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Abstract
Bus stops are critical connectors in the public transit network, yet in Massachusetts, 46% of crashes involving vulnerable 
road users (VRUs) occur near bus stops. Traditional analysis methods overlook the complex patterns around bus stops that 
contribute to crashes. To address this, we developed a framework that groups bus stops into safety typologies in order to 
predict crash risk in a more targeted manner and guide interventions. First, we fused multi-source data for 1773 stops to 
obtain 313 crash-relevant features. Then we applied explanatory factor analysis to extract 13 underlying components of crash 
risk based on these features. Using these factors, we fitted a Gaussian mixture model, which resulted in 13 distinct bus stop 
types. Finally, we trained extreme gradient boosting models to predict crash risk for each type. Interpreting the models via 
SHapley Additive exPlanations (SHAP values), we identified crash risk characteristics, assessed their impact, and proposed 
targeted countermeasures to inform effective safety interventions. Our findings confirm that bus stop safety is inherently 
context-dependent, necessitating typology-informed solutions rather than a one-size-fits-all approach. The novel framework 
presented here can serve as a foundation for further research on bus stop safety, as well as provide planners and decision 
makers with actionable guidance for targeted safety improvements.

Keywords  Pedestrian safety · Bus stop safety · Crash risk · Machine learning · Factor analysis · Gaussian mixture models · 
Extreme gradient boosting models · Transportation safety

Introduction

Public transit is essential for enhancing urban mobility and 
enabling access to jobs, housing, education, healthcare, 
and other opportunities. Buses proved to be a crucial and 
resilient component of the public transit system, with the 

smallest ridership decline and fastest rebound of all modes 
impacted by the COVID-19 pandemic (APTA 2024). Bus 
stops serve as critical transit infrastructure, providing con-
venient and safe locations for passenger boarding, alighting, 
and waiting. However, their design and operational char-
acteristics can create complex pedestrian–vehicle safety 
challenges. Studies show that bus stops are associated with 
a higher frequency of traffic conflicts for vulnerable road 
users (VRUs), particularly pedestrians and cyclists (Pulu-
gurtha and Penkey 2010; Ukkusuri et al. 2012; Quistberg 
et al. 2015; Kraidi and Evdorides 2020; Su and Sze 2022; 
Ashraf et al. 2022; Rahman et al. 2022). This crash concen-
tration results from multiple interacting elements, includ-
ing increased pedestrian volumes, bus passenger boardings 
and alightings, sight obstructions created by stopped buses, 
time–pressure associated with transit use, vehicular traffic 
flow, and surrounding bus stop and road conditions.

Traffic crashes resulted in nearly 40,000 fatalities in the 
U.S. in 2021, a daily average exceeding 120 individuals, 
and have since risen to their highest levels in over a decade 
(NHTSA 2023). Following the national trend, Massachusetts 
also experienced record-breaking traffic fatalities, with 409 
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deaths in 2022 (Impact 2024). VRUs are disproportionately 
impacted. Despite representing only 10% of trips, pedes-
trians and bicyclists account for a growing 20% of traffic 
fatalities. News Release (2023). In Massachusetts, pedestrian 
fatalities reached a historic high of 98 in 2022, representing 
almost a quarter of all traffic deaths. To fully understand 
the scope of the issue, which extends beyond fatalities, 
Fig. 1A displays the trend for all crashes (fatal and non-
fatal) involving a VRU in Massachusetts from 2016 to 2024. 
Following a pre-pandemic decline from a peak of nearly 
4,000 crashes in 2016, the numbers dropped sharply in 2020 

due to COVID-19 but have since rebounded steadily to pre-
pandemic levels (3300–3450) from 2021 through 2024.

Although crashes seldom occur precisely at bus stops, 
the pedestrian traffic they generate concentrates risk in 
the immediate vicinity. Defining the crash catchment area 
can be challenging. An overly narrow buffer fails to cap-
ture crashes associated with pedestrian movement around 
the stop, while an excessively large buffer over-attributes 
crashes unrelated to the transit environment. As shown 
in Fig. 1B, the proportion of VRU crashes increases with 
the buffer size, from 23% within 100 feet to nearly 60% 
within 500 feet. Despite this clear trend, the specific 

Fig. 1   Crashes Near Bus Stops 
in Massachusetts: A Crashes 
Near Bus Stops by Year. The 
solid line shows total crashes, 
and the dashed lines show 
crashes within 100–500 ft of 
a bus stop. Percentages show 
the proportion of total crashes 
within each buffer distance in 
2024. B Crashes Near Bus Stops 
with 100–500 ft buffers
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role of buses and bus stops in crash outcomes, remains 
unclear.

Traditional safety analyses often group bus stops by 
administrative jurisdiction or geographic location, treat-
ing them as independent entities. This approach over-
looks the critical operational and environmental char-
acteristics, such as roadway geometry, traffic volume, 
pedestrian infrastructure, and adjacent land use that 
are more directly linked to crash propensity and sever-
ity than administrative boundaries. Grouping stops by 
risk-related characteristics, rather than jurisdictional 
boundaries, enables transportation planners to prioritize 
high-risk locations more effectively. For example, stops 
in high-speed corridors with poor lighting demand dif-
ferent safety measures than those in dense commercial 
zones with heavy pedestrian activity. Therefore, a critical 
gap exists in identifying a framework for categorizing bus 
stops based on the characteristics that directly influence 
their safety performance. Closing this gap is essential for 
understanding high-risk bus stop profiles and developing 
effective mitigation strategies to enhance the safety of 
vulnerable road users.

This study addresses the gap by introducing a cluster-
based approach to bus stop safety analysis. The objec-
tive is to group stops based on the physical, operational, 
and transit features that influence crash occurrence and 
severity. By identifying the underlying latent factors and 
clusters of stops with similar risk profiles, the analysis 
can uncover underlying patterns to improve the accuracy 
of crash prediction. Further, agencies can replace one-
size-fits-all solutions with targeted countermeasures, that 
maximize the impact of safety investments and promote 
equitable improvements across agency boundaries.

This is the first study that contributes to the growing 
body of transportation safety literature by: (1) develop-
ing a machine learning (ML) methodology for bus stop 
clustering based on diverse latent factors previously unex-
plored in combination, (2) predicting crashes by cluster, 
and (3) providing cluster-informed safety interventions 
for improving pedestrian safety across different stop 
typologies. To our knowledge, no prior data-driven typol-
ogy of bus stops relating to crashes exists.

Further, the application of machine learning (ML) 
models in pedestrian crash analysis introduces significant 
novelty compared to traditional statistical approaches by 
enabling the discovery of complex, nonlinear, and interac-
tion effects among diverse risk characteristics that were 
previously difficult to capture. Their ability to flexibly 
integrate diverse data improves predictive accuracy, while 
interpretable machine learning (IML) techniques, trans-
late these complex models into interpretable and action-
able insights for safety planning.

Literature Review

Bus Stop Safety and Crash Risk Characteristics

Bus stops attract high volumes of pedestrian activity, 
which can significantly increase pedestrian crash risk. 
Roads with transit service experienced up to six times 
more pedestrian crashes, linked to two to three times 
higher pedestrian volumes (Pulugurtha and Penkey 2010). 
Other research has reinforced this spatial relationship 
(Hess et al. 2004; Quistberg et al. 2015; Ulak et al. 2021; 
Zegeer et al. 2010), with one study quantifying a 2.9% 
rise in pedestrian collisions for every additional bus stop 
in lower-income Florida communities (Dumbaugh et al. 
2024). Although a high volume of pedestrian crashes 
occurs near bus stops, one study indicates that only about 
5% involve bus passengers (Pessaro et al. 2017), with the 
vast majority involving non-transit users, suggesting that 
the primary risk is proximity to the transit infrastructure, 
rather than the population of transit users.

Research has extensively examined how roadway char-
acteristics, the built environment, and bus stop configu-
ration influence pedestrian safety. A key finding is that 
high-risk locations are consistently associated with charac-
teristics like retail presence, high traffic volumes (AADT), 
and a greater number of traffic lanes (Hess et al. 2004; Anis 
et al. 2025). The configuration of bus stops themselves is 
critical with curbside stops being linked to higher injury 
rates than layby (or pull-out) stops, often due to their prox-
imity to intersections (Phillips et al. 2021). Furthermore, 
pedestrians near bus stops face elevated risks from high 
traffic speeds, multiple lanes, roadside hazards, and a lack 
of amenities like sidewalks, crosswalks, and lighting (Yen-
dra et al. 2024; Anis et al. 2025). The surrounding land use 
also plays a significant role, with increased crash frequen-
cies near supermarkets, schools, hospitals, and religious 
facilities (Ulak et al. 2021). Interestingly, crash severity 
can vary by location, with mid-block crashes often being 
more severe than those at intersections due to a sparsity of 
crossing treatments (Truong and Somenahalli 2011; Phil-
lips et al. 2021; Rewalt et al. 2025). However, the exist-
ing research has not identified which specific types of bus 
stops are associated with higher crash risk or the specific 
combinations of bus stop features that lead to adverse 
safety outcomes.

Machine Learning in Bus Stop Classification 
and Crash Prediction

Recent advances in data availability and computational 
power have enabled widespread adoption of machine 
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learning methodologies in crash analysis (Iranitalab and 
Khattak 2017; Agarwal 2011; Silva et al. 2020; Wen et al. 
2021; Santos et al. 2022; Chakraborty et al. 2023; For-
mosa et al. 2023; Ul Arifeen et al. 2023; Ali et al. 2024; 
Budzyński et al. 2024; Rafe et al. 2024; Zermane et al. 
2024; Butt and Shafique 2025; Chen et  al. 2025; Xue 
et al. 2025). Dimensionality reduction techniques such as 
principal component analysis (PCA), explanatory factor 
analysis (EFA), and uniform manifold approximation and 
projection (UMAP) help manage large datasets to extract 
salient features for analysis (Karlaftis and Golias 2002; 
Ye et al. 2016; Xu et al. 2019; Furno et al. 2024; Jin et al. 
2024). Clustering techniques allow for a proactive group-
ing of locations by latent safety characteristics, success-
fully identifying high-risk zones based on environmental 
and design features (Ye et al. 2016; Rahman et al. 2019; 
Silva et al. 2020; Abdalazeem and Oke 2025; Brustad et al. 
2025; Han and Oke 2025). For predictive tasks, ensemble 
methods like random forest and extreme gradient boost-
ing (XGBoost) models have demonstrated superior perfor-
mance, accurately forecasting injury severity and identify-
ing key contributing characteristics better than classical 
logistic or regression models (Agrawal et al. 2019; San-
tos et al. 2022; Ali et al. 2024; Ahmed and Gayah 2025; 
Abdalazeem and Oke 2025; Maiti and Leclercq 2025; 
Prajapati and Guler 2025). Neural networks also contrib-
ute by modeling complex spatiotemporal patterns, with 
studies showing that driver and vehicle characteristics can 
outweigh roadway variables in determining crash severity 
(Bao et al. 2019; Zhang et al. 2020). While these methodo-
logical frameworks are highly relevant, the application of 
machine learning has been focused on vehicle crash sever-
ity, with just few studies dedicated to vehicle-pedestrian 
collisions (Ul Arifeen et al. 2023; Weng et al. 2023; Wang 
et al. 2024). This leaves the specific context of pedestrian 
safety analysis at bus stops largely unexamined.

Research Gap and Contributions

Despite extensive research on pedestrian crash characteris-
tics, significant knowledge gaps remain regarding transit bus 
stop safety. While some studies have demonstrated correla-
tions between bus stops and pedestrian crashes, only lim-
ited research has specifically examined crashes occurring 
near transit bus stops and the specific factors contributing 
to elevated crash rates in these transit environments (Hess 
et al. 2004; Ulak et al. 2021; Dumbaugh et al. 2024; Roll and 
McNeil 2021; Craig et al. 2019; Lin et al. 2018; Miranda-
Moreno et al. 2011). In addition, there is limited understand-
ing of the optimal integration of infrastructure improvements 
and mitigation strategies for pedestrian crashes in transit 
environments (Hess et al. 2004; Ulak et al. 2021).

This study addresses these critical gaps through a com-
prehensive analysis of bus stop safety in Massachusetts. 
We examine the relationship between roadway and transit 
bus stop infrastructure, bus operations, and nearby pedes-
trian crashes to provide empirical evidence for safer road-
way and transit infrastructure. Our research pursues three 
primary objectives: (1) to develop a methodology for bus 
stop clustering by identifying latent risk characteristics 
that contribute to pedestrian safety incidents, (2) to apply 
advanced machine learning methods to predict pedestrian 
crash risk at bus stop by types, and (3) to develop type-
specific safety interventions for improving pedestrian 
safety. Our methodological approach integrates machine 
learning (ML) models, including Factor Analysis, Gauss-
ian Mixture Models, and XGBoost prediction to create a 
robust analytical framework capable of handling complex 
transit safety data. This framework is applied to a com-
prehensive dataset that fuses multiple sources, including 
GTFS data, crash records, demographics, road inven-
tory, and vehicle census, encompassing over 300 initial 
variables that capture diverse potential characteristics. 
Importantly, our analysis directly translates into action-
able cluster-type-specific intervention, bridging the gap 
between analytical findings and practical implementation 
for transportation planners.

Methodology

We employ a multi-dimensional analytical framework that 
extracts patterns of significance from pedestrian crashes 
near transit bus stop, using diverse predictors, including 
transit schedules, traffic volumes, roadway features, built 
environment characteristics, and demographic and socio-
economic context. The methodological framework shown 
in Fig. 2 integrates machine learning (ML) models, includ-
ing explanatory factor analysis (EFA) for uncovering latent 
factors, Gaussian mixture models (GMM) for bus stop 
clustering, extreme gradient boosting (XGBoost) models 
for crash prediction, and SHapley Additive exPlanations 
(SHAP) plots for model interpretation, to create a robust 
analytical framework capable of handling complex transit 
safety data. These ML models advance pedestrian safety 
analysis by uncovering complex, non-linear characteris-
tics and hidden spatiotemporal patterns, difficult to capture 
with traditional models. By flexibly integrating diverse 
data, these models achieve high predictive accuracy. More 
importantly, interpretable ML (IML) techniques like 
SHAP make these predictions accessible, providing plan-
ners with clear, actionable insights.
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Data Collection

Data from multiple sources were integrated to create a 
comprehensive database of bus stop characteristics. The 
Massachusetts Bay Transportation Authority (MBTA) and 
fifteen Regional Transit Authorities (RTAs) provide fixed-
route bus service to 17,906 stops across urban, suburban, 
and rural areas (Table 1, Fig. 3). By leveraging the varied 
transit landscape from the 17,906 bus stops in Massachu-
setts, from high-frequency urban corridors to lower-den-
sity suburban and rural routes, the research findings are 

expected to be broadly applicable in other operational and 
geographic environments.

Pedestrian and bicyclist crash data for 2016–2024 were 
sourced from the MassDOT Impact Crash Data Portal 
(Impact 2024). The bus stop locations were then merged 
with the crash locations to identify the crash frequency and 
severity occurring near the bus stops. While bus stops them-
selves are rarely the site of collisions, a significant share 
of crashes occur nearby, reflecting the pedestrian activ-
ity around typical bus stop environments. To determine a 
meaningful crash catchment area for bus stops, we analyzed 
crashes within increasing distances from bus stops. As 

Fig. 2   Research framework

Table 1   Massachusetts is served by the Massachusetts Bay Transportation Authority (MBTA) and 15 distinct Regional Transit Authorities 
(RTAs)

RTA​ Name Source

BRTA​ Berkshire Regional Transit Authority Berkshire Regional Transit Authority (2025)
BAT Brockton Area Transit Authority BAT (2025)
CATA​ Cape Ann Transportation Authority Cape (2025)
CCRTA​ Cape Cod Regional Transit Authority Home (2025)
FRTA​ Franklin Regional Transit Authority FRTA (2025)
GATRA​ Greater Attleboro Taunton Regional Transit Authority GATRA (2023)
LRTA​ Lowell Regional Transit Authority Lowell Regional Transit Authority (2025)
MART​ Montachusett Regional Transit Authority MART (2025)
MBTA Massachusetts Bay Transportation Authority mbta.us (2025)
MVRTA​ Merrimack Valley Regional Transit Authority MeVa (2025)
MWRTA​ MetroWest Regional Transit Authority MWRTA (2025)
NRTA​ Nantucket Regional Transit Authority The Wave (2025)
PVTA Pioneer Valley Transit Authority PVTA (2024)
SRTA​ Southeastern Regional Transit Authority SRTA (2025)
VTA Vineyard Transit Authority Vineyard Transit Authority (2025)
WRTA​ Worcester Regional Transit Authority WRTA (2025)
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expected, crashes within buffers increase with buffer size. 
For example, with a 20-foot buffer, only 3% of stops have 
a nearby crash, covering just 2% of all crashes. A 100-foot 
radius captures 23% of all crashes affecting 31.4% of stops, 
expanding to 300 feet captures just over half of all bus stops 
and 42% of total crashes, and 500 feet captures 67% of stops 
and 60% of crashes. Since transit user activity, such as walk-
ing, crossing, and waiting, typically occurs within a few hun-
dred feet, a buffer of 300 feet is optimal to effectively capture 
crashes linked to transit while excluding unrelated incidents. 
Figure 4 shows the location of the crashes in Massachusetts 
and the crashes aggregated by Census block groups. To cal-
culate the average annual crash rates for each bus stop, the 
total number of pedestrian crashes within a 300-foot buffer 
was divided by the 8-year study period.

Additional features were incorporated based on crash lit-
erature: roadway characteristics from the 2022 MassDOT 
Road Inventory (MassGIS Data 2025a); demographics and 
socioeconomics from the American Community Survey 
(U.S. Census Bureau 2025); vehicle data from the Mas-
sachusetts Vehicle Census (Massachusetts Vehicle Census 
2025); bicycle facilities from the 2024 Bicycle Facility 

Inventory (Bike Inventory 2025); and proximity to and den-
sity of schools (Massachusetts Public School Districts 2025; 
MassGIS Data 2025b), libraries (MassGIS Data 2025c), and 
food retailers (Grocery Store Locations in Massachusetts 
2025) near bus stops.

Data cleaning involved validating variables against Goog-
leMaps, selecting the most accurate sources, and substituting 
COVID-era (2020–2021) traffic counts with data from other 
years. Variables with zero variance or high correlation were 
excluded. Additionally, duplicate stops and those with exten-
sive missing data were removed. Numerical variables were 
standardized (mean-centered and scaled by standard devia-
tion), and categorical variables were converted to binary 
dummy variables. The final dataset contained 17,736 bus 
stops with 313 features. Figure 5 shows histograms for key 
bus stop characteristics.

Factor Analysis

We conducted an exploratory factor analysis (Thurstone 
1931; Fabrigar and Wegener 2012) to reduce the dimension-
ality and extract low-dimensional latent components from 

Fig. 3   Location of Massachusetts bus stops by regional transit agency
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Fig. 4   2016–2024 crashes: A Location of crashes. B Crashes aggregated by Census block group
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the dataset. Factor analysis transforms the original variables 
into a set of uncorrelated factors that capture the maximum 
variance in the dataset, effectively reducing noise and mul-
ticollinearity while maintaining interpretability.

The factor analysis model expresses observed variables as 
a linear combination of underlying latent factors plus vari-
ance for each variable:

where X is an N × D matrix of N bus stops (17,736) on 
D observed variables (313), L is the D × L factor loading 
matrix, showing how strongly each observed variable loads 
on each factor, F is an L × N matrix of the L latent factors 
(with L < D ), and � represents the variances.

(1)X = LF + �
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To improve interpretability, the loading matrix is 
rotated by multiplying by an orthogonal or oblique 
rotation matrix T  (where T⊺T = I ). The rotated model 
becomes:

The rotated components L∗ and F∗ provide clearer factor 
structure without changing the fundamental data relation-
ship. We selected oblique rotation (oblimin) for its superior 
balance of low error and interpretability. Since variables are 
naturally interrelated, e.g., areas with high transit access 
often have more traffic and denser development, oblique 
rotation better captures these correlations (Kieffer 1998).

The selection of the optimal number of factors was 
guided by a combination of heuristic methods and statis-
tical fitness metrics. The Kaiser criterion (eigenvalues > 
1.0) (Kaiser 1960) and the scree plot’s elbow point (Cat-
tell 1966) both suggested a 13-factor solution (Fig. 6). 
To validate this, we computed a range of model fitness 
metrics for 1 to 20 factor solutions (Table 2). The results 
showed that beyond thirteen factors, the improvement in 
model fit diminished. Specifically, the Akaike Informa-
tion Criterion (AIC) and Bayesian Information Criterion 
(BIC) trends flattened, and the Root Mean Square Error 
of Approximation (RMSEA) and Tucker–Lewis Index 
(TLI) showed minimal further improvement. Conse-
quently, the 13-factor solution was selected, as it provides 
the optimal balance of statistical fitness, parsimony, and 
interpretability. This represents a substantial simplifica-
tion of the original 313 bus stop characteristics into 13 
core latent factors, representing the most important under-
lying patterns.

(2)X = (LT)(T−1F) + � = L∗F∗ + �

Cluster Analysis

Cluster analysis is an unsupervised learning approach that 
groups observations based on similarity measures to identify 
natural groupings within complex datasets (Jain et al. 1999; 
Fraley and Raftery 2002; Everitt et al. 2011). In the context 
of bus stop safety analysis, clustering can reveal underlying 
patterns that enable the identification of stop types that share 
similar geographic and operational characteristics and possibly 
similar risk profiles.

The thirteen extracted factors were used as input variables 
for the cluster analysis, ensuring that the clustering process 
focused on the most informative dimensions of bus stop vari-
ation. We used the Gaussian Mixture Model (GMM) (Demp-
ster et al. 1977), which is a probabilistic clustering technique 
that assumes data points are generated from a mixture of 
several Gaussian distributions with unknown parameters. 
Unlike K-Means, which assigns each point to a single clus-
ter, GMM assigns probabilities to each data point for belong-
ing to different clusters. The probability of a data point x is:

where K is the number of clusters, and �k is the mixing 
weight of the k-th Gaussian component (with the probabil-
ity of selecting that cluster, 

∑
�k = 1 ). GMM assumes that 

the data is generated from a weighted sum of K Gaussian 
distributions, N(z ∣ �k,�k) , each specified by its mean ( �k ) 
and covariance matrix ( �k ). The optimal parameters are 
obtained using the Expectation–Maximization (EM) algo-
rithm (Dempster et al. 1977).

We used a grid search to evaluate various numbers of 
clusters and covariance specifications (spherical, tied, diago-
nal, and full). We selected the optimal number of clusters 

(3)p̂(x) =

K∑

k=1

�kN(x ∣ �k,�k)

Fig. 6   Scree plot of eigenvalues 
of factors arranged in descend-
ing order of magnitude. The 
horizontal solid blue line repre-
sents the Kaiser criterion at 13 
factors and the orange shaded 
area highlights the elbow region

Kaiser criterion: 13 factors

Elbow Region

Kaiser criterion (eigenvalue = 1)

0

1

2

3

4

5

6

7

8

9

10

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100 105 110 115 120 125 130
Factor Number

Ei
ge

nv
al

ue



	 Data Science for Transportation            (2025) 7:27    27   Page 10 of 26

K by identifying the model with the highest log-likelihood 
score and Bayesian information criterion (BIC), and the 
lowest Akaike information criterion (AIC). The covariance 
specification names are three-letter codes that describe con-
straints on the covariance structure, specifically regarding 
the variances (first letter), covariances (second letter), and 
the orientation/shape (third letter) of the covariance matri-
ces. The letter E (Equal) means the parameter is constrained 
to be the same across all groups, V (Variable), the parameter 
is allowed to vary across groups, and I (Identity), the param-
eter is constrained to form an identity matrix. The average 
silhouette scores were also computed to further inform the 
optimal cluster selection. As shown in Fig. 7, the 13-cluster, 
unconstrained model (VVV) was identified as optimal. This 
model, which allows variances, covariances, and orienta-
tions to vary freely across clusters, revealed distinct profiles 
that yielded the best fit for the data. We further computed the 
silhouette metric to assess cluster quality, which reinforced 
the choice of 13 clusters (Fig. 8).

Predictive Crash Modeling

Machine learning algorithms such as Random Forests (Brei-
man 2001) and Extreme Gradient Boosting (XGBoost) 
(Chen and Guestrin 2016) are particularly well-suited for 

crash prediction modeling because they are capable of han-
dling complex, nonlinear relationships within data, while 
remaining relatively robust to outliers. By constructing mul-
tiple decision trees, the ensemble nature of these models 
creates a robust predictor. However, their approaches differ; 
while Random Forest builds trees in parallel and aggregates 
their predictions, XGBoost builds trees sequentially, with 
each new tree correcting the errors of the previous ones. This 
ensemble approach reduces the risk of overfitting inherent in 
single decision trees and provides a foundation for quantify-
ing prediction uncertainty.

To determine the most relevant risk characteristics and 
enable type-specific safety interventions, we developed 
XGBoost models to predict crash rates for each of the 13 bus 
stop types from the 313 bus stop characteristics observed. 
These characteristics included bus stop design (e.g., configu-
ration, shelter, lighting), transit operational characteristics 
(e.g., bus frequency, number of routes), sociodemographic 
variables (e.g., age, gender, income and education distribu-
tions), road design and infrastructure (e.g., crossing widths, 
speed limits, crosswalks), and traffic and land use character-
istics (e.g., traffic volumes, vehicle types, proximity to major 
destinations, and the percentage of commuters that walk, 
bike, or take public transit to work). First, we partitioned the 
entire dataset (17,736 bus stops) into global training and test 

Table 2   Factor analysis model 
fitness metrics (1–20 Factors)

�2 Chi-square test statistic, df degrees of freedom, AIC Akaike Information Criterion, BIC Bayesian Infor-
mation Criterion, TLI Tucker–Lewis Index, RMSEA Root Mean Square Error of Approximation, RMSR 
Root Mean Square Residual. Bolded row indicates the selected 13-factor solution. �2 , BIC, and AIC values 
are multiplied by 105 (shown in header) for readability

Factors �2

(×105)
df p-value BIC

(×105)
AIC
(×105)

TLI RMSEA RMSR

1 13.80 8384 0.00 12.98 13.97 0.089 0.096 0.095
2 12.74 8254 0.00 11.94 12.91 0.146 0.093 0.081
3 11.91 8125 0.00 11.11 12.07 0.189 0.091 0.074
4 10.97 7997 0.00 10.18 11.13 0.242 0.087 0.066
5 10.27 7870 0.00 9.50 10.42 0.279 0.085 0.059
6 9.66 7744 0.00 8.90 9.81 0.311 0.083 0.054
7 9.45 7619 0.00 8.70 9.60 0.315 0.083 0.053
8 8.96 7495 0.00 8.22 9.11 0.340 0.082 0.049
9 8.55 7372 0.00 7.82 8.69 0.360 0.081 0.046
10 8.26 7250 0.00 7.55 8.40 0.371 0.080 0.046
11 7.73 7129 0.00 7.03 7.87 0.402 0.078 0.043
12 7.33 7009 0.00 6.64 7.47 0.423 0.076 0.040
13 7.07 6890 0.00 6.40 7.21 0.434 0.076 0.040
14 6.96 6772 0.00 6.29 7.09 0.433 0.076 0.039
15 6.68 6655 0.00 6.02 6.81 0.447 0.075 0.039
16 6.24 6539 0.00 5.60 6.37 0.474 0.073 0.036
17 5.94 6424 0.00 5.31 6.07 0.490 0.072 0.034
18 5.83 6310 0.00 5.21 5.95 0.491 0.072 0.033
19 5.54 6197 0.00 4.93 5.66 0.507 0.070 0.034
20 5.36 6085 0.00 4.76 5.48 0.515 0.070 0.033
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Fig. 7   Plots of AIC, BIC, and 
log-likelihood for various clus-
ter numbers. Optimal number of 
clusters = 13 with Covariance 
Specification = VVV
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partitions (using a 70:30 ratio). Then to fit each type-specific 
model, we used observations from the training and test sets, 
respectively, that belonged to each type. Hyperparameters 
for each model were optimized via a grid search with 3-fold 
cross-validation. The search space is shown in Table 3, while 
the optimal hyperparameters for each model are given in 
Table 4. In training all models, we used the mean squared 

logarithmic error (MSLE) as the objective, given its better 
performance with small positive values Hodson et al. (2021).

We trained the final type-specific models using the cor-
responding optimal hyperparameters. We evaluated model 
performance via R 2 , mean absolute error (MAE) and mean 
squared logarithmic error (MSLE). Table 5 shows the pre-
dictive model performance summary across the 13 clusters. 
Cluster 4 achieved the strongest performance with an R2

test
 of 

0.73 using 285 samples, while Cluster 12 showed the weak-
est explanatory power ( R2

test
 = 0.21) despite having a com-

parable sample size of 199. The cluster sample sizes ranged 
from about 100 to 500 observations. The models generally 
showed moderate to good predictive capability, with 11 of 
the 13 clusters achieving R2

test
 values above 0.50, suggesting 

that the clustering strategy effectively identified homogene-
ous subgroups with distinct patterns.

Table 3   Grid search space for cluster-specific crash prediction models

Parameter Description Values

� L1 regularization term {0, 0.01}

� L2 regularization term {1, 5}

� Learning rate {0.01, 0.1, 0.3}

dmax Maximum depth [3, 10]
nest Number of estimators {100, 200, 300, 400, 500}

Table 4   Optimal 
hyperparameters for each cluster 
model, and corresponding 
cross-validation scores (per-
fold, average and standard 
deviation) based on the mean 
squared logarithmic error 
(MSLE) objective

Cluster � � � dmax nest Mean squared logarithmic error (MSLE)

Fold 1 Fold 2 Fold 3 Mean SD

1 0.01 5 0.1 6 500 0.02137 0.02023 0.02538 0.02233 0.00221
2 0 1 0.1 5 200 0.01442 0.01237 0.01139 0.01273 0.00126
3 0 5 0.1 6 300 0.01978 0.02139 0.01974 0.02030 0.00077
4 0 5 0.3 4 200 0.03477 0.02533 0.02511 0.02840 0.00450
5 0 5 0.01 6 300 0.02819 0.03693 0.04211 0.03574 0.00574
6 0.01 5 0.1 5 500 0.02159 0.02950 0.02964 0.02691 0.00376
7 0 1 0.1 3 500 0.01691 0.02035 0.01621 0.01782 0.00181
8 0 5 0.1 3 300 0.02840 0.01895 0.02288 0.02341 0.00388
9 0 5 0.01 6 400 0.03487 0.04156 0.02561 0.03401 0.00654
10 0 5 0.1 5 500 0.02054 0.02412 0.02041 0.02169 0.00172
11 0 5 0.3 4 100 0.01621 0.03497 0.02246 0.02455 0.00780
12 0.01 1 0.1 4 200 0.02922 0.02410 0.02617 0.02650 0.00210
13 0 5 0.1 3 500 0.03810 0.03739 0.03527 0.03692 0.00120

Table 5   Performance of crash 
prediction models by cluster, 
showing R 2 , mean absolute 
error (MAE) and mean squared 
logarithmic error (MSLE) for 
training and test sets

Cluster Training Test

Samples R
2 MAE MSLE Samples R

2 MAE MSLE

1 1680 0.9997 0.0033 0.0000 530 0.524 0.123 0.021
2 853 0.9972 0.0109 0.0002 226 0.583 0.084 0.013
3 1105 0.9980 0.0079 0.0001 393 0.579 0.098 0.013
4 905 0.9994 0.0075 0.0001 285 0.733 0.126 0.019
5 762 0.8637 0.0926 0.0079 266 0.509 0.150 0.026
6 2000 0.9965 0.0147 0.0003 795 0.541 0.146 0.026
7 1273 0.9741 0.0284 0.0011 430 0.531 0.101 0.016
8 869 0.9706 0.0433 0.0022 309 0.560 0.118 0.020
9 337 0.9280 0.0477 0.0022 117 0.522 0.215 0.046
10 1632 0.9974 0.0113 0.0002 531 0.548 0.136 0.023
11 437 0.9990 0.0059 0.0001 149 0.304 0.135 0.022
12 638 0.9877 0.0291 0.0011 199 0.211 0.206 0.051
13 613 0.9930 0.0306 0.0009 204 0.636 0.180 0.032
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We then used SHapley Additive exPlanations (SHAP 
values) (Lundberg and Lee 2017) to interpret the relevance 
and impact of the bus stop characteristics on crash rates in 
each type. The SHAP value, �l

d
 , indicates the magnitude 

and direction of each independent feature, xd on crash out-
comes, and is given by:

where �d represents the marginal contribution of feature xd 
across all possible subsets S of input features. The magni-
tude of �d represents the strength or importance of the fea-
ture’s contribution to the prediction, while the sign indicates 
the direction of the effect, positive SHAP values increase the 
predicted outcome, and negative values decrease it.

(4)f̂ = 𝜙0 +

M∑

d=1

𝜙d

(5)where 𝜙d =
∑

S⊆{x
1
,…,xD}⧵{xd}

|S|! (|D| − |S| − 1)!

|D|!

[
f̂S∪{d}(xS∪{d}) − f̂S(xS)

]

Results

Underlying Bus Stop Factors

The factor analysis reduced the dimensionality of the dataset 
from 313 observed bus stop characteristics to 13 latent fac-
tors, selected based on scree plot inspection and the Kaiser 
criterion eigenvalue threshold. Factor loadings quantify the 
magnitude and direction of each characteristics’ contribution 
to a factor. Figure 9 shows the defining characteristics for 

each of the 13 factors, with the highest absolute loadings, 
along with an interpretive factor label derived from their 
common attributes.

Bus stops can be comprehensively characterized by 
assessing three key dimensions, the immediate physical 
environment, the broader transportation network integration 
and connectivity, and the surrounding sociodemographic 

Fig. 9   Top variables per factor 
by loading strength. Positive 
loadings are represented in blue, 
while negative loading are in 
red
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and land-use context. The immediate physical environment 
focuses on the presence and condition of roadway and bus 
stop infrastructure and amenities, including bus stop infra-
structure, road condition, road width, crossing difficulty or 
crossing safety. The network integration and connectivity 
evaluate the stop’s location and accessibility within the 
broader transportation system, including stops on interstate 
highways, principal or minor arterials, or major or minor 
connectors. Lastly, the sociodemographic and land-use con-
text describes the characteristics of the community and area 
the stop serves such as core density, social advantage or 
social equity, based on indicators such as income levels, 
educational levels, car ownership, and english proficiency. 
Together, these factors provide a comprehensive charac-
terization of bus stops for further analysis. A summary of 
all extracted factors and their interpretations is provided in 
Table 6.

Bus Stop Types

The cluster analysis identified 13 bus stop types, each exhib-
iting distinct patterns across the 13 underlying factors char-
acterizing the bus stop’s physical environment, road network 
connectivity, and sociodemographic and land-use context. In 
this study, the terms cluster and type are used interchange-
ably; however, for the presentation of results, the terminol-
ogy type or typology will be adopted. Each bus stop type 

is characterized by examining the central tendency (mean 
and median) and variability (standard deviation) of the fac-
tor scores within each group. To facilitate interpretation, 
Figs. 10 and 11 provide complementary box-plot visuali-
zations, illustrating the composition of each cluster by its 
factors, and conversely, how each factor manifests across 
the different clusters.

Typology Profiles

Type 1: Low-Traffic Residential
This type represents areas with limited bus stop infra-

structure. It comprises 1871 bus stops (11% of the total) 
characterized by strong negatives in road condition, moder-
ate negatives in bus stop infrastructure, and strong positives 
in crossing difficulty and road width. These patterns suggest 
relatively well-maintained streets that are primarily residen-
tial and carry low traffic volumes but lack crosswalks and 
other pedestrian infrastructure.

Type 2: High-Flow Corridors
This type includes 2,321 (13%) bus stops on major trans-

portation corridors, dominated by principal and minor 
arterials. They are characterized by negatives on bus stop 
infrastructure and crossing safety, and positives on cross-
ing difficulty with high variability in road conditions and 
road widths. These areas likely experience very high traffic 

Table 6   Description of factors

Name Key characteristics

Dense Core These locations exhibit high residential density, high public transit use, and proximity to grocery stores, schools, and 
libraries signifying urban access

Social Equity Locations with low educational attainment, high proportion of Spanish speakers, and older vehicles indicating lower 
socioeconomic status

Crossing Safety Locations with crosswalks at bus stops, intersections, and signals, as well as pedestrian signals highlighting safe intersec-
tion crossings

Social Advantage Bus stops with high educational attainment, high proportion of English speakers, and high income indicating higher 
socioeconomic status

Road Width Locations characterized by wide roads and high capacity that can accommodate high traffic volumes
Crossing Difficulty Indicates locations that lack pedestrian signs with wide roads and many lanes to cross, creating a difficult crossing envi-

ronment for pedestrians
Stop Infrastructure Highlights locations with traffic signals, pedestrian signals, bus signs, and crosswalks, highlighting infrastructure, safety, 

and visibility of pedestrians
Interstate Highway Indicates locations designed for fast, long-distance travel with multiple opposing lanes, wide medians, and full access 

control
Principal Arterial Strongly marks designated principal arterial routes with exposure to high-speed and high-volume oncoming and opposing 

direction traffic
Major Collector Rural major collector or urban minor arterial locations serving as mid-level traffic connectors gathering traffic from local 

roads and connecting to major arterials or highways
Minor Arterial Rural minor arterials or urban principal arterials characterized by high-speed, major traffic flow
Road Condition Highlights built-up urban core areas with varying road conditions
Minor Connector Standard collector rural and urban roads connecting local neighborhood streets to arterial systems with access to com-

mercial areas
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volumes and cut through a variety of neighborhoods with 
limited infrastructure.

Type 3: High Variability Links
High Variability Links includes 724 (4%) observations 

with highly variable infrastructure characteristics and 

Fig. 10   Box plots of types by 
factor
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quality, and extremely low scores on social equity and social 
advantage. The stops are strongly associated with Minor 
Connectors and Minor Arterials, indicating that they serve a 
key functional role in the road network, carrying significant 

traffic. However, the infrastructure does not match the need, 
with low scores in bus stop infrastructure. This cluster 
exhibits the most infrastructure variability, pointing to an 
inconsistent and potentially neglected physical environment.

Fig. 11   Box plots of factors by 
type
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Type 4: Major Connector Hubs
Major Connector Hubs comprises 2997 (17%) bus stops 

along major (mid-level) traffic connectors that collect traffic 
from local roads and connect to major arterials or highways, 
with somewhat poor road conditions.

Type 5: Narrow Local Roads
This type is characterized by extremely narrow roads 

with consistently good road conditions across 1296 (7%) 
bus stops. It shows low scores on all road type factors (no 
major roads) and positive scores on social advantage and 
a long positive tail on crossing safety. These narrow, well-
maintained local streets show the most consistent road char-
acteristic profile across all factors.

Type 6: Neighborhood Connectors
This type represents minor (neighborhood) connector-

dominated areas with 1,433 (8%) bus stops, featuring mixed 
social conditions, and moderate overall infrastructure. These 
areas show highly consistent secondary connectivity spe-
cialization, representative of a typical residential area that 
is well-connected internally but not a major thoroughfare.

Type 7: Moderately Narrow Roads
Moderately Narrow Roads with 844 (5%) observations, 

shows some similarity to Type 3 with extremely low scores 
on social equity and social advantage, but limited infrastruc-
ture variability and characteristically narrow roads with good 
(positive) conditions, suggesting areas are on the periphery.

Type 8: Well-Maintained Routes
This type represents areas with consistently excellent road 

conditions with low scores on traffic-heavy road types across 
2,416 (14%) bus stops. These stops are likely in stable, desir-
able neighborhoods with good infrastructure.

Type 9: Pedestrian-Friendly Zone
Pedestrian-Friendly Zone includes 805 (5%) bus stops in 

good condition and extremely low scores on crossing dif-
ficulty. It has low traffic (negative scores on road types) and 
average social factors, which suggests it could be a modern 
planned development or a closed-off campus.

Type 10: Public Transit Hub
This type comprises transit-oriented areas with 586 (3%) 

bus stops, featuring extremely high bus stop infrastructure 
with somewhat better crossing safety and average scores 
across all other factors. This cluster represents central down-
town or major transfer stations where bus routes converge.

Type 11: Interstate Highway Intersection
This type represents interstate highway-dominated cor-

ridors with 691 (4%) bus stops, with positive scores on road 
width and road conditions. These corridors are highway-
focused, likely serving as access routes to off-highway 
areas such as big box stores, with unpredictable local 
infrastructure.

Type 12: Dense Urban Core
Dense Urban Core includes 792 (4%) bus stops in dense 

urban core areas. This cluster represents a dense urban center 

where walking is common and safer crossing infrastructure 
exists. However, heavy road usage makes maintenance chal-
lenging, resulting in poor road conditions.

Type 13: Mixed-Use Arterial Corridor
This type features a very high minor arterial score with 

960 (5%) bus stops. These areas are likely bustling corridors 
lined with businesses, apartments, and higher traffic. They 
have a high dense core score and wider road width, confirm-
ing their role as busy, commercial strips.

Distribution of Bus Stops by Type

The distribution of the 17,736 bus stops across the 13 types 
reveals a strategic balance between concentrating service on 
high-capacity corridors while ensuring equitable residential 
coverage (Fig. 12).

Major Connector Hubs, Well-Maintained Routes, and 
High-Flow Corridors represent the largest segments and 
together with Dense Urban Core account for almost 50% 
of bus stops. These clusters reflect the reality that bus stops 
are concentrated in densely populated areas and along roads 
designed for significant traffic volume and high capacity, 
where transit is most economical and useful.

Simultaneously, the system maintains extensive reach into 
residential neighborhoods, as evidenced by the substantial 
share of stops on Low-Traffic Residential (11%), Narrow 
Local (7%), and Neighborhood Connector (8%) roads. This 
26% share confirms that the bus network is not limited to 
major roads but also serves community-level residential 
areas to provide essential first-last-mile connectivity.

The presence of smaller, specialized types like Pedes-
trian-Friendly Zones (5%) and Public Transit Hubs (3%) 
highlights tailored solutions in certain urban contexts. Other 
small clusters, such as Highway Intersections(4%), align 
with operational practicality and reflect their limited utility 
for bus operations. In general, the distribution of the cluster 
types reflects a strategic approach that concentrates service 
on major routes and dense urban centers while ensuring cov-
erage across residential neighborhoods.

Spatial Distribution

Figure 13 maps the 13 distinct bus stop types, revealing clus-
ters of similar stops that transcend agency boundaries. This 
geographic pattern suggests underlying commonalities in 
operational characteristics and potential risk profiles.

The major corridor networks, including Route 2, Inter-
state 91, Route 116, and Interstate 495, are classified as 
High-Flow Major Corridors, High Variability Links, and 
Major Connector Hubs. These corridors extend through-
out eastern Massachusetts and into central Massachusetts, 
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Fig. 12   Distribution of bus 
stops by type

Fig. 13   Spatial distribution of bus stops by type
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creating linear concentrations of high-connectivity and high-
risk infrastructure.

Substantial areas of suburban and outer-ring communi-
ties show concentrations of Low-Traffic Residentials, Narrow 
Local Roads, and Moderately Narrow Roads, representing 
neighborhoods with low to moderate connectivity, and nar-
row road widths.

The map reveals that distinct types perform specific func-
tional roles within regional transportation systems, with cor-
responding safety implications.

Type‑Specific Safety Outcomes

Figure 14 shows the 13 types by their mean annual crash 
rate. Crash risk is most acute in dense, complex urban envi-
ronments, and lowest in constrained, local-access networks.

The Mixed-Use Arterial Corridors and Dense Urban 
Core stand out with the highest mean crash rates of 0.38 
and 0.36, respectively. These are complex environments 
characterized by high traffic volumes, multi-modal users, 
and mixed land uses, where competing demands for space 
create inherent conflict. Despite the presence of safety infra-
structure, these areas demand the highest priority for tar-
geted intervention, requiring coordinated investment in road 
redesign and advanced safety measures.

Notably, Public Transit Hubs (0.23), Pedestrian-Friendly 
Zones (0.22), and Well-Maintained Routes (0.19) also 
exhibit elevated crash rates. specialized transit, pedestrian 
infrastructure, and road quality do not, by themselves, guar-
antee safety. The high concentration of activity in these 
areas creates complex interactions that necessitate innova-
tive design solutions beyond basic infrastructure provision.

High-Flow Corridors and Highway Intersections repre-
sent the high-speed, high-volume backbone of transit, serv-
ing regional and metropolitan functions. These corridors 
show elevated crash rates, of 0.22 and 0.28, respectively, 

reflecting the inherent risks of prioritizing efficiency when 
moving large traffic volumes.

Middle Tier Connectors, like the Major Connector Hubs 
and Neighborhood Connectors serve as intermediate links 
between major arterials and local neighborhoods. The 
slightly higher crash rate of Major Connector Hubs (0.22) 
compared to Neighborhood Connectors (0.2) suggests that 
reduced functional demands and lower speeds on the latter 
contribute to improved safety outcomes

In contrast, narrow local access networks like Narrow 
Local Roads, Moderately Narrow Roads, and Low-Traffic 
Residentials, demonstrate the lowest crash rates of 0.12, 
0.14, and 0.14, respectively. These types form safe, neigh-
borhood-scale networks where narrow roads and low traffic 
volumes naturally calm vehicle speeds, resulting in strong 
safety performance and providing essential community 
connectivity.

Typology‑Informed Crash Risk Characteristics 
and Countermeasures

The XGBoost analysis and the SHAP plot identify the 
top five characteristics of bus stop crash risk for each type 
(Fig. 15). The most important features influencing crash out-
comes relate to land use, activity density, and infrastructure. 
Appearing in all 13 clusters, the presence of major destina-
tions like grocery stores, schools, and libraries within 2,000 
feet of a bus stop and/or the distance to the nearest grocery 
store both have the strongest relationship with crash rates. 
This aligns with the positive associations observed for the 
proportion of walking and biking commuters, AADT, and 
population density, indicating that areas with higher pedes-
trian activity and greater land use intensity experience 
elevated crash rates. Rather than representing direct causal 
factors, these features likely serve as proxy indicators for 
exposure risk. Areas with more pedestrian generators natu-
rally experience higher volumes of both VRU and vehicle 
traffic, thereby increasing opportunities for conflicts. From 
an infrastructure perspective, crosswalk prevalence, distance 
to traffic signals or intersections, and Arterial road indica-
tors, characteristic of complex, high-capacity intersections, 
also emerge as positive predictors of crash risk. Together, 
these findings suggest that crash risk at bus stops is primarily 
driven by the confluence of increased activity levels and the 
infrastructure designed to manage them.

Demographic characteristics including the percentage 
of Asian speakers with limited English proficiency, Span-
ish speakers with limited English proficiency, and overall 
proportion of residents with limited English proficiency all 
show positive associations with crash rates. These patterns, 
along with the positive association observed for popula-
tions with less than high school education, suggest that 
crashes are more prevalent in areas serving racially diverse 

Fig. 14   Average annual crash rate by type
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Fig. 15   Type-specific character-
istics for crash rate prediction 
based on SHAP values. Each 
point represents a bus stop, 
colored by the feature’s value 
(blue = low, red = high). The 
SHAP values indicate both the 
magnitude and direction of each 
feature’s effect on predicted 
crash risk, positive values 
increase, and negative values 
decrease the predicted risk
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and educationally disadvantaged populations. However, 
the underlying mechanisms require further investigation to 
determine whether these associations reflect infrastructure 
deficiencies, behavioral features, or differential exposure 
patterns.

While many of these crash risk characteristics are non-
actionable predictor, that is, they are fixed geographic or 
demographic features, they can still inform the development 
of actionable mitigation strategies. The Federal Highway 
Administration’s Proven Safety Countermeasures (PSC) 
initiative comprises 28 evidence-based strategies organized 
across four safety focus areas, speed management, roadway 
departure, intersections, and pedestrians/bicyclists, with 
several crosscutting countermeasures addressing multiple 
categories (FHWA 2025). These strategies were matched 
to the 13 types based on the top predictive risk character-
istics identified through the SHAP analysis, ensuring that 
interventions directly address the specific crash risk in each 
cluster (Table 7). 

For bus stops near grocery stores, pedestrian-focused 
countermeasures were prioritized, including crosswalk vis-
ibility enhancements (which can reduce pedestrian injury 
crashes by up to 40%), pedestrian hybrid beacons (55% 
reduction in pedestrian crashes), and leading pedestrian 
intervals (13% reduction in pedestrian-vehicle crashes). 
And for those where bus stop infrastructure appeared as a 
top feature, rectangular rapid flashing beacons (47% pedes-
trian crash reduction) and pedestrian refuge islands were 
recommended at the bus stop to address the concentrated 
pedestrian activity.

For bus stops with significant active transportation fea-
tures, particularly those in Pedestrian-Friendly Zones, Dense 
Urban Core and Mixed-Use Corridors, separated bicycle 
lanes were prioritized given their 53% reduction in bicycle-
vehicle crashes when vertical separation elements like flex-
ible delineators are used, alongside road diets (19–47% total 
crash reduction) and complete streets designs.

For bus stop types characterized by high vehicle own-
ership and traffic volumes, such as High-Flow Corridors 
and Public Transit Hubs, speed management strategies were 
emphasized, including appropriate speed limits for all road 
users, which can achieve a 26% reduction in traffic fatalities 
with comprehensive speed management implementation, 
speed safety cameras, which can reduce crashes on urban 
principal arterials by up to 54%, use of traffic control devices 
like RRFBs and PHBs (47–55% pedestrian crash reduction), 
road diets and roadway reconfiguration (19–17% total crash 
reduction), dedicated left-turn and right-turn lanes (28–48% 
and 14–26% crash reductions respectively), and roundabouts 
(78–82% reduction in fatal and injury crashes).

Bus stop types that exhibited racial diversity, language 
barriers, and educational disadvantage as predictive features, 
received emphasis on roadside enhancements and walkway 

infrastructure (22–44% reduction in crashes) and multilin-
gual safety campaigns, presuming that these communities 
may be systematically underserved in pedestrian infrastruc-
ture provision. The number of new vehicles per household 
was associated with lower crash rates. This negative associa-
tion may reflect the presence of advanced safety technolo-
gies in newer vehicles, such as automatic emergency braking 
and pedestrian detection systems, or may serve as a proxy 
for neighborhood affluence and corresponding investments 
in safer street infrastructure.

The highest-risk clusters, Mixed-Use Corridors, Dense 
Urban Core, and Highway Intersections, would benefit from 
combining multiple PSCs for compounded crash reduction 
impacts. This includes crosswalk visibility enhancements, 
automated speed enforcement, separated active transporta-
tion infrastructure, road diets, use of traffic control devices, 
median barriers and refuge islands, and variable speed limits 
responsive to changing traffic and density conditions. These 
insights can also guide the strategic relocation of bus stops 
to safer locations.

Discussion

This discussion examines the key findings, their theoreti-
cal implications, and practical recommendations emerging 
from the analysis of 13 distinct transit bus stop types. We 
also discuss limitations and provide potential directions for 
future work.

The Infrastructure–Safety Paradox and the Narrow 
Road Advantage

Conventional road safety strategy holds that dedicated infra-
structure, such as traffic signals, crosswalks, and pedestrian 
signals, directly enhances safety. However, this study reveals 
a counterintuitive infrastructure–safety paradox, the pres-
ence of such infrastructure is often associated with higher 
crash rates, while its absence in areas with minimal, con-
strained designs (like narrow roads) correlates with better 
safety performance. Bus stop types such as Public Transit 
Hubs, Dense Urban Core, and Mixed-Use Corridors, which 
score highly on the Crossing Safety and Bus Stop Infrastruc-
ture factors, exhibit elevated crash rates. Conversely, areas 
characterized by physical constraints, such as Narrow Local 
Roads and Moderately Narrow Roads, demonstrate the low-
est crash rates.

This paradox reflects two fundamentally different safety 
philosophies: “safety through design" versus “safety through 
limitation." The former relies on the engineered approach of 
adding safety infrastructure to manage complex, high-risk 
environments, while the latter depends on using the road’s 
physical geometry (like narrow widths) to naturally calm 
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traffic by forcing behavioral change. Critically, formal safety 
infrastructure typically represents a response to pre-exist-
ing high-risk conditions characterized by substantial traf-
fic volume, elevated speeds, and complex conflict points. 
The infrastructure itself thus serves as a proxy indicator for 
greater exposure risk rather than direct causal factors. In nar-
row road environments, physical constraints create “safety 
through inconvenience," where the built environment natu-
rally suppresses traffic speed and volume, reducing both 
crash frequency and severity without requiring engineered 
interventions. Indeed, road diets have been associated with 
up to 47% reduction in crashes (FHWA 2025).

The pronounced protective effect of narrow road design 
offers a powerful insight for urban planners. In residential 
and low-volume settings, geometric constraints that force 
drivers to slow down may be a more effective safety strategy 
than adding supplemental infrastructure.

The Connectivity–Safety Trade‑off

Enhanced network connectivity, activity, and infrastructure 
density are associated with elevated crash risk, revealing an 
inherent tension between transportation system efficiency 
and safety performance. High-connectivity types, such as 
Major Corridors, Major Connectors, Interstate Corridors, 
and Minor Connectors, all exhibit moderate to high crash 
rates. The presence of major pedestrian generators (grocery 
stores, schools, and libraries) near a bus stop demonstrate 
the strongest associations with crash rates. Serving as proxy 
indicators, these features signify heightened exposure risk.

The Connectivity–Safety trade-off presents a fundamen-
tal challenge for transportation planning, which convention-
ally seeks to maximize connectivity and activity density 
for economic efficiency while simultaneously minimizing 
safety risks. The finding suggests that these objectives may 
be structurally incompatible without sophisticated design 
interventions that address both dimensions concurrently.

The analysis further reveals a clear danger hierarchy 
across road functional classifications, with arterials emerg-
ing as the highest-risk infrastructure type. Arterials are char-
acterized by moderate speeds that are dangerous to pedestri-
ans and cyclists but insufficient separation for vehicle safety, 
combined with mixed land uses that generate diverse traffic 
patterns and conflict points. Advancing arterial safety will 
require not only speed management and activity separation 
but also collaboration between multiple disciplines and sys-
tems to ensure an integrated focus on safe roadways, safe 
vehicles, and safe road behaviors.

Limitations and Future Research

This study provides valuable insights into bus stop safety, but 
several limitations should be considered. First, the analysis 

focuses exclusively on Massachusetts and aggregates eight 
years of crash data (2016–2024) without modeling temporal 
trends, assuming static risk characteristics. In addition, bus 
stops that underwent safety improvements during the study 
period cannot be distinguished from those that remained 
unchanged, potentially obscuring the effectiveness of prior 
interventions. Relatedly, infrastructure characteristics were 
primarily drawn from the 2022 Road Inventory (U.S. Census 
Bureau 2025), representing a snapshot in time. Changes in 
road conditions, bus stop amenities, or nearby land uses that 
occurred after 2022 are not captured in the analysis. Second, 
crashes were associated with bus stops solely based on the 
300-foot buffer. While the selected buffer radii are typical 
for exposure modeling, it was not empirically optimized for 
this study. Also, the analysis included all crashes within the 
bus stop buffers and did not differentiate between crashes 
directly caused by the bus stop and those that were merely 
spatially proximate. Finally, the analysis focuses on crash 
frequency, not severity, to ensure statistical power. Conse-
quently, our findings may not fully represent the most seri-
ous safety outcomes, as the relationship between crash types 
and frequency may differ from that of severity.

Building on these limitations, future research should 
explore application to other geographic contexts, integrate 
temporal trends and analyses of crash severity, and employ 
normalization techniques that account for exposure such as 
traffic volume and pedestrian activity.

Conclusion

Bus stops represent critical nodes in urban transportation 
systems where the goals of mobility, accessibility, and 
safety intersect, and sometimes conflict. Every day, mil-
lions of people across the US rely on bus stops to access 
jobs, education, healthcare, and opportunities. The critical 
need to safeguard vulnerable road users (VRUs), who face a 
disproportionately high risk in traffic crashes, highlights the 
importance of designing safe interfaces between roadway, 
transit, and pedestrian or bike infrastructures.

This study introduces a data-informed framework for 
understanding and addressing bus stop safety through the 
integration of machine learning-based factor analysis, cluster 
analysis, crash prediction, and a comprehensive multi-source 
data fusion. By analyzing 17,736 bus stops across Massachu-
setts through 13 latent infrastructure and sociodemographic 
factors, we identified 13 distinct bus stop types that represent 
fundamentally different operational contexts and risk pro-
files. This cluster-based approach moves beyond traditional 
jurisdictional or simple geographic groupings of bus stops 
to reveal the underlying patterns that link bus stop character-
istics with crash outcomes. Further, the framework is highly 
generalizable and readily deployable to other locations. 
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Based on the findings of previous studies, we believe that 
the insights gained from this study are applicable and trans-
ferable to other locations that have bus stops with typical 
characteristics similar to those of the types identified. Future 
work could validate this claim by applying the framework to 
elicit typologies from other states in the US (and even other 
countries) and quantifying their correspondence.

This typology of 13 distinct stop types, each with a 
unique risk profile, provides a framework for replacing 
generic safety measures with targeted solutions. The SHAP 
analysis identifies the specific characteristics driving risk, 
creating a direct, evidence-based link to targeted interven-
tion strategies. Priority should be given to Mixed-Use Arte-
rial Corridors and Dense Urban Core locations (collectively 
representing 9% of bus stops but exhibiting the highest crash 
rates). Risk in these areas is driven by multi-modal concen-
tration, proximity to and density of major destinations, and 
crosswalk prevalence. Addressing these risk characteristics 
would require combining multiple Proven Safety Counter-
measures to achieve compounded crash reduction impacts.

The infrastructure–safety paradox demonstrates that add-
ing crosswalks, signals, and other formal treatments is nec-
essary but insufficient in high-risk environments. Agencies 
must embrace complementary strategies including traffic 
volume reduction, speed management through self-enforcing 
design (narrow lanes, tight curb radii, vertical deflection), 
access management, and land use coordination. The suc-
cess of low-infrastructure clusters (Narrow Local Roads) in 
achieving superior safety outcomes suggests that constrain-
ing traffic through design, rather than attempting to man-
age high volumes through control devices, may be the most 
effective long-term strategy.

Ultimately, creating safe transit environments requires 
collaboration between multiple disciplines and systems to 
ensure an integrated focus, including safe roadways, safe 
vehicles, and safe road behaviors. Given the national Vision 
Zero and Safe System initiatives to eliminate traffic fatalities 
and reduce serious injuries, understanding and addressing 
bus stop safety must be a central component of these efforts.

The path forward requires continued research, sustained 
investment, and willingness to challenge conventional 
approaches when evidence suggests better alternatives 
exist. This study represents one step in that ongoing journey 
toward transportation systems that enable mobility without 
compromising safety.
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