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Abstract 

Pedestrian safety represents a critical priority for the development of sustainable urban 
mobility systems. This study proposes an innovative methodological framework integrat-
ing supervised and unsupervised learning techniques with econometric modeling to iden-
tify and interpret risk scenarios. Using the Italian national dataset from 2010 to 2023, an 
XGBoost model has been initially trained and tested. Then, SHapley Additive exPlana-
tions (SHAPs) have been applied to highlight contributing factors. Using the resulting 
SHAP values, a K-Means clustering algorithm was finally employed to segment crashes 
into homogeneous clusters. For each cluster, a Generalized Linear Mixed Model incorpo-
rating geographic random intercepts and temporal random slopes was calibrated. 
Through this hybrid-stratified approach, three risk scenarios have been identified, primar-
ily driven by demographic vulnerability. For elderly pedestrians, the involvement of 
heavy vehicles nearly doubles the odds of a fatal outcome. Crash dynamics varied signif-
icantly: heavy vehicles and speeding nearly double the fatality risk for elderly pedestrians; 
nighttime represents a severe hazard for adults (OR = 3.87) and youths (OR = 7.99), with 
the latter also highly penalized by unsafe road behaviors (OR = 3.12). From a spatio-tem-
poral perspective, random effects revealed that the Islands (Sicily and Sardinia) are the 
most critical macro-areas (+55.2% baseline risk for adults) and the North-West the safest. 
Furthermore, the COVID-19 pandemic mitigated fatal risk for young pedestrians nation-
wide, had a neutral impact on the elderly, and for adults was protective in Southern re-
gions but corresponded to higher odds of mortality in the North, reflecting altered traffic 
dynamics. 
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1. Introduction 
Road safety remains a critical societal issue worldwide, responsible for approxi-

mately 1.19 million fatalities annually. Recognizing the urgency of this crisis, the Euro-
pean Union established the Road Safety Policy Framework 2021–2030 [1], which aims to 
halve road deaths and serious injuries by 2030 compared to 2019 levels. Although the Ital-
ian National Road Safety Plan adopted this identical objective, current outcomes fall sig-
nificantly short [2]. In 2024, Italy recorded 3030 road fatalities, 31% higher than the target. 
In response to this challenging scenario, United Nations 2030 Agenda recognized road 
safety as a key prerequisite to promote Sustainable Development, directly supporting key 
Sustainable Development Goals (SDGs): halving global road deaths and injuries (SDG 
3.6); developing resilient and sustainable infrastructure (SDG 9.1); ensuring safe, accessi-
ble, and sustainable transport systems that prioritize VRUs (SDG 11.2); and providing 
universal access to safe public spaces (SDG 11.7) [3]. 

Pedestrians have been considered the most vulnerable road users since, due to the 
disparity in physical characteristics compared to vehicles, they are subject to much more 
serious or fatal injuries when crashes occur [4]. For decades, the analysis of risk factors 
associated with crash severity has been carried out using econometric models such as 
Multinomial and Ordered Logit models [5–10]. With the advent of more advanced Ma-
chine Learning models, researchers’ attention has shifted toward these approaches [4,11–
26]. Unlike the previous models, however, a common historical criticism concerns their 
limited interpretability. Consequently, the need emerged to employ additional tech-
niques, such as SHAP analysis, to make these models interpretable and unveil their black-
box nature. The justified use of Machine Learning has mainly been driven by the ability 
of these models to capture the strong nonlinear relationships between the dependent and 
independent variables. Recently, a dual trend has emerged among scholars: on the one 
hand, a renewed shift toward more complex econometric models, such as Mixed Logit 
Models with heterogeneity in mean and variance [27]; on the other hand, the development 
of hybrid models that combine the main strengths of both econometric and Machine 
Learning approaches [20,21]. 

The state of the art shows that XGBoost is among the best-performing models for 
predicting the severity of pedestrian crashes, due to its scalability and efficiency in han-
dling large amounts of data [28]. In a recent study of Wu et al. [18], the authors compared 
the performances of XGBoost and Random Forest (RF) in variable selection. The results 
show that XGBoost has been proven as more reliable than RF for pedestrian crash data: 
the most critical risk factors that have been found are posted speed limit, visibility condi-
tions, pre-crash circumstances, pedestrian location, distraction and alcohol impairment. 
In another study from the same authors [29], a small dataset has been used to create injury 
severity models. Despite this limitation in dataset size, the XGBoost reaches quite good 
performances, highlighting that nighttime hour crashes show a higher probability of fatal 
outcomes. The scenario that has an average probability of fatal crashes occurs at intersec-
tions during weekend nights with adverse weather conditions. Another common problem 
that emerges from pedestrian injury severity models is related to the imbalances of da-
tasets and the poor interpretability of Machine Learning Algorithms. In the study of Ha-
sanat et al. [30], the authors have introduced an XGBoost with loss function balancing and 
undersampling techniques such as RDPVR (Random Data Partitioning with Voting Rule). 
Unlike other studies, researchers avoided synthetic oversampling techniques, such as 
SMOTE (Synthetic Minority Over-sampling Technique) [31], to preserve the integrity of 
real behavioral patterns, and also used SHAP to interpret the results of models. High ve-
hicle speed, poor lighting, heavy vehicle involvement, and driver age emerged as the 
strongest risk factors of fatal outcomes. SHAP analysis revealed a decrease in the risk of 
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serious crashes in the period 2020–2023 compared to 2014–2016, suggesting a measurable 
impact of recent safety policies in Jordan. 

Other studies try to highlight the most important features related to pedestrian injury 
severity. In the study of Chang et al. [32], the authors aimed to predict the effects of the 
built environment on pedestrian fatalities, overcoming the limitations of typical aggregate 
data. The application of XGBoost and SHAP shows that the most critical factors for mor-
tality risk were high residential density, road segment betweenness, and network accessi-
bility. Other studies have focused on the effectiveness of rapid flashing light indicators 
(RRFBs) on the severity of pedestrian crashes [4]. The authors, using XGBoost, SHAP, and 
econometric models, found that installing RRFBs significantly reduces the severity of in-
juries in nighttime and pedestrian crashes. XGBoost showed an accuracy of 97% for night 
crashes, much higher than the statistical model (73.8%). Still comparing the results of 
XGBoost, LightGBM and CatBoost and other econometric models (together with SHAP), 
it was found that CatBoost achieved the best accuracy (95.72%) compared to the other 
models tested. Critical factors for serious/fatal crashes during nighttime hours at intersec-
tions include pedestrian/driver intoxication, sudden crossing behavior, and inadequate 
lighting [33]. In line with what has been stated above, the study by Wisutwattanasak et al. 
[34] investigated the temporal instability of crashes in Thailand. The authors promote a 
comparison between SVM, Gradient Boosting, AdaBoost, XGBoost and CatBoost. Again, 
Catboost, unlike previous studies, was found to be the most accurate model. The SHAP 
analysis instead highlighted how mortality is significantly higher during the evening rush 
hour (06:00 pm–09:00 pm). Other scholars, for example, have introduced recent optimiza-
tions of XGBoost. Chen et al. [35], proposed an MSCPO-XGBoost (XGBoost optimized via 
an algorithm inspired by crested porcupine behavior) with the application of SMOTE to 
balance gravity levels and SHAP for interpretability. The MSCPO-XGBoost model outper-
formed SVM, Random Forest, and CNN with an accuracy of 83.57% and an AUC of 
92.82%. The main predictors were found to be engine displacement, vehicle mass, and 
driver age. 

Another aspect that has recently received particular attention in the scientific com-
munity is the role played by the age of the pedestrian. In a study that analyzed factors 
influencing injury severity for older pedestrians (over 65 years) [14], comparing the per-
formance of XGBoost (while using SHAP to visualize the marginal contributions of vari-
ables with multinomial logistic regression (MNL)), the authors found that in addition to 
the better performance of XGBoost, vehicle speed emerged as the most critical factor for 
elderly pedestrians, followed by lighting conditions (high risk at dawn, between 5 and 7 
am). Similar results have been recorded in a study conducted in Seoul [36]. The objective 
was to discover how aggressive driving behaviors influence crashes involving elderly pe-
destrians. Using XGBoost and SHAP, the authors found how aggressive driving behaviors 
(rapid acceleration/deceleration, speeding) are dominant factors in both the frequency and 
mortality of older pedestrians. Other studies analyzing the injury severity of elderly pe-
destrians have highlighted the effectiveness of tree models in managing data complexity 
(particularly XGBoost) and confirm the crucial role of speed limits and driver behavior in 
protecting the elderly [37]. 

It is also worth highlighting how, in some recent studies on pedestrian analysis in 
national contexts, there is a tendency to identify geographic factors. In a study conducted 
in the United States, the authors integrated Emerging Hotspot Analysis and XGBoost us-
ing partial dependence plots to visualize the effects of the variables on pedestrian crash 
data in North Caroline [38]. In this study, the authors focused exclusively on a single state 
to understand the role of the variables analyzed in that particular context. The analysis 
shows that agricultural land development, highways (Interstate/US routes), road piracy, 
drunk driving (driver or pedestrian), and urban areas are the main risk factors. Still in the 
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US context, Sulle et al. [39] identify the key factors of pedestrian fatalities by comparing 
the five US states with the highest risk with the five with the lowest risk to highlight the 
different geographical contexts. Age has emerged as the most impactful predictor: increas-
ing age significantly increases the risk of fatality, especially in high-risk states. Alcohol 
and drug use are strong predictors everywhere, but their impact is even more pronounced 
in low-risk states. Nighttime crashes show higher SHAP values, indicating a much greater 
likelihood of fatal outcomes due to poor visibility. Furthermore, distraction (both driver 
and pedestrian, the latter often linked to smartphone use) is a critical factor in all the re-
gions analyzed. Therefore, this study aims to provide a two-fold contribution. It intro-
duces a novel methodological framework that integrates Machine Learning (XGBoost), 
SHAP values, unsupervised clustering, and Generalized Linear Mixed Models (GLMMs) 
to objectively identify and evaluate crash risk scenarios. Then, it applies this framework 
to a highly relevant and understudied national case study: the Italian context serves as an 
ideal testing ground for this methodology. 

Further findings emerging from the analysis of the recent literature highlight how 
the COVID-19 pandemic has introduced profound temporal instability, making predictive 
models in the pre-pandemic period less accurate for the current context [40]. Although the 
overall volume of crashes decreased during lockdowns, the severity of injuries often in-
creased, a phenomenon attributed to riskier driving behavior, such as higher speeds 
[41,42]. In the study by Tamakloe et al. [43], the authors note that back injuries are posi-
tively correlated with fatal outcomes after the pandemic, while they showed an opposite 
effect (risk reduction) at intersections before the pandemic. After the pandemic, the pres-
ence of pedestrian crossings reduced the likelihood of fatality more effectively at intersec-
tions than in other road segments. 

The literature analyzed focuses mainly on the classification and evaluation of the im-
portance of individual risk factors in isolation. Although some studies mention specific 
interactions (e.g., between lighting and pedestrian position or between speed and road 
type) or a priori defined risk scenarios [18,33,34], a structured methodology to uniquely 
define the different risk scenarios is lacking. Unlike existing studies, this study introduces 
a Hybrid-Stratified methodological approach for identifying risk scenarios, combining su-
pervised and unsupervised algorithms with econometric models. Specifically, starting 
from the critical role of demographic differences highlighted in the previous literature, 
this approach stratifies the analysis through distinct pedestrian age clusters (e.g., young, 
adults, and elderly). This allows us not only to predict risk within specific demographic 
groups, but to map complex scenarios to support more targeted and proactive road safety 
interventions across the Italian territory. To highlight this contribution, the overall meth-
odology will be described in the following Section 2, while the results will be shown in 
Section 3. Finally, in Section 4, the main results will be discussed. 

2. Methodology 
As stated in the Introduction Section, this paper aims to analyze pedestrian crash risk 

scenarios in Italy, from 2010 to 2023. A hybrid-stratified approach is proposed by leverag-
ing the most implemented models in the traffic safety field (see Figure 1). 
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Figure 1. Flow chart of the Risk Scenario Identification Methodology. 

In this context, hybrid is intended as a methodology that combines methods from 
different analytical fields (Machine Learning and Econometrics); while stratified means 
that the risk scenario analysis is performed on homogeneous sub-populations. However, 
unlike traditional ex ante stratification based on raw data, this approach employs a data-
driven, post hoc segmentation based on SHAP values to objectively define these homoge-
neous groups. In particular, Supervised, Unsupervised, and Econometric Models were 
implemented with the aim of identifying the riskiest scenarios in Italy. The hybrid-strati-
fied methodology starts with the creation of Crash Injury Severity Models, with the help 
of XGBoost, and then, with SHAP analysis, the relationships between dependent and in-
dependent variables are discovered. By collecting all SHAP values, a K-Means Algorithm 
was applied to these values with the aim of identifying clusters/scenarios. Once the most 
frequent clusters were identified, for each of them, a GLMM Model was estimated to un-
derstand the relationships between pedestrian crash injury severity and contributing fac-
tors within that scenario. In the following subsections, the main models that constitute 
this hybrid-stratified approach will be shown in detail. 

2.1. Data Description 

The dataset used for the analysis of risk scenarios in Italy covers 14 full years, span-
ning from 2010 to 2023. The utilized data were obtained from the Italian National Institute 
of Statistics (ISTAT) [44]. A total of 257,851 records concerning pedestrian-involved 
crashes were extracted from the database. Figure 2 displays the chronological trend of the 
analyzed crashes. As can be observed, prior to 2020, the annual average of pedestrian 
crashes stood at 19,334. In addition to the drastic and significant drop recorded in 2020 
(where total pedestrian crashes fell to 12,714), a gradual recovery followed the pandemic 
crisis, although without fully reverting to the pre-pandemic scenario (recording 18,481 
pedestrian crashes in 2023). A significant aspect worth highlighting is that while the 
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average fatality rate (the ratio of fatalities to total pedestrian crashes) sits at 2.78% on av-
erage, this proportion rose to 3.04% in 2020. 

 

Figure 2. Historical trend of pedestrian crashes in Italy (2010–2023). 

2.2. XGBoost Algorithm 

The XGBoost Algorithm was first introduced in 2016 by Chen and Guestrin [25], and 
it is widely recognized for its scalability and speed, but also for its own capability of han-
dling numerical and categorical data. In addition, it can handle nonlinearity within a more 
interpretable structured framework [45]. The algorithm is an extension of gradient boost-
ing methods [46]. The boosting technique consists of simple models that are recursively 
added to the previous ones, while in gradient boosting, new models are added in order to 
predict the residuals of previous models. An optimized version of gradient boosting is 
XGBoost, which introduces some penalties to reduce tree complexity and avoid overfit-
ting. It is structured as an ensemble and supervised model based on a decision and clas-
sification tree (CART). Despite other Machine Learning methods and Neural Networks, it 
works on an additive sequential criterion, and this means that the outcomes depend on 
previous results on other trees. The XGBoost Algorithm does not build independent trees 
(as in Random Forest) but trains each new tree 𝑓௧ with the specific task of correcting re-
sidual errors made by the set of previous trees. The final prediction 𝑦ො௜ሺ௧ሻ for the observa-
tion 𝑥௜ at iteration 𝑡 could be obtained from the following Equation (1): 

𝑦ො௜ሺ௧ሻ ൌ ෍𝑓௞ሺ𝑥௜ሻ௧
௞ୀଵ  (1) 

where: 

• 𝑡 is the number of iterations; 
• 𝑘 is the number of generated trees; 
• 𝑥௜ is the current observation; 
• 𝑓௞ሺ𝑥௜ሻ is the tree function; 
• 𝑦ො௜ሺ௧ሻ is the overall prediction. 

The same Equation (1) could also be written as follows (Equation (2)): 𝑦ො௜ሺ௧ሻ ൌ 𝑦ො௜ሺ௧ିଵሻ ൅ 𝑓௧ሺ𝑥௜ሻ (2) 

where: 

• 𝑦ො௜ሺ௧ିଵሻ is the prediction at 𝑡 − 1 iteration; 
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• 𝑓௧(𝑥௜) is the tree function at 𝑡 iteration. 

A peculiar aspect of XGBoost lies in its penalized objective function, which penalizes 
the model’s predictive ability based on the structural complexity of the trees to prevent 
overfitting. The objective function to be minimized at iteration 𝑡 is defined as (Equation 
(3)): 

ℒ (௧) = ෍𝑙(𝑦௜ ,𝑦ො௜௡
௜ୀଵ ) + ෍𝛺(𝑓௞)௧

௞ୀଵ  (3) 

where: 

• 𝑛 is the total number of observations in the dataset; 
• ℒ (௧) is the penalized objective function at iteration 𝑡; 
• 𝑙(𝑦௜ ,𝑦ො௜) is the loss function; 
• 𝛺(𝑓௞) is the regulation term. 

The regulation term is defined as follows (Equation (4)): 

𝛺(𝑓௞) = ϒ𝑇 + 12 𝜆෍𝑤௝ଶ்
௝ୀଵ  (4) 

where: 

• 𝑗 is the leaf score; 
• 𝑇 is the total number of leaf nodes; 
• 𝑤௝ is the leaf weight; 
• ϒ is the penalty parameter for reducing the complexity of trees; 
• 𝜆 is the regularization parameter for the 𝐿ଶ norm. 

2.3. SHapley Additive exPlanations (SHAPs) Algorithm 

One main criticism of Supervised and Unsupervised Machine Learning Algorithms 
is their poor interpretability, often referred to as “black box” nature. This issue is related 
to the fact that there is no explainable mathematical structure that defines the method 
itself, so relationships between independent variables and outcomes are somehow diffi-
cult to discover, as well as the inner prediction process. To overcome this limitation, the 
SHAP method has been widely used both for regression and classification tasks [15,20,32]. 
The SHAP method is based on game theory: every feature in the model is considered a 
player [47,48]. By using Shapley values, the marginal contribution of features to the model 
output is evaluated. The aim of SHAP analysis is to find a simple linear model that is able 
to explain the prediction of the complex one (Equation (5)): 𝑔(𝑧′) = 𝜙଴ + ෍ 𝜙௜𝑧′௜௠௜ୀଵ  (5) 

where: 

• 𝑔(𝑧ᇱ) is the explanation model; 
• 𝑧′௜ is a representation of the input features 𝑥; 
• 𝑚 is the number of features; 
• 𝜙଴ represents the average prediction of the model; 
• 𝜙௜ is the Shapley value for feature 𝑖. 

The Shapley value could be evaluated as follows (Equation (6)): ϕ௜ = ෍ |𝑆|! (𝑀 − |𝑆| − 1)!𝑚!ௌ⊆{ଵ,…,௠}∖{௜} ሾ𝑓௫(𝑆 ∪ {𝑖}) − 𝑓௫(𝑆)ሿ (6) 

where: 
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• |𝑆| is the number of elements in the subset S; 
• 𝑓௫(𝑆) is the model prediction; 
• 𝑓௫(𝑆 ∪ {𝑖}) is the model prediction after adding feature 𝑖. 
2.4. K-Means Algorithm 

The fundamental step of this methodology lies in the application of the K-Means al-
gorithm not on the original feature space, but on the SHAP value space [48]. While con-
ventional clustering identifies groups of observations with similar characteristics, cluster-
ing on SHAP values identifies groups of observations that share the same risk factors. This 
way of clustering allows us to solve the problem of the unit of measurement of the differ-
ent variables, also taking into account the nonlinear interactions between the quantities 
first highlighted with XGBoost and then made explainable with SHAP. 

The K-Means algorithm is one of the most widely used unsupervised clustering tech-
niques in data analysis [49,50]. Unlike predictive models, the goal of K-Means is not to 
estimate a target variable, but rather to identify latent structures within the dataset by 
grouping the 𝑛 observations into 𝐾 distinct clusters based on their similarity. This data 
partition into 𝐾 distinct clusters could be obtained by minimizing the intra-group vari-
ance, known as Within-Cluster Sum of Squares (WCSS) (Equation (7)): 

𝐽(𝐶,𝜇) = ෍෍‖𝑥௜ − 𝜇௞‖ଶ௜∈஼ೖ
௄
௞ୀଵ  (7) 

where: 

• 𝐶 is the set of clusters {𝐶ଵ,𝐶ଶ, … ,𝐶௞}; 
• 𝜇 is the set of cluster centroids {𝜇ଵ,𝜇ଶ, … ,𝜇௞}; 
• 𝑥௜ is the observation in the dataset; 
• ‖𝑥௜ − 𝜇௞‖ଶ is the squared Euclidean distance of the dataset observation and the clus-

ter centroid. 

As previously stated, in the standard formulation (Equation (7)), K-Means works on 
the feature space. If these values are replaced with SHAP values ϕ௜, the objective function 
becomes the minimization of the variance of the predictive contributions, i.e., how much 
the single factor weighed on the severity of the crash (Equation (8)): 

𝐽(𝐶,𝜇) = ෍෍‖ϕ௜ − 𝜇௞‖ଶ௜∈஼ೖ
௄
௞ୀଵ  (8) 

where: 

• 𝐶 is the set of clusters {𝐶ଵ,𝐶ଶ, … ,𝐶௞}; 
• 𝜇 is the set of cluster centroids {𝜇ଵ,𝜇ଶ, … ,𝜇௞}; 
• ϕ௜ is the SHAP value; 
• ‖ϕ௜ − 𝜇௞‖ଶ is the squared Euclidean distance of SHAP value and the cluster centroid. 

2.5. Generalized Linear Mixed Model (GLMM) 

The Generalized Linear Model (GLM) is an extension of traditional linear regression 
(LR) [51]. With this model, it is possible to relax the normality and constant error-variance 
assumptions, providing a more flexible tool for predicting both discrete and continuous 
variables [52]. To account for spatial unobserved heterogeneity and potential correlation 
within geographical groups, a Generalized Linear Mixed Model (GLMM) specification 
with Random Intercept and Slope was adopted. 

Given the binary nature of the severity in this particular study, the model could be 
simplified as follows (Equations (9) and (10)) [53,54]: 
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𝑝௜௝  = 𝑃൫𝑌௜௝ = 1ห𝑥௜௝ , T௜௝ , 𝛾଴௝ , 𝛾ଵ௝൯ (9) 

𝑙𝑜𝑔𝑖𝑡(𝑝௜௝) = 𝑙𝑛 ቆ 𝑝௜௝1 − 𝑝௜௝ቇ = 𝑥௜௝𝛽 + 𝛾଴௝ + 𝛾ଵ௝T௜௝ (10) 

where: 
• 𝑌௜௝ is the binary response variable related to observation 𝑖 and group 𝑗, in particu-

lar, 𝑌 ∈ {0,1}; 
• 𝑝௜௝ is the conditional probability that an event happens; 
• 𝑥௜௝ is the vector containing the explanatory variables; 
• 𝛽 is the vector of estimates; 
• 𝑥௜௝𝛽 is the Fixed Effect term; 
• 𝛾଴௝ is the Random Intercept for macro-area group j, representing the baseline geo-

graphic risk during the pre-COVID period; 
• 𝛾ଵ௝ is the Random Slope for macro-area group j, capturing the area-specific deviation 

in risk due to the pandemic; 
• T௜௝ is a dummy variable equal to 1 if the observation belongs to the post-2020 period, 

and 0 if it belongs to the pre-2020 baseline. 
The random effects 𝛾଴௝ and 𝛾ଵ௝ are assumed to follow a bivariate normal distribu-

tion with mean zero and an unstructured variance-covariance matrix Σ: 

ቆ𝛾଴௝𝛾ଵ௝ቇ~𝑁ቆ൬00൰ ,Σቇ~𝑁൭൬00൰ , ൬𝜎଴ଶ 𝜎଴ଵ𝜎଴ଵ 𝜎ଵଶ ൰൱ (11) 

By extracting the exponential function from Equation (10), the Odds could be ex-
pressed as follows (Equation (12)): 𝑂𝑑𝑑𝑠௜௝ = 𝑝௜௝1 − 𝑝௜௝ = ൫𝑒௫೔ೕఉ൯(𝑒ఊబೕ)൫𝑒ఊభೕ୘೔ೕ൯ (12) 

where: 

• 𝑒௫೔ೕఉ represents the Baseline Odds; 
• 𝑒ఊబೕ is the Geographic Risk Multiplier, defining the structural safety baseline of the j 

macro-area during the pre-pandemic period; 
• 𝑒ఊభೕ୘೔ೕ is the temporal COVID-19 multiplier: it functions as an area-dependent tem-

poral multiplier that quantifies how the COVID-19 pandemic amplified or mitigated 
the baseline severity in that specific macro-area. 

3. Results 
As previously shown in the Methodology section, the Hybrid-Stratified Approach 

provides that the first step in defining risk scenarios is the development of a severity 
model. For this purpose, an XGBoost classifier has been trained and tested, and its predic-
tive performance has been evaluated on these two sets of observations (see Table 1). 

Table 1. Main performances of the XGBoost Model. 

Metrics Training Set Test Set 
Accuracy 0.9426 0.9391 

Specificity (Injured) 0.9597 0.9579 
Sensitivity/Recall (Fatal) 0.3417 0.2820 

Precision (Injured) 0.9808 0.9790 
F1 score (Injured) 0.9701 0.9682 

F1 score (Fatal) 0.2485 0.2049 
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F1 score (macro) 0.6093 0.5866 
Balanced Accuracy 0.6507 0.6199 

It is worth noting that no balancing techniques (e.g., oversampling and under-
sampling) have been applied to address class imbalance between fatal and injured obser-
vations. Some class weights have been used to prioritize fatal crashes over injuries, with-
out adding and generating synthetic observations. As shown in Table 1, the model 
achieves a global accuracy of 0.9391 and a balanced accuracy of 0.6199, demonstrating 
some robustness to class imbalance in the pedestrian crash dataset. By comparing the 
model’s performance with the Confusion Matrices in Figure 3, the proposed model shows 
limited ability to identify fatal observations (404 out of 1433 actual fatalities), with a Sen-
sitivity/Recall value for the Fatal class of 0.2820. The F1 score on the minority class is 0.2049 
in the testing phase. 

(a) (b) 

Figure 3. Confusion matrices for the XGBoost Algorithm evaluated on (a) training and (b) test sets. 

To discover the relationship founded by XGBoost, SHAP analysis was performed. A 
global SHAP summary plot is proposed, revealing the importance and the impacts of risk 
factors (see Figure 4). 
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Figure 4. Graphical results of SHAP analysis. 

The proposed analysis identifies pedestrian demographic vulnerability as one of the 
most important contributing factors to severe pedestrian crashes. According to SHAP re-
sults, elderly pedestrians (defined as pedestrians aged 65 or older) are strongly associated 
with increased pedestrian crash severity. Red dots indicate high SHAP values. When these 
points are on the right side of the SHAP graph, it means that higher values of that variable 
are associated with greater severity in pedestrian crashes. This suggests a proportional 
relationship between the independent and dependent variables. On the contrary, young 
pedestrians (under 25 years old) are less likely to sustain high levels of crash injury sever-
ity when they are involved in crashes. Another pedestrian demographic characteristic that 
plays a relevant role is pedestrian gender. As it is possible to observe in Figure 4, female 
pedestrians are less likely to suffer fatal injuries compared to males. Beyond de-
mographics, the model also captures other critical scenarios. High values for variables 
such as Area_Rural, Hour_Evening, and Vehicle_Type_Heavy_vehicle exhibit positive SHAP 
contributions, confirming that high-speed contexts, poor visibility during nighttime 
hours, and high kinetic energy associated with heavy vehicles are strong pedestrian risk 
factors. Area_Urban presents a positive SHAP trend, acting as a protective factor likely due 
to lower impact speeds. It is also worth noting that the presence of intersections and one-
way carriageways is a mitigating factor for pedestrian injury severity. Finally, the 
Macro_Area_Nord-Ovest feature predominantly clusters on the negative side of the SHAP 
axis, confirming its role as a mitigating geographic factor. 
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Applying the K-Means algorithm to SHAP values from the XGBoost analysis seg-
mented the entire set of observations into three pedestrian risk scenarios. The algorithm 
clusters observations based on pedestrian demographic profiles, particularly pedestrian 
age, rather than other environmental or dynamic crash factors (such as day, time, vehicle 
type, and so on). This result shows that age is the most significant predictor of pedestrian 
crash injury severity. Because age variables dominate the SHAP feature space, it is ex-
pected that K-Means clustering in this space will primarily reproduce age-based parti-
tions. Table 2 summarizes the cluster characteristics and scenarios. It is worth noting that 
clusters are numbered and classified according to the average fatality rate (fatal crashes 
divided by the total number of observations in that cluster/risk scenario). 

Table 2. Cluster characteristics. 

Cluster/Scenario Fatality Rate [%] Cluster Size Demographics Other Characteristics 

0 (Elderly) 5.23 79,554 
(33.35%) 

Elderly >65 (100%), Fe-
male (54.37%) 

Urban (96.37%), Clear Weather (83.08%), 
Car (75.99%), Weekday (80.50%) 

1 (Adults) 1.80 
113,541 
(47.60%) 

Adults 25–65 (97.96%), 
Female (53.96%) 

Urban (94.29%), Clear Weather (80.50%), 
Car (73.71%), Weekday (80.56%) 

2 (Young) 0.90 
45,433 

(19.05%) 
Young <25 (100%), 

Male (51.61%) 
Urban (95.50%), Clear Weather (81.89%), 

Car (75.48%), Weekday (79.95%) 

Regardless of the demographic differences among scenarios, the vast majority of 
crashes occurred under standard, everyday conditions: in urban environments (ranging 
from 94.29% to 96.37%), during clear weather (over 80%), on weekdays (approximately 
80%), and involving vehicle car drivers (around 75%). Since environmental characteristics 
are almost the same across all pedestrian crashes in the three scenarios, the fatality rate 
shows that demographic characteristics again play a main role. Cluster 2 (young pedes-
trians under 25 years) could be considered the baseline scenario, characterized by high 
physical resilience, with a mortality rate of only 0.90%. Cluster 1 (adult pedestrians aged 
25–65 years) represents the median scenario in terms of fatality rate (1.80%), but accounts 
for the largest share of total pedestrian crashes (47.60%). Conversely, Cluster 0 reveals a 
higher vulnerability of elderly pedestrians (over 65 years) than others. While experiencing 
the same baseline conditions, their mortality rate spikes to 5.23%. This indicates that an 
elderly pedestrian faces a lethal risk factor over six times higher than a young pedestrian 
under the same conditions. 

After the identification of the most frequent scenarios by using the K-Means Algo-
rithm, a stratified modeling approach was implemented. To choose the number of clus-
ters, the trade-off between Inertia and Silhouette Score was analyzed (see Table 3). The 
value K = 2 has the highest silhouette score (0.3994), indicating more separated clusters, 
but provides a less detailed representation of the data structure. As the number of clusters 
increases, Inertia progressively decreases, signaling better internal group adaptation, 
while the Silhouette Score tends to decrease. The choice of K = 3, therefore, represents a 
good compromise between cluster compactness and separation capacity: compared to K 
= 2, a significant reduction in Inertia is obtained (from 197,110.75 to 177,024.03) while still 
maintaining an acceptable silhouette value (0.2713). Higher values of K instead produce 
more limited improvements than Inertia in the face of lower separation quality. While K 
= 2 yielded the highest Silhouette score, it oversimplified the crash scenarios. K = 3 was 
selected as the optimal compromise: it provided a substantial reduction in Inertia (elbow) 
and, crucially, generated the most distinct behavioral profiles from an interpretability 
standpoint. Although K = 4 showed a marginally higher Silhouette score than K = 3 (0.283 
vs. 0.271), it resulted in fragmented sub-clusters lacking practical domain significance, re-
inforcing K = 3 as the most actionable choice. Three separate GLMMs have been calibrated 
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on each cluster, with the aim of highlighting contributing factors related to that specific 
scenario. The goodness-of-fit and predictive performances of the three discrete models are 
summarized in Table 4. 

Table 3. Results in terms of Inertia and Silhouette Score for K-Means clustering. 

K Inertia Silhouette Score 
2 197,110.75 0.3994 
3 177,024.03 0.2713 
4 160,739.66 0.2826 
5 155,630.22 0.2100 

Table 4. Performances of GLMM. 

Metrics Elderly Adults Young 
McFadden Pseudo R2 0.0878 0.2339 0.1942 

Nakagawa R2 (Marginal) 0.1417 0.2731 0.2496 
Nakagawa R2 (Conditional) 0.1469 0.2856 0.3771 

F1-Score 0.1543 0.0988 0.0412 
Balanced Accuracy 0.6341 0.7363 0.6871 

AIC 132,676.4 164,280.5 69,563.4 

As is possible to observe, despite class imbalances, the models show moderate predic-
tive performance, with Balanced Accuracies peaking at 0.7363 for the adult cluster. The F1 
score and the McFadden Pseudo R2 indicate a mixed trend. F1 score is higher for elderly 
and adult than for young pedestrians, while McFadden Pseudo R2 is lower for elderly than 
for adult and young pedestrians. The different vulnerabilities among the elderly could ex-
plain this latest trend. This means that the elderly could be involved in non-serious crashes, 
but, due to their higher vulnerability, they could suffer more fatal consequences. 

Finally, the model mathematically validates the spatial/geographic hypothesis intro-
duced in this study. For all three clusters, the Nakagawa Conditional R2 (which accounts 
for both fixed factors and the geographic random effect) is strictly greater than the Nak-
agawa Marginal R2 (which accounts only for the fixed crash characteristics). This confirms 
that including the spatial random intercept (Macro_Area) and Random Slope (Year) cap-
tures unobserved heterogeneity and systematically improves goodness-of-fit, demon-
strating that geography is a key feature of pedestrian crashes. As shown in Tables 5–7, 
geography interacts strongly with pedestrian demographics, especially age. 

Table 5. Geographic random effect for Cluster 0 (elderly over 65 years) in the pre-COVID-19 and 
post-COVID-19 period. 

Macro Area 
Random 
Intercept 
(Std. Err.) 

Geographic Risk OR 
Multiplier  

(Pre-COVID) [95%CI] 

Random 
Slope Cij 
(Std. Err.) 

Geographic Risk OR 
Multiplier  

(Post-COVID) [95%CI] 

Islands 0.2354 
(0.0362) 

1.2654  
[1.1787–1.3585] 

−0.0319 
(0.0405) 

0.9686  
[0.8946–1.0487] 

North-Est 0.0853 
(0.0270) 

1.0891  
[1.0329–1.1484] 

−0.0635 
(0.0307) 

0.9384  
[0.8837–0.9966] 

South 
−0.0936 
(0.0288) 

0.9106  
[0.8606–0.9635] 

0.0998 
(0.0329) 

1.1049  
[1.0359–1.1786] 

Centre −0.0314 
(0.0223) 

0.9691  
[0.9277–1.0123] 

−0.0377 
(0.0255) 

0.9630  
[0.9160–1.0125] 

North-West 
−0.2275 
(0.0231) 

0.7965  
[0.7613–0.8334] 

−0.0156 
(0.0260) 

0.9845  
[0.9356–1.0360] 
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Table 6. Geographic random effect for Cluster 1 (adults between 25 and 65 years) in the pre-
COVID-19 and post-COVID-19 period. 

Macro Area 
Random 
Intercept 
(Std. Err.) 

Geographic Risk OR 
Multiplier  

(Pre-COVID) [95%CI] 

Random 
Slope Cij 
(Std. Err.) 

Geographic Risk OR 
Multiplier  

(Post-COVID) [95%CI] 

Island 0.4373 
(0.0367) 

1.5486  
[1.4410–1.6641] 

−0.1823 
(0.0411) 

0.8333  
[0.7689–0.9031] 

South 
0.3169 

(0.0264) 
1.3728  

[1.3036–1.4458] 
−0.2255 
(0.0307) 

0.7981  
[0.7515–0.8476] 

Centre 
−0.0293 
(0.0206) 

0.9711  
[0.9326–1.0112] 

0.0841 
(0.0239) 

1.0878  
[1.0380–1.1400] 

North-Est −0.0413 
(0.0274) 

0.9596  
[0.9094–1.0125] 

0.0895 
(0.0311) 

1.0936  
[1.0290–1.1622] 

North-West 
−0.5600 
(0.0237) 

0.5712  
[0.5453–0.5983] 

0.1888 
(0.0266) 

1.2078  
[1.1464–1.2725] 

Table 7. Geographic random effect for Cluster 2 (youth under 25 years) in the pre-COVID-19 and 
post-COVID-19 period. 

Macro Area 
Random 
Intercept 
(Std. Err.) 

Geographic Risk OR 
Multiplier  

(Pre-COVID) [95%CI] 

Random 
Slope Cij 
(Std. Err.) 

Geographic Risk OR 
Multiplier  

(Post-COVID) [95%CI] 

Island 0.9693 
(0.0611) 

2.6361  
[2.3385–2.9717] 

−0.9657 
(0.0715) 

0.3807  
[0.3309–0.4380] 

North-Est 
0.9164 

(0.0381) 
2.5003  

[2.3202–2.6944] 
−0.9679 
(0.0449) 

0.3799  
[0.3479–0.4148] 

South 
0.5106 

(0.0462) 
1.6663  

[1.5220–1.8243] 
−0.6544 
(0.0534) 

0.5198  
[0.4681–0.5771] 

Centre 
0.4683 

(0.0399) 
1.5973  

[1.4772–1.7272] 
−0.3464 
(0.0448) 

0.7072  
[0.6478–0.7721] 

North-West 
0.3662 

(0.0352) 
1.4423  

[1.3461–1.5452] 
−0.7540 
(0.0404) 

0.4705  
[0.4346–0.5093] 

Integrating random effects into the GLMM model allowed us to isolate the influence 
of geographic factors and assess the heterogeneous impact of the COVID-19 pandemic on 
the three demographic clusters (see Figure 5). These models provide useful explanatory 
insights into relative risk factors rather than robust predictive classification. Analyzing the 
basic pre-pandemic risk, a marked territorial gap is observed, albeit with different mag-
nitudes between age groups. The Islands remain the most critical area for all categories 
(+26% for the elderly, +55% for adults, and 163% for young people). Young people (Cluster 
2) were the most exposed group nationwide before 2020, highlighting a systematically 
higher risk across Italy than the average. At the other extreme, the North-West area 
emerges as the safest macro-area overall, consistently recording the lowest intercept val-
ues (down to an OR of 0.57 for adults). 
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(c) 

Figure 5. Graphical representation of the geographic random effect in the pre- and post-COVID-19 
period: (a) Cluster 0 (elderly, over 65 years); (b) Cluster 1 (adults, age between 25 and 65 years); (c) 
Cluster 2 (youths, under 25 years). 

The introduction of random gradients to account for the post-2020 temporal effect 
reveals how the pandemic has altered road crash dynamics. For young people, COVID-
19 was associated with lower odds of severe outcomes everywhere, dramatically reducing 
the likelihood of a fatal outcome across regions (with reductions ranging from 29% in the 
Center to nearly 62% in the Islands). For the adult cluster (Cluster 1), in the southern areas 
(Islands and South), mobility restrictions were associated with lower odds of severe out-
comes as well (OR = 0.83 and 0.80); conversely, in the northern areas (North-West, North-
East, and Center), post-2020 mobility and traffic restrictions have increased mortality (up 
to an OR of 1.21 in the Northwest). Finally, for the elderly (Cluster 0), the pandemic impact 
appears more nuanced and neutral (values ranging from 0.93 to 1.10), suggesting that, for 
this category, intrinsic vulnerability is the most important factor, regardless of lockdown-
induced restrictions. 

According to the specification of GLMM Models, comparing Odds Ratios (ORs) 
across demographic scenarios shows that the magnitude of risk factors depends heavily 
on the pedestrian’s physical vulnerability. As shown in Tables 8–10, the involvement of 
heavy vehicles in crashes is a risk factor, but its magnitude varies across clusters (the OR 
for the elderly is 1.86; for adults, 2.48; and for the young, 3.04). Driver Speeding and Loss 
of Control increases the odds of a fatal outcome by roughly 2 times for the elderly (OR = 
2.12) but reaches higher values for adults (OR = 2.99) and youths (OR = 2.68). Differences 
in pedestrian vulnerability could explain these ORs: elderly pedestrians can suffer fatal 
consequences even at low speeds, thereby reducing the overall statistical weight of speed-
ing compared to younger individuals. It is worth highlighting that only variables that did 
not show quasi-separation were retained in the final models. For instance, the variable 
AreaUrban, despite accounting for over 94% of observations across all clusters, was 
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excluded from the elderly and young models due to quasi-complete separation and sparse 
cell counts when cross-tabulated with fatal outcomes. 

The analysis results also show that nighttime driving (Hour_Night) is a severe risk 
factor for young pedestrians (OR = 7.99) and adults (OR = 3.87), likely reflecting the com-
bination of high speeds, poor visibility, and potential psychomotor impairment in drivers. 
If a crash occurs in an urban area, the probability of fatal outcomes for adults decreases 
(OR = 0.18) due to lower vehicular speeds, traffic calming measures, and immediate access 
to trauma care compared to rural settings. Behavioral variables exhibit highly divergent 
effects across scenarios. Unsafe Position or Movement by the pedestrian acts as a strong 
risk factor for the young cluster (OR = 3.07) and adults (OR = 1.08), while it appears slightly 
protective for the elderly (OR = 0.82). This could be attributed to the fact that elderly pe-
destrians generally move more slowly, allowing drivers more reaction time to brake, even 
if they move in an unsafe way. Across all scenarios, being a Male Pedestrian is a risk factor 
(ORs range from 1.61 to 1.74). It is also worth noting the mitigating effect when micromo-
bility users are involved in a crash. However, these consistently low odds ratios should 
not be automatically interpreted as evidence that micromobility is protective. This result 
likely reflects lower kinetic impact energies than with heavy vehicles, as well as distinct 
reporting patterns in which only specific types of micromobility crashes are recorded. Fur-
thermore, without exposure measures or distinctions between shared spaces and dedi-
cated infrastructure, these estimates remain context-dependent. 

Another objective of this study is to assess the temporal shift in crash severity in-
duced by the pandemic. Looking at the fixed effects, the Year_Before_2020 variable indi-
cates an overall trend in which the pre-pandemic period shows higher baseline odds of 
fatal outcomes for the elderly (OR = 1.11, statistically significant) and young pedestrians 
(OR = 2.28). However, the lack of statistical significance of this fixed parameter in the adult 
and young models suggests that the post-COVID-19 alteration in mobility is not a uniform 
national trend, but rather a geographically distributed effect, which is far better captured 
by the area-specific Random Slopes introduced in the mixed structure. Another explana-
tion could be the severe strain on the healthcare system in northern Italy during the initial 
pandemic waves (affecting the speed of emergency care) and the geographical transit con-
straints in the Islands (helicopter/ferry delays). 

Table 8. GLMM description for Cluster 0 (elderly over 65 years). 

Variable Estimate Std. Error z-Value Pr (>|z|) OR 95% CI 
(Intercept) −0.4616 0.0925 −4.9923 0.0000 0.6303 [0.53–0.76] 

DayWeekend 0.1004 0.0164 6.1282 0.0000 1.1056 [1.07–1.14] 
Road_TypeOne_way_carriageway −0.7174 0.0474 −15.1242 0.0000 0.4880 [0.44–0.54] 

Road_TypeTwo_carriageways 0.0124 0.0501 0.2468 0.8051 1.0124 [0.92–1.12] 
Road_TypeTwo_way_carriageway 0.0210 0.0455 0.4624 0.6438 1.0213 [0.93–1.12] 

AlignmentIntersection −0.6164 0.0314 −19.6353 0.0000 0.5399 [0.51–0.57] 
AlignmentOther 0.3666 0.0553 6.6293 0.0000 1.4428 [1.29–1.61] 

AlignmentRoad_Segment −0.1578 0.0298 −5.2944 0.0000 0.8540 [0.81–0.91] 
Road_Surface_ConditionWet 0.0374 0.0250 1.4962 0.1346 1.0381 [0.99–1.09] 

Traffic_SignageSignage_Present 0.1321 0.0229 5.7585 0.0000 1.1413 [1.09–1.19] 
WeatherClear_Weather 0.0265 0.0238 1.1106 0.2667 1.0268 [0.98–1.08] 

Vehicle_TypeHeavy_vehicle 0.6207 0.0218 28.4594 0.0000 1.8602 [1.78–1.94] 
Vehicle_TypeMicro_Mobility −1.4664 0.0656 −22.3425 0.0000 0.2308 [0.20–0.26] 

Vehicle_TypeOther −0.2010 0.0726 −2.7692 0.0056 0.8179 [0.71–0.94] 
Vehicle_TypePowered_two_wheeler −0.2549 0.0224 −11.4036 0.0000 0.7750 [0.74–0.81] 
Driver_BehaviourRegular_Driving 0.4485 0.0251 17.8832 0.0000 1.5660 [1.49–1.64] 

Driver_BehaviourSpeed_and_Loss_Control 0.7535 0.0213 35.3925 0.0000 2.1244 [2.04–2.21] 
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Driver_BehaviourUnspecified_Circumstance 0.5588 0.0854 6.5436 0.0000 1.7485 [1.48–2.07] 
Pedestrian_BehaviourUnsafe_Crossing_or_Emergence −0.0251 0.0231 −1.0872 0.2770 0.9752 [0.93–1.02] 
Pedestrian_BehaviourUnsafe_Position_or_Movement −0.1885 0.0283 −6.6593 0.0000 0.8282 [0.78–0.88] 

Pedestrian_BehaviourUnspecified_Circumstance −0.5934 0.0869 −6.8287 0.0000 0.5524 [0.47–0.66] 
Driver_AgeElderly_over65 −0.1675 0.0151 −11.0956 0.0000 0.8457 [0.82–0.87] 
Driver_AgeNot_applicable −0.4888 0.0548 −8.9241 0.0000 0.6133 [0.55–0.68] 

Driver_AgeYoung_Under_25 0.0890 0.0234 3.8105 0.0001 1.0931 [1.04–1.14] 
Driver_GenderMale 0.3574 0.0165 21.7236 0.0000 1.4296 [1.38–1.48] 

HourEvening 0.2432 0.0179 13.5872 0.0000 1.2753 [1.23–1.32] 
HourMorning −0.0903 0.0155 −5.8144 0.0000 0.9137 [0.89–0.94] 

YearBefore_2020 0.1050 0.0338 3.1076 0.0019 1.1107 [1.04–1.19] 
SeasonSpring −0.2254 0.0202 −11.1665 0.0000 0.7982 [0.77–0.83] 
SeasonWinter −0.0720 0.0168 −4.2754 0.0000 0.9305 [0.90–0.96] 

Pedestrian_GenderMale 0.5567 0.0132 42.1644 0.0000 1.7449 [1.70–1.79] 

Table 9. GLMM description for Cluster 1 (adults between 25 and 65 years). 

Variable Estimate Std. Error z-Value Pr (>|z|) OR 95% CI 
(Intercept) 0.4759 0.1468 3.2426 0.0012 1.6094 [1.21–2.15] 

DayWeekend 0.2451 0.0145 16.8469 0.0000 1.2777 [1.24–1.31] 
AreaUrban −1.7213 0.0196 −88.0146 0.0000 0.1788 [0.17–0.19] 

Road_TypeOne_way_carriageway −1.1277 0.0355 −31.7817 0.0000 0.3238 [0.30–0.35] 
Road_TypeTwo_carriageways −0.1738 0.0367 −4.7351 0.0000 0.8405 [0.78–0.90] 

Road_TypeTwo_way_carriageway −0.4652 0.0329 −14.1446 0.0000 0.6280 [0.59–0.67] 
AlignmentIntersection −0.6543 0.0295 −22.1453 0.0000 0.5198 [0.49–0.55] 

AlignmentOther 0.5343 0.0515 10.3799 0.0000 1.7062 [1.54–1.89] 
AlignmentRoad_Segment 0.1101 0.0271 4.0664 0.0000 1.1164 [1.06–1.18] 

Road_Surface_ConditionWet 0.1227 0.0222 5.5254 0.0000 1.1305 [1.08–1.18] 
Traffic_SignageSignage_Present 0.1812 0.0213 8.5016 0.0000 1.1986 [1.15–1.25] 

WeatherClear_Weather 0.1195 0.0216 5.5384 0.0000 1.1269 [1.08–1.18] 
Vehicle_TypeHeavy_vehicle 0.9106 0.0204 44.6351 0.0000 2.4857 [2.39–2.59] 
Vehicle_TypeMicro_Mobility −1.7295 0.0718 −24.0722 0.0000 0.1774 [0.15–0.20] 

Vehicle_TypeOther −0.0658 0.0505 −1.3023 0.1928 0.9363 [0.85–1.03] 
Vehicle_TypePowered_two_wheeler −0.7288 0.0208 −35.0405 0.0000 0.4825 [0.46–0.50] 
Driver_BehaviourRegular_Driving 0.4864 0.0235 20.7213 0.0000 1.6265 [1.55–1.70] 

Driver_BehaviourSpeed_and_Loss_Control 1.0973 0.0183 60.0176 0.0000 2.9960 [2.89–3.11] 
Driver_BehaviourUnspecified_Circumstance 0.9699 0.0544 17.8446 0.0000 2.6377 [2.37–2.93] 

Pedestrian_BehaviourUnsafe_Crossing_or_Emergence −0.0698 0.0225 −3.1069 0.0019 0.9326 [0.89–0.97] 
Pedestrian_BehaviourUnsafe_Position_or_Movement 0.0756 0.0246 3.0741 0.0021 1.0785 [1.03–1.13] 

Pedestrian_BehaviourUnspecified_Circumstance −0.6817 0.0553 −12.3377 0.0000 0.5058 [0.45–0.56] 
Driver_AgeElderly_over65 −0.2333 0.0150 −15.5378 0.0000 0.7919 [0.77–0.82] 
Driver_AgeNot_applicable −0.0669 0.0377 −1.7745 0.0760 0.9353 [0.87–1.01] 

Driver_AgeYoung_Under_25 0.2395 0.0198 12.0934 0.0000 1.2706 [1.22–1.32] 
Driver_GenderMale 0.4866 0.0161 30.2331 0.0000 1.6268 [1.58–1.68] 

HourEvening 0.5036 0.0152 33.1956 0.0000 1.6546 [1.61–1.70] 
HourMorning −0.1121 0.0163 −6.8716 0.0000 0.8940 [0.87–0.92] 

HourNight 1.3542 0.0291 46.5722 0.0000 3.8738 [3.66–4.10] 
YearBefore_2020 0.0570 0.0676 0.8436 0.3989 1.0587 [0.93–1.21] 

SeasonSpring −0.2415 0.0191 −12.6676 0.0000 0.7854 [0.76–0.82] 
SeasonWinter 0.0054 0.0158 0.3419 0.7324 1.0054 [0.97–1.04] 

Pedestrian_GenderMale 0.4784 0.0124 38.6937 0.0000 1.6135 [1.57–1.65] 
  



Sustainability 2026, 18, 7911 19 of 23 
 

https://doi.org/10.3390/su18157911 

Table 10. GLMM description for Cluster 2 (youths under 25 years old). 

Variable Estimate Std. Error z-Value Pr (>|z|) OR 95% CI 
(Intercept) −2.6030 0.6505 −4.0016 0.0001 0.0741 [0.02–0.26] 

DayWeekend 0.5037 0.0216 23.3261 0.0000 1.6548 [1.59–1.73] 
Road_TypeOne_way_carriageway −0.3033 0.0615 −4.9360 0.0000 0.7383 [0.65–0.83] 

Road_TypeTwo_carriageways 0.3642 0.0645 5.6465 0.0000 1.4393 [1.27–1.63] 
Road_TypeTwo_way_carriageway 0.4047 0.0578 6.9960 0.0000 1.4989 [1.34–1.68] 

AlignmentIntersection −0.6523 0.0504 −12.9356 0.0000 0.5208 [0.47–0.57] 
AlignmentOther 1.2871 0.0776 16.5953 0.0000 3.6222 [3.11–4.22] 

AlignmentRoad_Segment −0.0193 0.0465 −0.4152 0.6780 0.9809 [0.90–1.07] 
Road_Surface_ConditionWet −0.4512 0.0363 −12.4215 0.0000 0.6369 [0.59–0.68] 

Traffic_SignageSignage_Present −0.1538 0.0310 −4.9614 0.0000 0.8574 [0.81–0.91] 
WeatherClear_Weather −0.0341 0.0339 −1.0060 0.3144 0.9665 [0.90–1.03] 

Vehicle_TypeHeavy_vehicle 1.1120 0.0329 33.8468 0.0000 3.0404 [2.85–3.24] 
Vehicle_TypeMicro_Mobility −1.7743 0.1178 −15.0679 0.0000 0.1696 [0.13–0.21] 

Vehicle_TypeOther 0.0111 0.0989 0.1123 0.9106 1.0112 [0.83–1.23] 
Vehicle_TypePowered_two_wheeler −0.8924 0.0337 −26.4992 0.0000 0.4097 [0.38–0.44] 
Driver_BehaviourRegular_Driving −0.3920 0.0345 −11.3602 0.0000 0.6757 [0.63–0.72] 

Driver_BehaviourSpeed_and_Loss_Control 0.9865 0.0291 33.8597 0.0000 2.6818 [2.53–2.84] 
Driver_BehaviourUnspecified_Circumstance 1.1759 0.0818 14.3745 0.0000 3.2411 [2.76–3.80] 

Pedestrian_BehaviourUnsafe_Crossing_or_Emergence 0.6759 0.0332 20.3845 0.0000 1.9658 [1.84–2.10] 
Pedestrian_BehaviourUnsafe_Position_or_Movement 1.1223 0.0399 28.0948 0.0000 3.0719 [2.84–3.32] 

Pedestrian_BehaviourUnspecified_Circumstance −0.9071 0.0836 −10.8454 0.0000 0.4037 [0.34–0.48] 
Driver_AgeElderly_over65 −0.1028 0.0231 −4.4492 0.0000 0.9023 [0.86–0.94] 
Driver_AgeNot_applicable −0.5088 0.0775 −6.5684 0.0000 0.6012 [0.52–0.70] 

Driver_AgeYoung_Under_25 0.2237 0.0282 7.9356 0.0000 1.2507 [1.18–1.32] 
Driver_GenderMale 0.7850 0.0250 31.3648 0.0000 2.1925 [2.09–2.30] 

HourEvening 0.7087 0.0227 31.2885 0.0000 2.0313 [1.94–2.12] 
HourMorning 0.2705 0.0256 10.5856 0.0000 1.3106 [1.25–1.38] 

HourNight 2.0786 0.0412 50.4233 0.0000 7.9931 [7.37–8.67] 
YearBefore_2020 0.8265 0.7253 1.1396 0.2545 2.2853 [0.55–9.47] 

SeasonSpring −0.0399 0.0279 −1.4297 0.1528 0.9608 [0.91–1.01] 
SeasonWinter 0.0498 0.0245 2.0331 0.0420 1.0511 [1.00–1.10] 

Pedestrian_GenderMale 0.4170 0.0192 21.7739 0.0000 1.5174 [1.46–1.58] 

4. Conclusions 
Based on the literature review, in recent years the research community’s attention 

towards pedestrian road safety has focused heavily on developing severity models using 
Machine Learning algorithms. To unveil the black-box nature of these algorithms, result 
interpretability techniques such as SHAP have been implemented. As highlighted in the 
literature, the recent trend involves both the use of hybrid methodologies that simultane-
ously leverage the advantages of Machine Learning and Econometric Models and a return 
to high-performing, complex econometric models. This paper attempts to position itself 
between these two trends by adopting a hybrid-stratified approach. The aim is not merely 
to identify the risk factors associated with pedestrian crash injury severity, but rather to 
identify specific risk scenarios in Italy during the 2010–2023 period. In this study, super-
vised and unsupervised algorithms, along with econometric models, were integrated to 
create a reliable methodology for identifying pedestrian risk scenarios. Specifically, 
XGBoost was integrated with SHAP, and the resulting SHAP values were used as inputs 
to a K-Means clustering algorithm. On these clusters, GLMM models have been calibrated. 
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Through this hybrid-stratified approach, three risk scenarios have been identified, 
primarily driven by demographic vulnerability. The first risk scenario involves elderly 
pedestrians (Cluster 0). This cluster has a higher mortality rate than the others (5.23%), 
confirming the previous literature findings of severe physical frailty in this user group 
[37]. The other two identified risk scenarios predominantly involve adult (Cluster 1) and 
young (Cluster 2) pedestrians, with mortality rates of 1.80% and 0.90%, respectively. 

Focusing on Cluster 0 (elderly) and the model in Table 8, results show that when 
elderly pedestrians are involved in a crash, the involvement of heavy vehicles nearly dou-
bles the odds of a fatal outcome (OR = 1.86), as does speeding-related driver behavior (OR 
= 2.12). Furthermore, impacts are significantly more critical during evening hours (OR = 
1.27) and on weekends (OR = 1.10), whereas intersections (OR = 0.54) and one-way streets 
(OR = 0.49) significantly reduce the risk. 

Regarding Cluster 1 (adult pedestrians), this scenario exhibits strong sensitivity to 
environmental conditions and driving dynamics (Table 9). Nighttime represents the pri-
mary hazard, with the risk increasing (OR = 3.87) compared to daytime. Loss of vehicle 
control due to high speeds has a profound impact on crash severity (OR = 2.99). Unlike 
the other risk scenarios, strong spatial variability is observed here. Being located in the 
Islands increases the baseline risk by 55.2% compared to the national average, while in the 
North-West, the risk decreases by 42.9%. If the crash occurs in an urban area, the odds of 
a fatal outcome are 82.2% lower than in rural areas. 

For Cluster 2, which involves young pedestrians, crash severity is strictly linked to 
high kinetic energy contexts and poor visibility (Table 10). During nighttime hours, the 
risk of a fatal crash is over 8 times higher than during the daytime (OR = 7.99), and a 
significant multiplier is observed for impacts involving heavy vehicles (OR = 3.04). Unlike 
the elderly, unsafe road occupation by young pedestrians drastically increases the risk of 
death (OR = 3.07). 

Across all scenarios, being a male pedestrian or driver systematically increases the 
odds of a fatal outcome. From a modeling perspective, the inclusion of the geographic 
random intercept improved the explanatory power of the models (Conditional R2 > Mar-
ginal R2), demonstrating that geographic location in Italy acts as an intrinsic risk factor. 
Geography in Italy exhibits a clear polarization between the North-West and the Islands. 
A crash occurring in the Islands has pre-pandemic fatal odds substantially higher than the 
national average (up to +54% for adults). In contrast, in the North-West, the risk drastically 
decreases (up to −43%). Adults emerged as the category most sensitive to territorial dif-
ferences. In contrast, geographic variance is less decisive for the elderly, confirming that 
their physical frailty overrides the protective or penalizing effects of the local context. 

Among the innovative aspects introduced in this study, it is worth noting the pro-
posal of an ad hoc hybrid-stratified methodology for identifying and analyzing risk sce-
narios, which effectively combines the strengths of state-of-the-art models. While the ex-
isting literature specifically focuses on highly vulnerable users, such as the elderly, this 
study also sought to comprehensively understand the risk factors associated with crashes 
involving adult and young pedestrians. Additionally, an effort was made to investigate 
two aspects of risk scenarios previously unaddressed in the literature: the localized impact 
of the COVID-19 pandemic and the structural role of geographic variables. A key strength 
of the proposed hybrid-stratified methodology is its high transferability. Because of the 
analytical pipeline, this methodological framework can be readily transferred and applied 
to analyze road safety databases in other national and international contexts. 

Despite these innovations, certain limitations must be acknowledged. The first con-
cerns the stratification and sequential nature of the methodology: a future objective is to 
overcome this fragmentation and develop a single, integrated model capable of autono-
mously identifying the various risk scenarios. Another limitation concerns the dataset, 
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highlighting the need to integrate the most recent data (from 2024 onwards) and addi-
tional external information through data fusion. Due to the natural rarity of fatal crashes, 
the models exhibit low overall predictive metrics (such as F1-score). Synthetic over-
sampling techniques (e.g., SMOTE) have been deliberately avoided to prevent biasing the 
true underlying Odds Ratios with artificial data, relying instead on class weights. Conse-
quently, these models serve strictly for explanatory inference of risk multipliers (the main 
novelty of the methodology itself), rather than for deterministic prediction. A significant 
limitation of this study is the absence of exposure data, such as traffic volumes, pedestrian 
mobility intensity, or changes in the composition of pedestrian activity; therefore, our 
findings must be interpreted as temporal associations rather than direct causal effects. As 
for future developments, beyond addressing the aforementioned limitations, the use of 
higher-performing predictive models and more refined techniques for handling class im-
balances represent viable and promising paths forward. 

This approach, leveraging both supervised and unsupervised learning techniques, 
overcomes the limitations of standard descriptive analyses, providing policymakers with 
data-driven tools to implement targeted and proactive mitigation strategies, fundamental 
for reducing pedestrian fatalities in road crashes. 
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