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 a b s t r a c t

Urban traffic crashes remain a critical public health challenge, particularly for vulnerable road users. This study 
introduces a novel data-driven methodology to support urban road safety planning by identifying well-defined, 
interpretable crash typologies associated with fatal or serious injuries. The proposed framework relies on a su-
pervised clustering strategy that integrates SHAP (SHapley Additive exPlanations) values with Self-Organizing 
Maps (SOM). Applied to urban crash data from Barcelona (2017-2019), the approach uncovers ten distinct 
and interpretable crash typologies, capturing high-risk scenarios such as speed-related nighttime collisions and 
pedestrian-heavy vehicle conflicts, as well as less explored patterns including two-wheeler falls and bicycle-
motorcycle interactions. By combining SHAP-based explanations with topology-preserving neural mapping, the 
SOM framework reveals subtle gradations of risk, preserves neighborhood relationships among crash profiles, and 
enhances subgroup detection and interpretability beyond traditional unsupervised clustering methods and stan-
dard eXplainable Artificial Intelligence (xAI) summaries. These results underscore the potential of SOM-based 
supervised clustering to inform targeted, data-driven safety interventions. More broadly, the study advances 
methodological research on supervised clustering and offers a transferable tool for detecting high-dimensional 
risk patterns in urban safety analysis and other applied domains.

1.  Introduction

According to the most recent estimates of the World Health Orga-
nization (WHO, 2023), road traffic crashes cause approximately 1.19 
million deaths each year, along with 20 to 50 million non-fatal injuries, 
a significant proportion of which lead to long-term disabilities. These 
incidents place a significant financial burden on national economies, 
with associated costs estimated to reach 3% of a country’s gross do-
mestic product. Vulnerable road users, such as pedestrians, cyclists, and 
motorcyclists, account for more than half of global road traffic deaths.

In an urban traffic setting, Barcelona reported its lowest number of 
traffic fatalities in 15 years in 2024 (Ajuntament de Barcelona, 2025b). 
Despite a 3.5% decrease in overall injuries, serious injuries still in-
creased by 6.1%. In particular, 93% of these severe cases involved vul-
nerable road users. According to the European Commission (EC, 2024), 
approximately 57% of serious injuries in the EU involve vulnerable road 
users.

These statistics highlight the critical need for sustained efforts to pro-
tect the most vulnerable road users and underscore the urgency of imple-
menting enhanced road safety measures worldwide, such as the “Let’s 
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Protect Schools" initiative in Barcelona, evaluated in Lopez-Muley et al. 
(2025). Such actions align with the mandate of the World Health Or-
ganization to reduce traffic-related fatalities and serious injuries, which 
constitutes the central focus of this study.

Advancing meaningful progress in this field requires a comprehen-
sive understanding of the mechanisms underlying crash occurrences and 
their contributing factors. This understanding can be facilitated by the 
development of predictive models that establish relationships between 
crash likelihood and severity and a set of variables, including roadway 
design, traffic flow conditions, vehicle characteristics, driver behavior, 
and environmental influences.

Crash prediction modeling has traditionally been grounded in statis-
tical and econometric methods, which have played a central role in the 
field and have been extensively reviewed in the literature (Mannering 
et al., 2016). However, in recent decades, the use of machine learning 
(ML) techniques has seen substantial growth, largely due to their su-
perior predictive performance. These models also surpass standard ap-
proaches by offering increased flexibility and eliminating the need for 
predefined data distribution assumptions. Building on recent develop-
ments in AI and evolving ML methodologies, Ali et al. (2024) present 
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a comprehensive review of ML applications in crash prediction model-
ing, focusing on three key areas: crash occurrence, crash frequency, and 
injury severity prediction.

In this paper, with the aim of extracting data-driven insights to sup-
port the reduction of traffic-related fatalities and serious injuries by en-
hancing road safety measures, we focus on the development and analysis 
of injury severity prediction ML models.

Recent literature has employed a variety of supervised ML techniques 
(e.g., for binary or multiclass classification tasks) to address this pur-
pose. For example, Iranitalab and Khattak (2017) compared statistical 
and ML models, including the multinomial logit model, the k-nearest 
neighbour (K-NN), the support vector machine (SVM), and random 
forests (RF). AlMamlook et al. (2019) applied the AdaBoost algorithm 
and evaluated its performance against several alternative models, such 
as naïve Bayes (NB) and RF. Arhin and Gatiba (2019) demonstrated the 
superior predictive capability of artificial neural networks (ANN) over 
several statistical and ML counterparts, while Zheng et al. (2019) re-
ported comparable findings using convolutional neural networks (CNN). 
Similarly, Zhang et al. (2022) used NB, K-NN, logistic regression (LR), 
and extreme gradient boosting (XGB). Chen et al. (2025) provides key 
findings on applying ML models to imbalanced traffic crash data.

Most of the above studies adopted a binary classification, typically 
categorizing injury severity into two groups (e.g., fatal versus non-fatal 
or fatal/serious versus non-serious), and subsequently applied ML mod-
els to evaluate the influence of various risk factors on the severity of 
crash-related injuries. To address the inherent limitations of ML, par-
ticularly their lack of interpretability, several studies incorporate eX-
plainable Artificial Intelligence (xAI) techniques, such as SHAP (SHap-
ley Additive exPlanation) values, to enhance transparency and support 
informed decision-making. See, for example, Wang et al. (2024) and 
Chen et al. (2025).

In this context, cluster analysis offers the potential to identify differ-
ent subgroups of traffic crashes based on severity levels. By examining 
the shared characteristics within each cluster, targeted road safety in-
terventions can be proposed to mitigate the occurrence of high-severity 
crashes. Despite this potential, the application of unsupervised ML tech-
niques remains relatively limited in the literature (Suarez-del Fueyo 
et al., 2021). This may be attributed to the generally unsatisfactory re-
ported results, often characterized by poorly defined clusters with sig-
nificant overlap, which hinders reliable differentiation.

In particular, much of the existing research that involves unsuper-
vised ML techniques adopts a hybrid framework that integrates clus-
tering with classification algorithms. This hybrid approach, which first 
partitions crash data into clusters prior to classification, has been shown 
to improve the predictive accuracy of supervised ML models compared 
to those applied without prior clustering. See, for example, Taamneh 
et al. (2017), Hasheminejad et al. (2018), and Assi (2020).

Based on previous studies, we propose an inversion of this standard 
hybrid methodology by performing a supervised classification model 
before applying an unsupervised clustering technique. Lundberg et al. 
(2019) introduced the concept of supervised clustering, wherein cluster-
ing is performed on SHAP values produced by a supervised model, rather 
than being applied directly to the raw feature data in a fully unsuper-
vised manner. The term “supervised” comes from the fact that SHAP val-
ues reflect the contribution of each feature to predictions made by the 
supervised model, distinguishing this approach from purely unsuper-
vised clustering and from hybrid frameworks. Based on this, Gramegna 
and Giudici (2020) conducted a comparative analysis between clus-
tering on input features and on SHAP values, finding that the SHAP-
based approach led to more clearly defined and better differentiated
clusters.

Extending this methodology further, Cooper et al. (2021) demon-
strated that reducing SHAP values to two dimensions using Uniform 
Manifold Approximation and Projection (UMAP) prior to clustering im-
proved both performance and interpretability, positioning UMAP as an 
effective preprocessing step.

As the main contribution of this paper, we propose extending the 
methodology introduced by Bermúdez et al. (2023) by incorporating 
a Kohonen neural network, also known as a Kohonen map or Self-
Organizing Map (SOM), as an alternative preprocessing step to UMAP. 
The SOM is an unsupervised learning algorithm widely used for data vi-
sualization, clustering, and pattern recognition (Huysmans et al., 2006), 
which we argue is more suitable for the context of our analysis.

Specifically, this article pursues two main objectives: first, to im-
prove the understanding of existing xAI techniques to perform a risk 
analysis related to traffic fatalities and serious injuries; and second, to 
introduce a new methodology (i.e., supervised clustering using SOM) to 
identify clusters of crashes with a high or low probability of resulting 
in fatal or serious outcomes. Finally, the study demonstrates the practi-
cal application of the approach using a real-world dataset and discusses 
how the resulting insights can inform and support the development of 
effective road safety interventions.

The structure of the paper is as follows. The Data section provides 
a description of the real-world dataset used in the study. The Methods 
section reviews the foundational concepts of the ML models and xAI 
techniques employed, and introduces the proposed supervised clustering
methodology. The Results and Discussion sections present the empirical 
findings and examine their implications for road safety policy, respec-
tively. Finally, the Conclusions section summarizes the main contribu-
tions of the study and outlines potential directions for future research.

2.  Data

The available dataset on traffic crashes in Barcelona from 2017 to 
2019 was obtained from a database maintained by the local police, ac-
cessible through the Open Data BCN service (Ajuntament de Barcelona, 
2025a). Each year includes five interconnected datasets, linked by a 
common record code, that detail crashes, their immediate causes, the 
types of incidents, and information about the vehicles and victims in-
volved.

After merging the datasets, the final data included 27,721 traffic 
crashes that involved victims during the study period. Traffic crashes 
without victims (approximately 10% of the dataset) were excluded for 
two main reasons. First, minor incidents often do not require police 
intervention, which could lead to a biased sample of such cases. Sec-
ond, the study specifically focuses on crashes that resulted in fatalities 
(deaths), serious injuries (hospitalized for more than 24 h), or non-
serious injuries (treated at the scene of the incident, in hospital emer-
gency services, or hospitalized for less than 24 h).

The variables used in the analysis are presented in Table 1. As out-
lined in the Introduction, the primary focus of this study is injury sever-
ity, which can be defined through several indicators available in the 
dataset. In this analysis, a binary variable, Severity, is utilized to classify 
crashes into two distinct categories: those resulting in fatal or serious in-
juries (FS) and those involving only non-serious injuries (NS). According 
to standard practice, the severity of the crash is determined based on the 
highest level of injury sustained by any vehicle occupant involved in the 
incident (Chang & Mannering, 1999).

Many studies have been conducted to identify the determinants that 
influence the severity of crashes. For example, Vorko-Jović et al. (2006) 
examined risk factors associated with urban road traffic crashes, high-
lighting those with the greatest impact on individuals who sustained 
fatal, serious, or minor injuries. In our study, we have considered a set 
of potential influencing factors that reflect various aspects of the crash 
context. These include the temporal and spatial characteristics of the 
crash, the vehicle-related characteristics, the related causes of the crash, 
and the type of incident.

The temporal characteristics of the crash are captured by two vari-
ables: Daytype, which distinguishes between working days and week-
ends, and Daytime, which categorizes the shift of the day into morning, 
afternoon, and nighttime. The location of the crash is represented by 
the Roadway variable, indicating the type of road where the incident 
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Table 1 
Description of variables, including definitions and categories. All data come 
from police reports, and there are no missing values.
 Name  Description, levels and proportions
 Crash severity
 Severity  Fatal/Serious victims (FS: 2.5%), Non-serious (NS: 97.5%)
 Temporal characteristics
 Daytype  Type of day in which the crash occurred

 (Working: 81.2%, Weekend: 18.8%)
 Daytime  Part of the day in which the crash occurred

 (Morning: 39.4%, Afternoon: 50.1%, Nighttime: 10.5%)
 Spatial characteristics
 Roadway  Type of road on which the crash occurred

 (Street: 32.8%, Avenuea: 58.2%, Fastlane: 9%)
 Vehicle-related characteristics
 Vehicles  Multi-vehicle crash (+1: 80.1%), Single-vehicle (1: 19.9%)
 Bicycle  Presence of this vehicle (Y: 8%), No presence (N: 92%)
 Twowheel  Presence of this vehicle (Y: 65.1%), No presence (N: 34.9%)
 Heavy  Presence of this vehicle (Y: 7.4%), No presence (N: 92.6%)
 Light  Presence of this vehicle (Y: 76.7%), No presence (N: 23.3%)
 Related causes of the crash
 Pedestrian  Presence of this cause (Y: 6.8%), No presence (N: 93.2%)
 Alcohol  Presence of this cause (Y: 3.1%), No presence (N: 96.9%)
 Speed  Presence of this cause (Y: 0.5%), No presence (N: 99.5%)
 Roadcond  Presence of this cause (Y: 0.8%), No presence (N: 99.2%)
 Type of crash
 Rundown  Presence of this event (Y: 12.8%), No presence (N: 87.2%)
 Rolloverfall  Presence of this event (Y: 14%), No presence (N: 86%)
 Collision  Presence of this event (Y: 71.9%), No presence (N: 28.1%)
 Shock  Presence of this event (Y: 3.1%), No presence (N: 96.9%)
a wide urban road with >4 lanes and >2 km.

occurred and categorized as street, avenue (wide urban road with over 
four lanes and longer than 2 km) or fast lane.

Vehicle-related variables include Vehicles, which differentiates be-
tween single-vehicle and multi-vehicle crashes, as well as indicators for 
the types of vehicles involved. These include Bicycle, Twowheel, Heavy
and Light, each denoting the presence or absence of that vehicle type in 
a given crash.

The related causes of the crash are represented by variables such as 
Pedestrian (crash attributed to pedestrian behavior), Alcohol (presence 
of elevated blood alcohol concentration as reported by police), Speed
(excessive speed cited as causal factor by police), and Roadcond (poor 
road conditions identified as the cause of the crash). It should be noted 
that speed is recorded only when it can be clearly established during ac-
cident investigation, which is often challenging in urban settings. Con-
sequently, the contribution of speed to traffic accidents is likely to be 
underreported and its prevalence in the data should be interpreted with 
caution.

The type of crash is included using variables such as Rundown (a 
pedestrian struck and lying on the ground), Rolloverfall (involving a 
rollover or fall), Collision (impact between two vehicles), and Shock (im-
pact with a stationary object). It is important to note that as binary 
variables that indicate the presence or absence of each condition, a sin-
gle crash can involve multiple vehicle types, related causes, or types of 
crash. These explanatory factors have been widely employed in previous 
research (Liu et al., 2022; Wang et al., 2019).

For descriptive purposes, Table 1 also reports the proportion of ob-
servations corresponding to each category. Fortunately, fatal and seri-
ous injury incidents can be considered as “rare events", comprising only 
2.5% of all crashes, compared to 97.5% involving non-serious injuries. 
This substantial disparity results in an imbalanced dataset.

In summary, crashes are observed more frequently on working days, 
particularly during the morning or afternoon, and tend to occur more of-
ten on avenues. Most of the crashes in the dataset involve more than one 
vehicle (80.1%). Light vehicles (76.7%) and two-wheelers (65.1%) are 
the most frequently involved, while bicycles (8%) and heavy vehicles 
(7.4%) appear less frequently. The contributing factors most frequently 
observed are pedestrian behavior (6.8%) and elevated blood alcohol 

concentration (3.1%), while poor road conditions (0.8%) and excessive 
speed (0.5%) are less commonly identified as causes of crashes. Crashes 
typically result from a collision (71.9%), followed by rollovers and falls 
(14%) and rundowns (12.8%), while shocks (3.1%) are rare in urban 
areas.

Finally, it should be noted that certain variables, such as alcohol 
involvement or pedestrian attribution, may be subject to reporting bi-
ases, as testing or attribution practices can depend on crash severity or 
enforcement priorities. Accordingly, patterns identified in the posterior 
analysis should be interpreted with caution, reflecting the reported data 
rather than evidence of causal relationships.

3.  Methods

As stated in the Introduction, a variety of supervised ML techniques 
can be used to evaluate the influence of various risk factors on the sever-
ity of crash-related injuries. However, some model intricacies, such as 
imbalanced data, model validation, and interpretability, must be care-
fully considered. This section provides an overview of the approaches 
adopted to address these issues. In addition, we introduce a new super-
vised clustering methodology that enables the identification of clusters 
of crashes with a high or low probability of resulting in fatal or serious 
outcomes.

3.1.  Supervised ML models intricacies

This study evaluates a variety of predictive models, including logis-
tic regression (LR), random forests (RF), and extreme gradient boost-
ing (XGB). LR represents a conventional approach, based on predefined 
assumptions, that provides easily interpretable explanations. In con-
trast, RF and XGB models apply more flexible, data-driven methodolo-
gies, which often enhance predictive performance, but typically reduce 
model interpretability, leading to being referred to as “black-box" ML 
models. However, xAI techniques can help mitigate these interpretabil-
ity challenges by providing insight into the decision-making processes 
and outputs of these models.

In particular, we begin by presenting the most widely adopted xAI 
techniques, with a particular emphasis on model-agnostic methods, 
characterized by their flexibility, as they can be applied across a wide 
range of ML algorithms. Typically used post-hoc (i.e., after model pre-
dictions have been generated), model-agnostic xAI techniques provide 
either global explanations, which describe the overall behavior of the 
model, or local explanations, which focus on individual predictions 
(Adadi & Berrada, 2018).

For global interpretability, we highlight Feature Importance (FI) 
methods, which determine the variables that most significantly influ-
ence model predictions; and visualization tools such as Accumulated Lo-
cal Effects (ALE), which illustrate how predictions respond to changes in 
individual features while controlling for others. For local interpretabil-
ity, we focus on SHAP values, a cooperative game theory-based model 
that quantifies the contribution of each input feature to a specific predic-
tion, providing a detailed explanation of the model’s decision for a given 
instance (Lundberg & Lee, 2017). While SHAP is widely used, recent 
studies have highlighted certain limitations (Huang & Marques-Silva, 
2024; Slack et al., 2021). Complementary approaches, such as LIME or 
counterfactual explanations, may provide practical alternatives.

As shown in Table 1, the number of crashes involving fatal or serious 
injuries (FS) is substantially smaller than those leading to non-serious 
injuries (NS), resulting in an imbalanced dataset. This imbalance poses 
a challenge for binary classification tasks, as predictive models may 
become biased toward the majority class, leading to unreliable results 
(Chawla et al., 2002; Japkowicz & Stephen, 2002). To mitigate this is-
sue, we consider different resampling techniques commonly used in the 
recent literature (Bazarnovi & Mohammadian, 2024; Chen et al., 2025). 
These techniques can be broadly categorized into three groups: under-
sampling methods, which reduce the size of the majority class to balance 
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the dataset; oversampling methods, which increase the representation of 
the minority class by duplicating or synthetically generating instances; 
and hybrid methods, such as the SMOTE algorithm, which combine both 
strategies.

To identify the most appropriate ML model and the optimal resam-
pling technique to handle class imbalance in our dataset, we evaluated 
model performance using several metrics derived from the confusion 
matrix, including accuracy, sensitivity (Sens), specificity (Spec), pos-
itive predictive value (PPV), and negative predictive value (NPV). In 
addition, we used the Receiver Operating Characteristic (ROC) curve 
and the area under the ROC curve (AUC) for further evaluation. For 
all models, 80% of the data was allocated for training (through 5 re-
peated 10-fold cross-validation), while the remaining 20% was reserved 
for testing.

ML models were implemented using the caret package in R, whereas 
the iml (interpretable machine learning) package was used to apply the 
xAI techniques.

3.2.  Supervised clustering using SOM

Using any supervised ML model along with the xAI techniques men-
tioned above (e.g., FI and ALE), we can assess the impact of various risk 
factors on the severity of crash-related injuries. However, as noted in 
the Introduction, we may also want to identify clusters of crashes with 
similar predicted severity levels or comparable degrees of prediction 
confidence. Crashes within the same group are likely to share underly-
ing characteristics, which may call for similar road safety interventions. 
This clustering approach supports more effective resource allocation by 
allowing us to prioritize the most critical clusters or those with greater 
predictive confidence.

To achieve this, we propose using a supervised clustering approach 
instead of applying a traditional unsupervised clustering method. Su-
pervised clustering involves grouping data based on the SHAP values of 
each feature generated by a supervised model, rather than clustering 
directly on the raw feature data (Lundberg et al., 2019). According to 
Cooper et al. (2021), this approach offers several advantages. In our 
case, (i) it weights features according to their importance in predicting 
crash severity, emphasizing the most informative ones while reducing 
the influence of fluctuations on less relevant features; (ii) acts as a pre-
processing step by transforming feature data into a common numerical 
scale aligned with the output of the supervised prediction model, partic-
ularly beneficial when working with categorical features; and (iii) serves 
as a valuable tool for interpretable clustering.

The main contribution of this paper, extending the work of Bermúdez 
et al. (2023), is a supervised clustering approach that combines SHAP 
values with a Kohonen neural network or SOM. Based on the findings 
of Gramegna and Giudici (2020), who showed that SHAP-based rep-
resentations enhance the formation of distinct clusters, Cooper et al. 
(2021) further demonstrated that reducing SHAP values to two dimen-
sions using Uniform Manifold Approximation and Projection (UMAP) 
prior to clustering improves both performance and interpretability. In 
our approach, we use Self-Organizing Map (SOM) as an alternative pre-
processing step to UMAP, aiming to achieve similar improvements in 
performance and interpretability within our case study, while also ad-
dressing methodological considerations related to manifold stability and 
reproducibility. SOM, introduced by Kohonen (1982, 1995), has been 
widely used for clustering and pattern detection in high-dimensional 
data. However, its application to crash data analysis remains relatively 
limited (Karimi et al., 2023; Pal et al., 2018).

In summary, SOM performs dimensionality reduction using a dis-
crete, topology-preserving grid that maintains the relative structure of 
the data. This property ensures a stable and reproducible representa-
tion, where neighboring nodes correspond to similar patterns, making 
SOM particularly well-suited for pattern recognition and, in our case, 
for clustering crash profiles and associating them with injury sever-
ity categories. Unlike UMAP, which produces a continuous, non-linear 

embedding through stochastic optimization and can vary across runs 
depending on hyperparameter settings, SOM provides a deterministic 
mapping once the grid size and learning parameters are fixed. The 
discrete grid structure supports consistent aggregation and labeling of 
clusters, enhancing interpretability and facilitating communication with 
non-technical audiences. Furthermore, the grid-based layout clearly il-
lustrates how different combinations of factors correspond to varying 
severity outcomes, providing an intuitive and spatially organized repre-
sentation that is both reproducible and easier to explain than non-linear 
projections.

In particular, our approach follows a four-step procedure: (1) ex-
traction of SHAP values from a supervised ML model; (2) construction 
of a two-dimensional representation using the SOM methodology; (3) 
application of an unsupervised clustering algorithm to identify distinct 
groups of crashes; and (4) visualization and interpretation of the defin-
ing characteristics and decision rules associated with each cluster.

In the first step, following the methodologies outlined in Section 3.1, 
an ML model is trained on the data, after which SHAP values are com-
puted for all crashes in the testing sample. Although these values offer 
local interpretability by quantifying the contribution of each feature to 
individual crash predictions, they can also be used as input features for 
the supervised clustering procedure described in the following steps.

In the second step, the SOM algorithm is applied to project the high-
dimensional SHAP value data onto a two-dimensional grid. In this case, 
standardization of the input features is omitted to preserve the origi-
nal scale and interpretability of the SHAP values. The SOM architec-
ture is defined by selecting a hexagonal grid structure and determining 
an appropriate grid size (for illustrative purposes, one might consider a 
10×10 grid), which specifies the number of neurons and, consequently, 
the granularity of the initial data partitioning. To determine the optimal 
grid size, various configurations are evaluated using established qual-
ity metrics: the quantization error is used to measure the average dis-
tance between each data point and the nearest neuron in the SOM grid, 
thereby assessing the fidelity of the data representation; the topographic 
error evaluates how well the SOM preserves the topological relation-
ships inherent in the original feature space; and the Unified Distance 
Matrix (U-Matrix) offers a visual assessment of cluster boundaries and 
separability within the map. A suitable grid size is indicated by lower 
quantization and topographic errors, along with well-defined and inter-
pretable cluster boundaries, as revealed by the U-Matrix (Forest et al., 
2020).

In the third step, a clustering algorithm (e.g., k-means, k-medoids, 
or hierarchical clustering) is applied to further delineate well-separated 
clusters within the SOM space. Various algorithmic configurations can 
be evaluated to identify the clustering partition that most effectively 
distinguishes neurons associated with crashes predicted to result in fatal 
or serious injuries from those linked to non-serious outcomes.

Finally, we introduce two complementary visualization tools to fa-
cilitate a deeper understanding of the resulting clusters. First, for each 
cluster, we present a set of figures that display the average SHAP val-
ues across all features, the mean values of the original features, and 
a boxplot of the predicted probabilities for fatal or serious injury out-
comes. Second, a decision tree is constructed using the cluster labels (as 
assigned in the third step) as the response variable and the original fea-
tures as predictors. The tree is grown without prior pruning constraints 
to reveal the underlying decision rules that define each cluster. This ap-
proach provides interpretable insights into the typical SHAP value pat-
terns and crash characteristics associated with each group of crashes.

For this approach, we used the kohonen and aweSOM R packages.

4.  Results

4.1.  Supervised ML model

Following the methodologies outlined in Section 3.1, the opti-
mal supervised ML model is selected based on standard performance
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Fig. 1. Performance metrics (AUC, sensitivity, and specificity) of logistic regression (log), random forest (rf), and extreme gradient boosting (xgb) models under 
original, undersampling (under), and oversampling (over) settings. Boxplots (median and IQR) are overlaid with beeswarm points showing individual observations.

Fig. 2. Feature importance (FI) of the RF model.

metrics. As shown in Fig. 1, although the AUC values are comparable 
across models, the most favorable balance between specificity and sen-
sitivity is achieved by the RF model with undersampling or the XGB 
model with oversampling. This figure clearly shows that models with-
out any balancing technique perform noticeably worse, underscoring 
the importance of applying such adjustments.

In the remainder of this section, we emphasize the usability of global 
xAI techniques to interpret, understand, and build trust in the fitted 
RF model with the undersampling technique (which was selected as 
one of two equally suitable models for the following steps, without 
a specific methodological preference over XGB model with oversam-
pling). Using the testing dataset, the model achieves an accuracy of 
77.38%, a sensitivity (FS cases) of 49.51%, and a specificity (NS cases) 
of 78.08%. In addition, throughout this analysis, model predictions re-
fer to the estimated probability of a crash resulting in a FS outcome. For 
this model, the overall mean predicted probability is 0.3, which con-
tributes to a notable number of crashes being incorrectly classified as FS
crashes.

As illustrated in Fig. 2, the FI scores identify the key variables that 
influence the prediction of the severity of the crash in our model. The 
x-axis shows the increase in prediction error after permuting each fea-
ture, normalized relative to the original error; a value of 1 indicates no 
change in error (no importance). In particular, features such as Run-
down, Rolloverfall, Vehicles, and Collision emerge as critical factors.

However, FI scores do not provide information on the direction or 
nature of the influence that key variables exert on the model predictions. 
ALE plots overcome this limitation by depicting the average effect of 
each feature on the model predictions. Fig. 3 presents the ALE plots for 
all the features of the RF model. In our case, the ALE plots show how 
the model predictions (probability of FS crash) change, on average, with 
different values of a categorical feature. For example, as illustrated by 
the ALE plot for the Rundown feature, the presence of a rundown event 
in a crash is associated with an increase of approximately 0.3 in the 
average predicted probability, compared to the global mean prediction.

Focusing on the most influential features, the presence of excessive 
speed, a rundown event, a shock impact, or an elevated blood alcohol 
concentration is associated with an increased probability of a crash re-
sulting in a fatal or serious outcome. To a lesser extent, crashes that 
occur during weekends, at nighttime, in the fast lane, or involving a 
single vehicle also exhibit a higher probability of leading to an FS crash.

It is important to note that the FI scores presented in Fig. 2 reflect 
both the main effects (the direct influence of individual features) and 
the interaction effects (the combined influence of a feature with others) 
on model performance. To assess the strength of these interaction ef-
fects, we can employ the H-statistic proposed by Friedman and Popescu 
(2008). For this case, the analysis does not reveal any substantial in-
teraction effects that warrant further investigation. However, if rele-
vant interactions were identified, second-order ALE plots, which isolate
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Fig. 3. Accumulated local effects (ALE) for all features of the RF model.

interaction effects by removing the main effects, would be used to esti-
mate and interpret the joint impact of feature pairs on the model pre-
dictions.

After introducing the most common global xAI techniques, SHAP val-
ues are a commonly used local xAI method to understand the importance 
of characteristics in individual predictions. Each SHAP value quantifies 
the contribution of a feature to the disparity between the prediction of 
the model for a single instance and the overall average prediction (30% 
in our analysis).

At this point, rather than using SHAP values to explain individual 
predictions, we take an initial step toward their application in global 
interpretation (see the next section). Specifically, Fig. 4 presents the av-
erage SHAP values across all observations in the testing dataset, grouped 
according to the four categories of the confusion matrix. In this context, 
each panel can be interpreted as representing the SHAP values of a pro-
totypical crash within each confusion matrix category.

Fig. 4 shows that, as expected, crashes predicted by the model as FS 
exhibit similar average SHAP values, which are predominantly positive. 
Likewise, crashes predicted as NS display comparable patterns, with 
mostly negative SHAP values. The boxplots of predicted FS probabili-
ties further indicate that misclassifications tend to occur when predicted 
probabilities are closer to the 0.5 threshold. However, no clear pat-
terns emerge that would help explain which features most influence the 
model’s misclassifications or overall accuracy. Although a more gran-
ular analysis of SHAP value distributions for misclassified cases could 
offer further insights, this level of detail is beyond the scope of the cur-
rent study. An example of such an approach can be found in Fig. 6 of 
Bermúdez et al. (2023).

4.2.  Supervised clustering using SOM

Following the methodology described in Section 3.2, the SHAP val-
ues of the features for all crashes in the testing dataset were used to 
train the SOM model. Several hexagonal grid configurations were eval-
uated using standard quality metrics, including Quantization Error (QE), 
Topographic Error (TE), Kaski-Lagus Error (KLE), and the standard de-

Table 2 
Top 8 alternative grid configurations using different standard met-
rics (QE: Quantization Error, TE: Topographic Error, KLE: Kaski-
Lagus Error -combining aspects of QE and TE-, UMatrixSD: standard 
deviation of the U-Matrix values, CombinedScore: Min-Max Scale 
of UMatrixSD minus Min-Max Scale of KLE).

 Grid size  QE  TE  KLE  UMatrixSD  CombinedScore
 7x4  2.91  0.26  5.78  4.34  0.73
 4x6  2.69  0.25  5.50  4.05  0.70
 7x5  2.29  0.24  5.54  4.05  0.68
 6x5  2.57  0.34  6.02  3.95  0.44
 6x6  2.32  0.23  5.39  3.43  0.43
 4x5  3.26  0.27  7.04  4.54  0.31
 4x7  2.59  0.29  6.27  3.87  0.29
 5x5  2.73  0.28  6.70  4.07  0.21

viation of the U-Matrix values (UMatrixSD). As these metrics capture 
different and sometimes competing aspects of SOM performance, no sin-
gle configuration can be considered universally “optimal". QE and TE 
assess quantization and topology preservation, respectively, while KLE 
combines both criteria (lower values preferred), whereas UMatrixSD re-
flects structural contrast and separation between neighboring neurons 
(higher values preferred), which is particularly relevant for cluster inter-
pretability. To compare metrics with opposite directions and different 
scales, KLE and UMatrixSD were min-max normalized, and a compos-
ite indicator (CombinedScore) was computed as normalized UMatrixSD 
minus normalized KLE, assigning equal weight to both. Based on the 
results reported in Table 2, a 7×4 grid (28 neurons) with a neighbor-
hood radius of 3.25 was selected. Although some configurations had 
lower QE or TE, the 7×4 grid offered stronger U-Matrix differentiation 
with competitive topology preservation, reflecting a trade-off favoring 
interpretability over strict error minimization.

After training the SOM model using SHAP values, we applied three 
clustering algorithms (k-means, k-medoids, and hierarchical cluster-
ing) to identify subtypes of crash scenarios that exhibit similar pat-
terns of feature contributions to model predictions. To determine the
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Fig. 4. Average SHAP values across all observations in the testing dataset, stratified by confusion matrix category. Boxplots show the distribution of predicted FS 
probabilities and the left columns display feature percentages: for binary (Y/N) variables, the presence (Y) percentage; for all others, the most frequent level.

optimal number of clusters for hierarchical clustering, we used the el-
bow method. The resulting SOM map, shown in Fig. 5, shows 10 distinct 
clusters that represent different types of crashes. To evaluate the effec-
tiveness of the SOM model in distinguishing between crashes predicted 
as FS and NS, Fig. 5 groups the clusters into two regions based on their 
observed FS rate relative to the overall FS rate in the testing dataset 
(2.5%). Clusters with an observed FS rate below the dataset average are 
shown in blue and labeled as NS clusters, whereas clusters with an ob-
served FS rate above the dataset average are shown in red and labeled 
as FS clusters. Notably, the red clusters (1, 4-7, 10) exhibit an average 
predicted FS probability of 63.25%, while the blue clusters (2-3, 8-9) 
show a substantially lower average predicted FS probability of 23.98%.

To further interpret the characteristics of each cluster, Figs. 6 and 7 
present the average SHAP values for all observations within each cluster, 
as was done in Fig. 4 for each cell of the confusion matrix.

Finally, we build a decision tree to visually represent the classifica-
tion rules that characterize each cluster. As described in Section 3.2, the 
tree is trained using the original crash-related variables as input features 
and the SOM assigned cluster labels as the target variable. Although the 
primary objective is interpretability rather than predictive accuracy, we 
applied post-pruning by removing terminal nodes with fewer than n 

= 30 observations to avoid overinterpretation of splits supported by 
very small samples. The resulting decision tree, shown in Fig. 8, fa-
cilitates the identification of distinguishing rules associated with each
cluster.

It should be emphasized that Figs. 6 (or 7) and 8 together provide 
a more comprehensive understanding of the decision-making process of 
the RF model, revealing distinct, yet complementary views of its predic-
tive logic.

For illustrative purposes, we focus on the cluster with the highest 
number of observations (Cluster 2). As shown in Fig. 6, the model pre-
dicted 5,074 out of 5,209 crashes as NS. According to SHAP values, the 
most influential feature for this cluster is Vehicles, followed by Rundown, 
Light, Collision, and Rolloverfall, all of which have a negative impact on 
prediction, thus reducing the predicted probability of FS. With a pre-
dicted median probability of FS below 0.1, the cluster achieves very 
high levels (0.98) of NPV and specificity. Based on the feature values, 
this cluster consists exclusively of crashes involving multiple vehicles 
that did not result in a rundown. Most of these incidents involve light or 
two-wheel vehicles and are characterized by collisions without rollover 
or fall. Neither excessive speed nor elevated blood alcohol concentration 
is reported.

Expert Systems With Applications 316 (2026) 131895 

7 



L. Bermúdez et al.

Fig. 5. Top: SOM map with clusters for all observations in the testing dataset. 
Bottom: The same SOM map, with clusters grouped by their observed FS rate 
relative to the testing dataset average (2.5%): blue indicates below-average (NS) 
clusters and red indicates above-average (FS) clusters. The observed FS percent-
age in each cluster is reported.

Fig. 8 reveals a primary terminal node that covers most of the cases 
in this cluster, along with three additional terminal nodes that contain 
relatively few observations. The main node accounts for 4,842 crashes, 
with a misclassification rate within the decision tree of only 0.2% (1-
4,842/4,852). The decision rule associated with this node closely aligns 
with the feature-based description provided earlier: crashes resulting 
from a collision; without involvement of bicycles; no reported elevated 
blood alcohol concentration; no rollover, fall or shock; and no heavy ve-
hicles. The remaining three terminal nodes, which show somewhat dif-
ferent characteristics, may correspond to outliers in the predicted prob-
ability distribution shown in the boxplot in Fig. 6, and merit further 
analysis.

5.  Model and cluster analysis

In this section, we present a summary of the key insights derived 
from the RF model discussed previously, with an emphasis on their im-
plications for improving road safety strategies aimed at reducing traffic-
related fatalities and serious injuries.

Firstly, in relation to the confidence that can be placed in the RF 
model, Figs. 1 and 4 suggest that the model has difficulty identifying 
enough patterns to reliably distinguish between the two crash states. 
Although global accuracy is around 77%, there exists a pronounced 
disparity between the rate of correct predictions for FS crashes (Sens: 
49.51%) and the same rate for NS crashes (Spec: 78.08%). Similarly, 
the proportion of correctly classified NS cases among predicted NS cases 
(NPV: 98.4%) is very far from the corresponding proportion for FS cases 
(PPV: 5.38%). These findings highlight the intrinsic complexity of injury 
severity prediction and the limitations of using supervised ML models 
for such classification tasks.

False positive cases deserve closer examination, as they contribute 
significantly to the limited confidence in the predictions of the RF model 
when a crash is classified as FS. These false positives arise because the RF 
model assigns an overall mean probability of 0.3 to FS crashes, substan-

tially higher than their actual proportion in the dataset (0.025). How-
ever, as illustrated in Fig. 4, both true and false positive cases exhibit 
similar average SHAP values, making them difficult to distinguish. A 
conservative interpretation might consider these false positives as poten-
tial at-risk crashes that warrant attention similar to true positive cases. In 
contrast, the predictions of the RF model for NS crashes can be regarded 
with high confidence, with a small error rate of 1.6% likely attributable 
to unobserved factors, such as subtle crash details, that the model fails 
to capture and which may influence the severity of the injuries.

In general, insights from global xAI techniques (see Figs. 2 and 3) 
indicate that the most influential factors driving the model predictions 
are primarily related to the type of crash (such as Rundown, Rollover-
fall and Collision), as well as vehicle characteristics (including Vehicles, 
Bicycle, Twowheel and Heavy). To a lesser extent, several categorical vari-
ables linked to spatial and causal features (such as Roadcond, Roadway, 
Speed, Pedestrian and Alcohol) also contribute to the model’s decisions, 
aligning with findings reported in the existing literature (Amini et al., 
2022; Santos et al., 2022).

To overcome the limited accuracy of the supervised ML models to 
predict the severity of injuries, as well as the restricted analytical pre-
cision of the current global xAI methods to interpret these models, we 
propose a supervised clustering approach using SOM, as described in Sec-
tion 3.2. Our approach aims to identify groups of crashes that share both 
similar predicted severity levels and comparable individual characteris-
tics, potentially indicating the need for similar road safety interventions. 
As shown in Figs. 5–7, the clusters exhibit markedly different empiri-
cal proportions of FS crashes, supporting confidence in their character-
ization despite the overall performance of the model. In the following 
analysis, we summarise the defining features of each cluster based on 
Figs. 6-8 and propose targeted interventions for each profile, drawing 
on recommendations from the existing literature.

We begin with the four clusters (2-3 and 8-9) grouped as NS crashes 
in Fig. 5. All of these clusters primarily contain crashes predicted as 
NS, although they differ in terms of prediction probability and confi-
dence, consistent with the percentage of observed FS crashes detailed in 
Fig. 5. According to Fig. 6, clusters 2 and 3 exhibit a median predicted 
probability of FS below 0.2 and a specificity rate that exceeds 97%. In 
contrast, clusters 8 and 9 show higher median predicted probabilities, 
closer to the 0.5 threshold, along with lower specificity rates, particu-
larly in cluster 8, where the specificity drops to 78%.

Cluster 2, previously described in the final paragraphs of Sec-
tion 4.2, only differs from Cluster 3 in the presence of bicycles in crashes 
(see the second left node in Fig. 8): the latter is characterized by the 
presence of this type of vehicle. Specifically, Cluster 3 consists of two 
neurons (as shown in Fig. 5): one representing collisions between bi-
cycles and light vehicles, and the other between bicycles and primarily 
two-wheeled vehicles. The observed proportion of FS crashes involving 
light vehicles is three times lower than in the latter. This suggests that 
bicycle-light vehicle collisions rarely result in fatal or serious injuries. 
However, with a mean predicted probability of 39.23% according to the 
RF model, collisions between bicycles and two-wheeled vehicles war-
rant the attention of competent authorities. Planning and implementing 
protected bike lanes that physically separate bicycles from motorized 
two-wheelers could help reduce these conflicts and improve safety (Ling 
et al., 2020; Wegman & Schepers, 2024).

Cluster 8 consists of rollovers or falls involving mainly two-wheeled 
vehicles and, to a lesser extent, light vehicles. However, these incidents 
do not coincide with other typical contributing factors to FS crashes, 
such as the presence of rundowns, shocks, heavy vehicles, excessive 
speed, or blood alcohol concentration, which are completely absent in 
this cluster. Although the feature Rolloverfall has a positive SHAP value, 
it is not sufficient alone to classify a crash as FS, highlighting the impor-
tance of excluding these additional risk factors from the scene. In addi-
tion, a closer examination of the three neurons comprising this cluster 
(see Fig. 5) reveals that falls involving two-wheeled vehicles, partic-
ularly when occurring without the involvement of other vehicles and 
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Fig. 6. Average SHAP values for all observations within each NS cluster, accompanied by boxplots showing the distribution of predicted FS probabilities. The left 
column displays feature percentages for each NS cluster: for binary (Y/N) variables, the presence (Y) percentage; for all others, the most frequent level.

outside of fast lanes, are associated with a higher probability of resulting 
in a fatal or serious (FS) crash (51% vs. 31%). In this sense, designing 
motorcycle-friendly road furniture can help reduce this type of crash 
(Comi et al., 2022; Dadashova et al., 2022).

Cluster 9 represents a distinct but less frequent subset of rollover 
and fall crashes. Unlike Cluster 8, it does not involve light vehicles and is 
characterized by poor road conditions identified as contributing to falls 
involving two-wheeled vehicles, suggesting the need for regular main-
tenance. Although such road conditions are rare in the overall dataset, 
their concentration within this cluster reflects the ability of the proposed 
SOM-based supervised clustering approach to identify coherent risk pro-
files even when they involve low-frequency events. However, given the 
limited absolute number of cases, this cluster should be interpreted with 
caution. Moreover, due to the similarities between Clusters 8 and 9 in 
terms of observed FS rates and average predicted FS probability, they 
may alternatively be viewed as a single broader rollover/fall risk profile. 
This case also highlights the value of the decision tree in Fig. 8, which 
helps to define the decision rules associated with this particular group 
of crashes.

Next, let us examine the rest of the clusters, grouped as FS crashes 
in Fig. 5. These clusters primarily contain crashes predicted as FS, ex-

cept for Cluster 6, which has more than 75% of cases with a proba-
bility of FS below the threshold of 0.5. However, we have included 
here because the proportion of observed FS crashes (4.32%) is higher 
than the overall FS rate in the testing dataset (2.5%), as seen in
Fig. 5.

In general, excluding Cluster 6, the RF model exhibited limited ac-
curacy in predicting FS crashes, with only 5-12% (PPV) of the predicted 
FS crashes actually resulting in a FS crash. However, the model suc-
cessfully identified 90-100% (Sens) of actual FS crashes, allowing us to 
consider the high number of false positive cases as at-risk cases that de-
serve appropriate road safety strategies to prevent future FS crashes. By 
leveraging the insights derived from the clustering analysis presented 
below, competent authorities can design and implement more targeted 
and efficient strategies.

Cluster 1 represents a small subset of FS cases characterized by ex-
cessive speed, identified by police reports as a contributing factor. This 
highlights the critical role of targeted interventions to reduce speeding, 
such as traffic calming measures. Additional distinguishing features of 
this cluster, as indicated in Fig. 7, refer to the temporal and spatial con-
text of the crashes. Specifically, a relatively high proportion of incidents 
occurred at night and in fast lanes, suggesting the need for specific (time 
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Fig. 7. Average SHAP values for all observations within each FS cluster, accompanied by boxplots showing the distribution of predicted FS probabilities. The left 
column displays feature percentages for each FS cluster: for binary (Y/N) variables, the presence (Y) percentage; for all others, the most frequent level.

and location) speed control strategies (Ding et al., 2019; Doecke et al., 
2020).

Cluster 4, considerably larger than Cluster 1, corresponds to FS cases 
characterized by elevated blood alcohol concentration as reported by the 
police. According to Fig. 7, these incidents are more likely to occur on 
weekend nights, raising the question of whether this pattern reflects the 
timing and location of police-administered alcohol breath tests. How-
ever, as with the previously discussed speed-related issue, it remains es-
sential to strengthen interventions aimed at reducing FS crashes caused 

by alcohol consumption in urban areas (EC, 2024; Houwing & Stipdonk, 
2014).

Cluster 5 groups crashes involving impacts with stationary objects 
(Shock), primarily by light vehicles, and not associated with the previ-
ously discussed risk factors (Speed and Alcohol). Although these crashes 
can occur under various conditions, they are more likely to occur dur-
ing the morning or night hours and on avenues or fast lanes. In such 
contexts, removing or relocating fixed roadside objects where feasible, 
or enhancing nighttime visibility by upgrading street lighting near these 
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Fig. 8. Decision tree illustrating the decision rules for each cluster. The final nodes include the classification rate at the node, expressed as the number of correct 
classifications and the number of observations in the node.

objects, may help reduce FS crashes within this group, which exhibits 
one of the highest observed proportions of FS outcomes (see Fig. 5).

Cluster 7 consists almost entirely of rundown incidents involving 
light or two-wheeled vehicles. It has the highest median of the predicted 
probability of FS, although, as shown in Fig. 5, it does not exhibit the 
highest observed proportion of FS crashes. The cluster consists of two 
neurons of almost equal size, which are exactly divided according to 
the value of the Pedestrian feature, that is, whether the police attributed 
the incident to pedestrian behavior or not. The neuron associated with 
pedestrian-related causes has an observed FS crash rate 2.6 times higher 
than the other. This difference is also captured by the RF model, with 
mean predicted probabilities of 90.82% and 75.11%, respectively. In 
such circumstances, promoting pedestrian education campaigns in high-
risk neighborhoods and implementing traffic calming measures in areas 
with high pedestrian activity may help reduce this type of crash (Batouli 
et al., 2020; EC, 2023b).

Cluster 6 captures a less common subset of rundown incidents, those 
involving bicycles as the striking vehicle. Compared to Cluster 7, this 
type of incident exhibits a lower observed proportion of FS crashes, as 
illustrated in Fig. 5, resulting in a mean predicted probability of FS be-
low the 0.5 threshold (approximately 45%). However, as previously dis-
cussed, we grouped with the FS-predominant clusters due to its elevated 
observed severity. A closer examination of the two constituent neurons 
further supports this classification. As in Cluster 7, these neurons are 
differentiated by the value of the Pedestrian feature. In particular, when 
the incident is attributed to pedestrian behaviour, the observed FS crash 
proportion rises to 6%. Consequently, to mitigate FS crashes in this con-
text, interventions analogous to those proposed for Cluster 7 may be 
effective along with the development of protected bike lanes that phys-
ically separate bicycles and pedestrians (Teschke et al., 2012).

Cluster 10 comprises exclusively crashes involving heavy vehicles, 
with no participation of light vehicles. As shown in the corresponding 
boxplot of predicted FS probabilities in Fig. 7, the data exhibit substan-
tial variability, characterized by a wide range and outliers on both ends. 
This pattern suggests a further examination of the two constituent neu-
rons within the cluster. The first neuron, which refers to rundown in-
cidents where heavy vehicles are the striking vehicle and the crash is 
attributed to pedestrian behavior, presents the highest observed pro-
portion of FS crashes in the testing dataset (15.38%). It corresponds to 
the upper end of the boxplot, with a mean predicted FS probability of 
82.21%. In contrast, the second neuron, representing collisions between 
heavy vehicles and bicycles or two-wheeled vehicles, as well as rollovers 

involving heavy vehicles, exhibits a significantly lower proportion of FS 
crashes (2.93%) and aligns with the lower end of the boxplot. In par-
ticular, to address the riskiest neuron, targeted infrastructure and road 
design measures can be implemented, such as restricting heavy vehi-
cle access or establishing low-speed zones in areas with high pedestrian 
density, and improving pedestrian crossings (EC, 2023a; Yang et al., 
2021).

6.  Conclusions

This study proposes and applies a novel methodology for severity-
based pattern detection in urban traffic crashes, combining supervised 
ML models, xAI techniques, and a SOM-based supervised clustering ap-
proach. The main objective is to identify interpretable, data-driven crash 
typologies associated with fatal or serious injury outcomes, thus sup-
porting the design of targeted and effective road safety interventions.

The application of the SOM-based supervised clustering approach of-
fered useful insights beyond what traditional supervised ML models 
or global xAI techniques could reveal on their own, providing a more 
nuanced understanding of crash typologies. This approach allowed us 
to group crashes into well-defined clusters based on common severity-
related patterns. The resulting 10-cluster typology revealed distinct sub-
groups of crashes that not only shared common predictive characteris-
tics but also corresponded to real-world traffic scenarios. Some of them 
align with known high-risk scenarios (e.g., rundowns involving heavy 
vehicles or excessive speed), and others highlight less obvious but crit-
ical patterns, such as falls involving two-wheeled vehicles or collisions 
between bicycles and motorcycles.

Consequently, high-severity SOM clusters provide a concrete basis 
for suggesting targeted road safety measures. Crashes related to exces-
sive speed in fast lanes at night call for focused speed enforcement 
and traffic calming. Those involving alcohol, particularly on weekend 
nights, highlight the need for strengthened sobriety controls. Incidents 
with impacts on fixed objects suggest improving roadside infrastructure 
and lighting. Rundown crashes involving pedestrians, bicycles, or two-
wheelers point to the importance of protected pedestrian and cycling in-
frastructure. Solo falls of two-wheeled vehicles, especially in poor road 
conditions, underscore the need for dedicated lanes and regular surface 
maintenance. Meanwhile, patterns involving heavy vehicles in pedes-
trian areas support restricting their access and improving crossings.

In conclusion, the proposed methodology offers a promising way 
to improve the interpretability of injury severity prediction models by 
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identifying high-severity crash profiles to inform more precise and effec-
tive urban traffic safety planning. An important advantage of the SOM-
based approach is its topology-preserving mapping, which maintains 
neighborhood relationships among similar crash profiles. This enables 
the formation of spatially organized and interpretable clusters, revealing 
subtle gradations of risk that may not be apparent with simpler methods. 
While the overall policy recommendations (e.g., targeted interventions 
for high-severity clusters) remain consistent, the SOM-based approach 
provides clearer and more actionable delineations of subgroups, sup-
porting more nuanced and informed decision-making.

It should be noted that the dataset covers the period up to 2019, in-
tentionally excluding the COVID-19 years to avoid structural distortions 
in mobility patterns. Since then, changes such as altered commuting 
behavior, increased micromobility adoption, and Vision Zero-oriented 
policies may have affected exposure and risk distributions. Although 
the specific cluster composition could vary under post-pandemic con-
ditions, the proposed methodological framework is independent of mo-
bility trends and can be readily updated with more recent data. Future 
validation using post-2020 datasets would therefore help assess tempo-
ral stability and transferability.

Based on the proposed methodology, future studies could explore a 
range of enhancements to broaden its applicability. First, testing alter-
native clustering algorithms and comparing their performance would 
help assess the robustness of the proposed approach. In particular, eval-
uating cluster stability under resampling or bootstrap procedures would 
provide additional insights, especially for rare event subsets. Second, in-
corporating additional data sources, such as traffic volume or detailed 
road geometry, could enhance the explanatory power of the clusters. 
Third, validating the clusters using more recent data or datasets from 
other cities would provide evidence of generalizability. Fourth, devel-
oping a cost-effectiveness framework for prioritizing both interventions 
and clusters would support practical decision-making under resource 
constraints. Finally, exploring broader contextual factors, such as tem-
poral changes and resource limitations, could further improve the ap-
plicability of the methodology in real-world settings.

Finally, although developed for urban traffic crash severity data, 
the proposed SOM-based supervised clustering method is fundamen-
tally a topology-preserving, supervised pattern recognition approach. 
As such, it could potentially be applied to other high-dimensional do-
mains, for example EEG signal analysis (Yu et al., 2020, 2024, 2018, 
2025). Domain-specific adaptations and validation would, of course, be 
required to ensure robust performance.
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