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ARTICLE INFO ABSTRACT

Dataset link: https://www.openstreetmap.org, h Road traffic crashes remain a major global concern, causing more than 1.3 million fatalities each year and
ttps://datos.madrid.es/portal/site/egob, https: underscoring the need for improved tools to understand and predict crash occurrence. This study presents an
//www.vianova.io, https://soteriaproject.eu, h integrated retrospective crash-risk screening framework that merges four heterogeneous data sources (crash

ttps://www.nommon.es, https://soteriaproject

. : records, road infrastructure, connected vehicle data, and travel demand) to model road-segment crash risk in
.eu, https://github.com/Jondiii/crash_explaina

Madrid. Ten preprocessing configurations are created using oversampling (generate instances of the minority

bility.git class), undersampling (removing instances of the dominant class), dataset expansion (new data generation),
Keywords: and SMOTE, each tested with and without normalization. Seven machine-learning algorithms (tree ensembles
Crash prediction and SVMs) are evaluated under regression, multiclass classification, and binary classification formulations,
Machine learning resulting in a total of 210 experiments. Binary classification delivered the best performance, with Gradient
Road safety boosting trained on normalized, undersampled data emerging as the strongest model. Subsequent Bayesian

Imbalanced learning

N hyperparameter optimization further enhanced its predictive capability. Explainable AI analysis using SHAP
Explainable Al

values revealed that braking events are the most influential predictors of crash likelihood, followed by road
length and traffic demand, emphasizing the relevance of driver-behavior indicators in safety modeling. Overall,
the findings demonstrate the benefits of integrating traditional crash data with emerging connected vehicle
and demand-based information. The study provides evidence that explainable machine learning approaches
can effectively support data-driven decision-making for road-safety management and targeted intervention
planning.

1. Introduction .. . .
Decision trees and their variants, such as random forests (RF) and

extra trees, provide easy-to-understand internal structures that help
explain their results [4]. These models have demonstrated success in
various studies. For example, Iranmanesh et al. [5] showed that RF
can accurately detect trends and predict crash frequency, and may even
outperform traditional statistical models [6].

Boosting algorithms represent another category within ensemble
learning, including Adaptive boosting, Gradient boosting, and Ex-
treme gradient boosting (XGBoost). These algorithms can outperform
Bayesian networks [7]. XGBoost, in particular, has shown strong per-
formance in identifying key factors associated with injury severity at
pedestrian crossings, as reported by Goswamy et al. [8].

Additionally, support vector machine (SVM) models have also been
widely used in all aspects of crash modeling due to their ability to
handle complex non-linear classification problems [9]. For example, Yu
and Abdel-Aty [10] employed SVMs to model real-time crash occur-
rences, demonstrating their suitability for dynamic classification tasks.
Neural Networks, in contrast, rely on more complex architectures than

The latest statistics released by the World Health Organization
report that road traffic crashes cause approximately 1.3 million deaths
worldwide every year [1], with more than 20 million people suffering
non-fatal injuries. Beyond the direct human toll, these crashes impose
substantial social, economic, and emotional costs on victims, their
families, and society as a whole. This alarming situation underscores
the importance of improving road safety, which requires a clear un-
derstanding of the main factors that contribute to crashes and the
development of models capable of reliably predicting them.

A prominent area of research in road safety focuses on using ma-
chine learning (ML) algorithms to model traffic accidents in three key
ways: real-time crash prediction, crash frequency estimation, and injury
severity assessment [2]. According to the systematic review conducted
by Ali et al. [3] on ML applied to crash prediction, decision tree-based
models and neural networks are the main approaches for this task.
That study also provides a comparative overview of the ML algorithms
considered, to which the interested reader is referred.
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the previously discussed methods, and have been shown to outperform
traditional approaches when modeling crash risk at intersections [11]
or in identifying serial dependencies within the input data [12].

Regardless of the specific algorithm used, model performance often
depends heavily on the choice of hyperparameters. Hyperparameter
tuning is crucial for optimizing the performance and generalizability of
supervised models [13], with grid search and random search being the
most common choices for searching the configuration space [14,15],
whereas techniques such as Bayesian optimization present a more
informed search strategy [14].

The quality and variety of the input data also strongly influence
model performance. Police-reported crash data remains the primary
data source in most studies [3], although studies such as [16] or [17]
indicate that this data is not free from biases due to underreporting.

Recent work also suggests that combining traditional crash data
with emerging information sources such as connected vehicle data [18]
and driver-behavior indicators [19] can improve crash prediction. At
the same time, several authors highlight the need to explore how these
heterogeneous data sources can be integrated effectively and how they
contribute to predictive performance in road safety applications [20,
21]. Road infrastructure data is also included, as recent studies such
as [22] show its applicability in safety estimation.

Crash datasets typically exhibit severe class imbalance (as crashes
are rare events compared to normal traffic conditions), which makes
model training challenging and often leads to biased predictions. This
is also true when analyzing crashes where vulnerable road users (VRU,
which includes pedestrians, motorcyclists, and cyclists) are involved. As
noted by Ali et al. [3], this is a persistent issue in crash occurrence and
injury severity modeling. Undersampling and oversampling techniques
are commonly used to mitigate this problem, although each approach
presents important limitations. The first may discard valuable infor-
mation and reduce overall accuracy. In contrast, the second increases
the number of minority-class samples but may generate unrealistic
instances, depending on the technique used [23].

In addition to these drawbacks, oversampling techniques such as
the Synthetic Minority Oversampling Technique (SMOTE) [24] create
new minority-class instances that may not correspond to realistic real-
world patterns [25]. While resampling methods can improve model
performance, no single technique consistently yields the best results
across different datasets. Consequently, the choice of resampling strat-
egy should be guided by the specific characteristics of the data and the
objectives of the study [26].

Recent advances in explainable artificial intelligence have improved
the ability of ML models to provide meaningful insights into the re-
lationships between crashes and their underlying causes [27]. Among
available techniques, SHapley Additive exPlanations (SHAP) has be-
come particularly prominent due to its strong theoretical foundation
and clear visualization of feature contributions [28]. Crash modeling
commonly incorporates explanatory variables related to road and envi-
ronmental conditions, human behavior, and specific crash and vehicle
characteristics, and studies such as [20] frequently identify traffic
volume, road length, posted speed limits, and road curvature as some
of the most influential factors.

1.1. Research gap

Despite these advances, important gaps remain. First, most existing
studies rely primarily on police-reported data and do not systematically
evaluate the added value of combining multiple heterogeneous data
sources at the road-segment level, including infrastructure characteris-
tics, driver behavior, and travel demand. Second, few studies examine
how preprocessing strategies, such as different forms of resampling and
normalization, interact with the choice of ML algorithm and with the
problem formulation, whether regression, multiclass classification, or
binary classification. Third, although explainable AI techniques such as
SHAP are increasingly used, there is still limited work on how feature
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importance changes when key variables or entire data sources are
removed, for example, when connected vehicle information is excluded.
This study is among the few that addresses these gaps simultane-
ously by developing an integrated crash screening framework for urban
roads in Madrid, Spain, using four complementary data sources: crash
records, road infrastructure information, connected vehicle events, and
travel demand data. Ten preprocessing configurations are evaluated,
and seven ML algorithms are tested under three problem formulations.
The best-performing model is further optimized using Bayesian hyper-
parameter tuning, and SHAP analysis is employed to identify the most
influential predictors and to assess the impact of removing key feature
groups. It should be noted that the task is formulated as retrospective
segment-level risk screening, in which multi-year crash occurrence
(2019-2022) is modeled using infrastructure, behavioral, and demand
features observed in 2022, rather than as same-year crash forecasting.
The main contributions of this work are as follows:

» Development of an integrated crash screening framework that
merges four heterogeneous datasets at the road-segment level.

A systematic evaluation of ten preprocessing strategies and seven
ML algorithms across three problem formulations, resulting in
210 experiments.

Bayesian hyperparameter optimization of the best-performing
model, followed by a SHAP-based analysis that examines both
global feature importance and the effects of removing key features
or entire data sources.

Practical insights for road safety management, highlighting the
value of connected vehicle information, especially braking-related
events, in improving crash prediction and supporting data-driven
intervention planning.

The proposed framework is broadly applicable to urban road net-
works where heterogeneous data sources are increasingly available.
While the case study focuses on Madrid, the methodological approach
is transferable to other cities that collect crash records, roadway charac-
teristics, traffic demand data, and, where available, connected vehicle
information. The framework is particularly relevant for transportation
agencies and city planners seeking to identify high-risk road segments,
prioritize safety interventions, and evaluate the added value of emerg-
ing data sources in safety analysis. Moreover, the evaluation of pre-
processing strategies and modeling formulations makes the approach
adaptable to different data availability scenarios, including contexts
where connected vehicle data is sparse or unavailable.

1.2. Paper structure

The remainder of the article is structured as follows. Section 2
presents the methodology, including data aggregation, preprocessing,
model training, and explainability analysis. Section 3 describes the
study area, datasets, and experimental setup. Section 4 reports the
main results and also contains a feature importance analysis using
SHAP values. Lastly, Section 5 covers the discussion of the model input
features based on the previous analysis, and Section 6 summarizes the
conclusions and outlines directions for future research.

2. Methodology

The main goal of this study is to identify the most influential
factors in crash modeling on urban roads. This section describes the
methodological framework adopted to achieve this objective, which is
also summarized in Fig. 1.

The process begins with the cleaning and aggregation of geolo-
cated data at the road-segment level, integrating four heterogeneous
sources: crash data, infrastructure data, connected vehicle data (CVD),
and travel demand data (TDD). The resulting dataset is then prepro-
cessed using multiple strategies, after which several ML algorithms
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Fig. 1. Methodological framework.

commonly applied to crash prediction are trained and evaluated. The
best-performing model is selected through a comparison of perfor-
mance metrics and confusion matrices, followed by Bayesian hyper-
parameter optimization. Finally, explainability analysis is conducted
to identify the most influential input features and the key factors
associated with crash occurrence.

Despite crash screening being commonly formulated as a classifi-
cation problem, the authors also wanted to test the models under a
regression context. In a regression setting, the objective is to estimate
the expected number of crashes for each road segment. In a classi-
fication setting, the goal is to assign each road to a crash-frequency
category or to determine whether at least one crash is expected to
occur. In this paper, both approaches are tested and compared.

2.1. Data sources

Four data sources are used to construct the experimentation dataset.
Infrastructure data describes physical and regulatory characteristics of
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each road segment, including the presence of pedestrian crossings, give-
way or stop signals, traffic lights, surface type, road length, and number
of lanes. Dividing roads into subsegments was initially considered
and eventually discarded, as previous studies report limited predictive
benefits from segmentation [29,30].

Crash data contains records from official institutions detailing crash
type (e.g., collision, side-impact, fall), date and time, and injury sever-
ity of the involved road users.

Vehicle events registered by sensors during driving form the core of
CVD. These sensors provide real-time information on driver behavior
and the actions taken by a particular vehicle during driving, and
include events such as steering, braking, and acceleration. A static
dataset containing said information, as well as the start and end times,
and the intensity of the events, is used in this research.

Lastly, TDD contains the traffic volume per hour of the day within a
particular area. The data is used to calculate the average annual daily
traffic (AADT) per road, which gives an approximate number of the
traffic volume the city experiences on a daily basis, following Eq. (1),
where AADT, , is the AADT on road segment r for vehicle type , V,, ; is
the observed travel demand (traffic volume) on road segment r on day d
for vehicle type #, and D, is number of days with available traffic data
for road segment r and vehicle type ¢. Independent values are obtained
for private and micromobility vehicles.

DI'J
1
AADT, , = D Z Vita @
o d=1

All the datasets are georeferenced, and they are aggregated to the
roads within the area of interest, resulting in one single, unique cleaned
dataset that contains all the aforementioned information per road.

2.2. Preprocessing techniques

ML models often exhibit biased performance when trained on im-
balanced datasets, where the number of observations belonging to one
class significantly exceeds that of others. Crashes are relatively rare
events, which makes retrospective predictions particularly challenging.
To mitigate this issue, several resampling techniques can be applied
before model training once the main training dataset is cleaned. In this
work, we compare four different resampling approaches to balance the
target variable distributions: basic resampling, resampling with feature
expansion, undersampling, and SMOTE-based resampling. Although
their end goal is the same, they have subtle differences in how it is
achieved.

Basic resampling relies on a bootstrap procedure to randomly du-
plicate samples from the minority class until both classes are approx-
imately balanced. This method does not introduce new information,
as it merely replicates existing samples, but effectively mitigates the
dominance of the majority class during model training by preserving
the original feature space and data variability, making it a simple yet
widely used baseline for class imbalance correction.

The expanded resampling variant extends basic resampling by per-
forming the bootstrap procedure not only on the minority class but
also allowing for a mild expansion of the training data to increase
the overall sample size. This method enhances model robustness by
exposing the learning algorithm to more varied input instances (derived
from repeated observations) while preserving the original class ratios
after balancing and improving model generalization in small datasets.

In contrast, undersampling reduces the size of the majority class
by randomly discarding samples until class frequencies are approx-
imately equal. This method is computationally efficient and helps
mitigate overfitting toward the dominant class. However, it can also
lead to information loss, as potentially relevant majority-class samples
are removed, making it more suitable when model interpretability is
prioritized over absolute predictive power.

The SMOTE technique introduced by Chawla et al. [24] is an
alternative strategy that generates synthetic samples for the minority
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class rather than duplicating existing ones. Using the feature space of
minority class instances, SMOTE interpolates between each sample and
its nearest neighbors to produce synthetic points that lie along the line
segments connecting them, increasing class diversity without simply
replicating data.

In addition to resampling techniques, data normalization is also
performed. Normalization is a feature scaling procedure introduced
by Ioffe and Szegedy [31] that adjusts the range of numerical features
to a predefined interval. In this research, given the heterogeneous na-
ture of the input variables, normalization is used to map all numerical
values to [0, 1], ensuring that features contribute proportionally during
model training.

The four resampling approaches are applied independently, result-
ing in five datasets when including the original baseline. An additional
five datasets are created by applying normalization prior to the afore-
mentioned resampling techniques. In total, ten datasets are used for
training: the original dataset, the resampled dataset, the resampled
dataset with expanded data, the undersampled dataset, and the SMOTE-
based dataset, each available in both normalized and non-normalized
versions.

2.3. Model training

Recent studies indicate that ensemble learning methods are among
the most reliable ML approaches for retrospective crash screening,
although SVMs have also shown strong performance due to their ability
to learn from complex spaces [3]. For these reasons, among the most
popular choices in the literature, the following algorithms are selected
for evaluation:

+ Decision trees (DT) are non-parametric models that recursively
partition the feature space into homogeneous regions based on a
sequence of decision rules first introduced by Morgan and Son-
quist [32]. They are easy to interpret and handle both numerical
and categorical data, although they are prone to overfitting when
used as standalone models.

Random forest (RF) is an ensemble learning method introduced
by Ho [33] that builds multiple DT during training and aggregates
their outputs by taking the mode (for classification) or mean
(for regression). Each tree is trained on a bootstrap sample of
data and a random subset of features, which introduces diversity,
reduces variance, and mitigates overfitting, thereby enhancing
the model’s robustness and generalization capability.

Extremely randomized trees or extra trees (ET), is an ensemble
method similar to RF but with greater randomization in the
selection of split thresholds and features [34]. This increased ran-
domness helps reduce variance and computational time, often at a
small cost to bias, leading to faster and more stable performance.
Adaptive boosting, or AdaBoost, is a boosting technique that
combines multiple weak learners into a strong ensemble by it-
eratively adjusting sample weights [35]. Misclassified instances
receive higher weights in subsequent iterations, allowing later
learners to focus on the hardest cases.

Gradient boosting builds an ensemble of weak learners in a
stage-wise manner, where each new learner minimizes the resid-
ual errors of the previous ensemble through gradient-based op-
timization [36]. This approach allows for highly flexible and
accurate models, albeit with increased computational cost and
potential sensitivity to overfitting.

XGBoost (extreme gradient boosting) is an optimized and regu-
larized implementation of Gradient boosting introduced by Chen
and Guestrin [37], designed to improve computational efficiency,
scalability, and model generalization. It incorporates second-
order gradient information, regularization, and advanced par-
allelization strategies, making it one of the most effective and
widely used boosting algorithms in ML.
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» SVM (support vector machines) are supervised learning algo-
rithms that aim to identify the optimal hyperplane separating
data points from different classes by maximizing the classification
margin. Cortes and Vapnik [38] showed that maximizing this
margin leads to strong generalization performance, particularly
in high-dimensional feature spaces. Using kernel functions, SVMs
can model complex nonlinear decision boundaries by implicitly
mapping input data into higher-dimensional spaces.

The selected models are trained on the different datasets described
in Section 2.2, and evaluation metrics are computed for each dataset-
model combination. Depending on whether the problem is formulated
as a regression or a classification problem, the corresponding metrics
are used to identify the best-performing model.

To assess regression model performance, three commonly used met-
rics are used: the coefficient of determination (R2), the Mean Absolute
Error (MAE), and the Mean Squared Error (MSE). The R2 score mea-
sures the proportion of variance in the dependent variable that is
explained by the model, providing an indication of overall model fit.
MAE quantifies the average absolute magnitude of prediction errors
without considering their direction, while MSE computes the average
squared difference between predicted and observed values.

Classification models employ different metrics to test their per-
formance. Accuracy is the proportion of correctly classified instances
among all predictions, providing a general indication of performance.
However, it tends to overestimate performance when a class dominates
the dataset. Precision measures the proportion of predicted positive
cases that are truly positive, whereas recall quantifies the proportion of
actual positive cases correctly identified by the model. High precision
is more desirable when reducing false positives is important, while high
recall is preferred when false negatives carry substantial cost, as in the
present task. The harmonic mean of the two values is represented by
the F1-score, which balances both metrics. In multiclass classification,
precision, recall, and F1-score are computed using macro-averaging to
assign equal weight to each class.

Beyond regression and classification metrics, we also evaluate the
reliability and spatial consistency of model outputs. Calibration curves
compare predicted crash probabilities with observed frequencies, al-
lowing us to assess whether the model systematically over- or under-
estimates risk across probability ranges. This is summarized quantita-
tively using the Brier score [39], which measures the mean squared
error of probabilistic predictions, and the Expected Calibration Error
(ECE) [40], which captures deviations between predicted and observed
probabilities across bins. In addition, Moran’s I [41] is used to test
for spatial autocorrelation in the model residuals, verifying whether
prediction errors cluster geographically. A low Moran’s I indicates that
residuals are spatially unstructured, suggesting that the model is not
leaving systematic spatial patterns unexplained and therefore does not
suffer from strong spatial bias in its errors.

Lastly, confusion matrices are also examined to support model selec-
tion, as they provide a detailed breakdown of classification outcomes
by showing the counts of true positives, true negatives, false positives,
and false negatives. Therefore, they help interpret how different models
and thresholds balance risk detection against over-prediction, providing
practical insight into their suitability for deployment.

2.4. Hyperparameter optimization

Once the model training process is completed, the best-performing
model is selected based on the evaluation metrics. This model, together
with the dataset on which it is trained, proceeds to the next stage of
the methodology, namely hyperparameter optimization. The objective
of this phase is to identify the optimal set of hyperparameters that
maximizes model performance. With this aim, various techniques were
considered.
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Grid search is a commonly used method that exhaustively ex-
plores the hyperparameter configuration space, although it tends to
be computationally inefficient [14]. In contrast, random search of-
fers a more efficient alternative by sampling hyperparameters ran-
domly from a specified distribution [15]. Bayesian optimization pro-
vides a more informed search strategy by “balancing exploration and
exploitation” [14], often resulting in reduced computational cost while
achieving high-performing configurations, even with limited data.

Hyperparameters govern the learning process but cannot be inferred
directly from the data. For this research, Bayesian optimization is
employed, as it matches the computational and structural character-
istics of our problem. The models tested involve a moderate-to-high-
dimensional hyperparameter space across multiple learning algorithms,
each requiring costly cross-validated training on a large spatial dataset.
Under these conditions, exhaustive grid search becomes computation-
ally prohibitive, while random search, although more efficient, ignores
information from previously evaluated configurations and therefore
wastes a substantial portion of the evaluation budget.

The Bayesian optimization approach constructs a surrogate proba-
bilistic model of the objective function and selects new hyperparameter
configurations to evaluate based on past results, thereby balancing
exploration and exploitation [42].

2.5. Feature importance analysis

The final step of the methodology is the feature importance analysis
performed on the hypertuned model. This analysis is based on Shapley
values, originally introduced by Shapley et al. [43] in cooperative game
theory as a mechanism for fairly distributing credit (or blame) among
contributing players.

When applied to ML, each input feature is treated as a player
contributing to the model’s prediction, and these contributions are
quantified through the SHAP (SHapley Additive exPlanations) frame-
work [44]. SHAP efficiently computes Shapley-based feature attribu-
tions for complex models by evaluating how predictions change across
all possible coalitions of features, yielding a consistent estimate of
each feature’s marginal contribution. These values provide both local
interpretability, by explaining individual predictions, and global inter-
pretability, by summarizing feature influence across the entire dataset.
In this work, SHAP values are computed for the best-performing hyper-
tuned model to quantify the relative contribution of each input feature
to the predicted crash outcomes.

The methodological framework described above defines the com-
plete pipeline used in this study, from data aggregation and prepro-
cessing to model training, hyperparameter optimization, and feature-
importance analysis. The next section describes how this pipeline is
applied to the Madrid case study, detailing the datasets used, the
construction of the experimental scenarios, and the configuration of the
machine-learning models.

3. Experimentation
3.1. Data description

Due to data availability, the study area selected for the experimen-
tation corresponds to the city center of Madrid, Spain, where private
companies provided CVD and TDD for the year 2022. Table 1 presents
a summary of all the data available. All infrastructure data, consist-
ing of urban-road characteristics and network topology, is obtained
from Open Street Maps' (OSM). As OSM provides georeferenced road-
segment geometries, it is used as the spatial foundation onto which all
additional datasets are aggregated.

1 openstreetmaps.org
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The following driving road infrastructure data are extracted from
OSM: road length (m), maximum speed (km/h), number of lanes, road
and surface type, traffic lights, stop and give-way signs, pedestrian
crossings, cycling paths, public bus stops, street lighting, and side park-
ing. The first three variables are used as-is, while the road and surface
types are represented by one-hot encodings. All remaining attributes
are encoded as binary indicators to denote whether the element is
present on the road segment, with the value 0 indicating that it is not
present and 1 indicating that at least one element is present. All in all,
almost 2000 edges are used in the experimentation.

Regarding crash data, the dataset used is available through Madrid’s
Open Data Portal,” the official open-data platform of the City Council of
Madrid, which provides crash records from 2019 to 2025. Since crashes
are rare events and meaningful analysis requires multiple years of data
to distinguish isolated occurrences from persistent trends, and because
CVD and TDD are only available for 2022, we considered only crashes
from 2019 to 2022 within the study area. Per road segment, the number
of recorded crashes is aggregated, which is the variable to be predicted.

The CVD used within the study is provided by a private company
and, therefore, cannot be disclosed. The dataset consists of timestamped
driving events from 2022 captured by vehicle sensors from Madrid.
Each entry includes the geospatial location of the event, the date,
start and end times, the event type (right and left over-steering, harsh
braking, or harsh acceleration), as well as the maximum and average
acceleration magnitudes (m/s) associated with the event.

Lastly, TDD is incorporated into the road dataset, and it is also
provided by a private company. The data consists of hourly counts
of private and micromobility vehicles for each road segment in 2022.
From these values, AADT is computed for both private and micromo-
bility users by dividing the total observed demand by the number of
days with available records.

Crash data plays a fundamentally different role than CVD and TDD
in our framework. While CVD and TDD are used to characterize con-
temporary driving behavior and exposure patterns at specific locations,
crash data are used to capture historical safety outcomes and longer-
term risk patterns. In this study, CVD and TDD provide a snapshot of
how drivers interact with the road network in 2022, whereas crash
records are employed to identify segments that have exhibited elevated
crash risk over a multi-year period.

The use of crash data from 2019-2022 is motivated by both statisti-
cal and practical considerations. Crash occurrence is a relatively sparse
and noisy value at the segment level, and relying on a single year would
lead to unstable and highly variable labels. Aggregating over multiple
years improves the robustness of the risk signal. At the same time,
the COVID-19 pandemic substantially disrupted traffic volumes and
mobility patterns during 2020 and parts of 2021, resulting in anoma-
lously low crash counts. Restricting the analysis to 2020-2022 would
therefore bias the historical crash distribution downward. Including
2019 allows the crash dataset to better reflect typical pre-pandemic
conditions and provides a more representative baseline of underlying
safety risk.

Although CVD and TDD are only available for 2022, their purpose
in the model is to explain spatial variation in crash risk rather than to
reproduce the exact number of crashes in a single year. Using multi-
year crash outcomes together with one year of behavioral and demand
data, therefore, allows the model to learn stable associations between
infrastructure, traffic behavior, and historically observed safety pat-
terns, while mitigating the distortions introduced by the pandemic
period.

As mentioned, the infrastructure data serves as the basis for the
experimentation dataset and contains a list of all road segments within
the area of interest (1956 segments). Intersections are not modeled
explicitly, since each segment in the dataset already begins and ends

2 datos.madrid.es
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Table 1
Summary of input data used during model training, grouped by category and variable type.
Category Variable type Variables
Infrastructure Data Numeric Traffic lights, give-way and stop signs, pedestrian crossings, cycling

Categorical

paths, bicycle and car parking spaces on the left and right sides, and
street lighting.

Road and road surface type, number of traffic lanes, zonal speed, and
maximum speed limit.

Binary Presence of a roundabout within 25 meters, and public transport stops.
Travel Demand Data Numeric AADT for micromobility and private vehicle users.
Connected Vehicle Data Numeric Mean, average, and maximum average acceleration values and number

of right-turn cornering, left-turn cornering, braking, and speed-up
events.

at an intersection. When a physical road crosses multiple intersections,
OSM naturally represents it as several shorter segments, which aligns
with the segment-level resolution required for this study.

For each road segment, the total number of CVD events by event
type, along with their average and maximum acceleration magnitudes,
is aggregated. AADT for private and micromobility vehicles is also
assigned to each segment, resulting in 14 additional input features.
Finally, each segment is assigned the total number of crashes and the
number of crashes involving VRU, which serve as the target variables
for the ML models. In total, 1724 crashes are assigned (1071 of them
with VRU involvement) among 707 road segments. The remaining 1249
roads have no crashes recorded.

In the case of crashes and CVD, they are assigned to the closest
segment, as long as the distance between the event and the closest point
of the segment is less than or equal to 20 m.

3.2. Model training

Before model training, additional preprocessing is required to ad-
dress class imbalance and support the learning process of the ML algo-
rithms. Using the resampling and normalization techniques described
in Section 2.2, ten distinct versions of the dataset are generated. The
prediction task is then formulated in three different ways: regression
(estimate the number of crashes per road segment), multi-class classifi-
cation (assign each segment to a crash-frequency category), and binary
classification (determine whether one crash is expected to occur or not
in a given road). For multiclass classification, class weights are bal-
anced for models that support this functionality (primarily tree-based
methods).

The seven algorithms described in Section 2.3 are trained on each
of the ten datasets under the three formulations (regression, multi-
class classification, and binary classification), resulting in a total of 210
experiments. The models are implemented in Python using the scikit-
learn library [45] for DT, RF, AdaBoost, Gradient boosting, ET, and
SVM. The XGBoost algorithm is obtained from the Python library with
the same name by Chen and Guestrin [37]. The experimentation dataset
is split into training, validation, and testing subsets, with a proportion
of 80—10—10, respectively. Model selection and hyperparameter tuning
are performed using the validation set, and the final evaluation of the
best hyperparameter configuration is performed on the test set.

The experimental setup outlined above defines the full set of sce-
narios evaluated in this study. The next section presents the results
obtained under each problem formulation and preprocessing configu-
ration.

4. Results & discussion
4.1. Model training
This section presents the results of the model training process over

the training set. Given the large number of experiments conducted,
the outcomes are summarized into three tables, each corresponding

to one of the prediction tasks: regression (Table 2), multiclass clas-
sification (Table 3), and binary classification (Table 4). For clarity,
only the top five configurations for each task are shown, along with
the best-performing model trained on the original dataset without any
preprocessing. Models are ranked according to their primary evaluation
metric: R? for regression and recall for classification tasks.

Table 2 shows that RF and SVM achieve the highest R? values, and
both benefit from oversampling and normalization. However, overall
regression performance remains limited across all configurations. This
is related to the statistical characteristics of segment-level crash data,
which are sparse, highly skewed, and dominated by zero values, making
precise count prediction inherently challenging.

In practical safety applications, agencies are often more interested
in identifying segments with elevated crash risk rather than accurately
predicting the exact number of crashes. Therefore, given both the data
properties and the operational focus on risk screening, the remainder
of the analysis focuses on the classification-based formulations.

Table 3 shows that RF consistently achieves the highest recall in
the multiclass setting, with oversampling and its expanded variant
providing slight but steady improvements. However, overall perfor-
mance remains moderate, suggesting that discretizing crash counts into
categories may obscure relevant variation across road segments.

In contrast, the binary classification results in Table 4 clearly
outperform the other two problem formulations. Gradient boosting
achieves the highest recall (0.831) when trained with undersampling or
normalized-undersampling preprocessing, making it the most suitable
model for identifying crash-prone segments.

4.2. Best model selection

As the best results are obtained by the binary classification models,
only they are considered when selecting the best model. To avoid
overfitting and ensure robust comparison, a second evaluation stage is
conducted using the validation dataset (Table 5), which contains 115
negative instances (no crash) and 81 positive instances.

Confusion matrices are employed to support model selection, pro-
viding a clear visualization of correct and incorrect predictions for
each class. In the current case, aside from maximizing true positives
and true negatives, lowering the number of false negatives (incorrectly
predicted “no crash”) is the highest priority, given their greater human
and economic consequences compared to false positives.

Based on these criteria, although the first configuration achieves
very high recall, its extremely low precision indicates an excessive
number of false positives, making it unsuitable for practical deploy-
ment. The second configuration (Gradient boosting with normalization
and undersampling) is selected instead as the best-performing model,
obtaining a Brier score of 0.15 and an ECE of 0.06. Moran’s I has also
been calculated for the model, which scores I = 0.022.
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Table 2
Top training results for the regression task.
Model Preprocessing R? MAE MSE
RF Oversampling 0.400 0.430 0.642
SVM Normalization & E. Oversampling 0.398 0.422 0.644
RF Normalization & Oversampling 0.396 0.436 0.646
RF Normalization 0.396 0.428 0.646
SVM Normalization & Oversampling 0.381 0.437 0.662
RF No preprocessing 0.346 0.634 1.219
Table 3
Top training results for the multiclass classification task.
Model Preprocessing Accuracy Precision Recall
RF Oversampling 0.796 0.685 0.796
RF E. Oversampling 0.791 0.673 0.791
RF Normalization & E. Oversampling 0.791 0.675 0.791
RF No preprocessing 0.791 0.710 0.791
RF Normalization & Oversampling 0.786 0.683 0.786
Table 4
Top training results for the binary classification task.
Model Preprocessing Accuracy Precision Recall
GradientBoosting Undersampling 0.801 0.659 0.831
GradientBoosting Normalization & Undersampling 0.801 0.659 0.831
AdaBoost Normalization & Undersampling 0.786 0.485 0.825
SVM No preprocessing 0.837 0.569 0.825
RF Undersampling 0.796 0.500 0.825
Table 5
Binary classification model’s performance on the validation dataset.
Model Preprocessing Accuracy Precision Recall
GradientBoosting Undersampling 0.679 0.508 0.969
GradientBoosting Normalization & Undersampling 0.842 0.774 0.738
AdaBoost Normalization & Undersampling 0.811 0.706 0.738
SVM No preprocessing 0.663 0.496 0.969
RF Undersampling 0.668 - -
4.3. Hyperparameter selection Table 6

Hyperparameter optimization is a key step in improving the perfor-
mance and generalization of ML models. Traditional grid or random
search approaches can be computationally expensive and often explore
the hyperparameter space inefficiently. Tree-structured Parzen Estima-
tors (TPE), introduced by Bergstra et al. [46], offer a Bayesian optimiza-
tion strategy that models promising regions of the search space more
effectively. Building on this idea, Optuna [47] provides a flexible frame-
work that leverages TPE to automatically identify high-performing
hyperparameter configurations.

In this study, Optuna is used to optimize the hyperparameters of
the Gradient boosting classifier. The search space includes the number
of estimators, learning rate, maximum tree depth, minimum samples
required for splitting and for leaf nodes, subsample fraction, maximum
number of features considered at each split, and the loss function. The
optimization is performed using stratified 5-fold cross-validation with
50 trials, optimizing for the F1-score, and results in the hyperparame-
ters available in Table 6.

The hyperparameter optimization process resulted in a Gradient
boosting configuration characterized by a moderate tree depth and a
relatively large ensemble size. The selected model uses a learning rate
of 0.006, 447 estimators, a maximum depth of 8, and a minimum of
11 samples per leaf. A subsample ratio of approximately 0.58 is chosen
to introduce stochasticity and reduce overfitting, while the exponential
loss function is selected, reflecting the model’s increased sensitivity to
misclassified instances.

A new Gradient boosting classifier with these hyperparameters is
trained on the training dataset and subsequently evaluated on the test
set, which contains 115 negative and 81 positive classes, to assess its

Selected hyperparameters for the Gradient boost-
ing classifier.

Hyperparameter Value
Learning rate 0.006
Maximum depth 8

Number of estimators 447
Minimum samples to split 43
Minimum samples per leaf 11
Subsample fraction 0.578

Loss function Exponential
Maximum features None

generalization performance. The model achieves a precision score of
0.747, a recall score of 0.802, and an accuracy score of 0.806, for
a combined F1 score of 0.774, showing higher prediction for both
classes. These results indicate that the hypertuned model improves
balanced predictive performance and maintains strong crash-detection
capability.

4.4. Model calibration and risk thresholding

Beyond discrimination performance, it is essential to assess whether
predicted crash probabilities are well calibrated, i.e., whether they
correspond to observed crash frequencies. A well-calibrated model
ensures that a segment assigned a probability of 0.8 experiences crashes
approximately 80% of the time in the long run, which is critical for
risk-based prioritization and policy decisions.

Fig. 2 presents the reliability (calibration) curve of the final, hyper-
tuned Gradient boosting model. The curve departs from the diagonal,
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Table 7

Performance trade-offs for recall-targeted probability thresholds.
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Target recall Threshold =

Precision (CI-95%)

Recall (CI-95%)

F1 (CI-95%)

0.90 0.276
0.95 0.174
0.99 0.133

0.589 [0.526, 0.651]
0.535 [0.477, 0.595]
0.512 [0.456, 0.571]

0.904 [0.852, 0.949]
0.952 [0.914, 0.985]
0.993 [0.978, 1.000]

0.714 [0.661, 0.763]
0.685 [0.633, 0.734]
0.676 [0.625, 0.726]

1.0 | == Hypertuned Model
Perfectly calibrated
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Fig. 2. Calibration curve of the Gradient boosting model with normalization
and undersampling.

particularly at higher predicted probabilities, indicating systematic mis-
calibration. Specifically, the model tends to overestimate crash risk for
high-risk segments: predicted probabilities in the upper bins correspond
to substantially lower empirical crash rates. This pattern is consistent
with the scarcity of positive crash examples and the strong influence of
highly informative but spatially sparse connected-vehicle signals, which
can inflate predicted probabilities on segments where such data are
present.

This behavior is summarized by two complementary calibration
metrics. The Brier score of 0.142 reflects moderate overall proba-
bilistic accuracy, capturing both discrimination and calibration errors.
Meanwhile, the ECE of 0.093 indicates that, on average, predicted
probabilities deviate from observed frequencies by about 9 percentage
points across probability bins. Together, these values confirm that al-
though the model ranks risky segments well, its predicted probabilities
should be interpreted primarily as relative risk indicators rather than
as perfectly calibrated absolute estimates.

Given this miscalibration, threshold selection becomes a relevant
operational decision. Rather than using a fixed probability thresh-
old, we adopt a recall-targeted thresholding strategy, which is more
appropriate for safety screening applications where missing high-risk
locations is more costly than over-flagging low-risk ones. Table 7
reports the performance of three operating points chosen to achieve
target recall levels of 0.90, 0.95, and 0.99. As the recall target increases,
the threshold is progressively lowered, capturing more true crash-prone
segments at the cost of reduced precision and higher false-positive
rates. This trade-off is expected in imbalanced safety problems and
reflects the practical reality that more conservative screening policies
require accepting more false alarms.

From a policy perspective, this framework allows decision-makers
to select thresholds based on their tolerance for false positives versus
missed high-risk segments. For example, a high-recall operating point
may be suitable for network-wide safety audits or proactive interven-
tion planning, while a higher-precision threshold may be preferable
when resources for detailed inspections or engineering treatments are
limited. Importantly, this approach decouples risk ranking from prob-
ability calibration, enabling robust prioritization even when predicted
probabilities are imperfectly calibrated.

4.5. Spatial autocorrelation of errors

A key concern in spatial risk modeling is whether prediction er-
rors are spatially clustered, which could indicate unmodeled spatial
processes or inflated performance due to spatial dependence. If nearby
road segments tend to share similar residuals, standard validation pro-
cedures may overestimate generalization performance, and the model
may systematically fail in specific areas.

To assess this, we computed Moran’s I on the binary prediction
errors (false positives and false negatives) using a spatial weights matrix
defined over the road network. The resulting value, I = —0.022, is close
to zero, indicating no meaningful global spatial autocorrelation. This
suggests that the model’s errors are not spatially clustered but instead
are approximately randomly distributed across the network. In practical
terms, the model is not systematically over- or under-predicting crashes
in specific neighborhoods or corridors.

Fig. 3 provides a spatial visualization of the classification errors,
where false positives are shown in green, false negatives in blue, and
correctly classified segments in gray. The map reveals that both types
of errors are scattered throughout the study area rather than forming
large contiguous clusters. This visual pattern is consistent with Moran’s
I result and supports the conclusion that the model does not suffer from
strong spatial bias in its misclassifications.

4.6. Feature importance impact analysis

The final step is to conduct a feature importance analysis to iden-
tify the most influential factors driving the model’s predictions. This
analysis is carried out using the SHAP [44] Python library. SHAP’s
TreeExplainer [48] is employed to compute Shapley-based feature attri-
butions for the hypertuned Gradient boosting model, with the resulting
importance rankings shown in Fig. 4.

Braking-related events emerge as the dominant predictors of crash
likelihood. Higher counts of braking and harsh-braking events con-
sistently increase the predicted risk, highlighting the strong link be-
tween abrupt deceleration behavior and crash-prone conditions. Other
CVD indicators also contribute to the model’s decisions, particularly
the frequency of left-steering events and the average magnitude of
right-steering events, although their influence is comparatively smaller.

Regarding infrastructure features, road length is the only variable
with a clear impact on the model. Other geometric and regulatory
attributes show weaker effects: higher posted speed limits and multi-
directional street layouts tend to increase crash risk, whereas roads
with a greater number of lanes appear less likely to experience crashes.
Finally, traffic-demand variables show that segments with lower AADT
levels are less prone to crash occurrence, consistent with reduced
exposure on low-volume roads.

To assess the contribution of different feature groups, additional
Gradient boosting models are trained using modified versions of the
input dataset. Three variants are evaluated: one using only the top
seven most influential features, one excluding those top features, and
one removing all CVD data. The corresponding classification metrics
on the test set, along with the 95% confidence intervals calculated by
bootstrapping, are reported in Table 8.

First, the impact of the less important features is examined by
keeping only the most influential variables identified through the SHAP
analysis and removing the rest. The features removed from the training
dataset included the following: the number and average magnitude of
braking events, the number of left cornering events, AADT of private
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Fig. 3. Map showing the distribution of false positives (green), false negatives (blue), and correctly classified segments (gray).

Table 8

Performance comparison of the hypertuned Gradient boosting model with different input features.

Case Accuracy (CI-95%)

Precision (CI-95%)

Recall (CI-95%)

Hypertuned model
Top 7 features only
Without top 7 features
Without CVD features

0.806 [0.768, 0.844]
0.796 [0.755, 0.834]
0.778 [0.737, 0.819]
0.698 [0.651, 0.745]

0.708 [0.643, 0.774]
0.689 [0.622, 0.754]
0.674 [0.606, 0.746]
0.579 [0.503, 0.654]

0.816 [0.752, 0.876]
0.822 [0.762, 0.882]
0.782 [0.713, 0.847]
0.698 [0.623, 0.770]
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Fig. 4. Feature importance based on Shapley values.

vehicles, road length, the average magnitude of right cornering events,
and AADT of micromobility users. The number of features to remove is
based on the SHAP analysis.

The new trimmed model obtained accuracy, precision, and recall
values of 0.796, 0.689, and 0.822, respectively, which is only a slight
decrease when compared to the model trained over all the features.
This model exhibits a strongly overlapping confidence interval across
all metrics with the base hypertuned model, indicating that most of

the predictive power is concentrated in a relatively small subset of
variables, whereas the remaining features contribute only marginally
to overall performance.

Next, the relevance of the seven most important features is tested
by excluding them entirely from the training dataset. The resulting
model obtained accuracy, precision, and recall values of 0.778, 0.674,
and 0.782, respectively. The corresponding SHAP feature analysis (Fig.
5(a)) shows that, once the top predictors are removed, the maximum
magnitude of braking events becomes the most influential factor. Other
CVD features also gain relative importance, while infrastructure char-
acteristics, such as the absence of traffic lights or lower speed limits,
tend to indicate lower crash risk. Asphalted roads are more prone to
crashes, although this can mean that those roads are the ones that see
higher traffic demand.

To interpret these ablation results correctly, it is important to note
that SHAP attributions can be affected by correlations and interactions
among input variables. This is particularly relevant in the experiment
where the seven most influential features are removed, because several
of these variables are highly correlated with other connected-vehicle
signals. In such cases, the model can partially compensate for their
removal by relying on closely related CVD features, which may obscure
the true impact of eliminating individual predictors.

For this reason, we also performed a more controlled ablation
in which all CVD features were removed simultaneously. Since CVD
constitutes the largest cluster of correlated variables and dominates the
SHAP rankings, removing it as a group provides a clearer assessment
of how model behavior changes when this entire information source is
unavailable.

Without CVD, the model’s performance dropped more substantially,
yielding accuracy, precision, and recall values of 0.698, 0.579, and
0.698, respectively, which is a more significant decrease than in pre-
vious experiments. The confidence intervals are also clearly shifted
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Fig. 5. SHAP feature importance after removing (a) the 7 most relevant features or (b) CVD.

downward across all metrics, indicating that the contribution of CVD
data is not only large in magnitude but also statistically robust. The
associated SHAP analysis (Fig. 5(b)) indicates that, when CVD data are
removed, segment length and private-vehicle AADT become the most
influential predictors.

Overall, the seven most relevant features allow the model to cor-
rectly identify a larger proportion of crash-prone segments, with only a
modest decrease in overall predictive power. In contrast, removing all
CVD produces a substantial deterioration in performance, highlighting
the critical role that behavioral driving events play in crash prediction.

4.7. Degree of curvature

Silva et al. [20] reported that roadway curvature can strongly
influence risk screening. However, the datasets available for this study
do not provide a direct measure of curvature. To address this limitation,
we implemented a geometry-based curvature measure directly from the
OSM polylines.

For each road segment, curvature was computed between consec-
utive coordinate pairs along the geometry and then aggregated over
the entire edge. This approach, however, revealed a methodological
issue: OSM edges often represent long road sections that contain both
straight and curved sub-segments. As a result, aggregating curvature
at the segment level leads to misleading values; for example, a mostly
straight segment containing a short bend yields a non-zero curvature,
while a strongly curved sub-segment embedded in a longer straight
segment is heavily diluted. The inverse situation also occurs, producing
unstable and noisy curvature estimates.

When this geometry-based curvature variable was incorporated into
the models, predictive performance decreased, and confidence intervals
widened (ranging between 0.5 and 0.9 for the 95% intervals), indicat-
ing reduced stability. This result highlights the sensitivity of curvature
measures to the spatial resolution at which geometry is represented.
At the resolution of OSM segments, curvature may be affected by
aggregation artifacts that limit its interpretability.

Roadway curvature is likely better suited to a sub-segment-level
representation in which each unit corresponds to a homogeneous ge-
ometric element. In contrast, when working at the segment level,
curvature can introduce geometric noise and reduce model reliability.
For this reason, and to preserve methodological consistency, it was
excluded from the final dataset.
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5. Feature importance discussion

This section discusses the results of the SHAP feature analysis
presented in Section 4.6. The importance of CVD in retrospective crash
screening is evident across all experiments. The hypertuned model
relies mainly on braking-related events, both how often they occur
and how strong they are, to estimate crash likelihood. When these
features are removed, the maximum braking magnitude becomes more
influential, probably acting as a proxy for the missing event counts.

CVD exhibits strong coverage bias in the study area, and, as a result,
CVD variables are extremely informative where they exist (explaining
their dominance in SHAP rankings) but are absent across much of
the network. This creates a spatial and socio-economic skew, since
connected vehicles are more prevalent in newer vehicles, commer-
cial fleets, and high-traffic corridors, and less common on residential
streets or in lower-income areas [49,50]. Consequently, the model
may systematically under-represent crash risk on segments without
CVD coverage, raising concerns about equity, generalizability, and fair
deployment. The performance degradation observed in the “without
CVD” ablation indicates that a substantial portion of predictive skill
currently derives from this uneven sensing rather than from universally
available infrastructure features.

Low maximum braking acceleration is associated with a reduced
probability of crashes. This is consistent with the idea that lower speeds
provide drivers with more time to react, thereby reducing risk. In
contrast, posted speed limits contribute relatively little to model predic-
tions, particularly when CVD is unavailable, suggesting that speed-limit
information may be more relevant at a micro-scale rather than at an
aggregated road-segment scale.

Cornering events also play a notable role in model output. With
the full feature set, frequent left cornering events and the average
magnitude of right cornering events are among the most influential
inputs. When the most important features are removed, the model
shifts to relying on the count of right cornering events and the max-
imum or average magnitudes of remaining CVD signals. Although the
maximum magnitude of left cornering events has limited influence in
the hypertuned model, it becomes more relevant in reduced-feature
scenarios, suggesting compensatory behavior in the model’s decision
process. Harsh acceleration events, on the other hand, appear rarely
in the dataset and therefore show minimal contribution in all SHAP
analyses.

After removing the seven most relevant features, CVD variables
still dominate the model’s decisions, but several infrastructure-related
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attributes gain relative importance. Road length remains the most in-
formative infrastructure feature, while maximum speed becomes mod-
erately influential. When CVD features are further reduced or entirely
removed, other infrastructure variables begin to play a more prominent
role, particularly the presence of traffic lights, which is associated with
higher crash probability, and the number of lanes, which the model
uses as an additional indicator of exposure and risk.

Regarding traffic demand, high private vehicle AADT is consistently
associated with increased crash likelihood, more so than micromobility
AADT. The influence of these variables remains relatively stable across
the different model configurations.

Overall, CVD features represent the strongest predictors of crash
occurrence, reinforcing findings from prior studies [18,51] that em-
phasize the value of behavioral driving signals in safety analysis. In
the absence of CVD, features such as road length and AADT still
provide useful information, but none of the reduced-feature models
achieve the predictive performance of the hypertuned model. These
results highlight the benefits of integrating multiple heterogeneous data
sources in crash prediction and underscore the central role of CVD in
capturing real-time driving behavior associated with crash risk.

Additionally, CVD variables do not merely act as proxies for traffic
exposure, which is already partially captured by AADT measures. In-
stead, they provide fine-grained behavioral signals that reflect drivers’
immediate responses to local road conditions, such as abrupt braking or
steering corrections. These micro-level driving dynamics likely capture
short-term conflict patterns that are not observable through static
infrastructure attributes or aggregated demand indicators alone.

6. Conclusions & future work

This article aimed to study the influence of multiple traffic fac-
tors on road crash prediction in urban environments. To this end, an
integrated framework is proposed that combines infrastructure charac-
teristics, historical crash records, travel demand information, and CVD
to model crash occurrence at the road-segment level.

After data aggregation and cleaning, several common preprocess-
ing techniques are applied to address class imbalance and support
model learning, resulting in ten different dataset configurations. A
set of widely used supervised ML models for crash prediction is then
evaluated under regression, multiclass classification, and binary clas-
sification formulations. The experimental results showed that binary
classification provides the most reliable performance, with a Gradient
boosting model trained on normalized and undersampled data achiev-
ing the best overall results. Bayesian hyperparameter optimization
further improved the predictive performance of this model, which was
subsequently evaluated on an independent test set.

Once the hyperparameters are selected, a feature importance anal-
ysis is conducted using SHAP. The results indicate that CVD, and more
specifically braking-related events, are the most influential factors in
crash prediction. Other variables, such as AADT and road length, also
contribute to the model’s decision-making process, although to a lesser
extent. In contrast, other CVD events and most road infrastructure
attributes show a comparatively lower impact. To further examine the
role of individual features, additional analyses are performed.

Specifically, three additional Gradient boosting models are trained:
one using only the seven most relevant input features identified by
SHAP, another excluding these features, and a third model trained
without any CVD. All modified models experienced a decrease in
overall performance. However, the model trained with only the seven
most relevant features achieved higher recall, indicating an improved
ability to identify crash-prone segments. When CVD features are re-
moved entirely, SHAP analysis highlighted road length and AADT as
the most important predictors, underscoring their role when behavioral
information is unavailable.

Overall, these findings are consistent with previous studies in the
state-of-the-art and confirm that road crashes are complex phenomena
driven by the interaction of multiple factors.
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The results highlight the importance of integrating heterogeneous
data sources and demonstrate the added value of connected vehicle in-
formation for capturing driving behavior directly associated with crash
risk. No single variable is sufficient to accurately predict crashes in
isolation, underscoring the need for comprehensive, data-rich modeling
approaches in road safety analysis.

Several sources of bias affect the outcome and input data used in
this study and should be acknowledged as limitations. Police-reported
crash records are known to suffer from underreporting, particularly
for minor incidents and crashes involving VRU, which can distort
the true spatial distribution of risk. CVD is also unevenly distributed
across the city, with higher availability on major corridors and in
areas with newer or fleet-based vehicles, introducing potential socio-
economic and spatial bias in behavioral measurements. Similarly, travel
demand estimates depend on the presence and quality of sensing and
aggregation infrastructure, which is not uniformly deployed across the
network. Together, these factors imply that observed crash risk and
model performance may be partly influenced by data availability rather
than by underlying safety conditions alone, limiting generalizability
and equity in real-world deployment.

Future work should explore alternative modeling techniques, such
as deep learning architectures, as well as complementary statistical
approaches based on count models (e.g., Poisson or Negative Bino-
mial regression) to better capture crash frequency and overdispersion.
Further research should also investigate how influential factors change
when focusing on specific road-user groups or different crash contexts,
such as intersections. Expanding the temporal and spatial coverage
of connected-vehicle and travel-demand data is expected to improve
model robustness and equity. Finally, the impact of road curvature, in
conjunction with the other data sources, could be examined in more
detail, as several studies identify it as a key determinant of crash risk.

As a final note, the authors want to mention that the whole process
was also followed to model crashes for VRU. However, this line of
research was eventually discarded due to poor performance results,
primarily driven by data limitations, as the CVD used in this study is
generated exclusively by passenger cars. Consequently, CVD features
capture the driving behavior of motorized vehicles but provide little
direct information about pedestrian or cyclist movements, interactions,
or exposure. Because CVD constitutes the most informative feature
group in the full model, its limited relevance to non-vehicular users
substantially weakens the model’s ability to explain VRU crash patterns.

Additionally, VRU crashes are comparatively rare at the edge level,
and their distribution is highly imbalanced. Within the VRU category,
a large proportion of recorded incidents involve motorcycles, while
pedestrian and bicycle crashes are both less frequent and more spatially
heterogeneous. This sparsity further reduces the statistical power avail-
able for learning stable associations, especially when disaggregating by
VRU type.
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