<@ sustainability

Article

Behavioral and Traffic-Related Determinants of Road Crash
Severity: Supporting the Safety Dimension of Sustainable
Transportation Systems

Paraskevas Nikolaou *

W) Check for updates

Academic Editors: Athanasios (Akis)

Theofilatos, Apostolos Anagnostopoulos

and Athanasios Galanis

Received: 28 July 2026

Revised: 22 August 2026

Accepted: 29 August 2026

Published: 2 September 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and George Markou

Department of Civil Engineering and Geomatics, Cyprus University of Technology, Limassol 3036, Cyprus
* Correspondence: paraskevas.nikolaou@cut.ac.cy

Abstract

Road crashes undermine the sustainability of transportation systems by generating sub-
stantial human, social, and economic costs. Identifying the factors associated with severe
crash outcomes is therefore essential for supporting safer and more sustainable mobility, in
accordance with Vision Zero and Sustainable Development Goals 3.6 and 11.2. This study
investigates the influence of behavioral, environmental, and infrastructural factors on road
crash severity through a comparative evaluation of three modeling approaches: Ordinal
Logistic Regression (OLR), eXtreme Gradient Boosting (XGBoost), and Categorical Boosting
(CatBoost). The analysis was based on 5194 police-reported crash records from Cyprus
covering the period 2015-2024. The dataset included crash severity outcomes together
with traffic violations and roadway and environmental conditions. The results identified
speeding, substance use, and improper turning maneuvers as influential predictors of
crash severity. Among the evaluated models, CatBoost achieved the strongest overall
predictive performance, obtaining the highest accuracy (0.52), weighted area under the
curve (AUC) (0.72), weighted precision (0.50), and weighted recall (0.52), while CatBoost
and XGBoost tied for the highest weighted F1-score (0.48). CatBoost’s overall performance
reflects its ability to efficiently process categorical variables and capture nonlinear relation-
ships without extensive preprocessing. The findings highlight the dominant role of driver
behavior in determining crash severity and demonstrate how the comparative modeling
framework can serve as an analytical decision-support tool for identifying and monitoring
crash-severity risk factors, prioritizing targeted interventions, and supporting progress
towards safer and more sustainable transportation systems.

Keywords: road crash severity; CatBoost; XGBoost; ordinal logistic regression; sustainable
development goals

1. Introduction

Road traffic accidents remain one of the most significant public health and trans-
portation challenges worldwide, resulting in substantial human, social, and economic
consequences. According to the World Health Organization, road crashes are among
the leading causes of death globally, particularly among younger age groups, while se-
vere injuries continue to place considerable pressure on healthcare systems and national
economies [1]. Consequently, improving road safety and reducing traffic-related fatalities
are central objectives of international initiatives, including the European Union’s Vision
Zero strategy and the United Nations Sustainable Development Goals (UN-SDG).
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Road safety constitutes an essential social and economic dimension of transport
sustainability. Fatal and serious crashes not only result in loss of life and long-term
health consequences but also impose substantial costs on healthcare systems, households,
public authorities, and national economies. Consequently, identifying, quantifying, and
monitoring the factors associated with crash severity can support progress towards SDG
3.6, which concerns the reduction of road traffic deaths and injuries, as well as SDG 11.2,
which promotes access to safe, affordable, accessible, and sustainable transport systems.

Road crash severity is influenced by behavioral, roadway, environmental, and traffic-
related factors. Understanding their interactions is essential for developing effective road
safety policies. Ordinal Logistic Regression (OLR) has been widely applied in crash severity
analysis because it provides interpretable estimates for ordered injury outcomes. How-
ever, crash severity data often exhibit nonlinear relationships, complex interactions, and
imbalanced class distributions, limiting the ability of traditional statistical models to fully
capture crash mechanisms.

Machine learning (ML) techniques have increasingly been adopted to address these
limitations by modeling complex nonlinear relationships and improving predictive per-
formance. Among them, ensemble tree-based methods have demonstrated strong per-
formance. eXtreme Gradient Boosting (XGBoost) offers high predictive accuracy and
computational efficiency, whereas CatBoost is particularly suitable for crash severity anal-
ysis because it directly handles categorical variables, such as traffic violations, roadway
characteristics, weather, lighting, and driver behavior, without extensive preprocessing.

Despite these advances, opportunities remain to compare interpretable statistical mod-
els and modern machine-learning approaches within a consistent analytical framework.
The performance and interpretation of these methods may vary according to the geograph-
ical context, class distribution, and characteristics of the available variables. Accordingly,
this study compares OLR, XGBoost, and CatBoost using the same police-reported crash
dataset, with particular attention paid to behavioral violations and crash-severity patterns
in Cyprus.

To address these gaps, this study develops and compares three modeling approaches,
OLR, XGBoost, and CatBoost, using police-reported crash data from Cyprus for the period
2015-2024. The objectives are to identify the factors associated with crash severity, eval-
uate whether ML models outperform a conventional statistical approach, and assess the
suitability of CatBoost for crash severity prediction. By applying the three methods to the
same dataset and evaluation framework, the study provides comparative evidence on their
explanatory and predictive performance, including their ability to identify fatal crashes
under class imbalance and the complementary information provided by OLR coefficients
and machine-learning feature importance.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature. Section 3 presents the dataset, methodology, modeling framework, and evalua-
tion metrics. Section 4 reports the modeling results and compares the three approaches.
Section 5 discusses the findings and their policy implications, while Section 6 summarizes
the main conclusions, limitations, and directions for future research.

2. Literature Review

To be able to achieve the road safety goals set by the European Union such as the
elimination of road fatalities by 2050 (“Vision Zero”) [2] and by the United Nations, such as
Goal 3 (“Good Health and Well-being”) and Goal 11 (“Sustainable Cities and Communi-
ties”) [3], it is important to identify realistic factors that affect road crashes and increase
crash severity.
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Although contemporary research generally recognizes that road accidents cannot be
attributed to a single dominant cause, earlier studies indicated that a substantial proportion
of road crashes, reaching up to 90%, were associated with factors related to user behavior [4].
Therefore, this study incorporates traffic violations of commuters, along with environmental
and infrastructural factors for analyzing how these factors affect crash severity.

A classic method for analyzing crash severity is Ordinal Logistic Regression, which can
be used for measuring the effect of different factors on the different levels of crash severity.
For example [5], it identified darkness as one of the most significant factors associated with
crash severity level in the city of Addis Ababa in Ethiopia.

Notwithstanding the statistical significance of logistic regression models when analyz-
ing different data characteristics, decision tree models offer superior accuracy for complex
datasets [6]. Since ML methodologies operate based on different underlying mechanisms,
road safety analysis can benefit from the application of multiple modeling approaches. In
particular, decision tTree (DT) methods are considered to be especially useful for crash
severity classification problems, mainly when the objective is to examine and interpret the
interactions among contributing factors [7].

eXtreme Gradient Boosting (XGBoost) is a relatively new method that was initially
proposed by Chen and Guestrin in 2016 [8]; this method typically achieves high predictive
accuracy and fast execution while remaining computationally efficient and relatively simple
in structure. Several studies have developed the XGBoost method for predicting delays
at signalized intersections (e.g., Ref. [9]), structural mechanics (e.g., Ref. [10]), or network
traffic anomaly detection (e.g., Ref. [11]), but some have also adopted it in road safety (e.g.,
Ref. [12]).

To reinforce confidence in models’ ability to analyze crash severity, it is important
to develop an evaluation strategy and estimate some critical metrics such as accuracy,
precision, recall, area under the curve, and F1-score [13].

CatBoost (Categorical Boosting) is a gradient boosting algorithm developed by Yandex
that is specifically designed for the efficient analysis of datasets containing categorical
variables [14]. Unlike many conventional ML approaches that require extensive prepro-
cessing or encoding of categorical features prior to model development, CatBoost can
directly process categorical data through internally implemented encoding procedures
during training, making it particularly suitable for datasets with mixed variable types
and complex relationships among explanatory factors. Similar to other gradient-boosting
techniques, CatBoost constructs an ensemble of decision trees sequentially, where each
newly generated tree attempts to reduce the prediction errors produced by the previously
developed trees. Through this iterative process, the model progressively improves its
predictive capability by minimizing the selected loss function and refining the estimation
of residual errors during training.

The CatBoost method has been applied in several fields, such as finance [15] the envi-
ronment [16] road safety [17], and others. The CatBoost method has been used for analyzing,
for example, the severity of cyclists” crashes using vehicle characteristics, crash-related
factors, infrastructural and environmental factors [18], and the analysis of motorcycle crash
severity using environmental, geometric, infrastructural, and demographic factors [19].
Therefore, several studies have applied CatBoost to different road-safety contexts, including
cyclist- and motorcycle-crash severity analysis.

Alongside statistical and machine-learning approaches, traffic simulation provides
a complementary framework for examining road-safety conditions under controlled sce-
narios. Akopov and Beklaryan [20] developed a simulation approach to examine accident
rates involving unmanned ground vehicles within a smart-city transportation system,
whereas Ref. [21] used SUMO to evaluate the effects of road incidents on traffic congestion.
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More broadly, Ref. [22] reviewed developments in road-safety simulation modeling, while
Ref. [23] demonstrated how microscopic simulation outputs can be used to derive surrogate
safety measures, including time-to-collision, post-encroachment time, and deceleration
rate. Such approaches facilitate the evaluation of alternative driver-behavior, traffic, and
network scenarios, and therefore complement analyses based on historical crash records.
However, simulation studies require detailed and calibrated information on traffic demand,
road geometry, signal control, vehicle trajectories, and driver behavior, while their outputs
commonly represent traffic conflicts or other surrogate safety indicators rather than the
severity of observed police-reported crashes. Accordingly, the simulation represents a
valuable complementary direction for future research rather than a direct substitute for the
OLR, XGBoost, and CatBoost models applied in the present study.

Crash-severity research has progressively expanded from traditional statistical models
to more flexible machine-learning approaches. Models such as OLR, Multinomial Logit,
and Mixed Logit remain valuable because they provide interpretable coefficients, con-
fidence intervals, and formal hypothesis tests. OLR accounts for the ordered nature of
severity outcomes, while Mixed Logit can represent unobserved heterogeneity. Never-
theless, these models depend on assumptions concerning functional form, proportional
odds, independence, or parameter distributions, and their estimated associations should
not automatically be interpreted as causal effects [24]. The increasing availability of large
and heterogeneous crash datasets has motivated the application of Random Forest, XG-
Boost, LightGBM, and CatBoost, which can capture nonlinear relationships and complex
interactions and may improve predictive performance [25]. However, machine-learning
models generally provide less direct interpretation, may be affected by overfitting, and can
remain biased toward frequent severity categories when class imbalance is not adequately
considered. Although resampling, class weighting, and cost-sensitive learning can improve
minority-class identification, feature-importance measures indicate predictive contribution
rather than effect direction or causality. Consequently, the two paradigms are complemen-
tary: statistical models support interpretable association analysis and hypothesis testing,
whereas machine-learning models emphasize flexible prediction and pattern recognition.

Building on these studies, this present research compares CatBoost with XGBoost and
OLR and focuses on police-recorded behavioral violations, environmental conditions, and
roadway characteristics in Cyprus.

3. Methodological Framework

This methodological framework presents a straightforward approach for the analysis
of road crash severity by providing a comparative assessment among a traditional statistical
modeling approach, namely Ordinal Logistic Regression (OLR), and two decision-tree-based
ML approaches, specifically eXtreme Gradient Boosting (XGBoost) and Categorical Boosting
(CatBoost). The analysis was conducted using R free software with the 4.5.2 version.

3.1. Data

For the purposes of this study, a road crash database obtained from the Cyprus
national Traffic Police Department (TFD) was used, covering the period from 2015 to 2024.
Table 1 presents the variables considered in the analysis, along with their corresponding
description, measurement units, and type used throughout the study.

Figure 1 presents the box plots of the numeric variables included in the dataset,
categorized by crash severity. Box plots provide a concise visualization of the distribution
of the data by illustrating the median value (horizontal line within each box), the first
quartile (lower boundary of the box), and the third quartile (upper boundary of the box),
which together form the interquartile range (IQR). In addition, the whiskers represent the
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spread of the data toward the minimum and maximum non-outlier values. Observations
located outside the so-called “inner limits” are considered outliers and are illustrated as
individual points in the figure [26,27].

Table 1. Accident data from Cyprus’ traffic police department.

Variable Description Unit Type
Crash severity Severity level of the crash Categorical Pr.op'erty damage only; slight injuries; serious
injuries; fatal
No. of vehicles Number of vehicles involved in Count Numerical
the crash
. . “T” Junction; Not at junction; Intersection of
. . Type of the conjunction at the crash . i g N
Conjunction type . : Categorical >2 roads; Staggered “T”; Roundabout; “Y
location at the time of the crash .
Junction; Motorway accel/decel lane; Other
D Lighting conditions at the crash . Night—with road lighting; Night—without
Lighting location at the time of the crash Categorical road lighting; Day; Dawn; Dusk; Unknown
Pavement Condition of pavement at the crash Catecorical Dry; Wet; Gravel/sand/dirt; Snow/ice;
location at the time of the crash & Muddy; Other
Weather conditions at the crash . . .
Weather location at the time of the crash Categorical Clear; Rain/hail; Fog; Snow; Other
Year Year of the crash Years Continuous
Accident month ~ Month of the crash Month Continuous
Accident day Day of the crash Day Continuous
Careless/distracted driving; Right turn
without care; Failure to keep safe distance;
Failure to give way to vehicles; Traffic sign
violation; Failure to keep left; Speed;
. . Inexperienced driver; Traffic lights violation;
Primary, secondary, tertiary, and . S o
2 Illegal overtaking on right; Reversing; Failure
quaternary contributing factors . ) i ]
Factor . e . Categorical to keep proper lane; Run-off road; U-turn;
identified by the police as causes of ! ) . . .
the crash Alcohol; Drugs; Drowsiness; Physical
disability; Loss of consciousness; Sudden
illness; Medicines (prescribed); Pedestrian
used crossing carelessly; Pedestrian crossed
carelessly; Other pedestrian error; Careless
crossing at uncontrolled junction
Speed limit Speed limit of the road that the km/h Continuous
crash occurred
No. Injured Number of injured people involved Count Numerical

in the crash

In detail, the distributions indicate that the majority of crashes, regardless of severity

level, occurred on roads with a posted speed limit of 50 km /h. The initial dataset comprised
6229 road crashes, of which 5321 (85.42%) occurred on roads with a posted speed limit of
50 km/h. This observation was considered in the present study, and therefore the analysis
focused specifically on roads with a speed limit of 50 km/h, as they represent the dominant
roadway environment within the dataset. Because of their low frequencies, records classi-
fied as Dawn, Dusk, or Unknown for lighting; Other, Fog, or Snow for weather; and Other,
Gravel/Sand /Dirt, Snow /Ice, or Muddy for pavement condition were excluded. This
procedure removed 127 records, resulting in a final analytical dataset of 5194 crashes. The
final sample comprised 1647 property-damage-only crashes (31.71%), 1241 slight-injury
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crashes (23.89%), 2014 serious-injury crashes (38.78%), and 292 fatal crashes (5.62%). This
distribution demonstrates the class imbalance of the outcome, particularly the relatively
small proportion of fatal crashes. Additionally, the variable referring to the number of
injuries was excluded from the modeling procedures since it is inherently and directly
associated with the dependent variable, namely crash severity. Including this variable
could introduce redundancy and potential bias into the analysis. Regarding temporal
characteristics, the distributions of accident day and month appear relatively consistent
across the different crash severity categories. Crashes were observed throughout all days
of the week and across all months of the year, suggesting the absence of strong tempo-
ral concentration patterns associated with a specific day or season. Nevertheless, slight
variations in dispersion indicate that certain periods may experience marginally higher
crash frequencies, although no clear differentiation among severity levels is evident from
the figure.

ACCIDENT_DAY ACCIDENT_YEAR_NUM month

)

10.0 4

.
50 . . . .
. . . .
2 . . * ¥ & . . .
25 . . . 2
00 — Eéj 4 o . . .
A - =3 A o A 3 2
< Y&v* & & & < ?&, & R & g }@f & & &
< » > & > > & y »
< N & & > 3 & NS N
N $ K N $ RS ¥ 3 L
& & © F e 4 K Neg &
<& & & < & & A & &
6‘ ) 6. ) & S
& 8 &
& & &

Accident Type

Figure 1. Box plots of the numeric variables by crash severity. The y-axis units are variable-specific:
accident day (days 1-7), accident year (calendar year 2015-2024), month (months 1-12), number of
injured persons (count), number of vehicles (count), and speed limit (km/h).

Figure 2 presents the environmental and infrastructural conditions under which
crashes occurred, including junction type, lighting, pavement status, and weather condi-
tions. Most crashes were recorded under favorable conditions, namely on dry pavements,
during clear weather, and under daylight or roads with lighting infrastructure. In contrast,
relatively few crashes occurred under adverse conditions such as wet pavements, rain/hail,
or roads without lighting. These findings suggest that crash occurrence is more strongly
associated with human-related factors, such as risky driving behavior and traffic violations,
than with unfavorable environmental or infrastructural conditions. Police records also
identified up to four contributing factors for each crash.

Prior to the analysis, a data preprocessing procedure was conducted to improve model
robustness by addressing sparse categories. For the Lighting variable, the categories Dawn,
Dusk, and Unknown were omitted. For Weather, the categories Other, Fog, and Snow were
excluded, while for Pavement Status, the categories Other, Gravel/Sand/Dirt, Snow/Ice,
and Muddy were removed because of their low frequencies. For Junction Type, the cate-
gories Staggered “T”, Roundabout, “Y” Junction, Motorway Acceleration/Deceleration
Lane, and Other were merged into a single Other category to improve model stability.
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]
OTHER DusK |
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Accident Type FATAL [ SERIOUS INJURIES M SLIGHT INJURIES PROPERTY DAMAGE ONLY

Figure 2. Natural and infrastructural conditions per accident type.

The same procedure was applied to the Factor variable. The categories Drowsiness,
Physical Disability, Loss of Consciousness, Sudden Illness, and Medicines (Prescribed)
were combined into a single Driver Impairment category, while Pedestrian Used Crossing
Carelessly, Pedestrian Crossed Carelessly, Other Pedestrian Error, and Careless Crossing
at Uncontrolled Junction were grouped as Pedestrian Error. In addition, because multiple
contributing factors could be recorded for each crash, each violation type was transformed
into a separate binary variable to estimate its independent effect on crash severity. The final
processed dataset comprised 5194 crashes across the Cyprus road network.

3.2. Ordinal Logistic Regression Model

For modeling the outcomes of a categorical dependent variable, such as overall liking
scores measured on a hedonic scale (e.g., crash severity), logistic regression is considered
a better alternative to classical linear models [28]. The Ordinal Logistic Regression (OLR)
model for an outcome Y with levels! =1,2,...,Lis:

ln<P(Y§l)> ={—mXy —mXy — - — Xk Foreachlevel, | =1, 2 L—-1 (1)
P(Y >1) ’ e
where

{1 is an intercept and represents the log-odds of Y < I when all the predictors are at
0 or their reference level. Thus, P(Y <) is the inverse-logit of {;. Unlike other forms of
regression, an Ordinal Logistic Regression model has multiple intercepts, one for each level
of Y from1toL —1.

- fork =1, 2,..., Kis the log of the odds ratio comparing the odds of ¥ < I
between individuals who differ by one unit in Xj (or comparing individuals at a level of
X and the reference level).

e~ I is the odds ratio comparing the odds of Y < [ between those differing by one unit
in Xk.

e'l is the odds ratio comparing the odds of Y > I between those differing by one unit
in Xk.

Furthermore, the left-hand side of Equation (1) is the cumulative probability of an
outcome being at any level up to and including a specified level [29]. The proportional-odds
assumption, which requires each explanatory variable to have a constant coefficient across
the cumulative crash-severity thresholds, was evaluated using the Brant test. The null
hypothesis of the test is that the parallel-regression, or proportional-odds, assumption
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holds. A significance level of 0.05 was used. Multicollinearity among the explanatory
variables was assessed using variance inflation factors (VIFs) and adjusted generalized
variance inflation factors (GVIFs) for predictors with multiple degrees of freedom.

3.3. Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) combines numerous small decision tree (DT)
models to make predictions, which differentiate from each other. Boosting is an iterative
process where, in each step, the individual data points are weighted. The iterative process
is called gradient boosting, where a gradient is a mathematical term that refers to the vector
field of partial derivatives that point in the direction of the steepest slope. Gradient boosting
algorithms are among the best-performing ML tools on the market. XGBoost is one of the
most used ML algorithms and is considered a quick way to achieve good performance [30].
For a dataset with n examples and m features D = {(x;,y;)} (|D| = n,x; € R), a tree
ensemble model uses K additive functions to predict the output [8].

K

Yi=Y fe(xi), fk €F ()

k=1

where

F= {f(x) = wq(x)} (7 : R" — T,w € RT) is the space of regression trees.

g represents the structure of each tree that maps an example to the corresponding
leaf index.

T is the number of leaves in the tree.

fi corresponds to an independent tree structure q and leaf weight w.

To learn the set of functions used in the model, we minimize the following regularized
objective [8].

L(¢p) = Zl(ﬁi,]/i) + ;Q(fk) 3)

where 1
Q(f) =T + 3M||w]|”

I is differentiable convex loss function that measures the difference between the
prediction y; and the target y;.

The second term (2 penalizes the complexity of the model. The additional regular-
ization term helps to smooth the final learned weight to avoid over-fitting. Intuitively,
the regularized objective will tend to select a model employing simple and predictive
functions [8].

The tree ensemble in Equation (3) includes functions as parameters and cannot be
optimized using traditional optimization methods in a Euclidean space. Let yAl(t) be the
prediction of the i-th instance at the n-th iteration, then f; is added for improving the model,

according to Equation (3).

Yier, Qi
w* pr —7] 4
J Lier hi+A @

~0 1 (Zieljgi)z

c =Y 20 T 5
(q) 2 Ty A v (5)

Equation (5) may serve as a scoring metric for evaluating the quality of a given tree
structure 4. In practice, exhaustively exploring all possible tree configurations is computa-
tionally infeasible. Therefore, a greedy approach is typically adopted, where the process
begins with a single leaf node and progressively expands the tree by introducing splits.
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Let I, and Ir denote the sets of instances assigned to the left and right child nodes
after a split, respectively. If we define the parent node’s instance set as I = I, U Ig, then
the improvement in the objective (i.e., the reduction in loss) resulting from this split can be
expressed as [8]:

2 2
1| (Eier, 8i) (Cier &) (Tier 80’
2\ Ve, i+ A Yierghi+ A Yierhi +A

Esplit -

3.4. Categorical Boosting (CatBoost)

Categorical Boosting (CatBoost) is a gradient boosting framework developed by Yan-
dex [14], which addresses several limitations of traditional boosting methods, such as
XGBoost and LightGBM. Although the core principles of boosted decision trees have
already been discussed, CatBoost incorporates additional mechanisms that enhance its
capability in handling categorical variables and producing stable predictive performance
with relatively limited hyperparameter tuning requirements.

The name of the framework itself originates from its strong emphasis on categori-
cal feature processing. In contrast to many other gradient boosting approaches, which
typically require preprocessing techniques such as one-hot encoding or label encoding,
CatBoost can directly utilize categorical variables and internally determine suitable en-
coding representations during the training process. This functionality, together with its
regularization mechanisms and symmetric tree architecture, makes the method particularly
appropriate for datasets containing mixed variable types and for applications where robust
predictive performance is desired without extensive manual preprocessing. Furthermore,
CatBoost mitigates overfitting through symmetric (“oblivious”) decision trees and addi-
tional regularization strategies designed to improve model stability and generalization
capability. Overall, the framework is designed to provide reliable and competitive pre-
dictive performance while reducing the need for complex hyperparameter optimization
procedures [31].

CatBoost builds upon the fundamental gradient boosting framework, which is pre-
sented in Equation (7):

Fun(x) = Fp—1(x) + ymhm(x) @)

where

Fy(x) is the ensemble model at iteration m (cumulative prediction after adding
m trees).

F,—1(x) is the ensemble model from the previous iteration (cumulative prediction
after m — 1 trees).

Ym is the learning rate at iteration m (controls the contribution of each new tree).

hy(x) the new tree added at iteration m (trained on residuals or gradients).

x is the input feature vector for a given observation.

One of the most distinctive characteristics of CatBoost is its ability to effectively pro-
cess categorical variables. Rather than requiring prior preprocessing or manual encoding
of categorical features, the framework internally estimates target-based statistical repre-
sentations during the model training procedure. Therefore, for the categorical feature x*
with categories ¢y, ¢y, ..., ¢k, CatBoost computes an encoded value for each observation
as follows:
it [x’? = xﬂ yitap

!
)25( _ ] ]

(8)

o [1f = 2]y +a

where

325‘ is the encoded numerical value for the i-th observation’s category in feature x*.

https://doi.org/10.3390/su18179006


https://doi.org/10.3390/su18179006

Sustainability 2026, 18, 9006

10 of 21

xf-‘ the categorical value of feature k for observation i.

k _ .k
5 = ]
as observation i, and 0 otherwise.

is the indicator function that equals 1 if observation j has the same category

y; is the target value for observation j.

n is the total number of observations in the dataset.

« is the smoothing parameter that controls regularization (typically set to 1).

p is the prior probability of the target (usually the mean of the target variable across
the entire dataset).

CatBoost uses symmetric trees, also known as oblivious trees, where all nodes at the
same depth (level) split on the same feature and threshold. This is in contrast to traditional
decision trees, where each node can split on any feature independently.

3.5. Model Training and Evaluation

To ensure a consistent comparison, the processed dataset was divided into training
(70%) and testing (30%) sets using stratified random sampling based on crash-severity
class. The same partition was used for all three models. For XGBoost and CatBoost,
the training set was further divided into 80% for model training and 20% for validation
and hyperparameter selection. K-fold cross-validation was not conducted; instead, a
holdout validation approach was applied. Random search evaluated 60 hyperparameter
combinations for XGBoost and 50 for CatBoost. Early stopping was applied during tuning,
with patience values of 50 iterations for XGBoost and 120 iterations for CatBoost. After
hyperparameter selection, the final models were trained using the complete training set
and evaluated on the independent testing set.

For assessing the performance of the three models (OLR, XGBoost, and CatBoost),
metrics such as accuracy, area under curve, precision, recall, and F1-score were used. In
road safety studies, crash severity datasets often exhibit substantial class imbalance, as
severe and fatal crashes generally represent a limited share of the total observations. In
these cases, relying solely on overall accuracy can lead to an inaccurate interpretation of a
model’s predictive capability [32].

Let C be the confusion matrix, where Cj denotes instances of true class j predicted
as class k, and Ny = Z;-‘:l Ci is the support of class k; therefore, accuracy is defined as the
overall correctness across all classes as presented in Equation (9):

Y& C

Accuracy = N

)
The area under the curve (AUC) is computed for each class k against all others, then
averaged by class support as expressed in Equation (10).

K N,
AUCeightet = Y g AUCk 7y (10)

where
AUC; is the binary AUC for class k versus the remaining classes.
Nj is the support (true instances) of class k.
The weighted precision is given in Equation (11):

TP, \ N
N

. . K
Preczslonweighted = Zk:l <TPk+FPk N "
where

TPy = Cy (true positives for class k).
FPy = Y 2k Cjk (false positives for class k).
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The recall metric is given in Equation (12):

K TP Nj
Recall yeighteg = Y5, (TPHkFNk) Ne (12)

N
where
FNy = Y2k Cik (false negatives for class k).
Finally, the F1-score (weighted) metric is expressed in Equation (13):

K 2-Precisiony-Recall; \ Ni
Flyeihted = —k 1
weighted Zk:l <Precisi0nk + Recall, ] N (13)

The evaluation metrics presented above provide a comprehensive framework for
assessing the predictive capability and reliability of crash severity classification models. In
general, higher values of accuracy, weighted AUC, weighted precision, weighted recall,
and weighted Fl-score indicate improved model performance, as they reflect stronger
classification capability, improved discrimination between severity categories, and a more
balanced prediction of both majority and minority classes. In particular, the weighted AUC
metric is especially important in imbalanced crash severity datasets because it evaluates
the ability of the model to correctly distinguish between the different crash severity classes
independently of class frequency. Similarly, the weighted Fl-score provides a balanced
assessment between precision and recall and is therefore considered particularly important
when severe crash categories, such as fatal crashes, constitute only a limited proportion of
the observations.

4. Application and Results
4.1. Ordinal Logistic Regression Model

The results of the Ordinal Logistic Regression model are presented in Table 2. The
model achieved a McFadden’s pseudo-R? of 0.09, indicating limited overall model fit and
only a modest improvement over the intercept-only model [33]. The adjusted GVIF val-
ues ranged from 1.011 to 1.091, with the highest value observed for failure to maintain a
safe distance. Because all values were close to 1, there was no evidence of problematic
multicollinearity among the explanatory variables. The Brant test rejected the proportional-
odds assumption (x? = 463.78, p < 0.001), demonstrating that some explanatory variables
did not have constant effects across the crash-severity thresholds. Variable-specific tests
identified significant violations for the number of vehicles, substance use, inexperienced
driving, traffic-light violations, failure to maintain a safe distance, reversing, and speeding
(p < 0.05). Therefore, the single odds ratios reported for these variables represent coeffi-
cients constrained to be equal across the severity thresholds and should be interpreted
with caution.

Within this constrained OLR specification, speeding had the largest positive coeffi-
cient (OR = 4.18), indicating an overall positive association with higher crash severity [34].
Pedestrian error (OR = 3.40), right turn without care (OR = 3.27), and nighttime condi-
tions without road lighting (OR = 2.05) were also positively associated with more severe
outcomes. Positive associations were additionally found for failure to keep left, illegal over-
taking on the right, failure to give way, and traffic-light violations. However, because the
proportional-odds assumption was violated for speeding and traffic-light violations, their
effects should not be assumed to have the same magnitude across all severity thresholds.
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Table 2. Ordinal Logistic Regression estimates and odds ratios for crash severity.

Confidence Interval

Variable Estimate Odds Ratio Lower Upper
No_vehicles _(0650; 0.59 0.53 0.64
Lighting: Night—With Road Lighting _(%2046) 079 071 0.88
Lighting: Night—Without Road Lighting O(g 21 6) 2.05 151 2.78
Substance_use _(068058) 0.43 0.37 0.50
. . —0.61 #*
Inexperienced_driver (0.12) 0.54 0.43 0.69
Failure_to_give_way_to_vehicles 0(' 3 20 9) 1.38 1.15 1.66
Traffic_lights_violation (203} 2) 1.37 1.08 1.73
. . —0.91 #+
Failure_to_keep_safe_distance (0.10) 0.40 0.33 0.49
Reversing _(069167) 0.38 0.28 0.54
Failure_to_keep_left 0(' g 51 1) 1.74 1.40 2.16

Speed 1(§i4) 418 3.20 5.46

Other 561067) 1.17 1.02 1.35
R

Right_turn_without_care 1(' é % 9) 3.27 2.76 3.88
Pedestrian_error 1(5 21 3) 3.40 2.66 4.35
Illegal_overtaking_on_right 0(‘ g ?i 4) 1.70 1.29 2.25
Intercept
Property Damage Only | Slight Injuries B (168180) 0.15 0.12 0.19
Slight Injuries | Serious Injuries 7(066190) 0.50 041 0.61
R
Serious Injuries | Fatal 2(' 3 411) 9.37 7.54 11.65

Log-Likelihood: —5836.655
AIC: 11,709.31
McFadden’s R%: 0.09

Note: Parentheses denote standard errors. Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05.

Failure to maintain a safe distance, reversing, substance use, number of involved
vehicles, and inexperienced driving produced negative coefficients in the constrained
model. Because all these variables exhibited significant violations of the proportional-odds
assumption, their single odds ratios should not be interpreted as consistent protective
effects across the severity categories. The direction and magnitude of their associations
may differ depending on the severity threshold being examined. Contextual factors such
as lower operating speeds during reversing or congestion-related crashes and limitations
in police reporting may also contribute to these apparently counterintuitive results.
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4.2. Extreme Gradient Boosting (XGBoost)

In addition to the Ordinal Logistic Regression model, an XGBoost model was devel-
oped to evaluate the predictive capability of machine learning for crash severity classifica-
tion. Figure 3 presents the observed versus predicted crash severity for the training and
testing datasets. The close concentration of observations around the ideal correlation line
indicates good predictive performance, although some misclassification occurs between
adjacent severity levels, particularly for higher-severity crashes. Similar prediction patterns
in the training and testing datasets suggest satisfactory generalization without evidence
of substantial overfitting. The model performed better for the more frequent intermediate
severity categories than for fatal crashes, which is expected given the class imbalance of
the dataset.

XGBoost: Target vs Predicted Severity

Test Train

Fatal

: Predictions
Serious

" Ideal=10%
,7 ldeal +10%

Slight Ideal Correlation

Predicted Severity

PDO

PDO Slight Serious Fatal PDO Slight Serious Fatal
Observed Severity

Figure 3. XGBoost observed vs. predicted crash severity—test and train sets.

Figure 4 presents the feature importance rankings obtained from the XGBoost model.
The number of involved vehicles (no_vehicles) was identified as the most influential pre-
dictor of crash severity, followed by right_turn_without_care, substance_use, and speed,
highlighting the dominant role of driver behavior and traffic exposure in crash severity
prediction. Lighting conditions and variables associated with unsafe driving behavior,
including failure_to_keep_safe_distance, failure_to_keep_left, pedestrian_error, and re-
versing, also contributed to the model’s predictive performance. These findings indicate
that XGBoost primarily relied on behavioral factors, while roadway and environmental
characteristics provided a secondary contribution to crash severity classification.

4.3. Categorical Boosting (CatBoost)

Figure 5 presents the observed versus predicted crash severity for the CatBoost model
using the training and testing datasets. The concentration of observations around the
ideal correlation line indicates good predictive performance, particularly for the PDO
and serious injury categories. Similar prediction patterns across the training and testing
datasets suggest satisfactory generalization without evidence of substantial overfitting.
Some misclassification is observed for the slight injury and fatal categories, primarily
into adjacent severity levels, reflecting the ordinal nature of crash severity and the class
imbalance associated with the relatively small number of fatal crashes. Nevertheless, the
absence of substantial misclassification between extreme categories (e.g., PDO and fatal)
indicates that the model effectively preserves the ordinal structure of the severity outcomes.
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Figure 4. Relative importance of explanatory variables in XGBoost model.

CatBoost: Target vs Predicted Severity

Test Train

Observed Severity

Figure 5. CatBoost observed vs. predicted crash severity—test and train sets.

Figure 6 presents the feature importance rankings generated by the CatBoost model.
The variable no_vehicles was identified as the most influential predictor of crash severity,
followed by substance_use and speed, highlighting the importance of traffic exposure, im-
paired driving, and excessive speed in determining crash outcomes. Behavioral variables,
including right_turn_without_care, failure_to_keep_safe_distance, failure_to_keep_left,
and pedestrian_error, also demonstrated high importance, emphasizing the dominant
role of unsafe driving behavior and human error. Roadway and environmental vari-
ables, such as lighting and junction type, showed moderate contributions, whereas il-
legal_overtaking on_right and failure_to_give_way_to_vehicles were among the least
influential predictors. Overall, the results indicate that the CatBoost model primarily relied
on behavioral and traffic-related factors to predict crash severity, consistent with previous

transportation safety research.
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Figure 6. Relative importance of explanatory variables in CatBoost model.

4.4. Model Selection

The comparative performance of the three models is presented in Figure 7, using
accuracy, weighted AUC, weighted Fl-score, weighted precision, and weighted recall.
Opverall, the results indicate that CatBoost achieved the best predictive performance among
the examined approaches. Specifically, it obtained the highest accuracy (0.52), weighted
AUC (0.72), weighted precision (0.50), and weighted recall (0.52), while CatBoost and
XGBoost achieved identical weighted F1-scores (0.48), both outperforming the OLR model.

069
067
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0.48 048 05 0.49 oo 049
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I I 36
< oS N
° «®

O
& o
,ex\@é \ﬁa‘\%‘\ %3 &
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. Ordinal Logistic Regression
. XGBoost

\.
.

Figure 7. Comparative analysis of weighted classification metrics of CatBoost, OLR, and XG-
Boost models.

The higher weighted AUC achieved by CatBoost demonstrates its stronger ability to
distinguish between the different crash severity categories, whereas its higher precision
and recall indicate a better balance between minimizing false classifications and correctly
identifying the true severity classes. The comparable Fl-scores of CatBoost and XGBoost
further suggest that both ML approaches achieved a more balanced predictive performance
than the traditional OLR model, particularly in the presence of class imbalance.

Because weighted evaluation metrics may be influenced by the more frequent severity
categories, class-specific performance was also examined, with particular attention given to
fatal crashes. Among the 87 fatal crashes in the testing set, OLR did not correctly identify
any fatal cases and did not produce any fatal-crash predictions; consequently, its recall
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was 0, while precision and F1-score were undefined. XGBoost correctly identified six fatal
crashes, achieving a precision of 0.50, recall of 0.07, and F1-score of 0.12. CatBoost identified
the largest number of fatal crashes, correctly classifying 18 cases, with a precision of 0.32,
recall of 0.21, and F1-score of 0.25. Nevertheless, the relatively low recall values indicate
that fatal-crash identification remains challenging because of the limited number of fatal
observations and the substantial class imbalance.

The stronger overall predictive performance achieved by CatBoost is likely attributable
to its ability to capture nonlinear relationships and interaction effects while directly pro-
cessing categorical variables without extensive preprocessing. Similar findings have also
been reported by Ref. [35], who demonstrated the competitive predictive performance of
machine-learning approaches relative to traditional statistical models for crash severity
classification. Furthermore, the similarity between the training and testing results indicates
satisfactory generalization capability, suggesting that CatBoost maintained stable predictive
performance without evidence of substantial overfitting.

Although CatBoost generally achieved higher values for most evaluation metrics,
it tied with XGBoost for the weighted Fl-score (0.48). The remaining differences were
relatively modest, indicating that the OLR model remains competitive despite its simpler
statistical formulation. Importantly, OLR provides interpretable parameter estimates and
odds ratios, allowing for the direct quantification of associations between the explanatory
variables and crash severity. However, because the proportional-odds assumption was
rejected, the coefficients of variables exhibiting assumption violations represent constrained
common-slope estimates and should be interpreted cautiously rather than as constant
effects across all severity thresholds. Consequently, while CatBoost was selected as the
preferred model based on its overall predictive performance, OLR remains a valuable
interpretable benchmark for examining associations in transportation safety analyses.

5. Discussion

The present study compared three methodological approaches for analyzing and
predicting road crash severity: Ordinal Logistic Regression (OLR), XGBoost, and CatBoost.
Across the three approaches, driver-behavior and traffic-violation variables repeatedly
emerged as important explanatory or predictive factors. Nevertheless, consistency across
the models should be understood in terms of variable relevance rather than identical
effect directions or magnitudes. This distinction is important because machine-learning
feature importance does not indicate the direction of an association, while the Brant test
demonstrated that several OLR coefficients varied across the crash-severity thresholds.
Speeding, substance use, pedestrian-related errors, improper turning maneuvers, unsafe
driving behavior, and lighting conditions were among the principal variables identified
by the models. Similar findings have been reported using logistic regression [36,37] and
machine-learning approaches [38], highlighting the recurring importance of behavioral
factors in crash-severity analysis.

To spatially contextualize these findings, Figure 8 presents the distribution of crashes
associated with three influential driver-behavior violations in Limassol (the second-largest
city in Cyprus): speeding, right turns without care, and substance use. The mapped
crashes were distributed across the urban road network, including major urban and coastal
corridors. These patterns provide a descriptive spatial illustration of the recorded violations
and should not be interpreted as statistically significant hotspots or location-specific risk
estimates, as they were not adjusted for traffic exposure. Moreover, because the database
contains only crash observations, the maps cannot provide a comparison with careful or
fully compliant driving.
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Legend
@ Violation: Right Turn Without Care

Legend
@ Violation: Substance Use

Figure 8. Spatial distribution of police-reported crashes associated with selected driver-behavior
violations in Limassol during 2015-2024: (a) speeding; (b) right turn without care; and (c) substance
use. Each point represents a recorded crash location.

Importantly, the findings should be interpreted as conditional on the occurrence of a
police-reported crash. The examined models estimate associations with and predictions
of crash severity; they do not estimate whether a factor increases the overall number or
probability of crashes. In the OLR model, odds ratios above one indicate an association
with higher crash-severity levels, whereas odds ratios below one indicate an association
with lower severity. Conversely, the feature-importance measures produced by XGBoost
and CatBoost indicate the relative predictive contribution of each variable but do not, by
themselves, establish the direction of its effect or a causal relationship. Consequently, the
present results cannot quantify the protective effects of careful driving, as the database does
not include non-crash trips or driving-exposure observations. Examining crash occurrence,
traffic conflicts, and counterfactual changes in driver behavior would require additional
exposure data or a calibrated microscopic simulation supported by detailed traffic-demand,
signal-control, trajectory, and conflict data. Additionally, because the analysis was restricted
to crashes occurring on roads with a posted speed limit of 50 km/h, the findings primarily
characterize this roadway environment and should not be generalized directly to roads
with different speed limits.

The OLR model provided a transparent statistical framework through its parameter
estimates and odds ratios. However, the Brant test rejected the proportional-odds assump-
tion (x? = 463.78, p < 0.001), with significant violations identified for the number of vehicles,
substance use, inexperienced driving, traffic-light violations, failure to maintain a safe
distance, reversing, and speeding. Consequently, the single coefficients estimated for these
variables should be viewed as constrained common-slope estimates rather than effects that
remain constant across all crash-severity thresholds. This limitation may partly explain
some of the counterintuitive OLR findings and its comparatively lower predictive perfor-
mance. The relatively low McFadden’s pseudo-R? of 0.09 further indicates limited overall
model fit. However, the adjusted GVIF values, which were close to 1, demonstrate that the
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limited fit was not attributable to multicollinearity among the explanatory variables. The
common-slope and linear specifications of OLR also limit its ability to represent threshold-
specific effects, nonlinear relationships, and complex interactions. Nevertheless, OLR
remains useful as an interpretable traditional benchmark, while partial proportional-odds
or generalized ordered-logit models could provide a valuable extension in future research.

Both XGBoost and CatBoost demonstrated improved predictive performance over
OLR in terms of weighted AUC, weighted precision, and weighted F1-score. CatBoost also
achieved higher accuracy and weighted recall, whereas XGBoost recorded slightly lower
values for these two metrics than OLR. The similarity of the training and testing prediction
patterns did not indicate clear evidence of substantial overfitting. Furthermore, both ML
approaches identified an overlapping set of influential variables, including the number
of involved vehicles, speeding, substance use, right-turn violations, failure to maintain
a safe distance, and pedestrian errors. Nevertheless, fatal-crash identification remained
challenging. OLR did not identify any of the 87 fatal crashes in the testing set, while
XGBoost and CatBoost achieved fatal-crash recall values of 0.069 and 0.207, respectively.
These results demonstrate that improvements in overall weighted performance do not
necessarily translate into strong identification of the rarest severity category.

Among the ML approaches, CatBoost achieved the strongest overall predictive perfor-
mance, obtaining the highest accuracy, weighted AUC, weighted precision, and weighted
recall. However, CatBoost and XGBoost achieved the same weighted Fl-score of 0.48;
therefore, CatBoost did not outperform XGBoost across every evaluation metric. Previous
research has similarly demonstrated the competitive performance of CatBoost relative
to other ML approaches, including XGBoost [39]. CatBoost’s overall performance may
be related to its ability to process categorical variables directly while capturing nonlin-
ear relationships and interaction effects without extensive preprocessing. Given that the
dataset consisted predominantly of categorical behavioral, environmental, and infrastruc-
tural variables, CatBoost appears to be particularly suitable for predictive crash-severity
modeling. The stable performance observed between the training and testing datasets
further supports its predictive applicability, although its relatively low fatal-crash recall
should be considered.

An important finding of this study is that CatBoost assigned substantial predictive
importance primarily to behavioral variables. Substance use, speeding, right-turn viola-
tions, pedestrian errors, failure to keep left, and failure to maintain a safe distance ranked
among the model’s most influential predictors. These findings indicate that behavioral
variables contributed substantially to crash-severity prediction within the examined dataset.
However, feature importance does not indicate the direction of an association or estab-
lish that these variables causally increase crash severity. Therefore, the results support
prioritizing these factors for further investigation but do not demonstrate that behavioral
interventions would necessarily produce greater safety benefits than infrastructural or
environmental measures.

From a policy perspective, the findings indicate that road safety improvements should
primarily target behavioral risk factors. Since speeding emerged as one of the strongest
predictors across all three modeling approaches, strengthening speed management should
constitute a priority, particularly in urban areas with high pedestrian activity. Measures
such as automated speed enforcement and the implementation of 30 km/h speed limits
have been shown to reduce fatalities by more than 40% while simultaneously providing
environmental and public health benefits through lower fuel consumption and increased
walking and cycling [40]. Likewise, the predictive importance assigned to substance use by
the machine-learning models indicates that this variable warrants continued monitoring
and further threshold-specific investigation. However, this finding does not establish that
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substance use had a positive effect on crash severity, and the negative OLR coefficient
should not be interpreted as a consistent protective effect because the proportional-odds
assumption was violated for this variable. Alcohol- and drug-enforcement measures remain
relevant to broader road-safety policy, but their recommendation should not be interpreted
as resulting from the direction-neutral feature-importance values obtained in this study.
The findings also emphasize the importance of improving pedestrian safety. Given
the prominence of pedestrian-related errors and improper driver maneuvers across the
models, transportation authorities should prioritize safer pedestrian infrastructure through
improved crossing facilities, traffic calming measures, protected intersections, enhanced
signage, and improved nighttime visibility. Furthermore, the positive association between
inadequate roadway lighting and severe crash outcomes highlights the need to improve
roadway illumination, particularly in urban areas and at intersections with elevated pedes-
trian activity. The findings demonstrate that combining interpretable statistical models with
advanced machine learning approaches provides a comprehensive framework for road
crash severity analysis. While ML models improve predictive performance, statistical mod-
els remain valuable for estimating interpretable associations between individual risk factors
and crash severity. Together, these approaches can support transportation planners and
policymakers in developing more targeted and evidence-based road safety interventions.

6. Conclusions

This study comparatively evaluated the performance of Ordinal Logistic Regression
(OLR), XGBoost, and CatBoost for analyzing and predicting road crash severity using
police-reported crash data from Cyprus covering the period 2015-2024. Behavioral, en-
vironmental, infrastructural, and traffic-related factors were examined to identify the
principal determinants of severe crash outcomes. The results demonstrated that driver
behavior and traffic violations are the dominant contributors to crash severity. Speeding,
substance use, unsafe turning maneuvers, and failure to maintain safe driving behavior
consistently emerged as the most influential factors across all models, highlighting the
importance of behavioral interventions and effective traffic law enforcement.

The comparative analysis showed that the ML approaches outperformed the tradi-
tional OLR model, with CatBoost achieving the best overall predictive performance. Its
ability to directly process categorical variables and capture nonlinear relationships makes
it particularly suitable for crash severity modeling using transportation safety data. From
a policy perspective, the findings support strengthening speed management, alcohol and
drug enforcement, pedestrian protection measures, safer intersection design, and improved
roadway lighting. Measures such as 30 km/h urban speed limits and traffic calming
interventions could contribute substantially to reducing severe crashes.

This study is subject to several limitations, including its reliance on police-reported
crash data and the absence of traffic volume, driver demographic, and spatial exposure
information. Moreover, the Brant test indicated that the proportional-odds assumption
of the OLR model was not satisfied. Therefore, the reported OLR coefficients, particu-
larly those for the variables exhibiting significant assumption violations, should not be
interpreted as effects that remain constant across all severity thresholds. Future research
should examine partial proportional-odds or generalized ordered-logit models to estimate
threshold-specific relationships. Spatio-temporal modeling approaches, real-time traffic
data, and explainable artificial intelligence techniques should also be considered to improve
predictive performance and model interpretability. Subject to the availability of detailed
traffic-demand, signal-control, vehicle-trajectory, and traffic-conflict data, calibrated mi-
croscopic simulation platforms such as SUMO or AnyLogic could be applied to selected
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high-risk road segments to examine how driver behavior and traffic conditions influence
surrogate safety indicators and their relationship with observed crash severity.
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