust analytical frameworks that are capable of
capturing the impact of contributing factors on VRU severity; this is a critical priority. This
improvement can significantly enhance traffic management and decision-making.

To date, most of the conducted studies on VRU crash severity rely on conventional
statistical approaches, order probit, multinomial logit, and mixed-effects models [5-8].
Even though these models provide interpretative ability and are capable of measuring the
marginal effects of contributing predictors on severity class outcomes, they may be limited
in terms of accuracy and explanation due to their commitment to restrictive assumptions
regarding data linearity and distributional properties. Moreover, as the nature of crash
data can be described with high-dimensional characteristics, nonlinear patterns, and com-
plex variable interdependency, conventional statistical approaches may struggle to offer
an understandable explanation for VRU crashes, specifically with large-scale datasets [6].

In response to these challenges, machine learning (ML) techniques such as Random
Forests (RFs), Support Vector Machines (SVMs), Artificial Neural Networks (ANNs), and
Gradient Boosting, which have attracted growing attention recently, provide robust and
superior performance compared to conventional approaches, particularly in crash sever-
ity prediction [9-11]. Compared to conventional approaches, these analytical tools allow
us to identify nonlinear correlations and complex interactions in the data. Moreover, Gra-
dient Boosting is a very effective method since it uses ensemble learning to increase model
predictability, thereby achieving both high accuracy and robustness in complex scenarios
such as crash analyses [10].

Despite their predictive advantages, ML models often face criticism for their limited
transparency and interpretability, commonly referred to as “black-box” approaches [12].
The ML model is usually limited in terms of capturing individual variable influence on
prediction, which restricts its usefulness in traffic safety applications. On the other hand,
decision makers and infrastructure authorities require interpretable evidence to justify in-
frastructure investment, traffic regulations, and policy implementations. Recently, ex-
plainable artificial intelligence (XAI) techniques were introduced to provide complex ML
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models with the power of interpretation while keeping a high level of predictive accuracy.
This valuable additive to ML provides a promising trade-off between accuracy and inter-
pretation, especially in gradient boosting models. Among these techniques, SHapley Ad-
ditive exPlanations (SHAP), introduced by Lundberg and Lee [13], provides a chance to
determine the predictors’ importance and capture the marginal effect as a visualization in
an intuitive manner. This additive technique forms a robust framework that allows the
researchers to obtain a deeper understanding of individual risk factors impacting the
crash severity and capture their variation under different circumstances.

While most existing studies investigate the safety of VRUs separately, pedestrians
and cyclists commonly share the same traffic environment under comparable infrastruc-
ture and regulatory conditions. Analyzing them separately may overlook shared exposure
patterns, common risk factors, and interrelated behavioral responses. Therefore, adopting
a separate approach may lead to fragmented decisions and inconsistent recommenda-
tions. In contrast, a joint model approach offers a chance to integrate contributing factors
across VRUs and provide a comprehensive understanding of crash severity mechanisms.
The joint multiclass modeling framework enables the simultaneous analysis of multiple
crash severity levels and road user groups. The similarities and differences can be cap-
tured between user groups (pedestrians and cyclists) by combining the classification prob-
lem in one analytical approach, which involves comparing the processes across user
groups and capturing the decision-making-related factors, as well as identifying the fac-
tors associated with fatalities and serious injuries.

However, despite these advancements, several primary research gaps have been
identified. Most previous studies of pedestrians and cyclists are either separated or fo-
cused on a single group. A joint analytical framework is needed to distinguish shared risk
factors from user-specific mechanisms, thus adopting coordinated safety decisions. More-
over, although ML and SHAP can determine the importance of individual variables (mar-
ginal contributions), there are limited applications to features interactions such as how
speed actually has a different effect under poor lighting or hazardous behavior, which is
crucial for crash causation.

2. Literature Review

Previous safety studies indicate that injury severity of VRUs is the result of the inter-
action between multiple factors at different levels [4,14-17]. Crash outcomes are a result
of a combination of vehicle attributes, human characteristics, and environmental and
roadway conditions. In addition, the spatial and temporal context of where the crash takes
place is also significant. These factors do not function alone but are interdependent to ei-
ther reduce or increase risk based on the specific circumstances of the crash. Therefore,
these results indicate that the severity of crashes for VRUs resulted from complex interac-
tions rather than from a single factor. However, the majority of existing studies treat these
contributing factors as independent predictors, largely failing to quantify how the simul-
taneous interaction of these variables amplifies crash risk.

Factors such as demographics, vehicle type, traffic conditions, and driver behavior
all exist within an interaction context, which points towards the importance of targeting
safety initiatives to high-risk zones, especially for VRUs [4,17]. Findings from previous
studies also indicate that human- and traffic-related factors have a major impact on deter-
mining crash injury outcomes. Specifically, driver education and the behavior of VRUs
can reduce risk, whereas high vehicle speeds, presence of heavy vehicles, driving under
the influence, and crashes on major roads significantly increase the likelihood of severe
crashes. In addition, environmental and road features, which include lighting, pavement
quality, road alignment, and protective barriers, directly impact the severity of injuries for
VRUs [15]. Taken together, these results indicate that the severity of crashes for VRUs
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resulted from complex interactions rather than from a single, isolated factor. Recent stud-
ies on crash injury severity also showed the importance of accounting for heterogeneous
and interactive effects [18,19]. A study performed by ref. [18] has employed a random
parameters logit model with interaction terms to analyze roadway crashes on mountain-
ous freeways with high proportion of heavy vehicles. Vehicle characteristics, traffic vol-
ume, roadway geometry, crash timing, and environment factors were identified as signif-
icant contributors to injury severity, and several interaction effects were found to improve
the explanatory ability of the model. The study also showed that taking into account het-
erogeneity and interactions between risk factors gives a better understanding of crash
mechanisms and helps to design more effective safety interventions.

Several safety studies have highlighted the impact of various factors on VRU injury
outcomes to reduce serious injuries [4,19-21]. A study in Saint Petersburg, Russia, em-
ployed ordered probit model analysis using data collected from 13,888 pedestrian—vehicle
crashes. They identified poor lighting, adverse weather, inadequate infrastructure, and
number of people involved in a crash as contributing to higher probabilities of severe or
fatal injuries. The study further indicated that there are gender-related effects associated
with the degree of injury experienced by pedestrians and drivers; specifically, males tend
to experience greater degrees of injury than females [19]. Similarly, Ma et al. [22] reviewed
data from 2614 intersection crashes in Cook County, IL, USA. They found that pedestrian
age, vehicle type, first point of contact, and weather conditions significantly influence
crash severity. Their findings also revealed that certain age groups were more vulnerable
to injuries depending on factors such as the number of vehicles involved, the type of traf-
fic, the presence of road medians, and the behavior of drivers. On the other hand, the
study by Khaki and Mohammadnazar [23] found that the behavior of pedestrians at un-
controlled mid-block crossings can independently increase or decrease the risks, regard-
less of conventional environmental or demographic factors. Specifically, factors tradition-
ally assumed to affect injury severity, such as vehicle speed, vehicle type, and pedestrian
age and gender, were found to have little influence on pedestrians’ crossing decisions.
However, pedestrian studies remain heavily reliant on traditional statistical models that
struggle to capture the nonlinear relationship where behavioral risks suddenly fall into
severe outcomes under specific environmental conditions

Cyclist crashes also represent a significant safety concern, which emphasizes the im-
portance of identifying the related factors influencing crash severity when developing ef-
fective preventive measures. One topic that has achieved major attention in the literature
is the potential behavioral effect associated with using a bicycle helmet, particularly in
relation to the risk compensation hypothesis [24,25]. This hypothesis suggests that indi-
viduals may adjust their behavior when they perceive themselves to be more protected.
A systematic review [25] investigating the relationship between helmet use and risky cy-
cling behavior evaluated more than 20 studies, including field observations, surveys, and
controlled experiments. The review indicated that cyclists who wore helmets occasionally
exhibited marginally riskier behavior. However, the overall evidence was insufficient and
inconsistent, suggesting that the impact of helmets cannot be attributed solely to their
physical protective function. The results, in contrast, suggest that the effects of helmets
may interact with behavioral and contextual factors. A meta-analysis performed using
over fifty studies revealed that helmet use significantly reduces the risk of severe head,
traumatic brain, and facial injuries [24]. This protective effect was particularly evident in
single-bicycle crashes. The study also found that external factors such as crash speed, ve-
hicle type, and roadway characteristics influence the crash severity.

Research indicates that injury severity is different among VRUs (pedestrians and cy-
clists). Consequently, it would be inappropriate to include both categories into one cate-
gory for analysis of safety. There are several studies [26-28] have demonstrated that police
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records often underreport cyclist injuries, particularly those not involving motor vehicle
crashes. In contrast, pedestrian crashes are more consistently recorded in crash databases.
These results may provide a better understanding of pedestrian safety than underreport-
ing cyclist crashes. They also observe that injury patterns for these two groups change
with time. Studies indicated that cyclist crashes increased compared to pedestrian crashes
during the COVID-19 pandemic. These changes are mostly explained by changes in expo-
sure levels and travel behavior, for example, higher cycling activity during lockdown pe-
riods and less pedestrian traffic in urban areas. Additional analyses indicate that the char-
acteristics and severity of injuries differ among VRUs. The results emphasized the im-
portance of treating each group separately, particularly when assessing risk factors and
developing safety treatments.

Other studies have examined pedestrians and cyclists within the same analytical
framework to better understand how injury severity differs between these two groups
[26,29,30]. Islam and Hossain [26] applied random parameter logit models to investigate
injury severity in pedestrian-motor vehicle and bicycle-motor vehicle crashes in Ala-
bama. In their analysis, they found some variables that had significant effects on the injury
severity of pedestrians but not on that of cyclists, and vice versa. However, both groups
found a few factors to be significant, like darkness and crashes occurring on low-speed
roadways. Similarly, a study of national U.S. data on injury to child pedestrians and cy-
clists found clear differences in risk of injury and fatality when the two groups were ex-
amined in the same framework. The results showed that the influences of factors such as
age, vehicle type, and crash circumstances on injury severity varied between pedestrians
and cyclists. For example, while certain age groups resulted in pedestrians experiencing
a higher rate of severe injuries and fatalities, cyclist injury outcomes were more strongly
associated with crash location and vehicle speed [30]. A separate study [29] utilized other
machine learning algorithms such as Random Forest, Support Vector Machine (SVM), and
K-Nearest Neighbors (KNNs) to assess the risk factors impacting VRUs. The findings in-
dicate that Random Forest was the best classifier in all the cases and there were significant
differences in factors related to injury severity among the VRU groups. The results also
showed that motorcyclists are involved in more severe crashes than pedestrians and cy-
clists and, therefore, the different characteristics and risk mechanisms of each VRU cate-
gory should be considered.

Road crashes have long been analyzed using traditional statistical approaches like
the ordered logit model, ordered probit model, and multinomial logit model in traffic
safety research [5,31-33]. However, real-world crash data often violates several restrictive
statistical assumptions that these approaches rely on. For example, ordered models are
based on the proportional odds assumption that explanatory factors have equal effects at
all levels of injury severity. The assumption might not hold when comparing different
VRU groups where the exposure conditions and risk mechanisms are different. This may
result in potentially misleading conclusions about the effectiveness of safety interventions
for each road user group. Furthermore, conventional statistical models are often limited
in their capability to capture complex interactions of risk factors. In crash analysis, where
fatal crashes occur far less frequently than minor injuries, they may also have trouble with
highly unbalanced data [32]. Such limitations can lead to biased findings and misinterpre-
tations of the crash data. This may thereby reduce the performance of these models in
crash prediction, especially in the estimation of severe injuries for VRUs.

Previous safety studies have identified further limitations associated with conven-
tional crash models, particularly their limited ability to account for unobserved heteroge-
neity [6,32,34]. This term refers to unaccounted for variables that affect the severity of in-
juries at each crash. Improperly dealing with this kind of variability can lead to biased or
inconsistent estimates of parameters. The studies also highlight that conventional models
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rely on strict statistical assumptions. One important assumption is that predictors have
the same effect on all levels of injury severity. But this assumption may not fully consider
the complexity of real crash conditions. In practice, the effect of risk factors is often differ-
ent for different types of road users, roadway features, and surrounding conditions (e.g.,
weather conditions, time of the day, and traffic volume).

To overcome these limitations, recent safety studies have used a machine learning
framework to better capture the complex relationships in crash data [29,35-37]. A study
conducted by Al Hasanat et al. [35] employed cost-sensitive algorithms and special under-
sampling methods to address the class imbalance in crash data. The authors applied Ex-
treme Gradient Boosting (XGBoost) with a balanced loss function as well as Random Data
Partitioning with Voting Rule (RDPVR). These techniques enhanced the predictive power
of the crash models in terms of learning from the underrepresented severe and fatal crash
cases while maintaining the integrity of the original data structure. In addition, mixed
correlation analysis and statistical tests have revealed several significant factors influenc-
ing injury severity, including vehicle speed, road illumination, vehicle type, driver age,
and road conditions. Overall, the implemented methods achieved significantly higher
true positive rates for severe injury compared with conventional methods. Amiri et al. [38]
studied the performance of different machine learning models for crash severity predic-
tion, tackling the common problem of class imbalance in crash data. The machine learning
models used by the authors were Random Forest, XGBoost and Support Vector Machine.
The results showed that combining machine learning models with suitable data balancing
techniques improved the prediction of severe crash outcomes compared with conven-
tional modeling approaches.

However, Alobidan et al. [39] in a global systematic review of Al-based approaches
for traffic crash severity analysis reported that ensemble and hybrid learning techniques
generally outperform traditional statistical and ML methods. The review also identified
important challenges regarding class imbalance, model validation, reproducibility, and
explainability, thus emphasizing the importance of interpretable frameworks like SHAP
to support trustworthy and transparent transportation safety applications. These obser-
vations further prompt the integration of explainable ML methods to the analysis of VRU
injury severity. Another study [40] compared the performance of advanced ordinal en-
semble models such as Ordered XGBoost, LightGBM and Random Forest with traditional
probit and logit regression models. The analysis revealed that ensemble methods were
significantly better than traditional methods in predicting the perceived safety levels.

Tree-based machine learning models, including XGBoost, Gradient Boosting, Ran-
dom Forest and CatBoost, are used in different roadway environments to predict crash
severity [37,38,41]. These models can automatically select important features and generate
interpretable results. This capability makes them particularly valuable for guiding trans-
portation safety policies through identifying high-risk locations and supporting targeted
interventions to improve road safety. They can also handle missing crash data and iden-
tification of how each of the predictor variables contributes to the predicted outcomes by
using measures such as feature importance. Tree-based machine learning models have
also been used beyond crash severity analysis to more general VRU related safety issues.
A recent study explored VRU perceptions of sharing the road with emerging automated
driving technologies, employing XGBoost and Random Forest algorithms to identify fac-
tors influencing public acceptance. The results show that the most dominant determinants
were the concerns on traffic injuries and fatalities, perceived safety in mixed-traffic envi-
ronments, awareness of major crash incidents involving automated systems and operat-
ing speed limits [42].

In addition to the development of machine learning models, Explainable Artificial
Intelligence (XAI) techniques have become increasingly important for interpreting com-
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plex “black-box” models in transportation safety research. One of the most widely used
methods is Shapley Additive Explanations (SHAP), which offers a consistent and theoret-
ically grounded method for interpreting machine learning results [36,43]. Using the prin-
ciples of cooperative game theory, SHAP calculates an importance value for each input
variable and illustrates its increases or decreases in the predicted result. SHAP explains
model predictions by attributing the additive contributions of each feature allowing re-
searchers to study the overall model behavior and individual predictions. This ability im-
proves the transparency of the model and allows for the identification of important vari-
ables and complex interactions affecting the crash outcomes. As a result, SHAP makes
advanced predictive models more understandable and practically useful for transporta-
tion safety analysis [43].

In recent years, SHAP has been widely used to interpret models of injury severity
developed using algorithms such as Random Forest, Decision Tree, XGBoost and Cat-
Boost [37,44]. The researchers, through the use of SHAP-based analysis, have quantified
the magnitude and direction of influencing factors, such as vehicle speed, roadway char-
acteristics, lighting conditions, weather, crash location, and driver demographics. In ad-
dition, SHAP visualizations provide clear insights into how these variables interact and
contribute to severe or fatal crash outcomes. The recent study of Budzynski and Ciesla
[45] based on XAl has further demonstrated the applicability of XAl techniques for cyclist
safety analysis. In the study on bicycle-vehicle crashes in Poland, the CatBoost model in
combination with SHAP was used to identify that cyclist age, driver experience, lighting
conditions, and roadway context were significant factors related to the injury severity. The
results showed that explainable ML frameworks can accurately describe nonlinear rela-
tionships and provide clear explanations of the mechanisms that lead to severe cyclist
injuries, thus enabling evidence-based road safety interventions and sustainable mobility
policies. Despite the SHAP capability, the majority of literature commonly uses SHAP to
plot marginal main effects, while there is a distinct lack of studies leveraging SHAP’s in-
teraction values to compare how risk mechanisms shift between pedestrians and cyclists
within a unified modeling space.

Overall, the existing literature indicates that injury severity among VRUs results
from complex interactions among multiple risk factors. Conventional statistical models
frequently fail to represent these relationships comprehensively, particularly when pre-
dicting severe and fatal crashes. In contrast, more recent approaches combine advanced
modeling techniques with interpretable frameworks to better analyze crash severity.
Methods such as the Partial Proportional Odds Model and tree-based machine learning
algorithms like Random Forest, XGBoost, and CatBoost have shown improved predictive
performance. In addition, explainability tools such as SHAP help stakeholders better un-
derstand the key factors influencing crash injury severity.

3. Descriptive Statistics

The crash severity of vulnerable users, specifically pedestrians and cyclists, was ana-
lyzed based on the individual level of five years of crash data that occurred in Michigan,
USA, between 2016 and 2020 which obtained from the Michigan Department Of Trans-
portation MDOT. From an initial sample of more than 19,000 VRU crashes, records were
strictly filtered to exclude non-motor-vehicle incidents, private property crashes, and rec-
ords with unclassifiable injury severity. Moreover, the categorical variables were retained
as a “Missing” category to leverage CatBoost’s native handling, while continuous varia-
bles were imputed using the median from the training folds to prevent data leakage for
missing data in explanatory variables. As a result, the final analytical sample that was
conducted in the crash severity analysis for VRUs is consists of 14,898, crashes. The re-
sponse variable of crash severity was classified into two primary severity categories for
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each vulnerable user group, including severe crash, which includes fatal and serious inju-
ries, and non-severe crash, which includes minor injury, possible injury, and no injury.
An examination of the severity response variable indicated a significant class imbalance
across the full dataset. The data showed that non-severe crashes accounted for 80.86% of
the sample (N = 12,047), while severe crashes comprised only 19.14% (N = 2851). Regard-
ing the subset groups used for the binary classification framework, this imbalance was
distinctly present: pedestrian severe crashes accounted for 14.68% of all pedestrian cases
(N = 2187), while cyclist severe crashes represented an even smaller proportion at 4.53%
of all cyclist cases (N = 675). Table 1 illustrates severe and non-severe categories for each
group of vulnerable users.

Table 1. Classification of the combined outcome variable.

Road User Type Combined Category

Pedestrians —Non-severe Injury
Pedestrians —Severe Injury
Bicyclists—Non-severe Injury
Bicyclists —Severe Injury

Pedestrians

Cyclists

Modeling Strategy

To comprehensively analyze VRU crash severity, this study employed a two-tiered
modeling strategy utilizing both multiclass and binary classification frameworks:

e Binary Framework: A subset of binary classification models (Severe vs. Non-Severe)
were trained separately on the pedestrian-only subset and the cyclist-only subset to
capture the individualized risk for each road user group without the potential impact
caused by mixing populations. This approach provides focused SHAP summary
plots that clearly delineate the distinct environmental and behavioral determinants
of severity for pedestrians and cyclists independently.

e Joint Multiclass Framework: The analytical framework utilized a combined 4-
classdependent variable based on vulnerable road user type and the category of se-
verity (Table 1). This framework provides direct cross-group comparisons by model-
ing pedestrians and cyclists simultaneously. Also, it captures SHAP interaction ef-
fects that identify how specific factors shift crash outcomes, not just from non-severe
to severe but between user groups such as pedestrian severe vs. cyclist severe. This
addresses the study’s objective of capturing shared versus unique risk factors.

Table 2 summarizes the selected variables for vulnerable users’ crash circumstances
to analyze injury severity. The factors include spatial, temporal, environmental, and user-
related characteristics attributed to each case. The table provides a clarification for variable
distribution in the dataset and the ability to capture crash patterns that influence the like-
lihood of injury type occurrence for both pedestrians and cyclists in a combined modeling
framework.

Table 2. Descriptive statistics of the explanatory variables used in the injury severity analysis of

pedestrians and bicyclists.

Variable Count Mean Std.Dev Min Max
Day of week
Weekend 3233 0217 0412 0 1
Speed limit 14,898 33.643 11.7 5 75
Alcohol Involved
Yes 1207 0.081 0.273 0 1
Drug Involved
Yes 328 0.022  0.146 0 1
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Truck Involved
Yes 268 0.018 0.133 0 1
Emergency vehicle involved
Yes 104 0.007  0.084 0 1
Distracted Driver Involved
Yes 596 0.040 0.196 0 1
Number of motor vehicles involved
Single 14,342 0.9630  0.190 0 1
Multiple 557 0.037  0.190 0 1
Number of non-motor vehicles involved
Single 14,474 0.971 0.166 0
Multiple 425 0.029  0.166 0
Rural/Urban
Rural 1177 0.079  0.270 0 1
Sub urban 3352 0225 0418 0 1
Urban 10,369 0.696  0.460 0 1
Intersection Involved
Yes 8015 0.538  0.499 0 1
Hazardous Action
At Fault 6868 0.461 0.498 0 1
Crash type
Single 10,622 0713  0.452 0 1
Head-on 3903 0262  0.444 0 1
Angle 60 0.004  0.060 0 1
Rear 104 0.007  0.085 0 1
Sideswipe 89 0.006  0.075 0 1
Backing 15 0.001 0.038 0 1
Age
Under 18 3427 0.230  0.421 0 1
18-24 2413 0.162  0.369 0 1
2544 3963 0.266  0.442 0 1
45-64 3823 0.257  0.437 0 1
65 and more 1251 0.084 0.278 0 1
Gender
Male 10,235 0.687  0.463 0 1
Vehicle type
Passenger Car 10,816 0.726 0.446 0 1
Light Condition
Daylight 9416 0.632  0.482 0 1
Dark 4752 0.319  0.466 0 1
Other 730 0.049 0.216 0
Weather Condition
Clear 10,369 0.696  0.460 0 1
Traffic Control
Signal 4648 0312 0463 0 1
Stop Sign 2667 0.179  0.383 0 1
Yield Sign 134 0.009  0.095 0 1
None 7449 0.500  0.500 0 1
Road Condition
Dry 2875 0.193  0.395 0 1
Lane Number
1 1117 0.075  0.264 0 1
2 6868 0.461 0.499 0 1
3 or More 6898 0463  0.499 0 1
Prior Action
Going straight ahead 3814 0.256  0.436 0 1
Crossing at the intersection 4246 0.285 0.451 0 1
Crossing at not allowed crossing area 2160 0.145 0.352 0 1
Other 4678 0314 0464 0 1
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Data distribution indicates that most crashes occurred in urban areas (urban and sub-
urban), which consist of 92.1%, while 7.9% occurred in rural areas. In particular, the data
shows approximately 53.8% of crashes took place at intersections. Regarding driving un-
der the influence, alcohol and drugs were responsible for 8.1% and 2.2% of crashes, re-
spectively. Furthermore, distracted driving accounted for 4% of all crashes. In terms of
environmental factors, the majority of crashes took place in daylight (63.2%) and clear
weather (96.6%), which provides a preliminary understanding that visibility issues are
less prevalent compared to other factors. The data also indicates that passenger cars dom-
inate vulnerable users’ crashes with a presence of 72.6% of total cases, while the average
posted speed for all selected cases was approximately 33 mph. The demographic charac-
teristics show a clear skew toward male vulnerable users with 68.7% of the sample. For
age distribution, there is a notable balance in the middle age of vulnerable users, at ap-
proximately 26% even though a substantial percentage (23%) were under 18 years. How-
ever, pre-crash behavior also had a significant presence in crash circumstances. Crossing
at the intersection area shows the most frequent prior crash action (28.5%), followed by
going straight ahead (26%). Furthermore, it should be noticed that about 46.1% of inci-
dents were assigned as the user’s responsibility, which indicates the complexity of assign-
ment in crash liability. In this dataset, the ‘Hazardous Action’ variable specifically indi-
cates whether the vulnerable road user was reported by the responding police officer as
committing a hazardous action such as failing to yield, disregarding a traffic signal, or
crossing outside of a designated crosswalk or being formally determined to be at fault for
the crash. This highlights the complexity of liability assignment in VRU crashes.

Overall, these statistics suggest that pedestrian and bicyclist crashes are concentrated
in urban areas and at intersections, often occurring under favorable lighting and weather
conditions. Behavioral factors such as alcohol involvement and hit-and-run incidents
emerge as important elements potentially associated with a higher likelihood of severe
injuries.

4. Model Description

To capture the influence of contributory features on vulnerable users’ injury severity,
this research utilized the CatBoost model. The boosting approaches improve prediction
performance by combining several classifiers in one classifier model, such as CatBoost.
Mainly, the boosting algorithms iteratively minimize a loss function by fitting new models
to the gradients of previous errors [46—48]. The boosting process starts with a decision tree
as a base learner and iteratively refines the model by fitting subsequent trees to minimize
prediction errors. Specifically, CatBoost, as a boosting machine learning model developed
by ref. [49], is defined to effectively handle both numerical and categorical features during
the training period. Traffic data typically contains a mix of categorical and numerical fea-
tures. Traditional ensemble models, such as XGBoost and LightGBM, require converting
the categorical variables into numerical representations to capture the association with
response variables, which may lead to increased dimensionality and potential information
loss. In contrast, the CatBoost approach provides the chance to process the categorical
features to be numerical based on the average target value for a specific category by con-
ducting Ordered Target Statistics instead of simple encoding. Randomly, CatBoost imple-
ments ordered boosting by calculating the statistics for an occurrence depending on the
preceding historical data rather than the full dataset. The following equation illustrates
the mathematical expression for CatBoost prediction.

Lja(<at Liyg Yyt a-p
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where ¢ is a random permutation, x} represents a specific feature value, y; is the target
value (crash severity) for previous record, a is a prior strength, and p is the prior that
refers to the average crash severity across the entire dataset used to smooth the estimate
for rare categories. Moreover, SHAP (SHapley Additive exPlanations) is an interpretable
machine learning technique that illustrates how much each feature contributes to a model
output [13]. The technique decomposes each model’s prediction into the additive contri-
bution of each feature relative to some baseline value, enabling both global and local in-
terpretability [46]. This technique ensures consistency and locality in the explanations of
model output, establishing SHAP as a robust framework for interpretation [13]. The ad-
ditive SHAP technique was applied to quantify the contribution of each feature to the
prediction of crash severity.

¢u(f %) =
SEN\(i}
And the additive property:
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f(x) is the predicted crash severity for a specific individual crash event x, ¢, indicates
the baseline for crash severity based on the average crash severity prediction for entire
training dataset, ¢; is the impact of single feature on the response variable probability,
1x(S) refers to the predicted crash severity if it only knew the factors in subset S, [f,(S U
{i}) — fx(8)] denotes an expression to capture the change (marginal effect) in the response
crash severity when the unexpectedly specific feature i is changed. Due to its capability
to natively process categorical variables and superiority over other boosting models by
minimizing overfitting through ordered boosting. This makes CatBoost a reliable and ef-
ficient method for enhancing prediction accuracy and capturing complex nonlinear rela-
tionships in crash data [46,49].

Four different classification algorithms were utilized for comparison: Logistic Re-
gression (LR), Random Forest (RF), LightGBM, and CatBoost. LR implemented as the tra-
ditional statistical baseline, while RF (300 trees) and LightGBM (learning rate = 0.05, 300
estimators) provided alternative ensemble and boosting architectures. CatBoost was con-
figured with a depth of 5 and 500 iterations, leveraging its native ability to process cate-
gorical features without manual encoding. The Synthetic Minority Over-sampling Tech-
nique (SMOTE) was employed to generate synthetic instances of the minority (severe)
class. To prevent data leakage and ensure realistic evaluation, SMOTE was applied exclu-
sively to the training data within each fold of the 10-fold stratified cross-validation pro-
cess. Although SMOTE is mostly developed for continuous numerical fields, the categor-
ical variables were label encoded, so the process takes into account the whole feature ma-
trix. Importantly, those encoded columns were then explicitly flagged as categorical fea-
tures inside the CatBoost model. So, during the tree construction, CatBoost ended up us-
ing its own Ordered Target Statistics mechanism, which leans on category frequency
counting rather than any numerical Euclidean distance. As a result, it essentially elimi-
nates the interpolative that SMOTE could have introduced into the categorical data.

5. Results and Discussion

In addition to examining which variables are associated with crash severity for vul-
nerable road users (VRUs), this study utilized a machine learning approach known as
ensemble machine learning utilizing CatBoost to compare the differences in crash severity
at various levels. Namely, comparing crashes involving pedestrians versus cyclists as well
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as comparing crashes that resulted in a high level of injury/property damage versus those
that did not.

To ensure the reliability of the predictive performance and to evaluate the stability of
the models under different data partitions, a 10-fold stratified cross-validation was uti-
lized. Table 3 summarizes the average performance metrics across both binary classifica-
tion frameworks (pedestrian and cyclist subsets). According to the illustrated results, the
CatBoost model achieved the highest mean AUC-ROC (0.917) and the highest F1-Score
(0.812) among all tested models, confirming its superior capability in distinguishing be-
tween severe and non-severe crashes. The POC curve in Figure 1 further shows that Cat-
Boost has better discriminative performance than the other models assessed, due to a large
area under the curve. Additionally, CatBoost demonstrated exceptional stability across
the different data partitions and associated with low standard deviation of + 0.006 for
AUC-ROC. Based on F1-Score results, LightGBM indicated a marginally higher recall for
severe crashes (0.747 vs. 0.734) while CatBoost maintained a better balance between pre-
cision and recall. The low variance across all metrics confirms that the CatBoost model’s
predictive capability is robust, highly reliable, and not an artifact of a specific random data
partition. Therefore, due to its ability to rank prediction probabilities accurately (AUC-
ROC), superiority in balance between precision and recall, and capability of handling cat-
egorical variable without manual coding, CatBoost forms the most reliable models for
SHAP analysis of vulnerable road users crash severity. This result is consistent with pre-
vious studies that showed the CatBoost model outperformed both traditional statistical
models and competing gradient boosting algorithms in the transportation safety field. The
literature indicates an enhancement in prediction performance ranging from 2% to 15%
when using CatBoost, depending on the dataset and comparison models [50-52]. For in-
stance, one study examined pedestrians” behavior to improve crash severity prediction by
comparing several models [52]. The study applied the hunter-prey algorithm to optimize
the hyperparameters of the CatBoost model. Findings illustrate an accuracy exceeding
96% when using CatBoost, along with improved capability in capturing complex feature
interactions. As a result, these findings further support the ability of CatBoost to effec-
tively distinguish between different severity levels and to capture complex nonlinear re-
lationships within the dataset. Therefore, CatBoost was chosen as the final model for ex-
amining crash severity among VRUs.

Table 3. Performance comparison of classification models for severity prediction.

Model AUC-ROC F1-Score (Severe) Recall (Severe) Accuracy
Logistic Regression ~ 0.856 + 0.010 0.736 +0.011 0.774 +0.020 0.768 + 0.009
Random Forest 0.893 = 0.007 0.781 = 0.006 0.739 +0.011 0.827 = 0.005
LightGBM 0.914 + 0.006 0.802 +0.007 0.747 +0.014 0.846 + 0.004
CatBoost 0.917 = 0.006 0.812 +0.011 0.734 £ 0.019 0.846 = 0.006

The predictive capability of the joint modeling approach was also evaluated by uti-
lizing 10-fold stratified cross-validation which was applied to the 4-class multiclass frame-
work. Table 4 summarizes these performance metrics, indicating that the performance
metrics for the 4-class problem are lower than those observed in the binary frameworks.
This reduction is a common outcome in crash severity modeling is expected during the
transition to multiclass structures, driven by increased decision boundary complexity and
severe class imbalance particularly for the “Bicyclists—Severe Injury” category, which
constitutes only 4.53% of the total observations and heavily penalizes the Macro F1-Score.
However, the LightGBM exhibited a marginal, statistically negligible advantage over Cat-
Boost in this specific 4-class task (difference of <1). The decision to retain CatBoost for
SHAP analysis was driven by its superior performance in the binary frameworks and abil-
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ity to handle categorical variables which provides more reliable SHAP feature splits as
well as the need for methodological consistency. Most importantly, the primary objective
of the 4-class CatBoost model in this study is not isolated point-prediction, but rather to
establish a unified feature space required to accurately calculate SHAP interaction values
across different VRU groups.

10-Fold CV Model Comparison
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Figure 1. ROC curves for model performance comparison.

Table 4. Performance comparison of classification models for the 4-class joint multiclass.

Model AUC-ROC F1-Score (Severe) Recall (Severe) Accuracy
Logistic Regression 0.775 +0.013 0.446 +0.014 0.479 +0.018 0.527 +0.017
Random Forest 0.775 = 0.009 0.472 +0.013 0.474 +0.013 0.614 +0.014
LightGBM 0.803 +0.011 0.503 +0.015 0.502 +0.014 0.647 +0.017
CatBoost 0.806 = 0.012 0.502 +0.018 0.505 = 0.016 0.640 = 0.018

To better understand how different variables influence injury severity among VRUSs,
feature importance analysis was performed using interpretable machine learning tech-
niques based on SHAP. Figures 2 and 3 present the ranking of variables according to their
mean SHAP values, reflecting their relative contribution to the CatBoost model predictions.

The findings indicated that prior actions, such as crossing at intersections (whether
authorized or not), are the most influential factor in explaining vulnerable users’ severity,
with a SHAP value of 0.30. This indicates that the actions taken by the parties involved
play a critical role in determining crash severity. In addition, speed limit and hazardous
action, which represent environmental conditions and user behavior (such as crossing be-
havior or responsibility in the crash), also exhibit high importance, with SHAP values of
0.25 and 0.24, respectively. These variables are associated with a higher predicted proba-
bility of severe crash outcomes among VRUs.
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Figure 2. Feature importance based on SHAP values for pedestrian and bicycle injury severity.
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Figure 3. SHAP summary plot for pedestrian and bicycle injury severity prediction.
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Moreover, the figure indicates the light and weather conditions as one of the top in-
fluential factors with a value of 0.17, which is related to the visibility of users. In terms of
demographic characteristics, age was indicated as an important feature, ranking fifth with
a value of 0.16. In addition, infrastructure and environmental factors, such as light condi-
tion and speed category, were found to play a role in explaining injury severity by 0.13
and 0.09, respectively. In contrast, factors like alcohol involvement, the number of lanes,
and the type of vehicle had a smaller effect compared to the other main variables.

The SHAP analysis was also conducted at the within-subject level for each group of
vulnerable users (pedestrians and cyclists). Results shown in Figure 4 illustrate the influ-
ence of factors on the prediction of pedestrian injury severity (severe vs. non-severe in-
jury). The figure identifies lighting conditions, hazardous actions, and speed limits as the
most important predictors of crash severity. The SHAP analysis indicates that higher val-
ues of reckless behavior are associated with higher predicted probabilities of severe pe-
destrian injury and those in high-speed zones due to the differences in kinetic energy and
impact nature. This result can be correlated with pedestrian exposure conditions or infra-
structure design, which can sometimes permit or even encourage unsafe crossing behav-
iors. These results are consistent with the previous literature that clearly states an increase
in crash severity due to fault behavior from pedestrians when interacting with vehicles on
the road, especially at intersecting areas [53,54]. For example, four years of crash data from
North Carolina were analyzed to capture the direct and indirect effect of contributing fac-
tors on pedestrians crash severity [53]. The study utilized a path analysis by using an or-
dered logit model and a mixed logit model to identify factors impacting crash severity.
The results indicated that pedestrians’ behavior indirectly contributes to increased injury
severity. Moreover, another study was conducted on signalized and unsignalized inter-
sections to investigate and enhance pedestrian safety [54]. A machine learning algorithm,
negative binomial, and order logit models were implemented on crowdsourced and mo-
bile-based data to capture pedestrians’ crash severity and frequency. The findings illus-
trated a consistent impact of pedestrians’ behavior, such as interacting while impaired, as
a key factor influencing both crash frequency and injury severity across different intersec-
tion types. Environmental factors were also identified as influential contributors, such as
road condition, light condition, type of traffic control, and the number of lanes. The pres-
ence of a dry road surface is associated with lower injury severity for pedestrians com-
pared with a slippery or icy road, because less surface friction can lead to loss of vehicle
control, which is correlated with higher predicted crash severity [55]. This loss in control
because of surface friction may contribute to higher impact speeds and the likelihood of
fatal outcomes, especially for vital injuries such as head-striking injuries [56]. As expected,
there is an increased probability of high-severity injuries under low-lighting conditions.
Low visibility was identified as a major key factor contributing to crash severity, where
the driver is unable to see vulnerable users in time; thus, the driver maintains their driving
speed without caution towards pedestrians [57]. Therefore, the available recognition time
will be reduced, which impacts the ability to practice appropriate braking or evasive ma-
neuvers and may be associated with higher impact speeds and higher predicted injury
severity [58]. On the other hand, the type of traffic signal control was associated with
lower predicted severity with severe pedestrian injuries compared to other types, such as
signs and uncontrolled intersections. This can be related to the power of traffic lights in
regulating traffic and reducing the conflict and confusion between road users [59]. By
providing clear right-of-way instructions, the traffic signal is linked to lower predicted
severity, likely by regulating right-of-way and correlating with lower vehicle speeds at
crossings compared with uncontrolled locations [60].
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Figure 4. SHAP summary plot for pedestrian injury severity prediction.

Increasing the number of lanes showed a negative association with severe pedestrian
injuries in the SHAP analysis. This unreasonable finding is highly associated with the con-
founding between lane numbers and the speed environment variables. One- and two-lane
systems are mainly considered as rural roadways with high speed, whereas the three-lane
system is characterized by urban roads with low speed, higher congestion, and frequent
traffic signalization presence. Therefore, the finding is not claiming that adding lanes will
reduce severity but rather that capturing the type of interaction environment where multi-
lane roads exist is correlated with less severe pedestrian outcomes compared to high-
speed rural roadways. Moreover, several studies indicated that increasing lane numbers
may be associated with the openness of clear vision for drivers and provide them with a
higher degree of freedom in roadway maneuvers [61]. This lateral space helps drivers to
avoid severe crashes and reduce the impact force by providing space for avoidance, which
causes less severe injury compared to narrow and restrictive roadways [62]. Moreover,
regarding demographic variables, age showed a negative association with severe injury
probability for elderly pedestrians. This association can be related to behavioral and en-
vironmental confounding effects in the crash dataset regardless of elderly pedestrians’
physiological fragility, which typically increases injury risk. Elderly pedestrians are more
likely to walk in dense, low-speed urban environments with shorter crossing distances
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and lower vehicle speeds, which the model associates with non-severe outcomes. On the
other hand, younger pedestrians may be overrepresented in higher-speed, suburban ar-
terial environments where severe crashes occur. Thus, the model captures the protective
effect of the environmental context typically associated with elderly pedestrian travel, ra-
ther than a direct mitigating effect of age itself [63,64]. As a conclusion, the SHAP analysis
for pedestrian severity suggests that even though the behavioral factor impact is notable,
the crash environment and speed-related variables provide the most consistent predictive
power for identifying severe pedestrian crashes.

On the other hand, Figure 5 illustrates the SHAP summary plot for the cyclist crash
severity (severe vs. not severe). The model results show that intersection involvement is
the most important factor affecting cyclist injury, indicating a strong association within
the model between cyclist crash severity and intersection involvement. High values on
the scale (shown in red) are associated with higher predicted severity with severe out-
comes. The SHAP analysis captured an inverse correlation with land use classification
(rural, suburban, and urban). The figure suggests a noticeable shift toward the negative
side of the SHAP scale when the crash occurred in urban settings. These results may cor-
relate to the complexity and low speed of urban areas, where the kinetic energy can be
mitigated compared to rural areas, thereby reducing injury severity [65]. Moreover, the
existing literature indicates that using urban countermeasures, such as traffic calming,
plays a key role in controlling vehicle speeds, which reduces the likelihood of the occur-
rence of severe and fatal injuries [66]. Moreover, variables such as crash type and the age
of VRUs demonstrate a clear positive association with the probability of severe cyclist in-
juries. Side or angle crashes commonly result in higher impact energy to the cyclist’s body,
which causes critical injuries compared to other crash types, such as rear-end crashes. This
effect is also influenced by age, where older cyclists are associated with physiological re-
silience and recovery capacity [67]. The number of lanes, conversely, shows a negative
association, indicating that a roadway with a low number of lanes is correlated with se-
vere crash injuries in the case of cyclist crashes. This result can be explained by the fact
that narrow roadways force cyclists to operate closer to the vehicles, which limits the abil-
ity for drivers and cyclists to execute evasive maneuvers without risking a head-on crash
with traffic [68].

However, while some factors, such as speed limit and vehicle type, have shown a mod-
erate influence on severe cyclist injuries, other predictors, like gender, weather conditions,
and lighting conditions, show relatively limited impact on cyclist model outcomes. This
finding is unreasonable when compared to pedestrian vulnerability, but it is highly justified
by the fundamental differences in user exposure and visual detection. Compared to pedes-
trians who rely on ambient infrastructure lighting due to their low profiles and static posi-
tions, cyclists indicate continuous lateral movements and typically travel at higher speeds
[4]. This makes cyclists more visible to drivers regardless of the lighting conditions as well
as their ability to adopt and utilize personal safety equipment such as reflectors and head-
lamps that mitigate the impact of poor lighting conditions. Therefore, the model correctly
identifies that a cyclist’s spatial dynamics and active lighting reduce their reliance on envi-
ronmental weather and light conditions compared to pedestrians.

Figure 6 shows the top 10 feature interactions captured by SHAP analysis that deter-
mine the degree of injury to those involved in a crash. These feature interactions can be
found in each of four types of crashes: Ped_Severe, Ped_Non_Severe, Cyc_Severe, and
Cyc_Non_Severe. The feature interactions indicate the primary role speed limits have in
determining crash severity, where speed emerged as one of the most influential features
in the model in the most high-impact factor combinations [59]. For example, the interac-
tion between speed and hazardous action, particularly when the VRU is at fault, illustrates
that the predictive influence of speed is magnified when interacting with risky behavior
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variables, suggesting that the combined presence of these factors is a strong indicator of
severe crash risk [69]. Moreover, the results also observed that the model assigned higher
predicted probabilities of severe injury to cyclists when they engaged in high-risk behav-
iors, such as crossing an intersection regardless of permission or not, and traveled at
higher speeds than others [57,70].
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Figure 5. SHAP summary plot for predicting bicycle crash severity.

Infrastructure-related interactions also show notable effects. The results indicated
that the predicted effect of speed on severe injury probability is notably higher in the pres-
ence of poor lighting and the location had a higher level of intersection control, such as
traffic signals. This suggests that under the low-visibility intersection conditions, the ben-
efits of traffic control can be compromised, especially in high-speed locations where the
drivers have to control their time to perceive the vulnerable users [68]. In addition, several
other important interactions were observed, including speed limit x gender, speed limit x
number of lanes, and hazardous action x prior action. These findings indicate that the role
of speed is not uniform; instead, it is highly correlated with geometric characteristics of
the road and users’ behavior [29]. These results concluded that while crash severity among
VRUs may appear to be determined by a single factor, it is actually influenced by many
different combinations of behavioral, environmental, and traffic-related feature interac-
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tions. This confirmed the necessity for advanced models capable of capturing such com-
plex dependencies and the multifaceted nature of crash causation.

Top 10 Most Critical Feature Interactions by Crash Category
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Figure 6. Top SHAP interactions affecting vulnerable users’ crash severity.

In addition, a multiclass analysis was conducted using the CatBoost machine learn-
ing technique to enable cross-class comparisons of injury severity among VRUs. Overall,
the results indicate that prior crash action is the most influential factor across all classes,
indicating that the model suggests that injury severity predictions are strongly influenced
by prior crash behavior and driven by specific risk-behavior rather than random interac-
tions of features [69]. The correlation between prior action and injury severity varies
among user groups. For pedestrians, the results suggest a negative association between
low-value action categories, such as going straight ahead, and the probability of severe
injury. This suggests that driver cognitive workload can be minimized by counting on
predictability and path expectations, which reflect confusion and reduce the occurrence
of severe injuries [71]. In contrast, cyclist crashes show a positive association between
high-risk prior actions, such as crossing at intersections, and the probability of severe
crashes. This result highlights the vulnerability of cyclists to lateral impact and driver ex-
pectations [72]. Furthermore, while non-severe crash causes are affected by several factors
with small individual impact, severe injury crashes were more frequently associated with
a distinct subset of dangerous user behaviors. This identifies an opportunity for focused
interventions toward risky driver behavior to enhance overall safety results for VRUs.

Environmental risk factors play an important role in the differentiation between pe-
destrian and bicycle crash outcomes. Light condition factors were identified as a strong
predictor for pedestrian crash injuries compared to cyclist crashes. This indicates that vul-
nerable pedestrians are more reliant on visibility when interacting with the traffic. More-
over, pedestrians with low profiles and slow speeds can be disproportionately affected by
driver visual detection, unlike cyclists who can benefit from parallax motion [72]. Road-
way characteristics also showed a significant influence on crash severity. However, the
severe cyclist injury category was identified by only four features, which suggest that se-
vere injuries are driven by specific high-risk circumstances, such as truck involvement.
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Figure 7 also demonstrates that absolute SHAP values were significantly greater for
severe crash classes. This indicates that severe outcomes are associated with more extreme
factor values and stronger predictive relationships. Driver-related factors such as alcohol
and drug involvement were more effective in predicting pedestrian crashes than cyclist
crashes. Furthermore, age was found to have a stronger positive correlation with the se-
verity of pedestrian injuries than with cyclist injuries; this finding has been previously
supported through other studies regarding pedestrian vulnerabilities.
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Figure 7. Feature contribution estimates across crash severity outcomes for pedestrians and cyclists.

The SHAP interaction results and summary plots reveal critical differences between
pedestrians and cyclists that directly inform targeted countermeasures. A strong positive
interaction between speed limits and poor lighting conditions on the severity for pedes-
trians. This suggests that passive visibility treatments such as street lighting enhance-
ments are insufficient alone if speed limits remain high. Therefore, a combined engineer-
ing intervention for pedestrian corridors should be associated with sufficient illuminated
pedestrian crossing systems and physical traffic calming measures such as curb extensions
and raised crosswalks that force speed reduction at conflict points, rather than relying
solely on visual cues.

Conversely, the finding indicated that cyclist severity outcome is significantly af-
fected by infrastructure like intersection involvement and low lane numbers (narrow
roadways), illustrating a spatial constraint issue. Compared to pedestrians, cyclists pos-
sess parallax motion and higher speeds, making them more vulnerable to lateral impact
angles at intersections. Therefore, operational and engineering policies and countermeas-
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ures should prioritize protected intersections by providing safety features such as corner
refuge islands, which physically separate cyclists from turning vehicles and mitigate the
severity of angle crashes identified in the SHAP analysis. Furthermore, the data suggest-
ing severe cyclist injuries are highly concentrated in specific high-risk scenarios such as
truck involvement, indicating that policy interventions could yield disproportionate
safety benefits for cyclists.

Finally, the key importance of vulnerable road users actions across both user groups
emphasizes a limitation of purely engineering-based solutions. According to study find-
ings, user behavior like risky crossing increases the danger of environmental factors
(speed/lighting). These findings support the implementation of users behavioral counter-
measures such as pedestrian scramble phases at complex signalized intersections and
public awareness campaigns that address the combined risk of behavioral violations in
high-speed or low-light environments.

6. Conclusions

This study proposed an analytical framework to investigate the crash injury severity
of vulnerable road users (VRUs) by utilizing a CatBoost ensemble boosting machine
model integrated with Explainable Artificial Intelligence (SHAP). The model successfully
captured the complex and nonlinear interaction between features dominating traditional
statistical and other ensemble methods.

Overall, the findings emphasize that crash severity is not determined by single factors
but is rather the result of sophisticated interactions that combine human behavior, environ-
mental condition, and infrastructure. CatBoost outperformed all other models with respect
to predicting crashes (AUC = 0.921) and can handle both large amounts of dimensional data
and highly unbalanced crash data, especially as categorical variables. Additionally, the use
of the SHAP additive explanation method provided evidence of how each variable contrib-
uted to the model’s prediction, thus allowing for policy development and investments in
transportation infrastructure to be made based on understandable evidence.

Behavioral and spatial factors played a significant role in injury severity prediction.
Prior crash actions (especially those involving risky crossing behaviors) were identified as
the most contributory factors in severity prediction for both vulnerable user groups.
Moreover, the joint modeling framework highlighted important differences in vulnerabil-
ity profiles for pedestrians and cyclists. For pedestrians, lighting conditions and speed
limits were identified as critical features in severity prediction. The findings revealed that
low visibility was associated with higher predicted probabilities of severe outcomes, while
pedestrians’ severe crash probability decreases as the number of lanes on the roadway
increases. Conversely, there was a high association between intersection involvement and
roadway geometry with higher predicted cyclist severity. For instance, cyclists are ex-
posed to a higher probability of severe crashes on narrow roadways where the proximity
to vehicles limits the ability to perform evasive maneuvers. Finally, urban environments
were associated with a lower probability of severe injuries compared to rural environ-
ments due to lower speeds.

SHAP interaction analysis revealed a compounded effect of speed as a key risk factor.
The results indicate that effect of speed increases significantly when combined with haz-
ardous actions or poor lighting conditions. This finding shows that combining speed re-
duction strategies with behavioral interventions and visibility improvements will yield
maximum effectiveness.

The results of this study can be utilized for practical implications by targeting specific
user-safety interventions. The findings show a strong influence of prior crossing behaviors
that emphasize the need to reduce the exposure time of pedestrians on the road by utiliz-
ing some practical interventions such as scramble phases at complex intersections and
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raised crosswalks at unauthorized mid-block crossings. Additionally, the amplified risk
caused by high speeds interacting with poor visibility indicates that standalone lighting
improvements are inadequate where the illumination should be paired with physical traf-
fic calming measures to force speed reduction at conflict points. Conversely, regarding the
cyclist, a strong correlation between cyclist severity and intersection involvement and nar-
row lanes (characterized by the minimal impact of lighting) suggests shifting infrastruc-
ture resources away from visibility upgrades toward protected intersection designs such
as corner refuge islands and dedicated physical separation. Finally, the analysis illustrates
that lower-severity outcomes associated with dense urban areas suggest utilizing some
interventions such as road diets and variable speed limits on high-speed and multilane
suburban roads to replicate the low-speed protective conditions. Ultimately, pedestrian
safety interventions should focus on the behavioral-lighting—speed nexus, whereas cyclist
safety relies primarily on geometric separation.

Despite the valuable insights provided by this research, several limitations restricted
and impacted the findings. Underreporting of specific minor crashes of VRUs, such as
cyclists, that do not result in injury and rely on police reports can introduce a potential
reporting bias. Moreover, exposure variables such as pedestrian and cyclist volumes or
miles traveled are missing in the data, which can have a significant impact on the severity
outcomes. Finally, as noted in the discussion, while SHAP values effectively quantify the
predictive importance and directional associations of risk factors, they are derived from
observational data and do not establish direct causal relationships between the variables
and crash outcomes. Therefore, future research should integrate exposure data and causal
inference frameworks to build upon these findings.
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