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Abstract

Identification of causal factors in traffic crashes has always been a significant challenge
in road safety studies. Traditional crash prediction models are limited in elucidating the
underlying causal mechanisms in road crashes. This research explores the application
of three graphic models, namely, the Gaussian graphical model (GGM), causal Bayesian
network (CBN) and graphic extreme gradient boosting (XGBoost), through a case study
using highway–railroad-grade crossing (HRGC) inventory and collision data from Canada.
The three modelling approaches have generally yielded consistent findings on various risk
factors such as crossing control type, track angle, and exposure, showing their potential
for identifying causal relationships through the interpretation of causal graphs. With
the ability to make better causal inferences from crash data, the effectiveness of safety
countermeasures could be more accurately and reliably estimated.

Keywords: graphic learning methods; crash mechanism; HRGC crashes; causal inference

1. Introduction
Ensuring traffic safety is pivotal for fostering economic growth and safeguarding

public health. Among various safety challenges, highway–rail-grade crossings (HRGCs)
represent a critical point of vulnerability, where the intersection of rail and road infrastruc-
ture creates a high risk of severe and often fatal collisions. Annually, around 23 people
lose their lives and another 28 suffer serious injuries at railway crossings in Canada. Ac-
cording to Transport Canada, over CAD 85 million has been invested in the Rail Safety
Improvement Program (RSIP) over the past four years annually to decrease the crash rates
and mitigate the adverse effects of traffic crashes [1]. Numerous attempts have been made
by safety professionals and traffic engineers through such safety management programs to
improve the safety interventions [2–4]. One crucial motivation for traffic safety studies is to
investigate the relationship between various risk factors and crash outcomes, including
crash frequencies and severity [5]. Understanding the crash causal risk factors can lead
to enhanced safety improvement measures, thus reducing the occurrence probability and
severity of crashes.

The general framework for safety improvement studies involves constructing crash
prediction models to investigate the impact of various risk factors on the crash outcomes [6].
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Traditionally, researchers focus on conducting quantitative analysis and developing gen-
eralized linear regression models for the relationship between crashes and potential risk
factors [6]. Although such attempts are successful in conducting collective analysis in study-
ing the influence exerted by environmental, vehicular, human-related, and facility-relevant
factors, these approaches are inherently limited in understanding causal mechanisms
of crashes due to the complexity of interacting variables from massive crash datasets.
Meanwhile, capturing and establishing comprehensive causal relationships among var-
ious dynamic features presented in crash data necessitates novel approaches given that
traditional statistical approaches often fall short in this regard.

With the advancement of causal learning, new opportunities have been afforded to
understand crash mechanisms utilizing graphic models such as the Gaussian graphical
model (GGM) and Bayesian network (BN), which can reveal the causal links in crashes
with representative causal graphs. However, there has been limited effort in applying these
models for causal inference in road safety. The objective of this research is to conduct a
comparative study of three different graphic models, including GGM, BN, and graphic
extreme gradient boosting (XGBoost) for identifying the causal factors affecting highway–
railroad-grade crossing (HRGC) crashes.

The rest of this paper is organized as follows. The second section presents a review
on identifying relationships between factors associated with crashes, graphical models for
safety studies, and challenges in causal inference of traffic crashes. The third part docu-
ments the detailed methodology for discovering the potential causal relationships between
various risk factors and HRGC crashes through different graphical models. Lastly, followed
by the results and discussions, this study concludes by summarizing its contributions
to understanding the HRGC crash mechanisms, discussing the study’s limitations, and
providing recommendations for future research.

2. Literature Review
2.1. Identification of Relationships Between Risk Factors and Crashes

Traditionally, the identification of relationships between risk factors and crashes re-
lies on quantitative analysis [7] and statistical approaches [2–4]. Regression models have
been the most applied approaches to model crash frequencies from the early studies up
to recent times [8,9], including linear regression [10–14], Poisson regression [10,15–19],
negative binomial regression [18,20–22], logistic regression [23–25], and multivariate
regression [22,26–28]. Logit-based regression models, such as mixed logit regression, have
been utilized to unravel the associations between risk factors and injury severities. Mean-
while, researchers have integrated regressions with random parameter models [20,22,29,30]
and limited dependent variable models [31,32] to enhance prediction accuracy and improve
model performance.

With advancements in safety study approaches, numerous machine learning models
have been proposed to analyze correlations between factors and crashes, thus indicating the
potential causal effects. For example, tree-based ensemble models are utilized to evaluate
the importance of various factors contributing to traffic crashes. Researchers adopted
Shapley additive explanations (SHAP) to explain the results attained from gradient boosting
methods, especially extreme gradient boosting (XGBoost) to discover the significance of
contributing factors [33–37], including applications in spatial safety modelling and freight-
related incidents [38,39]. Meanwhile, recent attempts have explored the application of
causal forests to estimate crash modification functions (CMFunctions) while addressing
confounding bias to evaluate the joint effects of work zone features, traffic volume, and
weather on crash risk [40]. Apart from these efforts, association rule mining (ARM) is
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applied to identify frequent patterns and correlations among binary variables to uncover
the relationship between contributing factors and crash outcomes [41,42].

Although these past efforts have enhanced the current understanding of relationships
between risk factors and crash outcomes, the significance of variables and correlations
among them cannot necessarily demonstrate causal relationships or establish causalities,
thus falling short in revealing the causal mechanism of traffic crashes.

2.2. Risk Factor Identifications in Highway–Railway-Grade Crossing (HRGC) Crashes

Safety at HRGCs continues to be of significant concern since crashes at these locations
often result in fatalities or serious injuries, as discussed previously [36]. Early attempts
have focused on establishing models to predict crash frequency utilizing generalized linear
models [43,44], consistently showing the influence of average daily vehicle traffic, daily
train traffic, warning system, nighttime through-train traffic, train maximum speed, and the
number of traffic lanes on the highway. Results indicate that daily train and vehicle traffic
volumes can increase the probability of crash occurrence, while active warning systems can
reduce the risk.

Recently, extensive research has been conducted to elucidate the risk factors and
mechanisms that contribute to the occurrence of HRGC crashes with machine learning
models. Researchers have developed tree-based methods to improve the performance
of models for predicting the frequency and severity of collisions at HGRCs through risk
factor identifications, including the decision tree and gradient boosting algorithms [45,46].
Lasisi et al. utilized classification methods including logistic regression, support vector
machine, random forest, Gaussian naïve Bayes, and multi-layer perceptron-neural network
to predict crashes [47]. Results from these studies reveal that variables such as daytime
train movement, nighttime train movement, daily train traffic, train speed, and highway
speed are associated with the crashes. Moreover, specific influential factors such as active
warning systems like Flashing Light and Bells with Gates (FLBG) have been shown to
reduce crash probabilities significantly [48].

Despite the contributions of the existing literature, risk factor identification remains
limited to correlations rather than causality, which may hinder the improved understanding
of the causal mechanisms behind crashes and thus the more accurate and reliable estimation
of the effectiveness of safety countermeasures.

2.3. Graphic Models for Causal Inference in Traffic Crash Analysis

Various approaches have been applied to make causal inferences from traffic crash data,
including Granger causality [28,49], instrumental variables (IV) [50,51], structural equation
modelling (SEM) [52–54], and the a priori algorithm [33,54,55]. Recently, development in
the machine learning field has afforded new opportunities to identify the casual relation-
ship in traffic crashes; examples include extreme gradient boosting (XGBoost) [34,35,37],
decision trees, and random forests [34,37,56] as well as deep neural networks [11,57,58]. In
comparison with other approaches, XGBoost method is known for its high predictive accu-
racy and capability for handling complex relationships through gradient boosting, making
it an effective tool for causal predictions [59]. Apart from these methods, various graphic
models have shown the potential of extracting causal information through the construction
of causal graphs [60]. Researchers have attempted to generate casual graphs through
Bayesian networks (BNs) [14,32] and Markov random fields [32,61] in traffic-related studies.
BNs use directed acyclic graphs (DAGs) to depict causal relationships [14,62,63], while
MRFs, also known as forests or trees, use undirected graphs [61]. Edges in these graphs
indicate the causal relationships between variables, enabling researchers to conduct causal
inference based on these established causal links.
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Despite the significant past efforts in risk factor analysis, researchers still face chal-
lenges when attempting to discover the causal relationships and draw causation assertions.
One major obstacle is to establish illustrative and straightforward causal relationships,
e.g., using causal graphs, of the crash causality between various risk factors and crash
outcomes, such as occurrence frequency, from crash datasets [4]. In addition, the number
of candidate variables has been increasing dramatically in recent years due to a significant
increase in available data related to traffic crashes. Although the enrichment of variables
allows a more comprehensive analysis of various confounding effects and interactions,
understanding the crash causality requires a modelling methodology that can accurately
capture the complexity of causal relationships in traffic crashes [4,27,32].

Another challenge is the reliability of observational studies. Generally, controlled
experiments are utilized to draw causation conclusions in medical and environmental
fields [64,65]. However, it is impossible to follow such a process in traffic safety studies
due to ethical considerations. Thus, researchers have attempted to conduct analyses based
on observations from historical crash data. And the reliability of the observational studies
needs to be thoroughly explored given the uncontrolled nature of latent variables and
missing data.

This paper aims to address the above-mentioned challenges through the comparison
of different graphic causal discovery models, exploring the potential of applying these
models for understanding causality in traffic crashes.

3. Methodology
In this section, the causal inference problem is stated by introducing the framework of

the study. Following this, the methods utilized in this paper are demonstrated.

3.1. Identification of Causal Relationships

In this study, the causal discovery process is framed around establishing and optimiz-
ing causal relationships through constructing and refining causal graphs. The most widely
recognized approach to represent causal relationships is directed acyclic graph (DAG),
which consists of a set of nodes representing the variables in the study such as risk factors
(e.g., driver age, road conditions, and traffic control type), environment conditions (e.g.,
weather and environment), and crash outcomes (e.g., crashes and fatalities) and a set of
directed edges between nodes indicating the conditional dependence between different
variables or causal influence of one variable on another [66,67], as shown in Figure 1.

Figure 1. Example Directed Acyclic Graph (DAG).

Consider a specific DAG with a set of variables X = {Xi} M
i=1, where Xi represents

a potential factor corresponding to a node i. Each Xi is linked to other nodes—its parent
nodes and its value could be estimated from the functional relationship of its parent nodes
within the graph, augmented by an independent additive noise term εi, as defined in
Equation (1).

Xi = fi

(
Xparent(i)

)
+ εi (1)
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where Xparent(i) represents the parent nodes of node i; εi is the noise component; fi(.)
is the link function to be calibrated using data from real-world observations. Let
D = [xk], where xk is a vector of kth observations of all variables in the graph; that is,
↶k : = [xk,1, xk,2, . . . , xk,i, . . . , xk,M]T ∈ Rd.

In this paper, three different models are integrated to identify causal relationships
within a directed acyclic graph (DAG) framework, as shown in Figure 2.

 

Figure 2. Integrated Workflow of the Causal Discovery Framework.

The Gaussian graphical model (GGM) is employed for efficiently capturing conditional
dependencies among variables through sparse inverse covariance estimation, making it
suitable for high-dimensional accident data. Extreme gradient boosting (XGBoost) is used to
identify non-linear associations and feature importance, offering interpretable predictors via
SHAP values. These two models collectively provide the structural foundation for causal
Bayesian network (CBN) learning, which formalizes the directionality of relationships
and quantifies causal effects through probabilistic reasoning. This multi-model approach
ensures a balance between computational efficiency, interpretability, and causal rigor. The
directionality among variables is primarily informed by domain knowledge and empirical
patterns observed in the dataset. The following subsections provide detailed explanations
of each method.

3.2. Gaussian Graphical Model (GGM)

In this paper, the Gaussian graphical model (GGM) is applied to handle the collinearity
among variables [68] through Markov random field (MRF). MRF is an undirected graphical
model that represents the conditional dependencies between random variables using an
undirected graph [69], where each node corresponds to a variable, and edges denote direct
probabilistic interactions between the variables, thereby capturing the joint probability
distribution of the entire system. And GGM constructs a sparse graph by estimating the
inverse of the covariance matrix of a data matrix X with n multivariate normal observations
and p dimensions. The approach involves regularizing the estimation process by imposing
an L1 penalty on the elements of the precision matrix (the inverse of the covariance matrix).
Denoting the empirical covariance matrix as S, the GLE can be obtained from the steps
below (Equations (2)–(6)).
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1. Empirical Covariance Matrix Calculation

S =
1
n∑n

i=1 (xi − µ)(xi − µ)T (2)

where xi is the i-th observation in the data matrix X = (x1, x2, . . ., xn), and µ is the mean
vector of the observations.

2. Likelihood Function

Assuming that the data X follow a multivariate normal distribution N (µ, ∑), the
likelihood function can be written as

L = ∏n
i=1 N

(
i, ∑

)
= ∏n

i=1
1

2π
p
2 det(∑)

1
2

e−
1
2 (xi−µ)T ∑−1(xi−µ) (3)

The log-likelihood function is

log(L) = −n
2
(p log(2π) + log (det(∑)))− 1

2∑n
i=1 (xi − µ)T ∑−1

(xi − µ) (4)

3. Simplifying the Log-likelihood Function

Removing constant terms and simplifying the log-likelihood function can be at-
tained as

log(L)α − log(det(∑))− tr(S ∑−1
)) (5)

where tr(·) denotes the trace of a matrix.

4. Adding the L1 Penalty

To enforce sparsity, an L1 penalty on the elements of the inverse covariance matrix
Θ = ∑−1 is introduced. The optimization problem becomes

Θ̂ = argminΘ(−log(det(Θ)) + tr(SΘ) + λ ||Θ ||1 (6)

where λ is the tuning parameter controlling the sparsity, and ∥Θ∥1 is the L1 norm of Θ.

5. Convex Optimization

The above optimization problem is a convex problem and can be solved firstly through
the Gaussianization of the data with no prior latent clustering or constraints, relaxing the
normality assumption required for GLE [70]. The resulting graph is identified through
this optimization procedure by applying the rotation information criterion (RIC) approach
to find the optimal λ value regarding the relationship between variables [70]. In the
proposed research, the scikit-learn package in Python 3.11.5 is applied to estimate the GGM
model [71].

3.3. Extreme Gradient Boosting (XGBoost)

XGBoost has recently been applied to risk factor identifications through tree-based
feature classification methods [60]. In this research, XGBoost is employed as another alterna-
tive for identifying the potential causal relationship due to its capability to capture complex
patterns and interactions effectively [35,36]. With its tree-based construct for representing
the relationships between the outcome of interest (e.g., collisions) and influencing factors,
as shown in Figure 3, the XGBoost algorithm quantifies the effects of specific variables and
their degree of importance, thereby offering an interpretable approach to understanding
complex interactions within the data.
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Figure 3. The General Architecture of Graphic XGBoost.

Despite its strength, the results from the XGBoost method, such as feature importance
scores, do not allow direct causal interpretations, which would require domain knowledge
with additional investigation. While these scores indicate predictive relevance, translating
them into potential causal impacts and applying them for quantifying the intervention
effectiveness requires careful domain-specific understanding and adjustments [72].

In this paper, the “importance” of each predictor variable is evaluated based on its
total “gain” contribution to the resulting XGBoost model. Variables with a gain value
exceeding 0.02 are considered important [73] and are subsequently used to construct graph-
ical representations for further analysis. By integrating these results, XGBoost contributes
to the overall framework by identifying critical variables and supporting the development
of robust causal structures.

3.4. Causal Bayesian Network (CBN) Learning

A causal Bayesian network (CBN) is a graphical model that represents a set of variables
and their conditional dependencies through the Bayesian network modelling. This model is
encapsulated within a directed acyclic graph (DAG), providing a structured representation
of causal relationships between candidate variables. In a CBN, nodes represent variables,
and directed edges represent causal influences from parent nodes (as nodes A and B) to child
nodes (as node C and D). Parent nodes are the direct causes of the child nodes, indicating
that the state of a parent node can influence the state of its child nodes. By using directed
edges to connect each variable to its children’s variables, a graph G can be constructed to
represent the topology of the network. In a CBN model, the joint distributions of a set of
variables X are specified by a decomposition as in Equation (7).

P(X) = ∏n
i=1 P

(
Xi

∣∣∣∏i G
)

(7)

where ∏i G is a subset of {X1, X2, . . ., Xn} and called the parent set of Xi. The causal
relationship represented by G is calculated by Equation (8).

P(X) = ∑n
i=1 P(Xi)P(X|Xi) (8)

In context of the Bayesian network, both the prior probability and the posterior
probability should be calculated as the conditional independence between Xi and its parent
nodes in the graph G. Assume that a set of non-overlapping events exist in X, denoted as
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A1, A2, . . ., An and outcome E. Then, the posterior probability of any random event A with
independence of outcome E is calculated as Equation (9).

P(Ai|E) =
P(Ai)P(E|Ai)

∑n
j=1 P

(
Aj

)
P
(
E
∣∣AJ

) =
P(Ai)P(E|Ai)

P(A)
(9)

To any random variable set X and its parent nodes Parent (Xi) in the CBN, the joint
distribution can be calculated through conditional probabilities as in Equation (10).

P(X) = ∏n
i=1,i∈n P(Xi = xi|Xi+1 = xi+1, . . . , Xn = xn) = ∏n

i=1,i∈n P(Xi = xi|Parent(Xi)) (10)

Therefore, the variable distributions can be understood through the identification of
the probabilistic relationships. For the implementation of BN learning, the hill-climbing
algorithm from the ‘pgmpy’ library in Python 3 was used to find the optimal DAG [73].
The final BN graph represents the statistically significant relationships between variables
with a 95% confidence level.

4. Case Study Dataset
In this paper, the case study will focus on identifying the critical risk factors causing

collisions at grade crossings in Canada and evaluating the effectiveness of some common
safety countermeasures such as upgrading control devices and improving sight distance.

The dataset is presented as highway–railroad-grade crossings (HRGCs) inventory and
collision databases provided by Transport Canada [74]. The inventory database contains
data from 24,967 HRGCs across Canada, including features on intersecting railways and
highways, control devices, and traffic exposure attributes such as train and vehicle traffic
flow. The collision dataset includes all collisions that have happened at the HRGCs over
the past eight years, including a total of 614 collisions and 75 fatalities. In the 2024 database,
614 collisions occurred at 560 HRGC, of which 91.6% had one collision, 7.0% had two
collisions, and the remaining had three collisions.

Variables related to railway features, highway features, crossing features, traffic control
features, and pedestrians are considered as the influential factors of collision occurrence
based on the existing literature [36,75]. Given that the focus of this paper is on under-
standing the risk factors contributing to collision occurrences, the dependent variable will
represent the number of collisions for each HRGC as a count variable (e.g., 0, 1, 2, . . .). The
inventory dataset has many missing values, which are addressed with some commonly
applied imputation techniques, such as K-nearest neighbours [76].

Table 1 presents a summary of the explanatory variables utilized in the analysis, along
with detailed descriptions and statistics.

Table 1. Variable descriptions and statistics.

Variable Description Possible Values Mean STD Min Max

Railroad
Track Number Number of railway tracks ≥ 0 1.17 0.46 0.00 10.00

Track Angle Angle degree of track ≥ 0 78.86 22.33 0.00 173.00
Daily Trains Total number of trains per day ≥ 0 7.91 11.02 0.00 289.00

Railway Speed Limit
Overall maximum speed for rail

train approaching from
both sides

≥ 0 38.240 21.45 0.00 250.00
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Table 1. Cont.

Variable Description Possible Values Mean STD Min Max

Highway
Highway Lanes Number of highway lanes ≥ 0 1.840 0.63 0.00 7.000
Daily Vehicles Number of vehicles per day ≥ 0 1110.59 3545.88 0.00 65,104.00

Daily Pedestrians Number of pedestrians per day ≥ 0 1.55 6.98 0.00 284.00

Road Speed Limit
Road posted/unposted

maximum speed for road
approach from both sides

≥ 0 55.19 25.94 0.000 110.00

Environment

Area Type Whether the HRGC is in rural
areas or urban areas 0—rural; 1—urban - - - -

Lightings Lighting conditions
along highway

0—unlighted;
1—single side;
2—both sides

- - - -

Crossing
Gradient Stopping

Sight Distance
Percent of gradient stopping

sight distance for left side [−100, 100] 1.24 3.95 36.40 64.99

Distance to
Intersection

Distance between the crossing
and intersection for left side ≥ 0 7.83 19.32 0.00 500.00

Whistle Train is required to whistle
or not 0—no; 1—yes - - - -

Sign Presence of signs at
passive crossings 0—no; 1—yes - - - -

Stop Presence of stop signs at
passive crossings 0—no; 1—yes - - - -

Gate Active warning devices
for vehicles 0—no; 1—yes - - - -

Flashing lights &
Bells (FLB)

Traffic control signal or device is
interconnected to a crossing

warning system or not
0—no; 1—yes - - - -

Crossing Type Type of the crossing 0—passive; 1—active
warning system - - - -

Collision Whether a collision occurred
or not

0—no collisions; 1—at
least one collision - - - -

5. Results and Discussions
The discussion is organized as follows: first, the results obtained from the Gaussian

graphical model (GGM) and extreme gradient boosting (XGBoost) are presented. These
results highlight their respective contributions to identifying correlated factors and covari-
ates that can provide the most significant predictive power. Following this, the causal
links are identified using causal Bayesian network (CBN) learning, paving the way to the
comparison among the results attained from different methods.

5.1. Gaussian Graphical Model (GGM) Results

In this section, potential causal relationships indicated by the coefficient among various
variables are visualized through the correlation graphs, representing the potential causal
mechanisms in the highway–railroad-grade crossings (HRGCs) as shown in Figures 3 and 4.

In Figure 4, blue links represent positive covariances, while red links indicate negative
covariances. The thickness of each link corresponds to the strength of these relationships,
with thicker links denoting stronger covariances. In this figure, the alpha parameter is set to
0.01 to retain as many correlations as possible, thereby maximizing the potential to identify
underlying causal relationships. Figure 5 displays the coefficients between various variables
as derived from the graphic GGM method, providing a detailed view of the interactions
and their respective strengths. The heatmap provides valuable correlation insights into the
dynamics of HRGC collisions, particularly in relation to traffic control features, paving the
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way to causal discovery. A notable cluster of variables includes stop signs, flashing lights
and bells, and collision. This cluster suggests the presence of these traffic control features
may significantly influence the frequency of collisions. Among these features, flashing
lights and bells appears to exhibit a stronger link to collision occurrence than stop signs,
indicating that active warning devices might play a more crucial role in mitigating collision
risks. Further analysis of the coefficient strengths could refine this interpretation.

Figure 4. Resultant Causal Graph from GGM.

Figure 5. Heatmap of Coefficients between Variables (GGM).
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The gradient stopping sight distance is found to have a negative coefficient with colli-
sion frequency (−0.04 ± 0.03), suggesting that longer sight distances may lower collision
risk. Although a coefficient of −0.04 represents a moderate effect size, it is meaningful in
the context of traffic safety, where small adjustments in sight distance can potentially reduce
crash rates. Additionally, the relationship between track angle and collision (−0.03 ± 0.08)
implies that as track angles diverge from straight alignments, there may be a slight increase
in the likelihood of collisions.

To evaluate the impact of the regularization parameter α on the sparsity structure of
the estimated correlation graph, a sensitivity analysis was conducted (Figure 6). It illus-
trates the relationship between varying α values and the resulting number of edges in the
learned graph. As expected, the number of edges decreases monotonically with increasing
α, reflecting the stronger penalization of partial correlations. At low α (e.g., 0.1–0.3), the
model admits a dense network with over 200 edges, potentially including spurious or weak
associations. In contrast, higher α values (≥0.7) yield a much sparser graph, highlighting
only the strongest dependencies among variables. Notably, when α = 1.0, the graph reduces
to just 11 edges, suggesting a highly conservative structure. This trend underscores the
necessity of selecting an optimal α value that balances model complexity with interpretabil-
ity. Based on the sensitivity analysis, an α value between 0.5 and 0.7 offers a balanced
trade-off—sufficiently reducing noise without discarding meaningful correlations—thus
avoiding both overfitting and under-representation of potential causal links.

Figure 6. Sensitivity of Alpha Value vs. Number of Edges in Correlation Graph.

5.2. Graphic Extreme Gradient Boosting (XGBoost) Results

Using the graphic XGBoost method, the relationships among various risk factors
are illustrated through their feature importance in predicting collisions, as shown in
Figures 7 and 8. These figures present the results derived from the graphic XGBoost ap-
proach, indicating the critical variables influencing the crash outcomes. This method
provides a broader perspective on the factors influencing collision frequency at highway–
railway-grade crossings (HRGCs).

In this method, each feature importance value is normalized by dividing it by the
maximum score in the matrix, yielding a relative measure of importance across variables.
These normalized scores are presented using two complementary visualizations: a correla-
tion graph (Figure 7) and a heatmap (Figure 8). In both figures, a consistent color scheme
is applied—values greater than or equal to 0.5 are highlighted in red, while those below
0.5 appear in blue—clearly illustrating the comparative significance of each factor across
the dataset.
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Figure 7. Resultant Causal Graph from Graphic XGBoost.

Figure 8. Heatmap of Importance between Variables (Graphic XGBoost, Normalized).

In terms of other significant variables, the analysis suggests that higher roadway
classes, typically with more lanes, are associated with an increased likelihood of collisions.
The variable importance of highway lanes in XGBoost (0.97 ± 0.17) and the positive link
observed in the other methods imply that enhanced infrastructure, like dedicated lanes or
additional traffic control measures, is necessary to improve safety in these areas. Moreover,
the result reinforces the significance of features such as signs, stop signs, and flashing lights
and bells in mitigating collision risks, with an importance score consistently around 0.06.

More importantly, the results indicate that distance to intersections and gradient
stopping sight distance show significance in collisions. These features can influence drivers’
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visibility and stopping distances, thereby contributing to crashes. The analysis also reveals
that the maximum railway speed (0.30) has a notable impact on collision occurrences.
Higher railway speeds likely increase the risk of collisions due to shorter reaction times
and longer stopping distances required for trains. Additionally, highway lanes (0.97) and
daily pedestrian volume (0.51) significantly affect collision rates, indicating that areas with
more lanes and high pedestrian traffic near grade crossings are more susceptible to crashes.
Furthermore, the presence of gates (0.75) appears to have an association with collisions.

5.3. Causal Bayesian Network (CBN) Learning Results

In this paper, the CBN method requires an initial tree structure as a starting point
to optimize and generate the final directed acyclic graph (DAG). To construct this initial
structure, the relationships derived from both coefficient values and feature importance
in the previous two methods are utilized as input for the CBN approach. As a result, the
generated DAG and the causal directionality between variables are depicted in Figure 8. In
the CBN models, causal relationships are represented by the directionality of the edges in
the DAG, illustrating how one variable influences another within the network.

Overall, the directionality of relationships derived from the CBN method provides
deeper insights into the causal dynamics of traffic crashes. Consistent with the findings
from the GGM analysis, the presence of signs, stop signs, and flashing lights and bells
shows a relationship with collision occurrences at HRGCs, highlighting the importance of
these features in influencing safety outcomes. Meanwhile, track angle appears to have a
potential causal relationship with collision occurrences; however, further validation from
the other two methods is needed to strengthen this finding. Furthermore, rather than
recommending specific treatments, these findings indicate that these features could be part
of a broader strategy for risk mitigation, with field personnel assessing which measures
are most effective based on site-specific conditions. Separating the effects of each feature
could provide further clarity on their individual contributions to safety. For instance,
flashing lights and bells, as active warning devices, may offer more substantial protection in
high-traffic areas compared to passive signs, which might be more suitable in less complex
environments. Figure 9 illustrates a conceptual example of a causal graph that could be
generated using the CBN method.

Additionally, there is a notable association between the frequency of daily trains and
collision occurrences, suggesting that higher train frequency may increase exposure to
potential collisions. The link between maximum road speed and collision occurrence also
indicates that higher speeds may contribute to elevated collision risks, underscoring the
need for tailored speed management strategies in areas with significant pedestrian or
vehicle activity near crossings.

Meanwhile, the potential causal relationships between daily trains and the presence
of gates as well as between track number and gates suggest that areas with higher train
frequency and multiple tracks might benefit from enhanced protective measures such as
gates to reduce collision risks. The impact of gates on collision frequency underscores their
role as a critical safety feature in busy areas. Furthermore, the associations between area
type, whistle, and flashing lights and bells indicate that certain environmental contexts
(such as urban versus rural settings) influence the types of safety features implemented.
Specifically, urban areas may incorporate more active warning devices, like flashing lights
and bells, to address increased traffic and pedestrian presence.
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Figure 9. Resultant Causal Graph from CBN.

6. Conclusions and Limitations
6.1. Conclusions

In this paper, the analysis explores different causal discovery models, including the
Gaussian graphical model (GGM), casual Bayesian network, and graphic extreme gradient
boosting, based on the case study of highway–railroad-grade crossing (HRGC) crash
datasets and consistently identifies key factors influencing collision occurrences and their
interrelationships. These consistent findings provide a robust foundation for potential
safety improvements at HRGCs. The details are as follows.

• Stop Signs and Flashing Lights and Bells

Across all three methods, the presence of stop signs and flashing lights and bells is
shown to significantly reduce collision occurrences, which aligns with the findings in the
existing literature [48]. These traffic control features provide crucial visual and auditory
warnings, enhancing reaction times for drivers and pedestrians. Results show that the
HRGC with higher pedestrian and traffic volumes require more comprehensive warning
facilities to effectively reduce the crash risk.

• Track Angle

Track angle is identified as a contributing factor with potential causal links to both
collision occurrence and train frequency. Specifically, crossings with acute (sharper) track
angles are associated with a higher probability of collisions. This is likely due to reduced
sight distance and more complex vehicle maneuvering paths, which can impair drivers’
ability to detect and respond to approaching trains. Moreover, track angle shows a modest
association with train frequency, which may further influence overall crash risk. These
findings suggest the need for additional safety measures—such as improved signage,
enhanced lighting, or advanced warning systems—at crossings with sharper angles to
mitigate visibility challenges and increase driver and pedestrian awareness.

• Daily Trains

A significant correlation exists between the frequency of daily trains and collision
occurrences, consistent with existing findings [77]. Higher train frequencies increase the
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exposure to potential conflicts between trains and vehicles or pedestrians. This emphasizes
the need for robust warning systems such as flashing lights and bells and physical barriers
like crossing gates to manage these interactions effectively and prevent collisions.

• Maximum Road Speed

The analysis consistently shows that areas with higher pedestrian traffic tend to have
lower maximum road speeds, likely due to safety measures that reduce speed limits in
high pedestrian areas to minimize crash risks. Additionally, roads with higher traffic
volumes often have higher speed limits, as indicated by the positive coefficient between
daily vehicles and maximum road speed. This relationship further increases collision risks,
as higher traffic volumes and speeds contribute to more dangerous crossing environments.
This finding underscores the importance of implementing speed control measures, such as
speed limits and traffic calming devices near GCs.

• Daily Pedestrians

The coefficient between daily pedestrians and collisions varies slightly among the
methods but remains positive, indicating that higher pedestrian traffic increases the risk of
collisions. This highlights the necessity for enhanced pedestrian safety measures, such as
well-marked crosswalks, pedestrian signals, and audible warnings, at crossings with high
foot traffic. These measures help ensure that pedestrians are aware of approaching trains
and can cross safely.

In summary, the consistent findings across different analytical methods reinforce the
reliability of the identified risk factors and their impact on HRGC safety. Implementing com-
prehensive safety measures that address these key factors—such as enhanced traffic control
features, improved signage and lighting, robust warning systems, speed control measures,
and pedestrian safety enhancements—can significantly reduce the risk of collisions and
improve overall safety at grade crossings.

Beyond the specific causal insights uncovered in this study, a comparative reflection
on the three graphical modeling approaches—GGM, XGBoost, and CBN—provides further
understanding of their respective methodological characteristics and practical applicability.
Each method offers unique advantages and trade-offs in terms of computational efficiency,
scalability, interpretability, and suitability for causal inference in traffic safety analysis.
GGM demonstrated high computational efficiency, leveraging convex optimization with
regularized covariance estimation. Its rapid estimation of the precision matrix, even with a
large number of variables, is consistent with findings from prior work on graphical lasso
techniques (e.g., [67,68]), making it well-suited for high-dimensional exploratory analysis.

XGBoost also showed strong efficiency through its parallelized, tree-based architecture
and yielded robust predictive performance. The use of SHAP values enabled interpre-
tation of variable importance; however, its outputs are inherently predictive, requiring
post hoc analyses to approximate causal meaning—thus limiting direct interpretability of
causal relationships.

CBN, in contrast, offered explicit modeling of causal directionality through its directed
acyclic graph (DAG) structure, providing valuable insights into the underlying mechanisms
of observed relationships. Nonetheless, structure learning and parameter estimation proved
computationally intensive, particularly with increasing data dimensionality. In our case
study, the CBN model required considerable tuning and domain-informed constraints
to remain tractable. Although its interpretability and alignment with causal reasoning
are advantageous, its reliance on expert input and significant computational cost pose
limitations for real-time or large-scale deployment.

These findings suggest a complementary role for these methods: GGM and XG-
Boost are well-suited for preliminary analyses and variable screening in high-dimensional
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settings, whereas CBN is more appropriate for detailed causal investigations where inter-
pretability and directional insight are essential.

6.2. Limitations and Future Work

This paper attempts to use graphical models to identify the causal relationships
between various factors associated with highway–railroad-grade crossing (HRGC) crashes.
The application of GLE, CBN, and XGBoost methods provides a robust analysis of the key
risk factors influencing collision occurrences. The consistent findings across these methods
validate the reliability of the identified factors and their causal relationships with collisions.

However, this study has several limitations that should be acknowledged. First,
while graphical models can reveal associations among variables, there remains a risk of
misinterpreting these links as direct causal relationships when they may instead reflect
statistical dependencies inherent to the data-generating process. Although the Bayesian
network (BN) approach offers improved interpretability by incorporating directionality
through directed acyclic graphs (DAGs), the accuracy of inferred causal links still depends
heavily on the quality and completeness of the data.

Second, the analysis focuses solely on collision occurrence without incorporating
injury severity levels, which are critical for fully understanding the risk and consequences
of HRGC incidents. Furthermore, the study is limited by the scope of available variables.
Important contextual factors—such as weather conditions, lighting, time of day, and pedes-
trian infrastructure (e.g., pedestrian signals)—were not included due to data limitations in
the HRGC inventory and collision databases. The absence of these variables may introduce
residual confounding and reduce the precision of causal interpretations.

To address these issues, future research should aim to integrate additional data
sources, such as historical weather archives, time-stamped incident logs, and pedestrian
facility inventories.
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