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Abstract
Roadway crashes are a leading cause of death and injury worldwide, necessitating targeted interventions for improved safety. 
While models exist to analyze spatial variations in specific risk factor effects, a comprehensive approach to identifying and 
characterizing distinct types of crash-prone spatial environments across large regions remains less explored. We address this 
gap by introducing a novel data-driven typology of census tracts based on crash indicators across Massachusetts, Connecti-
cut, and Vermont using 2023 crash data, providing a framework for categorizing areas based on distinct crash patterns. We 
apply dimensionality reduction using Uniform Manifold Approximation and Projection (UMAP) to 25 crash characteristics 
derived from over 222,000 crash records and aggregated across 2,660 census tracts. This reveals six key latent dimensions 
that capture underlying variations in crash profiles. Gaussian Mixture Modeling (GMM) reveals five distinct crash types, 
driven by differences in speed conditions, roadway design, and vehicle involvement, which influence crash severity and 
frequency. We validate the typology using a Light Gradient Boosting Machines (LightGBM) classifier, which achieved 96% 
accuracy across 5 classes. Finally, we demonstrate how this typology enables targeted and evidence-based safety interven-
tions. This integrated pipeline offers a novel tool for understanding regional safety patterns and guiding the development of 
context-specific, proactive safety interventions.
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Introduction

Roadway crashes represent a persistent global crisis, claim-
ing over a million lives annually and standing as a lead-
ing cause of death, particularly among young people aged 
5–29 (WHO 2023). In the United States, approximately 
2 million people were injured in motor vehicle crashes in 
2013 alone with a crash fatality rate of 10.3 fatalities per 
100,000, nearly twice the rate of the next highest country—
New Zealand (Centers for Disease Control and Prevention 
2016). The number of crash fatalities in the U.S. has contin-
ued to increase, with an estimated 43,000 people killed in 

roadway crashes in 2021, an increase of 10.5% from 2020 
(US Department of Transportation 2023).

Crashes are complex events, influenced by driver behav-
ior, vehicle characteristics, roadway design, and environ-
mental conditions (FHWA 2010). Extensive research into 
these individual elements has identified key risk factors, 
including speeding, alcohol impairment, and distracted 
driving (FHWA 2010; Taylor and Rehm 2012). Effective 
interventions are known, spanning behavioral strategies, law 
enforcement, and roadway engineering (Fisa et al. 2022). 
However, despite these advances, there is still a need to bet-
ter understand the spatial variability in how crash risk fac-
tors interact to form distinct crash patterns across different 
geographic contexts.

We address this need by developing a typology of census 
tracts based on crash indicators in Massachusetts, Connecti-
cut, and Vermont. Unlike traditional hotspot analysis (which 
identifies high-frequency locations) or incident-based classi-
fications (which categorize individual crashes), our approach 
finds a typology of the geographic areas themselves based on 
their aggregate profile of crash characteristics. This method 
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moves beyond analyzing individual crash incidents to iden-
tifying characteristic interactions of risk factors that define 
distinct types of crash-prone environments. While individual 
techniques like spatial analysis, clustering, dimensional-
ity reduction (UMAP), and model interpretation (SHAP) 
have been applied in traffic safety, our primary contribu-
tion lies in the development and application of an integrated 
UMAP–GMM–LGBM pipeline for spatial crash typology. 
This involves standardizing multi-state crash data, using 
UMAP to uncover latent crash profile dimensions, apply-
ing GMM to identify distinct spatial types based on these 
dimensions, and employing a supervised model (LightGBM) 
with SHAP analysis for interpreting the characteristics that 
define and differentiate these resulting types. This com-
prehensive pipeline provides a transferable framework for 
obtaining interpretable data-driven crash types in a large 
number of potentially heterogeneous units, allowing a more 
nuanced understanding of spatial safety patterns to better 
inform targeted interventions.

Literature Review

Crash analysis has traditionally relied on statistical and 
behavioral approaches. Early safety studies applied regres-
sion models, including logistic, Poisson, and negative bino-
mial regressions, as well as survival analysis, to understand 
crash occurrences and injury severity (Aziz et al. 2013; 
Schneider and Savolainen 2011). These models provided 
interpretable relationships between risk factors and crash 
outcomes, while behavioral research emphasized human 
factors. Studies have consistently shown that driver behav-
iors like speeding, distraction, and impairment account for 
a significant portion of crashes (Mekonnen et al. 2019). Tra-
ditional policy-driven interventions focus on enforcement 
(e.g., DUI laws, speed cameras) and infrastructure modifica-
tions (e.g., traffic calming measures), with programs such as 
Vision Zero utilizing crash data to guide multi-sector safety 
efforts (Kumar and Kalapurayil 2022; US Department of 
Transportation 2023). Yet, these strategies often rely on 
historical crash data and broad policy measures, which may 
overlook localized risk factors and evolving crash dynamics 
(Aguero-Valverde and Jovanis 2006).

With increasing data availability and computational capa-
bilities, machine learning (ML) methods have been increas-
ingly applied to crash analysis (Lin et al. 2018; Rella Ric-
cardi et al. 2022; Ali et al. 2024; Bhowmik et al. 2019, 2021; 
Kim et al. 2006). Recent advances emphasize the integration 
of diverse data sources, including roadway infrastructure, 
environmental conditions, and human factors, to enhance 
predictive power and interpretability (Paikari et al. 2014; 
Eskandari Torbaghan et al. 2022; Imprialou and Quddus 
2019). Sophisticated clustering techniques have been used 

to uncover hidden crash patterns, enabling more targeted 
safety interventions. Building on these developments, ML 
techniques such as decision trees, random forests (RF), sup-
port vector machines, and deep neural networks have dem-
onstrated superior performance over traditional statistical 
models, particularly in capturing non-linear relationships 
(Behboudi et al. 2024). Hybrid approaches, which integrate 
ML with econometric models, have further improved predic-
tive accuracy while preserving interpretability (Wang et al. 
2025; Lin et al. 2018). For example, Jin et al. (2023) devel-
oped a two-stage framework that combines a logit model 
with random parameters with a deep neural network to cap-
ture unobserved heterogeneity and complex feature interac-
tions in real-time crash risk prediction for highway tunnels.

Spatial crash analysis has also gained prominence, using 
clustering and GIS-based techniques to identify crash hot-
spots (Kamh et al. 2024; Mohammed et al. 2023). Meth-
ods such as Kernel Density Estimation (KDE) and Den-
sity-Based Spatial Clustering of Applications with Noise 
(DBSCAN) clustering are widely used to detect high-risk 
locations (Kamh et al. 2024; Jia et al. 2018; Bíl et al. 2019). 
Network-constrained clustering methods, such as the Getis-
Ord Gi* statistic, provide more refined spatial insights by 
adjusting for road network structures (Nie et al. 2015; Lu 
et al. 2013). Recent advances also integrated ML with spa-
tial clustering to analyze spatiotemporal crash distributions, 
improving hotspot prediction accuracy (Kamh et al. 2024; 
Jia et al. 2018; Zhou et al. 2023; Nitsche et al. 2017; Sun 
et al. 2019; Uchida et al. 2010; Abdel-Aty and Haleem 2011; 
Bajada and Attard 2021; Guo et al. 2023; Bíl et al. 2019; 
Eckley and Curtin 2013; Prasannakumar et al. 2011; Nie 
et al. 2015; Abdel-Aty et al. 2005). Beyond hotspot identifi-
cation, recent studies have integrated spatio-temporal con-
text into crash prediction models. A study applied a sparse 
nonnegative matrix factorization with spatial constraints to 
urban crash data, revealing distinct crash patterns over space 
and time and identifying high-risk areas and periods for tar-
geted interventions (Jin et al. 2024). Similarly, graph neu-
ral networks have been used to exploit the structure of the 
road network in the prediction of crashes (Gao et al. 2024). 
Another emerging direction is to model the spatial heteroge-
neity of crash risk factors. Spatially adaptive algorithms can 
reveal how the influence of various factors differs by loca-
tion, which traditional global models might overlook (Zhang 
et al. 2024; Gu et al. 2023). However, such highly localized 
approaches can also make it challenging for practitioners 
to derive generalizable interventions that can be applied in 
broader geographic contexts (Li et al. 2021; Zhang et al. 
2023). In addition, deep-reinforcement learning frameworks 
have been introduced to proactively manage crash risk 
through dynamic control strategies such as variable speed 
limits, particularly in high-risk environments such as high-
way tunnels (Jin et al. 2025). Furthermore, examination of 
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pre-crash scenarios and the use of in-depth crash data have 
enabled the identification of critical factors and patterns that 
precede crashes, facilitating the development of proactive 
safety measures (Bajada and Attard 2021; Guo et al. 2023).

However, significant research gaps remain. Many studies 
focus on specific locations or types of crashes, limiting gen-
eralizability (Aziz et al. 2013). For example, injury severity 
models developed for a single urban area might not account 
for rural versus urban differences, and many analyses use 
fixed-effect models that cannot capture variation between 
sites (Aziz et al. 2013). Furthermore, while some research 
has examined multi-state or nationwide crash data, these 
have been relatively scarce, with challenges in data integra-
tion and consistency across jurisdictions persisting (Dad-
var et al. 2020). The Highway Safety Information System 
(HSIS) provides multi-state datasets; however, differences 
in reporting, exposure, and road inventory often force most 
studies using these data to remain restricted to specific road 
types or regions (Dadvar et al. 2020).

Our study addresses these limitations by developing a 
spatial crash typology that integrates machine learning with 
multi-state crash data from Massachusetts, Connecticut, 
and Vermont. Using dimensionality reduction (UMAP) and 
Gaussian Mixture Modeling, we identify latent crash pat-
terns at the census tract level. Unlike previous research, our 
approach aims to be transferable between different jurisdic-
tions while preserving localized insights, offering a scalable 
framework for targeted safety interventions.

Methods

The methodological framework is shown in Fig. 1. First, 
we collected and integrated raw crash data from multiple 
sources. We then standardized and aggregated the data at the 
census tract level. Next, we applied dimensionality reduction 
techniques to identify latent factors in crash patterns. Using 

cluster analysis, we uncovered distinct crash types. Finally, 
we trained a classification model to validate the typology 
and highlight the relevant indicators.

Data

Sources and Initial Statistics

We sourced motor vehicle crash data for 2023 from the offi-
cial data repositories of Massachusetts (MassDOT 2023), 
Connecticut (CTDOT 2023), and Vermont (VTrans 2023). 
While containing core information about crashes, each 
state’s dataset exhibited variations in data structure, file 
organization, naming conventions, and the specific variables 
included. This required careful integration and standardiza-
tion, as described below.

The primary data types we considered were: (1) detailed 
crash records from the respective state departments of trans-
portation, (2) census tract boundary geometries from the 
U.S. Census Bureau, and (3) road network data, also from 
the U.S. Census Bureau, used for calculating road density. 
Table 1 provides a summary of key characteristics of the raw 
crash data for each state, providing an overview of the data 
landscape before integration.

Figure 2 displays the spatial distribution of crashes across 
Massachusetts, Connecticut, and Vermont. Figure 2a shows 
individual crash locations, while Fig. 2b presents the total 
number of crashes aggregated within each census tract in 
the region.

Data Aggregation and Feature Distributions

We integrated and prepared the crash data from the three 
states to create a unified dataset for analysis. Given the dif-
ferences in state reporting standards and definitions, we 
obtained a standardized dataset by first identifying a set of 
shared or conceptually similar relevant variables across the 

Fig. 1   Methodological flow-
chart
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combined region, including information on crash, vehicle, 
and network information. We then created a uniform coding 
system for the core variables. For instance, we mapped dif-
ferent state-level crash severity classifications onto a com-
mon standardized scale and grouped disparate vehicle type 
codes into consistent categories, ensuring comparability 
across the datasets. This process yielded a dataset suitable 
for aggregation.

Spatial analysis of crash patterns requires aggregating 
data into a consistent geographic unit to allow for meaning-
ful comparisons and pattern detection. We selected census 
tracts as the spatial unit for aggregation for several reasons. 
First, they provide standardized and relatively stable geo-
graphic boundaries across all three states, facilitating con-
sistent regional analysis. Second, census tracts represent 
a common unit used in transportation planning and allow 
for potential future integration with demographic or socio-
economic data. Third, they offer a meso-level perspective, 
balancing the high granularity of individual road segments 

with broader regional divisions like counties, resulting in 
a manageable number of units ( N = 2, 682 ) for typology 
development.

We aggregated the individual crash records at the census 
tract level, which transformed the data into a summary of 
crash characteristics. For the categorical variables, including 
the Intersection type and Crash severity, we calculated the 
proportion of crashes within each tract belonging to each 
category. For the numerical variables, such as the Speed 
limit, we calculated the mean value within each census tract. 
The detailed procedures for standardizing the variable defi-
nitions and coding systems across the three states, and the 
subsequent data aggregation are provided in Appendix 1.

We selected the features based on several considera-
tions. Firstly, we drew upon established traffic safety lit-
erature and domain expertise to identify characteristics 
known to influence crash patterns and outcomes (NHTSA 
2021; Farmer 2019; Sullivan 2018; Flannagan et al. 2021). 
Secondly, we were constrained by data availability across 

Table 1   Summary of raw crash 
data characteristics (2023)

State Crash records Initial columns Cities/towns Census tracts Avg 
crashes per 
tract

Massachusetts 115,573 123 343 1,589 72
Connecticut 99,953 103 169 878 113
Vermont 7,010 37 233 193 35
Total 222,536 – 745 2,660 83

Fig. 2   Geographic distribution 
of crashes across Massachusetts, 
Connecticut, and Vermont in 
2023: a Individual crash loca-
tions. and b Crashes aggregated 
by census tract
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all states. Thirdly, we aimed to provide a comprehensive 
representation of crash incidents within each census tract, 
with features such as crash severity proportions, typical 
vehicle involvement, intersection characteristics, envi-
ronmental factors, and roadway context (e.g., mean speed 
limit, road density). This resulted in a final dataset with 
2,660 rows (one for each census tract) and 25 columns 
representing the aggregated crash characteristics. Figure 3 

shows the overall distributions of the aggregated features 
across all three states combined. While underlying raw 
data distributions may vary somewhat between states, as 
shown in Table 1, this study focuses on identifying com-
mon regional patterns emerging after data standardization 
and aggregation. The definitions of the features shown in 
the figure are provided in Table 2. 

Fig. 3   Histograms of the 25 selected and aggregated crash characteristic variables, grouped by category
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Dimensionality Reduction

To identify the underlying latent factors driving the crash 
patterns, we applied dimensionality reduction (DR) to the 
25 aggregated crash characteristic variables to reduce com-
plexity while preserving the essential data structure and ena-
bling effective clustering. We evaluated several approaches, 
namely Principal Component Analysis (PCA) (Hotelling 
1933), Kernel PCA (KPCA) (Schölkopf et al. 1998), t-dis-
tributed Stochastic Neighbor Embedding (t-SNE) (van der 
Maaten and Hinton 2008), and Uniform Manifold Approxi-
mation and Projection (UMAP) (McInnes et al. 2020), to 
determine the optimal method for this task.

After tuning each DR method via grid search, we applied 
a temporary K-means clustering ( k = 8 ) to the reduced 
dimensions and assessed cluster quality using three valid-
ity metrics: Silhouette Score, Davies–Bouldin Index (DB 

Index), and Calinski–Harabasz Index (CH Index). This step 
was performed for all DR methods to ensure a fair compari-
son of their ability to preserve meaningful structure in lower 
dimensions. We then calculated the average rank across the 
metrics to determine the best-performing model. Table 3 

Table 2   Definition of the 25 
aggregated crash characteristic 
features used as input for 
UMAP analysis within each 
census tract

aBased on types of vehicles involved in crashes within the tract
b Proportion of all crashes within the census tract matching the specified category/condition
c Based on the geographic coordinates of the crash location relative to intersections
d Based on the highest injury severity recorded for any person involved in a crash
e Calculated as total length of primary/secondary roads divided by tract area
f  Mean of the posted speed limits associated with individual crash locations within the tract

Feature source Feature value/category Calculation method and/or unit

Vehicle Type Involveda Passenger car Proportionb

Light truck/SUV/Van
Medium/Heavy truck
Other
Motorcycle
Bus
Unknown
ATV/ROV
Low-speed veh
Construct equipment

Intersection Typec Not an intersection Proportionb

Four-way
T-intersection
Five-point/more
Y-intersection
Roundabout

Crash Severity Outcome Property damage only Proportionb

Any Injury
Highest Injury Statusd No injury Proportionb

Possible injury
Minor injury
Serious injury
Fatal injury

Network Road Density Length per area ( km∕km2)e

Crash Speed Mean Speed Limit Mean value (mph)f

Table 3   Comparison of dimensionality reduction techniques

Italics indicate the best value for each metric

Method Silhouette score Davies–
Bouldin 
index

Calinski–
Harabasz 
index

Average rank

KPCA 0.272 1.062 2640.670 3.00
PCA 0.254 1.133 2420.980 4.00
t-SNE 0.429 0.725 3714.861 1.67
UMAP 0.414 0.714 6130.536 1.33
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presents a comparative analysis of the performance across 
the methods. UMAP achieved the best CH Index, best DB 
Index, and the best average rank of 1.33.

Based on this, we selected UMAP. At its core, UMAP 
constructs a high-dimensional graph representation of the 
data and then optimizes a low-dimensional layout to be as 
structurally similar as possible. This similarity is quanti-
fied using cross-entropy, aiming to minimize the divergence 
between the probability distributions representing connec-
tions in the high-dimensional ( vij ) and low-dimensional ( wij ) 
spaces, as shown in Equation 1:

where vij represents the probability of a connection between 
data points i and j in the high-dimensional space, and wij rep-
resents the corresponding probability in the low-dimensional 
space. UMAP aims to preserve the relationships between 
data points as faithfully as possible during the dimension-
ality reduction process by minimizing this cross-entropy 
(McInnes et al. 2020).

We optimized UMAP’s hyperparameters through a grid 
search, assessing potential cluster quality on the reduced 
dimensions using the silhouette score. The parameter ranges 
explored and the results of this tuning process are summarized 
in Table 4 and visualized in Fig. 4. Applying UMAP with 
the selected optimized parameters transformed the original 
25 aggregated features for each census tract into a new set 
of 6 numerical components. This resulting six-dimensional 

(1)ℍ(v,w) =
∑

i≠j

[
vij log

(
vij

wij

)
+ (1 − vij) log

(
1 − vij

1 − wij

)]

representation captures the core structure of the initial, high-
dimensional data in a lower-dimensional space and served 
as the input for the subsequent clustering analysis (“Cluster 
Analysis” section).

Latent Component Interpretation

The UMAP transformation reduces the dataset (the original 
25 aggregated features) to a lower-dimensional space while 
preserving the important structure, resulting in a set of latent 
components that serve as inputs for clustering. To interpret 
the role of these components, we first fitted 6 eXtreme Gradi-
ent Boosting (XGBoost) models, each predicting one of the 
UMAP dimensions. XGBoost is a tree-based machine learn-
ing algorithm based on Gradient Boosting Machines (GBM) 
(Friedman 2000; Mason et al. 1999; Breiman 1997), which 
builds decision trees sequentially to correct previous errors and 
improve accuracy. XGBoost enhances the process via regu-
larization and parallel computation, making it faster and more 
robust (Chen and Guestrin 2016). We then applied SHapley 
Additive exPlanations (SHAP) to quantify how each original 
crash feature contributes to the predicted UMAP dimensions 
(Lundberg and Lee 2017; Lundberg et al. 2020). This allows 
us to characterize the meaning of the latent space before using 
it for crash type analysis.

Given a UMAP component zl , the trained XGBoost model 
estimates it as a function of the original crash features:

where f̂l(⋅) is the predictive function learned by XGBoost, 
and x1, x2, ..., xD are the original crash characteristics. The 
SHAP value �l

d
 for feature xd in predicting zl is computed as:

where �l
d
 represents the marginal contribution of feature xd 

across all possible subsets S of input features.

(2)zl = f̂l(x1, x2, ..., xD)

(3)

𝜙l
d
=

∑

S⊆{x1,...,xD}⧵{xd}

|S|!(D − |S| − 1)!

D!

[
f̂l(S ∪ {xd}) − f̂l(S)

]
Table 4   UMAP hyperparameter tuning: parameters and ranges

Parameter Range explored

Distance metric {Euclidean, Manhattan}
Minimum distance [0.0, 0.5, 0.99]
No. neighbors [3, 18]
No. components [3, 10]

Fig. 4   UMAP hyperparameter 
tuning results: Silhouette score 
versus number of components, 
color-coded by number of 
neighbors
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The SHAP values provide an additive decomposition 
of each model prediction, explaining how individual crash 
characteristics influence the UMAP representation. A posi-
tive �l

d
 indicates that feature xd increases the predicted value 

of UMAP component zl , whereas a negative value suggests a 
decreasing effect. The magnitude of �l

d
 reflects the strength 

of this influence, enabling a detailed interpretation of the 
latent space.

Cluster Analysis

We clustered census tracts in the reduced UMAP space 
using: K-means (MacQueen 1967), Gaussian Mixture 
Models (GMM) (Dempster et al. 1977), hierarchical Den-
sity-Based Spatial Clustering of Applications with Noise 
(HDBSCAN) (Campello et al. 2013), and Self-Organizing 
Maps (SOM) (Kohonen 1982). Table 5 presents a com-
parative analysis of the clustering performance across the 
methods. As with dimensionality reduction, we tuned each 
method using a grid search and then used three cluster qual-
ity metrics: the Silhouette Score, DB Index, and CH Index, 
to assess the quality of the clusters. GMM achieved the best 
average rank (1.33) and was selected as the optimal cluster-
ing method.

GMM assumes that the data points (in this case, UMAP 
component coordinates) are generated from a mixture of 
K Gaussian distributions, each characterized by its respec-
tive mean vector �k and covariance matrix �k . The model 
is specified as:

where p̂(z) is the probability density of the data point z , K 
is the number of components, and �k is the mixing coef-
ficient for the k-th Gaussian component, representing the 
prior probability of a data point belonging to that component 
( 
∑K

k=1
�k = 1 ). Additionally, N(z ∣ �k,�k) is the Gaussian 

probability density function for the k-th component.
The parameters of the GMM ( �k , �k , and �k for each 

component) were estimated using the Expectation–Maximi-
zation (EM) algorithm. The E step computes the probability 
that each data point zn belongs to component or cluster k:

(4)p̂(z) =

K∑

k=1

𝜋kN(z ∣ �k,�k)

and in the M step, the parameters are updated as follows:

where Nk =
∑N

n=1
�nk is the effective number of points 

assigned to cluster k. These steps are repeated until 
convergence.

Table 6 summarizes the hyperparameters of the grid 
search used to optimize the GMM and their respective 
ranges. We examined the Bayesian Information Criterion 
(BIC), depicted in Fig. 5a, to assess model complexity 
penalties. Additionally, we used the Silhouette Score to 
evaluate different hyperparameter combinations, as shown 
in Fig. 5b. We selected K = 5 as the final number of clus-
ters. This choice was based on the objectives of model 
fitness, parsimony, and interpretability. Specifically, K = 5 
fell within the optimal range suggested by the BIC elbow 
(Fig. 5a), maintained a reasonably high average silhouette 
score (Fig. 5b), and yielded clusters with distinct profiles. 
We considered this level of granularity most ideal for dis-
tinguishing different dominant crash patterns across cen-
sus tracts, potentially aiding the development of targeted 
safety strategies relevant to real-world conditions.

Applying the GMM algorithm with these optimized 
parameters to the UMAP-reduced data yielded 5 clus-
ter assignments for each census tract. Figure 6 shows a 
pair plot of the UMAP components, with points colored 
according to their assigned GMM cluster (crash type).

(5)�nk =
�kN(zn ∣ �k,�k)

∑K

k�=1
�k�N(zn ∣ �k� ,�k� )

(6)

𝜋k =
Nk

N
, �k =

∑N

n=1
𝛾nkzn

Nk

, �k =

∑N

n=1
𝛾nk(zn − �k)(zn − �k)

⊤

Nk

Table 5   Comparison of 
clustering methods

Italics indicate the best value for each metric

Method Silhouette Calinski–Harabasz Davies–Bouldin Average rank

GMM 0.467 6013.262 0.620 1.33
HDBSCAN 0.311 633.718 1.832 4.00
K-means 0.449 12539.947 0.742 2.00
SOM 0.331 2561.390 0.693 2.67

Table 6   GMM hyperparameter tuning: parameters and ranges

Parameter Range

Covariance matrix specification {Full, Tied, Diago-
nal, Spherical}

No. components [2, 14]
Parameter initialization method {K-means, Random}
Regularization covariance {10−6, 10−5, 10−4}
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Crash Typology Interpretation

After clustering, each census tract was assigned a crash 
type based on its position in the UMAP-reduced space. To 
understand how the latent UMAP components influence 
these assignments, we first fitted a single XGBoost model 
to predict crash type probabilities using the 6 UMAP 

dimensions (components) as input features. We then cal-
culated SHAP values for each crash type. This analysis 
quantifies the contribution of each UMAP component to 
the probability that a census tract belongs to a specific 
type of crash.

Given a predicted crash type label k̂ , the XGBoost 
model estimates its probability as:

Fig. 5   Comparison of GMM 
hyperparameter tuning metrics: 
a Bayesian Information Crite-
rion (BIC) values. The shaded 
red region indicates the elbow 
region, which suggests that a 
range of components between 
4 and 6 balances model fit and 
complexity, and b The Silhou-
ette score, color-coded by the 
covariance type, evaluated for 
number of components between 
2 and 8

Fig. 6   Pairplot of UMAP 
components, colored by the 
crash type
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where z1, z2, ..., zL represent the UMAP components, K is 
the number of clusters, and ĝk(⋅) is the predictive function 
learned by XGBoost that maps the reduced feature space to 
class scores before applying a softmax transformation.

The SHAP value �k
l
 for UMAP component zl in predict-

ing crash type k is computed as:

where �k
l
 represents the marginal effect of component zl 

across all possible subsets S of the input features.
The SHAP values provide an interpretable breakdown of 

how the reduced-dimensional representation influences crash 
type assignment. A positive �k

l
 indicates that zl increases the 

likelihood of assignment to crash type k, while a negative 
value suggests a suppressing effect.

Assessing Typology Separability and Robustness

We developed a supervised classification modeling approach 
to assess whether the five crash types derived from the unsu-
pervised UMAP–GMM pipeline (“Cluster Analysis” sec-
tion) represented statistically separable and recoverable pat-
terns based on the original crash characteristics. Thus, we 
trained models to predict the GMM-assigned cluster label 
(crash type 1–5) for each census tract using the original 25 
aggregated crash characteristic features (Table 2) as inputs, 
instead of the 6 UMAP dimensions. The goal was to deter-
mine whether these original features were sufficient to reli-
ably distinguish between the clusters identified in the latent 
space, thus confirming the robustness and distinctiveness of 
the typology. This approach also provides a model capable 
of assigning new census tracts to a crash type based on their 
features, without re-running the UMAP–GMM pipeline.

We evaluated several classification algorithms, includ-
ing light gradient boosting machines (LightGBM) (Ke et al. 
2017), random forests (Breiman 2001), logistic regression 
(Cox 1958), artificial neural networks (ANN) (Rosenblatt 
1958), and XGBoost (Chen and Guestrin 2016). We con-
ducted a grid search with 3-fold cross-validation for each 
model to optimize hyperparameters, aiming to maximize 
prediction accuracy.

Table 7 provides a detailed comparison of the evaluation 
metrics for the top models on the test set. LightGBM (Ke 
et al. 2017), a variant of GBM designed for efficiency using 
histogram-based learning to speed up training, achieved 
the strongest performance, with the best scores across all 
metrics considered, including an overall accuracy of 96.1%. 

(7)P(k̂ = k ∣ z1, z2, ..., zL) =
eĝk(z)

∑K

k�=1
eĝk� (z)

(8)

𝜓k
l
=

∑

S⊆{z1,...,zL}⧵{zl}

|S|!(L − |S| − 1)!

L!

[
ĝk(S ∪ {zl}) − ĝk(S)

]

Formally, LightGBM minimizes the following objective 
function:

where �(yn, ŷn) is the loss function comparing the true label 
yn with the predicted value ŷn , N is the total number of train-
ing samples, f̂t represents the prediction function of the t-th 
decision tree, T is the total number of trees in the boosting 
process, and Ω(f̂t) is a regularization term that controls the 
complexity of each tree.

The optimization is performed using a second-order Tay-
lor expansion:

where L(t) is the approximated objective function at iteration 
t, f̂t(xn) is the output of the t-th tree for input xn , and gn and 
hn are the first and second derivatives (gradient and Hes-
sian) of the loss function with respect to the model output 
at sample xn.

Results and Discussion

Latent Crash Components are Characterized 
by Speed, Network, and Vehicle Type

We analyzed SHAP values from six trained XGBoost mod-
els, each corresponding to one UMAP component. Figure 7 
presents SHAP value plots for the top 5 most important fea-
tures of each UMAP component, sorted by mean absolute 
SHAP value.

Analysis of the SHAP plots (Fig. 7) revealed that the 
six UMAP components represent distinct combinations 
of speed, location/intersection type, and vehicle type 
characteristics. Hi-Speed Dense-Road Truck (Fig.  7a) 

(9)L =

N∑

n=1

�(yn, ŷn) +

T∑

t=1

Ω(f̂t),

(10)L
(t) ≈

N∑

n=1

[
gnf̂t(xn) +

1

2
hnf̂

2
t
(xn)

]
+ Ω(f̂t),

Table 7   Evaluation metrics for the top classification models

Italics indicate the best-performing model (LightGBM) across all 
metrics

Metric ANN LightGBM Logistic Random XGBoost

Accuracy 0.908 0.961 0.879 0.947 0.949
F1 Score (Macro) 0.914 0.966 0.892 0.930 0.929
Log Loss 0.211 0.099 0.268 0.324 0.120
Precision 

(Macro)
0.917 0.967 0.894 0.957 0.922

Recall (Macro) 0.912 0.966 0.890 0.909 0.938
ROC AUC 

(Macro)
0.992 0.999 0.986 0.994 0.998

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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captures high-speed roadways, higher road density, and 
crashes involving trucks. Hi-Speed Hi-Severity Intersec-
tion (Fig. 7b) represents higher-severity crashes (injuries) 
occurring at intersections, particularly T-intersections, 
and at higher speeds. Hi-Speed Intersection Car (Fig. 7c) 
highlights higher-speed crashes at intersections (but not 
four-way intersections), and more passenger cars involved. 
Hi-Speed Non-Intersection Car (Fig. 7d) relates to crashes 
away from four-way intersections, often involving pas-
senger cars at higher speeds. Lo-Speed Non-Intersection 
Bus (Fig. 7e) is associated with lower average speeds, 
non-intersection crashes, and bus involvement. Finally, 
Mid-Speed Light Trucks (Fig. 7f) primarily distinguishes 
between crashes involving light trucks/SUVs/vans ver-
sus passenger cars. Based on these interpretations, we 
assigned concise, descriptive names to each UMAP com-
ponent, as summarized in Table 8.

Crash Types are Defined by Spatial Patterns, 
Roadway Design, and Vehicle Interaction

The typology analysis revealed five distinct crash types. 
The spatial distribution of these types across the study area 
is visualized in Fig. 8, which reveals geographical patterns 
ranging from dense urban cores to more dispersed subur-
ban and rural settings. Radar plots of component averages 
in each type and the type-specific SHAP plots from the 
fitted XGBoost model are shown in Fig. 9.

In naming the crash types, we adopted a binomial 
approach. The first term refers to the speed characteristics 
(Fast, Mixed, or Slow) based on the predominant speed-
related UMAP component score averages. The second 
term indicates the spatial context (Rural, Suburban, or 
Urban) based on observed geographic distribution patterns 

Fig. 7   SHAP value plots showing feature influence on each UMAP component. Each point in the plot represents a single census tract and each 
subplot shows the SHAP values for the top 5 features influencing the corresponding UMAP component

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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and infrastructure characteristics, such as road density and 
intersection type.

The figures within Fig. 9 jointly explain how the six latent 
components contribute and help interpret the five crash 

types. The radar plots in Fig. 9 show the average magnitude 
of each component within a type, while the SHAP-value 
figures in Fig. 9 show the directional influence of high-ver-
sus-low values on the probability that a tract belongs to that 
type. A crash type is therefore defined by the unique combi-
nation of components that push membership probability up 
(positive SHAP values) or down (negative SHAP values). 
Furthermore, Fig. 11 provides a visual summary mapping 
the key features contributing to each crash type classifica-
tion. Table 9 summarizes the key spatial and characteristic 
features of each crash type. We describe the types in detail 
below.

Fast Rural

Distributed across all three states in areas surrounding 
urban centers and extending into less densely populated 
regions, this type is most strongly defined by Hi-Speed 
Hi-Severity Intersection, with a secondary, but still sub-
stantial, association with Hi-Speed Dense-Road Truck. 
This type is also less common in areas with high Lo-
Speed Non-Intersection Bus values. This profile points to 
injury-producing crashes at intersections on higher-speed 
roadways, often involving trucks, which is common in 
suburban–rural transition zones.

Mixed Suburban

This type is widespread across the three states, but less 
concentrated in dense urban cores. While there is some 
influence from Lo-Speed Non-Intersection Bus, this type is 
prominently associated with Hi-Speed Dense-Road Truck 
and Mid-Speed Light Trucks, indicating a strong association 
with crashes on higher-speed roadways, with higher road 
density, and substantial truck involvement, typical of major 
suburban arterial roads.

Table 8   Description of UMAP components

Name Key characteristics

Hi-Speed Dense-Road Truck High-speed roadways with higher road density and a significant proportion of truck involvement
Hi-Speed Hi-Severity Intersection Higher-severity (injury) crashes, often at intersections (especially T-intersections) and associated with higher 

speeds
Hi-Speed Intersection Car Higher-speed crashes at intersections other than four-way intersections, with a higher proportion of passenger 

cars involved
Hi-Speed Non-Intersection Car Fewer crashes at four-way intersections, a higher proportion of non-intersection and passenger car involve-

ment
Lo-Speed Non-Intersection Bus Lower-speed, non-intersection crashes, with a greater proportion of bus involvement
Mid-Speed Light Trucks Primarily distinguishes between crashes involving light trucks/SUVs/vans (higher values) and passenger cars 

(lower values)

Fig. 8   Spatial distribution of the five crash types in Massachusetts, 
Connecticut, and Vermont across census tracts. Each color repre-
sents a different crash type, with the number of census tracts shown in 
parentheses in the legend

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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Fast Urban

This type is highly concentrated in the densest urban cores 
of the case study area. It is also characterized by crashes 
in urban cores that happen at high speeds, away from tra-
ditional intersections, and involve injuries, which can be 
inferred from high values of Hi-Speed Non-Intersection Car, 
Hi-Speed Hi-Severity Intersection, and Hi-Speed Intersec-
tion Car, as well as being less frequent in areas with high 
Hi-Speed Dense-Road Truck values.

Slow Urban

Concentrated in and around urban centers, this type pre-
sents a contrasting profile. It is clearly linked to Lo-Speed 
Non-Intersection Bus and occurs less frequently in locations 
with high Hi-Speed Dense-Road Truck and Mid-Speed Light 
Trucks. This suggests crashes occurring in areas with lower-
speeds, with a notable presence of buses, and significantly 
less truck and light truck/SUV/van traffic, which are char-
acteristic of urban and inner-suburban local road networks.

Fast Suburban

With a broad distribution across all three states (similar 
to Mixed Suburban but more dispersed), census tracts of 
this type exhibit high values on both Hi-Speed Dense-Road 
Truck and Hi-Speed Intersection Car, while being less asso-
ciated with Lo-Speed Non-Intersection Bus and Mid-Speed 
Light Trucks. This combination indicates crashes on higher-
speed roadways with a mix of vehicle types, but less frequent 
involvement of buses and light trucks/SUVs/vans, a pattern 
that aligns with suburban highways carrying a blend of com-
muting and through traffic.

Classification Performance Confirms Typology 
Separability and Reveals Key Predictors

The fitted LightGBM classification model predicted crash 
types with an accuracy of 96.06% on the test set. Figure 10a 
shows the confusion matrix, and Fig. 10b shows the receiver 
operating characteristics (ROC) curves. The high Area 
Under the Curve (AUC) scores (0.993–1.000) and strong 
precision, recall, and F1-scores (0.96–0.97 macro-averaged, 
Table 7) indicate excellent discrimination between the five 
types based on the original 25 features. This high level of 
predictive performance confirms that the five crash types 
identified via the unsupervised UMAP–GMM process are 
robustly separable and represent distinct patterns based on 
the original aggregated crash characteristics.

Figure 10c shows the feature importance. The mean 
speed limit within a census tract was the strongest pre-
dictor. This indicates that the prevailing roadway design 

Fig. 9   Comparison of SHAP value plots (left) and radar plots (right) 
for the five identified crash types. SHAP plots show the impact of 
each UMAP component on the model’s crash type classification, with 
features sorted by their mean absolute SHAP value. Radar plots show 
the mean normalized distribution of UMAP components across each 
crash type

◂

Table 9   Summary of crash type spatial distribution and characteristics

Type No. tracts Spatial distribution Key crash characteristics

Fast Rural 376 Distributed across all three states, in areas surround-
ing urban centers and extending into less densely 
populated regions

Injury at intersections on higher-speed roadways with 
truck involvement, typical of suburban–rural transitions

Fast Suburban 542 Broad distribution across all three states but encom-
passing a wider range of suburban/exurban settings

Higher-speed roadways, often involving a mix of vehi-
cles, but less likely to involve buses or light trucks, 
common on suburban highways

Fast Urban 45 Highly concentrated in the densest urban cores of the 
study area

At high speeds away from traditional intersections in the 
urban core

Mixed Suburban 545 Widespread across the three states, but less concen-
trated in dense urban cores. More prevalent in subur-
ban/exurban areas

Higher-speed roadways in suburban/exurban settings 
with high truck involvement

Slow Urban 1152 Concentrated in and around urban centers Lower-speed roads in urban/inner suburban areas, higher 
bus involvement, and lower truck and light-truck 
involvement

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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and traffic flow characteristics are fundamental in influ-
encing the types of crashes that occur within an area. 
Higher speed limits generally indicate a greater pres-
ence of higher-capacity roads, designed for faster and 
potentially higher-volume traffic, which can alter crash 
risk and severity.

The next most important features relate to the network 
characteristics, such as the road density or the intersec-
tion type (T-intersections, four-way intersections, and 
non-intersections). The prevalence of a type of inter-
section within a census tract was a key differentiator of 
the crash types, indicating that the model successfully 
captured the influence of roadway geometry and traffic 
control on crash patterns.

The presence of different vehicle types (Light truck/SUV/
Van, Passenger car) was also a major factor. This suggests 
that the mix of vehicles using the roadways within a cen-
sus tract, which are typically influenced by factors such as 
population size, land use, demographics, and commuting 
patterns, contributes to the specific crash characteristics 
observed. Finally, the model also relied on crash severity 
and injury status. This suggests that the risk of specific crash 
outcomes varies across census tracts.

Crash Typology Enables Targeted Safety 
Interventions

The crash typology provides a framework for developing tar-
geted safety interventions. Understanding the dominant char-
acteristics derived from the latent UMAP components and 
the spatial distributions of the crash types allows transporta-
tion planners and policymakers to tailor mitigation strategies 
to the specific risk factors present in different contexts. This 
targeted approach supports more efficient resource allocation 
and potentially greater impacts on crash reduction.

To demonstrate this, we identified six categories of safety 
interventions from the literature, ranging from geometric 
design changes to traffic control and enforcement. Figure 11 
visualizes the connections established through our analysis, 
mapping the influence of the key UMAP components onto 
the different crash types, and subsequently linking those 
crash types to the relevant high-level intervention categories 
commonly employed. The width of the flows in the diagram 
indicates the strength of the influence of the feature (positive 
or negative SHAP value) or the number of specific interven-
tions applied within a category for a given type.

Fig. 10   LightGBM classifier 
validation test results: a Confu-
sion matrix, b ROC curves for 
each crash type, and c Feature 
importance

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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To provide actionable detail beyond these categories, we 
then examined 33 specific examples of evidence-based inter-
ventions tailored to the characteristics of each crash type. 
Table 10 summarizes the interventions by type. For exam-
ple, we specify countermeasures such as modern roundabout 
conversions for Fast Rural areas influenced by high-speed 
intersection risks, or improved pedestrian crossing facili-
ties for Slow Urban areas characterized by bus and pedes-
trian activity. Each specific intervention is accompanied 
by a description of the mechanism and risks it addresses, 
linking to the underlying crash characteristics, and is sup-
ported by citations to established safety resources, such as 
FHWA guides, technical reports, and the Highway Safety 
Manual (HSM) (FHWA 2025; AASHTO 2010). The risk 
factors addressed are related to the typology characteristics 
identified in “Latent Crash Components are Characterized 
by Speed, Network, and Vehicle Type” section and “Crash 
Types are Defined by Spatial Patterns, Roadway Design, and 
Vehicle Interaction” section. Sources provide evidence and 
implementation guidance for the specific intervention. Using 
this typology, agencies can develop context-specific safety 
plans informed by the unique crash profile of different areas 
within their jurisdiction.

Limitations

The aggregation of crash data to the census tract level, while 
necessary to develop area-based types, is subject to the Mod-
ifiable Areal Unit Problem (MAUP) (Openshaw 1979). This 
means that the specific boundaries (zoning effect) and the 
scale (scale effect) of the census tracts can influence the 
resulting patterns and typology. Consequently, significant 
variation in crash characteristics within a single census tract 
may be masked. Future research should explore the sensitiv-
ity of these findings to different spatial aggregation units, 
such as uniform grid cells or functionally defined road seg-
ments, to better understand the impact of MAUP and intra-
unit heterogeneity.

Another limitation of this study is its reliance on crash 
data for a single year (2023). Although this provides a valua-
ble snapshot, it does not capture potential temporal dynamics 
in crash patterns, which can evolve due to changes in infra-
structure, traffic volumes, travel behavior, or policy interven-
tions over time. Acquiring and standardizing comprehensive 
high-quality crash data across multiple jurisdictions and 
years presented significant challenges, which constrained 
the temporal scope of this study. Future research, however, 

Fig. 11   Sankey diagram showing the relationship between identified 
UMAP components (left), the five crash types (middle), and the cat-
egories of safety interventions (right). Flow widths from components 
to types represent the magnitude of SHAP value influence (red for 

positive, blue for negative). Flows from types to intervention catego-
ries indicate the number of recommended interventions (colored by 
crash type)
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should aim to incorporate multi-year datasets to explore the 
temporal stability of the identified crash types and inves-
tigate how crash profiles within census tracts change over 
time.

Conclusion

In this research, we developed a novel typology of census 
tracts based on their crash profiles, using three New England 
states as a case study. This typology builds on conventional 
incident-focused analysis or hotspot identification by clus-
tering geographic areas based on their multivariate crash 
profiles. We identified five distinct crash types present across 
the region through an unsupervised learning pipeline that 
integrates UMAP and GMM. These types are character-
ized by unique combinations of factors, such as the mean 
of posted speed limits associated with each crash within the 
tract, the prevalence of intersections, vehicle participation, 
and the resulting outcomes of severity of the crash, which 
reveal predictable spatial safety patterns.

We found that the crash types are conceptually distinct 
and statistically separable and predictable (“Classification 
Performance Confirms Typology Separability and Reveals 
Key Predictors” section). The LightGBM classification 
model achieved 96% accuracy predicting the typology mem-
bership from original features, which proved the value of the 
integrated UMAP-GMM-classifier pipeline for extracting 
meaningful geographic safety patterns from complex crash 
data. Our approach provides a valuable framework for trans-
portation safety analysis by offering a complementary per-
spective to traditional methods. Instead of focusing solely on 
high-risk locations or individual incidents, it characterizes 
different types of crash-prone environments based on their 
underlying risk factor interactions. The multi-state scope 
facilitates the discovery of potentially transferable regional 
patterns, while the SHAP-based interpretation ensures that 
the insights derived from the machine learning models are 
explainable and actionable for safety practitioners.

We used the proposed typology to identify high-risk areas 
based on their predicted crash type, allowing us to prior-
itize safety investments where they were most needed. More 
importantly, we demonstrated how the typology can guide 
the development of 33 evidence-based targeted interven-
tions. Instead of applying generic safety measures, we linked 
each crash type to specific risk factors and recommended 
interventions tailored to those patterns.

There are several promising avenues for future work. 
First, investigating the transferability of this typology to 
other regions would be valuable. Although the specific 
crash types and their characteristics may vary, the underly-
ing principle that area-level factors drive spatial patterns in 
crash risk is likely to be generalizable. Second, incorporating Ta
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additional data sources, such as detailed roadway inventory 
data, traffic volume information, and land use patterns, could 
further refine the typology and improve the precision of risk 
prediction. Third, evaluating the specific intervention strate-
gies tailored to each crash type is a possible next step. This 
could involve collaborations with transportation agencies 
to implement pilot projects and assess their effectiveness.

This research provides a powerful novel tool to under-
stand and address road safety. By shifting the focus from 
individual crashes to area-level patterns, the typology offers 
a more holistic and actionable framework to improve safety 
outcomes and develop targeted interventions that can save 
lives and reduce injuries on our roadways.

Appendix: Data Standardization 
and Aggregation Details

Data Integration and Preparation

To construct a unified dataset suitable for cross-state anal-
ysis, crash data from Massachusetts, Connecticut, and Ver-
mont for the year 2023 underwent a rigorous integration 
and preparation process. This process involved several key 
steps designed to maximize consistency and comparability, 
addressing potential variations in state-specific reporting 
practices, field definitions, and coding schemes. 

1.	 Initial state-level processing and column standardiza-
tion: For each state’s raw dataset, we first performed ini-
tial cleaning, including handling missing values where 
appropriate and addressing inconsistencies in column 
naming conventions (e.g., case sensitivity, special char-
acters). We identified conceptually equivalent variables 
across the three datasets, even when field names dif-
fered. A common schema was established, and state-spe-
cific column names were systematically mapped to these 
standardized names. For instance, variations like “Town 
Name” (CT), “CITY_TOWN_NAME” (MA), and “City 
or Town” (VT) were all standardized to “city_town”. 
Similarly, date and time fields were standardized (e.g., 
to “crash_datetime”). Common temporal variables, such 
as “hour_of_day”, “day_of_week”, and “month”, were 
derived consistently from the standardized timestamp 
information.

2.	 Core variable selection: Based on the requirements of 
the crash typology analysis and data availability across 
all three states, we selected a core set of variables. This 
set included identifiers, spatio-temporal context, crash 
outcomes, environmental conditions, vehicle informa-
tion, roadway characteristics, and basic contributing fac-
tors. The focus was on variables that could be reliably 
standardized and were directly relevant for aggregate 

spatial analysis, rather than including all fields present 
in the original state reports (e.g., person-specific details 
not used in the aggregation). The key selected variable 
categories included:

•	 Crash context: Unique crash identifier, date, time, 
hour, day of week, month, latitude, longitude, city/
town identifier.

•	 Crash outcome: Crash severity, highest injury level.
•	 Environmental conditions: Light conditions, weather 

conditions.
•	 Vehicle information: Vehicle type(s) involved.
•	 Roadway characteristics: Relation to intersection, 

intersection type, traffic control type, posted speed 
limit.

3.	 Cross-state value standardization: This step addressed 
differing coding systems and definitions within the 
selected variables. We developed and applied explicit 
mapping functions based on reviewing state data dic-
tionaries to standardize categorical values.

•	 Crash severity: State-specific codes (e.g., numerical 
codes in MA/VT, descriptive terms in CT) represent-
ing different injury levels were mapped onto a uni-
fied scale based on KABCO principles (Flannagan 
et al. 2021) (Fatal Injury, Suspected Serious Injury, 
Suspected Minor Injury, Possible Injury, Property 
Damage Only). This ensured consistent interpreta-
tion of severity across states before aggregation into 
features such as “Crash Severity: Fatal crash propor-
tion” and “Crash Severity: Any Injury crash propor-
tion”.

•	 Vehicle type: Diverse state codes and descriptions for 
vehicle types (e.g., “Passenger car”, “Automobile”, 
“Sedan”, “Station Wagon”, various truck classifica-
tions) were consolidated into standardized, broader 
categories relevant for safety analysis (e.g., “Passen-
ger Car”, “Light Truck/SUV/Van”, “Medium/Heavy 
Truck”, “Motorcycle”, “Bus”, “Other/Unknown”). 
This involved creating comprehensive mapping dic-
tionaries.

•	 Intersection relation and type: Terms describing 
crash location relative to junctions (e.g., “Intersec-
tion”, “Intersection Related”, “Non-Intersection”) 
and specific junction types (e.g., “Four-way inter-
section”, “T-Intersection”, “Roundabout”, various 
signal/sign control combinations) were mapped to 
consistent categories (e.g., “Intersection Type: Four-
way”, “Intersection Type: T-intersection”, “Intersec-
tion Relation: Non-intersection”).

•	 Other categorical variables: Similar mapping pro-
cedures were applied to other selected categorical 
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fields to ensure uniform definitions before aggrega-
tion.

4.	 Data merging: Following the standardization of column 
names and value codes, the processed and standardized 
datasets from the three states were concatenated into 
a single unified dataset containing individual crash 
records ready for the aggregation stage.

Data aggregation

To prepare the data for typology analysis, we aggregated 
information to the census tract level. This involved summa-
rizing the characteristics of individual crash records within 
each tract and incorporating spatial context features derived 
from external data sources.

For categorical variables derived from the standardized 
crash records (e.g., “Crash severity” categories, “Vehicle 
type” categories, “Intersection type”), we calculated the pro-
portion of crashes belonging to each category within each 
census tract. For instance, for the “Vehicle type” category 
"Passenger car," we calculated the proportion of all crashes 
within a tract that involved at least one passenger car. For 
numerical variables derived from crash records (specifically, 
the posted “Speed limit” associated with crashes), we calcu-
lated the mean value within each census tract.

We also incorporated a measure of roadway infrastructure 
intensity using external data. Census tract boundaries for all 
three states were obtained from the U.S. Census Bureau’s 
TIGER/Line shapefiles (2023). Road network data (primary 
and secondary roads) were also sourced from these TIGER/
Line files. Road density was calculated for each census tract 
by summing the length of these roads within the tract bound-
ary (using an appropriate projected coordinate system for 
accurate measurement) and dividing by the tract’s area.

This aggregation process resulted in the final dataset used 
for dimensionality reduction and clustering. It comprises 
2,660 census tracts (rows) and 25 features (columns). These 
features include the aggregated crash characteristics (propor-
tions and means calculated above) and the calculated “Road 
features: Density” metric representing network infrastructure 
intensity. Each feature represents an aggregated characteris-
tic of the crashes occurring within, or a spatial property of, 
that census tract during 2023. The specific definitions of all 
25 features are provided in Table 2.
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