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ABSTRACT

Creating safe work environment is significant in saving workers’ lives, improving
corporates’ social responsibility and sustainable development. Pattern identification in
occupational accidents is vital in elaborating efficient safety countermeasures aiming at
improving prevention and mitigating outcomes of future incidents. The objective of this
study is to identify patterns related to the occurrence of occupational accidents in non-farm
agricultural work environments based on workers’ compensation claims data, using latent
class clustering method as an unsupervised machine learning modeling approach. The result
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showed injury profiles and incident dynamics have low, average, and high levels of risks
based on the main causes and outcomes of the injuries and the affected body part(s).

Keywords: Occupational Accidents, Unsupervised Machine Learning, Latent Class
Clustering, Data Analytics, Safety Analytics

INTRODUCTION

Occupational accidents in non-farm agriculture-related work environments have a high rate
both in developing and developed countries, despite various safety improvement measures
and trainings (lvascu & Cioca, 2019). Workers in non-farm agribusiness work environments
are involved in operating various types of machinery and completing physically-demanding
tasks (Cremasco et al., 2019). Grain elevator and feed mill workers are prone to risks such
as developing occupational airway and respiratory disease, and incidents from hazardous
activities like operating machinery, or fall from different levels.

Analyzing most frequent causes of accidents in agribusiness industries showed that, out
of more than 6000 records of incidents in commercial grain elevators in Midwest of the
United States, 31% were caused by slip-trip-fall (STF) occurrences. In biofuel agribusiness
industry, strain and sprain, laceration, burn and contusion are among the most frequent
occupational injuries (Ramaswamy & Mosher, 2018). STF incidents are significant
occupational health and safety hazards in various industries including healthcare,
manufacturing, retail, and transportation and warehousing (Saadat et al., 2016). In the United
States (Bureau of Labor Statistics US Department of Labor, 2018), fatal workplace injuries
from slips, trips, and falls have continued a general upward trend, with an increase of 6%,
and an overall increment of 25% in the last 10 years (Pomares et al., 2020) and STF incidents
and biomechanical ergonomic hazards are the most commonly reported external causes of
occupational injuries (Davoudi Kakhki et al., 2021; Meyers et al., 2018). The economic cost
from nonfatal work-related fall injuries in the United States was nearly 16 billion USD per
year, and over 25% of fall injuries resulted in 31 or more lost workdays (Waehrer et al.,
2007; Yoon & Lockhart, 2006). In the United States, STF is one of the most commonly
reported external causes of occupational incidents and the percentage of workers’
compensation claims ranges from 7% to 44% across industry groups for falling on the same
level (Meyers et al., 2018).

Focusing on agribusiness industries, lack of comprehensive database of occupational
accidents is a big obstacle in providing accurate evaluation of incident prevalence and
patterns (Tolefree et al., 2017). Many studies in occupational safety analytics focus on
analyzing structured data using supervised machine learning models and neural networks
(Davoudi Kakhki et al., 2019; Ganguli et al., 2021; Kakhki et al., 2019b; Marucci-Wellman
et al., 2017; Pishgar et al., 2021; Yedla et al., n.d., 2020). Yet, few focuses on identifying
patterns in workplace accidents using unsupervised machine learning modeling techniques,
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such as clustering methods, using textual data for analyzing occupational accidents.

Accordingly, the goal of the study was to identify the safety risk profiles of injuries in a
population of more than 18,000 agribusiness workers. This study contributes to the limited
literature on the use of categorical data to extract meaningful patterns of incidents in safety
science, with a focus on agribusiness operations. Furthermore, the analytical approach and
results will contribute to informed decision-making with applications in preventing the
occurrence or reducing the frequency of occupational incidents among agribusiness workers
in non-farm agricultural workplaces.

MATERIAL AND METHODS

We used a record of 18,257 occupational incidents, from 2008 to 2016. Considering the
necessity of addressing STF incidents in risk level of occupational injuries, the main causes
of injury in this study are divided into two categories: STF incidents and non-STF incidents.
The Non-STF category includes causes such as heat or cold exposure, or lifting or handling.
Therefore, the distribution is 28.19% for the STF and 71.80% for the Non-STF categories.

The next parameter used is main type of injury, which refers to the injury as being either
medical or disability. Another parameter is the part of body that was reported as
affected/injured and has seven levels such as upper extremities, neck, etc. The last variable
in the study is the agribusiness industry in which the worker was employed, and it includes
nine sectors such as commercial grain elevators.

STATISTICAL ANALYSIS USING LATENT CLASS CLUSTERING

Latent Class Analysis (LCA) is an unsupervised machine learning approach that enables
identifying qualitatively different classes of input variables in a dataset based on the
probabilities of their membership in each class (Weller et al., 2020) , and is limited to
modeling categorical (text) variables. Using a probabilistic model, data is divided and
classified into a latent class to which their combination has the highest probability or
likelihood of belonging. After LCA models are built with a selected range, usually models
with 3 to 15 classes, with k being the number of estimated parameters in a model, and n the
number of observations (data points) used in the model, the loglikelihood of each model is
calculated, for which Bayesian Information Criterion (BIC) value is gained. BIC values are
reliable indicators of model fit, and are used to identify the best number of latent classes that
classify the data into meaningful and distinguishable patterns. Lower values of BIC are more
desirable and indicate better fits (Morales et al., 2021).

BIC = —2LogLikelihood + k In(n)

Another consideration in selecting the number of clusters is the interpretability of the
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characteristics of each latent class based on literature, theoretical background and
applicability of the results in the discipline. Therefore, both statistical criteria and content
validity are important regarding selection of the optimal number of latent classes in the final
model (Morales et al., 2021). To determine the contributing factors in classifying the data
into statistically meaningful groups, the Pearson chi-square statistic (y2) is calculated for the
contingency table of the expected counts of levels by latent classes. The likelihood ratio test
p-value for the contingency table of expected counts at a = 0.01 significance level is gained
and shown as pLr. The —logl0 (pir) is calculated as the Likelihood Ratio (LR) Logworth
statistic. A LR Logworth value above 2 corresponds to being statically significant in
differentiating the latent classes at the o = 0.01 significant level (because —log10 (0.01) =2).
Finally, the effect size, which is the contribution of each input variable in distinguishing
clusters, is calculated using the chi-squared statistic and the sample size.

RESULTS

The LCC analysis is performed to identify statistically distinctive and meaningful injury
profiles of occupational incidents among agribusiness workers based on type of injury, cause
of injury, injured body part(s), and agribusiness industries. A total of 13 latent class models
are developed with number of clusters set from 3 to 15. When the number of clusters gains
four, the lowest BIC is achieved. Therefore, the occupational incidents among workers in
agribusiness industries in this study were clustered into four sub-classes. Regarding the
probabilities of LCCs, the latent class probabilities of LCC 1, LCC 2, LCC 3, and LCC 4 are
45.12%, 28.49%, 18.60%, and 7.68%, respectively.

As shown in Error! Reference source not found., the information of injury used in the
study are statically significant classifiers of latent classes for the selected four-class model,
with type of the injury as the most influential factor in segmenting occupational incidents.
The incident cause as being STF or Non-STF, the injured body part(s), and the agribusiness
industry are the next contributing factors to identifying the injury patterns. Further analysis
of conditional probabilities provides a brief description of each LCC and helps to explain the
estimated results of the injury profiles among workers.

Table 1: Contributing factors in differentiating LCCs

Variable Effect size LR logworth
Main cause of injury 0.7762 2477.7*
Injured body part(s) 0.4818 898.79*

Type of Injury 0.8058 1807.8*
Agribusiness sector 0.3043 333.31*
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“Statistically significant classifier of latent clusters at a= 0.05 significance level

In LCC 1, the dominant cause of injury is Non-STF (93.28%), and the major type of
injury is medical only (93.48%). As for the most common injured body part(s), such injuries
occurred in the upper extremities (53.05%), head (16.44%), trunk (14.67%), and lower
extremities (12.71%).

About 50% of the incidents belong to grain elevators and refined fuel industries. LCC 2
is characterized by Non-STF incident cause (86.92) with medical injury outcomes (76.66%),
and permanent total/partial disabilities (23.34%). Injuries in trunk and lower extremities
account for more than 60% of the injured body part (s) in this category, with work places of
grain elevators, refined fuels, and food distributors as the most common ones.

LCC 3 consist of all STF-related injuries (99.18%) that are mainly medical (75.66%),
with the highest probability of injuries in lower extremities (41.73%), followed by injuries
in trunk and upper extremities (21.21% and 17.73%). Grain elevators and refined fuels are
the major agribusiness industries in this class (36.37% and 19.57%).

Incidents in LCC 4 are divided into 61.31% for Non-STF and 38.69% for STF causes,
with the main injury type of permanent partial disabilities in 95.16% of the cases. Almost
80% of the injured body part (s) are in upper and lower extremities. The highest probabilities
regarding agribusiness sector in LCC 4 belong to grain elevators, feed mills for livestock and
refined fuels (48.62%, 13.02%, 12.55%).

The results of the Tukey test show that the mean age of injured workers is statistically
different among the four clusters, with LCC 4 having the highest mean age and LCC 1 having
the youngest population with average age of 39 years old. Considering the experience years,
workers in cluster four have the highest years of experience of average 7 years, followed by
cluster 3 with 6 years of experience. The average experience in clusters 1 and 2 are around
5 years and are not statistically different. The details of the analyses are given in Error!
Reference source not found..

Table 2: Tukey test for workers' average age and experience (in years)

Cluster Mean age Mean experience
LCC 4 A 47.08 A 6.94
LCC3 B 44.946 B 5.95
LCC 2 C 40.89 C 491
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LCC1 | D | 39.86 | C | 4.84

* Levels not connected by same letter are significantly different at o= 0.05 significance level

The importance of gaining information about the age and experience in the severity of an
injury is confirmed by current literature that show severity levels of occupational incidents,
and consequently the costs of medical treatment and indemnity, increases with age since it
has effects on the physical activity and attention of the workers, specifically in manufacturing
operations occupations (Alizadeh et al., 2015; Davoudi Kakhki et al., 2018; Yi, 2018).
Regarding the experience, previous literature suggest that reasons behind higher rate of
incidents in younger employees are lack of experience and overconfidence (Davoudi Kakhki
et al., 2018). Therefore, the average age and experience years of the injured workers in the
data are calculated.

Considering the costs of incidents per cluster, LCCs vary based on the average medical,
indemnity, and total costs for occupational incidents, as in Error! Reference source not
found.. Considering the application of the results in safety practices, a big variation in the
injury profiles and injury costs results from the main causes of incidents. Our analysis
showed that the average total cost of a STF incident is approximately $20,000 while the
average total costs is almost half of that value ($10,608) for a non-STF incident, regardless
of whether the incident results in either a medical or a disability outcome.
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Figure 1: Profiles of occupational accidents among agribusiness workers
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The conditional probabilities gained from the analysis of each latent class cluster provide
financial and risk managers and safety professionals with information and data to design and
implicate preventive measures and strategies both occupation-wise, and industry-wise to
achieve the goal of fewer and less severe injuries. If we consider the cost of an incident as a
criterion for judging its severity, a medical injury has an average cost of $1440, compared to
$22,684 and $67,367 for temporary total/partial disabilities and permanent partial
disabilities, respectively. The need for such strategies becomes clearer considering that even
though latent class cluster 4 has the least number of occupational incidents, it accounts for
the largest proportion of injury costs for medical, indemnity, and total incurred amounts. By
reducing the severity of incidents, the costs will consequently decrease, and lives will be
saved.

Providing proper ergonomic investment and safety practices in these high-hazards work
environments can result in reducing the severity of incident outcomes from any disability
type, either temporary partial or total or permanent partial, to only medical outcomes, in
which the workers can return to work after the incident without need for taking days away
from work. Hence, identifying strategies for reducing the injury severity outcomes can help
in estimating health care cost planning and management both for the agribusiness industries
employers and insurance companies who provide insurance premium for a client based on
their history of prior incident frequency and cost (Davoudi Kakhki et al., 2018).

CONCLUSION

Through the analysis of a large dataset of workers’ compensation claims that recorded the
history of occupational incidents among agribusiness workers in the Midwest of the United
Sates over an eight-year period, we identified four statistically and meaningfully categories
of occupational incidents. Based on latent class cluster analysis, we showed that the injury
profiles and incident dynamics have low, average, and high levels of risks based on the main
causes and outcomes of the injuries and the affected body part(s).

The results suggested that the permanent partial disabilities, resulted from combination
of STF and Non-STF incident causes, impose the highest costs for indemnity and medical
rehabilitation of the injured workers. Furthermore, the average age and experience years of
the workers are the highest among this high-risk profile.

The latent class cluster approach and statistical analysis used in the study can be used by
relevant industries for safety risk identification, risk analysis, and informed decision-making
process on applying safety measurement plans to avoid potential future incidents. In addition,
cluster by cluster analysis can offer insights into the incident dynamics that leads to low,
average, or high risks for workers’ health and could be useful in risk management evaluation
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to prevent more serious health and financial consequences.
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