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Abstract

Despite the agricultural sector’s consistently high injury rates, formal reporting is often
limited, leading to sparse national datasets that hinder effective safety interventions. To
address this, our study introduces a comprehensive framework leveraging advanced en-
semble machine learning (ML) models to predict and interpret the severity of agricultural
injuries. We use a unique, manually curated dataset of over 2400 agricultural incidents from
AgInjuryNews, a public repository of news reports detailing incidents across the United
States. We evaluated six ensemble models, including Gradient Boosting (GB), eXtreme
Grading Boosting (XGB), Light Gradient Boosting Machine (LightGBM), Adaptive Boosting
(AdaBoost), Histogram-based Gradient Boosting Regression Trees (HistGBRT), and Ran-
dom Forest (RF), for their accuracy in classifying injury outcomes as fatal or non-fatal. A key
contribution of our work is the novel integration of explainable artificial intelligence (XAI),
specifically SHapley Additive exPlanations (SHAP), to overcome the “black-box” nature of
complex ensemble models. The models demonstrated strong predictive performance, with
most achieving an accuracy of approximately 0.71 and an F1-score of 0.81. Through global
SHAP analysis, we identified key factors influencing injury severity across the dataset,
such as the presence of helmet use, victim age, and the type of injury agent. Additionally,
our application of local SHAP analysis revealed how specific variables like location and
the victim’s role can have varying impacts depending on the context of the incident. These
findings provide actionable, context-aware insights for developing targeted policy and
safety interventions for a range of stakeholders, from first responders to policymakers,
offering a powerful tool for a more proactive approach to agricultural safety.

Keywords: agriculture accident; ensemble model; explainable artificial intelligence (XAI);
injury severity prediction; machine learning (ML); occupation health and safety

1. Introduction

Occupational injury incidents impose significant burdens on individuals, organiza-
tions, and society at large, leading to considerable human suffering and economic costs [1].
The International Labor Organization estimates that approximately 337 million occupa-
tional incidents occur globally each year [2], driven by a complex interplay of contributing
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factors [3]. Given the extensive human and financial losses associated with such injuries,
researchers have long sought to better understand the factors influencing incident severity
and to improve the accuracy of predictive models for future events [4].

Among all occupational sectors, agriculture remains one of the most hazardous. In
the United States, the agricultural sector consistently ranks near the top in injury rates,
with 23.5 injuries per 100,000 workers reported in 2022 [5]. To mitigate these injuries,
stakeholders must have access to detailed data about the causes and consequences of
agricultural incidents. However, formal reporting requirements for agricultural injuries are
often limited due to federal regulatory exemptions. Specifically, the Occupational Safety
and Health Administration (OSHA) is restricted by an annual appropriations rider from
inspecting or enforcing reporting requirements on farming operations with ten or fewer
employees that do not maintain a temporary labor camp. Since small family-owned farms
constitute a significant portion of the agricultural sector, this ‘small farm exemption’ results
in sparse and incomplete national datasets, hindering the development of comprehensive
safety interventions.

Surveillance data plays a critical role in understanding agricultural injury patterns
and informing prevention strategies. Previous research in agricultural injuries has involved
collecting data from multiple sources such as surveys, news articles, workers’ compensation
records, and electronic health systems [6]. Yet, challenges persist in capturing nonfatal
injuries, accessing comprehensive surveillance data, and evaluating the cost-effectiveness
of different data sources. For example, manual coding of narrative reports in large-scale
surveillance efforts such as the Survey of Occupational Injury and Illness (SOII) demands
considerable human labor, approximately 25,000 person-hours annually to process around
300,000 incidents [7].

To address these limitations, AgInjuryNews was established as a publicly accessible
repository of news articles and reports documenting agricultural injuries and fatalities [8].
Curated by the National Farm Medicine Center (NFMC) and launched through the Na-
tional Children’s Center for Rural and Agricultural Health and Safety (NCCRAHS), Agln-
juryNews has compiled over 4500 reports covering more than 6000 victims between 2015
and 2024 [9]. It employs keyword filtering and digital media monitoring to identify relevant
incidents, which are then manually reviewed and summarized by expert volunteers [10,11].
While the structured nature of the data supports research and policy analysis, the system’s
dependence on manual curation limits both scalability and timeliness.

Predicting the severity of agricultural injuries is a critical area of study within occu-
pational safety research. Understanding the factors that influence injury severity enables
the design and implementation of proactive safety interventions. The severity of such
incidents is often shaped by a combination of human, environmental, and situational
variables [12]. Moreover, spatial variability in agricultural practices and environments
necessitates localized analyses to accurately predict and mitigate risks.

Historically, injury severity modeling has relied on statistical approaches, particularly
discrete choice models such as binary logit, multinomial logit, and probit [13,14]. More
advanced frameworks, including Bayesian hierarchical models, multivariate models, and
random parameter models, have attempted to address unobserved heterogeneity and
variable correlations [15-17]. While these approaches offer interpretable insights, they
depend on strong assumptions about variable distributions and linear relationships, which
can result in biased estimates if violated [18-20]. Moreover, multicollinearity, unobserved
heterogeneity, and high computational costs often hinder their practical application [21,22].

With the rise of machine learning (ML), new models have emerged that address many
limitations of traditional approaches. ML models such as Artificial Neural Networks
(ANN), Support Vector Machines (SVM), Naive Bayes (NB), and Decision Trees (DT) have
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demonstrated strong capabilities in modeling complex, nonlinear relationships between
predictors and outcomes in many domains [23-25], including agriculture [26]. For instance,
Abdelwahab and Abdel-Aty [27] reported that multilayer perceptrons outperformed tra-
ditional models in crash severity prediction. SVMs have shown superior performance
in diverse contexts, including diverging segments on Florida freeways [28] and work
zones [29]. NB models, while simple, are effective in binary classification tasks [30,31], and
DTs are valued for their interpretability in injury classification [32,33].

More recently, ensemble learning techniques such as Random Forest (RF) and eXtreme
Gradient Boosting (XGB) have gained prominence due to their superior predictive power
and robustness [34-36]. RF has demonstrated consistent superiority over both statistical
models and individual ML algorithms in highway crash severity prediction [37,38]. XGB
has proven especially effective in real-time crash detection [39], automated vehicle crash
analysis [40], and fatal crash classification [41], offering a balance between accuracy and
computational efficiency.

Interpretability remains a central challenge in applying ML models to safety-critical
domains [42]. Ensemble methods such as XGB offer high predictive accuracy but are often
regarded as “black boxes,” while inherently interpretable models like linear regression
or decision trees provide transparency but may lack flexibility for complex patterns [43].
Explainable artificial intelligence (XAI) has emerged to address this trade-off [44], and
SHapley Additive exPlanations (SHAP) is widely adopted for both global and local in-
terpretability by assigning contribution scores to each input feature [45]. SHAP has been
successfully applied in injury severity modeling to enhance transparency while maintaining
performance. Ensemble models with SHAP identified critical features such as vehicle count
and road category in New Zealand [46] and highlighted key risk factors in two-wheeler
crashes, including helmet use and urbanization levels [47].

Despite widespread use of XGB, Light Gradient Boosting Machine (LightGBM), and
Categorical Boosting (CatBoost), few studies systematically compare these models on real-
world crash datasets while evaluating both predictive performance and interpretability.
SHAP has been used to examine contextual differences in risk profiles across rural and
urban environments [48,49], interactions among road geometry, speed, and weather [50],
and dominant contributors such as alcohol use, speeding, and seatbelt noncompliance in
multilayer perceptron models [51]. SHAP TreeExplainer has also generated ranked feature
importance lists across diverse crash contexts [52]. Collectively, these studies show that
integrating SHAP with ML models provides actionable insights and improves interpretabil-
ity, addressing the crucial balance between predictive accuracy and transparency in traffic
injury severity modeling.

Despite the increasing adoption of global SHAP analysis, the application of local
SHAP explanations, designed to interpret individual predictions, remains limited in both
traffic and agricultural injury severity modeling. This limitation constrains the practical
utility of ML in operational settings, where stakeholders such as first responders, planners,
and safety specialists require case-specific insights to support timely and context-aware
decisions. Local SHAP visualizations, including force plots, provide detailed accounts of
how individual features influence predictions, capturing both the direction and magnitude
of their effects. Research in other fields has demonstrated the added value of local inter-
pretability: in solar radiation forecasting, global-only analyses obscured critical localized
insights [53]; in water quality modeling, local SHAP revealed site-specific influences of
environmental and meteorological factors [54]; and in ophthalmology, local explanations en-
hanced individual prediction of visual field parameters from optical coherence tomography
data [55].
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Collectively, this evidence underscores the importance of extending local SHAP ap-
proaches to injury severity modeling, where instance-level interpretability is vital for
translating machine learning predictions into actionable outcomes. Without local inter-
pretability, findings remain generalized and less useful for informing incident-specific
interventions. Notably, while ML methods have been extensively explored in traffic crash
severity research, their application to agricultural injuries remains limited, especially within
the U.S. Few studies have evaluated a broad range of ML algorithms in this domain or
offered structured, interpretable analyses of the contributing factors.

From a theoretical perspective, the application of ensemble learning to agricultural
safety addresses a critical ‘surveillance gap” unique to this industry. Unlike the traffic
sector, which benefits from standardized police reports, agriculture lacks a unified data
schema. Consequently, traditional linear statistical models often fail to capture the complex,
non-linear interactions hidden within the noise of unstructured media reports. By integrat-
ing SHAP with ensemble methods, this study moves beyond mere prediction to causal
interpretation, providing a necessary theoretical bridge between ‘black-box” algorithmic
performance and the explainability required for public health intervention planning.

This study addresses these gaps by introducing a comprehensive ensemble ML frame-
work for predicting agricultural injury severity. Specifically, we employ advanced gradient
boosting models, including GB, XGB, LightGBM, AdaBoost, HistGBRT, and RF, alongside
explainable ML techniques. The novelty of our work lies in its dual focus on predictive
accuracy and model interpretability, particularly through the use of both global and local
SHAP analyses. Our key contributions include: (1) leveraging a structured dataset from Ag-
InjuryNews to model agricultural injury severity outcomes; (2) evaluating and comparing
multiple ensemble ML models in terms of accuracy and training efficiency; (3) predicting
injury severity using real-world data from diverse agricultural incidents; and (4) identifying
and interpreting key contributing factors through SHAP-based feature importance analysis,
both globally and locally, to support policy-making and intervention strategies.

The remainder of this paper is structured as follows: Section 2 outlines the dataset,
featured engineering processes used, and the machine learning models implemented in the
study. Section 3 presents experimental results, including model evaluation metrics, and
SHAP-based insights. Section 4 discusses the findings, and Section 5 concludes with key
takeaways and directions for future research.

2. Materials and Methods
2.1. Data Collection and Pre-Processing

The dataset used in this study was obtained from AglnjuryNews.com, an open-access
surveillance platform that aggregates news media reports of agricultural injuries and
fatalities occurring across the United States and Canada [7,8]. Covering a time span from
2016 to 2024, AgInjuryNews collects incident-level data that includes a wide range of
variables such as geographic location, demographic information, incident characteristics,
and the presence or absence of safety equipment. These records are identified through
automated keyword filtering and digital media monitoring, after which expert volunteers
manually review and code the information into a structured format [9,11].

To prepare the data for this study, the raw dataset from AglnjuryNews.com, which
initially contained reports from both the United States and Canada, was thoroughly cleaned.
During the preprocessing, records with missing values and duplicate entries were excluded,
and the scope was narrowed to incidents reported only within the United States. The
resulting dataset comprised 2451 valid records of agricultural injury incidents. Of these,
778 cases (32%) were classified as non-fatal, and 1673 cases (68%) were identified as fatal.
The binary target (dependent) variable in this study (shown in the last row of Table 1),
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injury severity, was coded as 0 for fatal incidents (in which at least one person died) and 1
for non-fatal incidents (which included injuries of all severity and incidents with property
damage only). It is important to note that the ‘non-fatal’ category in this dataset, derived
from news media reports, is inherently heterogeneous and skewed toward higher severity
incidents. Unlike workers” compensation data which may capture minor injuries (e.g.,
sprains or cuts), AglnjuryNews reports typically involve significant trauma, such as limb
entanglements, fractures, or survivable rollovers, that is substantial enough to warrant
public reporting.

Regarding data quality, the raw dataset was filtered to remove incomplete entries.
Specifically, records lacking critical determinations for injury severity, year of occurrence, or
victim demographics were excluded. This cleaning process removed approximately 5% of
the initial raw records, ensuring that the remaining 2451 observations contained complete
vectors for model training.

Figure 1 presents the annual distribution of injury severity categories—fatal and
non-fatal—between 2016 and 2023. Fatal injuries consistently outnumbered non-fatal ones
across all observed years in the dataset. The frequency of incidents peaked in 2018, followed
by a gradual decline, especially in fatalities. In 2020, the proportion of non-fatal injuries
increased to 33% of that year’s total incidents, despite an overall decrease in reported cases.
At the time this project began, in early 2024, only about 30 incidents from that year had
been entered into the AgInjuryNews database. Since there is often a lag in reporting and
entering new cases, we used all available data for machine learning model development.
However, for visualization and trend analysis purposes, we present only the data from
2016 to 2023, where reporting is more complete.
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Year

Figure 1. Annual distribution of agricultural injuries by severity from 2016 to 2023.

The modeling framework employed in this study utilized a comprehensive set of
features that were grouped into four major categories: temporal attributes, personal char-
acteristics, incident attributes, and external factors. These explanatory variables are sum-
marized in Table 1 and include both categorical and continuous types, carefully selected
based on their relevance to injury risk and severity. Temporal attributes included the season
of occurrence (spring, summer, autumn, or winter), whether the incident occurred on a
weekday or weekend, the time of day (morning, afternoon, evening, or night), and the
calendar month. These variables allowed for the exploration of patterns related to seasonal
work, time-of-day effects, and potential influences of agricultural cycles.
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Table 1. Detailed description of all variables in the dataset.

Variable
Category

Features

Type

Description/Labeling

Independent Variables

Temporal
Attributes

Season

Categorical

: Spring (Mar-May)
: Summer (Jun-Aug)
: Autumn (Sep-Nov)
: Winter (Dec—Feb)

Day

Binomial

: Weekday (Monday to Friday)
: Weekend (Saturday and Sunday)

Time

Categorical

B WO N= PO WN -

: Morning (6 am-12 pm)

: Afternoon (12 pm—6 pm)
: Evening (6 pm~-12 am)

: Night (12 am—6 am)

Month

Categorical

[1,12]

Personal
Features

Gender

Binomial

0:
1:

Male
Female

Age

Continuous

[0, 98]

Alcohol

Binomial

No
Yes

Seatbelt

Binomial

No
Yes

Helmet

Binomial

No
Yes

Drowning/Suffocation

Binomial

No
Yes

ROPS

Binomial

No
Yes

Other PPE

Binomial

: No
: Yes

Incident
Features

Injury Agent

Categorical

0-2: ATV /Off-Road
3-5: Building

6-10: Environment
11-12: Fall

13-19: Fish/Forestry
20-24: Livestock
25-38: Machinery
39-49: Others
50-53: Pesticide
54-59: Plant

60-63: Skid Steer
64—-69: Tractor
70-76: Vehicle

Number of Victims

Continuous

[1,17]

Location

Categorical

: Roadways

: Agricultural Env.
: Forestry

: Fishing

Role

Categorical

: Bystander
: Certified First Responder

Operator

: Other
: Passenger
: Worker /Farmer /Fisher

Intentional

Binomial

1
2
3
4
0
1
2:
3
4
5
0
1

: No
: Yes

State

Categorical

[0, 49]

External Factors

Confined Space

Binomial

0:
1:

No
Yes

Grain
Involved

Binomial

0:
1:

No
Yes

Agri-tourism

Binomial

0:
1:

No
Yes

Dependent
Variable

Injury
Severity

Binomial

0:
1:

Fatal
Non-Fatal
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Personal features included the victim’s gender, age, alcohol consumption, and the use
of safety equipment such as seatbelts, helmets, and other personal protective equipment
(PPE). Additional binary indicators like drowning and the presence of rollover protective
structures (ROPS) were also included. These factors provide insight into the role of human
behavior and safety compliance in injury outcomes. Incident features captured information
about the agent involved in the injury—categorized into types such as machinery, livestock,
ATVs, tractor or environmental hazards—as well as the total number of victims, the
individual’s role (e.g., operator, bystander, passenger), and whether the incident was
intentional. Regarding the ‘Role’ variable, this category describes the victim’s status or
activity at the time of the incident. The numeric labels (0-5) assigned to these roles are
nominal and do not imply a hierarchy. For instance, ‘Bystander’ (coded as 0) typically
refers to a non-working individual, such as a family member or child, who was present at
the worksite but not actively engaged in agricultural labor. Geographic state was included
to account for potential regional variations in practices or regulations.

External factors were also incorporated, including whether the incident occurred in
a confined space, whether grain was involved, and whether the location was part of an
agritourism activity. Furthermore, specific attention was given to ‘Grain Involved’ as a
standalone binary variable. Grain entrapment represents a unique and highly lethal hazard
in US agriculture, distinct from machinery injuries, where victims can be engulfed by
flowing solids (such as corn or soy) leading to suffocation. Isolating this factor allows the
model to capture the high severity risk associated with storage facility incidents. These
variables reflect the physical context of the incident and its potential contribution to severity.
The outcome variable (dependent variable), injury severity, was binarized into fatal and
non-fatal for supervised machine learning classification. For this study and model training,
fatal incidents were coded as ‘0" and non-fatal incidents were coded as ‘1’, as detailed in
Table 1.

2.2. Machine Learning Models

In this study, we utilized advanced gradient boosting models, specifically Gradient
Boosting (GB), XGBoost (XGB), LightGBM, AdaBoost, and HistGBRT, along with Random
Forest (RF) and integrated explainable machine learning (ML) techniques.

Gradient Boosting (GB): The GB algorithm developed by Freund & Schapire [56], is
a decision-tree based ensemble learning technique that utilizes the boosting method to

improve accuracy. Boosting works through training each model in an ensemble individually
and iteratively, where each new model attempts to correct the errors made by previous
models. GB minimizes a loss function through the gradient descent method, where new
trees or learners in a sequence are fitted to the residuals from the loss function with
respect to the model’s current predictions [57]. This allows the model to achieve increased
predictive performance through focusing on the most difficult-to-learn data points [58].

To facilitate an understanding of the ensemble framework, the objective of gradient
boosting is to minimize a regularized objective function. For a given dataset with n
examples and m features, the prediction output #; is the sum of scores from K Kadditive
functions (trees):

K
9= ];fk(xi)r freF

where F is the space of the regression trees. The model is trained to minimize the following
objective function:

L(p) = Zl(?i, yi) + ;Q(fk)
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Here, | is a differentiable convex loss function that measures the difference between
the prediction §; and the target y;, and () represents a regularization term to penalize model
complexity (i.e., number of leaves and weights) to prevent overfitting.

Additionally, the algorithm also takes advantage of regularization using parameters
such as learning rate and maximum depth to help prevent overfitting through adding a
penalty to a model’s complexity and improving robustness. These techniques result in a
higher predictive performance for the gradient boosting algorithm, outperforming linear
regression models and decision trees on non-linear, diverse, and complex datasets on both
classification and regression tasks [59].

Extreme Gradient Boosting (XGB): XGB, introduced by Chen and Guestrin [60], is a
widely used ensemble learning algorithm based on decision trees, designed to enhance

both computational efficiency and model flexibility in supervised learning tasks. XGB im-
plements a sophisticated form of the gradient boosting framework by iteratively combining
the predictions of multiple weak learners—typically decision trees—into a single, robust
model. At each iteration, the model updates the previous learner by correcting its errors,
using gradient-based optimization guided by a defined objective function to assess im-
provements in performance [61]. To prevent overfitting and improve generalization, XGB
integrates multiple explicit regularization techniques, including L1 (alpha), L2 (lambda),
and structure-based penalties like gamma, into its objective function [62]. It also provides
feature-important measures (e.g., gain, cover, frequency), which are particularly useful for
interpreting models and managing high-dimensional data. The algorithm also employs
a random sampling strategy to reduce variance and enhance the predictive power of the
ensemble. Furthermore, XGB leverages both first- and second-order derivatives of the
loss function, enabling more precise gradient direction estimation and thus more efficient
minimization of the loss compared to traditional gradient boosting methods. Its support
for parallel and distributed computing further contributes to reduced training times and
more effective model exploration. XGB is highly efficient with large datasets and has been
used in diverse fields from pedestrian injury severity prediction [63] to railroad incident
analysis [64].

Light Gradient Boosting Machine (LightGBM): LightGBM framework, introduced in
2017, employs two advanced techniques, Exclusive Feature Bundling (EFB) and Gradient-

based One-Side Sampling (GOSS), to efficiently handle large datasets with numerous
features [65]. EFB reduces dimensionality by grouping mutually exclusive features, thereby
minimizing unnecessary computations for sparse features [66]. LightGBM constructs
trees leaf-by-leaf, addressing leaf imbalance, while GOSS selects split points based on
variance gain rather than traditional information gain, enhancing efficiency in identifying
optimal splits [67]. Additionally, LightGBM uses a histogram-based algorithm to discretize
continuous feature values into k bins, aggregating statistics to determine segmentation
scores. This approach balances speed and accuracy by replacing conventional pre-sorted
methods [68] and also contributes to regularization, helping prevent overfitting.
Adaptive Boosting (AdaBoost): AdaBoost, introduced by Freund and Schapire [69], is
the first and one of the most influential boosting methods. It operates on the principle that

a strong classifier can be formed by sequentially combining multiple weak classifiers, each
contributing to the final prediction. The algorithm employs a convex loss function and is
known to be sensitive to noise and outliers in the dataset. AdaBoost adjusts the weights
of training samples at each iteration, emphasizing misclassified instances to enhance the
accuracy of subsequent weak classifiers [70]. This iterative refinement continues until a
specified classification error threshold is achieved, effectively reducing bias in complex
prediction tasks when combined with other boosting strategies [71]. Unlike some ensemble
methods, AdaBoost is relatively resistant to both overfitting and underfitting in certain
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classification contexts. It improves classifier performance by updating the sample distri-
bution and iteratively incorporating only the most effective classifiers while discarding
the weakest ones [72]. This dynamic process leads to a cumulative increase in prediction
accuracy. The detailed information and application of AdaBoost to investigate incident
injury severity prediction can be found in various research articles [73-76].
Histogram-based Gradient Boosted Regression Trees (HistGBRT): HistGBRT is an ad-
vanced variant of the widely recognized gradient boosting ensemble method, commonly

employed for both regression and classification tasks. Its primary goal is to enhance predic-
tion accuracy by iteratively converting weak learners into a strong predictive model [77].
This is achieved through a sequential training approach, where each new weak learner is
trained to correct the errors made by its predecessors [78]. HistGBRT specifically addresses
key limitations of traditional gradient boosting methods, such as prolonged training times
on large datasets. This issue is mitigated by discretizing continuous input features into
a finite set of values, which accelerates the training process [79]. Unlike other boosting
techniques, HistGBRT stores continuous feature values in specialized containers and uses
these to construct histograms during training, leading to improved efficiency and reduced
memory consumption [80].

Random Forest (RF): RF is a widely adopted machine learning algorithm known for

its strong performance in both classification and regression tasks. Its effectiveness stems
from the ensemble approach, where multiple randomized decision trees are constructed,
and their outputs are aggregated, typically by averaging for regression or majority vot-
ing for classification. This methodology enhances predictive accuracy, particularly in
high-dimensional settings where the number of variables exceeds the number of observa-
tions [81]. RF is also recognized for its flexibility, making it suitable for a wide array of
learning tasks and scalable to large datasets. One of its key advantages is robustness to
overfitting, achieved by averaging multiple de-correlated trees, which mitigates the risk of
modeling noise from the training data [82]. Additionally, RF is resilient to outliers and can
manage missing data without substantial performance loss. The algorithm provides inter-
pretable metrics such as feature importance scores, which are valuable for understanding
variable contributions. Recent advancements in crash severity prediction and related fields
have prominently utilized RF [12,37].

2.3. Model Development

The comprehensive ML workflow for agricultural injury severity prediction is illus-
trated in Figure 2. Following cleaning and preprocessing of the AglnjuryNews dataset,
fivefold cross validation, which is randomly partitioned into five equal sized subsamples,
was applied to all ensemble models. This approach allows us to reduce bias by utilizing
all data for training and testing, and a mitigation of overfitting by assessing model per-
formance across multiple unseen data subsets. The target variable, injury severity, was
treated as a binary classification problem (fatal vs. non-fatal). All models for this study
were implemented using Python (v3.13.11).

A variety of ensemble models—including GB, XGB, LightGBM, AdaBoost, HistGRBT,
and RF—were then trained and tested to predict agricultural injury severity. The hy-
perparameters for each model were systematically tuned using cross-validation, a robust
technique that partitions the training data into multiple subsets. This allowed us to evaluate
model performance under different parameter settings, ultimately identifying and selecting
the most accurate configuration for each algorithm. This optimization process was critical
for maximizing the predictive performance of the models and ensuring their robustness.
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Figure 2. Workflow diagram for all scenarios in agricultural injury severity prediction.

2.4. Model Evaluation

When comparing classification models, various performance metrics derived from
a confusion matrix are commonly used. As shown in Table 2, a confusion matrix is a
contingency table that visualizes the performance of an algorithm by illustrating how
observations are distributed across actual and predicted classes. The matrix comprises
four key outcomes: True Positives (TP), where the model correctly predicts the positive
class; True Negatives (TN), where it correctly predicts the negative class; False Positives
(FP), where it incorrectly predicts the positive class; and False Negatives (FN), where it
incorrectly predicts the negative class. This matrix provides a clear and comprehensive
representation of a model’s classification accuracy and errors.

Table 2. Confusion matrix for binary classification.

Predicted Class
Actual Class
Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

In this study, the binary confusion matrix for each ensemble learning model was
utilized to calculate four quantitative performance metrics. Accuracy (expressed by
Equation (1)) represents the proportion of correctly classified samples out of the total
number of samples. Precision (Equation (2)) measures the proportion of positive identifica-
tions that were actually correct, focusing on the quality of positive predictions. Recall, often
referred to as sensitivity (Equation (3)), measures the proportion of actual positives that
were correctly identified, highlighting the model’s ability to find all relevant instances. Fi-
nally, the Fl-score (Equation (4)) provides a balanced measure that considers both precision
and recall, serving as the harmonic mean of the two.

TP+ TN

Aceuraty = 5 T Fp T EN+ TN )
.. TP
Precision = TP—+FP )
TP
Recall = TP—'——FI\[ (3)
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Precision-Recall
F1- =2. 4
Score Precision + Recall @

The Receiver Operating Characteristic (ROC) curve is another crucial metric for evalu-
ating classifier performance. This curve plots the True Positive Rate (TPR) against the False
Positive Rate (FPR) at various threshold settings. The Area Under the Curve (AUC) is a
summary measure of the ROC curve, representing the model’s overall ability to distinguish
between the two classes. An AUC value of 1.0 indicates a perfect model, while a value of
0.5 suggests a model with no discriminatory power (i.e., performance is no better than ran-
dom guessing). The ROC curve provides a valuable visual tool for assessing the trade-off
between sensitivity and specificity across different classification thresholds, making it an
excellent way to compare the performance of multiple models.

2.5. Explainability Analysis with SHAP

As ML models become increasingly complex and accurate, the need for interpretability
is more critical than ever. Among the various XAI techniques, SHAP has become a leading
method for interpreting model predictions. Based on principles from cooperative game
theory, SHAP assigns each input feature a contribution value toward a model’s output using
Shapley values. It offers a consistent, model-agnostic approach that can explain predictions
from any ML model, including complex ensemble and deep learning systems [83,84].

One of SHAP’s key strengths lies in its ability to quantify both the size and direction
of a feature’s impact on an individual prediction [45,85]. This dual capability supports
both global and local interpretability. Globally, SHAP generates summary plots that rank
features by their overall importance across the entire dataset, helping analysts identify
the most influential variables [86,87]. Locally, SHAP provides visualizations—such as
force plots and decision plots—that show how specific feature values contributed to an
individual prediction relative to a baseline, offering insights into why a particular outcome
was predicted [88,89].

SHAP is especially valuable when applied to high-performing ensemble models
like XGB, LightGBM, and AdaBoost, which often sacrifice transparency for predictive
power [90]. By uncovering non-linear interactions, revealing hidden dependencies, and
highlighting threshold effects, SHAP enhances the interpretability of these models. This
makes it particularly effective for analyzing agricultural injury severity, where the rela-
tionships among driver behavior, vehicle characteristics, environmental conditions, and
road /surface factors are often complex.

In this study, SHAP was used to assess feature importance and interaction effects
within ensemble models designed to predict agricultural injury severity. Beyond tradi-
tional performance metrics, a SHAP analysis was conducted to provide crucial insights
into how and why the models made their predictions. This explainability is paramount
in safety-critical domains where understanding the underlying factors is as important as
achieving high accuracy. It can provide both broad policy-level insights—such as iden-
tifying key safety factors—and detailed, case-level explanations to support operational
decision-making. This layered interpretability bridges the gap between prediction accuracy
and practical application, offering valuable insights to first responders, agricultural safety
professionals, and policymakers. In doing so, SHAP enhances the interpretability of ma-
chine learning models, transforming them from purely predictive tools into resources for
both understanding and action.

3. Results and Discussions

The performance of the ensemble ML models in predicting agricultural injury severity
was comprehensively evaluated using a combination of confusion matrices, quantitative
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metrics, ROC curves, and SHAP-based explainability analyses. The findings indicate that
while all models demonstrated strong predictive capabilities, they varied in their ability to
correctly classify fatal versus non-fatal cases and in their underlying feature importance.

Table 3 presents the confusion matrices for each of the six ensemble models, offering
a detailed view of their classification outcomes. A consistent and notable trend was
observed across all models: a significantly higher rate of correct classifications for fatal
cases compared to the non-fatal cases. For example, RF correctly predicted 1574 fatal injuries
(94%) while correctly classifying only 154 non-fatal ones (20%). This performance imbalance
is directly related to the dataset’s composition, where fatal incidents constitute the majority
class (68% of the records). This suggests that the models were more adept at identifying
the majority class, which can sometimes come at the cost of performance on the minority
class. However, models like Light GBM and HistGBRT showed a slight improvement in
non-fatal classifications, but at the expense of a minor decrease in fatal prediction accuracy,
a trade-off between sensitivity to the minority class and overall performance.

Table 3. Confusion matrix for all ensemble models.

Predicted Class
Model Actual Class Non-Fatal Fatal
n Row (%) n Row (%)

GB Non-Fatal 213 27 565 73

Fatal 137 8 1536 92

Non-Fatal 183 23 595 77
XGB

Fatal 120 7 1553 93

. Non-Fatal 265 34 513 66

LightGBM

Fatal 268 16 1405 84

Non-Fatal 216 28 562 72
Adaboost

Fatal 152 9 1521 91

Non-Fatal 261 33 517 67
HistGBRT

Fatal 253 15 1420 85
RE Non-Fatal 154 20 624 80

Fatal 99 6 1574 94

The quantitative performance metrics, summarized in Table 4, provide a more detailed
comparative analysis. Most models achieved a high and consistent level of performance,
with an accuracy of approximately 0.71 and a high F1-score of 0.81, indicating balanced
performance between precision and recall. This consistency underscores the robustness of
the ensemble approaches used for this classification task. Both RF and XGB demonstrated
superior recall values (0.94 and 0.93, respectively), indicating their exceptional ability
to correctly identify fatal cases. In contrast, LightGBM had the lowest overall accuracy
(0.68) and F1-score (0.78), suggesting it faced more challenges in achieving a balanced
performance across both classes. Despite these differences, the close metric values across
most models underscore the robustness of the ensemble approaches in predicting injury
severity within this dataset.

The dataset exhibited a distinct class imbalance, with fatal cases accounting for 68%
of observations. While no synthetic oversampling (e.g., SMOTE) was applied, the use of
boosting algorithms, which inherently focus on hard-to-classify instances during iterative
training, helped mitigate this bias. However, this imbalance is reflected in the confusion
matrices (Table 3), where the models demonstrate higher sensitivity (recall) for the majority
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fatal class compared to the minority non-fatal class. Consequently, we prioritized the
F1-score and AUC metrics for evaluation, as they provide a more robust assessment of
performance in imbalanced scenarios than simple accuracy.

Table 4. Performance metrics for all ensemble models.

Model Accuracy Precision Recall F1-Score
GB 0.71 0.73 0.92 0.81
XGB 0.71 0.72 0.93 0.81
LightGBM 0.68 0.73 0.84 0.78
Adaboost 0.71 0.73 0.91 0.81
HistGBRT 0.69 0.73 0.85 0.79
RF 0.71 0.72 0.94 0.81

The ROC curves, displayed in Figure 3, visually confirm the models’ strong per-
formance and ability to discriminate between classes. The curves for GB, XGB, RF, and
AdaBoost are positioned favorably in the upper-left quadrant of the plot, indicating high
discriminative ability between the fatal and non-fatal classes. The AUC values for these
models were all approximately 0.69, a strong result that is significantly better than a random
guess (AUC = 0.5). While LightGBM and HistGBRT showed slightly lower AUC scores
(0.67), their performance remained strong. The overall proximity of the curves highlights
that all tested models effectively utilized the dataset’s features to differentiate between
severity classes, with only marginal differences in their predictive capacity, making them
all viable options for this type of prediction task.

The SHAP analysis was performed at both global and local levels. The global SHAP
analysis in Figures 4 and 5 provides a macro-level understanding of which features are most
influential across the entire dataset. The left panel (feature importance plot) ranks features
by their mean absolute SHAP value, identifying the most influential variables. Longer bars
indicate a feature that has a stronger overall influence on the model’s prediction magnitude.
Across all models, the presence of rollover protective structures (ROPS), helmet use, victim
age, and the type of injury agent emerged as the most critical factors influencing injury
severity. This highlights that features related to victim protection and the incident’s direct
cause are the primary drivers of prediction.

The right panels of Figures 4 and 5 present the SHAP summary plots, which offer a
deeper look at the relationship between feature values and their impact on the model’s
output. Each dot represents a single prediction, with the dot’s position on the x-axis
corresponding to the SHAP value (impact on model output) and its color representing the
feature’s value (red for high, blue for low). The color of the dot represents the feature’s
value, with red signifying a high value and blue a low value. For example, for the Age
feature, the plot shows a clear trend: red dots (representing older ages) are predominantly
on the positive side of the x-axis, indicating that older age tends to increase the likelihood
of a fatal outcome. Conversely, for features like Helmet, red dots (indicating the presence
of helmet) are clustered on the negative side, showing that this safety feature strongly
decreases the likelihood of a fatal injury. These insights not only align with existing domain
knowledge but also highlight practical areas for targeted safety interventions.

Figure 6 provides a vital, case-specific perspective through local SHAP interpretability
plots. Unlike global analysis, which reveals general trends, these plots explain the model’s
prediction for an individual incident. Each plot acts as a “force plot” for a single case, with fea-
tures represented by colored bars. Red color indicates that the input variables provide stronger
predictive control, while blue color indicates that the input variables contribute to weaker
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predictive control. The length of each bar signifies the magnitude of that feature’s influence.
This level of detail is invaluable, as it demonstrates how a single variable, such as State, can
have a powerful, context-dependent impact that might be obscured in a global analysis.
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Figure 3. The Receiver Operating Characteristic (ROC) curves generated from Machine Learning
(ML) models for injury severity classification based on data we used. Dashed line represents the ROC
curve for a random guess.

For instance, in one case, the specific state might be a strong contributor to fatal
prediction, while in another, it might be a negligible factor. Other recurring influential
features include location type, role, victim age, and injury agent, though their impact varies
in magnitude and sign between models and individual cases. The input variable of Age, for
example, enhanced the predictive ability for model LightGBM, RF and HistGBRT, while it
decreased the predictive ability for GB, XGB and Adoboost. These local explanations reveal
how the same feature can have opposite effects depending on the contextual combination
of other variables, illustrating the complex interactions captured by ensemble methods.
This local explainability is crucial for stakeholders like first responders, injury prevention
advocates and policymakers, as it enables them to understand the specific reasons behind a
predicted outcome and to design highly targeted, context-aware interventions.
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Figure 4. Global SHAP analysis for GB, XGB, and LightGBM models. Left Panel (Feature Importance):
Features are ranked by importance; longer bars indicate a feature has a stronger overall influence on
the model’s prediction. Right Panel (Summary Plot): Each dot represents a single incident. The dot’s
position on the x-axis shows whether the feature pushes the prediction toward ‘Fatal” (positive side)
or ‘Non-Fatal’ (negative side). The color indicates the actual value of the feature (Red = High value,

Blue = Low value).
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Figure 5. Global SHAP analysis for Adaboost, HistGBRT, and RF models. Left Panel (Feature
Importance): Features are ranked by importance; longer bars indicate a feature has a stronger overall
influence on the model’s prediction. Right Panel (Summary Plot): Each dot represents a single
incident. The dot’s position on the x-axis shows whether the feature pushes the prediction toward
‘Fatal’ (positive side) or ‘Non-Fatal’ (negative side). The color indicates the actual value of the feature
(Red = High value, Blue = Low value).
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Figure 6. SHAP (SHapley Additive exPlanations) local interpretability plots for different Machine

Learning (ML) models we use.

4. Discussion

The findings of this study validate the effectiveness of advanced ensemble ML models

in predicting agricultural injury severity and provide critical, interpretable insights for

stakeholders. Our analysis confirms that these models can effectively leverage a unique,

curated dataset to address the challenge of sparse official injury reporting in the agricul-

tural sector. The consistent performance metrics across the models, including an average

accuracy of 0.71 and an F1-score of 0.81, demonstrate the robustness and reliability of this

data-driven approach.

Our model performance results align with and extend findings from previous re-

search on crash and injury severity prediction. The superior predictive power of ensemble

methods, particularly XGB and REF, echoes the conclusions of studies across various do-

mains [12,37,75,90]. These studies consistently show that ensemble techniques outperform

traditional statistical and individual ML models, effectively capturing the complex, non-
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linear relationships inherent in injury data [30]. While our dataset’s class imbalance (68%
fatal cases) posed a challenge, the robust F1-scores indicate that the models maintained a
strong balance between precision and recall, consistent with findings from similar studies
addressing imbalanced datasets [86,91]. The slightly better performance of LightGBM
and HistGBRT in the minority class further supports previous work on highlighting these
algorithms” efficiency and effectiveness in handling diverse data characteristics [92].

The variance in model performance, specifically the lower recall for non-fatal cases
compared to fatal ones, can be attributed partly to the heterogeneity of the non-fatal class.
While fatal represents a definite, singular outcome, non-fatal in our dataset encompasses a
vast spectrum of injury types and severities, ranging from moderate physical trauma to
life-altering amputations. This diversity introduces higher intra-class variance, making
it a more challenging target for the classifier compared to the distinct characteristics of
fatal incidents.

A core contribution of this work is the application of SHAP to move beyond a “black-
box” approach. The global SHAP analysis, as seen in Figures 4 and 5, highlighted several
key factors that align with existing domain knowledge in agricultural safety as well as
findings from the broader traffic safety literature [46,91]. The strong influence of safety
measures like ROPS and helmet use confirms the importance of these proven interventions.
Furthermore, the high importance of victim age and injury agents corroborates that demo-
graphic factors and the type of equipment involved are major determinants of agricultural
injury severity. These findings are crucial for policymakers and public health professionals,
as they pinpoint the most impactful areas for safety campaigns and regulatory efforts.

The local SHAP analysis presented in Figure 6 represents a novel and particularly
valuable aspect of our work. Unlike a global analysis, which provides generalized insights,
the local force-plots reveal the unique combination of factors driving individual predictions.
For example, a victim’s geographic state or role in the incident could be a dominant factor
in one case but negligible in another. Our local SHAP analysis revealed that ‘State’ is a high-
impact feature for specific predictions. This variable likely serves as a proxy for unobserved
regional characteristics, such as variations in terrain (e.g., mountainous forestry vs. flat
crop plains) and predominant agricultural commodities, which differ significantly across
the United States. For international readers, the high importance of the ‘State” variable
requires context. In the US system, occupational safety regulations can vary significantly by
jurisdiction. For example, states like California and Washington have implemented specific,
stringent heat illness prevention standards that are not present in federal regulations.
Consequently, the ‘State” variable acts as a proxy for both this regulatory heterogeneity
and regional differences in agricultural commodities (e.g., forestry in the West vs. corn
production in the Midwest), both of which heavily influence nature and severity of injuries.

While state-level data provides a useful high-level indicator of these regional dif-
ferences, future research would benefit from integrating more granular geospatial data,
such as topography, soil type, and land cover, to better capture the specific environmental
contexts that contribute to injury severity. This instance-specific interpretability transforms
a general predictive model into a powerful diagnostic tool, a concept that is gaining trac-
tion in other fields [54,88,89]. This level of detail is invaluable for first responders, who
could use it to better understand a specific incident’s severity, while safety professionals
may apply it for in-depth post-incident analyses and the development of highly targeted,
context-aware training and injury prevention programs.

It is also necessary to acknowledge the limitations inherent in using news-derived
data. While AgInjuryNews provides a vital alternative to sparse federal data, it is subject to
selection bias, as media outlets are more likely to report on fatal, dramatic, or unusual inci-
dents compared to routine injuries. Additionally, the data reflects journalistic descriptions
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rather than technical engineering analysis, potentially introducing subjectivity regarding
the cause of an incident. Therefore, the results should be interpreted as a reflection of the
most severe and visible spectrum of agricultural incidents, rather than a comprehensive
census of all farm injuries.

Regarding temporal features, this study utilized a binary classification for the day of
the week (weekday vs. weekend) to distinguish between standard industrial operations
and potential weekend activity which may involve part-time farming or increased family
presence. We acknowledge that this aggregation may obscure more granular patterns, such
as the ‘Monday blues’ or ‘Friday fatigue’ phenomena often observed in occupational health
studies. Future analyses could benefit from retaining the specific day of the week to identify
these subtle fatigue-related trends.

Our research not only demonstrates the high predictive performance of ensemble
ML models for agricultural injury severity but also bridges the critical gap between ac-
curacy and interpretability. The dataset represents a rich and multidimensional resource
for modeling injury severity in agriculture. The SHAP-based findings, both global and
local, provide actionable, evidence-based insights that can inform policy, guide safety
interventions, and ultimately help to reduce the human and economic costs of agricultural
injuries. The combination of structured incident-level data and contextual factors offers a
unique opportunity to generate actionable insights for policymakers, safety professionals,
and researchers in agricultural health and safety.

5. Conclusions

This study successfully introduced a comprehensive, data-driven framework for pre-
dicting and interpreting the severity of agricultural injuries using advanced ensemble
machine learning models. By leveraging a unique dataset from AglnjuryNews, a public
repository of news reports, our research directly addresses the challenge of sparse official
injury data in the agricultural sector, demonstrating the viability of using publicly available
news reports for large-scale injury surveillance. The comparative analysis of six different
ensemble models, GB, XGB, RF, AdaBoost, LightGBM, and HistGBRT, confirmed their ro-
bust predictive capabilities, with most models achieving a high and consistent performance
(accuracy of ~0.71, F1-score of ~0.81).

Our work’s primary contribution lies in the effective integration of XAI through
SHAP to provide both global and local interpretability. The global SHAP analysis revealed
that factors directly related to victim protection and incident cause, such as the presence
of ROPS, helmet use, victim age, and the type of injury agent, are the most significant
predictors of injury severity.

These findings offer distinct implications for different stakeholders. Policymakers
should prioritize incentives for Retrofitting Rollover Protective Structures (ROPS), as our
global SHAP analysis consistently ranks ROPS as a top determinant of survival. First
Responders can utilize the location-specific risk profiles identified in our local SHAP
analysis to tailor preparedness strategies for high-risk terrains identified in their specific
jurisdictions. Finally, Safety Educators should customize training materials based on the
age-related risk factors identified, focusing on behavioral interventions for older operators
who showed higher susceptibility to fatal outcomes in our model.

Furthermore, the local SHAP analysis offered a critical, case-specific perspective,
illustrating how the influence of variables like geographic location and victim’s role can vary
significantly between incidents. This level of granularity is crucial for operational decision-
making and for tailoring interventions to specific high-risk scenarios. Our methodology
provides a reproducible framework that can be applied to other domains with limited
surveillance data. While the models showed strong predictive performance, future work
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could explore more advanced techniques to address class imbalance and further improve
the prediction of less frequent injury outcomes. In summary, our research bridges the gap
between predictive accuracy and practical interpretability, providing a powerful tool to
enhance safety and reduce the human and economic burden of agricultural injuries.
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