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SafeTraffic Copilot: adapting large language
models for trustworthy traffic safety
assessments and decision interventions

Yang Zhao1,2,5, PuWang1,2,5, Yibo Zhao1, Hongru Du1,2,3 & Hao Frank Yang 1,2,4

Predicting expected traffic crashes and designing targeted interventions are
highly challenging due to the inherent complexity of crash data and persistent
concerns over theprediction trustworthiness.We introduce SafeTraffic Copilot
that adapts Large Language Models (LLMs) to perform expected crash pre-
diction as a text-reasoning task, then attribute critical features for targeted
safety interventions. Within the Copilot, SafeTraffic LLM is customized then
fine-tuned on the textualized SafeTraffic Event dataset, which consists of
66,205 real-world crash cases with 14.5 million words from five U.S.
states. Across multiple prediction tasks including crash type, severity,
and number of injuries, SafeTraffic LLM demonstrates a 33.3% to 45.8%
improvement in average F1-score over existing works. To interpret
these results and inform safety interventions, we introduce SafeTraffic
Attribution, a sentence-level feature-attribution framework enabling condi-
tional “what-if" risk analysis. Findings reveal that alcohol-impaired driving
is the leading factor for severe crashes, with impairment-related and
aggressive behaviors contributing nearly three times more risk than
other behaviors. Furthermore, SafeTraffic Attribution identifies critical
features during fine-tuning, guiding crash data collection strategies for
continual improvement. SafeTraffic Copilot enables prediction and reason-
ing of conditional crash risks through foundation models, thereby sup-
porting traffic safety improvements and offering clear advantages in
generalization, adaptation, and trustworthiness.

Road traffic injury remains a stubbornpublic health crisis in the United
States. In 2022 alone, 42,795 people were killed on U.S. roads—one of
the highest per capita fatality rates in the developed world1. Despite
decades of counter-measures, the fatality curve continues to rise,
especially in the United States (as shown in Fig. 1a), underscoring an
urgent need for new data-driven techniques that can uncover the
mechanisms of crashes and inform decisive policy action. Expected

crash prediction models (hereafter referred to as crash prediction)
offer a principled way to learn from historical data and isolate the
factors that most strongly elevate risk2.

The current approaches to crash prediction are broadly categor-
ized into macroscopic, statistical-level analyses, and microscopic,
event-level investigations. Macroscopic models offer a general
understanding of safety performance, identifying high-risk areas and
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temporal trends, but they lack the granularity to explain the specific
circumstances of a crash—the who, what, and why3–6. While micro-
scopicmodels, often employingmachine learning, aim topredict crash
consequences under specific traffic conditions, they have struggled
with precision and generalization4,7–10. A fundamental challenge lies in
effectively integrating the multi-modal data associated with a crash
event, spanning textual narratives, numerical data, images, and driver
histories, and interpreting the complex interplay of contributing fac-
tors, thereby limiting their utility in designing effective safety policies.

The recent emergence of foundation models, especially Large
Language Models (LLMs), presents a transformative opportunity to

mitigate these enduring challenges by leveraging their advanced cap-
abilities in processing and reasoning from complex, multi-modal
information11–15. These models can synthesize and interpret vast,
unstructured data, such as the narrative descriptions in crash reports,
and align them with structured data like roadway characteristics and
driver histories, offering a more holistic understanding than was pre-
viously possible. However, adapting these powerful generativemodels
for the discriminative task of crash outcome prediction introduces its
own set of technical hurdles. The primary challenge ismethodological:
generative LLMs with extensive output vocabularies must be re-
engineered to reliably predict outcomes within a set of well-defined,
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Fig. 1 | Overview of the proposed SafeTraffic Copilot. a The U.S. faces one of the
highest crash risks among developed countries, with a rising trend. However,
analyzing and addressing this issue is challenging due to the heterogeneous factors
involved in crash events, including traffic conditions, human behavior, environ-
mental impacts, and driver characteristics. To tackle this, we propose SafeTraffic
Copilot, a framework designed for two key tasks: (1) Predicting crash outcomes and
(2) Attributing crash factors for conditional risk analysis. By addressing questions
such as why crashes occur and how tomitigate crash risks, SafeTraffic Copilot seeks
to deliver optimal policies for safety improvement. b The SafeTraffic Copilot
workflow incorporatesmulti-modal data, including driver behavior, vehicle details,
infrastructure, and environmental conditions, represented through textual reports,

satellite imagery, and other formats. Leveraging an AI-expert cooperative method,
the crashdata is transformed into textual prompts, resulting in the SafeTraffic Event
dataset comprising 66,205 cases. SafeTraffic LLM is created with accurate and
trustworthy forecasting abilities for further analysis. Building on this pipeline,
SafeTraffic Attributionoperates across threedimensions: (1) Event-level risk analysis
to identify feature contributions, (2) Conditional risk analysis to assess state-level
risks under varying conditions, and (3) Data collection guidance to optimize the
data acquisition process. The results of SafeTraffic Attribution provide actionable
insights to enhance data analysis and collection, fostering a more comprehensive
understanding of crash data and events.
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finite categories (e.g., crash severity levels)16. This adaptation raises
major concerns about the trustworthiness and calibration of their
predictions, which is crucial for high-stakes applications like public
safety17. Furthermore, the inherent “black box" nature of thesemodels
poses a major obstacle to achieving the interpretability required for
targeted safety improvements18–20. While initial studies have explored
LLMs for traffic safety, they have been limited to prompt engineering
and have not addressed the crucial interpretability gap, which is
essential for robust decision support and for answering the criticalwhy
and how questions of crash causation21–23.

In this research, we introduce SafeTraffic Copilot, a LLM-driven
framework that shifts the paradigm from aggregate-level statistics to
granular, event-level crash prediction and understanding (see Fig. 1b).
By reframing crash prediction as a text-based reasoning task, Safe-
Traffic Copilot is designed to address the key challenges of data inte-
gration, model generalization, and feature attribution. The framework
consists of three integrated components: SafeTraffic Event dataset, for
unifying multi-modal crash data; SafeTraffic LLM, for accurate out-
come prediction; and SafeTraffic Attribution, for conditional risk ana-
lysis. This approach allows us to not only forecast the when, where,
who, and what of a crash but also to provide a deep, interpretable
understanding of why it occurred and how similar risks can be miti-
gated, offering a unified approach for targeted and effective data-
driven safety interventions.

Results
This study shifts traffic safety analysis from aggregate-level to event-
level crash prediction by developing SafeTraffic Copilot, a customized
LLM framework that integrates multi-modal crash data into the
broader semantic context to forecast consequences and attribute
features with interpretability. Using SafeTraffic Event dataset (66,205
textual prompts; over 14 million words) and framing outcome pre-
diction as token generation, SafeTraffic LLM delivers a 33.3% to 45.8%
average F1 improvement over competitive baselines across multiple
crash-consequence tasks. By embedding traffic-safety priors and
explicitly targeting the number of injuries, crash severity, and crash
type via special tokens, SafeTraffic Copilot yields accurate and trust-
worthy predictions, where the accuracy increases with confidence,
achieving over 70% accuracy when the confidence score exceeds 60%,
and 95% precision for fatal-crash predictions at the same threshold.
Our proposed textual feature-attribution module provides event- and
state-level insight—it simultaneously uncovers what drives risk in a
specific crash, enabling conditional intervention, and what informa-
tion drives model quality at scale, guiding strategic data-collection
policies for long-term accuracy. Specifically, the proposed sentence-
level Shapley scores identify high-risk scenarios (such as “alcohol-
impaired,” “work-zone,” “inappropriate behaviors,” etc.) for actionable
“what-if” analysis. For example, combining alcohol impairment with a
work-zone setting nearly doubles the likelihood of a severe crash
compared with sober driving under identical conditions. Further,
summing Shapley contributions across the entire fine-tuning dataset
ranks data fields by their marginal impact on prediction accuracy and
confidence score, thereby guiding first-responders toward the details
that matter and streamlining continuousmodel updates. For example,
unit information (driver and vehicle attributes) accounts formore than
40%of the contribution to crash severity prediction, highlighting these
fields as priority entries for future crash documentation.

Conditional expected crash prediction
In our research, we define crash prediction as expected (conditional)
crash prediction, a definition consistent with the agencies and estab-
lished literature4,24–26. Officially, expected crashprediction is defined as
the task of estimating expected crash characteristics, including crash
type, severity, number of injuries, and their likelihood of occurrence,
under specified conditions. These estimations are based on expected

traffic conditions and relevant contextual information, such as road-
way attributes, environmental conditions, traffic volumes, and driver
behaviors.

The prediction targets consist of three variables with belonged
confidence score: Number of Injury, Severity, and Crash Type (see
Fig. 2)27,28. Specifically, Number of Injury task predicts the number of
people injured in the given crash event. We define the number of
injuries as the total number of non-fatal injuries, including possible,
minor, and serious injuries, obtained by subtracting fatalities from the
total number of injured people in a crash. Number of Injury task is
treated as a classification task with four categories: zero, one, two, and
three or more than three, where crashes involving more than two
injured people are grouped into a single category due to the limited
number of such cases. The Severity task assesses the level of injury
severity in a crash, classified into five levels from no apparent injury to
fatal. Type task predicts the type of crash, such as the rear-end collision
or collisionwith object, with 14 crash type categories in theWashington
dataset and 16 in the Illinois dataset. Detailed information on the
defined targets and confidence scores is available in “SafeTraffic Event
dataset construction" and “Expected crash prediction confidence
score calculation" in the “Methods” section.

Original multi-modal crash data
Our cleaned dataset comprises crash data from Washington State in
2022, totaling 16,188 records, and from Illinois in 2022, totaling 42,715
records, after excluding cases with missing key attributes related to
vehicle or crash object status. Primary sources include the Highway
Safety Information System (HSIS) crash data29, the state crash report,
and satellite images30. HSIS is amultistate database that contains crash,
roadway inventory, and traffic volumedata for a select group of States.
The HSIS crash data contains four major components: crash data,
infrastructure data, vehicle data, and person data. Crash data provides
detailed descriptions of crashes, such as location, time, and injury
severity. Infrastructure data includes information about road layouts
and traffic characteristics, such as road level and speed limits. Vehicle
data contains details such asmanufacturing year and reported defects
of the involved vehicles, while person data captures demographic and
other relevant details about drivers and passengers, such as age and
gender. Satellite images complement the HSIS data by providing
additional visual context, including information about lanes, inter-
sections, and other roadway attributes. Further information on raw
data formats and types is available in “Raw data” in the “Methods”
section.

In addition to theWashington and Illinois datasets, we also collect
and process 2250 crash cases from Maine, 2250 from Ohio, and 2802
from North Carolina to evaluate the model’s zero-shot generalization.
Their raw data sources align with those used for Illinois and
Washington. Using the Illinois State prompt template (due to its closer
data format), we converted the records into prompt format, keeping
shared features and setting unmatched ones to null. Differences in
data representation (e.g., driver alcohol levels as a numeric value in
Illinois versus a textual descriptor in Maine) introduce unseen values
and distributions, enabling evaluation of the model’s zero-shot
generalization.

Developing SafeTraffic LLM for predicting crashes
To leverage the multi-modal crash data described above for crash
prediction, we developed the SafeTraffic Copilot crash outcomes pre-
diction pipeline, which transforms crash outcomes prediction into a
text-based reasoning task. To achieve this, the raw crash data is orga-
nized into the textual SafeTraffic Event dataset, which is then used to
fine-tune the SafeTraffic LLM. Figure 2 presents an overview of the
proposed pipeline.

The SafeTraffic Event dataset is created through an AI-expert
cooperative textualization process, organizing multi-modal raw data
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for effective crash prediction. The detailed information about the raw
data feature engineering and the textualization process is available in
“SafeTraffic Event dataset construction" in the “Methods” section. As
shown in Fig. 2, the constructed prompts are divided into five parts:
one system prompt and four content parts, with each content part
containing approximately 100 words. These parts include:

• System prompt: provides an introduction and task-specific
instructions.

• General information: includes general information about the time
and location of the prediction region and the roadway category.

• Infrastructure information: describes road infrastructure,
encompassing static features like the number of lanes and speed
limits, as well as dynamic elements such as work zones, lighting,
and road surface conditions.

• Event information: contains detailed descriptions of crash events,
such as the number of vehicles involved and their directions of
movement.

• Unit information: provides vehicle and individual details relevant
for crash prediction, such as airbag status and the driver’s age.

To organize andmerge thementioned information for each crash
event, we perform feature engineering and textualization, structure
the textualized data as input, and process labels corresponding to the
three targeted crash prediction tasks from real-world reports. The
complete prompt examples are presented in Fig. 3. Ultimately, after

filtering out data items with missing information, the SafeTraffic Event
dataset merges the complementary information from multi-modal
data sources and contains 66,205 crash records with approximately
14.5millionwords. These records are split into training, validation, and
test sets in a 7:1.5:1.5 ratio for Washington and Illinois datasets, while
the remaining datasets from three other states are used exclusively for
cross-region training-free generalization evaluation.

With SafeTraffic Event dataset, we can adapt LLMs for
expected crash prediction. Although vanilla LLMs like Llama 313

possess broad general knowledge and strong text-reasoning
capabilities, they demonstrate limited effectiveness on crash
prediction tasks without the fine-tuning process (see Supple-
mentary Section 3.1). To address this, we developed SafeTraffic
LLM, a specialized model fine-tuned on the processed SafeTraffic
Event dataset. This fine-tuning process enhances the LLM’s com-
prehension of crash events and enables accurate outcome pre-
diction. Specifically, additional special tokens are introduced into
the LLM vocabulary as prediction targets (Number of Injury,
Severity, and Crash Type), fine-tuning the model to generate these
tokens during prediction. The details of the fine-tuning are pro-
vided in “SafeTraffic LLM” in the “Methods” section.

Prediction performance and trustworthiness
We evaluate the performance of SafeTraffic LLM and compare its
performance with other baselines (see “Adopted baselines" in the
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Fig. 2 | SafeTraffic Copilot crash outcomes prediction pipeline. Multi-modal
crash data is collected and organized into textual prompts through an AI-expert
cooperative process. The Highway Safety Information System (HSIS) crash data,
satellite images, and infrastructure data are used to extract general and infra-
structure information, including the crash time, location, the road level, and so on.
The vehicle data and person data are converted into the event information and the
unit information, including vehicle movements, driver characteristics (e.g., age,
gender, alcohol use), vehicle attributes (e.g., manufacture year), and so on. Safe-
Traffic Event dataset is created with three prediction targets: Number of Injury,
Severity, and Type. TheNumber of Injury task predicts the number of people injured

in the crash event, the Severity task estimates the severity level of the crash, such as
no apparent injury or fatal, and the Type task classifies type of crash, such as single
vehicle with object or angle impacts right (The crash event outcomes classification
areprovided in SupplementaryTable4 andSupplementaryTable5). The SafeTraffic
LLM is fine-tuned using the SafeTraffic Event dataset. To reframe the crash out-
comes prediction from a classification task to a language inference task, SafeTraffic
LLM is fine-tuned by adding prediction targets as special tokens in its vocabulary
and adjusting parameters using Low-Rank Adaptations (LoRA)37, a lightweight fine-
tuning technique that injects trainable rank-decomposed matrices into each layer
without updating the full model.
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“Methods” section). The fine-tuning process is based on two vanilla
LLMs with different sizes: Llama 3.1 8B and Llama 3.1 70B. Accuracy,
precision, and F1-score are used as the evaluationmetrics; the detailed
information is available in “Evaluation metrics" in the “Methods”
section.

SafeTraffic LLM provides the highest accurate and reliable pre-
diction results across all crash types, severity, and injury counts, even
in zero-shot scenarios. Table 1 compares the performances of Safe-
Traffic LLM and adopted baselines. The results show that the Safe-
Traffic LLM outperforms all the baselines in each task setting with an
average F1-score improvement of 33.3%–45.8% across multiple tasks.
SafeTraffic LLM performs well on both the Washington and Illinois
datasets, demonstrating its stability across diverse geographical

regions. Moreover, as shown in the confusion matrix in Fig. 4a, b,
beyond aggregated metrics, SafeTraffic LLM demonstrates a more
balanced prediction distribution and achieves higher accuracy across
individual categories. In contrast, as shown in Fig. 4c, d, existing
machine learning models tend to predict the dominant categories
(e.g., zero under Number of Injury prediction task, no apparent injury
under Severity prediction task, and the complete confusion matrix is
shown in Supplementary Fig. 7).

SafeTraffic LLM provides trustworthy crash predictions, where a
higher confidence score links to higher accuracy. SafeTraffic LLM
tailors LLMs for discriminative crash outcomes prediction tasks,
generating predictions accompanied by confidence scores that
represent the probabilities associated with specific special tokens

Example Prompt - #EC22961
You are a helpful assistant designed to predict the task target of a traffic crash. You need to make 
predic�on based on the informa�on below:
General Informa�on
This incident occurred on February 23, 2022, at 2:00 PM, in the city of Bremerton, Kitsap County, on 
the 303 route increasing milepost direc�on at milepost 1.87. The loca�on is an Urban - Principal 
Arterial, not at an intersec�on and not related to a driveway. The type of roadway is classified as an 
Urban Mul�lane Undivided Non-Freeway. The level of access control is Non Limited Access Least 
Restric�ve, the speed limit is 30, and the average annual daily traffic is 37000.
Infrastructure Informa�on
The road width is 52 feet, the road surface is made of Asphalt, the right and le� shoulders width is 
unknown, and the surface type of the le� shoulder is unknown. This road does not have a median-
separated area, there is no barrier in the median and the median width is unknown. The condi�on 
of the road is unknown regarding work zone status, but it is known that the accident occurred 
during daylight and the road surface condi�on was dry.
Event Informa�on
There were no pedestrians involved, 3 vehicles involved. The accident has no influence of alcohol or 
drugs. There were no objects involved. Vehicle1 was moving North, in the direc�on of increasing 
milepost, Vehicle2 was also moving North, in the direc�on of increasing milepost. The first vehicle 
was moving straight when the second vehicle was stopped in traffic, legally standing.
Unit Informa�on
The unit 1 is a Vane�e Under 10,000 lb, non-commercial vehicle. The airbag was not deployed. The 
vehicle had no defects. The driver was going straight ahead, was not ejected, and was distracted by 
an unknown factor. Person 1: Motor Vehicle Driver, Female, 47, Restraint use is unknown. The unit 2 
is a Vane�e Under 10,000 lb, non-commercial vehicle. The airbag was not deployed. The vehicle had 
no defects. The driver had stopped for traffic, was not ejected, and no viola�ons or factors 
contributed to the incident. Person 1: Motor Vehicle Driver, Female, 26, Restraint use is unknown. 
The unit 3 is a Vane�e Under 10,000 lb, non-commercial vehicle. The airbag was not deployed. The 
vehicle had no defects. The driver was going straight ahead, was not ejected, and was distracted by 
an unknown factor. A drug recogni�on expert was not requested. Person 1: Motor Vehicle Driver, 
Female, 50, Restraint use is unknown.

Targets

Please predict the Injury number of the crash choosing from the following tokens  (4 op�ons available).
Assistant: <ZERO>

Please predict the Severity of the crash choosing from the following tokens  (5 op�ons available).
Assistant: <NO APPARENT INJURY>

Please predict the crash Type of the crash choosing from the following tokens  (14 op�ons available).
Assistant: <REAR END COLLISIONS>

Fig. 3 | Example prompt structure and content in the SafeTraffic Eventdataset.Anexamplepromptof an expected crashprediction event from the dataset collected in
Washington State.
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(see “Expected crash prediction confidence score calculation" in the
“Methods” section for the calculation details of the confidence
score). Figure 4e, f illustrates the trend of accuracy in relation to the
confidence scores of SafeTraffic LLM ’s predictions for the
Washington and Illinois datasets. The results indicate that our model
achieves greater accuracy at higher confidence levels. For instance,
for the Number of Injury prediction task in the Washington dataset,
when the model’s confidence score exceeds 0.40, the accuracy rises
above 0.65, and with confidence scores over 0.60, the accuracy
surpasses 0.80. This relationship is even more pronounced for fatal-
crash predictions (see Fig. 4g–i). The strong positive correlation
between confidence scores and accuracy showcases the quantifiable
trustworthiness of the SafeTraffic Copilot. By providing reliable
confidence scores alongside predictions, the framework empowers
informed decision-making in real-world applications.

SafeTraffic LLM exhibits reliable spatial and temporal general-
ization capabilities. For spatial generalization, we evaluated Safe-
Traffic LLM by training on the Illinois dataset and testing on three
unseen states: Maine, North Carolina, and Ohio. Without any

additional fine-tuning, SafeTraffic LLM achieved average F1-scores of
0.576 in North Carolina, 0.613 in Maine, and 0.593 in Ohio, which is
comparable to its performance in Illinois (see Table 1). Beyond state-
level evaluation, we also assessed generalization at the county level.
As shown in Fig. 4j, most counties exhibit an accuracy variation
within 10%–20%, demonstrating the model’s stable performance
across regions. For temporal generalization, we evaluate the model
fine-tuned on 2022 Washington data using data from 2019 to 2021 in
the same state. As shown in Fig. 4k, the model maintains stable
performance across months for all three tasks: Number of Injury,
Severity, and Type prediction, with over 75% of the months falling
within a ±10% accuracy range. Aggregated yearly performance is
presented in Supplementary Section 3.3.

SafeTraffic Attribution framework
Understanding how SafeTraffic LLM generates accurate predictions
and how various components of the input prompt influence the out-
comes is fundamental to enabling evidence-based decision-making. In
our analysis, we focus exclusively on severe crashes (i.e., fatal and
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Fig. 4 | SafeTraffic LLM provides predictions with trustworthiness. The confu-
sion matrices generated by the SafeTraffic LLM for both the a Washington and
b Illinois datasets clearly demonstrate improved prediction results (we select the
best results for each task based on the F1-score). In contrast, baseline models tend
to predict the most frequent category across both the cWashington and d Illinois
datasets (we show baseline models with the best F1-score. The performances for
other baseline models can be found in Supplementary Fig. 7). Meanwhile, Safe-
Traffic LLM produces trustworthy predictions for both the e Washington and
f Illinois datasets. Higher confidence levels in the model’s predictions correspond
to an increased likelihoodof accuracy. Furthermore,gThe SafeTraffic LLM achieves
higher precision for fatal-crash predictions. h Fatal-crash predictions also exhibit
higher confidence in the Illinois dataset. The Washington dataset is not shown due
to limited fatal cases. i For fatal crashes, the SafeTraffic LLM achieves near-perfect

precision (97.61%) when the confidence score exceeds 0.6, indicating that the
SafeTraffic LLM is highly accurate and trustworthy for fatal crashes. j The 3-year
temporal comparison of monthly prediction accuracy across tasks (2019–2021).
The used SafeTraffic LLM was fine-tuned on the 2022 Washington dataset and
evaluated on the 2019–2021 Washington datasets to assess its temporal general-
ization capability. The central line represents the median; the box spans from the
25th to 75th percentiles; whiskers extend to 1.5 × IQR. k The prediction perfor-
mance at the county level, aggregated in a box plot. SafeTraffic LLM demonstrates
stable performance at the county level for fine-tuning tasks in Illinois (IL) and
Washington (WA), aswell as zero-shot tasks inMaine (ME), NorthCarolina (NC), and
Ohio (OH). States evaluated in zero-shot settings are highlighted with a gray
background. Source data are provided as a Source data file.
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serious injury crashes) to identify the contributing factors behind
these events. As discussed above, the SafeTraffic LLM ’s confidence
score strongly correlates with its predictive accuracy for severe cra-
shes. Consequently, the confidence score associated with severe crash
predictions (hereafter referred to as the confidence score) can be used
as an indicator of crash risk level: a higher confidence score corre-
sponds to greater prediction accuracy for severe crashes,which in turn
reflects a higher likelihood that the crash is severe (rather than minor
or no apparent injury) in the real world. Notably, the SafeTraffic LLM ’s

confidence scores tend to be lower than their corresponding accuracy
values, indicating that using the confidence score is a conservative
estimate of risk.

Within the SafeTraffic Attribution framework, a sentence-based
feature contributions calculation method was proposed to identify
how each sentence contributes to the LLM’s outputs based on
Shapley theory, which is recognized as a systematic and equitable
method for attributing the contribution of each feature to a model’s
output31,32, thereby revealing crash-related factors at the event level

a

b
One Crash Case in Illinois - #29557

Assume the crash occurred in Kankakee County on 
6/26/2022 at 3:00 hours. The crash happened in the 
city of Unincorporated, classified as Unincorporated 
area, on Interstate No.057 at milepost 303.9. The 
roadway is classified as Interstate, and the location 
was identified as a Rural Freeways. This crash was 
not related to an intersection. The road surface was 
Dry with Darkness lighting conditions and Clear 
weather at the time of the crash. The crash occurred 
on a Divided - w/median barrier Two-way with Other 
Regulatory Sig in place, and it was confirmed that the 
crash happened in a work zone. The crash involved 
1 vehicles. The primary cause of the crash was 
Improper Lane Usage, with secondary contributing 
cause (Failing to Reduce Speed to Avoid Crash). 
Vehicle 0, a 2013 model, was moving North and was 
traveling straight ahead before the crash. There was 
also a passenger, a 27-year-old F, seated in the 
Passenger. There was also a passenger, a 31-year-
old M, seated in the Second Row Right. The driver 
was a 27-year-old Male with no visible distractions, 
sitting in the Driver. The driver’s blood alcohol 
content was tested and measured at .203…

TrafficSafe Attribution - #29557

Predicted Results

Injury:  <THREE OR MORE THAN THREE> (wrong)
Severity: <FATAL> (correct)
Type: <COLLISION WITH OBJECTS> (correct)

Crash Severity prediction feature attribution
(This crash is a FATAL crash)
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One Crash Case in Washington - #EC56198
Assume the crash occurred on June 12, 2022, at 10:00 AM, 
in Puyallup, Pierce County, on the 167 route increasing 
milepost direction at milepost 5.39. The location is an Urban 
- Principal Arterial at a driveway, with the road classified as
an Urban Multilane Undivided Non-Freeway. The specific 
characteristics of the location relation to an intersection or 
driveway are unknown. The level of access control is Non 
Limited Access Average Restriction, speed limit is 35, 
average annual daily traffic is 28000. The road width is 56, 
the road surface is made of Asphalt… This road is not 
median-separated, with no barrier in the median and the 
median width is 0. The condition of the road is unknown in 
the work zone, with daylight lighting and a dry road surface. 
There were no pedestrians involved; 2 vehicles involved. 
The accident has no influence of alcohol or drugs. There 
were no objects involved. Vehicle1 was moving east, in the 
direction of increasing milepost, Vehicle2 was moving west, 
in the direction of decreasing milepost. The first vehicle was 
moving straight when the second vehicle was turning left. 
The unit 1, is an unknown type, non-commercial vehicle. 
The vehicle was not airbag equipped. The vehicle had no 
defects. The driver was going straight ahead, was totally 
ejected, and was operating recklessly or aggressively, also 
exceeding reasonable safe speed. Person 1: Motor Vehicle 
Driver, Male, 39, No Restraints Used. The unit 2…

TrafficSafe Attribution - #EC56198

Predicted Results
Injury: <TWO> (correct)
Severity:  
Type:

<SERIOUS INJURY> (correct)
<ANGLE IMPACTS_RIGHT> (correct)

Crash Severity prediction feature attribution
(This crash is a SERIOUS INJURY crash)

0.1−0.3 −0.2 −0.1 0.0 0.2 0.3
Shapley Values

0.074

0.086

-0.024

0.072

0.108

-0.025

-0.009

-0.045

-0.036

-0.062

0.099

0.067

0.258

0.149

Location and Time
Roadway Class

Intersection Related Info
Traffic Characteristics

Roadway Info
Median Barrier Info

Dynamic Info
Entity Involved Info

Alcohol Involved Info
Objects Info

Vehicle Movement
Vehicle info

Driver Behavior
Person Info

Fig. 5 | Single case feature-attribution results for Severity task. The left part
displays the full prompt from a Washington and b Illinois, with different colors
representing various semantic text sequences. The right part illustrates the feature
contribution assigned to each text sequence. Positive contributions signify a

supportive role in the model’s prediction, whereas negative contributions indicate
a detracting influence. The absolute value of these contributions represents the
importance of each sequence to the model’s output.
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(see “SafeTraffic Attribution” in the “Methods” section for details). In
essence, each feature’s contribution represents its share of respon-
sibility for the model’s confidence in a particular prediction. The sum
of all feature contributions equals the confidence score itself. Fig-
ure 5 illustrates sentence-level feature contributions for the severity
of individual crash events, using one crash fromWashington and one
from Illinois as examples. In the Washington crash example (Fig. 5a),
Driver Behavior (e.g., reckless driving or speeding) is the primary
factor contributing to serious injury crashes, with the feature con-
tribution of 0.258. Person Info (e.g., no seatbelt use) also shows a
substantial impact with the feature contribution of 0.149. By con-
trast, Dynamic Info (daylight and dry roads) lowers the probability of
a crash with serious injuries with a negative feature contribution of
−0.009. While in the Illinois example (Fig. 5b), an elevated BAC
(Blood Alcohol Content, with feature contribution of 0.284) and the
presence of a Work Zone (feature contribution of 0.462) notably
increase the likelihood of fatal-crash outcomes. More additional
sentence-level feature-attribution analysis can be found in Supple-
mentary Sections 4.1 and 4.2. The following sections utilize Safe-
Traffic Attribution framework to examine feature importance from
two perspectives: (1) at the inference stage, to identify key factors
influencing crash predictions under various conditions and high-risk
scenarios, and (2) at the fine-tuning stage, for which data are more
critical for model learning.

Factor attribution at the inference stage for conditional risk
analysis
Conditional analysis evaluates crash outcomes across various scenarios,
such as drivingwith orwithout alcohol consumption, to quantify the risk
factors associated with each scenario. Severe crashes (serious injuries
and fatal crashes)were prioritized in the conditional analysis due to their
critical importance for traffic safety. These crashes, particularly fatal
ones, were predicted accurately and reliably by SafeTraffic LLM (see
Fig. 4g–i). Five key contributing factors were identified for this condi-
tional analysis: Driver BAC (BAC=0mg/dL or not offered/BAC<80mg/
dL/BAC ≥80mg/dL), Roadway Type (Highway/not highway),Work Zone
(Work zone/not work zone), User Type (Pedalcyclist or pedestrian/not
pedalcyclist or pedestrian), and Driver Behavior (Aggressive driving /
impairment-related behavior/traffic rules violations/improper driving/
others). Collectively, these factors accounted for an average of 79.33% of
the model’s overall attribution in predicting serious and fatal crashes
(see Fig. 6b). A summary of key findings is provided:

• The BAC record emerges as a critical determinant in predicting
serious and fatal crashes. Among all contributing factors, BAC
accounts for 25.26% of the total contribution to serious and fatal-
crash prediction (see Fig. 6b). Notably, its contribution substan-
tially increases when a driver consumes alcohol, irrespective
of the amount. When drivers are under the influence of alcohol
even if their BAC does not exceed the legal intoxication limit of
80mg/dL33,34, this factor’s feature contribution still reaches
around 0.45, surpassing that of most other factors in many cases
(see Fig. 6a). Conversely, when a driver’s BAC is recorded as “zero
or not offered,” its contribution approaches zero, indicating
minimal impact on the model’s predictions.

• Driving in a work zone is already risky under sober conditions, but
alcohol consumption greatly increases the danger, making it one
of the most hazardous scenarios for severe injury crashes. As
shown in Fig. 6a, driving in a work zone while sober (“Work Zone-
Yes” and “BAC=0or not offered”) contributes little to severe crash
outcomes, with an average feature contribution of 0.03. However,
after consuming alcohol (whether “BAC is higher than 80mg/dL”
or “BAC less than 80mg/dL”), the work zone feature contribution
rises more than seven times to an average of 0.22. Furthermore,
the overall crash risk increases substantially when driving in awork
zone after drinking, as indicated by an average risk level of 0.78,

compared to 0.44 under sober conditions. These findings indicate
that work zones become especially hazardous when alcohol con-
sumption is involved, creating one of the highest-risk scenarios for
severe crash outcomes. Potential drunk driving warnings and risk
mitigation strategies shall be closely linked with work-zone areas.

• Aggressive and impairment-related behaviors pose nearly three
times the risk for severe crash outcomes compared toother driver
behaviors. As illustrated in Fig. 6c, aggressive driving emerges as
the most important contributor among driver behaviors, with a
median feature contribution of 0.195. Impairment-related beha-
vior, including driving under the influence of alcohol or drugs,
also has a substantial influence, with a median feature contribu-
tion of 0.154. In comparison, other improper driver behaviors,
such as traffic rule violations (median feature contribution of
0.055) and distractions like mobile phone use (categorized under
improper driving, with median feature contribution of 0.015),
show below-average contributions to serious and fatal crashes.
The “other" category, which includes normal driving and
unknown behaviors, has the smallest impact, with a feature
contribution of 0.007.

• The co-occurrence of risk factors substantially increases the
expected crash risk level. As illustrated in Fig. 6a, c, our analysis
reveals a strong correlation between the number of risk factors
present in a crash and the expected risk level for severe crash
outcomes. High-risk factors are defined as those with a 75th
percentile contribution exceeding 0.2 in Fig. 6c, including driving
after drinking (BAC <0mg/dL), driving in work zones, pedestrian-
involved crashes, and high-risk driver behaviors (aggressive or
impairment-related). When no risk factor is involved, the average
risk level for severe crash outcomes is estimated at 0.47. This
value increases to 0.59with one risk factor, rises to 0.68 with two,
and reaches 0.73 when three risk factors co-occur. These findings
underscore the need for transportation agencies to implement
comprehensive, multi-dimensional interventions, particularly in
scenarios characterized by overlapping high-risk conditions.

Factor attribution at training stage for effective data collection
and model development
Event information and unit information are the most important com-
ponents for the model training. While feature contributions at the
inference stage reveal which features drive critical crash outcomes,
understanding feature contributions during training provides deeper
insights into which data components most effectively enhance model
accuracy. As shown in Fig. 6d, the feature contributions of each com-
ponent in the Washington and Illinois datasets are shown, demon-
strating their impact on the model’s performance during training (see
Supplementary Table 10 for detailed results and “SafeTraffic Attribu-
tion” in the “Methods” section for calculation details). The results
indicate that in both the Washington and Illinois datasets, for the
Severity task, the unit information describing attributes of the primary
entities involved in the crash has the highest contribution to the
model’s performance (0.314 in Washington, 0.248 in Illinois). For the
Crash Type Prediction task, the event information, which provides
information on the vehicle’s movement prior to the crash, has the
highest contribution (0.388 in Washington, 0.283 in Illinois), followed
by the unit information (0.257 in Washington, 0.279 in Illinois) and
other components.

Discussions
Transforming crash prediction into a text-reasoning task unlocks the
full richness ofmulti-modal safety data.By integrating crashnarratives,
satellite and incident images, and infrastructure attributes into a uni-
fied textual prompt, foundational language models can jointly reason
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over behavioral cues (“alcohol-impaired,” “work-zone”), pre-crash
trajectories, and environmental context instead of treating them as
disconnected numbers. Our AI-expert co-designed prompts let LLMs
outperform conventional baselines while attribution scores reveal
which factor combinations, e.g., impairment plus work zones, are the
most elevated risk, guiding both targeted interventions and smarter
data-collection priorities. Thismulti-modal-to-text paradigm therefore
signals a powerful solution: integrating diverse crash information
streams through foundational models not only boosts predictive
accuracy but also yields transparent, actionable insights for con-
tinuous safety improvements.

Integrating rich data with a powerful foundation-model engine
shifts prediction from simple distribution fitting to situational-
aware reasoning, yielding transparent and trustworthy insights that
generalize across regions. In both Washington and Illinois, accu-
racy exceeds 70% once confidence surpasses 60%, with a near-
linear rise in precision thereafter—giving practitioners a clear,
quantifiable handle on uncertainty, as shown in Fig. 4e, f. Further-
more, the proposed SafeTraffic Attribution components turn this
trust into action: it ranks textual, visual, and categorical cues
by their contribution to confidence, highlighting the levers that
most elevate risk. Notably, alcohol-impaired driving raises the

Fig. 6 | Conditional risk analysis for the serious injury and fatal crashes.Higher
confidence scores in SafeTraffic LLM 's predictions correspond to greater accuracy,
allowing the confidence score (calculated as the sumof feature contributions for all
data components) to serve as an indicator of risk level for serious and fatal crashes.
a The aggregated average crash risk level under different feature combinations.
Cases are grouped based on their combinations of conditions (indicated by dark
dots). For each group, the average crash risk level and the average contributions of
five key features are calculated and visualized, including driver behavior, user type,
whether driving occurred within a work zone, roadway type, and Blood Alcohol
Content (BAC, in mg/dL). We use 80mg/dL as a key threshold, based on the legal
limit for ethanol concentration33,34. The detailed data is provided in Supplementary

Table 11. b The overall average contribution of each feature. Taking BAC as an
example, each case yields a BAC contribution value, and the mean of these values
across all cases represents the overall contribution of BAC. The inner circle
represents the average absolute contribution, and the outer circle shows its pro-
portional impact oncrash risk. cAverage feature contribution for each factor under
specific values. Boxes are colored pink if themedian exceeds the overallmedian for
that factor, and blue otherwise. Each box is annotated with its median value. The
central line represents themedian; the box spans from the 25th to 75th percentiles;
whiskers extend to 1.5 × IQR. d Feature contributions of different data components
during the training stage for the Washington and Illinois datasets. Source data are
provided as a Source data file.

Article https://doi.org/10.1038/s41467-025-64574-w

Nature Communications |         (2025) 16:8846 10

www.nature.com/naturecommunications


severe-crash confidence score by 0.47, underscoring its critical
policy relevance.

The SafeTraffic LLM ’s conditional attribution engine pinpoints
which factor combinations truly drive crash risk with trust, ranking
scenarios by danger and revealing actionable “what-ifs.” In data-rich
settings, it reliably surfaces high-risk pairings, e.g., alcohol use in work
zones or aggressive driving under impairment, guiding focused
counter-measures such as on-site BAC checks or behavior-targeted
education. Crucially, its probabilistic confidence signals rise with
accuracy, lending quantifiable trustworthiness to every recommen-
dation.Whendata are sparse, the same frameworkgeneralizes through
simulation: analysts can toggle rarely observed variables (pedestrian
presence, freeway geometry, etc.) and still obtain credible risk shifts.
This blend of calibrated confidence and flexible what-if analysis
empowers agencies to design precise, evidence-based traffic-safety
interventions before crashes happen.

Aggregated data-attribution analysis pinpoints the crash-record
elements that matter most, offering a generalizable blueprint for
smarter, future-proof data collection and quality control. Currently,
each state designs its own crash-report form, preventing a common
standard and stifling national-scale analytics. During the fine-tuning
stage, unit-level details, such as driver behavior, vehicle attributes, and
event-level cues, such as vehicle movement, weather, and roadway
conditions, emerged as the strongest predictors of injury severity.
Prioritizing complete, high-resolution capture of alcohol use, vehicle
defects, vulnerable-user status, and road context, therefore, max-
imizes model payoff, whereas gaps in these fields quickly erode per-
formance. Moreover, the aggregated attribution analysis also provides
a quantitative basis for assessing data quality, showing howmissing or
incomplete values in key components impair model performance.
Feeding these insights back into template design lets agencies stan-
dardize richer,more consistent reporting protocols that fuel continual
model refinement and transferability across regions, accelerating
broad safety transformations without sacrificing generalizability.

Limitations and future work of the SafeTraffic Copilot. A primary
limitation relates to the handling ofmulti-modal data. In the SafeTraffic
Copilot, satellite images were processed into textual descriptions and
incorporated into prompts. While this approach offers flexibility,
advancements in multi-modal foundation models and increasing
researchon integratingmulti-modal datawith LLMspresent promising
alternatives35. Leveraging specialized image encoders or utilizing
multi-modal foundation models for processing image data are com-
pelling directions. Another potential limitation lies in the efficiency of
model training and attribution. Fine-tuning LLMs and computing fea-
ture contributions have always required substantial resources and
time. Although we employed LoRA fine-tuning and a stratified sam-
pling technique to enhance efficiency36, implementing the complete
framework still demands substantial resources. This poses certain
limitationswhen resources are scarceor in situations demanding rapid
model deployment.

Methods
Raw data
The raw crash data used in this study were obtained from the HSIS29

and Google Maps30. Data from the HSIS, sourced from multiple sys-
tems, encompasses a variety of formats, including categorical,
numerical, and textual. In total, four main datasets were used:

• Crash data. This dataset captures the essential spatio-temporal
and contextual attributes of each crash. It includes crash date,
time, day of theweek, andmonth, alongwith location details such
as route number, milepost, and the surrounding area’s classifica-
tion (e.g., rural or urban). Higher-level planning attributes (e.g.,
roadway and functional classifications, intersection-related indi-
cators) are also recorded. In addition, it documents the dynamic
circumstances leading up to the event, including the number of

vehicles and pedestrians involved, vehicle travel directions
(increasing or decreasing milepost), and any maneuvers per-
formed (e.g., lane changes, straight-line movement).

• Infrastructure data. This dataset details the physical and infra-
structural features of the crash site. Key elements include the type
of road surface (e.g., asphalt or concrete), average annual daily
traffic (AADT), posted speed limits, and access control mechan-
isms. It also encompasses dimensions such as total road width,
right and left shoulder widths, and median width (including
median barriers if present), as well as road surface conditions
(e.g., dryorwet) and ambient lighting at the timeof the crash (e.g.,
daylight or dusk).

• Vehicle data. This dataset consolidates information on the vehi-
cles involved in each crash, including vehicle type (e.g., passenger
car or truck), intended use (e.g., commercial or private),
mechanical condition (e.g., defects), and relevant driver actions
(e.g., lane changes or stopping). Additional information on airbag
deployment and occupant ejection status provides further
granularity.

• Person data. This dataset compiles information about individuals
involved in the crash, detailing demographic characteristics such
as age, gender, and seating position. It also includes the use of
safety equipment (e.g., seatbelts or helmets) and any contributing
factors, such as driver distraction or impairment.

The satellite images obtained from Google Maps serve as a sup-
plementary data source to complement the HSIS dataset. Overall, we
collected 16,188 crash event data from Washington State and 42,715
events from Illinois State for further analysis. We also collect and
process 2250 events from Maine, 2250 from Ohio, and 2802 from
North Carolina to evaluate the model’s cross-region training-free
generalization.

SafeTraffic Event dataset construction
To adapt the raw data for LLMs’ fine-tuning process, we employ the
feature engineering and textualization process to generate textual
inputs (see Fig. 7). We followed the following process to generate a
textual prompt from raw data entry:

• Datamapping and organization. For each crash, we associated the
crash report with the involved vehicles and individuals using the
crash ID, thus obtaining descriptions of the crash and the persons
involved. The route ID and milepost were used to identify the
specific road segment where the crash occurred, allowing us to
gather related road and environment information from infra-
structure data. The integrated data was then systematically
organized into four categories: general information, infra-
structure information, event information, and unit information,
aligning with the components outlined above.

• Satellite images textualization. The HSIS datasets provide GPS
coordinates for crash locations in Washington and Illinois. To
address missing information, such as the number of road lanes,
high-resolution satellite images (512 × 512 pixels at a zoom level of
19) were retrieved using these GPS coordinates via the Google
MapsAPI. These images supplement the crashdatasetwith crucial
infrastructure and environmental context. Descriptive textual
annotations were generated from the satellite images using GPT-
4, filling key gaps in the original dataset. These annotations
include information such as the number of lanes at the crash site,
whether the crash occurred at an intersection, and whether the
surrounding area is residential. Image-related information
enhances the model’s performance; see Fig. 8 for details.

• Dimensionality reduction. Raw data include abundant attributes
with rich and varied descriptions. However, some features suffer
from insufficient distinction between attribute values due to the
original classification’s complexity. To address this, we performed
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dimensionality reduction on these attributes by combining
domain experts’ insights with GPT-4o clustering results. For
example, similar classifications like “pedalcyclist struck by
vehicle" and “pedalcyclist strikes vehicle” were clustered under a
broader category such as “pedalcyclist collisions.” This process
generalized the data and reduced redundancy. See Supplemen-
tary Table 6 for detailed information.

• Prompt generation using an AI-expert textualization method.
To generate logically coherent and continuous textual data

suitable for LLM training, we transformed each category of data
into text format using GPT-4o12. All data are organized as key-
value pairs, and we get four parts of the key-value pairs for each
event case. Then GPT-4o is used to generate the text prompt for
each section of the key-value pairs individually. For each part,
we apply a straightforward prompt to GPT-4o, such as “Please
translate a python dictionary to paragraph, act as a crash data
interpreter.” The text content is extracted from GPT-4o’s
response for each part, consisting of approximately 100 words.

Fig. 7 | The construction procedure of SafeTraffic Event dataset. a Data pro-
cessing. Four raw datasets from HSIS (crash, infrastructure, vehicle, and person
data) are used to construct a prompt through four steps. (1) Data mapping and
organization: Link the datasets and organize them into four parts: general, infra-
structure, event, and unit. (2) Satellite image textualization: Retrieve satellite ima-
ges via GPS coordinates using the GoogleMaps API, then employGPT-4o to extract

text-based information. (3) Dimensionality reduction: Combine targets with similar
values using GPT-4o. (4) Prompt generation: Use the processed data from the
previous steps to generate a prompt for each part. b AI-expert textualization. An
example of the infrastructure information part of an event case in the Washington
dataset is shown.
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By linking four parts of the text, we obtain a comprehensive
textual description for each crash event case. The detailed
process is shown in Fig. 7b. For the Maine, Ohio, and North
Carolina datasets, the prompts were constructed by filling
values into the Illinois template if the features are matched;
otherwise, the features are set to None in the Illinois template.

We select three variables as the prediction targets: Injury, Severity, and
crash Type. The three targets are defined as:

• The InjurynD
i 2 f f ðlÞjl =0, 1, 2, � � � g, where i denotes the ith data in

the dataset,D 2 fW, Ig denotes theWashington datasetW or the
Illinois dataset I , l represents the number of people injured, and
f(l) denotes the label when the injured people is l.

• The SeveritysDi 2 fSk jk = 1, 2, � � � g, where Sk is the kth level of crash
severity.

• The TypetDi 2 fTD
k jk = 1, 2, , � � � g, where TD

k is the kth label of crash
type in dataset D.

We utilize these three variables to describe the crash result CRD
i .

The crash outcome can be presented in the following format:
CRD

i = ðnD
i , s

D
i , t

D
i Þ. For numerical variables, the function f(l) describes

the number of people injured in a crash as follows: “zero" if l =0, “one”
if l = 1, “two" if l = 2, and “three and more than three" if l ≥ 3, the values
for Sk and TD

k are provided in the Supplementary Table 4 and Sup-
plementary Table 5.

SafeTraffic LLM
We fine-tune SafeTraffic LLM by adapting LLaMa 3.113 to crash predic-
tion tasks to enhance the LLMs’ capabilities in interpreting crash data,
identifying critical factors, and conducting feature-attribution analysis
to offer insights for crash prevention. In this section, we will introduce
detailed information on the fine-tuning process.

During the fine-tuning of LLMs, a single input consists of three
components: the system prompt, the user prompt, and the target
prompt. The systemprompt introduces the task, for example: “You are
a helpful assistant designed to predict the severity of a traffic crash...”.
The user prompt comprises the four content parts detailed in

“SafeTraffic Event dataset construction" section for each case. The
target prompt represents the expected output. Examples of these
prompts are shown in Fig. 3 and Supplementary Section 2.3. We
tokenize the text inputs using LLaMA 3.1’s tokenizer.

To adapt the LLMas a crash classifier, additional tokens have been
incorporated into the tokenizer’s vocabulary, and the detailed crash
attribute categories are listed in Supplementary Table 4 and Supple-
mentary Table 5. Specifically, for predicting the number of people
Injuries ofWashington dataset and Illinois dataset, we have introduced
four special tokens: <ZERO>, <ONE>, <TWO>, and <THREE AND MORE
THAN THREE>. Similarly, for predicting the Crash Severity of the
Washington dataset and the Illinois dataset, we use five additional
tokens: Sk, where 1 ≤ k ≤ 5, corresponding to different levels of severity.
The Type task differs slightly between the Washington and Illinois
datasets. For Washington datasets, we utilize 14 special tokens: TW

k ,
where 1 ≤ k ≤ 14, each representing a specific crash type. For Illinois
datasets, we utilize 16 special tokens: TI

k , where 1 ≤ k ≤ 16. The para-
meters of the input and output embedding layers are set as trainable,
enabling themodel to align the representations of these special tokens
with the existing embedding space.

During the fine-tuning phase, the traffic forecasting task is framed
as a next-token generation task. Given an input prompt xi and its
prediction target yi, we construct the full prompt as Ti = concat(xi, yi),
where concat( ⋅ ) denotes the concatenation operation that appends
the target label yi to the input xi as a special token. The next-token
generation process can be described as:

pθðTiÞ=
YjTi j

j = 1

pθðtðiÞj jtðiÞ1 , � � � , tðiÞj�1Þ, ð1Þ

where Ti is the ith item in the training data, pθ is the LLM, tðiÞj denotes

the jth token in Ti. Bymaximizing the likelihood pθðTÞ=
QN

i= 1pθðTiÞ, the
LLM’s parameters are learned. Both the system prompt and the user
prompt aremasked for loss computationduring training.We also used
a uniform data sampling strategy during the training process to

Fig. 8 | Analysis of the impacts of visual-textual information integration in
SafeTraffic LLM. a Examples of prompt modifications with image-derived infor-
mation removed. b Performance comparison for expected crash prediction on
Num. of Injury, Severity, and Crash Type prediction tasks on the Illinois and
Washington datasets, using T + I (Text + Image) and T (Text-only) input modalities.

c Average contribution of image-derived information at the inference stage.
d Contribution of the image-derived paragraph at the training stage. The central
line represents the median; the box spans from the 25th to 75th percentiles;
whiskers extend to 1.5 × IQR. Source data are provided as a Source data file.
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facilitate the convergence of SafeTraffic LLM 16. Through this process,
the model learns to make predictions for a traffic crash.

Expected crash prediction confidence score calculation
The confidence score is a critical component that links model pre-
dictions to interpretability within the SafeTraffic Copilot. The con-
fidence score quantifies the model’s certainty in its prediction for a
given input. Since we incorporate target labels as special tokens in the
LLM’s vocabulary and fine-tune the model to generate only these
tokens as outputs, we define the confidence score based on the pre-
dicted token’s probability. Specifically, given a textual input xi and its
corresponding label yi, the confidence score C(xi) is defined as:

CðxiÞ= max
yi2Y

pθð yijxiÞ ð2Þ

where Y denotes the set of all possible labels (e.g., fatal, serious injury,
etc., for crash severity prediction). pθ(yi∣xi) is the softmax probability
assigned by the model to class yi, which can be computed by applying
the softmax function over the logits corresponding to the special
tokens representing each label.

For a given threshold t, let Nt denote the number of samples with
confidence scores greater than t. Among these, Rt samples are cor-
rectly classified. The accuracy at threshold t is then given by

Acct =
Rt

Nt
: ð3Þ

By computing the accuracy at different thresholds t, we can plot
the relationship between accuracy Acct and the threshold t, as shown
in Fig. 4e, f.

Hyperparameter settings
In our experiments, we follow LoRA37 to fine-tune LLaMA 3.1 models.
Specifically, we update only the input and output layers directly, while
all remaining layers are frozen and trained through LoRA. We use the
AdamW optimizer38 with a learning rate of 3e-4 and a batch size of 32
(with gradient accumulation over 8 steps). Themodels are trained on 8
NVIDIA A100 GPUs (80GB memory each) using DeepSpeed39 for effi-
cient distributed training.

Data split
We split the Washington and Illinois dataset into training, validation,
and test sets in a 7:1.5:1.5 ratio. Since the Washington dataset contains
relatively few crash events per year, we utilized as many reports as
possible to ensure sufficient training data. However, the data dis-
tribution across different classes is highly imbalanced. For example, in
the crash severity prediction task in the Washington dataset, the ratio
of #S1/#S5 is nearly 100:1, where #Sk is the number of data with label Sk.
The imbalanced data distribution presents a great challenge for the
model’s training and evaluation. During the fine-tuning, we used a
uniform sampling strategy to train themodel on this unbalanced data.
Similarly, to facilitate themodel’s evaluation, for the validation set and
test set, we removedmost of the data with a crash severity category of
S1. Specifically, after processing, the dataset consisted of 16,188
records, with 11,332 used for training, 2428 for validation, and 2428 for
testing. To balance the validation and test set for better evaluation, we
removed 1428 S1 data and used 1000 remaining data for the validation
set and test set separately. Compared with Washington state, more
crash records can be used in Illinois state to generate a dataset. As a
result, we were able to balance all subsets, including the training,
validation, and test sets. Ultimately, the Illinois dataset comprised
42,715 records, with 29,307 used for training, 6704 for validation, and
6704 for testing. See Supplementary Section 1.3 for the detailed dis-
tribution for each dataset.

Evaluation metrics
In evaluating the model performance as a classification task,
we employ weighted accuracy, precision, and F1-score as metrics. In
the context of a classification task, we have four notations: True
Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN). Using these notations, we can represent the metrics
as follows:

• Accuracy is one of the most commonly used measures for the
classification performance, and it is defined as a ratio between the
correctly classified samples to the total number of samples as
follows:

Accuracy=
TP +TN

TP +TN + FP + FN
ð4Þ

• Precision represents the proportion of positive samples that were
correctly classified to the total number of positive predicted
samples, which reflects the performance of the prediction:

Precision=
TP

TP + FP
ð5Þ

• F1-score combines results on precision and recall. It is the
harmonic mean of precision and recall, which can be calculated
using the formula:

F1� score =
2

Precision�1 + Recall�1 = 2 � Precision � Recall
Precision+Recall

� �

ð6Þ

where Recall = TP/(TP + FN).

Adopted baselines
We follow recent studies40 and adopt machine learning models,
including XGBoost41, Random Forest (RF)42, Decision Trees (DT)43,
Adaptive Boosting (AdaBoost)44, Logistic Regression (LR)45, and
Categorical Boosting (CatBoost)46. We also include deep learning
models such as BERT47 and TabNet48. In addition, we consider the
National Average49, which predicts crash severity distributions
using calibrated Severity Distribution Functions. For these mod-
els, the Bayesian optimization method (BayesSearchCV) is used to
facilitate the identification of optimal hyperparameters, such as
max_depth and learning_rate. To ensure a fair comparison across
baseline models, we retained the original architecture and design
of each model, modifying only the input data format when
necessary. Detailed information on hyperparameter settings and
input data preprocessing for all baseline models is provided in
Supplementary Section 1.2.

The experiments on the North Carolina, Maine, and Ohio datasets
are conducted under a zero-shot setting,where themodel isfine-tuned
only on the Illinois dataset and has never seen data from North Car-
olina, Maine, and Ohio during training. Traditional machine learning
models perform poorly in this context due to their limited ability to
adapt. Therefore, to ensure a fair comparison under the same condi-
tions, we introduce two baseline methods:

• BERT47. Leveraging its pre-training on large corpora, BERT
possesses a certain degree of generalization capability. In our
experiments, we fine-tune BERT using prompts from the Illinois
dataset and evaluate its zero-shot performance on the North
Carolina and Maine datasets.

• CoT50. Chain-of-thought (CoT) reasoning enables language mod-
els to perform multi-step inference by generating intermediate
reasoning steps before arriving at a final answer. Zhen et al.23

explored the use of CoT for zero-shot crash severity prediction

Article https://doi.org/10.1038/s41467-025-64574-w

Nature Communications |         (2025) 16:8846 14

www.nature.com/naturecommunications


and reported improved performance over standard LLM prompt-
ing. Following their approach, we apply CoT prompting to
evaluate zero-shot performance on the North Carolina andMaine
datasets.

SafeTraffic Attribution
To identify the feature contribution of each factor to the prediction
results, this paper introduces and adapts the concept of Shapley
values31. Shapley value is a concept from cooperative game theory that
has been widely adopted in machine learning to interpret model
predictions51. It provides a way to fairly allocate the contribution of
each feature to the outcome of a predictive model. In essence, the
Shapley value quantifies how much each feature contributes to a
prediction by considering all possible combinations of features. For-
mally, the Shapley value φ of a feature (or player) i in a cooperative
game is defined as:

φi =
X

S�Nnfig

jSj!ðn� jSj � 1Þ!
n!

vðS∪ figÞ � vðSÞ½ �, ð7Þ

whereN = {1, 2,…, n} is the index set ofn features, S is a subset ofN, and
v(S) is the utility of the subset S, which represents a measurable value,
such as accuracyor prediction score, achieved by themodel using only
the subset S of features.

The Shapley value is utilized in both the training and inference
stages in SafeTraffic Copilot. During the training stage, it quantifies the
contributions of four primary categories of information: general
information, infrastructure information, event information, and unit
information.During the inference stage, the Shapley value is applied to
assess the contributions of individual sentences to the prediction
outcomes.

Feature contributions at the training stage
The Shapley value is utilized to assess the influence of different com-
ponents in the training set on themodel during training. As outlined in
“Developing SafeTraffic LLM for predicting crashes” in the “Results”
section, the jth prompt Tj in the dataset P is divided into five parts: c0:
system prompt (i.e., “You are a helpful assistant designed to predict
the severity of a traffic crash..."), c1: general information, c2: infra-
structure information, c3: event information, and c4: unit information.
We denote pj(k) as the ck portion of pj. Given an index set S, we can
construct a variantTj(S) by concatenating the parts in S. For example, if
S = {0, 1, 2}, then Tj(S) contains c0, c1, and c2. Formally,

TjðSÞ= concatk2S TjðkÞ, ð8Þ

where concat denotes concatenation. The resulting dataset based on S
is P(S) = {Tj(S)∣ j =0, 1, …, L}, where L is the dataset size.

Referring to Equation (7), the contribution of part ci at training,
φ train

i , is

φ train
i =

X
S�Nnfig

jSj!ðn� jSj � 1Þ!
n!

� vðPðS∪ f0, igÞÞ � vðPðS∪ f0gÞÞ½ �, ð9Þ

where N = {1, 2, 3, 4} indexes the four content parts, and v(P(S)) is a
performance metric (e.g., accuracy) obtained after retraining the
model only on prompts in P(S).

Sentence-level feature contributions at the inference stage
Unlike traditionalmachine learningmodels thatprimarily handlefixed-
length feature vectors, LLMs process variable-length text sequences as
input52. This characteristic makes commonly used Shapley value
approximation methods, such as KernelSHAP53 and DeepSHAP, less
applicable to LLMs. Recent approaches like TokenSHAP54 and
TransSHAP55 have been proposed to address this by decomposing

input text into tokens and computing Shapley values at the token level.
However, applying token-level Shapley value computation to Safe-
Traffic LLM introduces two primary challenges: (1) Computational
limitations. The computational complexity of Shapley values is expo-
nential in the number of players. In our SafeTraffic LLM, with an input
size of approximately 500 tokens, the large-scale computation of
token-level Shapley values for crash data becomes impractical. (2)
Limited interpretability. Decomposing the prompt at the token level
disregards inter-token dependencies, and the arbitrary masking or
replacement of tokens can lead to semantic ambiguity and contextual
shifts. These issues hinder a precise understanding of how individual
features contribute to predictions. Moreover, paragraph-level analysis
is too coarse for detailed attribution, since it can merge distinct fea-
tures into a single category (e.g., driver and vehicle details under “unit
information”).

To overcome these limitations, we propose a sentence-level fea-
ture contributions calculation method for inputs of LLMs, which pro-
ceeds as follows:

• Sentence segmentation. The prompts are segmented using deli-
miters (e.g., commas “,” or periods “.”) to produce sentence-
level units.

• Feature groups annotation. GPT-4o is used to group and label
these sentences (see Fig. 5 for the groups’ content). Each group is
represented as ck, where k 2 N0 = f1, 2, 3, . . . ng. For the Washing-
ton dataset, n = 14, while for the Illinois dataset n = 12. Given index
set S0 � N0 n f ig, we can construct the prompt TjðS0Þ similar to the
process Equation (8).

• Feature contributions calculation based on the feature groups.
Based on the constructed dataset, the feature contribution for the
ith sentence-group φinf

i, j for the jth item in the dataset can be
calculated as:

φ inf
i, j =

X
S0�N0nfig

jS0j! ðn� jS0j � 1Þ!
n!

� pθ yjjTjðS0 ∪ f0, igÞ
� �h

�pθ yj jTjðS0 ∪ f0gÞ
� �i ð10Þ

where pθ represents the LLM, which returns the predicted
probability of the targets yj given the inputs. A higher φ inf

i, j
indicates a greater contribution of the ith sentence group to the
model’s confidence for predicting yj. To reduce computational
overhead, we adopt a stratified sampling–based Shapley esti-
mation method using complementary contributions36.

Data availability
The examples of processed prompts generated in this study have been
deposited in Zenodo (https://zenodo.org/records/16896765). The
completed HSIS raw data29 are available under restricted access, as
HSIS is designed to provide data solely for research conducted in the
public interest and intended for publication in a scientific journal or
other national publication. Access can be obtained by submitting a
formal request to HSIS staff via hsis@dot.gov, accompanied by a
description of the proposed research and confirmation of compliance
with HSIS usage guidelines. Detailed information can be found at
https://highways.dot.gov/research/safety/hsis. The source data for
Figs. 4, 6 and8 and Supplementary Figs. 5, 7, 14 and 15 generated in this
study are provided in the Source data file. Source data are provided
with this paper.

Code availability
Code is publicly accessible at https://zenodo.org/records/1689676556.
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