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Abstract
Traffic-related fatalities are among few leading causes of death worldwide. Crash severity prediction of traffic 
crashes has become a widespread research subject in recent years. Severity outcomes of crashes are usually 
influenced by factors such as humans, vehicles, roadway, weather, environment, and their interactions. A better 
understanding of crash-contributing circumstances and crash severity risk predictors is vital for the timely and 
effective implementation of appropriate mitigation measures. In the literature, various statistical methods have 
been widely adopted for crash severity modeling; however, such approaches are based on several underlying 
unrealistic assumptions, which, if violated, may lead to biased predictions. The current study aims to investigate 
the applicability of the state-of-the-art gradient boosting algorithm “XGBoost” for crash severity prediction of 
traffic crashes in the Al-Qassim region, Saudi Arabia. Crash severity classification performance of XGBoost 
was compared with two traditional machine learning algorithms, including Random Forest (RF) and Logistic 
Regression (LR), using different statistical measures including accuracy, recall, precision, F-1 scores, receiver 
operating characteristic (ROC) curves, and area under the curve (AUC). Empirical results revealed that all the 
models yielded acceptable predictive performance; however, XGBoost achieved the highest accuracy (90.5%), 
outperforming both the LR and RF models. Models’ comparison using performance metrics also demonstrated 
superior predictive performance of the XGBoost model. To address the infamous “lack of interpretation” issue 
frequently raised against the application of machine learning, this study also presents XGBoost-based feature 
sensitivity and ranking analysis. The results showed that predictors including accident type, weather conditions, 
number of vehicles involved, lighting conditions, accident cause, and time of the day (TOD) have a strong 
influence on the crash severity outcome of crashes. SHAP analysis was also performed to assess the consistency 
of severity risk factors with the XGBoost feature importance technique. The findings of this study are expected 
to provide crucial insights to safety practitioners and policy-makers for improving highway safety.

Keywords  Traffic crashes · Risk factors · Injury prevention · Machine learning · Feature sensitivity 
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Introduction

 Traffic injuries are among the leading causes of human casualties worldwide. The recent World Health Orga-
nization (WHO) global road safety report suggests that the global annual fatalities due to traffic crashes have 
exceeded 1.19 million fatalities and 50 million injuries1,2. The resulting socio-economic losses are enormous and 
are estimated to be around USD 520 billion globally1,3. The Kingdom of Saudi Arabia (KSA) has witnessed a 
rapid surge in traffic fatalities and injuries during the past four decades, particularly after the oil boom in the early 
1970s. The annual traffic fatality index (deaths/100,000 pop.) is around 27, which is significantly high compared 
to other countries in the Arabian Gulf region4. Traffic injuries in KSA are around 4.7% of total mortalities5,6. 
Similarly, the average crash-to-injury ratio in different regions of KSA varies from 8:4 to 8:6, which is also 
significantly high compared to a global ratio of 8:12,7. In recent years, several studies have been undertaken to 
examine the influential factors of traffic crashes and injury severity in different regions of KSA and reported that 
predominant causes accounting for high crash incidence and increased crash severity include aggressive driving, 
overspeeding, non-compliance with traffic rules, distracted driving, sudden lane deviation, etc2,6–10. Recently, 
the Ministry of Transport (MOT) is undertaking some serious efforts to negate and mitigate the growing road 
safety issues in all regions of the country. Notable actions in this regard include the installation of speed cameras 
(SAHER), the installation of appropriate signage including Variable Message Signs (VMS), lane-marking, peri-
odic maintenance of national highways, and strict enforcement of traffic regulations. Such efforts have resulted 
in noticeable safety improvements in some regions11.

An important goal of highway safety studies is to accurately model the crash severity outcomes and to identify 
the contributing factors. Accurate prediction of crash injury is essential for the adoption of appropriate crash 
severity remedial measures. However, it is often very challenging to fully understand and precisely predict crash 
patterns since they are complex events that usually involve many multi-faceted interactions among contribut-
ing factors rather than one factor. The crash severity outcomes of traffic crashes are influenced by several fac-
tors like driver attributes, vehicle factors, weather and lighting conditions, traffic attributes, roadway geometric 
characteristics (highway types and alignment), features of the surrounding built environment, and so on4,12–19. 
The main aim of crash severity studies is to analyze the latent correlations between the crash severity outcomes 
and the accompanying crash risk predictors20. In the literature, different statistical analyses and modeling meth-
ods have been widely explored for crash severity. While such models have a sound theoretical basis and clear 
mathematical formulations to examine the individual role of crash predictors on the crash severity outcome, they 
have a few serious drawbacks, such as unrealistic linear link function assumptions and predefined associations 
between the variables, and lower prediction accuracies21–26. Recently, with rapid advances in data mining and 
computational methods, machine learning and deep learning-based models have emerged as promising alterna-
tives to address the aforementioned limitations of their counterparts (statistical methods). However, these data 
mining-based methods are mainly criticized for their infamous back-box nature and lack of interpretation27–29. 
Recent studies have employed various interpretation techniques such as feature importance analysis and SHAP 
analysis to overcome this issue30,31. Recent studies have reported that ensemble learning approaches, particularly 
gradient-boosting models, can substantially enhance crash severity prediction by efficiently capturing complex 
non-linear relationships among the crash risk factors32,33. However, despite their superior predictive capabilities, 
such methods are often criticized for their limited explainability, hence restricting adoption by traffic safety prac-
titioners’ policymakers. Consequently, explainable machine learning (XML), specifically SHAP and LIME have 
become increasingly important for model interpretation and identifying underlying factors contributing to crash 
severity outcomes34,35.

Despite the growing application of XGBoost and SHAP in recent traffic safety and crash severity studies, sev-
eral important research gaps remain. First, the majority of existing studies have primarily focused on enhancing 
the predictive performance of various ML models, while comparatively limited attention has been devoted to 
exploring the consistency of risk factors between different explainability techniques. Second, there is a dearth of 
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literature linking the model interpretations into practical safety interventions and policy recommendations. Third, 
many existing studies have been conducted in the context of specific roadway environments or highway facilities 
such as rural freeways, highways, or urban intersections, making the transferability of identified crash severity 
predictors uncertain across heterogeneous traffic environments.

To address the identified gaps, the current study aims to pursue four main research objectives and contribu-
tions. First, it proposes a unified modeling framework for comprehensive comparative assessment of three widely 
used classification algorithms, namely XGBoost, Random Forest RF), and Logistic regression for crash severity 
classification. Second, the study employed XGBoost feature importance analysis with SHAP-based explainabil-
ity to investigate the consistency and robustness of influential crash severity predictors rather than relying on a 
single interpretability tool. Third, the study aims to translate explainability outputs into practical traffic safety 
and policy recommendations. Finally, the analysis is conducted using a crash dataset representing both rural and 
urban roadway environments of the Qassim region in KSA, thereby offering valuable insights into crash severity 
prediction across diverse and heterogeneous traffic conditions.

The remainder of this paper is organized as follows. Section   2 provides a detailed overview of different 
modeling approaches used for crash severity prediction and a summary of relevant previous studies. Section  3 
introduces the study area and describes the data utilized for the current research. Section  4 describes the proposed 
machine modeling approaches and classifier evaluation metrics. Section  5 presents the experimental results and 
related discussion. Finally, Sect.  6 concludes the paper and provides an outlook for future studies.

Related works

Modeling crash severity is a promising research target in traffic safety studies, and it has been the subject of wide-
spread attention during the past few decades. The outcome of crash severity is usually represented by discrete cat-
egories, like no injury/property damage, possible injury, minor injury, severe injury, and fatal injury. Most studies 
have considered three crash severity classes36,37: crashes involving property damage only, at least one injury, and/
or a fatality. Due to the discrete nature of crash severity outcomes, studies have opted for discrete outcome mod-
els such as multinomial logit (MNL) and probit models for modeling crash severity38–41. For example, Mohamed 
Abdel-Aty proposed the application of MNL and ordered probit models for studying driver’s injury severity42. 
The estimation analysis showed that driver age and gender variables, dark lighting conditions, non-compliance 
with seat-belt usage, speed ratio, point of impact, presence of curves, and vehicle are likely to intensify the 
resulting crash severity. A comparative analysis of modeling methods suggested that the ordered probit models 
were more accurate and robust. In their study, Hu et al.43 adopted conventional logit models for crash severity 
modeling of crashes that occurred near/at railroad crossings. Variables identified to have a significant statistical 
influence on the output crash severity included obstacle detection devices near the crossing zones, daily trips, and 
the presence of markings at approach roads. In another study, Chen et al.44 applied probit models to investigate 
the crash severity risk factors in crashes involving heavy vehicles and found that predictors including drivers’ 
sociodemographic attributes, wet and slippery surface conditions, time of the day (peak/off-peak) and adverse 
weather conditions will aggravate the crash severity.

To capture the ordinal nature of crash data and to account for heterogeneity and endogeneity within-crash 
correlation, studies have proposed other advanced statistical models like ordered logit models38,45–48, nested 
logit model49,50, Bayesian hierarchical51–53, bivariate/multivariate models54–57, latent class models58–61, random 
parameter model62–65, and their hybrid versions12,66–68. In a recent research study, Kim et al.69 attempted to inves-
tigate the significant crash risk factors in hit pedestrian crashes. They reported that the likelihood of fatal crashes 
is expected to increase under circumstances such as driving under the influence of drugs, collisions involving 
trucks, no street lighting, overspeeding, and crashes that occurred along freeways. Another study undertaken by 
Rusli et al. examined the applicability of random parameter logit models to uncover crash severity risk factors 
for crashes alongside hilly areas in Malaysia70. Comparative analysis with traditional Scobit and logit models 
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revealed that the random parameter model was more robust in capturing unobserved heterogeneity. Wang et al.63 
also employed a random parameter probit model to study the influential factors that could lead to severe crashes. 
Model estimation results showed that variables such as bus and pedestrian involvement and rainy weather condi-
tions increase the probability of severe injury outcomes. Random parameter-based models have been increasingly 
used for crash severity analysis in recent years63,70–74. Bayesian hierarchical models have also been employed 
widely for crash severity investigation. For example, a recent study by Meng et al. applied Bayesian hierarchical 
logistic models to explore the crash severity patterns of taxi occupants75. It was observed that factors such as non-
compliance with a seatbelt, driving under fatigue, and elderly drivers would amplify the odds of severe injuries 
among the taxi occupants.

In recent years, various data mining and artificial intelligence-based techniques have gained widespread atten-
tion on the horizon of crash severity modeling. Such methods have emerged as promising alternatives to over-
come the primary drawbacks of statistical analytic76. The main advantage of these artificial intelligence-based 
methods is that, without any prior assumptions, they can accurately capture the latent and non-linear correlations 
between crash severity outcomes and contributing factors. Few widely used machine learning techniques for 
crash severity prediction are: Artificial Neural Networks, Naïve Bayes, K-means Clustering, Random Forest, 
Support Vector Machines, and Decision Trees algorithms. Though several studies have focused on the application 
of machine learning for the prediction and modeling of crash severity, only a few have investigated the potential 
of deep learning models77–80. For instance, a prior research study proposed hybrid deep learning architectures 
integrating temporal and spatial learning mechanisms to enhance road accident prediction performance, thus 
highlighting the continuing development of data-driven traffic safety modeling81.

Among the machine learning methods, artificial neural networks (ANNs) are perhaps the most widely used 
paradigm for crash injury prognosis. For example, Al-Kheder et al.82 adopted ANN models for predicting the 
crash severity of crashes using six years of data for the state of Abu Dhabi in the United Arab Emirates. A system-
atic k-means clustering was first employed to split the data into three clusters to improve the models’ predictive 
performance. Crash severity (the output variable) had four possible outcomes: fatal injury, severe injury, moder-
ate injury, and minor injury. ANN prediction results were also compared with statistically ordered probit models. 
The results indicated that ANN, with a classification accuracy of 74.6%, outperformed the ordered probit model, 
having a corresponding value of approximately 59%. Abdelwahab and Abdel-Aty, in their study, also reported the 
superior crash severity predictive performance of the multilayer perceptron (MLP) framework compared to the 
standard ordered logit model in classifying vehicular crash record of signalized intersections in Central Florida, 
US83. Jamal and Waleed63 recently introduced an improved feedforward neural network (FFNN) framework to 
examine the significant crash severity risk factors associated with fatal crashes along interstate rural highways 
in KSA. The optimized FFNN structure with back-propagation as a training algorithm, logistic as an activation 
function, and six hidden-layer neurons resulted in overall prediction accuracy of around 78%. Feature sensitivity 
of the optimized FFNN structure revealed that the presence of factors that could intensify crash severity include 
pedestrian involvement, adverse weather conditions, vehicle and highway type, average travel speeds, traffic 
volume, and on-site damage characteristics.

Support vector machine (SVM) is another commonly utilized machine learning technique for traffic crash 
severity analysis. For example, Li et al.84, using data of 326 diverge segments in Florida, developed SVM-based 
predictive analytics for classifying crash severity records, and the results were compared with the ordered logit 
model. Modeling results indicated that SVM performed better than the logit model. In another similar study, the 
authors85 compared the crash severity classification performance of SVM and random parameter mixed logit 
models for traffic crashes that occurred near the work zones and noted that SVM results are more accurate, 
consistent, and robust. The study also performed a feature sensitivity-based analysis, which showed that the 
predictors, such as activity type in the work zone, morning off-peak periods, highway types, nature, and termi-
nation areas on the approach segments, all had a significantly positive effect on the severity of both drivers and 
occupants. A study undertaken by Wang et al.86 also showed that the SVM model achieved better injury severity 
prediction performance compared to a multilayer perceptron (MLP).
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In recent years, Decision Trees (DTs) and Random Forest (RF) have also been increasingly investigated for 
modeling and prediction of crash severity. A recent study demonstrated that the applicability of DT models is 
preferred for crash severity classification and analysis, as they can be used to extract rules for assigning injury 
severity into distinct severity groups under specific circumstances87. Bernard et al.88 adopted DT models for eval-
uating the injury severity prognosis of motor vehicle crashes using ten years of data from Missouri State in the 
United States. It was found that explanatory variables such as drunk driving, overspeeding, and failing to yield 
are likely to increase the chances of fatal crash occurrence. In their study, Ijaz et al.89 compared the injury severity 
classification performance of three DT-based algorithms (RF, DT, and Decision Jungle) using three years (2017 
to 2019) of data for traffic crashes involving three-wheeled motorized rickshaws (3 W-MR). Empirical results 
revealed that Decision Jungle, having an overall accuracy of 83.7%, outperformed DT and RF models. The study 
proposed the extraction of relevant decision rules based on RF in order to categorize crash injuries into distinct 
severity groups according to the prevailing contributing circumstances. Further, the feature sensitivity analysis 
indicated that predictors such as drivers aged between 20 and 30 years, nighttime driving conditions, facilities 
with comparatively high-speed limits (over 60 mph), off-peak, weekdays, and crashes that occurred under shiny/
clear weather led to a high probability of severe and fatal injuries. Princess and Rajsingh90 also performed a 
comparative study analysis of four machine learning algorithms such as RF, K-nearest neighbor, Adaboost, and 
DT for injury severity classification using imbalanced crash datasets. Experimental results suggested that the RF 
model achieved an excellent AUC value of 0.97, significantly higher compared to other algorithms.

XGBoost is another newly introduced machine learning technique used for crash severity analysis; however, 
there are very limited applications of this algorithm in highway safety studies. A study conducted by Malkoatle 
et al.91 evaluated the application of XGBoost and multivariate logistic regression for traffic crash severity iden-
tification in South Africa. It was concluded that XGBoost produced better injury severity classification results. 
In recent research, Jamal et al. conducted a comparative study to evaluate the applicability of XGBoost against 
traditional machine learning techniques (RF, DT, and LR) for modeling crash severity20. Proposed models were 
developed using three years (2017 to 2019) of rural interstate highway crash data in KSA. The output injury 
severity outcome had three possible outcomes, i.e., property damage, injury crashes, and fatal crashes. Empiri-
cal results obtained via k-fold cross-validation for various metrics (precision, recall, F-scores) indicated that 
XGBoost outperformed other models both in terms of aggregate model performance as well as for class injury 
severities. Feature importance analysis using XGBoost showed that variables such as weather conditions, colli-
sion type, on-scene damage type, road surface conditions, vehicle type, and lighting conditions were all sensitive 
in predicting crash severity outcomes. Several recent studies have focused on applying different feature engineer-
ing techniques and new ensemble methods to improve the predictive performance of existing machine learning 
algorithms in crash severity analysis92,93. It is worth noting that the present work has some key differences from 
the previous study conducted locally20. First, this previous study is focused on the accident dataset that occurred 
only on multi-lane rural interstate highways in KSA, while the current study utilized a different dataset encom-
passing accident data in the Al-Qassim region for both rural and urban highways and those that occurred within 
the city and its outskirts. It is established from the literature that crash characteristics within (urban) and outside 
(rural) cities are different, which implies that it is likely that injury severity predictors are likely to be different 
between both jurisdictions and worthy of investigation. Second, model’ predictive performance comparisons are 
also based on additional ROC and AUC metrics which is not the case in the previous study. Third, the data also 
contain a few new variables. Lastly and more importantly, the specific contributions of the current work lie in the 
application of advanced interpretation analysis (SHAP summary plots and main effects plots for sensitive vari-
ables) instead of simple feature importance analysis as provided in the previously published study.

More recently, researchers have shifted their attention from emphasizing predictive accuracy alone toward 
integrating XML frameworks that combine high-performance models with transparent model interpretation34,94. 
Several prior studies have employed ensemble learning algorithms together with SHAP-based explanations 
to identify influential predictors of crash severity, thereby improving transparency and practical applicability 
of these frameworks35,95,96. Increasing application of explainable AI-based models in traffic safety research 
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highlights the growing importance of considering interpretability and predictive performance for supporting 
evidence-based road safety decision-making. However, only a few studies have been devoted to evaluating the 
consistency between different explainability approaches and translating these findings into practical safety rec-
ommendations94,97,98. The present study aims to address this aspect by proposing a unified modelling and inter-
pretability framework, providing a robust and reliable comparison between different classifiers and explainability 
techniques.

Study area and data description

Qassim region in KSA was selected as the study area for this research. It is one of the thirteen administrative 
regions of KSA and is located between N23° 30’, N28° 00’ latitude and E40° 00’, E45° 00’ longitude, at the 
center of the country. Qassim province has an area of approximately 58,000 km² and a population of 1.3 million 
people, almost half of whom live in the capital city of Buraidah. The entire Qassim region consists of 13 admin-
istrative local governorates, including Buraidah, Al-Badaya’a, Al-Asyah, Al Bakiriyah, Uyun Al-Jiwa, Daria, Al 
Mithnab, Ar Rass, Al Nabhanya, Riyadh Al-Khabra, Oklat AlSkoor, Al Shammasiya, and Unaizah99. Figure 1 
shows the location of the study area in its entirety, including its roadnetwork and the spatial distribution of major 
urban districts. The Qassim province is well known for its agricultural resources, such as the production of dates, 
vegetables, and various other types of fruits. The province capital (Buraidah) is also the hub of various public 
and commercial businesses, public offices, academic institutions, and health facilities. The region has witnessed 
a significant increase in motorization rate in recent years. The province has witnessed an unusually high number 
of traffic accidents compared to other regions in KSA100,101. Increasing traffic safety issues have become key 

Fig. 1  Location of the study area: Al-Qassim region. Prepared by the authors using QGIS (Version 3.42.0; https://qgis.org) 
with OpenStreetMap basemap data (© OpenStreetMap contributors).
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concerns for the local authorities. A recent study102 attempted to identify the significant causes of increased traf-
fic crashes in the Al-Qassim region and found that overspeeding, irregular stops, irregular bypasses, lack of road 
readiness, careless driving, disobedience of traffic laws, and cell phone use while driving are the few predominant 
crash risk factors.

The crash dataset was obtained from the traffic safety department at the Ministry of Transport (MOT), in 
Riyadh, KSA, with authorization for their use for research purposes. Since the study involved only secondary 
analysis of anonymized administrative records, with no direct involvement of human participants or collection 
of personally identifiable information, institutional ethics review was not required. Crash data for the study area 
(Qassim region) was then extracted and preprocessed by removing crash records with missing information, dupli-
cate records, and outliers to make it ready for the subsequent analysis. The analysis was based on one year (2018) 
of historical crash records for the study area. The final data contained 1,142 valid crash instances over the study 
period. A total of 948 injuries and 170 fatalities were reported. The variables in crash data were divided into sev-
eral main categories (such as temporal attributes, roadway characteristics, vehicle features, crash characteristics, 
etc.). The data type and the number of sub-categories under each main attribute are shown in Table 1. Crash injury 
severity, the target variable, was classified into two levels, i.e., fatal and non-fatal. The fatal crash instances, 
however, had limited frequency compared to non-fatal crash records. The number of fatal injury instances was 
170, whereas the remaining 948 were non-fatal. Table 1 also shows the sub-classification of the main explanatory 
variables as well as their frequency share.

Although the final dataset consists of one year of crash data, comprising 1,142 valid crash observations, this 
sample size is considered appropriate for the present binary classification problem involving a moderate number 
of explanatory variables and structured tabular data. Similar sample sizes have been reported in previous traf-
fic safety crash severity modelling literature, employing both statistical and ML approaches89,103. Furthermore, 
to improve the model robustness and reduce the likelihood of overfitting, the proposed modelling framework 
incorporates various procedures, including independent training-testing datasets, model regularization, Bayes-
ian hyperparameter optimization, etc. Therefore, the available dataset provides a suitable basis for comparative 
performance assessment of selected ML paradigms while recognising the inherent limitations associated with 
temporal coverage.

Methods

This section presents a brief description of machine learning modeling approaches used for crash severity analy-
sis. The proposed machine learning techniques are Logistic Regression (LR), Random Forest (RF), and the 
extreme gradient boosting algorithm (XGBoost), which were implemented in Python (version 3.9.12). Different 
Python libraries such as pandas for Tabular data reading, preprocessing, and data analysis, ImbalancedLearn 
for data imbalance problems, Scikit-learn for model implementation, and Matplotlib for results visualization 
were utilized. Hyperparameter tuning was accomplished through Bayesian optimization within predefined search 
ranges. This approach has a number of inherent advantages over the grid and random search techniques104. To 
enhance the transparency and reproducibility of the developed ML model, the final optimized hyperparameter 
settings obtained through Bayesian optimization are given in Table 2. The final/optimized parameter configura-
tion shown in Table 2 corresponded to the combination that achieved the highest validation performance on the 
training dataset while reducing the risk of overfitting.

The original crash dataset exhibited a significant class imbalance, with approximately 85% non-fatal crashes 
and 15% fatal crashes. Analysis based on such an imbalanced dataset may yield biased training and high predic-
tion accuracy toward the majority class. To minimize the possible bias in predictions toward the majority class, 
the Synthetic Minority Oversampling Technique (SMOTE) was systematically applied. To avoid data leakage, 
the dataset was first randomly partitioned into independent training (70%) and testing (30%) subsets using a strat-
ified approach to preserve the distribution of each severity class. The stratified sampling approach for a 70%/30% 
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Input variables No of categories Variable nature Frequency distribution
Temporal attributes
Period of the day 2 Categorical Off-Peak = 723

Peak = 418
Day of the week 2 Categorical Weekday = 862

Weekend = 279
Environmental attributes
Lighting conditions 2 Categorical Dayligh = 627

Nighttime = 514
Weather status 4 Categorical Good = 846

Dusty = 168
Rainy = 95
Others = 32

Vehicle attributes
Number of vehicles involved 3 Numeric Single vehicle = 673

Two Vehicles − 408
Multiple Vehicles = 60

Vehicle type 5 Categorical Private car = 659
Light Truck = 268
Light Truck = 162
Buses = 39
Others = 51

Roadway attributes
Road type 3 Categorical Expressway = 529

Divided Highway = 400
Single Highway = 212

Road alignment details 4 Categorical Straight = 923
Horizontal Curve = 88
Vertical Curve = 39
Near Inersection = 91

Road status (surface conditions) 3 Categorical Good = 688
Cracking/Disressed Pavement = 278
Others= 175

Damage type 8 Categorical No Damage = 831
Cable Barrier = 46
Concrete Barrier = 34
Culvert Fence = 62
Light Post = 17
Metal Barrier = 69
Road Sign = 32
Road Surface = 50

Road markings 2 Categorical Present = 992
Absent = 149

Road cateyes 2 Categorical Present = 1037
Absent = 104

Area type 2 Categorical Urban = 781
Rural = 360

Speed limit - -
Crash locations (coordinates) - Numeric -
Crash attributes
Number of causalities - Numeric -
Accident type 7 Categorical Vehicle Collision = 600

Vehicle Burnt = 40
Hit Animal = 20
Hit Pedetrian = 13
Rollover 300
Swerving = 111
Others = 55

Table 1  Descriptive statistics of explanatory variables related to crash data.
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train-test partition ensured that both subsets preserved the original class distribution before SMOTE application. 
SMOTE was then applied exclusively to the training subset to synthetically generate minority-class (fatal crash) 
observations until a balanced class distribution was attained. The testing subset remained unchanged throughout 
the model development and was used only for final model evaluation. This procedure follows standard and estab-
lished best practices for handling imbalanced classification problems using SMOTE while ensuring unbiased 
estimation of predictive performance105. It should be mentioned that class imbalance was addressed exclusively 
using the SMOTE technique, and no additional class-weighting strategy was deployed during the model training.

Predictive performance of machine learning models has been assessed in terms of different evaluation metrics 
such as confusion matrices, accuracy, precision, recall, F-1 scores, the area under the curve (AUC), and receiver 
operating characteristic (ROC) curves. The analysis was based on crash data described in the preceding section. 
Finally, a trained XGBoost model was used to conduct feature importance analysis for quantifying the relative 
contribution of each predictor to crash severity outcomes. Subsequently, XGBoost feature importance results 
were interpreted together with SHAP analysis to provide complementary global and local explanations of the 
developed prediction model. Detailed methodology is presented in the following sections.

Prediction models

Logistic regression

Logistic regression is the most widely used method in machine learning for solving classification problems that 
have discrete choice categories, like the mode choice outputs for the current study. The name logistic is taken 
after the function which is employed at the core of this technique, “the logistic function.” The method is not 
very good at performing regression tasks despite its name. The method is commonly used when the target vari-
able has binary output, although it can be extended as multinomial logistic regression for multi-class problems 

Algorithm Parameters description Search range/setting Optimized value
Logistic regression (LR) Penalty L1 / L2 L2

Regularization (C) 0.01–100 (log scale) 1.0
Maximum iterations 100–1500 800
Solver lbfgs / liblinear Lbfgs

Random forest (RF) Number of trees 100–1000 500
Minimum samples leaf 1–10 3
Minimum samples split 2–20 5
Maximum tree depth 5–30 18
Maximum features sqrt, log2 Sqrt

XGBoost Learning rate 0.01–0.3 0.11
Maximum depth 3–10 7
Number of estimator 100–1000 400
Subsample 0.5–1.00 0.90
Minimum child weight 1–10 3
Gamma 0–5 0.20

Table 2  Hyperparameter 
search settings used for 
selected ML models.

 

Input variables No of categories Variable nature Frequency distribution
Accident cause 4 Categorical Driver = 915

Vehicle = 164
Roadway = 43
Others = 19

Crash severity 2 Categorical Fatal = 170
Non-Fatal = 948

Table 1  (continued) 
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as well. The main advantage of using logistic regression over discriminant analysis is that it does not assume a 
normal distribution of independent variables. The method can also provide ROC curves and confidence intervals 
on predicted values that help identify the best cut-off points in classification. The LR model aims to establish the 
relation between the target class y= (y1, y2) and the given set of j predictors x = (x1,…, xj) and p = (p1, pn). The 
approach seeks to represent the relationship f between several predictors or independent variables x and predic-
tors or class variables y. For the present study, two possible outcomes were encoded into the target variable (fatal 
and non-fatal crash injury severity). The modeling function of LR describes a correlation between a specific class 
against a set of independent variables. The general formulation of LR is presented in the following relations 
(Eqs. 1 and 2).

	
𝑃𝑃 (𝑦𝑦 𝑦 𝑦 ∣ 𝑥𝑥) = 1

1 + 𝑒𝑒−(𝛽𝛽 0+∑ 𝑛𝑛
𝑗𝑗𝑗𝑗𝛽𝛽 𝑗𝑗𝑥𝑥𝑗𝑗) � (1)

	
log ( 𝑃𝑃 (𝑦𝑦 𝑦 𝑦𝑦𝑦𝑦)

1 − 𝑃𝑃 (𝑦𝑦 𝑦 𝑦𝑦𝑦𝑦) ) = 𝛽𝛽 0 +∑ 𝑛𝑛
𝑗𝑗𝑗𝑗𝛽𝛽 𝑗𝑗𝑥𝑥𝑗𝑗� (2)

Where 𝑷𝑷𝑷𝑷𝑷 𝑷 𝑷 ∣ 𝒙𝒙𝒙denotes the probability of a fatal crash given the predictor vector 𝒙𝒙, 𝜷𝜷 0is the intercept, 𝜷𝜷 𝒋𝒋is 
the regression coefficient for predictor 𝒙𝒙𝒋𝒋, and 𝒏𝒏is the total number of predictors. The logistic regression model 
assigns a probability value to each severity class based on the input features. By comparing these probability val-
ues with a predefined threshold, the predicted class for each sample is determined. The threshold is typically set at 
0.5, meaning that if the predicted probability for a severity class is greater than or equal to 0.5, the corresponding 
class is assigned to that sample.

Random forest

Random Forests (RF) is another commonly used classification algorithm that was initially proposed by Leo 
Breiman in 2001106. Unlike logistic regression, RF can be used effectively for both classification and regression 
tasks depending on whether the target variable has a categorical nature or continuous response. In predicting the 
output, RF forms a family of tree predictors (ensemble trees) with the same distribution of trees throughout the 
model26. The values at each tree are extracted from a random vector that is sampled independently. As the number 
of trees becomes large, the generalization error in the RF model converges and is a function of the strength of 
the individual tree and the correlation between them. The algorithm starts with the selection of bootstrap samples 
from the input data. Observations in the actual dataset that do not belong to the bootstrap sample are referred to 
as out-of-bag (OOB) observations. This is followed by fitting an ensemble classification tree to each bootstrap 
sample by random selection of a small number of variables. The fully grown trees are then used to predict OOB 
observations. The majority vote method is subsequently used for the class prediction of that observation. Error 
rates and accuracies are calculated by averaging the out-of-bag predictions for each observation. RF model has 
some advantages for solving classification tasks, that include their ability to be used for high-dimensional prob-
lems, the requirement of only one or two tuning parameters, the ability to train fast and predict, and a built-in 
estimate for providing the generalization error69. The typical classification model of RF is shown in Eq. 3.

	
′
𝑦𝑦= 1

𝑇𝑇 ∑ 𝑇𝑇
𝑖𝑖𝑖𝑖ℎ𝑖𝑖 (𝑥𝑥)� (3)

Where 
′
𝒚𝒚 is the final prediction, 𝑻𝑻 is the number of trees, 𝒉𝒉𝒊𝒊 (𝒙𝒙) represents the prediction from ith tree. It can be 

observed from the above relation that the prediction/output of RF model is the mean of prediction values of all 
the trees.
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XGBoost

The extreme gradient boosting algorithm (XGBoost) is a newly developed scalable machine learning technique 
based on a gradient boosting strategy to improve the predictive model performance. The algorithm is originally 
based on work conducted by Friedman in early 2000107, and later on, Chen and Guestrin extended this work 
and made some improvements, and it was named XGBoost108. In recent years, the algorithm has been applied 
across diverse research domains109–112. The prediction of XGBoost is based on the “boosting” mechanism, which 
implies an additive strategy is employed to combine the predictions of weak learners to produce strong learn-
ers in an iterative fashion. To optimize the loss function, the residuals are used to correct the preceding predic-
tor for individual iterations of gradient boosting. To improve the algorithm’s predictive performance and avoid 
overfitting, random regularization is added to the loss function. The general ensemble model of XGBoost may 
be expressed as a summation of the sample’s classification scores from all trees. The typical formulation of the 
model is shown in Eq. (4).

	
′
𝑦𝑦𝑖𝑖 = ∑ 𝐾𝐾

𝑘𝑘𝑘𝑘𝑓𝑓𝑘𝑘 (𝑥𝑥𝑖𝑖) , 𝑓𝑓𝑘𝑘 ∈ ℱ� (4)

In the above equation, 𝑲𝑲denotes the number of regression trees, 𝒇𝒇𝒌𝒌is the 𝒌𝒌thregression tree, and ℱis the space 
of all regression trees. For optimizing the objective function, Eq. 4 can be further optimized as follows: (Eq. 5):

	
Obj = ∑ 𝑛𝑛

𝑖𝑖𝑖𝑖𝑙𝑙 (𝑦𝑦𝑖𝑖,
′
𝑦𝑦𝑖𝑖) +∑ 𝐾𝐾

𝑘𝑘𝑘𝑘𝛺𝛺 (𝑓𝑓𝑘𝑘)� (5)

Where 𝒍𝒍𝒍𝒍𝒍𝒊𝒊, 𝒚𝒚𝒊𝒊)denotes the loss function measuring the difference between the predicted and observed values, 
while 𝜴𝜴 (𝒇𝒇𝒌𝒌)is the regularization term used to control model complexity and reduce overfitting. The first term in 
the equation denotes the loss function to help in differentiating between the prediction and the target. The sec-
ond term in the same expression shows the regularization terms, which are aimed at controlling the overfitting 
issue and reducing the model complexity. Unlike conventional gradient boosting approaches, XGBoost adopts 
an incremental regularization term to account for a learning rate (L) (shown in Eq. 6), which helps to reduce the 
impact of successive trees.

	 𝛺𝛺 (𝑓𝑓) = 𝛾𝛾 𝐾𝐾 𝐾 1
2𝜆𝜆 ∑ 𝐾𝐾

𝑗𝑗𝑗𝑗𝑤𝑤2
𝑗𝑗� (6)

Where 𝜸𝜸 controls tree complexity, 𝝀𝝀 is the L2 regularization parameter, 𝑲𝑲denotes the number of leaves in the 
tree, and 𝒘𝒘𝒋𝒋is the score assigned to the 𝒋𝒋thleaf.

Model’s evaluation

Different performance metrics were used to evaluate the predictive efficiency of the proposed machine learning 
models. These include confusion matrices, accuracy, recall, precision, AUC, and ROC. For classification analy-
sis, the confusion matrix is composed of four possible outcomes, i.e., true negatives (TNs), true positives (TPs), 
false negatives (FNs), and false positives (FPs). Accuracy is the rate of correctly predicted observations over the 
total number of observations in the dataset. It can be determined using the expression shown in Eq. 7. Accuracy 
ranges from zero to one, with zero showing the worst prediction and vice versa. An accuracy of 0.5 indicates ran-
dom classification. For imbalanced datasets, it frequently indicates a biased tendency toward the majority class, 
and hence other performance metrics should be reported as well to have a reliable comparison between different 
machine learning modeling approaches. The metric recall is the ratio of correctly classified/predicted observa-
tions of a class divided by the total actual number of observations of that class. Recall may be computed using the 
relation shown in Eq. 8. Similarly, precision is another important evaluation metric, which may be obtained by 
dividing the total accurately predicted observations of a given class/label by the total instances predicted as that 
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class/label (Eq. 9). Although both recall and precision can provide some useful insights about model performance 
in predicting individual classes, there is a trade-off between the two and hence do not provide a complete picture 
of the model. The F-1 score is another useful metric commonly used for evaluating the classification performance 
of machine learning models. It is calculated by taking the harmonic mean of both recall and precision values 
(Eq. 10) and is considered a better representative of the performance of individual classes. ROC is yet another 
important performance criterion that indicates the diagnostic ability of adopted machine learning models. ROC 
depicts the relationship between the true positive rate and the false-positive rate. AUC is also reported alongside 
the ROC, which represents the area under its curve (Eq. 11). An AUC value of 0.7 and above is regarded as 
acceptable for machine learning classification tasks.

	 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐴 𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 � (7)

	 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 � (8)

	 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 � (9)

	 𝐹𝐹 𝐹 𝐹 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝐹 𝐹 𝐹 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 � (10)

	
AUC = ∫

1

0
TPR (𝑥𝑥) 𝑑𝑑FPR (𝑥𝑥)� (11)

Since the available crash dataset exhibits class imbalance, model performance was evaluated using several com-
plementary metrics rather than relying on overall accuracy alone. Accuracy provides an overall measure of cor-
rect classifications; however, it may overestimate predictive capability for the majority class under imbalanced 
dataset situations. Hence, other complementary class-sensitive metrics such as recall, precision, F1-score, ROC 
curves, and AUC were jointly considered to provide a more comprehensive and reliable assessment of the mod-
el’s predictive performance.

SHAP analysis

The model’s interpretability is the main concern when applying machine learning models. Model interpretability 
is essential to build confidence in their application and understanding of the role of individual predictors on the 
target variable. To address these black box mechanisms of machine learning models, various interpretation tech-
niques have recently been increasingly employed in various applications. The current investigation employed 
one such recently proposed and well-known interpretation technique known as SHapley Additive exPlana-
tions (SHAP) to examine the role of independent variables on the resulting crash severity outcomes. In order to 
improve the interpretability of machine learning models, Lundberg & Lee (2017) developed SHAP. Using game 
theory and local explanation, this approach quantifies the contribution of each feature to model prediction based 
on SHAP values. The SHAP values of each feature show the anticipated deviation from the base value in the 
model forecast. For ranking feature importance using the SHAP analysis method, the mean SHAP values of each 
instance of the dataset for that feature are calculated. Thus, the average importance for feature j is the mean of 
SHAP values for all of the samples, calculated as Eq. 11.

	 𝐼𝐼𝑗𝑗 =
1
𝑁𝑁 ∑ 𝑁𝑁

𝑖𝑖𝑖𝑖
||𝜙𝜙 (𝑖𝑖)

𝑗𝑗
||� (12)

where 𝐼𝐼𝑗𝑗denotes the global importance of feature 𝑗𝑗, 𝑁𝑁is the total number of observations, and 𝜙𝜙 (𝑖𝑖)
𝑗𝑗 is the SHAP 

value of feature 𝑗𝑗for observation 𝑖𝑖.
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Results and discussion

Modeling results

The confusion matrices for the test dataset of the developed models are presented in Figs. 2 and 3, and 4. Confu-
sion matrix results are vital in understanding the interactions between the true and wrong classification of target 
labels. Rows in the confusion contingency table represent the actual frequencies of target labels in the original 
dataset, while the columns in this matrix show the frequency/percentage of predicted observations of each class. 
Further, the values in the diagonal cells show accurate classification/predictions. In comparison, the off-diagonal 
elements represent misclassified observations, which is indicative of model under- and/or overestimation. The 
overall prediction accuracy is obtained by taking the sum of correctly predicted instances and the total number 
of input observations.

As shown in Fig. 2, the confusion matrix for XGBoost yielded better crash severity classification results com-
pared to logistic (LR) regression and random forest (RF) models. Out of 305 instances taken for the test dataset, 
296 (approximately 97%) are correctly classified under injury severity “class 1” (fatal crashes) by the XGBoost 
algorithm. However, the model also resulted in wrong predictions or misclassified instances. For example, 9 (about 

Fig. 3  Confusion matrix obtained using logistic regres-
sion for crash severity classification.
 

Fig. 2  Confusion matrix obtained using XGBoost for 
crash severity classification.
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3%) observations of “class 1” (fatal crashes) are wrongly predicted to belong to “class 2” (non-fatal crashes). 
Approximately 84% of “class 2” (non-fatal crashes) are correctly predicted under the same class. Similarly, 49 
(about 16%) instances of “class 2” are misclassified as “class 1” (fatal crashes). Nevertheless, the summation of 
correct model classifications (XGBoost model) achieved an overall prediction accuracy of approximately 90%, 
which is indicative of favorable model performance. In contrast, the LR model showed a relatively higher rate of 
misclassification than both the ensemble-based classifiers (RF and XGBoost), especially for fatal crashes (shown 
in Fig. 3). This is reflected by the larger number of false positives (113) and false negatives (110) observed in the 
confusion matrix for LR, indicating that the linear decision boundary of the classifier was less effective in captur-
ing the complex non-linear relationships between the predictors and crash severity outcomes. On the other hand, 
RF demonstrated a noticeable improvement over LR by correctly classifying a larger proportion of both non-fatal 
and fatal collisions (shown in Fig. 4). However, the remaining false positive (51) and false negative (83) predic-
tions indicate that its performance was still inferior to that of the XGBoost model.

For ease of comparison, Table 3 provides a consolidated summary of confusion matrix results for the evaluated 
models, reporting both the absolute frequencies and their corresponding percentages for correct classification 
(represented by TPs and TNs) and wrong classification (represented by FNs and FPs). The summarized results 
confirm that XGBoost achieved the highest classification performance by correctly identifying the largest pro-
portion of both fatal and non-fatal crashes. LR achieved the lowest predictive performance, particularly for fatal 
crash observations, while the RF model exhibited intermediate performance.

Table 4 summarizes a comparative analysis of models’ injury severity classification/predictive performance 
based on various evaluation metrics, including accuracy, precision, recall, and F-1 scores. All reported perfor-
mance metrics shown in the table below were calculated using predictions on the original independent test data-
set. SMOTE was used exclusively during the model training phase and was not included in model evaluation, 
ensuring that the reported model prediction results improve the generalization performance on unseen crash 
records. The experimental results shown suggest that the developed/proposed model performed well on the input 
crash data. LR achieved an acceptable score for the considered metrics despite its simplicity and shallow archi-
tecture. However, it is the worst-performing model with an average accuracy of 63.4%. The RF model obtained 

Classifier True positives 
(TPs)

False negatives 
(FNs)

False positives 
(FPs)

True negatives 
(TNs)

Accu-
racy

Logistic regression (LR) 192 (62.95%) 113 (37.05%) 110 (36.07%) 195 (63.93%) 63.4%
Random forest (RF) 254 (83.28%) 51 (16.72%) 83 (27.21%) 222 (72.79%) 78.0%
XGBoost 296 (97.05%) 9 (2.95%) 49 (16.07%) 256 (83.93%) 90.5%

Table 3  Comparison of 
confusion matrix results for 
selected ML classifiers.

 

Fig. 4  Confusion matrix obtained using the random forest 
for crash severity classification.
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accuracy, precision, recall, and F-1 scores values of 0.78, 0.78, 0.91, and 0.79, respectively. The improved predic-
tion performance of the RF model against LR may be attributed to its ensemble tree structure, where a bootstrap 
sample of a small number of variables is randomly selected at each iteration, which enhances its performance. 
Several previous studies also demonstrated the superior performance of RF compared to LR in crash severity 
applications20,113,114. Overall, the results indicated XGBoost achieved the highest overall prediction accuracy 
(90.5%) and superiority as consistently reflected by higher precision, recall, F1-score, and AUC values. Such 
complementary metrics are principally important for evaluating the classifier’s predictive performance under 
imbalanced crash datasets because they are designed to assess its ability to correctly identify both minority and 
majority severity classes. Therefore, the conclusion regarding the superior performance of the XGBoost model 
is based on the collective evidence provided by multiple evaluation measures rather than solely overall accu-
racy. Similarly, it also had a better performance in terms of other evaluation metrics compared to other models. 
However, the XGBoost model required a relatively longer training run compared to other models, which may be 
attributed to the complex model structure and exhaustive tuning of the number of hyperparameters to optimize 
the model’s performance. XGBoost is based on a gradient boosting technique at the core of its architecture, where 
the weak learners are iteratively combined to form a strong classifier while making the prediction, and hence usu-
ally high performance may be expected115. Since computational efficiency was beyond the scope of this study, a 
quantitative runtime comparison of selected ML models was not included because it is dependent on the hardware 
resources and computing environment. Figure 5 presents more illustrative bar charts showing the comparative 
prediction efficiency of proposed machine learning models.

The comparative analysis of the developed models was also evaluated by Receiver Operating Characteris-
tic (ROC) curves as shown in Fig. 6. ROC curve depicts the interactions between false positive rate and true 
positive rate in two-dimensional space. Points located on a hypothetical diagonal plane are indicative of random 

Table 4  Comparative assessment of crash severity classification for selected ML models.
ML model Accuracy Precision Recall F1 score AUC
Logistic regression (LR) 63.4% 63.0% 64.0% 63.0 0.71
Random forest (RF) 78.0% 78.0% 91.0% 79.0% 0.84
XGBoost 90.5% 91.0% 90.0% 90.0 0.92
*Metrics were calculated using on independent hold-out test dataset (n = 305; 30% of the dataset). The training dataset (n = 713; 70%) was bal-
anced using SMOTE to address data imbalance and avoid any data leakage. F1-score was computed as the harmonic mean of precision and 
recall.

Fig. 5  Injury severity clas-
sification comparison of 
proposed models.
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prediction/classification. Similarly, points lying on this plane imply a worse prediction than a random prediction, 
while those lying above the diagonal show that a model performs better than a random prediction. The metric 
area under the curve (AUC) may be quantitatively estimated by taking the integral of the ROC curve. An AUC 
value of 1 implies that an algorithm has achieved a perfect classification for all the classes/labels. Model predic-
tions are considered random if the AUC value is near 0.5, while a value of 0.7 and above is considered adequate 
for classification tasks69. As shown in Fig. 6, the AUC metric for all the classifiers is above 0.7, indicating that 
the models performed reasonably well on the input crash dataset. A comparative overview of different models 
reveals that XGBoost has the highest AUC value of 0.92, followed by RF (0.84) and LR (0.71). These results 
further reinforce that the XGBoost algorithm is more robust, suggesting that it can better capture the patterns in 
the dataset compared to other classifiers.

The predictive performance results of selected ML models demonstrate that the available crash dataset con-
tains sufficient information for distinguishing between fatal and non-fatal injury outcomes. Nevertheless, model 
performance should be interpreted within the context of the available data, as crash characteristics may evolve 
because of changes in driver behaviour, traffic demand, roadway infrastructure, vehicle technologies, and enforce-
ment strategies. Consequently, the reported results reflect the predictive capability of the selected ML models for 
the analysed dataset and should not be understood as universally transferable without supplementary external 
validation.

XGBoost feature importance analysis

The primary drawback and frequently encountered criticism against the application of machine learning models is 
that the obtained results are not explicitly interpretable. For applications such as crash severity analysis, it is often 
very important to understand the impact of individual risk factors and contributing circumstances on the sever-
ity outcome. Mere accurate classification/prediction of crash severity instances does not provide crucial insights 
about the relative role of significant severity risk variables. Accurate information about both (accurate severity 
prediction and variable importance) is helpful to researchers and practitioners for proposing and prioritizing 
suitable policy implications within the limited available highway safety budget. To enhance the interpretability 
of the developed ML framework, feature importance analysis was performed using the trained XGBoost model, 
which achieved the highest predictive performance compared to other evaluated classifiers. Selecting the best-
performing model for interpretation ensures consistency between model prediction and interpretation, thereby 

Fig. 6  ROC for the model’s 
predictive performance 
evaluation.
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providing more reliable and meaningful insights into factors influencing crash severity outcomes. XGBoost was 
preferred for feature importance analysis due to its gradient boosting framework which can capture complex 
non-linear relationships and variable interactions more effectively than traditional ensemble learning methods. 
Subsequently, XGBoost feature importance results were independently examined using SHAP analysis, allowing 
to evaluate the consistency of the crash severity predictors through two complementary different explainability 
techniques.

Feature ranking analysis using XGBoost for the top six crash severity predictors is presented in Fig. 7. High 
scores of the evaluator are indicative of relatively greater feature importance. Labels for input features are shown 
on the y-axis, while the corresponding feature scores are shown on the x-axis. It is evident from the results pre-
sented in Fig. 7 that crash severity is significantly associated with explanatory variables such as accident type, 
weather conditions, number of vehicles involved, lighting conditions, accident cause, and time of the day (peak/
off-peak periods). Other predictors (not shown in the figure) had comparatively less significance on the crash 
severity outcome. The feature ranking analysis given below is mostly intuitive and consistent with recent previ-
ous studies in the KSA context, Gulf countries, and worldwide20,42,67,116–125. However, it is well established that 
traffic crashes usually exhibit unobserved endogeneity heterogeneity, which means that the contributing crash 
injury risk factors may vary from one geographic location to another as well as under different time intervals. 
Hence, it is also quite possible that the significant severity risk factors of traffic crashes may be different under 
different spatiotemporal domains.

SHAP interpretation analysis

Unlike traditional feature importance analysis, SHAP interpretation analysis provides both global and local expla-
nation insights by quantifying the contribution of each predictor to individual model predictions, thereby improv-
ing the transparency and interpretability of the optimized XGBoost model. The results of the SHAP interpretation 
analysis are presented in Figs. 8, 9, 10, 11 and 12. Figure 8 shows the global SHAP feature importance obtained 
from the optimized XGBoost model. SHAP values were derived directly from the trained XGBoost classifier to 
quantify the contribution of each predictor to the predicted crash severity outcomes. The effect of explanatory 

Fig. 7  Features’ importance analysis using XGBoost.
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variables on each injury severity outcome (fatal, non-fatal) is shown. The horizontal axis of the SHAP summary 
plots indicates the SHAP value, which quantifies the magnitude and direction of each predictor’s contribution 
toward the model prediction. Larger absolute SHAP values indicate a greater influence on crash injury severity 
prediction.

For fatal crashes, the SHAP summary plots indicate that variables including accident type, vehicle type, road 
type, number of vehicles involved, damage type, accident cause, and road status exert the greatest influence on 
the model prediction. These predictors generally exhibit larger SHAP values, signifying a stronger contribution 
and increasing the probability of fatal crash outcomes. The results shown are intuitive and support the findings 
of several previous studies94,98,126.

Similarly, for non-fatal crashes, few variables such as accident type, weather conditions, number of vehicles 
involved, vehicle type, and damage type emerged as the most influential predictors, although their relative con-
tributions differ from those observed for fatal crashes. These findings imply that the influence of individual 
predictors varies according to the modeled crash severity outcome, highlighting the importance of separate inter-
pretation of the SHAP results for each severity class. Prior studies have also highlighted the importance of study-
ing the crash severity factors separately for individual severity outcomes95,127.

Figures 9 and 10 present the SHAP summary plots for the identification and ranking of the crash severity risk 
factors for fatal and non-fatal crashes, respectively. Interpreting the SHAP summary plots, a feature/variable is 
more important in model prediction if it has more skewness along the horizontal plane(x-axis). Similarly, vari-
ables lying higher on the vertical plane refer to greater feature importance (y-axis). It is clear from the results 
shown in the Figure below that the features including road type, accident type, vehicle type, number of vehicles 
involved, damage type, crash cause, and road status are the most significant factors influencing the nature/sever-
ity of fatal crashes. Similarly, the likelihood of non-fatal crashes is expected to increase with variables such as 
accident type, weather status, vehicle type, number of vehicles involved, damage type, etc. It is worth noting 

Fig. 8  Bar plots for ranking of significant crash severity risk factors obtained using SHAP.
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that high injury severity risk factors identified through SHAP summary analysis are mostly consistent with those 
obtained through the SHAP method.

Beyond the identification of influential crash severity predictors, the SHAP analysis provides insights into 
the relative contribution of each factor toward the model predictions. Table  3 compares the influential crash 
severity predictors identified by the XGBoost feature importance and SHAP analyses to examine the consis-
tency between the two interpretability approaches. It shows the influential crash severity predictors identified by 
XGBoost feature importance with their corresponding SHAP ranking, and highlights additional predictors identi-
fied exclusively by SHAP. Overall, both methods demonstrated substantial agreement for several key predictors, 
including accident type, number of vehicles involved, and accident cause, indicating that these variables induce 
consistent and stable contributions to crash severity outcomes prediction regardless of the employed interpret-
ability method. This consistency strengthens confidence in the robustness of the identified crash severity risk 
factors, suggesting that these variables contribute reliably to crash severity prediction across different interpreta-
tion methods/techniques. Variables such as time of day exhibited partial agreement, whereas some predictors like 
lighting and weather conditions exhibited comparatively larger differences in their rankings. Further, road type 
and damage type were identified as top predictors only by SHAP, highlighting their localized non-linear effects 
not emphasized by global feature importance. These differences are expected since both methods quantify feature 
importance from different perspectives. XGBoost feature importance provides a global ranking based on each 
variable’s contribution to the tree-splitting process during model construction. In contrast, SHAP explains indi-
vidual predictions by quantifying each feature’s marginal contribution while accounting for feature interactions 
and nonlinear relationship effects. Subsequently, SHAP may identify features with considerable local influence 
that are not necessarily among the highest-ranked variables in the global XGBoost-based feature importance 

Fig. 9  SHAP summary plots for identification of severity risk factors in fatal crashes.
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analysis. The two approaches should be viewed as complementary, jointly providing both global and local per-
spectives on crash severity prediction.

Findings of the current study are generally consistent with recent XML studies for crash severity predic-
tion34,128,129, which similarly reported that accident characteristics, environmental factors, human-related vari-
ables, and roadway conditions constitute the dominant predictors of crash severity. Comparative analysis of 
XGBoost feature importance analysis and SHAP interpretation observed in this study further supports recent 
evidence that combining ensemble learning with explainability improves both predictive performance and model 
transparency, hence facilitating targeted safety interventions and more reliable policy-oriented decision-making 
(Table 5).

Figures 11 and 12 show the SHAP main-effects interaction plots for the two sensitive features, including acci-
dent type and weather status. Main-effects interaction plots are shown for both fatal and non-fatal injury acci-
dents. Main-effects SHAP interaction plots can provide better insights into individuals’ effects of sub-predictors 
(child variables) instead of main variables (parent variables). A better understanding of the role of specific sub-
features on crash severity outcomes is important for the selection and suggestion of appropriate countermeasures. 
Interpreting the main-effects interactions plots, it is worth mentioning that points located above the hypothetical 
horizontal plane above zero imply greater feature importance and vice versa.

Figure 11a shows the SHAP main-effects plot for fatal crashes. Higher positive SHAP values suggest that cer-
tain crash types contribute more strongly in predicting fatal injury outcomes. Further, the relatively wide spread 
of SHAP values also implies that the contribution of variable accident type varies across individual crash obser-
vations, reflecting the heterogeneous nature of fatal crash severity prediction. Considering the main- interaction 
plot for the feature accident type, it is worth noting that human-runover crashes, rollover crashes, and those that 

Fig. 10  SHAP summary plots for identification of severity risk factors in non-fatal crashes.
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occurred due to sudden swerving are expected to increase the probability of fatal injuries. Similarly, considering 
the main-effects SHAP interaction plot for feature weather status, it is revealed that adverse weather such as rain 
and poor visibility conditions during dust storms are associated with increased probability of fatal crashes. The 
reported findings are in line with recent related literature69,124.

Figure 11b presents the corresponding SHAP main-effects plot for non-fatal crashes. Unlike the fatal crash 
analysis, the SHAP values distribution exhibits comparatively lower positive contributions, demonstrating that 
the same accident categories may have different predictive influences depending on the injury severity out-
come. This highlights the importance of separately examining the predictor effects for fatal and non-fatal crash 
classifications.

Fig. 11  SHAP main-effects interaction plot showing 
the contribution of accident type to predictions of fatal 
crash severity (a); and non-fatal crash severity (b).
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Fig. 12  SHAP main interaction plot 
showing the contribution of weather 
conditions to predictions of fatal 
crash severity (a); and non-fatal 
crash severity (b).
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Policy implications

The findings of the current study could provide valuable insights and essential guidance for effective policymak-
ing to improve highway safety. The explainability analysis outputs yielded by SHAP and XGBoost feature impor-
tance analysis provide valuable guidance for practical traffic safety improvement and management. For instance, 
the high contribution of accident type suggests that safety programmes should focus on prioritising crash types 
often associated with fatal severity outcomes through engineering improvements, public awareness campaigns, 
and targeted enforcement. Similarly, the importance of adverse weather and lighting conditions advocates the 
need for enhanced warning systems during poor weather, weather-responsive traffic management strategies, and 
improved roadway illumination, especially during the night. The high and consistent contribution of the num-
ber of vehicles involved indicator and various crash causes further highlights the importance of strengthening 
driver behaviour interventions, safety awareness campaigns, speed management, and strict enforcement of traffic 
regulations.

Conclusions and future works

Traffic crashes remain a major public health challenge worldwide. Analysis of crash severity is an important 
aspect of highway safety research. Severity outcome of traffic crashes is influenced by complex interactions 
between various predictors such as humans, vehicles, roadway, weather, and features of the built environment. 
A better understanding of crash severity risk and crash-contributing circumstances is important for the timely 
and effective implementation of suitable countermeasures. In the literature, crash severity is frequently studied 
through the application of parametric (statistical) and conventional non-parametric (machine learning); however, 
such methods have several inherent discrepancies. The present study is aimed at investigating the applicability 

Predictor XGBoost 
rank

Corre-
sponding 
SHAP 
Rank

Agreement Interpretation

Accident 
type

1 2 High Consistently ranked as most influential predictors, 
suggesting its robust effect on crash severity across 
both methods.

Weather 
condition

2 12 Low Discrepancy in ranking by both methods, indicat-
ing its influence is primarily reflected in the mod-
el’s global structure rather than local predictions.

Number of 
vehicles

3 4 High Similar rankings across both methods indicating a 
consistent and stable contribution to crash severity 
outcomes.

Lighting 
condition

4 11 Low Higher global importance but weaker local contri-
bution, potentially implying its interaction effects 
with other crash predictors.

Accident 
cause

5 6 High Closely aligned variable rankings demonstrating 
consistent contribution to crash severity prediction.

Time of the 
day

6 10 Partial Identified by both methods, although SHAP 
indicates relatively weaker influence on individual 
predictions, possibly due to local interaction 
effects with other crash predictors

Road type - 1 SHAP only Identified primarily by SHAP, highlighting the 
localized nonlinear effects not emphasized by 
global feature importance.

Damage type - 5 SHAP only Identified only by SHAP, showing its important 
role in explaining individual crash severity out-
comes rather than overall model structure.

Table 5  Comparison of 
influential crash severity 
predictors identified using 
XGBoost feature importance 
and SHAP and analyses.
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of the state-of-the-art ensemble XGBoost algorithm for crash severity prediction of traffic crashes in the Qassim 
region of KSA. The predictive performance of XGBoost was evaluated using different statistics (such as accu-
racy, recall, precision, F-1 scores, ROC, AUC, etc.) in a comparative study with two traditional and well-known 
machine learning techniques, including LR and RF.

Experimental results revealed that all the developed models yielded an acceptable crash severity classification 
performance. However, model comparison analysis showed that XGBoost, with an average accuracy of 90.50%, 
outperformed both the LR and RF models. Similarly, it also achieved superior values for other considered evalua-
tion metrics, indicating that it is more robust and better explains/captures the patterns in the input crash data com-
pared to other classifiers. To overcome the blackbox criticism of machine learning models, the current study also 
employed XGBoost-based feature ranking/sensitivity analysis. The results identified the top six predictors that 
can significantly impact the crash severity outcome. These top sensitive variables in this regard include accident 
type, weather conditions, number of vehicles involved, lighting conditions, accident cause, and time of the day 
(TOD). Crash severity risk factor evaluation was also conducted through the SHAP approach. Rather than serving 
only as an interpretation tool for feature ranking, SHAP analysis provides transparent insights for translating the 
ML and explainable AI predictions into resource prioritisation and evidence-based safety policies. SHAP results 
revealed that variables including road type, accident type, number of vehicles involved, damage characteristics 
at the site, and accident cause are expected to increase the likelihood of fatal injury crashes. The explainability 
analysis demonstrates that the proposed ML framework can provide not only accurate crash severity prediction 
but also transparent decision support for transportation officials and agencies. Overall, the XGBoost feature 
importance and SHAP analyses showed substantial agreement in identifying the dominant crash severity predic-
tors, while their differences provide complementary insights into both the global importance and localized non-
linear effects of the explanatory variables. The consistency of risk factors observed between SHAP results and 
XGBoost feature importance analysis increases confidence in the identified risk factors and enables policymakers 
to prioritise interventions toward crash scenarios that contribute most to severe crash outcomes. Further study 
findings demonstrate that explainable AI frameworks can serve as a practical tool for developing targeted and 
data-driven road safety strategies.

The growing adoption of XML in transportation safety research demonstrates that future crash severity predic-
tion frameworks should simultaneously emphasize improving predictive accuracy, model interpretability, and 
practical applicability. The framework proposed in this research contributes to this growing research direction 
by integrating high-performing ensemble ML learning models with transparent model interpretation to support 
evidence-based road safety interventions and policy-oriented decision-making.

This research is not without a few limitations, which may be covered in forthcoming studies. This study used 
crash data from a single year in Qassim province of KSA. While adequate for model development and evaluation, 
the limited geographical and temporal coverage may reduce the generalizability of the findings and transferabil-
ity to other regions. Future studies should validate the proposed framework using multi-region, multi-year, and 
external datasets to assess its temporal stability, robustness, and transferability. Similarly, future studies should 
utilize detailed datasets containing information on other missing explanatory variables and information about 
drivers/occupants’ socio-demographics. Similarly, the present analysis was focused on severity modeling of all 
crash types; future studies could investigate targeted road user groups such as vulnerable road users (VRUs) or 
specific crashes, which may reveal more interesting insights. In addition, although SMOTE was employed to 
address class imbalance, no sensitivity analysis or comparison with alternative imbalance-handling methods 
(ADASYN, Borderline-SMOTE, or cost-sensitive learning) was conducted. Future work should evaluate dif-
ferent class-balancing procedures to assess their impact on model predictive capabilities and robustness. Fur-
ther, the present study employed a single hold-out validation framework rather than repeated cross-validation or 
multiple experimental runs. Although this approach provides an unbiased assessment using an independent test 
dataset, future studies may employ repeated stratified cross-validation or bootstrap resampling to further quantify 
the robustness and uncertainty associated with model performance estimates. Future studies can also focus on 
evaluating computational efficiency under different hardware configurations to investigate the robustness of the 



Article in Press

Scientific Reports

https://doi.org/10.1038/s41598-026-73109-2

proposed framework using publicly available benchmark datasets and repeated validation procedures. Finally, 
further research is needed to examine the applicability of various other ensemble techniques, deep learning 
approaches, and different interpretability analyses such as IME, SAGE (Shapley Additive Global Explanations), 
partial dependence plots (PDP), Accumulated Local Effects (ALE), permutation feature importance, and coun-
terfactual explanations, to improve the transparency, robustness, and practical interpretability of crash severity 
prediction models.
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