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Abstract

Traffic crashes are a leading cause of death and injury worldwide, with far-reaching societal
and economic consequences. To effectively address this global health crisis, researchers
and practitioners rely on the analysis of crash data to identify risk factors, evaluate
countermeasures, and inform road safety policies. This systematic review synthesizes
the state of the art in road crash data analysis methodologies, focusing on the application
of statistical and machine learning techniques to extract insights from crash databases. We
systematically searched for peer-reviewed studies on quantitative crash data analysis
methods and synthesized findings by using narrative synthesis due to methodological
diversity. Our review included studies spanning traditional statistical approaches, Bayesian
methods, and machine learning techniques, as well as emerging AI applications. We
review traditional and emerging crash data sources, discuss the evolution of analysis
methodologies, and highlight key methodological issues specific to crash data, such as
unobserved heterogeneity, endogeneity, and spatial–temporal correlations. Key findings
demonstrate the superiority of random-parameter models over fixed-parameter approaches
in handling unobserved heterogeneity, the effectiveness of Bayesian hierarchical models
for spatial–temporal analysis, and promising results from machine learning approaches for
real-time crash prediction. This survey also explores emerging research frontiers, including
the use of big data analytics, deep learning, and real-time crash prediction, and their
potential to revolutionize road safety management. Limitations include methodological
heterogeneity across studies and geographic bias toward high-income countries. By
providing a taxonomy of crash data analysis methodologies and discussing their strengths,
limitations, and practical implications, this paper serves as a comprehensive reference for
researchers and practitioners seeking to leverage crash data to advance road safety.

Keywords: road safety; traffic crashes; crash data analysis; statistical and machine learning;
methodological challenges; big data analytics; deep learning; real-time crash prediction;
safety policy and countermeasures; data sources

1. Introduction
Road crashes represent a persistent global health crisis, causing over 1.3 million

fatalities and up to 50 million injuries annually [1]. Beyond the immeasurable human
suffering, these crashes impose substantial economic costs through medical expenses, lost
productivity, and property damage. By 2030, road traffic crashes are projected to become
the fifth leading cause of death globally, underscoring the urgent need for evidence-based
approaches to road safety improvement.
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The staggering impact of road crashes on society has spurred extensive efforts
to improve road safety through driver behavior monitoring [2], vulnerable occupant
detection [3], vehicle design improvements [4], road infrastructure enhancements [5], traffic
laws and their enforcement [6,7], public awareness campaigns [8,9], and technological
advancements [10,11]. While these measures can potentially reduce crash frequency and
severity, the persistently high toll of road crashes remains unacceptable and necessitates
continued research and innovation in road safety.

1.1. The Critical Role of Data-Driven Safety Analysis

The majority of the analysis in this field is based on crash data collected by
transportation agencies, law enforcement, hospitals, and insurers. The statistical modeling
of these data has long provided the empirical foundation for identifying risk factors,
evaluating countermeasures, and developing data-driven safety policies that have
demonstrably saved lives. However, the field faces three fundamental challenges that
limit the effectiveness of current approaches.

First, data quality issues significantly compromise analysis reliability. From systematic
underreporting to spatial inaccuracies, these problems create substantial analytical
challenges that require targeted methodological solutions.

Second, methodological fragmentation persists between traditional statistical approaches
and emerging machine learning techniques, with limited integration of these complementary
analytical frameworks.

Third, a research–practice gap continues to separate sophisticated analytical methods
from practical implementation in safety management and policy development [12].

1.2. Research Contributions and Framework

This systematic review addresses these challenges by focusing on five specific
areas that span the complete spectrum from foundational data issues to cutting-edge
technological applications:

1. A comprehensive data quality taxonomy that categorizes quality issues into collection-
stage and analysis-stage challenges, providing a structured framework for understanding
and addressing data limitations (Section 3).

2. A methodological evolution framework that traces the historical development from
descriptive crash analysis to sophisticated system-based approaches, demonstrating
how traditional statistical methods and emerging AI techniques can be integrated
(Section 4).

3. Domain-specific intervention synthesis that demonstrates how advanced methodological
approaches address real-world safety challenges across infrastructure design, vulnerable
road users, and targeted countermeasures (Section 5).

4. Evidence-based implementation guidelines that bridge the research–practice gap
by translating methodological advances into actionable recommendations for safety
management and policy development (Section 6).

5. A future-oriented technology roadmap that examines emerging research frontiers in big
data analytics, deep learning, real-time prediction systems, and connected/autonomous
vehicle safety, identifying pathways for next-generation crash analysis capabilities
(Section 7).

These contributions are unified by a central organizing principle: methodological
sophistication must be balanced with practical applicability to achieve meaningful
improvements in road safety outcomes. The framework progresses systematically from
foundational data and methodological concerns through specific applications and policy
implications, culminating in emerging technologies that will define the future of crash analysis.
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This systematic approach serves two purposes: providing researchers and practitioners
with a comprehensive methodological reference while identifying pathways for advancing
sophisticated analytical approaches that enhance our ability to analyze crash data at scale
and translate findings into effective safety interventions.

2. Methods
This systematic review was reported in accordance with the Preferred Reporting Items

for Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement [13]. The review was
not prospectively registered due to its methodological focus and retrospective nature. The
PRISMA checklist is provided in Appendix A.

2.1. Eligibility Criteria

This systematic review included studies presenting original research on road crash
data analysis methodologies using statistical or machine learning techniques. Studies were
required to analyze real-world crash data from transportation agencies, law enforcement,
hospitals, or insurance records. Both traditional statistical modeling and emerging
methodologies including deep learning and real-time prediction systems were included.

Studies were excluded if they were purely descriptive without methodological
contributions, focused solely on vehicle engineering without crash data analysis, or
analyzed only simulated data without real-world validation. Studies were grouped by
methodological approach, data source type, analytical focus, and geographic scope.

2.2. Information Sources and Search Strategy

The primary search was conducted using Google Scholar to ensure broad interdisciplinary
coverage across transportation engineering, statistics, computer science, and medical
research. The search strategy integrated terms related to crash analysis methodologies, data
sources, and analytical approaches, with attention to emerging technologies in connected
and autonomous vehicle safety.

Additional records were identified through the citation searching of the included
studies and relevant review articles. Search terms captured both traditional econometric
approaches and advanced machine learning applications in crash analysis.

2.3. Selection Process and Data Collection

The search yielded 582 records through the Google Scholar database searching and
60 through citation searching and other sources (total: 642 records). After duplicate removal,
532 unique records underwent title and abstract screening. Of these, 367 were excluded,
leaving 165 for full-text assessment. An additional 21 articles were excluded as not relevant,
resulting in 144 studies for final synthesis.

The complete selection process is shown in Figure 1. Data extraction focused on
methodological characteristics, analytical approaches, data sources, performance metrics,
and validation procedures.

2.4. Data Items and Study Characteristics

Data extraction captured the methodological approaches (statistical models, machine
learning techniques, and spatial–temporal analysis), the data source characteristics (police
reports, hospital records, telematics data, and naturalistic driving studies), the performance
metrics, the validation procedures, and the geographic/temporal scope. Particular attention
was given to model specifications, comparative evaluations, and the handling of common
challenges in crash data analysis.
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Figure 1. PRISMA 2020 flow diagram. Records identified through database searching and
citation searching.

2.5. Risk of Bias Assessment

Quality assessment focused on methodological rigor appropriate for observational
crash analysis research. Key domains included data source adequacy, analytical methodology
appropriateness, model specification completeness, validation procedures, and reporting
transparency.

2.6. Synthesis Methods

Both qualitative and quantitative syntheses were conducted with all 143 included
studies. The synthesis was structured by data sources, methodological approaches, specialized
applications, and emerging research areas. Systematic tabulation and comparative assessment
identified methodological patterns, trends, and relative advantages across different
analytical strategies.

The synthesis emphasized methodological advancements, persistent challenges, and
future research directions, particularly the evolution from traditional statistical approaches
to sophisticated methodologies handling contemporary crash data complexity, including
real-time prediction and connected vehicle applications.

2.7. Assessment of Evidence Quality

Evidence quality assessment was adapted for methodological research in crash
analysis. Assessment considered study design quality, methodological rigor, validation
procedures, and replication across different contexts, accommodating both traditional
statistical and emerging machine learning approaches.
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3. Data Sources and Quality
3.1. Common Sources of Data

The most common source of data for crash analysis are reports filed by Law
Enforcement Officers at the scene of a crash. Several researchers have also used hospital
records of traffic injuries, and in some countries, this is standard practice, e.g., the
Netherlands and Sweden. Insurance records are another, less commonly used source
of crash data [14].

Naturalistic driving data, i.e., real-world driving data collected without experimental
controls or driver awareness, are also available for limited time periods in a small number
of locations. Video of highways [15,16] and intersections [17] are examples of studies based
on naturalistic data. A key challenge with naturalistic data is that they are expensive to
collect and therefore not available for comprehensive analysis across geographies and time.

Another emerging source is telematics—data collected automatically by vehicles
or electronic devices installed in vehicles. This type of data is often collected at the
initiative of insurance companies in return for insurance premium discounts and provides
real-time information about driving behavior and vehicle performance. One provider of
telematics data has looked into whether drivers change their behavior to take advantage of
discounts [18], but further research should be performed to determine the usefulness of
such data at scale.

A significant development in the collection of crash data is the mandate that all new
cars sold in the European Union (EU) after 7 July 2024 must be equipped with an Event Data
Recorder (EDR), an onboard device that records information about a vehicle’s operation
before, during, and after a crash. At the time this paper was written, research on EDR data
was limited, but preliminary results [19] show promise. Figure 2 provides an overview of
data sources used in crash research.

Crash Data
Sources

Traditional
Sources

Law
Enforcement

Hospital
Records

Insurance
Records

Emerging
Sources

Naturalistic
Driving

Telematics
Data

Event Data
Recorders

Figure 2. Common sources of crash data, categorized by traditional and emerging methods.

3.2. Data Quality Challenges in Crash Analysis

Crash data quality issues present significant challenges for road safety research and
policy development. These challenges can significantly impact the reliability of crash
analysis and the effectiveness of resulting safety interventions. Through extensive review
of the literature and practice, we identify six fundamental categories of data quality issues
that affect crash analysis, summarized in Figure 3. Each of these challenges requires specific
methodological approaches to address, and failure to account for them can lead to biased
results and ineffective safety recommendations.



Appl. Sci. 2025, 15, 7115 6 of 37

Data Quality
Issues

Collection
Challenges

Under-
reporting

Inaccurate
Data

Missing
Data

Analysis
Challenges

Hetero-
geneity

Endo-
geneity

Temporal
Instability

Figure 3. Categories of data quality issues in crash analysis, grouped by collection and analysis challenges.

3.3. Data Completeness and Accuracy

The most fundamental challenge in crash analysis is underreporting, where a
significant number of crashes are not captured in official databases. Sweden’s Transport
Agency (Transportstyrelsen) has studied this phenomenon extensively and provided
a diagram, as seen in Figure 4, showing the varying coverage of different crash data
sources. The extent of underreporting varies by crash type and jurisdiction, with
Watson et al. [20] finding that motorcyclists, cyclists, and young people are particularly
under-represented in official reports.

Beyond missing cases entirely, the accuracy of reported data presents another
significant challenge. Location data prove especially problematic, with Miler et al. [21]
finding inaccurate locations in approximately one-third of their studied crash reports. Such
inaccuracies can severely impact spatial analysis and the identification of high-risk areas.

Hospital Reports

Police Reports

O�cial Statistics

Not Reported

Figure 4. Injury reporting sources in Sweden’s STRADA system.

3.4. Statistical Challenges in Crash Analysis

The analysis of crash data is further complicated by three interrelated statistical
challenges: heterogeneity, endogeneity, and temporal instability. Heterogeneity manifests
as variations among units of analysis that available data features fail to capture, while
endogeneity occurs when explanatory variables correlate with model error terms, often
due to omitted variables or simultaneity.

The relationship between speed enforcement and crash rates illustrates both concepts.
Speed enforcement measures, typically implemented in areas with historically high
crash rates, create complex cause-and-effect relationships. The varying effectiveness of
enforcement across different road segments demonstrates heterogeneity, while the potential
reverse causality—where high crash rates might trigger enforcement implementation—
exemplifies endogeneity.

Temporal instability adds another layer of complexity, as relationships between
variables can shift across different time scales, from daily patterns to seasonal variations
and long-term trends. These statistical challenges necessitate sophisticated methodological
approaches, which we will explore in subsequent sections along with practical strategies
for improving data quality at the source.
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3.5. Strategies for Addressing Data Quality Issues

Approaches to addressing data quality issues in crash data can be broadly categorized
into two types: (1) strategies to improve data quality at the collection stage, addressing the
root causes of data problems, and (2) methodological approaches to identify and correct for
data quality issues during analysis. Both approaches are necessary and complementary in
improving the reliability of crash analysis.

3.5.1. Improving Data Quality at Collection

A fundamental approach to addressing data quality issues is to improve the initial
data collection process. Two key strategies have emerged in this area: the implementation
of automated data collection systems and the integration of multiple data sources.

The advent of new technologies offers promising solutions for reducing data quality
issues at their source. Event Data Recorders (EDRs) in the European Union [19] represent
a significant advance in automated crash data collection, providing accurate information
about crash circumstances without relying on human reporting. Similarly, Imprialou and
Quddus [22] advocate for intelligent crash reporting systems to address the frequent
misreporting of crucial attributes such as crash location, time, and severity.

Likewise, the systematic integration of data from multiple sources has proven effective
in creating more complete crash records. Sweden’s STRADA system exemplifies this
approach, as illustrated in Figure 4, by systematically combining various data sources
to improve reporting completeness [23].

Several studies demonstrate the value of this approach:

• Short and Caulfield [14] showed how combining insurance claim data with police and
hospital records in Ireland provided a more comprehensive picture of crash incidents.

• Lombardi et al. [24] improved crash injury identification by linking hospital discharge
data with state-level crash reports.

• Janstrup et al. [25] demonstrated the benefits of connecting police and medical records
for understanding individual crash characteristics.

• Burdett et al. [26] revealed significant discrepancies between law enforcement and
medical assessments of injury severity, finding overestimation in 45% to 90% of cases.

3.5.2. Statistical Methods for Addressing Existing Data Issues

When working with historical data or in contexts where improved data collection is
not yet feasible, statistical methods can help identify and correct for data quality issues
during analysis.

Several methodological advances help address inherent data challenges. Li et al. [27]
demonstrated that binary logit models can effectively handle heterogeneous effects of
road design features and traffic conditions, while their grouped random-parameter logit
models specifically address unobserved heterogeneity among crash units. This work
builds on Mannering et al.’s [28] comprehensive framework for dealing with unobserved
heterogeneity in crash analysis.

For temporal stability issues, Shabab et al. [29] developed a “mixed spline indicator
pooled model” that captures parameter changes over time while incorporating unobserved
heterogeneity across severity levels and time periods. Their approach achieved 55–78%
prediction accuracy for 2021 using Florida crash data from 2011–2019.

Furthermore, targeted statistical methods can address specific types of data bias. Chang
and Mannering [30] developed a nested logit model to correct occupancy overestimation
bias, while Yasmin et al. [31] advanced methods for handling endogeneity in transportation
safety studies. These approaches demonstrate how statistical techniques can compensate
for known data quality issues when analyzing existing datasets.
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While both collection-stage improvements and analytical methods are valuable,
Imprialou and Quddus [22] note that the full impact of data quality problems on road safety
analyses remains incompletely understood. This suggests that the continued development
of both approaches—improving data collection and advancing statistical methods—will be
necessary for comprehensive improvement in crash data quality.

4. Methodological Approaches in Crash Research
Over the past century, road safety research has progressed through distinct paradigms,

moving from simple descriptions of crash statistics and accident-prone individuals to
increasingly complex, system-based approaches. Early studies offered descriptive accounts
and basic mathematical models to understand traffic incidents. Later, research began
focusing on single causes of accidents, leading to solutions centered on engineering,
education, and enforcement. The introduction of the Haddon Matrix in the 1970s [32]
introduced more complex interactions of factors into the analysis, while recent years have
emphasized comprehensive, system-level approaches, incorporating behavioral theories
like risk homeostasis.

Few studies capture the historical trajectory of road safety research but Hagenzieker
et al. [33] applied bibliometric techniques to identify past research trends and explore
potential future developments in the field. Figure 5 shows a timeline based on their research.

1900–1920

1920–1950

1950–1970

1960–1985

1985–Now

Chance phenomenon

Initial exploration

Ad hoc response

Road devils, accident-prone

Identifying responsibility

Education & punishment

Users, vehicles & infrastructure

Causal analysis

Engineering & enforcement

Multi-causal approach

Multiple causes & tech

Technical solutions

Integrated system

Multi-dimensional analysis

System adaptation

Figure 5. The development of crash analysis over time.

Building on these developments in crash research, Table 1 synthesizes current
methodological approaches, from traditional statistical methods to emerging techniques for
connected and autonomous vehicles. The table highlights key characteristics and limitations
of each approach, demonstrating the field’s increasing methodological sophistication.

Table 1. Consolidated analysis of methodological approaches in crash research.

Methodological
Approach Key Characteristics References

Generalized Linear
Modeling (GLM)

Identification of three models with varying
variables such as exposure, AADT, driveway
density, curvature ratio, and roadside hazard
rating. Limited to specific road section data; may
not generalize to all road types.

[34]

Full Bayes (FB)
hierarchical models

FB models better account for spatial correlation,
showing higher accuracy in injury crash
prediction compared with negative-binomial
models. Complexity in implementing FB models
at large scale due to computational demand. It
was found that spatial correlation structures like
first-order adjacency improve fit and reduce bias
in parameter estimates.

[35,36]

Bayesian multivariate
models

Multivariate Poisson lognormal approach
enhances precision in crash-frequency estimates
across severity levels. May require extensive data
to calibrate the model effectively.

[37]
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Table 1. Cont.

Methodological
Approach Key Characteristics References

Multinomial
Generalized Poisson
(MGP)

MGP model with error components showed
superior fit in analyzing crash frequency and
severity together. Spatial exogenous-EMGP
model best captures spatial dependencies in
crash data. Complexity in interpreting factors
contributing to both frequency and
severity. Model complexity increases with
alternative spatial structures.

[38,39]

Accident modification
factors (AMFs)

Curve radius AMFs derived for Texas showed
higher crash risks on curves. Variability in
intersection data may impact AMF accuracy.

[40]

Statistical and
machine learning
methods

Nearest-Neighbor Classification (NNC) had the
best predictive performance; K-means clustering
improved model performance; latent class
clustering lowered NNC performance. Results
may vary by method.

[41]

Spatial–geographic
models

Random-parameter negative-binomial (RPNB)
and S-GWPR models. S-GWPR model better
captures spatial heterogeneity and crash data
correlation, improving regional crash modeling;
requires high spatial granularity data; and may
not apply to broader regions.

[42]

Statistical modeling

Bivariate negative-binomial spatial models;
multilevel models; Full Bayes models; logistic
regression; multivariate tobit models;
comparative analysis with Generalized Linear
Models.

[34,43,44]

Random-parameter
models

Account for heterogeneity; handle unobserved
elements; incorporate correlated parameters; use
instrumental variables.

[31,45]

Surrogate safety
measures

Traffic conflict techniques; in-vehicle data
analysis; kinetic parameters for risk assessment [46,47]

Injury severity
analysis

Ordered probit models; neural networks;
multivariate probit models; flexible econometric
structures.

[48,49]

Real-time risk
prediction

Bayesian hierarchical models; temporal–spatial
dependencies; weather and geometry factors. [50,51]

Connected/autonomous
vehicles

HMM prediction methods; time-varying risk
maps; real-time assessment. [52]

4.1. Traditional Statistical Foundations

The evolution of crash analysis methodologies began with fundamental statistical
approaches that established the empirical foundation for road safety research. Mannering
and Bhat [12] provide context for the evolution of statistical methods in highway-accident
research, highlighting persistent challenges like unobserved heterogeneity and endogeneity.
Lord and Mannering [53] further elaborate on these methodological challenges, particularly
in crash-frequency analysis, addressing issues such as data overdispersion, underreporting,
and omitted-variable bias.
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The foundation of crash analysis often begins with basic statistical approaches.
Al-Ghamdi [54] demonstrates the application of logistic regression methodology in
analyzing accident severity, identifying location and cause as significant variables. Building
on these fundamentals, Jones and Jørgensen [44] show how multilevel modeling frameworks
can better account for residual variation across accidents and geographical locations,
revealing significant intra-unit correlation in accident outcomes. Cafiso et al. [34] calibrated
comprehensive accident models using extensive road characteristics data, demonstrating
the application of Generalized Linear Modeling approaches with variables such as exposure,
AADT, driveway density, curvature ratio, and roadside hazard rating.

A significant advancement came with the development of random-parameter models
to address unobserved heterogeneity. Anastasopoulos and Mannering [45] explored
random-parameter count models for analyzing vehicle accident frequencies, demonstrating
methodological approaches for accounting for heterogeneity across various factors. Yasmin
et al. [31] presented an econometric framework using instrumental variables to estimate
causal effects while controlling for endogeneity. Saeed et al. [55] compared uncorrelated
and correlated random-parameter count models, providing methodological guidance for
model selection in multilane highway analysis. Anastasopoulos and Mannering [45] further
explored these models using Indiana data, revealing significant impacts of pavement
condition and geometric features. Anastasopoulos et al. [56] utilized random-parameter
tobit regression for urban interstate accident analysis, identifying eleven significant factors
affecting accident rates. Aziz et al. [57] applied random-parameter logit models to explain
pedestrian injury severity levels in New York City.

Advanced regression techniques addressed specific analytical challenges in crash
data. Anastasopoulos et al. [58] applied Tobit regression methodological frameworks
to analyze vehicle accident rates, offering novel approaches to understanding crash
data by treating accident rates as continuous variables. Castro et al. [59] proposed
flexible econometric structures for highway segment analysis. Chen and Jovanis [60]
developed variable-selection procedures for crash injury severity analysis. Fundamental
issues in statistical modeling were addressed by Bijleveld [61], who addressed statistical
issues in the simultaneous analysis of accident-related outcomes, particularly regarding
variance–covariance structure estimation. Bhat [62] advanced the field computationally
with the Maximum Approximate Composite Marginal Likelihood (MACML) estimation
method. Bhat et al. [63] introduced methodological formulations for count data models
with endogenous covariates, applying multinomial discrete-count modeling approaches
to address self-selection and simultaneity bias.

4.2. Advanced Bayesian and Spatial Methods

The field progressed toward more sophisticated approaches that could better handle
the complex spatial and temporal dependencies inherent in crash data. Aguero-Valverde
and Jovanis [35] employed Full Bayes (FB) hierarchical modeling frameworks, incorporating
spatial and temporal effects for county-level crash analysis. In subsequent methodological
work [36], they demonstrated the importance of spatial correlation structures in road
crash-frequency models, showing that first-order adjacency structures improve model fit
and reduce bias in parameter estimates. Their Bayesian multivariate Poisson lognormal
modeling approach [37] shows methodological improvements in precision estimation
across severity levels, though requiring extensive data for effective calibration.

Wang et al. [43] advanced the field with bivariate negative-binomial spatial conditional
autoregressive models for joint analysis of crashes and violations, enabling the identification
of high-risk areas while accounting for spatial relationships. Xu and Huang [42] investigated
spatial heterogeneity using random-parameter negative binomial and semi-parametric
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geographically weighted Poisson regression methodological frameworks, demonstrating
that geographically weighted approaches better capture spatial heterogeneity and crash
data correlation for regional crash modeling.

Chiou and Fu [38] proposed integrated modeling approaches under the Multinomial
Generalized Poisson architecture for the simultaneous analysis of crash frequency
and severity. Chiou et al. [39] extended this methodological framework with spatial
Multinomial Generalized Poisson models, demonstrating superior performance of spatial
modeling approaches, particularly the spatial exogenous-EMGP model for capturing spatial
dependencies in crash data. Bonneson and Pratt [40] developed accident modification
factors using cross-sectional data, particularly effective for large roadway systems, with
their work on curve radius AMFs showing higher crash risks on curves.

4.3. Machine Learning and Data Mining Approaches

As computational capabilities expanded, the field embraced machine learning and
artificial intelligence techniques. Iranitalab and Khattak [41] compared statistical and
machine learning methodological approaches for crash severity prediction, evaluating
various classification algorithms, including Nearest-Neighbor Classification, finding that
NNC had the best predictive performance, while K-means clustering improved model
performance. Abdelwahab and Abdel-Aty [64] explored neural network methodological
frameworks for predicting driver injury severity, demonstrating early applications of
artificial intelligence techniques to traffic safety analysis.

Chiou et al. [65] developed genetic mining rule methodological frameworks utilizing
stepwise rule-mining algorithms for crash severity analysis, integrating data mining
techniques with traditional statistical modeling and demonstrating the effectiveness of a
two-stage mining framework in capturing the joint effects of risk factors. Mahmud et al. [46]
developed count data modeling approaches using traffic conflict techniques as surrogate
safety measures, providing alternative methods for assessing road safety when crash
data are limited. Zhang et al. [47] presented methodological frameworks for identifying
crash risk through the coupling of in-vehicle data with kinetic parameters, advancing the
integration of real-time vehicle dynamics in safety assessment.

Wu et al. [66] employed gradient boosting decision trees (GBDTs) to address key
challenges in crash analysis, particularly the multicollinearity inherent in real-world traffic
data. Their approach demonstrates strong predictive accuracy across four crash indicators
while ranking 27 influential factors—revealing crucial insights into variable importance
that traditional “black-box” machine learning methods obscure. This methodological
contribution advances the field by combining robust statistical performance with
interpretability, enabling researchers to identify and understand complex relationships
within crash datasets.

4.4. Real-Time Prediction and Emerging Technologies

Several recent methodological developments focus on real-time analysis capabilities
and applications in emerging vehicle technologies. Li et al. [67] developed hybrid
Long Short–Term Memory-Convolutional Neural Network (LSTM-CNN) methodological
frameworks for real-time crash risk prediction, combining temporal sequence modeling
with spatial feature extraction capabilities and demonstrating the benefits of parallel
structures for capturing both long-term dependencies and local features. Zheng et al. [52]
presented real-time risk assessment methodological approaches for connected autonomous
vehicles, utilizing HMM-based prediction methods and time-varying risk maps for
continuous safety monitoring.
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Castro et al. [50] incorporated temporal and spatial dependencies in modeling
frameworks for urban intersection analysis, developing latent variable representations
of count data models to accommodate for spatial and temporal dependence. Ahmed
et al. [51] developed methodological frameworks using Bayesian hierarchical models for
analyzing crash frequencies with temporal and spatial dependencies on mountainous
freeways. Adjenughwure et al. [68] proposed a Monte Carlo-based microsimulation
approach to estimating collision probability in real traffic conflicts, with a methodology
that can simulate conflicts involving an arbitrary number of vehicles under various initial
conditions, using automated detection methods and accounting for variability in driver
behavior parameters.

Specialized applications across these methodological frameworks demonstrate their
practical utility. Abdel-Aty and Keller [48] investigated factors influencing crash severity
at signalized intersections by using ordered probit models. Abay [49] explored pedestrian
injury severity by using various disaggregate modeling approaches. Abay et al. [69]
presented multivariate probit modeling frameworks for the simultaneous analysis of injury
severity and seat belt use. Geographic-specific applications include work by Altwaijri
et al. [70], who examined factors affecting crash severity in Riyadh; Abbas [71], who
assessed rural road safety conditions in Egypt; and Jahan et al. [72], who proposed
enhanced frameworks to model crash frequency while accommodating zero-crash
zones. Infrastructure and environmental factors have been examined by Papadimitriou
et al. [73], Wu et al. [74], Moslem et al. [75], and Farooq et al. [76] by using various
methodological approaches.

5. Targeted Safety Interventions
Traffic crashes arise from a complex interplay of infrastructure, road user, technological,

and environmental factors. Figures 6–9 provide a structured overview of these domains
and the specific topics reviewed in the following subsections.

Infrastructure & Design

Intersection &
Segment Analysis

Work Zone &
Infrastructure

Stop-Sign
Intersections
High-Crash
Segments

Toll Plazas
Work Zones

Figure 6. Infrastructure and design domain with its subcategories and example topics.

Road-User
Categories

Vulnerable
Road Users

Commercial
Vehicles

Human Factors &
Behavior

Pedestrians
Cyclists

Large Trucks
Commercial

Driver Behavior
Risk Perception

Figure 7. Road user categories and associated safety topics.
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Figure 8. Technology-based safety systems: management and in-vehicle features.
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Night-to-Day
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Visibility
Conditions

Figure 9. Factors affecting crash risk including weather and visibility.

5.1. Intersection and Segment-Level Crash Analysis

Retting et al. [77] investigated the characteristics and countermeasures for motor
vehicle crashes at stop signs, focusing on four U.S. cities. The study found that stop
sign violations—particularly “rolling” stops—accounted for roughly 70% of crashes, with
younger and older drivers being disproportionately involved.

Boroujerdian et al. [78] proposed a dynamic wavelet-based model to locate and
measure high-crash road segments. Their approach improves identification performance
by 25–38% when the analyst seeks the worst 10–20% of roadway length, underscoring the
value of precise segment delineation for multi-scale safety analysis.

Amoros et al. [79] compared traffic safety across French counties with Generalized
Linear Models, revealing that differences in safety vary jointly with county and road
type. Accounting for sub-county socio-economic factors and road-type mix substantially
improves explanatory power.

Bonneson and McCoy [80] developed a negative-binomial crash-frequency model
for 125 two-way stop-controlled intersections. With a product-of-flows formulation and
gamma-distributed mean, the model captures a nonlinear rise in crashes with traffic
demand, illustrating how such distributions pinpoint hazardous sites.

These studies demonstrate the complexity of intersection and segment safety analysis,
with consistent evidence of nonlinear relationships between traffic volume and crash
risk. Research reveals significant methodological diversity, from wavelet-based approaches
achieving 25–38% performance improvements to negative-binomial models capturing
traffic flow interactions. A critical finding across studies is the importance of spatial and
demographic context: both Amoros et al.’s [79] county-level analysis and Retting et al.’s
age-specific patterns highlight that location and user characteristics substantially influence
crash patterns. The dominance of stop sign violations (70% of crashes) in Retting et al.’s
findings, combined with Bonneson and McCoy’s traffic demand relationships, suggests that
intersection control design must account for both human behavioral patterns and traffic
flow characteristics.
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5.2. Work Zone Safety and Roadway Infrastructure Factors

Abuzwidah and Abdel-Aty [81] analyzed crash frequency for different toll plaza
designs. Compared with traditional plazas, hybrid designs cut crashes by 44.7% and
all-electronic toll collection (AETC) by 72.6%. Diverge areas at hybrid plazas, however,
exhibit 23% higher risk than merge areas.

Feknssa et al. [82] applied a random-parameter negative-binomial model with
heterogeneity in means and variances to freeway ramp crashes. Ramp type, horizontal
alignment, truck volume, and interchange geometry all significantly affect crash counts,
demonstrating the need for spatially nuanced design standards.

Carson and Mannering [83] found that highway ice warning signs are not, by
themselves, a significant crash-reduction factor—although their effects intertwine with
location-specific variables that influence ice-related crash frequency and severity.

Anastasopoulos et al. [58] employed Tobit regression to treat crash rates as continuous
outcomes on Indiana interstates, identifying pavement condition, geometry, and traffic
composition as key predictors.

Chen and Tarko [84] compared two-level random-parameter and fixed-parameter
negative-binomial models for work zone safety, showing that fixed-parameter specifications
can suffice in certain contexts.

Petegem and Wegman [85] built a network-wide crash prediction model for rural
roads. Roads with ≤2 m safety zones see 50% more run-off-road crashes, while sharp
curves triple run-off-road risk; roadside barriers halve it.

Bhat et al. [63] introduced a count data model with endogenous covariates for urban
intersection crashes, finding that crest approaches, frontage-road locations, and flashing-light
control substantially increase crash numbers—stressing the value of addressing hidden as
well as overt risk factors.

Kwon and Varaiya [86] documented chronic under-utilization and capacity penalties
in California high-occupancy-vehicle (HOV) lanes. They argue that improving overall
freeway efficiency, rather than expanding HOV networks, is the more cost-effective path.

Infrastructure interventions demonstrate a clear effectiveness hierarchy, with physical
design modifications significantly outperforming information-based approaches. Electronic
toll collection systems achieve the highest safety benefits (72.6% crash reduction),
followed by roadside barriers (50% reduction), while ice warning signs show minimal
effectiveness. This pattern suggests that passive infrastructure changes that modify driver
behavior through design constraints are more effective than active warning systems
requiring driver response. The studies reveal important spatial heterogeneity, with Feknssa
et al.’s random-parameter models and Petegem and Wegman’s safety zone analysis both
emphasizing location-specific factors. Methodologically, the comparison between Chen and
Tarko’s findings and other studies suggests that while sophisticated random-parameter
models often outperform fixed-parameter approaches, the context determines optimal
model complexity. The failure of HOV lanes to achieve the intended benefits (Kwon and
Varaiya) contrasts sharply with the success of toll plaza modifications, highlighting the
importance of design compatibility with actual driver behavior rather than idealized
usage patterns.

5.3. Vulnerable Road User Safety

Austin and Faigin [87] used travel surveys, crash databases, and an ordered probit
model to show that older occupants travel more by passenger car and suffer higher risk in
side-impact crashes, heightening fatal and serious-injury odds.

Brude and Larsson [88] demonstrated that even simple exposure models—with motor
vehicle and unprotected-user counts—can give “nearly perfect” predictions of pedestrian and
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cyclist crashes. Risk rises with motor vehicle volume but falls as pedestrian and cyclist volumes
grow; cyclists face roughly double the risk of pedestrians under comparable conditions.

Vulnerable road user safety research reveals both age-related and mode-specific risk
patterns that challenge conventional safety approaches. Austin and Faigin’s findings
on older occupants contrast with Brude and Larsson’s “safety in numbers” effect for
pedestrians and cyclists, suggesting that vulnerability mechanisms differ substantially
between age-based and mode-based classifications. The counterintuitive finding that
increased pedestrian and cyclist volumes reduce individual risk contradicts simple
exposure-based models and implies that infrastructure and driver behavior adapt to
user presence. However, cyclists face double the risk of pedestrians under similar
conditions, indicating that mode-specific factors beyond simple exposure influence safety
outcomes. These findings suggest that effective vulnerable user protection requires
differentiated strategies addressing both demographic vulnerability (age-related) and
mode-specific risks.

5.4. Large Truck and Commercial Vehicle Safety

Abdel-Aty and Abdelwahab [89] developed nested logit models showing that visibility
obstruction by light trucks markedly increases the likelihood of a following passenger car
striking them in rear-end crashes—especially when the lead vehicle brakes sharply.

Ballesteros et al. [90] found that pedestrians struck by SUVs or pickup trucks suffer
more severe and fatal injuries than those hit by conventional cars; vehicle mass and speed
are key drivers, with front-end geometry influencing injury patterns at lower speeds.

Commercial vehicle safety research demonstrates that vehicle size and mass create
dual safety challenges: increased crash likelihood through visibility obstruction (Abdel-Aty
and Abdelwahab) and increased injury severity when crashes occur (Ballesteros et al.). Both
studies highlight the interaction between vehicle design characteristics and crash dynamics,
with visibility obstruction increasing rear-end collision probability while mass and
geometry determine injury outcomes in pedestrian crashes. The emphasis on sudden-
braking scenarios and front-end geometry suggests that commercial vehicle safety
interventions must address both crash prevention through improved visibility and
injury mitigation through design modifications. These findings indicate that the growing
prevalence of larger vehicles in traffic streams creates compound safety challenges requiring
multi-faceted intervention approaches.

5.5. Human Factors, Driver Behavior, and Risk Perception

Chang and Yeh [91] identified common and divergent fatality-risk factors for
motorcyclists and other drivers, emphasizing seat belt use, speed management, rider
risk perception, and low-class roadway quality.

Bédard et al. [92] showed that drivers aged 80+ are five times more likely to die in
crashes than those aged 40–49; seat belt use is strongly protective, whereas alcohol effects
vary with concentration.

Benfield et al. [93] revealed that anthropomorphizing vehicles (e.g., attributing “agreeable”
personalities) can predict aggressive driving as well as or better than driver personality traits.

Bhat and Eluru [94] used a copula-based model to disentangle built-environment
and self-selection effects on daily vehicle miles traveled (VMT), finding that traditional
Gaussian assumptions understate self-selection’s contribution.

Hasan et al. [95] reviewed distracted-driving studies, highlighting links to workload,
environment, demographics, and roadway design. They advocate surrogate safety metrics,
targeted lighting/lane-marking treatments, and technology-based countermeasures.
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Human factor research reveals complex interactions among demographics, psychology,
and behavior that challenge simple intervention approaches. Age emerges as a critical
factor across studies, with Bédard et al.’s five-fold mortality increase for drivers 80+ and
Chang and Yeh’s age-specific patterns for motorcyclists. However, the effectiveness of
protective factors varies significantly—seat belt use provides consistent protection across
age groups and vehicle types, while alcohol effects vary with concentration and user
characteristics. The psychological dimensions explored by Benfield et al. suggest that
vehicle anthropomorphism may be as predictive of dangerous behaviors as traditional
personality measures, indicating that human–vehicle interaction psychology warrants
greater attention in safety interventions. The complexity of built-environment effects (Bhat
and Eluru) and multi-faceted nature of distraction (Hasan et al.) underscore that human
factor interventions must account for individual differences, environmental context, and
technological integration rather than relying on universal behavioral assumptions.

5.6. ATMSs: Advanced Traffic Management Systems

Thabit et al. [96] divided modern monitoring and management into four phases—data
gathering, transmission, analysis, and application—surveying sensor technologies, 4–6 G
and LPWAN communications, and AI-driven analytics for congestion and safety.

De Souza et al. [97] cataloged challenges for traffic management systems, including
heterogeneous data, real-time hazard representation, route-choice side effects, and
security/privacy in vehicular ad hoc networks.

Mandal et al. [98] presented a deep learning traffic-surveillance suite (Mask R-CNN,
YOLO, and Faster R-CNN) that detects queues with 90.5% accuracy and stationary vehicles
with an F1 of 0.83, outperforming manual methods.

Milanes et al. [99] prototyped a V2I-based fuzzy-logic controller that dynamically
manages headways and speed, prioritizing safety in complex urban layouts; IEEE 802.11p
field tests confirm feasibility.

Advanced traffic management system research demonstrates the progression from
conceptual frameworks to practical implementation, with significant performance
achievements but persistent challenges. Mandal et al.’s deep learning systems achieve
impressive detection accuracy (90.5% for queues), while Milanes et al.’s V2I controllers
demonstrate real-world feasibility through field testing. However, the challenges cataloged
by de Souza et al.—heterogeneous data integration, real-time processing, and security
concerns—highlight the gap between laboratory performance and system-wide deployment.
The four-phase framework proposed by Thabit et al. provides structure for understanding
system complexity, but the practical challenges suggest that each phase presents
implementation barriers that may limit overall system effectiveness. The contrast between
high-performance individual components and systemic integration challenges indicates
that ATMS success depends as much on architectural design and standardization as on
component-level performance.

5.7. Vehicle Features: ABS, AirBags, and ADAS

Høye [100] found that frontal airbags cut driver fatalities by 22% for belted
occupants but provide no net benefit to unbelted drivers, contradicting earlier claims
of airbag-induced risk.

Kusano and Gabler [101] evaluated three pre-collision system (PCS) algorithms; the
most comprehensive one (FCW + PBA + PB) reduces injury severity by up to 34% and
could prevent 3.2–7.7% of rear-end crashes.
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Ding et al. [102] compared 1001 SAE-L2 ADAS and 548 SAE-L4 ADS crashes, finding
L2 events cluster on highways and L4 in urban areas; low mileage and new-technology
generation correlate with lower injury odds.

Vehicle safety technology research reveals important patterns in system effectiveness
and user interaction dependencies. The effectiveness of safety systems varies dramatically
with user behavior—airbags provide a 22% fatality reduction for belted drivers but
no benefit for unbelted drivers (Høye), illustrating that passive safety systems require
complementary protective behaviors. More advanced systems show greater effectiveness,
with comprehensive pre-collision systems achieving an injury reduction of up to 34%
(Kusano and Gabler) compared with airbags’ 22% benefit. However, Ding et al.’s analysis
of automated driving systems reveals that the deployment context significantly influences
the outcomes, with different automation levels experiencing distinct crash patterns (L2
on highways and L4 in urban areas). The correlation between low mileage and lower
injury odds suggests learning effects or selection bias in early adopters. These findings
indicate that vehicle safety technology effectiveness depends on the interaction among
system sophistication, user behavior, and deployment context rather than technology
capabilities alone.

5.8. Weather, Environmental, and Temporal Factors

Malin et al. [103] employed Palm probability to relate crash risk to the time spent on a
segment; relative risk is the highest in icy rain and on slippery surfaces, with single-vehicle
crashes being particularly sensitive.

Bullough et al. [104] linked roadway lighting to night-to-day crash ratios, finding
observed ratio drops (≤13%) smaller than the oft-cited 30%, likely because of uncontrolled
covariates in earlier studies.

Zhang et al. [105] built a spatial multinomial-logit injury-severity model with real-time
weather, identifying vertical grade, visibility, EMS response time, and vehicle type as key
factors; spatial correlation improves fit and predictive accuracy.

Environmental factor research demonstrates the complexity of weather and visibility
effects on crash risk, with important methodological implications for intervention
assessment. Malin et al.’s finding of the highest risk during icy rain conditions, combined
with the particular sensitivity of single-vehicle crashes, suggests that environmental
interventions must target specific weather–crash type combinations rather than general
adverse conditions. The lighting research by Bullough et al. reveals a significant
methodological issue: the observed safety benefits (≥13%) are substantially smaller than
commonly cited values (30%), highlighting how uncontrolled covariates can overstate
intervention effectiveness. Zhang et al.’s integration of real-time weather data with
spatial modeling demonstrates that environmental factors interact with infrastructure
characteristics (vertical grade) and emergency response capabilities, suggesting that
effective environmental safety interventions require integrated approaches considering
multiple interacting factors. The consistent emphasis on spatial correlation across studies
indicates that environmental effects vary significantly by location, challenging universal
intervention strategies.

6. Applications and Policy Implications
Road safety research has evolved significantly in recent decades, moving from

simple before–after studies to sophisticated analytical approaches that combine empirical
evidence with advanced statistical methods. This evolution has enabled a more nuanced
understanding of safety interventions and their effectiveness, leading to evidence-based
policy recommendations. This section examines key applications and methodological
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advances in road safety analysis, focusing on critical areas of safety intervention evaluation,
the identification of high-risk locations, and the development of analytical frameworks for
safety performance assessment.

6.1. Evidence-Based Safety Interventions

The evaluation of traffic safety measures requires robust methodological approaches
to separate true effects from statistical artifacts and confounding factors. Recent studies
have employed increasingly sophisticated methods to assess various safety interventions,
providing crucial insights for policy development.

6.1.1. Legislative and Behavioral Interventions

Cohen and Einav [106] conducted a landmark study on mandatory seat belt laws
by using panel data analysis. Their findings challenge previous assumptions about
the magnitude of safety benefits while providing important evidence against the risk
compensation hypothesis. Specifically, their analysis shows that while seat belt laws
significantly reduce traffic fatalities, the effect is more modest than earlier estimates
suggested, and importantly, they found no evidence of compensatory risk-taking behavior
among drivers.

Chang and Yeh’s [91] comparison between non-motorcycle drivers and motorcyclists
revealed common factors as well as risk discrepancies between the two groups. The study
concluded that enhancing seat belt use rates, speed management, rider risk perceptions,
and road quality improvements are particularly important in reducing the risk of fatality
for both groups.

Bédard et al.’s [92] analysis found that drivers aged 80+ are five times more likely to
experience fatal injuries compared with those aged 40–49 while confirming the protective
effects of seat belts. These findings support age-specific driver assessment and vehicle
design policies, highlighting the need for targeted interventions for older drivers.

6.1.2. Infrastructure Modifications and Design Interventions

Infrastructure modifications have been subject to rigorous evaluation with varying
degrees of success. Zheng and Sayed [107] demonstrated the effectiveness of smart channel
conversions for right-turn lanes, employing time-to-collision metrics and extreme value
theory. Their finding of a 34% reduction in severe conflicts, though with limitations
regarding merging conflicts, provides valuable guidance for intersection design policies.

Abuzwidah and Abdel-Aty’s [81] evaluation of toll plaza designs found that hybrid
toll plazas result in 44.7% fewer crashes than traditional toll plazas, while all-electronic
toll-collection systems achieve 72.6% fewer crashes. For hybrid systems, crash risk in
diverge areas is 23% higher than in merge areas. These findings provide clear guidance for
toll plaza design as they indicate that all-electronic toll plazas are significantly safer.

Petegem and Wegman [85] modeling results found that roads with safety zones of
2 m or less resulted in 50% more run-off-road crashes, while strong curvature increases
run-off-road crashes by three times compared with straight roads. Roadside barriers
were found to reduce 50% of run-off-road crashes compared with roads with small
safety zones. These specific percentages provide quantitative guidance for rural road
design standards.

However, not all infrastructure interventions prove effective. Carson and Mannering’s [83]
statistical analysis showed that ice warning signs were not a significant factor in reducing
accident frequency or severity, indicating that this common safety measure may not provide
the expected benefits and resources might be better allocated elsewhere.
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6.1.3. Vehicle Technology Safety Impacts

Vehicle safety technologies have demonstrated significant benefits when properly
implemented. Høye’s [100] analysis found that airbags reduce driver fatality for belted
drivers by 22%; however, airbags are neither effective nor counterproductive for unbelted
drivers. This finding supports the continued promotion of seat belt use alongside
airbag deployment.

Kusano and Gabler’s [101] evaluation of pre-collision systems found that systems
utilizing forward collision warning, pre-crash brake assist, and autonomous pre-crash brake
achieved the highest effectiveness, reducing severity by 14–34% and reducing severity
for belted drivers by 29–50%. The systems could prevent 3.2–7.7% of rear-end collisions,
supporting policies mandating such technologies.

Ding et al.’s [102] analysis revealed distinct operational patterns between ADAS (SAE
Level 2) and ADS (SAE Level 4) vehicles, with ADAS crashes being concentrated on
highways and ADS crashes in urban environments. This finding supports targeted testing
and deployment strategies for different automation levels.

6.1.4. Intersection and Traffic Control Interventions

Retting et al.’s [77] investigation of motor vehicle crashes at stop signs across four
U.S. cities revealed that stop sign violations, particularly when drivers had initially
stopped, accounted for about 70 percent of crashes, with younger and older drivers being
disproportionately involved. These findings provide specific targets for intervention design
and driver education programs.

Bonneson and McCoy’s [80] analysis of 125 two-way stop-controlled intersections
demonstrated that accident frequency follows a gamma distribution with nonlinear
increases relative to traffic demands. This relationship enables the identification of
hazardous locations based on traffic volume thresholds.

In a methodologically innovative study, Yanmaz-Tuzel and Ozbay [108] utilized
Full Bayes analysis to evaluate various road safety countermeasures. Their work not
only identified the most effective interventions—including improved road alignment
and median barrier installation—but also advanced the methodological framework by
demonstrating the advantages of P-LN model structures with hierarchical priors for
limited-data scenarios.

6.1.5. Vulnerable Road User Protection Strategies

Austin and Faigin’s [87] analysis revealed that older individuals are more likely to be
involved in side-impact crashes compared with younger occupants, which significantly
increases their fatality and injury risk. This finding supports targeted vehicle design
improvements and intersection safety modifications for aging populations.

Brude and Larsson’s [88] modeling results show that accident risk involving
unprotected road users increases with motor vehicle numbers while decreasing with more
pedestrians and cyclists present. Additionally, accident risk is approximately twice as high
for cyclists compared with pedestrians under similar traffic conditions. These findings
support policies promoting safety in numbers and differentiated protection strategies.

Ballesteros et al.’s [90] investigation in Maryland revealed that pedestrians hit by SUVs
and pickup trucks are more likely to suffer severe injuries and fatalities compared with
conventional cars, with vehicle weight and speed being significant contributors. These
findings support vehicle design regulations and urban speed limit policies.
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6.1.6. Commercial Vehicle Safety Interventions

Abdel-Aty and Abdelwahab’s [89] analysis demonstrated that the visibility obstruction
caused by light truck vehicles significantly increases the probability of rear-end collisions
involving regular passenger cars, particularly when the lead vehicle stops suddenly.
This supports policies regarding commercial vehicle design standards and following
distance regulations.

Chen and Tarko’s [84] analysis identified specific safety effects of work zone designs
and traffic management features, providing evidence-based guidance for temporary traffic
control strategies during construction activities.

6.1.7. Environmental and Weather-Related Interventions

Malin et al.’s [103] analysis showed relative accident risks to be the highest for icy
rain and slippery road conditions. The overall relative accident risk is lower on motorways
compared with other road types; however, risk under poor weather conditions is higher on
motorways. These findings support weather-responsive traffic management strategies.

Nighttime driving can be more dangerous due to reduced visibility, but Bullough
et al.’s [104] found that the crash risk increased about 12%, less than previously assumed,
suggesting that lighting improvements provide measurable but modest safety benefits that
should be evaluated against costs.

Zhang et al.’s [105] investigation using real-time weather data identified key risk
factors including vertical grade, visibility, emergency medical services response time, and
vehicle type. These factors provide specific targets for infrastructure improvements and
emergency response optimization.

6.2. Spatial Analysis and Risk Assessment

The spatial dimension of road safety has emerged as a crucial consideration in
both research and practice, leading to new approaches in hotspot identification and
network screening.

6.2.1. Methodological Advances in Spatial Analysis

Ziakopoulos and Yannis [109] provided a comprehensive review of spatial analysis
methods in road safety, emphasizing the critical role of spatial heterogeneity and
dependence in crash risk analysis. Their work establishes a framework for incorporating
geographical factors into safety assessments, highlighting the importance of appropriate
areal unit selection and Bayesian modeling approaches.

Ryan et al. [110] advanced the field by integrating risk assessment into path
planning through an innovative modification of Dijkstra’s algorithm. Their approach
combines traditional distance optimization with risk exposure metrics while employing
self-organizing maps to identify distinct risk groups. This methodology bridges the gap
between theoretical risk assessment and practical route planning applications.

6.2.2. Applied Risk Assessment and Hotspot Identification

Afghari et al. [111] developed an integrated approach to blackspot identification,
combining crash count and severity in a joint econometric model. Their weighted risk score
methodology, which incorporates both frequency and severity predictions, demonstrates
superior performance in identifying locations with high risk of severe injuries. This
approach provides a more nuanced tool for prioritizing safety improvements, particularly
in contexts where resources are limited.

Boroujerdian et al.’s [78] dynamic modeling approach demonstrated a 25–38%
improvement in comparison with existing models for identifying 10–20% of high-crash road
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segments. This performance improvement has direct implications for resource allocation in
safety improvement programs.

Amoros et al.’s [79] comparison of traffic safety across French counties identified
significant interactions between county and road type, indicating that differences in safety
across counties depend on the road type and vice versa. This finding emphasizes the need
for location-specific safety strategies rather than one-size-fits-all approaches.

6.3. Safety Performance Functions and Crash Modification Factors

Safety Performance Functions (SPFs) have become the cornerstone of modern traffic
safety analysis since their introduction in the Highway Safety Manual (HSM) [112] by the
American Association of State Highway and Transportation Officials (AASHTO). These
statistical models, which predict the average crash frequency for a given site type under
specific conditions, are now widely used by the Federal Highway Administration (FHWA)
and infrastructure analysts across the United States, providing transportation agencies with
robust tools for identifying high-risk locations and evaluating safety improvements.

The foundation for modern SPF implementation was established by Hauer [113], who
demonstrated the Empirical Bayes (EB) method’s effectiveness in addressing two critical
challenges: improving precision with limited crash data and mitigating regression-to-mean
bias. This methodological breakthrough, combined with the increasing availability of
calibrated SPFs and overdispersion parameters, has facilitated the widespread adoption of
EB estimation in safety analysis.

The practical implementation of these methods has been demonstrated in various
contexts. Powers and Carson [114] developed an accessible Excel-based approach for
evaluating safety improvements in Montana’s roadway reconstruction projects. Their work
highlighted both the method’s utility and its constraints, particularly the requirement for
three-year aggregated crash data to ensure reliable SPF modeling.

Persaud and Lyon [115] provided crucial validation of the EB methodology,
demonstrating its superiority over traditional approaches in before–after safety studies.
Their research emphasized the importance of comprehensive data collection and proper
analyst training while also identifying potential pitfalls in CMF derivation. They proposed
future research directions, including refinements to SPFs and the exploration of Full Bayes
(FB) modeling for handling spatial correlations in accident data.

A significant methodological advancement came from Hauer [116], who challenged
the conventional assumption of uniform overdispersion parameters. His work showed
that shorter road sections were disproportionately affected by this assumption, leading to
potentially biased estimates. By proposing length-dependent overdispersion parameters,
Hauer improved the accuracy of EB estimates across varying road section lengths.

Elvik [117] conducted a comprehensive assessment of the EB method’s performance
in observational studies, confirming its position as the leading approach for before–after
safety analyses. His research demonstrated that EB estimates based on accident prediction
models achieved the highest accuracy among available methods, though noting variations
in prediction errors across different techniques.

Recent developments, exemplified by Park et al. [118], have expanded the application
of both EB and FB methods to specific safety interventions. Their analysis of roadside
barriers revealed the importance of considering multiple factors in safety assessments,
including vehicle characteristics, driver demographics, and environmental conditions. This
work demonstrates the evolution of CMFs toward more nuanced, condition-specific
applications, reflecting the increasing sophistication of safety analysis methods.

This progression in methodology, from basic prediction models to sophisticated
multi-factor analyses, coupled with FHWA’s standardization of SPFs, has established a
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robust framework for evidence-based safety analysis in transportation infrastructure. Future
developments will likely focus on incorporating emerging data sources and refining
condition-specific applications while maintaining the fundamental principles that have
made these methods successful. Table 2 summarizes the develpment of SPFs and CMFs.

Table 2. Evolution and applications of SPFs and CMFs in road safety analysis.

Methodology Key Contributions and Limitations References

Empirical Bayes (EB)

Contributions: Precise estimation
in sparse-data settings; corrects
regression-to-mean
bias. Limitations: Requires
well-calibrated SPFs and
overdispersion parameters.

Hauer [113]

EB for infrastructure
assessment

Contributions: Post-reconstruction
safety evaluation (Montana);
Excel-based
implementation. Limitations:
Needs three-year aggregated crash
counts.

Powers & Carson [114]

EB methodology
validation

Contributions: Demonstration of
EB’s superiority in CMF
derivation. Limitations: Sensitivity
to data quality and underlying EB
assumptions.

Persaud & Lyon [115]

Variable
overdispersion

Contributions: Introduction of
length-based overdispersion to
reduce short-segment
bias. Limitations: Breaking of
uniform-parameter assumption;
more complex calibration.

Hauer [116]

EB in observational
studies

Contributions: Lower prediction
errors than alternatives;
decade-long
assessment. Limitations:
Context-specific performance;
data-intensive.

Elvik [117]

Advanced Bayesian
methods

Contributions: Comparison of EB
vs. Full Bayes; development of
condition-specific
CMFs. Limitations: Higher
computational cost; requirement of
richer data.

Park et al. [118]

6.4. Economic Analysis, Crash Costs, and Resource Allocation

Bougna et al. [119] completed a quantitative analysis of studies estimating the
socio-economic costs of road crashes, highlighting methodological differences between
high-income countries (favoring willingness-to-pay method) and lower-income countries
(using human capital approach). They conclude that there is potential for high returns on
investment in road safety measures and argue that comprehensive cost analysis can bolster
support for crash-reduction programs, potentially driving economic development.

Wijnen et al. [120] analyzed road crash cost estimates for 31 European countries,
providing an overview of the official monetary valuations. The study found the total costs
of road crashes to be 0.4–4.1% of GDP. The valuation of preventing a serious injury was
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determined to be 2.5–34.0% of the value per fatality and the valuation of preventing a
slight injury to be 0.03–4.2% of the value per fatality. The results reveal that the method of
obtaining valuations majorly impacts results, underlining the importance of harmonization
of valuation practices.

Wu et al. [66] examined the economic dimensions of road safety in Zhongshan, China,
revealing a nonlinear relationship between GDP per capita and crash outcomes. Their
analysis demonstrates that economic development initially increases crash risk but reduces
crashes beyond approximately RMB 60,000 per capita, when improved economic conditions
enable safety investments. The study documents how the government allocation of RMB
546 million for road infrastructure improvements and RMB 7 million for safety education
during 2008–2009 resulted in measurable crash reductions, illustrating the potential for
strategic economic resource allocation in safety interventions.

Zaloshnja et al. [121] estimated the costs per crash for three crash severity groups
within 16 selected crash geometry types and 2 speed limit categories by using police crash
reports. The results of the study find the most costly crashes to be non-intersection, fatal
or disabling injury crashes on roads with a speed limit of at least 50 mph where there
were head-on collisions or human–vehicle collisions. These crashes are estimated at over
USD 1.69 and USD 1.16 million per crash, respectively. The study also found run-off-road
collisions to make up 34% of total crash costs.

Pirdavani et al. [122] demonstrated the application of zonal crash prediction models to
evaluate travel demand management strategies, specifically examining fuel cost increases
as a safety intervention. Their analysis of a 20% fuel price increase scenario in Flanders,
Belgium, predicted an 11.57% reduction in vehicle kilometers traveled and a corresponding
2.83% decrease in crash frequency, illustrating how economic policies can yield measurable
safety benefits through reduced exposure.

6.5. Emerging Technology Applications and Connected Vehicle Integration

A challenges when introducing new technology, including connected and autonomous
vehicles, is the public’s risk assessments and acceptance. Ahmed et al.’s [123] performed a
survey of public opinions and found that while 66% and 68% of respondents expect fewer
and less severe crashes with autonomous vehicles, significant concerns exist regarding
equipment failure (71%), system failures (73%), hacking (68%), and privacy breaches
(74%). These findings highlight critical areas requiring attention for successful deployment
and public acceptance.

6.5.1. Autonomous Vehicle Crash Patterns and Safety Implications

Bogg et al.’s [124] analysis of California crash data revealed that 61.1% of autonomous
vehicle-including accidents were rear-end collisions. Environmental factors, such as mixed
land use and proximity to schools, play a significant role in crash propensity. These findings
support targeted safety system improvements and deployment strategies, particularly
enhanced rear-end collision avoidance through automatic emergency braking systems in
conventional vehicles.

6.5.2. Mixed Traffic Flow Dynamics

Chang et al.’s [125] analysis revealed that intelligent and connected vehicles can
improve mixed traffic flow stability under a critical speed and effectively improve traffic
capacity. However, they can degrade stability if the critical speed is exceeded, with
this critical speed decreasing as the maximum platoon size increases. These findings
have important implications for traffic management policies in mixed autonomous and
conventional vehicle environments.
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6.6. Impact of Interventions

It can be hard to measure the direct impact of individual safety interventions. When
seat belts were introduced, for instance, there was no specific date at which all cars
had seat belts—there was a gradual transition from optional equipment to mandatory
installation, to mandatory usage laws, and finally to widespread compliance. Similar
gradual adoption patterns apply to other safety technologies and legal changes, from ABS
brakes to drunk-driving laws.

If we take a closer look at recent decades, we can compare traffic fatalities to population
to assess the efficacy of various safety interventions and countermeasures. Figure 10
presents this comparative analysis for both the United States and the United Kingdom
from 1994 to 2022. The longitudinal data reveal divergent trends in road safety outcomes
between these nations, despite similar levels of economic development and technological
advancement. While both countries have implemented evidence-based safety measures
since the 1990s, when U.S. fatality rates peaked at approximately 15.7 per 100,000
inhabitants, the rate disparity remains significant, with the U.S. currently experiencing
about 12.9 deaths per 100,000 inhabitants compared with less than 3 in the United Kingdom.

While exposure differences, particularly higher vehicle miles traveled (VMT) in the
United States, contribute to this disparity, multivariate analyses suggest that this factor
alone does not fully explain the variation. The U.S. built environment, characterized by
auto-centric development patterns, creates systematic exposure risks by necessitating
motor vehicle use across all demographic groups, including populations that may be more
susceptible to crash involvement. Moreover, controlled studies examining fatality rates
per vehicle mile traveled (VMT) indicate persistent disparities, suggesting fundamental
differences in system design parameters, vehicle fleet characteristics, and regulatory
frameworks between the two countries.
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Figure 10. Comparison of motor vehicle fatalities per 100,000 inhabitants between the United States
and the United Kingdom (1994–2022). Data source: [126].
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The divergent trajectories, particularly the recent uptick in U.S. fatalities while the UK
rates maintain a downward trend, underscore the critical role of systemic factors and policy
interventions in determining road safety outcomes. This empirical evidence suggests that
elevated U.S. fatality rates are not merely a function of increased exposure through higher
mobility but rather reflect addressable systemic factors. These findings have important
implications for the application of countermeasures and the transfer of successful safety
interventions between jurisdictions, particularly in the context of emerging analytical
methodologies and real-time crash prediction systems.

7. Emerging Research Areas and Future Directions
This section reviews emerging research, a summary of which is available in Table 3.

Table 3. Summary of emerging research areas and key findings.

Research Area Key Methodological Contributions and Findings References

Big Data Analytics
and Data Mining

Two-stage mining framework integrating 29 mined
rules into mixed logit model; identifies seat belt
fastening as most critical safety condition; capture
of joint effects of risk factors in single-vehicle
freeway crashes.

Chiou et al. [65]

Deep Learning and
Advanced AI
Applications

Comparative analysis shows simpler models often
achieve performance comparable to or better than
that of deep models; random forest models are the
most effective for crash risk prediction using
crowdsourced probe vehicle data.

Huang et al. [127];
Zhang et al. [128]

Real-Time Crash Risk
Prediction

Hybrid LSTM-CNN model with parallel structure
captures long-term dependencies and local features;
it achieves the highest AUC of 0.93, highest
sensitivity and the lowest false alarm rate for urban
arterial prediction.

Li et al. [67]

Connected and
Autonomous Vehicle
Safety

Survey of 584 U.S. respondents reveals 66–68%
expect fewer and less severe crashes; concerns
include equipment failure in poor weather (71%),
system failures (73%), hacking (68%), and privacy
breaches (74%).

Ahmed
et al. [123]

Autonomous Vehicle
Crash Pattern
Analysis

COOLCAT clustering algorithm identifies six
distinct accident clusters from UK STATS19 data; a
total of 61.1% of AV-including accidents are
rear-end collisions; environmental factors like
mixed land use and school proximity influence
crash propensity.

Esenturk
et al. [129];
Bogg et al. [124]

Intelligent Connected
Vehicle Traffic Flow

Mixed traffic flow analysis shows ICVs improve
stability under critical speeds and enhance traffic
capacity; stability degrades when critical speed
exceeded; critical speed decreases as maximum
platoon size increases.

Chang et al. [125]

7.1. Big Data Analytics and Data Mining Techniques

Chiou et al. [65] developed a genetic mining rule model utilizing a stepwise
rule-mining algorithm. Their study integrated 29 mined rules into a mixed logit model
to identify key safety and risk conditions associated with severe crashes. Their analysis
revealed that seat belt fastening was the most critical safety condition, while risk conditions
included vehicle type, alcohol use, driver characteristics, time period, road status, and
surface condition. These findings demonstrate the effectiveness of a two-stage mining
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framework in capturing the joint effects of risk factors contributing to single-vehicle crash
severity on freeways.

The application of advanced data mining techniques, as exemplified in the study,
provides a robust foundation for identifying intricate, multi-dimensional relationships in
traffic safety, thereby informing more effective crash prevention strategies.

7.2. Deep Learning and Advanced AI Applications

In a study performed in 2020, Huang et al. [127] concluded that while deep models can
be effectively applied to traffic data for crash occurrence classification and risk prediction,
simpler models can often achieve comparable or even better performance. Specifically, they
found that for crash detection, CNNs with dropout outperformed some shallow models
and, for crash prediction, deep models showed comparable performance to shallow models.

Building on this, Zhang et al. [128] utilized a state-wide live traffic database that
provides crowdsourced probe vehicle data to develop real-time traffic crash prediction
models. The crash prediction models use machine learning models to predict crash
risk according to pre-crash traffic dynamics and static freeway attributes. The results
of the study reveal a significant relationship between rear-end crashes and pre-crash
traffic dynamics. Additionally, the study ranks traffic speed factors in terms of feature of
importance, finding the speed variance and speed reduction prior to crashes to be most
important, both of which are positively related to rear-end crash risk. Random forest models
emerged as the most effective among various machine learning approaches, highlighting
significant relationships between rear-end crashes and pre-crash traffic dynamics. Key
predictive factors included speed variance and reductions prior to crashes, offering
actionable insights for traffic safety interventions.

Together, these studies underscore both the potential and limitations of AI-driven
methodologies in crash analysis and risk prediction, emphasizing the necessity of aligning
model selection with specific data and research objectives.

7.3. Integration of Emerging Data Sources and Technologies

Recent studies have shed light on the prevalence and impact of distracted driving
in the United States. Cambridge Mobile Telematics (CMT) and Arity, two companies
aggregating data from mobile phones and vehicle telematics, provide alarming insights:

• CMT’s 2023 report reveals that 34% of all drivers who crash interact with their phone
in the minute before the crash [130].

• Arity’s 2023 report notes a 30% increase in distracted driving per mile from
2019 to 2023 [131].

These findings contrast with the National Highway Traffic Safety Administration’s
(NHTSA) 2022 research note, which reports lower percentages of distraction-affected
crashes [132]. The discrepancy can be attributed to different methodologies and data
sources, highlighting the value of telematics data in supplementing traditional police
crash reports.

The studies also reveal interesting patterns in distracted-driving behavior, including
seasonal and geographic variations. However, it is important to note potential limitations
in the data sample collected by companies like Arity and CMT, such as selection bias and
the focus on phone-based distractions.

These findings underscore the urgent need for continued efforts to combat distracted
driving through legislation, enforcement, education, and technology-based solutions.
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7.4. Real-Time Crash Risk Prediction and Proactive Safety Management

Li et al. [67] developed a hybrid Long Short-Term Memory–Convolutional Neural
Network (LSTM-CNN) model to predict real-time crash risk on urban arterials. Using a
year’s worth of traffic, signal, and weather data, they applied SMOTE to address data
imbalance. Their parallel LSTM-CNN model outperformed other methods, including
sequential LSTM-CNN, LSTM, CNN, XGBoost, and Bayesian Logistic Regression, achieving
the highest AUC of 0.93, the highest sensitivity, and the lowest false alarm rate. The study
demonstrated the potential of deep learning in traffic safety prediction, highlighting the
benefits of combining LSTM with CNNs in a parallel structure for capturing both long-term
dependencies and local features.

7.5. Safety Implications of Connected and Autonomous Vehicles

To ensure the effective deployment of autonomous vehicle (AV) technologies, it is
crucial to account for both public perception and the underlying safety challenges
highlighted by real-world accident data. While Ahmed et al. [123] underscore the
public’s optimism regarding the potential of AVs to reduce crash frequency and
severity, their findings also emphasize significant apprehensions about system failures,
cybersecurity risks, and privacy concerns. They analyzed public perceptions of
autonomous vehicles (AVs) by applying a grouped random-parameter bivariate probit
model with heterogeneity in means. Based on a survey of 584 U.S. respondents, the study
found that while 66% and 68% expected fewer and less severe crashes, respectively,
significant concerns existed regarding equipment failure in poor weather (71%) and
potential crashes due to system failures (73%). Furthermore, 68% of respondents
worry about hacking and terrorist attacks, while 74% express concerns about privacy
breaches. The study highlights the importance of continuously monitoring these
perceptions for effective AV deployment strategies.

In the same vein, Esenturk et al. [129] discussed solutions to traffic safety regarding
autonomous vehicles (AVs) through two main objectives: identifying patterns in traffic
accidents and developing test scenarios for AVs based on these patterns. The authors
analyze the STATS19 accident data, a dataset of 20,000 accidents from the UK, using
the COOLCAT clustering algorithm, which is designed for high-dimensional categorical
data. This analysis reveals six distinct clusters of traffic accidents, each characterized by
unique real-world situations, aiding in the understanding of risk factors. Additionally,
the study employs association rule mining to create non-trivial test scenarios for AVs,
addressing the industry’s challenge of ensuring safe deployment in risky situations. The
findings show the value of clustering techniques and more effective data collection
methods to inform safety strategies for emerging vehicle technologies, contributing to
safer transportation systems.

These findings by Esenturk et al. [129] underscore the importance of addressing
complex accident patterns and developing tailored safety strategies for autonomous
vehicles. Expanding on this focus, Bogg et al. [124] transitioned to real-world crash
data from California, offering valuable insights into specific collision types and the
environmental factors influencing AV-including accidents. Together, these studies highlight
the critical need for both predictive safety frameworks and practical interventions to
enhance the safe integration of AVs in diverse traffic environments. Their research
concludes that while automated vehicles (AVs) in California have accumulated significant
mileage, the insights gained from analyzing crash reports reveal critical patterns in
AV-including accidents, particularly the high frequency of rear-end collisions (61.1%). The
study emphasizes the need for careful consideration of unobserved heterogeneity in crash
data, advocating for the use of informative uniform priors in Bayesian models over the
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traditional uninformative inverse-gamma priors. The findings suggest that environmental
factors, such as mixed land use and proximity to schools, play a significant role in crash
propensity. Practical implications include the potential for enhanced rear-end collision
avoidance through the implementation of automatic emergency braking systems in
conventional vehicles, which could lead to improved safety outcomes in mixed traffic
scenarios involving both AVs and human-driven vehicles.

Similarly, Chang et al. [125] delved into the dynamics of mixed traffic scenarios,
shedding light on how intelligent and connected vehicles (ICVs) influence traffic flow
stability and capacity. They analyzed the traffic flow configurations and the spatial
distributions of various types of vehicles when mixed traffic flow is in equilibrium. The
study revealed that intelligent and connected vehicles (ICVs) can improve the stability
of mixed traffic flow under a critical speed; however, ICVs can degrade stability if the
critical speed is exceeded. This critical speed decreases as the maximum platoon size of
ICVs increases. Additionally, the results also suggest that ICVs can effectively improve
traffic capacity.

Collectively, these studies underscore the transformative potential of connected
and autonomous vehicle technologies while emphasizing the necessity of addressing
technical and societal challenges for their safe and effective integration into transportation
systems. The integration of AV and ICV technologies demands a multidisciplinary approach
to ensure their benefits are maximized while mitigating associated risks.

8. Conclusions
This systematic review addressed three fundamental challenges in crash data analysis:

data quality issues, methodological fragmentation, and research–practice gaps. Through
the comprehensive analysis of methodological evolution from descriptive to system-based
approaches (Figure 5) and the systematic categorization of data quality challenges (Figure 3),
we demonstrate how sophisticated analytical approaches can be balanced with practical
applicability. That being said, persistently high injury rates in traffic, particularly in the
United States (Figure 10), reveal limited success in translating research advances into
effective countermeasures.

8.1. Key Methodological Advancements

The field has witnessed significant evolution in analytical approaches. The progression
from fixed-parameter to random-parameter models has improved accounting for unobserved
heterogeneity, while hierarchical Bayesian methods have enhanced the incorporation of
spatial–temporal correlations. Advanced spatial analysis techniques, including geographically
weighted regression, have revealed geographical patterns in crash occurrences.

Data integration represents another crucial advancement. Combining police reports,
hospital records, and insurance claims has addressed underreporting and misclassification
issues. This multi-source approach, complemented by surrogate safety measures and traffic
conflict analysis, provides alternatives when crash data are limited.

Machine learning and AI applications have uncovered complex, nonlinear relationships
in crash data. Real-time crash risk prediction, utilizing streaming sensor and telematics
data, enables proactive safety management. Novel severity analysis approaches, including
latent class and mixed logit models, have improved injury outcome identification. Big data
analytics has opened avenues for discovering previously unknown risk patterns, while
methodological advances in addressing endogeneity and self-selection bias have produced
more accurate intervention estimates.

Despite these advances, autonomous and mixed traffic solutions emerge as the most
promising frontier, alongside continuous data quality improvements.
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8.2. Future Research Directions

Given their potential for transformative change, autonomous and mixed traffic
solutions should be prioritized as primary research directions. Big data availability presents
unprecedented analytical opportunities, requiring advanced data mining and machine
learning algorithms to extract meaningful patterns and uncover hidden risk factors.

Real-time crash risk prediction represents a prominent frontier. The evolution from Yuan
et al.’s LSTM-RNN improvements [133] through Lim et al.’s Temporal Fusion Transformer
architecture [134] to Han et al.’s transformer-based approach [135] demonstrates rapid
progress. Their 15.69% recall improvement over traditional methods highlights the potential
of integrating connected vehicle data for comprehensive risk assessment.

Data integration remains critical. While traditional analysis relies on police reports,
emerging approaches leverage connected vehicle and roadside sensor data—resources
rarely available in standard records. This mirrors successful practices like Sweden’s
mandatory hospital reporting system. Additional data streams, including social media,
detailed weather information, and expanded telematics data, offer further potential for
holistic risk assessment.

Despite social acceptability [136,137] and trust challenges [138,139], autonomous and
connected vehicles with advanced safety features [140,141] will necessitate new analytical
frameworks for human–autonomous vehicle interactions. Addressing endogeneity and
self-selection bias [30,31] remains crucial to accurate intervention evaluation.

Interdisciplinary research combining crash analysis with behavioral psychology shows
promise. McCarty et al. [142] demonstrated that demographic factors explain over 28%
of accident rate variance, while Gu et al. [143] revealed how environmental factors create
complex causation chains. These findings emphasize the need for comprehensive models
accounting for multiple interacting factors—from individual behavior to demographic
patterns and environmental conditions.

Success requires pursuing data-driven approaches leveraging technological and
methodological advances but also effectively bridging the persistent gap between research
sophistication and practical implementation. Only through this integration can the field
fulfill its potential to significantly reduce road crashes and save lives worldwide.
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Appendix A. PRISMA 2020 Checklist
This appendix provides a detailed assessment of how our systematic review addresses

each item in the PRISMA 2020 checklist for systematic reviews and meta-analyses.
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Table A1. PRISMA 2020 checklist assessment for road crash analysis systematic review.

Item PRISMA Element Status Location/Comments

1 Title ✓

Document title clearly identifies this as a systematic
review: “Road Crash Analysis and Modeling: A
Systematic Review of Methods, Data, and
Emerging Technologies”

ABSTRACT

2 Abstract ✓

Abstract Section includes background, objectives,
data sources, study selection criteria, data extraction,
synthesis methods, results, limitations, conclusions,
and funding statement

INTRODUCTION

3 Rationale ✓

Section 1, “Introduction”, and Sections 1.1 and 1.2.
Describes importance of crash data analysis, gaps
between research and practice, and need for
comprehensive methodological review

4 Objectives ✓
Section 1.2, “Scope and Objectives”. Clear statement
to “systematically examine established and emerging
analytical approaches” with dual purposes outlined

METHODS

5 Eligibility criteria ✓
Section 2.1, “Eligibility Criteria”. Clear
inclusion/exclusion criteria for studies with
methodological contributions

6 Information
sources ✓

Section 2.2, “Information Sources and Search
Strategy”. Google Scholar as primary source, citation
searching, and rationale for database selection

7 Search strategy ✓ Section 2.2. Lists search terms.

8 Selection process ✓
Section 2.3, “Selection Process and Data Collection” +
PRISMA flow diagram. Clear description of screening
process

9 Data collection
process ✓

Sections 2.3 and 2.4. Description of data extraction
focusing on methodological characteristics

10 Data items ✓

Section 2.4, “Data Items and Study
Characteristics”. Lists extracted elements:
methodological approaches, data sources, and
performance metrics

11 Study risk of bias
assessment ✓

Section 2.5, “Risk of Bias Assessment”. Adapted
quality assessment for methodological research

12 Effect measures ◦ Not applicable for methodological review that does
not meta-analyze effect sizes

13 Synthesis
methods ✓

Section 2.6, “Synthesis Methods”. Description of
qualitative and quantitative synthesis approaches

14 Reporting bias
assessment ◦ Limited applicability for methodological reviews

vs. intervention studies

15 Certainty
assessment ✓

Section 2.7 “Assessment of Evidence
Quality”. Adapted approach for methodological
research

RESULTS
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Table A1. Cont.

Item PRISMA Element Status Location/Comments

16 Study selection ✓
Section 2.4 + PRISMA flow diagram. Study coverage
and selection described including exclusion reasons

17 Study
characteristics ✓

Throughout Sections 3–7, Table 1. Studies
characterized by methodology and applications

18 Risk of bias in
studies ◦ Individual study quality assessment not

explicitly presented.

19 Results of
individual studies ◦

Throughout Sections 3–7. Focus on methodological
contributions rather than effect estimates
(appropriate for review type)

20 Results of
syntheses ✓

Tables 1 and 2, throughout Results. Synthesis of
methodological approaches, applications, and
emerging areas

21 Reporting biases ◦ Briefly acknowledged in Limitations. Less critical to
methodological reviews

22 Certainty of
evidence ✓

Section 4. Assessment of strength of evidence for
different methodological approaches

DISCUSSION

23 Discussion ✓
Section 8, “Conclusions”. Comprehensive
interpretation of findings in road safety research
context

24 Limitations ✓
Abstract mentions of “methodological heterogeneity”
and “geographic bias”. Section 7 discusses
research–practice gaps

25 Conclusions ✓
Section 7, “Future Research Directions”. Clear
conclusions about methodological evolution and
future directions

OTHER INFORMATION

26 Registration and
protocol ✓

Statement added to the beginning of Section 2 that
review was not prospectively registered with
justification

27 Support ✓
Abstract states “This research received no external
funding”. Funding section in manuscript template
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