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ABSTRACT

Accurate prediction of injury severity in road crashes is essential for proactive traffic safety
management and effective emergency response. Traditional predictive models often fail to
capture the intricate spatial-temporal dependencies and contextual factors that influence crash
outcomes. This study introduces a novel approach using Graph Neural Networks (GNNs) to
model and predict injury severity in road traffic incidents. By treating crash records as
interconnected nodes within a graph structure—linked by temporal, spatial, and
environmental similarities—the GNN captures contextual relationships that linear models
often ignore. The proposed framework integrates multiple features, including crash location,
weather, road type, and vehicle characteristics, and applies graph convolution to learn
meaningful embeddings that inform severity predictions. Experimental evaluations on real-
world traffic crash datasets demonstrate that the GNN-based model outperforms traditional
machine learning approaches in classification accuracy and generalization, particularly in
complex urban environments. This system offers a powerful tool for transport authorities

aiming to reduce the public health impact of road accidents.
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I. INTRODUCTION

In recent decades, road traffic accidents have become a significant public health issue,
leading to severe injuries and fatalities globally. Governments and transportation agencies
have invested in research and systems aimed at predicting and preventing accidents, as well
as mitigating their impacts. One key aspect of this effort is the ability to accurately predict the
severity of injuries resulting from crashes, which is essential for emergency planning, policy
design, and resource allocation. Traditionally, statistical and machine learning techniques—
such as logistic regression, decision trees, and neural networks—have been used to model
crash severity. While these methods provide useful insights, they generally treat crash data as

isolated events, missing critical contextual relationships among incidents.

Crash severity is influenced not only by individual event attributes such as weather
conditions, road design, and driver behavior but also by spatial and temporal dependencies
across multiple crashes. For instance, crashes occurring in close geographic proximity under
similar conditions often share severity characteristics. Standard models fail to account for
such interdependencies, limiting their effectiveness. To overcome this, modern deep learning
approaches like Graph Neural Networks (GNNs) have emerged as promising solutions due to

their ability to model relational data.

GNNs operate by representing data as graphs, where nodes contain information (in this case,
crash features) and edges capture relationships between them (such as time similarity or
geographic closeness). Through message-passing mechanisms, GNNs aggregate information
from connected nodes, enabling the model to learn more contextual and accurate
representations of each crash. This allows for deeper insights into injury severity patterns,

especially in complex environments like urban intersections or highway corridors.

In this paper, we propose a GNN-based framework for predicting road crash injury severity.
We begin by constructing a graph from a traffic incident dataset, with crashes as nodes and
edges formed based on spatial and temporal proximity. Each node incorporates features
including time, weather, road type, and vehicle involvement. The GNN is trained to classify

injury severity into categories such as minor, serious, or fatal. We benchmark our approach
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against traditional machine learning models and show superior performance in terms of
accuracy and reliability. The proposed framework is scalable and adaptable, making it
suitable for integration into intelligent transportation systems, with the potential to improve

road safety and emergency responsiveness in smart city initiatives.
II. RELATED WORK

1. “Graph Neural Networks for Road-Level Traffic Accident Prediction” — Li et al.
(2023)
This paper introduces a Spatiotemporal GNN model tailored for road-level crash
prediction. It models crashes as nodes and incorporates environmental, road, and
traffic features, achieving strong performance in predicting crash frequency and
severity. The approach highlights the potential of GNNs to model road network

dynamics and dependencies effectively.

2. “Crash Severity Prediction Using Machine Learning Techniques” — Yoon et al.
(2022)
This study compares several machine learning methods like Random Forest, XGBoost,
and Neural Networks for predicting injury severity. While effective to an extent, these
models treat crashes as independent observations, lacking spatial awareness, thereby

limiting performance in real-world scenarios.

3. “Deep Graph Convolutional Networks for Traffic Accident Analysis” — Zhou &
Fan (2021)
The authors proposed a graph convolutional network to predict accident hotspots and
severity. By integrating road topology and incident data, the GCN achieves higher
accuracy than CNNs or traditional statistical models, demonstrating the value of

graph-based representation in traffic safety.

4. “Analyzing Traffic Injury Severity with Spatial Models” — Quddus et al. (2019)
This paper uses spatial econometrics to understand injury severity in crashes,
acknowledging spatial autocorrelation in crash locations. It laid the groundwork for
modern graph-based techniques, proving that injury severity is often spatially

correlated.

@2025, Volume - 8 , Issue - 5 | www.irjweb.com| IRJEdT | May — 2025 861


https://www.irjweb.com/

International Research Journal of Education and Technology

W,
Ll
I%E%I% Peer Reviewed Journal

ISSN 2581-7795

5. “A GCN-LSTM Hybrid for Crash Severity Forecasting” — Chen et al. (2023)

A novel hybrid model combining GCN and LSTM networks is introduced to capture
both spatial and temporal dependencies in traffic accident data. The model
outperforms conventional LSTM-only methods, validating the role of graph structures

in crash forecasting.
II1. PROPOSED SYSTEM

The proposed system utilizes a Graph Neural Network (GNN) framework to predict the
severity of injuries resulting from road traffic accidents. Instead of treating each crash as an
independent record, the system models crash events as nodes in a graph structure where the
connections between them are defined based on spatial and temporal relationships. For
example, accidents occurring within a certain distance or time window are connected,
allowing the model to capture correlations in crash patterns that may otherwise be overlooked.
Each node is enriched with detailed crash attributes, including timestamp, location
coordinates, weather conditions at the time of the accident, road type, number of vehicles

involved, and demographic information about the drivers.

To build the graph, we construct edges using a K-nearest neighbors (KNN) approach in the
feature space that combines geographic location and temporal proximity. This ensures that the
graph reflects real-world dependencies—such as similar weather or road design—that may
influence injury outcomes. Once the graph is formed, the node features are fed into a multi-
layer GNN, such as Graph Convolutional Network (GCN) or GraphSAGE. These layers
propagate information through the graph structure, enabling each node to learn from its

neighboring events and build a more informative representation for predicting severity levels.

The output of the GNN is passed through a softmax classifier to categorize each crash into
severity levels: no injury, minor injury, serious injury, or fatality. To handle class imbalance—
since severe crashes are less frequent—we apply focal loss during training, ensuring that the
model pays more attention to rare but critical events. The model is trained using labeled
historical crash datasets and validated using cross-validation to ensure generalization across

different regions and conditions.

This framework is designed for scalability and can be adapted to live traffic systems. Once

deployed, it can analyze incoming crash reports and predict likely severity levels in real time,
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enabling emergency services to prioritize their responses. The system can also assist city
planners and transport authorities in identifying high-risk zones based on patterns learned
from historical data. Through this GNN-based approach, we move beyond isolated data
analysis and provide a robust, context-aware method for understanding and predicting the

outcomes of road crashes.
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IV. RESULT AND DISCUSSION

The proposed Graph Neural Network (GNN)-based model was rigorously evaluated using the
comprehensive dataset provided by the United States National Highway Traffic Safety
Administration (NHTSA). This dataset comprises over 300,000 real-world crash instances,
each labeled with detailed information on injury severity levels, ranging from minor injuries
to fatalities. The richness and diversity of the dataset, which includes variables such as
weather conditions, road types, time of day, and vehicle characteristics, provided an ideal
testing ground for assessing the model’s effectiveness in predicting injury severity in complex

traffic scenarios.
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To prepare the data for the GNN framework, extensive preprocessing was performed.
Relevant features were selected based on domain expertise and statistical analysis, focusing
on factors known to influence crash outcomes, such as speed limits, traffic density, visibility,
and roadway geometry. In addition to conventional tabular features, the dataset was
transformed into a graph structure by establishing edges based on spatial and temporal
proximity. Specifically, crashes occurring within similar geographic regions and within short
time intervals were connected, allowing the model to capture localized patterns and
contextual dependencies often overlooked in traditional machine learning approaches. This
graph construction enabled the GNN to model interactions not only at the level of individual

crashes but also within clusters of related incidents.

Following training and validation, the GNN-based model achieved an impressive overall
classification accuracy of 87%, significantly outperforming several baseline models. In
comparison, Random Forest classifiers achieved 81% accuracy, Support Vector Machines
(SVM) reached 79%, and a Multi-Layer Perceptron (MLP) achieved 82%. This performance
gain highlights the GNN’s ability to leverage graph-structured data to improve predictive
power. Beyond overall accuracy, the GNN demonstrated notable improvements in precision
and recall for the critical categories of serious and fatal crashes. These high-severity incidents
are typically underrepresented in traffic datasets, leading to class imbalance problems that
hinder conventional models. The GNN’s capacity to propagate contextual information across
connected nodes allowed it to better distinguish these rare yet vital cases, reducing false

negatives that could have serious implications in real-world applications.

A key advantage of the graph-based approach was its ability to incorporate environmental
and contextual factors into the prediction process. By modeling the relational structure of
crashes, the GNN could detect clusters of hazardous conditions that corresponded with higher
injury severity. For example, the model identified patterns of severe crashes occurring on wet
roads in hilly terrains or during early morning fog in rural areas—patterns that might not be
apparent when analyzing each crash in isolation. This contextual awareness provided the
model with a more holistic understanding of risk factors, enabling it to issue more accurate

predictions under complex environmental scenarios.
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Further insights into the model’s internal representations were obtained through an analysis of
the learned node embeddings. Visualization of these embeddings using dimensionality
reduction techniques such as t-SNE and PCA revealed that the GNN effectively grouped
crashes with similar characteristics into well-separated clusters in the embedding space. This
clustering behavior suggested that the model was learning meaningful latent features that
aligned with real-world patterns of crash severity. By capturing higher-order dependencies
across nodes, the GNN refined the classification boundaries between different severity levels,

leading to improved discriminative performance.

In addition to its predictive accuracy, the model maintained practical efficiency suitable for
deployment in decision-support systems. Inference times remained within acceptable limits
for batch processing applications, allowing the model to be integrated into traffic
management platforms or crash analysis tools without imposing significant computational
burdens. Furthermore, the model’s interpretability was enhanced by attention-based
mechanisms within the GNN layers, which allowed analysts to trace influential nodes and
connections contributing to each prediction. This feature added an important layer of
transparency, making the system more acceptable for use in policy-making and forensic

analysis.

Overall, the experimental results confirm that incorporating contextual dependencies through
a graph-based framework significantly enhances the prediction of injury severity in road
crashes. The GNN’s superior performance over traditional machine learning models
underscores the value of relational modeling in capturing complex interactions that influence
crash outcomes. By moving beyond independent-instance analysis and embracing graph-
structured data, the proposed approach provides a more nuanced and effective solution for
injury severity prediction. This advancement holds promise for applications in traffic safety
analysis, resource allocation for emergency response, and proactive identification of high-risk
areas. Future work may explore extending the model to dynamic graphs incorporating real-
time traffic data or integrating multimodal information such as video and sensor feeds to

further improve predictive capabilities.

V. CONCLUSION
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In this study, we introduced a graph neural network-based framework for predicting road
crash injury severity. By representing crash events as nodes in a graph and capturing their
spatial and temporal interdependencies through graph edges, our approach leverages the
relational structure inherent in traffic data. Compared to traditional models, the GNN
framework provides better generalization, improved prediction accuracy, and deeper
contextual understanding. The system is scalable, interpretable, and suitable for real-time
deployment in intelligent transportation systems. Future work may focus on integrating real-
time traffic sensor data and multimodal sources such as dashcam footage to further enhance
prediction accuracy. Ultimately, the system serves as a practical tool for emergency services,

urban planners, and transportation agencies aiming to reduce the impact of traffic injuries.
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